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Fig. 1 System structure
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Fig.2 Schematic diagram of FAST feature point extraction'
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Fig. 5 Optimized local mapping flow chart
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A5 T A BolE 4 ATE 1 RPE (935 5 AR 1% 24
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n=20"En 1009 (8)
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Table3 Time-consuming comparison of various parts of

A M I A R RS A Kb L, A

different threads
&R TR JHEf/ms  BRiEZE/ms
FHIEAR IR 17.78 3.85
PR LA 2.87 1.31
HERFERT 33.22 13.99
MR A 17.96 8.11
Hb P A 91.17 30.59
JRi b P

JABBATRAL 458.52 319.41
SARFEmS 609.71 368.44

J T SR RCR, AR SCETT T A
ORI T R R v A T BT R A R, S 4 R
W2 4 fF 25 . ¥ ORB-SLAM2 H ¥ 5 YOLOv3™
M YOLOV4™ k454, JE M T YOLOV3-SLAM Al
YOLOV4-SLAM %4t MWEHATLIEH, BT YOLO
H ARG I 9 2% 1938 X SLAM R G fE B 17808 3
W1 = T TR R G 3 H) SLAM R4, e 1

S4B AT AR R ER B . AR
YOLOV3-SLAM #H bt Ab# 5t ] F- B[] SF- 92 1
33.44%, 5 YOLOv4-SLAM #H HF- 210 T 36.35%
X2 PR A SCRVE SR A T B AL YOLOV7-tiny )
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Table 4 Time-consuming comparison of tracking thread

processing single frame

AN [RIAGHL b P TP Jy BT /ms

fr3 s static 55.96 55.54 1 444.07 25.57
fr3_s xyz 61.36 61.90 1616.43 4236
fr3_s_half 70.43 66.75 1534.07 55.78
fr3_s_rpy 63.69 58.57 1491.33 41.89
fr3_w_static 83.42 82.97 1676.27 62.32
fr3_w_xyz 89.47 87.60 1718.56 69.37
fr3_w_half 95.11 90.74 1683.11 50.36
fr3_w_rpy 82.57 72.72 1519.81 54.78

TN FE RS A S & . [, 62 S sh A5
SEFEAT T X b RE RS B B R 3, ol 24 X B i
219 RMSE {EAE R iF M4 . A 5 Rk 6 ]
LUA H, FEARTRI PR T, A F 38 I B 35 43 1Y)
A B AL LR 2

#=5 FEERIRMEER DN EMSR

Table 5 Positioning effect of contrast reduction

and brightness reduction m
bR ARIMA B PIIPNE (L
fr3_walking_static 0.184 179 0.179 079
fr3_walking_xyz 0.023 520 0.021 872
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h— 41 B A R AR 2 41 ST AE AR e
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Fig. 6 Comparison of feature point extraction effect before

and after improvement
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Table 6 Positioning effect of contrast reduction

and brightness increase m
Bk AIA B A
fr3_walking_static 0.209 476 0.188 325
fr3_walking_xyz 0.028 880 0.023 741
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fE 8 AL & i 2l A K 3 8 1 5 i Bl 4R
JPO) AT T 4G I SE R, A4 & ORB-SLAM2,
YOLOV3-SLAM, YOLOV4-SLAM, DynaSLAM L) &
ARSC I o VPAR 25 5 32 BB 4 0 050 R 25 R
X7 R 22, il i T RMSE [HiE 17 2L/ .
SERLE RN T MK 8 Fin . MWL IRKE, 1
RENEAET, BT YIRS 3 8 A 8, 1 &
SR P AR, ORB-SLAM2 B 1k ) 20 il % 45 4 b R
ERIT o SO o T AE = Bl A PR B v, AR SCH
) 248 5% 0038 15 2 R AH X 67 8 1% 25 L ORB-SLAM2
LA WE REAR,

5 H A 2 & SLAM 53 40 L, A SR D
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Table 7 RMSE comparison of absolute trajectory error
PAEITE ORB-SLAM2" YOLOv3-SLAM™ YOLOv4-SLAM"™” DynaSLAM!"” ASCE
fr3_sitting_static 0.149 578 0.357 965 0.343 385 0.078 521 0.210 825
fr3_sitting_xyz 0.017 513 0.020 901 0.023 578 0.022 394 0.017 827
fr3_sitting_halfsphere 0.032 686 0.029 224 0.025 969 0.025 076 0.025 955
fr3_sitting_rpy 0.144 598 0.276 151 0.299 480 0.253 892 0.328 201
fr3_walking_static 2.757 299 0.261 943 0.220 086 0.124 637 0.136 923
fr3_walking xyz 1.440 868 0.017 448 0.019 748 0.020 895 0.017 363
fr3_walking_halfsphere 0.977 844 0.041 687 0.052 667 0.030 216 0.033 667
fr3_walking_rpy 2.283 019 0.101 932 0.205 203 0.079 428 0.076 706
*8 HEXMIEIRER RMSE Hy3IEL
Table 8 RMSE comparison of relative pose error
G AN ORB-SLAM2" YOLOv3-SLAM™! YOLOv4-SLAM®” DynaSLAM!"” AR
fr3_sitting_static 0.005 814 0.006 678 0.006 538 0.006 379 0.006 153
fr3_sitting_xyz 0.011 067 0.012 211 0.012 060 0.012 741 0.011 950
fr3_sitting_halfsphere 0.011 109 0.028 343 0.030 124 0.018 423 0.025 955
fr3_sitting_rpy 0.016 804 0.016 104 0.016 180 0.020 151 0.016 260
fr3_walking_static 0.025 154 0.009 937 0.009 911 0.008 539 0.009 858
fr3_walking_xyz 0.032 623 0.015 785 0.015911 0.014 958 0.015 203
fr3_walking_halfsphere 0.068 258 0.016 998 0.017 734 0.015 907 0.016 233
fr3_walking rpy 0.029 868 0.022 164 0.022 131 0.024 993 0.022 125
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Fig. 7 Comparison of real and estimated trajectories in high dynamic scenes
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Fig. 8 Comparison of real and estimated trajectories in low dynamic scene
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A lightweight semantic VSLAM approach based on adaptive thresholding and
speed optimization
QI Hao', FU Yuexin', HU Zhuhua" ", WU Jiaqi', ZHAO Yaochi’

(1. School of Information and Communication Engineering, Hainan University, Haikou 570228, China;

2. School of Cyberspace Security ( School of Cryptology ) , Hainan University, Haikou 570228, China)

Abstract: Visual simultaneous localization and mapping (VSLAM) is a technology that utilizes visual and other
sensory sensors to acquire information about unknown environments. It is widely applied in fields such as autonomous
driving, robotics, augmented reality, and more. However, pixel-level semantic segmentation of dynamic objects entails
high computing costs for indoor visual SLAM, and variations in lighting make dynamic items appear more difficult to
see, potentially causing occlusions or confusion with the static surroundings. To address these challenges, a
lightweight semantic VSLAM model is proposed, which is based on adaptive thresholding and velocity optimization.
Initially, a lightweight one-stage object detection network, YOLOv7-tiny, is utilized in conjunction with the optical
flow algorithm to effectively detect dynamic regions within images and filter out unstable feature points. Additionally,
the feature point extraction algorithm dynamically adjusts the threshold based on the contrast information of the input
images. Moreover, the combination of a binary bag-of-words method with a simplified optimization technique for
local mapping threads improves the system's loading and matching speed in indoor dynamic scenarios. Experimental
results show that the proposed algorithm can effectively eliminate dynamic feature points in indoor high-dynamic
scenes, improving the positioning accuracy of the camera. The average processing speed reaches 19.8 frames per
second (FPS), meeting real-time requirements in practical scenarios.

Keywords: visual simultaneous localization and mapping; dynamic scenes; YOLOv7-tiny; adaptive threshold;

feature points
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