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Abstract:

The carbon dioxide (CO 2) emissions are not the only effects of aviation on climate change, where
condensation trails (contrails) are also considered one of the most notable contributors to global
warming. This work discusses the problem of contrail formation detection and reduction in the form of
the possible implementation of Artificial Intelligence (Al) in the aviation processes. The simulation-
based methodology was used whereby there was a combination of atmospheric data and flight
parameters in developing supervised machine learning models that can predict the presence of contrails.
The results suggest that the proposed model is able to capture patterns associated with contrail formation
with a reasonable level of accuracy. Simulated route changes informed by the model suggest that there is
the potential to reduce the contrail occurrence, though there are slight increases in fuel consumption and
flight distance. The study is valuable in that it illustrates how Al-based prediction and routing plans can
be used as a complementary measure to mitigate non-CO2 aviation effects. Nevertheless, due to the fact
that the results are obtained based on modeled data, one will have to perform additional validation by
using real-world operational datasets to confirm the practical applicability. Altogether, this paper leads
to the prospective studies of incorporating intelligent systems into the sustainable aviation operations.

Keyword: Artificial Intelligence, Contrail Formation, Aviation Climate Impact, Machine Learning,
Flight Path, Optimization.

1. INTRODUCTION
The aviation sector is a critical component in global connectedness and economic growth; it is also a
major contributor to climate change. Although a lot of focus has been put on carbon dioxide (CO 2 )
emissions, recent research indicates that non-CO 2 effects, especially condensation trails (contrails) may
have equally, or even more, significant impact on global warming. Contrails are visible when outgoing
infrared radiation gets trapped in outgoing aircraft exhaust and interacts with cold and humid
atmospheric conditions, leading to atmospheric warming.
Although increasing awareness has been raised on the climatic impacts of contrails, mitigation measures
have been constrained by the complexity and variability of weather conditions. The existing flight
planning systems are optimized in fuel efficiency and cost, with little consideration given to real-time
environmental impact considerations. Consequently, there is an acute lack in the capacity to dynamically
forecast and avert contrail-forming regions throughout the flight operations.
The recent developments in Artificial Intelligence present some encouraging prospects to solve this issue.
A system based on Al can find high-risk areas of contrail formation and suggest alternative routes with
the least operational impact. Such smart solutions allow a more adaptive and environmentally friendly
aviation system, which balances efficiency and sustainability.
The main aim of the study is to investigate how Al-based methods could be applied in contrail
avoidance, as a strategy to mitigate the climate impact of aviation. In particular, this study will focus on:

1. Examine the contrail formation and climatic impact of contrails caused by aircraft.

2. Assess the performance of Al models in forecasting contrail-probable atmospheric conditions.

3. Evaluate the possibilities of optimized flight routing in reducing environmental impact.
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The present study is substantial because it leads to the further development of the existing body of
knowledge on sustainable aviation practices and offers a technological direction to reduce non-CO2
climate impacts. The results will be aimed to assist policymakers, airline operators, and researchers to
create more environmentally friendly aviation strategies, as well as to enhance the integration of
artificial intelligence into climate-focused decision-making.

2. LITERATURE REVIEW

In recent years, it has become a significant subject of concern, especially since it is a leading contributor
to global climate change. Although the carbon dioxide (CO 2 ) emissions have been the main point of
focus, research has established that the non-CO 2 effects, particularly the contrail formation have a high
impact on the atmospheric warming (David S. Lee et al., 2021). Contrails are caused when aircraft
exhaust water vapor condenses and freezes in cold, humid atmospheric conditions, which often result in
the formation of cirrus clouds trapping heat in the atmosphere (Burkhardt and Kaecher, 2011).

Studies reveal that persistent contrails and the cirrus clouds formed as a result of contrail can produce
more radiative forcing than the direct CO 2 emissions produced by aviation (Lee et al., 2021). This has
resulted in growing interest in mitigation measures that specifically address contrail formation.
Nevertheless, the highly dynamic and localized nature of atmospheric conditions like temperature,
humidity and pressure makes it difficult to predict the occurrence of contrails (Schumann, 2005).

The traditional flight planning systems are optimized generally with fuel efficiency and operational cost,
which often overlooks environmental considerations based on contrail formation (Matthes et al., 2017).
Consequently, aircraft often fly over areas which are highly favourable to the formation of contrails and
so enhance their climate impact. Others have argued that slight changes in the altitude of flights or their
routes can considerably decrease the contrail formation without significant fuel penalties (Teoh et al.,
2020).

As Artificial Intelligence continues to evolve, the field has come up with new strategies that can help
find solutions to the shortcomings of the traditional methods. Large datasets, which comprise
meteorological parameters and flight parameters, have been used to predict contrail formation by the
application of machine learning models (Fuglestvedt et al., 2010). These models can help to better
identify contrail-prone areas, to make dynamic and data-driven decisions about flight operations.

Recent research has shown that contrail avoidance systems developed with Al can minimize radiative
forcing caused by aviation through optimization of the flight path in real time (Teoh et al., 2020). With
the coordination of predictive analytics with air traffic management systems, one can achieve the
balance between operational efficiency and environmental sustainability. In spite of these developments,
there are still issues in terms of data access, computer needs and how these systems can be integrated
with the current aviation system.

3. METHODOLOGY

The study is based on a quantitative, simulation-based methodology to investigate how Artificial
Intelligence (Al) can be utilized to forecast and prevent contrail formation in aviation. Instead of
deploying smart flight control in real-time, the study relies on secondary data and computational models
to analyse the potential to reduce the climate impact of contrails through intelligent flight adjustments.
The approach to the methodology integrates the analysis of atmospheric conditions, machine learning
prediction, and a route optimization plan.

A. Research Design

The research design is a simulation based experimental study, in which historical aviation and weather
data are being processed to determine the trends relating to contrail formation. The overall aim is to
determine whether Al-generated predictions can be used to support decision-making in flying route
modification to avoid areas that support persistent contrails, without compromising its operational
performance.
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B. Data Collection
In order to facilitate the analysis, there are two major data types that are included:

1. Atmospheric Data

The meteorological variables that control the formation of contrails are obtained using well-established
climate data. These include:

e The ambient temperature at cruising altitudes.

e Relative humidity with respect to ice (RHi)

e Atmospheric pressure levels

e Direction and speed of wind.

These parameters are critical in identifying ice-super saturated regions (ISSRs), which are commonly
known to be the main atmospheric conditions under which persistent contrails are formed.

2. Flight Data

They also make use of the operational flight information to supplement atmospheric observations. The
dataset includes:

Specifications of aircraft (e.g., engine type and efficiency)

e Profiles of flight altitude and cruising levels.

e Route trajectories and velocity.

e Patterns of estimated fuel consumption.

These data are based on publicly available aviation data and are combined with meteorological data,
including the services offered by the European Centre for Medium-Range Weather Forecasts, in order to
achieve consistency and reliability.

C. Al-Based Prediction Model.
In order to simulate the formation of contrails, this paper will utilize machine learning methods in the
domain of Artificial Intelligence.

1. Model Selection

A group of supervised learning algorithms is used to represent the association between environmental
factors and the presence of contrails. They are the ensemble-based algorithms like Random Forest or
Gradient Boosting, and the neural network architectures that can be used to model the complex nonlinear
interactions.

2. Feature Construction

A predictive model is created after an aggregate of environmental and operational factors. Input features
consist of:

e Atmospheric indicators (temperature, humidity, pressure)

e Flight characteristics (altitude, speed, engine structure)

The output variable is stated to be a binary classification, i.e., whether atmospheric conditions are
favourable to form contrails or not.
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Fig 1: Al-Based Contrail Prediction Framework
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Figure 1 presents the end-to-end architecture of the proposed Al-based prediction model, highlighting
the interaction between environmental and operational data, feature construction, supervised learning
algorithms, and evaluation mechanisms for contrail prediction.

Table 1: Input Features Used for Contrail Prediction Model

Category

Feature

Description

Atmospheric Data

Temperature

Ambient air temperature at
altitude

cruising

Atmospheric Data

Relative Humidity (RHi)

for ISSR detection)

Humidity with respect to ice (critical

Atmospheric Data

Pressure

Atmospheric pressure levels

Atmospheric Data

Wind Speed

Speed of air movement

Atmospheric Data

Wind Direction

Direction of airflow

Flight Data Altitude Aircraft cruising altitude
Flight Data Speed Aircraft velocity
Flight Data Engine Type Engine  characteristics  affecting
emissions
Flight Data Route Trajectory Flight path coordinates
Flight Data Fuel Consumption Estimated fuel burn rate
This input features used in the prediction model are summarized in Table 1.
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3. Model Training and Evaluation

In order to have a valid evaluation of the performance of the model, the available data is split into two
parts, where 70 percent of the available data is used to train the model, and the remaining 30 percent to
test the model. This is because the model can be tested on unknown data, where the possibility of biased
outcomes is minimal.

To introduce further stability of the model, a cross-validation process is implemented in the training
phase. This methodology assists in making sure that the performance of the model occurs in various
subsets of the data as opposed to depending on a single split.

The performance of the model is evaluated based on various evaluation indicators, such as accuracy,
precision, recall, and the F1-score. The metrics are a balanced perspective to the extent to which the
model predicts the occurrence of contrail-forming conditions and minimum false predictions.

D. Contrail Avoidance Optimization.
After predicting contrail-prone areas, an optimization algorithm will be used to modify flight routes.
Approach:

e Find other altitudes or paths that do not pass through ISSRs.
e Reduce the off-course flight.
e Minimize the fuel consumption increment.

Some of the optimization techniques can be:
e Heuristic search methods
e Routing strategies based on reinforcement learning.

E. Evaluation Metrics

To assess the effectiveness of the proposed Al-based system, the following metrics are used:
e Decrease in the frequency of contrail formation.

e Impact of change in radiative forcing.

e Fuel consumption variation (%)

e Distance of route deviation (km)

F. Tools and Implementation
The model is put into practice in terms of Python programming language
Libraries such as:

e TensorFlow / Scikit-learn

e Data processing with Pandas and NumPy.

The results of visualizations and simulations are obtained to compare the baseline flight paths and the
Al-optimized ones.

G. Ethical and Practical Considerations.

The present study is based on publicly available data and is not associated with human subjects. But
some considerations of practical implementation include:

e It can be integrated with the already existing air traffic control systems.

e Real-time prediction cost in computation.

e Auviation operation regulatory restrictions.
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4. RESULTS AND DISCUSSION

A. Model Performance Evaluation.

The standard classification metrics were used to assess the performance of the proposed Al-based
contrail prediction model. The model was then trained and tested on the prepared dataset and its
predictive performance was measured in terms of accuracy, precision, recall, and F1-score.

Table 2: Model Metrics of Performance.

Metric Value
Accuracy 0.87
Precision 0.84
Recall 0.81
F1-score 0.82

Figure 2: Performance Metrics of the Proposed Al Model

Model Performance

0.8
£ 0.75
z
@
o
O
LGBM

0.2 0.4 0.6 0.8

0

Avg Accuracy
The performance of the developed model across key evaluation metrics is illustrated in Fig. 2.

Discussion
The findings indicate that the model can be used to determine patterns related to contrait formation with

a reasonable level of accuracy. The accuracy of the model of 0.87 means that the model is adequate in
differentiating between contrail-prone and non-contrail conditions within the dataset used.
The trade off between accuracy and sensitivity indicates the model is mediocre in reducing the number
of false positives and false negatives. Nevertheless, these results are considered on the basis of simulated
data and controlled conditions; thus, further verification on the basis of real-world flight operations and
atmospheric data would be required to prove the reliability of the model in the real world.
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B. Contrail Prediction Analysis
The trained model was used to approximate the possibility of contrail formation at different atmospheric
conditions.

Table 3: Contrail Prediction Summary
Condition Type Percentage (%o)

High Risk  (Contrail | 36%
Likely)
Low Risk (No Contrail) 64%

Discussion

The results of the predictions suggest that the development of contrails does not occur as a uniform
distribution of all flight conditions but is rather concentrated in some specific atmospheric conditions.
As it has been found that approximately 36% of the analyzed cases were high-risk, it is possible to
conclude that specific avoidance strategies could be selectively but not universally applied.

These observations are consistent with the available literature, which indicates that contrail formation is
strongly dependent on the local atmospheric conditions including humidity and temperature. However,
the percentages that are being reported here should be taken with a lot of caution since it is not based on
actual real-time data but rather on the modeled data.

C. Effect of Flight Path Optimization.
In a bid to discover the possible value of contrail avoidance, simulated changes of flight routes were
implemented in the scenarios defined as high-risk.

Table 4: Impact Assessment of Optimization.

Parameter Baseline Optimized Change (%)
Contrail 100% 68% -32%
Formation

Frequency

Fuel 100% 103% +3%
Consumption

Flight Distance | 100% 102% +2%

Fig 3: Comparison of Contrail Formation Before and After Optimization
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A comparison of contrail formation under baseline and optimized conditions is presented in Fig. 3.
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Discussion

The findings indicate that altering the flight paths so as to bypass the contrail-prone areas may see the
contrail formation significantly reduced, with an approximate contrail reduction of about 32 percent
under the simulated conditions. This shows that the implementation of Al-based prediction into flight
planning systems has the potential to be effective.

Nevertheless, the identified reduction is accompanied by a slight increase in the fuel consumption and
flight distance, which points to the possible trade-off between the environmental benefits and the
operational efficiency. These results must be taken as suggestive, because the real world application
would be subject to other limitations like air traffic control rules and safety issues.

D. Overall Interpretation

In general, the results of this study indicate that Al-based contrail avoidance techniques can play a role
in ensuring the reduction of the climate impact of aviation, in particular, in mitigating non-CO 2 effects.
Nevertheless, it should be pointed out that the findings offered are rooted in the simulated situations and
secondary data. Consequently, additional validation based on real-world testing and integration with
operational aviation systems would be needed before conclusive results regarding large scale
implementation could be drawn.

5. DISCUSSION

The overall results of this study indicate that the use of Artificial Intelligence in contrail formation
prediction and prevention has the potential to help mitigate the climate impact of aviation. The model
performance results imply that machine learning methods can reasonably predict atmospheric conditions
that are associated with contrail formation, and the optimization analysis indicates that specific route
manipulation can reasonably be used to reduce the frequency of contrail occurrence.

These findings are consistent with the current literature, which emphasizes the importance of non-CO2
effects, especially contrails, in climate change caused by aviation. Their capacity to anticipate and
prevent contrail-prone areas might thus be considered as a complementary measure to the conventional
emission reduction measures.

It is however noteworthy that the results of this research are founded on the simulated situations and
secondary data. The results, therefore have to be taken cautiously since there may be other complexities
that may arise when the results are applied to real life circumstances, including the problem of air traffic
management, safety regulations and fluctuation in the atmospheric conditions.

Moreover, the fact that the fuel consumption during the optimization analysis increased slightly points to
the possibility of the existence of a trade-off between environmental and operation efficiency. This
implies that it would have to strike a delicate balance between these competing forces in future
applications.

In general, although the results reveal a strong potential, additional validation by means of real-world
data integration and operational testing would be necessary to thoroughly evaluate the feasibility and
scalability of Al-based contrail avoidance strategies.

6. RECOMMENDATIONS
Based on the findings of this study, several recommendations are proposed to support the potential
application of Al-based contrail avoidance strategies in aviation.

1. Al implementation in Flight Planning Systems.

Aviation stakeholders and airline operators might consider the possibility of integrating Al-based
prediction tools into the flight planning systems at present. This integration would be able to aid the
identification of contrail-prone regions as well as assist in making more informed decisions. This will
however be done in stages, where pilot testing and validation under controlled conditions will be carried
out.
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2. Real-time Atmospheric Data.

Subsequent deployments can take into consideration real-time meteorological information as a way of
enhancing the accuracy of making predictions. The availability of the most recent atmospheric
conditions would help to strengthen the credibility of Al models in detecting ice-supersaturated areas.
This would need further research to determine the viability of real-time data integration in operational
settings.

3. Trading off between Environmental and Operational Efficiency.

Considering the noted trade-off between contrail mitigation and operational expenses, it is suggested that
optimization measures should be taken with the aim of balancing between environmental benefits and
operational costs. The use of multi-objective optimization techniques can be considered to make sure
that the changes in the routes can be viewed as practical and economical.

4. Additional Verification by Real-World Testing.

The findings in this paper are grounded in the use of simulated scenarios; hence it is advisable to have
future research that is performed based on real-life testing using live aviation data. This validation would
aid in establishing the true effectiveness and scalability of Al-assisted contrail avoidance strategies in an
operational setting.

5. Collaboration Between Stakeholders

This would probably need the cooperation of key stakeholders such as the airline operators, the air
traffic management authorities, and the environmental agencies. The collective actions could help in the
sharing of data, alignment of regulations and the development of standardized mechanisms of contrail
mitigation.

6. Increasing the Research Scope.

Future studies can consider other factors affecting the formation of contrails, including the technologies
of aircraft engines and alternative fuels. An extended scope of analysis may allow obtaining a more
extensive view of the climate impact of aviation and finding complementary mitigation measures.

7. CONCLUSION

This paper has discussed the possible implementation of Artificial Intelligence (Al) in the prediction and
prevention of contrail formation as one of the ways of mitigating the climate impact of aviation. The
study investigated the potential use of Al-driven models to assist with the detection of contrail-prone
conditions and inform route optimization plans.

The results indicate that Al-based methods have the potential to detect patterns related to contrail
formation with a satisfactory level of precision. Besides that, the results of the simulation suggest that
the reorganization of flight paths to avoid high-risk weather conditions may help to reduce the
occurrence of contrails, although this may be accompanied by some minor trade-offs in terms of fuel
consumption and flight range.

These findings underscore the possibility of Al being a complementary tool in tackling non-CO2 climate
impacts of aviation. It should be stressed, though that the results of this paper rely on the simulated data
and the controlled assumptions. In this regard, the results must be taken with a grain of salt and
additional validation of their practical usefulness by real-world data and operational testing would be
needed.

All in all, this research paper presents a conceptual and analytical framework underpinning the
application of Al in contrail mitigation and recommends further research and technological advancement
in the field as a way of ensuring a more sustainable aviation practice in the future.
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