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A B S T R A C T

Whole-body reactive obstacle avoidance for mobile manipulators (MM) remains an open research
problem. Control Barrier Functions (CBF), combined with Quadratic Programming (QP), have
become a popular approach for reactive control with safety guarantees. However, traditional CBF
methods often face issues such as pseudo-equilibrium problems (PEP) and are ineffective in handling
dynamic obstacles. To overcome these challenges, we introduce the Adaptive Cyclic Inequality
(ACI) method. ACI takes into account both the obstacle’s velocity and the robot’s nominal control
to define a directional safety constraint. When added to the CBF-QP, ACI helps avoid PEP and
enables reliable collision avoidance in dynamic environments. We validate our approach on a MM
that includes a low-dimensional mobile base and a high-dimensional manipulator, demonstrating the
generality of the framework. In addition, we integrate a simple yet effective method for avoiding self-
collisions, allowing the robot enabling comprehensive whole-body collision-free operation. Extensive
benchmark comparisons and experiments demonstrate that our method performs well in unknown and
dynamic scenarios, including difficult tasks like avoiding sticks swung by humans and rapidly thrown
objects.

1. Introduction
Mobile manipulators (MMs) have emerged as critical

tools in diverse domains, including manufacturing, intelli-
gent catering, daily assistance, and medical services [1, 2, 3].
Their combination of enhanced workspace and adaptability
makes them particularly suited for complex tasks. Despite
these advancements, programming such a high-dimensional
robot to operate effectively in dynamic environments re-
mains a persistent challenge.

For MMs, whole-body planning has been shown to
yield smoother and more continuous motions compared to
traditional sequential control. Current whole-body planning
methods for MMs are mainly based on Reinforcement
Learning (RL) [4, 5], optimization [6], sampling [7, 8].
However, these methods simply implement point-to-point
planning of the end-effector, which cannot handle obstacles
in the environment during task execution.

Control Barrier Functions (CBFs) have gained signifi-
cant traction in ensuring safety by incorporating constraints
as linear inequalities [9, 10, 11]. However, their applica-
tions have been predominantly limited to low-dimensional
spaces. Some work has successfully applied CBF to high-
dimensional manipulators [12, 13], focusing on collision
avoidance. Nonetheless, prior CBF methods are primar-
ily designed for static obstacles and inability to deal with
high-speed obstacles. Moreover, relying on a single CBF
constraint can lead to pseudo-equilibrium problems (PEP)
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Figure 1: The whole-body motion of the robot when encoun-
tering both air and ground dynamic obstacles under SEWB
controller.

[14, 15, 16]. How to combine CBF to encode more robust
safety constraints for MMs remains a significant challenge.

Accommodate CBF safety constraints in Model Predic-
tive Control (MPC) has shown promise for real-time motion
planning of MMs in dynamic environments [17, 18, 19].
While MPC can effectively avoid dynamic obstacles, its
computational demands grow significantly with increasing
symbolic parameters, such as the number of obstacles or pre-
diction horizons. This computational burden often renders
MPC impractical for scenarios requiring rapid responses,
such as avoiding a flying ball. Conversely, reactive control
are naturally suited for high responsiveness and adaptability
to environmental changes. Although studies have explored
reactive control for avoiding static ground obstacles [20, 21,
22], no existing reactive control for MMs can effectively
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handle both ground and airborne dynamic obstacles. To ad-
dress these limitations in high-dimensional planning, whole-
body control, and responsiveness to dynamic obstacles, this
paper proposes a reactive controller designed to achieve safe
and expeditious motion for mobile manipulators, as shown
in Fig. 1.

The primary contributions of this paper are:
1) Create a novel adaptive cyclic inequality (ACI) ap-

proach, combining CBF to establish safety constraints. ACI
not only solves the PEP problem associated with conven-
tional CBF-based methods but also enhance the ability to
deal with dynamic obstacles.

2) Propose a safe expeditious whole-body (SEWB) con-
trol for mobile manipulators that ensures both external and
internal collision-free motion. SEWB can act as a fast-
reaction planner to generate whole-body motion to avoid full
space obstacles.

3) Simulation and physical experiments, such as avoid-
ing swinging poles and flying balls, are conducted on a 9-
DOF mobile manipulator and compared with other works to
verify its performance, effectiveness, and stability.

2. Related Work
Many MM systems have been designed in recent years.

The work in [23] implemented household work like serving
tea using an HREB robot which has two seven-axis robotic
manipulators. In [24], grasp poses are achieved using an
OMPL motion planner which generates motion for the 7
degrees of freedom manipulator to follow. In the works
above, the mobile base of the robot is controlled decoupled
from the manipulator. This is equivalent to the planning of
two unrelated subsystems. Although the method of separate
planning simplifies the problem, the task is completed in a
slow, discontinuous manner where the motion is stop-start
or unnatural.

Speed and gracefulness can be enhanced by treating
the mobile base and manipulator as a unified, coordinated
control system [25, 26]. Numerous whole-body planning
methods have been proposed to generate trajectories for
high degrees of freedom MMs, with a comprehensive re-
view presented in [27]. However, these methods of ad-
vanced planning are not suitable for dynamic scenarios.
Some researchers have introduced a dual trajectory tracking
approach for MMs [20, 28]. However, their method depends
on having a fully planned global trajectory and struggles
to react to unexpected obstacles. In [6], a reactive whole-
body control method based on optimization is proposed,
but it completely failed to take obstacles into account. In
[21], a reactive approach for MMs is presented, yet it only
handles dynamic obstacles on the ground with their motion
dependent mainly on the mobile base. These limitations in
current approaches highlight the need for controllers that
enable MMs to effectively avoid full space fast-moving
obstacles.

CBFs have emerged as a prominent method for ensur-
ing safety by maintaining system states within predefined

safe sets, formulated as affine inequality constraints on the
control input. These constraints, linear in QP-based formu-
lations, rely on local problem information, such as distance
function and Lyapunov function gradients, to ensure forward
invariance of the safe set [29]. However, this local approach
can result in spurious equilibrium points, where the system
may become trapped or even converge to undesired states if
initial conditions are unfavorable. To tackle this issue, Reis
et al. [15] proposed an additional CBF constraint to remove
boundary equilibrium, while Tan et al. [14] introduced a
modified CBF. In [16], a circulation constraint was proposed
into the optimization framework. Although these methods
mitigate the issue of pseudo-equilibrium, they are ineffective
when it comes to handling dynamic obstacles. Moreover,
the application of CBF-based methods in high-dimensional
systems, such as mobile manipulators, to achieve whole-
body obstacle avoidance remains an underexplored area of
research.

3. Modeling and Preliminaries
3.1. System Model

The MM we use includes a mobile base and a manip-
ulator, with 𝑛 = 𝑛𝑏 + 𝑛𝑚 degrees of freedom. The state of
the manipulator is described by joint positions 𝒒𝑚 ∈ ℝ𝑛𝑚 .
For a mobile base with a differential drive, we use the full
location description (𝑥𝑏, 𝑦𝑏, 𝜑) and define the 𝒒𝑏 ∈ ℝ𝑛𝑏 as
virtual joints. Therefore, the overall forward kinematics of
the robot can be expressed as
𝑤
𝑒 𝑻 = 𝑤

𝑏 𝑻 (𝑥𝑏, 𝑦𝑏, 𝜑) ⋅
𝑏
𝑚𝑻 ⋅ 𝑚𝑒 𝑻 (𝒒𝑚), (1)

where 𝑤 is the world coordinate system; 𝑤
𝑏 𝑻 is the homo-

geneous transformation of the mobile base frame relative to
the world coordinate system. 𝑏𝑚𝑻 is a constant relative pose
from the mobile base frame to the manipulator frame and 𝑚

𝑒 𝑻
is the position forward kinematics of the manipulator where
the end-effector (EE) frame is 𝑒.

Similar to the Jacobian matrix in the velocity forward
kinematics of the manipulator, we define the extended Jaco-
bian matrix 𝑤

𝑒 𝑱 ∈ ℝ6×𝑛 of the MM to represent the EE’s
velocity in the world. Therefore, we can obtain the velocity
forward kinematics of the MM as follows:
𝑤
𝑒 𝒗 = 𝑤

𝑒 𝑱 (𝑥𝑏, 𝑦𝑏, 𝜑, 𝒒𝑚)𝒒̇, (2)

where 𝒒̇ = (𝒒̇𝑏, 𝒒̇𝑚)T. This maps the velocity of all axes of
the MM to the EE velocity 𝑤

𝑒 𝒗 = (𝑣𝑥, 𝑣𝑦, 𝑣𝑧, 𝜔𝑥, 𝜔𝑦, 𝜔𝑧)T.

3.2. Primary Optimization
In general, we formulate a quadratic programming (QP)

problem with inequality constraints to achieve expeditious
reactive control.

𝒖∗(𝒒) = argmin
𝒖

‖𝒖 − 𝒖𝑑(𝒒)‖2 (3)

s.t. 𝑏𝑖(𝒖) ≥ 𝒑𝑖, 𝑖 = 1, 2… (4)

where 𝒖 is the system input. The QP aims to make the
smallest possible adjustments to the nominal control 𝒖𝑑(𝒒),
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Figure 2: The vector field around the obstacle after applying
CBF-QP, where pseudo-equilibrium points appear along the
black line.

while ensuring that the constraints are satisfied. We use
𝑏𝑖(𝒖) ≥ 𝒑𝑖 to uniformly represent all inequality constraints,
and the specific forms of these constraints will be introduced
in detail later.

3.3. Control Barrier Functions
CBFs ensure safety by leveraging the concept of forward

invariance within a designated safe set, defined as:

 = {𝒒 ∈ ℝ𝑛 ∣ ℎ(𝒒) ≥ 0} , (5)

where  denotes the interior of the security set. The function
ℎ ∶ ℝ𝑛 → ℝ represents a measure of "closeness" between
the robot to obstacle [16], and it should be continuously
differentiable. Then, if there exists a class  function 𝛼, such
as 𝛼(𝑥) = −𝑎𝑥 for a constant 𝑎 > 0, the CBF constraint can
be defined as follows,

∃𝒖 𝑠.𝑡. ℎ̇(𝒒) ⋅ 𝒖 ≥ 𝛼(ℎ(𝒒)), (6)

As a result of the CBF theorem,  is forward invariance
[30, 31]. However, when CBF constraints are integrated into
a QP framework, the issue of pseudo-equilibrium points can
arise [16, 32].

We consider a minimally invasive control strategy de-
fined by the QP Eq.(3), subject to the safety constraint
ℎ̇(𝒒)𝒖 ≥ 𝛼(ℎ(𝒒)). This optimization is strictly convex and
always has a unique solution if the constraint is feasible. Us-
ing the Karush-Kuhn-Tucker (KKT) conditions, the optimal
solution can be expressed as

𝒖∗(𝒒) = 𝒖𝑑(𝒒) + 𝜆(𝒒)∇ℎ(𝒒), (7)

𝜆(𝒒) = max
(

0,−
ℎ̇(𝒒)𝒖𝑑(𝒒) + 𝛼(ℎ(𝒒))

‖∇ℎ(𝒒)‖2

)

, (8)

where 𝜆(𝒒) is the nonnegative Lagrange multiplier associ-
ated with the CBF constraint. This expression shows that
the optimal control consists of the nominal input 𝒖𝑑(𝒒)
plus a configuration-dependent repulsive term that becomes
active only when the system approaches the boundary of

the safe set. However, this repulsive term may counteract
the nominal control in certain configurations. Specifically,
when the nominal control 𝒖𝑑(𝒒) tends to violate the safety
constraint, the barrier term 𝜆(𝒒)∇ℎ(𝒒) opposes it to enforce
safety. This opposition can cause the two terms to cancel
each other out exactly, resulting in 𝒖∗(𝒒) = 0 even though the
system has not reached its goal. Such undesired stationary
points are known as pseudo-equilibria, , as shown in Fig. 2.
They arise due to the conflict between pursuing the nominal
objective and maintaining safety, and are a common issue in
barrier-based control strategies.

4. Control Methodology
4.1. Adaptive Cyclic Inequality

In addition to the issue of pseudo-equilibrium points,
the function ℎ(𝑥) in the CBF is usually designed for static
obstacles and fixed safety boundaries, which makes it hard
to update in real-time for dynamic obstacles. When obstacles
move or change position, the ℎ(𝑥) function may not reflect
these changes, leading to poor responsiveness. To address
this, we enhance the CBF with an adaptive cyclic inequality
(ACI) constraint that encourages the system to move around
obstacles. To begin, we define the normal vector,

𝑛(𝒒) = ∇ℎ(𝒒)∕‖∇ℎ(𝒒)‖. (9)

Then we can define a set of unit vectors that:

 = {𝒍(𝒒) ∣ 𝒍(𝒒) ⋅ 𝑛(𝒒) = 0} , (10)

which represents the set of all unit orthogonal vectors for
𝑛(𝒒). When 𝑛(𝒒) ∈ ℝ2, there are exactly two unit vectors in
 that are perpendicular to 𝑛(𝒒). Meanwhile, if 𝑛(𝒒) ∈ ℝ3 or
a higher dimension, it is obvious that  will have an infinite
number of vectors. Therefore, in any case,  is a multi-
solution set. A very natural and meaningful idea is to select
the most favorable solution from this set under a certain
cost condition. This process is exactly what the "Adaptive"
in ACI refers to. We first define the optimal solution in
 as ‴∗(𝒒). During the process of obtaining 𝒍∗(𝒒) in ,
specifically, we hope to enhance the ability to better avoid
dynamic obstacles and to better track nominal control. With
this, the focal point is updated as follows,

𝒍∗(𝒒) = max
𝒍

𝑀(𝒍, 𝝃̂𝑜𝑏) ∀𝒍 ∈ , (11)

𝑀(𝒍, 𝝃̂𝑜𝑏) = 𝜁𝒍 ⋅ ∇ℎ(𝒒, 𝝃̂𝑜𝑏) + (1 − 𝜁 )𝒍 ⋅ 𝒖𝑑(𝒒). (12)

The term 𝝃̂𝑜𝑏 denotes the predicted future state of obstacles
after Δ𝑡, while ∇ℎ(𝒒, 𝝃̂𝑜𝑏) represents the predicted gradient
of the function ℎwith respect to the predicted future obstacle
configuration. The adaptive function 𝑀 characterizes the
degree of directional alignment among 𝒍, ∇ℎ(𝒒, 𝝃̂𝑜𝑏) and
𝒖𝑑(𝒒). To make 𝑀 larger, the term 𝒍 ⋅ ∇ℎ(𝒒, 𝝃̂𝑜𝑏) increases
the projection of 𝒍 onto ∇ℎ(𝒒, 𝝃̂𝑜𝑏), thereby guiding the
trajectory away from predicted obstacle locations. Similarly,
𝒍 ⋅ 𝒖𝑑(𝒒) also increases the projection, make 𝒍 tends to
approach the direction of the nominal control 𝒖𝑑(𝒒). 𝜁 ∈
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Figure 3: The left figure illustrates an intuitive diagram of
the variables used in ACI computation when encountering a
static obstacle in three-dimensional space. As shown,  is a
set containing infinitely many vectors, and the goal of ACI
is to select 𝒍∗(𝒒) from this set to be used as the input for
Eq.(13). The right figure shows the variable illustration in the
case of a dynamic obstacle. The future positions of the dynamic
obstacle are predicted and used as the basis to compute the
optimal 𝒍∗(𝒒). In a real robot system, ACI operates in a higher-
dimensional space (e.g, 𝑛 = 7), but three-dimensional space is
used here for ease of visualization.

(0, 1) is a proportion coefficient, representing the weight of
the two items. A visual interpretation of this function is that
the selected direction 𝒍∗(𝒒) tends to increase the distance
from future obstacles and better align with the direction
toward the target. Then, we present the constraint form of
ACI as follows,

∃𝒖 𝑠.𝑡. 𝒍∗(𝒒) ⋅ 𝒖 ≥ 𝑇 (ℎ(𝒒)), (13)

where 𝑇 is a continuous function: 𝑇 ∶ ℝ+ → ℝ with the
decreasing properties. 𝑇 (0) > 0, 𝑇 (ℎ) → −∞ when ℎ →
+∞. The constraint threshold function 𝑇 facilitates ACI
gradually increase its directional effect on 𝒖 as it nears an
obstacle. Fig. 3 shows the 𝒍∗(𝒒) of ACI in three-dimensional
space for both static and dynamic obstacles.

4.2. Equilibrium Points Analysis
We consider the optimization problem Eq.(3) with the

CBF constraint Eq.(6) and the ACI constraint Eq.(13). Our
goal is to characterize the set of configurations 𝒒 for which
the optimal control input vanishes, i.e., 𝒖∗(𝒒) = 𝟎, corre-
sponding to equilibrium points of the closed-loop system
𝒒̇ = 𝒖∗(𝒒).

To this end, we analyze the Karush-Kuhn-Tucker (KKT)
conditions associated with the QP. Let 𝜆ℎ, 𝜆𝑇 ∈ ℝ be the
dual variables associated with the CBF and ACI constraints,
respectively. When 𝒖∗ = 𝟎 is optimal, the KKT conditions
reduce to:

(i) 𝒖𝑑 + 𝜆ℎ∇ℎ + 𝜆𝑇 𝒍∗ = 𝟎,
(ii) 𝜆ℎ

(

∇ℎ⊤𝒖 + 𝛼(ℎ(𝒒))
)

= 0,

(iii) 𝜆𝑇
(

𝒍∗⊤𝒖 + 𝑇 (ℎ(𝒒))
)

= 0,
(iv) 𝜆ℎ ≥ 0, 𝜆𝑇 ≥ 0,
(v) ∇ℎ ⋅ 𝒖 ≥ 𝛼(ℎ(𝒒)),

(vi) 𝒍∗ ⋅ 𝒖 ≥ 𝑇 (ℎ(𝒒)).

(14)

Since 𝒖 = 𝟎, conditions (v) and (vi) reduce to:

𝛼(ℎ(𝒒)) ≤ 0, 𝑇 (ℎ(𝒒)) ≤ 0. (15)

Suppose 𝛼(ℎ(𝒒)) ≠ 0 (i.e., safety is guaranteed). Then (ii)
implies 𝜆ℎ = 0. Thus, the stationarity condition (i) becomes
as follow:

𝒖𝑑 + 𝜆𝑇 𝒍∗(𝒒) = 𝟎. (16)

By analyzing (iii), we can conclude that either 𝜆𝑇 =
0 or 𝑇 (ℎ(𝒒)) = 0. Two mutually exclusive cases arise,
corresponding to different physical interpretations:

Case 1: If 𝜆𝑇 = 0, then 𝒖𝑑 = 𝟎, meaning that the desired
control input vanishes. This implies the system has reached
the goal and no further motion is needed.

Case 2 : If 𝑇 (ℎ(𝒒)) = 0 and 𝜆𝑇 > 0, then 𝒖𝑑 is negatively
aligned with 𝒍∗(𝒒), that is, 𝒍∗(𝒒) = − 1

𝜆𝑇
𝒖𝑑 = −𝜆𝒖𝑑 for some

𝜆 > 0. This situation corresponds to a pseudo-equilibrium
point under the CBF-ACI constraints, where the circulation
constraint exactly cancels the desired motion. However, in
the formulation of Eq.(12), we explicitly select 𝒍∗(𝒒) to be
positively aligned with the direction of 𝒖𝑑 , and the negative
aligned is the least preferred. As a result, such pseudo-
equilibrium points are effectively avoided.

4.3. Feasibility Analysis
When there are obstacles, one important question is

whether CBF and ACI as inequality constraints will conflict
with each other. The following result answers this question
positively.

Theorem 1: Let 𝛽 be such that 𝑇 (0) < 𝛽 < 𝑟, where 𝑟
is a known control limit (e.g., a bound on the norm of the
velocity command). Then, when the system is in the safe set
, that is ℎ(𝒒) ≥ 0 and 𝛼(ℎ(𝒒)) ≤ 0, the QP formulation with
constraints Eq.(6), Eq.(13) and ‖𝒖‖ ≤ 𝑟 admits a feasible
solution:

𝒖 = 𝛽𝒍∗(𝒒). (17)

Proof: We shall verify all constraints in Eq.(6), Eq.(13),
and the norm bound ‖𝒖‖ ≤ 𝑟.

1. CBF constraint Eq.(6): Note that ℎ̇(𝒒) ⋅ 𝒖 = 𝛽ℎ̇(𝒒)⊤
𝒍∗(𝒒). From the definition of 𝒍∗(𝒒) in Eq.(10), we
observe that ℎ̇(𝒒)⊤𝒍∗(𝒒) = 0. Hence, ℎ̇(𝒒) ⋅ 𝒖 = 0 ≥
𝛼(ℎ(𝒒)), which holds because 𝛼(ℎ(𝒒)) ≤ 0.

2. ACI constraint Eq.(13): We compute 𝒍∗(𝒒) ⋅ 𝒖 =
𝛽𝒍∗(𝒒)⊤𝒍∗(𝒒) = 𝛽, since 𝒍∗(𝒒) is a unit vector and
therefore satisfies 𝒍∗(𝒒)⊤𝒍∗(𝒒) = 1. Moreover, because
𝑇 is a decreasing function, its maximum value occurs
at ℎ = 0, and hence 𝛽 > 𝑇 (0) ≥ 𝑇 (ℎ(𝒒)). This
confirms that the ACI constraint is satisfied.

3. Norm bound constraint: The norm of the control
input is ‖𝒖‖ = ‖𝛽𝒍∗(𝒒)‖ = 𝛽, since ‖𝒍∗(𝒒)‖ = 1.
Because 𝛽 < 𝑟 by assumption, we have ‖𝒖‖ < 𝑟, so
the constraint is strictly satisfied.

Thus, the constraints do not conflict with each other and
𝒖 = 𝛽𝒍∗(𝒒) lies in the interior of the feasible set.
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Figure 4: The analysis of ACI constraint for mobile base in two-
dimensional space. As the distance to the obstacle decreases,
the final generated 𝒒̇𝑏 increasingly aligns with 𝒍∗(𝒒𝑏). The
threshold distance 𝑑𝑏 determines the range within which the
ACI exerts a positive influence.

5. Application for Mobile Manipulators
The whole-body reactive collision avoidance for mobile

manipulators is challenging because it consists of a low-
dimensional mobile base and a high-dimensional manipu-
lator. We are considering applying the obstacle avoidance
algorithm to both parts simultaneously to verify the univer-
sality.

5.1. External Safety Constraints
1) Mobile Base: Since the mobile base can be repre-

sented by a single shape, we directly use the Euclidean
distance to define its safety function ℎ as ℎ𝑏. In ACI con-
straint Eq.(13), we denote the transformation 𝑇 , 𝒍∗(𝒒) asso-
ciated with the mobile base as 𝑇𝑏 and 𝒍∗(𝒒𝑏), respectively.
The mobile base’s configuration is represented by the joint
variable 𝒒𝑏. The resulting formulation of 𝑇𝑏 is given by:

𝑇𝑏 = 𝑑𝑏 − ℎ𝑏(𝒒𝑏), (18)

where 𝑑𝑏 represents the threshold parameter for ACI to
initiate a positive constraint on mobile base. When 𝑑𝑏 −
ℎ𝑏(𝒒𝑏) > 0, it means that ACI has turned on the positive
constraint on the control variable 𝒖. Fig. 4 shows the gradual
enhancement of ACI constraint for mobile base in a two-
dimensional space.

2) Manipulator: The manipulator is a high-dimensional
system with a complex rigid-body structure, making the
computation of its safety function ℎ more involved than
that of the mobile base. Specifically, its collision model
comprises 𝑚 primitive shapes and is actuated by 𝒒𝑚 joints.
The overall safety set for the manipulator is defined by
requiring that each individual shape satisfies its respective
safety condition, expressed as:

𝑚 =
{

𝒒𝑚 ∣ 𝑖
(

𝒒𝑚
)

≥ 0, 𝑖 = 1, 2,… , 𝑚
}

, (19)

The functions 𝑖 represent the safety conditions for each
shape, typically derived by computing the distance be-
tween two rigid objects, each modeled as a configuration-
dependent 3D convex set. For example, to compute the dis-
tance between a manipulator link and an obstacle, algorithms
such as von Neumann’s cyclic projection algorithm [33]
are used to find the closest points, denoted by 𝝆𝑚 on the
manipulator and 𝝆𝑜 on the obstacle. In this case, the safety
function 𝑖 is defined as half the squared distance between
these closest points.

𝑖
(

𝒒𝑚
)

= 1
2
‖

‖

𝝆𝑚 − 𝒑𝑜‖‖
2 . (20)

Then, the gradient of 𝑖 with respect to the manipulator’s
configuration 𝒒𝑚 can be computed numerically, for example,
using finite difference methods. Regardless of how the func-
tions 𝐺𝑖 are obtained, the overall safety function ℎ can be
defined as the minimum of these 𝑖 functions [34]. However,
even if each 𝑖 is differentiable, the function ℎ may exhibit
non-differentiable points due to the nature of the minimum
operation [16]. To address this, a smoother approximation
such as the softmin [35] can be used:

sof tmin𝑧𝑖 (𝑖) = 𝑧 ln

(

1
𝑚

𝑚
∑

𝑖=1
exp

(

−
𝑖
𝑧

)

)

, (21)

where 𝑧 is a smoothing parameter. The softmin function pro-
vides a differentiable approximation but satisfies sof tmin𝑖𝑧(𝑖)
≥ min𝑖(𝑖). Consequently, sof tmin𝑖𝑧(𝑖) > 0 does not
necessarily imply that 𝑖 > 0 for all 𝑖. To ensure that ℎ
remains a valid safety function, it is beneficial to introduce
a margin 𝛿𝑠. We then define the safety function ℎ for the
manipulator ℎ𝑚 as:

ℎ𝑚(𝒒𝑚) = sof tmin𝑧𝑖 (𝑖) − 𝛿𝑠. (22)

This modification preserves the desired properties of ℎ𝑚
while benefiting from the smoothness of the softmin approx-
imation.

Then, in the ACI constraint Eq.(13), we denote the
transformation 𝑇 associated with the manipulator as 𝑇𝑚,
defined as follows:

𝑇𝑚 = 𝑑𝑚 − ℎ𝑚(𝒒𝑚), (23)

where 𝑑𝑚 represents the threshold parameter for ACI to
initiate a positive constraint on manipulator. When 𝑑𝑚 −
ℎ𝑚(𝒒𝑚) > 0, it means that ACI has turned on the positive.
The principle is similar to that expressed in Fig. 4, but in a
higher dimensional space.

As a result, the inequality constraints in Eq.(4) for exter-
nal safety are as follows:

(ℎ̇𝑏(𝒒𝑏), 𝟎) ⋅ 𝒖 ≥ 𝛼(ℎ𝑏(𝒒𝑏)),
(𝒍∗(𝒒𝑏), 𝟎) ⋅ 𝒖 ≥ 𝑇𝑏(ℎ𝑏(𝒒𝑏)),
(𝟎, ℎ̇𝑚(𝒒𝑚)) ⋅ 𝒖 ≥ 𝛼(ℎ𝑚(𝒒𝑚)),
(𝟎, 𝒍∗(𝒒𝑚)) ⋅ 𝒖 ≥ 𝑇𝑚(ℎ𝑚(𝒒𝑚)).

(24)
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Figure 5: Before adding the self collision constraint in internal
safety, the manipulator encountered collision with the base.
Incorporating the constraint Eq.(28) effectively resolved this
issue.

5.2. Internal Safety Constraints
In the previous subsection, a combination of ACI and

CBF was introduced to guarantee external safety. In addition,
the internal safety of the system in the process of movement
also needs to be strictly guaranteed [7]. Internal safety in-
cludes joint limit enforcement and self-collision avoidance
(particularly between the mobile base and the manipulator).
For the joint limit enforcement of the manipulator, a simple
function of joint bounds can be derived for each joint to
keep it between its lower 𝑞−𝑖 and upper bounds 𝑞+𝑖 , where
𝑖 ∈ [1, 𝑞𝑚].

𝑏𝑖𝑗𝑙 =
(𝑞+𝑖 − 𝑞𝑖)(𝑞𝑖 − 𝑞−𝑖 )

𝑞+𝑖 − 𝑞−𝑖
. (25)

To address self-collision between the mobile base and the
manipulator, we introduce a range limit on the manipulator’s
reach relative to the base. The following expression defines
a valid CBF for enforcing this reach constraint.

𝑏𝑠𝑐 =
(

𝑝2max − (𝒑𝒆 − 𝒑𝒃)𝑇𝑃 (𝒑𝒆 − 𝒑𝒃)
)

. (26)

where 𝒑𝒆 and 𝒑𝒃 denote the positions of the end-effector
and the base, respectively. The scalar 𝑝max specifies the
maximum allowable reach. The matrix 𝑃 = diag(1, 1, 0)
is a diagonal selector that preserves only the 𝑥 and 𝑦 com-
ponents, ensuring that the reach is evaluated within the 2D
plane. Based on this, the CBF constraint for internal safety
in Eq.(4) are formulated as follows:

𝑏̇𝑖𝑗𝑙 ⋅ 𝑢 ≥ −𝛾𝑗𝑙𝑏𝑗𝑙 ∀𝑖 ≤ 𝑞𝑚 (Joint Limits) (27)

𝑏̇𝑠𝑐 ⋅ 𝑢 ≥ −𝛾𝑠𝑐𝑏𝑠𝑐 (Self Collision). (28)

Fig. 5 illustrates the role of internal safety constraints
in preventing robot self-collisions, particularly in avoiding
collisions between the mobile base and the manipulator.

5.3. Whole-body Nominal Control
In the primary optimization Eq.(3), a nominal control

input 𝒖𝑑(𝒒) needs to be computed in advance. Consider
the whole-body kinematic model of the mobile manipulator
Eq.(2), we formulate the following optimization problem to
map the expected EE velocity 𝑤

𝑒 𝒗
∗(𝑡) to the corresponding

expected joint velocity 𝒖𝑑(𝒒).

𝝂∗ = min
𝝂

1
2
𝝂T𝑯𝝂 + 𝒈T𝝂 (29)

Figure 6: Framework of the SEWB control. ACI and CBF
together form the external safety constraints of the main
optimization, which, along with internal safety constraints,
constitute the whole-body safety control of the mobile ma-
nipulator. Finally, the main optimization outputs the desired
joint velocities to the robot controller.

s.t. 𝑤
𝑒 𝒗(𝑡) + 𝜹(𝑡) = 𝑤

𝑒 𝒗
∗(𝑡), (30)

where 𝝂 = (𝒒̇, 𝜹)T is the decision variable and 𝜹 ∈ ℝ6 is
the slack vector. 𝑤𝑒 𝒗

∗(𝑡) can be obtained through proportional
control of the difference between the desired EE position and
the current position. In the cost function, 𝑯 and 𝒈 represent
the cost function of quadratic and linear coefficients, respec-
tively. Similar in [6], 𝑯 is a positive definite diagonal matrix
used to adjust the weight of each optimization variable; 𝒈 is
designed to maximize the manipulability of the manipulator
and adjust the direction of both the mobile base and the
manipulator. Finally, the 𝒖𝑑(𝒒) = 𝒒̇ in 𝝂.

Fig. 6 presents our entire control framework of SEWB.

6. Experiments
We evaluate our approach through experiments con-

ducted both in simulation and on a real mobile manipu-
lator. We use the following values for the parameters of
the controller: 𝜁 = 0.8 in Eq.(12); 𝑑𝑏 = 0.3 in Eq.(18);
𝑑𝑚 = 0.25 in Eq.(23); 𝛾𝑗𝑏 = 0.1 in Eq.(27) and 𝛾𝑚𝑟 = 0.1
in Eq.(28). The two important parameters of our controller
are 𝑑𝑏 and 𝑑𝑚, which we will discuss about the effects of
changing them in Experiment 1. We employ a second-order
Kalman filter that accounts for acceleration to predict the
future position of the obstacle in Eq.(12), settingΔ𝑡 = 0.25𝑠.
In calculating the safety functions ℎ𝑏 and ℎ𝑚, we used the
Python roboticstoolbox [36]. Both the mobile base and the
manipulator links have cylindrical collision models defined
in the URDF. For the simulated experiments, we use the
Swift and Python roboticstoolbox [36]. For the physical
experiments, we use a Sunspeed IR-C100 mobile base (𝑛𝑏 =
2) and a Franka Panda manipulator (𝑛𝑚 = 7), interfacing
with the robot through ROS Noetic. We use a nokov motion
capture to acquire the state information of the environment
and robot. The QP problems are solved using the DAQP
package. In Eq.(11), We use a finite sampling approach to
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Figure 7: Snapshots of the mobile manipulator’s motion in Experiment 1 using SEWB. The timestamp of the snapshots increases
from left to right.

compute a limited number of vectors in set, from which the
optimal vector is selected. All experiments are performed on
a laptop with 32GB of RAM and an i9-14900HX processor.

6.1. Experiment 1: Simulation Scenario
The simulation presents a dynamic scenario where the

MM sequentially moves to the target positions (−6, 4, 0.68),
(−0.1, 4.3, 0.78), (0.1, 4.3, 0.76), and (6.6, 1, 0.76). Figure 7
illustrates the motion of the MM using our controller. In the
figure, the red ball represents a dynamic obstacle at a certain
height, while the green ball represents a dynamic obstacle
on the ground. Both obstacles move at a speed of 2m/s.
Dynamic obstacles in the environment are modeled using
spherical collision geometries, while static obstacles are
modeled using cylindrical or box-shaped collision models.
We compare our controller with other existing methods that
solve the pseudo-equilibrium problem of CBF [15, 16] and
the MPC-based method [17]. Additionally, we conducted an
ablation study comparing several configurations: CBF alone,
CBF+ACI (b) (ACI for the mobile base), and CBF+ACI
(b,m) (ACI for both the mobile base and manipulator).
Furthermore, we evaluate the performance of our controller
by varying the parameters 𝑑𝑏 and 𝑑𝑚.

The experimental results are summarized in Table 1.
In this study, we conducted 50 trials, where the robot’s
initial 𝑥 and 𝑦 positions were randomly varied within the
range [−0.2, 0.2], and the orientation angle was varied
within [0, 2𝜋). Each method is evaluated based on four met-
rics: computation frequency, total execution time, trajectory
length, and minimum distance to obstacles. A minimum
distance of less than zero indicates a collision (the system
continues moving even after a collision). While the methods
in [15] and [16] prevent the system from the pseudo-
equilibrium problem, they are not effective in handling dy-
namic obstacles. Moreover, since the method in [16] always
selects a fixed direction to bypass obstacles, the resulting
path tends to be unnecessarily cumbersome. In [17], the
limited calculation frequency of the MPC prevents effective
response to fast-moving dynamic obstacles. Moreover, using
only a single CBF constraint leads to fall in the pseudo-
equilibrium points and not reach the target. Add the ACI
of mobile base solve this problem, but the manipulator still
have collisions with dynamic obstacles. In contrast, the
safety constraints of the combined CBF and ACI (b, m)
are demonstrated to effectively avoid dynamic obstacles,
maintaining a safe distance. Furthermore, Fig. 8 shows that

Table 1
Simulation results in 50 times

Methods Frequency Time Length Min Obs Dis

Double CBF [15] 131.14 Hz 33.42 s 30.16 m -0.09 m

Circulation-CBF [16] 136.73 Hz 37.11 s 33.59 m -0.02 m

MPC [17] 9.58 Hz 27.52 s 27.62 m -0.08 m

CBF 197.53 Hz - - -

CBF+ACI (b) 172.67 Hz 30.24 s 29.96 m -0.03 m

CBF+ACI (b,m) 105.26 Hz 27.35 s 27.81 m 0.05 m

Figure 8: The minimum distance curve between the obstacles
and the robot in Experiment 1, obtained using different values
for the parameters 𝑑𝑏 and 𝑑𝑚.

higher 𝑑𝑏 or 𝑑𝑚 triggers the ACI earlier, prompting the
obstacle avoidance action sooner and enabling the robot
to avoid obstacles with a safer margin. These parameter
settings can be adjusted according to specific safety margin
requirements. Notably, our controller’s parameters remain
effective when adjusted within a certain range.

6.2. Experiment 2: Real-World Scene with Flying
Balls

In this section, we test if the robot can autonomously
avoid obstacles and reach the target point in the real world.
We construct a large-scale scene featuring static obstacles,
railings, and more. The robot will begin from its initial
position at the EE (−1.5,−1.5, 1.1) and navigate towards
the target point (2.6, 0.4, 0.8). And we would throw some
balls where Kalman filters are used for the ball’s state esti-
mation. Given the ball’s potential for unexpected situations
like collisions and bounces with static obstacles, we will
promptly filter it directly once it drops below a certain height.
Especially, we use the parameter 𝑑𝑚 = 0.5 when avoiding
the fly ball and other parameters remain unchanged.
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Figure 9: The physical robot is located in a large scene to avoid obstacles on the ground and dodge incoming balls in Experiment
3.

Figure 10: Min distance, position errors, joint velocities, and trajectories of end-effector of our controller in Experiment 2.

Fig.9 shows the the physical robot of experiment 2. Our
robot successfully avoids ground obstacles and unexpected
balls thrown from a distance while smoothly reaching the
target point. During this process, balls traveling at speeds of
up to 2m/s were thrown to the robot. As illustrated in Fig.
10, the minimum distance between the robot and obstacles
is always greater than zero. The end effector’s position errors
eventually converge to zero, and the joint velocities remain
within the constraints. Moreover, the fact that both the base
and joint velocities reach zero simultaneously indicates that
the MM no longer reaches the target through decoupled con-
trol, but rather through a graceful, whole-body coordinated
motion.

6.3. Experiment 3: Avoidance Agility Test for
Reactive Controller

For reactive controllers, the ability to quickly recover
during continuous dynamic obstacle avoidance serves as
a strong validation of their responsiveness and agility. To
simulate successive fast-moving obstacles, we employ one
or two hand-held poles held by human as dynamic obstacles.
A reflective marker is placed at the tip of the pole, allowing it
to be passively tracked by the motion capture system. Once
tracked, we model it as a virtual sphere with a radius of 4
cm centered at the marker’s position. The controller then
computes the collision function ℎ as usual. The proposed
controller’s performance will be compared with [22], which
is a also a reactive controller for collision avoidance.

a) Single pole: In this scenario, one pole held by human
moves towards the robot at approximately 1.5 m/s. The robot
must utilize its full range of joint motions to avoid the
obstacle swiftly. Once safety is ensured, the EE of the robot
is required to return to the target point as quickly as possible.

b) Two poles: This scenario extends the complexity by
introducing two poles approaching the robot simultaneously
from different directions.

[22] performed poorly in Experiment 3a), primarily be-
cause its reactivity relies on directly eliminating the relative
velocity with respect to the obstacle, which often leads to
infeasibility. For our controller in experiment 2a)2b), we dis-
play the robot motion in Fig. 11. We achieved an effect that
the above controller could not accomplish. We attempted to
approach the robot from different directions—front, oblique
angles, and different movements-stabbing, swinging, to pro-
voke collisions. We also conducted experiments where both
the base and the manipulator encountered obstacles simul-
taneously in Experiment 3b). Throughout this process, our
controller effectively navigated the robot to avoid obstacles,
promptly returning it to the target point once safety was
ensured. The entire sequence was autonomously managed
by the robot through our controller. Fig. 12 (a) and Fig. 12
(b) represent the avoidance of a single pole and two poles,
respectively. It is evident that the minimum distance between
the robot and the obstacle always remains above zero, and
any disturbances on the EE’s position caused by the obstacle
are swiftly recovered.

7. Conclusions
In this letter, we present a SEWB control that ensures

both internal and external collision-free motion for mobile
manipulators. We propose an novel ACI approach, which
combines CBF to establish safety assurance constraints with
a primary optimization QP. And we proved that ACI and
CBF wound not conflict with each other. Our experiments
demonstrate that it performs more efficiently and robustly
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Figure 11: The robot motions using our controller in Experiment 3a)/3b). With one or two poles approaching the robot in
different movements and directions, the robot performs a quick dodge to avoid collision.

(a) Experiment 3a) (b) Experiment 3b)

Figure 12: Min distance between MM and obstacles, and the position error between the EE and the given target point in
Experiment 3a)/3b).

than existing methods. SEWB solves the classical pseudo-
equilibrium point problems generated by conventional CBF-
based methods and enables the capacity that avoid dynamic
obstacles with high agility. However, it is worth noting that
in the presence of significant system state disturbances or
inaccurate environmental information, the safety constraints
may become unreliable, especially for 𝝃̂𝑜𝑏. In future work,
we plan to incorporate robust estimation algorithms to ad-
dress these challenges.
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