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Abstract: We will be able to develop search engines of music data if there is a useful method which classi-
fies musical instruments played in the music data automatically. In this paper, we propose a classification
method which indicates musical instruments played in audio data by using convolutional neural networks.
In recent years, some researchers have studied about musical instrument classification with convolutional
neural networks. The existing methods, however, have problem in avoiding overfitting. Therefore, the pro-
posed method uses ResNets which achieve good regularization performance because ResNets contain many
processing paths. In addition, in order to improve classification performance, we adapt a regularization
technique “Signal Augmentation” to residual blocks in ResNets. In this paper, we show experiment re-
sults in musical instrument classification tasks of IRMAS dataset. According to the results, the proposed
method achieves better performance than existing methods. Especially, F-measure of the proposed methods
in IRMAS classification tasks is 0.708, which is state-of-the-art in 2018.
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Fig. 1 Outline of musical instrument classification.
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Fig. 2 Process of musical instrument classification.
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instruments # of train data  # of test data
Cello 388 111
Clarinet 505 62
Flute 451 163
Acoustic guitar 637 535
Electric guitar 760 942
Organ 682 361
Piano 721 995
Saxophone 626 326
Trumpet 577 167
Violin 580 211
Voice 778 1,044
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Fig. 6 Loss values of training data.

® 2 ICRETHZ M T IRMAS OEZEEIGTES A
I ERATo L EOGEREELRT. COMRELY, 1ERF
FEHB LT, REFRIIEEE T — ¥ OB E Y
AZIBWTEWERELERT S 2 DR SN, §F
12, PreActivation ® residual block (2 & » THiK X L 7-&
AAA =2 —=F )V NT— 27 T, 4 @ Regularize
4 OBFFTIC Signal Augmentation ZE AT 5 2 & T, @
ERFAERE (FH £ 0.708) %ERL L7z, Zhud, fekF
B (1) OERGFEREY 0.1 L EEETL20THY, H
i (2018 4E 12 A) BT AR TH 5.

PERTE (1] REK T 5] IFH—0FHERB TR S
AEAAHR =2 —=TFT VA NT—=IHMHLTBY, 20
Za—=FNVAy NI =7 IIBEHITAFEH IS 2D, O
SEMRETEET AL EH LV EEZ NS, FRIC, fE
KT [5) Tld, WFEFHIREZ BT 5720102 2—F )
Ay NI =7 DINT A =5 ZFEE L T2, £OnHME
FEDOUEIZIZE > T\, —JF, EFHETIL, BhAH
Za—9 Ay b7 —2 & LTResNet il d 52 LT,
PERFEL D S E A ERE A K L7, 21Ud, ResNet
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£ 2 IRMAS O A 71281 B & T30l
Table 2 Evaluation results in IRMAS musical instrument clas-

sification tasks.

method threshold P micro R micro F micro
Han 5 [1] 0.655 0.557 0.602
Pons 5 [5] 0.650 0.538 0.589
PreActivation: 4 residual blocks

w/o Regularization 0.39 0.719 0.686 0.702
w/ SignalAug 1 0.92 0.346 0.626 0.445
w/ SignalAug 2 0.38 0.703 0.686 0.695
w/ SignalAug 3 0.48 0.737 0.650 0.691
w/ SignalAug 4 0.50 0.728 0.689 0.708
w/ Dropout 1 0.38 0.704 0.665 0.684
w/ Dropout 2 0.39 0.704 0.676 0.690
w/ Dropout 3 0.47 0.724 0.657 0.689
w/ Dropout 4 0.29 0.586 0.688 0.633
PreActivation: 8 residual blocks

w/o Regularization 0.37 0.708 0.671 0.689
w/ SignalAug 4 0.48 0.702 0.688 0.695
PreActivation: 16 residual blocks

w/o Regularization 0.39 0.706 0.689 0.697
w/ SignalAug 4 0.56 0.722 0.665 0.692
SingleReLLU: 4 residual blocks

w/o Regularization 0.36 0.720 0.692 0.706
w/ SignalAug 1 0.92 0.346 0.626 0.445
w/ SignalAug 2 0.44 0.724 0.660 0.691
w/ SignalAug 3 0.51 0.742 0.650 0.693
w/ SignalAug 4 0.46 0.718 0.697 0.707
w/ Dropout 1 0.38 0.724 0.672 0.697
w/ Dropout 2 0.39 0.725 0.668 0.696
w/ Dropout 3 0.40 0.719 0.680 0.699
w/ Dropout 4 0.39 0.661 0.644 0.653

PEEOFIHEKEE ks n/iz=2 -9 vty F T =2 T
HY, H-0FtERHETHR SN 22TV kY b T —
75D BB ALEREEE T A D EELALNL. &5
2, Bz bR T4 4 Signal Augmentation
ZWATAHI LY, REFLOSEMREZUEE L.
—7J5, b MERELL % T & L C Dropout 3 A L7z &
LT, BESgERBEOUEIAON o7z, B E
T, residual block 2 Dropout #3#A$ 52 & T=a—F
Wy N =7 OPEBENLGE Lz & v ) s id v,
BOFERKEEOERAA= 2 =TIV Ay FT— T DY
4, Dropout I2 & 25 FMREDCEIIRENTH S LFE 2
bbb, TOFEBRIZBWTY, residual block THERL S U
To=a—F )4y N7 — 27 OMWEE% Dropout & vy Tes
TLHEZRDOIFLI LI TE LR no72. /2, RETHE
O residual block O EM AR LzE LT, oM
BEOWEIR SN2 ro7z. —f#AYIC, ResNet (& residual
block D& L3 2 & THRIIDIN L5720, 57HIRE
WUHETLEEZLNTWES, LarL, EFHETIIAL
B ANRY O T T L EBRARZ =TV E Y T —
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JOAIMEE LTEY, ZOATMED 5 FeE & 2B
LTWwa7ed, BRrA=a—F Nty T —71213% <
DEHNZVBEE Lotz ZEZHN5.

5. bV

KL T, WREBOHEBEE T — 5 20 8T 5720,
HRET =IO ZOEELXHEBEL TV EET HEWY
WCHETATFEARELL. 4FTICH, BAAA= 12—
TNty b= kW CHEEERZ ST 5 TN R
FEhT&7, Lo L, RFETIE—-DFERED
BREFEOBI AR 2—F N Ay PT =7 % HTW5b
720, BEBERMTLIEDEHELVE W) REND S.
ZZIT, MEFETIE, HHOFERE L FEOERAAL
—a2—J WVt NJ—=2TdH5 ResNet &\ Tl ZEH 5
D EATo 2. 72, WALMERE® TETH 5 Signal
Augmentation ZEATEH I EIZL Y, BAAAZ2—T
Wty N7 =7 ORI L S 7, HARAE Y
AT DD T—% %y N THDHIRMAS = I\ 7-FE: %
TV, EBRER L VREFESIERTELD b mue stk
REA ST 5 2 & RREN L7z, IRET ORI HIERED
F 3 0.708 TH Y, ZHIIIHEA (20184E 12 H) 128
J AR EERETH S,

LHROBEE LT, HEET -5 ORI SELT
LI ENBHITONL, RigLOREFETIE, BHEETT—
F e ANVRIEIZERT LI LT, BHARAZ2—F NV F
NI = ANDANEEER L TWA, LiL, AVRER
ANEOMBEREMEL LIZRIETH D720, BE5HD7
HORFELE LTHEYTHL ERES V., 728 21E, 8
Za—=F Nty bT— 7 2 HWTEEE T — ¥ OFLE%
THZ LX), BBESHICH L HMEL R LT —
Y TEBLEERZONS.

SENH

[1] Han, Y., Kim, J., Lee, K., Han, Y., Kim, J. and
Lee, K.: Deep Convolutional Neural Networks for Pre-
dominant Instrument Recognition in Polyphonic Music,
IEEE/ACM Trans. Audio, Speech and Language Pro-
cessing, Vol.25, No.1, pp.208-221 (2017).

[2]  Krizhevsky, A., Sutskever, I. and Hinton, G.E.: Ima-
genet classification with deep convolutional neural net-
works, Advances in Neural Information Processing Sys-
tems, pp.1097-1105 (2012).

[3] He, K., Zhang, X., Ren, S. and Sun, J.: Deep residual
learning for image recognition, Proc. 2016 IEEE Con-
ference on Computer Vision and Pattern Recognition
(CVPR), pp.770-778 (2016).

[4]  Chollet, F.: Xception: Deep Learning with Depthwise
Separable Convolutions, Proc. 2017 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR),
pp-1800-1807 (2017).

[5]  Pons, J., Slizovskaia, O., Gong, R., Gémez, E. and Serra,
X.: Timbre analysis of music audio signals with convolu-
tional neural networks, Proc. 25th Furopean Signal Pro-

724



1BERIEF=EmEE Vol.61 No.3 718-725 (Mar. 2020)

cessing Conference (EUSIPCO), pp.2744-2748 (2017).

[6] Bosch, J.J., Janer, J., Fuhrmann, F. and Herrera, P.: A
Comparison of Sound Segregation Techniques for Pre-
dominant Instrument Recognition in Musical Audio Sig-
nals, Proc. 13th International Society for Music In-
formation Retrieval Conference (ISMIR), pp.559-564
(2012).

[7]  Essid, S., Richard, G. and David, B.: Musical instrument
recognition on solo performances, Proc. 12th European
Signal Processing Conference (EUSIPCO), pp.1289-
1292 (2004).

[8]  Heittola, T., Klapuri, A. and Virtanen, T.: Musical in-
strument recognition in polyphonic audio using source-
filter model for sound separation, Proc. 10th Interna-
tional Society for Music Information Retrieval Confer-
ence (ISMIR), pp.327-332 (2009).

[9] Duan, Z., Pardo, B. and Daudet, L.: A novel cepstral
representation for timbre modeling of sound sources in
polyphonic mixtures, Proc. 2014 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP), pp.7495-7499, IEEE (2014).

[10] Van Den Oord, A., Dieleman, S., Zen, H., Simonyan, K.,
Vinyals, O., Graves, A., Kalchbrenner, N., Senior, A.W.
and Kavukcuoglu, K.: WaveNet: A Generative Model
for Raw Audio, arXiv preprint arXiv:1609.03499 (2016).

[11] Zhang, C., Bengio, S., Hardt, M., Recht, B. and Vinyals,
O.: Understanding deep learning requires rethinking
generalization, Proc. 5th International Conference on
Learning Representations (2017).

[12] Veit, A., Wilber, M.J. and Belongie, S.: Residual net-
works behave like ensembles of relatively shallow net-
works, Advances in Neural Information Processing Sys-
tems, pp.5h50-558 (2016).

[13] He, K., Zhang, X., Ren, S. and Sun, J.: Identity map-
pings in deep residual networks, Proc. 14th Furopean
Conference on Computer Vision (ECCYV), Springer,
pp.630-645 (2016).

[14] Han, D., Kim, J. and Kim, J.: Deep pyramidal residual
networks, arXiv preprint arXiv:1610.02915 (2016).

[15] Srivastava, N., Hinton, G.E., Krizhevsky, A., Sutskever,
I. and Salakhutdinov, R.: Dropout: A simple way to pre-
vent neural networks from overfitting, Journal of Ma-
chine Learning Research, Vol.15, No.l, pp.1929-1958
(2014).

[16] Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh,
S., Ma, S., Huang, Z., Karpathy, A., Khosla, A
Bernstein, M., et al.: Imagenet large scale visual recogni-
tion challenge, International Journal of Computer Vi-
ston, Vol.115, No.3, pp.211-252 (2015).

(17]  BFHEARES, 4HAEKRE, RHEE | CNN 12 X 2 m{gEe
WS o2 o 4 AokkEt, 917 BEHRERE
Hffs 7 + — 5 4 (FIT2018) ##ifas L4k (2018).

[18] Gastaldi, X.: Shake-Shake regularization of 3-branch
residual networks (2017).

[19] He, K., Zhang, X., Ren, S. and Sun, J.: Delving deep
into rectifiers: Surpassing human-level performance on
imagenet classification, Proc. 2015 IEEE International
Conference on Computer Vision (ICCV), pp.1026-1034
(2015).

t:1, -5

BT — Y OMEIZBWT, FT—FRIZETNAEERD
BRI, LMLV —VCRARRRT 27-DICEETH

© 2020 Information Processing Society of Japan

AH, TOHBISHIIRETH L. KL TlE, #EEsH
HffiTd % Residual Neural Network % vy, HEOWIE
T = DB ZEDOEEEERE L T L% BRI HET
LRFEEREL TS, 72, T—F v bEHWEER
M X0, RREFESM TR EOSEREE (201841 A
BUE) ZERLTWDE I EERL TV, KL TRES
TV L FLEOMEINE, BB EROERENS b, HEEIZ
BT 2 LHIMT & 5720, KFCEILHH O OHEER L L
LCHeET 5.

(LA A S AL SRR B8 hR)

EBE fht

1006 4E 4. 2018 4F UL b A #oi
SFETW  mmmEeeRE. B, 7o
<A Y FHREHICBWTHREERD

AL Lo &3, BXOP=2—5

Ay N T =2 B L 2R OB

7 Y

-%’-_, '

-Lg//
e, —a—I )0ty FT—27 2HW

7o T — H RN R ER 2 .

EH &

1977 4FAE. 2000 AE AL R LA
F- TR EE. 2005 4R AR RS bE
LIRS T, 2005 £ ILSCL
FEKFTF, WA 27T, 2010
ML PE RS, 2011 4R [R K%
HeHIR, BAECESL, ARG AT
L, Za—F Wiy MU =27 OIS, it (1F
WEE). 2007 4F FIT fiSCH, 2017 FFAIFRRA F_—X—

HE2H., A%, EFHEEFR%EH.

(IE%R)

725



