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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

JZIK 4 AL JE R LR BUE
Convl-1~Conv3-1 0.003 906 25 —0.553 7306070327759 —34
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Fel 0.000 244 140 625 —0.001 109 445 700 421 929 4 —5
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Fe3 0.003 906 25 0.000411 447 166 698 053 5 0

R i ALV R AN P 3 BT s o K 32 3 0F KL
FCHE 22k N R Ak, vl LAAS B 8 037 58 AR, 5
8ALE M IR RIS B S RS R 1667 . &
i 22 18 Fn AL ST R 3247 . Z A
S0 b B A AR AL R AR E R — R T

(9 8 7 5 s FEIE B o AU /N IR 22 B A i Ak B
Xof 5 B 0/ INERAE SR P 1o A8 5 7 A AR
4.2 WAHBIEEEES AEHR

FPGA W76 2 08 0T DL 48 i b A7 68 R R
SMEAEWIFP . A7 it 32 2202 Block RAM, B 77



511

A, 55 3R T FPGA Y Winograd 557k 45 R 28 90 28 ekl 2 B0t 5 92 3 1525

Wk fa L

(W_INTS j ( X_INT8 ]

[ X_INTS8 J

3 BE AR R

Fig.3 Diagram of hardware quantification flow
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Fig. 5 Design drawing of feature data fusion
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Fig. 7 Convolution design drawing of six stage assembly line
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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 A RSE LI N FAVERL/ G
Convl-1  224X224X3 224X224X64 0.1734
Convl-2 224X224X64 224X224X64  3.6993
Conv2-1 112X112X64 112xX112x128 1.8497
Conv2-2 112X112x128 112xX112xX128 3.699 3
Conv3-1  56X56X128  56X56X256  1.8497
Conv3-2  56X56X256  56X56X256  3.699 3
Conv3-3  56X56X256  56X56X256  3.6993
Convd-1  28X28X256  28X28X512 1.8497
Conv4-2  28X28X512  28X28xX512  3.699 3
Conv4-3  28X28X512  28X28xX512  3.699 3
Conv5-1 14X 14X512  14X14X512  0.9248
Conv5-2  14X14X512  14xX14X512  0.924 8
Conv5-3  14X14X512  14X14X512  0.924 8

Fel TXT7X512 1X1X4096  0.2055

Fc2 1X1X4 096 1X1X4096  0.0336

Fe3 1X1X4096 1X1x45 0.000 03

21l — — 30.931 83
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Tab.3 Hardware resource usage
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Fig. 11 Display diagram of image data stored in DDR memory
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Tab.4 Comparison of network accuracy after hardware

implementation

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

VGG-16(FPGA) 151 78.6% 0.8%

/N 28. 6% ROR B3

K g 25 5 H A 7 S SE R 5 R AT L,
WESPR . mTAFRBBOHT R FPGA
5 AN T DR MR TSR AR R RE R D A fiE
FEARIEAT 73 HT o RSO A g4 5 SOk 16 1Y
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Tab.5 Comparison with existing FPGA acceleration schemes
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XC72045 KU060
4t/ MHz 100 150 200 200
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UiFe/W 17.8 9.63 25 9.04
fiEdk/(GOPS-W 1) 42.59 19.5 12.4 39.21
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