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Abstract—Accurate tracking control of robotic manipulators
often requires reliable velocity measurements and precise knowl-
edge of system dynamics. However, in practice, joint velocity
sensors are either unavailable or prone to noise, and exact
robot dynamics may not always be known. To address these
challenges, especially when the robot trajectories are required
to adhere to prescribed safety constraints, in this paper, we
propose a neural network (NN)-based adaptive observer and
controller framework that relies solely on joint position feedback
for an n-link robotic manipulator. To this end, we develop an
adaptive observer with a custom online weight-tuning law to
estimate the joint velocities of the robotic system. Using the
estimated states, we design a tracking controller that learns the
robot dynamics online and captures the model nonlinearities.
Using the proposed closed-loop observer–controller system, we
derive sufficient conditions based on control-barrier function
(CBF) that guarantee system trajectories respect prescribed
safety constraints, thereby ensuring safe robotic operation. We
include numerical simulations on a two-link robotic manipulator
system to validate the effectiveness of the proposed controller.

I. INTRODUCTION

The importance of safety in robotic manipulators has grown
significantly with their deployment in human-centric envi-
ronments such as collaborative manufacturing, medical assis-
tance, and service robotics [1]. Various different controllers
schemes, including adaptive NN-based controllers, have been
proposed in the literature for both regulation and tracking
tasks [2], [3]. Beyond achieving precise trajectory tracking,
manipulators must operate within prescribed safe envelopes
of joint position and velocity limits to prevent accidents in
such human-robot interaction scenarios. To address these chal-
lenges, safety-critical control frameworks have been developed
in the literature, among which control barrier functions (CBFs)
have emerged as an effective tool for guaranteeing forward
invariance of safe sets in safety-critical systems [4]–[6].

CBFs define safety through inequality constraints on the
system state [7], [8]. Standard CBF formulations, however,
rely on accurate system dynamics. To address system uncer-
tainties and safety, several extensions have been proposed,
including robust, learning-based, and adaptive CBF methods
[9]–[11]. Robust CBFs handle uncertainty via worst-case
bounds and are often conservative [9]. Learning-based ap-
proaches relax modeling requirements by approximating CBF
dynamics from data, however typically require large offline
datasets and face scalability issues [10], [12]. Adaptive CBF
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methods enforce safety online [13], but commonly assume
linear-in-the-parameters (LIP) uncertainty structures and are
mainly demonstrated on regulation tasks. Moreover, most
existing approaches require full state measurements, which
limits their applicability in practical robotic systems.

In robotic manipulators, accurate velocity information is
essential for feedback control. When direct velocity measure-
ments are unavailable, finite-difference estimators based on
position data are commonly used, but they amplify sensor
noise and are unsuitable for safety-critical applications [14].
This has motivated observer-based approaches for enforcing
safety under partial or noisy state measurements. In such
frameworks, observers reconstruct unmeasured states and the
CBF constraints are modified to account for estimation errors,
ensuring system safety despite imperfect information. For
instance, [15] combines an input-to-state stable (ISS) observer
with CBFs to guarantee forward invariance under known
bounded estimation error assumptions.

Several observer-based CBF frameworks have been pro-
posed to address safety under state estimation uncertainty.
In [16], function approximation is used to model observer-
induced uncertainties, combined with an adaptive CBF for
control design. An extended state observer (ESO) is employed
in [17] to estimate both states and disturbances, which are
incorporated into a robust CBF-based quadratic program.
Disturbance-observer-based approaches in [18], [19] further
reduce conservatism by parameterizing CBF constraints using
observer estimates. More recently, [11] integrates an adaptive
deep neural network with CBFs and a state-derivative esti-
mator to handle system uncertainties; however, the resulting
CBF depends on known bounds of the drift dynamics and is
limited to regulation tasks. While these methods demonstrate
the feasibility of observer–CBF designs, they often rely on
specific uncertainty structures or LIP assumptions, leaving
open challenges for the task in robotic manipulators.

To address this gap, we introduced a safe human-in-the-
loop neural network controller trained offline for robotic
manipulators [20] and an adaptive state-constrained online
neural network controller [21] with safety guarantees estab-
lished through CBF–based torques, while assuming full state
measurements. In this paper, we build on them and propose a
combined observer-controller architecture for controlling robot
manipulators to follow a desired trajectory while adaptively
satisfying safety requirements represented as state-constraints.
The primary contributions of this paper are threefold : (i) De-
sign of a lightweight functional link neural network (FLNN)-
based observer with a novel weight tuning law, to estimate the
unknown system velocities. Unlike recent approaches [15]–
[17], the FLNN formulation avoids stringent assumptions,
like LIP or prior bounds on drift terms. (ii) Development



of an online NN-based controller that captures the complex
nonlinearities of the robot dynamics and ensures trajectory
tracking while simultaneously enforcing both joint position
and velocity constraints through a unified CBF. (iii) Analytical
safety guarantees via safe-set invariance with adaptive torque
control of the novel combined observer-controller framework.

Notations: We use standard mathematical notations. We use
the Euclidean norm for vectors and for a matrix A = [aij ],
∥A∥F denotes its Frobenius norm. Throughout, ‘hat’, “(̂·)”,
denotes estimated quantities, ‘tilde’, “(̃·)”, denotes estimation
errors, and the subscripts “o” and “c” refer to observer- and
controller-related variables, respectively.

II. PROBLEM FORMULATION

Consider an n-link robot manipulator with dynamics ex-
pressed in the Euler-Lagrange form [3] as

M(q(t))q̈(t)+Vm(q(t), q̇(t))q̇(t)

+G(q(t)) + F (q̇(t)) + τd(t) = τ(t), (1)

with q(t), q̇(t) ∈ Rn representing the joint position and ve-
locity vectors, M(q(t)), Vm(q(t), q̇(t)), G(q(t)), and F (q̇(t))
representing the inertia matrix, the coriolis/centripetal force,
the effect of gravity, and the friction force acting on the
robotic arm, respectively. Bounded unknown disturbances,
e.g., unstructured/unmodeled dynamics, are denoted by τd(t)
and τ(t) is the control torque. Note that only q(t) can be
measured in this scenario.

It is well known that (i) M(q(t)) is a positive definite
symmetric matrix bounded by m1I ≤M(q(t)) ≤ m2I , where
m1,m2 are known positive constants, (ii) ∥Vm(q(t), q̇(t))∥ ≤
vb(q(t))∥q̇(t)∥ with vb(q(t)) ∈ C1(S), where S is a compact
simply connected set of Rn and C1 is the set of all contin-
uously differentiable functions from Rn to R, and (iii) the
matrix Ṁ(q(t))− 2Vm(q(t), q̇(t)) is skew-symmetric [3].

Assumption 1. The desired trajectory qd(t) and its derivatives
are bounded by a known real constant Qd, i.e.,

∥[qTd (t) q̇Td (t) q̈Td (t)]
T ∥ ≤ Qd. (2)

Furthermore, the desired trajectories should be a feasible
trajectory for the given robotic system, i.e., (qd(t), q̇d(t))
should be a solution to the dynamics given in (1).

Assumption 2. The disturbance term τd is bounded by a
known real constant, i.e., ∥τd∥ ≤ bd.

These standard assumptions are essential and guarantee
existence of a tracking control torque for the robotic system.

Assumption 3. The inertia matrix M(q(t)) is known.

Control Objective: Let qd(t) ∈ Rn be a desired joint
trajectory. The control objective is to design τ(t) such that
q(t) satisfies limt→∞ ∥q(t)−qd(t)∥ = 0, while simultaneously
respecting the safety constraints ∥qs(t) − q(t)∥ ≤ ϵM and
∥q̇s(t)− q̇(t)∥ ≤ ϵM for all t ≥ 0, where qs(t), q̇s(t) ∈ Rn are
the prescribed safe joint position and velocity trajectories, and
ϵM > 0 is a tolerance margin. The variable qs(t) represents

the prescribed safe joint trajectory around which a tolerance
band of width 2ϵM is defined. Note that the threshold ϵM
may differ between the joint position and velocity constraints.
However, for simplicity of exposition, a common threshold is
adopted throughout this work.

Remark 1. The defined safety constraints spans two represen-
tative cases as detailed in [21]: (Case i) When qs(t) = qd(t).
(Case ii) When qs(t) is constant.

Next, we present our NN-based solution to the control
design problem that meets all the objectives.

III. MAIN RESULTS

The proposed observer–controller framework is illustrated
in Fig. 1. It uses two neural networks, both adaptively updated,
one as the observer and the other for designing the feedback
controller. The detailed designs of the NN-based observer and
controller are presented in the following subsections.

A. Design of FLNN-based Observer

Denoting state variables x1(t) = q(t), x2(t) = q̇(t), the
robot dynamics (1) can be written as

ẋ1(t) = x2(t),

ẋ2(t) = ho(x1(t), x2(t))−M−1(x1(t))τd(t)+

M−1(x1(t))τ(t), (3)

where y(t) = x1(t) is the measured output and ho(x1(t), x2(t))
is given by

ho(x1(t), x2(t)) = −M−1(x1(t)){Vm(x1(t), x2(t))x2(t)

+F (x2(t))+G(x1(t))}. (4)

To design an observer, under the standard smoothness and
boundedness assumptions commonly applied to the robot
dynamics, the unknown nonlinear function ho(x1(t), x2(t))
can be approximated with an FLNN. Alternatively, there exists
some constant ideal weight matrix Wo ∈ RNo×n and sufficient
number No of input basis function [3] such that

ho(x1(t), x2(t)) =WT
o (t)σo(x1(t), x2(t)) + ϵo(x1(t), x2(t)),

(5)

where ∥ϵo(x1(t), x2(t))∥ ≤ ϵo,M is the approximation error
and σo(x1(t), x2(t)) ∈ RNo is the basis or activation function.

Assumption 4. The ideal weight matrix of the FLNN, Wo, is
bounded by known positive constants, i.e., ∥W∥o ≤ ZWo .

Defining the the estimated states x̂1(t), x̂2(t), the functional
estimate of (5) is given by

ĥo(x̂1(t), x̂2(t)) = ŴT
o (t)σo(x̂1(t), x̂2(t)), (6)

where Ŵo is the estimated NN weight matrix tuned online
(described later).
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Fig. 1. Block Diagram of the proposed observer-controller framework.

Using the estimated function (6), the proposed FLNN-based
observer has the form

˙̂z1(t) =x̂2(t) + kDx̃1(t)

˙̂z2(t) =Ŵoσo(x̂1(t), x̂2(t))−M−1τd(t)+

k0Ix̃1(t) +M−1τ(t), (7)

where x̃1 = x1 − x̂1 is the output estimation error, kp > 0
and kD > 0 are design parameters (observer gains), and

k0 =(
kpkD∥x̃1∥+

√
No(ZWo

+ ∥Ŵo∥) + (ϵo,M + ζo,M ) + ∥e∥
2
√
kpkD(∥x̃1∥2 + ν)

)2

,

(8)

ζo,M > 0 is a disturbance bound. Using the observed states
from (8), the system state estimates are can be computed as

x̂1(t) = ẑ1(t),

x̂2(t) = ẑ2(t) + kpx̃1(t), (9)

Using (7), the state estimation dynamics can be rewritten as
˙̂x1(t) = x̂2(t) + kDx̃1(t),

˙̂x2(t) = ˙̂z2(t) + kp ˙̃x1(t) = Ŵoσo(x̂1(t), x̂2(t))−M−1τd(t)

+ k0Ix̃1(t) +M−1τ(t) + kp ˙̃x1(t). (10)

Defining the observer errors x̃1 = x1 − x̂1 and x̃2 = x2 − x̂2,
by subtracting (10) from (3), the observer error dynamics can
be rewritten as

˙̃x1(t) =x̃2(t)− kDx̃1(t),

˙̃x2(t) =W
T
o σo(x1(t), x2(t))− ŴT

o σo(x̂1(t), x̂2(t))−
k0Ix̃1(t)− kp ˙̃x1(t) + ϵo(x(t)). (11)

Adding and subtracting WT
o σo(x̂) yields ˙̃x1(t) = x̃2(t) −

kDx̃1(t), ˙̃x2(t) = W̃T
o σo(x̂1(t), x̂2(t))−k0Ix̃1(t)−kp ˙̃x1(t)+

wo(x(t), x̂(t)) + ϵo(x(t)), where W̃ = W − Ŵ is the FLNN
weight estimation error and wo(x, x̂) = WT

o {σo(x1, x2) −
σo(x̂1, x̂2)}. With simple algebraic manipulation, the observer
dynamics can be expressed as

˙̃x1 = x̃2 − kDx̃1,

˙̃x2 = −kpx̃2 − (k0 − kpkD)x̃1 + W̃T
o σo(x̂1, x̂2)+

ϵo(x) + wo(x, x̂). (12)

Remark 2. The disturbance function wo(x, x̂) is bounded by
∥wo(x, x̂)∥ ≤ ζo,M , with ζo,M > 0.

The design of the safe set is presented below.

B. Design of Safe Sets

Given the desired trajectory qd(t), the tracking error and the
filtered tracking error [3] are respectively defined as e(t) =
qd(t)− x1(t) and r̂(t) = ˙̂e(t) + Λe(t), where Λ = αI, α > 0
is a positive definite design matrix.

First, we design the safe set in terms of the joint position
and velocity constraints as

Sq, ˙̂q = {(x1(t), x̂2(t)) : ∥qs(t)− x1(t)∥ ≤ αmax,

∥q̇s(t)− x̂2(t)∥ ≤ αmax}. (13)

Based on this, we define two auxiliary sets in the error space
and the filtered-error space, as

Se, ˙̂e = {(e(t), ˙̂e(t)) : ∥e(t)∥ ≤ |αmax − ∥qs(t)− qd(t)∥|L∞

= E1, ∥ė(t)∥ ≤ |αmax − ∥q̇s(t)− ˙̂qd(t)∥|L∞ = E2},
(14)

Sr̂ = {r̂(t) = ˙̂e(t) + Λe(t) : ∥r̂(t)∥ ≤ MR −Mr}, (15)

where R = [MR −Mr], with MR = min{σmax(Λ)E1, E2}
and Mr = min{∥Λe(t)∥, ∥ ˙̂e(t)∥}. Next, we derive the rela-
tionships between these safe sets in the following theorem.

Theorem 1. (i) Consider the sets Sq, ˙̂q , Se, ˙̂e, and Sr̂ defined
by (13)-(15). Let δv , δq , and ϵM be positive constants such that
∥q̇s(t)− ˙̂qd(t)∥ < δv and ∥qs(t)−qd(t)∥ < δq for all t ∈ R≥t0 .
Choose δv < αmax and δq < αmax, then if r̂(t) ∈ Sr̂, then it
follows that (e(t), ˙̂e(t)) ∈ Se, ˙̂e and (x1(t), x̂2(t)) ∈ Sq, ˙̂q for
all t ∈ R≥t0 . (ii) If a point (x1(t), x̂2(t)) ∈ ∂Sq, ˙̂q , then the
corresponding r̂(t) ∈ ∂Sr̂, where ∂(·) denotes the boundary
of a set.

Proof. Refer to [21].

Remark 3. Theorem 1 shows that safety with respect to Sr̂

implies safety with respect to Se, ˙̂e and, consequently, Sq, ˙̂q [21].
Through the boundedness of both the estimated velocity states
and the weight errors, it follows that the actual velocities are
also bounded.



We enforce safety constraints on the joint position and
velocity estimation errors. These constraints are given by

Sx̃1 = {x̃1 : ∥x̃1∥ ≤ ϵmax}, Sx̃2 = {x̃2 : ∥x̃2∥ ≤ ϵmax}.
(16)

Safety restrictions are also imposed on the FLNN-based
observer and NN-based controller weight errors so that they
remain confined within predefined bounds given by

SW̃o
= {W̃o : ∥W̃o∥ ≤ ZW̃o

}, (17)

SW̃c,Ṽc
= {(W̃c, Ṽc) : ∥W̃c∥ ≤ ZW̃c

, ∥Ṽc∥ ≤ ZṼc
}. (18)

C. Safe NN-based Output Feedback Controller Design

Differentiating r̂(t) and using (1), the filtered tracking error
dynamics are obtained as

M ˙̂r(t) = −Vmr̂(t)− τ(t) + f(ξ(t)) + τd(t), (19)

where the unknown nonlinearities

f(ξ(t)) =M(x1(t))(q̈d(t) + Λ ˙̂e(t)) + Vm(x1(t), x̂2(t))(q̇d(t)

+ Λe(t)) +G(x1(t)) + F (x̂2(t)), (20)

with ξ(t) = [eT (t) ˙̂eT (t) qTd (t) q̇
T
d (t) q̈

T
d (t)]

T . Under the
standard smoothness and boundedness assumptions commonly
applied to the robot dynamics, the unknown nonlinear function
f(ξ(t)) can be approximated with a DNN [3] as

f̂(ξ(t)) = ŴT
c σc(V̂

T
c ξ(t)), (21)

with V̂c(t) and Ŵc(t) denoting the estimated values of the
ideal NN weights Vc and Wc respectively. Then f(ξ(t)) =
f̂(ξ(t))− ϵc(ξ) with ϵc(ξ) denoting the reconstruction error.

Assumption 5. The ideal weight matrices of the NN-based
controller, Vc and Wc, are bounded by known positive con-
stants, i.e., ∥Vc∥ ≤ ZVc and ∥Wc∥ ≤ ZWc . Define Zc =[
Wc 0
0 Vc

]
. Then, ∥Zc∥ ≤ ZM .

The control torque is then defined as

τ(t) = ŴT
c σc(V̂

T
c ξ(t)) +Kv r̂(t)− vc(t), (22)

with gain matrix Kv = KT
v > 0 and vc(t) is a user-defined

function that provides robustness against uncertainties [3]. The
update rules to adapt the weights Ŵc, V̂c online and the closed-
loop analysis of the controlled system have been reported in
the literature [3].

Next we design the control torques and, using Theorem 1
and CBF, formally show that the system satisfies the safety
constraints. The following lemma is needed for the same.

Lemma 1. The error dynamics in (19) with the control (22)
can be written as

M ˙̂r(t) =− (Kv + Vm)r̂(t) + W̃T
c (t)(σ̂c − σ̂′

cV̂
T
c (t)ξ(t))

+ ŴT
c (t)σ̂′

cṼ
T
c (t)ξ(t) + wc(t) + vc(t), (23)

where wc(t) = W̃c(t)σ̂
′
cV

T
c (t)ξ(t) +WT

c (t)O(Ṽ T
c (t)ξ(t))2 +

(ϵc + τd(t)), with σ̂c = σc(V̂
T
c ξ(t)), σ̂

′
c is its derivative

and O(.) denotes higher order terms of Ṽ T
c (t)ξ(t). Ad-

ditionally, wc(t) satisfies∥wc(t)∥ ≤ C0 + C1∥Z̃c(t)∥F +
C2∥Z̃c(t)∥F ∥r̂(t)∥, where C0, C1, and C2 are known positive
constants.

Proof. Refer to [3].
The main results are presented in the following theorem.

Theorem 2. Consider the robotic manipulator system in (1).
Let qd(t) be the desired trajectory, defined in Assumption 1.
Suppose the FLNN-based observer given by (12) is used for
estimating the unknown joint velocities of the manipulator. Let
the weight tuning law for the FLNN be given by

˙̂
Wo = Fo(κoA− Ŵo), (24)

where Fo = FT
o > 0 is a design matrix, A is a No × n

matrix with entries 1, and κ0 > ZWo
is a design parameter.

Let the weight matrices Wc, Vc for the NN-based controller
be updated using

˙̂
Wc = Fcσ̂cr̂

T − Fcσ̂
′
cV̂

T
c ξr̂

T − κcFc∥r̂∥Ŵc, (25)
˙̂
Vc = Gcξ(σ̂

′T
c Ŵcr̂)

T − κcGc∥r̂∥V̂c, (26)

where Fc = FT
c > 0, Gc = GT

c > 0 are design parameter
matrices and κc > 0 is a scalar design parameter. Let the
control torque be given by (22) with

vc(t) = −KZ(∥Ẑc∥F + ZWc
)r̂−

[
κ(ZWc+

C1
κ )2

4 + C0]√
δ + ∥r̂∥2

− e− ψ2
B

δ + ∥r̂∥2
r̂, (27)

where Kz > C2 with C0, C1, C2 defined as in Lemma 1,
ZM as in Assumption 5 and B,ψB is defined as in Remark
4. Let the Assumptions 1-5 hold and Sr̂ be defined as in (15),
Sx̃1 , Sx̃2 and SW̃o

as defined in (16)-(17). Define α to be
an extended K∞-class function. Then there exists a ZCBF
H(x̃1(t), x̃2(t), r̂(t), Ŵo(t), W̃c(t), Ṽc(t)) with respect to safe
set Sx̃1

× Sx̃2
× Sr̂ × SW̃o

× SW̃c,Ṽc
and satisfying Ḣ(·) ≥

−α(H(·)), which ensures the online safety of the system.
Correspondingly, the set Sq, ˙̂q is forward-invariant, meaning
that if (x1(t0), x̂2(t0)) ∈ Sq, ˙̂q , then (x1(t), x̂2(t)) ∈ Sq, ˙̂q for
all t ∈ R≥t0 . Furthermore, (x1(t), x2(t)) also remain in their
bounded safe set Sq,q̇ = {x1(t), x2(t)) : ∥qs(t) − x1(t)∥ ≤
αmax, ∥q̇s(t)− x2(t)∥ ≤ ϵmax + αmax}.

Proof. Refer to Appendix.

Remark 4. The FLNN-based observer in (12) employs a
novel weight tuning law (24) that differs from classical
NN-based observer adaptations [22] and is specifically de-
signed to guarantee CBF-based safety of the closed-loop
robot–observer–controller system. From (24), we can obtain
the dynamics of the FLNN weight estimation error as follows
˙̃Wo = −Fo(W̃o − B), where B is a bias matrix, with
∥B∥ < 4ψB , where ψB is a positive design parameter such
that ψB > ZB + κ0

√
N0n.



Remark 5. The safety constraint on the actual joint velocities
depends on the state estimation error, which is governed by
the observer reconstruction error and can be made arbitrarily
small through appropriate selection of the FLNN size and
design parameters, as established in Theorem 2.

IV. SIMULATIONS

The proposed method is validated on a planar two-link
rigid robotic manipulator governed by (1). The system pa-
rameters are chosen as l1 = l2 = 1 m, m1 = 0.8 kg, and
m2 = 2.3 kg. We choose qd(t) = [20 sin(0.5t), 10 sin(t)]T ,
with controller gains Kv = diag{20, 20}, F = diag{10, 10},
G = diag{12, 12}, F0 = I , κ0 = 6 and Λ = diag{5, 5}.
The NN weights for both the observer and controller are
initialized to zero, and the FLNN observer input is selected as
[q̃T ; q̂T ; ˙̂qT ; |q̃|; |q̂|]T . The initial joint positions and velocities
are set to q(0) = [0.1, 0.1]T and q̇(0) = [10, 10]T , respectively,
with a constant disturbance τd = 0.01.

We draw comparisons between a classical NN-based con-
troller (baseline) without the safety constraints [3], which
requires full state knowledge of the system, and our com-
bined observer-controller framework proposed in Theorem
2. We choose case (b) as the representative example and
define the safe set as Sq, ˙̂q = {(x1(t), x̂2(t)) : ∥x1(t) −
qs(t)∥ ≤ 20, ∥x̂2(t) − q̇s(t)∥ ≤ 13.5}, where qs(t) and
q̇s(t) are defined as qs(t) = maxt(qd(t))+mint(qd(t)))

2 and
q̇s(t) = maxt(q̇d(t))+mint(q̇d(t)))

2 and correspondingly, Se, ˙̂e =

{(e(t), ˙̂e(t)) : ∥e(t)∥ ≤ 1, ∥ ˙̂e(t)∥ ≤ 5}. As shown in
Fig. 2, although the classical NN controller (orange) tracks
the desired position trajectory, the resulting velocities violate
the safe set Sq, ˙̂q , leading to corresponding violations of the
error constraints Se, ˙̂e in Fig. 3. In contrast, applying the
control law in Theorem 2 (Fig. 4, bottom panel) ensures that
(x1(t), x̂2(t)) ∈ Sq, ˙̂q and (e(t), ˙̂e(t)) ∈ Se, ˙̂e for all time,
thereby guaranteeing safety constraint satisfaction.

Fig. 2. Comparisons of the positions (left) and velocities (right) for joint 1 as
generated using the two controllers. Green shade denotes safe and red shade
denotes unsafe regions.

Further, Fig. 4 shows that the torque profiles of the classical
NN controller, which does not account for safety, and the
proposed observer–controller framework in Theorem 2 are
comparable. Importantly, with a similar level of control effort,

Fig. 3. Comparisons of the position (left) and velocity (right) errors for joint
1 as generated using the two controllers. Green shade denotes safe and red
shade denotes unsafe regions.

the proposed controller additionally ensures satisfaction of the
safety constraints.

Fig. 4. Comparisons of the torques for the classical NN-based controller (top
panel),and using Theorem 2 (bottom panel).

V. CONCLUSIONS

This paper presents a safety-aware, online NN-based ob-
server–controller framework for robotic manipulators operat-
ing under joint position and velocity constraints. By defining a
safe set in the filtered tracking error space, the tracking control
problem is reformulated as a regulation task. The proposed on-
line adaptive controller integrates CBF constraints into the NN
adaptation law, ensuring that safety requirements are satisfied
while maintaining accurate tracking performance. Numerical
simulations validate the effectiveness of the framework, and
future efforts will focus on hardware implementation and
extension to more complex robotic systems.
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APPENDIX

Proof Sketch of Theorem 2: (Note that, due to page con-
straints, only a proof sketch specifying the CBF function and
the associated α-function is presented. This result holds under
the properties and assumptions of the robotic manipulator
system stated in the paper.)

Let

H1 =
1

2
{(k0ϵ2max − k0x̃

T
1 x̃1) + (ϵ2max − x̃T2 x̃2)

+ (σmax(F
−1
o )Z2

W̃o
− tr(W̃T

o F
−1
o W̃o))}, (28)

H2 =
1

2
{(E2

1 − eT e) + (σmax(M)R2 − r̂TMr̂)

+ (σmax(F
−1
c )Z2

W̃c
− tr(W̃T

c F
−1
c W̃c))+

(σmax(G
−1
c )Z2

Ṽc
− tr(Ṽ T

c G
−1
c Ṽc)) (29)

Taking the time derivative of H1 and substituting the observer
error dynamics in (12) together with the FLNN weight-
tuning law ˙̃Wo = −Fo(W̃o − B), straightforward algebraic
manipulations yield

Ḣ1 ≥ 2
√
kDkpk0∥x̃1∥∥x̃2∥ − kpkD∥x̃2∥∥x̃1∥−√

No∥x̃2∥∥W̃o∥F − ∥x̃2∥(ϵO,M + ζO,M )− ∥B∥2F
4

. (30)

Similarly, differentiating H2 and using (23), (25)–(26), and
the control law (22) with vc(t) in (27), we obtain

Ḣ2 ≥ eT x̃2 + ψ2
B (31)

Adding (30) and (31), and performing algebraic manipula-
tions, we have Ḣ ≥ 0. Choosing α(H) = H , which is a valid
k∞-class function, we have Ḣ ≥ −α(H). Therefore, H is a
CBF on Sx̃1

× Sx̃2
× Sr̂ × SW̃o

× SW̃c,Ṽc
, and the individual

sets are forward invariant. Theorem 1 guarantees that forward
invariance of Sr̂ implies forward invariance of Sq, ˙̂q . We now
show forward invariance of Sq,q̇ . Since ∥x̂2−x2∥ ≤ ϵmax and
∥q̇s(t)− x̂2∥ ≤ αmax, ∥q̇s(t)− x2∥ ≤ αmax + ϵmax,∀t ≥ t0.
Therefore, Sq,q̇ is forward invariant.
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