
Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21

Machine Learning for 

Indoor Acoustics

Antoine Deleforge

Inria (Nancy - Grand Est)



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /302



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /302



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /302



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /302

« What is the shape of 

the room? »



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /302

« What is the shape of 

the room? »

« Is the floor made of 

tiles or carpet? »



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21

OUTLINE

1) Intro & Background

2) Virtually-Supervised Learning

3) Examples and Results

4) Conclusions and Outlook



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21

OUTLINE

1) Intro & Background

2) Virtually-Supervised Learning

3) Examples and Results

4) Conclusions and Outlook



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

• A Variation of Air Pressure

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

• A Variation of Air Pressure

• A 3D Wave

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

• A Variation of Air Pressure

• A 3D Wave

• Sound has a speed:  c ≈ 343 m/sec

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

• A Variation of Air Pressure

• A 3D Wave

• Sound has a speed:  c ≈ 343 m/sec

• Sound dissipates: ≈ -6 dB every doubling of distance

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

• A Variation of Air Pressure

• A 3D Wave

• Sound has a speed:  c ≈ 343 m/sec

• Sound dissipates: ≈ -6 dB every doubling of distance

• Sound Interacts:

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

• A Variation of Air Pressure

• A 3D Wave

• Sound has a speed:  c ≈ 343 m/sec

• Sound dissipates: ≈ -6 dB every doubling of distance

• Sound Interacts:

Absorption

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

• A Variation of Air Pressure

• A 3D Wave

• Sound has a speed:  c ≈ 343 m/sec

• Sound dissipates: ≈ -6 dB every doubling of distance

• Sound Interacts:

Absorption Transmission

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

• A Variation of Air Pressure

• A 3D Wave

• Sound has a speed:  c ≈ 343 m/sec

• Sound dissipates: ≈ -6 dB every doubling of distance

• Sound Interacts:

Absorption Transmission Reflexion

Sound Propagation



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Intro & Background

5

• What is sound?

• A Mechanical Vibration

• A Variation of Air Pressure

• A 3D Wave

• Sound has a speed:  c ≈ 343 m/sec

• Sound dissipates: ≈ -6 dB every doubling of distance

• Sound Interacts:

Absorption Transmission Reflexion

Sound Propagation

Specular

Diffuse



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Introduction

6



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Introduction

6

Absorption/

Transmission

Diffusion



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Introduction

6

Absorption/

Transmission

Diffusion

« Reverberation »



Antoine.Deleforge@inria.fr QMUL Winter School 09.12.21 /30

1) Introduction

6

Absorption/

Transmission

Diffusion

« Reverberation »
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• Impulse response: The response of an LTI system to a perfect impulse (Dirac).

• Room Impulse response (RIR): Captures the linear filtering effect due to the propagation

of sound from a point source to a microphone inside a room

Direct path

Early reflections = “ECHOES”

Diffuse/late reverberation

Time0
Input:

Output:

The Fourier transform of a RIR is

called Room Transfer Function

It captures the effect of the room in 

different frequency bands.
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The Room Impulse Response
• Can be used to « reverberate » any dry sound source signal        :

• Generalization to multiple microphones:

Fourier

… …

www.openair.hosted.york.ac.uk/

Linear Circular Spherical

http://www.openair.hosted.york.ac.uk/
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Difficult (interesting) inverse problems!
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?
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Why do we care?

1) Indoor noise disturbance

Make acoustic diagnosis faster / better [16]

2) Audio Augmented Reality [6, 17]

3) « Echo-Aware » Audio Signal Processing [7, 8]

• Hearing aids

• Vocal assistant devices

• …

True

source

Virtual source
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• Simulated test results: RoomSim, real 

absorption profiles, 5 room geometries, 500 

RIRs

• Comparing two training sets (Unif., RB) and 

the two neural networks (MLP, CNN) against

Sabine and Eyring’s laws (given true Stot

and V)

Example 1: RIR -> Mean absorption profile of surfaces [16]
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absorption profiles, 5 room geometries, 500 

RIRs

• Comparing two training sets (Unif., RB) and 

the two neural networks (MLP, CNN) against

Sabine and Eyring’s laws (given true Stot

and V)

Training on uniformly sampled acoustics 

fails to outperform reverberation theory

Training on the reflectivity-biased set 

significantly outperforms both baselines

Example 1: RIR -> Mean absorption profile of surfaces [16]
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Example 2: Blind echo estimation [4]

• One Source

• Two microphones

• Nearest surface is most reflective

• Random shoe-box rooms

A « pic-nic » dataset
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• Random shoe-box rooms
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Diffuse tail
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TDOA
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Level Difference

Spectrogram

Phase Difference

Spectrogram

Avg.

1534-dim. 

feature vector
3 fully-connected 128-

units hidden layers

Results on test set

 Good results with white noise

 Poor generalization to noisy 

speech and real data
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• Joint estimation of volume, total surface, RT60(b) and         from multiple, 

multichannel noisy speech recordings
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Example 3: Blind room parameter estimation [17]
• Joint estimation of volume, total surface, RT60(b) and         from multiple, 

multichannel noisy speech recordings

• A maximum-likelihood cost-function:

• Allows aggreting multiple source-receiver recordings via Bayes’ theorem:
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Example 3: Blind room parameter estimation [17]

Mean results on 3 real rooms [12] (30 rec. per room) 

 2-channels help V and S

 Multiple observati ons help

 Poor results for mean 

absorption below 1000 Hz
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Thank You !

Questions?

• How to develop « hybrid » models that are jointly

driven by data, signal processing and physics?

• Promising directions: domain adaptation, 

transfer learning, generative models, adversarial

networks, neural RIR generation, …

• Coming soon: extension of Pyroomacoustics

that loads measured source and receiver

directivity profiles

Acoustics
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