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ABSTRACT Interpreting a speech signal is quite challenging because it consists of different frequencies and
features that vary according to emotions. Although different algorithms are being developed in the speech
emotion recognition (SER) domain, the success rates vary according to the spoken languages, emotions,
and databases. In this study, a new lightweight effective SER method has been developed that has low
computational complexity. This method, called 1BTPDN, is applied on RAVDESS, EMO-DB, SAVEE, and
EMOVO databases. First, low-pass filter coefficients are obtained by applying a one-dimensional discrete
wavelet transform on the raw audio data. The features are extracted by applying textural analysis methods,
a one-dimensional local binary pattern, and a one-dimensional local ternary pattern to each filter. Using
neighborhood component analysis, the most dominant 1024 features are selected from 7680 features while
the other features are discarded. These 1024 features are selected as the input of the classifier which is a third-
degree polynomial kernel-based support vector machine. The success rates of the 1BTPDN reached 95.16%,
89.16%, 76.67%, and 74.31% in the RAVDESS, EMO-DB, SAVEE, and EMOVO databases, respectively.
The recognition rates are higher compared to many textural, acoustic, and deep learning state-of-the-art SER
methods.

INDEX TERMS Discrete wavelet transform, local binary pattern, local ternary pattern, neighborhood
component analysis, speech emotion recognition.

I. INTRODUCTION
Speech processing methods are used in the domain of human-
computer interaction (HCI) such as security applications,
computer education applications, vehicle card systems, auto-
matic translation systems, call center applications, psychosis
monitoring and diagnosis of neuropsychological disorders,
voice message sorting, telecommunication, assistive tech-
nologies, and audio mining [1]. It is also used in digital foren-
sics, games, robots, and the legal evaluation of an individual’s
psychological integrity [2]. Although speech processing has
been researched in different research areas, it is mainly stud-
ied in digital signal processing [1], [3].

The human voice has biometric features; thus, there is
a big difference among utterances of the same sentence
by different speakers. The voice may have information on
human’s thoughts, emotions, age, gender, physiology, and
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health, while also containing sounds from the recording
environment. There are also differences between the speech
signals of the same speaker recorded at different times [1].
Therefore, one of the challenging research areas in speech
processing is the detection and understanding of emotion,
called speech emotion recognition (SER) [1]. Emotion is a
cognitive mechanism of the human brain, that contains a
whole set of opinions, feelings, and behavior of the speaker
[4], [5].

SER algorithms have advanced with novelties in feature
extraction, selection, and classification stages. In these stages,
discriminative and robust features that correctly contain infor-
mation about the speaker’s emotional state are one of the
major challenges in the SER domain [6]. The other main dif-
ficulties to be addressed are listed as follows: the differences
in the generation of the databases; the number of emotions
in the databases; the variability of speech features with the
speaker’s language; the length of speech; noise in the speech
signal; variability of features with age and/or gender, and the
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shape of the vocal tract. The main aim in this field is the
development of a system overcoming these difficulties.

To contribute to the literature in this area, in this research,
a novel SER method called 1BTPDN is proposed, after an
extensive literature review in the feature extraction portion of
the SER domain. In the 1BTPDNmethod, a one-dimensional
local binary pattern (1D-LBP) and one-dimensional local
ternary pattern (1D-LTP) are applied to the raw speech data.
After that, a one-dimensional discrete wavelet transform (1D-
DWT) is applied. Then, the most discriminative features are
selected by using Neighborhood Component Analysis (NCA)
weights. Finally, the third-degree polynomial kernel (cubic)
based SVM classifier is used. The essential contributions of
the proposed 1BTPDN method are listed below:

1. This work particularly enhanced the feature extraction
stage of the SER process. We obtained local and textural
(histogram-based) features using 1D-LBP and 1D-LTP. The
aim is to achieve global optimum features from local features.
This framework has encouraging accuracy results which are
comparable to many deep learning and traditional machine
learning SER methods.

2. This novel framework applied to raw audio data, elim-
inating the workload of preprocessing such as windowing
and framing. Noises in the speech signals are removed by
applying 1D-DWT. Feature extraction and noise reduction are
performed together by using 1D-DWT with nine levels. 1D-
DWT forms a sequential structure.

3. The proposed 1BTPDN method is a new lightweight
handcrafted SER method because the 1D-LBP and 1D-LTP
have low computational complexity. The presented method
consists of three main stages. These stages are feature extrac-
tion, feature selection, and classification. Also, it is a feed-
forward method. Therefore, there is no need to set a large
number of parameters like deep learning. In the feature
extraction, binary pattern, ternary pattern, and DWT are used
together. By using these methods, a multileveled feature
generation method is presented. The time complexity of this
method is calculated as O(nlogn). In feature selection, NCA
is used. It is a distance-based feature selector. O(nd) (d is the
dimension) is NCA complexity. In the classification stage,
SVM is utilized as a classifier. The complexity of the SVM is
O(n^3).

4. The best results were reached by using SVM Cubic.
In order to see the effect of the features, the traditional
machine learning algorithm is used instead of deep learn-
ing. This indicates that classical classifiers can be very suc-
cessful when robust and distinctive features are selected.
1BTPDNwas tested over four different benchmark databases
such as RAVDESS, EMO-DB, SAVEE, and EMOVO. The
accuracy results for RAVDESS-Song, EMO-DB, SAVEE,
and EMOVO databases are 95.16%, 89.16%, 76.67%, and
74.31%, respectively.

The rest of the study is divided into nine sections as fol-
lows: a literature review of SER feature engineering methods,
the feature selection techniques, and the classification mod-
els are explained in Section II, Section III, and Section IV,

respectively. The background of our proposed method (LBP,
LTP, and DWT) is described in Section V. The framework and
algorithms are defined in Section VI. The experimental setup,
results, and discussion of the novel SER method are shared
in Section VII, Section VIII, and Section IX, respectively.
The paper is completed with a Conclusion and Future Work
directions in Section X.

II. ACOUSTIC FEATURES IN SER LITERATURE
In SER methods, feature extraction is the stage of emphasiz-
ing the most accurate, dominant, and distinctive features that
imitate the characteristics of the speech signal [6]. The feature
optimization stage is executed by reducing and selecting the
extracted features with minimal information loss [6].

The features of the speech signal are categorized such
as local (segmental or short-term) speech features that
are obtained from the speech frames and global (supra-
segmental or long-term) speech features which are computed
from the statistics of complete utterance [7]. These features
and related studies are listed as follows:
• Time-Based Features

They are zero-crossing rate (ZCR) [8] and amplitude-based
features, such as amplitude descriptor, log attack time, attach,
delay, sustain, release envelop, short-time energy (STE) [9],
shimmer [10], rhythm-based features [8], [11], volume, and
temporal centroid [3].
• Frequency-Based Features

A speech is an acoustic analog signal that constantly varies on
time. In Fourier analysis, the time and period of the frequency
components are created [12], [13]. Autoregressive model
analysis or Fourier Transform (FT) function transforms the
time-domain speech signal into a frequency-domain speech
signal [3].The frequency domain features are linear predictive
coding (LPC) coefficients [11], [14] linear spectral frequency,
peak frequency, short time FT –STFT-based, chroma related,
envelopemodulation spectrum-based, and tonality-based fea-
tures [3].

Tonality-based features are fundamental frequency [11],
pitch histogram, harmonicity, jitter [10], and harmonic-to-
noise ratio (HNR) [3]. Spectrum-shape-based features are
entropy, bandwidth, the crest factor, centroid, skewness, and
kurtosis of the spectrum [3], [11]. Spectral features are time
dependent features, i.e., the energy of each frequency com-
ponent changes depending on time [15].
• Cepstrum Based Features

A cepstrum is the inverse FT of the spectrum logarithm, so the
cepstrum of the cepstral features are cepstral-based spectral
features [3]. Power cepstrum is more convenient than the
amplitude, power, and phase cepstrum types for speech pro-
cessing [3]. These features obtained with different algorithms
are called cepstrum coefficients and abbreviated as CC. They
are Mel-frequency CC (MFCC) [16], [17] gammatone CC
(GTCC) [18], linear prediction CC (LPCC), perceptual linear
prediction (PLP) CC, relative-spectral PLP features, Green-
wood function CC (GFCC), log-frequency power cepstrum
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(LFPC), and linear frequency CC (LFCC) [16], [18]. The
cepstral coefficients are achieved by calculating the logarithm
of energy [16], [18].
• Wavelet Transform Based Features

Wavelet Transform (WT) sub-divides the time-domain entire
speech signal into signals with both high frequencies and low
frequencies, in the time-frequency domain [3]. The WT is a
spectral analysis technique that produces coefficients (detail
and approach) to extract the frequency features of the local
domain and time domain [19].
• Deep Features

Deep learning is a powerful technique for obtaining high-
level features called high-level descriptors (HLDs) from low-
level information [3]. Local features are spectral low-level
descriptors (LLDs) (Mel Filter Bank, MFCCs), energy and
voice LLDs (loudness, F0, jitter, shimmer); global features
involve functions extracted from the LLDs, such as maxi-
mum, minimum, mean, standard deviation, duration, regres-
sion coefficients [20]. The deep learning methods are deep
neural networks (DNN), deep stacked auto-encoder (SAE),
convolutional neural network (CNN) [21], [22], long-short
term memory network (LSTM) [21], recurrent neural net-
work (RNN) and other similar methods [23].
• Texture Based Features

Methods that extract textural features are co-occurrence
matrices, Gabor filters (GF), histogram of gradients
(HOG), scale invariant feature transform, local binary
pattern (LBP), and ternary pattern (LTP) [3]. These
methods measure the statistical information of visual
signs.

As a result of the literature review, the most used acous-
tic properties in SER are prosodic features, spectral fea-
tures, vocal qualities, and nonlinear Teager energy operator
(TEO), over the past decade. Prosodic or supra-segmental
features are statistical measurements related to pitch, energy,
duration, timing, and articulation [15]. They reflect the
intensity and intonation of the sound in different emotions.
They are paralinguistic features that are extracted from large
units of speech such as syllables, words, phrases, and sen-
tences. They are also known, therefore, as long-term fea-
tures [6]. Spectral features are divided into spectral and
cepstral features; MFCC, LPCC, LFPC, GFCC, and for-
mants are used for the SER. The characteristics of the vocal
tract are well symbolized in the frequency domain. Spectral
features that well simulate the vocal tract [7], [15]. The
quality of the voice depends on the physical structure of
the vocal tract and the glottal waveforms [8]. It includes
HNR, jitter, shimmer, normalized amplitude quotient, quasi
open quotient, parabolic spectral parameter, and maxima
dispersion quotient [7], [15]. Teager energy operator (TEO)
detects the energy of speech for stressed emotions such
as anger and sadness [24]. Stressful conditions cause non-
linear airflow during speech production. TEO based fea-
tures are the energy variation of the gap between lips and
glottis [24], [25].

III. FEATURE SELECTION IN THE SER LITERATURE
Feature optimization is performed to obtain the most descrip-
tive and distinctive features on the feature set after the feature
extraction stage. Normalization, dimension reduction, or fea-
ture selection are used to increase the speed and accuracy of
the classifier, as well as to reduce its workload and run time
[26], [27]. Normalization is used to eliminate unit differences
between the feature values [28]. Sequential forward selection,
principal components analysis (PCA), and fast correlation-
based filter are outstanding feature selection methods in the
SER [27]–[29].

Linear dimensionality reduction is a linear projection of
high-dimension to low-dimension [30]. Locality preserving
projection, locality sensitive discriminant analysis, neighbor-
hood preserving embedding, principal components analysis
(PCA), linear discriminant analysis (LDA), factor analysis,
independent components analysis, relevant components anal-
ysis, and neighborhood components analysis (NCA) are lin-
ear dimension reduction approaches [27]–[29].

PCA is an unsupervised statistical feature selectionmethod
using orthogonal transformation. This approach optimizes
variance loss and protects the global structure [27], [28]. LDA
is a supervised feature selection method that aims to find vec-
tors in the space where classes are best decomposed; it fails
to discover the local geometric structure, but it is successful
for global geometric structures [27]–[29]. Fisher selection is
a statistical method that uses the standard deviation values for
each feature [28], [29]. NCA is a supervised algorithm used
for classification, dimension reduction, and mainly, distance
metric learning. Using the nearest neighbor technique, NCA
tries to find a space in which the neighborhoods of points on
the same label are tighter than the points on different labels.
NCA’s components are not orthogonal, and NCA optimizes
system accuracy [31].

IV. CLASSIFICATION IN THE SER LITERATURE
Selecting the correct feature from emotional speech data
and the appropriate classifier improves the SER performance
[15]. The machine learning (ML) algorithm have input data
categorized that defines their classes to predict the class of
new input data. ML involves two processes, training and
testing. The conventional classifiers are naive Bayes [6],
decision trees (DT) [6], artificial neural networks (ANN)
[8], hidden Markov model (HMM) [16], Gaussian mix-
ture model (GMM) [24], extreme Learning machine (ELM)
[25], k-nearest neighbor (KNN) [25], incomplete sparse
least square regression [32], and support vector machines
(SVM) [33]. K-means algorithm is an unsupervised cluster-
ing method; other classifiers may be used with in ensemble
methods [34]. The sample size of emotional speech should
be high in GMM and HMM algorithms in the training pro-
cess [19]. GMM is an effective algorithm for global features
extracted from training data. The ANN algorithm is limited
in increasing robustness and accuracy but it is useful for
nonlinear features (Kernel function) [19]. In smaller sam-
ples of training data, ANN gives better results than GMM
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FIGURE 1. Different circular neighborhood sets of LBP function on
images.

FIGURE 2. Comparing the center pixel to neighbor pixels and generating
the LBP binary value.

and HMM [8], [32]. SVM is a statistical and supervised
ML algorithm; it decomposes linear and nonlinear features
of the input data; the features are transformed to a high
dimensional vector space by a kernel function [33]. KNN is
a distance-based, supervised ML algorithm [32]. When these
algorithms are examined, SVM performs the best, followed
by GMM, HMM, KNN, and ELM with decreasing success
rates [32]. Multi-layer perceptron is also a supervised neural
network learning model used in the SER [35]. Deep-learning
classifiers widely used in the SER domain as classification
techniques are RNN [23], CNN [21], [22], DNN [36], LSTM
network [8], auto encoders, multitask learning, transfer learn-
ing, and attention mechanism [6], [15].

V. BACKGROUND
The accuracy of the SER studies depends on the extracted
features, feature set size, the classifier used, and the speech
databases. It has been decided to take advantage of the textu-
ral features that are not used much in the SER applications.
The textural features have been obtained from raw audio data
by applying LBP and LTP functions. LBP [37] is used in
audio scene classification, depression analysis, and emotion
detection [3]. LBP and LTP are used in two dimensional
(2D) images for texture segmentation and feature detection
in image processing. They have discriminative power. They
also have computational and programming simplicity, which
make them utilizable for realtime applications [38].

A. ONE DIMENSIONAL LOCAL BINARY PATTERN
The basic LBP function takes into account the eight neighbor-
hoods of a pixel, whereas the description includes all circular
neighborhoods [38]. The notation (P, R) in Fig.1, represents
the pixel neighborhoods P, sampling points on a circle of
radius R [38], [39].

FIGURE 3. The generation of a binary-base number by comparing the
central value with the neighboring values and calculation of decimal base
number by 1D-LBP function.

P-bit binary number shown in Fig. 2, is generated by
comparing the number of the central pixel with the numbers
of its neighbor pixels, in a 2D image with 3 × 3 dimensions
and this binary number is computed by (1) [37]–[39].

LBPP,R =
∑P−1

i=0
S(gi − gc(R))x2i (1)

where gc is the central pixel number, gi is the number of its
ith neighbor; P is the number of circular neighbors; R is the
radius which is the distance (Euclidean, Hamming); and S(x)
is a conditional function, presented in (2) [38].

S(x) =

{
1 x ≥ 0
0 x < 0

(2)

The LBP method was developed by making a one-
dimensional LBP (1D-LBP) for feature extraction from
raw audio signals. LBP-based speech processing is func-
tional for signal segmentation and voice activity detec-
tion. 1D-LBP function has low computational complexity as
shown in Fig. 3. [38], [40].

The steps of 1D-LBP function are listed as follows: load-
ing signal, dividing signal into nine overlapping blocks, and
setting the 5th block of the nine blocks as the central number
of this nine blocks; extracting the binary features of the block
using (3); then converting the bits to a decimal number using
(4) [38]–[41].

bi =

{
1, pi−pc ≥ 0
0, pi−pc < 0,

i ∈ N ,N = {0, 1, 2, . . . 7}, 5 /∈ N

(3)

where bi is ith bit number, pi is the ith signal value of the
nonoverlapping block, pc is the center, and N is the index
number as shown in Fig. 3. [38]–[41].

LBP value =
∑7

i=0
bix27−i (4)

where the value is the decimal value of the LBP function
which describes the 1D-LBP function that returns 256 fea-
tures [38]–[41].
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FIGURE 4. The basic steps of 1D-LTP function. Generating ternary codes
from the sub-signal then generating upper and lower codes. Finally
calculating decimal values.

B. ONE DIMENSIONAL LOCAL TERNARY PATTERN
LTP is a statistical approach for textural analysis in image
processing [42]. It encodes the density differences between
central and neighboring pixels as -1, 0, and 1 [43]. One
dimensional LTP (1D-LTP) has been improved from LTP for
speech signal frames; it compares each value with its neigh-
bors according to a threshold value. To compute the ternary
pattern, a three-valued function S is given by (5) [42]–[44].

S
(
qi, qc, t

)
=


+1, qc − t > qi
0, qc − t ≤ qi and qc + t ≥ qi
−1 qc + t < qi

(5)

where S
(
qi, qc, t

)
is ith value of the signal frame qi is the

ith block value of the nine blocks, qc is the center –the 5th
block, and t is the threshold value [42], [43]. The magnitude
differences between (qc±t) and qi are calculated. S

(
qi, qc, t

)
is divided into upper features in the nine Supp blocks and
lower features in the nine Slow blocks by (6) and (7) [42]–[44].
In Fig. 4, the threshold t is 8, but threshold changes depending
on the purpose of the application [43].

In Supp, +1 values take the value one, while all the other
values (−1, 0) take the value zero. Similarly, in Slow, −1 val-
ues take the value one, while all other values (+1, 0) take the
value zero.

Supp
(
qi, qc, t

)
=

{
1, S

(
qi, qc, t

)
= +1

0, otherwise
(6)

Slow
(
qi, qc, t

)
=

{
1, S

(
qi, qc, t

)
= −1

0, otherwise
(7)

1D-LTP extracts 512 features from a signal, 256 features
from the upper blocks and 256 features from the lower blocks.
These features are computed and encoded through their dec-
imal values T upp and T low by (8) and (9) [42]–[44].

T upp =
∑7

i=0
Supp

(
qi, qc, t

)
x27−i (8)

T low =
∑7

i=0
Slow

(
qi, qc, t

)
x27−i (9)

FIGURE 5. Multi levels of a signal applied DWT. The process of
multiresolution of the f (x) signal.

C. ONE DIMENSIONAL DISCRETE WAVELET TRANSFORM
In wavelet analysis, the signal is generated from only one
function called the main or the parent wavelet, when it
decomposes, wavelet coefficients are formed [45]. The main
property of the wavelets is time–frequency localization,
i.e., the WT has a changing window size, it produces wide
time windows at low frequencies and narrow time windows at
high frequencies [46]. WT runs on multiscale, but the classic
FT runs on only one scale, such as time scale or frequency
scale [45].

Discrete wavelet transform (DWT) is a spectral analy-
sis technique used for analyzing non-stationary signals, and
provides time-frequency representation of the signals. DWT
decomposes a signal into a set of sub-bands through consec-
utive high-pass and low-pass filtering of the time domain sig-
nal. The down sampled signals through first filters are called
first level approximation, A1 and detail coefficients, D1 as
shown in Fig. 5. Then, approximation and detail coefficients
of next level are obtained by using the approximation coef-
ficient of the previous level. The number of decomposition
levels is determined depending on the dominant frequency
components of the signals [45], [46].

The DWT uses two functions; the wavelet function, set
on the high-pass filter and the scaling function, set on the
low-pass filter [46]. DWT uses parameters such as coiflet,
symmlet, haar, and daubechies according to the input signal.

VI. METHODOLOGY
We propose a novel SER method called speech emotion
recognition model based on multi-level local binary pat-
tern and local ternary pattern, which has been abbreviated
as 1BTPDN. The methodology of the 1BTPDN can be
explained step by step as follows.

1) First, audio data have been properly labeled in four
different databases, then labeled raw audio data are uploaded
to Matlab.

2) 768 features are obtained by applying the 1D-LBP func-
tion and applying the 1D-LTP function to the raw audio data.
In the implementation of the 1D-LTP, the threshold value is
taken as half of the standard deviation of the signal.

The 1D-LBP function of the 1BTPDN method is shown in
Algorithm 1. The 1D-LTP function of the 1BTPDN method
is shown in Algorithm 2.

3) 1D-DWT (symlets 4 filter) with nine levels is applied to
the raw data and low-pass filter coefficients, such as L1, L2,
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Algorithm 1 1D-LBP Function
Input: Raw audio signal x.
Output: 1D-LBP 256-feature set.

1: function 1D-LBP (x, 5)
2: Assign the h as the histogram of the sub-signals.
3: for i = 1 to length (x) – 8 do
4: block = x (i : i+ 8)
5: k = 0; u (i) = 0; l (i) = 0
6: for j = 1 to 9 do
7: if j 6= 5
8: if block ( j ) – block (5) > 0
9: l (i) = l (i) + 2 ^k
10: end if
11: k = k+ 1
12: end if
13: end for j
14: h (l (i) + 1) = h (l (i) + 1) + 1
15: end fori

L3. . . ... . .L9 are obtained. The main purpose of it to generate
low, high and moderate level features.

4) 768 features are extracted from each filter using 1D-LBP
and 1D-LTP. The 768 features are extracted from a total of
ten levels with nine levels of wavelets and one main function.
These features are concatenated to generate a 7680-feature
set.

5) Min–max normalization [44], [47] is applied before
feature reduction and selection.

6) Weights of the 7680 features are calculated using NCA.
The feature with the highest weight is the most discriminative
feature and the feature with the lowest weight is a redundant
feature. The most discriminative 1024 features are selected
by using the NCA weights. Other features are eliminated.
NCA is a distance-based and weight-based feature selection
method which guarantees good results. It calculates features
using distance parameters like KNN [31], [48]. NCA gen-
erates nonnegative weights for all features [44], it uses a
gradient-based optimizer for the best weights. NCA is a
nonconvex optimization, such as a k-means algorithm, so it
is difficult to train [31]. It can’t select features automatically.
That is, different solutions are obtained each time the NCA
runs, and it is recommended to run it more than once to get
the best solution [31], [44].

7) The selected 1024 most discriminative features are uti-
lized as the input of the classifier. The most successful results
are obtained in 1024 features.

The feature extraction-selection algorithm of the 1BTPDN
is shown in Algorithm 3.

8) The third-degree polynomial kernel-(cubic) based SVM
is used as the classifier. The coding is one-to-all and the
kernel scale mode is automatically set. The SVM classifier
that has variable kernel functions, is one of the widely used
optimization-based classifiers. The kernel functions increase

Algorithm 2 1D-LTP Function
Input: Raw audio signal x.
Output: 1D-LTP 512-feature set.

1: function 1D-LTP (x, 5)
2: Assign threshold as half of the standard deviation of the
signal.
3: Assign the h1 and h2 as the histograms of the sub-signals.
4: for i = 1 to length (x)− 8 do
5: block = x (i : i+ 8);
6: k = 0; u (i) = 0; l (i) = 0;
7: for j = 1 to 9 do
8: if j 6= 5
9: if block (j) – block (5) < −threshold
10: l (i) = l (i) + 2 ^k;
11: else if block (j) – block (5) > threshold
12: u (i) = u (i) + 2 ^k;
13: end
14: k = k+1;
15: end if
16: end forj
17: h1 (l (i) + 1) = h1 (l (i) + 1) + 1;
18: h2 (u (i) + 1) = h2 (u (i) + 1) + 1;
19: end fori
20: Obtain 512 features with h1 and h2.

Algorithm 3 Feature Extraction
Input: Speech audio (sp)
Output: The selected features (sf) with size

1: for i = 1 to 10 do
2: features ((i− 1) ∗ 768+ 1 : i ∗ 768) = [1D −

LBP (sp) 1D− LTP(sp)]
3: [L,H ] = 1D− DWT (sp, sym4)
4: sp = L;
5: end fori
6: Apply Min-Max normalization.
7: Apply NCA to features.
8: Select 1024 most discriminative features as sf.

the sample space to a higher dimension so that data can be
separated linearly and also the kernels reduce the computa-
tional complexity by increasing the dimension [6], [33], [49].
The nonlinear classifier, SVM calculates the boundary of the
decision precisely for speaker-independent and small-sized
sample applications [6].

All steps used in the 1BTPDN method are in Algorithm 4.
The framework of 1BTPDN is shown in Fig. 6.

VII. EXPERIMENTAL SETUP
The 1BTPDN method was tested on sentence based EMO-
DB, EMOVO, SAVEE, and song based RAVDESS datasets
to obtain comparable results.
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FIGURE 6. The framework that shows all steps of the 1BTPDN method.

A. EMOTIONAL SPEECH DATASETS
We selected widely used databases such as EMO-DB,
EMOVO, SAVEE, and RAVDESS-Song in which emotions,
chosen according to Ekman’s discrete theory. In Table 1,
the number of emotions, class numbers, and the emotion
numbers in each class are presented. SER results can be
easily compared in the literature using acted databases
[32]; thus, these type of databases are chosen for this
study.

In the EMO-DB Berlin emotional speech database, five
female and five male actors recorded ten sentences for each
of the seven emotions. 535 German speech audio data were
recorded in different emotional states. These audio files in
wav formats contain speech signals sampled at 16 KHz rate,
16-bit size, 256 kbps bit rate, and are approximately 2–
3 seconds long [6], [50].

EMOVO corpus is an Italian emotional speech database
that involves 14 Italian sentences voiced by three female and

threemale actors. It consists of 588 speech audio data in seven
different emotional states. These audio files in stereo wav
formats contain speech signals sampled at 48 KHz rate, 16-bit
size, and 1.536 kbps bit rate [2], [51].

The Surrey audio-visual expressed emotion database
(SAVEE) that involves 15 English sentences voiced by four
male actors. It consists of 480 speech data in seven different
emotional states. These audio files are in stereo wav formats
and contain speech signals sampled at 44.1 KHz rate, 16-bit
size, and 705 kbps bit rate [6], [7].

Ryerson Audio-Visual Database of Emotional Speech
and Song Database (RAVDESS) [52] consists of two
North American English sentences voiced by 24 (12 male,
12 female) actors, each sentence is voiced twice with normal
and strong intensities. These audio files, in wav formats, con-
tain signals sampled at 48 KHz rate, 16-bit size, and 768 kbps
bit rate. The song part of RAVDESS includes 1,012 data in
six different emotional states [52].
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Algorithm 4 The Main Algorithm of 1BTPDN
Input: Speech data (sp)
Output: The selected features (sf) with size

1: Upload sp to the Matlab software.
2: Apply 1D-LBP and 1D-LTP to the raw sp to obtain

768 features.
3: Apply 1D-DWT (symlets 4) with nine levels to sp and

obtain L1, L2, L3. . . . . . . . .L9.
4: Generate 7680-feature set by concatenating features

extracted from a total of ten levels.
5: Apply Min-Max Normalization.
6: Calculate the weights of the 7680 features using NCA.
7: Select the most discriminative 1024 features as sf.
8: Classify the sf features using SVM.

TABLE 1. Distribution of audio data by emotions in the datasets.

B. EVALUATION METHOD AND PARAMETERS
We used 10-fold-cross validation method for the evalua-
tion method since the data size of the datasets is different.
We applied 10-fold-cross validation to obtain robust features.
Matlab performs 10-fold-cross validation on all samples of
the datasets. The samples in the database are divided into two,
i.e., the training data and the testing data [53]. The test set
is used to evaluate the classifier recognition ability [1]. The
Matlab classification learner toolbox has automated cross-
validation capability. It divides the observations automati-
cally.

C. PERFORMANCE ANALYSIS PARAMETERS
We used statistical parameters to analyze the achievement of
the 1BTPDN method. We calculated the accuracy rate, recall
rate, precision rate, and F1-measure for evaluating the perfor-
mance of the 1BTPDN method. The accuracy rate specifies
the general recognition rate. Since the accuracy result alone
will not be sufficient, other parameters such as precision,
recall, F1 evaluation criteria are needed. The F1-measure is
defined as the harmonic mean of the precision rate and the
recall rate [42], [43].

FIGURE 7. The accuracy results of the 1BTPDN method.

TABLE 2. The EMO-DB confusion matrix of 1BTPDN.

VIII. RESULTS
The system recognition rates are presented in Fig. 7. When
the experimental results are examined, the success rates are
95.16% on RAVDESS, 89.16% on EMO-DB, 76.67% on
SAVEE, and 74.31% on EMOVO. The highest recognition
results in the databases with unbalanced distributions of
emotions are obtained in the RAVDESS and EMO-DB. The
lowest rate is obtained in the EMOVO database.

The results of the 1BTPDNmethod gives better results than
the other texture analysis and the acoustic analysis methods.
The feature extraction is carried out on raw audio data using
LBP and LTP algorithms. As a result of the experimental
studies, we observed the superiority of the LBP–LTP com-
bination, applied without any preprocessing of the data. The
reason for the highest recognition rate in RAVDESS-Song
that it has less classes and a greater number of data. Also,
songs reflect the emotions much better than speech sentences.

The confusion matrice of EMO-DB is shown in Table 2.
Boredom is only present in the EMO-DB dataset.

The confusion matrice of EMOVO is given in Table 3.
The confusion matrice of SAVEE is shown in Table 4.
RAVDESS-Song are given in Table 5. Calm is only present

in the RAVDESS-Song database.
Experimental results according to emotions are presented

in Tables 6, 7, 8, and 9 for EMODB, EMOVO, SAVEE, and
RAVDESS-Song, respectively.
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TABLE 3. The EMOVO confusion matrix of 1BTPDN.

TABLE 4. The SAVEE confusion matrix of 1BTPDN.

TABLE 5. The RAVDESS-Song confusion matrix of 1BTPDN.

According to the EMO-DB experiments, the highest accu-
racy results of 95.27% are obtained for anger. The lowest
recall rate, 78.87%, is achieved for happiness. Emotion-based
success rates of texture analysis methods in [48] are the
highest rate of 85.8% for anger and the lowest rate of 69.6%
for disgust. Emotion-based success rates of the 1BTPDN are
higher than success rates in [48].

According to the EMOVO experiments, the highest recall
results of 90.47%, 89.28%, and 84.52% were obtained for

TABLE 6. Experimental results of the 1BTPDN model for EMO-DB.

TABLE 7. Experimental results of the 1BTPDN model for EMOVO.

TABLE 8. Experimental results of the 1BTPDN model for SAVEE.

neutral, sadness, and anger, respectively. The low accuracy
results of 65.47% and 45.23% were achieved for surprise and
happiness.

According to the SAVEE experiments, the highest recall
results of 95.83%, 78.33%, and 78.33% are obtained for
neutral, sadness, anger respectively, while the low recall
results of 63.33% and 60% are achieved for disgust and fear.
Emotion-based success rates of texture analysis methods in
[48] are the highest rate of 85.8% for neutral and the lowest
rate of 48.3% for fear. Emotion-based success rates of the
1BTPDN are higher than success rates in [48].

According to the RAVDESS-Song experiments, the high-
est recall results of 100%, 97.82%, and 97.28% are obtained
for neutral, happiness, and calm, respectively, while the
lowest accuracy results of being 91.30% and 90.76% that
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TABLE 9. Experimental results of the 1BTPDN model for RAVDESS.

TABLE 10. The accuracy results of 1BTPDN method using DT, LDA, KNN
classifiers.

are achieved for sadness and fear. Since songs reflect emo-
tions better than speech, the success rate is much higher in
RAVDESS.

When the experimental results are examined, the
unweighted average recall results of the 1BTPDN are 95.56%
on RAVDESS, 88.46% on EMO-DB, 74.31% on EMOVO,
and 73.92% on SAVEE. The accuracy and recall results
are the same for EMOVO, because the number of data in
classes are equal in EMOVO. The recall rates in EMO-
DB and SAVEE are lower than the accuracy rates, while
the RAVDESS-Song recall rate is slightly higher than the
accuracy rate. Fig. 8 shows the emotion-based recognition
rates of the 1BTPDN, graphically.

The 1BTPDN method has more successful recognition for
anger, neutral, sadness and fear than other emotions.

We compared the classification using in our proposed
method among other traditional classifiers such as decision
trees, linear discriminant analysis, and k-nearest neighbor.
It is shown in Table 10 that SVM Cubic emotion recognition
rates are very successful according to the recognition rates
obtained using DT, LDA, and KNN. The overall recognition
performance is decreased with baseline methods. All classi-
fiers were re-tested without feature selection but worse results
and too long run time occurred.

IX. DISCUSSION
While the success rate of the methodology is promising, there
are challenges and limitations in the 1BTPDN method:

1. An accurate choice of the emotional speech database
(speech corpora) is the most important part of the SER.

TABLE 11. The SER methods as a benchmark comparison.

Low-quality or inaccurate data can lead to false predic-
tions for the SER [6]. For a successful SER, a context-
rich emotional speech database is preferred. We used
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FIGURE 8. The success rates of the 1BTPDN method for each emotion.

acted datasets. This method can be test on large datasets
and real-time audio data in future studies.

2. Databases are in many different languages such as
English, German, Italian, Chinese, Russian, and Span-
ish. The selected language is another vital decision for
the success of the SER results. In this study, English,
German and Italian languages were used. Databases in
other languages can be added in future studies.

3. The inequality of the number of data in the classes is
another limitation.

Despite the unbalanced distribution in the databases, suc-
cessful results have been obtained for sentence based EMO-
DB, EMOVO, SAVEE, and song based RAVDESS according
to the previous studies in the literature, including deep learn-
ing algorithms.

Table 11 is a comparison table showing many studies per-
formed on EMO-DB, EMOVO, SAVEE, and RAVDESS.

The SER results can be easily compared in the literature
using acted databases [32], so we selected acted databases for
our proposed method.With the 1BTPDNmethod, RAVDESS
results are highly accurate as the songs reflect the emo-
tions better. EMOVO which contains Italian sentences has
the lowest success. The ML methods have not reached high
classification accuracy for the EMOVO [29], [49]. Therefore
it is one of the hardest corpora for ML based speech emo-
tion recognition. We can list the comparison results with the
studies using handcrafted features and traditional classifiers
as follows.

The accuracy results of [9] and [16] for EMO-DB are
7.59% and 9.16% lower than the accuracy results of the
1BTPDN method. The accuracy result of [24] for EMO-
DB is 1.16% and 10.46% lower than the accuracy result
of 1BTPDNmethod. The accuracy results of [57] for SAVEE
are 6.13% upper than the accuracy result of 1BTPDNmethod.
Comparing 1BTPDN and [29], the success rate increased by
13.91% for EMOVO, 4.54% for EMO-DB and 2.28% for
SAVEE. The reason for the high increase in the EMOVO
is that the EMOVO has uniform emotion distribution in the
classes. Reference [49] gives less successful accuracy rates
than the 1BTPDN method.

Reference [58] which uses neural network, [59] and [60]
which use deep learning algorithms have more successful
results than 1BTPDN method.

X. CONCLUSION AND FUTURE WORK
We observed new or less-tried algorithms for feature extrac-
tion engineering after a thorough examination of the liter-
ature. As a result, a novel text-independent and speaker-
independent, SER method, called 1BTPDN has been devel-
oped with a lightweight method that solves a nonpolynomial
problem by extracting handcrafted features. The 1BTPDN
model, based on texture analysis, the combination of 1D-
LBP and 1D-LTP, reduces the loss of important information
and increases the accuracy rate. Obtaining successful results
without any preprocessing of the raw data such as windowing,
framing, and without any preliminary definitions, MFCC
and LPCC also show the superiority of this model. Another
important point is the combination of LBP, LTP, DWT, and
NCA, not only the texture analysis methods. The combination
of NCA and DWT extracts the 1024 most distinctive features
from the 7680 features. The experimental results indicate that
textural features can be as successful as linguistic, prosodic,
and spectral features. The computational complexity of the
1BTPDN is as low as O(nlogn). There is no need to set many
parameters such as deep learning algorithms. The 1BTPDN
method can be used in psychiatric clinics and courts. In future
studies, more effective methods can be developed by using
datasets involving real-time audio data. Moreover, cross-
subject and cross-sentence validations can be conducted to
evaluate the generalization for new and same subjects.
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