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ABSTRACT

This technical report describes the SurreyAudioTeam22’s sub-
mission for DCASE 2022 ASC Task 1, Low-Complexity Acous-
tic Scene Classification (ASC). The task has two rules, (a) the
ASC framework should have maximum 128K parameters, and (b)
there should be a maximum of 30 millions multiply-accumulate
operations (MACs) per inference. In this report, we present low-
complexity systems for ASC that follow the rules intended for the
task.

Index Terms— Acoustic scene classification, Low-complexity,
Pruning, Convolution neural network.

1. INTRODUCTION

Convolutional neural networks (CNNs) have shown state-of-the-
art performance in comparison to traditional hand-crafted meth-
ods in various domains [1]. However, CNNs are resource hungry
due to their large size and memory [2, 3], and hence it is diffi-
cult to deploy CNNs on resource constrained devices. For exam-
ple, Cortex-M4 devices (STM32L496@80MHz or Arduino Nano
33@64MHz) have a maximum allowed limit is 128K parameters
and 30M multiply-accumulate operations (MACs) per inference
corresponding to an audio of 1 second length. Thus, the issue of
reducing the size and the computational cost of CNNs has drawn a
significant amount of attention in the detection and classification of
acoustic scenes and events (DCASE) research community.

This report aims to design “low-complexity CNNs” for ASC
which have a maximum number of parameters less than 128K and
a maximum number of MACs less than 30M. The baseline CNN
designed for the DCASE 2022 task 1 has 46512 parameters, 29.24M
MACs and the accuracy is approximately 43% with 1.575 log-loss.

We propose the following steps to obtain low-complexity
CNNs.

(a) We design a “low-complexity” CNN that has a fewer pa-
rameters and MACs with better performance than that of the
baseline CNN.

(b) A filter pruning method is applied to compress the “low-
complexity CNN” of (a) further. Subsequently, we quantize
each parameter from float32 to INT8 data type, reducing net-
works memory by 4x.

(c) An ensemble approach is proposed which combines predic-
tions obtained from (b) low-complexity CNNs.

The rest of the report is organized as follows. In section 2, a
procedure to obtain low-complexity CNN and an ensemble frame-
work is described. A brief overview of dataset used, features used
for experimentation and experimental setup are described in Section

3. Section 4 presents experimental analysis. The submitted entries
for the DCASE 2022 task 1 challenge are included in 5. Finally,
conclusion is presented in Section 6.

2. LOW-COMPLEXITY CNNS

Proposed low-complexity architecture: We propose a CNN archi-
tecture which consists of three convolutional layers (C1, C2 & C3),
two pooling layers (P1, P2), a dense layer (D1) and a classification
layer. The details of different layers is given in Table 1. The pro-
posed architecture requires approximately 5M MACs to produce an
output corresponding to an input of size (40 x 51), and has 14886
parameters.
Filter Pruning: To eliminate redundant filters from the low-
complexity architecture as given in Table 1, we apply a filter prun-
ing strategy. For each convolutional layer, we identify filter pairs
which are similar. Our hypothesis is that similar filters produce
similar output and hence, contribute to redundancy only. There-
fore, one of the similar filters can be eliminated. The similarity
between the filters is measured using a cosine distance. We identify
the closest filter pairs for each layer separately. A filter from each
pair is deemed redundant and eliminated from the network. More
information about the similarity based filter pruning method can be
found at [4].

The number of redundant filters obtained after performing
similarity-based filter pruning for C1 layer is 4 out of 16, C2 layer
is 4 out of 16 and C3 layer is 10 out of 32. We obtain 6 different
pruned networks that are obtained after pruning C1 layer only, C2
layer only, C3 layer only, C1 and C2 layers, C2 and C3 layers, C1
and C2 and C3 layers. The number of MACs and the number of
parameters for each pruned network are given in Table 2.
Quantization: To reduce the network size further, we perform
quantization on parameters of each pruned network using TFlite op-
timization, and quantized the network parameters from 32-bit float-
ing point to 8-bit integers (INT8).
An ensemble framework: Next, the predictions obtained from var-
ious pruned networks are aggregated together in an ensemble frame-
work. The total number of parameters in the ensemble framework
that aggregates predictions from all 6 pruned networks are 70.97K
and the total number of MACs are 23.84M.

3. EXPERIMENTAL DATASET, FEATURE EXTRACTION
AND EXPERIMENTAL SETUP

Dataset used: We use the TAU Urban Acoustic Scenes 2022 Mo-
bile, development dataset [5]. The dataset contains recordings from
12 European cities in 10 different acoustic scenes using 4 different
devices. Each audio recording has 1 second length. The dataset
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Table 1: Proposed low-complexity architecture. Here, BN stands for batchnormalization, tanh is hyperbolic tangent activation function and
ReLU is a rectified linear unit activation function.

Layer name Description Number of filters/dense units Filter/pooling size input output

C1 Convolution + BN + tanh 16 (3 x 3) (40 x 51) (40 x 51)

C2 Convolution + BN + ReLU 16 (3 x 3) (40 x 51) (40 x 51)

P1 Average Pooling - (5 x 5) (40 x 51) (8 x 10)

C3 Convolution + BN + tanh 32 (3 x 3) (8 x 10) (8 x 10)

P2 Average Pooling - (4 x 10) (8 x 10) (2 x 1)

Dense Dense + tanh 100 1 64 100

Classification Classification + softmax 10 1 100 10

Table 2: Various low-complexity CNNs obtained after pruning and applying quantization (INT8). Here, the frameworks in the bold entries
are used for evaluation on DCASE challenge dataset.

Sr No. Network Name Pruned layer Architecture (C1-C2-C3-Dense) Parameters Size (KB) MACs (millions)

1 Unpruned low-complexity NA 16-16-32-100 14886 18.59 5.41
2 Pruned C1 C1 12-16-32-100 14254 17.86 4.16

3 Pruned C2 C2 16-12-32-100 13138 16.85 4.13
4 Pruned C3 C3 16-16-22-100 11396 15.11 5.29

5 Pruned C12 C1 + C2 12-12-32-100 12650 16.26 3.18

6 Pruned C23 C2 + C3 16-12-22-100 10008 13.73 4.04

7 Pruned C123 C1 + C2 + C3 12-12-22-100 9520 13.14 3.08

is divided in training and validation sets. The training dataset con-
sists of 139620 audio examples and the validation dataset consists
of 29680 audio examples.
Feature extraction: For time-frequency representations, log-mel
band energies of size (40 × 51) corresponding to an audio signal of
1 second length are extracted. A Hamming asymmetric window of
length 40ms, and a hop length of 20ms is used to extract magnitude
spectrogram. Next, log-mel spectrogram is computed using 40 mel
bands.
Experimental Setup: The unpruned low-complexity network is
trained using the training dataset with a batch size of 64 with an
Adam optimizer for 1000 epochs. A categorical cross-entropy loss
function is used during the training process. We apply an early stop-
ping criterion to yield the best network that gives the minimum log-
loss for the validation dataset.

After obtaining the trained unpruned low-complexity CNN, the
filter pruning strategy described in Section 2 is applied to eliminate
redundant filters. To regain the loss in performance due to pruning,
the pruned networks are fine-tuned with a similar process to that
used for the training of the unpruned low-complexity network.

4. PERFORMANCE ANALYSIS

Figure 1 shows the accuracy and the log-loss obtained for the un-
pruned low-complexity network and the various pruned networks.
The unpruned low-complexity network gives 1.475 log-loss and
45.92% accuracy. Eliminating filters from the unpruned network
results in a significant reduction in performance, but this is almost
entirely restored after fine-tuning.

The performance obtained after aggregating predictions from
various pruned networks is given in Table 3. The ensemble frame-
work improves the performance in comparison to that of individual

pruned networks.

(a)

(b)
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Figure 1: (a) Accuracy and (b) log-loss obtained after prun-
ing different intermediate layers (C1, C2, C3, C1+C2, C2+C3,
C1+C2+C3) in the unpruned low-complexity CNN. The accuracy
and the log-loss is obtained with and without performing the fine-
tuning of the pruned network.

Comparison with DCASE 2022 Task 1 baseline network: In
comparison to the DCASE 2022 task 1 baseline network, the pro-
posed unpruned low-complexity network improves the accuracy
by approximately 3 percentage points, improves log-loss by 0.102
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Table 3: Performance obtained when different pruned and quantized networks are used in the ensemble framework. Here, the frameworks in
the bold entries are used for evaluation on DCASE challenge dataset.

Sr No. Ensemble framework Number of parameters MACs (millions) Size (KB) Accuracy (%) Log-loss

1 All pruned networks except Pruned C1 56712 19.72 75.09 47.14 1.394

2 All pruned networks except Pruned C2 57828 19.75 76.10 47.10 1.396

3 All pruned networks except Pruned C3 59570 18.60 77.84 47.26 1.392
4 All pruned networks except Pruned C12 58316 20.70 76.69 47.45 1.394

5 All pruned networks except Pruned C23 60958 19.84 79.22 47.52 1.389
6 All pruned networks except Pruned C123 61446 20.80 79.81 47.35 1.392

7 Ensemble on all pruned networks 70966 23.84 92.95 47.45 1.389

points with approximately 5x reduction in MACs and 3x reduction
in the parameters. Utilizing ensemble of pruned networks improves
the accuracy by approximately 4.5 percentage points, improves log-
loss by 0.19 points with 1.5x reduction in MACs, however requires
approximately 14K more parameters in comparison to that of the
DCASE 2022 task 1 baseline network.

Table 4: Performance obtained when different pruned networks are
used in the ensemble framework.

Framework Accuracy log-loss MACs (million) Parameters

DCASE 2022
Task 1 baseline 43% 1.575 29.23 46512

Unpruned
low-complexity CNN 45.92% 1.475 5.44 14886

Ensemble on
all pruned networks
except Pruned C23 47.52% 1.389 19.84 60958

5. SUBMITTED ENTRIES

In this section, a detail of various submitted models is described.

1. Singh Surrey task1 1 (SurreyAudioTeam22 1, Sur-
rey 4M): This challenge entry includes predictions from the
Pruned C2 network. Please see Table 2, Sr No. 3, for more
detail of the network.

2. Singh Surrey task1 2 (SurreyAudioTeam22 2, Sur-
rey 5M): This challenge entry includes predictions from the
unpruned low-complexity network. Please see Table 2, Sr
No. 1, for more detail of the network.

3. Singh Surrey task1 3 (SurreyAudioTeam22 3, Sur-
rey 19M): This challenge entry includes predictions from
the ensemble framework which combines all pruned net-
works except Pruned C3. Please see Table 3, Sr No. 3, for
more detail of the network.

4. Singh Surrey task1 4 (SurreyAudioTeam22 4, Sur-
rey 20M): This challenge entry includes predictions from
the ensemble framework which combines all pruned net-
works except Pruned C23. Please see Table 3, Sr No. 5, for
more detail of the network.

The pruned quantized networks can be found at this link 1. The
network size, the number of MACs are computed using this link2.

6. CONCLUSION

This report focuses on designing low-complexity system for acous-
tic scene classification. A filter pruning, quantization and ensemble
procedure is applied to obtain compressed, accelerated, and low-
size CNN. The proposed framework shows promising results in
terms of reduction in parameters and performance.
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