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Abstract Currently, CNN has been widely used in many application scenarios,including image classification,speech recognition,
video analysis,document analysis, etc. Because CNN is computationally intensive, it is often accelerated with GPUs. However,
GPU has a high power consumption and is not suitable for CNN inference stage. Based on this,this paper studies the application
method of FPGA-based CNN image recognition acceleration and optimization. The OpenCL SDK provided by Intel FPGA is used
to design and optimize the CNN forward model on the FPGA board. First of all,for the calculation problem,through the division
of functional modules,the advantages of FPGA’s high computing efficiency are fully utilized. Secondly, this paper optimizes the
core algorithm to improve the running speed,analyzes the feature map processing operations,uses the parameter sharing strategy
to reduce the amount of data storage,uses the pipeline to transfer data,and reduce the number of accesses to off-chip storage. Fi-
nally,it optimizes the design of data cache,data flow and loop to alleviate the on-chip resource constraints of FPGA, quantizes the
parameters and reduce the amount of FPGA memory resources occupied. Experimental results show that FPGA has lower power
consumption, CPU power consumption is 2. 1 times that of FPGA,and GPU power consumption is 6. 5 times that of FPGA. Com-
pared with the methods proposed in the literature of related fields in recent years,the proposed method has higher throughput and
computational performance.
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Table 1 AlexNet network parameters
& E PN R HE Hr
C1 227 X227X3 11X11X3 96 27 X27X96
C2 27X 27X96 5X5X96 256 13X13X 256
C3 13X 13X 256 3 XK 3X256 384 13X13X 384
C4 13X 13X 384 3 X3 K384 384 13X 13X 384
C5 13X 13X 384 3 X3 X384 256 6 X6 X256

18 PC 3 € I3 F AlexNet B8 ) 5 BLUbh 45 19 4% I 5 ok
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Table 2 Resources occupied by each module

module FF LUT DSP  BRAM
convolution 37874 48929 48 4
Irn 11967 11262 21 8
pooling 3500 7757 0 32
memRead 23168 53354 22 112
memWrite 4750 7316 17 2

3 BEIHFEE N

Table 3 Resource consumption

IR A £ Ne g /M Nag /AN FAEAR/%
FF 148698 2215298 6.71
LUT 118072 1059293 11.15
DSP 108 6836 1. 60

BRAM 101 1926 5.24
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Table 4 Comparison of processing time of single picture

F b CPU GPU FPGA

A Z UHD Graphics 620 GeForce GTX 108 FX600

R E /ms 67. 84 1.23 3.48
/W 75 225 34.9

B2 L/ Gimg/s/ W) 0.197 3.61 8.23

5 BAMRLME FPGA F & M REX
Table 5 Performance comparison of FPGA platforms with the

same architecture

i CNN e R EIS 4

R PR,
/MHz A /ms /GOPS
576. 28

231.85 VGG

fixed 8-16 bit  26. 85

XW[9] 221.65 VGG float 32 bit 54.12 285.9
239.62  AlexNet  float 32 bit 4.05 356. 99
ENy 260.48  AlexNet  fixed 8 bit 3.48 415. 47
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Table 6 Comparison of experimental data with other schemes

AR shE Aok E DSP#E DSP R E  MikshE ik

Wit Fa
* : /MHz /W /GOPS /A /(GOPS/4)/(GOPS/W)

Xk B

SX240t 120 14.00 16.00 1056 0.015 1.14
[15]
Xk o -

XC7Z045 150 8.00 23.18 900 0.026 2.90
L16]

GSD8 120 — 117.80 3926 0.030 -
[17]
A o
;e FX600  260.48 34.9 415.47 6836 0.061 11.90
o

Bn - BL AlexNet 82815 1], S8 T Br 2 CNIN AR RL 57 3%

RS R 8 AR A AL AT R W) 5 T
REXT Lk 7 prail

# 7 AREFHSEH AlexNet (7 REXT
Table 7 Comparison of performance of different platforms to

achieve AlexNet

X T X #k[3] Xk [9] Xw[18]  stEk[19] AU %
FPGA F & GX1150 AWSF1 ZCU102  V7xc7v2000 FX600
BB E 32 bit float 32 bit float 16 bit fixed 32 bit float 8 bit int
# % /MHz 303 230 200 189 260. 48
e/
1.38 1. 88 1.28 1.24 3.56
(TFlop/s) 7

BT 046 CNIN R AR S (8 B9 5447 58 s, R AN 1)
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