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Abstract

With the rapid development of e-commerce, last-mile delivery has become the main component of
delivery costs and a key bottleneck for operational efficiency. Traditional scheduling methods mostly
rely on static rules or manual experience, which are unable to effectively cope with the uncertainty
brought about by fluctuations in e-commerce order demands. This paper aims to construct a deci-
sion framework that integrates machine learning prediction and optimization scheduling to reduce
the cost of e-commerce logistics last-mile delivery and improve the on-time delivery rate. Based on
the historical order data of a certain e-commerce platform’s urban distribution center, this paper
extracts multi-dimensional features such as time, weather, and region, and builds four machine learn-
ing models: XGBoost, LightGBM, random forest, and LSTM. It compares the prediction accuracy and
selects the optimal model. The prediction results are embedded into the scheduling decision pro-
cess, and the method of incorporating the prediction distribution information into the scheduling
decision is adopted to handle the prediction uncertainty, forming a prediction-driven scheduling
strategy, and verified through real data simulation of the e-commerce platform. XGBoost outper-
forms the comparison models in terms of prediction accuracy, with an average absolute error of
23.6 items per hour. The proposed prediction-scheduling integrated method reduces the delivery
cost by 20.2% compared to manual scheduling and by 10.8% compared to static scheduling; the on-
time delivery rate is increased to 91.8%, which is 13.3 percentage points higher than manual sched-
uling. During e-commerce promotions, this method effectively alleviates the delivery pressure caused
by peak orders.
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Table 3. Comparison of costs and service performance among different scheduling schemes
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