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methods are statistically significant across all evaluation metrics (paired t-test or Wilcoxon rank-sum test, 
p < 0.01). 
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1 Introduction 

Under the dual drivers of global carbon neutrality strategies and explosive growth in 

e-commerce, urban logistics systems are facing unprecedented pressure for green transformation.

Statistics show that last-mile delivery accounts for 30-40% of carbon emissions in the entire logistics

chain, and this proportion continues to rise with the annual growth rate of e-commerce exceeding 

25% [1,2]. Traditional delivery optimization methods primarily focus on single objectives such as

cost minimization or time minimization, neglecting the synergistic effects of multi-dimensional

constraints including carbon emissions, traffic congestion, and delivery risks [3,4]. Meanwhile,

urban delivery networks exhibit typical complex system characteristics: multi-level logistics

relationships exist between nodes, risks propagate through supply chain networks, and uncertainty 

factors (such as traffic conditions, weather changes, and carbon quota fluctuations) evolve

dynamically [5,6]. This complexity makes it difficult for traditional optimization methods to

capture the topological dependencies and risk propagation mechanisms of the system, and even

more challenging to achieve rapid generalization under data scarcity conditions [7,8]. Therefore,

how to minimize carbon emissions and maximize resource utilization while ensuring economic

benefits, and effectively identify high-risk delivery nodes, has become a core problem urgently 

needing resolution in the field of smart city logistics.

Existing research has made important progress in urban delivery optimization and risk 

prediction, but three key gaps remain. First, at the multi-objective optimization level, although 

swarm intelligence algorithms (such as Particle Swarm Optimization and Genetic Algorithms) 

perform well in vehicle routing problems [9,10], they generally face issues of insufficient population 

diversity and premature convergence, especially prone to falling into local optima when handling 

three or more conflicting objectives [11,12]. The recently emerged Sparrow Search Algorithm (SSA) 

has demonstrated powerful global search capabilities [13,14], but the standard SSA has obvious 

deficiencies in handling constrained multi-objective optimization: random initialization leads 

to uneven population distribution, fixed parameter tuning strategies have poor adaptability in 

dynamic environments, and there is a lack of effective local escape mechanisms [15,16]. Second, 

at the risk prediction level, existing methods mainly rely on traditional machine learning or deep 

neural networks, which struggle to model the graph topological structure of delivery networks and 

complex relationships between nodes [17,18]. Although Graph Neural Networks (GNN) provide 

new insights for capturing network dependencies, traditional GNNs have limited generalization 

capabilities when facing scarce high-risk event data (such as delivery delays and vehicle failures) 

and severe class imbalance (high-risk samples account for less than 6%) [19,20]. Third, from 










































































