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(deep neural network virtual machine, DNNVM) , 5% J
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REAF 1A FR A 7 6B TE FPGA | HAT 84
IRCR .

ZE L TR AR SCHET FPGA X 9LAH S5 i H bR A
IMPEHATIACSE I, ASCEZETAEIT

(1) $i 785G8 E B P 5 TR T o) B
R PR 4 W 4% B Y (attention-based depthwise
seperable single shot multibox detector, AtDS-SSD) , I,
TR SR T R E AR R SUE R

(2) $EH—FhIET FPGA AYSEIE M4 o fh g i
TR AR SCRIEREAEE] FPGA I ZECRUEH XS H b
RGN PR B 38 1 Sl 9D SR S A BRI AE

1 ARG RKEIT

ARG BARHEZR N 1 7, B AtDS-SSD [
AR ) A B Al R R B 4 IR R Y

— 240 —

: AtDS-SSD

! GMobileNelj[ SSD J[AttentionD
|

|

|

|

|

|

N

|

[

|

|

|

|

iz a? |

T I
i . 2 I
|

|

\

|

|

[

|

|

|

AR EAE

_____________________

ELFr[ 447
S

S

o . o e e sl s G G

1 REZMFIES

1.1 AtDS-SSD #1424

SSD SR FH B1H J5 2 AR B H AR 6T 4 i 07 1 JFAR
P AR RAE A B e AT H bR 028 DRI 5
TR RAE P 3 B T AR (R /N A %o A
P 53 SR A T IR0 4324, 938 as A AR R AE 4 1) Dy vk
13BN AR IS5 R

FRAERY SSD M ZE I 4835 17 Bef [V AA , AN il 2 5
BHER R IF HE R S RO R AR, b T 5L
IR R IR S RO & A SO IR EE 7T 73 15
LR A (0 A B2 B B B 2 TR
JEBRA S TR o, 153153 52 = B S i 5 30
GRS TREE T 43 B8 5 BUR 2 i U H 28 M 48 Mo-
bileNet 145 % 2 3K 43, BT LAA#E H] MobileNet 1 4
FAR M LT AG SSD MZ8 Y VGG 16, [a]If A
SCHSE B ITE T B LI 5 e 208 SCRRIEAR &L &b
AT M TR SHO T S 5 S R T S 80
KEEE TR, BA H 5 L,

P2 JB/R T AtDS-SSD 45 F i 25 (0 4% 1) i ik &%
¥ A5 3 385 55 1 #8534 MobileNet &l 4%, i
URON A B - e AN A e S T LT 3 = s - L
3 R E R MU 38 AR/ N TR A 4R



Wk 4G JET FPGA RUIRSEIN H ARG 5 i 05

VRSB ER RERI B IR B —

2 | |3 2|8 2] ¢ o 1

— - s L/\
s 2|2 Z||E = £ Sl e e | R
& o = £ 2| E oy 3 = i) © =~ Eol X
SMEMEM el SPE| e e eMeEMeMzel| B2 N
€|i|© R == R S8 8|5 ‘
& % % z z % % O O &) O ;;t 2% £

) © S S S O ~ il

SN B
T e $ |
MobileNet |

B2 AtDS-SSD HRMHEMEZEHTE

THMZ&ERE ;25 3 H43 0 SSD A2 1] i 5 43 1 [ml
U AR SONT 0 2 S50 i DA TE PR UE SE B ARAS I 5
SRRV, 9830 Gk £ T, A B TR R 2%
RN R AT ) G5 AT B | I IR AR AR 1 e A 5Kz
M.
L1 1 WEER 3 BB 0

TR TT 43 85 U MobileNet 45 40 1043,
VAR FAZ 3 B B — %30 3 A B 1 TR A A%
F—A 5 A A FE Y 2 B TR, A AR /MR S8
THEA A 1 (R EATS SR DR s o R HE AR 3

WS BUR B ERANE 3 Fis, Hd F oA,
YEREN D, x Dy, SEIE N M ¥4 F WG R G 1E
WA D, x D, JEIERN N, DAE LS G
BT 6, W2 N MR, B G RER 4E
N D, x D,, iR M, BRI N

CC.., =D, xD,xMxNxD,xD, (1)
~ BRI
%ﬁﬁ)\?}{ﬁg \ i1 7K
Vi
F

ON ¥ G
F KE>G
f

3 EER

VRJE T 43 5 4 BUR 22 LN 4 %, ol VRE 2
BUBO 5B A LR VI B RS M A
D, x D, x | BSBRUL 7o M Aok
BB A SEBEAH N1 x 1 x M
BB LN A D, x D, (0% Sk %07k

BT IRIE CCy,, N
CCopin =Dy XDy, xM xD, xD, +NxM
XD, x D, (2)
VT Ay B BB CC, L, 5B R
A CC,,, MILEN

cc
. = BRI -
N WK E K ;ﬁﬁﬂj;}ﬁi
F GO M : G
F K -
«[€
(a) BB
B
HMNKE D \ e,
N 1 %ﬁ?-ﬂﬁ”&a

G ®

G

=
-
[l

(b) HEMR
E4 REWHSESER

L AtDS-SSD 1 i) CONVI1 JZ 264, Hy i N =
1024 B R, BRIZE RSN 3 x 3,
MR S50 R AU RS RS 0T R
11.21% , K@y T BB SH TR
1.1.2 iBEEIIILH

T 3 5 7 ML o 3 o 3 T ) AR AR O R A T
AL AT LA 3 I R A A3 A R RAE e AL, A A4

— 241 —



BRAMEIN 202243 A $32% $E3H

YA BRI OO, AT AR R T 45 6E
R IPLHIBLE R4 (squeeze) I ((excita-
tion ) M 73 5 (attention ) A 3 FP4r4HAG, A0 5 FTw

V4

}

S
X MMM_' XC
/ Ix1xC IxIxC //////////i
H
w

C (&}

BEs5 @EESANE

Squeeze FRAEJEXTHIA X (4ERE R C x H x W) i
Py , 4 5P 24 1t AR i A RRAE 18T Y 42 R A
SRR 8 8 R A BRI R A K (4) B
E—\‘O

1 H L4 .o
Z= > 2 X)) (4)

Hoelv, (i, ) R X BAhR i Z € x 1 x 1
AR

Excitation $4F f2 XT £5 38 18 /9 4 8 2 B 17 2
B AR Re LU JER RIS BRECRT Sigmoid B0
PRACE T TIRMLIR S8, Herp oy 1 BRI 14 52 2%
JE SR BRI ARE T T T 2 DR £
>J AR A B T LR Y 4 A 38 T A B AR
BRI AN (5) iR,

S = Sigmoid(W, - ReLU(W,Z)) (5)
Hrfr, W, R W, s IE AU, W, 4R ¢ x C,

‘%%ﬁE%CxOJY:Cx%yﬁﬁRﬁUﬁﬁ

PR Sigmoid PREL AT Y5222,
MZERE N C x 1 x 1,

Attention FEVE R RRAE AL 1 1 72 K5 J5LA6 14
A X B R G e B R RAE X7, JFH
FIAB R 2 AT BARES I, 383X 451> 18 1 Y
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5 F BN ARG SN A2 [ 43 B T AL 2%
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GPU I H ARAG I 1) - 1745 Ji 1401 Lo 45 LA K as A i)
] EL# 5 (2) AtDS-SSD W& 5 R 7E GPU 5 FPGA |
AT REgIE LA B R LA . et R LI R g ik 5
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ARSCHE BB 3 Ffr s B o0 245 A AU AT i IR 55 2 )
YA L REEE A AL FE 2SN Tntel 19-10900X, 545
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FEZR i3 NVIDIA CUDA iz & B K k1T
B 28 W 25 2 2] I R, A SCR ] PASCAL VOC
2007 £ PASCAL VOC 2012 VIl 25598 5 4711 %,
PASCAL VOC 2007 34504 £ 1470, 2 45 4
FI45 20 241, Bl aeroplane , bicycle | bird  boat , bot-
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monitor, 3£ 22 163 5K I Zk K Jr F1 4952 5K IE A,
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AR E /IR
B8 MEHERENTHL

! MobieNet-SSD 5 AtDS-SSD 4 ¥ #fi % %5 1% T
VGG-SSD %% S R Ky VGG-SSD #EAT 46 I 4325 iy
e KAFAE gk A )R SH2 30 x 30, Tfif MobieNet-SSD 5
AtDS-SSD FEATHG I 73 28 1) e KR AR 5K it 1 R 2
19 x 19, Jr LAXS /N F AR 53 28K 0 5540 55 , R A B

TR B S R HAREER, [F] I AtDS-SSD AH
FL4 T MobileNet-SSD, 3 2 25 £ 3 18 14 3 ) B He 3
SR TR R RRIETE SO L M T TSR R
AT R RS BE AR
2.2 EEEHERG T EE

A SCES7E NVIDIA RTX 2080Ti | 43 %1 fif Fi]
VGG-SSD 2 P4 i 42 4% MobileNet-SSD
FINEE A3 38 T B ML AR B ] 5 BB ARG ADS-
SSD 1 22 W 4% % PASCAL VOC 2007 1l %4 £& 3F
T EHARG T L E . #E B Anf il v | 8 5 R FF 3
15 FEII{H (mean average precision, mAP) $5 45 %] G
PEATPRAR , S EE R A0SR 2 FEoR, DG &5 SR nT L
F i, A SCIR I B ADS-SSD R 25 46 1 7R 5 AR A6
BT S0 B X AR EE T VGG-SSD M 45 FE IR T
11.02% ,{H2H % T MobieNet-SSD [ %% | AtDS-SSD
PIUERR AT T71.2%

£2 VOC MiXEHERS BN F 1w 2

RIS B/ %

Bk mAP/ %
plane table plant boat bird bus person cat
VGG-SSD! 77.72 83.26 78.91 55.35 70.31 75.53 85.29 79.70 87.67
MobileNet-SSD!" 65.50 65.45 71.58 38.20 54.26 57.79 77.65 70.96 79.52
AtDS-SSD 66.70 67.74 71.32 38.68 56.81 58.30 78.38 71.83 80.39

AN, ARSI s B SE P, AR SCRF L T VGG-
SSD MobileNet-SSD FI AtDS-SSD 5 FH 41 22 [ 5% f 46
T B, ELAARAI 25 e 3 TR, BT VGG-SSD
TESEIFPERCR I AR T AP W 25 PO IS &
IR FPGA b, TS A E R AL 5 4
BT AtDS-SSD 5 R 28 ) 28 7 s I 3 1= ] LA
T 2 SEI PR SR BLAEHRS BE B AHEL T MobileNet-SSD
o 245 AT I A, A S B ARG DR 3R 3 T B Af
(R FAF 305 FH T30 Gt 45 6T B FRA

&3 VOC iz & il iz 22 xF L

] 4% mAP/ % o) 3 B2/ fps
VGG-SSD™ 77.72 46
MobileNet-SSD*! 65.50 90
AtDS-SSD 66.70 85
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ARSZEGNT AtDS-SSD #E NVIDIA RTX 2080Ti Al
ZCU 102 Wit Rt ihe .,

B EHE A F - 5 B X AtDS-SSD 4 28 [0 2%
P OIRESUE . DI RE R UE £ 2K ZCU 102 13t
A4S B R T BE 5 NVIDIA RTX 2080Ti | it8.15
3 B T KA AT 6T B, ORI IO 26 5 A 1) i 1S B A
B HArRr I A A fE

AR SEGET X B H BRR I A 22 B AR AR T T
DIRERAE, HHRERWE 9 FrR, E9(a) M
HARTE NVIDIA RTX 2080Ti | A I 25 5 | HbRfi
BRI o H o328 EH  EE B 87.0% ;K1 9(b)
SHLEHFRE ZCU 102 b k25 5 | H bR 07 A6 D)
K B 7r R0, B A5 80. 8% , 45 5
NVIDIA RTX 2080Ti #H2E A K, £ Honkailanl&l 10
fii. B 10(a) A2 HFRfE NVIDIA RTX 2080Ti I
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B9 BRFEUER
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E10 ZBEHRKENER

ARSI X AtDS-SSD #2845 £ NVIDIA RTX
2080Ti #1 ZCU 102 b 14 ¥ B8 F1 ) #6 2547 I 5 5 %
L, HE5 5Nk 4 s, #£ NVIDIA RTX 2080Ti -
AT HFR I F5 EE 0 IAESN 77 W, T7E ZCU 102 |
PEAFIK, ThFE R 8. 56 W, i IhAefk, AR 1& & H
Tih S A A PRSI H AR, 1 HAE ZCU 102

%4 GPU 1 FPGA E8EXTEE

& mAP/% e/ W MR/ fps
RTX 2080Ti 66.70 77.20 85.0
ZCU 102 66. 12 8.56 311.7

A 2 2R AR A O i A R A TIN5
F]311.7 fps, =T NVIDIA RTX 2080Ti -4,
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P D 28 SRR A Y AT i A R 7 R W AR U
REEHEE] FPGA b, M T 80A 1 & 32 B An kel
R, LA T E AR ) 52 B R (i
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Research on real-time FPGA-based video target detection method
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( " College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310023)
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Abstract

In order to solve the problems of low real-time performance, high power consumption and high cost of real-time
target detection network on graphics processing unit (GPU) accelerators, a neural network model named attention-
based depthwise seperable single shot multibox detector ( AtDS-SSD) that combines channel attention mechanism
and depthwise separable convolution is proposed, and the network is optimized and deployed on field programmable
gate array (FPGA). Based on the SSD model, the AtDS-SSD network adds an attention module, and replaces the
VGG 16 network with the MobileNet network which is mainly composed of depthwise separable convolution. An 8-
bit fixed-point quantization method is used to quantify the network model parameters. The quantified AtDS-SSD net-
work model is deployed on the ZCU 102 platform and tested by using the PASCAL VOC data set. The accelerator
performance has increased from 85 fps to 311.7 fps, and the power consumption is equivalent to 11% of NVIDIA
RTX 2080Ti, with only 0.58% drop of meanaverage precision. The experimental results show that the FPGA plat-
form combined with the attention mechanism and the depthwise separable convolution network model can improve
the real-time performance, reduce the power consumption, and reduce the accuracy loss caused by the reduction of
network complexity, which verifies the effectiveness of the method proposed in this paper.

Key words: single shot multibox detector (SSD) network, channel attention module, depthwise separable

convolution, field programmable gate array (FPGA) , fixed-point quantization
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