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Time-frequency Spectra Recognition Based on Sparse Non-negative Matrix

Factorization and Support Vector Machine
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Abstract In the field of mechanical fault diagnosis, it is difficult to recognize the running condition of machines by

human based on images corresponding to the condition such as time-frequency spectra, obit, power spectra, and so

on. The most meaningful features required by learning machines, which can reorganize running condition of machines

automatically, are always difficult to select and extract from the images. In this paper, the problem of machine running

condition recognition based on images is treated purely as image recognition problem, so the procedure of meaningful

features selection and extraction can be avoided. Sparse non-negative matrix factorization (SNMF) and support vector

machine (SVM) are introduced to recognize the time-frequency spectra and therefore the corresponding running condition

of machine automatically. After applying SNMF to image, the dimension is reduced obviously while the connotative

and main features of image are reserved, therefore the computation cost of image recognition with SVM is saved and

the recognition accuracy is possibly improved. Experimental results show that the proposed method can obtain higher

recognition accuracy than conventional method and is dependent only weakly on the time-frequency analysis method.

Key words Time-frequency spectra, sparse non-negative matrix factorization (SNMF), support vector machine (SVM),
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G��, I�lG�ã�¥J�ÚÀJé��$1G�Cz¯a�AÆ. XÓliÿêâ¥¼�¯aAÆ��, lp�G�ã�¥¼�¯aAÆǑ´��æ�ä+�¥¡����´¶¯K, ¯aAÆ�ÀJÚ¼�¤Ǒ8�«�æ�äXÚ�äO(5UÄ-<÷¿�Ì��Ï��. �él�æã�¥J�¯aAÆ(J�¯K, òÄuã����$1G��O¯K��üX�ã�£O¯K5?n,ù�¯aAÆJ�¯KÒ�±�=�Ǒéã����Ø Úü�¯K, l;�
lã�¥(½���$1G��éA�¯aAÆJK. �©±�ªã�Ǒ~, &?
¤JÑ�{��15. Äkæ^DÕ5�KÝ
©) (Sparse non-negative matrix

factorization, SNMF) é�ªã�?1?n, �Ù�êl 330× 630 ü$�ê��, ,�|^|±�þÅ (Support vector machine, SVM) ·Ü)ûk���¯K�A:, éü���êâ��?1£O, �
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���£OÇ, y²
lã���£O�æ�{��15. ,	, �©�ïÄ
ëêé SNMF (J±9£OÇ�KǑ.

1 DÕ5�KÝ
©)Ú|±�þÅ
1.1 DÕ5�KÝ
©)�KÝ
©) (Non-negative matrix factoriza-

tion, NMF) ´ Lee Ú Seung u 1999 JÑ��«õCþ©Û�{, Ù��´�«Ý
©)ÚÝKEâ. ÙÄ��nXe: b�I�?n m � n ���êâ, §��±^Ý
 V
n×m

L«, TÝ
¥����Ñ´�K�, éÝ
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n×m

?1�5©), k
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n×m
≈ W

n×r
H

r×m
, Ù¥ W

n×r
¡ǑÄÝ
, Ǒ¡ǑAÆÝ
, H

r×m
ǑXêÝ
[2]. W , H þ���K. �K5��3¢S�ÔnXÚ¥k��¿Â,±ã�Ǒ~ (�ã 1), �©ã��±L«ǑAÆã� W ÚXêÝ
 H ��È. Ù¥ W �z���L��IO�AÆã�, W ��K5;�
ã���ǑKù«�²(Ôn¹Â�y�; XêÝ
 H��K5K;�
AÆã����~ù«3Ônþ�{)º��¹. ,	, éu¤k�ã�, AÆÝ
 W ´�^�, ã��m��O=Ny3�A�Xêþ, Ïd�±=�^Xê�þéã�?1LÆÚ£O, ���Y��ª£Oó�E,Ý��~�.

SNMF ´éXêÝ
 H V\DÕ5�å^�u�å5��«�KÝ
©)�{. ÚDÚ� NMF�{�', T�{U
��/uy½!�*�ÛÜAÆ, ¿�Ugd/��©)�Ý
�DÕÝ, äk�)Âñ�Ý¯!AÆÝ
ÚXêÝ
�'5��A:[3], Ï�a��² SNMF ©)��Xê�þ�©5�, Ïd�©À^d�{. 8, �KÝ
©)®A^3ã�?n!�Ñ£O��¡. Ù´3ã�?n�£O�¡®kØ�¤õ�A^Y~. X:ã�KÜ[4]!<ò£O[5]!ã�u¢���[6] �.

ã 1 NMF «¿ã
Fig. 1 The diagrams of NMF objects

1.2 |±�þÅ|±�þÅ´ÄuÚOÆSnØ��«#�ÆSÅì. �DÚÆSÅìX ²�ä'�, SVM äk±e`:: äk�j¢�nØÄ:; �{±(�ºx��z�KǑÑu:, 3yk��Ä:þ?1Ôö�L§¥Ò®²�Ä
3����þ�í2Uå;´Äu�����«ÆSÅì, �±3k���þ¼�Ú���·A����í2Uå�. Ï SVM3nØþÚ¢S�A^¥ÑNyÑ
�DÚÆSÅì���í2Uå (�zUå). C5, SVM 3Å��æ��ä+�Ǒ��
2��A^, ¿��
û���J. ~X: ^=Å���æ�ä[7−8]!,
'���"Ü���æ�ä[9] �. 3¢y�nþ,

SVM Äkæ^��5N�, ò��5�©���N����p���5�m (AÆ�m), ,�3d�m¥�E©a¡[10]. p�AÆ�m¥�$��=zǑ$�Ñ\�m¥�Ø¼ê$�, Ï SVM éÑ\êâ��êØ¯a, k�/)û
DÚ�{¡��êâ/J¯K. Äu SVM äk·Ü���ÆS!í2Uå�!éêâ�êØ¯a�`:, �©ÀJ
SVM �Ǒé��$1G��O��UÆSÅì[10] .

2 Äuã����$1G�£O�.Äuã����$1G�£O��.Xã 2 ¤«, ���©ǑXeA�Ú½: 1) l�NÅ���ØÓ$1G¹�ã�¥�ÅÀJ�Ü© (½�Ü) |¤��8 V , ¿é V A^ SNMF ?1?n, ��IOã�8 W ; 2) ò¤kã��IO��8ÝK, ��z�Ìã�éA�Xê�þ, ù
Xê�þ�Ó/¤ü�����8 H; 3) A^ H Ôö SVM; 4)éu���G�, òÙéA�ã��IO��8 WÝK, ��Xê�þ HHH
′, ,�ò HHH

′ x\Ôö��
SVM ¥, ¼�éG���½.3þã6§¥, AO´3 SNMF ?nL§¥,ØI��Äã�¥=
AÆáuéG�¯a�AÆ,ǑØI�²(z��AÆ�(�Ôn¹Â (X´Ä´�ª, ´$ª�´pª), ©)�{¬gÄ��z/�3ã�¤�¹�k^&E, l�±ò SNMF?n{ü/n)Ǒéã��ü�. ÏdT�{��;�
DÚ�æ�ä�{¥�AÆÀJJK.

3 ¢��y
3.1 ¢��{¢�æ^�êâǑ 6135 ÆhÅ 8 «G�e��Ä\�Ý&Ò[10] . ¢�3ÆhÅ�1 2 hþ?1, ÏL<ǑN�?ízÚÑíz�mY, ±93ü
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ízÅ�mYN�L�!mYN�L�!��î!�í� 7 «~��;.�æ (\þ�~ó�G�, � 8 «G�&Ò).éz�«G�, Eæ�¼� 38 �&Ò, ,�æ^
S C�!Wigner-Ville ©Ù!I/Ø©Ù� 13 «�ª©Û�{©O?n, �A�� 330 × 630 ���:��ªã� (�ªÝ
). �©éz�a�ªã�� 8 «G�æ^ã 2 ¤«��{?1?n, ±�y�©JÑ��{, ¿'�ØÓ�ª©Û�{é©a�J�KǑ. O�6§Xe: 1) é?¿�«�ª©Û�{, ÏLÝ
üö�, òz�Ì�ªÝ
d
330 × 630 �C/Ǒ 207 900 × 1 ���þ, ¿éÙ?18�z?n; 2) lz�aã�¥�ÅÄ� 3 Ìã�, |¤ SNMF ��8, Ù�êǑ 207 900 × 24;

3) é V ?1 SNMF ©), ¼�AÆÝ
 W , Ù�êǑ 207 900 × r, Ù¥ r L«AÆ�ê, Ù��KǑ SNMF ©)�(J9�Y�£O°Ý; 4) ò¤k
304 Ì�ªã��ÄÝ
 W ÝK, �� 304 �Xê�þHHH, Ù�êǑ r × 1, Kz�Ì�ªã��±^�A�Xê�þ HHH L«; 5) lz�a¥�ÅÀÑ
10 �HHH, � 80 �Xê�þ|¤Ôö��8ÜÔö
SVM. SVM �ëêæ^ 5 ��u��{(½. ��é�{� 224 �Xê�þ^Ôö�� SVM ?1©aÿÁ, ±£O�(Ç�Ǒ�Iµd�©�{�5U.

ã 2 Äuã����$1G�£O�.
Fig. 2 The model to reorganize running condition of

machines based on images

3.2 ¢�(J�u SNMF ©)¥�9õ�ëê, ¢�ÄkïÄ
 SNMF Ì�ëê, XAÆ�ê!DÕ5Ïf±9S�gê�é�ª£O�J�KǑ[11] , ,�3þãïÄ�Ä:þÀ^Ü·�ëê, é¤kz�«�ª©Û�{¤éA� 8 «ã�?1©a.

1) AÆ�ê�KǑÏLé 5 «�ª©Û�{æ^ØÓ�AÆ�ê?1 SNMF ©), ïÄ
AÆ�ê�KǑ, Ù¥
SNMF ©)�S�gêǑ 200, DÕ5ÏfǑ 0.2,(JXã 3 ¤«. dã 3 �±wÑ, ��¡, 3�Ó�AÆ�ê�, ØÓ��ª©Û�{éA�©aO(ÇØÓ, ù`²ØÓ�ª©Û�{é 8 «G��LÆUåØÓ; ,��¡, �AÆ�ê�� (r ≤ 4)�, 5 «�ªã�þØU¼�p�£OO(Ç, �AÆ�ê�u�½� (r ≥ 24) �, 5 «�ªã�Ñ¼�
�p�£OO(Ç. �Ï{ü©ÛXe: lª
(1) ��, AÆ�ê r ����N
^uL��©ã��AÆã��õ�. éuA½�êâ8, Ûõ3Ù¥�AÆ�m��ê´(½�, �AÆ�ê�À��¢S�AÆ�m��ê����, ���AÆ�m�Ä�k¿Â. �ÀJ�AÆ�ê�u¢S�AÆ�ê�, ���ÄØv±£ã���m, Ï�ÄÝK�Ü©&E¿�, ��£OÇü$. �k�ÀJ�AÆ�ê�u½�u¢S�AÆ�ê, âk�U��éAÆ�m���£ã, ��£OÇJp. ,L��AÆ�ê, Kk�U�\Lõ�P{&E½D(,��©aO(Çü$. dã 3�±wÑ,� r

ã 3 AÆ�êé£OÇ�KǑ
Fig. 3 The impact of characteristic dimension on

recognition accuracy
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= 4 �, ���Ä�þ��Øv±£ã���m, Ï3 5 «�ª©Û�{þ²þ£OÇ$; �X r �O�, £OÇk¤Jp, r = 24 �²þ£OÇ����, ,��X r �O\qk¤~�. �g¢�(J`², ¢SA^¥ÀJ��AÆ�ê'ÀJ��AÆ�êºx�.þãy��±lã 4¤«�RGKBD©Û�{��mål���/*	�. Ǒ
��/3ã/¥w«, éz�«G�, �lÝK��XêÝ
 H ¥ÀJ 10 ���, � 80 ���5O�§��p�m�ål. �¼���©a�J, KaSål (ã 4 �eÆ�mþÆ 10 × 10 ���fÝ
)AT�þ�,amå (ã 4 Ù� �) AT�þ�. dã 4 ��,3 r ≤ 4 �, �Ü©��amålÑ��, �aSål��Ø�, Ï�©5�; 3 r ≥ 24 �, 8 a��aSål²w�uamål, ���©5²wOr.

(a) r = 8

(b) r = 24ã 4 AÆ�êé��mål�KǑ
Fig. 4 The impact of characteristic dimension on

inter-distance of sample

2) DÕ5Ïf�S�gê�KǑDÕ5Ïf´3Ý
©)�L§¥��XêÝ
DÕ5���ëê, �©± IGRKBD�ªã�Ǒ~5ÿÁDÕ5Ïfé£OÇÚ SNMF ©)Ø�
(½ÂǑ ε = ‖V

n×m
− W

n×r
× H

r×m
‖2) �KǑ, AÆ�êǑ 24, S�gêǑ 200, (JXã 5 ¤«. �XDÕ5Ïf�O\, ���XêÝ
�5�DÕ.Ó�, dã 5 (a) ��, 8I¼ê�Ø�Ǒk¤O\, `²�XDÕ5Ïf�O\, é�©ã��&E��Ǒ�5��. �lã 5 (b) �£OÇ5w, £OÇ�DÕ5ÏfCz´��þà�, ǑÒ´��½���DÕ5ÏfÑØU¼���£OÇ. H Ý
DÕ5�L²éu?�Ì�ªã�, ë���AÆã�êþõ, Kk�UòÚ8Iã�Ø�'�AÆã�Ú\, l��ª�£OÇ�$. ù`²

(a) éØ��KǑ
(a) The impact of sparse variable on error

(b) é£OÇ�KǑ
(b) The impact of sparse variable on accuracyã 5 DÕ5ÏféØ�Ú£OÇ�KǑ

Fig. 5 The impact of sparse variable on

error and accuracy
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k^&E, ÏdA^
SNMF ��âêâ5ÀJÜ·�DÕ5Ïf�~'�. 3�g¢�¥, DÕ5Ïf� 0.2 ¼�
���£OO(Ç.ÏLO�, S�gê�O�é SNMF ©)Ø�±9�ª£O�J�KǑØ�²w, 3S�gêǑ
50 g±þ�, £OÇ¿Ø�XS�gê�O\O\, Ïd3A^¥·�À������S�gê½�ì£OÇCz�¹gÄª�O�Ñ´�1�.

3) 3¤k��þ�¢�(JÏLãïÄ, �ªÀ�AÆ�êǑ 24, S�gêǑ 200, DÕ5ÏfǑ 0.2, �ì1 3.1 !£ã�6§é 13 «ØÓ�ª�{����ªã�?1£O, ¿�©z [10] �(J?1'�. ©z [10] Äkòz�Ì�ªã�y©Ǒ 42 × 44 �Ó����f, éz���f¥m����²þ, ±d²þ����Ǒd������, lòã�l 630× 330 ü�� 42 × 44, ,�^VÇ ²�ä (Probabilistic

neural networks, PNN) éü����ªã�£O.�©�{Ú©z [10] �{�(Jé'Xã 6 ¤«.dã 6 �±wÑ, �©�{3 13 «�ªã�þ�£OÇÑpu©z [10],Ù´éu©z [10]£OÇ

ã 6 SNMF Ú PNN �£OÇ'�
Fig. 6 The comparison of accuracies of

SNMF and PNN

�$� RGKBD Ú IRGKBD �{, �©�{Ñ¼�
 97 % ±þ�£OÇ. ù`²�©�{3J�Û¹AÆ&E�¡, '{ü²þü��{k
é��Jp. ,	, �©�{3õ«�ª©Û�{þéÆhÅ 8 «G��£OÑ�� 100% �£OÇ, Ïdü$
�^¥é�ª©Û�{ÀJ���, k���Ï^5. éêâØ ��Jó, �©�{æ^ 24�AÆLÆ�Ì�ªã�, ©z [10] æ^
 924�AÆ, Ï�©�{éÆSÅì�ÔöÚÿÁO�þ²w~�.

4 (Ø
1) JÑ
Äuã�£O���$1G�£O�{, T�{�;�é¯aAÆ�ÀJÚJ�JK,¢�y¢
T�{��15; 2) �ÚïÄ
 SNMF¥��ëê�KǑ, (JL²��ëêÀJÜn,

SNMF U
3�3ã�k^&E�Je, éêâ?1�~k��ü�, X3�©¥ã�d 207 900 �Ø Ǒ 24 �, ��ü$
£O�E,Ý; 3) ¤JÑ��{�·^u�N��$1G���«ã�£O¥, ·�ò3��Å/!¶%;,!ªÌãþ?�Ú�yT�{.
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