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Abstract
Automatic emotion recognition from speech signals without linguistic cues has been an important emerging research area.

Integrating emotions in human–computer interaction is of great importance to effectively simulate real life scenarios.

Research has been focusing on recognizing emotions from acted speech while little work was done on natural real life

utterances. English, French, German and Chinese corpora were used for that purpose while no natural Arabic corpus was

found to date. In this paper, emotion recognition in Arabic spoken data is studied for the first time. A realistic speech

corpus from Arabic TV shows is collected. The videos are labeled by their perceived emotions; namely happy, angry or

surprised. Prosodic features are extracted and thirty-five classification methods are applied. Results are analyzed in this

paper and conclusions and future recommendations are identified.
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1 Introduction

Emotion expression is a fundamental factor in human to

human communication. The speaker’s voice pitch, intona-

tion and rate affect the emotions perceived by the listener

and hence can change the semantics of the utterance.

Installing an effective emotion recognition system in

human–machine interaction is of great benefit. One

example is call centers, where it can be used to manage

customers’ disputes. Recognizing the underlying emotions

of the customers leads to better customer service and

increases business profit [1, 2].

Psychology, behavioral science, and psychiatry are

some research areas that can benefit from automatic emo-

tion recognition systems. Such studies can rely on more

reliable measurements to analyze human behavior [3]. Lie

detection and schizophrenia diagnosis are examples of

applications where the objectivity and accuracy in mea-

surements is required. The Automatic detection of moods

like depression, fatigue, and anxiety can lead to better

results in achieving human well-being [4] and recognizing

psychiatric disorders [5]. Medical doctors may use emo-

tional contents of a patient’s speech as a diagnosing tool for

various disorders [6], while [7] used emotion recognition to

avoid car accidents by tracking the emotional state of the

driver.

Automatic training and education scenarios can also

benefit from emotion detection. The system might suggest

a break or change in the tutoring speed if boredom, frus-

tration or fatigue emotions are perceived [8]. Computer

games industry may install effective emotion detection

models in their systems to achieve a more natural inter-

action between the player and the computer [9–11].

Another important area for speech emotion recognition

is mobile applications, specifically for deaf and hearing-

impaired humans. IP-Relay [12] and SKC Interpret [13] are
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examples of applications that allow a hearing-impaired

person to make and receive phone calls. The hearing-im-

paired individual can type a message and the person on the

other side hears the words spoken. When the person at the

end of the line speaks to the hearing-impaired person, the

words are received as text on the mobile phone of the

hearing-impaired. However, since the emotion of both

parties is missing, this reduces the reliability and usefulness

of those systems. Effective speech-to-text and text-to-

speech systems which can be used by the hearing-impaired

in their everyday life, starting from a very young age, are

very useful. Such systems will aid deaf people to enroll in

normal schools at very young age and will help them adapt

better in classrooms and with their classmates. It will help

them experience a more normal childhood and hence grow

up to be able to integrate within the society without

external help.

In this paper, the first natural Arabic speech to recognize

emotions is built, and three emotions, happy, angry and

surprised are recognized. Acoustic low level descriptors are

extracted and thirty-five classifiers are applied. The

Sequential minimal optimization (SMO) classifier gave the

best result with 95.52% accuracy.

This paper is organized as follows: a review of existing

work related to emotion recognition in speech is done in

Sect. 2. In Sect. 3, the process of building a natural Arabic

corpus is described. In Sect. 4 the feature extraction pro-

cess is presented while in Sect. 5 the classification models

are proposed. Classification models with accuracy above

90% are analyzed in Sect. 6. Finally, in Sect. 7 the con-

tributions of this paper are summarized and future work is

presented.

2 Related work

Emotions do not have a clear theoretical definition. Two

common strategies are used to characterize emotions dis-

crete and continuous. Examples of discrete labels are

happiness, sadness, and anger [14–16] while continuous

labeling uses measures such as valence (how much is the

speaker being positive or negative) and activation (how

much is the speaker active or passive) [17–19]. The main

advantage of using discrete labeling is that most people use

this approach to describe emotions in their daily life; hence

the labeling scheme in the emotion recognition model

matches human experience. On the other hand, continuous

labeling describes a range of emotions like measuring the

scale of whether a person feels positive, negative, power-

ful, controlling, passive or active. This type of measuring

emotions is not intuitive and requires special training to be

able to assign a number indicating the level of the emotion

[20].

Most emotion recognition systems are trained and tested

with data available from corpora. Speech corpora used for

emotion recognition are either acted, induced or natural.

Acted or simulated corpora are collected from professional

television or radio actors. The subjects are usually asked to

read a specific sentence with a specific emotion and hence

the emotions are fully blown. More than 60% of the

expressive speech databases are of this kind where the

aspects of recording are more controllable and acted

emotions are more expressive than real ones [21]; hence

process of labeling is more accurate. Table 1 shows some

popular acted databases.

Based on the appraisal theory [22, 23], emotion are

expressed as a reaction to events, thus to perceive more

realistic emotions researchers should create the appropriate

environment to trigger targeted emotions. This leads us to

the induced/elicited speech corpora that are collected by

creating artificial emotional situations. The speakers are

involved with emotional conversation with an anchor

without knowing that they are recorded. Through the

conversation the anchor tries to trigger the targeted emo-

tions of the speaker to achieve natural speech data. Such

databases are semi-normal where the reacted emotions are

spontaneous but the recording process is created. Table 2

shows some popular induced databases.

Recent efforts have been focusing on collecting natural

speech databases, since acted data cannot model realistic

data sufficiently as demonstrated by [24, 25]. One way of

collecting data for such databases is from audio or televi-

sion programs however this is limited by copyright issues

and prevents free distribution of collected corpora in some

cases. Other alternatives involve live recording of con-

versations. Such conversations can be between doctors and

patients, parents and children, employee and employers.

Other options include the use of speech collected from call

centers where telephone calls between humans and

machine are recorded. Unlike simulated corpora, emotions

in natural speech are not highly prototyped and may con-

vey a mixture of emotions [26, 27]. Table 3 shows a listing

of some popular natural databases.

The main advantage of acted databases is that most

emotions are available as well as most languages and hence

results can be compared easily, however it doesn’t repre-

sent real life scenarios. Induced databases are nearer to

natural but if the speakers knew they are recorded then the

emotions expressed will be artificial. Natural databases

reflects real life situations, however not all emotions are

available and the recording environment may not be suit-

able for modeling.

In general, the emotion recognition problem is simply a

mapping between the feature space and the label space of

the corresponding unit of study. Thus choosing the suit-

able set of features is an important step in recognizing
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Table 1 Example of acted speech corpora

Name Language Task References

DES Danish Neutral, angry, happy, sad and surprised emotions [28]

aGender Dutch Age groups (child, youth, adult, and senior) and gender (female,

male, child)

[27, 29]

Emo-DB German Neutral, anger, happiness, sadness, fear, boredom and disgust [30]

LDC emotional prosody speech and

transcripts

American English Neutral, panic, anxiety, hot anger, cold anger, despair, sadness,

elation, joy, interest, boredom, shame, pride, contempt

[31]

Serbian database of acted emotions Serbian Neutral, anger, happiness, sadness and fear [32]

Emotional Speech of Mandarin and

Burmese Speakers (ESMBS)

Mandarin and

Burmese

Anger, disgust, fear, joy, sadness, and surprise [33]

KISMET American English Approval, attention, prohibition, soothing, neutral [34]

CLDC Chinese Joy, anger, surprise, fear, neutral, sadness [35]

REGIM_TES Arabic-Tunisian Happiness, sadness, fear, anger, neutral [36]

– Herbew Anger, disgust, fear, joy, neutral, sadness [37]

IITKGP-SEHSC Indian anger, disgust, fear, happy, neutral, sadness, sarcastic and surprise [38]

– Mexican Spanish Anger, happiness, neutral, sadness [39]

– German and English Anger, boredom, disgust, fear, happiness, sadness and neutral [40]

– Tamil, Malayalam

and Indian English

Anger, happy, sad [41]

Table 2 Example of induced speech corpora

Name Language Task References

Interactive emotional dyadic motion capture

database (IEMOCA)

English Discrete: anger, happiness, sadness, neutrality

Continuous: valence, activation, dominance

[42]

SmartKom German Joy/gratification, anger/irritation, helplessness, pondering/reflecting,

surprise, neutral, unidentifiable

[43]

FAU Aibo German Anger, emphatic, neutral, positive, rest negative idle [44]

Belfast naturalistic database English Frustration, amusement, fear, disgust, surprise, sad [45]

– Odiya Anger, sadness, astonish, fear, happiness, neutral [46]

Table 3 Example of natural speech corpora

Name Language Task References

Vera am Mittag (VAM) German Valence, activation, dominant [47]

NATURAL Mandarin Anger and neutral [48]

Speaker Personality

Corpus (SPC)

French Big five OCEAN dimensions: Openness, Conscientiousness, Conscientiousness,

Extraversion, Agreeableness, Neuroticism

[49]

TUM AVIC English Disinterest, indifference, neutrality, interest, curiosity [50]

Call Center Database

(CCD)

English Negative and non-negative [51]

CEMO French Fear, anger, sadness, neutral, relief [52]

– Latin American,

Japanese

Negative, positive [53]
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emotion from speech. Speech features are divided into

three types: spectral, excitation, and acoustic features [54].

Spectral features, also known as vocal features, were used

in [55] to distinguish speech from music and in [56, 57] to

recognize emotions from Mandarin corpora. The Spectral

features include:

1. MFCC (Mel frequency cepstral) coefficients [58]

2. LPCC (Linear prediction cepstral) coefficients,

3. LFPC (log frequency power) coefficients.

4. (MFB) Mel filter bank.

5. Spectral centroid.

6. Formant: F1, F2 and their bandwidth BW1, BW2.

Excitation speech features are derived from linear pre-

diction residual of the source signal [54]. The linear pre-

diction residual of the source signal is obtained by first

predicting the vocal tract information using linear predic-

tion coefficients (LPCs) from speech signal, and then

separating it by inverse filter formulation [59]. Few studies

have been conducted to recognize emotions using LP

residual signals. Glottal excitation signals were used in [60]

to analyze the relation between the emotional state of the

speaker and emotional disorders. Few studies have been

done in recognizing emotion from speech using excitation

speech features [41, 61–64].

Acoustic features are the most widely used to recognize

emotions from spoken data [65–69]. According to [70]

these features proved to be the most effective in recog-

nizing emotions from speech signals. Using acoustic fea-

tures, five emotions; fear, anger, happiness, sadness, and

neutrality were classified in [71] while negative and non-

negative emotions were detected in [47]. Acoustic features

represent the prosodic properties of human speech which

include:

1. Pitch: measured by the fundamental frequency F0.

2. Intensity/energy: models the loudness of the sound

signal.

3. Duration: measured by zero-crossing rate.

4. Voice quality: measured by Noise-to-Harmonic Ratio,

jitter, shimmer.

The number of speech features used in emotion recog-

nition systems depends on the training and testing condi-

tions like the corpus size and type, emotions to be

recognized, and recording environment. Choosing a large

number of features may increase the complexity of the

problem. One approach is to use a small feature set based

on expert knowledge which is computationally efficient,

but unfortunately, there is no general agreement on what

are the effective features to recognize emotions. Since not

all features make sense in some models, one standard

approach is to compose a large feature vector and then

eliminate ineffective features to achieve better perfor-

mance. This is called the Brute-forcing technique [72].

Combining several feature types has proved to improve

performance of emotion recognition systems [73]. These

features are naturally related to each other and hence the

correct combination of features is expected to improve the

emotion recognition performance. A performance of 88%

and 75% was attained by [74, 75] respectively when

combining prosodic and acoustic features. An accuracy of

80% was achieved by [76] when using Spectral, prosodic,

disfluent and linguistic features. In [77], 50% accuracy is

accomplished when combining LPPC and pitch related

features to recognize eight emotions. A two phase approach

was proposed by [78], where spectral, prosodic, and voice

quality features were extracted and then in the first phase,

the best features within each group were selected. Then, in

the second phase, the final feature set was composed from

the candidate features. Spectral and prosodic features were

combined by [79, 80] to recognize emotions from the

Danish database DES with a result of 52 and 83%

respectively.

Emotion recognition from spoken language can be

considered as a classification problem. Hence machine

learning methods can be used to design a system that will

classify emotions by learning about the classes from a

corpus. Classifiers used in emotion recognition from

speech can be categorized in two categories linear classi-

fiers and non-linear classifiers.

1. Linear classifiers: These are classifiers that perform

classification based on a linear combination of the

features. They are simple and computationally effi-

cient. These classifiers perform faster if the features are

linearly separable. Linear classifiers include Naı̈ve

Bayes, logistic regression and Support Vector

Machines. SVMs are the most widely used classifiers

[81–83] and have proved to produce high accuracy

results especially for small data sets. SVM was applied

by [84, 85] to classify emotions from Mandarin

language with a result of 88% and 76% respectively.

2. Non-linear classifiers: for nonlinearly separable data,

linear classifiers might lead to inaccurate results. In

such cases, non-linear classifiers are more efficient.

Gaussian Mixture Model (GMM), Hidden Markov

Model (HMM), Artificial Neural Networks (ANN),

Polynomial classifiers, K-nearest neighbours (KNN)

and Decision trees are all examples of non-linear

classifiers employed to recognize emotion from

speech. GMM achieved a 92% and 74.6% accuracy

when used by [86, 87] to recognize emotions from a

Basque and Berlin corpora respectively. In [88] seven

emotions were recognized from Berlin corpus using

ANN and a 51% performance is reported. Negative
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and non- negative emotions were recognized in [89] by

classifying acoustic features using KNN classifier, a

result of 75.81% for male and 80% for female is

reported. In [90], decision tree classifier accomplished

a 66% performance when recognizing positive, nega-

tive and neutral emotions from computer tutor

dialogues.

Several approaches to combine classifiers were pro-

posed such as the GMM-SVM approach in [91] to recog-

nize idle and negative emotions and the GMM-HMM

approach in [92] to recognize neutral, anger, happiness,

sadness, fear, boredom and disgust emotions. A SVM-K-

NN model was proposed by [93] and got 87% accuracy

when applied on the KISMET database [34]. In literature,

choosing a specific classifier was rarely justified. Usually

they are chosen based on past references or some experi-

mental evaluation. No classifier or combination of classi-

fiers has been proved to give the best accuracy in emotion

recognition systems.

3 Corpus engineering

The majority of speech databases are in English followed

by German and Chinese. Little work was done on Dutch,

Swedish, Russian, Japanese, Slovenian and Spanish lan-

guages. An Arabic acted corpus composed of Tunisian

dialect isolated words was created by [36]. In this study the

first Arabic natural corpus of different dialects is proposed

to recognize discrete emotions.

The characteristics of the database depend on the pur-

pose of the research. The motivation of this study is based

on helping hearing-impaired and deaf people to improve

their daily life communication. Integrating an effective

emotion recognition system with a reliable speech-to-text

system enables deaf and hearing impaired individuals to

make successful phone calls with normal people. There-

fore, we target to collect natural phone call recordings to

build our corpus.

Eight videos of live calls between an anchor and a

human outside the studio are downloaded from online

Arabic talk shows [94–101]. Since the videos are available

online for public, no copyright issues exist. Eighteen

human labelers are asked to listen to the videos and label

each one of them as happy, angry or surprised. The average

result is used to label each video.

Each video is then divided into turns: callers and

receivers. Silence, laughs and noisy chunks were removed.

Every chunk was then automatically divided into 1 s

speech units forming our final corpus composed of 1384

records with 505 happy, 137 surprised and 741 angry units.

No global properties are specified for building a speech

database for recognizing emotions. In Table 4 the proper-

ties of popular corpora used in different emotion recogni-

tion research are listed. Notice that the size, number of

chunks, and number of labelers vary a lot between the

databases. Table 5 summarizes the properties of the videos

used to build the corpus [102].

4 Feature extraction

As mentioned in Sect. 2, acoustic features have proved to

be very effective in recognizing emotions [69]. A combi-

nation of acoustic and spectral features, known as low-level

descriptors, was provided for participants by the first

international research challenge INTERSPEECH confer-

ence in 2009 [107]. This challenge was initiated to provide

a good benchmark for speech processing tasks and to

enable more accurate comparison between models pro-

posed by participants. More similar challenges took place

later like the Interspeech 2010 Paralinguistic Challenge

[108], the Interspeech 2011 Speaker State Challenge [109],

the Interspeech 2012 Speaker Trait Challenge [110] and

second Audio/Visual Emotion Challenge (AVEC 2011

[111] and AVEC 2012 [112]).

These Low-level descriptors (LLDs) are extracted using

the open source OpenSMILE feature extractor [113] that is

developed by Technische Universität München’s (TUM’s).

Table 4 Properties of existing

corpora for emotion recognition

in speech

Corpus Length (h) Language # of chunks # of labelers References

FAU AEC 8.9 German 18,216 5 [40]

TUM AVIC 2.3 English 3880 4 [50]

aGender 50.6 German 65,364 – [27]

ALC 43.8 German 12,360 – [103]

SLC 21.3 German 9089 3 [104]

SPC 1.7 French 640 11 [49]

SLD 0.7 German 800 32 [105]

TIMIT 4.4 English 6300 – [106]
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LLDs extracted from every speech unit are listed in

Table 6.

On each of the above features the following statistical

functions are calculated:

1. Maximum

2. Minimum

3. Range: Max–Min

4. Absolute position of maximum

5. Absolute position of minimum

6. Arithmetic Mean

7. Linear Regression 1: slope of linear approximation

of contour

8. Linear Regression 2: offset of linear approximation

of the contour.

9. Linear Regression A: difference of linear approxi-

mation and the contour.

10. Linear Regression Q: quadratic error between the

linear approximation and the contour.

11. Standard deviation

12. Kurtosis

13. Skewness

14. Quartiles 1, 2, 3

15. Inter-quartile ranges 1–2, 2–3, 1–3.

Next, the delta coefficient for every LLD is also com-

puted as an estimate of the first derivative hence leading to

a total of 950 features as detailed in Table 7.

Finally, to remove ineffective features, Kruskal–Wallis

non-parametric test [114] is applied. We considered a

significance level of 0.05 i.e. a level of 95% confidence;

hence we removed the features with p-values less than 0.05

resulting in a new database [102] of 1384 records with 845

features.

5 Classification

Thirty-five classifiers belonging to six classification groups

are applied separately on the collected speech corpus. The

classification groups are Trees, Rules, Bayes, Misc., Lazy,

Functions and Meta. The Trees group includes LMT,

REPTree, Random Forest, Decision Stump, Random Tree,

HoeffdingTree, and J48 classifiers, while the Rules group

includes Jrip, Decision Table, PART Decision List, OneR,

and ZeroR. The K-Nearest Neighbour classifier belongs to

the Lazy group, while the Bayes group includes Naı̈ve

Bayes, Naı̈ve Bayes Updatable, Bayes Net, and Naive

Bayes Multinomial classifiers. The Logistic, Simple

Logistic, and the Sequential Minimal Optimization classi-

fiers belong to the Functions group. Finally, the Meta group

includes the RandomSubspace, Filtered Classifier, Multi-

class Classifier, Weighted Instances Handler Wrapper,

Iterative Classifier Optimizer, Classification via Regres-

sion, Attribute Selected, MultiClass Classifier Updatable,

Multi scheme, Logit Boost, Random Committee, Ran-

domizable Filtered Classifier, Adaptive Boosting, and

Bagging classifiers.

A 10-fold cross validation [115] was applied to all

classifiers. In 10-fold cross-validation, the database is

randomly partitioned into 10 equal size subsamples. Of the

10 subsamples, 1 subsample which is 10% of the database

is considered as the testing data to validate the classifica-

tion model, and the remaining 9 subsamples are used as

Table 5 Videos used to build

the corpus
Id Dialect Gender Length (s) #of chunks Emotion perceived

1 Egyptian Male 114 9 Happy

2 Egyptian Male 78 6 Surprised

3 Gulf Female 73.8 6 Happy

4 Jordan Male 210 17 Angry

5 Gulf Male 198 34 Angry

6 Egyptian Female 23.4 2 Surprised

7 Lebanese Female 504 24 Angry

8 Egyptian Female 430.8 87 Happy

Table 6 Low-level descriptors

Group LLDs

1 Loudness Intensity

2 WaveForm Zero crossing rates

3 Cepstral MFCC 1–12 (Mel-frequency cepstral coefficients)

4 Pitch F0 (Fundamental frequency)

5 F0 envelope

6 Probability of voicing

7 LSP (Line Spectral frequency)

Table 7 Calculating the number of features used

LLDS 25

Functionals 19

Total = 25 * 19 = 475

Delta regression for each feature 475 * 2 = 950
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training data. The cross-validation process is then repeated

10 times (the folds), with each of the 10 subsamples used

exactly once as the testing data. This leads to a lower

variance than a single hold-out set estimator, which can be

very important if the amount of data available is limited. If

a single hold out set is considered, where 90% of data are

used for training and 10% used for testing, or even 80% for

training and 20% testing, the test set is very small, and

hence a lot of variation in the performance estimate for

different partitions of the data to form training and test sets.

10-fold validation reduces this variance by averaging over

10 different partitions, so the performance estimate is less

sensitive to the partitioning of the data. Another advantage

of this method is that all subsamples are used for both

training and testing, and each subsample is used for vali-

dation only once.

The highest accuracy of 95.52% was achieved by

Sequential Mean Optimization (SMO) classifier and the

lowest result was 53.58% by four different methods. For

every classification the rate of true positive, rate of false

positive, precision and recall are computed for happy,

surprised and angry emotion classes. Tables 8, 9, 10, 11

and 12 shows the confusion matrix and accuracy details of

all classification models. In these tables, H corresponds to

Happy, S corresponds to Surprised, and A corresponds to

Angry.

The classifiers with accuracy between 96 and 90% are:

1. SMO: 95.52%

2. Simple Logistic: 95.45%

3. Logistic Model Trees: 95.45%

4. Random Sub Space with RepTree: 94.14%

5. Random Committee with RandomTree: 93.06%

6. Bagging with RepTree: 92.99%

7. Logit Boost performs additive logistic regression to

Decision Stump: 92.91%

8. Iterative Classifier Optimizer optimizes the number

of iterations of the given iterative classifier using

cross-validation with the LogitBoost: 92.91%

9. Random Forest: 92.84%

10. Multiclass Classifier Updatable: 92.70%

11. Classification via regression: 92.62%

12. K-Nearest Neighbour: 91.11%

13. Filtered Classifier with J48: 90.74%

The classifiers with accuracy between 89.7 and 80% are:

14. PART: 89.66%

15. RepTree: 89.37%

16. Attribute Selected with J48: 89.29%

17. JRIP: 88.72%

18. J48: 88.65%

19. Multiclass Classifier: 84.53%

20. Decision Table: 84.09%

21. Random Tree: 82.36%

22. Logistic: 80.69%

The classifiers with accuracy between 79.7 and 70% are:

23. Decision Stump: 79.10%

24. Adaptive Boosting for Decision Stump: 79.61%

25. OneR: 78.02%

26. Bayes Net: 73.17%

The classifiers with accuracy between 69.9 and 60% are:

27. Hoeffding Tree: 69.99%

28. Naive Bayes: 69.05%

29. Naive Bayes Updatable: 69.05%

30. Naive Bayes Multinomial: 68.25%

The classifiers with accuracy below 60% are:

31. Randomizable Filtered Classifier with K-nearest

neighbour: 56.98%

32. ZeroR: 53.58%

33. CVParameterSelection with ZeroR: 53.58%

34. Weighted Instances Handler Wrapper with ZeroR:

53.58%

35. InputMapped Classifier with ZeroR: 53.58%

6 Analysis

In this section the classification models with performance

above 90% are analyzed. The highest accuracy of 95.52%

is achieved by Sequential Mean Optimization (SMO)

classifier. SMO was invented by [116] to solve quadratic

problems of training large SVM [117] models. SVM takes

a geometric optimization approach to the classification

problem, seeking to construct a hyperplane or a set of

hyperplanes in a high dimensional space [118]. Many

studies have shown highest classification accuracy for

SVM compared to KNN [119, 120], and to Linear Least

Squares Fit, Naı̈ve Bayes and Neural Networks as well

[120]. SMO uses heuristics to partition the training prob-

lem into smaller problems that can be solved analytically.

The values of the kernel and calibrator parameters of the

SMO classifier are polykernel and logistics respectively.

Next, we observe from Table 8 that tree-based models

and regression-based models have promising results. Sim-

ple Logistic and Logistic Model Trees (LMT) have equal

performance of 95.45% and very similar accuracy details.

Both methods use linear regression. The LMT [121]

combines trees model and linear models; trees with linear

regression functions at the leaves. The RandomSubspace

[122] model constructs a decision tree classifier that

maintains highest accuracy on training data and improves

on generalization accuracy as it grows in complexity. The
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model consists of multiple trees constructed systematically

by randomly selecting subsets of components of the feature

vector, that is, trees constructed in randomly chosen sub-

spaces. When used with RepTree, a high result of 93.06%

is obtained. The RepTree [123] classifier is a fast decision

tree learner. It builds a decision tree using information

gain/variance and prunes it using reduced-error prun-

ing. When applied alone, the RepTree model gave a result

of 89.37% however when applied with the Bagging [123]

model, the performance is enhanced to 92.99%.

The Random Tree classifier [123] has 82.36% accuracy;

however the performance increases to 93.06% when

applied with the Random Committee model [123]. The

Random Committee model is an ensemble of randomizable

base classifiers. Each base classifier is built using a dif-

ferent random number seed based on the same data. The

Table 8 Confusion matrix and

accuracy details of classifiers

with accuracy more than 90%

Classification method Class Classified as TP rate FP rate Precision Recall

H S A

SMO H 489 8 8 0.97 0.03 0.96 0.97

S 13 111 13 0.81 0.02 0.85 0.81

A 9 11 721 0.97 0.03 0.97 0.97

Simple logistic H 484 10 11 0.96 0.02 0.97 0.96

S 11 112 14 0.82 0.02 0.84 0.82

A 6 11 724 0.98 0.04 0.97 0.98

Logistic model trees H 485 9 11 0.96 0.02 0.96 0.96

S 11 112 14 0.82 0.02 0.85 0.82

A 7 11 723 0.98 0.04 0.97 0.98

K-Nearest neighbor H 471 21 13 0.93 0.06 0.90 0.93

S 20 103 14 0.75 0.04 0.70 0.75

A 31 24 686 0.93 0.04 0.96 0.93

Random subspace H 485 8 12 0.95 0.02 0.96 0.95

S 19 84 34 0.67 0.01 0.94 0.67

A 8 0 733 0.99 0.08 0.93 0.99

Random committee H 486 7 12 0.96 0.03 0.94 0.96

S 20 78 39 0.66 0.00 0.95 0.66

A 16 2 723 0.98 0.08 0.94 0.98

Bagging H 472 9 24 0.94 0.03 0.94 0.94

S 20 82 35 0.60 0.01 0.90 0.60

A 9 0 723 0.99 0.09 0.93 0.99

Iterative classifier optimizer H 477 17 11 0.95 0.03 0.95 0.95

S 19 82 36 0.60 0.02 0.77 0.60

A 8 7 726 0.98 0.07 0.94 0.98

Logit boost H 477 17 11 0.95 0.03 0.95 0.95

S 19 82 36 0.60 0.02 0.77 0.60

A 8 7 726 0.98 0.07 0.94 0.98

Random forest H 485 4 16 0.96 0.03 0.95 0.96

S 22 65 50 0.55 0.00 0.95 0.55

A 6 1 724 0.99 0.09 0.93 0.99

MultiClass classifier updateable H 474 8 23 0.94 0.02 0.96 0.94

S 10 102 25 0.72 0.02 0.78 0.72

A 11 24 706 0.96 0.08 0.93 0.96

Classification via regression H 470 12 23 0.93 0.02 0.96 0.93

S 13 87 37 0.64 0.02 0.80 0.64

A 7 10 724 0.98 0.09 0.92 0.98

Filtered classifier H 468 21 16 0.93 0.04 0.93 0.93

S 14 94 29 0.69 0.04 0.66 0.69

A 20 28 693 0.94 0.07 0.94 0.94
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final prediction is a straight average of the predictions

generated by the individual base classifiers. The Decision

stump [123] model consists of one level decision tree,

where the tree contains one internal root node connected

directly to the leaves. When applied to the corpus, a result

of 79.10% is obtained but an enhancement up to 92.91% is

Table 9 Confusion matrix and

accuracy details of classifiers

with accuracy between 89.9 and

80%

Classification method Class Classified as TP rate FP rate Precision Recall

H S A

PART H 460 23 22 0.92 0.03 0.94 0.92

S 24 81 32 0.67 0.04 0.67 0.67

A 19 23 699 0.95 0.07 0.94 0.95

REPTree H 464 21 20 0.92 0.05 0.91 0.92

S 26 76 35 0.56 0.04 0.63 0.56

A 21 24 696 0.94 0.09 0.93 0.94

Attribute selected H 468 15 22 0.94 0.05 0.91 0.94

S 21 79 37 0.60 0.03 0.67 0.60

A 28 25 688 0.93 0.09 0.93 0.93

Jrip H 459 20 26 0.91 0.06 0.91 0.91

S 18 80 39 0.63 0.04 0.66 0.63

A 26 27 688 0.93 0.09 0.93 0.93

J48 H 457 24 24 0.91 0.05 0.92 0.91

S 19 85 33 0.64 0.05 0.60 0.64

A 22 35 684 0.92 0.08 0.93 0.92

MultiClass classifier H 415 26 64 0.83 0.07 0.87 0.83

S 17 96 24 0.71 0.05 0.62 0.71

A 49 34 685 0.89 0.13 0.89 0.89

Decision table H 437 20 48 0.87 0.09 0.84 0.87

S 36 45 56 0.33 0.03 0.57 0.33

A 46 14 681 0.92 0.16 0.87 0.92

Random tree H 422 27 56 0.87 0.10 0.83 0.87

S 23 69 45 0.43 0.06 0.46 0.43

A 57 36 648 0.86 0.14 0.88 0.86

Logistic H 408 57 40 0.80 0.10 0.83 0.80

S 33 83 21 0.61 0.10 0.41 0.61

A 54 62 625 0.84 0.10 0.91 0.84

Table 10 Confusion matrix and

accuracy details of classifiers

with accuracy between 79.9 and

70%

Classification method Class Classified as TP rate FP rate Precision Recall

H S A

Adaptive boosting H 366 0 139 0.73 0.01 0.98 0.73

S 0 0 137 0.00 0.00 0.00 0.00

A 6 0 735 0.99 0.43 0.73 0.99

Decision stump H 359 0 146 0.71 0.01 0.98 0.71

S 0 0 137 0.00 0.00 0.00 0.00

A 6 0 735 0.99 0.44 0.72 0.99

OneR H 407 3 95 0.81 0.09 0.84 0.81

S 20 0 117 0.00 0.01 0.00 0.00

A 59 10 672 0.91 0.33 0.76 0.91

BayesNet H 398 93 14 0.79 0.07 0.87 0.79

S 11 89 37 0.65 0.21 0.25 0.65

A 48 168 525 0.71 0.08 0.91 0.71
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achieved when performing additive logistic regression

using Logit Boost [123] model. On the other hand, the

Classifier Optimizer [123], which optimizes the number of

iterations of the given iterative classifier, doesn’t improve

the result obtained by Logit Boost. The Random Forest

model [123] which constructs a forest of random trees

gives 92.84% accuracy.

The Multiclass Classifier Updatable [123] model is used

when a multi-class dataset is classified by two-class clas-

sifiers. In this work a 3-class dataset (happy, angry, and

surprised) is classified by the SGD [123] 2-class classifier

giving 92.70% accuracy. The Classification-via-regression

model also applies regression methods. The dataset is

binarized and one regression model is built for each class

value [124]. When applying the KNN classifier [125] on

the proposed dataset, the K (number of neighbors to use)

value is equal to 1 and the nearest neighbor search algo-

rithm applied is the brute force algorithm search. Finally,

the J48 classifier [123] gives 88.65% accuracy result, but

the result is boosted to 90.74% when applying the filtered

classifier model [123]. With the filtered classifier; the

training data are not affected by the testing data which

leads to better performance and may be applied to other

classifiers for enhancement.

In Table 13 the proposed work is compared with similar

studies that used SVM classification model to recognize

emotions using acoustic features. Acted and natural cor-

pora of different languages (German, English, French and

Table 11 Confusion matrix and

accuracy details of classifiers

with accuracy between 69.9 and

60%

Classification method Class Classified as TP rate FP rate Precision Recall

H S A

Hoeffding tree H 332 123 50 0.66 0.05 0.88 0.66

S 6 106 25 0.85 0.26 0.26 0.85

A 41 170 530 0.69 0.09 0.90 0.69

NaiveBayes H 333 127 45 0.66 0.05 0.88 0.66

S 6 108 23 0.79 0.25 0.26 0.79

A 40 187 514 0.69 0.11 0.88 0.69

Naı̈ve Bayes updateable H 333 127 45 0.66 0.05 0.88 0.66

S 6 108 23 0.79 0.25 0.26 0.79

A 40 187 514 0.69 0.11 0.88 0.69

Naı̈ve Bayes multinomial H 339 106 60 0.67 0.07 0.85 0.67

S 5 94 38 0.69 0.23 0.25 0.69

A 57 174 510 0.69 0.15 0.84 0.69

Table 12 Confusion matrix and accuracy details of classifiers with accuracy below 60%

Classification method Class Classified as TP

rate

FP

rate

Precision Recall

H S A

Randomizable filtered classifier H 291 40 174 0.65 0.23 0.62 0.65

S 47 32 58 0.28 0.09 0.26 0.28

A 201 75 465 0.69 0.31 0.72 0.69

Weighted instances handler wrapper ZeroR CV parameter InputMapped

classifier

H 0 0 505 0.00 0.00 0.00 0.00

S 0 0 137 0.00 0.00 0.00 0.00

A 0 0 741 1.00 1.00 0.54 1.00

Table 13 Some studies that

applied SMO/SMV to recognize

emotions from speech

Language Type Emotions Result (%)

Arabic (this work) Natural Happiness, angry, surprise 95.5

Arabic [126] Acted Happiness, angery, fear, neutral, sadness 93

German [127] Acted Anger, sadness boredom, disgust, fear, joy, neutral 85.2

English [92] Mixed Stress, neutral 83

French [76] Natural Positive, negative 83.16

Mandarin [48] Natural Anger, neutral 76.93
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Arabic) are listed. Notice that the proposed system gives

high accuracy 95.5% compared when compared to natural

corpora (French [76], Mandarin [48]) where emotions are

not prototyped. No work was found that recognize happy,

angry and surprised emotions using prosodic features and

SVM model.

For the Arabic corpus, only one study was found [118]

in recognizing emotions from Arabic spoken language,

however, in that study, professional Tunisian actors were

employed to express isolated Arabic words in Tunisian

dialect to recognize happy, anger, fear, sadness and neutral

emotions and the overall accuracy of their proposed model

was not mentioned. In this study, different Arabic dialects

were considered (Egyptian, Gulf and Lebanese) see

Table 5, the utterance was a complete natural speech and

not isolated words, resulting in a more reliable speech

corpus [102].

7 Contributions and future work

In this paper the first system to recognize sentiment in

natural Arabic speech is built. This is a contribution not

only to Arabic speech but to speech in general since there

are few corpora for natural speech in existence. Another

contribution of this work is the number of features

extracted which is 950. This number is considered to be

high compared to literature, for example, [128] used 17

pitch features, [129] used 27 prosodic features, [130] used

276 features, and [107] used 384 features while [131]

reduced 375 features to 32. One more contribution is the

use of thirty-five classification methods to classify happy,

angry and surprised emotions where the SMO method

gives the best classification performance of 95.5%.

In future research excitation features could be extracted

and other classification models like hidden Markov and

Gaussian model could be used. An intelligent 2-phase

model to recognize emotions is built based on this work,

with a 3% improvement in the performance of all the

classifiers. The proposed feature set may be deduced such

that correlated features are removed. Also combining more

than one classifier to improve performance could be stud-

ied. More emotions may be recognized from the proposed

corpus and results can be compared with those obtained

using acted Arabic speech.
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