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Convolutional neural network based amphibian sound
classification using covariance and modulogram
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ABSTRACT: In this paper, a covariance matrix and modulogram are proposed for realizing amphibian sound
classification using CNN (Convolutional Neural Network). First of all, a database is established by collecting
amphibians sounds including endangered species in natural environment. In order to apply the database to CNN,
it is necessary to standardize acoustic signals with different lengths. To standardize the acoustic signals,
covariance matrix that gives distribution information and modulogram that contains the information about change
over time are extracted and used as input to CNN. The experiment is conducted by varying the number of a
convolutional layer and a fully-connected layer. For performance assessment, several conventional methods are
considered representing various feature extraction and classification approaches. From the results, it is confirmed
that convolutional layer has a greater impact on performance than the fully-connected layer. Also, the performance
based on CNN shows attaining the highest recognition rate with 99.07 % among the considered methods.
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Fig. 1. Block diagram for conversion from acoustic signal to image for convolutional neural network based training.
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2.3 CNN Architecture
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Fig. 2. Convolutional neural network architecture for classifying covariance and modulogram.
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Table 1. List of amphibian classes and the number
of data.

Species Abberviation # of data
Brown Frog BroFrog 342
Golden Frog* GolFrog 391
Green Frog GreFrog 260
Leopard Frog LeoFrog 367
Narrow mouth Frog* NarFrog 1050
Rana Rugosa RanRugo 439
Red-bellied Frog RedFrog 152
Suweon tree Frog* SuwFrog 1877

*endangered species

WA 7N FAT e 63

wo
0]+=MFCC, RCGCC, SPCCE E% %—7}—%3}51 SVM,
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Table 201 4] B CNN 20| A 71 22 A=
E 221 7%+ 57119 convolutional layer2} 271 2] fully-
connected layerS AME-319S W| 2 99.07 %2] A3
£ Bt} 11 o202 & = convolutional layerE- 571 AF
23} fully-connected layerE 171 ARESE 739
fully-connected layerS AF2-51A] k-2 74 2-7199.03 %
9] A& e E 1 it 371 9] convolutional layerE AR

3192 7% fully-connected layer7} 17 w2} A&
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layer2]

1
2ol=dal

J =5 %}Elﬂ = SVM2 *}%—SPME i

2519 MFCC, RCGCC, spcc4 Aol = 2
o 2 96.99 %, 95.86 %, 98.44 %= K ¢l c}. ZEA Y
252 S 7F7F whE CNNO) ¢l o & AR5}

The Journal of the Acoustical Society of Korea Vol.37, No.1 (2018)



64 DAL, vRALL, TatA]

Table 2. Experiment results of amphibian classification according to each CNN architecture.

CNN architecture | Avg. Acc | BroFrog | GolFrog | GreFrog | LeoFrog | NarFrog | RanRugo | RedFrog | SuwFrog
5CL 2FC 99.07 100.00 96.42 99.62 97.82 99.43 99.09 99.34 99.95
5CL IFC 99.03 100.00 97.70 100.00 97.82 99.62 96.81 98.68 99.84
CNN 5CL OFC 99.03 100.00 97.19 99.62 97.28 99.62 97.49 98.03 99.95
3CL IFC 98.57 100.00 95.40 99.23 96.46 99.33 96.58 98.03 99.89
3CL OFC 98.51 100.00 95.14 99.62 95.37 99.33 97.72 9737 99.95

Table 3. Experiment results of amphibian classification according to each algorithm.

Feature Avg. Acc | BroFrog | GolFrog | GreFrog | LeoFrog | NarFrog | RanRugo | RedFrog | SuwFrog

MFCC 96.99 99.42 96.93 91.54 98.91 98.48 97.04 92.11 98.51
GMM RCGCC 95.86 95.32 97.44 91.54 96.46 97.71 96.36 94.08 97.92

SPCC 98.44 100.00 98.47 100.00 98.91 96.67 100.00 98.68 99.95
SVM SPCC 97.54 100.00 96.16 99.62 94.82 94.19 97.04 99.34 99.36
DBN SPCC 98.63 100.00 97.70 99.62 97.55 98.95 99.32 100.00 99.95

Covariance matrix

99.07 100.00 96.42 99.62 97.82 99.43 99.09 99.34 99.95
+ Modulogram

ONN ™ Covariance matrix | 97.98 | 100.00 | 9079 | 9808 | 9646 | 9924 | 9590 | 9868 | 99.89

Modulogram 98.67 100.00 96.16 98.85 97.55 99.52 94.31 100.00 99.84
A= wjolli= 217+ 97.98 %2} 98.67 %2] =& B e Aeole BF 903 %Y s HAr
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Tk ONNE Aoleha b 58 ShEs el 4 Stk B Hobk yerd] 471 37184 E safol
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