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Robust monocular visual-inertial SLAM based on the
improved SuperPoint network

Yu Hongshan, Guo Feng, Guo Linfeng, Wang Jialong, Fu Qiang

( National Engineering Laboratory of Robot Visual Perception and Conirol Technology, College of Electrical and
Information Engineering, Hunan University, Changsha 410082, China)

Abstract : Monocular visual-inertial SLAM ( simultaneous localization and mapping) systems recover poses by tracking the hand-crafted
point features, such as Shi-Tomas, FAST, and so on. However, the robustness of hand-crafted features is limited in some challenging
scenes, such as severe illumination or perspective changes, which may lead to poor localization accuracy. Inspired by the excellent
performance of SuperPoint network in feature extraction, a monocular VINS (i.e. , CNN-VINS) is proposed, which is based on the self-
supervised network and works robustly in challenging scenes. Our main contributions are summarized in three terms. An improved
SuperPoint-based feature extraction network is proposed. The dynamical detection threshold adjustment algorithm is used to detect and
describe feature points uniformly, which can establish accurate feature correspondence. The improved SuperPoint network is efficiently
integrated into a complete monocular visual-inertial SLAM including nonlinear optimization and loop detection modules. In addition, to
evaluate the performance of the feature extraction network encoder layer in terms of the localization accuracy of the VINS system, learn
and optimize the intermediate shared encoder layer and loss function of the network. Experimental results on the public benchmark
EuRoc dataset show that the localization accuracy of our method is increased 15% more than that of VINS-Mono in challenging scenes. In
simple illumination change scenes, the mean absolute trajectory error is between 0. 067 ~0. 069 m.
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Fig. 1 Overall scheme of algorithm
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Fig.2 Low light scene feature matching example
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Table 1 MobileNetV2 shared encode structure
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Fig.3 Network framework of the improved SuperPoint
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Table 3 Comparison of feature detection and

matching performance

‘ JCHE LY R WA 5
VRS
Rep. mAP Rep. mAP
Shi-Tomasi 0.61 X 0. 60 X
SuperPoint_VGG 0. 68 0. 83 0.58 0.73
SuperPoint_GhostNet( Ours ) 0. 68 0. 81 0. 56 0. 65
SuperPoint_MobileNet ( Ours) 0. 67 0.83 0.56 0. 69
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Fig.5 Comparison of the accuracy of homography estimation
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3 AR 35 AT I, o iR VINS-Mono {5 i
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FEERK 11 AT, R evo T HAITAS BT 4 R iR
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Fig. 6 HPatches dataset feature matching effect
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BB - 1 7 AR 1% 22 (oot mean square error, RMSE) |
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Table 4 The RMSE results on the medium/ difficult

EuRoc dataset m

CNN-VINS( Ours)

J¥ 5 VINS-Mono

VGG-style GhostNet MobileNetV2

MH_03 0.077 0.079 0. 069 0.076
MH_04 0. 151 0. 094 0.117 0. 149
MH_05 0.126 0.179 0. 131 0.121
V1_02 0. 053 x 0. 055 0. 064
V1_03 0. 085 0. 084 0. 083 0. 090
V2_02 0. 103 0. 091 0.076 0.089
V2_03 0.197 0. 135 0. 144 0.123

¥ 0.113 0.110 0.096( | 15%) 0. 102

N3 4 iR, 7€ EuRoc 229 507 91505 L5 T
SuperPoint_GhostNet ) VINS 247 3 NP5 R
BAEVERE LT SuperPoint_MobileNet ] VINS RS 1EM
AT LRI B R R 5 TAE 4. 1 777 o 25 B A M e
i EFRIFLR ) SuperPoint_VGG N F AL B EAEF
FI V1_02 b H B IR A 2 TS BULIE SRS 155 0, M T
Bk 4.1 e P2 R R, SERAE SRR B, AR SCHY

CNN-VINS R4 # EuRoc B850 75 LA E R &, 5
Jrlf VINS-Mono 4 XF v 3% 15 25 1) 2 5 78 JHE K 9%, 491 4n
MH_04,V2_02,V2_03 %6 %51, 7E EuRoc $H4E B fiif 2
Y E 8 b AR SCHE B CNN-VINS £248 5 U 4f VINS-
Mono B35 W7 ZAh THIEREAR Y | 48 X 50308 35 7 iR 1R 25 1Y
SEYERAR R 0. 067 m, SEERLE RN 5 FiR,

# 5 FEuRoc BEFIHPHFRIZE

Table 5 The RMSE results on the easy EuRoc dataset

m
CNN-VINS( Ours)
il VINS-Mono
VGG-style GhostNet ~ MobileNetV2

MH_01 0.084 0.073 0. 083 0. 061
MH_02 0.072 0.079 0. 069 0. 080
V1_01 0.059 0. 055 0. 060 0. 057
V201 0. 057 0. 062 0. 063 0.073

¥iE 0. 068 0. 067 0. 069 0. 068

4.5 SRR RS- 26 BT VINS 2GR
B AL P oy T 1 A2 A B T N AR T RS B R A
JEIRASL B B 1 5 22 o, L R G et R (G
53] 42 T, Hi b 5 T SuperPoint_GhostNet ) CNN-VINS
AT VINS-Mono & M AE BE4R- T 15% , X THORIRAR (L
ANHH B ] P37 S AR SCARY CNN-VINS R 40 0] 5k 31 3 i
VINS-Mono ZRGEA M RE , 8 A7 FL3008 35 T AR 158 25 19 34 (B )
FFE 0.067~0. 069 m ZJd],
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Fig.7  Qualitative comparison of trajectory errors
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Fig. 8 Feature extraction of motion processes
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Fig.9 The trajectories in the indoor environment
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AL, HH LK+Shi-Tomasi i2477E CPU |, Hi4y 3 Fil
FRAE GPU L is 17, &5 B B AE & i 18] 1 45 D i 5%
(frames per second, FPS) WK 6 fi7n, 3 6 25 R E/R, AR
SR 2328 17 3 F /N T LK +Shi-Tomasi , 4R i VINS
A G Jn AR A A i A B A0 B S R AE 10 Hz £ 47,
AL CNN-VINS RS LIRSS R Al SERfiEq T,

#6 FHIETHIE

Table 6 Average running time

SuperPoint

g LK+Shi-
ThREiE . GhostNet MobileNetV2
Tomasi VGG-style
(Ours) (Ours)
FRESREL A ikl /s 13.0 34.5 34.6 25.5
FRAEDCRL SEHREE /s 4.5 5.6 3.2 3.1
SRR/ s 17.5 40.1 37.8 28.6
-3 %/ Ha 60 28 30 40
5 4 it

ARSCHE —FP R H VINS REE, KRG HE TN
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FEHE S IR0 25 Bl AR oAb B o, A SR T T VINS R 48
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