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Semantic Visual Odometry Based on Panoramic Annular Imaging
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Abstract Visual odometry is commonly used in various applications including intelligent robots and self-driving
cars. However, traditional visual odometry algorithms based on the pinhole camera with a limited field of view
(FOV) are usually fragile to moving objects in the environment and fast rotation of the camera, resulting in
insufficient robustness and accuracy in practical use. This paper proposes panoramic annular semantic visual
odometry as a solution to this problem. Using the panoramic annular imaging system with ultra-wide FOV into
visual odometry and coupling semantic information provided by the panoramic annular semantic segmentation based
on deep learning into each module of the algorithm, the effect of moving objects and fast rotation is reduced; then,
the performance of visual odometry in dealing with these challenging scenarios can be improved. Compared with
traditional visual odometry systems, experimental results show that the proposed algorithm achieves more accurate
and robust pose estimation in realistic scenarios.

Key words machine vision; visual odometry; panoramic annular lens; semantic segmentation; pose estimation
OCIS codes 150.5758; 150.0155; 150.1135

1A = I TR RENLAR A L H B2 Bl R U/ G 9 B S A

e e, iy T B AT HLE A M A0 B L 45 T

Mot LR (VO R — PR FIARPLIT AR AYIE B e 75 A5 P, 50 H L oE B R 3 3 Jn 32 ST 5
SLRGRAGTIARYL 6 [ i B E AR TIE HIE R,

KB . 2021-03-18; & HEF: 2021-04-13; FHBAHE: 2021-06-03
EL£WB . WL K5 T8 ECS 58 ho0 3 H (2020-03)
BIS1EE . "wangkaiwei@zju. edu. cn

2215002-1



%41 3% F 22 /2021 £ 11 B/RZFFR

ARk, B NSNS AT E a8 TR Z L
F B W, DSO™ ,SVO™ | ORBSLAM'" 4,
FE— S FFURACHE 4 U T AR R RCR . B2 Y
o7 FH T 5 3 5 10 I A, 3K 8 7 AR SR AT E — 2 [
B, E A LR BRI A K2R T RS
B B A BRI (FOV) /Y & LA BL T 33
XA AR Y PR A A A2 2 R Y B nT R B A
PRI BT s ek, 7 B9 A B B 5 b (L
BREHLEE O RA D) B A e i e s s sh . A
BRI FOV 23 i 45 40 408 i 2 [1] Ay 240 IX 3 phy 1Pl o
i 2 i A N L O A TR ER . ST AR A
SRS SO R (PASVO) 3l 5 fdi 4 5
L (PAL AR, FF 46 R TIRE S I ML 5
PP XA AR L R O AR ELSE Y MBS
ARG B R e

PAL J&—Fp ] Lh7E B R A5 i R 15 360° 4 5t
AR AR, 845 T PAL 9 K FOV,PASVO
FE T X B S FH 4 55 B ] DUARIE 78 R A4 o 8] 4L 4
KF AR T AR T SRR E . T A
F 6T A% F A0 A% AR i I T T 110 25 1k o i o
SARZET B G T KR — B S
KO LB T AR R S E R A Y
M5 38 A% B, ] LLES B PASVO 7807 S 4 115 72
T S AR IS SR I T4k

Hp, O — 2R AR RS THE KN FOV
AL e AR I 0 B B L IR T — S K FOV
WE AT T M 2 R R . Lemaire g"‘f:[g: . Rituerto
ZEH Pretto % S AR YRR T TP R AT U4
5 R 5t (catadioptric system) f) BV B ik ; 3 T R
Bi 3k (fisheye lens) 194> 50 UG J5 Z8 0 [R) FE 52 B B 52
H YT R R T K2 B CubemapSLAM™!Y |
BT AR I RAE R R 1R i SVO2. 0
Omnidirectional DSO™ | ORBSLAM3™" 45 ; i3 45
MR EFERX TN SR LT T — 2 TAE,
Seok 4 #2 1 i ROVO"™ F1 OmniSLAM"* | | i
AL KR T Richo Theta V & 5t AHALBY
PVO"™ (BRI K 242 B PanoSLAM™™ %8 2%
J5 AR AR A A SE BT L 28 UL B LR O A Y
R BE L AH R T R AR A BT 018 XK IH & 2 332 )
PRI . BEAh XS RCR M & SR G
AR Z A P R RGeS A, X
J A4 1 T RS B SR e T G vk S 5 £ MR A Sk
A R FOREAS TR 48 T gy R PR &
ARG BE AR AR DR k. BT X

S8 PAL 7E SE BN 360° i 18 P 58 BE AL AR Y il
e B B 0 AR S5 R LT i R AR AR L Ry
A (G T A X BERE L 3K SR 5 A PAL BEINAE & 1
b BT,

FEIE SCAF BORALSE L RE 45 & 5 If L T B AR R
A AR TAE AN S B T BORFAE & T
FBRAEE A Sh A H AR L T RS 4R A
PERE BRSO TR SO T AR, H X s T AR
AR 35 0 QAR Y 78 S BRI e TR
SRZ BN HHL FOV 119 BRI 47 76 X AH B PR o i 77 A
B PR I IR, A SO R B 4 SR USRI i L
MvE AR, i 5 25 A B F PAL R4 5 307 1 Loy
E Y /N2 B AR R ERH TE e 1) 5 L B R A B % Bk
M s i B R AR . A SO STk aT DL g ok =
R D HET 2 R R R SR R RS A
2T PASVO Bk 2 2 T3 18 UE B K%K
AR B T o A T B 5] 5 B S A ok
SR IR 1 2848 R 5 3) TE RS 3 PAL AHALAY IE 5
HPT R LS s R A T TR Rk

2 PAL FHHLEAY

TETEAN I iR PASVO B34 i Z Wil 1 55 44
— TR PAL AHHLEE RS . PAL 38 5 % A
LRHEAT IR, 77 A A 360737 57 B9 IR R AR,
H J5 T Y 4K 55 5% (relay lens) (R 76 R AL I 4R
bl R s 3 PAL K [ S8 il A9 = 2[5 FE X
B B AR AL s L R T AR IR B
P A T B A £ 5, e 1 s

HI T PAL AN B LR B L FL AR DL 22
BIRBAE M . O T HERR A 4 R IR R =
2 23 8] R A L (3D A AR D) 5 A P ARF T L A 4
WAL E (2D A bR Z R Ko G &R, A

4 cylinder FOV
I
|
|

. A
! |
I I
- G e
I

@ relay lens

— image sensor

BT AR A g

Fig. 1 Panoramic annular imaging
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Fig. 2 Camera model. (a) PAL camera model; (b) image plane; (c¢) sensor plane
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Fig. 4 Panoramic annular semantic segmentation (PASS)
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Fig. 6 Keypoints extraction under semantic guidance. (a) Semantic segmentation result; (b) confidence distribution;

(¢) original keypoints extraction; (d) keypoints extraction under semantic guidance
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Table 2

Loop closure error in the large-scale dataset

Loop closure error /%

Dataset Length /m — = -

PASVO PALVO™!  CubemapSLAMM" SVOH! ORBSLAM2"™
Caolou 190 1.1260 2.5719 0. 9989 3.6702 1. 2254
Fountain 200 1.0469 4. 2288 4. 3081 6.3477
Library 250 1.8031 3.6310 4.0794 6.5322
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Fig. 10 Trajectories estimated by the different algorithms on the large-scale dataset. The black dot represents the starting

point, and dots with different colors denote the end points of the trajectory estimated by different algorithms
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