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Infrared target recognition analysis and FPGA implementation
based on lightweight convolutional networks

WANG Ge, LI Jiang-yong, YANG De-zhen,ZHANG Zi-ling, CHAI Xin
(The 11th Research Institute of CETC, Beijing 100015, China)

Abstract : With the application of deep learning in computer vision, its large amount of data, complex network layer
structure , insufficient resources in hardware deployment and high delay have become key problems. This paper,by an-
alyzing the advantages and disadvantages of five representative lightweight networks, proposes a lightweight network
improvement based on MobileNet,which applies lightweight networks to infrared target detection field. FPGA is used
as the hardware carrier. In this network , Tanh activation function is used to replace the original activation function and
the number of network layers is simplified to adapt to the feature extraction of infrared targets. In view of the problems
existing in the hardware implementation of deep learning target detection algorithm ,such as large amount of data,large
resource occupation and high calculation delay,FPGA is adopted for hardware implementation. The experiment shows
that on Xilinx Zynq — 7020 XA development board, the clock frequency is set to 100 MHz and the input image size is
640 x512. The improved MobileNet can achieve each image of 5. 1 ms with the same accuracy as the original one.
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Fig. 1 Fire layer structure in SqueezeNet
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Fig. 3 Depth-separable convolution
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Tab. 1 Representation of lightweight networks

on the ImageNet dataset

TOP. 1/% | TOP. 5/ % [FEFI K /N MB| MR E/ 12
SqueezeNetl. 0 | 57.5 80.3 0.72 50
MobileNet V1 70. 6 89.5 4.2 28
ShuffleNet1 69. 4 88.8 5.4 8
Xception 79 94.5 88 36
EfficientNet 84.3 97.1 66 23
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Fig. 4 ShuffleNet and MobileNet model training
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Tab. 2 The structure of the MobileNet network

after modification

Type/Stride Filter Shape Input Size
Conv/s2 3x3x1x32 640 x 512 x 1
Conv dw/s2 3 x3 x32 dw 320 x256 x 32
Conv/sl 1x1x32x64 160 x 128 x 64
Conv dw/s2 3 x3 x64 dw 160 x 128 x 64
Conv/sl 1 x1 x64 x256 80 x 64 x 64
Conv dw/s2 3'x3 x256 dw 80 x 64 x 256
Conv/sl 1 x1 %256 x512 40 x 32 x256
Conv dw/sl 3 x3 x512 dw 40 x32 x512
Conv/sl 1x1x512 x512 40 x32 x 512
Conv dw/s2 3 x3 x512 dw 40 x32 x512
Conv/sl 1x1x512 x1024 20 x 16 x512
Conv dw/s2 3 x3 x1024 dw 20 x 16 x 1024
Conv/sl 1 x1x1024 x 1024 10 x 8 x 1024
Avg Pool /sl Pool 10 x 8 1 x1 x1000
FC/sl 1024 x 1000 1 x1x1024
Softmax/sl Classifier 1 x1 x 1000
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Tab. 3 Performance of MobileNet after modification

i H Train loss Accuracy RERI AN/ MB
MobileNet 0.354 0. 706 8.74
&2 )5 MobileNet 0.316 0.651 5.76
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Fig. 6 System framework diagram
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