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Abstract. Web applications are becoming the key services in today’s networks 
(both fixed networks and mobile networks). Consideration of web service 
quality has become essential to provide the end users with satisfying Quality of 
Experience (QoE). In order to evaluate and manage the web quality, methods 
for QoE assessment are desired to estimate the service quality perceived by the 
end users. In this paper, we study a number of existing objective quality 
assessment models for assessing the QoE of web applications, and compare 
their performance with simulations to find out their individual advantages and 
limitations to use in practice. Simulation results show that the proposed QoE 
model can be applied for evaluating the quality of different web sources in the 
Long Term Evolution (LTE) networks, considering the lossy property of mobile 
networks. A fitting model is presented to describe the correlation between 
network Quality of Service and User QoE obtained in subjective lab test. To 
overcome the shortcomings of the existing models, this paper also proposes an 
enhanced QoE model which considers the effects of parameters such as page 
download size and content, browser cache setting as well as the packet losses 
and connection throughput in quality assessment e.g., page response time.  To 
study other user related aspects in the evaluation of QoE, subjective tests in real 
systems and environments are planned as the next step. 
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1 Introduction 

Web applications have always been the key service with the onset of the Internet in 
both fixed and mobile networks. To provide a high-quality web service for the users, 
evaluating and managing the quality properly is extremely important. The normal 
Quality of Service (QoS) measurements that reflect the technical parameters of a 
service, however, do not reflect the user’s perception of the obtained performance. 
Therefore, in the recent years attention has widely been paid on the concept of Quality 
of experience (QoE).  



 Enhancing Quality of Experience (QoE) Assessment Models for Web Traffic 203 

 

QoE is defined by ITU as “the overall acceptability of an application or service, as 
perceived subjectively by the end-user” [1]. QoE is typically represented using the 
Mean Opinion Score (MOS) [2], which is an empirical quality scale which ranges 
from 5 (excellent) to 1 (bad), indicating the quality from the user’s perspective of the 
received service. To measure the perceived service quality, QoE assessment 
methodologies are indispensable, which are important for service quality management 
as well as for network planning, monitoring and optimization. The QoE assessment 
methods can be based on subjective tests or objective QoE models. Subjective 
evaluation of quality is usually carried out by a test panel of real users. Objective 
evaluation of quality is performed by applying objective QoE assessment models on 
behalf of a real user, trying to imitate or predict user perceptions by mapping network 
level QoS parameters into user level QoE. This provides the operators and service 
providers with a metric of the user satisfaction with the service.  

Web traffic contributes a major part to the overall Internet traffic. According to real 
time monitoring using Akamai platform that handles about 20% of the world’s total 
web traffic, there are 13,639,235 hits per second, 50,794,152 global page views per 
minute [3].  

The key parameter that governs the user web QoE is the page response time i.e., 
the time it takes for the web page to download completely after the web link was 
clicked [4]. In other words, the total response time is defined as the time between 
issuing a web request to the system until the end result is visible to the user. The 
response time can be affected by the sum of time it takes to transfer the request to the 
remote server, the time the remote server needs for satisfying the request and the time 
it takes to transfer the response to the end user [5]. 

There are three main limits for the subjective response time as mentioned in 
(Nielsen 1993) [6]:  

• 0.1s is the limit when a user feels that the system responds instantaneously. 
• 1.0s is the limit until which a user perceives the page to be uninterrupted. 
• 10s are the limit to keep the user’s attention focused on the web page.  

According to a study by Akamai in 2006 [7]:  

• 75% of people would not return to websites that take longer than 4 seconds to 
load.  

• Most of the Internet users rank page-loading time as a priority.  

Another study [8] suggests that most users are willing to wait only about 2 seconds 
for simple information retrieval tasks on the web. A similar conclusion was released 
by Akamai in September 2009 [9]:  

• 40% will leave off the web page if it takes more than 3 seconds to load.  
• 47% expect 2 second or less to load a web page.  

Even fractions of seconds of response time can have significant effects as Google 
found that by moving from a 10-result search web page which loaded in 0.4 seconds 
to a 30 result page loading in 0.9 seconds decreased the ad revenues by 20% [10]. 

The remainder of this paper is structured as follows. A number of selected 
objective QoE models for web applications are described in section 2. Section 3 
discusses the important aspects that should be considered for precise modeling of the 
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web QoE. The subjective tests that were conducted in a lab environment, their results 
and corresponding fitting models are presented in section 4. Section 5 describes the 
simulation scenario that is used to compare the different objective QoE models 
against the proposed fitting models. Finally, section 6 gives the conclusion and also 
an outlook. 

2 Existing Web QoE Objective Models 

Since, the page response time is what a user experiences while opening a web page, it 
is normally assumed to be the parameter that one should map to the web QoE values. 
Therefore, most of the web QoE models described in the literature which are mainly 
based on the page response time [11] [12] are explained in sections 2.1 and 2.2. The 
page response time is dependent on the design of the respective web page and also on 
the quality of the connection. One of the simplest forms used to identify the quality of 
a connection is the data rate that the user gets while opening the web page. Therefore 
in [13], a QoE mapping model is given based on the different user data rates. All 
these models are based on their respective subjective test results and we also follow 
the same norm to propose our new model in section 4.2 and 5. 

2.1 Fitting Functional Models 

In [11], subjective test results were used to map the impact of the web page response 
time (T) to web QoE (MOS) by different curve fitting function models such as based on 
the linear, logarithmic or exponential functions (refer Table 1). To measure the 
closeness of the fitting functions with that of the subjective QoE results, the coefficient 
of correlation was calculated for each fitting function. The exponential function as well 
as the logarithmic functions fit the subjective results best. The logarithmic function 
also has a high correlation as supported by ITU-T Rec. G.1030 [14].  

Table 1. Web QoE functional fitting models [11] 

Relation QoE Model Coefficient of correlation 
Logarithmic ܱܵܯ ൌ െ1.426 · lnሺܶሻ ൅ 4.469 0.994
Linear ܱܵܯ ൌ െ0.318 · ܶ ൅ 4.158 0.983
Exponential ܱܵܯ ൌ 4.836 · expሺെ0.15 · ܶሻ 0.995

 
The QoE values for the different models are depicted in Fig.1 for varying page 

response times. For the subjective tests to which the different models were mapped, 
the QoE values were considered in the normal range of 1 (unacceptable) to 5 
(excellent) with an additional level of 0 which identified when the users simply 
disconnected the session. Therefore in Fig.1, the models map the page response time 
to the web QoE values ranging between 0 and 5. 
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Fig. 1. Mean opinion score (MOS) curve fitting functional models based on page response time 

2.2 Fitting Models Based on the Lorentzian Function 

Like most of the Quality of Experience models, in [12] an experimental survey  
of the subjective quality as perceived by the end user was used to develop a  
mapping function based on the Lorentzian function [13] between the web page 
response time, T (measured in seconds)) and the user’s quality experience (MOS). 
This model will be referred as the PRT non-linear model in this paper; it is defined as 
given in Eq. (1). ܱܵܯ ൌ 5 െ 5781 ൅ ቀ11.77 ൅ 22.61ܶ ቁଶ  

 

(1) 

One of the important factors that influences the page response time is the user data 
rate for the web connection. The authors in [15] formulated a mapping function 
between the web QoE and the user data rate, r (measured in kbps) with which the web 
page was downloaded. This model will be referred as UDR non-linear model in this 
paper; it is defined as specified in Eq. (2). ܱܵܯ ൌ 5 െ 5781 ൅ ቀ ݎ ൅ 541.145.98 ቁଶ  

 

(2) 

The QoE values for these two models based on the Lorentzian function are depicted 
in Fig. 2. According to these results, a 10s limit exists for a user to fall into the 
category of being completely dissatisfied i.e., a mean opinion score of less than 2.  
A similar QoE value is obtained for a user data rate of around 100kbps. The user data 
rate can also be seen as the goodput of the web connection. 
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Fig. 2. Mean opinion score (MOS) curve fitting Lorentzian models w.r.t. a) Page response time 
(PRT non-linear model) and b) User data rate (UDR non-linear model) 

3 Important Aspects for Web Browsing Experience 

When a user visits a webpage, the browser first performs a DNS lookup to obtain the 
IP address of the web server. It then establishes a TCP connection with the server 
before it starts to download the main webpage. The main page may embed many web 
objects, including CSS, Java scripts, and images, which sometimes are hosted by 
servers in multiple domains. In that case, the browser has to perform more DNS 
lookups, establish multiple connections to different servers, and download objects in 
parallel. This process continues recursively until all the objects are downloaded. Thus 
the page response time depends on factors such as DNS lookup time, TCP setup and 
transfer (including the slow start phase and other congestion control aspects), and the 
client browser itself (the browser’s response time and rendering speed of the 
displayed page). In addition, contents of most of the popular web pages are dynamic 
i.e., the structure and embedded objects, e.g. advertisements, may change over time.  

Some of the important aspects to evaluate web browsing performance (or page 
response time) are listed here: 

• Total page size: the page response time is monotonically increasing with the 
downloaded page size. A web page usually contains several embedded objects 
and all these add to the total page size.  

• DNS lookup time: the web page’s embedded objects may be hosted under 
different domains leading to a significant delay caused due to the DNS lookup 
process. Fig. 3 shows a snapshot of a web page (www.radiobremen.de) 
download, where the DNS lookup time is depicted for two embedded objects 
that are hosted at two different domains [16]. Fig.3 also shows other types of 
delays such as the connection setup delay, the time to first byte and finally the 
download time. 

• Browser concurrency: Browsers support concurrent TCP connections within 
the same domain to improve download efficiency. If no network bottleneck 
exists, a higher concurrency means better utilization of bandwidth and shorter 
page response time. The maximum number of concurrent TCP connections 
within a domain varies for different browsers [17]. 
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• Cache strategy: To speed up the web page response, browsers and web page 
designers allow for caching the web page content for a certain time. Thus if the 
same page is re-visited then the page can be reloaded from the cache or if only 
certain parts of the page are updated in the interactive browsing session then 
only the incremental information (embedded objects) are retrieved from the 
server. 

• Effective page size: Due to the cache effect, during an interactive browsing 
session, a user may click on several embedded links and observe a favorable 
performance as in most cases the whole page is not required to be retrieved from 
the web server. The amount of downloaded data is referred to as effective page 
size. This reduces the load on the network as well as makes the response time 
shorter and hence should be considered whenever browser cache is used instead 
of the total page size.  

 

Fig. 3. Waterfall view shows DNS lookup, initial connection and object download time for 
different domains 

4 Subjective Test for Web QoE 

The concept of Quality of Experience (QoE) [1] is an approach to measure the network 
performance from the user's point of view, which means that degradations or disruptions 
of the service are being considered. The challenge of QoE measurements is that the 
perception of the user is a subjective phenomenon which varies between different users. 
Hence, in order to design a model to map QoS to QoE, tests with multiple users have to 
be performed. This section discusses QoE measurement experiments which were 
performed in the scope of the investigations discussed in this paper. 

4.1 Experimental Setup 

The hardware setup is shown in Fig. 4. Six probands can be tested at a time; each of 
them is provided a netbook (Lenovo S10-2) with a screen size of approx. 26 cm (10 
inches) and a screen resolution of 1024ൈ600 pixels. The netbooks are connected via 
an Ethernet switch to each other as well as to the Internet. The switch is manageable 
which allows configuring the uplink and downlink speed separately for each port. The 
switch is also connected to the Internet by a router which is required for the web 
browsing test. A controlling computer inside the network allows the automatic 
configuration of the switch and the start of required software on the netbooks. 
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Fig. 4. Experimental setup for the Web QoE subjective tests 

For web browsing, the netbooks connect to a preconfigured server on the Internet 
(www.radiobremen.de/vier) which provides a web page with a mix of text and photos. 
The photos play an important role in the experiment. They are objects embedded into 
the web page and have a considerable file size, so the speed by which they appear on 
the terminal screen provides a good way of ranking the connection quality. The 
experiment is repeated with different link speeds which are given in the results 
section. After the end of each experiment, the user has to fill in a questionnaire where 
the QoE of the service is ranked and some additional comments about the individual 
impression can be given. 

The questionnaires are provided in an electronic way so that the data can be 
automatically collected inside a database which allows a flexible evaluation according to 
certain criteria. E.g., for the determination of the QoE/QoS relationship, it is important to 
consider whether a user is an “expert” with sound knowledge about networking devices 
or an inexperienced user who might use the Internet only occasionally.  

During the preparation phase of the experiment, link speeds suitable to run 
experiments with the different services were determined by friendly-user tests (FUT). 
Five speeds have been selected individually for each service, where the number of 
five is chosen according to the Mean Opinion Score model as described in section 1. 
For one of the five speeds, the experiment is run twice, once after an experiment with 
a higher speed and once after a lower speed. The aim is the identification of memory 
effects, i.e. it is considered that the user has a different perception when coming from 
an experience worse than the current one or when coming from a better one. During 
the FUT, the tendency that different users sometimes have different opinions about 
the same technical service quality already could be observed, which highlights the 
need to perform the experiment with a large number of users to find the Mean 
Opinion Score (MOS) for each speed. 

4.2 Subjective Test Results 

In the subjective tests, 35 users took part which with equal gender distribution (18 
male, 17 female). Most of the test users were either university students (21) or 
employees (10) with sufficient knowledge about the Internet and related terminology 
to web related applications. Fig. 5 depicts the average number of hours spent per day 
by the test users for different applications on the Internet. It is clear that web surfing 
and e-mail are two most often used applications. 
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Fig. 5. Average number of hours spent per day on the Internet for different activities  

Fig. 6 depicts the QoE results obtained for different link speeds. The test for a link 
speed of 512kbps was done twice, once after the best speed of 2Mbps and then again 
after the worst speed of 256 kbps. Both the set of results are not too much apart 
though the one that follows the speed of 2 Mbps gives a slightly better MOS value.  

 

 

Fig. 6. Web QoE values for the different link speeds in the order of performed tests  

Fig. 7 indicates the frequency of the different Individual Opinion Score (IOS) 
values that the test users gave for different link speeds. As expected, different users 
rate the quality differently but the trend shows a shift towards higher MOS values for 
larger link speeds. 
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Fig. 7. Number of occurrences (indicated by bubble area) of Individual Opinion Score (IOS) vs. 
link speed 

4.3 Fitting Model for Web QoE 

The MATLAB curve fitting toolbox provides graphical tools and functions for fitting 
curves and surfaces [18]. Regression analysis can be conducted using a library of 
linear and nonlinear models or by providing custom equations like we did here with 
the Lorentzian, power and logarithmic (Log_our) functions depicted in Eq. (3), (4) 
and (5), respectively to fit the subjective web QoE results for varying user data rates. ܱܵܯ ൌ 5 െ 5001 ൅ ቀݎ ൅ 1271123.2 ቁଶ 

 

(3) 

ൌ ܱܵܯ   െ 104 · ሺିݎ଴.଺ଵ଺଼ሻ ൅ 5.016 (4) 
ܱܵܯ  ൌ  1.1592 · ln ሺݎሻ െ 4.6099 (5) 
 

Table 2 evaluates the goodness of fit based on the following metrics [19], [20]: 
• Sum of Squares Errors (SSE): the total deviation of the data values from the 

fitting values. SSE values closer to 0 indicate better fitting results. 
• R-Square: the square of the correlation between the data values and the fitting 

values. R-square values range from 0 to 1, with 1 indicating a perfect fit. 
• Adjusted R-Square: it is considered to be one of the best goodness statistics for 

the fitting quality as it considers additional coefficients. Adjusted R-square is 
particularly useful in the feature selection stage of model building. Unlike R-
square, the adjusted R-square increases only if the new term improves the model 
more than would be expected by chance.  

• Root Mean Squared Error (RMSE): this statistic is also used to measure the 
difference between the fitting values and the data values with a better fit having 
RMSE value closer to 0. 

From Table 2, it can be seen that the power fitting model gives the best results, and 
a comparison between the subjective web QoE results and the fitting model results is 
depicted in Fig. 8. 
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Table 2. Web QoE fitting models goodness of fit statistics 

Fitting method SSE R-Square Adjusted R-square RMSE 
Power ૙. ૙૞ૢૢ૛ ૙. ૢૡ૝૞ ૙. ૢ૟ૡૢ ૙. ૚ૠ૜૚ 

Log_our ૙. ૚ૢૠ૚ ૙. ૢ૝ૡૢ ૙. ૢ૜૚ૢ ૙. ૛૞૟૜ 
Lorentzian ૙. ૚ૠ૙ૡ ૙. ૢ૞૞ૠ ૙. ૢ૝૚ ૙. ૛૜ૡ૟ 

 

 

Fig. 8. Power fitting model for the obtained web QoE subjective test results 

5 Simulation Scenario and Results 

This section discusses the results obtained by the simulation of an LTE Scenario in 
the OPNET simulator. To realize controlled packet losses and link delay, an 
impairment object is added on the link between the eNB1 and router R2, as depicted 
in Fig. 9.  
 

 

Fig. 9. Simulation scenario for a LTE network in OPNET simulator 

Fig. 10 depicts the variation of the user data rate and the corresponding page 
response time for different packet loss rate configurations in the LTE scenario 
described in Fig. 9. The web QoE results for different fitting models with respect to 
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varying packet loss rates and link delays are shown in Fig. 11 and 12, respectively. 
The logarithmic curve is the fitting model taken from Table 1, while the PRT non-
linear and UDR non-linear models are described by equation (1) and (2), respectively. 
The Lorentzian and power fitting models are the ones obtained to fit our subjective 
web QoE results and are described by Eq. (3) and (4), respectively. 

 

 

Fig. 10. Effect of the packet loss rate on the user data rate and the web page response time 

 

Fig. 11. Effect of the packet loss rate on the web QoE for various models 

From Fig. 11 and 12, it can be seen that the UDR non-linear model is too 
optimistic while evaluating the web QoE whereas the PRT non-linear model is  
too conservative with the logarithmic curves (from Table 1) being the most 
conservative. 

The missing link between the user data rate (UDR) and the page response time 
(PRT) based model is the effective page size, ps (in kB) of the downloaded page. 
Therefore, the Lorentzian fitting model described in Eq. (3) has been extended as  
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like the UDR non-linear model, it cannot be used for different web pages as they differ 
in their size. As the next step, we will extend the power model to also consider the 
effective page size in addition to the user data rate.   

6 Conclusion and Outlook 

A number of existing objective models for assessing the QoE of web applications was 
studied and compared for different QoS parameters such as packet loss rate and link 
delay. To improve the existing objective QoE models or develop new models, 
different aspects related to web applications were identified and for validation 
subjective tests were carried out.  

The aim of the subjective tests was to understand the human perception of quality 
with respect to the Key Performance Indicators (KPI) defined by ETSI such as the 
user data rate. After each controlled test, the user was asked to answer a questionnaire 
to ascertain the QoE as well as other related aspects. Based on the obtained results, 
different fitting (objective) QoE models were evaluated with an LTE scenario in an 
OPNET simulation. The model given in Eq. (6) that considers both user data rate and 
effective page size is proposed as the most suitable one to model web QoE 
objectively. 

The knowledge gained from the lab tests will be used to roll out a larger campaign 
in the form of field tests that will be conducted using real networks based on various 
technologies e.g. xDSL, UMTS, HSPA, LTE, etc. The persons under field test install 
an app on their smartphone which measures different technical (QoS) parameters i.e., 
the connection quality as well as at which time different services are used and where 
the person is located while using the service. In this way, it can be identified whether 
the environment and context of the usage (e.g. at home, in the stadium, on the way, at 
the department store or at work) will affect which services are used and how they are 
rated in terms of QoE. After a completed service, the app presents a small 
questionnaire to the user to enquire the QoE rating. Thus the information about how 
the service quality is perceived by the user in the respective context and technical link 
quality. The results obtained from the field test will be used to further refine the 
proposed objective QoE model for web and also consider other aspects such as DNS 
lookup time and other related delays. 
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