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Abstract: Aiming at the problems of large computational complexity, time —consuming, and high resource requirements of
convolutional neural network ( CNN) , this paper proposes a design scheme of binary neural network (BNN) image classification
model running on embedded platforms with limited resources and power consumption in mobile terminals and designs a hardware
acceleration design for its implementation on an ARM + FPGA platform. By converting the convolution multiply — accumulate
operation into XNOR logic and popcount operations, the computational complexity and on—chip resource requirements are reduced.
Data multiplexing, pipeline design, and parallel calculation were utilized to increase overall computation speed. Taking image
recognition under the CIFAR-10 data set as an example, We use VIVADO HLS tool to complete the deployment of convolutional
neural network model on FPGA platform. The test results on the PYNQ-Z2 platform show that the network model deployed on the
FPGA side achieves a processing speed of approximately 631 FPS at a working frequency of 100 MHz, total runtime is only about
1. 58 ms for image inputs of any size, after cropping on the processing system (PS) side.
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Fig. 1 Overall architecture
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Table 1 Architecture of convolutional neural network

RERIEEH A BRI i3 i GRS PR BRI RAGEIERC D
convl 32x32 1 32x32 1 3%3 3 128
conv2 32x32 1 32x32 1 3x3 128 128

maxpool | 32x32 0 16x16 2 2x2 128 128
conv3 16x16 1 16x16 1 3%3 256 256
convd 16x16 1 16x16 1 3%3 256 256

maxpool2 16x16 0 8x8 2 2x2 256 256
Conv5 8x8 1 8x8 1 3%3 256 512
Conv6 8x8 1 8x8 1 3%3 512 512

maxpool3 8x8 0 4x4 2 2x2 512 512

AR FCI 1 1 8 196 1024
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IR FC3 1 1 1024 10
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Fig. 2 Convolution layer parallel acceleration design
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Fig. 3 Multi—channel parallel computing design
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Table 2 FPGA resource consumption

el et JES- (e ek IR/ %
DSP 220 200 90.9
FF 106 400 24 472 23.0
LUT 53 200 32266 60.6
BRAM 140 101 72.1
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Table 3 Comparison of running performance
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Table 4 Experimental comparison between this scheme and other schemes

E 24 SR e e K g WH/MHz  BFREE/ms  DSP A I/ %
SCHk[13] XILINX ZC702 MNIST 143 4.10 220 98
SCHRSCHR 14] PYNQ-Z2 MNIST 100 31.00 220 98
SCHRSCHR[ 15 ] Zynq7020 CIFAR-10 100 15.50 220 80
AL PYNQ-72 CIFAR-10 100 1.58 220 86
Review, 2020, 35. 100203.
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