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Abstract

With the development of intelligent transportation and autonomous driving technology, how to achieve precise and robust synchronous 

positioning and mapping has become a research focus. To improve the navigation accuracy and environmental perception capability 

of multi-sensor fusion systems in complex road environments, this study constructs a high-precision synchronous positioning and 

mapping model that integrates inertial measurement units, LiDAR, cameras, and wheel speed sensors. In addition, a closed-loop 

detection mechanism and graph optimization method have been introduced to enhance trajectory consistency and drift correction 

capability. The experiment showed that the positioning accuracy of the proposed method has increased from 85% to 97%, and the 

false alarm rate has decreased from 22% to 7%. The initial heading deviation was controlled within 0.8 degrees, with a root mean 

square error of 0.53 m and an average processing time of 60 milliseconds per frame. Further simulation showed that the model had 

an average positioning accuracy of 93.8%, detection coverage of over 95%, trajectory smoothness better than 0.07 m, and cumulative 

error drift controlled within 0.37 m/km in three typical road scenarios. The research shows that the model has significant performance 

in improving positioning accuracy, mapping consistency and environmental adaptability, and has the potential to be popularized and 

applied in actual autonomous driving systems.
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1 Introduction
With the rapid development of intelligent transportation and 
autonomous driving technology, vehicles have put forward 
higher requirements for high-precision and highly robust 
positioning and environmental perception capabilities.  
In complex urban environments such as roads, tunnels, and 
highways, the positioning method of a single sensor often 
faces problems of sudden drops in accuracy and percep-
tion failure due to factors such as field of view obstruc-
tion, signal interruption, and environmental interference.  
Especially in scenarios where Global Navigation Satellite 
System (GNSS) signals are weak or lost, traditional systems 
that rely on inertial or visual navigation often experience 
trajectory drift or positioning failure due to error accumula-
tion, seriously affecting vehicle decision-making and safety 
performance (Pan et al., 2025). In recent years, autonomous 
driving positioning and mapping technology has undergone 
an evolutionary path from single sensor navigation to mul-
timodal sensor collaborative fusion. Among them, methods 

such as Extended Kalman Filter (EKF), graph optimization, 
visual inertial odometry, and LiDAR mapping have been 
widely studied and applied in synchronous positioning and 
mapping tasks. However, these technologies still face var-
ious challenges in complex dynamic scenarios. For exam-
ple, the sampling frequency and delay of different sen-
sors are inconsistent, the bias drift of Inertial Measurement 
Unit (IMU) sensors is serious, the visual feature matching 
is vulnerable to occlusion and light changes, and the laser 
radar mapping is difficult to achieve global optimization.  
These issues can make it difficult for the system to bal-
ance robustness, real-time performance, and accuracy 
(Trzeciak  et  al., 2023). Therefore, this study proposes a 
multi-sensor fusion-based automatic driving synchronous 
positioning and mapping model. This model constructs a 
unified spatiotemporal reference through joint state estima-
tion and multi-source information fusion. It also introduces 
a closed-loop detection mechanism for loop optimization, 
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thereby improving the overall environmental adaptability 
and spatial consistency of the system. During the initializa-
tion phase, dead reckoning is used for short-term attitude 
estimation, and error correction and trajectory correction 
modules are designed to improve system continuity and 
accuracy. The purpose of this study is to provide new ideas 
on improving trajectory accuracy, navigation robustness 
and environmental adaptability, and lay a solid founda-
tion for the practical deployment of the auto-drive system. 
The innovation of the research lies in proposing a complete 
multi-sensor fusion mapping framework and constructing 
a high-precision closed-loop detection and global graph 
optimization mechanism.

2 Related works
In recent years, with the rapid iteration of autonomous driv-
ing technology, the requirements for autonomous vehicles' 
perception and high-precision positioning have been con-
tinuously increasing. Wenzel et al. (2025) proposed a new 
visual autonomous driving and long-term positioning bench-
mark based on the large-scale 4Seasons dataset to promote 
the development of autonomous driving vision and long-term 
positioning under challenging conditions. This benchmark 
could jointly evaluate multiple performances, which was 
crucial for autonomous driving. The experiments provided 
new insights for current methods, demonstrating enor-
mous potential for future research (Wenzel et  al.,  2025). 
Su et al. (2024) proposed a multi-sensor adaptive fusion 
Simultaneous Localization and Mapping (SLAM) frame-
work based on degradation detection and deep reinforce-
ment learning to address the difficulty in ensuring accu-
racy and performance of SLAM technology in complex 
dynamic environments. This framework could adaptively 
and collaboratively adjust fusion weights, adapt to different 
tightly coupled SLAM algorithms, and effectively improve 
the accuracy and performance of SLAM fusion in complex 
dynamic environments (Su et al., 2024). Liu et al.  (2024) 
introduced a SLAM benchmark and a new method for 
improving map accuracy in order to objectively evaluate 
positioning and surveying errors and improve map accu-
racy. The proposed benchmark could be comprehensively 
and objectively evaluated, with an average improvement 
of 15% in map accuracy. The proposed algorithm outper-
formed traditional algorithms, especially when dealing 
with large-scale environments, providing new insights for 
obtaining ground truth maps and robot navigation.

Bai et al. (2024) proposed a new global registration 
technique to address the SLAM problem in deformable 

environments. By defining deformable transformations and 
utilizing kernel methods, this technique could globally solve 
deformable transformations and environmental mappings, 
and effectively solve scale ambiguity problems through opti-
mized formulas. Experimental demonstrations and valida-
tions have shown that this method has superiority on multiple 
datasets. Guo et al. (2024) proposed an event-based rotation 
only bundling adjustment method to systematically study the 
problem of using event cameras for rotational motion esti-
mation, and constructed the first event-based rotation only 
SLAM system. This method performed well on both syn-
thetic and real datasets, and the published resources would 
help drive further research. Wang et al. (2024) proposed a 
new method that integrates an enhanced SLAM framework 
with a lightweight You Only Look Once Version 5 (YOLOv5) 
model to improve the robustness and accuracy of visual 
SLAM systems in indoor dynamic environments. This algo-
rithm optimized the performance of feature point extraction, 
significantly improved the performance of dynamic indoor 
scenes, outperformed the original algorithm in accuracy, and 
had better real-time capabilities.

In summary, the current challenges in the field of auton-
omous driving include insufficient positioning and mapping 
accuracy, accumulation of sensor errors, and difficulties in 
multi-source information fusion. Although some research has 
achieved certain results in the fusion of single or dual sen-
sors, there are still problems such as high False Alarm Rate 
(FAR), poor trajectory continuity, and insufficient closed-
loop detection capability in complex road scenes. Therefore, 
this study constructs a synchronous localization and mapping 
model based on multi-sensor fusion. This model integrates 
inertial measurement, LiDAR, and visual and wheel speed 
information, and introduces closed-loop detection and graph 
optimization mechanisms for global constraint adjustment. 
Its purpose is to improve the navigation stability and map-
ping accuracy of the auto-drive system in the dynamic envi-
ronment, and provide more reliable space support and path 
awareness for the high-level autopilot perception system.

3 Methods
3.1 Combined localization model based on IMU
IMU, as a high-frequency and low latency inertial sensor, can 
maintain continuous estimation of vehicle attitude and dis-
placement in the event of GNSS signal obstruction or failure. 
Traditional pure IMU positioning suffers from error accumu-
lation. This study adopts a combined navigation strategy of 
GNSS and IMU, and achieves complementary fusion of the 
two through EKF (Chen et al., 2024). The acceleration and 
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angular velocity data provided by IMU are used to predict 
the motion state of the vehicle, which is calculated based on 
the geocentric inertial coordinate system, as shown in Fig. 1. 
Fig. 1 not only illustrates the definition of different coordi-
nate systems but also clarifies the transformation relationship 
between the IMU body frame, the geocentric system, and the 
navigation reference. It provides the mathematical founda-
tion for subsequent attitude estimation and error correction, 
ensuring that the reader can clearly follow how sensor data 
are aligned in a unified reference space. 

In Fig. 1, the coordinate system takes the center of the 
Earth as the origin, with the X-axis pointing towards the 
equator and the Z-axis pointing towards the north pole of the 
Earth's axis of rotation. The Y-axis forms a 3D coordinate 
system with the X and Z axes according to the right-hand 
rule. The geocentric coordinate system also takes the center 
of the Earth as its origin and shares the Z-axis with the geo-
centric inertial system, but its X and Y axes change direction 
with the rotation of the Earth (Dor et al., 2024). The world 
coordinate system is generally used to describe the motion 
state of objects that are independent of the Earth's motion, 
usually set at a stationary reference point. The IMU coor-
dinate system takes the IMU body as the coordinate center, 
with the X-axis pointing forward and the Y-axis and Z-axis 
cooperating to form a 3D right-handed system, which is used 
to obtain the attitude information and dynamic parameters 
of the carrier. IMU typically consists of a three-axis acceler-
ometer and a three-axis gyroscope, used to measure the lin-
ear acceleration and angular velocity of the carrier separately. 
The observation model of gyroscope is shown in Eq. (1).

� �m b g gb n� � � 	 (1)

In Eq. (1), ωm is the measured angular velocity of the 
gyroscope, ωb is the true angular velocity output of the 
gyroscope, bg is the bias of the gyroscope, reflecting the 
inherent zero bias error of the sensor, ng is the Gaussian 
white noise of the gyroscope. The expression of the accel-
erometer observation model is shown in Eq. (2).

a a b nm b a a� �� � � �R g 	 (2)

In Eq. (2), am is the acceleration measured by the accel-
erometer, ab is the true linear acceleration of the carrier 
in the world coordinate system, g is the vector of grav-
itational acceleration, R is the rotation matrix estimated 
from the current pose, used to project the world coordi-
nate acceleration onto the IMU coordinate system, ba is 
the bias of the accelerometer, na is the measurement noise 
of the accelerometer (Zhao et al., 2025). The formula for 
attitude propagation is shown in Eq. (3).
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In Eq. (3), q is the unit quaternion of the attitude, ⊗  is 
the quaternion multiplication, and ωb is the angular veloc-
ity after removing the bias. The formula for calculating 
the attitude change of the carrier based on the output of 
the gyroscope is the core formula for IMU attitude update 
(Du et al., 2024). Then, the expression for predicting the 
state of the target is shown in Eq. (4).
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In Eq. (4), pk and vk are the current position and veloc-
ity, respectively, Δt is the sampling period, and ab is the 
acceleration after removing the gravity term and rotat-
ing to the world coordinate system (Islam et al., 2024). 
However, collecting too much IMU data can result in a 
large computational load. Therefore, to achieve real-time 
estimation of the carrier's position, velocity, and attitude, 
this study uses EKF for state propagation and error cor-
rection of IMU measurement data. The system state vec-
tor includes quaternions of position, velocity, and attitude, 
and its propagation model is shown in Eq. (5).
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In Eq. (5), p(t) is the position vector at the current time, 
v(t) is the current velocity vector, am is the acceleration 
value measured by IMU, and ba is the accelerometer zero 
bias error. R(q) is a rotation matrix composed of attitude Fig. 1 Analysis of geocentric inertial coordinate system
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quaternions q. EK can improve the positioning continuity 
and robustness of the system in high-speed and weak GNSS 
environments. The process of data time synchronization 
and state estimation is shown in Fig. 2. This figure high-
lights the different sampling frequencies of IMU, LiDAR, 
camera, and wheel sensors, and demonstrates how multi-
source data are aligned on a unified temporal axis. By pre-
senting the interpolation of high-frequency IMU data with 
lower-frequency LiDAR and camera data, it visually sup-
ports the claim that the proposed method achieves high-pre-
cision, low-latency state estimation.

In Fig. 2, the timeline extends horizontally, representing 
the continuous acquisition process of data over time. Fig. 2 
includes IMU frame, laser radar frame, camera frame and 
wheel speed meter frame. The data sampling frequency 
of different sensors is different. Among them, IMU has 
the highest sampling frequency, so the inter frame inter-
val is the shortest, while other sensors such as LiDAR and 
camera frames appear intermittently at lower frequencies. 
The green semi-transparent rectangular area represents the 
sampling time interval of the LiDAR. Within this interval, 
IMU will provide continuous data for interpolation and atti-
tude extrapolation, ensuring that each frame of radar point 
cloud can be registered at a unified reference time. The sys-
tem updates the state at each keyframe moment, integrat-
ing multi-source information such as IMU, LiDAR, cam-
era, and wheel speed sensor within the corresponding time 
window to achieve high-precision and low latency state 
estimation and sensor data alignment (Wang et al., 2023; 
Xu et al., 2024). Due to issues such as zero bias drift, high 
measurement noise, and error accumulation in IMU, a 
Strapdown Inertial Navigation System (SINS) is introduced 
to model and compensate for them. Through SINS, the 
problem of decreased accuracy of IMU during long-term 
operation can be effectively improved, and high-frequency 
continuous estimation of attitude, velocity, and position 
can be achieved, providing support for stable navigation in 
complex environments. Its structure is shown in Fig. 3.

In Fig. 3, the IMU section includes an accelerometer and 
a gyroscope, which are used to measure linear acceleration 
and angular velocity, respectively. The angular velocity out-
put by the gyroscope is integrated and used to calculate the 
attitude change of the carrier, and obtain the attitude trans-
formation relationship from the body coordinate system to 
the navigation coordinate system. Subsequently, the accel-
eration measured by the accelerometer is converted to the 
navigation coordinate system based on attitude transforma-
tion, and combined with the gravitational acceleration of the 
Earth and the Coriolis acceleration caused by the Earth's 
rotation to obtain the total acceleration in the navigation sys-
tem. The acceleration is first integrated once to obtain veloc-
ity, and then integrated twice to obtain position, thus achiev-
ing the complete navigation calculation process. 

To quantitatively analyze the influence of IMU zero-off-
set drift and random noise, this study employed Allan vari-
ance analysis to characterize the stochastic error com-
ponents of the gyroscope and accelerometer. The bias 
instability of the gyroscope was measured at approximately 
0.012 °/s, while the accelerometer bias instability was about 
0.0009 m/s2. The random walk coefficients were 0.18 °/√h 
for angular velocity and 0.07 m/s/√h for linear acceleration. 
These parameters were incorporated into the Strapdown 
Inertial Navigation System (SINS) error model to sim-
ulate cumulative drift in long-term operation. The error 
compensation strategy introduced in this study dynami-
cally corrected bias terms through online estimation, and 
attenuated high-frequency noise by integrating a low-pass 
filtering step within the Extended Kalman Filter (EKF).  Fig. 2 Data time synchronization and state estimation process

Fig. 3 Strapdown inertial machinery organization algorithm model



Wang
Period. Polytech. Transp. Eng. |5

This ensured that systematic drift and random distur-
bances were effectively mitigated before state propagation.

3.2 Mapping model based on multi sensor fusion
After completing the construction of the IMU-based com-
bined positioning model, although a single sensor can 
achieve short-term and high-frequency state estimation, it is 
still difficult to ensure the global consistency and environ-
mental cognitive accuracy of the system in long-term opera-
tion or complex environments. To this end, this study further 
introduces a multi-sensor fusion strategy, combining multi-
source observation information such as LiDAR, cameras, 
and wheel speed sensors to jointly map and constrain envi-
ronmental features, and construct a more robust and accurate 
synchronous positioning and mapping system. The specific 
fusion mapping algorithm framework is shown in Fig. 4.

In Fig. 4, the system mainly consists of a Laser Radar 
Inertial Odometer Subsystem (LRIOS), a Vision Inertial 
Odometer Subsystem (VIOS), and an IMU module, which 
achieve high-precision positioning and mapping through 
multi-sensor data fusion. LRIOS, with LiDAR as its core, 
sequentially completes B-spline motion compensation, fea-
ture extraction, adaptive feature constraints, and plane cyl-
inder residual calculation, and establishes a connection with 
the map through absolute constraints. VIOS is mainly based 
on camera input, sequentially performing feature extraction, 
image block construction, sliding window optimization, and 
backlight residual calculation, and using the results for state 
extension and map point projection to form relative con-
straint information. In addition, data from wheel speed sen-
sors or other sensors can also participate in the pre-integration 

process to assist VIOS in pre-propagation (Yin et al., 2025). 
The IMU module runs through the entire system process, first 
aligning with LiDAR and camera data in the initialization 
stage, then providing high-frequency pose prediction infor-
mation through the state propagation module, and participat-
ing in joint optimization of multi-source data in the subse-
quent Kalman filter. To further enhance the adaptability of 
the proposed model under adverse weather conditions, this 
study introduces a millimeter-wave radar (mmWave) fusion 
layer. Millimeter-wave radar has strong penetration capabil-
ity in fog, rain, and snow, which effectively compensates for 
the degradation of LiDAR performance under low-visibility 
scenarios. In the fusion architecture, mmWave radar data are 
incorporated into the mapping subsystem through a prob-
abilistic occupancy grid representation, and the extracted 
range-Doppler features are aligned with LiDAR point cloud 
features via a Kalman-based sensor fusion strategy. By intro-
ducing this layer, the system improves target detection reli-
ability and robustness of environmental perception in chal-
lenging weather conditions. To improve the consistency 
and robustness of mapping, the system introduces a closed-
loop detection (LCD) mechanism to identify whether the 
current frame forms a closed loop with historical frames.  
After detecting similar frames, the system constructs a closed-
loop error term and introduces a Graph Optimization (GO) 
module for overall graph structure adjustment. To evaluate 
the computational requirements of the proposed multi-sen-
sor fusion framework, the time complexity of the main mod-
ules was analyzed. The LiDAR-Inertial subsystem involves 
feature extraction and point cloud registration, with a com-
putational complexity of approximately O(n log n), where 

Fig. 4 Structure of mapping model based on multi-sensor fusion
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n is the number of point cloud features. The Vision-Inertial 
subsystem performs sliding window optimization and bundle 
adjustment, which typically scale as O(m2), where m denotes 
the number of keyframes in the optimization window.  
The graph optimization module for loop closure has a worst-
case complexity of O(k3) with respect to the number of pose 
nodes k, but in practice the sparsity of the optimization graph 
reduces the effective complexity to nearly linear. Under the 
experimental hardware configuration, the overall pipeline 
achieves real-time performance at 60 ms per frame, which 
is consistent with the theoretical complexity estimates 
when sensor data volumes are controlled by adaptive sam-
pling strategies. This process essentially involves adding 
new constraint edges in the SLAM framework to achieve 
global correction of drift trajectories. The error residual 
term is shown in Eq. (6).

e T T T
loop

� �� ��
ij j i○ �1

	 (6)

In Eq. (6), Tj and Ti are pose estimates for the current 
frame and historical frames, respectively Tij is the relative 
transformation calculated through revisit matching between 
two frames,   is an algebraic residual operation. The goal 
of closed-loop optimization is to minimize the weighted sum 
of all residual terms in the entire graph, and the optimization 
problem can be formalized as shown in Eq. (7).

min wk ke
2∑ 	 (7)

In Eq. (7), ek denotes various types of observation resid-
uals, and wk is the corresponding information matrix or 
weight. The optimization method adopts nonlinear least 
squares implementation, and its structure is shown in Fig. 5.

In Fig. 5, firstly, the initial revisit area is located based 
on historical trajectory data, and the pose information is 

preprocessed and the trajectory endpoint status is monitored 
in real-time. If the trajectory has not reached the end, the 
system will extract the local pose waveform features of the 
current area and lock the equivalent mileage points in the 
measurement trajectory through mileage similarity com-
parison. Then it enters the fine matching stage, where the 
peak correlation coefficient between the two waveforms is 
calculated. If the correlation coefficient meets the threshold 
condition, it is judged as an accurate match, and the recog-
nition result is output. If the optimal value is not reached, 
the waveform window length will be dynamically extended, 
and the matching operation will be re-executed within the 
extended interval until the global optimal matching posi-
tion is obtained, ultimately achieving accurate calibration 
of revisit points. In the initialization stage of the IMU sys-
tem, to obtain reliable initial attitude and position informa-
tion, this study introduces Dead Reckoning (DR) method 
for short-term initial alignment. DR utilizes the continu-
ous angular velocity and acceleration data output by IMU 
after startup to estimate the initial motion state of the carrier 
through integration. The process is shown in Fig. 6.

In Fig. 6, firstly, the three-axis angular velocity and lin-
ear acceleration signals are obtained by IMU, and the error 
correction unit eliminates device bias and random noise 
interference, improving the reliability of the original data. 
For closed-loop path scenarios, a closed-loop calibration 
module has been added to suppress cumulative drift errors 
and dynamically adjust the zero bias parameters of the 
closed-loop interval. The next step is to perform initial head-
ing calculation, determine the reference horizontal attitude 
angle and reset the initial azimuth angle to zero, and estab-
lish an inertial calculation coordinate system. The dynamic 
DR mechanism is based on corrected angular velocity data 

Fig. 5 Mechanism for closed-loop detection

–

–
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to achieve real-time attitude calculation, and synchronously 
integrates odometer displacement data to complete position 
recursive estimation (Gheisari et al., 2022). To ensure tra-
jectory continuity, the system incorporates the displacement 
increment output by the odometer into the coordinate update 
system and achieves real-time position iteration through the 
fusion operation of coordinates and directional increments. 
Finally, after global heading optimization compensation, 
high-precision initial azimuth parameters and spatial coor-
dinate information are output.

4 Results
4.1 Performance analysis of synchronous positioning 
and mapping model for autonomous driving based on 
multi-sensor fusion
The hardware configuration uses Intel Core i5-8750H CPU, 
NVIDIA Geforce GTX2080Ti GPU, 8GB VRAM, and 
16GB RAM. This study choosed the KITTI Dataset public 
dataset. The classic public dataset for autonomous driving 
research, released by the Karlsruhe Institute of Technology 
in Germany and the Toyota Joint Research Center, cov-
ers various sensor data in real urban road environments.  
The dataset uses Velodyne HDL-64E LiDAR to collect 3D 
point cloud data and is equipped with forward facing binoc-
ular cameras for image acquisition. IMU is used to measure 
vehicle acceleration and angular velocity. GPS/INS provides 
true values of geographic location and attitude. The data 
undergo high-precision time synchronization and spatial cal-
ibration. The data collection scenarios include urban streets, 
highways, rural roads, etc. The driving environment is real and 
complex, including multiple types of targets such as pedestri-
ans, vehicles, and buildings. In order to further evaluate the 
contribution of IMU errors to system accuracy, an ablation 
experiment was conducted. Without error compensation, the 
average Root Mean Square Error (RMSE) of the trajectory 
increased from 0.53 m to 0.87 m, and the initial heading devi-
ation expanded from 0.8° to 1.9°. Meanwhile, the false alarm 
rate rose to 0.15, showing the significant adverse impact of 

uncompensated bias drift and noise. After applying the pro-
posed compensation strategy, the Allan variance-derived bias 
terms were suppressed by over 60%, and the positioning 
accuracy improved correspondingly. This quantitative evi-
dence highlights that IMU zero-drift and noise are primary 
contributors to accumulated error and demonstrates that the 
designed compensation mechanism is effective in enhancing 
the stability and reliability of the system. This study selects 
traditional positioning models and GO-based positioning 
models as comparative models, as shown in Fig. 7.

Figs. 7 (a) and (b) show the accuracy changes and FAR 
performance of three methods under different dataset sizes. 
These results directly demonstrate that the proposed model 
consistently outperforms both traditional and GO-based 
approaches. In particular, the steadily higher accuracy 
curve and the significantly reduced false alarm rate visu-
ally validate the effectiveness of the multi-sensor fusion 
strategy, thereby reinforcing the core conclusion that the 
method provides superior robustness in large-scale datasets.  
In Fig. 7 (a), as the dataset size increases from 200 to 1,600, 
the accuracy of all three methods shows an upward trend. 
Among them, the research method has always maintained a 
leading position, with its accuracy steadily increasing from 
0.85 to 0.97, significantly better than GO and traditional 
methods. The accuracy of GO is 0.76 when the data volume 
is 200, gradually increasing to 0.91. The traditional method 
starts at 0.72 and eventually increases to 0.90. In Fig. 7 (b), 
the overall FAR decreases with the increase of dataset size, 
indicating that more data helps reduce the model's judgment 
errors. The research method still performs the best through-
out the entire process, with its FAR decreasing from 0.22 to 
0.07, while GO's FAR decreases from 0.36 to 0.11, and the 
traditional method's FAR decreases from 0.34 to 0.13. This 
indicates that the proposed method not only enhances recog-
nition accuracy but also effectively controls the occurrence 
of false positives, possessing higher robustness and credibil-
ity. The results of comparing the offsets of each model are 
shown in Fig. 8.

Figs. 8 (a) and (b) show the initial heading deviation angle 
comparison and accuracy performance of three methods 
in four tests. The initial heading deviation curves confirm 
the stability of the method in reducing attitude errors, while 
the accuracy comparison charts show that the performance 
advantage is maintained across multiple tests. Together, these 
visual results provide strong evidence supporting the claim 
that the proposed system achieves higher trajectory consis-
tency and error correction capability than baseline methods. 
In Fig. 8 (a), in the first test, the traditional method has an 

Fig. 6 Heading initialization model
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offset of nearly 2.1 degrees, the GO method has an offset of 
1.2 degrees, while the research method only has an offset of 
0.8 degrees. In the fourth test, the traditional method has a 
deviation of nearly 2.0 degrees, the GO method has a devia-
tion of 1.7 degrees, and the research method has a deviation 
of less than 1.0 degree. In Fig. 8 (b), in the first test, there 
is not much difference in accuracy among the three meth-
ods, with that of the traditional method being 0.91 and the 
GO method being 0.94, while the proposed method achieves 
0.96. In the second and third tests, the difference gradually 
widens. The accuracy of the traditional method is 0.86 and 
0.81, while the GO is 0.90 and 0.85. The proposed method 
achieves 0.95 and 0.91. In the fourth test, the accuracy of 
the research method reaches 0.96, significantly better than 
GO's 0.92 and the traditional method's 0.89. The experi-
ment shows that the research method has stronger dynamic 
robustness and optimization mechanism. Table 1 analyzes 
the comprehensive performance of each model.

In Table 1, from the perspective of accuracy, the proposed 
method achieves 96%, significantly better than GO's 91% 
and traditional method's 90%, indicating its stronger recog-
nition ability in complex traffic scenarios. The FAR of the 
research method is 0.07, which is lower than the GO's 0.11 
and the traditional method's 0.13, indicating that it effec-
tively reduces misidentification while improving accuracy. 

Fig. 7 Accuracy and FAR analysis of each model: (a) Accuracy; (b) False alarm rate

Fig. 8 Comparison of deviations among various models: (a) Initial heading deviation; (b) ACC

Table 1 Comprehensive performance analysis

Model Traditional GO Proposed

Accuracy (%) 90 91 96

False Alarm Rate 0.13 0.11 0.07

Initial Heading Deviation (°) 2.0 1.7 0.8

Mean Offset Error (m) 0.75 0.62 0.41

RMSE (m) 0.82 0.71 0.53

Processing Time (ms/frame) 48 55 60

Robustness Score 6.8 7.5 9.2

Memory Usage (MB) 610 680 725
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The initial heading deviation is an important indicator for 
evaluating the initial positioning accuracy. The accuracy 
of the research method is 0.8 degrees, which effectively 
reduces the risk of initial error accumulation compared 
to GO's 1.7 degrees and traditional methods' 2.0 degrees. 
In terms of Root Mean Square Error (RMSE), the research 
method has a value of 0.53 m, which is better than GO's 
0.71 m and the traditional method's 0.82 m, indicating that 
it has higher stability and continuity in the entire position-
ing process. Although the processing time of the research 
method is slightly higher at 60 ms/frame, it is within an 
acceptable range and the performance improvement is suf-
ficient to compensate for its slight disadvantage in compu-
tational efficiency. To sum up, the proposed method shows 
stronger comprehensive advantages in a number of key per-
formance indicators, and is suitable for autonomous driv-
ing systems with high accuracy and reliability. In order to 
further contextualize the reported processing time, a com-
parative time analysis was conducted. The proposed model 
maintained an average of 60 ms/frame, while the GO-based 
baseline required 55 ms/frame and the traditional model 
48 ms/frame. Although the complexity of the proposed 
approach is slightly higher due to multi-source fusion and 
global optimization, the additional overhead corresponds 
to a relative increase of only 9.1% compared to the GO 
method. Considering that the accuracy improved from 91% 
to 96% and the false alarm rate dropped from 0.11 to 0.07, 
the trade-off between complexity and performance is justi-
fied. Moreover, the modular design of the system allows for 
optimization of graph sparsification and adaptive keyframe 
selection, which can further reduce time complexity toward 
O(n) in practical deployments.

4.2 Simulation analysis
To further validate the performance of the proposed 
model, this study selects actual situations to simulate and 
analyze the performance of the model, as shown in Fig. 9.

Fig. 9 (a) shows the variation of the north-south error of 
the model under two testing conditions, Test 1 and Test 2. 
Fig. 9 (b) shows the error variation in the east-west direction. 
In Fig. 9 (a), within a total length of 200 m, the error curves 
of the two sets of tests show an overall consistent trend, with 
values mainly distributed between −3 and 3 m, and most 
errors concentrated within ± 1.5 m, with small fluctuations. 
For example, at distances of about 80 m and 160 m, there are 
significant peaks in the errors of both tests, but they do not 
exceed ± 3 m, indicating that the model's positioning accu-
racy in the north-south direction was stable and consistent. 

In Fig. 9 (b), the error fluctuation range is slightly larger. 
Although it is still within ± 4 m overall, there are local abnor-
mal peaks close to 5 m, which are evident at around 120 m 
and 180 m. This indicates that the two tests still show good 
consistency in overall trends and can maintain relatively 
consistent localization performance in real-world scenarios. 
Fig. 10 analyzes the positioning effects of different routes.

Figs. 10 (a) and (b) show the synchronized position-
ing and mapping trajectories constructed by autonomous 
vehicles in two typical urban road network environments.  
By showing smoother path trends and accurate obstacle 
avoidance, the figures intuitively confirm that the model not 
only achieves stable pose estimation but also ensures reli-
able navigation in both narrow and wide road networks.  
These visual demonstrations directly support the conclusion 
that the method is adaptable to real urban driving conditions. 
In Fig. 10 (a), the path trend shows that the model can 
maintain continuous and stable pose estimation even in 
the presence of multiple path bends and narrow passages, 
and successfully avoid most impassable areas, ultimately 
reaching the target position accurately. This indicates 
that the model performs well in terms of environmental 
perception accuracy and spatial mapping ability, and can 
effectively handle actual road conditions with high occlu-
sion and complex structures. In Fig. 10 (b), the obstacle 
distribution is more dispersed, the road space is more 
spacious, the trajectory generated by the model is over-
all smoother, the number of path turns is reduced, and 
the trajectory is closer to the actual traffic route. To sum 
up, the model can operate stably in two different environ-
ments and can provide reliable navigation and mapping 
support for the auto-drive system. Table  2 presents the 
simulation performance analysis of the model.

In Table 2, in terms of positioning accuracy, the model 
achieves accuracies of 92.4%, 93.8%, and 95.1% in Test 1 
to Test 3, with an average of 93.8%, demonstrating high 
environmental adaptability and stability. The average error 
gradually decreases from 0.53 m to 0.44 m. In terms of time 
efficiency, the model takes an average of 0.99 seconds to 
process each frame of data, which is controlled within the 
real-time application requirements. The robustness score 
increased from 8.7 to 9.1, indicating that the model still 
has stable output ability in the face of environmental dis-
turbances. The mapping related indicators also reflect the 
excellent performance of the model, with detection cover-
age rates of 94.3%, 95.1%, and 96.2% in the three tests, 
indicating that the model can accurately perceive most 
environmental areas. The smoothness of the trajectory has 
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been optimized from 0.09 m to 0.06 m, and the coherence of 
the path has been significantly enhanced. The accuracy of 
follow-up testing remains stable at around 88.9%, indicat-
ing that the system has strong loop recognition capabilities, 

which is beneficial for improving the completeness of map-
ping. The cumulative error drift decreases from 0.41 m/km 
to 0.33 m/km, further proving that the model can still effec-
tively suppress error diffusion during long-distance opera-
tion. The overall performance is stable and reliable, suit-
able for automatic driving positioning and mapping tasks in 
complex environments. Further analysis of the performance 
of the model is shown in Table 3.

According to Table 3, on the KITTI dataset, the accuracy 
of traditional methods is only 90%, the false alarm rate is 
0.13, the root mean square error is 0.82 m, the robustness 
score is 6.8, and the number of mutations per km is as high as 
6.1, indicating that their trajectory fluctuates significantly and 
their stability is poor in complex road environments. In con-
trast, the accuracy of the GO method on KITTI has slightly 
improved to 91%, the false positive rate has decreased to 

Fig. 10 Synchronous positioning and mapping trajectory analysis: (a) Route 1; (b) Route 2

Table 2 Simulation performance analysis table

Test dimension Test 1 Test 2 Test 3 Average 
value

Positioning accuracy (%) 92.4 93.8 95.1 93.8

Average error (m) 0.53 0.47 0.44 0.48

Time efficiency (s) 1.05 0.98 0.94 0.99

Robustness 8.7 8.9 9.1 8.9

Detection coverage (%) 94.3 95.1 96.2 95.2

Track smoothness (m) 0.09 0.07 0.06 0.07

Re-visit detection accuracy (%) 87.5 88.9 90.2 88.9

Cumulative error drift (m/km) 0.41 0.37 0.33 0.37

Fig. 9 Model error analysis: (a) North South error; (b) East West error
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0.11, the RMSE has decreased to 0.71 m, the robustness 
score has increased to 7.5, and the number of mutations has 
decreased to 4.8/km. This indicates that the introduction of 
graph optimization mechanism has improved trajectory con-
tinuity, but there is still a certain degree of mutation phenom-
enon. Further observation of the proposed model shows an 
accuracy rate of 96% on KITTI, far higher than the previous 
two. The false alarm rate is controlled at 0.07, the RMSE is 
reduced to 0.53 m, and the robustness score is as high as 9.2. 
At the same time, the number of mutations is significantly 
reduced to 2.3/km, indicating that the model can effectively 
suppress trajectory mutations and maintain higher stability 
and continuity during long-distance driving. In the com-
plex urban traffic scenario of NuScenes, the proposed model 
has an accuracy rate of 94.7%, a false alarm rate of 0.09, an 
RMSE of 0.59 m, a robustness score of 8.9, and a mutation 
frequency of 2.6/km. Although slightly lower than its perfor-
mance on KITTI, it still maintains a good level, indicating 
that the model can maintain strong robustness and anti-in-
terference ability in urban environments with multiple traffic 
elements and frequent dynamic disturbances.

According to Table 4, on the KITTI dataset, MSCKF and 
VINS Fusion, as commonly used advanced algorithms, have 
accuracies of 92.1% and 93.5%, root mean square errors of 
0.68 m and 0.61 m, and robustness scores of 7.8 and 8.3, 
respectively. However, the proposed model achieves an 
accuracy of 96% in the same environment, with an RMSE 
of only 0.53 m and a robustness score of 9.2. At the same 

time, the false positive rate is also controlled at 0.07, which 
is significantly better than the compared algorithms, reflect-
ing the progress of this method in accuracy and stability.  
In the complex urban environment of NuScenes, the pro-
posed model achieved an accuracy of 94.7% under clear con-
ditions, an RMSE of 0.59 m, and a robustness score of 8.9, 
indicating that it still maintains high performance in multi-tar-
get and multi-interference scenarios. In rainy weather condi-
tions, the accuracy decreased to 91.8%, the RMSE increased 
to 0.72 ms, and the robustness score was 8.5, indicating that 
severe weather has a certain impact on laser and visual sen-
sors, but the overall performance is still acceptable; In night-
time scenarios, the accuracy is 92.6%, the RMSE is 0.69 m, 
and the robustness score is 8.6, which is better than rainy 
conditions, indicating that the model still has good stabil-
ity in low light environments. Overall, the proposed model 
not only outperforms MSCKF and VINS Fusion on standard 
datasets but also maintains high robustness and accuracy in 
extreme weather and nighttime scenarios, demonstrating its 
practical value in complex environments.

5 Conclusions
In response to the limited positioning accuracy, sensor error 
accumulation, and weak mapping consistency of autono-
mous vehicles in complex road environments, this study 
constructed a synchronous positioning and mapping model 
based on multi-sensor fusion. This model combined LiDAR, 
vision, inertial measurement, and wheel speed information 
to achieve high robustness, high-precision state estimation, 
and dynamic mapping capabilities. In the experiment, the 
overall accuracy of the model on the KITTI dataset reached 
96%, significantly better than the traditional method's 90% 
and GO's 91%. FAR was controlled at 0.07, which was 6% 
and 4% lower than other methods, respectively. The initial 
heading deviation was compressed from the traditional meth-
od's 2.0 degrees and GO's 1.7 degrees to 0.8 degrees, sig-
nificantly reducing the impact of initial attitude error on the 
path. In terms of RMSE, the research model had a value of 
0.53 m, which was significantly better than GO's 0.71 m and 
traditional methods' 0.82 m, and the positioning process was 
more continuous and accurate. At the same time, the average 

Table 4 Comparative analysis with state-of-the-art algorithms and 
adverse scenarios

Model Dataset/
Scenario

Accuracy
(%) FAR RMSE

(m)
Robustness 

score

MSCKF KITTI 92.1 0.12 0.68 7.8

VINS-Fusion KITTI 93.5 0.10 0.61 8.3

Proposed KITTI 96.0 0.07 0.53 9.2

Proposed NuScenes 
(clear) 94.7 0.09 0.59 8.9

Proposed NuScenes 
(rain) 91.8 0.11 0.72 8.5

Proposed NuScenes 
(night) 92.6 0.10 0.69 8.6

Table 3 Robustness analysis including mutation frequency

Model Dataset Accuracy (%) FAR RMSE (m) Robustness score Mutations/km

Traditional KITTI 90 0.13 0.82 6.8 6.1

GO-based KITTI 91 0.11 0.71 7.5 4.8

Proposed KITTI 96 0.07 0.53 9.2 2.3

Proposed NuScenes 94.7 0.09 0.59 8.9 2.6
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remained within 0.07 m, the cumulative error drift was as 
low as 0.37 m/km, and the accuracy of follow-up detection 
remained stable at 88.9%. Research has shown that the model 
performs well in multiple key performance indicators and is 
suitable for autonomous driving tasks that require high accu-
racy, stability, and adaptability. Despite the issue of slightly 
higher computational complexity, it is expected to achieve 

wider engineering applications in the future through further 
model lightweighting and efficient optimization strategies. 
Future research can further expand the generalization ability 
of the model in dynamic obstacle-dense, severe weather, and 
nighttime scenarios, and improve its processing efficiency in 
large-scale map construction at the city level. Future work 
will further integrate mm-wave radar to enhance percep-
tion robustness in adverse weather conditions and extend 
the model's applicability to all-weather autonomous driving.  
In addition, optimizing the timestamp alignment algorithm 
will continue to be a focus, as it is essential to minimize 
cross-sensor temporal drift and ensure reliable spatiotempo-
ral fusion in dynamic environments.
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