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Problems & Ideas

* The overfitting problem of the time series classification model:
— The existing method mixes the global region with similar characteristics,
making introducing abnormal features easy.

— Mixing the region without the quantitative indicator can quickly
generate abnormal samples, which mislead classification decisions.

* Ideas: An augmentation method that mixes two local segments
with similar features from within the same class of time series,
thereby improving sample diversity while minimizing the risk
of introducing abnormal features

2) Dynamic selecting matched segment
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Augmented time series 4

1) Similarity-based local region matching
One-to-one path element
The overall pipeline performs time series augmentation from two original time series to augmented time series. The core
steps are as follows: 1) Similarity-based local region matching. 2) Dynamic selecting matched segment. 3) Mixing matched

Selectable matched segments

segment.



e Contributions:

Main Contributions

— We propose a local region mixing method based on intra-class
similarity, which is the first to take the local similarity into time series
augmentation;

— The proposed mixing strategy can perform better on the non-equal
length segments of time series, overcoming the information loss and
noise introduction defects;

— Comprehensive experiments show that ISM can achieve superior
performance and better interpretability than state-of-the-art methods.

Table 1 Classification performance (Mean Acc.%). F and R rep-

resent the backbones of the FCN and ResNet, respectively.

Table 2 The time consumption (Minute) on the typical datasets.

None DTWmerge wDBA DGW(sD) ISM

Dataset

Method WordS. FordA Mullul|Avcrugc
IF R IF R F R F R F R
None 2.1 9.2 3.8 5.0
Wine 58.7 74.0 81.5 77.8 84.0 926 73.2 88.1 88.9 949 wDBA ; 1819.0 12542.5 2781.2| 5714.2
Car 90.5 92.5 67.5 783 90.7 927 92.3 938 95.0 953 DGWGD) T | 1052 969.6 204.0 | 4263
DistalPT.  69.0 66.5 69.8 684 734 693 720 69.0 763 71.9 ISM 61.1 4679 131.8 | 2202
Lightning7 82.7 84.5 788 80.8 89.7 86.5 83.6 849 899 89.0
Yoga 827 87.0 714 827 79.0 874 81.8 88.0 88.2 89.1 None 372 1205 56.5 71.4
WormsTC. 62.5 747 792 792 80.1 764 804 80.3 83.1 87.8 WDBA b Net| 18326 125302 2786.8 | 5716.5
WordS. 46.4 522 375 520 474 540 49.1 574 514 60.7 DGW(sD) 121.1 9354 221.6 | 4260
Computers  72.6 81.5 80.6 79.6 840 724 71.6 840 86.4 86.6 ISM 623 478.6 1342 | 225.0
Mallat 96.7 96.6 75.8 91.6 948 924 957 946 989 97.6
FordA 90.4 934 903 931 90.0 935 87.1 928 91.6 94.7
Average 75.2 803 732 784 813 81.7 78.7 833 85.0 86.8

Performance comparison of ISM with state-of-the-art methods on typical datasets. Left: Accuracy and standard error using

the FCN and ResNet architecture; Right: The time consumption (Minute).



