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A spectrotemporal modulation application for1

distinguishing modal and whistled speech2

Abstract3

Machine learning procedures have become efficient at using acoustic informa-4

tion to distinguish modal speech, but their application on other speech modalities5

remains largely overlooked. Operating under the hypothesis that non-spoken6

speech classification requires a more robust acoustic analysis in which to train7

models, this study applies a spectrotemporal modulation (STM) analysis to exam-8

ine its effectiveness at distinguishing modal and whistled Spanish speech. A9

linear mixed-effects model revealed that in comparison to modal speech, whis-10

tled speech had significantly increased spectrotemporal modulations generally11

above 1 cycles per octave. Features identified as significantly relevant for dis-12

tinguishing speech modalities were extracted, and an automatic speech modality13

classification task was developed. STM- and MFCC-feature models performed14

similarly, boasting weighted accuracy performances of 92% and 94%, respec-15

tively. Although an STM analytical approach had not previously been applied to16

whistled speech, our results support existing evidence on its acoustic character-17

istics. Moreover, our findings have key implications for using STM-features for18

automatic speech modality classification tasks, as it reduced the feature space at19

little cost to performance.20

Keywords: automatic speech modality classification, whistled speech, non-speech21

vocalisations, spectrotemporal modulation22

1 Introduction23

Machine learning procedures have become efficient at using acoustic information to24

distinguish modal speech, but their application on other speech modalities remains25

largely overlooked. Fortunately, recent work has applied automatic speaker verifica-26

tion methods to non-typical speech, e.g., pathological speech [1, 2] and non-spoken27

speech, such as whispered [3] and shouted speech [4]. Nevertheless, despite the28

productive and perceptual differences between spoken and non-typical speech, often-29

times the models are trained on traditional acoustic features, i.e., cepstral coefficients,30

associated with modal speech. It is plausible that models designed to distinguish31

different speech modalities might enhance performance when trained on acous-32

tic characteristics associated with non-typical speech. However, this depends on33

1
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the extent to which these characteristics provide distinct and reliable patterns for34

distinguishing speech modalities.35

One example of a non-typical speech is non-spoken speech, which, in general,36

can be characterized as a vocalization used to convey meaning through a transformed37

speech signal. Whistled speech is an example that, unlike its spoken modality, does38

not require vocal folds. Instead it relies on the flow of compressed air trapped in the39

anterior cavity by manipulating lips, incisors, or fingers for its production (see [5]40

for a comprehensive review of whistled languages). Whistled speech is based on a41

spoken language, however, it expressed through a different modality [6]. Unlike whis-42

pering or shouting, the transformation of the speech signal is much more extreme,43

causing phonetic details to be smoothed or erased entirely [7]. The anterior cavity is44

the resonator that determines the intensity and high frequencies that are characteristic45

of whistling. Based on these differences with its spoken modality, whistling speech46

a good candidate for further study, however, additional work is needed to identify47

which acoustic domains and dimensions are useful for automatic speech processing.48

The purpose of the current study was to identify acoustic features that were49

capable of distinguishing modal and whistled speech modalities and efficient for50

modeling. To do so, two experiments were designed. The first experiment relied51

on statistical analyses to examine a feature space that we hypothesized would best52

capture the acoustic characteristics of whistled speech. Based on any significant dif-53

ferences between the speech modalities, the second experiment selected the most54

relevant acoustic features to train machine learning models and tested them on a55

separate dataset. By reporting our findings, our goal was to add to the discussion56

surrounding the acoustic characteristics of whistled speech and how derived features57

played a role on automatic speech modality classification performance.58

2 Related work59

There are approximately 80 world populations that have adapted their local spoken60

language to a whistled modality [5]. In general, whistled speech can be described as61

having a strong, clear signal that is used to communicate over long-distances [8]. By62

not being forced to vibrate, the vocal folds act as a conduit for air flow, which ampli-63

fies the speech signal, but also limits the presence of phonemes, thus reducing the64

frequency space, i.e., higher order formants. More specifically, whistling transposes65

speech signal frequencies to within 1-4 kHz [5], a range humans are sensitive to66

and associate with speech [9]. Signal intensity can vary between 75 dB and 120 dB,67

which, again, can help propogate speech signals over large distances with minimal68

distortion, e.g., natural obstacles, noise. While there are tonal whistled languages,69

the current study focused on the non-tonal Silbo Gomero whistled form of Span-70

ish spoken on La Gomera in the Canaries. This decision was based on the volume71

of available recordings and their use in a previous work involving automatic speech72

recognition [10].73

One approach to improving our understanding of the differences between modal74

and whistled speech is to examine the dynamic temporal and spectral modulations75

underpinning the signals. Numerous studies have focused on unpacking modulation76
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representations of speech signals in the context of assessing intelligibility [11, 12]77

and voice pathology [13, 14], shouted speech [15], and more recently laughter78

[16, 17]. Unlike time-frequency representations, e.g., spectrograms, spectrotempo-79

ral modulation (STM) representations unpack signals in terms of joint spectral and80

temporal modulations, thus providing a combined and more comprehensive charac-81

terization of the sound. Moreover, previous work has applied STM analysis to topics82

such as birdsong [18] and communication in reverberant environments [19], suggest-83

ing its usefulness for further study, given whistled speech is generally used for long84

distance communication in natural settings. To the best of our knowledge, a STM85

analytical method has not yet been used to evaluate the acoustic characteristics of86

whistled speech, although its implementation could offer considerable advantages.87

Given the characteristics of whistled speech as outlined above, our goal was to88

examine whether STM-features were sensitive to differences between these speech89

modalities.90

Although limited, previous work has relied on STM-features for automatic91

speech processing tasks, including speaker verification in the contexts of reverberant92

environments [19] and voice-spoofing [20]. Typically, models are trained on Mel-93

Frequency Cepstral Coefficients (MFCC), which scale the frequency components in94

audio recordings to the Mel-scale, a domain that is better suited to model the human95

auditory perception. While they are effective at transforming the spectral information96

encoded in an audio recording into compressed, decorrelated vector, it is plausible97

that nuances associated with non-typical speech signals are not represented in the98

vector. As [10] and others suggest, models are then trained on constrained informa-99

tion and, in turn, limiting their effectiveness. As evidence has shown machines and100

humans model speech differently [21], our goal was to examine which STM-features101

distinguished modal and whistled speech and whether this information was effective102

when training automatic speech modality classification models.103

3 Methods104

3.1 Corpus105

Table 1 describes the speech stimuli used in the experiments. The corpus was divided106

into Train and Test datasets, each containing modal and whistled speech recordings107

with no overlap between them. As described in further detail below, the Train dataset108

was used in Experiments 1 and 2, whereas the Test dataset was used solely to test109

models developed in Experiment 2.110

Table 1: Description of the corpus
Train Test

Modal Whistle Modal Whistle

Samples (#) 436 463 180 44
Duration (s) 3.8 ± 0.9 7.2 ± 2.9 5.36 ± 1.59 1.89 ± 0.76
Corpus Common Voice [10] Common Voice [7, 22, 23]
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The Train dataset contained 463 whistled speech recordings produced by four111

male whistlers (see [10] for corpus details). The Test dataset contained 44 whis-112

tled speech recordings produced by a different group of 4 male speakers (see the113

Supplementary Materials of [7, 22, 23] for more information). Following similar pro-114

cedures described in [10], the Train and Test modal speech recordings were obtained115

from the Mozilla Common Voice‘s Spanish Common Voice Corpus 41 data set.116

Although Common Voice provides speaker sex information, speaker identifications117

were anonymised. Modal Spanish speech recordings in the Train dataset (N = 436)118

were the same as those used in [10], while the Test dataset (N = 180) contained119

randomly selected Spanish speech recordings made by male speakers. Although the120

Modal:Whistle speech ratio in the Train dataset was approximately 1:1, the decision121

to have a 4:1 ratio for the Test dataset was based on our interest in developing a122

dataset that reflected the natural unbalance between speech modalities.123

Prior to data processing, all stimuli were down-sampled to 8 kHz and normal-124

ized such that the maximal amplitude of each recording was adjusted to a target of125

100% of the signal dynamic. Finally, to ensure MPS representations had the same126

dimensions, all recordings were zero-padded (see [24]).127

3.2 Spectrotemporal modulation features128

The spectrotemporal modulation domain can be characterized in terms of the Mod-129

ulation Power Spectrum (MPS). Previous work [11, 25, 26] has defined MPS as a130

two-dimensional Fourier transform of the time-frequency representation of an audio131

signal. Equation 1 provides the formal definition of the MPS, where s and r are spec-132

tral and temporal modulations, respectively, and Y (t, f ) is the amplitude extracted133

from the Fourier transform:134

MPS(s,r) =
∫ ∫

Y(t,f)e−2πis f e−2πirtd f dt (1)

Similar procedures described in [14] and [16] were used to obtain MPS repre-135

sentations of the speech recordings. All processing was done in MATLAB 2021a136

(MathWorks Inc, USA) and based on adaptations to scripts described in [12]. Time-137

frequency representations were obtained using a gammatone filter bank summation138

method (128 full-width half-maximum Gaussians with center frequencies logarith-139

mically spanning the frequency domain). Hilbert transforms were then used to extract140

the analytical amplitudes from these filter outputs. The fft2 MATLAB function141

transformed the time-frequency representations into the modulation domain, where142

temporal and spectral modulations were measured in increments of 0.05 Hz and 0.22143

cycles per octave (c/o), respectively. The amplitudes of positive and negative tempo-144

ral and spectral modulations were averaged (A) and transformed into decibels, i.e.,145

20∗ log10(A/Re f ) where Re f was set to the peak value of 16-bit audio (32,678).146

Temporal and spectral modulation boundaries ranged from 0 to 20 Hz and 0 to 3147

(c/o), respectively. The former was selected due to findings reported in [15], which148

associated < 20 Hz temporal modulations with communicative meaning, while the149

latter was identified as speech perception threshold in [11, 12]. Thus, for each speech150

1https://commonvoice.mozilla.org/
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recording we obtained a 280-feature MPS representation, i.e., a 2-D matrix of ampli-151

tudes associated with temporal modulations (N = 20) by spectral modulation (N =152

14).153

4 Experiments154

4.1 Experiment 1155

4.1.1 Experimental setup156

The goal of Experiment 1 was exploratory, aiming to identify and validate whether157

spectrotemporal modulation (STM) features were useful when distinguishing modal158

and whistled speech modalities. Developed as a two-step experiment, the Train159

dataset was split into two parts, where 80% (N = 718) was used to extract STM-160

features and model speech modalities, henceforth the exploratory dataset, and the161

remaining 20% (N = 181) was used for validation, henceforth validation dataset.162

First, a linear mixed-effects model (LMEM) was applied to the exploratory163

dataset (lm from the lme4 R-package). Model 2 set the spectrotemporal modulation164

amplitude (Amp) as the dependent variable and Modality (modal, whistled) as a fixed165

effect. To examine any differences between speech modalities and STM-features, our166

model included the interaction between Modality and Rate, which expressed a coor-167

dinate on the 2-D spectrotemporal modulation feature space, e.g., coordinate (2, 2)168

represented 1 Hz temporal modulations and 0.44 c/o spectral modulations. As our169

model only included Rate in interaction with Modality, it was treated as a nested170

factor. Following [15], Bonferroni correction was applied to correct for multiple171

comparisons (N = 50,679), where α = 0.001. Estimated marginal means (emmeans172

R-package) were used to carry out pairwise comparisons.173

lm(Amp ∼ Type+Type:Rate,data = data) (2)
174

175

Based on these results (see Section 4.1.2), adjacent STM-features that were iden-176

tified as significantly relevant for distinguishing speech modalities were bounded into177

separate regions and averaged. Thus, for each recording in the validation dataset,178

a mean amplitude was calculated for each region. A linear mixed-effects model179

(Model 3) was designed to evaluate any differences between regions across speech180

modalities, where the Mean amplitude of the region was set as a dependent vari-181

able and Modality (modal, whistled) was set as a fixed factor. To examine any182

differences between speech modalities across regions, our model included the inter-183

action between Modality and Region, which was treated as a nested factor. Similarly,184

post-hoc Bonferroni-adjusted t-tests were carried out using the emmeans R-package.185

lm(Mean ∼ Modality+Modality:Region,data = data) (3)
186

187
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4.1.2 Results188

Model 2 was statistically significant F559,200480 = 3995, SE = 2.8, p < 0.001 (Inter-189

cept: β = 28.3, SE = 0.15, t = 191.96, p< 0.001) with a strong fit to the data (adjusted190

R2 = 0.92). We observed a significant fixed effect on Modality β = 3.4, SE = 0.21, t191

= 16.56, p < 0.001. Posthoc pairwise tests showed Whistled speech (-16.74 ± 0.01192

dB) had a significantly increased spectrotemporal modulation energy in comparison193

to Modal speech (-18.91 ± 0.01 dB), p < 0.001.194

Figure 1 illustrates the t-values based on pairwise comparisons between Modal195

and Whistled speech across spectrotemporal modulations. In comparison to Modal196

speech, Whistled speech had a much more expansive, but nuanced, spectrotemporal197

modulation profile, largely operating at spectral modulations above 1 cyc/oct and198

across the temporal modulation domain (0-20 Hz, red in Fig. 1), henceforth Region199

1. Alternatively, Modal speech exhibited a relatively uniform increase in temporal200

modulations ranging from 4-20 Hz and spectral modulations ranging from 0 to 0.22-201

0.44 cyc/oct (blue in Fig. 1), henceforth Region 2. Region boundaries were set at202

t > 3 (Region 1) and t < -3, respectively. Overall, the 280 STM-feature space was203

reduced to 248 features when combining Region 1 (N = 217) and Region 2 (N = 31).204

Fig. 1: Color map representing the posthoc pairwise comparisons (t-value) between
modal and whistled speech across the spectrotemporal modulation domain (temporal
modulations: 0-20 Hz; spectral modulations: 0-3 cyc/oct). Region 1 (red) and Region
2 (blue) represent all spectrotemporal modulations where t-values were t > 3 and t <
-3, respectively.

Model 3 was statistically significant F3,358 = 583, SE = 2.28, p< 0.001 (Intercept:205

β = -20.84, SE = 0.24, t = -85.66, p < 0.001) with a strong fit to the data (adjusted206

R2 = 0.83). Our statistical analysis revealed a significant fixed effect on Modality207

β = 2.33, SE = 0.34, t = 6.87, p < 0.001. Post-hoc pairwise comparisons showed208
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differences between Modal and Whistled speech for Region 1 (Modal: -20.84 ± 0.24209

dB; Whistled: -18.51 ± 0.24 dB), and Region 2 (Modal: -8.21 ± 0.24 dB; Whistled:210

-11.85 ± 0.24 dB), p < 0.001. Figure 2 illustrates the distribution and means across211

Modality and Region factors.212

Fig. 2: Mean amplitude (dB) for regions across speech modalities. Significant dif-
ferences were observed between speech modalities for Region 1 and Region 2, p <
0.001.

4.2 Experiment 2213

4.2.1 Experimental procedure214

The goal of Experiment 2 was to examine whether STM-features were effecient215

for modeling modal and whistled speech. To do so, an automatic speech modality216

classification task was developed and performed by two separate models. The STM217

model used features identified in Experiment 1. To compare its performance, a second218

model was developed that was trained on traditional Mel-Frequency Cepstral coeffi-219

cients (MFCC). To obtain the latter, we extracted 13 MFCCs and the first and second220

derivatives resulting in 39-feature vector (window: 25 ms; step-size: 10 s) using the221

librosa Python package. Each model was fitted using the Python scikit-learn library.222

A 4-fold cross-validation design was performed on the Train dataset, whereupon the223

models were tested on the Test dataset. A Support Vector Machines (SVM) model224
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was selected, as our goal was to identify the best margin between modal and whis-225

tled speech modalities. Using hyperparameterization, both models were set with 128226

coefficients and linear kernels.227

4.2.2 Results228

Table 2 illustrates the results of our STM and MFCC-feature models. Both mod-229

els achieved high performances when distinguishing speech modalities, however,230

the MFCC-feature model enhanced performance slightly (weightd average: 94%) in231

comparison to the STM-feature model (92%).232

Table 2: Results of Spectrotemporal Modulation (STM) and Mel-Frequency Cepstral
Coefficients (MFCC) feature models. Precision, Recall, and F1-scores are reported
across speech modalities and weighted averages (WA).
Model Modality Precision Recall F1

STM
Modal 0.98 0.92 0.95
Whistle 0.74 0.91 0.82

WA 0.93 0.92 0.92

MFCC
Modal 0.98 0.94 0.96
Whistle 0.80 0.91 0.85

WA 0.94 0.94 0.94

5 Discussion233

The overall goal of these works was to examine whether spectrotemporal modula-234

tion (STM) features were capable and efficient at distinguishing modal and whistled235

speech. Our Experiment 1 findings revealed two regions of the STM-feature space as236

characterizing differences between speech modalities. Based on these observations,237

Experiment 2 was designed to compare automatic speech modality classification238

performance by models trained on these specific STM-features and on traditional239

cepstral coefficients. In general our findings suggest STM-features are effective at240

distinguishing speech modalities. Moreover, the results of Experiment 2 suggest that241

models trained on STM-features perform similarly to those trained on traditional242

acoustic metrics, despite the limited number of features required.243

Our Experiment 1 results revealed two regions of spectrotemporal modulation244

(STM) features where modal and whistled speech differed. On one hand, whistled245

speech exhibited an increase in modulations in Region 1 in comparison to modal246

speech. In general, this region can be characterized as spectrotemporal modulations247

above 1 cyc/oct. As described in [11], higher spectral modulations are associated248

with pitch, whereas lower spectral modulations represent formants and higher order249

harmonics. This observation is consistent with previous acoustic characterizations250

of whistling, where the absence of vibrating vocal folds reduces the production of251
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phonemes and, in turn, the frequency space [5]. It is important to note that this dif-252

ference between speech modalities occurs mainly in the spectral modulation range253

associated with formants, where modal speech may be richer in comparison to whis-254

tled speech. On the other hand, in Region 2 (temporal modulations: ranging from 4255

to 20 Hz; spectral modulations: ranging from 0 to approximately 0.5 cyc/oct), we256

observed that modal speech exhibited an increase in energy in comparison to whis-257

tled speech. It is in this region that phonemes exist, as slow spectral modulations258

with temporal modulations in the 4-8 Hz and 8-16 Hz ranges have been associated259

with syllabic rhythm and articulation, respectively (see [27]). Numerous studies have260

attributed this region as critical for speech comprehensibility (see [11, 12], among261

others). These findings support previous work suggesting certain phonetic details262

may be lost during whistled speech production [7].263

The results of Experiment 2 suggest both STM- and MFCC-feature models264

performed similarly. Although the MFCC-feature model slightly outperformed the265

STM-feature model, two major takeaways were observed. First, the size of the fea-266

ture spaces were not the same. While the dimensionality of the STM-feature vector267

was 248, the average number of MFCC-features was 21801 (vector dimensions: 39268

by 559.1 ± 228.0). Thus, despite being nearly 0.01 the scale of the MFCC-feature269

vectors, the STM-feature vectors were quite sensitive to these differences in speech270

modalities. Although STM-feature vector were more compact in size, it is difficult271

to attribute the efficiency of their use, given the pre-processing required in compar-272

ison to the ease in which MFCCs can be extracted from audio recordings. Second,273

although the spectrotemporal modulation feature space is generally complex and dif-274

ficult to unpack, our findings are consistent with previous acoustic characterizations275

of whistled speech [5, 7], making it easier to interpret in the context of automatic276

speech processing. Alternatively, MFCCs provide a broadband description of the277

spectral information encoded in audio recordings, making them useful for automatic278

speech recognition tasks, i.e., speaker or speech emotion recognition, but not nec-279

essarily when connecting model efficiency with the acoustic information used for280

training.281

Although our findings suggest spectrotemporal modulation metrics are sensi-282

tive to differences between modal and whistled speech, the evaluation of automatic283

speech modality classification performance could be improved in a number of ways.284

First we relied on Support Vector Machines, when other models, e.g., Decision Trees,285

Random Forests, may yield different results. Second, given how uncommon whistled286

speech is and volume of available recordings, we were unable to validate our models287

on a large dataset. A dataset of diverse speakers performing both modal and whis-288

tled speech is required. Of particular interest would be to obtain a dataset where each289

speaker performs the same work, phrase, or sentence in both modal and whistled290

speech. Finally it is difficult to evaluate the robustness of our method on another or291

mixed-language dataset, however, we hypothesize that similar STM-feature regions292

might emerge, given their acoustic characteristics match those previously reported in293

whistled speech [5]. Our future work aims to create such a dataset in order to per-294

form not only phonetic analysis, but also examine performance of different automatic295

speech processes, e.g., speaker and language recognition.296
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6 Conclusion297

This study investigated whether spectrotemporal modulation metrics were sensitive298

to distinguishing modal and whistled speech. The following lists take-away messages299

from the study: (1) statistical analysis was used to identify spectrotemporal modula-300

tion features that distinguished modal and whistled speech; (2) these features formed301

two separate regions and significant differences between speech modalities were302

observed; and (3) STM-feature and MFCC-feature models both exhibited high auto-303

matic speech modality classification performance. The findings support previously304

reported acoustic characterizations of whistled speech and suggest spectrotempo-305

ral modulation features are useful for distinguishing whistled and modal speech in306

automatic speech processing applications.307

Funding. The authors did not receive support from any organization for the308
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