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Video Character Relation Extraction Based on Multi-feature Fusion and Fine-granularity Analysis

LYU Jin-na,XING Chun-yu and LI Li

School of Information Management, Beijing Information Science & Technology University,Beijing 100192, China
Abstract Video character relation extraction is an important task of information extraction. It is valuable for video description,
video retrieval.character search,public security supervision,etc. Due to the huge gap between the underlying pixels of video data
and the semantics of high-level relation,it is difficult to accurately extract the relations. Most existing studies are based on coarse-
granularity analysis,such as co-occurrence of characters, which ignores the fine-granularity information. In order to solve the
problem that it is difficult to accurately and completely extract the relations among video characters, this paper proposes a new
method for extracting relations of video characters based on multi-feature fusion and fine-granularity analysis. First.a new charac-
ter entity recognition model, named CRMF (Character Recognition based on Multi-feature Fusion),is proposed. Through this
manner, we can generate a more complete character set using face and body features fusion. Second, we exploit a character rela-
tionship recognition model based on fine-granularity features,named FGAG(Fine-Granularity Analysis based on GCN) , which not
only fuses the spatio-temporal features,but also considers the fine-granularity objects information related to the characters. Thus
a better mapping can be established to accurately identify the character relations. Comprehensive evaluations are conducted on the
movie video and SRIV character relationship recognition dataset, and the experimental results demonstrate that the proposed
method outperforms the state-of-the-art methods on character entity and relation recognition, I, value increases by 14. 4% and
accuracy increases by 10.1%.

Keywords Video analysis,Character relation recognition, Relation extraction,Deep learning, Multi-feature fusion
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Fig.1 Character recognition model based on multi-feature fusion

58 A AR T R A S P R B R LA R AT AL
B, SO AR VO BEAT 85 Sk A0 B A I 45 A 4 Sk B B— ot
VR Ry A W, 534 37 B A — 4L B 41, /o oy 1= {1 |
i=1,2,, L}, L RARMBMIEHE . K5, FIH ArcFace J7
HEEOVPUI A . B A K B R R MTCNN J7 i3 05— 146k
112 X 112 R 2 K/, JF R BUREAE. Hok, Al A Aligned-
ReIDPV #0477 A B33, 454 N B9 5 4438 22 Mask R-CNN
WH—4 2 128 X256 QR R/ IFRBUFE . s R aE R
Resnet101 MIZEHEH, XF L1 3 PR AE #E 4T Rl & 8 2R & )5

WH Lo

BIRFE fAeer IR HAE RS ERT — kA .

BTN 5 72 4 A G S 2 R AR i AN . O OF
S E SR I T BN R0 ik T AR TE AN AR 25, [
WHRESE TARZ A J7, i T R B SRRy I s 7 W AR E R R
B, R U K S T YR AR I SRR T SO W Y 0% R il R A
ERBEPE . CRMF A& 2 58 5 — v 3 25 i JC a8 O vk ok 15 5
AT NP s ARG o IR T R R W R R e B 2
B NP HEAT IS AT 48 2 N 09 A5, Ta) B T K Y
NTAREE . PRI, 3% 77 1 R A% b 21 SCRE M B3 L J2 — Fh i
BB R AR A S A RN T ik . AN SRR Oy
R R B 1R,
ik 1 AW R IR A
A NVRAE [Attr
i N SERER C
L AR AR k=0;
2. A WREMIRARI DL clu_list[ k]
3.FOR [ J& T [Aur(1:) do

FFNBE R [ HOR M R ISP I D IZ R0 % 5] index Fl

e /NIE B min_dis;
IF £/ E min_dis<t do:
B LA %] clu_listfindex] s

ELSE:
k=k+1;
FH T 086 A A 2R 2 s clu_list[k s
END IF

END FOR

. Centroids, cluster Assent=kmeans(fAttr.k+1);
CH AR TL R AR labels. i 0~k;
RIS labels G IE IR SRR C P,

R R AE S IO 1 SR N WY B AR AE f Arer F45 HAR
HRETTERRMA B RBEERREN DL DAY
BOH 55 TR RSEXEEAT S AT AR S LU A A %
RLA AR . Fob AL 3 58 R AR E R B ok 1 5

[ NS BTN

¢ f jn

She 2
Hod N RoRFFIE BT L Cesve YRR ¢ Fle;, BN | e |l
TR ¢ BVEEL fo I o0 WEE 0 HEINME,

F N 52 A 1R 50 455 280 mT L 3K A5 WA ) N 0 S AR A
C={ciscosmrse, ) ARSOR AW 5 S B0 7 16 # B LA
MXRZEMG G=(C,E,R). WMV HsERH V=
{51982 900055, ) L ELIRHE A A

<c',vcj>€sk©E<(’_(l,:l

D (cise;?

RN

G=(C,E,R) <L‘,~,CJ>€E5A,$E<H_¢],;‘:O
R=0

Horbs BAREE AR (o)) €Ese BARAY ¢, Flc; 72
—YgFh,
3.3 ETHANERTEHNADXRIZFEE

PSR W) 2Z2 18] 2 Z8 A il 5 1 55 00 A 45 3R L 6 R ALE =2 )
FEAE B KR 1, AU EE N W 2 3037 55 P e 0 R A AR o o
B W06 & L T AR IR (S BEA B T A ORI 4



120

Computer Science THEHLELZ  Vol. 48,No. 4, Apr. 2021

BT G019 2 358 | VR IRG RN SO B R 458 DAL BE A5 B 7T LU W) 2
IR AT REN IR S5 & o AR SCHR Y T — b 410k 2 4] 45 AR

YRR PIRERL B ARE K I 2 PR . FGAG #EBUR AL
BT U I 25 R AE L T ELRE S TR T GON M &% 20 i i 5
N 38 AR 6 Y A S AR SRR AT, RN R D LG S R AT N %

AU i 2 AR AR I

I o [

B2 AW R A T AE P

Fig. 2 Framework of character relation recognition model
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Table 2 Results of character recognition
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Table 4 Results comparison of character relation recognition
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Fig. 3 Loss function graph of FGAG model
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