%44 K5 T T RRFFR Vol. 44 No. 7
2021 4 7 A Journal of Chongqing University Jul. 2021

doi:10.11835/j.issn.1000-582X.2021.07.012

LT VPU s g N oK 52 I N R I & 8 9 i 5 50 B

Z] ELIREREE IR G
(1. B KF a ATHMFR; b. ®BF% ,E K 400715;
2. B FHFERF FELEAZIARFR, A 611731D)

CEN SRR R RS ST S S EF TP S RN T L TR
FIFEALE RN T ERF, XPETHERTFE S, 48 Intel 694 & 22 35 (VPUK ) 4 An i
B X FEAT A TEREZHIERBRAEY: CNN ARG ZAREMNRARL, 2REAW. HETE
didk A A F Ik CPU 2473 F, SOP 7 sk EALSR R P AR A e fr A RS X 42 & 4R 509 2 36 5 5] 5= 3L
T 18.62 124w 17.46 456 dmik , AR 45 XX & P F I Peik | ot R G AN Fo s 12 AR R A
AE A AERREX KRR EGETREFIEERET —FHETIAOFTE,

KB AKX ARLREFT T VPU;ARK RN A X445

FESES:TP391.4 XHE R AR A XEHS:1000-582X(2021)07-115-14
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Abstract: The high design cost and huge computing resource demand of intelligent devices have become the
main obstacles to the implementation and application of deep learning algorithm in portable and low-power
devices. In order to solve these problems, in this paper, based on the raspberry PI platform and with the
help of Intel video processing unit( VPU) low-power acceleration module, a real-time face detection system
based on CNN model with residual feature extraction module was designed and implemented. The
experimental results show that compared with using central processing unit(CPU) of raspberry PI alone,
the proposed method achieved 18.62 times and 17.46 times acceleration respectively in the experiments of
face detection and face alignment detection in video stream. It realized the fast, real-time and online face
detection and face alignment extraction in portable devices. Meanwhile, it also provided a feasible scheme
for the operation of deep learning algorithm in portable and low power devices.
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Fig. 7 Example of random data enhancement
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Table 1 Test results of face detection network

model GT TF NF precision recall
SSD 18 025 16 043 1701 0.904 1 0.890 0
SSD300 18 025 13 071 4 730 0.734 2 0.725 2
yolo v4 18 025 16 925 904 0.949 3 0.939 0
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Fig. 8 Test results of facial key points extraction network
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Fig. 9 Comparison of CPU and VPU(SSD)
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Fig. 10 Comparison of CPU and VPU(SSD300)
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Fig. 11 Comparison of CPU and VPU(yolo v4 & yolo v4-tiny)
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2 CPUF VPU MHEExTEE
Table 2 Performance comparison of CPU and VPU

CPU/1.2GHz VPU/NCS2 i
model R 32bit Float 16bit Float —
Li¥e 3.3TW 1w —
T, 2 005.44 ms 108.99 ms 18.40
SSD T, 1 642.72 ms 88.22 ms 18.62
T,-T, 362.72 ms 20.77 ms 17.46
T, 2 423.61 ms 133.46 18.16
SSD300 T, 2 056.35 ms 114.75 ms 17.92
T,-T, 367.26 ms 18.71 ms 19.63
T, — 724.26 ms —
yolo v4 T, — 712.60 ms —
T,-T, — 11.66 ms —
T, 1271.98 ms 69.82 ms 18.28
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Fig. 12 Actual scenario test(SSD)
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Fig. 13  Actual scenario test(SSD300)
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(g) (h)

B 14 ZEPr3F MK (yolo v4 & yolo v4-tiny)
Fig. 14 Actual scenario test(yolo v4 & yolo v4-tiny)
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