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Abstract. Contrails or condensation trails are a major contributor to aviation-induced cloudiness, which represents a significant,

yet highly uncertain, component of aviation’s environmental impact. The reliable detection and characterization of contrails has

become increasingly important for quantifying their radiative forcing and developing mitigation strategies. However, contrail

detection and prediction remains challenging due to their variable optical properties, lack of accuracy in humidity, temperature

and pressure sensor measurements, as well as in weather prediction. This paper investigates the use of machine vision on5

board aircraft to inform contrail formation and classification in real time. The focus of this work is the comparison of two

major airborne measurement campaigns conducted by NASA, industry, and international partners: the 2018 NASA - DLR

ECLIF II/ND-MAX and the 2023 NASA - Boeing ecoDemonstrator flight tests. The atmospheric data from the campaigns are

used with the Schmidt-Appleman criterion to identify periods of contrail formation. For the ND-MAX dataset classification

accuracies of 94.0 %, 87.1 %, and 81.5 % were obtained for contrail absence, short-lived and persistent categories, respectively.10

For the ecoDemonstrator dataset the corresponding accuracies were 90.4 %, 89.5 %, and 93.3 %. Comparison between the

two campaigns reveals that camera placement affects the classification performance; longer visible contrail segments improve

detection for the absence and short-lived categories while reduced airframe intrusion in the camera’s field of view improves

persistent contrail classification. Based on these findings, some recommendations for camera placement on flights are provided.

The approach requires only an onboard camera as additional instrumentation, making it a cost-effective and scalable tool that15

may complement existing contrail monitoring and mitigation strategies.

1 Introduction

Condensation trails (contrails) are line-shaped clouds of ice particles that can persist for several hours under ice supersaturated

conditions and may subsequently spread into climate-altering contrail cirrus (Kärcher, 2018). Current assessments, such as

those by Lee et al. (2021), indicate that in the cumulative impact of aviation’s CO2 emissions from 1940 to 2018 contributed20

roughly +34.3 (28, 40) mW m−2 of effective radiative forcing (ERF) on Earth’s climate system, while much shorter-lived

contrail cirrus contributed an even greater +57.4 (17, 98) mW m−2, where parentheses indicate the 10% and 90% likelihood
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ranges. Despite the much larger uncertainty associated with the contrail cirrus ERF relative to the carbon dioxide ERF, it

is clear that contrail cirrus exert a significant warming impact. ERF, which accounts for rapid atmospheric adjustments in

temperatures and cloud cover, is the most comprehensive metric to quantify such climate impacts. Current analyses suggest25

aviation accounts for approximately 3.5 % of total human-induced climate forcing when both CO2 and non-CO2 emissions are

considered (Kärcher, 2018; Lee et al., 2021). The aviation sector’s role in global anthropogenic climate change has become

increasingly prominent, with growing air traffic intensifying the pressure.

Notably, while the average ERF is higher for contrail cirrus than for CO2 emissions, the quantification of the former is subject

to a substantially higher uncertainty. This uncertainty for the ERF, which approaches 70 % compared to 17 % for CO2 (Lee30

et al., 2021), arises from factors such as the incomplete understanding of contrail evolution and dispersion (Singh et al.,

2024), its short lifespan compared to CO2 (International Air Transport Association, 2024), the limited available observational

studies and modeling frameworks and the inconsistencies among radiation schemes in climate models, among others (National

Academies of Sciences, Engineering, and Medicine, 2025).

The short atmospheric residence of contrails makes them an attractive target for mitigation, as any operational or technologi-35

cal intervention that could lead to a reduction or elimination of contrails will result in an immediate reduction in ERF. Multiple

flight campaigns have demonstrated how the use of sustainable aviation fuels (SAF) can help reduce contrail cloudiness. Re-

ducing soot particle emissions leads to the formation of fewer ice crystals and contrails with lower optical depth, and therefore

achieves a significant reduction in the climate impact of contrails (Voigt et al., 2021).

The scale of aviation’s climate impact, as well as the urgent need to reduce it, has prompted regulatory action, as well as calls40

for comprehensive research agendas (National Academies of Sciences, Engineering, and Medicine, 2025). The European Union

has recently mandated the systematic monitoring and reporting of all non-CO2 emissions in the aviation sector (European

Commission, Directorate-General for Climate Action, 2024). In turn, this regulatory requirement creates a direct imperative

for the development of robust methodologies that are capable of accurately collecting, characterizing, and quantifying contrail

formation and its associated climate impacts.45

Contrails form when water vapor from the hot engine exhaust mixes with the cold and humid surrounding air. If the cooling

plume becomes supersaturated with respect to liquid water (i.e., %RHwater > 100%), liquid cloud droplets form and subse-

quently freeze homogeneously. If the surrounding air is supersaturated with respect to ice (i.e., %RHice > 100%), the newly

formed ice crystals persist and grow. Otherwise, the ice crystals sublimate. Multiple factors influence the contrail formation,

including the local atmospheric temperature, pressure, and relative humidity, as well as the amount of heat and water vapor50

emitted by the engine (Schumann, 1996). Depending on those conditions, contrails exhibit behavior that can broadly be classi-

fied into two main categories: short-lived linear contrails that occur in regions where %RHice < 100% and persistent contrails

or contrail cirrus that occur in ice supersaturated regions (ISSRs) where %RHice > 100%.

Regional analyses of contrail effects, such as the one presented by Teoh et al. (2022) over the North Atlantic aviation

corridors have shown significant seasonal and diurnal variability in both contrail formation and persistence. The ability to55

estimate contrail impact using a flight-by-flight approach shows the value of more accurate spatial and temporal predictions in

high traffic regions.
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1.1 Contrail detection and prediction methods

Contrail detection and prediction are being pursued with several methods in operation or under active development, from

satellite remote sensing to ground based observations and computational methods. One of the approaches relies on numerical60

predictions from atmospheric models, such as from the European Center for Medium-Range Weather Forecasts (ECMWF)

and the Global Forecast System (GFS) model. By combining satellite observations with in situ measurements, these models

estimate meteorological conditions along the flight path. The resulting atmospheric conditions along the aircraft route can be

used to test the Schmidt–Appleman criterion (SAc) for contrail formation (Appleman, 1953). Because it relies on existing

forecast data, an important advantage is that it does not require modification of aircraft instrumentation. Unfortunately, nu-65

merical weather prediction models are limited by inaccurate estimates of humidity at cruise altitudes, due to the scarcity of

in situ humidity measurements in the upper troposphere, thus leading to significant uncertainty in the prediction of contrail

persistence (Hofer et al., 2024).

In order to model the full lifecycle of contrails, from initial formation conditions till dispersion, physics-based simulation

tools such as the Contrail Cirrus Prediction model (CoCiP; Schumann, 2012) and the Aircraft Plume Chemistry, Emissions,70

and Microphysics Model (APCEMM; Fritz et al., 2020) have been developed throughout the years. Both models capture the

microphysical properties of contrails, at different levels of fidelity by integrating aircraft emission parameters with background

atmospheric conditions. More specifically, CoCiP uses a Lagrangian-Gaussian plume model which simulates the contrail cross-

section as a descending Gaussian plume. Due to the fact that mixing and bulk cloud processes are represented within CoCiP

using semi-analytical formulations, it remains more computationally efficient, and its open-source availability has facilitated75

its broad adoption across the research community (Akhtar Martínez et al., 2025). On the other hand, APCEMM is more com-

putationally expensive, since it uses a two-dimensional gridded approach to model the plume chemistry and microphysics, and

in this way provides a more detailed representation of contrail evolution compared to the parametrized Gaussian formulation

within CoCiP.

Ground-based approaches to contrail detection and prediction have been explored. In their work, Schumann et al. (2013)80

apply photogrammetric methods for a use case of two different types of wide-angle video cameras, with the intent to improve

the collection of ground-based observations regarding contrail geometric motion speeds, altitudes and widths. In another study,

Schumann et al. (2017) created a database with microphysical and geometric contrail properties using in situ past contrail

measurements with optical particle spectrometers, visual observations and remote sensing data from satellites, cameras as well

as ground-based and airborne lidar observations, for individual aircraft contrails. This database enables the testing of contrail85

models and thus, improved understanding of contrail formation, observed properties and lifespan evolution. More recently, Low

et al. (2025) established a framework to analyze contrail formation, persistence and geometric properties using ground-based

video footage and then validated those findings against CoCiP simulations with actual flight trajectories.

Lidar have been used in research settings, both from ground-based installations and airborne platforms to characterize con-

trail optical and microphysical properties. Ground-based scanning lidar instruments, as demonstrated in the work by Freuden-90

thaler et al. (1995), can retrieve contrail geometry and measure its spatial growth. Airborne lidar systems use laser pulses to
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probe the optical properties of the atmosphere, retrieving depolarization ratios and backscatter coefficients of ice crystals to

enable the assessment of contrail optical properties. Recent work by Soleimanpour et al. (2026) leverages airborne lidar obser-

vations from the ML-CIRRUS and CIRRUS-HL campaigns, for development and verification, respectively, along with aircraft

location data, to detect the occurence of contrails within existing cirrus clouds. Mandija et al. (2026) developed an approach95

that combines Raman lidar, Automatic Dependent Surveillance-Broadcast (ADS-B) flight data and ECMWF ERA 5 reanalysis

data to improve the nighttime detection and characterization of individual aircraft contrails. However, despite their promise in

terms of high vertical resolution, onboard lidar systems present significant certification, economic, and operational challenges

that render fleet-wide implementation difficult in the near term.

Satellite-based detection is currently one of the preferred approaches for large-scale contrail monitoring. Geraedts et al.100

(2024) demonstrated a scalable system that detects contrails in satellite imagery (GOES-16 Advanced Baseline Imager (ABI)

imagery) using a computer vision algorithm and then matches the observed contrails to specific flights. Convolutional neural

network (CNN) for contrail segmentation in satellite imagery were used in (Hoffman et al., 2023) to detect contrails, also

in GOES-16 ABI imagery. Deep learning techniques for contrail altitude estimation (Meijer et al., 2024) can be combined

with existing contrail detection methods to provide 3D estimates of contrail locations, using GOES-16 ABI satellite data105

across multiple imaging bands. Riggi-Carrolo et al. (2023) developed an algorithm to enable automatic contrail detection

using satellite imagery. Their methodology uses air traffic and meteorological data along with contrail imagery, to match

contrails to the respective aircraft trajectories. Another example of satellite imagery use for contrail detection, currently in

development, is Project Contrails by Google Research (Google Research, 2023; Sarna et al., 2025; Ng et al., 2023; Geraedts

et al., 2024). Project Contrails aims to predict the timing and location of contrail formation by integrating satellite imagery110

with meteorological and flight trajectory data. In addition, it uses computer vision to identify contrails and associate them with

individual flights. A major strength of this approach is its potential to make accurate near real-time detection and predictions

on regions where contrails might form. At the same time, this method depends on several datasets, which can require high

computational resources during training and deployment.

1.2 Current Scope and Contributions115

The approaches summarized above offer several benefits but also involve practical constraints that have shaped the present

work. The aim of this study is to investigate a method onboard aircraft for detecting contrails in real-time and estimating their

persistence without excessive computational demands or complex fleet-wide implementation requirements. The analysis was

based on publicly available data from the 2018 NASA-DLR ECLIF II/ND-MAX and the 2023 NASA-Boeing ecoDemonstrator

flight tests, which combine airborne atmospheric measurements with corresponding aircraft-mounted visual footage (NASA120

Airborne Science Program; NASA Aeronautics Mission Directorate). The atmospheric datasets provided the reference con-

ditions needed to assess whether the surrounding environment was conducive to contrail formation and persistence, and they

supplied the labels used to train the model to classify contrails in video footage. Together, these datasets enable an evaluation

of machine vision as a means of real-time contrail detection and persistence prediction onboard aircraft. A prototype of the

model described in the following sections was tested in (Papamichou et al., 2026) with promising results, particularly in cases125

4

https://doi.org/10.5194/jecats-2026-11
Preprint. Discussion started: 24 June 2026
c© Author(s) 2026. CC BY 4.0 License.



where no contrails were formed. The detection of short-lived and persistent contrails in the model was significantly higher than

random classification in these two identified categories, at 81.3 % and 77.5 %, respectively, but with room for improvement.

This led to the investigation and comparison of the impact of camera placement on the machine learning model between the

2018 NASA - DLR ECLIF II/ND-MAX and the 2023 NASA - Boeing ecoDemonstrator flight measurement campaigns. The

results of these two campaigns are compared in Sect. 3 to identify possible areas of improvement in camera placement.130

The paper is organized into the following sections. The methodology presented in Section 2 will outline the machine vision

algorithm used to detect contrail formation. In Sect. 3, the results of the proposed methodology will be demonstrated on each

measurement campaign, and in Sect. 4, the results obtained will be discussed in detail. Finally, Section 5 will summarize the

main contributions of the study and outline directions for future research.

2 Methodology135

This section describes the machine vision framework which ultimately aims to enable onboard contrail detection and prediction

of persistence. The methodology builds upon and refines the framework presented in (Papamichou et al., 2026), with special

attention given to reconfiguring the preprocessing routine. There are four stages in the methodology, as illustrated in Fig. 1:

(a) collection of the inputs used to train the model, (b) filtering and preprocessing of the datasets, (c) training of the machine

vision algorithm and finally (d) obtaining the classification results. More specifically, the process starts with camera footage140

from the aircraft exhaust and a selection of atmospheric and flight data. Then this footage is discretized into image frames to

be conveyed through an autoencoder, followed by Principal Component Analysis (PCA), for further dimensionality reduction.

The resulting reduced vectors, along with the atmospheric and flight data, are used to train the contrail classification model.

The model classifies contrails into three categories: absent, short-lived, and long-lived (persistent).

After the model has been trained, only video footage of the aircraft exhaust is required as input and the operation is simplified145

to the four steps shown in Fig. 2. The image reconstructor and artificial neural network (ANN) weights refer to the trainable

parameters from the autoencoder and ANN, respectively. In the end, the classification results are presented in the form of

percentages indicating the likelihood of each contrail category at a given time. A higher percentage in the persistence category

indicates a greater expectation that the contrail will persist. This classifier may be leveraged by airlines for operational contrail

monitoring, to inform real-time decisions on altitude and route when encountering ISSRs, in order to prevent persistent contrail150

formation.

2.1 Flight campaigns and input data

This study aims to study the viability of onboard video footage for contrail detection and classification, as well as provide

recommendations on the optimal positioning of the camera, which is discussed in Sect. 3. The key input is the video footage of

the flight with a clear view of the engine exhaust. The second set of inputs includes the atmospheric and flight path data which155

correspond to the timeframe of the video footage. The data contain recorded parameters such as time, altitude, latitude, and

longitude from flight data, as well as air temperature, air pressure, and relative humidity over ice from atmospheric data.
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Figure 1. Overall methodology

The data used in this study were collected from two experimental campaigns shared by NASA. During the first campaign,

NASA/DLR Multidisciplinary Airborne eXperiments (ND-MAX), the lead aircraft, the Airbus A320-232 D-Advanced Tech-

nology Research Aircraft (ATRA) with its IAE V2527-A5 engines, flew over Germany in 2018 collecting emissions data160
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Figure 2. Simplified end-product methodology using the trained autoencoder and ANN, requiring only video footage as input.

followed by NASA’s DC-8 Airborne Science Laboratory chase aircraft. In total, the available data consist of 7 days (approx-

imately 29 hours in total) of flight and atmospheric measurements. The second campaign was a collaboration with Boeing’s

ecoDemonstrator aircraft in 2023 over Washington state in the USA. The lead aircraft was the Explorer B737-10 with the CFM

LEAP-1B engines followed by NASA’s DC-8. The ecoDemonstrator measurement campaign spanned over 4 days, and yielded

approximately 19 hours of flight time.165

Both campaigns recorded visual footage from cameras in the nadir, forward, port, and starboard directions. The algorithm

requires a view of the contrail behind the engine exhaust and as such either port side or starboard may be utilized due to

symmetry. Similar flight and atmospheric variables were measured between campaigns, including, time, altitude, latitude,

longitude, air temperature, static pressure, and relative humidity, which were particularly significant.

2.2 Preprocessing170

The acquisition and preparation of the footage and data require significant attention, since model performance is heavily

constrained by the quality of the training data. Three main strategies were employed for the preparation of the flight and

atmospheric data: (1) filtering instances with occluded or ambiguous contrails, (2) temporally linking the data to the associated

image, and (3) determining the ground truth contrail status labels, based on the atmospheric thermodynamic conditions, to train

against. From the ND-MAX dataset, the footage was converted into a set of images taken every 5 seconds, synchronized with175

the filtered flight and atmospheric data, and resized to ensure uniformity. The frames meeting any of the criteria listed below

were removed from the training dataset, initially by filtering through the corresponding flight atmospheric conditions, followed

by manual visual inspection of the images:
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1. frames captured after dusk due to insufficient natural lighting for visual contrail detection,

2. low-altitude flight segments, below 5000 ft (1524 m), due to occlusion from clouds, and lower likelihood of contrail180

formation,

3. high bank angles, above 10° due to obstruction of the contrail by the horizontal stabilizer at the tail (only for ND-MAX),

4. sun glare, sun within ± certain degrees of the camera’s field of view (FOV) for darkening the image and hiding the

contrail features.

The sun glare filtering required the manual identification and derivation of the relationship between the position of the sun185

and the occurrence of sun glare, with examples shown in Fig. 3, which caused localized image saturation that obstructed

contrail features. The available flight data included the sun azimuth angle and the aircraft’s true heading, from which the sun’s

position relative to the camera’s FOV could be geometrically derived, as illustrated in Fig. 4. This enabled the removal of

instances with sun interference. The camera heading was assumed to have a symmetric triangular FOV. While the equations

are expected to be consistent among flights, the bounds for the FOV and camera heading angle may change according to the190

camera and its placement.

Figure 3. Camera view of two cases of sun glare. The left image shows an occluded contrail due to sun glare, while the right image retains

visibility of the contrail despite the sun glare due to the positioning of the sun.

The actual camera heading is unknown so it was estimated through visual inspection of the images at 95° from the true

heading for the ND-MAX measurement data and 75° for the ecoDemonstrator. These values were purposefully selected at an

offset from the camera heading, in order to focus on symmetrically capturing the sun glare that occurs when the sun is on the

right half of the frame, thus causing a glare in view. Sun glare was determined by taking the angular difference between the195

sun azimuth and the camera heading. Since the sun glare was largely independent of the vertical axis in the footage from the
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Figure 4. Directions and angles used for sun glare filtering (top view).

two campaigns, the problem was solved in a two-dimensional space. The filtering conditions were modified to adapt to the

uniqueness of the campaign footage. A summary of the differences between the ND-MAX and ecoDemonstrator campaigns

are shown in Table 1.

Table 1. Filtering conditions for the 2018 ND-MAX and 2023 ecoDemonstrator campaigns

ND-MAX ecoDemonstrator

- Filter night-time footage

- Filter below 5000 ft altitude

- Filter over 10° bank angle turns

- Filter sun within ± 45° FOV

- Camera heading at 95°

- No dark night-time footage

- Filter cases below 5000 ft altitude

- No contrail occlusion due to tail at high bank angles

- Filter sun within ± 25° FOV

- Camera heading at 75°

The amount of filtering necessary may be decreased by optimizing camera placement and heading. An initial list of sugges-200

tions is presented in Sect. 4 with the adjustment of camera placements. Upon completion of the filtering process, the images

were synchronized to the filtered atmospheric data in terms of time. As mentioned earlier, during the video to image extraction

and conversion, images were stored at a fixed 5-second interval, and the atmospheric data were resampled to be synchronized
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with this time interval. Additionally, the atmospheric data were filtered to exclude the aforementioned low visibility conditions,

along with the corresponding images. The synchronization relied on the timestamp of each time frame, which was extracted205

using pytesseract, a Python library wrapper to the Tesseract Optical Character Recognition (OCR) (Smith, 2007).

Editing the images prior to passing them to the autoencoder ensured consistent inputs for the autoencoder architecture that

is further explained later in this section. This is the final preprocessing step for the images and was achieved by resizing them

all to a uniform size.

The atmospheric data were used in the SAc calculations to determine the expected contrail status. As mentioned in Sect. 1,210

the SAc is a widely accepted thermodynamic criterion for the detection of contrail formation. Following the process described

in (Dischl et al., 2022), the criterion was evaluated at each timestep along the flight. The emission index (EI) of water vapor,

the overall pressure ratio of the aircraft engines, and the heat of combustion metrics were assumed to be constant. The air

temperature and air pressure throughout the flight were extracted from the atmospheric dataset to test against the SAc. Persistent

contrails require a relative humidity over ice of the ambient air over 100 %. Therefore, a relative humidity over ice above the215

threshold signified long-lived contrail formation. A similar approach is followed by pycontrails’s CoCiP model, a well-known

Python model that combines the SAc with the relative humidity over ice threshold.

From this analysis, each image frame is assigned a 0 if a contrail is absent, 1 if a contrail forms and is short-lived, or 2 if it

forms and is persistent. The resulting matrix, including time and contrail status, is entered into the final classification algorithm

for training.220

2.3 Machine vision algorithm

A fully convolutional residual autoencoder is developed to preserve the critical characteristics of the image frames before they

proceed to the classification model with the SAc results. The frames before resizing consist of 720 x 720 pixels and RGB

channels leading to a 1 555 200 element vector with primarily noisy or non-relevant patterns. Therefore, the autoencoder is

needed to identify only the main patterns and reduce the dimensionality of the images to quickly and accurately prepare these225

series of images. The encoder consists of five convolutional blocks of kernel size 4, stride 2, and padding 1 with channel

progression from 3 to 512, to represent the substantial visual variability present in cloud scenes. Two residual blocks follow,

operating at the bottleneck to preserve fine-scale structure, which is critical in modeling correlated atmospheric textures rather

than discrete objects. The decoder mirrors the encoder using bilinear upsampling followed by convolution, with U-Net–style

skip connections at each scale. A sigmoid activation is used in the final layer to reconstruct the images. Latent vectors are230

extracted producing a 512-dimensional embedding per image frame with adaptive average pooling used in the bottleneck

representation.

Training uses AdamW with gradient clipping, learning-rate reduction on plateau, and early stopping to allow the latent space

to organize itself according to the prominent visual and structural features. A composite loss function combining mean squared

error with 55%, L1 loss with 15%, and a structural similarity index metric, SSIM, with 30% components is used to balance235

fine detail preservation and perceptual and structural fidelity. Training ran for up to 50 epochs with batch size 8. After training,

latent vectors are standardized and analyzed using principal component analysis, PCA. PCA is employed to identify orthogonal
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and therefore uncorrelated features within the purely numerical latent space (Chatterjee and Choudhury, 2025). PCA outputs

lower-dimensional features that preserve the variance in the structure with correct tuning, and thus the outputs are directly

usable by the ANN. Based on trials performed, the top 10 components are chosen, meaning that 96% of the dataset variance240

is included. All latent embeddings, model weights, and derived statistics are saved to enable exact replication and downstream

analysis.

Finally, the classification model is designed to categorize contrail status into three discrete classes. The 10-dimensional input

feature vectors from the PCA stage are standardized to zero mean and unit variance. A weighting system is added to address

class imbalance, since not all three classes appear in the same number of frames. Those are calculated for each class c using245

the formula:

wc =

(
1

Nc

)α

(1)

where Nc is the class count and α is a scaling hyperparameter, followed by normalization to ensure the weights sum to the

number of classes.

The neural network uses the SAc results to train to classify the reduced images according to contrail status category. The250

model’s architecture consists of a two-layered feature-processing block and a two-layered classification block with dropout

layers to mitigate overfitting and concludes in a 3-neuron output layer with a softmax activation. The aim is to balance classi-

fication performance and computational time for each flight campaign. A k-fold cross-validation strategy is implemented with

the Adam optimizer for training. The final model weights are selected from the fold with the highest validation accuracy. The

results presented in Sect. 3 compare the actual versus predicted classes in every contrail category for each image, meaning each255

image is associated with a vector of three percentages of confidence for absence, short-lived, and persistent.

3 Results

As mentioned in the previous sections, the camera footage and corresponding flight and atmospheric data analyzed in this

study were collected from the ND-MAX and ecoDemonstrator flight tests. The port or starboard side facing footage from the

aircraft was preferred for observing contrail formations at the engine wake. In this section, the results from each part of the260

methodology illustrated in Fig. 1 are presented and explained.

Both the 2018 ND-MAX and the 2023 ecoDemonstrator campaigns used NASA’s DC-8 as the chase aircraft. The measure-

ments obtained from the DC-8 chase aircraft for each flight campaign, consisting of air temperature, static pressure, and relative

humidity over ice, were used as inputs to the SAc and ice supersaturation criterion models along the flight paths to determine

whether they meet the conditions for contrail formation and persistence, respectively. Certain parameters were assumed to265

be constant for both the A320 and B737-10 aircraft and conventional jet fuel values from Dischl et al. (2022) were used.

These constant parameters include the emissions index of water vapor used, the heat of combustion, and the overall propulsion

efficiency. Table 2 contains a summary of all constants used for the SAc evaluation.
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Both campaigns burned Jet-A fuels and SAF (Bräuer et al., 2021; Schripp et al., 2022; Gallo et al., 2024) alternatively during

flights. The model was first tested assuming conventional Jet-A heat of combustion and EI of water vapor (EIH2O) throughout270

the entire duration of the flights. Further testing was performed by implementing the EcoDemonstrator’s fuel schedule in the

SAc step with the appropriate values for EIH2O and combustion heat for conventional Jet-A and 100% HEFA SPK Paraffinic

SAF (Gallo et al., 2024). The ANN classification results from both tests were indistinguishable for the most part, since as

indicated in Table 2, the fuel-dependent parameters differ by as small margin. The evaluation of those parameters followed

the practice shown in CoCiP. Unlike CoCiP, this model utilizes the SAc to determine if contrail formation is possible, but it275

does not account for the non-volatile particles that SAF blends significantly reduce, allowing them to produce less contrails.

Therefore, to demonstrate the implementation of this methodology, the following results were created with sorely Jet-A values

throughout all flights.

Table 2. Parameters used in the Schmidt-Appleman criterion evaluation. Values that differ between Jet A and 100 % SAF blend are shown

separately; all other parameters are common to both fuel types.

Parameter Unit Jet A 100 % SAF

Fuel-dependent parameters

Emission index of water vapor kg kg−1 1.23 1.36

Heat of combustion MJ kg−1 43.130 43.131

Common parameters

Propulsion efficiency – 0.33

Molar mass ratio (H2O/air) – 0.622

Specific heat capacity of air J kg−1 K−1 1004

Figure 5 illustrates the conditions during the ND-MAX flight on 17 January 2018. For the pressure altitude at every time step,

the SAc ∆T plots the temperature difference between the ambient air and the threshold temperature for contrail formation. A280

negative ∆T indicates that the ambient temperature is below the threshold, suggesting conditions that favor contrail formation.

The relative humidity over ice plot marks times during the flight that exceeded the 95 % threshold and are thus more likely

to produce persistent contrails. The critical relative humidity for contrail formation was set at 95 %, following (Dischl et al.,

2022), to allow some margin from the theoretical threshold of 100 %. For ND-MAX, the likelihood of contrail formation

appears above 8000 ft between approximately 11:00 and 14:30 UTC. Persistence is possible at several points across the flight,285

with multiple peaks above the threshold. Relative humidity remains high after 14:30 UTC but the positive SAc ∆T deems a

contrail unlikely. A corresponding sample from the ecoDemonstrator on 21 October 2023 is shown in Fig. 6. The SAc ∆T plot

shows the minimal impact of selecting Jet A instead of the actual fuel schedule for the SAc calculation. As illustrated in Fig. 1,

the classification neural network trains by leveraging these physics-based results.
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Figure 5. Temperature difference between ambient and threshold for SAc (SAc ∆T) (top) and relative humidity over ice (bottom) for the

pressure altitudes from ND-MAX on 17 January 2018.

Certain conditions were observed in the camera footage that contribute to reduced visibility, decreasing the effectiveness of290

the model, as detailed in Sect. 2. Filtering was employed to exclude those cases. Those conditions are highly dependent on

camera placement and direction, and several conclusions can be deduced to improve them and increase model accuracy.

The filtering process described in Sect. 2.2 reduced the atmospheric data from approximately 131 000 to 39 000 samples

for ND-MAX and from 139 000 to 57 000 for the ecoDemonstrator. The video was then discretized and synchronized with the

atmospheric data. The footage was converted to images at 5-second and 2-second intervals apart for ND-MAX and ecoDemon-295

strator, respectively, the latter chosen to be a shorter interval to account for the shorter duration of footage. The result consisted

of roughly 17 200 and 24 000 images, respectively. A synchronization tool was created to match and store the atmospheric data

corresponding to the remaining time instances of the images. Furthermore, it deleted the images corresponding to the filtered

atmospheric data. The synchronization reduced the usable number of images and data to 7 917 for ND-MAX and 16 561 for

ecoDemonstrator.300

The image frames were resized from 720 × 720 to 320 × 320 pixels to reduce the input vector to a size that can be processed

by an onboard computer. In this study, image editing was not performed. The autoencoder was trained for 50 epochs with early

stopping for both campaigns. The training metrics shown in Table 3 suggest stable convergence with training loss below 0.002,
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Figure 6. Temperature difference between ambient and threshold for SAc (SAc ∆T) (top) and relative humidity over ice (bottom) for the

pressure altitudes from ecoDemonstrator on 21 October 2023.

and high reconstruction quality with PSNR above 37 dB and SSIM close to 1. The resulting latent space was normalized before

entering the PCA to encourage more pronounced clustering.305

Table 3. Autoencoder training metrics for the two campaigns.

Campaign Training Loss PSNR SSIM

ND-MAX 0.00112 39.97 0.99998

ecoDemonstrator 0.00113 37.08 0.99910

The classification was performed using an ANN evaluated with a 5-fold cross validation to improve the robustness of the

evaluation and reduce the risk of overfitting. The network’s architecture included an input layer that mapped 10-dimensional

principal component vectors into a 32-dimensional feature space, followed by a sequence of fully-connected layers with layer

normalization, ReLU activation functions and dropout for training stability and regularization. The resulting model is evaluated

through inference on the dataset to determine accuracy and converge on the best performing model. For the training process, the310

hyperparameter α was set to 0.5 to most appropriately address the class imbalance from the available data. Table 4 summarizes
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the number of images per class and the weight assigned to them to avoid an imbalanced dataset. The Adam optimizer was used

with a learning rate of 0.001 and cross-entropy loss. Training employed 5-fold cross-validation with early stopping, halting

if validation loss did not improve by more than 0.001 over 30 consecutive epochs. Out-of-fold predictions were collected so

that each of the 14,470 or 16,561 campaign samples was classified exactly once, during its respective held-out fold. The final315

per-class metrics and confusion matrix were computed over the complete set of out-of-fold predictions across all samples.

Table 4. Image count per class and the weighting assigned to them to avoid class bias due to data imbalance.

ND-MAX

Metric Absent Short-lived Persistent

Class Count 3453 5778 5239

Class Weight 1.1605 0.8972 0.9422

ecoDemonstrator

Class Count 4229 6827 5505

Class Weight 1.1263 0.8865 0.9872

Table 5 reports per-class precision, recall, and F1-score derived from out-of-fold predictions across all five folds, such that

each sample was evaluated exactly once on unseen data. The model performs consistently across all three contrail classes.

F1-scores range from 0.827 to 0.932. The absent class achieves recall values above 0.90, indicating the model does not dis-

proportionately misclassify underrepresented samples. The weighted-average F1 of 0.8671 and 0.9099 for ND-MAX and320

ecoDemonstrator, respectively, accounts for class frequency.

Table 5. Classification metrics by contrail formation class

ND-MAX ecoDemonstrator

Class Precision Recall F1 Precision Recall F1

Absent 0.9256 0.9401 0.9328 0.9021 0.9045 0.9033

Short-lived 0.8571 0.8712 0.8641 0.9006 0.8950 0.8978

Persistent 0.8391 0.8152 0.8270 0.9274 0.9328 0.9301

Weighted avg 0.8669 0.8674 0.8671 0.9099 0.9100 0.9099

Confusion matrices were constructed to gauge the model’s accuracy. Table 6 shows the confusion matrix from the ND-MAX

campaign, while Table 7 shows the matrix from the ecoDemonstrator results. The percentages represent the ratio of data in

a given actual state that the model predicts. For example, the top right cell denotes the percentage of data points where the

contrail is absent but is perceived by the algorithm to be persistent. The aim is to approach 100 % in the diagonal starting at325

top left and ending in bottom right with 0 % elsewhere.
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Table 6. Confusion matrix for the machine vision algorithm applied to the ND-MAX campaign.

Predicted

Absence Short-lived Persistent

Actual

Absence 94.0 % 1.9 % 4.1 %

Short-lived 1.1 % 87.1 % 11.8 %

Persistent 3.7 % 14.7 % 81.5 %

Table 7. Confusion matrix for the machine vision algorithm applied to the ecoDemonstrator campaign.

Predicted

Absence Short-lived Persistent

Actual

Absence 90.4 % 8.3 % 1.2 %

Short-lived 5.4 % 89.5 % 5.1 %

Persistent 0.9 % 5.8 % 93.3 %

4 Discussion

The results show a strong potential for future deployment of the classifier onboard aircraft, along with cameras that capture

contrails forming. Through a comparison of the results from the two flight measurement campaigns, the classifier appears

to predict contrail absence cases with slightly higher accuracy for the ND-MAX campaign (94.0 % versus 90.4 % for the330

ecoDemonstrator dataset) and relatively similar accuracy for short-lived contrails (87.1 % for ND-MAX versus 89.5 % for

the ecoDemonstrator). The slightly lower accuracy in absence for the ecoDemonstrator campaign, despite a higher number

of images with absence, may be partially attributed to the camera orientation, which captured a short segment of the exhaust

plume close to the engine. Since the distance from the engine at which contrails are formed varies, some contrails could have

been out of the camera’s FOV. While there is still room for improvement, these results show a notable improvement over the335

ND-MAX prototype results that were presented in (Papamichou et al., 2026), which showed 81.3 % and 77.5 % for short-

lived and persistent contrails, respectively. Results showed improvement with adjustments to the hyperparameters and filtering

precision. The classification rates of both measurement campaigns presented in this work exceed the 50 % accuracy that has

been achieved by other current machine learning approaches for contrail identification from satellite imagery of clouds, as

documented by the (International Air Transport Association, 2024) report.340

This study improved on previous work (Papamichou et al., 2026) in a robust and automated framework. The similarities

between the ND-MAX and ecoDemonstrator results and footage, indicate the suitability of the footage and camera placement.

Their slight differences suggest an impact of the camera placement and footage quality on the model’s accuracy. Optimizing
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camera orientations in the future will be a significant factor in improving the training process and the classification accuracy

of the model in future deployments, particularly for persistence.345

Figure 7. Comparison of the ND-MAX and ecoDemonstrator footage. (Top Left) ND-MAX campaign footage has tail obstruction in the

view of the contrail, as well as a visible large portion of the aircraft fuselage and wing. (Top Right) ecoDemonstrator footage is not occupied

by the aircraft body and the tail never covers the contrail stream. (Bottom Left) ND-MAX campaign footage is typically lower brightness

and has a wider FOV, increasing the visible length of the contrail stream. (Bottom Right) ecoDemonstrator footage has high brightness and

shorter view of the contrail.

Testing the algorithm on the ND-MAX and ecoDemonstrator footage has revealed certain optimal visual conditions. As

shown in the images from the two campaigns in Fig. 7, there are notable differences. In the ND-MAX campaign video,

the aircraft’s tail obstructs a portion of the contrail at high roll angles due to its camera placement. On the other hand, the

camera location used in the ecoDemonstrator campaign is lower and angled outward, thus avoiding the aforementioned issue.

Additionally, a significant part of the fuselage and wing occupies the captured ND-MAX frame, unlike in the ecoDemonstrator350

footage, where the outward orientation of the camera minimizes intrusion from the airframe. However, the ecoDemonstrator’s

camera angle shows a significantly shorter segment of the contrail stream, whereas the ND-MAX footage, extends to several

kilometers behind the aircraft in favorable conditions.
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The results for persistence are better for the ecoDemonstrator footage compared to the ND-MAX. Therefore, it may be

advisable to locate camera placements that minimize the airframe components’ visibility, since they further complicate a355

challenging task. At the same time, the absence has higher accuracy for the ND-MAX, thus, maximizing the length of the

contrail, similar to ND-MAX, could be beneficial. The length of a contrail renders it more distinguishable among natural

clouds. Additionally, placements should be considered that avoid being at a similar height to the horizontal stabilizer. Either

a higher or lower placement should prevent the tail from hiding the contrail at high roll angles. For sun glare, filtering might

be reduced by placing the camera high and pointing it downwards or tinting the top half of the FOV. An additional camera on360

the opposite side may help capture the cases where sun glare is too obtrusive on one side’s footage. Lastly, a separate study

may be conducted for the use of chase aircraft forward facing footage with this paper’s methodology to investigate the effect

of showing the model a larger segment of the contrail on the persistence prediction.

5 Conclusions

This work presented a methodology that uses machine vision algorithms to enable real-time onboard contrail detection and365

persistence prediction, using footage from two airborne flight campaigns to train the respective models. This methodology

combines an autoencoder used for feature extraction, PCA for additional dimensionality reduction and an ANN for classifica-

tion of contrail status from visual footage into three categories: absent, short-lived and persistent. This approach was developed

and evaluated using publicly available data from two NASA flight campaigns: the 2018 NASA-DLR ECLIF II/ND-MAX over

Germany and the 2023 NASA-Boeing ecoDemonstrator over Washington state.370

Two classifiers were trained, one for each flight campaign, with promising results for both campaigns. For the ND-MAX

dataset, accuracies of 94.0 %, 87.1 % and 81.5 % were obtained for contrail absence, short-lived and persistent categories,

respectively. For the ecoDemonstrator, those values were 90.4 %, 89.5 % and 93.3 %, respectively. These results show that

implementing onboard cameras with this tool may be beneficial for contrail tracking and persistence prediction. The main

reason for misclassification cases was the confusion between the short-lived and persistent categories, which can be attributed375

to the continuous evolution of the contrail between those two contrail states.

A key finding of the study was the importance of camera placement on classification accuracy. The results suggest that future

camera installations should aim to maximize the visible contrail length while minimizing the presence of aircraft components in

the frame. Additionally, the positioning of cameras relative to the horizontal stabilizer should be considered to avoid occlusion

at high roll angles. Reducing instances of sun glare should be attempted depending on placement.380

The approach described in this work offers several practical advantages for fleet-wide deployment. It simply requires a

camera with a clear view of the engine exhaust as additional instrumentation, it can allow for real time operations, and it is

more computationally lightweight compared to the use of physics-based simulation tools or satellite-based detection systems

that rely on multiple external data sources. As such, it may be leveraged as a complementary tool to support contrail monitoring

and mitigation strategies.385
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There are several directions identified for future work. First, the classification accuracy can be evaluated for potential im-

provement by optimizing camera placement for future airborne measurement campaigns, based on the recommendations pre-

sented in Sect. 4, as well as through the further optimization of hyperparameters per flight campaign dataset. Second, the inte-

gration of this onboard detection system with atmospheric data and flight planning tools could enable the real-time avoidance

of ISSRs, thus preventing the formation of persistent contrails. Third, the methodology could be extended to forward-facing390

chase aircraft footage to investigate the effect of a larger visible contrail segment on persistence prediction.

Code and data availability. The source code to reproduce the methodology described in this paper is available at: https://doi.org/10.5281/

zenodo.20485244. For ease of reproducibility, the datasets can also be found here in the expected format of the source code: https://doi.org/10.

5281/zenodo.20422913. The dataset consist of atmospheric measurements and onboard camera footage of contrail formation from the ECLIF

II/ND-MAX and ecoDemonstrator flight campaigns found publicly in the NASA archives below. The video footage for the 2018 NASA - DLR395

ECLIF II/ND-MAX and 2023 NASA - Boeing ecoDemonstrator flight measurement campaigns, as well as the atmospheric measurement data

for the 2023 ecoDemonstrator campaign are publicly available and can be found through the NASA Airborne Science Program Online Video

Archive (https://asp-archive.arc.nasa.gov/), as part of the NASA Airborne Science Program. The atmospheric measurements and aircraft data

for the ND-MAX campaign can be found through the NASA Aeronautics Fields Projects, Public Projects List (https://science-data.larc.nasa.

gov/aero-fp/projects/), as part of the NASA Aeronautics Mission Directorate.400
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