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Exploded view of the ViSafe payload

Intruder platforms used in the real-world flight tests

We demonstrate ViSafe, a high-speed vision-only airborne collision avoidance system. 7op: Rendering of a real-world flight test log where the

ViSafe system detects an incoming intruder with a 144 km/h closure rate and performs an avoidance maneuver to ensure safe separation. The annotations
showcase the detections and multi-camera tracks from the vision-based aircraft detection and tracking system, while the trajectory shows the log of the
performed real-world avoidance maneuver. The numbered annotations showcase the different stages of the flight test, from intruder detection to avoidance
completion. Bottom: ViSafe payload, ownship, and intruder platforms used in the real-world flight tests.

Abstract—Assured safe-separation is essential for achieving
seamless high-density operation of airborne vehicles in a shared
airspace. To equip resource-constrained aerial systems with this
safety-critical capability, we present ViSafe, a high-speed vision-
only airborne collision avoidance system. ViSafe offers a full-
stack solution to the Detect and Avoid (DAA) problem by
tightly integrating a learning-based edge-Al framework with
a custom multi-camera hardware prototype designed under
SWaP-C constraints. By leveraging perceptual input-focused
control barrier functions (CBF) to design, encode, and enforce
safety thresholds, ViSafe can provide provably safe runtime
guarantees for self-separation in high-speed aerial operations.
We evaluate ViSafe’s performance through an extensive test
campaign involving both simulated digital twins and real-world
flight scenarios. By independently varying agent types, closure
rates, interaction geometries, and environmental conditions (e.g.,

weather and lighting), we demonstrate that ViSafe consistently
ensures self-separation across diverse scenarios. In first-of-its-
kind real-world high-speed collision avoidance tests with closure
rates reaching 144 km/h, ViSafe sets a new benchmark for vision-
only autonomous collision avoidance, establishing a new standard
for safety in high-speed aerial navigation.

I. INTRODUCTION

Collision avoidance systems are critical to enabling safe
operations in shared airspace. The integration of Uncrewed
Aerial Systems (UASs) into an already congested National
Airspace System raises pressing concerns about ensuring the
safe separation of airborne vehicles. Existing solutions, such
as Autonomous Collision Avoidance Systems (ACAS) [33]
and Unmanned Traffic Management (UTM) [18] frameworks,



have demonstrated effectiveness. However, these systems of-
ten depend on multiple active sensor modalities—such as
transponders, radars, and ADS-B—which are unsuitable for
small UASs due to stringent size, weight, power, and cost
(SWaP-C) constraints. Addressing threats posed by coopera-
tive as well as non-cooperative aerial entities like balloons and
rogue drones while respecting SWaP-C resource constraints
remains an ongoing challenge. As a result, current regulations
impose strict line-of-sight requirements on human operators,
significantly restricting the utility and scalability of UASs.

Cameras offer a lightweight, cost-effective alternative for
enabling safety-critical Detect and Avoid (DAA) capabilities in
sUAS. With the growth of data-driven methods, vision-based
object detection offers a promising direction for tracking small
aircraft in images with low signal-to-noise ratios [17]. How-
ever, real-world deployment and integration of these detection
systems with downstream provably safe collision avoidance
methods remain challenging.

We present ViSafe, a vision-only airborne collision avoid-
ance system to impart see-and-avoid capabilities to sUAS.
ViSafe builds on our prior work AirTrack [17], which uses
high-resolution detection and tracking networks to detect
aerial objects. We extend AirTrack to the multi-camera setting
by using multi-view fusion to track detected intruder posi-
tions across multiple cameras. Additionally, we formulate the
downstream vision-based collision avoidance problem from a
control theoretic perspective using Control Barrier Functions
(CBFs) [7], which provide provable guarantees of safety and
are suited for runtime monitoring and response.

CBFs have been successfully applied in various domains, in-
cluding safe navigation [19, 6], robotic manipulation [55, 39],
and industrial automation systems [7]. Their deployment for
safe collision avoidance in airspaces has also been investigated
[16, 38, 42]. While existing work assumes global availability
of information and uses proprioceptive information, ViSafe
removes this assumption in the formulation. We identify key
challenges in deploying CBFs in the wild and provide insights
for deploying these techniques for high-speed collision avoid-
ance. Moreover, we offer an edge compute-focused solution
for real-time deployment on resource-constrained platforms.

Overall, we adopt a “requirement refinement” approach for
designing our formulations, where we leverage the empirical
performance statistics of our vision inference system (Air-
Track [17]) to account for uncertainty in state estimation. This
is achieved using a multi-view Kalman Filter and the ASTM
F3442/F3442M standard (satisfied by AirTrack) to determine
the range profile in which intruder detections are reliable.

Bridging the gap between theoretical formulations and real-
world safe behavior requires extensive testing. To address
this, we propose a “digital twin” of the system and the
operating environment in simulation. Using Nvidia Isaac Sim
[5], we render realistic camera feeds for use in our visual
detection algorithm, providing large-scale and diverse scenario
benchmarking abilities. These tests were run using the same
hardware as the real-world payload, thereby minimizing our
sim-to-real gap for testing.

Finally, after extensive experimentation in simulation, we
test our avoidance algorithms at multiple real-world testing
facilities. We created representative configurations in the field
to analyze our system’s collision avoidance capabilities. We
conducted approximately 80 hours of flight testing across
two outdoor testing locations to validate our hypotheses.
We observe similar collision avoidance performance in both
simulation and field testing, which further lends credibility to
our hardware-in-the-loop simulation fidelity.

The main contributions of this work are as follows:

1) Multi-view vision-only aircraft detection & tracking and
CBF-based collision avoidance system that assumes no
global availability of information or communication.

2) Custom-built SWaP-C hardware that simultaneously
streams multiple camera inputs, provides state estimation,
performs deep learning model edge inference, and com-
putes avoidance maneuvers on board in real time.

3) Digital twin and hardware-in-the-loop simulation to per-
form DAA benchmarking and performance analysis under
different agent types, closure rates, interaction geome-
tries, and environmental conditions.

4) First-of-its-kind real-world flight tests demonstrating that
ViSafe ensures safe aerial separation in encounter scenar-
ios with a closure rate of up to 144 km/h.

II. RELATED WORK
A. Collision Avoidance logics

One of the seminal works in airborne collision avoidance
was the Traffic Collision and Avoidance System (TCAS) [27],
which functions on a cooperative surveillance mechanism. The
agents communicate their position and intent using Mode S
transponders, which must be installed on every aircraft. More
recently, the ACAS family of avoidance algorithms has been
developed. There are variants of this algorithm for different
agent types in different airspaces (ACAS Xa, Xu), etc. The
key factor driving the development of ACAS algorithms is
the availability of extended surveillance data using ADS-B,
which enables aircraft to assess potential collision risks and
coordinate maneuvers collaboratively. These logics involve
generating cost tables for agent states and possible actions
through simulation and optimization [§]. These tables are then
used for Resolution Advisories (RAs) during deployment.

However, most existing avoidance logics require special sen-
sors and information to provide RAs. Deploying these sensors
on small UAS is challenging, and there is a large push toward
sensor miniaturization for this purpose. The investigation of
ACASXu with visual inference information is a relatively
unexplored area [41]. Additionally, most avoidance logics are
designed for large UAS, and hence, resolution advisories tend
to be relatively simple. However, small UAS can be in dense
airspaces with other UAS where a finer discretization of action
space is needed. This can lead to state space explosion, where
cost tables can be prohibitively large.

Our proposed technique works with vision inference data
and does not depend on radar and ADS-B data. Additionally,



our RAs are generated at runtime using efficient mixed integer
linear programming (MILP) solvers, which are suited for more
fine-grained control of UAS. Moreover, our technique can
factor in nominal control inputs, which incorporate the liveness
requirement of reaching a goal. It helps our agent stray not
too far from the originally planned trajectory.

B. Control Barrier Functions for Aerial Collision Avoidance

There has been a recent surge in using CBFs to ensure
the safe separation of UAS. Squires er al.[51] identify key
challenges with designing CBFs for collision avoidance and
propose a construction technique. However, they assume in-
formation availability at all times during an episode and
test their formulations in simulation without sensor noise.
Likewise, follow-up work [52] investigates the deployment
of CBFs in a decentralized setup with message passing to
communicate control outputs. However, they do not consider
non-cooperative setups in which all agents do not provide in-
formation. Our proposed technique assumes a non-cooperative
setup in which no information about other agents is explicitly
communicated to the controlled agent. Moreover, we deal
with information unavailability, where the CBF is only active
when intruder information from our vision-based detection and
tracking module is available.

C. Aircraft Detection and Tracking

Historically, traditional vision-based aircraft detection and
tracking systems have employed modular approaches in-
corporating established computer vision techniques such as
frame stabilization, background-foreground separation, and
flow-based object tracking [30, 13, 15, 11, 29, 36]. In these
modular approaches, frame stabilization was achieved using
optical flow or image registration methods [35, 45, 48], while
regression-based motion compensation and morphological op-
erations were utilized to highlight potential intruders [46].
Background subtraction and traditional machine learning algo-
rithms, including SVMs, were also applied to learn descrip-
tors to identify aircraft [46, 13, 44]. Furthermore, temporal
filtering was used to reduce the false positives from these
morphological operations. Lastly, track-before-detect methods
have also been explored, where the tracking is usually man-
aged using methods like Hidden Markov Models, Kalman
filters, and Viterbi-based filtering [40, 30, 28, 37]. While
our visual detection and tracking system, AirTrack [17], uses
deep learning-based modules, the overall sequential pipeline
of performing frame alignment, detection, tracking, and false
positive filtering is strongly motivated by the success of past
modular & traditional approaches.

Recent advancements have leveraged deep learning, par-
ticularly convolutional neural networks (CNNs), for object
detection [12, 22, 53, 24]. In particular, for aircraft detection,
the challenge is detecting small objects within high-resolution
images, where keypoint-based architectures prove more effec-
tive than traditional anchor-based methods like YOLO and R-
CNN [14]. Given the data-centric nature of these methods,
this has led to a proliferation of aircraft detection datasets

[1, 50, 49, 54, 43]. This insight aligns with findings in related
fields such as face detection and object detection in aerial im-
agery [21, 26, 31]. For vision-based aircraft detection systems
where computational efficiency is crucial, fully convolutional
networks that predict heatmaps are the most effective [24, 25].
Furthermore, the tracking-by-detection framework is standard
for aircraft tracking, using a management system to handle
track initiation and termination and associating new detec-
tions with existing tracks using algorithms like the Hungarian
method [9, 30, 13]. For small objects, where bounding box
IoU is unreliable due to sensitivity to positional deviations,
integrated detection and tracking approaches offer a superior
alternative [57]. Motivated by this trend, our AirTrack [17]
employs an anchor-free detection and tracking system.

III. PROBLEM DEFINITION

We model the problem of maintaining safe separation be-
tween two aerial agents: the ownship agent and the intruder
agent. The ownship refers to the primary controlled agent
and the intruder refers to a potentially unknown agent in the
configuration space which doesn’t have any communication
with the ownship agent. Only passive sensing, specifically
vision, is used to detect the intruder. Safe separation entails
keeping the two agents outside each other’s collision volume
at all times. We model the collision avoidance problem in the
horizontal plane and assume constant velocity vectors for the
intruder agent inspired by [33]. The separation requirement
can be formally defined as:

vt € Toperation 4 downshipfintmder > dthresh (1)

where dipes, 18 the minimum distance threshold and
dowmship—intruder 18 the relative horizontal distance between the
agents. For notational simplicity, we will refer to this distance
as d in our formulations. Additionally, T} erazion is the time
of operation of the ownship agent, and Eq. (1) formally states
the problem of safe separation for the entire operation time.
As can be inferred from (1), this is equivalent to a forward
invariance property. In order to encode and enforce this
property, we make certain assumptions. First, we assume a
simple unicycle dynamics model for our ownship agent:

Vown €08 ( Xown ) 0 0

S = | S | 100, )
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Here, vown denotes the speed of the ownship, and Yown is the
heading (yaw) angle. The control input u ¢ R? consists of
the rate of change of speed and heading, i.e., Vown and Jown-
Additionally, we also consider control constraints to closely
mimick real world deployment scenarios.

U2 Ui, U < U VT € Toperation



Motor Control

l autopiot |

¢ "M TR Em Em I I BN BN BN BN BN BN ER BN BN AN Em Em Em o B
AirTrack Visual Detector

Safety Violation Assessment

Safety

Tintruder
z K

(h(=), h(z)]

Supervisory Control

. 2
argmin||u— i, ||
u

o st h(x) < — Ah(x)
H S g

:_..n- *. .

- EE o B B Em E Em Em
i 1
|
1 |
|
1 1 I
1 NVIDIA. . Images
15AAC i
1
| T |
|
1 |
|
1 |
L |
1 1
|
1 1
|
1 1 Lownship
1 axliawk 1
1 |
|
1 |
| ]

or

Fig. 2.

1 3D Projection & Kalman Filter

U2 Uy

Global Path
Follower

 en o .- o S e e S e o

S o o Em o Em Em o B B B BN Em Em B BN o Em B Em

Onboard System

Overview of our ViSafe framework for real-world testing and hardware-in-the-loop simulation: Firstly, the onboard sensors or digital twin

simulation stream the multi-cam videos to the AirTrack visual detection module, which detects the intruder across multiple views. Then, these detections,
along with the ownship state information, are sent to the multi-view fusion and coordinate frame conversion module, which then tracks the intruder and sends
the intruder state information along with the ownship state information to the CBF. The CBF uses the nominal global plan and the safety violation assessment
to compute modifications to the nominal control input in case of violation. This safe control output is then sent to the drone autopilot system for execution.

This loop continues to operate in real-time until the flight test is complete.

These control constraints are particularly important for our

use case since, for some aircraft, loiter safety maneuvers are

actually impossible and would lead to an aircraft crash.
Lastly, we define the dynamics of the intruder agent:

oo [vl-m cos (xim)] @
Vine SIN (%int)

Here, vin; denotes the speed of the intruder, and Yin: is the
heading (yaw) angle. Overall, we make two assumptions:
First, the intruder has constant velocity vectors as discussed
earlier. Second, the intruder agent is agnostic to the ownship
agent’s maneuvers, i.e., there are no interaction effects. This
assumption also implies that the township agent possesses
no collision avoidance algorithm, since that would lead to
interaction effects. These assumptions are made to keep the
problem tractable but remain practical in today’s airspace.

IV. ViSafe FRAMEWORK

An overview of our ViSafe framework (Fig. 2) is as follows:
While the visual detection module (Section IV-A) provides an
image-level intruder detection, the intruder state information is
transformed to the North East Down (NED) coordinate system
and broadcasted to the safety controller in its expected input
format (Section IV-B). The safety controller (Section IV-C)
encodes the desired safe separation constraints as well as our
actuation constraints and computes modifications to nominal
control input in case of violation. These constraints are derived
using our defined CBE This modified control action is then
converted into low-level drone commands and executed.

A. Visual Detection Module

We extend the state-of-the-art aircraft detection & tracking
model, AirTrack [17], to detect intruders. Specifically, we
modified the AirTrack algorithm (originally focused on single-
camera inference) to incorporate multi-camera inputs and
enable multi-camera tracking. Furthermore, we also upgraded
the SWaP-C hardware, implementing efficient multi-camera
image sharing (with zero memory copies) and further opti-
mizing the deep learning model inference to operate at the
desired frequency required to facilitate high-speed collision
avoidance on the edge. The overall design of our Detection
Module comprises Frame Alignment, Detection, Secondary
Classification, and Image-level Tracking. The model’s inputs
are two consecutive grayscale image frames, and it outputs
a list of tracked objects with various attributes. The model
is trained on the Amazon Airborne Object Tracking (AOT)
dataset [1], and its modules are as follows:

Frame Alignment: The goal of this module is to align the
successive frames in a video so that the ego-camera motion
can be discarded, thereby helping to distinguish foreground
objects from the background. This is achieved by predicting
the optical flow between two successive input image frames
and the confidence of the predicted flow. The input images are
cropped from the center-bottom to cover high-texture details
below the horizon, and a ResNet-34 backbone architecture
with two prediction heads is used for alignment. The prediction
is made at 1/32 scale of the input, and low confidence offset
predictions are rejected.

Detection: This module is split into two parts: a primary
detection module and a secondary detection module. The
primary module takes in two full-resolution (1224 x 1024)






























