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Abstract. Aiming at the problem of large positioning accuracy of LiDAR odom-
etry and mapping (LOAM) algorithm, this paper proposes a LOAM algorithm
fusion Adaptive Particle Filter (APF) algorithm. Experiments show that the tra-
jectory of the APF algorithm using the LOAM algorithm was half the accuracy of
the trajectory using the LOAM algorithm. In order to better verify the accuracy
effect, the R-fans 16-line laser radar was used to compare and analyze the test
under closed and non-closed routes. The results show that under the closed route,
the LOAMalgorithm combines theAPF algorithm to provide the accurate position
trajectory for the car. In the non-closed route, due to the lack of closed-loop con-
straints, the motion distortion of the car is caused by the accumulation of errors.
Through experiments, using the LOAM algorithm to merge the APF algorithm in
the non-closed loop could also effectively compensate the motion distortion and
filter out the noise, so as to achieve the effect of the trajectory correction, reduce
the error with the real trajectory, and improve the positioning accuracy.

Keywords: R-fans 16-line lidar · Closed loop · Non-closed loop · LOAM
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1 Introduction

With the continuous rise of location-based service (LBS), indoor positioning has become
an important direction [1, 2], and accurate positioning trajectories can greatly meet
people’s positioning needs. Experts at home and abroad have successively proposed
improved proximity algorithm [3], dead reckoning algorithm [4], vision-based posi-
tioning algorithm [5] and multi-sensor fusion-based positioning algorithm [6–9]. The
above method research is relatively deep and extensive, but all have certain limitations
and defects. The limitation is that it only conducts positioning research for closed tra-
jectories, and does not involve research on non-closed trajectories. The defect type is
manifested in the inefficiency of the improved algorithm of the proximity method, the
dead reckoning will cause drift, the vision-based positioning algorithm is too complex,
and the positioning algorithm based on multi-sensor fusion is vulnerable to environmen-
tal factors. Therefore, the laser radar combined with the logistics trolley is used to form a
laser radar trolley system [10], and the accuracy can be in the centimeter level. However,
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when solving the trajectory, the LOAM algorithm has no closed-loop constraints, which
will produce motion distortion; at the same time, filtering and estimating the state of
the variables at the current moment is an iterative process, and the points in the point
cloud scanned by the radar are discretized. Ensure that the points of the previous frame
of data are still scanned in the next frame. Therefore, an adaptive particle filter algo-
rithm is used to optimize the position and attitude of the laser odometer to estimate the
accuracy. The adaptive particle filter algorithm accelerates particle convergence, while
taking into account the diversity of particles, using a smaller number of particles to
obtain more accurate trajectory results. This paper combines the LOAM algorithm and
the APF algorithm to correct the trajectory when calculating the trolley trajectory of
closed and semi-closed routes, which can effectively improve the accuracy of trajectory
positioning.

2 Principle of LOAM Algorithm

Theessenceof theLOAMalgorithm is a laser odometer. The algorithmdivides theSLAM
problem into two algorithms that run simultaneously to realize real-time mapping. The
main steps of the LOAM algorithm:

1. Extract feature points
2. Find the corresponding point of the feature point
3. Estimation of action

3 Definition of Particle Filter

Adaptive particle filter (APF) algorithm model: The state of the dynamic system is
probably distributed to p(x0). The post-test probability distribution of the target state
xk is p(x0:k |z1:k), {xi0:k ,wi

k}Ns
i=1 is a particle population of the corresponding weight of

{wi
k , i = 0, · · · ,Ns}, where x0:k = {xj, j = 0, · · · , k} is the state set of 0 to k.

4 Fusion of LOAM Algorithm and APF Algorithm

4.1 The Initialization

Determine the movement coordinates of the trolley through the calibration of the posi-
tion, for example, take the number of particles N = 100, filter the walking direction of
the trolley, set the initial value of the weight to 1/N, and according to the system setting,
the sum of the weight of the particles is 1. Each particle represents the possible motion
state of the trolley, that is, the possible position of the trolley.
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4.2 State Transition of Particles

Taking into account the continuous transfer of particle states, the position of the trolley
is constantly updated over time, and the Bayesian full probability formula is used to
estimate its motion model.

P(Xk,i,Xk+1,i+1,U(k,k+1)) ∝ P(X0,0|Ui,0)

i∏

k=1

P(Xk |Xk+1,Uk ,Uk+1) (1)

Where:Xk,i represents the pose node of the k-the frame lidar at time I,Xk+1,i+1 represents
the pose node of the k-the frame lidar at time I, andU(k,k+1) represents the transfermatrix
between two adjacent frames of radar data obtained by the LOAM matching algorithm.

4.3 Particle Update

The APF algorithm approximates the true posterior probability of the system by con-
tinuously updating the position and weight of the particle. Through the motion model,
the particle continuously updates the position, and at the same time updates the weight
value by measuring the model particle.

The feature point screening and matching of the LOAM algorithm and the prior
probability density function and posterior probability density function of the particles
are combined to obtain an optimized fusion matrix function.

f (U ) = min f (
n∑

i=1

dεi(U ) +
m∑

j=1

dHj(U )) (2)

Where: dεi is the distance between the i-th line characteristic point to line ε, dHj is the
distance between the j-th feature point to the surface H.

dεi and dHj are the distance from the itch line feature point to the line and the j-the
surface feature point to the surface respectively.

4.4 Re-sampling

The motion state and position of the trolley are estimated by selecting particles with
larger weights. Using this distribution, the weight of the first particle:

ω
(i)
t = ω

(i)
t−1.η

(i). (3)

In the formula, theweight is selected by samplingmethod. If the particle set { xi0:k}Ns
i=1

can be obtained by the density function q(x0:k |z1:k), the weight is shown in the following
formula:

wi
k ∝ p(xi0:kz1:k)

q(xi0:k |z1:k)
(4)
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5 Experiment and Analysis

The experimental equipment uses R-fans16 cable and a laptop equipped with ubuntu
system and ROS system. In order to compare the accuracy of positioning, the relevant
paths were planned in advance. Four control points including the start point and the
end point were set on the fully enclosed path and the semi-closed path respectively, and
the precise control points were obtained by using a total station. The location under the
coordinates, the experimental equipment is shown in Fig. 1, the experimental routes are
respectively selected indoor fully enclosed routes and semi-enclosed routes.

Fig. 1. Experimental equipment diagram

5.1 Fully Enclosed Route Experiment

In a closed indoor environment, a stone is placed every other segment, and the trolley
is slowly moving along the closed loop at a speed of 0.5 m/s. The MATLAB simulation
results of the two closed-loop experimental trajectories are shown below (Figs. 2 and 3).

Fig. 2. Real trajectory and blue dot trajectory of LOAM algorithm
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Fig. 3. Real trajectory and blue dot trajectory of LOAM-APF algorithm

Table 1. Trajectory positioning error of a fully enclosed route

Direction error LOAM LOAM-APF

X direction error/m 0.07 0.03

Y direction error/m 0.10 0.05

From Table 1, under the closed route, the positioning accuracy of LOAM-APF algo-
rithm in the x direction is improved by 57.1%, and the positioning accuracy in the Y
direction is improved by 50%.

5.2 Semi-closed Route Experiment

Four nodes are selected and a semi-enclosed route is planned. The trolley is slowly
advancing at a speed of 500 mm/s. The MATLAB simulation results of the semi-circle
experimental trajectory are shown in the figure below (Figs. 4, 5 and 6).
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Fig. 4. Real trajectory
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Fig. 5. Motion trajectory of LOAM algorithm
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Fig. 6. Motion trajectory of LOAM-APF algorithm

Table 2. Trajectory positioning error of semi-closed route

Error LOAM LOAM-APF

Positioning error/mm 56 28

Error respectively/% 0.43 0.22

From Table 2, the standard deviation and positioning error distribution of using
the LOAM-APF algorithm in the semi-closed route experiment are reduced by 50%
compared to only using the LOAM algorithm, which greatly improves the accuracy of
its positioning.

6 Conclusion

As the trajectory of the trolley increases, the trajectory calculated by theLOAMalgorithm
will fluctuate and deviate from the real trajectory, while the trajectory obtained by the
LOAM-APF algorithm will basically not fluctuate. The LOAM-APF algorithm solves
the problem of trajectory deviation in closed and semi-closed routes, which has certain
practical significance.
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