
Semantic SLAM Fusing Moving Constraint for Dynamic Objects under
Indoor Environments

Zhenyuan Yang, W. K. R. Sachinthana, S. M. Bhagya P. Samarakoon, and Mohan Rajesh Elara

Abstract— Simultaneous Localization and Mapping (SLAM)
technology is a rapidly developing field in robotics. Most exist-
ing SLAM algorithms lack robustness in dynamic environments
because moving objects can influence mapping and localization
accuracy, making it challenging for robots to identify moving
objects and understand their surroundings. Though some works
proposed semantic SLAM methods, they rely on point-based
feature extraction and matching algorithms with semantic in-
formation and simply exclude dynamic objects. In this work, we
proposed real-time RGB-D SLAM to combine point, line, and
plane features with object detection to increase the robustness in
dynamic environments. The proposed method combines object
detection, feature points, and lines to identify moving objects
and uses feature planes and semantic information to identify
constrained moving objects. Thus, the localization accuracy can
be improved under dynamic environments by excluding or using
dynamic objects. Experiments were conducted on a public TUM
dataset and in a real-world environment. The result shows that
the proposed SLAM algorithm can increase the dynamic object
detection speed and the robustness of SLAM performance
compared to state-of-the-art in dynamic environments.

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) is a
significant topic in robotics, especially in autonomous nav-
igation, robot inspection, and path planning. SLAM can
be classified into two categories: laser-based SLAM and
visual-based SLAM. Visual-based SLAM has a strong scene
recognition ability with the advantage of low cost and
easy installation compared to laser-based SLAM [1]. Visual
SLAM has developed fast in recent years. For instance,
traditional SLAM approaches like ORB-SLAM2 [2] using
feature-based tracking, LSD-SLAM [3] using direct tracking,
and VINS [4] using optical flow tracking exhibit good
performance across typical scenes.

However, as the requirements of real life and industry
needs increase, there are more demands for SLAM in differ-
ent environments. For texture-less indoor environments, the
pure point-based SLAM system has difficulty keeping its
robustness because of fewer feature points to track. Lines
and planes-based SLAM systems are working in texture-
less environments such as Pop-up SLAM [5], Structure-
PLP-SLAM [6], Planar-SLAM [7] could be found in the
literature. These SLAM systems combine multiple features
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to keep their robustness and increase localization accuracy
under indoor texture-less environments. However, the envi-
ronment being static has been one of the main assumptions.
When it comes to real-world scenarios, especially in indoor
environments, active objects such as moving people, chairs,
bottles, or some small movable objects are regular, which
must be considered.

Dynamic objects can largely influence the accuracy of
robot localization. To address this issue, SLAM in dynamic
environments based on semantic segmentation or object
detection such as DS-SLAM [8], Dyna-SLAM [9] has been
introduced. However, most methods are based on deep learn-
ing techniques, so the computation time must be considered
for real-time applications. Moreover, these methods detect
dynamic objects and exclude all their feature points. How-
ever, when considering large moving obstacles, excluding
all features on them will greatly decrease the localization
accuracy, even resulting in lost tracking. Therefore, making
use of dynamic objects rather than excluding them is crucial.

This paper proposes a new RGB-D SLAM system to in-
crease robustness under dynamic indoor environments using
structural and moving constraints. Further, the system uses
dynamic objects constrained by indoor structures to further
improve the localization accuracy. An example of dynamic
object detection and map building is shown in Fig. 1. The
main contributions are as follows:

• A proposed SLAM system fusing point, line, plane fea-
tures with object detection to exclude dynamic objects.

• The proposed system can exclude dynamic objects
faster than the state-of-the-art method.

• Proposed system has a new way of nonlinear optimiza-
tion method to make use of dynamic objects.

The structure of this paper is as follows: Section II men-
tions the related work. Section III introduces the overview
methodology of the proposed SLAM system. Section IV
shows the experiment results and Section V is the conclusion
and future work.

II. RELATED WORK

A. Semantic SLAM

Semantic SLAM combines object identification with tra-
ditional SLAM techniques. While SLAM focuses solely on
the geometric aspects of the environment, semantic analysis
involves recognizing objects within the surroundings. By
integrating these techniques, it becomes possible to generate
maps that include geometric data and semantic information
about the objects present in the environment. The concept
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Fig. 1. An example of mapping and dynamic points exclusion results in
the TUM RGB-D dataset (fr3 walking xyz). (a) and (b) show the original
RGB and depth images. (c) is the result after object detection and dynamic
points exclusion. (d) is the map with points, lines and planes.

of semantic fusion has been introduced by McCormac [10].
The system consisted of three main components, SLAM
ElasticFusion, a CNN, and a Bayesian update scheme.
Most semantic SLAM systems use semantic information
to increase their robustness under dynamic environments.
SO-SLAM [11] is a semantic object SLAM method using
object detection that applies spatial constraints on the object
level. Yanmin Wu et al. [12] introduced an extensive object
SLAM framework, emphasizing object-centric perception
and object-oriented tasks for robots.

B. SLAM in Dynamic Environments

Bescos et al. proposed the Dyna-SLAM [9], built over the
ORB-SLAM2 with added capabilities of handling dynamic
objects. Identification of dynamic obstacles has become
possible with the help of multi-view geometry and deep
learning approaches. DS-SLAM [8] is a pixel-level SLAM
system combined with SegNet [13]. Compared to Dyna-
SLAM, DS-SLAM considers the feature points on stationary
dynamic objects in the process of camera pose estimation.
Therefore, DS-SLAM works much better in highly dynamic
scenarios and performs faster compared to Dyna-SLAM.
FD-SLAM [14] utilizes a multi-thread process and a seg-
mentation model to manage dynamic objects with increased
overall processing speed. However, having a frame-by-frame
segmentation approach still hinders the speed of the FD-
SLAM. RDS-SLAM [15] relies solely on a lightweight SSD
detection model to identify dynamic feature points without
using any geometric approach. CFP-SLAM [16] is another
semantic SLAM method that calculates the static probability
of objects and takes them as weights to estimate camera
poses.

Semantic SLAM approaches have addressed dynamic sce-
narios by removing the effect of dynamic objects up to a

certain level. However, there is still a gap that exists for
further improvement.

C. SLAM Using Multiple Features

Feature extraction in SLAM refers to identifying distinc-
tive and relevant visual landmarks or features from sensor
data, typically obtained from cameras. These features are
used to estimate the robot’s position and orientation in its
environment while simultaneously building a map of that
environment. Combination feature extraction and mapping,
such as point-line, point-plane, and line-plane, have been
utilized in recent research. Xingxing et al. [17] presented
a work on a Visual SLAM that utilizes heterogeneous line
and point features. It has used unique orthonormal represen-
tation as the minimal parameterization to construct line and
point features. Albert et al. [18] proposed a SLAM frame-
work that processes points and lines targeting low-texture
environments. Raza Yunus et al. [19] proposed a SLAM
framework partly based on Manhattan World Assumption
combining lines and planes features. Mehdi et al. [20] have
explored the effects of accommodating plane features in a
sparse point-based SLAM system and validated performance
improvement. The work [21] presented a structure-aware
SLAM method targeting indoor environments. It utilizes
both planes and lines as essential elements for mapping and
localization. Fangwen Shu et al. proposed Structure-PLP-
SLAM [6], which combines point, line, and plane features
for monocular, stereo, and RGB-D cameras. By combining
planes and lines alongside point-based features, the method
aims to better understand and map indoor environments
compared to traditional point-based SLAM approaches.

III. SYSTEM INTRODUCTION

A. Overview Framework

ORB-SLAM2 [2] is an outstanding SLAM system with
high performance and wide usability. Therefore, the proposed
work is developed based on ORB-SLAM2 to detect multiple
features and dynamic objects. The overview framework of
the proposed SLAM system is shown in Fig. 2. The following
subsections introduce feature extraction and matching, the
object detection network, the proposed dynamic object de-
tection and exclusion algorithm, the moving constraint check,
and the whole pose estimation process.

B. Feature Extraction and Matching

1) Point: For points, Oriented FAST and Rotated BRIEF
(ORB) [22] feature is used here. ORB feature can be used
for point feature extraction and matching process and it is
widely used for point-based SLAM systems for its efficiency
and accuracy.

2) Line: For line extraction, Line Segment Detector
(LSD) [23] is used here. It is a linear-time line segment
detector that gives subpixel accurate results. For line match-
ing, feature line descriptors need to be calculated. Line
Band Descriptor(LBD) [24] is chosen here to calculate line
descriptors. LBD is a binary descriptor that performs efficient
and robust feature matching between different feature lines.
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Fig. 2. Overview framework

For the line representation, the startpoints and endpoints of
lines are used to represent lines.

3) Plane: The depth images captured by the RGB-D
camera will be used here to extract planes. The method
in [19] is used here for plane feature extraction and matching.
For plane representation, the Hessian form of representing
planes is used to express infinite planes. The representation
is πT = (nT , dT ) [25], in which n is the normal vector, d
is the distance between the plane and the original point. The
hessian form of representing planes is an over-parameterized
representation, which will influence the nonlinear optimiza-
tion step. A 3D plane has a degrees of freedom of 3, but the
Hessian form has four parameters. Here, a spherical coor-
dinate is introduced to represent planes. The representation
of planes can be transformed from Hessian form to (1). nx,
ny and nz are components of the normal vector in x, y, z
directions, ϕ and θ are the azimuth and elevation angles of
the plane normal.

q(π) = (ϕ = arctan(ny/nx), θ = arcsin(nz), d) (1)

C. Object Detection

In the proposed SLAM system, an AI-based computer
vision model is used to detect dynamic objects. YOLO
(You Only Look Once) [26] is a simple and widely-used
object detection algorithm. Object detection is chosen here
rather than semantic segmentation because object detection
generally has a faster speed of processing RGB images.
Semantic segmentation takes a lot more computation source
than object detection if they detect the same amount of ob-
jects. The simplicity of robot application is essential because
of the limited computation resources of a robot. Furthermore,
the model training difficulty of semantic segmentation is
much larger than object detection, making it very hard to
implement in different kinds of complex scenes.

YOLO-v8 [27] is used here because it has an extremely
fast detection speed suitable for real-time object detection.
The YOLOv8s model trained on the COCO2017 dataset can

identify 80 classes of objects, in which most of the common
objects in indoor environments are included. To exclude the
points which are not on this object, the distance of each point
and all detected planes will be calculated. If the distance is
smaller than a threshold, then the point will be identified as
falling on a plane(possibly the floor or a wall nearby) and
not belong to this object.

D. Dynamic Object Detection

Dynamic object detection is based on both object detection
and feature-matching results. The main idea is that if most of
the feature points and feature lines are detected as dynamic
points and lines in the bounding box of this object, then
the object is determined as a dynamic object. All detected
objects with bounding boxes with enough features will be
considered. Instead of calculating optical flow in [8], the
matched feature points and lines in the previous feature-
matching process will be used here. Firstly, the fundamental
matrix of each object will be calculated using two sets of
matched feature points and lines in the object bounding box
between the current frame and the last frame. For feature
lines, two sets of feature points are considered with their
startpoints and endpoints. There are two steps to decide
whether an object is dynamic. The first step is to calculate the
fundamental matrix using RANSAC [28]. When calculating
the fundamental matrix, epipolar constraint is used to identify
whether a point is an outlier. The epipolar constraint is as
(2) and (3).

P 1 = [u1, v1, 1],P 2 = [u2, v2, 1] (2)

P 2FP T
1 = 0 (3)

With the fundamental matrix, the distance between the
points in the current frame and the epipolar lines can be
calculated. The calculation method is in [8] and the equations
are shown in (4) and (5). In these two equations, P1 and
P2 are two matched points between the last frame and the
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current frame in homogeneous coordinate form, Dis is the
distance between the points in the current frame and the
epipolar lines, F is the fundamental matrix. If the distance
is bigger than a threshold ϵd, then the point is considered
a dynamic point and an outlier. The second step is to
calculate the outlier ratio. If the outlier ratio of the features
is bigger than a threshold ϵr, the object is determined to be
a dynamic object, and the bounding box is considered as a
dynamic area. If the outlier ratio is less than ϵr, the object
is considered static. The algorithm for detecting dynamic
objects is shown in Algorithm 1.

In our algorithm, the ϵd is set to 0.1 meters and ϵr is set
to 70%. These two parameters can be adjusted based on the
real scenes or applications.

I1 =

XY
Z

 = FP T
1 (4)

Dis =
P 2FP T

1√
||X||2 + ||Y ||2

(5)

If the number of feature points is fewer than 8, then the
RANSAC or eight-point algorithm [29] cannot be used to
calculate the fundamental matrix. Then, a second check will
be applied to these objects using the fundamental matrix
calculated from the static object with the most feature points.

E. Moving Constraint Check

To make full use of the semantic information, the moving
constraint check will be applied to all detected objects. For
moving rigid bodies constrained by planes(such as movable
chairs, tables, etc.), the constraint relationship can be used

Algorithm 1 Dynamic Object Detection
Input: bounding boxes B, matched features f1(last
frame), f2(current frame)
Output: dynamic areas

1: for i in range of B.size() do
2: if f2.size() > 8 then
3: outliers, F = GetFundaMat(f1[i], f2[i])
4: outliersNum = outliers.size()
5: f2[i]Num = f2[i].size()
6: if outliersNum / f2Num > ϵr then
7: dynamic areas + = B[i]
8: end if
9: else

10: lessfeatureareas + = B[i]
11: end if
12: end for
13: for i in range of lessfeatureareas.size() do
14: if GetEpipolarLineDis(f1[i], f2[i], F ) > ϵr then
15: dynamic areas + = B[i]
16: end if
17: end for
18: return dynamic areas

to increase pose estimation accuracy. To check whether an
object is a constrained moving object, the features in the
bounding box of this object will be used. For feature points,
the distances between all feature points and all detected
planes will be calculated for the last frame and the current
frame. If the difference in average distance of all points
in these two frames is smaller than a threshold ϵpm, then
this moving object is considered constrained by this plane.
For feature lines, the difference in the average angle of all
feature lines in these two frames will be calculated. If the
difference is smaller than a threshold ϵlm, then it is considered
a constrained moving object by this plane. Chairs and tables
are common moving objects(constrained by the floor) in
indoor environments. In this work, chairs and tables are
assumed as possible constrained moving objects, and they
will be verified during the moving constraint check process.
The algorithm for detecting constrained moving objects is
shown in Algorithm 2.

For constrained moving objects, the constraints between
these objects and related planes will be considered in the
pose estimation process.

F. Pose Estimation

For pose estimation, the bundle adjustment process op-
timizes the camera orientation R ∈ SO(3) and position
t ∈ R3. The factor graph of the proposed SLAM system is
shown in Fig. 3 to illustrate the pose estimation process. The
reprojection errors are divided into four factors: points, lines,
planes, and features(points and lines) in constrained dynamic
objects. For points, the reprojection errors are defined in (6),
where p is the observed 2D pixel coordinates, P is the 3D
matched points in world frame, Π is the project function
from the world coordinate to camera coordinate.

ep = p−Π(RcwP + tcw) (6)

For lines, the reprojection errors are defined using the
same method in [19], as shown in (7), where l is the observed
2D line, Pm is an end point of the matched 3D line.

el = lTΠ(RcwP
l
m + tcw) (7)

Algorithm 2 Constrained Moving Object Detection
Input: bounding boxes B, matched features f1(last
frame), f2(current frame), planes P
Output: constrained dynamic areas

1: for i in range of B.size() do
2: for j in range of P.size() do
3: Diff = GetAvgDisDiff(f1[i], f2[i], P [j])
4: if Diff < ϵm then
5: constrained dynamic areas + = B[i]
6: end if
7: end for
8: end for
9: return constrained dynamic areas
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Fig. 3. The factor graph for the proposed SLAM system.

For planes, the reprojection errors are defined in (8), where
πc is the detected planes in the current frame, πw is the
matched planes in the world frame, T ∈ SE(3) is the
transformation matrix.

eπ = q(πc)− q(T−T
cw πw) (8)

For constrained dynamic objects, the errors are defined
using the point and line features inside the bounding boxes
of the objects. For points, the constraint is that the distance
between the feature points and the constraining plane should
remain the same, so the moving direction vectors for points
should be perpendicular to the plane’s normal vector. For
lines, the constraint is that the angle between lines and the
constraining planes should remain the same. The errors are
shown in (9) and (10).

ecp = nT
wP l − nT

w(R
−1
cwP c −R−1

cw tcw) (9)

In (9), P l is the matched 3D points in the last frame under
world coordinate, nw is the normal vector of the plane under
world coordinate, P c is the matched 3D points in the current
frame under camera coordinate.

ecl =
slnw

||sl||
− R−1

cwscnw

||R−1
cwsc||

(10)

In (10), sl is the matched 3D line direction vector in
the last frame under world coordinate, sc is the matched
3D line direction vector in the current frame under camera
coordinate, nw is the normal vector of the plane under world
coordinate.

With all the error terms, the overall cost function is shown
in (11), where ρh is the robust Huber cost function and Ω is
the information matrix, which is the inverse of the covariance
matrix.

C =
∑

ρh(e
T
p Ωpep) +

∑
ρh(e

T
l Ωlel)

+
∑

ρh(e
T
πΩπeπ) +

∑
ρh(e

T
cpΩcpecp)

+
∑

ρh(e
T
clΩclecl)

(11)

This cost function is solved using the Levenberg-
Marquardt algorithm to get the optimal T cw, which is T cw =
argmin

T cw

(C). The optimization process is implemented using

g2o [30] library.

IV. EXPERIMENTS AND RESULTS

For the experiments, the performance of the pro-
posed SLAM system is evaluated both on TUM RGB-D
dataset [31] and a real-world scene.

A. Experiments on TUM dataset

The experiments are conducted on a computer. The com-
puter has an Intel Core i7-10700 CPU@2.90GHz x 16 pro-
cessor, a NVIDIA GeForce GTX 1050 Mobile graphic. The
operating system is Ubuntu 20.04. The TUM RGB-D dataset
uses nine sequences containing dynamic environments and
different camera motions. These sequences have environ-
ments in which people walk around or sit on chairs. Some
representative state-of-the-art SLAM systems are chosen here
to compare the performance of our SLAM system. ORB-
SLAM2 is chosen as our system is built based on this.
Planar-SLAM and Manhattan-SLAM are chosen because
they are state-of-the-art methods of fusing point, line, and
plane features. DS-SLAM and Dyna-SLAM were chosen
because they are state-of-the-art SLAM systems of SLAM
in dynamic environments. Absolute Trajectory Error(ATE)
and Relative Pose Error(RPE) are used here to evaluate
their performances. The ATE is used to evaluate the global
performance of a SLAM system, and the RPE is used to
evaluate the drift of a visual odometry system [31]. ATE
and RPE are calculated by the evo tool [32]. The Root Mean
Squared Error (RMSE) values of ATE and RPE are shown
in Table I, Table II, and Table III.

The results of the experiments show that the proposed
SLAM system performs much better than ORB-SLAM2,
Planar-SLAM, and Manhattan-SLAM in highly dynamic
environments(walking) as the dynamic objects and features
are successfully excluded. Compared with DS-SLAM and
Dyna-SLAM, the proposed system is slightly better as it
combines multiple features and uses the structural con-
straint for moving objects (such as the chair in sequence
fr2 desk with person) to improve the localization accuracy.
Although in some sequences, the performance of the pro-
posed system has less accuracy, the results are very close.
However, in sequence fr3 walking rpy, the proposed system
has a large error compared to other walking sequences. This
is because when the camera rotates nearly 90 degrees, the
”person” cannot be detected by the object detection model,
so the performance of the proposed system is partly based on
the quality of the model. It is also a limitation of all semantic
SLAM systems.

The trajectories of DS-SLAM and the proposed SLAM
system for sequence fr3 walking xyz are shown in Fig. 4.
From (a) in C1 and C2, the trajectory of the proposed system
fits more compared to DS-SLAM. From (b) and (c) in C1
and C2, the proposed system has less fluctuation in XYZ
directions and less error on roll, pitch, and yaw.
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TABLE I
COMPARISON RESULTS OF THE RMSE OF ATE IN METERS. THE BEST RESULTS ARE HIGHLIGHTED.

Sequences ORB-SLAM2 DS-SLAM Dyna-SLAM Planar-SLAM Manhattan-SLAM Proposed System

fr2 desk w person 0.0532 0.0063 0.0061 0.0811 0.0191 0.0056
fr3 s static 0.0119 0.0071 0.0071 0.0237 0.0084 0.0068
fr3 s xyz 0.0134 0.0119 0.0151 0.0197 0.0102 0.0118
fr3 s half 0.0193 0.0147 0.0168 0.0502 0.0658 0.0155

fr3 s rpy 0.0301 0.0228 0.0199 0.0715 0.0286 0.0258

fr3 w static 0.2513 0.0077 0.0079 0.3053 0.3027 0.0075
fr3 w xyz 0.4032 0.1702 0.0180 0.2050 1.0429 0.0179
fr3 w half 0.3508 0.0351 0.0333 0.6156 0.6692 0.0329
fr3 w rpy 0.7631 0.4488 0.0261 0.4494 0.8907 0.1945

TABLE II
COMPARISON RESULTS OF THE RMSE OF RPE IN TRANSLATION PART IN METERS. THE BEST RESULTS ARE HIGHLIGHTED.

Sequences ORB-SLAM2 DS-SLAM Dyna-SLAM Planar-SLAM Manhattan-SLAM Proposed System

fr2 desk w person 0.0104 0.0032 0.0112 0.0250 0.0046 0.0032
fr3 s static 0.0097 0.0044 0.0124 0.0093 0.0051 0.0051

fr3 s xyz 0.0153 0.0085 0.0201 0.0114 0.0079 0.0075
fr3 s half 0.0210 0.0105 0.0245 0.0397 0.0107 0.0103
fr3 s rpy 0.0141 0.0139 0.0132 0.0199 0.0128 0.0173

fr3 w static 0.0249 0.0049 0.0103 0.0184 0.0133 0.0064

fr3 w xyz 0.0293 0.0134 0.0214 0.0327 0.0238 0.0124
fr3 w half 0.0276 0.0151 0.0259 0.0765 0.0557 0.0135
fr3 w rpy 0.0642 0.0209 0.0315 0.0562 0.0317 0.0211

TABLE III
COMPARISON RESULTS OF THE RMSE OF RPE IN ROTATION PART IN RADIANS. THE BEST RESULTS ARE HIGHLIGHTED.

Sequences ORB-SLAM2 DS-SLAM Dyna-SLAM Planar-SLAM Manhattan-SLAM Proposed System

fr2 desk w person 0.0078 0.0071 0.0081 0.0098 0.0073 0.0072

fr3 s static 0.0097 0.0037 0.0065 0.0063 0.0041 0.0036
fr3 s xyz 0.0079 0.0078 0.0083 0.0091 0.0077 0.0080

fr3 s half 0.0091 0.0095 0.0074 0.0173 0.0115 0.0090

fr3 s rpy 0.0120 0.0106 0.0105 0.0142 0.0102 0.0100
fr3 w static 0.0165 0.0041 0.0032 0.0101 0.0074 0.0045

fr3 w xyz 0.0335 0.0102 0.0331 0.0169 0.0145 0.0096
fr3 w half 0.0423 0.0109 0.0102 0.0442 0.0402 0.0097
fr3 w rpy 0.0964 0.0123 0.0092 0.0632 0.0176 0.0129

Furthermore, the time of tracking thread is also com-
pared between the proposed SLAM system and DS-SLAM.
For DS-SLAM, the main time cost to exclude dynamic
points is calculating the optical flow pyramid and doing
the moving consistency check. In the proposed method,
calculating optical flow is not required. The main time cost
is in finding corresponding matched points between two
frames for each detected bounding box and calculating the
fundamental matrix for each object. Considering both points
and lines are used in the proposed method to detect dynamic
objects, and DS-SLAM only uses points, the situation of the
proposed method is divided into two parts: only use points
and use points and lines. The experiments are implemented
in the TUM walking sequences and assume persons are the
only dynamic objects to be excluded. The comparison of

average time cost per frame to detect dynamic objects is
shown in Table IV.

TABLE IV
COMPARISON OF THE AVERAGE TIME COST ON DETECTING DYNAMIC

OBJECTS

Sequence
DS-

SLAM (s)

Proposed

Method (s)

Proposed Method

(only points) (s)

fr3 w static 0.0813 0.0999 0.0521

fr3 w xyz 0.0871 0.1060 0.0577

fr3 w half 0.0842 0.1166 0.0535

fr3 w rpy 0.0854 0.0827 0.0565
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C1

C2

(a) (b) (c)

(a) (b) (c)

Fig. 4. C1 is the trajectory results of the proposed system. C2 is the trajectory results of DS-SLAM.

The results show that the proposed method improves about
35% on detecting dynamic objects time compared to DS-
SLAM when both detect points. When the proposed method
detect points, lines and planes, the time is slightly greater
than DS-SLAM but it is still enough for real-time applica-
tion. The proposed method even performs better under some
circumstances (fr3 w rpy). The limitation of the proposed
method is that when it comes to multiple dynamic objects
with large amount of features, the computation cost will
increase a lot as it calculates the fundamental matrix for
every detected object.

B. Experiments on a real-world scene

The real-world experiment conducted using variant of
Smorphi robot [33]. It is equipped with a Jetson AGX Orin,
which has an NVIDIA Ampere architecture GPU and an
Arm Cortex-A78AE CPU. It also has a Realsense D435i
camera to detect the environment. The robot and experiment
environment are shown in Fig. 5. The map building is shown
in Fig. 6. An example of dynamic object detection is shown
in Fig. 7. In part of this experiment, a person was pushing a
movable chair. The person was detected as a dynamic object
and the chair was detected as a constrained dynamic object
which was constrained by the detected floor.

V. CONCLUSION

This paper proposed a new semantic SLAM system that
can perform robust localization in dynamic indoor environ-
ments. The proposed SLAM system can use object detection
to identify objects with semantic information, quickly iden-
tify dynamic objects, exclude dynamic features, and combine
points, lines, and plane features to create the map. It can

Fig. 5. The robot and the experiment environment.

Fig. 6. Map building in the real-world environment.

identify constrained moving objects and use these constraints
to improve localization accuracy. The experiment results on
the TUM RGB-D dynamic dataset show that the proposed
system can keep its robustness in dynamic environments
and achieve an accurate localization accuracy compared with
other state-of-the-art methods. The experiment in the real-
world scene shows that the proposed system can be applied
to real-time robot applications. While the proposed method
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Fig. 7. (a) is the image before excluding dynamic features. (b) is an
example of dynamic object detection. The green dots represent feature
points, red lines represent feature lines. The red bounding box means the
detected object, the all feature points and lines on this object have been
excluded. The yellow bounding box means a constrained moving object,
yellow points represent constrained moving points.

provides new insight into Visual SLAM in dynamic envi-
ronments, there are some limitations. Firstly, the proposed
method assumes that all planes are flat and static, but in
the real world, the planes are not entirely flat, and it may
cause vibrations for constrained moving objects. Also, the
motions of different parts vary for the non-rigid body, and
the features cannot be constrained by planes. For future work,
more structural features such as cube, quadric and moving
constraints will be applied using line and plane features.
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