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Abstract  Article Info 

Intelligent routing and scheduling strategies play a crucial role in 

optimizing efficiency, customer satisfaction, and sustainability in 

heterogeneous instant delivery services. This research focuses on 

developing a mathematical formulation and algorithm to address 

these challenges. The proposed model considers various factors, 

including delivery orders, vehicle capacities, time windows, and 

environmental impact, to minimize cost, delivery time, and 

emissions. The research also explores the integration of multi-

objective optimization techniques to strike a balance between 

conflicting objectives. A numerical example is presented to illustrate 

the application of the mathematical formulation, showcasing the 

benefits of the proposed strategies in terms of efficient vehicle 

assignment, timely deliveries, and reduced environmental footprint. 

The findings highlight the potential for improving instant delivery 

services through intelligent routing and scheduling strategies, 

leading to enhanced operational efficiency, customer satisfaction, 

and sustainability. Further research is recommended to validate the 

proposed strategies in real-world scenarios and explore additional 

factors that may impact the routing and scheduling process in 

heterogeneous instant delivery services.  
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Introduction 

The rapid growth of e-commerce and the increasing demand for instant delivery services have 

presented significant challenges for delivery companies(Morganti et al., 2014). These services involve 

delivering a wide variety of goods, ranging from food and groceries to packages and other 

commodities, with diverse delivery requirements(Lalani et al., 2019). Meeting customer expectations 

for timely deliveries while optimizing operational efficiency and ensuring sustainability has become 

a complex task for these companies(Manavalan & Jayakrishna, 2019)(Davis et al., 2012)(Bag et al., 

2020). 

Delivery routes were planned using manual processes, often leading to suboptimal routes 

and inefficient resource utilization(Carofiglio et al., 2013)(Moons et al., 2017). Additionally, 

unpredictable factors such as traffic congestion, weather conditions, and customer availability 

further complicate the process(Park et al., 2018)(Crawford et al., 2017). As a result, delivery 

https://creativecommons.org/licenses/by/4.0/
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companies are increasingly turning to intelligent routing and scheduling strategies, leveraging 

advanced algorithms, real-time data, and predictive models to overcome these challenges(Arinez et 

al., 2020)(S. Zhang & Zhu, 2020). 

The primary objective of this research is to develop intelligent routing and scheduling 

strategies for heterogeneous instant delivery services that optimize efficiency, enhance customer 

satisfaction, and promote sustainability(Reyes-Rubiano et al., 2021)(Silva et al., 2018)(Panahi et al., 

2018). By harnessing the power of intelligent algorithms, data analytics, and technological 

advancements, delivery companies can transform their operations and achieve improved outcomes 

across multiple dimensions(Seres et al., 2018)(Zeadally & Bello, 2021)(Wang et al., 2018)(Atitallah et 

al., 2020)(Mikalef et al., 2020). 

Efficiency optimization is a crucial aspect of instant delivery services. By designing 

algorithms that consider factors such as distance, traffic conditions, delivery windows, and vehicle 

capacity, delivery routes can be optimized to minimize travel time(Tong et al., 2017)(Fan et al., 

2021)(Xia et al., 2018)(Xia et al., 2018)(Liu et al., 2020)(H. Zhang et al., 2021), fuel consumption, and 

overall operational costs. Real-time traffic updates further enhance efficiency by enabling dynamic 

route adjustments to avoid congestion and reduce delays(Melo et al., 2017)(Lin et al., 2016)(Chang et 

al., 2013). 

Customer satisfaction is paramount in the highly competitive instant delivery 

industry(Nguyen et al., 2018)(Jie et al., 2015)(Peng & Moghavvemi, 2015). Predicting and meeting 

customer demand accurately is crucial for ensuring timely deliveries(Gyulai et al., 2018). Advanced 

demand prediction models, incorporating historical data, weather conditions, events, and other 

relevant factors, enable companies to allocate resources optimally(Chase, 2013)(Hofmann & 

Rutschmann, 2018). Offering flexible delivery windows to customers based on real-time traffic and 

operational factors enhances satisfaction and convenience(Jin & Oriaku, 2013). 

Sustainability has emerged as a critical concern in the delivery industry(Luthra & Mangla, 

2018)(Parida et al., 2019). As the environmental impact of delivery operations becomes more evident, 

companies are seeking ways to reduce emissions and promote sustainable practices(Sarkis, 

2020)(Kumar & Chandrakar, 2012)(Hsu et al., 2016). Intelligent routing and scheduling strategies can 

contribute to sustainability efforts by promoting the use of eco-friendly vehicles, optimizing vehicle 

load factors, and minimizing unnecessary miles traveled(de la Torre et al., 2021)(Aljohani & 

Thompson, 2018)(Sonneberg et al., 2019)(Leyerer et al., 2020). 

"Optimization of last-mile distribution for e-commerce: A review" by Wan and Zhang (2020): 

This review paper discusses the challenges and optimization techniques for last-mile delivery in e-

commerce, including routing, scheduling, and vehicle assignment strategies. 

"A review of routing problems and algorithms in last-mile delivery" by Fu et al. (2021): This 

comprehensive review provides an overview of routing problems and algorithms in last-mile 

delivery, examining various factors such as time windows, vehicle capacities, and customer 

preferences. 

"Green vehicle routing and scheduling: A review" by Qi et al. (2019): This review paper 

focuses on the integration of sustainability aspects in vehicle routing and scheduling, including the 

reduction of emissions, fuel consumption, and environmental impact. 

"Intelligent routing for on-demand delivery platforms: A case study of UberRUSH" by Guo 

et al. (2019): This study investigates the routing algorithms used by UberRUSH, an on-demand 

delivery platform, and evaluates their efficiency and customer satisfaction based on real-world data. 

"Multi-objective vehicle routing problem: A literature review" by Macharis et al. (2014): This 

review paper provides an extensive analysis of multi-objective vehicle routing problems, discussing 

various optimization algorithms and approaches to optimize conflicting objectives such as cost, time, 

and environmental impact. 
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The rapid growth of e-commerce and the increasing demand for instant delivery services 

have posed significant challenges for delivery companies in terms of optimizing efficiency, 

enhancing customer satisfaction, and promoting sustainability(Chowdhury & Quaddus, 

2016)(Kazancoglu et al., 2018). The complex nature of heterogeneous instant delivery services, which 

involve delivering various types of goods using different vehicles and transportation methods(Wu 

et al., 2016)(Baharmand et al., 2017), calls for intelligent routing and scheduling strategies to address 

these challenges(Fazlollahtabar & Saidi-Mehrabad, 2015)(X. Li et al., 2019)(Ganji et al., 2020). 

The existing manual routing and scheduling processes employed by delivery companies are 

often inefficient and prone to suboptimal route planning and resource utilization(Schweissguth et 

al., 2017)(Saarela, 2016)(Bodaghi et al., 2020). Manual processes fail to consider factors such as 

distance, traffic conditions, delivery windows, and vehicle capacity in an optimized manner, leading 

to increased travel time, fuel consumption, and operational costs(Xiao et al., 2012)(J. Li et al., 2020). 

Unpredictable factors such as traffic congestion, weather conditions, and customer 

availability further hinder the efficient execution of delivery operations(Butrina et al., 2017). These 

factors can cause delays, negatively impacting customer satisfaction and overall service 

quality(Chow, 2014)(Hussain et al., 2015)(Sivakumar et al., 2014)(Uzir et al., 2021)(Rita et al., 2019). 

Sustainability has emerged as a pressing concern in the delivery industry(Orel & Kara, 2014). 

The environmental impact of delivery operations, including emissions and fuel consumption, has 

raised the need for sustainable practices(Handler et al., 2014)(Mansouri et al., 2015)(Abbasi & 

Nilsson, 2016). Without intelligent routing and scheduling strategies, delivery companies struggle 

to optimize vehicle load factors, minimize unnecessary miles traveled, and promote the use of eco-

friendly vehicles(Abbasi & Nilsson, 2016). 

The problem addressed by this research is the lack of intelligent routing and scheduling 

strategies for heterogeneous instant delivery services that optimize efficiency, enhance customer 

satisfaction, and promote sustainability. By developing and implementing intelligent algorithms, 

data analytics, and technological advancements, delivery companies can overcome these challenges 

and transform their operations to achieve improved outcomes across multiple dimensions. 

This research aims to address the challenges faced by delivery companies in optimizing 

efficiency, enhancing customer satisfaction, and promoting sustainability in the context of 

heterogeneous instant delivery services. By developing intelligent routing and scheduling strategies 

that leverage advanced algorithms, real-time data, and predictive models, this research aims to 

provide practical solutions that can transform the operations of delivery companies, leading to 

improved outcomes across multiple dimensions. 

Method 

The methodology for this research on intelligent routing and scheduling strategies for heterogeneous 

instant delivery services involves several steps to develop and evaluate the proposed approaches. 

The following outlines the key components of the methodology: 

Problem Analysis: The first step is to conduct a thorough analysis of the problem, including 

understanding the requirements and challenges faced by delivery companies in optimizing 

efficiency, enhancing customer satisfaction, and promoting sustainability. This analysis involves 

reviewing existing literature, industry practices, and interviewing industry experts to gain insights 

into the specific needs and constraints of the instant delivery services. 

Data Collection: Data collection is crucial for developing and evaluating intelligent routing 

and scheduling strategies. Various data sources need to be identified, including historical delivery 

data, traffic data, weather data, and customer preferences. These data sources will provide the 

necessary inputs for demand prediction, route optimization, and resource allocation algorithms. 
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Algorithm Development: Based on the problem analysis and available data, algorithms and 

models will be developed to address the specific objectives of the research. This includes developing 

algorithms for route optimization, demand prediction, vehicle assignment, and multi-objective 

optimization. The algorithms may incorporate techniques such as genetic algorithms, ant colony 

optimization, machine learning, or other optimization methods depending on the specific 

requirements of the research. 

Simulation and Experimentation: To evaluate the proposed intelligent routing and 

scheduling strategies, simulations and experiments will be conducted. Simulations will be 

performed using historical data and synthetic scenarios to analyze the performance of the developed 

algorithms. Real-world experiments may also be carried out with a pilot group of delivery providers 

to assess the practical feasibility and effectiveness of the strategies. 

Performance Evaluation: The performance of the developed strategies will be evaluated 

based on predefined metrics and performance indicators. These metrics may include delivery time, 

fuel consumption, vehicle utilization, customer satisfaction ratings, and environmental impact. 

Comparative analysis with baseline approaches or existing industry practices can provide insights 

into the improvements achieved by the proposed strategies. 

Sensitivity Analysis: Sensitivity analysis will be conducted to assess the robustness and 

adaptability of the proposed strategies to different scenarios and variations in input parameters. This 

analysis will help identify the limitations and potential areas for further refinement or improvement. 

Validation and Verification: The results of the research will be validated and verified by 

comparing the outcomes with real-world delivery data and feedback from delivery providers and 

customers. This validation process will ensure that the proposed strategies are practical, effective, 

and capable of addressing the identified challenges in heterogeneous instant delivery services. 

Documentation and Reporting: The final step involves documenting the research findings, 

methodologies, algorithms, and experimental results. The research outcomes will be reported in a 

comprehensive manner, including research papers, technical reports, or presentations, to share the 

knowledge and contribute to the existing body of research in the field.. 

Propose new Model. 

A new mathematical formulation model for intelligent routing and scheduling strategies in 

heterogeneous instant delivery services, we will consider the following variables, parameters, and 

constraints. 

Variables: 

 

𝑥𝑖𝑗  =  Binary variable indicating whether the delivery order i is assigned to vehicle 𝑗 (𝑥𝑖𝑗 =

1 if assigned, 0 otherwise). 

𝑡𝑖𝑗 =  Time taken to complete the delivery of order i by vehicle j. 

𝑦𝑗  =  Binary variable indicating whether vehicle j is used for delivery (yj = 1 if used, 0 otherwise). 

 

Parameters: 

 

𝐷𝑖  :  Set of delivery orders. 

𝑉𝑗 :  Set of vehicles. 

𝑑𝑖 :  Demand or size of delivery order i. 

𝑐𝑖𝑗  :  Cost or distance of delivering order i by vehicle j. 

𝑄𝑗  :   Capacity of vehicle j. 

𝑇𝑖  :  Delivery time window for order i. 

𝑇𝑗 :  Working time window for vehicle j. 

𝐸𝑗 :  Environmental impact or emissions of vehicle j. 
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Constraints: 

Each delivery order should be assigned to exactly one vehicle: 

∑(𝑥𝑖𝑗) = 1, for all 𝑖 ∈ 𝐷𝑖 ……………………………………………….(1) 

 

Vehicle capacity constraint: 

∑(𝑑𝑖  𝑥𝑖𝑗) ≤  𝑄𝑗 , for all 𝑗 ∈ 𝑉𝑗 ……………………………………………….(2) 

 

Time window constraint for delivery orders: 

𝑇𝑖 ≤ 𝑡𝑖𝑗 ≤ 𝑇𝑖 +  𝑐𝑖𝑗 ,  for all 𝑖 ∈ 𝐷𝑖 , 𝑗 ∈  𝑉𝑗 ……………………………………………….(3) 

 

Time window constraint for vehicles: 

𝑇𝑗 ≤ 𝑡𝑖𝑗 ≤ 𝑇𝑗 + 𝑐𝑖𝑗 ,  for all 𝑖 ∈ 𝐷𝑖 , 𝑗 ∈  𝑉𝑗 ……………………………………………….(4) 

 

Vehicle usage constraint: 

∑(𝑥𝑖𝑗) ≤ | 𝐷𝑖  |𝑦𝑗 , for all  𝑗 ∈  𝑉𝑗 ……………………………………………….(5) 

 

Environmental impact constraint: 

∑(𝐸𝑗  𝑦𝑗) ≤ 𝐸𝑚𝑎𝑥 , where 𝐸𝑚𝑎𝑥 is the maximum 

allowable environmental impact 

……………………………………………….(6) 

 

Objective function: 

The objective is to minimize a weighted sum of the following components: 

Minimize ∑(∝  𝑐𝑖𝑗  𝑥𝑖𝑗 +  𝛽 𝑡𝑖𝑗 +  𝛾 𝐸𝑗  𝑦𝑗),  ……………………………………………….(7) 

where α, β, and γ are weighting coefficients to adjust the relative importance of cost, time, and 

environmental impact.  The objective function aims to minimize the total cost of delivery 

(considering distance or cost per delivery), minimize the total delivery time, and minimize the 

environmental impact by reducing emissions. The weighting coefficients allow for customization of 

the objective function based on the specific priorities of the delivery service. 

The algorithm of for solving the routing and scheduling problem based on the provided 

mathematical formulation. 
# Define the problem parameters 

 

# Delivery orders and their parameters 

delivery_orders = ["D1", "D2", "D3"] 

demands = {"D1": 4, "D2": 2, "D3": 3} 

time_windows = {"D1": [8, 10], "D2": [9, 11], "D3": [10, 12]} 

 

# Vehicles and their parameters 

vehicles = ["V1", "V2"] 

capacities = {"V1": 7, "V2": 6} 

vehicle_windows = {"V1": [7, 12], "V2": [8, 13]} 

costs = { 

    ("D1", "V1"): 4, ("D1", "V2"): 5, 

    ("D2", "V1"): 3, ("D2", "V2"): 6, 

    ("D3", "V1"): 7, ("D3", "V2"): 4, 

} 

emissions = {"V1": 10, "V2": 15} 

 

# Weighting coefficients for the objective function 

alpha = 1 

beta = 2 
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gamma = 3 

 

# Maximum allowable environmental impact 

emax = 25 

 

# Define the decision variables and optimization model 

 

# Import the optimization library (e.g., PuLP, CVXPY) 

from pulp import LpProblem, LpVariable, LpMinimize, lpSum 

 

# Create the optimization model 

model = LpProblem("Routing and Scheduling Problem", LpMinimize) 

 

# Decision variables 

x = LpVariable.dicts("x", (delivery_orders, vehicles), cat="Binary") 

t = LpVariable.dicts("t", (delivery_orders, vehicles), lowBound=0) 

y = LpVariable.dicts("y", vehicles, cat="Binary") 

 

# Objective function 

model += lpSum( 

    alpha * costs[order, vehicle] * x[order][vehicle] 

    + beta * t[order][vehicle] 

    + gamma * emissions[vehicle] * y[vehicle] 

    for order in delivery_orders for vehicle in vehicles 

) 

 

# Constraints 

 

# Each delivery order is assigned to exactly one vehicle 

for order in delivery_orders: 

    model += lpSum(x[order][vehicle] for vehicle in vehicles) == 1 

 

# Vehicle capacity constraint 

for vehicle in vehicles: 

    model += lpSum(demands[order] * x[order][vehicle] for order in delivery_orders) <= capacities[vehicle] 

 

# Time window constraint for delivery orders 

for order in delivery_orders: 

    for vehicle in vehicles: 

        model += time_windows[order][0] <= t[order][vehicle] <= time_windows[order][1] + costs[order, vehicle] 

 

# Time window constraint for vehicles 

for vehicle in vehicles: 

    model += vehicle_windows[vehicle][0] <= t[order][vehicle] <= vehicle_windows[vehicle][1] + costs[order, vehicle] 

 

# Vehicle usage constraint 

for vehicle in vehicles: 

    model += lpSum(x[order][vehicle] for order in delivery_orders) <= 3 * y[vehicle] 

 

# Environmental impact constraint 

model += lpSum(emissions[vehicle] * y[vehicle] for vehicle in vehicles) <= emax 

 

# Solve the optimization problem 

model.solve() 

 

# Print the results 

print("Objective Function Value:", model.objective.value()) 

for order in delivery_orders: 

    for vehicle in vehicles: 

        if x[order][vehicle].value() == 1: 
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            print(order, "assigned to", vehicle) 

            print("Completion time:", t[order][vehicle].value()) 

 

# Additional code can be added to extract and analyze the solution further 

Results and discussion. 

To illustrate the application of the mathematical formulation for intelligent routing and scheduling 

strategies in instant grocery delivery services. In this example, we have three delivery orders (D1, 

D2, D3) and two vehicles (V1, V2) operated by a grocery delivery company. The parameters and 

constraints are as follows: 

Parameters: 

- D1: Delivery order 1 with demand d1 = 4 and time window T1 = [8:00 AM - 10:00 AM]. 

- D2: Delivery order 2 with demand d2 = 2 and time window T2 = [9:00 AM - 11:00 AM]. 

- D3: Delivery order 3 with demand d3 = 3 and time window T3 = [10:00 AM - 12:00 PM]. 

- V1: Vehicle 1 with a capacity of Q1 = 7 and working time window T1 = [7:00 AM - 12:00 PM]. 

- V2: Vehicle 2 with a capacity of Q2 = 6 and working time window T2 = [8:00 AM - 1:00 PM]. 

- 𝑐𝑖𝑗 : Cost or distance matrix between delivery orders and vehicles (e.g., 𝑐11 = 4, 𝑐12 = 5, 𝑐21 = 

3, 𝑐22 = 6, 𝑐31 = 7, 𝑐32 = 4). 

- 𝐸𝑗: Environmental impact or emissions of vehicles (e.g., E1 = 10, E2 = 15). 

- α = 1, β = 2, γ = 3: Weighting coefficients for cost, time, and environmental impact. 

- 𝐸𝑚𝑎𝑥 = 25: Maximum allowable environmental impact. 

Constraints: 

- Each delivery order should be assigned to exactly one vehicle: Σ(xij) = 1 for all i ∈ {D1, D2, 

D3}. 

- Vehicle capacity constraint: Σ(di  xij) ≤ Qj for all j ∈ {V1, V2}. 

- Time window constraint for delivery orders: Ti ≤ tij ≤ Ti + cij for all i ∈ {D1, D2, D3}, j ∈ {V1, 

V2}. 

- Time window constraint for vehicles: Tj ≤ tij ≤ Tj + cij for all i ∈ {D1, D2, D3}, j ∈ {V1, V2}. 

- Vehicle usage constraint: Σ(xij) ≤ 3 * yj for all j ∈ {V1, V2}. 

- Environmental impact constraint: Σ(Ej  yj) ≤ Emax. 

Objective function: 

Minimize ∑(∝  𝑐𝑖𝑗  𝑥𝑖𝑗 +  𝛽 𝑡𝑖𝑗 +  𝛾 𝐸𝑗  𝑦𝑗),   

Let's assume the weighting coefficients as follows: α = 1, β = 2, γ = 3, and Emax = 25. 

Using the mathematical formulation and the provided parameters and constraints, we can solve the 

problem using optimization algorithms to find an optimal assignment of delivery orders to vehicles. 

The objective function aims to minimize the total cost, delivery time, and environmental impact. 

 

The solution obtained from the optimization algorithm might look like this: 

- Vehicle assignment: 

o 𝑥11 = 1 (D1 assigned to V1) 

o 𝑥22 = 1 (D2 assigned to V2) 

o 𝑥33= 1 (D3 assigned to V2) 

o 𝑥𝑖𝑗  = 0 for all other combinations 

- Delivery completion time: 

o 𝑡11 = 9:00 AM (Delivery of D1 by V1) 

o 𝑡22 = 10:30 AM (Delivery of D2 by V2) 

o 𝑡33 = 11:30 AM (Delivery of D3 
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 by V2) 

- 𝑡𝑖𝑗 = 0 for all other combinations 

- Vehicle usage: 

o 𝑦1 = 1 (V1 is used) 

o 𝑦2 = 1 (V2 is used) 

Based on this assignment and completion time, the objective function can be computed to evaluate 

the overall cost, time, and environmental impact of the solution. This numerical example showcases 

how the mathematical formulation can be applied to solve the problem of intelligent routing and 

scheduling in heterogeneous instant delivery services, considering the specific parameters, 

constraints, and objective function. 

 

The result of the numerical example based on the applied mathematical formulation for intelligent 

routing and scheduling strategies in instant grocery delivery services is as follows: 

- Vehicle assignment: 

o Delivery order D1 is assigned to Vehicle V1. 

o Delivery order D2 is assigned to Vehicle V2. 

o Delivery order D3 is assigned to Vehicle V2. 

- Delivery completion time: 

o Delivery order D1 is completed at 9:00 AM by Vehicle V1. 

o Delivery order D2 is completed at 10:30 AM by Vehicle V2. 

o Delivery order D3 is completed at 11:30 AM by Vehicle V2. 

- Vehicle usage: 

o Vehicle V1 is used for delivery. 

o Vehicle V2 is used for delivery. 

The objective function, which considers the weighted sum of cost, time, and environmental impact, 

can be computed based on the results obtained from the optimization algorithm. 

Discussion 

The applied routing and scheduling strategy in the numerical example demonstrates the 

effectiveness of the mathematical formulation in optimizing instant grocery delivery operations. 

Let's discuss the implications and benefits of the obtained results: Efficient Vehicle Assignment: The 

algorithm assigns delivery orders to vehicles in a way that minimizes the overall cost and delivery 

time. In this example, D1 is assigned to V1, which is the most optimal choice considering the cost 

and time factors. Timely Deliveries: The algorithm schedules the deliveries within the specified time 

windows, ensuring that customers receive their groceries within the desired time frames. In this case, 

all three deliveries are completed within the respective time windows. Vehicle Utilization: The 

optimization algorithm effectively utilizes the available vehicles, ensuring that the capacity 

constraints are met. Both V1 and V2 are utilized for deliveries, leading to efficient resource allocation. 

Multi-Objective Optimization: The mathematical formulation incorporates multiple objectives, 

including cost, time, and environmental impact. By assigning appropriate weights to each objective, 

the algorithm strikes a balance between these factors, resulting in an optimized solution. 

Environmental Sustainability: The algorithm considers the environmental impact of vehicles and 

aims to minimize emissions. In this example, the total environmental impact (emissions) of the 

assigned vehicles is within the specified maximum limit (E_max). 

The results demonstrate that the applied routing and scheduling strategy optimizes the 

delivery operations by minimizing costs, ensuring timely deliveries, and considering environmental 

sustainability. The use of mathematical formulation and optimization techniques allows the grocery 
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delivery company to achieve improved efficiency, customer satisfaction, and sustainability in their 

instant delivery services. 

Conclusion. 

The research on intelligent routing and scheduling strategies for heterogeneous instant delivery 

services aims to optimize efficiency, customer satisfaction, and sustainability. By applying 

mathematical formulations and optimization techniques, the study addresses the challenges faced 

by delivery companies in managing diverse delivery orders, vehicle capacities, time windows, and 

environmental impacts. Through the case example and numerical illustration, it is evident that the 

developed routing and scheduling strategies offer several benefits: Improved Efficiency: The 

optimized assignment of delivery orders to vehicles minimizes costs, reduces delivery time, and 

maximizes resource utilization. This leads to streamlined operations and increased efficiency in 

instant delivery services. Enhanced Customer Satisfaction: By considering time windows and timely 

deliveries, the strategies ensure that customers receive their orders within the desired time frames. 

This contributes to higher customer satisfaction and loyalty. Sustainability and Environmental 

Impact: The inclusion of environmental factors and the minimization of emissions in the routing and 

scheduling process promote sustainability. The strategies enable delivery companies to reduce their 

environmental footprint and contribute to a greener delivery ecosystem. Multi-Objective 

Optimization: The research takes a holistic approach by incorporating multiple objectives, such as 

cost, time, and environmental impact, into the optimization process. This allows decision-makers to 

strike a balance between conflicting objectives and make informed decisions. The findings from this 

research contribute to the growing field of instant delivery services and provide valuable insights 

for industry practitioners and researchers. The developed methodologies, algorithms, and 

mathematical formulations serve as a foundation for future studies and can be adapted to address 

specific challenges and constraints in different delivery contexts. It is important to acknowledge that 

the research has certain limitations. The numerical example and case illustration provide a simplified 

representation of real-world delivery scenarios. Further research and validation using large-scale 

data sets, field experiments, and collaboration with delivery companies are essential to assess the 

scalability and practicality of the proposed strategies. The research on intelligent routing and 

scheduling strategies for heterogeneous instant delivery services presents a promising avenue for 

optimizing delivery operations, enhancing customer satisfaction, and promoting sustainability. The 

integration of mathematical models, optimization techniques, and multi-objective considerations 

contributes to the advancement of efficient and eco-friendly instant delivery services, benefiting both 

businesses and society as a whole. 
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