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An Inertial Odometry and Enhanced Occupancy
Grid Inertial SLAM for Legged Robots

Xiaodong Li , Zhi Xiong , Lipo Wang , Senior Member, IEEE, and Yan Cui

Abstract—Accurate position estimation is crucial for legged
robots, the inertial odometry based on inertial measurement
units (IMUs) is low-cost and easy to deploy, and inertial
simultaneous localization and mapping (SLAM) methods can
maintain stable performance on different robot platforms and
degraded environments. In this article, a single IMU is mounted
on the robot foot to construct the inertial odometry without
relying on kinematic modeling. The stance phase and optimal
zero-velocity point (OZP) are detected through IMU outputs,
and the once zero-velocity update is performed at each OZP to
correct the drift of inertial odometry. Furthermore, the enhanced
occupancy grid inertial SLAM framework is introduced. In the
grid map update section, the motion control vectors derived from
the inertial odometry are used with the Bresenham algorithm to
calculate accessibility probabilities of grid cells, which addresses
detail loss from grid map discretization and the imbalance in
the accessibility probability resulting from repeated erroneous
map updates. Experimental tests on the Unitree B1 robot
demonstrate that our system provides further improvement in
position estimation.

Index Terms—Inertial measurement unit (IMU), legged robot,
odometry, simultaneous localization and mapping (SLAM).

I. INTRODUCTION

W ITH the rapid development of the Internet of Things
(IoT) [1], [2] area, location-based services (LBS) tech-

nology for robots [3], [4] has become a key component.
In complex applications, such as warehouse, inspection,
and search operations, legged robots [5], [6] are increas-
ingly prominent in robotics research due to their exceptional
obstacle-crossing capabilities and flexibility. However, com-
pared to traditional wheeled robots, legged robots have
more complex motion patterns and structures. Accurate state
and environment estimation is required for reliable control,
motion planning, and decision-making for legged robots.
Consequently, designing a low-cost and general positioning
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and navigation system for legged robots has become a signif-
icant research focus within the IoT field [7], [8].

Applications of legged robots typically include warehouse
automation and building inspections. In indoor environments,
the global navigation satellite system (GNSS) [9] often suffers
from severe signal attenuation or reflection due to buildings
and walls, significantly reducing the positioning accuracy.
Furthermore, anchor-based localization methods, such as
Wi-Fi [10], Bluetooth [11], and ultra-wideband (UWB) [12],
face multiple challenges. These systems typically require
multiple base stations to be installed in the environment to
ensure full coverage of the localization area, which com-
plicates the initial setup and increases equipment costs. In
addition, regular maintenance and calibration limit widespread
adoption in practical applications. In contrast, autonomous
localization relying on self-configured sensors becomes a
solution with great potential.

One of the most widely applicable methods for obtaining
the state of legged robots is the leg odometry (LO) [13], [14].
This approach employs proprioceptive sensors, such as joint
encoders and contact sensors, to infer the state of robots.
With the assumption that the contact foot remains stationary, it
leverages forward kinematics to estimate the robot’s position
and attitude. LO has been successfully deployed in various
legged robot platforms. Lin et al. [15] proposed a LO method
for hexapod robots to compute instantaneous estimates of
body pose, but it requires the robot be supported by three
legs. This significantly restricts agile movements and requires
further consideration for adaptability to varied terrains. Inertial
measurement units (IMUs) capture the orientation and dis-
placement of a target, and researchers have investigated
integrating the IMU into legged robots to improve state
estimation accuracy. A notable method by Bloesch et al. [16]
provided a versatile state estimation approach for different
types of legged robots. This approach integrated foot position
into the state vector, performs state prediction using the
IMU outputs, and updates the state estimate during the stand
phase based on the relative position from the foot to the
base. A later improvement for humanoid robots introduced
a key enhancement: incorporating foot orientation into the
state vector, further improving estimation accuracy [17].
Agrawal et al. [18] proposed a state estimator based on a factor
graph that enhances accuracy and robustness by combining
preintegrated IMU measurements, forward kinematics, and
contact detection with proprioceptive inertial data. Besides,
learning-based approaches to LO have attracted substantial
attention. Buchanan et al. [19] developed a proprioceptive
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state estimation method for legged robots that leverages IMU
data to learn displacement measurements, the learned displace-
ments are integrated with traditional LO, significantly reducing
estimation drift over challenging terrains. Yang et al. [20]
combined IMU and kinematic data fusion by employing
neural networks to learn weight functions for foot force
and LO states, improving observation accuracy in invariant
extended Kalman filter. Nonetheless, a significant limitation of
learning-based approaches is their reliance on large amounts
of labeled datasets. To further reduce position drift and
leverage environmental data, some legged robots incorporate
external sensors, such as cameras and light detection and
ranging (LiDAR), with LO. Cerberus [21] is a factor graph-
based framework for visual-inertial-LO that enables online
estimation of kinematic parameters, but its reliance on visual
information may lead to performance degradation in visu-
ally challenging environments. Wisth et al. [22] proposed
the VILENS method, which combines preintegrated velocity
factors with visual, LiDAR, and IMU outputs to estimate a
linear velocity bias term. This bias term was then incorporated
into the system state to minimize the odometry drift. Although
the above approach partially bounds the drift of robot
state estimators, localization methods that fuse LO remain
vulnerable to encoder noise and inaccuracies in kinematic
modeling [23]. Moreover, minor mechanical deformations can
introduce errors in velocity estimation, resulting in drift in
position and orientation over time. Reliable ground contact
detection [24] is essential for LO and is typically based on the
output of foot force sensors. However, force sensors can be
costly and prone to damage, which may lead to false detec-
tions or missed contacts. Moreover, designing effective LO
systems requires an accurate and predefined kinematic model
of the robot. However, obtaining precise model parameters
can be challenging in some cases, limiting the universality of
this approach. Additionally, LO becomes ineffective if foot
slippages occur. In contrast, the IMU-based inertial odometry
is cost-effective and easy to configure. It is already widely
implemented in the pedestrian navigation area, such as the
zero-velocity update (ZUPT) method [25]. Legged robots
have similar motion characteristics to humans, making inertial
odometry a promising solution for position estimation in these
robots.

Simultaneous localization and mapping (SLAM) meth-
ods enable robots to build maps of unknown environments
while determining their own poses. The ORB-SLAM
series [26], [27], [28] represents a pivotal advancement in
visual SLAM, utilizing features to build the map and esti-
mate the camera pose, which is computationally efficient
and resilient to rotation and scale changes. LiDAR-based
SLAM methods rely on distance measurements. Fast-LIO [29]
employs a tightly coupled approach to integrate raw point
clouds with IMU measurements. This method achieves high
accuracy while significantly reducing computational load.
Recently, learning-based SLAM methods [30] have risen to
prominence, differentiable SLAM-Net [31] embeds a parti-
cle filter-based SLAM into a differentiable neural network,
enabling end-to-end learning for robust visual navigation.
DLC-SLAM [32] enhances LiDAR-based SLAM with deep

learning-based point cloud denoising and efficient loop clo-
sure, improving localization in challenging environments.
However, learning-based SLAM requires large datasets for
training and may struggle with generalization in unseen
environments. Its higher computational cost can limit real
performance. Despite significant advances in vision and
LiDAR-based SLAM, these methods face several application
challenges. First, the high cost of sensors and the complex-
ities involved in sensor calibration present limitations for
large-scale applications. Second, the performance of SLAM
systems is often severely impacted by environmental condi-
tions. Challenges arise in dynamic, cluttered, or featureless
environments, leading to inaccuracies in overall estimation.

Inertial SLAM [33] shows the advantages as a potential
solution, it obtains target state information and senses envi-
ronmental features simultaneously via inertial odometry. This
approach is especially well-suited for resource-constrained
robotic platforms and can be applied in a broad range of
environments and terrains. FootSLAM [34], the first gen-
eration of inertial SLAM, was designed for foot-mounted
pedestrian navigation systems [25]. FootSLAM is based on
Bayesian [35] and particle filtering [36], which divides the
space into multiple hexagonal grids and corrects the cumula-
tive error by updating the grid map. However, computational
complexity increases dramatically as the mapping region
expands. To overcome this limitation, a data structure known
as the H-tree [37] was proposed that offers a compact
representation of the hexagonal map. This structure reduces
computational complexity from linear to logarithmic growth,
enabling the FootSLAM algorithm to function in real-time
systems. Subsequently, PlaceSLAM [38] and MagSLAM [39]
were proposed, focusing on the association of stabilized envi-
ronmental characteristics with maps to improve the accuracy
of the localization. ActionSLAM [40] recognized specific
pedestrian actions (such as opening doors, climbing stairs, and
jumping), limiting system drift through the correlation between
actions and locations. However, system stability is challenging
to maintain because of the variability of human actions and
their weak correlation with geolocations.

In our previous study, the occupancy grid inertial SLAM
(OGI-SLAM) [41] used a square grid map to represent
the environment. Unlike FootSLAM, which calculates the
probability for each edge of a hexagonal grid, OGI-SLAM
only updates the accessibility probability for each grid
cell, providing a significant advantage in computational effi-
ciency. Building on it, the distributed collaborative inertial
SLAM [42] framework was introduced. This framework
meets the requirements for cooperative localization without
relative measurements and resolves the initial pose align-
ment issue. Additionally, OGI-SLAM2 [43] that includes
a global optimization step was developed, it extracts key
points from the trajectory and establishes associations among
them. Through bundle adjustment, localization errors at key
points are corrected, with the correction between common
points modeled as an affine transformation. Currently, the
OGI-SLAM series has shown strong performance in pedes-
trian navigation. However, significant challenges remain for
adapting these methods to legged robotics, mainly, including:
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1) Lack of a stable inertial odometry system, which is
necessary to provide reliable front-end input for OGI-SLAM;
2) Detail loss due to grid map discretization and incorrect
particle updates due to the imbalance in the accessibility
probability of grid maps.

This article aims to establish an inertial odometry and
enhanced OGI-SLAM (EOGI-SLAM) for legged robots. The
proposed system consists of a single IMU and is suitable for
various types of legged robots. It can function as a standalone
navigation system, with the potential to integrate additional
sensor data. The main contributions of this study are as
follows.

1) An inertial odometry method relying solely on a single
IMU is proposed for various legged robot platforms. The
proposed odometry is designed to operate independently
of kinematic models and without assumptions about gait
or terrain, providing a simple and cost-effective solution.

2) An EOGI-SLAM framework is proposed that utilizes
motion vectors and the Bresenham algorithm to deter-
mine the accessibility probabilities of grid cells. The
framework avoids map discretization and imbalance,
thus improving the overall performance of the SLAM
system.

3) The field experiment conducted on the Unitree B1
robot demonstrates that the proposed inertial odome-
try exhibits better accuracy than traditional LO. The
proposed EOGI-SLAM system more accurately captures
grid map properties, maintains the continuity and global
consistency of the map, and enhances overall localiza-
tion performance.

The remainder of the article is organized as follows.
Section II introduces the preliminaries and challenges for
conventional OGI-SLAM. Section III provides an overview of
the proposed system and details the algorithm in two parts.
Then, Section IV evaluates the system’s performance, and
Section V concludes the article.

II. PRELIMINARIES AND CHALLENGES DESCRIPTION

A. Preliminaries of OGI-SLAM

The OGI-SLAM is built on the Fast-SLAM [44] framework,
which decomposes the state estimation problem into several
low-dimensional estimation problems. In this approach, the
Rao–Blackwellized particle filter (RBPF) [45] estimates the
target’s pose, while the environmental map is independently
estimated by filters within each particle. Due to its robust
adaptability to nonlinear motion models and its exceptional
real-time performance, Fast-SLAM is an excellent solution for
the estimation of robot state. As with all SLAM approaches,
the core of OGI-SLAM lies in estimating the joint probability
distribution of the target’s pose and the environment map:

p(s1:t,� | z1:t,u1:t) (1)

where s1:t represents the target’s pose, and � denotes the envi-
ronment map. The control vector u1:t represents the motion
vector based on odometry estimation, and z1:t represents the
map observations.

Fig. 1. OGI-SLAM system fails to achieve correct loop closure due to the
low accuracy of the odometry input.

OGI-SLAM employs the grid map model, and the entire
map � is divided into several equally sized grid cells θ . As the
target moves through the space, the accessibility probability of
grid cells is updated based on the current pose. Specifically,
the process involves first determining the index of the grid cell
occupied by the particle

pθ =
〈[

px/lθ , py/lθ
]T 〉

(2)

where lθ is the grid length of each cell, [px, py]T is the
particle’s current position, and 〈·〉 denotes rounding each
element of the vector.

Then, within the framework of the binary Bayesian fil-
ter [35], the accessibility probability of the current grid cell
is updated based on the number of times it is occupied.
Subsequently, particle weight updates are performed to obtain
the posterior estimate of the target’s pose and the environment
map.

B. Challenges in OGI-SLAM

The inputs to OGI-SLAM come from the odometry, and
the accuracy of the odometry estimates directly impacts the
performance of the system. Significant drift of odometry
outputs can cause particles in the pose prediction step to fail
to cover the correct position. Furthermore, conventional map
update methods lead to map dispersion and the imbalance of
accessibility probability, which hinder effective loop closure or
result in incorrect loop closures, ultimately leading to system
failure.

Fig. 1 depicts a scenario where the SLAM system fails to
close the loop correctly due to low odometry input accuracy.
As shown, the particles gradually deviate from the true trajec-
tory during the prediction phase due to significant odometry
drift. The dashed box shows the range of the particle position
after several predictions after several iterations. The system
fails to establish an effective loop closure at the expected
point, causing the trajectory to diverge from the true path. This
highlights the importance of developing a reliable front-end
odometry, as improving the accuracy of the inputs is crucial
for ensuring the stability of the OGI-SLAM system.
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Fig. 2. Map update method in OGI-SLAM results in discrete and unbalanced
maps.

On the other hand, the map update method in OGI-SLAM
can result in discrete and unbalanced maps. Fig. 2 illustrates
this challenge, where blue dots represent the positions of
particles at different time steps, black arrows indicate the
control vectors derived from odometry, and the different colors
of the grid indicate the accessibility probabilities. It shows that
the same grid cell is repeatedly occupied when the robot’s step
length is small, and conversely, when the step length increases,
particles may cross certain cells without updating, leading
to a discretization of the grid map, as highlighted by the
yellow dashed box. Certain grid cells are updated repeatedly,
while others traversed lack necessary updates. This tends to
cause erroneous updating of particle weights and reduces the
accuracy of loop closure.

III. METHODOLOGY

The overview of the proposed algorithm is shown in Fig. 3.
The algorithm in this article consists of two main components:
1) the front-end is an inertial odometry for legged robots and
2) the back-end is an EOGI-SLAM framework. The proposed
inertial odometry is primarily designed by placing an IMU
on the robot’s foot. The IMU signals are utilized to detect
the periodic swing and stance phases of the robot’s legs. In
each stance phase, the optimal zero-velocity point (OZP) is
identified. An error state Kalman filter (ESKF) is then designed
and the once zero-velocity update (OZUPT) at the OZP is
performed to correct the odometry drift. The main advantage
of the proposed inertial odometry is simple deployment and
independent of the environmental prior information or the robot’s
kinematic model. In the EOGI-SLAM method, the main steps
include pose prediction, grid map update, particle weight update,
and resampling. For the motion vector-driven grid map update
method, the accessibility probabilities of grids are updated based
on the extent to which the motion vector traverses each grid
cell without altering the map resolution and increasing map
memory. This approach prevents incorrect repetitive updates to
the grid, avoiding erroneous particle loop closure. Additionally,
it ensures continuity and balance of the grid map, thereby
maintaining the global consistency of the system.

A. Inertial Odometry of Legged Robots

1) Gait Analayse and OZP Identification: During the
movement of a legged robot, each leg transitions regularly

between the swing and stance phases. The robot achieves
locomotion by continuously alternating between these two
phases. Fig. 4 illustrates the gait transition process during the
robot’s movement, t1 and t2 represent the swing phase, during
which the foot lifts off the ground and swings. The moment
from t3 to t6 corresponds to the stance phase, where the
foot stops swinging and contacts the ground, providing stable
support for the body. The robot then uses the contact point as
a pivot to propel the body, achieving stable step displacement.

The indoor optical motion capture equipment is used to
analyze the foot velocity characteristics of legged robots, and
the results are shown in Fig. 5. The shaded areas represent the
stance phase, during which the foot velocity approaches zero.
Due to slight rotations of the foot upon ground contact, the
foot velocity is not exactly zero. Given the distinct velocity
characteristics during the stance phase, an IMU is placed near
the robot’s foot to construct the proposed inertial odometry.
Notably, the minimum velocity point within each stance phase,
referred to as the OZP, is observed to be even closer to
zero. The statistics of 50 gait cycles show the velocity during
the stance phase is 0.0558 m/s, while the average velocity at
OZPs is measured as 0.03396 m/s. Therefore, applying the
zero-velocity observation exclusively at OZPs can effectively
reduce velocity observation errors caused by slight rotations
and displacements of the IMU during the stance phase.

Accurately distinguishing stance phases and identifying
OZPs are critical steps in the proposed odometry. The phase
detection model is constructed using the adaptive generalized
likelihood ratio test (GLRT) method [46]. The IMU signals
are processed within a sliding window to obtain the detection
statistic T(n) at moment n

T(n) = 1

r

n+r/2∑
k=n−r/2

⎛
⎜⎝ 1

σ 2
a

∥∥∥∥∥∥
ab

k − gn āb
k∥∥∥āb
k

∥∥∥

∥∥∥∥∥∥

2

+ 1

σ 2
w

∥∥∥wb
k

∥∥∥
2

⎞
⎟⎠ (3)

where r is the size of the sliding window, ab
k and wb

k present
the acceleration and angular rate under body frame (b-frame)
at time k, σ 2

a and σ 2
w denote the noise variance of them,

respectively. gn is the gravity vector in the navigation frame
(n-frame), and ‖ · ‖ denotes the norm, which measures the
magnitude of a vector.

When the detection statistic T is less than the adaptive
threshold γ , which is defined in detail in [46], the moment
is considered as the stance phase. The point with the smallest
detection statistic within each detected stance phase is consid-
ered the OZP

tozp = min
n∈Tstance

T(n) (4)

where Tstance denotes an independent stance phase.
2) System and Observation Model: The inertial odometry

developed for legged robots in this article is based on the
strapdown inertial navigation system (INS). Given the sig-
nificant bias and noise of low-cost IMUs, minor error terms
in the state updates are neglected to reduce the complexity
and enhance the general applicability of the algorithm. The
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Fig. 3. Overview of the proposed system, consisting of two main components: front-end inertial odometry and back-end EOGI-SLAM optimization framework.

Fig. 4. Transitions between stance phases and swing phases during legged
robot motions.

Fig. 5. Foot velocity characteristics of legged robots during motion.

simplified equations for attitude, velocity, and position updates
are as follows:

⎧
⎨
⎩

q̇n
b = 1

2�
(
wb
) · qn

b
v̇n = Cn

bf b − 2wn
ie × vn + gn

ṗn = vn
(5)

where qn
b is the quaternion that defines the transformation from

the b-frame to the n-frame, �(wb) =
[

0 −wb
z wb

y

wb
z 0 −wb

x

−wb
y wb

x 0

]
,

represents the anti-symmetric matrix of the angular rate vector
wb. vn and pn denote the velocity and position vectors,
respectively. f b denotes the specific force sensed by the
accelerometer, and wn

ie is the rotation rate of earth expressed
in the n-frame. gn denotes the gravitational acceleration.

The gyroscope bias εw and accelerometer bias εa are both
be modeled as a first-order Markov process [47]

ε̇w = − 1

Tw
εw + ww, ε̇a = − 1

Ta
εa + wa (6)

where Tw and Ta are the correlation time, ww and wa denote
the corresponding driving white noise.

To reduce the system linearization modeling error, the
attitude, velocity, and position error states are established,
which represent the difference between the true values and
the estimate by the INS. Based on the error equations of the
INS [48], this study incorporates accelerometer and gyroscope
error models to derive the following state vector of the ESKF:

x = [
δϕT δvT δpT εw

T εa
T
]T

(7)

where δϕ, δv, and δp represent the attitude, velocity, and
position error vectors, respectively. Additionally, the system
state equation is represented in matrix form, and the state-
space equation is denoted as

ẋ = fx + dw (8)

where

f =

⎡
⎢⎢⎢⎢⎢⎣

−wn
ie× 03×3 03×3 −Cn

b 03×3(
Cn

bf b)× −2wn
ie× 03×3 03×3 Cn

b
03×3 I3 03×3 03×3 03×3

03×3 03×3 03×3 − 1
Ta

I3 03×3

03×3 03×3 03×3 03×3 − 1
Tg

I3

⎤
⎥⎥⎥⎥⎥⎦

d =

⎡
⎢⎢⎢⎢⎣

−Cn
b 03×3 03×3 03×3

03×3 Cn
b 03×3 03×3

03×3 03×3 03×3 03×3
03×3 03×3 I3 03×3
03×3 03×3 03×3 I3

⎤
⎥⎥⎥⎥⎦

w = [
wg

T wf
T ww

T wa
T
]T

(9)

with In represents the n-dimensional identity matrix, while
wg and wf denote the measurement white noises from the
gyroscopes and accelerometer, respectively.

When the OZP is identified at time k, the velocity estimate
vins

k derived from INS is regarded as the observed velocity
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Algorithm 1 EOGI-SLAM Algorithm

1: ut = f (p̂y
ozp,t, p̂y

ozp,t−1) // get control vector from odometry
2: for each particle m = 1 to n do
3: s[m]

t = s[m]
t−1 + u∗

t [m] // pose prediction
4: for each θi ∈ � do
5: Ñ[m]

θi,t
= Bres(u[m]

t )

6: l[m]
t (θi) = log

(
p(zt|θi,st)

1−p(zt|θi,st)

)
+ lt−1(θi)

7: l[m]
t (θi) = Ñ[m]

θi,t
· l[m]

t−1(θi)

8: p
(
θ

[m]
i | s[m]

1:t , z[m]
1:t

)
= 1 − 1

1+el[m]
t (θi)

// map update

9: end for
10: w[m]

t = p(s[m]
1:t |z[m]

1:t ,w
[m]
1:t )

p(s[m]
1:t |z[m]

1:t−1,w
[m]
1:t )

// particle weight update

11: end for
12: wt = η · wt // particle weight normalization
13: if D(wt) > Nth then
14: perform resampling
15: end if

error. The velocity observation equation is established as
follows:

zk = δvk = vins
k = hkxk + nv,k (10)

where h = [03 × 3 I3 03 × 9], nv is measurement noise,
primarily arising because the touch point of the robot is ideally
modeled as a fixed point, inevitably introducing observation
errors. The error states include navigation state error and IMU
bias. Navigation state errors are subtracted from the system
estimate to enhance performance, while IMU bias should be
removed to mitigate odometry performance degradation before
the next INS update.

B. EOGI-SLAM

EOGI-SLAM fundamentally involves the joint posterior
probability estimation of the robot’s pose and map. According
to RBPF theorem [45], (1) can be decomposed into the robot
pose estimation and map estimation given the robot’s pose

p(s1:t,� | z1:t,u1:t)

= p(s1:t | z1:t,u1:t)×
Nθ∏
i=1

p(θi | s1:t, z1:t) (11)

where θi is the ith grid cell in �, Nθ is the whole number of
grid cell.

EOGI-SLAM estimates the posterior distribution of the
robot’s pose and the grid map in the particle filter framework,
the algorithmic overview of the EOGI-SLAM framework is
shown in Algorithm 1.

Ñ[m]
θi,t

= Bres
(

px,[m]
t−1 , py,[m]

t−1 , px,[m]
t , py,[m]

t

)
. (12)

The algorithm first obtains the proposal distribution for the
particles and then approximates the true posterior distribution
by assigning different weights to each particle. Each particle
consists of a pose sequence and an associated grid map, and
the mth particle is represented as follows:

ζ
[m]
t =

〈
s[m]

1:t ,�
[m]
〉

(13)

where s[m]
1:t represents the pose sequence, given by s1:t =

{s1, s2, . . . , st}. Here, st = [px
t , py

t , ψt]T , (px
t , py

t ) represents the
robot position, and ψt denotes the heading angle. � consists
of grid cells, each maintaining its accessibility probability.

As the robot moves, the inertial odometry generates control
vectors. The set of control vectors is represented as u1:t =
{u1,u2, . . . ,ut}. Here ut = [lt,	ψt], lt and 	ψ indicate the
step length and heading change, respectively. The definitions
given as follows:

lt =
√(

p̂x
ozp,t − p̂x

ozp,t−1

)2 +
(

p̂y
ozp,t − p̂y

ozp,t−1

)2
(14)

	ψt = arctan

(
p̂y

ozp,t − p̂y
ozp,t−1

p̂x
ozp,t − p̂x

ozp,t−1

)
− ψt−1 (15)

where p̂ozp,t−1 and p̂ozp,t are positions of adjacent OZPs
estimated by the odometry.

The proposal distribution is pose prediction based on the
current pose and control vector. Specifically, EOGI-SLAM
uses the dead reckoning model [49] and Monte Carlo sam-
pling [50] to predict the particle’s pose

⎡
⎢⎣

px,[m]
t

py,[m]
t

ψ
[m]
t

⎤
⎥⎦ =

⎡
⎢⎣

px,[m]
t−1

py,[m]
t−1
ψ

[m]
t−1

⎤
⎥⎦+

⎡
⎢⎢⎣

l∗[m]
t cos

(
ψ

[m]
t−1

)

l∗[m]
t sin

(
ψ

[m]
t−1

)

	ψ
∗[m]
t

⎤
⎥⎥⎦ (16)

where

l∗t ∼ N
(

lt, σ
l
)

	ψ∗
t ∼ N

(
	ψt, σ

	ψ
)

(17)

with N denotes the Gauess distribution, σ l and σ	ψ present
the corresponding standard deviations.

Considering that the accessibility probability of grid cells
is affected by the traversal degree of particles, the proposed
EOGI-SLAM divided each grid cell into 5 ∗ 5 equally sized
subgrid cells, and the Bresenham algorithm [51] is employed
to calculate the number of subgrid cells crossed by each
motion vector

Ñ[m]
θi,t

= Bres
(

px,[m]
t−1 , py,[m]

t−1 , px,[m]
t , py,[m]

t

)
(18)

where Ñ[m]
θi,t

denotes the number of subgrid cells crossed by
the motion vector in the cell θi at moment t, Bres denotes the
Bresenham line algorithm.

According to Bayesian theory, the posterior accessibility
probability of the grid cell θi can be estimated by introducing
the log ratio of the inverse measurement model [41], which is
denoted as

lt(θi) = log
p(θi | s1:t, z1:t)

1 − p(θi | s1:t, z1:t)
. (19)

The log ratio of the inverse measurement model is updated
as follows:

lt(θi) = lt−1(θi)+ log
p(θi | st, zt)

1 − p(θi | st, zt)
− log

p(θi)

1 − p(θi)
(20)

= lt−1(θi)+ log
p(θi | st, zt)

1 − p(θi | st, zt)
(21)

= Ñθi,1:t · log
p(θi | st, zt)

1 − p(θi | st, zt)
(22)
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Fig. 6. Map update process of proposed EOGI-SLAM.

where p(θi) is the prior accessibility probability of the grid
cell. Since the initial accessibility of the grid is unknown, it
is set to 0.5. p(θi | st, zt) ∈ (0.5, 1) represents the inverse
observation model, which describes how motion vectors affect
the accessibility probability of the grid cell. Since EOGI-
SLAM uses the number of subgrids crossed by motion vectors
to determine the update for the grid cell, p(θi | st, zt) is set to
0.6 in this article. Then, the posterior accessibility estimate of
grid cells is denoted as

p(θi | s1:t, z1:t) = 1 − 1

1 + elt(θi)
. (23)

The motion vector-driven map update process is shown
in Fig. 6. With small-displacement motion vector inputs, the
grid map is not subjected to repeated incorrect updates.
Additionally, the continuity and integrity of the map are
maintained with small displacement inputs.

In the particle weight update part, each particle is assigned a
weight based on the difference between the proposal and target
distribution. Specifically, the weight of particles is defined as
the ratio of the target distribution to the proposed distribution.
Thus, for the mth particle, the weight is given by

w[m]
t =

p
(

s[m]
1:t ,� | z[m]

1:t ,u[m]
1:t

)

p
(

s[m]
1:t ,� | z[m]

1:t−1,u[m]
1:t

) . (24)

According to Fast-SLAM [44] and Bayesian rule [35], the
weight of the mth particle can be calculated as follows:

w[m]
t = η · p

(
z[m]

t | s[m]
1:t ,�, z[m]

1:t−1,u[m]
1:t

)
(25)

where η is a normalization factor that ensures the sum of all
particle weights equals 1. p(z[m]

t | s[m]
1:t ,�, z[m]

1:t−1,u[m]
1:t ) is the

accessibility probability of the grid cell where the particle is
located.

After calculating the particle weights, the appropriate resam-
pling is also required to avoid particle degradation. However,
the frequent resampling process leads to the loss of particle
diversity, which makes it difficult to construct effective obser-
vations. Thus, the dispersion of the particles is evaluated by
calculating the variance of the particle weights, the resampling
is performed when the variance exceeds the set threshold
value.

Fig. 7. Unitree B1 legged robot platform and real scenarios of Test1 and
Test2.

TABLE I
PARAMETERS OF XSENS MTW

IV. EXPERIMENT AND RESULTS

In this section, the field experiments were designed and con-
ducted to validate the effectiveness of the proposed method.
The positioning performance of the proposed odometry
method and the EOGI-SLAM framework was quantitatively
analyzed to demonstrate their effectiveness in improving local-
ization accuracy.

A. Experimental Description

The experiments were conducted using the Unitree B1
legged robot platform, a single IMU is mounted on the robot
foot to construct the proposed inertial odometry. The IMU used
is the Xsens MTw, which integrates a three-axis accelerometer,
gyroscope, and magnetometer, all with an output frequency
of 100 Hz. The specific parameters of the IMU are listed
in Table I. A real-time kinematic (RTK) positioning device
was employed to obtain the ground truth of position. Two
experiments are referred to as Test1 and Test2, respectively.
Test1 features a 2061.5 m trajectory around a soccer field,
representative of IoT scenarios like warehouse inspection. To
ensure sufficient runtime, only onboard sensors and a foot-
mounted IMU were used, enabling evaluation of long-term
positioning performance. Test2 was conducted in a complex
outdoor environment specifically designed to evaluate the
robustness of the proposed algorithm under challenging sur-
face conditions. The site included a variety of uneven terrains,
such as loose gravel patches and irregular ground elevations,
simulating the unstructured surfaces often encountered in real-
world deployments. The robot traversed a total 569.4 m path
and returned to the starting point.

In both tests, the robot’s movements were remotely con-
trolled, covering various motion modes, such as standstill,
velocity changes, and in-place stepping. The starting position
was set to the origin (0, 0) for consistency in analysis. The
tests were conducted on a university campus with frequent
pedestrian activity, naturally introducing dynamic elements,
such as nearby human movement. A test operator accompanied
the robot during the experiments to ensure safety and assist
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Fig. 8. Position estimation results with three different odometry methods in Test1. (a) LO. (b) ZUPT. (c) OZUPT.

Fig. 9. Position estimation results with three different odometry methods in Test2. (a) LO. (b) ZUPT. (c) OZUPT.

with data collection, while also contributing to the dynamic
elements in the environment. The robot platform and test
scenarios are illustrated in Fig. 7.

For the validation of the proposed odometry, the traditional
LO and the traditional ZUPT method are selected as the
control group.

1) Leg Odometry (LO): The forward kinematics is applied
to compute the homogeneous transformation matrix
from the foot to the body based on the robot model and
joint angles. The displacement and velocity changes of
the robot body are then estimated recursively, determin-
ing the state of the entire robot [13].

2) ZUPT: The zero-velocity observation is performed dur-
ing the whole stance phase to correct the cumulative
localization error [25].

In the SLAM validation, Fast-LIO [29] and ORB-
SLAM3 [28] are included in Test2 as baselines, representing
more competitive multisensor SLAM approaches beyond the
scope of inertial-only odometry. For inertial SLAM, the
proposed EOGI-SLAM is evaluated against the baseline OGI-
SLAM to assess its performance. In total, eight methods are
considered in the comparison.

1) Fast-LIO: A widely used LiDAR-inertial odometry
system that employs an iterated Kalman filter for tightly
coupled state estimation. In our experiments, it is con-
figured with a Hesai PandarXT-32 LiDAR operating at
10 Hz.

2) ORB-SLAM3: A state-of-the-art visual-inertial SLAM
system that combines feature-based stereo tracking with
IMU preintegration. In our tests, stereo image pairs are
captured at 30 Hz.

3) LO-OGI, ZUPT-OGI, and OZUPT-OGI: The OGI-
SLAM method serves as the back-end optimization,

while the front-end odometry inputs are provided by LO,
ZUPT, and OZUPT, respectively.

4) LO-EOGI, ZUPT-EOGI, and OZUPT-EOGI: The
proposed EOGI-SLAM method acts as the back-end
optimization, with front-end odometry inputs also pro-
vided by LO, ZUPT, and OZUPT, respectively.

It is worth noting that both OGI-SLAM and EOGI-SLAM
rely solely on IMU data, without incorporating LiDAR, cam-
eras, or any other external sensors.

B. Experimental Results and Analysis

1) Odometry Analysis: The position estimation results of
the legged robot using different odometry methods in two
tests are shown in Figs. 8 and 9, respectively. The results
show that as the robot’s motion time increases, the trajectories
deviate from the true value under different methods. The
deviation occurs because all three odometry methods rely
on recursive state estimation without absolute position or
heading observations. Notably, the trajectory estimated by LO
shows increasing deviation due to robot modeling errors, joint
encoder noise, and potential foot slippages. In contrast, both
the traditional ZUPT and the proposed OZUPT methods apply
velocity observations during each stance phase, providing
periodic corrections to accumulated system errors.

The traditional ZUPT method assumes zero velocity across
the entire stance phase, neglecting minor velocity and displace-
ment changes due to small foot rotations. This assumption
leads to an underestimation of the estimated displacement.
In the OZUPT method, a single OZP is chosen in each
stance phase for zero-velocity measurement, reducing the
accumulation of errors from inaccurate observations. The
detection results for OZPs and the velocity estimation for
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Fig. 10. Detection results of OZPs and velocity estimation results using the
ZUPT and OZUPT methods.

TABLE II
POSITIONING ERRORS OF DIFFERENT ODOMETRY

METHODS IN TWO TESTS

Fig. 11. CDF of positioning errors with different odometry methods in two
tests.

both the ZUPT and OZUPT methods are shown in Fig. 10.
During the stance phase, the velocity estimated using the
ZUPT method is generally closer to zero, failing to account
for the small rotational movements of the foot. As a result, it
underestimates the actual velocity.

The positioning accuracy of the different methods is quan-
titatively analyzed by calculating the positioning error, which
is defined as follows:

εk =
√(

rx
k,est − rx

k,rtk

)2 +
(

ry
k,est − ry

k,rtk

)2
(26)

where k is the index number of the coordinate point.
(rx

k,est, ry
k,est) denotes the position estimate, and (rx

k,rtk, ry
k,rtk)

is the results.
Fig. 11 presents the cumulative distribution function (CDF)

of positioning errors for the two tests. The error statistics,
including root mean square error (RMSE), maximum error,
and circular error probable at 75% (CEP75), are summarized

in Table II. The results indicate that the LO method accu-
mulates substantial positioning errors, with RMSE values of
36.13 and 14.42 m, respectively. While the ZUPT algorithm
improves accuracy, velocity observation errors still lead to
RMSE values of 17.01 and 7.31 m. In contrast, the proposed
OZUPT method achieves more precise velocity estimation,
reducing the RMSE to 16.25 and 5.52 m.

The terrain in Test2 is more complex compared to Test1,
this introduces additional challenges for maintaining accurate
positioning for odometry. For two tests, the RMSE percentages
of the LO method are 1.75% and 2.53%, respectively. For
the ZUPT algorithm, the percentages are 0.83% and 1.28%,
while the proposed method achieves 0.79% and 0.97%. These
results indicate that although increased terrain complexity can
degrade odometry accuracy, the proposed method maintains
better performance than the baselines.

2) SLAM Analysis: In this section, the performance of
different SLAM methods is validated and analyzed. The
following default algorithm configuration is used for inertial
SLAM methods: the number of particles is set to 2000, and
the grid length is 1.0 m.

The position estimation results of SLAM methods with
different odometry inputs are presented in Figs. 12 and 13.
Due to the low positioning accuracy of LO, both the LO-
OGI and LO-EOGI methods face challenges in achieving
effective loop closure. In some cases, these methods produce
localized false loopbacks, which distort the trajectory and
compromise the accuracy of the positioning system. In con-
trast, the ZUPT-OGI and OZUPT-OGI methods demonstrate
superior positioning performance, maintaining overall heading
stability and generally achieving better loop closure outcomes.
However, the imbalance in accessibility probabilities across
the grid map in the OGI-SLAM algorithm occasionally leads
to incorrect local loop closures. In contrast, the ZUPT-EOGI
and OZUPT-EOGI methods successfully mitigate such errors
through improved map update strategies. On the other hand,
while the ZUPT-EOGI method effectively corrects heading
errors, velocity estimation bias results in a smaller overall
displacement than the ground truth, leading to noticeable
localization errors.

The partial grid map generated by the OZUPT-OGI method
is illustrated in Fig. 14, where different colors represent
varying accessibility probabilities. A notable discrepancy
in accessibility probabilities is observed in areas without
loop closures. Specifically, due to differences in step length
inputs, the grid cells in Region2 are updated more frequently
than those in Region1, leading to a significant disparity
in accessibility probabilities. Fig. 15 depicts the erroneous
loop closure process in the OZUPT-OGI method. During
the pose prediction phase, a particle driven by Monte Carlo
sampling [50] moves into a high-accessibility probability
region, increasing its weight and ultimately causing a false
loop closure. The imbalance in grid cell accessibility probabil-
ities heightens the risk of incorrect loop closures, negatively
impacting the overall accuracy and performance of the SLAM
algorithm. In contrast, the partial grid map generated by the
OZUPT-EOGI method, shown in Fig. 16, exhibits minimal
differences in accessibility probabilities between Region1
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Fig. 12. Position estimation results using different SLAM methods in Test1. (a) LO as the front-end input. (b) ZUPT as the front-end input. (c) OZUPT as
the front-end input.

Fig. 13. Position estimation results using different SLAM methods in Test2. (a) LO as the front-end input. (b) ZUPT as the front-end input. (c) OZUPT as
the front-end input, with comparisons, including ORB-SLAM3 and Fast-LIO.

Fig. 14. Partial grid maps estimated by the OZUPT-OGI method in Test1.

and Region2, mitigating the likelihood of erroneous loop
closures.

The CDFs of positioning errors for different SLAM
methods in two tests are shown in Figs. 17 and 18, respec-
tively, with the corresponding error statistics summarized in
Table III. Compared to other OGI- and EOGI-based vari-
ants, our proposed OZUPT-EOGI method achieves superior
performance. In Test1, OZUPT-EOGI achieves an RMSE of
1.97 m, significantly lower than ZUPT-OGI at 9.29 m, ZUPT-
EOGI at 3.09 m, and OZUPT-OGI at 5.59 m. In Test2, which
involves more complex and challenging terrain, OZUPT-EOGI
remains robust with an RMSE of 1.76 m, outperforming

(a) (b)

(c) (d)

Fig. 15. Process of the wrong loop closure of particle using the OZUPT-OGI
method in Test1 due to imbalance of accessibility probability.

ZUPT-OGI at 5.67 m, ZUPT-EOGI at 2.65 m, and OZUPT-
OGI at 3.50 m. These results demonstrate that our method
outperforms across different testing scenarios.

In addition to the inertial SLAM baselines, Test2 includes
benchmark comparisons with two representative multisen-
sor SLAM systems: ORB-SLAM3 and Fast-LIO. Among
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Fig. 16. Partial grid map estimated by OZUPT-EOGI method in Test1.

TABLE III
POSITIONING ERRORS OF DIFFERENT SLAM METHODS

Fig. 17. CDF of positioning errors with different SLAM methods in Test1.

all evaluated methods, Fast-LIO achieves the best overall
performance, with an RMSE of 1.05 m, and also outperforms
other methods in terms of maximum error and CEP75.
However, Fast-LIO depends on both IMU and LiDAR inputs,
which significantly increases system cost. In contrast, the
proposed OZUPT-EOGI method, relying solely on an IMU,
achieves a competitive RMSE of 1.76 m. Notably, it also
outperforms ORB-SLAM3, which yields an RMSE of 2.93 m.
The reduced accuracy of ORB-SLAM3 could be attributed

Fig. 18. CDF of positioning errors with different SLAM methods in Test2.

to dynamic environments and image jitter caused by legged
robot motion. These results underscore the robustness and
efficiency of our method, highlighting its potential as a cost-
effective alternative to more complex multisensor SLAM
systems.

To further analyze drift accumulation, we introduce the
cumulative drift (cDrift) metric to quantify how positioning
errors accumulate over distance. Conceptually equivalent to
the cumulative absolute trajectory error (c-ATE) used in [52],
the cDrift is computed by summing instantaneous positioning
errors at 1-s intervals and normalizing them with respect to the
travelled distance. This approach accounts for differences in
output frequency across methods and provides a fair evaluation
of drift accumulation.

For clarity, LO-OGI and LO-EOGI are excluded due to
their comparatively poor performance, and the results of the
two tests are shown in Figs. 19 and 20, respectively. In
Test1, where only inertial methods are evaluated, the proposed
OZUPT-EOGI method achieves the best performance, exhibit-
ing the lowest cDrift among all compared methods. In Test2,
FAST-LIO exhibits the lowest cDrift, primarily due to the
inherent advantages of LiDAR in providing accurate and dense
geometric information. Meanwhile, ORB-SLAM3 exhibits a
certain degree of drift growth. Notably, our proposed OZUPT-
EOGI method relies solely on a single IMU and is inherently
unaffected by environmental features. It ranks second overall,
outperforming other inertial SLAM methods and showing
strong potential for reliable localization.

To evaluate the computational efficiency and resource
demands of the proposed method, we compared the average
runtime and memory usage of four SLAM systems in Test2:
1) FAST-LIO; 2) ORB-SLAM3; 3) OGI-SLAM; and 4) EOGI-
SLAM. The results are summarized in Table IV. All methods
were tested under the same hardware configuration: Intel Core
i5-10400F CPU with 16 GB of RAM. The sensor data rates
differ across methods: ORB-SLAM3 uses a camera operating
at 30 Hz, FAST-LIO processes LiDAR scans at 10 Hz, and
both OGI-SLAM and EOGI-SLAM use IMU data sampled
at 100 Hz. Therefore, we define the average runtime in this
article as the time required to process one second of input
data, expressed in milliseconds per second (ms/s), and use it
as a unified metric for computational complexity.
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Fig. 19. cDrift with different SLAM methods in Test1.

Fig. 20. cDrift with different SLAM methods in Test2.

TABLE IV
COMPARISON OF RUNTIME EFFICIENCY AND MEMORY USAGE

As observed in the results, although EOGI-SLAM intro-
duces additional processing compared to the baseline
OGI-SLAM due to the overhead of map updating, its aver-
age runtime increases by only 14.1%, rising from 82.6 to
96.7 ms/s. In contrast, it achieves a substantial improvement
in positioning accuracy, with the RMSE reduced from 3.50 to
1.76 m, representing a 49.7% improvement. Compared with
FAST-LIO and ORB-SLAM3, EOGI-SLAM demonstrates sig-
nificantly lower runtime and memory usage, mainly due to
the reduced computational burden of processing only IMU
data rather than large-scale LiDAR or visual inputs. These
results indicate that the proposed method maintains competi-
tive performance and offers a more efficient and lightweight
alternative, making it well-suited for deployment on resource-
constrained platforms. Furthermore, based on the observed
runtime of 96.7 ms/s, the EOGI-SLAM method can comfort-
ably support real-time execution at the IMU sampling rate
of 100 Hz and exhibits sufficient computational headroom to
operate at even higher input rates if necessary.

Fig. 21. RMSE and average runtime of OZUPT-OGI and OZUPT-EOGI
methods under varying parameters in Test2. For instance, “OGI-0.5 m”
represents the OZUPT-OGI method with a grid length of 0.5 m.

To comprehensively evaluate the performance of the
proposed EOGI-SLAM system under different parameter
configurations, the RMSE and average runtime of OZUPT-
OGI and OZUPT-EOGI across varying particle numbers and
grid resolutions are compared. The corresponding results are
presented in Fig. 21. As the number of particles increases
and the grid size decreases, the average runtime tends to
increase due to higher computational demands, while the
improvement in localization accuracy becomes less significant.
These observations indicate that further increasing the particle
count or refining the grid resolution yields limited gains
in accuracy and leads to inefficient use of computational
resources. Selecting a suitable configuration, such as the
default experimental setting used in this article with 2000
particles and a 1-m grid, achieves a balanced tradeoff between
computational cost and localization performance. Furthermore,
the algorithm parameters can be flexibly adjusted based on the
performance constraints and resource availability of different
platforms, allowing the system to be effectively deployed
across a wide range of hardware environments.

V. DISCUSSION

A. Potential Bottlenecks

Although the proposed method improves position estimation
for legged robots, certain limitations remain. A key limitation
lies in the complete reliance on a single IMU for localization,
inertial odometry inherently suffers from cumulative errors
caused by sensor noise and bias in the absence of absolute
reference observations. The drift in our system is primarily
due to the accumulation of IMU bias and sensor noise.

Moreover, several motion-related factors can further com-
promise localization performance. During the stance phase,
small vibrations in the legs may cause the IMU to deviate
from the ideal zero-velocity assumption, introducing minor but
persistent velocity estimation errors. Moreover, foot slippage
can hinder the accurate detection of stance phases and OZPs,
leading to the absence of effective velocity correction and
further contributing to drift. These issues tend to introduce
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noticeable uncertainty, especially in terrains densely covered
with loose gravel or characterized by extremely smooth sur-
faces.

Another important bottleneck stems from algorithmic
parameters, specifically the number of particles and the grid
resolution. Increasing the number of particles can enhance the
robustness and granularity of the posterior pose distribution,
potentially improving localization accuracy. Similarly, a finer
grid resolution yields more detailed maps and more precise
likelihood evaluations. However, both adjustments signifi-
cantly increase computational cost and memory consumption.
However, there is often a bottleneck in the increase in accu-
racy, while the running time continues to increase. Inefficient
parameter selection may result in unnecessary resource con-
sumption without corresponding performance benefits. This
challenge is especially critical for deployment on platforms
with limited computational resources.

B. Trade-Offs With Multisensor SLAM

Multisensor SLAM approaches, such as ORB-SLAM3 and
FAST-LIO, combine IMU measurements with visual or geo-
metric information to effectively constrain drift and improve
localization accuracy. These methods benefit from exterocep-
tive sensing, which facilitates global consistency and high
precision. However, they often rely on high-quality sensor data
and demand precise calibration and substantial computational
resources. Such requirements can pose challenges for robotic
platforms with limited power, payload, or sensing capabilities.

In contrast, the proposed EOGI-SLAM system operates
solely with a single IMU, without reliance on external envi-
ronmental perception. This IMU-only configuration offers
several key advantages, including reduced system complexity,
lower hardware cost, and reliable operation in featureless
environments, such as low-light conditions and geometrically
sparse scenes. Despite these benefits, the IMU-only design also
has inherent limitations, the system becomes more susceptible
to drift over long trajectories.

In summary, the choice between IMU-only and multisensor
SLAM systems represents a tradeoff between system simplic-
ity and long-term localization accuracy. EOGI-SLAM offers
a lightweight, computationally efficient, and cost-effective
alternative, particularly well-suited for environments where
visual or LiDAR data are unreliable or unavailable. For long-
range missions or structurally rich environments, multisensor
SLAM methods may still provide superior global performance.

C. Future Work

Future work will focus on improving the system’s robust-
ness and long-term accuracy by integrating additional sensors,
such as vision, LiDAR, or UWB. Although the current system
operates in an IMU-only configuration, it is inherently modular
in design. The algorithm decouples IMU integration, zero-
velocity detection, and pose optimization, and is capable of
outputting both raw integrated motion estimates and optimized
poses. This modular structure provides a natural interface for
incorporating additional exteroceptive sensors, such as vision,
LiDAR, or UWB.

Another promising direction is the extension of EOGI-
SLAM to multirobot collaborative scenarios. By sharing
occupancy grid maps or local pose estimates, a swarm of
lightweight agents, such as IoT devices could perform dis-
tributed SLAM in a scalable and communication-efficient
manner. In addition, future experiments will explore more
diverse and challenging environments, including uneven ter-
rains, such as gravel paths and outdoor slopes, to further
evaluate the system’s adaptability to real-world deployment
conditions. We recognize the importance of assessing robust-
ness in multifloor indoor environments. To this end, future
work will focus on enhancing the control framework of the
legged robot for safe operation on stairs and inclined sur-
faces, and on integrating more precise ground-truth acquisition
systems to enable reliable evaluation in RTK-degraded indoor
settings.

Finally, considering the resource constraints typical of low-
power embedded systems, future work will also explore
strategies for improving computational and energy efficiency.
For instance, adaptive resampling or dynamic adjustment of
particle counts can help reduce computational load while
maintaining localization accuracy. These strategies aim to
improve the practicality of EOGI-SLAM in large-scale, long-
duration, and energy-constrained robotic applications.

VI. CONCLUSION

This article introduces an inertial odometry and EOGI-
SLAM for legged robots. The inertial odometry involves
recognizing each OZP within the stance phase using IMU
signals, and the OZUPT is performed at OZP in the ESKF
framework to correct odometry drift. The proposed inertial
odometry is straightforward to implement, operating as a
complete and independent state estimator without relying on the
kinematic modeling of the robot. Additionally, the EOGI-SLAM
system is introduced, and the motion vector-driven map update
is proposed to address map discretization and accessibility
probability imbalances, thereby reducing the likelihood of
incorrect particle updates. The system is comprehensively
validated on the Unitree B1 robot, experimental results
demonstrate that the proposed odometry and EOGI-SLAM
system significantly improve position estimation accuracy.
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