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a b s t r a c t

Swift perception of interaction forces is a crucial skill required for legged robots to ensure safe human–
robot interaction and dynamic contact management. Proprioceptive-based interactive force is widely
applied due to its outstanding cross-platform versatility. In this paper, we present a novel interactive
force observer, which possesses superior dynamic tracking performance. We propose a dynamic cutoff
frequency configuration method to replace the conventional fixed cutoff frequency setting in the
traditional momentum-based observer (MBO). This method achieves a balance between rapid tracking
and noise suppression. Moreover, to mitigate the phase lag introduced by the low-pass filtering, we
cascaded a Newton Predictor (NP) after MBO, which features simple computation and adaptability.
The precision analysis of this method has been presented. We conducted extensive experiments on
the point-foot biped robot BRAVER to validate the performance of the proposed algorithm in both
simulation and physical prototype.
© 2024 The Author(s). Published by Elsevier B.V. on behalf of ShandongUniversity. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The capability of real-time interactive force perception is cru-
ial for ensuring the safety, stability, and adaptability of robotic
ystems across various applications, including manipulation, lo-
omotion, and human–robot interaction [1–3]. Interaction force
lays a pivotal role in enabling robots to perceive the character-
stics of manipulated objects and interaction surfaces, providing
ssential references for motion planning [4,5], as shown in Fig. 1.
oreover, interaction force sensing is an essential requirement

or implementing disturbance compensation control in robotic
ystems [6–8]. Some scholars proposed methods for contact es-
imation and interaction surface perception based on alternative
nformation, such as sound [9,10] and vision [11–13]. However, in
ark and noisy environments, force-based tactile sensing provides
ore stable information for robots during operation.
In recent years, a large number of interactive force estima-

ion methods for robotic systems have emerged. According to
heir principles of working, they can mainly be categorized into
roprioceptive and exteroceptive perception. The exteroceptive
erception refers to a category of approaches that require the
se of external sensor systems for interaction force estimation.
im et al. introduced a method to estimate the three-axis contact
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667-3797/© 2024 The Author(s). Published by Elsevier B.V. on behalf of Shandong U

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
force and its position on the cover surface by installing a six-
axis force/torque sensor between the cover and the link of the
robot manipulator [14]. Long et al. developed an ultra-thin three-
axis force sensor for robot wrists based on FBG for real-time
interactive force estimation [15]. Dai et al. introduced a flexible
and multifunctional intelligent skin for estimating interactive
forces and touch positions [16]. While external sensors can yield
precise estimation results, the incorporation of additional sensor
devices results in heightened system complexity and reduced
cross-platform compatibility.

Another category, known as ‘‘proprioceptive perception’’, re-
lies on utilizing intrinsic information from the robot system, such
as joint torques and joint velocities, for the estimation of inter-
action forces and terrain recognition. This category of methods is
widely applied and promoted due to its excellent cross-platform
universality. For example, Zhang et al. developed an integral
sliding-mode observer to estimate the external forces of Euler–
Lagrangian systems [17]. Zhang et al. presented an algorithm for
estimating and regulating contact forces in a floating-base system
for position control, independent of joint torque information [18].
Apart from this, the momentum-based observer (MBO) [4] is a
powerful method for estimating interaction forces, eliminating
the need for external sensing devices. This method avoids the
use of indirectly measurable joint accelerations by introducing
the concept of momentum.

For example, Englsberger et al. developed an external force
estimator based on the MBO concept, enabling the TORO robot to
niversity. This is an open access article under the CC BY-NC-ND license
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Fig. 1. Diagram illustrating the interaction between the robot and its
environment.

withstand external forces equivalent to 15% of its body weight in
simulation [19]. Morlando et al. introduced a momentum-based
observer, enabling the quadruped robot DogBot to accurately
detect external force imposed on the body in simulation [20].
Bretl et al. introduced a discrete-time extension of the generalized
momentum disturbance observer for estimating ground reaction
forces on the MIT Cheetah 3 robot [21]. However, configuring
the cutoff frequency for MBO is a critical issue. A low cutoff fre-
quency can suppress high-frequency noise in estimation results
but compromises rapid tracking capability. On the other hand, a
high cutoff frequency can accurately capture the contact/release
states of the feet but may lead to a decline in estimation accuracy.
The rapid tracking capability can provide accurate reference for
the robot’s contact management, while precise estimation results
are a necessary condition for external disturbance compensa-
tion. Therefore, striking a balance between the observer’s rapid
tracking capability and accuracy constitutes a challenge that such
observers must confront.

To address this issue, we propose a dynamic cutoff frequency
configuration scheme for MBO, aiming to strike a balance be-
tween rapidity and accuracy. Furthermore, regardless of the type
of filter used in MBO, it inevitably introduces a phase lag in the
estimation results. The aforementioned algorithms have scarcely
addressed how to cope with the phase lag issue of the ob-
server. Inspired by advancements in radar signal processing [22],
we cascaded a newton predictor (NP) after MBO. This method
employs a local modeling approach for extrapolation of the es-
timated signal to alleviate the phase lag introduced by filtering.
We conducted extensive experiments on the torque-controller
biped robot BRAVER [23], demonstrating the capabilities of the
proposed observer in both simulation and physical prototyping.

The remainder of this paper is organized as follows: In Sec-
tion 2, we present the dynamic cutoff frequency MBO and its
derivation. Section 3 introduces the concept of Newton predictor.
Sections 4 and 5 respectively exhibit the experimental results of
the simulation and physical prototype.

2. Momentum-based observer

Fig. 2 presents an overview of the observer proposed in this
paper. The first part of this algorithm is a MBO derived based
on the robot’s dynamics model. Differing from conventional al-
gorithms, we implemented a dynamic cutoff frequency configu-

ration scheme for MBO. The second component of the algorithm is

2

Fig. 2. Overview of the proposed observer.

a newton predictor, appended after MBO, designed to ameliorate
the phase lag introduced by the filter. The derivations provided
below are based on a floating base system for illustration, and
they are also applicable to systems with a fixed base.

2.1. Robot dynamics

As the robot maneuvers through the environment, its resultant
dynamic model can be formulated as

M(q)q̈ + C(q, q̇)q̇ + g = S⊤τ +

∑
i∈C

J⊤i (q)ui (1)

where M ∈ R(6+n)×(6+n), C ∈ R(6+n)×(6+n), g ∈ R6+n are the
inertia matrix, Coriolis matrix and gravity vector, respectively;
S =

[
0n×6 In

]
is the actuated part selection matrix; τ ∈ R(n)

is the actuation torques; ui ∈ R3nc is the ground reaction forces
(GRFs) of ith supporting limb; Ji ∈ R3nc×(6+n) represents the
Jacobians that transpose the GRFs into the acceleration of the
COM and the actuated joints for the ith contact limb, while n
and nc denote the number of active degrees of freedom (DoF) and
the number of limbs in the support state, respectively. The set C
contains all subscripts corresponding to limbs in contact.

2.2. Interaction force estimation

The proprioceptive-based interaction force estimation method
was firstly proposed in [4] for manipulator collision sensing. This
approach avoids reliance on force sensing devices and angular ac-
celeration signals that are not directly measurable. The effective-
ness of this method has been validated on multiple platforms [7,
24]. Therefore, we still base our interactive force observer design
on this concept.

By isolating the joint motion component from Eq. (1), we can
derive

Sj (M(q)q̈ + C(q, q̇)q̇ + g) = τ + Sj
∑
i∈C

J⊤i (q)ui (2)

here, S j ∈ Rn×(n+6) represents the selection matrix for the compo-
nents of the limbs. Consider the force transmitted by each contact
point as an external disturbance, and define a vector to represent
it

τd = Sj
∑
i∈C

J⊤i (q)ui (3)

To mitigate the impact of high-frequency noise, a filtered variant
of this vector, denoted as τ̂d, can be computed in the following
manner:

τ̂ = G (z)τ (4)
d F d
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here z denotes the z-domain variable, and ∆t signifies the
ampling period; and GF (z) is a discrete filter and its ith diagonal
element takes the following form

GF ,i(z) =
b0 + b1z−1

+ b2z−2
+ · · · + bmz−m

a0 + a1z−1 + a2z−2 + · · · + anz−d (5)

where, m represents the degree of the numerator polynomial,
while d indicates the degree of the denominator polynomial.

Bledt et al. [21] configured GF ,i in the form of a first-order
low-pass filter and proposed an alternate derivation of this ob-
server fully in discrete time, rendering the model more faithful
to the actual situation. This approach computes the acceleration
term Mq̈ through a convolution sum, utilizing the discrete-time
equivalent of integration by parts referred to as summation by
parts. Due to the superior filtering performance and response
speed of a second-order filter compared to a first-order low-pass
filter [25], in this paper, we use a discrete MBO augmented with
a second-order low-pass filter

GF ,i(z) =
(1 − λ1,i)
1 − λ1,iz−1 −

(1 − λ2,i)
1 − λ2,iz−1 (6)

where λ1,i and λ2,i are filter coefficients. Then, GF (z)M(q)q̈ can be
written as

GF (z)M(q)q̈ =

N∑
k=0

wn−kM (qk) q̈k (7)

where wk represents the impulse response of the filter. Learned
from [21], Eq. (7) can be transformed into the following form

Bρn+1 −

n∑
k=0

wn−k

(
1

∆t
(Mk+1 − Mk) q̇k+1 + Bρk+1

)
(8)

where B is a diagonal gain matrix, and its ith diagonal element is

Bi = β1,i − β2,i, βj,i = (1 − λj,i)λ−1
j,i /∆t, j = 1, 2 (9)

where ρ = Mq̇ is the generalized momentum. Then, by using the
forward Euler method
1

∆t
(Mk+1 − Mk) = Ṁk (10)

nd the property of the inertia matrix M [26]

˙ = C + C⊤ (11)

q. (7) can be simplified as

F (z)Mq̈ = Bρ − GF (z)
(
Cq̇ + C⊤q̇ + Bρ

)
(12)

Assuming ρ(0) = 0 indicates that the observer’s initialization
ust precede the robot control. Consequently, Eq. (4) can be

eformulated as

ˆd = BS jρ − GF (z)Sj
(
Bρ + S⊤τ + C⊤q̇ − g

)
(13)

ubsequently, the interaction force for each leg can be obtained
y

i =
(
SiJ⊤i

)−1 Siτ̂d (14)

here Si denotes the selector matrix for the joints in limb i, Ji
represents the Jacobian matrix for the ith supporting leg, and ui
stands for the GRFs of the ith supporting leg.

2.3. Dynamic cutoff frequency

Let λ be the cutoff frequency of the second-order low-pass
filter in Eq. (6), and T be the gait cycle. For legged robots, the
GRFs is one of the crucial indicators for assessing contact sta-
tus. Therefore, we anticipate that the estimated GRFs by the
3

Fig. 3. Dynamic cutoff frequency diagram. In this case, using a bipedal robot as
an example, 1 and 2 denote the left and right legs. The dark areas indicate the
support phase, while the white areas indicate the swing phase.

observer should promptly reflect the transition process between
support and swing phases. However, this presents a contradic-
tory choice—setting the cutoff frequency too high enhances the
observer’s rapid tracking ability but results in the estimation in-
corporating a significant amount of noise, especially when in the
swing phase. Conversely, setting it too low leads to a degradation
in tracking performance. In our case, we implemented a dynamic
frequency configuration method. When in the vicinity of the
transition phase between support and swing, the cutoff frequency
is increased to swiftly capture the contact/swing states. When
the phase is far from the transition states, the cutoff frequency
is reduced to obtain accurate estimation results. In our case, we
employ the dynamic cutoff frequency configuration method as
illustrated in Fig. 3, with its mathematical expression given as
follows:

λ =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

λa, 0 ≤ t/T ≤ p1,
λb, p1 ≤ t/T ≤ p2
λc, p2 ≤ t/T ≤ p3
λb, p3 ≤ t/T ≤ p4
λa, p4 ≤ t/T ≤ 1

(15)

3. Newton predictor

The above derivation reveals that, inevitably, filters are em-
ployed in the MBO. The filter is capable of efficiently filtering
noise; however, it may induce phase lag, which poses a signifi-
cant disadvantage for high real-time control systems. Given that
the robot systems primarily depend on state feedback control,
excessively delayed feedback information may lead to oscillations
and even instability of the system. A major solution to resolving
this issue is to model the estimated signal. The NP exhibit a
desirable trait for extrapolation of polynomials, owing to their
inherent attributes of having a straightforward design process
and a relatively low computational complexity [27]. In our work,
the NP is utilized to alleviate the phase lag of the estimated
acceleration signals. In this article, we present only a subset
of important equations and their derivations. For more detailed
information, please refer to [28].

3.1. Principle of Newton predictor

For a set ofM+1 distinct real numbers x0, x1, . . . , xM with cor-
responding values y0, y1, . . . , yM , there exists a unique polyno-
mial pM of degree at most M that fulfills the following condition:⎡⎢⎢⎢⎢⎢⎢⎢⎣

1 x0 x20 . . . xM0
1 x1 x21 . . . xM1
1 x2 x22 . . . xM2
...

...
...

...
...

2 M

⎤⎥⎥⎥⎥⎥⎥⎥⎦

⎡⎢⎢⎢⎢⎢⎢⎣

v0

v1

v2

...

v

⎤⎥⎥⎥⎥⎥⎥⎦ =

⎡⎢⎢⎢⎢⎢⎢⎣

y0
y1
y2
...

y

⎤⎥⎥⎥⎥⎥⎥⎦ (16)
1 xM xM . . . xM M M
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here vi, i ∈ [0,M] represents a constant representing the
oefficients of the polynomial.
To write the above equation in polynomial form, we have

M (x) =

M∑
j=0

cj
j−1∏
i=0

(x − xi) (17)

ith

j =
yj − pj−1

(
xj
)(

xj − x0
) (

xj − x1
)
. . .

(
xj − xj−1

) , p0 ≡ c0 = y0 (18)

It can be expressed in polynomial form as follows:

pM (x) = ζ1 + ζ2x + ζ3x2 + · · · + ζMxM−1
+ ζM+1xM (19)

where the polynomial coefficients ζj, j ∈ [0,M], are unknown
real constant. M is the order of the assumed polynomial. As
per [27], the N-step ahead NP for an M-order polynomial can be
represented by a z-domain transfer function:

HN
M (z) =

M∑
k=0

(
1 − z−N)k

(20)

here N is the prediction horizon. The above equation demon-
trates that the NP possesses the advantage of a reduced com-
utational load, rendering it particularly suitable for implemen-
ation in the onboard controllers of legged robots characterized
y limited computing resources. Moreover, during practical com-
utations, it is not necessary to know the coefficients of the
olynomial, so in a sense, it can also be considered as an adaptive
stimator. Substituting Eq. (20) into Eq. (13) and extrapolating for

ˆd yields:

d = HN
M (z) τ̂d (21)

Subsequently, we substitute τ̃d into Eq. (14) to solve for in-
eraction forces. Eq. (20) indicates that the newton predictor
equires two parameters, n and M , to be predefined by the user.
ncreasing M will improve the degree of approximation between
he polynomial and the actual signal, but it requires the uti-
ization of information from more past moments. Excessively
tilizing past estimated values for forward prediction can result
n error accumulation, ultimately leading to a reduction in the
recision of the estimation. Increasing N will result in longer
redictions of the estimated signal, but it will also increase es-
imation errors. The selection of these two values needs to be
ased on the actual circumstances. In practical deployment, the
maller the passband of the low-pass filter, the more pronounced
he effect of the predictor will be.

.2. Precision analysis

In this section, we will elaborate on the quantitative analy-
is using polynomial approximation of acceleration signals. As
iscussed in [29], low-order polynomials can provide accurate
pproximations for many real-world signals.
Assuming p(x) is a polynomial of degree at most M which

nterpolates f (x) at the M + 1 distinct points x0, x1, . . . , xM in
a, b], that is

M (x) =

M∑
j=0

cj
j−1∏
i=0

(x − xi) (22)

ith
M (xi) = f (xi) , i = 0, 1, . . . ,M (23)

4

Fig. 4. The topological diagram and coordinate system definition of BRAVER. W
is the world coordinate system and B is the body attached frame.

As analyzed in [28], if the M th-order derivatives of f (x) exist for
each x ∈ [a, b] there exists a number ξx ∈ (a, b) such that

f (x) − p(x) =
1

(M + 1)!
f (M+1) (ξx)

M∏
i=0

(x − xi) (24)

where f ∈ CM+1
[a, b], (M+1)! = (M+1)(M)(M−1) · · · 2·1. Define

∆xi as the distance between the ith data point and the (i − 1)th
data point, we have

∆xi = xi − xi−1 (25)

In real-time robotic systems, the sampling points are equally
spaced, thus

∆t = ∆xi (26)

According to Eq. (26), the following inequality holds
M∏
i=0

|x − xi| ≤
1
4
∆tM+1M! (27)

If we also assume that the derivatives of f (x) are bounded,
i.e., |f (M+1)(x) ≤ h̄|, then we get

|f (x) − p(x)| ≤
h̄

4(M + 1)
∆tM+1 (28)

hus, the error for interpolation with degree-M polynomials is(
∆tM+1

)
. When deployed on legged robots, a limited number of

istorical moments is usually chosen, and M is not large, making
the above assumption feasible.

4. Simulations

To gauge the algorithm’s performance, we conducted multiple
sets of experiments within a simulated environment. The NP-
MBO described in this article is evaluated on our virtual robot,
called ‘‘BRAVER’’, illustrated in Fig. 4. Both the locomotion control
loops and interactive forces estimator are executed in real-time
threads operating at a frequency of 500 Hz. The robot was set
up to execute high-dynamic walking with a stepping frequency
of 2.5 Hz and a gait duty cycle of 0.55. In all comparative ex-
periments, MBO and NP-MBO were configured with the same
cutoff frequency. Due to the lower noise level in the simulation
environment, a consistent cutoff frequency is applied throughout
the entire phase. Throughout all tests, we employed M = 2 and
N = 1 in the Newton Predictor for forward prediction.
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Fig. 5. A sequential snapshot of the simulation scenario for the GRFs estimation
experiment.

Table 1
Comparison of RSME under different estimation schemes.

Case RSME

NP-MBO MBO

GRFs(x) 3.9418 4.5359
GRFs(y) 3.9721 6.8936
GRFs(z) 3.499 18.4357

4.1. Real-time GRFs estimation

A key aspect of the observer presented in this article is its
tilization of the Newton Predictor, which enhances the phase lag
f force estimation outcomes. To demonstrate its effectiveness,
e conducted comparative experiments between using MBO and
P-MBO. In this test, we use two observers to estimate the real-
ime interaction forces during robot walking and compare them
ith the true values. The snapshots of this experiment is shown

n Fig. 5.
The performance of these two approaches is qualitatively as-

essed by determining which one yields a lower Root Mean
quared Error (RMSE). Fig. 6 shows the experimental data in-
icates that the presented method exhibits a superior ability
o rapidly track real-time interaction forces in comparison to
he traditional MBO. The RMSE data shown in Table 1 further
alidates the conclusion that the proposed algorithm can enhance
he estimation accuracy compared to the traditional MBO.

.2. External disturbance estimation

To further demonstrate the performance of our observer, we
onducted a comparative test for external disturbance perception.
he simulation is configured to have BRAVER walk at a constant
peed in the +x direction. Subsequently, a disturbance with a
maximum force of 10 N is applied to the robot’s center of mass
in the y direction. Simultaneously, we utilized the external force
estimation scheme proposed in [8] to estimate the disturbance.
The locomotion controller, gait timing, and external disturbance
remain consistent across both tests, with the only difference
being the interactive forces estimation scheme. Fig. 7 illustrates
a sequential series of snapshots depicting the simulated scenario
for this experiment. Fig. 8 presents estimated data for the GRFs
during dynamic locomotion. It demonstrates that our proposed
approach improves the accuracy of disturbance force estimation
compared to the traditional MBO. It is worth noting that the
lag in disturbance estimation observed in Fig. 8 stems from the
particular filtering structure of the algorithm in [8], and is not
caused by the observer proposed in this paper.
5

Fig. 6. Simulation. Comparison of ground reaction forces estimation for different
observers. GRFs(x), GRFs(y) and GRFs(z) represent the plantar forces in the x, y
and z directions respectively.

Fig. 7. Snapshots of disturbance estimation. The blue arrows represent external
disturbances.

Fig. 8. Simulation. Comparison of external disturbances estimation for different
interaction force observers.

5. Experiment

5.1. Comparison of GRFs estimation

To evaluate the practical applicability of the proposed algo-
rithm in real-world scenarios, we conducted experimental
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Fig. 9. Snapshots of real-time GRFs estimation.
Fig. 10. Comparison of interaction force estimation for different schemes during bipedal robot walking. All data is extracted from the right leg.
validation using the point-footed biped robot BRAVER. The pro-
totype experiments maintained the same stepping frequency and
gait duty factor as employed in the simulations. We conducted
four sets of comparative experiments, including fixed-frequency
MBO (with cutoff frequencies of 255 Hz and 30 Hz), dynamic-
frequency MBO (dyn. MBO), and dynamic-frequency NP-MBO
(dyn. NP-MBO). In this test, the dynamic frequencies λa, λb, and
c were set to 70 Hz, 255 Hz, and 30 Hz, respectively. We utilized
he four distinct observers for the estimation of GRFs during the
ynamic walking of the biped robot. Figs. 9 and 10 exhibit the
napshots and estimation results of this experiment, respectively.
he MBO with a cutoff frequency of 255 Hz exhibits good ra-
idity; however, there are noticeable numerical fluctuations, and
ignificant deviations in estimation results occur when the legs
re in the swing phase. The MBO with a cutoff frequency of 30 Hz
xhibits significant phase lag. On the contrary, dynamic cutoff
requency MBO achieves a certain degree of balance between ra-
idity and accuracy. NP-MBO can further enhance the lag induced
y the filter, especially during contact state transitions.

.2. Load perception

To validate the performance of the proposed algorithm in
ractical application scenarios, we also conducted experiment on
RAVER interaction force estimation under load conditions. In
his experiment, we placed a box weighing approximately 1 kg on
he head of the robot while it was walking, and then instructed
he robot to move while carrying the box. The snapshot of the
xperimental process is shown in Fig. 11. During this process, we
6

utilized the proposed interaction force observer to estimate the
variation of the robot’s plantar force. Upon the addition of a load,
the robot necessitates increased force to maintain its stability,
leading to pronounced changes in its plantar force. This exper-
iment seeks to ascertain whether our algorithm can accurately
perceive changes in interaction forces during this process. The
experimental results, as shown in Fig. 12, demonstrate that our
proposed observer can sensitively capture changes in interaction
forces resulting from variations in the robot’s load. Moreover,
the change in the vertical plantar force is approximately equal
to the gravitational force of the box placed on the robot’s head
(approximately 10 N).

6. Conclusion

In this paper, we propose a novel proprioceptive-based inter-
active force observer. Firstly, it replaces the conventional fixed
cutoff frequency setting in the traditional MBO with a dynamic
cutoff frequency configuration, aiming to strike a balance be-
tween rapidity and accuracy. Secondly, compared to previous
algorithms, we take into account the phase lag in the estima-
tion results caused by filters in the MBO. Motivated by signal
processing work in radar and related fields, we incorporated a
newton Predictor after MBO, modeling the estimated signal near
the update point as a polynomial and employing this polynomial
for forward prediction to improve phase lag. We validated the ef-
ficacy of the proposed observer through simulations and physical
tests conducted on the biped robot BRAVER.
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Fig. 11. Snapshots of bipedal robot BRAVER walking with external load.
Fig. 12. GRFs data of bipedal robot BRAVER during walking.

In future work, we will validate the accuracy and speed of
nteraction force estimation on robotic arm systems or humanoid
obots. Additionally, developing a contact detection algorithm for
egged robots based on this algorithm is also one of the future
asks.
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