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 A B S T R A C T

In recent years, space agencies and private companies have shown a renewed interest in Moon exploration, 
with the ultimate goal of having a permanent human presence on the surface by the 2030s. A crucial step in this 
direction involves deploying robotic missions. To this purpose, at Thales Alenia Space Italia S.p.A., a versatile, 
multipurpose four-wheeled robotic platform with active suspensions has been designed as a common reference 
mobility system able to perform a multitude of tasks on the Moon, spanning from South Pole exploration to 
In Situ Resource Utilization. In this context, we propose a state estimation framework based on factor graph 
optimization to perform sensor fusion and estimation of rover odometry. The implementation relies on the 
ROS 2 package Fuse, which has been optimized and extended with 3D sensors and motion models. The paper 
contributions are twofold: firstly, we developed a method for estimating the rover’s linear and angular body 
velocities based on data from the wheel-steer-suspension assembly encoders. Three-dimensional components 
of the body velocity and the associated covariance matrix are computed by accurately determining the plane 
of instantaneous motion of the rover. Secondly, dedicated sensor models are used to fuse the estimated body 
velocities with readings from the on-board IMU and with odometry input computed from a visual pipeline. The 
latter can be obtained both from a stereo camera by matching visual features, or by registering point clouds 
gathered by time-of-flight sensors, allowing autonomous navigation in any lighting condition. Constraints 
derived from different sensors are joined by leveraging a motion model that encapsulates the entire span 
of locomotion modalities allowed by the rover geometry. The method has been validated in simulations built 
on Project Chrono and with the rover prototype navigating in a representative facility. Results demonstrate 
that the framework is highly optimized, efficiently facilitating the integration of multiple sensor readings from 
various sources, delivering fused odometry outputs at a high frequency, and ensuring accurate and real-time 
state updates.
1. Introduction

Decades after the last human landing, the exploration of the Moon 
has returned as a central point of interest for all the main international 
actors in the space sector, not only from a scientific perspective but also 
from an economic one. Exploration missions from national agencies, 
such as NASA Artemis, CNSA Chang’e, ESA Argonaut, JAXA Lunar 
Exploration Program and ISRO Chandrayaan, among the main ones, 
are being actively complemented by commercial programs pursued by 
private companies in what is becoming a lunar economy, with the 
main goal of establishing a long-term human presence on the Moon, 
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opening up plenty of business opportunities and giving the chance 
to carry out scientific experiments directly from the lunar surface. 
However, enabling technologies to fully achieve these objectives, such 
as reliable systems for landing and surface operations, are still missing. 
In this context, the Domain Exploration and Science of Thales Alenia 
Space Italia (TAS-I) S.p.A. developed a modular, multipurpose, and 
autonomous robotic platform with the key idea of adapting a common 
locomotion system to numerous scenarios, such as lunar South Pole 
exploration, in-situ resource utilization, and payload deployment, de-
creasing development time and costs. Different operation profiles are 
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possible thanks to the rover’s kinematic configuration, which consists of 
four driving wheels, each equipped with active steering and suspension, 
which allows the accurate control of the chassis attitude and ground 
clearance. These have been identified as key factors in safely traversing 
harsh and steep terrains, overcoming obstacles, and satisfying the 
orientation and pointing constraints required by on-board payloads.

To achieve full autonomous behavior for navigation and mission 
operations, on-board systems need to be informed accurately and in 
real-time about the rover state, specifically the chassis velocity and 
pose. To this end, we based our implementation on the Robot Operating 
System 2 (ROS 2) [1] package Fuse [2,3]: this provides the base frame-
work to gather readings from navigation sensors and to build the factor 
graph for estimating the robot state. We extended and enhanced this 
framework by integrating dedicated 3D sensor models to convert on-
board Inertial Measurement Unit (IMU) measurements and odometry 
inputs from a visual pipeline into three-dimensional constraints over 
the rover state variables inside the factor graph.

Moreover, we developed a method for approximating the local 
terrain plane and obtaining the chassis linear and angular velocity 
vectors with the associated covariance matrix, based only on data from 
the encoders of the four wheel-steer-suspension assemblies. In this way, 
we exploit rover kinematics as an additional graph constraint for the 
chassis motion. The resulting factor graph represents a non-linear least 
squares problem, which is solved using the Google Ceres Solver [4] 
library to retrieve the optimized rover states. Graph size and optimiza-
tion time are limited and controlled by marginalizing out variables that 
are older than a specific lag duration. The described framework allows 
tracking the evolution of the rover pose and velocity accurately and at 
high frequency, during all kinds of maneuvers enabled by the platform 
kinematics. An high-level diagram of the proposed state estimation 
framework is reported in Fig.  1.

The main contributions of this paper are the following:

• Custom 3D models to constrain the rover state based on measure-
ments from on-board sensors;

• A module for the estimation of the rover’s instantaneous ground 
plane and chassis velocities, based on measurements from the 
joints’ encoder and the rover’s kinematic model;

• Their integration into a sensor fusion framework based on fac-
tor graph optimization, allowing the estimation of the rover’s 
odometry in real-time.

This paper is organized as follows: in Section 2, a review of the 
state of the art is reported, with particular focus on state estimation 
methods for lunar and planetary exploration rovers; in Section 3, an 
overview of the rover considered in this study, its kinematic model, and 
the estimation of the chassis velocities are presented. The sensor fusion 
approach, its mathematical background and the ROS 2 integration are 
presented in Section 4, while Section 5 describes the test campaigns 
conducted to validate the framework. Test results are summarized and 
analyzed. Section 6 closes this paper with conclusions about the work 
done and future improvements.

2. Related work

In robotics, the state estimation of an agent addresses the problem 
of estimating state variables that are not directly observable but can be 
deduced, together with their associated uncertainties, from noisy sensor 
measurements. There is no unique definition of what the robot state is, 
and its choice depends on multiple factors, such as the specific robotic 
platform and the considered use cases. A typical approach, which is 
followed in this paper, is to define it as the set of the instantaneous 
velocity of the robot chassis and its pose with respect to a local, 
fixed reference frame. Estimating the robot state continuously and 
at a high rate is fundamental, as these predictions are provided as 
input to the robot’s guidance, navigation, and control (GNC) subsystem 
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and exploited to achieve fully autonomous behavior and accomplish 
mission tasks. This chapter reviews the key contributions in this field. 
We organize related work into three main areas: first, we review 
general methods employed for state estimation in robotics. We then 
narrow down to applications targeted to lunar and planetary surface 
exploration. Lastly, we focus on techniques for modeling robot velocity 
kinematics.

Filtering-based techniques, summarized in [5,6], are among the 
most widely explored methods for state estimation in robotics. These 
aim to retrieve the state variables and uncertainties from sensor mea-
surements in a prediction–correction fashion: the next state is initially 
predicted by propagating the previous one according to a motion 
model of the system, guided by a control input. Then, the prediction 
is corrected by integrating the incoming sensor readings. Two main 
approaches are available: the first is based on the Kalman Filter [7] 
and its extensions, the Extended Kalman Filter (EKF) and the Unscented 
Kalman Filter [8] (UKF), which were developed to deal with non-linear 
models and non-Gaussian uncertainties. Recent works build on these 
foundations to improve estimation accuracy and filter robustness: in 
[9,10], the authors perform state estimation of a ground mobile robot 
using only proprioceptive sensors, with an invariant EKF (InEKF). The 
latter is an adaptation of the original algorithm that aims to reduce er-
rors introduced by linearizing the robot and sensor models. By tracking 
the robot state errors rather than the state itself, and parametrizing it 
using a matrix Lie Group, the models can be considered linear under 
the small-error assumption, and the error evolution can be tracked on 
the manifold, where it follows log-linear dynamics.

In the second one, called particle filter [11], the robot state prob-
ability density is approximated by a set of random samples, each 
one representing the state at a specific time point. State updates are 
performed through a sequential process of sampling and resampling, 
for the prediction and correction steps respectively, incorporating both 
time evolution of the system and measurement updates to refine the 
state estimate.

On the other end, graph-based techniques treat state estimation 
as a Maximum A Posteriori (MAP) estimation problem over the joint 
probability distribution function of states at different times. In this 
family of methods, the joint probability distribution is modeled by a 
factor graph, where the robot states and constraints generated from 
sensor and motion models represent the graph variables [12]. Typically, 
in state estimation, the graph is built incrementally, and inference over 
its variables is performed frequently [13] to retrieve optimized state 
variables at a high rate.

Recent works explored integrating data-driven approaches into the 
described methods. [14] propose to embed a stochastic neural network 
in an Ensemble Kalman Filter (EnKF) to model the process noise. In 
this way, the learned module allows the filter to adapt the uncertainty 
on the system evolution, increasing its flexibility and robustness to 
missing or noisy observations. Experiments have been performed on 
both visual odometry and manipulation tasks. In [15], state estimation 
for an omnidirectional wheeled rover is performed using factor graph 
optimization, fusing IMU and wheel odometry measurements. Here, 
the authors employ a neural network that learns the observation and 
noise models from sensor data and, correspondingly, adapts the factors 
within the graph, leading to better accuracy estimates.

All the described approaches are discrete-time state estimation 
methods. This means that robot state variables are inferred only at 
specific time points, typically when a sensor measurement is available. 
Recently, some research [16] proposed a continuous-time approach. 
There, state evolution is modeled as a continuous function, making 
variables available at any requested time.

State estimation has been extensively studied across a multitude 
of applications. In the context of space robotics, however, additional 
challenges need to be considered. Firstly, the lack of position, naviga-
tion, and timing systems providing absolute localization signals forces 
the estimation module to rely solely on local information. Moreover, 
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Fig. 1. The proposed rover state estimation framework. In our setup, observation of rover motion comes from three sources: visual odometry from stereo and 
ToF cameras, chassis twist provided by a velocity kinematics pipeline, and IMU raw measurements. Sensor models process the observations and generate graph 
constraints between state variables. An omnidirectional motion model provides additional constraints between unconnected variables. The factor graph is optimized 
at high frequency over a sliding window of recent states. Updated rover poses and velocities are queried and published to the ROS 2 environment as an odometry 
message.
the available sensor suite is restricted by constraints typical of space 
segments, such as low mass, limited power consumption, and com-
putational resources. Additionally, space robots typically operate in 
unstructured environments and in the presence of extreme lighting 
conditions, making reliable perception more challenging. A number 
of filtering methods are available in the literature: an early approach 
in this sense is the one proposed in [17], where a state estimation 
pipeline for the Mars Exploration Rovers is introduced. In particular, 
an EKF is implemented to fuse rover wheel odometry with motion 
estimations derived from sequential visual matching of terrain maps 
generated online. In this case, the state representation accounts only 
for the rover’s planar motion. An augmented rover state vector is 
considered in [18], where the wheel slippage ratio is jointly estimated 
along with the six-dimensional rover pose within an UKF. Again, wheel 
and visual odometry are provided as input to the filter, and wheel slip is 
obtained by comparing the velocities computed by the two pipelines. 
Moreover, input state vector components are modified adaptively by 
estimating the instantaneous accuracy of visual odometry and intro-
ducing a gyro-odometry model. In [19], a purely inertial navigation 
for planetary rovers is proposed to reduce the high computational 
cost of the visual odometry pipeline. This is achieved by fusing IMU 
measurements within an EKF, adding additional constraints derived 
from the rover’s kinematic configuration and from state-aware zero-
type pseudo measurements. This allows for bounding the characteristic 
drifts inherent to inertial navigation, but at the cost of performing 
periodic stops of the rover to integrate zero-type measurements within 
the filter. A comparison of outlier-robust Kalman filters for improved 
wheel-inertial odometry of a planetary rover is illustrated in [20]. 
Three filter adaptations have been implemented and tested: Huber 
Regression Kalman Filters, which minimize a Huber cost function in-
stead of a classical squared error function to decrease measurement 
outliers’ influence; Covariance Scaling Kalman Filters, where a chi-
squared test is performed on the Mahalonobis distance between the 
actual and the predicted measurement to determine if it is an outlier. 
The test returns a factor used to scale the measurement covariance 
accordingly. Variational Kalman Filters use an auxiliary variable within 
the measurement model to obtain a measurement distribution with 
heavier tails after marginalization, which highlights outliers. Since the 
obtained distribution is non-Gaussian, the posteriors are approximated 
with variational inference. Field experiments performed with a testbed 
rover platform in analogue terrain demonstrated improved odometry 
accuracy for all these adaptations compared to the base EKF.

[21] presents the continuous relative localization of an autonomous 
planetary rover based on a particle filter, employed as the tracking 
module of a full Simultaneous Localization And Mapping (SLAM) sys-
tem. At every step, each particle state is first propagated according 
to the delta transformation provided by the rover wheel odometry. 
The weights are updated based on scan-matching results between the 
current point cloud and the local map constructed by the rover. Point 
clouds come from an on-board stereo camera, and matching is per-
formed through a single Iterative Closest Point (ICP) iteration. The 
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particle filter tracks only the rover’s plane motion: the authors assume 
that the on-board IMU provides accurate roll and pitch values, while 
the rover’s z component of pose is retrieved during localization in the 
global map.

Factor graph approaches to state estimation for planetary rovers 
are also present in the literature: [22] proposes an inertial naviga-
tion framework that limits IMU drift by adding motion estimation 
constraints to the graph, generated from visual and LiDAR odometry. 
However, at present, LiDAR sensors are not viable for on-board use in 
space exploration rovers due to their high power consumption. [23], 
instead, introduces an improved version of Huber loss factor graph that 
screens anomalous measurements via multi-state coupling, achieving 
more robust and accurate estimations. The framework has been tested 
with simulated data for a Mars rover equipped with a navigation 
camera, an IMU, and a sun sensor.

Together with on-board sensor measurements, in rover state esti-
mation algorithms, it is typical to fuse the predictions of the robot 
velocity computed from the sensed wheel rotation velocities. This is 
achieved through the definition of the kinematic model, which, for 
wheeled rovers, is typically described as a set of open kinematic chains, 
one for each wheel, starting from the rover body and ending at the 
contact points with the ground. In lunar exploration, addressing harsh, 
uneven terrains while fulfilling mission objectives requires designing 
complex rover kinematic models. In the literature, such modeling for 
advanced wheeled rovers builds upon the concepts introduced by [24]. 
Here, the authors present a generic method for formulating rover 
kinematic equations that enable the computation of chassis velocities 
as a function of joint velocities by constructing Jacobian matrices that 
encapsulate the robot’s kinematic chains. This foundational work, how-
ever, is limited to motion on planar surfaces, and several approaches 
that extend its principles have been proposed. In [25], the authors 
derive the kinematic model for a generic, articulated wheeled rover 
navigating on non-flat terrains by employing the Denavit–Hartenberg 
convention. Jacobians for velocity kinematics are obtained by differen-
tiating the model. [26] generalizes the procedure of [25] by performing 
coordinate-free vector differentiation, with the advantages of not being 
limited to a specific coordinate choice for the links in the chain, and 
avoiding the complexity of differentiating coordinatized homogeneous 
transformation matrices. In [27], the same authors enhance the velocity 
kinematic model with a method for predicting body-level slip.

The non-linear components of a skid-steering rover kinematic model 
are learned with a neural network in [28]. Network parameters that 
are terrain-independent are first learned offline, while online training 
is performed by inserting the network into a factor graph and using it to 
learn hanging features. The network estimated the corrected 2D twist 
of the rover chassis from proprioceptive sensor inputs.

3. Velocity kinematics

In velocity kinematics, the robot kinematic model is used to es-
tablish the relationship between the velocities of the joints and the 
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Fig. 2. Diagram of the rover inverse velocity kinematics pipeline. The instantaneous kinematic configuration is computed from the joint states, provided to the 
local motion plane estimation algorithm, and used to construct the wheel Jacobian matrices. By solving the Composite Robot Equation via weighted least squares, 
the optimal chassis velocity and its covariance matrix are estimated.
Table 1
Summary of notation conventions used in the paper.
 Type Symbol Description  
 Scalar 𝑎 Lowercase, non-bold  
 Vector 𝐛 Lowercase, bold  
 Matrix 𝐌 Uppercase, bold  
 Transformation matrix 𝐓𝑖𝑗 From parent frame 𝑖 to child frame 𝑗  
 Rotation matrix 𝐑𝑖

𝑗 From parent frame 𝑖 to child frame 𝑗  
 Translation vector 𝐭𝑖𝑗 From parent frame 𝑖 to child frame 𝑗  
 Linear/angular velocity 𝑙𝐯𝑘 , 𝑙𝝎𝑘 Velocity of frame 𝑘, expressed in frame 𝑙 

velocity of a reference frame, typically the end effector. In this work, 
we consider the robot chassis as its base frame, while the wheels are 
treated as end effectors. We then focus on inverse velocity kinematics 
to compute the linear and angular velocities of the chassis from the an-
gular velocities of the wheels. The workflow we followed is illustrated 
in Fig.  2.

As in related works, we also based our implementation on the 
method introduced by [24]: first, the robot kinematic model is derived 
and stored. The kinematic configuration of the rover, described by the 
joint positions 𝐪(𝑡) and velocities 𝐪̇(𝑡), is used to estimate the local plane 
of motion and to propagate the wheel velocity up to the chassis for 
every single kinematic chain. The obtained relationships are stacked 
together to form an overdetermined system of linear equations, which 
is then solved using a least squares approach. The best-fit chassis 
velocities 𝐯𝑜𝑝𝑡 are computed, while estimation residuals 𝐫 are leveraged 
to derive the associated velocity covariance matrix 𝐂𝐨𝐯𝐯𝑜𝑝𝑡 . The entire 
process is detailed in the next subsections.

3.1. Conventions

For clarity, we present the conventions for symbols used in this 
paper here. Scalar quantities are denoted by lowercase non-bold sym-
bols (e.g., 𝑎); vector quantities by lowercase bold symbols (e.g., 𝐛); and 
matrices by uppercase bold symbols (e.g., 𝐌). Transformation matrices, 
rotation matrices, and translation vectors from a parent frame i to a 
child frame j are indicated as 𝐓𝑖𝑗 , 𝐑𝑖𝑗 , and 𝐭𝑖𝑗 . Linear and angular velocity 
vectors of frame k, expressed in frame l, are denoted as 𝑙𝐯𝑘 and 𝑙𝝎𝑘, 
respectively. If the left apex is not reported, then the velocity vector 
is assumed to be expressed in frame k. Table  1 summarizes symbol 
conventions.

3.2. Modular wheeled robotic platform for moon missions

The multipurpose wheeled robotic platform considered in this study 
is illustrated in Fig.  3. It has been designed at TAS-I under the ESA’s 
European Moon Rover System (EMRS) program [29], with the goal of 
developing a modular rover capable of satisfying a variety of use cases 
and mission profiles. The aim was to overcome the concept of realizing 
mission-specific platforms to decrease mission development time and 
costs.

The rover locomotion system consists of four independent wheel 
assemblies, each one equipped with active steering and suspension 
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systems. Standalone, active suspensions equipped with Series Elastic 
Actuators (SEA) enable the platform to maintain a desired chassis 
height and attitude with respect to the ground, while simultaneously 
minimizing the stresses transmitted to on-board payloads, even when 
navigating steep and harsh terrains. The rover is capable of driving in 
a multitude of locomotion modalities due to its independently steered 
wheels, as illustrated in Fig.  4. This kinematic configuration provides 
the vehicle with a high level of flexibility, enhancing mission adaptabil-
ity as payloads with different operational constraints can be integrated 
on the same platform.

The rover’s kinematic model reflects its locomotion system configu-
ration: starting from the chassis’ geometric center, four equal kinematic 
chains extend to the wheel rotation axes. A reference frame is as-
sociated with every movable body in the chain, and every frame is 
connected with a single parent frame by a revolute joint. A schematic 
representation of one chain is reported in Fig.  5: the child frame of 
the rover chassis is associated with the suspension joint; from there, 
the rover body is connected with the steering-driving assembly by a 
pantograph link, which allows maintaining the parallelism of the two 
while controlling the chassis attitude and ground clearance. A support 
frame is defined at the end of the pantograph link. The last two frames 
of the kinematic tree are associated with the steering and driving joints, 
respectively. The transformation matrix from parent to child frame is 
defined in the classical homogeneous way: 

𝐓𝑝𝑎𝑟𝑒𝑛𝑡𝑐ℎ𝑖𝑙𝑑 =

⎡

⎢

⎢

⎢

⎢

⎣

𝐑𝑝𝑎𝑟𝑒𝑛𝑡𝑐ℎ𝑖𝑙𝑑 𝐭𝑝𝑎𝑟𝑒𝑛𝑡𝑐ℎ𝑖𝑙𝑑

0 0 0 1

⎤

⎥

⎥

⎥

⎥

⎦

(1)

Eq.  (2) reports the full kinematic chain for wheel i. From now on, 
link names will be shortened to ensure clarity and conciseness. 
𝐓𝑐ℎ𝑎𝑠𝑠𝑖𝑠𝑤ℎ𝑒𝑒𝑙𝑖

= 𝐓𝑐ℎ𝑎𝑠𝑠𝑖𝑠𝑠𝑢𝑠𝑝𝑖
𝐓𝑠𝑢𝑠𝑝𝑖𝑝𝑎𝑛𝑡𝑖

𝐓𝑝𝑎𝑛𝑡𝑖𝑠𝑡𝑒𝑒𝑟𝑖
𝐓𝑠𝑡𝑒𝑒𝑟𝑖𝑤ℎ𝑒𝑒𝑙𝑖

= 𝐓𝑐𝑠𝑝𝑖𝐓
𝑠𝑝𝑖
𝑝𝑖 𝐓

𝑝𝑖
𝑠𝑡𝑖
𝐓𝑠𝑡𝑖𝑤𝑖 (2)

3.3. Wheels-terrain contact plane

To correctly estimate the direction of motion of the chassis in 3D 
space via inverse velocity kinematics, it is compulsory to define the 
directions of the wheel axis velocities. These depend on the geometry 
of the traversed terrain, and on the positions of the contact points with 
the ground. Estimating these contact points is a challenging task: a large 
number of solutions have been proposed, which typically require either 
additional sensors mounted on the wheel surface [30] or the integration 
of a vision-based pipeline [31–33].

Unlike other works, we propose a simpler yet efficient method 
that directly estimates a plane approximating the local terrain profile 
from proprioceptive information alone. By leveraging only the joint 
encoder measurements and the rover kinematic model, the method 
infers a plane that locally approximates the terrain profile under the 
assumption of continuous wheel–ground contact, without introducing 
extra sensing modalities. We assume that the rover is continuously in 
contact with the terrain, meaning that the wheel velocity vectors lie on 
the local plane. The constraints imposed by the pantograph links then 
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Fig. 3. The multipurpose robotic platform at the Rover eXploration facilitY at TAS-I.
Fig. 4. The available rover locomotion modes. For every wheel, the linear velocity and the turning radius are reported. Linear and angular velocities of the 
chassis center of mass, together with its turning radius, are highlighted in red.
determine the direction of the chassis velocity, which is also parallel to 
this plane. The method is based on the idea that, in both configurations 
of active or passive suspensions, variations in terrain inclination will be 
captured by the rover’s suspension encoders and reflected in the vertical 
distances of the wheel axis from the chassis (see Fig.  6). With this in 
mind, for every wheel we compute the instantaneous position of its 
surface lowest point relative to the chassis frame 𝐭𝑐𝑤𝑖 = (𝑥𝑤𝑖 , 𝑦𝑤𝑖 , 𝑧𝑤𝑖 )

⊤, 
using the rover kinematic model defined in Eq.  (2), and assume those 
as the terrain contact points. These are stacked together to create the 
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wheel position matrix 𝐗𝑤: 

𝐗𝑤 =

⎡

⎢

⎢

⎢

⎢

⎣

𝑥𝑤1
𝑦𝑤1

𝑧𝑤1
𝑥𝑤2

𝑦𝑤2
𝑧𝑤2

𝑥𝑤3
𝑦𝑤3

𝑧𝑤3
𝑥𝑤4

𝑦𝑤4
𝑧𝑤4

⎤

⎥

⎥

⎥

⎥

⎦

(3)

We consider as local terrain surface the best-fit plane that minimizes 
the average squared perpendicular distance from every point in 𝐗𝑤. A 
plane in space is described by Eq.  (4) and can be uniquely defined if its 
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Fig. 5. Detail of one of the rover kinematic chains. Frames 𝑋, 𝑌 , and 𝑍 axes are represented in red, green, and blue, respectively.
normal versor 𝐧̂ = (𝑛̂𝑥, 𝑛̂𝑦, 𝑛̂𝑧) and a point 𝐩0 = (𝑥0, 𝑦0, 𝑧0) that belongs 
to it are known. 
𝑛̂𝑥(𝑥 − 𝑥0) + 𝑛̂𝑦(𝑦 − 𝑦0) + 𝑛̂𝑧(𝑧 − 𝑧0) = 0 (4)

𝐗̃𝑤 = 𝐗𝑤 − 𝐜𝑤 = 𝐗𝑤 − 1
4

4
∑

𝑖=1
(𝑥𝑤𝑖 , 𝑦𝑤𝑖 , 𝑧𝑤𝑖 ) (5)

What we are interested in is the orientation of the plane, so the 
only variable to be estimated is the normal vector: to this end, we 
center the wheel position matrix by subtracting the contact points 
centroid 𝐜𝑤 row-wise, as described in Eq.  (5). By setting up the linear, 
homogeneous, and overdetermined system 𝐗̃𝑤𝐧̂ = 𝟎, the local plane 
normal versor is the non-trivial solution that minimizes the residuals 
in the least-squares sense. This is computed by performing the singular 
value decomposition of 𝐗̃𝑤: 
𝑆𝑉 𝐷(𝐗̃𝑤) = 𝐔𝐒𝐕⊤ (6)

The columns of 𝐕, called right singular vectors of 𝐗̃𝑤, represent the 
three principal components of the best-fit local terrain plane: the unit 
vector that we search for is the rightmost singular vector corresponding 
to the least singular value of 𝐗̃𝑤. The plane orientation is stored in the 
matrix 𝐑𝑝𝑙𝑎𝑛𝑒, which encodes the rotation from the estimated normal 
vector to the vertical direction of a fixed inertial frame. This frame 
is assumed to have its 𝑥𝑦 plane coinciding with an ideal horizontal 
surface and its 𝑧 axis defining the upward direction. Assuming the 
ideal condition of no wheel slippage in both longitudinal and lateral 
directions, the wheel center velocity 𝑤𝑖𝐯𝑤𝑖  is aligned with the 𝑥 axis of 
the wheel reference frame and is obtained from Eq.  (7), where 𝑤𝑖 and 
𝑟𝑖 denote the angular velocity and the radius of wheel 𝑖. 

𝑤𝑖𝐯𝑤𝑖 = 𝐑𝑝𝑙𝑎𝑛𝑒
⎛

⎜

⎜

⎝

𝑤𝑖𝑟𝑖
0
0

⎞

⎟

⎟

⎠

(7)

3.4. Chassis velocity estimation

Considering a generic rover motion, the chassis angular and linear 
velocities expressed in the chassis frame can be written as 𝝎 =
𝑐
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(𝜔𝑐𝑥 , 𝜔𝑐𝑦 , 𝜔𝑐𝑧 )
⊤ and 𝐯𝑐 = (𝑣𝑐𝑥 , 𝑣𝑐𝑦 , 𝑣𝑐𝑧 )

⊤. These are estimated using in-
verse velocity kinematics by mapping the velocity of each wheel to the 
chassis itself. To find this mapping function, we start from propagating 
the angular and linear velocity of the chassis up to the wheel frame 
using the kinematic equations of rigid bodies described by Eqs. (8) and 
(9): these are applied to the whole kinematic chain to relate the child 
and parent link velocities, identified by indices i and i-1, taking into 
account the relative velocity between the two. 
𝑖𝝎𝑖 = 𝐑𝑖−1𝑖

𝑖−1𝝎𝑖−1 + 𝑖𝝎𝑟𝑒𝑙 (8)

𝑖𝐯𝑖 = 𝐑𝑖−1𝑖 (𝑖−1𝐯𝑖−1 +𝑖−1 𝝎𝑖−1 × 𝐭𝑖−1𝑖 ) (9)

For every kinematic chain, angular and linear velocities are related 
as:

𝝎𝑠𝑝 = 𝐑𝑐𝑠𝑝𝝎𝑐 + 𝝎𝑟𝑒𝑙𝑠𝑝
𝝎𝑝 = 𝐑𝑠𝑝𝑝 𝝎𝑠𝑝 + 𝝎𝑟𝑒𝑙𝑝 (10)

𝝎𝑠𝑡 = 𝐑𝑝𝑠𝑡𝝎𝑝 + 𝝎𝑟𝑒𝑙𝑠𝑡
𝝎𝑤 = 𝐑𝑠𝑡𝑤𝝎𝑠𝑡

𝐯𝑠𝑝 = 𝐑𝑐𝑠𝑝(𝐯𝑐 + 𝝎𝑐 × 𝐭𝑐𝑠𝑝)

𝐯𝑝 = 𝐑𝑠𝑝𝑝 (𝐯𝑠𝑝 + 𝝎𝑠𝑝 × 𝐭𝑠𝑝𝑝 ) (11)

𝐯𝑠𝑡 = 𝐑𝑝𝑠𝑡(𝐯𝑝 + 𝝎𝑝 × 𝐭𝑝𝑠𝑡)
𝐯𝑤 = 𝐑𝑠𝑡𝑤(𝐯𝑠𝑡 + 𝝎𝑠𝑡 × 𝐭𝑠𝑡𝑤 )

Where 𝝎𝑟𝑒𝑙𝑠𝑝 = (𝜙̇, 0, 0)⊤ and 𝝎𝑟𝑒𝑙𝑠𝑡 = (0, 0, 𝜃̇)⊤ are vectors containing 
the angular velocities of suspension and steering joints, respectively, 
while 𝝎𝑟𝑒𝑙𝑝 = −𝝎𝑟𝑒𝑙𝑠𝑝  due to the constraint imposed by the pantograph 
link.

Eq.  (11) allow the wheel axis velocity in the wheel reference frame 
to be expressed as a function of the velocities and dimensions of the 
other robot links. By writing 𝐯𝑤 with respect to the chassis frame, 
we can rearrange it to obtain the relationship shown in Eq.  (12). To 
clarify that this refers to a single wheel, we reintroduced the subscript
i. Matrices 𝐉𝑓𝑟𝑒𝑒𝑖  and 𝐉𝑓𝑖𝑥𝑒𝑑𝑖  are the wheel Jacobian matrices, which 
transform the chassis velocity into wheel axis velocity. 

𝐑𝑐𝑤 𝐯𝑤𝑖 = 𝐉𝑓𝑟𝑒𝑒𝑖

(

𝐯𝑐
)

+ 𝐉𝑓𝑖𝑥𝑒𝑑𝑖

(

𝜃̇𝑖
)

(12)

𝑖 𝝎𝑐 𝜙̇𝑖
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Fig. 6. The rover overcoming an obstacle in simulations. In the representation on the right-side, the grid represents the ideal horizontal plane, while the estimated 
local terrain plane is highlighted in blue. The red dots indicate the estimated wheel-terrain contact points, and the yellow arrows the wheel center velocities.
By repeating the same procedure for every kinematic chain and 
stacking the obtained equations row-wise, we obtain the Robot Com-
posite Equation (RCE) (13), which represents our inverse velocity 
kinematics model. The system is overdetermined, and a best-fit solution 
for the unknowns 𝐯𝑐 and 𝝎𝑐 can be found in a least-squares fashion. 

𝐉𝑓𝑟𝑒𝑒
(

𝐯𝑐
𝝎𝑐

)

= 𝐑𝑐𝑤𝐯𝑤 − 𝐉𝑓𝑖𝑥𝑒𝑑
(

𝜽̇
𝝓̇

)

(13)

It is worth noting that terms in System (13) depend on joint vari-
ables measured from the rover motor encoders, which are subject to 
uncertainty. This is taken into account by scaling each joint variable 
inside the RCE to regulate its influence on the least squares solution. 
We introduce the diagonal covariance matrix 𝐂𝐨𝐯𝑗𝑜𝑖𝑛𝑡, whose elements 
represent the variances of the joint variables. In our kinematic chain, 
the measured joint variables are, respectively, the suspension angular 
position and velocity (𝜙, 𝜙̇), the steer angular position and velocity 
(𝜃, 𝜃̇), and the wheel angular velocity 𝜔. Since all the kinematic chains 
in our system are equal, we consider the same covariance matrix for all 
of them. 
𝐂𝐨𝐯𝑗𝑜𝑖𝑛𝑡 = diag

(

Var[𝜙], Var[𝜙̇], Var[𝜃], Var[𝜃̇], Var[𝜔]
)

(14)

Angular position variances are obtained by Eq.  (15), where the 
angular position uncertainty 𝑢𝑞 depends on the encoder pulses per 
revolution 𝑃𝑃𝑅 and the motor gear ratio 𝜏. Angular velocity variances 
are derived from position variances by considering the worst case 
where two successive motor positions are sampled by the encoder at 
the opposite side of the position uncertainty, as highlighted in Eq.  (16), 
where 𝛥𝑡𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 represents the encoder sampling period. Position and 
velocity uncertainties are not independent of each other, so off-diagonal 
entries in 𝐂𝐨𝐯𝑗𝑜𝑖𝑛𝑡 should be considered. However, for simplicity and 
to reduce the computational time of matrix multiplication, we only 
account for diagonal elements. 

𝑉 𝑎𝑟[𝑞] = 𝑢2𝑞 =
( 2𝜋
𝜏𝑃𝑃𝑅

)2
(15)

𝑉 𝑎𝑟[𝑞̇] = 𝑢2𝑞̇ =
( 2𝑢𝑞
𝛥𝑡𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔

)

2

(16)

The relationship between the joint variables and the velocities 
stacked on the right side of the RCE is encoded by the Jacobian matrix 
𝐉𝑗𝑜𝑖𝑛𝑡. This is used to transform 𝐂𝐨𝐯𝑗𝑜𝑖𝑛𝑡 to obtain the weight matrix: 

𝐖𝑗𝑜𝑖𝑛𝑡 = (𝐉𝑗𝑜𝑖𝑛𝑡𝐂𝐨𝐯𝑗𝑜𝑖𝑛𝑡𝐉⊤𝑗𝑜𝑖𝑛𝑡)
−1 (17)

And to finally define the weighted least squares problem: 

𝐀𝐉𝑓𝑟𝑒𝑒
(

𝐯𝑐
𝝎𝑐

)

= 𝐀(𝐑𝑐𝑤𝐯𝑤 − 𝐉𝑓𝑖𝑥𝑒𝑑
(

𝜽̇
𝝓̇

)

)

𝐀 = 𝐉⊤𝑓𝑟𝑒𝑒𝐖𝑗𝑜𝑖𝑛𝑡

(18)

With best-fit solution: 

𝐯𝑜𝑝𝑡 =
(

𝐯𝑐𝑜𝑝𝑡
)

= 𝑝𝑖𝑛𝑣[𝐀𝐉𝑓𝑟𝑒𝑒]𝐀(𝐑𝑐𝑤𝐯𝑤 − 𝐉𝑓𝑖𝑥𝑒𝑑
(

𝜽̇
̇

)

) (19)
𝝎𝑐𝑜𝑝𝑡 𝝓
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Where the symbol 𝑝𝑖𝑛𝑣 indicates the Moore–Penrose pseudoinverse of 
the matrix 𝐀𝐉𝑓𝑟𝑒𝑒.

Existing proprioceptive-based velocity kinematics methods reported 
in the related work provide only point estimates of the chassis velocity, 
without an associated covariance matrix. Here, instead of assigning 
heuristic or manually tuned values, we compute the velocity covariance 
directly from the optimization outcome. Specifically, the covariance 
is derived from the residual statistics of the constrained optimization 
problem, while explicitly accounting for encoder resolution through 
appropriate weighting. This yields a data-driven uncertainty estimate 
that reflects both the quality of the kinematic fit and the underlying 
sensing precision. Since weighted least squares is used for estimation, 
the covariance of the solution can be computed as: 

𝐂𝐨𝐯𝐯𝑜𝑝𝑡 = 𝜎2𝑒𝑟𝑟(𝐀𝐉𝑓𝑟𝑒𝑒)
−1 ≈ 𝑆

12
(𝐀𝐉𝑓𝑟𝑒𝑒)−1 (20)

Where 𝜎𝑒𝑟𝑟2 is the true error variance, which is estimated with the 
reduced chi-squared index, by dividing the sum of squared residuals 
for the optimal solution 𝑆 by the statistical degrees of freedom of the 
system.

4. Rover state estimation

Reliable state estimation is crucial for enabling autonomous behav-
ior of rovers in lunar environments, where remote control is hindered 
by communication delays and bandwidth limitations. Autonomy en-
ables the rover to make decisions locally, for navigation, obstacle 
avoidance, and scientific task execution, all of which depend on an 
accurate, real-time estimate of the system state [34]. In our case, the 
need for robust state estimation is further motivated by the multi-
purpose nature of the rover platform: to fully exploit this versatility, 
both payloads and GNC subsystem must be constantly updated about 
the rover state. In this work, the rover state at time i is defined as: 

𝑥𝑖 =
{

𝐼𝐏𝑐𝑖 ,
𝑐 (𝐯𝑐𝑖 ,𝝎𝑐𝑖 )

}

(21)

Where 𝐼𝐏𝑐𝑖 = 𝐼 (𝐭𝑐𝑖 ,𝑐𝑖 ) is the robot chassis pose with respect to a 
local fixed reference frame I, composed of a position vector 𝐼 𝐭𝑐𝑖  and an 
orientation quaternion 𝐼𝑐𝑖 , while 𝑐 (𝐯𝑐𝑖 ,𝝎𝑐𝑖 ) are respectively the chassis 
linear and angular velocities, in the chassis reference frame. Since 
the robot state definition is fixed, from now on, all the frame-related 
subscripts and apexes will be omitted.

4.1. Factor graphs for robot state estimation

In robotics, the state of an agent is estimated by sampling the 
surrounding environment using the robot’s on-board sensor suite. Typi-
cally, each sensor provides partial and possibly conflicting information 
about the robot’s state. As a result, determining a unique and exact 
solution for the true state is infeasible. For this reason, in a sensor 
fusion approach, the optimal robot states are estimated as the MAP of 
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Fig. 7. The factor graph that models the rover state estimation, generated from sensor and motion factors.
the joint probability function 𝑝(𝐱𝑘|𝐳𝑘), where 𝐱𝑘 and 𝐳𝑘 are respectively 
the sets of k robot states and sensor measurements at different time 
points, with the typical assumption for sensor measures to be random 
variables corrupted by zero-mean, Gaussian noise: 

𝐱𝑘𝑜𝑝𝑡 =𝑀𝐴𝑃
[

𝑝(𝐱𝑘|𝐳𝑘)
]

= argmax
𝐱𝑘

𝑝(𝐱𝑘|𝐳𝑘) (22)

The joint probability function can be factorized as: 

𝑝(𝐱𝑘|𝐳𝑘) ∝ 𝑝(𝑥0)
𝑇
∏

𝑡=1
𝑝(𝑥𝑡|𝑢𝑡, 𝑥𝑡−1)𝑝(𝑧𝑡|𝑗𝑥𝑡)

𝑗𝑥𝑡 ∈ {𝑥𝑡, (𝑥𝑡, 𝑥𝑡−1)}

(23)

That is, 𝑝(𝐱𝑘|𝐳𝑘) can be written as a product of a prior probability 
𝑝(𝑥0) with a series of motion factors 𝑝(𝑥𝑡|𝑢𝑡, 𝑥𝑡−1) and sensor factors 
𝑝(𝑧𝑡|𝑗𝑥𝑡). This factorization makes factor graphs [35] a natural way of 
modeling sensor fusion problems. Factor graphs are bipartite graphs, 
meaning they contain two classes of variables: the robot states that 
need to be estimated and the factors connecting them, as shown in Eq. 
(23). In this way, multiple, asynchronous sensors where measurements 
are taken at different times and with different frequencies can be easily 
treated: a new measure is included in the estimation problem by simply 
adding a new factor to the graph that connects the involved robot 
states. Every factor encodes a non-linear error function 𝑓𝑖 between the 
predicted and the actual robot state. Then, finding the optimal robot 
states by performing MAP of 𝑝(𝐱𝑘|𝐳𝑘) turns into solving the non-linear 
least squares problem [13]: 

𝐱𝑘𝑜𝑝𝑡 = argmin
𝐱𝑖

𝑘
∑

𝑖=0
𝑖

𝑖 = ‖

‖

𝑓𝑖‖‖
2
𝐂𝐨𝐯𝑖

(24)

The factor cost function 𝐶𝑖 is the squared Mahalanobis distance 
of the predicted state from its probability distribution, and 𝐂𝐨𝐯𝑖 is 
the covariance matrix associated with the sensor measure or with the 
motion process model. An example of a factor graph for the application 
considered in this paper is shown in Fig.  7.

4.2. ROS 2 integration

Robot state estimation using factor graphs is implemented in the 
ROS 2 ecosystem by the Fuse package. The package follows a modular 
design: its components are developed as ROS 2 plugins, i.e., C++ classes 
that can be dynamically loaded at runtime. The framework offers 
sensor factors, motion factors, graph optimizers, and state publishers as 
plugins. In this way, the application can be customized by simply listing 
desired plugins inside a configuration file. For modeling and solving the 
graph, Fuse leverages the Google Ceres Solver library.

Fig.  8 illustrates the package architecture. Sensor model plugins 
are the entry points for observations from the ROS 2 environment: a 
subscriber listens for incoming messages and triggers the process()
callback. Inside the function, the model generates the state variables 
and the constraints deriving from the sensor measurement. These are 
appended to a Transaction object, together with the message timestamp, 
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and sent to the optimizer. Transactions waiting to be processed are 
queued, and a motion model plugin generates constraints between un-
connected timestamps before optimization by calling the predict()
method. Optimization occurs at fixed rate and, upon completion, the 
graph variables are updated with the optimized values. Publishers can 
query the graph and provide fresh robot states to other components. A 
complete overview of the Fuse framework and its design choices can be 
found in [36].

Fuse has been primarily employed for 2D navigation scenarios, with 
available classes tailored to the planar motion of mobile robots. In 
this work, we build upon this architecture to extend its capabilities 
to 3D state estimation, introducing new plugins for three-dimensional 
sensor and motion factors, as well as for rover odometry publishers. 
In addition to these extensions, we move beyond Fuse exclusive re-
liance on Google Ceres Solver automatic differentiation by providing 
closed-form analytical Jacobians for all implemented factors, thereby 
improving the computational efficiency of the optimization. The pro-
posed implementation does not introduce new theoretical models, but 
delivers a complete and consistent 3D estimation pipeline that enables 
the 3D multi-sensor fusion under a factor-graph formulation. An open-
source implementation is publicly available as a pull request to the Fuse 
repository.1 The next subsections provide a detailed explanation of the 
implemented ROS 2 plugins.

4.3. Sensor factors

Sensor factors integrate the constraints imposed by the rover sensor 
measurements into the factor graph. Our framework includes both 
unary sensor factors 𝑝(𝑧𝑖|𝑗𝑥𝑡) with 𝑗𝑥𝑡 = {𝑥𝑡}, which involve only the 
robot state at measurement time, and binary sensor factors 𝑝(𝑧𝑖|𝑗𝑥𝑡)
with 𝑗𝑥𝑡 = {𝑥𝑡, 𝑥𝑡−1} which relate two consecutive robot states. Each 
employed sensor provides information about a subset of the full system 
state; accordingly, its corresponding sensor factor connects only the 
related state variable components in the graph. Three different sensor 
factors are considered in this work:

• Visual odometry factors: encode the change in rover pose between 
two measurement time points, as computed by a visual odometry 
pipeline. Developed as a DeltaPose3D plugin;

• IMU factors: encode the direct measurements of chassis angular 
velocity and linear acceleration, as provided by the on-board IMU. 
Developed as an Imu3D plugin;

• Velocity kinematic factors: encode the motion constraints imposed 
by the rover kinematic model. Developed as a Twist3D plugin.

The sensor models have been developed as DeltaPose3D, Imu3D
and Twist3D plugins, derived from Fuse SensorModel base class.

1 https://github.com/locusrobotics/fuse/pull/354

https://github.com/locusrobotics/fuse/pull/354
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Fig. 8. Base architecture of the ROS 2 package Fuse.
Fig. 9. The two visual odometry pipelines employed on the rover: matching of RGB stereo pairs is carried out during daylight (top section), while registration 
of time-of-flight’s pointclouds is performed at night (bottom section).
4.3.1. Visual odometry factor
Two visual odometry pipelines are available in our system [37]. 

For daylight navigation, stereo matching is performed between two 
consecutive RGB image pairs (𝑙𝑖−1, 𝑟𝑖−1) and (𝑙𝑖, 𝑟𝑖) collected by a Stere-
oLabs ZED2i stereo camera. The change in chassis pose 𝛥𝐏𝑖,𝑖−1, and its 
associated covariance matrix 𝐂𝐨𝐯𝑉 𝑂 are estimated from the matching 
result using the proprietary ZED API. At night or in low-light environ-
ments, two LUCID Vision Labs Helios2 time-of-flight cameras provide 
point clouds 𝑖 and 𝑖−1 that are incrementally registered with an ICP 
approach [38]. To aid ICP convergence, a guess of the desired transfor-
mation 𝛥𝐏𝑔𝑢𝑒𝑠𝑠 can be provided. 𝛥𝐏𝑖,𝑖−1 and its covariance matrix are 
estimated from the cloud registration results.

The visual odometry factor introduces a relative constraint between 
the pose components of two robot states 𝐏𝑖 and 𝐏𝑖−1, at the time points 
when the measurements were collected. The associated cost function is 
composed of a position and an orientation residual: 

𝑉 𝑂𝑖 =
‖

‖

‖

‖

‖

𝐫𝑝𝑜𝑠
𝐫𝑜𝑟𝑖𝑒𝑛𝑡

‖

‖

‖

‖

‖

2

𝐂𝐨𝐯𝑉 𝑂

=
‖

‖

‖

‖

‖

(𝐭𝑖 − 𝐭𝑖−1) − 𝛥𝐭𝑉 𝑂
𝜟𝑉 𝑂(

−1
𝑖−1𝑖)

‖

‖

‖

‖

‖

2

𝐂𝐨𝐯𝑉 𝑂

(25)

4.3.2. IMU factor
IMU measurements contribute to the factor graph with a unary fac-

tor corresponding to an absolute constraint on the instantaneous mea-
sured angular velocity and linear acceleration. Associated covariances 
are provided by the IMU driver. IMU measurements and covariances are 
rotated into the chassis frame before being integrated into the graph. 
The associated cost function is composed of an angular velocity residual 
and a linear acceleration residual: 

𝐼𝑀𝑈𝑖 =
‖

‖

‖

‖

𝐫𝜔
𝐫

‖

‖

‖

‖

2

=
‖

‖

‖

‖

𝝎𝑖 − 𝝎𝐼𝑀𝑈
𝐚 − 𝐚

‖

‖

‖

‖

2

(26)

‖

𝑎
‖𝐂𝐨𝐯𝐼𝑀𝑈 ‖

𝑖 𝐼𝑀𝑈
‖𝐂𝐨𝐯𝐼𝑀𝑈
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4.3.3. Velocity kinematic factor
Velocity kinematic factors are employed in the optimization prob-

lem to penalize rover motions that are not physically achievable by 
the platform. In practice, this is obtained by treating the pipeline from 
Section 3 as a virtual velocity sensor: every 𝐯𝑜𝑝𝑡 sample received from 
the velocity kinematics is considered as an absolute reading of the 
chassis velocity at a specific time point. Virtual velocity measurements 
contribute to the factor graph with a unary factor corresponding to 
an absolute constraint on the instantaneous linear and angular rover 
velocities: 

𝑘𝑖𝑛𝑖 =
‖

‖

‖

‖

‖

𝐫𝑣
𝐫𝜔

‖

‖

‖

‖

‖

2

𝐂𝐨𝐯𝑘𝑖𝑛

=
‖

‖

‖

‖

‖

𝐯𝑖 − 𝐯𝑜𝑝𝑡𝑖
𝝎𝑖 − 𝝎𝑜𝑝𝑡𝑖

‖

‖

‖

‖

‖

2

𝐂𝐨𝐯𝐯𝑜𝑝𝑡

(27)

4.4. Rover motion factor

Due to the lack of synchronization among incoming measurements, 
and since every employed sensor produces data at different rates, 
the graph built from sensor factors is not fully connected. Missing 
constraints between unconnected state variables are generated using 
a kinematic motion model, which predicts the robot state 𝑥𝑖 based on 
the previous state 𝑥𝑖−1 and a motion command 𝑢𝑖. The state evolution 
is governed by the prediction function 𝜓(𝑢𝑖, 𝑥𝑖−1) that encodes the 
kinematic equations of motion for the rover. Since constraints from 
robot kinematics are already incorporated into the graph via the virtual 
velocity sensor, we maintain generality by propagating the states using 
an omnidirectional model. The motion command is composed of the 
chassis angular velocity and linear acceleration at the initial state, 
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and is maintained constant during prediction. The motion process 
covariance matrix is filled with manually tuned parameters. Binary 
rover motion factors are represented by the cost function: 

𝑚𝑜𝑡𝑖 =
‖

‖

‖

𝐫𝑚𝑜𝑡
‖

‖

‖

2

𝐂𝐨𝐯𝑚𝑜𝑡
= ‖

‖

‖

𝑥𝑖 − 𝜓(𝑢𝑖, 𝑥𝑖−1)
‖

‖

‖

2

𝐂𝐨𝐯𝑚𝑜𝑡
(28)

The motion model factor has been developed as a Omnidirec-
tional3D plugin, derived from Fuse MotionModel base class.

4.5. Prior factor

The prior factor is the first constraint that is inserted into the 
graph, and consists of a unary factor representing the prior probability 
distribution of the initial rover state 𝑥0: 

𝑝𝑟𝑖𝑜𝑟 =
‖

‖

‖

𝐫𝑝𝑟𝑖𝑜𝑟
‖

‖

‖

2

𝐂𝐨𝐯𝑖𝑛𝑖𝑡
= ‖

‖

‖

𝑥0 − 𝑥𝑖𝑛𝑖𝑡
‖

‖

‖

2

𝐂𝐨𝐯𝑖𝑛𝑖𝑡
(29)

Where 𝑥𝑖𝑛𝑖𝑡 is the prior distribution mean and 𝐂𝐨𝐯𝑖𝑛𝑖𝑡 its covariance 
matrix. Since we are not performing absolute localization, we consider 
the rover state to evolve in time starting from a local inertial reference 
frame. Thus, the only elements of 𝑥𝑖𝑛𝑖𝑡 that are not zero-initialized are:

• The z component of the rover position vector, which equals the 
vertical component of the centroid of the contact points with the 
local terrain plane 𝐜𝑤, computed from Eq.  (5);

• The roll and pitch components of the rover orientation, which are 
initialized from the initial IMU orientation reading.

This enables the state estimation process to begin with a reasonable 
initial estimate of the chassis attitude and ground clearance. Again, the 
covariance matrix is manually tuned for our application.

4.6. Graph inference

To enable high-frequency state estimation while keeping computa-
tional cost bounded, this work leverages the fixed-lag smoother opti-
mizer provided by the Fuse package. The optimization is performed 
over a sliding window of recent states, whose length is selected to 
balance estimation accuracy and real-time performance. The nonlinear 
least squares problem is solved using the Levenberg–Marquardt algo-
rithm, and after each optimization cycle, variables that fall outside the 
lag window are marginalized. This approach preserves their informa-
tional contribution while maintaining a compact graph structure.

4.7. Rover odometry publisher

The odometry publisher plugin is responsible for providing the 
estimated rover state to the GNC and payload systems at the desired fre-
quency. The publisher queries the variables of the last optimized graph 
available and fills a standard ROS 2 message of type nav_msgs/Odom-
etry. Again, Google Ceres Solver is employed for estimating optimized 
chassis pose and velocity covariances. In particular, we set sparse QR 
factorization as the algorithm for decomposing the residual Jacobian 
matrix at the optimization point, to compute the covariance of the 
solution.

5. Experimental results

This section presents the results obtained from the experiments 
performed to validate the proposed state estimation framework. First, 
tests have been conducted in a simulated environment to validate the 
framework’s components and ensure their correct integration. Then, 
the state estimation pipeline was deployed on the real rover platform 
previously described, validating its accuracy and performance in a 
real-world scenario.

Field tests have been conducted at the Rover eXploration facilitY 
(RoXY) analogue terrain, located at TAS-I site in Turin, Italy. Initially 
conceived as a Martian yard, RoXY presents heterogeneous terrain 
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characteristics, spanning from sandy dunes to gravel surfaces, with 
obstacles such as rocks and craters, and is conceived to challenge 
rover locomotion and navigation capabilities. A view of the facility 
is shown in Fig.  10(a). To replicate real-world test conditions, a 3D 
reconstruction of RoXY is loaded as the simulation environment. The 
model is illustrated in Fig.  10(b).

In the next subsections, results from the experimental campaigns are 
analyzed, and our approach is compared with two state-of-the-art state 
estimation methods in ROS 2.

5.1. Simulations in project chrono

Simulations are built on the multiphysics dynamics engine Project 
Chrono [39]. The engine choice has been guided by the desire to repli-
cate system dynamics with high fidelity, while placing less emphasis 
on visual realism. Chrono features allow us to model our platform 
dynamics with a high level of completeness. In particular, we can 
simulate:

• The kinematic relations of the four wheel-steer-suspension chains 
as described in Section 3.2;

• The dynamic behavior of the SEA in suspension joints, with focus 
on the elastic response of the spring;

• The wheel–terrain contacts and compute the associated friction 
forces.

Project Chrono ships with plug-and-play sensor modules that can 
be integrated into the rover model. For our tests, we employed a 
simulated IMU sensor that outputs the chassis angular rates and linear 
accelerations with tunable levels of zero-mean random Gaussian noise 
on every axis, and a generic depth sensor, from which point clouds are 
generated, is also included in the simulations, to replicate the visual 
odometry pipeline described in Fig.  9. Ground truth values for chassis 
pose and velocity are provided by the simulator.

5.1.1. Velocity kinematics tests
Three test cases have been designed to test the estimation of chassis 

velocity and covariance using the method described in Section 3, to 
stimulate all 6 degrees of freedom of the chassis. In the first two, the 
rover overcomes a positive obstacle, such as a rock or a dune, with 
its left wheels. Obstacle heights are respectively ∼30% (Fig.  11(a)) 
and ∼60% (Fig.  11(b)) of wheel diameter. In the last one, the rover 
traverses the side of a negative obstacle, such as a crater, with its 
right wheels (Fig.  11(c)). Fig.  12 presents the time evolution of chassis 
velocity components in comparison with the ground truth values. For 
clarity, the rolling averages have been highlighted. Diagonal entries of 
the covariance matrix have also been reported.

Similar patterns emerge in every scenario. First, differences in 
trends are evident for 𝑣𝑥 and 𝑣𝑦. This is expected, and mainly due to the 
fact that the model does not take into account wheel slippage. In fact, 
higher differences are reported in scenarios b and c, where the rover 
surpasses steeper obstacles and the slippage level is more influential. 
For the same reason, the model underestimates 𝜔𝑧. Correct predictions 
are made for 𝜔𝑥 and 𝜔𝑦, showing that the model is able to capture the 
variations in platform attitude. Variance trends follow what was just 
discussed; higher values are outputted in correspondence with higher 
velocity drifts: this again is expected, due to the proportionality relation 
of the covariance with the squared sum of residuals, as highlighted in 
Eq.  (20).

A quantitative evaluation is reported in Table  2, where Root Mean 
Square Error (RMSE) values of every chassis velocity component with 
respect to the ground truth are listed. Intuitively, higher errors emerge 
in cases b and c where the estimated local plane worse approxi-
mate the terrain surface, leading to higher residuals in least-squares 
optimization.
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Fig. 10. The TAS-I Rover eXploration facilitY analogue terrain and its 3D reconstruction employed in the experiments.
Fig. 11. The three simulated test cases for chassis velocity and covariance estimation.
Table 2
RMSE of optimal chassis velocities in simulations.
 Velocity
component

Case a Case b Case c 

 𝑣𝑥 [m/s] 0.014 0.020 0.018  
 𝑣𝑦 [m/s] 0.013 0.022 0.013  
 𝑣𝑧 [m/s] 0.020 0.027 0.024  
 𝜔𝑥 [rad/s] 0.018 0.032 0.021  
 𝜔𝑦 [rad/s] 0.022 0.042 0.033  
 𝜔𝑧 [rad/s] 0.006 0.011 0.007  

5.1.2. State estimation tests
The state estimation pipeline has been tested by teleoperating the 

rover in the simulated environment. Two cases have been considered: 
the first path includes a plane section, a downhill section, and the 
crossing of a crater, while the second involves driving the rover up to 
a steep hill. In both cases, the rover switches between the available 
locomotion modalities.

For comparison we selected two state-of-the-art methods accord-
ing to the following criteria: (i) the ability to fuse IMU, pose, and 
velocity measurements within a unified estimation pipeline, (ii) the 
estimation of 3D system state and (iii) ROS 2 support. The first method 
is robot_localization [40], which employs filter-based approaches and 
is the de-facto standard employed by the ROS community; the EKF 
was selected as the baseline for comparison. The second is WOLF [41] 
which, as our approach, performs multi sensor fusion with factor graph. 
To evaluate the frameworks under comparable test conditions, the 
same sensor inputs are provided to the three pipelines and the same 
motion model employed in our approach is used during the prediction 
step of the filter. Since WOLF does not natively support direct fusion 
of velocities, inputs from Section 3 have been pre-integrated with a 
constant velocity model and provided as pose measurements.

To quantitatively compare the predicted trajectories, we followed 
the approach proposed in [42]. First, the trajectories have been time-
synchronized with the ground truth, allowing for the analysis of states 
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at the same point in time. Then, the RMSE over the complete trajectory 
is computed for every component of the rover state. The orientation 
component of the pose is converted from quaternion to Euler angles 
representation before computing the RMSE. Results are reported in 
Table  3. We also indicate the trajectory length, which is approximated 
as the sum of 3D Euclidean distances of consecutive ground truth 
positions: 

𝑙 =
𝑡

∑

𝑖=0

‖

‖

𝐭𝑖+1 − 𝐭𝑖‖‖ (30)

Relative Trajectory Error (RE) statistics for the rover pose are pro-
vided by computing the RMSE over multiple sets of consecutive poses 
along the trajectories. By choosing a small set length, we can measure 
the local consistency of the two methods. RE statistics are reported in 
Fig.  15 as boxplots: the boxes are delimited by the upper and lower 
quartiles, while the whiskers indicate the maximum and minimum error 
value. The red line indicates the median value of the relative error.

Figs.  13 and 14 report the time evolution of the robot state com-
ponents as predicted by the three methods, compared with the ground 
truth values provided by the simulator, for the two simulated paths, 
respectively.

Results from simulations show that the 2D motion state components 
are largely consistent between the three approaches. Smaller RMSE and 
RE values are achieved by our method for the rover pose 𝑧 component: 
in the first trajectory, it is able to detect that the rover is exiting the 
crater at 𝑡 = 25 s, whereas the EKF continues to diverge in the negative 
𝑧 direction and WOLF fails to capture the variation of the pose vertical 
component. In the second test, our method exhibits less drift during 
uphill and downhill motion. High variations of chassis roll and pitch in 
the simulated trajectories further underline the improved robustness of 
our approach, showing markedly reduced drift compared to the other 
methods. Results consistency along the experiments is confirmed by 
relative error boxplots.

Both our approach and the EKF show minimal prediction errors 
for linear and angular velocity, while WOLF predictions for linear 
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Fig. 12. Estimated chassis velocity and variances from velocity kinematics, in the three simulated scenarios.
velocities diverge. This is expected and mainly due to the different 
architecture of the latter: in WOLF, sensor measurements are converted 
to factors and associated to robot states inside the graph by creating 
keyframes, which are collections of state constraints. Multiple factors 
can be associated to a single keyframe: measurements from visual 
odometry and inverse velocity kinematics are inserted as constraints 
over the rover pose (position and orientation), while IMU measure-
ments are pre-integrated and include factors on the linear velocity of 
the robot. This means that, in our setup, the latter is only constrained 
by simulated IMU measurements, which present high noise and biases, 
leading to diverging predicted linear velocity.

No angular velocities are reported for WOLF, since they are not 
provided by the framework at the time of writing.
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5.2. Field tests

For field tests, ground truth rover pose is provided by an Xsens MTi-
670 GNSS/INS sensor mounted on-board. The sensor utilizes GNSS-RTK 
and an integrated magnetometer to provide the rover’s absolute posi-
tion and heading angle. Moreover, roll and pitch angles are computed 
internally by estimating the direction of the gravity vector using sensor 
accelerometers and then corrected with GNSS data to compensate for 
the influence of external accelerations. This setup is suitable for our 
application because the system motion is relatively slow, and no high 
accelerations are present for an extended period. The ground truth pose 
is provided in the ENU reference system and is aligned with the local in-
ertial system by measuring the initial heading of the rover. The ground 
truth value for rover velocity is not available; therefore, its prediction 
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Fig. 13. Simulated trajectory 1: predicted pose and velocity.

Fig. 14. Simulated trajectory 2: predicted pose and velocity.
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Fig. 15. Statistics of predicted rover pose components RE in simulations. The boxes are delimited by the upper and lower quartiles. The whiskers indicate the 
maximum and minimum error value. The red line shows the median value for the relative error.
Table 3
RMSE of predicted rover state components. Lower error values are reported in 
bold. WOLF linear velocity predictions diverge in simulations. WOLF does not 
provide angular velocity estimates.
 State component Trajectory 1 Trajectory 2
 Proposed EKF WOLF Proposed EKF WOLF 
 𝑋 [m] 0.186 0.245 0.426 0.113 0.074 0.099  
 𝑌  [m] 0.109 0.146 0.322 0.319 0.370 0.365  
 𝑍 [m] 0.018 0.053 0.054 0.059 0.118 0.166  
 𝑅𝑜𝑙𝑙 [rad] 0.003 0.017 0.025 0.003 0.132 0.186  
 𝑃 𝑖𝑡𝑐ℎ [rad] 0.004 0.033 0.037 0.005 0.067 0.091  
 𝑌 𝑎𝑤 [rad] 0.010 0.069 0.144 0.006 0.048 0.046  
 𝑣𝑥 [m/s] 0.030 0.029 𝑑𝑖𝑣 0.063 0.055 𝑑𝑖𝑣  
 𝑣𝑦 [m/s] 0.043 0.035 𝑑𝑖𝑣 0.041 0.041 𝑑𝑖𝑣  
 𝑣𝑧 [m/s] 0.026 0.026 𝑑𝑖𝑣 0.018 0.019 𝑑𝑖𝑣  
 𝜔𝑥 [rad/s] 0.006 0.027 – 0.008 0.026 –  
 𝜔𝑦 [rad/s] 0.005 0.030 – 0.006 0.025 –  
 𝜔𝑧 [rad/s] 0.004 0.023 – 0.004 0.018 –  
 Trajectory length [m] 9.11 10.16
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will not be considered in this case. The two state estimation pipelines 
run on an AMD Ryzen 5 3500U CPU, providing rover odometry data at 
100 Hz.

Two trajectories have been considered. In both, the vehicle is rov-
ing the RoXY test field, starting on a plane surface and traversing a 
downhill–uphill section. The rover primarily navigates in double axis 
Ackermann mode, utilizing spot-turn maneuvers around the middle 
sections. The trajectories are longer than the simulated ones, but they 
present only a moderate variation in the rover’s chassis attitude.

Again, we compare our approach with EKF and WOLF results, as 
shown in Figs.  16 and 17, where the predicted pose components are 
reported against the ground truth value. RMSEs are computed over the 
entire trajectory length and reported in Table  4. Trajectory RE statistics 
are shown in Fig.  18. We also provide the average value of ROS 2 nodes’ 
CPU usage, expressed as the total percentage of CPU time used by the 
single process sampled during the test duration.

Field experiments confirmed the results obtained in simulation: all 
the methods exhibit comparable behavior for 2D motion, with minor 
differences in planar pose components, even for longer trajectories. The 
larger gap is in the vertical pose component, where the EKF suffers 
from pronounced drift largely inherited from the visual odometry input, 



G. Franchini et al. Acta Astronautica 244 (2026) 54–70 
Fig. 16. Field test trajectory 1: predicted pose.
Fig. 17. Field test trajectory 2: predicted pose.
Table 4
RMSE of predicted rover pose components. Lower error values are reported in bold.
 State component Trajectory 1 Trajectory 2
 Proposed EKF WOLF Proposed EKF WOLF  
 𝑋 [m] 0.403 0.313 0.580 0.310 0.279 0.316  
 𝑌  [m] 0.993 0.986 1.189 0.768 0.680 0.684  
 𝑍 [m] 0.115 0.265 0.297 0.079 0.335 0.198  
 𝑅𝑜𝑙𝑙 [rad] 0.030 0.023 0.004 0.006 0.028 0.006  
 𝑃 𝑖𝑡𝑐ℎ [rad] 0.031 0.033 0.010 0.007 0.041 0.015  
 𝑌 𝑎𝑤 [rad] 0.072 0.077 0.130 0.110 0.094 0.098  
 Average CPU usage [%] 55.7 ± 9.3 18.3 ± 3.1 41.4 ± 6.9 42.5 ± 15.2 14.9 ± 5.5 29.1 ± 9.9 
 Trajectory length [m] 30.06 22.73
while our method effectively smooths and attenuates its influence. This 
effect is amplified by additional drift in pitch angle in the EKF, which 
further biases the vertical estimate. WOLF drift in z is less pronounced 
but still non-negligible, reaching a maximum of ∼0.45 m. Our approach 
outperforms other methods by limiting vertical drift. This is obtained 
by accurate graph constraints balancing: the employed scaled loss func-
tions allow for decreasing the influence of visual odometry drift while 
maintaining the correct trend at the same time. The two graph-based 
methods outperform the EKF in roll and pitch angles estimation, with 
WOLF showing marginally better results compared to the proposed 
approach. However, the rover attitude variation along both trajectories 
is very limited.

The influence of wheel slippage on RoXY sandy-gravelly terrain is 
evident for both methods, and primarily reflected by the drift accumu-
lated along the 𝑌  axis.

6. Conclusions

In this work, we presented a state estimation framework based on 
factor graphs deployed on a multipurpose lunar rover prototype. The 
approach extends the ROS 2 Fuse package by introducing dedicated 3D 
sensor and motion factors, as well as a novel module that exploits the 
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rover kinematic model and wheel encoders measurements to estimate 
the instantaneous ground plane of the vehicle and its chassis velocities. 
These are used as additional graph constraints to strengthen the esti-
mation process and enable a more accurate and robust reconstruction 
of the rover’s motion.

Validation was conducted both in simulations and in a field test 
campaign conducted in a representative environment. Results consis-
tently show that the proposed method achieves performances compa-
rable to the state-of-the-art filter-based state estimation implementation 
in ROS 2 in terms of planar motion, while, at the same time, clear 
improvements are observed in the estimation of the out-of-plane pose 
components: qualitative and quantitative results are reported together 
with an analysis of the trajectory error statistics.

A relevant future improvement will be the integration of a wheel 
slip estimation methodology into the inverse velocity kinematic mod-
ule. Currently, the chassis linear and angular velocities are estimated 
under the assumption of no wheel slippage: by introducing slip ratios 
along the longitudinal and lateral directions of each wheel, the module 
can be adapted to account for non-ideal ground contact conditions. 
These slip-aware velocity estimates will then be provided, together with 
their covariance, as refined constraints in the factor graph. Such an 
extension is expected to significantly reduce drift in challenging terrain, 
where wheel–soil interactions strongly influence the rover mobility 
performance.
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Fig. 18. Statistics of predicted rover pose components RE in field tests. The boxes are delimited by the upper and lower quartiles. The whiskers indicate the 
maximum and minimum error value. The red line shows the median value for the relative error.
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