BERX O

AE_ HETREFIANTEF AR

AT O

HEE¥T VF& & /3150105319
R HIF i
FRE5H B 3 4 2015 %
Bt BHAZSITEER

¥ H# 2019 4£ 6 H







WL ARFARE RV WS (FiT) RiEH

1. AAMEHARH ZRa el b (Rt , ZEHRSH TS
BT M4 B R IR R AR E R

2. RAAEEI W GRI) F 8B T 3 4 B o DU F0 30 89 47
S, BXFLEAEMACE L RRBEANTERE, 04N
B_WIL KRS S 3 B AL B 3 SRE 4 T A AR

3. 5% — B T # B 3 1 ARHE 55 B B B T ST R 3 B AR iR S E
T RSB R THE

4. R AAGEEEL B X GEI) e HAH 5 W 2 A A
FHEETH,

5. b G P BALEAT 77 8 AR AU AT 0, BARA
AR R

6. KATATM_MILAFE HIIREGHEHXHITRAE X
RibX R WARGEREE, AFABRX GE) #EIPE.
RAFH_HILAE TR D) AT RT A WA INE %
BB EHRTHREE, TURAEH ., FHREHELHFARE.
CHA® G .

fE& &4 7 45 4
sFH#H. £ A & A I H £ A H






BT IR 2 HOIAEAE SO R R

|

MOCER, EAMNBEONRE, BERMANAKRS, EULTALE RFEEF
BB B 18] B A B 3T B H A RO ROA

BAERBRNETAREE T TR FIMEFHRETREGHF ).
FMNE PR AENEE LR EEAR. AXREFIWEEE, 2IFEEH
xRNk, ARIMTTEMAE RS, #REBFHWER, 5IRKMNECETK
RSB T . AR R AR AR R R R T A . BB AR R E AR
MO BEBR N EMH LT, FRAZFERAFHARFE, KEREHXTRER
BRHMARLET W LS, FEE WS B RS PHE LERRT XEER.
RT3 T, ERIFIHELT AFHEE,

HOR R TR A LR g R LR AT, LA T F B iR A S A
BHRARKTREZAET LES, CHBRARALT KRRAXNT H. EHEEIT
EHRKEFTEXAREN L RELE, UREARZTHTFLATRE TS, ZHEET
ERBRAEMRS S LHERECTHWIE, E5FKE o3| W 4 6L 4% & o # 7 GPU
LT, ARAMAANE R ZHREFEMET R T 2B TR, TEFRHEM™
F R UAE SLAM 7kt EARBEHRT RNINARE R, @RF AL REHRT
S male, HWHKETAERRIET FEE. &R RN CEE T
REzEFHEN. AR B T 87 R R ® X

Flar, R#—F =LVt FA], A, FANS. AL, KEXEFR
FERBERHEH#TREZAY, ANIMEAFERZAEN T E LR ITRFSE
TeBW T k. FRAEAFEREFINENEEMASTALRTRESH, £
MARFEEGRETELSRERT REEZ N, EME—RITRIATEA, —
RARFEHE Fo

e BERM R AKX HmAR B, RRAIERT A EHK.






BT IR 2 HOIAEAE SO R R

® E

HEZ B NS EIKE, ZERFAAER . ECHE N A b

ABRB AN EARBABRE T MAENKAGEE, HENEAGS LN HERE

7

o R ENHMENMET %, ABEARM. FMULANREFTHHEE

BHMNE. RRITF R R E X 0BG E . B RER e AL RE X &
TR R, BAET LT AR

1.

R — R R R 5 S 77 ik 2 B WUE R AT E X o EI B A RS A, AR
KRAETHEP G LR ABRGH TEX 2%, ZIAFBRT H+H0ERBRE
R EES TRNER, 25 7 5 XATESER ML, I DA EE A EEE
XHE

AT E IR E AR ETFREELEZHEFFNERFE AN ER, AR
T — A ETE R Ak, BT TE X B W4 e R A UL
Bha G R B KRR, AT Mo E X ARE, 25 T 1B X R = B Rk
HMAFEXHERXARZHX, AR, M ANK LJLF R BN
&, AXEITWERETHNECREMERN T %, BLEHREE. KBEEX
EACE X R R B &, B I AU A BT AR T R R = A ok, A
i $2 & 18 S B Ey T A A

X EOOLE, REF, WERER



WHT K2 AR AR Bl i

Abstract

The map is the basis of mobile robot movement and its localization and navigation.
On this basis, the semantic map provides the category information of objects in the
surrounding environment for the intelligent mobile robot, so that the robot can intuitively
understand the scene. It is of great value to study the method of semantic mapping in robot
localization, navigation, and human-robot interaction. This project studied how to improve
the semantic segmentation accuracy, semantic annotation fusion, and semantic map
representation, and achieved the following results:

1. In view of the problem that the deep learning method for single frame image
semantic segmentation accuracy needs to be improved, this paper adopts the recurrent
neural network that uses multiple perspective image in the training process. This study
found and solved the problem that the data association module in the neural network cannot
work normally, and finally improved the accuracy of the semantic annotation, which is
crucial in building a more accurate semantic map.

2. Aiming at the problem of importing wrong annotation points in the semantic map
caused by wrong image annotation, this study proposes an optimization method based on
semantic probability. By introducing the probability distribution from the semantic
segmentation network and the spatial relationship of point cloud after fusion, most
semantic annotations are optimized, thus improving the accuracy of the map.

3. The existing semantic map which in the form of point cloud has almost no direct
application value for localization, navigation, and human-robot interaction. This study
designed a new method for the optimization of the semantic map. By removing noise and
reconstructing surface, the quality of the semantic object extraction is improved. By
judging the similarity of the objects and adopting frequency storage strategy, the storage

requirements can be loosed, so as to improve the availability of semantic map.

Keywords: Semantic map, Deep learning, Object extraction,
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