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Abstract

Road congestion has always existed due to the increasing number of vehicles, and traffic flow fo-
recasting in time and accurately is still the focus of research. Because traffic flow data is huge and
complex, this study uses the KNN algorithm to select the data, select data with higher correlation
with the target monitoring point, and enter it into the CNN-GRU-ATT model. Perform predictions.
The CNN layer extracts feature in the model, the GRU layer describes time trends, and the ATT
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layer achieves attention to key information. The experiment found that compared with other base-
line models, the model has higher accuracy, and MAPE has reduced up to 28.33%; compared with
the KNN algorithm, the model fitting superiority has improved, reaching 97.79%.
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Figure 1. Model process and parameter chart
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Figure 2. Different K values corresponding to loss values
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Figure 3. All monitoring points one day data distribution map
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Figure 4. Analysis of the correlation point of all moni-
toring points and target monitoring points
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Table 1. Evaluation indicators corresponding to different K values
= 1. N[E K BTN TR

K& R? RMSE MAE MAPE
K=5 0.9773 60.4967 40.2288 0.0898
K=6 0.9779 59.7029 40.0641 0.0886
K=9 0.9777 59.9726 40.2436 0.0919

Table 2. Monitoring point combination corresponding to different K values
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Figure 5. Fitting renderings of each model
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Figure 6. The fitting renderings of each model one day
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Table 3. Evaluation indicators of different models
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