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(b) experimental hardware platform
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Fig. 6 Experimental result of line trajectory and comparison of different SLAM methods. (a) Linear experiment effect; (b) comparison

of line trajectories of different SLAM methods
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Fig. 7 Analysis of absolute trajectory error for long-term data of linear trajectories. (a) Absolute translation error of linear trajectories;
(b) absolute rotation error of linear trajectories
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Table 2 Comparison of absolute trajectory error for line trajectories
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Fig. 8 Experimental results of rectangle trajectory and comparison of different SLAM methods. (a) Rectangular experiment effect;

(b) comparison of rectangle trajectories of different SLAM methods
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Table 3 Comparison of absolute trajectory error for rectangle trajectories

Trajectory Length /mm Metric LeGO-LOAM BALM LIO-SAM LIC-Fusion2 Ours
A s 226.36 mm 141.73 mm 48.77 mm 28.41 mm 10.96 mm

16800 Ao 4.61° 5.67° 3.32° 2.37° 1.32°
) Aans 239.22 mm 153.65 mm 51.34 mm 37.26 mm 12.47 mm
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A ns 245.89 mm 158.42 mm 55.62 mm 43.35 mm 11.52 mm

20400 A 5.92° 7.46° 3.76° 3.38° 1.96°
A ans 252.94 mm 161.86 mm 61.15 mm 49.74 mm 13.27 mm

67200 A 6.77° 8.34° 4.98° 3.76° 1.98°
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Fig. 9 Analysis of absolute trajectory error for long-term data of rectangle trajectories. (a) Absolute translation error of rectangular

trajectories; (b) absolute rotation error of rectangular trajectories
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Table 4 Comparison of time efficiency of threads unit: ms
Thread LeGO-LOAM BALM LIO-SAM LIC-Fusion2 Ours
Date preprocessing 52.43 46.38 58.12 58.34 65.68
Laser odometry 40.12 31.22 28.36 27.17 25.64
Optimized mapping 653.34 627.35 234.86 462.15 140.14
Loop detection 368.32 — 382.95 351.49 332.31
System operation 1114.21 704.95 704.29 899.15 563.77
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Abstract

Objective
with advanced navigation capabilities is becoming increasingly essential. This research is driven by the need to address

In the rapidly evolving domain of warehouse logistics, the deployment of automated guided vehicles (AGVs)

significant challenges in existing laser-inertial navigation systems used in warehouse environments. These challenges
include susceptibility to inertial bias drift, compromised real-time performance, and reduced pose estimation accuracy,
particularly in areas with repetitive structures or dynamic environmental changes. The study aims to not only enhance the
operational efficiency of AGVs but also significantly contribute to the broader field of industrial automation and intelligent
robotics systems. By improving the precision and reliability of AGV navigation, the research endeavors to optimize
warehouse operations, reduce operational costs, and increase throughput. This objective is critical in addressing the
limitations of current navigation systems and ensuring the adaptability and effectiveness of AGVs in complex warehouse

settings, thereby contributing to the evolution of automated logistics and enhancing overall supply chain management.

Methods
integrating a multimodal fusion of laser light detection and ranging (LiDAR), inertial measurement unit (IMU), and quick

A comprehensive methodology was developed to enhance AGV navigation in warehouse environments,

response (QR) code technologies. This fusion approach was meticulously engineered to synergistically combine the unique
strengths of each sensing modality, thereby overcoming the inherent limitations of traditional laser-inertial navigation
systems.

In the warehouse setting, QR codes were strategically affixed to the floor at intervals of 1200 mm. When an AGV
scanned a QR code, the system received precise positional and angular information, providing an essential absolute
reference for recalibrating the AGV’s navigational state. Furthermore, IMUs were uniquely calibrated using QR code data
to compensate for inertial bias drift, significantly enhancing inertial measurement accuracy. In addition to considering
inertial residuals, a reprojection error between the 3D point ¢ at position x, and frame i was defined, incorporating error
analysis from the downward-facing sensor for QR codes on top of the laser reprojection error.

According to the bundle adjustment for LiIDAR mapping (BALM) algorithm, an innovative layered local bundle
adjustment (BA) optimization process integrated with QR code data was introduced. This process streamlined the BA

procedure, markedly reducing computational load and optimization time. The optimization process was structured from the
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bottom layer to the top, with each layer consisting of a set number of LiDAR frames. Keyframes within these layers,

particularly those identified through QR code scans, were used to construct a more precise and consistent global trajectory
for the AGV. During the layered BA optimization, specific keyframes within each window were maintained without
participating in the BA optimization. Following this layered optimization, a top-down pose graph optimization was
implemented, crucial for minimizing cumulative pose estimation errors that might have propagated through the bottom-up
optimization process. This phase of the optimization considered common features within each window of frames,
particularly focusing on frames associated with QR code scans. The fixed positions from QR code scans ensured high
confidence in pose estimates, significantly enhancing the overall accuracy of the navigation system. This dual optimization
process effectively addressed scale drift and time-consuming issues commonly encountered in incremental mapping
methods, ensuring a more accurate and efficient navigation system for AGVs. The integration of QR code data not only
provided high positional accuracy but also contributed to the robustness and reliability of the AGV navigation system in

complex warehouse environments.

Results and Discussions In our research, we address the challenge of inertial bias drift by proposing an IMU pre-
integration model integrated with QR code data. This model utilizes the rigid constraint information provided by QR codes
to update inertial biases. By considering inertial residuals and jointly optimizing the errors from laser-inertial and downward-
facing camera systems, we establish a robust initial state estimation using the absolute pose derived from the QR codes
captured by the downward-facing camera. This approach ensures a solid starting point for the joint optimization,
accelerating the convergence speed, and enhancing the accuracy of the estimates. Experimental validations have been
conducted on linear and rectangular trajectories. The performance of our method is compared with open-source algorithms
such as LeGO-LOAM, BALM, LIO-SAM, and LIC-Fusion2. Notably, as the trajectory length increases from
24000 mm to 60000 mm, the absolute translational and rotational errors of our method only grow by approximately 2 mm
and 0.5°, respectively. This represents a 1-4 times improvement in overall positioning accuracy (Table 2 and Table 3).

To address the issue of real-time performance, we propose a globally consistent optimization model, selectively
incorporating keyframes and QR codes to execute a layered local BA optimization from the bottom layer to the top. This
process significantly enhances the consistency and precision of LIDAR mapping and AGV positioning. During the layered
optimization process, the pose of specific keyframes (derived from QR code solutions) is maintained constant and not
involved in the optimization process, ensuring accuracy while significantly reducing optimization time. In our experimental
setup within a warehouse logistics environment, our algorithm demonstrates a substantial improvement in time efficiency,
outperforming LeGO-LOAM, BALM, LIO-SAM, and LIC-Fusion2 by 49.40%, 20.03%, 19.95%, and 37.29%,
respectively (Table 4). Finally, leveraging factor graph optimization, we propose a globally consistent navigation
framework that fuses laser-inertial and QR code data. This framework integrates pre-integration factors, tracking factors,
loop closure factors, and QR code factors into the factor graph model, realizing multi-level data fusion. This approach
effectively reduces cumulative errors and provides a globally consistent AGV navigation outcome (Fig. 4). This innovative
navigation system represents a significant advancement in AGV technology, offering enhanced accuracy, efficiency, and
consistency in complex warehouse environments (Fig. 4).

Conclusions  To address the challenges inherent in laser-inertial-based navigation methods in warehouse logistics
environments, such as inertial bias drift, poor real-time performance, and low pose estimation accuracy in degraded
scenarios, we present a precise laser-inertial-QR fusion navigation method for autonomous and accurate AGV navigation in
warehouse logistics settings. By integrating the IMU pre-integration model with QR data and employing a globally
consistent optimization approach, we successfully estimate and correct inertial biases while reducing optimization time.
The tight coupling of LiDAR, IMU, and barcode data facilitates multi-level data fusion, significantly enhancing
positioning accuracy and robustness. The method has been extensively compared with leading laser-inertial navigation
methods on a developed navigation platform. Experimental results demonstrate the superior time efficiency and reduced
pose errors of the algorithm that maintains translational and rotational errors below 0.02 m and 2°, respectively, regardless
of the trajectory length.

Future research will explore deeper multi-sensor fusion by integrating visual sensors to further enhance navigational
accuracy. This includes capturing feature points using high-precision cameras and synergistically optimizing them with laser
and IMU data using visual SLAM techniques, thereby strengthening system performance in variable lighting conditions or
feature-deprived scenarios. Additionally, the development of a new real-time adaptive calibration method within the multi-
sensor fusion algorithm is considered. This method aims to utilize real-time sensor data for continuous adjustment of sensor
model parameters. The key lies in employing advanced filtering techniques, such as Kalman filters or particle filters, to
estimate and correct sensor errors in real time, potentially achieving significant improvement in system accuracy and

reliability.

Key words LiDAR; simultaneous localization and mapping; inertial measurement unit preintegration; quick response

code; factor graph optimization
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