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Abstract: Audio content understanding is an active research 

problem in the area of speech analytics. A novel approach for 
content-based news audio classification using Multiple Instance 
Learning (MIL) approach is introduced in this paper. 
Content-based analysis provides useful information for audio 
classification as well as segmentation. A key step taken in this 
direction is to propose a classifier that can predict the category of 
the input audio sample. There are two types of features used for 
audio content detection, namely, Perceptual Linear Prediction 
(PLP) coefficients and Mel-Frequency Cepstral Coefficients 
(MFCC). Two MIL techniques viz. mi-Graph and mi-SVM are 
used for classification purpose. The results obtained using these 
methods are evaluated using different performance matrices. 
From the experimental results, it is marked that the MIL 
demonstrates excellent audio classification capability. 

Keywords : Audio classification, Multiple Instance Learning 
(MIL); Feature extraction; mi-Graph; mi-SVM.  

I. INTRODUCTION 

As audio forms a major portion of information 

disseminated in the world every day many researchers are 
attempting to classify it based on various criteria [1]. In 
today’s digital world people have access to large amount of 
news audio and video; on radio, television and the internet. 
The amount of multimedia data that are available is now so 
immense that it is infeasible for a human to go through it all 
and distinguish required files among them. Automatic content 
based analysis provides useful information for audio 
classification as well as segmentation. Information about the 
audio content can be used for classifying the file. Audio 
content understanding is thus an active research problem in 
speech analytics. A key step in this direction is a classifier that 
can predict the category of the input audio. In this paper, a 
novel audio classification technique is proposed based on 
Multiple Instance Learning (MIL).  

Different supervised and unsupervised learning techniques 
are available in Machine Learning (ML) approaches. Multiple 
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Instance Learning (MIL) is proposed as a variant of 
supervised methods for problems with patrial information 
about labels of training examples. Melih Kandeir et al., [2] 
conducted a benchmark study over the performance of 
different MIL methods. In their study, it is reported that 
mi-Graph and mi-SVM gave considerably better result 
compared to other MIL methods. 

For the purpose of multimedia classification, features are 
drawn mainly from the text, audio, and visual modalities. 
Usually, multimedia approaches are found more often in the 
literature than text-only approaches. The audio content based 
approach usually requires fewer computational resources than 
visual methods [3]. There are different features which provide 
a compact representation of the given audio signal. Among 
them, Perceptual Linear Prediction (PLP) coefficients and 
Mel-Frequency Cepstral Coefficients (MFCC) are commonly 
used features [4]. Vivek P et al., proposed a news video 
classification method in which violent incident videos are 
classified from news video archives using MIL algorithm [5].   

In this work, a novel approach for content based speech 
audio classification using MIL methods is proposed. The 
experiments are conducted over the own developed news 
audio database. The results obtained using these methods are 
evaluated using different performance metrics. The rest of this 
chapter is organized as follows. Section III describes feature 
extraction methods used in this study. Section IV describes 
the proposed news audio classification methodology. Section 
V discusses the experimental results, and section VI 
concludes the work 

II.  REVIEW ON AUDIO CLASSIFICATION USING 

MULTIPLE INSTANCE LEARNING 

The Automatic audio analytics and classification is an 
emerging research area in multimedia stream. Erling Wold et 
al., in 1996 introduced an engine for content-based 
classification, search, and retrieval of audio data [6]. The 
proposed method lets the sounds to be classified by their 
audio content. Queries can be based on any one of the 
acoustical feature or a combination of more than one features. 
The experiment is conducted either by specifying formerly 
learned classes based on these features, or by choosing 
reference sounds and requesting the engine to retrieve sounds 
that are matching or mismatching to them. A system to 
retrieve audio documents by acoustic similarity is introduced 
by Jonathan T. Foote in 1997 [7]. The similarity measure used 
in this work is based on statistics derived from a supervised 
vector quantizer.  
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In the early days, classification experiments were conducted 
on simple cases such as speech-music classification, 
speech-silent classification etc. Pfeiffer et al., proposed a 
theoretic framework and various applications of automatic 
audio content analysis using certain perceptual features [8]. In 
a work, D. Kimber et al., classified audio recordings into 
speech, silence, laughter, and non-speech sounds, to segment 
discussion recordings in meetings from other sounds [9].  
Zhang and Kuo introduced a method to classify audio 
recordings into various categories such as songs and speeches 
over music, based on a heuristic-based model [10]. 
Audio-based approaches are also found more in video 
classification literature rather than the texts and video based 
approach. Advantages of audio approaches includes the usage 
of less computational resources than visual approaches and 
more reliable than text. In the earlier works time domain 
features were used widely and later, researches started using 
combined features from both time and frequency domains for 
better recognition accuracy [11, 12]. Among these features 
MFCC is identified as the most used and trustable one [13].  
Liu et al., in 1998 considered the problem of discriminating 
five types of news into commercial, basketball game, football 
game, news report, and weather forecast [14]. They have 
designed an ergodic HMM using the clip based features as 
observation vectors. A filter predictor for audio event 
classification and extraction is introduced in 2017 by Visser et 
al. [15]. Deep Neural Networks (DNN) is widely used for 
extracting required target audio files from unlabeled training 
data. 
The research on MIL problems initially started for the task of 
digit recognition, here a neural network was trained with the 
information on the presence of a given digit without 
specifying its position [16]. Another early application of MIL 
was to discover the drug in which the bags were molecules of 
the drug and the instances were conformations of those 
molecules [17]. MIL has also been applied for detecting 
objects in images [18], video classification to match names 
and faces [19], and to text classification [20], in which 
documents are considered as bags and sentences as instances. 
Many approaches have been introduced for MIL, including 
mi-Graph, Gaussian Process Multiple Instance Learning 
(GPMIL), MILBoost, mi-SVM and Bag key instance SVM 
(B-KI-SVM) [21]. The use of weakly supervised machine 
learning technique can reduce the computational cost in a 
large manner. Till now no significant work has been proposed 
on the use of Multiple Instance Learning (MIL) approach on 
speech audio classification. 

III. FEATURE EXTRACTION FROM NEWS AUDIOS 

FOR CLASSIFICATION 

In this section audio feature extraction for MIL classifier is 
discussed in detail. To classify the news audio input, as a 
pre-processing the audio part is extracted and is split into 
overlapping segments. The signals are divided into 
constant-time segment of 25ms blocks [22]. Speech signal 
analysis usually considers speech as a non-stationary and 
exhibit quasi-stationary behavior in short durations [23]. It is 
generally performed over short-time frames with a fixed 
frame length (FFL) and a fixed frame rate (FFR). This method 
is simple to implementation due to the ease of comparing 
blocks of the same length. 

Mel Frequency Cepstral Coefficients (MFCC) and 

Perceptual Linear Prediction (PLP) coefficients are extracted 
as features and further used for classification purpose. The 
algorithms used for MFCC and PLP based feature extraction 
techniques are described below.  

A. Mel Frequency Cepstral Coefficient (MFCC) Feature 

Mel Frequency Cepstral Coefficients called MFCC is one 
of the most popular spectral based feature used in speech 
recognition problems. MFCC considers human perception 
sensitivity with respect to frequencies for better audio 
recognition [24]. The procedure to determine MFCC is 
described in the following algorithm. 

Algorithm 
Step 1: Segmentation of voiced speech signal into 25 

ms-length frames. 
Step 2: Calculate the periodogram estimate of the power 

spectrum for each frame. 
Step 3: Apply the mel filterbank to the power spectra and 

take the sum of energy in each filter. 
Step 4: Calculate the logarithm value for all filterbank 

energies. 
Step 5: Find the DCT of the filterbank energies (log). 
Step 6: Find the MFCC as the amplitudes of the subsequent 

spectrum. 
The mel-scale frequency mapping is formulated as: 

       (1) 

B. Perceptual Linear Prediction (PLP) Feature  

The PLP model, proposed by Hermansky [25], is based on 
the concept of psychophysics of human hearing. PLP 
throw-outs irrelevant information in the speech and makes 
significant improvement in speech recognition rate. The 
procedure to determine PLP coefficients are described as 
follows: 

Algorithm 
Step 1: The N- point DFT is applied on the segmented 

input signal x(n). 
Step 2: The power spectrum is convolved with the 

piece-wise approximation of the critical-band 
curve to calculate the critical-band power 
spectrum. 

Step 3:  Equal loudness pre-emphasis is applied on the 
down-sampled θ(B) and then intensity-loudness 
compression is performed. 

Step 4: Inverse DFT is performed for getting the equivalent 
autocorrelation function.  

Step 5: Autoregressive modelling followed by conversion 
of the autoregressive coefficients into cepstral 
coefficients to compute PLP coefficients  

IV. CONTENT BASED AUDIO CLASSIFICATION 

USING MIL 

This work aims for the automatic classification of news 
audios by categorizing it based on the content. This 
categorization will reduce the search cost of analytic 
applications. Given a list of news audios of interest, the 
proposed method will produce a discriminative model to 
distinguish them. 
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 In the following sections, implementation details of the 
MIL approach have been discussed along with a description 
on the mi-Graph and mi-SVM methods which have been used 
for classification are explained in detail. 

A. Preparation of Malayalam News Audio Corpus 
(MNAC)  

Initially, news text corpus is generated from the online 
news portals of the popular Malayalam dailies. 

 These news text sentences are then classified into five 
categories which includes state news, national news, 
international news, sports news and news related to cultural 
importance. The first three categories viz. state news, national 
news and international news represent news related to the 
current affairs excluding sports and culture categories. A total 
of 5250, news text Sentences of various such categories are 
collected for dataset creation. 

An own developed Malayalam News Audio Corpus 
(MNAC) consists of news audio samples spoken by 35 
speakers (both male and female) from different age group are 
then created. Each speaker uttered 150 sentences taken 
randomly from any of the five news categories of the text 
corpus (MNSTC) created for this purpose. All these 5,250 
spoken sentences are labelled with the News category id, 
sample id, speaker id and gender/age of the speaker that they 
belongs to. The average length of the news audio samples 
present in the dataset is 5.35 seconds.  

B. MIL for News Audio Classification 

 Initially, the input news audio files taken from the MNAC 
audio corpus are split into 25 ms length overlapping segments 
for feature extraction. Instances are created from each audio 
segments by extracting features from it. Group of features 
(also called as instances) extracted from the same news files 
are categorized into a single bag. Bags and instances are 
labelled properly. The bags are labelled in such a way that, the 
bag label is the maximum of the instance labels inside the bag. 
Then, these bags along with their corresponding labels are 
provide for the MIL classifier. If there is at least one 
positively labelled instance inside a bag then it is labelled as 
positive and for a negatively labelled bag, all instances are 
identified as negative labels. Thus, as shown in figure 1, 
interested newsgroups are represented by the positive bag and 
other news sets by the negative bag. The schematic diagram of 
the proposed MIL based audio classification methodology is 
shown in figure 2. 

The variation of MIL with supervised learning is that it 
usually deals with problems with partial knowledge about the 
labels of training examples. MIL is a binary problem as, a bag 
is labelled negative if all instances in the bag is negative and 
as positive if any one instance is positive. That is the MIL 
training set consists of bags  

and bag labels 

, where Xi = {xi1, xi2 . . . , xim}, xij ∈  X and yi ∈  

{-1, 1}. The goal of MIL is to either train an instance classifier 

h(X): X →  Y or a bag classifier H(X): Xm →  Y. 

 

Fig. 1. MIL approach for news audio classification 
considering state news as the area of interest 

 

Fig. 2. Schematic diagram of proposed news audio 
classification methodology 

The brief description of two MIL based classification 
methods viz. mi-Graph and mi-SVM, used in this study are 
given in the following subsections. 

1)  mi-Graph:  mi-Graph is an efficient and simple MIL 
method which represents each bag by a similarity graph [26]. 
In this method cross-similarities of bag instances are 
computed by an instance-level kernel function 

. A graph structure is then created accordingly.   
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Each instances are represented as nodes and node pairs are 
connected only if their exist a similarity between them over a 
threshold δ. Let Wb be the affinity matrix of bag b, whose 
entry is wb

nm= 1, if there is an edge between the nodes of 
instances n and m, and wb

nm= 0 otherwise. Accordingly, 
similarity among two bags b and c are calculated by the 
following kernel function: 

      (2) 

Where,  ,  are the 
sum of the weights of the edges incident to node n of bag b and 
m of bags c. Training of an arbitrary kernel learner is then 
performed for computing bag-level Gram matrix. The 
importance of these kernel value is that bags having larger 
number of similar instances has smaller value and instances 
differ has larger value. Thus the influence of odd instances 
within bags are increased, and others are reduced.    

2)  mi-SVM:  This method is a variant of semi-supervised 
learning problem considering the positive bag instances as 
latent variables [27]. These latent variables are served to the 
optimization problem and inferred from data. 

,    (3) 

s.t  

 
where w is the vector of model parameters, C is the 

regularization constant, ξb are slack variables, and ϕ(.) is a 
function that maps an instance from the original feature space 
to a Reproducing Kernel Hilbert Space (RKHS) [33]. During 
every iteration, the estimated solution is found as follows: 
trains an instance-level standard SVM based on the current 
assignments of the latent variables, then update these 
variables by making predictions with the learned SVM. 

V.  SIMULATION EXPERIMENTS AND RESULTS 

The evaluation of the proposed MIL based audio 
classification is performed on MNAC news audio archive. 
The MFCC and PLP features and two MIL techniques viz. 
mi-Graph and mi-SVM have been used for the experiments. 
The experiment is conducted over the resultant audio samples 
obtained after the conduct of keyword spotting experiments. 
The evaluation of the proposed method is conducted by 
considering the news audio samples present in the dataset as 
two classes viz. state news audio and non-state news audio. 
Similarly, non-state news can be further categorized into 
different binary classes like national and non-national, sports 
and non-sports as well as news with cultural and non-cultural 
importance. The block diagram of the evaluation model for 
the preposed MIL based news audio classification is shown in 
figure 3. The keyword spotted audio files are given as an input 
to the MIL classifier. The MIL classifier classifies the audio 
file into either positive bag or negative bag. The file is 
considered as state news if it is labelled as positive. The 
details of the performance evaluations are discussed in this 
section. 

 

Fig. 3. Evaluation model for the MIL based news audio 
classifier 

As the first stage the audio signals are segmented into 25 
ms frames. Frames are considered as the instances of the 
audio signal. MFCC and PLP features have been extracted 
from each frame. Following four performance metrics are 
used for audio classification evaluation of the proposed MIL 
classifier. 

Accuracy: measurement (%) of how close a result comes 
to the true value. 

F1 score: Function of precision and recall. 
AUC-ROC: Area under Receiver Operating 

Characteristics (ROC) curve.  
AUC-PR: Area under precision–recall curve. 
The news audio classification experiments are conducted 

using MFCC and PLP features separately based on two 
different MIL techniques viz. mi-Graph and mi-SVM. The 
news audio classification results are performance matrices 
obtained by taking the state news as positive bags is given in 
table I.  

Table- I: MIL based news audio classification results 
and performance matrices 

MIL 
method 

Feature 
Accuracy 

(%) 
F1 

score 
AUC-ROC AUC-PR 

mi-Graph 
MFCC 95.8 0.96 0.98 0.99 

PLP 93.2 0.93 0.97 0.97 

mi-svm 
MFCC 85.0 0.86 0.94 0.96 

PLP 80.3 0.86 0.89 0.93 

 
From the experimental result it is evident that the MIL 

classification method works effectively in speech audio 
classification. It is also evident that mi-Graph with MFCC 
feature give better result compared to other methods. Figure 4 
shows the graphical representation of the performance score 
obtained for mi-graph and mi-SVM based audio 
classification. 
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a. mi-Graph 

 
 

b. mi-SVM 

Fig. 4. Performance scores for (a) mi-Graph (b) mi-SVM 
based news audio classification 

VI. CONCLUSION 

In this study, a novel method for content based audio 
classification using MIL approach is presented. The news 
audio files taken from the indigenous MNAC audio dataset 
are classified using mi-Graph and mi-SVM techniques. 
mi-Graph models a direct relationship between bag and 
instances and mi-SVM is semi-supervised in its nature. The 
news audio classification experiments are conducted using 
MFCC and PLP features. Performance evaluation of the 
proposed mi-Graph and mi-SVM methods using MFCC and 
PLP parameters are also carried out. mi-Graph using MFCC 
features appears as the best-performing method with 95.8% 
audio classification accuracy and 0.96 F1 score which is 
comparative with the other audio classification results 
reported earlier. Many audio, multimedia and speech 
analytics applications would certainly benefit from the ability 
of the proposed MIL based audio classifier to classify and 
retrieve audio samples into different categories based on its 
content.  
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