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Abstract: SLAM (Simultaneous Localization and Mapping) is mainly composed of five parts: sensor
data reading, front-end visual odometry, back-end optimization, loopback detection, and map
building. And when visual SLAM is estimated by visual odometry only, cumulative drift will
inevitably occur. Loopback detection is used in classical visual SLAM, and if loopback is not detected
during operation, it is not possible to correct the positional trajectory using loopback. Therefore, to
address the cumulative drift problem of visual SLAM, this paper adds Indoor Positioning System (IPS)
to the back-end optimization of visual SLAM, and uses the two-label orientation method to estimate
the heading angle of the mobile robot as the pose information, and outputs the pose information with
position and heading angle. It is also added to the optimization as an absolute constraint. Global
constraints are provided for the optimization of the positional trajectory. We conducted experiments
on the AUTOLABOR mobile robot, and the experimental results show that the localization accuracy
of the SLAM back-end optimization algorithm with fused IPS can be maintained between 0.02 m
and 0.03 m, which meets the requirements of indoor localization, and there is no cumulative drift

check for
updates

Citation: Xia, Y,; Cheng, J.; Cai, X.;
Zhang, S.; Zhu, J.; Zhu, L. SLAM
Back-End Optimization Algorithm
Based on Vision Fusion IPS. Sensors
2022, 22,9362. https:/ /doi.org/
10.3390/522239362

Academic Editor: Aboelmagd

Noureldin

Received: 11 October 2022
Accepted: 25 November 2022
Published: 1 December 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in

published maps and institutional affil-

iations.

problem when there is no loopback detection, which solves the problem of cumulative drift of the
visual SLAM system to some extent.

Keywords: SLAM; Indoor Positioning System; back-end optimization; positional trajectory

1. Introduction

Simultaneous Localization and Mapping (SLAM) refers to the indoor environment in
which the Global Positioning System (GPS) or BeiDou Navigation Satellite System (BDS)
module does not receive satellite signals and cannot obtain location-related information such
as latitude and longitude, the robot uses the features in the environment to estimate its
pose; and extracts the relevant location and other information of all objects in the unknown
environment, i.e., to describe the environment. The robot not only needs to localize itself
using the created map but also needs to update the environment map based on the current
pose information. In Visual SLAM (VSLAM), the visual odometry (VO) will accumulate
errors over a long period resulting in unreliable estimated positional trajectory results. This
will lead to the inability of the whole VSLAM system to obtain globally consistent positional
trajectory information, which will have a large impact on the results of both localization and
map building. The accumulated drift phenomenon in visual SLAM is shown in Figure 1.

For the cumulative drift problem, the classical framework of visual SLAM uses loopback
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in a straight corridor), it cannot use loopback to correct the positional trajectory, and the
cumulative drift problem of the visual SLAM system remains unsolved.

(a) True trajectory diagram  (b) Displacement drift diagram

Figure 1. Schematic diagram of cumulative drift in VSLAM.

In order to solve the cumulative drift problem of the visual SLAM system in the
loopback-free task, borrowing the idea of using GNSS in the outdoor environment, this
paper adds Indoor Positioning System (IPS) to the back-end optimization of VSLAM to
provide global constraints for the optimization of the positional trajectory and proposes a
back-end optimization framework based on the positional map. Firstly, the VO information
is obtained from the front-end VO calculation method, and then the bit-pose information
obtained by IPS adaptive outlier suppression algorithm is optimized by the IPS adaptive
outlier suppression algorithm. Finally, the constructed residual terms are constructed from
the input data and added to the pose-map optimization through the pose-map optimization
module to calculate the transformation relationship from VO to its coordinate system. We
conducted experiments on the AUTOLABOR mobile robot, and the results proved that the
problem of cumulative drift of the VSLAM system can be solved to a certain extent.

2. Related Work

The mainstream sensor types used for SLAM are laser sensors and vision sensors. Laser
SLAM is relatively more accurate, but LIDAR is more expensive and has a limited detection
range, in addition to the lack of semantic information and the difficulty of loopback detection.
In environments with poor environmental scene diversity, such as structured corridors or
tunnels with consistent structure and other structured scenes, degradation problems will occur,
and at this time, laser SLAM is more prone to degradation problems compared to VSLAM.
In contrast, VSLAM has the advantages of low cost, small size, low power consumption,
and rich information perception, and is more suitable for indoor environment.

One of the more common problems in VSLAM systems is the cumulative drift problem.
Each calculation and optimization of the visual front-end of SLAM generates a small error,
and when the camera moves continuously for a long time, this small error will accumulate
and eventually cause the estimated trajectory to deviate from the real motion trajectory.
Feature-based SLAM associates feature extraction (e.g., SURF [1], SIFT [2] and ORB [3])
and matching with data, and then performs pose estimation by minimizing the feature
point reprojection error. Direct VSLAM treats data association and pose estimation as an
overall optimization problem and solves the problem by minimizing the photometric error.
The reliance on accurate data correlation can lead to tracking failures for low textures,
lighting variations, and occluded areas. In addition, geometric methods have the inherent
disadvantage that camera motion can only be estimated to an unknown scale, which can
also lead to scale drift over time.

AJ. Davison [4] proposed the first monocular SLAM system, MonoSLAM, in which the
back-end optimization part used is based on the Extended Kalman Filter (EKF) optimization
method. Subsequently, Eade et al. [5] improved the SLAM back-end optimization algorithm
proposed by A.]. Davison based on MonoSLAM using Particle Filter (PF) algorithm and
proposed a Fast-SLAM based SLAM back-end optimization scheme. The VSLAM system
alleviates this problem by combining geometric VO with an optimized backend to continu-
ously adjust the position of landmarks and the pose of the camera, called graph optimization
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technique. Graph-based SLAM has been successful in many cases in established systems,
such as feature-based PTAM [6] and ORB-SLAM [7], as well as direct LSD-SLAM [8] and
DSO [9]. The graph-based SLAM [10] maintains a global graph with nodes representing
camera poses or landmarks and edges representing sensor measurements that constrain
the connected poses. In the back-end optimization process, the traditional filter-based
approach is replaced with a graph optimization approach, which provides an important
pavement for later graph optimization schemes.

In SLAM, with the help of loop closure, i.e., graph optimization with correctly estab-
lished loop closure constraints, SLAM is able to significantly reduce global trajectory drift.
Most of the existing LIDAR-based closed-loop detection is achieved by encoding the point
cloud as global or local descriptors and then matching the descriptors. They usually use
low-level features, such as coordinates [11-15], normal [16], reflection intensity [17-20],
etc. In recent years, with the development of deep learning, many LiDAR-based methods
for target detection [21] and semantic segmentation [22,23] have been proposed, making
it possible to obtain semantic information from point clouds. However, still only a few
LIDAR-based works attempt to use semantic information [24,25].

In the field of VSLAM, closed-loop detection based on local features [1,3] and Bag-of-
Words (BoW) [26] are well established and have been widely used [27,28]. Unlike images that
contain rich texture features, point clouds are almost purely geometric information, which
makes point cloud-based closed-loop detection challenging. Therefore, there is no effective
method to integrate into LIDAR SLAM systems. The ranging and mapping algorithms
represented by LOAM [29] achieved very high accuracy on the KITTI [30] dataset.

The most currently used solution for the cumulative drift problem in VSLAM is still
loopback detection. In an outdoor environment, Autoware [31], an autonomous driving
framework in Shinpei Kato lab, uses a Global Navigation Satellite System (GNSS) to provide
global constraints for 3D laser SLAM localization, which not only solves the cumulative drift
problem of the positional trajectory but also ensures that the LIDAR performs point cloud
map matching localization with better initial values. In current VSLAM systems in indoor
environments, Yang B. [32] proposed a novel multi-class and motion attribute concurrent
VSLAM (MCV-SLAM) algorithm to ensure that VSLAM works properly in real-time in
dynamic indoor environments with moving objects. Hu H. [33] proposed a multi-map-
based SLAM system with a four-thread structure using multiple small maps for tracking to
reduce the error accumulation of VSLAM and introduced an algorithm to predict camera
pose to improve the robustness of tracking. Tseng P.-Y. [34] proposed an economical indoor
localization system based on visual simultaneous localization and mapping (vSLAM) with
low setup cost and an integrated approach for precise positioning using vSLAM to solve
the matching and accuracy. Raza A. [35] explored various indoor localization techniques
which compared and contrasted various approaches and classified them according to a set
of suggested criteria to evaluate a commercially deployable indoor localization solution.
However, there is no more research and better solutions for solving the SLAM cumulative
drift problem in loopback-free tasks in indoor environments. In this paper, the proposed
solution of adding IPS to the back-end optimization of VSLAM solves the cumulative drift
problem of indoor VSLAM systems in loopback-free tasks to some extent.

3. A Back-End Optimization Framework Based on Positional Maps

The front-end motion position estimation requires feature points (waypoint) to be in-
volved in optimally estimating the robot motion. In fact, after several observations, the con-
verged feature points (waypoint) have little positional transformation, while the outlier points
are eliminated. It is more redundant to optimize again for the points that have already con-
verged. Therefore, when the motion estimation smoothes out, the pose-map optimization
will no longer optimize the positions of feature points (waypoint), but only the connections
between all robot poses. In this way, a large number of feature point optimization calcula-
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tions can be saved while only the trajectories of key frames are retained. Figure 2 shows the
comparison between Bundle Adjustment (BA) optimization and pose map optimization.
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Figure 2. Schematic diagram of BA optimization compared with pose-map optimization.

The traditional bitmap-based optimization algorithm contains only the relative bitmap
constraints of two adjacent frames, and optimizes the bitmap data within a certain time
range through the bitmap. However, because the back-end optimization only considers the
constraints of adjacent frames, it is not effective for cumulative error elimination. In order
to solve the cumulative error problem of SLAM system and construct globally consistent
trajectories and maps, the global positional information of IPS is considered to be added to
the positional map, so that the positional map has global positional constraints.

As shown in Figure 3, Ty, ..., T, nodes represent the robot poses, and the motion
between two poses is obtained by the VO. Assuming that a motion T;; between T; and T;
has been estimated, the relative bit pose between frame i and frame j can be expressed on the
Lie group SE(3) as T = TiflT]-. To make the relative bit pose between {xp, x1,x2,...,x,}
of these moments of the poses {Ty, Ty, T, . . ., Ty } optimizes two aspects of the observations
that can be used, firstly, the poses of the moving robot at each moment obtained by IPS,
which have no cumulative error but are released at a low frequency of about 5-8 Hz, and is
represented by { T, I, T, L T } Next is the VO pose obtained from the front-end
pose estimation, this observation has a high release frequency of about 20-25 Hz and

the high accuracy in short time is given by by {TOL T2, o3, - -+, T(u—1)n } Based on the

above characteristics, the fusion strategy adopted in this paper is to use IPS as the absolute
constraint of the positional map, and use VO to establish relative constraints between
two frames of IPS poses, and since the VO frequency and the release frequency of IPS are
different, it is necessary to perform time matching on them before optimization.

i

Figure 3. Optimization of pose map with IPS constraints.

In order to facilitate the solution of the Gaussian Newton method, it is necessary to
derive the Jacobi matrix of the error terms of the IPS observations with respect to the bit
pose. Since the observation in the lattice diagram is a unitary edge connecting only one
lattice state quantity, the observation of this state quantity is given directly. IPS constraint
corresponds to the residual that is the difference between the observation and the state
quantity as shown in Equation (1). Adding a perturbation to the residuals in Equation (1)
yields Equation (2). The simplification of Equation (2) using the concomitant property
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Equation (3) and the BCH formula yields Equation (4), where the residuals are Jacobi with
A oA
respect to T; as Equation (5). ], (e;) has the form J; ! (ei]-) ~ T+ % {‘P" Pe } .

0 ¢
e = In (z;ln)v — In (exp((—gzi)A)exp(gf))v. (1)
& = In (Z;lexp((sgf)n)v. @)
Texp(&") T~ = exp((Ad(T))")
Ad(T) = Fg t?ﬂ ' ®
6~ e+ a?seé,- 5E;. @)
a%eéi = I e)Ad (T, ). ©)

To construct the least squares problem with IPS optimization added, the observed
value of IPS at k moments is denoted as T,ﬁVI, then the IPS error term at k moments can be
denoted as ¢! = T~ 1T,T.where Ty is the attitude estimate at moment k. The error term of
the front-end VO pose estimation is expressed as ¢’ = (Tl?]’.") 1Ti_lTj, T;? is the visually
observed pose transformation from moment i to moment j.

All the positional vertices and positional edges can form a graph optimization, which es-
sentially constitutes a least squares problem, where the edges are constraints on the positional
observations, and the optimization variables are the poses of the individual vertices. Writing
all the error terms as an overall objective function can be expressed as Equation (6):

1 o
minz Z eigZeij, (6)

ijee ij

where ¢ denotes the set of all optimized edges, Zif is the information matrix, inverse matrix
of the covariance matrix, indicating the magnitude of the weights, ¢;; is the error term.

The back-end positional optimization can be achieved by solving Equation (7). The en-
tire optimization problem can be defined as follows:

1 1
mini(Z (€%O>TZ€%O+Z(€Z1)TZ€Z1>. (7)
ij

ij€e kee k

After optimizing the construction into a nonlinear least squares problem using the
positional map, the global poses are optimized by invoking the methods in the Ceres library
for solving the optimal global poses.

4. Back-End Optimization Algorithm for Visual Fusion IPS
4.1. Overall Algorithm Flow

The whole fusion algorithm is divided into three main parts. The first part is the data
reading module, which obtains the VO information from the front-end VO calculation
method. The bit attitude information is read from the IPS, where the attitude information is
the heading angle, which is obtained by the double label orientation method. After getting
the VO data and IPS data use the data time matching function that comes with the ROS
system to align their data timestamps.

The second part is the IPS outlier removal module. The outlier suppression algorithm
proposed in this paper is used for the position and attitude information obtained by IPS.
The algorithm first needs to calculate the motion of adjacent frames of VO and IPS in the
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same time, then calculate the motion error between them, and finally determine whether
the error is less than the threshold value based on whether the IPS data at that time is
added to the optimization.

The third part is the pose map optimization module, which is based on Ceres library.
First, according to the input data, choose to construct VO residual and IPS residual at the
same time or only construct VO residual. Then, add the constructed residual to the pose
map for optimization. After the optimization, calculate the transformation relationship
between VO and IPS coordinate system according to the optimization results, and then
carry out the next round of optimization. The overall flow chart is shown in Figure 4.
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Figure 4. Flow of IPS and VO fusion algorithm.

4.2. IPS Adaptive Outlier Suppression Algorithm

In the static state indoors, the accuracy of the position information obtained by IPS
can be maintained at about 2 cm. However, in the actual environment, it is found that the
IPS signal may be blocked by objects and environmental noise at some moments in the
mobile state, which may lead to a decrease in the accuracy of the received position at a
certain moment, and then the fusion of the acquired outliers with the VO will definitely
affect the final result. In order to solve this problem, in this paper, we first perform the
outlier rejection process on the acquired IPS information before performing the positional
fusion. Inspired by the adaptive GNSS outlier rejection algorithm proposed in Das [36],
this section proposes an outlier suppression algorithm for the IPS positioning module to
pre-process the IPS data before fusion and eliminate the influence of outliers on the system.

The front-end pose estimation only contains the pose constraint between two adjacent
frames, and although the VO results of long-time operation are not credible, the pose
information obtained by it has higher accuracy in a short period of time. While the
global positional information obtained by IPS is more accurate, the positional information
obtained in a short period of time is susceptible to jumps due to external noise interference,
and there is a complementary relationship between these two frames. Based on the above
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characteristics, the VO acquired by the front-end is used as the observation value to reject
the abnormal values of the IPS positioning information. When a new IPS measurement is
acquired, the relative change between the current measurement and the previous moment
measurement is calculated, and the error between the VO relative to the measurement
over the same time span is also calculated. If the error of heading (position) change is less
than 1.5° (Hj,eqg) and the displacement change is less than 0.02 m (H ppsition), the current IPS
position information is added to the optimization, otherwise the information is discarded.
The specific algorithm flow is shown in Algorithm 1.

Algorithm 1: IPS adaptive outlier suppression algorithm
Input: Threshold Hyea; Hposition; Current IPS Positions Tyw; Current VO
position Tyopew

Step 1: Calculate the IPS positional change ATy, = TMl st

Tamnow, Calculate the VO

positional change ATy = T;(l)l 25t TV Onow-

Step 2: Update the previous moment’s pose data with the current pose data
Taiasts TvOlast-

Step 3: IPS pose change AR and displacement change Afj; are extracted from the
change matrix ATyy.

Step 4: VO pose change ARy and displacement change Aty are extracted from
the change matrix ATy (.

Step 5: Substitute ARps, ARy, Atpr, Atyo into the equation

S= \/ Yo 27 0 — By) 2 respectively The error of change of heading angle
er and the error of Change of displacement e;.

Step 6: if e; < HpositioneR < Hpead-

Step 7: Add the current IPS pose Ty07 to the pose map.

Step §; else.

Step 9: The current IPS pose does not join Tafnpm-

5. Experimental Results and Analysis
5.1. Experimental Hardware Environment

In this paper, we use the MarvelMind indoor positioning module [37] as the fused
IPS sensor. MarvelMind consists of three components: fixed beacons, mobile beacons,
and localization routing. The fixed beacons are placed within the working area of the
mobile robot, and it is necessary to ensure that the mobile beacons maintain a certain
Line of Sight (LOS) with at least three fixed beacons at any point in space for localization.
The mobile beacons are placed on the mobile robot and are used to obtain information
about the position of the mobile robot. Mobile beacons and fixed beacons use the same
hardware and are collectively referred to as localization beacons in this paper. For a location
beacon, we can change its function in the driver to make it work as a mobile beacon or a
fixed beacon, which is shown in Figure 5a. The location routing plays the role of a central
controller in the MarvelMind positioning system. All the information measured by the
beacons will be sent to the location routing, which will be processed and calculated by the
location routing, as shown in Figure 5b.

To ensure the accuracy of positioning, the built MarvelMind system should contain
3 to 4 fixed beacons. The system is built in the way shown in Figure 6. The fixed beacons
can be mounted on walls or ceilings or fixed with brackets, and the maximum distance
between fixed beacons is 50 m. The mobile beacons are placed on the object under test,
and the mobile robot can transmit the positioning information acquired by the mobile
beacons to the mobile robot’s host computer through the USB interface. The localization
routing can be placed anywhere in the workspace and can work using a USB to power it.
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Figure 5. Composition of MarvelMind positioning module.

Fixed beacons 1 Fixed beacons 2

\ \
\ \

N Mobile Beacons N

\ \

\ \

AN AN Fixed beacons 4

\
N

L Location Routing

Figure 6. Example of MarvelMind 4 fixed beacon setting.

Since the algorithm in this paper requires the placement of dual MarvelMind tags
and also requires the mobile robot chassis to be equipped with a PC and connected with
a network cable for distributed communication. Based on this need, the original AUTO-
LABOR mobile robot was modified to suit the experimental requirements of this paper.
The modified mobile robot platform is shown in Figure 7, with the addition of dual Marvel-
Mind location tags and an additional layer for the PC to ensure distributed information
transmission using a network cable.

Kinect v2.0
Deep Camera

MarvelMind

PC Mobile Beacons

Lithium Battery

Autolabor
Mobile
Chassis

Autolabor PC

Figure 7. Mobile robot platform with experimental equipment.
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5.2. Experimental Design

In this section, we verify the effect of fused IPS back-end optimization algorithm
by loop trajectory experiment and straight trajectory experiment. In the loop trajectory
experiment, the results of loopback detection are used as the standard trajectory to compare
the bit-pose trajectory results calculated by the back-end optimization algorithm of visual
fusion IPS and ORB_SLAM2 back-end algorithm (without adding the back-end optimiza-
tion of IPS) in the case of no loopback detection. And the straight trajectory experiment
uses the straight line of the real scene as the standard trajectory to evaluate the accuracy of
the back-end optimization algorithm of the fused IPS in this paper.

In the back-end global bit pose estimation experiment, in order to have the same initial
value of odometer as the control group, the back-end optimization algorithm of fusion IPS
uses the same VO part as the front-end to obtain the initial value of bit pose in this experi-
ment as the control group. The experimental design is shown in Figure 8, where traj_fusion
is the trajectory result obtained by the fused IPS back-end optimization algorithm proposed
in this paper. traj_fusion trajectory is optimized without loopback detection. traj_noloop
is the trajectory obtained directly by the traditional back-end optimization algorithm of
ORB_SLAM?2’s back-end optimization algorithm without fused IPS and without loopback
detection. The traj_loop is the trajectory obtained by the traditional back-end optimization
algorithm and optimized by loopback detection. traj_loop results have no cumulative drift
and high accuracy due to the processing of loopback detection threads, which is used as
the standard trajectory in the loop trajectory experiment.

Back-end optimization
algorithm with IPS
fusion

\

1

traj_fusion !

(Trajectory of fusion IPS back-end optimization) :
I

7

- = = = = = = = e e e e e e e e

ORB_SLAM2 Front-end

(Trajectory of traditional back-end
optimization)

visual odometer

\
1
traj_noloop 1
1
1
1

- = = = e = e e e = e e = e = e =

1 [ I

| traj_loop

N Traditi back-end q (Trajectory for traditional back-end

| optimization algorithms LEmEiER optimization with loopback

. detection)
———

Figure 8. Experimental trajectory illustration diagram.

N -

5.3. Mobile Robot Platform Circular Trajectory Experiment

The experiment collected three groups of data with different travel trajectories.
The travel distance of trajectory 1 is about 14 m, the travel distance of trajectory 2 is
about 16.5 m, and the travel distance of trajectory 3 is about 17 m.

We used EVO-SLAM trajectory accuracy evaluation software [38] for visualization,
and Figure 9 shows the error trajectories of the three sets of trajectory data collected, in which
the dashed trajectories are the standard trajectories, i.e., traj_loop obtained by loopback detec-
tion optimization. Figure 9a—c shows the error trajectory obtained by the back-end optimiza-
tion algorithm of visual fusion IPS, and Figure Figure 9d—f shows the error trajectory obtained
by the ORB_SLAM2 back-end algorithm. From the results of the three sets of trajectories, it
can be seen that the trajectory traj_noloop obtained by the back-end optimization algorithm
of the unfused IPS increases the error as the running time of the mobile robot increases,
and the estimated poses are no longer in the same position when the robot returns to the
starting position due to the cumulative error. In contrast, the trajectory traj_fusion obtained by
the back-end optimization algorithm with IPS fusion has no cumulative drift in the overall
trajectory due to the global positional constraints of IPS, and the starting and ending poses of
the robot are also closer from the intuitive results of the trajectory.
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Figure 9. Circular trajectory error under different driving trajectories. (a) Our optimization algorithm
(Trajectory 1); (b) Our optimization algorithm (Trajectory 2); (c) Our optimization algorithm (Trajectory 3);
(d) ORB_SLAM?2 back-end algorithm (Trajectory 1); () ORB_SLAM2 back-end algorithm (Trajectory 2);
(f) ORB_SLAM?2 back-end algorithm (Trajectory 3).

Figure 10 shows the trajectory error line plot of the loop trajectory plotting error with
respect to time variation for different driving trajectories, and APE means Absolute Pose
Error. It is obvious from the figure that the ORB_SLAM2 back-end algorithm results in
increasing error with time change due to the cumulative error. In contrast, the trajectory
error of the traj_fusion of the algorithm in this paper is more stable in a certain interval
range of small floating, and does not appear constantly rising trend.
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Figure 10. Absolute Pose Error of circular trajectory under different driving trajectories.
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As can be seen from the trajectory error line graph, the back-end optimization algo-
rithm incorporating IPS in this paper can effectively solve the cumulative drift problem of
VSLAM and ensure the global consistency of estimated poses.

The maximum value (Max), standard deviation (S5td), mean (Mean) and root-mean-
squared error (RMSE) of the trajectory error are calculated for all three sets of data. The stan-
dard deviation can reflect the degree of deviation of the trajectory error from the mean,
and the smaller the standard deviation, the less deviation from the mean. The root-mean-
squared error needs to be calculated for all poses and the result is calculated by Equation (8):

1Y _ 2
RMSEu = || 7 1 108 (T Teo) |- ®)

The error statistics of the three data sets in Tables 1-3. From the Max data, it can
be seen that the error of the algorithm in this paper is optimized due to the exclusion of
data affected by noise through the IPS outlier rejection algorithm, which ensures that the
errors of the acquired positional trajectories are maintained below 0.1 m. In the data of
Std traj_fusion value is smaller than traj_noloop value, which indicates that the floating
degree of trajectory error of the back-end optimization algorithm of fusion IPS is smaller,
and further indicates that the algorithm of this paper solves the problem of cumulative
drift. From the Mean and RMSE data, it can be seen that the error between the back-end
optimization algorithm of fusion IPS and the loopback detection result as the standard
trajectory is only between 3 cm and 6 cm, so if the mobile robot performs a task in which
the loopback trajectory cannot be driven, the back-end optimization algorithm of fusion
IPS proposed in this paper can ensure that the trajectory accuracy obtained is close to the
loopback detection optimization results, which in turn solves the cumulative drift problem
of VSLAM under the loopbackless task.

Table 1. Statistics of experimental results of trajectory 1.

Parameters (Unit: m) Max Std Mean RMSE
traj_fusion 0.0846 0.0164 0.0359 0.0395
traj_noloop 0.1900 0.0684 0.0946 0.1167

Table 2. Statistics of experimental results of trajectory 2.

Parameters (Unit: m) Max Std Mean RMSE
traj_fusion 0.0957 0.0230 0.0357 0.0424
traj_noloop 0.1880 0.0682 0.0932 0.1155

Table 3. Statistics of experimental results of trajectory 3.

Parameters (Unit: m) Max Std Mean RMSE
traj_fusion 0.0991 0.0203 0.0518 0.0556
traj_noloop 0.2816 0.1004 0.1384 0.1710

5.4. Experiment on Straight Trajectory of Mobile Robot Platform

This experiment collects two sets of straight trajectories, the running speed of the two data
carts are different, the speed of the mobile robot is 0.05 m/s, and 0.3 m/s respectively, and the
distance of the carts travel is about 7 m. The acquired trajectory data, groundtruth indicates the
trajectory true value, traj_fusion is the trajectory result obtained by the optimization algorithm
in this paper. traj_unloop is the trajectory result obtained by ORB_SLAM2 back-end algorithm,
the trajectory is not fused IPS nor loopback detection optimization.

Calculating the trajectory error can get the results shown in Figure 11, which reflects the
trajectory error of two sets of straight-line data, where the speed is 0.05 m/s in Figure 11a,b,
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and 0.3 m/s in Figure 11c,d. Figure 11a,c show the trajectory traj_fusion of fusion IPS, and
Figure 11b,d shows the traditional back-end optimized trajectory traj_noloop. it can be seen in
the figure that the traj_noloop trajectory also has the problem of cumulative drift in the straight
line state, and the mobile robot runs in the x-axis and drifts in the y-axis. While traj_fusion

trajectory results from the graph does not have a larger degree of positional drift.
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Figure 11. Trajectory error of straight trajectory at different speeds.

From the results in the Figure 12, we can see that in the state of straight line driving,
the error of traj_fusion trajectory of the algorithm after fusion IPS no longer increases with
the growth of running time, and the overall error trend is relatively smooth, and the overall
accuracy is maintained at about 0.05m, which effectively solves the problem of cumulative
drift. And both sets of data show a similar trend, indicating that the running speed of the
mobile robot does not have a large degree of influence on the accuracy of the positional
trajectory of the fused IPS back-end optimization algorithm.

Similarly the maximum value (Max), Standard Deviation (Std), Mean (Mean) and
Root-Mean-Squared Error (RMSE) are calculated for all data trajectory errors. The error
statistics of the two sets of data in Tables 4 and 5 can be obtained.

The maximum error of traj_fusion is also controlled below 0.1 m from the Max, which
proves the effectiveness of IPS outlier suppression algorithm. And the traj_fusion Std
is smaller than the result of traj_noloop, which indicates that the back-end optimization
algorithm trajectory results of fusion IPS have smaller oscillation amplitude and no obvious
cumulative drift phenomenon. From the results of Mean and RMSE, it can be seen that the
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error between traj_fusion trajectory and real trajectory can reach centimeter level, so the
accuracy of traj_fusion can reach between 0.2 m and 0.4 m.

APE w.r.t. translation part (m) APE w.r.t. translation part (m)
(not aligned) (not aligned)

—— traj_fusion.tum —— traj_fusion.tum
traj_unloop.tum 0.30 traj_unloop.tum
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|
\
|
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t(s) +1.642839*10° t(s) +1.642839*10°

(a) Speed of 0.05m/s (b) Speed of 0.3 m/s

Figure 12. Absolute Pose Error of straight trajectory at different speeds.

Table 4. Statistics of experimental results for speed of 0.05 m/s.

Parameters (Unit: m) Max Std Mean RMSE
traj_fusion 0.0929 0.0167 0.0280 0.0326
traj_noloop 0.3306 0.1127 0.1475 0.1856

Table 5. Statistics of experimental results for speed of 0.3 m/s.

Parameters (Unit: m) Max Std Mean RMSE
traj_fusion 0.0965 0.0279 0.0399 0.0487
traj_noloop 0.3141 0.1063 0.2213 0.2455

The analysis of the experimental results of the straight trajectory shows that the back-
end optimization algorithm proposed in this paper can solve the cumulative drift problem
of the VSLAM system, and the positioning accuracy of the algorithm can be maintained
between 0.02 m and 0.03 m to meet the demand of indoor positioning. Moreover, since the
algorithm can solve the cumulative drift problem of the VSLAM system without loopback
detection, it can be used and maintain high accuracy in tasks where mobile robots cannot
drive loopback trajectories.

6. Conclusions

SLAM is one of the key technologies for realizing research areas such as mobile
robotics, autonomous driving, and mixed reality, and is also an important part of mobile
robots to perceive their surroundings. This paper discusses the cumulative drift problem
in VSLAM and the impact of the emergence of cumulative drift on VSLAM systems.
A back-end optimization algorithm incorporating IPS is proposed for the many limitations
of loopback detection methods for solving the cumulative error problem in the VSLAM
framework. By comparing the experimental results of the circular trajectory and the straight
trajectory of the mobile robot driving indoors, it can be seen that the back-end optimization
algorithm of fusion IPS has a smaller error between the starting and ending positions
and has a smaller error with the optimized trajectory of loopback detection, which can
solve the cumulative drift problem instead of loopback detection. Therefore, the back-end
optimization algorithm of the fused IPS proposed in this paper can solve the cumulative
drift problem in the environment where loopback detection does not work, which extends
the usage environment of the VSLAM system.
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In this paper, the construction of the map is based on the purpose of indoor reconstruc-
tion only, and the method will also be limited by the sensor performance, and the accuracy
will be affected, for example, the sensor range limits the size of the indoor environment,
and the perception range of the depth camera likewise limits the scalability. We can only
reach the upper limit of the sensors after fusion and cannot break through. Therefore,
the next work will consider the optimization and improvement of the algorithm in this
paper based on the productization application, so that the algorithm can automatically
choose a more suitable algorithm according to the environment, and have the ability to
switch the state automatically, such as when switching from indoor environment to outdoor
environment, the algorithm can switch from IPS fusion to GPS. Meanwhile, we can build a
3D octree map by VSLAM, and build a better visual effect The dense point cloud map can
better realize the localization and navigation of mobile robots.
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