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Abstract

Designing robust machine learning systems remains an open problem, and there
is a need for benchmark problems that cover both environmental changes and
evaluation on a downstream task. In this work, we introduce AVOIDDS, a re-
alistic object detection benchmark for the vision-based aircraft detect-and-avoid
problem. We provide a labeled dataset consisting of 72,000 photorealistic images
of intruder aircraft with various lighting conditions, weather conditions, relative
geometries, and geographic locations. We also provide an interface that evaluates
trained models on slices of this dataset to identify changes in performance with
respect to changing environmental conditions. Finally, we implement a fully-
integrated, closed-loop simulator of the vision-based detect-and-avoid problem
to evaluate trained models with respect to the downstream collision avoidance
task. This benchmark will enable further research in the design of robust ma-
chine learning systems for use in safety-critical applications. The AVOIDDS
dataset and code are publicly available at https://purl.stanford.edu/hj293cv5980
and https://github.com/sisl/VisionBasedAircraftDAA, respectively.

1 Introduction

The use of machine learning in high stakes applications will require the design of robust systems that
perform well in a wide range of environmental conditions [1]–[3]. For example, a learning-based
perception system designed for use in aviation will need to handle changing environmental conditions
such as weather and time of day. In addition, these systems are often components of an autonomy
stack, and their performance should be evaluated both in isolation and with respect to the downstream
task of the system in which they operate [4], [5]. For the aviation example, perception models
should not only be evaluated based on isolated metrics on a test set such as mean average precision
but also on downstream tasks such as collision avoidance. Benchmark systems that allow for this
comprehensive evaluation are needed to build robust machine learning systems.

A number of recent benchmark datasets such as WILDS [3] and MetaShift [6] contain distribution
shifts due to environmental changes; however, these datasets only allow for evaluation on a test
set and generally do not provide evaluation capabilities for downstream decision-making tasks.
While recent work has highlighted the importance of task-specific design and evaluation, there
is a lack of standardized and accessible benchmarks in this area [4], [5], [7], [8]. To provide a
benchmark environment that covers both environmental changes and task-specific evaluation, we
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Figure 1: AVOIDDS benchmark overview.

introduce AVOIDDS (Aircraft Vision-based Intruder Detection Dataset and Simulator). AVOIDDS is
a benchmark dataset and evaluation environment for the problem of vision-based aircraft detect-and-
avoid (DAA). For this task, onboard aircraft systems must detect nearby aircraft and determine proper
maneuvers to avoid colliding with them. AVOIDDS specifically focuses on vision-based models,
which are trained to detect intruding aircraft from images taken by a mounted camera [9]–[13]. These
models will be especially critical in the development of unmanned aircraft and future air mobility
concepts.

AVOIDDS allows for training and testing of vision-based aircraft detection models. The benchmark
includes three main components (see fig. 1):

• Data: We provide a dataset containing 72,000 airspace images for training detection models
along with data generation code for customizable creation of new datasets. The dataset
is annotated with metadata that describes the environmental conditions under which each
image was captured.

• Baseline models: We provide baseline YOLOv8 aircraft detection models trained on the
AVOIDDS dataset.

• Evaluation capabilities: We provide capabilities for test set evaluation and an aircraft
encounter simulator to evaluate the closed-loop performance of trained detection models on
the downstream task of collision avoidance.

AVOIDDS serves as a benchmark for vision-based aircraft DAA and will enable further research
on the robust design and evaluation of learning-based perception systems. By defining a specific
downstream task and collecting annotated data across a variety of conditions, we enable further
research into solving safety-critical problems.

2 Related Work

The AVOIDDS benchmark is related to previous work involving object detection benchmarks, task-
specific evaluation, datasets with distribution shifts, and vision-based aircraft detect-and-avoid.

Object detection benchmarks Early object detection datasets include Pascal VOC [14] and COCO
[15], which contain images of common objects with their corresponding labels. These datasets have
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served as standard evaluation benchmarks for new object detection algorithms throughout the last
decade [16]–[23]. While these benchmarks cover a wide range of common objects, they do not
capture the performance of object detection algorithms on task-speci�c domains. Liet al. [24] created
the ODinW (Object Detection in the Wild) dataset, which contains13 task-speci�c datasets that were
used to check zero-shot performance of language-image models. Ciagliaet al. [25] provide a more
extensive version of this dataset called RF100 (Robo�ow-100) that consists of100task-speci�c object
detection datasets from domains such as microscopic images and video games. However, ODinW
and RF100 do not provide interfaces to assess task-speci�c performance metrics on each dataset. In
this work, we provide both a task-speci�c dataset for vision-based aircraft collision avoidance and a
simulator to evaluate performance on the downstream collision avoidance task.

Task-speci�c evaluation Object detection models are often evaluated in isolation using metrics
such as precision, recall, and mean average precision (mAP) [21]–[23]. However, these models are
often components of a system for a high-level decision-making task. For the vision-based detect-
and-avoid example, the object detection model is trained to detect intruding aircraft such that the
overall system can recommend safe collision avoidance maneuvers. Furthermore, the best model
according to traditional metrics does not always result in the best performance on downstream tasks
[4], [5], [7], [8]. For this reason, it is important to incorporate task-aware metrics into the design
and evaluation of machine learning models. Philionet al. [4] develop planner-centric metrics for a
machine-learning based object detection system used in autonomous driving and show their bene�t
over traditional metrics. They evaluate the metrics using driving trajectories from the nuScenes dataset
[26]. The nuScenes dataset provides trajectories for the autonomous driving task, but the trajectories
are prerecorded and therefore do not allow for a proper simulation to assess the performance of the
fully-integrated, closed-loop system [26]. The CARLA simulator enables closed-loop simulation of
driving trajectories and scenarios to evaluate various models for perception and control [27]–[30]. In
the aviation domain, AirSim allows for the closed-loop simulation of unmanned aerial vehicles, such
as small drones [31]–[34]. Corsoet al. [5] design safer perception systems by quantifying the effect
of perception errors on the performance of a downstream task and apply their methods to increase the
safety of a vision-based detect-and-avoid system. This work expands on this application to provide
an accessible benchmark for task-speci�c evaluation.

Datasets with distribution shifts Previous work has shown that machine learning models often
drop in performance when their test distribution differs from their training distribution [1]–[3]. This
dropoff is especially apparent if the model relies on spurious correlations in the training data [35].
For this reason, researchers have created benchmark datasets with distribution shifts. Early datasets
containing distribution shifts focused on local perturbations such as rotation and image noise. For
example, some works created distribution shifts by rotating images in standard benchmark datasets
such as MNIST and CIFAR-10 [36], [37]. Hendryckset al. [38] created the ImageNet-C dataset
by applying75 common corruptions to the ImageNet dataset and noted a drop in performance of
state-of-the-art models when evaluated on the corrupted images. Datasets such as WILDS [3] and
MetaShift [6] go beyond image tranformations and gather data containing more general distribution
shifts that machine learning models may encounter when deployed in the wild. The WILDS dataset,
for example, contains10 datasets with distribution shifts involving domain generalization and
subpopulation shift [3]. However, the WILDS dataset does not have clear annotations of the semantic
concepts that change in each distribution shift. Datasets such as NICO [39] and MetaShift [6]
provide metadata describing the semantic concepts present in images of common objects. This
metadata enables the evaluation of model performance across groupings of the dataset with similar
concepts. Inspired by the metadata used in NICO and MetaShift, AVOIDDS provides annotations of
the environmental conditions such as time of day, weather, and geography for each aircraft image.
While previous distribution shift benchmarks evaluate changes in model performance using standard
test set metrics, AVOIDDS also allows for evaluation of performance with respect to the downstream
task of the broader system in which the model operates.

Vision-based aircraft detect-and-avoid Aircraft detect-and-avoid systems rely on sensor informa-
tion to detect and track intruding aircraft so that they may issue proper collision avoidance advisories.
Traditional sensors used for surveillance and tracking include ADS-B, onboard radar, and transpon-
ders [40], [41]; however, automated aircraft collision avoidance systems will require additional
sensors both for redundancy and to replace the visual acquisition typically performed by the pilot.
For this reason, vision-based traf�c detection systems have been proposed, in which intruding aircraft
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Figure 2: Vision-based detect-and-avoid system overview.

are detected from a camera sensor mounted on the aircraft [9]–[13], [42], [43]. Early work on
vision-based aircraft detection used traditional model-based computer vision techniques [42], [43];
however, these techniques were unable to detect aircraft below the horizon in front of a background
with ground clutter. Deep learning-based approaches address this limitation and are well-suited for
the aircraft detection task [9]–[13]. However, since this application is safety-critical, it is important
to evaluate the safety and robustness of these systems with respect to changes in the environment
using realistic datasets and simulators [44]. Aerial object tracking datasets provide video sequences
of aerial imagery [45]–[47]. The simulator in the AVOIDDS benchmarks produces video sequences
similar to these existing tracking datasets while also allowing for the simulation of new scenarios.
Of the vision-based traf�c detection benchmarks and datasets that are publicly available, AVOIDDS
represents the only benchmark with both an extensive dataset covering a range of environmental
conditions annotated with metadata and a simulator for evaluation on the downstream collision
avoidance task.

3 AVOIDDS Benchmark

An aircraft detect-and-avoid system is responsible for sensing nearby aircraft and determining the
necessary maneuvers to avoid collision. Figure 2 provides an overview of this process for a vision-
based system. At each time step, the equipped aircraft (referred to as the ownship) captures an
image of its surroundings using a mounted camera. This image is then passed through a perception
system that detects surrounding aircraft (referred to as intruders) and produces an estimate of their
state. This state estimate is then passed to a controller, which selects a collision avoidance maneuver.
While extensive previous work has studied aircraft collision avoidance controllers that rely on state
information [40], [41], [48], [49], the image-based aircraft detection problem remains an open area
of research. Therefore, the AVOIDDS benchmark focuses mainly on the detection component of
the detect-and-avoid system but also provides a framework for evaluating this component within the
context of the fully-integrated, closed-loop system shown in �g. 2.

Figure 1 outlines the three main components of the AVOIDDS benchmark. The �rst component
provides capabilities for the controllable generation of labeled airspace images under a range of
environmental conditions using a photo-realistic �ight simulator. We used these capabilities to
produce a large, public dataset of airspace images with intruder aircraft at various locations in the
frame. Using this dataset, we trained baseline YOLOv8 models to detect intruder aircraft in individual
frames passed to the model. The �nal component involves two evaluation systems: one that outputs
traditional metrics such as precision and recall evaluated on a test set of individual image inputs
and an aircraft encounter simulator that outputs task-speci�c metrics. With both of these evaluation
systems, we can evaluate model performance on sample inputs and on the downstream task that the
model is intended to serve.

3.1 Data Generation

A challenge for the use of computer vision in aviation is that the variability of environmental variables
may lead to lower performance, posing large risks. During �ight, aircraft can experience changes in
terrain, lighting, and weather that will impact the performance of a vision-based model. To capture
this variability, we provide an accessible interface for generating customized image datasets with
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