
The University of Sydney 
Faculty of Engineering 

School of Electrical and Information Engineering 
 

Year       
 

A thesis submitted in partial fulfilment of a                                                                   Degree  
 

 
 

Student Name  

SID  

Unit of Study 
Code and Name 

 

Supervisor  

Title  

 
© Copyright 2013 

S2, 2014

Bachelor of Engineering
Master of Engineering

Fangzhou Jiang

310072840

ELEC4713 Honours Thesis B
ELEC4714 Major Industrial Project

Prof. Aruna Seneviratne & A/Prof. Rafael Calvo

Factors influencing performance of smart 
mobile User Stashy

i



29 October 2014

ii



 

 

 School of Electrical and 
   Information Engineering 
 
 
 
 

STUDENT PLAGIARISM:  COURSEWORK – POLICY AND PROCEDURE 
 
 

COMPLIANCE STATEMENT 
 

INDIVIDUAL / COLLABORATIVE WORK 
 
 
 
I/We certify that:   
 
(1) I/We have read and understood the University of Sydney Student Plagiarism:  Coursework Policy 

and Procedure;   
 
(2) I/We understand that failure to comply with the Student Plagiarism:  Coursework Policy and 

Procedure can lead to the University commencing proceedings against me/us for potential student 
misconduct under Chapter 8 of the University of Sydney By-Law 1999 (as amended);   

 
(3) this Work is substantially my/our own, and to the extend that any part of this Work is not my/our 

own I/we have indicated that it is not my/our own by Acknowledging the Source of that part or 
those parts of the Work. 

 
 
 
Name(s):    
 
 
 
Signature(s):    
 
 
 
Date:    
 
 
 
 
 
Unit of Study for which Work is submitted:   
 
 
 
Nature of Work submitted / unit component:   
(eg, Assignment No. X;  Report No. Y) 
 
 

 

Fangzhou Jiang

30/10/2014

ELEC4713 Honor Thesis B

Final Thesis

Fangzhou Jiang 

iii



Factors influencing performance of smart

mobile User Stashy

Fangzhou Jiang

SID:310072840

Supervisors: Prof. Aruna Seneviratne/ A.Prof Rafael Calvo

A thesis submitted in fulfillment of

the requirement for the degree of

Bachelor of Electrical Engineering

(Telecommunications)

The School of Electrical and information Engineering

The University of Sydney

October 2014



Abstract

As a result of the exploding mobile data traffic, mobile service providers are struggling

to cope up with the demand even with the capacity provided by new technologies

such as LTE. Capped data plans were introduced, leading to a higher potential costs

and reduced users’ QoE. We introduce a novel mobile content distribution scheme,

User stashy, which enable users to access popular content for free and with low latency.

User stashy exploits the transient colocation of devices and the epidemic nature of the

content popularity.

Apart from bandwidth usage, the other aspect which makes a solution viable is the en-

ergy consumption. There are two major factors affecting energy consumption in User

stashy. The first factor is stash mechanism, which involves the overhead energy con-

sumption of switching to a local network and pushing the content to a local stash. The

second factor is user interactions, where users would either press, swipe to navigate in

application or use one of three popular modalities to input texts – namely soft key (SK),

speech-to-text (STT) and Swype.

Both of these aspects are evaluated. We model the system probabilistically using a real-

life dataset of video content access and evaluate the performance both experimentally

and via a simulator.

The results show that, in public transport scenario, more than 80% of the passengers

can save at least 40% on their cellular data usage during a typical average city bus

commute of 10 minutes. We illustrate that as long as User stashy can achieve 10% hit

rate, users are likely to save energy on using the system. Using high-precision power

measurement hardware and systematically taking into account the user context, we

characterize and compare the energy consumption of these three text input modalities.

Finally, we recommend users to use speech-to-text (STT) for long interactions and soft

key (SK) for short interactions.
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CHAPTER 1

Introduction

The pervasiveness of smart mobile devices and rich media services are giving rise to

exponential growth in cellular traffic of which video is predicted to account for more

than 65% of the total available bandwidth by 2017 [1]. To cope with this demand,

networks operators have introduced capped data plans and have to double capacity

every 1.5 years. Future expansion of capacity on a traditional mobile network will

not keep pace with this growth of data consumption. It is predicted that demand will

outpace the increases in capacity that will be provided by new technologies such as

LTE [2]. If this explosion of mobile data is not handled well, mobile operators’ network

costs will exceed revenue [3].

Likewise, the costs of mobile data roaming can be prohibitively expensive. This de-

mand is greatly driven by the boost usage of multimedia contents such as video and

steaming. At peak times, this high demand introduces high latency which reduces

users’ QoE [4].

This produced significant research efforts to develop techniques for minimizing the

cellular network data traffic and improving user QoE. These works broadly fall into

three areas, namely peer-to-peer systems [5, 6], traffic offloading [7, 8] and caching

schemes [9–11]. Peer-to-peer systems however cannot guarantee timely content de-

livery, while offloading schemes assume the availability of a low-cost network and

deal with delays when connecting to the lower cost networks. Traditional in-network

caching systems, on the other hand, are not effective as the delay and cost bottlenecks

quite often occur on the last hop wireless link in mobile networks [12]. Similarly, local

caching schemes including content prefetching [10] rely on the ability to predict user

interests, which is difficult, prone to failure and can lead to loss of privacy.

We believe that an alternative approach is to exploit the transient co-location of mobile

users and potential spatial-temporal correlation of content popularity along with the
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CHAPTER 1: INTRODUCTION

high capabilities of the modern mobile devices. We propose a content distribution

system the rationale of which is inspired by the delivery of information via the free

newspapers in public transportation systems in major cities around the world such as

Metro in NYC 1, where users consume content (reading the paper) whilst traveling but

leave the content (the paper) when they leave. We propose User Stashy, a system that

provides storage facilities and a free local network in public places and transportation

systems where users can stash the content they have downloaded via other networks.

The users who contribute to the stash also gets access to the content in the stash. Thus,

as the stash gets populated by content from contributors, users can access it locally.

This is fundamentally different from an in-network cache system as the stash is not in

the data path and content is pushed to the stash via a different network to which it was

downloaded.

There is no additional cost for the users of the User Stashy system, except a small energy

penalty for pushing some content to the stash which will be evaluated and further

investigate in this thesis. There is no need to predict users’ interests, as what is available

in the stash will be what other users of the system consumed. The appropriateness and

the content integrity and authenticity can be perceived as an obstacle for User Stashy

deployment. These can be adequately addressed through well-known techniques that

are used in the user-generated content hosting platforms which would also be covered

in the thesis.

On the other hand, smart mobile device technology is improving rapidly with signifi-

cant improvements in processing, storage and screen technology. These improvements

are placing more and more demands on energy, but the battery technology is not keep-

ing pace with the other improvements and is unlikely to do so in the foreseeable fu-

ture [13]. It has been shown in a study of more than 9 million comments in Google

play store, that more than 18% of all commented applications have negative comments

with respect to their energy consumption [14]. These applications are primarily being

used to access content/information, and a recent survey [15] has shown that the top

activities of smart mobile device users are accessing the internet, checking mail, chat-

ting and social networking. Moreover, the majority of usage scenarios in smartphones

involve frequent user interactions, smart mobile devices are also regarded as highly

interaction-oriented [17].

Energy drain is dependent on three factors – user interactions, applications mechanism

and platform hardware [16]. If the platform hardware dominates, the energy drain of

different users with same smartphone will be similar. Otherwise, the energy drain will

1http://www.readmetro.com/en/usa/new-york/
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CHAPTER 1: INTRODUCTION

vary with different user behaviors.

We investigated the energy consumption of stash mechanism in details via application

developed in Android. We show that although User Stashy would cost slightly higher

energy in a stashy miss case, a stashy hit could have an energy saving of ∼70%. We

further illustrate that as long as User Stashy could achieve at least 10% hit rate, users

are likely to save energy on using the system.

Apart from a few studies that report user charging behaviors [18], how users interact

with smartphone is not well studied [16]. It is important to understand the mecha-

nisms in order to effectively improve user QoE and reduce energy consumption. Users

press or swipe icons of different functionality to navigate through the application and

input text via different input modalities for searching certain videos of interest and

make comments. Given the volume of text input users have, it is clear that it is one of

the major modes of interaction, which would have considerably high impact to users’

energy consumption within and outside of the User-stashy system.

There are mainly three types of input modalities. Initially, text input was enabled on

smart mobile devices via a soft keyboard (SK), i.e. typing on the touch screen keyboard.

However with SK, the users in most cases, need to use both hands to type fast, which

is difficult to do whilst “on the move”. To address this, speech-to-text (STT) [19, 20]

and Swype, which allows single-hand text input have appeared in the market. With

STT, speech is captured on the mobile device and sent to a server for processing. With

Swype, users simply swipe their finger from one letter toward the next of the intended

word, and the mobile app attempts to predict the word. Swype is gaining popularity not

only because it allows single-handed input, but also as it enables faster input compared

to SK and is more discrete compared to STT.

Different users embrace different input modalities based on their habits and familiarity

(convenience). The different text input modalities use different hardware components

and carry out different amount of processing on the smart mobile device. Therefore,

these different input modalities consume different amount of energy for completing the

same task. For example, SK predominantly uses the touch screen, while STT uses the

microphone for recording and the communication interface for transmitting the speech

sampled to a server and receiving the converted text from the server. Users are mostly

unaware of the impact of these processing and communications requirements on the

energy consumption of their device.

There has been significant work done in terms of optimizing the energy consumption

of smart phones when it is being used for purposes such as video streaming [21], web-

browsing [22], downloading content [23] and instant messaging [24]. It is also shown

3
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that using the least energy efficient application could potentially shorten the battery

lifetime by a factor of 2.5 as reported in [24]. However, all these studies have focused on

the use/running of the applications, and not on the user interactions. To the best of our

knowledge, there has been no prior work in characterizing the energy consumption of

user interaction with smart mobile devices. We characterize the energy consumption of

different input modalities by means of short message service which is less dependent

on the system mechanism. Additionally, we study the energy consumption of user

“input styles”– presses, swipes and speak, based on different user “touch”, “swipe”

and “talk” style. We show that application mechanism (choice of modality) but not user

behaviors is the dominant factor for energy consumption. Experimental design/results

are presented in Section 3.5, 4.2.

We investigated novel solutions for increasing mobile data demand by using crowd-

sourcing and stashing in order to minimize the bandwidth usage of mobile devices.

Hence, the energy consumption impact of the system is thoroughly studied with re-

gards to system mechanism and user interaction. In particular, we characterize the

energy consumption of three different input modalities for future system optimization.

The proposed system used novel statistical data analysis techniques to extract features

of data usage by users and then use these insights to develop new communication

mechanisms to minimize the cost to users and service providers with a minimum en-

ergy penalty. As part of the project NICTA is building an application in both android

phones and Linux embedded system for the User Stashy system, and this work will

focus on the evaluation and optimization for the performance of the system via math-

ematics modeling, system simulation and experimental tests.

4



CHAPTER 2

Background

2.1 Web caching

Since the early 90’s, web caching has been proposed and researched to improve the

performance of WWW due to the exponential growth of its size. Web caching mainly

addresses two issues: network congestion and server overloading [25]. In other words,

web caching caches data at locations closer to the users so that it could mitigate network

bottleneck, reduce traffic and improve availability. The idea of web caching develops

from proxy caching where clients within the same firewall of a proxy server.

Typically, web caching consists of three main categories [26]. Firstly, a cache could be

located at the client side, which is also called browser cache. It is very useful when

users browse the same page again. Secondly, cache could also be located in the proxy

server. This is a local copy of the original page that can serve more than one single

user. Origin server cache is the last type of web caching, and it works for reducing the

server load. There are three main features of web caching which makes it attractive to

all participants in the web [27].

• For ISP: web caching can reduce the overall network bandwidth usage.

• For user: web caching is beneficial to reducing the latency of users, because of the

contents are stored closer to the users.

• For content provider: web caching is also capable of reducing the loads on the

original server and lower the probability of traffic congestion.

Despite the fact that web caching is becoming more effective due to increasing caching

capacities and dynamic features of web 2.0 [28], future improvement is possible for

mobile devices. The primary limitation of web caching in the case of hand-held de-

vices stem from the fact that the last wireless hop becoming congested. When the last

5



CHAPTER 2: BACKGROUND

hop is congested, the traditional caching architecture described above has only lim-

ited impact. Therefore, it is necessary to develop new caching architecture for mobile

devices as the total traffic consumed by mobile devices is also becoming higher than

desktop [1].

2.2 Mobile distributed caching

There have been a number of research efforts in the field of mobile networks to im-

prove performance. Apart from the normal cellular network upgrade, there are large

bodies of research on peer-to-peer mobile networks [29], offloading [30, 31], caching

and prefetching [10, 32, 33]. Peer-to-peer enables the communication and data trans-

fer between users. Off-loading attempts to use other available networks (such as Wifi)

when possible, while prefetching downloads the content when the network is not con-

gested or via a different network to help migrate network congestion. However, among

all these broad categories, the closest work related to User stashy is caching system. The

work on caching again broadly falls into three areas: cooperative caching, caching at

the edge of the network and caching for personal use.

2.2.1 Cooperative Caching

Cooperative caching, which initially allows the sharing and cooperation of cached data

among multiple proxy servers, has been studied widely [34]. The Harvest project [35]

introduced the notion of hierarchical caching, which lies in integrating a cache on ev-

ery node in the network. Cache in the network can locate a missing requested object

by issuing requests to the cache at the hierarchy’s upper levels until either the object

is found or root cache (server) is reached [36]. The hierarchy is then enhanced by a

transversal system by introducing a set of sibling caches that are close to each other in

the same hierarchy level, which is when the study of cooperative caching starts.

In the web environment, cooperative caching can be classified as message-based, directory-

based, hash-based and router-based. A number of cooperative caching protocols are pro-

posed for a minimized overhead for object retrieving. Internet cache protocol (ICP) was

introduced by Wessels and Claffy [37], and has become a standard and widely used.

ICP is used for communication among web caches and it has the feature of light weight.

ICP queries and replies are exchanged between caches to gather information in regards

to the most appropriate location to retrieve an object. However, ICP is reported to

have a poor scalability with increasing numbers of nodes. Some other protocols such
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as Summary Cache [38] and CARP [39] are also proposed as transversal cooperative

caching protocols. In Summary Cache, each proxy keeps a compact summary of the

cache content of sibling proxies, and CARP partitions the URL space among sibling

proxies. They belong to directory-based and hash-based cooperative caching correspond-

ingly.

Unfortunately, these techniques primarily developed for wired networks [37, 38] can

not be directly applied to ad-hoc wireless and mobile networks due to different con-

straints such as network topology, costs, cache capacity and bandwidth. There are also

works related to caching in wireless networks [40, 41]. However, no solution account-

ing for most of the constrains mentioned above is available.

2.2.2 Cooperative content caching in ad-hoc/mobile network

Traditional in-network caching exploits the locality of interest by storing the content as

close to the location of the interest as possible. In mobile networks, most of the delay

and cost incur in the last hop wireless link, while the traditional solution only helps in

reducing the latency and bandwidth in the backbone links.

Caching, however, can be done in different levels. In general, the closer it is to the

clients the better result it could achieve. Fortunately, with the increase in the capability

of mobile devices, the place where cache could be stored is becoming closer to the

client. Moreover, hand-held devices could even act as caching storage themselves.

Cooperative content caching in mobile/ad-hoc network mainly aims at improving ef-

ficiency of information access with the reduction of bandwidth usage and latency [42].

The main issue to be addressed in mobile/ad-hoc cooperative caching protocol is to

find the optimal path for retrieving the cached object at a minimum cost of control

message and energy.

There are two basic types of cooperative caching protocols [36]: Proactive and Reactive.

The former ones (eg. OLSR [43]) update caches periodically and the latter ones (eg.

DSR [41], AODV [44]) only modify caches when a communication request is sent be-

tween different nodes. We will show some representative cooperative content caching

scheme in details.

Community Based Cooperative Content Caching in Social Wireless Networks

Taghizadeh and Biswas in [45] present a social community based cooperative caching

aiming at the minimized content provisioning cost in Mobile Social Wireless Network
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(MSWNET). They use the Amazon’s kindle electronic book delivery model to inves-

tigate the performance of the system. This model, hence is used for creating an op-

timal cooperative caching strategy in MSWNET. Mobile Social Wireless Networks are

formed through local ad hoc wireless network. In the MSWNET, any content access

alternative will be searched before downloading from content provider’s server. The

overall provision cost is lowered and this mechanism is called cooperative content caching

as we mentioned in the previous section. There are large bodies of research on cache

management, cooperation overhead and performance. The group focuses on a differ-

ent aspect which tries to minimize the network provisioning cost via optimal caching

storage distribution in the network.

A hierarchical split caching (HSC) algorithm is proposed under the observation of some

real-life human mobile traces and mobility models, where nodes in the same commu-

nity tends to contact more frequently and longer. In HSC, each cache space of node

is divided into three separate areas. The first area is reserved to store certain number

of very popular content, and these content can be duplicated at nodes in and out-of-

community. The second arena is reserved for cooperative among in-community nodes,

where duplication of content is not allowed within community but is allowed with

stranger nodes. Finally, the third area is used for unique content globally. The split

factor which determines the proportion of each area will need to be based on the char-

acteristic of different social community for an optimal effect. It is shown that the HSC

strategy can reduce the total network content provisioning cost under various mobility

model comparing to some other non-hierarchical caching strategies [46].

The work of HSC algorithm could be evaluated and adapted to User stashy, if we would

consider forming a Ad-hoc stashy network in the future work.

Proactive Caching for Hybrid Urban Mobile Networks

In 2010, Mashhadi and Hui in [47] proposed an opportunistic proactive caching strat-

egy which exploits available access points to proactively push content to nodes through

Wifi. It is shown in the paper that the result is promising, which gives up to 70% cache

hit rate and shortens the latency up to half. The study in done under the area of delay

tolerant networks. Video contents in our User stashy has a similar property of delay

tolerant so as to be suitable for caching purpose. The difference is that in their pro-

posed system, users can either download content from each other opportunistically

or directly through 3G after a given patience time. In other word, the content is dis-

tributed in the whole system without an access point. They describe a scenario such as

London 2012 Olympics where users share similar interest and are geographically close
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to each other. Hence, this could even provide Internet access for users who do not have

access to cellular network or due to service outage. Mashhadi and Hui address the lim-

itation of the classical caching replacement policy in a mobile network, and evaluated

their proactive caching strategy in the given scenario. Content distribution is carefully

analyzed on Youtube.

They select LRU, LFU and LRU* as classical caching for comparison in mobile net-

works. The classical strategies are adapted to mobile network and is shown to have

little benefit. The proactive caching strategy will push a selected set of contents from

access point’s cache into the nodes’ cache based on the content popularity. They use

a frequency counter to indicate the popularity. The selection of target nodes could

be bulky selection or random selection, in which bulky selection will push the bigger

popular files while the random selection will push any random popular files. The dif-

ference of pushing in this paper differs to User stashy system in that, the former one is

the access point pushes content to nodes to distribute and the latter is pushing content

in nodes to access points for future usage. Finally, their simulation shows up to 70Z%

cache hit rate and up to 50% of reduced latency. It is claimed to be highly efficient for

large networks such as urban environment.

Their proposed system, however, requires the availability of APs with internet access.

In addition, all nodes behave as peers, resulting in all the trust, security and privacy

issues associated with peer-to-peer systems. The US-server in User-Stashy in contrast

does not require internet access, and there are no communication between nodes.

A novel caching scheme for improving Internet-based mobile ad hoc networks

performance

In order to solve some problems existing in Internet based Mobile Ad hoc networks

(IMANET) such as insufficient bandwidth, longer latency and limited accessibility to

internet, Lim et al [48] introduce a broadcast based Simple Search(SS) algorithm and an

aggregate caching mechanism. The cache admission control policy in the proposed ag-

gregated caching mechanism is called Time and Distance Sensitive replacement(TDS).

The simulation results give a more than 200% improvement in throughput comparing

to IMANET without cache when using a Zipf access pattern.

The described Simple Search will determine the information access path to the mo-

bile terminal or an access point. The request packet containing the requester’s ID and

the request packet id will be sent to all the neighboring mobile terminals and access

points. Hence if no request is satisfied, these mobile terminals and access points will
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forward to requests to their neighboring nodes. A limited time is set before the orig-

inal MT determines the cache search fails. TDS uses two factors to determine which

cached content to evict. The first one is the distance, which is measured by the num-

ber of hops away from the access points or mobile terminals. The second factor is the

access frequency. This scheme considers both latency and frequency in the network,

and is compared with LRU policy. Performance evaluation shows that adding cache in

IMANET is observed to improve communication performance in terms of throughput

and average latency.

2.2.3 Caching at the edge of the network and personal caching

There are many proposals for proactive caching at the edge of of the network. [49, 50].

Video Fountain [49] deploys kiosks at popular venues to store and locally distribute

content. The primary aim is to cache messages that users generate at different locations

where the kiosk is located, which are then made available to users in the vicinity of a

kiosk. Thus the system, similarly to opportunistic networks, relies on human mobility

to carry content between kiosks. In contrast, User-Stashy does not rely on the users

explicitly carrying information, but rather on the transient colocation of mobile users

and the spatio-temporal correlation of content popularity. Erman et al. [50] propose

a cost-benefit trade-off model to investigate the caching benefits at different levels of

a cellular network. However as mentioned earlier, caching at the base stations is not

effective as the bottlenecks quite often occur on the last hop wireless link in mobile

networks.

Similar to in-network caching, caching at the end-user devices (e.g., smart phones)

has also been studied previously [9, 51]. Qian et al. [9] show that there are 17-20%

redundant data transfers on cellular networks as a majority of current mobile web ap-

plications under-utilize the caching capabilities. In [51], the authors focus on the QoE

improvement of web browsers and show that 60% of the requests can be served by

a browser cache of only 6MB. Predicting user consumption of content and prefetch-

ing the content by caching it on the user’s device to minimize the network congestion

and cost, has been also evaluated in [10, 52, 53]. The effectiveness of content prefetch-

ing heavily relies on accurate prediction of future demand and the ability to find un-

congested and lower cost network to prefetch the data. However, it has been shown

that accurately predicting user behavior and the network availability is a challenging

task [54]. In addition, it also raises numerous privacy issues [55]. User-Stashy caches

content and makes it available to other nearby users, which is in line with studies that

argue in favor of exploiting redundant data transfers [9, 51] and emanates the system
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from the need for user behavior and network availability predictions.

This work focuses on the caching in last hop of the network. Apart from the caching

architecture the other two aspects where play a fundamental role in the efficiency of a

caching system are the content consumption characteristics of the clients and the cache

management policy.

2.3 Content Characteristic and Consumption pattern

Popularity distribution: Breslau et al. investigate two issues about web caching in

their paper "Web caching and zipf-like distribution – Evidence and implications [56].

The first issue is whether the web requests from a fixed user community are distributed

according to zipf’s law, and the second issue is whether there is a different web access

pattern for content based on temporal locality. He proves that the page request distri-

bution is zipf-like and hit rate does have temporal locality. These answers are important

for caching management and cache hierarchy design.

Spatial temporal coherence: Jin and Bestavros also discuss the two distinct phenom-

ena in temporal locality of reference in web content requests [57]. They are the long-

term popularity of content and short-term temporal correlations of requests. They also

proposed a new model which is capable of capturing popularity and temporal locality

separately by varying the inter-request time distribution model.

For mobile video requests specially, the zipf-like content popularity distribution is con-

firmed under cellular and 3G environment with a large independent dataset [58]. A

temporal video request pattern is found, in which strong daily and weekly patterns are

shown [58]. In another study by the same group [59], geographic popularity patterns

are further studied, where mobile devices requests shows a stronger temporal locality

characteristic than traditional requests.

2.4 Cache Management

One of the most important aspect of traditional caching effectiveness is content place-

ment and replacement policy. Cache replacement policies have been well studied in

the past, and various groups [36, 44] proposed cache replacement algorithms aimed at

optimizing different aspects, such as higher hit rate, high byte hit rate, lower latency,

lower power consumption and lower cost metrics. In web caching, especially caching

in ad-hoc network, the aim is reducing network traffic. Hence, caching replacement
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policies also needs to take into account the sizes.

Cache replacement policies can be broadly classified into the following four categories [26]:

1. Recency-based policies: Recency based policies use the last access time as the

primary factor to decide whether to remove a cached object. LRU is the represen-

tative policy, and there are other recency based policies available such as LRU-,

LRU*, LRU-hot and HLRU which are LRU-like policies. The disadvantages of

recency-based policy is that it does not consider the frequency, size and latency

of an object.

2. Frequency-based policies: Popularity (or frequency count) is used as the pri-

mary factor to decide whether to remove a cache object. LFU represents the

frequency-based policies family. Some other proposed policies in the family are

LFU-aging, LFU-DA and swLFU etc. The main disadvantage, similar to recency-

based policies, is that it only considers frequency.

3. Size-based policies: Size is the primary factor for removing cached object, where

SIZE is the representative policy. We also have LRU min, partitioned caching,

LRU-SP available in this family. The main disadvantage is the lack of considera-

tion of other factors in the system again.

4. Function-based policies: Function-based policies associate each cached object

with a utility value, and the value is calculated based on some algorithm. GD-

SIZE represents this function-based policy family. GDSF, GD* and GDSP are also

in the family. The hard part for these policies are to choose appropriate weighing

of each factors.

2.4.1 Caching management in mobile distributed system

The difficulty of caching in a distributed system is that there are so many factors that

are affecting the performance of one cache replacement policy, such as long-term popu-

larity of content, temporary locality, content size, miss penalty(cost) and content access

pattern.

• Even though cache size limitation is getting weaker in web server due to the fast

increase of caching capacity [28], the problem still persists for hand-held devices.

• The distribution of long-term popularity of content is found to be Zipf-like, how-

ever, temporal locality also exists in web traffic. This results in the trade of fre-

quency and recency based caching replacement policy.
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• The miss penalty is the higher latency compared to a non-caching system due to

the overhead of checking for cache availability.

• Cost is defined to be the extra-overhead for bringing the content into the cache.

It could vary based on the size of content or the value of different contents. How-

ever, cost could also be homogeneous for all contents.

To concludes, the performance of caching replacement policy depends highly on the

content access pattern, and there is no single policy exits that performs better than oth-

ers for all kinds of traffic access pattern. And this is the reason why it is very interesting

to investigate different caching replacement policies performance under a real mobile

distributed system.

2.5 Energy consumption characteristics

The two major factors influence energy consumption as mentioned are system mech-

anism and user interaction. We will focus on the relevant works in regards to user

interactions.

2.5.1 User interactions

The research community has been investigating ways of minimizing the energy con-

sumption of hardware that are more energy efficient exemplified by [60–62]. Similarly

there has been considerable work done to make the applications more energy efficient,

by reducing their interaction with hardware and communications. However, there has

been limited work that have investigated the user interaction and the impact on energy.

Page [63] investigated the implications typing using a soft keyboard, ITU-T numeric

keypad, Swype and Swiftkey on six different smart phones. He concluded that, Swype

and Swiftkey are the most effective and that they offer substantial benefits to users

as typing speeds comparable to when using common computer keyboard could be

achieved. However, the study does not investigate the energy consumption different

input modalities have. The focus of our work was to examine the energy consumption

of the different input modalities and provide a guide to the users as to which modality

should used to conserve energy.

Numerous groups have investigated on energy consumption of mobile devices by ex-

amining the energy consumption of different hardware components of mobile devices

and applications. Carroll and Heiser [64] presented the detailed breakdown power
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consumption of mobile phone’s main hardware components and developed a power

model for smart phone. They investigated the energy usage and battery lifetime under

different usage patterns by analyzing the power consumption of the various compo-

nents of a smart phone. They showed the most power hungry components in the phone

and identified the most promising areas to focus on improve energy efficiency. Yoon

et al. [65] also used kernel activity monitoring as a way of deterring the energy con-

sumption of mobile applications. Using this technique, they were able to estimate the

energy usage for online activities. These studies again focused on application behavior

as opposed to user interaction.

Perrucci et al. [66] investigated the impact on energy consumption of a smart phone,

when using different services such as data, cellular link services and mobile TV. They

show that for SMS, the energy consumption was dependent on the cellular network

that is used. The overall finding was that GSM consumes less energy when compared

to 3G (UMTS). While this finding influences our finding about the STT energy con-

sumption, it does not directly address the impact of the input modalities on power

consumption. Vergara et al. [24] studied the energy consumption of different instant

messaging (IM) applications. They showed that short messages consume as much en-

ergy as longer messages and that it is possible to trade off latency for increased energy

efficiency. [67] showed that typing notifications results in almost a 100% increase en-

ergy consumption. There are also a number of groups focusing on energy consumption

of a specific activities such as video streaming, web-browsing and downloading. Tres-

tian et al. analyzed the power consumption for video streaming using different wire-

less networks [21]. Their result showed the network load and signal quality together

have a significant impact on energy consumption. Thiagarajan et al. [22] measured the

detailed energy consumption for web browsing using a similar measurement method-

ology to what is presented in this paper. They optimized the energy needed for web

page downloading, rendering, and showed a modified Wikipedia mobile site which

can reduce 30% of the energy cost. Energy consumed when downloading via different

wireless networks (Wifi, 3G and Bluetooth) was also investigated by Kalic et al. [23].

They proposed an energy consumption model for each communication technology and

showed that this model can be used on collaborative downloading to lower the overall

energy consumption. All these works, whilst relevant does not address the impact of

the input modalities on power consumption.
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2.6 Summary

As can be seen the current caching architecture do not fully address the limitation of the

last hop of network. The spatial temporal coherence of content characteristics and con-

sumption pattern enables further performance improvement. In addition, the cache

management policies do not fully take into account the characteristics of the current

web traffic and user characteristics. As a result, User-stashy is proposed specifically to

address the bandwidth constraint in the last hop of network, and various caching re-

placement polices are implemented for evaluation in User-stashy system. In addition,

battery usage is a key limitation for mobile devices, and there is room for further op-

timization of power/energy consumption in terms of user interactions – especially for

choosing the optimum input modality under various user context.
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3.1 Novelties and Contributions

We proposed a novel mobile system to reduce mobile data traffic exploiting the tran-

sient colocation nature of mobile users and the spatio-temporal correlation of content

popularity along with the capabilities of the modern smartphone devices. There are

three main novelties in the proposed system:

• Unlike traditional cache scheme, the content stashed is not in the data path be-

tween the sender and receiver. Hence a different local (low-cost) network is pro-

vided to stash the content.

• Eliminate the need to predict content consumption pattern and the network load-

ing.

• We characterize the energy consumption of input modalities, and provide some

insight for optimizing the energy usage with regards to user interactions.

We provide the following contributions:

• We model the video content access and the corresponding content consumption

patterns of mobile users in public transportation systems using a unique large

real-life dataset from a popular video content provider.

• We simulate the proposed system and show that more than 80% of the passengers

can save at least 40% on their cellular data usage during a typical average city bus

commute of 10 minutes.

• We demonstrate the feasibility and practicality of the proposed system through

the development of an Android application to evaluate the energy consumption

and data transfer latencies.
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3.2 Description of User Stashy system

3.2.1 User Stashy: An Overview

User Stashy system leverages off the transient co-location of mobile devices and the

epidemic nature of content popularity, where users in a particular location and a given

period of time are more likely to be interested in the same set of content [68]. This

is done by allowing the users to contribute the content that they have downloaded

and consumed to a local store (US-server) via a local network (US-LAN), and making

content on the US-server available locally. If content is obtained from the US-server,

users will reduce their cellular data usage. Moreover, thanks to the higher capacity

of the local networks, latency will be minimized and as a result, the user QoE will be

improved. In the next paragraph, we overview the system’s operations.

US-LAN 

US-server 
[User-Stash] 

US-app 1 
US-app 2 

Cellular Network 

2. Download from the custodian 

3. Push to 
User-Stash 

4. Stash hit 
1. Stash miss 

Figure 3.1: Operations of the User-Stash System.

Users access the User-Stash system via an application, US-app, on their devices1. The

US-app enables users to access web content via the cellular network and via the US-

LAN when available. The US-server is provided by either another mobile device or a

dedicated device, acting as a local server. The US-server also acts as an access point

for the US-LAN. Access to the US-LAN is granted securely through the US-app using

standard Wifi authentication, e.g., WPA. When a user attempts to access content, the

US-app connects to the US-server via the US-LAN. If the content is available on the local

US-server, the content is served from the US-server. If not, the US-app connects to the

1The US-app could also be an extension (plug-in) to mobile web-browsers.
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cellular network and downloads the content. Once the content is downloaded and

consumed, the US-app pushes the newly downloaded content to the US-server, when

the US-app reconnects with the US-server. The US-server makes a local decision as to

whether it is useful or not to update its cache with the newly pushed content using a

content replacement strategy. 2.

In practice, users are required to get permissions to install the US-server app mode from

the User stahy system provider. Prior to the installation of the US-server mode, we con-

sider special cautionary verification. In particular, the User stahy system provider en-

sures the US-server candidate device has adequate system capabilities (hardware, mem-

ory, etc.) to provide the required (caching and delivery) services. Devices of users who

have registered as US-server, and accepted as such by the User stahy system provider,

will act as User stahy network access-points, denoted (US-APs), in addition to acting as

a (remote) cache. In Section 3.2.3, we provide the incentives for users to act as US-server

devices. The US-app users can simply download the app (e.g. from app stores) without

any specific registrations.

The US-server devices advertise their availability via specific SSID broadcast (e.g. us-

SSID), which is operated by simply activating the Wifi Hotspot mode on the devices.

All mobile devices running a US-app can then associate to the US-LAN when available

via one of the US-server. Associations to the US-server are handled by the US-app and

is secured using e.g. existing standard WLAN security mechanisms such as WPA au-

thentication mechanisms. Hence, authentication keys can be hard-coded in the app,

and periodically updated if needed, which will be future discussed in Future work ,

Section 5.2.

3.2.2 Application Scenario

We envisage several deployment scenarios of the User-stashy system. We intend to

deploy User-stashy on city buses for the distribution of YouTube, Daily-motion videos

and local news. Other popular videos sites along with news and articles are being

progressively implemented in the system. In this scenario, a device under the control of

the bus driver, powered via the power outlet of the bus, acts as the US-server, the access

point for the system. Initially, the US-server would be either empty or only contains the

data that was downloaded by the bus driver via a cellular network connection. The

US-server is then populated by commuters as they get on the bus and start using the

2This depends on the content replacement strategy adopted by the US-server, e.g. replacing least re-

cently used content (LRU), or removing least frequently requested (LFU) content, etc. which is discussed

in Section 2.4
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US-app.

3.2.3 Incentives/Disincentives

Incentives for users to subscribe to the US system is naturally driven by the willing-

ness to minimize their cellular data downloads. Furthermore, as will be shown in

Appendix A, when the content is delivered from the local US-server via the US-LAN,

latency and the device energy consumption are reduced.

US-app can either be supported via online advertisement or through subscriptions. The

ad supported version of the app displays an advertisement whenever it receives data

from the US-server. However, as these ads are locally served ads, received data does not

consume any of the (capped) cellular data plan of the users. The US-app and US-server

update their advertisement impression counts whenever they connect to a low cost

network, for example their home Wifi network, for accounting and detecting fraudu-

lent activities. The revenue generated form the subscriptions or advertisements will be

used to compensate the US-server provider.

In the above model, the more a US-server supplies content via the US-LAN, the more

likely it will get rewarded. This represents a clear incentives for people to participate

and operate as a cache contributor whenever they can.

With respect to energy consumption, the extra energy consumed to push the down-

loaded content to the US-server will be offset by the reduction in energy consumption

when downloading data from the local US-server since the energy consumed through a

Wifi connection is provably lower than that of cellular networks [69]. The US-server on

the other hand is, in our public transportation scenario, connected to a power source.

We will also further discuss the details of energy consumption in a separate section.
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3.3 System Modeling And Dataset Description

We model the User-stahy system using a real-world dataset (as described below) by

deriving probabilistic models of user behavior and online content access.

3.3.1 Dataset in use

We use logs of video content access of mobile users of PPTV, one of the largest VoD

service providers in China, for one week in December 2011. PPTV has 22 categories

of videos [70]. The logs provide content requests from three major cities – Shanghai,

Beijing and Tianjin, which corresponds to 9.5 million requests, generated by more than

500,000 users. Table 3.1 summaries the statistics of the dataset.

Due to the high percentage of movies and TV series episodes, the average length of

a video is about 50 minutes, which is much larger than online video services such as

YouTube. However, the average length of actual view time is about 18 minutes.

In the remainder of this section, we analyze the popularity and the size characteristics

of videos, as well as the transient aspects of content access and consumption patterns

of this data for the purpose of modeling the User-stahy system.

Table 3.1: Summary of PPTV dataset

Field Statistics

Duration 7 days - Dec. 2011

# of users 516, 149

# of content requests 9, 579, 576

Video categories 22 (news, movies, etc. )

% of WiFi requests 76.15%

# of requests/user/day 2.65

Avg. length of a video 50 min

Avg. length of view time 18 min

3.3.2 Popularity distribution of video content

It has been previously reported that the popularity of online video content follows a

Weibull distribution [71]. Even though the goodness of fit linear regression test pro-

vides a very high estimate of the empirical distribution for all videos, we observed

that the Weibull distribution does not fit well for the entire range. Since the User-Stashy
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Figure 3.2: Content popularity of PPTV dataset

operations are mostly concerned with the most popular content, we focus on the popu-

larity distribution for only the top 100 most popular videos of the PPTV dataset in Fig-

ure 3.2a. The figure shows the maximum likelihood estimation (MLE) fit of a Weibull

distribution for the PPTV dataset using the SciPy Library3. The videos are ranked

based on the number of requests. We obtain the MLE parameters for the Weibull dis-

tribution equal to a shape α of 0.75 and a scale λ of 41.7. This suggests that a Weibull

distribution represents a good approximate of the actual popularity distribution (with

an R2 goodness-of-fit value of 0.984).

The popularity of content i, Pi is then considered as a Weibull probability function such

that Pi =
α
λ

( i
λ

)(α−1)
e−(i/λ)α

where i > 0 and α, λ > 0. However, the popularity dis-

tribution in Figure 3.2a has a considerable long tail due to the large variety of content

access in a large geographical area. Since the User-Stash system is mainly designed to

operate in a confined geographical area for a limited period of time, the distribution

of the content popularity should be narrower than the PPTV dataset. Hence, we fur-

ther investigate the effects of content popularity in Section 3.3 by varying the shape

parameter of the Weibull distribution whilst considering different content popularity

scenarios.

3.3.3 Size distribution and video categories

The video size (in Bytes) directly affects the storage capacity of the US-server devices.

As our dataset only contains the length of a video in seconds, we calculate the size

of the videos assuming a bit rate of 330Kbps following the finding in [72]. The video

3SciPyLib-http://docs.scipy.org/doc/
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size follows a Gamma distribution similar what has been reported for other video con-

tent [71] (we denote k and θ the shape and scale parameters of the distribution respec-

tively). The cumulative probability distribution function for the content size of the

dataset is depicted in Figure 3.2b. The overall MLE fit for the size distribution is found

to be a Gamma distribution with k = 1.63 and θ = 68.74.

However, the overall model does not fit well with the actual size distribution (R2=

0.31), due to the high percentage of certain video sizes as can be seen in the PDF distri-

bution in Figure 3.2b. From the PDF, four separate categories of sizes can be identified:

0-35MB, 36-75MB, 76-125MB and beyond 125MB. These correspond to 4 of the 22 cate-

gories, namely movie trailers, variety shows, animation and TV shows. We model the

size of these four categories separately. Table 3.2 summaries the Gamma model param-

eters (R2= 0.99 for all models) as well as the popularity for each of these categories.

Note that more than ∼70% of the content are of size greater than 75 MB. In contrast,

the average content size in online video distribution services such as YouTube are much

lower (∼10MB [71]). However, the size distribution in both services follows a Gamma

distribution. Therefore, we model the video size distribution as a Gamma distribution

such that the size of content i, corresponds to a probability function Si = i(k−1)e−(i/θ)

θkΓ(k)

where i, k, θ > 0 and Γ(k) is the Gamma function evaluated at k.

Table 3.2: Models for video categories

Size(MB) Type Gamma distribution Pop.%

c1- 0-35 Trailers k = 1.527, θ = 6.271 12.8

c2- 36–75 Variety show k = 31.474, θ = 1.637 17.3

c3- 76-125 Animation k = 242.589, θ = 0.414 40.34

c4- >125 TV shows k = 19.273, θ = 10.704 29.57

3.3.4 Transient aspects of content request and consumption

Figure 3.3a shows the average number of content requests of videos of four size cate-

gories during each hour of the day. During the working hours (∼9 am to 6 pm), the

number of requests are relatively stable across all four categories. The number of re-

quests increases rapidly, peaking between 9pm - 10pm. During this period, there is a

greater number (∼5500 requests per hour) of requests for the larger categories of ani-

mation and TV videos. However, if we normalize the popularity of each category from

the total number of requests for the particular hour, all categories show approximately

steady behaviour throughout the day as illustrated in Figure 3.3b. Therefore, we con-

sider that the popularity of each video category does not change with the time of the
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Figure 3.3: Popularity of video categories during a day

day.

We extract inter-request-time for individual users from the dataset and then model

the inter-request-time for content i, Ii as a Weibull distributed variable with γ and β

as the shape and scale parameters respectively. Figure 3.4a shows the CDF of inter-

request-time of all users in PPTV and the Weibull distribution with MLE fit parameters

of γ = 0.5 and β = 456.14. In particular, approximately 50% of users request a video

at least every 5 minutes and more than 80% every 20 minutes. Since this is for bigger

videos, the inter-request-time can be expected to be lower for other online video shar-

ing services. In addition, it is expected that in the application scenario of User-Stash

users would tend to request content more frequently as mobile devices are generally

used for shorter periods by transit passengers [73]. Therefore, we focus on the distri-

bution of inter-request-time of less than 10 minutes considering an average duration

for a bus stop is approximately 10 minutes. Figure 3.4b shows that again it follows the

shape of a Weibull distribution with γ = 0.7 and β = 110 parameters and R2 value of

0.9909, where 80% of users request new content in at least every 3-4 minutes.

Figure 3.5a shows the probability distributions of the view ratio, defined as the view

time normalized by the length of the video, for all videos. It shows that more than 80%

of the videos have less than 0.3 view ratio. Even though the average length of a video is

as large as 50 minutes, the users rarely watch a full video leading to an average actual

view time of just 18 minutes (Table 3.1). Moreover, the median view time is as low

as 1 minute. This needs to be considered in designing systems such as User-Stash, as

it determines whether it is reasonable to stash the full content. However, the average

view ratio is considerably higher (> 0.4) for the shorter videos (0-35MB) as shown in

Figure 3.5b, and as expected, the view ratio reduces with the size of the video. We

model this relationship of view ratios as a linear combination of exponential functions
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Figure 3.4: Inter-Request-Time (IRT) time distribution of individual users

such that, the view ratio of a video of size s > 0 as Vs = a. exp(λ1) + b. exp(λ2) where

a = 0.4, b = 0.53, λ1 = −0.3, λ2 = −0.006 and exp(λ) = λe−λs. The exponential model

provides considerably close representation of content view ratio of PPTV users with

0.995 R2 goodness-of-fit test value.
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Figure 3.5: Distributions of view ratio of videos

3.3.5 Transient aspects of passengers on a bus

We consider a scenario of hosting the US-server in a bus as described in Section 3.2.2,

where users are within the communication range for the duration of the bus journey

(T). The number of users, N, is dependent on the number of passengers which we

consider equals a constant, say 50, for simplicity. Since User-Stash is a passive content

storage, the transient aspects of US-app users such as the number of users in the bus

at a given time, duration of the bus journey of each user and then, content access and

consumption behaviors of users determine the effectiveness of the User-Stash at a given

time. We model the transient aspects of the bus journey as follows. Then, we model
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the content access and consumption behavior based on the models extracted from the

PPTV dataset as illustrated in Figure 3.6b.

We assume the time taken to complete the bus route to be 1 hour with stops every 10

minutes. For simplicity, we also assume that all passengers on board use the US-app.

The time a user is connected to the US-server, (τ), is considered to follow a Log-normal

distribution which models well the bus journey travel time as suggested in [74]. That

is, after τ = eµ+σ2/2 time on average US-app users get off the bus and disconnect from

the US-server, where µ = 0.6197 and σ = 10.48 are mean and standard deviation of τ.

We assume the following three traffic models, which broadly represent bus commuters.

• Peak: The bus is full all the time, i.e. N = 50, i.e. assuming the same number of

passengers getting on and off the bus.

• Off-peak: 10 passengers get on board at every bus stop, if there is enough room. If

not, the bus will be filled up to its maximum capacity.

• Random: At the bus stop, a random number of passengers gets on board. The

number varies from 0 to the remaining capacity of the bus.

Table 3.3: Summary of User-Stash system model

Transient nature of content access behaviour

Content popularity Weibull - α=0.75, λ=41.7

Size Gamma - k=1.527, 31.474, 242.589, 19.273

θ=6.271, 1.637, 0.414, 10.704

Inter-Request-Time Weibull - γ=0.7, β=110

View time Exponential - a=0.4, λ1=-0.3, b=0.3, λ2=-0.006

Transients of bus scenario

Duration of bus ride T=1 hour

Bus stops Every 10 mins

Capacity of a bus N=50

No of Passengers Peak, Off-peak, Random

Association time Log-normal (µ=0.6197, σ=10.48)

3.3.6 Summary

The User-stashy system model is summarized in Figure 3.6 and Table 3.3. The transient

behavior of a passenger is modeled as shown in Figure 3.6a, where there are bus stops
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Figure 3.6: Overview of the User-Stash system model

at every 10 minutes for 1 hour and the association time (τ) with US-LAN follows a log-

normal distribution. At each bus stop, all passengers with an expired association timer

get off the bus and new passengers get on board based on either one of the proposed

three traffic models.

During the association time (τ), the content access and consumption model for each

US-app device is illustrated in Figure 3.6b. We consider that each US-app device re-

quests content from US-server with Weibull distributed inter-content-request time (Ii)

with γ and β as the shape and scale parameters respectively. First, the category of the

video is selected based on category population and the size of the video as shown in

Table 3.2. Then, the selection of the video is done following the Weibull distributed con-

tent popularity (Pi). Once the selected video is downloaded either through US-LAN or

through the passenger’s personal internet connection, the content is watched for ex-

ponentially distributed view time (Vs). If Ii < Vs for the particular content, the new

request is processed only after the Vs.

As described in Section 3.2.2, US-app device first checks the availability of the content

at the US-server cache via the local US-LAN. If the requested content is not in the US-

server, the content is downloaded from the custodian and uploaded to the US-server

at a later time. Let C be the set of contents stored in a US-server device and E[Hc]

the probability of finding a requested content in the cache, i.e. the expected cache hit

rate. E[Hc] depends on the popularity of the content stored in the cache (Pi) and for a
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given instance of the cache, E[Hc] = ∑i∈C Pi. Each cache hit saves cellular bandwidth

for the requested US-app device. Since content sizes are Gamma distributed, the mean

size of a content is kθ and thereby the expected total cellular bandwidth saving of the

system; BWsys = kθ × Hc. The US-server user is primarily interested on the amount of

benefits he/she receives through the system which depends on the incentive scheme

and proportional to the cache hit rate in most cases. If we consider that the incentive for

serving content i as Ii, the total benefits received by the US-server; Bserver = ∑i∈C Ii × Pi.

For a US-app user, the objective would be to increase individual bandwidth saving and

for a US-server user it would be maximizing Bserver. These objectives are dependent on

which content items are stored in C, i.e. the cache in the US-server device. We evaluate

the performance and benefits of the system thorough simulation driven analysis in the

next chapter.
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3.4 Simulation

There are quite a large number of variables affecting the performance of the system,

namely caching replacement policy, content consumption pattern and networking per-

formance. Because of the large number of parameters in the system, it is non-viable

to test the system performance experimentally. Hence, an analytic simulation model

is developed to evaluate the performance of the system. The parameters that affects

the system performance, especially those have the biggest impact, are identified and

categorized into three main sections:

• Content characteristic – which consists of the size, popularity details of contents

and the consumption pattern. The content consumption pattern thus can be mod-

elled with either existing PPTV video request dataset or real traces from the pro-

totype application. These are the variables we need to vary for different scenarios

to investigate the results.

• System mechanism – caching replacement policy is one of the system mechanism

that affects the performance most. In US-server side, the throughput is affect-

ing the time taken to finish one transmission of certain video. Additionally, the

switching time and bandwidth of each device are also important factors. In this

part, we can find the devices characteristics and US-server characteristics via in-

dividual device tests conducted in experimental evaluation Appendix A.

• Network characteristics such as the request model, connection switch and time

to push which can be modified during the design of the User stashy system.

A Python based discrete-event simulator is developed to evaluate the performance of

the User Stashy system under different scenarios of content access and consumption

models. The simulator uses the system model and parameters summarized in Table 3.3

and Figure 3.6 as input to determine the stash hit rate and the bandwidth savings.

The system model described in Section 3.3.6 is implemented in the simulator. We as-

sume that there are no packet losses and no significant transfer delays as the system

only needs to support up to a few tens of users in a limited area (50 in our case). We

slight vary the system model and content characteristics to investigate the change of

user behavior to the change of system performance. This simulator was mainly used

to monitor the caching replacement policy effects. Several different caching replace-

ment policy was build in the simulator to compare the hit rate, total bandwidth sav-

ing and individual bandwidth saving in the system. The caching replacement policies

28



CHAPTER 3: DESIGN

implemented are – the traditional FIFO, LRU, LFU, the size-based evict-smallest/evict-

largest, and function-based popularity/GDSF.

For each evaluation metric, we run 50 simulations and consider the average value. The

effectiveness of the US stashy system is mainly driven by the popularity of the content

items stored in the US-server devices. In addition to the user behavioural factors, the

storage capacity of the US-server device and the cache replacement policy constitute

two additional factors that may undermine the efficiency of the system. We first con-

sider the case where there is an unlimited storage at the stash. Then, we also examine

the system performance under practical resource constraints along with different stash

replacement policies.

3.4.1 Description of Python simulator

We developed a discrete-event simulator in Python due to its flexibility and rich sta-

tistical libraries. The simulator takes the system model parameters summarized in Ta-

ble 3.3 as inputs and calculates the stash hit rate and the bandwidth saving statistics.

Later in Appendix A, we consider a real-life scenario when User-Stash is implemented

on commodity smart mobile devices and analyze the effects of network conditions on

the system performance.

Simulation setup

Figure 3.7 schematically illustrates the components and the complete process of the

discrete-event simulator in Python, which is developed to evaluate the performance of

User-Stash mechanisms under different scenarios of content access and consumption.

The simulator takes the system model parameters summarized in Table 3.3 as inputs

and calculates the stash hit rate and the bandwidth saving statistics.

User Generator component first creates a set of users with entry times and leave times

for a bus trip based on the three passenger traffic models described in Section 3.3.4.

The leave time is determined by the log-normally distributed passenger travel time

(τ). We also assume that all passengers in this scenario are US-app users. Request

Generator appends each user dictionary by assigning time instances to generate new

content request events using the observed Weibull distributed inter-request-time (Ii)

model. Then, the simulator progresses through the list of new content requests by all

assigned users with one second granularity from the beginning of a bus trip to the end.

When there is a content request, Content Generator draws attributes for that particular

content request (i), namely content popularity (Pi), view time (Vi), content category
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Figure 3.7: Block diagram for simulator

type (c) and content size (Si) from the analytically models summarized in Table 3.3.

SciPy4 statistical library is used to draw values from probabilistic distributions. A new

content will not be generated for the same user until the current content is watched to

the expected length. A unique ID number is given to each content, hashing the content

category and the content popularity. All generated content attributes are saved under

this unique ID and it is also used to identify the stash hits and misses.

For this evaluation, the communication between all entities, i.e. a user device, the US-

server and the content provider, is considered to be via a quasi-perfect communication

channel where there is unlimited bandwidth, a non significant transfer delay and zero

bit error rate. The US-server is represented by a dictionary holding all the stashed video

4http://www.scipy.org
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content. A requested content is served from the US-server, if it is a stash hit. Otherwise

it is considered to be downloaded and pushed to the US-server. At this stage of the

simulation, the statistical results such as stash hit rate, total bandwidth saving and

individual bandwidth saving are recorded with reference to the simulation time.

The effectiveness of User-Stash is mainly driven by the popularity of the content items

stored in the US-server device. In addition to the user behavioral factors, the stor-

age capacity of the US-server device and the cache replacement policy constitute two

additional factors that may undermine the efficiency of the system. One of the cache re-

placement policies then determine whether or not to stash the content if the local stash

is full. Based on the policy, certain contents in the stash will be evicted to make room

for the new content. First, we consider an unlimited storage capacity at the US-server

device. Then, we examine the system performance under practical resource constraints

along with different cache replacement policies. Next, the simulator moves forward to

the next content request until the end of the bus journey. For each evaluation metric,

we performed 50 simulations to increase the confidence of the results. We validated the

correctness of the simulator from the desired outputs for a certain inputs in different

scenarios.

Libraries in use

• SciPy: Scipy statistical library is used for modelling all the probability distribu-

tions.

• NumPy: It contains various fundamental package for scientific computing.

• Matplotlib: A comprehensive tool for plotting results.

Validation

We validate the simulator via the following steps:

• We build a prototype simulation model that has high face validity.

• The structural assumption about how system works and data assumptions are

then verified.

• Based on our initial assumptions, we then validate the output based on certain

inputs under various scenarios.
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3.5 Energy Measurement for User-stashy and user interactions

Although there exists several software power profilers for Android such as Battery-

Manager [75] and CurrentWidget [76], that could be used for power measurements,

they only enable the measurement of power at fixed, system dependent intervals. For

example, Batterymanager only gives the voltage readings whenever there is a percent-

age change in the battery level. Thus to measure power consumption at a finer gran-

ularity, for both sets of experiments, we used a setup shown in Figure 3.8, which has

also been used by others [22, 77, 78]. With this setup, the smart mobile device battery is

“hijacked” at one of its terminals, and connected in series with a 15 mΩ shunt resistor,

in order to minimize the impact to the actual operation of the mobile phone.

We use digital acquisition card (DAQ) to measure the actual current drained from the

battery. National instrument NI USB-6008 is used. It has 8 analog inputs with 12 bits

resolution and 10 KS/s sampling rate for each pin [79]. The minimum range of the

instrument is -1V to 1V, which gives us a maximum resolution of 0.488mV. It is very

accurate for the power measurement requirement. NI Labview is used to cope with the

DAQ for data collection. Hence the data collected is further analyzed using Python.

The energy measurement setup for measuring the energy consumption of system mech-

anism and user interaction are identical, and more details will be presented in the fol-

lowing sections. The result of system energy consumption analysis is presented in

Chapter 4.2.1 and user interaction results is shown in Chapter 4.2.2.

Figure 3.8: Power measurement setup

32



CHAPTER 3: DESIGN

3.5.1 Exp 1: Energy Measurement design for User-stashy

For each task performed the start and end time can be read directly from the voltage

log file recorded. We used the standard equation of power, P = Vb × Ir to calculate

the consumed power for each data point, where Vb is the battery voltage and Ir is the

current through the shunt resistor. Then the average power consumption for a specific

task performed was computed as the mean value of all the calculated instantaneous

power values during the interaction period, as determined by the logged start and the

stop times. The total energy consumed for a given task was calculated by multiplying

average power by the interaction period.

The device that hosts the US-server is expected to be connected to a power source,

and therefore energy usage will not be a concern. The US-app however needs to be

energy efficient. To investigate the energy usage of using User-Stash system, the energy

consumption of a smart phones when using the US-app is measured by using the setup

described above. We perform a measurement per every millisecond and export the

results using NI-Labview. US-app is also configured to log time stamps for start and

end of event of different scenarios: 3G download only, stashy hit and stashy miss. The

results are shown in Figure 4.6 in result Section 4.2. During the measurements, special

caution has been taken not to introduce concurrent background activities.

3.5.2 Exp 2: Energy Measurement design for user interactions

Determining the impact of different input modalities on power consumption is difficult

because of the large number of dependencies, especially the differences in user interac-

tion styles and the context of use. To address differences in user interaction styles and

the impact of context, two sets of experiments, referred to as primary and secondary

experiments, were conducted. The primary experiments were aimed at identifying

the key differences in power and energy consumption of the three input modalities,

and the secondary experiments were aimed at identifying the dependency of the input

modality power consumption on user contexts.

Software for press characteristic We have developed an Android application that is

able to calculate and log all required information for each single touch in a csv file and

save it into the phone SD card. It logs touch down/up time, holding time, pressure

and the size of the touch. The generated log file and also the output of NI DAQ, which

gives 1K power samples per second, will be processed by another program and the

final results including average power/Energy per touch will be saved in an Excel file.

33



CHAPTER 3: DESIGN

Measuring the touch pressure We obtain the pressure placed on the screen via An-

droid API MotionEvent.getpressure(). The returned pressure measurements are of an

abstract unit, ranging from 0 (no pressure at all) to 1 (normal pressure), however the

values higher than 1 could occur depending on the calibration of the input device (ac-

cording to Android API documents). This method can only return the pressure for

resistive touch screens, however a capacitive touch screen cannot, per design, give the

pressure applied on a point. The energy consumption of each single touch can be ob-

tained by multiplying the holding time by average consumed power.

Measuring the touch size Android API that is called MotionEvent.getsize() measures

the touched size, associated with each touch event. According to Android document,

it returns a scaled value of the approximate size for the given pointer index. This rep-

resents the approximation of the screen area being pressed. The actual value in pixels

corresponding to the touch is normalized with the device’s specific range and is scaled

to a value between 0 and 1.

Measuring the touch/holding time Holding time or touch time can be measured via

the TouchEvent time stamps including touch up (ACTION UP) and touch down (AC-

TION DOWN). We consider the time between touch down and up as the touch time.

Exp2 : Primary Experiments

These experiments were aimed at determining the power consumption of the input

modality. Therefore, the experiments used a single fully charged (≥ 95%) Samsung

Galaxy S3 smart phone, connected to a 3G or Wifi network. Ten different users were

asked to interact with the smart phone by entering the 7 text messages shown in Ta-

ble 3.4, using each of the three input modalities. The message lengths of the messages

shown in Table 3.4 was chosen to be representative of the typical message lengths of

text based interactions of smart mobile device based on the message length distribu-

tions in [24].

To ensure that the power consumption was only due to the user inputs, all processes

on the smart phone were terminated via Android developer options, except for the

application used for the experiment. The screen brightness is also set to a fixed level

to eliminate any change during the experiment. Furthermore, after each interaction
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Table 3.4: Seven messages with different lengths

Message Length Message Content

7 A phone

15 That was a test

27 These are few mobile phones

52 This is a test to investigate the energy consumption

79 This is a test to investigate the energy consumption of dif-

ferent mobile phones

102 This is a test to investigate the energy consumption of dif-

ferent mobile phones in different situation

202 This is a test to investigate the energy consumption of dif-

ferent mobile phones in different situation via variety of

Android applications and games in various locations in

university of New South Wales

period, the battery level of the smart phone was checked and where necessary the

smart phone was recharged, to ensure that the battery level remained at or above 95%.

For SK, users entered messages using the Android’s default Messager App editor and

default Samsung soft keyboard. In order to investigate the impact of user typing style

to SK power consumption, we developed an Android application that logged the touch

down/up time, holding time, pressure and the size of the touch.5

For STT, the Galaxy S3’s built-in Google STT application and the STT application avail-

able with the Swype application, namely Dragon dictation were used. They represented

the only two STT applications available 6. With Google’s STT application, each phrase

of speech is recorded and then streamed to a Google sever for conversion from speech

to text. Once the converted text from the server is received, it is displayed on the

screen. Dragon dictation operates in a similar manner, except that it records the speech

for given period of time and sends it to a cloud based server for the speech to text con-

version. The difference is that Dragon dictation application always tries to record for

as long as possible, up to 100 seconds of recording, before sending the whole recorded

segment to the server. Because the streaming nature of Google’s STT application, the

communication modules on the mobile device keeps in the active state [80], it con-

sumes more power than Dragon Dictation, but has less latency which is reported to

result in better user QoE as the user can actually see what is being typed in real time.

5pressure could not be recorded for Samsung S3 because it uses a capacitive screen.
6all other applications use the Google STT engine.
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In addition, we also find that, Google STT utilizes location service by default, in con-

trast, Dragon dictation does not. This also leads to extra power consumption. As it is

the default configuration, we decide to keep the location service on for the primary

experiments.

Swype keyboard application was used for the Swype experiments. This involved the

users simply tracing the characters of a word with their fingers, and the software pre-

dicting the word and displaying it on the screen. All volunteers were allowed time to

become familiar, if they had not used Swype before to minimize the user biases.

Exp2 : Secondary Experiments

The objective of these experiments were to investigate the impact of user context on the

power consumption of the three input modalities. Thus the experiments involved a sin-

gle user interacting with three devices, two smart phones (Samsung Galaxy S3, S4) and

a tablet (Google Nexus 7) using the same messages used in the primary experiments.

The contexts of the device operating at two different battery charge levels of 95%, 30%

and connecting to two different networks (3G/Wifi) in the case of a smart phone were

evaluated.

During these experiments to minimize the network connectivity variations, the exper-

iments were repeated in three different locations, namely inside a research lab in the

city center, inside a residential apartment in a suburb, and inside a student laboratory.

In addition, we collect the power and energy consumption of single presses that users

conduct under various scenarios. All experiments are repeated three times and the

average was used for analysis.
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Analysis

4.1 User-stashy performance analysis

4.1.1 Performance with an unlimited stash

The stash hit rate and bandwidth saving

The expected stash hit rate, referred here as (E[Hs]) is the probability of finding a user

requested item in the stash, Thus, E[Hs] = ∑∀i Pi where Pi is the popularity of content

i. The actual stash hit rate is the ratio between the number of hits and the total number

of requests for a considered time duration. If the content popularity distribution does

not vary in time, the actual stash hit rate should converge to E[Hs] asymptotically.

Figure 4.1a shows the stash hit rate values after a 1-hour bus ride for the three traffic

models under various content popularity distribution shapes by varying the param-

eters of the Weibull distribution. The scale of the content popularity distribution is

considered equal to the empirical PPTV dataset (λ = 41.7).

The shape parameter changes the long-tail nature of the popularity distribution. When

0 < α < 1, the smaller the shape the higher the popularity of the most popular

content. When α ≥ 1, the larger the shape the narrower the probability distribution of

the content. As a result, the stash hit rate increases with α in general for α ≥ 1.

The peak traffic model gives the highest stash hit rates due to the larger number of

contributors to the User-Stashy. In particular, the expected stash hit rate is higher than

60% regardless of the type of popularity distribution. Notably, in the off-peak scenario,

the minimum stash hit rate is still greater than 35%. The random traffic model yields

to a 67% hit rate for the particular shape value (α = 0.75) of the PPTV dataset, which

suggests a considerable potential of high performance for PPTV customers and alike
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Figure 4.1: The stash hit rate performance during a one hour bus ride. (a). as a func-

tion of the shape of content popularity, and when λ = 41.7, (b). as function

of time for α = 0.75 for the PPTV dataset and α = 0.1, 5, 10 for extreme

scenarios.

when using User-Stashy.

Figure 4.1b depicts the variation of the actual stash hit rate values during an hour bus

ride, starting from empty User-Stash and using the random traffic model. It shows

the results for four different content popularity distributions. α = 0.1 and α = 5, 10

represent two extreme cases of very large and short long-tail popularity distributions

respectively. α = 0.75 represents the popularity distribution for PPTV dataset.

For the two extreme cases, the probability of requests for the most popular items is

higher than other distributions. As a result, there is a rapid increase in the stash hit rate

early during the bus journey. In the case of a very long-tail distribution of the content

popularity, e.g. α = 0.1, the evolution of the stash hit rate stabilises almost immediately

after the peak observed at the first stop of the bus reaching a 50% hit rate, due to the

disparity of the content requests. As expected, the actual stash hit rate monotonically

increases with time, as the new users joining the system tend to request popular content

that is already stashed. The performance of User-Stash reaches a hit rate of 70-80% in

the case of α = 5, 10 due to the narrowness of content popularity.

Since the same content is not requested again by the same user, the gradient of the

increase in cache hit rate goes down depending on the size of the long-tail part of the

distribution. For instance, due to larger long-tail in the case of α = 0.1 the cache hit rate

quickly converges around 50%.

The hit rate shows a jump at 10 minutes because a set of new passengers gets on board

at the 10th minute. Those passenger tend to request some of the popular videos stored

in the stashy. We observe that there are time instances that actual stashy hit rate goes
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down compared to the previous instance. However, when we take the average for 50

simulation runs, average stashy hit rate monotonically increase with time. The cases

of α = 5, 10 can be considered as flash content popularity scenarios, where User-Stash

provides significantly higher performance of 70-80% cache hit rate after an hour. The

case of α = 0.9 is the worst cache hit rate for the random traffic model, which is com-

paratively similar to the PPTV scenario of α = 0.75. However, even in these scenarios,

the system serves ∼50% of content requests locally via US-LAN.

Bandwidth saving

Figure 4.2a shows the total savings of cellular bandwidth as a function of time. As the

system gradually serves a significant amount of content locally, leads to a total saving

of between 35GB to 55GB. This illustrates well the potential of the proposed system as

an alternative solution to the upcoming mobile network capacity crunch.

Figure 4.2b illustrates the required stash size after 1 hour. The occupied stash size varies

from 8GB to 30GB depending on the popularity distribution of requested videos. This

gives us an indication of a required stashy storage size.

Next, we examine the impact of limiting the storage capacity at the US-server device to

evaluate the performance impact as the storage on mobile hotspots are limited.
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Figure 4.2: Bandwidth saving and amount of the stashed content during an hour.

4.1.2 Performance with limited stash size

To estimate the required stash storage, we calculate the total amount of stashed content

under different content popularity distributions. For a distribution with α = 0.1, 0.75,

the amount of stashed content was ∼30GB after a one hour trip. We expect that for
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Figure 4.3: Performance with limited stash at US-server device, stash size=10GB.

other online content sharing services such as YouTube, the total size of the stash would

be lower due to the lower average content size (∼10MB as opposed to ∼ 100MB in

PPTV). However, for the best performance, the stashes need to be populated continu-

ously. Therefore, it is necessary to have an appropriate stash replacement strategy.

Furthermore, due to the ever increasing storage capacities of mobile devices for ded-

icated embedded device can easily support up to 160GB as of today1, we believe that

assuming a 10-30GB of storage stash in a mobile device is very realistic.

Stash Replacement Policies

To represent an extreme case, where the stash is provided by a low end smartphone,

we restricted the stash size to 10GB. For this evaluation, the content popularity was

considered to be similar to the PPTV dataset. We also assumed that the requested

content’s total size exceeds 10GB approximately in a 10 minutes period, after which

the content was replaced according to the stash replacement policy. We considered a

number of stash replacement policies. The well known LRU (Least-Recently-Used) and

LFU (Least-Frequently-Used), three intuitive schemes, namely Evict Smallest/Largest,

and two popularity based schemes. The two popularity based schemes either evicted

content that has the lowest popularity value (Pc) per unit size (Sc) (popularity) or

content with lowest utility metric U(c) = L + McPc/Sc, such that L ← min{U(c) :

every c in the stash} (Greedy-Dual-Size-Popularity (GDSP) [81]). The stash miss penalty

Mc is considered to be one as the retrieval cost for stash misses are equal for all content

items.
1Samsung Galaxy S5-128GB external and 32GB internal storage:
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Figure 4.4: Stash hit rate against transient aspects of passengers, stash size=10GB and

the random traffic model.

Figure 4.3a shows the stash hit rates observed for different stash replacement strategies.

All the strategies, except Evict-largest, result in stash hit rates higher than 5% after a

1 hour trip. As expected, the two content popularity-based strategies show relatively

high stash hit rates. Although LRU and LFU are two of the most popular stash replace-

ment strategies, their performance is not superior since the content access is heavily

dependent on content popularity. GDPS and Popularity show similar and best results

for the considered environments. However, GDPS is expected to perform better than

Popularity when the content popularity change with time, since GDPS takes content

access recency into account in its objective function.

Higher stash hit rate does not always result in the highest bandwidth saving as can

be seen in Figure 4.3b. For instance, even though stash hit rate for Evict-smallest is

higher than Evict-largest by 20%, bandwidth saving for both these strategies are almost

similar. Furthermore, the difference between LRU and GDSP are comparatively low in

bandwidth saving despite the fact that GDSP saving more cellular bandwidth for users.

Overall, if we employ a stash replacement policy which takes recency, popularity and

the size of the content, the User-Stash system performs reasonably even under extreme

conditions with only a 10GB stash.

Transient aspects of passengers

Figure 4.4 illustrates the effects of travel time of bus commuters which is determined by

the log-normally distributed association time with US-server (τ) and the duration be-
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Figure 4.5: Individual bandwidth saving for α = 0.75 during 1 hour

tween two consecutive bus stops. Since the same user is not going to request the same

content multiple times, the User-Stash receives diverse set of content requests (from the

long-tail part of the popularity distribution) when the same set of commuters travel for

longer periods. As a result, User-Stash achieves higher stash hit rate for short distance

bus rides, where there is frequent arrival of new commuters as shown in Figure 4.4. In

addition, mean association time is the deceive factor as the stash hit rate does not vary

significantly with the bus stop length for a given association time. Therefore, User-Stash

performs better in metro type transport scenarios similar to our application scenario.

Overall, the heat map depicts that for the majority of the cases stash hit rate after one

hour reaches more than 30% even for 10GB stash.

4.1.3 Benefits for User-Stash users

For a US-app user, the amount of saving from the monthly data cap would be one of

the primary objectives to use the US-app. Therefore, we evaluate the cellular bandwidth

saving for individual users during a bus ride. Each user associates with US-LAN only

for ∼12 minutes in average according to log-normally distributed association time.

Since US-server starts empty at time=0, the passengers during first hour would be the

users that receive lowest benefit. In the first hour, nearly 19% of the users does not save

any bandwidth as shown in Figure 4.5, while that reduces to ∼11% for the passengers

that get on-board in the third hour. Since these results are for 10GB stash, the savings

are expected to be much higher in real-world systems as it is possible to upgrade the

storage of the US-server device up to 128GB. Figure 4.5 illustrates that there are only

2% of passengers with zero bandwidth saving benefits for 128GB stash and the mean

bandwidth saving is shifted to 40-60%. Moreover, 80% of users save more than 40% of

cellular bandwidth.
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4.2 Energy consumption characteristics of using US-stashy

4.2.1 Exp 1: System mechanism

The energy consumption is tested on a Samsung Galaxy S3 with a prototype Android

version of US-stashy application. The setup for the measurement is shown in the Design

Chapter 3.5.

We consider the stash hit and stash miss, assuming that the US-app is in the foreground

of the device, and that the device is first connected to the US-LAN. We also measure the

energy consumption when downloading the same content through a cellular network

(3G case). For the 3G case, we eliminate any streaming protocol and/or foreground

user interface related power consumption discrepancies by using the US-app to access

videos in the two experiments. Figure 4.6 shows the energy consumption normalized

by the energy consumption of the 3G case.

As expected, stash misses results in more power consumption than 3G downloads due

to the extra steps of checking the US-server (Query time), and switching networks. It

confirms that the larger the size of the requested file, the lower the relative energy

consumption of the stash miss case. A stash hit results in significant energy savings

compared to the 3G case regardless of the size of the video. There is a saving of ∼70%,

primarily due to higher throughput achievable via the US-LAN. The energy consump-

tion for both download/view over US-LAN and query time are small and is almost

indistinguishable in Figure 4.6. Moreover, the amount of energy consumed in the cases

of downloading via 3G networks is always larger than of local User-Stash download,
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although the view only time is comparatively similar in all three cases. This is due to

the fact that mobile device is still at the high power state even after downloading the

content for the 3G case.

If we consider that there are four content size categories (denoted c), with a popularity

likelihood of pc and a normalized energy consumption of ehit
c and emiss

c for a stash hit

and stash miss respectively, the expected normalised energy consumption E can be

represented as a function of the stash hit ratio h as follows;

E(h) = h ∑∀c pcehit
c + (1− h)∑∀c pcemiss

c .

We notice that E(h) is a linear function of h with a gradient of ∑∀c pc(ehit
c − emiss

c ) and a

y-intercept of ∑∀c pcemiss
c . If we assume that the content popularity of the four content

sizes are similar to the PPTV dataset, E(h) linearly decreases at a rate of −0.77 along

with h. Moreover, for h > 0.0968, the normalized energy consumption E(h) is less than

one. Therefore, if the User-Stash achieves at least a 10% hit rate, users are very likely to

save on the device energy consumption.

4.2.2 Exp 2: User interaction

Exp 2 Primary Experiment Results

As mentioned in Design Chapter, apart from the energy consumption characteristic

of US-stashy system operations, we would also investigate the energy consumption

difference via different user input modalities (user behavior). In this section, the results

for characterizing the energy consumption of different input modalities is presented.

Figure 4.7 depicts the average power consumption of different input modalities as a

function of message length. As can be seen from Figure 4.7(a), the power consumption

is independent of message length for all three input modalities. Also as expected, it

shows that different input modalities have different power consumption with Google

STT having the highest power consumption with an average of approximately 2 W

when connected to a 3G network, Swype the second highest with an average consump-

tion of approximately 1.3 W, and SK is the lowest power consumption with an average

of approximately 1 W.

When Google STT is used with Wifi network connection, the power consumption is

reduced to around 1.5 W. This verifies the findings in [82]. These differences are due to

the use of different hardware components which have different power requirements as

described in [21, 64]. This is highlighted by the differences in power consumption of

the Google STT and Dragon STT applications. As can be seen in Figure 4.7b, the power
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consumption of the Dragon STT application, when using cellular and Wifi networks is

approximately 1.03 W and 1.38 W respectively. Its power consumption is around 45%

less than Google STT application (streaming) in both cases. In addition to the use of the

communication module, the Google STT uses GPS where further increase the energy

gap. This will be discussed further in the secondary experiments, subsection 4.2.2 .

The time taken to complete a task also varies, depending on the input modality used.

Figure 4.8a shows the time taken to complete the 7 messages in these experiments,

assuming there are no errors. Overall, STT takes the shortest time to complete all tasks.

As can be seen despite the variation in user "speaking styles", this holds true for all

users.

For SK, the energy consumption could be influenced by the user "typing style". To

investigate this we analyzed effect of touch size and touch duration each key press by

developing a simple application which measured the touch time and duration.

Figure 4.9 shows the touch time of users during the experiments, which is done by

using Gaussian kernel density estimation. It shows that the difference between the

mean touch times of users is approximately 55 ms, and 80% of all touches has a touch

duration under 90 ms.

Touch sizes were found to be similar among all the users, with a mean touch size to be

0.04 cm2 and standard deviation of approximately 0.01 cm2. In addition, touch pressure

also has no obvious impact to the power consumption. This analysis shows that typing

style, namely the speed and the weight of touch, result in variation of power consump-

tion between ±6% of 1 W. Thus, the different "typing styles" of users do not affect the

power consumption of SK.
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Figure 4.7: Power consumption comparison of input modalities
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Figure 4.8: Message completion time comparison of three input modalities

Figure 4.8a, as expected shows that, for all input modes the completion time of a mes-

sage is directly proportional to the message length for all three input modalities. There-

fore, it is possible to approximate the message completion times using straight lines

with high accuracy (R2 = 0.99). Thus the input speed, s char/s, can be directly ob-

tained as s = 1
m , where m is the slope of the line presenting the message completion

time, the completion rate.

0 50 100 150 200 250 300
Touch Time(ms)

user 1

user 2

user 3

user 4

user 5

user 6

user 7

user 8

user 9

user 10

All users

Figure 4.9: Probability density function of the touch time for users

The completion rate of STT is only m = 0.074, when compared to the completion rates

of SK of m = 0.457 and Swype of m = 0.422. This implies that STT is up to 6 times

faster than that of other two text input modalities, and lead to shorter task completion

times. As shown in Figure 4.8b, the cross over where STT results in faster completion
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times than Swype and SK occurs approximately when inputs are 9 and 14 characters

respectively.

Figure 4.10a shows energy consumption for the three input modalities, which is given

by the time taken to complete the task and the average power consumption. It shows

that STT is more energy efficient than SK for longer tasks despite its higher power con-

sumption, as the time taken to complete these task becomes shorter when using STT

compared to using SK. Google STT become more energy efficient than Swype and SK

when the message length becomes greater than 16 characters and 30 characters respec-

tively for Google STT under 3G. In fact, this is the worst case scenario for STT in terms

of energy consumption. If user switch to Wifi network or use Dragon STT, energy con-

sumption can be cut by almost half, leading to the crossover being 6 chars and 14 chars

respectively.

Table 4.1: Battery Capacity of Samsung S3, 7.98 Wh, 28728 J

Age Group Texts /day Battery Percentage

STT SK Swype

Gc Gw Dc Dw

13-17 110 6.21% 4.72% 4.26% 3.18% 9.14% 12.6%

18-24 67.4 3.81% 2.89% 2.61% 1.95% 5.60% 7.73%

24-34 37 2.09% 1.59% 1.43% 1.07% 3.08% 4.24%

35-44 27.7 1.56% 1.19% 1.07% 0.80% 2.30% 3.18%

† Gc, Gw, Dc, Dw stands for Google 3G/wifi, Dragon 3G/wifi.
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Figure 4.10: Energy consumption comparison of three input modalities

The energy consumption rates from Figure 4.10a can be used to derive the percent-

age of total battery capacity that a user would consume for any particular application

that requires text input. Table 4.1 summarizes the energy consumption of a Samsung
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Figure 4.11: Battery level consumption for phone and tablet

Galaxy S3 smart phone for one of the most widely used applications, texting (SMS),

considering age-group-based texting statistics provided in [83] as a percentage of the

phone battery capacity (7.98WH or 28,728J). It shows that choosing between SK and

Swype may not make much difference in terms of energy consumption, however the

use of STT could lead to substantial energy savings.

Exp 2 Secondary Experiment Results

The objective of these experiments was to determine whether the user contexts would

influence the energy consumption of different input modes. Our results show that the

observations made in the previous subsection remains valid irrespective of the user

context. The energy consumption, however, is affected in some way by the user con-

texts. In this subsection, we discuss these results. We begin with the device context,

followed by the Internet access mode and the battery charge level.

Device, Battery Charge Level and Networks: The secondary experiments used the

Samsung Galaxy S3 used in the primary experiments, a Samsung Galxy S4 and a

Google Nexus 7 tablet. They are connected to WiFi and/or 3G cellular networks. The

Samsung Galxy S4 represents devices with more powerful hardware and Nexus 7 tablet

represents devices with bigger screens and larger batteries. Table 4.2 presents the en-

ergy consumption rates of the three devices for the all input modalities. It shows that

the tablet consumes approximately twice as much energy as the S3 per character for all

text input modalities. In addition, S4 consumes slightly more energy than S3 mainly

due to a higher resolution screen and a faster processor.
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Table 4.2: Energy Consumption (Jouls/char) of the Smartphone and Tablet

Input Mode Samsung S3 Samsung S4 Tablet Nexus7

Google-wifi 0.11 0.12 0.27

Dragon-wifi 0.08 0.10 0.19

SK 0.45 0.59 0.87

Swype 0.57 0.61 1.02

Figure 4.11 shows the energy consumed by the three devices as a percentage of the

device battery, when used for texting by the 13-17 age group. The results show that

all devices display similar characteristics despite the tablet consuming twice as much

energy per character and the tablet battery having double the capacity (16Wh/57600J)

of the S3 battery (7.98Wh/28728J). The S4 battery (9.88Wh/35568J) is around 25% larger

than S3’s, which is however not always enough to offset the extra power consumption

of hardware.

In the case of STT, both smart phones display more than double the energy efficiency

of the tablet and in the case of SK, the tablet performs a bit better battery percentage

wise. We speculate that this due the smart phones having more energy efficient com-

munications hardware than tablet.

Since the percentage increase in energy consumption is similar for all the three input

modalities across the three devices, the results of previous subsection, namely the dif-

ferences in energy consumption between the input modalities is device independent.

As STT is dependent on sending data to sever for analysis, its energy consumption

will be influenced by the network connectivity. To assess the impact, we measured
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Figure 4.12: Location impact to STT cellular power consumption
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the power consumption of STT when the smart phone was connected to a 3G cellular

network, and a WiFi network, in three different locations, namely inside a research

laboratory, a residential apartment, and inside a student laboratory at a University.

As can be seen in Figure 4.12, the mean power consumption of Google STT in the three

locations were all approximately 2 W with a standard deviation under 0.1 W. Hence the

results of previous subsection is also location independent.

When the experiment was repeated at a battery charge level of 35%, the power con-

sumption is increased by 5%-10% comparing to when the smart phone was fully charged

(≥ 95%). This we believe is due to the non-linear rate of drain of chemical batteries as

explained in [84]. However, this again does not affect the main observation as percent-

age increase in power consumption for all input modalities are similar.

Thus the primary results will remain the same, regardless of the screen size, processing

power and battery charge level and will only be influenced by the network type, the

application and usage.

Location service: Google uses location service while doing STT conversion, it is also

interesting to know how much extra power consumption is due to location service

and speech streaming respectively. We found almost no difference in terms of power

consumption for Dragon dictation while keeping the GPS module on and off, hence the

GPS symbol on the phone did not indicate its use of GPS as oppose to Google STT. It is

shown in Table 4.3 the power consumption of Google STT for the two difference smart

phone under different network type and GPS status. The net power consumption used

on location service is deduced, which shows on average 0.2W is drawn from the GPS

module for the two smart phones.

However, the status of location service again would not affect result in primary exper-

iment, because both the results of Google STT and Dragon dictation, representing upper

and lower boundary of STT energy consumption, only slightly change the intersection

points but not the main trend.

Error Characteristics: SK, Swype and STT display different error characteristics. The

SK errors are random and evenly distributed (trickle errors), where as the Swype and

STT be word specific and thus tend to occur in groups (burst errors). The two STT en-

gines displayed different error behavior. Google STT showed higher accuracy (91.69%)

when compared to Dragon dictation (77.11%) for the set of experiments which consisted

of the 7 inputs as shown in Figure 4.13. The accuracy was shown to be lower than when

using SK (96.47%) or Swype (92.38%). Also, Swype error rate increased with the length
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Table 4.3: Power consumption of location service

Input Mode S3 S4 GPS consumption

S3 S4

Google-Wifi-GPS-on 1.53W 1.65W

Google-Wifi-GPS-off 1.29W 1.47W 0.24W 0.18W

Google-3G-GPS-on 2.03W 2.10W

Google-3G-GPS-off 1.73W 1.95W 0.30W 0.15W
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Figure 4.13: Error rate for all input modalities

of interaction.
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Figure 4.14: Error Corrected Energy consumption comparison of three input modali-

ties

Users correct errors differently depending on whether they are using STT/Swype or SK.

Whenever a user makes a mistake when using SK, it is generally a single character.

Thus the error is corrected by deleting the erroneous character and and enter the cor-
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rect character. Therefore with SK, each error results in 2 key strokes. Therefore, for a

message of length L chars, if one assumes an error rate of e% and that the user will only

need to delete the wrong character once, the final length of character input interaction

would be L× (1 + 2e)%. Because overall users input speed when using SK is constant,

i.e. that the completion time is linear, error corrected completion time can be derived,

the energy consumption calculated.

On the other hand, for Swype and STT, the prediction engine will underline the words

that could be in error. Assuming users take t seconds to press the word and choose the

right word a list of words with similar pronunciation, a message length L characters

and an error rate e%, the average number of words that need to be corrected can be de-

termined. In turn the extra time, and hence the energy taken to correct all the errors be

determined. Finally, t can be estimated by adding mean press duration from Figure 4.9

and thinking/reaction time, where total number of 500ms is used in the calculation.

The results obtained using the above two methods is shown in Figure 4.14a. Compar-

ing Figure 4.14a with Figure 4.10a, shows that the error rates of the different text input

modalities do to have a significant impact, and therefore the findings of the primary

experiments still hold.
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Discussion and Conclusion

5.1 Discussion

5.1.1 US-stashy system

Mobile video traffic has been driving an explosive growth in the mobile data traffic,

with users of smart phone devices struggling to limit their usage to monthly capped

data plans. We proposed a novel crowd-sourced mobile system – User-Stashy, that en-

ables users to consume popular content for free in areas such as public transport where

there is no access to cheap networks such as Wifi. The User-Stashy provider selects a

set of users to deploy crowd-sourced User-Stashy devices (US-server) in public places.

The smart phone users can access the US-server’s content storage via the (US-app) mo-

bile app. An advertisement based incentive scheme has been developed for users to

become US-server users. Using a real-world dataset and probabilistic modeling, we

showed that more than 60% cache hit rate can be achieved during an hour bus ride re-

gardless of the content popularity distribution. Moreover, with a 128GB of User-Stash

storage, more than 80% of the users reduce their cellular network usage at least by

40%. Finally, we demonstrated the feasibility of the system by developing an Android

application.

Throughput, latency1 and device energy consumption of the US-app was evaluated us-

ing the measurements from real devices. Results show that US-app users lowers the

device energy consumption compared to accessing the content through cellular net-

works, if the proposed system provides at least 10% of cache hit rate. In addition,

the energy consumption of three popular input modalities and user “input style” are

characterized, which gives room for future energy usage optimization.

1Results are shown in Appendix A
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5.1.2 Limitations of Python simulator

There are mainly two limitations in current Python simulator. Firstly, it is an aggre-

gated simulator which could not implement the real-world network protocols, while

it is much easier in OMNET++ to take physical, link layer and network layer into con-

sideration. As a result, the real transmission time taken with a shared bandwidth, bit

error rate, re-transmission and TCP/HTTP connection can be implemented.

The second part is the scalability of the simulator. In Python simulator, any new fea-

tures to be implemented would require change for a large amount of codes. However,

OMNET++ is a module based simulator, where modules can be connected with each

other via gates. Moreover, standard protocols are also implemented in various net-

work frameworks. This allows a much easier extension and better scalability for the

simulator.

The design and implementation of OMNET++ simulator can be found in Appendix B.

5.1.3 Observations of energy consumption of input modalities

Among the three text input modalities that are commonly used, the SK has the low-

est energy consumption for short interactions. For longer interactions, the STT has the

lowest energy consumption. Swype on average is the least energy efficient. The results

also show that, these findings hold true regardless of the variations in user usage and

speaking styles, the type of access network being used, and the type of device that is

being used. There is also higher potential for STT to have better efficiency gains than

SK as the technology improves this will make STT the most efficient form of interac-

tion, except for very short interactions (less than 5 characters). Also, it is clear from

the finding that, the streaming Google STT as opposed “batch” processing Dragon STT

models have significant energy implications because of the energy overheads of keep-

ing the communication hardware of the mobile device in an active state. The obvious

solution is to consider a hybrid approach where "adaptive bundling" is used. This war-

rants further investigation. Furthermore, Google STT utilizes GPS module resulting in

a 10-20% increased power usage on average, which could be further optimized.

With the current availability of STT and Swype applications and the trends in text based

interactions of smart mobile device users, such as messaging and social media interac-

tions, there will be clear choice for users from solely an energy point of view, as most of

these interaction will involve pressing a button, or swiping the screen. However, there

are many other factors that will influence users choice of the input modality. Table 5.1

provides a comparison of what we believe will be the most important of these factors,
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Table 5.1: Characteristics of Different Input Modalities

Input Modes Accuracy Convenience Privacy Speed Energy Consumption

Short long

SK Highest Low High Fast Lowest Low

STT Lowest High Low Fastest High Lowest

Swype Medium High High Slower Low High

and provides a subjective assessment of the benefits of SK, STT, and Swype with re-

spect to these factors. When all the factors are taken into account, none of the three

input modalities standout as the obvious choice. Therefore it is necessary to develop a

recommendation system that takes into account these factors and acts as guide for the

users as currently most users are unaware of the implications specially with respect to

their battery usage.

These insights of energy consumption could be further implemented in US-stashy, and

the user interaction study could also help redesign the interface and leave room for

further energy consumption optimization.

5.1.4 Limitations of user interaction experiment

There are potentially a number of limitations of the experiment that were carried out.

Firstly, we only considered the input modalities with respect to English. This presents

the best case scenario, as STT and Swype engines are optimized for English. Although

it is possible that other languages provide different results, we do not expect major im-

pact on our results by considering English comments only as the language will equally

affect all input modalities. Second, the sample sizes and the user population that were

used was small. This was necessary because we needed to use the experimental dis-

cussed in section 3.5 which required the device battery to be “hijacked” to get fine

grained energy measurements. We attempted to mitigate this by having users of dif-

ferent nationalities (4 nationalities) and range of age groups (20-50 years) who were

regular smart mobile device users. Further we used inputs that are representative of

the type of interactions these users would have, from published data. Therefore, de-

spite the sample being small, we do believe that our results are representative. Use of a

higher number of users we believe would not significantly lead to significantly differ-

ent results. Third we only used three devices with a single operating system, Android.

Despite the differences in the three devices, we could not see any indication that our

results were device dependent. As for the operating system, it is not possible to carry

out the same set of experiments on iOS. We believe this is not a real limitation as the
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overall findings will be applicable across platforms as the fundamental reasons for the

differences stamp from the users, applications and the use of the different hardware

components of the smart mobile device. Finally, although, the error rates when us-

ing STT tend to be higher than when using SK, the methodology used provides a fair

comparison for two primary reasons. (a) The accuracy of STT is improving and (b) the

power consumption of STT at the longer lengths is significantly lower than that of SK.

Therefore, overall STT will be the most energy efficient at longer lengths (greater than

30 characters).
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5.2 Future Work

Multiple US-servers – Ad-hoc stashy network: In this thesis, we only consider the

situation when there is only one US-server available in a certain location. However, as

US-stashy gets increasingly popular, there would be situation when multiple US-servers

are available on a given location. This would enhance the operation, given these stashes

could cooperate for an optimized cache content. In the implementation, on the US-app

side, US-app tends to search for the US-server with the strongest signal level. Better

distributing, synchronizing of mobile content in this scenario and the possibilities of

forming an ad-hoc stashy network could be further investigated. In addition, mobility

could be taken into consideration(eg. bus trip route) for an optimized mobile content

distribution scheme.

Better “Push” time: The current system considers push the requested content to the

stashy when there is a new content requested2. This is not the best case scenario for the

US-stashy system in terms of stashy hit rate. There could be situations that users’ sec-

ond requests delay for a long time or even without a second video request. The same

video might be downloaded again on another user’s personal network before there is a

chance for the “push”. On the other hand, pushing the videos during the next request

is not necessarily the most energy efficient way for users. Aggregating the “pushes”

during inactive period might benefit the users in terms of energy consumption. Choos-

ing the right time to “push” would result in a trade off between system performance

and personal energy consumption, and it could be further discussed.

Authentication – Privacy and Security: In current system, the WPA authentication to

US-server is using static passwords, and users’ devices could remember the network

for future connections. This could reduce the re-connection time, however, it could

lead to a reduced control and security of the system. Moreover, in extreme cases, users

would be able to identify what nearby users are watching, which compromises user

privacy. We plan to upgrade a centralized authentication system which could update

the password of each US-server in real-time. Hence, various of privacy preservation

schemes could also be considered for a better users’ QoE.

2next time connect to US-LAN.
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5.3 Concluding Remarks

We stated our goal as mitigating the bandwidth constraint and latency problem for

smart mobile devices. In addition, we aimed at achieving these with the minimum cost

and energy penalty. We introduced a novel crowd-source system to reduce mobile data

traffic.

We modeled the video content access and the corresponding content consumption pat-

terns of mobile user using a large scale real-life dataset from a popular video content

provider.

We developed simulations of the proposed system and demonstrated the feasibility

and practicality of the system through the development of an Android application. The

energy consumption characteristics of the system is further studied experimentally via

a test-bed on Android devices.

Furthermore, we examined user interaction and ’input style’, which provide further

insight for energy consumption optimization of the system.

We believe that we have accomplished that goal.

58



APPENDIX A

Experimental Evaluation

We implemented US-app as an Android app and US-server as an Android app as well as

a Linux application since the smartphones only supported a maximum of 8 simultane-

ous WiFi connections. Although the system concepts are valid for any popular content

type, in our implementation we focus on the distribution of video content.

The interface of the US-app is shown in Figure A.1a. When the US-app is launched,

it requests the unique IDs (URLs) of the most popular videos from the video service

providers. The current version includes both YouTube1 and Dailymotion2 content. The

app also allows searching for a particular video or a set of related videos for a particular

keyword. Once the relevant video IDs are received, the networking interface switches

to the available US-LAN to obtain the list of videos that are stashed in the US-server as

shown in Figure A.1b. If there is any new content in the local cache of the US-app, the

app pushes it to the US-server in the background, while the user is scrolling through

the search results.

Depending on the user request, the US-app displays results, with an indication of whether

the content can be obtained from the US-server (green arrow) or needs to be down-

loaded via the cellular network (red arrow). If content can be obtained locally, the

US-app fetches the content from the US-server via the US-LAN at download rates be-

tween 2-6Mbps. If not, US-app switches the network interface to the cellular network

and downloads the video via the cellular network at a download rate of ∼400Kbps.

The switching of networks is required because a majority of the current smart phones

does not allow the simultaneous use of cellular and WiFi networking interfaces.

Measurements obtained using an implementation of the US-server on a Samsung Galaxy

S4 (i9306), and a US-app on a variety of smartphones from different manufacturers and

1https://developers.google.com/youtube/v3/
2http://www.dailymotion.com/doc/api/graph-api.html
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Figure A.1: Android implementation of US-app and the communication protocol.

with various capabilities are shown in Figure A.3a.

Any US-app which is within the range of a US-LAN can be associated with the US-LAN

with pre-configured authentication parameters. All the US-server related activities such

as managing the cache, ad support and communication with US-app are thus handled

automatically without any user involvement. However, with the current smartphones,

it is not possible to use cellular connection, when connected to the US-LAN. Therefore

US-app manages the switching between the to networks, as required. Hence, a block

diagram which describe the functionality of each US-app and US-app is shown in Fig-

ure A.2.

A.0.1 Throughput and latency

Figure A.3a shows that the throughput obtained on different devices with different

Android versions, when only one US-app is in use. The maximum rate of ∼6Mbps was

achieved by the Samsung i9306 and the lowest rate of ∼1Mbps was achieved by the

Huawei U8950. As can be seen, the achievable throughput is dependent of the device

type. Despite this, overall, the User-Stash not surprisingly still achieves significantly

faster data rates than practical cellular networks.

Figure A.3b illustrates switch time between the cellular and the Wifi networks. When

a device attempts to connect with US-LAN for the first time (“First connection”), it

takes between 5 and 7 seconds to associate and connect. Subsequent connections only
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Figure A.3: Practical measurements of throughput and latencies, (a). Throughput over

US-LAN for different device types, (b). Switch time to US-LAN for differ-

ent device types.

takes 2 to 3 seconds, since the authentication parameters for US-LAN are stored under

previously connected AP list. The switching time is barely noticeable as it occurs in the

background whilst the users are scrolling through the search results.

Figure A.4 shows the switch time to/from US-LAN and cellular networks, averaged

over two cellular network service providers. As expected, connections to/from cellular
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network takes longer time than WiFi as it requires to change the network interface.

The users experience this switch time delay only when they access content that are

not stashed in the US-server and when they search for a particular content. Moreover,

these switching time issues are only a temporary constraints as the manufactures are

beginning to enable simultaneous use of multiple network interfaces3.

3e.g Samsung Galaxy S5 enables to boost access speed through simultaneous downloading through

WiFi and cellular.
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OMNET++ simulation design

We implemented the system based on the same system model used in Python simu-

lator. Moreover, extra network characteristics and system mechanism is tuned based

on the experimental results we obtained. LRU is selected to be implemented in OM-

NET++ because it is the most widely used cache replacement policy and is simple to

implement in practice.

An overview of the current version of OMNET++ simulator is shown in Figure B.1.

Figure B.1: Overview of OMNET++ simulator

There are three nodes with different functionality, namely cscServer, host and remote

contentServer. The cscServer represents US-server. Hosts represent users on the bus

who are using US-app and contentServer represents the actual server from the content

provider.

ChannelControl will take information about the location and movement of each nodes,

and determines which nodes are within the radio interface of the nodes at transmission.
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Mobility of all nodes are set to stationary during the initial experiments, and would

allow further investigation which involves mobility changes.

Configurator assigns IP address and sets up static routing for a network. It could sup-

port both manual and automatic address assignment, and will update the interface

table and routing table used in each node.

ap and cellular are access points with different connection characteristics 1 in order to

represent Wifi and cellular connections respectively. In the actual system, no separate

access point is needed, because the US-server is a hotspot acting as an access point.

Figure B.2: Layered design for each node

Figure B.2 illustrates the internal design of the Host – US-app, where different connec-

tions in physical layer and various functionality in application layer are implemented.

In our simulation, we use WLAN to simulate the connection to local stashy via Wifi.

TCP/HTTP connection is established for each connection with US-server or Content-

server.

1Such as bit rate, bit error rate and latency
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