MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2020,29(9):142—148 [doi: 10.15888/j.cnki.csa.007392] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

e~ N ps RN -
ETHEIRSHEITERRHMERQNIARC e
MR 8%, RS, W

TR AR I 6 2 B T R G, B 201306)
2B LB LR (ki) A R A, bR 100102)
O HATREE R S EOR AT R R, ORI 22 1) 8 Re A S Ra T AR, FH T 11 200 s B i) Bl 12 4% 18 5 DA
GPU A=, 77 SE B s R P et it o 7 A 5 v o SR D A R PR B SR . DRt B R T 20 R G A 5
BEVETT PRI S48 e R, AR SCHR HH DA BEUR 55 Movidius #1220 iE B i 57 & 68 5 2kl SSD+MobileNet 5
3 ST 2 AR AT 1 AR, 78 S TR 85 r 6 0 25 R 2R AT U AR R 05 25 B S S o PR 1 2
5L, ROEEH R IR RD 4 M E S a s BB, 7E M AR IRRER S B P S b, BT L 2400 T Movidius
PR TCT R IKRE I VPU ARH SR S L S35 Dk, 7505 A S Bt i 175 090 3 T DA B A L L A A

X IR W AEYR; IR 44 3 ; Movidius; B ﬁ*ﬁ?ﬂﬂ%i}l%ﬂ; A

b

S1FTHE R I, B AR, U T AR 5 2 1 BB IR 2 RS R 50 B BL R 4671, 2020,29(9):142-148. http://wwww c-s-
a.org.cn/1003-3254/7392.html

Truck Detection Method Based on Raspberry PI and Movidius Neural Computing Stick
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Abstract: With the rapid development of deep learning technology, more and more intelligent algorithms have been
applied. The hardware equipment used for training and calculation is mainly GPU, which will incur high hardware
procurement cost and power consumption cost in the actual deployment and use. Therefore, aiming af the high cost of the
current deep learning system, this study proposes to use raspberry PI and Mv!o,vidius neuron computing stick as the
computing platform. SSD+MobileNet algorithm is adopted to realize the recognition and detection of vehicle targets, and
the training model is tested and optimized in the actual enviroiment to finally meet the effect of actual use, with a
processing speed of 4 frames per second on average. The experimental results show that on the platform with weak
computing power like raspberry PI, the algoritmn can be accelerated by VPU modules like Movidius neuron computing
stick, and the computing costican be greatly reduced when it is in actual use.

Key words: raspberry PI; deep learning; Movidius; object detection and identification; low cost
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