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ABSTRACT: Dental plosives /d/ and /t/ in Kannada (Mysote dialect) shate neatly
identical place and manner of articulation, making them acoustically similar and
particularly difficult for articulation-disordered individuals to learn. This study
presents a comparative acoustic analysis establishing a baseline profile from a normal
native speaker, with each phoneme iterated five times and analysed using Praat for
spectrogram generation and Origin 2026b for statistical visualization. Formant
frequencies (F1-F4) were compared across three estimation approaches—direct
measurement, Linear Predictive Coding (LPC), and Short-Time Fourier Transform
(STFT) envelope peaks—alongside intensity, pitch, jitter, and shimmer. Results show
jitter and shimmer remain nearly identical between the two phonemes, while intensity
and pitch maxima differ significantly, offering a reliable acoustic marker for
distinguishing them. LPC yielded smoother, more accurate resonance tracking than
the comparatively noisy STFT envelope, especially at lower frequencies. These
baseline findings provide a quantitative acoustic reference supporting diagnostic and
therapeutic strategies in speech-language pathology.

Speech is a complex acoustic signal shaped by the coordinated movement of the vocal tract, and any deviation in articulatory

precision manifests as measurable changes in its acoustic structure [1], [2]. Among the various classes of speech sounds,

dental plosives such as /d/ and /t/ are particulatly challenging for individuals with atticulation disotders, as both consonants

share nearly identical place and manner of articulation, differing primarily in voicing and subtle temporal-spectral cues [3].
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This acoustic closeness makes /d/ and /t/ a frequent source of confusion duting speech therapy, especially in undet-

resourced regional languages such as Kannada, where standardized acoustic baselines are limited [4].

Acoustic analysis using tools such as Praat has become a widely accepted, non-invasive method for objectively characterizing
normal and disordered speech through parameters including fundamental frequency, formant structure, jitter, and shimmer
[5], [6]. Formant frequencies (F1-F4), representing vocal tract resonances, remain among the most reliable indicators for
distinguishing phonemes with similar articulatory postures [7]. Complementing formant-based analysis, digital signal
processing (DSP) techniques such as the Short-Time Fourier Transform (STFT) and Linear Predictive Coding (LPC) provide
two contrasting approaches to spectral estimation: STFT offers a direct time-frequency representation of the raw signal
[8],[10], while LPC models the vocal tract as an all-pole filter, yielding smoother and often more accurate resonance tracking,

particularly at lower frequencies [11], [12].

Beyond phoneme-level formant analysis, acoustic markers such as jitter and shimmer have proven valuable in characterizing
voice quality and articulatory stability across a range of speech and voice disorders, including dysarthria, stuttering, and
dysphonia [13],[15]. However, comparative studies applying these DSP-based techniques specifically to confusable dental
consonants in Indian regional languages remain scarce. This study addresses that gap by presenting a comparative acoustic
analysis of Kannada /d/ and /t/, combining spectrographic, LPC, and STFT-based formant estimation to establish a
quantitative baseline that can support diagnostic and therapeutic decision-making for articulation-disordered individuals.

METHODOLOGY

Phoneme articulation in Kannada language (Mysore dialect) by a normal native speaker is captured using microphone (Cirrus
high definition) of Dell laptop. The client is asked to iterate phoneme ADA and ATA for five times and the signal is captured
for acoustic analysis. Using Praat(version 7.0) an opensource software, spectrogram is obtained and analysed based on the
formants (F1-Fundamental frequency). The spectrograms of phonemes for consonants /d/ and /t/ are sketched along with
all the formants in the form of speckles shown as red dots in the Figure 1./d/ and /t/ are the dental consonant and very
difficult for the articulation disordered patient to learn and articulate.
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Figure 1: Spectrogram of Phoneme articulated /d/ and /t/

Though the sound has almost similar acoustic characteristics they differ in the intensity as shown in the comparison chart for
both /d/ and /t/ in Figure 2. Thesedentalplosives on petseverance and manner of articulation appears to be identical. A bar
graph that includes intensity maximum,pitchmaximumsjitter and shimmer are plotted for both /d/ and /t/ phoneme to
highlight the acoustical significant difference while articulating. Jitter and shimmer are almost identical for both the phonemes
except the intensity and pitch for corresponding formants. The graph is platted using Origin 2026b software tool for
analysing the acoustic characteristics in consonant.
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Figure 2: comparison bar graph depicting significance difference in intensity and pitch of articulated phonemes /d/ and /t/
respectively

In order to analyse acoustic difference in the articulated phonemes in Kannada (/d/ and /t/) a comparative analysis is
carried out on the spectrogram using STFT (Digital Signal Processing) obtained using Praat and linear predictive coding using
Origin 2026b.The formant frequency, LPC and STFT (to detect envelop peak) for both /d/ and /t/ is captured in Tablel and
Table 2 respectively.

Table 1: Formant Frequency Comparison for phoneme ADA-Kannada language

Formants | Frequency LPC STFT Spectrogram
(Envelop peak)

F1 651.97 Hz 785.5 Hz 215.3 Hz

F2 1444.17 Hz 1481.1 Hz 581.4 Hz

F3 2868.49 Hz 2905.7 Hz 818.3 Hz

F4 4136.34 Hz 4352.2 Hz 1432.0 Hz

Table 2: Formant Frequency Comparison for phoneme ATA-Kannada language

Formants | Frequency LPC STFT Spectrogram
(Envelop peak)

F1 659.06 Hz 695.5 Hz 247.6 Hz

F2 1460.79 Hz 1453.7 Hz 656.8 Hz

F3 2923.96 Hz 3031.0 Hz 1335.1 Hz

F4 4435.47 Hz 4427.8 Hz 4489.7 Hz
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RESULT:

To study the phoneme articulation manner based on two approaches one being spectrogram a raw voice print and LPC for
more accurate analysis methods that operates on directly on time-series blocks that can predict error and minimize it before

converting it to frequency domain. Spectrum showing the envelop peak for high frequencies for both /d/ and /t/ phonemes

in Figure3.
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Figure 3: Short Time Fourier Time (STFT) spectrogram of phoneme/d/ and /t/ with frequency (Hz) in Y axis and Time (s)
on X-axis
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Figure 4: Linear predictive coding (LPC) providing smooth curve of phoneme spectrum articulated for /d/ and /t/

respectively

On comparing the STFT spectrogram and LPC envelope for tracking the vocal-tract resonance the former is noisier than
LPC. LPC directly plots all the pole that corresponds to the vocal tract resonances, providing more accuracy.STFT'doesn’t
provide continues resonance peaks for low frequency resulting in noisy true formants. From Figure 4 it’s clearly evident that
on increasing the window we can smear closely spaced low frequency signals.Accuracy of LPC is approximately near to the

original and STFT underperforms.
CONCLUSION:

This study established a baseline acoustic comparison of the Kannada dental plosives /d/ (ADA) and /t/ (ATA) from a
normal native speaker of the Mysore dialect, using spectrographic, LPC, and STFT-based formant analysis. While the two
phonemes are perceptually and articulatorily similar, the results demonstrate that intensity and pitch maxima provide a
consistent and measurable point of acoustic divergence, whereas jitter and shimmer remain largely indistinguishable between

them. Comparison of formant-tracking methods further confirmed that LPC yields smoother, more reliable resonance
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estimates than the STFT envelope, particularly at lower frequencies where spectral smearing degrades STFT accuracy. These
findings offer a quantitative acoustic reference that can help clinicians and speech-language pathologists differentiate /d/ and
/t/ production more objectively, supporting targeted diagnostic assessment and therapy planning for Kannada-speaking
individuals with articulation disorders. Future work will extend this baseline to a larger cohort of both normal and disordered
speakers to validate its clinical applicability.
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