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Robots with Vision

* \ision-based robot has limitations

— Requires much world knowledge

« Model-based approaches: typically built for highly constrained
environment; Reliable landmarks are required for model
matching

« Mapless approaches (view-based): incoming images are
matched against learned ones. Effective for small area, but
generalize poorly (new scenes)

— Image processing and segmentation algorithms are
computationally expensive

— Lighting problems (or lack of), and angle of the camera
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Robots with Ears

« Use audio information to assist robot navigation

« Audio data can be obtained at anytime, if
available on robot, neglecting external condition

 However, little research has been done on using
audio to recognize the environment

* Environmental sounds are unstructured, similar to
noise; Speech and music are structured data;
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Overview

Building a scene recognition system using audio
features:

* Collect real-world audio data with a robot and
extract relevant features

* Build classifier based on audio features
 Discriminate between five types of environment

* Investigate on features for discrimination
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Type of Environmental Sounds

Street & I don't need vision...

Elevator  ¢- What kind of sounds

Café 4 are we talking about
\_ here?

Hallway (5 <

Lobby ¢
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Experimental Setup

 Hardware *g
— Pioneer robot and Player for control |
— Edirol USB audio interface,

— Sennheiser microphone mounted on the
chassis of robot

« Record audio data with robot for training
and testing

« 5 different scenes / environments
(within and around a research facility
building):
— Café area, crowds of people
— Hallways of research labs
— Elevator, around and inside of

— Lobby area, people walking thru with
talking

— Street area, next to building with
pedestrian and vehicle traffics.
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Data Collection

» Collected about 2-3 hours of data from the five
environments all together.

« Multiple clippings were taken at each location.

« Each clipping was 10-15 minutes long

— Taken at multiple days and at various times.
 Incorporate larger varieties of sound
» Prevent biases of recording the same situation.

* Robot was deliberately being driven around with its sonar
sensors turned on (and sometimes off)

— Resembling a more realistic situation, including motor- and sonar-
sounds

« Laser and camera were not used because they produce
little, if any, noticeable sound.
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Dataset and Feature Extraction

Dataset: audio clips of environmental sounds

- Manually labeled and separated into 4-second segments

- Audio streams are sampled at 16 bits, mono-channel and 44 KHz
- 200 instances for each class (~13 minutes)

- Data was normalized to zero mean and unit variance

5 Classes: cafe, elevator, hallway, lobby, street

Feature Extraction: features are analyzed and extracted
for every 20ms rectangular window frame, with 10 ms
overlap. All spectra were computed with a 512-point FFT
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Typical Features for Audio
Classification In Literature
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Derivative
Energy X X X X X X X X
Zero-crossing X X X X X X X X
Sub-band X X X X X
energy
Fundamental X X
frequency
Spectral X X X X X X X X X
centroid
Spectral X X X X X X X
bandwidth
Spectral roll- X X
off
Spectral flux X X
Spectral X X X X
flatness
Linear X X X
predictive
coding
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Typical Features for Audio
Classification In Literature
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Types of Features

Time-domain features:

« Zero-crossing

« Standard deviation of Zero-crossing
 Energy range

« Standard deviation of energy

Frequency-domain features:

(Used fast Fourier transform (FFT) to convert signal)

 1st—-12th MFCCs

« Standard deviation of 1st — 12th MFCCs

» Spectral centroid

» Spectral bandwidth

« Spectral asymmetry

« Spectral flatness

* Frequency roll-off

- Standard deviation of roll-off 12
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Classification Results of
Related Work

Number of - Overall Accuracy
Classifiers
classes (%)
©
@ — 18 HMM 61
— 8
c
3 g 13 KNN, GMM, HMM 56
&)
c
-] o
- = 11 GMM 77
7 =
L
cC 4 GMM 81
)
10 SVM, GMM 75
9 KNN, decision tree 86
[&]
g 8 Knowledge-based 77
=
6 Knowledge based 85
8 2 KNN, decision tree 99
| -
- 5 KNN 88
- <)
O o
> 3 4 HMM 78
— o
= Q
0p) < 4 Rule-based 82
C
S8 3 Thresholding, 90
2%
S 3 Thresholding 86
5
3 2 Bayes, KNN, GMM 98
o
n
2 GMM 89 13




University of Southern California

Experimental Setup & Result

Classifiers used for comparison:
* Nearest Neighbor Classifier (1-NN)

- Euclidean distance

» Support Vector Machine (SVM)

- Kernel: 2-degree polynomial with C=10 and e=1e-7,
where C is the regularization parameter and ¢ controls the fitting
the training data, affecting number of support vectors

SVM is a 2-class classifier,
- For 5-class, we use One-against-the-rest algorithm

» Gaussian Mixture Model (GMM)

Number of mixtures: 5

Leave-One-Out cross-validation
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Results
KNN GMM SVM
Recognition | 89.5% 89.5% 95.1%
Accuracy
Time (sec) 1.1 148.9 1681.8

— Highest recognition accuracy for discriminating 4-6
classes in audio: ~88% [cano 2004, Eronen 2003, Herrera 2000]

— Results we obtained are competitive, but could be
better

15
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Problem with Too Many Features

« Many irrelevant features might reduce the quality
of classification

* |ncreasing number of features
— Increase number of dimensions in search space
— Data points become more sparse

We can alleviate problem by choosing smaller set

16
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Boosting with Feature Selection

« Select a subset from all possible features,
yielding most ‘effective’ subset

« Optimal solution is an exhaustive search of
all the features: i m = # of features

d!(m;d)! ’

« Resulting in 23* = 10'° combinations

17
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Forward Feature Selection

* |nitialize selected set S = empty set
* |nitialize unselected set F ={1, ..., M}
* Repeat:
— Evaluate performance with SU f, foreach f eF

— s=sUf and F=F\f,  wheref qgive
maximum performance

— Stop when no significant improvement in
classification

18



University of Southern California

More Results

Recognition Accuracy (percentage)

KNN GMM SVM
Full Feature |89.5 89.5 95.1
set (34)
Selected* 94.3 93.4 96.6
Features
(16~25)

* Classifier dependent — 16 for KNN and SVM, 25 for GMM

Selected 16 most effective features:

MFCC 1-3, 5-9, 12, Std dev of MFCC 1,4,5,7, spectral flatness,

energy range, and frequency roll-off
19
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Improving on Feature Selection

« Check for over-fitting and confirm validity of the selected features

« Repeat for 100 times
— Randomly pick half of the dataset
— Repeat the forward feature selection algorithm on the subset
— Record the features selected

« Tally the selected features and picked the ones used more than half of
the times

« Further refine the search using backward feature selection search

Results:

« Recognition accuracy: 94.2% using 9 features
(compared with 89.5% for 34 features and 94.3% for 16 features)

« Selected 9 most relevant features for discriminations of environments:
MFCC1-3 and 7-9, zero-crossing, energy range, and the roll-off frequenc;)é 0
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Power

Power

A signal analysis perspective...
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Class Frequency Mean Mode % of data
Range (Hz) (Hz2) (Hz2) w/ mode
value
Street 0-172 74.5 86 26.7
Elevator 0-172 721 43 43.3
Café 0-603 178.6 129 66.7
Hallway 0-172 66.0 58 64.4
Lobby 0-560 164.3 129 56.7

Café and Lobby have a wider distribution of frequencies, with both
centering around 129 Hz

Class Energy Zero- Frequency
Range Crossing Roll-off
Street 81.7 14.2 3207
Elevator 87.5 18.6 2191
Café 75.3 30 2818
Hallway 91.3 11.9 2357
Lobby 84.3 29.1 2903
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Accuracy (Percentage)
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A Closer Look .

Accuracy using Forward Feature Selection
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Number of Features Used

Observation:

* Small number of
features is needed to
achieve high accuracy
rate

* KNN and SVM is
relatively similar, but KNN
is 1000x faster

22
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Conclusion

 ldentified features relevant for discriminating the
environments using audio

« Demonstrated feasibility of using audio for scene
recognition and with competitive results

 Less is better -- demonstrated effectiveness of feature
selection

23
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Direction for Future Work

* Increase the types of environment for

classification

— Currently working on analysis of 20+ types of environmental
sounds

* |nvestigate on mapping between audio and
visual information

* |ncorporate audio into a vision-based robot

24
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Thank you

selinach@sipi.usc.edu
http://sail.usc.edu
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Quick comments..

slides are over all good, and flow well.

minor comments

slide 9: may be play one example max (or none). cartoon is nice!
slide 10: difficult to read legend and, importantly, what the figures
tell us

slides 11,12: make table a little bigger so it is readable

slide 14: "Works" --> "Work"

don't need to show slides 25 & 26; move 27 right after conclusions.

Practice! And good luck.
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Confusion Matrix

Street Elevator | Cafe Hallway | Lobby
Street 94.4 0 0 0 5.6
Elevator | O 90.0 1.1 7.8 1.1
Café 0 0 95.6 0 4.4
Hallway |0 0 0 100 0
Lobby 2.2 0 3.3 0 94.4
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Framework of Classifier

Feature Extraction

Audio Clips

|

Time- and Freqg- Domain

l

Trained Classifier

Street

Cafe

Various
Scenes

A 4

Determine Label

l

Provide
Environment
Information
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Types of Features

Time-domain features: 1

. Zero-crossing Z(n) =% 2 sgn[S(m)] - sgn[ (m —1)]w(n —m)
- Standard deviation of Zero-crossing where sgn[S(n)]=f1 S(Sn()n;g
 Energy range

o and w(n) is the window frame.
« Standard deviation of energy

Frequency-domain features:

(Used fast Fourier transform (FFT) to convert signal)
« 1st—12th MFCCs

« Standard deviation of 1st — 12th MFCCs

« Spectral centroid Se = S
* Spectral bandwidth S, = U —u? =
* Spectral asymmetry o _2ul-3uu; tu; 2 A
« Spectral flatness ’ _3u4+53éuu e )
 Frequency roll-off Soc

« Standard deviation of roll-off 31
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Observation of Each Scene

« Hallway: mostly quiet, with occasional doors opening/closing, distant
sound from the elevators, and individuals quietly talking, and some
footsteps

« (Café: many people talking, ringing of the cash registers, moving of
chairs

« Lobby: footsteps with certain echo, but different from hallways, due
to the type of flooring, people talking, sounds of rolling dollies from
deliveries being made

« Elevators: bells and alerts from the elevator, footsteps, rolling of
dollies on steal surface of the elevator

« QOutside: footsteps on concrete, traffic from buses and cars, bicycles,
and occasional planes and helicopters 32
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Robots with Vision

* Vision-based system has limitations

— Requires much world knowledge

» Model-based approaches: typically built for highly constrained
environment; Reliable landmarks are required for model matching

» Mapless approaches (view-based): incoming images are matched
against learned ones. Effective for small area, but generalize poorly
(new scenes)

— Image processing and segmentation algorithms are
computationally expensive

— Lighting problems (or lack of)

* Determine the modality of control

— Mobile robots designed for indoor/outdoor navigation usually
needs to switch between indoor and outdoor modes of control

33



