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Semantic SLAM building based on instance segmentation and
optical flow in dynamic scenes

ZHANG Yu, GAO Xin

(College of Mechanical Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: The visual simultaneous localization and mapping technique is commonly used for indoor intelligent robot
navigation, but its poses are estimated with static environment in mind. In order to improve the robustness and real-time
performance of visual Simultaneous Localization And Mapping(SLAM ) for localization and mapping in dynamic scenes,
we add dynamic region detection threads and semantic point cloud threads to the original ORB-SLAM2. The dynamic
region detection thread consists of the instance segmentation network and the optical flow estimation network. The instance
segmentation gives semantic information to the dynamic scene while generating a priori dynamic object masks, and in order
to solve the under-segmentation problem of the instance segmentation network, the lightweight optical flow estimation
network is used to assist the detection of dynamic regions and generate dynamic region masks with higher accuracy. The
generated dynamic region masks are passed into the tracking thread for real-time rejection of dynamic region feature points,
and then the remaining static feature points in the map are used for the camera's positional estimation and to build a
semantic point cloud map. Experimental results on the publicly available TUM dataset show that the improved SLAM
system improves the robustness of its localization and map building in dynamic scenes while ensuring real-time
performance.
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Tab. 1 ATE for TUM

ORB-SLAM2 Ours
Sequence
RMSE Median Mean STD RMSE Median Mean STD
fr3_s_hs 0.026 2 0.0177 0.0211 0.0155 0.0235 0.0183 0.020 4 0.0117
fr3_s_rpy 0.0612 0.0350 0.0490 0.036 7 0.0392 0.0256 0.0328 0.0214
fr3_s_static 0.0133 0.0120 0.0125 0.004 5 0.007 5 0.006 5 0.006 3 0.004 1
fr3_s xyz 0.0122 0.009 9 0.0104 0.006 3 0.012 1 0.0101 0.0105 0.006 0
fr3_w_hs 0.2973 0.208 4 0.2412 0.173 8 0.0256 0.013 4 0.0182 0.0142
fr3_w_rpy 0.9327 0.8206 0.8171 0.449 8 0.0217 0.0126 0.0169 0.0136
fr3_w_static 0.0137 0.006 2 0.008 5 0.0107 0.007 1 0.006 1 0.006 2 0.003 5
fr3_w_xyz 0.386 0 0.3497 0.3463 0.170 5 0.0128 0.009 2 0.0110 0.006 6
* 2 TUMHJ RPE
Tab. 2 RPE for TUM
ORB-SLAM2 Ours
Sequence
RMSE Median Mean STD RMSE Median Mean STD

fr3_s_hs 0.024 4 0.0162 0.0193 0.0149 0.020 1 0.0132 0.016 4 0.0116
fr3_s_rpy 0.028 0 0.0203 0.0232 0.0157 0.0333 0.0147 0.023 6 0.0235
fr3_s_static 0.0190 0.0174 0.0165 0.009 3 0.006 7 0.006 1 0.006 0 0.0029
fr3_s xyz 0.020 1 0.0116 0.0148 0.0137 0.0154 0.0107 0.0127 0.008 7
fr3_w_hs 0.0357 0.0162 0.024 8 0.0257 0.0256 0.0177 0.0213 0.0142
fr3_w_rpy 0.045 1 0.0259 0.0342 0.029 5 0.0217 0.0126 0.0169 0.0136
fr3_w_static 0.0277 0.0104 0.0159 0.0227 0.007 1 0.006 1 0.006 2 0.003 5
fr3_w_xyz 0.0439 0.0252 0.0327 0.0293 0.0128 0.009 2 0.0109 0.006 5
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