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Abstract— This paper introduces CBFKIT, a Python/ROS
toolbox for safe robotics planning and control under uncer-
tainty. The toolbox provides a general framework for designing
control barrier functions for mobility systems within both
deterministic and stochastic environments. It can be connected
to the ROS open-source robotics middleware, allowing for the
setup of multi-robot applications, encoding of environments
and maps, and integrations with predictive motion planning
algorithms. Additionally, it offers multiple CBF variations and
algorithms for robot control. The CBFKit is demonstrated on
the Toyota Human Support Robot (HSR) in both simulation
and in physical experiments.

I. INTRODUCTION

Control Barrier Function (CBF) based control [1] is
characterized by some distinct advantages that make it a
good candidate for control within a safety-first development
framework. First, CBFs provide a mechanism to guarantee
safety similarly to how Lyapunov theory guarantees stability.
That is, CBFs enforce a barrier-like inequality condition on
the control input to the system and, in doing so, they may
be used to render a set of states satisfying a given constraint
forward invariant. In other words, if the system starts in a
safe state, then it will always remain safe.

In addition, in many cases, CBFs can also be combined
with control Lyapunov functions (CLFs) to both stabilize
the system and guarantee safety. Combined CLF and CBF
control can be achieved either through pairs of affine con-
straints in an optimization-based controller [2], [3] or via
jointly synthesized Lyapunov-Barrier functions [4], [5]. The
definition of the safe operating region under the influence
of a CBF (forward invariant) is flexible and it provides
an unambiguous way to document the operational domain
for safety certification. Finally, many CBF-based control
methods can be efficiently implemented online for control-
affine system models, which are typically general enough to
capture many systems of practical interest.

The strengths of CBF-based control have led to wide
exploration in terms of both foundational research and prac-
tical applications. For instance, CBFs provide a versatile
theoretical framework for control design using analytical
formulations [4], [6] as well as optimization based control
[2], [7]. It is also possible to investigate safe control synthesis
for hybrid dynamical systems [8]. CBFs have also shown
promise in randomized methods [9], [10], and in predictive
control both as a stand-alone framework [11], [12] and as
constraints in Model Predictive Control (MPC) [13]–[15]. In
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practice, CBFs have been applied to (semi-)automated driv-
ing [2], [16]–[18], arm manipulators [19]–[21], and multi-
agent coordination [22]–[25] among other applications.

In this work, we build upon the momentum of CBF
research to develop an open source publicly1 available
Python package CBFKIT for CBF-based control, which can
be deployed within the Robot Operating System (ROS)2.
Our objective is to build, maintain, and support a modular
extendable toolbox that encompasses some of our recent
research in risk-aware CBF control [10], [26]–[28] and
beyond [7], [14], [29]–[31].

We take a functional programming approach where the
user needs to instantiate functions representing a model/sys-
tem and a controller. The controller itself can be model-
based, where the model of the system is used for control,
or model free. Following functional programming principles
in Python offers two unique benefits for CBFKIT. First,
automatic code optimization and execution becomes possible
using JAX [32]. Second, it is easy to call CBFkit from a test
generation / design optimization toolbox in Python such as
Ψ-TALIRO [33]. Easy integration with a design optimization
tool can assist the developer with tuning of control parame-
ters for faster deployment. Likewise, simulation-based testing
using formal requirements [34], [35] can be utilized to assess
model safety and performance, and its relation to the real
system safety and performance [36].

Moreover, ROS integration enables easy deployment on
physical robot platforms as well as on digital twins. In
addition, safety requirements can be monitored using online
monitoring tools such as RTAMT [37] or STREM [38].
Finally, we demonstrate the CBFKIT framework integration
with ROS by working with the Toyota Human Support Robot
(HSR) [39] in both real and simulated experiments.

Contribution: We present the first publicly available
Python toolbox, called CBFKIT, for CBF-based control in
ROS. CBFKIT is modular and extendable with the ultimate
goal of being the go-to-software library for all CBF needs.
The toolbox not only contains control examples for Toyota
HSR, but also tutorials for newcomers to the CBF-based
control methods.

II. SUPPORTED MODELS AND CONTROL DESIGN
PROBLEMS

Our goal for CBFKIT is to be an all encompassing tool
for CBF-based feedback control design. As such, CBFKIT
supports a number of different classes of control-affine
models (model of system Σ):

1https://github.com/bardhh/cbfkit.git
2http://www.ros.org/
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1) Deterministic, continuous-time Ordinary Differential
Equations (ODE):

ẋ = f(x) + g(x)u, (1)

where x ∈ X ⊂ Rn is the system state, u ∈ U ⊂ Rm is
the control input, f : Rn → Rn and g : Rn → Rn×m

are locally Lipschitz functions, and x(0) ∈ X0 ⊆ X is
the initial state of the system.

2) Continuous-time ODE under bounded disturbances:

ẋ = f(x) + g(x)u+Mw, (2)

where w ∈ W is the disturbance input, W is a
hypercube in Rl, and M is a n × l zero-one matrix
with at most one non-zero element in each row.

3) Stochastic differential equations (SDE):

dx =
(
f(x) + g(x)u

)
dt+ σ(x)dw (3)

where σ : Rn → Rn×q is locally Lipschitz, and
bounded on X , and w ∈ Rq is a standard q-
dimensional Wiener process (i.e., Brownian motion)
defined over the complete probability space (Ω,F , P )
for sample space Ω, σ-algebra F over Ω, and proba-
bility measure P : F → [0, 1].

We remark that currently only memoryless systems are
supported. That is, the dynamics are independent of the time
history of the system. Discrete-time variants can also be
considered, e.g., for reinforcement learning methods or MPC.
For example, in the literature [13]–[15], it is assumed that
the ODE model in discrete time takes the form:

xi+1 = xi +

∫ ti+1

ti

[
f(x(t)) + g(x(t))ui

]
dt

where the integral can be approximated either analytically or
with numerical methods.

In certain practical applications, not all the states of the
system may be observable. In such scenarios, we may assume
that a state vector y is observable. For example, in the case
of SDE, we may assume:

dy = Cxdt+Ddv

where C ∈ Rp×n, D ∈ Rp×r, and v ∈ Rr is a standard
Wiener process.

The framework of CBF-based control can provide safety
guarantees by enforcing a forward invariant set. Namely, if
the system starts in a safe state, then it should always stay
in the safe set.

Definition 1: [Set Invariance [40]] A set S ⊆ Rn is
forward invariant w.r.t the system Σ iff for every x(0) ∈ S,
its solution satisfies x(t) ∈ S for all t ≥ 0.

From a usability perspective, it may be easier to specify
the unsafe set of states S̄. The unsafe set of states S̄ for a
model Σ can be defined using a locally Lipschitz function
h : Rn → R+ as

S̄ =: {x | h(x) < 0}. (4)

It follows that the safe set of states is

S = Rn\S̄ = {x | h(x) ≥ 0}. (5)

In CBFKIT, the end-user is free within the framework
provided to specify such a function (or functions) h, the
CBF condition for which is then automatically evaluated for
the provided model given the known states and inputs.

Given an unsafe set S̄ and depending on the type of the
model Σ under consideration, we have two different types
problems that we consider:

1) In case of system models (1)- (2), the goal is to design
a control u(t) such that the state of the system x(t)
never enters the unsafe set S̄ for any time t ≥ 0.

2) In case of system models (3), the goal is to design a
control feedback u(t) such that the probability that the
state of the system x(t) enters the unsafe set S̄ is upper
bounded by a given probability p̄ over a bounded time
interval [t, t+ T ] for some finite time T .

In CBFKIT, we provide solutions (feedback controllers)
to the above two problems using Quadratic Program formu-
lations as in, e.g., [2], [11] for model (1), [7], [41] for model
(2), and [26]–[28] for model (3).

III. CBFKIT TOOLBOX

The Toolbox is developed in Python and is designed to
connect to Robot Operating System (ROS).

A. Software Design

The toolbox is built on functional programming principles,
emphasizing data immutability and programmatic determin-
ism. This programming paradigm ensures that system states
are not altered in-place; instead, functions return new states,
thereby enhancing code reliability, maintainability, and facil-
itating debugging and testing.

The toolbox architecture is centered around a col-
lection of pure functions that represent the core op-
erations required for simulation and control of dy-
namical systems. These functions are organized into
modules corresponding to specific functionalities, e.g.,
dynamics, controller, estimator, integrator,
perturbation, and sensor. Each function is designed
to take input parameters and return new outputs without side
effects, adhering to the principles of functional programming.

The architecture replaces traditional object-oriented con-
structs, such as classes and inheritance, with function com-
positions and higher-order functions. For instance, system
dynamics and controllers are defined through composable
functions rather than through methods of a System class.
This enables more flexible and reusable code, as functions
can be combined and reused across the system without the
tight coupling introduced by class inheritance.

For improved usability, we provide template functions for
dynamics (i.e., given a state x compute the control-affine
dynamics f(x) and g(x)), and controller (i.e., given a
time t and state x compute the control input u(t, x)).

Function currying is employed to refine functionality;
for instance, a cbfcontroller function, a specialized
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Fig. 1. Call graph depicting relations between function calls important for
building an example simulation, i.e., sensor, estimator, dynamics,
controller, perturbation, and integrator, using CBFKIT.

form of controller, initially requires multiple control pa-
rameters during setup. Post-initialization, the controller
function consistently requires time t and state vector x as
arguments. Similarly, while a plant may be initialized with
numerous parameters, its dynamics function invariably
accepts time t and state vector x as inputs.

The toolbox is managed using Poetry3 and features both a
Docker container and a VsCode devContainer. This setup
expedites development and tutorial execution, ensuring a
streamlined process and consistent user environment.

B. Args/Return Types for Important Template Functions

The functional design is reflected in the specification
of input/output types for key functions in the toolbox, as
outlined in the Table I. This explicit type declaration aids in
understanding the flow of data through the system and en-
sures that functions can be composed safely and predictably.

The toolbox provides users with a library of example mod-
els, such as double integrator, unicycle, bicycle models and
omnidirectional robots. It also includes example scripts that
show how the toolbox can be used for various models and
controllers. Also, some handy utility functions are included
which can help store, load, and visualize system behaviors.

C. CBF Implementation

Implementation of a CBF-based controller uses the ego
system dynamics, additional agents’ dynamics, and the envi-
ronment to synthesize a controller to enforce invariance of a
region of the state space satisfying a set of safety constraints.
There are two main steps in the control synthesis: 1) safety
constraint generation and 2) controller design.

In order to generate the safety constraints, a barrier func-
tion as in (5) is related to the system inputs via mathematical
derivation. A key feature of the toolkit is the use of the
auto-differentiation capabilities of JAX [32] for computation
of the derivative of the barrier function. For complex dy-
namics, this derivation can be computationally challenging
using symbolic toolboxes such as SymPy [42]. In contrast,
JAX computes derivatives of a function without manually
or symbolically differentiating the function, which helps
our tool support arbitrary systems and barrier functions,

3https://python-poetry.org

provided that the barrier functions used for control have
relative-degree4 one with respect to the system dynamics.
If the barrier function of interest has a relative-degree
greater than one with respect to the system dynamics, our
rectify-relative-degree module may be used to
derive a new barrier function whose zero super-level set is
a subset of that associated with the original barrier function.
The module works by iteratively differentiating the original
barrier function with respect to the system dynamics until the
control input appears explicitly (as determined by evaluating
samples of the term ∂h(xs)

∂x g(xs)u for samples xs ∈ X ), and
applying either exponential CBF [43] or high-order CBF [44]
principles to return a “rectified” barrier function.

The second step in the process is the controller design. One
approach to CBF-based control is to pair it with a nominal
or reference controller and solve an optimization problem to
compute the control solution “nearest” to the reference input
that satisfies the CBF safety constraint(s). For the class of
systems we consider, the problem can be posed as a quadratic
program (QP) and solved with jaxopt [45], a just-in-time
(JIT) compilable Python package for optimization. In our
code examples, the QP can be solved in a few milliseconds.

D. Code Generation

To expedite building new simulations and experiments,
we provide a codegen module for creating arbitrary
dynamics, controller, and cbf or clf Python func-
tions. These templates provide the user with a direct interface
to our simulation module, which supports both single
example and multi-processor Monte Carlo trials. An example
using codegen is highlighted in Section III-G.

E. Interaction with the Robot Operating System (ROS)

To develop robotics applications, we often use the Robot
Operating System (ROS). ROS provides a set of libraries and
tools for robotics applications. It provides a message passing
infrastructure which enables a publish/subscribe messaging
system to allow communication between various components
or nodes of the system. For example, we may subscribe to an
odometry topic using the rospy.Subscriber function,
which triggers a callback function whenever a new message
is published to the topic. The callback function can then
be used to update the state of the robot. Similarly, we may
publish a command to a topic such as angular velocity using
the rospy.Publisher function to actuate the robot.

In our toolbox, we provide a ros module to connect
dynamics, controller, estimator, etc. functions
with ROS. The module essentially contains wrapper func-
tions to link instantiated functions with ROS topics, which
allows other nodes to interact with the system through ROS.

F. Tutorials

Finally, the toolbox includes a set of step-by-step tutorials
for rapid prototyping and benchmark creation of CBF control

4A function p : R+ × Rn → R is said to be of relative-degree r
with respect to the dynamics (1) if r is the number of times p must be
differentiated before one of the control inputs u appears explicitly.
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TABLE I
ARGUMENTS/RETURN TYPES FOR IMPORTANT TEMPLATE FUNCTIONS

Function Arguments Types Returns Types

controller t, x float, Array[n] u, data Array[m], Dict[str, Any]
dynamics t, x float, Array[n] f , g Array[n], Array[n, m]
estimator t, y, z, u, c float, Array[p], Array[n], Array[m], Array[p, p] z, c Array[n], Array[p, p]
integrator x, ẋ, dt Array[n], Array[n], float x Array[n]
perturbation x, u, f , g Array[n], Array[m], Array[n], Array[n, m] pert Callable[[jax.random.PRNGKey], Array[n]]
sensor t, x, σ, key float, Array[n], Array[n, n], jax.random.PRNGKey y Array[p]

Note: arguments and return variable names are taken from the code, and Array[k] denotes a jax.numpy.array with data type float of length k.

laws for nonlinear dynamical systems. The tutorials are
developed as Jupyter notebooks and walk users through
the process step-by-step, from formulating the system using
codegen to generating a reference trajectory, designing
a barrier function, and relating it to the system dynamics
via mathematical derivation. Once this is done, the task
can be set as a Quadratic Program (QP) with the goal of
achieving the desired outcome. Table II summarizes the
available tutorials distributed with CBFKIT.

TABLE II
TUTORIALS ON CBF SYNTHESIS

System Environment CBF order

Van der Pol oscillator Static 1
Nonlinear unicycle Static 2
Nonlinear unicycle Dynamic 2

G. Example

Consider a unicycle seeking to reach a goal
set while avoiding a static, circular obstacle. The
code in this subsection is taken directly from
tutorials/unicycle reach avoid.py.

The codegen module is used to generate code for the
unicycle equations of motion, the nominal control law, and
the barrier functions as shown in Listing 1.

1 import jax.numpy as jnp
2 from cbfkit.codegen.create_new_system.generate_model import

generate_model
3
4
5 def compute_theta_d(x, y, th):
6 thd = f"arctan2(yg - {y}, xg - {x})"
7 return f"{th} + arctan2(sin({thd} - {th}), cos({thd} - {th}))

"
8
9

10 def norm(x, y):
11 z = f"jnp.linalg.norm(jnp.array([{x} - xg, {y} - yg]))"
12 return z
13
14
15 params = {}
16 x, y, v, th = "x[0]", "x[1]", "x[2]", "x[3]"
17 drift = [f"{v} * cos({th})", f"{v} * sin({th})", "0", "0"]
18 control_mat = ["[0, 0]", "[0, 0]", "[1, 0]", "[0, 1]"]
19 barriers = [f"({x} - xo)**2 + ({y} - yo)**2 - r**2", f"l**2 - {v

}**2"]
20 params["cbf"] = [{"xo: float": 1.0, "yo: float": 1.0, "r: float":

1.0}, {"l: float": 1.0}]
21 u_nom = f"kp * ({norm(x ,y)} - {v}), kp * ({compute_theta_d(x, y,

th)} - {th})"
22 params["controller"] = {"kp: float": 1.0, "xg: float": 1.0, "yg:

float": 1.0}
23
24 generate_model(
25 directory="./tutorials/models",
26 model_name="accel_unicycle",

27 drift_dynamics=drift,
28 control_matrix=control_mat,
29 barrier_funcs=barriers,
30 nominal_controller=u_nom,
31 params=params,
32 )

Listing 1. Codegen for dynamics, nominal control, and barrier functions.

The codegen module uses formatted strings extensively,
which is why all the above formulae are defined as strings (or
lists of strings). Since the state vector appears in functions
as the variable x throughout the toolbox, it is important that
the states are defined as “x[0]”, “x[1]”,...,“x[n-1]” (line 16).
The generate model function generates a new folder
at tutorials/models called accel unicycle, and
populates it with files for the plant model (plant.py),
the nominal control law (controller 1.py in
accel unicycle/controllers), and the barrier
functions (barrier 1.py, barrier 2.py in
accel unicycle/certificate functions
/barrier functions).

These modules are imported in Listing 2 and are used to
define dynamics and nominal controller functions.

1 import models.accel_unicycle as unicycle
2 from models.accel_unicycle.certificate_functions.

barrier_functions.barrier_1 import cbf
3 from models.accel_unicycle.certificate_functions.

barrier_functions.barrier_2 import cbf2_package
4
5 initial_state = jnp.array([2.0, 2.0, 0.0, -3 * jnp.pi / 4])
6 actuation_limits = jnp.array([1.0, jnp.pi])
7 dynamics = unicycle.plant()
8 nominal_controller = unicycle.controllers.controller_1(kp=1.0, xg

=-2.0, yg=-2.0)

Listing 2. Instantiating dynamics and nominal controller functions.

In Listing 3, the CBF-based controller is built. The
important components of this block are i) using the
rectify relative degree function to extract a con-
straint function with relative-degree 1 w.r.t. the unicycle
dynamics from the original obstacle avoidance constraint
(line 12-14), ii) concatenating the cbf packages into a usable
object using the concatenate certificates function
(lines 16-19), and iii) instantiating the CBF-based controller
function controller (lines 20-26).

1 from cbfkit.controllers.model_based.cbf_clf_controllers import
vanilla_cbf_clf_qp_controller

2 from cbfkit.controllers.model_based.cbf_clf_controllers.utils.
barrier_conditions.zeroing_barriers import (

3 linear_class_k,
4 )
5 from cbfkit.controllers.model_based.cbf_clf_controllers.utils.

certificate_packager import (
6 concatenate_certificates,
7 )
8 from cbfkit.controllers.model_based.cbf_clf_controllers.utils.

rectify_relative_degree import (
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9 rectify_relative_degree,
10 )
11
12 cbf1_package = rectify_relative_degree(
13 cbf(xo=0.9, yo=1.0, r=0.5), dynamics, len(initial_state),

roots=-1.0 * jnp.ones((2,))
14 )
15
16 barriers = concatenate_certificates(
17 cbf1_package(certificate_conditions=linear_class_k(10.0)),
18 cbf2_package(certificate_conditions=linear_class_k(1.0), l

=1.0),
19 )
20 controller = vanilla_cbf_clf_qp_controller(
21 actuation_limits,
22 nominal_controller,
23 dynamics,
24 barriers,
25 p_mat=jnp.diag(jnp.array([1.0, 0.1])),
26 )

Listing 3. Instantiating CBF-based controller function.

Finally, the simulation is executed in Listing 4 from
initial state and lasts 10 sec at a time-step of
0.01 sec. Additional imports are required, including the
simulator module itself and a sensor, estimator,
and integrator (lines 1-4). When the simulation is exe-
cuted by calling simulator.execute, the results for the
state, control, state estimate, and state covariance matrix are
stored in variables x, u, z and p as numpy.ndarray
objects and are immediately available for plotting/analysis.
1 from cbfkit.simulation import simulator
2 from cbfkit.sensors import perfect
3 from cbfkit.estimators import naive
4 from cbfkit.integration import forward_euler
5
6 x, u, z, p, dkeys, dvals = simulator.execute(
7 x0=initial_state,
8 dt=1e-2,
9 num_steps=1000,

10 dynamics=dynamics,
11 integrator=forward_euler,
12 controller=controller,
13 sensor=perfect,
14 estimator=naive,
15 )

Listing 4. Executing the unicycle simulation.

IV. EXPERIMENTS

A. Human Support Robot (HSR)

The HSR is a robot developed by Toyota Motor Corpora-
tion to operate in diverse environments while interacting with
humans (Figure 2). It has a differential wheeled base and
five degrees-of-freedom arm. With its highly maneuverable,
compact, and lightweight cylindrical body and folding arm,
the HSR can pick objects up off the floor, retrieve objects
from shelves, and perform a variety of other tasks.

TABLE III
DIMENSIONS AND SPECIFICATIONS OF THE HUMAN SUPPORT ROBOT

Specification Value

Body diameter 430 mm
Body height 1,005 mm - 1,350 mm
Weight Approx. 37 kg
Arm length Approx. 600 mm
Shoulder height 340 mm - 1,030 mm
Objects that can be held 1.2 kg or less, 130 mm wide or less
Maximum speed 0.8 km/h

To demonstrate the use of the CBFKIT to control a
physical system, we conducted an experiment in a laboratory

Fig. 2. Human Support Robot (HSR). Cr: TOYOTA

environment in which an HSR was tasked with reaching a
goal location while avoiding collisions with a careless human
agent and remaining within a specified corridor. In software,
the HSR was taken to be the ego agent and assumed to evolve
according to the following dynamic unicycle model:

ẋe = ve cos θe, (6a)
ẏe = ve sin θe, (6b)
v̇e = ae, (6c)

θ̇e = ωe, (6d)

where xe and ye are the lateral and longitudinal coordinates
(in m) with respect to the origin s0 of an inertial frame F , ve
is the speed (in m/s), θe is the heading angle (in rad), ae is
the acceleration (in m/s2) in the heading direction, and ωe is
the heading angular velocity (in rad/s), such that the state is
xe = [xe ye ve θe]

⊤ and the control is ue = [ae ωe]
⊤. The

human agent was modeled as a 2D single-integrator, i.e.,

ẋh = vx,h, (7a)
ẏh = vy,h, (7b)

where the state is xh = [xh yh]
⊤ and the control input is

uh = [vx,h vy,h]
⊤, where vx,h and vy,h are the velocities of

the human with respect to the x- and y-directions. To ensure
collision avoidance, we used a form of the future-focused
CBFs introduced for autonomous vehicle control in [11], in
this case defined as

hff (xe,xh) = min
τ∈T

D̂2(xe,xh, τ)− (2R)2,

where T = [t, t + T ] for some time headway 0 < T < ∞,
D̂ : R4 ×R4 ×T → R+ is the predicted distance between
agents under zero-control policies, i.e., ai(τ) = ωi(τ) = 0,
∀τ ∈ T , i ∈ {e, h}, and R > 0 is a safe distance. To
enforce that the HSR remained inside the specified corridor,
we defined an admissible rectangular region with edges
xmin, xmax, ymin, ymax ∈ R and used the following CBFs:

hr1(xe) = ve cos θe + xe − xmin,

hr2(xe) = xmax − xe − ve cos θe,

hr3(xe) = ve sin θe + ye − ymin,

hr4(xe) = ymax − ye − ve sin θe.
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Fig. 3. xy paths of the HSR and human agents taken in the goal-reaching experiment. The overlaid circles represent the specified sizes of the ego and
human agents and represent temporal evolution at 0.25 sec increments. An animation of the system behavior can be found at: https://youtu.be/
MXQAK2jwLLE.

Fig. 4. Distance between HSR and Human Agents.

We then used a form of the well-known CBF quadratic
program (CBF-QP) control law for the HSR, as follows:

u∗
e = argmin

ue∈Ue

1

2
∥ue − u0

e∥2 (8a)

s.t. ∀k ∈ {ff, r1, r2, r3, r4}
Lfhk + Lghkue ≥ −α(hk), (8b)

where (8a) seeks to minimize the deviation of the solution
u∗
e from the reference input u0

e, and (8b) enforces the CBF
condition for each of the specified constraint functions. In
this experiment, we used a reference control u0

e based on the
LQR control law found in [11, App. I], and chose α(y) = y.

The paths for the HSR and human agents are shown in
Figure 3. Evidently, the CBF-QP controller (8) steers the
HSR out of the path of the human agent in advance of any
danger despite the HSR’s nominal LQR controller driving it
directly through the human agent en route to the goal. As
shown in Figure 4, the HSR obeys the required safety margin
with respect to the human at all times.

V. CONCLUSION

In this paper, we presented the first open source, publicly
available Python toolbox for CBF-based control for generic
systems both in simulation and ROS-enabled hardware ex-
perimentation. The toolbox, called CBFKIT, is developed
using a functional programming architecture so it promotes
immutability and reliability. The toolbox already contains a
number of CBF methods from the literature, and it has been
successfully applied for motion planning on the Toyota HSR
in a laboratory environment.

In the near future, we plan to extend CBFKIT to include
a variety of methods and algorithms from the literature. On-
going work has added higher-level planners to the toolbox
[46]. We also envision the toolbox to provide a number
of benchmarks that will enable the research community to
compare different algorithms and approaches.
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