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An optimized semantic SLAM applied to dynamic scenes

DING lJiahui, LIU Xiang, XI Zhenghao
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201610, China)

[ Abstract] Aiming at dynamic scenes, based on ORB-SLAM, a new semantic SLAM map construction method is proposed to
improve the ability of intelligent mobile robots to sense the environment and recognize scenes. With RGB-D as input information,
ORB feature matching and scale judgment are performed on RGB information and depth information, respectively, and key frames
are determined by pose estimation using RANSAC algorithm. Then MASK -RCNN neural network based on improved pyramid
pooling is used to perform semantic segmentation on key frames. On the segmented key frames, the dynamic target is eliminated by
the lookup table method combined with the semantic information. The processed key frames are used to construct a semantic map and
perform local clustering adjustments at the same time, and then perform loop detection. The accuracy of the original semantic
segmentation network is 81.2% , and the accuracy of the improved network reaches 90.5%.
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Fig. 2 Mask—RCNN network flowchart
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Fig. 3 Flow chart of the improved Mask—RCNN network
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Fig. 4 Image segmentation and 8—field direction
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Fig. 6 Training accuracy
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Fig. 8 key frame semantic segmentation

(a) NYU DepthDatasetsV2 $t#i4E
(a) NYU V2 depth dataset

(b) ValidationSet H(Hi 5
(b) ValidationSet dataset
B9 Bt 4% X EMTE X 5 El

Fig. 9 Improved network key frame



57

THEE, %, —F AT oSSR 0E L SLAM 21

HIF R TR W 28 AT i o, 45 294>
BE AR SCHE b 1Y 3 2 F AR A9 L B A b5 23] WL 3%
2 3% 3, 1 Bk LE AR bR I 45 45 A R Rk S R Bl
A HARHTE A

F2 NYUTAMEEEGHHLER
Tab. 2 Coordinates of NYU pedestrian position in the image

A EMXAbr A b Y Asbs AR X AR AR Y Asbr

433.png 89.318 62 175.467 74  176.265 89  481.886 94
434.png 82.332 09 172.576 57  167.816 35  476.965 47
435.png 76.544 30 163.326 59  154.421 98  462.632 10
436.png 63.295 63 168.716 23 139.776 35  459.876 45
437.png 59.624 53 159.954 04  133.862 97  451.315 67
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Tab. 3 ValidationSet coordinates of the moving kettle position in

the image
Bl ZAMXAER AR Y s AN X6 AT Y bR
12.png 81.752 62 162.776 42 152.172 52  458.289 73
13.png 85.475 68 161.563 82 155.784 31  459.776 45
14.png 86.957 12 160.145 77  156.143 25  463.321 74
15.png 89.376 63 161.336 72 160.675 38 471.233 26
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Fig. 11 Semantic map based on improved RGBD-SLAM
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