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A two-stage action-candidate regional proposal network is designed herein for a temporal action detection
loori

ask. The first stage applies a modified watershed algorithm to an one-dimensional temporal signal to form candidate

regions with different lengths by immersion clustering, which obtains a rough localization of action temporal

boundary. Then, a temporal pyramid structural method is introduced to model the structure of action instances and

The second stage performs a temporal-
coordinate regression algorithm to local the action boundary, and simultaneously a classifier for the action and

boundary is added to filter the candidate regions of background for obtaining a more accurate temporal boundary
Furthermore, an unit-level feature extracted by a three-dimensional convolution neural network (C3D) is used to

train the entire two-stage proposal algorithm, which contains both spatial and temporal information and considerably

v

Wik



th i

i ot

Wil 5 5 R 28 I 45 1) K 8 0T ) 4 T ) o
B A B W E BT L ARG X S 1 R B
R 5 3k ke 2 %k s/ B SCfE B A, Bt
J R D B4 RS B 9T R BLARL O HOR 2K T RRAE
Thumos Challenge 2014 1 2015 b g 44 1 5 3%
H A8 FH ok B % AR B GDT) Al Fisher K&, T 4F
K, — BRSO DT RRAE 55 Mt 20 % B I 2% 4 B
HMIREAE AR S5 A, SR X AR 1Y 2D & AL W 48 L REHl
RS [ RALAT B AN Be 4 R A0 b X g 455 3 1 ok
ULAEH EE A E N E L.

2D B B AR AT 5507 55 005 B T 3 A A
AT 55 %% VIR O A% G2 1) B Fs A I 75 ¥ R 24K T
FEW S O, AR S R 25 R A R H
B AG AT 45 119 56 5 45 B8, Rol Ak (1951 A nT 2L L B
/N BB AR X B B B 25 ) 2548 AR

FE IS G0 4505, I T A R B ) O R
SRR ST A PR R BT R B TR T AT Z A B Y S A
AT 7 T AE A SR 7 T 32 B BR ) 1) SCNN- 2§
J5 vk HURR X & 78 H A FRAC BE (9 5 P S5 40 8 A
Jist K B S & A BE 1 2 R 5 2) BT LUK K B AR
FEASE 1) 418 B ) 26 A D7 MR T 8 AR I B B
R AE TR R R, JE Ik S 0 v 3 v N 2

FEXT R 8, AR SC AT LR TAE: D
— AP B e X 2 AT B — B S RA
U B IR 43 K B3k B T — 4R Y A5 5L it
R Z AN R B 9 468 35 X3, S o 2 1 <
() 22 FEE , S8 Bl A 30 5 (R R 67 5 5 — BT ) ) (o]

5]

: g,

| (=

s

[ internal module [T [ |§
I - £

[ context module 5

V135 24 90 4 15 1 1 A1 T) % 405 10 o 3% 465 A0 RE 108 [ Isf 5
B BH AR 100 B0 A A TRT A 5 A B Sl AR /T S e i X
14 3 2 T E U, 45 SRS B 1% B 300 A, 5 B0 o 1) i 114
k. D7 & F IS a ik, 5l A sh
VB R B R SO BB B, X 3 X 38k ) B AR fR B
AR SOfF BT 25 M AR, AR R — A 2 R Rk,
BEX R b SR T Bh AR R B B 4 R AR AE L T
ANFEHKEE SR R By e, 3 B HESR B T =4k 45
TR 22 4 (C3D) M BT GARME BEAT Y25, C3D fig
f [5) Fsf 425 kA0 A5 79 B 3R 25 A D, 48 T I A U
RS BE . M L T A% 5 0 B it I 25, B 5T GORAE DI 2R
KRR T 7 A6 00 9 ) [ B DR E 7RG . 2
By B 3l 1R 358 2% 55 3 AR AR R i i X 3 7 Thumos
14 Fl ActivityNet ik 2] T I flt 09 72 4 [l %, ¢
P o g FH v B A A L5 G ) S YRS B I

2 PR Ir IR WG 2 SRE

BEAT I3 7K A1 [ U 0 285 4 4000 I I 2l AR T8 26 55
LRSI 1 s . AR AR AT DRI
SILA B IC RN B (=16 frame) iy A B HLARAEAE 42
W C3D rp AR HUCATTIARAE £ 5 2) F5 B i L) B 5T
% B i A B B 4 73 K U SR 1 R K R L 15 B
PIGARVE DI, p 3 3P RIGARIE XK p ) f, TR, &5
& LI UE B p VORISR p L p " R
GTIEL AL B A 4 R X E D s 4D H D,
PR 115/ 5326 0 285 1) i A, DI 2545 20 A 1 DX 0K
FRIS 7 DX 8] P, B et XIS Sl /95 57 00 2

dl
@
d, .
i PO action/background
d, E- * —Z i classification
d® =
2
| — [] coordinate regression
d

unit frames

3D feature]
extractor

video frames

watershed grouping
proposal

|

0 T, s B
= f=re - ——— e >

video frames

1 I A AR 2 1

Fig. 1 Whole architecture of temporal detection algorithm
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Fig. 2 Principle of improved watershed proposal algorithm
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Fig. 5 Schematic of candidate regions generated in each stage of two-stage regional proposal algorithm
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Proposal-w/o unit 60.41 129.40

" LLE Mk F Proposal-16, Proposal-32,
Proposal-w/o unit fK K [EAK ; 3 & |, Proposal-32.
) I
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