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Abstract— We introduce novel methods for state estimation,
feedforward and feedback control, which specifically target
humanoid robots with hardware limitations. Our method com-
bines a five-mass model with approximate dynamics of each
mass. It enables acquiring an accurate assessment of the
centroidal state and Center of Pressure, even when direct forms
of force or contact sensing are unavailable. Upon this, we
develop a feedforward scheme that operates on the centroidal
state, accounting for insufficient joint tracking capabilities.
Finally, we implement feedback mechanisms, which compensate
for the lack in Degrees of Freedom that our NimbRo-OP2X
robot has. The whole approach allows for reactive stepping to
maintain balance despite these limitations, which was verified
on hardware during RoboCup 2023, in Bordeaux, France.

I. INTRODUCTION

Robust bipedal locomotion remains a coveted research
goal, still posing several challenges despite much work
in the field. The difficulties stem not only from the high
dimensionality of the problem, underactuation, and complex
dynamics, but also originate from practical issues such as
robot hardware limitations.

If real-time operation and the gap between models and
reality wouldn’t be an issue, optimization-based methods
could be used to plan motions capable of exploiting complex
dynamics [1][2]. Reduced-order models provide tractability
by focusing on the core dynamics of the system, e.g. planning
and executing Center of Mass (CoM) trajectories given a
sequence of Center of Pressure (CoP) locations (footholds).
Examples include Linear Quadratic Regulation (LQR) [3]
and Model Predictive Control [4]. The simplified dynamics
often allow for finding closed-form solutions, such as for
stabilizing the Zero Moment Point (ZMP) [5]. The problem
can also be further reduced by splitting the CoM dynamics
into stable and unstable components, where only the unstable
ones need to be handled. The unstable part is usually called
the Instantaneous Capture Point [6], or its 3D generalization:
The Divergent Component of Motion [7][8]. Single mass
models can also be extended with a flywheel, which models
the Centroidal Angular Momentum (CAM) generated around
the CoM [6]. In recent years, the concept of Centroidal
Dynamics [9] is becoming more popular, allowing for ex-
pressive upper body movement and CAM regulation [10]. In
this regard, there are still open questions, such as finding a
meaningful angular equivalent to CoM [11] or generating
reference CAM trajectories [12]. Our most recent work [13]
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Fig. 1. Centroidal Control of humanoid robots with hardware limitations.
The IMU readings and limb dynamics are fused into a centroidal state of the
robot. Three of such models form the basis of a feedforward compensator.
Reactive stepping feedback is used to counter tilting due to the robot’s
kinematic limitations.

falls into the CoM-ZMP category, but also tackles the men-
tioned issues related to CAM, where we propose to use the
orientation of the Principal Axes of Inertia for direct CAM
regulation.

A common issue of adopting ZMP-based approaches in
physical robots is the assumption that the joint trajectories
producing stable motions can be accurately tracked. In lower
quality hardware, where torque is limited, latencies are sig-
nificant, and backlash is present, this is not the case. Our hu-
manoid NimbRo-OP2X [14] falls into this category, and—so
far—was able to walk only by using hand-crafted gaits with
Central Pattern Generation (CPG) [15][16]. To achieve better
tracking performance, feedforward techniques are typically
applied on the joint level. These methods often require some
system and parameter identification and runtime computation
of expected loads [17]. The modelling complexity of such
schemes can approach extreme levels [18], but learning-
based approaches can alleviate the need to deal directly with
these intricacies [19]. The robot itself might also not be
capable of such dynamic movement, though high-bandwidth
Quasi-Direct Drive (QDD) actuator technology currently
used in quadrupeds allows for shaping ground reaction forces
within milliseconds [20]. Feedforward techniques remain
an important component for bipedal walking, at least until
humanoids utilizing QDD actuation become more wide-
spread [21].

Another requirement for ZMP control is to actually sense
the CoP, which is done using Force-Torque (FT) sensors.
FT sensors are versatile in the sense that they measure not
only if the limb is in contact with the environment, but
what wrench is acting on the system through it. However,
they suffer from noise and creep due to the constant forces
they are subjected to. In systems like ours, without any
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direct form of contact and force sensing, estimating the
external wrench working on the it and assuring balance is not
trivial. Current non-FT ZMP estimators still rely on having
Force Sensitive Resistors (FSRs), or similarly to our previous
work [13] assume the measured torso acceleration approx-
imates the CoM acceleration [22]. In this paper, we show
that a higher-accuracy estimate can be achieved by including
limb dynamics, even without foot sensors altogether. Aside
from restricted sensing options, our system is also limited
in its kinematic structure. Due to a double 4-bar linkage
parallel kinematics design, the legs have only 5 Degrees of
Freedom (DoF) and leave the torso-foot pitch angle locked
to be orthogonal. This makes the robot prone to tilting, and
poses an additional challenge to the balance controller.

The contributions of this paper can be split into three main
components, (see Fig. 1):

• an accurate centroidal state estimator that uses a five-
mass model incorporating limb dynamics;

• a simple, yet effective feedforward scheme, compensat-
ing for state tracking inaccuracies by operating on the
centroidal state; and

• hardware-focused correction mechanisms for a
robot with kinematic restrictions, extending previous
work [13].

Ultimately, we show that even limited hardware can achieve
relatively high performance in bipedal walking with adequate
state estimation and control.

II. FIVE-MASS MODEL

The following section summarizes our five-mass represen-
tation, describing how single mass kinematics and dynamics
relate to joint angles and overall system properties.

A. Limb CoM

The Center of Mass (CoM) for each limb is described
using a triangle parameterization, denoted by P = (ps, pl) ∈
[0, 1] ⊂ R. The side distribution ps divides the lower link of
the limb, forming a vector between the division point and the
limb’s origin. The length distribution pl represents the ratio
of the centroid’s distance to said vectors length. For example,
a triangle with uniform density has ps = 1

2 , pl = 2
3 , and the

origin to CoM vector lies on a median (see Fig. 2).
Both the kinematics and dynamics of a limb’s mass

m∗ are predominantly determined by the limb extension
and rotation. The weight of the end effector (hand, foot)
is included with adequate P values, but its orientation is
omitted due to the negligible effect it has on m∗. Hence,
only the first n limb joints q∗ are necessary to obtain m∗;
with the limb transform T∗ tying these values through P :

m∗ = o∗ + T∗ ,

T∗ =

TxTy
Tz

 = RO

 −aplps sin(qn)
0

−(aplps cos(qn) + cpl)

 ,
(1)

where qn is the bending joint angle (knee, elbow), a, c are
triangle sides, and RO is a matrix obtained from a sequence

Fig. 2. Limb kinematics and dynamics in relation to mass positioning.
Using a triangle mass distribution—parametrized in P—a direct relation
between limb mass movement and joint angles is achieved.

of n−1 rotations performed at the limb origin o∗ (hip,
shoulder). We can then compute the limb mass Jacobian J∗:

J∗ =


∂Tx

∂q1
. . . ∂Tx

∂qn
∂Ty

∂q1
. . . ∂Tx

∂qn
∂Tz

∂q1
. . . ∂Tx

∂qn

 ; ṁ∗ = J∗q̇∗ (2)

tying the limb joint velocities q̇ to its CoM velocity ṁ∗,
which will play an important role in Section III.

B. System CoM and Inertia

The root of the robot is defined as a floating 6 DoF base
frame FB attached to the torso with an orientation of Rt

and its position centered between the hip joint origins hm.
The head—due to its limited range of motion—is considered
as a part of the torso, with their combined mass position
mt set at a configurable offset from FB . This leaves its
movement unconstrained, which is advantageous for visual
tracking algorithms. The robot’s limbs originate at an offset
o∗ to the torso and their joint configuration results in the (left
and right) leg mll, mrl and arm mla, mra CoM (Section II-
A). Combining these five masses mi and accounting for their
physical weight wi we achieve the overall CoM position mc:

mc =

∑
i(miwi)∑

i wi
; i ∈ {t, ll, rl, la, ra}. (3)

The five masses also shape the robot’s inertia IR, which
we partition into the principal axis form using the moments
IPA and orientation RI :

IR = RIIPAR
⊤
I = RI

Ixx 0 0
0 Iyy 0
0 0 Izz

R⊤
I . (4)

The leg masses form a dumbbell which rotates around their
aggregate mass ml named the lower body mass. This is
repeated for the upper body, where the arm masses are
combined with half of the torso mass each into mlu, mru and
rotate around mu. The vector from mu to ml passes through
mc and its normal sets the tilt z-axis zI of the orientation
RI . The definition is complete with the yawing component
ψI , computed from weighted yaw angles of the upper ψu

and lower dumbbells ψl, around zI :

ψI =
ψuwu + ψlwl

wu + wl
,

wu = wt + wra + wla, wl = wll + wrl.
(5)



The computation of RI from zI and ψI follows the inter-
mediate tilt representation from [23].

Our five-mass representation describes the physical prop-
erties of the system with high fidelity across a wide range
of configurations. The tunable mass parameters can account
for even large modelling errors and be fitted to the actual
robot, greatly simplifying the hardware transfer. As the
mapping between our five-mass representation and kine-
matics is unique, we developed an inertia-shaping whole-
body inverse kinematics technique in [24]. By providing the
foot-relative desired centroidal properties mc, RI , and IPA

over time, we achieve simultaneous control over linear and
angular momenta in a uniform fashion. The splitting of the
inertia tensor into the Principal Axes form and the defined,
continuous behavior of RI as an angular counterpart to the
CoM is what sets our approach apart from typically used
methods, e.g. the CoM Jacobian.

III. STATE ESTIMATION

The robot’s state can be captured through various quanti-
ties, some of which can be observed directly with physical
sensors, others indirectly using soft sensors. The Inertial
Measurement Unit (IMU) is crucial to our approach. It
is a versatile sensor providing not only the floating base
(torso) orientation Rt [25] [26] [27], but also the external
forces acting on it through accelerations. The pose of the
robot is reconstructed by measuring the joint angles q with
encoders, which also measure q̇. Next, foot frames FFR,
FFL are obtained, where the lower one is assumed to be
the supporting leg. To prevent unwanted toggling of support
exchanges, a threshold on the height difference is set. With
the whole pose reconstructed, we compute the centroidal
properties mc and IR.

A. Linear Motion

Considering the system as a point mass simplifies analyz-
ing the forces acting on it, which can be directly inferred
through accelerations. In previous work [13], we used a
Kalman Filter (KF) to combine mc and sensed torso acceler-
ation r̈s, with the assumption that r̈s ≈ m̈t ≈ m̈c. The torso
acceleration is rotated from its own frame T m̈t, into a global
m̈t, with gravity g subtracted:

m̈t =
T m̈tRt − g. (6)

This provides fast and sufficiently precise linear motion state
estimates, when the CAM is close to zero. This simple
method is insufficient, though, when the torso is rotating
or when walking at higher speeds—due to significant limb
swinging. By addressing these two issues, we can reduce the
reliance on this assumption. Firstly, the IMU sensor mount-
ing rs rarely coincides with mt. Thus, angular accelerations
of the torso θ̈t contribute a tangential component to the linear
T r̈s measurement:

T r̈s = T m̈t + θ̈t × (rs − mt). (7)

To obtain θ̈t, we simply perform finite numerical differenti-
ation on the gyro measurements. The amplified noise from

the differentiation is handled by increasing the correspond-
ing measurement covariance matrix values of the KF. By
rearranging and incorporating (7) into (6), we remove the
r̈s ≈ m̈t assumption and achieve a purely linear m̈t.

The second issue refers to the correlation between m̈t and
m̈c, in light of the mass distribution. The torso is the root
link anchoring the limbs and their movement will generate
reaction forces around their origin. These forces displace
the torso, similarly to external ones which the IMU detects
through r̈s and θ̇t as disturbances. We incorporate limb
dynamics by considering each limb’s global acceleration
m̈∗—a combination of the origin’s absolute and origin-
relative mass accelerations:

m̈∗ = m̈t + θ̈t × (o∗ − mt) +
T m̈∗Rt. (8)

The total mass acceleration m̈c is then achieved by weighing
the five-mass accelerations similarly to (3). This is then
supplied into the KF instead of m̈t, thus removing the m̈t ≈
m̈c assumption. The origin-relative limb mass accelerations
T m̈∗ were obtained through differentiation of T ṁ∗ from (2).

B. Angular Motion

Concurrent to linear motion, the contribution of angular
motion is equally important in shaping the system dynamics.
Control over it necessitates estimating the angular state.
We have briefly introduced it in [13], with the state be-
ing reconstructed purely from Euler angles θI encoded in
the inertia orientation RI . There was a significant delay
associated with this approach though, which rendered the
estimates inoperable. Specifically, before the state of angular
accelerations finally converged, the real accelerations could
have already significantly changed. Similarly to the linear
motion estimation, we can improve on this by combining
the inertia angles θI with the angular accelerations of the
five masses around mc (denoted as cθ̈i) in the measurement
model of the KF. For each of the masses m̈i, it is important
to consider that CAM is generated only if they differ from
m̈c [28]. The accelerations of the five masses cθ̈i are then:

cθ̈i =
(mi − mc)× (m̈i − m̈c)

∥(mi − mc)∥2
. (9)

Again, simply weighing these angular accelerations as in (3)
yields the total system centroidal acceleration cθ̈I . Alterna-
tively, the angular motion could be calculated using veloc-
ities. As θ̇t along with all limb velocities ṁ∗ are readily
available, the only requirement would be to estimate ṁt.
We decided against this as it would require chaining filters,
potentially introducing stability issues.

IV. CONTROL

The following section describes all the control components
specific to the presented approach. As the methods presented
are an extension of the authors previous work [13], it is
recommended to use it as reference for a better overview.



A. Reference Trajectories

The open-loop trajectory generation scheme is similar to
the one previously presented in the DCC [13], albeit with
modifications and improvements. The Center of Mass mc and
its dynamics resolve with time t from two planar (mc,x,mc,y)
Linear Inverted Pendulum Models (LIPM) with a height of
mc,z = h and Center of Pressure (CoP) rp [29]:

m̈c,x = ω2(mc,x − rp,x), ω =
√
gz/h,

mc,x(t) = mc,x0
cosh(ωt) + ṁc,x0

1

ω
sinh(ωt),

ṁc,x(t) = mc,x0
ω sinh(ωt) + ṁc,x0

cosh(ωt).

(10)

Walking velocity vg is controlled by setting a constant gait
frequency fg and altering the stride length. Step placement
s is initially selected to satisfy the symmetry constraint,
but later refined to maintain continuous trajectories [30].
Previously, the swing foot trajectory would linearly progress
from the last foothold to next one according to the step
progression µ. With the accumulated joint compliance and
tracking errors, often the swing foot would contact the
ground prematurely and still try to move. This degraded
performance, introduced instabilities, and was harmful to the
hardware. We alter the trajectory progression to µa with a
customizable sigmoid σ (µ, p,m):

µa =
σ (µ)− σ (0)

σ (1)− σ (0)
, σ (µ, p,m) =

1

1 + ep(m+0.5−µ)
,

µ ∈ [0, 1), µ[n+ 1] = µ[n] + fg∆t.

(11)

While m ∈ (−1, 1) shifts the midpoint of the output, p
adjusts the steepness of the sigmoid: p→ 0 results in a linear
progression and p→ ∞ in a step function. The combination
of these parameters allows for a speed-up in the progression
and a settling period at the beginning of a step, its end, or
both.

To finalize the trajectory, the inertial properties IR need to
be set. The principal moments IPA are kept constant from
a desired halt-pose, which are then usually adjusted by the
whole body pose generator to satisfy other constraints (mc,
RI ). The robot’s inertia orientation RI is set by combining
a desired tilt z-axis zI and yaw angle ψI (aligned with the
step yaw progression). To prevent tilting moments around
the CoM, zI is aligned with the robot tilt axis, giving a
zero CAM heuristic. In [24], the robot tilt axis was based
purely on averaged foot frame position vectors rFR, rFL

pointed towards the CoM. With a kinematically locked torso,
shaping the inertia is severely limited and might force the
arms to overcompensate with undesired configurations or
rapid movement. We circumvent that by including T mt and
mass distribution in the calculation, thus finalizing RI :

zI =
wu

Σwi
(T mt)−

wl

2Σwi
(rFL + rFR). (12)

B. Feedforward Compensation

To account for known disturbances, we apply a feed-
forward control scheme. Unlike typically used methods
which offset the position or provide expected torques to

Fig. 3. Scheme of the feedforward compensation. The sp model provides
nominal setpoint trajectories, which get transmitted to the tx model. Once
the Lowpass Filters get enabled, they will start comparing the sp values to
the received ones in rx, which will make the tx diverge not only in values,
but also forward it in time. This in turn brings rx closer to sp.

controllers in joint space, our approach focuses on the quan-
tities relevant for the centroidal dynamics. While walking, a
leg can either be supporting or swinging, which is tightly
connected to the loads it is subjected to and thus how
fast it can move. Factors such as external disturbances,
joint friction, backlash, compliance, torque limitations, and
sensorimotor delays can all contribute to poor state tracking.
In the centroidal space, we identified and correct for the
following cases:

• CoM to foot vector: Both with respect to the support
and swing foot, we track the x, y values of mc−rFL/FR

to assure that steady-state offsets rffsup, rffsw are gener-
ated and compensate for the torque necessary to carry
the robot’s mass, or place the swing foot in the desired
position.

• CoM and step height: Similarly to the x, y displace-
ment, from mc, z − rFL/FR,z we infer if either of
the feet need to be pushed down or pulled up to
accommodate for carrying the respective body or leg
weight.

• CoM velocity: Due to dynamically changing loads
within the gait cycle as well as wrongly placed feet, the
CoM might accumulate a velocity error ṁc that needs
to be taken into consideration by applying rv .

• Swing foot orientation: The orientation of the swing
foot RFR/FL is equally important to its placement, as
it allows for a smooth support exchange to take place.

• Support exchange event: If the moment when the foot
hits the ground varies from the expected one, then there
exists a sensorimotor delay (latency) to account for. We
quantify it by measuring the time difference tl.

• Inertia orientation: By measuring the Euler angles θI

of RI , it is easily observable if the upper body has
sufficient torque to move as requested. Gains KI are
applied to the set angles of the inertia rotation to either
enforce more or decrease the rotation of the upper body.

The feedforward compensation scheme consists of three
model states: rx, sp, tx and a block of Lowpass Filters (LPF),
as shown in Fig. 3. During walking, robot measurements of
the above-mentioned quantities are put into rx and compared
against setpoint values sp with the result placed in the



respective value LPF. Due to the symmetry in the lateral
movement, all y values and the roll foot angle are unified
with a multiplication by the leg sign ι: {L = −1,R = 1}.
Toggling the filter input switch effectively enables/disables
the feedforward term estimation process. Once the filters
have been enabled, their output value will slowly approach
the necessary compensation value. At the same time, the
corrective terms are applied to the tx model and transmitted
to the robot, decreasing the sp − rx errors. Before applying
the corrections, the tx trajectories are forwarded in time by
the estimated tl, which essentially predicts away the latency.
The feedback loop in the LPF effectively turns them into
integrators, keeping their value even if their input is disabled.
The LPFs time constant Tf approximately describes the
necessary time for the feedforward terms to settle; we set
it to a duration of several steps. The compensation variables
are estimated at zero and nonzero walking velocities. Based
on the desired walking speed, they are linearly interpolated
for uniform operation.

The usage of the feedforward term depends on the con-
trolled quantity. Unlike the straightforward application of the
leg height and foot angles, the x, y placement of the feet is
less trivial. The trajectories need to be continuous between
steps, meaning that they need to tolerate coordinate frame
changes and smoothly fade out. The constant support rcsup
and swing rcsw offsets, and combined with the velocity offset
rv into complete feedforward terms rffsup, rffsw applied to the
feet:

rv =

[
µ− 0.5

fg
vx , 0 , 0

]
,

rffsup = rcsup − rv,

rffsw = rcsw + rcsup + rv,

(13)

where vx is the estimated sagittal velocity offset. In the lat-
eral direction, the foot placement was sufficient in achieving
the desired velocity. As the swing foot can move more freely
and is also carried by the support foot, we include rcsup in
its applied feedforward vector rffsw. Finally, the feedforward
terms are applied to the left and right foot, depending on the
supporting leg ιtx.

C. CoM Feedback Control

Feedback control is assured with a CoM-ZMP controller
initially proposed by Choi et al. [31] and extended by
us in [13]. The controller realizes input-to-state stability
by adjusting ṁc to steer mc back to follow the nominal
trajectories in the presence of errors, while considering the
CoP position rp. We modify our controller further by using
the Centroidal Moment Pivot (CMP) instead of ZMP, and
include mc rate limiters to avoid large, abrupt CoM changes.

D. Tilt-compensating Step Feedback

By locking the foot pitch DoF, our robot is prone to tilting.
Sufficiently large disturbances that are not naturally damped
or dispersed by the feedback controller will create a torque in
the sagittal direction and make the robot pivot about the edge
of its feet. Depending on the combination of tilt and walking

Fig. 4. Visual representation of the tilt compensation mechanism. a) Nom-
inal trajectory execution. b) Preemptive touchdown due to unexpected
tilt. c) Corrective mechanism assuring approximate desired touchdown is
achieved.

direction, the foot will either prematurely hit the ground at
the wrong position or stay mid-air without performing a
support exchange. Both of these situations result in quick
loss of stability. To account for this, we transform the swing
foot trajectory and aim for the swing foot to contact the
ground at the correct x-distance from the CoM. We do so
by: taking the nominal swing foot distance to the zero-
tilt ground-projected CoM: rsw − mc|z=0, applying it to
the tilt-rotated nominal CoM projection m′

c|z=0, unrotating
the resulting r′sw and setting it as the commanded swing
foot placement (see Fig. 4). As a result, the step should
place the CoM onto a trajectory close to the nominal one.
In combination with the CoM controller, this is sufficient
for the robot to tolerate moderate disturbances. For greater
disruptions in the gait, we not only transform the foot
trajectory but also recalculate the desired step placement. We
do so by plugging the current state mc, ṁc and the remaining
step time 1−µ

fg
into the LIPM equations (10) to predict the

End Of Step (EOS) state meos
c and compute its expected

EOS error eeosc . Instead of purely using the prediction, we
linearly interpolate between the EOS error and the current
CoM tracking error ec = mref

c − mc according to time
passed. Using the symmetry assumption [30] we offset the
next nominal step:

s [k + 1]
new

= s [k + 1] + 2(1− µ)ec + 2µeeosc . (14)

This assures that predictions made directly after a support
exchange (when the foot is still aligning to the ground and
CMP might fluctuate) do not falsely steer the gait. Naturally,
once these errors reduce so does the commanded velocity and
the robot returns to the nominal walking velocity.

V. EXPERIMENTAL RESULTS

The proposed approach is verified with a 135cm tall,
NimbRo-OP2X humanoid [14] with 18 Degrees of Freedom.
For ground-truth comparisons of estimates and quantitative
results, we use a full MuJoCo simulation of the robot
that also models the parallel linkages. The whole motion
generation, estimation and control framework is running on-
board the robot’s computer, with a frequency of 100Hz.

A. State Estimation

To display the contribution of the limb dynamics in state
estimation accuracy, the robot is tasked to slightly pitch its
inertia RI backwards while keeping mc still. As the pitch



Fig. 5. Comparison of a purely IMU-based estimator (left), and one
which includes limb dynamics (right). The latter allows to capture the actual
CoM dynamics, instead of the torso’s. During both experiments, the robot
is shifting its torso back and rotating fully extended arms forward. Left
shoulder pitch angle, ground-truth torso and CoM accelerations along with
their estimates are shown.

angle of the torso is kinematically locked, the pose generator
shifts the hip backward and rotates the fully extended arms
towards the front to satisfy the constraints. The result of
this experiment comparing the ground-truth and estimates of
relevant variables, is shown in Fig. 5. As shown in [22],
assuming that the IMU and CoM accelerations are synony-
mous is currently the most relevant approach when no force
or torque measurements are available. Our previous estimator
falls into this category and will serve as a baseline for further
comparisons. Although it reacts swiftly to the movement, it
does not capture m̈c well. It is also quite natural that it barely
perceives any changes in m̈c,z , as the torso just translates
its position. The arms by rotating around their shoulder
joints, change their mass position on the z-axis over time.
This slightly shifts the aggregate mass of the robot in the
z-direction, which is clearly observable with the presented
approach. The newly included limb accelerations accurately
offset the torso measurements and provide estimates visibly
closer to m̈c.

We also verify the estimator in a more dynamic setting,
where the simulated robot is made to walk forward open-
loop at a constant velocity for 10 seconds. During this, the
ground-truth and estimate values were gathered for the 3D
CoM velocities and accelerations. From these, we computed
the median M(e), standard deviation SD(e) and average
absolute Σ|e|

T of the estimation errors. The results of these
calculations were placed in Table I, with the top showing
the previous, purely IMU-based estimator (baseline), and
the bottom having the limb dynamics included. A decrease

TABLE I
STATE ESTIMATION ERROR IN SIMULATION

e(m̈c,x) e(m̈c,y) e(m̈c,z) e(ṁc,x) e(ṁc,y) e(ṁc,z)

Purely IMU-based estimation:

M(e) -0.5500 -0.4070 0.0767 -0.1146 0.0288 0.0424
SD(e) 2.6092 1.3079 4.2658 0.1039 0.0356 0.0829
Σ|e|
T

1.8023 0.6752 1.8965 0.1208 0.0367 0.0710
Including limb dynamics:

M(e) 0.0097 -0.4010 0.0540 -0.0913 0.0148 0.0286
SD(e) 2.0921 1.0489 5.5886 0.0902 0.0358 0.0892
Σ|e|
T

1.1526 0.6542 2.0439 0.1058 0.0269 0.0671

Fig. 6. Effect of the feedforward compensation on the robots CoM state.
Without the compensation (left), the robot is unable to maintain the desired
nominal trajectories and keeps walking forward. With each step taken, the
feet are placed at the wrong time and place. This consequently places the
CoM on an undesired trajectory, disallowing the robot to get into a cyclic
gait. After estimating and applying the feedforward terms (right), the feet
are offset to correct for the errors, allowing the robot to follow the nominal
state.

in the estimation errors is clearly visible, which is most
apparent in m̈c,x. With all of the limbs swinging back and
forth, their significant contribution to the overall system
dynamics is simply omitted by the old method (as also
shown in Fig. 5). An interesting result arose with the m̈c,z

estimate. Although the filter is able to capture more detail
in the z-direction, it exhibits a higher standard deviation and
average absolute error. The reason for this was made clear
upon further inspection of the data. Increasing the values of
the measurement covariance matrix to deal with numerical
differentiation, resulted in the KF suppressing spikes of m̈c,z

occurring at every foot strike (support exchange). This is also
visible in Fig. 5.

B. Feedforward Compensation

We demonstrate the output produced by the developed
compensation mechanisms in Fig. 6, where in both cases the
robot is asked to walk on the spot. Without the feedforward
components, the robot is unable to get into, or maintain
a uniform walking rhythm. The timing, duration and sizes
of the steps are all completely off, due to the dynamically
changing load on the joints. In the sagittal direction the
robot consistently keeps walking forward, as if bending under
its own weight. This is an issue that the CPG-based gaits
previously used on the NimbRo-OP2X did not face, as they
are first and foremost meticulously tuned by hand to achieve
open-loop walking. Once the estimation of the feedforward
terms has been enabled, it takes only a few steps for the
robot to completely correct its state. If left undisturbed, it
can maintain it without issues. The latency tl of the system
was estimated to be around 55ms. Although the tracking
precision is already quite high, the estimated parameters can
be further fine-tuned to achieve higher precision. The small
errors can also be left for the feedback controller, which
has been significantly relieved in its duties. Through several
experiments we observed that the coupled nature of the
sagittal and lateral planes necessitates correcting for errors
in both simultaneously. This is also true for the coupling
between step placement, its timing and angle of attack.
All of these factors complement each other and intricately
influence the state tracking and visual gait quality, which is
not faithfully represented through ablation tests.



Fig. 7. Still frames from the robot performing push recovery at RoboCup. The 5 kg pendulum is circled in green. The first frame depicts the distance
from which it was dropped, while the second one shows the moment of impact. After the impact, the robot undergoes an immediate and significant tilt. It
manages to right itself using the developed reactive stepping approach.

C. Balance

The final component that we test is the balancing capa-
bility, which utilizes the presented approach in its entirety.
The push-recovery capabilities have been presented during
the Technical Challenges of RoboCup 2023, which was held
in Bordeaux, France. During the challenge the robot has
to complete a trial consisting of three consecutive pushes
to its CoM, induced by a free-falling pendulum. One from
the front, one from the back, and the third from either of
the two. Using our approach, NimbRo-OP2X was able to
successfully complete several trials with a 3 kg and 5 kg
pendulum. The strongest pushes that the robot sustained were
with a mass of 5 kg which was let go at a horizontal distance
of 90 cm to the robot. An example of this trial is shown
in Fig. 7. The impact quickly starts to noticeably tilt the
robot, which is met with an immediate response from the
developed controllers. Firstly, the CoM controller quickly
responds by shifting the weight of the robot towards the
front, along with the arms. Simultaneously, the swing leg
gets repositioned in accordance to the tilt and recomputed
step position. The robot then continues walking until it fully
disperses the push. Overall, this was the best performance
in the 2023 push-recovery challenge in the AdultSize class,
more than doubling the score of the second team. This result
also beats our team’s previous performance achieved with the
Capture Steps [16] framework, which in the 2019 and 2022
competitions was able to sustain perturbations of the 5 kg
pendulum from a distance of 60 cm [32].

We also compare our approach to the mentioned Capture
Steps framework quantitatively in simulation, as it was

TABLE II
NUMBER OF WITHSTOOD SIMULATED PUSHES OUT OF 10

Force [N] from 50 60 70 75 80 85 90

Presented framework back 10 10 7 4 3 0 0
front 10 10 9 9 7 6 0

Capture steps [16] back 10 10 4 0 0 0 0
front 10 2 0 0 0 0 0

known to produce the best push-recovery results up to date
with the NimbRo-OP2X robots. Both approaches were tuned
to achieve the highest capable performance for the evalua-
tion. The experiments consist of a series of pushes from the
back and front, where our interface to MuJoCo applies the
force to the center of the torso link for a duration of 200ms.
After 10 pushes from both directions, the force gradually
increases. Results of these experiments are summarized in
Table II. Both approaches can tolerate pushes of up to 60N.
Above that, Capture Steps can only regain balance when
pushed towards the front, without being able to recover a
single push of 75N. This is most likely due to the noise
suppression, adaptation and model blending factors, all of
which just contribute to a slower response. The framework
most likely would perform better for similar impulses, but
having smaller forces spread across a longer time period.
This is not a limitation in our approach, as the dynamics
are accurately estimated and accounted for. This allows to
tolerate even some pushes with a force of 85N. Opposite
to Capture Steps, the pushes towards the back are tolerated
better, due to the kinematics. As the robot cannot overextend
its knee, taking a step back mostly moves the shank, while
going forward requires to move the thigh (which is carrying
the knee and the shank). At forces of 90N neither approach
can recover, as the robot tilts and falls to the ground instantly.

VI. CONCLUSIONS

We presented an approach to bipedal locomotion and
balancing, specifically targeting platforms constrained by
their hardware. The limitations include lack of sensing,
imperfect actuation or even kinematic capabilities. We have
quantitatively and qualitatively shown, that hardware with
such limitations can also achieve relatively high performance.
For this, we developed a novel state estimator based on a five-
mass model with limb dynamics. The precise estimates were
then used to establish a feedforward compensation scheme,
operating on the centroidal state as opposed to the usual
joint-space schemes. Finally, step feedback was extended to
account for tilting due to kinematic limitations.



In future work, we would like to investigate a meaningful
way to combine both sagittal and lateral movement. The
lateral movement in this work was mostly handled by pure
CoM-ZMP and gain-based timing control. The reality is that
the timing is much more nuanced and we hope to properly
integrate it with CAM regulation for a robust gait. We also
want to explore possible improvements to the state estimator,
which would incorporate joint current (torque) readings for
more refined acceleration estimates.
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