Robustness of Acoustic Scene Classification using a CNN in a Real-World Scenario

Introduch:

AcousBlc Scene ClassificaBlon (ASC) can be used for a wide variety of
applicallons regarding intelligent sensing technology [1]. In this case a
Convolulonal Neural Network (CNN) [2] is used for classifying acousllc
scenes in a construclBon site scenario with high noise level, where it's
assumed that the sound is captured through a microphone and is
transmilled wirelessly. The output of this process is a class label,
informallon that could be ulllized for further processes, such as acBlvallng
specific noise-cancelling algorithms. Previous work has shown that a CNN is
the state-of-the-art for ASC [3]. The goal of the project is the following:

e Data acquisiPlon and preprocessing of different acousllc scenes
e Implementallon of a CNN model that can classify acquired data
e Tesking robustness of model when imposed to different types of noise
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Fig. 1: Preprocessing chain

e Dataset recorded at Nyt Aalborg Universitetshospital (NAU)

e Equipment used: Zoom H4n recorder, Presonus PRM1 microphone, and
t.bone MM-1 microphone.

e Classes recorded:

» Inside Y Inside vehicle

» Office » Semioutside » Outside

Sample rate of the recordings is 44,1 kHz. The classes represent different
types of locallons at NAU, where semi-outside is an unfinished building
without external walls. Acquired data is preprocessed into images of linear-
frequency spectrograms as shown in the preprocessing chain in fig. 1.
Supplementary audio data is also found in open source databases.
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Fig. 2: Implemented CNN model for acousblc scene classificallon. Input is a
spectrogram, output is a label probability distribuon of the five classes.

The CNN model is implemented in Python using Keras library [2]. The
preprocessed dataset consis ng of 54.844 spectral images is split up into
training (80%) for the CNN learning process, valida on (10%) to evaluate
model loss during learning, and test (10%) for final model evalua on. The
model input is a spectrogram image. The two convolu onal layers are
responsible for feature extrac on, both u lizing 3 x 3 kernels where the first
convolu on consist of 32 filters and the second of 64. The convolu onal
outputs is padded to have the same size as the input, and is followed by
max pooling layers that decrease the image size to half. Rec fied linear unit
(ReLu) is chosen as ac va on for convolu ons and pooling layers. The dense
layer output five classes ac vated by so. max, meaning that the output is a
probability distribuBlon of the classes. CNN can be seen on fig. 2, trained
with categorical cross entropy loss and Adam opBEImiser [2].
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Noise Types
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Fig. 3: Wind noise, located at
the lowest frequencies.

Noise can alter the quality of a predicflon and is therefore imposed to
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Fig. 4: Speech noise, located from

low to around 8 kHz.
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Fig. 5: AWGN and random Fig. 6: AWGN and burst packet
packet loss noise. loss noise.

System and Channel noise

the test data to test the robustness of the model. Different types of

noise can occur either during signal recording (Environmental noise),
(System and channel

or during wireless transmission
Spectrograms visualize 10 s of the 'outside’ class.

Environmental noise

e Wind noise, fig. 3: Loaded sample of wind noise (random started
posiflon) added to the signal. This process simulates the altering of
recorded audio quality in outdoor situalZon.

e Speech noise, fig. 4: Loaded random sample of recorded voice is
added to the signal. Simulates the effect that a talking person near

the microphone has to the signal.

Results

noise).

e Addi ve white gaussian noise (AWGN): Zero mean normal AWGN is
generated and added to the signal. This method will mimic noise
imposed from a real-world random process.

e AWGN and random packet loss, fig. 5: Is generated with a Bernoulli
random process with 5% probability of packet loss. The lost packets
are distributed along the spectrogram. This process simulates minor
losses that can occur.

e AWGN and burst packet loss, fig. 6: Loss of 5% of total packets at
one or two random posillons. The posiklons are chosen randomly
along the spectrogram and neighbouring packets on these posiklons
are lost. This process simulates longer losses on channels.

Model Original S&C Wind Speech All
5 epochs 94% 67% (89%)  74% 46% 42% (44%)
10 epochs | 95% 70% (92%) 78% 49% 44% (47%)

Tab. 1: Classificallon accuracy with different noise types. Results with random

packet loss is shown in parantheses. All includes every noise type.

The model is tested with our own acquired data supplemented by
online data. A total of 4648 samples unevenly distributed over the five

classes, is tested.

The overall test results are shown in tab. 1, where the original test
data without noise have a descent accuracy. AWGN and a packet loss
of 5% has been added in both cases of random and burst method. The
model performs fairly well with system & channel and wind, but it is
found that the accuracy decreases with speech, or all types present. By
comparing results of 5 and 10 epochs, it is found that a training the
network with a greater number than 5 epochs does not drasklcally

increase the accuracy.

Normalized confusion matrices has been generated from 10 epoch
model tests. In fig. 7, the test data are imposed with AWGN, burst
packet loss, wind, and speech resullling in 44% accuracy. An example
without burst and speech is shown in fig. 8, where the test data are
imposed with AWGN, random packet loss, and wind resullling in 70%

accuracy.
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Fig. 7: Normalized confusion matrix of test data with wind, speech,
AWGN, and burst packet loss imposed to the signal.
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Fig. 8: Normalized confusion matrix of test data with wind and
random packet loss imposed to the signal.

~{ Recording setup JI;.w-*- —
| o *—}!am&

- -
1 e

| Zoom H4n Recorder A AP :.I'_..._m = o :',.:E.-.#3 ol
-?-ﬂlm | 4 S t.bone MM-1 [ Presonus PRM1

-| nr 1 :
Sl | | el W
|

1 .

R BT ety -

e L s
"

. - W 3
T el o) NI ORI AT A SR S - PV k
; 4 | |
b |

¥ = s i — Ty 2
A | AT . ol PO L T e TR sk i AT,

Discussion

The trained model shows promising results in predicBing the acousPlc
scenes, even with most added noise types. AWGN does not seem to have
any effect on predicllons. Burst packet loss and wind noise make the
predicPlon accuracy decrease and with wind noise the model predicllons are
sBlll usable. The model seems to have found features that resembles the
characterisllcs of the scenes, therefore, the training data create limitalons
on the predicllon accuracy when introducing noise. Since only the office
scenes had recordings of human speech, a constraint is applied on the
model when trying to add speech to all scenes. The method of adding wind
noise is debatable since wind noise is not an addillve noise type. To
correctly represent the effect of wind noise, it should be present at the Bime
of recording. Likewise, power tools seem to show up as features as well, as
scenes are often miss-classified with these noise types introduced. To
alleviate this issue, more diverse training data should be gathered.

Conclusion

The presented convoluPlonal neural network method of ASC had high
classificaPlon accuracy when no noise was imposed on the acouslc field. In
noisy environment the accuracy decreased, however it sl seems to be
usable. Data augmentallon and higher amount of training data can further
improve the model accuracy. The CNN model was specifically built for
classifying construclon scenes. Further tesking of the CNN structure is
needed to determine whether the model can be used for other
environments.
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