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Humanoid Robot Whole-body Geometric
Calibration with Embedded Sensors and a Single

Plane
Thanh D. V. Nguyen1,2,∗, Vincent Bonnet1, Pierre Fernbach2, David Daney3, Florent Lamiraux1

Abstract—Whole-body geometric calibration of humanoid
robots using classical robot calibration methods is a time-
consuming and experimentally burdensome task. However, de-
spite its significance for accurate control and simulation, it
is often overlooked in the humanoid robotics community. To
address this issue, we propose a novel practical method that
utilizes a single plane, embedded force sensors, and an admittance
controller to calibrate the whole-body kinematics of humanoids
without requiring manual intervention. Given the complexity
of humanoid robots, it is crucial to generate and determine a
minimal set of optimal calibration postures. To do so, we propose
a new algorithm called IROC (Information Ranking algorithm
for selecting Optimal Calibration postures). IROC requires a pool
of feasible candidate postures to build a normalized weighted
information matrix for each posture. Then, contrary to other
algorithms from the literature, IROC will determine the minimal
number of optimal postures that are to be played onto a robot
for its calibration. Both IROC and the single-plane calibration
method were experimentally validated on a TALOS humanoid
robot. The total whole-body kinematics chain was calibrated
using solely 31 optimal postures with 3-point contacts on a
table by the robot gripper. In a cross-validation experiment, the
average root-mean-square (RMS) error was reduced by a factor
of 2.3 compared to the manufacturer’s model.

Note to Practitioners—Humanoid robots are increasingly used
in industrial and commercial settings, but maintaining their
accuracy after repairs or modifications remains a challenge. This
paper addresses a practical problem: how to efficiently geomet-
rically calibrate the whole-body of a humanoid robot’s without
expensive external measurement systems nor time-consuming
manual processes. Our solution offers several advantages for
practitioners:

• Cost-effective: It uses only a single plane (e.g., a table) and
the robot’s built-in force sensors, eliminating the need for
expensive external equipments.

• Time-saving: The proposed IROC algorithm determines the
minimum number of calibration postures needed, signifi-
cantly reducing calibration time.

• Automated: An admittance controller allows the robot to
perform calibration movements autonomously, minimizing
human intervention.

• Improved accuracy: Our method achieved a 2.3-fold reduc-
tion in average RMS error compared to the manufacturer’s
model in tests with a TALOS humanoid robot.

Key limitations include the need for a flat surface and the
requirement for the robot to have force sensors in its end-
effectors. Future work could explore adapting this method for
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robots without force sensors or extending it to calibrate dynamic
parameters.

Index Terms—Humanoid Robot Systems, Geometric Plane-
constrained Calibration

I. INTRODUCTION

Humanoid robots can now be seen outside of the labora-
tories with companies that are already offering commercial
versions for various applications [1]. During the development
phase or when undergoing modifications, such as to meet new
experimental requirements, humanoids are often dismantled,
repaired, and reassembled. However, this process leads to an
inaccurate kinematic model of the robot. Geometric errors
refer to the slight 3D position and 3D orientation variations
of the nominal values between two consecutive frames. In
humanoids, as well as in any robot, achieving an accurate end-
effector pose, specifically the hand pose, is crucial. However,
this can be effectively accomplished only if the pose of
the floating base, and thus of the feet, are also accurately
estimated. Typically, the floating base pose is determined
through a combination of the forward kinematic model (FKM)
and IMU data. These inputs are fused together in an adaptive
filter after a static transformation from the IMU frame to the
floating base frame [2]. If these models are inaccurate, the
estimation of each link pose will also be affected. Hence, when
calibrating the hand pose, it is essential to consider the entire
kinematic chain, starting from the feet.

In robot calibration, classical methods have relied on highly
precise laser trackers or similar external measurement tools
capable of measuring the 3D position or pose of a single
point in a specific posture [3]. However, when calibrating a
humanoid robot, which inherently lacks stability, it becomes
necessary to re-measure the base pose for each calibration
posture. Considering that a humanoid typically consists of
thirty or more joints, the sheer number of calibration postures
required for a complete kinematic model calibration would
make the process exceedingly cumbersome if relying solely
on standard laser trackers. In this context, there is a need to
develop new practical methods that allow for the reduction
of the experimental burden and time required to identify the
geometric parameters of humanoid robots.

II. PAPER CONTRIBUTIONS

The main contributions of this paper are as follows:
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• A complete framework for practical whole-body hu-
manoid geometric calibration to identify a full set of
geometric parameters without external sensors.

• A new algorithm, called IROC (Information Ranking
algorithm for selecting Optimal Calibration postures), to
generate an optimal set of calibration postures, simplify-
ing the process of solving the combinatorial optimization
problem in robot calibration experiment design.

• An experimental validation of the whole-body geometric
calibration with a TALOS humanoid robot [4], based on
solely embedded sensors and a single plane.

The paper is organized as follows. After reminding previ-
ous works in Section III, Section IV describes the TALOS
calibration model using data gathered from a single plane and
the IROC algorithm. Section V presents the IROC algorithm
output and the experimental validation obtained with the
TALOS humanoid robot. Finally, the paper is concluded by
a discussion about results and future works.

III. RELATED WORK

Industrial robot geometric calibration has been the subject
of numerous studies since the early 2000s. Various authors
have extensively investigated different sensor modalities, mod-
eling techniques, and criteria for assessing and improving
the calibration quality of 6 Degrees-of-Freedom (DoF) serial
manipulators. However, the methods developed for industrial
robots need to be adapted for humanoid robots. This is
primarily due to the complex kinematic structures of humanoid
robots, making the use of external sensors such as laser
trackers or optical coordinate measuring machines imprac-
tical [5]. Additionally, algorithms designed for generating
Optimal Calibration Postures (OCP) are not well-suited for
the numerous DoF present in humanoid robots, often resulting
in slow computation times and the risk of converging to local
minima [6]. Remarkably, despite these theoretical and practical
challenges, the calibration of humanoid robots has not received
significant attention in the field.

A. Humanoid robot calibration

The floating base pose of humanoids should be measured
and considered in the calibration model. Alas, this is often
neglected in most studies that focus solely on upper or lower
segments using simplified calibration models and embedded
sensors .

Birbach et al. [7], for instance, considered only joint angle
offsets and joint elasticities of upper segments using data
collected from two cameras attached on the head and tracking
markers attached on the end-effectors. Although the authors
combined camera data with measurements from an IMU and
a Kinect sensor, the accuracy of the measurements and the
calibration process was restricted and complex to understand
since the calibration results were presented in the form of
camera poses with respect to the head frame. Others [8],
[9] proposed to calibrate the full set of kinematic parameters
of the upper segments of an iCub robot using data from a
camera mounted on iCub’s head and from self-contact location
obtained using a new tactile sensing skin. Although this work

offered to calibrate the full set of kinematic parameters, the
study [9] was done only in simulation, and as mentioned
by the authors, the accuracy of tactile skin is still to be
determined [8].

Recently, Stepanova et al. [10] compared different self-
contained calibration approaches such as: self-contact, self-
observation with embedded camera, planar constraints and ex-
ternal calibration using high-accuracy laser tracker system on
a dual-arms platform. It was observed by the results that while
self-contact approach would yield to the best results, combin-
ing multiple approaches together into one single cost function
would even lower the errors and improve the observability.
The study showed that self-contained approaches with on-
board sensors are viable alternatives to external measurement
systems for robot calibration.

For lower segment calibration, Yamane et al. [11] presented
a method to calibrate joint angle offsets with data obtained
from an IMU mounted to the pelvis link, and with information
from geometric constraints that kept two feet of the robot
fixed on a floor. The experimentation performing calibration
postures involved manually moving the robot legs, which made
this approach quite cumbersome. In another approach [12], the
leg calibration process was done by having an industrial ma-
nipulator moving the foot, while the base of the humanoid was
fixed with respect to the industrial manipulator. Although this
approach is intriguing, it can be expensive and challenging to
automate for all kinematics chains, and its practical validation
was limited to a small humanoid robot.

To the best of our knowledge, whole-body calibration was
investigated only in two studies. Tanguy et al. [13] proposed
a SLAM-based algorithm to extend the eye-hand calibration
to an online whole-body calibration of geometric parame-
ters using only embedded sensors. However, no quantitative
evaluation was provided to demonstrate the efficiency of
this method. The second approach, recently proposed by our
group [5], proposed a whole-body elasto-geometric calibration
for a TALOS robot using a stereophotogrammetric system. In
this setup, several markers were mounted on various locations
of the robot and were tracked by a system of 20 cameras.
Using the recorded location of these markers, the authors iden-
tified a full-set of kinematic parameters and joint elasticities
of the robot legs. However, the performance of the calibration
work relied significantly on the accuracy of the tracking and
measuring of the stereophotogrammetric system. To ensure
the measuring accuracy, a rather lengthy additional calibration
for the cameras are required before every experiment. In this
context, it appears more suitable to use embedded sensors only
to identify the full set of geometric parameters.

B. Plane-constrained calibration

In addition to utilizing embedded sensors and external
optical measurement systems, various geometry-constrained
calibration methods have been proposed in the literature [14]–
[17]. These methods leverage the geometry of constraints to
obtain positional and/or orientational measurements. Among
these methods, plane-constrained calibration stands out as one
of the most widely used. In this approach, a trigger probe
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is often employed to make single-point contacts with one
or multiple planes [14]–[16]. Zhuang et al. [16] noted that
when employing single-point planar contacts, at least three
orthogonal planes are necessary to acquire the same level of
information as that obtained from optical measuring systems.

To our best knowledge, plane-constrained calibration has
only been explored once in the context of humanoids, as
presented in a preliminary study involving a simple joint offset
calibration model [11]. In this study, manual re-positioning
of the feet on a plane was conducted for each new posture,
with measurements based on the constant height between two
feet vertices. Consequently, an automated process for plane-
constrained calibration in humanoid robots, capable of achiev-
ing accuracy equivalent to that of external optical measurement
systems without relying on external sensors, would be highly
valuable for the community.

C. Optimal calibrating posture generation

1) OCP selection methods: Irrespective of the measure-
ment system used, OCP are essential for enhancing accuracy
while reducing experimental time and workload [5]. This
can be achieved through a non-linear optimization problem
optimizing an excitation index while ensuring mechanical and
collision constraints [6]. However, determining an optimal
and feasible set of calibrating postures for humanoid robots
remains an ongoing challenge [5]. A practical approach in-
volves selecting optimal postures from a large pool of feasible
postures obtainable using simple inverse kinematics [6]. The
selection process is often perceived as solving a combinatorial
optimization problem.

A common approach to solve this problem is to implement
a greedy search in the feasible pool of candidates such as
the DETMAX algorithm [18]. However, there are two main
drawbacks of DETMAX. Firstly, DETMAX does not guaran-
tee D-optimality [18]. Secondly, DETMAX requires numerous
runs to avoid a local optimum by randomizing the initial guess.
Despite these drawbacks, the DETMAX algorithm is still con-
sidered as a reference thanks to its robustness and simplicity
to find reasonably good solutions. Daney et al. [6] took DET-
MAX algorithm further by combining it with a Tabu search al-
gorithm which has reduced the sensitivity to local minimum as
well as increased robustness to measurement noise compared
to the original DETMAX. However, its efficiency was only
validated with a 6 DoF Gough platform. Nevertheless, these
exhaustive searching algorithms may find sub-optimal sets of
postures and rely largely on randomization of the initial guess.
Interestingly, Kamali et al. [19] formulated the OCP generation
problem as a semi-positive convex optimization problem. They
first assigned binary weights to each posture, indicating their
selection, before relaxing the combinatorial problem by using
continuous weights and imposing a condition that their values
must be greater than one. Finally, the authors argued that a
sub-optimal solution could be achieved if the pool was much
larger than the number of selected postures. Still, the number
of selected postures was rather arbitrarily determined even
though it outperformed random selection of the same number
of postures.

Previous studies commonly selected observability indices
and alphabetical optimality for choosing OCP [3], [20]. These
studies found that when properly scaled, all indices are equiv-
alent in their ability to identify OCPs. However, the observ-
ability index O1 (defined in Section IV.B) was highlighted as
the most suitable criterion for its scaling invariance property.

This index, akin to the D-optimality criterion, represents the
geometric mean of the singular values of the full-rank Jacobian
matrix of the calibration model divided by the number of
samples [18]. Given the importance of robustness to parameter
scaling for humanoids, there is nowadays a consensus to retain
the O1 criterion [5].

IV. METHODS

A. Calibration model with planar constraints

RfRf

R0R0

Left chainRight chain

Fig. 1: Representation of 32 DoF of the TALOS humanoid
robot and sub-kinematics rigth and left chains that are consid-
ered separately.

1) Calibration model: Fig. 1. depicts the large size hu-
manoid robot TALOS (175cm, 95kg). The structure of its
kinematic tree consists of 32 revolute joints distributed into
5 branches. There are 2 torso joints, 6 joints for each leg, 7
joints plus a gripper joint for each arm and 2 joints that move
the head of the robot. Nowadays, it is common to describe
humanoid robots using URDF convention as it is used by ROS
applications. The URDF convention for geometric calibration
has been rarely used in the literature. This is due to the
fact that URDF convention is redundant. Indeed, it describes
the transformation between two consecutive joints with a 6
dimensional vector of the nominal geometrical parameters
Xi = [pxi, pyi, pzi, ϕxi, ϕyi, ϕzi]

T . It is well known that not
all these parameters can be identified. Denavit and Harten-
berg [21] showed that four or five parameters, depending
on the kinematic structures, are required to fully describe
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the transformation between consecutive joints. However, as
described in Section IV-A2, the identifiability of the geometric
parameters can be dealt with using a numerical approach by
setting automatically non observable parameters to zero. Then,
the actual number of parameters used in URDF will be similar
to the one used in Denavit and Hartenberg. Therefore, it is of
a great convenience to use URDF convention for geometric
calibration and kinematic calculations.

In this paper as illustrated in Fig. 1, two kinematic chains,
left and right, of NJ = 15 joints, going from the model base
frame R0, attached to the foot, and to the robot flange frame
Rf , attached to the wrist of the same side, were analyzed
separately. The forward kinematics model allows to calculate
the 3D position and orientation of the end-effector in its corre-
sponding foot frame with respect to the joint configuration vec-
tor q ∈ RNJ and a vector ∆X ∈ R(NJ+2)×6 of the unknown
variation of the geometric parameters, in which the sub-vector
∆Xi = [∆pxi,∆pyi,∆pzi,∆ϕxi,∆ϕyi,∆ϕzi] representing
the variation of the i− th joint placement, and two other sub-
vectors of 6 parameters describing the transformations from
R0 to the first joint frame of the kinematic chain, and from
its corresponding last joint frame to Rf .

Fig. 2: Description of the flange, contact and plane frames
used to calibrate TALOS robot using a plane.

This study introduces a novel approach for plane-
constrained calibration, which differs from previous methods
that generally utilize a single contact point. The key idea is to
create a planar constraint by establishing simultaneous contact
between three fingers of the rigid robot gripper and a flat table.
The plane Rp and contact Rc frames are exemplified in the
Fig. 2.

Let Rp = (OP , xP , yP , zP ) be a frame attached to the plane
to which the robot will come in contact and called the plane
frame, such that the z-axis is normal to the plane. Let Rc =
(OC , xC , yC , zC) be a frame fixed to the wrist such that the

3 contact points belong to the (OC , xC , yC) plane and OC

belongs to the z-axis of the wrist joint. The plane parameters
are gathered in the vector

P = [fzc,
f ϕxc,

f θyc,
0 zp,

0 ϕxp,
0 θyp]

T

and are unknown, thus they should be identified. The param-
eters are defined as follows:

• 0zp: the z coordinate of OP in the world frame R0,
• 0ϕxp: the roll angle of the contact plane with respect to

the world frame,
• 0θyp: the pitch angle of the contact plane with respect to

the world frame.
• fzc: the z coordinate of Oc in the frame of the wrist

joint,
• fϕxc: the roll angle of the contact frame with respect to

the wrist joint frame,
• fθyc: the pitch angle of the contact frame with respect

to the wrist joint frame.
When a contact is made at a given posture, the relative

partial pose between Rp and Rc is constrained, providing a
measurement as:  czp

cϕxp
cθyp

 = 0 (1)

where czp is the z coordinate of OC in Rp, cϕxp and cθyp
are the roll and pitch angles of Rc in Rp. The estimate of that
relative partial pose is a function of the joint configuration
vector qi and the constant and unknown vectors ∆X and
∆P = P − P0 (the variation of the plane parameters with
respect to their nominal values). For clarity, we drop the
dependency on nominal geometric parameters X and P.

f(qi,∆X,∆P) =

 cẑp
cϕ̂xp
cθ̂yp

 (2)

Thus, for N postures, the measurement functions are
stacked into the following measurement vector:

Ŷ(∆X,∆P) =

 f(q1,∆X,∆P)
...

f(qN ,∆X,∆P)

 (3)

Since the measurements are zero, the calibration problem
boils down to minimizing the sum of squares of estimates of
the relative partial pose between Rp and Rc:

Find [∆X∗∆P∗] solution of min
[∆X∆P]

∥Ŷ(∆X,∆P)∥2

(4)
2) Identifiability of geometric parameters: The maximum

number of identifiable parameters varies depending on the
kinematic structure. In the case of a revolute joint, only
a maximum of four out of the six geometric parameters
can be identified, while for a prismatic joint, only two out
of the six parameters can be identified [22]. Additionally,
the identifiability of these parameters is influenced by the
arrangement of joints in the kinematic tree, as highlighted
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by Everett et al. [22] and Meggiolaro et al. [23]. If two
consecutive joints are co-linear or parallel, it becomes infea-
sible to identify both orientation parameters separately since
they are interdependent. The interdependence of parameters
can be observed by numerically analyzing the rank of the
Jacobian matrix, which relates the geometric parameters to be
identifiable with the measurements. In the case of the TALOS
robot, each considered kinematic chain consists of 15 revolute
joints, in which the first torso joint and the first leg joint of
each leg are co-linear.

We denote by R the Jacobian matrix of Ŷ. To determine
the set of identifiable parameters, the QR decomposition of R
can be calculated based on random joint configurations [24].
Non-influential parameters can then be eliminated from the
Jacobian matrix, and linearly dependent parameters can be
grouped together in linear combinations with independent
parameters. Note that the physical interpretation of the linear
combinations has been discussed in [23]. By performing QR
decomposition on the matrix R, a full-rank base regressor ma-
trix Rb ∈ R3N×Nb and so-called base geometric parameters
∆Xb ∈ RNb can be obtained to present the final expression
of plane-constraint calibration model as follow:

∆Ŷ = Rb∆Xb (5)

Note that base geometric parameters in ∆Xb are linear
combinations of geometric parameters in ∆X.

∆Xb = A [∆X,∆P]

where A is a sparse Nb × Np constant matrix. We compute
vector ∆Xb by minimizing the squared norm of ∆Y using
Levenberg-Marquard algorithm. In summary, on each kine-
matic chain, there are 57 identifiable parameters in which
4 parameters located at torso joints are mutual, resulting in
Nb = 110 parameters in total to be identified for the robot.

There are a few techniques to re-map base parameters ∆Xb

back to ∆X in order for matching the URDF format. However,
all of these techniques would never give a unique result for
∆X. Therefore, for the sake of simplicity without losing any
accuracy on the calibration process, the re-mapping is done
by setting linearly dependent parameters to zero while setting
the independent parameters equal to the corresponding base
parameter value.

B. Information ranking algorithm for selecting optimal cali-
bration postures

A key challenge in the calibration process is selecting an
optimal set of calibration postures that provide maximum
information about the robot’s geometric parameters while
minimizing the number of measurements required. As dis-
cussed in Section III-C, traditional methods for selecting
calibration postures, such as DETMAX [18], often struggle
with the high dimensionality of humanoid robots and can
be computationally expensive. Furthermore, they may not
guarantee global optimality or automatically determine the
optimal number of postures. To address these limitations,
we propose an Information Ranking algorithm for selecting
Optimal Calibration postures (IROC). This novel method not

only offers a practical way to select optimal postures based on
ranking, but also provide a mean to determine the necessary
number of optimal postures.

1) Observability criterion selection: The information ma-
trix IB = Rb(q)

TRb(q) can be computed over a set of
configurations q. It represents the amount of information
the regression model possesses about the parameters to be
identified. As such, it serves as a tool to infer the optimality
of a dataset. Other studies [25] have interpreted observability
indices as aspects of a hyper-ellipsoid in ∆Ŷ space (Eq.
(5)), with the parameters vector ∆Xb as a hyper-sphere. As
previously discussed, the most popular index, O1, maximizes
the volume of this hyper-ellipsoid and thus is less sensitive
to parameters scaling problems. O1 was then retained in this
study as was defined as follows:

O1(q) =
(det IB(q))

1
2Nb

√
k

(6)

where Nb is the number of base parameters and k is the
number of considered postures. Each posture independently
contributes to the information matrix, allowing O1 to be
computed as the element-wise sum of individual information
matrices.

2) General problem formulation for selecting optimal pos-
tures: The problem of finding an optimal set of postures, q,
that maximizes O1 can then be formulated as the following
combinatorial optimization problem:

max
q⊂Q

O1(q) (7)

where Q denote a pool of N feasible candidate configura-
tions sampled in a simulated environment.

3) IROC: A novel approach to optimal posture selection:
The problem of selecting optimal calibration postures presents
significant computational challenges. A straightforward ap-
proach would be to phrase it as a mixed-integer optimiza-
tion problem, where binary weights (1 for inclusion, 0 for
exclusion) are assigned to each candidate posture, subject to
a constraint on the total number of selected postures. The
objective would be to maximize the information content of
the selected postures. However, solving such a mixed-integer
optimization problem at a large scale is computationally
prohibitive, especially for high-DOF systems like humanoid
robots.

The proposed IROC algorithm offers several advantages
over traditional methods such as: reducing computational
burden, faster convergence while maintaining optimality, and
automatic selection of the minimum number of optimal cali-
bration postures.

IROC operates as follows:
• Continuous weight assignment: Instead of binary weights,

we assign a random positive continuous weight to each
candidate posture’s information matrix, as suggested by
Kamali et al. [19]. These weights are normalized to sum
to 1, forming a constraint for the subsequent optimization
problem.

• Information-based optimization: We formulate an opti-
mization problem to determine the weight values that
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maximize the determinant of the weighted sum of infor-
mation matrices. This approach intuitively assigns higher
weights to postures that contain more information.

• Ranking and selection: By sorting the optimized weights
in a descending order, a ranking of candidate postures
based on their information content can be obtained. Then,
the highest-ranked postures, ie the ones that improve the
O1 criterion, can be selected efficiently.

The detailed steps of the IROC algorithm are presented in
Algorithm 1.

Algorithm 1 IROC algorithm

Require: Q← a set of N candidate postures
Ω = (ω1, ..., ωN )← a vector of N weighting variables∑N

i=1 ωi = 1
qi ∈ Q : IBi(qi)← information matrix by the posture qi

Ensure: q∗

Ω∗ = argmax (det (
∑N

i=1 ωiIBi
(qi)))

1
2Nb

√
N

(Ω∗
des,Qdes)←Descending sort (Ω∗,Q)

k = k0 , k0 = 21: required minimum number of meas.
while q∗ = [ ] and k ≤ N do

qk =← Qdes [1 : k]

O1
k = (det IB(qk))

1
2Nb√

k

if O1
k −O1

k−1 ≤ 0 then
q∗ ← qk−1

end if
k = k + 1

end while

In the following sections, we will discuss the generation of
candidate postures, compare IROC with traditional methods,
and analyze its performance in detail.

4) Generation of candidate postures: Using HPP library
[26], a pool of 1500 random and feasible postures were the
robot is in contact with a table at 18 different locations was
generated. To do so, as the task is redundant, first, a random
joint configuration following a uniform distribution in the
joint limits was generated. Second, the quasi-static whole-
body equilibrium and gripper-plane contact constraints were
ensured using a Gauss-Newton algorithm initialized with the
random configuration. Finally, collisions and joint limits were
checked.

V. RESULTS

A. Performance analysis of IROC

Figure 3 shows the resulting performance of the IROC
algorithm in selecting the optimal postures. When the entire
pool of 1500 random postures was used, the maximal value
of the O1 criterion was 1.61. As depicted in Fig. 3.a, this
value can be reached with as few as 41 postures when
they are ranked optimally using IROC. This demonstrates
the algorithm’s ability to efficiently identify a minimal set of
highly informative postures.

Fig. 3.b displays the weight attribution of each posture,
where each weight reflects the level and quality of information

a.
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e
b.
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t v
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s

𝑂!	maximal value (1.61)

41 OCP

Fig. 3: O1 criterion evolution calculated by iteratively stacking
postures (a). Sorted weight values of each information matrix
using IROC (b) .

contained in that posture. One can observe, by looking at the
abrupt drop in weight values, that after 212 postures, additional
postures bring negligible information to the calibration pro-
cess. This feature of IROC allows for automatic determination
of the optimal number of calibration postures, a capability not
present in methods like DETMAX.

1 20 40
Iteration 

0.6

1.0

1.40

C
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n 
va
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e

IROC DETMAX 

Fig. 4: Comparison of IROC (green triangle) and of the
DETMAX algorithms (red triangles) for O1 maximization.
DETMAX was run 10 times as indicated by color lines.

To highlight the advantages of IROC, it was compared with
the widely-used DETMAX method. Implementation details of
DETMAX can be found in [18]. DETMAX main limitations
compared to IROC are that:

• it requires numerous runs to avoid local optima by
randomizing the initial guess,

• the computational complexity increases rapidly with the
number of candidate postures,
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• it does not automatically determine the optimal number
of postures to select.

As highlighted in Fig. 4, IROC addresses these limitations
by providing a more efficient and robust method for select-
ing optimal calibration postures. Basically, IROC achieves
a better criterion value (1.61) than the best of 10 runs of
DETMAX (1.58). DETMAX required in average 50 iterations
to determine the optimal postures while a single iteration was
performed by IROC. In term of computational time, IROC
reduced it by 80% when compared to DETMAX leading to
12 minutes on an Intel® Xeon® Processor E5-1660 v3 work-
station machine. This makes IROC particularly suitable for
high-DOF systems like humanoid robots, where the number
of potential postures is large and the computational cost of
repeated optimizations would be prohibitive.

B. Experimental setup

Fig. 5: Experimental setup showing TALOS making 3-points
contacts between its gripper and a flat table while maintaining
balance and fixed feet on the ground.

Fig. 5 illustrates the experimental setup. As previously
mentioned (Section III) only a single plane is required to
perform the calibration procedure. Thus, a flat table was
positioned in front of the robot, which maintained quasi-static
balance with both feet flat on the ground. The robot then
made contacts on planned targets. Traveling paths connecting
the postures were planned using the motion planning solvers
HPP and Agimus [26], [27]. The traveling route was optimized
using a classical traveling-salesman algorithm to minimize the

traveling distance. Each motion, where the robot moved from
one posture to another, consisted of two sub-motions: a free
motion in which the robot moved to an approaching pose just
above the table, and a go-to-contact motion in which the robot
transitioned from the approaching pose to make contact with
the table. The first motion was executed with a position con-
troller, and the latter was controlled using a custom admittance
controller. Fig. 6 depicts the state machine diagram of the
command flow for the controller. Data from a force-torque
sensor located at the wrist were used to detect, maintain, and
release contact. An initial contact, not necessarily distributed
on all the three fingers, initiated a slow motion to go to 3-
points contact. During this phase, if the norm f of the resultant
forces measured by the force-torque sensor at the wrist held
above a threshold for Nf = 5 consecutive samples, a Boolean
variable would change to indicate an active contact. Finally, to
release the gripper from the contact mode, a custom criterion
based on the relative motion between the gripper and the
contact points has to be satisfied for Na = 5 consecutive
control periods.

Fig. 6: Control flowchart of the TALOS making contact on a
table with its gripper.

Planar contact was achieved and maintained by ensuring that
all three fingers were in contact with the table. To achieve this,
an admittance controller was used to enforce a force normal
to the plane and zero moments at the wrist. For example, it is
easy to understand that contact with only one or two fingers
would generate nonzero measured moments at the wrist center.
In such cases, the admittance controller action would result in
a rotating motion of the gripper to eliminate the undesired
moments. Fig. 7 shows a motion of 11s where a three-finger
plane contact was created. The cancellation of the moments
was always achieved in less than 30s. Note that the fingers are
made of rigid steel and thus would not be deformed.

Once a static 3-points contact was successfully achieved,
a ROS node was recording joint encoders and force sensor
data. Overall, the experimental procedure to achieve a single
planar contact was 2 minutes on average. This is due to the
fact that the transition between each postures were planned
on-line. Whole-body balance was also ensured as shown in
Fig. 5 where the arm not being calibrated is used to improve
balance. Unfortunately, our TALOS robot was not able to run
continuously for more than one hour due to software issues.
Consequently, it was not possible to perform all the 41 best
postures proposed by IROC algorithm. As it was not possible
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t=0s t=1s t=3s

t=4s t=7s t=11s

Fig. 7: Example of the admittance controller action creating a
3-points contact.

to restart the robot without modifying its feet pose, only the
31 best calibration postures were recorded and used in the
calibration process. As shown in Fig. 3.a., this will have little
influence on the excitation criterion O1.

C. Calibration results
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Fig. 8: Values of the translational and rotational identified
parameters.

After calibration, the residual error was much smaller as it
was decreased in average by a factor 3. In details, the absolute
errors were reduced from 9.19± 11.64mm to 2.88± 3.89mm,
from 1.12±1.34deg to 0.31±0.41deg, and from 1.02±1.20deg
to 0.33 ± 0.42deg for the position error along z and for the
roll and pitch angles, respectively.

Fig. 8 shows all the identified geometric parameters. The
translational parameters varied from [-6,+6]mm, and rotational
ones from [-1.5,+1.5]deg. Note that 50 individual geometric
parameters were set to 0 as they were not identifiable due to
the kinematic structure of the robot. For example, a single joint

offset could be identified for two co-linear joints. As one can
see, the identified parameters are not negligible. As expected,
the largest rotational parameters were the ones corresponding
to the joint offsets. This is especially the case for the arms
as the joint offsets of the legs were relatively small. On
the contrary, some translational parameters of the leg were
relatively large at the hip and knee levels. This might be
explained by the fact that TALOS legs are subject to some
structural flexibility that was not included in the model used
in this study [5].

An accompanying video media shows the executed motions,
partially depicted in Fig. 5, and the controlled go-to-contact
procedure and experimental setup.

D. Cross validation results

Nine random postures, which were not used in the calibra-
tion process, for each kinematic chain, were used to cross-
validate the calibration of the TALOS robot. These postures
were played twice on the robot: first with the nominal TALOS
model and then its model was updated with the identified
parameters. Doing so ensured that motion planning and control
took into account the calibrated model. Fig. 9 shows that
the positional and orientational errors were largely reduced
when using the calibrated model compared to when using
the nominal model. The mean absolute error decreased by an
average factor of 2.3 for positional and orientational errors.
In particular, it decreased from 9.89mm to 4.54mm, from
1.18deg to 0.56deg, and from 0.98deg to 0.34deg for position
error along the z-axis and orientation around roll and pitch,
respectively.

VI. CONCLUSION

In this paper, we presented a new methodology for auto-
matically estimating whole-body geometrical parameters of
a large humanoid robot, specifically the TALOS, without
reliance on external sensors. The proposed approach uses a
simple plane and an impedance controller to establish a 3-
point contact with a flat surface. It allows to gather data for
the calibration process. Making contacts with flat surfaces is
common in manipulation and locomotion for humanoids. It
is thus reasonable to develop a plane-constrained calibration
method for humanoids that could be routinely used to calibrate
humanoid robots. To the best of our knowledge, it is the first
time the whole-body calibration of a large-scale humanoid
robot was achieved without external sensor.

Due to the numerous DoF of a humanoid robot and its
frequent need to be re-calibrated after modification or main-
tenance, it is necessary to design optimal calibration postures
to reduce the time of the calibration procedure. OCP, contrary
to random ones, will excite the parameters to be identified
best. However, generating optimal postures that guarantee
mechanical limitations for such a complex system is a difficult
task [5]. In this paper, we proposed the IROC algorithm
that not only can select OCP but also determine its minimal
number. As shown in Fig. 3, IROC allows analyzing the
minimal number of OCP required to perform good calibration.
It was convenient in our case, for example, as we could not use
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(a) (b) (c)

Fig. 9: Comparison of residual values obtained during the experiment performed with the robot nominal model (dotted-red)
and with the robot calibrated model (hatched-purple) on validation data: (a) is the absolute position along z-axis; (b) is the
roll angle; (c) is pitch angle of the robot end-effector as defined in equation (2).

the 41 OCP maximizing O1 criterion due to technical issues,
to ensure that the 31 postures we actually used were sufficient
to identify the TALOS robot correctly. The present study is
limited to a pool of feasible postures of 1500, but it could
be easily extended to obtain even more optimal calibration
postures. The accuracy improvements brought by calibrated
model were compared and validated using cross validation
trials where the TALOS was requested to touch a table. After
calibration, the average absolute positional and orientational
errors of the end-effector were significantly decreased by a
factor of 2.3.

As shown in previous studies of our group [5], [28],
TALOS robot suffers from relatively flexible hip-leg segments.
This factor should be considered in the forthcoming studies.
Moreover, to enhance the efficiency of the calibration routine,
two other points could be investigated. Firstly, transitioning
motions between postures can be computed offline before
performing on the robot. Secondly, tactile sensors could be
utilized for fast and accurate contact detection between fingers
and plane in the future work.
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