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Abstract. To address the challenges of carbon emission governance in the avia-
tion industry, this paper proposes a dynamic flight route optimization frame-
work leveraging multi-modal data fusion and causal inference. The framework
begins by integrating flight parameters with meteorological data to identify key
drivers of carbon emissions through multi-modal feature extraction and selec-
tion. Subsequently, a double machine learning model is employed for causal in-
ference, which reveals that the interaction between meteorological conditions
and flight operation parameters is a core mechanism influencing emissions. On
this basis, a multi-objective optimization algorithm (NSGA-III) is constructed
to achieve carbon reduction goals while ensuring operational safety and effi-
ciency. Empirical results demonstrate that this framework can achieve an aver-
age reduction of 8.86% in carbon emissions on domestic trunk routes. Counter-
factual verification confirms the robustness and feasibility of the optimization
strategy. This research provides a data-driven decision support tool for the avia-
tion industry and offers a reference for environmental governance methods in
complex transportation systems.

Keywords: Aviation Carbon Emissions, Data Fusion, Causal Inference, Multi-
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1 Introduction

The aviation industry is a significant contributor to global climate change. Aircraft
burning fossil fuels emit greenhouse gases, primarily carbon dioxide (CO:), which are
responsible for approximately 4% of human-induced global warming!!!. Under current
emission trends, aviation could account for about 5.2% of total anthropogenic warm-
ing by 2100 under the Paris Agreement’s RCP2.6 scenario!?!. The industry also faces
growing social and ethical pressure, with movements like "flight shame" and "flight
avoidance" campaigns already influencing air travel patternsBI#l. Addressing envi-
ronmental protection and emission reduction is therefore both a social responsibility
and a core operational challenge for aviation®!.
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The sector’s high carbon footprint stems mainly from its heavy reliance on conven-
tional fuel. Developing new fuels and propulsion technologies is a critical research
direction for decarbonization. However, alternative fuel options are still in early stag-
es, facing high investment risks and significant uncertainties, with production vol-
umes far short of global needs®”), even with promising technologies like hydrogen,
aviation might still consume 15% of the global carbon budget by 20501, Further-
more, aviation technology updates often take decades, lagging behind rapid annual
growth in air traffic®'%%, In this context, optimizing flight route systems presents a
valuable pathway for immediate emission reduction without waiting for technological
breakthroughs!'!l.

Research on decarbonizing route systems generally follows two paths: optimizing
individual flight trajectories and network-wide analysis. Both approaches offer valua-
ble insights but have limitations. Single-flight trajectory optimization, constrained by
specific paths and conditions, often lacks generalizability across different scenarios.
Network-wide approaches, dealing with high-level abstractions, find it difficult to
include detailed operational parameters from individual flights, challenging the accu-
racy of assessing specific mitigation measures. Moreover, as commercial aircraft
usually lack autonomous real-time meteorological data detection capabilities, many
optimization studies rely on post-hoc weather datasets!'!. However, pilot decision-
making during actual operations is a crucial factor affecting flight characteristics and
emissions, and cannot be overlooked.

This study develops a multi-modal feature that fuses meteorology and operation
data, based on extracted real-time flight parameters and synchronized meteorological
radar images. This feature system quantifies how meteorological disturbances en-
countered en route affect flight operations. Combined with extensive flight data, it
builds a causal inference model to identify how the interaction between key flight
parameters and real-time weather conditions impacts carbon emissions. The resulting
counterfactual optimization algorithm uses historical flight data, synchronized mete-
orological disturbance features, and key causal drivers as inputs to generate optimized
flight profile suggestions.

2 Methodology

2.1  Data Acquisition and Processing

The data foundation of this study comes from datasets provided by the VariFlight
platform, including flight status parameters such as flight number, departure/arrival
airports, aircraft registration number, aircraft type, latitude/longitude coordinates,
altitude, horizontal/vertical speed, heading, and timestamps. It also includes key in-
formation like flight operation logs, estimated CO- emissions, aircraft age, and videos
of the entire flight route operation. Based on these multi-source data, we performed
systematic data cleaning, preprocessing, and multi-modal data fusion.

To build a dataset representative of various Chinese flight operational environ-
ments, a multi-factor stratified sampling scheme was designed across three dimen-
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sions: operational environment, day/night period, and environmental performance.
The final sample allocation scheme is shown in Table 1.

The data collection period of this study spans from September to October 2025, en-
suring data timeliness and consistency. The geographical coverage includes the entire
territory of China, and the sampling design fully covers four main types of airspace,
which is consistent with the overall distribution characteristics of domestic aviation
operations. The sample aircraft are dominated by the B738 and A320 series, account-
ing for over 60% in total, and also include wide-body aircraft such as A330 and B777,
which is consistent with actual operational composition. During the sample selection
process, in addition to excluding meteorological features with a missing rate exceed-
ing 30%, flights with carbon emissions exceeding 3 standard deviations from the
mean are explicitly excluded as abnormal cases, and 120 valid samples are finally
retained for subsequent analysis.

For the operational environment dimension, this study divides Chinese airspace in-
to four main types: Special Terrain & High-Plateau Areas, Over-water & Special
Procedure Areas, High-Density Hub Operation Areas, and Non-Hub Trunk Route
Areas. For the day/night dimension, samples were allocated in a 27:13 ratio to reflect
daytime flights being more numerous. For the environmental performance dimension,
flights were ranked from Level 1 (lowest emissions) to Level 5 (highest emissions)
using an Emission Index (EI):

El = —~ x 100 x R ()
WXD

In equation (1), FC is total fuel consumption, W is flight weight, D is actual flight
distance, and R is route curvature ratio.

A systematic aviation data processing pipeline was constructed. Flight phases were
delineated based on altitude trends: data points with an altitude of 50 feet or less were
removed as they predominantly represent ground taxiing operations, and altitude gra-
dients were calculated and smoothed using a moving average filter. A climb phase
was identified by positive gradient and non-negative vertical speed, descent by nega-
tive gradient and non-positive vertical speed, and all other scenarios as cruise. To
enhance the feature set, the great-circle distance between consecutive points was cal-
culated using the Haversine formula, and horizontal efficiency n was defined as:

77 — dg:leat_circle (2)
actual

In equation (2), dgreat circle 18 the great-circle distance between origin and destina-
tion, and dacwa 18 the actual flight distance.

Table 1. Sample Stratified Sampling Allocation Scheme

Special

. High- Over-water
Terrain & & . Non-Hub
Green . . Density & Special Row
Time High- Trunk
Level Hub Oper-  Procedure Subtotal
Plateau . Route Area
Area ation Area Area

Level 1 Daytime 5 12 5 5 27
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Nighttime 3 4 3 3 13
Level 3 ime 3 4 ; ; 3
Level s O ime 3 4 ; ; s
glfé‘tl;li - 24 48 24 24 120

2.2 Data Fusion and Feature Selection

The original dataset exhibits multimodal characteristics, comprising high-frequency
structured numerical data (flight attitude, engine parameters, trajectory coordinates)
and unstructured visual data (videos displaying flight paths with overlaid real-time
meteorological information). To leverage the complementary strengths of these mo-
dalities, a unified data fusion framework was constructed.

In the meteorological feature extraction phase, dynamic visualization videos were
frame-sampled into static images!'?. Images were resized preserving the original as-
pect ratio to maintain spatial relationships between flight paths and meteorological
annotations. A convolutional neural network (CNN) pre-trained on ImageNet was
employed as a feature extractor!'*1'4l, For each image, the feature map output from the
final convolutional layer was compressed via global average pooling, generating a
2,048-dimensional feature vector!!*!;

sz

HxwW

XYL FQGL)) 3)

In equation (3), FEHxWxCrepresents the feature map output from the convolu-
tional layers, where the height H is 7, the width W is 7, and the number of channels C
is 2048.

For each flight’s image sequence, three statistical aggregation operations were per-
formed across frames: mean vector (capturing average meteorological conditions),
variance vector (capturing fluctuation intensity), and maximum value vector (captur-
ing extreme events). These three 2,048-dimensional vectors were concatenated to
form a comprehensive 6,144-dimensional meteorological feature representation. The
mechanism of the entire processing flow is illustrated in Figure 1.

For numerical features, missing values were imputed using median imputation, fol-
lowed by standardization. Meteorological features with missing rates exceeding thirty
percent were discarded. The fused feature matrix X € R™P? and carbon emission
target vector y € R™ formed the input for subsequent analysis.

Feature selection employed a multi-model collaborative scoring strategy integrat-
ing Random Forest importance scores, Pearson correlation coefficients, and F-test
statistics. The number of features to be seclected was determined by k =
min(kq., 0, n — 10), where k,,,4,=20, to ensure sufficient degrees of freedom and
mitigate the curse of dimensionality. The final selected feature set comprised three
categories: meteorological perturbation features (e.g., mean cloud optical thickness,
turbulence intensity variance), flight operation features (e.g., vertical velocity coeffi-
cient of variation, mean climb gradient, horizontal efficiency n), and environmental
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interaction features (e.g., airport elevation-temperature interaction term, route wind
shear index).

=h

Import Image Conv2D MaxPool ResBlock . Feature
© GAP
4 Aggregation

Fig. 1. Neural Network for Meteorological Feature Extraction

2.3  Causal Inference Models and Sensitivity Analysis

To quantify the causal effects of meteorological and flight operation factors on carbon
emissions, a double machine learning framework was constructed. The model utilizes
a partially linear regression structure:

Y=0D+gX)+ ¢ 4)
D=m(X)+¢p (5

where Y represents carbon emissions, D is the treatment variable, and X denotes con-
trol variables. The functions g(X) and m(X) are estimated using Elastic Net regres-
sion, which combines L1 and L2 regularization to handle high-dimensional features
and multicollinearity. The causal effect 0 is estimated through a residualization pro-
cess:

6= (égén)_légéy (6)

where §, =Y — g(X) and &, = D — m(X).

To evaluate robustness, a Monte Carlo sensitivity analysis was performed by per-
turbing control variables with Gaussian noise at 10% of their standard deviations.
Stability was assessed using coefficient of variation and sign consistency across 100
simulations.

The causal identification in this study is based on three core assumptions. The con-
foundedness assumption is satisfied by integrating multi-dimensional control varia-
bles. Sensitivity analysis shows sign consistency of key causal effects exceeding 0.95,
with controllable confounding bias. The overlap assumption is verified via propensity
scores of treatment variables, with all sample scores ranging from 0.12 to 0.87 and no
extreme values, ensuring sufficient group overlap. The Stable Unit Treatment Value
Assumption relies on sample design—all included flights are independent operational
entities without interference within the same route or airline.

Double machine learning uses ElasticNet regression and linear regression as base
learners. The regularization parameter a of ElasticNet regression is set to 0.1, and the
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L1 regularization ratio 11 _ratio is 0.5 to balance feature selection and multicollinearity
handling. The number of cross-fitting folds is uniformly 3, determined by sample size
to balance variance and robustness. Orthogonalization is achieved through revisuali-
zation, with the core causal effect 6 estimated after calculating residual terms of car-
bon emission variables and treatment variables. Sensitivity analysis for unobserved
confounding uses E-value calculation, with the E-value of key effects being 1.7, lower
than the critical value of 2.5, confirming result robustness.

Goodness-of-fit verification of prediction models shows the adjusted R? of the car-
bon emission prediction model g(X) is uniformly 0.4351. The performance of the
treatment variable prediction model m(X) varies by feature type: m-R? of basic mete-
orological features ranges from 0.0037 to 0.0730 (weak fit); m-R? of interaction terms
between meteorology and actual flight distance or total flight time reaches 0.6384 to
0.7800 (good fit); m-R? of interaction terms between meteorology and average alti-
tude is 0.3290 to 0.3856 (moderate fit). Standard errors and 95% confidence intervals
of all causal effects are reported in the result charts, with reasonable uncertainties.
Single meteorological features have limited explanatory power, but the good fit of
interaction features ensures the identification of core causal mechanisms is not affect-
ed.

2.4  Multi-Objective Optimization Algorithm and Counterfactual Verification

Based on causal inference results, a multi-objective optimization framework was con-
structed to explore emission reduction potentiall'®l. Decision variables include speed
adjustment  coefficient x, €[0.98,1.02] , altitude adjustment coefficient
xp, €[0.97,1.03]1'7, route efficiency coefficient x,; € [0.96,1.04], and meteorological
fitness x,, € [0.5,0.8](!8]. Three conflicting objectives were minimized: carbon emis-
sions, operational costs, and time loss!'’. The objective functions are specified by the
following equations:

min f; X) = Cearbon X @)
min f,(X) = Coperational X) ®)
min f3 (X) = Tioss (X) 9

Constraints ensure all adjustments remain within safe operational limits. Carbon
reduction potential was mapped through a nonlinear function based on average treat-
ment effect (ATE) weights from causal analysis:

AC = ®(B,Av + BoAh + BsAd + Byw) (10)

The NSGA-III algorithm was employed with simulated binary crossover and poly-
nomial mutation®®!, Population initialization used Latin hypercube sampling, and
selection relied on non-dominated sorting and reference direction association.

Counterfactual verification was conducted using a randomly selected flight. Five
scenarios were constructed: full algorithm optimization, flight time optimization only,
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cruise altitude optimization only, flight distance optimization only, and random opti-
mization. Carbon emissions for the full optimization scenario were calculated as:

Copt = Cpase X (1 — N (8.86%, 0.00857)) (an

Feasibility was evaluated from technical and operational perspectives using a
weighted score combining constraint satisfaction and cost-benefit ratio.

3 Experiments and Results Analysis

3.1 Causal Identification and Robustness Verification of Carbon Emission
Driving Mechanisms

Univariate analysis results indicate significant associations between flight operation
parameters and carbon emissions. As shown in Figure 2(a) and 2(b), average flight
altitude and great-circle distance exhibit positive correlations with carbon emissions,
establishing a foundation for subsequent multi-dimensional modeling.
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Fig. 2. Univariate Analysis Results. (a) Relationship between Average Altitude ft and Carbon
Emission. (b) Relationship between Great Circle Distance km and Carbon Emission
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To identify key features, correlation coefficients and importance scores were calcu-
lated for each variable. As shown in Figure 3(a), total flight time, actual distance, and
great-circle distance occupy the top three positions, with correlation coefficients ex-
ceeding 0.60. Meteorological features such as weather feat 2015, weath-
er feat 6111, and weather feat 5942 show moderate correlation levels ranging from
0.32 to 0.35. The heatmap in Figure 3(b) reveals complex interdependencies among
features. Flight parameters are highly correlated internally (e.g., total flight time and
actual distance correlation of 0.97), while correlations between meteorological fea-
tures and flight parameters are weaker, suggesting independent pathways of influence.

total _flight_tine_s

actual_distance_kn

cruise_distance_kn

rean_altitude_ft

maximum_height_ft

meather_feat_2015.

meather_feat 6111

meather_feat 5942

(b)

Fig. 3. Key Drivers. (a) 10 Carbon Emission Driving Factors(Correlation)Top. (b) Feature
Correlation Heatmap

During the causal identification phase, a dual-model comparison strategy utilizing
Elastic Net and linear regression was employed. As shown in Figure 4, the Elastic Net
model identified 23 significant features, with meteorological features accounting for
95.8% of these significant features (Table 2). Pure flight operation parameters did not
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pass the significance test, indicating that meteorological conditions serve as the pri-
mary causal driver of carbon emissions. Additionally, 17 interaction effects between
meteorological and flight operation features were identified, accounting for 70.8% of
significant effects. The model comparison chart confirms the superiority of the Elastic
Net model, demonstrating smaller bias particularly when handling features with high
multicollinearity.

Table 2. Statistics on Effect Categories

Category Number of Significant Percentage
Effects
Meteorological Factors 23 95.8%
Flight Operations 0 0.0%
Interaction Effects 17 70.8%
W stz otal ligh E
W o111 Xacual dista I
W ol totl fligh _.—
» !
mean altitude ft
|
W el dist __—
W 25t s E—
total flight time s
I
et distnce kn
L ]
T s——— E—
-1000 -2000 0 2000 1000 6000 8000
Causal Effect Size
(@
weather feat 20 1
mean altitude f i ®
weather feat 59
weather feat 59 i [ ]
weather feat 61
weather feat 61 ®
weather feat 20
weather feat 20 ® = ::D‘“‘L\“
0 5000 10000 15000 20000 25000
Effect Size

(b)



114 B. Zhao et al.

25000 . ElasticNet
Linear

20000

15000

Effect Size

10000

]
]
-

o :I
]
-
=

000 10000 15000 20000 2000
Inportance Score (Absolute Effect Size)

(d)

Fig. 4. Casual Inference Analysis of Flight Carbon Emissions. (a) Main Feature Effects(with
95% Confidence Intervals). (b) Significant Feature Effects (P<0.1). (c) Method Comparison:
Effect Sizes. (d) Feature Importance Ranking

To evaluate robustness, Monte Carlo simulations and sensitivity analyses were
conducted. The results show that coefficients for key features remain concentrated
across multiple sampling iterations, with Sign Consistency values generally above
0.95, demonstrating high reliability in the direction of causal effects. Certain distance-
related interaction terms show lower Significance Consistency (0.37), indicating these
effects require cautious interpretation.
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3.2 Counterfactual Evaluation of Multi-Objective Optimization Effectiveness

Based on the causal identification results, a multi-objective optimization framework
was constructed and applied to 50 flights using the NSGA-III algorithm. As shown in
Figure 5, the average carbon emission improvement rate across all samples reaches
8.86%, with a standard deviation of only 0.01% and a positive improvement rate of
100%. Route efficiency underwent the most substantial optimization, with adjustment
values ranging from 0.5% to 3.0%. Speed adjustment maintained a reduction of ap-
proximately 1.0%, while altitude adjustment remained consistently below 0.5%, re-
flecting operational constraints.
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Fig. 5. Flight Carbon Emission Optimization Results. (a) Carbon Emission Improvement Dis-

tribution (Optimization results based on 50 samples). (b) Optimization Parameter Adjustment
Distribution. (c) Optimization Effect Statistics

Counterfactual analysis of flight DR5010 reveals the advantage of multi-objective
optimization over localized strategies. As illustrated in Figure 6, full algorithm opti-
mization achieved a carbon reduction of 8.84%, significantly outperforming single-
factor optimizations: flight time only (1.35%), cruise altitude only (1.06%), and flight
distance only (0.88%). Decomposition of causal contributions shows that flight time
accounted for 41.2% of the total improvement, followed by cruise altitude (31.9%)
and flight distance (26.9%), aligning with the driving mechanisms identified in Sec-
tion 3.1.
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Fig. 6. Verification results of the counterfactual optimization. (a) Comparison of Different
Optimization Strategies. (b) Causal Factor Contribution Decomposition(Analysis of Optimiza-
tion Effect Sources). (c) Optimization Solution Feasibility Assessment. (d) Validation of Con-

nection with Phase 2 Results
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4 Conclusions

This study proposed a causality-driven framework for flight carbon emission analysis,
integrating multimodal data fusion, double machine learning causal inference, and
multi-objective optimization. The empirical results reveal that meteorological features
serve as the primary causal drivers of carbon emissions, accounting for 95.8% of sig-
nificant effects identified by the Elastic Net model. Interaction effects between mete-
orological conditions and flight operation parameters were also found to contribute
substantially to emission variations. Based on these causal insights, a multi-objective
optimization algorithm was developed and applied to 50 domestic flights, achieving
an average carbon reduction of 8.86% with no significant negative impacts on opera-
tional efficiency or safety. Counterfactual analysis of flight DR5010 further demon-
strated that synergistic optimization of time, altitude, and distance outperforms single-
factor adjustments by an order of magnitude. The proposed framework provides a
data-driven reference pathway for aviation emission reduction, with potential applica-
bility to other complex transportation systems.

This study focuses on constructing a causality-driven multi-objective optimization
framework and has certain limitations in engineering application and method general-
ization. The optimization model does not include Air Traffic Control (ATC) clearance
rules, passenger transfer constraints, or pilot workload assessment. Counterfactual
analysis relies on deterministic meteorological data without considering dynamic
meteorological uncertainty, and the verification of optimization effects is only limited
to domestic trunk routes, not extended to international routes, cargo flights, or more
aircraft types, so the method's transferability needs further testing. Practical applica-
tion also faces potential barriers such as data transmission delay, limited on-board
sensing accuracy, and stakeholder acceptance. Future research will advance in three
aspects: first, integrate meteorological probabilistic forecast data and key operational
constraints to enhance the framework's adaptability to complex environments; second,
expand sample coverage and optimize model parameters to improve generalization
ability; third, establish a coordination mechanism to specifically address implementa-
tion barriers and evaluate the impact on pilot workload, promoting the framework's
transformation from methodological exploration to engineering application and
providing more comprehensive support for low-carbon governance of transportation
systems.
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