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What's in the (Speech) Envelope?

* Slowly varying speech envelopes convey useful
information for intelligibility (1939, Dudley)

* Late 70’s: Houtgast & Steeneken (room acoustics)
— Coined the term “modulation spectrum” (MTF)
— Below 16Hz - important for speech intelligibility
* Mid 90’s: Drullman (low/highpass filtering)
— 2-16Hz - essential for spoken language understanding
* Mid 90’s: Hermansky & Morgan

— RASTA filtering (1-16Hz, emphasis on 4Hz)
— RASTA-PLP



What's in the Envelope (Cont'd)

* Late 90’s: Auditory-inspired models, Dau&Kollmeier
— Modulation *filterbanks”

 Mid 2000s: Spectro-temporal modulation studies on
ferrets by Mesgarani & Shamma

* ANIQUE (Kim) and PEMO-Q (Huber & Kollmeier)
objective speech quality measurement algorithms

* 2010's-2020’'s: auditory-inspired models, Falk et al
— Applications across different fields



f (acoustic freq.)

Modulation Spectrum: Analysis-Synthesis

Spectral analysis of the temporal trajectories of short-time

spectral envelopes
- Analysis and analysis-synthesis models
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Artificial Bandwidth Expansion .
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Experiment Results: Noisy/Reverb Speech

Noisy (Plane 5dB) @ s@ Proposed
Subjective Noise Type (SNR =5 dB & 10 dB)
Test  "Babble (%) | Plane (%) | White (%)

Bandpass | 85.00 86.25 (§)| 87.50
EVRC 68.75 70.00 &) 73.25

* Preference percentage of proposed scheme over simple
bandpass filtering and EVRC

Reverb, RT60 = 1s @ @ Proposed




Practical Problem

- Digital Stethoscope

00:00:07

- Measures both heart and lung sounds
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Heart and Lung Sounds
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Blind Heart/Lung Sound Separation

) breath sound breath sound
-.%l_ (heart + lung) (heart + lung)
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AMA Toolbox

- https://github.com/MuSAELab/amplitude-
modulation-analysis-module

Figure 1
"€ Q=
ECG
10 30
-35
05 -40
! L4 -a5
0.0 A | 1 -50
-55
-05
-60
0 20 40 ® 80 100 120

Frequency (Hz)

—40
025 s
000 = -50
-0.25 §
g
g -60
2
s
5 £ -70
z §
H S
H 2
22 i 80
g
&0

Time (s)

4 6
Modulation frequency (Hz)

11




Modulation Spectrum - Analysis only

- Spectral analysis of the temporal envelope of the speech signal
- Commonly involves analysis models only

basilar-membrane

T T T T T L
1 1 1 1 1 1 I 1 1 1 1
‘F‘F‘FTT‘ITJYTTTT
halfwave rectification §Z
tori
owpass filtering ,’\\g,, ~ Temporal envelope
or Hilbert transform
absolute threshok! =
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Auditory-Inspired Model (by Tau)

Neutral voice
Pathological voice
Emotional voice
Whispered voice
Non-speech sounds

23-channel gammatone W f’s: 125Hz-3.57kHz . Normal hearing
filterbank BW’s: 38Hz-410Hz (ERB) Impaired hearing

Hilbert transform - H()
“temporal envelope”

f.’s: 4Hz — 128Hz
BW’s: 1.95Hz — 70.8Hz

8-channel modulation , '“;:\/))g\
filterbank :

23 x 8 modulation energy output per 256ms frame

ey

Speech vs non-speech
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Clean Speech
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Noisy Speech
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Emotional Speech
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Convetonal Srequercy (Pavnel

Pathological / Deepfake Speech
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Fig. 2: Average modulation spectrograms for (a) COVID
speech, and (b) non-COVID speech
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speaking rate acoustics

Automatic detection of Parkinson’s disease from
components of modulators in speech signals

Deteccion automatica de la enfermedad de Parkinson
usando componentes moduladoras de sefales de voz

DOL: bttpectided el 10, 1798 foestn, 0000 2050 05

Articulo de investigaciin chentifien. Fecha de recepeidn: (0802020 Fechn de aceptaciin: 20093020

Jhon F. Moofarry
Universidad Santiago de Cali, Cali (Colombia)
Jhon. meofarry O ase educo
Patricia Argiicllo-Velez
Universidad Santiago de Cali, Cali (Colombia)
patriciaarguel lelikusc osduco
Milton Sarria-Paja
Universidad Samtiago de Cali, Cali (Colombia)
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Feature /pataka/
set NBC KNN SVM
MFCC 57.1£#2.0 | 68.1:2.0 | 77.1£2.0
WIF 54.3+2.9 | 65.244.2 | 66.1+4.0

MHEC 55.0+3.2 75.1+2.5 78.3+3.1

AAMF 70.1+4.0 71.0+£3.1 88.04+2.8
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Beehive Recordings
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Application #1: Room/Environment acoustics

-  Room acoustics characterization
- Involves analysis of room impulse response (RIR)
- Recorded or estimated

- Environment: Noise type

Energy
A

Direct Sound

- . !
Early Reflexions ’{f‘)
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Proposed RTg, and DRR Estimators

23
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Estimation arror, E (5]
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Modulation Spectrum as DNN Input

T30
Feedforward layer O
' 3
LSTM layer
(output size: 256) |O 0000 0O
' 3
LSTM layer
(output size: 256 |O O000 0O
X #frames) T

Input: MS frames
(23 x 8 x #frames)

SNR

Metric 20dB 10 dB 0dB

RMSE MAD RMSE MAD RMSE MAD
LSTM 0.306 0.212 0.311 0.218 0324 0.240
GMR 0.401 0.338 0402 0.341 0460 (.392
FNN 0.337 0.262  0.338 0.266  0.355 0.286
RSMR 0.331 0.266  0.325 0.258  0.304 0.258
ML-SD  0.394 0319  0.398 0.322 0.393 0.318
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Non-Speech Sounds
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FIGURE 1: Heat map for the ensemble correlations
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Enwronment Awareness

lvw tr Mo«ﬂn( Canmcd

Table 1: Results in terms of accuracy for each class for task 1A.
w Class Sysem
51 2 = Baseline
Airport 60.6% 44.1% 49.2% 45.0%
Public square 39.7% 48.8% 42.8% 44 9%
Bus 34.5'% 71 .U‘:'fn 59.?‘%: 52.9'%
Metro 59.3% 582% 49.2%  53.5%
Metro station 636% 485% 552%  53.0%
Park 785% 704% 69.7%  71.3%
Shopping mall  62.3%  50.8% 53.9%  48.3%
e e R Sreet pededrian 434% 37.0% 28.3% 29.8%
P Sreet traffic ~ 855% 855% 80.8%  79.9%
' ' ' ' ' | Tram 68.7% 623% 616% 52.2%

Average 646% 57.7% 56.0%  54.1%

Table 2: Results in terms of accuracy for each class for task 1B.

Class Proposed System Basdine
Incloor 85.7% 82.0%
Qutdoor 83.2% 88.5%
Transportation 93.8% 91.5%
- - J Average 87.6% 87.3%

1 - =] 5 & u
——— = 24




Application #2: Quality Measurement

Adaptive speech-to-reverberation E
modulation energy ratio (SRMR) :
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Experimental Results

Quality

Overall (reverberant + dereverberated) Reverberant Delay-and-sum

Algorithm COL %] RTE %] MOS %] COL %] RTE %] MOS %] COL %| RTE %| MOS %]

L SEMR 084 - 082 - 079 - 081 - 082 - 079 - 087 - 083 - 080 -1
TEPESQ T U060 3T ORT ST OIS0 T 060 AT ORT 3T T000 300 ~ 07 o6 08T S0 0T TuIT
P.563 044 714 046 66.7 035 67.7 038 694 041 695 031 69.6 054 71.7 0.50 66.0 040 66.7
ANIQUE+ J2 429 0.70 400 0.77 8.7 0.77 174 076 25.0 0.84 -31.3 0.67 60.6 057 605 067 394
r
L Average - 857 - 373 - 338 - 436 - 333 - 228 - 643 - 440 - 3841
Intelligibility
I SRMR ¥ PESQ : P.563 ANIQUE+
Algorithm : STI; STI; STIs “ STI; STI, STI; %1 1 STI, ST, STIs %] STI; STI: STIs %1
Rcverbcmtmn: 092 094 0.96 :I 088 092 092 500 ¢ 010 0.1 010 956 042 043 041 932
DSB | 090 092 096 l: 0.89 093 094 333 § 012 012 011 955 045 045 046 926
Cepstum | 090 093 095 jj3 086 091 092 375 | 006 007 006 947 0.47 048 050 90.0
Subspace | 0.81 0.86 087 J§078 085 085 133 | 020 019 019 840 028 030 034 803
Average I - - - - - 335 1 - - - 02.4 - - — 89.0

e e 0 1




SRMR and LSTMs

I PESO mm POLOQA mm PEMO-0Q mm ANIQUE+ o F.563 m SEMEncrm 0 Tree mmm Proposed

(=T B B R Rl P = &0 O &% 50 o O M= Wi & = = = & W o s D e D [
S0 T o e F ook v W - & o & oD w
I - N-N-F-F - N1 sdfsSsassd sdstsSgSsasg
) -
_\_T-
i
0,5
0
(== =N ] B O OO ] 5L om0 P O R e &L T DS o O OO o I o
—————— i S D= =T - A Brlababsls b e Berbi s babuls
sfdosssSsa —R-N-F-L-T-T-X- cSoSssSod =R - R
w 0.4 1
[
-
o=
"
0 R - : : a2
LI SC MYDER GOWPE-MYDR

27




FREQUENCY in Hz
500 1000

Hearing Impaired Listeners =t
%’E X r: ::‘:r o' - \2%‘%}%‘,»#

23-channel gammatone f.’s: 125Hz-3.57kHz

filterbank BW’s: 38Hz—410Hz (ERB)
SERERRRRA N RRRNE
Hilbert transform - H(-) ?
“temporal envelope” °
8-channel modulation f.’s: 4Hz — 128Hz ?

filterbank BW’s: 1.95Hz — 70.8Hz .

23 x 8 modulation energy output per 256ms frame
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Cochlear Implants

- Nucleus device (22-channel) .. .. S

3 =
_J(\l‘___"'?_[l_._.
g _JrL— ;..?:}_ - Cochlea
N HTE A s
H NH™H

- Modulatlon channels

Table 1

Filter center frequencies (f) and bandwidths { 8, expressed in Hz, of the modulation filters wsed in the original SEMR and in the proposed SEMR-CI

MEASLNCS.,

Channel 1 2 3 4 5 f 7 5

SEMR 1 4 .5 10,7 17.6 289 47,5 78.1 128
BW 1.9 34 59 9.8 159 26.4 432 70.8

SEMR-CI 1 4 504 883 1313 19.5 28,98 43.07 64

BW 2 3 4.5 6.6 9.8 14.5 21.5 32 29



Performance: SRMR-CI

RT=0.3-1s
d=55m
Noise = SSN
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Metric P P Pig RMSE
NCM 0.96 0.93 0.93 12.4
CSII 0.93 0.91 0.93 10.57
P.563 0.89 0.88 0.89 12.52
SRMR 0.93 0.89 0.92 1277
ModA 0.82 0.76 0.82 15.70
SEMR-CI 0.96 097 0.94 11.29
SEMR — Clyum 0.96 0.97 0.95 10.76
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Hearing Aid Users

23-channel gammatone W f.’s: 125Hz-3.57kHz
filterbank BW’s: 38Hz—410Hz (ERB)

Hilbert transform - H(-
“temporal envelope”

| f£s: 4Hz — 128Hz P,
= |BW’s: 1.95Hz—70.8Hz |

8-channel modulation
filterbank

AT

23 x 8 modulation energy output per 256ms frame
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Performance
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Github

* https://github.com/MuSAELab/SRMRToolbox

[0 README 33 License

SRMR Toolbox

The speech-to-reverberation modulation energy ratio (SRMR) is a non-intrusive metric for speech quality and
intelligibility based on a modulation spectral representation of the speech signal. The metric was proposed by Falk
et al. and recently updated for variability reduction and improved intelligibility estimation both for normal hearing
listeners and cochlear implant users.

This toolbox includes the following implementations of the SRMR metric:

1. The original SRMR metric (used as one of the objective metrics in the REVERB Challenge).
2. The updated SRMR metric, incorporating updates for reduced variability.

3. Afastimplementation of the original SRMR metric, using a gammatonegram to replace the time-domain
gammatone filterbank. The fast implementation can also optionally use the updates for reduced variability.

4. Aversion tailored for cochlear implant users (SRMR-CI).

These implementations have been shown to perform well with sampling rates of 8 and 16 kHz. They will run for
other sampling rates, but a warning will be shown as the metrics have not been tested under such conditions. 33




Spectrogram vs Tensorgram

Preprocessed 3D Modulation Spectrogram
spooch signal

2(n) Acoustic x{n) Tma' e, mf) Moduiation Edm: f) =3 i . b —
‘“ " filterbanks L aaeops " faerbanks g " 1221 .
computation p g - A S L S :
30 CAN Blocs Lo ]

Fag & Model schioctene of CONVIDAORNN

256ms-frame

Random-5Split
Featire Mol Mo pre-prooessing Speciral amplitsde subtraction
MAE r MAE r

CNN-2D 362013 07 £002 1B5#0315 081 =+ 003
| MFCCs CNM-at-20 | 372 &£ 009 0754 0.00 2154017 0.77 & 0.01
Frame 20 Fiaems 33 Frame 37 CRDNN-2D | 337 £ 005 078 £0.03 1784 010 0.8 & 0.01

Frame 1 Frame Frame O Frame 1 Frame 17 CHN-20 300017 076 £003 LT & 003 083 & 002

: Spectrogram | CNN-an-20 | 368 £ 0.08 0754002 217 £ 0.09 0.76 & 0.01
| : ) CRDNN-2D | 349 £ 024 078 £ 002 1774005 081 & 001
Averagn modualon wetoy am
Foama 21 §
(a) (b) Modulation CHN-2D 154 £ 0,04 08542000 LI4 £ 0046 0.96 & 001
specirogram CMN-alt-20 152 & 0.06 0.9 £ 0.03 1.39 4 0.06 0.57 &+ 0.03

i i ' Stk il %A LR Modulatipn | CHNAGD | LE1 £ 000 054 2002 1364009 056 £ 0.0
sclected from a 3D modulation spectrogram sequence. Both are computed from the same speech recording. CNM-ait-30 | 145 4 0.05 006 4 0.02 1723 4 005 006 & 003

PEMSOTERMT | CpWN3D | 134 4 003 0854+ 001 101 4 008 0.57 4 001

Fig. 2: An example of comparison between (a) a temporally averaged modulation spectrogram, and (b) several frames
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Application #3: Robust Feature Extraction
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Speaker Information
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New Speaker ID Features

Modulation freq.
s Jm— > high

N
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Identification Accuracy

Proposcid Bascline, M = 32 Bascling, M = 64
Condition - ACC INC ERR  ACC INC ERR
= _ . . , o

p Clean 968 967 01 3.0 986 -1.8 -1286
o

5 Chanpel | 846 569 487 643 60 410 63

'E Channel 2 2218 558 484 al,l 589  AiLh 582
=
(=]

5 Channel 3 %32 554 496 622 590 408 SEY
—

= . Chanrel 4 834 541 542 638 S8 435 604
€

= —¥— Proposed, M=32 S Channel 5 81.5 566 440 574 G608 340 528

50T - © - Baseline-CMSVN, M=64 Y M g e N ' R oo

—4— - Baseline-CMSVN, M=32 ‘i Channel 6  B0.7 543 486 S78 591 365 518

0, 0.2 0.4 0.6 08 3 Average 827 556 489 611 03 304 574

Teq (5) A
T DsB Cepelrum Subspace
Bascling

ACC TNC ERE ACC TNC ERR ACC TNC ERR

Simulated, single-channel
/ M 32 630 313 532 40.0 TOE 680 G618 336 546

Mo— G4 674 22T 468 516 603 633 ASH 261 407

Recorded, multi-channel
(RT60 ~ 600ms)
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Whispered vs Non-Whispered Speaker ID

Normal Speech

Amplitude

Froquency - Hz

Aligned . variables

Maorm

whe LTI .

Pumtssg tepether all M1 values

Acoustic Frogeency

NEI Matria

Mioxhalatson Froquency

5/

BR s e isa

= (i, 7] N vales

.-"j(((

1) Normalire using

sum of entropics
) Rescale i the range [0-1]
3} Average over all speakers
) Use a threshold £

—

Amplitude

Froquency - Hz

Apoastic Fregeency

L B e K3 L B B K8

Whispered Speech

B un o

® Mivalees <
wF M values = £

Warlable selociion ma

-

FEAMACENE
L o] sf £ o]
e o o] | oe| o] [ae
MR
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4

Modulation Frogeency

COLrshi frpQuesncy (kHT

Binary mask (AAMF)

Maormal Whispered
UBM (C) T matrix dimension
200 [ 300 400 200 | 300 | 400
S1: MFCC
128 378|369 | 336 | 2099 | 21.11 | 20.83
256 318 | 344 | 3.13 | 20.00 | 21.91 | 20.83
S2: RMFCC
128 844 | 814 | 750 | 2583 | 2442 | 2595
256 844 | 750 | 6,70 | 2420 | 2500 | 22.95
S3: LMFCC
128 313 1313 | 3.44 | 1813 | 1713 | 17.&1
256 315 | 344 | 313 | 17.97 | 1829 | 16.67
AAMF(FS) - LFCC alignment
128 156 | 1.58 | 1.55 | 21.22 | 19.82 | 20.86
256 160 | 1.36 | 1.26 | 20.51 | 19.17 | 20.83
S4: AAMF(FS) - AAMF alignment
128 1.00 | 1.25 | 1.18 | 20.00 | 20.00 | 20.57
256 1.56 | 1.12 | 0.94 | 1844 | 1829 | 14.80

40







From Modulation Spectrogram to
Modulation Featuregram

Wavi M representaton . Healthy (group averaged) .
3 oo
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> |
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w -40
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Frequency (Hz)
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Deepfakes
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Foundation Models for Edge Bioacoustics

[TETS]E ST

Blaan Evaluarion BESULTS. BolD REFRESENTS THE BEST aMp UNDERLIME THE SECOND BEAT AVERACE BESULTS

Lipstream Infoamartion

Divamsirenm Tasks

.. ASTS HSTH Bl Wl
Mdeibd Pretraiming Datn #F | ROC-ALC 1 MAE | ACT 4 Fl-Soom = Beoare
DEP-based Fealures
FBanks i G {4 A0y JOEA 2 L BSAW (4= s 4453 it Kb 530
Spectrogram ¥ E675 {4+ 2EEY 1095 (£ 32 9449 (= 03y 5100 i 7.3 )7
MECC — ¥ TIAY (4 94 T2 (4 THT Qras {4+ 122y MLIE (4 5.0 453
Creneral-Purpese Aodie Encoders
BYORL-A AS-IM S0 GI1HL (£ Thl) Ald £ 02 QR TH (4= DUl BE07 (4 KE3) 731
SE-AST iy ASIM + LS M i 24 {4 T4 444 {4 03X al&ae (4 243y G513 04 1.97) &32
SS-AST 1 5mally AS N + LS 1M O3+ 205 4451+ 016 affil {4+ 203 T245 (4 o) Sk
S5-A5T (Base) AS5-ZM + LS Hum] 9301 (£ 1440 4111 0.x0 M2+ 505 TRO90+ 252 T
MEM-MAE AR-TM 97M FL O 405 = 13 T2+ DRy TAIT it 116 HA3
M2 AS-IM 825M BU3T {4+ 145 AR9 =011 QR 4 Dops) TEE (4 13T ER1
CAav-MAE AR-Th #3081 B13T {4 T 3142 (4 012 QiGo e 250 BG4 331 Ta7
BREAT= A5-Ih SRR | T2 (4 4.3 LE =012 ORdd (4 01Ey TRED (4 1LO6) a1l
Humicoustic-hosed Aamlio Encoders
AVER I Qi Ofi 4R (4= 1RO 335 (4 0.1 QUS4 DEY TE4T (4 95 Fln
BirdAYES (Basel BIC 4 XC GIRRE 532 04 1ads 13004 01T O 2T 4 51y AR (4 3037 454
BirdAWES (Large) BIO + XC A15M SR (£ 1.0 a6 = 000 GROX 4+ 00 TRTIi4 1Ll 141

45




Representative Misclassifications
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Inductive Bias to Improve
Knowledge Distillation
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GitHub

musaelab.ca Q

Resources

Contact Us  EN

oy MuSAE Lab

@
W

Books

[B2] R. Anghinah, W. Paiva, T. Falk and F. Fregni (Eds.), Neurotrame: from emergency room to back to day-by-day life, e-
book, Frontiers Mediq, Lausanne, 2019, 95 pages. doi: ]D.3389/97872788945772473. .

([ overview [ Repositories 17

Popular repositories

SRMRToolbox Public

A non-intrusive objective metric for speech guality and intelligibility for
normal hearing listeners and cochlear implant users

[B1] signal Processing and Machine Learning for Biomedical Big Data, Editors: Ervin Sejdic, Tiago H. Falk, CRC Press, July
2018

@MATLAB 73 %34

MULES Public
Sigeal Procassing

‘waMaching Learaing MUSAE Lab EEG Server

« Biomedical Big Data

LabvIEW w35 %7

AUDDT Public

A toolkit for benchmarking on a wide variety of audio deepfake
datasets.

®python w2 %3
Articles published or accepted in refereed journals

[1136] H. Guimarées, M. Abdohalli, Y. Zhu, S. Maucourt, N, Coallier, P. Giovenazzo, and T. Falk, Benchmarking Self-
Supervised Audio Representations for loT-Enabled Acoustic Beehive Monitoring, IEEE Internet of Things Journal, Vol. 12, No.
21, pp. 45000-45010, Nov. 2025.

[J135] M. Abdohalli, Y. Zhu, H. Guimardes, N. Coallier, S. Maucourt, P. Giovenazzo, and T. Falk, Audio Modulation Spectral
Features for Improved Honeybee Colony Population Prediction, IEEE Sensors Journal, Early Access, Oct. 2025, -

[1134] Y. Zhu and T. Falk, WavRx: a Disease-Agnostic, Generalizable, and Privacy-Preserving Speech Health Diagnostic
Model, IEEE Journal of Biomedical and Health Informatics, Vol. 29, No. 9, pp. 6353-6365, Sept. 2025. /-

[ Projects (P Packages

@MuSAELab

S W
MUSAE  Av1gfollowers @ Montreal, QC, Canada  ¢? hitpyfjmusaelabea 3 @MUSAELab

A People 4

dulati lysi dul Public

Amplitude Modulation Analysis Module for Python

@Python  Yraz %a

BLE-Toolkit-LabVIEW Public

BLE (Bluetooth Low Energy) Teolkit for LabVIEW

LabVIEW 2% ¥15

muse_osc Public

OMATLABE Y718 %5
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Thank you!
Questions?
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