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Adaptive Gain Nonlinear Observer for External Wrench Estimation in
Human-UAV Physical Interaction

Hussein N. Naser, Hashim A. Hashim, and Mojtaba Ahmadi

Abstract— This paper presents an Adaptive Gain Nonlin-
ear Observer (AGNO) for estimating the external interaction
wrench (forces and torques) in human-UAV physical interaction
for assistive payload transportation. The proposed AGNO uses
the full nonlinear dynamic model to achieve an accurate and
robust wrench estimation without relying on dedicated force-
torque sensors. A key feature of this approach is the explicit
consideration of the non-constant inertia matrix, which is
essential for aerial systems with asymmetric mass distribution
or shifting payloads. A comprehensive dynamic model of a
cooperative transportation system composed of two quadrotors
and a shared payload is derived, and the stability of the ob-
server is rigorously established using Lyapunov-based analysis.
Simulation results validate the effectiveness of the proposed
observer in enabling intuitive and safe human-UAV interac-
tion. Comparative evaluations demonstrate that the proposed
AGNO outperforms an Extended Kalman Filter (EKF) in terms
of estimation root mean square errors (RMSE), particularly
for torque estimation under nonlinear interaction conditions.
This approach reduces system weight and cost by eliminating
additional sensing hardware, enhancing practical feasibility.

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) are increasingly inte-
grated into human workspaces, necessitating intuitive and
safe human-UAV interaction [1]. Physical interaction, where
humans directly apply forces to UAVs for guidance, offers a
promising paradigm for collaborative manipulation and assis-
tive technologies [2]. Accurate measurements or estimations
of human-applied forces are fundamental for intuitive and
responsive systems [3].

Traditionally, interaction forces are measured using dedi-
cated force-torque sensors [4]. However, these sensors add
considerable weight that reduces payload capacity and flight
endurance, especially for small to medium-sized UAVs [5],
increase system complexity and cost due to calibration and
protection requirements [6], and limit interaction flexibility
while remaining vulnerable to damage during collisions [7].
These limitations motivate research into estimating interac-
tion forces without direct measurement [7]. Force estimation
methods utilize the system’s existing state measurements and
dynamic model to infer applied forces, offering a more ele-
gant and practical solution [8]. Estimation approaches elimi-
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nate additional sensors, reducing weight and complexity, and
allow interaction at any point on the UAV. They depend on
existing navigation sensors (IMU, position tracking) and can
be implemented as software modules, making them adaptable
and cost-effective [2].

A. Related Work

Physical human-robot interaction has been extensively
studied for manipulators and humanoid robots, with
impedance control being a foundational framework [9]. Ex-
tending these paradigms to aerial vehicles presents unique
challenges due to their underactuated nature, inherent insta-
bility, and safety concerns [10]. Early work demonstrated
physical guidance of the quadrotors [11]. Recent advances
focus on intuitive and safe interaction, expanding appli-
cations to collaborative payload transportation and aerial
manipulation [2,3,12].

Given the limitations of direct force sensing, researchers
have explored various estimation methods. Kalman filter-
based approaches, including linear Kalman filters and their
nonlinear variants, have been applied for force estimation;
however, they face challenges with the nonlinearity of the
UAV, linearization errors, increased computational complex-
ity, and the need for careful tuning of noise covariance
matrices [13-15]. Concurrently, data-driven machine learn-
ing approaches have emerged for force estimation, capable
of handling complex nonlinearities; however, they demand
extensive training data, exhibit limited generalization, and
impose high computational demands on small UAVs. In
addition, their ”black box” nature complicates theoretical
guarantees on performance and stability [16—18]. In contrast,
nonlinear observer approaches directly incorporate system
nonlinear dynamics without approximation, demonstrating
superior performance during rapid force changes and im-
proved robustness to model uncertainties. These observers
handle nonlinearity naturally, adapt better to uncertainties,
and provide robust and accurate estimates without heavy
dependence on noise covariance tuning. This makes them
well suited for estimating external interaction wrenches in
dynamic human-UAV interaction scenarios for cooperative
payload transportation [8,19-22].

Inspired by the advantages of nonlinear observers, this pa-
per proposes an Adaptive Gain Nonlinear Observer (AGNO)
to estimate the external interaction wrench for assistive
cooperative aerial payload transportation. This work aims
to advance human-UAV physical interaction, enabling more
intuitive, safe, and accessible interaction paradigms without
specialized force sensing hardware.
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B. Contributions

This paper makes several significant contributions to the
field of human-UAV physical interaction:

1) A detailed dynamic model derivation for an assistive
cooperative aerial payload transportation system, con-
sisting of two quadrotors rigidly attached to a beam-
shaped payload.

2) An adaptive gain nonlinear observer (AGNO) is pro-
posed for estimating external interaction forces and
torques.

3) An explicit analysis of a non-constant inertial matrix
is provided, critical for aerial systems with asymmetric
mass distribution or shifting payloads.

4) A rigorous stability analysis using Lyapunov theory
establishes guarantees on the observer’s convergence
and robustness properties.

5) A benchmark validation of the proposed AGNO is
benchmarked against an EKF, demonstrating a lower
RMSE and a superior torque estimation under nonlin-
ear interaction conditions.

This paper is structured as follows: Section II details the
system modeling and control allocation and strategy. Sec-
tion III introduces the proposed nonlinear observer design.
Section IV presents a comprehensive stability analysis, with
a specific focus on non-constant inertial matrices. Section V
discusses the simulation results. Finally, Section VI provides
the conclusions of this work.

II. METHODOLOGY

A. System Overview and Problem Formulation

This work presents a cooperative aerial system for intuitive
human-guided payload transportation. Two quadrotor UAVs
are rigidly connected to a shared payload, enabling a human
operator to guide the assembly through 3D space via direct
physical interaction. To achieve this, we develop detailed
dynamic models for each component and an integrated model
for the unified system. Human interaction forces are then
estimated using a nonlinear observer, which is detailed in
the following section.

B. Reference Frames and Notation

The reference coordinate frames to describe the dynamics
of the system are defined to have a world-inertial frame that
is denoted as W; = {O, X, Y, Z}, while a body-fixed frame
B, = {0p, 2p,Yp, 2zp} is attached to the payload’s center of
mass (CoM). Each quadrotor is also associated with its own
body-fixed frame Q; = {o;,z;,y;,2;}, for j = 1,2. All
coordinate systems are defined such that their positive z-axis
points upward. The position of the quadrotor j in the inertial
frame is represented by p; = [z;,y;, zj]T. The angular
velocities expressed in the body-fixed frame are given by
w = [p,q,7]", and the orientation of the system is described
using Euler angles & = [¢,6,7]". The rotation matrix R(¢)
maps vectors from the body-fixed frame to the inertial frame.

Fig. 1.

Free body diagram of the system components.

The relationship between angular rates w and Euler angle
rates ¢ is given by [2]:

@) 0 —s(0)
w=0Ks oK =0 1 s |, @
s(0) 0 c(¢)c(f)
where s(-) and ¢(-) represent sin(-) and cos(-), respectively.

C. The Payload Dynamics

From the Free Body Diagram of the system in I, the dy-
namic model of the payload with position p, = [, Yy, 2p] |,
is:

mpjjp = (fl + f2) - mpgé,

Ipw = (1 + p2) + (s1 % f1) 4 (s2 X fa) —w x [pw,

2
where m,, denotes the mass of the payload, I, denotes
the inertia matrix, p, is the translational acceleration, é =
[0,0,1]" is a unit vector on z-axis, g is the gravity, fi, fo,
w1, and po denote the forces and torques exerted by the
quadrotors on the payload, respectively, and s; and sy are
position vectors from payload CoM to the quadrotors’ CoM.

D. The Quadrotor Dynamics

The translational and rotational dynamics of each quadro-
tor according to the Newton-Euler formalism are as follows:
my,;Dg; = BTy e — fj —mg; gé,

Iqu =Ty

3)

—pj —w X Iy w,

where my; is the mass of the j'" quadrotor, I, is the inertia

matrix, p,; is the translational acceleration, w is the angular
acceleration, f; and p; are internal forces and torques, 7},
and 7, = [7,,7j,,7;,) denote the total thrust and the
moment vector of the ;' quadrotor, respectively. These
control inputs are derived from the rotor thrusts as:

1 1 1 1 F;

qu _ 0 T 0 T Fj

|:qu:|_ —-r 0 r 0 Fjs|’ @)
o —o o —o] |
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where F); = ktSJi is the force generated by each rotor and
k; is the thrust constant, S;; is the rotor angular speed, o =
km /Ky is a ratio of constants, k,, is the constant of the drag
moment, which is given as 7;; = ky, 5?2 and r is the arm

ji>
length of the ;% quadrotor.

E. The Integrated System Dynamics

Referring to the Free Body Diagram in Figure 1, the fol-
lowing assumptions are necessary for the modeling purposes
of the integrated aerial payload transportation system.

Assumption 1: The system comprises three rigid compo-
nents (two identical quadrotors and one payload) rigidly
connected, each with specific specifications and physical
characteristics.

Assumption 2: The payload is a hollow tube with mass
myp, length L,, and radius 7.

Assumption 3: x-axis and y-axis in the body-fixed refer-
ence frame are the symmetry axes of the system.

The dynamics model of the integrated system, with p =
[z,y,2]T is the position of its CoM measured in the inertial
reference frame, is derived by combining the dynamics in
(2) and (3), as follows:

mp = RTé —mgeé + fes,

) %)
Iw=717—wxIw+ M.,

where m = mg, +m,, +m,, represents the total mass of the
system, [ represents the diagonal matrix of the total moment
of inertia, f., € R® and M., € R? are the force and torque
of the human external interaction, respectively, and 7', 7 are
the total thrust and moments of the system coming from the
two quadrotors.

F. Control Architecture

While the main focus of this work is the estimation of
the external interaction wrenches, a brief description of the
control architecture is given below, for more details on the
controller design and its stability analysis, see [2,23]. A
illustrated in Figure 2, the control architecture integrates
adaptive backstepping control for position stabilization, Non-
singular Fast Terminal Sliding Mode Control (NFTSMC) for
robust attitude corrections, and an admittance controller for

Outer Loop‘
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Fig. 2. Control system architecture.

natural human-robot interaction. This ensures reliable trajec-
tory tracking, payload stabilization, and responsive human-
guided operation. The admittance controller introduces com-
pliance, allowing the UAV to respond adaptively to human-
applied forces based on force estimations, enabling precise
payload handling [11].

The control allocation between the total control signals
and the j*" quadrotor control input is derived as follows:

T
L_} = T'ug, (6)

where u, € R? is the control input vector of both quadrotors:

.
ug = [Tgy, 11, T12, T13, Tgy, T21, To2, 23] ', @)

and I' € R**8 is a constant matrix that can be constructed
depending on the configuration of the integrated system:

1 000 1 00O

s 10 0 s(2) 100
T=1_g) 01 0 =s51) 0 1 0o/ ®
0 0 0 1 0 0 0 1

Since the system in (6) is underdetermined, the solution is
optimized by minimizing a cost function J(u,):
uy = arg min{f}HTdes, Tdes]T =Tu,}, 9)

where the cost function is:

I= Zdﬂf

where d;; are positive constants. Equations (9) and (10) can
be combined and reformulated as J = ||Ou,||3 where:

0= \/diag(dn, dy2,d13,d14, do1, do2, das, d24) (11)

An optimal control allocation is then computed using the
matrices in (8) and (11) and utilizing the Moore-Penrose
pseudoinverse (1):

uy = o~ HTro
=07 r(ro—*r’-

]2 J1 + dJS J2 + d]4 js* (10)

— 1)+ [Tdes Tdes] T
9

1 [Tdes Tdes]T

s .

)

(12)

This strategy ensures an optimal distribution of control
efforts.
III. THE PROPOSED NONLINEAR OBSERVER DESIGN

For the estimation of the external interaction wrench, we
express the dynamic model (5) in the inertial frame in terms
of Euler angles as follows:

mp = R(g)Té - mgé + fe:m
J()E§ =71 — Cr(§,6)§ + Mea,
where R(€) is the rotation matrix, 77 = R(&)7, Cp(€,€)

represents Coriolis and centrifugal terms, and it is given as
follows:

Cr(&,€)6 = TO(E,E + [0(6)€]

(13)

[Je(8)¢], (4
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where ©(¢, €) is the time derivative of the matrix in (1), []«
represents the skew symmetric matrix, and J(&) is the inertia
tensor, which explicitly depends on the attitude £ such that:

Juu Ji2 Ji3
J(E)=0()TI0) = |Ju Jro Jas (15)
J31 J32 J33

where the internal components of the matrix J () in (15) are
given as follows:

Jig = Ly cos?0+ I, sin? 6

Ji2 =0

Jis = (I, — Ip) cos ¢psin 6 cos 6

J21 = Ji2

Jaz = Iyy

Jog = Iy sing

J31 = Ji3

J32 = Ja3

Ja3 = I, cos® ¢psin® 0 + I, cos® ¢ cos? 0 + Iy, sin? ¢

(16)
The explicit dependence of J(£) on & is a key aspect of
the model, accounting for asymmetric mass distributions and
varying payloads that are common in practical aerial system
applications.
The dynamic model in (13) can be expressed in a com-
pact form to develop a unified expression for the external
interaction wrench:

Ter = M(n)n + C(n, 77)77 +G+ A(n)u (17)

where T., = [f.},, M."]T is the external interaction wrench,
n = [p",&"]" is the generalized configuration vector,
u = [T,7]]7 is the control input vector, M(n) € R6*¢

is the positive definite inertia matrix, C(n,7n) € R%6 is
the Coriolis matrix, G € R® is the gravity vector and
A(n) € RS** is the matrix of the control input coefficients.
These matrices are given as follows:

_|mIzx3  Ozxs - mgé
.\ |03x3  0O3x3 _ |[-R(m)é  O3x3
(C(Thn) o |:03><3 Cr(nvn):l ’ A(T}) o |: 03><1 _R((1778)):| ’

where 1,,x, and 0,x., are identity and zero matrices, re-
spectively.
A. The Proposed Nonlinear Observer

Based on (17), a nonlinear observer is proposed to estimate
the external interaction wrench as follows:

Tez = B(’I], 77) (Tez - Tez),
— B, 1) e + Bn, 1) (M) + Cln, i)

+G+ A(n)u),

(19)
where T., = [f.,,M.)]T € RS represents the wrench
estimation and B(7,7) € R5%6 is a matrix to be designed

to guarantee the observer convergence. Assuming Tep = 0
for slowly varying physical interaction wrench, the observer
estimation error and its dynamics become:

€= Tcx - Tcma

€= TEI - TEI? . (20)
= —B(% n)(TEI - Tem);
= —B(n,n)e = e+ B(nn)e=0.

This error dynamics in (20) shows that the asymptotic
stability of the observer can be guaranteed by an appropriate
design of the matrix B(n, 7).

B. Acceleration-Free Implementation

A practical challenge in implementing the proposed ob-
server is the requirement for acceleration measurements (7j),
particularly the angular acceleration (£), which is typically
not directly available from standard sensor suites. To address

this issue, we define an auxiliary vector as follows:

§ = Tew — A(). @1
Differentiating (21) with respect to time and rearranging:
i . A(7r
T, =4+ 220, 22)
on
Substituting (21) and (22) into (19) results in the following.
- OA(n) .. . . .
5+%ﬂn=—Mmm®+AWD+B@m)

(M + .01 + G + Almu). - @3)
To eliminate the acceleration term, we choose:
OA(n)

on
Substituting (24) into (23) and rearranging result in the
acceleration-free observer dynamics (25):

5 =—B(n,7)0+B(n,1)(Cn,0)i+ G+ Aln)u — A®)),
P]Arew = 9 + A(n)

B(n, 7)M(n). (24)

(25)
For practical implementation, we select A(r) = k7, which
implies that:

B(n,n) = kM, (26)

where k£ > 0 is the observer gain. This design results in
a computationally efficient observer that does not require
acceleration measurements, making it suitable for implemen-
tation on the aerial platforms with typical sensor configura-
tions.

IV. STABILITY, CONVERGENCE, AND ROBUSTNESS
ANALYSIS
A. Stability Analysis for Observer Design

Stability analysis of nonlinear observers is theoretically
challenging and typically relies on Lyapunov methods to
prove convergence without explicit solutions. While systems
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with constant inertia allow relatively straightforward anal-
ysis, UAV platforms with varying payloads or asymmetric
mass distributions introduce time-varying inertial matrices
that complicate this process. Nikoobin and Haghighi [21]
addressed this issue for robotic manipulators by explicitly
accounting for inertia variation in their Lyapunov analysis.

B. Assumptions and Preliminaries

Before proceeding with the stability analysis, we make the
following assumptions.

Assumption 4: The external interaction wrench will not be
rapidly varying during the physical interaction between the
aerial platform and the human operator, so that (T,, = 0)
holds true.

Assumption 5: The angular velocities in the roll and pitch
directions are kept bounded during the payload transportation
mission.

Assumption 6: The inertia tensor J(n) is positive definite
and bounded for all attainable attitudes in 7.

Assumption 7: The rate of change of the inertia tensor is
bounded, i.e., |./(1))| <~y for some positive constant .
These assumptions are reasonable for typical human-UAV
interaction scenarios and provide the foundation for our
stability analysis.

C. Lyapunov Stability Analysis

Theorem 1: Consider the nonlinear estimator of the ex-

ternal interaction wrench in (25) and let Assumptions 4 to
7 hold, the design of B(£,€) in (26) ensures asymptotic
stability of the error dynamics in (20) in the sense of
Lyapunov such that 'ﬂ‘er — T, over time.
Proof: Let V.(e,n) = e M(n)e be a Lyapunov function
candidate. This function is positive definite since the inertia
matrix M(n) is positive definite. Taking the time derivative
and substituting B(n,7) = kM~1(¢) yields:

V. = ¢ M(n)e + e M(n)e + e M(n)e,
= —¢TBT (5, i)M(n)e + ¢ M(n)e — ¢ Mm)B(, i)e,
= —2ke e+ e M(n)e.
27)
The term eTM(n)e in (27) represents the effect of the time-
varying inertial matrix. To ensure stability, we need to show

that V,(e,n) < 0 for all e # 0. The term e’ M(n)e can be
bounded following that:

le"M(n)e| < lef*|M(n)], (28)

where |M(n)| represents the matrix norm of M(n). From
the structure of the inertia matrix M(#) in (18), its time
derivative is given as:

o= [0 ]

Given Assumption 5, we have |J(n)| < 7, which implies
[M(n)| < ~, therefore:

(29)

le"M(n)e| < 7le|?, (30)

The result in (30) gives us:

Ve(e,n) < —2k[e* +qlel* = =2k —y)le*, (31

For stability, we need V,(e,7) < 0, which is satisfied when:

2k > . (32)

The condition in (32) provides a design guideline for se-
lecting the observer gain k. It should be chosen such that
k > ~/2, where ~ is the bound on the rate of change of the
inertia tensor.

D. Convergence Properties

When the condition 2k > - is satisfied, the error dynamics
is asymptotically stable, meaning that lim; . e(t) = 0.
This implies that the estimated interaction wrench ']Tex con-
verges to the actual interaction wrench T., over time. The
convergence rate is determined by the eigenvalues of the
matrix B(n,7). For our design with B(n,7) = kM~1(n),
the convergence rate is characterized by the time constant 7,
such that:

1 _ Amaz (M(n))
EXmin(M=1(n)) k ,

where Apin(+) and A () denote the minimum and max-
imum eigenvalues, respectively. This analysis shows that
higher values of k lead to faster convergence, but there is
a trade-off with noise sensitivity. In practice, the gain k
should be chosen to balance the convergence speed and the
robustness to measurement noise.

(33)

Te =

E. Robustness Analysis

In practical scenarios, the system model may contain
uncertainties and external disturbances. Let us denote the
actual system dynamics as follows:

where A(n,7n) represents the combined effect of model
uncertainties and external disturbances. According to (34),
the observer error dynamics in (20) now becomes:

e = —B(’I], 77)6 + Teaz - B(V% U)A(’?a 77)7
= 7]3(77’ 77)6 - 3(777 U)A(Wa 7])

Since (T., = 0 according to Assumption 4. Using the
Lyapunov function in (27), the time derivative becomes:

(35)

Vole,n) = —2ke e+ e M(n)e — 2ke " A(n,n).  (36)

Assuming bounded A(n,7), for some constants £ > 0 i.e.,
[[A(n,7)|| < e, it can be shown that the observer error
remains bounded, with the bound depending on the mag-
nitude of this term. This robustness analysis demonstrates
that the proposed nonlinear observer maintains bounded
estimation errors even in the presence of model uncertainties
and external disturbances, a critical property for practical
implementation in real-world human-UAV interaction sce-
narios.

16540



F. Adaptive Gain Design

To further improve the performance of the nonlinear
observer, an adaptive gain design is proposed such that:

B(n,7n) = K(n,7)M™(n),

where K(7,7) is a positive definite gain matrix that adapts
based on the system state such that:

K(n,1) = kolsxe + k1||0|Isx6 + k2||M(n)|Isx6,

where ko, k1, k2 > 0 are scalar gains and | - || denotes the
norm of a vector or a matrix. This adaptive gain design
ensures that:

(37

(38)

1) The observer gain increases with higher velocities,
providing faster convergence during dynamic motions.

2) The observer gain adapts to changes in the inertial
properties, maintaining stability across different con-
figurations.

3) A minimum gain kg ensures that basic stability prop-
erties are maintained at all times.

G. Integration with Control Frameworks

The estimated interaction wrench ']Tw is fed to the admit-
tance controller to generate the reference trajectories for the
aerial platform as follows:

Ma(ﬁd - "77") + Ba(ﬁd - nr) + Ka(nd - nr) = ﬁ‘eza (39)

where 74 is the desired trajectory (position and attitude), 7,
is the reference trajectory generated by the admittance con-
troller based on Tex, and M,, B,, K, are the virtual inertia,
damping, and stiffness matrices that define the interaction
behavior. This admittance control framework allows the UAV
to respond compliantly to the human-applied forces, creating
an intuitive interaction experience.

V. SIMULATION RESULTS AND DISCUSSION
A. Simulation Setup

The aerial cooperative payload transportation system, fea-
turing two quadrotors to lift and transport the payload in
response to the human-applied guidance. The system and
AGNO observer were simulated using MATLAB (2024b).
The integrated system was modeled as a single aerial vehicle
with parameters detailed in Table I.

B. Simulation Results

During simulation, the system successfully lifted and
transported the payload in response to human guidance. It
followed complex 3D trajectories while maintaining stable
tracking and attitude control, with initial errors rapidly
converged to zero due to accurate estimation of the applied
forces and torques, as shown in Figure 3. The arrows indi-
cate the magnitude and direction of the external interaction
forces and torques that guided the payload from the initial
position to the final destination.

The proposed AGNO demonstrated precise estimations
of the external interaction wrenches, with force and torque
errors approaching zero, as shown in Figures 4 and 5. The

TABLE I
SYSTEM AND OBSERVER PARAMETERS.

[ Symbol | Definition i Value/Unit |
m Total mass 3.9/kg
Ly, Payload length 2/m
g Gravitational acceleration 9.81/m/s?
Ty Moment of inertia in X-axis 3.227/kg m?
Lyy Moment of inertia in y-axis 0.061/kg m?
1., Moment of inertia in z-axis 3.277/kg m?
ko Observer gain 0.78/—
k1 Observer gain 0.3/—
ko Observer gain 0.35/—
T Maximum UAV thrust 35/N
ts Control timestep 0.01/s
M, Virtual inertial matrix 0.95L,, xn /kg
B, Virtual damping 1.540,, %, /N s/m
Ka Virtual spring 0L, % n /N s/m

estimated and actual wrenches are closely aligned across
all axes, confirming the observer’s effectiveness in capturing
the interaction dynamics. Combined with admittance control,
this enables natural and stable human-UAV physical collab-
oration.

Figure 5 further quantifies this performance over the 70-
seconds simulation. Low estimation errors were maintained
during rapid initialization (0-2 seconds), direction reversals
(8-12 seconds), bidirectional motion (32-36 seconds), and
coupled force-torque interactions (43-56 seconds), highlight-
ing the robustness of the proposed observer under highly
nonlinear dynamics and interaction conditions. This elim-
inates the need for bulky and expensive force sensors,
reducing system weight and cost, and enabling natural and
intuitive human-UAV physical interaction at any point of
contact.

To benchmark the performance of the proposed AGNO,
an Extended Kalman Filter (EKF) was implemented under

Final destination

Fig. 3. The simulation environment; MATLAB simulation of the aerial
payload transport system’s motion following human guidance in 3D space
as depicted by the arrows (magnitudes and directions).
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the same conditions. Although the EKF provided reasonable
force estimation during smooth motion, its performance
degraded significantly during rapid direction changes and
coupled force-torque interactions, particularly in torque esti-
mation, where the limitations of model linearization became
evident. Quantitatively, the proposed AGNO outperformed
the EKF in terms of RMSE for both force and torque estima-
tion. In particular, it achieved RMSE values of (0.020, 0.011,
0.012, and 0.012) compared to (0.027, 0.014, 0.032, and
0.095) for the EKF in estimating the external forces along
the (z,y,z) directions and the torque around the z-axis,
respectively, as shown in Figure 5. These results demonstrate
the advantage of the proposed AGNO in handling the strong
nonlinearities of the system dynamics without relying on
local linearization, resulting in more reliable and accurate
wrench estimation than the EKF.

VI. CONCLUSION

This paper presented an Adaptive Gain Nonlinear Ob-
server (AGNO) for estimating the external interaction wrench
in human-UAV physical interaction. By explicitly accounting
for the time-varying inertial matrix, the proposed AGNO

External Forces/Torques Estimation

L’_/\;/Lf‘f\‘vf“\_/

z, \ /’\ /\/ o
g L | |

M., [N

Fig. 4. The actual and estimated forces in (z, y, z) directions and torque
around z axis.

External Forces/Torques Estimation Errors
T T T T T

———AGNO (RSE00

EKF (RMSE-0021)

10 0 0 0

RGNO (TSF

ERE (RMSE-D014)

—— G0 [
EKP__(RMSE-

Fig. 5. Estimation errors of the external interaction forces in (z,y, z)
directions and torque around z axis.

maintains high estimation accuracy during dynamic maneu-
vers and payload variations. The Lyapunov-based analysis
provided theoretical guarantees of convergence and robust-
ness. Benchmarking against an Extended Kalman Filter
(EKF) demonstrated that the proposed AGNO achieved lower
RMSE values in force estimation and a superior torque
estimation, particularly under highly nonlinear interaction
conditions where EKF performance degrades due to lin-
earization. The proposed method enables intuitive and safe
interaction without force-torque sensors, reducing system
weight, cost, and complexity while preserving system perfor-
mance. This approach supports advanced applications such
as collaborative aerial transportation and manipulation.
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