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Fig. 3 Temporal self—attention mechanism based feature extraction network
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Table 3 Ablation experiments
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Table 4 Classification accuracy table of feature
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Other crops 67.96 65.15 70.56
Water 88.95 88.25 91.78
0A 92.56 92.59 92.98
mloU 79.35 79.28 80.60
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Fig. 9  Small-sample categories classification result in local area
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Table 5 Classification accuracy table for

ablation experiments

1%
25 Basic  DimUp  Flatten  Transformer

Urban Areas 89.13 92.42 91.83 92.91
Other built-up surfaces 5636 65.28 65.38 78.00
Forests 89.24  90.88 89.49 91.87
Sparse Vegetation 86.9 92.90 91.98 95.53
Rocks and bare soil ~ 91.79 96.47 94.73 96.57
Grassland 73.91 87.93 83.04 91.00
Sugarcane crops 88.2 93.16 92.43 95.24
Other crops 7.79 58.44 30.95 70.56
Water 79.7 87.35 82.15 91.78
0A 85.93 91.12 89.50 92.98
mloU 6292 7594 70.89 80.60
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Abstract: With the rapid development of remote sensing technology, the continuous accumulation of remote sensing time series data
provides an important data support for studying land cover classification. Extracting classificational discriminative features from remote
sensing time series data by using deep learning methods has become a hot research topic. Deep learning methods require a large number of
training data, but sample imbalance prevents the commonly used recurrent and convolutional networks from achieving high accuracies in
categories that have a small number of samples. To address this problem, this paper introduces the self-attention mechanism originating from
the field of natural language processing to the classification of multispectral remote sensing time series data with the aim of extracting deep
temporal features at a global scale. This mechanism differs from recurrent networks, which extract temporal features by using the previous
time information along the temporal dimension, and from convolutional networks, which extract temporal features at the local time
neighborhood.

We construct a new feature extraction network based on the transformer encoder, which initially employs the self-attention mechanism
in natural language processing, and then compare this neatwork with the long- and short-term-memory-based feature extraction network and
temporal-convolution-neural-network-based feature extraction network to evaluate the effectiveness of the self-attention-based method in
improving the classification accuracy of small-sample categories. To achieve a fair comparison, we adopt a generic classification framework
consisting of data input, feature extraction network, classifier, and classification output, and we use different models with various
hyperparameters as feature extraction networks. We then evaluate the classification performance of different methods on the TiSeLaC public
multispectral remote sensing time series dataset by using per-class accuracy, overall accuracy (OA), and mean intersection over union
(mloU) as metrics.

To obtain a proper measure of different methods, we choose the top three mloU hyperparameter settings for each model and then
calculate the average metrics as the final result. Results show that the self-attention-based network outperforms both the recurrent and
convolutional networks. This network achieves a 92.98% OA and 80.60% mloU, which are 1.25% and 1.32% higher than those achieved by
the recurrent and convolutional networks, respectively. In terms of per-class accuracy, while the self-attention-based network achieves
equivalent accuracies with differences of less than 0.74% in the large-sample categories compared with the recurrent and convolutional
networks, the proposed network can significantly improve classification accuracies in small-sample categories by large margins ranging
from 2.47% to 5.41%.

This paper introduces the self-attention mechanism to the classification of multispectral remote sensing time series data to address the
problem of low classification accuracy in small-sample categories caused by sample imbalance. We construct a new temporal feature
extraction network based on the self-attention mechanism to globally extract temporal features from time series and design a set of objective
comparison experiments. Experiment results show that by globally extracting temporal features from time series, instead of using previous
time information (as in the case of recurrent networks) and focusing on the local time neighborhood (as in the case of convolutional
networks), the self-attention-based network achieves the same accuracy in majority-sample categories and effectively improves the accuracy
in small-sample categories. Therefore, the self-attention-based network can play an important role in the future classification of remote
sensing time series, and further research on this network is critical.

Key words: self-attention mechanism, deep learning, remote sensing time series, land cover classification, imbalance of samples
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