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Abstract 

To deliver reliable services to customers mobile network operators monitor their network 

performance using different key performance indicators (KPIs). Network accessibility and 

retainability are two important KPIs that need to be assessed and monitored on daily basis by 

mobile operators. Monitoring KPIs is a time consuming and laborious task. Moreover, taking 

corrective action based on monitored KPIs is a reactive approach and contributes to network and 

service degradation until corrective action is taken.  

Historical network performance data available with operators contains not only information about 

network status at the measurement instant but can be analyzed to provide information about 

possible trends and patters about the network. So, a systematic way of monitoring and predicting 

the network performance status is required to guaranty the service quality.  

In this thesis, a Markov chain (MC) model is used to predict, in a probabilistic sense, the 

accessibility and retainability states of a mobile network. Four months operator data is collected 

from 1,530 Universal Mobile Telecommunication System (UMTS) cells to formulate the MC model 

and investigate the prediction accuracy. Two scenarios are considered: first, two independent 

four-state MC models are used to separately model the accessibility and retainability state of a 

cell. Second, both accessibility and retainability states of the cell are jointly modeled using a single 

MC model with sixteen states. 

The proposed predictive model for the first scenario achieves an accuracy of 96.09% when 

predicting accessibility and 96.87% when predicting retainability separately, while 94.61% 

prediction accuracy is obtained when predicting accessibility and retainability jointly as in the 

second scenario. The result indicates that it is possible to monitor and predict the performance of 

a network using the joint modeling approach instead of using separate models. In addition, the 

sixteen states help to see the probability of occurrence of both accessibility and retainability at the 

same time; for instance, we can see the occurrence of bad state at the same time in accessibility 

and retainability. 

Key words: Accessibility, Retainability, KPI, UMTS, Markov chain 
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1. Introduction 

1.1. Background 

Nowadays the demand for mobile telecom services is increasing globally, and it is expected to 

increase in the coming years. The number of mobile subscribers reached 5.1 billion as of May 

2020 [1]. To accommodate this increasing demand, new technologies, such as cell densification 

and diversity schemes, are being implemented. The new technologies, however, increase 

complexity of operation and maintenance (O&M) activities in mobile networks. To overcome this 

problem self-organizing network (SON) is introduced in Release 8 [2]. SON enables the networks 

to perform self‐configuration, self‐optimization, and self‐healing processes [3].  

In the Ethiopian telecom landscape, ethio telecom provides telecom services. The number of 

subscribers is increasing annually and reached more than 52 million subscribers as of September 

2020. As a result, voice and data usage demand is increasing. To accommodate these large number 

of subscribers the company has deployed Global System for Mobile Communications (GSM) and 

Universal Mobile Telecommunications System (UMTS) in most areas of the country and Long-

Term Evolution (LTE) network in the capital city Addis Ababa and major towns throughout the 

country. From the data obtained by the end of September 2020 more than 75% of the subscribers 

in ethio telecom are using third generation (3G) network and it is expected to serve most mobile 

subscribers in the coming few years too. 

With the development of technology, networks become increasingly complex aiming to increase 

quality, efficiency, and availability of the network. As a result, the operation and maintenance 

activity become increasingly sophisticated [4]. Operators mostly perform maintenance activities 

to give reliable service to their customers. The maintenance activities could be corrective 

maintenance, preventive maintenance, or predictive (controlled) maintenance type. Of these three 

types of maintenance activities, predictive maintenance approach is recommended, as it tries to 

identify faults before occurring and take corrective actions; this in turn improve the service 

delivered to customers [5]. Hence, operators need to adopt predictive maintenance in addition to 

corrective and preventive type of maintenance activities. As an operator ethio telecom uses 

corrective maintenance activity, and preventive maintenance in few areas, so the company need to 

use predictive maintenance approach to deliver reliable service to its customers.  
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To give reliable service to customers, most telecom operators monitor their networks using 

centralized network management system (NMS). NMS provides different types of services to 

operators using different subsystems; for instance the alarm management subsystem generates 

different levels of alarms like critical alarm, major alarm, minor alarm and warning alarms based 

on the severity of the fault level, the network performance management subsystem generates 

different counter values which helps to calculate the network performance for the purpose of 

monitoring the quality of service (QoS) [6]. 

Though NMS provides necessary information through its different subsystems, managing the data 

obtained from the subsystem, monitoring the network performance, and taking remedial actions 

on time is a challenge for most operators. If operators are unable to take remedial action on time, 

it leads to customers dissatisfaction and will be one reason for losing customers. So, operators 

should fulfill the need of their customers. Customer’s satisfaction depends on two main factors; 

namely, customers’ expectation on QoS and on the actual QoS provided to customs by the 

operators. The QoS provided by operators could come from technical and non-technical aspects as 

shown in Figure 1-1 [7]. Network performance and terminal performance are the two parameters 

which are related to technical QoS. Whereas the service provided to customers at the sales point, 

for instance during new subscriber registration, SIM card replacement, as well as the availability 

of sales offices that is working hour of sales offices and the availability of these offices close to 

customers are some factors related to non-technical QoS. 

 

Figure 1-1. Relationship between user satisfaction, QoS and network performance [7]. 
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A general model for QoS parameter related to network performance is expressed using four-layer 

model. Figure 1-2 shows the first three layers of the model used by International 

Telecommunication Union (ITU) [7]. The first layer is the “network availability”, which indicates 

whether the network is available or not during that specified interval of time. The second layer is 

“network accessibility”, that indicates whether a user can access the network or not. The third layer 

is a “service layer” that has three elements: namely, “service accessibility”, “service integrity” and 

“service retainability”. Service accessibility indicates the probability of obtaining the intended 

service when requested by a user. According to ITU definition service accessibility performance 

is defined as “The ability of a service to be obtained, within specified tolerances and other given 

conditions, when requested by the user” [8]. After the service is accessed, then the service integrity 

issue will come. Service integrity shows the QoS provided to users during the time when users get 

the service they requested. It indicates mostly the quality of message transmitted, like speech 

quality and bit error rate. Service retainability comes after service integrity. Service retainability 

indicates how well the network can complete the connection or it indicates the termination of the 

service either intentionally by the will of a user or unintentionally without the will of a user [7]. 

ITU defines service retainability performance as “The ability of a service, once obtained, to 

continue to be provided under given conditions for a requested duration” [8]. 

Network availability

Network accessibility

Circuit 

switched

Packet 

switched

Service 

accessibility

Service 

integrity

Service 

retainability

Layer 1

Layer 2

Layer 3

 

Figure 1-2. QoS aspects and the corresponding QoS parameters [7] . 

Service accessibility performance and service retainability performance are two performance 

parameters used to measure the service provided by the network from accessibility and 

retainability point of views, respectively.  
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Accessibility and retainability KPIs are two important KPI parameters operators need to monitor 

on daily and hourly bases because; the degradation of these two KPIs may create customer 

dissatisfaction, they are highly related to the income of the operator, and they utilize non-payable 

resource of the operator. For example, in the case of voice call, a user will pay for the duration of 

time only to the voice service he/she gets, and the signaling process to make a call is not payable. 

If we take for instance accessibility of voice call service, to make a call a user will occupy a 

signaling channel before getting voice service. If this request fails, then the user may try again and 

again until he/she gets the service or will stop to make a call. If a user tries to make a call again 

and again, this process at first place occupies a resource for non-payable signaling process, second 

this process may create user dissatisfaction. The same is true for retainability. If a call is dropped, 

then a user will redial again, this process occupies a resource as explained in accessibility. If a call 

drop happens again and again the user will not be satisfied. Operators get revenue and customers 

satisfaction as far as users are connected after call setup process. Hence to get more revenue, and 

customer satisfaction operators should monitor these two KPIs on daily and hourly bases. 

To predict the performance of accessibility or retainability some research works are conducted 

using different machine learning algorithms like artificial neural network, regression models and 

decision tree. Every model has its own advantage and disadvantage based on some selection 

criteria like simplicity of the algorithm, prediction accuracy, computational speed, computational 

power, and memory usage. 

Markov model is a powerful statistical tool that could be applied for component diagnostics, 

prognostics, and maintenance optimization in telecom industry [9]. Many researchers have used 

Markov model to optimize the network service and O&M activities because it is simple to apply, 

easy to understand, and needs only the current state to predict the next state. There are many 

processes in communication system that can be modeled and studied with the help of Markov 

model. Some application areas of Markov model includes call admission control [10], quality of 

experience (QoE) prediction [11], QoS prediction [12], efficient resource utilization [13], and 

mobility prediction [14].  



 
 
 

 

  

 Accessibility and Retainability States Prediction Using Markov Chain  5 

1.2. Statement of the Problem 

Though the telecom expansion project (TEP) undertaken in ethio telecom was big aiming to 

increase capacity, coverage, and quality of the network starting from 2013, there are still coverage 

and quality problems even in the capital city Addis Ababa.  

When we see the accessibility and retainability performance of a given cell for some duration of 

time as shown in Figure 1-3, we observe variations of the performance in time. At times, the 

performance is below the set threshold values. Moreover, when we see the performance across 

different cells, we will get cells that perform as per the set key performance indicator (KPI) value, 

and on the other side we will get cells that perform below the set threshold KPI value. The variation 

could be due to many factors, of these, traffic volume variation is one, and overall healthiness of 

the network from user equipment (UE) to the core network (CN) level is another factor, for 

instance if some cells fail to operate, then the neighboring cells performance like call setup success 

rate KPI will be affected.  

 

Figure 1-3. Accessibility and retainability of RNC01 cell 33825. 

The network performance may degrade due to many factors. If a service provider is unable to 

predict this network degradation, then it may create customers dissatisfaction. So, operators should 

be able to monitor and predict the performance of their network to take remedial action and 

necessary optimization work timely before the degradation happens.  

In the case of ethio telecom there are complaints from customers on voice and data service, some 

of the complaints from customers are like, unable to make call, unable to get Internet connection, 
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and disconnection of voice or data service while transaction is taking place. To address these 

problems ethio telecom needs to assess the service quality the company provides to its customers.  

Generally, service providers need to have QoS prediction model that helps them to predict voice 

and data services quality they provide to their customers. So, they should be able to improve the 

service quality in advance before customers feel the service degradation, otherwise the degradation 

of the service will be one reason for customers to shift into another operator. 

1.3. Literature Review  

To evaluate the accessibility performance of a network clustering based method is proposed by 

Yan Wang and Zhensen Wu [15]. The aim of the research is to identify a comfortable zone where 

accessibility is high, and this enables to detect when accessibility begins to degrade. Five months 

packet switch (PS) data is taken from live network. First the cells are clustered into k number of 

clusters. Then using five different regression methods the best method for each cluster is selected 

based on error rate value. Then a value called separation is calculated using three parameters, these 

are cluster i, number of times the cell causes PS domain failed to establish the number of radio 

access bearer (RAB), and best number of cluster k. Then using a prediction function a comfortable 

zone is identified. The paper is limited to predict the performance of cells in cluster and 

performance per cell level is not considered, in addition RAB performance is used to predict the 

accessibility performance.  

To predict radio resource controller (RRC) setup success rate of LTE system architecture evolution 

(SAE) network a discrete time Markov chain (DTMC) model is proposed by Hendrawan [16]. From 

the system hourly data of three cells is collected for a period of one month. Based on the value of 

RRC setup success rate cell’s state in terms of RRC success rate accessibility performance is 

categorized into Good, Moderate, and Bad state, after identifying the state sequence, a transition 

probability matrix is used to predict future accessibility state of LTE network. Hendrawan [17] used 

a DTMC model to predict accessibility of LTE network. The author used call setup success rate 

(CSSR) KPI to predict the accessibility of a network. From the system hourly data of three cells is 

collected for a period of one month. Based on the KPI value, the cell’s state is categorized into 

three states, High, Acceptable, and Low. Then using these states, a transition probability matrix is 

used to predict future accessibility state of LTE network. [16], [17] used three state Markov chain 
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(MC) model, and the model is developed considering these three states as existing. The presence 

of Idle state, which could exist in some cells mostly during non-busy hour (after mid night), in 

addition to these three states is not considered. In a mobile network a cell could have a minimum 

of one state and a maximum of four states for one KPI value, but the author does not show how to 

handle these different situations. 

To predict the performance of a radio access network (RAN) the work by Iyer et al. [18] use a 

bearer level RAN parameter. First, RAN parameters are classified into event based and nonevent 

or volume based metrices. Discrete event parameters which have binary outcome like failure and 

drop are grouped under event based parameter, and those parameters with continuous values such 

as bearer throughput are grouped under volume based metrices. For event based parameters a 

decision tree is used to predict the occurrence or non-occurrence of a call drop based on different 

coverage, uplink interference, and downlink interference parameters. For the case of volume 

metrics, regression model is used to diagnose the problem using throughput parameter at the radio 

link controller layer. Bearer level performance is used to predict the network performance like 

retainability, and parameters before the establishment of a bearer like call setup failure are not 

considered, in addition the system considers only problems due to access network without 

considering UE related problems. 

Artificial neural network is used by Oluwafemi et al. [19] to predict the call drops in GSM network. 

Three months data is collected through drive test using test mobile system (TEMS) investigation 

software. Five QoS parameters are collected for the model, these are received signal level (RxLev), 

received quality (RxQual), frame error rate, bit error rate, and timing advance. Using these 

parameters, a drop call or no drop call is predicted as an output from artificial neural network. The 

model developed has an accuracy of 87.5% drop call prediction. Frame error rate and timing 

advance parameters are related to GSM network; thus, the system is applicable only to GSM 

network, in addition the system predicts the occurrence and non-occurrence of a call drop for a 

specific UE based on the five parameters. 

Call drop rate (CDR), CSSR, network capacity, and bet error rate KPIs are used by Akanbasiam 

and Ngala [20] to evaluate second generation (2G) and 3G network performance of MTN in Ghana 

using four months data. The data are collected from the network using NMS. RxLev, RxQual, 

CSSR, CDR, and handover success rate KPIs are used by Olayinka et al. [21] to evaluate and 
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compare the performance of 2G service provided by four network operators in Nigeria and using 

questioner users level of satisfaction is assessed, then the effect of quality of service on the 

customers satisfaction is examined using regression analysis method. CSSR and CDR KPIs are 

used by Abdulkareem et al. [22] to evaluate 2G network of MTN in Nigeria in different 

geographical areas. The data is collected from NMS for three months. In [20], [21], and [22] the 

aim is only to assess the performance of the network from accessibility, retainability and other 

parameters like handover.  

In this work an MC model is proposed to predict accessibility or retainability of a network using 

four states (Idle, Good, Acceptable and Bad). The model is also used to predict accessibility and 

retainability using sixteen states. Generally, the model enables to predict the performance of n 

number of KPI parameters using 4𝑛 state MC. The 4𝑛 state MC model can predict all possible 

scenarios of n number of KPI parameters starting from a cell having only one state to a maximum 

of 4𝑛 states of a cell. 

1.4. Objective 

1.4.1. General Objective 

The main objective of this thesis is state formation and prediction of cells accessibility and 

retainability state of Addis Ababa UMTS network using MC. 

1.4.2. Specific Objective 

To achieve the general objective, the following specific objectives are identified. 

• To review related works from literature.  

• To identify KPI parameters for accessibility and retainability prediction of UMTS network. 

• To collect key accessibility and retainability data from NMS. 

• To assess the existing network performance based on accessibility and retainability. 

• To create cells state. 

• To investigate the relationship between accessibility and retainability parameters. 

• To predict the states of cells in terms of accessibility and retainability using selected 

parameters for close monitoring, optimization, and future expansion purpose.  
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1.5. Scope and Limitation 

The scope of this thesis is to develop an MC model that helps to predict cells accessibility and 

retainability of UMTS network and limited to cells accessibility and retainability states of Addis 

Ababa RNC01 UMTS network using selected counters.  

1.6. Methodology 

After identifying the problem and setting the objective, the following methodology is used to 

address the identified problem. The methodology used is presented using a workflow diagram 

shown in Figure 1-4 and the explanation will be as follows. 

The research is conducted by modelling the accessibility and retainability service parameters of 

Addis Ababa UMTS network. In the literature review different related works are reviewed, then 

relevant data for the model are collected from ethio telecom NMS of mobile network per cell level 

and the data preprocessing is done before the data is used for the model. The processed data then 

split into training and test set. Then the training data set is converted into defined states, then these 

states and the transition from one state to another state is counted. Then the number of counted 

states will be transformed into transition matrix, then after converting each zero value to one in 

those rows whose row sum is zero, then the state transition matrix is changed into state transition 

probability matrix, then using MC model the next state is predicted, and the steady state of the 

system is also calculated. Finally, the model is validated based on the accuracy of the system to 

predict next state of the test set. 
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Figure 1-4. System model for state prediction. 

1.7. Contribution  

With the increase in number of cells monitoring and optimizing cells performance will become 

more complex, time taking and laborious. The result of this research enables operators to predict 

the performance of cells from accessibility and retainability point of view, and to know the steady 

state of cells in advance. Knowing the steady state helps operators to see historical data of cells 

performance in matrix form, and to easily identify cells that perform below the set threshold value. 

This helps operators to take remedial action on time. In addition to this the research could be used 

as a reference for further performance prediction, for instance in the prediction of radio network 

controller (RNC) and CN KPIs. 

1.8. Thesis Outline 

The rest of this thesis is organized as follows. Chapter Two describes the basics of UMTS 

technology. Chapter Three presents some important UMTS KPI’s and associated counters. Chapter 

Four introduces some basic concepts of MC model and prediction using MC. Chapter Five presents 

results and discussion part. Finally, Chapter Six presents conclusion and future works. 
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2. UMTS Overview 

Knowing mobile cellular network system architecture is essential to understand mobile network 

performance. Hence in this chapter, basic technical background of UMTS network and its network 

architecture will be presented, then the basic services offered by this technology will be followed. 

2.1. UMTS Background 

The beginning of the first cellular mobile communication system was started in late 1970’s. It was 

aimed for wireless voice communication system, and the system was deployed using analog 

transmission system, and this system is called first generation mobile system. Though first-

generation mobile system paves the way for cellular communication system, it had many 

limitations, some of these are interoperability issue between operators and countries, cellular 

mobile equipment (ME) cost, and limitation of channel. 

To overcome these problems, in early 1990’s a 2G mobile system is developed with a new type of 

technology, here a digital transmission technology is introduced. The digital technology resolves 

major problems of the analogy system, some of these are like ME cost, and channel capacity. 

Because of these the technology is able to accommodate more mobile subscribers [23]. 2G mobile 

system is initially deployed for voice communication system but latter the technology enhances to 

provide additional services like short message service (SMS), and data services like Internet in 

addition to the growing demand of voice services. With the development of data service, 2G 

network is unable to support high speed data rate and multimedia connectivity demands to 

subscribers. Thus, a 3G cellular network is developed to overcome problems facing in 2G network, 

therefor the aim of 3G network mainly focuses on providing high speed data and multimedia 

connectivity to users. Based on the International Mobile Telecommunication (IMT) standards 

different technologies like code division multiple access (CDMA), UMTS and enhanced data for 

GSM evolution (EDGE) are developed. 

UMTS is one of the 3G mobile cellular network technology mainly designed for multimedia 

communication with high quality of image, video, and access to information on public and private 

networks. The UMTS adopts wideband CDMA (WCDMA) as a technology for the air interface 
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and it will be part of the IMT-2000 family of 3G standards and latter it was selected as the air 

interface for UMTS [23].  

The first release of UMTS is called Release 99 (R99). In this system the CN contains two main 

subsystems namely, the circuit switched (CS) subsystem and the PS subsystem. The CS is used to 

provide voice related services and the PS is used to provide data related services. The radio part is 

also subdivided into two sub systems, these are, the base station subsystem (BSS) and radio 

network subsystem (RNS). In the RNS of 3G the air interface adopts WCDMA technology.  

The second release of third generation partnership project (3GPP) is called Release 4. It is 

introduced to enhance the data service quality. The main difference between R99 and Release 4 

from network architecture point of view is that, in this release, the mobile switching center (MSC) 

is subdivided into media gateway (MGW) and MSC server, and the gateway MSC (GMSC) is 

subdivided into gateway MGW (GMGW) and GMSC server. In this architecture the MSC server 

provides all connection control related services, and the MGW provides bearer connection related 

services [24].  

To enhance the speed of data, different improvements are done mainly in the air interface part. In 

Release 5 of UMTS a high-speed downlink packet access (HSDPA) technology is introduced 

which uses different modulation schemes like quadrature phase shift key (QPSK) and 16 

quadrature amplitude modulation (16QAM) techniques. Then to enhance the uplink speed a high-

speed uplink packet access (HSUPA) technology is also introduced.  

The combination of 2G and 3G networks improves the service quantity and quality of mobile 

network operators. The 2G network is mainly deployed for voice and coverage purpose, and the 

3G network is deployed mainly for data service and capacity purpose. 

2.2. UMTS System Architecture 

The UMTS system architecture is evolved from the previous GSM structure with some 

modifications. The UMTS system is grouped into three subsystems based on their functionality. 

The first subsystem is the UE which helps to interface a user with that of the RAN, the second 

subsystem is UMTS terrestrial radio access network (UTRAN) which is responsible to handle all 

radio related functionality, and the third part of UMTS subsystem is the CN which is responsible 



 
 
 

 

  

 Accessibility and Retainability States Prediction Using Markov Chain  13 

for switching and routing calls and data services as well as to connect the system with external 

networks for both voice and data services [25] as shown in Figure 2.1.  

 
Figure 2-1. Network elements in a public land mobile network (PLMN) [25]. 

2.2.1. User Equipment 

A UE consists of two main components, these are ME and the universal subscriber identity module 

(USIM), and these two units communicate using CU interface. A USIM contains subscriber 

specific information, and it also contains information like authentication and associated 

algorithms, and encryptions, whereas a ME in the case of mobile phones is a radio terminal which 

is used for radio communication over the Uu interface, and in the case of data terminals it is split 

into two, the first part is the mobile terminal (MT) which handles all the communication functions, 

and the terminal equipment is the point where the data streaming begins and ends [25].  

2.2.2. Universal Terrestrial Radio Access Network 

UTRAN is the second subsystem which is located in between UE and CN. The two most important 

elements of UTRAN are Node B and RNC. 

• Node B 

A base station for UMTS is called Node B. One of the functions of Node B is to communicate 

with UE through Uu air interface, thus Node B uses radio frequency transmitters and receivers 

to transmit and receive radio signal to and from UE. Node B also communicates with RNC 

using Iub interface. In addition to data transmission between UE and RNC, Node B is also 

responsible for the closed loop power control, for coding the physical channel, modulation or 

demodulation, error handling, radio resource management, etc. The number and location of 
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these resources is determined by the number of users and the target coverage area intended to 

provide the service [23] [25]. 

• Radio network controller 

A Radio network controller is a subsystem which is responsible to control the radio resources 

in its domain and manages all node B sites connected to it. Some of the functions of RNC are 

control or manage all radio resources, power control, channel allocation, admission control, 

handover management, and ciphering. Two RNC’s communicate with each other mostly to 

perform soft handover using Iur interface [23] [26].  

2.2.3. Core Network 

A CN of UMTS is mainly sub divided into CS domain and PS domain. The CS domain consists 

of MSC, visitor location register (VLR) and GMSC, whereas the PS domain consists of serving 

GPRS support node (SGSN) and gateway GPRS support node (GGSN). These two subsystems ( 

CS and PS ) share resources like home location register (HLR), equipment identity register (EIR), 

and authentication center (AUC) [26]. 

• Mobile switching center/Visitor location register 

The MSC and VLR are usually implemented as a single piece of hardware to minimize the 

communication between these two entities and thus mostly named as MSC/VLR subsystem. 

MSC is used mainly for switching CS transactions like voice call and it also handles signaling 

communications in its MSC serving area with RNC, HLR, etc. and VLR is used to hold the 

local copy of HLR’s information of a mobile subscriber in its location area [27]. 

• Gateway mobile switching center 

GMSC is used as a gateway or as a point of entry or exit to and from the local MSC to other 

circuit domain networks like PLMN and public switch telephone network (PSTN). The GMSC 

could stand separately in the case of big operators or could be integrated in one MSC in the 

case of small operators and in this case the MSC will perform both the functionalities of MSC 

and GMSC. 

• Serving GPRS support node  

SGSN is one of the two subsystems of PS domain, and the main function of SGSN is like that 

of MSC/VLR in the CS domain except that SGSN is used to provide PS services. Thus, SGSN 
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acts as a router for data transfer. SGSN also keeps a local copy of users’ information in its 

SGSN serving area like that of VLR, and it also performs all signaling communications in its 

SGSN serving area with all subsystems connected to it. 

• Gateway GPRS support node 

The function of GGSN is like that of GMSC and the only difference is that GMSC is used in 

the CS domain whereas GGSN is used in the PS domain to provide PS services or to connect 

the UMTS network with the external Internet. 

• Home location register 

HLR is a database which is used to store all users service profile permanently as far as the 

subscription of a user is not interrupted [26]. Since this system is a master database of users, it 

is the most important element or subsystem to the operators, hence mostly it is implemented 

with redundant HLR working in active standby mode, and most operators implement HLR 

using redundancy both in physical as well as in geographical ways. Some of the information’s 

stored in the HLR are like services that are allowed by the subscriber, roaming areas allowed 

by the subscriber, value added services of the subscriber, and location area of the user for 

routing purpose. Generally, such type of information is created and stored in the HLR when a 

new subscriber is registered in the network.  

2.2.4. UMTS Network Interfaces 

In a mobile network operators use different network equipment’s that are manufactured by 

different vendors. Mostly the UE is supplied by different UE manufactures, the UTRAN could be 

from one or more vendors and the CN could be from another vendor. So, for these equipment’s to 

operate or communicate as one system, a standard is required. A standard is defined by 

organizations like 3GPP to have an open interface between these subsystems, so that they will 

operate as one system. Some of these interfaces are listed here in below. 

• CU interface 

CU interface is an interface between USIM smartcard and ME. 

• Uu interface 

Uu interface is a WCDMA radio interface between UE and Node B of UTRAN. Since the 

media for this interface is air, this interface is mostly named as air interface.  
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• Iub 

Iub interface is an interface between Node B and RNC.  

• Iur 

Iur interface is an interface between two RNC’s and allows to have soft handover between 

these RNC’s. 

• Iu 

Iu interface is an interface between UTRAN and CN. Iu is further sub divided into Iu-CS and 

Iu-PS. Iu-CS is an interface between UTRAN and CS network, and Iu-PS is the interface 

between UTRAN and PS network. 

2.3. UMTS Services  

UMTS network is aimed to provide different types of voice and data services. Each service requires 

its own requirement in terms of speed and quality, but due to the restriction and limitation of the 

air interface, the QoS mechanism provided in the cellular network should be robust and able to 

provide reasonable QoS to subscribers [28]. The CN decides to proceed or terminate the execution 

of the transaction based on the UE’s transaction request. Where a transaction is an exchange of 

information during voice or data service. Subsystems which are involved in the connection process 

will communicate each other to create a bearer. For instance, if a UE wants to make a call, then 

one transaction will be created between UE, UTRAN, and MSC. For every service request one 

transaction is initiated and this transaction will continue until it is terminated from UE or network 

side. Generally, a single UE could perform one or more transactions with a network at a time. 

Thus, if a transaction is to be executed, a network should allocate a RAB, and the allocated RAB 

resource will be released when the transaction is completed [24]. A network assigns a RAB based 

on the requested QoS. There are four UMTS QoS classes and they are also called traffic classes, 

these are conversational, streaming, interactive and background classes. 

• Conversational class 

This class as the name indicates is used for applications related to real time conversations like 

voice traffic and real time data traffic such as video telephony, video gaming, etc. It is mainly 

characterized by that the transfer time shall be low. The maximum transfer delay is given by 

the human perception during audio and video conversation, thus the limit for acceptable traffic 
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delay is very strict otherwise if the delay is above the required time the delay will result in 

unacceptable lack of quality or will be noticed by the end users. 

• Streaming class 

In this class the data are transferred in a steady and continuous stream, and the data are transport 

in one direction. The delay in this class is higher than the conversational class. Examples of 

this class are multimedia, real time video, real time audio, etc.  

• Interactive class 

In this class the end user either a machine or a human is online requesting data from remote 

equipment like server and waits for the information to arrive. Another application of this class 

is interactive traffic communication scheme which is characterized by the request response 

pattern of the end user, where a user expecting response for what he/she requests within a 

certain time. Examples of this class are web browsing and server access. 

• Background class 

In this class the end user, mostly a computer, send and receive data files in the background. In 

this class the destination is not expecting the data within a certain time and therefore it is time 

insensitive. SMS, background delivery of E-mail, downloading of data, and fax are examples 

of this class. 

Table 2-1 summarizes the main distinguishing factors between these four classes [28]. 
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Table 2-1. UMTS QoS classes 

Traffic class Fundamental characteristics 

Conversational class 

- Preserve time relation (variation) between information entities of 

the stream. 

- Conversational pattern (stringent and low delay). 

- Example: voice 

Streaming class 

- Preserve time relation (variation) between information entities of 

the stream. 

- Example: streaming video 

Interactive class 

- Request response pattern. 

- Preserve payload content. 

- Example: web browsing 

Background class 

- The destination is not expecting the data within a certain time. 

- Preserve payload content. 

- Example: background download of emails 

 

2.4. UMTS Performance Monitoring Approaches 

To provide the intended QoS to customers, operators use different approaches to monitor and 

evaluate their network performance. Most operators monitor and evaluate their network 

performance using different KPI’s. Generally, KPI’s are used to monitor the performance of a 

network when a user is in either of the three modes; these are, in idle mode, during the connection 

establishment phase, or after the connection is established or connected mode [29].  

The network performance could be monitored using different approaches. One method of 

monitoring the network performance could be using different counter values extracted from NMS. 

The NMS collects all necessary counter values from different network elements, for instance 

during a given period the number of RAB normal release and number of RAB abnormal release 

values are counted from the system. Using these counter values, the network KPI values will be 

calculated, for example CDR is one KPI which is calculated using the above two counters shown 

in Equation 3.6 in the next chapter. Based on these KPI values the network performance will be 

evaluated based on the set target value. Another method of monitoring the network performance 

could be using drive test. In this approach different network parameters are measured using special 

software, so that the performance of a network will be evaluated at different locations and at 
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different times. The other method could be to use probes. In this method different probes which 

have the capability of extracting different signaling messages will be used at different interfaces 

of the network, so that probs will count the necessary counter values, then the performance of the 

system will be evaluated after calculating the KPI values using appropriate formula [30]. In the 

next chapter counters extracted from the network using NMS for measuring the performance of a 

network during and after the connection establishment phase will be discussed in brief. 
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3. UMTS Counters and Key Performance Indicators 

In this chapter, an overview of mobile KPI parameters and counters which are related to 

accessibility and retainability of UMTS network will be presented.  

3.1. UMTS Performance  

In UMTS network, there are a lot of counters in every subsystem. The main purpose of these 

counters is for network operation, optimization, and maintenance activity. The counters in RNC 

subsystem mainly counts the transactions performed between RNC and Node B’s connected to it. 

The counters in RNC also counts the transactions performed with other RNC if any, and the 

transactions performed with the CN. Using counters, the performance of a network will be 

monitored and evaluated as per the set KPI value during every transaction. For instance, making a 

call or connecting to a web are some of the transactions performed between UE and UTRAN. 

3.1.1. Elementary Procedure 

During every service request whether it is mobile originating or mobile terminating a transaction 

is created. For instance, during a call setup process of mobile originating call the UE, UTRAN, 

and CN perform different transactions. To view and understand each transaction performed in 

mobile network a simple model and an elementary procedure is used. During a call setup procedure 

any mobile network perform some or all the eight steps or procedures shown in Figure 3-1 [24]. 

When a CN wants to communicate with the UE it uses “paging” procedure. In this procedure the 

CN through UTRAN sends a paging signal to all cells in the location area where the UE is 

registered. When the UE is within the network coverage area, then the UE responds to the paging 

message and the next procedure will be started, otherwise the communication fails [24].  
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Figure 3-1. Basic model of UMTS network transactions [24]. 

A procedure “RRC connection setup” is another procedure performed to establish a signaling 

connection between UTRAN and UE. When RRC connection setup procedure is completed 

successfully, then the next procedure will be “transaction reasoning”, here the UE through the 

UTRAN communicates with the CN about the kind of transaction required. Based on the type of 

transaction request the CN decides whether to proceed or terminate the transaction. If the CN 

decides to proceed the requested transaction, then the CN will perform all necessary authentication 

and security procedures, hence “authentication and security” procedure is a procedure next to 

transaction reasoning. If this procedure is completed successfully, then “transaction setup and 

RAB allocation” procedure will be followed. In this procedure different RABs will be assigned 

based on the type of service request by the UE. Upon receiving RAB assignment request from the 

CN, the RNC checks the availability of the requested resource, if there is enough resource then the 

RNC will provide the resource as per the request, or if there is limited resource then the RNC 
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decides to provide the service with lesser QoS or to queue or interrupt the service. If the RNC 

allocates the required resource to the UE, then the UE sends radio bearer setup complete message 

to the RNC, and this is the procedure called “transaction” where the UE gets a bearer service from 

the network, or it is a procedure where a UE gets voice or data service from the network. If the 

RAB allocation procedure is completed successfully, then the next procedure will be “transaction 

clearing and RAB release” procedure. In this procedure either the UE or the CN requests a RAB 

release procedure, based on the request the network resources allocated for this specific transaction 

will be released. Then the final procedure will be “RRC connection release” procedure, this is a 

procedure to release all resources which are related to radio control connection between the UE 

and the UTRAN [24]. 

During all these elementary procedures, the request by the UE or the CN either completed 

successfully as intended, or the communication may be interrupted in the middle undesirably. The 

interruption of the communication could be seen broadly into two phases. First the interruption 

may happen before the required bearer connection is stablished or during an attempt to get access 

of service from the network, and second the interruption of the service may happen after the 

establishment of the bearer connection, that is during a time when voice or data communication is 

taking place.  

3.1.2. Accessibility Performance  

As stated in the elementary procedure a communication between UE and the network may start 

and complete as intended successfully or may interrupt during the transaction. During each 

transaction, a counter will count each transaction at different points. Based on these counter values, 

the performance of a network is evaluated. Accessibility performance is a performance used to 

measure and assess the network performance during call setup procedure or before a bearer service 

is established. The communication may interrupt in the radio side (from UE up to UTRAN) or in 

the CN side. The Node B performance during the call setup procedure is measured in the RNC of 

UTRAN. To access the network, the main parameters for accessibility performance from RAN 

side are RRC connection procedure and RAB setup procedures [31].  
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3.1.2.1. RRC Setup Success Ratio 

RRC setup procedure is initiated by a UE and this setup procedure is completed when the serving 

RNC receives an “RRC CONNECTION REQUEST” message from UE as shown in Figure 3-2. 

When the serving RNC receives this message then the counter in the RNC at point A1 of Figure 

3-2 will increment by one. Based on the request the serving RNC may reject this message and send 

an “RRC CONNECTION REJECT” message to the UE, in this case the counter in the RNC at 

point A of Figure 3-3 will increment by one and the connection terminates. If the RNC accepts 

this request, then it sends “RRC CONNECTION SETUP” message to the UE, and the counter at 

point B of Figure 3-2 increases by one. When the UE receives RRC connection setup message 

from RNC, then it sends “RRC CONNECTION SETUP COMPLETE” message to the RNC. When 

the RNC receives this message then the counter at point C of Figure 3-2 increases by one. 

UE RNC

RRC CONNECTION REQUEST

RRC CONNECTION SETUP

RRC CONNECTION SETUP COMPLETE

A1

B

C

 

Figure 3-2. Successful RRC connection setup procedure [32]. 
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UE RNC

RRC CONNECTION REQUEST

RRC CONNECTION REJECT

A1

A

 

Figure 3-3. RRC connection reject procedure [32]. 

Different vendors use different counter names to count the occurrence of these events at point 

A1, B, C, and A of Figure 3-2 and Figure 3-3. Based on these counter values, RRC setup success 

rate will be calculated as shown in Equation (3.1) [32]. 

𝑅𝑅𝐶 𝑠𝑒𝑡𝑢𝑝 𝑆𝑢𝑐𝑐𝑒𝑠𝑠 𝑅𝑎𝑡𝑖𝑜 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑅𝐶 𝑆𝑒𝑡𝑢𝑝 𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑅𝐶 𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛 𝐴𝑡𝑡𝑒𝑚𝑝𝑡𝑠
 ∗  100% (3.1) 

The request for RRC connection by a UE has many reasons, to mention some, the request may be 

for conversational call, streaming call, background call, interactive call, emergency call or some 

other reasons. Based on the type of the service requested, the counters at these mentioned points 

(A1, B, C, and A) also varies. For instance, in Huawei UMTS network 

“RRC.SuccConnEstab.OrgConvCall” is a counter at point C for conversational call originated by 

UE, and “RRC.SuccConnEstab.OrgStrCall” is a counter at the same point C for streaming call 

[31]. 

3.1.2.2. RAB Setup Success Ratio 

RAB setup procedure is initiated by the CN. The CN sends “RAB ASSIGNMENT REQUEST” to 

RNC. When RNC receives this message, it increments the counter at point A of Figure 3-4 by one. 

Then based on the request, RNC sends “RADIO BEARER SETUP” message to the UE. Then the 

UE may send “RADIO BEARER SETUP COMPLET” message or “RADIO BEARER SETUP 

FAILURE” message to RNC. If RNC receives radio setup complete message from the UE, then 

the counter at point B in Figure 3-4 increments by one. If the message received by RNC is radio 

bearer setup failure, then the counter in Figure 3-5 at point B increments by one. Then according 
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to the message received from the UE, the RNC sends a “RAB ASSIGNMENT RESPONSE” 

message to the CN. 

UE RNC

RAB ASSIGNMENT REQUEST

RADIO BEARER SETUP

RADIO BEARER SETUP COMPLETE

A

B

CN

RAB ASSIGNMENT RESPONSE

 

Figure 3-4. Successful RAB setup procedure [32]. 

UE RNC

RAB ASSIGNMENT REQUEST

RADIO BEARER SETUP

RADIO BEARER SETUP FAILURE

A

B

CN

RAB ASSIGNMENT RESPONSE

 

Figure 3-5. RAB setup failure procedure [32] 

After getting the number of successful RAB setup and RAB setup attempts, the RAB setup success 

rate is calculated using Equation (3.2) [31] 

𝑅𝐴𝐵 𝑆𝑒𝑡𝑢𝑝 𝑆𝑢𝑐𝑐𝑒𝑠𝑠 𝑅𝑎𝑡𝑖𝑜 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑆𝑒𝑡𝑢𝑝 𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑆𝑒𝑡𝑢𝑝 𝐴𝑡𝑡𝑒𝑚𝑝𝑡
 ∗  100% (3.2) 

Like RRC, different vendors use different counter names for RAB to count the occurrence of these 

events at point A and B of Figures 3-4 and 3-5. The request for RAB depends on the type of service 

requested by the CN. The RAB request may be for voice service or for data service, based on the 

request, the RAB assignment will also vary. In Huawei UMTS network the counter for voice 

service is “VS.RAB.SuccEstabCS.AMR” at point B in Figure 3-4, Whereas the counter for video 

phone (VP) at the same point is “VS.RAB.SuccEstCS.Conv.64”. 
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3.1.2.3. Call Setup Success Ratio 

Call setup success ratio is the overall success rate during the call setup procedure, where the 

authentication procedure is assumed to be completed successfully [33]. Therefor call setup success 

rate is calculated using RRC success rate and RAB setup success rate parameters.  

CSSR = [(RRC success Ration ∗ RAB setup Success Ratio) / 100%]  

𝐶𝑆𝑆𝑅 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑅𝐶 𝑆𝑒𝑡𝑢𝑝 𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑅𝐶 𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛 𝐴𝑡𝑡𝑒𝑚𝑝𝑡𝑠
 ∗  

 
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑆𝑒𝑡𝑢𝑝 𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑆𝑒𝑡𝑢𝑝 𝐴𝑡𝑡𝑒𝑚𝑝𝑡
 ∗  100%  (3.3) 

Then the value of accessibility will be  

𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 =  𝐶𝑆𝑆𝑅  (3.4) 

3.1.3. Retainability Performance 

Retainability performance is used to assess the performance of a network during transaction 

procedure. During transaction a call drop may happen due to many reasons, some of these are due 

to poor coverage, missing neighbor cell, or due to interference both in the uplink and downlink. 

The call drop happens if the RNC triggers an “IU RELEASE REQUEST” or “RAB RELEASE 

REQUEST” message to the CN. When the RNC sends IU or RAB release request to the CN, then 

the counter at point A of Figures 3-6 or 3-7 increments by one. If the request is initiated by the 

CN, then the counter at point B as shown in Figure 3-8 increments by one and this is a normal 

procedure to terminate the connection without failure [31]. 

𝐶𝐷𝑅 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝑠
 ∗  100% (3.5) 

Where total number of RAB releases is the summation of number of RAB abnormal releases and 

number of RAB normal releases. 

𝐶𝐷𝑅 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝑠 + 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑁𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝑠
 ∗  100%  (3.6) 

Then retainability of a system will be calculated using Equation (3.7) [34] 

𝑅𝑒𝑡𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  (100% −  𝐶𝐷𝑅)  (3.7) 
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There are different counters used in Huawei system at these points for various service types [31]. 

For instance, the counters for Huawei UMTS conversational voice service are, 

“VS.RAB.AbnormRel.CS” for RAB abnormal release, and “VS.RAB.NormRel.CS” for RAB 

normal release.  

RNC CN

RAB RELEASE REQUEST

A

 
Figure 3-6. RAB release request procedure by RNC [32]. 

RNC CN

IU RELEASE REQUEST

A

IU RELEASE COMMAND

IU RELEASE COMPLETE

 
Figure 3-7. Iu connection release request procedure by RNC [32]. 

RNC CN

B

IU RELEASE COMMAND

 
Figure 3-8. Iu release request by CN [32]. 
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4. Markov Chain 

4.1. Overview of Markov Chain 

Markov chain is named after a Russian mathematician Andrey Andreyevich Markov (1856-1922). 

MC is a stochastic process that satisfies the Markov property [35].  

MC is mainly classified into two basic types depending on when the state X(t) changes, these are 

DTMC and continuous time Markov chain (CTMC). In the case of DTMC, the transition from one 

state to another state will take place only at specific instance of time, whereas in the CTMC, the 

transition between two states could take place at any arbitrary time. 

4.2. Discrete Time Markov Chain 

A Markov process is a stochastic process, characterized by a state space X(t), a time t when X(t) 

changes, and a transition probability matrix P (also called transition probabilities). Markov 

property states that, next state depends only on the current state [9]. Mathematically 

𝑃(𝑋(𝑛) = 𝑖𝑛|𝑋(𝑛 − 1) = 𝑖𝑛−1, … , 𝑋(0) = 𝑖0) 

= 𝑃(𝑋(𝑛) = 𝑖𝑛|𝑋(𝑛 − 1) = 𝑖𝑛−1) (4.1) 

That is, the state X at time step n dependent only on the state X at time n-1, due to this an MC is 

mostly considered as a memoryless discrete time process. 

Based on the set of values of the random variables X(n) an MC could be a discrete state space, in 

this case the state spaces will be {X0, X1, X2, … }, or it is called finite state if the set of values of 

the random variables are finite set {X0, X1, …, Xn} 

An MC is called time-homogeneous if the transition probabilities Pij are independent of time t, that 

is  

𝑃𝑖𝑗  =  𝑃(𝑋(𝑛 + 1 ) = 𝑗|𝑋(𝑛) = 𝑖, 𝑋(𝑛 − 1) = 𝑖𝑛−1, … , 𝑋(0) = 𝑖0) (4.2) 

4.2.1. Elements of Markov Chains 

A DTMC is mainly expressed using transition probability matrix P, transition probability diagram, 

and steady state vector π.  
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• Transition probability matrix  

A transition probability matrix (P) comprises of all the transition probabilities in MC. Each 

element in the matrix represents the probability of a state moving from one state to another. A 

movement at each specific instance of time is called transition and the probability of moving 

from state i to state j or the probability of the next state to be in j given the current state in i, is 

expressed by transition probability Pij. If the state space S is {1, 2, 3, …, n}, then the transition 

probability matrix will be an n x n matric. Generally, P is a square matrix with n rows and n 

columns, where n is the number of states of an MC as shown in Equation (4.3). 

 𝑃 =  [

𝑝11

𝑝21..
𝑝𝑛1

   

𝑝12

𝑝22..
𝑝𝑛2

   

𝑝13

𝑝23..
𝑝𝑛3

   

. .

. .. .. .

. .

   

𝑝1𝑛

𝑝2𝑛..
𝑝𝑛𝑛

 ]   (4.3) 

An n x n transition probability matrix P must satisfy the following properties. 

▪ The value of each transition probability pij must be greater or equal to zero. 

𝑃𝑖𝑗  ≥  0, 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖, 𝑗 = 1, 2, 3, . . . , 𝑛 (4.4) 

▪ The summation of all transition probabilities in a row must be equal to one.  

∑ 𝑝𝑖𝑗
𝑛
𝑗 = 1  =  1, 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 = 1, 2, 3, . . . , 𝑛 (4.5) 

Where in both cases pij is the probability of moving to state j given the current state is in i [9] 

• Transition probability diagram 

The transition probability matrix could also be represented using a transition probability 

diagram. In this representation a directed graph is used. In the graph each node represents the 

state of an MC, and that specific state is represented by a number or letter inside the circle. A 

directed arrow is used to represent the presence of transition from one state to another, where 

the tail represents the current state, and the head indicates the next state. On top of this directed 

arrow there is a number which indicates the probability of moving from the current state to the 

next state [35]. 
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𝑃 =  [
𝑃𝐴𝐴 𝑃𝐴𝐵

𝑃𝐵𝐴 𝑃𝐵𝐵
] 

Figure 4-1. A two-state transition probability diagram of MC 

As shown in Figure 4-1 the states of an MC are A and B, hence the state space of MC is S = 

{A,B} and PAA is the probability of being in State A given the current state is in A, and PAB is 

the probability of being in state B given the current state is in A. As that of the transition 

probability matrix, the summation of all Pij starting from any node in the transition probability 

diagram is one. So, in the Figure 4-1. 

𝑃𝐴𝐴  +  𝑃𝐴𝐵  =  1 (4.6) 

Similarly  

𝑃𝐵𝐴  +  𝑃𝐵𝐵  =  1 (4.7) 

 

𝑃 =  [

𝑃11

𝑃21

𝑃31

𝑃41

    

𝑃12

𝑃22

𝑃32

𝑃42

     

𝑃13

𝑃23

𝑃33

𝑃43

     

𝑃14

𝑃24

𝑃34

𝑃44

] 

Figure 4-2. A four-state transition probability diagram of MC 

In the same way as that of two state transition probability matrix, in a four state transition 

probability matrix, the summation of all probabilities starting from state i is always one when 

we see in the transition probability diagram, and the summation of each row in the matrix is 

also one in the case of transition probability matrix. 

Therefore, 

𝑃11  +  𝑃12 +  𝑃13 +  𝑃14 =  1 (4.8)  
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𝑃21  +  𝑃22 +  𝑃23 +  𝑃24 =  1 (4.9) 

𝑃31  +  𝑃32 +  𝑃33 +  𝑃34 =  1  (4.10) 

𝑃41  +  𝑃42 +  𝑃43 +  𝑃44 =  1 (4.11) 

• Steady state vector 

Once we have a transition probability matrix, given any initial vector 𝜋0, the next state vector 

will be obtained by multiplying the initial vector 𝜋0 and P, thus 

𝜋1 =  𝜋0  ∗  𝑃  (4.12) 

After two state transitions, the resulting probability vector will be  

𝜋2 =  𝜋1  ∗  𝑃 (4.13)  

Substituting the value of 𝜋1 in Equation (4.13) by 𝜋0  ∗  𝑃 from Equation (4.12) gives 

𝜋2 =  (𝜋0  ∗  𝑃)  ∗  𝑃 =  𝜋0  ∗  𝑃2  (4.14) 

Using the same procedure if we continue, we will reach at some point,  

where 𝜋𝑛−1  =  𝜋𝑛 

𝜋𝑛−1 =   𝜋𝑜  ∗  𝑃𝑛−1 (4.15) 

𝜋𝑛 =   𝜋𝑜  ∗  𝑃𝑛  (4.16) 

This value 𝜋𝑛 is called the steady state vector π. 

Or if we multiply P by itself, that is  

𝑃2  =  𝑃 𝑥 𝑃 (4.17) 

𝑃3  = 𝑃2 𝑥 𝑃 (4.18) 

If we keep on multiplying the transition probability matrix P, then we will reach at some 

point, where 𝑃𝑛−1  = 𝑃𝑛  

𝑃𝑛−1  = 𝑃𝑛−2 𝑥 𝑃 (4.19) 

𝑃𝑛  = 𝑃𝑛−1 𝑥 𝑃 (4.20) 

At this point each row of P will be identical, and the sum of each row will be one. 
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𝑃𝑛  =  [

𝜋0

𝜋0..
𝜋0

   

𝜋1

𝜋1..
𝜋1

   

𝜋2

𝜋1..
𝜋2

   

. .

. .. .. .

. .

   

𝜋𝑗

𝜋𝑗
..

𝜋𝑗

 ]  =  𝜋𝑛 (4.21) 

So, if we take one row of πn of Equation (4.21), then we will get the same value as that of 𝜋𝑛 

of Equation (4.16) or the steady state vector π. Generally, for MC fulfilling ergodic property 

(where ergodicity is defined in section 4.2.2.). 

𝑙𝑖𝑚
𝑛→∞

 𝑃𝑥𝑦
𝑛  =  𝜋𝑛 (4.22) 

4.2.2. Some Additional Properties of Markov Chain 

• Communicating states: - Two states are called communicating states, if state i is accessible 

from state j, and state j is accessible from state i. In other words, it is possible to travel from 

state i to state j with some probability pij greater than zero, and it is possible also to travel from 

state j to state i with some probability pji with value greater than zero [36]. 

• Irreducibility: - An MC is called irreducible if it is possible to move from any state i to any 

state j regardless of the number of transitions it takes. Or we call the MC irreducible if all the 

states of the MC are in one communication class. The MC in Figure 4-3 a) is reducible, because 

it is impossible to reach state 2 from any state 1, 3, or 4, whereas the MC in Figure 4-3 b) is 

irreducible since it is possible to travel from any state i to any state j within the chain. 

  

a) Reducible MC b) Irreducible MC 

Figure 4-3. Reducible MC vs irreducible MC. 
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• Aperiodic: - An MC is called aperiodic if, after departing from state i, the system can return to 

it by following different paths as shown in Figure 4-4 a), that is starting from state 2 to return 

back to the same state (state 2) there are at least two paths, these are path 2-3-1-1-2 and path 

2-3-1-2. Otherwise, it is called periodic, and the system returns to its initial state after some 

multiplication of period m, where m is greater than 1, from the Figure 4-4 b) there is only one 

path that leads from state 2 to state 2, this path is path 2-3-1-2, hence the system is periodic 

with period 3. All states in a same class could be either periodic or aperiodic and will have the 

same period. States 1, 2, and 3 of Figure 4-4 a) are all aperiodic with period 1 and states in 1, 

2, and 3 of Figure 4-4 b) are all periodic with period 3. 

 
 

a) Aperiodic MC b) Periodic MC 

Figure 4-4. Periodic and aperiodic MC 

•  Positive recurrent: - An MC is called positive recurrent if there is a non-zero probability that 

after departing from state i, the process will return to it in a finite time. 

• Ergodicity: - An MC is Ergodic if all its states are aperiodic and positive recurrent. 
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5. Results and Discussions 

In this chapter, the processes from data collection to system state prediction of Addis Ababa UMTS 

network performance in terms of accessibility and retainability using separate four state MC model 

and prediction of accessibility and retainability using sixteen state MC model will be presented.  

For the model, data are collected from ethio telecom UMTS network using NMS per cell level from 

1530 cells. The data preprocessing is done after data collection. The data is split into training and test 

set for model validation. The training dataset is converted into defined states and then transition from 

state to state is counted and put in matrix form. Then after converting each zero value to one in those 

rows whose row sum is zero, then the matrix is converted into transition probability matrix. Then using 

the transition probability matrix, the steady state of the system is computed using MC and the next 

state of the system is predicted using the current state and the transition probability matrix. Finally, the 

model is validated using test set data.  

5.1. Data Collection 

The data used for this research work is collected from ethio telecom’s Addis Ababa Arada RNC01 

system using Huawei performance report system (PRS) from November 1, 2020, to February 28, 

2021, on an hourly basis. From Arada RNC01 1530 cells data is collected, and from each cell, 

2880 hours of data have been collected. The data contains counters which help to calculate the 

accessibility and retainability of UMTS network. The counter values are collected from Huawei 

adaptive multi rate (AMR) system, R99 system, HSDPA system, and HSUPA systems in CSV 

format as shown in Table 5-1 for the case of AMR system. The data contains the date, time, cell 

ID, cells availability rate, and all necessary counters to calculate CSSR and CDR per cell level for 

both voice and data services.  

 Table 5-1. Sample date of counters for AMR system 

 

Date Time RNC Cell ID

Cell 

Name

NodeB 

Name Integrity

Cell 

Availabilit

y(%)

RRC.SuccC

onnEstab.

EmgCall

RRC.Succ

ConnEsta

b.TmCon

vCall

RRC.Succ

ConnEsta

b.OrgCon

vCall

RRC.AttC

onnEstab

.OrgConv

Call

RRC.AttC

onnEstab

.TmConv

Call

RRC.AttC

onnEstab

.EmgCall

RRC.AttC

onnEstab

.Rep.Org

ConvCall

RRC.AttC

onnEstab

.Rep.TmC

onvCall

RRC.AttC

onnEstab

.Rep.Emg

Call

VS.RAB.S

uccEstab

CS.AMR

VS.RAB.A

ttEstab.A

MR

VS.RAB.N

ormRel.A

MR

VS.RAB.A

bnormRe

l.AMR

2/25/2021 0:00 111055.RNC_01.HW.ARDTEL.WAAZ.AA50592 SWAP_111059_AC+DG_GUL_BSCRNC1.HW.SHRMD.NAAZ.AA_U42SWAP_111059_AC+DG_GUL_BSCRNC1.HW.SHRMD.NAAZ.AA100% 100 0 10 13 13 10 0 0 0 0 27 27 29 0

2/25/2021 0:00 111055.RNC_01.HW.ARDTEL.WAAZ.AA30425 SWAP_111042_AC+DG_H5_GUL_BSCRNC1.HW.KZNGBR.CAAZ.AA_U22SWAP_111042_AC+DG_H5_GUL_BSCRNC1.HW.KZNGBR.CAAZ.AA100% 100 0 2 2 2 2 0 0 0 0 2 2 2 0

2/25/2021 0:00 111055.RNC_01.HW.ARDTEL.WAAZ.AA31435 SWAP_111143_AC+DG_GUL_BSCRNC1.HW.ADBRG.CAAZ.AA_U22SWAP_111143_AC+DG_GUL_BSCRNC1.HW.ADBRG.CAAZ.AA100% 100 0 8 13 13 8 0 0 0 0 23 23 21 0

2/25/2021 0:00 111055.RNC_01.HW.ARDTEL.WAAZ.AA30568 SWAP_111056_AC_GUL_BSCRNC1.HW.GJMBRD.WAAZ.AA_U32SWAP_111056_AC_GUL_BSCRNC1.HW.GJMBRD.WAAZ.AA100% 100 0 0 4 4 0 0 0 0 0 4 4 5 0

2/25/2021 0:00 111055.RNC_01.HW.ARDTEL.WAAZ.AA53934 SWAP_111393_AC+DG_GUL_BSCRNC1.HW.CBBA.CAAZ.AA_U51SWAP_111393_AC+DG_GUL_BSCRNC1.HW.CBBA.CAAZ.AA100% 100 0 0 0 0 0 0 0 0 0 0 0 2 0

2/25/2021 0:00 111055.RNC_01.HW.ARDTEL.WAAZ.AA35437 112082_AC+DG_GU_BSCRNC1.HW.ARDSTMARYCHU.NAAZ.AA_U31112082_AC+DG_GU_BSCRNC1.HW.ARDSTMARYCHU.NAAZ.AA100% 100 0 3 3 3 3 0 0 0 0 7 7 6 0

2/25/2021 0:00 111055.RNC_01.HW.ARDTEL.WAAZ.AA51041 SWAP_111104_AC+DG_H3_GUL_BSCRNC1.HW.GOLAMICHLCHU.CAAZ.AA_U41SWAP_111104_AC+DG_H3_GUL_BSCRNC1.HW.GOLAMICHLCHU.CAAZ.AA100% 100 0 4 20 20 4 0 0 0 0 24 24 24 0

2/25/2021 0:00 111055.RNC_01.HW.ARDTEL.WAAZ.AA38567 111856_AC+DG_UL_BSCRNC1.HW.KBNABOEDIR.NAAZ.AA_U31111856_AC+DG_UL_BSCRNC1.HW.KBNABOEDIR.NAAZ.AA100% 100 0 4 2 2 4 0 0 0 0 7 7 5 0
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5.2. Data Preprocessing 

The data collected from the PRS system can miss counter values for calculating the KPI of a cell. 

This could happen due to cell outage or connectivity problem between the cell and the central RNC 

system. The information about the data collected from a cell, that is whether full data is collected, 

or not in each given time is captured in cell’s availability percentage value. If the cell’s availability 

is 100%, then it means full data of that cell is captured in that hour, if the cell’s availability is less 

than 100%, then some or all counter values of that cell are not captured during that hour. For 

instance, if the cell’s availability is 60% as shown in Table 5-2 Row 2, it means that the cell is 

available, or the cell’s data is collected only for 36 minutes in that given hour. If cell’s availability 

is 0.0%, then it means that no data of that cell is collected during that hour. So, after identifying 

the missing values, the next step will be resolving the problem related to these missing values. 

Table 5-2. Percentage of availability of cell 50524 

Date Time Cell ID Cell Availability (%) 

2/26/2021 9:00 50524 100 

2/26/2021 10:00 50524 60 

2/26/2021 11:00 50524 0 

2/26/2021 12:00 50524 0 

2/26/2021 13:00 50524 15 

2/26/2021 14:00 50524 100 

 

5.2.1. Data Cleaning 

As we have seen in section 5.2 the data collected from the PRS system is not complete. Some cells 

contain missing values. One option to resolve this problem is to fill in missing values using 

different techniques, like interpolation, and padding, and the other option will be deleting the data 

that contains more missing values [37]. 

The number of cells in RNC01 in the four months period was 1535 cells, and a total of 4,420,800 

hourly data was collected from these cells using PRS system. Of these data 27,105 hours data was 

collected from cells whose percentage of availability was less than 100%. From 1535 cells, five 

cells were unavailable for more than 900 hours from the total of 2880 hours data of each cell. So, 

these cells are removed from the dataset. Then the remaining cell’s missed value data is filled 
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using linear interpolation or padding technique. If the cell’s data is missed only for one hour, then 

the data is filled by interpolating the previous hour and next hour data. But in most cases, the data 

is missed for more than an hour, in this case, the data is filled by interpolating previous day and 

next day data of the same hour. If the data is missed for more than 24 hours, in this case the data 

is filled using padding technique (filled using previous days similar hour data). 

5.2.2. Future Extraction 

After missing values are filled, then the CSSR and CDR of the UMTS system is calculated based 

on the formula agreed between the vendor and the operator. 

• Call setup success rate: - Call setup success rate is calculated using the counter values 

obtained from the four systems, AMR, R99, HSDPA and HSUPA. 

CSSR = ∑ RRC setup success rate ∗  ∑ RAB setup success rate  / 100%  (5.1) 

Where: 

 ∑ RRC setup success rate =
∑ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑅𝐶 𝑠𝑒𝑡𝑢𝑝 𝑠𝑢𝑐𝑐𝑒𝑠𝑠

∑ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑅𝐶 𝑠𝑒𝑡𝑢𝑝 𝑎𝑡𝑡𝑒𝑚𝑝𝑡
∗ 100% 

∑ RAB setup success rate = 
∑ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑠𝑒𝑡𝑢𝑝 𝑠𝑢𝑐𝑐𝑒𝑠𝑠

∑ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑠𝑒𝑡𝑢𝑝 𝑎𝑡𝑡𝑒𝑚𝑝𝑡
∗ 100%  

thus 

𝐶𝑆𝑆𝑅 =
∑ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑅𝐶 𝑠𝑒𝑡𝑢𝑝 𝑠𝑢𝑐𝑐𝑒𝑠𝑠

∑ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑅𝐶 𝑠𝑒𝑡𝑢𝑝 𝑎𝑡𝑡𝑒𝑚𝑝𝑡
∗ 

∑ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑠𝑒𝑡𝑢𝑝 𝑠𝑢𝑐𝑐𝑒𝑠𝑠

∑ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝐴𝐵 𝑠𝑒𝑡𝑢𝑝 𝑎𝑡𝑡𝑒𝑚𝑝𝑡
∗ 100% (5.2) 

Where, number of RRC setup success is the summation of the number of RRC setup success 

of AMR, R99, HSDPA and HSUPA. Similarly, the number of RRC setup attempt is the 

summation of all attempts of RRC by AMR, R99, HSDPA and HSUPA. 

Using the same way, the number of RAB setup success is obtained by adding the number of 

RAB setup success of AMR, R99, HSDPA, and HSUPA, and RAB setup attempt is obtained 

by adding the number of RAB setup attempt of AMR, R99, HSDPA, and HSUPA. 

The success or attempt of each system is obtained from Huawei PRS counter values. Table 5-

3 and Table 5-4 shows counters used in AMR and HSDPA systems, respectively. 
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Table 5-3. AMR counters for call setup success rate 

No. Counters of AMR Description 
1 RRC.SuccConnEstab.OrgConvCall Number of Successful RRC Connection Setups 

for Cell (Originating Conversational Call) 
2 RRC.SuccConnEstab.TmConvCall Number of Successful RRC Connection Setups 

for Cell (Terminating Conversational Call) 
3 RRC.SuccConnEstab.EmgCall Number of Successful RRC Connection Setups 

for Cell (Emergency Call) 
4 RRC.AttConnEstab.OrgConvCall Number of RRC Connection Requests for Cell 

(Originating Conversational Call) 
5 RRC.AttConnEstab.TmConvCall Number of RRC Connection Requests for Cell 

(Terminating Conversational Call) 
6 RRC.AttConnEstab.EmgCall Number of RRC Connection Requests for Cell 

(Emergency Call) 
7 RRC.AttConnEstab.Rep.OrgConvCall Number of RRC Connection Repeated Requests 

for Cell (Originating Conversational Call) 
8 RRC.AttConnEstab.Rep.TmConvCall Number of RRC Connection Repeated Requests 

for Cell (Terminating Conversational Call) 
9 RRC.AttConnEstab.Rep.EmgCall Number of RRC Connection Repeated Requests 

for Cell (Emergency Call) 
10 VS.RAB.SuccEstabCS.AMR Number of Successful RAB Connection Setups 

for AMR 
11 VS.RAB.AttEstab.AMR Number of Requests of RAB Connection for 

AMR 
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Table 5-4. HSDPA counters for call setup success rate 

No. Counters Description 
1 RRC.SuccConnEstab.OrgInterCall Number of Successful RRC Connection Setups for 

Cell (Originating Interactive Call) 
2 RRC.SuccConnEstab.TmItrCall Number of Successful RRC Connection Setups for 

Cell (Terminating Interactive Call) 
3 RRC.SuccConnEstab.OrgBkgCall Number of Successful RRC Connection Setups for 

Cell (Originating Background Call) 
4 RRC.SuccConnEstab.TmBkgCall Number of Successful RRC Connection Setups for 

Cell (Terminating Background Call) 
5 RRC.AttConnEstab.OrgInterCall Number of RRC Connection Requests for Cell 

(Originating Interactive Call) 
6 RRC.AttConnEstab.TmInterCall Number of RRC Connection Requests for Cell 

(Terminating Interactive Call) 
7 RRC.AttConnEstab.OrgBkgCall Number of RRC Connection Requests for Cell 

(Originating Background Call) 
8 RRC.AttConnEstab.TmBkgCall Number of RRC Connection Requests for Cell 

(Terminating Background Call) 
9 RRC.AttConnEstab.Rep.OrgInterCall Number of RRC Connection Repeated Requests 

for Cell (Originating Interactive Call) 
10 RRC.AttConnEstab.Rep.TmInterCall Number of RRC Connection Repeated Requests 

for Cell (Terminating Interactive Call) 
11 RRC.AttConnEstab.Rep.OrgBkgCall Number of RRC Connection Repeated Requests 

for Cell (Originating Background Call) 
12 RRC.AttConnEstab.Rep.TmBkgCall Number of RRC Connection Repeated Requests 

for Cell (Terminating Background Call) 
13 VS.HSDPA.RAB.SuccEstab Number of Successful RAB Connection Setups for 

HSDPA 
14 VS.HSDPA.RAB.AttEstab Number of Requests of RAB Connection for 

HSDPA 

Then the number of attempts and successes will be calculated using counter values of each 

system (AMR, R99, HSDPA and HSUPA). 

For instance, for AMR system from Table 5-3  

- The number of RRC setup success is obtained by adding values in No. 1, 2 and 3 

- The number of RRC setup attempt is obtained by subtracting the summation of values 

in No. 4, 5, 6 from the summation of values in No. 7, 8 & 9, that is  

number of RRC setup attempt = (4 + 5 + 6) - (7 + 8 + 9) 

- The number of RAB setup success is the value in No. 10 

- And the number of RAB setup attempt is the value in No. 11 
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Similarly, for the HSDPA system the values of attempt and success is calculated from Table 

5-4 

- The number of RRC setup success = 1 + 2 + 3 + 4 

- The number of RRC setup attempt = (5 + 6 + 7 + 8) - (9 + 10 + 11 + 12) 

- The number of RAB setup success is the value in No. 13 

- And the number of RAB setup attempt is the value in No. 14 

All numbers in the above indicates the row numbers of each table stated. 

Using the same way, the number of attempts and the number of successes of R99 and HSUPA 

is calculated from the counters of R99 and HSUPA, respectively. Then using Equation (5-2) 

the CSSR of UMTS system is calculated.  

• Call drop rate: - Like that of CSSR, the CDR is calculated from the counters obtained from 

the four systems, AMR, R99, HSDPA and HSUPA. 

𝐶𝐷𝑅 =  
∑ Number of Abnormal release

∑ Number of RAB Setup Success
 ∗  100%  (5.3) 

Where number of abnormal release is the summation of abnormal releases of AMR, R99, 

HSDPA, and HSUPA systems, and number of RAB setup success is the summation of 

successes of AMR, R99, HSDPA, and HSUPA systems.  

The number of abnormal release and number of RAB setup success of each system is obtained 

from Huawei PRS counter values. Table 5-5 and Table 5-6 shows counters used for AMR and 

HSDPA systems, respectively. 

Table 5-5. AMR counters for call drop rate 

No. Counters Description 

1 VS.RAB.NormRel.AMR 

Number of AMR RABs normal released for 

cell 

2 VS.RAB.AbnormRel.AMR 

Number of AMR RABs abnormal released for 

cell 
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Table 5-6. HSDPA counters for call drop rate 

No. Counters Description 

1 VS.HSDPA.RAB.NormRel Number of HSDPA RABs normal released 
for cell 

2 VS.HSDPA.HHO.H2D.SuccOutInterFreq Number of successful Inter-Frequency H2D 

hard handovers for cell 
3 VS.HSDPA.HHO.H2D.SuccOutIntraFreq Number of successful Intra-Frequency H2D 

hard handovers for cell 
4 VS.HSDPA.H2F.Succ Number of successful handovers from HS-

DSCH to CCH for cell 
5 VS.HSDPA.H2D.Succ Number of successful handovers from HS-

DSCH to DCH for cell 
6 VS.HSDPA.RAB.AbnormRel Number of HSDPA RABs abnormal released 

for cell 

The number of abnormal release and the number of RAB setup success of each system will be 

calculated using counters of each system.  

For AMR system the counters are stated in Table 5-5, and the values of abnormal and normal 

releases will be  

- Number of abnormal release = 2  

- Number of RAB setup success = 1 + 2 

For HSDPA system the counters are stated in Table 5-6, and the values of abnormal and normal 

releases will be  

- Number of abnormal release = 6 

- Number of RAB setup success = 1 + 2 + 3 + 4 + 5 + 6 

Note that the numbers used here are also used to indicate the row number values in the 

respective tables. 

5.2.3. Parameter Selection 

After calculating the values of CSSR and CDR, then the correlation between accessibility and 

retainability is examined. If they are highly correlated, it means using only one of the two 

parameters, it is possible to predict cell’s accessibility and retainability, in this situation one data 

is sufficient, and data redundancy will be avoided. If they are not highly correlated, then the two 

parameters are needed to compute the accessibility and retainability.  
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To compute the correlation between accessibility and retainability different methods are used. The 

selection of the method depends on the relationship between the datasets. The distribution of the 

datasets could be linear, nonlinear monotonic, or nonlinear and nonmonotonic and this can be 

examined using graphical methods like scatter plot, Box plot, histogram plot, and Quantile-

Quantile plot or by calculating the significance level alpha () [38]. Based on the type of 

distribution the correlation coefficient is examined using different approaches for instance, 

Pearson correlation is usually used for linearly related datasets, Spearman’s rank correlation and 

Kendall rank correlation are used if the relation is monotonic, and Distance correlation and 

Hoeffding’s D measure are used if the relation is nonlinear and nonmonotonic [39].  

As shown in the scatter plot of Figure 5-1, the two parameters (accessibility and retainability) are 

not linearly related.  

  
a) Before removing outliers b) After removing outliers 

Figure 5-1. Scatter plot of accessibility and retainability of cluster 5 after removing outliers. 

Table 5-7. Correlation values of accessibility and retainability before removing the outliers.  

Cluster 

Pearson’s 

correlation 

coefficient 

Spearman’s rank 

correlation 

coefficient 

Kendall rank 

correlation 

coefficient 

Distance 

correlation 

coefficient 

1 0.437328 0.42489 0.313952 0.5397 

2 0.38186 0.517197 0.418137 0.4523 

3 -0.002178 0.283194 0.204143 0.3338 

4 0.198975 0.449764 0.335778 0.4282 

5 0.449345 0.421307 0.318798 0.5547 

6 -0.008813 0.204028 0.164465 0.086 
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Table 5-8. Correlation values of accessibility and retainability after removing the outliers. 

Cluster 

Pearson’s 

correlation 

coefficient 

Spearman’s rank 

correlation 

coefficient  

Kendall rank 

correlation 

coefficient 

Distance 

correlation 

coefficient 

1 0.53594 0.424291 0.313487 0.5433 

2 0.365653 0.519247 0.419382 0.4532 

3 0.016689 0.283955 0.20469 0.3362 

4 0.181237 0.452213 0.337048 0.4372 

5 0.554295 0.417048 0.315438 0.5044 

6 0.069151 0.227977 0.18398 0.1624 

The correlation between accessibility and retainability is examined using different approaches and 

the result is depicted in Table 5-7 and Table 5-8. From the result accessibility and retainability 

KPIs are not highly correlated (if the correlation coefficient value is near to 1.0 or -1.0 then the 

correlation is called highly correlated positively or negatively respectively), hence both parameter 

values are taken for predicting the cells accessibility and retainability. 

5.3. Clustering 

Analyzing the properties of cells individually is time taking. Cells under study will have some 

common property. If we group those cells which have common property in terms of accessibility 

and retainability, then it will tell us the general property of cells under that group. Clustering is 

one method where the algorithm groups similar data points into clusters. In this research k means 

clustering method is used to cluster 1530 cells. In the clustering algorithm, the value of k is varied 

from 2 to 18 and a best clustering value of 6 is achieved as shown in Figure 5-2. Therefore, the 

cells are clustered into 6 clusters based on the clustering algorithm. 
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Figure 5-2. Output of K-means clustering 

5.4. State Formation 

Hourly data collected from each cell varies from zero to hundred percent, in addition to this if there 

is no voice or data service request in a cell for one hour period, then all counter values during that 

hour will be zero (this happens mostly after mid night) as shown in Figure 5-3, in this case CSSR 

and CDR will give 0/0 * 100% value, which is meaningless or division by zero error, so this value 

should be handled separately. Figure 5-3 shows one week data of RRC attempt and RAB attempt 

of cluster 6 from 00:00 on January 17, 2021, to 23:00 on January 23, 2021. 

 

Figure 5-3. RRC and RAB attempts of cluster 6 from January 17, 2021, to January 23, 2021. 

Based on the target set by the operators the network is designed and implemented to give service, 

and one method operators use to control the service they provide to their customers is by setting 
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and monitoring a set target KPI values. To achieve a highest threshold value, more resource is 

required. This will be uneconomical for the operators in terms of deploying and managing 

resources. On the other hand, if the network KPI’s are below a certain threshold value, then the 

customers will fill the problem, and it will bring customer complaints and dissatisfaction from the 

service they obtained from the operator, and this leads to loss of revenue. So, the threshold value 

set by operators should consider these factors.  

As operator ethio telecom sets a target value every year to achieve the CSSR above a certain 

threshold value and a CDR below a certain set threshold value. In this year the CSSR is expected 

to be greater than 98% and the CDR below 1%. Cells’ performances vary from time to time. In 

general, Huawei sets a minimum threshold value to identify the worst cells ration. The minimum 

acceptable threshold value for CSSR is 95% and the maximum value for CDR is 3% [31]. 

Based on these values and the values when there is no attempt to make a call setup the following 

values are set as shown in Table 5-9 and Table 5-10. 

Table 5-9. Possible values of call setup attempt and CSSR 

Call setup attempt Value State of a cell 

> 0 CSSR ≥ 98% Good (G) 

> 0 95% ≤ CSSR ≤ 98% Acceptable (A) 

> 0 0% ≤ CSSR ≤ 95% Bad (B) 

= 0 - Idle (I) 

Table 5-10. Possible values of RAB setup success and CDR 

RAB setup success Value State of a cell 

> 0 0% ≤ CDR ≤ 1% Good (G) 

> 0 1% ≤ CDR ≤ 3% Acceptable (A) 

> 0 3% ≤ CDR Bad (B) 

= 0 - Idle (I) 

 

To identify this situation the following model is used during state formation using python software, 

where values of A and B depends on the selected KPI parameter threshold values. For the case of 

accessibility, the value of A is set to 98% and the value of B is set to 95%. In the case of 

retainability, the value of A is set to 99% and the value of B is set to 97% as described in Table 5-

9 and Table 5-10. 
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Figure 5-4. Flow chart for state formation. 

Based on these set values the state of accessibility and retainability is generated. 

 

Figure 5-5. Percentage of accessibility and state of accessibility. 
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Figure 5-6. Percentage of retainability and state of retainability. 

Where in Figure 5-5 and 5-6 state value: 0 means Idle state 

 1 means Good state 

 2 means Acceptable state and 

  3 means Bad state 

5.5. Transition Matrix Generation 

To generate a transition matrix, first the data is divided into training set and test set, so that the 

transition matrix will be generated using the training set. Model is evaluated using three scenarios. 

First 60% of the first data is used to generating a transition probability matrix and the remaining 

40% is used for model validation, next 70% of the first data is used for transition probability matrix 

generation and the remaining 30% of the data is used for model validation, and at last 80% of the 

first data is used for generating the transition probability matrix and the remaining 20% of the last 

data is used for model validation. 

Then after splitting the data into training and test set, the transition from one state to another state 

is counted from the training set data using python software. 
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Figure 5-7. Sample of state output 

From Figure 5-7 the data changes from 1 to 1, then from 1 to 2, then from 2 to 1, then from 1 to 1, 

and so on. Then these state changes will be counted and put in matrix form.  

The matrix to be generated is a 4 x 4 matrix when accessibility or retainability are to be predicted 

separately or 16 x 16 matrix when both accessibility and retainability are to be predicted at once. 

 I G A B 

 I NII NIG NIA NIB 

G NGI NGG NGA NGB 

A NAI NAG NAA NAB 

B NBI NBG NBA NBB 

 

 Figure 5-8. 4 x 4 transition probability matrix 

Where: Nxy represents the number of counts of transitions from state x to state y 

I represents that the system is in Idle state 

 G represents that the system is in Good state 

 A represents that the system is in Acceptable state and  

 B represents that the system is in Bad state 

If both accessibility and retainability are to be predicted at once, then a 16 x 16 matrix will be 

used.  
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II IG IA IB GI GG GA GB AI AG AA AB BI BG BA BB 

II NIIII NIIIG NIIIA NIIIB NIIGI NIIGG NIIGA NIIGB NIIAI NIIAG NIIAA NIIAB NIIBI NIIBG NIIBA NIIBB 

IG NIGII NIGIG NIGIA NIGIB NIGGI NIGGG NIGGA NIGGB NIGAI NIGAG NIGAA NIGAB NIGBI NIGBG NIGBA NIGBB 

IA NIAII NIAIG NIAIA NIAIB NIAGI NIAGG NIAGA NIAGB NIAAI NIAAG NIAAA NIAAB NIABI NIABG NIABA NIABB 

IB NIBII NIBIG NIBIA NIBIB NIBGI NIBGG NIBGA NIBGB NIBAI NIBAG NIBAA NIBAB NIBBI NIBBG NIBBA NIBBB 

GI NGIII NGIIG NGIIA NGIIB NGIGI NGIGG NGIGA NGIGB NGIAI NGIAG NGIAA NGIAB NGIBI NGIBG NGIBA NGIBB 

GG NGGII NGGIG NGGIA NGGIB NGGGI NGGGG NGGGA NGGGB NGGAI NGGAG NGGAA NGGAB NGGBI NGGBG NGGBA NGGBB 

GA NGAII NGAIG NGAIA NGAIB NGAGI NGAGG NGAGA NGAGB NGGAI NGGAG NGGAA NGGAB NGGBI NGGBG NGGBA NGGBB 

GB NGBII NGBIG NGBIA NGBIB NGBGI NGBGG NGBGA NGBGB NGBAI NGBAG NGBAA NGBAB NGBBI NGBBG NGBBA NGBBB 

AI NAIII NAIIG NAIIA NAIIB NAIGI NAIGG NAIGA NAIGB NAIAI NAIAG NAIAA NAIAB NAIBI NAIBG NAIBA NAIBB 

AG NAGII NAGIG NAGIA NAGIB NAGGI NAGGG NAGGA NAGGB NAGAI NAGAG NAGAA NAGAB NAGBI NAGBG NAGBA NAGBB 

AA NAAII NAAIG NAAIA NAAIB NAAGI NAAGG NAAGA NAAGB NAAAI NAAAG NAAAA NAAAB NAABI NAABG NAABA NAABB 

AB NABII NABIG NABIA NABIB NABGI NABGG NABGA NABGB NABAI NABAG NABAA NABAB NABBI NABBG NABBA NABBB 

BI NBIII NBIIG NBIIA NBIIB NBIGI NBIGG NBIGA NBIGB NBIAI NBIAG NBIAA NBIAB NBIBI NBIBG NBIBA NBIBB 

BG NBGII NBGIG NBGIA NBGIB NBGGI NBGGG NBGGA NBGGB NBGAI NBGAG NBGAA NBGAB NBGBI NBGBG NBGBA NBGBB 

BA NBAII NBAIG NBAIA NBAIB NBAGI NBAGG NBAGA NBAGB NBAAI NBAAG NBAAA NBAAB NBABI NBABG NBABA NBABB 

BB NBBII NBBIG NBBIA NBBIB NBBGI NBBGG NBBGA NBBGB NBBAI NBBAG NBBAA NBBAB NBBBI NBBBG NBBBA NBBBB 
 

 Figure 5-9. 16 x 16 transition probability matrix 

Where in Figure 5-9, the first letter is for accessibility state and the second letter is for retainability 

state, for example IG means Idle in accessibility and Good in retainability and the count Nabcd 

represents the count of transitions from state ab to state cd. 

[[ 2  15 0     1]  [[0 0 0     0 ] 

 [ 16 1647 15     6]  [0 1697 11     4 ] 

 [ 0 15 3     0]  [0 11 0     0 ] 

 [ 0 7 0     0]]  [0 4 0     0 ]] 

 a) Accessibility b) Retainability 

Figure 5-10. 4 x 4 transition matrix of cluster 6 generated using 60% of the dataset. 

After getting the transition matrix as shown in Figure 5-10, the next step is converting the transition 

matrix to transition probability matrix by dividing each row by its row sum. But before doing this, 

the row sum must be checked. If the row sum is zero, then each zero value of that row will be 

converted to value one. This is done for two purposes. First to avoid division by zero, and second 

when the transition to the new state comes, then that new state will have equal probability to go to 

the other states in the next transition. 
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[[ 0 0 0 0 ]  [[ 1 1 1     1 ] 

[ 0 1697 11 4 ]  [ 0 1697 11     4 ] 

[ 0 11 0 0 ]  [ 0 11 0     0 ]  

[ 0 4 0 0 ]]  [ 0 4 0     0 ]] 

 a) Before changing row values  b) After changing all zeros by one 

Figure 5-11. Cluster 6 Retainability with all first row zero values in a) changed to one in b). 

All the first rows of Figure 5-11 a) obtained from cluster 6 are zero, so the first row values are 

changed to one as shown in Figure 5-11 b) before changing it to transition probability matrix. Then 

the matrix will be generated by dividing each row element by its row sum and the result obtained 

for the above matrix will be as shown in Figure 5-12 b). 

[[ 0.11111111 0.83333333 0 0.05555556 ] 

 [ 0.00950119 0.9780285   0.00890736 0.00356295 ] 

 [ 0 0.83333333 0.16666667 0                  ] 

 [ 0 1 0 0                  ]] 

a) Accessibility transition probability matrix of cluster 6 

[[ 0.25        0.25        0.25        0.25             ] 

 [ 0 0.99123832 0.00642523 0.00233645 ] 

 [ 0 1 0 0                  ] 

 [ 0 1 0 0                  ]] 

b) Retainability transition probability matrix of cluster 6 

Figure 5-12. Transition Probability matrix of cluster 6 

 
 

a) Transition probability diagram of 

accessibility 

b) Transition probability diagram of 

retainability 

 Figure 5-13. Transition probability diagram of Cluster 6 for accessibility and retainability. 
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The results of the matrix are also represented using transition probability diagram as shown in 

Figure 5-13 a) and b). When we see Figure 5-13 b) there is no arrow directing to state I. This tells 

us, state I does not exist before, meaning there is no Idle state till now, but there is a possibility to 

happen in the system. If an Idle state happens next to one of the three states, Good, Acceptable, or 

Bad state, then the probability of moving from an Idle state to the four states including itself will 

have equal chance. 

The states shown in Figure 5-13 are for viewing accessibility and retainability separately. It is 

possible to identify cells performance separately for detail analysis, but if an overall picture about 

cells performance is required, then it is easy to handle and visualize if both accessibility and 

retainability states are predicted together.  

  II IG IA IB GI GG GA GB AI AG AA AB BI BG BA BB 

II 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

IG 0 2 0 0 0 13 1 0 0 0 0 0 0 1 0 0 

IA 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 

IB 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

GI 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

GG 0 15 1 0 0 1622 8 4 0 15 0 0 0 5 1 0 

GA 0 0 0 0 0 9 0 0 0 0 0 0 0 0 0 0 

GB 0 0 0 0 0 4 0 0 0 0 0 0 0 0 0 0 

AI 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

AG 0 0 0 0 0 15 0 0 0 3 0 0 0 0 0 0 

AA 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

AB 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

BI 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

BG 0 0 0 0 0 6 0 0 0 0 0 0 0 0 0 0 

BA 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 

BB 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

   

Figure 5-14. State transition matrix of cluster 6 for accessibility and retainability 

The row values with all zero will first be changed to one for the same reason mentioned previously, 

so a matrix after changing row values from zero to one is shown in Figure 5-15. 
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  II IG IA IB GI GG GA GB AI AG AA AB BI BG BA BB 
II 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

IG 0 2 0 0 0 13 1 0 0 0 0 0 0 1 0 0 

IA 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 

IB 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

GI 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

GG 0 15 1 0 0 1622 8 4 0 15 0 0 0 5 1 0 

GA 0 0 0 0 0 9 0 0 0 0 0 0 0 0 0 0 

GB 0 0 0 0 0 4 0 0 0 0 0 0 0 0 0 0 

AI 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

AG 0 0 0 0 0 15 0 0 0 3 0 0 0 0 0 0 

AA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

AB 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

BI 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

BG 0 0 0 0 0 6 0 0 0 0 0 0 0 0 0 0 

BA 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 

BB 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

     

Figure 5-15. State transition matrix of cluster 6 after changing the row values. 

Then the next step will be generating the state transition probability matrix by dividing all elements 

of the row by its row sum. The result of the transition probability matrix of Figure 5-15 is given in 

Figure 5-16 to the nearest four-digit precision value. 
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  II IG IA IB GI GG GA GB AI AG AA AB BI BG BA BB 

II 
 

0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 

IG 0.0000 0.1176 0.0000 0.0000 0.0000 0.7647 0.0588 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0588 0.0000 0.0000 

IA 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

IB 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 

GI 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 

GG 0.0000 0.0090 0.0006 0.0000 0.0000 0.9707 0.0048 0.0024 0.0000 0.0090 0.0000 0.0000 0.0000 0.0030 0.0006 0.0000 

GA 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

GB 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

AI 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 

AG 0.0000 0.0000 0.0000 0.0000 0.0000 0.8333 0.0000 0.0000 0.0000 0.1667 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

AA 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 

AB 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 

BI 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 

BG 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

BA 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

BB 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 
 

Figure 5-16. State transition probability matrix of cluster 6. 

After creating the transition probability matrix, then the next step will be predicting the next state. 

5.6. Next State Prediction.  

If either the transition probability matrix or the transition probability diagram is given, and if the 

current state is known, then it is simple to predict the possible next state. In Figure 5-12 a) if the 

current state is in Good state, then the probability of the next state will be the value of the matrix 

in the next row, that is [ 0.0095   0.9780   0.0089  0.0036 ] to the nearest four-digit precession. 

This means the system will have 0.95% probability to go to the Idle state, 97.80% probability of 

staying in Good state, 0.89% probability to go the Acceptable state, and 0.36% probability to go 

to the Bad state. The result also be obtained by multiplying the current state vector and the 

transition probability matrix. 

[ 0 1 0 0 ]  ∗  [  

0.1111
0.0095

0.0
0.0

    

0.8333
0.9780
0.8333

1.0

    

0.0
0.0089
0.1667

0.0

    

0.0556
0.0036

0.0
0.0

 ] 

=  [ 0.0095 0.9780 0.0089 0.0036 ]  



 
 
 

 

  

 Accessibility and Retainability States Prediction Using Markov Chain  53 

If the transition probability diagram is given, and if the current state is in Good state, then the next 

state will be visualized easily from the diagram. That is the next state probabilities are those values 

starting from state G indicated by a directed arrow and a probability value associated with it as 

shown in Figure 5-13 a). In both ways the final result is the same. 

5.7. Prediction Results and Accuracy of the System. 

The prediction accuracy of the system is evaluated based on how accurately predict the next state 

given the current state value. The formula used for accuracy is 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠
 ∗ 100% [40] (5.4) 

Where: “Correct predictions” is the number of counts of correctly predicted states and  

 “Total number of examples” is the total number of sample states used in the test set 

Using Equation (5.4) the accuracy of the six clusters is evaluated. The results obtained are depicted 

in Table 5-11, where 60%, 70%, and 80% of the first data is used for transition probability matrix 

generation, and the remaining 40%, 30%, and 20% of the data are used for test purpose.  

From the result, a minimum value of 96.09% prediction accuracy is achieved in cluster 2 in 

predicting accessibility when 60% training set is used, and 96.87% prediction accuracy is achieved 

in cluster 5 in predicting retainability when 80% training set is used as shown in Table 5-11, and 

for the case of sixteen state MC 94.61% prediction accuracy is achieved in cluster 6 in predicting 

both accessibility and retainability when 80% training set is used as shown in Table 5-12.  
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Table 5-11. Prediction accuracy of four state MC when both accessibility and retainability are 

predicted separately. 

Cluster Training set Accessibility accuracy (%) Retainability accuracy (%) 

1 

60% 98.78366638 99.13119027 

70% 98.37962963 98.84259259 

80% 98.08695652 98.26086957 

2 

60% 96.09035621 98.6967854 

70% 96.75925926 98.37962963 

80% 96.17391304 97.73913043 

3 

60% 98.52302346 100.0 

70% 98.49537037 100.0 

80% 98.60869565 100.0 

4 

60% 98.52302346 100.0 

70% 98.37962963 100.0 

80% 98.60869565 100.0 

5 

60% 97.7410947 98.43614248 

70% 97.33796296 97.91666667 

80% 96.17391304 96.86956522 

6 

60% 96.52476108 98.08861859 

70% 96.875 98.03240741 

80% 96.69565217 97.73913043 

The result obtained using both accessibility and retainability with sixteen states is shown in Table 

5-12. 
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Table 5-12. Prediction accuracy of sixteen state MC. 

Cluster Training set Accuracy (%) 

1 

60% 97.82797567 

70% 97.10648148 

80% 96.17391304 

2 

60% 95.56907037 

70% 96.18055556 

80% 95.47826087 

3 

60% 98.52302346 

70% 98.49537037 

80% 98.60869565 

4 

60% 98.52302346 

70% 98.37962963 

80% 98.60869565 

5 

60% 97.04604692 

70% 96.41203704 

80% 94.7826087 

6 

60% 94.78714162 

70% 95.02314815 

80% 94.60869565 

5.7.1. Comparison of Four State and Sixteen State Prediction Models. 

From the results of Tables 5-11 and 5-12, the prediction accuracy using sixteen state MC is lower 

than a four state MC with a maximum difference of 3.3015 (98.0886 - 94.7871), this value is 

obtained when predicting the next state of retainability using four state MC, and accessibility and 

retainability prediction using sixteen state MC as shown in Table 5-13 in cluster 6. The maximum 

difference in next state prediction using four state accessibility prediction and sixteen state 

prediction is 2.0870 (96.6957 - 94.6087) on the same cluster. When we see the difference between 

the product of prediction accuracy of four states accessibility and retainability and a sixteen state 

MC, the maximum positive difference is 0.2072 (96.3811 - 96.1739) in cluster 1 and the maximum 

negative difference is 1.6194 (93.1633 - 94.7826) in cluster 5. This shows with minor difference 

it is possible to predict the accessibility and retainability of a system using only one state transition 

probability matrix. In general, for n number of different KPI parameters it is possible to predict 

the performance using four to the power of n (4𝑛) number of states. For instance, if accessibility 

or retainability is used n will be 1 and the number of states will be four and if accessibility and 
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retainability are to be used then n will be two and sixteen states will be used, hence the system is 

used to predict one or more KPI parameters using one MC model. 

Table 5-13. Comparison of accuracy when four state MC and sixteen state MC are used. 

Cluster 

Training 

set 

Accessibility 

accuracy using 

four state MC 

(%) 

Retainability 

accuracy 

using four 

state MC (%) 

[(column 3 x 

column 4 ) / 

100 ] (%) 

Accessibility and 

retainability accuracy 

using sixteen state 

MC (%) 

1 

60% 98.7837 99.1312 97.9254 97.8280 

70% 98.3796 98.8426 97.2410 97.1065 

80% 98.0870 98.2609 96.3811 96.1739 

2 

60% 96.0904 98.6968 94.8381 95.5691 

70% 96.7593 98.3796 95.1914 96.1806 

80% 96.1739 97.7391 93.9995 95.4783 

3 

60% 98.5230 100.0000 98.5230 98.5230 

70% 98.4954 100.0000 98.4954 98.4954 

80% 98.6087 100.0000 98.6087 98.6087 

4 

60% 98.5230 100.0000 98.5230 98.5230 

70% 98.3796 100.0000 98.3796 98.3796 

80% 98.6087 100.0000 98.6087 98.6087 

5 

60% 97.7411 98.4361 96.2126 97.0460 

70% 97.3380 97.9167 95.3101 96.4120 

80% 96.1739 96.8696 93.1633 94.7826 

6 

60% 96.5248 98.0886 94.6798 94.7871 

70% 96.8750 98.0324 94.9689 95.0231 

80% 96.6957 97.7391 94.5095 94.6087 

5.8. Steady State Prediction. 

The steady state of MC depends on the transition probability matrix, and it does not depend on 

where the state begins, but the transition steps to reach the steady state slightly varies on where the 

initial state starts. This is shown in Table 5-14 for cluster 2 when 60% is used for training set and 

with initial states being in Idle, Good, Acceptable and Bad state with an accuracy of eight digits 

between the previous and next states. The next state vector S(n+1) in each step is obtained by 

multiplying the current state S(n) and the transition probability matrix P as explained in Chapter 3. 
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Table 5-14. Steady state computation of cluster 2 with all possible initial states. 

a) Initial state being in Idle (I) state. 

States of a vector I G A B 

Initial state (S0) 1 0 0 0 

S1 0.25000000 0.25000000 0.25000000 0.25000000 

S2 0.06250000 0.76550158 0.06516588 0.10683254 

S3 0.01562500 0.92593816 0.02378793 0.03464891 

S4 0.00390625 0.96456910 0.01378000 0.01774465 

S5 0.00097656 0.97420227 0.01126225 0.01355892 

S6 0.00024414 0.97661371 0.01063255 0.01250960 

S7 0.00006104 0.97721655 0.01047516 0.01224725 

S8 0.00001526 0.97736725 0.01043581 0.01218167 

S9 0.00000381 0.97740493 0.01042598 0.01216528 

S10 0.00000095 0.97741435 0.01042352 0.01216118 

S11 0.00000024 0.97741670 0.01042290 0.01216016 

S12 0.00000006 0.97741729 0.01042275 0.01215990 

S13 0.00000001 0.97741744 0.01042271 0.01215984 

S14 0.00000000 0.97741748 0.01042270 0.01215982 

S15 0.00000000 0.97741748 0.01042270 0.01215982 

S16 0.00000000 0.97741749 0.01042270 0.01215982 

S17 0.00000000 0.97741749 0.01042270 0.01215982 

 

b ) Initial state being in Good (G) state. 

States of a vector I G A B 

Initial state (S0) 0 1 0 0 

S1 0.00000000 0.97867299 0.01066351 0.01066351 

S2 0.00000000 0.97735058 0.01043609 0.01221334 

S3 0.00000000 0.97741668 0.01042198 0.01216133 

S4 0.00000000 0.97741762 0.01042269 0.01215969 

S5 0.00000000 0.97741749 0.01042270 0.01215981 

S6 0.00000000 0.97741749 0.01042270 0.01215981 
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c) Initial state being in Acceptable (A) state. 

States of a vector I G A B 

Initial state (S0) 0 0 1 0 

S1 0.00000000 0.83333333 0.00000000 0.16666667 

S2 0.00000000 0.98222749 0.00888626 0.00888626 

S3 0.00000000 0.97757098 0.01047399 0.01195503 

S4 0.00000000 0.97740566 0.01042434 0.01217000 

S5 0.00000000 0.97741747 0.01042257 0.01215996 

S6 0.00000000 0.97741751 0.01042270 0.01215979 

S7 0.00000000 0.97741749 0.01042270 0.01215981 

S8 0.00000000 0.97741749 0.01042270 0.01215981 

 

d) Initial state being in Bad (B) state. 

States of a vector I G A B 

Initial state (S0) 0 0 0 1 

S1 0.00000000 1.00000000 0.00000000 0.00000000 

S2 0.00000000 0.97867299 0.01066351 0.01066351 

S3 0.00000000 0.97735058 0.01043609 0.01221334 

S4 0.00000000 0.97741668 0.01042198 0.01216133 

S5 0.00000000 0.97741762 0.01042269 0.01215969 

S6 0.00000000 0.97741749 0.01042270 0.01215981 

S7 0.00000000 0.97741749 0.01042270 0.01215981 

In the four cases the steady state is [0.0  0.97741749  0.0104227  0.01215981], though it takes 

different transition states to reach the steady state, the result of the four steady states is the same. 

This shows that the steady state is independent of the initial state, but it depends on the transition 

probability matrix. From this what we observed is that wherever the current state of the network 

in both performance (accessibility or retainability) is, if other conditions are kept constant, like 

system failure is not happening, then the system will go after some transitions to its steady state 

value.  

Table 5-15 summarizes the steady state results of the six clusters for both four state and sixteen 

state MC model for the 70% training set to the four-digit precision value, and almost the same 

result is obtained for the 60% and 80% training set values. 
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Table 5-15. Steady state output of each state for the case of 70% training set. 

a) Steady state vector of four state MC for accessibility 

Cluster 

Steady state vector of accessibility 

I G A B 

1 0.0000 0.9926 0.0060 0.0015 

2 0.0000 0.9722 0.0149 0.0129 

3 0.0000 0.9911 0.0079 0.0010 

4 0.0000 0.9782 0.0179 0.0040 

5 0.0000 0.9916 0.0055 0.0030 

6 0.0109 0.9722 0.0114 0.0055 

 

b) Steady state vector of four state MC for retainability 

Cluster 

Steady state vector of retainability 

I G A B 

1 0.0000 0.9980 0.0020 0.0000 

2 0.0000 0.9955 0.0035 0.0010 

3 0.0000 1.0000 0.0000 0.0000 

4 0.0000 0.9980 0.0020 0.0000 

5 0.0000 0.9965 0.0030 0.0005 

6 0.0000 0.9901 0.0079 0.0020 
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c) Steady state vector of sixteen state MC 

Cluster 
Steady state vector of accessibility and retainability 

II  IG  IA  IB  GI  GG  GA  GB  AI  AG  AA  AB  BI  BG  BA  BB 

1 

[ 0.0000 0.0000 0.0000 0.0000 

0.0000 0.9926 0.0000 0.0000 

0.0000 0.0040 0.0020 0.0000 

0.0000 0.0015 0.0000 0.0000 ]  

2 

[ 0.0000 0.0000 0.0000 0.0000 

0.0000 0.9692 0.0025 0.0005 

0.0000 0.0144 0.0005 0.0000 

0.0000 0.0119 0.0005 0.0005 ] 

3 

[ 0.0000 0.0000 0.0000 0.0000 

0.0000 0.9911 0.0000 0.0000 

0.0000 0.0079 0.0000 0.0000 

0.0000 0.0010 0.0000 0.0000 ] 

4 

[ 0.0000 0.0000 0.0000 0.0000 

0.0000 0.9782 0.0000 0.0000 

0.0000 0.0179 0.0000 0.0000 

0.0000 0.0020 0.0020 0.0000 ] 

5 

[ 0.0000 0.0000 0.0000 0.0000 

0.0000 0.9906 0.0010 0.0000 

0.0000 0.0050 0.0005 0.0000 

0.0000 0.0010 0.0015 0.0005 ] 

6 

[ 0.0000 0.0104 0.0005 0.0000 

0.0000 0.9638 0.0065 0.0020 

0.0000 0.0114 0.0000 0.0000 

0.0000 0.0045 0.0010 0.0000 ] 

The steady state of MC tells us a more general information about cells. If we see Table 5-15 a), 

the maximum value of Good state from the six clusters is in cluster 1 with 99.26%, and the 

minimum value is 97.22% in cluster 2 and 6. The maximum value of Bad state is in cluster 2 with 

1.29% and the minimum value is 0.1% in cluster 3. From this cluster 1 cells are performing the 

top in the Good state and cluster 2 cells are the top in the Bad state. Though cluster 6 cells are the 

least in the Good state, they are not the top in the Bad state, because next to Good state, cluster 6 

cells have high probability (1.09%) of being in the Idle state, so if optimization work or 

maintenance work is needed the schedule and priority could be given based on the steady state 

vector values of each cluster. 
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The steady state vector also tells us about the past performance of clusters. From the same table 

(Table 5-15 a)) we can say that starting from the generation of the transition matrix, in this case 

from November 2020 up to January 2021 where the matrix is generated, cluster 1 has spent 0.0% 

of the time in Idle state or it has no Idle state, 99.26% of the time in Good state, 0.6% of the time 

in Acceptable state, and 0.15% of the time in the Bad state.  

The same logic is applied for the sixteen state MC. Here is the steady state value of cluster 1 with 

four-digit precision value. 

[0.0000  0.0000  0.0000  0.0000  0.0000  0.9926  0.0000  0.0000  0.0000  0.0040  0.0020  0.0000  

0.0000   0.0015  0.0000  0.0000] 

The steady state vector tells us the following information. 99.26% of the time accessibility and 

retainability were both in Good state, 0.4% of the time accessibility was in Acceptable state and 

retainability was in Good state, 0.2% of the time accessibility and retainability were both in 

Acceptable state, and 0.15% of the time accessibility was in Bad state and retainability in Good 

state.  

If we compare Bad state of cluster 5 and cluster 6, cluster 5 have 0.3% Bad state in accessibility 

using four state MC and 0.05% Bad state in retainability using four state MC and 0.05% Bad state 

in accessibility and retainability using sixteen state MC. This tells us when the performance of the 

retainability is bad, then the accessibility is also bad during that hour. Whereas cluster 6 have 

0.55% Bad state in accessibility using four state MC and 0.2% Bad state in retainability using four 

state MC and 0.0% Bad state in accessibility and retainability using sixteen state MC. This tells us 

when accessibility is bad retainability is not bad and when retainability is bad accessibility is not 

bad, this means Bad state of accessibility and retainability does not occur at the same hour during 

the time when the data is taken.  

Thus, sixteen state MC gives us the occurrence or nonoccurrence of both performance KPI values 

during same hour, and this information is not obtained in using four state separate MC model as 

we clearly see in the cases of cluster 5 and cluster 6. 

Hence the Table in 5-15 c) gives us or compares cells information related to accessibility and 

retainability and enables the operators to sort cells that perform bad both in accessibility and 

retainability easily. 
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6. Conclusion and Future Works 

6.1. Conclusion 

In this thesis, the two important KPIs namely the service accessibility performance, and the 

services retainability performance of cells is evaluated and predicted using MC model. 

Accessibility performance measures the performance of the network, and it indicates how users 

can easily access the service when they request a connection for voice or data service, whereas 

retainability performance indicates how users are served by the network without service 

interruption once they are connected. Most operators set a target value for KPIs and monitor 

whether the set value is achieved or not on daily basis. Based on the set target value, the cells 

performance could be good, bad, or acceptable in each hour or it could be idle, mostly during mid 

night. 

For this research a data, which is used to calculate the accessibility and retainability of UMTS 

network, is collected using Huawei PRS system for a period of four months. The data comprises 

of AMR, R99, HSDPA, and HSUPA of Addis Ababa Arada RNC01 UMTS network and the cells 

in this RNC are grouped into six clusters using k means clustering.  

After calculating the accessibility and retainability, the performance values are changed into Idle, 

Good, Acceptable, and Bad states. After counting the occurrence of transitions from state to state 

in a discrete time of one hour, the transition matrix is generated, then after checking the row values, 

the transition probability matrix is generated, then using first order MC model the next state and 

steady state vectors of accessibility and retainability is predicted using two approaches. In the first 

approach the accessibility and retainability performance of the network is assessed and evaluated 

using separate four state MC model, and in the second approach the accessibility and retainability 

performances are predicted using sixteen state MC model. During the experiment 60%, 70% and 

80% of the four months data is used for MC transition probability matrix generation and the 

remaining 40%, 30% and 20% of the data is used for model validation, respectively. During the 

experiment, in a four state MC a minimum value of 96.09% prediction accuracy is achieved when 

predicting accessibility and 96.87% prediction accuracy is achieved when predicting retainability, 

and accuracy of 94.61% is achieved when predicting both accessibility and retainability using 

sixteen state MC model. From this result, instead of monitoring the network performance of cells 
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separately using two separate MC model, it is possible to monitor and predict the cells network 

accessibility and retainability using single MC model. In addition to this, using the sixteen state 

MC model it is possible to see the steady state or predict the occurrence of Bad state at the same 

time in both accessibility and retainability, which we could not visualize using separate four state 

MC model, for further optimization work. Generally, for n number of KPI parameters it is possible 

to predict the performance using 4𝑛 states MC, where n starts from one. 

6.2. Future Works 

• As a future work, a general network performance prediction model, which incorporates the 

service integrity KPI’s in addition to accessibility KPI and retainability KPI could be done for 

3G, 4G networks.  

• The proposed model here is used to predict performance of a network per cells cluster level. 

The proposed model could be used to assess the overall network performance from the CN 

side using CN KPI’s. 
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Abstract—To deliver reliable services to customers, mobile 

network operators monitor performance of their radio access 

network (RAN) and core network using different performance 

parameters or indicators. A typical mobile network has 

hundreds of counters. However, collecting and analyzing all 

parameters is a resource (in time, manpower, computational 

capacity, and cost) intensive undertakings. So, operators 

monitor selected key performance indicators (KPIs) and 

monitor them on daily, weekly, or monthly bases, to identify 

faults or anomalous events that can significantly degrade quality 

of service delivery and end-users experience. KPIs are clustered 

to measure network performance like accessibility, 

retainability, mobility, integrity, and availability. Moreover, 

taking corrective actions based on monitored parameters is a 

reactive approach and contributes to network and service 

degradations until corrective actions are taken. With huge 

investment mobile network operators implement network 

management systems (NMS) that monitor network 

performance data, and with of upgrade can analyze possible 

trends and patters about the network and services. So, a 

systematic way of monitoring and predicting the network 

performance status is required to guaranty service quality. In 

this work, we propose Markov chain to predict network 

accessibility and retainability, two important RAN performance 

parameters. The steps involved in this work are comprised of 

collecting real time KPI data for four months in hourly basis of 

a major mobile network operator and then designing a 

probabilistic cells state prediction model. The results 

demonstrate that the proposed methods can achieve 94.61% 

prediction accuracy. The approach can be extended to predict 

other network performance parameters and can serve as an 

input towards developing self organizing radio access network 

system.  

Keywords— Accessibility, Retainability, Markov chain 

I. INTRODUCTION 

Nowadays the demand for reliable mobile network 
services is increasing, and it is expected to increase in the 
coming years. To accommodate this increasing demand and 
keep up with reliable service requirements, network operators 
expand their networks and monitor the radio access network 
(RAN) and core network with centralized network 
management system (NMS). NMS is a collection of tools for 
network monitoring and control. While the actual 
functionalities of NMS are requirement and vendor 
dependent, fault management and performance management 
are two critical aspects of the system, so as to achieve error 
free network and keep up with service requirements. Fault 
management enables fault detection (by generating alarms), 
isolation of the rest of the network from the failure so that it 
can continue to function without interference, and correction 

of abnormal operation by repairing or replacing the failed 
components.  

Performance management of a network comprises of 
monitoring and controlling. Monitoring is the function that 
tracks activities on the network. The controlling function 
enables performance management to make adjustments to 
improve network performance. Some of the performance 
issues of concern to the network manager are: identifying 
level of capacity utilization, traffic monitoring, status of 
throughput, status of response time and the like.  

Though the NMS provides necessary information using 
different management subsystems, managing the data 
obtained from the system and taking remedial actions on time 
is the challenging problem for most operators. So, operators 
monitor selected key performance indicators (KPIs) and 
monitor them on daily, weekly or monthly bases, to identify 
faults or anomalous events that can significantly degrade 
quality of service delivery and end-users experience. KPIs are 
clustered to measure network performance like accessibility, 
retainability, mobility, integrity, and availability.  

Advancements in data mining techniques contribute to 
analyze possible trends and patters from historic network 
performance data collected via NMS. So a systematic way of 
monitoring and predicting the network performance status is 
required to guaranty service quality.  

In this work, we propose Markov chain (MC) to predict 
network accessibility and retainability, two important RAN 
performance parameters. According to International 
Telecommunication Unions’ (ITU) definition service 
accessibility performance is defined as “The ability of a 
service to be obtained, within specified tolerances and other 
given conditions, when requested by the user”, and service 
retainability performance as “The ability of a service, once 
obtained, to continue to be provided under given conditions 
for a requested duration”[1]. 

Markov model is a powerful statistical tool that could be 
applied to component diagnostics, prognostics, and 
maintenance optimization in the telecom industry [2]. Many 
researchers have used Markov model to optimize the network 
service and operation and maintenance (O&M) activities. 
There are many processes in communication system that can 
be modeled and studied with the help of Markov model. Some 
application areas of Markov model includes like call 
admission control [3], quality of experience (QoE) prediction 
[4], quality of service (QoS) prediction [5], efficient resource 
utilization [6], and mobility prediction [7].  
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The main objective of this paper is to use real time data 
available from a major network operator to predict the 
accessibility and retainability state of Universal Mobile 
Telecommunication System (UMTS) network. MC is used for 
network status prediction, and the approach is generalizable to 
other generation of networks. In order to arrive at the task, 
here are the specific tasks that are performed.  

• Identify and collect relevant key network parameters 
for accessibility and retainability data from NMS. 

• Taking ITUs recommendations on different states of 
accessibility and retainability, we identified the states 
and state transitions and then computed the state 
transition matrix (TM) from the collected data. The MC 
formulation is per cell level and separate matrices are 
formulated for the accessibility and retainability. Given 
the initial distribution of the states (which could mean 
the current state of the network), subsequent transitions 
of the states indicate the status of the network in the 
subsequent time slots. The state transitions help to 
assess network performance or predict worst 
performing cells in terms of accessibility and 
retainability for close monitoring and future actions 
like fault diagnosis, optimization or network 
expansion.  

• Scaling the MC formulation to analyze multiple cells 
was an issue. Instead of replicating the operation as 
much the number of cells, K-mean clustering is used to 
identify related cells. Then the MC is formulated per 
cluster level.  

• Finally, both the accessibility and retainability are 
formulated at once. This approach helps to provide the 
status of both via a single operation. 

We hope that the results of this research output provide 
significant insight on the predicted performance of the 
network from accessibility and retainability point of view. 
Specifically, given the current state of the network, the model 
can help to predict, in probability sense, the 
state/health/dynamics by identifying cells that perform below 
the expected threshold value during the subsequent time slots 
until steady state is reached. The results can help to take 
corrective actions for maintenance team, which reduces the 
workload on employees, or are good inputs to take further 
optimization or expansion work. 

The remaining of the paper is organized as follows. 
Section II will present review of related works. Section III 
discuses basic concepts and formulas used in accessibility and 
retainability. Section IV presents the methodology used. 
Section V introduces some basic concepts of MC. Section VI 
presents the results obtained and discussion part. Finally, 
section VII concludes this paper. 

II. RELATED WORKS 

To evaluate the accessibility performance of a network 
clustering based method is proposed in [8]. It is used to 
identify a comfortable zone where accessibility is high, and 
this enables to detect when accessibility begins to degrade. 
The aim is to predict the performance of cells in cluster, and 
performance per cell level is not considered, in addition radio 
access bearer (RAB) performance is used where the effect of 
radio resource controller (RRC) is not considered to predict 
the accessibility performance. To predict RRC setup success 

rate of Long-term Evolution (LTE) network a discrete time 
MC (DTMC) model is proposed in [9]. RRC success rate of 
cells is categorized into Good, Moderate, and Bad state and 
the state of a cell will be predicted using DTMC. In [10] a 
DTMC model is used to predict accessibility of LTE network 
using call setup success rate (CSSR) KPI. The states of cells 
are categorized into High, Acceptable, and Low state. In [9] 
& [10] three state MC is used, and the model is developed 
considering these three states are existed. The presence of Idle 
state which could exist in some cells mostly during non-busy 
hours (after mid night ) in addition to these three states is not 
considered. A cell could have a minimum of one state and a 
maximum of four states, but the author does not show how to 
handle these different situations. After classifying RAN 
performance parameters into event based and non-event or 
volume based metrices, the work in [11] uses bearer level 
RAN parameters to predict the performance of a network. In 
the work, decision tree is used for event based metrics, and 
regression model is used for non-event based metrices. The 
model helps to predict the performance of a network after the 
establishment of a bearer, in addition only access network 
problems are taken whereas user equipment (UE) related 
problems are not considered. In [12] artificial neural network 
(ANN) is used to predicts the call drops in Global System for 
Mobile (GSM) network using five QoS parameters. Since 
frame error rate (FER) and Timing advance parameters are 
related to GSM network, the system is applicable only to GSM 
network, in addition, the system predicts the occurrence and 
non-occurrence of a call drop for a specific UE based on the 
selected five parameters. Network capacity, CSSR, call drop 
rate (CDR), and bet error rate (BER) parameters are used in 
[13] to evaluate second generation (2G) and third generation 
(3G) network performance of a network. To evaluate and 
compare the performance of 2G service provided by different 
operators, RxLevel, RxQuality, CSSR, CDR, and handover 
success rate performance parameters are used in [14]. In 
addition to these five parameters, questioner is also used to 
assess users’ level of satisfaction, then the effect of QoS on 
the customers satisfaction is examined using regression 
analysis method. In [15] CSSR and CDR KPIs are used to 
evaluate 2G network in different geographical areas. The aim 
of [13], [14], and [15] is only to assess the performance of the 
network from accessibility, retainability and other 
performance parameters, hence prediction of performance is 
not done.  

In this work we propose a model to predict accessibility or 
retainability of a network using four state (Idle, Good, 
Acceptable and Bad) MC. The model also enables to predict 
the performance of n number of KPI parameters using 4𝑛 state 
MC. The 4𝑛 state MC handles all possible scenarios starting 
from a cell having only one state to a maximum of 4𝑛 states 
of a cell.  

III. ACCESSABILITY AND RETAINABILIT KPI’S  

A. Accessibility  

To manage and follow the performance of a network, KPIs 
could be categorized into accessibility, retainability, integrity, 
mobility and likes [16]. Accessibility measures the network 
performance during a call setup procedure or before a bearer 
is established [17]. RRC, RAB, and Enhanced-Universal 
Terrestrial RAN RAB (ERAB) and CSSR are essential 
accessibility parameters and are presented below. 



 

 

• RRC setup success rate (RRC SSR) evaluates the call 
success rate in a cell or cluster. The formula for this 
KPI is shown as. 

 𝑅𝑅𝐶 𝑆𝑆𝑅 = (𝑎/𝑏)  ∗  100%  (1) 

 

 𝑤ℎ𝑒𝑟𝑒 𝑎 =  ∑ Number of RRC setup success 

 𝑏 =  ∑ Number of RRC connection attempt 

" ∑ " is used to represent the summation of 
voice and data service counter values. 

• RAB setup success rate (RAB SSR) evaluates the 
success rate of assigning a RAB during a call setup 
procedure. The formula for this KPI is given as. 

 𝑅𝐴𝐵 𝑆𝑆𝑅 = (𝑐/𝑑) ∗  100% (2) 

 𝑤ℎ𝑒𝑟𝑒 𝑐 =  ∑ Number of RAB setup success 

 𝑑 =  ∑ Number of RAB setup attempt. 

• CSSR is used to evaluate the call setup success at the 
cell or cluster level. This KPI is calculated based on 
RRC SSR and RAB SSR for the case of 3G and ERAB 
SSR for the case of LTE. 

 𝐶𝑆𝑆𝑅 = (𝑎/𝑏) ∗ (𝑐/𝑑)  ∗  100%  (3) 

 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 = 𝐶𝑆𝑆𝑅 (4) 

B. Retainability 

• Retainability performance measures the performance 
of a network after RAB is established. It indicates the 
percentage of calls that serve the requested service 
without call drop. 

• CDR is used to measure the percentage of calls dropped 
after a RAB is established. 

 𝐶𝐷𝑅 = (𝑒/𝑓)  ∗  100%  (5) 

 𝑤ℎ𝑒𝑟𝑒 𝑒 =  ∑ Number of RAB abnormal release 

 𝑓 =  ∑ Total number of RAB release 

 𝑅𝑒𝑡𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  (100% −  𝐶𝐷𝑅)  (6) 

IV. METHODOLOGY 

The methodology used for accessibility and retainability 
state prediction is shown in Fig. 1. 

 

Fig. 1. System model for state prediciton. 

Real time data is collected from NMS per cell level and 
the data is preprocessed before state formation. The processed 
data will then be first converted into defined state, then these 

states and the transition from one state to another state is 
counted, then the counted states will then be transformed into 
TM, then after converting each zero value to one in those rows 
whose row sum is zero, then the TM is changed into transition 
probability matrix (TPM), then using MC model, the next 
state will be predicted, and the steady state of the system is 
also calculated. Finally, the model is validated based on the 
accuracy of the system to predict the next state. 

 

V. MARKOV CHAIN 

MC is named after Andrey Andreyevich Markov (1856-
1922), a Russian mathematician. MC is a stochastic process 
satisfying Markov property.  

MC is mainly classified into two based on when the state 
X(t) changes, these are DTMC and continuous time MC 
(CTMC). In the case of DTMC the transition from one state 
to another state will take place only at specific instance of 
time, whereas in the CTMC the transition between two states 
could take place at any arbitrary time.  

A. Discrete time Markov chain 

A DTMC is characterized by a state space X(t), a time t 
when X(t) changes, and a TPM P (also called transition 
probabilities). Markov property states that, next state depends 
only on the current state [2]. Mathematically 

 𝑃(𝑋(𝑛) = 𝑖𝑛|𝑋(𝑛 − 1) = 𝑖𝑛−1, … , 𝑋(0) = 𝑖0) 

 𝑃(𝑋(𝑛) = 𝑖𝑛|𝑋(𝑛 − 1) = 𝑖𝑛−1) (7) 

 Based on the set of values of the random variables X(n), 
an MC could be discrete state space, in this case the state 
spaces will be {X0, X1, X2, … }, or it is called finite state if 
the set of values of the random variables are finite set {X0, 
X1, …, Xn} 

An MC is called time-homogeneous if the transition 
probabilities Pij are independent of time t, that is  

 𝑃𝑖𝑗  =  𝑃(𝑋(𝑛 + 1) = 𝑗|𝑋(𝑛) = 𝑖, 𝑋(𝑛 − 1) =

 𝑖𝑛−1, … , 𝑋(0) = 𝑖0)  

 𝑃𝑖𝑗  =  𝑃(𝑋(𝑛 + 1) = 𝑗|𝑋(𝑛) = 𝑖  (8) 

B. Elements of Markov chains 

A DTMC is mainly expressed using TPM, transition 
probability diagram (TPD), and steady state vector π.  

• Transition probability matrix 

A TPM P comprises of all the transition probabilities in 
the MC. Each element in the matrix represents the probability 
of a state moving from one state to another.  

If the state space S is {1, 2, 3, …, n}, then the TPM P will 
be an n x n square matric, where n is the number of states of 
an MC. Fig. 2 shows TPM of four state MC. 

𝑃 =  [

𝑃11

𝑃21

𝑃31

𝑃41

    

𝑃12

𝑃22

𝑃32

𝑃42

     

𝑃13

𝑃23

𝑃33

𝑃43

     

𝑃14

𝑃24

𝑃34

𝑃44

] 

Fig. 2. Four state TPM 

An n x n TPM P must satisfy the following properties [2]. 



 

 

i) The value of each transition probability pij must be 
greater or equal to zero. 

 𝑃𝑖𝑗  ≥  0, 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖, 𝑗 = 1, 2, 3, … , 𝑛 (9) 

ii) The summation of all transition probabilities in a row 
must be equal to one.  

 ∑ 𝑝𝑖𝑗 =𝑛
𝑗 = 1 1, 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 = 1, 2, 3, … , 𝑛 (10) 

• Transition probability diagram 

A TPM could also be represented using a TPD. In this 
representation a directed graph is used as shown in Fig. 6 a). 
In the graph each node represents the state of an MC, and that 
specific state is represented by a number or letter inside a 
circle. A directed arrow is used to represent the presence of 
transition from one state to another, where the tail represents 
the current state, and the head indicates the next state. On top 
of this directed arrow there is a number which indicates the 
probability of moving from current state to next state [18]. 

• Steady state vector 

Once we have a TPM, given any initial vector 𝜋0, the next 
state vector 𝜋1 will be obtained by multiplying the initial 
vector 𝜋0 and P.  

 𝜋1 =  𝜋0  ∗  𝑃  (11) 

After two state transitions,  

 𝜋2 =  𝜋1  ∗  𝑃   

 𝜋2 =  (𝜋0  ∗  𝑃) ∗  𝑃 =  𝜋0  ∗  𝑃2  (12) 

If we continue, we will reach at some point,  

where 𝜋𝑛−1  =  𝜋𝑛 

 𝜋𝑛−1 =  𝜋𝑜  ∗  𝑃𝑛−1 (13) 

 𝜋𝑛 =   𝜋𝑜  ∗  𝑃𝑛 (14) 

This value 𝜋𝑛  is called the steady state vector π. 

VI. RESULTS AND DISCUCCIONS 

In this section, the processes from data collection to 
system state prediction of accessibility or retainability using 
four state MC model and prediction of accessibility and 
retainability using sixteen state MC model will be presented. 

A. Data collection  

To evaluate the model a real world four months data are 
collected using performance report system (PRS) from 1530 
cells of ethio telecom Addis Ababa RNC01 UMTS network 
on hourly basis from Nov. 2020 to Feb. 2021. The data contain 
counter values to calculate accessibility and retainability of 
UMTS network. The counters are collected from adaptive 
multi rate (AMR), release 99 (R99), high speed downlink 
packet access (HSDPA), and high speed uplink packet access 
(HSUPA) systems in CSV format. Per cell level data contains 
date, time, cell ID, cell availability rate, and all necessary 
counters to calculate accessibility and retainability. 

The data collected from PRS system can miss values, this 
could happen due to cell outage or connectivity problem 
between a cell and central radio network controller (RNC). 
Missing values are filled using linear interpolation or padding 
technique. 

B. Accessibility and retainability  

After missing values are filled, then accessibility is 
calculated using (4) and retainability is calculated using (6). 

In the case of accessibility, number of RRC setup success 
and attempt values are the summation of AMR, R99, HSDPA, 
and HSUPA values. Similarly, number of RAB setup success 
and attempt values are the summation of AMR, R99, HSDPA, 
and HSUPA values. 

In the case of retainability, the number of RAB abnormal 
release and total number of RAB release values are the 
summation of AMR, R99, HSDPA, and HSUPA values. 

C. State formation 

Hourly data of accessibility or retainability will have a 
value from zero to hundred percent. In addition to this, if there 
is no voice or data service attempt in a cell for one hour period, 
then all counter values during this period will be zero as 
shown in Fig. 3, as a result the values in (4) and (6) will give 
division by zero error value, hence this situation is handled 
separately, and the state of accessibility or retainability in this 
case will be Idle without calculating (3) and (5) for CSSR and 
CDR values respectively as shown in Fig. 4. 

One week RRC attempt and RAB attempt values of cluster 
6 is shown in Fig. 3, and both values will have zero value 
during mid-night.  

 

Fig. 3. One week RRC and RAB attempt of cluster 6 

Operators set threshold values for different KPI 
parameters considering different conditions. Capital 
expenditures (CAPEX) and operational expenses (OPEX) on 
one side, and QoS and satisfaction of customers on the other 
side are some of the two extreme conditions to be considered, 
so operators should set a threshold value considering at least 
these two scenarios.  

Table I and Table II shows a threshold value used for 
accessibility and retainability of the operator. 

TABLE I. POSSIBLE VALUES OF CALL SETUP ATTEMPT AND CSSR 

Call setup attempt Value  State of a cell 

> 0.0 CSSR ≥ 98.0% Good (G) 

> 0.0 95.0% ≤ CSSR ≤ 98.0% Acceptable (A) 

> 0.0 0.0% ≤ CSSR ≤ 95.0% Bad (B) 

= 0.0 - Idle (I) 

TABLE II. POSSIBLE VALUES OF RAB SETUP SUCCESS AND CDR 

RAB setup attempt Value State of a cell 

> 0.0 0.0% ≤ CDR ≤ 1.0% Good (G) 

> 0.0 1.0% ≤ CDR ≤ 3.0% Acceptable (A) 

> 0.0 3.0% ≤ CDR Bad (B) 

= 0.0 - Idle (I) 

 



 

 

A model shown in Fig. 4 is used for state formation, where 
values of A and B depend on KPI values. For instance in the 
case of accessibility, the value of A is set to 98.0% and the 
value of B is set to 95.0%, and for retainability the value of A 
is set to 99.0% and the value of B is set to 97.0% as depicted 
in Table I and Table II. 

 

Fig. 4. Flow chart for state formation 

Based on these set values the state of accessibility and 
retainability is generated. State formation of accessibility of 
cluster 6 is shown in Fig. 5. Here values with zero attempt are 
first changed to -10% before calculating the accessibility 
value, so that the state of -10% will be Idle.  

In the state value of Fig. 5, state value 0 is used for Idle 
state, 1 for Good state, 2 for Acceptable state, and 3 for Bad 
state. 

 

Fig. 5. Percentage of accessibility and state of accessibility 

D. Transition probability matrix  

To generate a matrix, the data is first divided into training 
set and test set. That is first 60%, 40% data separation is used, 
meaning 60% of the data is used to generate a TPM and the 
remaining 40% is used for model validation. Next 70%, 30% 
combination is used and last 80%, 20% combination is used.  

The TM is generated by counting the transition from one 
state to another in the training data, then a four state MC is 
generated to predict accessibility or retainability separately 
using separate MC model and a sixteen state MC is used to 
predict accessibility and retainability together. A matrix of 
four state MC is shown in Fig. 6 b).  

After creating a matrix as shown in Fig. 7, the next step 
will be checking the summation of each row. As shown in Fig. 
7 b), the summation of the first row is zero. Therefor all zero 
values of that row must be converted to one as shown in Fig. 
8 b). This is done for two purposes. First to avoid division by 
zero, second when a transition to the new state comes, then it 
will have equal probability to go to the other states in the next 
transition. 

 

 

a) TPD of four state MC b) TPM of four state MC 

Fig. 6. Four by four trasition matrix 

 

  

a) TM of accessibility b) TM of retainability 

Fig. 7. 4 x 4 matrix of cluster 6 generated using 60% training date. 

  

a) Accessibility b) Retainability 

Fig. 8. Values of Fig. 7 b) with all zero row valuse changed to one. 

Then a matrix is generated by dividing each row value by 
its row sum and the result obtained for the above matrix 
rounded to the fourth decimal place is shown in Fig. 9. 

  

a) Accessibility b) Retainability 

Fig. 9. TPM of cluster 6 

  

a) Accessibility b) Retainability 

Fig. 10. TPD of cluster 6 

The result of the matrix could also be presented using TPD 
as shown in Fig. 10. In the case of Fig. 10 b) there is no arrow 
directing to state I, this tells us, state I does not exist, meaning 
there is no Idle state till now, but there is a possibility to 
happen in the system. If an Idle state happens next to one of 
the three states, Good, Acceptable, or Bad state, then the 



 

 

probability of moving from an Idle state to the four states 
including itself will have an equal chance. 

The matrix shown in Fig. 9 is for TPD of four state MC to 
predict accessibility or retainability separately. Using this 
method, it is not possible to visualize the occurrence of both 
states, for instance the occurrence of Bad state in accessibility 
and Bad state in retainability at the same time. Using sixteen 
state MC model as shown in Fig. 12 this problem is resolved 
and the overall performance of a cell in terms of accessibility 
and retainability is visualized. 

E. State prediction 

After creating the TPM and knowing the current state, the 
next state as well as the steady state is predicted using (11). 

If the current state is in Good state, then the value of 
𝜋0 will be  

𝜋0 =  [ I G A B ] = [ 0 1 0 0 ]  

Then using (11), the next state 𝜋1 is computed, the result 
is shown in Fig. 11. 

 

Fig. 11. Next state of accessibility of cluster 6 when 

current state is in Good state 

From the result the system will have 0.95% probability to 
go to the Idle state, 97.80% probability of staying in Good 
state, 0.89% probability to go the Acceptable state, and 0.36% 
probability to go to the Bad state as shown in Fig. 11.  

 The steady state is obtained using (11) and computing 
iteratively until the next state value and previous state value 
are equal as stated in (13) & (14). In the experiment python 
software is used to iterate till the next state and the previous 
state values are equal to the eighth decimal place. The result 
of the steady state for the case of four state MC is shown in 
Table III for accessibility and Table IV for retainability, 

whereas Table V shows the steady state of cluster 1 using 
sixteen state MC. The results in Table III, Table IV, and Table 
V are given to the fourth decimal place and the TPM is 
generated using 70% training set. 

The steady state of MC tells us a more general information 
about cells. If we see Table III, the maximum value in Good 
state from the six clusters is 99.26% in cluster 1, and the 
minimum value is 97.22% in cluster 2 and 6. The maximum 
value of Bad state is 1.29% in cluster 2 and the minimum 
value is 0.1% in cluster 3. From these cluster 1 cells are the 
top in the Good state and cluster 2 cells are the top in the Bad 
state. Though cluster 6 cells are the least in the Good state, 
they are not the top in the Bad state, because next to Good 
state, cluster 6 cells have high probability (1.09%) of being in 
the Idle state, so if optimization work or maintenance work is 
needed the schedule and priority should be given based on the 
steady state vector values of each cluster. 

The steady state vector also tells us about the past 
performance of each cluster. For instance, from Table III, 
when we see the first 70% of the data set were the TPM is 
generated, in this case from Nov. 2020 up to Jan. 2021, cluster 
1 has spent 0.0% of the time in Idle state or it has no Idle state, 
99.26% of the time in Good state, 0.6% of the time in 
Acceptable state, and 0.15% of the time in the Bad state.  

The same logic is applied for the 16 state MC. The steady 
state result of cluster 1 is shown in Table V. The first letter 
represents for accessibility and the second for retainability. 
From the result, 99.26% of the time accessibility and 
retainability were both in Good state, 0.4% of the time 
accessibility was in Acceptable state and retainability was in 
Good state, 0.2% of the time accessibility and retainability  

TABLE III. STEADY STATE VECTOR OF  
ACCESSIBILITY USING 4 STATE MC 

Cluster 

Steady state vector of accessibility 

I G A B 

1 0.0000 0.9926 0.0060 0.0015 

2 0.0000 0.9722 0.0149 0.0129 

3 0.0000 0.9911 0.0079 0.0010 

4 0.0000 0.9782 0.0179 0.0040 

5 0.0000 0.9916 0.0055 0.0030 

6 0.0109 0.9722 0.0114 0.0055 
 

 

Fig. 12. Sixteen state TPM of cluster 6 

TABLE IV. STEADY STATE VECTOR OF 

RETAINABILITY USING FOUR STATE MC 

Cluster 

Steady state vector of retainability 

I G A B 

1 0.0000 0.9980 0.0020 0.0000 

2 0.0000 0.9955 0.0035 0.0010 

3 0.0000 1.0000 0.0000 0.0000 

4 0.0000 0.9980 0.0020 0.0000 

5 0.0000 0.9965 0.0030 0.0005 

6 0.0000 0.9901 0.0079 0.0020 
 

TABLE V. STEADY STATE VECTOR OF CLUSTER 1 

USING SIXTEEN STATE MC 

Cluster 

Steady state vector 

[ II  IG  IA  IB  GI  GG  GA  GB 

AI  AG  AA  AB  BI  BG  BA  BB ] 

1 

[ 0.0000 0.0000 0.0000 0.0000  

  0.0000 0.9926 0.0000 0.0000 

  0.0000 0.0040 0.0020 0.0000 

  0.0000 0.0015 0.0000 0.0000 ] 
 



 

 

were both in Acceptable state, and 0.15% of the time 
accessibility was in Bad state and retainability in Good state. 
Hence the table gives us or compares the cells information 
related to accessibility and retainability and enables the 
operators to sort cells that perform bad both in accessibility 
and retainability or any combination of accessibility and 
retainability easily.  

F. Evaluation Metrix 

Using (15) [19] the accuracy of a model is evaluated based 
on the percentage of accurately predicting the next state given 
the current state. From the result a minimum value of 96.09% 
prediction accuracy is achieved in cluster 2 in predicting 
accessibility when 60% training set is used, and 96.87% 
prediction accuracy is achieved in cluster 5 in predicting 
retainability when 80% training set is used, and for the case of 
sixteen state MC 94.61% prediction accuracy is achieved in 
cluster 6 in predicting both accessibility and retainability 
when 80% training set is used as shown in Table VI.  

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠
 ∗ 100% (15) 

TABLE VI. PREDICTION ACCURACY 

 Cluster 

Training 

set 

Accuracy of 

accessibility 

using 4 state 

MC (%) 

Accuracy of 

retainability 

using 4 state 

MC (%) 

Accuracy of 

accessibility and 

retainability using 

16 state MC (%) 

1 

60% 98.7837 99.1312 97.8280 

70% 98.3796 98.8426 97.1065 

80% 98.0870 98.2609 96.1739 

2 

60% 96.0904 98.6968 95.5691 

70% 96.7593 98.3796 96.1806 

80% 96.1739 97.7391 95.4783 

3 

60% 98.5230 100.0000 98.5230 

70% 98.4954 100.0000 98.4954 

80% 98.6087 100.0000 98.6087 

4 

60% 98.5230 100.0000 98.5230 

70% 98.3796 100.0000 98.3796 

80% 98.6087 100.0000 98.6087 

5 

60% 97.7411 98.4361 97.0460 

70% 97.3380 97.9167 96.4120 

80% 96.1739 96.8696 94.7826 

6 

60% 96.5248 98.0886 94.7871 

70% 96.8750 98.0324 95.0231 

80% 96.6957 97.7391 94.6087 

VII. CONCLUSION 

In this thesis, two important KPI’s states are predicted 
using four state MC and sixteen state MC model. A state is 
created based on threshold values set by operators. Cells 
performance state could be Good, Bad, or Acceptable in each 
hour or it could be Idle, mostly during mid-night, based on set 
value of operators. 

Four months UMTS network data is collected and grouped 
into six clusters. Using MC model next state and steady state 
of six clusters is computed separately using four state MC and 
together using sixteen state MC. During the experiment, in a 
four state MC a minimum value of 96.09% prediction 
accuracy is achieved in predicting accessibility and 96.87% 
prediction accuracy is achieved in predicting retainability, and 
accuracy of 94.61% is achieved in predicting both 
accessibility and retainability using sixteen state MC. From 
this it is possible to monitor and predict any combination of 
KPIs using 4𝑛 states, where n is the number of KPIs. This 
helps to see every combination of states and sort out cells 
which perform worst in terms of these n KPI values easily.  

Though the model is tested using UMTS network, it is 
applicable to predict the state of other generation of networks. 
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