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Context and Purpose

Acoustic rehabilitation

Need to quantify the existing absorption in order to be able to propose an optimal
acoustic solution (in terms of acoustic comfort, cost, etc.).

Difficulty to determine the sound absorption ; of each material i present in the
room

Estimation of the mean room absorption Leres reftevions
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Reverberation Theory and Mean Absorption

* Mean absorption of the room (“th” : theoretical)

amn(b) = Z a.(b) S, (b e {125, 250, 500, 1000, 2000, 4000} Hz)

o, - material absorption coefficient i (1ISO354 : 2003)

* Usual approach: inversion of the Sabine’s and Eyring’s models (diffuse field hypothesis)
_ V Limitations and estimations steps:
asa(0) = 0.163

R-I- (b) X S * Diffuse field: cubic rooms, low and

uniform absorption
* Knowledge of volume V and

ey (0) = —Infl— @sa (b)) e e

 Difficulty in estimating RT(b)

* Choice of the method to estimate
* Reverberation time RT estimation by Schroeder integration the RIR (alarm gun, balloon, MLS,
Sweep...)
* Frequency filtering on RIR : RIR(b)
......... * Integration of Schroeder on filtered
: M hbiiaas T * RIR(b) : S(b)
. O U hAAL ST * Linear regression not always
: : obvious or possible on Schroeder
| ‘ curves S(b)
| [—Noiseless| | ! * Spatial averaging over several RIRs
1 SNR5O | \
i|-u-SNR30 | to assimilate the sound field to a
) S wob[osnm |- diffuse field
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Proposed Approach: Neural Networks
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Pressure (Pascals)

* /" input and output related by an activation function
0 05 1 \' ] layers associated with weights and biases

-0.04

Time (seconds)
https://jtav.ifsttar.fr/fileadmin/contributeurs/JTAV/2020/Presentation 3 Foy.pdf

Principle of a neural .

network approach ~ Training datasets

* Choosing a neural
network shape,

etwork shaps - —
dimensioning it

Output
(Perceptron, CNN....) RIRs o (b) Annotated
Input RIRs c
* Training the neural absorptions
network (training and 7 Acoustic simulator _
development sets) /é aw (D)
S
* Testing the neural * %W’ '
network (test set) V/"R
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https://jtav.ifsttar.fr/fileadmin/contributeurs/JTAV/2020/Presentation_3_Foy.pdf

Training Databases - Numerical Approach

Bases resulting from a numerical approach Size versus computing time

Roomsim [Schimmel et al. 2007] (shoebox)

* Focus on housing or office-type
buildings:
* Heights in [2.5, 4] meters
* Length/Width in [1.5, 10] meters

(n

— )

Y #

pZ ~ )

*  Omnidirectional source and receiver
placed uniformly at random in the room

D_au_paroi >0,5m and D_sce_recp > 1m

* Training set: 15,000 RIRs




Training Databases - Pre-treatment

* Two Mean Absorption Distribution “Unif” & “RB” O th (b) = E o (b) Si
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Training Databases - Pre-treatment

e Resampling from 48 kHz to 16 kHz + Additional noise (SNR30)

* The first 500 ms of RIRs preserved

0.15 - ‘ 0.15
RIR(f:1/48000)
0.1 1 0.1
0.05 1 0.05

=

RIR (f:3/48000)

0 0 T —
A RIR

RIRsnr30 = RIR(f:3/48000) + SNR30

0.05 : ‘ 0.05 :
0 0.2 0.4 0.6 0 0.2

Time (s)

Time (s)

RIR+SNR30)
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* Two training databases

« Unif »(umform)
15000 RIRsnr30
Lx,Ly=[1,5:10]
Lz=[2,5:4]
s;(125,250,500) €[0:0.3] ; s, (1000, 2000 4000) [0 2 1 0]
a, €[0]] (rand)

« RB » (reflectivity b|ased)
15000 RIRsnr30
Lx,Ly=[1,5:10]
Lz=[2,5:4]
5,(125,250,500) €[0:0.3]; s;(1000,2000 4000) [O 2 1 0]
a; € Bases Matériaux




Choice of Neural Networks

* Choice of two known neural networks, used in other fields of application

Multilayer - g |2 i} g ARE _ 2 1 lzls|l =— 5
Perceptron H "g"’gd”gd”’iﬁ"’ﬁd"’%;?_’aMLP()
« MLP » } gl |2 . . . =
ARLERFEREEER
Convolutional = g 1212 [3l8] |F]18] |2].] |Bl=| —
= Sl x| 3l 2| El]a]| 3 2l o] 8
Neural Network 2 BB b B E B EHng bl El g B E."’OlCNN(b)
conns o b L2 IEE] LBLE B! (B (Bl
S|« o|& S|«
o
[ suwwvwwg
Neural Network « MLP » + Training Database « Unif » ) MLP - Unif
Neural Network « MLP » + Training Database « RB » ) MLP - RB
Neural Network « CNN » + Training Database « Unif » —> CNN-Unif
Neural Network « CNN » + Training Database « RB » —> CNN-RB



Comparative study on simulated test sets: Influence of the geometry

Test set 2 (cubic rooms)
o Identical to Test 0
o except: W,| €[2: 4]

Test set 3 (flat rooms)
o ldentical to Test O
o except: W,| €[8:10]

Test set 4 (elongated rooms)
o ldentical to Test O

o except: W e [2 : 4]
| €[8:10]

In all cases h=2,5m

€error

-  Median R
0.2
+ Mean
015/ | == 25% -75%
—_— 9%-91% !
0.1 : —
0.05-
0 —
0.2 |
+
0157 f | ——
- — I *
0.1 : + .
L L +
005 + + ’ - -
- | —+= = =

MPL-RB  CNN-RB
Flat

MPL-RB CNN-RB  Eyring

Homogenous

Eyring MPL-RB CNN-RB  Eyring

Elongated

o Cubic rooms :
o Unsurprisingly, Sabine’s and Eyring’s models
more reliable for cubic rooms
o Similar results from neural networks

o Other geometries : Neural networks “better” than

Sabine’s and Eyring’s models .



Comparative study on simulated test sets: Influence of the reverberation

0.08 -, —
oos/| = Median 5
+ Mean
Test set 5 0.04 25%-75% ||
o ldentical to Test O 002/ | == 9%-91% |
o except: RT <0,5s oL ! | '
R i ! i
. l : = T
0.08 - i : : = :
Testset 6 - ; ! : T
. X . . . .
o Identical to Test O soal ! = +
o except: 0,55 < RT < 1,55 | i ' | Z '
0.02 - , - : " -
| | | _i_ _;_ ; — — l\
MLP-RB  CNN-RB Eyring MLP-RB  CNN-RB Eyring MLP-RB  CNN-RB Eyring
RT < 0.5 0.5 <RT <15 RT > 1.5
Test set 7 o Reverberants rooms :
o ldentical to Test 0 o Unsurprisingly, Sabine’s and Eyring’s models
o except: RT > 1,55 more reliable for cubic rooms

o Similar results from neural networks

o Semi-reverberant or absorbent rooms: Neural
networks “better” than Sabine’s and Eyring’s models
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Comparative study on real test sets: The dEchorate dataset

A fully calibrated multichannel RIR database with accwrate annotation of the
geometry and echo timings in different configurations of a cubold room with

varying wall acoustic profiles. The database curvently features 1200 annotated RIRs
anol 10 different
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Comparative study on real test sets: methodology

Two constraints

o A large number of Schroeder curves are non-linear or of weak sound dynamic range

o Test sets separated into two groups

A possible estlmate of RT10 — sabine AEyring estimable

B: meoggib[/g estimate O'f =T10 ‘ Unusable Eyring’s and sabine s models!

o Unknown material absorption coefficients &; (b)

o Impossibility to estimate the theoretical mean absorption

- — Config.

O th (b) ~ (a Ey )A 500 Hz
1000 Hz
2000 Hz

4000 Hz

&tf&a)aﬁgm}-(b) 5,

Room 1 Room 2 Room 3 Room 4 Room 5 Room 6 Room 7 Room 8 Room 9 Room 10
000000 011000 011100 011110 011111 001000 000100 000010 000001 0100017
0.42 (11) 0.23 (7) 0.20 (20) 0.17 {51) 0.13 (48) 0.39 (8) 0.38 (5) 040 (8) 0.35 (7) 0.23 (12)
0.52 (62) 0.28 (83} 0.25 (86) 0.17 {89) 0.13 (90) 0.44 (79) 0.41 (74) 0.44 (69) 0.43 (70) 0.33 (72)
0.50 (65) 0.34 (81) 0.30 (86) 0.19 (82) 0.14 (88) 0.44 (74) 0.42 (64) 0.44 (66) 0.44 (67) 0.37 (69)

0.37 (15) 0.35 (17) 0.29 (22) 0.16 (16) 0.12 (29) 0.38 (17) 0.33 (12) 0.32 (14) 0.34 (18) 0.32 (14) 12



Comparative study on real test sets: Results

Group A - CNN
0.4 [ I I [

500 Hz

IS 1000 Hz
5 0.3 Em2000 H |
i ' [ 14000 Hz
5
5 0.0
© 0.2 -
Q
=
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S 0.1L -
o)
<

0

R5 R4 R3 R2 RI0 R6 R7 R9 R8 R1 R5 R4 R3 R2 R10 R6 R7 R9 R8 Rl
Eyring CNN-RB

* Etncouragingly, tor the 1 kHz, 2 kHz and 4 kHz octave bands, the learning-based method

yields errors below or around 0.1 for all rooms, which is a reasonable uncertainty in the

context of acoustic diagnosis.
* At 4 kz, the CNN-RB errors increase slightly (directivity of the source ?)

* At 500 Hz, the CNN-RB errors are much larger in all rooms except R1 and R8 (existence a

wave phenomenon ?).
13



Comparative study on real test sets: Results

- Median
0.3 -
Group B - CNN + Mean 1000 Hz
—_— 25%-75%
0.25
—_— 9% -91%
0.2+
- t N N _E_
2015+ — 1 I —— |
. + o
ol ) N - ; T
0.05 - - + = :
0 [ [ Gk - BN

R1 R2 R6 RT7 R8 R9 R10
* R3, R4, R5 omitted ( not enough curves in group &)

e Similar neural network results for groups A and &

* CNN is largely unaffected by the non-linear or insufficient log-energy decays of
Schroeder curves in &.

* The neural network is probably not very sensitive to the general shape of RIRs, and
more sensitive to events (peak arrival time, relative energy of peaks....)
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Conclusion

Comparison of tralned models versus Eyring’s and sSabine’s models

Stmtlar or better vesults for tratned models

1 ’mput parawmeter for tratned models (RIR) versus = Lnput parameters for veverd
approach (V, S, RT)

More nolse-tolerant tratned models

Perspectives

Needl to have a database of wmeasured oata specific to bullding acoustics
RIR measurements (MLS, Sweep...), Measuring material absorption in
Situ....

Estimation of material absorption profiles rather tham the mean absorption

15



First comparison

Test set O

o ldentical to the “RB” Training Base
o 500 simulations

045

x x J J —— Median
A A 04+
e MLP-Unif CNN-Unif MLP-RB CNN-RB +  Mean
s | —  25%-75%
—_— 9%-91%
e Significance of the choice of the training base o:- 5
if it is small (15000) s —
¢ CNN seems slightly better than MLP il HE
0.15- u ! |
* RB: Median value 0,02 01 ‘ B
005 - — T )
* Neural networks “better” than reverberation s S i ) e )
theory ’ L o MLP CAN Sabine Ty@
Unif. RB
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First comparison

Test set 1

o ldentical to Test 0
o except:only 5rooms |w:l:h]=[4:5:3],[2:10:3],[5:10:3],[5:8:2.5],[10:10:5]

0.45
—  Median
0.4 + Mean
J J —_— 25%-75%
0351 — 9%-91%
e MLP-RB CNN-RB | |
0.3 ]
! [
* Robustness with regard to the 025 | ! I
. - =2 7 1
source and receiver positions & 1 !
©oo02f I —
+ ' '
* Neural networks “better” than 0.15 | + ! —
. . 1
Sabine’s and Eyring’s models o1l . ;
. 1
. + :
« without knowledge of the volume 0.05 ¢ ' 1 5 +
—r —r
V or the surface S of the room. 0 ' ' — : :
MLP CNN MLP CNN Sabine Eyring
Unif. RB
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Influence of other parameters

wall absorption wall ditfusivity noLSe
Test set 8 Test set 9 Test set 10
o lIdentical to Test O o ldentical to Test O o ldentical to Test O
o except: ¢ fixed o except: §; fixed o except: SNR
05 @ MLP-RB H 0.15 @ MLP-RB| 015 ‘,—L\A @ MLP-RB
—=—CNN-RB —=—CNN-RB R —=—CNN-RB
04} -A-Eyring :::.-‘ 1 i - A -Eyring “ - A-Eyring

01¢F A 1 0.17

error
error
error

005 B, = a 0.05 ¢
TA- A a-
0 0.10.20.30.40.50.60.7080.91.0 O 0 20 30 40 50 60
Si SNR
 fora;<0,5ands;<0,5 * Learning-based
e Learned models perform similarly or methods much
better than Eyring’model more robust to

noise
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