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Abstract— In this paper, we introduce a novel approach
to centroidal state estimation, which plays a crucial role in
predictive model-based control strategies for dynamic legged
locomotion. Our approach uses the Koopman operator theory
to transform the robot’s complex nonlinear dynamics into
a linear system, by employing dynamic mode decomposition
and deep learning for model construction. We evaluate both
models on their linearization accuracy and capability to cap-
ture both fast and slow dynamic system responses. We then
select the most suitable model for estimation purposes, and
integrate it within a moving horizon estimator. This estimator
is formulated as a convex quadratic program to facilitate
robust, real-time centroidal state estimation. Through extensive
simulation experiments on a quadruped robot executing var-
ious dynamic gaits, our data-driven framework outperforms
conventional Extended Kalman Filtering technique based on
nonlinear dynamics. Our estimator addresses challenges posed
by force/torque measurement noise in highly dynamic motions
and accurately recovers the centroidal states, demonstrating
the adaptability and effectiveness of the Koopman-based linear
representation for complex locomotive behaviors. Importantly,
our model based on dynamic mode decomposition, trained with
two locomotion patterns (trot and jump), successfully estimates
the centroidal states for a different motion (bound) without
retraining.

I. INTRODUCTION

State estimation plays a crucial role in the deployment
of predictive state feedback controllers for dynamic loco-
motion in legged robots. The underactuation, hybrid nature
of contact dynamics, and nonlinear behavior of these robots
pose substantial challenges for achieving accurate state es-
timation. This issue is particularly significant for model-
based controllers that depend on precise centroidal state
information, including the Center of Mass (CoM) position
and momentum, to maintain stability and maneuverability
during dynamic tasks. However, the dynamic nature of
legged locomotion, characterized by rapid, intermittent con-
tacts with various surfaces, introduces significant modeling
uncertainties and measurement noise, particularly in the
Force/Torque (F/T) data obtained from robot end-effectors,
complicating the state estimation process.
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Fig. 1: Moving horizon estimator utilizes the recent history of
state measurements and system inputs, to predict the optimal
states.

Traditionally, the Extended Kalman Filter (EKF) has
been used for centroidal state estimation using the contact
wrenches with nonlinear centroidal dynamics [1]. Yet, EKF
struggles with dynamic motions where intermittent con-
tact forces can greatly amplify F/T sensor noise, leading
to reduced estimation accuracy. Additionally, model-based
kinematic methods for computing centroidal states are prone
to noise in joint and base velocity measurements. Although
low-pass filters can mitigate this noise, they introduce latency
that may destabilize high-frequency controllers.

Given the complexity and nonlinearity of legged robot dy-
namics, exploring linear representations and approximations
of these dynamics that align with established theories in lin-
ear control and state estimation offers significant advantages.
The Koopman operator theory represents a promising direc-
tion, by mapping the state space to an infinite-dimensional
vector space where dynamics evolve linearly [2]. Although
deriving such a mapping remains challenging, recent ad-
vances in data-driven model identification algorithms, such
as Dynamic Mode Decomposition (DMD) [3], have gained
popularity for their strong connection with the Koopman
operator theory [4], [5]. This perspective is valuable for dy-
namic legged locomotion, as it circumvents the simplifying
assumptions of conventional models, potentially enhancing
control and estimation techniques for more general locomo-
tive patterns.

In this study, we introduce a novel approach to centroidal
state estimation for legged robots, leveraging the Koopman
operator theory and embedding the robot’s nonlinear dy-
namics into a linear system. This linearization is crucial
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as it allows for the formulation of the Moving Horizon
Estimator (MHE) as a convex Quadratic Program (QP).
MHE utilizes the recent history of state measurements and
system inputs, shown in Fig. 1, to produce optimal state
estimates, thus effectively mitigating the challenges posed
by F/T sensor noise and the computational delays of filtering
noisy kinematic measurements. Our approach offers a more
resilient estimation framework in highly dynamic motions
and is less susceptible to the drawbacks of conventional EKF
methods.

To our knowledge, this is the first application of the
Koopman embedding for centroidal state estimation in legged
robots. By considering the centroidal dynamics of legged
robots, our framework’s generality allows for its application
across a broad spectrum of legged robot platforms with
dynamic motions.

The main contributions of this work are as follows:
• We develop and apply the Koopman embedding to the

nonlinear centroidal dynamics of legged robots, using
DMD and deep learning methods.

• We evaluate the learned models in terms of the lin-
earization error and the nature of captured dynamics, to
select the most suitable model for estimation purposes.

• We formulate an MHE framework based on the linear
DMD model for real-time state estimation.

Finally, through simulation experiments, we demonstrate the
effectiveness of our approach across various dynamic gaits
on a quadruped robot, and its superior performance compared
against a model-based filtering estimation technique.

II. RELATED WORK

Research in legged robot state estimation can broadly
be categorized into two main areas: base and centroidal
state estimation. Predominantly, recent studies have focused
on estimating the base state, a task that presents notable
challenges in floating base systems as the base pose cannot
be directly measured. The EKF has emerged as a prevalent
choice for this task due to its balance of simplicity, efficiency,
and effectiveness.

In base state estimation, a common approach involves fus-
ing Inertial Measurement Unit (IMU) data with leg odometry
to estimate the base position, velocity, and orientation [6],
[7], [8]. To mitigate drift in unobservable base positions and
yaw angle, while simultaneously facilitating environmental
mapping, additional sensor modalities such as LiDAR and
cameras are frequently integrated [8], [9], [10]. Moreover,
more advanced and sophisticated methodologies leveraging
factor graphs [11] and invariant Kalman filters [12], [13]
have been introduced to enhance state estimation process.

For centroidal state estimation, F/T measurements from the
end-effectors of legged robots provide valuable information
for enhancing the estimation of these states [1], managing
contact switch events [11], [14], [15], and improving overall
state estimation accuracy [16], [17]. Some robot designs
prioritize low leg inertia to achieve agile motions [18]. To
do that, they often omit F/T sensing, prompting alternative

estimation strategies, such as leveraging joint torque mea-
surements within an EKF framework for centroidal dynam-
ics [19]. Moreover, optimization-based methods have been
investigated for centroidal state estimation [20].

Emerging machine learning innovations are enhancing
legged robot locomotion and state estimation, providing new
capabilities and insights that complement and extend the
performance of traditional methods. For instance, deep neural
network architectures that learn displacement measurements
from IMU data [21], and estimate IMU bias terms for
factor graph integration [22], have shown drift reduction for
proprioceptive base state estimation in the case of impaired
exteroceptive sensing. Furthermore, the separation of estima-
tor and control policy learning for dynamic gaits has proven
more effective than end-to-end learning [23], underscoring
the importance of state estimation in both model-based and
learning-based control frameworks in legged robot locomo-
tion.

Data-driven algorithms based on the Koopman theory [2],
and its approximation using DMD [3], offer novel insights
into dynamical system modeling. DMD efficiently extracts
low-order models from complex, high-dimensional systems
and identifies spatial-temporal coherent modes from mea-
surement data. Extensions of this method to incorporate the
effect of control inputs has been proposed in [24], capable
of producing an input-output model. In addition, optimal
control strategy based on this representation is employed for
a class of nonlinear dynamical systems [25]. Moreover, the
subsequent development of extended DMD [26] for mapping
the state space through nonlinear observables, while innova-
tive, is hampered by its reliance on handcrafted heuristic
functions, and introduces subjectivity and limitations in the
captured dynamics.

Alternatively, deep learning techniques have the potentials
to autonomously learn these complex mappings, eliminating
the need for predefined heuristics. These methods, explored
in various studies, employ an autoencoder structure to encode
states into a latent space. Linearity is subsequently enforced
on the latent variables to determine the state and input ma-
trices through different methodologies. In [27], the authors
enforced linearity on latent variables through a trainable
linear layer that yields the state matrix. Conversely, [28],
[29] addressed the challenge by solving a linear least-squares
fit problem, resulting in the extraction of the state-transition
matrix. Notably, [30] demonstrated the necessity of regularly
updating the state-transition matrix for improved capturing of
system dynamics, showcasing enhanced performance com-
pared to [27], [29].

III. FUNDAMENTALS

A. Notation

• Throughout the paper, we use small letters to specify
scalars and scalar-valued functions, bold small letters
for vectors and vector-valued functions, and capital
letters for matrices.

• In ∈ Rn×n is the identity matrix.
• ‖A‖F is the Frobenius norm of matrix A.
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• A† stands for the pseudo-inverse of matrix A.
• ‖x‖22 denotes the squared Euclidean norm of vector x.
• ‖x‖P represents the weighted Euclidean norm of vec-

tor x, such that ‖x‖2P = x>P x.

B. Centroidal Dynamics
The rigid body dynamics of a floating-base system can be

written as

M(q)v̇ + h(q,v) = S>τ + J>c λ, (1)

where M ∈ R(n+6)×(n+6) is the mass-inertia matrix, q ∈
SE (3) × Rn denotes the configuration vector, v ∈ Rn+6

is the vector of generalized velocities, and h ∈ Rn+6 is a
concatenation of nonlinear terms including centrifugal, Cori-
olis and gravitational effects. S ∈ Rn×(n+6) is a selection
matrix that separates the actuated and unactuated degrees
of freedom, τ ∈ Rn represents the vector of joint torques,
Jc ∈ R6d×(n+6) is the Jacobian of d feet in contact, and
finally λ ∈ R6d is the vector of contact wrenches.

These dynamics can be split into actuated and unactuated
parts, where the unactuated dynamics is equivalent to the
Newton-Euler equations of the center of mass (CoM) [31],
and by considering the relation between linear momentum
and CoM linear velocity, they can be described asċGl̇G

k̇G

 =

 1
m lG

mg +
∑o
i=1 bifi∑o

i=1 bi ((ri − cG)× fi + τi)

 , (2)

where cG ∈ R3 represents the CoM position, and lG ∈ R3

and kG ∈ R3 are linear and angular momentum w.r.t. the
CoM, respectively. m is the robot total mass, g is the grav-
itational acceleration vector, and fi, τi and ri account for
the ith end-effector force, torque and location respectively. bi
serves as a binary integer indicating whether the end-effector
is in contact, and o is the total number of end-effectors.

In this study, we focus on a quadruped robot and assume
point-contact feet, leading to the exclusion of torque vectors
at the end-effectors in our equations. Nonetheless, our find-
ings are applicable to humanoid robots as well, provided that
the full contact wrenches are incorporated into the learning
process.

IV. CENTROIDAL STATE ESTIMATION

A. Problem Statement
Our objective is to estimate the centroidal states of a

legged robot, represented by x ∈ R9 =
[
cG, lG,kG

]>
. We

utilize an approximated and learned Koopman embedding of
the centroidal dynamics as the dynamic model in our MHE
estimation process.

As demonstrated in [1], direct measurements of the cen-
troidal states from generalized joint states, kinematics, and
the robot’s inertial properties are prone to significant noise
and modeling inaccuracies. This necessitates the adoption
of a state estimation framework to recover these quantities
more accurately and without delay. Consequently, the mea-
surement model is linear w.r.t. the states, described by

y = Cx, (3)

where y is the measurement and C = I9.

B. Koopman Embedding

The Koopman operator [2], offers a transformative per-
spective on analyzing nonlinear dynamical systems by cast-
ing them within linear, albeit infinite-dimensional, systems.
This operator acts on observable functions within the sys-
tem’s state space, linearly evolving these observables over
time, independent of the system’s nonlinear nature. Despite
its infinite-dimensional characteristic, the Koopman operator
is a powerful tool for dissecting complex dynamics into
modes with distinct frequencies and growth rates, allowing
linear analysis techniques to be applied to nonlinear systems.
In our work, we employ two different methods to derive this
approximation.

1) Dynamic Mode Decomposition (DMD): The advent of
numerical methods, especially DMD and its variants, has
made computing approximations to the Koopman modes
practical, broadening the theory’s applicability to fields with
complex or unknown dynamics. DMD aims to break down
complex, high-dimensional data into modes, each tied to
a specific frequency and growth/decay rate. These modes
encapsulate the system’s essential dynamics in a simplified
yet dynamic-faithful representation. As an extension to this
method, DMD with Control (DMDC) incorporates the effect
of inputs to extract a low-order model while maintaining
consistency with the underlying dynamics [24].

Our approach, inspired by the Koopman operator theory
via DMDC approximation, aims to linearly represent cen-
troidal dynamics as follows

xk+1 ≈ Axk +Buk, (4)

where xk and uk denote state and input vectors at time
step k, respectively. To measure states, we incorporate kine-
matic information. Additionally, we consider the end effector
force vectors and relative end-effector positions w.r.t. CoM
position, as the vector of inputs into DMDC formulation.

Using m samples obtained from robot motion, we struc-
ture the data matrices as

X = [x1,x2, . . . ,xm−1],

X
′

= [x2,x3, . . . ,xm],

U = [u1,u2, . . . ,um−1]. (5)

The data-driven nature of DMDC approach allows the inte-
gration of new trajectory data into the specified matrices,
given that each trajectory’s data matrices are structured
as (5).

Subsequently, the linear system representation in (4) can
be extended into matrix form to include these data matrices

X
′
≈ AX +BU, (6)

where DMDC solves the subsequent least-square problem to
approximate mappings A and B

argmin
K

1

2

∥∥∥X ′
−KΩ

∥∥∥2
F
, (7)
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where K = [AB] and Ω = [XU ].
A common approach to address this problem employs

singular value decomposition of Ω, as per [24]

K∗ = X
′
Ω†. (8)

This approach necessitates careful selection of a singular-
value threshold to either dampen the solution or truncate Ω’s
spectrum.

2) Deep Learning Koopman (DLK): Our objective is to
acquire a latent space representation, denoted as z, for
states x using an encoder φθ. Subsequently, we aim to
learn a linear state representation (A,B) of the dynamics
within the latent space z, governed by the recurrent relation
similar to (4). A schematic overview of the neural network
architecture is presented in Fig. 2, where in the linearity
block we enforce the linear representation (4). The latent
state zk+1 is then decoded by the decoder ψµ to obtain the
predicted state x̂k+1. Here θ and µ denote the weights of
the encoder and decoder networks.

To train the network, trajectories are partitioned into
segments of T steps, to account for the cyclic nature of
the legged robot motion, which repeats approximately every
two seconds. Recognizing the temporal dependencies in the
trajectories, where each state evolves from the previous one
and the input, we propose a novel approach. We adopt multi-
head attention [32] to effectively process and capture the
system’s dynamics in the latent space.

For each sample, we encode the first j states into a latent
space Z, and concatenate this matrix with the first j inputs
U . The resulting matrix, [Z,U ], is then processed through
two multi-head attention models to derive the state matrix A
and the input matrix B. For the remaining T − j states, we
propagate the initially encoded state zj and the remaining
inputs through the linear dynamics as (4).

The loss functions for our model are defined as follows

LRecon,θ,µ =

T∑
t=1

‖xt −ψµ(φθ(xt))‖22 , (9a)

LPred,θ,µ =

T∑
t=j+1

∥∥xt −ψµ(At−jφθ(xj) +Bt−juj)
∥∥2
2
,

(9b)
LTotalθ,µ = LRecon,θ,µ + LPred,θ,µ. (9c)

where (9a) is the reconstruction loss, which trains the autoen-
coder to accurately encode and decode states into and from
the latent space, and (9b) is the prediction loss, ensuring
the accuracy of linear predictions within the latent space.
Subsequent experiments demonstrate that utilizing multi-
head attention to represent A and B results in accurate
predictions of future states without the need to frequently
update the state and input matrices.

C. Moving Horizon Estimation

In our estimation approach, we have adopted an MHE
framework for the state estimation process. To articulate
the general formulation of this estimator, we begin with

Fig. 2: The neural network architecture to learn the Koopman
embedding approximation of centroidal dynamics.

a nonlinear discrete-time stochastic system, described as
follows

xk+1 = f(xk,uk) +wk,

yk = h(xk) + vk, (10)

where xk, yk and uk represent the state, measurement, and
input vectors at time step k, respectively. We model the
disturbances in the system dynamics and measurement model
as additive Gaussian noise, represented by wk for the system
equation and vk for the measurement model.

The objective of MHE is to minimize the following cost
function [33]

min
X0:n+1,
W0:n,V0:n

1

2
‖x0 − x̃0‖2Px

+

N−1∑
k=0

(
1

2
‖wk‖2Pw

+
1

2
‖vk‖2Pv

)
,

(11a)
s.t. xk+1 = f(xk,uk) +wk,

yk = h(xk,uk) + vk,

g(xk,uk) ≤ 0, k = 0, . . . , N (11b)

where N denotes the estimation horizon. The sequences
X0:n+1, W0:n, V0:n represent matrices constructed from the
data series xk, wk, and vk respectively, such that X0:n+1 =
[x0,x1, ...,xn+1]. The first term in the cost function, (11a),
minimizes the error between the initial predicted state and the
prior initial state x̃0, and the second term penalizes the noise
on the process and measurement model according to the
corresponding weight matrices Pw and Pv . The function g(·)
in (11b) embodies the state and input constraints.

In the case of linear dynamics and linear measurement
model, the constraints in (11b) are replaced by the corre-
sponding linear process and measurement models, as pro-
vided by the learned Koopman embedding, and g(·) is
replaced by proper bounds on state and input vectors. Conse-
quently, the optimization problem becomes a convex QP due
to the affine nature of the equality and inequality constraints.

V. RESULTS

In this section, we detail the experimental framework
employed to learn the Koopman embeddings for centroidal
dynamics of the Unitree Go1 quadruped. Subsequently, we
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Fig. 3: RMSE for open-loop simulation with learned linearized models on validation dataset. The deep learning Koopman
model outperforms the dynamic mode decomposition model in terms of prediction accuracy nearly for all states across
various motions.

evaluate our learned models based on two key metrics:
linearization error and their effectiveness in modeling differ-
ent dynamic behaviors, specifically differentiating between
fast and slow dynamic responses. This distinction is crucial
for understanding the models’ response in capturing the
range of dynamic motions experienced by the robot. Further,
we integrate the optimal linear dynamic model with the
MHE framework to develop a data-driven centroidal state
estimator. Lastly, we rigorously asses the performance of this
estimator in comparison to the EKF over various dynamic
motions of the quadruped robot.

A. Experimental Setup
Data were obtained at a sampling rate of 1 kHz from a

PyBullet simulation [34], featuring Go1 quadruped executing
a variety of dynamic gaits, generated by using a whole body
motion planning framework [35]. The dataset for DLK com-
prised 10 hours of data capturing three distinct motions (trot,
jump, and bound), each characterized by varying commanded
base linear velocities. This dataset was divided such that
80% was allocated for training purposes, while the remaining
20% was reserved for validation and was not utilized during
the training phase. Further, the DLK model was trained
utilizing 8 hours of data from the training portion of the
dataset. To construct DMD model, we selected 15 trotting
and 15 jumping trajectories from the training set, each with
a duration of 10 seconds and featuring diverse commanded
base linear velocities.

B. Model Evaluation
In this study, we aimed to implement linear MHE that

demands highly accurate predictive models to refine state

−1 0 1
Re(z)

−1.0

−0.5

0.0

0.5

1.0

Im
(z

)

DMD Model

Eigenvalues

−1 0 1
Re(z)

DLK Model

Eigenvalues

Fig. 4: Eigenvalues of the state-transition matrices for both
learned linear models.

estimation. The precision of the predictive model is espe-
cially critical for up to 50 steps ahead in moving horizon
estimation, as longer prediction horizons can present practi-
cal challenges for real-time computation. We evaluated the
performance of our models, DMD and DLK, focusing on
their ability to accurately predict the centroidal states over
an extended 500-step horizon. Figure 3 presents a summary
of the RMSE values of the open-loop prediction of dynamics
with our two models over the horizon of 500 steps for three
various motions. Our results reveal that the DLK model
outperforms the DMD model in terms of prediction accuracy
nearly for all states.

We also leverage the well-established control theories for
linear dynamical systems to investigate the stability and
dynamic characteristics of our linear models. To do so, we
inspect the eigenvalues of the state-transition matrices for
both models, revealing that the DLK model’s eigenvalues
are positioned closer to the unity circle’s origin in the Z-

TABLE I: RMSE for centroidal state estimation with new noisy data not presented during training process. Our data-driven
DMD-MHE estimator is outperforming model-based EKF in recovering the centroidal states across all dynamic motions.

cx cy cz lx ly lz kx ky kz
Trotting Motion

EKF
DMD-MHE

8× 10−4

6× 10−4
6× 10−4

2× 10−4
1× 10−4

6× 10−5
0.661
0.040

0.548
0.034

0.140
0.048

0.011
0.003

0.011
0.005

0.013
0.005

Jumping Motion
EKF

DMD-MHE
1× 10−3

4× 10−4
1× 10−4

1× 10−4
8× 10−4

8× 10−4
0.230
0.033

0.161
0.035

0.643
0.020

0.021
0.004

0.055
0.007

0.022
0.003

Bounding Motion
EKF

DMD-MHE
6× 10−4

4× 10−4
2× 10−4

1× 10−4
1× 10−3

1× 10−2
0.283
0.035

0.173
0.036

0.498
0.150

0.026
0.002

0.280
0.006

0.030
0.004
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Fig. 5: Motion #1: Trot. Estimation of the CoM position (m) (top row), linear momentum (kgms ) (middle row) and angular
momentum (kgm

2

s ) (bottom row), commanded base linear velocities during motion, vx = 0.7(ms ) and vy = 0.3(ms ).
As evident, the intermittent rapid contact switching degrades the performance of EKF especially in estimating the linear
momentum, while our estimator effectively maintains accurate state estimation during the motion.

X

0.5

1.0

1.5

C
O

M

Meas
GT
EKF
MHE

Y

2.5

5.0

×10−1 Z

2

3

×10−1

4

6

L
M

0.0

2.5

−2

0

×101

0 1 2 3

0

2

A
M

×10−1

0 1 2 3

Time (sec)

0

5

×10−1

0 1 2 3

0.0

2.5
×10−1

Fig. 6: Motion #2: Jump. Estimation of the CoM position (m) (top row), linear momentum (kgms ) (middle row) and angular
momentum (kgm

2

s ) (bottom row), commanded base linear velocities during motion, vx = 0.6(ms ) and vy = 0.3(ms ). Large
impacts at landing disrupts EKF by incorporating abrupt forces directly into the estimation process, while our estimator
leverages a history of past measurements for precise and stable estimations.

plane than those of the DMD model, as illustrated in Fig. 4.
Eigenvalues near the origin suggest a faster system response
to inputs, which in this context, relate to the forces applied by
the quadruped’s end-effectors upon contact. This positioning
leads to the DLK model having more precise predictions,
albeit with a trade-off of a noisier dynamics representation
compared to the DMD model. The role of the prediction
model in state estimation is to mitigate measurement noise,
making the DLK model’s noisier dynamics unsuitable for di-
rect state estimation applications. Therefore, we only utilized

DMD model as our linear dynamics in MHE formulation, as
it shows more robust dynamic response to noisy F/T sensory
input.

C. State Estimation

To evaluate our estimator’s performance, we introduced
realistic simulated white Gaussian noise to the joint en-
coders (and propagated to joint velocities through numerical
differentiation) and end-effector F/T sensor signals of the
simulated Go1 model, replicating real-world sensor inaccu-
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Fig. 7: Motion #3: Bound. Estimation of the CoM position (m) (top row), linear momentum (kgms ) (middle row) and
angular momentum (kgm

2

s ) (bottom row), commanded base linear velocities during motion, vx = 0.6(ms ) and vy = 0.3(ms ).
This figure underscores our estimator’s proficiency in accurately capturing the motion dynamics, especially the complex
angular momentum changes in the y-axis, where EKF encounters estimation errors.

racies. This setup allowed for a comparison between our
MHE approach and the conventional EKF [1] across three
dynamic motions, trotting, jumping, and bounding. These
motions were selected for their complexity and the distinct
challenges they present, including rapid state changes and
sensor noise, and they have never been represented in the
training dataset to ensure an unbiased evaluation. Ground
truth data for the centroidal states were obtained from
the simulation. Each motion lasted for 30s, with graphical
representations focusing on the first 3s to maintain clear and
interpretable visuals. The Root Mean Squared Error (RMSE)
metrics, detailed in Table I, quantitatively underscore our
estimator’s superiority in capturing the complex dynamics of
quadruped locomotion with significantly enhanced precision
of estimating centroidal state across all tested gaits.

1) Trotting Motion: As shown in Fig. 5, this motion is
characterized by intermittent rapid contact switching, pos-
ing significant challenges due to substantial noise in the
F/T sensor readings. This noise notably impairs the EKF’s
ability to estimate linear momentum accurately. In contrast,
our estimator consistently achieves precise state estimation
throughout the motion.

2) Jumping Motion: The second motion presents signifi-
cant challenges, especially due to the large impacts at landing
that can disrupt EKF by incorporating abrupt forces directly
into the estimation process potentially leading to estimation
errors. Our method, which integrates a learned model into
an MHE framework, counters these effects by drawing on a
history of previous measurements. As shown in Fig. 6, our
estimator maintains high accuracy and robustness, effectively
filtering out noise from landing impacts and demonstrating
a clear advantage in handling the complexities of jumping
motion.

3) Bounding Motion: This motion’s complexity is height-
ened by the rapid changes in angular momentum along the
y-axis. Furthermore, the DMD model was not trained on
this motion. However as depicted in Fig. 7, our estimator, by
leveraging the accuracy of learned dynamics and a history of
past measurements, achieves precise state estimation, effec-
tively addressing the challenges presented by this complex
motion. Conversely, EKF struggles to accurately capture this
motion’s nuances, resulting in errors in estimating angular
momentum.

VI. CONCLUSIONS AND FUTURE WORK

In this work, we presented a novel centroidal state es-
timation approach for legged robots, critical for dynamic
locomotion control. By leveraging the Koopman operator
theory, we transformed the complex nonlinear dynamics of
legged locomotion into linearized systems, using dynamic
mode decomposition and deep learning. We evaluated the
eigenvalues of both models and selected the most suitable
model for estimation purposes within moving horizon esti-
mator. Our data-driven estimator demonstrated superior per-
formance over traditional Extended Kalman Filtering method
in extensive simulations on a quadruped robot, showcasing
robustness against the noise in force/torque sensor readings
and accurately capturing the centroidal dynamics across
various dynamic gaits.

In the future, we will implement our estimator on the
physical Go1 Unitree robot and evaluate its performance in
closed-loop control system, utilizing the estimated centroidal
states. Furthermore, we plan to tackle the inherent challenges
associated with dynamic model uncertainties by integrating
online model identification within the estimation framework,
to adaptively refine our models based on real-time perfor-
mance.
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