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Abstract In order to meet the information processing requirements of a large amount of heterogeneous input data in the real-time
flight of aircraft.this paper proposes a neural network,including convolution core with fixed-point sliding, pooling core with com-
pression quantization and fully connected core with compression fusion. The input of the system is heterogeneous sensor data,and
the output of the system is the identification results. Convolution core can extract data features quickly by eliminating redundant
data sliding window. Pooling core improves system execution efficiency by using compression quantization technology. The design
meets the on-line intelligent integration requirements of high reliability and low power consumption. With the proposed compres-

sion quantization method,the peak accuracy is 98. 54% , the compression rate is 77. 8% ,and the running speed increases by 40

times.
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Fig. 2 Graph of aircraft real-time Al neural network dataflow
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Table 1 Performance and efficiency comparison

M /GMACs % % /GOPs
Sak[19] 3.37 6.74
X #[20] 2.6 5.25
Xwk[21] 3.5 7.0
EP 9.86 19.72
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Table 2 Time delay comparison

CHLAfE )
Bt A R R
X rl22] 7.3x10 ¢
A X CPU 2.1x10 !
A X GPU 8.3X10 2
& X FPGA 7.6X10 °

BRIE ANTRAZGSHEHEAMLAEGWN TR
ARGWENA . ARGEMRT AT HEZN Wi
R PR DR A S K Bl A R BEAT AT Ak BRI AT AR A TR, e o
ARG I R B 2 2 S T A SR 7 A Y S K A 20 33
5 G B 2 O AR He i ) T 4 B AL BOHE X 1z . 220 OF AT 24
5 201 A HARE SR 1 AL B, I 2505 19 AR T G S5 I R e T

HE M 5E AR BRI AN E AL, Hobh AR IR RS 1 O /AT R
G Se g d s B T2 RO L B A — A FROT R 4R LT
BB GERESE 1R i+1ENRA

ORI A . AR GEfR R T e R I 2% 1 1 22 9 2%
TESE I AT I AR AR A T, H A T B B R 4 A
JRAT AL SR AR TR R S RO R R R E R T REEW
T B R T 3 = AE S A AR T S B .
BEAN % R GUE AR T RO A7 i ZOROF T A T 5 L 0K
SRR AL 2 B9 15 ROk R S vk as 0l o Bl B i a2 3
Sk IR A f i RN IR 1 A PRS2 T 2 I 2% Y I8 S s S
BEAE T BT LA SO R R 33K 0 A A A Sy — A 52 B IR A B
Ferkd T AL AT 2% . /6 A4 R A R TR N, A8 i
S B AR R BT AR SCT5 1 ) 3 1 A s B R i 4
T 10 % BRik AR RUa B R T T 40 4%, 28R UL A
SCTTVE R R AL FEARAE AT I AE 1 AL {EL 2 P X B 4
32 {7 e L A $1AE 200 A HLf7

OARITFEBT TIEM T AR Z 5 RE A7t
AT 208 A A% LA B A B 12 TR A4 5 A e B T 22 A A i A B
oA BAE o AR (R B M 22 R 2% G5 4 T L 8 T T PR 4 b
JE AT B B R AR T T R4 0 A SRR T R LT e
1228 31 ] 55 H At T s A LA BT R T SEEL T OR R e A B
HJRAT b B

2 % X #f

[1] LU L Q.LIANG Y., XIAO Q C,et al. Evaluating Fast Algo-
rithms for Convolutional Neural Networks on FPGAs[C] /
2017 IEEE 25th Annual International Symposium on Field-Pro-
grammable Custom Computing Machines (FCCM). 2017101~
108.

[2] GIRSHICK R,DONAHUE J,DARREKK T.,et al. Rich Feature
Hierarchies for Accurate Object Detection and Semantic Seg-
mentation[ C]// 2014 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Columbus,2014:580-587.

[3] GIRSHICK R.Fast R-CNN [C]//IEEE International Confe-
rence on Computer Vision(ICCV). Santiago, Chile: IEEE, 2015
1440-1448.

[4] MC CULLOCH W S,PITTS W H. A Logical Calculus of the
Ideas Immanent in Nervous Activity[ J]. Bulletin of Mathemati-
cal Biophysics»1943.5(5):115-133.

[5] MINSKY M,PAPERT S. Perceptrons: An Introduction to Com-
putational Geometry [ M ]. USA, Massachusetts; The MIT
Press,1987:5-308.

[6] RUMELHART D E,HINTON G E,WILLIAMS R J. Learning
Representations by Back-propagating Errors[ ]J]. Nature 1998.
323(6088) :533-536.

[7] KRIZHEVSKY A,SUTSKEVER I, HINTON G E. ImageNet
Classification with Deep Convolutional Neural Networks[ C]//
International Conference on Neural Information Processing Sys-
tem,Kyoto,Japan. VLSI Secretariat Japan and Asia,2012:1097-
1105.

[8] SCHERER D,SCHULZ H,BEHNKE S. Accelerating Large-

Scale Convolutional Neural Networks with Parallel Graphics



200

Com puter Science

EHLRE Vol. 48, No. 3, Mar. 2021

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Multrocessors[ C]// International Conference on Artificial Neu-
ral Networks(ICANN). 2010(6354) :82-91.

ZHANG C,LI P,SUN G Y,et al. Optimizing FPGA-based Ac-
celerator Design for Deep Convolutional Neural Networks[ C]//
Proceedings of the 2015 ACM/SIGDA International Symposium
on Field-Programmable Gate Arrays. New York, USA: ACM,
2015:161-170.

LECUN Y.BOTTOU L.BENGIO Y.,et al.Gradient-based
Learning Applied to Document Recognition[ ] ]. Proceedings of
the IEEE,1998,86(11) :2278-2324.

SIMONYAN K, ZISSERMAN A. Very Deep Convolutional Net-
works for Large-scale Image Recognition[ C]// Computer Vision
and Pattern Recognition (CVPR). Columbus OH USA. IEEE
Computer Society,2014(v1):1409-1556.

REN S Q, HE K M, GIRSHICK R, et al. Faster R-CNN: To-
wards Real-Time Object Detection with Region Proposal Net-
works[ J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence,2017(39) :1137-1149.

KIM H S,HONG S W,SON H R.et al. High Speed Road
Boundary Detection on the Images for Autonomous Vehicle with
the Multi-layer[ C] / TEEE International Symposium on Circuits
and Systems(ISCAS). Bangkok, Thailand, IEEE 2003.769-772.
YIN S,OUYANG P, TANG S.,et al. A 1. 06-to-5. 09 TOPS/W
Reconfigurable Hybrid-Neural-Network Processor for Deep
Learning Applications[ C] /2017 Symposia on VLSI Technolo-
gy and Circuits ( VLSD). Kyoto, Japan. VLSI Secretariat Japan
and Asia,2017:26-27.

HAN S,POOL J, TRAN J,et al. 2015. Learning both Weights
and Connections for Efficient Neural Networks[ C]// Neural In-
formation Processing System. Montreal, Quebec, Canada: MIT
Press,2015:1506-1526.

HAN S,KANG J,MAO H,et al. ESE: Efficient Speech Recog-
nition Engine with Sparse LSTM on FPGA[ C]// Proceedings of
the 2017 ACM/SIGDA International Symposium on Field-Pro-
grammable Gate Arrays. Oulu, Finland: IEEE/ACM, 2017:
75-84.

GONG L,WANG C,LI X,et al. Work-in-Progress: A Power-
Efiicient and High Performance FPGA Accelerator for Convolu-

tional Neural Networks[ C] // Proceedings of the 12th IEEE/

[18]

[19]

[20]

[21]

[22]

ACM/IF International Conference on Hardware/Software Code-
sign and System Synthesis Companion. Oulu, Finland: IEEE/
ACM,2017:1-6.

ZHANG C,PRASANNA V. Frequency Domain Acceleration of
Convolutional Neural Networks on CPU-FPGA Shared Memory
System[ C] // Proceedings of the 2017 ACM/SIGDA Internatio-
nal Symposium on Field-Programmable Gate Arrays. Oulu, Fin-
land: IEEE/ACM, 2017 :35-44.

SANKARADAS M,JAKKULA V,CADAMBI S.et al. A Mas-
sively Parallel Coprocessor for Convolutional Neural Networks
[C]//2009 20th IEEE International Conference on Application-
specific Systems, Architectures and Processors (ASAP). Mont-
real . IEEE,2009:53-60.

FARABET C,POULET C,HAN ] Y,et al. CNP:An Fpga-
based Processor for Convolutional Networks[ C] // Field Pro-
grammable Logic and Applications(FPL). Prague: IEEE, 2009
32-37.

CADAMBI S, MAJUMDAR A,BECCHI M, et al. A Program-
mable Parallel Accelerator for Learning and Classification[ C] //
Proceedings of the 19th International Conference on Parallel
Architectures and Compilation Techniques (PACT). Vienna,
Austria: IEEE,2010.273-284.

FANG R,LIU J H,XUE Z H.et al. FPGA-based design for
convolution neural network[ ] ]. Computer Engineering and Ap-

plications,2015,51(8) :32-36.

ZHANG Ying, born in 1982, Ph.D, se-
nior engineer. Her main research inter-

est is intelligent control.

CAO Jian, born in 1980, Ph.D,associate
professor,is a member of China Com-
puter Federation. His main research in-
terests include edge computing, intelli-

gent hardware and system design.




