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Abstract: This study utilizes Automatic Dependent Surveillance–Broadcast (ADS-B) data sourced by
the OpenSky Network to curate a dataset aimed at enhancing the precision of aerial suppressant drop
predictions in wildland firefighting. By amalgamating ADS-B data with Automated Telemetry Unit
(ATU) drop information, this research constructs a reliable base for analyzing the spatial aspects of
aerial firefighting operations. Using sequential machine learning models, specifically Long Short-Term
Memory (LSTM) networks and 1D Convolutional Neural Networks (1DCNN), the study interprets
complex flight dynamics to predict drop locations. The dataset, covering 2017 to 2023, is labeled
and segmented to reflect accurate suppressant release events, facilitating the distinction between
drop and non-drop activities in fixed-wing aircraft. The LSTM model demonstrated strong predictive
performance with an F1 score of 0.922, effectively identifying suppressant drop events with high
accuracy. This model’s reliable predictions can significantly improve situational awareness in real-
time aerial firefighting operations, enabling more informed decision-making and better coordination
of resources during wildfire events.

Keywords: machine learning; real-time tracking; ADS-B data; aerial firefighting; suppressant drop
prediction; situational awareness; flight dynamics

1. Introduction

Wildfires have become increasingly prevalent across various global regions, resulting
in increasing risks to human health and habitation, natural systems, as well as a corre-
sponding increase in aviation suppression operations globally. Fixed-wing aircraft used
in wildland firefighting, such as large air tankers (LATs), very large air tankers (VLATs),
and scoopers, play an important role in the management of wildfires [1,2]. With their
increased utilization, interest in effectiveness and safety has also increased [3,4]. However,
monitoring and tracking their operations, including accurately pinpointing drop locations,
pose significant challenges [5]. In the United States, individual contracted vendors are
responsible for reporting the locations of suppressant drops. However, the lack of standard-
ization in data reporting, with each vendor providing data in different formats, complicates
the collection and post-processing efforts. These challenges hinder the availability of data
for real-time tracking.

Automatic Dependent Surveillance–Broadcast data (ADS-B) is a surveillance technol-
ogy required by the Federal Aviation Administration (FAA) for all aircraft operating in
Class A airspaces nationwide [6]. The OpenSky Network, a real-time global flight tracking
system, provides comprehensive flight trajectory data that could significantly enhance fire-
fighting aircraft tracking and management, and thereby effectiveness [7,8]. This system’s
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open-source nature allows researchers to access Mode S transponder data from each air-
craft. By leveraging the OpenSky Network, raw trajectory data can be extracted for further
analysis, identifying specific flight patterns and behaviors such as aerial suppressant drops.
The integration of this spatial data with machine learning techniques enables us to train
predictive models that consider flight characteristics during operations, thus predicting the
drop locations.

Despite previous studies utilizing the OpenSky Network for automated flight pat-
tern identification [9–11], research identifying suppressant drop locations using aircraft
tracking remains unexplored. Aerial drops conducted by wildland firefighting aircraft
are unique such that they reduce the plane’s cargo load by up to 73.5 metric tons over
a short distance [12]. This requires pilots to ‘pitch up’ and increase acceleration. This
maneuver allows the aircraft to regain its lost altitude quickly and ensures safe clearance
of trees and other potential obstacles in the wildland environment. The swift changes in
flight dynamics during this operation make it an interesting case study for aerial trajectory
analysis. Others have employed rule-based and statistical methods to discern take-offs,
landings, and holding patterns related to firefighting, yet the identification of suppressant
drop locations was not addressed [9].

Currently, the tracking of aircraft drop locations relies on automated telemetry units
(ATU), necessitating post-flight data uploads by each contracted vendor, followed by
additional data processing steps. This approach limits the tracking to known drop locations,
omitting the aircraft’s position during transit. Our methodology leverages real-time flight
tracking data, offering immediate and continuous aircraft location information, not just at
drop locations. This enhancement in data availability significantly improves situational
awareness for ground-based firefighting teams, thereby increasing safety and operational
response effectiveness.

Further, only aircraft contracted through the US Forest Service (USFS) are required to
maintain and report the data. Thus, retardant drop data from airtankers contracted through
the state of California and military aircraft using the Module Airborne Fire Fighting System
(MAFFS) are not available through the ATU analysis process although these diverse aircraft
from different management agencies will support the same fires. The absence of consistent
ATU data may create an incomplete picture of fire suppression actions and limit our ability
to understand the effectiveness of retardants. Implementing our methodology allows us to
have a more complete picture of how aviation is supporting suppression actions.

This study proposes an approach to collect ADS-B flight data of airtankers and com-
bine them with the historically recorded airtanker suppressant drop data. Integrating
both data sources may support future research in studying airtanker flight patterns and
drop locations. To demonstrate the use of those data, we establish test cases by building
sequential machine learning models to predict suppressant drop location during wildland
firefighting operations.

In this study, we introduce a dataset derived from the detailed Mode S transponder
data that reflects the flight behavior of firefighting aircraft. This dataset is part of an
effort to improve the tracking and monitoring of aerial firefighting operations. We utilize
sequential machine learning models, namely Long Short-Term Memory (LSTM) and 1D
Convolutional Neural Networks (1DCNN), to analyze this data. Both these techniques
offer unique advantages in processing sequential data to detect temporal patterns in flight
data [13,14]. Our goal is to better predict suppressant drop locations, aiding in the efficient
deployment and monitoring of firefighting resources.

2. Materials and Methods

The map visualizes the spatial distribution of data gathered for our study within the
western United States, encompassing latitudes from 30◦ to 50◦ North and longitudes from
125◦ to 100.5◦ West (Figure 1). The red dots indicate the precise locations of wildfire sup-
pressant drops where comprehensive flight information was available from the OpenSky
Network’s tracking data. These points align with regions historically impacted by wildfires,
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demonstrating where aerial suppression has been deployed and where our data collection
was most reliable.
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Figure 1. Map of documented wildfire suppressant drops in the western United States with available
OpenSky Network ADS-B data. Red dots represent the locations of drops where flight data were
successfully retrieved and analyzed. This subset of data points reflects instances where comprehen-
sive flight tracking information was accessible, highlighting the geographical areas of active aerial
firefighting efforts where data collection was feasible. The map is projected in the WGS 84 coordinate
system (EPSG: 4326), matching the global positioning system used by the ADS-B data source.

To distinguish individual aircraft within the OpenSky database, we collected a set of
Mode S codes corresponding to aircraft contracted by the USFS for wildland firefighting
tasks. This effort began by individually identifying tail numbers of aircraft known to
participate in wildfire suppression (https://fireaviation.com/, accessed on 21 August
2023). Subsequently, we extracted the corresponding Mode S codes (Base 16/Hex) from
the FAA flight registry (https://registry.faa.gov/aircraftinquiry/Search/NNumberInquiry,
accessed on 21 August 2023). Through this process, we identified unique codes, each linked
to a specific aircraft involved in firefighting operations. The identification of Mode S codes
enables the targeted querying of individual aircraft data, which is needed for the detailed
analysis and tracking of aircraft flight patterns during operation.

Our study relies on two main datasets: ADS-B data and ATU drop data. Both are
needed for the precise identification and labeling of aerial drop locations in aircraft oper-
ations during wildland firefighting. The ATU data provide an established ground truth
for the location of firefighting suppressant drops. These units are required on air-tankers
contracted by the USFS, documenting the aerial application of water or fire suppressant
during wildfire incidents. Spanning from 2017 to 2023, the data are represented as polyline
records. These records estimate the opening and closing points of the aircraft’s release door
mechanism, indicating the start and end points of a drop. These insights into when and
where an aircraft executed the drops serve as reference points. We align these points with
ADS-B flight trajectory information, identifying known drop locations. This correlation
process allows us to extract flight trajectory information that closely aligns with actual
drop events.

The ADS-B dataset, sourced from the OpenSky Network, offers a stream of flight track-
ing data, capturing the dynamics of an aircraft’s flight patterns [8]. This dataset includes

https://fireaviation.com/
https://registry.faa.gov/aircraftinquiry/Search/NNumberInquiry
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latitude, longitude, and time, which are needed in the construction of a space-time bound-
ing box encapsulating the relevant drop data. The ADS-B data exhibits a two-dimensional
array structure of form (t, n). Here, ‘t’ symbolizes discrete time intervals (measured at
one-second intervals), while ‘n’ represents different flight characteristics. These attributes
include altitude (m), speed (m/s), vertical climbing rate (m/s), and others that offer in-
sights into the aircraft’s operation. The data downloading process was implemented using
the PyOpenSky API, which facilitated the retrieval of ADS-B data through structured
requests [15,16]. Using the ADS-B data together with ATU drop data, we developed a
comprehensive dataset that integrates flight path information with fire suppressant drop
locations, capturing the dynamic behavior of aircraft during active firefighting operations
(Figure 2).
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Figure 2. (a) Representation of flight paths derived from ADS-B data points, with the ATU drop path
marked by a black line. (b) Enlarged view illustrating the congruence of ADS-B and ATU data points,
demonstrating data consistency.

Above ground level (AGL) data acquisition is important for enhancing the under-
standing of aerial firefighting maneuvers, as aircraft must lower their AGL altitude for
effective material drops with minimal dispersion [12]. We calculated the AGL drop height
by leveraging the Google Earth Engine API [17] to obtain ground level surface elevations
at specified drop locations and then determining the difference with the aircraft’s altimeter
readings from the ADS-B dataset. Consequently, our refined dataset includes ADS-B data,
ATU drop data locations, and the calculated AGL height data, providing a complete view
of aerial drop practices and associated flight characteristics including aircraft AGL.

To guarantee the reliability of our dataset in accurately identifying ADS-B data corre-
sponding to drop events, we employed a comprehensive data labeling and preprocessing
strategy. This strategy validated the spatial overlay between ADS-B flight trajectory data
and ATU drop data, ensuring the dataset’s integrity and applicability. First, we verified
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that each ADS-B data entry was correctly associated with its unique aircraft code. We
queried the OpenSky Network request with the unique Mode S codes of each aircraft. This
step confirmed that the designated aircraft were conducting the drops, aligning with the
information from the ATU dataset. We then validated the spatial congruence between
ADS-B and ATU drop data to ensure that the ADS-B data accurately reflected aircraft
positions during firefighting suppressant drop events. This validation process involved
comparing the geographical coordinates and timestamps from both data sources, ensuring
precise correspondence and alignment, as exemplified by the flight paths and suppressant
release locations depicted in the figure below (Figure 3). This alignment is important for ac-
curately identifying the suppressant drop locations during aerial firefighting operations. By
cross-referencing the ADS-B and ATU data, we ensure the precise synchronization of drop
events, enabling more accurate modeling and analysis of aerial suppressant operations.
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Figure 3. This figure compares two different data sources used in this study: flight trajectory
points captured by ADS-B data, and ATU drop data within a 30 s window. Each panel illustrates a
unique suppressant release event, showing flight paths marked by points at one-second intervals and
suppressant release locations measured using the onboard ATU instrument, denoted by a solid blue
rectangle. This figure demonstrates the spatial alignment between the two data sources used in the
modeling process.

The OpenSky Network is a ground-based receiver network, which can result in inter-
rupted signals from aircraft, particularly during low-altitude operations in mountainous
areas commonly encountered in wildland firefighting [18]. To address this, we used a data
filtering process. This process identified training samples that exhibit an almost uninter-
rupted stream of last contact timings. Specifically, we selected samples that contained
26 unique last contact numbers within the 30 s interval, enabling us to isolate and remove
samples with limited and inconsistent coverage. Consequently, this improves the quality of
the dataset by ensuring a selection composed of samples that consistently document the
moments leading up to and including the initiation of aerial drops. The resulting dataset
offers a more accurate and reliable reflection of an aircraft’s trajectory and operational
patterns during drop and non-drop sequences (Figure 4).
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Figure 4. Comparative visualization of aircraft flight parameters during firefighting operations.
(a) Represents a time series during an active suppressant drop event, highlighting the aircraft’s
velocity, vertical rate, and height above ground level. The dotted vertical line in (a) marks the
timestamp of the start of the suppressant release, illustrated by a significant change in vertical rate
and AGL, which is not present in (b). (b) Depicts a similar time series where no drop events occur,
displaying steadier flight parameters throughout the observed period. These graphs provide a
distinction between the aircraft’s flight behavior during drop and non-drop sequences and visually
show data with continuous coverage.

Given the short timing of aerial drop events, we chose a 30 s timeframe for data
collection surrounding drop events. This decision was informed by the ATU dataset, which
records the time the suppressant release mechanism was open, showing average drop times
of 1.79 s for scoopers, 2.63 s for LATs, and 2.66 s for VLATs. By capturing information
15 s before and after the start of drops identified in the ATU dataset, we ensured that our
dataset contained comprehensive and contextually relevant information surrounding aerial
drop events. This approach enabled a more thorough analysis of the operational dynamics
during these maneuvers.

The process of creating 30 s samples for drop and non-drop activities involves seg-
menting continuous flight data into smaller time intervals, enabling the capture of specific
operational events. In the context of aerial firefighting, these samples help us to analyze
and understand the trajectory and operational patterns of fixed-wing aircraft. By dividing
the data into these manageable segments, we derive understanding of the sequence of
events leading up to and during aerial drops, facilitating a detailed examination of flight pa-
rameters such as altitude, velocity, and location during moments of operation. The flow of
this segmented data into the model training process, from preprocessing to final prediction,
is illustrated in Figure 5, providing a visual representation of the modeling workflow.

In the context of wildland firefighting operations, where aircraft activities are predom-
inantly non-drop activities with the actual suppressant drops being relatively infrequent,
there arises a natural imbalance in the dataset. This imbalance reflects the reality of opera-
tional flights, with most data representing transit or preparation phases compared to the
less frequent suppressant drop events. This scenario poses a challenge for data analysis
and model training, as a model trained on such a dataset might become biased towards
predicting non-drop activities, neglecting the suppressant drop predictions.
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trajectories, training the LSTM model, and generating suppressant drop predictions.

In the data acquisition phase, we gathered ADS-B data for each aircraft engaged in
wildfire suppression throughout the course of an entire day. To accurately differentiate
between drop and non-drop activities, we applied the same filtering criteria across all
data segments. We separated the drop segments from non-drop segments to ensure that
non-drop samples were devoid of any ADS-B data from 15 s before to 15 s after an actual
drop event.

In our study, we designed two sequential neural network models using the Keras
library in Python 3.10, which is integrated within the TensorFlow framework [19,20]. This
approach allowed us to leverage the Keras API to construct our model architectures to
analyze sequential flight information. The architecture of the 1DCNN is structured with a
Conv1D layer, employing 8 filters with a kernel size of 3 and a rectified linear unit activation
function (‘relu’). The input sequence, which has the shape (30, n), indicates 30 s time steps
with n features at each step. Following the initial convolutional layer, a MaxPooling1D
layer with a pool size of 2 is applied. The model then flattens the pooled output and
applies a dense layer with 64 neurons, utilizing a ‘relu’ activation function. A Dropout
layer with a rate of 0.5 is included. The architecture concludes with a Dense output layer
comprising a single neuron with a ‘sigmoid’ activation function. This configuration is
chosen for binary classification tasks, where the output represents the probability of the
input sequence being classified as a ‘drop’ event. The model is compiled with the ‘adam’
optimizer and ‘binary_crossentropy’ loss function [21].

The LSTM architecture begins with an LSTM layer consisting of 30 units. The LSTM
layer’s output is then fed into a Dropout layer with a rate of 0.5 to prevent overfitting
by randomly omitting a portion of the features during training. This is followed by a
Dense output layer with a single neuron and a ‘sigmoid’ activation function, suitable for
binary classification tasks where the goal is to predict the likelihood of a ‘drop’ event
occurrence. Like the 1DCNN model, the LSTM was compiled using the ‘adam’ optimizer
and ‘binary_crossentropy’ loss function.
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Both types of models were trained over 10 epochs, with 70% of the samples allocated
for training and the remaining 30% reserved for performance evaluation. Given the im-
balanced nature of the dataset, we specifically calculated precision, recall, and F1 scores
to assess the models’ performance, particularly their ability to accurately identify the less
frequent suppressant drop events. The F1 score was particularly valuable in this context, as
it provides a balanced measure of precision and recall, helping to ensure that the models are
effective in predicting minority-class events. This evaluation provided an understanding
of how well the models would perform in real-world scenarios, particularly in accurately
detecting suppressant drop events.

During the validation phase, we tested different combinations of input covariates to
determine which factors were most influential in the predictive accuracy of our models.
Specifically, we examined various combinations of vertical climbing rate, aircraft velocity,
and height above ground level to understand their impact on the models’ ability to accu-
rately identify suppressant drop events. This process involved evaluating the contribution
of each covariate set to the models’ precision, recall, and F1 scores, providing insights into
which factors most significantly influenced the models’ performance.

3. Results

Using our curated dataset, we identified 1709 high-quality drop samples, each verified
as a suppressant drop location based on our data filtering rules. Additionally, we compiled
21,536 non-drop samples, each representing a distinct 30 s flight interval during non-drop
periods, ensuring no temporal overlap with the drop samples. These samples were used
for training and validating our LSTM and 1DCNN models to capture the short-duration
wildfire suppressant drop.

We validated the models’ performance using a separate set of flight sequences not
included in the training phase, assessing them on precision, recall, and F1 score metrics.
The results demonstrated that both models were effective in identifying suppressant drop
events. The LSTM model performed well when using vertical climbing rate and height
above ground level as covariates. This model achieved an F1 score of 0.922, with a precision
of 0.964 and a recall of 0.884 (Table 1).

Table 1. Performance metrics of LSTM and 1DCNN models using different covariate combinations
for aerial suppressant drop event classification. The table presents precision, recall, and F1 score for
each model, evaluated on covariate sets including velocity (m/s) (V), height above ground level (m)
(AGL), and vertical climbing rate (m/s) (Vert).

LSTM 1DCNN
Covariates Precision Recall F1 Score Precision Recall F1-Score
Vert, AGL, V 0.940 0.838 0.886 0.832 0.914 0.871
Vert, AGL 0.964 0.884 0.922 0.933 0.911 0.922
V, AGL 0.834 0.775 0.803 0.859 0.897 0.878
Vert, V 0.946 0.874 0.909 0.911 0.802 0.853
Vert 0.863 0.769 0.814 0.880 0.823 0.851
AGL 0.894 0.840 0.866 0.878 0.866 0.872
V 0.857 0.228 0.347 0.68 0.290 0.407

We also showcase the classifier’s utility by employing an LSTM model trained on
covariates including the vertical climbing rate and height above ground level. This model
is applied to an unseen dataset comprising continuous flight data featuring a drop event
at its midpoint. The LSTM model is initially fitted to the first 30 s window of the flight
data sequence, and then it sequentially predicts the drop event likelihood, shifting the
analysis window one second forward with each prediction. The input covariates and the
corresponding model output predictions are visualized in Figure 6. The figure illustrates
the sequential prediction output of an LSTM model applied to flight data during an aerial
firefighting operation. The top two plots display the flight data’s input covariates: the
vertical rate and the aircraft’s height above ground level (AGL), over time. The vertical red
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line in these plots marks the start of the suppressant drop, serving as a reference point. The
bottom plot presents the LSTM model’s prediction, displaying the likelihood of a drop event
occurring over time steps. The probability peaks around the actual drop event, reflecting
the model’s successful identification of the drop event based on the input covariates.
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were unseen during the model training. The third subplot illustrates the predicted drop likelihood
over time.
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4. Discussion

The performance metrics presented in Table 1, particularly the F1 score of 0.922
achieved by the LSTM model, highlight the model’s effectiveness in accurately predicting
suppressant drop events. The precision of 0.964 indicates that when the model predicts
a suppressant drop within the 30 s window, it is correct 96.4% of the time. This suggests
that the model is highly accurate, though much of the flight is spent in transit, making
recall an important metric. The recall of 0.884 reflects the model’s ability to correctly
identify 88.4% of the samples that contained an actual drop event within the 30 s interval.
For instance, if 100 samples contained actual suppressant drop events, the model would
correctly identify approximately 88 of those. Figure 6 visually illustrates the model’s
performance by showing the relationship between the aircraft’s vertical rate, height above
ground level, and the predicted likelihood of a suppressant drop. The sharp peak in
the bottom plot corresponds to the predicted drop event, demonstrating the model’s
ability to capture the flight dynamics of a suppressant drop. This level of performance
suggests that the LSTM model could serve as a viable alternative to traditional ATU
tracking, offering faster and potentially more reliable real-time predictions. By enhancing
situational awareness and reducing the latency associated with post-flight data processing,
this model has the potential to significantly improve the coordination and effectiveness of
aerial firefighting operations, thereby supporting more informed decision-making during
wildfire events.

This approach represents a resource for developing machine learning algorithms
aimed at predicting aerial suppressant drops. In this study, we acquired and labeled an
open-source dataset with the intention of advancing real-time flight tracking machine
learning models. Continued development of these models could greatly improve situa-
tional awareness in the field. For example, ongoing initiatives such as the Colorado Team
Awareness Kit (CoTAK) that provide real-time tracking of public safety aircraft positions
can be further enhanced by this work. By integrating this model while expanding the
ground-based collection of ADS-B data, fire managers could gain access not only to the
real-time positions of aircraft but also to the precise locations of suppressant drops. This
added layer of information could significantly enhance the coordination and effectiveness
of firefighting operations, providing insights that aid in decision-making during active
wildfire events.

The integration of real-time flight tracking data to predict aerial suppressant drops
using deep learning is a novel approach that has not been previously explored in wildfire
management [22]. While past studies have focused on analyzing holding flight patterns [9],
this study is the first to specifically identify suppressant drop locations by combining ADS-B
data with ATU drop records. Although the dataset used in this study was limited to fixed-
wing aircraft, helicopters are widely recognized as a critical asset in wildfire suppression
across the United States [23]. An extension of this work could involve incorporating
helicopter drop data to enhance the model’s applicability across different types of aircraft.

Future research could focus on improving the precision and accuracy of predicting
the actual locations where suppressant is deposited, rather than identifying the aircraft’s
position during a drop. By incorporating additional datasets, such as weather data (e.g.,
wind speed, wind direction) and topographical information (e.g., terrain slope, elevation),
models could better account for the factors that influence where the suppressant disperses
once it leaves the aircraft. The inclusion of real-time environmental variables, such as wind
direction and wind speed, could provide insights into the dynamic conditions that affect
the trajectory and spread of the suppressant after it is released. This would enable the
models to predict not just the moment of drop initiation but a more precise area of ground
coverage that the suppressant will achieve.

Traditionally, the tracking of aircraft drop locations has relied on automated telemetry
units, which require post-flight data uploads and subsequent processing by each vendor.
This process limits tracking to known drop locations, excluding the aircraft’s position
during transit. By leveraging real-time flight tracking data, our methodology provides
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immediate and continuous location information for firefighting aircraft, extending beyond
just the drop points. This advancement significantly improves situational awareness for
ground-based firefighting teams, leading to better coordination, increased safety, and
more effective operational responses. Ultimately, the integration of a standardized, real-
time dataset represents a significant step forward in the management of aerial wildland
firefighting strategies.

In conclusion, this model provides a standardized set of suppressant drop data, which
addresses the challenges posed by the varying data formats used by different contractors.
In accordance with the John D. Dingell, Jr. Conservation, Management, and Recreation
Act, Section 1114, our research aligns with the legislative mandate to develop and operate
a tracking system that remotely monitors the positions of wildland fire resources. The
standardized workflow we have developed is not only compliant with this mandate but
also enhances the overall safety and operational efficiency of firefighting efforts and could
feasibly be utilized globally where ADS-B data are available.
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