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Abstract. Deception is the action of causing a person to believe something, which is known to be lying with
the provision of evidence to support such false beliefs with certain intensions. Identiﬁcation of the deceptive
characteristics manually is a challenging problem for the researchers. Thus, an automatic deception detector is
necessary to be developed in order to ensure higher accuracy. Accordingly, this paper proposes a novel
deception detector method called Moth Monarch optimization-based Deep Belief Neural Network (MMODBN). The proposed MMO-DBN classiﬁer undergoes the phases of feature extraction and classiﬁcation. Initially, the input speech signals are pre-processed to remove the noise present in the signal and subjected to
feature extraction to extract the signiﬁcant features, such as Mel Frequency Cepstral Coefﬁcients (MFCC),
Spectral Kurtosis, Spectral Spread, Spectral Centroid, minimum blood pressure, maximum blood pressure,
respiration rate, and Tonal Power Ratio. Then, these extracted features are subjected to classiﬁcation using Deep
Belief Neural Network (DBN), which is trained with the proposed Moth Monarch optimization (MMO) algorithm that is the integration of Monarch Butterﬂy Optimization (MBO) and Moth Search (MS) algorithm. The
performance of the proposed MMO-DBN is analyzed using the metrics, namely accuracy, sensitivity, and
speciﬁcity. The proposed method obtained the higher accuracy, sensitivity, and speciﬁcity of 0.984, 0.9836, and
0.9375, respectively that shows the superiority of the proposed MMO-DBN in deception detection.
Keywords. Detection; deep learning; speech signal; deception optimization; frequency-based features; Moth
search; Monarch Butterﬂy optimization; Mel frequency cepstral coefﬁcients; spectral kurtosis; spectral spread;
spectral centroid; tonal power ratio.

1. Introduction
Lie detection, normally called deception detection, makes use
of the questioning methods to ﬁnd truth and falsehood in the
response of people. Deception is termed as the active communication of messages and data to produce a false conclusion [1]. Due to large amounts of textual data that are
transmitted using Computer-mediated Communication
(CMC), people stay highly inefﬁcient and unsuccessful in
ﬁnding the messages, which are deceptive [2]. In addition,
with an increasing number of multimodal communications,
the requirement arises for enhanced methodologies for the
detection of deceptive characteristics [3]. There are number of
methods available on which polygraph test is the commonly
used method that can differentiate the truth and the lie. In
general, the question–answer method is used with the technique that stores the physiological values in order to differentiate the truth and the lie. During the session of interview,
behaviour of the subject is needed to be monitored closely to
*For correspondence

identify the ﬂuctuations in each response for the identiﬁcation
of the lie syntax. The physiological responses including blood
pressure, respiratory rate, and the heartbeat, can be used for
differentiating the truths and lie [4–6]. The speech signals are
used to detect the deception [7], as the speech utterances
provide the data related to emotions [8]. The discounted {0-1}
Knapsack problem (DKP) is solved by using 10 effective
binary MS-based algorithms, such as MS1-MS9, and MS [9].
MBO algorithm is used for addressing various tasks of global
optimization and possessing improved ﬁtness towards accelerating convergence. MBO algorithm based on oppositionbased learning (OBL), and random local perturbation (RLP)
which can reduce a sorting operation and enhance the computational efﬁciency [10].
In addition to the advances in deception detection,
research related to automatic deception detection with the
speech signals has obtained considerable attraction in the
recent years. Studies related to deception detection have
performed from a psychological perspective with the consideration of multiple indicators, namely biometric, visual,
and physical cues [11, 12]. For speech-based deception
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detection, the acoustic-prosodic features are utilized to ﬁnd
the differences among the lie and the truthful speech due to
the fact that the energy, pitch, speaking rate and other
stylistic factors differs with the speakers deceive [13]. The
majority of data are exchanged on daily basis involving
some deceit level and is performed with the rich media by
using the deep learning approach [14, 15]. Thus, the
research has mainly aimed on richly mediated communication channels and the speech signals. It is necessary to
know the advantages and the limitations of detecting the
deception over less rich mediums, such as e-mail systems.
Previous attempts on the detection of deceit were normally
performed with the use of the physiological sensors and the
trained experts. However, a major limitation of these
techniques is that the judgment of human on various cases
is normally biased and produced less accuracy in classiﬁcation. In addition, these methods need more time and
effort to perform the analysis [3].
In order to analyze the performance of models involved
in detecting deception, various intelligent methods were
developed for lie detection. The advanced machine learning
algorithms with a number of modalities, such as speech acts
as one of the advanced techniques of deception detection.
In [16], the requirement of the machine intelligence was
analyzed for lie detection to recognize the human affective
state. Pattern classiﬁcation method was used for the differentiation of deception and non-deception using optimization techniques [17, 18]. In [19], cross-cultural
deception detection was performed with the collected features using various approaches, such as context-free
grammars (CFG), part-of-speech (PoS) tags, and unigrams,
for lie detection. The physiological bio-signals, including
Galvanic Skin Response (GSR), Electrocardiogram (ECG),
and functional MRI (fMRI) are used for the detection of lies
immediately. The physiological responses are processed
with the use of neural networks, data mining, and statistical
analysis methods to obtain the statement veracity [20].
Linear Discriminant Analysis (LDA) [21] is used to ﬁnd the
lie using the P300 frequency and skin pattern (EOG). In
[22], a fuzzy theory was used, and the Support vector
networks are commonly used in different areas, which is
useful in removing the repetitive and irrelevant features
[23]. In [24], a new multimodal deception dataset with
Decision Trees (DT) and Random Forest (RF) based on
visual and textual cues were used. In [25], a manual
annotation was used, which was effective in the optimisation of deception detection technique.
The main intention of this research is to design a method
for detecting the lie using deep learning by proposing an
optimization technique. The proposed method comprises
two phases, such as feature extraction phase and the classiﬁcation phase. In the ﬁrst step, the input speech signals
are pre-processed to remove the noise present in the signal.
Then, the pre-processed signal is fed to feature extraction to
extract the necessary features, namely MFCC, Spectral
Kurtosis, Spectral Spread, Spectral Centroid, minimum
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blood pressure, maximum blood pressure, respiration rate,
and Tonal Power Ratio. These highly signiﬁcant features
are given to the classiﬁcation module for deception detection with the use of DBN that uses the newly designed
MMO optimization algorithm, which is the integration of
MBO [26, 27] and MS algorithm [28]. MMO is similar to
the MS; the only difference is that the position update
equation of MS is modiﬁed with the position update
equation of MBO. In MMO, the positions of the moth
individuals are updated based on the position update rules
of MS and the MBO.
The main contribution of the paper is:
Application of the MMO-DBN classiﬁer for the deception
detection using the features of the speech signal: The features of the speech signal are responsible for effective
classiﬁcation and enhanced accuracy. Thus, the frequencybased signal features, such as MFCC, Spectral Centroid,
Spectral Kurtosis, Spectral Spread, and Tonal Power Ratio.
In addition, the additional features, such as minimum blood
pressure, maximum blood pressure, respiration rate, and
heartbeat rate are considered that play a vital role in the
classiﬁcation process. Finally, the MMO-DBN classiﬁer is
used for the recognition of deception of speech among
various speakers. The MMO classiﬁer is the integration of
the MBO and MS algorithms for deriving the weights of the
DBN network for deception detection.
This paper is organized as follows: Section 1 details the
need for deception detection. Section 2 provides the literature review. Section 3 deals with the MMO-DBN classiﬁer for deception detection. Results and discussions are
discussed in section 4, and ﬁnally section 5 explains the
conclusion of the paper.

2. Motivation
In this section, the literature reviews of number of methods
used for deception detection with their limitations are
discussed.

2.1 Literature review
In this section, the review of eight existing works related to
deception detection is discussed: Srivastava and Dubey [1]
developed the ANN and SVM-based method for better pointer
deception detection. The limitation of this method was the
provision of slower results, the inability to analyze other
speech, and physical values. Gogate et al [29] developed a
deep learning driven multimodal fusion approach for better
accuracy, but it was not suitable for advanced deep learning
approaches. Abouelenien et al [3] designed the multimodal
approach that was potentially good for deceptive behaviour
detection and performance gain, but this method was not able
to consider larger datasets in the presence of variety of new
topics, scenarios, and failed to make use of the additional
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modalities, such as visual features. Zhou et al [30] developed
the Relevance Vector Machine (RVM) classiﬁcation method
for very fast calculation with smaller memory. This method
obtained higher accuracy and robustness with the property of
generalization, but it required advanced functions for the
enrichment of the detection model. Abouelenien et al [31]
developed the multimodal deception detection approach,
which was a better indicator for the detection of determining
the deception with improved accuracy, but it was not suitable to consider the different data for better rate of deception
detection. Amanda Chow and John Louie [11] developed the
recurrent neural network (RNN), a machine learning method
that potentially converged to a higher level of accuracy, but
cannot consider the lexical features. O’Shea et al [32] modelled the automatic deception detection system that provided
dynamic responses to the inputs of the user and had the ability
to simulate the complex signals, but lacked the datasets for
diverse population representation and the optimization of the
neural network classiﬁers. Nasri et al [33] modelled the
ReGIM-Lab Lie Detection System, which was very efﬁcient
in the classiﬁcation of the speech signals, but required multimodal system for the provision of the relationship among
stress, voice, heart rate and brain activity. James OrShea et al
[34] developed an automated deception detection system for
facial objects detection, and extraction of non-verbal behaviour in the form of microgestures over short periods of time.
The problem in this method was, more data capture in diverse
population representation, and neural network classiﬁers
optimization. Douglas P Twitchell et al [35] developed the
automated deception detection systems for contextual information such as base rate and cost, but it had lack of information security.

2.2 Challenges
The various challenges of this research are detailed below:
• In [1], the physiological and speech features were
utilized for the detection of deception. The speech
features in addition to the physical features act as the
better pointer for the detection of deception. The main
limitation of this method is that the judgement of
human provides poor accuracy in classiﬁcation and
needs more time and effort for the analysis.
• The conventional methods of lie detection include the
observation on facial expression and emotion. However, these methods have their own limitation due to
the fact that it can be faked by the respondent. In
addition, the approaches on lie detection basically
depend on specialized environmental or instrumentation conditions that may require more time and cost to
provide questionable results [20].
• The major limitation noticed in the data driven
research on deception detection is the unavailability
of real data and true motivation, while analyzing the
deceptive behaviour. Due to artiﬁcial setting, the
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subjects may not arouse emotionally that leads to
difﬁculty to generalize the ﬁndings to real life scenarios [24].
• The level of textual communication obtained and
stored by the individuals and organizations is
increasing signiﬁcantly, due to the expansion of the
Internet. Because of the massive rate of textual data
transmitted using CMC, people remain unsuccessful
in the detection of those messages, which are
deceptive [2].
• The challenge faced by the automatic deception
detection methods is the production of corpuses. The
traditional corpuses rely on artiﬁcially collected data,
where the subjects are requested to develop stories in
both truthful and deceptive ways that lacked the true
emotions and the real-world evidence [29].

3. Proposed method of deception detection using
deep belief network
The increasing number of multimodal communications has
lead to the need for enhanced methodologies to detect the
deceptive characteristics. This paper aims to develop a
method of deception detection using deep learning with an
optimization technique. The proposed method undergoes
two phases, such as feature extraction phase and classiﬁcation phase. Initially, the input speech signals are preprocessed and fed to feature extraction for the extraction of
required features. The features, such as frequency-based
speech features and the individual-based features are used
for deception detection. The frequency-based speech features include the MFCC, Spectral Centroid, Spectral Kurtosis, Spectral Spread, and Tonal Power Ratio, whereas the
individual-based features include the minimum blood
pressure, maximum blood pressure, respiration rate, and
heartbeat rate. These highly signiﬁcant features are fed to
the classiﬁcation module for the deception detection for
which the DBN is used. The DBN uses the newly designed
optimization algorithm, named as MMO algorithm, which
is the integration of MBO and MS algorithm. Thus, the
proposed MMO-DBN performs the deception detection
with the use of the obtained features. Figure 1 models the
block diagram of deception detection system using the
proposed MMO-DBN.

3.1 Pre-processing of speech signal
In general, the signal is very sensitive to various environmental factors, and in the same way, the speech signal is
affected with various noises. The noise effects that are
present in the signal are lowered with the pre-processing
process that acts as the initial step in the process of
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representation of speech signal and can be mathematically
expressed as,
MFCCs ¼ DCT ðlog ðjFFT ðEðsÞÞjÞÞ

ð2Þ

where, DCT is the discrete cosine transform, and FFT is the
Fast Fourier transform. The size of the MFCC is obtained
as [1 9 14].
b) Spectral Centroid
The spectral centroid [37] is one of the most commonly
used timbre parameters. The centroid is normalised using
the highest rate-map centre frequency for the reduction of
the effect of gammatone parameters. The relation of the
spectral centroid is expressed as
PR
U u ½r   r
ð3Þ
Sc ¼ r¼1
U u ½r 
Figure 1. Block diagram of proposed MMO-DBN deception
detection system.

deception detection. The relation of the speech signal is
expressed as
B ¼ fDðsÞ ; 1  s  H g

ð1Þ

where, B is the speech database that comprises a set of
speech signal in the presence of noise, D(s)indicates the
speech signals, and H represents the total data samples
present in the input signal. After pre-processing the input
signal, the enhanced speech signal is obtained and is indicated as E(s).

where, Uu ½r  represents the magnitude of the Fourier
transform at frame u and frequency bin r. The centroid is
the rate of spectral shape and the higher value of centroid is
responsible for brighter textures with increased frequencies.
The spectral centroid obtained is of the size [1 9 1].
c) Spectral Kurtosis
The spectral kurtosis [38] in the frequency domain is
termed as the kurtosis of the frequency components and is
normally used for the detection of speech signals that occur
in random. The kurtosis p(u) at each frequency bin u is
expressed as the spectral kurtosis of K(e) and is expressed
as
C u ðeÞ ¼

3.2 Extraction of features
The features such as frequency-based features from the
speech signal of number of individuals and the individualbased features are subjected to classiﬁcation process for the
detection of deception.
3.2.a Frequency-based signal features: The frequencybased features are obtained from the speech signals of
individuals, who are suspected under deception. The preprocessed speech signal E(s) is fed to the feature extraction
process for the extraction of features, such as MFCC,
Spectral Centroid, Spectral Spread, Spectral Kurtosis, and
Tonal Power Ratio to perform the classiﬁcation process of
the deception detection system.
a) Mel Frequency Cepstral Coefﬁcients (MFCC)
The MFCC [36] acts as the mostly accepted feature
representation technique for large number of speech
recognition systems. The cepstral coefﬁcients of lower
order are very sensitive to the overall spectral slope,
whereas the cepstral coefﬁcients of higher order are susceptible to the noise signal. MFCC is a quantitative

C4 fK þ ðeÞ; K þ ðeÞ; K þ ðeÞ; K þ ðeÞg
½C2 fK þ ðeÞ; K þ ðeÞg2

ð4Þ

where, K þ ðeÞ 2 fK ðeÞ; K þ ðeÞg, K(e) represents the
N-point discrete Fourier transform (DFT), K?(e) represents
the complex conjugate of K(e), C2 is the second order
cumulant, C4 is the fourth order cumulant. The size of the
spectral kurtosis is given as [1 9 1].
d) Spectral Spread
The spectral spread [39] represents the average deviation
of rate-map over its centroid that is commonly related to the
signal bandwidth. As same as the centroid, the spectral
spread is usually normalised with the highest rate-map
centre frequency in such a way that the feature value lies
between zero and one. The spectral spread is otherwise
termed as the spectral standard-deviation, and it is expressed as,
!2
V
X
2
ðwr  Sc ðul ÞÞ Nr ðul Þ
ð5Þ
SSðul Þ ¼
v¼1

where, SSðul Þ is the spectral spread at the frame ul , Sc ðul Þ is
the spectral centroid at the frame ul , v is the sinusoidal
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harmonic partial, Nr ðul Þ is the normalized value of the
magnitude STFT, and wr is the frequency of the bin r. The
size of the spectral spread is obtained as [1 9 1].
e) Tonal Power Ratio
The tonal power ratio is deﬁned as the ratio of sum of the
peak values, which is greater than the constant threshold to
the sum of the signal inputs. The tonal power ratio is
expressed as,
PK
K ðsÞ
TPR ¼ Ps¼1
if K ðsÞ [ Constant threshold ð6Þ
E
s¼1 E ðsÞ
where, K ðsÞ is the sum of peak values that are greater than
that of the constant threshold, and EðsÞ is the sum of the
input signals. The obtained size of the tonal power ratio is
[1 9 1].
3.2.b Individual-based features: In addition to the frequencybased features, the individual-based features such as minimum
blood pressure, maximum blood pressure, respiration rate, and
heartbeat rate are used for classiﬁcation in such a way that the
classiﬁcation accuracy is enhanced.
a) Minimum and maximum Blood Pressure
The change of temperature [40] in facial areas is a result
of change in blood pressure rate. With the assumption of
metabolic heat factor being negligible, the thermodynamic
equation related to blood pressure is obtained as,



dBP xB lc þ e=3dp  l dxs
¼
ð7Þ
dt
ðxB  xS Þ
dt
where, BP is the blood pressure rate, xB is the blood temperature at core level and is equal to 310K, xS is the skin
temperature, e represents the thermal conductivity and is
equal to 0.168 kcal, dp is the core temperature depth from
the surface of skin, and l is the constant. When the ﬂow of
blood is faster, the blood pressure is maximal, and when the
ﬂow of blood is slower, the blood pressure is minimal. The
size of minimum and maximum blood pressure feature is
obtained as [1 9 1].
b) Heartbeat rate and respiration rate
The respiration rate and the heartbeat rate can be successfully extracted from the signals that are received from
distances of up to two meters from the subject or person under
test. These rates can be used as an effective feature in the
detection of deception. The size of the feature obtained for
heartbeat rate and the respiratory rate is obtained as [1 9 1].
Feature vector from speech signal: The features combine
together to form the feature vector, and it is expressed as,
W ¼ fW1 ; W2 ; W3 ; W4 ; W5 ; W6 ; W7 ; W8 ; W9 g

ð8Þ

where, W1 refers to the MFCC feature, W2 is the Spectral
centroid feature, W3 is the Spectral kurtosis feature, W4 is
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the Spectral spread feature, W5 is the tonal power ratio
feature, W6 is the minimum blood pressure feature, W7 is
the maximum blood pressure feature, W8 is the respiration
rate feature, and W9 is the heartbeat rate feature. The feature vector of size [1 9 22] is generated and this feature
vector is representing the frequency and individual-based
signal features, which is then subjected to the classiﬁcation
process for the detection of deception.

3.3 Deception detection using the MMO-based
deep belief neural networks
The extracted feature from the speech signal undergoes the
classiﬁcation using the DBN classiﬁer. The role of DBN
[41] is to extract and recognize the patterns present in input
speech signal. DBNs are trained to classify the data with the
outputs obtained from the past records to produce enhanced
accuracy in classiﬁcation. The classiﬁcation is performed to
identify the deception using the speech signal of the persons, for which the features are obtained from the input
speech signal and the individuals and are analyzed using
the MMO-DBN classiﬁer.
3.3.a Proposed Moth-Monarch Optimization algorithm: The
proposed MMO-DBN is used to train the DBN to detect the
deception using the features of speech signal obtained from
speakers, and the individual-based features. In order to perform this action, the concept of MBO is integrated within the
MS algorithm, and thus Eq. (15) obtained is used to train the
DBN. The advantage of using the MMO-DBN classiﬁer is
that it combines the advantages of both the MS and the MBO
algorithms while training the DBN classiﬁer. The biggest
advantage of using the MS is that it searches the best solutions more effectively with increased accuracy, whereas the
advantage of using MBO is that it suits well for parallel
processing and has the capability of developing the trade-off
among diversiﬁcation and intensiﬁcation. The beneﬁt of
DBN classiﬁer includes the effective generation of solutions
for the optimization problems. In addition, the DBN classiﬁer can be used in various engineering applications to provide numerous beneﬁts to the industries. Hence, the MMODBN classiﬁer is used in the detection of deception with
speech signal as input.
Algorithmic steps of the proposed MMO-DBN algorithm:
The steps involved in the proposed MMO-DBN algorithm
are detailed as:
i) Initialization: The initialization of individuals
involved in optimal solution generation is the ﬁrst
step of this algorithm. The generation number is set
as x ¼ 1, and the population of the moths is
initialized in random. The index c, acceleration
factor g, maximum generation Jmax , which is the
maximum generation considered as the termination
criterion, and the maximum walkstep Lmax are
initialized.
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ii) Fitness evaluation: The ﬁtness is fully based on the
minimal value of error that is estimated between the
classiﬁer output and the estimated output. The moths
those are closer to the light sources in the population
are the moths with higher ﬁtness and they ﬂy around
the best moth in Levy ﬂight form. This characteristic
is described in Eq. (9) based on the position of the
moth as,
Pxþ1
i;j

¼

Pxi;j

þ bLF ðjÞ

ð9Þ

where, LF ðjÞ is the step drawn from Levy distribution, and b is the scale factor, the value of which
relies on the optimization problem, and is expressed
as,
b¼

vmax
x2

ð10Þ

where,vmax is the maximum walk step.
iii) Position update using MMO-DBN algorithm: The
position of the moth individuals is updated based on
the position update rules of MS and the MBO. The
standard equation of the MBO is expressed as,


x
Pxþ1
ð11Þ
i;j ¼ Pi;j þ b dPj  0:5
This equation can be rewritten as,


Pxi;j ¼ Pxþ1
i;j  b dPj  0:5

 



x
x
¼
a
b
dP

0:5
þ
g
P

P
ð1  aÞ Pxþ1
j
i;j
best
i;j

Pxþ1
i;j ¼

a
ð 1  aÞ

ð16Þ

 



g Pxbest  Pxi;j  b dPj  0:5
ð17Þ

The above equation is the update equation of the
proposed MMO algorithm that tunes the DBN to
produce the optimal weights.
iv) Evaluation of population: The population of the moths
are evaluated based on the newly updated position at
ðx þ 1Þth iteration.
v) Termination: The stopping criterion is performed with
the production of the best solution. The pseudocode for
the proposed MMO is given in algorithm 1.

Algorithm 1: Pseudocode of proposed MMO

ð12Þ

where, Pxþ1
i;j is the jth element of Pi that indicates the
position of ith monarch butterﬂy at ðx þ 1Þth generation, Pxi;j is the jth element of Pi that indicates the
position of ith monarch butterﬂy at xth generation, b
is the weighting factor, and dPj is the walk step of the
ith monarch butterﬂy.
Similarly, the position update equation of the MS
algorithm with the assumption that the moths ﬂy only
in straight line is expressed as,



x
x
x
Pxþ1
ð13Þ
i;j ¼ a Pi;j þ g Pbest  Pi;j
is the position of the ith moth at
where, Pxþ1
i;j
ðx þ 1Þth generation, Pxi;j is the position of the ith
moth at xth generation, Pxbest is the position of the
best moth at xth generation, a is the scale factor, and
g is the acceleration factor. Substitute Eq. (12) in
Eq. (13),





xþ1
x
x
Pxþ1
i;j ¼ a Pi;j  b dPj  0:5 þ g Pbest  Pi;j
 


xþ1
x
x
Pxþ1
i;j  aPi;j ¼ a b dPj  0:5 þ g Pbest  Pi;j

ð14Þ

ð15Þ

3.3.b Structure of Deep Belief Neural Network: The
weights of DBN are calculated using the proposed MMO
algorithm, and the structure of DBN is shown in ﬁgure 2.
The structure of DBN consists of one Multi Layer Perceptron (MLP) layer and more than one Restricted Boltzmann Machines (RBMs). Each layer of RBM and MLP
indicates that the architecture of NN and the layers are
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Wg m1go

ð23Þ

g

where, s is the activation function in RBM1 and Wg is the
feature vector as in Eq. (8). The output of the RBM1 is given
as,
A1 ¼ fA1a g;

1ab

ð24Þ

The output from RBM1 is fed as the input of RBM2 and
the output of RBM2 is calculated using the equations given
above. The output of RBM2 is represented as A2a , which is
fed as the input of the MLP layer. The input neurons in
MLP are given as,

Figure 2. Structure of Deep Belief Network.

T n ¼ fT1n ; T2n ; . . .; Tan ; . . .; Tbn g ¼ fYa2 g; 1  a  b ð25Þ
developed with the neuron interconnection. In DBN, two
RBMs are considered and the input to the RBM1 is the
feature vector corresponding to the extracted features. The
inputs are multiplied with the input neuron weights to
produce the output of the hidden layer that is fed to the
RBM2 as its input. The inputs of RBM2 are processed with
the hidden weights of RBM2 to produce the input of MLP
layer that is processed with the weights to generate the ﬁnal
output.
Consider there are two RBMs, such as RBM1 and
RBM2, and the input to RBM1 is the feature vector M
extracted from the speech signal. The input and hidden
neurons in the input layer of RBM1 are expressed as,
F 1 ¼ fF11 ; F21 ; F31 ; . . .; Fg1 ; . . .; Fk1 g ;

1gk

A1 ¼ fA11 ; A12 ; . . .; A1a ; . . .; A1b g; 1  a  b

ð18Þ
ð19Þ

where, Fg1 is the gth input neuron that is present in the
RBM1 and the total input neurons of RBM1 are equal to
feature vector dimension. There are k neurons in the input
layer of RBM1 to carry out the task of classiﬁcation. Let the
total hidden neurons in the RBM1 be, b and let ath hidden
neuron in RBM2 be A1a . The biases of visible and hidden
neurons, respectively of RBM1 are given as,
fG11 ; G12 ; ; . . .; G1g ; . . .; G1k g

G ¼

ð20Þ

Q1 ¼ fQ11 ; Q12 ; . . .; Q1a ; . . .; Q1b g

ð21Þ

1

where, b indicates the total input neurons in MLP layer.
The hidden neurons of MLP are expressed as,
On ¼ fOn1 ; On2 ; . . .; Ont ; . . .; Onz g ;

1yz

ð26Þ

where, z is the total hidden neurons of the MLP. The bias of
the hidden neurons is given as,
I n ¼ fI1n ; I2n ; . . .; Iqn ; . . .; Itn g; 1  q  t

ð27Þ

where, t is the output neurons in MLP layer. The weights
among input and hidden layers are expressed as,
mmlp ¼ fmmlp
oy g; 1  o  b; 1  y  z

ð28Þ

where, mmlp
oy is the weight vector between oth input neuron
and the yth hidden neuron. The output of hidden layer in
MLP relies on bias and weights and is given as,
"
#
b
X
mlp
moy  fa mny 8fa ¼ A2a
ð29Þ
X¼
a¼1

mny

where,
is the bias of output layer. The weight vector
among the hidden and output layers is represented as mA
and is expressed as,
mA ¼ fmAyf g; 1  y  z; 1  f  t

ð30Þ

Hence, the output of MLP is expressed as,
The biases of hidden and input layer of RBM1 are equal
to that of the total neurons in both the layers and the
weights of RBM1 are given as,
n o
m1 ¼ m1go ; 1  m  g; 1  o  b
ð22Þ
where, m1go is the weights of RBM1 and it is the weight
linking the gth input neuron and ath hidden neuron of
RBM1. The weight dimension is represented as ðk  bÞ.
Hence, the output of RBM1 is given as,

If ¼

z
X

mAyq  X

ð31Þ

y¼1

where, mAyq is the weights among the hidden and output neurons in MLP, and X indicates the output of the hidden layer.
i) Training of RBM layers: The training of RBM1 and
RBM2 is performed based on the unsupervised learning
algorithm.
ii) Training of MLP layer: The MLP layer is trained using
the proposed MMO algorithm, which is listed under the
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b)
c)
d)
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supervised learning and hence, the best solution is
declared based on the maximal ﬁtness measure. The
steps in the training phase of MLP layer are discussed
as follows:
Generate the weight vectors mA and mmlp in random
manner as given in Eqs. (30) and (28), respectively.
Read the input vector A2a that is produced from output
layer of RBM2.
Estimate the values of X and If with the Eqs. (29) and
(31), respectively.
Estimate the error of MLP layer using the target and
estimated output as expressed below,

Sådhanå (2020)45:166
r1avg ¼

# 
2
1X
If  x
# Z¼1

ð32Þ

where, If indicates the attained output, x represents the
expected output, and # indicates the total training
samples.
e) The weights of MLP layer are updated based on the
weight obtained with the proposed MMO algorithm
using Eq. (17). The proposed MMO algorithm
derives the optimal weights for the detection of
deception.

Figure 3. Sample experimental results for deception detection with the speech signal (a) signal 1 on pronouncing the word ‘Abhishek’,
(b) extracted MFCC coefﬁcient from signal 1, (c) signal 2 on pronouncing the word ‘Amit’, (d) extracted MFCC coefﬁcient from signal
2.
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Figure 4. Performance analysis with variation in batch size: (a) accuracy, (b) sensitivity, (c) speciﬁcity.

f) Calculate the average error function r1avg with the
weight vector, which is updated using the proposed
MMO algorithm.
g) Repeat steps b to f, until producing the best weight vector.

in terms of accuracy, sensitivity and speciﬁcity are
discussed.

The classiﬁed output is the output from DBN that provides the accurate deception detection output using the
speech signal of individuals under suspicion.

4.1 Experimental setup
The classiﬁer is implemented in MATLAB with the PC
installed with Intel(R) i3 processor and Windows 10 OS
using 4 GB RAM and 64-bit operating system.

4. Results and discussion
The results of MMO-DBN classiﬁer are analyzed in this
section. The results of the MMO-DBN classiﬁer when
compared to the existing methods of deception detection

4.2 Experimental results
This section details the experimental results of deception
detection with the speech signal obtained from number of
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Figure 5. Comparative analysis based on kfold (a) accuracy, (b) sensitivity, and (c) speciﬁcity.

persons. The sample results are depicted in ﬁgure 3.
Figure 3a depicts the signal corresponding to the word
abhishek, ﬁgure 3b shows the extracted MFCC coefﬁcient
from the signal on pronouncement of the word abhishek,
ﬁgure 3c shows the signal corresponding to the word
amit, and ﬁgure 3d shows the extracted MFCC coefﬁcient from the signal on pronouncement of the word
amit.

4.3 Evaluation metrics
The performance of MMO-DBN algorithm is estimated in
terms of the evaluation metrics, namely accuracy, sensitivity and speciﬁcity.

4.3.a Accuracy: The result that conﬁrms the level of
exactness is known as accuracy and is expressed as
Accuracy
¼

True positive þ True negative
True positive þ True negative þ false positive þ false negative

ð33Þ
4.3.b Sensitivity: The sensitivity is termed as the count of
positives that are identiﬁed correctly.
TPR ¼

True positive
True positive þ False negative

ð34Þ

4.3.c Speciﬁcity: The speciﬁcity is termed as the count of
negatives that are identiﬁed correctly.

Sådhanå (2020)45:166
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Figure 6. Comparative analysis with variation in training percentage: (a) accuracy, (b) sensitivity, (c) speciﬁcity.

TNR ¼

True negative
True negative þ False positive

ð35Þ

4.4 Performance analysis of MMO-DBN method
in deception detection
The performance analysis of proposed MMO-DBN
method in deception detection based on the performance
metrics is shown in ﬁgure 4. Figure 4a depicts the performance analysis with respect to accuracy. The batch
sizes referred to the analysis include 100, 200, 300, and
400. With 90% of training, the accuracy of MMO-DBN
method based on the batch sizes 100, 200, 300, and 400 is
0.8813, 0.88, 0.876, and 0.8747, respectively. Similarly,
ﬁgure 4b shows the performance analysis with respect to
sensitivity. With 90% of training, the sensitivity of MMODBN method based on the batch sizes 100, 200, 300, and

400 is 0.8127, 0.8048, 0.7968, and 0.7968, respectively.
Figure 4 c shows the performance analysis with respect to
speciﬁcity. With 80% of training, the speciﬁcity of MMODBN method based on the batch sizes 100, 200, 300, and
400 is 0.8048, 0.7968, 0.7889, and 0.781, respectively.
Thus, the sensitivity, accuracy, and speciﬁcity of MMODBN method increase with increased percentage of
training.

4.5 Comparative methods of deception detection
systems
In this section, various existing conventional methods, such
as artiﬁcial neural network (ANN) [1], relevance vector
machine (RVM) [30], support vector machine (SVM) [1],
are compared to the proposed MMO-DBN classiﬁer in
terms of the evaluation metrics, namely sensitivity, accuracy, and speciﬁcity.
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Table 1. Comparative discussion involving the techniques of deception detection.
Methods
Variation in values
k-fold

Training percentage

Metrics

ANN

SVN

RVM

Proposed MMO-DBN

Accuracy
Sensitivity
Speciﬁcity
Accuracy
Sensitivity
Speciﬁcity

0.968
0.9787
0.9085
0.9787
0.9737
0.9127

0.968
0.9808
0.9048
0.968
0.974
0.8571

0.8351
0.9781
0.5907
0.8307
0.9741
0.5823

0.984
0.9836
0.9375
0.9827
0.9793
0.9365

The bold values represent the best performance

4.6 Comparative analysis of the methods
of deception detection systems
The comparative analysis of each method is detailed and
the analysis of the method is performed with the variation
in k-fold value and the training percentages.
4.6.a Comparative analysis based on k-fold value: The
analysis with the variation in kfold value for comparing the
effectiveness of the MMO-DBN over the existing methods
is depicted in ﬁgure 5. In ﬁgure 5a the accuracy of methods
on the basis of change in kfold is shown. When the k-fold is
10, the accuracy obtained by the ANN is 0.968, SVM is
0.968, RVM is 0.8351, and the proposed MMO-DBN is
0.984. Figure 5b shows sensitivity of the comparative
techniques based on the variation in kfold. When the k-fold
is 10, the sensitivity produced by the ANN is 0.9787, SVM
is 0.9808, RVM is 0.9781, and the proposed MMO-DBN is
0.9836. Figure 5c shows speciﬁcity of techniques with the
variation in kfold. When the k-fold is 10, the speciﬁcity
produced by the ANN is 0.9085, SVM is 0.9048, RVM is
0.5907, and the proposed MMO-DBN is 0.9375.
4.6.b Comparative analysis based on training percentage: The analysis on the basis of training percentage to
compare the effectiveness of the proposed method over the
existing methods is shown in ﬁgure 6. In ﬁgure 6a, the
accuracy of the comparative models with variation in percentage of training is shown. With 90% of training, the
accuracy of ANN is 0.9787, SVM is 0.968, RVM is 0.8307,
and the proposed MMO-DBN is 0.9827. Figure 6b shows
the sensitivity of methods with varying percentage of
training. With 90% of training, the sensitivity of ANN is
0.9737, SVM is 0.974, RVM is 0.9741, and the proposed
MMO-DBN is 0.9793. Figure 6c shows speciﬁcity of the
comparative methods with the variation in training percentage. With 50% of training, the speciﬁcity of ANN,
SVM, RVM, and the proposed MMO-DBN is 0.5, 0.8333,
0.5012, and 0.9127, respectively.

4.7 Comparative discussion
Table 1 depicts the comparison of MMO-DBN over the
existing models, such as ANN, SVM, and RVM to show the

better performance of MMO-DBN method. When the
existing ANN, SVM, and RVM have the accuracy of 0.968,
0.968, and 0.8351, respectively, the MMO-DBN obtained
an accuracy of 0.984 with respect to the k-fold. Similarly,
the sensitivity of MMO-DBN method and the existing
ANN, SVM, and RVM with respect to the k-fold is 0.9808,
0.9781, 0.9836, and 0.9787, respectively. In the same way,
the speciﬁcity of the methods, namely ANN, SVM, RVM,
and the proposed MMO-DBN with respect to the k-fold is
0.9085, 0.9048, 0.5907, and 0.9375, respectively. When the
existing ANN, SVM, and RVM have the accuracy of
0.9787, 0.968, and 0.8307, respectively, the accuracy of the
MMO-DBN method is 0.9827 in terms of training percentage. Similarly, the sensitivity of MMO-DBN method,
and the existing ANN, SVM, and RVM in terms of the
training percentage is 0.9793, 0.9737, 0.974, and 0.9741,
respectively. In the same way, the speciﬁcity of the methods, namely ANN, SVM, RVM, and the proposed MMODBN in terms of training percentage is 0.9127, 0.8571,
0.5823, and 0.9365, respectively. Hence, the proposed
MMO-DBN method offers increased accuracy, sensitivity,
and speciﬁcity as compared to other methods.

5. Conclusion
Deception detection is an extremely tedious task, which
cannot be performed with high reliability and accuracy
manually. Thus, this paper proposes an automatic deception
detector technique called Moth Monarch optimizationbased Deep Belief Neural Network (MMO-DBN) for the
detection of deception with increased accuracy. The proposed MMO-DBN method comprises two phases, namely
feature extraction and classiﬁcation. The noise signals
present in the input signal are removed with the pre-processing step, and the enhanced signal is fed to feature
extraction to extract the necessary features. Then, these
features are fed to classiﬁcation process using Deep Belief
Neural Network (DBN) that is trained using the proposed
Moth Monarch optimization (MMO) algorithm, which is
the integration of Monarch Butterﬂy Optimization (MBO)
and Moth Search (MS) algorithm. The analysis of the

Sådhanå (2020)45:166
proposed MMO-DBN is performed with the evaluation
metrics, such as sensitivity, accuracy, and speciﬁcity. The
MMO-DBN method obtained an increased accuracy of
0.984, sensitivity of 0.9836, and speciﬁcity of 0.9375,
which is high as compared to the existing techniques. In
future, this method will be enhanced to deal with other
problems related to the classiﬁcation of gender and regional
languages.
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