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In this paper we propose a framework for improving the web browsing experience of users by reducing battery 

energy consumption and webpage load time, while maintaining the quality of experience for the user. This is 

made possible through a collaborative protocol between the web server and the web client application that works 

using HTTP header fields. The innovation herein lies in dynamically creating multiple versions of the webpages 

that differ in their quality of content and size, and then delivering an appropriate version to the client based 

on metrics related to the webpage and the user’s phone relevant specifications. These metrics include the user’s 

battery consumption profile, user’s network speed, the sizes of the different versions of the webpage, and the 

estimated energy consumption of the versions. We implemented a prototype and validated the system in terms of 

maintaining the battery profile and enhancing the load time of different webpages. The results indicate that over 

50% reduction in power consumption and 80% reduction in speed requirements (and hence download times) can 

be achieved as a result of switching over to a lower quality version of the webpage that is still in line with the 

users’ experience. 
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. Introduction 

The number of mobile applications nowadays is increasing tremen-

ously, and the market with the highest share of them is Google Play

ith around 2.1 Million apps as of Q1 2019 [1] . This large number of

pps that are requiring increasingly more computational power, along

ith the increased user dependency on smartphones, has put quite a

urden on the battery lives of devices. It is true that with the newer

odels, smartphones are becoming faster to fulfill user demand, but on

he other hand, the battery technology is not improving at a nearly equal

ace. That is, even with the significant development in smartphone bat-

ery technology that enabled some recent models to be equipped with

,000 mAh batteries and sneak past the 15-hours mark [2] , the growing

unctionality of smartphones requires more power to support operations

hroughout the day, where CPU Processing, feature-sets, and sensors

re still bottlenecked by battery life limitations [3] . This is forcing mo-

ile and web developers to keep energy awareness in mobile devices

t the top of their priority lists to overcome the battery energy barrier.

n this regard, several researchers and senior developers agree that bat-

ery consumption in mobile app development is an important consider-

tion and has to be accounted for by application developers [4] . This

rgument is supported by evidence that the design of mobile apps has

 strong impact on the smartphone’s battery life [5] , and the reported

ata in the literature that shows how poorly written apps can drain up

o 40% of a phone’s battery energy [6] . Mobile energy consumption has
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een recognized a while ago by the research community as an impor-

ant challenge that needs addressing, and as a result, several approaches

ere proposed to reduce it from different perspectives. These include

witching between different client-server interaction models [7] , pro-

essor core selection when heterogeneous multiple cores are available

8] , and recently, generating energy-efficient screen color palette so-

utions [9] . However, several recent works, such as those described in

10] and [11] , conclude that there is still more to do by developers to

educe the energy consumption by their developed applications, espe-

ially with the trend of imbedding more intelligence in mobile apps. 

When discussing energy consumption in smartphone apps, those that

ome to mind first are apps related to social media, video conferencing,

aming, etc. However, if we consider the amount of time spent on a

evice while browsing the Internet, what comes very close to some of

he most used and highest energy consuming apps are those related to

eb browsing and social media [12] . Actually, according to [13] , web

rowsing ranked second after social media/chatting in terms of popular-

ty and use among mobile users. While we limit our work in this paper to

ccessing the web through websites using web browsers, our approach

an be easily generalizable to other web-based media apps that resemble

ontinuous-loading webpages, which are discussed later in the paper. 

The quality of web browsing experience is greatly impacted by the

oad time of the requested webpage. We define this time as the time

o download the content from the web server plus the time for the web

rowser to process the webpage and render it. We will contrast this defi-
il). 
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ition to that of the World Wide Web Consortium (W3C) later in Section

II. Since the load time of pages of larger sizes is dependent on the net-

ork speed available to the user, users browsing webpages under poor

etwork coverage or low bandwidth experience lower quality of experi-

nce in comparison to those having good coverage and high bandwidth,

ue to the difference in the load time of the webpages. Here also, lim-

ted efforts have been made to tackle this issue of load time variation

aused by network conditions. 

Currently, mechanisms already exist for browsers like Google-

hrome and Firefox (recent versions) that allow for polling the network

tate and device specifications. Moreover, there are commercial prod-

cts for returning device information. An example is DeviceAtlas [14] ,

hich can be deployed as a cloud-based service or installed on a local

erver to which API calls can be made for retrieving device information.

he employed approach works by analyzing HTTP user-agent strings

nd other headers, and then matching the found patterns with device

ntries in the device database to identify the associated characteristics.

n the other hand, a W3C community group is working on standardizing

 Network Information API [15] that would enable web applications to

ccess information about the network connection in use by the device,

nd about the observed end-to-end network bandwidth and latency, and

he upper bound of the downlink speed. The API can also generate no-

ifications whenever the above information changes, thus allowing the

pplication to adapt to such changes. In summary, the above emerging

apabilities, products, and prospective standards can be thought of as a

otivation for our proposed framework since they represent evidence

hat there is a move towards implementing a smarter and adaptive web.

o support this move, however, the above information and others (e.g.,

attery energy consumption information) needs to be made available

o the web server in some compiled format, so the latter can tailor the

elivered content to the current state of the network and the requesting

evice. 

For realizing the above, we have developed an energy and load time-

ware web browsing framework for mobile devices. The aim behind our

ork is to improve the user experience by developing a system where en-

rgy and network contexts from mobile devices are shared with the web

ervers. We used the framework to design and implement an energy-

ware web browsing app that communicates with a web server through

TTP/HTTPS requests and responses. More specifically, in our frame-

ork, every page hosted on the web server will have several versions,

here the main differences between versions are the quality of the re-

urned page, its size, and the energy consumed to browse it. Based on the

ser’s device specs, average browsing time, estimated current network

peed, and the remaining battery capacity, the web server will return

he most appropriate of the available versions that maintains the user’s

uality of experience (QoE) by minimizing the device’s energy consump-

ion and the webpage’s load time. The advantage of our approach is its

ndependence of the network access being used (Wi-Fi, cellular, etc.)

nd its practicality. The effectiveness of the approach originates from

he concept of dynamically creating several versions of every webpage

ith some being smaller in size and more energy-aware than others. 

The motivation behind the idea of multiple webpage versions stems

rom the fact that website designers generally seek to increase the traffic

t their websites and attract visiting clients. Specifically, as the use of

martphones for browsing is increasing, designers logically need to cater

o the limitations and nature of these battery-operated small-screen de-

ices. Hence, given that receiving webpage versions that consider the

urrent battery level and experienced network speed will likely result

n a better user experience, more frequent visits by mobile users to such

ebsites would be naturally expected. In fact, offering a webpage ver-

ion for phones that is different than the version for desktops/laptops

s already being adopted in practice (e.g., [16] ), and therefore, our ap-

roach can be thought of as an extension of that practice. 

In summary, we propose in this paper an architecture for energy

nd load-time-aware web browsing on smartphones. Our proposal con-

ists of an energy and network profiler on the mobile device, and a web
erver that tailors an adequate page version to the mobile user based on

ultiple factors to be explained, aiming at maintaining the user’s QoE. 

The main contributions of this paper are as follows: 

1. Introducing a web browsing framework for mobile users that pre-

serves their quality of experience in terms of minimizing the im-

pact of browsing webpages on the battery energy profile and re-

ducing the webpage load time by accounting for the experienced

dynamic network speed. 

2. Developing a dynamic web browsing mechanism that delivers

the highest quality webpage version, subject to simultaneously

adapting to the residual battery energy and to the network speed.

The mechanism accommodates both single-load webpages and

streaming-type ones. 

3. Exchanging needed information from the phone to the web server

via HTTP headers, thus keeping the HTTP protocol intact, and

more generally, boosting by this the practicality of the frame-

work. 

4. Conducting the framework design in accordance with a dataset

obtained by collecting phone metrics (including battery energy

and network information) from users’ smartphones over a nearly

one-year period. 

5. Validating and testing the design by implementing two websites

that closely mimic the Facebook and YouTube websites, with

multiple versions that preserve the layout and contents of their

respective original sites. The energy consumption results illus-

trated the system’s ability to maintain the battery energy on the

device’s profile, while minimizing the webpage load time by ob-

serving the experienced network’s speed. 

In the remainder of this paper, we start by discussing in Section II

elated works that have been done on the topic. In Section III, we present

he background, followed by the methodology of our proposed system

n Section IV. The system design is presented in Section V, followed by

 case study in Section VI and the experimental results in Section VII.

e end the paper with the conclusion in Section VIII. 

. Related works 

Many research works have recently investigated methods to improve

he web browsing experience on mobile devices. Some have been con-

erned with reducing the energy consumption, others have looked into

ecreasing the load time of webpages, while a third group targeted both

spects. In this section, we describe the main efforts that have been re-

orted in the literature on the above subject. 

The authors in [17] have investigated the effectiveness of privacy

rotection while browsing and improving a device’s battery life. To this

nd, the authors use mNoTrace which is an add-on in Firefox for pro-

ecting the user’s privacy by regulating the diffusion of their personal

nformation. They show that filtering based on ad specs and private in-

ormation improves the battery life of smartphones. They tested their

ethodology on 8 popular websites of different types and showed that

hen applying all filtering techniques provided by mNoTrace , energy

avings of around 20% to 30% were achieved. 

On the other hand, the authors in [18] argue that increases in de-

ay and power consumption while browsing on smartphones might be

aused by local computations on the device. For this, they proposed

MP, an external virtual-machine-based proxy that performs these com-

utations on behalf of the device. They built a prototype for Android

hones on a Universal Mobile Telecommunications System (UMTS) cel-

ular network and showed that VMP manages to reduce the load time

y around 80% and the power consumption by around 45%. A simi-

ar approach was studied in [19] , where the authors proposed a system

here the initial round trip time (RTT) required to fetch the base HTML

le of a page is removed. They proposed WebPro, which includes a lo-

al proxy on the device and a remote proxy somewhere in the network.

hen a page is requested, the remote proxy fetches the required objects,
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tores them in a bundle, and sends this bundle to the local proxy. The

esult of this method was a reduction in both page load time and energy

onsumption, mainly due to the elimination of power state rises and

rops for the required webpage objects. They conducted experiments

n a collection of popular webpages and demonstrated that WebPro re-

uced the webpage loading time by close to 26%, which is reflected in

nergy savings. 

In [20] , the authors demonstrate their method of using two cores

nstead of one. Their chosen big core was the Cortex-A9 mobile proces-

or and their little core was the Cortex-A8. The benefit of this hybrid

pproach is switching between different frequencies when needed to

each the required tradeoff between energy awareness and performance.

hey use statistical inference models based on which load time and en-

rgy consumption of webpages can be predicted and the ideal core can

e selected. Their results show savings in energy of around 85% due

o their scheduling approach. The authors created the models based on

he HTML tags, CSS functions, image sizes, and page size, where they

ssign a weight for each of the micro-benchmarks that is multiplied by

he number of their occurrences. The model is derived by testing 2500

ifferent webpages, and then validated by comparing the estimations

f another 2500 webpages. The mean error was reported to be around

.4%. However, the weights in the model differ based on the phone type,

nd thus, a different model should be created for each smartphone on

he market. 

In [21] , the authors address the problem of limited power in smart-

hones using two approaches. In the first approach, they reorganize the

omputations performed by the browser when loading a page, some of

hich require data transmission from the web server. Their idea is to

rst run the computations that require data transmissions and leave the

est till the end during which the wireless radio interface can be put into

 low power state for increased energy savings. This approach is suitable

or webpages that require lots of processing, although they proposed a

econd approach that is suitable for webpages that do not require much

rocessing. The basic idea behind this second technique is to predict

he reading time of the page to be loaded, and switch to a low power

tate if the predicted reading time is longer than a certain threshold. The

rediction scheme is based on gradient boosted regression trees. They

eveloped a testbed of Android devices on a UMTS network, and ran

xperiments that showed that their techniques resulted in reducing the

onsumed power by 30%, the loading time by 17%, and increasing the

etwork capacity by 19.6%. 

In [22] , it has been explained that it is challenging to estimate the

nergy consumption of loading a webpage due to the complexity of web-

age components and enhancements, and the relatively short time of the

rocesses involved. In addition, the variabilities, like the network type

nd conditions, along with the phone specifications, play a major role in

etermining the power consumption. With the above arguments, the au-

hors proposed a machine learning approach for estimating the energy

onsumption of webpage loading that is based on linear regression and

eural networks. The modeling approach, accounts for the page compo-

ents and the utilization of the device’s resources. The model is initially

rained by measuring the actual power consumption from the device

hile loading webpages. In this sense, the model is device dependent,

here each device has its own model after training, with an error mean

f less than 6.29%. 

Other models and approaches for estimating load time and energy

onsumption of webpages have been proposed in [22 , 23 , 24] , where

ariables such as the network type and/or read time have been taken

nto account to obtain better estimations. Particularly in [24] , the web-

ages are grouped into genres, where the read time can be estimated

or the users based on their interest in a particular genre (e.g. fashion,

echnology). In this respect, we mention the patent by Qualcomm [25] ,

hich discusses a model for energy consumption estimation of loading

ebpages. The model takes into account the network type and configu-

ation, mobile device specifications, webpage content, and browser met-

ics. However, the patent does not include technical details about the
odel, and only states the variables that the patented model accounts

or. 

In conclusion, the main difference between our proposed approach

nd the work in the literature lies in the fact that our approach is built

pon the notion of having multiple versions of each webpage at the web

erver, and delivering one version that suits the current battery energy

evel and network speed, and also considers the mean network speed and

attery energy consumption profile of the user. A distinguishing char-

cteristic of our proposed approach is that it does not require changes

o the underlying communication protocols between the phone and the

erver, most importantly HTTP, nor does it require new technologies or

lugins. Nonetheless, the approach requires the web developers to im-

lement a modified workflow at the server to produce webpages with

arious qualities, and the server administrator to apply a patch that en-

bles the selection of the right version of the page. We argue though that

uch changes are localized at the server, and do not require an immedi-

te adoption by W3C, since initially, the design can be implemented on

ome servers but not on others. From this perspective, the proposed solu-

ion is feasible, and as it proves its benefits (possibly manifested through

ncreased website visits by mobile users), it may receive a wider adop-

ion by website administrators, leading eventually to possible adoption

y W3C and other web foundations. More on the subject of feasibility,

he availability of tools that automatically generate different versions of

edia on servers [26] enables the implementation on servers to be of

ow complexity. 

Back to the proposed approach, the optimization (choosing the most

uitable webpage version) is achieved by estimating the network speed

t which the page will be downloaded, the average browsing time of

he requested page, and the impact of the browsing session on the bat-

ery level. In essence, this approach complements the existing works in

he literature since it controls the page content to maintain the quality

f experience basically by modifying the energy consumption and time

equired to load the webpage. 

. Background 

In this section, we introduce the background knowledge for the pre-

ented work which works as a foundation for our approach. 

A. Types of webpages 

In terms of loading behavior, webpages can be grouped in two cat-

gories: Instant Loads (e.g., webpages) and Continuous Loads (e.g.,

ouTube videos), where each category is characterized by different en-

rgy consumption and network utilization patterns during page loads.

e point out that in the subsections that follow, the presented his-

ograms are representations of analysis done on real data collected by

easuring the energy consumption patterns during browsing the top 50

lexa global websites [27] . 

1) Instant Loads 

Instant Load ( Iload ) webpages are ones that are generally loaded at

nce when requested. This includes News webpages, blogs, and other

on-multimedia and/or static web pages. We point out that this category

s not linked to the dynamicity of the content on the webpage. That

s, the data in the data source where a webpage is drawing its content

rom could be changing very frequently, e.g., every few seconds, and

till, such a webpage is considered an Iload if it is loaded at once to

isplay a snapshot of the dynamic data in the data source. The energy

onsumption pattern of such pages, as exhibited in the literature, for

xample [21] and [28] , follows a pattern similar to the illustration of

ig. 1 . 

It can be noticed in Fig. 1 that when the page is requested at t = 5,

he energy drawn from the battery increases during the page loading.

owever, after the loading finishes at t = 14, and during browsing, the

mount of energy drawn is back to that of the idle state. This means that

fter loading a page and during the browsing time, no additional energy

onsumption above the idle level takes place. 
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Fig. 1. Energy consumption while browsing an Iload . 

Fig. 2. Energy consumption while browsing a Cload . 
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During the idle state, the electric current drawn from the battery is

eferred to as the Baseline Current ( BC ), which is the amount of cur-

ent that was being drawn from the battery just before requesting the

age. BC is important for the calculations as it provides a forecast for

he amount of current that the screen, peripherals, and background pro-

esses would draw during the browsing session. It is used as an estimator

f the current drawn by everything that is not related to the page loading

uring browsing. 

2) Continuous Loads 

The consumption behavior on a Continuous Load ( Cload ) is differ-

nt than that of Iloads , where this type of webpages is described by

ontinuously loading the contents of the page throughout the browsing

ime. Cload include pages that use infinite scrolls such as Facebook and

witter, and multimedia pages like YouTube and Twitch. The energy

onsumption behavior is substantially different due to the continuous

etching and rendering of new data. This results in continuous energy

rawing from the battery, in a pattern similar to what has been reported

n [29–32] and as illustrated in Fig. 2 , where it can be noticed that there

s an increased energy drawing throughout the browsing time. 

It is important to note however that the decisive line between the

wo categories is not well defined, in a sense that some pages that are

lassified as instant loads might contain scripts that would be active after

oading and during browsing time. This leads to some increase in drawn

urrent above BC after the page load. To overcome this blurriness in def-

nition, the web server can scan the scripts in the webpage and check

or specific script types or libraries that are included and used for con-

inuous fetching of new data (e.g. using AJAX scripts), and classify the

ebpages according to the number of occurrences of such scripts within

he webpage. However, this goes beyond the scope of our research, and

e will not consider such cases. 
B. Estimating Energy Consumption 

In order to optimize the energy consumption of browsing any web-

age W , it is first required to compute the energy consumed when brows-

ng such a webpage. However, as noted in Section II, and due to the mul-

iple variables that affect the energy consumption during web browsing

network type, display type, webpage composition, network conditions,

ead time, etc.), it is noted that for accurate energy consumption pre-

iction, the phone type, network type, network conditions, and all other

ariables affecting the energy consumption should be accounted for. Re-

earchers have come up with numerous approaches to tackle this issue,

ome of which have been presented in Section II. Some rely on neu-

al networks and machine learning, while others rely on dissecting the

nergy consumption at the webpage component level, and building an

nergy profile for each phone type. 

However, the authors of all listed approaches have reported a descent

ccuracy in predicting the energy consumption of loading webpages,

nd since estimating energy consumption is well investigated and be-

ond the scoop of our research, we will not concern ourselves with the

stimation and therefore consider the estimates to be readily available.

Based on the type of the webpage ( Iload vs. Cload ), the estimation of

he energy consumed differs. This is mainly because an Iload webpage

onsumes more energy only during the webpage load time ( WLT ), com-

ared to a Cload which consumes more energy throughout the webpage

rowsing time ( WBT ); and since different users have different WBT s for

he same webpage, we cannot estimate the energy consumed per browse

f a Cload as it is a function of WBT , which is user specific. Therefore,

or Iload s , the energy consumed per load ( EnCPL ) is calculated, whereas

he energy consumed per browsing minute ( EnCPBM ) is calculated for

load s using the following relation: 

 𝑛𝐶𝑃 𝐵𝑀 = ( 𝐸 𝑛𝐶𝑃 𝐵 − 𝐵𝐶 × 𝐵𝑉 ×𝑊 𝐵𝑇 ) ∕ 𝑊 𝐵𝑇 (1)

here EnCPB is the energy consumed per browse, BC is the baseline

urrent discussed previously, WBT is in seconds, and BV is the baseline

oltage measured at request time. It is true that the battery voltage is

xpected to decrease during the browsing time; however, in order to

implify computations, we are estimating the voltage to be equal to BV

hroughout the browsing time. This is because the voltage variations are

elatively small for short time periods, and putting efforts for estimating

he voltage decrease would be of intangible benefits when factoring the

ncreased complexity. 

C. Maintaining User’s Quality of Experience 

During a web browsing session, the user’s quality of experience can

e thought of as the satisfaction level throughout the said session. In

he context of our work, we are defining the quality of experience to be

he ability to maintain the expected battery energy consumption perfor-

ance and maintaining the expected load time of webpages. Targeting

hose aspects is expected to preserve the user’s satisfaction level . 

The webpage load time ( WLT ) is the time that the webpage takes

o fully load on the user’s device, and thus includes the network down-

oad time, the processing time on the phone, and then the rendering by

he browser. It is therefore affected by the network speed, along with

ther factors such as the device specifications and the webpage contents.

owever, since the WLT is mainly affected by the network speed, it can

e estimated as a function of the webpage download time ( WDT ): 

 𝐿𝑇 = 𝑓 ( 𝑊 𝐷𝑇 ) (2)

Thus, by optimizing for the download time of a webpage, we can

nticipate that the load time would be optimized as well. 

It should be noted that our definition of the webpage load time is con-

istent with that of W3C, although the latter refers to the user perceived

oad time, and is more encompassing as it includes the times spent on all

perations and interactions that take place from when the user places a

equest for the webpage until the time the page starts displaying [33] .

his includes contacting the DNS server, establishing a TCP connection,

ending the HTTP request, and getting the webpage. 



A.J. Alami and H. Artail Computer Networks 176 (2020) 107256 

Table 1 

Symbols used in describing the design. 

Symbol Description 

BC Baseline current 

BV Baseline voltage 

WLT Webpage load time 

AWLT Average webpage load time 

WDT Webpage download time 

WBT Webpage browsing time 

AWBT Average webpage browsing time 

EnCPL Energy consumed per load 

ENCPBM Energy consumed per browsing minute 

BEL Battery energy level 

EBEL Expected battery energy level 

EEC Estimated energy consumption 

AEC Allowable energy consumption 

WS Webpage size 

NS Network speed 

ENS Expected network speed 

ANS Average network speed 

RBR Required bitrate 

UPW User preference weight 
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Fig. 3. Sample energy profile. 

Fig. 4. Effect of varying 𝛼 on energy profile. 
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. Methodology 

We propose a solution that relies on cooperative work between the

osting web server and the user device. When a user requests a webpage,

he proposed application would collect several metrics related to the

ser’s device and send them to the web server (origin server) alongside

he request. The web server would then perform several calculations

ased on the provided metrics, webpage type, and metrics related to

he available versions of the webpage, and then would send to the user

he version that best fits the requirements. In what follows, we give a

etailed explanation of the methodology behind our approach. Before

hough, for ease of reference, we will refer hereafter to the web server

s the origin server, and list in Table 1 the different symbols that are

sed in this paper and their meanings. 

A. Smartphone Role 

From the user’s end, an app would be installed on the user’s phone,

hich would be responsible for building the battery consumption profile

f the phone, estimating the network speed, measuring BC , and sending

he webpage requests. Additionally, when a user views a webpage, the

pp records the WBT for future use and crowdsourcing. 

1) Building Battery Energy Profile 

The battery consumption profile is built after installing the applica-

ion, where the app keeps a record of the remaining battery energy level

hroughout the day by acquiring the battery energy level ( BEL ) at fixed

ntervals (e.g. 15 mins). This could be acquired as nanowatt-hours if the

hone manufacturer provides the interface for direct access to the BEL ,

r alternatively, it can be computed by acquiring the remaining nAh

nano-amp hour) in the battery and the battery voltage to calculate the

emaining energy in joules. It should be noted that the ability to cal-

ulate the remaining nAh is currently available in most recent android

hones as it was added to Android’s BatteryManager from Android API

evel 21 and onwards [34] . 

When enough data is available, the app calculates the expected bat-

ery energy level ( EBEL ) by averaging the BEL values collected at each

nterval, using an exponential moving average: 

 𝐵𝐸 𝐿 = 𝛾 × 𝐵𝐸𝐿 + (1 − 𝛾) × 𝐸𝐵𝐸𝐿 (3)

here 𝛾 is a constant that ranges between 0 and 1. 

The EBEL is continuously updated as new data points are collected.

sing an exponential moving average allows for rapid reaction to the

ser’s new phone usage habits. Also, by changing 𝛾 one can change the

ate by which the algorithm adapts to new usage habits. Fig. 3 below

llustrates a real energy profile that was built by extracting battery met-

ics from a user’s phone (discussed in Section VI), whereas Fig. 4 shows
he effect of the variation of 𝛾 on the rapidness of change in the energy

rofile over 4 days. 

In Fig. 4 , the graph with 𝛾 = 1 represents the actual measurements,

ince setting 𝛾 to 1 in Eq. (3) results in factoring the new data only in the

quation. It is notable that for small values of 𝛾 the energy profile main-

ains its form by eliminating errors due to fluctuations. However, when

is very small, the energy profile would take much time to respond to

hanges in the user behavior (e.g. Fig. 4 (a)). To get the expected battery

evel at times between intervals, an interpolation between two interval

oints can be performed to get an estimation of the EBEL at any time t .

2) Estimating Network Speed 

The estimation of the network speed ( NS ) is crucial for correctly es-

imating the download time of the webpage. However, NS is affected

y multiple variables such as congestion, network capacity, user signal

trength, and network interface card type. Therefore, crowdsourcing and

istorical data would have limited to no ability in predicting the current

etwork speed for a certain user. However, the achieved NS while load-

ng previous webpages can be used as an estimator for the NS of the cur-

ent session. Since the webpage download time ( WDT ) is roughly half

f the round-trip time (RTT) used by the Transmission Control Protocol

TCP), we use a similar relationship [35] to compute it, as illustrated in

qs. (4) –(7) , while ignoring the processing time at the origin server. 

𝑆 = 𝑊 𝑆∕ 𝑊 𝐷𝑇 (4)

 𝑁 𝑆 = 𝛼 ×𝑁 𝑆 + (1 − 𝛼) ×𝑊 𝑁 𝑆 (5)
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Fig. 5. Raw and average network speed over a day. 
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𝑒𝑣𝑁𝑆 = (1 − 𝛽) ×𝐷𝑒𝑣𝑁𝑆 + 𝛽 × ( 𝑁𝑆 − − 𝑊 𝑁𝑆 ) (6)

𝑁 𝑆 = 𝑊 𝑁 𝑆 + 2 ×𝐷𝑒𝑣𝑁𝑆 (7)

here ENS is the expected network speed and 𝛼 plus 𝛽 are weighing

onstants that range between 0 and 1. 

We note that even if the user moves from the coverage of one wire-

ess access points (AP) to another or from one local area network (LAN)

o another with different speeds, during the process of downloading a

ebpage, the ENS estimate due to user mobility will not change notice-

bly since the LAN delay is an insignificant part of the network delay

rom the origin server to the user’s phone. Second, it is true that dif-

erent sized webpages will affect the computation of ENS , and so will

he locations of the origin servers (relative to the user’s location), but

here are several factors that serve to mitigate these effects. First, the

roposed framework targets a load time (chiefly affected by WDT ) that

s acceptable to the user, where the decision variable is the webpage

ersion whose size will counter-effect the network speed (while meet-

ng other criteria, as we describe next in Subsection B). It follows that

ince in practice there will be typically few versions of a webpage with

ifferent sizes, only a rough estimate of the network speed is needed.

econd, the smoothing mechanism of computing ENS will lessen the in-

uence of the variabilities in the web page sizes and distances between

he user and the origin servers. 

Going back to the definition of ENS , the network speed of previous

equests would be used as an estimator for the speed of the new one. As

urrent network conditions can be assumed to be more similar to recent

equests than old ones, values for 𝛼 and 𝛽 can be assigned accordingly.

his way, the origin server can predict the download time of different

ersions of the webpage based on the network speed estimation received

rom the app. For illustration purposes, we show in Fig. 5 the variation

f the measured network speed in an experiment that we performed

nvolving a Samsung S8 phone. Additionally, the app keeps a record of

he average network speed (ANS) which is averaged over a long period

f time (i.e., one day or longer), to keep track of the network speed that

he user is adapted to. 

B. Server Side 

When a new webpage ( W ) is added to the origin server, multiple ver-

ions ( W 1 , W 2 , …, W n ) may be either automatically generated by the

rigin server, or manually added by the administrator. Version W 1 rep-

esents the version with best quality (high quality multimedia, scripts,

utomatically downloaded multimedia, etc.) and W n represents the one

ith the lowest quality (minimal to no multimedia, no scripts, etc.). One

f these versions is then served to the user based on the user’s battery

onsumption profile, current estimated network speed, and current bat-
ery level in a way that would maintain the user’s quality of experience

QOE). It is worth noting that the number of versions available can dif-

er between different webpages or origin servers, where based on the

ontent of a webpage or the preferences of the server’s administrator,

he number of automatically generated versions is determined. 

The origin server keeps record of the average browsing time of the

ebpage ( WBT ), which is anonymously collected from the users served.

dditionally, the origin server keeps record of all prominent smartphone

odels alongside with their relevant specifications (e.g., display type,

attery information, network interface chipsets models, CPU and GPU

odels). These records can be manually added by the administrator,

r by relying on available web services. They are used to predict more

eliably the energy consumption of the smartphone when requesting a

age, as they are incorporated in most of the predictive models men-

ioned previously in Section II. 

For each combination of webpage version W n and smartphone

odel, the origin server chooses the method for estimating the energy

onsumption per page load EnCPL , or the estimated energy consumption

er minute of browsing EnCPBM , depending on the page type. Then,

iven the user’s network speed, the origin server can also calculate the

xpected load time of the different versions and compare them to the

arget load time in the case of Iload webpages, or it seeks to minimize

he buffering time in the case of Cload webpages. 

1) Factoring for Network Speed 

Network speed is factored in terms of load time for Iload s, and buffer

ime for Cload s, where the load time is the time required for the page to

ully load on the user’s device and is greatly affected by the download

ime which is the time required to fully download the page contents. On

he other hand, buffer time is the time that the user should wait for the

ew content to load in a continuous load webpage. In the case of video

treaming websites, for example, it is the time where the video stalls

hile fetching new frames from the origin server. 

For network speed factoring, we target the average network speed

 ANS) that is available to the user. Given that the user is adapted to

he loading time of webpages on their devices, it is safe to assume that

argeting the webpage load time ( WLT ) of the average network speed

ould be acceptable to the user. For example, when the network speed

s below average, this would result in higher loading time. However, if

 smaller version of the webpage is delivered, this would counter-effect

he lower network speed, and could provide an acceptable loading time.

For each of the two websites categories, there is a different method

or selecting the optimal website version. For the Iloads , the webpage

oad time is calculated for each version: 

 𝐿 𝑇 𝑛 = 𝑊 𝑆 𝑛 ∕ 𝐸𝑁𝑆 (8)

In the above, WS n is the size of webpage version n , as defined earlier.

ext, the average webpage load time ( AWLT ) is calculated based on

he average network speed and the average webpage size across the N

ifferent versions: 

𝑊 𝐿𝑇 = 

1 
𝑁 

∑
𝑛 𝑊 𝑆 𝑛 

𝐴𝑁𝑆 

(9)

In contrast, Cload websites do not have a load time metric as they are

ontinuously loading throughout the browsing session; however, divid-

ng the delivered content size by the browsing time provides a required

itrate metric ( RBR ) which represents a threshold bit rate at which a

mooth browsing ( “infinite ” scrolling) experience is achieved. Thus, the

ptimal version would be the one that requires a bitrate that is nearest

o the available network speed, as compared to the other versions. 

2) Factoring for Energy Awareness 

As for energy awareness, the aim of the origin server is to maintain

he energy profile that the user has established. The profile is maintained

t the origin server by providing the webpage version that is estimated

o consume an amount of energy closest to what the user’s battery af-

ords. This estimation is calculated by examining the user’s energy pro-

le, current battery level, and estimating the energy consumption of
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Table 2 

Sample user preference weighing metric values. 

UPW Significance 

0 Load Time Only 

0.5 Load Time and Energy Consumption Equally 

1 Energy Consumption Only 
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Fig. 6. User side flow diagram. 
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ach version of the webpage based on the user’s phone specifications

nd the estimated webpage browsing time WBT . 

As discussed earlier in Section III, Iload webpages are characterized

y increased energy consumption only during the load time ( WLT ),

hereas Cload webpages maintain an increased energy consumption

hroughout the browsing time ( WBT ). This difference resulted in two

ifferent criteria for choosing webpages based on their type: EnCPL for

loads and EnCPBM for Cloads. 

For Iloads the Estimated Energy Consumption ( EEC ) throughout the

rowsing time would become as follows: 

 𝐸 𝐶 = 𝐸 𝑛𝐶𝑃 𝐿 + 𝐵𝐶 × 𝐵𝑉 ×𝑊 𝐵𝑇 (10)

here BC is the baseline current, BV is the average voltage, and EnCPL

ould be estimated using any of the available models. 

As for the Cloads, the equation would be as follows: 

 𝐸 𝐶 = 

[
𝐸 𝑛𝐶𝑃 𝐵𝑀∕60 + 𝐵𝐶 × 𝐵𝑉 

]
×𝑊 𝐵𝑇 (11)

here EnCPBM is divided by 60 to get the value in seconds. 

Eqs. (10) and ( 11 ) would combine the energy consumed by browsing

r loading the webpage with the energy consumed by the display and all

ther background processes estimated by the BC and BV to produce an

stimation of the total energy consumed throughout the browsing time.

When a user requests a webpage, the origin server is provided a por-

ion of the user’s energy profile which includes the average battery level

t the time of the request and at fixed intervals after the request (e.g.

very 15 min). These averages, alongside with the current battery level,

rovide the origin server with the necessary insight to estimate the ex-

ected battery level after the WBT, and thus enable it to calculate the

mount of energy that is available for use during the WBT while staying

ithin the boundaries of the user’s energy profile . 

By comparing the allowable energy consumption ( AEC ) with the EEC

or each webpage version, the origin server can then predict the most

uitable (thus referred to as “optimal ”) version that would best fit the

ser’s energy profile. This is the version that is estimated to consume an

mount of energy that is closest to that available throughout the WBT .

t is worth noting here that if a user is visiting the webpage for the first

ime, he would not have a record for the webpage in his database, and

hus he would not have a WBT estimation. In that case, the user will rely

n the origin server that would crowdsource the WBT across all users

nd use that value as an initial estimate. For all subsequent visits to the

ebsite, the user would have his own WBT which is the average of the

revious browsing times . 

3) Combining Network and Energy Criteria 

Since different users might give different significance to one criterion

ver the other, the algorithm that is used to choose the optimal webpage

ersion ( W n ) includes a user preference weight metric UPW ∈ [0, 1], as

llustrated in Table 2 . 

Hence, a weight of UPW is given to the energy consumption, and

- UPW for the load time. This consists of two parts, where the first is

esponsible of rescaling the values of the network and energy metrics

o remove the effect of inflated values/variation between values. The

econd, on the other hand, is responsible of multiplying each metric with

ts corresponding weight based on the user’s preference. The calculation

f each weighted metric is shown in Table 3 . We note that AWLT is

ncluded when calculating the minimum and maximum WLT, ENS is

ncluded for RBR , and AEC is included for EEC as each belongs to the

ame measurement unit as the corresponding group. 
To provide the best version based on the user’s preferences, the ori-

in server would calculate the Euclidian distance between the reference

eighted metrics ( wAEC , and wENS or wAWLT ), and the weighted met-

ics of each version ( wEEC n , and wRBR n or wWLT n ). An illustrative ex-

mple follows in Section VI. 

4) Crowdsourcing the Browsing Time 

One of the tables in the origin server’s database, proposed as part

f the system’s design, includes an anonymous entry for every time a

ser in the system requests a version of a webpage hosted on the origin

erver. The entry will include the average browsing time of that web-

age version. When a user requests a page that he has not previously

equested, no prior browsing time would therefore be available for him.

t follows that in the request that this particular user sends to the origin

erver, the field of the WBT would be left blank in the HTTP request,

ndicating that this is the first time this page is being requested. The

rigin server will then refer to all the users that have previously loaded

his page, and will simply use the average browsing time as an estimator

or the user’s browsing time. 

. System design 

A. User Side 

When a user requests a webpage W at t 0 , an HTTP GET request is

ent to the origin server containing metrics that would be needed by the

rigin server. Fig. 6 shows a flowchart of the design from the user’s side.

nitially, the user preference weight ( UPW ∈ {0,1}) is examined, and if

nly one optimization criterion is selected (i.e. user wants only load

ime optimization [ UPW = 0] or energy consumption only [ UPW = 1]),

hen only the metrics related to the selected criterion are included. 

For the energy consumption criterion, the charging status of the de-

ice is acquired (in Android phones, it is done through the battery status

PI, which is available across all devices. Other OSs have similar APIs).

his is mandatory to decide whether energy consumption maintenance

s required (i.e. if the phone is being charged, then no energy optimiza-

ion is needed, else, it is). If no energy consumption maintenance is re-

uired, then the related header fields are left empty. Otherwise, the app

ecords the phone type and the battery’s energy level ( BEL ) in addition
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Table 3 

Calculations of the weighted metrics. 

Weighted metric Equation No. 

wWLT n UPW × ( WLT n – min( WLT ))/(max( WLT ) – min( WLT )) (12) 

wRBR n UPW × ( RBR n – min( RBR ))/(max( RBR ) – min( RBR )) (13) 

wAWLT UPW × ( AWLT – min( WLT ))/(max( WLT ) – min( WLT )) (14) 

wENS UPW × ( ENS – min( RBR ))/(max( RBR ) – min( RBR )) (15) 

wEEC n (1 – UPW ) × ( EEC n – min( EEC ))/(max( EEC ) – min( EEC )) (16) 

wAEC (1 – UPW ) × ( AEC – min( EEC ))/(max( EEC ) – min( EEC )) (17) 

Table 4 

Data sent by the phone to the server in the request’s header. 

Metric Description 

Phone model Phone type and model 

(e.g. Samsung Galaxy Note7- N930F) 

UPW User Preference Weight 

BV, BC Baseline Voltage and Current 

BEL Current Battery Energy Level 

EBEL t EBEL 0 
EBEL 15 

EBEL 30 

EBEL 45 

EBEL 60 

Expected Battery Energy Level after t 

minutes from sending the request ( t = 0) 

according to the user’s battery energy profile 

ENS Expected Network Speed 

ANS Average Network Speed 

AWBT Average Web Browsing Time of webpage W 

t  

o  

e  

…

 

(  

f  

p  

c  

t

 

s  

r

 

c  

q  

w  

a  

t  

q  

t  

c  

t  

p  

w  

p  

f  

s  

A  

s  

w  

s  

p  

s

 

p  

a  

Fig. 7. Origin server side flow diagram. 
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o the current and voltage levels ( BC and BV ). For the energy profile, a

ne-hour portion of the profile is provided by sending a number of en-

rgy levels (e.g., five), spread in 15 minutes intervals: ( EBEL 0 , EBEL 15 ,

, EBEL 60 ). 

To account for the network speed, the app calculates ENS using Eq.

7 ), and includes it alongside the ANS in the header. The app also checks

or available entries for the webpage requested in its database; if the

age was previously requested, the average webpage browsing time is

alculated ( AWBT ), which is used for both energy and load time main-

enance. 

After acquiring and computing the above information, as was de-

cribed, the HTTP GET request is sent to the origin server with the met-

ics shown in Table 4 appended to the header. 

As will be illustrated in the next subsection, a major part of the

omputations involved in determining the appropriate version of the re-

uested webpage is done at the origin server (see Fig. 7 for summary),

hereas, as we have seen, the client is required to poll the battery level

nd the network status, keep track of the average browsing time, and

hen compute average values that it adds to the header of the HTTP re-

uest (see Fig. 6 and Table 4 ). The calculations for computing the data

o send to the origin server, namely ENS, ANS, WBT, and EBEL involve

alls to two APIs (to retrieve network and battery information), querying

he local database, and performing around 12 multiplications/divisions

lus 11 additions/subtractions. Some of these operations are carried out

hen a webpage is requested by the user, while others are performed

eriodically (e.g., every 15 minutes to build the battery level profile). It

ollows that the induced load on the client device is low and is only re-

tricted to processing operations with no additional transmission events.

lso, benchmark studies, like [36] , showed that the CPU power con-

umption is at mid-level as compared to other subsystems, like the net-

ork interface card, graphics card, LCD, memory, etc. Therefore, we can

afely state that the cost of the client-side of our framework in terms of

ower consumption is minimal and is overshadowed by the attained

avings due to processing lighter versions of the requested webpages. 

B. Origin Server Side 

When the origin server receives an HTTP GET request containing the

reviously mentioned metrics for a webpage W , it compares the avail-

ble webpage versions ( W , W , ..., W ), and sends the user the ver-
1 2 n 
ion that best fits the user’s preferences and the phone’s current status.

ig. 7 provides a flow diagram of the operations on the origin server’s

ide. 

Based on the UPW in the header, if energy consumption maintenance

s required (i.e., UPW > 0), the origin server then computes for each

ebpage version the Energy consumed per page load ( EnCPL ) or the

nergy consumed per browsing minute ( EnCPBM ) based on the page

ype ( Iload vs. Cload). Accounting for the BC, BV, and WBT, the origin

erver calculates the estimated energy consumption ( EEC ), where WBT

s either provided by the user or estimated from crowd-sourced WBTs .

inally, EEC is multiplied by (1- UPW) to yield wEEC. Since this is done

or each version of the webpage, the origin server ends up having a wEEC

or each version. 

For calculating the allowable energy consumption ( AEC ), the origin

erver would subtract the battery energy level from the estimated bat-

ery energy level after browsing the webpage (i.e., at t = WBT ): 

𝐸 𝐶 = max 
{
𝐵𝐸 𝐿 − 𝐸 𝐵𝐸 𝐿 𝑊 𝐵𝑇 ’ , 0 

}
(18)

Where EBEL WBT is computed by interpolating between the EBEL val-

es provided in the header. The value of AEC is then multiplied with
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Fig. 8. Battery consumption (%) pattern of days 5 to 8. 

Fig. 9. Daily battery profile changes over days 5 through 9. 
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1- UPW ) to generate wAEC . If the current BEL is lower than EBEL WBT ,

hen the function returns zero. 

In order to account for the network speed (Load time maintenance)

n Iload webpages, the origin server uses the versions’ sizes, ENS , and

NS to compute the average webpage load time ( AWLT ) and the web-

age load time for each version ( WLT n ) according to Eqs. (9) and ( 8 ),

espectively. The load times are then multiplied by the UPW resulting

n the weighted metrics wAWLT and wWLT n . For Cload s, the RBR n is

alculated instead for each version, and multiplied by UPW to produce

RBRn . As a weighted reference metric, the expected network speed is

ultiplied by UPW , thus resulting in wENS . 

After gathering the weighted metrics, depending on the page type,

he origin server computes the Euclidian distance between the reference

 wAWLT, wAEC ) and ( wWLT n , wEEC n ) for Iload webpages, or the refer-

nce ( wENS, wAEC ) and ( wRBR n , wEEC n ) for Cload webpages, for each

ersion W n of the webpage W . The version that has the minimum dis-

ance to the reference is the one that best fits the requirements in terms

f quality of experience (QoE) maintenance, and thus is selected and

ent back to the user. Here, by maintenance we mean enabling the user

o have a QoE that he is accustomed to. 

We conclude this section with a note on scalability. The operations

t the origin server, as summarized in Fig. 7 involve computing the

et of metrics (wRBR, wENS, WLT, wWLT, AWLT, wAWLT) or (EEC,

EEC, AEC, and wAEC), and then calculating the Euclidian distance to

ecide on the appropriate webpage version. Therefore, in the worst case

cenario, and as can be inferred from the corresponding equations, for

ach request, the origin server thread needs to perform 21 subtractions-

ddition and 10 multiplications-divisions, in addition to the associated

emory access operations. Given that the origin server is performing the

alculations on information provided by the client in the HTTP request

 Table 4 ) and does not need to fetch client-specific information from its

atabase, its additional load is not significant, and will be dominated

y the webpage specific operations that it has to perform in order to

uild the dynamic webpage. Because of this, the scalability of the origin

erver is expected not to be noticeably impacted. 

. Case study 

To better illustrate our approach, we consider an example scenario

xtracted from the SherLock dataset [27] which has been collected from

anuary 2015 until December 2017, and includes highly useful informa-

ion about the usage of smartphones. The collection was done during a

wo years period field trial on 50 Samsung Galaxy S5 smartphones which

ere given to 50 users. The authors of [27] installed two applications,

amed SherLock and Moriarty. The first is responsible for collecting sen-

or and app usage data at a very high sampling rate (up to every 5 sec-

nds), whereas Moriarty was used to simulate malicious activities. The

cenario we are considering in this section corresponds to one user and

0 days of data collection. The collected phone metrics included bat-

ery and network data, which is of particular interest to our study. More

pecifically, the data included measurements of the battery average cur-

ent, battery average voltage, and battery level, number transmitted and

eceived bytes over the Wi-Fi and cellular network interfaces. With this,

he battery energy consumption was therefore computed by multiplying

he average current and voltage and the elapsed time. 

In this section, we consider one participant (with a phone battery ca-

acity of 2600 mAh), and analyze his energy profile, and then simulate a

age request and explain the procedure that follows. For simplicity, we

ssume a user preference weight ( UPW ) of 0.5, meaning that both load

ime and energy consumption are equally important for this particular

ser. 

Fig. 8 shows the battery consumption pattern of the user’s phone,

here it can be noticed that on day 7 (shaded region on the graph), the

ser did not fully charge his phone, which is not his normal behavior.

efering to Eq. (3 ), if more weight is given to new data points (high

alues of 𝛾), the energy consumption profile would be greatly affected by
his anomality. However, as we are using a relatively small 𝛾 ( 𝛾 = 0.2),

uch anomalities have a limited effect on the profile. 

Fig. 9 , on the other hand, shows the smoothed daily energy consump-

ion profile generated from the data of Fig. 8 by applying Eq. (3 ), where

t is obvious how the anomality of day 7 is mitigated by the low 𝛾. 

A. Energy Profile 

B. Network Speed 

Fig. 10 shows the variation of the user’s network speed on day 7

f the experiment, where it varies below 2 Mbps. The user’s average

etwork speed ( ANS ) averaged from day 1 till day 7 was reported to be

round 1.5 Mbps. Fig. 11 illustrates the estimated daily network speed

 ENS ), as it changes during the day. Here, 𝛼 was set to 0.5 and 𝛽 to 0.25,

hus giving half of the weight to recent readings, which allows for fast

eaction to network conditions while dampening anomalies. 

C. Webpage Versions 

For an Iload webpage W hosted in the origin server, we consider the

cenario in Table 5 for its versions: 

Relevant to the above webpage versions and their respective sizes is

he fact that the crowdsourced average webpage browsing time WBT is

qual to 15 minutes. 

D. Requesting Webpages 

Assume that at 7:00pm in day 7, the user requested webpage W ,

hich has the seven shown versions. From Fig. 9 , the current battery en-

rgy level ( BEL ) is 60% of the total energy capacity of the battery ( Fig. 8 ,

ay 7, 7pm), which converts to around 21900 J, based on the battery

oltage extracted from the dataset (3.9 V). And, based on Fig. 11 , the

stimated network speed ( ENS ) for 7:00 pm of day 7 is 2.1 Mbps. How-

ver, the average network speed ( ANS ) is 1.5 Mbps (refer to subsection

), and based on the energy profile ( Fig. 9 , profile from day 7), the ex-
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Fig. 10. User’s network speed. 

Fig. 11. User’s estimated network speed. 

Table 5 

A scenario for 7 versions of a webpage 

and their sizes plus estimated energy 

consumptions. 

Version number Size (KB) EEC (J) 

W 1 2600 1500 

W 2 2200 1350 

W 3 2000 1150 

W 4 1700 1050 

W 5 1500 900 

W 6 1200 800 

W 7 1000 750 

Fig. 12. Energy consumption and load time ( AEC = 0, UPW = 0.5). 
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ected battery energy level at 7:00 pm ( EBEL 0 ) is 87%. This means that

he current network conditions for this user are above average, whereas

is battery energy level is well below the expected value (deviation of

7%, or 13500 J) resulting in an allowable energy consumption ( AEC )

alue of max{-13500, 0} = 0. 

When the user’s phone sends the HTTP GET request to the origin

erver, it includes the phone model and other phone metrics that would

elp the origin server in calculating the Estimated Energy Consumption

 EEC ) for each version. We consider the EEC values in Table 5 , which

he origin server computed for the seven versions of the considered web-

age. 

Our scheme works to maintain the battery energy level on the profile

uring and after loading, plus viewing the webpage, while maintaining

 webpage load time ( WLT ) that is relative to the user’s ANS . Hence,

y considering the WLT and EEC of each version, and comparing them

o the AWLT and the allowable energy consumption ( AEC ), the origin

erver constructs a 2D map (see Fig. 12 ) that positions the seven web-

age versions on this map. The vertical axis represents the normalized

nergy consumption scale, while the horizontal axis denotes the normal-

zed webpage load time scale. 

In this case, there is a deficit in the battery level in comparision

ith the expected battery level after the browsing time, so the allow-

ble energy consumption is zeroed. This is represented with the dark

lack point in Fig. 12 . By examining the figure and calculating the eu-

lidean distance between the point ( AEC, AWLT ) and each version, it

s appears that W 3 is the closest to the ideal and thus it is selected.

o even though there is a large energy deficit, the algorithm did not

hoose the version with the lowest quality (i.e. W 7 ) because it gave

qual improtance for maintaining both the energy consumption and the

oad time. However, if the user’s UPW was different, the results would

ave changed, and some other version would be selected, depending on

he value of UPW . Fig. 13 illustrates a theoretical case where the Allow-

ble Energy Consumption is higher (750 J), but the UPW is at 0.3 (the

ser is more concerned about maintaining energy). For this case, even

hough the phone has more energy in comparision with the previous

ase, the algorithm would choose version 5, which provides lower qual-

ty of experience than version 3 but was chosen since more importance

s given to the energy level. 

. Experimental results 

In order to validate the effectiveness of our approach, we designed

nd implemented two websites that closely mimic the two of the most

isited websites: Facebook and YouTube. For each website, we created
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Fig. 13. Energy consumption and Load Time ( AEC = 750J, UPW = 0.3). 

Fig. 14. Variations of network speed and power consumption across webpage 

versions.. 
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ultiple versions that have layout and content similar to that of the site

t mimics. For simplicity, only three versions of each site were imple-

ented. 

For the video streaming website, the version that provided the best

uality was the YouTube page itself with the video played on the highest

esolution available (1080p) [37] , the medium quality version provided

 medium resolution (480p) in addition to a static comment section,

hile the lowest quality version provided a low-resolution video (144p).

s for the versions of the social networking website that mimics Face-

ook, they were similarly designed by altering the media quality and

ther features such as the scripts and the video auto play feature across

he different versions. 

Using a Samsung S8 smartphone, the different versions were loaded

ultiple times on a WebView component (Chromium browser) embed-

ed in our custom app which recorded the network speed, baseline cur-

ent, battery voltage, and drawn current. After collecting and averaging

he data, the versions were then compared to each other in terms of

ower consumption and network speed requirements. 

Fig. 14 illustrates the comparison between the different versions,

here a large reduction in energy consumption and network require-

ents can be observed. The difference in power consumption between

he high- and low-quality versions is around 0.9W for the video stream-
ng website and 0.6W for the social network platform, resulting in a

3% and 42% respective reduction in power (instantaneous energy) con-

umption. As for the network speed requirements, delivering the low-

uality version would result in more than 80% reduction in speed re-

uirements (and hence download times) for both websites. 

This reduction in energy consumption means that for an average

rowsing session (YouTube average browsing session is 40 minutes [38] ,

hereas Facebook average browsing session is 20 minutes [39] ), as

uch as 5% from the battery energy could be conserved per browsing

ession without altering the brightness level or affecting other phone

apabilities and functionalities. As for the network speed requirements,

hese results express the capabilities of the architecture to adapt with

xtreme fluctuations in the bandwidth available to the user which has

irect effects on the buffering time that is experienced when network

onditions are not optimal. 

Although these tests are not comprehensive in terms of simulating

eal-life scenarios of daily web browsing and mobile usage, they do high-

ight the capabilities of our approach to highly adapt to variabilities in

he browsing environment without requiring any intervention, in order

o maintain the user’s quality of experience . Moreover, with an average of

35 minutes spent daily on social media alone [40] per user, there is

o much room for adaptation and improvement in the user’s quality of

xperience. Given the current average phone battery capacity of 3400

Ah [41] , our algorithm can adaptively save as much as 14% of the

hone’s battery energy without requiring any input from the user. 

. Conclusion 

In this paper, a novel approach was proposed and developed for

aintaining the mobile user’s QOE when browsing the Internet. The

pproach comprises a web architecture according to which the user’s

hone usage behavior and browsing environment are analyzed and re-

ayed to the origin server upon submitting HTTP requests. With this

wareness about the requesting mobile devices, the origin server can

utomatically adapt to changes (i.e., in terms of battery energy level

nd network speed) on the phone by relaying the appropriate versions

f webpages. Our approach is applicable to both, instant load and con-

inuous load webpages, and handles static as well as dynamic pages. 

As we described in Section I, APIs are being developed and stan-

ardized for sensing the network and device states, and then relaying

uch information to the origin server, as we have proposed, in order to

ncrease its awareness and adapt its delivered content in order to main-

ain a given quality of browsing experience for the user. In this work, we

roposed to implement this through multiple versions for each webpage,

ut a future work could look into constructing the appropriate webpage

n the fly, which would improve the practicality of our approach and

ts efficiency. That is, instead of creating the different versions a pri-

ri, an adapted version can be created on the origin server in response

o the received HTTP request and the included network and device in-

ormation. In addition to the reduced complexity, this approach would

llow for providing a finer granularity of adaptation, as compared to

electing from among a discrete number of available versions for the

equested webpage. Another future work would be to conduct a study

hich involves building a testbed that comprises an appreciable num-

er of websites (at least 50) offering multiple versions of webpages and

 significant number of mobile devices equipped with a client software

hat builds the HTTP request with the required header information for

ur mechanism, and collecting data for later analysis and computing

tatistics. A part of the study will be to poll the users’ feedback on their

uality of experience to understand the user’s perception on the value

f this proposed architecture. 
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