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Abstract
the target, such as the flight attitude of an aircraft, the docking position while assembling large products, and the body

Position and orientation are the basic geometric parameters that represent the spatial orientation and position of

position of athletes in sports. Therefore, accurate and rapid measurement of position and orientation is an essential task in
aerospace, national defense, military, industrial production, sports, and many other fields. To this end, various
techniques have been applied to position and orientation measurements, such as inertial guidance, satellite, radar, star-
sensitive device, and visual measurement. Hence, this paper summarizes the position and orientation visual measurement
methods and their applications, including the basic principles and typical methods, multi-source data fusion measurement
method, and the main application areas.
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Fig. 5 Development of classical object pose measurement methods based on point feature
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Table 1 Comparison on object pose measurement methods based on point feature

Method Year  Accuracy Speed Feasibility
SURE"™! 2006 Good Common Scale and rotation invariance
ORB" 2011 Common Good (10 times faster than SURF ) Suitable for applications requiring speed priority
s . . The deviation between corner and target area leads to limted
BB8 ™ 2017 Common Common
measurement accuracy
PVNet 2019 Good Good Suitable for severe occlusion or truncation
CDPN™ 2019 Better Better Better robustness and local occlusion resistance
GDR-Net™ 2021 Better Better Ensuring the real-time performance, accuracy and robustness

TR 2 2] A0 A 23 I i U 00 T3z W HT i T AR AE Y
TR 2 ] 7 v ) 1 07 AR B T i — P R . Al
BT 28 M RURAE S 2 00 0 I 2 5 v L TR BE A T 1Y O
B8 A R SE PG BSR4 DA SGIERIE O0 T Y U
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Image Plane

o

World Frame
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¢’
B9 Pal ) % ] JLA 5 25 1
Fig. 9 Space geometry diagram of the PnL. problem™
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Fig. 10 Development of PnL. methods
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Table 2 Comparison of Pnl. methods on VGG dataset

Method Model- Corridor Merton- Merton- Merton- Uni'versity- Wadham-
House College- | College- Il College-1ll Library College

Number of images 10 11 3 3 3 3 5
AG/(7) 0.4135 0.1178 0. 0241 0.0261 0.0652 0.3642 0.1526

LPnL-Bar-LS™"
Ar/m 0. 0403 0. 0440 0.0099 0.0149 0.0233 0.1632 0. 0909
AlgLs™ AG /(%) 0.4220 0.1983 3.6200 55. 8037 3.7495 1. 8838 60. 0517
Az /m 0.0384 0. 0888 1. 1504 14.1879 1.3683 0.9519 9.8801
RP L AG /(%) 0.5521 0. 3652 1. 0870 0.3249 1.7528 2.9731 0. 4200
Az /m 0.0631 0. 1150 0.3215 0.1660 0.9121 1.5613 0. 1909
ASPALL AG /(%) 0.2265 0. 0911 0.1141 0.1515 1.5584 3.6662 0.4227
Az /m 0.0162 0.0298 0.0314 0. 0600 0.5571 1.6683 0. 1955
SRPL AG/(7) 0.2258 158.9520 0.4381 0.1151 36.4034 4.1848 0. 0880
At /m 0.0160 17.5570 0.1064 0.0495 3.9398 2.0632 0. 0407
EPnL A0 /(7) 0.2265 0.0969 0. 0306 0.0170 0. 0504 0. 0871 0. 0808
Az /m 0.0162 0. 0252 0. 0097 0.0123 0.0147 0.0343 0. 0375
3.2.2 A TA%/HEFIEGILEERT * RN 2 28 3% B DL T 3D A5 20 4% B i 62 24 1% X

3 2% 35 AT A9 0 R £ 35 P R 1) B 4l s th
LRHCJE L 8 2 S 3 AROKE 3D B AL B T A 1 2/ 4
JE 5 S92 N P B 8 BRI 4 300 % /e B R AT N 5, AR U

5

(a) (b)

) 32 T vk v G B TR TG L A A 3R 4t SR A ] 11
FIi7s o BET G/ %6 B R AE A0 AL 2 R AT 2 BAR R &
JE i R A& 12 Firw o

(c) (d)

FII1 T 48 BRFAE 9 O 48R AR A0 () RGB IR s (b) B8 I 4 B2 2R 5 (o) W0 R 0 48 (LT 68) ARG A 07 348 (4 €20 ) X o () 6 R BE 3% 5
() PIE A A7 23 %08 7 4 A6 2R 44 52

Fig. 11 Process of pose iterative method based on contour features """, (a) RGB image; (b) extracted contour features; (c) 2D contour

projections corresponding to initial pose (red) and optimized pose (green); (d) model projection corresponding to optimized pose
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Fig. 12 Development of pose iterative methods based on edge and contour feature
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Fig. 13 Time line of region-based pose measurement method
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Fig. 14 Local area correspondence of target surface™’
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Fig. 15 Estimation of foreground and background probability based on different shape of areas. (a) Local circular area”; (b) banded area™”
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Table 3 Comparison of pose measurement methods based on region-based feature

Method Year Accuracy  Speed Feasibility
Schmaltz ez al. ™ 2007 Common Common Good application effect in weak texture, just for asymmetric targets
Brox et al. ™" 2012 Better ~ Common  Better application effect for occluded or symmetric targets, better robustness
. - ) Better application effect for occluded or symmetric targets, good robustness
Tjaden et al. 2017 Better Good )
and better real-time performance
Zhong et al. """ 2020 Better Better Better robustness and more suitable for symmetric targets
Hodan et al. ™ 2021 Good Common Better suitable for occluded or symmetric targets, better robustness
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Fig. 16 Development of object pose measurement methods based on multiple features
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Fig. 17 Object pose measurement results under strong occlusion
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Fig. 18 Pose measurement method under hybrid representations ™
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Fig. 19 Aircraft pose estimation approach with keypoints and structures'
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Table 4 Comparison on object pose measurement methods based on multiple feature

Method Year Accuracy Speed Feasibility
Choi et al. '™ 2010 Common Good Need to know the 3D coordinates of each keypoint
Choi et al. ** 2011 Good Common Need to know the 3D coordinates of each keypoint
Pauwels ez al. " 2013 Common Good Difficult to extend to the articulated scenario

Tuzel ez al. ™ 2014 Good Common Identifies and ranks important features on 3D object

Liu et al. ™ 2021 Good Better Suitable for application

Fanetal =" 2021 Good Common Need the 3D aircraft model

Hu et al. *" 2019 Common Good Suitable for severe occlusion

() Still fail for heavy occlusions
Zhong et al. '™ 2020 Good Common - . . o
No efficient 3D object detection module for pose initialization

Song et al. ™ 2020 Good Better Limited by image resolution
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Fig. 20 Development of object pose measurement methods based on 3D reconstruction
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Fig. 21 Multi-view pose measurement methods. (a) Multi-view 3D keypoints estimation””; (b) multi-view 3D bounding box estimation”
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Fig. 22 Disparities estimation method. (a) Semiglobal matching (SGM) stereo method”’; (b) GC-Net: geometry and context for deep

stereo regression””
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Table 5 Comparison on object pose measurement methods based on 3D reconstruction

Method Year Accuracy Speed Feasibility
SGM et al. "™ 2007 Common Good Poor application effect in weak texture, transparent, reflective objects scenes
FPFH eral. " 2009 Better Better The reduction of complexity compared to PFH ensures the real-time performance
) - ) ) Better robustness, efficiency and description for point clouds with noise, clutter and
SHOT etal. " 2014 Good Good .

uneven density
GC-Net et al. . . .
2017 Better Better More suitable for multi-target tracking in occluded scenes

[75]
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Table 6 Multi-source data fusion pose measurement method

Classification Combination

Characteristic

Application scenario

Visual system+
inertial navigation
system
Multi-sensor ~ Visual system+

data fusion LiDAR

GPS is used for positioning, and UWB is used to obtain position

Visual system+ . .
information, etc. ,
other sensors

LiDAR is used to acquire depth information, and the visual system is

which can assist the visual system to obtain more

Inertial navigation system has low cost and good stability, but there

Flight process of aircraft,

are accumulated errors. Visual measurement has good autonomy and

automatic pilot and so on

high precision in close range

SLAM

used to acquire other information in the scene

Flight process of aircraft,
human-computer

interaction and so on

accurate position and pose

Multi-

. . 2D information—+
dimensional

. deep information
feature fusion

Common features (points, lines, regions, etc. ) can be acquired in
two-dimensional images, and depth information can make up for the
deficiency of two-dimensional information and obtain more abundant

object features

Posture measurement of

static objects
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Fig. 23 Multi-source fusion pose measurement algorithm based on vision/IMU ™/
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Fig. 24 Multi-source fusion pose measurement algorithm based on GPS/vision
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Fig. 36 Image sequence of embedded missile separation under different attack angles of carrier aircraft”"”. (a) Attack angles is 0°;

(b) attack angle is 2% (c) attack angle is 3°

(b)
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Fig. 37 Test of projectile penetrating ice target ™. (a) Imaging with normal high speed camera; (b) imaging with high speed infrared camera
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Fig. 38 High speed camera and position and attitude interpretation """, (a) Before hitting the target; (b) the hitting moment;
(¢) 0.015 s after; (d) 0.0875 s after
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Fig. 39 Aircraft cabin assembly in airbus assembly line""™
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Fig. 40 TriDAR on board Space Shuttle Discovery""”
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