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Abstract—Network performance  metrics  such  as   available 
bandwidth and latency are essential to achieve  good Quality of 
Service  (QoS)   in  multimedia   streaming.   There   are   unique 
requirements   in    network   performance   metrics   for   media 
applications, such as audio conferencing, video streaming, video 
conferencing,   and   high-definition   (HD)   video   conferencing. 
In this paper, we focus on conference call type suggestion based 
on link quality prediction. The link’s quality is classified based on 
the available bandwidth and latency between two network nodes. 
We have implemented and compared two of the most popular 
supervised learning based classification methods, i.e. logistic 
regression and support vector machine (SVM). We have 
compared the performance of both methods and their 
suitability to apply in link quality prediction. The experimental 
results show that SVM outperforms logistic regression for binary 
and multiclass classification in terms of accuracy. 

 
Keywords – multimedia streaming, classification, logistic 

regression, support vector machine. 

I. INTRODUCTION 
The on-growing usability in video conferencing system 

has led to high demand for better quality Audio/Video (AV) 
transmission. Network constraints are the major problem in 
multimedia streaming. Network performance metrics serve as 
optimization parameters for adaptive streaming. Available 
bandwidth is the maximum throughput between two hosts that 
can be achieved in the presence of cross traffic while latency 
is often referred to as time delay between two network nodes. 
Available bandwidth is important for video conferencing over 
the Internet to ensure a smooth image quality received. 
Meanwhile, latency is an essential metric in synchronizing 
between video and audio received. High latency would cause 
deteriorated call quality on the receiver and out-of-sync with 
the video images.  

Due to these these considerations and requirements in 
video conferencing, we propose to predict the link quality 
between network nodes based on classification of network 
link based on available bandwidth and latency. Most of the 
existing approaches only consider either bandwidth or latency 
solely in their algorithm. Through our proposed supervised 
learning classification approach, we are able to consider both 
network performance metrics at once. We suggest to combine 
both metrics in evaluation based on the requirement of the 
application. For example, in video conferencing system, 
available bandwidth and latency plays equally important role 
in ensuring AV quality in synchronized pattern. 

We apply logistic regression and SVM in this paper. These 
supervised-learning algorithms acquire knowledge from the 
previous training samples and adapt the system with a new 
model which is used for prediction on a new input data. 
Logistic regression (LR) analysis [1] with sigmoid function 
produces results between 0 to 1. These results can be classified 
into binomial or multinomial by setting the classification 
threshold. LR is frequently used to estimate qualitative 
response models in which the dependent variable is a 
dichotomy, such as email spam filtering [2], fraudulent 
detection for online transactions [3], and tumor malignancy 
classification [4]. The advanced optimization algorithms, such 
as gradient descent, are often applied in LR analysis to 
minimize the cost function iteratively. 

Support Vector Machine (SVM) [5] is a statistical machine 
learning technique which learns from a training dataset and 
attempts to generalize and make correct predictions on new 
input data. The kernel-based SVMs are able to handle many 
types of data within the same model which encourage the 
flexibility of the learning algorithm. SVM has been 
successfully applied in many applications, such as TCP traffic 
classification [6], text classification [7] and more commonly in 
bioinformatics [8].  

The key research contributions of this paper are listed as 
follows: 

• Novel link quality prediction via LR and SVM 
classification are performed. 

• Network performance metrics (available bandwidth 
and latency) are associated in pairs in classification 
which is useful for interactive AV applications. 

The rest of this paper is organized as follows. In Section 
II, the related works of link quality prediction are discussed. It 
is followed by the implementation detail of logistic regression 
and support vector machine in Sections III and IV. The 
evaluation methodology used in this paper is explained in 
Section V. The experimental results and discussion are 
presented and discussed in Section VI and finally concluded in 
Section VII. 

II. RELATED WORK 
Network performance prediction is very relevant to the 

reduction of the overhead associated with continuous 
measurements. Current approaches for carrying out network 
performance prediction are based on network latency and 
available bandwidth normally measured and analyzed 
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separately. Related works for latency prediction include 
Vivaldi [9], Global Network Positioning (GNP) [10], and 
Internet Distance Estimation Service (IDES) [11]. Vivaldi 
faces challenge in violation of triangle inequality while the 
accuracy of GNP and IDES are influenced by the landmark 
node selection. The prediction of available bandwidth as 
proposed by Last-Mile Model [12] is only limited to small 
scale of data where the accuracy is highly dependent on the 
number of neighbours selected to iteratively minimize the 
discrepancies between measured and predicted values. The 
tree embedding approach, introduced in Sequoia [13] faces 
constraints on triangle inequality violation, inability to predict 
asymmetric information, and the influence of the node 
selection process. Direction-aware embedding is proposed in 
[14] separating upstream from downstream properties of the 
hosts to tackle the limitations faced in Sequoia. 

Work presented in [15] is the only related work that 
predicts end-to-end performance classes through decentralized 
approach based on stochastic gradient descent. The algorithm 
performs matrix completion with binary performance 
measures between network nodes with known and unknown 
nodes to be filled. This approach can be applied on both 
available bandwidth and latency, but the implementation for 
latency and available bandwidth is separated. The prediction is 
also performed in quantitative way, by filling the matrix with 
measured distance metric and predict the unmeasured through 
matrix completion (DMFSGD) [16]. The authors have recently 
extended their work to perform ordinal rating of network 
performance by network inference based on performance 
ratings [17].  

We have performed linear regression analysis, by 
optimizing matrix completion problem with stochastic gradient 
descent in our previous work [18]. The unmeasured distance 
metrics are first predicted through interpolation, and initialized 
with singular value decomposition (SVD) before the 
optimization step. It has proven to be effective in improving 
the convergence of algorithm to global minimum. This paper 
is an extension to our previous work, to further enhance the 
prediction and adapt the algorithm to AV streaming 
applications through binomial and multinomial classification. 
The available bandwidth and latency are associated in pairs 
from our prediction algorithm previously. 

LR and SVM classification approaches are described in the 
following section. 

III. LOGISTIC REGRESSION (LR) 
Logistic regression [19] is a regression technique suitable 

for data with binary outcomes {0, 1}. It builds a model from 
training samples and predicts the probability of the network 
link to be 0 (Good) or 1 (Bad). The input features are the 
available bandwidth and latency. In this section, we discuss 
how the class-based link quality is predicted through LR, 
whereby a set of training samples will be trained to obtain 
learning parameter, θ and regularization coefficient, λ for 
regularized logistic regression through gradient descent. 

A. LR Model 

Let X be a dataset with dichotomous outcome, y = {0, 1}. 
For each training sample xi in X, the outcome is either yi = 1 or 
yi = 0. The experiments outcome with yi = 1 are said to have 
‘Good’ link quality, while for yi = 0 for ‘Bad’ quality.  

In supervised-learning, to make sure the input dataset is 
learnable, a differentiable function is needed to do the fitting 
instead of using two line segments. The probability that y = 1, 
given x, parameterized by θ or often referred to as logistic 
regression hypothesis is defined as:  

)()();|1( xgxhxyp Tθθ θ ===                   (1) 

where function g is the sigmoid function and hθ(x) is 
interpreted as the estimated probability that y = 1 on input x. 
Before executing the actual cost function, a sigmoid function 
is employed. The sigmoid function is defined as: 
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The training set {(x(1), y(1)), (x(2), y(2)), …, (x(m), y(m))} with m 
samples where Txxx ],[ 21∈  is the set of input features 
(available bandwidth and latency) used to obtain the fitting 
parameter, θ to minimize the cost function J(θ) as follows [19]:            
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In order to optimize the algorithm, gradient descent is applied 
iteratively as follows: 
Optimization algorithm:_____________________________ 

i. Compute cost function J(θ). 
ii. To minθJ(θ), perform gradient descent: 
iii. Repeat { 

iv.     )(: θ
θ

αθθ J
d

d

j
jj −=   (for j = 0, 1, .... n) 

v. } 
________________________________________________ 

The gradient of the cost function is calculated iteratively to 
achieve convergence to global minimum. The gradient of the 
cost is defined as follows: 
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The trained dataset will output a model with decision 
boundary and trained parameter for new input samples. For the 
non-linearly separable dataset, features are mapped into higher 
dimension with higher polynomial terms of x1 and x2 to fit it, 
and regularization term is use to do parameter tuning, θ. The 
polynomial is expanded up to the sixth power which is best fit 
in this case. The learning problem can be difficult if the 
dimension is too high. 

WNM 2013, The 7th IEEE Workshop on Network Measurements

1026



...)

()(
3
2

2
15

2
2

2
142

2
13

2
12110

++

++++=

xx

xxxxxxgxh

θ
θθθθθθ        (5) 

Features x1 and x2 correspond to the available bandwidth and 
latency on certain link in the network. The cost function with 
regularization term is as follows [19]:  
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This allows us to build a more expressive classifier which is 
not susceptible to under-fitting or over-fitting. Gradient 
descent is applied for optimization as well. The gradient of the 
cost is defined as follows: 
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for j = 1, 2, 3,…, n.  

B. Multiclass Logistic Regression (Multiclass LR) 
To enable better classification, we implemented four classes 

by applying “one-against-all” multiclass LR. The hypothesis 
of multiclass LR is different from that of binary LR while the 
cost function is similar in both cases. The hypothesis of N-
class multiclass logistic regression is: 

);|()( θθ xiypxh i ==   (for i = 1, 2,…,N)        (8) 

where a logistic regression classifier hθi(x) is trained for each 
class i to predict the probability that y = i. In “one-against-all” 
multiclass LR, for a new input x, prediction is made by picking 
the class i that maximizes maxi hθi(x).  

IV. SUPPORT VECTOR MACHINE 

SVM is suitable for classification problems with high 
dimensional feature space and small training set size [20]. 
There are four common kernels in SVM: linear, polynomial, 
radial basis function (RBF), and sigmoid. In this paper, we 
focus on C-support vector classification with linear and RBF 
kernel to study if the distribution is linearly separable or non-
linearly separable. 

A. C-Support Vector Classification (C-SVC) 

The main parameter in C-SVC is C, the balance parameter, 
which plays the role similar to 1/λ, regularization parameter in 
RLR. The training features with l samples are interpreted as 
vectors in C-SVC, such that liRx n

i ,...,1, =∈ , and the label 

vector lRy ∈  such that }1,0{∈iy , as introduced in [21] to 
solve the following primal optimization problem. 
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where the kernel function, )( ixφ , maps xi into a higher-
dimensional space, C > 0 is the regularization parameter, b is a 
bias, ω is the feature vector and ∑ =

l
i i1ζ  is the sum of errors in 

addition to ωωT . Due to the possible high dimensionality of 
vector variable ω, usually the dual problem is solved as 
follows: 
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where e = [1,...,l]T is the vector of all ones, Q is an l by l 
positive semi-definite matrix, ),( jijiij xxKyyQ ≡ , and 
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T

iji xxxxK φφ≡  is the kernel function. 

After solving the equation in (10), by using the primal-dual 
relationship, the optimal ω satisfies                                                               
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i
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and the decision function is  
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1
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Then, we store ,, iiiy ∀α  b, class label names, support vectors, 
and other information such as kernel parameters in the model 
for prediction. In this paper, we compare linear and RBF 
kernel to fit our problem.  

Linear kernel:  j
T
iji xxxxK =),(                                           (13) 

RBF kernel:    0,||||exp()( 2
, >−−= γγ xxxxK jiji              (14) 

The balance parameter C and kernel parameters are then 
chosen according to the selected kernel. RBF kernel is able to 
map samples into higher dimensional space with non-linear 
attributes, while linear kernel is able to handle linear relation 
between class labels and attributes only. 
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TABLE I.  BANDWIDTH REQUIREMENT FOR SKYPE[22] AND TRUECONF[23] 

Application Call type Minimum download speed (kbps) Minimum upload speed (kbps) 

Skype Calling 30 30 
  Video calling/scree sharing 128 128 

  Video calling (high-quality) 400 400 
  Video calling (HD) 1200 1200 
  Group video (3 people) 512 128 

TrueConf Video Call HD 128 128 
  Video lecture (speaker) 1920 128 

  Video lecture (listener) 128 128 
  Virtual meeting (speaker) 384 128 
  Virtual meeting (listener) 512 - 

TABLE II.  THRESHOLD SETTINGS FOR BINARY AND MULTICLASS CLASSIFICATION 

Classification Link Quality Available bandwidth Latency Suggested call type 

Binary 
Good ≥ 1Mbps ≤ 0.05s Video calling (high-quality), conferencing 

Bad < 1Mbps > 0.05s Video calling (2 people) 

Multiclass 

Very Good ≥ 3Mbps ≤ 0.03s Video calling (HD), conferencing 

Good ≥ 1Mbps ≤ 0.05s Video calling (high-quality), conferencing 

Moderate ≥ 100kbps ≤ 0.5s Video calling (2 people) 

Bad < 100kbps > 0.5s Calling (audio) 

V. EVALUATION METHODOLOGY 
The aim of a learning algorithm is to train a set of training 

samples to obtain the best fitting parameter. For both 
classification methods, we evaluate the accuracy as: 

%100×=
m

PAccuracy correct                    (15) 

where Pcorrect is the number of correctly predicted data, m is 
the total number of data. If a trained model has high accuracy 
on the cross-validated training dataset, then it is assumed to fit 
to all other new samples, and can be used to classify new 
samples. The datasets used are from the bedibe project [23] 
and is divided in the ratio of 600:200:200 for training set, 
cross-validation set and test set. 

A. Cross-validation and Grid Search 
There is no tuning parameter in LR, while the only 

parameter λ, regularization parameter in regularized LR, is 
trained with different values to obtain the best fitting 
parameter for the algorithm. The learning model is generated 
from the training set, and the model is validated with cross-
validation dataset. 

The regularization parameter, C in C-SVC with linear 
kernel is experimented in the same way, by generating 
learning model with different parameter. Using linear kernel, 
large value of C will tend to minimize misclassification which 
smaller C values would maximize the margin between 
boundaries.  

For C-SVC with RBF kernel, there are two parameters: C 
and γ. The selection of parameters for C-SVC with RBF kernel 
is performed through grid search. The different pairs of (C, γ) 
values are tested and the one with the best cross-validation 
accuracy is picked. We used 5-fold cross-validation in the 
experiments to prevent over-fitting problem. We have 
deployed LIBSVM [22] to run our experiment C-SVC. 

B. Classification Threshold 
The classification threshold settings are based on the 

applications requirement, such as bandwidth requirement for 
Skype [24] and TrueConf [25] as shown in Table I. The 
incoming bandwidth requirement for video lecture (speaker) in 
TrueConf is higher to support the continuous media streaming. 
Interactive communications have stringent requirement in 
delay. The acceptable values for one-way delay are within 150 
to 400ms [26]. Therefore, link with latency larger than 500ms 
with 5Mbps available bandwidth is predicted as bad. Though 
with high available bandwidth, the video image received is 
good but the high latency is causing the audio to be out-of-
sync. 

In order to secure maximum performance, we have added 
50% safety margin to the network performance metrics. With 
video conferencing being the key interest in our research, the 
threshold is set accordingly as in Table II. For example, with 
the 'Very Good' quality, we are able to start a group video with 
three parties while if the quality is 'Bad', only audio calling is 
preferable. 
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VI. RESULTS AND DISCUSSIONS 
This section shows experimental results in terms of 

accuracy for both LR and SVM respectively. 

C. Experimental Results for LR 
The experimental results for binary classification through 

LR are shown in Table III. 

TABLE III. BINARY CLASSIFICATION BY LOGISTIC REGRESSION 

 Training Set Cross Validation Set Test Set

Accuracy (%) 98.17 99.00 99.50 

The binary classification obtained through LR presents high 
accuracy as shown in Table III, with 98.17% of training data 
are correctly classified. The training set data is plotted as 
shown in Fig. 1 to illustrate the binary link quality 
classification. The two axes in Fig. 1 are the corresponding 
performance metrics (available bandwidth and latency), which 
act as the input features to the learning algorithm.  
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Fig. 1. Binary classification by LR 

For regularized logistic regression, we have tested it with 
different value of regularization coefficient, λ and obtain the 
respective accuracy as in Table IV. 

TABLE IV. BINARY CLASSIFICATION BY RLR EXPERIMENTED 
WITH DIFFERENT λ. 

Regularization coefficient, λ Accuracy (%) 

Training Set 

1 97.33 

10 95.33 

100 92.67 

The experiment where λ = 1 yields the highest accuracy as 
shown in Table IV. The regularization parameter is included in 
training set to prevent over-fitting of the algorithm. Hence, the 
experimental results show training accuracy for RLR is 
slightly lower than normal LR for binary classification.  

TABLE V. BINARY CLASSIFICATION BY RLR 

  Training Set 
Cross Validation 

Set Test Set 

Accuracy (%) 97.33 96.50 98.00 

 We further cross validated and tested the accuracy with the 
trained parameter from training set where λ = 1 and the results 
are shown in Table V. The decision boundary generated for 
RLR in Fig. 2 produces a straight line from the training model.  
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Fig. 2. Classification by RLR with λ=1. 

We have implemented the multiclass regularized logistic 
regression through “one-against-all” method. The 
experimental results for multiclass classification by RLR as 
presented in Table VI. The illustration of multiclass 
classification by RLR is plotted in Fig. 3. 

TABLE VI. MULTICLASS CLASSIFICATION BY ONE-AGAINST-ALL 
RLR EXPERIMENTED WITH DIFFERENT λ. 

Regularization coefficient, λ Accuracy (%) 

Training Set 

1 78.33 

10 78.16 

100 76.50 

The results in Table VI show highest accuracy is achieved 
when λ = 1 for training data set. The training model is cross 
validated and tested as shown in Table VII. 

TABLE VII. MULTICLASS CLASSICIATION BY RLR 

  Training Set 
Cross Validation 

Set Test Set 

Accuracy (%) 78.33 78.00 73.50 

The accuracy for multiclass RLR as shown in Table VII is 
lower, with around 78% of correctly predicted samples. 

WNM 2013, The 7th IEEE Workshop on Network Measurements

1029



0 0.02 0.04 0.06 0.08 0.1
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

Latency (s)

A
va

ila
bl

e 
B

an
dw

id
th

 (
M

bp
s)

 

 

Lat<=0.03,BW>=3Mbps
Lat<=0.05,BW>=1Mbps
Lat<=0.5,BW>=100kbps
Lat>0.5,BW<100kbps

 
Fig. 3. Multiclass classification by one-against-all RLR with λ=1. 

D. Experimental Results (C-SVC with Linear Kernel) 
We have experimented with different values of the balance 

parameter, C of C-SVC as shown in Table VIII. 

Table VIII. C-SVC WITH LINEAR KERNEL EXPERIEMENTED WITH 
DIFFERENT VALUES OF C  

log2c Training Set Accuracy (%) 

-10 86.67 

0 97.50 

5 99.00 

10 99.50 

15 99.67 

20 99.67 

The experimental results show that C=220 is the best fit for the 
classification. It is known that large value of C will lead to 
over-fitting of the algorithm for smaller data size. To prevent 
this, the parameter C is set to 25 and applied in cross-
validation set and test set. 

Table VIIII. EXPERIMENTAL RESULTS FOR C-SVC WITH LINEAR 
KERNEL 

 Training Set Cross-validation 
Set 

Test Set

Accuracy (%) 
(Binary) 

99.00 99.50 98.50 

Accuracy (%) 
(Multiclass) 

98.83 98.00 99.00 

From Table VIIII, C-SVC is able to achieve high accuracy in 
binary classification compared to multiclass classification. We 
have further cross-validated the respective training model 
obtained, which achieved 98% of accuracy.  
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Fig. 4. Decision boundary plotted for C-SVC with linear kernel. 

The decision boundary for C-SVC with linear kernel is plotted 
as in Fig. 4. It is shown that in Fig 4 the training data is not 
linearly separable, thus we applied kernel function (RBF 
kernel) to divide the data in a higher dimensional space in the 
following section. 

E. Experimental Results (C-SVC with RBF kernel) 
Since there are two important parameters (C, γ) in C-SVC 

with RBF kernel, we implemented grid search to find the best 
suited parameter and the result is shown in contour plot in Fig. 
5 and Fig. 6. 
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Fig. 5 Contour of cross-validation accuracy via grid-search for binary 

classification with SVM. 

The best cross-validation accuracy is achieved at C = 26 and γ 
= 24 for binary classification while C = 212 and γ = 22 for 
multiclass classification. Then, the parameters (C, γ) will be 
used to train a model and test it again with test set. 
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Fig. 6 Contour of cross-validation accuracy via grid-search for multiclass 

classification with SVM. 

Table X. EXPERIMENTAL RESULTS FOR C-SVC WITH RBF KERNEL 

 Training 
Set 

Cross-
validation Set 

Test Set

Accuracy (%) 
(Binary) 

99.17 99.80 99.50 

Accuracy (%) 
(Multiclass: one-against-all) 

99.83 99.70 100.00 

C-SVC with RBF kernel is able to achieve high accuracy for 
both binary and multiclass classification, as shown in Table X. 
The accuracy for test set in multiclass classification gives 
100% accuracy with all the sample links are correctly 
classified. This can be over-fit as well since the test set is 
small but C is set to be very large.  

F. Discussions 
We have implemented both binary and multiclass 

classification for logistic regression with the results shown in 
Section VI. The training parameter obtained from the training 
samples produces high accuracy for both the test set and the 
cross-validation set in binary classification. To further verify 
that the prediction algorithm does not over-fit, regularization 
coefficient, λ is included. We have tested it with different 
values of λ. As shown in Table IV, the accuracy is best 
achievable at λ = 1. While for multiclass classification with 
RLR, the accuracy is not comparable with C-SVC, with 
highest achievable accuracy of 78.33%. 

For binary classification with C-SVC linear kernel, the 
regularization parameter, C, is experimented with different 
values, and shown high accuracy when C=220 in Table VIII. In 
order to prevent algorithm from over-fitting, C is set to 25. 
While for RBF kernel, we have performed the parameter 
selection through grid search, which provides high accuracy 
on training, cross-validation and test set as shown in Table X. 
It is observed that test set in multiclass classification achieved 
100% accuracy. This is due to the large C trained from the 
training data over-fit the algorithm with smaller samples. C-
SVC with RBF kernel gives higher accuracy compared to C-

SVC with linear kernel. From the results obtained, we are able 
to prove that SVM outperforms logistic regression in both 
binary (with slightly higher accuracy) and multiclass 
classification (with average of 20% higher accuracy).  

The training parameters obtained in the experiments are 
not generalizable as it depends highly on the nature of the 
dataset, including the network environment and number of 
network nodes.  

G. LR vs. SVMs 
The difference between LR and SVMs is that LR predicts a 

link’s quality based on probabilistic function, while SVMs are 
statistical learning theory of finding a predictive function 
based on training data. LR is a regression analysis which 
maximizes the likelihood of data iteratively. SVM generates a 
model function and directly maximize the accuracy [5]. 
Kernelized SVM works better than linear SVM for non-linear 
separable data. LR does not require tuning parameter, except 
the regularization parameter in RLR to prevent over-fitting, 
but it is unable to achieve comparable accuracy in multiclass 
classification. While SVM is able to achieve high accuracy 
with small training dataset size and outperform LR especially 
in multiclass classification. 

The metrics pair is constructed via our previous prediction 
algorithm [18], in which prediction is performed in a large 
scale network by measuring to a few and predicts the rest. This 
provide us with O(nxn) look-up table with n number of 
network links rather than depend solely on one single link. As 
network metrics varied over time, the future link condition can 
be predicted via the updated metrics value from the network 
resource prediction algorithm [18]. In real implementation, 
these classification approaches are integrated into the video 
conferencing system to suggest the supported call type to user 
based on the link quality. 

VII. CONCLUSIONS 
Knowledge of network performance metrics such as 

available bandwidth and latency are important for the 
scalability and Quality of Service in multimedia streaming. 
Existing prediction approaches involve only either available 
bandwidth or latency with real values. By taking available 
bandwidth and latency into consideration for link quality 
prediction, we are able to predict the quality of the link and 
suggest supported conference call type to the users. In this 
paper, we have implemented two major classification 
approaches, i.e. logistic regression and SVM to perform the 
classification task. Logistic regression is easier to be 
implemented with only one parameter, the regularization 
coefficient. SVM is able to give high accuracy even with small 
training dataset. Furthermore, it is also suitable for large 
classification problem since it is able to classify the data in 
higher dimensions with the use of kernel function. Through 
our experiments, SVM outperforms logistic regression in both 
binary and multiclass classification. In the future, we plan to 
experiment classification through SVM in practical use for 
multimedia streaming and also the online learning (real-time 
learning). 
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