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Abstract The information industry is developing rapidly and the mainstream digital media has produced
an evolution from text to pictures to videos. How to quickly and effectively extract the key points of interest
of characters in videos has become a hot topic in the field of Internet entertainment and big data analysis.
However, existing methods for acquiring character information usually have significant limitations in
obtaining information directly from the video interface. To address this problem, this paper proposes a novel
“coarse to fine” intelligent face search framework based on feature hybrid clustering and key point detection.
The real-time search of face data under big data is subdivided. First, the face detection algorithm based on
multi-scale depth feature hybrid clustering uses the Softmax function to achieve data classification, and then
uses the central loss function to form clustering centers that are modified by the regression of centroids
to achieve coarse screening of faces. Then, based on the face key point detection algorithm, 68 individual
face key feature points are extracted to generate standardized features that are easy to calculate and process
to realize the fine search of faces under big data. This enables real-time and highly robust intelligent face
search from Internet video data. Notably, this paper also constructs two film and television face datasets to
provide big data analysis for subsequent related Internet industry and entertainment multimedia. System’s
overall experimental results prove that this paper has a certain improvement in recognition accuracy and
efficiency compared with existing mainstream face detection methods, including a 31.2% improvement in
recognition efficiency and 3 times improvement in discrimination of false-positive samples, and the overall

operation efficiency meets the standard and has certain practical value.
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Fig. 5 Crawler filter framework based on facial feature key point detection algorithm
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LA AR 28 K 2 U T BRI 4 W 2%
(Convolutional Neural Networks, CNN), 7Ei#AT
KEM ARG, F4E7 T GPU #HT ik, %
T CPU & 17 HHRAME SRR SE I REEIR A . A S5
T 2 N AS AR AL Y K/ MY 6.8 MB,  Lhin
A EEE IR CNN BN T 865, RE
FAFER KALTE o AMARIE T HAF/R 2170 36
41, CPU A Intel Core i7-7700, GPU >4 NVIDIA
GTX1060, WX RA—5K 314 ARG,
FEAE AR AR R HE: T OpenCV
] haar cascades™® 5 4144 25 b FH 3 (1) 3 T 1
HORHE AL, 4 MR T I PGE A
K% . DSFD. S°FD. JET PyramidBox™" 75
VM PyramidBox+ + ', LFFD™®’, 37T GPU
M AT R EE Rk 2 Fos. 3k 2 5,

E- )

ASCHHAE FHEIT53%, B 5 0 k1 6 0 5 it s A
FEABERWAERMRA I, EHFABEET,
5515 W LB 1 BL ) DFSD J7 VA FI7E WIDER
FACE U T EUF % S’FD. LFFD J5i%,
PA S PyramidBox ++ 77 VAL, ASCHEIER LK
BR NIAR B R R e ), BIMER = HR R
Z NEUR, ~FE—M et geab P 30 5k f .
BEAh, ARSI IR X — LS b N EHR 24T
TR, ASCEERBCER AR E AL, BT R
PR, AR T REERIEE IR AR EE
314 sk N BB B a4 R AT R

XfF CPU, KAE M %8 £ 48 Sk AL AR 12 4T
WAk, EHxr Bk AR A Bkl T 2218 DL 2
THELIMEH, AR MNN (Mobile Neural
Network) *. NCNN (Tencent/ncnn: nenn is a high-
performance neural network inference framework
optimized for the mobile platform (github.com) ) «
ONNX (Open Neural Network Exchange) 257 5:4=
RRAEAY, AR AR BEAT EEXS, XS R a3k 3
Pos. 3 3 WR, ACEERA R R,
BRAREIFSRT T 31.2%. CPU FigAT Wi nliks
30 Mil, HABHFHIEN M. T2 ARAES K
A FE R FA BN 10~30 AMEFIE R 5),
CPU THJ 6 WUR IR 2 Toi2ii R BEoR o FESEBRM
M, KM GPU JHAT LB EE, £ RZHIR

EHTF GTX 1060 By BT

Table 2 Running efficiency based on GTX 1060

BT (ms)

Rk
JYPERR: 640X 480 SyHEE: 1280X720 SYHER: 1920X1 080

OpenCV haar cascades 553.7 1238 2937
T 8 G e ) B 680.5 1536 3091
DSFD 140.1 301.5 665.4
PyramidBox+ + 108.5 278.0 497.9
S3FD 57.60 138.6 255.4
LFFD 19.92 78.76 156.8
CenterFace 13.57 29.41 53.40
KICEVE 10.34 18.15 34.01
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Table 3 Algorithm performance under CPU

B PIRFORE w2 Aebi
CenterFace MNN 51.05 18 3
CenterFace NCNN 63.33 15 3
CenterFace ONNX 87.13 12 2
CenterFace_tensorrt 99.91 10 2
CenterFace 41.57 24 5
A 32.11 30 6

42 ETZREREFHERERENARCNE
PLVIES
AN SRS, LR 15 844 5K
B, 218 FEAW. ASEE R 30 A2 AR
1 000 5K NJi EI R AE ik, 59848 1 GPU ik
Hly 7 AR, JFSI N MTCNN FE R EEER . 1k
Gk, SEAEMA NN 200 SRR, W4 R an
R4 P. R 4 W1, AR T NS
AEBIFIPNROR . 4565 4.1 77K 2 BILER
SRR, ASCHEELEXTEE DSFD. S'FD Sk
JUtor 2 — AL B R, B2 T 97.8% IR
R, FE TR S HERYE . X TR VERE A )
PUFHIE, 5 MTCNN G535 TR B2 ph 22 26 772
x4 ZEFEATHREETRARSHRAME
Table 4 Recognition rate and false positive rate of each

algorithm under self-made data set

(7S B (%) MBI L (%)
(BN (Nigh)

OpenCV haar cascades 98.9 23.5
H T B R B AR S 99.8 1.50
PyramidBox+ + 98.0 82.5
LFFD 92.1 95.0
DSFD 98.0 78.0
S’FD 95.8 82.0
MTCNN 89.7 91.5
CenterFace 96.1 96.5
ARSCH 97.8 345

ML, AXEEMAEFEREFNITHEET, H
ST AT AR M DAHE bk Ik T 10 0 00 B mR I 7 vk . Utk
b, RIEXTER 4 SrHTRIAR, 5 AR o R R AR
b, R TIREERHIEIR & R B M AR N Fk A
e RN TR 26 DL R S BRI S PR 236

43 ARGHEER
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15 30 Mi/s, B 15 s FAT—IRMIZRAE, RFEL
WKl 6 Frx. B 6 vlaL, BRI 5. AR5 6 i
RIEEE, M3 UG I ER B A, H
RIS /Mg sh, HAUR 7~10 ¥4 HIUE
[ 5N o I XA A Hr e, A S S50
B 6 H R RS M R, BT T AN
FARERISATH, A 3 R LERAIT G i A £ A
FHMZ N5, XRYRGAERZEIE I T RE
R FP RS E AL 30 TR, BPE A EIR 2
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Fig. 6 System comprehensive performance test table
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