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Abstract

Aiming at the problem of low positioning accuracy and poor system robustness due to tracking fail-
ure caused by traditional visual SLAM front-end mismatch, a solution combining K-Means clustering
and pyramid multi-scale adaptive is proposed and applied to different complex scene environments.
First of all, the algorithm is improved on the ORB-SLAM2 structure, and K-Means clustering algo-
rithm is integrated into the matching algorithm. On the one hand, based on the idea of clustering,
key frame processing events with more feature points are reduced, which solves the problem of
wrong matching and low matching accuracy. On the other hand, when the system is lost, the mul-
ti-scale adaptive method is fused in the relocation stage to improve the system robustness. The ex-
perimental results on the public dataset show that, compared with other matching methods, the
proposed improved K-Means matching elimination algorithm retains more than twice the correct
matching pairs of the original algorithm in the shortest time, and the multi-scale adaptive relocation
is superior to ORB-SLAM2 in the relocation of complex scenes; in terms of overall performance, the
accuracy of the improved system is increased by 30% on average compared with the original algo-
rithm, and the system time consumption is reduced by 1 s on average. The improved trajectory is
closer to the actual trajectory, which shows the effectiveness of the method.
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1. 5|8

SLAM (simultaneous localization and mapping) & [Fl25 @ 5@ B M4 S, &8 s L B 7 fa AR PR s
3 1 B BT Ak 1) ) L B A 3 SRR A5 B B ) — AN RE[ 1], SLAM F 42 DUORTE IS SR ILSL(AR) R LA A
SUSARE] 7 TZ N [2] [3] [4]e ME9E SLAM (V-SLAM)fS FAHBLIE AR U BIAL R k&, A
A REA S #5715 75 (5 THFEA, 177 H T AR AT 2 BRI AE R[5 ] ARYE R SLILT72:, AT LKA SLAM
Gy RFET PR A0 5 R E A 5 15[6]. 76 SLAM R FE AL GUiAE 5 ik rp, S AEULRE — AL SLAM
R IR7], EfER T SLAM HEURE G R B, SOREE 1 AT MG BB bR A HTE B R
BRZ IR0 RO 2R ([8]0 #RTT, 7E SLAM H1, WA Has I IR VT BC A RE A J5 2 2 AR Ak S (it Rt 1 DL T
B, T EURRHE R R R, RICE S AR, X — K DR A B B k9], BT, E
EUR AL SLAM R, BRI T A 10]. LPM [111#ES T B 4R M S0 N 7] 53 2% 1 1 B 5
SEIL T A NIV IOL R L ECPERE . GMS [12 R RAERHEVLEC T N )2, — 2% % ] GMS 5
VTR ) IE R R AN A 1 AR DR S A AB AT A TRI[13] [14]. DTSSR 251514 F 8 2 245 8 S 15 5 4 B
ALV 7232 i 1 B ALKS E - ORB-SLAM2 [16]4E PTAM [17]128K) i 5Eat b, 3900 " =350 M A [ 4
K shae, Hoarum s HFEALREE—2(Random Sample Consensus, RANSAC)572:[ 18] 5 B 15 VT e AFAE 25,
2SRRI I B A LA BORE A B 1 A5 B — ME 0 B s B S48, (R THE S 3O I U /N AR =
HINAEHLRE, EAEBRNRIERESE, N T 7B KB [R5 R R R, s ik AR EL,
B0 Y BRI EL A 75 RN 1910 R G5B 47 I A % S e A 1R K2 [20].
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Figure 1. The workflow of the proposed method
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Figure 2. Fusion K-Means clustering algorithm to eliminate mismatch
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Figure 3. Flow chart of fusion K-Means clustering algorithm
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Figure 4. Schematic of multi-scale adaptive matching of feature points
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Table 1. Dataset selected for experiment

= 1. SEEEEEESE

SR Fr3 fii k.
rgbd_dataset_freiburgl xyz frl/xyz
B rgbd_dataset freiburgl desk fr1/desk
rgbd_dataset freiburgl room frl/room
- rgbd_dataset freiburg3_sitting_halfsphere fr3/s/half
ezt rgbd_dataset freiburg3_sitting_xyz fr3/s/xyz
. rgbd_dataset freiburg3 walking halfsphere fr3/w/half
Rzl rgbd_dataset_freiburg3 walking xyz fr3/w/xyz
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Figure 5. Effect picture of matching and filtering
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$rE . AHEL ORB-SLAM2 Hfifi FH & 7 UCHCL AT RANSAC ZIBRRILHES, it G i a K-Means 21| FiR LA REDS -
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Table 2. Comparison of matching filtering effects

2 2. DAL R R AT

Byl RANSAC GMS K EE
UL R4 1005 231 247 640
T ERERT /s - 0.0164 0.007 0.0034
DLHC IR B 2 1 22.99% 24.58% 63.68%
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Figure 6. Matchers filtered under different ORB features
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Figure 7. Cost time filtered under different ORB features
& 7. [ ORB % H T iE 1k #2Aia]
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B, Eoy B 7 LB T ANEFRFIE SHCE 4T 20 AEH GMS. RANSAC FA SCH LI B fE 3R 15 T
FeA = RGAC TR S a], A 6 WTLLE WY, A SR I 8 5 VT Fo B U 00 SR 46 5 77 DT e xt i)
GMS P HBEIREE 28.78% VLA, RANSAC ik /5 R AR 26.69% I VEEC A&, 1M A SCHE AT LAOR
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Figure 8. Real time trajectory maps of two algorithms
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Figure 9. Experimental results of two algorithms in different datasets
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3.2.1. $idExg bL 3R5E

P58 LR T 58 ARG P AN BB 1 2 SLAM I R v i B 22 ) AN A o 38 A0 ] TUM s S k47 5250,
— RN T PR SLAM RGRITERE, 2 R 480 #1025 iR 2 (Absolute Trajectory Error, ATE)FUFH X Lk 5 %
(Relative Pose Error, RPE)X VL UF IR AT VRAL, A SCR 40T #0281 22 (ATEWE Ak BEVEAN Fe A% . S 74K
IR SRR, IR ST I8, 4% 3 NANE R N AR SCRE A ORB-SLAM2 5K B2 (10 L
253, |5 10 Jy ORB-SLAM2. A SCHVE 5 B Sz 5t Lh &

Table 3. Absolute Trajectory Error result (ATE, Unit: m)
2 3. EEHITIRELER(ATE, B4I: m)

ORB-SLAM2 5% ASCH:
751 RMSE #£ A H 7t
RMSE Mean STD RMSE Mean STD
fr1/desk 0.0156 0.0131 0.0085 0.0125 0.0104 0.0069 19.97%
frl/xyz 0.0094 0.0086 0.0038 0.0079 0.0055 0.0044 15.95%
fr3/s/half 0.0165 0.0136 0.0095 0.0124 0.0102 0.0072 24.85%
fr3/s/xyz 0.0085 0.0074 0.0042 0.0069 0.0062 0.0029 18.82%
fr3/w/half 0.0229 0.0188 0.0115 0.0155 0.0136 0.0072 32.31%
fr3/w/xyz 0.0190 0.0151 0.0115 0.0072 0.0062 0.0036 62.10%
-75
®-100 7
= \ i/
%-125 --- groundtruth { iy
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Figure 10. Comparison between the two algorithms and the real trajectory in the direction of rotation
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3.2.2. SERTMESHR

TATAT SLAM R55, SERFPEES AR EE ) — DU S e br. ARG T BB 2 R E BiE N RIT
B Al K-Means B3HE G BRIRICHES, 773 7T LAZE b —WURT 24 Fi il 2 (8] AN [ J2 ST AR 3t AT UL RS, e UG i
FERISEFUCEC A &, J5 & v DRI G B R ULEC, R R i BE IR LIS, g e i, IR IKR G A
SRS, PRFFEER DR . % 4 BRERICSE TIEAFFH T ORB-SLAM2 FIA SCEE g — i BUG k4738
ER I PS5 I 6] A R G I8 AT I (]

Table 4. Real time performance comparison between ORB-SLAM?2 and ours

5% 4. ORB-SLAM2 S5 E R LATIEXTEE

ORB-SLAM?2 %2 ARSLHIE

73 BB K /m BB s K /m T
frl/xyz 16.486 5.744 15.1884 5.790 1.2976
fr1/desk 12.3908 8.909 11.3556 9.213 1.0352

fr3/s/halfs 23.2259 6.349 21.2458 6.604 1.9801
fr3/s/xyz 23.7065 3.112 222176 4.204 1.4889
fr3/w/halfs 18.2497 3.718 18.2065 6.849 0.0432
fr3/w/xyz 14.0324 2.319 13.9686 4.240 0.0638

%53 ORB-SLAM2 . HAHGLIIAENE, B PAURT =Sk, BUFIEATX L. M3k 4
FRTLVE Y, AR T RGUBERERERSATR . EHSIIRSISHE T, mniiiae, &%
BRI ZH MR, W REAE SR, ACEIRN RSA 2 AL, AR R AR RA )5 4
Bk E) 1.9801 s, HRIRSA TN 1.45045 s. RIS, REMEMT AR S, &7H%
2 JFUBE B R UL e 7 BEAE 55— I R TR EE A ROR B s B b (1 00 R B R R R R A AL, 3R
135 2 [RFAETLIC %, ARBLT SRR SR 1) 00 35 oA (R S AR B A A BT T I, P35 4 i 7]
0.0535 5. MBI ERE, LRI N PULIRER K BEBISUR BT 7, "TUAR s ik
PEAIHER S EE AR SR BT . SUEFR, IR EREGREREM TR T ORB-SLAM2 R4, LR, (k3%
A RERTE, RS TR A,
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B A% G2 R AL A 5 3 B M ARG AR AR 8, 3R T — M ik 1 2 RUEE B 38 N R AL A5 UL S AN
K-Means 7| FR iR VLAC AL KSLAM S0k $R I ISR EZN T SLAM £ SHEZ A o, S8 2 v 500
FIRREATAR, MWEZ R e TR ORB Xt FG R IRIURFE A, ARG LA K-Means JE3EJ5 HX
DCHC G BRFAE U6 REAT PR 73 Bk i 24 45 2 SE N AE A i VL BC K, FLIE I T SEAN 7] 2 4 B RS Ik A2 24
MR T — WA A E B R BOALE, IRV BE AL R i, R W] BERT Lk RGTER BRI, SEga g SRR,
eACHE Je (1 R R DAPE SO O e 1) P A 2K R IR A R A UL R, IR VT RG] BR i L J5lG ORB-SLAM2 R 4E
VEECHS AP RTE T 30%, HASTHAIBOE ORI HSEIE . RN IZEE RN FIRRIC 1s, RGEH
PEFIRCER B R TT

HE&mHE
NG FERLATE 7T (B AR RF) T E (B AL E SR AE-ZK[2021]F & 001) 5 B,
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