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Abstract

Robots have found widespread applications across industrial and service domains, making reliable collision detec-
tion increasingly important for safe human-robot collaboration. This paper presents a collision-detection method
based on a Speed-Adaptive Nonlinear Gain Momentum Observer (SNGMO). The proposed framework integrates
an enhanced Stribeck friction model, velocity-dependent observer gain scheduling, and a time-varying threshold to
address dynamic-model uncertainty, low-speed friction disturbances, and the trade-off between residual suppression
and collision response. First, the Stribeck model incorporates load-dependent and wear-related parameter variations
to represent friction changes associated with operating load and equivalent wear state. Second, the SNGMO adjusts
its natural frequency, gain, and damping according to joint velocity, increasing bandwidth at higher speeds for
faster disturbance tracking while reducing bandwidth and increasing damping at low speeds and during direction
reversals to suppress residual fluctuations and measurement noise. Finally, the threshold is adjusted online using
motion-state and model-uncertainty information to distinguish external collisions from internal residual variations.
The wear-related component was evaluated through representative parameter-drift simulations, and the complete
method was experimentally validated on a URSe robot. Under the evaluated conditions, the SNGMO achieved
mean detection delays of 26.4-28.7 ms and reduced the average joint-wise collision-free residual root mean square
by approximately 53% relative to the conventional GMO. These results indicate improved residual suppression and
collision-response performance under the tested conditions.

1. Introduction

The advancement of industrial automation has established robots as vital components across critical
domains, including industrial manufacturing [1], service applications [2, 3], and healthcare [4]. During
task execution, robots inevitably interact with humans and their unstructured environments. This interac-
tion is particularly consequential in industrial settings, where robots are frequently deployed for handling
heavy components due to their substantial load-bearing capacity. Consequently, unexpected collisions
or a loss of control can lead to severe safety incidents or equipment damage [5]. Therefore, achiev-
ing highly sensitive and reliable collision detection is paramount for enhancing safety in human-robot
collaboration and remains a significant research direction in robot control.

Current research on robotic collision safety primarily falls into two categories. The first involves
active control methods based on interactive compliance adjustment, such as Variable Impedance Control
(VIC) [6]. This technique improves environmental adaptability by dynamically adjusting the robot’s
stiffness and damping in real time during compliant interactions. For instance, Dai et al. [7] proposed
a minimal-model VIC scheme employing a passivity preservation mechanism to ensure stable perfor-
mance in flexible-joint robots. However, the response of active compliant control to sudden collisions
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relies on environmental modeling, which may exhibit lag under complex conditions and cannot substi-
tute for a dedicated, rapid collision detection mechanism. The second category encompasses collision
detection methods based on internal robot body information, which identify collisions by detecting
abrupt changes in signals such as joint torque, velocity, current, or energy [8]. These methods can be
further divided into those relying on external sensors (e.g., vision [9], force/torque [10], or tactile sen-
sors [11]) and those operating without external sensors [12—16]. While external sensors directly monitor
the interaction state, finding suitable mounting locations within compact joint spaces or under demand-
ing operational conditions is challenging, often limiting their effectiveness to specific scenarios [17].
In contrast, sensorless collision detection methods require no modification to the robot’s mechanical
structure, offering a low-cost and highly reliable solution for safe human—robot collaboration [18].

Among sensorless approaches, one direct method is to monitor abrupt changes in joint motor current
[19]. This method, however, is susceptible to interference from factors like joint reversal, leading to a
high false alarm rate. Another mainstream approach is the Generalized Momentum Observer (GMO),
which estimates external torques by calculating the residual between actual and estimated generalized
momentum [20]. Although the GMO has a simple structure and is easy to deploy, its performance heavily
depends on the accuracy of the dynamic model. Specifically, during low-speed reversals, friction nonlin-
earities can cause residual spikes, leading to significant observer output even without a collision and thus
compromising accuracy. A fixed high gain may amplify measurement noise, while a fixed low gain can
exacerbate phase lag, hindering real-time force detection. To mitigate these trade-offs, Wahrburg et al.
[21] proposed an interacting Kalman filter that integrates momentum to estimate both momentum and
external collision torques, though with increased computational complexity and continued reliance on
model accuracy. Zhou et al. [22] proposed a finite-time nonlinear extended state momentum observer
(FTNESMO) that achieves finite-time convergence of observation errors. While bandpass filters and
time-varying thresholds were incorporated to address noise and model uncertainty, torque spikes during
low-speed reversals may persist. This body of research indicates that GMOs, owing to their versatility
and relatively low cost, are a focal point in academia. Nevertheless, their performance is still constrained
by dependencies on accurate dynamic modeling, sensitivity to friction, and computational demands.

Learning-based estimation, model-error compensation, and adaptive thresholds have been widely
investigated to improve sensorless robot collision detection [23-28]. Zhang et al. [23] developed a
BPNN-based external joint-torque estimator, while Park et al. [24] proposed learning-based collision
detection methods using support vector machines and convolutional neural networks; both approaches
rely on offline training data. Birjandi et al. [25] attributed modeling errors mainly to inertia param-
eter deviations and used a Luenberger-style observer for compensation, but this approach neglects
the nonlinear variation of friction coefficients, reducing robustness at low speeds. Li et al. [26] pro-
posed a Nonlinear Extended State Momentum Observer (NESMO) using fractional power functions and
variable damping to suppress initial peaks, combined with an offline-adapted time-varying threshold.
A limitation of this approach is the simplification of Coriolis/centrifugal terms into lumped distur-
bances, which under high-speed or highly nonlinear friction conditions can increase detection delays
and false-alarm rates. Pangestu et al. [27] combined momentum-observer-based contact-force estima-
tion with a time-varying threshold for force-feedback motion planning of a climbing robot. Huang et al.
[28] dynamically suppressed friction uncertainties via a velocity-partitioned constraint compensation
strategy, which, however, requires collision-free data for calibration and may have limited adaptabil-
ity under substantially different friction conditions. In summary, existing collision detection methods
exhibit three primary limitations: (1) GMOs struggle to balance noise suppression with fast response;
(2) modeling errors in low-speed joint friction lead to false positives and negatives; and (3) collision
thresholds cannot dynamically adapt to evolving operational conditions and friction characteristics.

To address these issues, this paper systematically enhances robotic collision detection accuracy by
designing the proposed SNGMO integrated with a dynamic threshold mechanism. First, to improve
fundamental model accuracy, key enhancements are made to the traditional Stribeck model by intro-
ducing a wear state variable and an operational load factor. This dynamic friction model is designed
to represent variations in joint friction parameters associated with operating load and equivalent wear
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state, thereby reducing friction-related modeling errors. Building upon this friction model, the SNGMO
employs a joint-velocity-dependent gain-scheduling mechanism. At higher speeds, the observer natural
frequency and gain increase to improve bandwidth and disturbance tracking. At low speeds and during
direction reversals, the gain and bandwidth decrease while damping increases, suppressing friction- and
noise-induced residual fluctuations. This mechanism balances rapid disturbance tracking with low-speed
residual suppression. Finally, a time-varying nonlinear threshold model incorporating multi-source error
compensation is constructed. This model accounts for both unmodeled dynamic errors reflected in
observer residuals and residual errors from the identified friction model. The threshold is adjusted
online according to the motion state to improve collision sensitivity while limiting residual-induced
false alarms.
The main contributions of this article are:

1. The development of a dynamic Stribeck friction model incorporating load-dependent and
equivalent-wear-related parameter variations. The model represents friction-parameter varia-
tions under different operating conditions.

2. The development of the proposed SNGMO. This observer dynamically adapts its parameters to
the operational speed, maintaining high bandwidth for fast response to collisions at high speeds
while automatically reducing bandwidth and optimizing damping at low speeds to effectively
suppress noise and commutation spikes.

3. The establishment of a time-varying threshold model that accounts for multi-source errors.
Unmodeled errors within the observation residuals are decomposed into dynamic mod-
eling errors and residual friction errors. Through online estimation of their bounds and
motion-dependent threshold adjustment, the method is designed to improve collision sensitivity
while limiting false alarms.

The remainder of this article is organized as follows. Following the Introduction and literature review
in Section 1, Section 2 presents the design of a GMO based on robot dynamics. Section 3 develops a
dynamic joint friction model that accounts for transmission wear and operational conditions. Section 4
introduces the SNGMO, detailing its adaptive mechanism and second-order filter structure. Section 5
constructs a time-varying threshold model to handle residual model errors and enhance detection robust-
ness. Section 6 evaluates the noise-suppression and disturbance-tracking performance of the SNGMO
through MATLAB/Simulink simulations. Section 7 provides experimental validation on a UR5e robotic
platform, including collision-detection tests with measured detection delays. Finally, conclusions are
drawn and future research directions are outlined.

2. Generalized momentum observer design based on robot dynamics

When a robot interacts with its environment, external forces are exerted on its structure. For an n-joint
serial manipulator, the dynamics in joint space can be derived using the Lagrangian formulation [26]:

M(q)q+C(q7 q)q+G(q)+Tf=Tm+Text=Ttmal (1)

where ¢, ¢, and § € R"*"' denote the joint position, velocity, and acceleration vectors, respectively;

M(q) € R™" is the symmetric positive-definite inertia matrix; C(q, ) € R"" represents Coriolis
and centrifugal forces; G(g) € R"*'is the gravitational torque; 7, € R"*' accounts for joint friction; and
7, € R™ is the motor driving torque. This torque is related to the motor current i, by 7., = nyanTeim,
with n,, being the gear reduction ratio and 7', the current-to-torque coefficient. The term 7., € R™
denotes the external joint torque due to contact, which is related to the Cartesian contact wrench
e R™' through the transpose of the Jacobian matrix [7]:

ext

Teo =Jo @) fox 2)
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Collision detection requires the real-time estimation of t.. From (2.1), an algebraic estimate can be
obtained as:

T =M@ §+C(q.9)q+G @) +7i—1Tn 3)

In the expression above, M(q), é‘(q, qQ, G(q), 7; and T, denote the estimated values of the corre-
sponding dynamic parameters in Eq. (1). Once these model parameters are obtained—whether through
prior identification, computational modeling, or processed real-time sensor data—the equivalent joint
torque due to a collision force can be computed in real time using Eq. (3). In practice, while the joint
position ¢ can typically be measured with high precision, the joint velocity ¢ and acceleration § must be
derived through numerical differentiation of the position signal. This process, especially for obtaining
g, is highly susceptible to quantization noise and amplifies sensor errors, leading to significant inaccu-
racies in the direct calculation of 7., To circumvent the need for estimating acceleration altogether, the
generalized momentum P € R™" of the robot is introduced. It is defined as:

P=M(q)q Q)
P=M@q+M(@i Q)

Utilizing the antisymmetric property of the matrix M(q) — 2C(q, §) inherent in robot dynamics, the
following relationship can be derived:

M@ =C(q.¢+C" 4.9 (©6)

Substituting the dynamic Eq. (1) into the expression for P from (5) and applying the property in (6)
simplifies the time derivative of the generalized momentum:

P=t,+1.—-+C @.9q— G ©)
For conciseness, we define the composite term

B(q.i)=G @) +Cq.qqg—Mq)q

. (3)
=G(@-C@.9q
From (7) and (8), the estimated derivative of the generalized momentum can be expressed as
P=1,—1—B (g4 +rovo ©)
where rguo € R™*' is defined as the output of the GMO, governed by the following equations [7]:

Favo =Ko (p — ) (10)

t
romo = Ko <P(t)_/(Tm_rf_ﬂ+rGMO)du_P(0)) (11)

0

Here, K, € R"" is a diagonal gain matrix for the observer, and B= G(q) — é’T(q, ¢)q. Under ideal
conditions where the model is exact (M =M, f! = ), the dynamic relationship 7gpo = Ko(Texe — F'omo)
between the observer output rgyo and the external joint torque T, is established. As Ko — 00, rgmo —
T, allowing the output to rapidly track the actual external torque. In practice, however, a lower gain
K, is typically selected to mitigate noise from joint angle, velocity, and current measurements. This
reduction in gain inevitably introduces a detection delay [8], which can compromise the performance of
collision detection.

In the absence of a collision (1., = 0), appropriate tuning of K, can drive rgyo approximately to
zero. For collision detection using this observer, a suitable threshold is selected; a collision is declared
when rgyo exceeds the threshold. The estimated external joint torque is then compared against a cus-
tomized upper bound U € R"™" and lower bound L € R, and the collision decision function is formally
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defined as:

1 if rgmo(t) > U or romo(t) < L
ed (rewo(1)) = e e (12)
0 if L < rGMo(t) <U

where a binary output of 1 indicates a collision event.

3. Joint friction analysis accounting for transmission wear and operational conditions

The accuracy of model-based robotic collision detection hinges critically on the fidelity of the underlying
dynamic model. Unmodeled joint friction stands out as a primary contributor to model inaccuracy.
Friction in robotic joints is not only speed-dependent but is also significantly influenced by coupled
effects arising from operational load variations and progressive wear within the transmission system
over prolonged service. Consequently, traditional static friction models often fail to capture the true,
time-varying friction characteristics exhibited by robots operating under complex real-world conditions.
To address this limitation, this section introduces a dynamic friction modeling framework for general
n-joint collaborative robots that explicitly integrates the effects of transmission wear and operational
conditions. This focus is particularly relevant for collaborative robots, whose joint modules frequently
employ integrated, compact designs incorporating components such as harmonic drives, whose friction
properties evolve during their operational lifecycle.

Friction constitutes a complex nonlinear phenomenon occurring between contacting surfaces in rela-
tive motion. Established models include the Coulomb-plus-viscous model, the Stribeck model [29], and
the LuGre model [30]. While the LuGre model provides a comprehensive, continuous representation, its
structural complexity, high parameter count, and challenging identification process [31] can hinder prac-
tical application. The Stribeck model, a classic static representation, extends the Coulomb-plus-viscous
formulation with an exponential term to capture low-velocity Stribeck effects, offering a simpler struc-
ture and broader applicability [32]. However, its parameters are typically constant and thus incapable
of reflecting the time-varying evolution of friction throughout a robot’s service life. Li et al. [33] devel-
oped a comprehensive friction model for collaborative robots considering joint velocity, temperature,
and load torque, but long-term wear-induced friction evolution was not explicitly addressed.

To represent the coupled influence of load variation and transmission wear on joint friction, this work
extends the classical Stribeck model into a multidimensional dynamic framework. The proposed model
incorporates load-dependent terms and time-varying wear parameters to represent friction variations
associated with operating load and equivalent wear state.

PaT
<Tc + (Ts - TC) e % ) sgn @) + qu q 7& 0
=01, g=0and|7,| <, (13)
T,8gn (7,), g=0and|t,| > T,

where T, represents the friction torque component normal to the direction of motion. The parameter ¢,
denotes the Stribeck characteristic velocity, § is the shape factor governing the transition curve, and o is
the viscous friction coefficient. The time-varying parameters 7. and T, € R"*', which couple wear with
operational conditions, correspond to the Coulomb friction torque and static friction torque, respectively.
They are modeled as:

T = Teoi(1 + e wi(O)(1 + Keimey)
Ty = Ty, (1 + o wi(D))(1 + Kg,mL) ’

These friction parameters are dynamically modulated through two factors: the wear state w and the
operational load factor n; , which together capture the evolution of joint friction throughout the robot’s
service life. Here, w € [0, 1] quantifies the progression from new (w=0) to the maximum allowable
wear (w=1). The normalized load factor 1, = /T, m.x reflects the instantaneous influence of load

i=1,2,-- ,n (14)
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torque on friction behavior. The terms 1., and ty denote the initial Coulomb and static friction torques,
respectively. The coefficients . and o, represent wear sensitivity, governing the linear effect of wear on
friction, while «. and « are load-coupling coefficients that characterize the nonlinear enhancement of
wear effects under load.

The wear state w evolves according to the integral equation:

. 1 ! .
w(t) = min <1,Wmax\/()‘ y (tv) 14| du) (15)

where W, is the camulative angular displacement corresponding to the maximum permissible wear —
typically reached when repeatable positioning accuracy degrades to 30-40% of its initial value. The
load-accelerated wear coefficient y(t) =a + bt describes the wear accumulation per unit angular
displacement, with a representing the fundamental wear rate under no-load conditions, and b quantifying
the amplification of the wear rate per unit increase in load torque.

4. Design of the speed-adaptive nonlinear gain momentum observer
4.1. SNGMO formulation

While the dynamic Stribeck friction model presented in Section 3 improves modeling accuracy by inte-
grating wear, operating conditions, and transmission characteristics, inherent parameter uncertainties
remain in practical robotic systems. Furthermore, measurement noise from joint encoders and current
sensors, combined with pronounced friction nonlinearities at low speeds, often induces significant out-
put spikes and residual jumps in a standard GMO during velocity zero-crossings or directional reversals.
These artifacts severely degrade the reliability of collision detection.

To overcome these limitations, this paper proposes an enhanced observer architecture: the SNGMO.
The core innovation lies in embedding the observer within an equivalent second-order filter structure
whose bandwidth and damping are dynamically adjusted based on real-time joint velocity. This design
maintains high-gain characteristics for rapid disturbance tracking at high speeds while automatically
reducing bandwidth and increasing damping during low-speed operation. The latter effectively sup-
presses signal distortions caused by friction model inaccuracies and measurement noise. Consequently,
the SNGMO achieves a synergistic optimization of high sensitivity and robust performance across a
wide operational speed range.

Building upon the framework established in Eq. (8), this work introduces a second-order observer
structure combined with a speed-adaptive mechanism to formulate the SNGMO. This design enables
more accurate and robust estimation of the external joint torque, t.,. Specifically, the observer’s output,
defined as the external torque observation vector r, is constructed as follows:

r=K,(P-P) —/ <K2r+K3/ rdu) du (16)
0 0
where P represents the estimated generalized momentum of the robot. Its time derivative, derived from
(8), is given by:
P=t,—1—B@.p+r (17)

Integrating Eq. (17) and substituting into (16) yields a compact expression for the observer:
r=K(P~ [ (ta- - Ba.d) + )
0
t
—/ (Kor —|—K3f;rdu) du
0

where K, K,, K5 € R"" are diagonal gain matrices. Their diagonal elements are designed as functions
of the corresponding joint velocity ¢. This structure allows the observer to independently adjust the band-
width, damping, and gain for each joint, thereby accommodating their distinct dynamic characteristics.

The operating principle of the SNGMO is illustrated schematically in Fi §ure 1.
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Figure 1. Schematic of the SNGMO structure and operating principle.

For fixed observer gains, differentiating Eq. (18) yields the following second-order realization. In the
implemented SNGMO, the corresponding coefficients are updated online according to Egs. (21)—(23).

F=KTeq — (K +K>) F — Kyr 19)
Applying the Laplace transform to (19) yields the transfer function of the SNGMO:
r(s) Ks

T () 9+ (K +Ky) s+ K, 20)
The diagonal gain matrices K, K,, and K3 in (20) are structured as follows:
K, =Aw, (q)
K, =§wq(q) (21)
K; =0, (§)

where K, represents the static gain, directly affecting the observer’s sensitivity to external torques; K,
governs the damping characteristics and suppresses oscillations in the output; and K3 sets the natural
frequency, which determines the filter’s center frequency and thus the system bandwidth. Here, & and
A € R™" are the diagonal damping-ratio and gain matrices, respectively; w,(¢) € R"" is the diagonal
natural frequency matrix, and w,(¢) € R"*" is the diagonal damping reference frequency matrix.

To optimize damping adaptability over a wide speed range, the diagonal elements w,;(¢,) and w,,(q;)
are designed as functions of the corresponding joint velocity:

0ni(§;) = Oopi — (@ — Ope P4, i=1,2,-- 0. (22)
w4(q;) = Wan; — (Oap; — wd,l,i)eiﬁd'iq'zs i=1,2,---,n. (23)

In these expressions, w,;,; and wgy,,; denote the natural frequency and damping reference frequency at
high speeds, respectively, while w,;; and wy,, are their low-speed counterparts. The parameters 8; and
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Ba.; are the velocity decay factor and the damping frequency decay factor, respectively, which shape the
transition between the high- and low-speed regimes.

The observer’s adaptive mechanism dynamically adjusts three key parameters — K, K, and K; — in
real time based on the measured joint velocity. This enables a balanced trade-off between high-speed sen-
sitivity and low-speed noise suppression. During high-speed motion, the system automatically increases
the natural frequency and static gain (raising K, and K;) while reducing damping (lowering K,). As a
result, the observer achieves broader bandwidth and faster response, ensuring that collision disturbances
are captured with minimal delay. Conversely, during low-speed operation, the natural frequency and
static gain decrease (K, and K; drop), while damping is significantly increased (K, rises). This reduces
the system bandwidth and improves the damping ratio, effectively suppressing signal spikes and jumps
induced by friction nonlinearities and measurement noise. Consequently, false alarms are substantially
reduced.

Characterized by smooth, speed-dependent parameter variation, the proposed mechanism is designed
to coordinate rapid disturbance response with the suppression of friction- and noise-induced residual
fluctuations over the prescribed joint-velocity range. In contrast, a conventional fixed-gain GMO involves
an inherent trade-off: relatively high gains may amplify low-speed residual fluctuations, whereas
relatively low gains may increase the response delay to external disturbances.

The main distinction between the SNGMO and related momentum observers is not simply the use
of nonlinear or time-varying parameters. NESMO [26] mainly shapes the observation-error dynamics
through nonlinear error feedback, whereas FTNESMO [22] employs finite-time nonlinear error dynam-
ics. In contrast, the SNGMO uses the measured joint velocity as an explicit scheduling variable to
adjust the observer natural frequency, associated gains, and damping characteristics. Within the com-
plete collision-detection framework, this observer is further combined with the friction-compensation
model in Section 3 and the time-varying threshold mechanism in Section 5.

4.2. Stability and robustness analysis

Because the gain matrices K, K,, and K; are diagonal, the stability analysis can be performed
independently for each joint. The following analysis applies to the scheduled second-order realiza-
tion corresponding to Eq. (19), in which the observer coefficients are updated online according to
Egs. (21)—(23).

Let r; denote the ideal output of the same scheduled observer under exact dynamic and friction mod-
els and the same external joint-torque input, and define the residual error as e; = r; — r}. This definition
is adopted because the SNGMO output is a filtered collision-sensitive residual, as indicated by Eq.
(20), rather than an unbiased steady-state estimate of a constant external torque. Considering practical
uncertainties, the error dynamics of the i-th joint can be expressed as

¢+ ai(p)é; + bi(p)e; = di(t) (24)

where p; = ¢; is the joint-velocity scheduling variable, a;(p;) = k(0;) + k2.:(0:), and b;(0;) = ks ().
Here, ki;, k,;, and k3, are the i-th diagonal elements of K;, K, and K3, respectively. The term d;(f)
represents the lumped uncertainty caused by dynamic-model errors, friction-compensation errors, mea-
surement noise, and numerical implementation errors. Since the scheduling laws in Egs. (22) and (23)
are smooth functions of §7, the resulting coefficients remain continuously differentiable across velocity
Zero-crossings.

Defining the error state as x; = [¢;, ¢;]7, Eq. (24) can be written as

X, =A; () x; + Bidi(1) (25

0 1

=bi(p) —ai(p)
According to Eqs. (21)-(23), a,(p;) and b;(p;) remain positive and bounded over the prescribed

joint-velocity range. Therefore, for every fixed admissible value of p;, the characteristic polynomial of

where A;(p0;) = |: ,and B, =[0, 1]7.
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Ai(p), 5% + ai(p;)s + bi(p:), has positive coefficients. Hence, the corresponding frozen-parameter matrix
A;(p;) is Hurwitz. Because the scheduling range is compact and the coefficient functions are continuous,
the frozen-parameter system is uniformly Hurwitz over the prescribed operating range.

For a selected positive-definite matrix Q;, let P;(p;) be the positive-definite solution of

AT (0)P:i(p) + Pi(p)A(p) = —Q; (26)

The parameter-dependent Lyapunov function is selected as V; = x'P;(0,)x;. Since A;(p;) is continu-
ously differentiable and uniformly Hurwitz over the prescribed compact range, P;(p;) is continuously
differentiable, positive definite, and uniformly bounded over this range.

To account for the variation of the observer parameters with joint velocity, the scheduling rate is

assumed to be bounded. Accordingly, I",-(pi) = [0P;(p;)/9p;10; is bounded. Differentiating V; along the
trajectories of Eq. ( 25) gives

Vi =—x'Qx; +x/P; (0) X, + 2x]P; (o) Bidi(1) 27)

Suppose that there exists a constant y; such that ||P[(p,)|| < i < Amin(Qy) for all admissible schedul-
ing parameters and scheduling rates. By applying Young’s inequality to the last term in Eq. (27), the
following inequality is obtained:

Vi< —ci Il + v i) (28)

where ¢; > 0 and y; > 0 are bounded constants determined by Q;, P;(p;), B;, the observer parameters,
and the admissible scheduling rate.

When d;(t) = 0, Eq. (28) shows that the origin of the nominal residual-error system is uniformly
exponentially stable. When d,(¢) is bounded, the observation-error state is uniformly ultimately bounded,
and its ultimate bound depends on the magnitude of the lumped uncertainty, the admissible scheduling
rate, and the selected observer parameters. Therefore, the proposed SNGMO preserves nominal error
convergence and bounded-error robustness under continuous and bounded-rate gain scheduling.

The above result provides a sufficient stability condition for the scheduled observer implemented
in this study. It does not imply finite-time convergence and cannot be directly extended to arbitrary
discontinuous or infinitely fast gain switching.

Related momentum-observer methods establish different theoretical properties. FTNESMO [22] pro-
vides finite-time convergence through Lyapunov analysis, NESMO [26] addresses model uncertainties
through nonlinear extended-state estimation, and the 2DOF-FOMO [35] analyzes convergence and dis-
turbance rejection for a fractional-order observer. In contrast, the present analysis establishes uniform
exponential stability of the nominal residual-error system and uniform ultimate boundedness under
bounded uncertainties for the continuous, bounded-rate speed-scheduled SNGMO. These results are
sufficient conditions and do not imply finite-time convergence or stability under arbitrary discontinuous
gain switching.

5. A time-varying threshold model for handling model errors

Despite the significant noise suppression achieved by the SNGMO and the enhanced dynamic fric-
tion compensation, residual disturbances inevitably persist in practical robotic systems. These residuals
originate primarily from the combined effects of inherent inaccuracies in the dynamic model and imper-
fections in friction compensation. Within the actual system, these two error sources interact, collectively
influencing the magnitude of the observer’s residual signal, r. Relying on a fixed threshold for collision
determination under such conditions often leads to false positives or false negatives, compromising
detection reliability.

To enhance the robustness of collision detection under model uncertainty, this section introduces a
time-varying threshold model. The core concept is to actively decouple the total unmodeled influence
within the residual r into two distinct, quantifiable components: one attributable to dynamic modeling
errors and the other to residual friction errors. Based on this decomposition, a threshold boundary that
dynamically adapts to the robot’s instantaneous motion state is constructed. This enables the system to
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more accurately differentiate between signals caused by genuine external collisions and those arising
from internal system imperfections.

As established by Eq. (18), the observer output r serves as an estimate of external joint torque. In prac-
tice, this signal is inevitably corrupted by errors from dynamic model inaccuracies, imperfect friction
identification, and sensor noise. Accounting for these perturbations, the actual implementable residual
is derived as follows:

Kﬂzmdm%:/ﬁm—BMJ%—ﬂ+ﬂmM—ﬁ®D
0

(29)

t
0
To quantify the effect of modeling inaccuracies on the observer’s output, the Laplace transform is

applied to both the ideal observer dynamics in (18) and the practical residual expression in (29). The
solutions in the frequency domain are given by:

r() =K, (P(t) = K, (e ™"« P())) — K, (e x (v, — B (¢.9) — 7))

30
Ky (e P() — Ks (e 5 P(1) G0

#1) =K, (P(t) — K, (e ™" x P(1)) — K, (e X % (%, — B(q, §) — 7)) an
—K> (e % P()) — Kx (e % % P(1))

where * denotes convolution in the time domain. The estimation error between the observed and the
actual external torque is defined as:

r.() =) —r(t) =K, (P(t) — K, (e X" % P.(1)))
— K, (€% (Tme — B. (@.9) — 7)) — K; (7 % P.(1)) — K5 (e % P(1)) (32)
where:
P.()=M(@§-M@4q
Tme=Tm—Tm
B.=B(q.9)—B @9

Tee =Tr — Ty

(33)

Correspondingly, the error-related outputs for the dynamic and friction models, together with their
available estimates, are defined as:

re() =K, (P(t) = K, (e +p. () + ¢ " % B,)
— K, (e Po(t)) — K (¢ % P.(1))
re.(t) =K, (elet * Tfe) (34)

Fa() =K (P() =K, (7" 5p(1) + "% B)
— K, (e % P(1)) — K, (¢ % P(1))

;'f(t) = Kl (eiKlt * Tf) (35)

In practice, the true errors rg(¢) and r(¢) cannot be measured directly, and their convolution-based
reconstruction would increase the online computational burden. Therefore, a local linear corrective
model is introduced. Around the nominal collision-free operating condition, the nonlinear relationships
between the actual error contributions and their available estimates can be locally approximated by a
first-order Taylor expansion. To retain a joint-wise structure suitable for real-time implementation, the
corresponding local sensitivities are represented by the diagonal weighting matrices €, and &, while
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the constant offsets and neglected higher-order terms are included in the bias vectors é;,(¢) and &;,(?).

Accordingly,
re(t) = eqfy(t) + 8;, (1)
) (36)
ri(t) = &d(t) + 8;,(1)
ea=diag (64.1,802s -+ €an) s 8, () = [8,1 (1D, 85, 2(0)s - ., 850D -

& =diag (Sf,l, Et2s e v s 8f,n) 5 65(1) = [Sff,l(f), S2(®), .. ., 3Ff,:;(f)]T

where &4, &; are diagonal weighting matrices that scale the contribution of each joint’s error, and
8;,(0), 8;,(r) are bias vectors that compensate for the offsets between ry.(7) and &47,4(7), and between r.(7)
and e#(r), respectively. This linear model is intended to capture the dominant variation of the resid-
ual boundary within the calibrated operating region rather than to replace the complete nonlinear robot
dynamics.

Under ideal conditions with no external forces and perfect modeling, the residual output would be
approximately zero:

Fo(t) = (1) — rae(t) — () = 0 (38)
Combining (36), (37), and (38) with an added safety margin, the time-varying threshold bounds for
the residual signal are derived as:
L.(r) < F(t) < U(2) 39)
where upper bound U+(¢#) and the lower bound L() satisfy:
Ur(t) = ay + e4Fa(1) + ed(2)
L1(f) = oy, — egr(t) — eg(t)
8,0+ 80| .+ U.
a =~ [ &0, — [80], - L

Here, oy, and oy form the combined constant term, establishing a static bias boundary for the joint
threshold to account for unmodeled random disturbances. Here, L, and U, denote the lower and upper
safety margins, respectively.

Under collision-free operating conditions, Eq. (38) indicates that the observer residual can be locally
approximated by a linear combination of the estimated dynamic- and friction-related error contributions,
together with the remaining bias and unmodeled effects. Accordingly, the diagonal weighting matrices
&4 and ¢; are identified from n collision-free samples using the following least-squares optimization:

(40)

o= |

N
(€. &7) =argmin Y _ |7 (k) — eaa(k) — e (k)] 1)
FE k=1
where n denotes the number of collision-free calibration samples, and &, and &; are constrained to be
diagonal matrices. The identified parameters provide a local linear approximation of the dynamic- and
friction-related error contributions over the calibration dataset while retaining a low computational cost
for online implementation.

The remaining fitting residual contains the bias terms introduced in Eq. (36), together with measure-
ment noise, transient friction variations, parameter drift, and other effects not represented by the local
linear model. Its joint-wise upper and lower bounds are incorporated into the constant terms oy and oy,
with U, and L, providing additional upper and lower safety margins, respectively.

The safety margin involves a trade-off. An insufficient margin may not fully cover collision-free resid-
ual fluctuations, whereas an excessively large margin may reduce collision sensitivity and increase the
detection delay. Its influence is further evaluated through the sensitivity analysis presented in Section 6.1.
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6. Simulation-based evaluation of the SNGMO
6.1. Simulation setup and parameter configuration

This study employs the six-degree-of-freedom URS5e serial manipulator as the simulation platform. This
robot exemplifies the multi-joint, strongly coupled, and nonlinear dynamics characteristic of systems
widely used in industrial assembly and material handling. To validate the comprehensive performance
of the proposed SNGMO under complex operating conditions, a corresponding high-fidelity dynamic
simulation model was constructed within the MATLAB/Simulink environment. The simulations are
designed to systematically assess the observer’s noise suppression capability and external force tracking
performance in the presence of measurement noise, friction nonlinearities, and external disturbances.
This provides both theoretical insight and practical parametric guidance for subsequent physical robot
experiments.

The SNGMO parameters were systematically configured according to their physical roles and desired
closed-loop performance:

1. Low-speed natural frequency w,;; (0.3-2.0Hz) governs the observer bandwidth in the
low-velocity regime. Lower values help smooth commutation spikes induced by friction, though
excessively low values can delay the response to external forces. Each joint’s value was set
independently based on its inertia and load characteristics.

2. High-speed natural frequency w,;; (6-14 Hz) determines the observer bandwidth during
high-speed motion. Higher values improve disturbance tracking but may increase noise sensi-
tivity and should remain compatible with the joint servo bandwidth.

3. Velocity decay factor 8; (10-20) controls the transition rate between the low- and high-speed
bandwidth settings. It was tuned based on the velocity range where joint friction uncertainty
is most concentrated (e.g., 0-0.2rad/s). A higher value is appropriate for narrow uncertainty
ranges to achieve a swift transition, whereas a lower value is suitable for wider ranges to maintain
response smoothness.

4. Low-speed damping reference frequency w,;; (3—7 Hz) strengthens damping during low-speed
motion and direction reversals, thereby suppressing residual oscillations caused by friction
nonlinearities and measurement noise.

5. High-speed damping reference frequency wyy; (0.5-2 Hz) moderately reduces damping in the
high-speed range to avoid restricting the system’s fast response capability.

6. Damping frequency decay factor B4; (8—16) coordinates with B; to ensure synchronous and
smooth transitions in both the bandwidth and damping characteristics.

7. The damping ratio &; (0.7-1.0) was selected from the moderately underdamped to critically
damped range to limit overshoot and oscillation while maintaining an adequate response speed.
Larger values were assigned to joints with higher effective inertia or load sensitivity to provide
stronger damping.

8. System gain A; (0.8-1.2) acts as a global feedforward scaling factor, finely tuned around unity to
align the scaling relationship between the actual joint driving torque and the observer’s output
signal.

Observer parameters were configured independently for each joint (J1-J6) to reflect their distinct
dynamic characteristics, as detailed in Table I.

The parameters in Table I were determined through a stepwise procedure based on their physi-
cal roles. The low-speed natural frequency was first adjusted in collision-free low-speed intervals to
suppress residual fluctuations caused by friction uncertainty and measurement noise while maintain-
ing collision-response capability. The high-speed natural frequency was then selected according to the
residual fluctuation and detection delay under high-speed motion. Finally, the velocity decay factor was
adjusted to achieve a smooth transition between the low- and high-speed regions. A parameter set was
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Table I. SNGMO parameter configuration.

The simulation selected parameter

Parameter (i=1,2,...,6) values (J1-J6)
Low-speed natural frequency w, ;; (Hz) [0.5,0.6,0.7,0.5, 0.4, 0.3]
High-speed natural frequency o, ; (Hz) [10, 12, 14, 10, 8, 6]
Velocity decay factor B, [15, 18, 20, 15, 12, 10]
Low-speed damping reference frequency w, ; ;(Hz) [3-5, 5-7]
High-speed damping reference frequency w, , ;(Hz) [1,1.2,1.5,1.0,0.8,0.5]
Damping frequency decay factor 8, ; [8, 10,12, 12,14, 16]
Damping ratio &; [0.8, 0.85, 0.9, 0.8, 0.75, 0.7]
System gain A; [1.0,1.1,1.2,1.0,0.9, 0.8]

Table 11. Stepwise tuning and local sensitivity of selected SNGMO parameters (J1 joint example).

Maximum Maximum
Tuning Selected residual RMS detection-delay)
Parameter objective value Perturbation variation (%) variation (%)
[Ny Low-speed residual 0.5 Hz +10% 3.3 1.5
suppression
i High-speed 10 Hz +10% 5.9 9.9
collision response
B, Bandwidth 15 +10% 7.0 5.6
transition

accepted when the collision was successfully detected and no false alarm occurred in the collision-free
validation interval.

To evaluate the local parameter sensitivity around the selected values, a one-factor-at-a-time sensitiv-
ity analysis was conducted using J1 as an example. Each parameter was independently varied by £10%,
while the remaining parameters, motion trajectory, friction condition, measurement noise, collision
input, and detection threshold were kept unchanged. Table II reports the maximum absolute variation
obtained from the positive and negative perturbations. The maximum variations in residual root mean
square (RMS) and detection delay were 7.0% and 9.9%, respectively. All perturbed cases successfully
detected the collision, and no false alarm occurred in the collision-free validation interval. These results
suggest that the selected J1 parameters have reasonable local robustness under the tested conditions.

The parameters for the enhanced Stribeck friction model in Eq. (13) were determined through a
combination of physical principles and experimental calibration specific to the URSe joints:

1. Initial Coulomb friction torque t.,; was calibrated via no-load constant-velocity motion tests.

2. Initial static friction torque 1y, (typically 1.2—-1.8 times t.o,) was identified from startup torque
transient experiments.

3. Viscous friction coefficient o; was obtained by fitting data from medium-to-high-speed
constant-velocity motions.

4. Stribeck characteristic velocity ¢, and the shape factor §; were identified through dedicated
low-speed micro-motion experiments.

5. Wear-related parameters, including the maximum allowable wear W . ; wear sensitivity
coefficients o, and «,,;, the fundamental wear rate a,;, and the load wear sensitivity b;, were
selected with reference to reported harmonic-drive wear trends.
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Table II1. Friction model parameter configuration.

The simulation selected

Parameter i=1,2,...,6) parameter values (J1-J6)
Initial Coulomb friction torque Tt ; (N - m) [1.5,1.4,1.3,1.2,1.1,1.0]
Initial static friction torque ty, ; (N - m) [2.2,2.0,1.9,1.8, 1.7, 1.6]
Coefficient of viscous friction o; [0.07, 0.06, 0.05, 0.05, 0.04, 0.03]
(N -m - s/rad)
Stribeck characteristic velocity g, ; (rad/s) [0.15, 0.12, 0.10, 0.10, 0.08, 0.05]
Shape factor §; [2.2,2.0,2.0,1.8, 1.8, 1.5]
Maximum allowable wear W, ; (rad) [3.0x 107, 1.5 x 107, 2.0 x 107,
4.0x107,5.0 x 107,4.0 x 107]
Wear sensitivity coefficient . ; [0.35, 0.32, 0.30, 0.28, 0.25, 0.20]
Wear sensitivity coefficient o ; [0.45, 0.42, 0.40, 0.38, 0.35, 0.30]
Basic wear rate a; (1/rad) [2.0x 107, 1.8 x107% 1.5 x 107°,
1.2x107%,1.0x 1075, 0.8 x 107]
Load wear sensitivity b; (1/(N - m - rad)) [1.0x 107>, 8.0 x 107, 6.0 x 107,
5.0x107%,4.0 x 1075, 3.0 x 1079]
Load coupling parameter « ; [0.20, 0.18, 0.16, 0.15, 0.12, 0.10]
Load coupling parameter & ; [0.25, 0.23, 0.20, 0.18, 0.15, 0.12]

6. The load coupling parameters «.; and «; were identified from friction characterization experi-
ments conducted under different constant load conditions.

A strategy combining offline identification with provisions for online updating ensures that the
model maintains high predictive accuracy across wide speed ranges, variable loads, and extended oper-
ational periods, providing a reliable dynamic foundation for observer design and collision detection.
Differentiated parameters were assigned to each joint in the simulation to reflect their individual load
and wear profiles, as listed in Table III.

In addition to the observer and friction-model parameters, the safety-margin coefficient o
in the time-varying threshold affects the balance between collision-free residual coverage and
collision-detection sensitivity. A sensitivity analysis was therefore conducted to examine the selection
of a.

A multi-frequency sinusoidal trajectory covering varying-speed and reversal motions was used, and
o was varied from 0% to 30%. For each value, five independent 120-s simulations were conducted, each
containing 15 temporally separated collision events. A sinusoidal collision torque with an amplitude
of 10N - m was applied to Joint 1. Except for « and the random seed of the Gaussian white noise, the
observer parameters, remaining threshold parameters, motion trajectory, and collision input were kept
unchanged. The noise standard deviation was 5 x 107,

The residual coverage rate was calculated as the proportion of collision-free residual samples
enclosed by the time-varying threshold, and the detection success rate was calculated as the propor-
tion of successfully detected collision events. The detection delay was defined as the interval between
collision onset and the first threshold crossing of the residual and was evaluated only for successfully
detected events. The results are summarized in Table IV.

As « increased from 0% to 15%, the residual coverage rate increased from 91.2% to 99.3%, while
all prescribed collision events were successfully detected. The corresponding detection delay increased
from 18 =5 ms to 26 = 8 ms. Further increasing o provided only a limited improvement in residual
coverage, while the detection success rate decreased and the detection delay increased. Accordingly,
o = 15% was selected as a compromise among residual coverage, detection reliability, and response
speed under the present simulation conditions and was adopted in the subsequent evaluations.
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Table 1V. Collision detection performance metrics under different safety
margin configurations.

Safety Margin Coverage Detection Success Detection delay
o (%) Rate (%) Rate (%) (mean + SD, ms)
0 91.2 100 18+5

5 94.6 100 20+ 6

10 97.8 100 22+7

12 98.5 100 24 +7

15 99.3 100 26£8

18 99.6 98.7 30+9

20 99.8 96.0 34410

25 99.9 88.0 42413

30 99.95 72.0 5818

6.2. MATLAB/Simulink simulation

A closed-loop simulation system was developed in the MATLAB/Simulink environment using a
Newton—Euler recursive algorithm. Forward and inverse dynamics modules were implemented based on
the manipulator’s known Denavit-Hartenberg (DH) parameters and link mass properties. These mod-
ules incorporate the complete rigid-body dynamics—including the inertia matrix, Coriolis/centrifugal
force terms, and gravitational vector—alongside the joint friction model described in Section 3.

To emulate realistic operational conditions, three types of inputs were defined:

1. Joint Motion Commands: A continuous, multi-frequency reference trajectory was designed to
excite the arm’s dynamics across a wide range of velocities.

2. External Torque Disturbances: Known-magnitude external torque pulses were applied to specific
joints at designated times to simulate sudden collisions or human interaction.

3. Noise Model: Additive Gaussian white noise was introduced to represent measurement-related
disturbances and evaluate the observer’s sensitivity to noise.

This setup enables a quantitative analysis of the SNGMO’s residual suppression and
disturbance-response performance under model uncertainties, measurement-related noise, and
external disturbances. Its performance is compared with that of the conventional GMO under the same
simulation conditions.

The reference joint trajectory is defined as:

q,(t) =0.1sin(0.471r)

0,(1) = —g +0.3sin (0.677)
g.(t) = Z +0.25in (0.0271)
; 2
T (42)
q.,()= —5 + 0.4sin (0.37¢)
qs(t) = —g +0.65in (0.877)
qs(t) = —3.0sin (0.77t)
The equivalent additive Gaussian white noise used in the simulation is expressed as follows:
n()~N(0,02,),i=1,2,...,6 (43)

where the noise standard deviations are o, = [0.10, 0.09, 0.08, 0.07, 0.06, 0.05] for joints 1 to 6. Distinct
random seeds (1001 to 1,006) ensure reproducible yet independent noise sequences.
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Figure 2. Comparison of noise suppression performance between SNGMO and GMO under simulation
conditions.

The simulated outputs of the SNGMO and the GMO are compared in Figure 2. The GMO output (blue
curve) shows significant noise amplification and pronounced spikes during joint velocity reversals. In
contrast, the SNGMO (red curve) effectively suppresses these artifacts through its speed-adaptive gain
adjustment, resulting in a smoother residual signal. Quantitatively, the SNGMO achieves an approximate
1.38 dB improvement in overall signal-to-noise ratio (SNR) and a 42.4% reduction in mean square error
(MSE) compared to the GMO. Further analysis reveals a correlation between joint load and residual
fluctuation. Under collision-free conditions, Joint 1 (bearing a higher load) exhibits markedly greater
output variability than Joint 4 (with a lighter load), underscoring the significant influence of load dynam-
ics on observed noise. The gray dashed zones in Figure 2 highlight low-speed reversal regions where
the GMO produces large spikes. The SNGMO attenuates these spikes through adaptive gain adjustment,
resulting in lower residual fluctuations.

It should be noted that a localized suppression deficiency was observed for Joint 2 at a specific operat-
ing point. This is attributed to the joint’s pronounced friction nonlinearity within a narrow velocity band,
where residual spikes cannot be fully eliminated by gain adaptation alone. This observation motivated
the integrated dynamic friction compensation (presented in Section 3), which works synergistically with
the SNGMO to enhance model accuracy and residual smoothness under complex friction conditions,
thereby providing a more robust signal foundation for collision detection.

To evaluate the observer’s response to sudden external forces, a step external torque T.,=
—2.5sign(sin (27 £)) — 2.5 was applied to Joint 2 during high-speed motion. The resulting dynamic
responses of the SNGMO and the GMO are compared in Figure 3. The GMO exhibited a response
delay of approximately 0.1 s. In contrast, the SNGMO—benefiting from its speed-adaptive, second-order
filtering structure — achieved a reduced response time while demonstrating superior transient tracking
accuracy and robustness against interference. This confirms that the SNGMO maintains rapid and stable
tracking of external torques during high-speed operation, validating its design objective of high-speed,
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Figure 3. Dynamic response characteristics of the observer under external disturbance.

high-sensitivity performance. It should be noted that the initial signal peak visible in Figure 3 corre-
sponds to the motor startup transient required to overcome static friction; this peak is not related to
the observer’s response to the external torque and does not influence the assessment of external force
tracking performance.

To validate the proposed dynamic Stribeck friction model, simulations were performed across differ-
ent stages of the robot’s service life, from a brand-new condition (wear state w = 0) to a severely worn
state (w = 0.8). Using a simplified two-joint manipulator executing a sinusoidal trajectory, the resulting
joint friction torques corresponding to various wear states are plotted in Figure 4. The results indicate
that, under an identical motion trajectory and speed, the joint friction torque increases progressively with
advancing wear. By incorporating the wear state variable w, the model adapts the friction coefficient to
the wear progression, enabling precise characterization of the time-varying and dynamically evolving
nature of joint friction.

Furthermore, under noise-free and force-free conditions, the robot was commanded to follow the
multi-frequency trajectory defined in Eq. (42). The SNGMO output before and after applying the
dynamic friction compensation is compared in Figure 5. Taking Joint 2 as an example, without fric-
tion compensation (blue dashed line), significant torque spikes occur in the low-speed reversal region
near the velocity zero-crossing (indicated by the gray dashed zone). After compensation via the pro-
posed dynamic friction model (red solid line), these spikes are effectively suppressed within this region.
The resulting output is closer to zero and exhibits overall smoother behavior, demonstrating the efficacy
of the integrated friction compensation.

In addition to the preceding six-joint URSe simulations, a unified simulation benchmark was
established to compare the proposed SNGMO with the conventional GMO and two representa-
tive momentum-observer-based methods, namely NESMO [26] and FTNESMO [22]. The 2-DOF
planar manipulator model and nominal dynamic parameters reported in [26] were adopted, with
L, = L,=04m, m;=3.1kg, and m,=2.1kg. All four observers were evaluated using the same
dynamic model, reference trajectory, external torque disturbance, and measurement-noise conditions.
NESMO and FTNESMO were reimplemented according to their published formulations and design
principles. Parameters that were not explicitly reported or were not directly transferable to the 2-DOF
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Table V. Sources and tuning procedures for the parameters of the comparison methods.

Parameter Source Role in the original study Selection in this study
Pi» Ni» 6is b; NESMO, Eqgs. Nonlinear error-feedback and Tuned for the disturbance range
(29) and (32) convergence adjustment; of the 2-DOF model and
simulation- or verified through stability and
experiment-based tuning response tests
Amwﬁ,—, A,,,,—,l,l- NESMO, Egq. Upper and lower uncertainty Set according to the SN - m
32) bounds; no prescribed values external torque and
or tuning rule measurement-noise level
Wis Loy U3 FTNESMO, Observer parameters subjectto ~ Determined by pole placement
Eq. (38) the Hurwitz condition with eigenvalues (—2, —3, —1)
Wy Wng, kK FTNESMO, Adaptive filter-frequency Retuned for the 2-DOF model
Eq. (45) parameters designed for the following the procedure
original 9-DOF platform described in Section 4.3 of the

original FTNESMO study.
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Figure 4. Simulated friction torque results corresponding to different wear states.

model were selected according to the original design requirements and retuned under the unified simula-
tion conditions. The parameter sources, roles, and selection procedures are summarized in Table V.

During the simulation, the external torque was stepped from O to SN -m at r =4 s and removed at
t =6 s. The performance was evaluated using the RMS residual during the predefined collision-free
interval and the detection delay. The latter was defined as the time interval between the application
of the external torque and the first crossing of the corresponding detection threshold by the observer
residual. The external torque tracking results are shown in Figure 6, where Figure 6(a) presents the
overall responses and Figure 6(b) provides an enlarged view of the step response. The corresponding
quantitative results are summarized in Table VI.
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Table VI. Performance comparison of different methods under the 2-DOF simulation

conditions.

Performance Metric GMO NESMO FTNESMO SNGMO
RMS residual (N - m) 0.5816 0.1808 0.1622 0.1443
Detection delay (ms) 45.31 22.47 36.20 12.24
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Figure 5. Comparison of SNGMO output before and after friction compensation (noise excluded).

As shown in Table VI, the SNGMO achieved an RMS residual of 0.1443 N - m and a detection delay
of 12.24 ms, both of which were the lowest among the four observers under the present simulation
conditions. These results indicate that the SNGMO reduces residual fluctuations during collision-free
motion while maintaining a rapid response to the applied external torque, thereby providing a favorable
balance between residual suppression and response speed.

6.3. Robustness of collision detection under wear-induced friction parameter drift

To evaluate the robustness of the proposed collision-detection framework under friction-parameter drift,
three representative conditions were considered: the initial state, mild equivalent wear, and moder-
ate equivalent wear. The parameter variations were selected with reference to reported wear-related
degradation trends in harmonic drives and robotic transmissions [36-38]. As summarized in Table VII,
progressively increased values were assigned to the Coulomb friction, static friction, viscous coefficient,
Stribeck velocity, and load-coupling terms. These conditions represent different levels of friction-model
mismatch and do not correspond to specific service times, wear amounts, or physical wear stages.
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Table VII. Representative parameter-drift settings informed by reported wear-related
degradation trends.

Mild equivalent =~ Moderate equivalent

Parameter Initial state wear wear

Coulomb friction t, 1.0 x Nominal 1.08 x Nominal 1.15 x Nominal
Static friction T, 1.0 x Nominal 1.10 x Nominal 1.18 x Nominal
Viscous coefficient o 1.0 x Nominal 1.06 x Nominal 1.12 x Nominal
Stribeck velocity ¢, 1.0 x Nominal 1.09 x Nominal 1.16 x Nominal
Load coupling « 1.0 x Nominal 1.10 x Nominal 1.18 x Nominal

Overall torque tracking performance
T T
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Figure 6. Comparison of external torque tracking performance among different observers: (a) Overall
torque tracking performance; (b) Zoomed-in view of the step response.

Three configurations were compared under the same motion trajectory specified in Eq. (42) and iden-
tical collision conditions: (A) the conventional GMO using the nominal friction model, (B) the SNGMO
using the nominal friction model without wear compensation, and (C) the SNGMO incorporating the
wear-compensated friction model. For each equivalent wear condition, a continuous collision-free simu-
lation was first conducted to calculate the Mean Per-Joint Residual RMS and sample-level false-positive
rate (FPR). A predefined random collision sequence with equivalent external joint torques rang-
ing from 10 to 30N -m was then applied under the same parameter-drift conditions to evaluate the
collision-detection success rate.

The statistical results are summarized in Table VIII. With increasing wear severity, Configurations A
and B exhibited noticeable performance degradation due to friction-model mismatch. Under moderate
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Table VIII. Collision detection robustness under wear-induced friction drift.

Mean per-joint

residual RMS under Detection
Wear collision-free motion Sample-level  success
condition Configuration (N-m) FPR (%) rate (%)
Initial state Config. A 1.17 8.7 95
Config. B 0.63 1.2 100
Config. C 0.63 1.2 100
Mild equivalent wear Config. A 1.60 12.1 88
Config. B 0.89 54 94
Config. C 0.66 1.6 100
Moderate equivalent wear Config. A 2.10 18.3 72
Config. B 1.22 10.8 81
Config. C 0.70 2.3 98

Within the considered simulation model and parameter-drift ranges, Config. C showed less degradation in residual
fluctuation, false-positive rate, and detection success rate than Configs. A and B.

equivalent wear, Configuration B showed a mean per-joint residual RMS of 1.22 N - m, a sample-level
FPR of 10.8%, and a detection success rate of 81%. In contrast, Configuration C achieved a residual
RMS of 0.70N - m, an FPR of 2.3%, and a detection success rate of 98% under the same simulation
condition.

7. Experiment-based evaluation of the SNGMO on URSe platform
7.1. Experimental platform and system

The experimental platform (shown in Figure 7) consists of a URSe collaborative robot, its control cabi-
net, a host computer, and a digital force gauge (manufactured by Wenzhou Weidu Electronics Co., Ltd.).
The robot kinematics are described using standard Denavit—Hartenberg parameters, and its dynamic
parameters were identified through a batch least-squares procedure [34].

Custom control software, developed in C++ and Python on the host computer, communicates with
the robot controller via the proprietary Real-Time Data Exchange (RTDE) interface, operating at a2 ms
control cycle. During motion, joint-embedded encoders provide real-time measurements of joint angles,
while motor currents are simultaneously sampled. These signals are processed by the control cabinet
and returned to the host through RTDE for monitoring and logging.

The host computer uses the received feedback (joint angles and currents) to execute trajectory
planning and to run the embedded collision-detection algorithm. The resulting torque commands are
sent back through RTDE to the control cabinet, which converts them into drive signals for the servo
amplifiers, thereby actuating each joint motor.

To evaluate the real-time feasibility of the proposed framework, the host-side algorithm execution
time was measured during 500 Hz RTDE operation. The timing included the robot dynamics calcula-
tion, dynamic Stribeck friction compensation, SNGMO state and velocity-dependent parameter updates,
time-varying threshold calculation, and collision decision, while excluding RTDE communication and
internal controller processing. The average and maximum execution times of the complete SNGMO pro-
cedure were 61.9 us and 97.6 us, corresponding to 3.10% and 4.88% of the 2 ms data-update period,
respectively. Compared with the conventional GMO, the average execution time increased by 23.7 us.
These results show that the host-side computation remained within the available update period under
the present experimental configuration.

The host-side execution time is distinct from the collision-detection delay, which is additionally
affected by the observer dynamics, threshold crossing, and discrete sampling. Therefore, the host-side
computational cost was not the dominant contributor to the measured detection delay.
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Figure 7. Robot experimental platform.

7.2. Experimental validation of SNGMO performance

Building upon the URSe robotic experimental platform described in Section 7.1, this section presents
an experimental evaluation of the proposed SNGMO. The primary objectives are twofold: (1) to vali-
date the effectiveness of the SNGMO in suppressing residual fluctuations and tracking external torque
responses, and (2) to assess the practical utility of the dynamic Stribeck friction model — which incorpo-
rates wear state and operational load factors — in reducing modeling errors and improving observation
accuracy. The validation is conducted in two stages. First, we examine the observer’s ability to suppress
system disturbances in the absence of external forces. This includes evaluating its filtering performance
against sensor measurement noise and its smoothing effect on torque spikes induced by friction non-
linearities during joint reversals. Second, we test the observer’s tracking performance when known
external torques are applied. Both stages are performed with a direct comparison to the conventional
GMO to provide a quantitative comparison of their performance. Observer and friction model param-
eters are configured independently for each joint, using the values established in the simulation study
(Section 6, Tables I and III). The observer gain matrices K,, K,, and K; are six-dimensional diagonal
matrices, whose elements are computed based on the parameters in Table I and Eqgs. (21)—(23), enabling
joint-specific adaptation according to individual dynamic characteristics.

During force-free motion, the URSe is commanded to follow the multi-frequency trajectory given
by Eq. (42). The observed torque outputs from the GMO and the SNGMO are compared in Figure 8.
The results show that the GMO produces significant torque spikes near joint velocity zero-crossings
due to unmodeled friction dynamics. These spikes represent inherent modeling errors and can easily
be misinterpreted as collision events. In contrast, the SNGMO attenuates these commutation-induced
spikes through speed-adaptive gain adjustment. Its output also shows lower fluctuation levels than the
GMO over the tested trajectory.
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Table IX. Root mean square of joint torques without external forces.

Joint i J1 J2 J3 J4 J5 J6
GMO 1.919 2.444 1.203 1.051 0.633 0.219
SNGMO 0.749 0.983 0.434 0.725 0.357 0.086
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Figure 8. Experimental results of GMO and SNGMO outputs under no external force.

To quantify the noise-suppression capability, Table IX lists the RMS values of the observed torque
for each joint under no external force. The data confirm that the SNGMO achieves consistently lower
torque estimation RMS across all joints than the GMO, with an average reduction of approximately
53%. These RMS results indicate lower residual fluctuations for the SNGMO than for the GMO under
the tested collision-free motion.

To evaluate the external force tracking performance of the SNGMO under dynamic loading, external
force application tests were conducted on the URSe platform. As shown in Figure 9, during a slow robot
motion, a digital force gauge was used to apply a force of 38.95 N along the local —Z’ axis at the tip of
the third link, approximately 0.38 m from the axis of the third joint. Based on the Jacobian matrix of the
URSe, this external force produces equivalent joint torques of roughly 14.8 N -m at Joint3, 8.3 N-m at
Joint2, and 7.1 N-m at Joint 1. The disturbance therefore predominantly affects the first three joints,
while the rear three joints remain largely unaffected. Accordingly, the following analysis focuses on the
observer outputs for Joints 1-3.

Figure 10 compares the equivalent torque estimates from the GMO and the SNGMO for these three
joints under the applied force. Both observers respond clearly to the step-like force change occur-
ring at about 5.1 s. However, the SNGMO shows a faster transient response and a smoother output
in this test. For a quantitative comparison, Table X lists the RMS values of the observed torques dur-
ing this test. The SNGMO achieves lower RMS values than the GMO for most joints, demonstrating
that its speed-adaptive mechanism maintains fast disturbance tracking while simultaneously suppressing
internal system noise—thus autonomously balancing responsiveness with noise rejection.
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Table X. Root-mean-square joint torques when a 38.95 n external force is applied to the
third link of the UR5e.

Jointi J1 J2 J3 J4 JS J6
GMO 1.924 2.407 1.601 1.031 0.657 0.212
SNGMO 0.838 1.191 1.449 0.729 0.376 0.083

Figure 9. Application of 38.95 n external force to the third link of the URS5e via force gauge.
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Figure 10. Observer output results when applying 38.95 n external force to the third link of the UR5e.
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Table XI. Peak-amplitude comparison under the 38.95 n loading test.

Reference Peak SNGMO Absolute peak- Relative peak-
equivalent torque response amplitude amplitude
Joint (N-m) (N-m) deviation (N-m)  deviation (%)
I 7.10 7.03 0.07 1.0
2 8.30 8.08 0.22 2.7
I3 14.80 15.10 0.30 2.0

A quantitative assessment of the SNGMO’s improvement over the GMO—in terms of both noise
suppression and dynamic tracking — can be derived by synthesizing the data from Tables IX and X.
Under force-free motion (Table IX), the SNGMO reduced the RMS of the observed torque residual by
an average of 53 % compared to the GMO. This indicates lower collision-free residual fluctuations for
the SNGMO under the tested trajectory. When the 38.95 n external force was applied (Table X), the
SNGMO achieved RMS torque estimates that were comparable to or lower than those of the GMO for
most joints. The time-domain responses in Figure 10 show that the SNGMO responds to the applied load
while producing a smoother output with reduced fluctuations. Thus, the SNGMO retains its external-load
response while maintaining lower output fluctuations. Across both operational regimes, the overall RMS
level of the observed torque was lowered by approximately 47 % on average. This improvement stems
from the observer’s effective noise filtering during collision-free periods combined with its retained
ability to track disturbances rapidly when a collision occurs. As a result, the SNGMO delivers residual
signals with higher SNR and greater reliability for robust collision detection.

To further quantify the torque response under the 38.95 n loading test, the reference equivalent joint
torques were calculated from the measured contact force, contact position, and the Jacobian matrix at
the corresponding robot configuration. The resulting values for J1, J2, and J3 were approximately 7.10,
8.30, and 14.80 N - m, respectively. Since the manually applied force exhibited a transient variation, the
comparison was based on the peak amplitudes within 5.05-5.45 s, which covered the main rising and
peak responses while excluding the subsequent unloading process. For each joint, the maximum absolute
SNGMO output within this interval was compared with the corresponding reference equivalent joint
torque. The results are summarized in Table XI.

As shown in Table XI, the peak SNGMO responses for J1-J3 were 7.03, 8.08, and 15.10N - m,
respectively. The corresponding absolute peak-amplitude deviations were 0.07, 0.22, and 0.30N - m,
with relative deviations of 1.0%, 2.7%, and 2.0%. Thus, under the present contact position, loading
direction, and motion conditions, the relative deviations were below 3%, indicating good consistency
between the SNGMO peak responses and the reference equivalent joint torques.

It should be noted that the reference equivalent joint torques were derived from the force-gauge mea-
surement, contact geometry, and Jacobian matrix rather than measured directly at the joints. Their uncer-
tainty may therefore be affected by the force-gauge accuracy, contact-position and loading-direction
deviations, kinematic parameter errors, and data synchronization. Accordingly, this comparison eval-
uates the transient peak-response consistency of the SNGMO rather than sensor-level joint-torque
measurement accuracy.

7.3. Collision detection experiment

Collision detection experiments were performed on the URS5e platform, integrating the previously devel-
oped time-varying threshold model with the SNGMO. To establish a baseline and calibrate the detection
thresholds under normal (collision-free) conditions, the robot was first programed to track a predefined
reference trajectory:

q,(t) = 0.5 sin (0.27t1)
q,(t) =0.4 s5in (0.3t 4 1 /2)
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Table XII. URS5e time-varying threshold parameter cali-
bration results.

Joint i eq(d) &¢(0) ay(i) ag (i)
J1 —0.025 0.10 1.2 —-1.0
2 —0.035 0.15 1.8 —-1.5
13 —0.030 0.12 1.5 —-1.2
J4 —0.015 0.08 0.8 —-0.7
J5 —0.012 0.06 0.6 —-0.5
J6 —0.010 0.05 0.5 —-04

q;(t)=—0.2+ 0.6 sin (0.167t + m)
q,()=0.34+0.3sin (0.47t +3m /2)
qs(t) = —0.1 4+ 0.2 sin (0.57¢)
qs(t)=0.2+0.35 s5in (0.247t + 1 /4)

(44)

During this baseline motion, the SNGMO output residual 7, the identified model’s dynamic error
estimate 7y, and the post-compensation friction residual 7; were recorded simultaneously. These sig-
nals collectively define the system’s nominal operating state and provide the dataset for calibrating the
time-varying threshold model.

Calibration was carried out according to Eq. (39), with the objective of identifying a parameter set that
aligns the model’s predicted threshold bounds closely with the actual fluctuation range of the observed
residuals. The procedure was as follows:

1. Using the recorded signals 7, 74, and Fy;

2. Solving Eq. (41) via least-squares regression to obtain the diagonal weighting matrices &4 and
&; that minimize the discrepancy between predicted and observed residual envelopes;

3. Determining the bias bounds oy, and oy from the residual distribution, while setting the safety
margin coeflicient « = 15% according to the sensitivity analysis reported in Section 6.1.

The calibration results are summarized in Table XII. The predominantly negative values in &4 indi-
cate an inverse compensatory relationship between the dynamic error estimate 7, and the residualrduring
the construction of the adaptive threshold. In contrast, the positive entries in &; directly reflect the fric-
tion impact across joints, with higher weights observed for load-bearing joints (e.g., Joints 2 and 3),
consistent with their greater friction uncertainty.

The calibrated time-varying threshold parameters were applied to the model defined by Eq. (39).
Under the same collision-free motion (Eq. 44), dynamic threshold boundaries for each joint were gener-
ated in real time. Figure 11 shows the SNGMO output residual (blue solid line) for all six joints, along
with the corresponding time-varying upper bound Uy (red dashed line) and lower bound Ly (green
dashed line). During joint reversal phases (marked by gray dashed zones), the observer output exhibits
pronounced jumps due to friction nonlinearities and measurement noise. The constructed thresholds
synchronously track these fluctuations in both timing and amplitude, effectively encapsulating the signal
variations stemming from internal system dynamics.

To validate the detection performance, the robot was commanded to follow the trajectory in Eq. (44)
while known external forces were applied at different time instants to the second link, third link,
and end-effector using a digital force sensor. The collision locations and directions are illustrated in
Figure 12. The corresponding SNGMO outputs and their time-varying thresholds during these events
are plotted in Figure 13.

To precisely measure the detection latency, a high-speed camera recorded the entire collision
sequence. The exact moment of contact #;,,,« Was determined by identifying the keyframe in which
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Figure 11. Observer output versus corresponding time-varying threshold during collision-free opera-
tion.

(a) Link 2 (first collision)  (b) Link 3 (second collision)  (c) End-effector collision

Figure 12. Collisions between force gauge and URS5e at different positions.

the force sensor contacted the robot, with its timestamp f,4., Synchronized and calibrated against the
robot’s internal clock. The robot’s control system logged joint states and SNGMO outputs at a 2 -ms
sampling period. This synchronization provided a reliable reference for computing the alarm delay.

Collision with the second link (Figure 12(a)): The force sensor recorded an impact of 35.26 N,
corresponding to an external torque of approximately 19.87 N - m. At the moment of impact identified
via video analysis, the observer output remained within the threshold bounds (U =1.771N-m, L; =
—1.492 N-m). Approximately 30 ms later, the SNGMO output exceeded the upper bound, triggering
a collision alarm. Key observer parameters at the first alarm instant are listed in Table XIII. The gain
of the directly affected joint increased at the first alarm instant, consistent with the velocity-dependent
scheduling mechanism.

Collision with the third link (Figure 12(b)): A measured force of 16.32 n (* 9.54 N - m torque) was
applied. The threshold bounds at this instant were [— 1.972,2.343] N-m. The alarm was triggered about
28 ms after the video-calibrated impact time, with both Joint 2 and Joint 3 registering the collision signal.
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Table XIII. Parameters of the observer detecting the first collision.

Joint i g @) on (@) wa@) K@) K@) K@)

J1 0.004 316 3141 3.16 2513 9.96
12 —-0.125 2133 3177 2346  27.01 454.98
13 0.012 4.64 4390 557 3951 21.52
J4 —-0.241 3785 1880  37.85  15.04  1,432.99
J5 1463 50.27 503 4524 377 2,526.62
J6 3.561  37.70 3.14 3016 220 1,421.22

Table XIV. Observer-related parameters upon detection of the second col-

lision.
Joint i q@ wa () wa () K@) K@) K;(i)
! —0.061 6.38 30.32 6.38 24.25 40.73
12 0.112 18.25 32.84 20.07 27.92 332.96
13 0.012 4.64 43.90 5.57 39.51 21.52
J4 0.129 16.33 26.87 16.33 21.49 266.58
J5 0.902 50.26 5.03 45.24 3.77 2,526.34
J6 4.794 37.70 3.14 30.16 2.20 1,421.22
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Figure 13. Observer output values and corresponding time-varying thresholds during collisions.

Observer parameters at the second alarm are shown in Table XIV. A comparison of Tables XIII and XTIV
reveals that under different collision locations and magnitudes, the SNGMO autonomously adjusted
the observer bandwidth and gain according to the real-time joint velocities. The parameter differences
between the two collision events illustrate the velocity-dependent scheduling behavior of the SNGMO,
which coordinates disturbance tracking and residual suppression under different operating states.
Minor collision at the end-effector (Figure 12(c)): For a light external contact identified via
high-speed video, the resulting equivalent joint torque was small and not detected by all upstream links.
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Table XV. Ablation results for the fixed and proposed dynamic thresholds.

Performance metric Fixed threshold Proposed dynamic
Mean threshold-envelope width 5.475 1.995

over the six joints (N - m)
Mean detection delay (ms) 61.3 29.0

Nevertheless, at least one joint residual exceeded its time-varying threshold, indicating sensitivity to the
minor end-effector contact under the evaluated condition.

To isolate the contribution of the threshold mechanism, an ablation comparison was conducted using
the same SNGMO residual signals, with only the collision decision boundaries changed. The fixed
thresholds were determined from the joint-wise upper and lower envelopes of the collision-free resid-
uals, whereas the proposed dynamic thresholds were generated according to Eq. (39). Both threshold
types were calibrated using the same collision-free record and the same 15% outward safety margin.
The collision data were not used for threshold calibration or parameter adjustment.

The threshold-envelope width was defined as the average distance between the upper and lower
decision boundaries, and the detection delay was measured from the video-calibrated contact onset
to the first crossing of the corresponding threshold by the SNGMO residual. Neither threshold type
produced a threshold crossing in the calibration record, and both detected all three collision events
considered in this comparison. As summarized in Table XV, the mean threshold-envelope width over
the six joints decreased from 5.475 N - m with the fixed thresholds to 1.995 N - m with the proposed
dynamic thresholds. For the first two collision events with synchronized high-speed-video refer-
ences, the mean detection delay decreased from 61.3 ms to 29.0 ms. The third minor collision event
was included in the detection count but excluded from the delay calculation because a quantitative
video-synchronized contact-onset time was unavailable. These results suggest that, under the present
experimental conditions, the proposed dynamic thresholds provided a narrower threshold envelope
and shorter detection delays without reducing the number of detected events. The collision-free result
was obtained from the threshold-calibration record and therefore does not constitute an independent
evaluation of generalization performance.

To further evaluate the repeatability and detection performance of the proposed method, repeated
collision experiments were conducted at fixed positions on the second and third links, as shown in
Figures 12(a) and (b). At each position, low, medium, and high target levels were set within a reference
equivalent external joint torque range of approximately 10-30 N - m. Each position—torque-level com-
bination was repeated ten times, resulting in 60 collision trials. The digital force gauge and high-speed
camera were used only to provide reference force information and determine the collision onset, while
both observers used the robot’s internal feedback signals for detection.

The recorded data from each trial were processed using both the GMO and SNGMO. Detection delay
was defined as the interval between the video-calibrated collision onset and the first threshold crossing
of the observer residual. The mean, standard deviation, and 95% confidence interval were calculated
from successfully detected trials, whereas missed detections were included only in the detection counts
and miss-detection rates. The pooled results for the three torque levels at each collision position are
summarized in Table XVI.

In Collision Case 1, the GMO and SNGMO successfully detected 28 and 30 of the 30 trials, with
mean delays of 52.4 and 28.7 ms, respectively. In Collision Case 2, they successfully detected 27 and 29
trials, with mean delays of 58.6 and 26.4 ms. Under both scenarios, the SNGMO exhibited fewer missed
detections, shorter mean delays, smaller standard deviations, and narrower 95% confidence intervals.

To evaluate false triggering under noncontact operation, 50 additional trials were performed using the
same normal motion trajectory without external contact. A trial was classified as false positive if at least
one incorrect collision alarm occurred. As shown in Table X VII, the GMO produced three false-positive
trials, corresponding to a test-level FPR of 6.0%, whereas the SNGMO produced one false-positive trial,
corresponding to a rate of 2.0%.
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Table XVI. Statistical analysis of collision detection performance in repeated collision trials.

Collision Successful detections  Mean SD 95% Miss-detection
scenario Method /total trials delay (ms) (ms) CI(ms) Rate (%)
Collision Case 1 GMO 28/30 52.4 9.8 [48.6,56.2] 6.7
SNGMO 30/30 28.7 4.6 [27.0,30.4] 0
Collision Case 2 GMO 27/30 58.6 10.7 [54.4,62.8] 10.0
SNGMO 29/30 26.4 5.0 [24.5,28.3] 33

Table XVII. Trial-level false-positive performance under noncontact operation.

Method True-negative trials False-positive trials Test-level FPR (%)
GMO 47 3 6.0
SNGMO 49 1 2.0

These results show that, under the tested collision positions, torque range, and normal motion condi-
tions, the SNGMO achieved fewer missed detections and false-positive trials, together with shorter and
more consistent detection delays than the GMO.

8. Conclusions

This paper presents the SNGMO for robot collision detection. The proposed framework integrates a fric-
tion model incorporating load-dependent and wear-related parameter variations, a velocity-dependent
observer gain mechanism, and a time-varying threshold strategy. These components are designed to
improve residual suppression and collision-response performance under varying joint-motion condi-
tions.

The proposed method was evaluated through MATLAB/Simulink simulations and experiments on a
URS5e robotic platform. Under the evaluated simulation conditions, the SNGMO improved the SNR by
approximately 1.38 dB and reduced the disturbance-estimation MSE by 42.4% compared with the con-
ventional GMO. The unified simulation comparison with representative momentum observers further
showed that the SNGMO achieved a favorable balance between collision-free residual suppression and
disturbance-response speed under the adopted model, trajectory, noise, and parameter settings.

In the physical experiments, the combined SNGMO and friction-compensation strategy reduced the
overall RMS level of the observer output by approximately 47% relative to the conventional GMO across
the collision-free and 38.95 n loading tests. Repeated collision experiments involving different contact
locations and external disturbance levels showed that the SNGMO achieved shorter detection delays,
lower delay dispersion, and fewer missed detections. These results indicate improved collision-response
speed and consistency on the UR5e platform under the tested conditions. The online collision-detection
algorithm relies on internal robot measurements and does not require an additional external force/torque
sensor during operation; the external measurement devices used in this study served only as experimental
references.

The current validation nevertheless has several limitations. First, the robustness analysis under
wear-induced friction degradation is mainly based on representative equivalent parameter-drift simula-
tions rather than staged physical degradation experiments. Second, the physical validation is limited to a
single URS5e platform and a finite set of trajectories, contact locations, and disturbance levels. Therefore,
the present results do not establish broad applicability to robots with different mechanical architectures,
transmission types, or sensing and control configurations.

Future work will collect long-term operational data at different degradation stages to investigate
actual friction-parameter evolution and develop online parameter-updating strategies for the wear-aware
model. The proposed framework will also be evaluated on additional robotic platforms and under more
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diverse motion, payload, contact, and human—robot interaction conditions to further assess its long-term
reliability and broader applicability.
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