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[ Abstract] Traditional time series classification methods haye problems such as insufficient mining of mouse trajectory
features, unbalanced data, and few labeled samples, resulting’ in poor recognition results. Combining feature group
hierarchy and semi-supervised learning, this paper proposes a mouse track recognition method. In this method,
hierarchical mouse trajectory feature groups are“comstructed from different perspectives.Then based on the idea of semi-
supervised learning, multiple random forest models are used to pseudo-label unlabeled samples, and some samples with
consistent label predictions and high confidence are added to the training set.Based on the basic feature set and auxiliary
feature set, the random forest model is trained on the expanded training set to realize the human-machine recognition of
the mouse trajectory. The experimental“results show that this method can effectively identify the mouse track, and its
precision, recall rate and harmenic mean values reach 97.83%,94.72% and 96.56% , respectively.
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Fig.1 Horizontal moving speed'of human trajectory and machine trajectory
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Fig.2 Horizontal movement offset of human trajectory and machine trajectory
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Fig.3 Regression phenomenon of human trajectory and machine trajectory
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Fig.6 Effect of parameters N and 6 on recognition
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Table 2 Analysis results of hierarchical effectiveness

of feature group %
Jiik K% P AEHER MBI F,
AGIAREA 57 2 91.43 83.45 88.06
SIAEAE A 5 2 97.83 94.72 96.56
5.3.2  JiikisAvErE g b

RIG T S ENAEA FHUE T A7 %k /)1
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Table3 Effect of the number of classifiers on the

running time of the proposed method S
VeSS I ZRFE ] ARG
2 33.51 1732
3 49.85 17.91
4 65.89 18.54
5 80.68 19.45
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Table 4 Performance comparison of three mouse

trajectory recognition methods %

I LB HEFER WRIBE F,
SCHR[11]07 8 89.51 82.35 86.50
SCHR[12]07 B 91.73 78.13 85.76
ARy vk 97.83 94.72 96.56
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