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Synchronous Localization and Mapping of Mobile Robots Based on Pose Graph
Optimization Algorithm

Xuan Rong ZHAO

Abstract: This study proposes an enhanced Simultaneous Localization and Mapping (SLAM) technique for mobile robots, integrating Inertial Measurement Unit (IMU)
pre-integration theory with a Cardinality Balanced Multi-target Multi-Bernoulli (CBMeMBer) filter for pose graph optimization. The method aims to improve the accuracy of
laser point cloud pose estimation and enhance posegraph optimization. Experimental results on public datasets demonstrate the model's superior performance, achieving
97% processing accuracy with a minimum of 180 iterations. Compared to existing advanced models, the proposed approach shows improved trajectory prediction and error
control, with the lowest root mean square error of 1.86 m in positioning distance. This research contributes to advancing SLAM technology for more accurate and efficient

robot navigation in complex environments.
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1 INTRODUCTION

Simultaneous Localization and Mapping (SLAM)
technology plays a crucial role in autonomous robot
navigation and environment sensing, which is widely used
in autonomous driving, unmanned aerial vehicles, service
robots, and other fields. However, SLAM systems are often
interfered by sensor noise, unstable conditions, and
dynamic objects when facing complex and dynamic
environments, resulting in decreased localization accuracy
and unsatisfactory map building [1]. Pose Graph
Optimization (PGO) is a key technique in SLAM back-end
optimization, which is used to accurately estimate the
position and pose of a robot or sensor in the environment.
PGO is used to construct a pose graph by representing the
different poses of the robot as nodes in the graph and using
motion constraints between nodes [2, 3]. By minimizing the
error between nodes, PGO can effectively correct the noise
and drift in sensor data, and improve the positioning
accuracy and graph construction quality. However, the
traditional PGO method still suffers from error
accumulation and poor global optimization when dealing
with multi-sensor fusion and highly dynamic scenes [4].
Therefore, improving PGO techniques to make them more
adaptable and stable in complex environments has become
the current research focus in SLAM. In order to solve these
problems, the research proposes a new SLAM model based
on improved PGO. First, the Inertial Measurement Unit-Pre
Integration (IMU-PI) theory is used in the front-end to
optimize the position estimation of the LiDAR point cloud,
which improves the accuracy of the sensor data and solves
data aberration triggered by time difference. Second, the
back-end incorporates the Cardinality Balanced
Multi-target Multi-Bernoulli (CBMeMBer) filter to further
optimize bitmap errors and reduce error accumulation in
dynamic environments. The contribution of the study is to
optimize the front-end processing of the LiDAR point
cloud to enhance the positioning accuracy in dynamic
environments  through IMU-PI.  Combined with
CBMeMBer, the PGO back-end is optimized to effectively
reduce error accumulation and enhance system robustness.
Based on this new SLAM model, this study aims to address

the limitations of traditional SLAM methods in complex
dynamic environments, and further apply and develop this
technology in autonomous robot navigation. This research
is divided into four parts. The first part reviews existing
research. The second part describes how the new SLAM
model is constructed. The third part tests the performance
of this new model. The last part summarizes the article. The
technical line diagram is shown in Fig. 1.
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Figure 1 System architecture diagram of laser SLAM

2 LITERATURE REVIEW

In recent years, SLAM technology has been widely
explored and applied in the fields of robot navigation and
environment sensing. However, existing methods still face
sensor noise, dynamic object interference, and error
accumulation in dealing with complex environments. The
study aims to provide a basis for the proposed method by
critically analyzing the existing literature, identifying its
strengths and weaknesses and proposing directions for
improvement. The following section organizes the existing
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literature by topics, focuses on the research progress in
multi-sensor fusion, bitmap optimization, and dynamic
object processing, and points out how this literature
provides theoretical support for this research. Zhou H. et al.
[5] proposed a SLAM model combining LiDAR and UWB
sensors, which effectively accomplished accurate
environment mapping under multi-robot collaboration.
However, the method relied heavily on LiDAR data and
was susceptible to sensor noise in highly dynamic
environments, leading to accuracy degradation. Chen Y. et
al. [6] optimized the bit position estimation in multi-robot
SLAM by introducing a down-weighted Laplace matrix,
which is a more limited method for handling dynamic
objects in complex scenes, showing good performance on
simulated and real datasets. Most existing multi-sensor
fusion methods focus on static or semi-static environments
and perform poorly when dealing with dynamic scenes.
Therefore, this method optimizes LiDAR data by
combining IMU pre-integration theory, which can better
cope with sensor noise in dynamic environments, thereby
improving the accuracy and robustness of data processing.
Tsintotas K. A. et al. found that although there were
accurate estimates of robot poses, there were still some
issues with SLAM performance. To further leverage the
advantages of SLAM technology, a low-complexity
closed-loop inspection technique that combined visual
perception with database accuracy optimization was
proposed. Compared with traditional methods, this
approach greatly improved computational efficiency and
overall performance [7]. Zou Q. et al. observed that existing
SLAM systems often exhibited fragile performance in
tracking feature points, making reliable localization
difficult. Therefore, a new 3D SLAM model that integrated
Lidar point cloud technology with data mining was
proposed. Experimental results indicated that this model
provided more robust positioning in indoor environments
and demonstrated superior compositional efficiency [8].

PGO, as an important tool for back-end optimization,
has been widely used in recent years. Tian Y. et al. [9]
proposed a sparse semi-definite relaxation method to
improve the accuracy and speed of distributed PGO
algorithms. However, the computational complexity of this
method was high, which made it difficult to be applied to
real-time scenarios. Bai F. et al. [10] solved the parameter
optimization problem in sparse graphs by optimizing the
cyclic space of PGO, but the convergence of this method in
large-scale datasets was still limited. Most current methods
were unable to effectively handle noise and dynamic object
interference in complex environments. Therefore, this
paper utilizes IMU pre-integration technology for motion
distortion correction.

This technology is combined with the CBMeMBer
filter to better handle uncertainty and multi-target tracking
problems, in order to improve system robustness. In
addition, in complex dynamic environments, sensor noise
and dynamic objects have a great impact on SLAM
performance. Yi X. et al. [11] investigated a SLAM system
for fusing LiDAR and visual features.

A novel back-end optimization system that combined
visual features with LiDAR point clouds was proposed for
closed-loop detection and graph optimization. However,
the method relied on a single wavelength LIDAR, which
limited its performance in low-texture scenarios. Lin J. et

al. [12] proposed a factor graph-based SLAM sensor
framework that combined a Kalman filter and attitude map
optimization to significantly improve the accuracy of both
LIDAR and visual inertial odometry. However, the method
still suffered from shortcomings in dealing with highly
dynamic environments and complex noise, especially when
dealing with multi-sensor data synchronization and
dynamic objects.

In summary, although existing SLAM methods show
good performance in static environments, they are not
robust enough in dynamic environments and high-noise
conditions, and most of them have too high computational
complexity when facing complex sensor fusion problems.
The method proposed in this study combines the
advantages of these existing technologies, utilizing IMU
pre-integration technology to optimize the position and
pose of LIDAR point clouds, and using CBMeMBger filters
to improve the accuracy and robustness of back-end PGO,
thus overcoming the limitations of the existing methods in
highly dynamic environments.

3 RESEARCH METHODOLOGY

In order to improve the efficiency and accuracy of
robot localization and mapping, the study first optimizes
the SLAM front-end mileage calculation. Based on the
current popular laser SLAM, IMU-PI theory is introduced
to improve the robot's state transitions to obtain more
accurate preprocessed data. In addition, within the PGO
framework, CBMeMBer is incorporated into the error
calculation optimization. CBMeMBer combined with IMU
further improves the robustness and accuracy of
multi-sensor data, especially in multi-target tracking and
complex environments. The combination of the two not
only improves the accuracy of the front-end data, but also
significantly improves the accuracy of global pose
optimization at the back-end. Ultimately, this will develop
a new and optimized robot SLAM model. The explanation
of the key formula notation is shown in Tab. 1. In addition,
a list of acronyms is shown in Tab. 2.

3.1 SLAM Front-end Laser Point Cloud Pose Optimization

SLAM was first introduced by Smith R. and Self M. et
al. at the IEEE Robotics and Automation Conference in
1986, primarily to address the challenges of robot
movement positioning and map construction [13, 14]. Over
the years, SLAM has diversified into various categories,
including visual SLAM, RGB-D SLAM, etc. Among them,
laser SLAM stands out for its high accuracy and strong
stability, enabling precise positioning and map construction
even in complex environments. As a result, this research
primarily focuses on laser SLAM. Furthermore, the typical
robot software system is composed of an upper computer
and a lower computer, each responsible for different
aspects of task control and execution. The upper computer
processes Lidar data in real-time, integrating it with
existing map information to guide the robot in accurate
positioning and mapping within unknown environments.
The structural diagram of laser SLAM is illustrated in Fig.
2 [15, 16].
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Table 1 Symbol interpretation table

Notation |Sense Notation Sense
X; Current robot status X; Aberration-corrected robot positional locus
Di Robot coordinate system position Z; Observed value
v; Robot movement speed h(x;) Real value
q Robot position status e Inaccuracies
baT Acceleration of robots X Postural state at time ¢—1
bg Angular velocity displacement of the robot X; Postural state at time ¢
pj Robot coordinate position in frame | 7,0 4(X) Eredlc;lve probability distribution of the locus X at
ime
v Robot speed at frame p State transfer probability
q Robot position in frame 7(X) Thg ‘postenor probability distribution of the robot's
position X
Alij Length of time from frame i to frame Zp Local observations
Apij Coordinate position of the transformed robot f Jj Map features
Avl-j Converted robot speed @ Matching likelihood function
Ag Transformed robot position n Normalizing factor
t Moment of point i in the laser point cloud X t* Most likely robot position
T; The result of the positional transformation of the i th laser point | 7(X) P)r(obablhty of the presence of a target at robot position
Table 2 List of abbreviations for nouns
Abbreviations  |Full name Abbreviations  |Full name
SLAM Simultaneous Localization and Mapping CARMEN Cambridge University Robot Department Dataset
PGO Pose Graph Optimization VPD Victoria Park Dataset
IMU-PI Inertial Measurement Unit-Pre Integration VIO-PGO Visual-Inertial Odometry-Pose Graph Optimization
CBMeMBer Cardinality Balanced Multi-target Multi-Bernoulli |LVI-SLAM Laser-Vision-Inertial Simultaneous Localization and Mapping
LLOA Lasers Lidar Odometry Algorithm MSF-PGO Multi-Sensor Fusion-Pose Graph Optimizatio
MU Inertial Measurement Unit GBS Graph-Based SLAM
FGS Factor Graph SLAM LOAM Lidar Odometry and Multi-Sensor Fusion SLAM
RMSE Root Mean Squared Error SSE Sum of Squared Errors
SD Standard Deviation / /
S . tch Posture Subtitle Closed-loop
@ canning :ig C inspection H
Sensor data Subgraph + @ + ‘
collection construction PGO

x x x New posture New subtitle

Figure 2 System architecture diagram of laser SLAM

In Fig. 2, the entire system is primarily divided into two commonly utilizes the Laser Lidar Odometry Algorithm
components: front-end laser odometry and back-end (LLOA). This algorithm uses Lidar to scan the environment,
optimization. The front-end takes the sensor data of the capturing three-dimensional point cloud data, which are
robot as input and outputs the robot's pose and sub-graphs. then processed and analyzed to deduce the robot's position
These are then fed into the back-end for optimization. After and orientation [17, 18]. The structure of LLOA is depicted
closed-loop inspection and PGO, the final robot pose and in Fig. 3.

graph are produced. The existing front-end laser odometry
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Figure 3 LLOA structure diagram
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In Fig. 3, the LLOA is divided into three main stages:
input, laser point cloud processing, scan matching and map
construction, and output. First, laser point cloud data,
Inertial Measurement Unit (IMU) data, and odometer data
are input through sensors and processed using the LLOA.
After processing, the data are scanned and matched with the
database, and key-frames are generated through joint pose
estimation. These key-frames are then used to construct a
raster electronic map by extracting key-frame features,
ultimately outputting the optimal robot pose and sub-graph.
However, due to the time difference between the laser
acquisition of the first and second data points, there are
corresponding positional changes, leading to reduced
positioning accuracy and composition quality of the robot
[19, 20]. To address this issue, the study introduces
distortion correction and IMU Pre-Integration (IMU-PI)
theory for improvement. The initial robot state is defined in

Eq. (1).

T
Xi:(pi’vi’qwba’bg’bg) ©)

InEq. (1), X; represents the current state of the robot.
p denotes the position of the robot within its coordinate
system. v; indicates the speed of the robot. g; describes
the pose of the robot. The terms 5. and b, represent the

displacement caused by the acceleration and angular
velocity of the robot, respectively. p;, v;and ¢; are

shown in Eq. (2).

J 1 ., 1 A
pi=p; +Z[vat+Eg“At2 +5qk (ak—bajAtz}
k=i

J A
vl.:vj+gWAt2 +qu£ak—bujAt 2)
k=i

J A
q;, = quExp((a)k—bijt]

k=i

In Eq. (2), p;, v;,and g, represent the coordinate

position, velocity, and pose of the robot at frame ; ,

A A
respectively. Variables Vv, , ¢;, ax and wj represent

the velocity, pose, acceleration vector, and angular velocity

w

vector of the robot at frame k. g" represents the current

gravity vector, and A¢ denotes the time interval between
frames. Robot state transition with IMU-PI is a method to
correct the time difference between sensors by integrating
the acceleration and angular velocity data of IMU sensors,

DD%D '
- Uy - 5e

Design IMU and Data Solving pose
LiDAR data synchronization changes

which is especially suitable for motion aberration
correction in dynamic environments [21, 22]. The
advantage of IMU-PI is that it can efficiently and accurately
estimate the position of the robot without the need for
frequent state calculations. Moreover, it can reduce the time
difference caused by errors caused by inconsistent sensor
frequencies, thereby improving the positioning accuracy
and stability of the SLAM system. The IMU-PI performs
the robot state transition calculation, as shown in Eq. (3).

Low
Ap; =pj(p,- —pi Vil =28 Atz]

Avy =g, (v, —v —g"Aty ) 3)

A‘]gj =4;9,;

In Eq. (3), Aty represents the time length from frame

i to frame j. Ap;, Av;
transformed robot coordinate position, velocity, and pose,
respectively. Additionally, due to the different frequencies
of LiDAR and IMU, such as multiple IMU data points
appearing within a single LiDAR frame, there may be
differences between the k+1 laser point cloud and IMU
data input, resulting in decreased effectiveness of data
preprocessing. To address this, the study assumes that the
robot moves at a constant velocity within the & time
frame and applies linear interpolation to transform the pose
of the laser point relative to the previous point at any given
moment, as described in Eq. (4).

and Ag; represent the

t—t
]; — k+1 i Ttk+1 (4)
Lo =t *
+1 k

In Eq. (4), ¢, represents the time of the i th point in

the laser point cloud. 7; signifies the pose transformation

result of the i th laser point relative to the previous laser
point. Based on this transformation, the pose coordinates of
the next laser point are determined, as shown in Eq. (5).

X, =TX, (5)

In Eq. (5), X, represents the pose position after

distortion correction. Following this calculation method, all
laser point clouds are subjected to pose transformation, as
illustrated in Fig. 4.

G —mF

Unified laser point Output data

coordinates

All laser points
processed

Figure 4 Laser point cloud pose optimization process
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In Fig. 4, the process begins with the robot's sensors
scanning and collecting IMU and Lidar data. Once these
data are acquired, a linear interpolation method is applied
to modulate the frequencies of the two data types. Next, the
IMU-PI is used to preprocess and transform the robot's pose
information, ensuring that the coordinate system of the
laser points is unified. Following this method, all laser point
cloud data undergo transformation, ultimately outputting
the complete robot pose positioning result.

Roadmap

Bundle adjustment

3.2 Optimization of Back-end Pose Diagram

After completing the pose calculation of the front-end
laser point cloud data, the research shifts its focus to
optimizing the back-end graph. This stage primarily
enhances robot positioning and mapping by utilizing the
data and constraints provided by the front-end. The PGO
process is illustrated in Fig. 5 [23, 24].

Pose graph optimization

Figure 5 Schematic diagram of PGO model structure

In Fig. 5, PGO models the SLAM problem for robots
using node-edge pose graphs. This approach does not
account for the number or requirements of road signs along
the pipeline, focusing solely on meeting the pose
constraints. The method transforms the nonlinear
optimization of least squares into a PGO problem by
constructing a node-edge pose graph. In this model, each
node represents the robot's pose at a specific moment,
while the motion constraints between nodes describe their
relative translation and rotation. This effectively converts
the SLAM problem into a hyper-graph problem. At this
stage, there is typically a discrepancy between the observed
pose values at the robot's local points and the actual values,
as expressed in Eq. (6).

€= Z, —h(x,) (6)

In Eq. (6), Z, represents the observed value. h(x,)
represents the true value. ¢, . signifies the error. When

using a single PGO to estimate map features and pose, the
dynamic changes of the robot may lead to a decrease in
measurement accuracy. If the traditional least squares
method is used for this estimation, it often only finds local
optima and cannot reliably identify global optima. To
address this limitation, the study introduces the Cardinality
Balanced Multi-target Multi-Bernoulli (CBMeMBer) filter
for optimization. CBMeMBer is a multi-objective tracking
filter that operates within a Bayesian probability
framework, allowing it to better manage uncertainty in
estimation and the complexity of multi-objective
environments, thereby reducing errors. CBMeMBer is able
to effectively deal with target uncertainty in dynamic
environments by estimating the states of multiple targets.
Specifically, CBMeMBer uses Bernoulli's stochastic finite
set theory to represent and process the states of multiple
targets. It can estimate the number of targets at each
moment and correlate it with the observation data, thereby
reducing target recognition errors in position and attitude
estimation [25, 26]. The advantage of CBMeMBer filter is

that it can effectively handle complex multi-target
environments. Especially when the SLAM system faces
dynamic objects or environmental noise, it can optimize
the estimation of the relative position between the robot
and the environment through multi-objective probability
distribution. By constantly updating the state of each target,
CBMeMBer can improve the system's ability to recognize
different targets and reduce the impact of sensor noise and
environmental uncertainty on the accumulation of system
errors. The principle of CBMeMBer is illustrated in Fig. 6.

‘ Feature
‘é Potential energy function

Target value

State space

Measurement space

Figure 6 Schematic diagram of CBMeMBer principle

From Fig. 6, there are two sets of map spaces, each
with different potential energy distributions. Three targets
are identified in the real map and represented in the test
map space as potential energy functions. The goal is to
solve for the maximum potential energy function to
achieve target detection and localization.

The multi-Bernoulli probability distribution of map
features at time ¢ is shown in Eq. (7).

ﬂt\t—l(X) = Jp(Xt| X, Dm (X)X @)

InEq. (7), X,_; and X, denote the positional states
attime ¢—1 and ¢,respectively. 7,,_(X) signifies the
predicted probability distribution of the pose X at time
¢t given the previous time step. p(X,| X, ;) represents

the probability of state transition from the previous state

X,, to the current state X, . Ah(x,) represents the
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probability distribution of pose X at time #—1. The
map update is shown in Eq. (8).

p(Z) Xt)”t|t—1(Xt)
J.p(Zt‘ Xt)”t|t—1(Xt)Xt

7(X)= ®)

InEq. (8), 7,(X) represents the posterior probability

p(Z]X)
represents the likelihood function of the observed data Z,

distribution of the robot pose X at ¢ .

in the pose state X, . The data correlation likelihood
function is expressed in Eq. (9).

pZlIxp=11 X oG/ )

keZ; jeFeatures

In Eq. (9), z, represents the local observation value.
J; represents map features. ¢

likelihood function. Additionally, the robot pose
positioning optimized by the CBMeMBer algorithm is
represented in Eq. (10).

is the matching

Synchronized data

s Data preprocessin,
acquisition prep e

Updated positions and maps

—_—_ T

=l e =

CBMeMBer error optimization

7(X)=n-p(Z| Xt)jp(Xz|Xz—1)ﬂt-l (X DX, (10)
In Eq. (10), 7 represents the normalization factor.
The fusion of pose updates is described in Eq. (11).

£

X, =argmaxr,(X,) an
Xt

In Eq. (11), X, : represents the most likely robot pose,
which is determined by maximizing the posterior
probability distribution 7,(X,) . The multi-objective
estimation of the pose at this time is described in Eq. (12).

R(X) =1 HOX (12)

In Eq. (12), 7(X) represents the probability of the

robot having a target at pose X .

In summary, the study enhances the LLOA in laser
SLAM by incorporating IMU-PI. Additionally, it
combines the CBMeMBer filter with PGO to propose a
novel robot SLAM optimization model based on the
improved PGO. The structure of this model is illustrated in
Fig. 7.

IMU-PI transform Laser and IMU data fusion

Estimated positions and maps

Figure 7 Structure diagram of LLOA-IMU-PI-CBMer-PGO

In Fig. 7, this model completes robot position
estimation and environment mapping optimization through
seven main stages. First, the LiIDAR and IMU acquire data
synchronously to ensure the time alignment of the laser
point cloud data and the IMU data. At this stage, the IMU
pre-integration technique is introduced to correct the
motion aberration problem due to the inconsistency of the
sensor frequencies, which improves the accuracy of the
pose estimation. Next, the LIDAR and IMU data are
preprocessed, including operations such as denoising,
temperature compensation and bias calibration, to ensure
that the quality of the sensor data meets the expected
standards. Subsequently, after the initial LIDAR scanning
data processing, the system performs the initial correction
on the pose of the laser point cloud through IMU data and
outputs key-frames and the sub-graphs. The key-frames
ensure that the robot's motion state in known or unknown
environments is accurately estimated by comparing them
with the pre-collected data. In the back-end part, the
CBMeMBer filter is introduced into the bitmap
optimization process. Through multi-target tracking
technique and Bayesian estimation framework, the system

predicts and corrects the possible errors to reduce the
uncertainty problem in multi-sensor data fusion. Finally,
the CBMeMBer-optimized bitmap further reduces the error
through graph optimization to generate more accurate
bitmap estimation and environment map output.

4 RESULTS AND DISCUSSION

To validate its performance, a suitable experimental
environment is established and the necessary experimental
parameters are configured.

Then, the final model is validated through ablation
testing, with trajectory prediction analysis conducted
separately on pose estimation and localization at both the
front-end and back-end stages. A simulation environment
is also set up, and advanced algorithm models are
introduced for comparison to demonstrate the mapping
capability of the proposed model. Finally, localization
metrics are tested across different models to assess and
compare its performance.

Tehnicki viesnik 32, 5(2025), 1670-1681
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4.1 Performance Testing of the Novel SLAM

To verify the performance of the model, a suitable
experimental environment is established. The hardware
setup includes an Intel Core i7 CPU, an NVIDIA GeForce
GTX 1060 GPU, and 16 GB of memory. The operating
system is Windows 10, and the software framework used is
Python 3.8. The datasets employed are the Cambridge
University Robot Department Dataset (CARMEN) and the
Victoria Park Dataset (VPD). Among them, CARMEN is
an open-source robot navigation dataset containing data
from a wide range of indoor and outdoor environments,
which is widely used for evaluating the performance of
robots in tasks such as autonomous navigation, SLAM, and
path planning. The data in this dataset comes from various

— LLOA
LLOA-IMU-PI
LLOA-IMU-PI-PGO

——#— LLOA-IMU-PI-CBMeMBer-PGO

fe- e e e fe-

(180,97)

Processing accuracy/%

o W
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Iterations
(a) CARMEN

sensors such as LiDAR, odometry, IMU, etc., which is
suitable for evaluating the robustness of SLAM models
under different sensor configurations and scenarios. VPD is
a classic outdoor SLAM dataset collected by a mobile robot
in Victoria Park. VPD is mainly used to test the
performance of SLAM algorithms in open environments.
The data includes point cloud data from LIDAR, sensor
information such as IMU, GPS, etc. Robots are exposed to
outdoor environments for extended periods of time to test
the long-term robustness of SLAM algorithms and their
ability to handle dynamic objects such as pedestrians and
vehicles. The study first validates the final model through
ablation testing, taking processing accuracy as the
performance indicator. The test results are presented in Fig.
8.
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Figure 8 Model ablation test results

Fig. 8a displays the ablation test results of the final
model on the CARMEN dataset, while Fig. 8b shows the
results on the VPD dataset. As the number of iterations
increased, each module achieved optimal performance in
the later stages of training. The complete proposed model,
i.e., LLOA-IMU-PI-PGO-CBMeMBer, performed best in
terms of number of iterations and accuracy. On the
CARMEN dataset, the minimum number of iterations was
180 and the processing accuracy was 97%. On the VPD
dataset, the minimum number of iterations was 310, with
96% processing accuracy. In contrast, the model with
CBMeMBer filter or IMU-PI pre-integration removed
exhibited a significant performance degradation, with
maximum accuracy of 94% and 92%, respectively. This
suggests that the combination of these two modules is
critical for the accuracy and robustness of the system.
Because in the joint use of IMU pre-integration and
CBMeMBer filter, IMU pre-integration can correct sensor
time difference, significantly reduce the impact of motion
distortion on attitude estimation, and make the system's
performance more stable in dynamic environments.
Meanwhile, the CBMeMBer filter effectively reduces the
accumulation of errors in pose map optimization through
its multi-target tracking and error prediction functions.
Other algorithms, such as using only LLOA or deleting
CBMeMBer combinations, are prone to accumulating
errors when facing complex environments, leading to a
decrease in accuracy. After completing the ablation test, the
study conducts a comparative test on the front-end
odometry of SLAM, introducing similar improved laser
LLOA algorithms for testing, such as Visual-Inertial
Odometry-Pose ~ Graph  Optimization (VIO-PGO),
Laser-Vision-Inertial ~Simultaneous Localization and
Mapping (LVI-SLAM), and Multi-Sensor Fusion-Pose

Graph Optimization (MSF-PGO). Among them, VIO-PGO
combines vision and inertial data for position estimation,
which is able to provide a benchmark for comparison with
the multi-sensor fusion scheme in this study. LVI-SLAM
fuses laser, vision, and IMU, which can directly compare
the effect of multi-sensor data processing. MSF-PGO
performs position optimization through multi-sensor fusion,
which is similar to the research methodology and provides
a benchmark for performance comparison. The test results
are presented in Fig. 9.

Fig. 9a shows the comparison results of actual mileage
versus predicted mileage under the VIO-PGO algorithm.
Fig. 9b presents the comparison results under the
LVI-SLAM algorithm. Fig. 9c illustrates the comparison
results under the MSF-PGO algorithm. Fig. 9d displays the
comparison results for the proposed algorithm. The actual
value represents the real time series data, i.e., the odometer
data recorded by the sensor, which is the baseline value
used to compare with the predicted results of the individual
algorithms. The predicted values represent the time series
values estimated by each SLAM algorithm based on the
sensor data and the internal model. The comparison with
the actual values shows the accuracy of each algorithm in
terms of odometer prediction. In Fig. 9, in the 500 - 600
sample interval, the prediction errors of VIO-PGO and
LVI-SLAM were large, especially in long time-series data,
where the errors accumulated rapidly, leading to a
significant decrease in positioning accuracy. In contrast, the
proposed model performed stably over the entire test range
with consistently low prediction errors, demonstrating its
advantages in long-time localization. The reason why the
proposed model outperforms the comparison algorithms is
the collaborative work of IMU pre-integration technique
and the CBMeMBer filter. This enables the proposed model
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to effectively withstand the interference of sensor noise and
external environmental changes in long-term positioning
tasks, while other algorithms lack similar error correction
mechanisms, resulting in a significant increase in
prediction errors over time. However, in real-world
scenarios, low-cost or low-precision sensors may lead to
data distortion due to high noise and low precision, which
in turn affects the overall performance of the system.
Especially in dynamic environments, the decrease in sensor
data quality may lead to error accumulation during IMU
pre-integration, which in turn affects the accuracy of
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position estimation. Future research can explore
robustness-based pre-processing algorithms, such as using
adaptive filters or machine learning techniques to correct
low precision sensor data. In addition, further research can
be conducted on how to optimize the IMU pre-integration
algorithm on low-cost hardware platforms to reduce its
dependence on sensor quality and ensure its application in
resource-constrained environments. After these tests, the
study continued to evaluate the back-end data processing
capabilities of the four algorithms, as shown in Fig. 10.
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Figure 9 Mileage meter prediction results under different algorithms
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Figure 10 Comparison of back-end graph optimization trajectories for different algorithms
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Fig. 10a presents the comparison results of back-end
graph optimization trajectories under the VIO-PGO
algorithm.

Fig. 10b shows the results under the LVI-SLAM
algorithm. Fig. 10c illustrates the comparison results of the
MSF-PGO algorithm. Fig. 10d displays the results of the
proposed algorithm. Among them, the actual trajectory
indicates the real robot motion trajectory in the 2D plane,
which is a baseline trajectory generated by the sensor data.
The predicted trajectory represents the robot motion
trajectory estimated by each algorithm through graph
optimization. The closer the trajectory is to the actual
trajectory, the better the algorithm's position estimation and
optimization ability.

From Fig. 10, the proposed model better overlapped the
original trajectory in the two-dimensional plane, with a
shorter trajectory error line, showing higher accuracy and
consistency.

However, other algorithms, especially VIO-PGO and
LVI-SLAM, have obvious trajectory deviations in some
complex scenarios, with less trajectory overlapping area
and longer error lines. The reason for this is that the
proposed model effectively controls the error accumulation

in multi-target environments through the CBMeMBer filter.

The traditional PGO method is susceptible to noise and
uncertainty when facing dynamic objects and multi-sensor

!' ”iﬁf’-

a
a

(a) Scene 1

data fusion, resulting in a significant increase in trajectory
estimation error. In contrast, CBMeMBer is able to
effectively reduce the uncertainty in the graph optimization
process through multi-target tracking and Bayesian
probabilistic modeling, thus significantly improving the
accuracy of trajectory prediction.

4.2 Mobile Robot Simulation Testing

To verify the effectiveness of the designed model, the
study sets the laser frequency to 20 Hz, the IMU frequency
to 35 Hz, and the odometer frequency to 120 Hz.
Additionally, the Freigurg dataset provided by the
Computing Department of the Munich Institute of
Technology in Germany is used as the source of real data
scenarios. This dataset includes two categories: Frel desk
and Fre2 desk. The measurement distance for Frel desk is
9.26 meters, with a frame rate of 627 fps and a testing
duration of 25.47 seconds. For Fre2 desk, the testing
distance is 11.25 meters, with a frame rate of 1135 fps and
a testing duration of 19.86 seconds. A real scenario from
the two subsets, Frel desk and Fre2 desk, is selected as the
testing environment. The study provides real scene diagram
of experimental environment used for testing, as shown in
Fig. 11.

hmmﬁuhwnm H

(b) Scene 2

Figure 11 Simulation testing environment diagram

Fig. 11a shows Simulation Testing Environment 1,
while Fig. 11b displays Simulation Testing Environment 2.
Taking these two simulation test maps as the background,
the study introduces advanced models of the same type as
the proposed method for comparison. These models include
Graph-Based SLAM (GBS), Factor Graph SLAM (FGS),
and Lidar Odometry and Multi-Sensor Fusion SLAM
(LOAM). Among them, GBS, as a classical graph
optimization method, is chosen to compare with the
accuracy and computational complexity of the proposed
model in graph optimization. FGS excels in optimization
efficiency, which is compared with the proposed graph
optimization method. LOAM performs well in dynamic
environments, which can be compared with the
multi-sensor fusion effect of the research method. The test
results are converted into a two-dimensional format for
analysis. Taking Scenario 1 as an example, the mapping
results of the four algorithms are shown in Fig. 12.

Fig. 12 presents the scene mapping effects of the four
algorithms. Fig. 12a shows the results under GBS, Fig. 12b
displays the results under FGS. Fig. 12c illustrates the
mapping under Lidar Odometry and LOAM. Fig. 12d
demonstrates the results using the proposed algorithm in

this study. In Fig. 12, the proposed model outperformed the
other three algorithms in terms of building accuracy and
detail performance. Especially when dealing with complex
structures, such as doors and walls, the proposed model
accurately recognized and modeled them, while the GBS
and FGS algorithms had higher misrecognition rates, and
some of the structure build-ups are blurred or incomplete.
The significant accuracy advantage demonstrated by the
proposed model during the mapping process is mainly due
to the optimization of front-end data processing by IMU
pre-integration technology and the enhancement of
back-end pose graph optimization by CBMeMBer filter.
IMU pre-integration improves the temporal accuracy of the
laser point cloud and ensures the high fidelity of the data in
the dynamic scene, while the CBMeMBer further reduces
the mapping process uncertainty and optimizes the position
estimation results. In contrast, algorithms such as GBS and
FGS lack an effective mechanism to cope with uncertainty
when dealing with complex structures, resulting in
insufficient map building accuracy. However, the
combination of IMU pre-integration and CBMeMBer
exacerbates the computational load of the system in
complex dynamic scenes, affecting the real-time
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performance. Subsequently, the combination of parallel
computing, graph processing gas pedal or deep learning gas
pedal can be considered to improve the overall processing
efficiency and ensure that the system maintains a faster
response speed in scenarios with high real-time

requirements. To further evaluate the localization
performance of the four methods, the study takes average
running time, Root Mean Squared Error (RMSE), Sum of
Squared Errors (SSE), and Standard Deviation (SD) as
reference indicators. The results are presented in Tab. 3.

Table 3 Indicator test results for four algorithms

Scenes | Model Average running time /s | RMSE /m | SSE/m? |SD/m | P Confidence interval (95%) Standard error (SE)
GBS 44.27 7.99 664.82 [7.86 0.002 |7.55-8.43 0.22
1 FGS 36.58 6.81 524.71 |6.58 0.001 [6.45-7.17 0.18
LOAM 31.77 4.35 311.02 [4.21 0.003 [4.12-4.58 0.12
Our model 21.06 2.01 189.52 [1.86 0.002 [1.92-2.10 0.06
GBS 51.36 6.87 654.73 [6.54 |0.001 [6.43-7.31 0.21
) FGS 44.28 5.24 487.69 [6.04 ]0.002 [4.97-5.51 0.15
LOAM 39.29 3.17 324.18 [5.21 0.002 [3.05-3.29 0.09
Proposed model | 21.11 1.86 210.17  [2.18 0.003 [1.76 - 1.96 0.05
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Figure 12 Comparison of mapping effects of different algorithms

According to Tab. 3, the average running time, RMSE,
SSE, and SD values for GBS and FGS were lower than
those for LOAM and the proposed model in both real
scenarios. LOAM, leveraging its laser odometry and
multi-sensor data collection, improved the accuracy of
robot positioning operations compared with GBS and FGS.
The minimum average running time of LOAM is 31.77
seconds, the minimum RMSE was 3.17 meters, the
minimum SSE was 311.02 square meters, and the minimum
SD was 4.21 meters. However, the proposed model
outperformed all others, with the shortest running time of
21.06 seconds, the lowest RMSE of 1.86 meters, the lowest
SSE of 189.52 square meters, and the lowest SD of 1.86
meters. In addition, the P-values in the table indicated that
the differences between the models were statistically
significant, further validating the significant improvement
in performance of the model. The RMSE of the proposed
model was 2.01 meters and 1.86 meters for the two
scenarios, and its confidence intervals were 1.92 - 2.10
meters and 1.76 - 1.96 meters, respectively, which were
significantly better than the other algorithms, and the SE
values were small, indicating that the results were less
volatile and had higher stability. Therefore, the SLAM
optimization model significantly outperforms the existing

methods in terms of positioning accuracy, operational
efficiency and error control.

5 CONCLUSION

In this study, a SLAM optimization technique
integrating IMU pre-integration and CBMeMBer filter was
proposed, which significantly improved the robot's
localization accuracy and mapping efficiency in dynamic
environments. It especially performs well when dealing
with complex, multi-target dynamic environments.
Although the proposed SLAM optimization method
performs well in dynamic environments, it still has some
limitations. First, the method has a high dependence on
high-quality IMU and LiDAR data, and low-cost sensors
may lead to accuracy degradation. Second, the high
computational complexity of the CBMeMBer filter may
affect real-time performance in resource-constrained
devices. The impact of this research on the SLAM field is
to improve the robustness of traditional SLAM in dealing
with dynamic objects and sensor noise, and to enhance the
robot's navigation accuracy and error control in complex
environments. Especially in multi-target tracking and
dynamic object processing, the method demonstrates
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significant advantages. Future research should further
reduce the dependence on high-precision sensors and
computational resources, optimize the computational
efficiency of the CBMeMBer filter, and explore the
integration of deep learning and SLAM techniques to
enhance the model's adaptability to complex environments.
The method has a wide range of potential real-world
applications, including unmanned vehicles, UAV
navigation, industrial automation, and intelligent service
robots, especially in dynamic environments with improved
navigation and obstacle avoidance capabilities, making it
an important application prospect in future intelligent
scenarios.
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