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Abstract Recently, neuromorphic vision sensors are gaining more and more attention in computer vision
owning to the advantages over conventional cameras: high temporal resolution, high dynamic range (HDR), low
redundancy and low power. The applications of which include autonomous driving, drone visual navigation,
industrial inspection, video surveillance, and the internet of things (loT), especially in fast motion and
challenging illumination conditions. Neuromorphic vision is an important branch of neuromorphic engineering,
which uses the silicon retina to mimic the structure and mechanism of the biological visual sensing system and
aims to address the shortages of traditional frame-based cameras, and it is also a research hotspot in the field of
neuroscience and computer vision. Indeed, neuromorphic vision sensors work in a completely different way and
use what it called “spikes” to compute instead of frame-by-frame basis, in which asynchronous spatial-temporal
spikes are continuous-time and sparse point-sets in three-dimensional space. This novel technology
fundamentally changes the sensing and computing ways in vision information, so that existing computer vision
techniques cannot be directly applied to asynchronous spikes from neuromorphic cameras. Nevertheless,
neuromorphic vision remains an active area of research in academia and efforts are ongoing to overcome some
significant challenges.
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In this paper, the first part presents a comprehensive overview of the emerging field of neuromorphic vision
consisting of the millstones, two bio-inspired vision sampling models (i.e., dynamic vision sampling model and
integrating vision sampling model), the types of representative neuromorphic sensors (e.g., DVS, ATIS, DAVIS,
CeleX, and Vidar), asynchronous event-based signal processing, event-based feature representation and the
typical vision applications. Specially, we introduce the fundamentals of neuromorphic signal processing methods,
such as asynchronous spatial-temporal filtering, spike metric, and spike coding. According to the literature, we
summarize and report experimental results on the key issue, namely event-based feature representation, from
four perspectives consisting of rate-based images, hand-crafted features, spiking neural networks (SNNs), and
deep neural networks (DNNs). The second part next highlights the following challenges: (i) Building some
large-scale neuromorphic vision datasets for supervised learning approaches; (ii) Defining an effective spike
metric for neuromorphic signal processing; (iii) Learning a better spatial-temporal representation from
asynchronous spikes; (iv) Exploring high-speed computing paradigm via neuromorphic chips (e.g., TrueNorth,
Loihi, and SpiNNaker); (v) Developing the open-source framework applied to asynchronous spatial-temporal
spikes. The last part further discusses the meaningful future research directions on neuromorphic vision sensors.
More precisely, we look forward to new materials to enhance the sensing abilities in computational speed,
memory, communication overhead, and power consumption. Then, we analyze the potential profound influence
that can be extended to multi-band sampling rather than only visible spectrum, multi-task learning just like
human vision systems and multi-sensor fusion. Finally, we anticipate a neuromorphic community combing
neuroscience and computer vision, which benefits from each other. We believe that the most alluring
characteristic of the comprehensive survey paper is that it acts as a bridge between neuromorphic cameras and
many computer vision tasks, thus brining the mainstream of computer vision research to leverage the benefits of
these novel sensors and enlarging the footprint of neuromorphic vision towards a broader array of applications.

Key words brain-inspired intelligence; artificial intelligence; silicon retina; bio-inspired vision; neuromorphic
engineering
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Frr= A B A A AR I 2 AU L (x, y) #57 RGB %
EE, {H2 APS HLER AL Lt Al DVS HLEE,
APS 12 N 50FPS, ZhAS3E N 56.7dB, 7
BORFE LR AR R TR B R R F 2P, U
miRizshg s, H APS BURTE midtia shig i i (e
BIER .

2RI, DAVIS J& #2845 0ok A& I8 25 v FH 72
s LR R AR FE B 3, IR T DVS R4
ALK SS (DVS128. DAVIS240. DAVIS346 Fl%
4 DAVIS346) HIZARBEFAHE, AR wAT 553k
AR ATE AR K A IR E G I R A
WEE. R, 7EARSCAAIkiE 5 b B S RFIERIA |
P S FH 8 35) LA 22 43 BU AL KRR ) DVS R 5
fERER N E.
3.4 CeleX

CeleX237E# (&3 ATIS 1SRN & LB A7 1
g, 15 DVS HUE S H o AR (x, y) IR
JCRSF T ¢ A [AD RS, R B K 4% R R RS R
W, BP CeleX #tH=HAFrT FHIUTTAH (x,y,t,1) &
7n. CeleX B TH BB F EARE =/NaB (1
SN GR ph R HH T 5% R B B S B0 R B 1Y
HL IR B O RS B () RA&REBEGIES
i — WU EUR, E T RI46 TAER T3R5 iR A
VERE S A RS (3) T8 rh IR
LA R AR A ERAE . CeleX T5 U KR kb
FAFMALTE BT 9 LURE, BEARIE T kb 4 & 1)1
AR, X T —EErLRE .

W SP IR 22 A AR CelePixel 2 w58t K AT
5 HAR CeleX-VB2, H7[H] 43 #3152 1280% 800
FERB BN TG RNU KT, [R5 K R
FEAZ N 160MHz, ZhZ&Ja[ N 120dB, %72 1)
PR L1 75 SN =Y 2 R 2 = ) e 5 19
&7 RS T Mar S S LRESUR M E. 1
4h, CelePixel A7 tH52 %] T Baidu /A 4000 Ji 1
TiH %8, KA CeleX-V HFREHNE MR
Gr, B AR S0 25 3 R AT N dE AT ST ).

CeleX Wkt F4ER ] obit /5 B, 7E35
Jil 2438 2 Bl 1S B3 ey, TG B0 2 OK T i
Je it A, L2 T oy kb R DL 2 RS 50
AR, [FIB X ERAON R AR TSV L i )97 % B B8
SEEUN. HAZ, CeleX 9 “=m” MR ARG
BB, EamhZuw. EANAE ST
T A W AR A I 4 S 0 s A AT 5
HE RIS
3.5 Vidar

Vidarl41f R KA R 5 A o [ ) Y IR 52 38 L XL
WA, ML= Z SN ThemE, RAT
RO RN R, AR RO 9 g A A% ik
)RR L8, 24, 3845 BT SO B 37 S5 (1) A A SU B el
HIMHE . Vidar OB, BUrat g
FEAEL A A e F R AL, W 6 (@) FioR. B
ZHW IS S HHONBE S, 3G G ST
Uy Bt PRI 12 B THE -5 ko A i A b
W kR E 5, RIS AU 2 R AL, WARAK
MR A%] (Pulse Frequency Modulation, PFM)
(81, Vidar 15 2% 8] B kP {5 5 i oo, s
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A R AR IRV 7C 3k JEE 2 N 2508 9

30 0 K 155 N 1 5 5 LIS A ko
FU7, R (R IR LA T RO Bl
RS, 31 0/ ORI < Bl
7, BOREE I <17 2%, BABKIE B LA “0”
W, W 8 .

X kbt THI
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oo [k

ikl 41

K 8 Vidar It 2 Jik i {5 57~ i

TR ZE B A D R 55—k Vidar?4, 3178
] 73 #8459 400 x 250, BJHCRFESIZR A 4 x 10°Hz,
I 476.3M [MEHEE, JF AT kb R A
N 733 R 1 SR 0 10 S 3 o B TEUE B 37 s b AT R 4E
GERE R, WSR3 1 R bk IR e e
BT R4, Ak, Vidar 7T HE K ke
BT B EN, RGNS HE A
A RIEME. R B RAE S e k18 5l ik
ITHEANACSCERE R, 1] T Sdig s s iR es
W FREFAEG, EEZE. T AN S
WL PR 3 5505 vy 3l AL A 55 A3 P 2 78 70 B
x.

Vidar R B GECRAEREAL, KRGS
BT AR BBk b BT B gm i, AT b (s B AR
e gmts, AHLCTH ISR A DVS #7%
SRR, NN AR b T 1) R o 4 A AR 3. SR
Vidar TGS TE A3 ol /218 3l X S5 Al 23 7= AL kv
KA EAFAE ER BB U4, DL ey 428 il ik
TR AL DA 1 3 % 2R A [ ' HE 3 5 R 42 i B
R AR RAT 75 2 A AR R ) ) R
3.6 {ALMERIL b1 RRER M BEXT L

VT, KB B T A I oA TR T IR v
PR REF S A AR X o J TR R I Bl T i 1 22 4 7Y
P R FE B, fn DVS128191 | ATIS[O |
DAVIS346[21-221 | DVS-G21461, CeleX-VI23; 47 i
LA IO 5 v o 111 3 i (0 R 43 B A i R PE R A,
Vidarl?4, HARFEMRES ST Lk 1 fios.

TR AL B B RS (D &
P RAEIRE ), (EmnEIE AT S5 H & BRI
N T (2) ARZhFE, /& Mead FTg i P
T TREMSI A AL AR AR T REM 2L LS. R
T, WRD 0T 49 20 T 25 A0 A SR i HH PR B 2 ik o A5
ST FFER A SRR AT 55 AT 24 T
PR TEAS LG (I TR R s [ B G AT SR 2R o
St Bk pP S 5 AT AN B, N T R A AT
FRMATEA LA S O H A, 4 1IBM A F]
1 TrueNorth1Es A Intel 24 8] 1 Loihil3Les A0 &
DI K241 SpiNNakerB4iEs /2%,

MET, TR AL AR B 1Y 7 (] 4 HE AN
IniVation 2 =] JF & 125 — 3 i DVS12819 )
128x 128 & | = & /» 7] DVS-G2l481f1] 640 x 480,
CelePixel A 7] CeleX-VI52[() 1280x 800, {HAH L%
Gt i 5 8 A AR 23 () 2 R S g = b
BERORHZRE, BT (1) @S #ERS b
SRR AR AL i SRR T E R (2
B 7 00 A% AR B T IR AT) B 2 [ i R T s B T A
M EREMENE. B2, MRS
H AT AL TR R WA B, 8 BB RAAE

FAT B T R ENRE )18 T B R EIR R

4 FHHTZEpORE SR

o8 T 25 PR A SRR A ABE AL 1 26 0400 IO I ) Jik
MO TELER,  4n R F 22 70 B 5 RAE B (1) DVS
RYNLIRES, 2R SR AR IR ik
GRS O A, BRI S TR S R R e 2
P =4 2 A R R 2 S R, i 7 R,

RIS DL« B 36 U T LSS B
RILS5ES A, WREIAVLBSUEN ERT
. R, “SPm Sk ES 7 ART CEIEb7,
WA BB S B E A e BT R .
ST — B H S 5 A BB 5H R 1k ZR[55], J2pp
Z AT 5 AT B T i 5 HAH
41 RBRTE=POMES o

AR, S 2R kS 45 43 B o6 32 BLAE i 7
TEW RN R AT A o BT 5 7 )

Jik A5 5 (R I 3 BT A A 5 A B8 A FE P oAk
PREEAR, R4 T2 LA AR AL 3 BT AT 55 1)
AR, BenosmanBIF AR HY T —Fh S 25 I 2
k45 5 P30 P il U v, B A A R A R B 2
GeUEW, WY RBIEARM AL IR RS, WihgEs
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. Linares-Barranco %5 A B8 S5 A5 i 25 ik vh (5 5
fE FPGA FabA7 I MR KCPR-IE SR AL, ] i
FHHETEHbRR A S ERERERE . R 20 [ A D]
B X Bk A5 5 (1) RO IEAT I 25 ZEAE DR, TR
FEFFURIA RS A L FE S B S A0 B 2 ik {5 5 1
KFE.

P22 T 25 PR 0 A% I 388 i o ) S A I ik o 45
5 A7 TR MRS AR R U R S A T R 12,
Khodamoradi %5 A B0 H i = AH 5G 8 I8 % ok P I
DVS [ 5 M HF 70 AL s B2, Orchard
I BASUF ] TrueNorth o805 F b S 30k i 4o 48 o0 2%
(Spiking Neural Network, SNN) % ATIS %y H! it
KM S TR, H RS ST T B R
R S5 e, Wang 45 N2 58 hxt 4 LAk
(AR 7S T8 AL R 4 W 38 Bl — F0E X
DV'S fai th 1B 28 ok pp A5 5 304 T [ e

AR P T A5 S AL TR R FE A 5 k1831, i 2
ARG BRI, BETAT S S i S5 4 5 AR AL
. Benosmant®4 [ FA & 525 i 75 ik {5 5 12
H T AT A R P L e, Xk E S
(R AT 6 3 AT 45378 45 AN T SRR TR T B 23T

S I 2 K E 5 o B 5 AL BRAEAE DLR LA
R

(1) 5528 Bk (5 5 1R800 /0 A B rT g
N A R RRSSL, A 5] N SRR E S A, o)
HHEBH P 1 [66-671,

(2) FPR R E S ER T4 L5 8 n
FEAL, T I FH R B 2 2D 7 = 24 R 45 4 5 5 v
[68-70].

(3) Jiki 5 5 A0 AR 17 a5, TR A B
B 5 A B 5 2 S BB 72,

(4) 5720 i 232 kA5 5 14 v 6 [ 0 % 26 T )
R, T2 7 e 2R B S TR S R A 5 5
AL FEATLEEA,

42 RPHN=MESEE

S U B 2 ik AE 5 B R A K e 2 TR
AEACLT: ,  RZE R 2 [A) BT S5k v 2 ] ) B
751, & R Dy 23 Bkt 5 5 e 3R S R R 2 —, 1E
THREARERE . BT ESE . ML AT 55 5540
WAHEE iz HEENA.

S K S 5 7R I S 3 R IO R R
B, = AR R B H R . SRR A
Tt 7614 S K A 5 7E o 23 () 352 R4 i) =
RAMN AT AT B &, BT =4e0 o iR B AG

it. Gallego %5 NUTIMNML S RHIE £ FE R G 1 # DVS
g tH RIS S kP A S AT, FRTEIS B AME . IR
FEAGTE JERAE T SR RAT S R R . IR TR
HE B 23 Bk P A 5 AT B ) RARATR AR AE, R A
53 R Bk P55 (B e . Park 25 NS 535
(I B Srid A% i s, B B B i Sk b (5 5
RS, AR A RAR AR 2 ) LA AR T B Rk
7% 2 1Al EE 25 . Chichinisky [#]BA7815% FH # A w22
W 2% 35 H6) 467 5 5K o 45 5 e S ) R 1A 22 1) S
KPS 5 2 (A1 EE B, FF R FH 2100 9 A A 5 4k
USAIE.  BESROT VEAE AR 2 A B BRI A B A kb
¥ ESEEe, IR B IS R AR I kP E S bRl
JEPE.

FH 7K P 2045 [ BATOISE L 7 — o Joik o v i i 1
BT bk b 5 40 B B2, B DVS HHif ON Al
OFF Mkric @Mk 5 il FE &, R S
BRIESCRE BT ki e 9 A I s R A, R
A5 AR 2 (A AR FE B ko e I EE BS . 10772
KRk e 5 E IR E G, FERF B IKE 5 1=
MR, Bl 1% A — 50 20 i 25 ik
MYE T EEONPRIC I 2 R, AR
BRI Jhk R A 5 1 2 TR B AR RR i @ v, Z 5Tk
IS FH 528 Bk i A5 5 g i (132 3 18 R R
HIER.

SRt QU RSP E | 27 (Al A€/ N e mial
H— A it ) “ BUE W7, HAE E AL 2%
RIFEEEE. W R P k5 5 5 & i w4l
AT 5 R — A [ DAt A2 3 75 g e 1) A )
43 RELITPKHESIRED

B DVS AL S I 25 18] 4 R AW e &,
=5 ] DVS-G2U8If) 73 ] 73 #2640 x 480,
CeleX-VB2AR) 73 8] 73 3 % 4y 1280 % 800, 7 fi| iz )
(1) 37 S5 7= A 1) 7 20 ) 23 kb 45 5 THI I 6 A5 B FD A7
B E KPR, Wm0 i 25 ik (5 5 AT b
JE4E, R — AN ATH I 25 B0 4 1n) fer-e2],

FH 7K 15 2042 [T B8Ry 3t 7 — D v e 23
P RS S T g Ag R ARRESS, L DURG K 7 R
SRtE T, Wt T kAR S AR A1 S 0 TR S A
FeWg, AISEIU BKE S A SR SE. B S, 1%
BATTON3E — 2B R T B i R 3 (1 B 25 48 )\ X
IR A3 G BT P B TN B 4 b B e [ 1 0 <52
fsng, HE— BRI TS kRS T R 4R R
. BEAk, 1% A BAIBOTS ke 2 duk A B R B 3 R T
()0 2R AT T BE R HT, RIS 7 T A AT 55
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4t ipn
P ek J\ SR
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IEENTRG

2
el T ——

RE

9 FPIN A kP E S I AL HESE

TR AR S ) T 58 AR S5 I 2 ik A
T HIZASHEZR QI 9 FrR.

S0 I A ko A5 5 IR s 46 7 SRR A S 1R S
B AESL 5 SR AR A b A0 2K, ERIEAR
FEII o M A I kAT S (R AR i ) i )
TR JEE 5 2] B A 0 T ST 3 A FA) K o 22 19X 4%
1 1 38 N i i A BE 75 NP 2157 25 I A ik o o 5 (1
G B rh R BT ? < i I o S 20 Mk A S 1 R0 45
A REJER SR IR R S . PRI,
AT BETH & R ) 8 N 2 R 4% 04T 57 20 I ik
T IR s iR 2 — AR AT B Al AT IR
PHE R TR, At — b4 B E YRS 5 1
G i 5 [ 45 UK

5 FHHTZEpORE SHHIERIE

S5 B 7S ik 45 5 7 I SO A e 2 I =
o (A IR B B U B, AR B ARG “ BRI aaX
(55 A B S RFERIE LN R g, JCHAERkrh
EReg SRR p e A i U S Wi vk =
BT 520 B2 Bk S 5 IR B 2 B B SN 1)
MERE. DRI, dndap st Sl i s kb (5 S AT AR IR R
KB, G 10 FoR, P29 D A ke E S B
TR, [ “RREEE” 5 “miE” BRI AT
55y JRPHE TR A L IR e B B RTAZ 0 AT AL i)
R, AR R A A AR R A A 5
.

i LS BB T SCER R L S A R E, EE
LR LEDA T AE R b B (Rate-based
Image). F L#iHHFIE (Hand-crafted Feature). i

1 5 PR T FE TN 8 ARl o e 22 0 5%
5.1 MERZRITEIR

AT A A BB oA TIEH TIA
S A T R it = R RO B o At s L
5 o HE A 3 ] v K R BRI S A H AT I I R B
MR R, HIAR Bt EE.

RSk R Bt B IR B G A 1 Sk 58
HURHEAT AR SRR . Bischof [1BA 8724 5 4
DVS % th Ik i (5 5 43 Tl 75 i 3% 5 v —(E G
HHT 360° Mg st E . BRSFITHEE F pAee
H4 CeleX it i ik {5 5 1EAT BUG i FI48 T2 3)
X 45 ) T 0 H bR PR B . Scaramuzza [ BA 189901
DVS fERF AR BACHKEEIE, F5 APS K&
HEAT BN ABASR UL BT BR

R 5: 51071 B Al Bt BHR f N B 5 T

CEUE T BITRE S 2] M4 . Scaramuzza [4] BA]
4 ON I OFF [y ik it 43 7l 42 ol 38 e 28 11 Shy 2K o
K%, FERIFH ResNet X [ 32 537 5 (1 J7 [ 8 7%
FTRM. ChenlE DV'S it 1) ik w7t Bl 56 4 2K P55
K&, FRIH APS It hn2s T B 3 2 57 5 1 %
RSN . A A2 [ A 280 R 43 ke TS 2
DVS firth kit iR BCH Mg, FECS APS BB
HAT A2 B 33 5 M RN, Jiang &5 A 1242 [
5E I K DVS i (0 kb i 22 01 A B R
LA APS JEATAT AR, Zhu 28 N1 DVS 4
HH P Jk i e B BST ER S0e J TP B S o AR R A%, R
FH AT H4 ) EV-FlowNet W48 34T %At 1. Wang
6 N IOA) iz B Jk gt TR o 3 ] K P ] v 4 H
BN EE, AT B AR R R R
#J. Alonso £5 \[95LKt ON Al OFF £ [ 52 ek K i
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T e 70
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ik B R 3 3 MR R HER

K 10 B lkih (5 5 Rt E R RIAEe

arlgit B BUE BIHRE A K EEEIG, SR i
1 EV-SegNet [ 45X [ 5)) 25 3l b7 5k AT 15 Lo
#|. Cannici & NPSHEH Bk i 1) 26 i ot e oy
IKFEENG, RAERIRHLEDT B AR AT .

XN S 2 I 22 Kkl I T 9 A e 4 5 B
FR BRI, T EESGRE R 1)
USRS, BEAG P 22 T A0 D A% S 2 PR HLA 250N,
20 Jmnd i sh AL AR 55, 2 21 A2 i
KIS 5 FRFER A ) T, (XSRS IR R 7840
FZH8 Sk s 2 R
5.2 FILZIH4FE

FEIREE S A FEE R, F LRHRHER
Z N TS A A, WiZg 4 SIFTENSE .
AL S 22 kP 5 Bt B8 3R 1) T LR AR e,
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AL A S T A AT 55 B EEHOR

— e h 28 T A PR 0 AN ) 2 o IR AR IR R a4
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(9920314 F S 40 I 2 ik b A5 5 1) B 3 5 25 38000 A o
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M F. Linares-Barranco [#1B\ 5 Delbruck [HBA7E
CAVIAR Ij H Ro4lebr, R4 Y ARAZ O ik it
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AT RS, T DVS RENFES
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25 B )R ) HOTS 4. B,
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k55 5 2 A = 425 (B 45 W 43 A R,
I FE S 2> A b B InARs . Sekikawa 25 A0V VR
FIHET 55 2 25 1) PointNetl68-6914%E {4 4 3 537 35 1 7
ks 5, FRoN EventNet, i FH i3 4 5 A3 U1 Ak
I e By 5, R E 302 B S S
FIFZBNPEAL . Wang 5 N WLE JOB 2= kb {5 5
MRNFEE 2, R T 1554 PointNet++E81f1) £
B R R AR FEPRE AT F R, Yang 55 AR
¥ B E SN S, FERE T —MiEE b
1l % ik i S 5 P AECR B, 7 F AR A A B
PointNetl®7- 881245 1 2 [ M RE AL 34

PR X2 : B Bk ipAE 5 0 A A AR ) 45 05
KR B a7 2. Welsh 2 AN THHE Hk S 4
B 25 ik (5 45 AR 2R BRI (A 1T s 3RoR, 7RI
ME SRR e Al T ST S FIE T 1% 7 3
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WK E S A TR, RS ERE. 2
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iy 3] Uiy (1) R JEE T 245 T B8 A 1) 472 41 5 20 B S bk
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o TH A B BE )RR T FE 2 AP T S AR AR T
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15 FE 43 FL SRS LA T Ik i o 6 X 2% () S Tl A 4, FF R
Fl GPU HEAT s . it i 7 #d A e it 1
THI [ 73 AT 55 IR BE K I i 22 IR 2%, FEAEIR BE 2% )
TR & Lt T B Sndiss. ik, e
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6.1.1 fi B

17 FAE 72 DLk 55 R 2 B HOR T BOR B
PR TE AN AL SR AR PSRRI, R AE QTR
AT EOCFIAEL, (5 54 M R KA. Mueggler
S NS 507 AR R = 4E RIS 5 I DAVIS, JFf4E
BT DVS Kk APS G K37 5 iR
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WA E % (Event Camera Simulator, ESIM), 4%
th DVS fikiiii. APS E&. ot REE.
FNLARS SIARSH0E . Li 25 N4 T R
ZARRB N E NSRS, HTENSM
557 (Simultaneous Localization and Mapping,
SLAM).

15 30 B2 DA AR U 308 I B S B8 R 4
(R, U i 3 i AR B 2% 21 SRR H s K
o, feidt— LIS A S KIS R .
6.1.2 IR

HAr, HHRE+S R ER S RENIES:
N-MNISTIL38] N-Caltech1012%], MNIST-DVSIL36],
CIFAR10-DVSI¥1, DVS-Gesturel8l, N-CARSI08],
ALS-DVSI72, DVS-PAFIL38I1 DHP19139, Orchard
FIBAIBIE - ATIS idsk LED EoR#shi%e Fizg)
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Vidar) is gaining more and more attention in computer
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range, low redundancy and low power. Furthermore,
Neuromorphic vision is also regarded as one of most
important themes towards the next generation of
artificial intelligence, and it is also a research hotspot
in the field of neuroscience and computer vision. In
fact, these novel cameras are bio-inspired vision
sensors that, in contrast to frame-based cameras, work
in a completely different way: pixels independently
respond to intensity changes with asynchronous
spatial-temporal spikes, instead of providing frames at
a fixed rate. Thus, existing computer vision techniques
cannot be directly applied to this new data, and efforts
are attempting to address those significant challenges.
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In this paper, we provide a comprehensive
overview of the research progress and applications of
neuromorphic vision sensors. Then, we next highlight
the following challenges consisting of large-scale
neuromorphic  vision  datasets, spike  metric,
asynchronous feature representation, high-speed
computing paradigm, and open-source framework.
Finally, we discuss some meaningful future research
directions on neuromorphic vision sensors. We believe
that this work will open the door to bring the
mainstream of computer vision or neuroscience
research towards the neuromorphic vision and enlarge
the footprint of these new cameras towards a broader
array of applications. In the future, we further focus
on the two following directions: (i) Investigating the
neural inversion computing theory for novel
neuromorphic sampling and processing models; (ii)
Exploring  asynchronous  event-based learning
algorithm towards high-speed neuromorphic vision
measurement devices.
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