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Abstract: This paper presents an in-depth analysis of the main groups of features derived from the speech signal
— spectral, prosodic, and Mel-Frequency Cepstral Coefficients (MFCC) — and proposes algorithms for their
extraction. One of the key stages in speech-based emotion recognition is the accurate extraction of emotional
features from the signal. Regardless of the type of classification model employed, its accuracy and robustness
directly depend on the quality of the used features. Therefore, this study focuses primarily on the effective
extraction of such features.
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1 Introduction

Spectral features describe the frequency structure of the sound, the distribution of energy across
low and high frequency bands, and the temporal dynamics of the spectrum. Prosodic characteristics
convey the emotional expressiveness of speech through variations in intonation, fundamental
frequency, intensity, and rhythm. Mel-Frequency Cepstral Coefficients (MFCCs) capture the timbral
quality and articulatory behavior of the speaker’s voice in a concise mathematical representation.
Each of these feature groups reveals specific aspects of emotional expression; however, their isolated
application is often insufficient. Therefore, this paper proposes the construction of a unified feature
space through the integration of spectral, prosodic, and MFCC characteristics, resulting in a more
informative and discriminative feature set.

Furthermore, emotion modeling in this study relies on two paradigms — discrete and dimensional.
The discrete approach classifies emotions into predefined categories, while the dimensional approach
evaluates emotional states along the axes of valence and arousal.

2 Methods

In this study, a multitask learning model is developed that combines both approaches: discrete
emotional classes are determined using a Softmax-based classifier, while dimensional indicators are
computed through regression analysis and the Concordance Correlation Coefficient (CCC).

The first and most critical stage in speech-based emotion recognition is the accurate extraction of
emotional features from the speech signal. When the extracted features adequately represent the
physical and psychoacoustic properties of speech, the subsequent classification models perform with
significantly higher efficiency [1-3].

2.1 Problem Statement

Recognizing emotions from speech depends on extracting features that accurately reflect both the
acoustic properties and expressive nuances of human voice.
While spectral, prosodic, and MFCC features describe different dimensions of the speech signal,
relying on them separately does not fully capture the complexity of emotional expression.
The task addressed in this work is to design an algorithm that can effectively extract and integrate
these features into a single, informative representation suitable for emotion recognition.
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To achieve this, a pipeline approach is proposed, combining spectral, prosodic, and MFCC feature
analysis within a multitask learning framework that supports both discrete and dimensional emotion
modeling.

Method of solution

Accordingly, this section focuses on the extraction of three principal groups of speech signal
characteristics: spectral features, prosodic features, and Mel-Frequency Cepstral Coefficients

(MFCC). The speech signal is represented as a continuous function s (t), which is then discretized

for the purposes of digital processing.

Fig.1. Representation of the speech signal by time zone and visualization of the signal quantization
process.

s[n],nzO,l,...,N—l, (D)

The speech signal s [n] is represented as a sequence of discrete samples, where N stands for the total

number of samples and F, for the sampling rate. Because speech is a non-stationary process and also

it is divided into short overlapping segments or analysis frames. As each frame, the signal can be
treated as approximately stationary, that allows reliable mathematical processing.

Fig.2. Frequency-domain spectrum of the speech signal (Fourier transform).
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Spectral features are then obtained using the Short-Time Fourier Transform (STFT):

= Dis [n] w[n - mH] g /N (2)

n=0

where S (k,m)denotes the spectral magnitude corresponding to the m-th frame, w[n] represents the

windowing function (for example, a Hamming window), H is the frame shift (hop size), and & stands
for the frequency index. Using this expression, the frequency spectrum of the signal is generated,
from which several essential acoustic features are derived. One of the key spectral descriptors is the
spectral centroid (i.e., the center of gravity of the spectrum), which is defined as follows:

21 IS(k
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where f, denotes the frequency value corresponding to the k-th bin, and ‘S (k)‘ represents the

amplitude spectrum. This feature characterizes the so-called “brightness” of the sound. For instance,
in emotional states such as joy or anger, high-frequency components become more prominent,
causing the spectral centroid to shift upward. Conversely, during sadness, low-frequency components
tend to dominate [4].

Fig.3. STFT spectrogram with Hamming window and spectral centroid trajectory.

Another important spectral descriptor, the spectral roll-off, that defined as the frequency below
which 85% of the total spectral energy of the signal is concentrated:

R= min{ £ SIS (k)2 O.SS%S(k)‘} “

where f. denotes the threshold (cut-off) frequency. This feature indicates the frequency range in the

main portion of the sound energy is concentrated either in the high-frequency or low-frequency
region. For example, in speech expressing anger, most of the energy is concentrated in the upper
frequency band, whereas in neutral or sad speech, the lower frequency components dominate. The
spectral flux feature describes the rate of spectral change over time, reflecting how rapidly the
frequency distribution of the signal evolves:

S, (k)| S.. (k)| 5)

where S, (k)represents the spectrum of the current frame, and S, , (k) denotes the spectrum of the

previous frame. A high spectral flux value indicates a rapid change in the sound spectrum, which is
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typically associated with emotional states such as excitement, fear, or stress. Prosodic features reflect
the intonation, pitch, and rhythm of speech [5]. To determine the fundamental frequency (pitch), the
autocorrelation function is applied:

R(T)zZs[n]~ s[n—z'] (6)

where 7 denotes the time lag (delay period). The pitch value is determined by identifying the period
that corresponds to the maximum autocorrelation, taking into account the sampling frequency and the
maximum lag.

Fig.4. Autocorrelation of voiced-like speech segment.

F
Fy=— (7)
T

max

where F denotes the sampling frequency, and 7, represents the period corresponding to the

maximum autocorrelation. The pitch feature plays a crucial role in distinguishing between different
emotional states: in joyful and angry speech, the pitch tends to be higher, whereas in sad speech, it is
typically lower.

Fig.5. Time-domain and frequency-domain energy of the speech signal.
The signal energy is calculated by summing the squares of the amplitude samples as follows:
1
E=—Ys[n] 8
N [n] (8)
A high energy value is typically associated with emotional states such as anger or joy, whereas a
low energy level corresponds to sadness or fear. The stability of speech is evaluated using the jitter

and shimmer features [6—8]. Jitter characterizes the variability of pitch periods, while shimmer
reflects the variability of amplitude:
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where 7, denotes the pitch period in the i-th cycle, 4 is the amplitude in the i-th cycle, and M

represents the total number of cycles. Under emotional conditions such as excitement, stress, or fear,
the values of jitter and shimmer increase significantly, as vocal vibrations become more irregular [9].

Fig.6. Pitch contour with Jitter and Shimmer values computed using Praat.

The Mel-Frequency Cepstral Coefficients (MFCC) are based on the sensitivity characteristics of
human hearing. To compute them, the frequencies are first converted to the mel scale according to
the following transformation:

£ =2595- log, (1+%J (10)

Then, using a set of mel filter banks, the spectral energies are computed. These energies are
subsequently logarithmically scaled and transformed into cepstral coefficients through the application
of the Discrete Cosine Transform (DCT):

c, :iog(Ek)- cos ﬂ(k—O.S) (11)
k=1 K
where E,— output of the k-th mel filter, K — the total number of filters, and ¢, —the n-th cepstral
coefficient. The MFCC features characterize the timbre, articulatory, and resonance properties of

speech. Typically, 12—13 coefficients are used, and the first- and second-order derivatives are added
to form a complete feature set [10—11].

Fig.7. MFCC representation of the speech signal.
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3 Results

The proposed algorithm was implemented and evaluated on a set of emotional speech samples.
As a result of the feature extraction process, three major groups of features — spectral, prosodic, and
MFCC — were successfully obtained. The spectral descriptors, including centroid, roll-off, and flux,
effectively captured the distribution and dynamics of frequency energy. In emotional states such as
anger or joy, a noticeable upward shift of the spectral centroid and an increase in spectral flux were
observed, indicating higher energy and vocal tension. Prosodic features such as pitch, energy, and
rhythm demonstrated clear correlations with emotional intensity: the pitch and energy values rose
during excitement and anger, whereas lower values were typical of sadness and calm states.
The MFCC features, representing timbral and articulatory characteristics, provided a compact yet
highly informative description of the speech signal. Combining all three feature groups in a unified
representation led to a more robust and discriminative feature set, improving the precision of emotion
recognition compared to using any individual feature group alone.

Table 1. Comparative Analysis of Speech Signal Processin

Methods and Their Analytical Domains

No. Methods Analys.ls Primary Objective Key F1nd1ngs / Pra.ctlc?l
Domain Interpretation Application
To observe Shows speech intensity, | Preprocessing
Waveform -+ Time tempo.ral. amplitude | pauses, and the'st.epw1se . agd s1gna1
. . variations and nature of digital digitization for
1 Sampling & Domain + . e :
Quantization Digitization demonstrate digital sampling; establishes feature
conversion of the base for all extraction and
speech subsequent analysis segmentation
. . Reveals dominant low- Usefql for
. To identify the filtering,
Fourier frequency energy and
Frequency frequency . formant
2 Transform . gradual attenuation .
Domain components of the : analysis, and
(FFT) . toward higher ;
speech signal 5 timbre
frequencies .
evaluation
. Phoneme
To examine time- Displays local spectral segmentation
STFT + Time— varvine spectral evolution and tracks the < eech—musi(;
3 Spectral Frequency TYINg SPe centroid as the “center peechmu
. . content using a s discrimination,
Centroid Domain . . of gravity” of spectral
Hamming window ener and tone
&y classification
To measure Distinct peaks indicate | Pitch detection,
periodicity and pitch period regularity; speaker tone
. Temporal . .
4 | Autocorrelation estimate the reflects analysis, and
Structure . .
fundamental voiced/unvoiced prosody
frequency (Fo) segments modeling
Voice activity
Short-Time . To evaluate High-energy mteryals detection,
Time + . correspond to active speech
Energy & instantaneous and . .
5 Frequency speech regions; segmentation,
Spectral . spectral energy : .
Domains i X correlates with loudness | and emotion
Energy variations over time . . . .
and articulation intensity
analysis
Speaker health
Jitter & Acoustic To assess short- Higher Jlttc?r/shlmmer assessment,
. o term frequency and | values indicate vocal pathology
6 Shimmer Stability i : 1 . : .
(Praat) Features amp 1tu.de instability or irregular detegtlon, and
perturbations vibration patterns emotional state
analysis
7 MFCC (Mel- Cepstral To extract Captures timbral and Core features
Frequency Domain perceptually phonetic characteristics; for
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Cepstral relevant spectral robust to noise and speech/speaker
Coefficients) features using the pitch variation recognition and
Mel scale biometric
identification

4 Discussion

The results confirm that integrating multiple types of speech features yields a more complete
acoustic description of emotional expression. Spectral features capture the physical properties of the
signal, prosodic features reflect expressive and physiological aspects of speech, and MFCC
coefficients describe the vocal tract’s resonant behavior. Together, they form a complementary
system where each feature group contributes unique information, resulting in improved classification
stability and accuracy. Moreover, the experimental findings demonstrate that emotional variations are
not limited to pitch or energy changes alone but are distributed across multiple acoustic domains.
Therefore, a multimodal feature extraction strategy — as proposed in this study — is essential for
developing reliable models of speech-based emotion recognition. Future work may focus on
optimizing feature selection and exploring deep learning architectures that can automatically learn
hierarchical representations from raw speech signals.

5 Conclusion

In summary, the developed algorithm makes it possible to extract spectral, prosodic, and MFCC-
based descriptors from the speech signal. Spectral features reflect how the energy of the signal is
distributed and changes across frequencies. Prosodic characteristics capture the speaker’s intonation
patterns and voice stability, whereas MFCC coefficients describe the timbre and articulatory
properties of speech. Combined, these features form a reliable basis for accurate recognition and
classification of emotional states.
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SPEKTRAL, PROZODIK VA MFCC BELGILARNI AJRATIB
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Anotatsiya: Ushbu maqolada nutq signalidan olingan asosiy belgilar guruhlari — spektral, prosodik va Mel-
chastotali kepsrtal koeffitsiyentlar (MFCC) — chuqur tahlil qilinadi va ularni ajratib olish algoritmlari taklif
etiladi. Nutq orqali hissiyotlarni aniqlashning muhim bosqichlaridan biri signaldan emotsional belgilarni aniq
ajratib olishdir. Qo‘llaniladigan tasniflovchi modelning turidan qat’i nazar, uning aniqligi va ishonchliligi
bevosita foydalanilayotgan belgilarning sifatiga bog‘liq. Shu sababli, ushbu tadqiqot asosan bunday belgilarni
samarali ajratib olishga qaratilgan.

Kalit so‘zlar: spektral belgilar, nutq, emotsiyalar, signal, MFCC belgilar.

PA3PABOTKA AJITOPUTMOB BBIJIEJEHUA
CHEKTPAJIBHBIX, TIPO3OINYECKUX U MFCC ITPU3HAKOB
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!TamkenTckuii yauBepcuteT MHGOPMALMOHHBIX TEXHOJIOTHI MMeHH MyxaMMaia an-XopasMui,
TamxkenT, Y30ekucraH.
’Hay4Ho-HcClIeI0BaTebCKMIT MHCTUTYT Pa3sBUTHs HU(POBBIX TEXHOJIOTHI M HCKYCCTBEHHOTO
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AHHOTauus: B gaHHON cTaThe MOAPOOHO aHAIM3HPYIOTCS OCHOBHBIE TPYMIIbI MPU3HAKOB, TOTYYEHHBIX M3
pEUYeBOro CcHUTHala - CHEKTpalbHbIC, MPOCOAMYECKHE W MEJIb-UYaCTOTHBIE KATICTpaibHBIE KOA(DQOUITUEHTHI
(MFCC) - u mpemiaraloTcsi anropuTMbl ux BbiaeiaeHus. OJHUM U3 BKHBIX JTAOB ONPEJEICHUS SMOIHMA
MOCPEICTBOM PEUH SABJISIETCS UETKOE BBIJIEIEHNE SMOIIMOHATBHBIX MPU3HAKOB U3 cUrHaNIa. HezaBucumo oT Thmna
MPUMEHSIEMON KIacCH(PUKAIMOHHON MOJIENH, €€ TOYHOCTh M HaJeKHOCTh HANpsSMYIO 3aBUCAT OT KauecTBa
UCIIONBE3YEMBIX TPU3HAKOB. [103TOMYy HaHHOE HCCIIeIOBaHHE B OCHOBHOM HAIpaBleHO Ha 3((eKTUBHOE
BBIJICIICHUE TaKUX MIPU3HAKOB.

KutoueBble cjioBa: crieKTpasibHbIE IPU3HAKY, peub, 3MoLuu, curHai, MFCC npusHaku.
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