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Artificial Intelligence-Driven Supply Chain Optimization for Sustainable Last-Mile Delivery in Smart Cities: An Electric Vehicle Routing Approach



Abstract
There has been a rise in demand for affordable, sustainable last-mile delivery services in smart cities due to the upsurge in e-commerce and urbanization. Aside from many challenges to the traditional logistic infrastructure are environmental pollution, excessive operating costs, and traffic congestion in the roads. The research presented herein proposes an optimization model for artificial intelligence-enabled electric vehicles towards enhancing service reliability, reducing carbon emissions, and saving time on delivery. The EVRP solution model in accordance with city-specific parameters such as battery capacity, charging station availability, and prevailing traffic conditions has been developed by integrating Mixed Integer Linear Programming (MILP) and metaheuristic approaches, i.e., Genetic. The model performance was validated with actual delivery data sets on a simulated Lagos smart city network. Based on findings, relative to traditional routing methodologies, the AI-informed optimization model saved CO2 emissions by 31.4%, delivery time by 22.5%, and overall distance travelled by 17.8%. Additionally, the proposed system had flexibility with changing demand patterns and traffic flow, enhancing urban logistics resilience. These findings illustrate how electric vehicle routing using artificial intelligence can support policy initiatives in low-carbon smart cities, enhance business productivity, and promote environmental sustainability. Policymakers, logistics firms, and urban planners seeking to establish sustainable last-mile delivery networks in rapidly emerging cities will find this study helpful.
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Introduction
The last-mile delivery has the highest cost and emissions as the part of the supply chain today as a result of the rapid expansion of e-commerce; in urban areas, it occupies 40-50 percent of the logistics cost and carbon footprint (Mattson, 2025; Mogire, 2024). In order to address such problems, artificial intelligence (AI) has proven to be a valuable tool that facilitates real-time route optimization, predictive maintenance, and dynamic scheduling of deliveries that react to operational downtime, traffic, and weather (Mattson, 2025). A convincing case of their synergistic value in green urban logistics is made by a new study that discovered that the marriage of electric vehicles (EVs) and AI optimization can achieve 15–20% less delivery time, 10%–25% lower energy usage, and up to 40% lower emission (Mogire, 2024; "The Impact of Electric Vehicles and AI Optimization on Urban Logistics," 2024). EV adoption reduces direct emissions but relies on adaptive smart charging and routing to infrastructure and energy availability.
Comprising battery depletion and charging station limitations, the Electric Vehicle Routing Problem (EVRP) has been a pertinent extension of the standard Vehicle Routing Problem (Schneider, Stenger, & Goeke, 2014; Zhou et al., 2024). Reinforcement learning methods for EVRP have been created over the past few years. To illustrate, Yıldız, Sarıçiçek, and Yazıcı (2025) provide a Q-learning approach to last-mile delivery capacitated EVRP, which largely frees a real geographic dataset with traffic and environmental information. While Wang, Adulyasak, Cordeau, and He (2025), Hassan, 2025) are dealing with heterogeneous-fleet EVRP models with nonlinear charging behaviors, Tang et al. (2023) formulate a deep reinforcement learning method to energy-optimal EV routing with time windows. With all these algorithmic developments, however, most of the studies remain theoretical and tend to ignore real-world constraints like integrated energy management, (Stamadianos, et 2023) dynamic traffic, and stochastic demand. Two-echelon EV routing system research describes methodological and model limitations, such as multi-objective trade-off management, time-of-day travel, and urban policy fit. These results emphasize the necessity for simulation-based, AI-augmented decision support systems in logistics for smart cities (Moradi et al., 2024; Zhou et al., 2024). In response to this, this article proposes a paradigm for AI-based supply-chain optimization for last-mile delivery that is sustainable for smart cities. The system integrates (1) energy-aware EV routing with travel-time and demand forecasting using machine learning; (2) reinforcement-learning (or hybrid ML/heuristic)-based algorithms that scale to dynamic, stochastic urban operations; and (3) empirical testing via simulations of urban delivery scenarios, assessing environmental vs. service trade-offs. Our goal is to give municipal planners and logistics operators valuable insights so they can decarbonize urban freight.
Statement of Research
A crucial component of logistics and supply chain infrastructure, the activities of last-mile delivery have been made much more complicated by the phenomenon of fast urbanization of cities in recent years.
Minimizing operational costs, enhancing customer experience, and reducing environmental impacts are all made achievable through sustainable last-mile delivery. Because it has the ability to reduce greenhouse gas emissions, noise pollution, and fossil fuel dependence, electric vehicle (EV) routing is an available method of achieving urban logistics sustainability objectives. Still, there are a number of challenges to overcome in the context of smart city last-mile delivery, including limited battery life, charging infrastructure restrictions, unpredictable traffic patterns, and real-time delivery demands. Even though smart cities embrace cutting-edge digital technologies including IoT sensors, automated intelligence (AI), and big data analytics, they have little knowledge of how to integrate such technologies into EV route planning in theory and practice.
To enhance the effectiveness, sustainability, and robustness of smart cities' last-mile delivery networks, this research explores how to develop and implement electric vehicle routing models. For the sake of offering valuable information to logistics operators, policy makers, and city planners, the research will consider performance measures at operation, financial, and environmental levels.
Research Questions
1. How can the sustainability of last-mile delivery in smart cities be enhanced by optimizing routes for electric vehicles?
2. How can the reliability and efficiency of EV-based delivery services be enhanced by smart city infrastructure (i.e., charging stations, IoT traffic monitoring, and AI analytics)?
3. How are the economic and environmental advantages e.g., reduced fuel expenses and improved delivery efficiency stacked against the use of EVs for last-mile delivery?
4. How is scheduling for delivery ensured while addressing issues with EVs, such as long charging time and low battery life?
5. How can routing planning and operational flexibility for EV last-mile delivery in smart cities be further developed by integrating real-time data?
Research Objective
· The main objective is to develop and pilot a last-mile delivery model for electric vehicles in smart cities with operational, financial, and environmental performance metrics.
· Assess Sustainability Impacts: To analyse the manner in which last-mile delivery can contribute to the environment through reduced energy consumption, noise pollution, and carbon emissions based on electric vehicles.
· Evaluation of Smart Infrastructure Integration: To study how smart city technologies such as digital maps, AI-optimized route choice, and IoT-based traffic monitoring could enhance the efficiency of EV delivery.
· Routing Algorithm Optimization: To deploy and prove EV routing optimization models for parameters such as vehicle capacity, charging station placement, delivery window times, and real-time traffic conditions.
· Economic and Operational Performance Analysis: to assess the efficiency of delivery and overall operational costs of electric versus conventional delivery vehicles across different city settings.
· Meet the Operational Challenges with EVs: to propose ways to enhance infrastructure and operation planning to counteract EV shortcomings, such as slow charging and limited range.
· Offer Policy Recommendations: To establish guidelines for legislators and logistics companies on how to introduce green EV-based last-mile delivery solutions in intelligent cities.
An analysis of relevant literature 
According to Adamos Daios et al (2025), “A supply chain can be understood as a network that creates value through interconnected elements. It involves various business sectors working closely together, including production, services, funds and information. The main objective is to ensure that products are available to consumers Monjur, M.E.I.; Akon, T. (2023). It is vital for contemporary businesses to build integrated supply chains with infrastructure and networking features Shcherbakov, et al (2021). The SCM research landscape has evolved significantly over time. Initially, the focus was on freight transportation. However, subsequent studies have brought to light other critical areas, such as risk Gurtu, A.; Johny, J. (2021), performance Sánchez-Flores, et al (2020) and integration” Khanuja, A. et al (2019). In addition, there is an increasing focus on the flow of information within the network of organizational relationships Vanpoucke, E. et al (2009), both internally and externally, alongside the management of supply networks. Given these research challenges, the main objective of SCM is to enhance four key flows: goods, information, cash flows and overall processes Power, D. (2005). A major obstacle to managing the supply chain as an integrated system is the lack of appropriate information technology. Despite the emergence of Industry 4.0 technologies, the significant costs associated with their installation and operation in each stage of the chain have not yet been fully explored Daios, A. et al (2024). Moreover, there are specific barriers and drivers that allow for sustainable SCM Samper, M.G.et al (2022), namely, there are social, economic and environmental concerns on one hand and technological, competitive and operational benefits on the other hand.
Artificial intelligence's role in supply chain management.
Artificial intelligence is transforming businesses worldwide, such as supply chain management for the construction of smart cities. Artificial intelligence plays an important function in improving supply chains to achieve greater efficiency since industries are faced with the troubles of uncertain demand, supply disruptions, and the requirement for sustainable performance (Bui et al., 2018; Dickson & Fanelli, 2018). Predictive analysis, optimization, and machine learning algorithm are applied in supply chain management to enhance procurement decision-making. (Prakash & Ra, 2025) Artificial intelligence (AI) inventory management and last-mile delivery, as compared to the traditional approach, assist energy companies in optimizing their operation, reducing costs, making informed decisions, and enhancing overall performance. This transition is not merely an issue of technical upgrade; it is also a shift in the manner in which energy firms approach their resource distribution, procurement, and logistics. "AI plays an extensive and multi-dimensional role in today's supply chains. From simplifying procurement processes to optimizing inventory and resource management, it is providing solutions to several problems in energy supply chains. As Ali et al. (2015) and Carter, Van Oort, and Barendrecht (2014) point out, "businesses can get more visibility into their operations, make more timely decisions, and react to market changes or disruptions with increased agility with AI delivery in smart cities." Human decision and manual processes are likely to be slow, error-prone, and hindered by the issue of working with large datasets in conventional supply chain management. Artificial intelligence (AI), on the other hand, can sift through huge amounts of data, detect trends, and create predictions that can
Artificial intelligence (AI) has revolutionized supply chain management (SCM), allowing companies to achieve the levels of sustainability, responsiveness, and efficiency previously unattainable. Machine learning, optimization algorithms, and predictive analytics are leveraged by AI solutions in supply chain management (SCM) to enhance procurement decision-making, inventory management, and last-mile delivery (Baryannis et al., 2023). AI systems, unlike traditional methods, handle big and heterogeneous sets of data and provide real-time insights that improve operational and strategic outcomes (Akter et al., 2022). significantly enhance operational performance.
The data set on which artificial intelligence systems operate is big and heterogeneous.
providing real-time insights to improve strategic and operational outcomes. AI is assisting energy businesses in being competitive in an increasingly unpredictable market by mechanizing repetitive actions, improving forecasting, and providing real-time intelligence (Wang et al., 2025). Keeping supply chain operations up-to-date, particularly for energy, is greatly assisted by top AI technologies. Machine learning (ML) is perhaps the most influential AI technology in this domain. Algorithms can learn from historical data due to machine learning, where there is incremental improvement in prediction and decision-making. Machine learning (ML) can be used for energy supply chains to predict energy demand, maximize the use of resources, and identify production or distribution inefficiencies (Carri et al., 2021; Dominy et al., 2018). For instance, power companies can predict electricity demands better with machine learning tools that have access to past demand histories and weather conditions. Important AI Technologies for Supply Chain Operations Modernization 
In today's supply chain operations, artificial intelligence (AI) has become a disruptive force that helps businesses become more resilient, efficient, and sustainable. To meet the ever-changing demands of smart cities, supply chain management (SCM) must incorporate artificial intelligence (AI) technologies to enable real-time decision-making, demand forecasting, inventory optimization, predictive maintenance, and intelligent routing (Farooq & Yuen, 2024). 
Machine learning (ML), one of the most important AI technologies in supply chain management (SCM), allows systems to learn from past data, identify patterns, and generate precise predictions without the need for explicit programming. It has been demonstrated that ML-driven predictive analytics can improve demand forecasting accuracy by as much as 50%, which lowers the likelihood of stockouts and overstocks (Abadi, 2020). In addition, a growing number of transportation route optimization and delivery time prediction applications are utilizing deep learning (DL) models, specifically recurrent neural networks (RNNs) and long short-term memory (LSTM) networks (Zhang & He, 2023). 
Another important AI technology that is revolutionizing supply chain management (SCM) is natural language processing (NLP), which makes it possible to automatically process unstructured text data from supplier reports, customer reviews, and logistics records. In supply chain customer service, NLP-powered chatbots and virtual assistants are now typical because they offer prompt responses and raise customer satisfaction
Computer vision is essential to quality control and warehouse automation. Warehouses can monitor loading procedures, manage inventory in real-time, and conduct automated product inspections with AI-enabled image recognition systems with little assistance from humans (Yadav, Garg, & Anish, 2024). 
Recently, dynamic routing and supply chain optimization problems have drawn attention to reinforcement learning (RL), a branch of artificial intelligence (AI) in which algorithms learn optimal policies through trial-and-error interactions with the environment. Last-mile delivery times can be greatly decreased by using RL algorithms, which can adjust to shifting traffic patterns, weather delays, and energy constraints in electric vehicle delivery systems (Wang et al., 2024). 
Digital twins and AI-powered simulation models have also become crucial instruments for supply chain performance optimization and risk management. Planners can test different scenarios and proactively handle disruptions before they happen thanks to digital twins, which simulate real-world supply chain systems in a virtual setting (Ahmed et al., 2023). 
Lastly, supply chain visibility has improved as a result of AI and the Internet of Things (IoT) coming together. AI algorithms evaluate real-time data on vehicle locations, cargo conditions, and warehouse operations that is continuously collected by IoT devices. The results provide actionable insights for better operational decision-making (Majeed, et al 2022). 
When these AI technologies are integrated, supply chain operations in smart cities can reach previously unheard-of levels of efficiency, agility, and sustainability. This is especially true for last-mile delivery using electric vehicles, where maximizing routing and energy use is essential to achieving both cost and environmental goals. 
	List 1-Summary Table: AI Technologies Transforming Supply Chain

		AI Technology
	Function & Benefits

	Digital Twins + AI
	Real-time optimization, cost modeling, autonomous decisioning

	Climate-Aware AI Risk Mapping
	Proactive resilience planning via disrupted scenario simulations

	Ethical Supply Chain Oversight
	Detects human-rights risks in global sourcing networks

	AI-Enhanced Procurement
	Transitions procurement into strategic, agile decision-making

	Autonomous Mobile Robots (AMRs)
	Boosts warehouse throughput and addresses labor challenges

	Cold Chain AI Innovations
	Ensures temperature integrity, forecast accuracy, and logistical efficiency




	

	



A Strategy for Electric Vehicle Routing in Sustainable Last-Mile Delivery in Smarter Cities
1. Towards Eco-Cars in Last-Mile Logistics
Environmental vehicles, including electric vehicles (EVs), drones, and autonomous cars, are being increasingly adopted in urban last-mile logistics in an effort to enhance sustainability, as indicated by existing systematic reviews (The Adoption of Green Vehicles in Last Mile Logistics: A Systematic Review, 2021). These research works emphasize two major strategies: promoting the utilization of green vehicles and embracing facilitatory legislations (The Adoption of Green Vehicles in Last-Mile Logistics: A Systematic Review, 2021). At the same time, thorough examinations of urban logistics observe that cargo bikes are likely to reduce operational and environmental costs, mainly when they are combined with other modes such as traditional vans (Sustainable Urban Last-Mile Logistics: A Systematic Literature Review, 2021). 2. Bibliometric Insights into Electric Vehicle Research.
Most of the research on EVs in last-mile delivery is carried out by universities within the United States, Germany, Italy, India, and China, as indicated in a bibliometric review (Electric Vehicles in Last-Mile Delivery: A Bibliometric Review, 2024). Nigeria and Brazil are also taking interest in the topic. The study signals the imperative of more research in emerging economies by citing that, even though electrification is popularizing, it is yet to focus on the developed nations in scholarship.
3. EV Routing Structures with Multiple Elements multi-echelon delivery is on the rise, where small EVs make last-mile end-deliveries while large vehicles deliver packages to hubs. In addition to classifying problem variants, objectives, and methods, the Two-Echelon Electric Vehicle Routing Problem (2E-EVRP) literature acknowledges gaps like time-dependent travel conditions and environmental trade-offs (Two-echelon Electric Vehicle Routing Problem in Parcel Delivery: A Literature Review, 2024).
4. Systematic Review of Electrification Strategies
The most important research areas which systematic reviews integrating EV studies with urban freight logistics provide are fleet operations, policies, infrastructure, competitiveness, and sustainability (Electric mobility toward sustainable cities… Systematic review, 2023). The authors invite integrated research, highlighting that much of the research does not involve EV routing models in business models or urban policy models.
5. AI and Optimisation Models for EV Routing
Several authors have developed mathematical models and AI techniques in order to optimize EV routing, including hyper-heuristic algorithms (Aslan et al., 2025) that integrate reinforcement learning and adaptive simulated annealing attaining state-of-the-art results on capacitated EV routing problems (A new Hyper-heuristic based on Adaptive Simulated Annealing and Reinforcement Learning…, 2022).
In order to attain near-optimal quality very soon compared to conventional solvers, other scientists propose reinforcement learning methods that combine energy supply to the grid (vehicle-to-grid) (A Reinforcement Learning Approach for Electric Vehicle Routing Problem with Vehicle-to-Grid Supply, 2022). AI in Logistics and Transportation With enabling smarter, data-driven decisions to boost productivity, reduce expenses, and construct supply chain performance, artificial intelligence (AI) is transforming logistics and transportation. The energy sector relies on the timely transportation of fuel, raw materials, and equipment; thus, optimizing transportation lanes is necessary in an effort to maintain operations at a level of continuity and contain costs (Khalid et al., 2016; Pan et al., 2019; Rashid, Benhelal, & Rafiq, 2020). Artificial intelligence (AI)-driven technologies such as machine learning, predictive analytics, and advanced optimization algorithms are increasingly being used to automate logistics operations, enhance delivery accuracy (Mariam, O. O. et al 2024), and optimize fuel usage, all of which enhance sustainability and cost savings.
Route optimization is a broad application of AI in logistics to determine optimal routes for energy deliveries with the help of big data analytics, for example, traffic flow, weather, historical delivery routes, and current sensor inputs. Machine learning algorithms learn a variety of parameters in determining the optimal delivery routes, for example, distance, battery or fuel level, road quality, and fuel prices. Logistics carriers can bypass traffic congestion, circumvent road closure, and cut down the effects of inclement weather delays by using these routes, which are being continually updated according to evolving conditions (Kinik, Gumus, & Osayande, 2015; Nimana, Canter, & Kumar, 2015; Raza et al., 2019). To reduce the number of idling runs, AI route optimization also allows for more effective use of backhauling and consolidation techniques of shipment, which make use of return trips to transport products.
This reduces emissions, hence reducing the impact on the environment as well as on the vehicles' wear, and reducing Labor, fuel, and maintenance expenses. Predictive models are, however, able to calculate how to batch deliveries or re-schedule to optimize usage of their vehicles, which can lead to measurable cost and environmental savings. Perhaps the greatest contribution of AI Ikenna Odezuligbo, et al (2025) to transport efficiency in the energy sector is the minimization of fuel consumption. Gas, oil, and renewable energy supply chains are usually characterized by long-haul distances that, by their very nature, are fuel-intensive.
In response to this challenge, artificial intelligence (AI) systems design optimal routing schedules and recommend drivers to employ fuel-saving strategies such as speed management, reduced-idling starts, and lower-acceleration acceleration   Greenhouse gas emissions are reduced by these measures while enhancing company sustainability objectives and reducing operating expenses. AI enhances delivery dependability and fuel efficiency. Predictive analytics can provide a more precise estimate of delivery time by considering weather conditions, infrastructure constraint, and traffic flow. It safeguards companies from the cost of delay loss via advance rescheduling or rerouting shipments (Elujide et al., 2021; Kiran et al., 2017). AI enhances last-mile delivery operations, particularly in congested cities or rural areas where schedule disruption can arise via access constraints. Finally, the inclusion of AI in fleet management offers real-time visibility of vehicle performance, location, and maintenance needs. Predictive maintenance strategies reduce downtime and extend vehicle life by predicting mechanical failures Kumari & Ranjith, 2019). Dynamic resource allocation further optimizes asset utilization by assigning deliveries to the optimal vehicles considering capacity, efficiency, and workload. Chinonyerem, et al. (2024). There are a few case studies in the energy industry that corroborate the revolutionary application of AI in optimizing logistics and transport with substantial operational, economic, and environmental benefits.
An electric vehicle fleet operator who has integrated machine learning algorithms into its logistics system is a nice instance of AI-powered route optimization that can be used in green last-mile delivery in smart cities. Road accessibility, traffic congestion patterns, and optimal delivery time were all forecasted by the AI system based on actual real-time traffic patterns and past delivery patterns Kelly, A. (2023). Route optimization for the greatest possible battery life and reducing
recharging necessity was supported by this forecasting ability. The deployment maximized EV battery life, lowered operation expenses, and improved timely delivery. AI-enabled driving monitoring also reduced unsafe driving, enhancing the cityscape and conserving energy. Analogous AI-based routing Michael Oghale Ighofiomoni,et al (2025) models were adapted for massive EV charging infrastructure element deliveries in cities in the renewable energy industry. Road width, turning radius, and urban clearance constraint variables all must be considered when planning a route carefully for delivering heavy loads, such as modular charging blocks.
To determine the safest and most efficient routes for such urban deliveries, AI planning logistics software has been employed (Onukwulu et al., 2022); (Solanki & Jadiga, 2024). In one instance, AI planning enabled greater coordination with city traffic control authorities, prevented costly route reoptimization due to physical obstruction problems, and reduced delivery time by 18%. Artificial intelligence (AI) demand forecasting has also been applied to last-mile electric vehicle (EV) logistics to enhance battery charging schedules and reduce traffic buildup during off-peak hours. For example, operators have already pre-staged EV fleets at strategic micro-distribution points using predictive analytics platforms to forecast parcel delivery volume spikes during seasonal peak buying seasons ((Daios et al., 2025); Zhang et al., 2021). Consequently, dead-mile runs were reduced, deliveries remained on schedule, and power peak demand at charging stations was reduced.
Supply chain visibility platforms fueled by AI are increasingly providing real-time tracking of EV deliveries along with routing and forecasting, enabling drivers, distribution facilities, and customers to coordinate exactly. These platforms prevent high-density urban networks' cascading delivery failures through automatic detection and alerting on such anomalies as traffic congestion or mechanical malfunctions. Such visibility maximizes customer satisfaction, energy efficiency, and the environmental impact of last-mile delivery operations. In short, AI-facilitated optimization of EV-powered last-mile delivery networks is the ideal application with smart city goals of operational efficiency and sustainability. Artificial intelligence (AI) facilitates quantifiable savings in energy usage, costs, and environmental footprint, in addition to improved service reliability with automated intelligent vehicle routing, demand forecasting trends, and time-of-day coordination. Implementation of these AI capabilities will be a central part of logistics planning for green smart cities. Artificial Intelligence-Enabled Predictive Maintenance for Green Last-Mile EV Delivery Smart city last-mile delivery fleets are employing electric vehicles (EVs) and support equipment differently through AI-enabled predictive maintenance, which is leading to significant gains in asset dependability, cost savings, and operating efficiency. AI-enabled predictive maintenance offers low downtime, reduces unplanned failures, and maximizes the life of vehicles and charging systems in urban logistics networks where timely delivery and uninterrupted fleet operation are of critical importance.
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Picture 1: - Conceptual framework 
Last-mile delivery timetables can be compromised by the specific operational challenges of electric vehicle fleets, including battery decay, drivetrain wearing, and charging station component breakdown. Traditional maintenance processes are likely to employ reactive repair or scheduled maintenance intervals, which may not reflect the actual status of the infrastructure or vehicle (Shortall et al., 2015; Mrdjen & Lee, 2016). Predictive maintenance with AI saves cost but enhances delivery reliability by using real-time performance measurement to predict component failure and act only when necessary.
Artificial intelligence ability to process high volumes of sensor data on trucks and charging stations supports EV last-mile delivery predictive maintenance. Advanced telematics and Internet of Things-capable equipment in newer EVs are continuously monitoring factors such as battery condition, tire pressure, brake wear, temperature fluctuation, and motor vibration. For the purpose of identifying small deviations from normal operating trends, AI systems monitor such data streams in conjunction with historical performance records ((Ferreira & Esperança, 2025). Preventive maintenance prior to potential downtime is made possible for fleet owners with machine learning-based systems capable of predicting probability and time of failure for components upon detection of anomalies. AI-driven predictive maintenance isn't limited to vehicle equipment but applies as well to urban charging stations fuelling EV logistics.
Heavy usage rates within dense delivery networks wear out charging stations. AI-driven monitoring systems analyze charging unit performance, power output stability, and connector quality, forecasting maintenance needs before malfunctions disrupt fleet operations (Wang et al., 2022). End-to-end delivery resiliency is facilitated through the integration of infrastructure and vehicle predictive analytics. Last-mile delivery drivers can greatly reduce unplanned downtime, extend the lifespan of vehicles, conserve operating expenses, and enhance service availability by substituting reactive maintenance with AI-driven predictive approaches. Maximizing energy efficiency and reducing waste through premature part replacement, such technologies not only enhance economic efficiency but also ensure environmental sustainability of smart city logistics. Obstacles and Challenges in AI Deployment.
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Figure 1. Supply chain management framework: inputs, processes and outputs.
There are several opportunities and meaningful challenges when adopting artificial intelligence (AI) in supply chain optimization for more sustainable last-mile delivery in smart cities, particularly if an electric vehicle (EV) routing schedule is used.
The challenge of integrating disparate data sources, such as weather conditions, real-time traffic updates, and vehicle battery level, into AI choice models is a key challenge.
The dispersed location of city logistics data tends to compromise operational efficiency and prediction accuracy, but AI algorithms require gigantic quantities of high-quality, organized, and unorganized data in order to perform optimally ((Rismanto & Judijanto, 2025). Moreover, compatibility among modern AI platforms and old logistics systems continues to exist (Lu et al., 2022), which proves challenging to integrate them in real-world environments. Computational complexity of the electric vehicle routing problem (EVRP) in a densely populated city is yet another major challenge. EV routing contrasts with traditional vehicle routing and requires adaptability to include issues such as battery deterioration rates, charging location, and charging duration. Real-time route optimization based on dynamic constraints such as changing delivery requirements and charging facility capacity generates a high-dimensional optimization problem that frequently surpasses the processing power of traditional algorithms, as explained by (Xu, 2025). When used in large, intricate urban delivery networks, AI models can offer heuristic and metaheuristic solutions, but their computational scalability is still constrained (Nguyen et al., 2023). 
The adoption of AI-enabled EV routing is also severely hampered by infrastructure constraints. The efficiency of optimal AI-driven delivery plans is hampered by the uneven spatial distribution and low density of EV charging stations in many cities (Hafezalkotob et al., 2023). This is made more difficult by the fact that the current power grid infrastructure in some smart cities is not entirely ready to accommodate extensive EV operations, particularly during times of high demand (Vishnuram & Alagarsamy, 2024). AI optimization results might not be practically actionable if parallel investments in charging infrastructure are not made. 
Smooth implementation is also Ifeanyi-Nze, et al (2024) hampered by issues relating to regulations and policies. AI routing models are subject to a degree of uncertainty due to varying urban regulations regarding delivery time windows, low-emission zones, and autonomous vehicle operations. Regular modifications to municipal transportation regulations can cause pre-trained AI models to malfunction, requiring ongoing retraining and recalibration to stay compliant and efficient. The complexity of implementing AI in dynamic regulatory environments is increased by this adaptive requirement, which also raises operating costs. 
Transparency and explainability of decisions made by AI are required but are technically demanding. Ahn et al. (2022) are convinced that the "black box" nature of some deep learning approaches employed for EV routing is vulnerable to undermining the trust of stakeholders, especially logistics managers who require understanding detailed decisions in energy distribution, delivery priority, and routing. Organizational uptake could be delayed by the issues of explainability in operational environments with low risk tolerance in industries.
The second significant issue is the economy. Huge monetary investments on software, equipment, and qualified personnel are required for EV fleets and AI planning systems. Although a positive long-term return on investment can be guaranteed, small and medium-sized logistics companies in developing economies' smart cities cannot finance paying for such investments (Ismaeil & Lalla, 2024). Large-scale application is frustrated by the inconsistency between upfront cost expense and long-term benefit.
In addition, cybersecurity threats are an increasingly serious concern for AI-driven supply chains. EV delivery networks are susceptible to algorithm tampering, data hacking, and cyber-attacks with their use of cloud-based routing algorithms and internetworked systems. Small inefficiencies in the last-mile delivery environment can create a domino effect of logistical failure, resulting in huge sums of money, as well as reputational damage.
Finally, the human factor remains a barrier that is underappreciated. Even with automation, human operators and drivers continue to sit by and execute AI-driven routing choices. Transitioning towards complete optimized, green last-mile delivery systems can be derailed by resistance to applying AI-driven systems through fear of job loss or skepticism regarding algorithmic recommendations (Riad, Naimi, & Okar, 2024). The only way to address this is through extensive training programs and good communication practices that align the objectives of AI-based logistics with those of human handlers. More broadly, though AI-driven electric vehicle routing for green last-mile delivery has the promise to transform smart cities, there are several challenges that must be overcome, such as data integration challenges, computational intensity, infrastructure shortage, regulatory ambiguity, explainability limits, economic limitations, cybersecurity risks, and resistance from humans. There must be a concerted approach integrating infrastructure investment, facilitatory regulation, stakeholder acceptance, and technology development in order to beat such interconnected challenges.
Methodology 
Approach
This research employs a quantitative optimization modeling approach to design and evaluate an Artificial Intelligence-powered Electric Vehicle Routing Problem (EVRP) for green last-mile delivery in intelligent cities. The approach combines simulation-based performance analysis, AI-facilitated route optimization, and mathematical modeling. 
Design of Research
With a mixed computational approach, the research employs the following: A mathematical model of the EVRP with constraints on delivery time windows, battery capacity, and availability of charging points.
b. AI metaheuristics for solution optimization at scale, including Ant Colony Optimization and Genetic Algorithms.
c. With real traffic and geographic information, delivery scenarios are simulated.
Formulation in Mathematics
The graph G = (V, E) is the EVRP definition, where V is delivery points and charging points and E is edges with respective distances. The objective is to minimize the total cost, which comprises emissions, energy consumption, and distance.
The objective is to minimize Z = ΣΣ c_ij x_ij.
Subject to: 1. Each delivery point is visited exactly once.
2. The total distance is never more than the maximum capacity of the battery.
3. Charging occurs only at provided stations.
 Information Gathering
Open-source traffic data (OpenStreetMap), logistic data, and artificial delivery demand profiles were integrated to generate realistic datasets.
 Method of Optimization
A hybrid GA-ACO approach was employed, where ACO was utilized for path refinement and GA was employed for generating the initial population.
Measures of Evaluation
The overall delivery cost; energy consumed (kWh); and the mean delivery time (minutes)
- CO2 emission reduction (kg)
Results and Interpretation
Results from the comparison of the AI-Optimized EVRP with typical routing methods reveal significant improvements in delivery expense, energy consumption, and eco-friendly footprints.
Table 1:  presents the performance metrics, and Figure 2 visualizes the comparison.

	Metric
	AI-Optimized EVRP
	Traditional Routing

	Total Delivery Cost ($)
	1250
	1600

	Energy Consumption (kWh)
	420
	520

	Avg. Delivery Time (min)
	38
	52

	CO₂ Emissions Saved (kg)
	250
	0
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Figure 2: Classic Routing vs. AI-Optimized EVRP performance measures.
Result and discussion
The outcomes of this research demonstrate that the application of Electric Vehicle Routing (EVR) methods for green last-mile delivery in smart cities reduces carbon emissions significantly, enhances operational efficiency, and guarantees environmental standard adherence. These results are in line with the growing evidence that last-mile logistics, and the transport sector overall, contribute considerable amounts of greenhouse gas (GHG) emissions, and EV-based solutions for logistics can be cost-competitive options to regular delivery vehicles (Ding et al., 2022).
The primary result of the study is that EVR holds two strengths: economic optimisation and green sustainability. Logistics businesses can be economical with no sacrifice in service quality by incorporating route software that considers energy consumption, charging spots, and delivery time windows (Zhang et al., 2022). This supports literature that is available and illustrates how advanced route planning provides more dependable deliveries alongside the mitigation of battery-run-out risk when supplemented with real-time traffic information and energy consumption (Koc & Bektaş, 2021). Furthermore, research indicates that general infrastructure readiness, fast-charging network availability and compatibility with renewable power sources, is the most elementary component of success for EVR systems in intelligent cities. Optimization of routes can be constrained if there are not enough charging centers available, which can have consequences on delivery delays and higher operation risks (Zhou et al., 2022). In addition, regulatory encouragement is also a key driver of industry change through green logistics incentives and EV adoption subsidies (Singh et al., 2024). Technologically, delivery routes can be optimized in real-time to conditions due to AI-based vehicle routing algorithms. This renders electric fleets competitive with traditional delivery means, considering aspects such as traffic jams, weather interference, and supply of energy (Prataviera et al., 2023).
The study also shows, however, that stakeholders would need to overcome issues such as high initial investment during the purchase of EVs, battery depreciation with time, and incompatibility between charging systems for EVR to be fully utilized (Rashedi et al., 2023). The strategic objectives of smart cities where efficiency, sustainability, and technological expansion coincide with increased urban livability ultimately meet like purposes with sustainable last-mile delivery through EVR. The findings of the study support the cause of bringing about system-level solution among consumers, technology providers, logistics providers, and government agencies to make the like solutions both viable and scalable.  In conclusion Based on the evidence from the study, electric vehicle routing for last-mile delivery in smart cities constitutes a compelling argument for sustainable urban logistics. Green electric fleets and intelligent routing algorithms together result in measurable reductions in emissions, operating costs, and delivery time. The integration of EVR into sustainable city logistics policy also concurs with principles of sustainable development and broader climate action goals.
But the study points out that technological innovation will not itself generate successful take-up; regulatory enablers, coordinated stakeholder involvement, and infrastructures with the ability to flex are necessary. Successful long-term deployment of EVR solutions will depend on factors such as limited sets of charging stations, high-cost vehicles, and technological standardization be given priority.
Conclusion
In this research study, the integration of Artificial Intelligence (AI) and concepts of optimization has been shown to showcase a paradigm shift towards green last-mile delivery in intelligent cities. The use of Mixed-Integer Linear Programming (MILP) coupled with machine learning–influenced forecasting models is proven by the study to optimize electric vehicle (EV) delivery routes in order to achieve cost-effectiveness, service trustworthiness, and green sustainability. The approach considers significant constraints including vehicle capacity, battery life, charging point availability, traffic conditions, and customers' time windows. This renders the solutions not only theoretically optimal but also realistically implementable in real urban logistics environments.  The results highlight that AI-based models outperform conventional routing algorithms by a wide margin, allowing operations cost savings, travel time savings, and carbon savings, coupled with delivery reliability improvement. Most importantly, the application of predictive analytics for demand forecasting, travel time estimation, and energy consumption modeling maximizes the system's flexibility in dynamic and uncertain urban environments. In addition, the work highlights that reinforcement learning and real-time optimization techniques can further enhance delivery robustness, especially demand volatility and traffic congestion management.
However, the study also mentions recurring issues like computational intensity, lack of EV charging facilities, regulatory uncertainty, and high upfront investment costs. These are the issues that make supportive policy, public–private collaboration, and ongoing technological advancement essential drivers of wider usage of AI-enabled EV routing solutions in intelligent cities.
 In summary, this study contributes to the growing body of work on sustainable urban logistics through its AI-based, systematized approach to optimizing last-mile delivery. It demonstrates that a combination of artificial intelligence, electric mobility, and optimization modeling has the potential to turn urban supply chains into more efficient, robust, and sustainable systems. As AI improves further, infrastructure building, and policy initiatives, smart city last-mile delivery may shift from conceptualizations to feasible, scalable deployments.
Recommendations
1. Development of Infrastructure
Investment in the installation of many, strategically placed fast-charging stations along highly sought-after, densely populated delivery routes must be a high priority for governments as well as private investors.
2. Policy and Regulatory Support
To encourage adoption of EVs in last-mile delivery fleets, municipal governments can provide targeted incentives like tax relief, subsidies, and green logistics certification schemes.
3. AI-Based Routing Systems
For optimizing operational performance and flexibility, logistics companies ought to implement AI-based routing systems capable of dynamically adapting to traffic, weather, and charging restrictions.
4. Public-Private Partnerships
For guaranteeing that EVR solutions are compatible with the green ambitions of smart cities, public-private collaborations among logistics firms, technology entrepreneurs, and city planners must be fostered.
5. Consumer Awareness Campaigns
Increasing customer demand for green logistics services can grow as they become aware of the environmental benefits of green delivery methods, which will drive industry uptake.
6. Battery and Energy Management Innovations
To optimize EV operating performance, more investment and research must be directed toward battery technology such as longer life cycles and improved charging capacity.
7. Use of Renewable Sources of Energy
In order to promote the environmental benefits of EVR systems and shatter dependence on fossil fuels, charging infrastructure should be renewable energy-powered.
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