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SUI-SLAM: A Semantics and Uncertainty Incorporated Visual SLAM Algorithm towards
Dynamic Indoor Environments

ZHANG Weiqi, WANG Jia, ZHANG Lin, MA Zongfang
(Xi’an University of Architecture and Technology, Xi’an 710300, China)

Abstract: In order to solve the interference of moving objects on visual SLAM (simultaneous localization and mapping)
system in dynamic environment, SUI-SLAM (semantics and uncertainty incorporated SLAM), a dynamic visual SLAM
algorithm integrating deep semantics and uncertainty, is proposed. Firstly, the dynamic prior information of the scene is
obtained based on semantic segmentation using Mask R-CNN (region-based convolutional neural network). Then, the edge
of the segmented area is corrected using the image depth information, to further distinguish the foreground and background
feature points in dynamic environment. Finally, the semantic segmentation results, movement priors and geometric errors are
used to calculate the uncertainty of the correspondence between the feature points and the 3D map points. Regularization
items are added in the process of optimizing the camera pose to improve the accuracy and the robustness. In order to verify
the algorithm effectiveness, experiments are carried out on the TUM dynamic datasets. Results show that the pose estimation
accuracy of SUI-SLAM algorithm can be increased by up to 98.41% in indoor high dynamic scenes compared with ORB-
SLAM?2 algorithm. While compared with other SOTA (state-of-the-art) dynamic SLAM algorithms, the pose estimation
accuracy and the robustness of SUI-SLAM algorithm are also improved to a certain extent.

Keywords: dynamic environment; semantic segmentation; SLAM (simultaneous localization and mapping); pose estima-

tion; uncertainty estimation
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Tab.1 Results of absolute trajectory error on TUM dataset
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RMSE Mean S.D. RMSE Mean S.D. RMSE  Mean S.D.
fr3_walking xyz  0.6485 0.5489 0.3452 0.0144 0.0126 0.0070 97.78 97.71 97.97
fr3_walking.rpy  0.8238 0.6932 0.4445 0.0336 0.0276 0.0233 9592 96.02 94.76
fr3_walking_static ~ 0.4036 03723 0.1560 0.0064 0.0056 0.0030 98.41 98.50  98.08
fr3_walking_half 03863 03394 0.1845 0.0245 0.0213 0.0120 93.66 93.73 93.50
fr3_sitting_xyz 0.0092 0.0077 0.0047 0.0088 0.0078 0.0041 4.35 —-1.29 12.76
fr3_sitting_static ~ 0.0084  0.0075 0.0039 0.0071 0.0064 0.0032 1548 14.67 17.95
fr3_sitting_half 0.0225 0.0186 0.0123 0.0193 0.0161 0.0107 14.22 13.44  13.00
fr3_sitting_rpy 0.0215 0.0163 0.0129 0.0200 0.0160 0.0116 698 1.85 10.08
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Tab.2 Results of translational relative pose error
ORB-SLAM2! /m SUI-SLAM /m ST E 1%
fr3 J7 51
RMSE Mean S.D. RMSE Mean S.D. RMSE Mean S.D.
fr3_walking xyz  0.3981 0.2969 02651 0.0194 0.0126 0.0070 92.12 95.75 9735
fr3_walking_rpy  0.3646 0.2562 0.2595 0.0513 0.0425 0.0282  85.93 83.41 89.13
fr3_walking_static ~ 0.2172 0.0964 0.1946 0.0086 0.0075 0.0041 96.04 92.21 97.89
fr3_walking_half 03572 0.1957 0.2988 0.0348 0.0310 0.0156 90.25 84.16  94.78
fr3_sitting_xyz 0.0144 0.0098 0.0057 0.0115 0.0101 0.0054 20.13 -3.06 5.26
fr3_sitting_static ~ 0.0091 0.0079 0.0045 0.0101 0.0090 0.0044 —-1098 —1392 2.22
fr3_sitting_half 0.0237 0.0170 0.0165 0.0203 0.0163 0.0120 14.35 4.12 27.27
fr3_sitting_rpy 0.0266 0.0218 0.0156 0.0260 0.0213 0.0140 2.26 2.29 10.26
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Tab.3 Results of rotational relative pose error
ORB-SLAM2 ! /(°) SUI-SLAM /(°) ST 1%
fr3 J7
RMSE Mean S.D. RMSE Mean S.D. RMSE Mean S.D.
fr3_walking xyz  7.4538 5.6223 4.8933 0.6115 04841 03735 91.80 91.38 9237
fr3_walking_rpy  7.0982 5.0176 5.0208 0.9870 0.8304 0.5334 86.10 83.45 89.38
fr3_walking_static 3.8581 1.7867 3.4194 0.2460 0.2213 0.1073 93.62 87.61 96.86
fr3_walking half = 7.3355 4.1202 6.0691 0.8526 0.7630 0.3805 88.38  88.76  93.73
fr3_sitting_xyz 04770 04039 02538 04790 04104 0.2470 0.42 —1.61 2.68
fr3_sitting_static ~ 0.2775 0.2502 0.1274 03001 0.2722 01201 —-8.14 —-8.79 572
fr3_sitting_half 0.6025 0.5337 0.2794 0.6017 05313 0.2745 0.13 0.45 1.75
fr3_sitting_rpy 0.8664 0.7077 04998 0.7626 0.6718 0.3609 11.98 5.07  27.79
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Tab.4 Comparison of absolute trajectory errors (ATE) of SUI-SLAM and other dynamic SLAM algorithms

HAL: m
3 131 DS-SLAM 11! DynaSLAM 3] CFP-SLAM 8] Blitz-SLAM ["*! SUI-SLAM
RMSE SD. RMSE SD. RMSE SD. RMSE SD. RMSE SD.

fr3_sitting_static ~ 0.0078  0.0038 0.0062 0.0029 0.0053  0.0027 - - 0.0071  0.003 2
fr3sitting_half ~ 0.0166  0.0077 0.0196 0.0091 0.0147 0.0069 0.0160 00076 00193 0.0107
fr3_sitting_rpy - - 0.0722 00578 0.0253 0.0154 - - 0.0200 0.0116
fr3sittingxyz 00115 0.0056 00162 00071 00090 00042 00148 0.0069 0.0088 0.004 1
fr3_walkingxyz ~ 0.0247 00161 00154 00080 0.0141 0.0072 00153 00078 0.0144 0.0070
fr3_walkingrpy 04442 02350 0.0400 0.0259 0.0368 0.0230 0.0356 00220 0.0336 0.0233
fr3_walking_half ~ 0.0303 0.0159 00275 00144 0.0237 00114 00256 00126 0.0245 0.0120
fr3_walking_static  0.0081 0.0036 0.0065 0.0032 0.0066 0.0030 0.0102 00052 0.0064 0.0030
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Fig.7 SUI-SLAM dynamic and static feature points and their corresponding weight estimation results on real world sequences
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Fig.8 Keyframe trajectories of SUI-SLAM and DynaSLAM on
real world sequences
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Tab.5 Uptime comparison between DynaSLAM and
SUI-SLAM algorithms

DynaSLAM SUI-SLAM {2 THIE &

fr3 /51 Is /s 1%
fr3_walking_rpy 0.3409 0.2387 29.98
fr3_walking_half 0.4605 0.2399 47.90
fr3_walking_static 0.4921 0.4278 13.07
fr3_walking_xyz 0.4518 0.2523 44.16

# 6 7Efr3 JF5I T SUI-SLAM 5% & LHC T 318 17 1 5]
Tab.6  Average running time of each module of the SUI-SLAM
algorithm on the fr3 sequence
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