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Abstract: In order to realize the acceleration of convolutional neural network in low-power, edge computing
and other scenarios, a Winograd algorithm convolutional neural network accelerator based on field programmable
gate array (FPGA) is designed. Firstly, the image data and weight data are quantized into 8-bit fixed-point
numbers, and the quantization process in the hardware convolution calculation process is designed to improve
data transmission speed and calculation speed. Secondly, the input data buffer multiplexing module is
designed, which fuses the data of multiple input channels and transmits them, reusing the row overlapping

data. Then, the Winograd pipeline convolution module is designed to realize the combined reuse of
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column data, so as to maximize the reuse of data on chip and reduce the occupation of data storage on chip

and bandwidth pressure. Finally, the accelerator is deployed on the ZCU104 development board of Xilinx.

Experimental verification shows that the convolution layer computing performance of accelerator reaches to

354.5 GOPS, and the on-chip DSP computing efficiency reaches to 0. 69, which is more than 1.6 times

higher than relevant research. The accelerator can complete remote sensing image classification task based

on VGG-16 network with high energy efficiency ratio.

Key words: convolution neural network; field programmable gate array; winograd algorithm; assembly

line; parallel computing
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Fig.1 Schematic diagram of Winograd convolution process
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Fig.2 Hardware architecture diagram of convolutional neural network accelerator
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Tab.1 Partial results after quantification of VGG-16 network
JEU A6 L A1 JE A L5 BUE
Convl-1~Conv3-1 0.003 906 25 —0.553 730607 0327759 —34
Conv3-2~Conv4-3 0.001 953 125 —0.030 606 031 417 846 68 —9
Conv5-1~Conv5-2 0.000 976 562 5 —0.029 665 347 188 711 166 —30
Conv5-3 0.001 953 125 0.027 768 215 164 542 198 14
Fel 0.000 244 140 625 —0.001 109 445 700 421 929 4 —9
Fc2 0.000 488 281 25 —0.011 262 043 379 247 189 —23
Fe3 0.003 906 25 0.000 411 447 166 698 053 5 0
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Fig.3 Diagram of hardware quantification flow
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Fig.4 Slice convolution flow chart
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Fig. 5 Design drawing of feature data fusion
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Fig. 6 Schematic diagram of input data buffer reuse module
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Fig. 7 Convolution design drawing of six stage assembly line
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Fig. 8 Remote sensing image of river map
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Fig. 9 Grayscale image of convolution output
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Fig. 10 Status diagram of data accumulation output module
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Tab.2 Revised VGG-16 network structure table

JZIR i AR RS BERY/G
Convl-1 = 224X224X3  224X224X64 0.1734
Convl-2  224X224X64 224X224X64  3.6993
Conv2-1 112X112X64 112X112X128 1.8497
Conv2-2 112X112X128 112X112X128 3.699 3
Conv3-1  56X56X128 56 X 56 X 256 1.8497
Conv3-2 56X 56X256 56 X 56 X 256 3.699 3
Conv3-3 56X 56 X256 56 X 56 X 256 3.699 3
Conv4-1 28X 28X 256 28X 28 X512 1.8497
Conv4-2  28X28X512  28X28X512  3.6993
Conv4-3 28X 28X512 28X 28X512  3.6993
Convd-1 14X 14 X512 14X14X512  0.924 8
Convd-2 14X 14 X512 14X14X512  0.924 8
Convd-3 14X 14 X512 14X14X512  0.9248

Fel TXT7X512 1X1X4 096 0.2055

Fe2 1X1X4096 1X1X4096 0.0336

Fe3 1X1X4096 1X1X45 0.000 03

Fit — — 30.931 83
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Tab.3 Hardware resource usage

S BB SRR SIRESC B/ X%
LUT 230 400 152 943 66. 38
LUTRAM 101 760 68 158 66. 98
FF 460 800 88 296 19.16
BRAM 312 173 55.45
URAM 96 96 100
DSP 1728 514 29.75
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Fig. 11 Display diagram of image data stored in DDR memory
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Fig. 12 ZCU104 hardware platform test diagram
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Fig. 13 Serial port output result diagram

x4 WEHELHREMEBEILL
Tab.4 Comparison of network accuracy after hardware

implementation

%) 2% K/N/MB  TOP-1 acce ik
VGG-16(GPU) 527 79.4%

VGG-16(FPGA) 151 78.6% 0.8%

/N 28. 606 RO B3

K gt 25 5 H A 7 S SE R 25 R AT L,
RS PR o TR BT J7 %Rkl FPGA
5 AN T PR HORE TS AR R RE R D A fiE
FEARIEAT AT o AR SCHE H A0 i A 55 SR 16 ]
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Tab.5 Comparison with existing FPGA acceleration schemes
VGG16 n5# k[ 18] CHRL17] Ciki16] AL
-5 XCTVX485T Fama Vltrascale ZCU104
XC77045 KU060
it 4l /M Hz 100 150 200 200
B 8 bit 16 bit 16 bit 8 bit
DSP 1796 780 1058 514
LIRZ AR /GOPS 758.19 187.8 310 354.5
AR /GOPS(DSP) 0.422 0.241 0.293 0.69
¥/ W 17.8 9.63 25 9.04
figsk/(GOPS-W 1) 42.59 19.5 12.4 39. 21

Caffeine 45 . SCHk[ 171 Angel-Eye Z5# # I ,
7 A REF DSP IR, S T R
ki, 5ok [ 18] b B K T i 5 ik Bl
W 5] FH 2485 G 119 3 in % 27 AH L L 8 bl o R A
AR, 76 45 BUZ TR ARy I AF AR 22 HE L HE R
BT FE BB L e 23, H DSP i soR 2 7+
1. 63545,

R T —F 3T FPGA A Winograd &
R WA . SRR, R
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SUBO A RN B Ak R i EIE A e S R
AT ECR . S AN RKLIT BRI R
Jei A9 B Bl o A UE IR B L BRAR T A B A
B o 78 ZCUL04 FF & A A S50 26 T ik 2%
BRI E MRS T 354. 5 GOPS, i L DSPif
ARCRIBEN 0. 69, S FEAHLL BT 1. 645
VLT . AR RCE R T HALFPGA
s e BT R BENE DL AE Sk s I R R 1R
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