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rther, research inconsistencies arise when these factors heavily
he extracted speech features such as pitch and energy contours.
numerous research works have identified good features of emotion
nal, no widely acceptable set of speech characteristics has been
5d. At the suprasegmental level, emotional conditions are governed
ental frequency (F0), intensity and temporal characteristics of
‘there is the possibility that some segmental features may also be
| by the speakers’ emotional state (Katari, 2000; X. M. Cheng, P. Y.
L. Zhao, 2009). Previous works have highlighted the importance of
during emotions transmission and whereas clinical research
dopted in prosody concentrate mostly on intonation, technological
5 have however focused on the entire speech signal without

the qualitative variability of the spectral content (Origlia, Cutugno
, 2014). Origlia, Cutugno and Galati (2014) proposed a feature
ethod that explores phonetic interpretation using the concept of
nd concentrated on the spectral content of syllabic nuclei, thus
e amount of information to be processed. They introduced feature
based on syllabic prominence, and evaluated their method on a
§, three-dimensional model of emotions built on the classical axes of
ftivation and dominance. They found that their method compared
fwith state-of-art. In this paper, we investigate the influence of
tures on emotions, and the goal is to discover important acoustic-
fofiles necessary for aiding emotion recognition systems design for
ie languages (ATLs). The language adopted for this investigation is
‘under-resourced tone language of the Lower Cross group, from
snue Congo language family — spoken by about 4,000,000 speakers
Om State, Nigeria, West Africa.
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bstract :
In this contribution, a principal component analysis (PCA]

for visualizing the effect of acoustic features on differe
profiles is proposed. To accomplish this, emotions speech ¢g
handcrafted, resulting in seven emotions (anger, fear, joy, norf
sadness, surprise), and recorded under suboptimal conditions
features including duration, pitch/FO0, intensity and the first foul
(F1-F4) were extracted from the sentence, word and syllable unis
study - using Praat scripting and component-wise normalisa
normalised features were then subjected to an unsupervised fea
and dimension reduction process using PCA. A subsequent visug
the principal component dominant features (PCDFs) enablec
investigation of acoustic-emotion variability profiles for male @
speakers. The results revealed that speech formants, a direct corre
constitute the most PCDFs and is important for investigatifif
emotion variability profiles in African tone languages (ATLS
develop emotion databases for Ibibio emotion recognition §
ongoing, and a comprehensive statistical evaluation is expected if

Keywords: acoustic-emotion profile; emotion recognition; featurt
visualisation; PCA; African tone language.

dremainder of this paper is organised as follows: section 2 reviews
ks on the effect of acoustic features on emotions. Section 3
i€ data collection procedure. Section 4 performs the speech feature
%ection 5 deals with the speech feature selection and dimension
Process using principal component analysis (PCA). Section 6
€ acoustic feature-emotion profiles at the sentence, word and
Is. Section 7 concludes on the research and offers future research

1. Introduction

In spite of the potential benefits of emotion recognition, thes
remains open (Taylor, Scherer and Cowie, 2005), given the
emotion recognition systems to appropriately identify a featd
classification purposes. Research works on speech and emoto
shifted from exploratory to the production of (some) substantié
mainly in the field of Human Computer Interaction (HCI) - Wh
this area relies specifically on the development of appropr
databases (Douglas-Cowie, Campbell, Cowie and Roach, 2003
exist substantial research evidence on emotion classification

universally applicable classifier remains unsolved and dauntifig
to context-dependency and variability of the domain af€
(Sintsova, Musat and Pu., 2004). Emotion speech features at§
level features, and as such introduces the difficulty to extract at
them. Until now, there exists no clear cut on which speech feaft
in distinguishing emotions (Zheng, Yu and Zou, 2015) — a8 thy
easily influenced by speakers, speaking styles, sentences, SPE&

€ effects of emotion on acoustic characteristics of speech have
he average fundamental frequency (F0) values and ranges differ
1I0m emotion to emotion, and which FO contour spans the entire
€Orpus. Several reasons have been offered why FO changes with
= Potent at providing clues about the speaker's emotional state.
“€rable degree in the variations of FO is expected, since only
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certain aspects of the FO contour carry useful information about the ling e made to act/simulate seven types of emotions (anget, fear
content of a message. The principal linguistic functions of FO changes (u e d d d ; tle et B€T X
stress indicators and boundary markers of different types of utterance i, prfl 7 s; srie a;ln Sﬁrgrlse) dur} et og gty )
phrase and sentence). William and Stevens [8] found that anger, fea ound SR ev1ce{c Annel e ation et v §entence;5, V\Iller.e
sorrow situations tend to produce characteristic differences in the conf .cted " emotlon cas 'flhe const_ructed S oIgHONS 'an ——
fundamental frequency, average speech spectrum, temporal characte] iiEloss are shown in Tabl}elz I The rec.ordmgs e f:lope I;EHLg 2 zolc.)m
precision of articulation, and waveform regularity of successive® =0 recgrder. ghete grerts (.)f th;S L:ecord?r BTN 1S, U geaus
pulses. Further, attributes for a given emotional situation were notg ng QR 2 4bit/96kEz), ditect interfacing with a comgute;‘r systT(‘ehm
consistent from one speaker to another. Yildirim, Lee, Lee, Bulut} port i wave‘(.wav) forn.1at ([ 7Bl S i 1‘ty). .
Kazemzadeh and Narayanan (S. Yildirim, S. Lee, C. M. Lee, M. B B Was dont? using a sampling frgquency Fate oL 44.'1Mhz I stereo
Busso, E. Kazemzadeh and S. Narayanan, 2004) analysed chan ext, Audacity (? software for audio recording and edltl'ng) was u§ed
temporal and acoustic parameters such as magnitude and variab - N 3 Bsch signal to e HIJIOde.' Ly fo;/f[};x;LctAogver51ﬁn
segmental duration, fundamental frequency and the first three f me?ke > allrnenat?le Ky haitrlx Labora;ory ( di ) _.t ¢
frequencies as a function of emotion. They also explored acoustic diff ik e fenv1ronment ‘f(.>r this study‘. The relc e
among four emotions (neutral, sad, angry, happy). Their results show R 2 coup} o oy, as part1c1pants were given amp’e op portum(;:y .
anger and happiness emotions were characterised by longer duratio <ot before the recorc!mg Eafiirt e Parp i fwe;e e
inter-word silence; higher pitch; and root mean squared (rms) ener Iach R ence (at least) two times, and were given the freedom tg act
wider ranges. Sadness was distinguished from other emotions by I@ motlon fhere necessary): Most participahits preferzed! tojintro Hee

nal word(s) to enable them read the sentences successfully, and elicit

energy and longer inter-word silence; and differences in formani ) : - 7 . .

, 1 otions properly. For instance, a female participant desired to include
between (happiness/anger) and (neutral/sadness) were better ref B Bk ‘ol ; h p ¢ i
back vowels than in front vowels. Zhang, Ching and Kong (Zhang td [ifok ‘please’, to cue the emotion utterance for anger:

and Kong, 2006) found that vocal expression of the followingt
(anger, fear, joy and sadness) showed specific characteristics as rega
(or FO) contour, intensity contour, and timing of utterance. They
that anger gave the highest FO and F0 variance, shortest sentence e
highest short-time amplitude at sentence level. Their outcoR
compared well with the literature. Lin and Fon (Lin and
investigated pitch and duration cues of emotion speech in Taiwani
where a set of acted emotions (anger, joy, sorrow, fear and ne
recorded and analysed. Their results showed that FO height and 8]
were more correlated with arousal dimension, which differentiat@

€ UoAV WOk LPSiyo ‘leave the way for me to pass’ —a frequently used
0 cue such emotions — or to stimulate anger, while a male speaker
'to add the overtone sound ‘0-0’ to the end of the utterances for
B - in order to stimulate grief. Another male speaker preferred to
ize the object of reference while simulating the emotions. For
» in the sentence: odi!ivd 680 dtddvd adi waavo okou VoK
ation) ... that thief has started removing the roofing sheets’,
0K ‘roofing sheets’ was emphasized.

2. 1]

ecorded emotions and their respective gloss

of high arousal, such as anger and joy, from low arousal. Howeve

emotions such as anger and sorrow, had longer lengthening th motion type Emotion sentence English gloss

emotions. In (Guo, Yu, Hu and Y. Ding, 2016), a quantitative @ 2?) gg:(‘:(oéﬂé’%';?\;’:‘ui’f;%zﬁ; @ ::t)l"er*?‘a"e you disgraced my
continuous speech emotion of Lhasa Tibetan (a Chinese tone 1ang (i) Make way (leave the way) for me
performed. Using pitch, energy and duration features, they invest : e “t,o tp;ss = T
basicle?\otign t‘iattergf1 (ha}?rpgf,tsurpriset,_ sad, ngutt;'lal),tzgi E;?)Kggfllijsgggg:i ?gggévggf “,:g&v_d (i) ele;:mato(;; ] tart;)r... : s); e
correlation between Lhasa Tibetan emotions and the s g b entered my house
| the pitch, energy and duration of negative emotion acoustic g (4 VoK (ii) (exclamati}(;n) - that thief has
| appeared higher than positive emotions. zltf;et‘:: removing  the  roofing

(i) avwddy dut dudv é-yiv dnodédy (i) My wife has given birth to a baby
(i1) €yév Ppi dyd oidoikddfio poxd  boy

3. Data Collection

B poi Vv (ii) My child will leave for overseas
{ his study- 4 tomorrow
Handcrafted text was created to form the corpus for t y- = TR oy

corpus consists of a group of sentences that portrayed the tat (i) éwlv éxd Jipi Guéoi-pé v=8¢  (ii) My brother (or sister), good

morning to you too
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ge, 2010). A classic study in Peterson and Barney (1952) for instance,

S/No. Emotion type  Emotion sentence English gloss ) . e
5. Pride (i) Vot vaid vknd SOV Hpdpo (i) Tdo eat as freely as I want fg ed that the first two formant frequencies (F1 and F2), have significant
(ii) &€ i dvi égdidix dui (ii) My father owns this street tions among different speakers enunciating same vowel. In addition to
% Sadpess ??)“ tﬁ :Téé‘:l“ ;ggﬁﬁiﬁg\mﬂdv ® yesterda'; my father just trating the overlap between the different vowel classes, the F1-F2
II - B 1 : . . - .
(ii) mmm ... my mother is no has been established as the most descriptive, two-dimensional
well i ntation of the phonetic quality of spoken vowel sounds
- . q p
7. Surprise (i) tyci! dké Sdppc idomaidke? (i) (exclamation) ... when di
il) Vwd! Yo k€ EKETOT K (kAV dd turn mad? : . . . .
& 27 : (ii) (exclamation) ... were er to obtain a normalised speech signal sequence, a simple Praat script

sed to scan the long-term FO, intensity and formant features (for
ice, word and syllable units), and the averages collated to yield each
e of the sentence, word or syllable. Tables 2, 3 and 4, show the
alised duration, FO, intensity, F1-F4 extractions for anger emotion of the
female and male speakers, at sentence, word and syllable levels,

victim of that gun-shot?

4. Speech Feature Extraction

First, Praat (version 4.1.43) — a speech processing and analysis softwal
used to annotate the recorded emotion speech, and the recorded fi
saved in wave (wav) format. From the sound files, the TextGrid (af
of the annotation) was produced. The TextGrid files were then
extracting the speech features. We focused on three tiers — sentend
and syllable tiers, to obtain the respective units for these ti€
annotations allowed for a structured and easily accessible speech cof
are useful for future speech processing research. The following featul

. Normalised duration, F0, intensity, F1-F4 of male and female
motions for sentence unit

me Interval Name Duration  F0 Intensity F1 F2 F3 Fa
Nsinam yak asuenne 405 5488 7441 551.56 1664.51 2660.16 3825.23
eka mmi; dakka ke

extracted using Praat scripting: duration, pitch/F0, intensity and forf VN yak mboyo
Pitch/F0: Pitch represents the perceptual correlate of fundamental x;“;"ga;aii‘f“"e 292 15608 5885 59827 1659.12 274432 404073
(F0), which measures the rate of vibration of the vocal folds (in spee kusVN yak mboiyo

the relative highness or lowness of a tone as perceived by the
depends on the number of vibrations per second produced by
cords. Pitch is the main acoustic correlate of tone and intonation.

Normalised duration, FO, intensity, F1-F4 of male and female
motions for word unit

, . : T :
Intensity: The intensity of a sound wave represents the power afl ‘;;:;’:1 B eration. woFD s InteniFLe oL o ! oy
of the wave. Intensity correlates with the relative mean_sq BN 056 36278 TT8E 15506 167809 353135 355103
amplitude of the wave or how high above (compression) yak 018 253.08 8523 69099 147205 237554 3460.19
(rarefaction) the baseline the wave reaches in each cycle. picnne 038 22995 7806 588.07 177877 2782.60 4063.38
eka 022 173.64 7452 617.12 206397 275562 4057.35
) ] mmi 039 15221 6838 42523 163555 2627.59 3762.61
Formants: A formant is the concentration of acoustic enffr Dakka 043 27838 7769 78536 1717.14 260553 3964.12
particular frequency in a speech wave. It can be seen In ¢ 1<ul~°:VN 044 33994 79.22 49387 121601 2682.29 3900.62
. is inversel ya 024 21133 8031 666.89 151831 2509.39 3537.95
spectrogrfa Lt s bands. The first formant (F1) is he 10 __mboyo 0.64 20150 76.83 39892 1756.82 2736.78 3823.50
vowel height, i.e., the higher the (F1) formant frequency, the 043 21079 5961 71340 1977.09 296117 417892
height (and vice versa). The second formant (F2) in vowels ! . 0.14 175.38 64.81 65059 1489.51 249041 3710.70
related to degree of backness, i.e., the more front the vowel, the :ls;‘e‘“‘e g-gg ggig gg-ig gig.gg izzggg 2743.2‘11 gzgg:g
) . the ( . . . . . 60.88 2147. .
second formant (but affected by lip-rounding). The lower of mmj 028 10940 4791 63532 184219 301046 433163
frequency, the rounder shape of the lip (associated back v'owel _ dakka 029 159.87 6129 74798 126557 257448 3756.40
Gopal (Syrdal and Gopal, 1986) found that the acoustic €& g.gz ﬂggg gg.(z)z 23;.}; 1224.39 ;ﬁg.si ;;(l)g.gg
recognition are FO, F1, F2, F3 and F4. They normalized the vo : : : : 55.93 6 :
, F1, F2, : 052 132.73 59.14 42914 1659.80 279429 427131

abstract, speaker independent representation, and observed tha
vowel, FO and F4 represent speaking qualities, while Fl,
related to vowel identity. Further, F3 has been found'tO -.:
spreading, while F4 is more related to lip protrusion (Isei-JaakK
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Table 4. Normalised duration, F0, intensity, F1-F4 of male and feq
anger emotions for syllable unit

n an input space R” and target space R%; d << D, let X € R"*? be an
t dataset of N samples and D features, and X € RN*4jts low-dimensional
entation. A dimension reduction technique is a mapping ¢: R? - R¢
ptimises a cost function € Rd — R on the target space. This problem

Sound Interval

Name Name  Duration FO Intensity F1 F2 F3 B reduced to an eigenval " 1 :
flanger N 010 22603 7737 39808 168400 277138 e eigenvalue problem whose elgcavecton defines
) si 024 33639 7967 42727 176005 2717.86 mbedding Y. Assuming a training set with N samples {x;}i~;, each
nam 022 44027 8580 61457 1589.00 2214.89 e represented by an n-dimensional vector x; = [Xy;, Xz, ., %n;)7, PCA
yak 018 25308 . 8523 69099, 147208, 237050 be considered as a linear transform that maps data from the original
a 0.09 207.89 7824 73242 155801 2549.41 '
suen 0.18 25032 7734 59867 174459 2792.08 urement space to a new space populated by a set of new variables.
ne 011  226.66 79.06 455.17 201070 2954.82 pse the linear transform is denoted by matrix L, then pattern x in the
e 0.13 18091 7453 507.06 228976 2851.36 bace is represented as,
ka 009 166.04 7451 78160 172652 261253
m 014 15913 69.77 58432 1608.67 264042 =
mi 025 147.81 6759 33577 165067 2620.38 : y=LTx )
dak 019 22011 76.68 69218 1893.62 2767.38 = [y1,¥2, ., %q)7, L = [G1, G2, .., qq]" and
ka 024 32357 7848 857.65 158023 2479.98 =Dz - g]_'[ 41,92 . 9] e 3
ku 0.12 34373 8236 44676 119455 2250.52 q; = |91, X2j» v Xpjb = 12, ) ()
sVN 032 33829 7801 51193 122423 2847.74 g d < n, but most often d « n. The new variables y;, j = 1,2,...,d, are
ak 024 21128 80.29 666.15 1517.81 2509.20 B . ' jr ;
Ym A 21515 68 60016 166768 278297 rn}c:lp:al components (PCs). Now, consider the projection of x; on the
bo 0.16 22361 8332 43044 142370 265276 cipal axis, then,
yo 041 18791 7411 349.67 1907.88 2761.86 Vii = q5%: = XV QX 3)
ml_anger  nsi 020 19830 5502 82694 252243 3786.88
B 024 21454 62.86 62930 1573.14- 2349.55 _ . oy i
r;?: 014 17538 6481 65059 1489.51 249041 As seen in equation (3), the projection of a sample on the principal
a 013 7159 60.03 66356 1424.16 305041 5 a linear combination of all variables. However, some of the variables
suen 013 14422 5926 52229 161415 2787.16 o . S, SR
ne 011 14983 6154 41737 188013 232993 undant, irrelevant or insignificant, which indicates that feature
e 009 146.14 5717 39423 1848.68 2213.86 on can only be achieved through the identification of subset of
ka 020 124.96 5322 61312 128190 2117.33 les whose roles are critical in determining data projections on the
m 0.17 }(1’3'2:‘1’ ig";; %‘;'ig %ﬁg ;gg;'gg pal axes. We observe here that the significance of a single variable x;
i 0.10 . . . . : i : le
(EL 014 14391 59.45 70800 132345 273333 valuated based on the value of the corresponding coefficient q;;. An
ka 015 174.02 6294 78396 121348 243;--’2); Ximate method (Dash and Liu, 1997) is therefore introduced for feature
l:;;\, g’ig ;};gﬁ gi'gz ggg'gg ;?g:gg gggzbs in two inter-related steps: (i) select a subset of relevant features; and
syak 026 15225 6522 60215 135593 2347.64 ¥Ct critical features from the relevant features. Further, a recurrence
m 0.08 15058 63.69 45557 119724 250753 On of principal component dominant feature (PCDF) about yj can be
boi 017 149.86 6273 41446 165646 269471 B follows:
yo 027 11241 5539 43044 180130 294358

@ specific principal component y,, a variance with the largest
fficient in the component is a PCDF;

the remaining features, if x; is a relevant feature about y, i.e.,

it Yk) > w, and there exists no PCDF x, — which is subject to :—Z—g’j—p;:- =
e

< 8 < 1), then features x; is a PCDF about y.

5. Feature Selection and Dimension Reduction

Our choice of an unsupervised technique to feature selection is tha

applications, the class labels are unknown (Dash and Liu, 1997)
based unsupervised selection algorithm (Luo, Xiong and Wang, £
adopted in this work to select the dominant principal compone
and eliminate redundant feature frames that hitherto W€
contributed to poor selection. PCA is used in this study' becausé;
powerful tool to visualise high dimensional data, (ii.) it shOW5
difference among observations, (iii.) it is useful for assessing fiata
for the discovery of relationship /variability between data points:

IStic-Emotion Profiles Visualisation

ke Unit Visualisation

> shows an extraction of the first three principal components at
€ level from the speech features of the recorded emotions. Observe
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files for male speakers, while FO and F4 features exhibited major

that F1 and F3 features of all the emotions within the first prif
ences in emotion profiles in female speakers.

component (PC1) for male and female speakers were most domina
with eigen values above 1 or |-1]), and captures the most variance, i.¢
for male speakers, and 100% for female speakers (see Fig. 1.). Frg
visualisation plots, it appears that all the speech features (F1, E
exhibited major differences between the emotion profiles, and are use
modelling emotion speech variability in Ibibio.

6: Extraction of the first three components for word unit

Principal component

Male speaker Female speaker

Speech
1 2 3 feature 1 2 3

Table 5. Extraction of the first three components for sentence unit
-1.2396 -0.1176  -0.3342 FO_Anger -1.3336 0.0546 -0.0281

Principal component 11121 07317 -0.1651 FO_Fear 12769 03279  -0.0001
Speech feature Male speaker Female speaker -1.1542 04120 0.2515 FO_Joy -1.2981 0.1829  0.0939
1 2 3 1 2 12502 -0.0166 00333 FO_Normal -13477 00913  0.0659
s e trorl o snet it 0o 12390 -0.0410 00156 FO_Pride  -13364 00781  0.0499
11925 01432 03574 FO_Sad 13415 0.1395 01536
F1_Fear 411782 00877 01810  -1.1809  -0.0157 W1 Fo_sa e > 31146 b s
T . : ise  -1.2630 0. :
F1_Joy 12263 09512 -0.3669  -11970  -0.4856 e F3‘A“rpr‘se Pt
F1_Normal 12565 03280 -03360 -1.2528  -0.0744 ~NgEr
. 01103 1.6211 -0.8802 F3_Fear 05032 19123 -1.3034
F1_Pride 12208  -1.0176  -1.1988  -12156  -0.1714 e st i N Tt
F1_Sadness 411734 11862  -0.2056  -1.2477  1.8440 0'0802 0'6937 0‘1090 F3-J1:y | 0'2390 0'8086 0'2011
F1_Surprise -11833 03446 00769 -11676  0.1450 '0'0186 '0'8008 '0‘3120 = ‘?;ma - '0'8925 '0'4508
F2_Anger 00173 06416 03749 00412  0.0884 e '0‘1359 '1‘0106 F3-S“de g '0'0693 '1‘2930
F2_Fear 00226 08707 24728  -0.0478  -1.8127 . '0'0007 o F3_sa = 3‘3809 '0'0689 e
F2_joy 00057 -07485 13864  0.0300  0.7597 : - : i iy, '
07935 -1.6175 -2009 F4_Anger  0.6957 -1.5373 -1.8189
F2_Normal 00389 01431 04308 01011  -0.7209
15395 2.5823 -1.8975 F4_Fear 11923 2.5275 -1.6789
F2_Pride 00157 07693 01723 00670  0.3593
o ot ttmmr e 7760+ omats e o 13044 10531 08233 F4_joy 11278 1.0302  0.8833
2-Sadness ' ' ‘ ' g 09657 -1.3030 -0.3755 F4_Normal 09111 -12025 -0.3772
F2_Surprise e BRES  GES7S I 0005 4 09827 -14081 -05981 F4_Pride 08509 -1.2652 -0.6616
F3_Anger 11760 06026 -1.0610  1.1624 0'0236 13310 02510 17478 F4 Sadness 11004 -0.1634  1.6752
: : . 06
F3_Fear 12580 02265 08210  1.2087 -0 12322 01714 17625 F4 Surprise 10559 -0.1917  1.5664
F3_Joy 10888  -1.9481 04195 11060 13133
F3_Normal 11252 06103 -1.8592 11582  -0.6759 ‘{he visualisation plots in Fig. 2 indicates that feature patterns of F1
F3_Pride 11105  -2.1764  0.2933 1.1544  0.5465 € speakers - Fig. 2 (a) ) and F1 (for female speakers — Fig. 2 (b)) tend
F3_Sadness 13249 09485 -0.2059  1.2668  1.5606 €I together, meaning that speech features in this class maintained

WOﬁon profiles. Hence, F2 and F3 features in male speakers showed
riability with PC1 (73%) capturing the most variance, while PC2
Id PC3 (5%) captured the least variances. In female speakers: F3 and
ires showed high variability, with PC1 (79%) capturing the most
» While PC2 (12%) and PC3 (5%) captured the least variances. We can
here that F2, F3 and F4 features exhibit high variability in the
! Profiles, and are useful for investigating emotion feature variability

F3_Surprise 1.1856 0.7757 -1.5865 1.1879

Word Unit Visualisation

In Table 6, extraction of the first three principal components at
from speech features of the respective emotions is presented. As €
in the table, F1 and F3 features exhibited major differences:
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d female speakers, respectively, but the bonding appear stronger in
Pea.k'ers than. male speakers. Hence F3 and F4 features constitute
ability emotion profiles, and are useful for investigating emotion
variability in Ibibio.

Syllable Unit Visualisation
In Table 7, the extraction of the first three principal components at§
level for obtained speech features of the recorded emotions is presen|
seen in the table, PC1 of the emotion profiles for both speakers does ng
significance for F2 and F3 features (for male speakers), and Fl
features (for female speakers).

Table 7: Extraction of the first three components for syllable unit

Principal component

Speech Male speaker Female speak
feature

. 2 3 Speech feature 1 2 :
F2_Anger -1.3316 -0.0416 -1.0427 Fl1_Anger -1.3357 0.0016 ! person) N -
F2_Fear ~ -0.9521 11708 0.0284 Fi_Fear -1.2507 0.4748 Male AL
F2_Joy -0.8108 1.1629 -0.2291 F1_Joy -1.2218 0.4258 fisualisation of sentence level principal components for male and
F2_Normal -1.2004 0.0012 0.3795 F1_Normal -1.3479 0.0366 P eakers i
F2_Pride -1.1719 -0.0120 0.3235 F1_Pride -1.3278 0.0377

e Fl

F2_Sadness -1.1450 -0.0459 0.1130 F1_Sadness -1.3494 0.0554
F2_Surprise -1.0580 0.3108 0.9626 F1_Surprise -1.2544 0.1512

* F2
® F3

F3_Anger -0.4310 -0.6811 -1.8223 F3_Anger 0.0579 -0.8558

F3_Fear 0.4597 1.4244 -0.3767 F3_Fear 0.5014 1.5222

F3_Joy 0.2978 1.3791 -0.2858 F3_Joy 0.4377 1.3996

F3_Normal -0.2833 -0.5797 0.2876 F3_Normal 0.1706 -0.7887

F3_Pride -0.2653 -0.5762 0.3173 F3_Pride 0.2055 -0.7534

F3_Sadness -0.1624 -0.6289 0.3214 F3_Sadness 0.2512 -0.7454 s :

F3_Surprise -0.0294 -0.0537 1.5948 F3_Surprise 0.3319 -0.0061 T, o PeHZM 27 porgaw
F4_Anger 0.5887 -1.3983 -2.5719 F4_Anger 0.7537 -1.2771 Male Fertale
F4_Fear 1.8921 1.5552 -0.3047 F4_Fear 1.2656 1.9577 |

F4_joy 17285 14241 05394 F4_Joy 12669 18717 § :l:hsation of word level principal components for male and
F4 Normal 0.8765 -1.3062 0.2383 F4_Normal 0.9035 -1.1886 i

F4_Pride 0.8189 -1.2561 0.2956 F4_Pride 0.8866 -1.0982
F4_Sadness 0.9636 -1.3247 0.2936 F4_Sadness 0.9785 -1.1003
F4_Surprise 1.2195 -0.5240 2.0171 F4 Surprise 1.0765

The visualisation plots in Fig. 3 indicate that all the sele
separate into independent clusters. Hence, in male speaket
features show high features variability with the most variance
PC1 (57%), while PC2 (29%) and PC3 (5%) captured the 1
Similar observations go for female speakers with the most vars
by PC1 (74%), while PC2 (19%) and PC3 (4%) captured the leas
and F1 features appear to show close similarities in the emOtE
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Fig. 3: Visualisation of syllable level principal components for
female

7. Conclusion and Future Research Direction

In this paper, we have demonstrated the visualisation of acoustt
profiles, the first of its kind, as far as we know, for African tone I
using PCA. We found that only formant features constituted th
which imply that vowels, a direct correlate of tone is most respon
useful for discriminating variability profiles in ATLs. A deeper
populate the literature for the advancement of emotion recognitio
and the support our claims using high quality recordings is expe
future.
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