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Abstract
The promising energy saving and quality of service (QoS) gains of Predictive Resource
Allocation (PRA) for video streaming have recently been recognized in the wireless network research community. The PRA relies on future channel conditions to strategically
deliver the video content of the mobile users. For instance, the whole video is pushed to
the users moving towards the cell edge while prebuffering is postponed for others heading
to the cell center in order to minimize the transmission energy. The focus of this thesis
is to present a Robust Predictive Resource Allocation (R-PRA) framework to tackle practical uncertainties in the predicted information. In essence, the R-PRA adopts stochastic
optimization techniques such as chance-constrained and recourse programming to model
the uncertainties in the problem constraints and objectives. Although deterministic convex
approximations are feasible, guided heuristic algorithms are introduced to provide realtime allocation. Moreover, Bayesian filtering methods (e.g. Kalman Filter) are adopted
to continuously learn the degree of uncertainty which decreases the cost of robustness and
maintains the prediction gains. Different variants for the robust framework are proposed
such as energy-minimization and predictive adaptive streaming under erroneous prediction
of channel rate, user demand and network resources. The variants unleash various design
challenges for the network operators such as the trade-off between the complexity of uncertainty modelling and the prediction gains. All the variants are evaluated using a standard
ii

compliant simulation environment that comprises a network simulator 3 (ns-3) integrated
with commercial solvers to obtain benchmark solutions. The results demonstrated the ability of R-PRA to meet the QoS level while maintaining the prediction gains over the opportunistic schemes employed in current networks. We believe that this framework set the
groundwork for future robust predictive content delivery in which time horizon decisions
are taken under practical uncertainties.
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Chapter 1
Introduction
1.1 Motivation
1.1.1 Evolution of Mobile Video Traffic
Mobile phones and data applications are undergoing a constant development that drives
forces for cellular network expansion. As expected, the number of mobile devices has increased exponentially over the last decade and already surpassed the world’s population in
2014 with a total of 7.4 billion devices [11]. Such growth is expected to continue in the
next few years reaching 11.6 billion by 2021. In addition, the upsurge in multimedia services and social networking applications, among others, will cause an exponential increase
in total wireless data traffic of 49 Exabytes per month in 2021. This will put network operators under huge pressure as they strive to manage user experience with minimal capital
and operational expenditures.
Concurrently, mobile video traffic is experiencing substantial growth as more than 78%
of the global mobile data traffic is expected to be video content in 2021 [11]. This is attributed to the high bit rates required by video content compared to other data applications.
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Ongoing development of mobile devices, streaming servers such as YouTube, and adaptive
streaming protocols are supporting the availability and delivery of video content at different
quality levels that improve the user experience [12, 13]. This large volume of traffic, however, must be delivered to users at a certain quality of service (QoS) level, e.g. maximum
delay and service interruptions, using the available resources. To that end, the cellular
operators focus on Resource Allocation (RA) that provides proficient usage of available
network resources such as the licensed spectrum and access nodes.

1.1.2 Challenges and Ongoing Efforts
Among the network elements, the Radio Access Network (RAN) accounts for more than
50% of the network energy consumption [14]. As such, designing novel energy-efficient
RAN frameworks is paramount to reducing the network carbon footprint while satisfying
the increasing Telecom market demands. This includes techniques such as efficient Power
Amplifier (PA) design [15], cell switch off [16, 17], and traffic-aware scheduling [18],
among others.
A more efficient RAN is also beneficial for operators as it can postpone investment in
equipment installations and new spectrum. Thus, in addition to minimizing the energyrelated operational expenditures (OpEx), the capital expenditures (CapEx) can also be
reduced since radio equipment installations can make up to 70% of CapEx [19]. To address these recent developments, energy-efficient RA schemes for wireless video streaming
are gaining momentum. Such schemes are also important for future wireless paradigms
such as Vehicular Ad-hoc Networks (VANETs) in which energy saving remains a challenge [20, 21].
Another advancement in video streaming protocols is the adaptive selection of quality
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(i.e. video definition) [13, 22]. Dynamic Adaptive Streaming over HTTP (DASH) refers to
one type of these protocols which has been standardized in the 3GPP [23]. Each video file
is encoded at multiple bit rates within the server, and thus enables channel aware quality
selection. This selection is currently user-driven, yet increases the risk of buffer underrun
and video stops when users greedily request high bitrates that require more resources than
the amount calculated by the resource allocator. Hence, a shift towards selection becoming
network-centric is getting attention in current research thereby to include the decisions of
radio resource allocator especially in multi-user scenarios [24]. In essence, DASH schemes
aim to maximize the Quality of Service (QoS) by minimizing the number and durations of
video stops, and initial buffer delays while maximizing the video quality measured by the
bitrate [13].
These stringent requirements on energy consumption and QoS necessitate novel design
of RA schemes to optimally calculate the resources and select the video quality. The predictability of user’s behaviour and mobility, and wireless channels enabled a new paradigm
referred to as Predictive Resource Allocation (PRA) [25–30]. Extensive network measurements demonstrated the predictability of users’ behaviour up to 93 % [31], including human
mobility and activity [32]. Meanwhile, the radio signal strength and available bandwidth
are found to follow repetitive spatio-temporal patterns [33–35]. The availability of navigation systems (e.g. Global Positioning System (GPS)) at current user devices has enabled
mobile operators to correlate the radio measurements (e.g. channel rates) with geographical
locations, and constructs the Radio Environment Map (REM) [36].
PRA that exploits these patterns of signal strength and mobility prediction over a time
horizon has recently been recognized as a promising approach to improve video streaming
QoS [26,37,38], and minimize transmission energy [25,27,29]. In essence, the PRA avoids
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allocating resources to users during poor radio conditions, that consume more airtime per
byte, while maximizes the allocation during peak conditions by leveraging the content
availability and prebuffering capabilities at the Base Station (BS) and user devices. To derive performance gains over non-predictive schemes, the PRA literature [25–29] assumed
perfect prediction of future information. However, real-world uncertainty should be taken
into consideration to support the implementation of PRA in practice. Prediction techniques
typically rely on real-time channel measurements characterized by spatio-temporal variations [33]. This is in addition to adopting low-cost and low-power filters at user devices
which decreases the prediction accuracy over the time horizon. Nevertheless, dynamics
in the environment will result in changes of user behaviour, mobility and demands which
make perfect prediction infeasible. All these sources of uncertainties prompt a change in
the PRA design to achieve a robust solution that guarantees QoS satisfaction and maintains
the reported prediction gains.

1.2 Objective and Thesis Contribution
In this thesis, we address the problem of imperfect predictions and handle the resultant
uncertainties to limit their impact on the PRA performance. The main focus is on the
following research questions:

What is the impact of information uncertainties on the prediction gains?
How to develop a robust-PRA scheme to model and handle these uncertainties?
What is the cost of robustness?
The first question aims to quantify and analyze the impact of uncertainties on the user
satisfaction and prediction gains while adopting existing PRA under typical error models.
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The second question is related to introducing a novel PRA design that is robust to errors
in the predicted information. Finally, the third question will assess whether the reported
performance gains in the PRA literature are still attainable by the robust forms. We believe
this work provides a practical direction towards the development of deployable PRAs in
future generation networks.
We summarize the contributions of this thesis, to tackle the above questions, as follows:
• We propose, for the first time in literature, a Robust Predictive Resource Allocation (R-PRA) framework that handles prediction uncertainties over a time horizon
through probabilistic modelling, stochastic optimization, Bayesian learning, and guided
heuristic search. The framework comprises the following main stages:
– Modelling the future information as random variables in order to capture the
impact of prediction errors. This is unlike the existing PRA approaches that
adopts the average values of predicted information and ignored their variations
and uncertainties.
– We adopt stochastic optimization techniques such as Chance Constrained Programming (CCP) and Recourse Programming (RP) to limit the degree of violation in QoS constraints and minimize the expected loss in network gains,
respectively. Such probabilistic modelling allows the framework to strike a balance between providing high network gains when predictions are accurate, and
minimizing the risks associated with erroneous predictions during periods of
uncertainty. Unlike traditional robust optimization, new models are proposed
here to capture the interdependency between the time slot decisions and guarantee joint QoS satisfaction over the time horizon.
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– The main challenges in such probabilistic model is the lack of non-closed form
solution. A deterministic equivalent formulation is therefore derived using
the statistics of predicted information such as variance and Probability Density Function (PDF). Thus, a tractable solution can be obtained and solved by
commercial solvers.
– Although the statistics of random variables can be calculated off-line, radio
measurement studies reveal that the degree of predictability varies significantly
with geographical location and time of day [33]. Therefore, a mechanism to
track the uncertainty level in predicted information is proposed for a practical
solution. This is as opposed to the stochastic literature in which the uncertainty
level was constant and thus provided suboptimal or non-robust decisions when
the degree of predictability varies over time.
– We propose a low-complexity guided heuristic search algorithm to obtain realtime solutions for the deterministic equivalent formulation. Although the formulated model is convex and can be optimized by commercial solvers, real-time
solutions are not attainable by conventional numerical methods whose complexity increases with the time horizon length and number of users.
• We propose four variants of the R-PRA framework for video streaming under different network objectives and sources of uncertainties summarized as follows:
– Energy-efficiency under Gaussian uncertainty: We introduce a novel model
for video streaming QoS over a time horizon that accounts for uncertainty in the
predicted user rates. Herein, the objective is to minimize BS energy consumption while guaranteeing a long-term QoS. As recent practical and theoretical
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findings indicate that the variations in predicted rates can be modeled as multivariate Gaussian random numbers [34], we employ probabilistic Joint Chance
Constrained Programming (JCCP) to formulate the problem mathematically.
We then show that the resultant formulation is non-convex and apply proportional risk allocation for joint chance constraints. The problem is decomposed
into two convex sub-problems, where the first stage optimizes the individual
risk levels at each time slot, which are subsequently used by the second stage to
solve the robust RA problem. By applying such a non-uniform risk allocation,
we generalize the solution to achieve less conservative (i.e, energy-efficient) and
more practical QoS aware RA decisions. We develop an efficient low complexity guided search heuristic that guarantees the satisfaction of joint QoS levels.
Due to the inconsistency in the rate variance over time and location, we adopt
Kalman Filter (KF) to accurately track such variations, providing an additional
degree of robustness to the statistical parameters. With such a framework, QoS
guarantees can be ensured during high variance while energy minimization is
achieved during low varying cases.
– Energy-efficiency under Generic uncertainty: Unlike the first variant, this
one provides a solution that is not dependent on a particular error Probability
Density Function (PDF) in order to save the cost of error modelling. We adopt
the Bernstein Approximation (BA) which only requires error bounds to satisfy
the QoS constraint. Under such uncertainty model, we also demonstrate how
a Particle Filter (PF) can be adopted to effectively achieve the channel tracking functionality, and adapt the BA rate bounds. Finally, we present a guided
heuristic algorithm based on local search to provide a real-time solution for the
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BA formulation.
– Energy-efficiency under Demand and Resource uncertainty: While the first
two variants tackle errors in predicted rate, we capture here uncertainties in
both the demand and radio resources. The model relies on Recourse Programming (RP) to consider the risk of wasting resources due to users terminating
the video session before watching the prebuffered content [39, 40]. Similarly,
a CCP is adopted to control the QoS degradations under resources fluctuations
due to the random arrival of real-time traffic. The deterministic equivalent is
derived using the PDF of video watching durations to quantify both the possibility of energy-saving and the risk of wasting resources. Similarly, the PDF
of users arrival and their traffic load are used to obtain a deterministic form for
the CCP model. The proposed guided heuristic algorithm allows the network
to prebuffer future demands with high likelihood of watching, and delay the
delivery of upcoming uncertain content, while accounting for the fluctuations
in the network resources. In addition, the trade-off between energy-savings and
the risk of QoS violation during resources uncertainty is modelled and ensures
that the QoS degradations does not surpass predefined level in CCP.
– QoS-Aware DASH under Rate Uncertainty: Unlike the previous variants that
solve only for resources at a fixed quality, to save energy in low load scenario,
this last approach seeks joint optimization of radio resources and video quality
selection to maintain prediction gains in high load scenarios. The main objective is to achieve long-term quality fairness among users over the time horizon
while avoiding the video stops due to buffer underrun. Unlike non-predictive
counterparts, the proposed approach allows the network to prebuffer upcoming
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video content in high quality to users with poor future rates. The deterministic
equivalent of CCP is based on Scenario Approximation (SA) that adopts the
discrete PDF of predicted rates. As the decision is taken over a time horizon
and for both resources and quality, conventional SA results in a combinatorial complexity. As such, we introduce a linear approximation to aggregate the
dependency between the time horizon constraints which reduces the formulation to a polynomial model. While SA provides benchmark solutions for the
robust approach, mobile operators strive to minimize the effort of obtaining
the discrete PDF. Hence, we propose a second deterministic model based on
Gaussian Approximation (GA) that only require the variance and the inverse
Cumulative Density Function (CDF) of predicted rate. We also propose a lowcomplexity guided heuristic search algorithm to obtain real-time solutions for
the deterministic GA formulation.
• We evaluate the performance of all proposed variants to unleash the impact of uncertainties and robustness on the reported prediction gains. The evaluation framework
is summarized as:
– We modify the scheduling module in a Long Term Evolution (LTE) standard
compliant network simulator (ns-3) and integrate it with optimal solvers such
as MATLAB and Gurobi to evaluate the proposed algorithms and state of the
art solutions.
– Typical error models, reported in the literature based on measurement campaigns, are adopted by the simulator to perform sensitivity analysis and assess
the performance gains.
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– New performance metrics are defined to quantify and model the trade-off between the network and QoS gains. In particular, Cost of Robustness, prediction
gains, optimality gaps and complexity, among others, are examples of such metrics that help operators in measuring the rewards of Robust Predictive Resource
Allocation (R-PRA).

1.3 Organization of Thesis
The thesis is organized as follows:
In Chapter 2, we provide a background on PRA and review the state of the art. In
addition, we discuss the sources of prediction uncertainties which were overlooked in PRA
literature and review the resulting limitations.
In Chapter 3, a background on both Robust optimization and uncertainty tracking techniques is provided. The focus is on Stochastic optimization and the deterministic equivalent
forms. In addition, Bayesian inference techniques used in this thesis will be also reviewed.
In Chapter 4, our general Robust-PRA framework is proposed and the main building
blocks are summarized. This is in addition to the system model and a Monte-Carlo framework for estimating the statistics of prediction errors.
In Chapter 5, Chapter 6 and Chapter 7 we propose the different variants of the robust
framework. Each variant contains a problem description, system model, mathematical formulation, heuristic search, and simulation results.
Finally, in Chapter 8, we summarize and conclude the thesis, and highlight the main
findings of this work. Future directions are then recommended to support the momentum
of implementing the PRA in next generation wireless networks.
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Chapter 2
Existing Predictive Resource Allocation
(PRA)
2.1 Conceptual Overview
Today’s wireless networks adopt opportunistic resource allocation schemes based on reported measurements from the user devices [41–43]. The channel conditions at each user
device are reported periodically in the form of Channel Quality Indicator (CQI) which
guides the network to select the appropriate Modulation and Coding Scheme (MCS). For
instance, users experiencing poor channel conditions, i.e. low Signal to Interference plus
Noise Ratio (SINR), due to low signal strength or high interference will report low CQI
values. As a consequence, the network will select a low order MCS that is robust to such
low SINR values and thus user can receive and decode his content at a target Bit Error
Rate (BER) value. Although such adaptive transmission provides optimal utilization of
radio resources, it poses new challenges to network operators while designing the strategy
of opportunistic resource allocation. Each user experiences different radio conditions and
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served by an MCS that differs from other users. Thus, optimizing network resources such as
minimizing energy consumption or maximizing bandwidth utilization while achieving fair
QoS among users is not attainable by existing opportunistic resource allocation schemes.
Achieving fair QoS would typically result in allocating more resources to users with poor
conditions (i.e. low MCS), yet this increases the energy consumption and minimizes the
bandwidth utilization. Future wireless networks as such should employ a new paradigm
that handles the conflict between network objectives and QoS requirements.
Predictive resource allocation (PRA) has recently been recognized as a promising approach to improve the resource utilization for video content delivery [25–27, 37, 38, 44, 45].
This is accomplished by leveraging the knowledge of the future link capacity users are
expected to experience, and then performing long-term predictive RA plans over several
seconds. By doing so, BSs can prioritize users heading to poor channel conditions (i.e. low
MCS), or delay transmission until a user reaches better channel conditions (i.e. high MCS).
Prioritizing users allows the BS to prebuffer the future content and thus maintains the target QoS, while delaying the transmission results in optimal bandwidth utilization. Stored
video content such as YouTube and Netflix is well suited for such approaches as it can
be strategically prebuffered and cached locally at the mobile device. In-network caching
enables the content availability at the BS under user mobility [46–50].

2.2 Mobility and Channel Prediction
Radio signal measurement studies indicate that cellular network users moving along the
same path will typically experience similar signal strength variations as reported in [33,
44]. The PRA relies on long-term prediction of future channel conditions over a duration
that extends to some tens of seconds and may be minutes. In that period, user locations
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(a)

(b)

Figure 2.1: Illustrative example for the a) regression and b) location based predictions [10]
significantly change the channel conditions which remove the correlation between future
and past signal samples. This makes traditional regression methods [51], Fig. 2.1 (a),
unsuitable for PRA, as such the location based prediction in Fig. 2.1 (b) is typically used
[10]. This technique relies on the user’s future location, mobility and motion behaviour
for modelling the upcoming large scale shadowing. This enabled the estimation of radio
conditions in urban, suburban or rural areas which are characterized with time disjointed
measurements and high user mobility as illustrated in Fig. 2.1.
The Radio Environment Map (REM) has been introduced as a main building block of
the location based channel prediction. In essence, REM is a database that stores the users’
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reported channel measurements at different locations in the network. These measurements
will be used afterwards to retrieve either the received power or rate values at given location. The REM was firstly developed in cognitive radio networks to store medium access
information and statistics of users to control the spectrum usage [52]. In cellular networks,
the REM is also exploited to detect coverage holes [53] and construct automatic neighbour
relations [54] without the need of manual drive test. The REM is frequently updated by the
users’ measurement reports according to the 3GPP Drive Test Minimization Standard [55]
which enables autonomous construction of REM and its application in PRA.

REM Construction
The REM construction undergoes two main stages: user location estimation and RAN
measurement collection [36].
• User location estimation
Current 3GPP LTE standard adopts the Evolved Serving Mobile Location Centre
(E-SMLC) to localize the user device upon request from RAN [55]. The E-SMLC
calculates the position using one or a combination of the available localization systems at the user device.
In [56], cellular network positioning was adopted based on: 1) observed time difference (OTDs) between consecutive messages at the BSs , and 2) relative time difference (RTD) between BSs. The scheme has four main inputs: 1) measurement report
message (MRM) that contains channel measurements (e.g. signal power) along with
time stamp, 2) cell configuration which comprises the base station physical parameters (e.g. location), 3) Round trip time (RTT) and 4) Elevation data and thus only
2-D positioning is done using RTT or the difference between the trigger and arrival
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of the MRM. The RTD is then calculated based on both the OTD received at two
BSs and the propagation delays. The resulted position is further filtered using KF
to remove incorrect positions relative to the average pedestrian or vehicular speed.
The filter prevents a sudden increase or decrease in the velocity and thus eliminates
disruptions in the estimated user location over short time interval.
Other approaches used satellite signal to calculate more accurate user locations by
leveraging the GPS in today’s user devices [36, 55]. Moreover, the GPS can be
also integrated with other localization systems that have complimentary features to
improve the positioning accuracy. Integration can take place in a loosely coupled
form [57, 58] in which two positions are obtained, one from GPS and another from
LTE reference positioning signal, and then aggregated to one final position. Aggregation is done by weighting both positions based on the trustiness of each localization
system. Another example of the tight integration is the assisted GPS (A-GPS) which
is currently implemented in user devices. In particular, the device can communicate
with the cellular network to acquire the available satellite information at the BS. This
speeds up the satellite signal acquisition at the mobile device, thus saves energy and
decreases latency.
• RAN measurement collection
Network information such as load and interference between different BSs are collected and stored in the REM. Such measurements are used to create and update
the REM in one of two ways: Pixel Update or Propagation Model Tuning. In the
former, the REM is represented as a geographical area, divided into square grids,
and the reported user device measurements are mapped to the nearest grid. In the
second type, the reported measurements are used to tune a selected empirical path
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loss model. Tuning is done periodically through calculating correction variables that
minimize the difference between the measurements and the model based values. The
tuned model can then be used to estimate the received power and interference in all
the geographical locations.

Mobility Prediction
After constructing the REM, the network will predict the future user locations based on
both current user location, velocity and routine.
The user mobility behaviour is classified into two types: macroscopic and microscopic.
The former includes the daily activities such as going from home to office or from desk to
a meeting room. In the microscopic behaviour, the motion is restricted to certain locations
such as the office locations or corridors, in case of indoor, or defined routes in case of
outdoor or road network [59]. Moreover, the human velocity is highly predictable either
as a pedestrian or a driver. The velocity is probably 2 m/s in the former case, while in the
second case it depends on the road information. Such motions follow a pattern that can be
used to estimate the future mobility traces.
The vehicle trajectory can be mainly predicted using information about: vehicle, environment and driver [60]. The vehicle’s velocity, acceleration and angular speed can be used
for providing a short term prediction of user’s location. On the other hand, the environment
information can provide a longer term prediction for the user’s trajectory.

REM Based Channel Prediction
After calculating the anticipated user locations, the corresponding future channel rates can
be retrieved from the REM either directly or through geographical/spatial interpolation
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techniques. These techniques are fitting methods used to complete a 2-D surface by interpolating the missing points using the stored values in the REM. Different interpolation
functions are used to model the relation between the points comprising the same curve.
Surveys on different methods, their accuracy and complexity can be found in [61, 62].
One possible classification is in [63] which proposes three interpolation categories: Local
Neighbourhood, Geostatistical, and Variational.
In the first category, the interpolated data is a weighted sum of the surrounding neighbourhood measurements. Among its types are: Inverse Distance Weighted, Natural Neighbour Interpolation [64] and Triangular Irregular Network [65]. Inverse Distance Weighted
assumes that near points are more correlated than the far ones. Accordingly, the location
with missing measurements is predicted (interpolated) as a weighted sum of the surrounding measured points, each one is weighted by the inverse of its distance. In Triangulated
Irregular Network, triangles are formed such that the circumcirlce of each triangle should
contain a maximum of one measurement point. The three vertices of the same triangle are
chosen such that the smallest angle in all triangles is maximized [66]. The geostatistical
interpolation technique is based on the channel statistics that model the randomness and
uncertainties in the measurements. The most commonly known method is called Kriging [66, 67] that guarantees the minimum mean square error. The method constructs an
empirical semivariogram that uses the semivariance to reflect the spatial correlation between the different points. A theoretical semivariogram model (e.g. exponential, Gaussian
or spherical) is then selected to approximate the empirical model using appropriate fitting technique such as least square method [68]. The variational interpolation introduces a
smooth small varying function called Splin. The most well-known technique of this class is
the Thin Plate Splin (TPS) which uses a radial basis function centred at every measurement
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and the point to be predicted [67].

2.3 PRA Schemes and Potential Gains
Under perfect knowledge of the future network conditions (i.e. error-free REM), the PRA
techniques in [25–29, 38] demonstrated how the total BS energy can be significantly reduced, compared to opportunistic allocation, without any buffer underrun at the user device.
In [26,69], the PRA achieved long-term QoS fairness over the time horizon resulting in uniform user experience. Moreover, the PRA was extended to Predictive-DASH (P-DASH)
in order to jointly select the video quality and resources devoted to users over the time
horizon. Thus, maximizes the total quality for each user during the streaming session and
minimizes the total BS energy [28].

2.3.1 Energy Savings
The first gain achieved by PRA is the minimization of total energy consumed by both the
BS and user device in transmitting and receiving the video content, respectively. The PRA
work in [25, 27, 29, 37, 38] has focused on energy minimization under QoS constraints. In
particular, the QoS level is said to be satisfied when the video is played back without stops.
Quantitatively, this is achieved when total amount of data delivered to the user at a certain
time slot is not less than the cumulative demanded data at a fixed streaming rate to avoid
buffer underrun. In order to achieve energy savings, the total airtime allocated to the users
over the time horizon has to be minimized.
When the user experiences poor radio conditions, e.g. near the cell edge, the BS will
adopt low order MCS. This results in low transmission rate that consumes more resources
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per bit and increases the energy consumption. As such, the PRA will devote the bare minimum amount of resources to the user such that the video does not freeze. The BS can
go into sleep mode, to minimize energy, or allocate the remaining amount of resources to
other users. On the contrary, the BS waits until this user reaches his peak radio conditions,
e.g. near the cell center, to leverage the high order MCS. The attained peak transmission
rates motivate the BS to allocate large amount of resources and exploit the storage capabilities in user devices by transmitting large portion of the video. Thus the whole video can
be delivered before the user experiences poor conditions in the future. The BS can also
go into sleep mode while the user plays back the prebuffered content in the future. Such
strategy allows the PRA to transmit the video content with fewer resources compared to the
traditional opportunistic RA technique. The latter overlooks the future radio conditions and
thus neither delays prebuffering, for cell edge user, nor prioritizes users at the cell center
experiencing peak radio conditions.
An example of such an energy-efficient PRA is illustrated in Fig. 2.2(a). In that example, the user started moving from the cell edge at t = 0 experiencing the lowest channel
rate as shown in Fig. 2.2(b). This user is also expected to move towards the cell center
reaching the peak channel rate at t = 40. With these future rates in mind, the PRA will
strategically serve the user with the minimum airtime to barely satisfy his demand. This
allocation will guarantee an optimal balance between QoS satisfaction and energy consumption. Allocating less airtime will result in video stops, while more airtime increases
the energy consumption. The PRA adopts this strategy until the user reaches the peak channel conditions at t =40 where the video is prebuffered by maximizing airtime allocated to
that user. The main aim of this greedy allocation is to download the whole video before
the user leaves the cell center and reaches the poor radio conditions again at t > 50. As
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Figure 2.2: Illustration of PRA for energy saving under QoS satisfaction
opposed to PRA, opportunistic (Non-PRA) that is unaware of the future peak rates will
greedily allocate the whole airtime to the user at the early time slots (near t = 0) resulting
in more energy consumption.

2.3.2 Long-Term QoS Fairness
The second gain achievable by PRA is the long-term fairness for video streaming users.
While energy-saving can be attained during low load scenarios, fair QoS among users can
be accomplished during high load scenarios. This includes strategic allocation of video
freezes [26, 69] and selection of video quality over a time horizon [37, 70].
Similar to the energy saving PRA techniques, the predictive fair resource allocation
was introduced in [26, 69] in which the future rates are exploited to prioritize users. In
particular, the predictive proportional fair (PPF) scheduler in [26] considers distributing
all the available resources (i.e. airtime) among the users proportional to their anticipated
channel rates. Thus, a user experiencing his peak rates and moving towards location with
poor radio conditions shall be prioritized. More resources are allocated to that user to
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prebuffer a large amount of video which can be watched during future poor conditions.
Avoiding allocation during poor conditions will save resources that can be utilized by other
users. In particular, lower priority is assigned to users located in bad radio conditions
(might experience video stops), yet will be prioritized later when they reach their peak
radio conditions.
Such allocation is similar to the opportunistic non-predictive proportional fair scheduler. However, the gain of PPF is emphasized when users are experiencing similar data
rates at the same time but their future rates are different. Thus, users with low rates in the
future will have a higher priority than the other users with high rates, although both are
currently experiencing the same peak rates. As a result, optimal resource utilization and
fairness are achieved by the PPF compared to the non-predictive scheme. Moreover, other
objective functions that consider fairness such as max-min, α − f air and Jain’s index [69]
can still be applied to achieve similar gains as the above-mentioned PPF.

2.3.3 Maximizing DASH Quality
Dynamic Adaptive Streaming over HTTP (DASH) was essentially introduced to improve
the user experience and resource utilization under wireless channel fluctuations [12]. The
video file is split and delivered in the form of small segments where the quality of each
segment is adapted proportionally to the user’s channel condition. In particular, low-quality
segments are selected when the user is experiencing low channel rates (e.g. user at the cell
edge) in order to avoid video freezes. On the contrary, high-quality segments are delivered
when peak channel rates are observed (e.g. user at the cell center) to exploit the available
radio resources and improve the user’s experience.
The original DASH protocol relies on user device, aware of available video bitrates,
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and the channel conditions to select the segment quality and request it from the streaming
server. Such user-centric approach, however, is unaware of the total network load and other
users demands which are considered by the resource allocator. Therefore, a user might
select a high-quality level, due to the measured high channel rate, although the network
resource allocator will not necessarily devote the whole radio resources to that user in
the next time slot. Such limited resources, selected by resource allocator, might not be
sufficient to deliver the high-quality segment, requested by the user, and thus increases the
risk of video freeze [24].
Research efforts are currently concerned with shifting the DASH from a user-centric
decision to a network driven decision in order to bridge the gap between the decisions of
individual users and the resource allocator [71]. To that end, the network jointly optimizes
the segments qualities and the resource sharing among the users. Thus, avoids the greedy
quality selection by the users when they overestimate the available radio resources. Different implementations of network-centric DASH, with minimal changes to the current usercentric strategy, were proposed in [24, 71]. At the BS, the resource allocator overwrites
the user’s requested quality before forwarding it to the server [71]. Recent BS storage
capability provides another implementation flexibility where the video is locally cached
with different quality representations, and the segments are sent at the resource allocator’s
quality.
Conventional network-centric DASH [72–74] adopts recent channel measurements, reported by the user’s device, to opportunistically optimize the network resources (e.g. resource utilization) and QoS (e.g. quality and interruptions). Each user reports the current
channel conditions to the network which in turn calculates both the segment’s quality and
the amount of resource share for each user at a certain time slot. These reactive decisions
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only achieve local optimal network performance without QoS guarantees due to overlooking the users’ future radio conditions. Predictive-DASH (P-DASH) [25, 26, 28, 44, 70],
oppositely, relies on future radio conditions to derive long-term policy while allocating the
current resources. For example, two users at the cell center (i.e. good radio conditions),
one is heading towards the cell edge while the other will stay for longer time. As the former
experiences poor radio conditions in the future, the resource allocator must prioritize this
user by allocating more resources during peak radio conditions. Long-term fairness with
regards to quality and stalls can be achieved by either prebuffering the future content or
increasing the current video quality. This strategy allows the user to stream the prebuffered
high quality content during poor radio conditions resulting in higher fairness. On the contrary, users in poor conditions and moving towards high channel rates will be allocated a
small amount of resources until reaching their peak conditions.

2.4 Sources and Limitations of Prediction Uncertainty
In wireless medium, channel rates and network resources can not be perfectly predicted
and thus typically modelled as random variables. Similarly, users demands are subjected to
variations according to the user experience and behaviour, and type of content. Although
users future locations can be accurately predicted by advanced positioning techniques [75–
79], other sources of uncertainties such as users skipping the video session and arrival of
real-time traffic are envisioned in future networks irrespective of mobility. Existing PRA
strategies in [25–27, 37, 38] modelled each of these uncertain components by the expected
(average) value to obtain a deterministic formulation. However, this approach results in
non-robust and suboptimal allocations when network conditions deviate from the expected
value. Despite these reported gains in the literature, the following practical challenges
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related to prediction uncertainty must be addressed:
• Channel Rate Fluctuations: The first parameter used in PRA is the future channel
rate of mobile users based on their trajectory. In practice, channel predictions are
typically associated with uncertainties due to the low-power filters used in the mobile devices [34] and the random behaviour of the received signal level as shown in
Fig. 2.2(b). Deterministic decisions by existing PRA [25–28] do not guarantee QoS
satisfaction when predicted future rates fall below the expected values. In this case,
the minimal airtime fraction allocated to the cell edge users will not be sufficient
to meet their demand and buffer underrun occurs causing video stalls as depicted in
Fig. 2.2(a). In addition, when peak rates exhibit lower values than expected, energy
savings will be suboptimal as the large allocated airtime will deliver a small amount
of video content.
• 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 without watching the
entire video [40]. Fig. 2.3(a) depicts an example of energy wastage under the PRA
literature, which assumed perfect prediction of streaming duration, however the user
terminates the session at t=5. The risk of wasting resources increases as PRA maximizes prebuffering for users at the cell center (i.e. experiencing peak rates). Existing
robust non-PRA techniques [80, 81] decide when to be 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
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Predicted Demand

Wasted
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Video Stops

Predicted Demand
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(a) Existing PRA under uncertain demand

User Arrival

(b) Existing PRA under uncertain network resources

Figure 2.3: Illustration of high energy consumption and QoS degradations
future poor channel conditions. The impact of demand uncertainty is thus more severe in case of PRA, to strike a balance between both the risk of wasting resources
if the prebuffered content is skipped and the likelihood of energy consumption if
prebuffering is delayed till poor conditions.
• Radio Resources Variation: The stochastic arrival of users with stringent service
delay requirements, such as voice calls, will decrease the total available resources
for streaming users. Such random arrival will increase the risk of violating QoS requirements of video users at poor conditions who are allocated a small portion of
the available resources. Fig. 2.3(b) depicts this scenario where the network follows
a minimal allocation strategy for a cell-edge user to minimize the energy consumption. The risk of violating the demand, when the user does not receive the minimum
amount of data, has to be modelled by the R-PRA. Thus, minimal allocation can be
only followed during resources stability while an opportunistic risk-aware strategy is
adopted in uncertain conditions.
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Robust PRA frameworks are therefore paramount to unleash the gains of predictions
under real-life constraints. This involves 1) modeling the rate, resources and demand uncertainty, 2) developing models to provide probabilistic QoS guarantees, and 3) efficiently
tracking the prediction uncertainty in real-time. Integrating these functionalities should
enable PRAs to strike a balance between providing network gains such as energy savings
when predictions are accurate, and minimizing the risks associated with erroneous predictions during periods of uncertainty.
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Chapter 3
Stochastic Optimization and
Uncertainty Tracking
In this chapter, we provide a background on the robust optimization techniques that will be
used in our R-PRA framework. Robust optimization refers to a class of decision making
problems in which input information are erroneous. In essence, a certain level of constraint
satisfaction has to be met by the decision maker while solving a problem accommodating
uncertain information. Mathematically, the coefficients and bounds of objective function
and constraints are modelled as uncertain variables rather than constants in the deterministic optimization problems.

3.1 Robust Optimization
Robust non-predictive RA techniques have been discussed in the literature in the context of
handling both uncertainties and delays in the user reported measurements [43, 82, 83]. Two
fundamental optimization techniques namely Fuzzy and Stochastic are used to provide a
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robust formulation of the RA problem. In the former, the varying predicted information is
represented as fuzzy numbers associated by a membership function [84]. On the other hand,
Stochastic optimization represents the uncertain values as random variables characterized
by their probability density functions [85]. Commonly, these two techniques provide a
closed form representation of the robust formulation referred to as deterministic equivalent
or robust counterpart. Although the Fuzzy results in a deterministic form that does not
change the order of complexity of the original non-robust formulation [84], an unsustainable conservatism is attained, resulting in suboptimal RA decisions [85, 86]. Conservatism
means over-satisfying the constraints at the expense of the objective function optimality.
Stochastic optimization, which is less conservative, was thus extensively adopted in nonpredictive RA schemes. The main drawback compared to fuzzy approach is the increased
complexity. Hence we adopt the stochastic optimization to avoid the effect of conservatism
on resource allocation and prediction gains, while the complexity is handled through convex decompositions or linear approximations, and supported by guided heuristic search to
obtain real-time solutions.

3.2 Stochastic Optimization
Stochastic optimization utilizes two main techniques: Chance Constrained Programming
(CCP) and Recourse Programming (RP) to handle the uncertainty in constraints and objective functions coefficients, respectively [85].
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3.2.1 Recourse Programming
Two-Stage Recourse Programming
In Recourse Programming (RP), resource allocator takes some actions as a first stage, after
that a random event is observed and impacts the optimality of the first-stage decision. A
recourse decision is thus needed in the second stage to compensates for any suboptimal
effects experienced by the network as a result of the first-stage decision [85]. The RP
model consists of both first-stage decision variables and recourse decision variables (i.e.
second-stage variables).
A standard formulation of stochastic two-stage RP is depicted as:
)
(
X


F (xt ) + E H(yt , ηt )
minimize
x,y

(3.1)

∀t∈T

where E is the expectation with respect to the random vector ηt that represents uncertain
resources or demands. x and y are vectors of the first and second stage decision variables,
respectively. H(.) is the recourse function that calculates the second-stage actions after the
random component is unveiled.

Deterministic Equivalent
The first approach to obtain a closed form solution for Eq. 3.1 is the continuous PDF where
integration is adopted to calculate the expectation operator over the probability space. Although the model size remains the same (i.e. no extra variables are defined), non-linearities
are introduced which increases the computational effort. The integration of PDF in some
cases is very challenging which make this approach intractable. Another approach is the
SA in which the event space is considered to be discrete. The main challenge of such an
approach is the additional decision variables in the problem. Planning over a time horizon
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will make such an approach more difficult as a tree of events is created from the discrete
variables of each time slot. As the PDF integration is very challenging, in the first approach,
while the problem size increases exponentially with the SA, searching and simulation based
methods can be applied such as Sample Average Approximation (SAA) [87].

3.2.2 Chance Constraint Programming
CCP was initially introduced in [88] to handle uncertainties and randomness in the constraints, and used in one of the two forms described below.

Individual Chance Constraint Programming (ICCP)
The individual chance constraint can be formulated as:

P r {F (xt , ηt ) ≥ Dt } ≥ β,

∀t ∈ T ,

(3.2)

where xt is the resource allocation variable at time slot t, and ηt denotes the random information (e.g. channel rate). The function F (xt , ηt ) models the relation between xt , ηt and
the demand Dt for each time slot t in the time horizon T . The above formulation guarantees that the allocation at each time slot satisfies the corresponding demand with at least
probability β. This represents the QoS level, where a higher value results in allocating more
resources (e.g., more energy consumption) to ensure demand satisfaction. The above form
of CCP has been applied in several applications of non-predictive resource allocation such
as OFDM scheduling [89, 90], channel assignment [91], and power assignment in wireless
networks [92].
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Joint Chance Constraint Programming (JCCP)
The aforementioned form of chance constraints can only guarantee the QoS satisfaction
level during each time slot, and does not model the satisfaction over the time horizon. In
particular, allocating less resources in one time slot will result in the demand violation of
both the current and the future instances. Thus, satisfying β% of the demand of one time
slot will not guarantee the same satisfaction degree in the coming time slot, since each
time slot does not account for the partial satisfaction of the preceding slot demands. This
is because the demand across the time slots is cumulative and allocation should be able to
recover from outages in the previous slots. To avoid the propagation of such outages, allocation of all the time slots in the horizon should be jointly considered. This is typically done
using Joint Chance Constrained Programming (JCCP) [93] and expressed mathematically
as follows

P r {F (xt , ηt ) ≥ Dt ,

∀t ∈ T } ≥ β.

(3.3)

JCCP has been successfully adopted in the literature to solve numerous networking problems where the decision made on one constraint affects the satisfaction of the others.
Among these, application to routing and bandwidth assignment is discussed in [94], and
uplink resource allocation in OFDM networks in [95] where the QoS satisfaction of one
user might affect the others. In such models, the chance constraints are found to be independent and their joint probability is simply the product of their individual probabilities.
However, such an independence is not applicable in PRA since the constraints are no longer
independent due to the cumulative demand at each time slot.
Due to the difficulty of obtaining the pairs of joint probabilities, Boole’s inequality [96]
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can be used to bound this joint probability. However, applying such a bound is very conservative and can result in suboptimal allocations that deteriorate the network optimization
objective. Therefore, the individual probabilities of each constraint should be optimized
to result in less conservative solutions. Example of applications that apply time dependent
JCCP are model predictive control [97, 98] and the unit commitment in power generation
systems [99, 100] in which the demand is cumulative among the time slots and therefore
joint satisfaction is needed. Individual probabilities of chance constraints can be either
determined optimally if the RA problem with unknown individual probabilities remains
affine or convex, as in [101]. Otherwise, both individual probabilities and RA decisions
are jointly determined using simulation based or iterative search techniques as in [99]. In
summary, the joint chance constraint solves for two decision vectors: 1) the individual
probabilities of each time slot QoS constraint, and 2) the resource allocation among the
users. The former is subjected to Boole’s inequality while the latter is subjected to user
QoS satisfaction at each time slot in order to satisfy the overall QoS level over the time
horizon.

Deterministic Equivalent
The common challenge in both types of CCP is that the problem does not have a closed
form solution Eq. 3.2 or Eq. 3.3. As such, the problem is either solved using simulation
based approaches or analytical methods. In the former type, realizations of the random
component are generated [85] and allocation is decided to satisfy β th percentile of the
scenarios [89]. On the other hand, analytical methods replace the chance constraints either
with its CDF, PDF or Moment Generating Function (MGF) [89, 90]. These methods are
found to provide better accuracy [102] when the CDF is invertible, unimodal and results in
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affine or convex optimization.
We focus on analytical methods in which a deterministic equivalent form is derived to
obtain a closed form RA formulation, and provide a solution in real-time. Such deterministic form should handle three main challenges: conservatism, safety and complexity. The
first ensures that the constraints should not be over satisfied to avoid suboptimal network
gains. The second challenge, safety, refers to the ability of capping the maximum violation
probability by a certain degree denoted by ǫ = 1 − β. With regards to complexity, the
robustness typically converts the linear RA formulation to a non-linear or a discrete form.
Hence, only convex continuous or linear formulations should be considered to obtain optimal robust solutions.
To derive the CCP deterministic form, robust stochastic work utilizes different techniques such as Scenario Approximation (SA), Gaussian Approximation (GA), Bernstein
Approximation (BA) and Markov inequality [43, 103], among others. The GA assumes
that all the random variables, in the formulation, follow a normal distribution. Their summation results in a multivariate random variable whose mean and covariance is a function of
the statistical parameters of each single random variable. This derives a Second order Cone
Programming (SoCP) formulation which also incorporates the inverse of the Gaussian Cumulative Density Function (CDF) and the QoS degradation level ǫ = 1 − β. Similarly,
the BA adopts the MGF to develop a SoCP deterministic form that only depends on the
support of random variables and the QoS degradation level ǫ as well. The Markov inequality [83] on the other hand provides a linear empirical approximation. However, the optimal
coefficients for such approximation are not easily attainable and do not model the trade-off
between optimality and degree of constraint satisfaction. The SA utilizes the discrete PDF
of the random variables to create a scenario tree using all the combinations. The allocator
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has to ensure that the calculated resources satisfy the scenarios with total probability more
than β.
In general, the GA and BA deterministic forms will have a higher complexity order than
the non-robust form. For instance, the BA will transform a linear CCP into a SoCP which
increases the computational burden [104]; due to the typically used convex optimization
techniques such as Interior Point Method (IPM) [105, 106]. The robust non-predictive RA
in [83] adopted the Markov inequality to approximate the CCP using a linear formulation.
Previous approaches in [43] and [82] tackled the complexity of both GA and BA’s SoCP by
adopting either the first or the infinite order norms to obtain linear low-complexity deterministic forms for uplink non-predictive RA. However, both norms resulted in conservative
solutions that are acceptable only for single time slot allocations (i.e. non predictive RA)
to maximize the bandwidth efficiency.

3.3 Uncertainty Tracking
Both the feasibility and optimality of the obtained resource allocation solution are highly
sensitive to the parameters of random variables such as variance. Applying the deterministic equivalent form with low error variance results in unsafe solution that does not guarantee
the constraint satisfaction since less resources will be allocated to the user (e.g. when the
channel rate falls below the average value). On the other hand, using a large variance results in a conservative solution that allocates too many resources especially in relatively
high data rate time slots. Due to the fluctuation of prediction error variance with the user
location and time of the day as reported in [33], a fixed variance becomes suboptimal. We
therefore propose to adaptively track the variance based on the user’s previous measurements. The tracking procedure is implemented using Bayesian based inference such as
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Kalman Filter (KF) and Particle Filter (PF).

3.3.1 Kalman Filter
Kalman Filter (KF) is known to be the optimal linear estimator in the mean square error
sense in case of Gaussian noise. In essence, KF is composed of two stages as summarized
below [107]:
Prediction Phase:

+
Xt− = Φt Xt−1
.

(3.4)
′

+
Pt− = Φt Pt−1
Φt + Q.

(3.5)

Measurement Phase:
′

′

Kt = Pt− Ht (Ht Pt− Ht + R)−1 .

(3.6)

Xt+ = Xt− + Kt (zt − Ht Xt− ).

(3.7)

Pt+ = Pt− − Kt Ht Pt− .

(3.8)

where Xt− and Xt+ are the priori and posterior state vectors respectively. Pt− and Pt+ are
the priori and posterior state estimation covariance matrices respectively. H and Φ are the
observation (design) and state transition matrices respectively, while K is the KF gain. Q
and R are the process and the measurement noise covariance matrices respectively.
The Kalman filter performs state vector estimation using two phases: Prediction and
Measurement. In first phase, the predicted state value Xt− is calculated using the previously
+
in time slot t − 1 as indicated in Eq. 3.4. In the measurement phase,
estimated value Xt−1
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the new state is calculated using a weighted difference between the observed measurements
zt and the predicted state Eq. 3.7. This weighting is done using Kalman gain Kt calculated
in Eq. 3.6, that is dependent on both the measurement noise covariance R and the predicted
state estimation covariance Pt− in Eq. 3.6.
3.3.2 Particle Filter
The Particle Filter (PF) is typically adopted when the system noise is non-Gaussian. Initially, the PF generates a set of values (i.e., particles) following a proposed distribution
and assigns them equal weights. These weights are then tuned based on the reported user
measurements according to a predefined likelihood function. A final estimate of the PF
state is a weighted sum of the particles’ values. The measurements represent the reported
deviation between the predicted and the measured channel rates.
p(yt+1 |Zt ) denotes the unknown posterior distribution of the state variable y given a
set of previous measurements/observations Z at time t. This probability distribution is
calculated based on a Bayesian method called Chapman-Kolmogorov defined as [108]

p(yt+1 |Zt ) =

Z

p(yt+1 |yt )p(yt |Zt )dyt

(3.9)

where p(yt+1 |yt ) is used to calculate the evolution of state y over the time horizon, while
p(yt |Zt ) is an initial estimate of the posteriori probability at the current time slot and calculated as follows using Bayes’ rule

p(yt |Zt ) = R

p(Zt |yt )p(yt |Zt−1 )
p(Zt+1 |yt+1 )p(yt+1 |Zt )dyt

(3.10)

where p(Zt |yt ) represents the likelihood probability of receiving measurements as Zt while
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assuming state yt . The denominator in Eq. 3.10 ensures that the estimated posteriori PDF
will sum up to 1 over the time horizon.
The best estimate of the state yt in the mean square error sense is denoted by ȳt and
calculated as

ȳt =

Z

yt p(yt |Zt )dyt

(3.11)

In order to provide a tractable solution for the above equations, different techniques can be
applied such as Sequential Importance Sampling (SIS) technique [109].
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Chapter 4
Problem Statement and Proposed
Robust-PRA Framework
In this chapter, we introduce the preliminaries, system model and the main building blocks
of the proposed Robust-Predictive Resource Allocation (R-PRA) framework.

4.1 Preliminaries
We use the following notational conventions throughout the thesis: X denotes a set and
its cardinality is denoted by X. Matrices are denoted with subscripts, e.g. x = (xa,b :
a ∈ Z+ , b ∈ Z+ ). r̃ represents a random variable (r.v.) and its expectation is denoted




T
S
by E[·]. P r
si and P r
si denote the joint and disjoint probabilities of all events
∀S

∀S

in set S. The gradient and Hessian of function f(·) are denoted by ∇f(·) and ∇2 f(·) in

order. r̃ represents a random variable, whose probability density function follows normal
distribution, while its cumulative density function is the Q-function denoted as Q. The nth
percentile of a zero mean and unit variance normal random variable is denoted by Q−1
1−n .
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The log(·) denotes the natural logarithmic function and 1y is an indicator function which
equals 1 if y is satisfied and 0 otherwise.

4.2 System Model
Each BS serves an active user set M where the user index is denoted by i ∈ M. At
every time slot t, each mobile user requests video segment with a streaming rate vi,t that
corresponds to a certain quality level.

4.2.1 Resource Allocation Model
Radio Resources
The active users can share the BS resources (airtime fractions) at each time slot t. The
resource allocation matrix x = (xi,t ∈ [0, 1] : i ∈ M, t ∈ T ) gives the fraction of time slot
t during which BS’s bandwidth is assigned to user i.

Video Quality Selection
Each video segment can be transmitted and streamed by quality level q ∈ Q, where Q is
(q)

the set of possible segment qualities. The binary decision variable κi,t is equal to 1 if the
video segment transmitted to user i at time slot t is encoded in quality q, and 0 otherwise.
Each segment consists of vq bytes of data, which depends on the selected quality level q.
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4.2.2 Future Information
Predicted Channel Rate and Radio Resources
We assume that user’s mobility trace is known for the next T seconds, called the prediction
window T , and at a per second granularity where T = {1, 2, · · · , T }. Future rate prediction is obtained by mapping the user’s trace to the REM available at the service provider.
The REM contains the average rate for user i at time slot t and denoted as r̄i,t [110].
Predicted 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 during the time slot. The cumulative user demand
P
at each time slot is denoted by Di,t = tt′ =1 vi,t′ . Although current streaming standards
are user driven, the network can access the file between the user and streaming server to
overwrite the video quality selected by the user device [24, 71].

4.2.3 Prediction Uncertainty
At each time slot, the resources are shared among both the streaming users (considered
by the R-PRA) and other real-time users. The traffic of the latter is modeled using their
arrival rate and demanded resources. Accordingly, we model the uncertainty associated
with network resources as the total load of users requesting real-time service. This load
depends on both the per user demand and the total number of users whose probability is
calculated using the PDF of users arrival denoted by P A . Similarly, the channel rates are
subjected to uncertainties and thus modelled as random variables that can take a value
according to the available MCSs at the BS, and the PDF of random rates, denoted by P R .
Herein, we assume that the demand is uncertain as the user can terminate the video at
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any time slot. 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 probability
of terminating the video at each time slot will be determined by the PDF of the watching
time denoted by P W . Thus, the cumulative demand is also denoted as a random variable
P
D̃i,t = tt′ =0 ṽi,t′ .

4.3 Problem Statement
The problem is to solve the resource allocation matrix x = (xi,t ) and select the quality
(q)

matrix κ = κi,t to achieve a certain network metric such as minimizing energy or fair
allocation of quality among the user. The QoS is said to be satisfied when the cumulative
t
P
xi,t ri,t is not less than the cumulative demand Di,t at
data allocated to the user Ri,t =
t′ =0

each time slot t. Both matrices are calculated under the uncertainty of all three predicted

information, future rate, demand and radio resources. The R-PRA variants in Chapter 5 and
Chapter 6 solve only for the resource allocation matrix while assuming a predefined quality
level that minimizes energy consumption. This is unlike the DASH variant in Chapter 7
that solves for both decision variables to achieve fair QoS among the users.

4.4 Framework Overview
The proposed R-PRA framework aims to provide a real-time adaptive robust predictive
allocation, and consists of four main blocks (see Fig. 4.1):
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Figure 4.1: Schematic Diagram of Proposed R-PRA Framework
4.4.1 Stochastic Formulation
The first block provides a mathematical representation comprising of the resource allocation variables (i.e. airtime fractions and quality) and the future information represented
as random variables to account for the prediction uncertainty. In essence, the formulation
should model the trade-off between the network gains (e.g. energy) and the user satisfaction, which is governed by the QoS level β. The network resources and QoS constraints
appear in a probabilistic form, i.e. CCP, and are bounded by predefined violation levels.
The network gains are typically captured by objective function whose optimality can be
impacted by the prediction uncertainties. Thus, RP will be used in this block to maintain
the prediction gains over the time horizon. This first block typically consists of two types
of input: the predicted information and the QoS level β. The former represents the future
channel rates, capacity (i.e. radio resources) and demands of the video streaming users.
The user’s QoS satisfaction level is represented by β over the considered time horizon.
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The operator has the flexibility to assign different QoS levels to the users reflecting their
priorities in the network. Moreover, this value can be changed over the time horizon to
strike a balance between network objectives (i.e. prediction gains) and the degree of user
satisfaction. The variants in Chapter 5 and Chapter 7 adopted the CCP to satisfy the QoS
constraint at a certain probabilistic level under uncertain channel rates. In Chapter 6, both
CCP and RP are adopted to handle uncertainties in network resources and users demands,
respectively.

4.4.2 Deterministic Equivalent
In the second block, the formulated probabilistic model is transformed into a deterministic
representation using the properties of random variables to capture uncertainties in predicted
information (i.e. rate, resources and demand). In particular, these variations can be represented by the random variables properties such as PDF, support (i.e. limits) and the
variance. Such properties are typically obtained either from extensive measurements or
using Monte-Carlo simulations while adopting typical analytical error models. The main
challenge in such module is how to choose the best approximation that handles the tradeoff between conservatism, safety and complexity, as highlighted in Chapter 3, and the error
modelling cost which depends on the type of random variables. For example, using the
exact PDF will have a higher modelling cost than adopting only the variance. Another
challenge is to specify the properties of random variables according to spatio-temporal
changes and environments. For instance, a user moving in urban areas can suffer from rate
variations characterized by larger error variance compared to another user in rural area.
Similarly, the variance in both channel rate and network capacity during rush hours (e.g.
afternoon) is very high compared to the evening of the same day [33].
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Moreover, this module has to consider the joint uncertainties of predicted information
over consecutive time slots. In particular, errors in both the mobility trace and variations in
the wireless channel have to be jointly considered while modelling the uncertainness in the
future rates. Handling these challenges will allow the framework to obtain a closed form
model that can be solved by the optimizer in the next stage, and satisfies the QoS level.
The proposed two variants in Chapter 5 adopted GA and BA to obtain a deterministic
equivalent in the case of normally distributed or unknown error model, respectively. In
Chapter 6, SA is used due to the small dimension of the network resource constraint. In
Chapter 7, both linearized SA and GA are proposed to obtain a closed form representation
with non-polynomial complexity. Different conclusions on each equivalent form are drawn
in the variants as their performance vary with the network objectives and type of constraint.

4.4.3 Real-time Optimizer
Although the deterministic form is convex, optimal gradient search methods cannot be
adopted due to their high complexity. This module implements a low complexity local
search guided algorithm that starts by satisfying the constraints and then moves on for
optimizing the objective. The outcome is a real-time solution provided to schedulers and
channel assignment modules in the access network.
In particular, the optimizer solves for the airtime fractions and video quality, and sometimes also solves for the QoS level. The main challenge of the optimizer is to obtain such
optimal solutions in real-time (e.g. within 1 ms, which is the scheduling interval) that are
also scalable with the system load and length of prediction window. Thus, this module
will adopt guided heuristic algorithms that exploit the problem structure to generate feasible solutions and further enhance them to reach near-optimal values within the scheduling
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interval. A near-optimal solution refers to an allocation decision whose objective function
value is close to the value obtained by commercial solvers, while a feasible solution is the
one that satisfies all the constraints. Moreover, this optimizer has to be adapted according
to the considered constraints and the objective with a stable performance for different QoS
levels, statistical parameters and problem dimensions.
All the R-PRA variants in the next chapters will develop a problem specific guided
heuristic technique that initially satisfies the QoS constraints and then sequentially improves the value of objective function without changing the satisfaction of resource constraints.

4.4.4 Channel Tracking
The optimality of the robust deterministic form depends to a great extent on on the accuracy
of rate deviations which differ with time and location [33]. This module uses Bayesian
inference techniques to track the degree of uncertainty and adapt the statistical parameters
such as variances based on the reported user measurements without prior knowledge of
the channel statistics. In addition, it also allows cooperative uncertainty tracking among
users and thus provides real-time updates for new arriving users to the network. The two
variants in Chapter 5 adopt KF and PF to track the degree of uncertainty in predicted rates
under Gaussian and generic error models, respectively.

4.5 Monte Carlo Framework for Statistical Parameters Estimation
The optimality of resultant allocation depends on the accurate calculation of random variable parameters. In this section we show one variant of determining the statistical measures
r 2
r 2
of the rate (i.e., variance σi,t
and maximum deviation r̂i,t ). Lower values of σi,t
or r̂i,t than
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the actual measurements will result in low level of robustness which increases the risk of
violating the QoS constraint, and the converse is true. To address this, off-line Monte Carlo
simulations are adopted prior to solving the RA problem. The simulation generates all
the possible channel rates and adds random errors to them to build the rate distribution
function.
Different values of the signal to interference plus noise ratio (SINR) are generated. For
each value, the corresponding rate is calculated and denoted as R. Concurrently, N random
samples are generated and added to the current SINR, resulting in erroneous SINR denoted
as SINRe . Then, N rates are constructed from SINRe and denoted as Re . These rates
are used to construct the probability distribution P of rate R. The simulation continues to
generate a new value of SINR and repeats the above procedure until the maximum rate is
generated. Finally, the bounds of each distribution and the variance are calculated while
considering R to be the mean value. It is worth noting that the SINR is mapped to the
corresponding CQI level using formulas in [111]. The latter is then converted to the channel

BW
SINR-CQI CQI CQI-Rate R
Mapping
Mapping

SINR

Statistical
Calculation

ߪோଶ
[Rl,Ru]

BER
+
ߪʹܴܵܰܫ
݀ܿݎ

SINR-CQI CQIe CQI-Rate
Mapping
Mapping

Error
Generation

Re

BW

Figure 4.2: Block diagram for generating statistical parameters of the predicted rates using
offline Monte-Carlo simulations
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rate using the bandwidth (BW) and bit error rate (BER) values according to [112], and the
generated error follows the 3GPP correlated fading model in [113]. All the above steps are
summarized in Fig. 4.2. The main advantage of performing the above estimation off-line
is to generate large samples of both the SINR and the added random variables. This results
in accurate statistical estimation of the parameters used in the robust PRA.
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Chapter 5
Green Robust-PRA under Rate
Uncertainty
In this chapter we propose the design details of two variants of the Robust Predictive Resource Allocation (R-PRA) framework. Both variants tackle energy savings under rate
uncertainty. In particular, the only source of uncertainty is assumed to be the channel
rate, which impacts the QoS constraint satisfaction and thus Chance Constrained Programming (CCP) is adopted. The schemes solve only for the radio resource sharing (i.e. airtime
fractions) at a predefined video quality level. The general block diagram of the two schemes
is depicted in Fig. 5.1. The only main difference between the two schemes is the assumption of the rate error model. In the first scheme, we assume Gaussian distribution which
will be handled by GA based deterministic equivalent and adopts KF for tracking the error
variance. For generic or unknown rate error models, the second scheme is proposed and
adopts BA which only requires the error bounds providing a solution at less modelling cost.
The first section provides the system model, the two schemes are proposed in the second
and third sections, while the last section is devoted for discussion and comparison between

5.1. SYSTEM MODEL

49

QoS level
(ߚ)

Future
Channel Rate
(ܴ)

Demand Error
Model
Airtime Fractions (ܺ)

Stochastic Formulation
Future
Demand ()ܦ

Chance-Constraint
Programming

Recourse
Programming

Video Quality (ܸ)

Deterministic
Equivalent
Formulation

Real-time
Optimizer

User
Device

Future Network
Resources ()ܥ

Resource Error
Model

Rate Error Model

Channel Tracking

Figure 5.1: Block diagram of energy-saving R-PRA schemes under rate uncertainty
both GA and BA in the light of energy-saving problem at hand.

5.1 System Model
5.1.1 Predicted Mobility and Demand
In both variants, we assume that the users’ mobility is known for the coming T time slots
and the average rate is predicted and denoted by r̄i,t for each user i at time slot t. At each
time slot, the demand of the user is assumed to be fixed at a certain streaming rate which
requires a specific amount of bits per second, denoted by vi,t , that achieves a compromise
between energy minimization and user satisfaction.
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5.1.2 BS Energy Model
Studies on BS energy consumption and sleeping strategies [17, 112, 114], reveal that the
energy consumption E is approximately linearly proportional to the airtime fraction of the
BS [27, 115]. This is commonly referred to as time duty-cycling. In essence, E = P × ∆T
where P is the total transmitted power by the BS and ∆T is the time during which the
BS was switched ON. The dominant part of the power is that transmitted over the wireless
channel, which is largely constant as downlink power control is not employed in the current
3GPP standards [112, 116, 117]. Accordingly, the energy consumption can be expressed in
terms of the airtime ∆T to avoid dependencies on the constant power fraction that varies
with BS type [115]. Therefore, as in [27, 38], we minimize the energy consumption by
minimizing the total time air fractions xi,t allocated to all the users.
5.1.3 QoS Satisfaction
To achieve energy savings under QoS satisfaction, the BS should use the minimum resources needed to guarantee the video delivery at the target user quality over a time horizon. Existing energy-efficient RA approaches reveal that playback interruptions, due to
buffer underrun, are among the primary sources of user dissatisfaction with video delivery
services [25, 118–120]. In essence, video freezing occurs when the allocated airtime up to
time slot t results in delivering a total amount of video less than the corresponding cumuP
lative streaming demand. This demand is denoted as Di,t = tt′ =1 vi,t′ . The number of

video stops can therefore provide a sound QoS metric when modeling RA to optimize the
trade-off between energy-minimization and QoS satisfaction.
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5.2 Robust Model for Gaussian Uncertainty
5.2.1 Rate Uncertainty Model
In this first variant, we adopt the Gaussian distribution error model for the predicted rate introduced in [103], and used in recent robust non-PRA works [121]. In particular, predicting
the future rates using autoregressive filters, resulted in a Gaussian distributed error model
compared to the actual set of collected data as reported in measurement campaigns [103].
This is supported by the same distribution attained while applying the 3GPP correlated
shadowing on the average value of predicted rates [113]. In our model, the rate is predicted
at a 1 s granularity, which is generally deduced from a large number of samples due to the
small feedback interval (1 ms) of the users participating in channel prediction [112]. Such
a scenario supports the Central limit theorem (CLT) which approximates the PDF of users’
predicted rate as a Gaussian distribution [121]. Nevertheless, resultant formulations are
applicable for other error models with closed form and invertible CDF.1

5.2.2 Problem Formulation
We first model the robust PRA framework for video streaming using traditional individual chance constraints which is found to be a convex optimization problem. Thereafter,
the problem is extended to the non-convex joint chance constraint model to enable QoS
satisfaction of the cumulative demand over the time horizon. To provide a tractable solution, the problem is then decomposed into two convex stages that can be optimally solved
individually.
1

It has to be noted that the total probability of negative realizations for the normally distributed random
rate has a non-significant value (≈ 0). This is attributed to the high average rate values that maintain a positive
distribution under typical variances in the 3GPP models and standards [112, 113, 122].
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Individual Chance Constraint Programming
The robust energy-efficient form is attained by representing the QoS constraint with the
individual chance constraint, where predicted rates are replaced by random variables, and
a probabilistic constraint is developed as follows

minimize
x

T X
M
X

xi,t

(5.1)

t=1 i=1

subject to: C1: P r

( t
X
t′ =0

C2:

M
X
i=1

r̃i,t′ xi,t′ ≥ Di,t

)

≥ β, ∀ i ∈ M, t ∈ T ,

xi,t ≤ 1, ∀t ∈ T ,

C3: xi,t ≥ 0 ∀ i ∈ M, t ∈ T .
Herein, the predicted data rate r̃i,t′ is modeled as a random variable following a normal
2
), and β ∈ [0, 1] is the QoS satisfaction level.
distribution: r̃i,t′ ∼N(r̄i,t , σi,t

Accordingly, the summation of the normally distributed random data rates in C1 of
Eq. 5.1 is a multivariate normal distribution whose mean is the summation of means of
all single random variables, which we denote as µ. The corresponding variance is the
covariance matrix denoted by Σ, and can be evaluated as follows

µ=

t
X
t′ =0



r̄i,t ,

2
 σi,0 ... σi,0,t



2
Σ =  ... σi,1
...



2
σi,t,0 ... σi,t







,




2
where σi,t,h = E[(r̃i,t − r̄i,t )(r̃i,h − r̄i,h )] and σi,t
= σi,t,h , ∀t = h.

(5.2)
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The deterministic closed form of Eq. 5.1 can be expressed using the multivariate random variables and normal cumulative distribution function as shown below.
P
Di,t − tt′ =0 r̄i,t′ xi,t′
Q( qP
) ≥β, ∀ i ∈ M, t ∈ T ,
Pt
t
2
′
h=0 xi,t′ σi,t ,h
t′ =0
v
u t t
t
X
uX X
t
r̄i,t′ xi,t′ + Q−1
x2i,t′ σi,t′ ,h ≥Di,t , ∀ i ∈ M, t ∈ T .
β
t′ =0

(5.3)

t′ =0 h=0

The independence between the realizations of random predicted channel rate at each time
slot implies that σi,t′ ,h = 0, ∀t′ 6= h. Accordingly, the chance constraint is represented as
follows
t
X

r̄i,t′ xi,t′

t′ =0

v
u t
uX
−1 t
2
+ Qβ
x2i,t′ σi,t
′ ≥ Di,t .∀ i ∈ M, t ∈ T .

(5.4)

t′ =0

The above constraint representation is a second order cone programming (SOCP) model
which is convex [123] for β > 0.5 and results in a negative value for the inverse of the
Q-function. Finally, the deterministic closed form of Eq. 5.1 using individual chance constraint with the preceding assumptions can be summarized below
minimize
x

M
T X
X

xi,t

(5.5)

t=1 i=1

subject to: C1:

t
X
t′ =0

C2:

M
X
i=1

r̄i,t′ xi,t′

v
u t
uX
−1 t
2
+ Qβ
x2i,t′ σi,t
′ ≥ Di,t , ∀ i ∈ M, t ∈ T ,
t′ =0

xi,t ≤ 1, ∀t ∈ T ,

C3: xi,t ≥ 0 ∀ i ∈ M, t ∈ T .
As mentioned in Chapter 3, this type of chance constraint formulation ensures that the
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QoS is satisfied at each time slot at a certain level β. However, it does not model the joint
satisfaction for each user over the time horizon in which the per slot demand satisfaction
is dependent on the total data delivered in the preceding time slots. In order to avoid
future buffer starvation, the allocation in each time slot should compensate the unsatisfied
previous demands. This is why the joint chance constraint model is needed.

Joint Chance Constraint Programming
The joint chance constraint form for the QoS constraint can be expressed as follows

Pr

(

t
\ X

∀t∈T

t′ =0

r̃i,t′ xi,t′ ≥ Di,t

)

≥ β, ∀ i ∈ M.

(5.6)

∆

We denote the event of individual QoS satisfaction by Si,t =

Pt

t′ =0 r̃i,t′ xi,t′

≥ Di,t .

c
Similarly, the event of individual QoS dissatisfaction is denoted by Si,t
. The probability of

joint satisfaction of event Si,t is represented as the complement of disjoint probability of
the dissatisfaction event as in Eq. 5.7

Pr

(

\

Si,t

∀t∈T

)

= 1 − Pr

(

[

∀t∈T

c
Si,t

)

, ∀ i ∈ M.

(5.7)

According to Boole’s inequality, the disjoint probability is tightly bounded from above by
the total probability of all individual events [96] as follows

Pr

(

[

∀t∈T

c
Si,t

)

≤

X

∀t∈T

 c
P r Si,t
, ∀ i ∈ M.

(5.8)
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The joint probability of the QoS satisfaction event is therefore bounded as below

Pr

(

Pr

(

\

\

Si,t

)

≥1 −

Si,t

)

≥β, ∀ i ∈ M,

∀t∈T

∀t∈T

X

∀t∈T

X

∀t∈T

 c
P r Si,t
, ∀ i ∈ M,
(5.9)

 c
P r Si,t
≤1 − β, ∀ i ∈ M.

The above equation implies that the joint probability is satisfied if the summation of
individual probabilities of the compliment event is kept below the probability of QoS dissatisfaction (i.e., 1 − β). Accordingly, the joint chance constraint in Eq. 5.6 can be replaced
by the two constraints in Eq. 5.10 and Eq. 5.11
( t
)
X
Pr
r̃i,t′ xi,t′ < Di,t < ζi,t , ∀ i ∈ M, t ∈ T .

(5.10)

t′ =0

X

∀t∈T

ζi,t ≤ 1 − β, ∀ i ∈ M.

(5.11)

where ζi,t is denoted as the probability for not satisfying the individual QoS constraint (i.e.,
 c
P r Si,t
) and is called the probability of risk [97].

Each probabilistic constraint in Eq. 5.10 will have the same deterministic equivalent

form as the individual chance constraint but with β replaced by ζi,t . After incorporating
Eq. 5.10 and Eq. 5.11, this JCCP formulation becomes a function of both variables: ζi,t and
xi,t as summarized below
minimize
x,ζ

T X
M
X
t=1 i=1

xi,t

(5.12)
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M
X
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v
u t
uX
−1
2
+ Q1−ζi,t t
x2i,t′ σi,t
′ ≥ Di,t , ∀ i ∈ M, t ∈ T ,
t′ =0

xi,t ≤ 1, ∀t ∈ T ,

C3: xi,t ≥ 0 ∀ i ∈ M, t ∈ T ,
X
ζi,t ≤ 1 − β, ∀ i ∈ M.
C4:
∀t∈T

Indeed the above formulation is no longer convex and thus the optimal solution can
not be guaranteed by traditional optimization techniques. A proof of its non-convexity is
provided in Appendix A. Therefore, to provide a tractable solution, the above formulation
is split into two stages: Risk Allocation and Robust PRA. The first stage determines the
optimal values for each risk level (i.e., solves for ζi,t ), while the second stage solves the
PRA problem given the calculated QoS satisfaction levels in the prior stage (i.e., solves for
xi,t ).
Stage A: Risk Allocation
In this stage, the value of risk probabilities for each constraint is determined such that
Boole’s inequality Eq. 5.11 is satisfied to guarantee the joint probability satisfaction of
Eq. 5.6. An initial feasible solution is to uniformly distribute the probability of risk (1 − β)
over all the time horizon. In other words, assign an equal risk probability ζi,t among all the
time slots of each user as below

ζi,t =

1−β
, ∀i ∈ M.
T

(5.13)

However, such equal risk allocation was proven to be very conservative [97] and results in
suboptimal resource allocation that compromises the energy savings of the PRA obtained
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in the second stage. Hence, optimal risk allocation is applied to consider the optimality of
the second stage in addition to the Boole’s inequality constraint C4 in Eq. 5.12.
Note that lower risk probability ζi,t results in higher airtime xi,t and that xi,t is inversely
proportional to its corresponding average rate r̄i,t as depicted in Eq. 5.5. Therefore, the risk
of each time slot is allocated proportionally to the corresponding average rate r̄i,t in order
to minimize the energy consumption during the resource allocation stage. In other words,
time slots with low average data rate will suffer from high airtime for QoS satisfaction.
Thus, assigning low risk probability to these slots will result in additional airtime. To that
end, the following risk allocation optimization is introduced in Eq. 5.14 to achieve the
optimality of the second stage as well

minimize
y

subject to:

T
X
rˆi
( )n yi,t ∀ i ∈ M,
r̄i,t
t=1

X

∀t∈T

(5.14)

Q(yi,t ) ≤ 1 − β, ∀ i ∈ M.

where: yi,t = Q−1
ζi,t to represent the constraint in a differentiable form, rˆi = maxt r̄i,t and n
is the risk proportionality parameter whose value is positive. The value of n captures the
trade-off between the risk of not satisfying the QoS at a certain time slot and the energy
savings. For very small values of n, the risk is fairly distributed among the time slots
and the user will not suffer from successive video degradations. On the other hand, more
energy savings are obtained when the value of n increases since high risk is allowed at low
data rate values. The mobile operator then may tune n based on the maximum allowable
consecutive degradation, or the desired energy savings. The above problem is convex given
that β ≥ 0.5, which is valid for practical considerations. A proof of this convexity is
provided in Appendix B.
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Stage B: Robust PRA
After solving the first stage in Eq. 5.14, and determining the risk probabilities ζi,t for
each constraint, the problem in Eq. 5.12 can be solved without constraint C4. The resulting
formulation preserves the form of SoCP, which is still convex due to the positiveness of the
calculated risk probabilities.

5.2.3 Gradient Based and Guided Heuristic Solution Methods
After decomposing the joint chance constraint programming into two convex optimization
stages, the solution methods for each stage are introduced in this section.

Risk Allocation Solution
The constrained proportional risk allocation in Eq. 5.14 is solved by calculating the Lagrange formulation and then using Newton’s method to search for the saddle points that
satisfy the Karush–Kuhn–Tucker (KKT) optimality conditions as follows

L(y, λ) =

T
X
X

rˆi n
yi,t − λ
Q(yi,t ) − (1 − β)
r̄i,t
t=1
∀t∈T

∀ i ∈ M,

(5.15)

where λ ≥ 0 is the Lagrange multiplier associated with the constraint in Eq. 5.14.
Since the above problem is optimized for each user separately and performed only
once at the beginning of the time horizon, optimal path searching methods provide acceptable performance. We therefore apply Newton’s method as summarized in Algorithm
1. The algorithm starts with the uniform risk allocation and then iteratively searches for
the saddle points along the gradient while the step size is guided by the Hessian matrix. The calculated step value ∆L contains the change in both the decision vector yi
and the Lagrange multiplier λ which are denoted as ∆yi and ∆λ, respectively. In each
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iteration, both decision vectors are updated using the calculated step, and the algorithm
stops when the iterations no longer result in a significant enhancement, denoted by ǫ.
Algorithm 1: Newton’s Method for Proportional Risk Allocation
Input
: Time Horizon: Ti , Average Predicted Rates: r¯i ,
QoS Level: β and Risk Proportionality Factor: n
Output

: yi ;
1−β
, yi,t
Ti

Initialization: : ζi,t =

= Q−1
ζi,t , ∀t ∈ T , λ = λ0 , ǫ = 0.001, ∆yi = ∆y0 and

L = [yi λ]T
1

while ∆yi ≥ ǫ do
∂L(yi,t , λ)
∂yi,t
∂L(yi,t , λ)
∂λ

2
3

∂ 2 L(yi,t ,λ)
∂yi,t 2

4

rˆi n
r̄i,t

=

=−

1

+ λ√

2π

P

∀t′ ∈T

= −λ √12π yi,t e
1
e
2π

2
−yi,t
2

e

2
−yi,t
2

;


Q(yi,t ) − (1 − β) ;

2
−yi,t
2

;

5

∂ 2 L(yi,t ,λ)
∂yi,t ∂λ

6

Construct: ∇L(yi , λ) and ∇2 L(yi , λ);

7

Calculate (∇2 L(yi , λ))−1 ;

8

∆L = −(∇2 L(yi , λ))−1 ∇L(yi , λ);

9

L = L + ∆L ;

=√

10

∆yi = ∆L(1 : T );

11

∆λ = ∆L(T + 1) ;

12

yi = yi + ∆yi ;

13

λ = λ + ∆λ;

14

end

15

return yi

;
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Robust Real-time optimizer
The calculated risk probabilities for each user at every time slot are now readily available
to the robust PRA stage from the risk allocation solution. The objective of this stage is
to solve for the airtime allocation formulated in Eq. 5.12. The solution of this stage is
much more complex compared to the risk allocation since here the airtime is determined
jointly for all the users over the total time horizon. Based on the users’ feedback, this stage
is recomputed every τ seconds according to the received amount of data. To address the
resulting impractical complexity, a guided heuristic is also introduced to provide a real-time
resource allocation solution, while the derivative based and line search methods are used to
provide benchmark solutions.
The formulation in Eq. 5.12 is a SoCP, thus convex and continuous [123]. Its optimal
solution can be obtained using Interior Point Method (IPM) [105] which is efficiently implemented in many commercial solvers such as Gurobi [124]. In particular, IPM searches
within the set of feasible solutions for the optimal value where the latter is recognized due
to its zero (or very small) duality gap. Although the IPM was proved to reach the optimality conditions in fixed number of iterations [106], the complexity per iteration hinders
real-time solutions and still depends on the number of constraints. As seen from Eq. 5.12,
the dimension of constraints increases with both the number of users M and the length
of the time horizon T. In addition, the resource limitation constraint (C3) might cause the
dissatisfaction of the QoS constraint (C2) especially at small values of ǫ. In this case, the
QoS constraint has to be relaxed which requires extra computations. Our framework hence
relies on a suboptimal heuristic algorithm to provide a real-time solution, while optimal
techniques (e.g. IPM) are used for benchmarking only.
The introduced guided heuristic search algorithm exploits the problem’s features rather
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than the direct gradient based iterative search. The algorithm first calculates the minimum
allocation for the users to ensure constraint satisfaction (i.e., satisfy C1 in Eq. 5.12) given
the calculated risk probabilities and the requested demands. In case of radio resource limit
violations (i.e., C2 in Eq. 5.12), airtime reallocation of users is done by granting the excess
user requirement in other time slots. In order to achieve energy minimization, users are
allocated the residual airtime when they reach the peak average rate location. Residual
airtime is the remaining airtime after satisfying the QoS constraints (first step) for all users.
The heuristic is summarized in Algorithm 2
Minimal airtime allocation: To ensure the satisfaction of QoS constraint, C1 in Eq. 5.12
is turned to equality in the quadratic form ax2 + bx + c = 0 and solved using Eq. 5.16
(Lines 4-11) of Algorithm 2. This is achieved as follows
q
−bi,t′ + b2i,t′ − 4ai,t′ ci,t′
xi,t′ =
,
2ai,t′

(5.16)

2
2
Where: ai,t′ = r̄i,t
′ − (yi,t′ σi,t′ ) ,
2
bi,t′ = −2Ki,t′ r̄i,t
′,
2
2
ci,t′ = Ki,t
′ − (yi,t′ Li,t′ ) ,
′

Ki,t′ = Di,t′ −
Li,t′ =

t′ −1
X

t −1
X

xi,t′ r̄i,t′ ,

h=0

2
x2i,t′ r̄i,t
′.

h=0

Allocation Repair: The total allocated airtime to all users in each time slot is calculated
and the radio resource limitation constraint, C2 in Eq. 5.12, is checked. In case of any
violations, the excess airtime is allocated in other time slots with unused resources. Particularly, the heuristic compensates (recovers) any time slot t ∈ T with a total allocated
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Algorithm 2: Guided Heuristic Robust Green Allocation
Input
: Users: M, Time Horizon: Ti , Mean of Predicted Rates: R̄, Rate
Variances: Σ,
Risk Levels: Y and Demand: D
Output
: X;

(p)
Initialization: x = ∅, ti = argmax R̄i , ∀i ∈ M
t∈T

1
2

3
4
5
6
7
8
9
10

11
12
13
14

/* time slot with maximum average rate (cell center) */ ;
forall the t ∈ T do
τt = 0
/* total airtime fraction allocated in time slot t */ ;
forall the i ∈ M do
(p)
if t < ti then
Calculate xi,t using Eq. 5.16
/* minimal airtime allocation*/ ;
τt = τt + xi,t ;
end
else
M := M \ i /* remove user from minimal allocation after reaching cell
center*/ ;
end
end
if τt > 1 then
i(∗) := argmax{xi,t }, /*choose the user with maximum airtime violating the
i∈M

15
16
17
18
19
20
21
22
23
24
25
26
27
28

constraint*/ ;
δxi∗ ,t = τt + xi∗ ,t − 1 /*violating airtime excess fraction*/ ;
for n := t − 1 to 0 do
if τn + δxi∗ ,t < 1 then
xi∗ ,n := xi∗ ,n + δxi∗ ,t /*Repair the solution*/ ;
τn := τn + δxi∗ ,t ;
τt = 1 ;
end
end
end
end
forall the i ∈ M do
AllocatePeaks (τt , tpi ) ;
end
return X ;

62
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airtime fractions (i.e., τt =

P

∀i∈I

63

xi,t ∀t) more than the slot duration (1 sec.) which occurs

due to 1) an increased number of users, 2) high traffic per user or, 3) high QoS level (β).
The heuristic solves this case by iteratively picking the user with the maximum airtime
fraction in this time slot and prebuffering his video content in advance to ensure airtime
minimization under demand satisfaction (Lines 12-21) in Algorithm 2.
Peak Average Rate Allocation: The above allocation strategy guarantees the satisfaction
of both QoS and resource constraints. Thus, it continues until the peak data rate time slot
is reached. The allocation strategy is then changed (Line 24) to allocate the demand of the
future time slots in advance, to minimize the airtime. This follows the following steps for
each user i
• Calculate the residual demand for user i: δDi,t′ = Di,T −

Pt=t′
t=0

Di,t

• Repeat the allocation strategy in step 1 until either the total residual demand is allocated or the peak rate time slot is full.
• In case of remaining demand while the peak rate time slot is fully loaded, the second peak average rate with remaining airtime is selected and the above procedure
continues.
• In each iteration, the residual demand is decremented by xi,t′ × (r̄i,t′ − yi,t′ σi,t′ ),
which is a conservative method since it assumes the worst case channel capacity of
the current rate.
• The algorithm terminates when all users received their total demand denoted as Di,T .
Both the feasibility and optimality of the obtained resource allocation solution are
highly sensitive to the variance σ 2 . Applying the second stage with low variance does

5.2. ROBUST MODEL FOR GAUSSIAN UNCERTAINTY

64

not guarantee the constraint satisfaction since less airtime will be allocated to the user according to Eq. 5.16, especially during low data rates when high risk probability is allowed.
On the other hand, using a large variance σ 2 results in a conservative solution that
allocates too much airtime especially in relatively high data rate time slots when low risk is
applied. Due to the fluctuation of σ 2 with the user location and time of the day as previously
mentioned, a fixed value of σ 2 becomes suboptimal. We therefore propose to adaptively
track the variance σ 2 based on the user’s previous measurements. The tracking procedure
is implemented using Kalman Filter (KF) described in detail in the following section.

5.2.4 Kalman Filter Based Variance Estimation
The variances of the random predicted rates are updated using the channel measurements
by the user in the previous time slot. The measured rate variance by user i during the
2
and calculated as follows
previous time slot t − 1 is denoted as σ̄i,t−1

2
σ̄i,t−1
= (r̄i,t−1 − r̄i,t−1 )2 ,

(5.17)

where r̄i,t−1 is the average measured data rate by user i during the previous time slot t − 1.
2
2
δ̄σi,t
is the ratio between the measured and the initial theoretical variances denoted as σ̄i,t−1
2
and σi,t−1
, respectively, and calculated using the Monte-Carlo framework. Although the

variance ratio represents the actual deviations from the initial variance, the former still
varies from one time slot to another. Accordingly, the change in the variance over time is
modelled as a Gaussian process and thus can be accurately estimated using Kalman Filter,
which is known to be the optimal linear estimator in the mean square error sense.
2
In our problem, the priori state Xt− represents the variance ratio δσi,t
and equals the
+
by setting the state transition to unity.
corrected state of the previous time epoch Xt−1
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2
The observation zt represents the measured variance ratio δ̄σi,t
shown in Eq. 5.17. The

observed measurements zt and the predicted state Xt− represent different values for the
same quantity (i.e., variance ratio), and therefore the state observation matrix H is set to
unity. In summary, our KF model for variance ratio estimation is represented as follows
Prediction Phase:
−

+

2
2
δσi,t
= δσi,t
.

(5.18)

+
Pt− = Pt−1
+ Q.

(5.19)

Measurement Phase:

Kt = Pt− (Pt− + R)−1 .

(5.20)

2 +
2 −
¯ 2 − δσ 2 − ).
δσi,t
= δσi,t
+ Kt (δσ
i,t
i,t

(5.21)

Pt+ = Pt− − Kt Pt− .

(5.22)

+

2
The updated ratio δσi,t
will be then used to update the predicted variances in the remaining
+

2
, while simultaneously considering their correlation with the
time slots, denoted as σi,t+δt

current measurement as follows
 2
+
+
2
2
σi,t+δt
= 1 + ρt,t+δt (δσi,t+δt
− 1) σi,t
,

∀ δt ∈ [1, T − t],

(5.23)

where ρt,t+δt is the channel correlation coefficient between the channel fading at time t and
t + δt.
According to Eq. 5.23, in case of high correlation (i.e., ρt,t+δt ≈ 1), the future variance
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will be multiplied by the value of current updated ratio and the term in the brackets becomes
1. On the other hand, very low correlation results in no updates of the future variance. In our
model, we calculate the correlation coefficient using an exponentially decaying function
with the correlation distance dcor according to the 3GPP slow fading model [113].
5.2.5 Performance Evaluation
Simulation Set-up
The presented robust PRA techniques are simulated for an LTE network using Network
Simulator (ns-3) which is a standard compliant simulator [125], with model parameters
and initial values of KF (i.e., P0 , Q, R and δσ0 ) as indicated in Table 5.1. The Gurobi
optimization solver is integrated in ns-3 [126] and used to solve the SoCP in Eq. 5.5 and
Eq. 5.12 with an efficiently implemented barrier and Interior Point Method (IPM) [127].
The solver exits when it reaches a duality gap less than 0.01%. The 3GPP correlated slow
fading model and its parameters [113] are incorporated in the received UE power and thus
provide predicted rate variations. Simulation results are averaged over 50 runs for statistical
validation. Users follow different predefined paths within the cell at varying velocities from
25 to 60 Km/h and request a video stream at a fixed quality. Although the allocation is done
at each base station separately, neighbouring BSs are considered at an inter-cell distance of
600 m for practical calculation of SINR and channel rates.

Evaluation Metrics and Scheme Notations
In order to assess the introduced Robust Predictive Resource Allocation (R-PRA) framework, we use the two metrics previously discussed in Section 5.1. The first is the percentage
of videos stops which reflects the user QoS level. Mathematically, it is calculated as the
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percentage of time slots in which the QoS constraint is violated. Existing predictive RA
approaches revealed that playback interruptions, due to buffer under-run, are among the
primary sources of user dissatisfaction with video delivery services [25, 118]. Thus video
stops metric perfectly models the ability of RA to optimize the trade-off between energyminimization and QoS satisfaction. The percentage of video stops, denoted as VD, is used
to quantify the QoS degradation and calculated as the percentage of time slots in which the
cumulative transmitted content (Ri,t ) is less than the demand (Di,t ) per Eq. 5.24.

VD =

where Ri,t =

M P
T
P

i=1 t=0

1Ri,t <Di,t

M ×T

Pt

t′ =0 ri,t′ xi,t′

× 100,

(5.24)

is the cumulative video content received by user i till time slot

t while ri,t is the experienced channel rate by user i at timeslot t. A maximum allowable
degradation level is defined as the boundary for the metric, and is equal to (1 − β) ×
100%. The second metric is the average BS airtime which is used to measure the energy
consumption in the network. During resource allocation, both the BS and UE consume
energy in transmission and reception of data. Therefore, minimizing airtime reduces the
energy consumption proportionally [115]. The objective function in Eq. 5.1 is used to
quantitatively measure this metric.
In this evaluation study, we denote the proposed optimal ICCP and JCCP, and their
corresponding heuristics with the following abbreviations:
• Optimal-ICCP: refers to formulation in Eq. 5.5 whose solution is obtained using the
IPM implemented in Gurobi.
• Heuristic-ICCP: refers to formulation in Eq. 5.5 whose solution is obtained using
the guided heuristic in Algorithm 2.
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• Optimal-JCCP: based on the original non-convex JCCP formulation in Eq. 5.12 and
solved using the sequential quadratic programming in MATLAB for a global optimal
risk and airtime allocations [128].
• Optimal-ERA-JCCP: uses the two stage JCCP in which the first stage solution is
obtained with equal risk values Eq. 5.13 and the second stage Eq. 5.5 is solved using
the IPM implemented in Gurobi.
• Heuristic-ERA-JCCP: similar to the Optimal-ERA-JCCP but the second stage is
solved using the guided heuristic in Algorithm 2.
• Optimal-PRA-JCCP: similar to the Optimal-ERA-JCCP with first stage formulated
as in Eq. 5.14 and solved with Lagrangian Newton in Algorithm 1.
• Heuristic-PRA-JCCP: similar to the Heuristic-ERA-JCCP with the first stage formulated as in Eq. 5.14 and solved with Lagrangian Newton in Algorithm 1.
The optimal techniques are used to 1) evaluate the robustness of the introduced framework, and 2) assess the developed real-time guided heuristic in Algorithm 2. The nonconvex Optimal-JCCP is used to evaluate the feasibility of the decomposed two-stage JCCP.

Simulation Results
Comparison with Existing Non-Predictive and Non-Robust RA
The first simulated scenario is for one user moving across the cell from one edge to the
other. Both the predicted average and the actual experienced rates are shown in Fig. 5.2(a).
We consider three typical classes of RA:
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Table 5.1: Summary of Model Parameters in the First Variant
Parameter
BS transmit power
Bandwidth
Time Horizon T
Streaming rate V
Bit Error Rate
Shadow correlation distance(dcor ) [113]
Shadow standard deviation(σ) [113]
Velocity
P0
Q
R
δσ0
Risk Proportionality Factor n
Feedback interval τ
Packet size
Packet rate (from core network to BS)
Total number of packets
Buffer size

Value
43 dBm
5 MHz
60 s
0.5, 1, 1.5 [Mbps]
5 × 10−5
50m
6dB
From 25 km/h to 60 km/h
1
0.1
1
1
4
5s.
103 [bytes]
103 s−1
7.5 × 103
109 [bits]

• NP-RA: refers to opportunistic Non-predictive Resource Allocation and the widely
used Proportional Fairness [129] will be adopted as a type of this class.
• NR-PRA: refers to the existing energy-efficient Non-Robust Predictive Resource
Allocation in [27], which assumed perfect prediction and represented the future rate
by its average value.
• R-PRA: refers to the energy-efficient Robust Predictive Resource Allocation introduced in this work in its two main forms (ICCP and JCCP).
The NR-PRA assumes perfect prediction of the future channel rates and results in the
minimum energy consumption compared to both the NP-RA and the R-PRA as illustrated
in Fig. 5.3(a). This is because, NR-PRA strategically allocates the minimal airtime that
satisfies the demand based on the average predicted rate until the user reaches the cell
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Figure 5.2: Illustrative allocation and rate variations examples for the considered techniques
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(a) BS airtime.
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(b) Average Percentage of video stops.

Figure 5.3: Percentage of video stops and average BS airtime for varying QoS degrees β
for 1 user experiencing rate variations
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center. On the other hand, the introduced R-PRA conservatively allocates more airtime than
the NR-PRA to guarantee QoS satisfaction under rate variations. The NP-RA, however,
greedily assigns all the available resources and thus delivers the video to the user during
the initial low rates regardless of the future high rates as shown in Fig. 5.2(b). On the other
hand, Fig. 5.3(b) shows that the low-energy NR-PRA failed to satisfy the QoS demand as
we can see that the user suffered from a large percentage of video stops. On the contrary, the
proposed R-PRA (ICCP and JCCP) was able to compensate the variations by strategically
allocating more airtime and the result is much fewer video stops. The traditional nonenergy aware NP-RA filled the buffer of the user in the first few seconds, resulting in the
highest QoS satisfaction with a negligible number of stops, but at the cost of high energy
consumption.
To summarize, the NR-PRA previously introduced in [27] provides large energy savings, denoted as the Prediction Gain, compared to the NP-RA. However, this gain was
achieved with unacceptable QoS violations under imperfect predictions. To overcome this
limitation, the introduced R-PRA is designed to simultaneously satisfy the QoS requirements and energy minimization. This comes at the cost of slightly decreasing the prediction
gain by an amount referred to as the Price/Cost of Robustness that accounts for rate variations. The above conclusions can also be drawn from the higher load scenario in Fig. 5.5,
and indicate that robust PRA can provide significant gains under practical considerations
of imperfect predictions. These results are obtained for the optimal forms of the introduced
R-PRA (i.e., Optimal-ICCP and Optimal-JCCP) to assess their performance bounds, and
the developed real-time heuristic which will be assessed separately. We first compare the
performance of the optimal ICCP and JCCP.
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Figure 5.4: Percentage of video stops and average BS airtime for varying QoS degrees β
for 4 Users experiencing slow fading with imperfect predictions
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Performance of R-PRA: ICCP and JCCP
Under the aforementioned low load scenario, the Optimal-ICCP violates the maximum allowable video degradation in case of large QoS levels (i.e., β ≥ 0.9) as shown in Fig. 5.3(b).
This is attributed to the ignored dependency between the allocations in the time slots. More
specifically, the demand violation occurred at t = 20 s in Fig. 5.2(b) due to the low rate
(shown in Fig. 5.2(a)), resulting in cumulative degradations in the following time slots.
This is because the potential outage was not accounted for beforehand. We can see that the
buffer occupancy remained below the demand from t = 20 s to t = 25 s in Fig. 5.2(b) until
the reallocation is done and the unmet demand is compensated. This violation was avoided
for lower values of β due to the continuous feedback from the user every τ seconds that
enabled the network to recover video outages.
On the other hand, all the JCCP forms: Optimal-JCCP, Optimal-ERA-JCCP and OptimalPRA-JCCP were able to avoid the above propagation of video stops and thus did not violate
the maximum allowed degradation at all QoS levels as shown in Fig. 5.3(b). This was done
at the expense of energy savings (i.e., a higher price of robustness) compared to ICCP as
depicted in Fig. 5.3(a). The results also demonstrate the ability of the decomposed convex
forms of JCCP (Optimal-ERA-JCCP and Optimal-PRA-JCCP) to obtain a solution that
satisfies the QoS level. However, compared to the global optimal solution, the OptimalPRA-JCCP was able to satisfy the QoS level with less energy compared to the OptimalERA-JCCP. This result emphasizes the importance of optimizing the risk values over the
time horizon to control the conservatism of JCCP, especially when the user is located near
the cell edge.
The performance results also indicate that the energy saving gap between the OptimalPRA-JCCP and Optimal-ERA-JCCP increases with higher QoS levels (β), number of users
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Figure 5.5: Performance of Robust PRA for different simulation scenarios
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and higher streaming rates as shown in Fig. 5.4(a), Fig. 5.5(a) and Fig. 5.5(b), respectively.
In particular, as β increases, lower risk values are attained and the value of the inverse Qfunction decreases exponentially which results in more airtime to satisfy C1 in Eq. 5.12.
Similarly, increasing the number of users or streaming rate will result in more conservative
RA for the cell edge users which decreases the BS airtime available for the cell center
users to pre-buffer the video. It should be noted that the range of airtime varies across the
scenarios since users follow different paths and velocities in each case.

Optimality and Complexity Analysis
In order to evaluate the introduced guided heuristic, the optimality gap Z is measured
between the heuristic based solutions and the optimal results as Z =

M (x)−M (x∗ )
M (x∗ )

× 100,

where M(x) and M(x∗ ) are the values of objective functions corresponding to the heuristic
and optimal solutions, respectively. A small optimality gap indicates that the heuristic
solution is very close to the optimal one.
From Table 5.2 we observe that the heuristic solutions can provide the energy savings
with small optimality gaps. This performance degrades with an increased competition at
the cell center due to either a large number of users located in the cell peak during the
same slot or few residual airtime due to conservative allocation of cell edge users (the case
of ERA-JCCP). In particular, increasing the number of users at the cell peak will increase
the optimality gap since the residual resources (after allocating the cell edge users) need
Table 5.2: Optimality Gap of Heuristic Algorithms
Technique
Heuristic-ICCP
Heuristic-ERA-JCCP
Heuristic-PRA-JCCP

1 User
0.1 %
0.1 %
0.1 %

Optimality Gap
4 Users 8 Users
0.15 % 0.25 %
0.2 % 0.5 %
0.15 % 0.32 %

12 Users
0.3 %
1.2 %
0.45 %
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Figure 5.6: Percentage of video stops and average BS airtime for varying QoS degrees β
for 4 Users rate variations. Allocation is done using Heuristic-PRA-JCCP.
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Table 5.3: Complexity Measures for Introduced Robust Techniques
Technique

Order of Magnitude
√
Optimal-ICCP
O( MT (M 3 T 4 ))
Heuristic-ICCP
O(MT + T 2 )
√
Optimal JCCP
O( MT (M 3 T 4 ))
√
Optimal-ERA-JCCP O( MT (M 3 T 4 ))
Heuristic-ERA-JCCP
O(MT + T 2 )
√
Optimal-PRA-JCCP
O( MT (M 3 T 4 ))
Heuristic-PRA-JCCP
O(M(T )3 )

Execution Time
1 User
12 Users
90 s.
980 s.
< 1ms.
< 1ms.
140s.

1560s.

90s.
< 1ms.

980s.
< 1ms.

90s.
< 1ms.

980s.
< 1ms.

to be proportionally allocated while considering the future rates. This was not handled
by the heuristic algorithm to maintain its low complexity. Instead, the heuristic performs
a greedy allocation to the users with the maximum rates. As for QoS satisfaction, the
guided heuristic solutions follow the same performance trends as their corresponding optimal counterparts, i.e., the ICCP forms fail to satisfy the maximum degradation at high QoS
levels while the JCCP forms succeed for all values.
We next analyze the computational complexity of the different allocation strategies. For
SOCP formulations, the optimal solution techniques (e.g., interior point method) require a
√
maximum of O( K) iterations [123] where K is the number of constraints. Each iteration
P
has a complexity of O(m2 K
i=1 ni ) [106], where m denotes the total number of decision

variables and ni is the dimension of the ith constraint. For the Newton’s method, the main
complexity lies in the calculation of the Hessian matrix inverse with a dimension m × m.
This gives a complexity of O(m3 ) for each step in Newton’s method. Table 5.3 summarizes
the two complexity measures for all the considered techniques as a function of the problem
dimensions, i.e., number users M and time slots T . For the heuristic in Algorithm 2, the
QoS satisfaction has a complexity of O(MT ). The peak allocations and solution repairing
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have complexities of O(M(T − tp )) and O(MT ), respectively. We also report the execution time measured within the simulation environment on a Quad Core i7-Processor, 3.2
GHz machine. These results highlight the incapability of the optimal solution methods to
facilitate real-time implementation. It should be noted that increasing the number of users
does not result in a proportional increase in execution time since the algorithms can be
executed on multiple threads when there are multiple users. Moreover, the complexity of
Newton’s method which was executed for each user individually completes in less than 1
ms.

Adaptive Variance Estimation
The simulations were extended to test the robustness of the PRA framework to the variations in the channel variance. Such variations in the rate variance are typically observed in
practical measurements due to the different landscapes and degrees of urbanization [33].
A conservative approach to tackle such variabilities is to optimize with a constantly large
value (highest value revealed in simulations) for the rate variance. This will ensure meeting the QoS satisfaction level using JCCP as in Fig. 5.6(a). However, it compromises the
energy efficiency as shown in Fig. 5.6(b). On the other hand, starting with a fixed lower
value (smallest value revealed in simulations) of variance will result in less energy consumption but at the expense of QoS degradation even when JCCP is applied. The KF based
tracking algorithm starts either with an arbitrary value of variance, and then continuously
adapts its value based on the error between the channel measurements and initial values. It
is therefore able to satisfy the QoS for all values of β, and with a lower airtime compared
to the high variance case. In this scenario, the evaluation is based on the Heuristic-PRAJCCP since it has a practical complexity and results in more energy savings compared to
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the Heuristic-ERA-JCCP as highlighted previously.

5.3 Robust Model for Generic Uncertainty
5.3.1 Rate Uncertainty Model
In this second variant, the predicted uncertain rate is modelled as a random variable r̃i,t ∈
l
u
l
u
[ri,t
, ri,t
], where ri,t
and ri,t
are the lower and upper rate bounds, respectively, and the

average value is r̄i,t = E[r̃i,t ]. Herein, we assume that the PDF of such random rate is
unavailable and only the bounds are used.

5.3.2 Problem Formulation
To obtain a robust deterministic form that is equivalent to Eq. 5.1, irrespective of the r̃i,t
distribution, Bernstein Approximation (BA) is used. In essence, BA utilizes the marginal
distribution and the moment generating function of the random variable. Generally, the
chance constraint is represented as a linear summation of random variables as follows


t′
X
ηt ft (x) ≤ 0 ≥ 1 − ǫ,
P r f0 (x) +
t=1

∀ t′ ∈ T .

(5.25)

Here ηt is a random variable with marginal distribution Pt , and ft (x) is a convex function
containing the decision vector x. ǫ is the maximum allowed level of QoS violation and
equals to 1 − β. Assuming that all the random variables ηt are independent, Pt has a
bounded support on the interval [−1, 1] ∀t and the function ft (x) is affine in the decision
vector x, a convex deterministic equivalent for Eq. 5.25 can be obtained as follows


inf f0 (x) +

λ>0

t
X
t=1


1
≤ 0,∀t ∈ T .
λΛt (λ ft (x)) + λ log
ǫ
−1

(5.26)
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Herein, Λt (z) is the logarithm of the moment generating function Mt (z) for r.v. z as depicted in Eq. 5.27

Λt (z) =logMt (z)
Z
 kz 
Mt (z) =E e = ekz dPt (k)

(5.27)

Instead of computing the exact value of the logarithmic moment generating function in
Eq. 5.27, in addition to solving for the auxiliary variable λ, a conservative approximation
using the upper bound can be adopted as in Eq. 5.28 [130].

σt2 2
−
Λt (z) ≤ max µ+
z,
µ
z
+
z , ∀t ∈ T
t
t
2

(5.28)

+
−1 ≤ µ−
t ≤ µt ≤ 1

−
The variables µ+
t , µt and σt are used to approximate the bounded support [130]. There-

fore, a conservative deterministic equivalent for Eq. 5.26 is attained using Eq. 5.28 and the
arithmetic inequality as follows

f0 (x) +

t′
X
t=1

v
u
X

t′
u
 +
1
−
t
2
2
σt ft (x) ≤ 0,
max µt ft (x), µt ft (x) + 2log( )
ǫ
t=1

∀t′ ∈ T .
(5.29)

Finally, the robust PRA chance constraint C1 in Eq. 5.1 is replaced by Eq. 5.29 as
depicted in Eq. 5.30
t
X
t=1

′

r̄i,t xi,t +

t
X
t=1

v
u
 t′

u
1 X
−
t
2
(σi,t r̂i,t xi,t ) ≥ Di,t′ ,
µi,t r̂i,t xi,t − 2log( )
ǫ
t=1

∀t′ ∈ T ,
(5.30)
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l
u
where the random predicted rate r̃i,t is assumed bounded in [ri,t
, ri,t
]. To satisfy the as-

sumptions for Eq. 5.26, this rate is normalized in [−1, 1] by using the maximum deviation
and the average values denoted by r̂i,t and r̄i,t , respectively per
u
l
ri,t
− ri,t
r̂i,t =
,
2
u
l
ri,t
+ ri,t
r̄i,t =
2

u
l
ri,t
> ri,t

(5.31)

The constraint in Eq. 5.30 is a SoCP model which is convex for ǫ < 0.5 and xi,t ∈ [0, 1]
[123].

5.3.3 Real-time Guided Local Search Heuristic
The guided search algorithm proceeds by allocating the airtime that ensures exact satisfaction of QoS constraint (i.e., solves C1 in Eq. 5.30 as equality) to minimize the airtime.
The radio capacity constraint is then checked (i.e., C2 in Eq. 5.30) and reallocation is done
in case of violating the maximum time slot duration. Finally, the algorithm pushes all the
remaining video content when the user reaches his peak radio conditions (i.e. maximum
r̄) to avoid allocation in future time slots with lower rates. The second and third steps are
very challenging in multi-user scenarios where different users might experience their peak
radio conditions simultaneously. The heuristic is summarized in Algorithm 3 and detailed
as follows
QoS satisfaction: To minimize the energy consumption while guaranteeing QoS satisfaction, C1 in Eq. 5.30 is turned to equality so that the airtime exactly satisfies the demand
without violating the maximum degree ǫ. This step is calculated for every time slot for each
user until the peak radio conditions are reached (lines 1-8).
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Algorithm 3: Local-Search Guided Heuristic For Robust Allocation
Input
: Users: M, Time Horizon: T , Average Predicted Rates: R̄, Rate
Bounds: R̂, Maximum Violation: ǫ and Streaming Demand: D;
Output
: X;
Initialization: X = ∅, Nt = 0 ∀t ∈ T
1 for i ∈ M do

2
t̂i = argmax R̄i , ∀i ∈ M;
t∈T

3

4
5
6
7
8
9
10
11

t = 0;
while t < t̂i do
Transform Eq. 5.30 to equality and solve for xi,t ;
Nt = Nt + xi,t ;
end
end
for t ∈ T do
if Nt > 1 then (
)
j = argmax
i∈M

12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28

29
30
31
32
33
34
35
36
37

r̄i,t
max{R̄i }

;

t′ <t

∀t′

∆xj,t = Nt − 1, k = t − 1;
while k > 0 do
r̄j,t
;
∆xj,k = ∆xj,t × r̄j,k
if Nk + ∆xj,k ≤ 1 then
xj,k = xj,k + ∆xj,k ;
Nk = Nk + ∆xj,k ;Nt = 1; k = 0;
else
k = k − 1;
end
end
end
end
for t ∈ Tdo
L = M|t̂i = t ∀i ∈ M ;
for i ∈ L do 

D

−D

i,t
i,T
;
yi,t = min 1 − Nt , max
{R̄i }

t′ = argmax R̄i , ∀i ∈ M;
T \t
(
)

yi,t′ = min 1 − Nt′ ,

δF = yi,t − yi,t′ ;
if δF > δ F̂ then
δ F̂ = δF ;
î = i;
end
end
end
return X

Di,T −Di,t
max{R̄i }
T \t

;
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Resource Limitation Satisfaction: After calculating the airtime fractions for all users in
each time slot, the resource constraint, C2 in Eq. 5.1, is checked. In case of violation, the
excess airtime is prebuffered in a preceding time slot with vacant resources. To ensure
airtime minimization, the user with the highest average predicted rate in a previous vacant
time slot is chosen (lines 9-23).
Peak Local Search Allocation: The above allocation strategy guarantees the satisfaction
of both QoS and resource constraints. Thus, minimal allocation is used until the peak data
rate time slot is reached. The challenging part in this stage occurs when more than one
user competes on the same time slot. Accordingly, local search is applied to select the user
who will result in the highest power consumption if he is not granted this time slot. As
such, the local search calculates the difference in airtime between the two scenarios: If he
is allocated to this peak time slot or if the second maximum peak is selected (lines 31-34).
The user with less airtime in the first scenario is selected to be served in the current slot.
The algorithm terminates when all the users’ cumulative demands are satisfied.
For the heuristic in Algorithm 3, the QoS satisfaction step has a complexity of O(MT ).
The peak allocations and solution repairing have complexities of O(MT ) and O(T 2), respectively. Thus, the total complexity of the heuristic is O(MT + T 2 ).
5.3.4 Particle Filter Based Rate Deviation Learning
We extend the robustness to scenarios in which the channel variance changes over the
time and location [33]. A Particle Filter (PF) is used to tune the rate deviations (initially
obtained off-line or theoretically) in order to reflect the channel variance based on the
users’ measurements. This is done on two steps: Rate deviation update and PF estimation.
In particular, the PF estimates the error between the measured variance and its assumed
value. This error is then used to update the theoretical variance for the future allocations.
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Rate Deviation Update
(M )

We denote the off-line calculated deviations (e.g., using Monte-Carlo in Chapter 4) as r̂i,t ,
(P )

while the final tuned deviations using PF are denoted by r̂i,t and calculated as follows
(P )

(M )

r̂i,t = αi,t × r̂i,t ,

(5.32)

where αi,t ≥ 0 is the proportionality factor between the off-line and measured rate deviations. As the channel variance changes over time and location, the value of α has to be
adapted accordingly using the particle filter as shown in the next subsection.
In multi-user scenarios, cooperative tuning can also be performed where existing users
in the network can propagate their estimated value of αi,t to the recent users admitted to
the same BS. Such cooperation is done using the channel correlation coefficients between
the users based on their distances per Eq. 5.33

αi,t = αi,t−1 + max {ρi,j,t } αj,t−1 − αi,t−1 ,
j∈M,j6=i

−

ρi,j,t = e

di,j,t
dcor

(5.33)

,

where di,j,t and ρi,j,t are the distance and distance-dependent channel correlation coefficient
between user i and j at time slot t, while dcor is the correlation distance. The above formula
is adopted from the 3GPP channel fading model [113].
PF Estimation
The PF initially generates a set of values (i.e., particles) following a proposed distribution
and assigns them equal weights. These weights are then tuned based on the reported user
measurements according to a predefined likelihood function. A final estimate of the PF
state (i.e., α) is a weighted sum of the particles’ values. The measurements represent
the reported deviation between the predicted and the measured channel rates. We apply
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the Sequential Importance Sampling (SIS) technique [109] to obtain the best estimate of
for the PF states. SIS approximates the unknown posteriori distribution by a group of
generated particles where each particle is weighted by its conformity to the measurements.
Such particles are drawn from a proposed distribution, based on the problem structure,
that approximates the original unknown distribution using large number of particles. The
particle filter methodology based on SIS is summarized as follows
1 Initialization
i Define the proposed distribution p(Q).
ii Generate a set of N particles denoted by Qt=0 using the distribution p(Qt=0 ).
i
iii Initialize equal weights (ωt=0
) for all particles.

i
ωt=0
= 1/N, ∀i = 1, ..., N,

(5.34)

iv Define the likelihood function F (Q, Z).
2 Measurement Phase
i Update the weights of each particle using the measurement Zt and the likelihood function F (Q, Z):
j
ωtj = ωt−1
F (Q, Z), ∀j ∈ 1, ..., N,

(5.35)

ii Normalize the weights:
ω̄tj

ωtj

= PN

j
j=1 ωt

,

(5.36)

5.3. ROBUST MODEL FOR GENERIC UNCERTAINTY

87

iii Calculate the best estimate:
ȳt =

N
X

zt ω̄tj ,

(5.37)

j=1

3 Prediction Phase
i Calculate the gradient:
δyt =

∂zt
,
∂t

(5.38)

ii Predict the future state:
yt+1 = Aȳt + Bδyt δt :

(5.39)

4 Importance Sampling
i Calculate effective samples:
Nef f = PN

1

j 2
j=1 (ωt )

,

(5.40)

ii Check degeneracy then resample: If Nef f < N̂ then, resample particles and set ωtj =
1/N ∀j ∈ 1, ..., N,
In essence, the calculated weights ωtj in Eq. 5.35 approximate the posteriori PDF in
Eq. 3.10, while the priori PDF in Eq. 3.9 is evaluated using the likelihood F (Q, Z) in the
initialization phase. In addition, Eq. 5.37 in the measurement phase implements the best
estimate of the state (Eq. 3.11). In the prediction phase, the future state yt+1 in Eq. 5.39 is
a linear weighted combination of both the best estimated state ȳt and the integral of its rate
of change δyt δt from the available measurements zt . In Eq. 5.39, A and B are the weights
of both the best estimate and integral of the rate of change, respectively.
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As the PF updates the weights ωtj in Eq. 5.35 every time slot, their values may converge and few number of particles will have non-zero weights. Such situation is called
degeneracy, which has to be avoided as it deviates the weight’s distribution from the actual
posteriori probability. Thus, the number of effective particles Nef f is calculated to check
for the degeneracy and in case of dropping below the maximum threshold N̂ , resampling
is done. Each particle contributes, based on its weight, in generating a new particle [109].
The newly generated set of particles will not contain the ones with very low weights. The
new weights are equally redistributed similar to the initialization phase.
In our rate deviation tracking, the PF state yt is the proportionality factor αt while the
measurement zt is the reported proportionality factor ᾱt calculated as
ᾱt =

|r̄i,t − E[ri,t ]|
(M )

r̂i,t

(5.41)

where E[ri,t ] is the measured channel rate by user i in the duration from slot t − 1 to slot t.
5.3.5 Performance Evaluation
Simulation Set-up
We adopt the same simulation set-up as the previous variant, yet with different random
mobility traces. All the parameters and their values are presented in Table 5.4.
Comparative Schemes and Evaluation Metrics
In this evaluation study, we compare the proposed robust predictive scheme against the
existing non-robust PRA and non-predictive RA schemes denoted as follows
• N-PRA (MT): refers to a type of non-predictive RA called maximum throughput
(MT) [131]. In essence, MT allocates the whole resources to the user with the current
maximum channel rate regardless his future channel conditions.
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Table 5.4: Summary of Model Parameters in the Second Variant
Parameter
BS transmit power
Bandwidth
Time Horizon T
Streaming rate V
Bit Error Rate
Shadow correlation distance(dcor ) [113]
Shadow standard deviation [113]
Velocity
p(Q)
N
N̂
A=B
µ−
σt′
Feedback interval τ
Packet size
Packet rate (from core network to BS)
Total number of packets
Buffer size

Value
43 dBm
5 MHz
60 s
0.25, 0.5 and 1 [Mbps]
5 × 10−5
50m
4
From 25 km/h to 40 km/h
U(0, 4)
10000
N/3
0.5
−0.5
√1
12

5s.
103 [bytes]
103 s−1
7.5 × 103
109 [bits]

• NR-PRA: refers to the existing non-robust PRA in [27] which only uses the average
value of the predicted rate resulting in a deterministic linear formulation. The optimal
solution is obtained using the simplex method implemented in Gurobi [124].
• OR-PRA (l2 ): refers to the introduced BA based robust PRA in this work and formulated in Eq. 5.30. The solution is obtained optimally using the IPM in Gurobi
optimizer [124].
• HR-PRA (l2 ): the same as OR-PRA (l2 ), but its solution is obtained using the guided
local search heuristic in Algorithm 3.
• R-PRA (l1 ): refers to the introduced BA robust PRA in this work but linearized
similar to [43] and the solution is obtained optimally using the simplex method in
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Gurobi optimizer [124].
All the above schemes are assessed using two main metrics: percentage of video stops,
referred to as VD, and average airtime to measure the QoS satisfaction and the energy
consumption, respectively. The maximum allowed value of VD, calculated per Eq. 5.24,
is set to the predefined constraint violation level (ǫ) × 100%. The second metric is the
average BS airtime which is used to measure the energy consumption in the network, and
calculated using the objective function in Eq. 5.1.
Comparison with Other Resource Allocators
We assume that the rate deviation r̂ is accurately known and the focus is to show the importance of robust PRA and the heuristic solution. The first scenario considered a high quality
video (i.e. Vi = 1Mbps) which is a high load scenario relative to the available average
channel rate. The non-predictive MT continues to satisfy the QoS level independent on
the channel variance as shown in Fig. 5.7(a). This is because the MT schedules the users
based on their current reported channel rate irrespective of the variance and the future rates.
The non-robust predictive technique [27] fails to satisfy the maximum VD set to 0.1 (i.e.
ǫ = 0.1). This QoS performance degrades with the channel variance since the measured
rate deviates from the average value. The allocated minimal airtime will not be sufficient to
satisfy the demand. Such deterioration is avoided by all the robust forms as the percentage
of stops did not pass ǫ × 100% for the considered variances.
Although the non-predictive MT prioritizes users with maximum rates, its energy consumption is higher than the predictive strategies as depicted in Fig. 5.7(b). The MT buffers
the video content for the cell peak users, which saves energy, but then turns to push the
video for other users located near the cell edge rather than applying minimal allocation.
On the other hand, the predictive strategy is able to minimize the energy even in the robust
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Figure 5.7: Performance evaluation for different channel variances at QoS levels (1 − ǫ) =
0.9 and 8 users requesting high quality video
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forms. The results also demonstrate the conservatism of the linearized BA used in [43],
which decreases the energy saving gain especially at very high channel variances. The
energy consumption thus increases and becomes comparable to that of the non-predictive
strategy.
Both the load per user and the moving speed are then decreased to medium quality
videos (i.e. Vi = 0.5Mbps) and 25 Km/h, respectively, to allow more users and higher QoS
levels in the simulation scenario. The conservatism of the linearized BA becomes more
significant as it consumes more energy than the non-predictive MT at high QoS level (i.e.
low ǫ) and high channel variances as in Fig. 5.8(b) and Fig. 5.9(b). The BA in its original
SoCP form, however, is able to preserve the prediction gain at these high load conditions.
While the energy savings gap between, the predictive and non-predictive schemes decrease
for this scenario, the latter fails to meet the QoS level as shown in Fig. 5.8(a) and Fig. 5.9(a).
This is because such non-predictive strategy greedily allocated the resources to the cell
peak users and ignored serving the cell edge users in order to maximize the total system
throughput.
Similar observations are noted for the conservative linearized BA, NR-PRA and MT
when the number of users and the QoS level are increased as shown in Fig. 5.9(b). The distributions of QoS satisfaction and degradation are reported in Fig. 5.10(a) and Fig. 5.10(b),
respectively. The percentage of users with violated QoS levels mainly depends on their
mobility traces and experienced channel rates. In Fig. 5.10(a), the percentage of users with
violated QoS levels was around 50% in case of the non-robust PRA. This was found to be
the same percentage of users who started the video streaming at the cell edge, and thus
were subjected to minimal allocation strategy resulting in buffer underrun. In Fig. 5.10(b),
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Figure 5.8: Performance evaluation for different number of users requesting HQ at QoS
levels (1 − ǫ) = 0.95 and experiencing σ = 4
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Figure 5.9: Performance evaluation for different channel variances at high QoS levels and
12 users requesting MQ video

5.3. ROBUST MODEL FOR GENERIC UNCERTAINTY

95

Percentage of QoS Satisfaction

1
OR-PRA (l 2)

0.8

R-PRA (l 1)
NR-PRA

0.6
0.4
0.2
0
2

4

6

8

10

Number of Users

Pr (Percentage of Stops

VD)

(a) Percentage of scenarios with VD below ǫ = 0.05 and σ = 4

1
0.8
0.6
0.4
0.2

R-PRA (l 1,

=2)

R-PRA (l 1,

=8)

OR-PRA (l 2,

=2)

PR-PRA (l 2,

=8)

NR-PRA ( =2)
NR-PRA ( =8)

0
0

10

20

30

40

Video Degradation (VD)
(b) CDF of video degradation for 10 users

Figure 5.10: Performance evaluation for different channel variances and number of users
at QoS levels (1 − ǫ) = 0.95 requesting high quality video
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the distribution of video degradation, and its maximum value, illustrate the QoS violation of non-robust PRA. Note that the robust PRA schemes experienced stable QoS performance over the system load and variance. The scenarios above demonstrate that the
adopted BA SoCP based PRA formulation: 1) satisfies all QoS levels for different system
loads (Fig. 5.8(a)) and 2) preserves the energy-saving gains of the prediction (Fig. 5.8(b)).
In addition, the introduced heuristic shows stable performance with a very low optimality
gap (< 0.1 %) with respect to the optimal solution’s airtime and QoS levels in all considered
cases.
Performance of Particle Filter
In this scenario, we assess the ability of the PF to track the rate deviations while adopting the SoCP BA formulation. We compare the PF based variance is compared with both
the maximum and optimal theoretical variances denoted by Max. Dev. and Opt., respectively. The Max. Dev. corresponds to the maximum variance [113] that guarantees the QoS
satisfaction under the highest prediction errors. The Opt. adopts the exact rate deviation
corresponding to the current channel variance. This optimal value satisfies the QoS level
without compromising the energy savings. On the other hand, the PF initially assumes
the highest variance as the Max. Dev., but continuously monitors the channel variance and
adapts the rate deviation accordingly.
With regards to QoS satisfaction, the Max. Dev. provides a very conservative allocation that greedily satisfies the QoS at the expense of the energy saving as depicted in
Fig. 5.11(a) and Fig. 5.11(b), respectively. This is not the case for PF which has met the
constraint at nearly the exact level as the Opt., resulting in high energy savings. The PF, in
essence, decreases the initial maximum rate deviation to reach the lower optimal value and
sometimes below. Although going below the optimal rate deviation value increases the risk
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Figure 5.11: Performance evaluation for the robust framework with channel tracking for
different number of users experiencing σ = 2 and requesting MQ video with
high QoS level (1 − ǫ) = 0.95
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Figure 5.12: Performance evaluation for the robust framework with channel tracking for
different number of users experiencing σ = 2 and requesting LQ video with
high QoS level
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Table 5.5: Execution Time of the Simulated Schemes
Technique

2

Number of Users
4
8

12

N-PRA (MT) <0.1 ms <0.1 ms <0.1 ms <0.1 ms

Streaming Rate (V) [Mbps]
0.25
0.5
1
<0.1 ms <0.1 ms <0.1 ms

NR-PRA

1 s.

1.5 s.

2.3 s.

4 s.

4 s.

4 s.

4 s.

OR-PRA (l2 )

50 s.

80 s.

150 s.

250 s.

200 s.

250 s.

290 s.

HR-PRA (l2 )

<0.1 ms <0.1 ms <0.1 ms <0.1 ms

<0.1 ms <0.1 ms <0.1 ms

OR-PRA (l1 )

1 s.

4 s.

1.5 s.

2.3 s.

4 s.

5 s.

5.5 s.

of constraint violation, the conservative BA based allocation in early timeslots avoids such
QoS degradation case. The energy gain of the PF-based channel tracking relative to the
maximum deviation has increased in the high load scenarios (i.e. more number of users) at
high QoS levels and reached up to 15 % as shown in Fig. 5.12(b). This adaptation mechanism results in nearly the same energy savings as the optimal deviation case and with better
QoS satisfaction as less video stops have been experienced in the early slots as shown in
Fig. 5.12(a) and Fig. 5.12(b).
Runtime Complexity
We also report the execution time of all the examined RA schemes in Table 5.5, and measured within the simulation environment on a Quad Core i7-Processor, 3.2 GHz machine.
These results highlight the efficiency of the guided heuristic solution methods for providing real-time implementation under different load scenarios. The complexity of the optimal solver increases with both the number of users (i.e. the problem dimensions) and the
streaming rate (V) since more iterations are required to reach a feasible solution. As opposed to the solver, the guided heuristic resulted in a stable scalable performance regardless
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the value of the aforementioned two parameters and with a delay less than the duration of
Time Transmission Interval (TTI).

5.4 Discussion and Comparison between GA and BA
The Gaussian approximation, in the ICCP form, is theoretically the optimal deterministic
representation for the chance constraint where the QoS satisfaction is guaranteed with probability (1 − ǫ). However, this performance is attained while assuming that the variations
in the predicted rates follow the normal distribution entirely. Such assumption does not
sustain practically when other imperfect predictions are considered (e.g. user’s trajectory).
In that case, new rate distributions need to be computed, which neither guarantee to follow
the Gaussian nor provide an invertible CDF. Consequently, Bernstein approximation has to
be applied to approximate variations by the bounds and thus avoids both the computational
effort of deriving new distribution or calculating the inverse of CDF. Nevertheless, this approximation is at the expense of the solution’s optimality due to the fact that the logarithmic
moment generating function, and its upper bound, are more conservative than the inverse
of CDF. Therefore, one might be interested in finding the cost of robustness in applying the
Bernstein approximation rather than the Gaussian one. As a result, the trade-off between
saving the effort of deriving the inverse CDF for the Gaussian and the extra conservatism
cost of the Bernstein has to be compared.
5.4.1 Analytical Comparison
Assuming the case when the Gaussian is the optimal theoretical approximate (i.e. predicted
rate variations follow a normal distribution), the conservatism cost of the Bernstein is calculated as a function of the difference in their safety terms. In particular, Gaussian and
Bernstein safety terms are denoted as SG and SB , and deduced from Eq. 5.5 and Eq. 5.30
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The difference between the above terms is denoted as SB−G and calculated in Eq. 5.43:
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t=0

√
From [130], µ−
i,t and σi,t are set to −0.5 and 1/ 12 respectively. For simplicity, the first
time slot for the first user is considered and thus the summation is removed as well as the
subscripts i and t. Moreover, the bounds of 99.7% of the samples in case of Gaussian can
be expressed in terms of the standard deviation σ r as: r̂G = 3σ. Accordingly, Eq. 5.43 can
be expressed as depicted below:
SB−G

r


1
Q−1
1
ǫ
log( ) −
= r̂x 1 +
6
ǫ
3

(5.44)

The positivity of Eq. 5.44 indicates that more airtime is assigned by the Bernstein approximation (i.e. high conservatism) than the Gaussian for all practical value of QoS (i.e.
ǫ < 0.5). This gap increases with both the QoS level (i.e. ǫ decreases) and the absolute
deviation r̂ in the predicted rate. PF based tracking is a potential solution for minimizing
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such gap, and so the conservatism cost. Nevertheless, changing the feedback interval to
decrease the conservatism is tested in the next subsection.
5.4.2 Numerical Comparison
We define the feedback interval τ in which the solver performs reallocation of all users
while considering their total transmitted data. For generating the shadowing based rate
variations, the 3GPP slow fading correlated model is used [113]. Simulation results are
averaged over 50 runs with different shadowing values. Two mobility scenarios were considered; urban and rural. Users move at a low speed with small inter-vehicle distances
in the urban scenario, and thus experience similar average rate values at the same time
interval. The rural scenario models high speed moving vehicles with large inter-vehicle
distances. Consequently, users experience different data rates from each other at the same
time interval. Video content is then requested by all users at a fixed streaming rate over
the considered time horizon. The numerical values of all the parameters are summarized
in Table 5.1 and Table 5.4, while the variance and bounds of each rate are calculated using
the previously discussed Monte-Carlo simulation.
Robustness in the Urban Scenario
In urban areas, users start moving from the cell edge towards the centre. In order to decrease
computational complexity of the solver, the feedback time τ was set firstly to a relatively
long interval equal to 10 s. This is the interval over which the solver recalculates the
allocation of all users for the remaining future time slots. In case of GA, the maximum
degradation was surpassed for high QoS (i.e., 1 − ǫ ≥ 0.9) as shown in Fig. 5.13(a).
This performance is attributed to the overlooked dependency between the QoS constraints
over time. Consequently, demand violation at a certain slot will propagate and affects
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the satisfaction in the next slots within the feedback interval. Such violations last until
reallocation is done for the next slots. The value of τ was set to lower values τ = 1 and 5s.
where less degradation occurs Fig. 5.13(a), but at the expense of both: increased airtime
Fig. 5.13(b) and the computational complexity.
The BA approach is very conservative, and thus the percentage of stops was kept below the maximum threshold for all the QoS levels and feedback values of τ as shown in
Fig. 5.13(a). However, the airtime performance with τ is opposite to that of GA. This is
due to the fact that users are moving from a region of low rate towards the cell peak, and
BA requires fast feedback to decrease the conservative allocation at the cell edge which
consumes more airtime. Large feedback durations continue to allocate large amounts of
data at the cell edge.
BA requires small feedback durations to correct its conservative allocation. Similarly,
GA also requires the same small feedback time but to recover the degradation in any timeslot and prevent it from affecting the coming ones. The allocation for user 1 in Fig. 5.14(a)
demonstrates the aforementioned properties. In GA Fig. 5.14(a) where degradation occurs
at the first time slot, the small feedback (τ = 1 s) was able to recover this by recalculating
the allocation at the next time slot (t = 2 s.). On the other hand, Bernstein’s conservatism
avoided the degradation in any of the time slots. However, conservative airtime allocation
at early slots (where the rate is minimal) was avoided by frequent feedback, while allocation continues conservatively (large gap above the demand) for the case of τ = 10 s as
depicted in Fig. 5.14(b).
Robustness in Rural Scenario
The above conclusions were drawn for the case of users experiencing similar radio conditions at the same time. Thus, very conservative solutions only affects the optimality of
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each user individually. We now consider the rural scenario where some users are located
as the cell edge while others are at the cell peak and moving towards the edge. Minimal
allocation, to satisfy the QoS, is performed for the users at the cell edge while prebuffering
is done for the cell peak users to avoid allocation at future low rate locations. In this scenario, the conservatism of cell edge users is more severe and affects the optimality of cell
peak users as well due to the provided small airtime for prebufffering. An example of such
a case is shown for user 2 (located at cell peak) in Fig. 5.14(b). Due to the conservative
allocation of user 1 located at cell edge for τ = 10s., user 2 was unable to prebuffer in
the first 10 seconds while located at the cell peak. Thus, the peak user had to wait until
reallocation of the cell edge user at t = 10s. so more airtime is provided for the former to
prebuffer at relatively lower rates.
Accordingly, the cost of conservatism in the rural scenario has increased and thus the
energy gap expanded between Bernstein at (τ = 5 and 10 s.) and the less conservative
cases: i.e., Bernstein (τ = 1 s.) and Gaussian as shown in Fig. 5.15(a). The frequent
feedback of Bernstein (i.e. τ = 1 s.) was able to overcome its expected conservatism
and thus results in nearly equal energy consumption compared to the Gaussian case at the
same feedback interval. Moreover, the QoS satisfaction of large feedback intervals (τ = 5
and 10 s.) is slightly enhanced for the Gaussian case where violation of the maximum
degradation occurs only at the highest QoS level for τ = 5 s, and at the highest two QoS
values for τ = 10 s. as depicted in Fig. 5.15(b). This is attributed to the prebuffering
strategy for the cell peak users and thus their QoS satisfaction never fails resulting in lower
average violation.
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Figure 5.13: Percentage of video stops and average BS airtime for varying QoS levels
(1 − ǫ) for 2 users experiencing slow fading with Non Line of Sight (NLoS)
variance in urban area
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Figure 5.14: Allocation at different feedback intervals for 2 users experiencing slow fading
with LoS variance
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Figure 5.15: Performance of the robust framework for varying QoS levels (1 − ǫ) for 2
users experiencing LoS variance in rural area.
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Chapter 6
Robust-Green PRA under Demand and
Resources Uncertainty
In the two variants of previous chapter, we showed how the rate uncertainties impact the
QoS satisfaction for cell edge users, and demonstrated the importance of robust scheme.
This chapter introduces the third variant which handles the uncertainties in both the demand and resources. Hence, avoids energy consumption in the case of cell center users
terminating the session, and achieves QoS satisfaction to all users when network resources
fluctuates due to arrival of real-time traffic. This variant is referred to as Robust-Green
Predictive Resource Allocation (R-GPRA) and adopts both CCP and RP as illustrated in
Fig. 6.1. Similar to the previous two variants, the R-GRPA aims to minimize the total
energy and delivers the video at a predefined quality level.

6.1 System Model
6.1.1 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.
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Figure 6.1: Block diagram of energy-saving R-PRA scheme under demand and resource
uncertainty
6.1.2 Demand Uncertainty Model
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. 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 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 thus denoted as a random variable
P
D̃i,t = tt′ =0 ṽi,t′ .
6.1.3 Radio Network Resources Uncertainty Model

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 users is modeled as a Poisson
distribution with mean λ, and the demand per user is denoted by Ci,t . The total airtime share

6.1. SYSTEM MODEL

allocated to real-time users at time slot t is denoted by the random variable C̃t =
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PÑ

i=0

Ci,t ,

where Ñ is a random variable representing the number of real-time traffic users at time slot
t.
6.1.4 Problem Description
The R-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 probabilistic strategy results in more energy savings and optimal bandwidth
utilization compared to existing non-robust PRA that assumed perfect demand prediction.
As illustrated in Fig. 6.2 (a), the values of predicted rates for three time slots would typically drive a non-robust GPRA to prebuffer the whole content during the first slot to save
energy as depicted in Fig. 6.2 (c). However, as shown in Fig. 6.2 (b), the high probability
of terminating the video at the third time slot prevents the robust GPRA from prebuffering
the future content due to the high risk of wasting energy. As such, only the content of the
second slot, with low probability of video termination, is prebuffered whereas the delivery
of the third slot’s content will be postponed as illustrated in Fig. 6.2 (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 GPRA calculates this trade-off
based on both the predicted rates and the probability of termination to perform the energyefficient and QoS-aware allocation.
The uncertainty of future network resources, due to random user arrival, will interfere
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with the strategy mentioned earlier. Delaying the transmission in 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, thus will not be able to satisfy the user demand with the future anticipated
limited resources. As a result, fewer energy-savings are attained in case of future peaks
with low resources, while video stops are observed if future low channel rates are further
reduced by real-time users arrival.

6.2 Problem Formulation
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.
6.2.1 Stochastic Model
The introduced energy-efficient robust GPRA is formulated using stochastic optimization.
In particular, the uncertain demand and future network resources are represented by random
variables as follows:
minimize
x

 X X
∀i∈M ∀t∈T

xi,t



(6.1)

subject to:
C1:

t
X
t′ =0

C2:

M
X
i=1

t
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D̃i,t , ∀ i ∈ M, ∀t ∈ T ,

xi,t ≤ 1 − C̃t ,

∀t ∈ T ,

ri,t′ xi,t′ ≥

C3: xi,t ≥ 0,

t′ =0

∀ i ∈ M, t ∈ T .
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The objective function aims to minimize the total consumed energy represented as a function of the total BS airtime [115]. 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 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 during slots of 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, allocating more resources than the available capacity, after accounting for the real-time users,
will result in video stops since the users will not be able to receive the minimal data amount
calculated by the R-GPRA. As such, the network should avoid prebuffering when available
resources are low due to periodic arrival of real-time users.
6.2.2 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:
(
)
X X


minimize
xi,t + E H(y, D̃)
x,y

∀i∈M ∀t∈T

(6.2)
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Figure 6.2: Illustration of Robust-GPRA under uncertain video streaming demand
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The objective function herein comprises of 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 total amount 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
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above the QoS level β. Where β ∈ [0, 1] represents the minimal probability of satisfying
the QoS. 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.
Recourse Stage


The second term of the objective function in Eq. 6.2, i.e. E H(y, D̃) , is the optimal
solution of the recourse stage and formulated as follows:
)
(
X X
pW
minimize
ζ
i,t yi,t
y,x

(6.3)

∀i∈M ∀t∈T

subject to:
C4: ri,t−1 yi,t−1 + ri,t xi,t − vi,t ≤ ri,t yi,t , ∀ i ∈ M, ∀t ∈ T ,
C5: yi,t ≥ 0,

∀ i ∈ M, t ∈ T .

The objective function of the recourse stage in Eq. 6.3 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 allocated resources in this time slot, respectively. The third term
represents the per slot demand. The right hand-side shows the amount of excess resources
after slot t which corresponds to the prebuffered future content.
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Deterministic Equivalent
The probabilistic constraint in C2 is replaced by the following deterministic equivalent
form which adopts the probability of arrival of real-time traffic users and their load.
M
X

C6:

i=1

xi,t ≤ 1 − (Ct,ω δt,ω )

X

C7:

∀ω∈Ω

C8:

δt,ω pA t,ω ≥ β

δt,ω ∈ {0, 1}

∀t ∈ T , ∀ω ∈ Ω,
∀t∈T.

(6.4)

∀ t ∈ T , ∀ω ∈ Ω,

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 denoted by 1 − Ct,ω . In C7, the total
probability of satisfied scenarios must exceed the predefined QoS level β. The probability
of user arrival scenario ω at time slot t is denoted by pA t,ω . 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.
6.2.3 Deterministic R-GPRA Formulation
The complete deterministic formulation of the proposed R-GPRA can be summarized in
the following closed form representation:
)
(
X X
X X
pW
xi,t + ζ
minimize
i,t yi,t
x,y,δ

∀i∈M ∀t∈T

∀i∈M ∀t∈T

(6.5)
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The above formulation is obtained after combining Eq. 6.3 and Eq. 6.4, 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 allocation.

6.3 Real-time Optimizer
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.
6.3.1 Optimal Solution
The robust formulation in Eq. 6.5 is a mixed integer linear programming model. As such,
an optimal solution, which satisfies all the constraints, can be obtained using branch-andbound, branch-and-cut or similar techniques in commercial solvers (e.g. Gurobi [124]).
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These techniques are capable of reaching the optimal solution with a very small duality
gap while satisfying all the constraints. However, the problem at hand requires obtaining
an optimal solution in real-time which is unattainable by the commercial solvers or numerical methods that suffer from low scalability and slow convergence. In particular, the
complexity of numerical optimization techniques grows exponentially with the number of
decision variables [132]. 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 with low
optimality gap compared to commercial solvers solutions.
6.3.2 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 streaming 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. By doing so, 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 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 4 and
Algorithm 5, and detailed as follows:
In the first stage, minimal radio resources are calculated (line 2-18) in order to satisfy
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the QoS constraint C1 in Eq. 6.2 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
probability mass function is sorted accordingly.
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 oversatisfies 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 fulfil 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 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. 6.5. 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 19-37 of Algorithm 4. 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
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the chance of satisfying the radio resource constraint C2. In 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 5. In essence, the possibility of prebuffering is checked based on the
probability of terminating the video and the difference in channel rates. 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 3-5) which approximates the objective function in Eq. 6.3. In 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).
6.3.3 Algorithm Complexity
The first stage of the heuristic consists of sorting the scenarios and calculating the total
probability which have complexity of O(2 × N 2 ). This stage is repeated for a maximum
of T time slots. Thus, the complexity of 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 1937 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 significantly lower than the mathematical optimization methods whose complexity is
non-polynomial and depends on the number of decision variables and constraints.
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Algorithm 4: 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
3
Ĉt′ = Sort(PtA ∀ω ∈ Ω);
4
Initialize St = 0;
5
Set minimum capacity C ′ t = 1 ;
6
while St ≤ β do
7
for ω ∈ Ω do
A
8
Update probability sum: St = St + P̂t,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 ≤ t′i 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;
ri,t
25
Calculate the demanded airtime ∆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
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Algorithm 5: 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 6= 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 status Bi,t = 1;
11
end
12
end
13
if Bi,t 6= 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

6.4 Performance Evaluation
6.4.1 Simulation Environment
The proposed R-GPRA is developed in Network Simulator 3 (ns-3) LTE module where
Gurobi (a commercial solver) is integrated to obtain benchmark solutions [124]. The probability of terminating the video at any time slot t is calculated using the model in [40].
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 6.1. The simulation is performed 25 times, and the average results of all runs are
reported in the next subsections.
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The main metric to assess the energy consumption is the total BS airtime [27], and the
QoS of video streaming is quantified by the number and duration of video stops [119],
denoted by η and τ and calculated as per Eq. 5.24 and Eq. 6.6 respectively.
τi =

ZT

τi,κ dκ/

0

ZT

dκ.

(6.6)

0

where τi,κ equals to 1 if user i experienced a video stop at time instant κ where κ << t.
While the network performance is calculated by the average of each QoS metric, the
resultant Quality of Experience (QoE) is also reported to model the users’ perception. QoE,
in essence, is a subjective metric that represents the service end-to-end performance level
from the user’s perspective, and can calculated using the Mean Opinion Score (MOS) formula in [133] and [134] depicted below:
MOSV S

M
1 X
=
(2.99 ∗ e−0.96ηi ) + 2.01.
M i=1

MOSV D

M
1 X
4.59 ∗ e−3.44τi .
=
M i=1

(6.7)

(6.8)

Where MOSV S and MOSV D are the MOS values due to number and duration of video
stops, 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 non-predictive schemes. It allocates the resources to the users
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based on their current channel measurements and cumulative served traffic in previous slots [135].
• NR-GPRA: is the existing energy-efficient predictive resource allocation that assumes perfect prediction and adopts the deterministic formulations in [27]. This
scheme is simulated by setting the values of γ and Ci,t to zero in Eq. 6.5, and the
resultant formulation is solved using Gurobi optimizer [124].
• 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. 6.1 by the exact values from the random generator in ns-3.
• OR-GPRA: this represents the proposed robust green predictive resource allocation
as formulated in Eq. 6.5. The probability of video termination follows the distribution
in [40]. The optimal solution is obtained by the branch and cut methods in Gurobi
optimizer [124].
• HR-GPRA: this refers to the heuristic version of OR-GPRA in which the solution
is obtained by the proposed guided search in Algorithm 4 and Algorithm 5.

6.4.2 Simulation Results
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
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Table 6.1: Summary of Model Parameters in the Third Variant
Parameter
BS transmit power
Bandwidth
Time Horizon T
ζ
Bit Error Rate
Velocity
QoS level β
Packet size
Packet rate (from core network to BS)
Buffer size
Probability of watching ratio pW
i,t/T
Probability of user arrival pA
ω,t
Standard deviation of watching time ratio σ
Skew parameter α
Mean of watching time ratio µ
User arrival rate λ
φ(x)
Φ(x)

Value/Definition
43 dBm
5 MHz
60 s
0.99
5 × 10−5
60 [kmph]
0.95
103 [bytes]
103 s−1
109 [bits]
)Φ(α t−µ
), ∀i ∈
2/σφ( t−µ
σ
σ
M
λω e−λ
∀t ∈ T
ω!
0.18
0.84
0.27
0.5
PDF of normal distribution
CDF of normal distribution

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, and shown in Fig. 6.3(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 exiting the cell region, rather than transmitting their full content. Such risk-aware prebuffering strategy avoids greedy prebuffering
of the future content whose delivery can be postponed until the corresponding time slots
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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. 6.3(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 robust scheme.
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. 6.4(a)-Fig. 6.4(b) and Fig. 6.5(a)-Fig. 6.5(b),
respectively.
The resources uncertainties violated the QoS level under the existing non-robust predictive scheme for 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 occupied by the real-time traffic 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
encountering a large number and durations of stops.
Unlike the non-robust scheme, the proposed optimal robust technique has satisfied the
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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 thus reserved more resources 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 traffic load as shown in Fig. 6.6(a) and Fig. 6.6(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.
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 i7-Processor, 3.2 GHz machine. The heuristic algorithm
requires 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 previous time slots, streaming rate,
and available channel capacity. Requests of high streaming rates during 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
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Figure 6.3: Airtime-based energy consumption with uncertain demand only
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Chapter 7
QoS-Aware Robust-DASH under Rate
Uncertainty
The three variants in Chapter 5 and Chapter 6 aimed to minimize the energy consumption
which is only achievable during low load scenarios as the BS can go into sleep mode.
This chapter introduces the fourth variant, in Fig. 7.1, which exploits all the available radio
resources (i.e. no energy saving) to achieve fair QoS during high load scenarios, and solves
for both video quality and airtime fractions over a time-horizon. This is unlike the previous
three variants in which the video quality was predefined at each time slot and thus treated as
constant in the optimization stage. The scheme in this chapter is an application of networkcentric DASH in which the network selects the video quality to achieve fairness among the
users, and calculates the corresponding amount of resources (airtime fractions) required to
avoid video stops while considering uncertainties in predicted channel rates. The schemes
is referred to as Robust Predictive-DASH (RP-DASH).
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Figure 7.1: Block diagram of RP-DASH scheme under rate uncertainty

7.1 System Model
7.1.1 Predicted Rate Error Model
In order to model prediction uncertainties, future rate is modelled as random variable denoted by r̃i,t . This random variable is either described by 1) its discrete PDF when the
realizations and their probabilities are known or 2) the Gaussian distribution in which the
standard deviation is denoted by σi,t and calculated using the framework in Chapter 4. This
Gaussian distribution error model is motivated by the findings in [34, 43] and will be used
to quantify the trade-off between error PDF modelling and robustness. In both cases, the
per slot rate errors are assumed to be independent. Particularly, the error of predicting the
rate is function of erroneous rate in REM, variations in the wireless signal (which changes
the SINR) and user location uncertainty. These parameters are calculated at each slot based
on the independent channel gains [43, 90].
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7.1.2 Demand Model
In this scheme, we assume that the total video duration the user is going to watch is known
(i.e. no demand uncertainty). Yet, the scheme has to decide on the quality of each video
segment.

7.2 Problem Statement
The RP-DASH scheme aims to calculate both the airtime fractions xi,t and segments quality
(q)

κi,t for each user i at time slot t such that all users experience fair video qualities while
meeting the QoS level. Particularly, QoS is said to be satisfied when users experience video
stops, due to buffer underrun, with probability below ǫ = (1 − β).

7.3 Problem Formulation
The introduced robust P-DASH and fair quality selection is formulated based on Chance
Constrained Programming (CCP) as follows:
)
(
X X (q)
κi,t vq
maximize
min
x,κ

∀i∈M

∀t∈T ∀q∈Qi

(7.1)
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subject to:
C1: P r

( t
X
t′ =0

t
X
X

r̃i,t′ xi,t′ ≥

t
X
X

t′ =0 ∀q∈Qi

(q)
κi,t′ vq

)

≥ 1 − ǫi,t ,
∀ i ∈ M, ∀t ∈ T ,

(q)

t′ =0

∀q∈Qi

∀ i ∈ M, ∀t ∈ T ,

X

κi,t ≤ 1,

∀ i ∈ M, t ∈ T ,

C4: κi,t ∈ {0, 1} ,

∀ i ∈ M, t ∈ T ,

C2:
C3:

q∈Qi

κi,t′ τi,t′ ≥ t,

(q)

(q)

C5:

|M|
X
i=1

xi,t ≤ 1,

C6: xi,t ≥ 0,

∀t ∈ T ,
∀ i ∈ M, t ∈ T .

ǫi,t ∈ [0, 1] is the probability that the QoS of user i is unsatisfied at time slot t, where
ǫi,t = 1 is the maximum QoS violation. The objective function aims to maximize the
minimum total quality of each user to attain the fairness among the users over the time
horizon. The QoS chance constraint in C1 guarantees that the total delivered content to
the user satisfies the anticipated demand (function of the selected quality) by a minimum
probability of 1 − ǫ while considering uncertainties in future rates. The constraint in C2
complements C1 to ensure that the total duration of the selected segments should be greater
than the elapsed playback time to avoid video stops. C3 and C4 ensure that, for each user,
only one quality level is selected at a given time slot. The fifth constraint C5 models the
limited resources at each base station by ensuring that the sum of the airtime fractions is less
than 1 second which is the duration of the allocation slot. The last constraint C6 ensures
the non-negativity of the decision variable. Indeed the above formulation does not have a
closed form solution due to the probabilistic constraint C1. As such, we will initially adopt
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Figure 7.2: Illustration of SA and GA operations
the SA to obtain a deterministic equivalent form in the next section.

7.4 Nominal Scenario Approximation Equivalent
The Scenario approximation adopts the discrete Probability Density Function (PDF) of the
uncertain rates to derive a deterministic representation for the probabilistic constraint. The
(j)

(j)

PDF of every rate r̃i,t contains all the realizations ri,t and their probabilities pi,t to construct
the scenarios over the time horizon. The approximation ensures that resource allocations
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and quality selections satisfy the scenarios whose total probability of occurrence is more
than the defined QoS level (i.e. 1 − ǫ). Each scenario corresponds to one combination of
the possible realizations of the uncertain rates in C1. For example, the constraint in the
second time slot includes the rates in both the first and second time slot. The scenarios will
comprise all the possible combinations of the realizations of these two rates. As illustrated
(1)

(1)

(1)

in Fig. 7.2(c), the first scenario consists of r1,1 and r1,2 . Where r1,1 represents the first
(1)

realization of the rate at t=1, and r1,2 is the first realization of the rate at t=2, both for the
first user. The probability of this scenario will be the product of the individual probabilities
(1)

(1)

(1)

(i.e. s1,2 = p1,1 × p1,2 ). The deterministic equivalent of C1 in Eq. 7.1 is captured by C7-C9
below
(

maximize

min

∀i∈M

x,κ,δ

X X

(q)

κi,t vq

∀t∈T ∀q∈Qi

)

(7.2)

subject to:
C7:

t
X

(j)
ri,t′ xi,t′

t′ =0

C8:

X

j∈Ji,t
(j)

≥

(j)
δi,t

t
X
X

t′ =0 ∀q∈Qi

(q)

κi,t′ vq , ∀ i ∈ M, ∀t ∈ T , ∀j ∈ Ji,t ,

(j) (j)

si,t δi,t ≥ 1 − ǫi,t ,

C9: δi,t ∈ {0, 1} ,

∀ i ∈ M, t ∈ T ,
∀ i ∈ M, t ∈ T , j ∈ Ji,t ,

(C2 - C6)
(j)

where ri,t is the j th realization of the uncertain predicted rate at time slot t for user i.
(j)

(j)

si,t is the probability of the j th scenario at time slot t for user i. δi,t is a binary decision
variable which equals to 1 if the j th scenario at slot t must be satisfied by the decision
variable and equals 0 otherwise (C9). Constraint C8 guarantees that the total probability of
all the satisfied scenarios exceeds the minimal QoS level 1 − ǫ.

7.4. NOMINAL SCENARIO APPROXIMATION EQUIVALENT

138

Although the above formulation is deterministic and robust, it poses the following three
main challenges to the solver:
1. Non-linearity: due to the joint optimization of quality and airtime fractions, the right
hand side in C7 will be non-linear (both decision variables are multiplied). Despite
the dimensions of C7, the problem is NP-hard and reaching the optimal solution is
not guaranteed.
2. Exponential complexity: the QoS constraint at each time slot is a function of the rate
in both the current and preceding slots (C7 in Eq. 7.2 and Fig. 7.2). Thus, at each
Q
time slot t the number of considered scenarios will be tt′ =0 |Ji,t′ |, where |Ji,t′ | is

the number of realizations of the uncertain rate ri,t′ . Assuming that all the rates have
equal number of realizations (i.e. |Ji,t′ | = |Ji |), thus the total number of scenarios
for each time slot constraint per user will be (|Ji |)(t) .

3. Explicit rate information: the scenario-based approximation requires the exact values
of realizations for all the rates and their corresponding probabilities. This requires
collecting large number of samples for each achievable channel rate value in order to
construct an accurate discrete PDF. Due to the large number of physical layer configurations such as Multiple Input Multiple Output (MIMO) and MCS, more possible
rates can be achieved. Hence, increases the burdens of prediction and error modelling.
In the next subsection we address the first two challenges while the third challenge is
tackled separately in the next section by the Gaussian based approximation.
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7.5 Linear Look-Back Scenario Approximation Equivalent
The nonlinearity of QoS constraint C7 is solved by exploiting the problem’s structure. The
(j)

scenario decision variable δi,t is governed by the QoS constraint C8, as such a minimal
(j)

number of scenarios should be satisfied (i.e. δi,t = 1). For each satisfied scenario (i.e.
(j)

δi,t = 1), the corresponding airtime allocation (i.e. left hand side of C7) should guarantee
the satisfaction of the selected demand (i.e. video quality) while considering the worst
case of the selected scenario. The objective function plays the main role in discarding the
(j)

scenarios (i.e. δi,t = 0) whose realizations have very low values. In that case, both sides
of C7 are equal to zero, and the scenario is not satisfied by the calculated airtime fractions.
A new linear representation for C7 in Eq. 7.2 is introduced to capture the above strategy
and avoid the exponential complexity due to considering the realizations of all previous
time slots. Instead, the new formulation considers a linear look-back on the preceding
rate realizations to decrease the large number of scenarios at each time slot. Only one
(γ)

conservative realization denoted by ri,t is selected to represent each of the rates in the
previous slots. The number of scenarios at slot t will depend only on the realizations in
this slot (|Ji,t |) and the number of previous slots (t − 1) instead of all the realizations of the
latter. In order words, |Ji,t | × (t − 1) scenarios are considered instead of (|Ji |)(t) . The new
linear formulation is represented as follows:
maximize
x,κ,δ,Y

M
X
i=1

Yi

(7.3)
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subject to:
C10:

t−1
X

ri,t′ xi,t′ + ri,t xi,t ) ≤ B(1 − δi,t ), ∀ i ∈ M, t ∈ T ,

pi,t δi,t ≥ 1 − ǫi,t ,

∀ i ∈ M, t ∈ T ,

t
X
X

(q)
κi,t′ vq

t′ =0 ∀q∈Qi

C11:

X

t
X
X
t′ =0

t′ =0

(γ)

(j)

(j)

(j) (j)

j∈Ji,t

C12:

−(

∀q∈Qi

(q)

κi,t vq ≥ Yi ,

∀i ∈ M,

(C2 - C6, C9)
The minimum function operator in the objective function of Eq. 7.2 was replaced by introducing auxiliary variable Yi and the fairness constraint C12 which must be satisfied for
(j)

all users. C10 represents the linear look-back constraint in which pi,t is the probability of
realization j of channel rate ri,t and B is a very large number that forces the airtime allo(γ)

cation to satisfy the demand when scenario j is considered. ri,t approximates the channel
rates of the preceding timeslots and can be calculated as follows
(γ)

ri,t

minimize
(γ)

θ,ri,t

(7.4)

subject to:
(γ)

ri,t ≥
j

θj

X

j ′ =1

X

(j)

ri,t θj

j∈Ji,t
(j ′ )

pi,t ≥ ǫ

, ∀j ∈ Ji,t

θj ∈ {0, 1}
The objective function in Eq. 7.4 aims to select the optimal value of the aggregated
γ
rate ri,t
for the slot realizations such that very low values with conservative solutions and

high values with non-robust solutions are ignored. The first constraint ensures that the
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γ
calculated value of ri,t
surpasses some realizations due to their low values; where ignoring

such realizations avoid conservative solutions. The second constraint guarantees that the
sum of probability of the ignored realizations is below the degradation level ǫ, to achieve
robustness. The last constraint defines θ as a binary decision variable. Since the objective
function is minimization which is subjected to the second constraint, the decision variable
P
is j θj = 1. Thus only one realization value is selected from the first constraint.

7.6 Linearized Gaussian Approximation Equivalent
The third challenge of Scenario Approximation (SA) is tackled by adopting the Gaussian
Approximation (GA) which does not require the explicit realizations and their probabilities
for all future rates. Instead, GA obtains a deterministic closed form for C1 using the CDF
of multivariate random variables denoted by Φ. Thus the probabilistic constraint C1 is
replaced by the following deterministic form
( t
)
Z
t
X
X (q)
X
Pr
κi,t′ vq = 1 −
r̃i,t′ xi,t′ ≥

N(r, µ, Σ)dr

−∞

t′ =0 ∀q∈Qi

t′ =0

Di,t

(7.5)
=1−

Φ(

Di,t −µi,t
)
Σi,t

− Φ(

Si,t

−µi,t
)
Σi,t

≥ 1 − ǫi,t ,

Using the inverse CDF, the following closed form can be obtained:
µi,t + Si,t Φ−1
ǫi,t Σi,t ≥ Di,t , ∀ i ∈ M, t ∈ T ,

(7.6)
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where:
Si,t =
µi,t =

t
Y

t′ =0
t
X

(u)

(l)

ri,t′ − r̄i,t′
ri,t′ − r̄i,t′ 
Φ(
) − Φ(
)
σi,t′
σi,t′
r̄i,t′ xi,t′ ,

t′ =0

Σi,t

v
u t
uX
2
x2i,t′ σi,t
=t
′,
t′ =0

2
2
σi,t
′ = E[(r̃i,t′ − r̄i,t′ ) ],

Di,t =

t
X
X

(q)

κi,t′ vq

t′ =0 ∀q∈Qi

(l)

(u)

ri,t and ri,t are the lower and upper bounds of the realizations of future predicted rate
r̃i,t (i.e. the support). Typical values of the channel rates in the current and future networks
are more than the corresponding variance values (i.e. µi,t >> Σi,t ) and thus Φ(

−µi,t
)
Σi,t

≈ 0.

Si,t is used to normalize the truncated probability distribution of the random rates.
The above deterministic form, however, is a mixed integer quadratic constrained programming which is NP-hard. A linear approximation is adopted, which turns the problem
to NP-complete. This is done by the budgeted robust approximation of [82] on Eq. 7.6 as
P
(L)
(L)
1
follows. Let Σi,t = tt′ =0 |xi,t′ σi,t′ |, thus Σi,t < Σi,t , and Φ( Σ1i,t ) > Φ( (L)
). This guarΣi,t

antees the satisfaction of C1 by substituting Σi,t with

(L)
Σi,t .

Such approximation will result

in a linear but conservative formulation compared to the original Gaussian approximation.
The final deterministic mixed integer linear equivalent for the RP-DASH in Eq. 7.1 is
summarized as
maximize
x,κ,δ,Y

M
X
i=1

Yi

(7.7)
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subject to:
L
C13: µi,t + Si,t Φ−1
ǫi,t Σi,t ≥ Di,t , ∀ i ∈ M, t ∈ T ,

(C2 - C6, C9)

7.7 Real-Time Guided Heuristic
This section introduces the guided heuristic algorithm to obtain real-time solutions for the
formulated RP-DASH problem. This is in addition to analyzing its computational complexity.
7.7.1 Limitations of Optimal Commercial Solvers
The Scenario-and Gaussian-based robust formulations in Eq. 7.3 and Eq. 7.7 are represented in mixed integer linear programming forms. The main advantage of these forms
is that an optimal feasible solution can be obtained using branch and bound or simplex
techniques. Such conventional techniques are currently well developed and implemented
in many commercial solvers such as Gurobi [124]. These solvers use their own developed
heuristic algorithms to calculate an initial feasible solution which satisfies the constraints.
Other neighbouring solutions are then explored by means of branch and bound or simplex
algorithms, while using the duality gap to evaluate the optimality of each solution. Although zero or low duality gaps (i.e. optimal solutions) can be achieved by commercial
solvers, the execution time highly increases with the problem’s dimensions (i.e. number of
constraints and decision variables). A guided heuristic algorithm is proposed to provide a
real-time feasible solution with low optimality gap from commercial solvers solutions.
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7.7.2 Guided Real-time Heuristic
The introduced guided heuristic search algorithm is aware of the problem’s structure that
includes the interdependency between the constraints and their impact on the value of objective function. This is in addition to considering the motive of robust and predictive
allocation in calculating the airtime fractions and video qualities. In essence, the algorithm
starts by satisfying all the QoS constraints using the available radio resources while ignoring the objective function in that stage. This first stage contains two problem specific
knowledge: 1) the buffering capabilities of the users, and 2) the direct relation between the
QoS and the resource limitation constraints. The former knowledge can be used to push the
video content in advance and thus avoids stalling in congested time slots. In the next step,
the value of objective function is maximized while exploiting three other problem features:
1) the trade-off between the fairness (i.e. the objective function) and the above-mentioned
two constraints, 2) the time horizon and the buffer status of each user, and 3) the competition between the users, experiencing different channels rates, on the radio resources of one
time slot.
The heuristic implements two main consecutive stages summarized in Algorithm 6 and
Algorithm 7, respectively and are detailed as follows:
Satisfaction of Minimal Quality
In this initial stage (Algorithm 1), the lowest video quality is assigned to all users over the
time horizon (Algorithm 1, line 3). Then, the amount of airtime that satisfies this quality
level is calculated (line 4) and used to update the total amount of allocated resources at
each time slot (line 5). Such allocation guarantees the satisfaction of QoS constraint C13
in Eq. 7.7.
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However, in high load scenarios, due to high QoS levels (i.e. 1 − ǫ) or a large number of
users, the total allocated resources in a certain time slot might violate the airtime constraint
C5 in Eq. 7.1. 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 11-21 of Algorithm
6. While efficient exploitation of the radio resources is mandatory, the algorithm selects the
user with the highest achievable rate in this preceding slot and prebuffers the content (lines
13-16). Thus, less airtime is consumed and the chance of satisfying the radio resource
constraint C5 is increased. In case of non-vacant resources, the problem is said to be
infeasible (lines 23-25). Other bounding and streaming constraints are implicitly satisfied
by the above iterative procedure.
Optimizing Long-term Fairness
This stage (Algorithm 2) aims to maximize the value of objective function without violating
any of the aforementioned satisfied constraints. While the objective is to maximize the
long-term quality for each user, the algorithm tries to achieve this on both the current
and the future time slots. In each time slot with vacant resources, both the cumulative
quality and the required airtime to increase the current slot’s quality are calculated for each
user (lines 3-7). The user with minimal quality (both cumulative and increased values)
is selected as long as the required airtime is less than the available vacant resources (line
9). In case of more than one user with the same quality, the one that requires less airtime
is selected (line 10). This procedure is repeated for all users as long as there are vacant
resources in the current slot and the video quality is improving.
For low-load scenarios, due to either a small number of users or high achievable rates,
the resources at a certain time slot might not be fully utilized. As such, predictive allocation
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is performed in order to maximize the quality of the users experiencing their highest channel conditions in the current time slot. This is modelled by calculating the ratio between
the achievable rate in this time slot and the minimal future rate. Thus, users with peak radio
conditions who are heading towards the cell edge (line 14) will have the highest ratio and
thus can use these vacant resources to increase the quality of future video content (lines
13-16). The achievable rate used to calculate all the airtime allocations as a function of the
rate average value, variance, CDF and QoS level as derived in C13 of Eq. 7.7.

7.7.3 Algorithm Complexity
The first part of the heuristic (i.e. Algorithm 6) consists of two successive loops, the first is
in lines 1-9 and has a complexity O(MT ). The second loop, however, has a higher complexity of O(MT 2 ) due to revisiting the preceding time slots in lines 9-27. Similarly, the
second part of the heuristic (i.e. Algorithm 7) has a complexity of O(QMT 2 ) ≈ O(MT 2 )
due to the relatively small number of available quality levels compared to the length of the
time horizon. The complexity of the whole proposed heuristic is O(MT 2 ) which is lower
than numerical optimization methods.

7.8 Performance Evaluation
7.8.1 Simulation Setup
We simulate the proposed RP-DASH using the LTE module in ns-3 [125] which is integrated with Gurobi commercial solver [124] to obtain optimal solutions for all the formulated problems. The fading model of 3GPP defined in [113] is added to the received
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Algorithm 6: Initialization and QoS Satisfaction Stages of Guided Heuristic
Input
: Users: M, Time Horizon: T , Average Predicted Rates: R̄, Rate
Variances: Σ, Maximum Violation: ǫ and Video Qualities: Q;
Output
: X;
Initialization: X = ∅, κ = ∅ Nt = 0 ∀t ∈ T
−1
1 Define: Ri,t = r̄i,t − Si,t Φǫ σi,t ;
i,t
2 for i ∈ M do
3
for t ∈ T do
4
Set κ0i,t = 1 ;
5
Set C13 of Eq. 7.7 to an equality and solve for xi,t ;
6
Nt = Nt + xi,t ;
7
end
8 end
9 for t ∈ T do
10
if Nt > 1 then
11
Set k = t − 1;
12
while k > 0 do
13
Calculate the residual airtime ∆xi,t = Nt − 1;
Ri,t
14
Calculate the demanded airtime ∆xi,k = ∆xi,t × Ri,k
;
15
i∗ = argmaxxi,k ∀i ∈ M;
16
if Nk + ∆xi∗,k ≤ 1 then
17
Update xi∗,k , xi∗,t , Nt and Nk ;
18
break;
19
end
20
k = k − 1;
21
end
22
end
23
if Nt > 1 then
24
Return Infeasible Problem;
25
end
26 end
27 return X
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Algorithm 7: Optimization Stages of Guided Heuristic
Output: X and κ;
−1
1 Define: Ri,t = r̄i,t − Si,t Φǫ σi,t ;
i,t
2 for t ∈ T do
3
while Nt < 1 do
P
P
(q)
4
Calculate Vi,t = tt′ =0 ∀q∈Q κi,t′ vq for all users;
5
for i ∈ M do
(q ′ )
6
Calculate a possible higher quality level κi,t vq′ ;
(q ′ )
7
Calculate the required airtime ∆xi,t to satisfy κi,t vq′ ;
(q ′ )
8
Update Vi,t using κi,t vq′ ;
9
end
10
Select the set of users l with minimum Vi,t ;
11
Select user k from l with minimal ∆xi,t ;
(q)
12
Update Nt , xk,t , and κk,t ;
13
if l is empty then
14
while t′ < T do
15
Select user i with maximum (Ri,t ) × (ri,t′ − ri,t );
16
Repeat lines 5 − 6 and line 11 for user i with t = t′ ;
17
end
18
end
19
end
20 end
21 return X and κ

power at the user device to apply variations in predicted rate. Users follow random predefined paths within the cell coverage region at varying velocities from 25 to 40 km/h, which
correspond to typical values in urban areas. All the simulation parameters and values are
presented in Table 7.1, and the average of all output results, over 50 simulation runs, is reported in the following subsections. We compare the introduced RP-DASH scheme with an
existing non-robust P-DASH technique. The abbreviations, definitions and solution methods of the comparative schemes are summarized in Table 7.2. Existing non-robust P-DASH
techniques, referred to as P-DASH, are simulated by replacing the random rates in Eq. 7.1
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Table 7.1: Summary of Model Parameters in the Fourth Variant
Parameter
BS transmit power
Bandwidth
Time Horizon T
Streaming rates
Bit Error Rate
Shadow correlation distance(dcor ) [113]
Shadow standard deviation [113]
Velocity
Packet size
Packet rate (from core network to BS)
Buffer size

Value
43 dBm
5 MHz
60 s
0.5, 1, 1.5, 2, 2.5 [Mbps]
5 × 10−5
50m
4, 6
25 - 40 [km/h]
103 [bytes]
103 s−1
109 [bits]

Table 7.2: Comparative Schemes
Notation
Definition
Solution Method
P-DASH
Non-robust P-DASH in [26, 136]
Gurobi [124].
PP-DASH P-DASH with perfect channel knowledge
Gurobi [124].
SRP-DASH
SA based RP-DASH in Eq. 7.3
Gurobi [124].
GRP-DASH
GA based RP-DASH in Eq. 7.7
Gurobi [124].
HRP-DASH
GA based RP-DASH in Eq. 7.7
Heuristic in Algorithm 6-7.
with the average rate values. The performance bounds are obtained by PP-DASH which
assumes perfect prediction of channel rates (without errors) to replace the random variable
in C1 Eq. 7.1.

7.8.2 Evaluation Metrics
QoS Satisfaction and QoE levels
In order to assess the robustness of the simulated schemes, we measure the QoS satisfaction
using the number and duration of video stops denoted by η and τ , respectively and calculated as in Eq. 5.24 and Eq. 6.6. Similar to Chapter 6, the resultant QoE is also reported to
model the users’ perception using the MOS formula in [133] and [134].
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Video Streaming Quality
A key performance parameter of DASH is the selected quality of all the segments over the
time horizon for each user i, denoted by Vi , and calculated as a function of the segment size
as follows
X X

Vi =

∀t∈T ∀q∈Qi

(q)

κi,t vq

∀i ∈ M

(7.8)

The Vi metric is averaged over all users to assess the conservatism of the schemes, while
the optimality of the objective function is measured by the fairness using the Jain’s index
below
(
J=

M
P

V i )2

i=1
M
P

M

(7.9)
Vi

2

i=1

7.8.3 Simulation Results
Comparison with non-Robust P-DASH
We firstly compare both the SA and GA formulations of the introduced robust P-DASH
against the existing non-robust P-DASH for different values of QoS degradations and standard deviations. The existing non-robust P-DASH suffered from an increased number and
durations of video stops with the standard deviations of shadowing as depicted in Fig. 7.3(a)
and Fig. 7.3(b), respectively. Although only four users are considered, this QoS degradation resulted in average and poor MOS values due to frequent stops with long durations as
shown in Fig. 7.4(a) and Fig. 7.4(b), respectively. This is attributed to the average predicted
values of rates adopted by the P-DASH which did not account for the rate variations and
uncertainties. As such, the highest quality levels were always selected by the non-robust
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scheme as depicted in Fig. 7.5(a). This is as opposed to the introduced GRP-DASH and
SRP-DASH formulations which were able to keep the percentage of stops and durations
below the QoS degradation level ǫ × 100%. An increasing trade-off between the QoS and
QoE improvements on one hand and the quality degradation on the other hand is deduced
over different ǫ levels as in Fig. 7.3(a)-Fig. 7.4(b) and Fig. 7.5(a), respectively. The main
objective (i.e. quality fairness), did not suffer a significant degradation as reported by the
Jain’s index in Fig. 7.5(b).
By increasing the number of users, more and longer video stops are observed which resulted thus in low MOS values when using the P-DASH as shown in Fig. 7.6(a)-Fig. 7.7(b).
This degradation is caused by the optimistic strategy of the P-DASH which tries to maximize the quality at the expense of prebuffering and thus increases the chance of stops during
channel variations. This was avoided by the GRP-DASH which, in essence, allocates more
airtime than the P-DASH based on the standard deviation and the QoS degradation level ǫ.
The optimality gap between the P-DASH and RP-DASH (GA and SA) also decreases with
the increased load as shown in Fig. 7.8(a)-Fig. 7.8(b) since the former has to retroactively
allocate extra airtime after detecting the video stops.
Gaussian and Scenario Based Comparisons
Comparing the SRP-DASH with GRP-DASH, the latter is found to be less robust, in terms
of average stops, during the low standard deviations and high QoS degradation levels ǫ as
shown in Fig. 7.3(a)-Fig. 7.3(b). However, this is not the case when the MOS is considered
which illustrates that GA is equal or more robust than the SA as discussed in Section 7.4
especially at very low values of ǫ. Since the MOS is calculated by an exponential function,
it reveals that the GA provides a fair robustness across the users unlike the SA which
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(a) Percentage of video stops
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(b) Percentage of video stops duration

Figure 7.3: QoS performance of RP-DASH (SA and GA) for 4 users at different degradation levels
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(a) Average MOS for the number of stops
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(b) Average MOS for the stop durations

Figure 7.4: QoE performance of RP-DASH (SA and GA) for 4 users at different degradation levels
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Figure 7.5: Quality performance of RP-DASH (SA and GA) for 4 users at different degradation levels
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decreases the average degradation and conservatism. The optimality gap in Fig. 7.5(a)Fig. 7.5(b) reveals another trade-off between the amount of information, required by the
SA, and the lower quality obtained by the GA.
Evaluation of the Heuristic and Complexity
The performance of the introduced heuristic is reported for different numbers of users in
Fig. 7.6(a)-Fig. 7.7(b). Similar to the GRP-DASH, the HRP-DASH was able to satisfy
the maximum QoS degradation level ǫ and provided a stable QoS performance over the
load and the channel standard deviation. It can be also seen that the HRP-DASH was
slightly more conservative than the GRP-DASH and thus reported a smaller optimality gap
in Fig. 7.8(a)-Fig. 7.8(b). This demonstrates the ability of the heuristic to exploit the problem structure and obtain near-optimal solutions that also satisfy the defined QoS degradation level ǫ. The complexity of the both optimal and heuristic techniques is measured in
terms of the execution time as reported in Table 7.3. The heuristic algorithm only requires
less than 0.1ms. to solve the RP-DASH formulation irrespective of the network load (i.e.
number of users) and the QoS degradation level ǫ. This is unlike the commercial solver
which required tens or hundreds of seconds to reach the target duality gap. The execution
time increases with both the number of users, due to the larger problem dimension, and the
QoS level (1 − ǫ) due to the tight feasibility region. When the optimal SA is used, more
execution time is required compared to the GA due to the added auxiliary decision variables, thus, presenting a new trade-off between the complexity of SA and the conservatism
of GA.
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Figure 7.6: QoS performance for different number of users at ǫ = 0.1
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Table 7.3: Execution Time of the Simulated Schemes
Number of Users

QoS Degrad. Level (ǫ)

Technique
4

8

12

16

0.3

0.2

0.1

0.05

120s.

290s.

600s.

30s.

30s.

30s.

30s.

P-DASH

50s.

SRP-DASH

60s.

200s.

320s.

600s.

50s.

55s.

60s.

80s.

GRP-DASH

50s.

120s.

260s.

560s.

30s.

40s.

50s.

55s.

HRP-DASH

<0.1ms.

<0.1ms.

<0.1ms.

<0.1ms. <0.1ms.

<0.1ms. <0.1ms.

<0.1ms.
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Chapter 8
Conclusions and Future Directions
8.1 Summary and Conclusions
In this thesis, we addressed the problem of predictive resource allocation (PRA) for video
streaming under imperfect prediction. In contrast to previous efforts [25–27, 37, 38], we
developed a robust-PRA framework with uncertainty in mind that provides joint probabilistic QoS guarantees and risk-aware prebuffering over a time-horizon. By offering a
mechanism to control the probability of constraint satisfaction, operators may strike a balance between network utilities such as energy and the risks associated with erroneous predictions. Furthermore, in order to facilitate practical deployment, near-optimal real-time
solutions coupled with a channel variation tracking technique were developed. Different
variants of R-PRA framework are introduced for energy-efficiency and QoS-aware adaptive
streaming. Stochastic optimization Chance Constrained Programming (CCP) and Recourse
Programming (RP) techniques are adopted, and tested under rate, demand and resource uncertainties. Results, obtained by a standard compliant simulator, indicate the resilience
of R-PRA framework in meeting QoS constraints, while significantly reducing BS energy
and achieve QoS fairness under practical prediction uncertainty. To summarize, for the
first time in literature, a robust framework is introduced for taking decisions over a
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time horizon while considering the interdependency between the time slot constraints
and the demand accumulation. This is further integrated with adaptive tracking of
uncertainty degree to control the robustness level.
The first two variants introduced energy-efficient robust schemes under rate uncertainties. The first solution assumed Gaussian distributed rate error model and integrated the
Gaussian Approximation (GA) for chance-constraint QoS modeling, a Kalman Filter (KF)
for prediction uncertainty tracking, and a guided heuristic that enables real-time implementation. The second variant, on the other hand, adopted Bernstein Approximation (BA) combined with Particle Filter (PF) to handle uncertainty with unknown or complex rate error
models in which the Cumulative Density Function (CDF) is non-invertible. Such tracking
enables the operator to be greedy during periods of accurate predictions, and thereby maximizes energy savings without compromising QoS. Using a guided heuristic enabled the
adoption of the GA and BA in their original less conservative Second order Cone Programming (SoCP) form as opposed to linear approximations in the literature. These results are
unlike the existing non-robust PRA that rely only on average future rates and thus suffered
from QoS violations due to increased number of video stops. The results further demonstrated that non-predictive RA either consumes excess energy or violates the QoS level
under low or high load scenarios, respectively.
Both Gaussian and Bernstein approximations are tested for meeting target QoS level.
At small feedback intervals that require frequent optimization via optimal solvers, both approaches were able to meet the QoS level while keeping the energy-saving gain close to
the benchmark. Less complex longer feedback intervals showed however different performances in both QoS satisfaction and energy saving. In particular, Gaussian approximation
was not robust to avoid the accumulation of video stops over consecutive time slots. This
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necessitates either joint probabilistic form with optimal risk allocation or short feedback
intervals. On the contrary, Bernstein approximation was able to satisfy the QoS level but
with high cost of robustness, i.e. more energy consumption, due to using the bounds rather
than the CDF of the prediction error.
The third variant focused also on energy-saving, but handled uncertainties in both user
demands and network resources over a time horizon. The RP and CCP models adopted the
probability of random video termination and arrival of real-time users. The performance
evaluation demonstrated the ability of the introduced scheme 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 excessive allocation for users leaving the cell
center and with high probability of terminating the video before viewing the prebuffered
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 user
demand. As such, high energy consumption is observed compared to the non-predictive
scheme employed in today’s network.
The last variant focused on Robust Predictive-DASH (RP-DASH) to jointly calculate
the resources and video quality while handling uncertainties in predicted rates and achieving streaming quality fairness among the users. New linear deterministic equivalent forms
are then proposed based on GA and SA to provide closed form solutions at a polynomial
complexity as opposed to traditional forms. Unlike the robust optimization literature, the
allocation over time-horizon will result in GA and SA with non-polynomial complexity and
non-convex approximations. As such, linearized and non-conservative yet robust approximations are proposed in this work. The performance showed the ability of probabilistic
RP-DASH to satisfy the predefined QoS level. This is unlike the existing non-probabilistic
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P-DASH schemes which assume ideal prediction and thus experience high degradation in
users’ QoS and QoE. The results further revealed a trade-off between the risk of experiencing video stops and maximizing video quality, which increases the need for an explicit
modelling of user’s preferences. As such, users seeking high video qualities should be
assigned low QoS probabilistic levels at the expense of increased number and duration of
stops. In addition to satisfying the QoS level, the small optimality gap between the SA
and GA promises the adoption of the latter in RP-DASH with quality maximization. This
is unlike the existing conclusions on GA that doubted its robustness in long-term energyefficient predictive video delivery. Adopting the GA in robust predictive DASH will decrease the cost of uncertainty modelling as the network operator will not rely on the exact
realizations of future rates. Moreover, near-optimal real-time robust solutions are obtainable for the energy-saving and DASH scheme through a low complexity guided heuristic
algorithm that exploits the problem structure. All the above performance improvements
and design flexibilities envision the implementation of R-PRA in future wireless networks
under practical uncertainties.
Compared to non-predictive schemes in today’s networks, the R-PRA demonstrates that significant prediction gains are still achievable under all kinds of uncertainties.

8.2 Future Directions
The future work considers the following enhancements to the system model, R-PRA framework and the performance evaluation:
1. System Model:
– Backhaul and Application: The main focus in this thesis is the wireless link.
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However, the uncertainties and limitations of the backhaul network have to be
taken into consideration. This includes the delivery of the video content from
the application server to the BS cache. The delays in the application server response to the user requests, maximum caching capacity in the BS and user device, and the backhaul link capacities have to be explicitly modelled to achieve
an optimized end-to-end performance.
– Multi-cell Environment: While each BS individually executes the R-PRA solutions, cooperative scheduling has to be introduced. In particular, neighbouring BSs can jointly exchange future information and calculate resource allocation that controls the inter-cell interference. For instance, the interfering BSs
can schedule their sleep interval to void simultaneous transmission and thus
increase the total channel capacity.
2. R-PRA Framework:
– Robust Optimization: the proposed work typically relied on stochastic optimization to handle uncertainties. Other robust techniques such as Fuzzy and
decision under uncertainty such as Markov decision process or belief networks
can be also introduced. The fuzzy is known for its low complexity but high conservatism which can be handled by real-time tracking of error variance. Other
probabilistic decision making techniques such as Markov decision process can
provide simple uncertainty modelling as it only requires conditional probability
among the system states rather than the error CDF.
– Real-time Prediction: the future information can be recomputed frequently over
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the time horizon to correct the previous predictions while leveraging the unveiled randomness over time. In particular, the KF and PF used to track the
degree of uncertainty, can be extended to correct the predicted information using the measurements. This will eventually lead to low uncertainty degree and
thus low safety term (i.e. cost of robustness).
3. Performance Evaluation and Optimization:
– Probabilistic QoE Models: Existing user experience models, i.e. QoE, can be
extended to capture the trade-off between video stops and selected quality using
the probabilistic metric. Particularly, a new QoE model is needed to consider
the user’s preference, i.e. both quality and stops, as a function of the QoS level
ǫ. Such model would guide the operator while selecting the value of ǫ jointly
with the resources and quality of segments to reflect the user preference.
– Dynamic Objective: Existing PRA focused on optimizing either the QoS (e.g.
video quality), in high load scenarios, or decreasing the energy-consumption
in low load cases. A joint optimization model is desirable to autonomously
evaluate the network load and select the objective function to optimize (e.g.
energy or QoS parameter).
– Testbed Implementation: An experimental evaluation is needed to assess the RPRA under real network conditions. Thus, assess the performance gains of both
PRA literature and robust techniques while considering practical uncertainness.
This is in addition to discovering implementation challenges and verifying the
assumptions on system model of the PRA literature and the proposed framework.
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Appendix
Appendix A
The objective function and all constraints in Eq. 5.12 are linear except the QoS one. The
convexity of this first constraint will be checked using the Hessian matrix, which should be
positive semidefinite [123]. Let the QoS constraint for the first user (i = 0) at time t = 1 be
denoted as f (x0,0 , x0,1 , ζ0,1 ). In the standard form, the constraint is represented as follows
v
u 1
1
X
uX
−1
2
(1)
x20,t′ σ0,t
f (x0,0 , x0,1 , ζ0,1 ) = −
r̄0,t′ x0,t′ − Q1−ζ0,1 t
′
t′ =0

t′ =0

For the ease of representation, let f (x0,0 , x0,1 , ζ0,1 ), x0,0 , x0,1 and ζ0,1 be denoted as F ,

x0 , x1 and ζ respectively. The Hessian matrix H can then be defined as follows
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The function (F) is convex if the Hessian matrix is positive semidefinite. In particular,
all the principle minors should be positive or zero.
• The value of satisfaction degree of individual chance constraint (i.e., ζ) should be
less than 0.5 to satisfy the constraint (summation of ζ) for β > 0.5. Accordingly, the
inverse of Q function Q−1
1−ζ is less than 0. Thus, all the first order principle minors
are positive.
• The first second order principle minor (constructed by deleting the third row and
column) is always positive for all the values of x0 and x1 , σ0,0 and σ0,0 . However,
this is not the case for the other second order principle minors whose positiveness
depend on the actual values of x0 and x1 , σ0,0 and σ0,0 . For illustration, the value
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of a second order principle (constructed by deleting the second row and column) is
calculated as follows


∆5 = −
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It can be observed that ∆5 is only positive for specific values of allocation decisions and the variance. For instance, by assuming the variance σ0 is greater than the
variance σ1 , the second term will be greater than the first term, and thus ∆5 < 0. Accordingly, the Hessian matrix is neither positive nor negative semidefinite and hence
the problem is non-convex.

Appendix B
All the equations in Eq. 5.14 are linear and thus convex except the second constraint whose
convexity is checked as follows
F (y, β) =

X

Q(yi,t ) − 1 + β

∀t∈T

2
1 −yi,t
2
∇F (y, β) = Q (yi,t) = − √ e
2π
2
−yi,t
1
2
′′
2
.
∇ F (y, β) = Q (yi,t ) = √ yi,t e
2π

′

Since we assume β ≥ 0.5 for practical QoS levels, the constraint holds iff

(10)

P

∀t∈T

Q(yi,t ) ≤

0.5. This implies that Q(yi,t ) ≤ 0.5 which occurs when yi,t ≥ 0. The Hessian matrix is a
diagonal matrix of positive entries that represents its eigenvalues. Accordingly, the Hessian
matrix is positive semidefinite and this proves the convexity of function.

