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Abstract—In this letter, we present tightly coupled LiDAR-
IMU-leg odometry, which is robust to challenging conditions
such as featureless environments and deformable terrains. We
developed an online learning-based leg kinematics model named
the neural leg kinematics model, which incorporates tactile infor-
mation (foot reaction force) to implicitly express the nonlinear
dynamics between robot feet and the ground. Online training
of this model enhances its adaptability to weight load changes
of a robot (e.g., assuming delivery or transportation tasks)
and terrain conditions. According to the neural adaptive leg
odometry factor and online uncertainty estimation of the leg
kinematics model-based motion predictions, we jointly solve
online training of this kinematics model and odometry estimation
on a unified factor graph to retain the consistency of both. The
proposed method was verified through real experiments using a
quadruped robot in two challenging situations: 1) a sandy beach,
representing an extremely featureless area with a deformable
terrain, and 2) a campus, including multiple featureless areas
and terrain types of asphalt, gravel (deformable terrain), and
grass. Experimental results showed that our odometry estimation
incorporating the neural leg kinematics model outperforms state-
of-the-art works. Our project page is available for further details:
https://takuokawara.github.io/RAL2025 project page/

Index Terms—Deep Learning based on factor graph, SLAM,
Sensor fusion, Leg odometry with tactile information.

I. INTRODUCTION

LEGGED robots have significant potential for transporta-
tion and inspection tasks in challenging environments

(e.g., rough terrain) thanks to their superior locomotion ca-
pabilities compared to wheeled robots. Accurate and robust
odometry estimation is crucial for the reliable navigation
required for these tasks. Although state-of-the-art LiDAR-IMU
odometry is accurate thanks to the tight coupling of LiDAR
and IMU constraints [1], these methods fail in featureless
environments (e.g., vast flatlands such as lunar surfaces, tun-
nels), where LiDAR point clouds degenerate [2]. IMUs can
provide information on relative sensor motion by integrating
their measurements independently of geometric features to
mitigate estimation drift in such situations. However, IMU-
based constraints are unstable in the presence of long-term
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Fig. 1: (a) Odometry estimation results on the campus includ-
ing terrain condition changes and featureless areas (b-1, b-2,
and b-3). To validate the adaptability of our online learning-
based kinematics model (neural leg kinematics model) for
changes in the robot’s weight load, the 3 kg external weight
was removed in the middle of this experiment.

point cloud degeneration because integration errors (especially
double integration of linear acceleration) accumulate rapidly
due to IMU measurement noise. For legged robots, robot
motion can be estimated based on joint motions (leg forward
kinematics), namely leg odometry [3], [4]. For translational
elements, leg forward kinematics-based constraints are more
reliable than IMU-based constraints because leg kinematics-
based motion prediction requires a single integration, which
accumulates errors more slowly compared to double integra-
tion. However, conventional leg odometry algorithms assume
that the foot velocity with respect to the ground is zero (no
foot slippage); therefore, this algorithm is also unstable under
conditions such as deformable terrain and foot slippage.

To cope with challenging situations such as featureless envi-
ronments and deformable terrain, we developed an odometry
estimation algorithm that fuses LiDAR-IMU constraints and
leg kinematics constraints in a tightly coupled way. To address
such situations where the assumptions of the conventional leg
odometry algorithms become invalid, we incorporated foot

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

©2026 IEEE



2 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED MAY, 2025

tactile information (reaction force, contact state) into the leg
kinematics model to directly express the dynamic interaction
between feet and the ground. The reaction forces of feet vary
depending on terrain characteristics such as soil parameters,
friction coefficients, and foot sinkage [5]. However, explicitly
accurate identification of these parameters is difficult because
the interaction model is complex and nonlinear. To effectively
incorporate tactile information into leg kinematics, we applied
a neural network for implicitly expressing the dynamics models
that are difficult to model rigorously. We designed the network
to be trained online to adapt to changes in the robot’s weight
load and the terrain types because the foot reaction force
varies with both. Moreover, we jointly performed odometry
estimation and online training of our network on a unified
factor graph to retain both consistency, based on the proposed
factor named the neural adaptive leg odometry factor.

We extended related work [2], which developed an online
learning-based wheel kinematics model without tactile infor-
mation (e.g., reaction forces or torques applied to the wheels
or their axes), with the following contributions:

1) We developed the neural leg kinematics model, which
incorporates tactile information (foot reaction force) into
the leg kinematics. This model is expressed with an
online-trained network to consider its adaptability to the
robot’s weight load and terrain conditions.

2) We proposed the neural adaptive leg odometry factor to
simultaneously perform odometry estimation and online
training of the neural leg kinematics model on a unified
factor graph to maintain their consistency.

3) We explicitly estimated the uncertainty (i.e., covariance
matrix) of this leg kinematics-based motion constraint
online to create a reasonable constraint in challenging
conditions (e.g., deformable terrain).

II. RELATED WORKS

A. Fundamental leg odometry algorithms

Traditional leg odometry algorithms estimate robot velocity
based on joint motions (leg forward kinematics) under ideal
conditions where the terrain is flat and non-deformed, and none
of the feet slip. The robot velocity vb caused by the j-th leg
motion is defined as follows [3], [4]:

vb = −(Jj θ̇j + ⌊ω⌋×fk(θj )), (1)

where fk(θj ) is an operation to output the j-th foot position
described in the robot frame through forward kinematics with
its leg joint angles θj , θ̇j is the j-th leg joint angular velocities,
Jj is the Jacobian matrix related to the j-th foot position and
its joint angles, and ⌊ω⌋× is the skew-symmetric matrix for the
angular velocity of the robot body. To estimate vb for robots
with an arbitrary number of legs (e.g., quadrupeds or hexapods)
making multiple contacts, the average linear velocity of only
the feet in contact with the ground is used. Although this
leg forward kinematics-based motion prediction is reasonable
under the aforementioned ideal conditions, this model is fragile
under conditions with terrain deformation and foot slippage.
Michael et al. proposed an EKF-based approach with leg
forward kinematics and IMU [6] to cope with such challenging

situations by constraining each contact foot position with a
random walk model with zero-mean Gaussian noise.

B. Proprioceptive and exteroceptive sensor fusion-based
odometry estimation for legged robots

Fusing exteroceptive sensors (e.g., camera, LiDAR) and pro-
prioceptive sensors is crucial for enhancing robustness to fea-
tureless environments and reducing estimation drift. Loosely
coupled [7] and tightly coupled [8] visual-IMU-leg odometry
based on factor graph optimization have been proposed for
robustness in featureless environments with dynamic objects.
Although the above approaches successfully incorporated leg
forward kinematics into exteroceptive sensor-based estimation
algorithms, they did not account for errors caused by terrain-
dependent phenomena (foot slippage and deformations of legs
and/or the ground); thus, accurate odometry estimation is dif-
ficult in such challenging situations. To cope with such errors,
David et al. explicitly estimated the translational velocity bias
of Eq. (1) based on a simple linear model in addition to
odometry estimation [3].

Errors in leg forward kinematics significantly depend on
inaccuracies in kinematic parameters (e.g., link deformation
and machining errors). In particular, a foot tip made of
rubber can deform upon impact when the foot contacts hard
ground; thus, the kinematic parameters of legged robots can
change dynamically. Yang et al. proposed performing online
calibration of kinematic parameters and odometry estimation
simultaneously based on a Kalman filter [4].

Although these approaches demonstrated accurate odometry
estimation in featureless areas, their works do not assume more
challenging situations, where severely featureless areas and
terrain condition changes are jointly included.

C. Leg odometry model with tactile information

Tactile information in legged robots includes elements such
as a foot reaction force and a binary contact state (whether the
foot is raised or contacting the ground), which can be measured
using force sensors, joint torques, or touch sensors. Most
approaches [3], [8] use these sensors to detect foot contact
for leg kinematics-based motion predictions because only the
feet contacting the ground influence the robot’s movement
through leg kinematics. Fourmy et al. demonstrated that the
foot contact force can be used for estimating the displacement
of the body of a legged robot [9]. Specifically, the foot contact
force is divided by the robot mass to estimate the acceleration
caused by the force. Finally, the velocity and displacement are
estimated by integrating the acceleration; thus, these values
are used as measurements for the robot motion. Kang et al.
extended Fourmy’s work to jointly perform odometry and
external force estimation on a unified factor graph [10].

Although these studies [9], [10] explicitly regard the robot’s
mass as being constant, the mass can vary depending on robot
applications (e.g., transportation tasks or adding devices for
augmenting the robot’s capability).

Unlike the aforementioned studies, our leg kinematics model
can adapt to changes in the robot’s weight-load conditions,
thanks to online training of our learning model.
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Fig. 2: Overview of the proposed framework. To accomplish reliable legged robot state estimation, we jointly perform LiDAR-
IMU-leg odometry and online training of the neural leg kinematics model, on a unified factor graph. In contrast to [2], the
proposed network infers the robot twist ξt by incorporating foot tactile information in addition to proprioceptive sensor data.

D. Learning-based kinematic model for legged robots

In contrast to the aforementioned approaches (Sec-
tion II-A,II-B,II-C) using model-based leg forward kinematics,
learning-based leg kinematics models [11], [12] have been
developed to better express terrain-dependently nonlinear dy-
namics such as foot slippage and deformation of legs and/or the
ground. These studies demonstrated robust and accurate odom-
etry estimation using their learning-based kinematic model and
exteroceptive sensor constraints. A particularly relevant study
is [13], which proposes an invariant EKF-based odometry
estimation based on IMU measurements and learning-based
leg forward kinematics incorporating tactile information (foot
reaction force). Their learning model only outputs the weights
(i.e., reliability) of each foot in multiple contacts through
input data of foot force sensor values. They only used these
weights to calculate a weighted average of each leg forward
kinematics-based motion for more accurate odometry estima-
tion instead of the average described in Section II-A. They
verified that the odometry estimation with learning-based leg
kinematics incorporating tactile information outperformed the
conventional algorithms, though their evaluation was limited
to indoor flat floors where rigid foot contact is guaranteed,
unlike our work. We consider that their weights (reliability)
do not work properly on deformable terrains (e.g., gravel or
sandy beaches), where rigid foot contact cannot be guaranteed
at any time.

These approaches [11]–[13] trained their learning models
offline; thus, adaptability to variations in the robot’s weight
load and terrain conditions was not considered.

III. METHODOLOGY OVERVIEW

A. System overview

As shown in Fig. 2, we jointly perform odometry estimation
and online training of the neural leg kinematics model on a uni-
fied factor graph to maintain the consistency of all constraints.

Online training of this model enhances adaptability to the
weight loads of a legged robot and terrain conditions, enabling
effective use of foot tactile information (reaction forces) for
motion prediction because foot reaction forces vary with both
robot weight loads and terrain types. To balance accuracy and
computational costs for training the network, we divided the
model into two models trained online and offline [2]. The
model trained offline is constant during odometry estimation.
The robot kinematic state Xt to be estimated at time t is
defined as follows:

Xt = [xt,mon,t], (2)
xt = [Tt,vt, bt], (3)

where xt is the robot state at time t; Tt = [Rt|tt] ∈ SE(3)
and vt ∈ R3 are the robot pose and linear velocity in the
world frame, respectively; bt = [bat , b

ω
t ] ∈ R6 is the bias

of the IMU linear acceleration at and the angular velocity ωt;
and mon,t is the weight and bias of the MLP of the neural leg
kinematics model trained online. mon,t is dynamically updated
along with xt with the assumption that the robot walks in a
feature-rich environment at the beginning of the estimation.
Once the online-trained network converges to a state adapted
to the current terrain and robot weight load, the neural network-
based motion constraint becomes reliable for optimization and
enables accurate odometry estimation even in such severe
conditions. Note that the proposed method constantly trains
our network online along with odometry estimation, based
on factor graph optimization to adapt to dynamic changes in
weight load and terrain conditions.

B. Overview of neural leg kinematics model

Network input and output: We developed a neural
network (neural leg kinematics model) that outputs the 6DOF
twist (translational and rotational velocities in the tangent
space of the robot body) with proprioceptive sensors (joint
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Fig. 3: Neural leg kinematics model structure. This network outputs a legged robot’s twist ξt ∈ R6 and the Boolean contact
states for each foot ct ∈ R4 by inputting It. The dimension of the online learning model’s MLP parameter mon,t is 168.

encoder and IMU) and tactile information (foot reaction force).
The input data for the network are time series data consisting
of IMU data (linear acceleration at ∈ R3, angular veloc-
ity ωt ∈ R3), joint angles θt ∈ R12, joint torques τt ∈ R12,
and foot force sensor values ft = [LFft

LHft
RHft

RFft] ∈
R4. We define it ∈ R34 by concatenating the above sensor
data as follows:

it = [a⊤
t ω⊤

t θ⊤
t τ⊤

t f⊤
t ]⊤. (4)

We concatenate it to create the time series data of sensor
values with a window size Nw. The model can implicitly rep-
resent various physical quantities (e.g., joint angular velocity
based on the difference of consecutive time of joint angles) by
using the time series data as inputs. Finally, the input for the
network is defined as It = ρ([it, it−1, ...it−Nw−1]), where ρ
is a standardization operation. In our implementation, we set
Nw to 3; thus, the dimension of It is 102 (34× 3).

We propose incorporating tactile information into leg kine-
matics models to enable robust motion prediction for terrain-
dependent phenomena (e.g., terrain deformation, foot slip-
page). Foot tactile information (reaction forces) can address
these severe conditions because the reaction forces are influ-
enced by foot slippage (friction forces) and terrain deforma-
tion [5]. In other words, foot reaction forces contain informa-
tion on terrain-dependent features. As stated in Section II-C,
3D foot reaction forces can also be used to express a robot’s
velocity. Because 3D foot reaction force measurements are not
directly available on our robot platform (Unitree Go2), joint
torques are used as the input data instead. The reason is that
foot reaction forces can be expressed based on the motion
equation for legged robots using joint torques [10]. Because the
accuracy of motion-equation-based reaction force expression
depends on a precise model identification for such as unknown
disturbances and robot’s mass, inertia moment [10], learning-
based approaches are preferred to accurately express such
complex terms by implicit representation [14]. In addition, a
1D foot force sensor (Unitree Foot Pad) is used to complement
the information on the 3D reaction force represented by the
joint torque.

Network structure: As shown in Fig. 3, the network
structure is divided into an offline learning model and online

learning model based on related work [2], which developed the
online trained wheel odometry model without force or torque
of wheels. Our online learning model expresses dynamic
features regarding terrains and legged robots’ weight loads.
Whereas, our offline learning model captures features invariant
to weight and terrain, such as basic leg forward kinematics and
inertial propagation. We designed the above network structure
to balance the computational cost and accuracy for realizing
reasonable online learning. The size of the online learning
model is smaller than that of the offline learning model because
features invariant to weight loads and terrains have a greater
influence than dynamic features varying with these conditions
in leg kinematics models.

First, the common feature extraction layer takes It as input
and extracts common features αt related to motion prediction.
The subsequent static and adaptive motion prediction layers
take these common features αt as input and output feature
vectors β1,t and β2,t to predict the robot twist in a latent
feature space, respectively. β1,t also includes features related
to foot contact states to account for foot contact effects in our
learning model. The contact state decoding layer interprets
β1,t to determine whether each foot is in contact with the
ground. The contact state ct is defined on a scale from 0 to 1,
where 0 and 1 indicate non-contact and contact, respectively.
Note that ct is incorporated as an output of this model to rep-
resent features related to tactile information; however, it is not
directly used for online learning (factor graph optimization).
Finally, the twist decoding layer decodes the latent features βt

into the twist in the robot body ξt.

IV. TRAINING THE OFFLINE LEARNING MODEL

Training procedure: The offline learning model is trained
to describe features invariant to the robot’s weight loads
and terrains for accurate motion prediction. The offline batch
learning is conducted under the condition that, while the
online learning model (adaptive motion prediction layer) varies
depending on the robot’s weight loads and terrain, the offline
learning model is common for these conditions. By including
diverse environments and the robot’s weight load configura-
tions in datasets for the offline learning process (Fig. 4), we
ensure that the offline learning model provides the invariant
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features that can complement the adaptive responses of the
online learning model under varying conditions. This structure
aims to improve the performance and adaptability of our model
across different terrains and payload scenarios. To meet the
aforementioned training conditions, we minimize the overall
loss function L (Eq. (5)), which is defined by the sum of the
loss function Ln(moff,mon,n) for each dataset. Offline batch
learning is conducted by minimizing L such that the MLP
parameters for the offline learning model moff are common
for all datasets. In contrast, the MLP parameters for the online
learning model mon,n vary depending on the type of dataset.

L =

Ns∑
n=1

Ln(moff,mon,n), (5)

Ln(moff,mon,n) = et,ξ + w1et,c + w2et,r, (6)

et,ξ =
1

nT

nT∑
t=1

(et,trans + w3et,rot). (7)

et,ξ, et,c, and et,r are the loss for the twist (mean square
error), contact states of each foot (binary cross entropy), and
L2 regularization terms for features β2,t of the online learning
model, respectively. nT is the number of training data in each
dataset; et,trans and et,rot are the square error in the translation
and rotation components of the twist ξt, respectively. w1 (e.g.,
5), w2 (e.g., 10−3), and w3 (e.g., 200) are weights adjusting
the scales of the loss values.

Offline training details: We used Ns sequences including
Ne environment types and Nm robot weight loads for the
offline training. Ne and Nm were set to 7 and 4, respectively,
resulting in Ns = 28. We changed the weight load by
equipping the robot with external weights of 1 kg, 2 kg, and
3 kg. The duration of each sequence was about 10 minutes. As
shown in Fig. 4, we included a variety of environments, such
as deformable and solid terrains as well as slopes.

We used the Adam optimizer [15] with a 5× 10−4 learning
rate, 2500 epochs, and a batch size of 50 in our implementa-

TABLE I: Translational and rotational RTEs per 1m of the
proposed network and ablation cases.

Method tRTE [m] rRTE [deg]
Proposed network (w/ tactile info., w3 = 200) 0.06 ± 0.04 1.00 ± 0.69

Network w/o tactile information 0.10 ± 0.07 1.06 ± 0.69
Network w/ small rotational weight (w3 = 1) 0.07 ± 0.04 3.36 ± 2.87

tion. The number of layers and activation functions for each
MLP are shown in Fig. 3. We determined the reference of
contact states ct by offline analysis based on thresholding of
each foot’s force sensor values, similar to related work [3].
We used LiDAR-IMU odometry with an omnidirectional FOV
LiDAR (Livox MID-360) to obtain reference data for the twist
ξt,L. We calculate et,trans and et,rot in Eq. (7) based on the
error between ξt,L and ξt inferred by the network. LiDAR-
IMU odometry is highly accurate in feature-rich environments
(e.g., our datasets in Fig. 4). The robot also moved locally in
each environment to always remain on the local map; thus,
accumulation errors did not occur in LiDAR-IMU odometry
for the offline training sequences. We manually operated the
legged robot (Unitree Go2) through various motions (e.g.,
straight and curved trajectories on slopes and steps).

Network evaluations: To demonstrate the importance of
incorporating tactile information and assigning a large rota-
tional weight (e.g., w3 = 200) in the loss function Eq. (7), we
compared the proposed network with 1) network w/o tactile in-
formation, and 2) network w/ small rotational weight (w3 = 1).
Table I shows the average of relative trajectory errors (RTEs)
per 1m of the proposed network and the other networks using
10% of the offline training datasets (Fig. 4) as validation data.
For translational RTEs tRTE, the proposed network (0.06m) is
approximately twice as accurate as the network without tac-
tile information (0.10m). Regarding rotational RTEs rRTE, the
proposed network (1.00 deg) is three times more accurate than
the network with a small rotational weight (3.36 deg). The
result demonstrated 1) the importance of tactile information for
accurate motion prediction in challenging terrains and 2) the
effectiveness of the large rotational weight w3 for loss Eq. (7)
in the proposed network.

V. TRAINING ONLINE LEARNING MODEL

A. Neural adaptive leg odometry factor

We train the online learning model (adaptive motion predic-
tion layer) on-the-fly with the fixed offline learning model.
To perform online training of the network and odometry
estimation on a unified factor graph, we propose the neural
adaptive leg odometry factor, which accounts for both con-
straints regarding robot motion and online learning. In the
online learning phase, the parameter vector mon concatenating
the weights and biases of MLPs for the online learning model
is optimized such that online trained leg kinematics-based,
LiDAR-based, and IMU-based constraints become consistent.

To derive the error in the neural adaptive leg odometry
factor, we first calculate the relative pose by integrating the
corresponding twist ξi of the robot with a time step ∆ti. Then,
we map the relative pose from se(3) to SE(3) space based
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on exponential map operation (i.e., exp(ξi∆ti)). Finally, the
error in this factor is defined as follows:

eLeg(Ti−1,Ti,mon,i) = (rLegi )⊤(CLeg
i )−1rLegi , (8)

rLegi = log(T−1
i−1Ti exp(ξi∆ti)

−1), (9)
ξi = NN(mon,i), (10)

where (CLeg
i )−1 is the covariance matrix representing the

uncertainty in the network-based motion prediction. NN is an
operation to output ξi through the neural leg kinematics model,
which incorporates the online optimized MLP parameters
mon,i, fixed offline trained model moff, and the model input
(i.e., time series sensor data Ii), as seen in Fig. 2. We compute
the Jacobian matrix related to rLegi and mon,i by using the
LibTorch library to take advantage of automatic differentiation
wrapped the results with a GTSAM nonlinear factor class.

B. Online uncertainty estimation for neural adaptive leg
odometry factor

We explicitly estimate the uncertainty (i.e., CLeg
i ) associated

with the neural adaptive leg odometry factor online, ensuring
that this constraint remains reasonable for challenging terrains
(e.g., rough and deformable surfaces). We estimate CLeg

i by
analyzing rLegi (Eq. (9)), which is the residual of the network-
based motion prediction. N (e.g., 15) samples of rLegi (i.e.,
rLegi ,...,rLegi−N ) are used to properly capture the current terrain
condition with the assumption that mon,t does not change
drastically across the N samples. The sliding window adjusts a
balance between stability and responsiveness for estimating the
reasonable uncertainty. According to the definition of variance,
for example, the variance of translational X element σi,Tx

2 is
estimated as follows:

σi,Tx
2 =

1

N − 1

N∑
j=1

r2i,Tx,j . (11)

The other five variances can be estimated similarly to that
for the translational X element. When we assume that each
element of rLegi is independent, the covariance matrix CLeg

i

can be obtained by setting these variances to the diagonal
elements of CLeg

i . In addition, we assume that the estimation
of poses is accurate in elements where point clouds do not
degenerate; thus, we consider rLegi for the corresponding
elements to be reliable for estimating variances.

VI. IMPLEMENTATION DETAILS

The objective function (i.e., factor graph of Fig. 2) for the
optimization is the sum of the LiDAR-based (matching cost
factor [16]), IMU-based (IMU pre-integration factor [17]),
leg kinematics model-based constraints, and others (MLP time
transition factor, MLP parameter fixation factor [2], and prior
factor). Regarding factors other than the neural adaptive leg
odometry factor, overviews and error functions are described
in [2]. We implemented the factor graph using GTSAM and
incrementally optimized this graph with iSAM2 [18]. We used
a fixed lag smoother to ensure real-time optimization within a
time window (e.g., 6 s). Only active states in the time window
are optimized, while marginalized states are fixed.

Narrow FOV LiDAR
used for imitating severe 
point cloud degeneration

External weights used for varying robot’s 
weight loads (e.g., assuming delivery task)

(e.g., tunnels)

Omnidirectional FOV LiDAR
used for recording reference 
trajectories for offline training.
＊Not used for testing at all.

Fig. 5: Unitree Go2 used as a testbed. Note that the omnidi-
rectional LiDAR was used for recording reference trajectories
for offline training, and experiments (Fig. 1, Fig. 6) were
conducted using only the narrow FOV LiDAR to imitate severe
point cloud degeneration (e.g., tunnels and lunar surfaces).

VII. EXPERIMENTAL RESULTS

Experimental conditions: We conducted experiments with
a Unitree Go2 (Fig. 5) equipped with a narrow FOV LiDAR
(Livox AVIA) and external weights as a testbed to verify the
proposed odometry algorithm. We recorded point clouds, IMU
data, joint angles, joint torques, and foot forces at frequencies
of 10Hz, 60Hz, 500Hz, 500Hz, and 500Hz, respectively,
to estimate robot states xt and MLP parameters mon,t. We
obtained the ground truth trajectories using a total station
(Leica TS16). We compared the proposed method (ours) with
the following baseline methods:

• Ours w/o online learning: We created an ablative method
by incorporating the fixed neural network-based motion
constraints into the factor graph instead of the neural
adaptive leg odometry factor, like related works [11],
[12]. The network was trained by simple offline batch
learning with all datasets (Fig. 4); thus, the adaptive
motion prediction layer (Fig. 3) was not trained online.

• Ours w/o tactile information: A network without tactile
information (joint torques τt ∈ R12 and foot force sensor
values ft ∈ R4) was used as a second ablative method
to create motion constraints instead of the neural adaptive
leg odometry factor, similar to [2], [3].

• FAST-LIO2: FAST-LIO2 is state-of-the-art odometry
based on tightly-coupled LiDAR-IMU constraints [1].

• Unitree odometry: Go2 outputs proprioceptive sensor-
based odometry by a Unitree proprietary algorithm.

• Unitree odometry w/ LIO: Matching cost factor [16], IMU
pre-integration factor [17], and the above Unitree odom-
etry algorithm-based motion constraint are incorporated
into a factor graph for reasonable comparison.

Accuracy evaluation: We conducted experiments in two
situations: 1) a campus having featureless areas (Fig. 1(b-
1,2,3)) and terrain condition changes, and 2) a sandy beach that
included severely featureless areas (Fig. 6(b)). Note that these
environments were not included in the offline training datasets
(Fig. 4). To demonstrate robustness against rapid movements,
we manually operated the testbed at its maximum walking
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TABLE II: ATEs and RTEs of the odometry algorithms.

Method/Sequence Campus Sandy beach
ATE [m] RTE [m] ATE [m] RTE [m]

Ours 0.29 ± 0.12 0.13 ± 0.04 0.08 ± 0.05 0.12 ± 0.04
Ours w/o online learning 0.36 ± 0.17 0.17 ± 0.07 0.90 ± 0.70 0.20 ± 0.10

Ours w/o tactile info. 0.63 ± 0.30 0.15 ± 0.06 0.12 ± 0.06 0.12 ± 0.04
FAST-LIO2 Corrupted Corrupted Corrupted Corrupted

Unitree odometry w/ LIO 0.57 ± 0.32 0.15 ± 0.06 No record No record
Unitree odometry 0.80 ± 0.46 0.17 ± 0.06 No record No record
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Severely featureless areas

Perspective 
view

Side view

Robot's weight load was changed here:
The 3kg external weight was removed to validate the 

adaptive capability of the neural leg kinematics model.

(a)

Imagery ©2024 Airbus, Maxar, 
Technologies, Map data ©2024 

FAST-LIO2 
failed

(b)

Measured 
point cloud

LiDAR 
FOV

(b)

Start

Goal

Ground truth

Ours

Ours w/o tactile info.

Ours w/o online learning

FAST-LIO2

Deformable
terrain

Fig. 6: (a) Odometry estimation results in the sandy beach,
including (b) severely featureless areas.

speed (approximately 2m/s), and the speed of the robot
naturally varied due to acceleration, deceleration, and ground
surface changes. To initialize the online learning model, we
used mon obtained from the offline learning phase under the
condition where the terrain type was grass and no additional
weight was applied, to show the adaptability of online learning.
We consider that the best initial values of this parameter can
be set by combining terrain classification algorithms if the
proposed method is deployed in a real operation.

Fig. 1(a) and Fig. 6(a) show the trajectory comparison
results. Table II also shows the absolute trajectory errors
(ATEs) and relative trajectory errors (RTEs) [19] for all
methods. According to these trajectory estimation results and
our method’s ATEs (campus: 0.29m; sandy beach: 0.08m)
and RTEs (campus: 0.13m; sandy beach: 0.12m), our method
outperformed all others because it 1) incorporates tactile
information into the leg kinematics model, and 2) adapts to
changes in terrain and robot weight load based on online
learning. FAST-LIO2 failed due to the featureless areas (e.g.,
Fig. 1(b-1) and Fig. 6(b)). In ours w/o online learning, the
translational scales were particularly incorrect on the grass of
the campus (Fig. 1(a)) and the sandy beach (Fig. 6(a)). We
consider that this learning model cannot adapt to changes in
the robot’s weight load. Specifically, the robot’s acceleration
and velocity, expressed by dividing the reaction force by the

robot’s mass, are not properly described in this model. While
Unitree odometry accurately estimated the rotation motions,
its translational scales were incorrect, as shown in Fig. 1(a).
Similarly, the trajectory of Unitree odometry w/ LIO (fusing the
above Unitree odometry-based motion constraints and LiDAR-
IMU constraints) has also large errors in the translational
elements, as seen in Fig. 1(a).

Ours w/o tactile information achieves nearly the same
accuracy (ATE: 0.12m; RTE: 0.12m) as the proposed method
on the sandy beach, likely because the learning model without
tactile information was sufficiently trained online to capture
terrain-dependent features, similar to [2], [3] that implicitly
correct terrain-dependent errors by exteroceptive sensors’ con-
straints without tactile information. Whereas, in the campus
sequence, the ATE for ours w/o tactile information (0.63m) is
approximately twice as large as that of the proposed method.
Moreover, its translational scales are particularly inconsistent
in the grass, as shown in Fig. 1(a). We consider the reason to
be that point cloud degeneration and terrain condition changes
jointly occurred when the robot transitioned from gravel to
grass. In such conditions, while kinematics models without
tactile information (e.g., ours w/o tactile information, related
works [2], [3]) cannot properly describe terrain-dependent
features, our model can partly represent them thanks to the
inclusion of tactile information.

According to the results, we quantitatively demonstrated that
incorporating online learning and tactile information in the
neural leg kinematics model is effective for robust odometry
estimation against challenging scenarios.

The proposed network performance: Next, we demon-
strate the performance of the neural leg kinematics model in-
dependently (i.e., LiDAR-based and IMU-based factors are not
incorporated). Fig. 7 presents the time histories of the motion
errors and their moving averages for our networks trained on-
line and offline, respectively, in the sandy beach sequence. The
models trained online and offline correspond to the kinematics
model used in Ours and Ours w/o online learning of Fig. 6,
respectively. The online trained model shows a significant error
reduction and outperforms the offline trained model thanks to
its adaptability, particularly after approximately 40 seconds,
when the robot’s weight load was removed. While the errors
slightly fluctuate due to terrain conditions and walking speed,
the overall trend confirms that the proposed model adapts (con-
verges) quickly and consistently improves its accuracy.

Time transition of the neural leg kinematics model via
online learning: Finally, we demonstrate that the neural leg
kinematics model was dynamically trained to adapt to terrain
and the robot weight load conditions. We analyzed a time series
of the MLP parameters mon ∈ R168 (all weights and biases
of online learning model) on the campus and the sandy beach
sequence. To aid visualization, we embedded the time series
of mon to 2 dimension vectors based on t-SNE [20]. Fig. 8
illustrates the 2D embedded parameter vectors. Note that Fig. 8
shows the embedded vectors for two types of sequences: se-
quence #1: walking on the campus and sandy beach (i.e., Fig. 1
and Fig. 6), and sequence #2: walking under the same condi-
tions as sequence #1. In both sequences #1 and #2, we can
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Walking with the ext. weight load Walking without the ext. weight load

Compared with the model trained offline, the model trained online
rapidly adapts (converges) to the current robot’s status.

Model trained online

Model trained offline
(moving average)

Model trained online
(moving average)

Model trained offline

Fig. 7: Time histories of motion errors for our network without
LiDAR and IMU factors, during the sandy beach (Fig. 6).
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Sequence #1: walking on the campus and sandy beach (i.e., Fig. 1 and Fig .6)
Sequence #2: walking under the same conditions as the sequence #1

Fig. 8: t-SNE-based visualization of time histories of
mon ∈ R168 (all weights and biases of online learning model)
under the similar two sequences.

see that mon for each sequence changed similarly to adapt
to the current robot situation over time. This result indicates
that our network was consistently trained online and converged
to similar parameters across different sessions. Therefore, we
demonstrated that the neural leg kinematics model successfully
adapts to varying robot weight loads and terrain types.

VIII. CONCLUSION

We presented an odometry estimation algorithm that fuses
LiDAR-IMU constraints and online trainable leg kinematic
constraints incorporating tactile information (neural leg kine-
matics model) in a tightly coupled way. To effectively incor-
porate tactile information, the neural leg kinematics model
was trained online to dynamically adapt the current robot’s
weight loads and terrain conditions. We demonstrated that our
odometry estimation algorithm outperformed state-of-the-art
approaches (Unitree proprietary odometry with LiDAR-IMU
constraints, and FAST-LIO2) and ablation study cases (our
learning model without tactile information or online learning)
even under various conditions, including different terrain types
(asphalt, gravel, grass, and sandy beach) and robot weights
(3 kg changes), thanks to the neural adaptive leg odometry
factor and its online uncertainty estimation.

In future work, we will extend our network to infer terrain
classification, external forces acting on a robot’s body and

feet, in addition to the twist and foot contacts. This extension
enables us to fully apply this network to legged robot control.
We plan to extend our network into a more general model that
accommodates various link parameters and release its code.
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