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Abstract— The ability to accomplish manipulation and loco-
motion tasks in the presence of significant time-varying external
loads is a remarkable skill of humans that has yet to be
replicated convincingly by humanoid robots. Such an ability
will be a key requirement in the environments we envision
deploying our robots: dull, dirty, and dangerous. External loads
constitute a large model bias, which is typically unaccounted
for. In this work, we enable our humanoid robot to engage
in loco-manipulation tasks in the presence of significant model
bias due to external loads. We propose an online estimation
and control framework involving the combination of a physi-
cally consistent extended Kalman filter for inertial parameter
estimation coupled to a whole-body controller. We showcase
our results both in simulation and in hardware, where weights
are mounted on Nadia’s wrist links as a proxy for engaging in
tasks where large external loads are applied to the robot.

I. INTRODUCTION

State-of-the-art model-based controllers rely heavily on
an internal dynamic model, usually used inside an opti-
mization routine to repeatedly plan the best sequence of
control actions given the current (estimated) state of the
robot. However, most current model-based approaches in
humanoid locomotion and manipulation utilize a dynamic
model that is identified offline but remains unchanged online.
This introduces several difficulties. Firstly, there is often
significant engineering time spent tuning the dynamic model
to compensate for inevitable model mismatch. While one
would hope that a good controller is robust to some degree
of model mismatch, a second and more practical issue is that
a frozen dynamic model restricts the robot to performing ma-
nipulation and locomotion tasks where the model is known to
some acceptable margin. This often results in manipulation
tasks involving objects of trivial mass relative to the robot,
and precludes locomotion tasks where any significant load is
placed on the robot.

These restrictions stand in stark contrast to humans and
other animals, which have been experimentally shown to
adapt their motor behaviour in the presence of consistent
model bias [1, 2]. For humanoids to engage in meaningful,
non-trivial interaction with the environment, they must be ca-
pable of identifying changes in their internal dynamic model
and updating it for use in downstream control routines. In this
paper, we enable identification and adaptation in the presence
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Fig. 1: Our humanoid robot Nadia actively estimating and
adapting to 12lb dumbbells attached to the forearms. We use
these weights as a proxy for inertially significant manipula-
tion tasks, such as heavy tool use.

of large external loads on our humanoid robot Nadia, as
seen in Fig. 1, by proposing a framework consisting of an
extended Kalman filter (EKF) that streams inertial parameter
estimates to a whole-body controller online. The proposed
filter is lightweight and general in that it can be easily
modified to estimate the parameters of any link in a given
rigid body system, removing the dependence on a reference
model and thus making it controller-agnostic. Furthermore,
the proposed filter builds upon a recently introduced “phys-
ically consistent” inertial parameterization [3], guaranteeing
that the streamed estimates are physically realizable and
precluding catastrophic errors in the controller.

A. Related Work

There are several excellent recent surveys on inertial iden-
tification and model learning. In [4], various concrete least-
squares formulations, Kalman filtering approaches, neural
network methods, and semidefinite programming approaches
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are compared, whereas [5] provides a more conceptual
overview of the exploitable structure of rigid body dynamics
and how to couple this structure with data-driven modeling
techniques. Finally, [6] covers different metrics, sources
of error, and recent advances in geometric methods for
parameter identification.

Most inertial parameter estimation works leverage the
finding that the inverse dynamics are linear with respect to
inertial parameters [7]. Subsequent works have highlighted
the additional structure the inertial parameters must obey [8]–
[10]: beyond the obvious constraint on positive mass, the
moment of inertia matrix must satisfy additional geometric
conditions like positive definiteness and the principal mo-
ments of inertia must satisfy a triangle inequality. Unfortu-
nately, for multi-link systems like manipulators, particularly
for high degree of freedom systems like humanoids, uniquely
identifying inertial parameters becomes challenging [11]. A
lack of identifiability can be due to the kinematic structure
of the robot [12] or from a lack of persistent excitation in the
data [13], but methods exist to characterize the identifiable
parameters either through numerical [14] or analytical [15]
means. Extensive work has gone into methods for generating
rich and informative trajectories for robot parameter identifi-
cation [16] with several applications to humanoids [17]–[19].
Alternatively, several control-oriented works on humanoids
[20, 21] have estimated gross robot quantities like center of
mass and momentum online.

There are also adaptive control approaches that update
parameters based on task error. The seminal work [22]
has been extended in many ways: from the fully actuated
to the underactuated case [23], modifying the adaptation
law to account for the geometric properties of the inertial
parameters [24], and embedding the adaptation law as a
control-Lyapunov function inequality constraint in a model
predictive controller [25]. Recent work in [26] applies L1
adaptive control to quadrupedal load carrying, another direct
adaptive control approach with an adaptation law based on
the difference in behavior between a reference model and the
actual robot. In [27], a centroidal nonlinear MPC scheme on
iCub is proposed where the attenuation of an external wrench
from a payload is included as a task.

B. Contributions

From our survey of existing work, we note that most
approaches to parameter estimation take place offline in a
system identification context, with notable online exceptions
for estimating gross robot quantities like center of mass
or momentum, which is useful for the locomotion task but
less so for other tasks. Online task-error approaches require
tight coupling with an existing reference model or controller,
reducing their flexibility and complicating the overall design
process. In this paper, we contribute:

• A lightweight, controller-agnostic extended Kalman fil-
tering framework that guarantees physically consistent
parameter estimates online.

• A compact problem formulation that assumes only
a subset of the inertial parameters will be estimated

online, resulting in more efficient rigid body dynamics
calculations inside the filter.

• Verification of the proposed filter in simulation, showing
the benefit of physical consistency over a baseline
Kalman filter, and improvements in control performance
when our filter is included in an adaptive control frame-
work versus a controller with no adaptation.

• Demonstrations on hardware of the robot adapting to
loads on the forearm links, and an innovation gating
method for rejecting undesirable transients in parameter
estimates due to contact impulses during locomotion.

II. BACKGROUND

We assume that the robot can be adequately modelled as a
floating base rigid body system, with the equations of motion
given by:

M(q)v̇ + c(q,v) = S⊤τ +
∑
i∈C

J⊤
i (q)λi, (1)

where q ∈ Rnq , v ∈ Rnv are the generalized configuration
and velocity of the robot, τ ∈ Rnu are the joint torques
of the robot, and S is the selection matrix for the actuated
degrees of freedom. The pair Ji and λi are the Jacobian
and wrench corresponding to the ith contact in the set of
external contacts C. M is the mass matrix and c collects the
centripetal, Coriolis, and gravitational terms.

Denoting the number of rigid bodies in the system by N ,
we can follow [28] and write the inverse dynamics in a form
where the inertial parameters of the robot appear in a linear
fashion:

Y(q,v, v̇)π = S⊤τ +
∑
i∈C

J⊤
i (q)λi, (2)

where Y ∈ Rnv×10N is a state-dependent regressor
matrix that maps the stacked inertial parameters π =
[π⊤

1 ,π
⊤
2 , . . . ,π

⊤
N ]⊤ ∈ R10N into torque. The inertial param-

eters for the nth individual body πn ∈ R10 consist of its mass
m, first moment of mass h ∈ R3, and the unique elements
of the symmetric rotational inertia matrix I ∈ R3×3:

πn = [m,hx, hy, hz, Ixx, Ixy, Ixz, Iyy, Iyz, Izz]
⊤. (3)

As in [28], it is then possible to collect samples of robot
motion and leverage the linear structure of the equations of
motion to get parameter estimates by solving a least squares
problem. Concretely, one gathers K samples of q, v, v̇, τ ,
and λ, and creates the following stacked problem data:

Y1

Y2

...
YK


︸ ︷︷ ︸

Ȳ

π =


S⊤τ 1 +

∑
i J

⊤
1 λ1

S⊤τ 2 +
∑

i J
⊤
2 λ2

...
S⊤τK +

∑
i J

⊤
KλK


︸ ︷︷ ︸

f̄

(4)

where
∑

i J
⊤
j λj is an abuse of notation denoting the sum of

contact wrench torque contributions over contacts i ∈ C for
sample j. One then solves the linear least squares problem:

min
π̂

1
2 ||̄f − Ȳπ̂||2W, (5)
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where W is an appropriately chosen weight matrix that cap-
tures the variance of the measurements and the characteristic
scales of the different units (e.g. mass vs. inertia).

Though we do not follow the batch estimation procedure
in (5), we include it to highlight several difficulties of the
problem (see also [4]):

Unobservability due to kinematic structure. Oftentimes the
kinematic structure of the robot renders certain parameters
unobservable, or observable only in linear combinations [12].
This will cause Ȳ to become rank-deficient.

Lack of persistent excitation in motion data. If the motion
data is not sufficiently rich enough to excite all the degrees
of freedom, again Ȳ will be rank-deficient. In both cases, (5)
can be regularized and solved by methods such as damped
least squares [7] or other regularization techniques [29].

Physically inconsistent estimates. While (5) exploits the
linearity of the inverse dynamics with respect to inertial
parameters, it does not take into account additional problem
structure [8, 9]; depending on the data, one may receive
estimates where mass is negative, and moment of inertia
matrices that are physically impossible. If a parameter esti-
mation algorithm is run in a live control loop, as in this work,
non-physical parameter estimates could yield catastrophic
results when used in a downstream model-based controller.

III. METHOD

A. Condensing the inertial estimation problem

Most existing work on inertial parameter estimation for
humanoids has focused on system identification, where most
(if not all) of the inertial parameters are considered to be
poorly known and thus required to estimate.

In this work, we are more focused on online estimation
and adaptation. We make the assumption that a prior offline
system identification procedure has been performed, so that
many of the inertial parameters are well-known and can
be considered fixed. Furthermore, we assume knowledge
of the tasks the robot will perform, such that we know
what links will vary inertially. Therefore, only a subset of
the robot’s inertial parameter vector π needs to be actively
estimated online. Indeed, one can split the product of the
regressor matrix and parameter vector into “estimate” ∗est

and “nominal” ∗nom terms:

Yπ = Yestπest +Ynomπnom, (6)

where typically dim(πest) << dim(πnom).
This decomposition has multiple benefits. Firstly, it can

help to resolve linear dependence issues by pinning the
inertial parameters in πnom to certain values. Secondly, one
can exploit some well-known concepts in the rigid body
dynamics literature to efficiently calculate the two terms in
(6). For the first term, Yest can be found via a modified
recursive Newton-Euler algorithm (RNEA), where the for-
ward pass is run just once independently, and spatial forces
in the backward pass are linearly parameterized with respect
to the inertial parameters, such an approach is implemented
in multiple popular software libraries [30, 31]. For the second
term, one can use the assumed-known πnom: the equivalent

torque τ nom can be computed with a single RNEA call
where any inertial parameters not in πnom are zeroed. This
concept is similar to that mentioned in [32, p. 94], where
the zeroing of certain parameters in RNEA yields certain
dynamic quantities. These simplifications result in:

Yπ = Yestπest + τ nom. (7)

We next show this efficient regressor calculation can be
used as the measurement model in a Kalman Filter designed
to estimate πest.

B. Inertial Kalman Filter

Following [33, Chapter 5.1], the standard form for the
process model and measurement model of a discrete-time
Kalman filter with no control input is:

xk = Fkxk−1 + ηk, ηk ∼ N (0,Qk), (8)
zk = Hkxk + νk, νk ∼ N (0,Rk). (9)

Within a single time instant k, the predict and update step
proceed as:

predict: x−
k = Fkxk−1

P−
k = FkPk−1F

⊤
k +Qk

(10)

update: ỹk = zk −Hkx
−
k

Sk = HkP
−
k H

⊤
k +Rk

Kk = P−
k H

⊤
k S

−1
k

x+
k = x−

k +Kkỹk

P+
k = (I−KkHk)P

−
k

(11)

Concerning the process model for inertial parameter esti-
mation, we follow existing work in the literature (see [21]
for a humanoid example, and [34, Chapter 5.1] for a more
general discussion of estimating constant or slowly varying
parameters) by assuming the only change in the parameters
being estimated is driven by the white noise ηk:

πest
k = πest

k−1 + ηk. (12)

To form the measurement, we plug (7) into (2), replacing
S⊤τ with the observed torque from the robot τ obs:

Yestπest + τ nom = τ obs +
∑
i∈C

J⊤
i λi (13)

We then introduce the variable ∆τ to isolate the contribution
from the estimated parameters:

∆τ = τ obs − τ nom +
∑
i∈C

J⊤
i λi, (14)

which leaves ∆τ ≈ Yestπest, justifying the use of the
measurement model:

∆τ k = Yest
k πest

k + νk. (15)

It is worth noting that with assumed constant parameters
πest, if we were to additionally set the process covariance ηk

to zero, the Kalman filter would reduce to a scheme similar to
recursive least squares. We chose to retain the Kalman filter
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Fig. 2: Block diagram of proposed filter and its interface with the controller, as described in Section III-D.

formulation with a non-zero ηk as it allows one to tune the
balance of ηk and νk to achieve a slower, smoother response
(process covariance ηk is relatively small) or a fast, noisier
response (measurement covariance νk is relatively small).

C. Physically Consistent Inertial Extended Kalman Filter
The linear least squares problem in (5) only considers

the inertial parameters as members of the Euclidean space
R10. However, there are additional conditions that the inertial
parameters must satisfy. [8] introduces the conditions of
the mass m being positive and the rotational inertia matrix
being positive definite. These conditions have since been
termed physical consistency. Subsequently, [9] noted that
the rotational inertia matrix being positive definite was a
necessary but not sufficient condition. Coining the term
full physical consistency, [9] shows in addition that a set
of triangle inequalities between the principal moments of
inertia must also be satisfied. Their solution method involves
manifold optimization constraints, which are difficult to
utilize in an online real-time control framework. Recently, [3]
introduced an inertial parameterization that is fully physically
consistent by construction, revolving around a log-Cholesky
decomposition of the pseudo-inertia matrix. This new param-
eterization for the nth rigid body is given by θn ∈ R10:

θn = [α, d1, d2, d3, s12, s13, s23, t1, t2, t3]
⊤, (16)

where α scales the density of a reference body, and d, s,
and t respectively provide a scaling, shearing, and translation
of a reference body. One can therefore map from the log-
Cholesky parameterization to the set of fully physically
consistent parameters in the default parameterization via:

πn = g(θn) = e2α



t21 + t22 + t23 + 1
t1e

d1

t1s12 + t2e
d2

t1s13 + t2s23 + t3e
d3

s212 + s213 + s223 + e2d2 + e2d3

−s12e
d1

−s13e
d1

s213 + s223 + e2d1 + e2d3

−s12s13 − s23e
d2

s212 + e2d1 + e2d2


(17)

where the ordering is slightly different from [3] due to the
use of a different ordering of π in this work.

As shown in [3], the mapping g is smooth, unique, and in-
vertible, allowing one to easily move back and forth between
parameterizations of fully physically consistent parameters
as required. Furthermore, the Jacobian of g is closed-form,
which we can exploit in our extended Kalman filtering
framework. We define a similar process model to (12), where
the parameters to estimate are assumed constant, but in the
log-Cholesky parameterization:

θest
k = θest

k−1 + ηk, (18)

with the corresponding measurement model:

∆τ k = Yest
k g(θest

k )︸ ︷︷ ︸
h(θest

k )

+νk. (19)

Introducing the nonlinear measurement model h(θest) re-
quires the modification of the first two computations of the
standard Kalman filter update step in (11). For the inertial
estimation problem at hand, we have:

∆τ̃ k = ∆τ k − h(θest−
k ),

Sk = (Yest
k Gk)︸ ︷︷ ︸
Hk

P−
k (Yest

k Gk)
⊤︸ ︷︷ ︸

H⊤
k

+Rk, (20)

Gk =
∂g

∂θ

∣∣∣
θest−
k

therefore Hk =
∂h

∂θ

∣∣∣
θest−
k

= Yest
k Gk (21)

To summarise, these modifications require the forfeit of the
linear least squares structure, mandating a move from the
regular Kalman filter to the extended Kalman filter, but result
in inertial parameters that are fully physically consistent by
construction at every stage of the solve procedure.

D. Integration with state estimator and controller

A block diagram showing the structure of our approach is
given in Fig. 2. We run the inertial parameter estimator inside
the control thread that is pinned at 333Hz. We read configu-
ration q, velocity v, observed joint torques τ obs, and contact
wrench information λ from the state estimator that runs at
1kHz. Accelerations v̇ are computed inside the estimator
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via finite differences, and the other signals are delayed to
compensate for the lag introduced. The user supplies nominal
parameters πnom, and thus implicitly describes the param-
eters to be estimated πest. The physically consistent EKF
internally uses (18) and (19) before converting the estimate
back to the standard inertial parameterization πest which
is passed through to the high-level controller and whole-
body controller. The high-level controller is responsible for
specifying motion tasks that are passed as objectives to the
quadratic program solved in the whole-body controller [35].
An inverse dynamics solver is used to translate the output
of the whole-body controller into commanded joint torques.
While this solver does not explicitly require physically
consistent inertial parameters, many state-of-the-art methods
like nonlinear MPC rely on forward dynamics, which does
have this explicit requirement (due to the need to invert M).

IV. RESULTS

A. Simulation

Our simulation results utilize the open-source Simulation
Construction Set 2 [36] which is integrated into our con-
troller stack such that there is minimal change between the
control code ran in simulation versus hardware. Internally,
the simulator uses an efficient implementation of Feather-
stone’s forward dynamics algorithm [32] and has an API
for modifying the inertial parameters of the robot online to
simulate varying loads.

We first showcase the benefit of the physically consistent
log-Cholesky parameterization from [3] in the Extended
Kalman Filter (18) and (19) over a baseline Kalman Filter
implementation (12) and (15). Fig. 3 shows the estimates of
our robot’s torso link over time when the robot is instructed
to walk forward. It is interesting to observe how the two
parameterizations react to a lack of persistent excitation
in the data; whilst both estimators recover the torso mass,
the lack of excitation for identifying the inertia diagonals
causes the baseline Kalman filter estimates for Ixx, Iyy,
and Izz to drift and become physically inconsistent almost
immediately, with Ixx becoming negative for a short time
interval. In contrast, the lack of persistent excitation causes
the inertia diagonals for the physically consistent EKF to
vary periodically, but always remain physically consistent.
The periodic oscillation warrants further investigation, but is
perhaps a side-effect of the estimated parameters evolving on
the log-Cholesky parameterization manifold structure when
the provided data is not rich enough to uniquely identify the
parameters.

We next show the benefit of integrating our inertia esti-
mation pipeline with a downstream whole-body controller
in an adaptive control manner. In Fig. 4, we compare the

TABLE I: Simulation mass variation waveforms.

Link Waveform Offset Amplitude Frequency

Torso Square 30kg 5kg 0.2Hz
Forearm Sine/Square 4.5kg 3kg 1Hz

Fig. 3: Parameter estimates for the robot’s torso link from
the baseline Kalman filter and the log-Cholesky extended
Kalman filter.

performance on a pelvis height control task with and without
adaptation of the torso link’s inertial parameters, where the
mass of the torso link is varied to simulate a load-carrying
task. In Fig. 5, we compare the performance on an elbow
jointspace control task with and without adaptation of the
forearm link’s inertial parameters. The mass of the forearm
link is varied to simulate the manipulation of a heavy tool.
The waveforms used for both tasks are detailed in Table I.

For the pelvis height control task, it can be observed
that the controller tracks the desired pelvis height much
more closely with an adaptive estimate of the torso inertial
parameters than without. There are some ripples in the
mass estimate that occur when the robot’s feet touchdown,
but the estimator mostly captures the added load. For the
elbow jointspace control task, we observe that an adaptive
estimate is vital for the robot to maintain its “home pose”
configuration in the presence of a time-varying load. The
root-mean-square error over the two tasks, without and with
adaptation, can be seen in Table II.

B. Hardware

The experimental procedure for hardware testing is com-
plicated by the safety concerns that arise when fixing external
loads to any powerful robot during operation. On the robot,
the estimator is disabled until the robot is hoisted down to
the ground and boots up into the walking state. We observed

TABLE II: Root-mean-squared error for simulated tasks.

Task No adaptation With adaptation

Pelvis height 0.0352m 0.0157m
Elbow angle 1.0956rad 0.1499rad
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Fig. 4: Pelvis height task performance over rough terrain,
with and without adaptation of the torso inertial parameters.

Fig. 5: Elbow jointspace task performance with and without
adaptation of the forearm link inertial parameters. Around the
8s mark, the mass waveform is changed from a sine wave
to a square wave.

an additional bias in the residuals due to imperfections in the
nominal inertial parameters, which do not capture the added
inertial effects of cables, wires, and even the safety hoist on
the robot. Unfortunately, this does highlight a weakness in
our approach, in that we assume these nominal parameters
are well-known. We are actively working on improved of-
fline system identification routines to better characterize the
nominal parameters. We have developed a calibration routine
used on robot startup that computes the average residual
over a recent time window, and then injects this constant
bias as another term in (14). It is difficult to otherwise
actively estimate this bias, as one can see by augmenting
the filter state with a measurement bias mb such that x′ =

Fig. 6: Nadia curling a 12lb dumbbell after estimating the
inertial parameters of the combined dumbbell and forearm
link.

[πest;mb], resulting in a process model F′ = [I,0;0, I] and
measurement model H′ = [Y, I] and noting that the resultant
observability matrix is rank-deficient.

To test our combined estimation and control framework
on hardware, we attached a 12lb dumbbell to the left arm,
and then tasked the robot with performing bicep curls, as
seen in Fig. 6. No prior information about the dumbbell was
passed to the robot. For safety purposes, the dumbbell was
attached to the robot before activation. When the estimator
is first activated, the parameter estimates are fed through to
the controller in a rate-limited manner. Taking mass as an
example, we cap the rate at 3kg/s to prevent large initial step
changes in controller objectives. The bicep curl is executed
by commanding a desired elbow angle from a sine wave
of 0.7rad amplitude and 0.333Hz frequency. The tracking
performance of the controller and the corresponding mass
estimate are shown in Fig. 7. The combined mass of the
forearm link and the dumbbell is slightly overestimated, and
ripples at the top and bottom of the curl. We believe this is
primarily due to imperfections in other inertial parameters of
the robot that are assumed known. As previously mentioned,
we approximate these imperfections with a constant bias,
whereas in actuality their effects are state-dependent. The
elbow angle in Fig. 7 generally follows the reference for the
curl, but with some phase lag and a deadband-like response
at the bottom of the curl. It is worth noting that without the
estimate being fed into the controller, the robot cannot even
achieve the home pose, limply hanging the arm down by the
robot’s side.

When testing an early version of the estimator we noticed
that significant spikes in the parameter estimates occur
around contact times. During locomotion, foot impacts with
the ground result in shocks in the acceleration, torque, and
wrench signals, which immediately manifest in the filter
residual, causing an impulse response in the filter estimate.
Rather than trying to pre-process the input signals to the
filter, we found the best solution was to use innovation
gating (see [37, Chapter 7] and the monograph [38, Chapter
5.4]). We compute the normalized innovation from each
measurement update and reject those above a normalization
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Fig. 7: Elbow joint tracking and adaptive estimate of the
forearm link mass during bicep curls on hardware.

threshold γ. Therefore, for a measurement to be utilized, we
require:

∆τ̃⊤
k S

−1
k ∆τ̃ k ≤ γ. (22)

There is a statistical interpretation of the normalized in-
novation varying as a χ2 distribution with γ acting as
the bound for a confidence interval. In our situation, we
simply resorted to tuning the value online, and leave more
rigorous investigation of this value, and adaptive schemes
for changing it in the presence of extremely large estimate
variations, to future work. The effect of this innovation gating
can be seen in Fig. 8, where the robot is commanded to
walk in place and the effect of the contact impulses on the
torso link mass estimate is recorded. If the measurements
are not gated, undesirable spikes are consistently seen in the
estimate, whereas with innovation gating, the effect of the
spikes is largely attenuated.

Unfortunately, we do not yet have the experimental ap-
paratus in place to measure changes in the torso inertial
parameters in a verifiable manner, as we do with the arms.
However, we show that we can reliably recover a mass
estimate close to the nominal mass of the robot in our
URDF. We stress that this URDF value is likely to be
underestimating the true mass of the link, as the URDF value
is pulled directly from CAD, where the mass contributions
from wires and other fixings to the torso are not captured.
Therefore, we consider our estimate to be reasonable.

V. CONCLUSIONS AND FUTURE WORK

In this work we have introduced an estimation and control
framework that facilitates online adaptation of the inertial
parameters of a humanoid robot. We leveraged a recently
proposed inertial parameterization that is fully physically
consistent by construction–and therefore does not require
any constraints–but does introduce nonlinearity, mandating
that an extended Kalman Filter is used. By assuming the
completion of an offline system identification phase, and that
the robot will be engaging in tasks involving certain links, we
showed that the problem can be reduced in size significantly,

mitigating identifiability issues and permitting more efficient
computation in the rigid body dynamics algorithms used
inside the filter.

We demonstrated the effectiveness of the proposed filter
both in simulation and on hardware, showing that Nadia is
able to identify and accommodate a 12lb dumbbell being
attached to the wrist link while performing bicep curls. We
also showed the robot’s ability to closely estimate the mass
of the torso link while stepping in place and introduced
an innovation gating mechanism in the EKF measurement
update to reject spikes in the estimates due to contact
impulses.
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