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Abstract—Highly predictable users’ location and traf¿c have
enabled a new video delivery paradigm over wireless networks
referred to as Predictive Resource Allocation (PRA). Existing
research assumes perfect prediction of information in order to
derive the performance bounds of PRA and de¿ne its gains
over conventional Resource Allocation (RA). In this paper we
sustain the application of energy-ef¿cient PRA under prediction
uncertainties. To that end, we propose a stochastic robust PRA
scheme that models the uncertainty in future demands and
incorporates them in the mathematical formulation. A linear
Recourse Programming (RP) model is adopted in order to
represent the trade-off between the energy-savings and the risk
of wasting resources while considering the probability of a
user terminating or skipping the video session. Thus, avoids
prebuffering the video chunks that might be skipped by the
user. A low complexity near optimal algorithm is then introduced
to provide real-time solutions for the formulated RP model.
Simulation results demonstrate the ability of the introduced
robust PRA to deliver energy-ef¿cient video streaming with lower
resources than the existing PRA while promising QoS satisfaction.
These results provide the impetus to implement the robust PRA
in future wireless networks.

I. I NTRODUCTION
The prodigious increase in mobile video traf¿c has posed
new challenges to network operators. Users are constantly
demanding high Quality of Service (QoS) content which
comes in the form of high de¿nition videos with minimal
interruptions and stops in future wireless networks [1]. Yet,
operators are seeking to satisfy such demands with minimal
capital and operational expenditure cost. Ef¿cient exploitation
of the available spectrum is mandatory to minimize both the
energy consumption and deployment of new access nodes.
Accordingly, the need for QoS aware and energy ef¿cient radio
resource allocation schemes in the context of video delivery
has grown [2].
Predictive Resource Allocation (PRA) has recently emerged
in the research community [2]–[4] promising high energysavings and ubiquitous QoS satisfaction compared to existing
opportunistic RA. Essentially, the PRA adopts future channel
information and intended users’ demands to provide longterm optimal decisions. The predictability of user behaviour
and location, and application-aware network management have
supported the use of PRA for wireless video streaming [5]–[7].
For instance, PRA can recognize video users moving towards
coverage holes and prebuffer their video content ahead in order
to save energy. For other users, the PRA postpones their video
delivery until they reach the peak radio conditions where less

resources are consumed to transmit the content. In contrast,
the opportunistic non-predictive strategies overlook the future
conditions and thus do not prioritize users exiting the cell
resulting in QoS degradation or high energy consumption.
This is in addition to prebuffering the content of users before
reaching peak radio conditions which does not provide energy
savings.
While all the gains of PRA have been concluded under
idealistic scenarios [2]–[4], uncertainties in users’ behaviour
are needed to be taken into account. A user’s demand might
change at a certain time slot by either skipping or terminating
the streaming session [8] based on the duration and popularity
of the video. As a consequence, the amount of excess allocated resources for prebuffering are squandered away, which
increases the energy consumption and results in suboptimal
resource utilization. As such, robust PRA must be introduced
in order to consider the possibilities of video termination while
deriving long-term allocations [9]. The robust form should
measure the risk of wasting resources and compare it to the
possibility of energy-savings in order to determine when and
which content to prebuffer.
This paper introduces a robust stochastic PRA framework
that ensures energy savings and QoS satisfaction under demand uncertainties. We summarize the contributions of this
paper as follows:
1) A probabilistic formulation for the energy-ef¿cient PRA
is developed where the uncertainty in users’ demand is
modelled as a random variable. Recent research works
[8] revealed that users tend to terminate the video session
at each time instance with a certain probability that is a
function of the video duration and its type of content.
2) A Recourse Programming (RP) model is then adopted to
obtain a deterministic equivalent formulation with closed
form solution over a time horizon. In essence, the RP
uses the probability distribution of the uncertain demand
in order to model the trade-off between energy-saving on
the one hand, and amount of wasted resources coupled
with QoS satisfaction on the other hand.
3) A low-complexity guided heuristic search algorithm is
developed to obtain a near optimal and feasible solution
for the formulated RP model. Due to the dimensionality
of the problem, commercial solvers will not provide
solutions in real-time and thus can be only used as
benchmarks. The guided heuristic exploits the problem’s
structure to obtain initial feasible allocations which are
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further optimized iteratively using the main features of
predictive and robust resource allocation.
II. BACKGROUND

AND

R ELATED W ORK

In Predictive Resource Allocation (PRA) for video streaming, users’ future locations and channel rates are known over a
time horizon. Users located near the center, and experiencing
peak rates, but moving towards the cell edge should be
allocated most of the resources. By leveraging the peak rates,
a large portion of video can be prebuffered and avoids serving
the user in future poor conditions.
PRA approaches [2]–[4] assumed stable user behaviour
and perfect knowledge of users’ demands. Thus, in low load
scenarios, the BS would be able to prebuffer a long segment
of the video for any user exiting the cell. However, the user
might terminate the session before watching the prebuffered
content which results in suboptimal resource utilization. This
consumes more energy than the opportunistic non-predictive
schemes. To solve this problem, a robust optimization technique is required in order to measure the uncertainty in user
demand and adopts the probability of terminating the video.
The robust PRA, in this case, will only prebuffer the content
which in all likelihood will be viewed by the user before
terminating the video session.
Robust optimization techniques have been discussed in the
literature for non-predictive RA (without time horizon) in
order to handle uncertainties in the demands [10]. Stochastic
optimization is typically used to provide a robust formulation
of the RA problem in which the predicted uncertain values are
represented as random variables [11]. For the problem at hand,
we mainly focus on Recourse Programming (RP) in which the
expected losses, that are due to uncertain information, must be
minimized. The RP model essentially consists of two terms in
the objective function. The ¿rst one models the gains of the
network when using the predicted values while the second
term adopts their Probability Density Function (PDF) to take
counter actions that preserve the total gains in the network
during uncertain conditions. This results in a deterministic
closed form RA formulation which can be further solved by
mathematical optimization techniques. As opposed to existing
robust non-predictive RA [10], our problem considers a timehorizon that takes into account the interdependency between
the resources of one time slot and the future demands.
The proposed robust stochastic PRA achieves long-term
energy savings and QoS satisfaction under demand uncertainty,
which is demonstrated by the probability of video termination
at each time slot. A linear continuous formulation is obtained,
which can be solved by commercial solvers for benchmark
solutions. Moreover, a low complexity guided heuristic for
real-time allocations is also introduced. This heuristic exploits
the problem structure to achieve near optimal solutions, and
satisfy all the QoS and resource limitation constraints. This
differs from our earlier proposed energy-ef¿cient robust PRA
approaches [12]–[15], where the demand was assumed to be
perfectly predicted and the main source of uncertainty was the
future rate.

III. S YSTEM M ODEL AND P ROBLEM OVERVIEW
A. System Model
The set of video streaming users is denoted by M where the
user index is i ∈ M. Each mobile user requests video with a
constant streaming rate in order to ensure energy savings. The
video content is available at the serving BS and the bottleneck
is assumed to be the radio link. Both the users’ locations and
channel rates are known for the next T timeslots, where each
slot index is denoted by t ∈ T .
1) Radio Resources: The users of the same Base Station
(BS) share the available radio resources every time slot t,
where each user i is allocated a fraction of the airtime denoted
by xi,t ∈ [0, 1].
2) Predicted User Demand and Channel Rate: The average
demand of user i at time slot t is denoted by vi,t which corresponds to the amount of data content played back with ¿xed
quality. Herein, we assume that the demand is uncertain as the
user can terminate the video at any time slot. Accordingly,
the per slot demand is modelled as a random variable ṽi,t
that is equal to 0 (user terminated the video) or vi,t (user
steaming the video). The cumulative
t demand is thus denoted
as a random variable D̃i,t =
t =0 ṽi,t . For the resource
allocation, prediction of rate is done by mapping the user’s
current location to the Radio Environment Map (REM) at the
mobile operator. The REM contains both the user’s locations
and their corresponding channel rates ri,t for user i at time
slot t.
B. Problem Description
The robust PRA scheme in this paper aims to calculate
the airtime fractions xi,t for each user at time slot t such
that the total amount of allocated resources is minimized
to achieve energy-saving or ef¿cient bandwidth utilization.
The possibility of terminating the video by the user at a
certain time slot is taken into account. This prevents the PRA
from prebuffering future content to unstable users who might
terminate the video at any time slot with a certain probability.
Typically, this results in more energy savings and optimal
bandwidth utilization compared to existing non-robust PRA
that assumed perfect prediction.
As illustrated in Fig. 1 (a), the values of predicted rates for
three time slots would typically lead the PRA to prebuffer the
whole content during the ¿rst slot to save energy as depicted in
Fig. 1 (c). However, as shown in Fig. 1 (b), the high probability
of terminating the video at the third time slot prevents the
robust PRA from prebuffering the future content in order to
avoid the high risk of wasting energy. As such, only the content
of the second slot is prebuffered due to the low probability of
video termination while the delivery of the third slot’s content
will be postponed as illustrated in Fig. 1 (d). To summarize
the example, delivering the rest of the video content in the
third time slot costs more energy, in case of non-termination,
while prebuffering all the contents causes a waste of resources
in case of a termination of viewing. The proposed robust PRA
calculates this trade-off based on both the predicted rates and
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A. Stochastic Formulation
The introduced energy-ef¿cient robust PRA is formulated
using stochastic optimization. In particular the uncertain demand is represented as a random variable as follows:
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decision variables. The main difference between the proposed
robust formulation and the existing PRA work is the ¿rst
constraint that contains the random demand. Such randomness
directly affects the value of objective function. In particular,
when the random demand equals to vi,t , the objective function
is minimized by prebuffering the future content in peak rates.
On the other hand, when the random demand becomes 0 (due
to session termination) the objective function is minimized by
avoiding prebuffering of future content.
To represent the above mentioned relation between constraint C1 and the objective function, the Recourse Programming (RP) model is used.
B. Recourse Programming Model

x,y

∀t ∈ T ,

∀i∈M ∀t∈T

subject to:

i=1

C3: xi,t ≥ 0,


E

A deterministic equivalent form for the introduced energyef¿cient robust PRA in Eq. 1 is formulated using a Recourse
Programming (RP) model as follows:
t



 


≥
D̃i,t , ∀ i ∈ M, ∀t ∈ T ,
xi,t + E H(y, D̃)
(2)
minimize

t =0

xi,t ≤ 1,



Illustration of Robust PRA under Uncertain Video Streaming Demand

In this section we mathematically formulate the problem
of robust PRA using stochastic optimization and recourse
programming

x
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the probability of termination to perform energy-ef¿cient and
QoS aware allocation.
IV. PRA F ORMULATION
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∀ i ∈ M, t ∈ T .

The objective function aims to minimize the total consumed
energy represented as a function of airtime. The QoS constraint
in C1 guarantees that the total delivered content to the user
satis¿es the anticipated cumulative demand. C2 models the
limited resources at each BS by ensuring that the sum of
allocated airtime is less than 1 second (allocation slot duration). The last constraint C3 ensures the non-negativity of the

C1:
C2:

t

t =0
M


ri,t xi,t ≥

t


vi,t , ∀ i ∈ M, ∀t ∈ T ,

t =0

xi,t ≤ 1,

∀t ∈ T ,

i=1

C3: xi,t ≥ 0,

∀ i ∈ M, t ∈ T .

The objective function herein comprises of two terms whose
summation has to be minimized. The ¿rst term represents the
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total allocated resources (similar to the non-robust approach)
while the second term corresponds to the total wasted resources as a result of terminating the video before watching
content. In particular, the second term
 the prebuffered

E H(y, D̃) is the optimal solution of the recourse stage and
formulated as follows:


 
pi,t yi,t
ζ
(3)
minimize
y,x

∀i∈M ∀t∈T

subject to:
C4: ri,t−1 yi,t−1 + ri,t xi,t
− vi,t ≤ ri,t yi,t ,
C5: yi,t ≥ 0,

∀ i ∈ M, ∀t ∈ T ,
∀ i ∈ M, t ∈ T .

The objective function of the recourse stage in Eq. 3
minimizes the expected value of excess allocated resources (i.e
prebuffered) and calculated as a function of both the second
stage decision variable yi,t and the probability of terminating
the video denoted by pi,t . The variable ζ is used to model the
trade-off between the values of the two stages and its value
is typically less than one. The constraint in C4 is used to
calculate the amount of excess resources ri,t yi,t after every
time slot t. The ¿rst two terms in the left hand side represent
the total prebuffered and newly allocated resources in this time
slot, respectively, while the third term represents the per slot
demand. The right hand side is the amount of excess resources
after slot t which corresponds to the prebuffered future content.
V. R EAL - TIME O PTIMIZER
This section ¿rstly reviews the numerical optimization
methods that can be used to solve the formulated problem,
and then introduces the details of heuristic search algorithm.
A. Optimal Solution
The robust formulation in Eq. 2-Eq. 3 is linear and continuous which can be solved by numerical methods such as
simplex and interior point. Although commercial solvers such
as Gurobi [16] implement these optimal numerical methods,
the computational complexity is non-tolerable and real-time
solutions are unattainable. This is in addition to the low
scalability with regards to the number of users and video
duration, as the dimensions of the problem increase so does
the amount of solver computation time.
B. Guided Real-time Heuristic
The proposed guided search heuristic algorithm is aware of
the problem’s structure and the interdependency between the
constraints as well their impact on the objective function. This
is in addition to exploiting the idea of robust and predictive
allocation in calculating the airtime fractions. In essence, the
algorithm starts by satisfying all the QoS constraints using
the available radio resources while considering the minimization of objective function. Then, the algorithm exploits the
prebuffering capabilities of user’s device, where the video
content can be pushed in advance to avoid allocation during
time slots with low channel rates or high congestion. In the

next step, the value of objective function is further minimized
while examining the trade-off between possible energy savings
during peak radio conditions, and the risk of wasting resources
due to video termination in future time slots.
The heuristic is summarized in Algorithm 1 and detailed as
follows:
In the ¿rst stage, the minimal amount of radio resources is
calculated (line 4) in order to satisfy the QoS constraint C1
in Eq. 2 for each slot. Such strategy continues until the user
reaches the slot with the peak channel rate and then the possibility of prebuffering is checked. For each time slot following
this peak, the amount of resources in case of prebuffering and
non-prebuffering is checked while considering the probability
of video termination (lines 8-11) which approximates the
objective function in Eq. 3. In case of more resource saving
(line 12), prebuffering is done. Otherwise, the risk of wasting
resources is found to be high and minimal allocation is done
for the demand of this slot without prebuffering in the previous
slots (lines 18-21).
Algorithm 1: Energy Minimization under Demand Uncertainty
Input
: Users: M, Time Horizon: T , Predicted
Rates: R, Demand Distribution: P ,
Streaming Rate: V ;
Output
: X;
Initialization: X = ∅, B = ∅, Y = ∅, Z = ∅ Nt = 0
∀t ∈ T ;

1 De¿ne: ti = argmax {ri,t , ∀t ∈ T };
2 for i ∈ M do
3
for t ∈ T |t ≤ ti do
4
Minimal airtime xi,t = vi,t /ri,t ;
5
Slot fraction Nt = Nt + xi,t ;
6
end
7
for t ∈ T |t > ti do
8
Without Prebuffering x i,t = vi,t /ri,t ;
9
for τ ∈ T |τ < t, ri,τ > ri,t , Bi,t = 1 do
10
With prebuffering zi,τ = vi,t /ri,τ ;
11
Excess resources yi,τ = γ × pi,t × zi,t ;
12
if x i,t > zi,τ + yi,τ then
13
xi,τ = xi,τ + zi,τ ;
14
Slot fraction Nt = Nt + zi,τ ;
15
Prebuffering status Bi,t = 1;
16
end
17
end
18
if Bi,t = 1 then
19
Without prebuffering xi,t = vi,t /ri,t ;
20
Slot fraction Nt = Nt + xi,t ;
21
end
22
end
23 end
24 return X
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VI. P ERFORMANCE E VALUATION
A. Simulation Environment
We simulate the proposed robust PRA using the Long
Term Evolution (LTE) module in Network Simulator 3 (ns-3)
integrated with Gurobi commercial solver [17] to obtain optimal solutions for the formulated problem. The probability of
terminating the video at any time slot t is calculated using the
model in [8]. Users follow random prede¿ned paths within
the cell coverage region at a constant velocity of 60kmph,
which corresponds to typical values in urban and suburban
areas. All the simulation parameters and values are presented
in Table I. The average of all output results, over 50 simulation runs, is reported in the following subsections. In this
evaluation, we compare the variants of the introduced robust
PRA scheme with each other and with an existing non-robust
PRA technique. The main metric is the energy consumption
measured by the total airtime [2]. The NR-PRA refers to an
existing non-robust PRA scheme in [2] that assumes complete
streaming of the video without any probability of termination.
PRA-PP refers to a hypothetical optimal PRA with perfect
demand knowledge (i.e. exact duration of video that will be
streamed). The proposed robust PRA in this work formulated
in Eq. 2-Eq. 3 is referred to as R-PRA (Optimal) where
the probability of video termination follows the distribution in
[8]. The solution is obtained optimally using Gurobi optimizer
[16]. R-PRA (Heuristic) is the same as R-PRA (Optimal) but
the solution is obtained using the introduced guided heuristic
in Algorithm 1.
TABLE I
S UMMARY OF M ODEL PARAMETERS
Parameter
BS transmit power
Bandwidth
Time Horizon T
ζ
Bit Error Rate
Velocity
Packet size
Packet rate (from core network to BS)
Buffer size

Value
43 dBm
5 MHz
60 s
0.99
5 × 10−5
60 [kmph]
103 [bytes]
103 s−1
109 [bits]

B. Simulation Results
1) Comparison to Non-Robust PRA: We set the system load
(i.e. number of users and steaming rates) to a value comparable
to or below the available radio resources. Accordingly, no
video stops were observed and thus the QoS is said to be
satis¿ed by all the schemes. With regards to the amount of
energy, the existing non-robust PRA (i.e. NR-PRA) results
in high consumption compared to the lower bound PRA-PP
as shown in Fig. 2(a)-Fig. 2(c). This is because the video
was predicted to be fully played back by the user and thus a
large amount of resources was used in order to prebuffer the
content at the cell center. However, such prebuffered portion
was not streamed by the users who tend to terminate the
video according to the prede¿ned probability. The amount of
wasted resources increases with both the system load (number

of users and streaming rates) as depicted in Fig. 2(a)-Fig. 2(b)
and the users velocity in Fig. 2(c). Particularly, increasing the
number of users will result in prebuffering more content in
order to provide vacant capacities for other users at the cell
edge. Similarly, the content of fast moving users leaving the
cell center has to be prebuffered before reaching the cell edge.
Thus, the gap between the NR-PRA and the optimal PRAPP increases. In contrast, the introduced R-PRA (optimal) has
prebuffered the content for cell center users while considering
the probability of video termination. This strategy avoids
risky prebuffering of the future content whose delivery can
be postponed until their corresponding time slots are reached
or the user arrives at time slots with low probability of
terminating the video. Such termination aware prebuffering
resulted in lower energy consumption which is close to the
perfectly predicted scheme as depicted in Fig. 2(a)-Fig. 2(c).
2) Evaluation of the Heuristic: The performance of the
introduced heuristic is reported for different number of users,
streaming rates and velocities in Fig. 2(a)-Fig. 2(c). Similar
to its optimal form, R-PRA (heuristic) was able to satisfy the
QoS in addition to achieving energy-savings with a very small
optimality gap less than 0.1%. The complexity of both the
optimal and heuristic techniques is measured in terms of the
computation time. The heuristic algorithm only requires less
than 0.1ms. to solve the robust PRA formulation irrespective
of the network load (i.e. number of users and streaming rates).
This is as opposed to the commercial solver which required
approximately 10s. in low load scenarios. The solver’s execution time increases with the number of users due to the larger
problem dimension, and also with the streaming rate due to
the tight feasibility region.
VII. C ONCLUSION
We introduced a robust PRA scheme for video streaming
that handles uncertainties in the users’ demands and avoids
wasting resources. A linear continuous RP model is adopted
to provide closed form representation while adopting the probability of random termination. The RP model can be solved either by commercial solvers for benchmark solutions, or by the
introduced guided heuristic search for real-time decisions. The
performance evaluation, using a standard compliant simulator,
demonstrated the ability of the introduced robust PRA to maintain the energy-saving gains of PRA while satisfying the QoS
levels. An increase in system load underlines the importance of
the robust scheme to avoid unnecessary excessive prebuffering
for users leaving the cell center but with high probability of
terminating the video before viewing the full content. This is
unlike existing PRA schemes that greedily exploit the peak
radio conditions by prebuffering the whole future content
without taking into consideration the unstable users’ demands.
Our future work considers the extension to Dynamic Adaptive
Streaming over HTTP (DASH) which jointly optimizes the
resources and video qualities under demand uncertainty. This
is in addition to considering the uncertainties in the channel
vacant capacities resulted from unexpected users arrival.
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