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Abstract

This paper addresses the issue of safe trajectory tracking for robotic manipulators operating
in confined spaces that often exhibit asymmetric geometric structures, such as narrow
passages or cluttered obstacle fields. We introduce an innovative model-free control strategy
aimed at guaranteeing safe trajectory tracking by constraining joint trajectory tracking
errors within prescribed safe bounds. To achieve the desired tracking objective, an error
transformation mechanism is developed. Notably, the robustness of this mechanism against
model uncertainties eliminates the necessity for knowledge of the system model, enabling
model-free control. Additionally, we introduce a Monte Carlo-based search strategy that
integrates motion planning, which provides a collision-free feasible reference trajectory,
with control, which ensures runtime safety. This framework operates autonomously and
guarantees safety at both the planning and control layers. The controller’s robustness,
along with its autonomous implementation from planning to control, facilitates practical
deployment in complex real-world environments and is effectively validated on a Baxter
robotic platform.

Keywords: safe trajectory tracking; confined spaces; robotic manipulator; model-free control

1. Introduction
Safety is important for robotic manipulators performing tasks in the environment

with obstacles, such as the requirement to navigate through confined and narrow spaces or
dense obstacles. In these scenarios, the planned trajectory often brings the manipulator into
close proximity to nearby obstacles [1,2], thereby increasing the risk of collisions during
execution. Hence, it is essential to consider safe trajectory tracking to mitigate potential
risks and hazards.

Before performing safe trajectory tracking, it is essential to first generate a collision-free
reference trajectory. In previous studies on safe trajectory tracking of robotic manipulator,
the generation of reference trajectories has often been considered only at the control level,
with methods either unspecified [3,4] or entirely manually defined [5,6]. Such approaches
are limited, as the reference trajectories themselves may contain potential collision risks or
workspace constraints, which cannot fully ensure the safety of the manipulator in complex
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environments. To address this issue, the present study introduces motion planning methods,
such as sampling-based algorithms [7] or the A* algorithm [8], at the planning level to
autonomously generate collision-free reference trajectories based on the actual environment
and obstacle distribution. These trajectories then provide a safe and feasible foundation for
subsequent control-level trajectory tracking. This top-down integration of planning and
control not only ensures motion safety but also enhances the manipulator’s autonomy in
navigating complex workspaces.

Some control strategies ensure the safety of the robot or the environment from the
perspective of reducing the contact force between the robot and the environment, such as
the use of passive torque limiters [5] and trajectory scaling to adjust the time stamp [9].
However, the robotic manipulator is forced to halt its motion until the surrounding obstacles
are removed, potentially hindering the efficient completion of planned tasks. Additionally,
the aforementioned methods require costly force sensors either in the end-effector or
the joints. To ensure the robotic manipulator can safely and reliably follow the planned
trajectory, constraints need to be imposed on the trajectory tracking performance. Fixed-
Time Control (FTC) [10–12] enables tracking errors convergence to near zero within a
predetermined fixed time, thereby providing faster convergence capability and better
transient performance. However, such control strategies are unable to directly specify the
tracking error of the trajectory. Currently, typical control methods for specifying tracking
error include Barrier Lyapunov Function (BLF)-based control and Prescribed Performance
Control (PPC) [13,14].

The control design methods based on the Barrier Lyapunov Function (BLF) effectively
handle constrained tracking errors. The core idea is that as the tracking error nears specific
boundary regions, the BLF value approaches infinity. By ensuring the boundedness of
BLF, the goal of limiting tracking errors can be attained [15]. However, the performance
of BLF-based methods inherently relies on explicit system models, which are often diffi-
cult to obtain in practical scenarios. Even for well-structured rigid robotic manipulators,
considerable parametric uncertainties may still arise [16]. To address these uncertainties,
additional function approximation mechanisms such as neural networks are typically in-
corporated [17]. In such approaches, a neural network is first used to approximate the
unknown system dynamics, and a BLF-based controller is subsequently designed on the
basis of the approximated model to enforce the required constraints [17–20]. Furthermore,
any modification to the BLF formulation within the Lyapunov function requires a complete
redesign of the controller together with the reestablishment of the closed-loop stability
conditions, which significantly limits the flexibility of BLF-based schemes.

In contrast to BLF-based control, the PPC-based control prescribe performance bound-
ary functions to ensure steady-state performance [14]. Therefore, the control problem of
constrained systems is transformed into the state-bounded stabilization control problem
of the unconstrained system after mapping. This method recently introduced by Greek
scholars Bechlioulis and Rovithakis [21]. Furthermore, by incorporating adaptive mecha-
nisms [22] or approximation frameworks [23,24], many enhanced variants of PPC have been
developed for a broad class of nonlinear systems, including robotic manipulators [24,25]
and aircraft systems [26,27]. These approaches, however, introduce additional structural
complexity due to the parameter learning and tuning procedures required by intelligent
control components, which significantly increases computational burden. To alleviate these
difficulties, several approximation-free and model-free PPC methods have been proposed
based on error transformation techniques [25,28]. Although these methods simplify the
controller design and reduce computational demand, they still require the redesign or
reselection of certain control parameters whenever a new task is assigned. This lack of
task-level adaptability limits their convenience and practicality in real robotic applications.
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Therefore, it is essential to design a model-free PPC controller that is both structurally
simple and robust.

The PPC control method imposes boundary functions on tracking errors, ensuring
that the controlled system’s tracking errors always remain within specified bounds [21].
In this study, manipulators executing geometric trajectories in spatially constrained environ-
ments with obstacles face restricted motion ranges. Fortunately, predefined performance
boundaries guarantee the manipulators operate safely within these constraints. Specifically,
by setting performance boundaries for trajectory tracking errors, the method prevents the
manipulators from exceeding the allowed spatial boundaries, thus mitigating collision
risks and ensuring the safety of both the manipulators and their surrounding environ-
ment. However, the principle for autonomously determining safe error boundaries within
PPC-based controllers to guarantee safe trajectory tracking is still lacking.

Based on the discussions above, this paper focuses on the issue of safe trajectory
tracking for robotic manipulators operating in confined and narrow spaces. By specifying
predefined safety boundaries for trajectory tracking errors, it guarantees the safety of
trajectory execution. The main contributions are as follows.

(i) This paper presents novel and robust model-free control method for robotic manipu-
lators to tackle the aforementioned challenge. By leveraging the potential robustness
of error transformation techniques, it eliminates the necessity for the robotic manipu-
lators’ model knowledge [29], thereby achieving model-free tracking control;

(ii) The proposed controller features a simple and implementation-friendly structure,
requiring neither adaptive techniques [30–34] nor approximation-based components
such as neural networks [35,36] or fuzzy logic systems [37,38]. This structural simplic-
ity makes the controller easier to tune, and highly suitable for practical deployment
on real robotic platforms.

(iii) This work introduces a unified safe trajectory tracking framework that couples mo-
tion planning with control through a Monte Carlo–based search of configuration-
dependent error bounds. This integration ensures safety at both the planning
and control layers, allowing the reference trajectory and its admissible error
bounds to be autonomously determined based on the geometric structure of the
surrounding environment.

The subsequent organization of the paper is as follows. Section 2 presents a common
system description for robotic manipulators and provides the problem to be addressed. In
Section 3, the method of solving the above problem is firstly introduced. Based on this,
Section 4 designs a controller. Then, in Section 5, the stability of the controller is proven.
Subsequently, in Section 6, the effectiveness of the designed control is validated through
trajectory tracking experiments with real robotic manipulators. Finally, Section 7 provides
conclusions and suggestions for future work.

2. System Description and Problem Formulation
2.1. System Description

Before proceeding with the problem formulation, it is essential to first describe the
system model of the research object. As in Ref. [39], the widely adopted dynamic model for
robotic manipulators can be expressed as follows:

M(q)q̈(t) + C(q, q̇)q̇(t) + N(q, q̇) + D(t) = τ(t) (1)

where q(t), q̇(t), q̈(t) ∈ Rn represent the vectors for joint angle, joint velocity, and joint
acceleration, respectively; M(q) ∈ Rn×n is the inertia matrix of robot; C(q, q̇) ∈ Rn×n is
the Coriolis and centripetal matrix; N(q, q̇) ∈ Rn includes gravity and other forces acting
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on the robot’s joints; D(t) ∈ Rn is the joint disturbance vector; τ(t) ∈ Rn is the joint torque
vector; and n is the number of joints in the robot. Considering the inherent characteristics
of the system and aiming to streamline subsequent stability analyses, we introduce the
following lemmas and assumptions.

Lemma 1 ([39]). The inertia matrix M(q) in the dynamics equation of system (1) is symmetric
and positive definite. Consequently, M(q)−1 is bounded.

Assumption 1 ([25,40]). The joint angles q(t) and joint angular velocities q̇(t) in system (1) are
bounded and measurable.

Assumption 2 ([23,25]). The disturbance D(t) in system (1) is bounded.

Assumption 3 ([41,42]). If q(t) and q̇(t) are bounded, then C(q, q̇) and N(q, q̇) are also bounded.

Assumption 4 ([17,18,25]). The reference trajectories qdj and their derivatives q̇dj, j = 1, . . . , n,
are bounded.

2.2. Problem Formulation

For the system described in Equation (1), the control objective is to ensure the sys-
tem’s output joint trajectory qj closely follow the planned reference joint trajectory qdj.
The tracking error is defined as

ej(t) = qj(t)− qdj(t), j = 1, · · · , n. (2)

To avoid collisions between the robot and surrounding obstacles during the execution
of planned trajectory in confined spaces, constraints required to be imposed on the trajectory
tracking error.

Based on the given system and assumptions, the specific problem to be investigated
can be summarized as follows.

Problem 1. Consider a robotic manipulator with unknown nonlinear dynamics operating in
confined spaces as described in Equation (1), the objective is to design a simple state feedback
controller that enables the system to track the reference trajectory with the specified error bounds w1j∣∣ej(t)

∣∣ ≤ w1j, t > 0, j = 1, · · · , n, (3)

where w1j are positive constants.

To address the above problem, our method integrates motion planning with control
design in a unified manner. The planning module generates a collision-free reference
trajectory together with admissible error bounds ej, while the control strategy ensures
that the tracking process strictly satisfies the constraint given in Equation (3) of Problem 1.
In the subsequent section, we provide a detailed description of the implementation of this
integrated methodology.

3. Method
3.1. Overview of Algorithm

The proposed safe trajectory tracking framework integrates motion planning and
control, where the tracking controller relies on the collision-free reference trajectory and
corresponding safety bounds obtained from the planning stage. Therefore, before detailing
the controller design, we provide an overview of the entire workflow, as shown in Figure 1.
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Figure 1. The workflow of the safe trajectory tracking in the confined space.

To begin with, the reference trajectory is generated by a motion planning algorithm
tailored to the task at hand. This requires specifying the start and goal configurations,
together with a geometric description of all obstacles in the environment. The planner
then computes a feasible, collision-free path in the configuration space (C-space), which is
subsequently parameterized into a joint-space trajectory.

For each waypoint along this trajectory, the Fast Collision Library (FCL) [43] is em-
ployed to evaluate the minimum distances between the manipulator and all surrounding
obstacles. Using these distance evaluations, a Monte Carlo–based search procedure is
executed along the planned trajectory to determine a set of safe error bounds, denoted
as w1j, j = 1, . . . , n. These bounds encode the allowable deviation of each joint from its
reference path and serve as a key input to the controller.

By enforcing these bounds during execution, the designed new controller ensures
that the manipulator remains within a provably safe tube around the reference trajectory,
thereby preventing potential collisions in confined environments.

In this framework, the Monte Carlo–based search procedure plays a pivotal role by
tightly integrating the motion planning stage with the control strategy, rather than treating
them as two independent processes. This unified mechanism enables the controller to adapt
its admissible tracking error bounds based on the geometric properties of the planned
trajectory and the proximity to obstacles. The detailed implementation of this procedure is
presented in the following subsection.

3.2. Monte Carlo–Based Search Procedure

To ensure safe trajectory tracking for the robotic manipulator, the proposed controller
defines constant tracking error bounds, denoted as w1j for each joint, ensuring the robot’s
motion remains within a predefined safe region. The computation of this safe region of
a reference trajectory, is complex. Even if this safe region is determined, calculating the
tracking errors directly from this region to each joint of the manipulator poses significant
challenges. Therefore, for practical applicability, the controller’s tracking error bounds are
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set as constant values. Prior to conducting subsequent tracking experiments, it is necessary
to determine these error bounds, w1j, j = 1, · · · , n. The proposed Monte Carlo-based search
strategy is shown as Figure 2. More specifically,

Figure 2. Workflow of the Monte Carlo search strategy.

(1) Identify the robot’s closest configuration qc to obstacles along the reference trajec-
tory. Using the FCL collision detection library, the reference trajectory is checked to locate
the configuration where the manipulator reaches its minimum clearance from surrounding
obstacles. This critical configuration serves as the starting point for safe-bound estimation.
It should be noted that performing collision checking along the entire trajectory is extremely
costly. To balance the accuracy of trajectory representation and computational efficiency,
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we use only the path nodes generated by the RRT tree as the candidate configurations for
collision checking. In addition, during the RRT construction, the collision information at
each checked node, namely the minimum distance to obstacles, is stored so that repeated
collision checks can be avoided.

(2) Compute the maximum non-colliding perturbation for each individual joint. From
configuration qc, each joint is independently perturbed within joint limits while ensuring
no collision occurs. The largest admissible perturbation for joint j, denoted em

j , j = 1, · · · , n,
is efficiently obtained using a bisection search. This value represents the collision-free
variation range for each joint relative to qc.

(3) Conduct Monte Carlo sampling within joint perturbation intervals to determine
w1j. Using the ranges [−em

j , em
j ], random perturbations are sampled to form perturbation

vectors ∆q. Each perturbed configuration qc + ∆q is collision-checked using FCL. Through
repeated sampling and checking, the collision-free perturbation intervals for all joints are
estimated. The search runs for a fixed duration of 5 s as default value, leading to the final
values of w1j.

(4) Improve conservativeness by repeating the search near qc. To enhance robustness,
the above procedure may be repeated for two or three configurations in the vicinity of
qc. The final bounds w1j are obtained by taking the intersection of the corresponding safe
perturbation intervals to ensure conservative safety guarantees.

4. Controller Design
To address the aforementioned problem, a state feedback controller has been designed.

First, define an error tuning function [44]

α(t) =

− 1
2 cos

(
π t

tu

)
+ 1

2 , t < tu

1, t ≥ tu
(4)

where tu > 0 is the design parameter. Through the above function, the error in Equation (2)
is modified as

λ1j(t) = α(t)ej(t), j = 1, · · · , n. (5)

Next, define the virtual control rate

θj(t) = −ajχj(t), j = 1, · · · , n (6)

where aj > 0 is the controller parameter, and

χj(t) = tan

(
πλ1j(t)

2w1j

)
. (7)

Using Equation (4) for angular velocity transformation, the transformed angular
velocity is represented as

λ2j(t) = α(t)q̇j(t)− θj(t) (8)

and is required to satisfy ∣∣λ2j(t)
∣∣ ≤ w2j, j = 1, · · · , n (9)

where w2j are positive constants.
Finally, design the control rate as

τ(t) = −cβ(t)δ(t) (10)
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where c = diagi∈j=1,...,n[ci], is a diagonal matrix with positive parameters,

β(t) =


β1(t)

. . .
βn(t)

, δ(t) =


δ1(t)

...
δn(t)

. (11)

Each element of β(t) and δ(t) are

β j(t) =
1

w2j cos2
(

πλ2j(t)
2w2j

) , j = 1, · · · , n, (12)

δj(t) = tan

(
πλ2j(t)

2w2j

)
, j = 1, · · · , n. (13)

The parameters aj and cj are selected to balance system performance and control effort.
Larger values accelerate the convergence of the angular position error λ1j and angular
velocity error λ2j to their prescribed bounds, but may also increase the control input τ

beyond practical limits. In particular, actuator saturation can cause significant discrepancies
between the commanded input τ and the actual control effort, and may even destabilize the
system. Parameter tuning should therefore ensure rapid error attenuation while respecting
the constraints imposed by bounded control inputs.

5. Stability Analysis
This section provides the stability analysis of the proposed controller. Before demon-

strating the stability of the control system, the following lemma is introduced.

Lemma 2. If χj(t) and λ̇1j(t) are bounded, and
∣∣λ1j(t)

∣∣ < w1j holds, then θ̇j(t) keeps bounded.

Proof. Differentiating χj(t) with respect to time based on Equation (7) gives

χ̇j(t) =
π

2
1

cos2
(

π
2

λ1j(t)
w1j

)( λ̇1j(t)
w1j

)
, j = 1, · · · , n. (14)

After that, differentiating Equation (6) and then substituting Equation (14) into it yields

θ̇j(t) = −aj
π

2
S−1

j (t)

(
λ̇1j(t)

w1j

)
, j = 1, · · · , n (15)

with
S−1

j (t) =
1

cos2
(

π
2

λ1j(t)
w1j

) . (16)

Discussing the boundedness of θ̇j in Equation (15). From Equation (7), it is evident
that when χj(t) is bounded and

∣∣λ1j(t)
∣∣ < w1j holds, S−1(t) in Equation (16) is bounded.

Therefore, once χj(t) and λ̇1j(t) are bounded, θ̇j(t) is also bounded. Therefore, Lemma 2
holds true, and the proof is completed.

Following the above lemmas, we will elaborate on the main results. The statement of
the fundamental theorem is as follows.

Theorem 1. In the context of the system described in Equation (1), if Assumptions 1–4 are satisfied,
then the proposed controller can address Problem 1.
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Proof. To validate the capability of the proposed controller in addressing Problem 1, it is
necessary to demonstrate that the transformed error consistently satisfies∣∣λij(t)

∣∣ < wij, i = 1, 2, j = 1, . . . , n, t ≥ 0. (17)

The validity of the above equation is demonstrated through a proof by contradiction.
Assuming that the conditions in Equation (17) are not initially satisfied at the time t = t f ,
then we obtain

lim
t→t−f

∣∣λij(t)
∣∣ = wij

(
t f

)
, ∃t f > 0, ∃i ∈ {1, 2}. (18)

According to Equations (6)–(8), it can be observed that∣∣λij(0)
∣∣ < wij, i = 1, 2, j = 1, . . . , n. (19)

Hence, from Equations (18) and (19), we can further derive∣∣λij(t)
∣∣ < wij, i = 1, 2, j = 1, . . . , n, t < t f . (20)

Analyzing all errors within the interval
[
0, t f

)
confirms the validity of Theorem 1.

For the sake of conciseness in subsequent analysis, we remove the time parameter t from
variables related to time.

Step 1: For the transformed errors λ1j, j = 1, · · · , n, the following Lyapunov function
is constructed

V1j =
1
π

χ2
j . (21)

Differentiating Equation (21), we obtain

V̇1j =
2
π

χjχ̇j. (22)

Substituting Equation (14) into Equation (22) yields

V̇1j =
1

w1j
χj

1

cos2
(

π
2

λ1j
w1j

) λ̇1j. (23)

Continuing with the calculation for λ̇1j, we derive the derivative of λ1j from
Equation (5) to obtain

λ̇1j = α̇
(

qj − qdj

)
+ αq̇j − αq̇dj, j = 1, · · · , n. (24)

Substituting Equations (6) and (8) into Equation (24) gives

λ̇1j = α̇
(

qj − qdj

)
− αq̇dj + λ2j − ajχj. (25)

Next, substituting Equation (25) into Equation (23), one has

V̇1j =
1

w1j
χj

1

cos2
(

π
2

λ1j
w1j

)(I1j − ajχj
)

(26)

where
I1j = α̇

(
qj − qdj

)
− αq̇dj + λ2j. (27)

https://doi.org/10.3390/sym18010002

https://doi.org/10.3390/sym18010002


Symmetry 2026, 18, 2 10 of 22

Now, let’s discuss the boundedness of I1j within the range t < t f . (1) From Equation (4),
it is evident that both α and α̇ are bounded; (2) According to Assumption 1, qj is bounded,

and Assumption 4 states that qdj and q̇dj are bounded. Therefore, α̇
(

qj − qdj

)
and αq̇dj are

bounded. (3) Within the range t < t f , χj is bounded, and we can infer that λ2j is bounded
from Equation (8).

Based on the above discussion and by the closure property of bounded sets under
finite summation, it is obvious that I1j is bounded. Therefore, there exists a positive constant
Ī1j that satisfies the following inequality∣∣I1j

∣∣ < Ī1j, t < t f . (28)

Injecting Equation (28) into Equation (26) gives

V̇1j ≤
1

w1j

1

cos2
(

π
2

λ1j
w1j

) |χj|
(

Ī1j − aj|χj|
)
. (29)

In Equation (29), it can be observed that in order to ensure V̇1j < 0 within the interval[
0, t f

)
, the following condition holds

∣∣χj
∣∣ > Ī1j

aj
, j = 1, · · · , n. (30)

On the other hand, it should be noted that when t = 0, according to Equation (5), we
have λ1j(0) = 0, which implies χj(0) = 0. Therefore, within the interval

[
0, t f

)
, there exists

∣∣χj
∣∣ ≤ Ī1j

aj
, j = 1, · · · , n. (31)

As evident from the contradiction between Equations (30) and (31), it can be inferred
that λ1j does not tend to w1j, j = 1, · · · , n. In other words, there always exists a positive
constant ∆1j > 0 such that∣∣λ1j

∣∣ < w1j − ∆1j < w1j, j = 1, · · · , n, t < t f . (32)

Step 2: For the transformed errors λ2j, j = 1, · · · , n, the following Lyapunov function
is constructed

V2(t) =
1
π

δT(t)δ(t). (33)

Differentiating Equation (33) yields

V̇2(t) =
2
π

δT(t)δ̇(t). (34)

Each element of δ̇(t) is calculated by differentiating Equation (13)

δ̇j =
π

2
β jλ̇2j (35)

where λ̇2j is obtained by differentiating λ2j from Equation (8)

λ̇2j = α̇q̇j + αq̈j − θ̇j. (36)
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Finally, substituting Equation (36) into Equation (35) produces

δ̇j =
π

2
β j
(
α̇q̇j + αq̈j − θ̇j

)
. (37)

Define the following vectors and matrix

λ2(t) = [λ21, · · · , λ2n]
T,

θ(t) = [θ1, · · · , θn]
T,

w2 = diag[w21, · · · , w2n]

(38)

Based on Equations (11) and (38), we transform Equation (37) into the following vector

δ̇ =
π

2
β
(
α̇q̇ + αq̈ − θ̇

)
. (39)

Substituting Equation (39) into Equation (34) generates

V̇2 = δTβ
(
α̇q̇ + αq̈ − θ̇

)
. (40)

Based on Equation (1), it can be obtained that

q̈ = Hτ − Hh (41)

where
H = M−1(q),

h = C(q, q̇)q̇(t) + N(q, q̇) + D(t).

Inserting Equation (41) into Equation (40) yields

V̇2 = δTβ(I2 + αHτ) (42)

where
I2 = α̇q̇ − θ̇− αHh. (43)

Discussing the boundedness of I2 within the interval
[
0, t f

)
. (1) Based on Equation (4),

it is evident that α̇ is bounded. Simultaneously, the sensed angular velocities q̇ are bounded,
hence α̇q̇ is bounded; (2) According to Lemma 2, θ̇ is bounded; (3) As shown in Lemma 1, H
is bounded. Based on Assumptions 1 to 3, h is also bounded. Therefore, αHh is bounded.

Given the discussion above, it is clear that I2 is bounded within the interval [0, t f ),
and there exists a positive constant Ī2 satisfying

∥I2∥ < Ī2, t < t f . (44)

Furthermore, according to Lemma 1, there exist two positive constants m and
m̄ satisfying

m∥q∥2 ≤ qTM−1q ≤ m∥q∥2. (45)

Introducing the control law from Equation (10) into Equation (42), we obtain

V̇2 = δTβI2 − cαδTβHβδ. (46)

Then, substituting Equations (44) and (45) into Equation (46), we get the follow-
ing inequality

V̇2 ≤ ∥βδ∥
(

I2 − cαm∥βδ∥
)
, t < t f . (47)
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To make V̇2 < 0, it should hold

α∥βδ∥ >
I2

cm
. (48)

When Equation (17) is not satisfied, Equation (18) holds. According to Equations (11)–(13),
it can been seen that

lim
t→t−f

α∥βδ∥ = ∞. (49)

From Equation (8), it is evident that λ2j(0) = 0. Substituting this result into
Equation (12) yields β j(0) = w−1

2j , and inserting it into Equation (13) gives δj(0) = 0.
Therefore, we have

α(0)∥β(0)δ(0)∥ = 0. (50)

According to Equations (49) and (50), along with the continuity of α|βδ|, it can be
deduced that

α∥βδ∥ <
I2

cm
, ∃0 < tr < t f . (51)

Therefore, from the contradictory results of Equations (48) and (51), it can be concluded
that λ2j will not approach w2j, j = 1, · · · , n, and there always exists ∆2j > 0 such that∣∣λ2j

∣∣ < w2j − ∆2j < w2j, j = 1, · · · , n, t < t f . (52)

Combine Equation (32) from step 1 with Equation (52) from step 2, and take into
account the continuity of λij, the following result is obtained that

lim
t→t f

∣∣λij(t)
∣∣ ≤ wij − ∆ij < wij, i = 1, 2, t < t f . (53)

As the result of Equation (53) contradicts the assumption in Equation (18), the assump-
tion is not valid. Therefore, |λij|, j = 1, 2, j = 1, · · · , n will not approach the predefined
errors wij throughout the entire range of t > 0.

Step 3: Following the conclusions drawn from the analyses in steps 1 and 2, we delve
into the boundedness of other signals within the closed-loop system. These findings affirm
that the outcomes detailed in Equations (7), (12) and (13) are bounded. Additionally, when
examining Equations (8) and (17), it becomes evident that velocities are bounded. Further-
more, both θj in Equation (6) and τ in Equation (10) exhibit bounded characteristics. As a
result, we can assert that all signals within the closed-loop system maintain boundedness.
This marks the successful validation of Theorem 1.

6. Experiments and Results
6.1. Experimental Setups

To validate the effectiveness of the proposed controller, the Baxter (Rethink Robotics
Inc., Boston, MA, USA), bimanual robotic manipulators, is employed as the controlled
object. Each manipulator consists of seven degrees of freedom, and each joint is equipped
with a Series Elastic Actuator (SEA) to provide flexibility for the manipulator, along with
an encoder to measure the joint’s angular position and velocity. The joint configuration
of the Baxter robotic manipulator closely resembles that of a human arm, comprising two
shoulder joints (S0 and S1), two elbow joints (E0 and E1), and three wrist joints (W0, W1,
and W2), as illustrated in Figure 3. The motion range and maximum velocity of each joint
are presented in Table 1. To assess the controller’s performance, the trajectory tracking
experiments for three distinct scenarios are considered.
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(a) (b)

Figure 3. Baxter robot. (a) Baxter dual-arm robot; (b) Baxter arm joints.

Table 1. Joint motion range and maximum velocity of each joint of the Baxter robotic manipulator.

Joint Min. Pos. (rad) Max. Pos. (rad) Max. Vel. (rad/s)

S0 −1.7016 1.7016 3.5
S1 −2.147 1.047 3.5
E0 −3.0541 3.0541 3.5
E1 −0.05 2.618 3.5
W0 −3.059 3.059 4.0
W1 −1.5707 2.094 4.0
W2 −3.059 3.059 4.0

6.2. Experimental Results

Case 1: Track sinusoidal trajectories in free space. This scenario validates the pro-
posed controller’s ability to achieve trajectory tracking for each joint within a specified
error bound. The right arm of the robotic manipulator operates in a obstacle-free environ-
ment, with the reference trajectories of all joints following sinusoidal curves. The initial
configuration of the right arm is set to qinit = [−0.27, 1.05,−0.001, 0.49,−0.08,−0.06, 0.03]T

rad, and the duration of all joint trajectories is 10 s. The reference trajectory and controller
parameters for each joint are presented in Table 2. After executing the trajectory, the robotic
manipulator returns to the initial configuration.

The controller parameters listed in the table above are applied to each joint, and the
tracking results of the reference trajectories are depicted in Figure 4. Upon completion of
the run, the robotic manipulator returns to its initial configuration, as shown in Figure 4a.
Figure 4b demonstrates that the designed controllers have successfully achieved angular po-
sition tracking for each joint. Simultaneously, the trajectory tracking error for each joint is il-
lustrated in Figure 5. It can be observed from these figures that the angular position tracking
errors ej for all joints remain within the specified error bounds of (−w1j, w1j), j = 1, . . . , 7,
which serves as a prerequisite for ensuring the safe motion of the robotic arm in con-
fined spaces.
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Table 2. Reference trajectory and controller parameters of each joint.

Joint w1j w2j aj cj Joint Trajectories

S0 0.05 3 15 35 sin
(

πt
5
)
− 0.27

S1 0.05 3.5 15 35 −1.5 sin(πt
10 ) + 1.05

E0 0.05 3.5 15 35 −1.5 sin(πt
5 )− 0.001

E1 0.05 3.5 10 30 0.3 sin(πt
5 ) + 0.49

W0 0.075 3.5 10 30 −1.5 sin(πt
5 )− 0.08

W1 0.05 3.5 15 30 1.4 sin(πt
5 )− 0.06

W2 0.075 3.5 10 15 1.7 sin(πt
5 ) + 0.03

(a) (b)

Figure 4. Case1: Sinusoidal trajectory tracking in the right arm’s free space. (a) Initial configuration;
(b) Tracking results.

(a) (b) (c) (d)

(e) (f) (g)

Figure 5. Case 1: Tracking errors of sinusoidal trajectories from joint S0 to W2.

Case 2: Collision-free trajectory tracking. In this scenario, we investigate trajec-
tory tracking within confined spaces. Initially, a constrained bookshelf environment is
established, as illustrated in Figure 6, with the robotic manipulator’s initial and target
configurations depicted in Figure 6a and 6b, respectively. For this environment, obstacle
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perception is achieved using a Kinect camera calibration in an eye-to-hand way, and then
environmental point clouds are converted into octrees for planning tasks [45]. Subsequently,
a sampling-based motion planning algorithm [7] is utilized to generate collision-free and
smooth joint trajectories, as shown in Figure 6c. The manipulator is required to transi-
tion between layers of the constrained bookshelf. The red trajectory at the end-effector is
obtained through forward kinematics calculation based on the planned joint trajectory.

(a) (b) (c)

Figure 6. Case 2: Collision-free trajectory tracking in confined spaces. (a) Initial configuration;
(b) Goal configuration; (c) Planned collision-free trajectory in workspace.

The proposed PPC controller is utilized to track the joint trajectories planned in
this scenario, focusing solely on the tracking results for joints S0 and E0 for conciseness.
Unless explicitly stated otherwise, all subsequent experiments adhere to the same trajectory
tracking requirements. Controller parameters for the two joints are specified as w11 = 0.033,
w21 = 2.5, a1 = 10, c1 = 37 and w13 = 0.024, w23 = 2.5, a3 = 10, c3 = 30. In our
experiments, we chose PID and Yiannis’s PPC [25] controllers for comparison, as both
are model-free controllers characterized by simple structures and have been validated
on real robotic platforms. The two controlles are employed to track identical reference
trajectories with PID controller parameters P1 = 700, I1 = 0.01, D1 = 0.01 and P3 = 4500,
I3 = 35, D3 = 1, and Yiannis’s PPC controller parameters Kq1 = 0.1, Ky1 = 0.1, Kq3 = 0.5,
and Ky3 = 0.4. The angular position error bounds are assigned the same value as in our
controller, with ρq∞1 = 0.033 and ρq∞3 = 0.024, while the angular velocity error bounds are
assigned with ρy∞1 = 0.5 and ρy∞3 = 0.3.

Figure 7 illustrates the tracking outcomes obtained with the proposed PPC controller.
In Figure 7a, we observe the angular position tracking for joints S0 and E0 utilizing the
proposed controller. As demonstrated in Figure 7b,c, the angular tracking errors of the two
joints consistently adhere to the predetermined safe error bounds. Consequently, the robotic
manipulator adeptly accomplishes trajectory tracking within the confined space without
safety concerns. In Figure 8a, we observe the results of trajectory tracking using the PID
controller. While this controller effectively achieves trajectory tracking, it lacks the capability
to accurately anticipate tracking performance beforehand. Notably, the angular tracking
errors for joints S0 and E0 exceed the specified safety error bounds in Figure 8b,c, indicating
potential collision risks. In contrast to the PID controller, the proposed controller ensures
that angular position tracking errors for all joints of the robotic manipulator consistently
remain within safe error bounds, thereby ensuring the safety of trajectory tracking. As
illustrated in Figure 9, the tracking results of Yiannis’s PPC controller for joints S0 and E0
exhibit a performance that is both similar to and comparable with that of our controller,
with all joint errors remaining within the defined safety error bounds. The tracking errors
of the three controllers, quantified using the root mean square tracking error (RMSTE)
metric and summarized in Table 3, show that the accuracy of the proposed PPC controller
is comparable to that of Yiannis’s PPC controller.
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(a) (b) (c)

Figure 7. Case 2: Experiment results of joints S0 and E0 using the proposed PPC controller.
(a) Angular position tracking. (b) Angular position tracking error of joint S0; (c) Angular position
tracking error of joint E0.

(a) (b) (c)

Figure 8. Case 2: Experiment results of joints S0 and E0 using the PID controller. (a) Angular position
tracking. (b) Angular position tracking error of joint S0; (c) Angular position tracking error of joint E0.

(a) (b) (c)

Figure 9. Case 2: Experiment results of joints S0 and E0 using the Yiannis’s PPC controller [25].
(a) Angular position tracking. (b) Angular position tracking error of joint S0; (c) Angular position
tracking error of joint E0.

Table 3. RMSTE of different controllers in Case 2.

Joint Proposed PPC PID Yiannis’s PPC

S0 0.0149 0.0202 0.0104
E0 0.0053 0.0151 0.0052

When the robotic manipulator tracks the reference trajectory using the proposed
controller, Figure 10 illustrates the state of the manipulator at certain time steps, indicating
its successful avoidance of collisions with the bookshelf during motion. From Figure 10d, it
can be observed that, the manipulator adopts a configuration where both the upper and
lower arms retract backward and fold to navigate through the confined space.

Case 3: Collision-free trajectory tracking with load. In this scenario, the manipulator
continues to follow the previously defined reference trajectory, and a 1.8 kg payload is
applied at the end-effector to simulate external disturbance, as illustrated in Figure 11. It is
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worth noting that the Baxter manipulator is designed to withstand a maximum payload of
2.2 kg at the wrist.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 10. Robot’s state at certain time steps during the trajectory execution process using the
proposed controller.

Figure 11. Case 3: Trajectory tracking with end-effector load.

Initially, we attempted to keep all the control parameters unchanged, and it was
observed that both the proposed controller and the PID controller continued to achieve
tracking of the reference trajectory. The joint tracking errors for both controllers are depicted
in Figure 12a,b. However, the proposed controller outperforms the PID controller in terms
of tracking accuracy (see Table 4). With the designed PPC controller, the joint tracking errors
consistently stay within the predefined bounds, as observed previously. When guided by
the proposed controller, the manipulator smoothly follows the reference trajectory without
any collisions with the surrounding objects. Conversely, when utilizing the PID controller,
the joint tracking errors exhibit noticeable fluctuations, exceeding the predetermined safety
thresholds. As a result, this results in instances where the manipulator, under PID control,
brushes against the bookshelf, as illustrated in Figure 13.
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(a) (b)

Figure 12. Case 3: Experiment results of joint S0 and E0 using the proposed controller, PID controller
and Yiannis’s PPC controller [25] with 1.8 kg load at the end-effector. (a) Tracking errors of joint S0
using the two controllers; (b) Tracking errors of joint E0 using the two controllers.

Table 4. RMSTE of different controllers in Case 3.

Joint Proposed PPC PID Yiannis’s PPC

S0 0.0169 0.0284 0.0093
E0 0.0100 0.0259 0.0065

Figure 13. Case 3: Local contact with the bookshelf during trajectory execution using the PID controller.

Figure 12a,b indicate that the variation in joint tracking errors is more gradual with the
designed controller, whereas the PID controller’s tracking errors oscillate due to external
load disturbances. Remarkably, even when faced with unpredictable external disruptions,
the proposed controller maintains joint trajectory tracking errors within the specified
bounds, ensuring safety in confined environments. Furthermore, the proposed controller’s
structure eliminates the need for additional adaptive techniques, such as neural networks
or fuzzy systems, simplifying the compensation for unknown disturbances.

When using the original control parameters, Yiannis’s PPC controller was unable to
complete the trajectory tracking task. Once the position error of any joint exceeded the
system-defined safety limit, for example 0.9 rad for the Baxter right E0 joint, the robot
automatically halted command execution through its safety mechanism. This made it
necessary to readjust the controller parameters.

This difficulty arises because Yiannis’s PPC controller relies directly on joint velocity
error bounds. These bounds are highly sensitive to measurement noise and external
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disturbances. Even small fluctuations in joint velocity can cause the velocity errors to
exceed their required limits, which then leads to position errors moving beyond their
admissible range. Several unsuccessful attempts to adjust the parameters, as shown in
Figures 14 and 15, further confirm this sensitivity and illustrate the challenges of stabilizing
the controller under changes in external loading.

Figure 14. Situation 1: Joint position and velocity errors under unsuccessful parameter-tuning
attempt.

Figure 15. Situation 2: Joint position and velocity errors under unsuccessful parameter-tuning
attempt.

To achieve safe operation under these conditions, the velocity error bounds and the
associated gains required careful and repeated tuning. After a considerable amount of
trial-and-error adjustments, the PPC parameters were finally set to Kq1 = 0.3, Ky1 = 0.5,
Kq3 = 0.7, Ky3 = 0.7, ρy∞1 = 0.7, ρy∞3 = 0.7, which allowed the robot to complete the safe
trajectory tracking task.

In contrast, the proposed controller does not depend on velocity-error feedback. This
feature gives it much stronger robustness to noise and significantly reduces the demand for
parameter tuning. The controller maintains stable and reliable tracking performance with-
out any retuning, even when the external load changes. As shown in Figure 12a,b together
with Table 4, the tracking accuracy of the proposed controller remains comparable to that
of Yiannis’s PPC controller while offering much better robustness and practical usability.
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7. Conclusions
In spatially constrained environments with obstacles, robotic manipulators face in-

herent risks of collision during trajectory execution. This paper addresses the problem
of constraining joint tracking errors and introduces a controller with a straightforward
structure that ensures each joint’s tracking error consistently remains within predefined
safe bounds. This control strategy enables safe execution along a reference trajectory even
under model uncertainties and unknown external disturbances. To determine safe error
bounds for joint trajectory tracking, we propose a Monte Carlo–based search strategy.
The controller further demonstrates robustness to external disturbances, owing to its in-
trinsic tuning function and error transformation techniques. Importantly, it does not rely
on velocity-error feedback, making its gains easy to tune and less sensitive to noise, which
significantly enhances its practical usability on real robotic systems. The effectiveness and
practicality of the proposed controller are validated through trajectory tracking experiments
on the Baxter robot across multiple scenarios, confirming its suitability and reliability for
real-world applications requiring safe and robust manipulation.

One evident limitation of the proposed controller is that the joint error bounds are
constant, primarily for the sake of simplification, given the complexity of searching for
collision-free bounds in high-dimensional joint spaces. In future work, designing efficient
search algorithms to determine joint error bounds that adapt in real time to spatial con-
straints will greatly broaden the applicability of the current controller (e.g., in environments
with dense obstacles or narrow pipelines). Nevertheless, integrating obstacle-avoidance
motion planning algorithms with the error bounds of PPC could provide new insights and
advancements for ensuring safe robotic operations.
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