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Abstract

With the rapid advancement of industrial Internet of things and digital technologies, time-series
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data has become increasingly critical in fields such as intelligent manufacturing, equipment monitor-
ing, and robotic control. However, the high-dimensionality and complexity of such data present sig-
nificant challenges for classification tasks. Traditional time-series classification methods typically fo-
cus on single extraction of global or local features, thereby easily overlooking the synergistic effects
among multi-dimensional features. To address this, this paper employs Shapelet-based key subse-
quence extraction, integrates the Particle Swarm Optimization (PSO) algorithm for feature selection
on generated candidate features, and further introduces frequency-domain features to enhance the
model’s classification capability. Experimental evaluations were conducted on the SonyAIBORobotSur-
facel and SonyAIBORobotSurface2 datasets. The results demonstrate that the frequency-domain fu-
sion method based on Shapelet and PSO feature selection (SP-FD) achieves classification accuracies
exceeding 90%, verifying the model’s effectiveness and significantly outperforming five other bench-
mark models.
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Figure 1. The general architecture of the SP-FD framework. Among them, where the time series candidate set to the fully
connected layer classification model training undergoes a feature transformation.
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Figure 2. Specific structure of the FCN net-
work
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Table 1. Parameter settings for data set correspondence

F 1. BEEMNNSHRE

Parameter name SonyAIBORobotSurfacel Sony AIBORobotSurface2
nb_epochs 900 1000
learning rate 0.01 0.01

batch size 32 32

swarmsize 20 20
maxiter 5 5
minstep le—8 le—8
minfunc le—8 le—8

3.3. KBS

W 2 pio, JATTHD SP-FD AR (M BE A0 T AR R, EL kR 3 A2 1 D it 2 13X 3] 17 90% A L.
HAKKAE, 7F SonyAIBORobotSurfacel $#i4E I, SP-FD iR IREHIF N 0.975, Rk F AL M A 1E
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Table 2. Results of SP-FD and comparison methods on the dataset
%% 2. SP-FD SRS Ht LB A HIEE LHER

Dataset INN-DTW DTW-F  catch22 FS TSC-TF SP-FD
HER R KEE fHEER Fl
SonyAIBORobotSurfacel ~ 0.725 0.74 0.883 0.686 0.955 0978 0975 0980 0.977
SonyAIBORobotSurface2  0.831 0.856 0.902 0.79 0.878 0.937 0.935 0940 0.937

7E SonyAIBORobotSurface2 Z#i 4 I, SP-FD B FEAERILH 4, FEHH2K 0.935. HIFIZ 0.940 5 F1
18 0.937, SWFebsEUE B, #— B uEWA g e M S St

[FJ B 9 T BIE SP-FD J7iE U, JRATEX PN EE 58 B T INGRi e . anlsl 3 fos, 1E
WETTFIE 2 Ja, SP-FD FEAIPOHEICSBIAR & . XKW T 531 — BT R, 88 1AL A Rk
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Figure 3. Changes in training loss of the dataset with the number of training rounds
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WA R T B A EEAEA, X e s I I SRR TV e R . B R R 3 PR,
Hrh SP-FD/F J7i5 N ERr T AUSUHHE G AL, YR RS 1ESS, SonyAIBORobotSurfacel ##fi4E I
(IUERF M 97.8% K %% 95.5%, SonyAIBORobotSurface2 8 i AERT R I M 93.7% FB&F] 91.5%.

Table 3. Ablation results of SP-FD
%2 3. SP-FD HUjHRHLE R

Dataset SP-FD SP-FD/F
SonyAIBORobotSurfacel 0.978 0.955
Sony AIBORobotSurface2 0.937 0.915

DOI: 10.12677/airr.2025.144096 1022 PNER ST IR YN


https://doi.org/10.12677/airr.2025.144096

Al

4. BE

TEASCH, FAWEH T —F3E T Shapelet F1 PSO FHAEIEHRE, HRlG SUISRRIE 1) 2 ARSI 8] 7 51) 732
BrJ75(SP-FD),  JFR N T HL A N AR S 0 B TR AT 2% o 107 kol i DI 8] 471 v 4 B SG B )
Shapelet {5i% 1 741, KA PSO HEX X L FpAEBEAT A I #5845 G PRI LASE e 73 2K 1t B
SEIGAE LR, SP-FD J775:7E SonyAIBORobotSurfacel I SonyAIBORobotSurface2 IX 5 /™% 8% % 4 [ K
MEEHEEE b, LT 5 Ml dedb R4 075, FHFED FES DRI sk vERE . Ak, WRESEEIEY] 1
ARUBURFAE . Shapelet fEIERHEIEFRIA A RN, HE—BI0UE T ZINVEENL A AR S EERE B0 N H
o A, TAVRIE—BP e SP-FD Jrik, ST HAG T 2 W 75 R 5 A% IR S Ui 11 SEBr 1 55

SE

[1] Singh Chadha, G., Krishnamoorthy, M. and Schwung, A. (2019) Time Series Based Fault Detection in Industrial Pro-
cesses Using Convolutional Neural Networks. IECON 2019-45th Annual Conference of the IEEE Industrial Electronics So-
ciety, Lisbon, 14-17 October 2019, 173-178. https://doi.org/10.1109/iecon.2019.8926924

[2] Ali Nemer, M., Azar, J., Demerjian, J., Makhoul, A. and Bourgeois, J. (2022) A Review of Research on Industrial Time
Series Classification for Machinery Based on Deep Learning. 2022 4th IEEE Middle East and North Africa COMMunica-
tions Conference (MENACOMM), Amman, 6-8 December 2022, 89-94.
https://doi.org/10.1109/menacomm57252.2022.9998277

[3] Coelho, D., Costa, D., Rocha, E.M., Almeida, D. and Santos, J.P. (2022) Predictive Maintenance on Sensorized Stamping
Presses by Time Series Segmentation, Anomaly Detection, and Classification Algorithms. Procedia Computer Science,
200, 1184-1193. https://doi.org/10.1016/j.procs.2022.01.318

[4] Ui, C., Du, M., Hu, Y., Liu, S., Pan, L. and Zheng, X. (2022) Time Series Classification Based on Temporal Features.
Applied Soft Computing, 128, Article ID: 109494. https://doi.org/10.1016/j.as0¢.2022.109494

[5] Ye, L. and Keogh, E. (2009) Time Series Shapelets: A New Primitive for Data Mining. In: Proceedings of the 15th ACM
SIGKDD International Conference on Knowledge Discovery and Data Mining, Association for Computing Machinery,
947-956. https://doi.org/10.1145/1557019.1557122

[6] Fulcher, B.D. and Jones, N.S. (2014) Highly Comparative Feature-Based Time-Series Classification. IEEE Transactions
on Knowledge and Data Engineering, 26, 3026-3037. https://doi.org/10.1109/tkde.2014.2316504

[7] Ismail Fawaz, H., Forestier, G., Weber, J., Idoumghar, L. and Muller, P. (2019) Deep Learning for Time Series Classification:
A Review. Data Mining and Knowledge Discovery, 33, 917-963.
https://doi.org/10.1007/s10618-019-00619-1

[8] i, C., Zhao, C., Liu, S., Yang, C., Pan, L., Wu, L., et al. (2019) A Fast Shapelet Selection Algorithm for Time Series
Classification. Computer Networks, 148, 231-240. https://doi.org/10.1016/j.comnet.2018.11.031

[91 Yang, J., Jing, S. and Huang, G. (2022) Accurate and Fast Time Series Classification Based on Compressed Random
Shapelet Forest. Applied Intelligence, 53, 5240-5258. https://doi.org/10.1007/s10489-022-03852-2

[10] Li, C, Wan, Y., Zhang, W. and Li, H. (2022) A Two-Phase Filtering of Discriminative Shapelets Learning for Time
Series Classification. Applied Intelligence, 53, 13815-13833. https://doi.org/10.1007/s10489-022-04043-9

[11] Chen,J. and Wan, Y. (2023) Localized Shapelets Selection for Interpretable Time Series Classification. Applied Intelligence,
53, 17985-18001. https://doi.org/10.1007/s10489-022-04422-2

[12] Jing, S. and Yang, J. (2024) Method of Shapelet Discovery for Time Series Ordinal Classification. Soft Computing, 28,
11685-11701.

[13] Zhang, W., Zhang, H., Zhao, Z., Tang, P. and Zhang, Z. (2023) Attention to both Global and Local Features: A Novel
Temporal Encoder for Satellite Image Time Series Classification. Remote Sensing, 15, Article No. 618.
https://doi.org/10.3390/rs15030618

[14] Zhang, H., Zhang, Y., Zhang, Z., Wen, Q. and Wang, L. (2024) LogoRA: Local-Global Representation Alignment for
Robust Time Series Classification. I[EEE Transactions on Knowledge and Data Engineering, 36, 8718-8729.
https://doi.org/10.1109/tkde.2024.3459908

[15] Kenji Iwana, B. and Uchida, S. (2020) Time Series Classification Using Local Distance-Based Features in Multi-Modal
Fusion Networks. Pattern Recognition, 97, Article ID: 107024. https://doi.org/10.1016/j.patcog.2019.107024

[16] Xue, B., Zhang, M. and Browne, W.N. (2014) Particle Swarm Optimisation for Feature Selection in Classification: Novel
Initialisation and Updating Mechanisms. Applied Soft Computing, 18, 261-276.

DOI: 10.12677/airr.2025.144096 1023 PNER ST IR YN


https://doi.org/10.12677/airr.2025.144096
https://doi.org/10.1109/iecon.2019.8926924
https://doi.org/10.1109/menacomm57252.2022.9998277
https://doi.org/10.1016/j.procs.2022.01.318
https://doi.org/10.1016/j.asoc.2022.109494
https://doi.org/10.1145/1557019.1557122
https://doi.org/10.1109/tkde.2014.2316504
https://doi.org/10.1007/s10618-019-00619-1
https://doi.org/10.1016/j.comnet.2018.11.031
https://doi.org/10.1007/s10489-022-03852-2
https://doi.org/10.1007/s10489-022-04043-9
https://doi.org/10.1007/s10489-022-04422-2
https://doi.org/10.3390/rs15030618
https://doi.org/10.1109/tkde.2024.3459908
https://doi.org/10.1016/j.patcog.2019.107024

FYEE

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

https://doi.org/10.1016/j.as0¢.2013.09.018
Akan, A. and Karabiber Cura, O. (2021) Time-Frequency Signal Processing: Today and Future. Digital Signal Pro-
cessing, 119, Article ID: 103216. https://doi.org/10.1016/j.dsp.2021.103216

Long, J., Shelhamer, E. and Darrell, T. (2015) Fully Convolutional Networks for Semantic Segmentation. 2015 /EEE
Conference on Computer Vision and Pattern Recognition (CVPR), Boston, 7-12 June 2015, 3431-3440.
https://doi.org/10.1109/cvpr.2015.7298965

Chung, F., Fu, T.,Ng, V. and Luk, R.-W.P. (2004) An Evolutionary Approach to Pattern-Based Time Series Segmentation.
IEEE Transactions on Evolutionary Computation, 8, 471-489. https://doi.org/10.1109/tevc.2004.832863

Dau, H.A., Keogh, E., Kamgar, K., ef al. (2018) The UCR Time Series Classification Archive.

Bagnall, A., Lines, J., Bostrom, A., Large, J. and Keogh, E. (2016) The Great Time Series Classification Bake off: A Review

and Experimental Evaluation of Recent Algorithmic Advances. Data Mining and Knowledge Discovery, 31, 606-660.
https://doi.org/10.1007/s10618-016-0483-9

Ismail Fawaz, H., Forestier, G., Weber, J., Idoumghar, L. and Muller, P. (2019) Deep Learning for Time Series Classifica-
tion: A Review. Data Mining and Knowledge Discovery, 33, 917-963. https://doi.org/10.1007/s10618-019-00619-1

Kate, R.J. (2015) Using Dynamic Time Warping Distances as Features for Improved Time Series Classification. Data
Mining and Knowledge Discovery, 30, 283-312. https://doi.org/10.1007/s10618-015-0418-x

Lubba, C.H., Sethi, S.S., Knaute, P., Schultz, S.R., Fulcher, B.D. and Jones, N.S. (2019) Catch22: Canonical Time-Series
Characteristics. Data Mining and Knowledge Discovery, 33, 1821-1852. https://doi.org/10.1007/s10618-019-00647-x

DOI: 10.12677/airr.2025.144096 1024 NTHE

ASHIRE YNk

D)-
>


https://doi.org/10.12677/airr.2025.144096
https://doi.org/10.1016/j.asoc.2013.09.018
https://doi.org/10.1016/j.dsp.2021.103216
https://doi.org/10.1109/cvpr.2015.7298965
https://doi.org/10.1109/tevc.2004.832863
https://doi.org/10.1007/s10618-016-0483-9
https://doi.org/10.1007/s10618-019-00619-1
https://doi.org/10.1007/s10618-015-0418-x
https://doi.org/10.1007/s10618-019-00647-x

	时间序列分类在机器人传感器路面检测中的应用：Shapelet、PSO特征选择与频域融合
	摘  要
	关键词
	Time Series Classification for Robotic Sensor Pavement Detection: Shapelet, PSO Feature Selection, and Frequency Domain Fusion
	Abstract
	Keywords
	1. 引言
	2. 方法
	2.1. SP-FD整体框架
	2.2. 特殊Shapelet候选生成
	2.3. 特征变换与粒子群优化算法特征选择
	2.4. 频域特征融合及分类

	3. 实验结果分析
	3.1. 数据集介绍
	3.2. 基线和实验设置
	3.3. 实验分析

	4. 总结
	参考文献

