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Introduction

Acoustic Scene Classification (ASC) is the task of clas-
sifying environments from the sound they produce into
one of the provided predefined classes that characterizes
the environment in which it was recorded. A typical ap-
plication of computational ASC is a hearing aid which
automatically selects a set of appropriate amplification
and feature parameters (such as microphone directivity)
according to the acoustic environment (e.g., speech in
noise, car or music) [1].

The common approach for ASC is to divide a training set
of recordings into frames of fixed duration, to compute
a sequence of features from these frames, and to train
a model which summarizes the properties of predefined
acoustic scenes, which is then used to classify features
from recordings not included in the training set.

A range of different audio features have been employed in
ASC systems. Simple low-level features such as spectral
centroid, spectral slope or statistical distribution of signal
amplitudes are used in hearing aids [2]. Frequency-band
energy features which sometimes also mimic properties of
human auditory bands such as Mel-scale spectra (which
are most widely used in ASC), or Gammatone filters [3]
represent the spectral shape of an audio frame. Cepstral
features, especially MFCCs which summarize the spec-
tral envelope are also used in ASC and other fields of
sound processing such as automatic speech recognition.
Spatial features such as interaural time- or level differ-
ences can be exploited if multi-microphone recordings
are available. Estimates of the instantaneous frequency
based on the Hilbert-Huang Transform were used as fea-
tures for the classification of underwater sound [3] and
biosignals such as lung sounds [4, 5]. A detailed review
on ASC features and statistical models such as Gaussian
mixture models or support vector machines to model the
properties of sound classes can be found in [6]. In re-
cent, years, deep neural networks have increasingly been
applied to ASC.

Most audio features used for ASC represent current prop-
erties of the input signal in the respective analysis frame
(e.g., the frequency spectrum), but not changes of these
properties over time. So-called delta-features which are
sometimes also used in ASC represent differences be-
tween subsequent frames, but do not involve further anal-
ysis of amplitude and frequency fluctuations of the input
signal. However, psychoacoustic studies on human ASC
suggest that temporal properties of the signals such as
envelope modulations contribute to predict the identifi-
cation of different brief everyday sounds [7]. Frequency
and temporal fluctuations are fundamental attributes
of sound. The tonotopical representation of frequency

has been found in the cochlea and in different areas in
the ascending auditory pathway including the auditory
cortex. In neurophysiological experiments, several re-
searchers found neurons in the inferior colliculus and au-
ditory cortex of mammals which were tuned to certain
modulation frequencies, i.e., temporal fluctuations. The
“periodotopical” organization of these neurons with re-
spect to different best modulation frequencies was found
to be almost orthogonal to the tonotopical organization
of neurons with respect to center frequencies. Thus, a
two-dimensional map represents both spectral and tem-
poral properties of the acoustical signal (see [8] for a re-
view).

Frequency modulations play an important role in e.g.
speech perception. Manipulating the FM characteristics
of formants in speech changes its perceived phonemic
characteristics [9]. Electrode recordings identified neu-
rons in the primary auditory cortex of cats that are sys-
tematically distributed according to either the rate and
direction of frequency modulation sweeps [10].

Conventional spectral or cepstral features are not well
suited to capture these fast modulations. An example
is illustrated in Fig.1, which shows spectrograms of a
starting light aircraft and of noise which was generated
by overlapping random segments of that aircraft sound.
The spectrograms look essentially the same when using
typical analysis parameters (20 ms window length, 10
ms shift). However, the signals sound clearly different:
while it is easy to identify an aircraft by listening to the
first signal, the second signal just sounds like spectrally
shaped unmodulated noise.

This study focuses on audio features which emphasize
on representing spectro-temporal fluctuations of the in-
put signal, namely amplitude modulation spectrograms
(AMS), and statistical distributions of instantaneous fre-
quencies based on the Hilbert-Huang Transform which
are novel to ASC. For comparison, Mel spectra are com-
puted, as they are used in most current ASC approaches.
The classification system comprises a deep recurrent neu-
ral network and is evaluated using the DCASE 2018 chal-
lenge ASC dataset [11].

Features

(a) Instantaneous frequency distributions (IFD) - The
Hilbert-Huang transform [12] breaks down nonstation-
ary and nonlinear signals into a finite number of compo-
nents to which the Hilbert spectral analysis can be ap-
plied. These components are called intrinsic mode func-
tions (IMF') which form a complete and nearly orthogonal
basis for the original signal. The signal is decomposed
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Figure 1: Spectrograms of a starting light aircraft (top)
and of noise which was generated by overlapping random seg-
ments of that aircraft recording (bottom). Both signals sound
clearly different.

in the time domain, and the length of the IMF's is the
same as the original signal. Subsequent Hilbert trans-
forms yield the instantaneous frequencies of the IMFs.
Fig. 2 shows the instantaneous frequencies of the 274
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Figure 2: Instantaneous frequency of the 2°¢ IMF for a short
segment of a Kiwi bird call (black line), and for the sound of a
small river (thinner gray line). The embedded plot shows the
overall spectra of both segments (Kiwi: black; river: gray).

IMFs of 128 ms recordings of a Kiwi bird call and a small
river. The overall spectra of the two signals are similar,
but the distribution of the instantaneous frequencies dif-
fers a lot: while it is relatively constant over time for the
bird call, the instantaneous frequency of the river IMF
fluctuates much more. Thus, the fluctuations of instan-
taneous frequencies can be used to distinguish between
signals. To further examine the discriminative power of
instantaneous frequency distributions (IFD), they have
been computed from recordings provided for the DCASE
2018 ASC challenge [11]. For all 10 given acoustic scenes,
6 recordings taken in different European cities were pro-
cessed. In addition, 6 recordings from different speakers
(m/f) taken from the Buckeye Corpus [13] were processed
in the same way. ”Speech” is not an acoustic scene in
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the DCASE ASC challenge, but it is an important sound
class for e.g. hearing aids, why this class has been in-
cluded in this example. Each of the 66 recordings had a
duration of 10 s. Fig. 3 shows the IFD for the 3*4 IMF.
The patterns of the IFD show similarities across acoustic
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Figure 3: Instantaneous frequency distributions calculated

from the 3'¢ IMF in 11 different acoustic scenes (0.05",
0.25" 0.5" 0.75"" and 0.95" percentiles).

scenes, but also disparities which can potentially be used
for scene classification.

For feature extraction, the instantaneous frequencies of
the first 10 IMFs are calculated from 128 ms segments
of the input signal, with an overlap of 64 ms. The in-
stantaneous frequencies are functions of time with the
same sample rate as the input signal. For each 128 ms
segment, 5 percentiles (the 0.05", 0.25%% 0.5%h 0.75%"
and 0.95'") of the instantaneous frequency distribution
are calculated for each of the first 10 IMFs. Thus, each
128 ms segment is represented by a feature vector with
50 numbers in total.

(b) Amplitude Modulation Spectrograms - AMS reflect
both spectral and temporal aspects of the input signal.
In the field of speech processing, AMS features have orig-
inally been used in a binaural speech enhancement ap-
proach utilizing spatial separation of the speech and noise
[14]. For single-channel SNR estimation and speech en-
hancement, AMS features have been used in combination
with simple neural networks with one hidden layer [15].
More recently, AMS features were utilized for a noise
suppression with a Bayesian classifier and ideal binary
masks. In normal hearing subjects and noise types which
were also used for training, substantial improvements in
speech intelligibility could be shown [16]. A complemen-
tary feature set consisting of AMS features, relative spec-
tral transform and perceptual linear prediction (RASTA-
PLP), and mel-frequency cepstral coefficients (MFCCs)
was combined with a deep neural network to train bi-
nary masks for noisy speech [17]. The authors report
substantially increased speech intelligibility in hearing-
impaired listeners. While the speech segments for test-
ing intelligibility were not included in the training data,
the background noise was also used for training. Thus,
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generalization to unknown noise was not investigated in
this study.

In the field of acoustic scene classification, AMS features
have been used with a neural network classifier in an early
approach which just distinguished between speech and
noise [18] and in combination with MFCCs [19]. AMS
features which have been further reduced to just 9 fea-
tures using the Covariance Matrix Adaptation Evolution-
ary Strategy [20]. Using a Linear Discriminant Analysis
(LDA) classifier, the authors report an improvement of
10 percentage points for the IEEE AASP Challenge 2013
public dataset, compared to the best previously available
approaches.

For AMS generation, fast Fourier transforms (FFT) are
computed for overlapping 4 ms segments of the signal
with 0.25 ms hop size. Appropriate summation of neigh-
boring FFT bins yield 40 frequency channels with a mel-
frequency mapping and spanning from 0 to 22 kHz. The
resulting amplitudes in each frequency channel are re-
garded as envelope signal. The modulation spectra are
obtained by computing FFTs in each frequency channel
across a Hanning-windowed time segment of 128 ms with
an overlap of 64 ms. The modulation frequency resolu-
tion is 15.6 Hz. The FFT magnitudes are multiplied by
15 triangular-shaped windows spaced uniformly across
the 15.6 - 400 Hz range in each mel frequency channel
and summed up to produce 15 modulation spectrum am-
plitudes. Thus, each AMS pattern representing 128 ms
of the input signal consists of 40 x 15 = 600 numbers.

(c) Mel spectra - For frequency analysis, short-term
Fourier transformations are calculated with a window
size of 2048 samples (46 ms) and a hop size of 1024 sam-
ples. Next, the calculated power spectrum is converted
to 128 bands Mel scaled features. Finally, the spectra
are transformed to the logarithmic scale, normalized by
dividing by the standard deviation and subtracting the
mean value. These parameter settings have been chosen
by the winner team of the DCASE 2018 challenge (Task
1A).

Classifier

For classifying the acoustic scenes, a recurrent neural
network (long short-term memory network, LSTM) with
three hidden recurrent layers (1000, 1000 and 500 neu-
rons) was implemented. A softmax function and cross
entropy loss were used. The minibatch size was 4096, and
the learning rate was set to 0.001 per sample with 800
epochs. The network was implemented with the CNTK
toolkit running on a GeForce GTX 970 GPU.

Training and testing

The development data set of the DCASE 2018 chal-
lenge (Task 1B) consists of 10,080 mono sound files
recorded with three different devices using a sample rate
of 44.1 kHz in 10 different acoustic scenes. Each sound
file has a length of 10 s. After feature extraction, each
sound file is represented by 156 feature sets (instanta-
neous frequency distributions, AMS patterns or Mel spec-

Table 1: Acoustic scene classification rates (%) for the
test subset of the DCASE 2018 development data using
different feature sets: instantaneous frequency distributions
(IFD), amplitude modulation spectrograms (AMS), Mel spec-
tra (Mel), and concatenation of these three feature sets (All).
DCASE 2018 baseline system for comparison.

Scene label IFD AMS Mel All  baseline
1 Airport 71.1 68.1 61.5 66.1 73.3
2 Mall 51.8 68.9 45.1 51.1 48.2
3 Station 275 454 55.6 56.3 50.4

4 Pedestrian 45.6 484 474 474 51.2
5 Publicsqu 32.1 47.2 476 51.2 36.2

6 Traffic 81.9 798 84.8 85.8 80.5
7 Tram 66.0 56.6 63.6 64.7 51.9
8 Bus 60.8 428 69.1 644 59.4
9 Metro 384 63.0 522 522 43.3
10 Park 74.1 755 817 784 78.1
Average 55.0 59.8 60.7 61.7 57.2

tra) which each represent 128 ms of the input signal (64
ms hop size). The development data set is split into a
subset with 7202 sound files for supervised training and
2878 sound files for testing. For testing, each feature set
generated from 128 ms segments of the test subset was
classified independently. The acoustic scene which has
been detected most often within a given sound file was
the overall classification result for this sound file.

Results

The results for the proposed partitioning of the devel-
opment data set into train and test data are given in
Table 1. For comparison, the results of the DCASE
2018 baseline system [11] are also shown. In the baseline
system, log mel-band energies were first extracted in 40
bands using an analysis frame of 40 ms with a 50% hop
size. The neural network consists of two convolutional
neural network layers and one fully connected layer, and
uses an input of size 40x500, equivalent to the full length
of the segment to be classified.

The classification accuracy varies across acoustic scenes
and feature sets. On average, AMS and Mel spectra yield
similar results and outperform the baseline system, while
classification accuracy with instantaneous frequency dis-
tribution features is about 5 percentage points lower.
The combination of all three feature sets yields the best
results.

Discussion

The proposed IFD feature set which is novel to ASC
is discriminative enough to allow for classification rates
which are reasonable, but clearly lower than with stan-
dard Mel spectra features. However, calculating per-
centiles from instantaneous frequencies is just a rough
descriptive statistics, and other analysis methods might
be more discriminative. In addition, the size of the IFD
feature set is quite small (781 numbers per second, com-
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pared to 9360 numbers for AMS features, and 5565 num-
bers for Mel-spectral features), which might be important
for applications with tight memory resources. The com-
bination of different feature sets appears to be beneficial,
which has also been shown in other areas of sound pro-
cessing such as speech enhancement using deep neural
networks[17].
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