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Abstract— This research work presents a new valid dataset for Punjabi called the Punjabi Emotional Speech Database (PEMO) which has
been developed to assess the ability to recognize emotions in speech by both computers and humans. The PEMO includes speech samples from
about 60 speakers with an age range between 20 and 45 years, for four fundamental emotions, including anger, sad, happy and neutral. In order
to create the data, Punjabi films are retrieved from different multimedia websites such as YouTube. The movies are processed and transformed
into utterances with software called PRAAT. The database contains 22,000 natural utterances. This is equivalent to 12 hours and 35 min of
speech information taken from online Punjabi movies and web series. Three annotators categorize the emotional content of the utterances. The
common label that is labelled by all annotators becomes the final label for the utterance. The annotators have a thorough knowledge of Punjabi

Language. The data is used to determine the expression of emotions in speech in the Punjabi Language.
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I. INTRODUCTION

Systems for detecting emotion in speech are aimed at
identifying the fundamental affective condition of the speakers
through its speech-related signals. They are able to be utilized
for many different applications, from human-machine
interaction to automated supervision as well as control over
security system [1]. These systems are also utilized in the health
field to monitor and detect the first indications of a depressive
episode [2-3]. Another application is for criminal detection,
where the state of mind of suspects who are accused of
committing crimes (i.e., the degree to which they're really lying)
is determined [4]. They are also used in car board systems that
gather information on the state of mind of the driver to improve
the safety of drivers [5]. In addition, identifying the emotional
state of students within classrooms can assist instructors or even
intelligent agents ensure that students receive the appropriate
responses and enhance the quality of teaching as a result [6].
One important aspect to be taken into consideration prior to the
development or implementing any of this speech recognition
system is the accuracy of the data. The effectiveness for these
devices (like any other model that uses statistics) is dependent
upon the high quality of the training data [7].

However, there is often the absence of a good baseline
emotional speech database for non-English languages like
Punjabi. According to some studies [8-9] the connection
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between the content of a language and its emotion is dependent
on the language of the speaker, which means translating from
one language into another is typically difficult. That's why
speech emotion detection systems are usually developed
language-dependently. A handful of studies have examined
Punjabi Speech Emotion Recognition and have introduced
emotional databases [10-11]. It is the only database available in
the Punjabi language that is constructed by recording sentences
with various emotional states. This means that the data is
developed in a controlled setting and doesn't provide superior
performance than real data. Therefore, it is necessary to develop
a natural database in the Punjabi language in order that it could
be used in future speech emotion recognition applications. We
describe an extensive validated, large-scale dataset for Punjabi
known as the Punjabi Emotional Speech Database (PEMO).
PEMO is a natural data set that includes emotional speech
samples from various Punjabi speakers. According to the
authors' knowledge it is the first comprehensive effort to create
a massive, verified natural emotional speech data set that is
suitable for Punjabi Language. This PEMO data will become
made publicly accessible to aid research into Punjabi emotions
in speech. The research has been reported in the literature that
there isn't a Speech Emotion Recognition System exists for the
Punjabi language. Our study focuses upon Speech Emotion
Recognition System for Punjabi. To accomplish this a Punjabi
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emotions database is required that would include speech
samples that show diverse emotions derived from different
films or web series. The speech database that is presented in this
article is the first to be designed for the Punjabi language which
is a traditional language spoken by the Punjab State in India to
study the fundamental emotions that are present in the spoken
language. The database can analyze the emotion in light of
gender, speaker, and the vulnerability of text. Punjabi is a
regional language which means that its emotional and speech
patterns are distinct from other languages. This database could
be used for further research that focuses on the identification of
emotions in Punjabi speech.

In Section. 2 we will review the various kinds of databases for
emotional speech. We present the PEMO database and outline
the data collection process as well as validation and annotation
in Section. 3. In Sect. 4 We summarize our findings and offer
suggestions for future direction using our data.

Il. RELATED WORK
Due to the huge number of literature about emotional speech
this section will concentrate on examining different kinds of
databases on emotional speech.

A Speech Emotion Databases
Databases of emotional speech can be classified based on their
naturalness, emotionality, speaker, language distribution and so
on [12-14]. Naturalness is among the primary factors to be taken
into consideration when creating databases. Based on the level
of naturalness the database can be classified into three
categories that are natural, semi-natural and simulated [15-16].
In every machine-learning task, it is necessary to have a set
of training examples; SER is no distinct from other tasks. The
procedure of creating a training data set for SER requires human
agents to identify the samples by hand. Individuals have
different perceptions of emations. For instance, one individual
may perceive the emotion as angry, while others may view it as
enthusiastic. To categorize utterances, it is essential to have
several agents studying each sample and having a way to choose
the proper label for each sample in a consistent manner. There
are three kinds of databases designed specifically to recognize
speech emotions, semi-natural, simulated, as well as natural.
The simulated data sets are constructed by trained speech-
reading experts who read the same text using different emotions
[17]. The semi-natural collection is created by asking actors or
people to read a story that has various emations. Furthermore,
natural datasets are taken from television series, YouTube
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videos, call centers, and so on, and then categorized by listeners
to human voices [17]. They are completely natural and can be
utilized to build systems for recognizing emotions without
worrying about their being artificially created. However, the
modeling and identification of emotions using these types of
datasets could be difficult because of the continuous nature of
emotions as well as their dynamic changes over the course of
speech, the presence of multiple emotions at once as well as
there is background noise. In addition, as the sources of data
were not extensive, the range of emotions that can be found in
these corpora is small. Additionally, there are possible privacy
and copyright issues which arise with this type of corpus. The
main issue with this kind of dataset is noise reduction.
Databases that were created earlier for emotional speech have a
limited number of samples and actors. However, more recent
datasets tend to have a huge number of samples as well as a
greater variety of speakers. Table 1 presents a short review of
various kinds of databases, as described in the previous
paragraphs, highlighting the different characteristics of each
database, as well as an example of each type.

I11. PUNJABI SPEECH EMOTION DATABASE
PEMO is a massive natural database of Punjabi that includes 12
hours and 35 min of speech information from 60 native-Punjabi
speakers. There are 22,000 utterances available in .wav format
16 bits, 44.1 KHz, and in mono that encompass four primary
emotions: anger, happiness sad, and neutral. The utterances are
derived from Punjabi movies that are made available publicly
on a variety of multimedia websites. In the next section we
describe the various steps of creating PEMO including the pre-
processing of data, annotation and testing reliability.

A Pre-processing, annotation and reliability

The web series, movies are sourced from YouTube to create
the data set as shown in table 2. The videos are first converted
into Audio files (in .wav file format). Then, these audio files are
separated to determine the emotion of the expressions with the
help of software called PRAAT.
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TABLE I: Comparison between different types of Databases

Features Simulated Semi-Natural Natural
created by asking
created by speakers trained to individuals and actors  Extracted from YouTube
read the same text, but with read a scene with a videos, Call centers, TV
Description different emotional states range of emotions shows etc.
Natural Emotions
Containing Contextual Information 0 0
Containing Situational Information
Widely Used
Easy to model O
Large Number of emotions O O
Used in real world emotion system
EMO-DB [18]
DES [19] IEMOCAP [23] VAM [25]
RAVDEES [20] Belfast [24] Call centers [28,29]
Examples TESS [21] NIMITEK [25] AIBO [27]

TABLE Il: Some Punjabi movies/ Web Series and number of clips taken from them

Sr. No Movie / Web Series Name Number of Clips taken
1 | “Yaar jegree kasuti degree” 70
2 | “Canada Jana hi Jana” 80
3 | “Best of Gurchet Chitarkar” 215
4 | "Puaada" 700
5 | “Dheeth Jawaai Te 7 Salian” 340
6 | “Adab Parahuna” 340
7 | “Ardaas” 500
8 | “Mr. and Mrs. 4207 660
9 | “Rabb Da Radio” 450

10 | “Carry on Jatta2” 1000

11 | “Power Cut” 450
“Ghuggi Yaar Gupp Na

12 | Maar” 300

The uploading of the audio files and their segmentation using the PRAAT Software is shown in Figure 1.

We separated every stream in smaller segments so that each
segment could be able to cover the speech sample of a one
speaker, with minimal background noise or impact.

The utterances that are segmented are labelled by three
annotators. The specifics of the annotators are shown in the
table 3. The annotators categorize the segmented samples on a
5-point scale (including happy, angry, sad neutral, and none of
the mentioned). They were native people who spoke Punjabi
and had no hearing impairment or mental problems.

The utterances were played randomly in a calm environment.
Because the utterances were derived from films it was not
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guaranteed that the words could be considered neutral
emotionally. The most common label used for all annotators is
the final label for the phrase. For utterances where the label isn't
common to all the annotators were removed from the database
as they contain several emotions that was expressed in an
utterance or the emotion itself was not the one among the
emotional states predefined. The neutral state is the one with the
highest number of expressions, whereas sad states have only a
small number of utterances in the database.
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Figure 1 Annotating the movie/web series to single emotion clips using 1 a) and 1 b)

TABLE I1l. Annotator’s information

Code Gender Age Education
Al Male 21 Undergraduate
Student
A2 Female 30 PhD candidate
A3 Male 28 Master’s degree

Thus, there could be certain situations where the affective state
of the speaker derived in their speech could be completely
different from the lexical contents of the speech. To clear up
this confusion and to avoid confusion, the annotators were
specifically instructed to classify the emotional content of the

utterances solely based on how they had depicted it in the
spoken word regardless of the content in the lexical context. The
common label by all the annotators becomes the final label for
that utterance. Some utterances along with its Punjabi transcript
category wise is shown in table 4.

TABLE IV. Some clips along with their Punjabi transcript and Emotion

SR.NO | CLIP FILE | PUNJABI TRANSCRIPT SPEAKER | SPEAKER EMOTION
NAME AGE GENDER CATEGORY
1 H1 S ¢ fagar | wordt st I &8 IS | 30 Male Happy
g S age I
2 Al €9 g7 gfg famr 69 fan & wid 38 At Hel | 27 Male Angry
B famrIdt g &
3 H2 23 3 I NI 33§ A 9m3 B Her B=ar 28 Female Happy
4 s1 fHfeg RS AoE T U QU At ST JUI H | 40 Male Sad
7% T fist 89 73 fore! 8 68t I &t
5 S2 HE s U A H I Fe S TR RS UzT I X | 30 Male Sad
Y+t fgdh S8 B8 HE 3 Bt § A S famr
el
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6 S3 NS ISt It It IfIE W G TR fonr | 18 Female Sad
St e IAE 3 fe€®

7 A2 gror 2fdnr 3J B8 7St Ugnss 918 8% Idt | 33 Male Angry
3

8 H3 A< A SoE 9T A wH IS IBA Y 3 97 | 38 Male Happy
3J'3 TITH 3 HF Ao FId

9 N1 fog fowrg g der ure Ul 3¢t 8 Afer ger 25 Male Neutral

10 N2 Hir g Ut Aeg I rfenr 3 3 28 Female Neutral

11 A3 €9 J &1 I AgcT Yfom famir G 21 BE wiH | 32 Male Angry
AETS gl famir 89 1 Sfenr famr 68

12 A4 I a9 e fag &t She fa W3 o & famsT | 38 Male Angry
< famr A 39729 & ¢l AT fag I8 Ko U8
U

13 S4 T o famr I° 37 Jg T I wt ug oy | 36 Male Sad
FIEH3 & JTT AS O 3

After completing the labeling process, the dataset is then
verified by some Punjabi Language known persons. To
increase the accuracy of the dataset, a fully validated dataset
must be needed. After verifying the dataset, the recognition
rate for the various states is shown in the Figure 2. The main
motive of this verification is performance of the dataset as
this dataset can be further used in various applications.

Recognition Rates
98%
97%
96%

96% 95.55%

95% .
95% 94.67%

94%
93%
92%
91%

90%
Happy Sad Neutral Angry

Figure 2 Recognition Rates for dataset validation
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1V. CONCLUSION AND FUTURE WORK

The purpose of this research was to develop the database of
emotions for Punjabi language, in the form of sound
recordings, so as to include real emotion. The next step is
increasing the frequency of utterances for sadness. We are
also planning to expand the test results to incorporate other
techniques for classification like deep neural networks, which
is the latest technique for Speech emotion identification. The
labeling of the data according to emotion and valence is a
possible future enhancement. In the near future we will also
be able to note the strength of the emotional impact of the
speech. We are also working to increase the number of
utterances that are in line with more emotions.
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