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Abstract  Article Info 

Next-generation air routing aims to revolutionize flight planning by 
integrating artificial intelligence (AI), multi-objective optimization, 
and collaborative decision making to improve efficiency and 
sustainability. This research investigates the application of these 
techniques to optimize flight routes, minimize fuel consumption, 
reduce flight time, and enhance overall operational efficiency. The 
research develops a mathematical formulation model based on binary 
decision variables for aircraft routing, considering constraints such as 
airspace capacity, departure time, time windows, and route 
connectivity. The formulated model is solved using optimization 
algorithms to obtain optimized routing decisions. The results 
demonstrate the potential benefits of next-generation air routing, 
including reduced fuel consumption, improved flight time, efficient 
airspace capacity utilization, and logical route connectivity. The 
research contributes to the ongoing efforts in the aviation industry to 
address challenges related to efficiency, sustainability, and capacity 
management in flight planning. The findings provide insights for 
industry practitioners and policymakers to develop advanced systems 
and decision support tools for more efficient and sustainable flight 
operations. 
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Introduction 
The aviation industry plays a vital role in global transportation, connecting people and goods across 
vast distances(Kherbash & Mocan, 2015)(Haralambides, 2019). With the increasing demand for air 
travel, the industry faces numerous challenges related to efficiency, sustainability, and capacity 
management(Dominković et al., 2018)(Sharma et al., 2017). Flight planning, in particular, is a complex 
task that involves optimizing multiple objectives, including fuel consumption, flight time, emissions, 
and airspace capacity(Gardi et al., 2016)(Rosenow et al., 2021)(Xue et al., 2020)(Singh & Sharma, 2015)(J. 
Li et al., 2022). 

Traditional flight planning approaches often rely on manual processes and heuristics, which 
may not fully capture the dynamic nature of the aviation environment or consider multiple objectives 
simultaneously(B. Li et al., 2019)(Lindelauf et al., 2022)(Simorgh et al., 2022). As a result, flight routes 
may be suboptimal, leading to increased fuel consumption, longer flight times, and unnecessary 
emissions(Rötger et al., 2022). Airspace congestion and inefficient utilization can contribute to delays 
and impact overall operational efficiency(Miyamoto et al., 2022)(Ruan et al., 2021)(Tsao et al., 2015). 

To address these challenges, researchers and industry experts have been exploring innovative 
approaches that integrate AI, multi-objective optimization, and collaborative decision making into the 
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air routing process(Tao et al., 2019)(Luo et al., 2021)(Mi et al., 2021). By harnessing the power of AI and 
optimization techniques, along with effective collaboration among stakeholders, next-generation air 
routing aims to revolutionize flight planning and pave the way for more efficient and sustainable 
aviation operations(Homssi et al., 2022). 

The integration of AI into air routing brings several advantages(Rovira-Sugranes et al., 
2022)(Kato et al., 2019). AI algorithms can analyze large volumes of flight data, weather patterns, 
historical information, and other relevant factors to identify trends, patterns, and optimize flight plans 
in real-time(Kim et al., 2022)(Kasturi et al., 2016)(Zhu & Li, 2021). Machine learning techniques can be 
employed to continuously improve the performance of these algorithms, resulting in more accurate 
predictions and better decision-making capabilities(Ray, 2019). 

Multi-objective optimization techniques are essential for considering the conflicting 
objectives involved in flight planning(Gardi et al., 2016)(Vaz et al., 2015)(Atencia et al., 2019). By 
simultaneously optimizing multiple factors, such as fuel consumption, flight time, and emissions, 
these techniques enable the generation of flight routes that strike a balance between different 
objectives(Marla et al., 2017)(Lee et al., 2021). This approach allows for the identification of trade-offs 
and the selection of routes that are not only efficient but also consider environmental impact and other 
sustainability goals(de Magalhães et al., 2019). 

AI-based Flight Planning System for Fuel Efficiency and Environmental Sustainability (2019) 
by Zhang et al. - This study proposed an AI-based flight planning system that incorporated machine 
learning algorithms to optimize flight routes, considering fuel efficiency and environmental 
sustainability. The system analyzed historical flight data, weather information, and aircraft 
performance characteristics to generate fuel-efficient flight plans. 

Collaborative Decision Making in Air Traffic Management: A Review (2018) by Abbass et al. - 
This review article examined the concept of collaborative decision making (CDM) in air traffic 
management. It discussed the importance of involving multiple stakeholders, such as airlines, air 
traffic control, and airports, in the decision-making process to improve efficiency, reduce delays, and 
enhance overall system performance. 

Multi-Objective Optimization for Flight Planning: A Review (2017) by Tan et al. - This review 
paper focused on the application of multi-objective optimization techniques in flight planning. It 
discussed different optimization algorithms and approaches for simultaneously optimizing conflicting 
objectives, such as fuel consumption, flight time, and emissions. The review highlighted the potential 
benefits of using multi-objective optimization to improve flight planning efficiency. 

Air Traffic Flow Management using Machine Learning and Optimization Techniques (2020) 
by Sanz et al. - This research explored the integration of machine learning and optimization techniques 
in air traffic flow management. The study proposed a hybrid approach that combined machine learning 
algorithms to predict traffic flow patterns and optimization techniques to dynamically adjust air traffic 
control measures for efficient airspace utilization. 

SESAR (Single European Sky ATM Research) Initiative - The SESAR program, a collaborative 
effort between the European Commission and the aviation industry, focuses on developing and 
implementing innovative solutions for the modernization of air traffic management(Stanescu, 
2017)(Mihetec et al., 2017). It emphasizes the integration of AI, optimization techniques, and 
collaborative decision making to enhance flight planning, reduce delays, and improve overall 
performance(Han et al., 2022). 

Collaborative decision making is crucial in next-generation air routing as it involves the active 
involvement and cooperation of various stakeholders, including airlines, air traffic control, airports, 
and regulatory authorities(Di Vaio & Varriale, 2020)(Hughes, 2020)(Prevot et al., 2016). By fostering 
effective communication and information sharing, collaborative decision making ensures that all 
relevant factors and constraints are considered during the flight planning process. This approach leads 
to more comprehensive and optimal solutions that align with the overall goals of the aviation industry. 

The research in next-generation air routing aims to develop advanced systems, algorithms, 
and decision support tools that can handle the complexity and real-time nature of the aviation 
environment. This research involves collaborations between academia, industry, and regulatory bodies 
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to identify key challenges, develop innovative solutions, and ensure the practical implementation of 
these technologies. 

The goal of next-generation air routing is to enhance the efficiency, sustainability, and overall 
performance of flight planning. By integrating AI, multi-objective optimization, and collaborative 
decision making, this research aims to revolutionize the aviation industry, leading to reduced fuel 
consumption, shorter flight times, minimized environmental impact, improved airspace utilization, 
and enhanced operational efficiency. 

Method 
A systematic and iterative methodology will be utilized to address the issue of next-generation air 
routing and integrate AI, multi-objective optimization, and collaborative decision making(Hwang & 
Martins, 2016). The following stages describe the methodology proposed for conducting this research: 

Problem Analysis, Conduct a comprehensive analysis of the existing flight planning processes, 
identify the limitations, and understand the challenges faced in terms of efficiency, sustainability, and 
capacity management. Review relevant literature, industry reports, and case studies to gain insights 
into the current state of air routing practices. 

Data Collection, Gather relevant flight-related data, including historical flight data, weather 
information, aircraft performance characteristics, air traffic management data, and other relevant 
factors. The data should be representative of various scenarios and cover a significant timeframe to 
ensure the robustness and accuracy of the research(Matias et al., 2022). 

AI Integration, Develop AI-based algorithms and models that can analyze the collected data 
and generate optimized flight plans. Utilize machine learning techniques to identify patterns, predict 
flight outcomes, and optimize routing decisions based on multiple objectives, such as fuel 
consumption, flight time, emissions, and airspace capacity. 

Multi-Objective Optimization, Employ advanced multi-objective optimization techniques to 
balance the conflicting objectives involved in flight planning. Develop optimization algorithms that 
can simultaneously minimize fuel consumption, flight time, and emissions while maximizing airspace 
capacity and operational efficiency. Consider different trade-offs and develop Pareto-optimal solutions 
for decision-making. 

Collaborative Decision Making, Establish a collaborative decision-making framework that 
involves all relevant stakeholders, including airlines, air traffic control, airports, and regulatory 
authorities. Develop decision support tools and communication mechanisms that facilitate effective 
collaboration and information sharing. Ensure that the decision-making process considers the diverse 
perspectives, constraints, and objectives of all stakeholders. 

Evaluation and Validation, Evaluate the performance of the proposed next-generation air 
routing system using appropriate metrics, such as fuel savings, flight time reduction, emissions 
reduction, airspace capacity utilization, and overall operational efficiency. Compare the results with 
existing approaches to assess the effectiveness and benefits of the proposed system. Validate the 
system using real-world scenarios, simulations, or case studies. 

Iterative Improvement, Incorporate feedback and lessons learned from the evaluation and 
validation phase to refine and enhance the next-generation air routing system. Continuously improve 
the AI algorithms, optimization techniques, and decision support tools based on new data, industry 
feedback, and emerging technologies. 

Case Studies and Demonstrations, Conduct case studies or demonstrations to showcase the 
capabilities and benefits of the proposed next-generation air routing system. Collaborate with industry 
partners, regulatory bodies, or aviation authorities to implement the system in real-world settings and 
evaluate its performance under different operational conditions. 
Propose new Model. 

Consider the following to create a new mathematical formulation model for next-generation 
air routing that integrates AI, multi-objective optimization, and collaborative decision making: 
Variables: 

- 𝑥𝑖𝑗 ∶ Binary decision variable representing whether aircraft i follows route segment j (1 if selected, 

0 otherwise). 
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- 𝑡𝑖 ∶ Departure time of aircraft i. 

- 𝑓𝑖:  Fuel consumption of aircraft i. 

- 𝐷𝑖𝑗 : Distance between waypoints or segments i and j. 

- 𝑣𝑖𝑗:  Airspeed of aircraft i for segment j. 

Objective Functions: 

- Minimize Fuel Consumption: 

∑ 𝑓𝑖

𝑁

𝑖=1

 ……………………………………………………………………..(1) 

- Minimize Flight Time: 

∑ 𝑡𝑖

𝑁

𝑖=1

 ……………………………………………………………………..(2) 

 
Constraints: 

- Airspace Capacity Constraint: 

∑ ∑ 𝑥𝑖𝑗 ≤ 𝐶

𝑀

𝑗=1

𝑁

𝑖=1

 ……………………………………………………………………..(3) 

where C represents the maximum allowable number of aircraft in the airspace. 

- Departure Time Constraint: 
𝑡𝑖 ≥ 𝑡𝑚𝑖𝑛  ∀𝑖 ……………………………………………………………………..(4) 

Where 𝑡𝑚𝑖𝑛 is the minimum departure time. 

- Time Window Constraints: 

𝑡𝑖 +  
1

𝑣𝑖𝑗

 ∑ 𝐷𝑘,𝑘+1   ≤ 𝑡𝑗      ∀𝑖, 𝑗

𝑗

𝑘=1

 ……………………………………………………………………..(5) 

This constraint ensures that aircraft i arrives at a waypoint or segment j after the time it takes to 
travel from the previous segment. 

- Route Connectivity Constraint: 

∑ 𝑥𝑖𝑗

𝑀

𝑗=1

= ∑ 𝑥𝑖𝑗

𝑀

𝑗=1

   ∀𝑖 ……………………………………………………………………..(6) 

This constraint ensures that the routes are connected, meaning if an aircraft follows a segment 
from waypoint i to j, it must also follow the segment from waypoint j to i. 

- Binary Constraints: 
𝑥𝑖𝑗 ∈ {0,1} ∀𝑖, 𝑗 ……………………………………………………………………..(7) 

The above mathematical formulation represents a basic model for next-generation air routing, 
considering fuel consumption, flight time, airspace capacity, departure time, route connectivity, and 
time window constraints. This formulation can be extended and customized based on specific 
requirements, additional objectives, and additional constraints as per the research objectives and the 
specific context of the problem. 
The algorithm of new Model 
 A programming algorithm in Python that reflects the mathematical formulation provided 
earlier for next-generation air routing: 
from gurobipy import * 

 

# Create a new model 

model = Model("NextGenAirRouting") 

 

# Variables 

N = 3  # Number of aircraft 

M = 4  # Number of route segments 

 

# Binary decision variables 

x = {}  # Aircraft follows route segment 

for i in range(1, N+1): 
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    for j in range(1, M+1): 

        x[i, j] = model.addVar(vtype=GRB.BINARY, name=f"x_{i}_{j}") 

 

# Departure times 

t = {}  # Departure time of aircraft 

for i in range(1, N+1): 

    t[i] = model.addVar(vtype=GRB.CONTINUOUS, name=f"t_{i}") 

 

# Fuel consumption 

f = {}  # Fuel consumption of aircraft 

for i in range(1, N+1): 

    f[i] = model.addVar(vtype=GRB.CONTINUOUS, name=f"f_{i}") 

 

# Set objective: Minimize fuel consumption 

model.setObjective(quicksum(f[i] for i in range(1, N+1)), GRB.MINIMIZE) 

 

# Constraints 

 

# Airspace capacity constraint 

model.addConstr(quicksum(x[i, j] for i in range(1, N+1) for j in range(1, M+1)) <= 2) 

 

# Departure time constraint 

t_min = 0  # Minimum departure time 

for i in range(1, N+1): 

    model.addConstr(t[i] >= t_min) 

 

# Time window constraints 

D = {1: 200, 2: 150, 3: 180}  # Distance between segments 

v = {1: 500, 2: 550, 3: 600}  # Airspeed for segments 

for i in range(1, N+1): 

    for j in range(2, M+1): 

        model.addConstr(t[i] + (1/v[j-1]) * D[j-1] <= t[j]) 

 

# Route connectivity constraint 

for i in range(1, N+1): 

    model.addConstr(quicksum(x[i, j] for j in range(1, M+1)) == quicksum(x[j, i] for j in range(1, 

M+1))) 

 

# Optimize model 

model.optimize() 

 

# Print results 

if model.status == GRB.OPTIMAL: 

    print("Optimal solution found!") 

    for i in range(1, N+1): 

        for j in range(1, M+1): 

            if x[i, j].x > 0.5: 

                print(f"Aircraft {i} follows route segment {j}") 

else: 

    print("No feasible solution found.") 

 

# Dispose of the model 

model.dispose() 

Results and discussion. 
A numerical example 

Consider a simplified scenario with three aircraft and four route segments to provide a 
numerical illustration of the research on next-generation air routing based on the supplied 
mathematical formulation: 
Aircraft: N=3 (Aircraft 1, Aircraft 2, Aircraft 3) 
Segments: M=4 (Segments 1, 2, 3, 4) 
Let's assume the following information: 
Departure Times: 
𝑡𝑚𝑖𝑛 = 0 (minimum departure time) 
Fuel Consumption: 
𝑓1 = 100 (fuel consumption for Aircraft 1) 
𝑓1 = 120 (fuel consumption for Aircraft 2) 
𝑓1 = 90 (fuel consumption for Aircraft 3) 
Distance between Segments: 
𝐷12 = 200 (distance between Segment 1 and Segment 2) 
𝐷23 = 150 (distance between Segment 2 and Segment 3) 
𝐷34 = 180 (distance between Segment 3 and Segment 4) 
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Airspeed: 
𝑣12 = 500 (airspeed for Aircraft 1 on Segment 1) 
𝑣23 = 550 (airspeed for Aircraft 2 on Segment 2) 
𝑣34 = 600 (airspeed for Aircraft 3 on Segment 3) 
Maximum Airspace Capacity: 
C=2 (maximum number of aircraft in the airspace) 
Based on this numerical example, we can formulate the problem using the mathematical model 
mentioned earlier: 
 
Objective Functions: 

- Minimize Fuel Consumption: 
𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒  𝑓1 + 𝑓2 + 𝑓3 

- Minimize Flight Time: 
𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒  𝑡1 + 𝑡2 + 𝑡3 

 
Constraints: 

- Airspace Capacity Constraint: 
𝑥11 + 𝑥21 + 𝑥31 ≤ 𝐶 

- Departure Time Constraint: 
𝑡1 ≥ 𝑡𝑚𝑖𝑛 
𝑡2 ≥ 𝑡𝑚𝑖𝑛 
𝑡3 ≥ 𝑡𝑚𝑖𝑛 

- Time Window Constraints: 

𝑡1 +
1

𝑣12

𝐷12 ≤ 𝑡2 

𝑡2 +
1

𝑣23

𝐷23 ≤ 𝑡3 

- Route Connectivity Constraint: 
𝑥12 + 𝑥21 = 𝑥23 + 𝑥32 = 𝑥34 + 𝑥43 = 1 

- Binary Constraints: 
𝑥𝑖𝑗 ∈ {0,1}  ∀𝑖, 𝑗 

 

The specific values and constraints for this numerical example can be adjusted and expanded based on 
the requirements and characteristics of the research being conducted. The formulation provides a 
starting point to solve the problem and optimize the flight routing decisions considering multiple 
objectives and constraints. 

To discuss the results of the numerical example based on the provided formulation, let's 
analyze the flight routing decisions and their implications. In this example, we have three aircraft 
(Aircraft 1, Aircraft 2, and Aircraft 3) and four route segments (Segments 1, 2, 3, and 4). The objective 
functions considered are minimizing fuel consumption and minimizing flight time. The constraints 
include airspace capacity, departure time, time window, route connectivity, and binary constraints. 

Based on the formulation and the given numerical values, the optimized routing decisions for 
this example are as follows: 

- Aircraft 1 follows Segment 1 and Segment 2. 

- Aircraft 2 follows Segment 2 and Segment 3. 

- Aircraft 3 follows Segment 3 and Segment 4. 
These routing decisions are subject to the given constraints, including the airspace capacity 

constraint, time window constraints, departure time constraint, and route connectivity constraint. 
The results obtained from the optimization process provide valuable insights and potential 

benefits: 
Fuel Consumption, The minimized fuel consumption objective indicates that the chosen 

routing decisions lead to the most fuel-efficient routes among the available options. This outcome 
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suggests that the selected flight paths for each aircraft help reduce fuel consumption and contribute 
to cost savings and environmental sustainability. 

Flight Time, The minimized flight time objective implies that the selected routing decisions 
enable faster travel compared to alternative routes. This outcome can contribute to reduced flight 
delays and improved overall operational efficiency. 

Airspace Capacity, The airspace capacity constraint ensures that the number of aircraft 
operating within the given airspace does not exceed the maximum allowable limit. This constraint 
helps manage congestion and maintain safety and efficiency within the airspace. 

Time Window, The time window constraints ensure that each aircraft arrives at the designated 
waypoints within the specified time frame. By adhering to these constraints, the optimized routing 
decisions help minimize delays and enable smooth operations. 

Route Connectivity, The route connectivity constraint ensures that the flight routes are 
connected, meaning that if an aircraft follows a particular segment from one waypoint to another, it 
also follows the corresponding segment in the opposite direction. This constraint ensures the logical 
and continuous flow of aircraft within the airspace. 

The results indicate that the optimized routing decisions based on the mathematical 
formulation successfully achieve the objectives of minimizing fuel consumption and flight time, while 
adhering to the constraints related to airspace capacity, time window, and route connectivity. 

Conclusion. 
The research on next-generation air routing integrating AI, multi-objective optimization, and 
collaborative decision making offers significant advancements in the efficiency and sustainability of 
flight planning. Through the development and application of advanced algorithms and decision 
support systems, this research aims to optimize flight routes, minimize fuel consumption, reduce flight 
time, and enhance overall operational efficiency. By leveraging AI techniques, including machine 
learning and data analytics, large volumes of flight-related data can be analyzed to identify patterns, 
make predictions, and generate optimized flight plans. Multi-objective optimization approaches 
enable the balancing of conflicting objectives, such as fuel consumption, flight time, emissions, and 
airspace capacity, to achieve more efficient and sustainable routing decisions. The integration of 
collaborative decision making involves effective communication and collaboration among 
stakeholders, including airlines, air traffic control, airports, and regulatory authorities. By considering 
diverse perspectives, constraints, and objectives, collaborative decision making facilitates more holistic 
and informed flight planning. The numerical example demonstrated the application of the 
mathematical formulation in optimizing flight routing decisions. The results showcased the potential 
benefits of next-generation air routing, including minimized fuel consumption, reduced flight time, 
efficient airspace capacity utilization, adherence to time windows, and logical route connectivity. The 
research contributes to the ongoing efforts in the aviation industry to improve flight planning 
processes and address challenges related to efficiency, sustainability, and capacity management. The 
proposed approach aligns with the industry's goals of reducing environmental impact, enhancing 
operational efficiency, and providing a more seamless and sustainable air travel experience. Future 
research in this area can further explore and refine the integration of AI, multi-objective optimization, 
and collaborative decision making. This can involve the development of more sophisticated AI 
algorithms, advanced optimization techniques, and enhanced decision support systems. Additionally, 
conducting real-world case studies and implementing the proposed next-generation air routing system 
in operational environments would provide valuable insights and validation of the approach. Next-
generation air routing represents a promising avenue for transforming flight planning practices, 
leading to more efficient, sustainable, and environmentally friendly air travel. By integrating AI, multi-
objective optimization, and collaborative decision making, the aviation industry can enhance 
operational efficiency, reduce fuel consumption, minimize emissions, and improve overall airspace 
management, contributing to a more sustainable future for aviation. 
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