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Dynamic visual SLAM method based on improved YOLOX
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Abstract: Most traditional visual simultaneous localization and mapping (SLAM) systems typically assume a static
environment; however, real-world environments often contain moving objects and obstacles, leading to a significant
number of mismatched and dynamic points which can degrade localization accuracy. This paper proposes a semantic
vSLLAM system based on the ORB-SLAM3 framework and deep learning techniques, integrating object detection and
optical flow methods to improve localization accuracy in dynamic environments. Firstly, an enhanced YOLOX-S object
detection algorithm is utilized to identify potential dynamic targets. Subsequently, a combination of geometric and
optical flow methods is employed to precisely detect outliers, with continuous adjustments to dynamic bounding box
thresholds based on the motion states of objects and humans. Ultimately, points within static bounding boxes retained
in dynamic frames are preserved, while others within dynamic {rames are eliminated. The system's accuracy is
evaluated using the TUM and KITTI datasets. Experimental results demonstrate that under highly dynamic sequences.
the proposed system achieves an average reduction of 69.26% and 16% in root mean square error of absolute
trajectories compared to ORB-SLAMS3 and Crowd-SLAM, respectively, and a 15% average improvement in localization
accuracy in dynamic scenes when compared to DynaSLLAM, thereby validating the enhanced system performance in
dynamic environments. Moreover, the results of real-world scene tests demonstrate that the system performs well in
various complex environments.
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Fig. 2 Object detection module
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Algorithm 1 Motion box detection algorithm
B AW FHE S 4 person, » HAlLH) 1K 1 i L AE £ 4
object, ;
Wil sh&SMAEES DB, AN AHEES SB, ;
function procedure judging(set)
o<set//BEFEE I B
if 0>>0 then
set—>DB, ;

else
set—>SB, ;
end if
end function
for each bounding box person, of person do
it W) /H) <3 then/ /K i FHE 5y L350 W (D HI
T HG 2 E g 0.3 F 1.3
Judging(W (1)) ;
Judging(H(1D) ;
else
Judging(person,,) ;
end if
end for

for each bounding box of object, do
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If 0/s>40% then
object, = DB, ;
else
object, > SB, ;
end if

end for
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Algorithm 2 Dynamic point clipping algorithm
WA ShAENRHELS DB, BELRELES SB, s 4l
WE G SRR KL
fnth AN RIEES DB, HANAEELS SB,, FHE
s G, s, BORIB R A B S TR S RS S,

bool, < false;

for each key point (u, ,v,) in K, of person do
for each bounding box DB, of person do
if (u, »v,) in DB, then//TE S BAEE S
bool, < ture;
end if
end for
for each bounding box BO, of other objects do
if (u, sv,) in BO, then//7EYIARESE & A
bool, < false;
end if
end for
if bool, = false then
S, < Cuy s, s /TN B 2 076 RO G B 5 A
RFHEST
end if

end
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Fig. 6 Visual SLAM front-end feature extraction
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Fig. 7 Estimated trajectory and ground truth trajectory plot
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Table 2 Absolute trajectory error results of the TUM dataset m
Fe 3 ORB-SLAM3 Crowd-SLAM AL
RMSE Mean Median S.D. RMSE Mean Median S.D. RMSE Mean Median S. D.
Walking /rpy 0.0199 0.0063 0.003 3 0.028 9 0.047 3 0.021 9 0.013 3 0.0419 0.026 5 0.014 8 0.010 8 0.022 0
Walking / xyz 0.019 0 0.0079 0.017 4 0.014 3 0.014 6 0.011 6 0.009 2 0.007 9 0.0128 0.0102 0.008 3 0.007 7
Walking / hal fsphere  0.023 2 0.008 0 0.006 1 0.021 8 0.017 1 0.014 0 0.001 1 0.009 9 0.0156 0.0124 0.010 0 0.009 4
Walking / static 0.0050 0.001 4 0.0007 0.004 7 0.006 6 0.0056 0.004 8 0.0035 0.0049 0.0049 0.0041 0.003 2
Sitting /hal fsphere  0.011 7 0.006 9 0.006 0 0.004 4 0.018 1 0.013 8 0.010 4 0.011 6 0.011 5 0.008 8 0.004 4 0.004 3
Siting / xyz 0.008 3 0.007 1 0.006 3 0.004 2 0.0129 0.010 7 0.009 2 0.007 2 0.009 5 0.007 9 0.006 2 0.005 3
R3 TUMEBEENEXNNTRELSR
Table 3 Relative trajectory error results of the TUM dataset m
1 31 ORB-SLAM3 Crowd-SLAM AL
RMSE Mean Median S.D. RMSE Mean Median S.D. RMSE Mean Median S. D.
Walking /rpy 0.1625 0.140 8 0.1155 0.081 1 0.058 5 0.043 2 0.034 1 0.0394 0.0432 0.0331 0.026 0 0.027 7
Walking /xyz 0.2701 0.2441 0.236 0 0.1151 0.016 2 0.013 7 0.0121 0.008 5 0.0148 0.0126 0.0112 0.007 6
Walking /hal fsphere  0.341 8 0.294 5 0.220 6 0.173 4 0.022 4 0.018 6 0.0155 0.0124 0.0201 0.017 4 0.0155 0.010 1
Walking / static 0.024 7 0.0210 0.0181 0.013 0 0.008 6 0.007 5 0.006 6 0.004 2 0.007 9 0.007 1 0.006 7 0.003 5
Sitting /hal fsphere  0.031 1 0.027 4 0.024 4 0.014 6 0.019 8 0.016 7 0.013 9 0.010 7 0.016 0 0.0139 0.0124 0.007 9
Siting / xyz 0.009 2 0.008 2 0.006 8 0.004 9 0.0150 0.012 9 0.011 3 0.007 7 0.009 1 0.008 1 0.007 2 0.005 4
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Fig. 8 Diagram of the office scene
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