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Abstract. In the context of autonomous vehicles, localization is complicated to achieve
the real-time Simultaneous Localization and Mapping (SLAM). Originally, the SLAM
process updates a map of an unknown environment and keeps tracking its location
within that environment simultaneously by operating coordinate frames convention of
map, odom and base_link frames. The conventional SLAM systems suffer the
accumulation of errors over a time, it leads significant inaccuracies. Hence, this work
purposed to improve the SLAM abilities of a one-tenth scale (FITENTII) autonomous
racing car and developed the method using the data fusion between the Inertial
Measurement Unit (IMU), and the teleoperation information of the vehicle from the
VESC Motor and Servo Controller which provided information to the base_link for
better localization to enhance the SLAM accuracy. To combine data fusion, this work
utilized an extended Kalman filter (EKF). The Kalman filter algorithm is a kind of
model that is widely used in state of estimation problems where noise and uncertainties
occur. The EKF 1s used for the non-linearities in the dynamic system and measurement
models. Thereby, the SLAM performance improved mean absolute deviation 40 percent
compared with VESC as source of odometry. The basic findings prove that the
localization error decreases, and the precision of map construction mcreases.
Additionally, the robust navigation system is also enhanced.

Keywords: Simultaneous Localization and Mapping SLAM, Localization, Data
fusion, FITENTH, Extended Kalman Filter EKF

1. Introduction
Simultaneous Localization and Mapping (SLAMY) is a critical technology in robotics and autonomous
systems, enabling a robot to build a map of an unknown environment while simultaneously tracking its
own location. SLAM's effectiveness relies heavily on the accuracy of the odometry data, which provides
estimates of the robot's motion based on sensor inputs such as controller.

However, odometry data is not without its challenges. Odometry errors accumulate over time,
leading to drift and inaccuracies in the robot’s estimated trajectory [1,2]. This drift results in a growing
discrepancy between the robot's estimated position and its actual location, which can significantly
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degrade the quality of the SLAM solution. Moreover, odometry data can be noisy, particularly in
dynamic or unstructured environments. This noise impacts the accuracy of the SLAM system, making
it difficult for the robot to maintain a reliable and consistent map of its surroundings [3].

IMU data provides information on orientation, acceleration, and angular velocity, while odometry
offers position estimates. Combining these sources improves the overall aceuracy of the state estimation
by integrating complementary data and EKF helps in reducing drift by continually updating the state
estimate with measurements from both odometry and IMU, leading to more accurate trajectory
estimation over time.

Our research focuses on implementing this data fusion strategy on the Fltenth platform, seeking to
achieve more accurate and reliable SLAM performance. By combining odometry with IMU data and
refining the Kalman filter approach, we aim to overcome the limitations of traditional odometry and
enhance the overall effectiveness of the SLAM system.

2. FITENTH
This system has been developed on FITENTI autonomous. The FITENTII features standardized
equipment and is specifically designed for competitions involving autonomous vehicles systems, The
lists of the relevant hardware and software equipment for FITENTH are shown in Table 1.

Table 1. List of relevant hardware and

software equipment.

Equipment Module
IMU Internal VESC 6MkV
LIDAR Hokuyo UST-10LX

Computing module  NVIDIA Jetson NX
Motor Controller  VESC 6MkV
08 ROS2 Foxy {under Ubuntu Linux 20.04)

2.1, VESC 6MEV

The VESC 6Mkv is an advanced electronic speed controller that interfaces with various sensor types, It
provides critical data for navigation and control systems through its integration with sensors.
Specifically, it outputs information via the */odom’ topic, to compute the vehicle’s position and
orientation. The integration process involves position update compute the change in position *(4Ax, Ay)’
using velocity v and onentation & as in Eq. (1), (2).

Ax = v - cos(@) - At (1)
Ay = v-sin(@) - At 2)

Update the vehicle’s orientation based on the angular velocity from Eq. (3) and the mew
POSITION Xy ey Vrew 15 computed by adding the changs in position to the previous position x4, ¥aa
as Eq. (4), (5).

Opew = Ogrg + w - At (3)
Xnew = Xold + Ax (4}
Ynew = Yota T 4¥ (5)

The node publishes the computed odometry information as a nav_msgs/Odometry message on the
/odom topic this massage includes geometry_msg/Pose message containing the position (X, y. z) and
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orientation. The linear and angular velocities of the vehicle, published as a geometry msgs/Twist
message.

Additionally, it interfaces with the */sensors/imu’ topic, supplying data from the Inertial Measurement
Unit (IMU). The /vesc_driver node processes raw IMU data from the VESC by applying filtering
techmques to reduce nose and 1solating the actual hnear acceleration from the total acceleration. The
result 1s a detailed representation of the vehicle’s dynamics, which is published on the /sensors/imu
topic, allowing other components in the ROS system to use this information for tasks like localization,
navigation, and conirol.

2.2, LiDAR
The Hokuyo UST-10LX is a compact and lightweight 2D LiDAR sensor used in FITENTH for crucial
role in SLAM by providing range measurements of the envirenment and to localize the robot.

2.3. ROS

The whole application is targeted at Robot Operating System (ROS), which operates on F1/10. The
individual processes used in the system are represented as ROS nodes which communicate with each
other via publishing and subscribing various data messages in so called topics [4]. ROS2 Foxy under
Ubuntu Linux 20.04 have been used as operating system.

3. Coordinate frames convention

The Transformation Tree view frames result depicting the transformation tree illustrates the hierarchical
relationship between different coordinate frames in the system. The map frame represents the global
reference frame in which the robot's position is defined over time. ‘odom” frame tracks the robot’s
maovement based on the commands received from the remote control, using teleop data to update the
robot’s position relative to its starting point [5]. The base_link frame corresponds to the robot's body or
chassis, serving as the origin for all the sensors attached to the robot [6]. Lastly, the scan frame is
associated with the LiDAR, providing distance measurements relative to the base link. This
transformation chain allows for accurate localization by transforming sensor data from the scan frame
to the global map frame through the intermediate odom and base link frames, ensuring that all sensor
data is consistent and aligned within a unified coordinate system.

view frames Hesult

Rescorded at time: 1722850433, 8443804

Broadcaster: delaall_authority
verage rate: 79.914
Buffer length: 5.181
fost recent transform; 1 50433 810765
Oldest bransform: 1722850428 630167

<
Broadcaster: default_authority
Averaga 00000

Buffer length: 0.0
Most recent transform: 0.0
Oldest Eransform: 0.0

O
Figure 1. Transformation Tree
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According to Figure 1. Map to Odometry (map -> odom): Establishes where the robot is on the global
map based on odometry data. This transformation accounts for drift and errors in odometry over time.
Odometry to Base Link (odom -> base link): Describes the robot's position and orientation in its local
frame relative to its origin. This transformation updates with every movement of the robot based on
odometry. Base Link to Laser (base_link -> laser): Maps the laser scanner’s measurements into the
robot’s local frame. This is crucial for interpreting the laser data relative to the robot’s position and
orientation.

Pman(t) = Tod'om—-nmu(t) " Thase—adom (t) " Tiaser—base * Plaser (6)

The mathematical transformations between the frames as in Eq. (6) has involved a series of matrix
multiplications that account for the robot’s movement and sensor placement. These transformations
allow SLAM algorithms to localize the robot in global map.

4. Simultaneous Localisation and Mapping SLAM

In this paper employed the SLAM capabilities provide by the slam_toolbox package, slam_toolbox is
open-source under an LGPLv2.1 at https://github.com/ SteveMacenski/slam_toolbox.git and 1s available
in every current ROS distribution. This software package provides an approach for muli-session
mapping and localization [7]. This paper operates on asynchronous mapping mode by transformation
between consecutive frames. If the robot's pose at time t is represented by T, om base(t) .the
transformation between the robot’s pose at time t — 1 and ¢ is Eq. (7).

Ti—1-¢ = Todom—sbase(t) " Togom—base(t — 1) N

Mathematics of Pose Graph Optimization in Eq. (8) a graph where cach node x; represent the robot’s
pose, and each edge e;; represent a relative transformation between two poses.

ming ¥ ; 11Ti; = T(xi, %11 (8)

Where T; ; i1s the observed transformation and T(xi,xj) is the estimated transformation based on the
poses x; and x;.

5. Extended Kalman Filter (EKF)
Provides EKF and Unscented Kalman Filter (UKF) implementations for sensor fusion in ROS. It's
commonly used for integrating odometry, IMU, and GPS data [8].

5.1, Srate Space Represeniation

In this application, the robot’s sate vector X, typically includes its position, velocity, and orientation at
time step k. The state-space model can be defined as in Eq. (9). Where: X, is represented the state vector
at time k, f( ) is the nonlinear state transition function, uy_4 represents control inputs, and W, _ is the
process noise, assumed to be Gaussian with covariance Q),_..

Kie = g t—y ) + Wiy 9
The measurement model 1s represented as Eq. (10) where: Z, 1s the measurement vector at time k,
k() is the nonlinear measurement function, and W,_, is the measurement noise, assumed to be Gaussian
with covariance Ry,.
Zi = h(Xy-1) + Vi (10)
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5.2. Fusion of Odometry and IMU Data

For robot localization, data from both the odometry “/odom™ and the IMU “/sensors/imu” are fused.
The odometry provides velocity and position information, while the IMU contributes angular velocity
and acceleration data, which are critical for determining orientation and handling dynamic movements.

6. Integration with SLAM
This study aims to enhance the SLAM localization utilizing a data fusion approach with an EKF

algorithm.

tvesc_driver_node Imensoreimu I— fmkf_filter_node )—-| Imdametry/iltered

rvo_positian
rrenr 12 o D__I oo Istatic_hasalink_to_lasar
feesc_to_odom_node
elaim_toslbax

Figure 2. overall system rqt_graph

6.1. SLAM Execution and Evaluation:

Following Figure 2. After obtaining the filtered odometry data from the EKF, eventually integrate this
data into the SLAM algorithm. The EKF outputs a refined odometry estimate, which combines the
odometry data with suffers from the drift occurring error accumulate overtime. On the other hand, IMU
offers measurements of linear acceleration and angular velocity, providing a real-time assessment of the
vehicle’s orientation and motion. IMU can detect rotational changes (such as heading drift) that
odometry might miss or misinterpret. In enhanced process the IMU helps correct the cumulative error
in the odometry data by providing an independent reference for rotational movements and accelerations.

7. Result and discussion

odom V5 fedometry/filterad

=0T —iodom ==fodometry/filtered
Figure 3. The figure compares the paths obtained from two data sources from /odometry/filtered
and /odom topic with GT (Ground Truth)
fodometry/filtered (Red Dashed Line) Figure 3. follows the GT path closely, with some small
deviations, especially in the curved sections. The mean absolute deviation from GT for
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fodometry/filtered is 0.14 meters, with a maximum deviation of .58 meters. This relatively low error
suggests that /odometry/filtered is a reasonably accurate method for tracking the GT path.

/odom (Black Line), on the other hand, shows substantial deviations from the GT path. In particular,
it consistently deviates above GT along the y-axis and diverges further as it progresses, reaching
deviations of more than 3 meters in the curved section. The mean absolute deviation for /odom is 3.07
meters, with a maximum deviation of 6.75 meters, indicating a significant discrepancy from the GT
path.

According to Figure 4. EKF_slam (Red Dashed Line) closely follows the GT path across the entire
route, maintaining small deviations. The calculated mean absolute deviation from GT for EKF _slam is
0.06 meters, with a maximum deviation of 0.38 meters. This low error suggests that EKF_slam provides
a high-fidelity approximation of the true path.

odom slam (Black Line), however, exhibits a significant deviation from GT, especially in the
straight segments. It deviates upward by approximately 1 to 1.5 meters in the middle section, indicating
a consistent offset from GT. The mean absolute deviation for odom slam is 0.10 meters, with a
maximum deviation of 0.50 meters, showing less accuracy compared to EKF slam but still relatively
close on average.

odom_slam V5 EKF slam

Hym

—GT =—EKF_slam  =—nd

Figure 4. The figure compares the paths obtained from two methods EKF_slam, and odom_slam.
with GT(Ground Truth)

7.1. Performance Comparison of SLAM system with Different Odometry Sources

This study evaluated the performance of two odometry data source the results highlighted distinct
differences in performance between the two systems. When SLAM was used with the “/odom” frame,
with a mean absolute deviation for odom_slam is 0.10. In comparison, the SLAM system using the
*/odometry/filtered’ frame have mean absolute deviation from GT for EKF_slam is 0.06 meters, with a
maximum deviation of 0.38 meters.

It is important to note that the comparison was made based on tests conducted on different paths.
While these differences path inherently introduce variations in environmental conditions, the results still
strongly suggest that the ‘/odometry/filtered’ system offers a clear advantage in reducing positional
error, this finding is significant as it highlights the robustness of the */odometry/filtered” approach, even
when subjected to varied conditions.

The observed differences in performance have practical implications for SLAM applications in
environments where precise navigation is critical. The reduced error rate associated with the
*/odometry/filtered’ frame demonstrates its potential to enhance SLAM performance, particularly in
more challenging environments where raw odometry data might lead to significant drift.
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This study’s results also suggest that. For future SLAM implementations, incorporation sensor fusion
techniques, such as those used in ‘/odometry/filtered’, could provide more reliable navigations. This
could be especially valuable in scenarios where revisiting locations or retracing paths in common, and
where cumulative errors could otherwise degrade the overall system performance.

8. Conclusion

Despite the tests being conducted on different paths, which introduced environmental variations, the
superior performance of the ‘/odometry/filtered” system is evident. This suggests that the sensor fusion
techniques employed in the ‘/odometry/filtered’ frame offer a robust solution for minimizing positional
errors in SLAM applications. The reduced error rate underscores the effectiveness of integrating filtered
odometry data to enhance SLAM performance.

The practical implications of these findings are considerable. For SLAM implementations where
precise navigation is crucial, incorporating advanced sensor fusion techniques, like those used in the
*/odometry/filtered’ frame, could significantly improve system reliability. This approach is especially
beneficial in scenarios involving repeated visits to locations or path retracing, where cumulative errors
could otherwise compromise overall system accuracy. Future SLAM systems should therefore consider
the integration of sensor fusion methods to achieve more accurate and reliable navigation, enhancing
performance in challenging conditions.
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