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Abstract—Predictive resource allocation (PRA) has gained
momentum in the network research community as a way to
cope with the exponential increase in video traffic. Existing
PRA schemes have demonstrated profound energy savings and
ubiquitous quality of service (QoS) satisfaction under idealistic prediction of future network states. In this paper, we relax
the main assumption of existing PRA work and tackle uncertainties in predicted information which resulted from space and
time variation of the network load and users demands. A robust
green PRA (R-GPRA) is proposed to: model the uncertainties as
random variables, ensure a probabilistic satisfaction of QoS constraints, and follow a risk-aware preallocation of future demand.
A recourse programming model is used to represent the tradeoff between the energy-savings and the risk of wasting resources
while considering the probability of a user terminating the video
session at each time slot. Thus, the scheme prevents the network
from prebuffering the future video content that might be skipped
by the user. Similarly, a chance constrained programming model
is proposed to provide a probabilistic QoS representation to
guarantee that the sum of resources, predetermined to video
streaming users, do not surpass the total time-varying network
capacity. We prove that a near-optimal solution is attainable by
proposing a guided heuristic search with small optimality gap to
numerical methods. Simulation results demonstrate the ability
of R-GPRA to deliver energy-efficient video streaming with less
resources than existing PRA while promising QoS satisfaction.
These results provide the incentive to implement the R-GPRA in
future wireless networks.
Index Terms—Channel state prediction, energy efficiency, particle filter, radio access networks, resource allocation, robustness,
video streaming.

I. I NTRODUCTION

T

HE GLOBAL Internet traffic is expected to grow tremendously reaching 2.3 zettabyte by 2020 [1]. At that time,
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mobile devices will be contributing to more than two-thirds
of the total Internet traffic, where more than three-quarters
of such traffic is expected to be video content. Maximizing
streaming quality while minimizing the number and durations
of stops remains the ultimate goal for mobile video streaming
users. This, however, will put network operators under huge
pressure as they strive to meet users’ QoS expectations given
the available network resources and infrastructure to maximize
their profit. Nevertheless, the unprecedented increase in carbon
footprint and energy costs raised the need for energy-efficient
video delivery over wireless networks [2], [3]. Such challenges
prompt optimal design for QoS-aware resource allocation
schemes that can target energy minimization during service
delivery [4]. Such design augments the gains of research work
done on regulating spectrum access and maximizing radio
resources [5], [6].
Supported by mobility and channel predictions [7]–[9],
predictive resource allocation (PRA) was recognized as a new
paradigm showing great potential of remarkable energy savings and pervasive QoS satisfaction [4], [10], [11]. Today’s
networks adopt opportunistic schemes that perform resource
allocation decisions based on current and previous measurements. On the contrary, the PRA leverages future network
conditions to recognize users moving towards regions with
low channel rates (typically needing more resources) and
prebuffers their video content upfront. Whereas prebuffering is
postponed for other users heading to regions with high channel
rates. Despite the reported energy and QoS gains in the literature, the following practical challenges related to prediction
uncertainty must be addressed:
• Channel Rate Variations: The first parameter used in
PRA is the future channel rate of mobile users based
on their trajectory. Both mobility traces and channel
state prediction accommodate errors due to the noise
of their raw data, adopted low-cost filters, and temporal variations of the wireless signal [12], [13]. Existing
approaches in [14] and [15] considered robust heuristic
decisions that exploit states of the rate predictor or adapt
the allocation window size to minimize the impact of
uncertainty.
• Demand uncertainty: The user demand is represented by
both the streaming bitrate (i.e., video quality) and the
watching duration. Users can frequently change the quality of video, skip some frames or terminate the session
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completely before the end [16]. The Non-PRA approach
in [17] and [18] controlled the buffer size during the short
term decisions based on the stability level of the session. The impact of demand uncertainty is more severe
in the case of PRA. Fig. 1(a) depicts an example of
energy wastage as a result of terminating the session at
t = 5. The risk of wasting resources increases as PRA
maximizes prebuffering for users experiencing peak rates.
Existing robust non-PRA techniques [17], [18] aim to
decide when to prebuffer the video at the current slot, to
save the tail energy, or postpone the delivery. The PRA,
however, requires further efforts to consider the trade-off
over the time horizon since postponing full video delivery
requires more resources to transmit the remaining content
during future poor channel conditions.
• Network resources: The stochastic arrival of users with
stringent service delay requirements, such as voice calls,
will decrease the total available resources for streaming users. In turn, this will increase the risk of violating
QoS requirements for cell-edge video users who are allocated a small portion of the available resources. Fig. 1(b)
depicts this scenario where the network follows a stingy
allocation for a cell-edge user to minimize the energy
consumption. The risk of violating the demand, when the
user do not receive the minimum amount of data, has to
be modelled by the PRA. Thus, the minimal allocation is
followed during resources stability while an opportunistic
strategy is adopted in uncertain conditions.
Existing PRA assumed idealistic scenarios [4], [10], [11],
[19] where the average values of all three parameters are
adopted. In order to maintain the prediction gains, mobile
buffering capabilities have to be fully exploited while applying long-term decisions at the beginning of the time horizon.
Our recent work on robust PRA [20]–[25] tackled the first
parameter (i.e., rate uncertainty) and showed that prediction
gains are still attainable when probabilistic risk-aware PRA is
applied.
We focus on the second and third sources of uncertainties by
considering the possibility of video termination and variations
in network resources while deriving long-term energy-efficient
allocations. The proposed R-GPRA should measure the risk of
wasting resources and compare it to the possibility of energy
savings to determine when and which content to prebuffer.
This is in addition to considering the scenarios in which the
total available network resources are shared with real-time
users. A probabilistic metric is defined to guarantee a minimal level of QoS satisfaction and controls the impact of such
scenarios.
This paper introduces, for the first time in literature, a robust
stochastic green PRA framework that achieves energy savings and QoS satisfaction over a time horizon under both
demand and network resources uncertainties. The framework
is referred to as R-GPRA and incorporates the following
contributions:
1) We capture the uncertainties in both the demand
and network resources by proposing a stochastic
optimization model. The main objective is to minimize
the total allocated resources, i.e., less energy, while

557

satisfying the time slot demand constraint. The model
relies on Recourse Programming (RP) and Chance
Constrained Programming (CCP) to represent the uncertainties in the objectives and constraints as random
variables. This is unlike existing PRA work [11], [26]
that assumed perfect prediction and used deterministic formulation based on the average value of predicted
information. In essence, our RP considers the risk of
wasting resources due to video streaming users terminating the session before watching the entire video [16],
[27]. Similarly, the CCP controls the QoS degradations
under resources fluctuations due to the random arrival
of users with real-time services. The CCP allows the
network operator to adjust both the maximum allowed
degradation level and the energy-saving gains over the
time horizon.
2) We leverage the temporal statistical data of video content and users arrival to obtain a robust allocation of
network resources over the time horizon. Such data
is used to develop a deterministic equivalent form for
the stochastic RP and CCP models. In essence, the
probability distribution of video watching durations is
used to quantify both the possibility of energy-saving
and the risk of wasting resources. Thus, the network
prebuffers future demands that has high likelihood of
watching, and delays the delivery of future uncertain
content. Similarly, the probability distribution of users’
arrival and their traffic load are used to calculate the
fluctuations in the time-varying network resources. The
resultant allocation ensures that the QoS degradations do
not surpass predefined level in the CCP model when the
remaining network resources for video users are scarce.
As such, a deterministic resource allocation model is
obtained and takes into account both energy-savings
and the risk of QoS violation during resources uncertainty. As opposed to traditional non-predictive robust
approaches [28], [29], our model considers allocation
with RP and CCP over a time horizon that captures
dependency between the constraints.
3) For the network to obtain an on-line solution, a guided
heuristic search algorithm with polynomial complexity is
developed. The algorithm exploits the trade-off between
the network constraints, i.e., resources and slot demand,
and prediction gains. The heuristic considers the impact
of decisions at one slot on the energy savings and QoS
satisfaction in future slots. This strategy generates solutions that satisfy the probabilistic QoS level defined
in the CCP model without compromising the energy
savings of the RP. Whilst commercial solvers do not
provide solutions in real-time, they can be only used as
benchmarks.
This paper is organized as follows. In Section II we
provide a background on PRA and robust stochastic-based
optimization. Section III presents the system model and the
problem definition. Section IV introduces the robust probabilistic formulation, and recourse and chance-constrained
programming based deterministic formulations. The low complexity guided heuristic is presented in Section V, simulation
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results are discussed in Section VI, and finally, we conclude
the paper in Section VII.

II. BACKGROUND AND R ELATED W ORK
A. Existing PRA for Video Streaming
Extensive network measurements demonstrated the
predictability of users’ behaviour up to 93% [30], including
human mobility and activity [9]. Meanwhile, the radio signal
strength and available bandwidth are found to follow repetitive spatio-temporal patterns [12], [13]. The availability of
navigation systems at current user devices (e.g., smartphones)
has enabled mobile operators to correlate the radio measurements (e.g., channel rates) with geographical locations,
and construct the Radio Environment Map (REM) [31]. The
REM is further used to retrieve the future radio conditions
(e.g., channel rate) for the predicted mobility traces enabling
the PRA to derive long-term proactive decisions over the
anticipated time horizon.
The video delivery approaches in [4], [10], [11], [19],
and [26] have applied the concept of PRA to achieve optimal
radio resource utilization. Hence, the PRA minimizes the
energy consumption and maximizes the delivered video quality, in low load scenario, while maximizes the QoS satisfaction
by avoiding video stops, in high load scenarios. The PRA in
general tries to avoid allocating resources to users during poor
radio conditions, that consume more airtime per byte, while
maximizing the allocation during peak conditions by leveraging the content availability and prebuffering capabilities at the
Base Station (BS) and user devices. To calculate the resource
share for each user, the PRA typically follows one of two
strategies: greedy prebuffering or minimal allocation. The first
is applied to users experiencing their peak channel rates where
the network transmits as much video content as possible to
avoid transmission with future poor channel rates. This is done
under the assumption that the user will be watching the whole
video. Prior to reaching such peak rates, the network serves
the users with the minimal amount of resources to barely satisfy the time slot demand. The base station after prebuffering
the video or sending the minimal amount, can then go into the
sleeping mode to save energy or serve other real-time users.
To derive performance gains over opportunistic RA, the
PRA in [4], [10], [11], [19], and [26] all assumed stable
user behaviour with perfect knowledge of users’ demands and
network resources. Thus, in low load scenarios, the BS would
be able to prebuffer a long video segment for users experiencing peak channel rates. However, the user might terminate the
session before watching the prebuffered content which results
in suboptimal resource utilization diminishing the prediction
gain compared to the opportunistic non-predictive RA. As
well, the random arrival of real-time users will impact the
resource availability for video streaming users. This impact
increases the risk of resource scarcity for the PRA target users
especially during the minimal allocation strategy, resulting in
increased video stops and QoS degradations.
To tackle the uncertainty problem, we adopt robust stochastic optimization to measure the uncertainty in user demands

and network resources. In addition to the predicted information, the stochastic optimization employs the probability of
terminating the video, represented by watching time distribution, and the probability of scarce resources, represented
by the user arrival distribution and load. The schematic diagrams presented in Fig. 2(a) and Fig. 2(b) illustrate the main
difference between existing PRA and the proposed R-GPRA
where the latter takes into consideration the uncertainties in
both demand and network resources. As such, the robust
PRA will only prebuffer the content which in all likelihood
will be viewed by the user before terminating the video
session and during time slots with a high probability of
resource availability. We consider energy minimization where
the proposed scheme will be referred to as robust green
predictive resource allocation (R-GPRA) which is based on
stochastic optimization techniques reviewed in the following
subsection.
B. Robust Stochastic Optimization
Robust stochastic optimization refers to incorporating uncertain values in the mathematical programming model. In particular, these values are represented as random variables, and thus
the set of constraints becomes probabilistic while the objective function appears in a non-closed scenario-based form [32].
As such, stochastic optimization provides the network designer
with the flexibility of modeling the trade-off between maximizing prediction gains and minimizing the risk of violating
the QoS.
The CCP is adopted to handle the probabilistic constraints
by transforming them into a deterministic equivalent which is
typically done using either the Probability Density Function
(PDF) or Moment Generating Function (MGF) of the random
variable as in Scenario Approximation (SA) and Bernstein
Approximation (BA), respectively. The SA exploits the PDF
of a random variable to construct all the possible realizations
over the time horizon and their probabilities (i.e., probability mass function). The constraint will be represented in a
form that guarantees a solution satisfying N scenarios, where
the total probabilities of such N scenarios is above a minimal
level denoted by β. Satisfying more scenarios will generate a
conservative solution that has a lower value of the objective
function and hence lower prediction gains. On the contrary,
satisfying scenarios with less total probability will result in a
non-robust solution that violates the QoS level.
Similar to CCP, the Recourse Programming (RP) is used
for handling problem uncertainties that impact the value of
objective function. The RP model essentially consists of two
terms in the objective function. The first term models the
network gain by using the average of random variables while
the second term adopts their PDF to prevent risky decisions that preserve the total gains in the network during
uncertain conditions resulting in a deterministic closed form
RA formulation which can be further solved by mathematical optimization techniques. As opposed to existing robust
non-predictive RA [29], [33], our problem considers a time
horizon that takes into account the interdependency between
the resources of a single time slot and the future demands
represented in a cumulative form.
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Fig. 1.

Illustration of wasting resources and QoS degradations.

Fig. 2.

Schematic diagrams of existing and proposed frameworks.

Both CCP and RP have been discussed in the literature for
non-predictive RA (without a time horizon) to handle uncertainties in the demand and channel rates [29], [33]. While the
PRA typically involves decisions over a time horizon, the CCP
has to account for the interdependency between the constraints.
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The violation of a time slot’s constraint can propagate and
impact the satisfaction of the next slot demand. For the RP,
preventative decisions should be taken at the beginning of the
time horizon to avoid suboptimal future decisions; unlike the
conventional RP that reactively takes counter actions (e.g.,
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releasing extra allocated resources) after the exact values of
uncertain parameters are unveiled.
Motivated by the uncertainty modelling in [12] and [13], our
earlier work in [20]–[22], and [34] focused on energy-efficient
robust PRA where the uncertainty was only in future channel
rates. In this paper, the proposed stochastic based R-GPRA
achieves long-term energy savings and QoS satisfaction under
demand and network uncertainty, which are demonstrated by
the probability of video termination and resource unavailability at each time slot. A discrete linear formulation is obtained
by RP and CCP, which can be solved by commercial solvers
for benchmark solutions. Moreover, a low complexity guided
heuristic for real-time allocations is introduced. This heuristic exploits the problem structure to achieve near optimal
energy savings, and satisfy all the QoS and resource limitation
constraints.
III. S YSTEM M ODEL AND P ROBLEM OVERVIEW
A. System Model
Each BS is serving a set of video streaming users denoted
by M, where each user index is i ∈ M. To achieve energy
savings, a constant streaming rate is assumed which can be
either manually selected by the user or decided by the network.
Both the users’ locations and channel rates are known for the
next T time slots, where each slot index is denoted by t ∈ T .
The total video is available at the serving BS, at t = 0, and
the bottleneck is assumed to be the radio link. The prediction
of channel rates is performed by mapping the user’s current
location to the 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 [31].
1) Resource Allocation: The users of the same BS share the
available radio resources every time slot t, where each user i is
allocated a fraction of the slot’s airtime denoted by xi,t ∈ [0, 1].
Other real-time users are sharing the same resources, but their
allocation is not handled by the R-GPRA.
2) Predicted User Demand: The average demand of user
i at time slot t is denoted by vi,t which corresponds to the
data content played back with fixed quality. We assume that
the user can either terminate the session completely at any
time slot t or skip part of the video and watch the subsequent
frames. Unlike existing models in [35] that handle the first
case only, our model allows the network to prebuffer the future
content which might be watched by the user after skipping
some frames of the video. Accordingly, the per slot demand
is modeled as a random variable ṽi,t that is equal to 0 (user
terminated the video) or vi,t (user streaming the video). The
cumulative
demand is denoted as a random variable D̃i,t =
t

ṽ
.

t =0 i,t
3) Predicted Network Resources: At each time slot, the
resources are shared among both the streaming users (considered by the R-GPRA) and other real-time users. The traffic
of the latter is modeled using their arrival rate and demanded
resources. The arrival of real-time traffic users is modeled as
a Poisson distribution with mean λ, and the demand per user
is denoted by C. The total airtime share allocated to real-time
traffic users at time slot t is denoted by the random variable

C̃t . It has to be noted that we model the arrival of users’ realtime traffic demand which is typically modelled as Poisson
process [36], and not the mobile users admission or arrival at
the BS.
4) Energy Minimization: With the current BS ON/OFF
switching capabilities, the energy consumption E in the downlink is calculated using the consumed power P and the time
X during which the base station was switched ON. Thus
E = P × X = (PW + PD ) × X, where P is the summation
of both the power radiated over the wireless link, denoted by
PW , and the power for operating devices denoted by PD . The
value of PW is constant since power control is not applied
in LTE [37]. Similarly, the dominant part of PD is consumed
by the RF devices which is either fixed or negligibly varying and thus the power values is also constant, [38]. Thus, the
energy consumption can be expressed in terms of the airtime X
which corresponds to the time in which the above-mentioned
devices are switched ON and the signal is radiated over the
wireless link. In addition, measuring the energy consumption
using the airtime will provide a common ground for energyefficient PRA as the power term differs across BSs based on
the efficiency of devices [39]. In conclusion, and similar to the
existing PRA in [4] and [40], our framework 
will express the
energy consumption as the total time fractions xi , t allocated
to the users.
B. Problem Description
The robust Green Predictive Resource Allocation (GPRA)
scheme aims to calculate the airtime fractions xi,t for each
user at time slot t such that the total allocated resources are
minimized to achieve energy-saving or efficient bandwidth utilization. The possibility of terminating the video by the user
at a certain time slot is taken into account. By doing so, this
prevents the PRA from prebuffering future content to 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 demand prediction.
As illustrated in Fig. 3 (a), the values of predicted rates for
three time slots would typically lead the PRA to prebuffer the
whole content during the first slot to save energy as depicted
in Fig. 3 (c). However, as shown in Fig. 3 (b), the high probability of terminating the video at the third time slot prevents
the robust PRA from prebuffering the future content due to
the high risk of wasting energy. As such, only the content of
the second slot, with a low probability of video termination,
is prebuffered whereas the delivery of the third slot’s content
will be postponed as illustrated in Fig. 3 (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 termination of viewing. The proposed robust PRA
calculates this trade-off based on both the predicted rates and
the probability of termination to perform the energy-efficient
and QoS-aware allocation.
The uncertainty of future network resources, due to random user arrival, will interfere with the strategy mentioned
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Fig. 3.
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Illustration of R-GPRA under Uncertain Video Streaming Demand.

earlier. Delaying the transmission in the case of high termination probability might be considered suboptimal if the future
network resources are scarce. The network, in that case, will
miss the chance of exploiting the current channel peaks and
vacant resources, and without being able to satisfy the user
demand given the future anticipated limited resources. As a
result, fewer energy-savings are attained in the case of future
peaks with low resources, while video stops are observed if
future low channel rates are further reduced by real-time traffic
user’s arrival.
IV. R-GPRA F ORMULATION U NDER U NCERTAIN
D EMAND AND R ESOURCES
In this section, we mathematically formulate the problem of
robust GPRA (R-GPRA) using stochastic optimization, and
then adopt recourse and chance constraint programming to
obtain deterministic equivalent forms.
A. Stochastic Formulation
The introduced energy-efficient robust PRA is formulated
using stochastic optimization. In particular, the uncertain
demand and future network resources are represented by
random variables as follows:


 
xi,t
minimize
x

∀i∈M ∀t∈T

subject to:
C1:

t


ri,t xi,t ≥ D̃i,t ,

∀ i ∈ M, ∀t ∈ T ,

t =0

C2:

M

i=1

C3:

xi,t ≤ 1 − C̃t ,

xi,t ≥ 0,

∀t ∈ T ,
∀ i ∈ M, t ∈ T . (1)

The objective function aims to minimize the total consumed
energy represented as a function of the total BS airtime [39].
The QoS constraint in C1 guarantees that the total delivered
content to the user satisfies the anticipated cumulative random
demand. C2 models the limited resources at each BS by ensuring that the sum of allocated airtime is less than the total available network resources (allocation slot duration) while considering the random resources allocated to the real-time traffic
users. The last constraint C3 ensures the non-negativity of the
decision variables. The main difference between the proposed
robust formulation and the existing PRA work is the first and
second constraints that now incorporate random demand and
network resources. Such randomness has an impact on both
objective function value and QoS satisfaction. 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. Similarly, the network
should avoid prebuffering when available resources are low
(due to the periodic arrival of real-time traffic users) as the
pre-calculated resources will not be attainable.
B. Recourse and Chance Constrained Model
To represent the relation mentioned above between constraints C1, C2 and the objective function in a deterministic
form, Recourse Programming (RP) and Chance Constrained
Programming (CCP) models are used as depicted below:


 


xi,t + E H(y, D̃)
minimize
x,y

∀i∈M ∀t∈T

subject to:
C1:

t

t =0

ri,t xi,t ≥

t


vi,t ,

∀ i ∈ M, ∀t ∈ T ,

t =0
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C2: Pr (

M


xi,t ≤ 1 − C̃t ) ≥ β, ∀t ∈ T ,

i=1

C3: xi,t ≥ 0,

∀ i ∈ M, t ∈ T .
(2)

The objective function herein comprises two terms whose summation must be minimized. The first term represents the total
allocated resources (similar to the non-robust approach) while
the second term corresponds to the expected value of wasted
resources as a result of terminating the video before watching
the prebuffered content. In C2, the probability of satisfying the
network resource constraint by the calculated airtime fractions
is set above the QoS level β. Where β ∈ [0, 1] represents the
minimal probability of satisfying the QoS. Allocating more
resources than the available capacity, after accounting for the
real-time traffic users, will result in video stops since the users
will not be able to receive the minimal data amount calculated
by the R-GPRA. In the following, we show how to obtain a
closed form representation for both the recourse model in the
objective function, and the probabilistic constraint in C2.
1) Recourse Stage: The second
term of the objective func
tion in Eq. 2, i.e., E H(y, D̃) , is the optimal solution of the
recourse stage and formulated as follows1 :


 
W
minimize ζ
pi,t yi,t
y,x

∀i∈M ∀t∈T

The binary decision variable δt,ω equals 1 if scenario ω at
time slot t has to be satisfied by the airtime allocation, and
equals 0 otherwise. The PDF of user arrival is used to construct the scenarios of network resources at each time slot as
a result of real-time traffic user arrival. At each time slot t, the
scenario ω represents the existence of ω real-time traffic users.
The constraint in C6 demonstrates the scenarios in which the
calculated airtime fractions must satisfy the vacant network
resources 1 − Ct,ω . In C7, the total probability of satisfied scenarios must exceed the predefined QoS level β. pA t,ω is the
probability of user arrival scenario ω at time slot t. When the
scenario is ignored (i.e., δt,ω = 0), the right hand-side of C6
will be the maximum slot duration (i.e., all network resources
are available), and the QoS level β will avoid ignoring the
most probable scenarios.
C. Deterministic R-GPRA Linear Formulation
The complete deterministic formulation of the proposed
R-GPRA can be summarized in the following closed form
representation:


 
 
xi,t + ζ
pW
minimize
i,t yi,t
x,y,δ

∀i∈M ∀t∈T

C1:

subject to:
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 .

M


ri,t xi,t ≥


xi,t ≤ 1 − Ct,ω δt,ω

∀t ∈ T , ∀ω ∈ ,

t


vi,t , ∀ i ∈ M,

∀t ∈ T ,

t =0

C3:
C4:

∀ i ∈ M, t ∈ T .
xi,t ≥ 0,
ri,t−1 yi,t−1 + ri,t xi,t − vi,t ≤ ri,t yi,t ,

C5:

∀ i ∈ M, ∀t ∈ T ,
yi,t ≥ 0, ∀ i ∈ M, t ∈ T .
M


xi,t ≤ 1 − Ct,ω δt,ω ∀t ∈ T , ∀ω ∈ ,

(3)

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 pW
i,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 excess resources ri,t yi,t after every time slot t. The first
two terms on the left hand-side represent the total prebuffered
and newly delivered content in this time slot, respectively.
The third term represents the per slot demand in case of nontermination. The right hand-side shows the amount of excess
resources after slot t which corresponds to the prebuffered
future content.
2) Deterministic Equivalent: The probabilistic constraint in
C2 is replaced by the following deterministic equivalent form
which adopts the probability of user arrivals and their load.
C6:

t

t =0

C4:

∀i∈M ∀t∈T

subject to:

C6:

i=1

C7:



∀ω∈

C8:

δt,ω pA t,ω ≥ β

δt,ω ∈ {0, 1} ∀ t ∈ T ,

∀ t∈T.
∀ω ∈ ,

(5)

The above formulation is obtained by combining Eq. 3 and
Eq. 4, resulting in a mixed integer linear programming model.
In the next section, we explore the possibilities and challenges
of solving this NP-complete model, and propose a guided
heuristic algorithm for real-time traffic allocation.
V. R EAL -T IME O PTIMIZER
This section reviews the numerical optimization methods
that can be used to solve the formulated problem, and introduces the details of heuristic search algorithm followed by
analysis of its computational complexity.

i=1

C7:



∀ω∈

δt,ω pA t,ω ≥ β

C8: δt,ω ∈ {0, 1}

∀ t∈T.
∀ t ∈ T , ∀ω ∈ , (4)

1 This subsection was preliminary proposed in our prior work [41].

A. Optimal Solution
The robust formulation in Eq. 5 is a mixed integer linear programming model. As such, an optimal solution, which
satisfies all the constraints, can be obtained using branchand-bound or branch-and-cut, among other. Although these
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techniques are capable of reaching an optimal feasible solution with a small duality gap, they suffer from low scalability
and slow convergence. In particular, the complexity of such
numerical optimization techniques grows exponentially with
the number of decision variables [42]. These limitations are
due to overlooking the problem structure and exploring a large
area of the search space to avoid local optimal solutions. A
guided heuristic algorithm is therefore proposed to provide a
real-time feasible solution that is robust to prediction uncertainty. Commercial solvers (e.g., Gurobi [43]) that adopt these
optimal techniques will be only used to evaluate the ability
of the heuristic technique to maintain the prediction gains and
satisfy the QoS constraints.
B. Guided Real-Time Heuristic
The proposed guided search heuristic algorithm utilizes knowledge about the problem’s structure such as the
interdependency and conflicts between the constraints, and
their impact on the optimality of objective function. In essence,
the algorithm starts by satisfying all the QoS constraints using
the available radio resources while considering the distribution
of user arrival and the predefined QoS level. To achieve energy
minimization, resources are allocated to users that have not
reached peak channel conditions. Then, the algorithm exploits
the prebuffering capabilities of the mobile device for users
experiencing peak channel conditions. This is done by pushing the video content in advance to avoid allocation during
time slots with low channel rates or high congestion. In the
next step, the value of the 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 Algorithm 2 and
detailed as follows.
In the first stage, minimal radio resources are calculated
(line 2-18) in order to satisfy the QoS constraint C1 in Eq. 2
for each slot while considering the network resources uncertainties. The available network resources at each time slot are
calculated as follows (lines 2-12):
1) The amount of resources in each scenario are initially
sorted in ascending order and update the corresponding
probability mass function
2) The scenarios are considered iteratively until the total
probability reaches the QoS level β. Including more
scenarios will result in a conservative solution that
over-satisfies the QoS and deteriorates the value of the
objective function.
3) The resources of the last considered scenario (i.e.,
the scenario that needs the maximum resources) are
selected.
4) The total vacant capacity Ct remaining for video streaming users is calculated and used in the next stage.
After satisfying constraints C7 − C8, the algorithm proceeds
to fulfill the per slot demand constraint C1. This is accomplished by setting C1 to an equality and calculate the resource
sharing xi,t that guarantee the satisfaction of demand. Such
minimal allocation continues until the user reaches peak radio
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conditions (line 14). In high load scenarios, due to the large
number of users or high streaming rates, the total allocated
resources in a certain time slot might violate the airtime constraint C6 in Eq. 5. Accordingly, the preceding time slots
with vacant resources will be used to prebuffer the content
of the highly loaded time slots as depicted in lines 19-36 of
Algorithm 1. While efficient exploitation of the radio resources
is mandatory for these scenarios, the algorithm prebuffers the
content of the user with the highest achievable rate. Thus, less
airtime is consumed which increases the chance of satisfying
the radio resource constraint C2. In the case of non-vacant
resources, to accommodate the excess demand, the problem is
said to be infeasible (lines 34-36).
To further minimize energy consumption, a calculated risk
prebuffering strategy is applied by Algorithm 2. In essence,
the possibility of prebuffering is checked. For each time
slot following this peak, the amount of resources in the
case of prebuffering and non-prebuffering is checked while
considering the probability of video termination (lines 3-5)
which approximates the objective function in Eq. 3. In
the case of more resource saving (line 7), prebuffering is
done (line 8-10). 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 13-16).
C. Algorithm Complexity
The first stage of the heuristic consists of sorting the scenarios (line 3) and calculating the total probability (line 6-11),
each has a complexity of O(N 2 ) in the worst case scenario.
This stage is repeated for a maximum of T time slots, thus,
the total complexity (lines 2-12) is O(2T × N 2 ). The minimal allocation in lines 13-18 has complexity of O(MT),
while the repairing of resources in lines 19-37 has a complexity of O(MT 2 ) due to revisiting the preceding time slots
to check the possibility of prebuffering. Similarly, the second
part of the heuristic has a complexity of O(MT 2 ) in which
previous slots are also revisited for prebuffering any of the
future slots with lower rates. Thus, the complexity of the
whole proposed heuristic is O(MT 2 ) which is a polynomial
and significantly lower than the mathematical optimization
methods whose complexity is non-polynomial and depends on
the number of decision variables and constraints.
VI. P ERFORMANCE E VALUATION
A. Simulation Environment
The proposed R-GPRA is developed in Network Simulator
3 (ns-3) Long Term Evolution (LTE) module where Gurobi
(a commercial solver) is integrated to obtain benchmark solutions [44]. The probability of terminating the video at any
time slot t is calculated using the model in [16]. Users follow
random mobility traces within the cell coverage region at a
constant velocity typical for suburban areas. The simulation
parameters and numerical values are shown in Table I. The
simulation is performed 25 times, and the average results of
all runs are reported in the next subsections.
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Algorithm 1: QoS Satisfaction Under Network
Resource 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 Define: ti = argmax ri,t , ∀t ∈ T ;
2 for t ∈ T do
Ĉt = Sort(PAt ∀ω ∈ );
3
4
Initialize St = 0;
5
Set minimum capacity C t = 1 ;
6
while St ≤ β do
7
for omega ∈  do
8
Update probability sum: St = St + P̂At,ω ;
9
Update minimum capacity: Ĉ t = 1 − Ĉt,ω ;
10
end
11
end
12 end
13 for i ∈ M do
14
for t ∈ T |t ≤ ti do
15
Calculate minimal airtime xi,t = vi,t /ri,t ;
16
Update used slot fraction Nt = Nt + xi,t ;
17
end
18 end
19 for t ∈ T do
20
if Nt > 1 then
21
Set k = t − 1;
22
while k > 0&Nt > Ct do
23
if xi,t > 0|i = argmax ri,k , ∀i ∈ M then
24
Calculate the violated airtime
xi,t = Nt − 1;
25
Calculate the demanded airtime
ri,t
xi,k = xi,t × ri,k
;
26
if Nk + xi,k ≤ 1 then
27
Update xi,k , xi,t , Nt and Nk ;
28
break;
29
end
30
end
31
k = k − 1;
32
end
33
end
34
if Nt > Ct then
35
Return Infeasible Problem;
36
end
37 end

The main metric to assess the energy consumption is the
total BS airtime [4], while the QoS of video streaming is
quantified by the number and duration of video stops [45].
In addition, the corresponding Quality of Experience (QoE)
of both number and duration of the stops is quantified by the
Mean Opinion Score (MOS) [46], [47]. In essence, the QoE
is a subjective metric that represents the service end-to-end

Algorithm 2: Calculated Risk Prebuffering for
Energy Minimization
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 Define: ti = argmax ri,t , ∀t ∈ T ;

2 for t ∈ T |t > ti do
3
Calculate airtime without Prebuffering x i,t = vi,t /ri,t ;
4
for τ ∈ T |τ < t, ri,τ > ri,t , Bi,t = 1 do
5
Calculate airtime with prebuffering zi,τ = vi,t /ri,τ ;
6
Calculate excess resources yi,τ = γ × pW
i,t × zi,t ;
7
if x i,t > zi,τ + yi,τ then
8
Update xi,τ = xi,τ + zi,τ ;
9
Update used slot fraction Nt = Nt + zi,τ ;
10
Update prebuffering statusBi,t = 1;
11
end
12
end
13
if Bi,t = 1 then
14
Update airtime without prebuffering xi,t = vi,t /ri,t ;
15
Update used slot fraction Nt = Nt + xi,t ;
16
end
17 end
18 return X

performance level from the user’s perspective, and can be
calculated using the MOS formula in [46] and [47] depicted
below:
MOSVS

|M |
1 
=
(2.99 × e−0.96ηi + 2.01).
|M|

MOSVD =

1
|M|

i=1
|
M|

4.59 × e−3.44ζi .

(6)

(7)

i=1

where MOSVS and MOSVD are the MOS values due to number
and duration of video stops, respectively. The average number
and duration of video stops are denoted by η and ζ , respectively. The value of MOS varies from 1 to 5 which represents
very poor to excellent service, respectively.
We adopt these metrics to evaluate the proposed R-GPRA,
the existing non-robust PRA and the opportunistic RA (i.e.,
non-predictive). The following abbreviations are used in the
next subsection:
• PF (Non-PRA): the traditional opportunistic proportional
fair scheduler is used to represent the class of nonpredictive schemes. It allocates the resources to the
users based on their current channel measurements and
cumulative served traffic in previous slots [48].
• NR-GPRA: is the existing energy-efficient predictive
resource allocation that assumes perfect prediction and
adopts deterministic formulations [4]. This scheme is simulated by setting the values of ζ and Ci,t to zero in the
objective function of Eq. 5, and the resultant formulation
is solved using Gurobi optimizer [43].
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TABLE I
S UMMARY OF M ODEL PARAMETERS

•

•

•

PK-GPRA: this refers to a hypothetical PRA with perfect
knowledge of uncertain demand and network resources.
As such it is aware of exact watching duration and amount
of available resources. This is achieved by replacing the
random variables in Eq. 1 by the exact values from the
simulation.
OR-GPRA: this represents the proposed robust green
predictive resource allocation as formulated in Eq. 5.
The probability of video termination follows the distribution in [16]. The optimal solution is obtained by the
branch-and-cut methods in Gurobi optimizer [43].
HR-GPRA: this refers to the heuristic version of ORGPRA in which the solution is obtained by the proposed
guided search in Algorithm 1 and Algorithm 2.

B. Simulation Results
1) Evaluating Demand Uncertainties: We initially evaluate
the impact of uncertain demand solely on the prediction gains
(i.e., energy savings). The system load, in terms of number
of users and streaming rates, was configured and set below
the available radio resources. Hence, no video stops were
observed, and thus the QoS was satisfied by all the schemes,
while the main focus remains on energy consumption. The
maximum energy saving gap, referred to as prediction gain,
is observed between the opportunistic non-predictive RA and
hypothetical perfect knowledge PRA. As reported in the PRA
literature [19], and shown in Fig. 4(a), the gain can reach up to
400 % due to the minimal allocation strategy adopted for cell
edge users moving to peak radio conditions. This is in addition
to maximizing the allocation for users exiting the cell.
The existing non-robust PRA (NR-GPRA), however, has
diminished the gain to 150% as a result of the greedy prebuffering for cell center users exiting the cell, as yet not
watching the full buffered video. On the contrary, the proposed
robust GPRA has strategically prebuffered the video content to
the users with poor future conditions, rather than transmitting
their full content. Such risk-aware prebuffering strategy avoids
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greedy prebuffering of the future content whose delivery can
be postponed until the corresponding time slots are reached,
or the user arrives at time slots which have a low probability
of terminating the video. This is in addition to following the
minimal allocation to users experiencing poor conditions until
they reach peak rate values. As such, the robust scheme was
able to maintain the prediction gain at 320 %.
The same impact of uncertainty on the prediction gain was
observed while increasing the streaming rate for fewer users
Fig. 4(b). In this scenario, the maximum prediction gap can
reach up to 150%, however, the uncertainties resulted in a
25% prediction gap as depicted by the non-robust scheme. The
gain was retained to 100% by adopting the stochastic based
robustness.
2) Evaluating Joint Demand and Resources Uncertainties:
The simulations are extended to incorporate the resources
uncertainties, where the QoS and QoE performance are
depicted in Fig. 5(a)-Fig. 5(b) and Fig. 5(c)-Fig. 5(d),
respectively.
The resources uncertainties violated the QoS level under
the existing non-robust predictive scheme for a different number of users. Due to the arrival of real-time users, the network
was unable to deliver the video content with the pre-calculated
amount of resources. As such, the demand of cell edge users
is not met by the minimal allocated resources that might be
shared by the real-time users. The cell center video streaming
users were not impacted due to the prebuffered content that
surpasses the demand. Nevertheless, the substantial increase
in the normalized number and durations of stops is attributed
to the short video segments watched by the streaming users
(i.e., demand uncertainty). The corresponding QoS demonstrates the exponential decay of users’ experience as a result
of experiencing a large number and durations of stops.
Unlike the non-robust scheme, the proposed optimal robust
technique has satisfied the predefined QoS level (β) for all
number of users. The robust scheme balances the amount
of allocated resource to the cell edge and cell center users.
Prebuffering is minimized for the cell center users and more
resources can be reserved for the real-time users. As a result,
the amount of allocated resources to cell edge users will be
secured during the arrival of real-time users.
The performance of non-robust and robust predictive
schemes is compared at different streaming rates and real-time
user traffic as shown in Fig. 6(a) and Fig. 6(b). As the traffic
load (streaming or real-time) increases, so does the number
of unsatisfied users. With regards to energy savings and the
prediction gain, the ability of robust scheme to maintain a high
value was observed. Thus, the cost of robustness is said to be
very low as the robust scheme avoided generating conservative
solutions.
3) Performance of Heuristic: The above-mentioned observations over different system and streaming loads are also
reported for the proposed heuristic. In essence, the heuristic was capable of satisfying the QoS level and maintain the
prediction gap under demand and network uncertainties. The
complexity of both the optimal and heuristic techniques is
measured in terms of the computation time of a Quad Core i7Processor, 3.2 GHz machine. The heuristic algorithm requires
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Fig. 4.

Airtime-based energy consumption with uncertain demand only.

Fig. 5.

QoS and QoE for number and duration of stops with uncertain demand and network resources.

less than 0.1ms. to solve the robust PRA formulation for all
the network configurations (i.e., number of users and streaming rate values). On the other hand, the performance of Gurobi

is sensitive to network load and capacity. The execution time
varies from 1s to 15s depending on the number of unsatisfied users in the previous time slots, their streaming rate,
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Fig. 6.
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Distribution of QoS values for robust and non-robust GPRA.

and available channel capacity. Requests from users for high
streaming rates while experiencing low channel capacity will
result in a narrow feasibility region. Such situations are very
challenging for the solver that overlooks the problem structure
and generates a large number of branches and nodes to solve
the integer programming model.
VII. C ONCLUSION
We introduced a robust green predictive resource allocation
(R-GPRA) scheme for video streaming that handles uncertainties in both the users’ demands and network resources over
a time horizon. Hence, R-GPRA avoids wasting resources
and QoS violation. A stochastic formulation is proposed
and a deterministic equivalent closed form representation
was achieved using Recourse Programming (RP) and Chance
Constrained Programming (CCP) models that adopt the probability of random video termination and arrival of real-time
users. The resultant RP and CCP based formulations 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 R-GPRA
to maintain the energy-saving gains of PRA while satisfying the QoS levels. An increase in system load underlines
the importance of having a robust scheme to avoid unnecessary excessive prebuffering for users leaving the cell center
negating the 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 users unstable demands. The proposed robust model can be
extended to Dynamic Adaptive Streaming over HTTP (DASH)
where the objective function can represent other QoS or QoE
metrics such as average quality or quality switches. The video
stops in that case will be handled by the probabilistic QoS
constraints. Our future work thus considers the extension to

DASH which jointly optimizes the resources and video qualities. This is in addition to considering other robust predictive
forms such as long-term fairness and risk allocation for high
load scenarios.
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