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Abstract: Convolutional neural network(CNN) has been widely used in the field of image processing. CNN-based
target detection models, such as YOLO, have proven to be the most advanced in many applications. CNN has extremely
high requirements for computing power and memory bandwidth, and usually needs to be deployed on a dedicated hardware
platform. FPGA has become an effective hardware accelerator for CNN due to its high performance, low power consump-
tion and reconfigurability. In the past, FPGA-based target detection accelerators mainly used traditional convolution algo-
rithms. However, the high computational complexity of traditional convolution algorithms limited the accelerator’s perfor-
mance. Based on this, this paper designs a target detection accelerator based on Winograd algorithm. Taking into account
the connection between the modules, the module fusion strategy is adopted to fuse the convolutional layer and the pooling
layer modules to reduce the number of data movement, reduce the number of off-chip memory accesses, and improve the
overall performance of the accelerator. Take the YOLO2 model as an example, analyze and design the data access mode,
pooled kernel, parameter reordering, and data path optimization, and deploy it on the U280 board. The experimental results
show that mAP is reduced by 0.96% after quantification, and the performance reaches 249.65GOP/s, which is 4.4 times the
data given by Xilinx official website.
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FERE N FRIE B 9 1 B

= S suns snuns s nunnn:
[ i HEEFEHIE —— [»
H I === T
i = Iopt n
| =
MxW L____ M Input line buffer | Weight buffer

H OO OO ] o
OO e ﬂ
; < | e || R
NxC. | | Output line buffer |
ol
NxC

11 Winograd R

4.4 Rz mL

A N AZ B T — R T AT 2% o XA R A 2
F, Lh2x2 b A A% A ], N ERE B A ] 12 s L b ik
HEFEHNT .

(1) N AZ e DI 8 v A7 e BRURRE L B 85008 L SR 0
P BRI B PR AR L 28 o X AR S i A 14
ZeMEZE X (line_buf_0);

OB BIATEE vh X 3K H 9 B KA, 4 91 s KABLAT
i AE M AL T A7 45 pool _reg 1, SR I i 1 WAk AF A7 AR FE 0L
T AT E KRR, Bl —- Ak %0 H e KB (pool_final ).

izt AL AR SR AT 9 R B AT ) O 2, A
T PR T AR
4.5 R EFHERTIET

B AL R S A B A BB A
AFHESHE AR AAAETE SR g . I CNN
BB SBUR K FPCGA F LA v A FR , in ek 2%
ARME [] B DA AD A fith i 4 B A 08 . T AR o
A PR K A RRIEEHE ACESRES AR LA AR
VIAFEIEHE | R RS A7 B 2E X 2R G A AR 0 52 ), R
SE FC 22w OB B 5 AR S, DD B 09 % H

EAE U0F 13 P . ZEN I 1 RS AR,
IX 2 AR S 26 X 2 95 AR AR X 1
SRS

line_buf ptr —— t \

da{a[O] d}m[l] data[2] data[3]
line_buf ptrigét T I;l_'_l? E}
PRI F— A7 B RHE
|

O O O

row_pool reg.data[0]  pool_reg.data[0] pool_reg.data[1] row_pool_reg.data[1]

max max

O O

pool_final.data[0] pool_final.data[1]

12 HhfbERfE

. PE

HR CTf
. PE

B SR

K13 e

4.6 SHEHF

R0 DGR A At #5152 BT A R AE T A EE S
UL, X ARRAE B A E S8 B HE T, A S
TR S EE N D S I R A
AR A SERH R A S EON B, iR R 43 H (tie)
P (M) | L AT (N) SR SRR Y, T
Ja A4t 7 A& 14 BT . B2 i 1 B0 75 176 21 41
#B DDR H, #55 HECHE TC ), 2 8 05 A7 U,
Bl HET 5 Ay X & 15 PR

A EE B T HE ) AR - DS A7 A BB HE (A
tile_size T4 ) ; @ PB4t 5E UG  FERE S TP i
HoAh B g ; @k F Z M iE A TIAT, /- B AF I
BJE A7 it HAth 3 T TR A

s BCE R R - OSEAEAE r  BE B —
ANEE S AP0 MBS s QFEAR /L2 B i) HoAh 5k
P , FA74H Nof A0 (Nof M 2F = 24k K50

PR i BdE 8 LA e Oy A A7 4, B
R, HENA BRI O A e e . EHEY
J& , — RIS T SLAEAR B | 38 K AL S B K
REARAL AT E , 9/ DU ] AR, B ity i A FH %
4.7 HUREERMAMK
4.7.1 FH_EHIFEES

Sy vk 235 43 A K H AR Bh ok B, AT fiE R T
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il 2022 4F

g

M x tile_size

LR
" Easassle 533333

B
]

JHiEn

WAy

14 weight EHEF 77

Nof

M

w

b IR T
Vo
o
15 b EHE A

Loop-1 1 Loop-2. FATIH A Loop-1 1 Loop-2, I 1 A%
Loop-1 Fl Loop-2 It 5 B AL HE15 B 2247, i 21 115 Loop-1
F Loop-2 7] PUAS B mxmxNof 343 F1 . 1% £L3 43 F1 LA
F5e /N B RRCHIE A% 2y 2 O B AEAS M 27 472 TP R S n 22
PR IX YT ) FIAEAETE 4, B, RIS T R 22 o X U In] ik
B T R R B
4.7.2 RMNGIREER

M S5 1155 Loop-1 Fl Loop-2 VAVE /b3 43 Rl , H:
th— G RUZ B AR R FIRCE #7562 57,
Z K Ui 1] DRAM >k 58 BUiZ J2 09 46 FRHIE . S B IR
DRAM 15 [ UL, B /D i AME S i, 52 i i A
18R FIRLEE 73 T JE 405 25 1 K 28 o DX, 3% 2 i s 1Y
B AR A A

Loop-4 1 & F+ Al LLFE F#is A& &, B I DRAM %
AR ZR G b X5 ] B . Loop-3 14 & I 1T LA HIAY
HL I T DRAM FUEE G A7 X AT TR UK. A DRAM B
B A RS v X 2 RS B T o M A
B Zda RS 5 o EUIE S [l DRAM 9% H 22 vh X,
B R R H S A DRAM — WK, 8040 T F AN AL
Lps

H1 T DRAM 5[] AQ A L B A A7 75 1] 114 S 38 T en-
ergy HREE 5 , WBL /D AN N AU ) URBSORT 44 o3 A4 e
BB B2

5 KWERDM
5.1 HEHXLIGINE

R R T 7 A RO R T SR BRI Ty 5R
PEATHR IR . e FH A FPGA JF & T H 4 Xilinx 23 7 i
Vitis IDE {4, 28 H 9 & AR h U280, 5 (44 & M1 45
Vivado 2019.2. CPU 5 A Intel (R) Core(TM) i5-8500,
B R 3 GHz, Horp, & P BB U280 JF & tlt B A PCle
Gen3x16 33 ERY PCI Express 1 Xilink DMA 7255, 3
A 8GB HBM2+32GB DDR4 N AF, I 3+ 57 DU /X PCTe F11
CCIX H.BRPRHE.
5.2 MHEESH

A SCAE FH S FF 1 COCO B s 48, it & B RSF o0
554%554x3, % YOLO2 %) 1D # 3, Winograd 515 F(4,3)
PEATPEAL . 2R 1 X T Winograd ¥ FH -5 -3l & AL 5
e VL UEL . MK 25 T B AL T SR B ) YOLO2 M 2% 2
B, A3 R R SR 43 B i) 46 BRI i ol vk Al R
Ay e ) 25 BRI T AR B UL SR FH 43 B Winograd 4
TR 5 e 1k 4, R 2AUHN T 40 )2 Fr s e i 4k
F2H, K H B Winograd 3 B3R W& 1] LA [ 11K 7fe
b G

%1 R Winograd EiAMEIRE

F(4.3) Fe A
Winograd algorithm 6
Standard algorithm 12
Arithmetic complexity reduction 2x

AL 58 BRI, AR SCR AN R % 8 - 3838 Lane_num
=8, £ 38 N IFAT I T Vec_size=8, % 3 Ay il 5 1 Al
) A B S T ] B T ] A 15 s
K (10) DRI (12) Fros . 1R 3 AHL A 5 T
il T I TR Y 0D L i R G A T B
JZ A 1 3 3 BN A% i AR T B A e 1]
/D T AR B AT [R]

u [ComputeTime, +
TotalTime =

i=1

(10)

TransmissionTime,
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F2 FB5 Conv BFREHITLL

fput Feature Output Feature Kemnel Sipe Winograd a}fg(]rithm Standard alﬂg()rilhm Non-hlockmg~ ,algorithm
Convl 3 544x544 3x3 21307392 42614784 127844352
Conv2 16 272x272 3x3 56819712 113639424 340918272
Conv5 32 136x136 3x3 56819712 113639424 340918272
Conv6 64 68%68 3x3 56819712 113639424 340918272
Conv7 128 68%68 1x1 56819712 113639424 340918272
Conv8 64 68%68 3x3 56819712 113639424 340918272
Convl1l 128 34x34 3x3 60162048 120324096 340918272
Conv12 256 34x34 1x1 60162048 120324096 37879808
Conv13 128 34x34 3x3 60162048 120324096 340918272
Conv16 256 17%x17 3x3 66846720 133693440 340918272
Conv17 512 1717 1x1 66846720 133693440 37879808
Conv21 256 1717 3x3 33423360 66846720 170459136
Conv22 256 17x17 1x1 4177920 8355840 2367488
Total 1125113856 2250227712 4448509952
TransmissionTime = daitaf (11) T, TotalTime 273 B8 171N Computhimei RN
bandwidth =i A o pant NI 1 TransmissionTime; TR | R B L
ComputeTime = S22 (12)  SRIEEE, MR CNN B HC, daa 27 F4 M0 RO B
/ bandwidth #7847 % , data /R THAEE L RN .
*3 FERIERBEXTLL
e SRl B
FEL memRead Conv maxPool memWrite memRead memWrite
B I /s 0.016 37 0.047 72 0.032 243 46 0.013 35 0.020 12 0.013 35
S ) /s 0.109 683 46 0.033 47
AL AL A BT TR R4 EBGBAR R
WnE 4w . I memRead BEHRFLG T conv FEH Fll max- i FF LUT DSP BRAM
Pool BHL , MUH 7 BRI 2 . 3R 5 M BEIRA 35 10 memRead | 135576 | 221478 2 218
MRS AT LU iR 5 A TR UG, RGN memWrite | 20220 31079 27 3
56 4% B IR AT LA T, ATk — 2D A Al R Iy B B x5 AERE
7 e BRI AR TSI A F 2 . DL YOLO2BERY o1, K4l VelRR Nyt Nyl %
R FH 8 0 B, S B T B = AR B ARSI 0 FF 155 796 2607 360 5.98
mAP FEAK T 0.96%. 3 6 X%tk T A [HF & 1 YOLO # 7 LUT 252 557 1303 680 19.40
MIPERE , R 6, A R BAMRAE RS, [7] 3CHk (4, 16, DSP 50 9024 0.55
17 R0 Xilinx B W BT 25 8008 A0 LU, 1% 8 HA s i Tk BRAM 221 2016 10.96
F6 SHHMSTEAIRTLL
SCHiR4] SCHk[14] SCHR[15] SCHR[16] SCHR17] Xilinx B | At
CNN 578 Yolo Yolo2 Yolo2 Yolol Tiny-Yolo2 Yolo2 Yolo2
FPGA R Pynq-z2 ZCU102 PYNQ-Z1 Zynq 72020 7C706 Cyclone V PCle U280 U280
M4 4% /M He 125 300 200 200 117 300 400
&R fixed-16 fixed-16 - fixed-32 fixed-16 fixed-8 fixed-8
i i) /ms 124 288 611 74.39 339 66.20 27.04
TEREAGOP/s) 24.17 102.2 48.23 18.82 21.6 56.65 249.65
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fiE . AR M Winograd 45 PR AR 1k iz YR LU 4 55
THECITA] 5 foff FHASE B il 5 D10 P S i o AR A% i P 22, T
Xilinx B o 452 {1 fr) 5 36 K e AT 1 8 77 i i Ak
Xilinx B M SLH-F 5 5ASCR B 6 —H, BA
APHCPE, B RE A BB OT SO X EE Xilinx B KL
3, AT R A RIER R PERE

6 Zit

ARSCHR W T —Fh I T Winograd 815 B = 440E H b
oz I 0 3 2% L SR T B R il SR % . Winograd 45 FH
B, KIRFEARSA 5 22 B, 3% FPGA 1 CNN PEfE . 1%
R G2 b XECEH /b B B8 D (R v 8k, i i B
NS KA R 2% vh X FIEE 25 0406 SR 1158006y, i A5
BEAME R A E L7 N DRAM /&5 — U, wt al LLSE B
/DI DRAM U5 [A)R B . oAk % 58 vl o LRl
REAR T R MBI AL A AR i TR s AT (R]

TE U HER 260 R BN LT, A % JE X CNN
BEAY BT RL | SR ARA RS B, i — 20 R i A KN, 3 AT
DA AT gt i A7 BIR T, >R P B s R O R AT 2
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