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Abstract Three-dimensional semantic maps play a key role in tasks such as robot navigation, path planning.intelligent grasping
and human-computer interaction. So how to construct 3D semantic maps in real time is especially important. The current SLAM
(simultaneous localization and mapping) algorithm can achieve higher positioning and mapping accuracy. However, how to elimi-
nate dynamic objects to obtain higher positioning accuracy in a dynamic environment,and to understand the existence of objects
and their location information in the surrounding scenes are still not well solved. This paper presents an algorithm for construc-
ting semantic maps in a dynamic environment. This algorithm is improved on ORB-SLAM2. The dynamic and static point detec-
tion algorithm is added to the tracking thread to eliminate the feature points detected as dynamic feature points,which improves
the positioning accuracy in dynamic environment. Object detection threads are added to detect key images. The mapping threads
are added with the Octo-Map dense map construction. At the same time, the 3D object database is constructed according to the de-
tection results. In order to prove the feasibility of the algorithm, the laboratory is used as the test environment,and the object de-
tection,dynamic point detection,3D target information acquisition,and semantic map construction experiments in the dynamic en-
vironment are performed. In the object detection experiment,a high-speed and high-precision object detection network,mobilenet-
v2-ssdlite,is trained,which can reach a detection speed of 7 frames/s,which can basically achieve real-time detection. In dynamic
point detection, the optical flow method was used to eliminate dynamic point, processing speed is 16. 5 frames/s. And this paper
creates a data set to evaluate the performance of the algorithm. Compared with the original ORB-SLLAM2 algorithm, the positio-
ning accuracy is improved by 5 times after combining with the optical flow method. For the acquisition of three-dimensional object
information, two methods based on depth filtering and point cloud segmentation are adopted. The results show that the latter’s
3D object acquisition is more accurate. Finally, the entire laboratory is constructed with a semantic map in a dynamic environ-
ment,an Octo-Map dense map is constructed,and a 3D object database is constructed based on the detection results. The detected
values of the object size and position are compared with the true values,and the errors are within 5cm. The results show that the
proposed algorithm has high accuracy and real-time performance.

Keywords Semantic mapping,Dynamic point detection.Object detection, Visual SLAM
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Table 1 Running time of objection detection network
Image Size Time/ms
320 * 240 140
640 * 480 141
1280 % 720 143

1280 * 960 144
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Fig. 7 Network test results of object detection
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Table 2 Algorithm error analysis
(A 2 m)
. Standard
Algorithm RMS average L MIN MAX
Deviation
ORB-SLAM2 0.49 0.37 0.32 0.02
Slam2 + flow 0.10 0.07 0.07 0. 00
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Fig. 10  Result of algorithm based on depth filtering
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Table 3 Object database results

(B . m)
object value X Y Z * i &

result 0.19 —0.02 1.01 0.26 0.13 0.06
monitor truth 0. 20 —0.03 1. 00 0.22 0.15 0. 05
error 0.01 0.01 0.01 0. 04 0.02 0.01
result 1.17 0.02 1.01 0.48 0.55 0.13
chair truth 1.19 0.20 1. 00 0. 44 0.57 0.15
error 0.02 0.18 0.01 0. 04 0.02 0.02
result 2.39 0.09 0.96 0. 44 0. 46 0. 04
box truth 2.32 0.08 0.95 0. 40 0.50 0.03
error 0.03 0.01 0.01 0. 04 0.04 0.01
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