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information in intelligent vehicle-infrastructure cooperative systems (i-VICS)., a credibility
discrimination approach for traffic information based on the traffic business features was
proposed. In particular, the model for the car-following behavior recognition and the information
credibility discrimination was built based on the support vector machine (SVM) and long short-
term memory (LSTM) neural network. It was composed of the SVM-based car-following
behavior recognition model and the LSTM neural network-based car-following speed prediction
model. The feature vector representing the vehicle driving states was set, and the vehicle driving
states were divided into the following and non-following by the SVM-based car-following behavior
recognition model. For following vehicles, their speeds were predicted by the LSTM neural
network-based car-following speed prediction model according to the history data. With the SVM-
LLSTM-based information credibility discrimination model, the credibility of vehicle data was
judged by checking whether the difference between the predicted speed and the actual speed of the
following vehicles was within the reasonable range., and in this way. the information credibility
discrimination was achieved. The public dataset was employed to train and test the proposed
models, and several abnormal test datasets of various abnormity types and abnormity amplitude
were built to verify the SVM-LSTM neural network-based model for the car-following behavior
recognition and the information credibility discrimination. Research results show that the vehicle
driving behavior recognition accuracy of the SVM-based car-following behavior recognition model
is up to 99%, and the predicted car-following speed precision with an order of magnitude of cm * s
can be achieved by the LSTM neural network-based car-following speed prediction model. The
discrimination accuracy of the SVM-LSTM neural network-based model for the car-following
behavior recognition and information credibility discrimination is up to 97% on the normal test
datasets and multiple abnormal test datasets. Thus, the proposed approach can be applied for the
real-time information credibility discriminations of road side units (RSUs) to on-board units
(OBUs) and between OBUs. 8 tabs, 9 figs, 30 refs.
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Fig. 1 Sketch of vehicle driving scenario and related parameters
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Table 3 Confusion matrix of SVM binary classifier on testing set
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Table 4 Parameters of LSTM neural network structure and training
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Table 6 Classification of testing dataset

Table 5 Indices for model evaluation
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Table 7 Confusion matrix of vehicle driving state

recognition results in starting module
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Table 8 Discrimination results of abnormal data in

credibility discrimination module
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Fig. 9 Discrimination results for vehicle No. 100
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