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Time series clustering based on Gaussian-weighted dynamic time warping

Huang Shenghao Huang Wende

(College of Computer and Electronic Information, Guangxi University, Nanning 530004, China)

Abstract: To address the limitations of dynamic time warping and its conventional weighted variants—namely,
insufficient sensitivity to critical time periods and suboptimal weight allocation mechanisms—in the context of urban
traffic state time-series measurement, this paper proposes an enhanced DTW method based on Gaussian function
weighting, termed Gaussian-weighted DTW, to improve the discriminative accuracy of trajectory similarity
measurement. The proposed approach constructs a time-dependent multi-peak Gaussian weighting function that
integrates the quasi-Gaussian distribution characteristics of urban traffic flow and prior knowledge of peak-hour patterns
into the sequence alignment process, thereby nonlinearly amplifying the contribution of peak traffic periods in distance
computation. Experiments are conducted using taxi GPS trajectory data from Chengdu. from which hourly origin-count
time series are constructed on a spatial grid basis. Coupled with the K-Medoids clustering algorithm, the performance
of GS-WDTW is quantitatively evaluated against DTW and WDTW using the silhouette score and Calinski-Harabasz
index. Results show that, at the optimal cluster number K = 4, GS-WDTW achieves a 39.9% and 13.1%
improvement over DTW, and a 41. 1% and 13. 0% improvement over WDTW, in terms of SS and CHI, respectively,
demonstrating significantly enhanced capability in identifying spatiotemporal characteristics of travel patterns. Spatial
analysis further confirms a high degree of consistency between the clustering results and the actual urban functional
zone distribution. The GS-WDTW method thus enables more precise capture of critical nonlinear features in time-series
data, offering a valuable reference for state perception, resource optimization, and functional zone identification in
intelligent transportation systems.
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Table 1 GPS trajectory data format of taxis
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Fig. 2 Temporal trend of average passenger volume
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varying numbers of clusters
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Table 2 Quantitative results of silhouette coefficients for

various algorithms under different numbers of clusters

K DIW  WDTW G5 WDTW

o =1 o =2 c =3
2 0.584  0.580  0.589  0.589  0.589
3 0.493  0.494  0.516  0.515  0.496
4 0.353  0.350  0.494  0.456  0.409
5 0.363  0.366  0.365  0.364  0.363
6 0.332  0.349  0.372  0.340  0.343
7 0.267  0.297  0.275  0.322  0.352
8  0.269  0.270  0.269  0.264  0.265
9 0.275  0.272  0.270  0.257  0.266
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Table 3 Quantitative results of Calinski-Harabasz index for

various algorithms under different numbers of clusters
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218.485 343.435 337.313 346.199 338.434
300.134 305.142 312.406 298.147 298.162
277.859 311.590 319.822 304.404 303.722
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Table 4 POI enrichment indices across different land parcels

POIZE4] 1-1 14 2-2 2-3 32 33 41 43

B 1.11 0.94 0.89 0.94 0.89 1.18 1.01 1.14
AT 0.54 1.03 1.26 1.19 1.20 1.06 0.84 1.03
A 1.24 1.25 0.95 0.88 0.81 0.81 1.02 0.79
B# ik 1.06 0.96 1.29 1.00 0.98 1.03 1.06 0.81
BW&EE 1,29 0.89 1.10 1.04 0.78 0.83 1.06 0.92
AR 1,14 1.05 0.75 0.93 0.96 0.86 1.06 1.00
BfF 0.95 0.89 0.80 1.10 1.19 0.66 1.12 0.88
5 0.49 0.71 1.98 1.08 1.84 1.29 1.08 0.69
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