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Introduction (I)

Violence => important problem in the society 
Thousands of people suffer its effects every day. 

Gender Violence 
35% of women in the world 

Physical or sexual violence 
43% of european women 

Psychologic violence 
School bullying in Spain 

9% of students 
21% frequently insulted
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Introduction (II)
Smart cities  

Necessity: system capable of detecting if a violent 
situation is taking place or not – violence prevention 

What is violence? 
Anything produced in an injurious or damaging way, even 
if there is not bleeding, injury or pain. 
Physical violence, verbal violence 

Why not video?  
Computational cost, Intrusiveness, Poor coverage 

Alternative: audio surveillance 
Low cost, low intrusiveness, large coverage
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Description of the System

Extract useful information in real time 
Decision taken every T seconds.
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Wireless acoustic sensor networks (WASNs)

Master nodes 
Powerful (CPU, Mem, Ports, etc.) 
Connected to a power source 
Accesible 

Slave nodes 
Energy efficient 
Autonomous 
Probably difficult to reach
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Energy-efficient wireless acoustic sensor node
Autonomous source power (solar, etc…) 

Typical solar source: 1W/dm2, 
2,5 sun hours (winter) => less than 100mW 
total average power 

Low power processor: ST ARM-Cortex-M4 
DSP and FPU 32 bits, 128 kB RAM, 1024 kB 
FLASH, 1-100MHz, 0.2-18mW typical 
Low power com.: RF sub 1 GHz (45mA TX) 
1 to 4 MEMS microphones
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          Artificial Intelligence based detectors

A.I. based detectors: 
Least Squares Linear Detector 

(LSLD) 
Least Squares Quadratic Detector 

(LSQD) 
Multilayer Perceptron (MLP) 
Diagonal Quadratic MLP 
Support Vector Machine 
Random Forest 
Deep Neural Network
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Linear Detectors (I)
Decision rule: function of a linear combination of the 
features 

The linear detector transforms the L-dimensional feature 
space to a 1-dimensional decision space 
Decision is taken by thresholding the linear combination

g = f y( ) = f b + xnwn
n=1

L

∑⎛
⎝⎜

⎞
⎠⎟

g = f b + wT ·x( )
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Linear Detectors (II)

Decision frontier: Hyperplane 
Shape of the frontier => weights 
of the linear combination + 
threshold 
Threshold: relative cost of the 
different errors and prior 
probabilities (Neyman Pearson 
detector) 

Probability of false alarm 
Probability of detection
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Least Squares Linear Detector (LSLD) (I)
Design patterns 

Error probabilities are not easy to minimize 
Discontinuous stepped function => gradient does not 
work 

Mean square error => we define a set of desired targets
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Least Squares Linear Detector (LSLD) (II)

Differentiate with respect to each weight and force equal to zero 
=> system of linear equations 

The matrix         is a (L+1)x(L+1) square matrix that can be 
inverted only if N>L => cross-correlation of the features 
The matrix         => correlation of the features with the target 

�

e·QT = zeros(1,L +1) v·Q·QT = t·QT

v = t·QT · Q·QT( )−1
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Least Squares Linear Detector Example

v = t·QT · Q·QT( )−1
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Quadratic Detector

The decision boundaries are formed by a quadratic function 

Can be easily converted into a linear combination
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Simplified Quadratic Detector

Problem: if L is large, the number of extended features can be too 
large 
Solution: Simplified Quadratic Detector 

We reduce the number of quadratic terms 

Quadratic function with the axis aligned to the coordinate 
system => supposition of independent features
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Least Squares Quadratic Detector (LSQD)

v = t·QT · Q·QT( )−1
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Signal acquisition and Feature extraction
Objective: obtain useful information related to violence. 
Features: statistics applied to measurements (time/frequency) 
Statistics:  mean, std, max, min, median, etc.
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Signal acquisition and feature extraction 
Mel-Frequency Cepstral Coefficients (MFCCs) 
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STFT of M time frames with L samples 

Mel scaled filters. Typically, N=25 bands. 
Logarithm evaluation and DCT 

Delta MFCCs: time-differencing each MFCC 

- NOTE: The mean value of dMFCC is not useful 
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Mel Frequency Cepstral Coefficients (MFCCs)
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for detecting violence due to rapid changes occurring
in the tone of voice.8 To evaluate this measurement,
each time frame of L samples is divided into B blocks,
and the energy of each block is then measured. So,
EE for the m-th time frame can be evaluated using
EEm = �ÂB

b=1 s2
bmlog2s2

bm, where s2
bm is the normal-

ized energy calculated for the b-th block of the m-th
frame, b = 1, . . . ,B. Apart from the mean and the SD,
statistics applied to the energy entropy are the ratios of
maximum to mean and maximum to median values.

• The Zero Crossing Rate (ZCR) is one of the most
widely used time-domain audio features.8 It is deter-
mined by dividing the number of sign changes by the
total length of the frame, so that Zm = ÂL

i=1 |sgn(xim)�
sgn(x(i�1)m)|. Apart from the mean and the SD, the
ratio of the maximum to mean is calculated.

• The Spectral Rolloff (SR) is calculated in the fre-
quency domain and is defined as the frequency kc(m)
below which c% of the magnitude distribution of STFT
coefficients are concentrated for the m-th frame, so
that Âkc(m)

k=0 |Xkm| = c/100ÂL/2
k=0 |Xkm|. It represents the

skewness of the spectral shape.8 The median value is
computed apart from the mean and the SD.

• The Spectral Centroid (SC) is defined as the center
of gravity of the magnitude spectrum of the STFT,14

so that SCm = ÂL/2
k=0 k · |Xkm|/ÂL/2

k=0 ·|Xkm|.
• The Spectral Flux (SF) represents the spectral change

between successive frames,8 and is determined using
SFm = ÂL/2

k=0(|Xkm|� |Xk(m�1)|)2.

2.2. Computational Cost Evaluation

A energy-efficient real time system has the restriction of
consumption when it is implemented in some place where
it is working in an autonomous way, for instance working
with a solar powered source. In this scenario, computa-
tional cost is an important aspect to consider if we want
to control the consumption the node has.

In order to calculate the computational cost of our
system, the number of flops that each feature requires
has been calculated determining the number of Floating
Point Operations Per Second (FLOPS).15 The number of
flops is related to the power consumption. To put this in
perspective, if the system has to work autonomously and
is powered by a small solar cell of 1 dm2 which spends
1 W/dm2, and having a minimum average of 2.5 hours

of sun per day (a typical value in several winter in re-
gions such as Spain), the average total power will be 100
mW. Low power processors, such as the ARM-Cortex-
M4, typically consumes around 0.2 mW/MHz which, as-
suming a relationship of 1 FLOP per Hertz, gives us an
idea of the amount of FLOPS that are going to be avail-
able for this kind of devices.16

The number of FLOPS of our system depends on the
set of selected features, so it must take into account which
ones are used for a specific design. To evaluate the impact
of each feature in the selection process, we have carried
out a detailed analysis of the computational cost in terms
of FLOPS required to implement an energy-efficient vio-
lence detection system.

Thus, the cost of each feature has been evaluated and
we propose the above equations with the objective of
generalize the cost in function of some parameters ex-
plained below. As was stated above, the feature extrac-
tion process splits the audio frame of Nsamples (so that
T = Nsamples/ fs, being fs the sampling frequency) into
M frames of L samples, with an overlap between them of
S%, so that:

M =

�
Nsamples

S ·L

⌫
(1)

Some features such as pitch-based or MFCCs have
more impact in cost than others due to the amount of flops
needed. Furthermore, some features share some process-
ing blocks that do not need to be replicated for differ-
ent features. Considering the measurements described in
the last section, we have identified four processing blocks
that are shared along more than one measurement:

• The evaluation of the STFT is shared by the MFCCs,
DMFCCs, the SR, the SC and the SF. Equation (2) rep-
resents the cost of the STFT matrix CS, in terms of op-
erations per decision, in function of the main design
parameters.

CS = L(M�1)(5log2 L+2)+4L+15 (2)

• The evaluation of the MFCCs is shared by both the
MFCCs and the DMFCCs. Apart from the evaluation
of the STFT, these features require some shared op-
erations. The cost CM associated to these operations
is expressed using equation (3) in function of N, the
number of MFCCs computed.
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CM = (L ·S+1)(M(2N +5)+10N +23)

+N(3N +11)+N ·M(2N +7)+29, (3)

• The evaluation of the pitch is also shared by the HNR
and the RUF. Its cost CP can be determined using the
next equation:

CP = 2L ·M(5log2 L+P+3)+

M
�
P(2P2 +P+2L+1)�L

�
+1, (4)

where P is the number of Levinson Coefficients.
• At last, the evaluation of the energy is shared by the

STE and the EE (which requires it to normalize the en-
ergy of each block), and its cost CE can be determined
using equation (5)

CE = M(2L+3)�4 (5)

We will use four binary variables bS, bM , bP and bE
related to CS, CM , CP and CE (the number of operations
associated to the described shared processing blocks) to
determine whether the selected set of features does re-
quire the evaluation of one of the aforementioned blocks,
respectively. The total number of operations can be ex-
pressed using equation (6):

CT = bS ·CS +bM ·CM +bP ·CP +bE ·CE +
11

Â
f=1

s f ·Cf ,

(6)
where Cf is the specific additional cost of each measure-
ment, and s f is a binary vector which indicates the se-
lected measurements. The FLOPS can be easily evalu-
ated simply taking into account that the proposed system
requires a decision every T seconds.

To sum up, there are some features which are linked
and depend on others, so that the computation of one al-
lows to compute the others with practically the same cost.
Because of that, we have been grouped measurements
into 8 groups. These groups are: G1 (including MFCCs
and DMFCCs), G2 (including Pitch, HNR, and RUF), G3
(STE), G4 (EE), G5 (ZCR), G6 (SR), G7 (SC) and G8
(SF). STE and EE have been evaluated separately because
the cost of the EE is not insignificant respect to the one
of the STE. Table 1 describes the groups, the number of

features of each measurement, the values bS, bM , bP and
bE and the additional cost Cf associated to each measure-
ment, in function of the main design parameters of each
feature.

2.3. Constrained selection of features

As was stated above, to control the computational cost of
the violence detection system, there is a need to find a re-
duced set of patterns that allows a good performance with
an energy-efficient implementation. For this purpose, ge-
netic algorithms have been used in the paper.

Genetic algorithms are based on the principles of ge-
netic and natural selection, allowing to obtain the best
results for solving a problem.17 This method consists of
exchanging randomly the features of the individuals of a
population that constitute the possible solutions for the
problem. In this way, the algorithm is able to resolve
optimization problems.18 Specifically, our problem is to
determinate which features are the best to be applied to
violence detection without resulting in a high cost. For
that reason, a cost constraint is applied when the features
are selected. There are 121 features in total, but each in-
dividual only selects a subset of them in a way that total
cost is below the fixed threshold. The adaptive function
has the aim of maximize the probability of detection as-
sociated to a probability of false alarm for a given detec-
tion system. In this point, two different classifiers will
be applied: The Least Squares Linear Detector and the
simplified version of Least Squares Quadratic Detector.
They are explained in detail in the literature.12

According to the previous parameter, the individuals
will be ranked and only the best individuals survive and
reproduce. The population is composed of 100 individu-
als, 10 of them will be chosen as parents, and they will
generate the remaining 90 sons by crossover. After this,
mutation changes a 4 percent of the genes. This process
is repeated along 30 generations and the whole process is
repeated 10 times to avoid local minima.

3. Results

In order to validate the proposed system, a set of experi-
ments has been carried out using a database of audio files.
These audio files have been divided in segments of T = 5
seconds length with a sampling frequency of fs = 22,050
Hz. Each frame is divided in windows of L = 512 length
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to find a reduced set of features. In this sense, genetic
algorithms are proposed to solve the constrained feature
selection process, allowing a good tradeoff between per-
formance and computational cost.

This paper is structured as follows. First, Section
2 introduces the implemented classification system, de-
scribing the feature extraction (Subsection 2.1), the com-
putational cost evaluation (Subsection 2.2) and the fea-
ture selection process using genetic algorithms (Subsec-
tion 2.3). Then, Section 3 describes the results, includ-
ing the description of the database, the validation method
employed and the discussion of the results. To sum up,
Section 4 presents the conclusions.

2. The Acoustic Surveillance System

The proposed system has the objective of studying so-
lutions for audio-based violence detection in real envi-
ronments and in real time, where the system has to take
a decision every T seconds. The steps of the proposed
acoustic surveillance system, shown in Figure 1, are be-
ing explained in detail in the following sections.

FEATURE 
EXTRACTION

VIOLENCE 
DETECTION

Fig. 1. Proposed system.

2.1. Feature extraction

There are several audio features that could exhibit a good
discrimination capability for the problem at hand.8,10

This section includes a brief description of the most in-
teresting features for violence detection.

Most of the features tend to analyze some time statis-
tics over the evaluation of a measurement along the time
to get useful information from the audio. So, in order
to evaluate/extract the features, the audio segments of T
seconds are divided into M frames of L samples with an
overlap of S%. By default, the statistics applied to these
measurements are typically the mean and the Standard
Deviation (SD), although for some particular measure-
ments more specific statistics are used.

All measurements can either be taken in the time do-
main or in the frequency domain. For notation purposes,

let us assume xim is the i-th audio sample of the m-th time
frame (i = 1, . . . ,L and m = 1, . . . ,M), and Xkm is the k-
th frequency component for the m-th time frame of the
Short-Time Fourier Transform (STFT), evaluated apply-
ing a windowed Discrete Fourier Transform (DFT) to the
m-th time frame.

The features considered in this paper are:

• The Mel-Frecuency Cepstral Coefficients (MFCCs),
which are a set of perceptual parameters commonly
used in speech recognition,10 calculated from the spec-
trum. They provide a compact representation of the
spectral envelope. Perceptual analysis emulates human
ear non-linear frequency response by creating a set of
filters on non-linearly spaced frequency bands.11

In the case of violence detection and considering a
sampling frequency of 22,050 Hz, N = 25 cepstral
coefficients are calculated,12 so that there will be 25
different MFCCs per frame, denoted MFCCnm, n =
1, . . . ,25.

• The Delta Mel-Frequency Cepstral Coefficients
(DMFCCs), calculated as the time difference of stan-
dard MFCCs in two different time frames,10 so that
DMFCCnm = MFCC(n+1)m �MFCC(n�1)m.

• The Pitch, related to the fundamental frequency, de-
termines the tone of the speech. It can be used to dis-
tinguish a person from another.11 In this paper we es-
timate the pitch for every frame, evaluating the main
peaks of the autocorrelation of the error of a linear pre-
dictor with P = 10 coefficients.10

• The Harmonic Noise Rate (HNR) quantifies the pu-
rity of the speech in every frame. It measures the rela-
tionship between the harmonic energy produced by the
vocal cords versus non-harmonic energy present in the
signal.10

• The Ratio of Unvoiced time Frames (RUF), is related
to the presence or absence of clear or strong speech in
the analyzed audio. It is obtained dividing the number
of time frames with detected pitch by the total number
of frames.12

• The Short Time Energy (STE) is the energy of the
short speech segment, ST Em = ÂL

i=1 x2
im. It is a simple

and effective classifying parameter for both voiced and
unvoiced frames.13

• The Energy Entropy (EE) expresses abrupt changes
in the energy level of the audio signal. It is useful

Introduction and scope 
Linear and quadratic detectors 

Audio based features 
Experiments and results 

Conclusions

Signal acquisition and feature extraction 
Mel-Frequency Cepstral Coefficients (MFCCs) 
Other audio features 
Feature implementation and computational cost 
Constrained feature selection



Energy-Efficient Acoustic Violence Detection 
for Smart Cities

Roberto Gil Pita /36

Pitch, HNR, RUF

Pitch: perception of the Fundamental 
Frequency 
Different for each person, gender, etc. 
Estimation: autocorrelation of the 
residual error of a 10-LPC model 

Related features: Harmonic Noise 
Rate (HNR), Ratio of Unvoiced time 
Frames
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CM = (L ·S+1)(M(2N +5)+10N +23)

+N(3N +11)+N ·M(2N +7)+29, (3)

• The evaluation of the pitch is also shared by the HNR
and the RUF. Its cost CP can be determined using the
next equation:

CP = 2L ·M(5log2 L+P+3)+

M
�
P(2P2 +P+2L+1)�L

�
+1, (4)

where P is the number of Levinson Coefficients.
• At last, the evaluation of the energy is shared by the

STE and the EE (which requires it to normalize the en-
ergy of each block), and its cost CE can be determined
using equation (5)

CE = M(2L+3)�4 (5)

We will use four binary variables bS, bM , bP and bE
related to CS, CM , CP and CE (the number of operations
associated to the described shared processing blocks) to
determine whether the selected set of features does re-
quire the evaluation of one of the aforementioned blocks,
respectively. The total number of operations can be ex-
pressed using equation (6):

CT = bS ·CS +bM ·CM +bP ·CP +bE ·CE +
11

Â
f=1

s f ·Cf ,

(6)
where Cf is the specific additional cost of each measure-
ment, and s f is a binary vector which indicates the se-
lected measurements. The FLOPS can be easily evalu-
ated simply taking into account that the proposed system
requires a decision every T seconds.

To sum up, there are some features which are linked
and depend on others, so that the computation of one al-
lows to compute the others with practically the same cost.
Because of that, we have been grouped measurements
into 8 groups. These groups are: G1 (including MFCCs
and DMFCCs), G2 (including Pitch, HNR, and RUF), G3
(STE), G4 (EE), G5 (ZCR), G6 (SR), G7 (SC) and G8
(SF). STE and EE have been evaluated separately because
the cost of the EE is not insignificant respect to the one
of the STE. Table 1 describes the groups, the number of

features of each measurement, the values bS, bM , bP and
bE and the additional cost Cf associated to each measure-
ment, in function of the main design parameters of each
feature.

2.3. Constrained selection of features

As was stated above, to control the computational cost of
the violence detection system, there is a need to find a re-
duced set of patterns that allows a good performance with
an energy-efficient implementation. For this purpose, ge-
netic algorithms have been used in the paper.

Genetic algorithms are based on the principles of ge-
netic and natural selection, allowing to obtain the best
results for solving a problem.17 This method consists of
exchanging randomly the features of the individuals of a
population that constitute the possible solutions for the
problem. In this way, the algorithm is able to resolve
optimization problems.18 Specifically, our problem is to
determinate which features are the best to be applied to
violence detection without resulting in a high cost. For
that reason, a cost constraint is applied when the features
are selected. There are 121 features in total, but each in-
dividual only selects a subset of them in a way that total
cost is below the fixed threshold. The adaptive function
has the aim of maximize the probability of detection as-
sociated to a probability of false alarm for a given detec-
tion system. In this point, two different classifiers will
be applied: The Least Squares Linear Detector and the
simplified version of Least Squares Quadratic Detector.
They are explained in detail in the literature.12

According to the previous parameter, the individuals
will be ranked and only the best individuals survive and
reproduce. The population is composed of 100 individu-
als, 10 of them will be chosen as parents, and they will
generate the remaining 90 sons by crossover. After this,
mutation changes a 4 percent of the genes. This process
is repeated along 30 generations and the whole process is
repeated 10 times to avoid local minima.

3. Results

In order to validate the proposed system, a set of experi-
ments has been carried out using a database of audio files.
These audio files have been divided in segments of T = 5
seconds length with a sampling frequency of fs = 22,050
Hz. Each frame is divided in windows of L = 512 length

Lung 
volume

Trachea

Vocal 
cords

Larynx

Pharyngeal 
cavity

Vocal 
cavity

Nasal 
cavity

Speech 
Signal

Introduction and scope 
Linear and quadratic detectors 

Audio based features 
Experiments and results 

Conclusions

Signal acquisition and feature extraction 
Mel-Frequency Cepstral Coefficients (MFCCs) 
Other audio features 
Feature implementation and computational cost 
Constrained feature selection



Energy-Efficient Acoustic Violence Detection 
for Smart Cities

Roberto Gil Pita /36

Energy, Entropy, Zero Crossing Rate

Short Time Energy (STE): energy of the time frame 

Energy Entropy (EE): abrupt changes in the energy level of 
each time frame (each time frame divided in B=10 slots) 

Zero Crossing Rate (ZCR). Number of sign changes in the 
time frame

20
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to find a reduced set of features. In this sense, genetic
algorithms are proposed to solve the constrained feature
selection process, allowing a good tradeoff between per-
formance and computational cost.

This paper is structured as follows. First, Section
2 introduces the implemented classification system, de-
scribing the feature extraction (Subsection 2.1), the com-
putational cost evaluation (Subsection 2.2) and the fea-
ture selection process using genetic algorithms (Subsec-
tion 2.3). Then, Section 3 describes the results, includ-
ing the description of the database, the validation method
employed and the discussion of the results. To sum up,
Section 4 presents the conclusions.

2. The Acoustic Surveillance System

The proposed system has the objective of studying so-
lutions for audio-based violence detection in real envi-
ronments and in real time, where the system has to take
a decision every T seconds. The steps of the proposed
acoustic surveillance system, shown in Figure 1, are be-
ing explained in detail in the following sections.

FEATURE 
EXTRACTION

VIOLENCE 
DETECTION

Fig. 1. Proposed system.

2.1. Feature extraction

There are several audio features that could exhibit a good
discrimination capability for the problem at hand.8,10

This section includes a brief description of the most in-
teresting features for violence detection.

Most of the features tend to analyze some time statis-
tics over the evaluation of a measurement along the time
to get useful information from the audio. So, in order
to evaluate/extract the features, the audio segments of T
seconds are divided into M frames of L samples with an
overlap of S%. By default, the statistics applied to these
measurements are typically the mean and the Standard
Deviation (SD), although for some particular measure-
ments more specific statistics are used.

All measurements can either be taken in the time do-
main or in the frequency domain. For notation purposes,

let us assume xim is the i-th audio sample of the m-th time
frame (i = 1, . . . ,L and m = 1, . . . ,M), and Xkm is the k-
th frequency component for the m-th time frame of the
Short-Time Fourier Transform (STFT), evaluated apply-
ing a windowed Discrete Fourier Transform (DFT) to the
m-th time frame.

The features considered in this paper are:

• The Mel-Frecuency Cepstral Coefficients (MFCCs),
which are a set of perceptual parameters commonly
used in speech recognition,10 calculated from the spec-
trum. They provide a compact representation of the
spectral envelope. Perceptual analysis emulates human
ear non-linear frequency response by creating a set of
filters on non-linearly spaced frequency bands.11

In the case of violence detection and considering a
sampling frequency of 22,050 Hz, N = 25 cepstral
coefficients are calculated,12 so that there will be 25
different MFCCs per frame, denoted MFCCnm, n =
1, . . . ,25.

• The Delta Mel-Frequency Cepstral Coefficients
(DMFCCs), calculated as the time difference of stan-
dard MFCCs in two different time frames,10 so that
DMFCCnm = MFCC(n+1)m �MFCC(n�1)m.

• The Pitch, related to the fundamental frequency, de-
termines the tone of the speech. It can be used to dis-
tinguish a person from another.11 In this paper we es-
timate the pitch for every frame, evaluating the main
peaks of the autocorrelation of the error of a linear pre-
dictor with P = 10 coefficients.10

• The Harmonic Noise Rate (HNR) quantifies the pu-
rity of the speech in every frame. It measures the rela-
tionship between the harmonic energy produced by the
vocal cords versus non-harmonic energy present in the
signal.10

• The Ratio of Unvoiced time Frames (RUF), is related
to the presence or absence of clear or strong speech in
the analyzed audio. It is obtained dividing the number
of time frames with detected pitch by the total number
of frames.12

• The Short Time Energy (STE) is the energy of the
short speech segment, ST Em = ÂL

i=1 x2
im. It is a simple

and effective classifying parameter for both voiced and
unvoiced frames.13

• The Energy Entropy (EE) expresses abrupt changes
in the energy level of the audio signal. It is useful
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for detecting violence due to rapid changes occurring
in the tone of voice.8 To evaluate this measurement,
each time frame of L samples is divided into B blocks,
and the energy of each block is then measured. So,
EE for the m-th time frame can be evaluated using
EEm = �ÂB

b=1 s2
bmlog2s2

bm, where s2
bm is the normal-

ized energy calculated for the b-th block of the m-th
frame, b = 1, . . . ,B. Apart from the mean and the SD,
statistics applied to the energy entropy are the ratios of
maximum to mean and maximum to median values.

• The Zero Crossing Rate (ZCR) is one of the most
widely used time-domain audio features.8 It is deter-
mined by dividing the number of sign changes by the
total length of the frame, so that Zm = ÂL

i=1 |sgn(xim)�
sgn(x(i�1)m)|. Apart from the mean and the SD, the
ratio of the maximum to mean is calculated.

• The Spectral Rolloff (SR) is calculated in the fre-
quency domain and is defined as the frequency kc(m)
below which c% of the magnitude distribution of STFT
coefficients are concentrated for the m-th frame, so
that Âkc(m)

k=0 |Xkm| = c/100ÂL/2
k=0 |Xkm|. It represents the

skewness of the spectral shape.8 The median value is
computed apart from the mean and the SD.

• The Spectral Centroid (SC) is defined as the center
of gravity of the magnitude spectrum of the STFT,14

so that SCm = ÂL/2
k=0 k · |Xkm|/ÂL/2

k=0 ·|Xkm|.
• The Spectral Flux (SF) represents the spectral change

between successive frames,8 and is determined using
SFm = ÂL/2

k=0(|Xkm|� |Xk(m�1)|)2.

2.2. Computational Cost Evaluation

A energy-efficient real time system has the restriction of
consumption when it is implemented in some place where
it is working in an autonomous way, for instance working
with a solar powered source. In this scenario, computa-
tional cost is an important aspect to consider if we want
to control the consumption the node has.

In order to calculate the computational cost of our
system, the number of flops that each feature requires
has been calculated determining the number of Floating
Point Operations Per Second (FLOPS).15 The number of
flops is related to the power consumption. To put this in
perspective, if the system has to work autonomously and
is powered by a small solar cell of 1 dm2 which spends
1 W/dm2, and having a minimum average of 2.5 hours

of sun per day (a typical value in several winter in re-
gions such as Spain), the average total power will be 100
mW. Low power processors, such as the ARM-Cortex-
M4, typically consumes around 0.2 mW/MHz which, as-
suming a relationship of 1 FLOP per Hertz, gives us an
idea of the amount of FLOPS that are going to be avail-
able for this kind of devices.16

The number of FLOPS of our system depends on the
set of selected features, so it must take into account which
ones are used for a specific design. To evaluate the impact
of each feature in the selection process, we have carried
out a detailed analysis of the computational cost in terms
of FLOPS required to implement an energy-efficient vio-
lence detection system.

Thus, the cost of each feature has been evaluated and
we propose the above equations with the objective of
generalize the cost in function of some parameters ex-
plained below. As was stated above, the feature extrac-
tion process splits the audio frame of Nsamples (so that
T = Nsamples/ fs, being fs the sampling frequency) into
M frames of L samples, with an overlap between them of
S%, so that:

M =

�
Nsamples

S ·L

⌫
(1)

Some features such as pitch-based or MFCCs have
more impact in cost than others due to the amount of flops
needed. Furthermore, some features share some process-
ing blocks that do not need to be replicated for differ-
ent features. Considering the measurements described in
the last section, we have identified four processing blocks
that are shared along more than one measurement:

• The evaluation of the STFT is shared by the MFCCs,
DMFCCs, the SR, the SC and the SF. Equation (2) rep-
resents the cost of the STFT matrix CS, in terms of op-
erations per decision, in function of the main design
parameters.

CS = L(M�1)(5log2 L+2)+4L+15 (2)

• The evaluation of the MFCCs is shared by both the
MFCCs and the DMFCCs. Apart from the evaluation
of the STFT, these features require some shared op-
erations. The cost CM associated to these operations
is expressed using equation (3) in function of N, the
number of MFCCs computed.
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CM = (L ·S+1)(M(2N +5)+10N +23)

+N(3N +11)+N ·M(2N +7)+29, (3)

• The evaluation of the pitch is also shared by the HNR
and the RUF. Its cost CP can be determined using the
next equation:

CP = 2L ·M(5log2 L+P+3)+

M
�
P(2P2 +P+2L+1)�L

�
+1, (4)

where P is the number of Levinson Coefficients.
• At last, the evaluation of the energy is shared by the

STE and the EE (which requires it to normalize the en-
ergy of each block), and its cost CE can be determined
using equation (5)

CE = M(2L+3)�4 (5)

We will use four binary variables bS, bM , bP and bE
related to CS, CM , CP and CE (the number of operations
associated to the described shared processing blocks) to
determine whether the selected set of features does re-
quire the evaluation of one of the aforementioned blocks,
respectively. The total number of operations can be ex-
pressed using equation (6):

CT = bS ·CS +bM ·CM +bP ·CP +bE ·CE +
11

Â
f=1

s f ·Cf ,

(6)
where Cf is the specific additional cost of each measure-
ment, and s f is a binary vector which indicates the se-
lected measurements. The FLOPS can be easily evalu-
ated simply taking into account that the proposed system
requires a decision every T seconds.

To sum up, there are some features which are linked
and depend on others, so that the computation of one al-
lows to compute the others with practically the same cost.
Because of that, we have been grouped measurements
into 8 groups. These groups are: G1 (including MFCCs
and DMFCCs), G2 (including Pitch, HNR, and RUF), G3
(STE), G4 (EE), G5 (ZCR), G6 (SR), G7 (SC) and G8
(SF). STE and EE have been evaluated separately because
the cost of the EE is not insignificant respect to the one
of the STE. Table 1 describes the groups, the number of

features of each measurement, the values bS, bM , bP and
bE and the additional cost Cf associated to each measure-
ment, in function of the main design parameters of each
feature.

2.3. Constrained selection of features

As was stated above, to control the computational cost of
the violence detection system, there is a need to find a re-
duced set of patterns that allows a good performance with
an energy-efficient implementation. For this purpose, ge-
netic algorithms have been used in the paper.

Genetic algorithms are based on the principles of ge-
netic and natural selection, allowing to obtain the best
results for solving a problem.17 This method consists of
exchanging randomly the features of the individuals of a
population that constitute the possible solutions for the
problem. In this way, the algorithm is able to resolve
optimization problems.18 Specifically, our problem is to
determinate which features are the best to be applied to
violence detection without resulting in a high cost. For
that reason, a cost constraint is applied when the features
are selected. There are 121 features in total, but each in-
dividual only selects a subset of them in a way that total
cost is below the fixed threshold. The adaptive function
has the aim of maximize the probability of detection as-
sociated to a probability of false alarm for a given detec-
tion system. In this point, two different classifiers will
be applied: The Least Squares Linear Detector and the
simplified version of Least Squares Quadratic Detector.
They are explained in detail in the literature.12

According to the previous parameter, the individuals
will be ranked and only the best individuals survive and
reproduce. The population is composed of 100 individu-
als, 10 of them will be chosen as parents, and they will
generate the remaining 90 sons by crossover. After this,
mutation changes a 4 percent of the genes. This process
is repeated along 30 generations and the whole process is
repeated 10 times to avoid local minima.

3. Results

In order to validate the proposed system, a set of experi-
ments has been carried out using a database of audio files.
These audio files have been divided in segments of T = 5
seconds length with a sampling frequency of fs = 22,050
Hz. Each frame is divided in windows of L = 512 length
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CS = L(M�1)(5log2 L+2)+4L+15 (2)

• The evaluation of the MFCCs is shared by both the
MFCCs and the DMFCCs. Apart from the evaluation
of the STFT, these features require some shared op-
erations. The cost CM associated to these operations
is expressed using equation (3) in function of N, the
number of MFCCs computed.
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for detecting violence due to rapid changes occurring
in the tone of voice.8 To evaluate this measurement,
each time frame of L samples is divided into B blocks,
and the energy of each block is then measured. So,
EE for the m-th time frame can be evaluated using
EEm = �ÂB

b=1 s2
bmlog2s2

bm, where s2
bm is the normal-

ized energy calculated for the b-th block of the m-th
frame, b = 1, . . . ,B. Apart from the mean and the SD,
statistics applied to the energy entropy are the ratios of
maximum to mean and maximum to median values.

• The Zero Crossing Rate (ZCR) is one of the most
widely used time-domain audio features.8 It is deter-
mined by dividing the number of sign changes by the
total length of the frame, so that Zm = ÂL

i=1 |sgn(xim)�
sgn(x(i�1)m)|. Apart from the mean and the SD, the
ratio of the maximum to mean is calculated.

• The Spectral Rolloff (SR) is calculated in the fre-
quency domain and is defined as the frequency kc(m)
below which c% of the magnitude distribution of STFT
coefficients are concentrated for the m-th frame, so
that Âkc(m)

k=0 |Xkm| = c/100ÂL/2
k=0 |Xkm|. It represents the

skewness of the spectral shape.8 The median value is
computed apart from the mean and the SD.

• The Spectral Centroid (SC) is defined as the center
of gravity of the magnitude spectrum of the STFT,14

so that SCm = ÂL/2
k=0 k · |Xkm|/ÂL/2

k=0 ·|Xkm|.
• The Spectral Flux (SF) represents the spectral change

between successive frames,8 and is determined using
SFm = ÂL/2

k=0(|Xkm|� |Xk(m�1)|)2.

2.2. Computational Cost Evaluation

A energy-efficient real time system has the restriction of
consumption when it is implemented in some place where
it is working in an autonomous way, for instance working
with a solar powered source. In this scenario, computa-
tional cost is an important aspect to consider if we want
to control the consumption the node has.

In order to calculate the computational cost of our
system, the number of flops that each feature requires
has been calculated determining the number of Floating
Point Operations Per Second (FLOPS).15 The number of
flops is related to the power consumption. To put this in
perspective, if the system has to work autonomously and
is powered by a small solar cell of 1 dm2 which spends
1 W/dm2, and having a minimum average of 2.5 hours

of sun per day (a typical value in several winter in re-
gions such as Spain), the average total power will be 100
mW. Low power processors, such as the ARM-Cortex-
M4, typically consumes around 0.2 mW/MHz which, as-
suming a relationship of 1 FLOP per Hertz, gives us an
idea of the amount of FLOPS that are going to be avail-
able for this kind of devices.16

The number of FLOPS of our system depends on the
set of selected features, so it must take into account which
ones are used for a specific design. To evaluate the impact
of each feature in the selection process, we have carried
out a detailed analysis of the computational cost in terms
of FLOPS required to implement an energy-efficient vio-
lence detection system.

Thus, the cost of each feature has been evaluated and
we propose the above equations with the objective of
generalize the cost in function of some parameters ex-
plained below. As was stated above, the feature extrac-
tion process splits the audio frame of Nsamples (so that
T = Nsamples/ fs, being fs the sampling frequency) into
M frames of L samples, with an overlap between them of
S%, so that:

M =

�
Nsamples

S ·L

⌫
(1)

Some features such as pitch-based or MFCCs have
more impact in cost than others due to the amount of flops
needed. Furthermore, some features share some process-
ing blocks that do not need to be replicated for differ-
ent features. Considering the measurements described in
the last section, we have identified four processing blocks
that are shared along more than one measurement:

• The evaluation of the STFT is shared by the MFCCs,
DMFCCs, the SR, the SC and the SF. Equation (2) rep-
resents the cost of the STFT matrix CS, in terms of op-
erations per decision, in function of the main design
parameters.

CS = L(M�1)(5log2 L+2)+4L+15 (2)

• The evaluation of the MFCCs is shared by both the
MFCCs and the DMFCCs. Apart from the evaluation
of the STFT, these features require some shared op-
erations. The cost CM associated to these operations
is expressed using equation (3) in function of N, the
number of MFCCs computed.
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out a detailed analysis of the computational cost in terms
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more impact in cost than others due to the amount of flops
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• The evaluation of the MFCCs is shared by both the
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Table 1. Dependence between grouped features.

Group Caract No. feats bS bM bP bE Additional cost (No. operations)

G1
MFCCs 50 1 1 0 0 C1 = 0
DMFCCs 50 1 1 0 0 C2 = N(M�2)+1

G2

Pitch 2 0 0 1 0 C3 = 0
HNR 2 0 0 1 0 C4 = 9M
RUF 1 0 0 1 0 C5 = M

G3 STE 2 0 0 0 1 C6 = 0

G4 EE 4 0 0 0 1 C7 = M (b2L/Bc+3B�5)+6B+3

G5 ZCR 3 0 0 0 0 C8 = (6M+1)(L�1)

G6 SR 3 1 0 0 0 C9 = M(5N +8)+2bM(L ·S�1)/3c
G7 SC 2 1 0 0 0 C10 = M (8N +L ·S+6)+L ·S+4

G8 SF 2 1 0 0 0 C11 = M (9N +5)�3N +1

and S = 50% overlap between windows, resulting in a to-
tal of M = 430 frames per segment. Then feature extrac-
tion has been applied to obtain useful information from
data. With the aim of selecting a reduced set of features,
a genetic algorithm is used.

CROSS-VALIDATION

AUDIO FILES
DATABASE

EXTRACTING 
THE AUDIO 

FRAMES
FEATURE 

EXTRACTION

TRAINING 
SET

CLASSIFYING

TEST SET

SELECTING 
BEST 

FEATURES

FINAL 
DECISION

COST 
RESTRICTION

Fig. 2. Block diagram of the experiments.

This algorithm has been applied using a constraint re-
lated to the cost available in the system. Specifically, dif-
ferent cost thresholds measured in “Maximum number of
Mega Floating Operations Per Second” (MaxMFLOPS)
have been applied (1, 3, 5, 10 and 15 MaxMFLOPS).
This means that the sum of costs of the selected features
has to be below this values. Once the best features have
been selected, a specifically trained classifier aims at giv-
ing the final decision. Figure 2 shows a block diagram

describing the process carried out in the experiments.
In general, the databases used in the state-of-the-art

were not suitable for our problem, so we have used a
novel database developed in a previous work.12 The main
characteristics of the used database are shown in Table 2.

Table 2. Summary of the database

Parameters Value

Total duration 27,802 s
Violent duration 3,051 s
Percentage of violence 10.97%
Number of audios 109
Minimum audio length 15 s
Maximum audio length 4,966 s

Related to the implemented validation, a tailored ver-
sion of k-fold cross-validation has been used in the exper-
iments to avoid loss of generalization of the results. The
data is divided in k subsets, so that each subset is used
for testing and the remaining k� 1 are used for training.
In our case, 109 folds with different size have been used,
each fold containing data from a different audio file. In
that way, we ensure that data from the same acoustic en-
vironment is not used both for training and testing at the
same time, guaranteeing the generalization of the results.

As it was stated above, two genetic algorithms based
feature selection strategies have been considered: the
case of maximizing the probability of detection with a
linear and with a quadratic detector. In each case, the
same detector has been applied to classify. The probabil-
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Genetic Algorithm for Feature selection
Algorithm inspired by the principles of genetic and evolution 
Each selection of features => Individual in a population 
Selection of best individuals in function of the detection score
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Constrained Feature selection

Score: classification error or MSE over the design set 
Constraints: The computational cost of any individual must be 
lower than a constraint 

Features are randomly removed  
Until the condition is satisfied
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Audio Database

Audios downloaded from 
violent scenes, including 
shoutings, fights, etc. 

Labelling of the data by 
two people, in order to 
indicate when a violent 
situation is taking place.
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Table 1. Dependence between grouped features.

Group Caract No. feats bS bM bP bE Additional cost (No. operations)

G1
MFCCs 50 1 1 0 0 C1 = 0
DMFCCs 50 1 1 0 0 C2 = N(M�2)+1

G2

Pitch 2 0 0 1 0 C3 = 0
HNR 2 0 0 1 0 C4 = 9M
RUF 1 0 0 1 0 C5 = M

G3 STE 2 0 0 0 1 C6 = 0

G4 EE 4 0 0 0 1 C7 = M (b2L/Bc+3B�5)+6B+3

G5 ZCR 3 0 0 0 0 C8 = (6M+1)(L�1)

G6 SR 3 1 0 0 0 C9 = M(5N +8)+2bM(L ·S�1)/3c
G7 SC 2 1 0 0 0 C10 = M (8N +L ·S+6)+L ·S+4

G8 SF 2 1 0 0 0 C11 = M (9N +5)�3N +1

and S = 50% overlap between windows, resulting in a to-
tal of M = 430 frames per segment. Then feature extrac-
tion has been applied to obtain useful information from
data. With the aim of selecting a reduced set of features,
a genetic algorithm is used.
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This algorithm has been applied using a constraint re-
lated to the cost available in the system. Specifically, dif-
ferent cost thresholds measured in “Maximum number of
Mega Floating Operations Per Second” (MaxMFLOPS)
have been applied (1, 3, 5, 10 and 15 MaxMFLOPS).
This means that the sum of costs of the selected features
has to be below this values. Once the best features have
been selected, a specifically trained classifier aims at giv-
ing the final decision. Figure 2 shows a block diagram

describing the process carried out in the experiments.
In general, the databases used in the state-of-the-art

were not suitable for our problem, so we have used a
novel database developed in a previous work.12 The main
characteristics of the used database are shown in Table 2.

Table 2. Summary of the database

Parameters Value

Total duration 27,802 s
Violent duration 3,051 s
Percentage of violence 10.97%
Number of audios 109
Minimum audio length 15 s
Maximum audio length 4,966 s

Related to the implemented validation, a tailored ver-
sion of k-fold cross-validation has been used in the exper-
iments to avoid loss of generalization of the results. The
data is divided in k subsets, so that each subset is used
for testing and the remaining k� 1 are used for training.
In our case, 109 folds with different size have been used,
each fold containing data from a different audio file. In
that way, we ensure that data from the same acoustic en-
vironment is not used both for training and testing at the
same time, guaranteeing the generalization of the results.

As it was stated above, two genetic algorithms based
feature selection strategies have been considered: the
case of maximizing the probability of detection with a
linear and with a quadratic detector. In each case, the
same detector has been applied to classify. The probabil-
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Description of the experiments

Audio files divided in 
segments of T=5 seconds 
length. 

Sampling frequency of 
22,050 Hz. 

Computational cost is high in 
the training stage, but not in 
the test stage!

28
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Table 1. Dependence between grouped features.
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This algorithm has been applied using a constraint re-
lated to the cost available in the system. Specifically, dif-
ferent cost thresholds measured in “Maximum number of
Mega Floating Operations Per Second” (MaxMFLOPS)
have been applied (1, 3, 5, 10 and 15 MaxMFLOPS).
This means that the sum of costs of the selected features
has to be below this values. Once the best features have
been selected, a specifically trained classifier aims at giv-
ing the final decision. Figure 2 shows a block diagram

describing the process carried out in the experiments.
In general, the databases used in the state-of-the-art

were not suitable for our problem, so we have used a
novel database developed in a previous work.12 The main
characteristics of the used database are shown in Table 2.

Table 2. Summary of the database

Parameters Value

Total duration 27,802 s
Violent duration 3,051 s
Percentage of violence 10.97%
Number of audios 109
Minimum audio length 15 s
Maximum audio length 4,966 s

Related to the implemented validation, a tailored ver-
sion of k-fold cross-validation has been used in the exper-
iments to avoid loss of generalization of the results. The
data is divided in k subsets, so that each subset is used
for testing and the remaining k� 1 are used for training.
In our case, 109 folds with different size have been used,
each fold containing data from a different audio file. In
that way, we ensure that data from the same acoustic en-
vironment is not used both for training and testing at the
same time, guaranteeing the generalization of the results.

As it was stated above, two genetic algorithms based
feature selection strategies have been considered: the
case of maximizing the probability of detection with a
linear and with a quadratic detector. In each case, the
same detector has been applied to classify. The probabil-
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Description of the experiments

Objective: maximize the probability of detection 
associated to a probability of false alarm. 

The LSLD and the LSQD will be used in the feature 
selection process. 

Parameters of the Genetic Algorithm: 
100 individuals 
10 parents + 90 children 
4% of mutation 
30 generations 
10 repetitions of the algorithm
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Description of the experiments

Two GA based feature selection strategies: maximize the 
probability of detection with an LSLD (Linear FS) and 
with an LSQD (Quadratic FS). 
Optimization parameters: Probability of detection for a 
10% probability of false alarm  
Constraint: computational cost lower than 1 MFLOPS, 3 
MFLOPS, 5 MFLOPS, 10 MFLOPS and 15 MFLOPS
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Validation of the results
Use of a tailored version of k-fold cross validation. 

Data is divided in k subsets: 
Each subset is used for testing. 
The remaining k-1 subsets are used for training. 
Generalization of the results is preserved.
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Results of the experiments: linear detector

Prob. of Detection VS 
Prob. Of False Alarm 

From 5 MFLOPS we 
get similar results
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Results of the experiments: quadratic detector
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Again, from 5 
MFLOPS we get 
similar results 

Better results than the 
linear classifier
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Most selected features
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Table 3. Cost, probability of detection and probability of appearance of
the features groups.

MaxMFLOPS 1 MFLOPS 3 MFLOPS 5 MFLOPS 10 MFLOPS 15 MFLOPS

Classifier Lin. Qua. Lin. Qua. Lin. Qua. Lin. Qua. Lin. Qua.

Average Cost (MFLOPS) 0.4 0.4 2.6 2.6 3.9 3.7 9.8 8.3 10.0 8.8

Pd (Pfa = 10%) (%) 50% 54% 64% 67% 74% 76% 69% 78% 70% 74%

G1 (MFCC+DMFCC) 0% 0% 0% 0% 100% 100% 100% 100% 100% 100%
G2 (Pitch+HNR+RUF) 0% 0% 0% 0% 0% 0% 99% 76% 100% 82%
G3 (STE) 93% 0% 19% 0% 63% 0% 80% 0% 63% 0%

Selection G4 (EE) 100% 100% 100% 100% 97% 92% 73% 89% 95% 96%
rate (%) G5 (ZCR) 100% 100% 100% 100% 80% 31% 25% 12% 80% 35%

G6 (SR) 0% 0% 100% 100% 98% 98% 93% 98% 97% 99%
G7 (SC) 0% 0% 100% 9% 82% 77% 99% 78% 97% 86%
G8 (SF) 0% 0% 6% 98% 49% 57% 41% 63% 41% 70%

the results are around 65% of probability of detection for
a probability of false alarm of 10%, which does not im-
prove the ones obtained with the algorithm proposed in
this experiment.

Now we will study which groups of features are more
selected and useful. Table 3 displays the average cost
employed, the probability of detection for a probability
of false alarm of 10% and the percentages of appearance
(selection rates) of the groups. It has been considered as
appearance the selection of one or more features from the
group.

At the beginning, the algorithm selects groups G3,
G4 and G5 in practically 100% of the cases because of
the low threshold imposed (1 MaxMFLOPS). When we
increase this value to 3 MaxMFLOPS the spectral fea-
tures appear. Furthermore, the MFCCs are selected with
5 or more MaxMFLOPS, and the pitch with 10 MaxM-
FLOPS. The case of 15 MaxMFLOPS allows the algo-
rithm to select whatever it needs, because the sum of the
total cost is lower than this value.

As it can be seen, there are some features that work
better in the quadratic detector than in the linear one.
Such is the case of group G8 (SF), where the difference
between the appearance in both classifiers is always con-
siderable. The opposite happens in groups G3 and G5. In
fact, the appearance of group G3 in quadratic detector is
always 0%.

Additionally, the importance of some features is re-
flected in the table. For instance, when group G1 -MFCCs

and DMFCCs- appears (from 5 MaxMFLOPS onwards)
its appearance is 100% in linear and quadratic detectors,
while the appearance of the features that were selected
previously is significantly reduced, like in groups G4 and
G5. Because of that, MFCCs is an excellent group. The
same does not happens to other expensive groups, such
as group G2, which does not improve the results when it
is selected (10-15 MaxMFLOPS).

4. Conclusion

The objective of this work is to develop a system capable
of detect violent scenes in real time and in real situations.
With this purpose, we have carried out different exper-
iments related to audio analysis. The algorithms have
been developed in order to maximize the probability of
detection for low probabilities of false alarm, but subject
to computational cost constraints.

The results derived from the experiments show that
MFCCs are the best features for violence detection, both
for linear and quadratic classifiers. Other features such as
energy only show a good performance in linear classifiers
and their cost is quite low compared to the rest.

Regarding to the classifiers, the results obtained are
better in quadratic case (3-9% of difference respect to the
linear one) for all cases with different cost thresholds.
Higher cost implies better results, but a compromise of
5 MaxMFLOPS could be reached, since the results does
not seem to be improved much from this value.
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