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Research on visual SLAM algorithm for outdoor scenes
with integrated attention mechanism
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Abstract ; Outdoor scenes are rich in feature points with diverse geometric shapes and scales; however, significant illumination variations
and high texture repetitiveness often lead to low feature extraction and matching accuracy in conventional visual simultaneous localization
and mapping (SLAM) algorithms during 3D reconstruction. To improve mapping accuracy and robustness in complex environments, this
paper proposes a visual SLAM algorithm integrated with an attention mechanism, aiming to enhance the feature extraction and matching
strategies within SLAM systems. Specifically, a channel-spatial convolutional attention module is embedded into the convolutional layers
of the SuperPoint encoder to strengthen the model’ s feature detection and matching capabilities. The improved SuperPoint network is
then integrated with the backend of the ORB-SLAM2 algorithm, enabling more accurate pose estimation and map construction in complex
scenarios. The proposed approach is validated on the KITTI dataset. Experimental results demonstrate that the SuperPoint network
integrated with the channel-spatial convolutional attention module significantly improves feature matching accuracy between images while
maintaining the stability of keypoints and the discriminability of descriptors. Compared with the original ORB-SLAM?2 algorithm, the
proposed method achieves a 30.05% reduction in absolute trajectory error ( ATE) and a 14.49% reduction in relative pose error
(RPE). These results confirm that the proposed SLAM algorithm exhibits stronger robustness and stability in outdoor environments
characterized by significant illumination changes and repetitive textures, effectively enhancing the mapping accuracy of SLAM systems in
complex outdoor scenes.
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Fig. 2 Structure of the network of channel-spatial attention mechanisms

o SE I VR R AR A | 4R oK
fb LA Z M Sigmoid I PRELAL , 25 [HTER )
RS T8 1 5 A S ) % R i I T T 2
A R R AR RN A S d R b A AR PR A AL TE Y
SR PET K13 79 1 B3 3 ) R AT P 7 4 b AT P
%, HPHEREER R AR — B2 T 58—
PASHTE )25 A R, CBAM AR i 4 it Ak | 4
BRI BRAE 2B 1 X RRIE A R dE T
AR H 22 W 2%, 38 2o 38 T R 2 () 4 B R AL
il , CBAM HEHERT; 1 45 BRI 25 I 28 8 UG R AR SR L
VERCAT: 55 rh Sk P BE .

2.2 KEHIIE

FEFEE RIS CBAM BEHR ) SuperPoint 4% 1451 2% bRy
B, A0 pR K A OC B SRS I 451 2 R 3 - DR
BCA R TR 23, A RS EMR I B SO S H o
H1 SuperPoint P 2% tH A4 00 5C 58 R AR BT H ORI
2R AL B A5 A OGBS TIOR3 G B R 45
R FH T A TN 1) OC s AR 5 LA RT 2 [R] 1Y 22 5
A SR % R B 5 1, MV H 2 AL 22 5, 38 X
T K pRABSUE SLANF

LosS jypion == 2 i_v:l[Hmlp‘ilog(Hpm,qi) +
(1-H,,)og(1 -H,,.)] (1)

TRV RO 5 F T A R R i 3R 5 LS
FROEF AR Z R AR DI . X B SR a5 A BRURRAE A
T D, A SRR R A 3, £ 45 DC IC X AN DL L
X DR 275 7 79 5K PG X6 7 ] — e AiE s 9 4 A
T, ANV R 7 X0f A [ AR iR 7, T3 X il
W Z R RKCEE RS d % T DEAC si0, A SRR IREE 5 d
JEATRE/N XTI ECRT , A IR ICRR R d S AT RER . X
FeAbi 2% e e LAnE

1
:ﬁz _ll[y,.diz + (1 —yi)max(margin -

Loss descriptor

d,))*] (2)
oy NIRRT X R 5 y, FORE SRR T R VTR
PR (1 FRUCENT,0 F/RARVCEIX ) 5 d, RRE @ X
IRTBBR G B s margin J2 38 E (19 BE, T X 43 DU AE
REFUANVCECXT A 2 pREROR: OB A 451 2% RN iR -
DC e 453 2 8 T AS AT 388 3t 9 o AL o 2 500 S s 19 38 4 1)
P, W H THE Y (R A PR R . BB BRBCE AN

Loss = aLoss i + DLOSS 4y (3)
K o A b JRBE RE, 28 XU R SRR TE H
bR o EL RN T 0 PR OB A R ARG I 1 | i 3 3 i
TESVCECRE Ty, SR, R G YIRS, % vl RE S 7EAR
et B = A —E s G R B An, OGS SR I AT R
STE RN B DX A R A T X 2 Xk 1 ) 5 S
TTREARRE , FRUSLLICHLRIME , UL, 76 € LB FK R
BT E T AR B LA R O B S R D T Y A AL
P G T S SRS ) R 34 - UG BC I A Y1 2R RT B
PP G [, W AT DL A A R CBAM RS
SuperPoint P28 451 25 pR KR, OGRS 453 2% 7 16 2
TN ) B AR ] 5 TS AR R 22 ) 1Y) 22 5 T AR DT
B4 2 B - A B R AR 5 LSRR T 22 E Y
AR, ST pR SR 3 W 8 4351 2K A AR 8 5 1R
HRLH A, AT DAV B R AE R TR 348 - DC e A RER
PETAR Y s AP
2.3 #EEEI%

AR S S g A% TC A &0 O iR RTX 3080Ti, i £
12 G, A7 80 G, fdi il PyTorch HEZRHEFT 0 25 R 1 (6 425 7
FI %5, Python B A b 3.8, Il 25 5 4 46 ¥& £ MS-
COCO2014" % YIZrst A2 vy 1 e Az L — A~ i 7 S A 2D



$224 . S 1[I I IV = 3

539 &

JUAAT (1T B B O AR B0 4 | P-4 B oy 4 A8 46 1y
TRAEUR LIIE ISR 8ds g, B ARG ploRioH 4
AT UNZR AT ARG N 7E 552 MR b B RRAE s 4R BURUR |
T3 s v R A DX A~ T DX 3, 1oz FH X ARl
77 AT USRS A LE A0 A AN DB A28 Ak 1) B 52 ) s b b A T
FRAE SR IBORNRRAE DT L A9 TR 4

AR SCEE N G ask B o 3 Gk A e A B R A R
23 i g Il CBAM B A BURFAE (8], P28 30 R A 2
A I ABE B FIREAE 45 348 1 A2 A B 2B CRE IR B P A
RT3 SR AR I S0 AP A B A B R O B R
WK R 4 S il A 1 R AR ) R T T R T
DERCAR 2K, o e ok e o) A% B 5 R0 B 4 ALk
A HT 26 S5, AR R AT VT IR, B S AR B T
AR I e A e 5 3 MR 23 e v 1 6 5 4 A R AIE AL B2 R
X I A REAE 4 8 -, P O A IR 22 R] Y R G B B
FPRHIE S VR TD , FR AR DL BE 5 i 19 SRR AR S X, 58 LR AIE
VEBCATE S5, BEAh, B E CBAM A5 B A [ 4 A7 B XiF
VT FCORG B2 35 B 52, 64T T AN TRl A & ((UR 296
NS R4 ) B R L S5 R A e A 4 A B T G A
PRI 5 BERZEME 1.3.5 ZERZE, HERAIZ
R BRI A S RBOI A ML AR 2
HARE T R4 a9 WS, I B8 98 78 R IE AR 8 P B il
e HESRAREAE PR IR | DT B r AR AR (18 4R AE £ B A T
BOPERE . YISl B rh BAR A 3 C R £ . &l 3
7, W 2 R R R E 40 AR A 8K sR B, 7T LR
SN YINZRA0 I R0 55 TIE 3 2% 4752 F B, T 125 )2 48 AL B 1Y
R R A — M ZRde ke B il T A B
%, L, AR SCEAEDK CBAM B4 A 2 T SuperPoint
B 5 ZERZ T, DL IEBE 98 A 288 THBE R A R 1
PEICAUCECPERE I Sk B rh ELAA (4 4 2% ok B3t 2k (]
e 3 frs,

— DUBNEESE - I

1.0 £ - == SUBNEESE - WA
= BEREA -4
B RN - WIE

) ) ) PV RN s AL
20 40 60 80 100 120 140 160 180 200
PR 278
B3 AUIRZ A FIES R4 A B0 % R Bt 2k
Fig. 3 Loss function curves for deep insertion

and cross layer insertion only

3 KBWERSH

ASCFEBIN 3 AR5 K B0 UE 2k R A A RPE 43
SRR PR R DT AL ROR FLE A 5 4 i
AL IR FE BT R GERRAS A Ubuntu20. 04, £ A
FA) 25 A7) S S B 4 i 0 UE AR SR () R ATE 412 BRI T
AE 7 I A TFREE S KITTI X AR SOk () 4 JR L 0 s
JEHATRALE
3.1 HFERENV RN L 256

HPatches 348 4214 fp 60 & 17 2 ST 48 31 14 Ol 5
JEE AR A KRR IR SO i A M v ) 2 A L S 3 a5 IR IR
J¥3 , HPatches £4 48 FH T IFAh RRAE SR I ) & e |
SRAEE MR B B AL A A8 AR A5 S R E . AR
K HBAEE T 2 R R Y 51, JF 4% CBAM Bk
J5 Y SuperPoint HEA7 ICHE s A FIUC BCAERR R IPAL . LA
HAAY i_castle £ F0 i_whitebuilding 751 A 4 7EF T45AE
TR RCR R IR 45 R 405 ORB SIFT | SuperPoint
FEFHESR IR R TXT IE , 4 MO TEPIAS T8 By
FRIEFRIBCHCRXT L 25 5 an il 4 Fn S Bios . N 4(a) W]
DIV TE R — 3 5o AN [R]D6 BEGR B2 B 45 R, ORB Bk 1Y
FRBURAE ST A AN 5 HR B B8 X2 T
FEEA F 5 SO R ZU A R X 8, FAST S 25K
I A A BRI A X S X PR R
i HFE 4(b) AT SIFT 553k BARTECIARL A 26 F
HA—E R HERE SR AR, M 4(c)
AT M1, Superpoint 552575 HEAZ A0 B S 14 P15 Hh 2 B oy
AESECEAABOR 4 d) TR AR SO A R i
23 AR HLHN LG 7 2 AL B AR R, 280 1Y o i R AE
PP AR 2 3 e 08 B ffy b A 2 o 1) SR R RREAE
2P T T REAE B2 B A o M RN A e e R
b DG T HH S AR I 3 R A () M R TR G SRR
MR EG R AR AL I S (%37 B rh o e R R AR AR A Rl
FaENE .

118 5 (a) AT LA Y, 765K B2 1 5] R SCURAAE B2 53 1
s ORB B30k I FRAE s R AS 2 R AIE A5 H 2
GyiRVE . XJE T FAST o I i AR X £k 21 2 6% 1 A A
BUAEASIN 2 T 71 45, BRIEF $ 3R 4F fh T3 TR R 1L
B, W LAZE BCELAT SR B 0 R A R R
B 5(c) AT, SuperPoint 8825 A 1R BE 27 > ek B 9% m] LA
TE—E TR L2 LRI O, (HAE 58 4 K B ) ST I IX B
BEABR T RETCIE SR IEN A AR A, MM 2 fETE Ay
I R B HBC PR S SR AS Mt 1) [ 850, 7 ' IR iR B A8 6 ] i
EHg FFIE s BCR R e PERAR . BT 5 (d) AT, AR S
T REAS HA RO O T B FHR T i HEE R AN A
ORI 35 T 7 S0 A AR R 3 BT B R AR B



210 ¥ B A RIS N EINT R ML SLAM BIEIF5E - 225 .

(a) ORB (b) SIFT (c) SuperPoint (d) ASCo B
(d) The proposed algorithm

K4 4 MRTETE AR AL ] I A3 5 P O RRAE 4R OECR

Fig.4 Feature extraction performance of four algorithms in scenes with significant illumination changes

(b) SIFT (c) SuperPoint (d) K XH %
(d) The proposed algorithm

5 4 Rl A 1E SO E A s 0 2 5 TR R AT B HOsCR

Fig.5 Feature extraction performance of four algorithms in scenes with high texture repetition

e, T RER AT SR
SRS RFRD] ARSI A TR 3 B 32 SERMER L RR
PRk AETCIE A BORE SR 1 5 5 R R s ih AR SO A DG B R 7, 351 HPatches %



226 - S 1[I I IV = 3

539 &

PEAR v S B e 0 A AR AR R S R AT AR AE DT
BCXS LS, RO R T ( Epsilon=1, 3, 5) il &%
FabR (YRR IR 1) | DL IR 5 16 b5 (i
BBF-EEH L ANVTFE 70 50) 27 A 0 3% DU BC A E A9 AN 4
R PR A T A B o PR 2 ) A e 1Y
EAEVERYAE b5 , Epsilon BN, 28 0 Al TR 22 19 2
SR A R E AR T PG 2 ) E A ARG 5[]
— AR 0 RE T, R A U A I g 114 AR E
U B AR T T A 0 M 7 4 RV (L

/N I G DN 85 Y TN AR, MR R SR R R AR AR
WRARAL B sh B0 | 08 o 5 T i SE S DL T, A A A
KT o FRclls QB K B FH DT IC 4350053 5ol FH ke i i
T IR AT AERAAE VT JC A RS B RO | BB B = R 4T,
BSUE 2. 1 795 Fr 4t th 1 CBAM B P Rl A 7 X% UC BLRS
JER R | R AIE DC C 0 bE S5 56 43 Sl 3£ BT ORB L SIFT
SuperPoint fl CBAM 5% Ht 5 )2 4 A ALK )2 46 A
SuperPoint 5 FE L IEATXT L, SEH 45 R UNER 1 TR,

%1 Hpatches IREFIEL I EREXT ELER

Table 1 Comparison of feature matching performance on the HPatches dataset

(=R7S Epsilon o I 2546 B IR FFHE bR
1 3 5 BN I RAURAN T ST AR - HRG B UNIGEA %A
ORB 0. 150 0.395 0.538 0. 641 1.157 0.735 0. 266
SIFT 0.424 0.676 0.759 0. 495 0.833 0. 694 0.313
SuperPoint 0.310 0. 684 0. 829 0. 581 1.158 0. 821 0.470
52 4H A 0.380 0.700 0. 850 0. 600 1.095 0. 825 0. 480
PURZHHA (A30) 0. 401 0.708 0.875 0. 612 1. 104 0. 836 0. 503

2 1 A LIF H, SIFT XFF Epsilon =1 F)I5 22 8L
RAF, I H A B AR B R AU THEL, ORB 1% 81 52 4
e 0B BRI 7 AL S A R PR R B
PR A e 2 1 R R P A T 55 Th A3 230 B iK. SuperPoint
TE AR AT Jy O T bR A 208 TR R L . A3
FRAE BN PEAG TR R0 R AT AR A DU 2548 b5 U7 1, 38 3
TR RS [ ML AT DA ROt i TR E R
S s SRR DL BCAT 55 A OC By IXhl, PRt AR SCaR ik
FEFRAE A B 8 615 SRS MRS DU 21 ] — R IR a5, AR SCHE
EU R R S R = OB Z S S B WA A )
HPatches $ICHE 5 T B0 A 28 40 UG F 51 B e AR SCHE Y
FMZIUCHCPERE , £ B T Hpatches B8 4E 1 1Y v_gardens |
v_home # v_dogman 3 AP IS [R] 0 A0 AR A Ak B kAT
FRIEDCRL , AN R A 2840 T AR DT RS B an &l 6 TR

SEER AR W] R R B Af A CBAM UG FRE 12
WS VEBCRS BEAA BB A2MR . Rl 2K CBAM AEHuid A S
e Es 5 2 RE, AR Z4M A7 %, el 4hfa
FEPEMBG IS e BRI T B 240 A7 7 5, A Gk
B VA A Ik | B BT 2 P i A
A IH RS IE TR AL X E SLAM &
GErERESE THAY A R R G B

TESCHLE S 137 5%, ORB B3 ik ] s iy —
(EAARFAE F AL, 3R 45 46 B v 9 DL T 23 BRI, STFT 53
IR AR AR T AR, (B AE 200 A AR 1k Y 5T 51
HHRVCECR L R, SuperPoint $ 3845 REAH K T & 2% 1 45
TR ANE A R 78RBS A I AN A8 1 R IR
A HB BT RICAC A S, AU E L T
MR RS N RE SR ICS D RCRE 1 HH

3.3 AFBIEREHITEX LKW

{8 1T KITTT &8 A2 40k % A0 52 ARk SR B 0
AP PERE . E4E T 00~ 10 J741 X 2L 7 51 41
TG ARSI S I S5, s Bl 37 55 Sl 1
B o MBS, AR SCNEAEE AT T IH— L TAL 2], L
i AL SuperPoint-SLAM FOA SCEA B W i ARG R ER,
TEAIE A SCHR B R 0 A S, AR U 5 ORB-
SLAM2 .3 Hl SuperPoint-SLAM Bk AT 1L, 3 R LN
FERBE (] 7) FEITE LN B R 22 (absolute trajectory
error, ATE) 5 XV 1% 2 (relative pose error, RPE) [
Y77 ( root mean square error, RMSE)VE%JITT{T?FEH(,@
TR L2 R

20 3 FLAE SLAM FEEETE KITTI i 46 1y
PEIHE BEXT LU 2R

EEARGE SRR T, A SCREEAE KITTI i 51 6 1
8 ) g EORG BE R i T A PR LR e IR 7 R
2 ATLAF 3 R AR KITTI B0 52 49 09 7% 41 Ay 2
(IR0 22 A o B 2, H. ORB-SLAM2 5531 SuperPoint-
SLAM Bk Bl 7 REG I B PR R LS, X & T 09
Fp 3 v 2 A — S IR R R R 7 5
FULSGE ) ORB-SLAM2 B 1L 7E 3 S0 X sl |- sk LA £ RN DT
e 2 5 2 68 B HRFAE £, B ORB-SLAM2 7E 09 J7 51 i)
IBATREAR TP AR REAR I B PR 35, Bl TG B A0 Al AR
HER T B0 K AR Pl P ) BBR 25 B W K
KRG RGHER T SuperPoint-SLAM 54 1 K H LK I B
BEERATE M (B H T SuperPoint-SLAM 3% 4F il Al HRIE
FUATRETE LS AR DU R T AN [ (0 Wy B AT ', A i Ay
AERAR T T BEAE L LL 5 00 T A R sl AR e, 77 91 1Y



%10 39

[ e

BB 2 ST R

oA
o

SLAM S 015¢

- 227 -

6 HPatches ZUHE SN A AR T RRAE DT B X EL S5

Fig. 6 Feature matching comparison experiment under viewpoint variations in the HPatches dataset
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Table 2 Comparison of trajectory errors on the KITTI dataset
Fe il ORB-SLAM2 SuperPoint-SLAM A
RPE ATE RPE ATE RPE ATE
00 0. 305 8. 149 0. 944 7. 841 0.777 6. 319
02 0.903 32.086 — — — —
03 0.073 1.016 0. 068 1.954 0. 065 0. 942
04 0. 104 1. 386 0. 090 1.337 0.017 0.175
05 0. 401 6. 859 0.401 7.656 0.353 6. 816
06 0. 659 12.770 0.954 17.214 0.732 15. 908
07 0. 190 2.218 0. 152 2.779 0.174 4. 305
08 0.727 47.194 0. 565 60. 982 0. 687 55. 641
09 12. 056 199. 787 0.407 49. 899 0.122 6. 638
10 0.203 8. 849 0. 144 7.617 0.131 6. 548
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Fig.7 Trajectory comparison on the KITTI dataset
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