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Sound Noise-Robust Porcine Wasting Diseases Detection and
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Abstract

Failure to detect pig wasting disease in a timely and accurate manner in the commercial pig farm can be a
serious factor in achieving efficient livestock management. In this paper, we propose a noise-robust porcine wasting
diseases detection and classification method in piglet farm monitoring system using sound data. First, we extract a
spectrogram of sound signals and convert it into noise-robust features by a convolutional neural network (CNN), and
lastly, use the multi-layer perceptron (MLP) as an early anomaly detector and classifier. On the basis of the
experimental results, we confirmed that the proposed method could detect and classify the porcine wasting diseases
with acceptable accuracy even under noise-environmental conditions. In particular, as a result of comparing the
discrimination performance of the proposed method in this research and the MFCC-SVM method, it was confirmed
that the f-score was improved by 15.1%.
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Fig. 8. Matrix visualization of CNN layer 1’s feature vector. (a) matrix visualization result of feature vector with non-noise
test data, (b) matrix visualization result of feature vector with SNRO test data, (c) matrix visualization result of feature vector
with strong footprint test data
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Fig. 9. Matrix visualization of CNN fully-connected layer 1’s feature vector. (a) matrix visualization result of feature vector
with non-noise test data, (b) matrix visualization result of feature vector with SNRO test data, (c) matrix visualization result
of feature vector with strong footprint test data
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Table 4. Performance comparison with existing methods

Guarino et al.[12] Chung et al[13] Lee et al.[14] Proposed method
) Filtering method and Time and frequency

Feature extraction AM dermodulation MFCC sound features Spectrogram + CNN
Consideration of noise N/A N/A N/A Yes
Disease detector DTW SVDD SWM MLP

Disease classifier N/A SRC N/A MLP

Number of normal data | 433 200 449 3505

PMWS: 150 PMWS: 146 PMWS: 150x5
Number of disease data | Cough: 159 PRRS: 120 PRRS: 126 PRRS: 140x5
MH: 30 MH: 31 MH: 70x5

Disease detection rate 85.5% 4.0% 97.7% 100%

Mean precision 82.2% 90.8% N/A 99.2%

Mean recall 86.1% R.0% N/A 99.3%

O|]AL B AFolA AAS CNN ASE BAE V. 42 4l g5 o
2 ANUA TR kgl Jolstl, 7 2ens

Bo &4 7 Ae F ARSE odukskd £ ZEo WALS Vo g 3357] AWS gx5}
HE ks Zlos 398 otk =3 1WA = A2 A7EFS Aunw, L8 Az
AT 262,1449] Bote F 54 Aol vlE] w9 o3 Hx 357 AW 87} dAHoR J1s
e AU o 9l AT 19 28 A0S B g gse Bed s 9B HE 437
HAENORE 49 SFYLE AHFOE FE A )l AHE EESIGo, AA EAF S A T
& & Sirhe 2 A%l ok s ged 939e F¥d nedduE 2 5

Ao g # 4= 712 & ARE o] gs) gtk ged ZRES] AI2ES Al EAEE A
of A9 587 AWE AHE 7|E AFER 2 HERo7 £837] 9 28 HE A 24
AFollA A 7IMSe AFHALACE v e goksl AL AT Zeldte] BAE o ok 3
A% y8-& Aestact . B =ZoXe AR A E Aujgos

TEol Fe® 48] AX BAoIA HA9) BF



Journal of KIIT. Vol. 16, No. 5, pp. 1-13, May 31, 2018. pISSN 1598-8619, eISSN 2093-7571 11

CNNe| 74 8l

il

@,

T HRE & ATA Ad Z=
28E AAANM FE-28s] AR
283 Ao $& dFEe] a7HH, &F A%
¥ o] oz} Y NS FA AHgee E
g 7] 5% A7E $5 d7E I8 AY
°|t.

u:

References

[1] Ministry of Agriculture, Food and Rural Affairs.
http://www.mifaff.go.kr [Accessed Oct. 24, 2017]

[2] B. Kim, Y. Lee, Y. Kim, T. Kim, J. Park, and S.
Lee et al, "Top 10 Agriculture Issues in 2017",
Korea Rural Economic Institute, Focus on
Agricultural Affairs, Vol. 142, pp. 1-27, Jan. 2017.

[3] K S. Chu, M. S. Kang, Y. S. Jo, and J. W. Lee,
"Detection of Porcine Circovirus 2, Porcine
Reproductive and Respiratory Syndrome Virus and
Mycoplasma Hyopneumoniae from Swine Lungs
with Lesions by PCR", Korean Journal of
Veterinary Service, Vol. 31, No. 1, pp. 71-77, Mar.
2008.

[4] L. Lee, L. Jin, D. Park, and Y. Chung, "Automatic
Recognition of Aggressive Behavior in Pigs using a
Kinect Depth Sensor", Sensors, Vol. 16, No. 5,
631, Nov. 2016.

[5] M. Ju, H. Baek, J. Sa, H. Kim, Y. Chung, and D.
Park, "Real-Time Pig Segmentation for Individual
Pig Monitoring in a Weaning Pig Room", Journal

of Korea Multimedia Society, Vol. 19, No. 2, pp.
215-223, Feb. 2016.

[6] J. Choi, L. Lee, Y. Chung, and D. Park,
"Individual Pig Detection using Fast Region-based
Convolution Neural Network", Journal of Korea
Multimedia Society, Vol. 20, No. 2, pp. 216-224,
Feb. 2017.

[71 J. Choi, L. Lee, Y. Chung, and D. Park,
"Individual Pig Detection using Kinect Depth
Information", KIPS Transactions on Computer and
Communication Systems, Vol. 5, No. 10, pp.
319-326, Aug. 2016.

[8] J. Lee, B. Noh, S. Jang, D. Park, Y. Chung, and
HH. Chang, "Stress Detection and Classification

Sound  Analysis",
Asian-Australasian Journal of Animal Sciences,
Vol. 28, No. 4, 592, Apr. 2015.

[9] M. Rizwan, B. T. Carroll, D. V. Anderson, W.
Daley, S. Harbert, and D. F. Britton et al,
"Identifying Rale Sounds in Chickens using Audio
Signals for Early Disease Detection in Poultry",
Proceeding of Global Conference on Signal and
Information Processing, pp. 55-59, Dec. 2016.

[10] Y. Chung, J. Lee, S. Oh, D. Park, H. H. Chang,
and S. Kim, "Automatic Detection of Cow’s
Oestrus  in  Audio
Asian-Australasian Journal of Animal Sciences,
Vol. 26, No. 7, pp. 1030-037, Jul. 2013.

[11] J. Vandermeulen, C. Bahr, D. Johnston, B. Earley,
E. Tullo, and I. Fontana et al., "Early Recognition
of Bovine Respiratory Discase in Calves using
Automated Continuous Monitoring of Cough
Sounds", Computers and Electronics in Agriculture,
Vol. 129, pp. 15-26, Nov. 2016.

[12] M. Guarino, P. Jans, A. Costa, J. M. Aerts, and
D. Berckmans, "Field Test of Algorithm for
Automatic Cough Detection in Pig Houses",
Computers and Electronics in Agriculture, Vol. 62,
No. 1, pp. 22-28, Feb. 2008.

[13] Y. Chung, S. Oh, J. Lee, D. Park, H. H. Chang,
and S. Kim, "Automatic Detection and Recognition

of Laying Hens by

Surveillance ~ System",



e

12 CNN 719ke) 28] g A3 HiA 257 44

n:]oll

A

of Pig Wasting Diseases using Sound Data in
Audio Surveillance", Sensors, Vol. 13, No. 10, pp.
12929-12942, Sep. 2013.

[14] J. Lee, L. Jin, D. Park, Y. Chung, and H. H.
Chang, "Acoustic Features for Pig Wasting Disease
Detection", International Journal of Information
Processing and Management, Vol. 6, No. 1, pp.
37-46, Apr. 2015.

[15] J. Salamon and J. P. Bello, "Deep Convolutional
Neural Networks and Data Augmentation for
Environmental ~ Sound  Classification",  Signal

Processing Letters, Vol. 24, No. 3, pp. 279-283,

Jan, 2017.

W. Zhang, G. Peng, C. Li, Y. Chen, and Z.

Zhang, "A New Deep Learning Model for Fault

Diagnosis with Good Anti-Noise and Domain

Adaptation Ability on Raw Vibration Signals",

Sensors, Vol. 17, No. 2, 425, Feb. 2017.

[17] T. L. Nwe, H. D. Tran, W. Z. T. Ng, and B. Ma,
"An Integrated Solution for Snoring Sound
Classification Using Bhattacharyya Distance based
GMM  Supervectors with SVM, Feature Selection
with Random Forest and Spectrogram with CNN",
Processing of Interspeech, pp. 3467-3471, Aug
2017.

[18] A. Krizhevsky, 1., Sutskever, and G. E. Hinton,
"Imagenet Classification with Deep Convolutional
Neural Networks", Advances in Neural Information
Processing Systems, pp. 1097-1105, Dec. 2012.

[19] I S. Kim and S. Y. Hwang, "A Effective Online
Training Algorithm by Partitioning Bounding Box

[16]

for Visual Object Tracking using Convolutional
Neural Network", The Journal of Korean Institute
of Communications and Information Sciences, Vol.
42, No. 6, pp. 1117-1128, Jul. 2017.
[20] K. H. Kong and D. S. Kang, "A Study of Face
Detection Algorithm Using CNN with Mixed-LGP
and Hippocampus Structure”, Journal of KIIT, Vol.
16, No. 1, pp. 11-17, Jan. 2018.
K K Yeo and D. S. Kang, "CNN-based
Alzheimer’s Disease Image Learning and Accuracy

ol
=

Al
2~

8 A

=1}
i=4

Measurement  Using "“F-Florbetaben PET  Image
Editted Database", Journal of KIIT, Vol. 15, No.
10, pp. 1-8, Oct. 2017.
TensorFlow  ver.1.02.
[Accessed: Apr. 09, 2017]
[23] LV.D. Maaten and G. Hinton, "Visualizing Data
using t-SNE", of Machine Learning
Research, Vol. 9, pp. 2579-2605, Nov. 2008.

[22] http://www.tensorflow.org

Journal

| R{RpATH

of& =

(Jonguk Lee)
2002+ : e thstn
(32T
20054 :
(54T
20144 -
(AT
2014 ~ dA) :

arhsta
gt ks

st

A ROF %‘31 717415}%, gEln o] nloly, §3 1T
%z & F (Yongju Choi)
2007'd : e
AFE 4 28tk
20173 ~ @A . 1HYstn

AREARtD} AN
BAR} ;A Hehd

glelgrto]y, AFA T, E’uIT

35| (Daihee Park)
1982'd : st ota(SHAh
1984\ - v FEIHA AR
19894 : Z22t FYu)st
RSk Ah
1992 : E=2u FHUs
A3
19933 ~ A .
AFE ST ES o8t
BAEF « HlolErtol,

st

=

AT, &

AHIT



Journal of KIIT. Vol. 16, No. 5, pp. 1-13, May 31, 2018. pISSN 1598-8619, eISSN 2093-7571 13

H & =} (Yongwha Chung)
19843 : gFrjstn
54

[
o
1ok
&
o
=

(24
1986\ ~ 2003 : SF=HAFA
AT AN A TRH(EA
2003 ~ dA - it AEFFLEZEY STy
TAEOF : YA, BEAE, ST




	CNN 기반의 소리 잡음에 강인한 돼지 호흡기 질병 탐지 및 식별 시스템
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 연구
	Ⅲ. 소리 정보를 이용한 돼지 호흡기 질병 식별 시스템
	Ⅳ. 실험 및 결과 분석
	Ⅴ. 결론 및 향후 연구
	References


