1

Multiview Embeddings for Soundscape
Classification
Dhanunjaya Varma Devalraju, Padmanabhan Rajan.
School of Computing and Electrical Engineering, Indian Institute of Technology, Mandi
s18023@students.iitmandi.ac.in, padman@iitmandi.ac.in

Abstract—Acoustic scenes (or soundscapes) can be composed of
various background and foreground sound events. Classification
of soundscapes have to deal with the overlap of these sound
events. In this work, we propose to reduce this overlap by
considering foreground sound events and background sound
events as multiple views of the soundscape. Robust principal
components analysis is used to decompose a soundscape into
the background view and the foreground view. We can control
the amount of information retained in this decomposition by
using the subspace projection technique of nuisance attribute
projection. We represent the audio samples as features from a
convolutional neural network, and view-invariant representations
are derived using a deep neural network based multi-view learning algorithm. Experimental results demonstrate the effectiveness
of our proposed method on standard datasets for acoustic scene
classification.

soundscape “bus”. The sound of the engine is the low-rank
component; the sound of door opening, people talking is the
sparse component.
In previous work [3] [4], we had applied RPCA to the
analysis of acoustic soundscapes in order to separate the
data into foreground and background. This separation allows
us to use the background to help discriminate events with
similar foreground, and vice versa. Controlled suppression of
the background (foreground) can be performed via nuisance
attribute projection or NAP [5], by considering the background
(foreground) as the nuisance attribute. For a data vector x
representing an audio recording, this is achieved by

Index Terms—Acoustic scene classification, robust principal
component analysis, subspace projection, multi-view learning.

Here x̃ denotes the nuisance-removed vector, B is a basis
matrix whose columns span the nuisance space, and I is
the identity matrix. The representation corresponding to the
suppression of the foreground is termed as the background
view (here the basis B = Bf spans the foreground), and
the representation corresponding to the suppression of the
background is termed as the foreground view (here the basis
B = Bb spans the background).
Since both representations come from the same audio signal,
this motivates considering them as multiple views of the
same data. Conventionally, representations corresponding to
multiple views can be combined at the feature level or at the
decision level. These approaches may not be able to effectively
leverage the information specific to individual views. Multiview learning, on the other hand, annotates one function to
model a particular view, and jointly optimizes all the functions
to exploit the redundant or complementary information present
in the different views.
The challenges of handling multiple view information include view discrepancy [6]–[10]. Additionally, discriminant
information (i.e., class labels) can be incorporated into multiview analysis. Typically, this is done by utilizing the Fisher
criterion, simultaneously maximizing the between-class variation and minimizing within-class variation.
Deep learning versions of discriminant multi-view analysis
have been developed. This helps to learn complex non-linear
relationships from multiple views. A recently proposed method
is the Multi-view Linear Discriminant Analysis Network
(MvLDAN) [10], which simultaneously considers the crossview relationship of all views and the discriminant information
of all labels.
The main contribution of this work can be summarized as

I. I NTRODUCTION
In numerous real-world applications, the data involved can
be considered as being made up of constant (or slow-changing)
background events, and sparse (or occasional) foreground
events. A good example of this is a video captured by a
surveillance camera. Here, the slow-changing background is
inter-spaced by occasional movement of one or more objects
or people. For analysing applications such as these, it may
be useful to decompose the data into the background and the
foreground. In general, the data matrix M can be decomposed
as
M = L + S,
where, the matrix L corresponds to the low-rank component
(the constant or slow-changing background events) and the
matrix S represents the sparse component (the occasional
or sparse foreground events). Such a decomposition of data
into the background and the foreground components can be
achieved by employing the statistical technique of robust
principal component analysis (RPCA) [1], [2].
Data representing acoustic scenes (soundscapes) also can be
seen in this fashion. For example, if we consider a soundscape
from the “beach” scene, sounds like “waves”, “wind” and
“water splashing” constitute the background events, and are
most likely to be present in the entire duration of the recording.
The other sound events like “children playing” and “people
shouting”, which are sparse and are likely to be present for
a short duration at some particular time in the recording,
corresponds to the foreground events. Another example is the

x̃ = x − BB T x = (I − BB T )x

(1)
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follows:
• We introduce acoustic scene classification as a multiview learning problem with two views. These views are
obtained from two different representations, namely the
background-suppressed representation (the foreground
view) and the foreground-suppressed representation (the
background view).
• We utilize a framework that uses robust PCA and NAP
to derive the multiple views.
• We explore a deep neural network (DNN) based subspace
learning algorithm, the Multi-view Linear Discriminant
Analysis Network (MvLDAN) [10] to solve the proposed
two-view problem, resulting in multiview embeddings
that can be used with any classifier.
The rest of this paper is organized as follows. Section II
reviews the related works. Section III describes the RPCA
framework in brief. Section IV describes the proposed framework. Section V presents the experimental results and section
VI analyses the proposed framework. We conclude the paper
in Section VII.
II. R ELATED W ORK
The DCASE challenge website1 has detailed information
including technical reports and code for many techniques for
acoustic scene classification (ASC.) Recently, several studies
have proposed to use convolutional neural networks (CNN)
to tackle the ASC problem. Broadly, CNN based techniques
either use a 1D-CNN on the raw audio signal, or a 2DCNN on the time-frequency representation of the signal. 1DCNNs are used to extract features directly from time-domain
waveform like conventional feature extraction methods that
operate in the time domain. Vinayak et al [11], proposed to use
raw waveform as input to the 1D-CNN based DNN to learn
ASC systems in an end-to-end fashion. Arshdeep et al [12]
proposed to extract feature maps from the intermediate layers
of SoundNet (a pre-trained 1D-CNN model) to learn ensemble
models for classification. 2D-CNNs, on the other hand, use
inputs including constant-Q transform spectrogram [13] - [14],
scalogram [15] and log-mel spectrogram [16] - [17]. These
time-frequency representations of an audio signal are treated as
images, and features are extracted from these representations
using 2D-CNN’s. In SubSpectralNet [18], sub-spectrograms
are used as input to a 2D-CNN, where sub-spectrograms are
band-wise crops of the mel-spectrogram. More recently, Zhang
et al [19], represents the input audio as a log-mel spectrogram
and treats it as an ordered segment-level sequence, and trained
3D-CNN’s in an end-to-end fashion for classification. In this
paper, we use the pre-trained 2D-CNN model L3 -Net [20]
on the mel-spectrogram representaion of the audio signal to
extract a fixed-length vector x.
Initial studies of using RPCA followed by NAP, for foreground and background separation and its role in soundscape
classification were published in [3] and [4]. In [3], RPCA
was utilized in the construction of foreground and background
bases to be used for NAP. The vectors obtained after NAP
1 http://dcase.community/
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Fig. 1: RPCA based foreground and background separation
applied to an audio signal [21].
was used to perform classification. In [4], class-specific NAP
bases were created utilizing RPCA, to get class-specific embeddings. An attention mechanism was used to develop a
final embedding, combining the information from the classspecific embeddings. The present study has the following
differences from the published works [3] [4]: (a) RPCA is used
to obtain foreground and background representations, and NAP
bases are learnt from class means. No class-specific bases are
used, nor is there an attention mechanism. (b) Foregroundsuppressed embeddings and background-suppressed embeddings are considered as multiple-views of the same audio
recording. The MvLDAN is used to solve this multi-view
classification problem. (c) A detailed study of the information
available in the foreground and background components is
done, the method is evaluated on standard ASC datasets, and
is compared with recent methods.
III. A PPLYING ROBUST P RINCIPAL C OMPONENT
ANALYSIS FOR THE ASC TASK
Principal component analysis (PCA) is widely used in data
analysis to find the underlying low-dimensional structure of
data. However, PCA is sensitive to corrupted observations and
performs poorly when the data is noisy. In the real world,
data corruption is quite common and PCA tends to find the
directions which are far from the true directions. Robust PCA
(RPCA) overcomes some of these limitations with reasonable
assumptions about the data [1]. A well-used formulation of
RPCA is the problem of decomposing the data matrix M into
the sum of a low-rank matrix L and sparse matrix S [2]. By
solving the following convex problem we can recover the lowrank matrix:
minimize ||L||∗ + λ||S||1 ,
subject to L + S = M.

(2)

where M, L and S ∈ Rn1×n2 , λ > 0 is a tunable parameter,
|| · ||∗ denotes the nuclear norm, i.e., sum of singular values
and ||·||1 denotes the l1 -norm. We use the procedure proposed
by Huang et al. [21], including details on how to solve the
above convex problem and the choice of the λ value. The
constrained optimization problem given in Equation 2 can be
represented as the following augmented Lagrangian function
(an unconstrained optimization problem). This unconstrained
optimization problem can be solved by using the augmented
Lagrange multiplier (ALM) method as described in Algorithm
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1.
The augmented Lagrangian for ALM method is given below:

Algorithm 1: (RPCA via the Inexact ALM Method [22])
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while not converged do
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Here, Λ represents the Lagrangian multiplier, β is a positive
scalar and β2 ||M − L − S||2F is the penalty term.
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Λk+1 = Λk + βk (M − Lk+1 − Sk+1 );
βk+1 = ρβk ;
k = k + 1;
end
Output: (Lk , Sk )

The procedure given in Algorithm 1, first minimizes L
with respect to L by keeping S constant (lines 4-5). Next,
it minimizes L with respect to S by keeping L constant
(line 7). Finally, the Lagrangian multiplier Λ is updated in
line 8. These steps are repeated till the algorithm converges.
Further, Lin et al. [22] proposed to use the initialization of
Λ0 = M/J(M ) for faster convergence, where J(M ) =
max(||M ||2 , λ−1 ||M ||∞ ) and ||·||∞ is the maximum absolute
value of the matrix entries.
The S [X] in line 5 and 7 is the shrinkage or softthresholding operator applied to each element x ∈ X and
is defined as:


x − , if x > .
(4)
S (x) = x + , if x < −.


0,
otherwise.
Figure 1 illustrates the procedure of applying RPCA to an
audio signal to obtain the background and the foreground
signal components. We use the procedure proposed by Huang
et al. [21], where, RPCA is applied on the spectrogram representation of the audio signal, by treating spectrogram as the
data matrix M . The low-rank matrix L and sparse matrix S obtained from data matrix M , post applying RPCA, corresponds
to the spectrogram representations of the background and the
foreground signal respectively. Later, by using the inverse
short-time Fourier transform and the phase of the original
signal, the background and the foreground audio signals are
reconstructed from the respective spectrograms. The process
of RPCA applied to an audio example from the soundscape
“beach” is illustrated in Figure 2 using spectrograms.
IV. T HE PROPOSED FRAMEWORK
Let D = {xij | 1 ≤ i ≤ C; 1 ≤ j ≤ ni } be a set of pooled training samples from C classes. Let Dif = {xfi1 , xfi2 , xfi3 , ..., xfini }
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Fig. 2: Mel spectrograms, for an audio example from soundscape “beach”, before and after RPCA. Top: The original audio
M . Middle: The background L. Bottom: The foreground S.
The spectrograms are shown in log scale for better visualization.
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Fig. 3: The background and foreground class-mean basis
construction for NAP. The RPCA is performed on the spectrograms as described in section III.
be ni foreground training samples for class i, i ∈ {1, 2, ..., C}.
Let Dib = {xbi1 , xbi2 , xbi3 , ..., xbini } be ni background training
samples for class i. All these samples xij , xfij , xbij ∈ Rd are
the feature vectors extracted from the last layer of the CNN
L3 -Net [20], [23]. xij is derived from the input audio sample,
xfij and xbij are derived after performing RPCA on the input
audio sample, without performing NAP.
Let mfi and mbi be the class means for the foreground
and background samples from the ith class i.e., Dif and Dib
respectively. Let mf be the set of the all foreground means,
{mfi | ∀i ∈ {1, 2, .., C}} and mb be the set of the all
background means, {mbi | ∀i ∈ {1, 2, .., C}}. By performing
PCA on mf and mb , we obtain the basis Bf ∈ Rd×d and
Bb ∈ Rd×d respectively. This is shown in Figure 3.
The proposed framework is illustrated in Figure 4. Let xij
represent the embedding of an audio sample. For the moment,
let us consider the foreground sound events as nuisance
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Fig. 4: Proposed framework to suppress the foreground and
the background using class-mean NAP bases. A multi-view
network, trained end-end is used to derive a final embedding
from the latent common space for classification.
attributes. In this case, NAP is performed on xij as shown
below.
x̃bij = xij –Bf BfT xij , ∀xij ∈ D
(5)
e b = {x̃b | 1 ≤ i ≤ C; 1 ≤ j ≤ ni }
X
ij

(6)

Here x̃bij ∈ Rd represents the foreground-suppressed repree b ∈ Rd×M be the set
sentation for the embedding xij . Let X
of vectors that represents foreground-suppressed representation for all training samples (M ). Similarly, if we consider
background sound events as nuisance attributes, then NAP is
performed on xij as shown below.
x̃fij = xij –Bb BbT xij ,

x̃fij

∀xij ∈ D

(7)

e f = {x̃f | 1 ≤ i ≤ C; 1 ≤ j ≤ ni }
X
ij

(8)

Here
∈ Rd represents the background-suppressed representation for the embedding xij corresponding to a single
e f ∈ Rd×M is the set of vectors that repaudio sample. The X
resents background-suppressed representation for all training
samples. These embeddings projected using the foreground
and the background NAP bases can be seen as embeddings
representing the same audio sample observed from different
views. Let x̃kij represent the j th sample from the ith class and
from the k th view, where k ∈ {b, f } such that b stands for
background and f for foreground.
Once we have data for both the views, our objective is
to leverage the foreground view and the background view
information to learn a discriminative embedding. This learned
embedding should retain the common discriminative information: common between the views and discriminative between
the classes. The Multi-View Linear Discriminant Analysis
Network (MvLDAN) in [10] is used for solving this objective.
We use MvLDAN to learn the latent common subspace,
projected into which, the embeddings of samples belonging
to the same class will be together and the embeddings of the
samples from different classes will be apart, irrespective of the
views.
The MvLDAN uses multiple neural networks (subnetworks) to model views, with one network for each view.

Furthermore, it uses an eigenvalue based objective function
to jointly optimize these sub-networks to learn the multiview space (for nonlinear discriminative representations) and
the latent common space (for view invariant representations).
The MvLDAN projects the representations obtained from
the learned multi-view space into the latent common space
to get the view invariant representations (henceforth termed
multiview embeddings.)
As shown in Figure 4, the network has two sub-networks,
one for each view, and one layer for learning the LDA-like
common latent space, which is common for both the subnetworks. We denote the input to the multi-view model as
e f }.
e b and x̃f ∈ X
e ∈ {(x̃b , x̃f ) | x̃b ∈ X
the ordered pair X
ij
ij
ij
ij
We represent the sub-network for the k-th view with input x̃kij
k
and output yij
∈ Rl as:
k
yij
= fk (x̃kij ), k ∈ {b, f }

(9)

The weights, that transforms the sub-network output’s to the
latent common space are the set of linear transformations and
are represented by {W k | k ∈ {b, f }; W k ∈ Rl×q }. The
resulting multiview embedding in the latent common space
k
is represented by Z = {zkij = (W k )T yij
| zkij ∈ Rq }. The
development of the objective function as in [10] is summarized
below.
The view discrepancy can be eliminated by considering
the pairwise view information in the objective function. This
can be formulated as regularized discriminant analysis, where
the Tikhonov regularizer is imposed on the LDA objective
function, which helps in reducing overfitting. The objective
function is formulated as:
T r(Sb ) + λT r(Sc )
P
(10)
argmax
T
r(S
||W k ||2F
f
b
w) + β
ff ,fb ,W ,W
k∈{f,b}

where, T r(·) is the trace operator, || · ||F is the Frobenius
norm and ||W k ||2F is the Tikhonov regularization term. Sb , Sw
represents the between-class and within-class scatter matrices,
and Sc represents the pairwise view covariance matrix. The
matrices Sb , Sw and Sc , in the latent common space, can be
written as Sb = W T BW , Sw = W T CW and Sc = W T DW
T
T
respectively, where W = [W f W b ]T , and the partitioned
matrices B, C and D can be constructed as follows:
Bkl =

Ckl =


C

P

k
N
Pi

i=1


0,

j=1

C
X
1 k lT
1
T
si si − sk sl
N
N
i
i=1
!
T

k l
yij
yij −

1 k lT
Ni si si

(11)

, if k = l

(12)

otherwise
(
Dkl =

if k = l

0,
k

Y Y

lT

, otherwise

(13)
Nk

k
k
i
yij
where Y k = {yij
| 1 ≤ i ≤ C; 1 ≤ j ≤ ni }, ski = Σj=1
denotes the sum of i-th class samples from the k-th view,
k
sk = ΣC
i=1 si denotes the sum of all samples from k-th view
and the matrix 0 denotes the zero matrix. The variable Ni
denotes the total i-th class samples from both the views, and
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N is the total number of samples from both the views.
The function in Eq.10 can be transformed and relaxed into
equivalent tractable determinant ratio form as given below:

argmax T r (Sw + βW T W )−1 (Sb + λSc )
ff ,fb ,W f ,W b

=

argmax
ff ,fb ,W f ,W b

|W T (B + λD)W |
|W T (C + βI)W |

(14)

where | · | denotes the matrix determinant. This equation
is equivalent to the generalized eigenvalue decomposition
problem formulated as (B + λD)wi = γi (C + βI)wi , where
γi , i ∈ {1, .., C − 1} is the i-th largest eigenvalue and wi
is the corresponding eigenvector, and wi makes up the i-th
column vector in W (projection matrix). The γi and wi are
the eigenvalues and eigenvectors of (C + βI)−1 (B + λD)
respectively.
Once the eigen decomposition above is solved, and using
Eq. 14, the objective function becomes

argmax T r (Sw + βW T W )−1 (Sb + λSc )
ff ,fb

= argmax T r W −1 (C + βI)−1 (B + λD)W



ff ,fb


= argmax T r (C + βI)−1 (B + λD)
ff ,fb

(15)
This is equivalent to:
argmax
ff ,fb

C−1
X

γi

(16)

i=1

This form of objective function aims to maximize the discriminative power of the two sub-networks by maximizing
each one of the eigenvalues. Every eigenvalue quantifies the
magnitude of the separation (discriminative variance), from
the linear multi-view space to the latent common space, in the
direction of the corresponding eigenvector. In [10] it is also
discussed that, directly optimizing the objective function in
Eq.16 would result in the undesired solution of maximizing
only the largest eigenvalue. This means, the function tries to
increase the distance between already separated classes, and
thus cause a large overlapping between neighboring classes.
To overcome this problem, a threshold is applied to filter
out the larger eigenvalues and consider only the smaller
magnitude eigenvalues when optimizing the parameters of the
sub-networks. If there are m eigenvalues below the threshold,
then the objective function can be reformulated as:
m

argmin −
ff ,fb

1 X
γi with
m i=1

(17)

{γ1 , ..., γm } = {γi | γi < min{γ1 , ..., γC−1 } + }
More details regarding the propogation of the gradients to
the subnetworks are available in [10]. Also, we set the free
parameters λ, β and threshold to values as in [10]. Once the
model is trained, multiview embeddings are extracted from
the latent common space and any classifier can be utilized for
classification.

The effect of applying the multi-view discriminative learning is illustrated in Figure 5 as t-SNE plots. Plots (a) and
(b) show the effect of reduction of the view discrepancy due
to the multiview embeddings. Plots (c), (d) and (e) show the
embeddings corresponding to feature extraction, foreground
supression after NAP, and multiview projection in the latent
common space. The colours represent classes, and it can be
seen that the overlap reduces in the multiview embedding
space.
V. E XPERIMENTAL DETAILS
In this section, we describe the experiments used to evaluate
the proposed framework for acoustic scene classification, with
the multiview embeddings zk , k ∈ {f, b} used as inputs
to a classifier. Primarily, we use a simple one-against-one
support vector machine (SVM) with a linear kernel; though
we evaluate with other classifiers as well. For comparison, we
use a baseline model that uses features from the input audio
sample (considered together with foreground and background),
without NAP or MvLDAN. We also compare the proposed
approach with only NAP and no MvLDAN, and with recent
works that use several other approaches.
Datasets: We evaluate the proposed framework using four
acoustic scene classification (ASC) datasets.
a) DCASE datasets: We use datasets from DCASE 2017
[24], 2018 [25] and 2019 [26] challenges. DCASE 2017 task
1 dataset has 2 subsets namely development dataset (4680
10-second audio samples) and evaluation dataset (1620 10second audio samples). The audio samples of this dataset
correspond to 15 different acoustic scenes. Whereas, DCASE
2018 and 2019 task 1A datasets have 10 classes and their
respective development datasets have samples 8640 and 13370.
For DCASE 2017, we use the development dataset to train
the model and report the results obtained over the evaluation
dataset. For DCASE 2018 and 2019, since the evaluation
dataset labels are not publicly available, we use only the
development dataset to validate the proposed framework by
following the challenge guidelines.
b) LITIS Rouen Audio scene dataset [27]: This dataset
comes with 19 different scenes comprising 19 acoustic classes.
This dataset set contains 1500 minutes of audio recordings,
recorded at a sampling rate of 22050 Hz. Each recording is
further split into audio segments of length 30 seconds. This
dataset comes with a total of 3026 audio samples. The test
and train sets are prepared by following the protocol provided
in [27], such that the training set contains 80% of the samples
and the testing set contains the remaining 20% of the samples.
Feature extraction: We use Openl3 python library to
extract deep audio embeddings from an audio sample [20]
[23]. Openl3 is a open source implementation of L3 -Net for
deep audio and image embeddings [20] [23]. We use the
default model trained with the music subset of AudioSet [28]
to extract deep audio embeddings. The extracted embedding
corresponding to an audio sample is averaged to get a column
vector of length 6144 × 1 vector (d = 6144).
Learning bases for NAP: We utilize the Matlab implementation of RPCA in [21] to separate foreground and
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Fig. 5: Various t-SNE plots of embeddings, for DCASE2017 dataset. Plot (a) shows the embeddings x̃f and x̃b , which show
high overlap. (b) shows the embeddings zf and zb ; the view discrepancy is more-or-less removed. (c) shows the embeddings
x from the feature extractor, with different colours representing classes. (d) shows the background suppressed embeddings x̃f .
(e) shows the multiview embeddings zf ; it can be seen that the multiview embeddings have reduced class overlap.
TABLE I: View sub-network configuration.
Layer
fc1
fc2
fc3

Output Dimension
512
128
15

Activation function
ReLU
ReLU
Linear

background audio signals from an audio sample (see Figure
1). Post separation, features are extracted from the foreground
as well as background audio signals using Openl3 library as
discussed earlier. Then, class-means are calculated for each
class from the foreground as well as background samples.
PCA is then performed on the class means of foreground
and the background samples to get nuisance basis Bf (for the
foreground) and Bb (for the background) as shown in Figure
3. We can control the amount of foreground and background
to be removed by varying the number of principal components
used as columns in Bf and Bb respectively.
Model Architecture: The neural network architecture of
view sub-network is given in the Table I. Both the subnetworks uses the same architecture. The model configuration
has three fully connected layers with number of neurons 512,
128 and 15; all the layers other than last layer uses ReLU
activation and last layer uses linear activation. We use same
model configuration across all the datasets for training and
evaluation. Also, the free parameters λ, β and threshold values
are set as 0.0001, 1 and 1. The model is trained by using the
Adam optimizer and the objective function given in Eq.16.
The network in Figure 4 transforms each input ordered pair
(x̃bij , x̃fij ) to (zbij , zfij ) in the latent common space.
Results: We get the multiview embeddings zf and zb from
the latent common space and use them in four ways: (a) using
the foreground view embeddings zf , (b) the background view
embeddings zb , (c) their early fusion and (d) their late fusion.
The results of the baseline model and the proposed method
using the SVM classifier are given in Table II (last 5 rows).
The reported results in Table II are obtained by using the following number of principal components while applying NAP
using bases Bf and Bb . For DCASE 2017, the foreground
view uses 1 column of Bb and the background view uses 250
columns of Bf . For all other datasets, the foreground view uses
1 column of Bb and the background view uses 150 columns

of Bf . These values are determined experimentally.
For DCASE 2017, we obtained 5% improvement while
using the foreground view embeddings , 1% while using the
background view embeddings, 3% after their early fusion and
3% after their late fusion. For DCASE 2018, the results were
around 1%, 2%, 3% and 2%, and for DCASE 2019, 3%, 4%,
4% and 4%. For LITIS Rouen, we get 3%, 3%, 3% and 3%
improvements. These results are with respect to the baseline.
We also compare our results with the systems reported in
the DCASE challenge, that do not use data argumentation, and
to systems with number of ensemble subsystems less than 10
(first 8 rows in Table II). Our results are consistent across
the datasets, and are comparable with the results of the above
systems.
VI. D ISCUSSION
A. Design choices
In this section, we justify some of the design choices made
in the proposed framework.
The use of RPCA: RPCA is used to estimate the NAP
bases, which in turn is used to estimate the foreground and
background views. As shown in Table III, the RPCA algorithm
reliably estimates the low-rank and sparse components for
short (2 sec, 5 sec), as well as long (60 sec) duration recordings. The classification accuracy does not change significantly
with the duration of the recording.
The performance of separation using RPCA was also evaluated on synthetic soundscapes of varying complexity. The
following procedure was followed:
1) Synthetic audio samples of varying complexity levels
are generated using Scaper [51]. Complexity levels
range from low (meaning foreground dominates) to high
(background dominates). The source background and
foreground events used to compile each audio sample
are saved for future use (required for step 3).
2) RPCA is performed on the audio samples to obtain the
corresponding background and foreground signals.
3) SI-SNR improvement (SI-SNRi) [52] metric is computed between the background obtained from RPCA
and the source background. The same is also computed
between the foreground obtained from RPCA and the
source foreground.
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TABLE II: Comparison of classification results. The first three columns give the results for DCASE 2017, 2018 and 2019
datasets, the last column gives the results for LITIS Rouen dataset. The first row specifies the dataset name and the last row
gives the baseline and proposed framework results. For DCASE datasets the second and third row provides the results from
DCASE challenge entries and from the published papers respectively. For LITIS Rouen datasets the second row provides the
results from published papers. View fg uses zf as the embedding, View bg uses zb .
Acc. (%)
71.7
74.1
77.7
80.4
69.88
75.06
75.40
77.16
71.54
77.09
72.78
74.63
75.18

DCASE 2018 (dev)
Hao [30]
Christian [34]
Zhang [38]
Li [42]
Zhao [46]
SubSpectralNets [18]
SeNoT-Net [19]
ATReSN-Net [50]
Baseline model
View fg + SVM
View bg + SVM
Early Fusion + SVM
Late Fusion + SVM

Acc. (%)
73.6
74.7
75.3
76.6
72.70
74.08
77.19
77.87
71.88
73.11
74.10
74.86
74.42

TABLE III: Results for various recording durations from
DCASE 2017 data. The standard DCASE 2017 data has 10
second recordings.
System Name
Baseline model
NAP-background + SVM
NAP-foreground + SVM

2 sec
69.1
67.51
52.89

5 sec
71.26
69.01
52.87

10 sec
71.54
69.26
53.83

60 sec
73.39
66.95
59.65

DCASE 2019 (dev)
Wang [31]
Naranjo-Alcazar [35]
Wang [39]
Lei [43]

Acc. (%)
73.5
77.1
78.8
79.6

SeNoT-Net [19]
ATReSN-Net [50]
Baseline model
View fg + SVM
View bg + SVM
Early Fusion + SVM
Late Fusion + SVM

80.34
80.68
72.04
75.32
76.13
76.77
76.68

LITIS Rouen
Yin [32]
Huy [36]
Ye [40]
Huy [44]
Huy [47]

Acc. (%)
96.4
96.6
97.1
97.8
98.7

Baseline model
View fg + SVM
View bg + SVM
Early Fusion + SVM
Late Fusion + SVM

94.05
97.52
97.52
97.85
97.19

DCASE 2017 Background
Magnitude

DCASE 2017 (eval)
Ivan [29]
Hyder [33]
Zhengh [37]
Han [41]
Waldekar [45]
Devalraju [4]
Wu [48]
Chen [49]
Baseline model
View fg + SVM
View bg + SVM
Early Fusion + SVM
Late Fusion + SVM

DCASE 2017 Foreground
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Fig. 7: Plot of singular values obtained with the means of
the classwise embeddings from the background as well as
the foreground (see Figure 3) corresponding to DCASE 2017.
Other datasets too have a similar structure.

10
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SI-SNRi

0
−5

−10
−15
−20
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Low Medium High
Complexity level

Fig. 6: Illustration of SI-SNR improvement corresponding to
audio samples of varying complexities (High, Medium and
Low). The first three boxplots correspond to TDCN++ and
the last three correspond to RPCA.

4) For comparison, we compare the separation performance
of RPCA with that of the TDCN++ method described
in [52] using the same metric. The results are shown in
Figure 6.
The plots below indicate that the separation of RPCA
degrades gracefully as the complexity of the soundscape
increases. More details about generating the soundscapes,
computing the SI-SNR, and links to the synthetic data are
provided in the supplementary material.
The assumption of the RPCA algorithm is that the data has

a low-rank background component and a sparse foreground
component. If the underlying acoustic scene does not have
this structure (for example, if it is a soundscape with only a
dominant foreground component and little or no background),
then the foreground and background views produced may no
longer be reliable.
PCA bases for NAP: For deriving the bases Bb and Bf
for NAP, we use simple PCA. Figure 7 shows the plot of the
singular values of the means of the class-wise embeddings,
used to determine the basis for NAP. It can seen that the
singular values have a sharp bend, indicating an underlying
linear subspace structure, where most of the information lies.
This subspace is captured by PCA. More advanced techniques
such as kernel PCA and dictionary learning did not result in
estimating NAP bases which are more useful. More details are
given in the supplementary material.
Other classifiers: The multiview embeddings generalize
well with other classifiers such as K-nearest neighbours
(KNN), naive Bayes, and deep neural networks (DNN.) These
classifiers give performance similar to that of the SVM. The
performance of these classifiers are given in Table IV.
Need for multi-view analysis: The utility of the MvLDAN
framework was evaluated by omitting the blocks after the
dotted line in Figure 4. The background-suppressed (x̃f )
and the foreground-suppressed (x̃b ) embeddings were used
in a supervised multi-input deep neural network, and the
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TABLE IV: Results of using the proposed embeddings with
various classifiers on datasets DCASE 2017, 2018 and 2019.
View fg uses zf as the embedding, View bg uses zb . The
last two columns indicate early fusion and late fusion of the
embeddings.

M t al information between home scene samples
Before MvLDAN
Before vs After NAP bg
Before vs After NAP fg
After MvLDAN

mi(x, xb̃ ̃

20

mi(x,

15

xf̃ ̃

10

mi(xf̃ , xb̃ ̃

mi(z f, z b̃

5

Classifier
KNN
Naive Bayes
DNN

View fg
76.36
71.05
76.17

Classifier
KNN
Naive Bayes
DNN

View fg
73.95
70.53
73.19

Classifier
KNN
Naive Bayes
DNN

View fg
75.58
74.34
74.67

DCASE 2017
View bg
Early Fusion
74.32
75.93
68.27
69.94
73.46
74.75
DCASE 2018
View bg
Early Fusion
74.94
75.58
72.88
72.24
73.99
74.74
DCASE 2019
View bg
Early Fusion
76.63
76.80
75.03
76.13
75.05
76.00

Late Fusion
75.74
69.81
75.06
Late Fusion
75.06
72.16
74.10
Late Fusion
77.04
76.03
75.69

0

0.0

0.5

1.0
1.5
Mutual information score

2.0

Fig. 9: Histogram of the pair-wise mutual information between a sample of “home” class from different representations.
The green plot shows the distribution of the pair-wise mutual
information between audio representation (x) and foreground
suppressed representation (x̃b ) of “home” class, and the orange plot between audio representation (x) and background
suppressed representation (x̃f ). The blue plot shows the
distribution between background view and foreground view
representations of before MvLDAN and the red plot after
MvLDAN.
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Fig. 10: Histogram of the cosine similarity between a sample
of “home” class and the mean of a “office” class. The blue
plot shows the histogram before applying MvLDAN and the
orange plot after applying MvLDAN.
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Fig. 8: Plot of average pair-wise mutual information score of
all training samples, from all classes. Top row: between audio
representation (x) and background suppressed representation
(x̃f ). Bottom row: between audio representation (x) and
foreground suppressed representation (x̃b ).
classification accuracy obtained is 68.52 %, which is much
lower than the proposed systems that utilize the multi-view
information (last four rows of Table II). This indicates that
the embeddings x̃f , x̃b contain significant classwise overlap.
This is not surprising, since the NAP basis was learnt without
any class information. More details about the setup and
results using various supervised fusion methods to combine the
background-suppressed (x̃f ) and the foreground-suppressed
(x̃b ) embeddings are provided in the supplementary material.
B. Analysis of information and distance
In this section, we estimate the information available between various representations in the proposed pipeline. We
also estimate the distance between classes to measure separability.
Figure 8 illustrates how the mutual information (mi) between the audio representation (x) and foreground or back-

ground suppressed representation (x̃b or x̃f ) varies with respect to the number principal components (PC) chosen for
NAP. From the plot it is evident that mutual information
decreases as we choose more and more PCs (indicating that
more of the nuisance component is removed.) Also, the fall is
drastic after the first few PCs.
Figure 9 shows the histogram of the pair-wise mutual
information between a sample of “home” class from various
representations x, x̃b , x̃f , zb and zf . This plot shows that
the mutual information increases as we progress with each
step in the proposed framework. From this plot, we can see
that there is slight increase in the mutual information score between the audio representation (x) and background suppressed
representation (x̃f ) compared to audio representation (x) and
foreground suppressed representation (x̃b ). Furthermore, the
mutual information (blue histogram) between x̃b and x̃f ,
which are input to the MvLDAN is high compared to their respective mutual information scores with x. The MvLDAN further increases the mutual information (red histogram) between
the background view and the foreground view samples in the
latent common space. This shows that the proposed framework
gradually increases the mutual information between the views
while removing the view discrepancy.
Figure 10 shows the histogram of the cosine similarity
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Fig. 11: Histogram of the Euclidean distances between
multiview embeddings of various classes. The blue color plot
is the distribution of the Euclidean distances between samples
of “plane” (unseen class) and the mean of “office” class
(seen class). The orange color plot is the distribution of the
Euclidean distances between samples of “office” and the mean
of “office” class. The other colours indicate other seen and
unseen pairs.

between multiview embeddings of one class and the mean
of a confusable class before and after applying MvLDAN.
The x-axis represents the cosine similarity and it takes values
between -1 and 1, 1 being most similar and -1 being not
similar. This plot shows that, most of the samples are similar
to the mean of the confusable class before MvLDAN. Post
MvLDAN there is a shift in distribution, meaning that the
samples of one class has cosine similarity close to 0 with
respect to the mean of the other confusable class. This is shown
in the Figure 10 for scenes “home” and “office”.
The multiview embeddings can also be used to handle
unseen classes in out-of-set classification. The histograms in
Figure 11 show the Euclidean distance between seen classes
(“metro”, “beach”, “office”, from DCASE 2017 dataset) and
an unseen class “plane” (from LITIS dataset).
VII. C ONCLUSION
We have presented an approach that exploits the complementary information present in the background-suppressed
and the foreground-suppressed representations of an audio
sample for acoustic scene classification. The starting point of
the audio representation uses L3Net, which is a modern pretrained CNN. This is followed by the use of robust PCA and
nuisance attribute projection to obtain background-suppressed
and foreground-suppressed representations. By considering
these representations as multiple views, the MvLDAN multiview learning algorithm is utilized to reduce the separation
between the views from the same class, and increase the
separation for views from different classes. The projection into
the MvLDAN latent common space results in the multiview
embeddings which help in improved discrimination of acoustic

scenes. The performance provided by the proposed approach
is comparable to many existing approaches, and illustrates the
utility of multiple views of the same data. The multiview
embeddings also generalize to other classifiers, and performance may improve with fine-tuning. It is also satisfying to
note the consistent ability of RPCA to separate the foreground
and background in common acoustic scenes, having varying
durations and complexities.
The benefits of the proposed method include an indirect
ability to control (though the number of NAP basis used) the
amount of information shared between the foreground view
and the background view. A disadvantage, however, is the
underlying assumption of RPCA: that the data needs to have
slow-varying background events and sparse foreground events.
This may not be valid in all acoustic scenes and in such
situations, alternatives may need to be used.
Extensions of the current approach include the use of
other multiview learning frameworks in place of MvLDAN,
and alternatives to RPCA for separating the foreground and
background. For the latter, methods for source separation may
be applicable in certain scenarios.
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