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Based on Attention Models
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Abstract: Due to the disturbance of the external environment and the limitation of the sensor accu-
racy, there is noise in the input data of the visual/inertial integrated odometry, which will increase
odometry error, and the error will accumulate with time. To solve the above problems, this paper
proposes an attention model-based visual/inertial integrated odometry algorithm. This algorithm
uses convolutional neural network and long short-term memory network to build visual feature ex-
tractor and IMU information feature extractor. At the same time, two attention models, soft at-
tention and hard attention network, are introduced to reduce the fusion noise of visual and inertial
feature information. By adding loop closure optimization in the integrated odometry algorithm, the
accumulation of odometry error with time is effectively restrained. The experimental results show
that compared with other algorithms, the proposed algorithm has a significant improvement in
performance and accuracy.

Key words: Deep learning; Attention model; Visual odometry; Autonomous navigation

175 B H#1:2020-02-03; 1&1T B #3:2020-02-26

BELWB:HEHRBEE4L(6157337D)

EE B EE (1995, 3 B, FENF O A FAF E AR . E-mail: quhaol99541@163. com
BISES KALAE (1985-) B 18 4, Wil #5042 F 5 A S0 1 A 58 . E-mail: lilianzhang@nudt. edu. cn



%4 BT IR R L

/R A AR T SA TS 43

0 3]

BEAHBL P B A BC R B L R A R R S R
7E A BE 9000 1 52 2 A 5 2 ¥ (Simultaneous
Localization and Mapping, SLAM) & % H i FH 3
Tz . EEXT B H ARBLIT A 0 9 oe BRR AR k4 IR
A [ei] 1) HE Bl RO 7T 43 SRy < BT LART 9 B 5 R o B AR
TH LR T EE 27 2 i 5 5 e B

FE T U Y 5 B AL a8 AR T — R T Tk
THEY SR U R b (8 R A A O 4 B — S 9 v D)
BV 2 ot P45 Hh i DT I 45 AE 55 BE S (8 ] 2 AL &1L
A ASE TR AR IR I AR 408 120 45 DT E 45 AiE 1 22 TR) 4 AH
XFI2 Bl 0 A o () ISR S (B 90 B B 1 R BR A A 5
FRHLIZ SR YRR AE A, BE— 2D B2 T o B T Y
PERE . LIBVISO2M SR JH T it B fty 3 - LA ) R 52
BRI sobel 55714 AR AE Al & 1, JF K AH AR
o 5 v i 3 - 1) /N T — s A A AR AR R R
VC B RRAE 25, f FH BE ML R AE — 20 (Random Sample
Consensus, RANSAC) B HE B A £ & A L1z 2 #2
RIS . i T REIN IR B A R G i 17 R DL K
K A7 R 5 5 B 5 59 (Parallel Tracking And
Mapping, PTAM)™ Hl ORB-SLAM" % ] #% & 1k
ST Z R0 43 HER Y R h Al SRR AR S

SR AE G 2k B8 I B A7 TR R TR BRI B 09 15 0
B A LR T A0 R AR A R B R Tk AR A
% (4 PRTARRRAE AT S B 1 R e, BB B — AR 40
WF5E N D o 3 2 AL SR AR BT T R G AR
TR 5R SLAM R G818 FNRE 1 5 UL i) 2 AL
v/ A BRI, b S B S R S
(Visual-Inertial Navigation System, VINS) I & i
RUR AL 5E /M PR 2 & BLRETE . VINS SR 1 fR 43 19
J7 = b 2R M & R JT (Inertial Measurement
Unit, IMU) {9 I {5, Bl /I 37 2 807 ) 31 55 A 5
[ INf SR AR R PR AR AL 1 7 i A e 5 IMU {5 B
SRARARALAL 22 000 A2 Bl S A T80 00 A 38 s 4 5 1A
AT AL 23 DN o R A TE A R L 48, VINS
T AR AL/ IMU #HE R4 08 T2 0
W EA BN EBIE BER T ZMBIEE.

LT JUART B A o /158 1 2 R T R AR R A Y
Z L] R BB AT T K TE 2 Fh 3 S 0 Bl
T i B PEBE 5 SR B s A IR i 17 B 8 DL K
R Wl ) 2 BOBE S 38 5 5 S ARG 1 22 15 s 2Z 1)
AL O FR 5 IR R 22 L XA R4 T T B Tt

if

a5 N R I O W U7 e 1 = D WG
IMU 55 {F f W2 7 25 B AR A & HERR T A PR e, 2 T
JUAR] B A58 /158 Pk A LR T T 3 o i e k3 IR £
PEAR A 04 5 2 0s 2 e 5 X 35 3 3z A7 ) T4, 303 9
Je Xt MR RS AT AR, SRS AR SR L as AT 0 ) AR P HEBR
M 77 114 52 ]

U T IR 22 ) ph 48 W 45 HLA o K i AE 21
G UL LR R RER A AR 7, © A WE5E N D1 2l
TRJE 27 ) P ) 24 o f I v LR 3. SCHERES J48
T DeepVO Bk, ff 6 3 #2 B 45 (FlowNet™))
P& AT REAE B IS o LA ok AR A% 46 40 o B A
AR AIE A/ D U B O o o I R O 48 3 it 2
J2 265 FRUZ il AT AR <8 W 5 19 8 2 R AIE S 2 R AR
Aoy Z B T30 K B — 8 By M g
s 6 B Af K 4 BF 2 2 4% (Long Short-Term
Memory, LSTM") 52 40 % 55 W0 5 HL R 11 11 3F 26 14
oA g, i — 20 4 i 1 B ] P B 6 8 A T RS
FE . A 2 R A S L A 2, 25 A A AR i &
G0 85 )2 R AR JF 4% 5% S AR A 2 Al A . K
I T) A8 0 2, A5 D) 285 328 W 40065 TRAR S AR PIL A 2 2
(] R Lot G &R

SCHR[8 o FH TR B2 2% > ph 28 ) 2% T A 1 AR o
PEZH & BRI, R ] FlowNet-Corr* /E #1547
TE$ B Sy S PR i P45 o3 T A R 2 R 4 B
=R AL R R E FHXUZE LSTM #8710 315 B4
TE PR B 150 A5 B R AIE B2 IS B S5 B 20 1 i
YE R T A5 BB S 2 R R R 4EE S5 LSTM 19
RO S — 2, iR T — > SE(3) M 24 40
/R E B BRI Y B B &S AL B S
G5 L 2 1R 25 PRAEIGH AT U 45

AR /1 2H G FRR TR R B A it
M ASE B, F MR PSR L RE AN AR O T i — P
Bl iR R T IR BE 2 ) AL /B M A TR T Y B M
PERE , SCHR[9 88 M 1 — b 2 73 22 00 AL A A0 e
WV G AT FE BRI R g b ol AR
RERY 3ok U8 Rl G AR AE bR M R DA T A — 2P 4 e
BIIPERE .

gE Lk, BB B Ak T I R A ) B R /8
2H A FERR T AR R T A ) b 2% AR
FEIT Y A B AL . R AF 42 B RRAE DT C | 57 225 5K i LA
P& L A MR VAR A o A (N 1 V7 Al B 7 /o <6
T B A B 1) A HE B, AL 22 AN T R 25 4 B
HE,



44 ALE £ 5

2020 4E 7 H

RIS ICHRL9 ], it T — Fh 2k T3 BB
BRI GE /AB V20 B TR T Bk L BT X R R
{5 B AT BEAFAE A IR P AR ST T T i B 0
B X BB TR 22 B I 1) AR A4 R R, AR SCS
o5 SLAM £ 4t i ) i 551 51 A AL 3R 408 Ak B 26
T il P R T A AR R 0 (A A AR A R L S

IR TR S BN RS S
it

il PR B 2 ) d A A o /AR P A AR T T A
Ry B2 RRAE 4% 52 ) 0] 8L, B X6 AN [m] o 288 %) 0040 5 1%
THAS [R) 285 14 1) AR 21T 2 B 88 o B8 BB )22 R A0, JF 38 4
[RER e R SR R ('S AR il T I N S
WAt M 2% (FlowNetSimplet™ ) (1 45 #1238 20 1E M
HRAEFRAE 32 B 2% . FlowNetSimple [ 2% G 7] i 52 B
AR LB P T 1 P45 o B Ik TC 5 Sy g o P14 B 3 3 1Y)
2% XU T ROEK B TE SR RS . M T BRI 4%
FETEM P A Y (R, AS SO LSTM 5 22 5 517
BEURRE 4 A .
1.1 MEFFERNHFE LG

FlowNetSimple & BUZ B 45 WL 1 s, 78
GRS BT 2 D48 RN G R KRR
PRI RS 565 3 A S HER R A s B, s 1A
SRR W E B, R AE A Z T R S
— A8 (512,256)

F1 URHERNBEHER

Tab. 1 Structure of visual feature extractor
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Fig. 2 Scheme of soft attention model
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Fig. 3 Scheme of hard attention model
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Fig. 5 Comparison of different attention models traces
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