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I, Preliminaries

1. Related works
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[3]2 = TAAS(Traffic Accident Analysis System)ollx] =1
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lll, The Proposed Scheme
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2.2 RandomForest
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2.3 XGBoost
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Table 2. RandomForest %™ s}0|H m}2}o|E

St0|IH mt2jo| & RandomForest
CcVv 5
n_estimator 500
max_depth 2

Table 3. LightGBM, XGBoost Z/& 5}0| ul2to|E

Sto| Iy ut2to| & LightGBM XGBoost
colsample_bytree 0.5 0.5
subsample 0.2 0.8
num_leaves 10 -
n_estimators 200 500
learning_rate 0.01 0.01
max_depth - 2
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3. Experimental Result
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Table 4. ZH7F 5H|W

ML model MAPE RMSE
DecisionTree 59.3 2.76
RandomForest 29.3 2.45
XGBoost 29.0 2.45
LightGBM 27.8 2.45
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IV. Conclusions
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