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Abstract

Features of nature possessed by data determine its special state distribution interval, and the study
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of the spatio-temporal states and nature features of data is of great significance for research such as
intelligent computing and data mining. The concept of data transfer state describes the probability
of something transforming from one state to another in a specific situation, and it can well reflect the
coordination ratio between different states of data. Although current research has focused on the
determination of the nature of things using visual intuitive data, there has been little discussion on
classifying the nature of things by data transfer states. In this work, we consider data transfer states
for determining the nature of things in classification work, in addition, an attentional spa-
tio-temporal model (attentional spatio-temporal feature network, AttSTFN) is introduced in this
work. AttSTFN consists of three main modules, which are spatial feature extraction module, tempor-
al convolutional layer and spatial attentional pooling mechanism. The model has been evaluated on
a real dataset and compared with some typical models. The experimental results show that AttSTFN
can well reflect the spatio-temporal information and classify the nature of the data with high accu-
racy judgment.
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Figure 1. The structure of AttSTFN consists of three main components: a spatial feature extraction module; a temporal con-
volutional layer for computing time-dependent features; and a spatial attentional pooling mechanism for highlighting spatial
features at the origin or destination
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Figure 2. The structure of temporal convolutional layer
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Figure 3. Multi-layer residual structure
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Figure 4. Spatial attentional pooling mechanism
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Table 1. The average accuracy profile of AttSTFN in predicting the origin and destination when we use the approximate
normalized area and the exact area
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Figure 5. ROC curves of different models for the same category case. Where (a) and (b) are the predictions of different
models for the origin and destination in the two-category work, respectively; (c) and (d) are the predictions of different mod-
els for the origin and destination in the four-category work, respectively; “BASE” denotes the curve of the random classifier;
“ED” denotes Encoder-Decoder. If the ROC curve is lower than the diagonal, it means that the classifier is less effective than
the random classifier. On the contrary, the effect is better than the random classifier
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