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Study on Short-term Traffic Volume Prediction Model Based on ARMA-SVR
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Abstract: Short-term traffic volume forecasting is the key task to assist ITS to make decisions, solve
congestion problems and improve road capacity. In order to improve the fitting effect and speed of the model
for small sample data, and to fully explore the linear and nonlinear relationships existing in the traffic volume
sequence, the ARMA model with good fitting effect for linear data and low time complexity is combined with
the support vector regression ( SVR) model with advantages of high calculation accuracy and low time
complexity for nonlinear and small sample data, and an residual optimization composite forecasting model is
proposed. The order of the ARMA model is set by using Akaike information criterion to realize the linear
fitting of traffic volume, and the corresponding residual sequence is obtained. Then, using the reconstructed
residual sequence as the input of SVR model, and the residual sequence is predicted to compensate for the
nonlinear changes in traffic volume data. The ARMA, SVR, long-term and short-term memory networks,

artificial neural network, and ARMA-SVR weighted composite forecasting model are used as control group for
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model evaluation. The result shows that (1) when the sampling time interval is 5, 10, 15 min, the root mean

square error (RMSE) and mean absolute error ( MAE) of the ARMA-SVR residual optimization composite

forecasting model are smaller than those of the control models, and the RMSE and MAE are reduced by about
0.378 — 7.063 and 0.054 — 0. 802 respectively; (2) the ARMA-SVR residual optimization composite

forecasting model has higher prediction ability, lower time complexity and data calculation cost in different

sample time intervals, which can meet the needs of traffic volume prediction based on different sample time

intervals.

Key words; ITS; traffic volume prediction model; autoregressive moving average ( ARMA) model; SVR

model; intelligent transport
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Fig. 1 Modeling process of ARMA-SVR weighted

composite model
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Fig.2 Modeling process of ARMA-SVR residual
optimization composite model
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Tab.1 Stationarity test of traffic volume sequence
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Tab.2 Significance test of ARMA model parameters
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Tab.3 Weights given to model by the CRITIC weighting

method
KA I [ ] i/ min W srma Wsvr
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Fig. 4 Residues obtained by ARMA model at different
sample time intervals
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Tab. 4 Evaluation result of traffic volume forecasting model

RMSE MAE
A

Smn 10min I5min 5 min 10 min 15 min
ARMA 23.726 40.094 54.547 4.058 5.410 6.386
SVR 26.103 43.178 55.343 4.367 5.555  6.468
ANN 28.625 46.532 59.586 4.779 5.877 6.743
LSTM 26.351 43.651 58.499 4.398 5.785 6.741
ARMA-SVR

23.681 40.948 54.754 4.056 5.539 6.411
(CRITIC)
ARMA-SVR

23.303 39.469 54.005 3.977 5.331 6.332
(Residual )
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Fig. 5 Fitting condition of traffic volume prediction

model on test set at different time intervals
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