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A Survey on Feature Tracking Methods for SFM
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Abstract  Structure from Motion (SFM) is a technique which takes image sequences or video
sequences as input, then produces 3D point-cloud model. SFM technique has received a significant
amount of attention in the past years both in computer vision and computer graphics communities
motivated by applications in 3D reconstruction, augmented reality, virtual reality, map navigation,
3D change detection, scene completion, 3D salient object detection, and driverless car, due to the
model produced by SFM technique has high geometric consistency with the scenes of images and
video sequences. Generally speaking, feature tracking is a key fundamental component for SFM
technique, which is used to produce feature matches from consecutive two image sequences or
video frames, and the quality of the produced feature matches has a significant effect to the shape
of the 3D model produced by SFM technique. Thus, in order to improve the geometric consistency

of the 3D model with real scenes, a large number of feature tracking methods have been proposed,
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according to the different inputs, these methods can be roughly divided into two categories: the
first type is used to handle unordered images where the resolutions are often not same to each
other, and another one is used to process video sequences where each frame has the same resolution.
However, among these feature tracking methods, most of them mainly focus on the problem
that how to improve the accuracy and efficiency for specific applications such as indoor scene
reconstruction and outdoor reconstruction where many repetitive features are existed, thus the
essential drawbacks about the feature tracking problem has received few attentions. Although,
some researchers have been proposed many state-of-the-art feature tracking methods in recent
years, but it is very difficult to select a good one from the existing feature tracking methods for
some special applications. In other words, we urgently need some guides to help us to make
decision when selecting a suitable feature tracking method. To advance the research progress of
feature tracking method, and improve the quality of the 3D model produced by SFM technique, in
this paper we have made a comprehensive investigation for feature tracking methods. In detail,
we first analyze some state-of-the-art feature tracking methods, and elaborate the core idea,
advantages and disadvantages behind them. Second, we collect a significant amount of available
resources such as feature detectors, feature descriptors and feature matching methods as well as
benchmark datasets; these resources are very valuable both in theoretical research and practical
applications. Third, we have made a comprehensive assessment for the state-of-the-art methods
on various datasets such as 3D reconstruction dataset with scale variance and lighting variance,
based on this evaluation we presented many valuable experiences which can be used as a guide to
select a suitable feature tracking method from the existing methods for the specific applications.
Fourth, we concluded some hard problems which should be solved in the future, and discussed
what could affect the efficiency and accuracy of the feature tracking methods, this discussion can
further push the research progress of feature tracking. Finally, we discussed the development
trends of feature tracking, so as to point out the directions for feature research.
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T DMF & J5 ik i S8 45 AE A I 5 R AIE 38 7 ARy
fiEVE BC J7 35 Chnsi J DT P A KNN 28D L 1t 2877 1% Bk
T8 A BT SR SCE T AR B AR R S L Hx
FUGHY 3 Be R BOA 25K, it DMF J5 ik 19 3 i 1
SSR L R HOET O 9T R AR B O vk 0 AR R
1« DMF 2877 35 W A7 7 A 2« (1) I [ 2 5 ke
AL G I 5 R AIE DS B BT 9 FE AY I A 4G H . dn
Bundler REMEH] T B A B m i BACH ) SIFT 4§
ARSI 5+ AT 3 2 Bundler 28 4 16 45 i B B Bir B
T B RE R 0 I ) 5 (2) B RS AR AR R AR
B TR A 3R 1 A s P 49 £ R D
BT B AE BR B 7 35 BORS B R T R T S By
P B4 R IE £ 3k 7

2.3 ATHEEEHES

Bt % 5 A G T 1 L B A 1 DA SRR AIE DG P 2 B R
(K JE 2 BUgA SEM R S8k H i DME 285 %
A AT S PRk = 4 [0 0 4 A B804S S ™ AR
(4 A AR 22 FLE. S 1 43 AT e 4 B SEM
ARG IAT IR, M5B SFM 2R 48 1 (9 H¢ 4E
R 3 A A R R AE DG B 7 R 3t
.
2.3.1  FRAEAG IS

fE SEM 2 45 b G FRAEAG TN 55 s an 28 1 fr
R OXFIRAS HAT TR M, v R B AT B Rl oRe 1
VOB 2 R B R R AT N RUTY Harris
FRAE 2] 2 iy SIFT FrAE, & 2 O 8o M4 1
ORB $H1E. 5 SFM & 4t iy 45 02205900 2R i
Ak B0 245 K AR Al 5 B, B 22 RUBE I )
FFAE 7 A 1) 2 AR ARG T R T A R AE A
WA 2 AL SCiR (85 148 H i e K iy YFCC 100M
B bt SR SIFT 805k R I 4 F o5, 52 96 285 JR
FW T SIFT HA F 07 mME REREE, i a
KA B IR RO ARG AL A 5 e A
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SFM R G REW = G s s AL (H g, i T
SIFT S22 i S 4 K . 5 80 SEM R 56 1 3% 4%
ARTR L SCERCSS I 43 & 3SR HLAL I 43 A 24
FEAE T 6 K [a] & 4 YFCC 100M 3419 S =
R, 27 ORB™ il AGAST™ 8y 78 11 8 %k %
BRI BRI RS B A 2 R R R
D HA & AL RIS S BRI, w] DA 3 HL A [r) 8t
TR A 3 I R R A 0 B 92

® 1 ERANBERNEE

N £ o | it
b e T & mEME S
Harris X X \Vavs Vv [88]
MSER v V VvV Vv [89]
SIFT VvV V'V Vv VvV [61]
SURF v Vv Vv avs [90]
FAST X X VIV VvV [91]
AGAST X X V VIV VvV V [87]
FRIF v v VvV VvV [92]
BRISK v Vv VvV v [93]
ORB V4 X VvV V VvV [86]
KAZE V'V avs av V'V V [94]
DART v X Y% VvV [95]

2.3.2 FHEM®T

REAE A T2 0 AL 5 0 227 A 2 I 45
SR DRE RO R 2 2 2t T 3L SFM RS0 % T
BEAEHA T OCH R R BAT SR I 2% BT 3
PR O R 25 % R A ) A 000 1
ST S 31 17 KU R A T W SIFT  SURF,
) F N B 4 5 56 T 1 0 2 R R T
BRIEF ") LDB " % 45 i 6 0 10 54 i 75 1L
45 1 BB 45 A R B 0 R G e
SRR BT 5 3K R A T
SRR AL LR A T4 M O . 2 ELA 1 17
AT T LR 56 10 4 3 Y T

®2 ERANHEMRTFEE

A TEm aw mar ke o T W
SIFT Vv X 128 vVoovvv o [61]
SURF v X 64 Vv Vv [90]
BRIEF X v 128,256,512 VvV [96]
BRISK X v 512 VvV [93]
ORB X v 256 VvV [86]
KAZE V X 64 ViV [94]
FRIT X v 512 VvV [92]
LIOP v X 144 NAVERVIVAVERE IS
MROGH X 256 NVAVERNVIVAVERTY
FREAK X v 512 VvV [99]
LATCH X v 256 NVAVERVAVAVER R
LDB X v 256 VVV VvV [101]
DART v X 8 VvV [95]

SR AN Y A BRI R DLk R T
Hil #5387, W LDB,ORB il BRIEF 4§ ; 4% A #) %X
I 2 A5/ HLURE R VE N B SR AR I T D)k R AR (R
IR T, 40 SIFT.SURF #1 LIOP £, DL p= A o
i 1 o o AR,
2.3.3 FRAEDCHCE

FRAEDC AT A H Byt - 3R FRAE A, 3R 3 45
T BA SEM R 48 H )RR AE DR IC 5 5 (XK R
AN HAFEFRE v FRos B SRR . 7E R
SEM FR Gi . oK 25k 3k 7 DG I 380 6 0 G A 3 AIE 4
B AT LA BUAH BLBE B s (A o B 26 DR L 445
o BE 7 i e KO 2 2 B ) 280CR AR X 40 A
N FM AR 5L IS FRAE S G AT LT . 1)
] 52 2% By OCN XM SRy T 4 85 D e %505 FORS B2
o182 T KNN DG i 5 5k o BOH oL A &
() K AN VT C s AR A 5 R 245 5L o 9K 5 MR 41 1 18 47 F 5t
Z[H) BB 6 R e B AU I H AR, J5 ok il R R
FURE R AE VT i 75 2K » Garcia 4 A" 8 GPU _E 528l
T KNN B3 R IFAT HOR 42 i R AE DT B 200K B
& e 4E R A 7 a0 B B (o BRIEF . BRISK 1
FRIF Jy 512 48) . Muja 5 A7 48 H— s F 5 e 4
FRAE Y 7] {6 45 B 37 48 (Scalable Nearest Neighbors,
SNND B o I B30 125 R FH 3R 28 VAR Ol e A 4 A o7
—BRIZ AL B FES A, TE B IE 45 4 T A 48 3k 4R AE
S DT 48 K i ). f5 3, Cheng 28 AW 4 H —

®3 ERANBERREHE

LA .
Gl e T i
BF v Vv [102]
KNN VvV avs [69]
gKNN V'V V V'V [68]
SNN VvV Y4 L70]
ANN V'V avi [103]
LSH VvV VvV [104]
MIH V'V V'V [105]
CasHashing VvV VvV V [44]
HKM V'V V'V [106]
OKD-trees Vavi VvV V [107]
JI Vavs VvV [108]
FGM V'V avs [109]
FeatMat V'V VvV [110]
RPM v VIV [111.112]
APM V'V VvV [113]
KGT avs VvV [114]
Hungarian-BP Vv VvV [115]
HLSS VvV V'V [116]
Nv-Tree VvV Vava [117]
PSM v vV [118]
FANNG VvV V'V VvV [119]
PQ-Tree VvV V'V VvV [120]
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Fih 25 F 5 30 2% My #7 (Locality Sensitive Hashing,
LSH) i JZ Ik W5 %5 (Cascade Hashing, CH) & ,CH
GAL VA RE 08 R b, DG R KR AL R o) S R I A R
TR A R R Y] CH J& B i &% i s (BCA i
GPU i3 ) B 4 ik VT i 335
2.3.4  RRALBRER B 4R

B 2 30 R E BRI B A O Y B AR
— BRI AN T K R AR T T I AR
TESR R B PERE. & 4 IR 5 Rah il — BN W
FH ) 28 M 2R OKR R A B HE R R . v Rom B
AR L X SERUIR B TEAE R T BN 3

AT S B 0 TE A0 AT SR TE 40 B 12 b hk v] 2 %
IO SCHK. 5 2 U6 1 2 : Castle! ™ F1 Palace! """ J&
J W /INEA B P 45 ; PoseNet!'® J& CVPR2015 & i
R 55 R B A 6 L R T 42 SO L A0 45 0 1 0 37
IDSFM" & ECCV2014 %A ik SEM R 58 19 T8
Jr BB S 20 PR & RS & K
fR) 50 AN — B0 €145 7 371 Disambig dataset™”"
Duplicate dataset''® Fil ArtsQuad™®? % 35 45 J& M ™
WA RS, 5 K& EE ¥ L (Repeating
Feature) . % i & 1~ 1 DX 73 P SR B o 02 H i 38
R AIE B B 5 1 5 B PR B T B . KITTT suitet ™

x4 TRHMHBES

2 5 x o e KW o/ kAR SCifik
LA E4 751 IEb 4k
Castle X Vv 28322128 Vv X EisE73 11 1 [121]
Palace X v 1200 X 800 Vv X 4% 68 I [122]
Tsinghua X v 4368X2912 X v EieE7d 193 I [447
Shengkelou X v 43682912 Vv X 4% 102 i [44]
PoseNet dataset V X 20481024 v X Bk 6 2771 [123]
1DSFM dataset X Vv TN — X Vv B3 20 2575 [27]
NotreDame X Vv KINAS— X Vv e 8.0GB [124]
Louvre X Vv KINAS — X Vv X 2% 3.5GB [124]
SacreCoeur X Vv KINAS— X Vv e 3.0GB [124]
Seville Vv TN — X Vv X 2% 1.5GB [124]
Acts dataset X Vv 680X 480 v X i 6 273 [22]
Plant X v 960X 540 X Vv N 583 I [23]
Gangwan X v 960X 540 X v EieE7 3 2 7% [23]
Garden Vv X 320240 X Vv s N/A [22]
Building Vv X 320X 240 v X EicE ] N/A [22]
Strecha dataset X Vv KINAS— X Vv A 6 25 4 [127]
barcelona X Vv 2272X 1704 Vv X Ei2E7:3 191 g [128]
CAB X V 1696 < 1132 Vv X i 312 i§ [128]
capitole X v 3292 X 2264 v X 4% 99 [128]
x5 WHARHES

3l . FEHE . e X

2R T Ry Vi e i W o /AR SCiik
redmond X v 3968 X 2232 v X EisE73 261 [128]
Urban Facades X Vv 2880 X 2160 X v EisE7 3 9 KT %) [129]
Cathedral X Vv TN — X Vv X 2% 448 [125]
Big Ben X Vv KINAS— X Vv ES 390 [125]
Cereal X v 2736 X 3648 X v Bk 25 [125]
Church X Vv TN — X Vv X 2% 277 [125]
Street X Vv 1536 X 2048 X Vv Ei2E7:d 19 [125]
SIMwO X V4 620X 480 Vv X i 258 [130]
Ford Car X v 781X 601 v X EisE7 3 344 [131]
Zurich X V4 640X 480 Vv X i 1005 [132]
New College X V 384512 v X B[4k 25GB [133]
Romel6K X Vv KPR — X v SE:S 7.0GB [134]
Dubrovnik6K X V4 KN — X v EES 3.5GB [134]
SUN3D X v 640X 480 v X EidE 100GB [84]
ArtsQuad X Vv KINAS — X Vv S 9GB [28]
KITTI suite X v 1224 X 370 X Vv i 128 GB [126]
YFCC 100M X v KN — X v EES 10 TB [135]
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Church J&— 4 HA OGBS b ROEE 728 46 F0 8 52 471
bR HERCE B KLT J2 ¢ fiE B ER 0 bb i) 58 o 55 % 5
Bundler fl ETH-3D J& B 7 # & #1 4 FE ) JF I
SEFM # 4 ; VSEM 247 A [ i # 4 SFM &
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BEBONSH T A E R RBYER A Intel i5
CPU 1 8.0 GB RAM f PC #l I i5 {73545,

R 6 BUERBREEFHER

Bk 6 I k¥ U e 05 PEAR T 4t dak
KLT Jc Jc B i http://www. ces. clemson. edu/~stb/klt
Bundler SIFT SIFT iR Jy JCRE http://www. cs. cornell. edu/~snavely/bundler/
ETH-3D SURF SURF KNN http://cvg. ethz. ch/research/chzach/opensource. html
VSFM SIFTGPU SIFTGPU iR 7 PC e http://ccwu. me/vsfm/

3.1 4SMEERER 77 ik i

FEAS R B0 5 B RRAE B B O 325 0 ] Ak &5 S 4
Kl 8~ & 12 FIroR. Jy 18 T WS VE o 45 21 75 52 3 4%
R R T R FH BN P 5 % (Homography Matrix)
B E I )RR
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s KLT J7 3 0 i A8 1E S50 > By i fE 2 iy
9T HB R AE BR R X 2R #5h ™ B. Bundler 58035 4G T
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22 JEN T HAFREBR 7 )7 7€ Church B4
45 F R RICR , 7T LA AR B AR & Bundler J7
B2 P B AR BEE Rl 78. 84 s 5 WU fie i 1 &2 VSFM
FEE BB E] O 36. 28s; ETH-3D 1 KLT J
07 24 40 B ] 43531 A 50. 32's Fl 50. 26 s. 3@ 1
PAE 0 A7 BT A0, 76 A 0 B 0E 46 1 Bundler Jr ik
F14) Bsf ) 2850 238 Jpe A PRI Ok I 5 3 SR STET 330 6
FEAE ST S48 R o AT 5 50REAIE 2R 2R 7 3k 1 B
[ISCRART . BT VSEM 5k A SIFTGPU % 3
AR AE R AR T B 2 SIFT Bk 7 BB
AEFRES AR TSCEE . I VSFM Jy vk BLA &8 Y
SEEF . ETH-3D R A SURF 5535 K M RRAiE A5 Aot
B AR+, SURF J& SIFT 53k 78 i [A] 20 % F Y el
HERRAS, H it ETH-3D J7 3% BRI 30F 5+ Bundler
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‘ Bundler ‘ ETH-3D ‘
RRAE BRIEE 10

22 7E Church ¥4 48 b 4 AN FFAE BR 7 5 15 ) I () 8% 2

J5 vk MRS S IR AT A5 10 - R AR R B O R I R] 50
TEAR R AR b ke 1 4 AR AG I ¥~ 5 45 AE 3R - 1 I
[i] 24 2.
3.2 SFME#EZR

Sy 1 MHAAE DMF HEZE R, AN [ A5 A R B3 5 6 1
PEBE . T A 1K+ Bundler \[ETH-3D F1 VSFM {4 $:1F B 5
750 T 25 5 Bundler A3 SFM R4 .8
Tk LU AR ) 5 2 B TR ARG B R PP A S SRR AR R R
78 19 A R k. 76 Tsinghuat™* | Hotel, Burgos. Cas-
tle"* Kler 1 Lion 4t 4 X b R4 BRI 7 1 a0k
Arinia. g5 R an &l 23 s G 2B ERRD.

Tsinéhﬁa Hotel
Kl 23 RPAEBRER 7R SFM R 45 R 1Y

1 Tsinghua $(#i % F,Bundler f1 ETH-3D 4§
TER R A 2 A IR L, S B R WA o
BERIAEAE K 5t (19 B A5 Coutliers) s VSFM Jy 3 77 A4
I P b B B S S b o B B R L
faf — . 7E Hotel ¥4 % 1. ETH-3D J5 i 77 4
1 FE SR 2 T Y A s AR B R L (HE T AR
P REAAERZ N EL LW, 38R s R
B9 A5 ) B 2 B Y05 = s Bundler #1 VSFM 7
77 AL B R s B R B LA SR ) ) 3R I A
TEME S

1 Burgos ¥ ¥ 4 I, VSFM J7 ik A iy 5 =
BERVES Ry K5 1 5 Bundler #1 ETH-3D Jy 25 7 A4 1% 2
PR s R UL HAFAE KM Xk —
SAFB T Bundler fl ETH-3D ) ¥ % 5 %2 3| B4

Castle

Ji RS2 X T Castle $4ls &8 54> 7 6 77 4B 1)
R BRI A7 78 23 1 F0 e RS LM B T . VSEM
Ti 7 A B R B R i — 2. 78 Kler J¥ 5]
L ETH-3D J7 77 4 19 s = 5 8 B 56 %% 5 Bundler
TR TR S S RS b AE AR SR B VSEM J i
A R s R RAEAE R B S . 7R Lion J¥ 41 |, &
ANTT R B R s BT P A TE K R 1 MR R A LR
1M 5 » VSEM Jy i 7= Az 1) W 75 A 2 — 28 ; Bundler J5
B R i 2, ETH-3D J7 ik = AL i e 5 /b 1
Bundler 75 . M S5 H 0] 1, B A FEAE IR B 07 vk
BA& B R A A — Bl oy 258 98 [6) 3 2 I A

T SEORS Aff b B R R ALE B R T s R AR
FATTGE T AR AR BR B 5 5 97 72 A 1) s B TR Y
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WREME R Hd AR LA B DR 22 (Cerr) /R SFM
ARG RPN B S groundtruth 2Z 1] (71
W2 TR B iR 2% (Rerr) 378 SFM R Sififi 1 11 4
TARHLTT 17 5 groundtruth Z [a] 1) 37 #5322 , 45
mFE 7R T Z4E S sz RATSE B A

4 A BAL Y groundtruth ZfE] Ay % 25 Z Al
AL ANE 24 FroR AT LAE RS B 0 P R B A
NBCHE 0 742 Al T el A2 L 9 AnAE Tsinghua 04 46 1
VSFM 77 A 1 i = B 1 1% 22 KT ETH-3D, 8& i
16 Hotel ¥ 4E . VSFM B85 & T ETH-3D.

x7 BBRIWNEBBRBDEFARERE)
pUEIE S
7k Tsinghua Hotel Burgos Castle Kler Lion
Cerr Rerr Cerr Rerr Cerr Rerr Cerr Rerr Cerr Rerr Cerr Rerr
Bundler 0. 35 0. 34 0.41 0.28 0. 33 0. 26 0.23 0. 31 0. 45 0. 39 0. 54 0. 48
ETH-3D 0. 26 0.31 0. 38 0. 34 0. 25 0. 24 0. 25 0. 35 0.42 0. 36 0.56 0.45
VSFM 0.28 0. 26 0. 32 0. 31 0. 31 0. 30 0. 28 0.31 0. 46 0. 40 0.53 0.42
25
O Bundler OETH-3D 8 VSFM
20.78 20.56 20.32
20 - - -
1857 18.67 1812 1858
” 15.23 15.65 15.74 15.86 15.75 15.27
“15F [ 14.24 ]
& 2 -4 13.46 13.89
W 1248
'?E 1081
j_:[g 10+
5 L
0
Tsinghua Hotel Burgos Castle Kler Lion
PIEITES
M 24 =ZEmnfEIRE

4 fFEREE

AT, SEM B 58 TAF & — T B A Bk R 1 1
55 FRAEBRER A SFM. 1 8 B 20 1838 40 » A1 SR 7
FE — S0 iR i i e i [a) R, 0 3L Y — 28 W 4% KK
Bl G e A A R A B B O 1 A AR Y )
AT . A SO BA SFM R G4 F 19 ¢ Ak
PR 7 AT B RN S 0 IR T B8 ) A
14 ] 2 B S e A DA AN 5 T (1) B[R] 50%
(2) FRAEVE LK BE 5 (3) FRAETH B 5 (4) S5 H4 fL AR 1IE &
B (5) AR MARMLZ . o 1 Tk — 20 3 THRRAE
PR R T VR R PERE T TE TR TS X R AR R R U7 W A AE
{14 1) A A7 40 53 A
4.1 4FAEBRBRIE

o A A R = GE R R R R S e RS IE R
) HARZ — R AR BR ER 2 5% ) SEM R G830 %019 &
R R Z— . 1E DMF HE B2 52 i 4 fiF B B3 07 ¥ 3%

R EEARIAE LT

(L) FRAE A 00 B8 3. v 2050 1 5 0E A T 35 3% e 4%
FEAR KRR B b3 v R AE IR B O Bk RO, G H e —
S 3 W R A R G 51 R A I 50 1 3R
P EE Sy B ) i SCEk (85 17E YFCC 100M i 4 4
R STFT B3 K6 I 5 A0F 551 JHC e A0F G 00 348 43 T
TE RN [R] 2 7 3 4> = e T FE Y 30%0. L, A
B v B TR AR N 32 R T R B R AR A D B v L 2
B ) R R AE A I 75 4 FAST . AGAST 1 ORB,
(SRR (1o d e I N A T 0 ) 2 i I
TERRAE R F SEM 22 45 v R B 1 A1 4.

(2) FRAEAE AR 7. 30 T 5 R AE R R F T A R
B[] K AR ik S 0 BsF [, 3] 4 STET A AE $ 38 + 1
128 ) St r 5 153 B (DK S TE KL O T 4R I R AL
0] LR R 4E ) PCA-SIFT F1 SURF F#AiE 5% %
—E 53R F 40 BRIEF . LDB 1 BRISK 4.

(3) FFAIE D FiC 77 5. e A0 R AIE UG T J7 i Be %
P& = R AR R A B[R] 2%, U Bundler [ %F AIE BR
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5 1ok i T DT I 5 3k R AR I A E AT DT, B[]
BB OMN?)  Hod M IR G N RoR R
TE A3 8. AT DL 2005 85 09 RE AIE D IE 7 5,
FLANNYY  Cascade Hashing™" f1 FANNG!H! 25

(D FTLLFE 43 R GPU 45 8 4 3¢ J5 0T 3R 5
DT AT A S DA 2 2 AR B2 T 7 1 B ) R 5.
#l4n VSFM & %% iy SIFTGPU %4 3 & SIFT %%
L GPU 23 80% 48 3 24 10 %, {H )2 . SIFTGPU
FESR S b A AE — 2 [a) B, X T R R A9 s A TR
SIFTGPU £ It () ¢ AF 55 B0 > T ) 4y SIFT 52
B K o) BRI IR B £k I A i i SFM R 48 5
A S B B AE RS T
4.2 HHEREMNBE

R SR B A 0L RS 1 BB 2 i SFM R G E
B = YRR BT i 7E DMF ik SR R HE SRR, 52 i
FRAE PR RS BE 0 R S BRI AE LR LA U I

(D) FRAERE I 7 1) &2 1 (Repeatability) . F§1E
o I - 1 A S ) R BB E it — S S
FRAE RUECH 1928 40 2 IR 28 0o 5 Fh A2 Ak (7 5 742
e DG HRAR AL SE) 5 R A BE A8 A I S 8 22 YRR AE A
Tt B AR A A 00— 199 A PR . R R BR e R
FEAE B H B 2 A A R R U7 VA DR B R MY RRAE AR
FHXFHE 2. PR ot 36 020 1 v ) AR AU R 00 7 R A 2
FRAE SR B3 RS B . 3 2 PR A v 1) 48 LR AR A 0 B
4 SIFT.FAST.AGAST f1 KAZE.,H. /' ,KAZE I
SIFT $EAE [ 158 850% 31K

(2) 53R 719 X 431 (Discriminative) BY 2 ik 1
(Representative) . FEAE 38 2 8] 04 A5 oL 7 38 5 SR
H Hamming F1 L2 PR 2§ B 68, 0F T X 40 P 5 55 1 4l
R F45 Ty 1 R 15 VT E . DA T 32 BOUREAE B R B R
KT rn) SR L1010 480 T 1 4l 43 A, SIFT Fi
SURF X K 193 F 42 1 5 7 B A R AR 5 38+, 38
HA #1431 L BRIEF,ORB il BRISK #1%
F W) I F AR B X MR AR — 28, an A 25 PR
St T A [6] 1) &1 48 X 38, BRIEF Az 5% 7 A 5] Ao 4 i 1

0 @ ® (LY P
N ISMAR Hello
2012 Kitty
Q@ ©® D @ © D
Ol -e--- ] @il «e-- ] [ofolo] «-+--- J[O[O]O] «-5--- ]

(a) (b) (c) (d)
B 25 BRIEF ik T 22 ik M A 1 05 ]
(3) 4b s Coutlier) 2 BREEVE. R A4 & + UL i 7
00 A R A R WL — BRI T
5 DCJCORS B2 . nl LR A A e vk dk A A Ak, Bl dn .

RANSACH B3 J 2 B RS AIE DG e 48 5% o 6 19 O
hZ— AL B A B FERT. SCHR[23 1R P IR T
e 3 W% 2 [ il 1% DC BC , [) B 8 ke R AT A9 R B 5 2 [)
R SR T 9 K D ) R R I T R BB 1 B ) 3%
B, 348 RANSAC DLAR B A $00b s 25 BR 571k b
4.3 HFEHLE

FRE Y 17 (Disambiguation) & 45 4F B B ¢ A
P Sk B AT 55 I ) R AR T A BHR F 8 B AR AE
AR H A% 42 25 B 8 52 FRAIE 3 8 A 4 158 DS 7Y
SRR Z M RRAETE . W] 26 Fr s (b 1] Dk S Ep
Ji) s A FiC 2 IEM B VCECES H . B 2 R VCEL; T
i AT T AFAEAR R B S TC I8 R R el R A 5
IRTEAS R B AR AR A A R R 7 BDAAE R
B & FRE (Repeating Feature) , M & A48 15 VT C.

Bl 26 AIE f DG L 0 s SO

Bl 27 7R T H SR AR o H A s B Y R
Hoh | 27 Co R Y S B ARLL 18] 27 (b) 2
SEM Z G0 A: LAY i 3 A6 RY L 21 40 F il € B0 T A 1
1402 52 H B RRAIE 52 T 3 3 SFML R G A KR A7)
BT FHI BRI B R R 4 AR Y
FE LA R SR 140 IR A SRR AL L TS
R 1% (19 5 AL VT B 5 SCHRL 139 AR Hh e il 5 1R 2
L] 14 1 245 ) X 0 B % 5 2 A7 DG A - DA 25 R
BRUCHC ; SCHRL 129 THR 96 Fay A G F 510  JLATT X A 4
HEBR B DR IT B (HE 0 07 ¥ HUOdE T 3% 1 45 44 X AR
A 3R SCHRL 125 T 7 I 45 9 SEM R GE 1 Jim Ak B
R e XA R R B R S AT
H IR 5 R B AR P2 25 0 AR B0 B AR R o ) 25 B
DR VETHC » d5 Je R DR B 1Y B3 AR DL 28 25 X6 I 1) i o L
BUGEAT B - DT AR A5 5 0 B 1) il o R (EL S
BETTIEAE D ) Ak B8 B B BRI I 8] O 4 5 it
G BET7 3 AT SO 7 AR R AR L 228 2 1 T 1
KE A B A — Flhd A R AR I B 03 1 L AR i i A
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(a) ZHMHE
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(b) SFME &1 s = A

& 27 EEAFEXT SEM 5 H 45 50 5 e

BHE AR B RS S BT A B B k. SCHERC139 T8 45 HE 4
TIEH 17 7% 5 3 S5O Y 1) 3k 43 0 DT S5 B0 ) A8 1
SR PRI S B R A S Ik [ A A 5T AT i A
4.4 G4 IEEE

S5 AL AL R AE Ve B B B 2 - DCRRAE BR B O 1k
PR R AR S A R R BOAT R R AE R AT A S R
R, 3BE G A0 5 Coutliers) Xt = 2 55 8RS B Y52 . H
AT 76 110 235 ¥ A 4 FiE 26 B 143 Rl

(1) % F 45 AiF B 85 0 2 A B 0% 5L R AIE 4E 5
K RANSACT™ 8492 25 [ 1T fiE 19 4 45 Coutliers) ,
BV BURFAE 050 H B 22 10 FRAE BR B B 1 A 25 # 1k
FRAE TS AR ) 1 i Bl S Y Ah
B H B 20 RANSAC 58k (1 3% A0 FR AR #E6 B 0

Lol

(a) NBVEEL

LA SFM R S8 1 3R T 5K

(2) MR 22 19 A M T YR 35 BB 3850 1 45 4 Ak
fiE. Beder % N f e F 58 F 2 19 25 #49 Ak 5 AiE 2 B
] 80, 3 H 37 5 15 1 B A5 W 13 (Confidence Ellipsoids)
AR S 1 B A A JBR] ) A 15 2% /N B AR A R B
VENZE AL IES 5 = 4 05 = F g Dunn 2 A
AR ) 4 B AR 25 44 FAR AL 12 42t — B NBV (Next
Nest View) 5,y SFM RGE 1 F — K 14 & 5 4
e I A 1Y 45 # kR AE. )5 Ok . Haner 28 AN %}
NBV S 47 8k 36 T A € 248 Cuncertainty
propagation) HL il ——UNBV &, £ 5 T NBV &
TR RS B R . S SR AL B AR T
Y SRR L B 28 S NBV 5 UNBV 447k

(b) UNBVEIELG R

28 £ A G 1 B 2 0
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I XT 25 3 (ML B B B L AT LUA ) UNBV 5
AR =4 s R BB, Liu %
AVSE A KR SR X AR IEIC R H 5 S s
) AT ST ST — P A O R Ll i e /ME TR
PR 1R 22 o M BOIR 22 S /N W R AIE B B B 1R O 45 4 4k
FRAE AT RCHE 5 T = 4k i < BT ) o o SR, L
Py R RO AR AR R IR
THE3 T A7 REAE A5 22 () 7 50 6 B L AR FE B il
Shen 2§ \M008 4546 A0 FRAE 1 B A2 B 1R 5K & 01k
o] 551, i 4 7 8 %& (quantum inspired) 3 {2 1k 5
A DT 38 B A 25 M AR AE 5 T R s
BRI 5t £ O T 45 44 A0 Rp Ak %8 B I) B, Shen 25 A
P2 04 BR R AR RS B RN S sk T Y LA R
HABEZNRMSEME.
4.5 JEZ&MEMRENF I

B T AR AR B 26 1 5 B A KA AR AR
PSRRI Uk 52 BIE ST DG AT I R AE B
RO TR R E A T A B AL (Perspective Camera)
KA EUG T 5. R X TR LA AL, 042 07 i
FAHL (Omnidirectional Camera) , R #H 4/l ( Fisheye
Camera) 55, BUH W) FRE BR B 7 Ik 55 5 7= AR 4 iR L
fic. Sturm % A S IE R SOG4 AL AR ML 4
TE BRE 7 W5 A AT R A SIET S50 32 A6 0 455 40F 450
SR 5 R AR FRAE 20 RUBE 28 o] KN 3E ROBE R 1 4%
B EG AR N B — el s 5 4 5 7 BIR 4T IT
JiC o DA £ /55 1 40 AIE D8 O B2 B2 R+
ARFERT o8 T 42 5 R AR B ER A% Sturm 55 0K 207
PEGEITE SE W EMR AT LR, i — P m T
FEAE MR R BN BE. &1 29 JROR T AR 2tk A LT FE AR DT
5 1) 52 e O L oy PR L ER DD L 265 1 AT b B LR S
2207 R DE e 25 5 (S 8 2 3R IE B DT IE , 41 (4%
FORFRICED) - 7] LA A7 L6 Ko i 45 15 DL T 5 5
2 AT E MR R A JG 5 4 07 AL AR DE L 25 2R
TR A J RO 25 (8] 1) — Bk 2 v T4 g
FRAEVCFC AR B 5 565 3 A7 B M IER 5 I 42 05
ALEMRUEECZE R W] DL MR AR 1 DG PC 48 18 e i —
A REAR. MRS SCHR[146-147 Fr i , Sturm 48 A\ 42 i
(R IE B B 7 AR T STFT 4R AIE A5 110 R 23 [A] 4%
P DRI At AT 4R B AR A R B T 9 e LA GE TS
2 ROEPE B RRAE 51, a0 FAST #1 ORB 45 K¢ 1E.
Bt Ventura 8 AW 33— Fod T AR &b AL
1) SEM 255, {H 2 AW AT 9K R A% 56 0 R AE BR 5 5
25 BRI 7 2R B S S B RLEAE KA i Ak 55 Coutliers).
X T AR L PR LA Y R AR BRI U7 I 9 WF SR AR AL T
PRE G B - 2 A 500 H 6 SR il R AR R,

KA TG W IEE AT IRAM FERIER.

Pl 29 JRZR AR DL REAE BR B 5 o

i3 DA B3 B AT R R B R O 1 A A — 2
P 14 ] R AR R 5 AR SRS I 2R AT U9 4 R 4
i T F 5 4R P T R DR D S SR T AN 2 T
R A B

5 AREZERE

Wl 1) 2% RO LA B TR B 2 > B AR i B T
] SEM. 1) REAE B 5 7 25 46 TG I — 28 8 19 5L AT Bk %
P 4 0] . A R B B 30 88 ] A, 5 400 R A R
B 5 P AR RIS ). R B R Ok L T %o R 4% R i d
PLF LA 10K 2 5 A B B 2k 1) A SR F 5 0 1)
5.1 4$SERREREEMIHIT

TS A S AR 5 T SFM R G2 A LY
SRR T (R A R — S8 i Pk e B
23 H 1S BRI IR R 0 %6, LA STFT AR 1E
o, CHRE85 17E YFCC 100M 6 46 1 it SRR 1
PR 55 BT A BoF ] 24 Sk 8 4~ SFM @ 8 TAE Y 30% . T
FER ) Z KA A ME L2 2Z. TG, O T 42 g xt
FRIE B 7 HE R AL R Rk I K R T5 1l 2 —.
A AT AL By U Z R0 (1) SR MPT AR
(2) KA GPU {45 (3) R F KEE & R AL B4 .
4 Hadoop 1 Spark 4 ; 3% = 3£ 17 b 1Y 2L & & 1
AR TR o TG 8 38 35 ] T figg e 75 52, 34 5 B R L 1 R
FEA.
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5.2 ZMFIHMERB

SRR R ERE & SFM R G0 B AL A
) SFM R4 % Fl — 2 F T i% i (Hand Crafted) i
JA B AE L 4n SIFT. SURF, ORB. FAST #il KAZE
45 R A [R] B B AE X SFM & 4t A B0 A5, 2 A
Jo B RS L e T L)L E 3.2 ISR R e
A BN AR LT B B0 TIE. R, ey 3k G0 T TR AR AE X
SEM (1452 Wi J& oA >k 1) BIF 5% 07 ] 22 —. e il — Se 5k
TGN = 52 S W R AR 3 L
fif e L P) AR AIE T AT BE BB IR AR T L SRR 4R
R 2~3 BRI BUE B H AT R RA R
MY SEM RGE TR A SR T 3 — 2 5. R
T WY B n) A, R AT S A ) I RRAE AR
B L HEAT A TEANE B AN 3R 8 R s Hor, SOk
[ 149 11 k3 ok AR G bl g 27 > O 122 o) BUHR
TEA R s SCHRL163 87 YR IR EE 5 2] HOR % 2] )
TR ARG IR T R W B 2 S BRI 3 2 1 ph &
M2, 78 Oxford £ 4 I I 25 SR 0 B+ & s )
SIFT #H1iE.

RS EFEINBEISME
%37 R

i EwEs g i

LLID v X [149] FAE AR T
IPSD v X [150]  FRAEHA T
BGM v X [151]  FfEHiAR T
BinBoost v X [152,153] HRMEHikT
CNN X Vv [154] Mk T
TNet X Vv [155]  HGfEHTE T
BOLD v X [156]  FRAEHAR T
Deepdesc X v [157] FEAEHE R+
PN-Net X Vv [158]  FfEHA T
Hybrid++ X Vv [159] FRAE I i
MatchNet X Vv [160] HFAIE DT it
DeepCompare X Vv [161] R AIE VT fit
NO-IMI/GNO-IMI X v [162] AL VE fig
CNN Matching X v [163] RAIE DE i
TILDE Vv X [164] A Ao
DetNet-L, DetNet-S X v [165]  4RAFEH I+
DeepDBit X v [166]  HHEMET
Kwang’s X Vv [167] R 2 7 1)

. AR AT T/
LIFT X v [168] HR T

S 8 G B 190 B ) P 4B 5% B AT
For T A 5 A UG R = T T 9 0 2
STHA B

|-

SCORE MAP

N a Y
.

(D) X FH#55ARF, TNett" 3% ] Siamese P 452
)t —FfoEr i — 1k R A 7, 78 PatchData ™
Bfr sk b TNet R L5y SIFT F1 SURF A
ARG H)E B E HJ2, BT TNet M 2% 4544 19 i
TR [ 75 R DS TC RO AT B B I Ry 1 4 8 28038, 3
BRL157 %} Siamese P28 #E17 R b, I 25 ih —Fh B A
BCHF e 3R R B T B RCR W R AR A R —
Deepdesc. 3k [158] % F 3L B 1Y Triple M 2% —
PN-Net il Z5 i — Ff B A e 7 A A2 V19 Ja &8 46 8
T B RORE B T VG E e R 4 T T R R 15 DS T
DL A 29 00 B T IR E 2 2 BOR By G iR 1 7E U1 5
A R FH A MBS 2 ) BOR L BRI 2 B B i 200 A e
MIFREE S PIE , VI 25 2 0 o 26 B A T b i 77 22 K
HHE]L R T IR B ST AN R Lin A8 MR
FHIC W 24 2 Hi R A1 VGG-Net Y12k H—Fh B A &
o T Y R R T DeepBit, 52 5 45 R %
U1, DeepBit i 78 1 1) F 5 TR H .

(2) X THRPAEAS DN 5, SCHRL165 18 UK T B 2
> BOR B TR AE A, AR 5 A A A T ) e
YE 1] )3 [a] f5 ( Regression Problem) , 2% & J& fiff &
W 28 N 2t — At B 3207 ) 1 Jey ER R AR A DU - ——
DetNet, 54t #9 SIFT AH kb, DetNet B4 B & K
5 M (Repeatability). It #b, X} F DetNet il SIFT
FEAEAG I 1, 2% SIFT $# 3& 7 %F H k47 R i,
DetNet [ UG BRg B3 & F SIFT, JfE R e F - 3 TR
JE 24 S HR 1 DetNet FFAE & (49 5 8] lb SIFT f#9
J5 1) B2RE » Ry R AIE DG BE 25 5 S Atk

(3) X FHEAE VL it » DeepCompare-' " # ¥k 4 I
JE 27 2 AR T G DG E . SR i B B2 G A T (7]
8, DeepCompare W AZ G211 SIFT J7 s B A B Kk
. 5% DeepCompare B A )8 & . CHk 159,162 ]
PR JE 27 2 FOR B T 0 =S AR DR BT, 52 36 45
T, SRS 050 ) V5 kAR b TR EE 2 2 HR A
AR RAH. Fedlr, R B m )2 LIFT (Learned
Invariant Feature Transform)" S 4#iE , & 30 & LIFT
SAE TS . AT AE Y LIFT S 42 R A0 46 I 1 5 il ik
T T KW R RAE, 5% 5 n) SIET FRAEAH L,
TEZ A9 s b LIFT X3 30 80 iy k. 18 31~
33 (b [ A B 7R T 7E Radcliffe i #% 45

LIFT pipeline

& 30

I e
. 5 - AL e
-» ORI -.@-. g‘ DESC

LIFT 4 E i 2
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45 10
- 36.28
10t .
i 3 31.54
= 30t
ES 26.72
=30l 25. 46
530 @95l 23.62
S o5l M
g 20
£20f =
15} z by
= 10. 42 11.27  10.86 10t
10}
5L 4.35 5t
L ‘ ‘ ‘ . ‘ ‘ ‘ ‘
KLT Bundler ETH-3D VSFM LIFT KLT Bundler ETH-3D VSFM LIFT

31 fE Radeliffe %048 4R b 44> FRAE R ER 5 15 R

LIZN

KLT [

Bundler

ETH-3D

VSFM

LIFT

RHIERRER V5

& 33 1F Radcliffe 45 4 b (0 )k 45

RHEFRER T2

{32 1E Radcliffe $dli g b AR AL R ER J5 vk A (R0
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5 KLT & FRAE R R 5 s A0 te 25 3, mT LLE
LIFT 7 i 8] 88 5 F0RG BE 5 T4 H A B R

TR P 27 2] B R A8 A B 3 4503 1 17 P 5 0F 58 A
MR 46 BLA B B9 T AR b I 4k it oe E fe it 17—
B I A ARAE TEAN A AR T IR B 2 S FR Y
FROE SR B3 5 vk — 2 Re 0 IS B R 1y i 25, W2 Rk ok
5.3 ®BahimA R ER

Wit % B2 ol 15 A5 0035 K Cln 3 BE T ML L AR i
85D o = HEE T AR Ok TR Bk R A R YRR AE
PR 7 R ARE T A el . e TR B iR A TE R AR
B R rp A T A F o RS 3 i R 1 £ 3l
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Background

In recent years, 3D reconstruction has received wide
attentions from academia and industry due to its great application
prospects. It is well known that Structure from Motion
(SFM) is one of important techniques for 3D reconstruction,
which has been successfully exploited in many computer
vision tasks such as augmented reality, 3D-map, 3D face
reconstruction, change detection, action recognition, driverless
and panoramic, etc. Generally, a typical SFM system consists
of feature tracking, camera pose estimation, triangulation,
and bundle adjustment. Among them, feature tracking is a
key component of SFM, whose goal is to accurately locate
correspondences between different images. In the past ten
years, the research on feature tracking has made a great
progress. So far, however, there lacks a thorough and detailed
analysis on current research progress and development trends
of feature tracking. To solve this problem, in this paper, we
make a comprehensive review of feature tracking technique.
In detail, we firstly introduce the goal of feature tracking for
video sequence and un-order image sequence, and analyze
the basic theory of feature tracking technique. Then, the
research status and progress of feature tracking are summarized.

Moreover, we collected many available resources about feature

tracking including feature detectors, feature descriptors,
matching strategies and testing datasets. We also evaluate
the state-of-the-art feature tracking methods, and discuss
what influences the performances of feature tracking. Finally,
we conclude the problems that should be solved in the future,
and present the future research directions.

We have conducted a series of studies on SFM and
feature tracking from the point of efficiency and quality. To
this end, we have developed a novel SFM system which out-
performs the state-of-the-art systems including Bundler'®?,
ETH- V3D and Visual SEFM?Y . And we have also acquired
the warranty of two related Chinese patents. Based on above
research work and related work of exports and scholars at
home and abroad, we analyzed and summarized the latest
research results, prospect a further research on feature
tracking in the field of SFM.
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