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Evaluation of statistical models in 
simulations of 3G and 4G networks 

Abstract 

This report evaluates the performance of the statistical models based on 
queuing theory which are used to enhance simulations of downlink packet 
data traffic in mobile networks. The models are used to estimate user 
throughput based on system load in the cells of the simulation and the aim of 
the report is to conclude whether or not these estimations are representative 
for the traffic occurring in existing mobile networks. 

By collecting data from measurements in live networks and comparing the 
measured cell loads and number of users with the values estimated by the 
models, the performance of the models has been evaluated. The analysis 
shows that the user estimations made are representative for existing networks 
with low loads, but become increasingly inaccurate with increased load in the 
networks’ cells. This is caused in part by the model making unrealistic 
assumptions and in part by the model simply being unfit to estimate the 
number of users at very high loads.  



   

 

 
 

 

Utvärdering av statistiska modeller i simuleringar av 3G  
och 4G-nätverk 

 

Sammanfattning 

Denna rapport utvärderar de statistiska modeller baserade på köteori som 
används i simuleringar av pakettrafik i mobila nätverk. Modellerna används till 
att uppskatta användargenomströmningen baserat på systembelastningen i I 
de celler som simuleras och syftet med rapporten är att utreda om dessa 
uppskattningar är representativa för den datatrafik som faktiskt förekommer i 
befintliga mobilnät. 

De statistiska modellerna har utvärderas genom att samla in data från 
mätningar utförda i befintliga, operativa nätverk och jämföra de uppmätta 
cellbelastningarna och antalen användare med de av modellen uppskattade 
värdena. Analysen visar att uppskattningarna av antalet användare är 
representativa för befintliga nätverk med låg cellbelastning, men felet i dessa 
uppskattningar ökar i takt med att belastningen i cellerna ökar.. Detta beror 
delvis på att modellerna gör en del orealistiska antaganden och delvis på att 
modellerna helt enkelt inte är lämpade för att uppskatta antalet användare vid 
mycket höga trafikbelastningar.
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Abbreviations 

2G Second Generation 

3G Third Generation 

4G Fourth Generation 

CDF Cumulative Distribution Function 

HS High Speed 

HS-DSCH High Speed Downlink Shared Channel 

HSDPA High Speed Downlink Packet Access 

ICIC Inter-Carrier Interference Cancellation 

ISP Internet Service Provider 

MAE Mean Absolute Error 

P2P Peer-to-peer  

PS Processor Sharing 

RAN Radio Access Network 

RBS Radio Base Station 

RMSE Root Mean Square Error 

RNC Radio Network Controller 

ROP Range Output Period 

TTI Time Transmission Interval 

UE User Equipment 

WCDMA Wideband Code Division Multiple Access 

PC Personal Computer (Any Operative System) 

TCP Transmission Control Protocol 

Iub Interface used to connect each RBS to its managing RNC 
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1 Introduction 

1.1 Background 

The wireless data market as we know it is evolving rapidly. Since December 
2009, the volume of mobile data traffic has surpassed that of voice traffic and 
recent measurements from live networks show that mobile data traffic has 
almost tripled globally during 2010 [3][4][5]. The future looks equally bright as 
several different forecasts predict an annual volume increase of about 100% 
during the next five years for a total increase of 40 times from 2009 to 2015 
[3] [6] [7]. 

Along with this rapid growth comes a change in user behavior. Previously, 
downlink data traffic has mostly consisted of downloads of single, large files: 
A typical user enters the system, downloads a single file (like a web page or 
mp3 ring tone) and is then idle for some time before repeating the process. 
This view on user behavior is however no longer accurate as the traffic has 
become increasingly chatty and “bursty” in nature. 

The two primary reasons for both the traffic growth and change in user 
behavior are the increased use of smartphones and the increased use of 
laptops using a mobile internet connection. Smartphone users currently 
account for 13% of mobile subscribers worldwide and generate around 65% 
of mobile cellular traffic [11] and by 2014, smartphones, laptops and other 
mobile-ready portables are predicted to generate 91 % of the worlds total 
mobile data traffic [7]. 

   
Figure 1.1: Data generation by different devices compared to feature phones. A 
smartphone is a phone running a complete operating system with functionality to 
install and run more advanced applications compared to a feature phone.  

Not only do these devices generate a lot more traffic compared to feature 
phones (phones lacking the high-end functionality of smartphones), as shown 
by Figure 1.1, but they also offer users a multitude of new applications and 
services. Many of these applications generate traffic even while the user is 
inactive by e.g. periodically polling a server for up-to-date information or 
resetting keep-alive TCP timers [8]. Smartphone applications like Facebook 
and Twitter are exceptionally chatty as they can generate multiple requests in 
the network as often as every eight seconds [9].  

Simultaneously, the number of large downloads performed by smartphone 
users and PC users have increased, resulting in packet data traffic which 
consists of a mix of users downloading for long periods of time and users 
receiving short bursts of data frequently.  
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One area where this change in traffic characteristics could have a large 
impact is traffic simulations. Traffic simulations are a common tool used for 
analysis of mobile networks and can be used to simulate among other things 
future traffic scenarios, new radio features and scenarios which would be 
difficult or expensive to test using real hardware. The simulations are used 
primarily for research and planning of future systems and networks. 

Some of the traffic simulations for downlink packet data traffic conducted 
today use queuing theory models to estimate user activity based on the 
simulated traffic loads. It is important that these estimations have a correlation 
to the behavior of actual users in live networks today, or the results obtained 
from the simulations will not be representative for reality. There are concerns 
that the fit between the queuing models and the queuing situations in the live 
networks is affected negatively by the mentioned change in traffic behavior 
and a small, preliminary study conducted in early 2010 showed that there 
were indeed differences between the two [2]. 

1.2 Goal for the thesis 

The goal of the thesis is to compare how the statistical models’ estimations of 
traffic behavior correlate with the traffic behavior obtained by analyzing data 
collected from live networks. A wide range of papers exist which discuss 
statistical models for wireless data traffic in theory but few explore their actual 
practical use. While for example the suitability of the Erlang-B queuing model 
as a model for voice traffic in cellular networks has been investigated in [10], 
the suitability of the queuing model used for simulations of downlink packet 
traffic in this report has only briefly been evaluated before in [2]. 

To fulfill the goal, the following guiding questions should be addressed during 
the research: 

 How do the estimations correspond to the real data measurements in 
general? 

 Are there conditions under which the model performs better or worse 
than on average? If so, what are these conditions and how common 
are they? 

 What traffic characteristics have the largest impact on the quality of 
the estimations? 

The ultimate question to answer is: 

How representative are the statistical traffic models for the packet data 
traffic in today’s mobile networks? 
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1.3 Purpose 

This thesis project has been conducted on behalf of the Ericsson DU Radio 
Systems & Technology department. The purpose of this work is to act as a 
pre-study for both the possibility and the need for evaluating the efficiency of 
the currently used statistical models. This means that the results presented in 
this report will be used as base for any decisions made on future statistical 
model evaluation.  

1.4 Reader guidance 

Chapter 2 provides the theoretical background necessary for understanding 
the report. The first part describes basic mobile network architectures, the 
structure of High Speed Packet Access and the data collection process. 
Starting from section 2.4 the use of queuing theory in the simulations and how 
to measure the quality of the model is described. These are vital sections 
which should not be skipped. 

In chapter 3, the live networks used in the evaluation process are described in 
closer detail. 

In chapter 4, the performance of the model for networks with heterogeneously 
distributed traffic is evaluated. 

In chapter 5, the performance of the model is evaluated for when traffic in the 
networks is distributed homogeneously instead. 

Chapter 6 contains the conclusions of the entire analysis process as well as 
future work suggestions and recommendations. 

1.5 Scope 

The performance analysis conducted in this report will determine how well the 
queuing model simulates the behavior of the packet data schedulers and 
buffers in real devices in live networks.  

The report will relate the performance of the queuing model for different 
lengths of time, network conditions and user distributions among the cells in 
the simulations. Discussions will be made regarding possible performance 
issues, favorable and unfavorable conditions and any recommended future 
studies and actions which should be taken. However, no practical proposition 
for how the model could be changed in order to improve performance will be 
made. 

The work conducted in this report builds on previous work summarized in the 
report “Characterization of active HS Users” [2]. This report, conducted in 
2010, gave a first indication of potentially large differences between actual 
and simulated traffic behaviors. 

The chosen working process, method for evaluation and graphs for data 
representation used in this report were influenced by this previous work. 
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1.6 Working process 

The queuing model makes a series of assumptions and approximations of the 
behavior in the mobile networks it is designed to emulate. Based on these 
assumptions and the average system load measured over a given time 
period, the model estimates the average number of users seen in the system 
during this time. 

In order to compare how well these estimations of traffic behavior correlate 
with the traffic behavior in existing networks, the following working process 
was used: 

 Traffic data on the performance of the downlink packet data protocol 
was collected from a selected set of deployed, mobile networks in 
East Asia. 

 The measured system load, which is the amount of time the system 
was busy serving users, and the measured number of users in the 
system creating this load were calculated from the data. 

 The measured load values were supplied to the queuing model which 
based on this calculates an estimated value for the number of users in 
the system. 

 The measured number of users and the estimated number of users 
then were compared to see how they correlate. Different network 
conditions, lengths of time periods and other aspects affecting the 
correlation in both positive and negative ways were then examined. 

1.7 Study prerequisites 

For the work conducted in the report, the following prerequisites were needed: 

 Basic knowledge of the downlink packet data protocol used in today’s 
mobile networks, High Speed Downlink Packet Access (HSDPA) 

 Collected data from deployed networks on the performance and 
characteristics of the HSDPA traffic. 

 Basic knowledge of queuing theory and its application in teletraffic 
engineering and packet data networks. 

 Knowledge about the traffic simulations conducted by Ericsson today: 
How the statistical models are used in the simulations and how their 
quality should be measured. 

An initial literature study was conducted for 4 weeks during which a selected 
number of books and articles were read. This provided knowledge on mobile 
communication in general, the basics of 3G and 4G mobile networks, the 
downlink packet protocol HSDPA and queuing theory in general. 

During the working process, discussions and meetings with Ericsson senior 
employees provided information on the traffic simulations conducted, how 
queuing theory is used in these simulations and how the performance of the 
models should be evaluated. 
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The collected traffic data used in the analysis was taken from a selection of 
networks with enabled performance measurement counters. 

2 Theory 

2.1 Basic Mobile Network Architecture and Terminology 

The networks considered in this report are part of UMTS 3G mobile 
technology networks with WDCMA as the underlying air interface. In these 
cellular networks, the land area covered by the radio service is divided into 
cells which are each served by a stationary placed transceiver called a Radio 
Base Station (RBS).  

Each RBS is connected to a system called Radio Network Controller (RNC) 
through an interface called Iub and the RNC is responsible for communicating 
with and controlling the base stations. Among other things, the RNC handles 
radio channel allocations and handovers which occur when mobile users 
move from a cell belonging to one base station to a cell belonging to another. 
The RNC communicates with the other RNC in the network and is connected 
to the Core network, a backbone network which works as a relay, routing the 
traffic to the internet. 

 

Figure 2.1: Basic mobile network architecture overview 

Each RNC is responsible for a varying number of base stations and each 
mobile network consists of a varying number of RNC. The logical 
communication channels between the RNCs and RBS are realized by a 
number of transport nodes responsible for carrying the signaling traffic. The 
collective name used to describe all RNC, RBS and transport nodes parts of 
the same mobile network is Radio Access Network (RAN). 
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2.2 Basics of High Speed Downlink Packet Access 

UMTS 3G mobile technology networks today use High Speed Downlink 
Packet Access (HSDPA) as the downlink data transfer protocol. HSDPA is a 
part of the WCDMA radio interface intended to enhance the downlink data 
packet performance of the previous 3G releases. The main functionality of 
HSDPA, including user scheduling which will be our main concern, is located 
in the Radio Base Stations (RBS) [12][19].  

 

Figure 2.2: Basic HSDPA network architecture 

 

HSDPA uses shared channel transmissions which means that the available 
transmission power and channelization codes in the cell are shared between 
the users receiving downlink packet traffic over a radio channel called the 
High-Speed Downlink Shared Channel (HS-DSCH).  

Channelization codes: are used to separate transmissions intended for 
different users within a cell, since all data is sent using the same frequency 
band. Using several codes for a user allows for more data to be sent 
simultaneously to that user. Up to 15 codes can be shared between up to 4 
users simultaneously over the shared channel but the number of usable 
codes can vary depending on operator settings and the capacity of both the 
system and user equipments [13]. 

Arriving user data transmissions to the RBS are placed in priority queues in a 
buffer and are then scheduled according to some vendor-specific scheduling 
algorithm. There are several different types of schedulers ranging from the 
simple Round Robin method to schedulers taking e.g. the channel conditions 
of users into account.  
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HSDPA uses a Transmission Time Interval (TTI) of 2 ms, meaning that user 
selections and channelization code allocations are done on a 2 ms basis. 
Each TTI, the scheduler decides to which users the HS-DSCH should be 
transmitted, how many codes they should each be allocated and what data 
rate to use. This means that during one TTI, data can be sent to several 
different users by using different channelization codes for each user. Some 
older mobile terminal models lack support for 2 ms TTI:s and instead use a 
TTI of 10 ms. When such a user is assigned resources they will therefore 
always hold them for at least 5 TTI:s, even if their transmission is completed 
earlier. In this report, it has been assumed that the impact this behavior has is 
negligible and all user selection and scheduling is assumed to be on a TTI 
basis. 

 

Figure 2.3: Structure of the HS-DSCH time – and code domain 

 

2.3 Data collection from live networks 

To help detect problem areas and monitor the performance of the networks, 
both the RBS and the RNC contain performance measurement counters 
which continuously collect statistics. The data provided by these counters 
provide reliable information on the characteristics and performance of the 
packet data traffic in the networks both on RNC level and on individual cell 
level.  

The counters are organized into classes depending on the functional area 
they belong to. There are for example statistics on power control, hardware 
use, transport network use and HSDPA. The data used in this report is mainly 
taken from the HSDPA class of counters of the RBS which, for each of its 
served cells, include information on: 
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 The amount of active TTI:s in each cell  

 The number of users waiting in the queue 

 How many users were receiving data simultaneously over the shared 
channel in each TTI 

 The HS-DSCH channel quality (e.g. noise ratios). 

A majority of the utilized counters have a granularity of 2 ms, meaning that 
they can react to and record statistics on a TTI basis. The Performance 
statistics of all active counters are continuously collected and stored in the 
Operation Support System (OSS) of the RBS and RNC and every 15 minutes, 
all available data is written to a collectible XML file. 

 

Figure 2.4: Data collection process for the performance measurement counters 

For a complete list of the counters used in this report, see Appendix A: 
Counters used. 

Data limitations 

There are essentially two limitations on the data collected from the 
performance measurement counters: The availability of data from networks 
and the granularity of the available data.  

First, far from all RNC and RBS in the mobile networks of the world have 
these counters activated and those who do usually only use a subset of them. 
This severely limits the number of available networks to choose from for the 
analysis. 

Second, while the performance measurement counters can record statistics 
on a TTI basis, the data is still stored accumulatively, meaning that it is 
summed for the entire 15 minute collection period. Therefore, the information 
available is in the form of: “The total number of active TTI:s during the 15 
minute period was X and the total number of users waiting in the queue was 
Y”. While this allows for average values for each TTI to be calculated, there is 
no way to discern specific information for any single time period shorter than 
15 minutes. 

Unfortunately, it is not possible to reprogram a live system to increase neither 
the availability nor quality of the data collected due to reliability and security 
reasons  
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2.4 Traffic simulations 
 

There are two different types of traffic simulations conducted at Ericsson 
today: Static traffic simulations and dynamic traffic simulations. 

2.4.1 Dynamic traffic simulations 

Dynamic traffic simulations are used to simulate user throughput in large 
mobile networks and are based on an existing concept of time. They do not 
use the queuing models analyzed in this report but are instead based on a 
traffic model which governs how users continuously arrive and depart in the 
system. This allows the simulations to produce useful results on e.g. user 
throughput and the time spent waiting in the buffers by the users. 

A large disadvantage with dynamic simulations is that they consume a lot of 
time and resources - creating ten seconds of simulated traffic can take up to a 
week. 

2.4.2 Static traffic simulations 

Static traffic simulations consume fewer resources compared to dynamic 
simulations. They do not have a concept of time and are not based on a traffic 
model for user arrivals and departures. Instead, users are periodically 
inserted and removed in fixed amounts and the performance is estimated by 
taking snapshot samples of the current system usage corresponding to a 
stable and stationary traffic situation. 

The results from these static snapshot simulations have previously only been 
presented in terms of the maximum achievable bitrates of users (when they 
are scheduled to receive data). However, by adding a queuing model to the 
static simulations and taking the queuing delays of users into account, user 
estimations can be made based on the simulated cell loads obtained from the 
snapshots. This allows the results of the simulation to be presented in terms 
of user throughput instead of achievable bitrate.  

In this way, static simulations can be performed to produce similar results to 
dynamic simulations, but at a lower computational cost. Also, taking the 
queuing delays of users into account in the simulations more closely 
resembles existing networks where this is an important factor. As shown in 
Figure 2.5 below, the effect of queuing increases with increased cell load in 
the simulations. 
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Figure 2.5: Comparison between results of the two different static simulation types 
conducted for the same network. The dotted line shows the results represented as 
achievable bitrate and the solid line shows the results represented as user 
throughput.  

 

It is the queuing model used in these static simulations which will be 
evaluated in the report. Any references made to traffic simulations in the 
remainder of the report will refer to static simulations using a queuing model 
and any references to queuing models will refer to the specific model used, 
which will be described in more detail. 
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2.5 Queuing theory and the evaluated model 

2.5.1 Introduction 

Queuing theory is the mathematical study of queues and encompasses both 
models and techniques used for a number of different aspects of queue 
analysis. Queues are not only defined as physical lines of people waiting but 
appear in many situations where there are shared resources which can only 
be utilized simultaneously by a limited number of users. As such, queuing 
theory can be applied to model the queuing and congestion of subscribers 
downloading data over a wireless connection in mobile network cells. 

By creating a queuing model which approximates a real queuing situation, 
some of the quantities which can be calculated are:  

 The average time a user spends waiting in the queue. 

 The average number of users in the queue. 

 The average sojourn time of the system. (The sojourn time is the time 
spent waiting added with the time spent being served) 

 The statistical probability distributions for the above quantities.  
     

The parameters which define a queue are: 
 

 How often new users arrive at the queue. 
 

 How long it takes for a user to be served in the system. 
 

 How many resources, or servers, there are that can simultaneously 
serve users. 

 
More advanced queuing models exist which take into account users leaving 
the queue after a certain waiting period or not entering the queue if they find it 
too large upon arrival. While this type of user behaviour likely exists in mobile 
networks (e.g. users cancelling slow downloads), modelling this kind of 
adaptive user behaviour involves a large degree of speculation and added 
complexity. Therefore, these types of queues are not used in simulations and 
will not be considered in this report. 
 

 
The shorthand notation A/B/C, first introduced by Kendall [1], is commonly 
used to describe the behaviour of a queue. Here, A is the distribution of the 
interarrival times, B the distribution of the service times and C the number of 
servers available to serve the users. A and B are denoted with one of the 
following letters: 
 
  
M - Short for Markovian or memoryless. This distribution follows an 

exponential probability density function describing the interarrival times of a 
Poisson process. 
D - Short for deterministic. This type of distribution has a fixed value. 
G - Short for general. This letter covers any arbitrary probability distribution. 
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The queues used in the traffic simulations considered in this report are M/G/1 
Processor Sharing (PS) queues. Why this type of queue is the best suited and 
how it is applied in the simulations will be examined further. 

 

2.5.2 The M/G/1 PS queue 

2.5.2.1 Poisson arrival process 
 

A Poisson arrival process is a process which describes events occurring 
randomly and independently in time. A Poisson process is a good 
approximation of a real sequence of events given the following conditions 
[15]: 
 

 The number of users in the system is very large.  

 A single user consumes a very small fraction of the total system 
resources during the extent of their service time.  

 All users’ decisions to use the system are independent of each other. 
 

In the case of downlink packet data traffic arriving for users in a HSDPA 
network these conditions hold well in the general case of a mobile network 
with a large amount of subscribers spaced fairly evenly among the cells. 
There are however behavioral exceptions which could disrupt the model: 

 Although the number of subscribers in the mobile network as a whole 
is large, some cells in e.g. rural areas experience very few mobile 
users in a day. In these cells, the arrival rates do not constitute 
Poisson arrival processes. 

 A lone user in a cell with high channel quality can consume most of 
the cell’s available resources (TTI’s and channelization codes) for long 
time periods. 

Part of the analysis process in this report is to see how these and other 
similar conditions could impact the performance of the estimation model. 

A Poisson distribution is defined by the following exponential equation, which 
describes the probability of seeing n arrivals in a time period of 0 to t: 

  

λ is the average arrival rate per unit of time (e.g. users / hour). For example, 
with an average arrival rate of 5 users / hour, the probability of the system 
being empty for an entire hour is:  
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and the probability density function for the time to the next arrival is an 
exponential distribution with mean value of 12 minutes. 

2.5.2.2 Single-server with Processor Sharing 

A server is defined as a resource able to serve users in a queuing system. In 
a Processor Sharing queue, the capacity of the server is equally shared 
between the users. 

In a HSDPA-enabled mobile network, users requesting data for download 
arrive at the priority queues of their current cell which is then responsible for 
scheduling and serving them for the duration of the download. The users in 
the cell share the available resources (the shared HS-DSCH downlink) and as 
such, each cell in a mobile network can be seen as an individual single-server 
M/G/1 PS queue with distinct arrival and service rates. 

Processor Sharing (PS) is a good approximation for systems where users are 
scheduled and served in turn for short time slices according to e.g. Round 
Robin or Proportional Fair scheduling, a scheduling algorithm similar to 
Round Robin but with the addition that users with favorable channel 
conditions are given priority over others.  

 

2.5.2.3 General Service time 

While exponential interarrival times, as in the Poisson arrival process, often 
are a good approximation of real-life arrival processes, service time is rarely 
exponentially distributed [15]. The conditions mentioned in the previous 
section do not hold as well in the general case for service time distributions as 
it does for arrival distributions, and it tends to overestimate the probability of 
extremely short downloads. 

The queues in the simulations instead use a service time specified as: 

  

The file size and the bitrate are assumed to be independent stochastic 
variables. The file size is determined using an arbitrary distribution with the 
only limitation being that the expectation-value of the file sizes has to be finite, 
or users could receive a divergent service time in the simulations. The bitrate 
is determined based on the performance snapshots of the simulations and 
depends on the position and thereby radio quality of the user.  
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This means that the actual distribution of the service time can vary for 
different cells, loads and choice of file size distribution. However, a useful 
property of PS queues is that the average properties for the number of users 
and the waiting time in the queue are independent of the distribution of the 
service time and instead only depend on its average value. These properties 
can thus be calculated without knowing the actual service time distribution 
using the formulae described in the next section. 

 

2.5.2.4 Average value calculations 

The system utilization, or traffic intensity, ρ in the queue is defined as:     

  



     

Where λ like previously mentioned is the average arrival rate per unit of time 
and µ is the average service rate per unit of time of the general service 
distribution (e.g. number of users served / hour). ρ is the percentage of total 
time the server is busy serving customers, which in our case is the 
percentage of the cells TTI:s used for transmitting user data. 

  

 Figure 2.6: Graphical representation of a queue 

Based on this, the average number of customers in the system (N) is given by 
[16]: 

  







1
N  

 

 

The average waiting time (W) in the system (queuing time and service time) is 
given by Little’s law [1][20]: 

 

   


N
W   

These are the calculations used by the queuing model in the simulations to 
estimate the user throughput based on cell load. 
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2.5.3 User distribution in simulations 

When performing static simulations, users can be inserted into the simulated 
cells in two different ways. The traffic can either be assumed to be 
homogeneous with the same number of users and traffic in each cell or it can 
be assumed to be heterogeneous with varying number of users and traffic 
between cells.  

The choice of user distribution affects both the way in which the queuing 
model is applied to the real data and the resulting user estimations. 
Therefore, the performance of the statistical models will be evaluated for both 
types of scenarios. 

2.5.3.1 Heterogeneous user distributions 

In a heterogeneous traffic simulation the amount of traffic varies between the 
cells in the simulated mobile network.  

This means that each cell in the simulation is considered an M/G/1 queue with 
an individual average system load throughout the simulation. 

                 

Figure 2.7: When evaluating a heterogeneous simulation each cell is considered a 
unique M/G/1 PS queue. 

2.5.3.2 Homogeneous user distributions 

In a homogeneous traffic simulation the same amount of traffic is assumed in 
every cell of the simulated mobile network. This means that all cells 
experience the same amount of load at each point in time.  

Since the collected performance measurement data is on a per-cell basis, it is 
heterogeneous by nature. To obtain a homogeneous user distribution and 
load scenario for the live networks, the data is averaged over all cells as 
shown in Figure 2.8. 
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This means that all cells in the simulation are considered M/G/1 queues with a 
common average system load and number of users throughout the 
simulation. However, since the average load and number of users is identical 
in all cells, the estimations calculated by the statistical model will be identical 
for every cell as well.  Therefore, a single queue representing every cell can 
be used in the analysis process. 

 

Figure 2.9: When evaluating a homogeneous simulation a single queue represents all 
cells. 

 

2.6 Measuring the quality of the model 

2.6.1 Estimating the number of users with the model 
The quality of the model is based on its ability to estimate the number of users 
in the system based on the system utilization ρ, which for a cell is the same 
as the TTI utilization. 
The performance measurement counters in the RBS give us the measured 
TTI utilization and the measured average number of users in the cell during 
the measurement period. 
 
Based on this, the average number of users in the system as estimated by the 
model can be calculated (using the formulae in section 2.5.2.4) and compared 
to the real, measured value. 
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Figure 2.8: Applying a heterogeneous network to a homogeneous scenario 
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Figure 2.10: Evaluating the quality of the model is a three-step process. First, the 
measured TTI utilization and number of users of a cell are extracted from the data. 
Second, the estimated number of users is calculated based on the system load. 
Finally, the measured and estimated number of users are compared. 

 
An important consideration in the estimation process is the length of the time 
period for which the average values, both measured and estimated, are 
calculated. The reason for this is that traffic can fluctuate over several 
different time scales:  

 Years - traffic changes due to an increase in the number of 
subscribers and the general behavior of the users. 

 Months - user behavior is affected by the seasons and vacation 

periods 

 Days - traffic behavior changes between days (for example between 
weekdays and weekends). 

 Hours – the amount of traffic varies throughout the hours of the day. 

 Minutes – user activity in the cells fluctuates on a minute or even 
second basis. 
 

The time period considered for estimations should be sufficiently long for the 
queue to be in a reasonably steady state in terms of traffic trends for the 
average values to be representative. The changes in traffic on a yearly or 
monthly basis are likely not significant enough to impact the stability of the 
traffic trends in the networks, but the changes on a daily, hourly and minute 
basis could. Therefore, these three different time periods will all be 
considered in the model analysis. 

2.6.2 Time-consistent traffic 

When measuring traffic in different types of network it is common to calculate 
the average value of a measurement, over several days, during the same 
time period each day. This averaged value is then used as the representative 
value for that time period and is called the time-consistent traffic value. This is 
often used for observing the busiest hour of traffic and is then called the Time 
Consistent Busy Hour (TCBH). This report will consider all time periods of the 
day and not only the busiest periods. 
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Figure 2.11: How data is averaged time-consistently 

This process is done to reduce the impact of traffic trends and variations 
between the different days of the measurement periods. The weighted 
average gives a more representative, stable value of the average traffic for 
each hour of the day which better represents the overall average traffic in the 
network.  

However, if there are large traffic deviations during any of the measured days, 
the calculated averaged traffic value can be distorted. This is a compromise 
made compared with identifying and removing any days deviating from the 
norm, e.g. the weekend which usually experiences less traffic compared to 
the other days of the week. 

Unless otherwise stated, all data presented in plots and results has been 
averaged time consistently over all days of the measurement period. 

 

2.6.3 Ratio between estimated and measured number of users  

As a measurement for the correlation between the measured number of users 
and the estimated number of users, the ratio between the measured and 
estimated number of users is used. It is defined as: 

Ratio = Estimated number of users / Measured number of users 

The optimal value for the ratio is 1. If the value is greater than 1, the model 
has overestimated the number of users and if it is less than 1 the model has 
underestimated the number of users.  

2.6.4 Error measurement – Mean Absolute Error and Root Mean Square Error 

To quantify the errors of the estimations, the Mean Absolute Error (MAE) and 
the Root Mean Square Error (RMSE) are used. They are both used to 
determine the quality of estimators by measuring the differences between the 
real values and the values predicted by the model or estimator. An important 
aspect is that they are both measured in the same units as the original data.  

The MAE is defined as the average of the absolute values of the differences 
between the estimations and the actual values of the data set it is applied to 
and gives the average difference between the estimated and the observed 
values. 
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Where fi is the estimation, n is the number of measurements and yi is the true, 
measured value (making ei the estimation error). 

The RMSE is the root of the average of the squared estimation errors. Since 
the errors are squared before they are summed, the RMSE is more sensitive 
to occasional large errors. 

 

The reason for using two different error measurement methods is that they 
can be used together to obtain information about the variation in the errors. 
The greater the difference between the RMSE and the MAE, the greater the 
variance and magnitude in the individual errors in the sample [17].  

To normalize the size of errors for low number of users and the size of errors 
for high number of users, the MAE and RMSE are calculated for the ratio 
between estimated and measured number of users. This allows the errors to 
be presented as percentages of the real values. If for example, the MAE of 
the ratio is 0.26, the error in the user estimations is on average 26% of the 
real, measured values. 

2.6.5 Cumulative Distribution Function (CDF) 

The cumulative distribution function is used in this report to specify the value 
distributions in sets of data like user estimations and average cell loads. The 
formal definition of the CDF-function F(X) for a set of data X is: 

  

This can more intuitively be read as: “F(x) gives the percentage of points in 
the data set X below or equal to x”. An example plot of a CDF-function given 
for a set of data X is shown below. 
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Figure 2.12: An example of a CDF figure for a set of data points X 

 

For example, given a set of mobile cells and their respective average TTI 
utilizations, F(0.5) gives the percentage of cells with TTI utilizations ≤ 50% 
and F(0.8) - F(0.4) gives the percentage of cells with TTI utilizations between 
40% and 80%. 

Another useful distribution which is sometimes used in the report is the 
Complementary Cumulative Distribution Function (CCDF). It is defined as: 

  

This distribution tells us the percentage of points in the data set X which are 
above x. 
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3 Live networks used to evaluate the model 

The live networks used for the analysis and model comparison in this report 
are a subset of the available networks with performance measurement 
counters activated. The term network refers to all cells under management of 
a group of RNCs. While some of these RNCs are part of the same Radio 
Access Network, they are still considered to be separate networks in the 
analysis process. 

In the selection process, considerations have been made regarding the traffic 
characteristics of the networks. An attempt has been made to select networks 
with different characteristics, mainly in terms of average cell load, to better 
see how the model performs under varying traffic conditions. The networks 
and some of their characteristics are listed in Table 1: 

 

Table 1: List of used networks and their characteristics  

Network name Cells RNCs Time span of data Location Load % 

Network A 225 1 7 consecutive days East Asia 9% 

Network B 986 1 3 consecutive days East Asia 22% 

Network C 397 1 7 consecutive days East Asia 40% 

Network D 553 1 7 consecutive days East Asia 30% 

Network E 623 26 7 consecutive days East Asia 5% 

 

All networks are part of RANs in major cities in East Asia with networks B, C 
and D being RNC part of the same RAN. All networks except Network E are 
made up of cells under management of a single, common RNC. In network E, 
no single RNC was responsible for a large enough set of RBS so instead data 
was collected from all RNC with performance measurement counters enabled 
in the underlying base stations. 

The average system load in the networks given in the final column is the 
average load over all cells and time periods. To further investigate the traffic 
characteristics of the networks, the distributions for the average and peak 
loads in the individual cells of the networks were investigated. This provides 
information on how the traffic is distributed within the networks: 
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Figure 3.1: The distribution for the average TTI utilization of the cells in all networks. 
The average TTI utilization is calculated individually for each cell and is the average 
utilization over the entire data collection period. 

 

 

Figure 3.2: The distribution for the peak TTI utilization of the cells in all networks. The 
peak TTI utilization is calculated individually for each cell and is the peak utilization 
measured during the busiest hour, averaged time consistently over the entire data 
collection period. 

As can be seen in the above figures Network C is the most heavily loaded, 
followed by Network D, Network B, Network A and Network E respectively.  
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In Network A, 60% of cells have an average TTI utilization of 10% or less and 
around 30% of the cells experience almost no load at all as their peak rate for 
any hour is below 5%. In Network E, over 80% of the cells have a TTI 
utilization of 10% or less and 40% of the cells have a peak load below 5%. 
Both of these networks are considered low-loaded networks. 

Networks B and D are considered medium-loaded networks. In both of these 
networks, a majority of the cells experience traffic during the measured week 
and the load distribution among the cells is rather even in general. 

In the most loaded network, Network C, 35% of cells have an average load of 
50% or more and 80% of cells have a peak load of 50% or more. The peak 
load curve shows that all cells experienced traffic at some point during the 
measured week. This network is considered a high-loaded network. 

3.1 Real-world representation 

An interesting aspect to note is how representative the evaluated networks 
are for live networks worldwide. To decide this, the average Iub throughput in 
kilobits per second is used. The Iub interface is used to connect each RBS to 
its managing RNC and is used for signaling traffic between the two. While the 
correlation between Iub traffic and HSDPA traffic is not exact, it is a good 
indicator of the overall downlink traffic amount seen in the network. 

The below figure shows the distribution of all RNC’s Iub throughput for RNC in 
8 different RAN located in Asia, Australia, South America and North America. 
The average throughput is based on one week of hourly data for each RNC. 

 

Figure 3.3: Distribution for the Iubthroughput volume of 333 examined RNC worldwide 

The most common Iub throughputs are between 40 000 and 140 000 kbps 
with 63% of the RNC being within this interval. Networks B, D and C had Iub 
throughputs of between 520 000 and 580 000 kbps. In all investigated RNC 
(333 in total), only 7 other RNC had a load equal to or higher than this, which 
indicates that these networks have a load higher than most live networks. 
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In Network E the measured throughput was 55 000 kbps and for network A 
the throughput could not be determined due to missing data but is assumed to 
be around the same magnitude as that of Network E. This is at the lower end 
of the most common RNC-loads meaning that these two networks are 
representative for low-loaded networks in the real world. 
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4 Evaluating the model using a  
heterogeneous traffic distribution 

Since the real networks used in the model evaluation have heterogeneously 
distributed traffic and the collected data is available on cell basis for each 
measurement period, the initial analysis of the model’s performance will be for 
heterogeneous traffic scenarios. 

As was mentioned in section 2.6, in a heterogeneous traffic simulation each 
cell in the simulation is considered an M/G/1 queue with a separate system 
load and separate model parameters. This means that user estimations, 
which are based on the system load, are made individually for each cell and 
measurement period when evaluating the performance of the statistical 
model. To do this, the measured average system load and number of users 
are calculated for each cell and chosen time interval individually, and an 
estimation based on each such measurement is then made for comparison. 

The following sections will explore the results obtained from applying the 
estimations to all cells in the networks over different time periods. The time 
periods considered are 15 min periods, which are the shortest measurable 
time periods, followed by hours and finally entire days. In the case of 
measuring over entire days, time consistent traffic has not been used. 

In the figures in the following sections, each data point represents the 
measured number of users (along the X-axis) and the corresponding 
estimated number of users (along the Y-axis) based on the measured system 
load for a single cell and measurement period. The dotted, diagonal reference 
line represents the theoretical case where the measured and the estimated 
number of users are identical. In a perfect simulation all data points would lie 
close to and symmetrically around the reference line. 

For quality comparisons between different time periods and networks the 
CDF, MAE and RMSE of the ratio between the estimated and the measured 
number of users are calculated and compared. 
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4.1 Estimating the number of users in Network A 

 

Figure 4.1: The estimated vs measured number of users in Network A. Each point 
represents the values calculated from data averaged for a single cell and 15 minute 
period. 

 

Figure 4.2: The estimated vs measured number of users in Network A. Each point 
represents the values calculated from data averaged for a single cell and hour. 
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Figure 4.3: The estimated vs measured number of users in Network A. Each point 
represents the values calculated from data averaged for a single cell and day. 

 

Figure 4.4: The CDF for the ratio between the estimated and measured number of 
users for the different measurement periods in Network A. The dotted reference line 
shows the optimal ratio value of 1. 
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Time period 10
th

 percentile 90
th

 percentile MAE  RMSE 

15 mins 0.88 1.06 0.06 0.12 

Hours 0.88 1.05 0.06 0.11 

Days 0.88 1.02 0.05 0.10 

Table 2: Comparison of CDF and errors for the ratio values for the different time 
periods in Network A. 

 

 
In Network A the estimations correspond well to the real measurements 
already on 15 minute basis. The CDF of the ratio shows that both 10th and 
90th percentiles of the ratio values are bounded close to the optimal value of 
1. The low MAE value of 0.06 means that on average, the error in the model’s 
estimations of the number of users in this network is only 6%.  

Because the 99th percentile value for the ratio is 1.20 and the RMSE is only 
around twice the value of the MAE, the number of large estimation errors is 
small.  

Increasing the measurement period from 15 minutes to either hours or days 
had almost no effect on the quality of the estimations. Neither the distribution 
of the estimations nor the two mean error values experienced any noteworthy 
change. The reason for this is most likely due to the correlation already being 
strong for the shortest measurement periods, making further improvements 
unlikely. Additionally, the low amount of traffic in the network leads to fewer 
traffic fluctuations which reduces the impact extending the measurement 
period has on the stability of traffic.  
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4.2 Estimating the number of users in Network B 

 

Figure 4.5: The estimated vs measured number of users in Network B. Each point 
represents the values calculated from data averaged for a single cell and 15 minute 
period. 

 

Figure 4.6: The estimated vs measured number of users in Network B. Each point 
represents the values calculated from data averaged for a single cell and hour. 
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Figure 4.7: The estimated vs measured number of users in Network B. Each point 
represents the values calculated from data averaged for a single cell and day. 

 

Figure 4.8: The CDF for the ratio between the estimated and measured number of 
users for the different measurement periods in Network B. The dotted reference line 
shows the optimal ratio value of 1. 
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Time period 10
th

 percentile 90
th

 percentile MAE  RMSE 

15 mins 0.90 1.49 0.27 2.19 

Hours 0.90 1.43 0.21 0.85 

Days 0.88 1.23 0.13 0.26 

Table 3: Comparison of CDF and errors for the ratio values for the different time 

periods in Network B. 
 

 

In Network B, the errors in the estimations are considerably larger compared 
to Network A. Looking at Figure 4.5, the measured average number of users 
never even reaches 5, but the estimated number of users are in some cases 
as high as 44. The 90th percentile ratio value is 50% above the optimal value 
of 1 and on average on 15 minute basis, the error in the estimations is 27%. 

One possibility for this poor correlation between model and reality could be  
that a 15 minute measurement interval is too short for the measured traffic to 
be stable, and thus too short for the estimations to be representative. There 
are large numbers of 15 minute periods where the average load is over 90%, 
in many cases even over 98%. This is probably not a representative value for 
cell loads in general and this could have a large impact on the quality of the 
model.  

However, the quality gained in the estimations by increasing the 
measurement period from 15 minutes to hours is surprisingly low. The CDF 
and MAE remained almost unchanged and instead, the minor improvements 
were reflected in the extreme values past the 90th percentile. When 
measuring on a 15 minute basis the RMSE was 8 times the MAE, indicating a 
large variation in the magnitude of the errors. When measuring over hours, 
the RMSE was reduced to only 4 times the MAE, in part because the last 
percentile of ratio values (between the 99th and 100th percentile) of the 
estimations were reduced from being between 3.3 and 433 to being between 
2.7 and 86. 

Extending the measurement interval to entire days has a larger effect on the 
10th and 90th percentiles of the ratio and also reduces both the MAE and the 
RMSE, indicating a further improvement in the overall correlation between the 
estimated and measured number of users. In this scenario, the average error 
is only 13%. 
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4.3 Estimating the number of users in Network C 

 

Figure 4.9: The estimated vs measured number of users in Network C. Each point 
represents the values calculated from data averaged for a single cell and 15 minute 
period. 

 

Figure 4.10: The estimated vs measured number of users in Network C. Each point 
represents the values calculated from data averaged for a single cell and hour. 
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Figure 4.11: The estimated vs measured number of users in Network C. Each point 
represents the values calculated from data averaged for a single cell and day. 

 

 

Figure 4.12: The CDF for the ratio between the estimated and measured number of 
users for the different measurement periods in Network C. The dotted reference line 
shows the optimal ratio value of 1. 
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Time period 10
th

 percentile 90
th

 percentile MAE  RMSE 

15 mins 0.95 1.96 0.45 1.65 

Hours 0.95 1.86 0.39 1.19 

Days 0.88 1.56 0.26 0.65 

Table 4: Comparison of CDF and errors for the ratio values for the different time 
periods in Network C. 

 

Network C is the network with the highest load and is also the network for 
which the model performs the worst. On 15 minute basis, the model 
overestimates the number of users by at least a factor of two in almost 10% of 
the estimations and on average the error in the estimations is 45%. 

Like for Network B, extending the measurement interval to hours has little 
effect on both the 10th and 90th percentiles of the ratio and the average error 
only improves by 6 percentage points. Unlike Network B however, where the 
variance and magnitude of the individual errors was heavily reduced, the 
RMSE to MAE ratio does not change much for the different measurement 
intervals in Network C.  

While extending the measurement interval further to days does improve the 
overall correlation, the average error is still as high as 26%. 
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4.4 Estimating the number of users in Network D 

 

Figure 4.13: The estimated vs measured number of users in Network D. Each point 
represents the values calculated from data averaged for a single cell and 15 minute 
period. 

 

Figure 4.14: The estimated vs measured number of users in Network D. Each point 
represents the values calculated from data averaged for a single cell and hour. 
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Figure 4.15: The estimated vs measured number of users in Network D. Each point 
represents the values calculated from data averaged for a single cell and day. 

 

 

Figure 4.16: The CDF for the ratio between the estimated and measured number of 
users for the different measurement periods in Network D. The dotted reference line 
shows the optimal ratio value of 1. 
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Time period 10
th

 percentile 90
th

 percentile MAE  RMSE 

15 mins 0.91 1.66 0.33 1.09 

Hours 0.91 1.60 0.29 0.86 

Days 0.84 1.35 0.23 1.02 

Table 5: Comparison of CDF and errors for the ratio values for the different time 
periods in Network D. 

 

Network D experiences results similar to Networks B and C with the model 
generally overestimating the number of users. The 90th percentile ratio value 
is more than 60% above the optimal value of 1 on both 15 minute and hour 
basis and the average error for these evaluations is 33% and 29% 
respectively. 

Extending the measurement interval to both hours and days improves the 
quality of the estimations slightly, but even when measuring over entire days 
the average error is still 23%.   

Similarly to network C, there is almost no reduction in the variance and 
magnitude of the individual errors when extending the measurement period. 
In fact, the RMSE to MAE ratio even increases when measuring over days 
instead of hours, indicating the existence of large errors. 
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4.5 Estimating the number of users in Network E 

 

Figure 4.17: The estimated vs measured number of users in Network E. Each point 
represents the values calculated from data averaged for a single cell and 15 minute 
period. 

 

Figure 4.18: The estimated vs measured number of users in Network E. Each point 
represents the values calculated from data averaged for a single cell and hour. 
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Figure 4.19: The estimated vs measured number of users in Network D. Each point 
represents the values calculated from data averaged for a single cell and day. 

 

 

Figure 4.20: The CDF for the ratio between the estimated and measured number of 
users for the different measurement periods in Network E. The dotted reference line 
shows the optimal ratio value of 1. 
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Time period 10
th

 percentile 90
th

 percentile MAE  RMSE 

15 mins 0.80 1.07 0.08 0.15 

Hours 0.81 1.05 0.08 0.14 

Days 0.81 1.02 0.08 0.13 

Table 6: Comparison of CDF and errors for the ratio values for the different time 
periods in Network E. 

 

The performance of the model in the low-loaded Network E is very similar to 
the results found in the other low-loaded Network, Network A. The correlation 
between model and reality is strong already on a 15 minute basis, with an 
average error of only 8% and a CDF interval for the ratio closely bound to the 
optimal value of 1. 

As for Network A the improvements found by increasing the measurement 
period are minor and likewise, this is assumed to be because of the low 
amount of traffic and the strong correlation already existing for the shortest 
measurement period. 
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4.6 Summary of results 
 

In the two networks with the lowest load, Network A and Network E, the 
estimations correspond well to the real measurements already on 15 minute 
basis. Because of this already strong correlation and the low load in these 
networks, extending the measurement period had little effect on the quality of 
the estimations. 

In the medium loaded Network B the correlation was poor when measuring 
over 15 minute periods or hours, but grew strong when measuring over entire 
days.  

In the medium loaded network D and the high loaded network C, increasing 
the measurement period increased the quality of the estimations, but they 
were still not representative for the real, measured values in any of the 
investigated cases.  

While the increase in measurement period in Networks B, C and D reduced 
the average load in the cells in general there are still entire hours and even 
days where the load in individual cells is beyond 90%. At these high loads, it 
is possible that the model overstates the estimated number of users. This is 
the most likely cause to why we do not achieve representative user 
estimations in medium and high loaded networks even when averaging traffic 
over entire days.  

4.7 Correlation between network load and estimation errors 

The results from the previous sections indicate a correlation between network 
load and magnitude of the estimation errors. In the below figures, the Mean 
Absolute Error for each evaluated network and measurement period is given 
together with the CDF for the ratio of all networks for the shortest 
measurement period. 
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Figure 4.21: The Mean Absolute Error for the ratio between the estimated and 
measured number of users for all networks and different measurement periods. 
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CDF for the Ratio [Estimated / Measured nr of users] for all networks

For all cells and 15-min periods
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Figure 4.22: The CDF for the ratio between the estimated and measured number of 
users for all networks, when measuring over 15 minute periods for each cell in the 
networks. The dotted reference line shows the optimal ratio value of 1. 

When comparing these two figures with the figure for load distributions in the 
networks from chapter 3 (figures 3.1 and 3.2), two things are apparent: Figure 
4.21 shows that a correlation exists between increased network load and 
increased average error in the user estimations and figure 4.22 shows that an 
increased network load leads to the ratio of the estimations being distributed 
further away from the optimal value of 1. 

Figure 4.21 also shows that an increase in the length of the measurement 
period decreases the average error in the user estimations. Measuring over 
longer time periods not only decreases the existence of large traffic 
fluctuations but also reduces the size of the measured average traffic value. 
This further affirms the premise that the model’s ability to correctly estimate 
that the number of users decreases as the system load in the simulated 
network increases.  

The reason for this could be that the model simply performs worse at higher 
loads or it could be due to other conditions in the live networks which occur 
more frequently at high loads. To answer this question, the impact of system 
load on cell-level estimations in the networks will be examined.  
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4.8 Correlation between TTI utilization and Ratio on cell level 

To investigate a possible correlation between cell-level loads and poor 
estimations, the ratio between the estimated and measured number of users 
for every cell and 15 minute measurement period is plotted as a function of 
the measured TTI utilization in the cell during that period. The pink reference 
line shows the optimal scenario for a ratio of 1. 

The figure shows these results for Network B, but they are similar for the 
remaining networks (See section 0 in Appendix B for corresponding plots). 

 

Figure 4.23: The cell-level ratio plotted as a function of the measured TTI utilization 
for which the ratio value was calculated. Each point represents the values calculated 
from data averaged for a single cell and hour. 

 

The ratio values deviate from the reference line at an increased rate with 
increased load in the cells. Beyond 30% TTI utilization, a majority of the ratio 
values are starting to lie above the desired reference line and at loads of 40% 
and higher, the ratio values deviate to such a degree that the model no longer 
is representative of the network. At 50% load, the model starts to estimate 
more than double the measured number of users and past 85% load none of 
the estimations made are correct.  

Figure 4.24 shows the same plot for the ratio and TTI utilization but now 
measured over a longer time period, entire days. In this scenario the deviation 
from the reference line still occurs, albeit at a higher load level. 
Overestimations by a factor of two starts to occur at 55% load in this case and 
they continue to increase with increased load past this point. 
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Figure 4.24: The cell-level ratio plotted as a function of the measured TTI utilization 
for which the ratio value was calculated. Each point represents the values calculated 
from data averaged for a single cell and day. 

Based on this, we can conclude that the user estimations made by the 
statistical model are not representative for the number of users found in 
networks for cell loads beyond 40-60%, depending on the length of the used 
measurement interval (40% for 15 min periods, 60% for days). 

To further investigate why this ratio deviation occurs, we observe in Figure 
4.25 below how the measured number of users are distributed for different 
measured TTI utilizations on an hourly basis for all cells in Network B. The 
pink reference line shows the number of users estimated by the statistical 
model for the same TTI utilization. 

Figure 4.25 shows that the average number of users resulting in a certain 
average load varies and the size of this variation increases with increased cell 
load. Already at 50% load, the average number of users in the system 
changes between 0.3 and 2 and at 98% TTI utilization, the average number of 
users fluctuates between 2 and 12. 

If an average of 0.3 users can keep the system busy 50% of the time and an 
average of 2 users can keep the system busy 98% of the time when 
measuring over entire hours, the live networks are clearly experiencing users 
performing large downloads for extended periods of time.  

The HSDPA scheduler will always try to assign as many of the available 
resources as possible to the active users, leading to the system being loaded 
even with a single active user. 
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Figure 4.25: The measured average number of users and the corresponding 
measured TTI utilizations on cell level. The pink reference line shows the number of 
users estimated by the model for the different TTI utilizations. 

In section 2.4.2.1, the following assumption was mentioned as necessary for 
the model to be representative for mobile networks: 

A single user consumes a very small fraction of the total system resources.  

The users downloading for long time periods break this assumption, as they 
consume a large part of the available system resources when possible. For 
example, figure 4.25 shows how an average of 0.4 users generates a TTI 
utilization of 70% over an entire hour. The model assumes that the system 
load generated by these “heavy” users is caused by a much larger amount of 
regular users, in this case 2.3, and thus it tends to overestimate the number f 
users. 

Another interesting aspect to note is how the curve representing the 
estimated number of users grows at a faster rate than the measured number 
of users as the load increases. In figure 4.25, the estimations outgrow the 
measured amounts already at 70% and in all the investigated networks the 
estimation curve has outgrown the measured amounts by the 90% load mark. 
This means that the model always overestimates the number of users in cells 
with a 90% or higher load when measuring by the hour. 

In fact, the highest measured number of users for all peak hours in all 
investigated networks is 14, which is estimated by the model already at 93%. 
This means that for all loads beyond 93% the model estimates average 
number of users too high to ever occur in deployed networks. 
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4.9 Summary 

In this chapter, the statistical model’s ability to estimate number of users 
based on cell loads in networks with heterogeneously distributed traffic has 
been evaluated. 

A correlation was found between system load and the model’s ability to 
correctly estimate number of users. In all evaluated networks, the quality of 
the user estimations is reduced with increased cell loads. The reason for this 
is that the model overestimates the number of users at an increasing rate as 
the measured load increases.  

In the five evaluated networks, the estimations were only representative for 
reality independently of measurement period in the two networks with the 
lowest load. In one of the higher loaded networks, the estimations were 
representative only when measuring over entire days and in the two highest 
loaded networks, the estimations were found to never be representative for 
the live networks. 

The rate at which the errors increase with the increased load makes the 
model unfit for use in scenarios with high cell loads. The error in the 
estimations is often over 50% already at 40% load using a 15 minute 
measurement period and when extending to measurements over entire days 
the same error sizes occur at 60% load. 

The cause of the overestimations occurring at high loads has been found to 
be twofold: 

 The model assumes that a single user only consumes a small fraction 
of the total system resources. This assumption does not hold in live 
networks where there frequently are users who perform large 
downloads for long time periods, obtaining as much of the available 
system resources as possible. This allows for a low number of users 
to generate a load which the model estimates to be caused by a much 
larger number of users. 

 The user estimation formula has a higher proportional growth between 
system load and number of users than what occurs in reality. This 
causes the model to always overestimate the number of users beyond 
90% system load in all investigated networks. 

 

 



   

 

48 
 

5 Evaluating the model using a  
homogeneous traffic distribution 

Having evaluated the quality of the model for heterogeneous traffic scenarios, 
it will now be evaluated how distributing the traffic homogeneously among the 
cells of the evaluated networks impacts the estimations done by the model. 

As was described in section 2.6, in a homogeneous traffic simulation all cells 
in the simulation are considered M/G/1 queues with a common average 
system load and number of users. These common values are calculated from 
the collected data by averaging the traffic measured at each measurement 
period evenly over all cells in the network. 

This means that user estimations, which are based on the system load, will be 
identical for all cells and therefore it is sufficient to calculate a single user 
estimation using the cell-averaged system load for each measurement period.  

 

5.1 Estimating the number of users in all networks 

In the figures in this section, each data point represents the measured total 
average number of users (along the X-axis) and the corresponding estimated 
number of users (along the Y-axis) based on the measured system load 
which has been averaged over all cells for each measurement period. The 
dotted, diagonal reference line represents the theoretical case, where the 
measured and estimated number of users are identical. In a perfect 
simulation, all data points would lie along the reference line. 

An important note is that the networks have only been evaluated using a 15 
minute measurement period for homogeneous traffic distributions. The reason 
for this is that extending the time period from 15 minute periods to hours had 
little effect already in the heterogeneous evaluation and when assuming a 
homogeneous traffic distribution and spreading the load evenly over all cells, 
this has an even lower effect. Furthermore, measuring entire day’s worth of 
traffic and averaging this over all cells only results in 7 calculated estimations 
(one for each day) for the entire measurement period. This would not be 
useful in the analysis of the model.  

The results for the calculations on hour and day basis are therefore 
omitted from the report. 

Like previously, we use the CDF, MAE and RMSE of the ratio between the 
estimated and the measured number of users to compare the quality of the 
estimations between the different networks. 
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Measured vs Estimated number of users

Averaged over all cells and 15-min periods for Network A
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Figure 5.1: The estimated vs measured number of users in Network A. Each point 
represents the values calculated from data averaged over all cells for a single 15 
minute period.  

 

Measured vs Estimated number of users

Averaged over all cells and 15-min periods for Network B
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Figure 5.2: The estimated vs measured number of users in Network B. Each point 
represents the values calculated from data averaged over all cells for a single 15 
minute period. 
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Measured vs Estimated number of users

Averaged over all cells and 15-min periods for Network C
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Figure 5.3: The estimated vs measured number of users in Network C. Each point 
represents the values calculated from data averaged over all cells for a single 15 
minute period. 

Measured vs Estimated number of users
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Figure 5.4: The estimated vs measured number of users in Network D. Each point 
represents the values calculated from data averaged over all cells for a single 15 
minute period. 
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Measured vs Estimated number of users

Averaged over all cells and 15-min periods for Network E
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Figure 5.5: The estimated vs measured number of users in Network E. Each point 
represents the values calculated from data averaged over all cells for a single 15 
minute period. 
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Figure 5.6: The CDF for the ratio between the estimated and measured number of 
users for all networks, when measuring over 15 minute periods with homogeneously 
distributed traffic. The dotted reference line shows the optimal ratio value of 1. 
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Network 10
th

 percentile 90
th

 percentile MAE of Ratio RMSE 

Network A 0.50 0.93 0.26 0.30 

Network B 0.71 0.91 0.20 0.22 

Network C 0.89 0.97 0.08 0.08 

Network D 0.62 0.87 0.23 0.25 

Network E 0.64 0.89 0.22 0.24 

Table 7: Comparison of ratio values for the different networks in a homogeneous 
traffic scenario. 

 

5.2 Discussion of results 

Comparing the results obtained in the previous section with the results 
obtained in the evaluation of heterogeneous scenarios in chapter 4, the 
situation is almost completely reversed. While the correlation between the 
measured and estimated number of users is better in general than in the 
heterogeneous scenario, the model now underestimates instead of 
overestimates the number of users in the networks.  

Furthermore, Network A, which had the strongest correlation in the 
heterogeneous scenario, now experiences the worse estimations and 
Network C, with the worse heterogeneous results, now experiences the best 
by a large margin.  

In Network A 10% of the estimations are below 50% of the real, measured 
values of the measurement periods and on average the model 
underestimates the number of users in the network by 26%. For Networks B, 
D and E the results are similar but slightly better with average errors between 
20% and 23%. 

Network C had estimation errors averaging from between 45% to 26% in the 
heterogeneous scenario and almost 10% of the estimations were larger than 
twice the measured values. In the homogeneous scenario the average 
estimation error is only 8% and all of the estimations made are between 85% 
and 98% of the measured amounts. This makes it, by a large margin, the 
network for which the model is best suited in a homogeneous scenario.  

It is noteworthy that the model for no measurement period in any of the 
evaluated networks overestimates the number of users.  The closest it ever 
comes to doing this is for a measurement period in Network C where the 
estimated value is within 2% of the measured value. In the next section, it will 
be shown that the reason the model underestimates the number of users in all 
networks when distributing traffic homogeneously is due to its mathematical 
properties. 
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The MAE and the RMSE of the ratio are almost identical for all networks, 
indicating a low variation in the magnitude of the estimation errors. This is an 
inherent property of applying a homogeneous traffic distribution as averaging 
the measured loads over all cells leads to identical errors in all cells and 
drastically reduces the existence of large deviations. This is also most likely 
the reason why extending the length of the measurement period from 15 
minutes to hours or days had a negligible effect on the quality of the 
estimations. As has been mentioned, increasing the measurement period 
leads to more stable traffic and removes the impact of heavy traffic 
fluctuations, but this is already achieved by averaging the traffic over the 
entire network.  

5.2.1 Mathematical nature of underestimations  

The reason for the large underestimations occurring when regarding the traffic 
in the investigated networks as homogeneous is due to mathematical 
properties of the user estimation formula of the queuing model. This formula, 
presented in section 2.5.2.4 states that the queuing model estimates the 
average number of users N based on the system utilization ρ as: 

   

   

Figure 5.7: Growth of the user estimation function. Notice how the number of users 
increases rapidly with increased load 

 

With the derivative being: 

   

we see that already at 50% TTI utilization, the estimate is very sensitive to 
change. An increase to 60% will increase the estimate from 1 to 1.5. 
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When traffic in a network is assumed to be homogeneously distributed, the 
system loads and number of users are averaged linearly over all cells. For 
this scenario to still produce consistent user estimations the system loads and 
number of users of the network would have to be linearly proportional. This is 
not the case which is why the underestimations occur. This fact will be further 
illustrated through a simple example:  

Assume we have a small, mobile network consisting of only two cells, Cell A 
and Cell B.  

During a conducted measurement the average TTI utilization in the network 
was found to be 80% in Cell A and 20% in Cell B, which is an average TTI 
utilization of 50% in the network in total. The number of users as estimated by 
the model in both the heterogeneous and homogeneous scenario is: 

 

Heterogeneous scenario  TTI utilization Estimated nr of users 

Cell A  80% 4 

Cell B  20% 0.25 

Network average:  50% 2.125 

 

Homogeneous scenario  TTI utilization Estimated nr of users 

Cell A  50% 1 

Cell B  50% 1 

Network average:  50% 1 

 

In both cases we estimate the number of users for a network with a total 
average system load of 50% among the cells, but the homogeneous scenario 
estimates the number of users to a much lower value than the heterogeneous 
scenario. This will always be the case when comparing heterogeneous and 
homogeneous scenarios as the sum of two individual user estimations will 
always be at least twice as large as the estimation calculated from the 
average load value, because of the convexity of the function N: 
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It is important to note that this does not mean that the model always 
underestimates the number of users in live networks when running a 
homogeneous simulation, but only that it estimates the number of users to 
lower amounts than in a heterogeneous simulation. Since we have 
established in the previous chapters that the model tends to overestimate the 
number of users in heterogeneous scenarios, this is not necessarily a bad 
thing. 

In fact, as the following chapters will show, there are networks for which 
applying a homogeneous traffic distribution in the simulation gives a better 
correlation between the measured and estimated number of users compared 
to the heterogeneous case. Before exploring these types of scenarios 
however, a possible approach for reducing the underestimations will be 
examined. 

5.2.2 Separation of differently loaded cells 

In order to reduce the underestimations occurring for homogeneous traffic 
distributions, the impact made by averaging the measured traffic parameters 
over all cells should be reduced. This could in turn be done by increasing the 
homogeneity of the cells in the network before the traffic is averaged. The 
figure below shows how the ratio for the estimated and measured number of 
users changes as the difference between individual cell loads increases in 
Network B. The average offset is found by calculating the total average TTI 
utilization of the network and then calculating the average difference between 
this value and the individual TTI utilizations in the cells. 

 

Figure 5.8: Decrease in ratio with increased variation in cell loads for Network B. The 
optimal ratio value is 1. 

It is evident that an increased variation in the individual cell loads leads to a 
decreased ratio due to increasingly large underestimations of the number of 
users. If cells with similar average loads are modeled separately this variation 
in load will decrease which in turn should improve the quality of the 
estimations: 
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Figure 5.9: Modelling cells with different loads separately. The average values are 
calculated from cells above and below the chosen threshold separately to receive two 
separate homogeneous distributions. 

 

 

If the cells in network B are separated for cells with an average TTI utilization 
below 30% and cells with an average TTI utilization above 30% and these are 
evaluated separately, the following results are found:  

 

 

                                           

Figure 5.10: The estimated vs measured number of users in Network B for all cells, 
the high loaded cells, and the low loaded cells. The enhanced area shows the 
correlation between the low loaded cells and the optimal, dotted reference line. 
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Figure 5.11: The Mean Absolute Error of the ratio for estimations made on different 
subsets of cells in Network B. 

Indeed, user estimations for both the low-loaded cells and the high-loaded 
cells are better compared to when all cells are modeled together as shown by 
the reduced average errors in Figure 5.11. 

This is true for all other networks (See section 0 in Appendix B for 
corresponding plots) except network C, for which the results will be discussed 
in the next section. This leads to the conclusion that for low to medium loaded 
networks, the more homogeneous the nature of the traffic in the live network 
is, the better suited the estimations in a simulation with homogeneously 
distributed traffic are.  

5.2.3 Cancellation effect between errors at high loads 

Figure 5.12 shows the results obtained from modeling all cells, only high-
loaded cells and only low-loaded cells in Network C. Estimating the number of 
users for high-loaded cells separately increases the estimation errors 
compared to when modeling the entire network, for which the average error in 
the estimations was as low as 7.6%.   
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Figure 5.12: The estimated vs measured number of users in Network C for all cells, 
the high loaded cells, and the low loaded cells. 
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This was not the case in the remaining five networks, so what is the reason 
for this behavior in Network C? One possibility is that the traffic in Network C 
is already highly homogeneous in nature. Looking at Figure 5.13 however, the 
variation in the individual cell loads is just as high, in some cases even higher, 
in Network C compared to the remaining networks 

 

Figure 5.13: Change in ratio with increased variation in cell loads for Network C. 

The reason for the strong correlation is instead due to the overall high load in 
the network.  When assuming a heterogeneous traffic distribution the high 
load in Network C led to large overestimations of the number of users. As has 
been mentioned, when a homogeneous traffic distribution is assumed instead 
the mathematical properties discussed in section 5.2.1 reduce the size of the 
estimations. For the other live networks this led to underestimations of the 
number of users instead of overestimations, but the high load in Network C 
instead achieves a strong correlation between the estimated and measured 
number of users. 

In short, for high loaded networks like Network C the error leading to 
overestimations at high loads and the error leading to underestimations when 
assuming a homogeneous traffic distribution cancel each other out. This 
causes the user estimations made by the model to be representative for the 
number of users measured in the live network.  

When selecting only the high-loaded cells in network C the average load 
increases from 41% to 56% and the average difference in cell load from the 
network average load decreases from 20% TTI utilization to 13%. This 
increase in load and homogeneity increases the magnitude of the user 
estimations, causing the model to overestimate the number of users. 

This means that for networks with higher homogeneity in traffic or higher load 
than Network C, the user estimations will not be representative of reality. 
Furthermore, the quality of the user estimations will at this point start to 
decrease with increased load in the same way as for the previously evaluated 
heterogeneous scenarios.  
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5.3 Summary 

This chapter has evaluated how the quality of the estimations changes when 
traffic in the live, heterogeneous networks instead is distributed 
homogeneously among the cells. 

It was found that given a simulation of a mobile network with a specific load, a 
homogeneous traffic distribution will always estimate the number of users to a 
smaller amount than a heterogeneous traffic distribution. That is, performance 
evaluation based on simulations with a homogeneous traffic distribution will 
underestimate queues in a real network with heterogeneous traffic. 

The reason for this is the sensitivity to change in load of the user estimation 
function: When the traffic is averaged linearly over all cells, the average 
estimated amounts become smaller than the average amounts estimated for 
each individual cell in a heterogeneous scenario with identical load. 

The larger the difference between the individual cell loads in the networks, the 
larger the impact of linearly averaging the traffic over all cells. This in turn 
leads to larger underestimations. Conversely, the more homogeneous the 
nature of the traffic in the network is, the better the estimations. 

For low – and medium loaded networks, the model in general underestimates 
the number of users. Separating between high-loaded and low-loaded cells 
before applying the homogeneous distribution increases the correlation 
compared to when all cells are modeled together.  

For high-loaded networks with around 40-50% load, a homogeneous traffic 
distribution leads to good quality in the user estimations. The reason for this is 
that at these load levels the error leading to overestimations at high loads and 
the error leading to underestimations when assuming a homogeneous traffic 
distribution cancel each other out. 

For networks with average loads higher than 50%, the model starts to 
overestimate the number of users and the quality of the estimations 
decreases with increased load. 
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6 Conclusions 

6.1 How representative are the models for today’s traffic? 

Having finished the evaluation process of the model, it is time to address the 
question whose answer is the goal of the report: 

How representative are the statistical traffic models for the packet data traffic 
in today’s mobile networks? 

The answer to this question is not completely straightforward as it depends on 
both the traffic distribution used in the simulation and the load of the simulated 
network. Also, it is important to distinguish between how representative the 
model is for simulations of networks with a given average load and the 
model’s ability to make representative user estimations for different individual 
cell loads. 

When a heterogeneous traffic distribution was assumed it was found that the 
quality of the user estimations decreased as the individual cell loads in the 
networks increased. The error in the user estimations grew quite large for cell 
loads past 40% when measuring on a 15 minute basis and for cell loads past 
60% when measuring over entire days. Consequently, the model was able to 
make estimations representative for reality for the two lowest loaded networks 
as well as for the middle loaded network if measuring over entire days. It was 
however unable to make representative estimations for the two highest 
loaded live networks for any of the used measurement periods.  

This means that when using a heterogeneous traffic distribution the model is 
only representative for traffic in live networks where the majority of the cell 
loads are below between 40% and 60%. This is typically found in live 
networks with average network loads below around 25%. 

If a homogeneous traffic distribution is assumed in the simulations instead, 
the estimations made by the model will be too small for all but the highest 
loaded network. For the highest loaded network, the homogeneous traffic 
distribution leads to good quality in the user estimations. At these load levels 
(between 40% and 50% average network load) a cancellation effect between 
two error tendencies in the model lead to the user estimations being 
seemingly representative for reality.  

It is important to remember however that a homogeneous traffic distribution is 
a simplification of reality and there are certain radio features which are 
affected differently by the live network traffic being inhomogeneous. Examples 
of such features are interference between adjacent cells and interference 
between adjacent carrier frequencies. This means that even though a 
homogeneous traffic distribution in these cases, due to the cancellation effect, 
produce results representative for reality in terms of average user throughput 
seen in the network it is not necessarily representative for the traffic in 
general.  
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For load levels higher than 40% to 50%, the error in the user estimations 
increases for homogeneous traffic distributions in the same way as for 
heterogeneous traffic distributions, making the estimations unrepresentative 
for reality. 

To summarize, the model is representative for reality for low loaded networks 
and in some cases for medium to high loaded networks, but never for very 
high loads. While most live networks worldwide seem to have low to medium 
average traffic loads, it is still useful to be able to simulate high loads 
representatively, among other things for simulating busy hour traffic. As we 
have seen however it is not possible to do this representatively for reality with 
the current model. 

 

6.2 Continuation 

This section will describe some of the next steps recommended to be taken   
based on the results from this report. 

6.3 Improving the model 

The possibility of improving the model to account for the traffic situations seen 
in today’s live networks should be examined. 

Since it has been shown that a small number of users can generate large 
amounts of traffic, a high system load does not necessarily mean a high 
number of users and this should be reflected in the model. 

This could for example be done by simulating a set of heavy users with long 
download times on top of the regular user simulations, or by using an arrival 
process different from a Poisson process which can account for users 
consuming large amounts of resources. 

These solutions would however require rather detailed knowledge of both the 
traffic characteristics as well as the time and place intended to be simulated in 
the specific network. 

It should also be possible to alter the user estimation formulae currently used 
to make better user estimations at high loads. The top picture in figure 6.1 
shows the fit of the current user estimation formula for the user distribution in 
one of the networks. The curve representing the theoretical number of users 
has a strong correlation with the measured number of users at low loads, but 
becomes too large for higher loads.  

This could be solved by scaling down the user estimations for high loads 
using parameterization of the user estimation formula. The end result would 
produce a better representation of reality like shown in the lower part of figure 
6.1. 
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Figure 6.1: Example parameterization of the user estimation function to increase the 
correlation at higher loads. 

 

6.4 Repeating the study 

The wireless data market will undoubtedly continue to evolve and the traffic 
characteristics in the live networks will change with the addition of new 
services and devices.  

It is therefore recommended that an evaluation of the statistical model similar 
to that conducted in this report is repeated in the near future using new sets of 
collected data from live networks. 

6.5 Further studies 

6.5.1 Suitability of Poisson approximation 

For further studies, the Poisson approximation and its suitability for use in 
simulations of downlink data traffic should be examined more thoroughly. 
Specifically, it would be interesting to be able to look at: 

 How many different UEs contributed to the traffic seen during a 
measurement period? 

 How is the data volume distributed among the active users? 

 How many different users are visible in a cell during a given period? 
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Using the data collected from the performance measurement counters like in 
this report these questions can not be answered since information on 
individual users is not discernable.  

6.5.2 Impact on waiting time 

The queuing theory presented in section 2.5.2.4 stated that the average 
waiting time (queuing time and service time) in the system was given by 
Little’s law as: 

 


N
W   

Since it has been concluded that the model in general overestimates the 
number of users N, it should also be overestimating the average waiting time 
of the users.  

This has not been evaluated, and neither has the correlation between 
measured and estimated waiting times or the possible impact an incorrectly 
estimated waiting time could have on the simulations. Improving the quality of 
the simulations in the future will require the round trip time of data packets to 
be considered and this is in turn affected by the waiting time. It is therefore 
important to further evaluate this matter. 

 

6.6 Other considerations made 

A number of network conditions and model assumptions not mentioned in the 
report have been analyzed but found to not impact the performance of the 
model significantly.  

This section will in short describe these examined cases and the reason for 
why they were not considered further.  

 

6.6.1 Peer-to-peer traffic affecting user independence 

From section 2.4.2.1, another of the assumptions necessary for the model to 
be representative for real mobile networks was: 

All users’ decisions to use the system are independent of each other. 

It has been argued that the existence of an increasing amount of peer-to-peer 
traffic could break this assumption as users use the system based on their 
peers’ decisions to use the system. While there has been no way to conclude 
if this is the case in the analysis process, it has been deemed unlikely. 

The reason for this is that it would require a large amount of peers to be 
active within the same RAN for this to have any considerable impact, and 
many ISP’s in mobile networks have started to throttle P2P-traffic [18][14], 
making this scenario unlikely. 
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6.6.2 Code multiplexing not accounted for in the model 

In HSDPA, code multiplexing allows for up to four users to be served 
simultaneously by the single server. It was thought that this was not taken into 
account by the single-server Processor Sharing model. 

The correlations between code multiplexing and user throughput, the size of 
the estimation errors and TTI utilization have all been investigated, but no 
conclusions could be drawn. 

A possible reason for this is that a single-server Processor Sharing model 
assumes that the resources in the system are shared equally between the 
users. It should not matter then if up to four users share the available 
resources all at the same time, as is the case with code multiplexing, or if 
each user is served in turn and then given all available resources. It should 
also be noted that this does not occur too frequently as there for example 
were no measured TTI:s with 4 simultaneous users in any of the evaluated 
networks. A majority of the TTI:s are used by either 1 or 2 users either 
because there never were no lone users in a cell or because of operator 
settings. 

6.6.3 Poisson arrivals not being representative in low loaded cells 

The last necessary assumption for the model presented in section 2.4.2.1 
was: 

The number of users in the system is very large.  

While the number of users in each evaluated network in total is large enough, 
there are cells in some of the networks which experience almost no traffic 
during the entire data collection period. These cells experience so few users 
that their arrival times should not constitute a Poisson arrival process.  

It has been shown in this report that for cells experiencing a small number of 
users generating a high load in terms of TTI utilization, the estimations are 
poor. It was however also thought that the estimations for cells experiencing 
both few users and low levels of TTI utilizations would be unrepresentative of 
reality. 

However, looking at the cell-level estimations for low loaded cells in the 
networks, this does not seem to be an issue. While there are occurrences of 
large underestimations of the number of users in the cells at low loads, this is 
commonly seen at extremely low loads where the TTI utilization is less than 
1% and the measured average number of users is below 10-3. The 10th 
percentile values for the ratio is at least 0.80 in all evaluated networks already 
when measuring over the shortest time period. 

This indicates that the Poisson approximation seems to work well for cells 
experiencing few users as long as these users generate a correspondingly 
low load. 
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Appendix A – Counters used 

This appendix lists the RBS and RNC performance measurement counters 
used in the research. 

A.1 Counter types used: 

Peg     A peg counter is increased by 1 at each occurrence of a specific 

activity.   

PDF     A PDF counter is a list of range counters. A value is read periodically. 
If the value falls within a certain range, the range counter for that range is 
increased. All range counter values are collected and stored in the Statistics 
Output file at the end of each reporting period.  

A.2 RBS Counters 
 

A.2.1 pmSumNonEmptyUserBuffers (long) 

Number of user buffers with data in the buffer for each 2 ms subframe. 

Counter type: Peg 
Counter is reset after measurement interval: Yes 
Condition: The actual measurement is started when the HS-DSCH resources 
are setup. 
Undefined value: -1 

 

A.2.2 pmNoOfHsUsersPerTti (long) 

Average number of users scheduled in the cell at each 2 ms subframe. 

Counter type: PDF  
Counter is reset after measurement interval: Yes 
Condition: The actual measurement is started when the HS-DSCH resources 
are setup. 

PDF ranges: 

[0]: Number of samples equal to 0 
[1]: Number of samples equal to 1 
[2]: Number of samples equal to 2 
[3]: Number of samples equal to 3 
[4]: Number of samples equal to 4 

Undefined value: -1 
 

A.2.3 pmNoActiveSubFrames  
 

Number of active 2 ms subframes. 
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Counter type: Peg 
Counter is reset after measurement interval: Yes 
Condition: The actual measurement is started when the HS-DSCH resources 
are setup. 
Undefined value: -1 

A.2.4 pmReportedCqi  
 
The UE reported CQI. Note that it is the true (unadjusted) CQI that is counted. 
This counter is only relevant for UEs not using MIMO or 64QAM. 
 
Counter type: PDF  
Counter is reset after measurement interval: Yes 
Condition: The actual measurement is started when the HS-DSCH resources 
are setup. 
PDF ranges: 
[0]: Number of reported CQI with value 0 
[1]: Number of reported CQI with value 1 
... 
[30]: Number of reported CQI with value 30 
[31]: Number of reported CQI with invalid value 
 
Undefined value: -1 

 

A.2.5 pmUsedHsPdschCodes  

 
The distribution of the HS-PDSCH code utilization, as the number of HS-
PDSCH codes used by the scheduler. 
 
Counter type: PDF  
Counter is reset after measurement interval: Yes 
Condition: Sampled each 100 ms of the granularity period (gives 9000 
values). The actual measurement is started when the HS-DSCH resources 
are setup. 
PDF ranges: 
[0]: 0 codes 
[1]: 1 code 
[2]: 2 codes 
[3]: 3 codes 
[4]: 4 codes 
[5]: 5 codes 
[6]: 6 codes 
[7]: 7 codes 
[8]: 8 codes 
[9]: 9 codes 
[10]: 10 codes 
[11]: 11 codes 
[12]: 12 codes 
[13]: 13 codes 
[14]: 14 codes 
[15]: 15 codes 
Undefined value: -1 
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A.3 RNC Counters 

A.3.1 pmNoOfPacketCallDurationHs1 (long) 

 
Accumulated number of RAB activity periods for bursts of size between 200 
bytes and 1000 bytes for all interactive RABs on HSDPA. 
 
Condition: 
Incremented by one when PS interactive/best effort user data is transmitted 
over the HS-DSCH channel and the size of the data burst is between 200 
bytes and 1000 bytes. The counter accumulates the number of RAB activity 
periods, for all data bursts ending within the current ROP. 
 
Counter Type: PEG 
Counter is reset after measurement period: Yes  

 

A.3.2 pmNoOfPacketCallDurationHs2 (long) 
 
Accumulated number of RAB activity periods for bursts of size between 1 
kilobyte and 10 kilobytes for all interactive RABs on HSDPA. 
 
Condition: 
Incremented by one when PS interactive/best effort user data is transmitted 
over the HS-DSCH channel and the size of the data burst is between 1 
kilobyte and 10 kilobytes. The counter accumulates the number of RAB 
activity periods, for all data bursts ending within the current ROP. 
 
Counter Type: PEG 
Counter is reset after measurement period: Yes  

 

A.3.3 pmNoOfPacketCallDurationHs3  (long) 

 
Accumulated number of RAB activity periods for bursts of size between 10 
kilobytes and 100 kilobytes for all interactive RABs on HSDPA. 
 
Condition: 
Incremented by one when PS interactive/best effort user data is transmitted 
over the HS-DSCH channel and the size of the data burst is between 10 
kilobytes and 100 kilobytes. The counter accumulates the number of RAB 
activity periods, for all data bursts ending within the current ROP. 
 
Counter Type: PEG 
Counter is reset after measurement period: Yes  

 

A.3.4 pmNoOfPacketCallDurationHs4 (long) 
 
Accumulated number of RAB activity periods for bursts of size greater than 
100 kilobytes for all interactive RABs on HSDPA  
 
Condition: 
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Incremented by one when PS interactive/best effort user data is transmitted 
over the HS-DSCH channel and the size of the data burst is greater than 100 
kilobytes. The counter accumulates the number of RAB activity periods, for all 
data bursts ending within the current ROP. 
 
Counter Type: PEG 
Counter is reset after measurement period: Yes  

 

A.3.5 pmTotalPacketDurationHs1 (long)  

 
Accumulated time that data has been transmitted in bursts of size between 
200 bytes and 1 kilobyte for all Interactive RABs on HSDPA. 
 
Condition: 
Incremented by one when PS interactive/best effort user data is transmitted 
over the HS-DSCH channel and the size of the data burst is between 200 
bytes and 1000 bytes. The counter accumulates the time within which the 
burst was transmitted, for all data bursts ending within the current ROP. 
 
Counter Type: PEG 
Unit: ms  
Counter is reset after measurement period: Yes   

 

A.3.6 pmTotalPacketDurationHs2 (long)  
 
Accumulated time that data has been transmitted in bursts of size between 1 
kilobyte and 10 kilobytes for all Interactive RABs on HSDPA. 
 
Condition: 
Incremented by one when PS interactive/best effort user data is transmitted 
over the HS-DSCH channel and the size of the data burst is between 1000 
bytes and 10 000 bytes. The counter accumulates the time within which the 
burst was transmitted, for all data bursts ending within the current ROP. 
 
Counter Type: PEG 
Unit: ms  
Counter is reset after measurement period: Yes   

 

A.3.7 pmTotalPacketDurationHs3 (long)  
 
Accumulated time that data has been transmitted in bursts of size between 10 
kilobyte and 100 kilobytes for all Interactive RABs on HSDPA  
 
Condition: 
Incremented by one when PS interactive/best effort user data is transmitted 
over the HS-DSCH channel and the size of the data burst is between 10 
kilobytes and 100 kilobytes. The counter accumulates the time within which 
the burst was transmitted, for all data bursts ending within the current ROP. 
 
Counter Type: PEG 
Unit: ms  
Counter is reset after measurement period: Yes   
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A.3.8 pmTotalPacketDurationHs4 (long)  
 
Accumulated time that data has been transmitted in bursts of size greater 
than 100 kilobytes for all Interactive RABs on HSDPA. 
 
Condition: 
Incremented by one when PS interactive/best effort user data is transmitted 
over the HS-DSCH channel and the size of the data burst is greater than 100 
kilobytes. The counter accumulates the time within which the burst was 
transmitted, for all data bursts ending within the current ROP. 
 
Counter Type: PEG 
Unit: ms  
Counter is reset after measurement period: Yes   

A.3.9 pmSentPacketDataHs1  (long) 
 
Accumulated amount of user data transmitted in bursts of size between 200 
bytes and 1000 bytes for all Interactive RABs on HSDPA, not including 
retransmissions. 
 
Condition: 
Incremented when PS interactive/best effort user data is transmitted over the 
HS-DSCH channel and the size of the data burst is between 200 bytes and 
1000 bytes. The counter accumulates the amount of data transmitted, 
excluding retransmissions, for all data bursts ending within the current ROP. 
 
Counter Type: PEG 
Unit: kB (1000 bytes) 
Counter is reset after measurement period: Yes   

 

A.3.10 pmSentPacketDataHs2  (long) 
 
Accumulated amount of user data transmitted in bursts of size between 1 
kilobyte and 10 kilobytes for all Interactive RABs on HSDPA, not including 
retransmissions. 
 
Condition: 
Incremented when PS interactive/best effort user data is transmitted over the 
HS-DSCH channel and the size of the data burst is between 1 kilobyte and 10 
kilobytes. The counter accumulates the amount of data transmitted, excluding 
retransmissions, for all data bursts ending within the current ROP. 
 
Counter Type: PEG 
Unit: kB (1000 bytes) 
Counter is reset after measurement period: Yes   
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A.3.11 pmSentPacketDataHs3 (long)  

Accumulated amount of user data transmitted in bursts of size between 10 
kilobytes and 100 kilobytes for all Interactive RABs on HSDPA, not including 
retransmissions. 
 
Condition: 
Incremented when PS interactive/best effort user data is transmitted over the 
HS-DSCH channel and the size of the data burst is between 10 kilobytes and 
100 kilobytes. The counter accumulates the amount of data transmitted, 
excluding retransmissions, for all data bursts ending within the current ROP.  
 
Counter Type: PEG 
Unit: kB (1000 bytes) 
Counter is reset after measurement period: Yes   

 

A.3.12 pmSentPacketDataHs4  (long) 
 
Accumulated amount of user data transmitted in bursts of size greater than 
100 kilobytes for all Interactive RABs on HSDPA, not including 
retransmissions. 
 
Condition: 
Incremented when PS interactive/best effort user data is transmitted over the 
HS-DSCH channel and the size of the data burst is greater than 100 
kilobytes. The counter accumulates the amount of data transmitted, excluding 
retransmissions, for all data bursts ending within the current ROP.  
 
Counter Type: PEG 
Unit: kB (1000 bytes) 
Counter is reset after measurement period: Yes   
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Appendix B – Miscellaneous figures of interest 

B.1 Separation of differently loaded cells in the networks 
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Measured vs Estimated nr of users

For different loads in Network E
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B.2 Mean Absolute Error for different subsets of cells in homogeneous 
comparisons 
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Mean Absolute Error 

For different subsets of cells in Network C
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Mean Absolute Error 

For different subsets of cells in Network D
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B.3 Change in ratio with increased variation in individual cell loads when 
assuming a homogeneous traffic distribution 
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B.4 Cell level ratio as a function of TTI utilization 

B.4.1 By 15 minute period 
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B.4.2 By day 
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B.5 User distribution as a function of TTI utilization 

 

 



   

 

83 
 

 

 

 



www.kth.se

Powered by TCPDF (www.tcpdf.org)

http://www.tcpdf.org



