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Time Series Imputation Based on,Self-Aftention Mechanism
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(College of Computer Science, Hangzhou Diafizi University, Hangzhou 310000, Zhejiang, China)

[Abstract] As core data for maritime traffic, shipfrajectory data can be used for trajectory prediction, early
warning, and other tasks with pronounced temporal.characteristics. However, owing to factors such as harsh
marine environments and poor communication reliability, missing ship trajectory data is a common problem.
Learning from time series containing missing data can affect the accuracy of time series analysis significantly. The
current mainstream solution is to approximate the imputation of missing data, mainly based on convolutional
models, to reshape the time series‘alongia timeline to capture its local features of the time series. However, the
ability to capture the global fedtures of long time series is limited. The Transformer enhances the ability of a model
to capture the global featurés,of a time series by capturing the relationships between various time points in the time
series through its core <self-attention mechanism. However, because its attention is calculated through matrix
multiplication, it ignores the temporal nature of the time series, and the obtained global feature weights do not have
a time span dependency. Therefore, to address the issue of capturing global features in long time series, this study
proposes the GANet, a variant network based on the self-attention mechanism. GANet first obtains the basic
global feature weight matrix from the time series points through the self-attention mechanism and then uses gated
recurrent units to forget and update this global feature weight matrix on the timeline, thereby obtaining a global
feature weight matrix with time span dependency, which is then used for data reconstruction to impute the missing
data. GANet combines the self-attention mechanism and gating mechanism to capture global features while
considering the impact of the time span on different time points, making the captured global feature time span
dependent. Experimental results show that compared with existing models, such as Autoformer and Informer,
GANet achieves better interpolation performance on Trajectory, ETT, and Electricity datasets.
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Table 2 Mean errors of imputation results among GANet and benchmark models
R} Ei=Yn ETTml ETTm2 ETThl ETTh2 Electricity Weather
MSE 0. 120 0. 208 0. 202 0. 367 0.214 0. 076
ETSformer
MAE 0. 253 0. 327 0. 329 0. 436 0. 339 0.171
MSE 0. 062 0. 101 0.117 0.163 0. 130 0.099
FEDformer
MAE 0.178 0. 215 0. 246 0.279 0. 259 0. 203
Non-stationary MSE 0. 036 0. 026 0. 094 0. 053 0. 100 0.032
Transformers MAE 0.126 0.099 0. 201 0.152 0.218 0. 059
MSE 0. 051 0. 029 0. 103 0. 055 0. 101 0. 031
Autoformer
MAE 0. 151 0. 105 0.214 0. 156 0. 225 0. 057
MSE 0.717 0. 465 0. 842 1.079 0. 297 0. 152
Pyraformer
MAE 0. 570 0. 508 0. 682 0.792 0. 382 0. 235
MSE 0. 071 0. 156 0.161 0. 337 0.222 0. 045
Informer
MAE 0. 188 0.292 0.279 0. 452 0. 328 0. 104
MSE 0. 050 0.119 0.219 0. 186 0.175 0. 039
LogTrans
MAE 0. 154 0. 246 0. 332 0. 318 0. 303 0. 076
MSE 0. 055 0. 157 0.122 0.234 0. 200 0.038
Reformer
MAE 0. 166 0. 280 04245 0. 352 0. 313 0. 087
MSE 0. 989 1. 027 1. 225 2.039 0. 277 0. 365
LSTM
MAE 0. 786 0. 800 0. 873 1.114 0. 365 0. 434
MSE 0.516 0. 266 0. 621 0.431 0. 582 0.183
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MAE 0. 497 00407 0.571 0.503 0. 597 0. 291
LSS MSE 0.113 0.175 0. 424 0. 495 0. 222 0. 045
MAE 0. 243 0. 324 0. 481 0.475 0. 293 0. 108
MSE 0. 034 0. 025 0. 084 0. 053 0. 095 0. 035
GANet
MAE 0.123 0. 098 0.193 0. 154 0.212 0. 065
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