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Abstract 

Now a days the number of increasing reliance on wireless computer networks for communicating different types by 
considering of time sensitive applications that is voice over internet protocol . Quality of service can play an important role in wireless 
computer networks as it can also facilitate evaluation of their performance and can provide mechanisms to improve their operation. In 
this study probabilistic neural network and Bayesian classification were developed to process delay, jitter and percentage packet 
loss ratio for voice over internet protocol traffic. Both methods successfully categorized the transmission of voice over internet 
protocol packets into low, medium and high quality of service categories but overall the Bayesian classification performed more 
accurately than probabilistic neural network. By accurately determining the network’s quality of service, an improved understanding 
of its performance is obtained. 

 
Keywords: Quality of Service, Wireless Computer Networks, Bayesian Classification, Probabilistic Neural Network. 
 
1. Introduction 

Quality of service (QoS) provides mechanisms to improve the performance of computer networks by facilitating traffic 
prioritization, resource reservation, traffic shaping and policing, packet scheduling and queue management operations. These 
operations are increasingly important for effective communication of multimedia traffic. The time sensitive nature of multimedia 
applications means that when their traffic parameters like delay, jitter and packet loss exceed their bounds, users’ experience can 
become unsatisfactory. Therefore, assessing the QoS provided by networks is important to both network users and network service 
providers for determining how well the transmission requirements of various applications are met and in utilizing approaches to 
improve network performance. There are however challenges in assessing QoS in multimedia networks. These include high traffic 
throughput, dynamic behavior of the network, limited resources (such as bandwidth), diversity in applications’ transmission 
requirements and computational requirements of collecting and processing traffic information. 

 
A Voice over Internet Protocol (VoIP) QoS evaluation method that assessed the connection characteristics based on active 

measurement and Mean Opinion Score (MOS) approach has been reported [7]. The study examined network’s performance using the 
users’ opinions of the applications’ quality. Other studies reported effective evaluation of QoS for multimedia services using artificial 
intelligence. They reported that measured QoS is a good indicator of network operation and resource (e.g., bandwidth) availability. 

 
QoS assessment based on analyzing traffic parameters is quantitative but requires tools to process and interpret end-to-end 

transmission measurements for the packets. An example of such a tool that showed potential for QoS assessment in wired and wireless 
networks is artificial neural network (ANN). An advanced QoS assessment approach that used ANNs for real time protocol (RTP) 
traffic analysis has been reported. In these studies, communication networks were simulated using a package called NS2. The 
parameters of the network traffic were initially classified into multiple QoS classes by an unsupervised learning Kohonen neural 
network. The classified information was then further processed to measure the network’s overall QoS by a supervised 
learning multilayer perceptron (MLP). The overall QoS assessed by the approach correlated well with other QoS assessment 
techniques that used fuzzy logic and regression analysis. 

 
A comparison of Kohonen neural network, fuzzy c-means (FCM) clustering and MLP and fuzzy inference system (FIS) for 

QoS evaluation has been carried out, demonstrating that they provide comparable results. QoS assessment methods reported in studies 
were based on either Kohonen neural network, FCM, MLP or fuzzy inference system (FIS). In FCM a piece of data can 
simultaneously belong to multiple clusters with different degrees of memberships rather than exclusively to a single cluster. A 
limitation of FCM is that its operation (and thus its results) can be affected by its initial start-up conditions and parameters. Its training 
is also iterative and this can be an issue in real-time operations. FIS based approach requires the user to develop the rules for its 
knowledge base and to determine the types and parameters of the membership functions for its inputs and outputs. The rules and 
membership functions’ parameters are specific to the applications. MLP and Kohonen network based QoS assessment approaches 
need much iteration to train (1000 iterations). MLP design requires a careful determination of the number of neurons in its hidden 



 
Cover Page 

  

  
 
DOI: http://ijmer.in.doi./2022/11.03.112  

            

 

ISSN:2277-7881; IMPACT FACTOR :7.816(2022); IC VALUE:5.16; ISI VALUE:2.286 
Peer Reviewed and Refereed Journal: VOLUME:11, ISSUE:3(6), March: 2022 

Online Copy of Article Publication Available (2022 Issues): www.ijmer.in 
Digital Certificate of Publication: http://ijmer.in/pdf/e-Certificate%20of%20Publication-IJMER.pdf 

Scopus Review ID: A2B96D3ACF3FEA2A 
Article Received: 2nd March 2022   
 Publication Date:10th April 2022 

Publisher: Sucharitha Publication, India 

 

 
78 

 

layer to avoid overfitting and to ensure proper generalization. Kohonen output is a map that requires interpretation by the user to 
determine groupings. Linear regression assumes that the interrelationships between the inputs and outputs are linear. 

 
2. Methodology 

The developed QoS classification methods were evaluated on a wireless computer network set up in a network laboratory. 
This network is shown in figure. The network consisted of two wireless Cisco© access points (APs) AIR-AP1852 that had four 
external dual-band antennae. Cisco© catalyst 3560 switches connected the APs, Wide Area Network Emulator (WANem) and 
the Session Initiation Protocol (SIP) server via 1 Giga bits per second (Gbps) wired cables. 

 
The arrangement established point-to-point protocol (PPP) link between the PC-1 that connected to AP-1 and PC-2 that 

connected to AP-2. Wide Area Network Emulator (WANem) was installed at the center of the PPP connection to facilitate control 
over the traffic parameters i.e., delay, jitter and %PLR and thus to provide good, medium and poor QoS conditions for measurements. 
The traffic was sent over this PPP link in such a way that traffic from PC-1 transmitted to PC-2 through WANem server and vice 
versa. The traffic contained high definition (HD) video, VoIP and TCP traffic. Different traffic to represent practical scenarios was 
included but VoIP and the Real-Time Transport Protocol (RTP) packets were analyzed. 

 

 
 
3. Bayesian approach 

The Bayesian approach processed input vectors containing the values for delay, jitter and %PLR for transmitted packets and 
produced an output indicating the QoS category. The algorithm for the Bayesian approach consisted of three parallel paths that were 
associated with low, medium and high QoS categories.  

 
Three lists of calibration examples were prepared based on Table 1 which included 300 entries for training file. These 

represented different delay, jitter and %PLR values characterizing low, medium and high QoS categories. Fig. 3 indicates the manner 
traffic measures were associated to each QoS type. When a packet strongly belonged to a category (e.g., low QoS, represented by 
BC1-route) then the associated probability was close to 1. The same operations are followed for BC-2 (medium QoS) and BC-3 (high 
QoS). BC-1 used the examples from the low and not low QoS list, BC-2 used the examples from the medium and not medium QoS list 
and BC-3 used the examples from the high and not high QoS list. Each path provided a probability value between 0 and 1. High values 
of probability indicated QoS associated with that path. In order to have a continuous range between 0 and 1 for the three paths 
combined, the outputs from the paths were mapped as: 0 to 0.33 for low QoS packets classified through BC-1 path, 0.34 to 0.65 for 
medium QoS packets classified through BC-2 path and 0.66 to 1 for high QoS packets classified through BC-3 path. 
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4. PNN approach 
The PNN structure shown in Fig. 1 was used with three inputs: delay, jitter and %PLR. The training (calibration) contained 

300 examples that characterized a range of delay, jitter and %PLR for different QoS categories. As PNN is a supervised learning 
classifier for each example in the training file the corresponding QoS types (1=low, 2=medium and 3=high) were specified. When the 
value of the parameter (spread) was near zero, the PNN acted as a nearest neighbor classifier. In this study the value of spread ([Math 
Processing Error]σ) in Eq. (11) was chosen as 0.01 by experimenting with different values and considering the PNN classifying 
performance on examples from the training file. 

 
The test file contained VoIP transmission parameters X=([Math Processing Error]x1= delay, [Math Processing 

Error]x2= jitter, [Math Processing Error]x3= %PLR) in Eqs. (11)–(13) for traffic that lasted for about 10 min. 
 

5. Results and discussion 
a, b and c show the measurements from the network, i.e. actual delay, jitter and %PLR, for VoIP RTP traffic. The related 

traffic was produced by using WANem. Above figure shows d and e show the QoS outputs for the Bayesian and PNN approaches, 
respectively. At the beginning the QoS was high as delay, jitter and %PLR were small. This is then followed by medium QoS at 
minute 1.2. At minute 2.8, the QoS started to become high again. From minute 5.5, the QoS fluctuated between high, medium and low 
in relation to the changes in the delay, jitter and %PLR. 

 
Fig. 5 a and b show the QoS classification boxplots for the Bayesian and PNN approaches. The median values (shown by the 

bar inside each box), for the three types of QoS for the two approaches are close. The median value for the high QoS is at minute 3.5, 
the median for the medium QoS is at minute 4.2 and the median for the low QoS is at minute 7.8. Both methods have outlier packets 
for the low QoS between 0 and 4 min. 
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Conclusion 

Bayesian and PNN based QoS classification approaches for VoIP (RTP) traffic were developed and their performance was 
evaluated. The methods were applied to a laboratory based wireless network. Experimental results illustrated that both classification 
approaches are effective in categorizing VoIP related packets into high, medium or low QoS. However, the Bayesian approach gave a 
higher accuracy for classifying packets than PNN. The effectiveness of the developed methods was further tested using an atypicality 
index that confirmed the classified packet belonged to the suggested categories. 
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