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Abstract: Dynamic vision sensors (DVS), due to their low power consumption and low latency when acquiring visual
information, are essentially suitable for real-time motion recognition on portable devices. When locating and segmenting
the temporal region of interest (ROI) of the DVS event stream, the existing methods often cannot adaptively set the optimal
detection threshold according to the motion of different objects, and they cannot eliminate a small amount of background
noise in a static scene either. To solve these problems, a motion symbol detection (MSD) method based on the leaky
integrate-and-fire (LIF) neuron model and a peak spiking monitoring unit is proposed, to precisely locate the critical time
point for the temporal ROI in the event stream containing a variety of different moving objects. And an anti-noise learning
algorithm based on the tempotron rule, which is named as MK-Tempotron, is proposed to deal with background noise in
static scenes. In MK-Tempotron, different kernels are applied according to different input spiking patterns to adjust the
post-synaptic membrane potential of the neuron during training, so that the synaptic weights can be changed in the direction
of correct firing of spikes, thus the anti-noise performance of the classification algorithm is improved. Experimental results
show that compared with some similar methods, the recognition accuracy of the proposed method on several DVS datasets
can be improved by as much as 14.61%.
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Fig. 1 DVS feature extraction and classification process
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Fig. 2 Comparison of Tempotron and MK-Tempotron in anti-noise perfomance
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AE - A)E FHMNIST-DVS, Poker—-DV S Fl1Pos-
ture-DV SRS REAT LIS, FEF T VA S0 IR
WUCHAP M8, B IS5 BEA LA 90 % HIAEAAE Ay
IZREE, RIRHI10%EANE IR, SEie A7
AP S EUE IR 3 s, Skgnss RanR 4R,

HH 41T 1, R 7V EMNIST-DV SHU4E £ 11
iR B A . Gabor+Hausdorff /7 v 42 75 1 14.61%,
HH EEBOE+SVMUS V& TR JAS E 4R v 17 3.29%. T
BOE+SVM ik f#i FH T SVMIPUEHT 402K, RFTZ
Sror K dm, I 4y FEFEI B 4. T A LI T7 ik
Gabor+Hausdorff /7240 ELEL, BT 7ERHIESE UL E
Al BIMA XA DA SAE 73 2K b R AT DL B AR
P17 [0 B B R FISNNEE, RTS8
RERAARKIEEERIRTT. AT EAEMNIST-DVS
a4 iRk B EEBOE+S VM A1Gabor+Haus-
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dorff 75 ¥ 5 /5y, T HA G 1R & 0 53 8803, AT IE
B 7 A SR F AR AR SR B 1 L A MK ~Tempot-
ron 7} REIHE R,

1 Poker-DVSEHiE 5 1, 35 757k R IR B HE
W, RS ARSI 7R AR R 4R iR Ag
BRI 5 AN i, AR 5 RS BE R i v
FHECA A 1.34% 1 Z 15, 5 BEIA £191.66% 111 = 531
R K HE, L2 IR A 13 I AR I AE & JF
AR, 5 FEIRF, A SR 77 5 Gabor+Hausdorff /7
TEAH FATY SR PR 350 55 5 v R 7 R0 K, DRI I, AR

T iEAEPoker-DV SEHR A SLI0 5 H AN TT
i FEREIR BB R K 73 R E. 1T fEPosture-DV'S
HHE 1 S8, AR S Y R VR R E A e T aA
£1100%, 283 1 Ik Sz 56 B P 3518 5 4% 52 15 2
99.74% )R H K5, HEBOE+SVM FlGabor+Hausd-
orff 7 V253 IR &1 1 7.86%H11.08%. 1E7FBE 7
[, 5 Gabor+Hausdorff /7 V£ M Lb A & 46 X A 3.
WRAFTR, SL9e 45 R AT 4, fEREIA B #E AR
(AR A FE [RTIRE, AH B DR A7 5 8 v 1) 70 R AU, I
TR AR SO R AT AT HY.

k4 ALTEHR ET EFRIRITIL

Table 4 Comparison of methods in this paper with similar methodss

MNIST-DVS Poker-DVS Posture-DVS
s \ o o -
WERRI%  DERCRIs WEWRI%  RBERIs WEFHRRI% 538K s
BOE+SVM 4 74.82 3.75 93.00 0.01 98.66 0.8
Gabor+Hausdorff [ 63.50 7691.26 92.53 23.34 91.88 11430.28
MSD+Gabor+MK-Tempotron(A< 3 J5{%) 78.11 537.05 91.66 16.61 99.74 92.54

4 SiRiE

A FEE XN DVSEAR 7R R G+, FmT
I IROLE iz 5 73 #1 17) 8, 412 th —FoR§ A FPMISD
HEAT FAF BT SROT RS 8 A7, fR o 1 B A J5 v
ANBEARHE AN RV AA 12 Bl [ B 5 A A I R
B TiERTE A s/ 81 S S AT I ISR I
L AR, X E A SNNZE 2 STy Hing v 22 1) n) A8,
FEH T — PRI BRI I SNN 2 2 51 MK-Tem-
potron, 1% 5218 1 75 Y1 sk #2 Hxf I A AS [R] ) i
IR0 351 R FH PR A AN [F] () 1% bR B0 B 42 T
IS HL AT, A5 15 B 75 A7 7E 1 50 75 DV SEUHE
R 2 AR REAE HH IR () . AR SRR A
1%, 53T FHAEFBOE+S VM HIGabor+Hausdorff[1]
[EZRTTIEAR L, IR A2 RE AT M1k 14.61 % 11T
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