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Object Detection Method with Spiking Neural Network Based on
DT-LIF Neuron and SSD
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Abstract: Compared with traditional Artificial Neural Network (ANN), the Spiking Neural Network (SNN) has
advantages of bioligical reliability and high computational efficiency. However, for object detection task, SNN
has problems such as high training difficulty and low accuracy. In response to the above problems, an object
detection method with SNN based on Dynamic Threshold Leaky Integrate-and-Fire (DT-LIF) neuron and
Single Shot multibox Detector (SSD) is proposed. First, a DT-LIF neuron is designed, which can dynamically
adjust the threshold of neuron according to the cumulative membrane potential to drive spike activity of the
deep network and imporve the inferance speed. Meanwhile, using DT-LIF neuron as primitive, a hybrid SNN
based on SSD is constructed. The network uses Spiking Visual Geometry Group (Spiking VGG) and Spiking
Densely Connected Convolutional Network (Spiking DenseNet) as the backbone, and combines with SSD
prediction head and three additional layers composed of Batch Normalization (BN) layer , Spiking Convolution
(SC) layer, and DT-LIF neuron. Experimental results show that compared with LIF neuron network, the object
detection accuracy of DT-LIF neuron network on the Prophesee GEN1 dataset is improved by 25.2%.
Compared with the AsyNet algorithm, the object detection accuracy of the proposed method is improved by
17.9%.
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se AW H brJE TR GRA) . IEFER, TR
FE22 2T H AR I LA 2B 7 R &, IFIZ T
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2 2% (Region-CNN, R-CNN)W, 78 8] & 735 it
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ARE Two-stageF ik, BPTERFERE UG & 6 %
— AT REEL S AR E AR IR HE, PRI S A
LMK FEAT I, S B AR E LR A 5
—RKRL “ARAFBLIR” Hi%(You Only Look
Once, YOLO)P, H4%3L 2 G5 2% (Single Shot
multibox Detector, SSD) A flone-stageH
%, e R s o B 779, AGE IS — 25 RV AT [F] I S
LB bR B S 2R B TN, E HE O Ry T E A
e

F—J5 M, BEIRER. ER RN TS 2%
(Artificial Neural Network, ANN)®] LLSZ I B &5 1)
REEE RO TH B A 1 55 SR RS Bl A %
ME, BKr#a e (Spiking Neural Network,
SNN) B 28 70 2 1)@ ot SR UG ik ol R S . Bl
BSMEEE, A A A 275 B AE
A id it Bk S R o IR FRHEER O v B B A ) e
Z IR, HASNNLILHEMANNEAG H/NFT)
FERT T PR P TR T

Hul, O BISNNEENH T EE 5 FEE T
AT FR AT 55, KT IR B SE B e A2 5 43 25 B b il
X ERIMES, HRERC. B Kim%
NOFI A W], RN s EEE— N
TRESNNARHE B, 5 YOLO¥: 4 S SNN R A ¥ H
PRt 284G, (RXFhe ik — e B LRk T
SNNAKIHFE R 25, HAMEREVVK THR#EYOLO.
Chakraborty %5 N B H 7 —F % T RetinaNet [
SNN HAntaill &%, RHBEEGS 7, EETML%
AN T ANDNOGS 8 [0 2% e #2 TT oK ) S piking [ 2%
B, RERE T X M40 otk e B4R,
HAG M &5 R RetinaNet B A H Z . Kugeless
NI T — iR & SNN-ANNI¥ 244 F DA ok H
PRl AT 55, et 45 G B vl 4 3 A0 5 AXUH: R0 0 s
AT B Y2k, 52 AT ANN X 26 B2 R A LUk FE
TRARAN, SRTTZTT A% H UK P 2 7T, A7 AE
PR ST ) A 5 T

EF BRI R, RSO — AR T 3 S B E
LIFf# 48 G (Dynamic Threshold Leaky Integrate-
and-Fire, DT-LIF) -5 SSD [ ik £ X 4 H Fn e il
k. B, Wit T MBS B{ELIFM A TDT-
LIF, Zfhe oy DRI a2 K E a2
ARG Ik G s, LA iR R, B
DT-LIFfh £ vEt e, e 7 —fEETSSDIIR
A SNN. %M 2% LA b Ao JUART B X 2% (Spiking
Visual Geometry Group, Spiking VGG)FIk %
EHEERMNE (Spiking Densely connected con-
volutional Network, Spiking DenseNet) N3+

(Backbone), HAG H#ALALFEIH—1k(Batch Normali-
zation, BN)Z. Ik % # (Spiking Convolution,
SC)JZ 5DT-LIF# £ Tt B 34 4 2 FISSD i
MIAE Sk (Head). %, fEJC75AUAMNE# (ANN-to-
SNN)HIRTHE T, SEIEET-SNN kS FE H brAaill o

2 HEXIME

2.1 BRI RLE

HEYa 25500, SNNRH Ik 7 51% R
5, JEE R SR Tk e 2 TR T ) S A A A
SR, AIBHME BAE NS IRMN H B de fg A Ab 3 I
o fEMKM M IR3N T, SNNAA T E &
BRI AP RRRENE, BRANNE A B & 1) AL
RAE R EE . HAT, 5T SNNRF %
A B RE SR

(1) & T~ ik v ek 8] 44 82 mT 22 1% (Spike-Timing
Dependent Plasticity, STDP)M2 LB 2% 2] .
STDP & Hebb "G s B 2 2] 5L ) —Fp AR A, %4
FMMAT JE AR E T A E AR 35 2 [A] f JECH A IR
MmEs. HA, Kheradpishehds NMU$EH T —Fp2E
T STDP I kit iR BE BRI & M 4, H T H xR
Ao BT STDP 2R FH IR il T 28 14 347 Ja) 38 1 4
AN & DL I TR A AN 5 1 22 JR G B AR H AR 1 B
DRI T M AR FH T DRRASE IR B2 9 8% .

(2)ANN-to-SNNH#: H B 5 3] . &7k
WZE— AN ANNBIAY,  F ] Rk 28 707 35 ikt
RIMFEFReLUBE R MK &, 1E 585 46
ANNYIZRG, 45 2] 2 A E T # 2 2 A M
[FIZEFIFISNN. Hrf, Diehl % A\ WISEHl T HUE ANN-
to-SNNHHe, RS HH— L AEMNISTH 4 -
SEL T U R . AR, 1%V SE R R
AISNNIEITANN, #5735 7 SNNFJI (A RFE o

(B E#EWE ], IR, BT Inf&HE(Back
Propagation, BP)[fISNN Wi B 2 > 75 $& = 0 25 14 fig
FTHEAS TR E . Nefteids NOHEHEH B AR
BAEE S S UIZRSNN: 15 IE mf& &, i HHeavi-
sidePM ERBRE AE ks AR S AL RE T, SR BAR
Tofs FEE 2P ALLAS W ot i 0 %) 6 BBE (B s B R ) o X T
TAFEZRBHSNN GBS 71 18 IR B2 7 > HE 42 rhod i I (7]
MR AR TS . Wus NV T —Ffi) ==
J% [ 4% % (Spatio-Temporal BackPropagation,
STBP)%= 2] 5k, [FBN T iR SNNH AN AT il 73 1Y)
)@, e & A TR T BRI ZR K s B 1A
S, BTZFE R, Zheng N T RI{E
Mtk 4b 38 5 — 4k (threshold-dependent Batch
Normalization, tdBN)lZk 7%, M T EHZLIISGS
PEREIIRJZSNN . Horr, A B B ACHA FE 2% T KU,
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FEAE T R FPytorch FISNNUIZRAESE, 4] anSpi-
kingJelly™ . &8I H 3 FMGPUMNE, #iHIHE
IO AAEESNNIRE T R 2 M, 765250
AT EE R,
2.2 BlomfHZ T
SNN AT H B ICRKPHE T, LIFME
JURLAL 0V H {7 & SNN A B L Bk 6 2 —
LIF# 20 r] LSRN — AN PR (RC) HLE, i1
Fizn, HLE PR T — AN A C,, IR, .
VA NS, AL V() AL T8 B R Vigaer o
0 S S A R A 22 T 45 9 ik 5 0 28 e A e ik, DU AE
RS A AN R T () . SN I(E)
—WABC,, e, V()R BB E L 55—
H W R, AT iR, RNMJREm. 4C, M
Uity ATV ) iRt # 28 JT BB FELUR Vi I, R o2 fid R
— kAR g E I S A E B R — AN LT, bR
C, 7 TR S, Vi) B A #E BT,
TELIF M o0 5 N RS 0] Z40r,,=RC,,,,
LA V) AR A R AT 3 (1) %o
av (¢
m J) (1)
2 X(t) =R, I(t){E NN XL TN, ¥
X()HEH
av (¢
o @)
P LIF A0 28 JOAR Y 1 3% 22 ) [m) B AL B — AN
Kb, PO R(3) 2 (5) 0 IR s 4 T
FEHLL R BALEh )RR
Ho=f (Vi X)) =Via4 = (~(Vies = Vi) + X0)
" 3)
S, = O (H, — Vi) (4)
Vi =H; (1= 5¢) + Vieset - St (5)
He, HONtH ZI & e 7w G R AL, Vo
KR 5 R TR I LA, X, R4 A 4 T
BN, Vi N RSB B, 1, o R (8 250
O(x) &M ERREL, S 2 antit ZI i H ko, a5
A ke E WA 1, B0,

= — (V(t) = Vieset) + R (2)

= — (V(t) - Vreset) + X (t)

Tm

P 1 LIFARZE ToRe MY S50 i i

2.3 SSD#EZS

SSD4E4 T YOLOFM Faster-RCNN [ 5,21,
VTR V2 A8 H Flone-stage ik —, TEAIIAE
E5HME AR —Eh%. —Jm, SSD—MH
— A ETRAEIR IS A Z AT SR AR, ERE 2
FPETTESEIURHE, MR35 5 anchor AHAL AN [F] REE
SIS NESEAT WP AL, DR SRS . 55—
TH, SSD:R o 2w Ik, A% mAB5E K H
Fr BRI 5 e Ar,  PTAECRUERS FE R RIS, B PRt
FE RIS IR

SSD W 2 & f G55 £ TN 2% . FiHh 2 (extra
layer) M3 HAp, FFMLEEE—NK
HRVGGL6=IM %S, FIHERZBEHVGGI65H /S
WA TR E L E . BN E R 7R3 T 4%
ZJEWIEANER)E, DA R 2 AN A ROBE I
i, PRSI B AR IR R ELEE 7. BEAk, SSDIM
IR KM 76N GRFHEE, 4 Convd  3(38,
38), Conv7(19, 19), Conv8 2(10, 10), Conv9 2
(5, 5), Conv10_ 2(3, 3)FMConvll_ 2(1, 1), ANFE
FEREAE B i B S IR AE R B ASIA], 430l 2830, 60,
111, 162, 213, 264.

SSDHEEMAE EE 43 7. Hok, ¥E A
N BTS2 1 I 28 SR AS AN 5] R/ B REAE Bl 55
WG, IR LR NG RRHER, M T 9 2% A
G0 B EURFAE A4 AN [R) ROBE Rl 43 5, N
BRI E AT IAAE RE K. &5, SRAHER
KAEHH (Non-Maximum Suppression, NMS){H &
BTN, ATIRAS AR A .
3 ETDT-LIF5SSDHIB &M E %

3.1 BEiELGM

EFDT-LIF# £ 7t 5SSDI B FrAs I 5k 1)
SER)EE R E T4 3AEAMNEFISSD T Sk 55
PR, FHodr, 1 M@K SSD AL CNN # it
NSpiking VGG /Spiking DenseNet ¥ ; 34N#i4t
ZHHEBNJZ. 1x1 SCJ)Z. 3x3 SCEZMPFT#111
DT-LIF# £ LA i (1x 1 SCJE A LA /> 18 18 41
&, 3x3 SCEMPSKN2); SSDLH F ZF|H fr
BN R AT RO A T DT-LIF
P22 76 5 SSDI H Frar 535 1 2544 o
3.2 DT-LIFZ jTiRE!

CUA AR B AR 4 e A T AR B AR Y
Azouz%E NPURIN, AR R 5% £ 70 1) L s 1R 4E A
Fe [ B, ko BB -5 K e R AR I R B 2 A A T
B . BRI 4h, FontaineZs A 295&HIF ) {8 7T 38
PR ICI N ERIEZ —. SR, H A MLIF
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[
BN BN BN sSD
A
1x1 SC 1x1 SC 1x1 SC i K
BN BN BN iy
3x3 SC 3x3 SC 3x3 SC 3L
(DT-LIF) (DT-LIF) (DT-LIF)

[
Spiking VGG/
Spiking DenseNet

2 EFDT-LIFMZ 7t 5SSDAY H br e 53k fI 2544

PR O — R T 2 B, AR R R
JE 74 R 2 BB Al A bk b, AT BR 1) 1 fikrp 4
TUHITBCRE ZE o 2 W2 2 ORI, AL TR 2 H A
L IURARMER RS, S ESIOE EER FE

BEXE BIRE R, AW T A DT-LIFM
JORAL(EI3), DASG kg, It Sd B .

o6, kb BE S R AL AR A 3R T ) B HL A
K FHELLIN A B 20T A (6) %R

0=p—+ qe*% (6)

Hrr, 09kt RE, © = AV, /AR RAES,
Vo IR R, AR SNNGE — AN B HU )
LR, R0 B8 25 A0 A 3ok R 1 B 58 I ) 3R AT
A
AV, H,—Vi
At At @
Heb, AV ONBERAARE, 2T (3) )
/T - (=(Vie1 = Vieset) + Xit) o

B ()N (6) 7T 45 2 B2 Bk b R A
O, B AR, an=X(8) Frw

#(*(Vt—1*‘/msct)+xt)

0r=p+qge © (8)

Hrf, pe[01]2BIEITERE, p, ¢lfidp+e=1,
CHHE . WEUHMAE, v 7 il AR G ik
M, B2, > po
3 (8) MR 7 DT-LIF# £ o5 28 1) ) 25 B H
F 5 (4) T BE AT LT LUK B, DT-
LIF# 2 50 1 3 2 A 58 82300 AR W 48 0 N 7 4
fE. DR, 3 (4) RV, B (8) e, LA
SEMIDT-LIFZ o 28 (1) ik = A ML (W I3 7))
S, =6 (H, — ) (9)

MR (8)FT AT Y, ok B A 15 M ri o2 A8 1 B
AV, e WERAV,, A7, U K B fE BARS 1B
LU, X5 AT R & RS R
HUALA b Thd AR PR S5 —8G IRAY, NIE, T
BRARK B 2L CAKE I 22 oo ik b i e, X5 0

P =

DT-LIF#Z: 0

3 DT-LIF# £ e HoR & E

BT 58 v 25 R A 2 5 BUBAR B0 ik o R 1 &85 18—
0, R, SERAX,=V, Ve, 2(8)H
0,5 () MV, R(9FENTR(4). EXFE
U, DT-LIFEALR O LIFEA .

FE14E T DT-LIF# 4 0 & Bk (1) 2 712
3.3 T

AR HIME T 2T VGG, DenseNet[f]Spi-
king VGG, Spiking DenseNet, ENFTHiHiH R
Rl FESE B T %% [, &t 7 — kb
DRI T T MBI IRA R, el 7 [0 i
A e bkt S000, SR S LE IS RIS 3 T A5 R .

W 2% v BT A ek 22 T ik T 38 AR ST Y
DT-LIF#£ 5, FHK k4 (Spiking Convo-
lution, SC)0, & Kbl #LAL#IH—1k(Batch
Normalization, BN)#fE. H, BNERZSETLL
FEHERIN ST R R ERES B &, Rt ES
BBk i, d ks AR A 2] B I AUE 2l i e
L RERTEHT, LUMBRISICE B, A SOf i & A
W5 DT-LIF# & J0Z Hil o B0Ak, ASCERTH K
Mo %A T VGG, DenseNet T 2% o H 43
KIEAIZ, DIl SSNNRIFER M. ko2 a%
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E5X1 DT-LIF X Sthkohid 32

W

\ﬁ: 97 P, q, I/th‘, Tm

(1) 0= Vy=1; V=0; Vi, = 0 // ¥ITEIL
(2) for ¢t = 1 to timesteps do
(3) forl=2to Ldo

(4)
()

4 for i = 1 to neurons do

5 Hz = Vlt 1+ (X (Vil,t—l = Vieset)) * tau // Xf,t
FE IE [ A% 3 R RN

(6) delta = Hé,t - Vil,t—l

(7) 97{ ¢t =D+ qexp (—delta / ¢)

(8) if H@ ¢ > 91 ¢ then

©) Sip=1

(10) Vzl,t = Vieset

(11) end for

(12) end for

(13) end for

HBNJ/Z. DT-LIF#£ 0. i1 x1¥num_ classes
AR Horr, BINJZ R i) v 52 i A iE
SR B AR T HE R R R o I LA H AT DAER
UEZ 7y FA REAL BT A R/ N BRI, T Je 5 138
AR . FIR, DT-LIF#Z0H LB ReLU
BOEThRE

AT P A A R 2% BAR R U T

(1)Spiking VGG: VGG —AMERIHE M
7 o A SCRH ik 23 R AR ARV G G i J5 1 73 2K
7, HARGEMN 5 E M2 R R —3, E4°8Spiking
VGG (LVGGITAR]) . ZMZ A5
SpikingHt 5 1Mk 73 4%, BASpiking 333 i
BNJZ. SCZ. DT-LIF#Z& ek, SCEAHff
M3x3MER L. B —REISCE KL EIR /N 735
N: SC1(224, 224), SC2(112, 112), SC3(56, 56),
SC4(28, 28), SC5(14, 14).

(2)Spiking DenseNet: 4 J &I ZrH 6 1)
S &4k, ResNetP ARV [T J5 )2 Z [ “ %
MR, EBENGIN GRS . DenseNet?®

/

A

224x224x64 112x112x128 56x56 %256

l'%

28%x28x512

HIEBE LTI AH S ResNet B 2 45, & —Fhim i 8 H
I EERE A FE AL FR 22 . Spiking Dense-
Net [F) X 2% 25 1) 32 22 B Spiking Densedt fll Transi-
tion/ZZH .. Spiking Densedk HH4&FJZ FHRFE B /N
—#, B Spiking Densett 38 &M [1x 1 SC,
3x3 SCJZH A HBottleneck, &ANSCERIIEM T
BNZ5DT-LIF#£ G, Transition/z 3 B &%
PN FH AR I Spiking Densedt, B RFAE B R
~f, ARNBNE. 1x1 SCIZ. DT-LIF#Z uAl
KL E A . KI5 8Spiking DenseNet ¥ 4%
it (U DenseNet121 4 61), %M 2544
Spiking Denset, 4 —HLHRHE BN 5 4 -
(56, 56), (28, 28), (14, 14), (7, 7).

4 SLIGREERSHT

41 SWIRE

AL ECentOSR A FidtiT, GPURN
NVIDIA RTX 2080, M ENE T PyTorch
1.11#SpikingJelly iR B2 57 S HESR . YIRS 446 2% )
P E N3e-4, batchsize® N8, fEProphesee
GEN1H(E4E FIZk T 50 epoch, f# FHR5LIB K
2% 21 % R B 75 20 (cosine annealing learning rate
scheduler)# ¢ =) B W L]0, L3 h A SC
PR R H Kaiming4 — H LWL, FrBNE
IR E 91, (W2 0. DT-LIF#Z T R
I8 28, 2 82, [ E BEV,, N1, p=¢=0.5,
=20, KHatanfE NER R

A LAEProphesee GEN 1w Il £ 45 42 E 1Ak
TF)?T%'EBE’J%WW%H%Hﬁ*’*?ﬁ']jﬂi AR R
H— AN 28] 73 HE R N304 x 240 Prophesee GEN1
445’52 i, 39 Wi . mIE A RS 5,
TR L BIVIAEAN60 sl ST, A8 IE 255 000
A%ﬂ]ﬁ/ﬂiﬁ"]ﬁi\ T NAFHE. BHRAE (x, v, t, p)
g AR 24 R = AR AR B (A BR S )
P, 6 U B R AR . AR SOR: B AR 4%
HE3:119 thﬁJ/\ﬁUH?ﬁ%*ﬂLﬁ%

A
[ﬂ%ﬁiﬂﬂt% Il BN+SC+DT-LIF

I /7
BN+DT-LIF num classes

14x14x512 1x1

Kl 4 Spiking VGG 45H [ (LLVGG1144)
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Spiking Denselit1

J—>[BN IDTLIFI Lol Ji)[BN IDTLIF 5 J—)

‘W Spiking Denseit2
vy
AN | | Ul U
<>
(56%5 (28x28)
12/Bottleneck
ﬂ =Bottleneck U
ﬂ =BN+DT-LIF ﬂ

Spiking Densebit3

f,

244 Bottleneck

1x1

(14x14) (7x7)

16”MBottleneck

=num__classes

=BN+DT-LIF+1x 1SC+# Kt ik

5 Spiking DenseNet /%% 2% 14 [l (LA DenseNet 121 94

() HLIEHEHIER D (b) ¥
K 6 Prophesee GEN1%4f £~ 1

4.2 RN IER

AR T KG FE 3518 (mean Average Preci-
sion, mAP)ENMEREIEMN EhR . mAPZ A 35
P-RHUIZ T AR EFEME, Bl mAPRH] 5 5615 2
1R % (Precision, P)FI# A% (Recall, R).

DA P00 AE 5 5 SEAE 1) 22 I L (Intersection of
Union, LoU) i BI{E AE Jy J 2 75 A 00 B D R 48 A,
EToUR T 0.5 A2 IEF R I H 1 IEREAR, R
DUIA Ay A 5 () PR A0, A S A P g B A4
FRoNmMAP(0.5:0.95), BIToURIMESET0.50 3R Hi 1)
mAP 5ToUBCH0.950 K tH FImAPZ EE .

4.3 SSIEER

B, N T ASCR I D T-LIF A £ 50
PERE, 433 LASpiking VGG11H1Spiking Dense-
Net121 8 ETM%, #:4T T LIF#4 5 MDT-LIF
PR TTIIXTEE SRS . HAR, A T BiE AR SCHE H ) 2
TDT-LIF 5SSDI Hbnfa il Sk vk ge, JH 1

Gz EREG )

(c) BT M. AT ARG

H 5 AsyNetBUH bR I B2 0T e sLis . seis
BUEIFTR .

W 1fi7n, PASpiking VGG11AE T M,
FHXLIFMZ oA, SRADT-LIF# & o 1) H
PRAE S EmAPHE S 725.2%. ZfLlHh, PLSpi-
king DenseNet121 4+ F M4, KHDT-LIFH
2 ORI H AR I SR m AP AR T 11.5%,
FKWFT B DT-LIF#h £ o5 8 v 5 282 = B b
ST I T 6% (1 R A o

% 1 Prophesee GEN1#{#EE _FRUSTELSLIR4E R

T mAP(0.5:0.95)
Spiking VGG11+LIF 0.127
Spiking VGG114+DT-LIF 0.159
Spiking DenseNet+LIF 0.148
Spiking DenseNet+DT-LIF 0.165
AsyNetP! 0.140
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3.0 3.0
2.5 2.5
2 2.0 . 2.0
2 2
1.5 1.5
1.0 1.0 0.807
0.893
0.5 L L 1 L 0.5 ! ! L (),‘767
0 10 20 30 40 50 0 10 20 30 40 50

Epoch
(a) Spiking VGG113E 1M %%

— LIF
— DT-LIF

Epoch
(b) Spiking DenseNet121 3= 4%

7 IIZRA 2R (Loss) M 2%

I, ARSCHE T YIRS & — %2 45 2% (Loss) »
PR M- mE TR . TR, LlSpiking
VGGLILUA T ML, 5350 R H A R #4 o
B INGAnR Z AR . A G A2 LIF
P2 0 X 2% [P 01 0k — B Rk shila 35, 1 2 3650 I
DT-LIFHZ: 56 M 2% (1)1 2451 2 ) R F%%20.893, 2
JaRFEfaE . 22U, PASpiking DenseNet1214
FEF MRS, AR R AN [ & ou i A 1 Y1 25
A2k ZER IR AR IR B . BB AR I LIF A2 70 M 2%
(42 T 40.807, H415 K DT-LIF #1470 2%
NGk O BEE0.767, 2 BT ¥R, Lk
REERF], BT 3T LIFAZ 501 B FRAS I R
%, HTDT-LIFM& A RE BN, &T
DT-LIFH 22 701 W 45 1l k451 2% 38 T Ul Sk 2 g 1)
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