
Acoustic Scene Classification using Kervolution-Based SubSpectralNet
Ritika Nandi1∗, Shashank Shekhar2, Manjunath Mulimani1

1Department of Computer Science and Engineering, Manipal Institute of Technology,
Manipal Academy of Higher Education, Manipal, 576 104, India

2Department of Electronics and Communication Engineering, Manipal Institute of Technology,
Manipal Academy of Higher Education, Manipal, 576 104, India

{ritika.nandi77, shashankshekhar90210, manjunath.gec}@gmail.com

Abstract

In this paper, a Kervolution-based SubSpectralNet model is pro-
posed for Acoustic Scene Classification (ASC). SubSpectralNet
is a competitive model which divides the mel spectrogram into
horizontal slices termed as sub-spectrograms that are consid-
ered as input to the Convolutional Neural Network (CNN). In
this work, the linear convolutional operation of SubSpectralNet
is replaced with a non-linear operation using the kernel trick.
This is also known as kervolution (kernel convolution)-based
SubSpectralNet. The performance of the proposed methodol-
ogy is evaluated on the DCASE (Detection and Classification
of Acoustic Scenes and Events) 2018 development dataset. The
proposed method achieves 73.52% and 75.76% accuracy with
Polynomial and Gaussian Kernels respectively.
Index Terms: Kervolution-based SubSpectralNet, Acoustic
Scene Classification (ASC), Convolutional Neural Network
(CNN), Detection and Classification of Acoustic Scenes and
Events (DCASE)

1. Introduction
Acoustic Scene Classification (ASC) is the process of assigning
a semantic label to an audio recording that represents a specific
environment/scene in nature. ASC has many applications such
as context-aware systems [1], robotics [2], intelligent wearable
systems [3] and management of audio archives [4]. In recent
years, Convolutional Neural Network (CNN) or a combination
of CNN with other Deep Neural Network (DNN) models have
become the state-of-the-art ASC models [5–11]. For instance,
a model known as SubSpectralNet [9] divides the mel spec-
trogram into horizontal slices, termed as sub-spectrograms and
trains a CNN for recognition of acoustic scenes.

Kervolutional Neural Network (KNN) has been recently in-
troduced for image classification [12–14] and it outperforms
CNN-based systems by generalizing the linear convolutional
operation to patch-wise (region-wise) non-linear operation us-
ing the kernel trick, also known as kervolution (kernel convo-
lution) operation. A Kervolution-based SubSpectralNet model
is being proposed in this paper as an improvement over the the
performance of the SubSpectralNet [9] by replacing CNN with
KNN. Rather than aiming for state-of-the-art results, our goal is
to show how the non-linearity introduced by Kervolution could
be used instead of the linear convolution operation in SubSpec-
tralNet to understand acoustic scenes more effectively.

The rest of the paper is organized as follows - Section 2
contains an explanation about the proposed Kervolution-based
SubSpectralNet architecture in detail. Experiments carried out
in this work are given in section 3. The conclusions are given in
section 4.

2. Kervolution-based SubSpectralNet
The proposed ASC system includes two parts: extraction
of mel-band energies and Kervolution-based SubSpectralNet.
These parts are explained below in brief.

2.1. Extraction of mel-band energies

Two steps are involved in the extraction of mel-band ener-
gies. First, Short-Time Fourier Transform (STFT) is computed
from each acoustic scene recording using 40ms Hamming win-
dowed frames with 50% overlap. Then, mel-band energies are
extracted from each frame through mel filter banks with 40
bands. These mel-band energies are further normalized using
zero mean and unit variance scaling. Finally, a mel spectrogram
of size 2 × 40 × 500 (C × F × T ) is obtained from extracted
mel band energies from each channel, where C is the number of
channels, F is the number of mel bands and T is the number of
time frames.

2.2. SubSpectralNet

The SubSpectralNet proposed in [9] includes a combination of
SubSpectral layer, convolutional layers and fully connected lay-
ers. We replace the convolutional layer of the SubSpectralNet
with Kervolutional layer and experiment with different non-
linear functions for modelling the ASC task. Each of the layers
of the proposed SubSpectralNet are described below in brief.

2.2.1. SubSpectral layer

Mel spectrograms of size C ×F ×T are considered as input to
the SubSpectral layer. This layer divides the spectrogram into
M frequency-time horizontal slices called sub-spectrograms of
C ×X × T dimension for every recording, where X is the sub-
spectrogram size, Y is the mel-bin hop-size, and M = [1 +
(F −X)/Y ].

2.2.2. Kervolutional layer

Convolutional operation is denoted using the notation given in
(1).

Z = X
⊕

f, (1)

where X ∈ RF×T is a feature matrix, f is a filter and
⊕

is
the convolutional operation. The output of an ith element of a
convolutional operation is denoted below in (2).

zi = (xi, f), (2)

where (∗, ∗) denotes the inner product between two vectors. In
the similar way, Kervolutional operation is denoted using nota-
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Figure 1: Proposed architecture of the Kervolution-based SubSpectralNet

tion given in (3).
Z = X

⊗
f, (3)

where
⊗

is the kervolutional operation. The output of an ith

element of a kervolutional operation is denoted as given in (4).

zi = (ψ(xi), ψ(f)), (4)

where ψ is a non-linear function and it is computed using kernel
trick given in (5) [9],

(ψ(xi), ψ(f)) =
∑
j

cj(x
T
i f)

j = κ(xi, f), (5)

where cj is the coefficient, which balances the order of non-
linearity and κ is the kernel function, like the Polynomial or
Gaussian kernel. In this work, the linearity of CNN is replaced
with the Polynomial and the Gaussian kernel.

This non-linearity is introduced using the kernel trick
so that we can establish a hyper-plane in a higher dimen-
sional space into which the non-linear separable dataset can be
mapped to [15, 16]. We only need to know κ and not the map-
ping function itself which means that the amount of compu-
tation is reduced by avoiding the math that converts the data
from lower to higher dimensions. This trick of calculating
high-dimensional relationships without actually transforming
the data is what makes the kernel trick better than convolution
for classification tasks.

The Polynomial Kernel (6) systematically increases dimen-
sions by setting the value of d.

κg(x, f) = (xT f + cg)
d =

d∑
j=0

cd−j
g (xT f)j , (6)

where d ∈ Z+, and cg ∈ R+ and is used for balancing of the
non-linear orders.

The Gaussian Kernel has infinite dimensional features be-
cause of the i-degree terms given in (7)

κg(x, f) = exp(−γg||x− f ||2) = C

∞∑
i=0

(xT f)i

i!
, (7)

Here, γg(γg ∈ R+) is a hyperparameter. The value of γg con-
trols the smoothness of the decision boundary. In equation 7,
C = exp(− 1

2
(||x||2 + ||f ||2)) when γg = 1

2
.

Introduction of the kernel trick into the SubSpectralNet [9]
takes convolution function to a non-linear space, increasing the
model capacity without the introduction of extra parameters. In-
troduction of the kernel trick into the SubSpectralNet [9] takes
convolution function to a non-linear space, increasing the model
capacity without the introduction of extra parameters.

3. Experiments
3.1. Dataset

We use the TUT Urban Acoustic Scenes 2018 development
dataset [17, 18]. The dataset consists of binaural audio record-
ings from 10 different acoustic scenes. The entire dataset has
8640 audio segments, out of which, 6122 are used for training
and 2518 for testing. 20% of the training data is used for k-fold
cross-validation (k = 5) in order to eliminate any stochastic
factors during optimization and to ensure that the results ob-
tained are not sensitive to initialization. The final accuracy of
each configuration is calculated as the average of accuracy ob-
tained at each fold. For feature extraction, we use dcase util
toolbox. Each audio segment is converted to signals having 40
mel-bin spectrograms.

3.2. SubSpectralNet configuration

The proposed SubSpectralNet framework is given in Figure
1. Since we are using binaural input, two-channel sub-
spectrograms are connected separately to two kervolutional lay-
ers with kernel-size of (7, 7) and same padding, having 32 and
64 kernels respectively. Each kervolutional layer is followed by
a batch normalization layer, an activation layer with ReLU func-
tion, max-pooling layers of dimensions (X/10, 5) and (4, 100)
respectively, and a 30% dropout. The output from the second
max-pooling function is flattened and a fully connected layer
with 32 neurons and ReLU activation is added. This is followed
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(a) (b)

Figure 2: Comparison of performance of - (a) Polynomial Kervolution SubSpectralNet with degree of Polynomial 2, 3, and 4; (b)
Gaussian Kervolution SubSpectralNet with value of γg equal to 0.1, 0.5, and 1.

by a 30% dropout, and a softmax layer. These are called the
sub-classifiers.

Finally, the fully connected (ReLU) layers of the sub-
networks are concatenated and a Deep Neural Network is
trained with H hidden layers with Ri neurons, where:

H = max([log2(M)]− 1, 0);Ri = 26+H-i, 1 ≤ i ≤ H (8)

This is done to capture the global correlation (or de-correlation)
between frequency bands and is hence called the global classi-
fication sub-network.

3.3. Ablation Study

In this section, we investigate the effect of using different ker-
nels and hyperparameters for kervolution; as well as different
number of subspectrograms for the proposed architecture. As
part of the ablation study, simple kervolution has been added
to the baseline to see how it impacts the model and the perfor-
mance has been tabulated in Table 1 along with detailed expla-
nation in Section 3.5.

3.3.1. Kernels and Hyperparameters

As explained in 3.2, we replace the convolutional layers of the
baseline model released along with the dataset [18] as well
as SubSpectralNet, with kervolutional layers using two kernel
function - Polynomial kernel and Gaussian kernel.

Prior experimentation shows that the Polynomial kernel
works best with cg = 1 [12]. Keeping all the other hyperpa-
rameters same as the baseline model, we repeat the experiments
for three degrees of Polynomials, i.e. d = 2, d = 3 and d = 4.
We plot a curve of the number of epochs versus test accuracy,
comparing the performance of the Polynomial kervolution with
different values of d in Figure 2a. The graph highlights that
the model performs slightly better than CNN-based SubSpec-
tralNet when the degree of Polynomial is two i.e. 73.52%, and
the accuracy decreases as the value of d increases.

Similarly, in case of Gaussian kernel, we explore how clas-
sification performance varies in terms of γg , defined as the in-
verse of the radius of influence of samples. We consider three
values of the hyperparameter, i.e. γg = 0.1, γg = 0.5 and
γg = 1. Figure 2b shows the comparison in test accuracy for
the three values of γg . When the value of γg = 0.5, we achieve
the highest test accuracy of 75.76%, and the model performs
poorly for γg = 0.1 and γg = 1, achieving an accuracy of
70.39% and 67.29% respectively. The reason for this variation

(a) (b)

Figure 3: Results obtained by SubSpectralNet on a 40 mel-bin
spectrogram and 10 mel-bin hop-size using - (a) Polynomial
Kernel (d = 2) and (b) Gaussian Kernel (γg = 0.5)

is that when gamma is too large, the radius of the area of influ-
ence would only include a small set of nearby samples, resulting
in a Gaussian function with a small variance. Conversely, when
gamma is too small, the model is unable to capture the complex-
ity or shape of the data as the region of influence would include
the data points that are placed further away and should have less
influence.

3.3.2. Different number of sub-spectrograms

In Section 3.3.1, we concluded that the Polynomial kernel
works best with d = 2 and the Gaussian kernel works best with
γg = 0.5. Keeping all other parameters same, we investigate
the effect of size of sub-spectrogram on the model performance.
As shown in Figure 3, considering sub-spectrograms of size 20
achieves a higher test accuracy of 73.52% and 75.76%, than
sub-spectrograms of size 10 and 30 in Polynomial and Gaus-
sian kernel respectively.

3.4. Performance comparison

The performance of the proposed Kervolution-based SubSpec-
tralNet is compared with the following state-of-the-art models.

3.4.1. DCASE 2018 baseline

The baseline considers 40 monaural log mel band energies as in-
put features. The architecture includes two convolutional layers
with 32 and 64 filters respectively, followed by batch normal-
ization, max-pooling and 30% dropout. The output feature map
of the convolutional layer was considered as input to a fully
connected layer with 100 neurons. The number of neurons in
the output layer is equal to the number of acoustic scenes in the
input dataset.
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Table 1: Performance comparison of the proposed Kervolution-based SubSpectralNet with DCASE 2018 Baseline [18] and CNN-based
SubSpectralNet [9]

Model
Overall
Accu-
racy

Class-wise Accuracy

Air-
port Bus Metro Metro

Station Park Public
Square

Shop-
ping
Mall

Street
Pedes-
trian

Street
Traffic Tram

Using Convolutional Neural Network
Baseline 58.3 58.5 66.5 51.3 52.1 74.4 50.9 59.5 46.6 80.1 42.9

SubSpectral-
Net 72.18 63.77 77.69 69.35 69.88 88.02 57.41 78.85 71.66 91.46 56.32

Using Polynomial Kervolution (d = 2)
Baseline 61.20 44.15 65.70 51.34 58.69 79.75 47.22 78.85 53.44 84.55 47.51

SubSpectral-
Net 73.52 65.75 68.22 71.67 76.04 88.88 63.8 76.68 66.94 94.43 62.58

Using Gaussian Kervolution (γg = 0.5)
Baseline 65.85 60.75 64.88 49.81 72.20 82.64 50.46 66.67 61.94 82.11 66.28

SubSpectral-
Net 75.76 68.02 70.48 73.94 78.91 91.15 65.74 78.95 68.41 96.7 64.85

3.4.2. CNN-based SubSpectralNet

It considers 40 binaural mel band energies as input features
to the independent SubSpectral layers. Subspectrograms from
SubSpectral layers are considered as input to the two convo-
lutional layers with 32 and 64 filters respectively, followed by
batch normalization, max-pooling and 30% dropout. The out-
put feature map of a convolutional layer was considered as in-
put to a fully connected layer with 32 neurons. The number of
neurons in the output layer is equal to the number of acoustic
scenes in the input dataset. The above architecture is termed as
sub-classifiers of the SubSpectralNet. Finally, the output of the
fully connected layers of each sub-network on subspectrogram
is concatenated to form a global classifier.

3.5. Results

Performance of the Kervolution-based baseline model and the
proposed Kervolution-based SubSpectralNet has been com-
pared with the DCASE 2018 baseline [18] and CNN-based Sub-
SpectralNet [9] (see Table 1). It highlights that even without the
introduction of subspectrograms, i.e., using only kervolution,
better results on the baseline model are achieved than convolu-
tion. Kervolution using both the polynomial and the Gaussian
kernel has been done on the baseline and the results are better
than the baseline in seven of the ten classes providing proof to
the fact that kervolution is increasing the performance of the
model without even using SubSpectralNet. This is because,
convolution operation only captures linear features whereas ker-
volution operation captures non-linear features from input fea-
tures maps and consequently the higher-order terms generate
more discriminative features than linear convolution.

CNN-based SubSpectralNet largely outperforms the base-
line system. However, we can observe that the proposed
Kervolution-based SubSpectralNet outperforms all other meth-
ods. KNN using a Polynomial or Gaussian kernel captures
higher-order interactions of the input sub-spectrograms from
the SubSpectral layer. Hence, Kervolution-based SubSpectral-
Net is more suitable for acoustic scene classification as com-
pared to CNN-based SubSpectralNet. Gaussian kernel performs
better than Polynomial kernel in all classes as well as in terms

of overall accuracy. This is because the function space of Gaus-
sian Kernel is a lot larger than that of the Polynomial kernel, as
it extends the kervolution function to infinite dimensions.

The class-wise performance of the Baseline Model [18],
CNN-based SubSpectralNet [9], and our proposed Kervolution-
based SubSpectralNet is also reported in Table 1. The pro-
posed Kervolution-based SubSpectralNet recognizes the differ-
ent acoustic scenes with an accuracy of more than 70% for most
classes, out-performing the CNN-based SubSpectralNet in eight
out of ten classes. We obtain a high accuracy of 73.52% using
the Polynomial kernel, which is an almost +15% improvement
over the baseline. The best accuracy achieved was 75.76%, us-
ing the Gaussian kernel (γg = 0.5) with sub-spectrograms of
size 20 and mel-bin hop-size of 10, which is an overall increase
of around +18% over the DCASE 2018 baseline and 4% over
the SubSpectralNet architecture.

4. Conclusions

This paper proposes Kervolution-based SubSpectralNet for
Acoustic Scene Classification, which replaces the convolutional
layer of SubSpectralNet with a kervolutional layer. We also
conduct an ablation study where we investigate the effect of us-
ing different kernels and hyperparameters for kervolution; as
well as different number of subspectrograms for the proposed
model.

Results show that the Kervolution-based SubSpectralNet
outperforms the reported works in the literature. It also in-
dicates that the proposed model has a significant contribution
towards the Acoustic Scene Classification. The effectiveness
of Kervolution-based SubSpectralNet can be inferred by notic-
ing a relative improvement of around +18% accuracy over the
DCASE 2018 baseline model.

In the future, we plan to improve the Kervolution-based
SubSpectralNet by considering 200 or higher mel-bin spec-
trograms as [9] reports a higher accuracy using 200 mel-bin
spectrograms. We further surmise that the performance of this
model can be improved by exploring the effect of incorporating
complex architectures [19–22] on the kervolution model.
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