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ABSTRACT 

Vehicular Ad hoc Networks (VANETs) are attaining vital focus from research 

community as well as from manufacturers. All major vehicle manufacturers have 

proclaimed to embrace VANETs ability in their products. Fine tuning the parameters 

manually by the network operator or administrator is quite time consuming. So this 

claims the need for having a good optimal technique that could solve the issue and 

improve the quality of service in a better way.  

Primarily, the main purpose of these networks is to provide safety related services. 

Then, now-a-days investigators are working to provide streaming services in VANETs 

e.g. video call, online gaming, video conference etc. Importance of these applications 

requires not only just bandwidth but focuses on less delay, such strict Quality of Service 

(QoS) requirements are to be addressed in order to adapt the users need. Researchers 

are addressing this dispute, as it will become a vast problem when most of the vehicles 

will have VANETs capabilities. A novel technique for optimization of QoS in 

Vehicular Ad hoc Networks, which will cater for the stringent requirements of the 

future vehicular networks is proposed in this research.  

The proposed Refined Regression Statistical Classifier Model (RRSCM) aims to 

resolve the above speculated issue and aids in improving the QoS. The optimized results 

compared with the existing built in classifier models has revealed the overpowering 

performance of proposed RRSCM. Artificial Neural Networks classification seems to 

be quite time consuming and the accuracy percentage rate of RRSCM outperforms 

ANN. The proposed multivariate analysis scheme optimizes by parting parameters and 

predicts the traffic behavior throughput. It aids to improve the QoS and envisage the 

traffic over VANETs. Earlier, the parameters were as such used as predictor variables 

in multiple linear regression (MLR) models. The other classification models used for 

prediction are evaluated with independent traffic samples. The root-mean-square 

percent relative error (RMS%RE) will measure the merit and characterize the 

performance of various other classification models over the proposed RRSCM.  

This RRSCM technique, when adopted by the cellular network operators and ISPs, shall 

be benefited and will be able to provide better services to the vehicles on the road. 
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CHAPTER 1 

1 INTRODUCTION 

1.1 An overview on VANETs 

Vehicular Ad hoc Networks (VANETs) are wireless networks and is one among the 

recent technique that glee the researchers to probe in further for lateral thinking. Many 

tools have been so far integrated within the network management system to enhance 

the Quality of Service (QoS) effectiveness and had produced overwhelming outcomes. 

The traffic that plays a vital role and has been a challenge to the VANETs network 

administrators are with respect to multimedia. To facilitate the end-users and network 

administrators, investigators had suggested various traffic forecast procedures so far, to 

mend the QoS of VANETs. Traffic estimation meant for VANETs improves the 

operation of the system assets by accomplishing lively resource apportionment in 

addition it also does provisions QoS. The well-organized skills of the network design 

and the diverse modules of the network are portrayed in Fig. 1.1, using an assortment 

space diagram. 

 

 

 

 

 

 

Figure 1.1. Space assortment architecture of VANETS 
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The portrayed illustrative depiction classifies functional proficiencies of the VANETs 

and fits them consequently into the agreeing aspect of dimension.  Every network 

element characterizes a serviceable capability which symbolizes them as an information 

beside the dimension. It likewise clarifies that such a space collection assists the 

investigators to emphasis on the obligatory applicable dimension with ultimate 

precision. The three components that dawdle over the transportation code of behavior 

element are specified with extreme concentration in this research besides they are UDP 

or TCP.  However, the communication medium is unexplored at this time beneath quite 

a few magnitudes (or else physical linking of a system). The specified assortment space 

diagram of VANETs benefits to examine the traffic and divide it centered on definite 

factors such as protocols, bandwidth, pareto-distribution etc. The network traffic 

conduct drops inside the categorized two sections, SRD (Short-Range Dependences) 

and LRD (Long-term Dependences). The suggested classification prototype can 

categorize the SRD and LRD conduct in a network traffic and predict them with at most 

precision. 

1.2 Motivation and Significance 

QoS improvement in VANETs with reliability will be advantageous in the fields like 

Community Welfare Applications, Traffic Controlling Applications, Traffic 

Harmonization and Backing Applications, Rover Data Support Applications, Well-

being Applications, Air contamination emission measurement and decline, Law 

enforcement, and Broadband amenities. In future, VANETs are going to become an 

integral part of our life as our vehicles will be equipped with embedded VANETs 

systems. QoS is of much importance as that of all communication in wireless and the 

fast speed of vehicles will be challenging a very critical issue recommending to have a 

proper QoS. 
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On exploring VANETs unveiling the root reasons and faults had inspired to frame a 

method in optimizing the communication parameters. The right choice on the 

parameters helps to make VANETs stable, reliable, intelligent, secure and quality of 

service (QoS) aware. Vehicular ad hoc networks (VANETs) have become the need of 

the future as all vehicles are going to have wireless communication capabilities in 

coming years.  

VANETs are the networks of next generation embedded in vehicles getting focus of 

researchers due to their wide applicability. VANETs are ad hoc but they are different 

from MANETs in many aspects like there is no power and computational constraints 

issue in VANETs. VANETs may be very large scale and nodes move in some organized 

fashion. In future VANETs communication capabilities will be available almost in all 

vehicles to make them part of existing network. So people are expecting and efforts are 

being made to provide all kind of services to VANETs users belonging to safety and 

comfort. As VANETs are different from MANETs in their nature, so existing 

communication and routing protocols of MANETs are not entirely suitable for this new 

kind of mobile networks and new communications and routing protocols are being 

optimized. 

This research study will focus on addressing the QoS issues in VANETs, Since QoS is 

one of the major issues faced in VANETs. In this regard, clustering techniques used 

with optimization will be implemented in order to make the VANETs more reliable, 

robust and address user satisfaction. So the emphasis will be on the improvement of 

cluster formation, cluster head selection process and usage of ant colony optimization 

for route selection and finally delivery of data. 
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1.3 Scope of the Research 

The force give emphasis to the system, the applied assessment and inspection of the 

behavior which will train the future typical classifier to foresee the yield which will 

predict the inward contribution degree in Megabits per second. The suggested act flow 

comprises of Pre-processing the traffic data, categorizing the facts, Assembling, 

Feature Choice, Applying forecaster classifier and Envisioning the ROC as revealed in 

Figure 1.2. Despite of the reported success of some statistical prediction tactics and 

machine learning methods, the algorithms which are used to select the precise 

parameters which are used to forecast the traffic make the real scope of the prediction 

procedure that has been proposed. The algorithms deployed will make the prediction 

more reliable.  

 

 

 

 

 

 

 

Figure 1.2. Proposed action flow scheme. 

The reliability of the proposed RRSCM is measured by applying it over a real time 

dataset and further to ensure confidence with the accuracy of the forecast made on the 

dataset and identical prediction classification model is also run in parallel with the 

similar dataset. The algorithms deployed over the proposed optimization procedures do 

Network traffic 
initialization  

 

 

 

Link reliability 

 

Clustering 

 

Parameter 

Classification (RRSCM) 

 

QoS Visualization  

Proposed 

Architecture 

(RRSCM) 
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carry prior assumptions regarding the selection criteria. There is no formal poise lying 

between the accuracy of the forecast made with the test data and the forecast associated 

with the other new/unknown cases. The suggested RRSCM is quite adaptive in nature 

as the novelty in selecting procedure of the communication parameters. 

1.4 Aim and Objectives 

This study aims to discriminate the current status of vehicular ad hoc network and then 

estimate the required QoS and then cluster and optimize the parameters. The main aim 

of this research is to investigate on the VANETs communication parameters and 

optimize them to improve the QoS. The overall objectives are to: 

 QoS based system is necessary in order to make it reliable, a clustering 

technique to partition the existing network and then traffic with in the cluster 

that needs to be sent to other cluster will be routed using appropriate clusters 

heads. 

 Develop and optimize the QoS enhancement algorithm, which will predict in 

prior and ensure the required delay and throughput. 

 Explore and select the best possible optimized parameters for enhancing the 

QoS in near future for VANETs. 

 Investigated optimized parameters are regressed with appropriate correlation 

coefficient to predict the traffic. 

 Develop a statistical classification comparison model for measuring the 

accuracy between ANN and the proposed RRSCM. 

In order to maintain the required QoS, some optimization and intelligence based 

techniques will be with a series of steps are involved in it. To evaluate the new 
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algorithm, which may be publically made available for academic and research purposes 

a comparison with the existing pre-defined classification models is also achieved. 

1.5 Dissertation Organization 

The sections in the thesis are structured as follows: 

Chapter 2 discusses about the literature survey being made on VANETs and the 

remedies most of the investigators had suggested to improve the QoS in due course. 

The literature review also focuses on the prediction/classification techniques that had been 

deployed. The survey on these various research articles has envisioned the proposed technique 

in this research article to probe into necessary areas and to overcome the issues. Chapter 3 

describes the proposed research methodology on investigating the behavior of the 

traffic, preprocess and cluster them accordingly. Chapter 4 elaborates on proposed 

RRSCM, where the details of the phases and necessary postulated used to optimize the 

algorithms are described. Further in Chapter 5, the proposed classification model is 

conferred in fact over the test dataset. In Chapter 6, the traffic predicted is rated for its 

accuracy by deploying the results over various metrics proposed by several 

investigators and its performance is showcased. Finally in Chapter 7, the conclusion 

and possible proposals over future enhancements are presented. 

List of Abbreviation Provide detail of major technical terms used throughout this dissertation. 
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CHAPTER 2 

2 THEORETICAL BACKGROUND 

2.1 Introduction 

As explained in Chapter 1, the foremost intention of this analysis is to associate many 

approaches cast-off meant for predicting the VANETs traffic. This Chapter labels, 

associates, figures gaps and appraises the chief philosophies, influences, refrains, 

procedures, tactics and disagreements in the learned works on the topic of this study. A 

wide-ranging impression of VANETs with uncommon choosy traffic predicting 

approaches and forecasting effectiveness on few models are offered in addition are also 

appraised.  

Currently many vehicles are using VANETs (Vehicular Adhoc Networks) for exchange 

of information related to safety and comfort and VANETs have become very important 

to provide necessary data to vehicles proceeding to their destination and in case of 

emergency. The role of communication infrastructure is of much importance as critical 

messages need to be relayed without any significant delays [1]. So VANETs are getting 

the focus of scientists and researcher to improve the overall structure of VANETs so 

that information may be sent without any fear of lose or delay and with the passage of 

time our dependence is being increased on this type of communication as we want to 

be connected to other people and other networks even on the move. Different type of 

communication can be used here e.g., GSM, WCDMA, LTE and 802.11, so we can be 

connected to the network whatever network is currently available. Figure 2.1 shows the 

general setup of VANETs. 
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Each vehicle can exchange information with other vehicles using vehicle to vehicle 

communication (V2V) or they can communicate to Road-Side Unit (RSU) known as 

vehicle to infra-structure communication (V2I). All these communications may allow 

vehicles to exchange different type of information which may prevent accidents, traffic 

jams, provide prior knowledge about road conditions. Situations about destinations may 

also be sent to vehicles using VANETs [2]. 

 

Figure 2.1. Basic concept of vehicular ad hoc networks[1] 

2.2 VANETs Architecture 

The main components of VANETs are application unit (AU), road side unit (RSU) and 

on board unit (OBU) [2].These components have different functionality to overall 

implement the VANETs. 

2.2.1 Application Unit 

Application unit is embedded in the vehicles that are using VANETs communications 

facility. AU may be communication through OBU or it may be embedded in the OBU 

itself. It uses the application provided by the system or road side unit. 
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2.2.2 Road Side Unit 

Road Side Unit is the infrastructure built along road side to provide wireless 

communication facilities to the vehicles moving along the road side unit. Different 

applications may be running in RSU which will be getting data from other RSUs and 

vehicles and compiling the data and finally producing the information to be 

disseminated to the vehicles. 

2.2.3 On Board Unit 

This is the device equipped within the vehicles whose purpose is to provide wireless 

connectivity to other vehicles or with road side unit. Figure 2.2 shows the overall 

VANETs communication setup. 

 

Figure 2.2. Overall VANETS communication setup [2] 

2.3 Communication Spheres in VANETs 

There are three types of communications spheres in VANETs i.e. In-vehicle, Adhoc 

and Infrastructural [3], as shown in the Figure 2.3.  
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2.3.1 In-Vehicle Sphere 

This is the type of communication takes place within the vehicle itself. For example 

communication between application unit and on board unit is counted towards In-

vehicle communication. It may be wired or wireless. 

 

 

 

Figure 2.3. Communication spheres in VANETS [4] 

2.3.2 Adhoc Sphere 

This type of communication exits between the vehicles which are in the range of each 

other and between the vehicles and the road side unit. This is known as Adhoc since it 

exists only for the time when vehicles are within the range of each other or they are in 

the range of road side unit. 
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2.3.3 Infrastructural Sphere 

The road side units can connect to the infrastructure network or to the internet in order 

to provide services to the application unit that is connected to road side unit using on 

board units. All these three types of communications are shown in the Figure 2.4. 

 

 

Figure 2.4. In-vehicle, ad hoc and infrastructure communications [2] 

 

2.4 Access Technologies in VANETs 

Many access technologies are available now a days which may be used to provide 

communication between different vehicles i.e. V2V and between vehicles and road side 

unit i.e. V2I. The purpose of these technologies is to provide safety in hazardous 

situation and also comfort to drivers when needed. Some of the technologies are 

discussed below.  
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2.4.1 Cellular Systems 

Cellular systems are being used for last more than 30 years e.g. 2G, 2.5G, 2.75G, and 

3G etc. Concept of frequency reuse is implemented in cellular systems. Initially there 

was only voice services but now data services are also available in cellular systems [5]. 

In GSM, both time-division multiple access and frequency-division multiple access 

have been cast-off. Initially there was data rate of 9.6 kb/s in GSM but now it is 

available in mega bit per seconds. 

2.4.2 WLAN/Wi-Fi 

Wi-Fi is IEEE standard i.e. 802.11 which is broadly available in wireless devices which 

can be used for communication between vehicles i.e. V2V and also between vehicles 

and road side unit i.e. V2I. It proves data rates up to 300 Mb/s, now a days its variants 

are available which can connect to network with the speed of 1000 Mb/s. Wi-Fi is 

mostly used for short range communications. 

2.4.3 WiMAX 

WiMAX or 802.16 is also the IEEE standard which can be used for long range 

communications. It is based purely on data i.e. packet switching. Data rates provided 

by WiMAX are more than 100 Mb/s. It is available in licensed and unlicensed bands. 

WiMAX uses orthogonal frequency division multiplexing technique for 

communication [6]. 

2.4.4 DSRC/WAVE 

Dedicated short range communication is the 75 MHz licensed standard which is solely 

used for V2V and V2I communication in USA. DSRC is based on IEEE standard 

801.11p which caters for the issues faced in VANETs. 
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2.5 Problems and Issues in VANETs 

Many problems are encountered when VANETs are implemented to facilitate users 

driving vehicles heading to their destinations. Many factors are there which effect the 

performance in terms of safety and non-safety applications. Some issues and challenges 

are discussed below which may be encountered in VANETs. 

2.5.1 Signal Fading 

As the signal travels along its path, fading may occur due to different obstacles and 

because of that communication may be disrupted [7]. 

2.5.2 Bandwidth Limitations 

As VANETs are wireless networks, it faces the common problem of wireless i.e. 

bandwidth limitation [7]. This issue becomes more severe in case of high density 

environment where resource management becomes a big problem. The fair use of 

bandwidth is very important in order to improve the overall network performance and 

to satisfy the users. 

2.5.3 Connectivity 

Since in VANETs the nodes are actually the vehicles who may be moving with very 

high speed, so it may form a network, may send few packets and then may disconnect 

from this network. Hence network connectivity is one of the big issues that may be 

encountered in VANETs [8]. 

2.5.4 Small Network Area 

Vehicles may be moving very fast, so overall area of any network within VANETs may 

be very small. So it will create problems while having the global impact of the network. 

Some routing related problems will also exist [7]. 
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2.5.5 Security and Confidentiality 

As vehicles may communicate with other vehicles and this communication may be first 

time, so there may arise issues of security and confidentiality that whether the sender is 

trustworthy or not and whether information can be shared with that user or not [7]. 

2.5.6 Routing Issues 

Due to the fast mobility and connection and disconnection of network, routing may be 

disrupted and hence overall VANETs performance will be reduced. Enhanced routing 

strategies must be used in order to cope with wild changing network situations [9]. 

2.6 Applications of VANETs 

Since there are two types of communications in VANETs i.e. V2V and V2I. These two 

communications opens the door of many applications which may be used for safety and 

comfort. Vehicles may get information from their surrounding regions using their 

sensors and then disseminate to other vehicles and road side units. Then this 

information may be used by other vehicles for prevention of accidents and for comfort 

related applications[10]. Following are the some applications of VANETs which can 

provide a lots of information for safety and entertainment [2]. 

 Collision avoidance on intersection 

 Assistance for left turn 

 Assistance for stop sign 

 Warning for intersection collision 

 Blind merge detection warning 

 Public safety 

 Warning for low bridge 

 SOS Messages 

 Sign extensions 
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2.7 QoS and Routing Issues 

Since vehicles may be moving with speeds and there may connectivity and 

disconnectivity more than usual, so issues of QoS i.e. delay, latency, throughput may 

be introduced. Routing may also be disturbed as there is no fixed path and routers may 

need to update their routing table more frequently. A valid path may become invalid 

very quickly because of vehicles movement. People are working to improve QoS in 

order to satisfy vehicles drivers and to avoid any mishap. [11] introduces a mechanism 

in which they integrated IEEE 802.11p and LTE and furthermore they partition the 

network into clusters and cluster head is selected on the bases of its contribution in 

routing and data forwarding. This cluster head also works as gateway for other vehicles 

so that if any other vehicle wants to send data, it will forward to cluster head and cluster 

head will forward the data as shown in Figure 2.5. 

 

 

Figure 2.5. Integrated 802.11p and LTE environment [11] 
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They claim that with integration of 802.11p and LTE, overall QoS is improved for 

multimedia traffic and delay is also reduced. [12] worked for improvement of QoS by 

implementing voice codecs and the properly tuned them in order to use it with packet 

network. They tried to reduce the end-to-end delay to provide better quality of voice 

and then VOIP was implemented. They explained that with the use of their codecs and 

technique QoS is enhanced and VANETs can be used for VOIP communication as 

shown in Figure 2.6. They used different codecs and checked their performance as 

shown in Figure 2.7. 

 

 

Figure 2.6. Voice over VANETS [12] 
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Figure 2.7. Analysis for different codecs for QoS [12] 

[13] talk about detecting the vehicles which misbehave and try to provide wrong 

information while time of formation of cluster or after cluster formation. They used 

QoS-OLSR protocol and checked the vehicles if they are provide false information in 

order to disrupt the network. If not properly handled, these false vehicles can destroy 

the QoS of overall network. Results of their simulation show that their watchdog can 

catch the vehicles which are greedy and try to damage the network, as shown in Figure 

2.8. 

 

Figure 2.8. Watchdog to catch fake vehicles [13] 
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[14] implemented joint QoS control scheme using cross layer approach. In this scheme 

that controlled the flow and codes of traffic using their newly developed algorithm. 

Here video is encoded into many streams and then each stream is handled independently 

and finally at destination it is decoded again. This scheme is depicted in Figure 2.9. 

 

 

        Figure 2.9. QoS control for multiple video streaming [14] 

QoS aware scheme has been implemented by [15], as providing and maintaining QoS 

in decentralized mobile and Adhoc or VANETs is very difficult task because there is 

always limited resources in wireless network and specially in mobile network, 

bandwidth management is one of the biggest issue and mobile nodes or vehicles may 

face starvation in terms of resources available.  

 [16] Authors propose an adaptive scheme in which QoS for bandwidth hungry and 

delay sensitive applications is adjusted automatically and according to their 

requirement. [17] did a mobility analysis considering the movement of vehicles. They 

concluded that overall QoS has direct relation with the mobility of the vehicles. They 

analyzed the QoS which shows the inter-vehicle delays and vehicle to road side unit 

delays with respect to the mobility patterns of the vehicles. They further showed that 
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this analysis show the behavior of different vehicles in different situations and this 

analysis can be used for further study of QoS. [18] talk about implementing connection 

level and packet level QoS architecture in VANETs. They applied the technique of 

prioritized admission control in which only the traffic having high priority is allowed 

to enter the network. Neural network optimization technique has been used to add 

intelligence to the system. Performance analysis of 802.11n and 802.11p has been done 

by [19] for multimedia traffic.  

Since VOIP, video conferencing, live gaming etc. are becoming more popular, so there 

was a need to do performance analysis for these two protocol which are being used for 

VANETs. It is clear that these protocol have not been developed to cater for the 

multimedia traffic rather they are intended to be used in data network. 

Investigators [20] proposed a scheme in which QoS aware road side unit have been 

used in order to satisfy QoS needs of the vehicles. Since many applications will be 

running in road side units and they will be installed on main squares and road side, 

hence a lots of traffic will be passing through road side units and if they are made QoS 

aware and they can cater for the QoS requirements of the vehicles then they can play a 

major role while achieving the desired needs. With the advances in science and 

technology, infotainment services are being increased [21] devised a multicast overlay 

scheme which addresses the QoS needs of the applications running in the vehicles. This 

scheme has been applied to urban area where traffic density is high and it is more 

feasible because many non-group vehicles are willing to co-operate in forwarding the 

traffic. So multicast video traffic can be efficiently forwarded. [22] discuss the 

connectivity of vehicles which move in an organized way like platoon.  

Furthermore they investigate the effect of this movement on the bandwidth, latency and 

throughput and at the end they showed that if vehicles are moving in this pattern, it will 
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improve the overall performance of the system, as there will be less disconnectivity and 

less routing issues. [23] worked with different mobility patterns in order to enhance 

QoS. They said that previously people have worked for small area network to improve 

QoS but they are working with different mobility pattern which have been taken from 

real life, so it exhibits the real vehicles patterns they move. They used NS2 for their 

simulations and results showed that QoS has been increased as compared with general 

scenarios. Better message broadcasting techniques can also improve the performance 

of the system [24], as current techniques mostly use simple broadcast storm methods 

which can overwhelm the network itself and actual traffic may be disrupted. Authors 

improved the broadcasting technique which does not have broadcast storm, instead 

information is sent to the specific regions only, hence preventing the network from 

congestion and overload. [25] provided an overview about the existing protocols and 

channel access techniques which were basically developed for MANETs. As VANETs 

are organized and could be very big as compared to MANETs so use of existing 

protocol could be inefficient and reduce the performance of the system. Furthermore 

they presented an analysis that which one of these existing protocols could be used for 

safety services and for comfort related services. Automatic tuning of existing protocol 

is required in VANETs since they were not developed for this new kind of network. 

[26] optimized the File Transfer Protocol (FTP) for the nodes which are actually 

vehicles and moving in a system way. They explored that the performance of FTP is 

enhanced with this tuning for this network. In the same way other protocols may be 

tuned and optimized for VANETs. As vehicles may be moving with very fast speed a 

phenomenon known as Doppler effect may be introduced in communication [27] have 

worked on reducing this effect since because of this effect bit error rate may be 

increased and throughput may be disrobed and as a result QoS of the system may be at 
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the stack. They introduced the method automatic Doppler shift adaptation which 

improves the bit error rate. [28] talk about the multi hop messages relaying scheme, as 

different multi hop message broadcasting technique are used in order to provide 

important information to the vehicles. In the method devised, the authors also cater for 

the power of the vehicle who is sending or forwarding these messages. Furthermore the 

overall network is divided into different regions and this broadcast is done only at 

region level. Finally they showed the results that instead of using traditional broadcast 

schemes, this scheme improves the overall QoS. [29] discussed the delivery of contents 

in VANETs using different routing protocols and techniques. Since there are many 

challenges in VANETs like mobility, spectrum limitation and connectivity. They 

worked on co-existence of Wi-Fi and LTE network and showed that if properly planned 

better results can be achievable in terms of performance and robustness. QoS is always 

an issue in VANETs because of mobility, connectivity and spectrum [30] and protocols 

must be adapted intelligently in order to meet strict QoS needs of the applications 

running in the vehicles. In this paper authors use Bee colony optimization algorithm to 

improve the system performance. They used the concept of reproduction and food 

foraging and applied it in the network. NS2 was used to simulate the network, at the 

end they claim that this optimization technique has increased the QoS. Dedicated Short 

Range Communication (DSRC) is one the of communication method used in VANETs. 

[31] proposed a new method to evaluate the DSRC communication at MAC and 

application layer level by disseminating beacon messages. So that each vehicle can 

generate beacon messages having information about its position, speed and energy level 

and send to its neighboring vehicles. When both MAC and application layer are 

involved in beacon messages generation then it is possible that a vehicle can inform 

about exact status of its requirements and other parameters. [32] proposed a new 
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collaborative protocol which will ensure confidentiality along with maintaining QoS. 

As drivers in VANETs can get different type of information and they can send the same, 

so there may be an issue of privacy and authenticity. Authors claimed to solve this 

problem with this proposal of new protocol. While paying a small, users in VANETs 

can become part of this new system and they can enjoy security and QoS. Different 

protocols are used for topology discovery because topology is changed very frequently 

in vehicular network [33] devised a new protocol which is used for topology discovery 

in fast changing network environment. It addresses the issues of commonly changing 

topology in VAENTs. They showed that performance of this protocol is better than link 

state routing as those protocol were not developed to address the problems of high speed 

vehicles. [34] solved the issue of streaming blockage due to congestion in network. 

They introduced an adoptive system in order to handle the streaming. They proposed 

that instead of fetching directly from internet, video streaming can be fetched to local 

server according to the present location of the user and then it can be sent to the user. 

So even if there is congestion in network, there will be no problem while fetching this 

video stream from local server as shown in Figure 2.10. 

 

          Figure 2.10. Mechanism of fetching video streaming from local server [34] 
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[35] uses TV white space band for dissemination of important messages instead of using 

DSRC, because DSRC may be overwhelmed during transmission and critical messages 

may get delayed. As there are two types of messages in VANETs, one is type that 

messages are sent after a specific regular interval and include the information about a 

specific vehicle e.g. speed, location and direction, other type of messages is that they 

are critical messages and are sent when some severe situation occurs so authors used 

TV white space for such kind of messages and proved that in this way these messages 

are delivered very fast with a very less delay. [36] introduced new architecture for 

hybrid network i.e. 802.11p and LTE. First they divided the network into clusters then 

selected the cluster head. The cluster head is selected with QoS-balancing algorithm 

which take care for the required QoS of the applications running in the participating 

vehicles. After this a proper gateway was selected to forward the traffic to the other 

clusters. Other criterial involved in selection of cluster head are relative signal strength, 

load, and time of cluster head. They showed that with this technique needed QoS is 

achieved. Unicast communication is very important in VANETs because mostly 

vehicles are communicating directly with other. [37] characterizes the unicast features 

of traffic in VANETs. They focused on certain factors like delay, latency, throughput 

etc. They further investigated the role of MAC and PHY layer while estimating the QoS 

of unicast traffic. [38] have investigated the link between road geometry and QoS that 

how much it can be effected by the road conditions, since wireless signals are already 

susceptible to many issues like signal fading, shadowing etc. So if we know in advance 

the relationship between the conditions of the roads and QoS then we can properly 

manage the overall system performance in terms of reliability and meeting strict QoS 

needs. [39] talked about the unicast routing issues which may be encountered in 

VANETs, as the requirements and problems of unicast routing are different for such 
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networks so a proper study is required in order to classify the overall scenario. They 

worked on categorizing the jitter, delay, throughput and other parameters in case of 

unicast traffic which be disrupted and have a significant influence slated act of the 

system. [40] developed a framework in which they addressed the issue of optimal QoS. 

This new system is receiver based and works on the feedback provide by the receiver. 

Authors tried to solve the problems of delay, latency and throughput and compared it 

with AODV protocol. All simulations were done using NS2, finally they claim that this 

newly developed system works well than AODV. [41] worked on developing two 

different algorithm, one for cluster head selection and other for cluster switching 

algorithm. Both of these two algorithms work together to improve the QoS and try to 

satisfy the applications running in the vehicles. These algorithms examines the 

resources available among the cluster members then according to requirements of 

different users, it allocates the resources to them. [42] provide a survey about emerging 

issues in VANETs which includes MAC and PHY layer, their switching technique, 

algorithm used and the level of QoS addressed. They also discussed algorithms and 

protocols which can be used for aggregation of data and group-based networking. At 

the end they proposed that for certain scenarios which set of algorithms and protocol is 

better. [43] Because of the different nature of VANETs, existing protocol which were 

developed to address the needs of MANETs are not suitable to be used as it is in 

VANETs environment. Since it shows high speed and highly dynamic situations unlike 

MANETs. Here authors proposed a new protocol which works for this new type of 

network. It predicts the behavior of vehicles and according to this new routes are 

suggested which provides better QoS as compared with simple techniques. Authors 

claimed that with this method packet delivery ratio is increased and ratio of packet lost 

is decreased. [44] presented a systematic analysis about the existing protocols which 
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are being used for VANETs but actually they were developed for MANETs, so better 

QoS cannot be achieved with these protocols, however authors have done a survey 

mentioning the pros and cons of existing protocols and the situations where these 

protocols can be used, if needed. They also did investigation that in which protocols 

and scenarios better delay, latency and throughput can be achieved. To address the 

issues of VANETs, people are working on cluster design so that problems can be 

resolved by parts. Researchers proposed a new algorithms which works in the cluster 

and adoptively assign the resources to the vehicles [45]. This distributed algorithm takes 

into consideration many factors like time of member of cluster, time of head of cluster, 

average number of time of head of cluster etc. and it decides the cluster head and finally 

forwarding is done on the basis of all these decisions. Investigators have done an 

analysis that how mobility effects the performance of the system [46]. They took 

different scenarios and then conducted their survey like city situation, rural areas etc. 

Finally they provided some observation that if QoS has to be met in high speed 

vehicular network then some parameters have to be adjusted according to the situation. 

So existing techniques can be used to improve quality of services. [47] devised a 

protocol which addresses the concerns of geocasting. Geocasting is done to identify the 

end points of the communication in order to make possible the transmission. But in case 

of VANETs, each vehicle has its own set of QoS. Here authors did work to improve the 

geocasting for vehicular environment so that using this existing method the required 

quality could be met. [48] proposed a new protocol that works on the principle of 

geographical routing. This protocol avoids the loop holes in the urban area i.e. routing 

loop. In urban areas a lot resources of wasted because of routing loops, so this protocol 

may be helpful in certain areas for saving resources. It divides the network into multiple 

regions then on the basis of their geographical locations, data is forwarded. [49] worked 
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on MAC layer to make QoS better. They proposed an extension in ALOHA protocol 

and made changes in its frames named extended sliding frame reservation protocol. 

They claimed that overall throughput as compared to 802.11 is increased 28 %. But in 

this case more synchronization is required. [50] since road side units are expensive to 

install and they are installed in a limited number, so here authors formulized a technique 

that vehicles will calculate their priority, time required for service from road side units 

and throughput required.  

 

Figure 2.11. Distributed sorting mechanism [50] 

This distributed scheme reduces the load of road side units and also reduces the number 

they are required, as most of the work will be distributed among the vehicles. They, 

furthermore, showed that this method not only improves the services quality but also 

the cost as shown in Figure 2.11. [51] discusses the reasons of message delivery delay, 

there are mainly two reasons for this, one message delivery distance and other density 

of vehicle in that particular area. They modeled the traffic and found a linear 

relationship between distance of the message delivery and delay occurred with those 

messages. This study was conducted with different scenarios and concluded that if 

properly partitioned the network, better QoS values could be achieved. [52] investigated 
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the performance of IEEE 1609.4 standard. This standard has been developed to allow 

delivery of safety and non-safety messages over the multi-channel communication to 

avoid interference. But the problem is that on a single receiver, there could be 

interference if safety and non-safety messages are delivered simultaneously using this 

technology. Authors proposed a solution to avoid the interference on a single channel, 

they claimed that this scheme provides better QoS and security. [53] proposed a new 

cross-layer design between MAC and routing layer. 

 First they formed clusters to avoid collision, then MAC and routing layer closely to 

provide fast forwarding and delivery of data. The messages which are sent to adjust 

QoS need to be forwarded on urgent basis without any delay in order to ensure QoS as 

shown in Figure 2.12. [54] devised a new protocol to reduce collision and improve QoS 

in IEEE 802.11p.  

In traditional IEEE 802.11p MAC layer faces a lot of collisions, hence quality is 

reduced. Here authors proposed new mechanism that they used time division multiple 

access (TDMA) to avoid any collision, as fixed time slots are assigned to the vehicles 

who wants to communicate. 

 

Figure 2.12. Cross layer design of mac and routing layer [53] 
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Also they used clustering to partition the network. NCTUns was used for simulation in 

this scheme. [55] proposed a new routing protocol which reduces delay, response time 

etc. This protocol checks the expiration time of links and longer time links are selected 

for data transmission. A backup path is also selected for load balancing purpose. This 

technique switches to new link before previous link breaks. At the end with the help of 

simulation, results are shown which explains the working of this new technique. [56] 

designed a dynamic channel reservation protocol which provides application level QoS 

while adjusting resources on MAC layer. Although it is little costly but it provides 

resources on run time to the applications running in the vehicles. And as soon as the 

requirement of special QoS if finished, this reserved channel will be taken back so that 

it could be provided to other users. They used NS2 for packet drop evaluation and 

throughput optimization. [57] and [58] worked on providing the internet services where 

no gateways are available, as there could be some areas in VANETs there no gateways 

are available and if real time streaming traffic is being run then the demand of providing 

strict QoS is increased. As these applications are bandwidth hungry and need less delay. 

Authors introduced proxy-based internet to vehicle protocol which works in absence of 

gateways and forwards the data as shown in Figure 2.13. 

 

Figure 2.13. Proxy based gateway [57] 

Researchers proposed a routing scheme for next hope routing [59]. This scheme will 

cater for the link existence time, cost of link and reliability of link etc. and then forwards 
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the data on that particular link. They showed that this scheme promotes ratio of the 

packet delivery and reduces the endwise interruption, thus improving the overall QoS. 

Furthermore signaling overhead is also reduce in this scheme. [60] proposed a new 

protocol for multi hop urban areas and highways. They implemented this protocol with 

AODV. They showed with their simulations that end to end performance is improved 

and delays are decreased with this new hybrid scheme. They concluded that if more 

work and cross-layer design is done, it will more enhance the throughput and hence 

QoS. [61] As IEEE 802.11p tries to provide QoS to the vehicles in VANETs but when 

the number of vehicles increases, provisioning QoS is no more guaranteed. Authors 

propose a new OFDMA based MAC scheme which ensures certain QoS for users even 

when number of vehicles increases from a certain threshold. They call it soft MAC and 

showed that this new technique provides better results when there are many users in 

VANETs. [62] talk about selecting the relay vehicle and then forwarding the traffic 

through this vehicle, since there could be multiple access technologies available in 

VANETs environment, so there is a need to properly use any access technology so that 

quality of service for users could be increased, otherwise it may be the scenario that 

overall system performance may be declined due to wrong selection of network and 

access technology. [63] proposed a new routing protocol that is position based. It will 

be getting the positions of the vehicle along with their routes and then most suitable 

path will be selected for routing. It consists of three phases. After all these three phases, 

vehicle will be getting more QoS as compared with previous ones. Their simulations 

showed that there is significant difference in QoS with using this protocol. [64] talk 

about their algorithm which is cross-layer and multi-channel on MAC layer. It shares 

the spectrum sensing with the MAC layer and proposes the best available path for data 

forwarding. They used cognitive radios in order to get the free channel available that 
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particular time and then they can start their communication. So overall QoS is improved 

while using cognitive radio in conjunction with MAC layer. 

QoS issues were also focused on small latency audiovisual communication over 

wireless setups had overcome loss and delay by researchers eventually [65], by 

deploying a highly efficient audiovisual compression technique among the access 

points. The retransmission issues that TCP suffers are addressed by investigators [66] 

and estimates the Round-trip-time using a novel approach to overrule them in future. 

Some researchers have indeed tried to improve the efficiency in the communication 

environment among diversified receivers [67]. 

2.8 Prediction classification models 

Prediction on a VANETs has always been considered as a difficult task. Some of the 

well-known time series models which are being used for forecasting down the lane 

are listed as follows. They are Box - Jerkins Procedure, Holt-Winters Exponential 

Smoothing, ANN and meek linear regression. Researchers announced that the 

techniques that are used to forecast by smoothing the exponent or applying linear 

regression or deploy an adaptive generalized filter are as a whole termed as 

“extrapolative” projectors [68]. According to Wang, the subsequent models are 

characterized as the most regularly deployed foretelling models. Among them are 

Linear Regression, Auto Regression Moving Average (ARMA), and ANN Model. 

Some investigators [69], revealed that non-parametric practices largely perform 

better due to their resilient ability to seize the non-deterministic and multifaceted 

non-linearity of traffic time series. [70] Correlated different natures of Network 

under back propagation (BPN) with economical mathematical models on the data 

about inflation rate. Altered BPNs considered were: BPN, BPN with ARIMA 

(Autoregressive Integrated Moving Average) and BPN with VAR model.  
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The primary glitch with ANN is due to the shortage of clarifying ability and the poor 

choice made in constructing the approach to describe the architecture of the network. 

At present, the ANN modeling process is basically empirical. The test result showed 

hybrid BPN were similar or better than their equivalent econometric model in 

dynamic forecasting [71]. Researchers [72], made a fair study among artificial 

Neural Networks and ARIMA model using 8 years sales data collected from a 

medium sized enterprise in Brazil which revealed that ANN performs better than 

ARIMA. Investigators compared neural network with the regression model (OLS 

method was used to estimate parameters of regression model) using financial stock 

data [73]. The models performance are henceforth computed by manipulating the 

appropriate average and variance’s square root of the error percentage for which 

relevant metrics are used to compare them. As summarization of prior research on 

traffic prediction is done, it is noted that in early 1980’s wide variety of parametric 

approach was deployed such as linear/non-linear regression, ARMA, ARIMA were 

leading pinnacles in the forecasting domain. Researchers [74], forecast that the 

performance was compared between parametric and non-parametric techniques. The 

performance analysis indeed guaranteed that least square support vector machines 

provides a stable and robust approach to predict the domain. Researchers stated that 

among the maximum studied methods of forecasting, the nearby neighbor procedure 

of non-parametric regression when united with a specific constraint monitoring 

technique would portray the traffic situations in an improved way [75]. ANN 

classifier was used by researchers [76], prior to two decades for predicting the traffic. 

As time surpassed, ANN was coupled with fuzzy-logic to envisage the traffic with 

better accuracy.  
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An investigation specialist [77], clipped neural network frame with architectures of 

recurrent radial basis function and echo state network to predict wireless network 

traffic and quoted that the accuracy ranges between 96.4%and 98.3%.Eventually the 

fusion of neural network architecture in the domain of prediction had played a vital 

role and henceforth, some researchers tried to tune them more by applying genetic 

algorithm within ANN [78]. Investigators [79], had devised a new discontinuous-

time parametric random processing model, which was termed to be called as 

stochastic volatility (SV) model to predict short-range traffic. The prognostic 

enactment of the SV stereotype when related to generalize autoregressive conditional 

heteroskedasticity (GARCH) model had predicted the traffic variability with higher 

accuracy. Researchers [80], had performed a comparative study on various 

prediction models such as neuro-fuzzy model, the autoregressive moving average 

(ARMA) model and the integrated autoregressive moving average (ARIMA) model. 

The principle of deploying support vector regression practice (SVR) for forecasting, 

were hosted by [81] and had paved a way to model the traffic physiognomies and 

envisage the traffic statuses. 

2.8.1 Traditional Quantitative Time Series Prediction Models 

Traditional time series analysis have not been that successful, as they are limited to 

stationary requirement of time series and independent requirement of residuals. 

Henceforth, several novel techniques started to emerge by fusing both data mining and 

optimization techniques. The latest techniques are capable of identifying temporal 

patterns operating on selective critical components of interest/influence in prediction 

approach. The most explored approach in time series approach is the moving average 

model, which is further classified into two divisions as simple moving average and 

weighted moving average models accordingly. 
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2.8.2 Regression Models 

Regression method is one of the most widely used statistical techniques. Multiple 

regression analysis is a multivariate statistical technique used to examine the 

relationship between a single dependent variable and a set of independent variables. 

The objective of the multiple regression analysis is to use independent variables whose 

values are known to predict the single dependent variable.  

2.8.3 ANN Models 

At present, the ANN exhibiting method is fundamentally pragmatic.  

There are no well-known demonstrating procedures or assessments for network 

medley. On the further influence, in distinction with expert systems, it is impossible to 

identify by what means the network has reached to a specific outcome. Besides, 

subsequently there are no numerical concerns tangled in the ANN modeling, it can only 

fund and point conjectures.  Different time series models were considered as 

econometric models. These were: an ARIMA model, a Vector Auto regression (VAR) 

model and Bayesian Vector Auto regression (BVAR) model. Experiments showed that 

artificial neural network adjusted well with the data and provides a satisfactory forecast 

when compared with ARIMA. Tjung et al. (2010), [82] compared neural network with 

the regression model (OLS method was used to estimate parameters of regression 

model) using financial stock data. The mean and standard deviation of the % error were 

the evaluation metrics used to compare models. Authors also calculated Adjusted R-

square value. The result of comparison was that neural network is more accurate than 

OLS. The accuracy of neural network was 96% while accuracy of OLS was only 68%. 

Hence forth the ANN forecasting model is chosen to compare the prediction accuracy 

with the regression equation model. 
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2.9 Properties of Error Metrics 

The error metrics used to evaluate the performance of prediction or classification model 

approaches are RMSE, MAPE and Adjusted MAPE. 

i. MAPE is biased if the data series contains only positive numbers and it favors 

low forecast  

ii. RMSE is strongly influenced by the scale of series and is unreliable if data 

contains outliers  

iii. Adjusted MAPE or similar error metrics are more reliable than MAPE  

These metrics measure the fault based on five rudimentary potentials which are: legitimacy, 

easy to understand, consistency, presentable and have arithmetic equality (i.e. can be denoted 

in the form of mathematical equation). The RMSE is representative of the size of a typical 

error. It is measured in the same unite as the original data. It is more common than the 

mean squared error (MSE). The MAPE is another commonly used measure of 

effectiveness for purposes of reporting because it is expressed in percentage terms, 

which give us a general sense of the error even without knowledge of what constitutes 

a big error for the data set.  

2.10 Summary 

This chapter reveals the study and accomplishments the researchers had performed in 

due course related to VANETs. The literature review also focuses on the 

prediction/classification techniques that had been deployed. The survey on these 

various research articles has envisioned the proposed technique in this research article 

to probe into necessary areas and to overcome the issues. 
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CHAPTER 3 

3 RESEARCH-METHODOLOGY 

3.1       INTRODUCTION 

The hypothesis difficulty in research, was approached by studying the challenges to 

tune the parameters using the proposed RRSCM model which is extremely critical to 

accomplish correct information on the traffic over VANETs. This investigation 

emphases on the strategy, the real-world applied assessment and the scrutiny of the 

behavior over the training centered mockups for forecasting the productivity i.e. the 

inward input frequency in Megabit per second. In the put forward efforts, the proposed 

methodology involves the traffic data, Clustering and deployment of cluster heads, 

Feature Choice, Smearing proposed RRSCM and Envisaging the ROC as revealed in 

Figure 3.1. The preprocessing of information comprises of information reduction and 

translation parts, far along the traffic is congregated and the applicable cataloguing 

model proposed aids to optimize the parameters and build an adaptive prediction model 

that is primarily trained, in future gets established and verified. The predicted traffic is 

explored further by visualizing the ROC. 

3.2 Proposed Phases – Research Methodology 

The proposed phases are pondered in detail as given below. 

a. Network Initialization & Clustering: 

First of all, network will be created i.e. network of vehicles where vehicles may be 

moving or stopped. With initialization of network, all related traffic are eventually 

captured and will start getting recorded. 

 



36 | P a g e  
 

After the network is initialized, clusters are formed i.e. the network traffic is divided 

into multiple segments in order to have better management. The number of clusters may 

be different depending upon the need of the network QoS improvisation protocol traffic 

domain and the number of vehicles present. 

When clusters are formed, the next step is to select the cluster head, cluster head is key 

vehicle which will be responsible for the activities happening in the cluster. It may 

calculate the resources available and acts as a gateway in order to forward the traffic. 

b. Link Reliability Calculation & Parameters Classification  

After the accomplishment of tasks at phase 1, link reliability calculation is done. The 

reliability is calculated between the VANETs prediction parameters. The parameters 

are initially analyzed and the weight of link or in other words the correlation percentage 

of link between the predictor variable parameters and the dependent variable are 

calculated. The computed results are henceforth forwarded for classification through 

the proposed RRSCM architecture. 

The next step is to classify the parameters. The parameters are classified using RRSCM 

procedure that holds 3 major optimization algorithms running in parallel. This classifier 

will make the right appropriate attribute selection, to identify the prediction in future. 

c. Estimation of  QoS by visualization & comparison 

Finally, after the classification of parameters are done the results of the VANETs traffic 

estimation are compared to ensure better efficacy in QoS by comparison and 

visualization of the ROC (Receiver Operating Characteristic)  that estimates the traffic 

on the applications running in the vehicles and for how much time. Delay, latency, jitter 

and throughput requirements are visualized in ROC. 
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Figure 3.1. Proposed methodology 

d. Resource assignment and data forwarding 

The RRSCM procedure will be running in order to estimate the QoS and will forward 

the same to the network operator, who will assign the resources to the vehicles based 

on the demand for their applications. Once vehicles are given the required resources 

they transfer and forward data with no further issues. Here, it is made sure that the 

vehicles which undergo certain delay, latency and other strict requirements, should be 

provided those resources based on priority scaling by the administrators. 

3.3 Discriminators/Parameters classified in the dataset 

The dataset for VANETs traffic has been captured in prior and is made available for the 

researchers use at the following specified link given in Table 3.1.The VANETs traffic 

parameters are analyzed and the parameters with higher link reliability percentage are 
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showcased in Table 3.2. The VANETs traffic parameters are otherwise referred as 

discriminators. The discriminators which are used as VANETs traffic predictor 

variables in the dataset model  defines the set of data envisioned to assist in the 

assessment of cataloguing effort. Table 3.1 shown reports on the dataset being used for 

traffic training and testing stages applied over the chosen classification simulations to 

estimate the short-term network traffic. 

Table 3.1 Data set report table 

Data Set No Source of traffic data set Description 

Data-set 1 Downloaded traffic 

http://www.lst.inf.ethz.ch/research/ad

-hoc/car-traces/index.html#download 

Instances: 21648 

Fields: 249 

 

Selected attributes among the discriminators to predict the VANETs multimedia traffic 

are tagged in Table 3.2 as follows from the dataset downloaded in prior: 

12,19,26,31,38,42,43,45,47,59,74,111,113,125,133,135,137,139,141,154,155,161,171

,210,211,213,221,223,225,227,231,233,235,237,241,243,245,247 : 38 discriminators 

Table 3.2 discriminators and definitions 

Number Short Long 

12 median_data_eth_pkt Average bytes in packets 

19 total_median_data_ip Average of the aggregate bytes in IP 

packets 

http://www.lst.inf.ethz.ch/research/ad-hoc/car-traces/index.html#download
http://www.lst.inf.ethz.ch/research/ad-hoc/car-traces/index.html#download
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Number Short Long 

26 median_data_cntrl Median of control bytes in packet 

31 total_pkts_cs The total number of packets perceived  

38 sever_ack_pkts  Acknowledged (Server to Client) 

42 max_server_ack_blk Maximum-Acknowledged (Server to 

Client) 

43 unique_byts_directed The amount of unique bytes directed which 

the bytes retransmitted. 

45 count_actual_data_pkts The packets with a minimum byte is also 

counted on the payload of TCP data 

conducted from client to server. 

47 tot_actual_data_byts The over-all bytes of information perceived 

which includes the bytes retransmitted too. 

(Client to Server) 

59 push_data_pkts The packets grasped on setting the PUSH 

bit-set in the TCP header.(Client to Server) 

74 server_acks_directed Acknowledgement directed (Server to 

Client) 

 

111 

 

throughput_cs 

 

The average throughput. (Client to Server) 
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Number Short Long 

113 RTT_trials The total amount of Round-Trip-Time 

(RTT) trials are noted from Client to Server. 

125 RTT_full_size_trials_cs 

 

The entire amount of regular RTT trials are 

computed over the RTT trials of standard 

segments from Client to Server. 

126 RTT_full_size_trilas_sc The entire amount of standard RTT trials 

are computed on the RTT trials of standard 

divisions from Server to Client. 

133 RTT_full_size_SD_cs The RTT trials standard deviation from 

Client to Server is noted. 

135 inf_loss_acks_cs The number of acknowledged packets 

acquired after lost ones are noted and 

detected, for which re-transmission occurs 

from Client to Server. 

137 seg_cumm_ack_cs The amount of subdivisions that are 

collectively acknowledged and the ones not 

admitted from Client to Server are noted. 

 

139 

 

redundant_acks_cs 

 

Number of duplicated acknowledgments 

acquired from Client to Server) 
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Number Short Long 

141 triple_duplicate_ack_cs The amount of threefold duplicate bylines 

acquired from Client to Server. 

154 first_quartile_data_cs First quartile of bytes in (Ethernet) packet 

155 median_data_cs Average bytes in (Ethernet) packet 

161 first_quartile_data_ip_cs Bytes in first quartile of IP packet 

171 third_quartile_data_cntrl_cs Control bytes in the third quartile 

210 transitions_bulk_trans-mode The total transitions between transaction 

and bulk-transfer mode. 

211 Time_spnt_bulk Total time expended in bulk transfer mode 

213 Percent_bulk Time in percentage, expended in bulk 

transfer 

Discriminators 221,223,225 and 227 acquires the FFT (Fast Fourier Transform) of the 

packets inter-arrival time with the top frequencies ranked by the magnitude are noted. 

Discriminators 231,233,235 and 237 acquires the FFT (Fast Fourier Transform) of the 

packets inter-arrival time with the top frequencies ranked by the magnitude from client 

to server. 

Discriminators 241,243,245 and 247 acquires the FFT (Fast Fourier Transform) of the 

packets inter-arrival time with the top frequencies ranked by the magnitude from server 

to client. 
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The discriminators which are acting as independent predictor variables are shown in 

above table with  tagged identification numbers are 

12,19,26,31,38,42,43,45,47,59,74,111,113,125,133,135,137,139, 141, 154, 155, 

161,171,210,211,213,221,223,225,227,231,233,235,237,241,243,245 and 247 are 

being preprocessed, assembled to be categorized beneath the predictor classification 

model (RRSCM)  as exposed under and their agreeing forecast outcomes are show 

cased subsequently in appendix-c. The VANETs traffic trace has been split into ten 

chunks of approximately 1680 seconds (28 minutes) each for the ease of analysis. The 

discriminator-based characterization is scheduled for flows of predicting the VANET 

traffic. The over-all number of occurrences of the traffic is 21648 and the number of 

turfs/columns in use are accounted as 249. 

3.4 VANETs Traffic action flow description 

Every dataset is characterized as a flat-file which consists of several line-ranks of 

information. Each and every line-rank here is illustrated as an object, where in the 

network traffic flow is defined as consecutive packets roving from one place to the 

other based on the addressed site over a choice of protocol such as TCP, UDP or a 

destined port address defined at the end of the flow.  

The traffic information format includes the host source address, destination source 

address with their respective source and destination port addresses and the protocol. 

Each and every packet holds this row information. Here, the VANETs traffic dataset is 

picked based on the protocols and hereby concentrates on UDP protocols and their flow. 

The protocol UDP’s flow are precisely defined from the commencement to the 

culmination, and later do not offer themselves to the indistinct start  and finale 
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descriptions that may outbreak the flow of data entailing distinct datagrams unaided 

(such as UDP). 

3.5 Major errands in data processing and classification 

Data processing involves data scrubbing, data filling and noisy data removal. After the 

initial processing activities the VANETs traffic data is clustered and link reliability on 

the attributes are computed and finally forwarded for classification. Initially, the dataset 

is dealt with lost/misplaced values, even noisy information, recognize or eliminate 

outliers, and resolve discrepancies.  

The acquired dataset of VANETs traffic data is analyzed first and later the 

lost/misplaced values are filled. Outliers are recognized and noisy data are smoothened 

to spring precise reliable information. 

I. Data scrubbing  

a. Acquisition: 

Data acquisition is performed by exploring the captured VANET dataset traffic, holding 

them as a flat file (Attribute Relation File Format) and later the lost/misplaced values 

are packed. Outliers are recognized and noisy data are henceforth evened up to descend 

accurate reliable information. When the data is dressed, the data procurement can be 

performed from among the below specified ways. 

 DBMS holding the relevant data 

 Protocols: ODBC and JDBC (connect the database, when used a DB file.) 

Data set acquired in the investigation is done as a flat-file with secure attribute setup. 

The delimited layout can embrace any other characters such as the tab, comma “,” or 
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others. E.g. Weka “ARFF” have a practice to norm comma as the delimiter for the data, 

where the attributes delimiter are converted into exclusive series. Furthermore, the 

acquired data files are translated to a customary setup (e.g. ARFF or CSV). 

b. Missing data filling: 

There may occur some traffic capture that could lead to a few misplaced or lost data 

and through up inconsistencies with the other recorded data and thus would henceforth 

probe in misunderstanding and the deleted data would not be entered. At some point of 

entry nearly few data may not be considered important. Henceforth, missing data should 

be inferred. 

Handle missing data is regularly performed when session tag is lost (supposing errands 

on the cataloging are inactive and the ratio of missing values per column differs 

significantly.) 

Seal in the lost/misplaced value manually: Fixing the lost values is a tiresome task 

and not viable – it requires extra man-power.  

To fill the missing values of the parameters average value is plug-in the place of the 

lost or misplaced assessment, or use the attribute’s variance added to the average on 

every trial allowing it to fit into the similar session to seal the lost or misplaced 

assessment in a clever way. In here, the best possible assessment is computed based on 

the inference based Bayesian formula and fills in the missing value. 

c. Noisy or Corrupted Data 

Noise referred in here stands for haphazard mistake or inconsistency measured upon a 

VANETs traffic prediction parameter. Improper attribute values might have raised due 

to defective information gathering instruments or data-entry glitches or data broadcast 
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hitches or technology restriction or contradiction during specification of naming pact. 

Additional information complications entails data scrubbing over redundant archives, 

partial data, and unreliable data. 

Methods to deal with the noisy or corrupted data are: 

1. Discarding technique: Initially categorize the data and divide them into (equi-

depth) cases. Then it becomes easy to smoothen it by average or by median. 

2. Assembling or Clustering: Identify then eradicate outlier. A Joint venture with 

both computer and human examination would detect suspicious values and 

finally would be checked by human manually. 

3. Regression: Fitting the information into regression functions 

After acquiring the VANET traffic dataset, filling missing data information and noisy 

data discarding is done. Later, transformation of the data is done to generalize to 

multiple classes by using the stratified samples. Further it is ensured that every session 

is characterized with almost equivalent scopes in training and testing stages. 

II. Data classification: 

After data processing, the clustering is performed by EM algorithm which is 

elaborated in the architecture action flow scheme of RRSCM and the link reliability 

percentage calculation is run over the VANETs traffic prediction variables for selecting 

the appropriate attributes for classification. 

The link reliability aids in selection of the corresponding attributes and are forwarded 

further for classification using the RRSCM procedure. The exertion emphasizes on the 

scheme, the practical appraisal and scrutiny of the conduct which will train the proposed 
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model classifier to predict the throughput which will forecast the arriving input degree 

in Megabits per second.  

III. Data investigation and clustering: 

An erudite explanation on a VANETs traffic behavior were constructed upon a multi-

fractal behavior analysis was presented by Riedi et al and Feldman et al [83]. Their 

studies revealed that the analysis yields better generalized self-similar behavior over a 

VANETs traffic. Mono-fractal behavior on a traffic is basically processed based on a 

single invariant parameter referred as the Hurst parameter. Therefore, the multi-fractal 

behaviors are exactly conflicts to the mono-fractal. Henceforth, statistical models 

derived over multi-fractals represent the network behavior in a more precise and broad 

way. It allows the traffic to be witnessed over several time scales and describes the 

irregularities.  

3.6 VANETs Traffic Investigation  

The investigation on the VANETs traffic over the network is downloaded from the web 

link specified in Table 3.1. The captured VANETs traffic file will be used to study the 

behavior of the traffic. With relevance to the time stamp of the traffic that is captured, 

the stored trace file is explored further and simulated in cascade pilot edition of 

Wireshark. This investigation tool affords proper prominence via real-time traffic 

observations and analysis. It can run on multiple platforms such as Microsoft, 

GNU/Linux and is labeled to be as a cross-platform software. It withholds the ability to 

comprehend the edifice various protocol domains, on which analysis can be implanted. 

Regardless of all its capabilities the tool has the potential clout to analyze the episodic 

packet exchanges among the nodes in a vehicular grid. Many researchers have used this 

tool to analyze the PDR and RSSI (received signal strength indicator). A standard 
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*.pcap trace file is used to analyze the behavior of the VANETs traffic. It indeed 

supports a wide variety of charts and graphical representation that enables the analyst 

to investigate on the trace files in detail. Wireshark is one such unique program that can 

be run on any mobile station or router or swarm to capture the packets according to 

constraints specified to filter the VANETs traffic.  

 

 

Figure 3.2 VANETs traffic-bytes per second 
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Figure 3.2 Showcases a sample VANETs traffic flow that permits to glance assessment 

on the bandwidth based on the traffic category that aids to witness the nature of the 

VANETs traffic behavior.  

3.7 VANETs Behavior Modeling – Initialization 

The behavior modeling of a VANETs traffic demonstrates a major part in defining the 

accurate prediction of traffic and helps to improve the performance of the system. As 

the accuracy/precision elevates in behavior modeling the prediction system is 

quantified in a better way with respect to performance. In modeling the VANETs traffic 

behavior, the extended series dependencies are one among such vital features that has 

to be captured.  

The high bursty behavior in the VANETs traffic results due to long range dependency 

(LRD), it enhances the demand on transport ability of a system. The initial models that 

had emerged over the prior period of time were poisson-based which had comforted the 

analysts to acquire on a network application traffic.  

The VANETs traffic is now split accordingly to visualize the behavior as shown in 

Figure 3.2.The VANETs traffic with a self-similar behavior and extended series 

dependencies entails substantial variations to traffic models. Figure 3.3 shows the 

comparison of the bits/bytes and vision the graph. It permits the user to visually 

recognize smaller packets/larger packets. 

The succeeding exploration hints the encounter of multifractal, mono-fractal or self-

similar behavior that conduct disseminations based on the file dimension and 

demonstration period. To categorize the invariants behavior at every specific layer they 

are further explored in command to portray the behavioral delivery outlines in detail. 

Some of the properties are being exposed in the traffic and are summarized as 
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showcased in Table 3.3. The invariants behavior over the VANETs traffic has exposed 

the behavior of UDP as self-similar and heavy tailed. 

 

Figure 3.3 VANETs traffic packets per second 

Table 3.3 Invariants over a VANETs traffic [84] 

 

VANETs Traffic  Protocol Layer-

Levels 

Behavior Disseminated  

FTP  application layer Pareto tail  

Traffic going on 

TCP level 

transport layer self-similar  

UDP connections / 

Web Session 

transport Layer Self-similar/ Heavy tailed 
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Henceforth, the behavior modeling for VANETs traffic seems to be quite critical. To 

probe in further and yield the other ways for modeling, the trace file format is eventually 

teared apart and explored to see if any other behavioral instance could be modeled. 

 

3.8 Trace file format – Clustering 

The .pcap files (Packet CAPture), comprises of application programming 

interface (API) for catching the network traffic. The .PCAP is a format used by packet 

sniffing software like Ethereal or Wireshark. The general format of pcap data is shown 

in Figure 3.4. 

 

Figure 3.4 .Pcap compatible data format 

The granularity of the time imprint is a significant factor in measuring the VANETs 

traffic dimensions. In our trace, timestamps have numerous milliseconds precision even 

though they seem to have the order of microsecond course because there are six decimal 

digits [85] were dictated by the researchers Paxson and Floyd at 1995. In due course as 

the VANETs traffic is being captured/imported, Wireshark acquires the time casts from 

the libPcap (WinPcap) library, where the kernel of operating system paves a path way 

to acquire them. As the seizure facts are loaded from a trace file, Wireshark apparently 

catches the facts from that file. The accurate time casts reinforced by the captured trace 

file differs in format broadly. It varies from a second “0” to a nanosecond. There exists 
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many other file formats that may save the time stamps with a better fixed precision 

(probably in Microseconds), where there were some more file formats are able to store 

the time stamp accuracy itself. 

3.8.1 The "Packet Window-Pane List"  

The packet window pane parades the packet list on captured file as shown in Figure 

3.5. 

 

Figure 3.5 The "packet window-pane list" 

Every line in the above window pane list relates itself to a packet on a captured trace 

file. As a selection is made over the collection of packets listed over the pane, it displays 

the packet details and packet bytes. The captured VANETs traffic trace file format is 

expounded in detail as shown in Table 3.4 (A). 
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Table 3.4 (A) VANETs traffic trace file format 

Field label Explanation 

      No 

It beholds the number of the packet on the captured traffic file. The 

number does not get altered even when a filter is been applied over it.  

Timestamp Indicates when it had captured the packet. 

Src  IP address & port of source. 

Dst IP address & port of destination. 

Protocol The protocol term is abbreviated in short. 

Info  Supplementary information on the packet  

 

3.8.2 The "Packet Window-Pane”  

The packet window pane displays the information of the present packet (that has been 

selected on the "Packet Window-Pane” list) which is hereby depicted as a hexa-dump 

style as set on Table 4.2 (B). 

Table 3.4 (B) Packet bytes-pane format 

000001 00 b0 1c b7 06 6d 00 10… 

000009 5b a1 b1 13 09 10 56 01... 

000011 03 67 01 00 00 00 0c 2d... 

000017 be 34 9f 18 18 7f 1f 10 00... 

000021 13 83 94 14 00 00 10 11... 

000029 16 a2 0a 00 03 50 01 1c........ 

000031 11 01 3f 19 03 80 11 11........ 
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In the showcased hexa-dump, the left side displays the relevant displacement of the 

packet information, the mid part of the packet information is exposed in a hexa-decimal 

illustration and finally, the right relates to  ASCII typescripts that are exhibited as shown 

in Table 3.4 (B). On exploring the VANETs traffic capture in detail, it is noted that the 

instances pave a major role in determining the traffic exhibited. So, the correlation 

between the instances could be mapped to determine the behavior of the traffic.  In 

conclusion, the customized VANETs traffic is filtered (w.r.t UDP flows) and the traffic 

load information is obtained by copying the carefully chosen charts to the clipboard in 

CSV (Comma Separated Values) format.    

Later, for pre-processing the sniffed traffic on the Weka tool initially the .pcap file is 

converted from .pcap to .csv file format using Wireshark. Then the packet dissected are 

exported in csv to .arff format as it is readable in Weka with features. The ARFF 

(Attribute Relation File Format) is used to describe features, while pcap is used to 

describe packets. The benefit of ARFF or CSV files is that they can be generated 

without any further added classes moreover the ones from the Weka.  

3.9 Summary 

In here, there emerges a behavior modelling that has led us to a novel innovated 

prediction approach based on rich correlation construction. As a consequence the 

prediction approach presented in the next forth coming chapter yields smaller prediction 

error in comparison other prediction procedures. Henceforth modeling the VANETs 

traffic behavior harvests better results on prediction. 
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CHAPTER 4 

4 RRSCM - CLASSIFICATION MODEL 

4.1       INTRODUCTION 

The proposed RRSCM procedure has the action flow that involves Pre-processing the 

traffic data, Clustering, Link reliability on Attribute Selection, Applying parameter 

classification and Visualizing the QoS estimation are shown in Figure 4.1. The data 

processing of data involves data scrubbing and transformation phases, later the traffic 

is clustered and the relevant classification model is build which gets initially trained 

and later tested. The predicted VANETs traffic using the equation is visualized in ROC. 

The phases of the RRSCM architecture are elaborated as follows. 

4.2      RRSCM – STAGES IN ACTION 

RRSCM: Step 1 – VANETs traffic collection: Initialization 

There exists numerous ways to collect a trace, where the packets arrival, departure and 

other associated information are recorded regarding flow of the traffic. A traffic trace 

which has been used by researchers are collected here for the evaluation purpose. The 

VANET traces were downloaded from the following link: 

http://www.lst.inf.ethz.ch/research/ad-hoc/car-traces/index.html#download 

RRSCM: Step 2 -Pre-Processing  

Data from files with the extensions of ARFF, CSV, and C4.5, binary can be imported 

and processed accordingly. Using JDBC data can also be claimed from a specified 

domain address or from a database. The tools deployed to perform pre-processing of 

the data imported is done with filters. The filters tend to discretize by transferring the 

continuous data into discrete counterparts and are normalized further by eliminating the 

http://www.lst.inf.ethz.ch/research/ad-hoc/car-traces/index.html#download
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properties of gross influences. They are later resampled and appropriate attributes are 

selected for the forecasts. 

The trace file downloaded from the given link is run through NS2 Visual Trace 

Analyzer, an application capable of analyzing NS-2 trace files which makes 

graphics/statistics of the captured traffic. The graph is then exported with its data to 

CSV, so that it can imported into the SPSS for analysis and indeed convert the same to 

ARFF format to run on the proposed RRSCM deployed on WEKA. 

 

Figure 4.1. Proposed action flow scheme. 

The tools WEKA and SPSS henceforth use the data files imported as .ARFF and .CSV 

files. As the data files .ARFF and .CSV are generated from the traffic trace downloaded 

as specified in phase I, its thereafter connected. In order to create compatible train and 

test set, batch filtering is necessary which is a filter approach that is straightforward, 

RRSCM 

Downloaded VANETs traffic 

Preprocess 

Cluster 

Visualize & 

compare 

Train & Test 
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it just filters the data through the filter and obtains the reduced dataset. Traffic traces 

are imported as .ARFF and .CSV data files to be used in WEKA and SPSS accordingly. 

Batch filtering is deployed to reduce the dataset further.  

RRSCM: Step 3 - Clustering  

After data processing is ensured the size or volume is reduced as the VANETs traffic 

is clustered and represented, but yet it yields equivalent or alike investigative outcomes. 

Clustering strategies: 

As the dataset of VANETs traffic encloses accumulated information on a distinct unit 

of importance. Multiple levels of aggregation in data cubes are done. Later, the 

selection of the parameters are to be made in order to optimize the work and enhance 

its efficiency. The choice should minimize the attribute set based on their importance, 

where the scrutiny is made and it is ensured that the attribute of choice will get us the 

original possible values. Henceforth, it is accepted that the reduction of the number of 

patterns of choice will enhance the efficiency and also will make the task easier for the 

users to deploy them over a class of training and testing phases. 

VANETs similar instances in the dataset are grouped together. Clustering is performed 

by EM algorithm, the reason why and how is revealed as follows. The Cluster analysis 

groups the traffic flow based on the flow attributes. An auto-class algorithm otherwise 

referred as EM algorithm (Expectation maximization) fixes the best set of predictor 

attributes to be used. Henceforth, it withholds a two-step action that initially guesses 

the parameters at the expectation-level and later, re-estimates the parameters mean and 

variance as they converge to the local maximum. It uses a Bayesian score to stamp and 

hold the best parameters to be used in for the prediction in future. The justification 

given to choose this clustering approach is based on 2 points.  
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1. Time to build is less considerably compared with the other clustering models 

2. Absolute error is quite low. 

RRSCM: Step 4 - Classification  

Among the chosen reduced clustered VANET traffic data, if there exist 2m probable 

sub-characteristics of m features. Initially, attributes with no or petite variability are 

detached and scrutiny on the distinctive turf/column values are done. Law of fist on the 

selection procedure is applied here to eliminate a field wherever nearly all values are 

identical (e.g. null), excluding perhaps the minimum percentage of reliability on the 

traffic parameter archives. Minimum percentage possibly will be 0.5% or further 

normally a smaller amount than 5% of the targets on the tiniest session. The better way 

is to follow the law of fist on selection procedure of attributes and retain the best 

turfs/attributes. 

Classifiers are prototypes which are applied for predicting trivial or numeric quantities. 

The proposed predictor classification model (RRSCM) Refined Regression Statistical 

Classification Model is applied, tested and compared with ANN classifier. The basic 

element classifier build in weka adopts the regression function to classify the instances 

based on its correlation with the dependent variable (DV). The proposed predictor 

classification model (RRSCM) Refined Regression Statistical Classification Model is 

applied to overcome issues of linearity, auto-correlation, multi-collinearity and 

normality. Later the VANETs predicted traffic is trained and tested along with the 

actual traffic. 

RRSCM: Step 5 - Visualization & Comparison 

The pictorial representations are very useful in comparing the results and helps the 

investigators further to regulate toils of the learning issue by deploying respective 
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classifiers. Why visualization? The ROC (Receiver Operating Characteristic) Curve 

focuses on TPR and FPR (i.e., True positive/False positive rates). The TPR defines 

exactly how many correct positive outcomes arise amid of all positive trials available 

during the test. FPR, on influence, describes exactly how many inappropriate positive 

outcomes arise amongst all negative trials offered during the test. 

 

Figure 4.2. ROC grid space 

The ROC space grid is well-defined by false positive and true positive as their 

corresponding x and y axis as shown in Figure 4.2. The prediction results yielded by 

the RRSCM classifier on the selected 38 attributes may fall in any of the four categories 

of the space grid as shown below. It can be true positive (TP), False positive (FP), false 

negative (FN) or true negative (TN). The dotted diagonal line splits the ROC grid into 

two slots and the results of the classifier model are interpreted in such a way that the 

prediction results yielded along the upper diagonal line in the grid space from the left 

bottom to the top right angles are marked or graded to be a perfect classifier rather than 
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the ones lying low below the diagonal grid space. In context to the ROC curve depicted 

at Figure 4.3. 

 

Figure 4.3. ROC for predicted Multimedia traffic 

Henceforth reveals that, all the results/points yielded upon the classifier RRSCM lies 

above the upper diagonal line in the grid space from the left bottom to the top right 

angles. So, this henceforward helps us to justify that the classifier yields better 

prediction result as the TP rate is noted to be high. 

The proposed RRSCM involves the following activities, the activity work flow diagram 

is shown in Figure 4.4. 

𝑌𝑖 = (𝛼 + 𝛽 ∗ 𝑃𝑉𝑖 +  𝜀𝑖)                                     (1) 

In Ordinary Least square (OLS) model the equation 1, represents Y as a Dependent 

variable, PV as independent predictor variable, ε- Error. Here, we estimate the 
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parameters (α , β are slope intercept and influential factors for the PV’s), given the data 

for PV. This equation is refined further based on the assumptions. 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.4. Proposed working architecture of RRSCM. 

The proposed RRSCM model uses the same statistical regression equation but revised 

and refined on applying some postulates. The defined postulates re-transform the 

parameters influencing the prediction of traffic and help us to yield a perfect forecast. 

The details are represented with a diagram on Figure 4.5. 

 The independent variables or predictor variables referred as IV or PV (attributes 

that contribute the traffic) over the dependent variable (DV) are show cased as 

x1, x2, x3…xn.  
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 The discriminators/parameters/attributes referred as IVs have corresponding 

influences represented as β1, β2, β3… βn for the traffic that is to be predicted 

as Y (dependent variable referred as DV).  

 A simple change in any of the independent variables influences β1, β2, β3… βn 

will reflect on the computation of Y (DVs), the predictable traffic.  

 In case, all attributes at a point do not contribute any influence over the predictor 

variable Y (DV), then there exists x0 an assumed PV which is always 1. 

 Hereafter, x0 hold an influence α otherwise stated as the intercept coefficient on 

the predictor variable Y.  

 α is a constant, intercept coefficient in the equation as it would influence and 

yield Y.  

Postulate 1: Addresses the linearity issue 

Postulate 2: Reports the homoscedasticity, or equal Y variance across the values of X 

(independent variables) 

Postulate 3: Uncorrelated standard errors terms 

Postulate 4: Normality of the standard error terms 

All the 4 postulates are framed to check and rectify the issues in case of violations 

during predicting the traffic.  

Postulate 1:  

The postulate on linearity check is safeguarded by calculating the standard error term 

on every observation. The standard error is measured as shown in Equation (2).  

𝜀 =  √𝑝(1 − 𝑝)/𝑛                                                                                                  (2) 
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Where n is the sample size and p is the reported standard error proportion. As a check 

on such standard error ε equated to zero, it guarantees linearity and henceforth is 

showed that the expected standard error E (ε) is to be assumed zero as shown in 

Equation (3). If the condition is violated the corresponding Independent variable (IV) 

will be transformed by the proposed RRSCM classifier model. 

𝐸(𝜀) = 0                                                                                                                                                    (3) 

Postulate 2: 

For a particular value of x (IV) there are possibilities to yield several values of y, which 

when plotted over the graph will reveal variability (variance,𝜎𝑦). It is observed that the 

variability of y (𝜎𝑦1) to (𝜎𝑦𝑛) should be equal as shown in Equation (4). The squared 

variance of individual y (𝜎𝑦1
2 ) 𝑡𝑜 (𝜎𝑦𝑛

2 )  components with respect to every independent 

variable x should be the same and are finally equated to a constant term.  

𝜎𝑦1
2 = 𝜎𝑦2

2  = 𝜎𝑦3
2 … = 𝜎𝑦𝑖

2 = 𝜎𝑦𝑛
2 = 𝜎2                                                                              (4) 

𝐸(𝜀2) = 𝜎2                                                                                                              (5) 

This shall also ensure the constant variability on the Expected squared standard error 

term𝐸(𝜀2), as its variance is squared(𝜎2). As shown in Equation (5) the Y variance 

remains the same across the X (IVs). In case if it is violated, then the attributes will be 

transformed to avoid heteroskedasticity. The issue of heteroskedasticity raises, as the 

variance of Y differs accordingly with the corresponding IVs. 

Postulate 3: 

The standard error terms for an observation i and observation k yields error terms of εi 

and εk respectively. The expected co-variance (COV) between the error terms εi and εk  
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𝐸 (𝐶𝑂𝑉(𝜀𝑖, 𝜀𝑗)) is expected to be zero to guarantee uncorrelated error existence as 

shown in Equation (6). 

𝐸 (𝐶𝑂𝑉(𝜀𝑖, 𝜀𝑗)) = 0                                                                                           (6) 

As there are n errors, the co-variance between the errors shall have a matrix with 

diagonal elements, whose variance will be zero and the error will follow a normal 

distribution as stated in postulate 4. 

Postulate 4: 

As there are n observations, there exists n error terms (𝜀1 … 𝜀𝑖 … 𝜀𝑛) which is said to 

follow normality or normal distribution (N). The error terms take care of the variability 

issue, helps to acquire a good generalization and achieve better prediction results. 

Henceforth, this shall come true if and only if normality is achieved as specified in 

Equation (7). 

𝜀𝑖  ≈ 𝑁 (0, 𝜎𝑦
2)                                                                                                    (7) 

The standard error rate εi will follow a normal distribution (N) within a range of 

minimum zero and the variance (sigma/𝜎) squared for y (𝜎𝑦
2). All these postulates when 

violated may result in discrepancies during the forecast. Henceforth, our RRSCM 

proposed classification model algorithms are deployed in weka that overrides all these 

issues and yields perfect classification results as shown in ROC diagram. 

If all the illustrated four hypothesis are held good or fulfilled then OLS will give the 

best unbiased estimation. If the assumptions are violated, if the first assumption is not 

met or violated then it means that there is a biased element estimation made. If postulate 

2 is violated, is a crucial assumption. The variance of some of the observations will be 

different with the variance of the other observations which leads to the issue of 
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Heteroskedasticity. If postulate 3 is violated, relates to issue of auto correlation. If 

postulate 4 is violated, find that the error term does not influence the independent 

variable. The norms and corresponding issues when violated are listed in Table 4.1. The 

adopted algorithms to overcome the violations are briefly discussed in detail. 

Estimation of 𝛽°  for the equation is obtained as, 

𝛽° =
∑ 𝑋𝑌

∑ 𝑋2                                                       (8) 

𝛽° as shown in Equation (8), customs mean and variance and the expectation of 𝛽°  is 

equal to 𝛽 then it concludes that it’s not a biased estimate, otherwise is dictated to be 

biased. 

Table 4.1 Norms and issues filtered in RRSCM. 

Violated Norms Issues 

Postulate 1 Biased estimation (Algorithm 2) 

Postulate 2 Heteroskedasticity (Algorithm 3) 

Postulate 3 Auto-correlation  (Algorithm 4) 

Postulate 4 Multi-collinearity (Algorithm 1) 

 

Algorithm 1: Removal of multi-collinearity 

Let us assume the model contains independent variables PV1, PV2, PV3…PVn and the 

dependent variable is Y. 

1: Do perform on each forecaster variable 

2: Regress PV1 on PV2, PV3…PVn and the variables on the PV-list  

3: IF (1-R2 > 4 * 2.22e-016) then add PVn to the PV-list 
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4. else Add PVn to MC-list 

5: Increment i by 1 

6: While (i >= n) 

// i is the number of the observation noted, R2 is the ratio among variance of the 

model's predictions to the variance of the dependent variables. (PV-Predictor 

variable, MC-Multi-collinearity) and PV-list holds the predictor variables that are 

selected for future computation.MC-list holds the rejected PVs that may lead to the 

issue of multi-collinearity. 

 

Algorithm 2: Identify outliers 

1: Let P=Number of Model terms PV1, PV2, PV3…PVn 

2: Let N= Number of Observations on the dataset 

3: Compute FIT= 2* sqrt (P/N) 

4: For each observation perform 

4: If (Observation > FIT) then Add to Outlier-list. 

5: End for // outliers are observations with superior average forecaster values, which 

misleads to incorrect prediction results. 

 

Algorithm 3: Weighted Regression  

1: For each regression variable compute 
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2: WF= 1/ Standard-Deviation2  

3: End for  

// weights are inversely proportional to variance, weights are applied over the PVs 

to make the estimation more precisely. 

 

Algorithm 4: Auto-Correlation 

1: For each observation at time t, perform 

2: Compute d= 2*(1-r) 

3: If d< d-lower critical value then msg “Positive auto-correlation exists”. 

4: If d > d-upper critical value then msg “NO-Positive auto-correlation exists” 

5: else msg “Inconclusive result” 

6: If (4-d)< d-lower critical value then msg “Negative auto-correlation exists”. 

7: If (4-d) > d-upper critical value then msg “NO-Negative auto-correlation exists” 

8: else msg “Inconclusive result” 

9: End for // r is the correlation between the PV and the DV. 

Algorithm 1, guides the selection of attribute via the perfect pathway. The multi-

collinearity issue is measured with the formula given in line number 3. It can be 

measured by tolerance and variance inflation factor (VIF).  

Tolerance is the variance percentage that is unaccounted by the other independent 

variable. Tolerance is a multiple regression analysis were the independent variable is 

regressed with the other independent variables in the MR analysis, which derives R2 
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value is obtained. 1-R2, leftover of variance which not accounted for is considered as 

tolerance. Tolerance values are mostly .10 or less are sighted as problematic. As 0.20 

is the lowest suggested tolerance value, which may further lead to instability. VIF is the 

reciprocal of tolerance. VIF is correlated with tolerance, it indicates the degree of 

inflation of the standard error rates due to the levels of collinearity or multi-collinearity. 

VIF values of 10 and above will sighted as problematic. Here the standard error rates 

are supposed to be inflated by factor of 10 or above where there wouldn’t be any 

correlation between the independent variables. Stability is achieved in the selection of 

predictor variables by avoiding multi-collinearity are through the removal of redundant 

variable, aggregating similar independent variables/attributes of choice and by 

increasing the sample size.  

Algorithm 2, concentrates on identifying the PVs that may mislead the estimation by 

producing higher/increased coefficients. A standard regression model is 

mathematically represented as depicted in Equation (9), in which Yj is the jth observed 

predictor variable value, PVij is the jth observed predictor variable value for ith variable 

and CEi is the regression coefficient to be defined. M will be the number of data points 

and N signifies the number of terms in the regression equation. 

Algorithm 3, it is noted that all errors have the same significance, henceforth the 

variation in error significance is showcased by using a weighted regression as 

represented in Equation (10). 

𝑆 = ∑ (𝑌𝑗 − 𝑝𝑓(𝑥))
2𝑀

𝑗=1                                      (9) 

Where,  𝑝𝑓(𝑥) = ∑ (𝐶𝐸𝑖 ∗ 𝑃𝑉𝑖𝑗)
𝑁

𝑖=1
                                  (10) 

𝑆 = ∑ 𝑊𝐹𝑗(𝑌𝑗 − 𝑓(𝑥))𝑀
𝑗=1

2
                                              (11) 
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Here, the squared difference between the perceived 𝑝𝑓(𝑥) and forecast value 𝑌𝑗 is 

multiplied with the weights (WF) computed accordingly as formulated in algorithm 3 

and are further verified for auto-correlation issue by algorithm 4. These boosting 

techniques are introduced into traffic prediction by exploiting all possible regression 

equations to have the best forecast of the traffic.  

The general form which is used to predict the traffic as shown in Equation (11). The 

variables pv1, pv2, pv3…pvn are the independent-variables that help us to predict the 

dependent variable. The dependent variable dataset relies on the dissected traffic on the 

network biased on the protocols, which leads us to the generation of the prediction 

equation. Table 4.1 projects the issues that has to be overcome to have an unbiased 

prediction estimation. The formula for calculating Coefficient Correlation (r or R) 

between the dependent and the independent variable is given in Equation (12). 

Everywhere r and s are independent and dependent variables respectively.  

       








2222

)(

srnrrn

srsrn
R                      (12) 

Algorithm 4, verifies for the auto-correlation issue. In this algorithm 4, the error 

correlation on various observations are noted and those PVs are transformed further to 

yield appropriate accurate prediction results. These boosting techniques are introduced 

into traffic prediction by exploiting all possible regression equations to have the best 

forecast of the traffic using our proposed RRSCM model. 
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Figure 4.5. Parameters flow that impact the forecast 

 

4.3 SUMMARY 

After the classifications using the classifier models the predicted traffic undergoes a 

model comparison to evaluate the performance metrics and is visualized in ROC. In 

this chapter, the algorithms are described to showcase that the hurdles of normality, 

heteroskedasticity, multi-collinearity and auto-correlation are removed. This highlights 

the unbiased selection of the optimized parameters from the discriminator list. 
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CHAPTER 5 

5 VANETs TRAFFIC CLASSIFICATION ESTIMATORS  

5.1       INTRODUCTION 

In this chapter, the conception of the graph and traffic trace files explored over the 

gathered sniffed traffic on VANETs in the earlier chapter, has helped us to realize the 

fractal behavior and had paved a way to advance the eminence of provision on 

predicting the traffic in future. The prediction of the VANETs traffic is dragged towards 

the study or observations captured as a trace file and are narrowed down towards the 

protocol dissection. Initially, ANN (Artificial Neural Networks) is approached to 

predict the traffic of the VANETs, as ANN is quite well-known to resolve the 

engineering issues and are demonstrated by many researchers for successful traffic 

engineering in early 1990’s. ANN is supposed to deploy various architectures to enable 

better learning on the historical data and aids the investigators for a precise forecast 

based on the training. Henceforth there requires no mathematical modelling to unravel 

the forthcoming cases in future. 

The alike and deviating environment of VANETs traffic, brands high precise estimation 

of it which is to be likely impossible and difficult. VANETs traffic forecast requires 

perfectly fitting traffic prototypes which may seize the numerical features of the 

real/authentic traffic. Later, the correlation is computed and its coefficients to be 

deployed for predicting a short-term VANETs traffic are formulated. The residuals 

computed using the SPSS will accelerate the prediction accuracy and helps to elevate 

the performance of the regression prediction model. Finally, to facilitate the prediction 

equation the standard error rate is also estimated using our novel technique RRSCM is 

applied to evaluate its performance over the other classification models. 
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5.2 ANN APPROACH 

The genetic neurons that had built our human retention had triggered the evolution of 

the ANN computational scheme. The ANNs imitates the actions of the brain and maps 

the patterns with the neurons involving them to solve the issues.  

A Unique utmost vital feature of ANNs is that it can realize concealed configurations 

from data groups (Liang, 2004), and resolve intricate glitches especially as there exist 

no measured model.  Besides, ANNs stay generally resistant to the tainted and 

abnormalities existing on the data (Liang and Liang, 2006; Park, 2009).  ANN 

knowledge is typically constructed on dualistic information groups: the training data-

set and the endorsement set. The training castoff a novel simulated neural setup and 

directs it to get prepared for the upcoming test period. The endorsement set castoffs 

later as the neural setup trains and weighs its performance.  

5.2.1 NEURO SOLUTIONS 

Extrapolation illustrates an acute part in commercial forecasting. Traffic prediction is 

necessary for network managements such as resource apportionment, buffer managing, 

and congestion regulator. The Neural Builder aids to build the neural system by 

choosing the factors with considerations. The stages that are dealt by the neural expert 

are henceforth segregated into 4 categories and they are classification, prediction, 

function approximation and clustering. Prior to the entry the parameters of choice are 

taken into practice the neural system and yield anticipated traffic as an outcome to 

ensure appropriate training. 
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Figure 5.1 Action stream diagram for traffic forecast using ANN 

The steps involved in the ANN model are illustrated in the flow diagram given in Figure 

5.1. Initially the data is to be preprocessed by translating the columns that has to be 

tagged as symbols. Then the data is analyzed by computing the correlation and plotting 

the scatter graph. The data is finally tagged for prediction as shown in Table 5.1. 

Table 5.1 Data tag options 

Menu Description 

Column by means of 

Contribution 

Labels the nominated pier of data as Input 

Column by means of 

Preference 

Labels the designated pole(s) of data as Chosen 

Column by means of Sign Labels the carefully chosen column(s) of data as 

Symbol 

Row by way of 

Preparation 

Labels the designated row(s) of data as Training 
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Later a training feedback is generated and training preferred archives from the 

respectively identified cross segments inside the active log of records. Then and there 

it builds the network model and twitches the Neural Builder which directs via the stair 

that steps forward to design an innovative Neuro Solutions breadboard architecture. 

After the creation the training is activated for the Neuro Solutions and the breadboard 

is invoked N epochs through altered arbitrary preliminary conditions. Finally therefore, 

it generates a statement of summarized outcomes and moves forward to the testing 

phase. The test mode active Neuro Solutions breadboard on a selected data set, produces 

a statement of upshots. It also performs a comparative analysis on the chosen data set. 

As and when the construction of the MLP is made, the nominated parameters are 

customized with the concealed layers, infused with processing essentials and the 

knowledge inculcating procedure. To optimize it further we use genetic algorithms. The 

Data Manager permits the files to be imported from MS-Excel or even text files which 

has already been gathered from the Wireshark that initiates the data analysis operations.  

The data is then directly loaded to the Breadboard or the facts shall be used to create a 

new-fangled neural system as shown in Figure 5.2. 

 

Figure 5.2 A breadboard with a neural network architecture 



74 | P a g e  
 

Neural setups in ANN guise and remind of human mind in subsequent conducts: 

1. A neural system obtains information over learning. 

2. A neural system's mastery is warehoused inside inter-neuron linking powers 

well-known as synaptic weights or loads. 

The ultimate supremacy and benefit of ANN deceits in the capability to characterize in 

cooperation the undeviating and deviating associations and their capability to absorb 

these relations straight from the data exhibited. Outdated linear prototypes are simply 

scarce when it comes to demonstrating data that encloses deviating features. The utmost 

frequently used neural system model is the multilayer perceptron (MLP). This category 

of neural system is acknowledged as an administered network that is supervised since 

it needs an anticipated yield in order to learn. The objective of this kind of network is 

to generate a prototype that appropriately draws the contribution to the produced 

outcome via earlier data so that the model can then be used to yield the outcome as and 

when even if the anticipated yield is mysterious. 

5.2.2 COMPONENTS OF NEUROSOLUTIONS  

5.2.2.1 Neural Builder 

According to the specifications of the data to create a neural system architecture using 

NeuroSolutions coordinates with two wizards. The supreme vital wizard on higher 

precedence is the Neural Builder that deploys the designed traffic based on the specified 

choice of architecture that is to be built. Among the choice of the various existing 

architectures a few are dictated as follows and they are, Multilayer-perceptron (MLP), 

radial-basis function (RBF), recurrent-networks, CANFIS and Support Vector Machine 

(SVM). 
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5.2.2.2 Neural Expert 

The secondary wizard referred as the Neural Expert that resolves issues in the 

architecture (Classification, Prediction, Function Approximation or Clustering) as 

shown in Figure 5.3. The Neural Expert wisely chooses the neural setup dimension and 

architecture which could yield us better or noble results. NeuroSolutions is a tool with 

abundant flexibility, as soon as the network is constructed changes can be made with 

respect to the interconnections and can also augment in new modules. 

5.2.3  IMPROVING NEURAL NETWORKS 

To enhance the performance of the neural setup in ANN, genetic algorithms can 

be infused. The fusion of GA helps the ANN to choose the parameters wisely. In 

overall, genetic procedures are used in unification with neural systems in the subsequent 

four means. They are listed as shown below. 

* To select the finest contributions to the neural system. 

* To optimize the neural system factors. 

* To train the authentic network weights. 

* To enhance adaptability by updating the ANN architecture. 

 In all these circumstances, the neural setup accountability is the appropriateness 

which aids to rank the probable results. 
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Figure 5.3 Neural expert wizard 

5.2.4 ACTION FLOW DIAGRAM TO DEPLOY TRAFFIC PREDICTION USING 

NEUROSOLUTIONS 

The action flow of the prediction procedure is shown in Figure 5.4. The training 

procedure is quite time consuming, but as the training is accomplished successfully and 

gets accomplished. Steps of the action flow diagram shown in Figure 5.4 is elaborated 

as follows. 

1.) VANETs traffic captured and dissected: 

After the VANETs traffic captured is analyzed, the traffic parameters are filtered 

based on the transport layer protocols for facilitating future prediction.  

2.) Dissected VANETs traffic translation: 

The VANETs traffic parameters are normalized and translated from Wireshark to 

NeuroSolutions and SPSS. 
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Figure 5.4 ANN- Action Flow Diagram 

3.) Build a suitable ANN architecture for prediction: 

The (Multilayer Perceptron) MLP network is defined, by specifying the input neurons, 

output neurons, hidden neurons and hidden layers. The number of inputs will be the 

magnitude of neurons in contribution and production layers. No regulation therefore 

exist to govern the magnitude of concealed neurons in the unseen layer. The handover 

function is otherwise referred as activation function, which is specified for the network 

and this equation derives the neuron’s output. Transfer function has an input equal to 

the sum of all outputs of the previous layer. Some of the transfer functions are, Step 

function, limit function and sigmoid function. 

Start 

Download the traffic captured on VANETs 

 

Dissect traffic flow based on protocols 

 

Translate the network traffic data parameters and import it 

 

Build a MLP network for prediction 

Provide orientation and guide the network 

Investigate/examine the network 

Run the network 

Evaluation of Predicted result 
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4.) Train the network: 

Training of this network is an iterative process, the data was frequently offered to the 

network, until it generates the desired output. The ANN takes in each input, estimates 

its output and then compares it with the actual output. If the output is incorrect and the 

error is above the mean square error limit specified to the network, it makes automatic 

correction to the internal connection weights of the network. This process of training is 

repeated until the network learns the data well enough to be used. 

5.) Test the network: 

Testing the network is same as training the neural network, but in testing process 

network is presented with new data. As in training process, neural network makes 

corrections if output is not accurate, but in testing process no corrections are made when 

the network is wrong. If the results are not good or accurate depending on the accuracy 

required, then network is trained again to get better results. The network is ready to run, 

only when it produces desired results after training is accomplished. 

6.) Run the network: 

In this stage the ANN is trained well and produces good result for the test data as 

publicized at Table A.C1 in annexure (Appendix C). This phase is faster than the 

training phase, as no corrections are done here. 

 

Figure 5.5 MLP-Predicted Vs Actual Traffic  
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The actual VANETs traffic is graphically represented with the blue color and the 

predicted traffic showcased in red color, using the ANN classifier in Neurosolutions 

does not correlate much as shown in Figure 5.5. The variations are also hereby 

showcased using the standard error corrections existing over the classifiers in the 

henceforth coming chapters. 

5.2.5 EVALUATION OF PREDICTION USING MLP IN SPSS 

MLP a (MLEVEL=N) BY x1 x2 x3 WITH y_x1x3 y_x1x2 y_x2x3   

/RE-SCALE COVARIATES = STANDARDIZED   /PARTITION TRAINING 

= 7 TESTING = 3 HOLDOUT = 0   /ARCHITECTURE   AUTOMATIC = YES 

(MINUNITS=1 MAXUNITS = 50) / CRITERIA TRAINING = BATCH 

OPTIMIZATION = SCALEDCONJUGATE LAMBDAINITIAL = 0.0000005 

/SIGMAINITIAL= 0.00005 /INTERVALCENTER= 0 /INTERVALOFFSET    

=0.5 MEMSIZE=1000    

The MLP architecture is preferred in ANN model to envisage the movement of packets 

over VANETs. There are 3 predictor variables x1, x2, x3 noted here, where the 

instantaneous consolidated report of MLP prediction result summary on test data is 

shown in Table 5.2 and the layer information is shown in Figure 5.6. 

Table 5.2 MLP classifier model summary 

Cross-Entropy Error (MLP CE) 1.187 

Ending Rule Used 1 consecutive step(s) with no decrease 

in errora 

Orientation Time Period 0:00:00.015 

Squared Error (MLP SE) 2.455 

Percent of Inappropriate Predictions 12.5% 

Reliant Variable: VANETs  Traffic 

 



80 | P a g e  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.6 MLP-layer prediction architecture 
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Table 5.3 MLP classifier model detailed summary 

N Percent 

Sample Training 2000 71.4% 

Testing 800 28.6% 

 Valid 2800 100.0% 

Excluded 300 NA 

Total 3100 NA 

Network Information 

Input 

Layer 

Factors 1 x1 

2 x2 

3 x3 

Covariates 1 y_x1x3 

2 y_x1x2 

3 y_x2x3 

Number of Unitsa 15 

Rescaling Method for 

Covariates 

Standardized 

Hidden 

Layer(s) 

Factors Unseen Layers 1 

Total Units in Hidden 

Layer 1a 

10 

Activation Function Hyperbolic 

tangent 
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The result summary of MLP prediction in SPSS also shows a high percent of incorrect 

prediction possibility, in Table 5.3 the prediction factors collaging with the input and 

hidden layers are elaborated in detail. The main problems with ANN seem to be their  

lack of explanation capabilities and of a proper building methodology to define the 

network architecture. ANN modeling process is basically empirical. There are no 

established modeling methodology or tests for network selection. On the other hand, in 

contrast with expert systems, it is impossible to know how the network has arrived to a 

particular result. Moreover, since there are no statistical considerations involved in the 

ANN modeling, it can only supply point predictions. To compare between the linear 

and non-linear prediction models, the MAE and RMSE are also calculated for the 

predicted results in the succeeding chapter. 

5.3 RRSCM - REGRESSION APPROACH 

The correlation coefficient tells how accurately a prediction can be done using the 

predictor variables, and would measure the strength of predictable accuracy that may 

range from -1.00 to 0.00 to 1.00. A correlation coefficient of 0.00 means that it is not 

advisable to predict the values by using the other predictor variable value. Since most 

of the VANETs traffic are SRDs (Heavy tailed or Self-Similar), the prediction using 

correlation coefficient(r) would result in a more accurate prediction.  

Output 
yield Layer 

Reliant Factors 1 Actual-Traffic 

 Number of Units 6 

Stimulation Function Soft-max 

Inaccuracy Function Cross-entropy 

a. Excluding the bias unit 



83 | P a g e  
 

5.3.1 A SIMPLE LINEAR REGRESSION TUNED TO RRSCM: SPSS 

The simple linear regression model, or what some people refer to as bivariate 

regression. The term simple is used not to indicate that our research question is 

uninteresting or crude, but rather that we have only one independent and a dependent 

variable. The most common measure of "correlation" or "predictability" is Pearson’s 

coefficient of correlation, although there are certainly many others. Pearson’s r, as it 

is often symbolized, can have a value anywhere between -1 and 1.  

The larger r, ignoring sign, the stronger the association between the two variables and 

the more accurately you can predict one variable from knowledge of the other variable. 

At its extreme, a correlation of 1 or -1 means that the two variables are perfectly 

correlated, meaning that you can predict the assessment of reliant factor from the values 

of the other factors with perfect accuracy. At the other extreme, an r of zero implies an 

absence of a correlation there is no relationship between the two variables. This implies 

that knowledge of one variable gives you absolutely no information about what the 

value of the other variable is likely to be. The sign of the correlation implies the 

"direction" of the association. A confident association reveals relatively great scores on 

one factor that is paired with relatively high scores on the other variable, and low scores 

are paired with relatively low scores.  

On the other hand, a negative correlation means that relatively high scores on one 

variable are paired with relatively low scores on the other variable. The r value has 

precise definitions of strength as dictated in Table 5.4. The formulation for calculating 

a product-moment association factor(r) is specified in Equation (13). This equation 

computes the association of r among two factors x and y. 





)y(*)x(

)xy(
r

22
            (13) 

Where Σ is the summation sign, x = xi - x, xi is the x value for observation i, x is the 

average of x assessment, y = yi - y, yi is the y assessment for observation i, and y is the 

average of y assessment. 
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Table 5.4 r - value strength association 

r  association Explanation 

0.95 sturdy and durable association 

0.55 reasonable association 

0.25 feeble association 

 

Procedure of deploying RRSCM Model Using SPSS  

The SPSS sample data set used for experimentation includes multiple 

independent/predictor variables to predict the VANETs traffic. 

Initially, the scatterplot drop-down menu is used (Graph-Scatterplot-Simple) to 

estimate a simple scatterplot with the independent variable (x) and the predictable 

traffic as the dependent variable (y). Then the graph is double-clicked to highlight the 

data points, it is also possible to place a regression line in the graph using the icon -

labeled “add fit line” - at the top of the window (using SPSS 17.0).  

In SPSS, a linear regression model is set up using the Analyze-Regression-Linear drop-

down menu. The window that opens up has the variables listed in a box on the left and 

several boxes on the right in which the variables of interest are to be placed. There is a 

box labeled Dependent and another labeled Independent(s).  

To estimate the model, place the y Dependent box and x in the Independent(s) box. 

Then click OK button. The output screen that opens up should include the tables. The 

term coefficient is used in a general sense, although the key columns are labeled 

Unstandardized Coefficients and Standardized Coefficients. SPSS uses an upper case 

B to indicate the intercept and slope. It also uses the term Constant to label the intercept. 

Thus, the equation is read as: Yi=βt0+βt1*Xi. The coefficient and regression values 

computed are shown for different predictor variable set from Tables 5.11 to 5.25. The 
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results for a regression prediction on SPSS based on a single dependent variable is 

shown in Tables numbered from 5.6 to 5.25. 

The coefficient of several association evaluates the collective effect of two or more 

factors among the detected (reliant) variable. To deploy multiple regression, initially 

some assumptions are to be verified in prior. 

1. The reliant factor is to be evaluated on a nonstop measure. 

2. Two factors or else further more liberated factors, should be continuous or 

categorical. 

3. Observations ought to be logged and documented. 

4. Undeviating linear association must exist among the reliant variable and every 

other independent variables as in postulate-1. 

5. Traffic information illustrates homoscedasticity, wherever the variances of the 

line of best-fit remains alike as the line moves along as ensured by postulate-2. 

6. The postulate-4 ensures that there is no indicated multi-collinearity, that arises 

when two or further self-governing variables are extremely interrelated. 

7. There are no significant outliers, high leverage points or highly influential 

points as specified by postulate-3. 

8. Residuals (faults) are almost generally scattered are adjusted/removed as we 

pass the dataset through the postulates. 

The enlisted norms are not disrupted and henceforward the R or r, is calculated to 

quantify the power of association between the self-governing or instructive variables 

and a solitary reliant (forecast) variable. The preliminary step to envisage the network 
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traffic points to the right way to explore the correlation edifice further to investigate the 

degree of connotation among the forecaster variable or dependent variable and the 

additional liberated factors. 

Phase 1 

 The sniffled traffic flow information is plotted on a scatter-plot graph to 

envisage uncertainty that may exist probably undeviating the association. 

 Estimate and infer the undeviating correlation in the data set. 

The dataset is passed in as input after the VANETs traffic initialization & 

clustering is done. After which it is passed through RRSCM phase 1 to be 

verified by postulate-1, as articulated in the previous chapter 3 and thus alleged 

to pass phase 1 and proceed to phase 2. 

Phase 2 

 Govern all probable regression calculation for the facts by filtering it  

further by regulating the persistent typical inaccuracy. 

 Choose and deploy the finest produced regression equation and predict. 

The resultant filtered data, which is the outcome of phase 1 is allowed for 

clearance through postulate 3 and postulate 2 accordingly as said in previous 

chapter 3. Finally the outcome of phase 2 proceeds towards phase 3 to 

accomplish the task of RRSCM prediction. 

Phase 3 

 Recognize outliers, then record the interpretations. 
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Finally, the outcome of phase 2 is passes through the final postulate check and 

presents the performance, which is noticed and visualized in chapter 6. 

Phase 1 

The snuffled and dissected traffic information is plotted on a chart irrespective 

of the time scales. 

Step: a 

Showcases the scatterplot graph as shown in Figure 5.7. 

Step: b 

Correlation coefficients quantify the power of relationship among two variables. The 

utmost publically deployed correlation coefficient is, called the Pearson product-

moment correlation coefficient. 

 

Figure 5.7 Scatter graph plot on independent traffic variables 

It processes the power of the linear relation among reliant variables. Protocols to 

intercept correlation coefficients are: 

 The correlation coefficient always lies between -1 and 1 

y = 0.989x - 0.0199
R² = 0.9878

y = 0.011x + 0.0199
R² = 0.0099

y = 0.7504x - 0.0085
R² = 0.8575

Tr
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fi
c

Series1

Series2

Series3

Linear (Series1)

Linear (Series2)

Linear (Series3)

Time/sec 
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 The bigger the absolute significance of a correlation coefficient, the stronger 

the undeviating association 

 The robust linear association stands specified correlation coefficient of -1 or 1 

 The feeblest linear connection is showed by a correlation coefficient equal to 0 

 A optimistic association refers that if one factor grows bigger, the other factor 

will have a tendency to grow bigger 

 A pessimistic association refers that if one factor grows bigger, the other factor 

will have a tendency to grow smaller 

The procedure for calculating r is specified in Equation 13, that calculates the product-

moment correlation coefficient. The connection r among two factors are illustrated as 

shown. 

Table 5.5 correlation coefficients of diverse reliant variables 

R Datasets 

0.989 MR1(y):(X1,X3) 

0.951 MR2(y):(X1,X2) 

0.903 MR3(y):(X2,X3) 

0.941 Average (r) 

 

The correlation coefficient is 0.941 as shown in Table 5.5.  

The correlation value (r) suggests a robust optimistic undeviating correlation 

meanwhile the assessment is negative besides nearby to 1. Meanwhile the value of r 

proposes a robust optimistic undeviating association henceforth, the data points are 

ought to be gathered narrowly over a positively inclined regression contour. It is 

consistent through the diagram attained above. Consequently, later a robust optimistic 
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undeviating association is noticed among the Real traffic and sifted traffic via the 

transport protocols, this tips additional information on the linear regression 

investigation. The power appears to be abundantly superior when associated with the 

deviating forecast prototype. The other model displays a value of 0.9260, which is 

certainly reasonably not as much of to the one listed in Table 5.5.  

Phase 2 

Step: c In RRSCM, they are updated as follows: 

1. Suppose (xi,yi) is selected to generate the forecasted traffic  in the current 

iteration. Update the correlation association degree by subtracting the concerned 

standard error with respect to the time scale as Ri– wi as shown in Equation (14). 

2. For all (xi,yi)  

i
22

i w
)y(*)x(

)xy(
y 


















      (14) 

SPSS generates quite a few tables for a Pearson’s correlation, but only one for the main 

Pearson’s correlation procedure that you ran in the previous section. The data has 

passed through the postulates #1 (linearity check), #2 (heteroskedasticity), #3 (auto-

correlation and #4 (multi-collinearity), which we have explained earlier in chapter 3, 

henceforth we need to interpret only correlation tables. The standard error about the 

regression contour is a degree of the middling aggregate that the regression equation 

over or under envisages. The advanced the coefficient of fortitude, the inferior the 

standard error; and thus precise forecasts are completed. 

The calculation spawned to forecast the real traffic can be made for the 

subsequent dichotomized protocol-traffic. The dissected traffic recorded with respect 
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to the protocol type and the refined R (corrected with standard error) has activated the 

thought of generating the equation to predict the expected actual traffic. The 

formulation for scheming Coefficient Correlation (r) edicts the notch of relationship 

between the reliant and the self-governing parameter is specified in Equation (15). 

       







2222 yynxxn

yx)xy(n
r           (15) 

Where x and y are self-governing and reliant factors correspondingly.  

The variable x is the sniffed and dissected VANETs traffic dataset and y is the actual 

traffic generated along the time scale. A RRSCM technique is presented into traffic 

forecast by manipulating all probable regression reckonings to achieve the finest 

prediction of the traffic.  

Illustrating the scenario 

The scenario considered here is interested in predicting a precise more accurate 

VANETs traffic that matches the actual VANETs traffic with multiple dependent 

variables. The self-governing and reliant factors are enumerated. 

 Model 1 refers to regression model. 

X1 = traffic - UDP 

X2 = traffic - UDP 

X3 = traffic - UDP 

Y   = Predictable traffic with respect to the timescale. 
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Table 5.6 Correlations 

Actual-Traffic x1,x3 UDP 

Pearson Correlation Actual-Traffic 1 .994 .926 

x1,x3 .994 1 .928 

UDP .926 .928 1.000 

Sigmoid. (1-tailed) Actual-Traffic <none> 0 0 

x1, x3 0 <none> 0 

UDP 0 0 0 

N Actual-Traffic 3100 3100 3100 

x1,x3 3100 3100 3100 

UDP 3100 3100 3100 

The dependent variable that measures the VANETs traffic is selected as shown in Table 

5.7 and its correlation between the predictor variables are exposed in Table 5.6. To 

facilitate the proposal of prediction equation the standard error rate is also estimated 

and revealed in Table 5.8. The standard error rate helps to accelerate the accuracy 

further better to the other prediction models. 

Table 5.7 Factors entered/removed 

Model Factors Entered Factors Removed 

1 UDP, x1 and x3 X2 
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Table 5.8 Model summary 

a. Predictors: (Constant),   UDP, x1,x3 

Ideal R R-Square 
Adjusted-R-

Square 

Estimate 

standard error 

R .993a .988 .989 .185 

 

This ANOVA (Analysis of Variance) analyzes the differences between group 

means and their associated procedures and is shown in Table 5.9. Later, the coefficient 

(r value) is computed. The term coefficients is used in a general sense, although the key 

columns are labeled Unstandardized Coefficients and Standardized Coefficients. SPSS 

uses an upper case B to indicate the intercept and slope. It also uses the term Constant 

to label the intercept, which is depicted as follows in Table 5.10. 

Table 5.9 ANOVAB 

Typical 
Sum-of-

Squares 
Df 

Mean-

Square 
F value Signf. 

1 regression 78.524 2 39.262 1145.102 .000a 

residual .960 28 .034 <none> <none> 

Total 79.484 30 <none> <none> <none> 

 

a. Forecasters: (Constant),   UDP, x1 

b. Reliant Variable: Actual-Traffic 
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Table 5.10 Co-efficient estimation 

Model 

inconsistent 

Coefficients 
Consistent Coefficients 

B 
Standard 

Error 
Beta-value T value Signif. 

1 (Constant) .033 .040 <none> .824 .417 

x1 .974 .056 .970 17.385 .000 

UDP .032 .069 .026 .471 .642 

 

a. Dependent Variable: Actual-Traffic 

COMPUTE y = 0.974 * x1 + 0.032 * x3 - 0.033. EXECUTE. 

The proposed equation for predicting the traffic based on the dependent variables x1 

and x3 is given and the details of the regression resource management is briefed at 

Table 5.11. 

y = 0.974 * x1 + 0.032 * x 3 - 0.033 

 Multiple Regression(y) : using x1 and x2 

/DESCRIPTIVES MEAN STD-DEV CORRELATION SIG N   

 /MISSING LIST-WISE    

/STATISTICS COEFFICIENT OUTS R-ANOVA    

/CRITERIA= PIN(.05) POUT(.10)   

 /NO-ORIGIN   /DEPENDENT ON a   /METHOD=ENTER x1 x2. 
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Table 5.11 Regression values for reliant factors x1 and x2 

 Output Created 21-Jul-2015 21:49:34 

Input Data C:\Users\bob\Desktop\MLR.sav 

Active Dataset DataSet5 

Filter <done> 

Weight <done> 

Split File <done> 

N of Rows in Working 

Data File 

3100 

Missing Value 

Handling 

Definition of Missing User-defined missing values are treated as 

missing. 

Cases Used Statistics are based on cases with no 

missing values for any variable used. 

 Syntax MULTIPLE-REGRESSION 

/DESCRIPTIVES MEAN STD-DEV 

CORRELATION SIG N 

/MISSING LIST-WISE 

/STATISTICS COEFFICIENT OUTS R 

ANOVA 

/NORMS=PIN(.05) POUT(.10) 

/NO-ORIGIN 

/DEPENDENT ONa 

/SCHEME=ENTER x1 x2 

Resources Processor Time 0:00:00.000 

Elapsed Time 0:00:00.032 

Memory Required 1836 0bytes 

Additional Memory 

Required for Residual 

Plots 

0 bytes 
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The mean and standard deviation value is calculated for the dependent variables x1 and 

x2 as revealed in Table 5.12. The correlation values for the predictor variable with the 

actual traffic variable is computed. The positive value ensures the strength of 

association between them as shown in Table 5.13. 

Table 5.12 Evocative statistics(x1 and x2) 

 Mean Standard Deviation N 

Actual-Traffic 1.13 1.628 3100 

x1 1.10 1.620 3100 

x2 .03 .180 3100 

 

Table 5.13 Correlation (x1 and x2) 

  Actual-Traffic x1 x2 

Pearson Correlation Actual-Traffic 1.000 .994 .099 

x1 .994 1.000 -.011 

x2 .099 -.011 1.000 

Sig. (1-tailed) Actual-Traffic <none> .000 .298 

x1 .000 <none> .476 

x2 .298 .476 . 

N Actual-Traffic 3100 3100 3100 

x1 3100 3100 3100 

x2 3100 3100 3100 
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The dependent variable that measures the VANETs traffic is selected and is shown in 

Table 5.14. To facilitate the proposal of prediction equation the standard error rate is 

also estimated as shown in Table 5.15. The standard error rate helps to accelerate the 

accuracy further better to the other prediction models. 

Table 5.14 Variables selection(x1 and x2) 

Model Factors Entered Factors Removed 

1 x2, x1 X3. 

 

Table 5.15 Model summary(x1 and x2) 

Model R R-Square 

Adjusted-R-

Square 

Error estimate 

1 1.000a 1.000 1.000 0 

a. Forecasters: (Constant), x2, x1 

This ANOVA (Analysis of Variance) analyzes the differences between group means 

and their associated procedures and is shown in Table 5.16. Later, the coefficient (r 

value) is computed. The term coefficients is used in a general sense, although the key 

columns are labeled Unstandardized Coefficients and Standardized Coefficients. SPSS 

uses an upper case B to indicate the intercept and slope. It also uses the term Constant 

to label the intercept, which is depicted as follows in Table 5.17. 
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Table 5.16 ANOVAB(x1 and x2) 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 79.484 2 39.742 <none> .a 

Residual .000 28 .000 <none> <none> 

Total 79.484 30 <none> <none> <none> 

 

a. Forecasters: (Constant), x2, x1  b. Reliant Factor: Actual-Traffic 

Table 5.17 Coefficient (x1 and x2) 

Model 

Inconsistent Coefficients Consistent Coefficients 

B Std. Error Beta T Sig. 

1 (Constant) 2.220E-16 .000 <none> .000 1.000 

x1 1.000 .000 .995 2.235E8 .000 

x2 1.000 .000 .110 2.478E7 .000 

 

CALCULATE y=0.995*x1+0.995*x2-0. IMPLEMENT. 

The proposed equation for predicting the traffic based on the dependent variables x1 

and x2 is given as y=0.995* x1 + 0.995* x2 - 0 and the particulars of the regression 

source administration is briefed at Table 5.18. 

 Multiple Regression(y): using x2 and x3 

REGRESSION   /DESCRIPTIVES MEAN STDDEV CORR SIG N   

 /MISSING LIST-WISE   /STATISTICS COEFFICIENT OUTS R ANOVA    

/NORMS=PIN (.05) POUT(.10)   /NO-ORIGIN   /DEPENDENT a   

/SCHEME=ENTER x2 x3. 
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Table 5.18 Regression values for dependent variables x2 and x3 

 Output Created 21-Jul-2015 21:54:51 

Input Data C:\Users\bob\Desktop\MLR.sav 

Active Dataset DataSet5 

Filter <done> 

Weight <done> 

Split File <done> 

N of Rows in Working Data File 3100 

Missing 

Value 

Handling 

Definition of Missing User-defined missing values are treated 

as missing. 

Cases Used Statistics are based on cases with no 

missing values for any variable used. 

 Syntax/ MULTIPLE REGRESSION 

/DESCRIPTIVES MEAN STD-DEV 

CORRELATION SIGNIFICANCE N 

/MISSING LIST-WISE 

/STATISTICS COEFFICIENT OUTS R-

ANOVA 

/NORMS=PIN(.05) POUT(.10) 

/NO-ORIGIN 

/RELIANT ON a 

/SCHEME=ENTER x2 x3 

Resources Processor Time 0:00:00.047 

Elapsed Time 0:00:00.074 

Memory Required 18520 bytes 

Additional Memory Required for 

Residual Plots 

0 bytes 
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Table 5.19 Descriptive statistics(x2 and x3) 

 Mean Std. Deviation N 

Actual-Traffic 1.13 1.628 3100 

x2,x3 .03 .180 3100 

 UDP .84 1.319 3100 

Table 5.20 Correlations(x2 and x3) 

  Actual-Traffic x2,x3 UDP 

Pearson Correlation Actual-Traffic 1.000 .099 .926 

x2,x3 .099 1.000 .023 

  UDP .926 .023 1.000 

Sig. (1-tailed) Actual-Traffic <none> .298 .000 

x2,x3 .298 <none> .452 

  UDP .000 .452 <none> 

N Actual-Traffic 3100 3100 3100 

x2,x3 3100 3100 3100 

  UDP 3100 3100 3100 

 

Table 5.21 Variables selection (x2 and x3) 

Model Factors Entered Factors Removed 

1   UDP x2,x3 X1 

 



100 | P a g e  
 

Table 5.22 Model summary(x2 and x3) 

Model R R-Square Adjusted-R-Square estimated error 

1 .929a .864 .854 .622 

a. Predictors: (Constant),   UDP x2, x3 

The standard error is measured as 0.622 as shown in Table 5.22, which is used to fit the 

prediction equations error rate to a comfortable space line in the scatter plot graph. The 

correlation values for the predictor variable selected (shown in Table 5.21) with the 

actual VANETs traffic variable is computed. The positive value ensures the strength of 

association between them as shown in Table 5.19 and Table 5.20. The analysis of 

variance has a residual error of about 10.836 and the regression rate as 68.648, which 

is shown in the Table 5.23. 

Table 5.23 ANOVAB(x2 and x3) 

Model Sum-of -Squares Df Mean-Square F value Signif. 

Regression 68.648 2 34.324 88.694 .000a 

Residual 10.836 28 .387 <none> <none> 

Total 79.484 30 <none> <none> <none> 

 

a. Forecasters: (Constant),   UDP x2, x3 

b. Reliant Variable: Actual-Traffic 
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Table 5.24 Coefficients a (x2 and x3) 

Model 

Unstandardized Coefficients Standardized Coefficients 

t Sig. B Std. Error Beta 

1 (Constant) .150 .134  1.113 .275 

x2,x3 .710 .633 .078 1.122 .271 

UDP 1.141 .086 .924 13.242 .000 

 

a. Dependent Variable: Actual-Traffic 

CALCULATE y_x2x3=0.710*x2+1.14*x3-0.150. IMPLEMENT. 

y_x2x3=0.710*x2+1.14*x3-0.150 

Importance of independent variables in multiple regression (RRSCM) 

The correlation-coefficient also assists the apparatus to calculate the prominence that is 

revealed in Table 5.24 with the detailed illustration as represented in Figure 5.8 and its 

importance is showcased in Table 5.25.

 

Figure 5.8 Standardized prominence among the independent variables 
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Table 5.25 Independent variable importance 

 

 

Table 5.26 Data-set captured using Wireshark 

Time   A x1 x2 x3 MR1(y) MR2(y) MR3(y) 

1.00 0 0 0 0 -0.03 0.00 -0.15 

1.01 0 0 0 0 -0.03 0.00 -0.15 

1.02 0 0 0 0 -0.03 0.00 -0.15 

1.03 0 0 0 0 -0.03 0.00 -0.15 

1.04 3 3 0 2 2.95 3.00 2.13 

1.05 0 0 0 0 -0.03 0.00 -0.15 

1.06 0 0 0 0 -0.03 0.00 -0.15 

1.07 0 0 0 0 -0.03 0.00 -0.15 

1.08 0 0 0 0 -0.03 0.00 -0.15 

1.09 1 1 0 1 0.97 1.00 0.99 

1.10 0 0 0 0 -0.03 0.00 -0.15 

1.11 0 0 0 0 -0.03 0.00 -0.15 

1.12 0 0 0 0 -0.03 0.00 -0.15 

1.13 0 0 0 0 -0.03 0.00 -0.15 

1.14 1 1 0 1 0.97 1.00 0.99 

Reliant Variables Importance Standardized Prominence 

x1 .107 34.3% 

x2 .089 28.6% 

X3 .084 26.9% 

y_x1x3 .207 66.3% 

y_x1x2 .312 100.0% 

y_x2x3 .200 64.0% 
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Time   A x1 x2 x3 MR1(y) MR2(y) MR3(y) 

1.15 2 2 0 1 1.95 2.00 0.99 

1.16 0 0 0 0 -0.03 0.00 -0.15 

1.17 1 1 0 1 0.97 1.00 0.99 

1.18 3 3 0 3 2.99 3.00 3.27 

1.19 2 2 0 2 1.98 2.00 2.13 

1.20 1 1 0 0 0.94 1.00 -0.15 

1.21 4 4 0 1 3.90 4.00 0.99 

1.22 1 1 0 1 0.97 1.00 0.99 

1.23 6 6 0 5 5.97 6.00 5.55 

1.24 4 4 0 4 3.99 4.00 4.41 

1.25 4 4 0 3 3.96 4.00 3.27 

1.26 2 1 1 1 0.97 2.00 1.70 

1.27 0 0 0 0 -0.03 0.00 -0.15 

1.28 0 0 0 0 -0.03 0.00 -0.15 

1.29 0 0 0 0 -0.03 0.00 -0.15 

1.30 0 0 0 0 -0.03 0.00 -0.15 

 

The wide-ranging formula which is deployed to foresee the traffic is as specified. 

Y = βt0 + βt1 X1+ βt2 X2+ βt3 X3-  

The factors X1, X2, X3 are the self-governing factors that renders support to forecast 

the reliant variable Y. The reliant variable data-set depend on the dichotomized traffic 

on the network inclined on the code of behavior, which tips us to the delivery of 

estimated forecast equation. The alterations to the normal mistakes will diminish the 

adverse properties of heteroscedasticity and prominent clarifications, the outcomes can 

pass even quicker to the accuracy as preferred, which is revealed in Table 5.26. 
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Step: d 

Procedure to select the "Finest" regression reckoning  

The finest Regression equation is not certainly the equation that clarifies 

utmost of the inconsistency or difference in Y (the maximum R2).  

 This calculation resolved is the one involving all the variables included.  

 The finest equation ought to be modest, interpretable. (i.e., comprise of minor 

number of variables) & Consistent - divergent norms.  

 The best equation is a conciliation among these two. 

All possible Regressions are explored for the 3 self-governing variable set as 

follows: 

Suppose we have the p independent variables X1, X2... Xp. Then, there are 2p subsets 

of variables.  

Example (k=3) X1, X2, X3 

 

Use of R2 

1. Assume we carry out 2p runs for each of the subsets. Divide the Runs into the 

following sets  
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Set 0:  No variables  

Set 1: One independent variable… 

Set p:  p independent variables.  

1. Order the runs in each set according to R2. 

2. Examine the leaders in each run looking for consistent patterns take into account 

correlation between independent variables. Variables in leading runs for the 

prediction are listed in the Table 5.27. 

Table 5.27 Factors in leading runs 

y equation sets Coefficient Correlation (r) R2 

MR1(y) : X1,X3 0.928 0.988 

MR2(y) : X1,X2 0.953 1.000 

MR3(y) : X2,X3 0.904 0.864 

 

Inspection of the relationship among the coefficients discloses a in height association 

between MR2(y):X1,X2 and it also has the highest R2 value. Hence, the best fitting 

equation for prediction is MR2(y). 

Phase 3 

Step: e 

In the scatter plot graph, there seems to exists no data point been plotted away 

from the cluster region from the regression line and henceforth there are no likely 

outliers or significant observations. 
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Step: f 

The regression equation seems to be very beneficial for building forecasts since 

the assessment of r2 series amongst 0 and 1. The effectiveness coefficient can yield 

standards in the realm (−∞, 1). If E = 1, we have a faultless fit amid the perceived and 

the estimated data. E = 0 arises when the forecast agrees to assess the average of the 

real values. An efficacy not as much of than zero, i.e. −∞ < E < 0, indicates that the 

average of the genuine value is an improved forecaster than the analyzed nonlinear 

neural network predicting technique. 

5.4 A RRSCM Approach: WEKA 

 The diurnal trace was fragmented to ten chunks of nearly 1680 seconds (28 

minutes) respectively. The discriminator-based characterization is scheduled for all 

streams of forecasting the rush-hour traffic. The  occurrences of the traffic is 21648 and 

the grounds taken into account is 249.The evaluated results of training and tested data 

on the prediction classification model of regression is shown in Table 5.28. 

Instances:    21648 

Attributes:   6 

              23 

              25 

              26 

              30 

              31 

              32 

Test approach evaluation 
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Regression Model 

-0.0697 * 23 +      1      * 25 +      0.0001 * 26 +      0.0694 * 30 + 0.0003 * 31 +    -

13.1396 

Table 5.28 Assessment on data set – summary 

correlation coefficient                   1      

mean absolute error                       0.1916 

root mean squared error                   0.4392 

relative absolute error                   0.0508 % 

root relative squared error               0.0905 % 

Total Instances             21648      

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.9 Attribute selection for testing and training in Weka 
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Figure 5.10 Regression classification using Weka 

Table 5.29 Actual vs Predicted traffic using RRSCM  

instance# Actual Predicted Error 

     1 42 3.516 45.516 

     2 576 575.916 -0.084 

     3 52 52.56 0.56  

     4 576 575.943 -0.057 

     5 576 575.92 -0.08  

     6 52 52.517 0.517 

     7 576 575.967 -0.033 

     8 576 575.916 -0.084 

     9 576 575.93 -0.07  

    10 52 52.516 0.516 
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instance# Actual Predicted Error 

    11 1400 1399.768 -0.232 

    12 52 52.515 0.515 

    13 576 575.604 -0.396 

    14 576 575.999 -0.001 

    15 576 575.704 -0.296 

    16 56 56.014 0.014 

    17 576 575.954 -0.046 

    18 576 576.005 0.005 

    19 576 575.922 -0.078 

    20 576 575.934 -0.066 

    21 1400 1399.995 -0.005 

    22 1400 1399.792 -0.208 

    23 1400 1399.776 -0.224 

    24 1400 1399.948 -0.052 

    25 1400 1399.781 -0.219 

    26 57 56.521 -0.479 

    27 1400 1399.762 -0.238 

    28 1400 1399.984 -0.016 

    29 1400 1400.156 0.156 

    30 1400 1400.205 0.205 

    31 304 303.723 -0.277 

    32 1400 1400.201 0.201 

    33 1400 1400.218 0.218 

    34 1400 1400.178 0.178 

    35 1400 1400.225 0.225 

    36 1400 1400.218 0.218 

    37 1400 1400.045 0.045 

    38 1400 1400.182 0.182 

    39 1400 1400.217 0.217 

    40 1374.75 1374.712   -0.038 

    41 1400 1399.974 -0.026 
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instance# Actual Predicted Error 

    42 1400 1400.131 0.131 

    43 57 56.547 -0.453 

    44 60 59.554 -0.446 

    45 1400 1400.202 0.202 

    46 289 288.767 -0.233 

    47 1400 1400.017 0.017 

    48 1400 1399.957 -0.043 

    49 60 59.729 -0.271 

    50 60 59.564 -0.436 

 

The dependent attributes in the dataset relies on the dissected traffic, which hints 

to formulate the prediction equation and the corresponding predicted traffic which show 

cases the influential observations as shown in Table 5.29. In the future new sets of 

discriminators and input data for other traffic will be identified to predict various 

distributed traffic on a distributed heterogeneous network. 
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CHAPTER 6 

6 DISCUSSION AND CONCLUSION 

6.1       INTRODUCTION TO ERROR METRICS 

In this chapter the performance of the proposed RRSCM is quantitatively assessed. The 

general representations of the examined forecast approaches are specified at this point 

to assess the estimated precision. Error metrics are precisely calculated equations which 

aids to define inaccuracy among real and foreseen values. The variance amid the real 

and forecasted values displays how fit or perfect the model has performed. The chief 

awareness of estimating techniques is to curtail this value subsequently to influence the 

performance and reliability of the model. These error metrics have noteworthy 

prominence in estimating the future, as the dimensions taken by these metrics extremely 

guide the forthcoming development. 

According to Bryan [86], in the least yardstick which deals with quantifying the error 

rates via the five rudimentary potentials. Check on validity or legitimacy, easy and 

simple interpretation, consistency or reliability, good presentable mode and arithmetic 

calculation (i.e. can be signified in the usage statistical equation). At this point validity 

denotes the degree to which an inaccuracy metric trials what it claims to measure. In 

additional words validity states whether inaccuracy metric actually processes what it 

expects to quantify. The metric ought to quota the outcomes that can relate to the 

accessible and available data. Validity also discusses upon the legitimacy of the 

measurement.  

Easy to Understand denotes to the easiness of the metric. The metric ought to be easy 

to realize and evade complications. The experts generally dodge the usage of 

multifaceted metrics in the meantime, particularly economic forecast is intricate and 
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there is a need to elucidate and influence verdicts which is at ease, if the metric is 

guileless and easy to comprehend.  

Reliability represents the stability of the error metric to quantify the error via identical 

measurement approaches on the similar issue. If recurring measurements are taken and 

at each phase the outcomes are extremely reliable or even equal at that moment. Then, 

there is an elevated degree of reliability. If the measurements have huge dissimilarities 

then the consistency is low. The error metric is consistent when it is obvious that it will 

yield the same outcome every period, as it is given the same data.  

Presentable denotes to the capability of error metric and its measurement to be 

represented in a practice which is easy to comprehend.  

Statistical equation proposes that the error metric can be characterized based on the 

usage of calculated equation. Precisely used mathematical equations are utmost 

common and easy to understand procedure of fault metrics.  

Regarding the routine gauging metrics deployed over the forecasting models 

consistency, legitimacy and ease on extensive applicability were the most commended 

features for assessing over the models. 

6.2 MEAN SQUARE ERROR 

MSE is one metric that enumerates the variance between the calculated standard traffic 

and the real traffic. Henceforth it aids to calculate the summed up average error rate 

and get them squared, which is otherwise referred as SSE or sum-squared errors. 

The average error squared for the forecasted traffic by ANN and the real authentic 

traffic is 0.0039 and the MSE for forecasted traffic by the generated SPSS using 

RRSCM with the actual traffic is 0.001.The Artificial Neural Network forecaster model 

results are associated by means of their corresponding error degree, on exactly how fine 



113 | P a g e  
 

this one can clarify the established group of interpretations. The impartial calculation 

demonstrated by the predictor classification model - RRSCM reveals the lowest error 

and commonly inferred as finest explaining the inconsistency in the observed dataset. 

6.3 ROOT MEAN SQUARE ERROR AND NORMALIZED MEAN SQUARE 

ERROR 

Root mean Square Error (RMSE) is average of sum-squared errors rooted down and is 

agreed by Equation (16). 





n

i

ii YY
n

RMSE
1

2)ˆ(
1

                 (16) 

Where, 

Ŷi= estimated value   

yi= actual value 

n = number of observations 

There is one problem with RMSE and it is that they may be close to 0 if hugely 

optimistic and negative faults revoke respectively. RMSE declares an elevated weight 

for huge errors and are normally beneficial where bulky errors are not of significance. 

RMSE are further subtle than other former metrics to the occasional outsized mistakes 

as the square off procedure stretches huge weight to enormous errors (Decision 411 

[87]). NMSE (Standardized Mean Square Error) is articulated as standard-mean-

average-error which is accomplished by apportioning it with the variance of the 

progressive predicted epoch.  

The average mean error rate squared manages to manipulate the mean degree of error 

rates. The formulated expression computes the difference between the predicted traffic 
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values over the observed the original real traffic where the average of it squared over 

the test dataset sample and finally, square root the resultant. As the calculated average 

squared error are analyzed, it is perceived that high weights are showcased as huge 

faults arise. It henceforth showcases that average mean error rate squared raises the alert 

as it becomes adverse. The NMSE for the equation based predicted traffic is 0.04. 

RMSE can range from 0 to ∞. Henceforth the resultant RMSE for the forecasted traffic 

ensures that there exists hardly a very minor variation in the prediction done. 

6.4 MEAN ABSOLUTE PERCENTAGE ERROR 

It is an average error rate in percentage which is extensively casted to gauge the 

estimate’s meticulousness. MAPE analyzes the estimated inaccuracy as a fraction of 

the pragmatic assessment. Articulating the value in proportionate relations, the measure 

offers the benefit of making it easy to infer or understand. Projection Error is the 

deviance of the Real or concrete traffic values over the estimated value movement. 

 Error-precision = entire value of {(Real – Estimate) = |(R - E)| 

 Inaccuracy (%) = |(R – E)|/R 

Complete values are reserved since the degree of the inaccuracy is an added 

essential information than the track of the inaccuracy. The Assessment Error can remain 

superior to Real or Estimate nevertheless NOT together. Inaccuracy beyond 100% 

infers a zero estimated accuracy or a precise imprecise calculation. 

 inaccuracy nearby to 0% => Escalates the prediction precision 

 Prediction Precision stands the inverse of Inaccuracy 

 Precision (%) = 1 – Inaccuracy (%) 
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The MAPE is actual nearby to 0% as it is 2% (0.02) and henceforth the forecast 

accuracy is 0.98%. 

6.5 CORRELATION COEFFICIENT 

Correlation-coefficient (r) shows the notch of relationship among the two factors, 

present as a degree of undeviating reliance. The undeviating association factor is 

occasionally stated as the Pearson’s product moment correlation coefficient (PMCC) in 

addition is well-defined as: r =COVARIANCE (Y, XT). The complete assessment of 

both the real traffic and predicted traffic with respect to PMCC remain as a smaller 

count or identical to 1 which is displayed in Table 6.4 (b). Associations equivalent in 

the direction of 1 or -1 agree that the data facts fall precisely on a contour, or to a bi-

variate scattering entirely supported on a line. The Pearson association is symmetric 

PCORRELATION(R, E) = PCORRELATION (E, R).The complete assessment on 

behalf of association analysis is itemized in Table 6.1. 

Table 6.1 Absolute value of correlation coefficient interpretation 
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Table 6.2 Correlation among the real and the estimated traffic 

Correlation Coefficient (Real traffic vs. ANN Predictor 

classification Model generated traffic) 

0.926600 

Correlation Coefficient (Real traffic vs. RRSCM Predictor 

classification Model generated traffic) 

0.999735 

 

6.6 COEFFICIENT EFFICIENCY 

Coefficient Efficacy (E): The effectiveness factor yield values in the realm (−∞, 1). In 

case if E = 1, it implies that there exists an impeccable fitting among the pragmatic and 

the predicted statistics. The assessment incase has E = 0, then the forecast relates to 

assessing the average of the real values. A productivity a lesser amount of zero, which 

indicates that −∞ < E < 0, shows that the average of the actual values is an improved 

interpreter than the investigated predicting technique. The nearer E is to 1, the further 

precise the forecast is as the factor effectiveness sojourns at 0.9 for the predicted traffic. 

6.7 MODEL COMPARISON  

In order to compare the forecasting accuracy in normal conditions numerically, there 

are two measures of effectiveness: the root mean squared error (RMSE) and the mean 

absolute percentage error (MAPE). The RMSE is representative of the size of a typical 

error. It is measured in the same unite as the original data. It is more common than the 

mean squared error (MSE). The MAPE is another commonly used measure of 

effectiveness for purposes of reporting because it is expressed in percentage terms, 

which give us a general sense of the error even without knowledge of what constitutes 

a big error for the data set.  
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Table 6.3 Summarized RMSE values of the classification models 

RMSE 

Classification model SPSS Neuro Solutions WEKA 

ANN 15.99 13.36 7.66 

Regression (MR) 4.12 9.53 11.78 

 

Table 6.4 Summarized MAPE values of the classification models 

MAPE 

Classification model SPSS Neuro Solutions WEKA 

ANN 6.61 % 6.00 % 2.73% 

Regression (MR) 4.61 % 3.45 % 1.24 % 

 

Table 6.3 and Table 6.4 investigates the RMSE and the MAPE values for both the 

classification models: 

The ANN classifier model and the Regression classifier model. Table 8.3 also indicates 

that the Regression model outperforms the other model based on the MAPEs criterion. 

From these results, one can conclude that Regression model performs best among the 

other model as the attribute selection and non-missing data situations are rectified. 

Thus, the regression based (RRSCM) model can provide information on how reliable 

the forecasting accuracy can be made in future for a short term traffic over a distributed 

heterogeneous network. 
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6.8 SUMMARY ON DISCUSSION 

The investigational outcomes exhibit that 1) that RRSCM classification model 

is more actual for traffic forecast; and 2) mutually the projected forecast calculation and 

customary normalized fault based R (correlation coefficient) apprise pattern are 

operative to envisage the traffic in an relaxed routine. 

The objective of the research is to gauge or calculate and associate the enactment of 

the forecast methodologies presented in Chapter 3. The plan is to recognize the finest 

predicting technique for network traffic forecast, taking into account the accuracy but 

also the complexity of the solutions. To assess the forecast act, the metrics labelled 

prior such as MAPE and RMSE are being used. In this chapter, the outcomes of the 

presentation regarding the ANN, regression, RRSCM forecasting approaches and its 

corresponding error measures are analyzed. First the relationships between the 

considered errors matrices (i.e. MAPE, RMSE and MSE) are examined considering the 

linear correlation between the actual traffic and the forecasting RRSCM model. 

6.9 CONCLUSION 

The RRSCM regression model has offered the researchers mining VANETs traffic with 

a dominant tool that aids to analyze the relationship amongst the self-governing factors 

and the reliant variable. Scholars prefer to acquire and use other refined classification 

prototypes as they become dispirited almost with its restrictions and be certain of other 

non-linear classification models that sound further suitable for the examination 

requirements. 

The algorithms proposed employs a linear representation that eases the accuracy issue 

of linear models. Experiments with RRSCM equation were conducted on captured and 

filtered traffic and predictions were made to verify the efficiency of it. This model 
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permits a reliant factor Y on the way to demonstrate the undeviating function of several 

measurement feature trajectory.  To guarantee its competence an assessment was made 

with a deviating forecast classification model centered on ANN prognosticator. The 

network traffic prediction results are hence forth presented in the tables of Chapter 5 

reference. The findings in this research reveal that an MR-booster equation proposed 

outperforms the performance of a non-linear predictor model for a short term traffic. 

Even when one or more of the assumptions described in the previous Chapter 4 is 

violated, RRSCM regression will frequently provide accurate results. Although saying 

this model is robust is ill-advised because robustness has a very specific statistical 

meaning, it is not disingenuous to claim that the model works well under a variety of 

circumstances. There are myriad practical uses in the social, behavioral, and health 

sciences for linear regression analysis. 

The vital need to make use of RRSCM investigation fittingly explains the finely 

delivered merits/demerits to understand its powers and flaws. It performs moderately 

well with mock and uninterrupted real self-governing factors. Till the reliant variable 

can remain altered close by normalcy, the factors and normal inaccuracies shall be 

within a sensible detachment of the traffic factors. Undeviating RRSCM regression 

classification models should not be used when the reliant variable is twofold (binary) 

or proceeds on scarce values. 

Topics such as sample selection bias, nonlinear models, bootstrapping methods, 

multilevel linear models, generalized linear models, simultaneous equations, methods 

of moments (MM) estimators, generalized additive models (GAMs), marginal models, 

event history analysis, and log-linear models (including transition models) have all been 
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used to complement, supplement, or replace linear regression models in one way or 

another. 

The experimental results show that the MR-booster equation proposed 

for traffic prediction using SPSS outperforms ANN forecasting models (e.g. MLP, 

RBias) as the non-linear prediction model could not meet the accuracy requirement as 

that of the linear prediction MR-booster equation model. As both accuracy and intricacy 

metrics are measured, the outcomes seems to be quite convincing over the RRSCM 

predictor classification model approach.  

The forecast traffic normally agrees through the perceived values. Computational 

complexity measure is more significant, if the degree of complexity is low then it 

reveals that our RRSCM multiple regression prediction classification model offers a 

better solution. Henceforth, it is concluded that this approach is simple and its 

performance is substantially better when compared with the other existing classification 

models. As upcoming effort, this classification model can be envisage to assimilate the 

preferred forecaster into a real-time environment and its performance can be evaluated.  

6.10 CONTRIBUTION TO KNOWLEDGE 

VANETs is one such emerging technology where the quality of service is yet to be 

explored more. The unexplored one such area has been taken into consideration by me. 

The quality of service issues on VANETs are optimized with a cheaper and less 

complex novel technique RRSCM. The technique has overcome the hurdles on 

choosing the right parameters that are to be tuned and are optimized in an optimum 

way. 
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6.11 RESEARCH LIMITATIONS 

The commercial deployment of this RRSCM technique may require further 

experimentation on large datasets for real-time VANETs traffic. In this regard, support 

from commercial cellular network operators are required, in order to implement this 

scheme in VANETs. The vehicle manufacturers can also be approached to embed this 

technique in their products. 

6.12 FUTURE WORK  

The yet to come course of this research effort is to,  

  Use the RRSCM classification methodology to an enduring traffic and 

envisage the outcomes with the comparable precision in short-range traffic 

information and later, relate the throughput and log dimension through the 

composed traffic trace as contribution.  

 The research work can be projected further to incorporate the selected 

forecaster into VANETs and assess them on actual.  

 In the future new sets of discriminators and input data for other traffic will 

be identified to predict various distributed traffic on a distributed 

heterogeneous network. 
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APPENDIX A 

GENERAL DEFINITIONS 

 

A.1 SELF SIMILARITY AND LONG RANGE DEPENDENCE 

Long range dependence measures the memory of a process. Intuitively distant 

events in time are correlated. This correlation is captured by the Auto Correlation 

Function (ACF), ρ(k) which measures the similarity between series Xk and a shifted 

version of itself Xt+k where k interval between Xt and Xt+k. The expression for ρ(k) is 

given by: 

 

whereμand σ are the sample mean and standard deviation respectively. 

A.1.1 LONG RANGE DEPENDENCE 

A stationary process is long range dependent if it has non-summable 

autocorrelation function, that is 

 

A.1.2 SHORT RANGE DEPENDENCE 

Short range dependence is characterized by quickly decaying correlations, 
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A.1.3 SELF SIMILARITY 

Definition  

A stochastic continuous time process Y = Y (t), t ≥ 0 is self-similar (with a self-

similarity parameter H) if it satisfies the condition: 

 

Here Y (t) represents the total traffic volume up to time t and X (i) represents the 

traffic intensity during the ith interval. 

The autocorrelation function (ACF) of a second order self-similar time series is 

the same in either coarse or fine time scales. 
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APPENDIX B  

FORMULAS  

1. Mean of a variable 

 nxxXE i /][  

2. Sum of Squares of a variable 

SS[X] =   2

1 )( xx  

3. Variance of a variable 

Var [X]   = s2   = 
1

)( 2

1




n

xx
 

4. Standard Deviation of a variable 

SD [X]   = s = 
1

)( 2




n

xxi
 

5. Coefficient of Variation (CV) of a variable 

CV   = )/( xs  

6. Standard Error of the Mean 
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7. Computing z-scores 

z - score    =  
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xxi )( 
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8. Covariance of two variables 

Cov (x, y)     =  
1

)()(




n
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9. Pearson’s Correlation of two variables 

Correlation (x, y) =  
][][
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APPENDIX C 

Table A.C1 Predictions on ANN with NeuroSolutions 

Instance# Actual Predicted Error 

1 69 189.883 120.883 

2 324.364 473.571 149.207 

3 112.533 207.42 94.886 

4 312.471 402.874 90.403 

5 337.382 472.752 135.37 

6 78.455 204.763 126.309 

7 316.188 352.405 36.216 

8 322.746 473.634 150.888 

9 366.463 472.348 105.885 

10 77.818 205.734 127.916 

11 550.521 200.694 -349.827 

12 76.909 199.123 122.214 

13 280.348 204.142 -76.205 

14 304.579 274.3 -30.279 

15 302.184 207.575 -94.609 

16 71.643 207.151 135.508 

17 310.914 379.272 68.357 

18 290.765 249.715 -41.05 

19 343.563 472.901 129.338 

20 380.741 472.082 91.341 

21 607.895 204.892 -403.003 

22 624.367 204.95 -419.417 

23 574.229 202.098 -372.131 

24 756.396 895.212 138.817 
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Instance# Actual Predicted Error 

25 590.114 203.49 -386.624 

26 88.7 207.471 118.771 

27 529.444 205.805 -323.64 

28 572.45 204.841 -367.609 

29 462.212 219.142 -243.071 

30 678.962 261.527 -417.435 

31 343.462 200.546 -142.915 

32 601.556 206.474 -395.082 

33 661.857 212.123 -449.734 

34 530 205.239 -324.761 

35 682.722 213.43 -469.291 

36 662.581 213.13 -449.451 

37 737.667 665.256 -72.411 

38 717.523 334.192 -383.33 

39 655.405 215.773 -439.632 

40 503.667 206.556 -297.111 

41 543.571 205.839 -337.732 

42 705.86 442.348 -263.511 

43 110.5 203.061 92.561 

44 121.333 200.753 79.419 

45 609.542 216.213 -393.329 

46 166.063 208.539 42.476 

47 742.643 734.071 -8.572 

48 783.593 906.429 122.837 

49 83.583 208.443 124.86 

50 128.111 200.53 72.419 

51 94.5 204.33 109.83 
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Instance# Actual Predicted Error 

52 629.444 321.239 -308.205 

53 80.688 224.217 143.529 

54 124.455 215.177 90.722 

55 118.091 208.918 90.827 

56 126.273 211.198 84.926 

57 128.091 204.692 76.601 

58 548.977 210.823 -338.153 

59 348.333 211.69 -136.643 

60 89.727 201.663 111.936 

61 90.545 202.141 111.596 

62 260.923 203.981 -56.942 

63 412.25 214.6 -197.65 

64 136.5 203.637 67.137 

65 264.278 222.577 -41.7 

66 688.977 354.745 -334.232 

67 275.462 213.134 -62.327 

68 716.402 277.574 -438.828 

69 519.143 212.954 -306.188 

70 513.28 210.123 -303.157 

71 122.2 197.683 75.483 

72 131.333 198.609 67.276 

73 94.2 199.123 104.923 

74 548.667 201.916 -346.751 

75 690.774 206.491 -484.283 

76 706.75 240.674 -466.076 

77 758.841 480.837 -278.004 

78 735.303 269.521 -465.782 
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Instance# Actual Predicted Error 

79 547.074 201.61 -345.464 

80 681.75 226.586 -455.164 

81 741.485 270.477 -471.008 

82 730.914 271.633 -459.281 

83 799.362 874.694 75.333 

84 676.424 206.557 -469.867 

85 774.786 616.405 -158.381 

86 903.301 942.658 39.357 

87 776.122 697.713 -78.409 

88 643.387 203.61 -439.777 

89 696.324 205.768 -490.557 

90 815.6 910.643 95.043 

91 680.742 205.52 -475.222 

92 732.057 268.966 -463.091 

93 777.979 634.367 -143.612 

94 903.533 942.206 38.673 

95 792.619 778.455 -14.164 

96 753.333 292.446 -460.887 

97 796.514 887.475 90.961 

98 738.879 268.525 -470.354 

99 867.877 944.149 76.272 

100 710.484 268.614 -441.869 
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Table A.C2 WEKA RRSCM-Test result summary 

Predictions on data set 

Instance# Actual Predicted Error 

1 42 45.516 3.516 

2 576 575.916 -0.084 

3 52 52.56 0.56 

4 576 575.943 -0.057 

5 576 575.92 -0.08 

6 52 52.517 0.517 

7 576 575.967 -0.033 

8 576 575.916 -0.084 

9 576 575.93 -0.07 

10 52 52.516 0.516 

11 1400 1399.768 -0.232 

12 52 52.515 0.515 

13 576 575.604 -0.396 

14 576 575.999 -0.001 

15 576 575.704 -0.296 

16 56 56.014 0.014 

17 576 575.954 -0.046 

18 576 576.005 0.005 

19 576 575.922 -0.078 

20 576 575.934 -0.066 

21 1400 1399.995 -0.005 

22 1400 1399.792 -0.208 

23 1400 1399.776 -0.224 

24 1400 1399.948 -0.052 

25 1400 1399.781 -0.219 

26 57 56.521 -0.479 

27 1400 1399.762 -0.238 
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Instance# Actual Predicted Error 

28 1400 1399.984 -0.016 

29 1400 1400.156 0.156 

30 1400 1400.205 0.205 

31 304 303.723 -0.277 

32 1400 1400.201 0.201 

33 1400 1400.218 0.218 

34 1400 1400.178 0.178 

35 1400 1400.225 0.225 

36 1400 1400.218 0.218 

37 1400 1400.045 0.045 

38 1400 1400.182 0.182 

39 1400 1400.217 0.217 

40 1374.75 1374.712 -0.038 

41 1400 1399.974 -0.026 

42 1400 1400.131 0.131 

43 57 56.547 -0.453 

44 60 59.554 -0.446 

45 1400 1400.202 0.202 

46 289 288.767 -0.233 

47 1400 1400.017 0.017 

48 1400 1399.957 -0.043 

49 60 59.729 -0.271 

50 60 59.564 -0.436 

51 63 62.939 -0.061 

52 1400 1400.178 0.178 

53 64 63.933 -0.067 

54 62 61.985 -0.015 

55 62 61.974 -0.026 

56 62 61.983 -0.017 

57 62 61.985 -0.015 
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Instance# Actual Predicted Error 

58 1400 1400.181 0.181 

59 236.5 236.639 0.139 

60 62 61.936 -0.064 

61 62 61.937 -0.063 

62 64 64.116 0.116 

63 773 773.15 0.15 

64 63 62.988 -0.012 

65 64 64.116 0.116 

66 1400 1400.168 0.168 

67 64 64.121 0.121 

68 1400 1400.206 0.206 

69 1400 1400.171 0.171 

70 1400 1400.169 0.169 

71 57 56.563 -0.437 

72 60 59.566 -0.434 

73 63 62.938 -0.062 

74 1500 1499.847 -0.153 

75 1500 1500.239 0.239 

76 1500 1500.231 0.231 

77 1500 1500.14 0.14 

78 1500 1500.226 0.226 

79 1500 1499.846 -0.154 

80 1500 1500.227 0.227 

81 1500 1500.228 0.228 

82 1500 1500.225 0.225 

83 1500 1499.98 -0.02 

84 1500 1500.235 0.235 

85 1500 1500.085 0.085 

86 1500 1499.983 -0.017 

87 1500 1500.05 0.05 
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Instance# Actual Predicted Error 

88 1500 1500.086 0.086 

89 1500 1500.241 0.241 

90 1500 1499.97 -0.03 

91 1500 1500.236 0.236 

92 1500 1500.225 0.225 

93 1500 1500.079 0.079 

94 1500 1499.983 -0.017 

95 1500 1500.02 0.02 

96 1500 1500.221 0.221 

97 1500 1499.972 -0.028 

98 1500 1500.227 0.227 

99 1500 1499.971 -0.029 

100 1500 1500.218 0.218 

101 1500 1500.079 0.079 

102 1500 1500.221 0.221 

103 1500 1500.156 0.156 

104 1500 1500.159 0.159 

105 1500 1500.064 0.064 

106 1500 1500.109 0.109 

107 1500 1500.232 0.232 

108 1500 1500.146 0.146 

109 1500 1500.158 0.158 

110 1500 1500.226 0.226 

111 1500 1499.984 -0.016 

112 1500 1499.987 -0.013 

113 1500 1500.227 0.227 

114 1500 1500.24 0.24 

115 1500 1500.224 0.224 

116 1500 1500.227 0.227 

117 1500 1499.965 -0.035 



146 | P a g e  
 

Instance# Actual Predicted Error 

118 1500 1499.977 -0.023 

119 1500 1500.226 0.226 

120 1500 1499.97 -0.03 

121 1500 1500.083 0.083 

122 1500 1500.235 0.235 

123 469.75 469.501 -0.249 

124 1500 1499.972 -0.028 

125 1500 1500.225 0.225 

126 1500 1499.955 -0.045 

127 1500 1500.229 0.229 

128 1500 1500.226 0.226 

129 1500 1499.969 -0.031 

130 1500 1499.956 -0.044 

131 1500 1499.967 -0.033 

132 1500 1500.222 0.222 

133 1500 1500.23 0.23 

134 1500 1499.971 -0.029 

135 1500 1499.984 -0.016 

136 1500 1500.18 0.18 

137 1500 1500.168 0.168 

138 1500 1500.079 0.079 

139 1500 1500.236 0.236 

140 1500 1499.987 -0.013 

141 1500 1499.992 -0.008 

142 1500 1500.219 0.219 

143 1500 1499.967 -0.033 

144 1500 1500.225 0.225 

145 1500 1499.953 -0.047 

146 1500 1500.225 0.225 

147 1500 1499.974 -0.026 



147 | P a g e  
 

Instance# Actual Predicted Error 

148 1500 1500.234 0.234 

149 1500 1500.228 0.228 

150 1500 1500.222 0.222 

151 1500 1500.074 0.074 

152 1500 1500.083 0.083 

153 1500 1500.224 0.224 

154 1500 1500.232 0.232 

155 1500 1499.959 -0.041 

156 1500 1500.083 0.083 

157 1500 1500.184 0.184 

158 1500 1499.993 -0.007 

159 1500 1500.223 0.223 

160 1500 1500.224 0.224 

161 1500 1500.133 0.133 

162 1500 1500.085 0.085 

163 1500 1499.968 -0.032 

164 1500 1500.082 0.082 

165 1500 1500.131 0.131 

166 1500 1499.997 -0.003 

167 1500 1499.977 -0.023 

168 1500 1499.968 -0.032 

169 1500 1499.991 -0.009 

170 1500 1500.172 0.172 

171 1500 1499.964 -0.036 

172 1500 1500.103 0.103 

173 1500 1500.155 0.155 

174 1500 1500.055 0.055 

175 1500 1499.978 -0.022 

176 1500 1500.077 0.077 

177 1500 1499.968 -0.032 



148 | P a g e  
 

Instance# Actual Predicted Error 

178 1500 1499.979 -0.021 

179 1500 1500.228 0.228 

180 1500 1500.192 0.192 

181 1500 1500.226 0.226 

182 1500 1500.039 0.039 

183 1500 1500.232 0.232 

184 1500 1500.223 0.223 

185 1500 1500.188 0.188 

186 1500 1499.972 -0.028 

187 1500 1499.973 -0.027 

188 1500 1499.98 -0.02 

189 1500 1499.958 -0.042 

190 1500 1499.954 -0.046 

191 1500 1500.206 0.206 

192 1500 1500.063 0.063 

193 1500 1499.976 -0.024 

194 1500 1499.979 -0.021 

195 1500 1499.967 -0.033 

196 1500 1499.976 -0.024 

197 1500 1499.978 -0.022 

198 1500 1499.993 -0.007 

199 1500 1500.217 0.217 

200 1500 1499.979 -0.021 

201 1500 1500.149 0.149 

202 1500 1499.96 -0.04 

203 1500 1500.219 0.219 

204 1500 1500.076 0.076 

205 1500 1500.026 0.026 

206 1500 1500.236 0.236 

207 1500 1499.979 -0.021 



149 | P a g e  
 

Instance# Actual Predicted Error 

208 1500 1499.982 -0.018 

209 1500 1500.221 0.221 

210 1500 1500.226 0.226 

211 1500 1499.993 -0.007 

212 1500 1500.229 0.229 

213 1500 1500.103 0.103 

214 1500 1500.227 0.227 

215 1500 1500.23 0.23 

216 1500 1500.062 0.062 

217 1500 1499.961 -0.039 

218 1500 1500.135 0.135 

219 1500 1500.085 0.085 

220 1500 1500.233 0.233 

221 1500 1500.235 0.235 

222 1500 1500.078 0.078 

223 1500 1500.084 0.084 

224 1500 1500.228 0.228 

225 1500 1500.231 0.231 

226 1500 1500.152 0.152 

227 1500 1500.245 0.245 

228 1500 1499.979 -0.021 

229 1500 1500.022 0.022 

230 1500 1500.219 0.219 

231 1500 1500.225 0.225 

232 1500 1499.954 -0.046 

233 1500 1500.027 0.027 

234 1500 1500.078 0.078 

235 1500 1500.005 0.005 

236 1500 1500.15 0.15 

237 1500 1500.228 0.228 



150 | P a g e  
 

Instance# Actual Predicted Error 

238 1500 1499.971 -0.029 

239 1500 1500.228 0.228 

240 1500 1500.179 0.179 

241 1500 1500.23 0.23 

242 1500 1500.089 0.089 

243 1500 1499.967 -0.033 

244 1500 1499.962 -0.038 

245 1500 1500.228 0.228 

246 1500 1500.085 0.085 

247 1500 1499.985 -0.015 

248 1500 1500.228 0.228 

249 1500 1500.155 0.155 

250 1500 1499.984 -0.016 

251 1500 1500.076 0.076 

252 1500 1500.234 0.234 

253 1500 1500.124 0.124 

254 1500 1499.972 -0.028 

255 1500 1500.236 0.236 

256 1500 1500.143 0.143 

257 1500 1500.109 0.109 

258 1500 1500.152 0.152 

259 1500 1500.228 0.228 

260 1500 1500.232 0.232 

261 1500 1500.063 0.063 

262 1500 1500.002 0.002 

263 1500 1500.224 0.224 

264 1500 1499.96 -0.04 

265 1500 1500.228 0.228 

266 1500 1500.018 0.018 

267 1500 1500.23 0.23 



151 | P a g e  
 

Instance# Actual Predicted Error 

268 1500 1499.951 -0.049 

269 1500 1500.08 0.08 

270 1500 1500.229 0.229 

271 1500 1500.111 0.111 

272 1500 1500.224 0.224 

273 1500 1500.104 0.104 

274 1500 1500.221 0.221 

275 1500 1500.219 0.219 

276 1500 1499.96 -0.04 

277 1500 1500.218 0.218 

278 1500 1500.219 0.219 

279 1500 1499.97 -0.03 

280 1500 1500.237 0.237 

281 1500 1500.225 0.225 

282 1500 1500.167 0.167 

283 1500 1500.22 0.22 

284 1500 1500.227 0.227 

285 1500 1500.227 0.227 

286 1500 1500.234 0.234 

287 1500 1500 0 

288 1500 1499.965 -0.035 

289 1500 1500.225 0.225 

290 1500 1500.23 0.23 

291 1500 1500.085 0.085 

292 1500 1500.226 0.226 

293 1500 1500.181 0.181 

294 47 47.091 0.091 

295 1500 1500.047 0.047 

296 47 47.048 0.048 

297 47 47.049 0.049 



152 | P a g e  
 

Instance# Actual Predicted Error 

298 1500 1500.047 0.047 

299 1500 1500.047 0.047 

300 48 47.654 -0.346 

301 77.75 77.429 -0.321 

302 45 45.539 0.539 

303 45 45.539 0.539 

304 45 45.599 0.599 

305 45 45.581 0.581 

306 45 46.071 1.071 

307 45 45.554 0.554 

308 199 198.978 -0.022 

309 199 199.002 0.002 

310 197 196.968 -0.032 

311 196.5 196.468 -0.032 

312 199 198.979 -0.021 

313 199 198.987 -0.013 

314 189.5 189.467 -0.033 

315 126.75 126.716 -0.034 

316 131.5 131.469 -0.031 

317 189.5 189.467 -0.033 

318 199 198.97 -0.03 

319 153 152.966 -0.034 

320 199 198.97 -0.03 

321 195.5 195.467 -0.033 

322 194.5 194.467 -0.033 

323 199 198.97 -0.03 

324 64 63.974 -0.026 

325 199 199.003 0.003 

326 199 198.977 -0.023 

327 199 199.004 0.004 



153 | P a g e  
 

Instance# Actual Predicted Error 

328 199 198.988 -0.012 

329 199 198.97 -0.03 

330 199 198.97 -0.03 

331 199 198.991 -0.009 

332 131.5 131.468 -0.032 

333 131.5 131.477 -0.023 

334 199 198.977 -0.023 

335 199 198.991 -0.009 

336 194.5 194.467 -0.033 

337 199 198.977 -0.023 

338 199 198.97 -0.03 

339 153.5 153.466 -0.034 

340 154 153.966 -0.034 

341 199 198.97 -0.03 

342 199 199.016 0.016 

343 131.5 131.468 -0.032 

344 108.75 108.714 -0.036 

345 193.5 193.467 -0.033 

346 199 198.997 -0.003 

347 153 152.966 -0.034 

348 130.25 130.216 -0.034 

349 199 198.974 -0.026 

350 189 188.967 -0.033 

351 131.5 131.468 -0.032 

352 131.5 131.477 -0.023 

353 191.5 191.467 -0.033 

354 199 198.988 -0.012 

355 199 198.988 -0.012 

356 131.5 131.476 -0.024 

357 151.5 151.466 -0.034 



154 | P a g e  
 

Instance# Actual Predicted Error 

358 199 198.97 -0.03 

359 199 198.97 -0.03 

360 191.5 191.467 -0.033 

361 194.5 194.467 -0.033 

362 193.5 193.467 -0.033 

363 153.5 153.466 -0.034 

364 199 198.97 -0.03 

365 199 198.99 -0.01 

366 154 153.966 -0.034 

367 153 152.966 -0.034 

368 199 198.986 -0.014 

369 199 199.015 0.015 

370 126.75 126.716 -0.034 

371 199 199.002 0.002 

372 196 195.968 -0.032 

373 108.75 108.714 -0.036 

374 131.5 131.489 -0.011 

375 199 199.001 0.001 

376 199 199.015 0.015 

377 197 196.968 -0.032 

378 129.5 129.466 -0.034 

379 199 198.97 -0.03 

380 154 153.966 -0.034 

381 194.5 194.467 -0.033 

382 194 193.967 -0.033 

383 152 151.966 -0.034 

384 199 198.97 -0.03 

385 199 198.97 -0.03 

386 196.5 196.468 -0.032 

387 199 198.977 -0.023 



155 | P a g e  
 

Instance# Actual Predicted Error 

388 199 198.978 -0.022 

389 199 198.97 -0.03 

390 197 196.968 -0.032 

391 153.5 153.466 -0.034 

392 128.75 128.716 -0.034 

393 131.5 131.489 -0.011 

394 199 199.027 0.027 

395 153.5 153.466 -0.034 

396 199 198.99 -0.01 

397 64 63.966 -0.034 

398 153.5 153.466 -0.034 

399 199 198.97 -0.03 

400 126.75 126.716 -0.034 

401 130.25 130.216 -0.034 

402 109 108.965 -0.035 

403 189.5 189.467 -0.033 

404 131.5 131.5 0 

405 199 198.97 -0.03 

406 199 198.986 -0.014 

407 199 198.989 -0.011 

408 199 198.98 -0.02 

409 199 198.97 -0.03 

410 199 198.977 -0.023 

411 108.5 108.465 -0.035 

412 199 199.026 0.026 

413 199 198.989 -0.011 

414 199 198.97 -0.03 

415 125.5 125.465 -0.035 

416 131.5 131.476 -0.024 

417 153 152.966 -0.034 



156 | P a g e  
 

Instance# Actual Predicted Error 

418 131.5 131.488 -0.012 

419 199 198.97 -0.03 

420 199 198.991 -0.009 

421 199 198.977 -0.023 

422 199 198.97 -0.03 

423 153 152.966 -0.034 

424 64 63.984 -0.016 

425 153 152.966 -0.034 

426 131.5 131.467 -0.033 

427 131.5 131.475 -0.025 

428 199 198.99 -0.01 

429 64 63.964 -0.036 

430 199 199.004 0.004 

431 199 198.968 -0.032 

432 199 198.979 -0.021 

433 192.5 192.467 -0.033 

434 194 193.967 -0.033 

435 199 198.985 -0.015 

436 199 198.97 -0.03 

437 199 198.97 -0.03 

438 199 199 0 

439 199 198.97 -0.03 

440 199 199.004 0.004 

441 131.5 131.487 -0.013 

442 199 198.974 -0.026 

443 189.5 189.467 -0.033 

444 199 198.986 -0.014 

445 131.5 131.468 -0.032 

446 108.5 108.464 -0.036 

447 108.75 108.714 -0.036 



157 | P a g e  
 

Instance# Actual Predicted Error 

448 199 198.97 -0.03 

449 131.5 131.469 -0.031 

450 199 198.968 -0.032 

451 154.5 154.466 -0.034 

452 195 194.967 -0.033 

453 153 152.966 -0.034 

454 199 198.97 -0.03 

455 131.5 131.468 -0.032 

456 199 198.989 -0.011 

457 151.5 151.466 -0.034 

458 199 198.97 -0.03 

459 154 153.966 -0.034 

460 199 198.968 -0.032 

461 153 152.966 -0.034 

462 189.5 189.467 -0.033 

463 199 198.979 -0.021 

464 199 198.978 -0.022 

465 199 198.97 -0.03 

466 199 198.97 -0.03 

467 194.5 194.467 -0.033 

468 131.5 131.511 0.011 

469 199 198.977 -0.023 

470 199 199.013 0.013 

471 199 198.991 -0.009 

472 199 198.977 -0.023 

473 131.5 131.466 -0.034 

474 195 194.967 -0.033 

475 189.5 189.467 -0.033 

476 199 198.968 -0.032 

477 199 198.976 -0.024 



158 | P a g e  
 

Instance# Actual Predicted Error 

478 131.5 131.477 -0.023 

479 189 188.967 -0.033 

480 199 198.974 -0.026 

481 196 195.967 -0.033 

482 199 198.978 -0.022 

483 131.5 131.477 -0.023 

484 195 194.967 -0.033 

485 199 198.979 -0.021 

486 199 198.97 -0.03 

487 199 199.045 0.045 

488 194.5 194.467 -0.033 

489 131.5 131.486 -0.014 

490 131.5 131.475 -0.025 

491 153.5 153.466 -0.034 

492 153.5 153.466 -0.034 

493 199 198.97 -0.03 

494 151.5 151.466 -0.034 

495 199 198.97 -0.03 

496 150.5 150.466 -0.034 

497 199 199 0 

498 199 198.97 -0.03 

499 189.5 189.467 -0.033 

500 192.5 192.467 -0.033 

501 199 198.99 -0.01 

502 199 198.979 -0.021 

503 128 127.965 -0.035 

504 199 199.002 0.002 

505 108.5 108.464 -0.036 

506 199 198.988 -0.012 

507 199 198.976 -0.024 



159 | P a g e  
 

Instance# Actual Predicted Error 

508 199 198.975 -0.025 

509 197 196.968 -0.032 

510 199 199.05 0.05 

511 189.5 189.467 -0.033 

512 131.5 131.478 -0.022 

513 195 194.967 -0.033 

514 199 199.001 0.001 

515 130 129.966 -0.034 

516 199 198.989 -0.011 

517 194.5 194.467 -0.033 

518 131.5 131.469 -0.031 

519 153 152.966 -0.034 

520 199 199.001 0.001 

521 153 152.966 -0.034 

522 199 199.003 0.003 

523 196.5 196.467 -0.033 

524 199 198.975 -0.025 

525 195 194.968 -0.032 

526 153 152.966 -0.034 

527 199 198.975 -0.025 

528 194.5 194.467 -0.033 

529 109.75 109.714 -0.036 

530 128.75 128.716 -0.034 

531 199 198.97 -0.03 

532 199 198.978 -0.022 

533 130 129.966 -0.034 

534 131.5 131.488 -0.012 

535 131.5 131.466 -0.034 

536 153 152.966 -0.034 

537 199 198.97 -0.03 



160 | P a g e  
 

Instance# Actual Predicted Error 

538 131.5 131.499 -0.001 

539 189.5 189.467 -0.033 

540 153.5 153.466 -0.034 

541 199 198.989 -0.011 

542 199 199.026 0.026 

543 153.5 153.466 -0.034 

544 194.5 194.467 -0.033 

545 199 198.968 -0.032 

546 131.5 131.473 -0.027 

547 199 199.013 0.013 

548 199 199.001 0.001 

549 193 192.967 -0.033 

550 129 128.966 -0.034 

551 154 153.966 -0.034 

552 199 198.98 -0.02 

553 197.5 197.468 -0.032 

554 151.5 151.466 -0.034 

555 199 198.97 -0.03 

556 199 198.99 -0.01 

557 189.5 189.467 -0.033 

558 153 152.966 -0.034 

559 199 198.989 -0.011 

560 199 198.97 -0.03 

561 199 198.97 -0.03 

562 131.5 131.494 -0.006 

563 131.5 131.474 -0.026 

564 131.5 131.475 -0.025 

565 199 198.97 -0.03 

566 199 198.977 -0.023 

567 199 198.977 -0.023 



161 | P a g e  
 

Instance# Actual Predicted Error 

568 108.75 108.714 -0.036 

569 199 198.978 -0.022 

570 199 198.998 -0.002 

571 189.5 189.467 -0.033 

572 107.5 107.464 -0.036 

573 131.5 131.469 -0.031 

574 199 198.97 -0.03 

575 199 198.989 -0.011 

576 194 193.968 -0.032 

577 199 199.001 0.001 

578 199 198.97 -0.03 

579 199 198.976 -0.024 

580 199 198.97 -0.03 

581 199 198.992 -0.008 

582 131.5 131.486 -0.014 

583 131.5 131.499 -0.001 

584 199 198.976 -0.024 

585 129.25 129.216 -0.034 

586 199 198.978 -0.022 

587 129.25 129.216 -0.034 

588 189.5 189.467 -0.033 

589 131.5 131.489 -0.011 

590 131.5 131.469 -0.031 

591 199 198.974 -0.026 

592 154 153.966 -0.034 

593 199 199.003 0.003 

594 199 198.97 -0.03 

595 195 194.967 -0.033 

596 199 198.97 -0.03 

597 199 198.975 -0.025 



162 | P a g e  
 

Instance# Actual Predicted Error 

598 199 198.991 -0.009 

599 199 198.988 -0.012 

600 188 187.967 -0.033 

601 193.5 193.467 -0.033 

602 64 63.968 -0.032 

603 199 198.97 -0.03 

604 199 198.97 -0.03 

605 199 198.978 -0.022 

606 196.5 196.468 -0.032 

607 199 198.97 -0.03 

608 199 198.977 -0.023 

609 131.5 131.489 -0.011 

610 131.5 131.476 -0.024 

611 96 95.963 -0.037 

612 150.5 150.466 -0.034 

613 128.5 128.466 -0.034 

614 195.5 195.468 -0.032 

615 108.5 108.464 -0.036 

616 196.5 196.468 -0.032 

617 131.5 131.469 -0.031 

618 199 198.968 -0.032 

619 129.25 129.216 -0.034 

620 199.5 199.561 0.061 

621 199 199.001 0.001 

622 153.5 153.466 -0.034 

623 131.5 131.488 -0.012 

624 131.5 131.468 -0.032 

625 129.25 129.216 -0.034 

626 199 198.978 -0.022 

627 130.75 130.716 -0.034 



163 | P a g e  
 

Instance# Actual Predicted Error 

628 193.5 193.467 -0.033 

629 131.5 131.489 -0.011 

630 199 198.97 -0.03 

631 131.5 131.487 -0.013 

632 109.25 109.214 -0.036 

633 199 198.989 -0.011 

634 64 63.962 -0.038 

635 131.5 131.487 -0.013 

636 131.5 131.469 -0.031 

637 191.5 191.467 -0.033 

638 128.75 128.716 -0.034 

639 193 192.967 -0.033 

640 195 194.967 -0.033 

641 199 199.014 0.014 

642 199 198.97 -0.03 

643 199 198.987 -0.013 

644 199 198.979 -0.021 

645 199 199.003 0.003 

646 199 198.968 -0.032 

647 199 198.97 -0.03 

648 199 198.98 -0.02 

649 131.5 131.468 -0.032 

650 131.5 131.466 -0.034 

651 199 198.97 -0.03 

652 130.5 130.466 -0.034 

653 199 198.97 -0.03 

654 199 199.003 0.003 

655 199 199.019 0.019 

656 131.5 131.468 -0.032 

657 199 198.974 -0.026 



164 | P a g e  
 

Instance# Actual Predicted Error 

658 131.5 131.511 0.011 

659 199 198.97 -0.03 

660 197 196.968 -0.032 

661 199 198.97 -0.03 

662 196 195.967 -0.033 

663 199 198.97 -0.03 

664 189 188.967 -0.033 

665 196 195.968 -0.032 

666 131.5 131.477 -0.023 

667 196.5 196.468 -0.032 

668 199 198.969 -0.031 

669 199 198.989 -0.011 

670 199 198.991 -0.009 

671 199 198.976 -0.024 

672 64 63.966 -0.034 

673 189.5 189.467 -0.033 

674 131.5 131.489 -0.011 

675 109 108.965 -0.035 

676 197 196.968 -0.032 

677 197 196.968 -0.032 

678 199 198.991 -0.009 

679 127.75 127.716 -0.034 

680 199 198.987 -0.013 

681 199 198.97 -0.03 

682 153 152.966 -0.034 

683 131.5 131.489 -0.011 

684 199 198.97 -0.03 

685 109.25 109.214 -0.036 

686 131.5 131.469 -0.031 

687 199 198.969 -0.031 



165 | P a g e  
 

Instance# Actual Predicted Error 

688 107.25 107.214 -0.036 

689 131.5 131.477 -0.023 

690 199 198.97 -0.03 

691 189.5 189.467 -0.033 

692 193 192.967 -0.033 

693 196 195.968 -0.032 

694 131.5 131.49 -0.01 

695 131.5 131.534 0.034 

696 154 153.966 -0.034 

697 153 152.966 -0.034 

698 195 194.967 -0.033 

699 131.5 131.476 -0.024 

700 153 152.966 -0.034 

701 131.5 131.476 -0.024 

702 131.5 131.468 -0.032 

703 154 153.966 -0.034 

704 196.5 196.468 -0.032 

705 199 198.968 -0.032 

706 153.5 153.466 -0.034 

707 131.5 131.468 -0.032 

708 154 153.966 -0.034 

709 199 198.97 -0.03 

710 199 198.968 -0.032 

711 196 195.968 -0.032 

712 199 199.003 0.003 

713 199 199.003 0.003 

714 199 198.995 -0.005 

715 131.5 131.469 -0.031 

716 131.5 131.467 -0.033 

717 199 199.002 0.002 



166 | P a g e  
 

Instance# Actual Predicted Error 

718 131.5 131.489 -0.011 

719 196.5 196.468 -0.032 

720 199 198.991 -0.009 

721 153.5 153.466 -0.034 

722 199 198.979 -0.021 

723 154 153.966 -0.034 

724 199 198.989 -0.011 

725 192 191.967 -0.033 

726 131.5 131.508 0.008 

727 199 198.977 -0.023 

728 199 198.97 -0.03 

729 193.5 193.467 -0.033 

730 199 199.001 0.001 

731 199 198.977 -0.023 

732 193 192.967 -0.033 

733 131.5 131.467 -0.033 

734 199 198.99 -0.01 

735 197.5 197.468 -0.032 

736 131.5 131.472 -0.028 

737 131.5 131.495 -0.005 

738 154 153.966 -0.034 

739 199 198.977 -0.023 

740 199 198.977 -0.023 

741 199 199.002 0.002 

742 196 195.967 -0.033 

743 199 198.97 -0.03 

744 131.5 131.469 -0.031 

745 199 199.015 0.015 

746 199 198.974 -0.026 

747 189.5 189.467 -0.033 



167 | P a g e  
 

Instance# Actual Predicted Error 

748 126.75 126.716 -0.034 

749 197 196.968 -0.032 

750 193 192.967 -0.033 

751 131.5 131.512 0.012 

752 130.25 130.216 -0.034 

753 188.5 188.467 -0.033 

754 131.5 131.468 -0.032 

755 192.5 192.467 -0.033 

756 199 198.97 -0.03 

757 199 198.97 -0.03 

758 199 198.979 -0.021 

759 189.5 189.467 -0.033 

760 199 198.991 -0.009 

761 199 198.987 -0.013 

762 199 198.97 -0.03 

763 131.5 131.476 -0.024 

764 199 198.979 -0.021 

765 199 198.979 -0.021 

766 131.5 131.466 -0.034 

767 199 198.97 -0.03 

768 131.5 131.469 -0.031 

769 199 198.977 -0.023 

770 199.5 199.582 0.082 

771 107.25 107.214 -0.036 

772 131.5 131.476 -0.024 

773 153 152.966 -0.034 

774 188.5 188.467 -0.033 

775 194.5 194.467 -0.033 

776 108.5 108.464 -0.036 

777 199 199.024 0.024 



168 | P a g e  
 

Instance# Actual Predicted Error 

778 189.5 189.467 -0.033 

779 199 198.97 -0.03 

780 152 151.966 -0.034 

781 131.5 131.469 -0.031 

782 131.75 131.809 0.059 

783 196.5 196.468 -0.032 

784 153.5 153.466 -0.034 

785 153.5 153.466 -0.034 

786 199 198.968 -0.032 

787 108.75 108.714 -0.036 

788 131.5 131.51 0.01 

789 199 198.97 -0.03 

790 199 198.97 -0.03 

791 199 198.97 -0.03 

792 194 193.967 -0.033 

793 192 191.968 -0.032 

794 153.5 153.466 -0.034 

795 199 198.978 -0.022 

796 194.5 194.467 -0.033 

797 199 199.014 0.014 

798 199 199.001 0.001 

799 199 198.978 -0.022 

800 199 198.977 -0.023 

801 64 63.962 -0.038 

802 150.5 150.466 -0.034 

803 194.5 194.467 -0.033 

804 199 198.99 -0.01 

805 199 198.97 -0.03 

806 192 191.967 -0.033 

807 193.5 193.467 -0.033 



169 | P a g e  
 

Instance# Actual Predicted Error 

808 199 199.001 0.001 

809 195 194.967 -0.033 

810 199 198.978 -0.022 

811 196.5 196.468 -0.032 

812 131.5 131.507 0.007 

813 152.5 152.466 -0.034 

814 196 195.967 -0.033 

815 196.5 196.468 -0.032 

816 154 153.966 -0.034 

817 192.5 192.467 -0.033 

818 199 198.987 -0.013 

819 131.5 131.476 -0.024 

820 64 63.975 -0.025 

821 131.5 131.475 -0.025 

822 193.5 193.467 -0.033 

823 199 198.97 -0.03 

824 130.25 130.216 -0.034 

825 199 199.045 0.045 

826 199 198.97 -0.03 

827 199 198.97 -0.03 

828 128 127.965 -0.035 

829 199 199.002 0.002 

830 131.5 131.469 -0.031 

831 199 198.97 -0.03 

832 199 198.979 -0.021 

833 129.25 129.216 -0.034 

834 199 198.97 -0.03 

835 196 195.967 -0.033 

836 108.5 108.464 -0.036 

837 199 199.002 0.002 



170 | P a g e  
 

Instance# Actual Predicted Error 

838 199 198.969 -0.031 

839 199 198.97 -0.03 

840 199 199.014 0.014 

841 199 198.968 -0.032 

842 194.5 194.467 -0.033 

843 199 198.977 -0.023 

844 196.5 196.468 -0.032 

845 131.5 131.474 -0.026 

846 194.5 194.467 -0.033 

847 199 198.991 -0.009 

848 199 198.98 -0.02 

849 131.5 131.474 -0.026 

850 199 199.003 0.003 

851 195 194.968 -0.032 

852 196.5 196.468 -0.032 

853 152.5 152.466 -0.034 

854 199 198.97 -0.03 

855 199 198.97 -0.03 

856 128.5 128.466 -0.034 

857 153 152.966 -0.034 

858 199 199.048 0.048 

859 189.5 189.467 -0.033 

860 195 194.968 -0.032 

861 154 153.966 -0.034 

862 194.5 194.467 -0.033 

863 153 152.966 -0.034 

864 153.5 153.466 -0.034 

865 153.5 153.466 -0.034 

866 199 198.97 -0.03 

867 108.75 108.714 -0.036 



171 | P a g e  
 

Instance# Actual Predicted Error 

868 108.5 108.464 -0.036 

869 199 198.99 -0.01 

870 199 198.991 -0.009 

871 108.75 108.714 -0.036 

872 199.5 199.569 0.069 

873 199 198.968 -0.032 

874 199 198.97 -0.03 

875 131.5 131.498 -0.002 

876 199 198.97 -0.03 

877 199 198.977 -0.023 

878 154 153.966 -0.034 

879 189.5 189.467 -0.033 

880 196 195.967 -0.033 

881 131.5 131.487 -0.013 

882 131.5 131.488 -0.012 

883 199 198.976 -0.024 

884 199 199.003 0.003 

885 199 198.97 -0.03 

886 150.5 150.466 -0.034 

887 191.5 191.467 -0.033 

888 199 198.989 -0.011 

889 128 127.965 -0.035 

890 199 198.977 -0.023 

891 153.5 153.466 -0.034 

892 196.5 196.468 -0.032 

893 199 198.97 -0.03 

894 131.5 131.488 -0.012 

895 196.5 196.468 -0.032 

896 199 198.99 -0.01 

897 199 198.999 -0.001 



172 | P a g e  
 

Instance# Actual Predicted Error 

898 196 195.967 -0.033 

899 130 129.966 -0.034 

900 199 198.97 -0.03 

901 152.5 152.466 -0.034 

902 199 198.989 -0.011 

903 131.5 131.485 -0.015 

904 199 198.97 -0.03 

905 199 198.977 -0.023 

906 199 198.97 -0.03 

907 199 198.975 -0.025 

908 199 198.97 -0.03 

909 131.5 131.469 -0.031 

910 131.5 131.468 -0.032 

911 199 199.002 0.002 

912 199 198.97 -0.03 

913 131.5 131.468 -0.032 

914 131.5 131.547 0.047 

915 199 198.992 -0.008 

916 197 196.968 -0.032 

917 194.5 194.467 -0.033 

918 199 198.978 -0.022 

919 199 198.989 -0.011 

920 199 198.977 -0.023 

921 199 198.977 -0.023 

922 194.5 194.467 -0.033 

923 199 198.968 -0.032 

924 131.5 131.523 0.023 

925 109 108.965 -0.035 

926 199 198.97 -0.03 

927 199 198.991 -0.009 



173 | P a g e  
 

Instance# Actual Predicted Error 

928 152.5 152.466 -0.034 

929 199 198.97 -0.03 

930 199 198.968 -0.032 

931 154 153.966 -0.034 

932 199 198.99 -0.01 

933 199 198.976 -0.024 

934 126.25 126.216 -0.034 

935 199 198.968 -0.032 

936 129.25 129.216 -0.034 

937 199 198.978 -0.022 

938 130.25 130.216 -0.034 

939 199 198.978 -0.022 

940 199 198.97 -0.03 

941 131.5 131.546 0.046 

942 189.5 189.467 -0.033 

943 131.5 131.468 -0.032 

944 153 152.966 -0.034 

945 199 198.978 -0.022 

946 129.25 129.216 -0.034 

947 131.5 131.522 0.022 

948 153.5 153.466 -0.034 

949 199 198.989 -0.011 

950 153.5 153.466 -0.034 

951 153 152.966 -0.034 

952 199 198.979 -0.021 

953 199 198.968 -0.032 

954 64 63.976 -0.024 

955 129 128.966 -0.034 

956 194.5 194.467 -0.033 

957 153.5 153.466 -0.034 



174 | P a g e  
 

Instance# Actual Predicted Error 

958 64 63.968 -0.032 

959 131.5 131.525 0.025 

960 150.5 150.466 -0.034 

961 199 199.001 0.001 

962 153 152.966 -0.034 

963 199 198.987 -0.013 

964 199 198.97 -0.03 

965 199 198.989 -0.011 

966 199 198.968 -0.032 

967 195.5 195.468 -0.032 

968 199 199.013 0.013 

969 196 195.968 -0.032 

970 199 199.038 0.038 

971 199 198.997 -0.003 

972 196 195.967 -0.033 

973 199 198.968 -0.032 

974 196 195.968 -0.032 

975 199 198.968 -0.032 

976 199 198.976 -0.024 

977 194 193.968 -0.032 

978 199 198.987 -0.013 

979 153.5 153.466 -0.034 

980 189.5 189.467 -0.033 

981 131.5 131.475 -0.025 

982 199 199.003 0.003 

983 194.5 194.467 -0.033 

984 199 198.979 -0.021 

985 199 198.988 -0.012 

986 131.5 131.475 -0.025 

987 150.5 150.466 -0.034 



175 | P a g e  
 

Instance# Actual Predicted Error 

988 154 153.966 -0.034 

989 131.5 131.475 -0.025 

990 126.75 126.716 -0.034 

991 197 196.968 -0.032 

992 199 198.975 -0.025 

993 199 198.974 -0.026 

994 153 152.966 -0.034 

995 199 198.991 -0.009 

996 199 198.977 -0.023 

997 129 128.966 -0.034 

998 199 199.004 0.004 

999 154 153.966 -0.034 

1000 191.5 191.467 -0.033 

 


