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Abstract

For short-term traffic flow prediction, in order to complete real-time accurate prediction, an ex-
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treme gradient boosting (XGBoost) short-term traffic flow prediction model based on Huber loss is
established. By analyzing the periodicity and relevance of traffic flow data, time features are ex-
tracted and feature importance analysis is performed. Using this model and the extracted features
for traffic flow prediction, the experimental results show that the model is superior to the extreme
gradient boosting model based on mean square error loss and the extreme gradient boosting
model based on average absolute error loss. At the same time, the model has higher prediction
accuracy than gradient boosting regression model and support vector machine regression model,
each error index is small, and the model training time is short, which meets the timeliness re-
quired by short-term traffic flow prediction.
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2.1. XGBoost B#REHE X
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Figure 1. Realization process of traffic flow prediction model
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Figure 2. Sensor settings in 180 Corridor, California
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Figure 3. One-day traffic flow data distribution map
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Figure 4. One-week traffic flow data distribution map
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Figure 5. Two-week traffic flow data graph
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Figure 6. Feature importance analysis chart
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4.4. XGBoost S¥AH
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Table 1. Parameter value of traffic flow prediction model

= 1. XERTUNER S HEE

S84 iveic ¥4 U
n_estimators 60 scale pos weight 0.996
learning_rate 0.10 subsample 0.71

max_depth 7.00 colsample bytree 0.68
min_child_weight 5.00 gamma 0.65

ok
St
bel

1) n_estimators: 5§5%% 2] #8 M B IR AR EL, B Ul i K 5552 21 #4814 n_estimators K/)N,
&, n_estimators KK, NAEZEME.

2) learning_rate: %% %, WL/ IRE, RSB B E

3) max_depth: 1) KR

4) min_child_weight: &€ /N 115 RUFEAALE A,

5) scale_pos_weight: FEAS T3 AP, FHXNSHR B ROESL, o] DS SEE TEPRs

6) subsample: FEHLKFE LLAI

7) colsample_bytree: FISRFEZE, Il RRHERFEZ.

8) gamma: Zr R AN, BURRBURME R G KT E T gamma, 75452
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Figure 7. Ten-day prediction graph
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Figure 8. Single-day prediction graph
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ST 3 Bl FH R 1 REHE Aok o B (R SR 8 R 2R AT 05, B AT 23 )2 38 77 AR iR %2 (Root Mean Square
Error, RMSE). “F-¥J45%+ 1% % (Mean Absolute Error, MAE)FI 52 R E0(R), M [FIN T 3K 5z b7 45 784 ) o )

MR B bR X

1 & R
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i=1
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Figure 9. Comparison of different objective functions
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XGBoost BRI TRMME . AEHRLLEH, SRt E S B Rm, RERA R EMET
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Table 2. Comparison of different objective functions

< 2. ETAREFREHA) XGBoost HAILER XFLE

H b ek 21 RMSE MAE R
Huber #51% 23.38 17.99 0.958
By iR 2 24.31 18.20 0.954
IR It iR 2 26.55 20.24 0.946
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Figure 10. Comparison of different models
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