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Distributed Explicit Reference Governors for Real-Time, Guaranteed
Safe, Performant, and Scalable Unmanned Aerial Traffic Management*

Bryan Convens1,2, Kelly Merckaert1,3, Marco M. Nicotra4, and Bram Vanderborght1,2

Abstract— This extended abstract provides an introduc-
tion to a novel distributed control framework that can be
used to achieve real-time, guaranteed safe, performant, and
scalable Unmanned Aerial Traffic Management (UTM). The
framework is based on the recently developed Distributed
Explicit Reference Governor (D-ERG), which has provided a
general technique for the closed-form distributed constrained
control of nonlinear pre-stabilized dynamical systems subject
to state and input constraints. We introduce the basics of
the ERG and D-ERG theory, list its main methodological
variations studied to date, and subsequently highlight some
successful applications in aerial (swarm) robotics that deal
with important issues such as actuator saturation, collision
avoidance, and performance/complexity trade-offs. Videos of
both simulated and hardware experiments on unmanned aerial
vehicles are available at https://youtu.be/le6WSeyTXNU [1] and
https://youtu.be/V4P1O8vhKlo [2] and will be presented during
the workshop as a multimedia interactive demonstration.

I. INTRODUCTION

Swarms of aerial robots or Unmanned Aerial Vehicles
(UAVs) are emerging as a disruptive technology that enables
highly re-configurable, on-demand, distributed intelligent
autonomous systems with high impact on many areas of
science, technology, and society [3].

These aerial swarms can be employed to solve real-world
tasks (e.g., surveillance, package delivery, search-and-rescue,
construction) where the environment is to be explored [4],
[5], and to be traversed or exploited [6] with a prescribed
goal state or a desired formation.

To operate effectively in uncertain real-world environ-
ments, each agent in the swarm must be capable of safely
navigating to its target along a-priori unknown paths. Not
only does each robot need to respect its operational con-
straints (e.g., actuator saturation, speed limits, allowed flight
zones), it must also avoid collisions with environmental
hazards and other agents [7]–[10] in the presence of im-
perfect dynamic models, measurement noise, and commu-
nication delays. Most importantly, to ensure a high level
of safety and robustness, the robots should use their on-
board computational resources rather than relying on off-
board resources (e.g., a ground control station). The latter
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provide a central point of failure, and are susceptible to time
delays, communication overhead, and information loss. This
calls for reactive and distributed control algorithms that can
be implemented in real-time on-board UAVs and only rely on
local information to solve the global navigation task safely.

Achieving goal satisfaction and safety certificates for a
swarm of autonomous Micro Aerial Vehicles (MAVs) pre-
senting limited resources for on-board computation, power,
communication, sensing, and actuation is considerably chal-
lenging [3]. Even for larger platforms with more advanced
capabilities, the computational power available to implement
control algorithms is typically limited in favor of running
mission-dependent algorithms related to sensing, localization
and mapping systems [11]. Hence, algorithms for UTM that
can certified to be computationally efficient, safe, performant,
and scalable, are of paramount importance for achieving
safety-critical tasks in complex and dynamic environments.

A. Related Work

The systematic design of control laws for nonlinear sys-
tems subject to state and input constraints is one of the major
challenges in the control of real-world systems. Depending
on the application, the desired solution must achieve a
satisfactory trade-off between multiple and often contra-
dicting requirements such as optimality, offline and online
computational efficiency, robustness, reliability, scalability,
design and tuning simplicity, and generality.

Model Predictive Control (MPC) [12]–[14] has established
the gold standard for constrained control problems as it can
optimize some performance index while satisfying safety
constraints, but solving a (distributed) Optimal Control Prob-
lem (OCP) in real-time for nonlinear constrained systems
is often not possible on robots with limited hardware for
computation and communication.

Formal offline verification tools like Hamilton-Jacobi (HJ)
reachability analysis [15], [16] have been used to provide
performance and safety guarantees for nonlinear and hybrid
systems with bounded disturbances, but exhibit exponential
computational complexity with respect to the number of
state variables and become computationally intractable for
analyzing complex systems.

Artificial Potential Field (APF) methods [17], [18] are well
known real-time reactive geometric navigation solutions that
can attract a robot to a goal and push it away from obstacles.
However, their main limitation is that they only work for
slowly moving robots with single integrator dynamics and
cannot guarantee to prevent failures (i.e., instability, colli-
sions) for robots with higher-order dynamics as these do not
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Fig. 1: The potentially unsafe target reference rk is dy-
namically filtered by the ERG to a safe auxiliary reference
vk such that the target will be eventually reached while
satisfying the system constraints on states xk and inputs uk.
The ERG consists of a Navigation Field, which determines
the direction of v̇k, and a Dynamic Safety Margin, which
regulates the modulus of v̇k. The Primary Controller pre-
stabilizes the nonlinear dynamics to the safe reference vk

and sends the control input uk to the robot.

consider the effects of actuator saturation and overshoots.
Control Barrier Functions (CBF) [19], [20] are a combi-

nation of barrier functions and control Lyapunov functions,
and have recently become a very popular technique for the
provably safe reactive control of robots. Typically, they end
up solving a Quadratic Program (QP) online [21]–[23].

Reference and Command Governors (RG & CG) [24],
[25] are add-on schemes that enforce pointwise-in-time con-
straints on pre-stabilized safety-critical systems by adapting
the reference, but still require the solution of a QP.

This paper summarizes the main theory and methodologi-
cal variations behind the Explicit Reference Governor (ERG)
[26], [27] (see Fig.1) and the Distributed ERG (D-ERG)
[1], [2], [28] (see Fig.2), which is a closed-form navigation-
control framework for nonlinear multi-agent systems subject
to (non-convex) constraints on the states and inputs. The pro-
posed strategy differs from most existing methods mentioned
above because it systematically handles both state and input
constraints without using online optimization.

II. DISTRIBUTED EXPLICIT REFERENCE GOVERNOR

Consider a swarm of Na agents, each described as a
nonlinear discrete-time dynamical system
xk+1 = f(xk,uk), yk = g(xk,uk), zk = h(xk,uk), (1)

where k ∈ N is the discrete-time index and xk ∈ Rnx ,
uk ∈ Rnu , yk ∈ Rny , and zk ∈ Rnz are the states,
control inputs, constrained outputs, and tracking outputs,
respectively. System (1) is subject to pointwise-in-time out-

put constraints inside the specified constraint set Y ⊆ Rny ,
i.e., yk ∈ Y ∀k ∈ N. We introduce an auxiliary reference
vk ∈ Rnv that parameterizes the equilibrium manifold.

Assume the unconstrained version of system f(xk,uk)
is stabilizable to an equilibrium configuration (x̄vk , ūvk) by
a primary state feedback controller uk ≡ κPC(xk,vk) and
that a sufficiently accurate model of the pre-stabilized system
xk+1 ≡ fPS(xk,vk) = f(xk,κPC(xk,vk)) is available. Let
rk ∈ Rnz denote a piece-wise constant target reference,
and let x̄rk : Rnz −→ Rnx be a continuous function that
assigns a desired steady state associated with the reference

Fig. 2: Distributed ERG − The higher-order dynamics of
each agent i in the multi-robot system are stabilized by a
Primary Stabilizing Control (PSC) unit that computes the
control inputs ui using xi for state feedback and without
accounting for constraints. An ERG is placed in a distributed
fashion before each pre-stabilized agent. It relies on contin-
uously exchanged (or sensed) information between agents,
according to some designed communication protocol, in its
local neighbourhood, to enforce state and input constraints
and achieve asymptotic convergence to its target ri.

rk. The ERG policy ensures: 1) for any rk that constraints
are always satisfied and 2) when rk is kept constant outside
a small δ > 0 region from the boundary of the set of
steady-state admissible equilibria, the equilibrium point x̄rk

is asymptotically stable. The ERG law can be explicitly
computed as

κERG(xk,vk, rk) ≡ vk+1(xk,vk, rk) (2a)
= vk + Tsv̇k(xk,vk, rk), with (2b)
v̇k(xk,vk, rk) = ∆(xk,vk)ρ(vk, rk), (2c)

where Ts denotes the ERG’s sampling period, ∆ ∈ R the
Dynamic Safety Margin (DSM), and ρ ∈ Rnv the Navigation
Field (NF). The DSM represents the safely allowed change
in amplitude of the reference velocity which points in the
direction of the NF.

In the last few years, several methodological variants of
the ERG have been proposed and applied to make real-
world robotic systems provably safe. This is mainly due
to its generality (i.e., nonlinear dynamics with state and
input constraints), modularity (i.e., add-on scheme to pre-
stabilizing controllers which often perform well but are not
safe), simplicity in design, tuning and robustification, and
low computational complexity (i.e., no online optimization)
that make it ideally suited to be ran at high real-time rates
on a robot’s limited on-board computing hardware.



Fig. 3: ERGs for safe UAV control: a) human-swarm teleoperation task in a wall-confined environment with 4 Crazyflies
requested to follow dynamically infeasible target references, b) invariance-based D-ERG with auxiliary reference exchange
protocol on-board the very limited STM32F405 CMU of a swarm of 9 handpalm-sized Crazyflies making letter formations,
c) fast trajectory-based ERG for handling input saturation on a simulated fully actuated hexrotor with tilted propellers, d)
fast and scalable trajectory-tube D-ERG with dynamic tube exchange protocol on 2 F450 UAVs flying outdoors, e) and
simulated with 4 UAVs, f) algorithm scalability simulations and benchmarks for increasingly large UAV swarms.

III. ERG APPLICATIONS IN AERIAL ROBOTICS

The ERG was applied to the simulated longitudinal dy-
namics of a fixed-wing aerial vehicle in [27] to keep the
elevator force and angle of attack between safety limits.

A Lyapunov-based DSM for a UAV in geofencing appli-
cations with static walls and cylindrical obstacles is used in
[29]. However, the algorithm ignores attitude dynamics and
torque constraints, and runs on a ground control station.

In contrast, [1] considers the fourth-order UAV dynamics,
by using a Lyapunov-based DSM that exploits the robustness
of the outer loop to small attitude errors, and constraints on
all four motors. Moreover, this work has shown that perfor-
mance (i.e., settling time) can be significantly improved when
using a Lyapunov level-set that is optimally-aligned with the
total thrust constraint and proposes a further improvement
to compute a more generic invariant set by solving a small
nonlinear program offline.

D-ERGs for UAV swarm collision avoidance were initially
proposed in [28] and afterwards extensively studied in [1],
[2]. [1] formulated a more conservative (i.e., higher settling
time, lower swarm density) decentralized version and a
better performing distributed version. Both versions require
a different information exchange between UAVs and were
experimentally validated on a Crazyswarm [18], as depicted
in Fig. 3a,b, where the ERGs are running on-board each
Crazyflie nano-quadrotor at 500Hz.

As the quality of the Lyapunov function determines the
degree of the ERG’s conservatism, a trajectory-based DSM
has been first proposed in [30] to address the input saturation
of a simulated fully-actuated hexrotor UAV, depicted in
Fig. 3c, that was pre-stabilized by a PD+g and a feedback
linearization control.

Recently, in [2], we developed a D-ERG using adaptive
safety tubes tailored to the trajectory-based DSM (see Fig.

3d,e), which was demonstrated to have a superior safety and
performance scalability to large swarms (see Fig. 3f) when
compared to the priority-based D-MPC of [31], [32], which
generates only heuristic collision avoidance manoeuvres at
higher computational cost. The ERG executes in just 1ms
when running on the Intel NUC of a F450 UAV (see Fig.
3d).

A learning-based ERG with level-set-based DSM has been
proposed in [33] and the first steps towards safe black-box
quadrotor flight were outlined in [34].

Lastly, we also have used the trajectory-based ERG as
a Feasibility Governor (FG) for nonlinear systems [under
review], extending the FGs for linear systems [35], [36], that
ensures the OCP of a real-time iteration NMPC scheme, with
an arbitrary (short) prediction horizon, remains feasible for
arbitrary far away (moving) targets.

IV. CONCLUSION

The D-ERG is a distributed add-on scheme to a group
of pre-stabilized systems and is able to steer multiple
robots with nonlinear dynamics and constraints on inputs
and states safely towards (time-varying) targets in real-time
and without relying on offline trajectory computations. The
multiple methodological variants, ranging from very cheap
(e.g., Lyapunov-based) to more expensive (e.g., trajectory-
based) to compute, make the ERG broadly applicable to
run on any type of computational hardware by trading
performance. Most advanced applications to date have been
demonstrated in highly dynamic collision avoidance scenar-
ios with quadrotor swarms [1], [2], but also in dynamic
human-robot coexistence scenarios [37].

In the very near future we will open-source C++ codes
and tutorials to seamlessly run the D-ERG algorithms both in
simulation and on robot hardware. Further research will be in



the direction of D-ERGs for aerial cooperative load transport
and sensor-based multi-robot motion planning, adaptive and
learning-based ERGs for agents with (partially) unknown
dynamics and D-ERG schemes that are resilient to non-
cooperative agent actions. Lastly, fundamental overlaps and
synergies with other increasingly popular safe control and
verification methods, like MPC, CBFs, HJ reachability anal-
ysis, will be studied.
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