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Abstract—In this work, we propose an Asymmetric Kernel
Convolutional Neural Network (AKCNN) for Acoustic Scenes
Classification (ASC). Its kernel shape is not the traditional
square but asymmetric in width and height. It also uses
Weight Normalization (WN) to accelerate the training process
because it can early converge the training loss and accuracy.
The best of all, WN can help increase the accuracy of ASC.
TUT Acoustic Scenes 2016 Dataset [1] is used for evaluation.
The result shows that AKCNN achieves accuracy 86.7%. If we
rank the score in DCASE2016 ASC Challenge, it shows that
the system would have a higher score than the 5th place.
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1. INTRODUCTION

Audio plays an important role in environment
recognition, so this makes the research of Acoustic Scenes
Classification (ASC) important. However, there was no
unified dataset for comparison before 2013. Due to the
contributions to the first IEEE Audio and Acoustic Signal
Processing (AASP) Challenge: Detection and Classification
of Acoustic Scenes and Events (DCASE) in 2013 [2], there
existed a benchmark to compare the performance of ASC.
Furthermore, Tampere University of Technology reset a
brand new dataset in DCASE2016 Challenge [1].

Nowadays, the applications of convolutional neural
networks (CNNGs) for acoustic correlation research become
more and more popular. The most commonly used

architecture in the top ten DCASE2016 Challenge was CNN.

In this work, we propose an Asymmetric Kernel
Convolutional Neural Network (AKCNN), which is
designed based on LetNet [3] style networks. We
specifically pay attention to the kernel shape to achieve the
best performance.

1L

Figure 1 shows the proposed system for ASC. This
system basically consists of three parts: feature pre-
processing, CNN training stage, and CNN testing stage.

PROPOSED METHOD

A. Feature Pre-processing

Before audio segments are sent into training stage or
testing stage, feature pre-processing is applied. It includes
feature extraction, feature normalization, and feature
segmentation.

The audio feature the system used is log-mel
spectrogram. To calculate log-mel spectrogram it applies
STFT over windows of 40ms of audio with 50% overlap by
using 2048 samples Hamming Window. Then, the absolute
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values of the STFT spectrogram are mapped to 40-band
mel-scale filter bank. Finally, the logarithm is taken to
generate 40 bins of the log-mel spectrogram, represented by
40-demension vectors.

The feature normalization is to normalize each bin by
the mean and standard deviation of all training data. The
final process of feature pre-processing is to segment the
normalized log-mel spectrogram into 25 frames per
segment without overlapping. Therefore, the input of CNN
is a 40-bin 25-frame log-mel spectrogram.

B. CNN Training Stage

The architecture of AKCNN is shown in Figure 2. The
parameters we set are chosen by various experiments.
AKCNN includes two convolutional layers. The first
convolutional layer performs a convolution over the input
spectrogram with 128 kernels and the other layer is with 256
kernels. The weight and the height of kernels are
asymmetrical which is 5x7 based on the audio feature
processing setting, where 5 is the same axis as frequency
domain and 7 represents the same axis as time domain. Also,
these two convolutional layers include weight
normalization (WN) [4] to accelerate training. The
normalization function is shown as follow:

(M

where v means the weight as we used normally, g is a scalar
representing the amplitude of v. By this two variables, the
normalized weight w is calculated which is the kernel of
AKCNN. The activation function used for kernels in both
convolutional layers is rectifier linear units (ReLU).

The two 5x5 non-overlapping max-pooling layers,
which perform sub-sampling, are placed separately after
two convolutional layers. Finally, because the classification
includes 15 different labels, the flattened second max-
pooling layer is connected to a WN softmax layer which is
composed of 15 fully connective neurals.
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Figure 1 Flowchart of proposed AKCNN system for ASC.
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Figure 2 The architecture of proposed AKCNN.

TABLE I. ACCURACY FOR DIFFERENT SIZE OF KERNELS WITH 40

BANKS LOG-MEL SPECTROGRAM.

40banks log-mel-spec. Mel x Frame Accuracy (%)
3x3 823
5x5 85.6
7x7 84.1
5x3 84.6
5x7 86.7
5x9 85.6
3x5 85.6
7x5 84.9
9x5 84.4

C. CNN Testing Stage

Since dividing a segment into smaller segments, the
classification of the whole segment is obtained by averaging
all the AKCNN prediction output. The AKCNN output

CNN/,,[i] is a vector including all class-wise prediction
probability for the j®™ sequence. Therefore, the predicted

class class for the whole segment is calculated as follow:
fr/d i
WIECNN], (0] @

j=1
where i is the number of labels and d is a number of the

class = argmax; Frid
divided frames setting as 25 frames.

III. EVALUATION

The system has been implemented in Python with
librosa library and Tensorflow library. Its training is
performed with a Nvidia GTX TITAN X GPU showing as
average training time of 20 seconds per epoch. The loss
function we used is categorical cross-entropy.

A. Dataset

The dataset we used is TUT Acoustic Scenes 2016 Dataset
[1]. Our training set is TUT Acoustic Scenes 2016
development dataset, and testing set is TUT Acoustic
Scenes 2016 the evaluation dataset. The development set
consists of 1170 audio segments where every label includes
78 audio segments of 30 seconds with total 15 labels. The
15 labels are beach, bus, café/restaurant, car, city center,
forest path, grocery store, home, library, metro station,
office, park, residential area, train, and tram.

B. Neural Network Experiments

For our experiment, the accuracy to different kind of
kernels is shown in Table I. The top three layers are
symmetrical shapes of 3x3, 5x5, and 7x7.The best result is
the 5x5 kernel, so we only show kernels that at least one of
width or height is 5 in other experiments. The result shows
that when frequency domain is 5 and the time domain is 7

(5x7), it achieves the best result of 86.7% accuracy.
However, if the asymmetric kernel shape is 7x5, the
performance will decrease 1.8%.

TABLE II. ACOUSTIC SCENE CLASSIFICATION ON DCASE2016
EVALUATION DATASET (%).
Valenti [5] 2)5;215153?61]7 AKCNN
Beach 84.6 80.8 92.3
Bus 100 100 92.3
Café/Restaurant 76.9 38.5 57.7
Car 100 96.2 100
City center 96.2 84.6 96.2
Forest path 100 100 100
Grocery store 923 65.4 88.5
Home 92.3 80.8 88.5
Library 92.3 46.2 46.2
Metro station 423 100 100
Office 96.2 100 100
Park 76.9 96.2 100
Residential area 76.9 88.5 84.6
Train 65.4 30.8 53.9
Tram 96.2 88.5 100
Overall 86.2 79.7 86.7
Accuracy

Our best result is using 40-bank log-mel spectrogram
into 5x7 kernel CNN, so these parameters are the setting of
our AKCNN system. TABLE II shows the comparison of
our system with Valenti [5] and DCASE2017 baseline [6].
We can discover that except for the label of café/restaurant,
library, and train, the accuracy of other labels is over 80%
in our system. Especially, car, forest path, metro station,
office, park, and tram achieve 100% accuracy.

IV. CONCLUSION

In this paper, we proposed AKCNN which includes two
WN convolutional layer with asymmetric 5x7 kernels with
40-bank log-mel spectrogram input. The accuracy of the
system is 86.7% with 6 totally correct classes. If the system
attended DCASE2016 Challenge, it would be ranked to the
fifth place.

REFERENCES

[1] M., Annamaria, T. Heittola, and T. Virtanen, “TUT Database for
Acoustic Scene Classification and Sound Event Detection,” IEEE
2016 24th Euro-pean Signal Processing Conference, pp. 1128-1132,
Aug. 2016.

[2] D. Giannoulis, E. Benetos, D. Stowell, M. Rossignol, M. Lagrange,
and M. D. Plumbley, “Detection and Classification of Acoustic
Scenes and Events: An IEEE AASP challenge,” in Applications of
Signal Processing to Audio and Acoustics (WASPAA), 2013 IEEE
Workshop on. IEEE, 2013, pp. 1-4.

[3] Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-Based
Learning Applied to Document Recognition,” in Proceedings of the
IEEE, vol. 86, no. 11, pp. 2278-2324, Nov. 1998.

[4] T. Salimans and D. P. Kingma, “Weight Normalization: A Simple
Reparameterization to Accelerate Training of Deep Neural
Networks,” in Advances in Neural Information Processing Systems,
pp. 901-909, 2016.

[5] M. Valenti, A. Diment, G. Parascandolo, S. Squartini, and T.
Virtanen, “DCASE 2016 Acoustic Scene Classification Using
Convolutional Neural Networks,” IEEE AASP Challenge on
Detection and Classification of Acoustic Scenes and Events
(DCASE2016), Budapest, Hungary, Sep. 2016.

[6] DCASE2017 Challenge Baseline website,
http://doi.org/10.5281/zenodo.400515, retrieved Mar. 17, 2017.

2017 IEEE International Symposium on Consumer Electronics (ISCE).




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


