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Abstract: Most clustering-based action segmentation methods mainly exploit the structure similarity information
between adjacent frames (points) in the sequence to improve the accuracy of action segmentation. These methods im-
prove the consistency of segmentation inside each action but introduce potential issues for accurately segmenting action
boundaries. Hence, this paper presents a novel action segmentation method based on multigraph fusion constraint semi-
nonnegative matrix factorization (MGSeNMF). In this method, the structural and measurement similarity information is
fused to build a multigraph fusion constraint term, which is fused to semi-NMF to obtain a low-dimensional representa-
tion. A k-nearest neighbor graph is also generated for the action sequences, realizing accurate segmentation using the
graph cut method. Experimental results on two kinds of real-action datasets show that MGSeNMF can accurately divide
the boundary of actions while maintaining consistent segmentation inside each action. Thus, the proposed method im-
proves the accuracy of segmentation and efficiency of running time significantly.
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Table 1 Characteristics of datasets

BAEE  FHIWE O FEE4EE ofERL EEIME
Weiz 701 324 10 ¥
Keck 1245 324 10 JC
UT-I 650 1024 6 pn
mo-1 954 42 4 H
mo-2 2192 42 8 H
mo-3 1760 42 7 H

R T AR ik s AR Bl OR, 5 TSC.
TLRSC. SC-NMF ., TW-FINCH %5 3: T 8 2 19 sh 1k
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R 4E 20 155 o U [0.001, 0.01, 0.1, 1,
10, 100, 1000], MGSeNMF % & ¢ U 76 il [1, 2,
3,4,5,6,8,10], k 5g#i[F . SC-NMF fgf (e 5
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AR BRI 45 A M o PR 38 BR R AR E
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Table 2 ACC comparison with different methods

B¥E%E TSC TLRSC SC-NMF TW-FINCH MGSeNMF

Weiz 0.7874 0.7789 0.8759 0.7660 0.9244
Keck 0.9044 0.8000 0.9173 0.7406 0.956 6
UT-I 0.8738 0.8277 0.9369 0.5800 0.9534
mo-1 0.6709 0.8899 0.9644 0.6583 0.9644
mo-2 0.8244 0.8166 0.9630 0.7865 0.9576
mo-3 0.7364 0.7432 0.9489 0.8051 0.9517

R 3 TEFEH NMIPERELL K
Table 3 NMI comparison with different methods

¥iEEE TSC TLRSC SC-NMF TW-FINCH MGSeNMF

Weiz 0.8303 0.8116 0.8769 0.8279 0.9468
Keck 0.8799 0.8689 0.8939 0.8231 0.9389
UT-I 0.8112 0.7255 0.8937 0.5057 0.9336
mo-1 0.6515 0.6822 0.8693 0.6021 0.8733
mo-2 0.8007 0.7107 0.9119 0.7498 0.9021
mo-3 07561 0.6757 0.8698  0.7465 0.8786
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Fig. 5 The action segmentation yielded on mo-2
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Fig. 6 The action segmentation yielded on mo-3
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Weiz 0.8683 1.3697 5.6972  0.4058 2.4358
Keck 1.6168 4.8103 243205 0.4389 5.1995
UT-I 0.8986 1.0194 52796 0.7519 2.7492
mo-1 1.1796 1.7360 10.5217  0.3990 2.9585
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