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Improved PL-VINS based on closed-loop image correction
and line feature clustering
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Abstract : In varying-illumination and repetitive-texture environments, existing visual-inertial navigation systems ( VINS) suffer from
insufficient feature extraction and high feature mismatch rates, failing to meet application requirements in pose estimation accuracy and
system robustness. To address these challenges, an improved PL-VINS is presented to enhance feature extraction in varying-illumination
scenes and feature matching in repetitive-texture environments. In the image preprocessing module, a closed-loop gamma correction
method iteratively adjusting image brightness until the desired level is proposed to increase the number of extractable features, thereby
enhancing system robustness under varying illumination conditions. In the line feature detection and tracking module, the intersection
points of spatially parallel line pairs are first calculated in the image plane and clustered to obtain intersection-point clusters and their
weighted centers. Then the line features are clustered based on their distance and direction relative to these weighted centers to enhance
the robustness of line feature matching in repetitive-texture environments. In the backend optimization module, the intersection points of
intra-cluster line features are incorporated into optimization as additional features. Reprojection residuals that jointly fusing point, line,
and intersection features are constructed to improve pose estimation accuracy in repetitive texture scenarios. Comparative experiments on
public datasets demonstrate that the improved PL-VINS reduces the average absolute pose error by 17.4% on the EuRoC dataset
compared to PL-VINS and by 12. 2% on the UMA-VI dataset compared to SuperVINS. To further verify the effectiveness of the proposed

method, an experimental platform using a mobile robot was constructed for real-world testing. The results indicate that the improved
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PL-VINS exhibits superior accuracy and robustness compared to state-of-the-art algorithms in environments with illumination changes and

repetitive textures.
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Fig.2 Convergence test of closed loop Gamma correction
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Fig. 3 Point feature detection results of three algorithms in bright environments
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Fig.4 Point feature detection results of three algorithms in dark environments
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Fig.5 Line feature detection results of three algorithms in bright environments
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Fig. 6 Line feature detection results of three algorithms in dark environments
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Fig.7 Impact of angle threshold on localization error
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0.7 0.197 0. 166 0.172 0.241 0.246
0.8 0.203 0.170 0.179 0. 288 0.267
0.9 0. 265 0.201 0.218 0. 296 0.277
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ROS( robot operating system ) Noetic #J Ubuntu20. 04 #:4E
RO LSER, R R A TR) B G 5 2 500 A i 2 B A
SUBUR < 150 A, BEWURS I BR 057 1.4k =50 4%, G
[ AIE - 25 40 22 = 10 pixels, W 308 P& 10 %
i,
5.1 EuRoC ##z &3t bk it I 16

WA SC ¥ 5 VINS-MONO ., VINS-FUSION!™* |
PL-VINS ,PLF-VINS™ # PL-SLAM"*! #£ EuRoC 4 %k 1%
FPA AT RS, IR AR APE RMSE,

EuRoC (4R 4E v MH_01 ~ MH_05 H. A5 Y6 a2 4k 11
TG SO AT, 00 7 50 R A R e ) A AL 45 A R
I, WA B IS, A5 R EUHIEILEC A R, O iz
SRR VE 2258 DXCRIG DX, BET AR AaE Aok 100 R DG T X
1M V1_01~V2_03 3Z /IS s m g K, Je HEAEAN TR
P Il ek o 1 HEBH 250 T, o IR BE & IeF 8] 8 A 88 1 28 Ak i
4k,

F 4 AR BB 1E EuRoC 25U ¥ 5 | 1Y APE
RMSE Z55, 3 4 A WL A SCRIE A2 11 507
GIFPHUAS T 8 AL, 3 DRI A SR . A SR
{715 22 - Y # VINS-MONO T F& 26.42% , # VINS-
FUSION R[4 30. 39% , %% PL-VINS [ 17. 44% , % PLF-
VINS FF% 11. 80% , % PL-SLAM F[% 12.88% , A &
YR 22 (Mean ) 2 0. 142 m, RIEAL . 18 A ML
T MH_05 _difficlut ™, A SCH ¥ 5 0K B 43 50l 4%
VINS-MONO . VINS-FUSION, PL-VINS, PLF-VINS #
PL-SLAM 4% & 31.32% . 31.53% . 18.86% . 12.31% #l
4.2%

(&1 10 FHE T A () B33k A 38 43 B30 1 37 o 4 % 47 5
TR ZE R AR EURNAR Y BTN EL 78 P TRIHE S5 9% 1) B e I3
G 1 AR SCR % 0 38 O RR A 25 eI, L3I0 5% 25 I sl 3R
JIN K R T P BRI G R I AR T RRAE AR ) R e AN AL
it [ B R ARRAE R T L ARAE (] Y R DT B, 358 T &R
G E R,

5.2 UMA-VI #iBEX bR o7

kT B P AR SR R G R AR A PR v )
PR 1 5k £ UMA-VI B0 5 b 10 B 2 20 H 3 5
class-csc2 % N MR 3 28 3% 5 two-floors-csel Al
B NIEIEARAL g5 conference-cscl

%5 A SCHE P VINS-MONO  PL-VINS  PL-SLAM |
SuperVINS > #¢ k¥ H1 ) APE RMSE X} Lt &, F
FRIRER 2k 8 APE RMSE #3410 m, AR#EZE 5, A
SR AR A e R — A R 45 55 i VINS-MONO |
PL-VINS I PL-SLAM 477 7£ 2% U1 B 5 SuperVINS i
UREE 24 2T A TR AR B B, 76 6 FRAR (L IR T R By, 7
iR s h B R A
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Table 4 APE RMSE of different algorithms on the EuRoC dataset sequence (m)
el VINS-MONO VINS-FUSION PL-VINS PLF-VINS PL-SLAM A%

MH_01_easy 0.191 0.224 0.229 0.143 0.194 0. 190
MH_02_easy 0. 167 0. 168 0.177 0.178 0. 162 0. 140
MH_03_medium 0.218 0.222 0.214 0.221 0. 198 0. 162
MH_04_difficult 0. 338 0. 237 0. 245 0. 240 0. 265 0.223
MH_05_difficult 0.331 0.333 0. 281 0. 260 0.238 0. 228
V1_01_easy 0.079 0. 104 0.074 0. 069 0. 087 0. 061
V1_02_medium 0.117 0. 100 0.118 0.099 0.093 0. 095
V1_03_difficult 0.192 0. 162 0. 163 0. 166 0.170 0.110
V2_01_easy 0. 085 0.071 0. 085 0. 083 0.078 0.072
V2_02_medium 0.122 0.331 0.115 0. 125 0.112 0.101
V2_03_difficult 0. 287 0.295 0.192 0.183 0. 198 0.177
Mean 0.193 0.204 0.172 0. 161 0. 163 0. 142

max , a3k 8
' 4 . —
min ! |
030f ! |
I — i I i
std pizzz H | i
= E 02s) ' | |
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e
LF @47 3 ox ! !
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mean SPL-VINS Fig. 10 Absolute pose errors for different algorithms on
@ VINS-FUSION

partial data sequences of EuRoC dataset
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(b) V1_03_difficult histogram Table 5 APE RMSE of different algorithms on the
0.6 — UMA-VI dataset (m)
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g - i PL-VINS 0. 569 F 1.776
& 03+ i
® i PL-SLAM 0. 989 0.536 F
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. ! ! SuperVINS 0.598 0. 446 1.428
0.1} ! —= \
e | ARk 0. 401 0.329 1.441
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32.94% ; 7F two-floors-cscl I+, A SCH 3% & 1 G 4
PL-SLAM F1 SuperVINS 435Il # = 38. 62% Fl1 26. 23% ; 7F
conference-cscl |, AL T2 A kG BE X VINS-MONO F
PL-VINS 43 5l $2 5 84. 58% Fl1 18. 86% , % SuperVINS
R 0.91% , ] L, AR SCOR ik A 3 42 S BRI R AR fh 37 55
A R B Y R A A P R R
5.3 HELRIE ST

RIS R A AR A IR, T EuRoC 404 4
TR e, I 25 R W%k 6, B PF 4 45 bR R H
APE RMSE, %1, PL-VINS-Gamma 781X 5| A FH BR 401
LR IEAREL | PL-VINS-Line 278 {8 N £R AR AF S, £ rp
PL-VINS-Gamma , PL-VINS-Line Fl17S 32 8 3 308 )5 7 89
i Sk 7] b FeR G AR 258 PL-VINS 34K, [ T R & i
PR ZEHE PL-VINS /D

&6 HAXIEHER

Table 6 Ablation experiment results (m)
BAEFS PL-VINS PL-VINS-Gamma PL-VINS-Line 78 31
MH_O1_easy ~ 0.229 0.191 ] 0.214)  0.190]
MH_02_easy  0.177 0.188 1 0.172)  0.140
MH_03_medium 0. 214 0.201 | 0.195 o0.162
MH_04_difficult 0. 245 0.234 ] 0.241)  0.223]
MH_05_difficult 0. 281 0.236 | 0.2921  0.228]
V1_0l_easy  0.074 0.067 | 0.072]  0.0611
V1_02_medium 0. 118 0.098 | 0.098)  0.095]
V1_03_difficult 0. 163 0.135 0.1697 0.110!
V2_0l_easy  0.085 0.080 | 0.084|  0.0721
V2_02_medium 0. 115 0.103 ) 0.110)  o0.101}
V2_03_difficlut 0. 192 0.188 | 0.1981  0.177

R 6 AN, AR SO AR T A B 17 4 b 1 R
2% B Ik, PL-VINS-Gamma ¥ ¥ i% 2% %% PL-VINS T %
9.3% ,PL-VINS-Line V-3 13 22 ¢ PL-VINS T [ 2. 54% ,
PIE A A IR 225 PL-VINS FFE 17. 44%

XFF MH _05 _difficult, V1 _03 _difficult F1 V2_03 _
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T PL-VINS,, X f2 K 4 A1 300 25 057 1 6 0% i 3 (4% 5 2
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Fig. 11  Long corridor scenario

ARFERE AR TG A& 12 PR, Ko 8ok ia R
B HLes N, Fl s AN ¥ 2 realsense D4351 AHHLFN livox
avia WOLH B, D435 AHLAT TR 4E IMU FEEAE S,
BWOLTH B TARB IS HLE, SHMEA
JE F FAST-LIO™ 533

AYL+HIMU Livox Avia 2124

12 5
Fig. 12 Experimntal platform

F 7 NARCHE Y5 VINS-MONO |, VINS-FUSION i1
PL-VINS 7E K E B3 5% T ) APE RMSE X [, EL{E >R H]
WO IR E LA R, Horh A SO 0 RS B B e, 40
S % VINS-MONO ., VINS-FUSION #1 PL-VINS 2 &
55.44% 44.05% F1 53. 18%

®17 KEBHFETEERE APE RMSE
Table 7 APE RMSE algorithms in long corridor scenarios

(m)
. - VINS- VINS- AR
bR PL-VINS :
MONO FUSION =873
APE RMSE 0.992 0.790 0.944 0. 442

&l 13 4 VINS-MONO, VINS-FUSION , PL-VINS F14
AR ROE R 5N X R EXS T, A SR
BB TR ZE W e R AL A 08 T 08 LBk, 181 14 O
ANFRIEAERSE 57 T R SRR RS e . ML PP R
PUB AT LU AR5 25 b TR B A2k AT AL, X
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BN B AP B
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