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SFEEINFE . AR AR SE T TH R IR AP, 4
A 25 0 SRR B P SE IS M 5 T SRR AR Y T SEBR
oK o FRGIRFEEM L IR g . HEBR RS A =, A
DIHEMEBA LGRS b, #— P8 T RE
o EAE T . Rk, Wtk —E s B R E .
B AN 5 B HR E A R 7 I TE X SLAMAE 4,
LRSI T 38 AT N i 75 AR 1 P DB ) R

Z B SLAMA R T H At Gk, MDA
RN B s AR E T4, 5 51 KRR
FEERERBE R RG RN H, & rig s e
HRERP M S BB RS (Oriented FAST And
Rotated BRIEF Simultaneous Localization and
Mapping, ORB-SLAM) £%](ORB-SLAM®/, ORB-
SLAM2", ORB-SLAMS3E) {E AR F AL 3 AR
7k, FEMOHERASE SURHE UK, RS
IR T RS RIFEM S ®E R, (HREAE
Bighad T8, B2 RTHEREE:. BEAK
PSR A (Visual-Inertial Navigation System-
Monocular, VINS-Mono) il i S # & il & o 5
P & B8 C (Inertial Measurement Unit, IMU) %L
W, TERBISEN T € AR AT, R HT o T 4
HRAFHE, SRZ BN S 56 05|
N H kil B, S BB LEShAS XI5 b Fe bRy
fERT, DSRENSHE N EHEN, HERTES
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BTHRIMNERE, ZiRa| FARE, 52K e 5
PEo filtn, Zang®E NMHEH S B ORB-SLAMS,
255 YOLOvHR M BN AS B ARHE, FHFaI AN R+
YL (Lucas-Kanade optical flow method,
LK)JGim o il sz — 2t S fd A A i S A
KEFEURG NRE, $-FBNSVERIINERE, (At
T REZ R Wuds NVUEEH E SC-30-4
RPN RGiRh G [F E A S # I R S (Semant-
ic-Laser-GNSS Simultaneous Localization And
Mapping, SLG-SLAM)7EEREF 2 H 5] N FLIR ZAE
Frill %% (Single Shot multibox Detector, SSD)A il
v, ELEDEMORIAE NRAIE R, BSEBLEE, (HIX
RS, A I R A AR 2 . R FE B
FHOES SRR BE, 5053 B F0 R FHAE S 53 B4R B XA
DHE, St SRS Zhas X8 B . AL Iz R
WM E5#EE £S5 (Dynamic Simultaneous Local-
ization And Mapping, DynaSLAM)!2R F R [X
WA MEAEM L4 (Mask Region-based Convolu-
tional Neural Network, Mask-RCNN)#2 & & %
A XL, F45AORB-SLAM2SEHL T 1EZ) &35
e . Vincent  NWEE— L& R
IR PR AR IR LG LB 4, SR EhA AR
ERER Sl , RGN ATk B 14 Wil /s 1) Ak 2R
FEE o AR S T 2 38 5 A0S 1 2 R BE IR B2 73 B I 8%
THE TR TR, HME LA 2 SEI b PR, R T
HAEN G s MRS fRF & EIERE .
MEM S, YOLO(You Only Look Once) £ 741
B AR A o B o A . PROHERE 5 R G A I )
—RALRE T, TERR AR SO HL A T
L o HAT R R 40 B A A S RS 55 5 S i 1 1) R
I, BRAG TR B R SHEERE, NSRS
ST SLAMRSE A St 7 ATk 4E. Ay, YOLOv11™
YE RN Z AR Y HE I AR RRAS, fE45H B3l
AC3K2EHL PR 75 [A] 4 7 85 4k (Spatial Pyra-
mid Pooling-Fast, SPPF)4 47 %% [0)7E & /1 (Con-
volutional block with Parallel Spatial Attention,
C2PSA) WL, FEFETHRFIESEHURE /7 ()[R f gk — 22
R A2, MR YOLOvSSERIACHE Y, 7E4F
TEFR IR ER . 2 RS Bl 5 JCH X I3 A Re
JT T SEIL T A5 PR AL, R T B R ) 2 AT 5518 B
PESEERCE . Nk, HYOLONEZEY" & i 7> HIA
BER B MWSLAM R SE, BEREW 7L ORFF1E X 73 F
R )[R I SELER B R AR R R A XA,
RERE 9 5 2L 1E SO B 5 8 s iR AR R IR E 1Y
WEaE BB RAEEITE ARG LI E
W1, BIEE 25T N0 5 IRE (Red

Green Blue and Depth, RGB-D)! 7§ 4 4
BAT IS RAE, SRS EAR, BRZURM
YOLOv5" 5YOLOvS!M & LR, HIH & i
B SR PEREAE AN, HE LA 2 2% A
TNXEMWRIA . 2 HIra) A A5 ST b R g
Lo A N R HAT, EaiaE. BRERTE.
THAE R R H T 5 SLAM 5 GE IR B2 Rl 1Y) i 21 3 1 X
EMELT T, AAE BT

gi ERTIR, EEXCHM AR Bha H AR
55 S PR A 4% 2 S A AR N B UL SLAM
RO Z SRR VERE T RER I B TR 77 =1
AR, AR — i ] T3 SR R R R g
Sy EIEAL(DHSR-YOLOSeg), HKHE#MESE
ORB-SLAM3XUH L, # | — > H A& U
FIRE I BESLAM R St FETAEW T

()4 &R ENS FREFE T (an ultra-light-
weight and effective Dynamic upSampler, DyS-
ample) 5l & VE & JJ-47 ]2 FHAE 4 73 W 45 (Chan-
nel Attention-Hierarchical Spatial Feature Pyra-
mid Network, ChannelAttention HSFPN), AL
Wit 7 — MR ERHER S R (DyCANet), FEHIT
HHYOLOv11n-segHNeck &5t , MiHE a4 X
BRIE RIBRE S BT B

(2)#EYOLOVL In-seg il I 5 Ha f 4L 5
W&, EERENG B GABIEL(C3k2 Dynamic Con-
volution module, C3k2 DynamicConv), DyCANet
AR A ZHEF 7 E] (Reused and Shared Convolu-
tional Segmentation, RSCS)3k, M#EDHSR-YO-
LOSeghif, TELRFFM R EARFR, SEIL X
BN DX e RO 70

(3)# DHSR-Y OLOSeg % 84 i 1118 A5 B4k
% ZORB-SLAM3IFRERZAE, 7EXUH Hi N\ T SLH
AR R S HRE S AR, BRI RGAEW T BN
M TR S i m sh AR 5
[F] 20 2 fir 5 2 K &2 4t (a semantic visual SLAM to-
wards Dynamic environments, DS-SLAM),
DynaSLAMZE E il XSLAMARGixf b, 45 1%
KRICTTIFAE RN IS AT 5 58 1 R 7 TH
HA&BMER G LR
2 FIENELA
2.1 RGEFREY

AICHET ORB-SLAMBHEGLEE 1 —AMiF X
SR SLAM R GE, HBAGEMIMELIR. &
ifr i T ORB-SLAMB3JE A 32451, WHh:
PRIFZEHE (Tracking) Jai #E EI 26 #% (Local Map-
ping) 5 [FI G M £ #2E (Loop Closing). 7E It E: il
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1 & X /3% 5ORB-SLAM3& & 1 R S HELE K

b ARCHEERER AR B N R EIE L5 HIBEDH-
SR-YOLOSeg, SN B 3hA H bR R IR
Ao FTETE SUE B T 5| S ERERZARE UM H 5B 3h
AFHER, AROY R RGADEIEL T B E M S5
P @B — 8. ARSI BR L SR AE2. 779
FEHNH. RPN LIEGERFORB-SLAM3JE A it
&, s oSt S &R — Btk 4E, fELR
UE 5 SR FEE 1) (] B SHe ol 2% 8 S g 1k o
2.2 YOLOv1l1n-segt&&IZ24y

YOLOv11n-seg® 44 R F] 3+ M 2% (Backbone) -
FRE R & 3909 (Neck) F14p 1 Sk (Segment Head)
3B AL . F T 2 ZEMC3k245 1B P 1
HURFAE, )2 5 N POE 25 (8] & 7 8 it A S g o b
TIABE, 4G IAT T E B IR AE 2 R
JAIRE S . L 2 K R S RHEEZ (Concat )
MEFHES 73, S 2 REEUEE. 2315
BT E T 4EE I P3, P4FIP5, Ff]Segment
JRES RE Al 84 R, Stl2 RESSH
FRIMGE R PR A 5 0B, ST SRR R . T
FE R KIEE R A48, RIGIERA R E )1
B BARGEHME2HTR.
2.3 EFaESERTEMRILTTE

Ak, MRS BE TR R, K
FIAEAR o0 T 25 S BOA TR R B AZ L 3R 5
1o IXRAAE T B B A% o R 8 L R AL
FEEMZIRA S B ARl DA S i o3 B4 55 R 3
HER KI5 IR 11, R, R T
HIEEL, 28&E 51 H KA (Giga FLoating-point
Operations Per second, GFLOPs) ] “ == A
Be” o PEREIR AT AR BE o S BT D FE B K

EX—HRT, shAEH (DynamicConv)PIH AR
peay (112 PR 2 0 b Y LT NI W S W R
I B ABENH], AT E I E IR AT
T, SEU T SHENERBSY R, BAME, Dy-
namicConv g — % T 215 (Conditional Com-
putation) FI& ) ZNAERTTE, HAZ O BAERRYE
B NFHEZ) S T BB PIL S X HLHIRE a8 7E L
FARG I R F R R T, BERTHEAR R
FERE IR TRII R 2

DynamicConvfH % 7RG L K (Mixture-of-Ex-
perts, MoE) A HHESE, HALHIWE3HTR, MoE
I AT HE 2T RN I i A Rk me 1y, A
HTENR IS E R L XS 5IHE, AARE
Bt EERIE T AR E . Dynamic-
Conv Al 1 Hi Mo E RV 1) & 5K 0 2% & # ohy 2 A~
BRI, SEMNRHE B SN S S A RE, ff
AR A BOE A FERZAE . ZBHRERE 75
BURAE BRSO I0 S, SR IRTT TR IE S
RN, SRTHAEAT S5 B AR 5 B .
A FHTF DynamicConv i 2 1) C3k 245 il i 2 7
ZHOR IR A BERTH T HEs e . 2
BT PE R S A SRS RN 2 4, PTAR SR N
RRAIE S I )& BB AL S8 A Hu A% G2 ] E 25
F, B B IE RLHL S I 2 58 R 35 Hb R 0 5 28 Al
WP R E AR 5 IERS A8 . DynamicConv/f]
TAE AT LAl 2 (1) F1 2 (2) R

Y=X-W (1)
M

W =) W, (2)
=1
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2 YOLOv1 1n-segh& 2 45 14 [

K 3 MoEWLil~ = K

Hep, W REIESERMERE, W, RRHBNE
FAE, o A AN FHE S A TS HBUE R AL
HARAE TN

a = softmax (MLP(Pool (X))) (3)

X — i 4R AL (Pool ) HE BN A JRRHIE,
B W E 2 BEAPL(MultiLayer Perceptron,
MLP)4E B AE o, . SEGERL, Dyna-
micConv AT 1 RN & I8 SURHIEIE N RE
[F] I AR AR T AR RG240 2. 2 PRI T GFLOPs, M
TMAE 73 FIRE FE S HEF AR 2 (B B4R 1 SO~
2.4 HFDyCANettI4FERL& 54

NIRRT ENA ST HbR XSS UK A RE ) 5
2| ARG, ANAEYOLOv11n-segffNeckFib
Feah EHAT SSRGS, ¥ DySample ik
ChannelAttention  HSFPNALH Ik i1 B4R, $2
H—FhEh G A& SRR Sl E T = LR R 24
FRIERL A 458, a4 NDyCANet. %450 % NE)

B HIMES A BT, 7EOR R HE EE R I [
i, BERS 2 RERHEESNA X IBA A hil fe
Hih 73k

B, AN T — MR T SE SRR R
wmAIAS LR F——DySample, HAZ.OEHZ
Bt g sh S GFZ AR S T, BB AR
E P EAT AR IR0 2B R A o AN IR T PN 2 B R R
AiE EE 2R 7 VA AR A g B s A 5 R B S G
A ERAENLS], DySampleldl 3 € EREE KA
JR7, R EEAS R B — AN T RS SR A SR
FEAESS, tnE4pTR.

TEZAESE Y, DySampleF| 5 & 1026 11wk i
ToOm BN B KA RS &, Hilid Py Torch g fit
AN B R grid _sampleX 4 A RFIE X #H17 B R A

X' = grid_sample(X, S) (4)

O = ) - Linear (X) (5)
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S—G+0 (6)  BUEI2R 1 VBT EEMT . 25 5 S th 7

Hrr, GRIFHERIEME, Linear(-)&nilid—2
AT B AL B, O RN BN B ) (g
B, SERIMBGHZA R SE, R&dEd
grid _sampleSEHL N 2 REN ) FRAE, 153 ERAE
gERX . XH, sFTR LRBEER (Ve i B2
(] 73 R B TBORAE KL, g3 70 HACR: (ThoE il 18
WX 2R R, A A R 4R ) . DySampleily
KA v o B SCEREE R N e SR TEE R )5
REBE T REFHEEAY, DU — PR RS S5 1
W R LRI . i — T 2 RS TR S
BHfhG 53R1K687), A5 T ChannelAtten-
tion_ HSFPNHEHR, ZAHE & 7l & L]
50y R RHIE 4 55 45 (Hierarchical Spatial Fea-
ture Pyramid Network, HS-FPN), H&@EIEEE
RETR 2 ROERFEE G AR LSy, JLHEH
TEAE S/ ERERSED R, ERTRELN
IR, AR R TR RFIERR A BE ). Channel-
Attention HSFPN )% 4 45 14 o AN Br Be 2 R
I3 ARHE IR B B SRR SR B, W5 TR .

FERFAEEFET B, i AN RFAE 181 8 S il i Kt
b (Max Pooling) #1-F ¥4k (Average Pooling)
2247 SR BB IE 2 [ ST RHE,  BE 5 % 7 3058

JHIE R FEAI N, 2 Sigmoid g A EE E =
K, B T A RHE B T @ IE AL, SR E
BLAEMER, WE R T PURE . E AR kA B
B, BYCSRH B BTG ek, R EER
X R B R, S A A A A TR R
SR ZHRE XTS5 . FoRFRRRIE B 4 N\ 8 v
Y, SR ERHE BT AR S . RS,
251 S5 B SIREARHEAR I, SERE 53T
IR 5s . i EIRPH BeWRE, Channel At-
tention HSFPNAE AL LR KR ARFAE T 5 14 1) [F]
RHKEEE, 7 FTMEEG, RASLIE LS5
TR R ERRL, BERIHERAE R RN
HFsRr il 518 L Etefe. 25 b, DyCANet&&
DySampleff)5)# SR AT 5 Channel Attention  HS-
FPNI@ETE 5] SALE], 7 HEARB A 5 H Neck 2244
SRR T EAAL . RS M AE A B I R A
AT, H5R T 2 REE SCER S 41718 )5 fg
71, RHEHTEARE S DERERSETH
RERIR, A ISR AL T 5 A M
REAIE S
2.5 ETHZEERNISMENLITSRNTTE
FfEYOLOv11n-segH', WE6H7R, KHERFE

4 DySamplefJ3 4k _FRAERFE

¥ 5 ChannelAttention  HSFPNZ5 4[]
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AT %

2 %

ST AR FERHE R (P3, P4, P5) 7l i% Al
SEH ISk . BN Sr B Sk R = SRR 4
Py, B SRS SO, 3 FHE [ VA 5 2 0 TR 4
SN, DA SRR IR A . & SRS
RIS 33X 3B, IR KT IH—1(BN) 5
WO R AR, SETHFRIERIE S TGEE S . SR
THRESESLZ BIGRER AR, Rk KES
HEIFE IS, BERIN TSRS HEH T4,
B2 T HAED G & SIRIFE & LRI & 80%.

NRE— PR ISR G M RR, A EE ML=
LA Sk (Reused and Shared Convolutional
Detection, RSCD)# i+ E &Y, X H LM T & R
BB TR, VBT 7 B S, s TR .
SO SER , ANR REERFAE 1 SE I 1 < 1A
ITHE R, G R ANFLER3X 3B, 45
BNz 5 H0E BT AR R AR . B S, 2%
o R 3k R P (cls) T[N HE (reg) 5 HERS
A B (mask), &7 SCHE SIS JE L EERE,

Kl 6 YOLOv11n4y #3545y K

Kl 7 RSCDk 4514 1



108

ARIEDE: WSS T AL 8 N R EZHE A SESLAMAEZY 3985

A BRI JO0g b TR E . B EE S
R FERUSENE, 5 RNA > a i — B 5 AR
# )7 (scale-layer), &7+ HbRAZ T Re

ASCHET Gt MRSCDELH, BBt T &
F 3 Z 73 %5k (Reused and Shared Convolu-
tional Segmentation, RSCS), M EYOLOv11n-
seg, BAFEA TR . G ENSHILE
H5HBAEEH, AREKT ZRES XRS5 IHE
THEE, FERIRE/MER S R B R, ORER 1 2031
W2 510 FURFNRE ST, St T m8on] #E i S5 h A
L VED
2.6 DHSR-YOLOSegt&BIZE )

T AR, AT MR 3
PR SRR o SRR RN ) A 0 o BB DHSR-Y O-
LOSeg, H M5 EIWmE-HR, B ESLImAL
A XIRFERAG PG, 21 L SLAM R G0} SR P
HREMMETR K. AERHLIYOLOv11n-seg /vt
filt, 7EJR O3k 5] X575 (DynamicConv)
&Mt R, MW T RESMAMC3k2_Dy-
namicConvi%H, FEAEZIMTHE BRI T2t
FRAESEEEE 10; AR, 256 DySample L REEE T 5
ChannelAttention HSFPNJEDyCANet ik,
ARG 8 2 REERHIE E CRIE 5 R 50 BIRS FE

AN, rEILE 5] ARSCSE5H, #4YOLOv11n-
segli sk, LU ZREGRMILESEH, B
FWOSHIUR G HE T

ik Bk Z B E ¥ 1, DHSR-YOLOSeg
ST MR B ERE R RN TR
H bR RS AR R AE /T o ZAE Y TE CRAIEIZ 4T 2R 1) [
W, HRERT T A bR XM o EImE, Dokl
VB S E 25 BB SHRHE s A5, AMSESLAM &4t
PEHE T B AERE UG BRI
2.7 EFENIEEMORB-SLAM3 X B& L

RNEBEMHESLAMAE S5 T R sh A5l
EC R AS 5 b s G [ fE, AR SCHR H — Rl T
T S BN 5 ) IR SRR 7% A J7 A FHDHSR-
YOLOSeghi B FZ 115 X5 5, fEORB-SLAM3
1) R R LR A A ST I SR BN AS X3 P (AR i, 3R
RAERNESHE et 5 kEE. B
WIRAEN: REEONH B I F P 5 N 2 DHSR-
YOLOSeg, RS HTWIE AR, 8 ER AL R
B S AL h A XA HE A s 7R R AE SR B S VT AT B B
A D 5 % 20 25 XA N I ORBAFAE £, 18 %3l
SRS EAE T T . AR Tracking2k
AT RRER, REEEA RAEH 5 EREN
, B&EAERAR RIIRO TRERE. FN, #%

8 DHSR-YOLOSeg %44 14 1&]
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2 %

AT %

W TG T A UL B LA — BME S v T E B R AR
e, HemU 7 SLm SRR IR B e . SEIGE
B, 28 TE SUBEN BN X5 b 235108 T KRR
TEZFh = B2 AR T e AL RS e R SR B — 3K
PE, NIESLIREE . 1 R s R AT S F R
N E AP S SIE S

BN A5 XS B G A FRE S5 Bk
B, AR SCAE H R Ik T 2 3 T 5 s BGER 43 ot [
%, XHELORB-SLAMS3 & 4t 5 a4 fEHE B 4G S 5 5
NG S B G R R34, B9~ . El9(a) N
£ ORB-SLAM3 R G M FRHIESE IS R, s Hin
(WAT N BATHE. H80) XN A R ERE 5
Yy Hbnigshsom, SFERHEER ST RZE. E9(b)
N5 NDHSR-YOLOSeghil J5, R4G3H:T15 4y
F 25 T BN ASFHAE SUHAT IR, IR B AT 5L
AEH T A S B . 5 BRATL 7R 3 T i
s os R S T B R B3 S S
MR, NRGEERDEAE TR EEN 5 EE
AR T OB S ¥

3 XLWHERS5HR

3.1 HELSILE
AR UEDHSR-Y OLOSeg 7 e % 45 L ot

WSO EIERE S T AR KSENT, A SCHAECOCORL
etk BB IR IT R T 24U Al sk . SLIRRET

»

“person” , “car” , “bicycle” Fl “motorcycle”
WA NS BR, W AT
KE . NGBz ke ), grd b gl N T
BENLAR “PA5 BHEL FIE 3h 25 2 A 1 o
TN o R S e Pl 8 31> DK B 4 A A AR O T
533 AC3k2  DynamicConv(#£#t1). DyCANet
(BLH2) FIRSCS Sk (13), 383 15 45 Hyl bk LA A 48
PeLLar#r % B R DTk o BT A SE I 3 7E 5 AR
NVIDIA GeForce RTX 3070 Ti(8 GBEAT) %
WA G LR, g EHERE TPy TorchEZE,
I NEME ST i— N640x640. TP FREIEMAP
(IoUBHAE % 70.5) Z¥&E. ALK/, GFLOPs
EiiE (fps), T 45& 6 BRI RS 51t 5
LE

MELIR WL, DHSR-YOLOSegh U #E A [ 454
BEHE GO\ 5 I 14 e 32 0 2 T B )RS - AR T
PR . 51 ADynamicConvBiH (52501 f5, &
HEEHEIN31.1% BALARRY K30%, (HmAP505
BRI — 1, W] AR SR TR A 7 T A A IE
A 5THR: DyCANetfHR (S256:2) I 7E 2 % i F gAY
KNG 3T F%26.5%F125% B RIS, A s Z2% 1

P 9 HHAE i Bk

HIJF X E

*® 1 HEASKIREER

SRS Bkl B2 B3 4 (M) GFLOPs (RN AR mAP50
LAY X x x 2.83 10.40 6.00 0.76 0.51
1 v x X 3.71 10.00 7.80 076 0.52
2 X J X 2.08 9.00 4.50 0.75 0.50
3 X X J 2.58 9.10 7.00 0.76 0.51
4 v v x 2.63 8.90 5.60 0.76 0.51
5 v x J 3.44 8.90 8.70 0.75 0.52
6 x v J 1.89 8.10 4.60 0.73 0.49
7 v v J 2.44 8.00 5.70 0.77 0.51
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mAP50 F [, RILH R IGHR RS R0 B e
RSCSHEH (5256:3)fEGFLOPs FF#12.5% M4 1F F
Ykl SRR R - BRE B, B0 UE 5 5 A
Wi mRtE. E2BE SR E S , EEER
SFLHIDHSR-YOLOSeg (S5 7) B H f AL 48 &
PERE: AHECIEMERRY, S5 E R 13.8% GFLOPs
NBE23.1% BB KNG NS %, HERR IR 1.3%,
mAPS0 5 I ERA —FE, RIL 7 &AL [A] R &
FI PR R AN . AHEEZ R, 32366(DyCANet+
RSCS)TEAGEE T BFEL14% M T ik 2] T B fKGFLOPs
iR, 4, DHSR-YOLOSegifi it 3t
MUEERL, FELRFFTHEAMNMKI AT A SEH 745
FEE S RGBSR, KU T HAEShAE B
T 5% HP 1A S F S A e o
3.2 XFEESCIE

RiE—FIAEFDHSR-YOLOSegE 5 & 413
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BV U #IEA, IR SCR 5HHE A
FEVPAl o T IR AR 2R 0 55 A [F) B R B 2k 5 R R 28531
Hrr, Mask R-CNN N7 3Z B H T8 SUBHUES
HIZ MR Z 454, YOLOvbHn-seg, YOLOv8n-seg 5
YOLOv11n-segZr AlAM 7YOLO F 41| 7 5 8 7
AFEIF B R EAEEE, BT BAERE SRR
PERIBER S HoAR 2R . KITTIEHE 2540 & 3 i 4 X
SR IE RS R IR A B 2 ML P AN R, RER )
A HRAE . AR S N 5SS T R
F, A EIBIAAE B E A I N T B AR VT AN
AT EZM AL, £WEEKXHMAP(IoUR
% N0.5) THHEE I (GFLOPs) 5 HEH by 2 (i
[)TERVEATEAR, RS S B RIEB SIS
TR IR B SRR R, DA T AT & LS bR
2 M e S IS R

M 245 Bu] AE i, DHSR-YOLOSegfE £ A
KEEMER TR bR L RBLH BE MR, EREESHT
i, DHSR-YOLOSeg{{ 51.45 M, 3YOLOv1lin-
segi /L #148.9%, HET Mask R-CNNFE &
196%, KiEukis 7R DSt Hik & RS

T 2 MJLESRER

RS ZHE (M) GFLOPs mAP50 BRI (i /s)
Mask R-CNN 35.92 67.16  0.47 16.05
YOLOv5n-seg 2.05 4.31 0.48 57.89
YOLOv8n-seg 3.26 6.78  0.50 56.51
YOLOv11n-seg 2.84 518  0.50 58.93

DHSR-YOLOSeg ~ 1.45 449 051 60.19

. R ERETTIN, HGFLOPs{U A4.49,
FHEE T Mask R-CNN{67.16 T F#id93%, 115EIF
B E RS, AR T SL e SR ThREE AT . 7RI
KI5, DHSR-YOLOSegsZ8l 160.19 i /s, ANFTA
BRI, BIRAE T YOLOvV8n-seg(56.51 M/s)
5YOLOv11n-seg(58.93 Mi/s), #/E3NAMHISLAM
RGN S R, R R % &, DH-
SR-YOLOSeg/ B3 1 0.51 I mAP50, 1EfTH 7
FHEZ L, WESREMA, R IIE X
JSNEE f1. 25 E, DHSR-YOLOSegfEiE X4 EHE
FE R R S R 2 (RS T AT A
IGAE T A S AT FE LSLAM A (38 5 11 5 4%
GYERERES, NE RSN I RUE L5 F:SLAM
Bt T RS . B, 10PN,
DHSR-YOLOSegfg W EKITTIF 51| /£ 5 1R 1)
S EIH A E A H AR (W “person” | “car” | “bi-
cycle” ), ARCHIERS A FIEW . S TE, K~
FRAE S5 B 5 Bh 45 X AR i 1 & o &2 118 L
XHF.
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HNIEEDHSR-YOLOSegE AU fESLAM £ 4
S OB S B SE LB A DXIRRAE £ 50 B 1 52 B 2
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B ¥ R B0 RS FE X L sz s o i it 4 3138 4T ORB-
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M oM X R S R AL LA T
PERE, IOUETE SUE B S A BRER I B AR A TR R
G 78 PR E M S — B E R TR . AT
BYPTIRZE, ASCRHERIVHGER: B RIRZE
(Root Mean Square Error, RMSE). ', RMSE
SR AR 22 SR RURR, T A5 L) 8 R B 2 2k 0o
RS EERsem, HAam ARl

n

1 2
RMSE = ﬁ;(yz*yz) (7)
Hrf, a2 WIME RS E, g2 55 MIE 1) 8k
B, 74250 A WE M FOE . T LR 4R bR,
AR 7B IR AT T @ VY, SEUR s,
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G ERE, AT IRAEL10ANINAR T 41 i A5 8 5
B T RMSERAIK, ~FIFEIREN8.78%, {7 536 [
&N T DynaSLAM (747 41) f1DS-SLAM
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7%  ORB-SLAM3  DynaSLAM  DS-SLAM A3
00 1.490 1.009 1.249 1.296
01 13.319 17.471 15.395 12.873
02 4.241 4.492 4.166 3.531
04 0.273 0.254 0.261 0.244
05 0.994 0.833 0.924 0.947
06 1.121 0.716 1.219 1.162
07 0.630 0.658 0.644 0.534
08 3.517 2.475 3.973 3.466
09 1.697 1.261 1.779 1.715
10 1.046 0.752 1.026 0.993

(574 . Hodr, 75100, 02507 /) B 0E 5 5 A4
13.02%, 16.74%F115.24%, JEILH R e iR Z i)
AR . DynaSLAMBZEH 73 7 41 (1065 00) 1 2|
36.13%M132.28% 1) Wi 3 B g,  (HBEARALAE T T 51
LT ORB-SLAM3, KILH —EK AWM. DS-
SLAM I # Ak gk g B A R, AXNAES AN T 41 ESEE
T (TF6.26%), HAEZ AT EiRzE R E
Ft, REEE. MHEAERE, R OTTERT
oAb BRI (R AN £948.9 ms, Lk FDynaSLAMIK
84.0 ms 5DS-SLAMI¥)60.0 ms, 7E 5| NiE L5 E|
AT NS B ARSI AR, A5 ORI T A R I SE R
Mo i b, ASCNEAEREBIT SRR T, S
BT XTORB-SLAMS3FEEAKE BEFEF, fE&E M
T DynaSLAM, fEFRE 5 Semf 4 F B BAL T
DS-SLAM, RILH Em & Pt 55 .
3.4 IBEXSLAMAGZ R E N HREXTEE
HNEAEDHSR-YOLOSegfE i X SLAM & 4t

) 3% B A R 1 5 i ) S AR R R 7, AR SCAEKIT -
TIOdometryH#E££00~105 75 L, 43 5iE1T
ORB-SLAM3, DynaSLAM, DS-SLAM Jz A #2
PG X IR R G, Girh & I VEAE FRER AR (1)1 35
&M b (8] (Mean Tracking Time). IR
IR TR A8 XK 1 i s S LA T B A
B, (E T AT RS bR T3 N BB T R0R
LR EE Sy Sgn s R TS A R TR LSLAM Ty
EIEEN A S P MR RCR 5 mPERIL, 3t —D
B8 UE AR SCOTVEAEVE IG5 I A, B4 S A P i o
PATHERE S P 5 30 B B

BHERAT W, ASCHTHE i 1E LSLAM R 4i e
7B H R 38) A 3R [R) A E IR FFFEAL~55 ms
28], BIREITHFREZENFDynaSLAMEDS-
SLAMZE #L AT 58 75k Gt RER, A3
J7 4 BT 2y kb IR ] 448.86 ms, B DynaSLAM[%
KZ141.83%, ®DS-SLAMP#K£118.55% .. R

& 4 NENENSLAMTF AT B IR ERAL IR AT [B] 3 EE (ms)

F%  ORB-SLAM3  DynaSLAM  DS-SLAM A<
00 36.25 84.91 64.75 44.27
01 33.47 78.78 57.08 41.90
02 37.07 86.71 61.86 50.63
04 36.01 84.38 57.38 52.27
05 36.71 85.92 59.37 50.11
06 36.74 85.99 61.09 48.45
07 35.23 82.66 59.89 48.95
08 36.90 86.34 63.92 54.76
09 35.37 82.97 58.18 50.62
10 34.61 81.29 56.37 46.69
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Abstract:

Objective In complex dynamic environments such as industrial parks and urban roads, inspection robots
depend heavily on visual Simultaneous Localization And Mapping (SLAM) systems. However, the presence of
moving objects often causes feature drift and map degradation, reducing SLAM performance. Furthermore,
conventional semantic segmentation models typically require extensive computational resources, rendering them
unsuitable for embedded platforms with limited processing capabilities, thereby constraining SLAM deployment
in autonomous inspection tasks. To address these challenges, this study proposes a lightweight semantic visual
SLAM framework designed for inspection robots operating in dynamic environments. The framework
incorporates a semantic segmentation-based dynamic feature rejection method to achieve real-time
identification of dynamic regions at low computational cost, thereby improving SLAM robustness and mapping
accuracy.

Methods Building upon the 11th generation lightweight YOLO segmentation model (YOLOv1lln-seg), a
systematic lightweight redesign is implemented. to enhance performance under constrained computational
resources. First, the original neck is replaced with DyCANet, a lightweight multi-scale feature fusion module
that integrates dynamic point sampling and channel attention to improve semantic representation and
boundary segmentation. DyCANet combines DySample, a dynamic upsampling operator that performs content-
aware spatial sampling with minimal overhead, and ChannelAttention HSFPN, a hierarchical attention
structure that strengthens multi-scale integration and highlights critical semantic cues, particularly for small or
occluded objects in complex scenes. Second, a Dynamic Convolution module (DynamicConv) is embedded into
all C3k2 modules to enhance the adaptability and efficiency of feature extraction. Inspired by the Mixture-of-
Experts framework, DynamicConv applies a conditional computation mechanism that dynamically adjusts
kernel weights based on the input feature characteristics. This design allows the network to extract features
more effectively across varying object scales and motion patterns, improving robustness against dynamic
disturbances with low computational cost. Third, the original segmentation head is replaced by the Reused and
Shared Convolutional Segmentation Head (RSCS Head), which enables decoder structure sharing across multi-
scale branches. RSCS reduces redundant computation by reusing convolutional layers and optimizing feature
decoding paths, further improving overall model efficiency while maintaining segmentation accuracy. These
architectural modifications result in DHSR-YOLOSeg, a lightweight semantic segmentation model that
significantly reduces parameter count and computational cost while preserving performance. DHSR-YOLOSeg is
integrated into the tracking thread of ORB-SLAMS3. to provide real-time semantic information. This enables
dynamic object detection and the removal of unstable feature points during localization, thereby enhancing the
robustness and trajectory consistency of SLAM in complex dynamic environments.

Results and Discussions Ablation experiments on the COCO dataset demonstrate that, compared with the
baseline YOLOv11n-seg, the proposed DHSR-YOLOSeg achieves a 13.8% reduction in parameter count, a
23.1% decrease in Giga Floating Point Operations (GFLOPs), and its Average Precision at IoU 0.5 (mAP50) is
the sameas the baseline YOLOv1ln-seg’s (Table 1). On the KITTI dataset, DHSR-YOLOSeg reaches an
inference speed of 60.19 frame/s, which is 2.14% faster than YOLOvlln-seg and 275% faster than the widely
used Mask R-CNN (Table 2). For trajectory accuracy evaluation on KITTI sequences 00~10, DHSR-YOLOSeg
outperforms ORB-SLAMS3 in 8 out of 10 sequences, achieving a maximum Root Mean Square Error (RMSE)
reduction of 16.76% and an average reduction of 8.78% (Table 3). Compared with DynaSLAM and DS-SLAM,
the proposed framework exhibits more consistent error suppression across sequences, improving both trajectory
accuracy and stability. In terms of runtime efficiency, DHSR-YOLOSeg achieves an average per-frame
processing time of 48.86 ms on the KITTI dataset, 18.55% and 41.38% lower than DS-SLAM and DynaSLAM,
respectively (Table 4). The per-sequence processing time ranges from 41 to 55 ms, which is comparable to the
35.64 ms of ORB-SLAMS3, indicating that the integration of semantic segmentation introduces only a modest
computational overhead.

Conclusions This study addresses the challenge of achieving robust localization for inspection robots operating
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in dynamic environments, particularly in urban road settings characterized by frequent interference from
pedestrians, vehicles, and other moving objects. To this end, a semantic-enhanced visual SLAM framework is
proposed, in which a lightweight semantic segmentation model, DHSR-YOLOSeg, is integrated into the stereo-
based ORB-SLAMS3 pipeline. This integration enables real-time identification of dynamic objects and removal of
their associated feature points, thereby improving localization robustness and trajectory consistency. The
DHSR-YOLOSeg model incorporates three key architectural components—DyCANet for feature fusion,
DynamicConv for adaptive convolution, and the RSCS Head for efficient multi-scale decoding. Together, these
components reduce the model’s size and computational cost while preserving segmentation performance,
providing an efficient and deployable perception solution for resource-constrained platforms. Experimental
findings show that: (1) ablation tests on the COCO dataset confirm substantial reductions in complexity with
preserved accuracy, supporting embedded deployment; (2) frame rate comparisons on the KITTI dataset
demonstrate superior performance over both lightweight and standard semantic segmentation methods, meeting
real-time SLAM requirements; (3) trajectory evaluations indicate that the dynamic feature rejection strategy
effectively mitigates localization errors in dynamic scenes; and (4) the overall system maintains high runtime
efficiency, ensuring a practical balance between semantic segmentation and real-time localization performance.
However, current experiments are conducted under ideal conditions using standardized datasets, without fully
reflecting real-world challenges such as multi-sensor interference or unstructured environments. Moreover, the
trade-offs between model complexity and accuracy for each lightweight module have not been systematically
assessed. Future work will focus on multimodal sensor fusion and adaptive dynamic perception strategies to
enhance the robustness and applicability of the proposed system in real-world autonomous inspection scenarios.

Key words: Inspection robot; Semantic segmentation; Visual Simultaneous Localization And Mapping (SLAM);

Dynamic feature filtering



