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Temporal action detection based on feature pyramid hierarchies

He Jiayu, Lei Jun, Li Guohui”
Science and Technology on Information Systems Engineering Laboratory, National University of Defense Technology, Changsha 410072, China

Abstract: Objective Temporal action localization is one of the most important tasks in video understanding and has great
application prospects in practice. With the rise of various online video applications, the number of short videos on the Inter-
net has increased sharply, many of which contain different human behaviors. A model that can automatically locate and
classify human action segments in videos is needed to detect and distinguish human behavior in short videos quickly and
efficiently. However, public security departments also need real-time human behavior detection systems to help monitor and
provide early warning of public safety incidents. In the task of temporal action localization, the human action segments in a
video must be classified and regressed simultaneously. Accurately locating the boundaries of human behavior segments is
more difficult than classifying known segments. A video always contains action segments of different temporal lengths, and
detecting action segments with a short duration is especially difficult because short-duration action segment is easily ignored

by the detection model or regarded as part of a closer, longer-duration segment. Existing methods have various attempts to
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improve the detection accuracy of human behavior fragments with different durations. In this paper, a 3D feature pyramid
hierarchy is proposed to enhance the network’ s ability to detect action segments of different temporal durations. Method A
new two-stage network with a proposal network followed by a classifier named 3D feature pyramid convolutional network
(3D-FPCN) is proposed. In 3D-FPCN, feature extraction is performed through the 3D feature pyramid feature extraction
network built. The 3D feature pyramid feature extraction network has a bottom-up pathway and a top-down pathway. The
bottom-up pathway simultaneously encodes the temporal and spatial characteristics of consecutive input frames through a
series of 3D convolutional neural networks to obtain highly abstract feature maps. The top-down pathway uses a series of
deconvolutional networks and lateral connection layers to fuse high-abstraction and high-resolution features, and obtain low-
level feature maps. Through the feature pyramid feature extraction network, multilevel feature maps with different abstrac-
tion levels and different resolutions can be obtained. Highly abstract feature maps are used for the classification and regres-
sion of long-duration human action segments, and high-resolution feature maps are used for the regression and classification
of short-duration human action segments, which can effectively improve the detection effect of the network on human behav-
ior fragments of different durations. The whole network takes RGB frames as input and generates feature maps of different
resolutions and abstract degrees via a feature pyramid structure. These feature maps of different levels mainly play a role in
the latter two stages of the network. First, the anchor mechanism is used in the proposal stage. Thus, anchor segments of
different temporal lengths have corresponding receptive fields of different sizes, and this is equivalent to a receptive field
calibration. Second, in the region of interest pooling stage, different proposal segments are mapped to corresponding level
feature maps for prediction, which makes feature prediction more targeted and balances the requirements for the abstraction
and resolution of feature maps for action segments’ classification and regression. Result Our model is evaluated on the
THUMOS’ 14 dataset. Compared with other classic methods that do not use optical flow features, our network surpasses
most of them. Specifically, when the intersection over union threshold is set to 0. 5, the mean average precision (mAP) of
3D-FPCN is up to 37.4% . Compared with the classic two-stage network region convolutional 3D network (R-C3D), the
mAP of our method is increased by 8.5 percentage points. The comparison results of the detection precision on different
class human action segments when the intersection ratio threshold is 0. 5 are shown. The detection result of 3D-FPCN for
short-duration human actions segments is greatly improved compared with other methods. For example, 3D-FPCN’ s detec-
tion accuracy of basketball dunk and cliff diving is 10% higher than that of the same two-stage network method R-C3D, and
the detection accuracy of pole vault is higher than the multi-stage segment convolutional neural network (SCNN) is about
40% . This finding proves the improvement of our model for detecting short-duration human action segments. An ablation
test is also conducted in the feature pyramid feature extraction network to explore the effect of this structure on the model.
When the feature pyramid structure is removed from the network, the detection accuracy of the network is approximately 2%
lower than before when the intersection over union threshold is 0. 5. When only the multilevel feature map generated by the
feature pyramid structure is used in the first stage of the network, which is the proposal generation stage, the detection ac-
curacy is only 0. 2% higher than the model with the feature pyramid structure removed. This finding proves that the feature
pyramid hierarchy can effectively enhance the detection of action with different durations, and it mainly works in the second
stage of the network, which is region of interest pooling stage. Conclusion A two-stage temporal action localization network
3D-FPCN is proposed based on 3D feature pyramid feature extraction network. The network takes continuous RGB frames as
input, which can quickly and effectively detect human action segments in short videos. Through a number of experiments,
the superiority of the model is proven, and the mechanism of the 3D feature pyramid structure in the model is discussed and
explored. The 3D feature pyramid structure effectively improves the model’ s ability to detect short-duration human action
segments, but the overall mAP of the model remains low. In the next work, the model will be improved, and different fea-
ture inputs will be introduced to study the method of temporal action localization further. We hope that our work can inspire
other researchers and promote the development of the field.

Key words: temporal action localization; feature pyramid network; deep learning; computer vision; video understanding
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P, B LN ARG TAEE Py o XTSRRI
P, FEFRIAEXS AT AR L 2 0 bR e 32
FHG L ORFEAR B A RRAE B 5 R SO ) AR T
FEOEEIBERT 61, A 100, AR SO B B R i Ry
TEE 2T — BB 1 x2 x2 1Y 3 4

K2 3 A& RS
Fig.2 3D feature pyramid hierarchy

JZ2, LA /NS ) RUBE RSB A0S A B R A4RAE
AR N, A I o e EZ A0, e, &350
FRAE LB — RN 3 x 3 x 3 (3 HEFZE
CF)ZE) |, LN R 2 FHAE B G 91 TR & 200,
FEBARFE I 2s [ R H/16 x W/16 F&F) 1 x 1,
AR ENZZ R AR P, o XA B
S H A H B N T 2 B R A A R RHE IR P,
3D-FPCN H, A BT 3 ANAS [R5 9 1 feff R AR A1
K P, P, P, 5l %N F Cy,,C,,,Csy O R [R]
YERE, FRUEE PP, P, KT PR RS TR
A3 Rl R 45 A
2.2 HFREME

PR M 54 3 NINEE: 1) WA FRAE &
FEAEREBE2) R R BOER o IE B AR 4, BB B
SRR EECH A, IR B E AT W20 i ARl 5 3)
MR AR B AR A ( non-maximum suppression,
NMS) B ks th — e B0 i ] e 4 & AN 2805
SIS R B, TERT PR R N 45 | I 4% 25 Wi AT e
AT R B AT R 2 500 AR 0 s s ) 4 AN [ ) 4
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ER Bt TERHE G IS AR 7 A 22 R (BT 1 il
R s 7 A S T s ) R A R 2 A [l U
FBt TEANTIG 1, 5 SO B B A AN [] A et (]
RO Bk DE e — A A RHAE R P, E LA
I ) 248 B2 0 AR R S bl ¥ 50 b 7 AR B I (R
AN [] (4 B B, 35 A A W AR A 11 14 31 Bk ] 67
HFEE T K AR E A7) [ 5 A B, BT DA
SEITA AN E T BE AT B, TR, B
RO Ko (2 2w L),

FHEE P, P, P, BEABFEIO B AR 512 4
R ) 3 TN AR X T p O3 8 AT R e Bl
¢;\liyi e {1, K| BAXHWFL & {8,680, , [FIHf
X B BN A TN T T i R R i o,
BB I A% R S B0 o AR AR AR R PP, Py
EEABIERERNA T x 1 x 1 ERERL
B IR T 17 A A ) R BT A A AL AN
[Fi) ot 5 A 8 ) AR ST ) AR X T Dy IR AT LA
NIRRT LG, T AN TR O] B R AR b AR 3R g
PR 5 VA 7 AN T) Ik T B )k B, S B b 58 i
G B I IR P ARE U A ) Al BOAE e A KA L
ARFAE IR 7= | Xk o AR J 2 S A I AR R, B T
R B AR E /N LG R B b A X I 1 A7
BRI . LEVRAR A B i 30 ) N 4% R AR AR R
EAM L (NMS ) S DA ik £ 5 B v Pk i ) 58 n) fig
AT R B 5 B I ZRAnI
2.3 HEFMEAMLE

JB 42 JEL S 2 I 445 11 AT 5 S Xof 5 I 6% 3
TR S Fr B AT 43 28, Ot — 20 [l JH G e (] 4
T, ES R R FHTHY 3 4E Rol WAk 3wk
B R R A BERRRIE 1, AS [RIR fa) 4 B 1Y
PR BORH R 8 4 AN R & I 2 9, n—A B[]
KR 1R 2 Bof o =X (1) 98 2 45 FRAE &
P, Bl

k, = ky +1g(1/1) |
1 k<l
k= <k Hitb (1)
3 k=3

X, 1 AR AR A B R B, R— AT
I REAN ] ) TR B 4 58 1 B BE 25 A TR 18T 1Y
B i, k, 8RR B 5 SR B 4y
NGB RRIE 18],k BN T 2 A 32 58 By

e 45 2 2 BER M RRAE K], Ay el A5 AN ] s (i) B2 1) 42
R BAE AR GO W R AR B oA 3450, Ryl it &2
YOO S50 o S e Bl ST A A Yk, (H. W
K, (1) B B[] B 5 i 4 28 R B e
SR BRI O 4R A T L T ARG 25 1) A 4R A e 4
PR E E, SRIF,3 4E Rol Mifb)2 6 AR %R
Jr BOGE R B RHE L SR BUST R SRR, BRAR A
3R R BEEA AR BB R (H 283 Rol b ik
S it AR AR I o R R A B R B R AR R A, B
RV, QAR A SR 2 BO RS B2 1, B4R
FERNRHEE P, 23R 5 R B S 2R IE I P, Y
FRAEER €. K/ R 1 x b xaw , Fe A ERAE SR AR ek ] 4 K
FEAT TR T A SKEMMMY %, s LT
AFE L IBA 3 4E Rol W fb 22 RRIE €, 73 E Ak
1 x4 x4 BFRAEE, SO AR 25 1 31 451>+
FRAESE b 3R - AR B F K E MR R R B
2232 Rol YAk 5Kt 181 A9 AR TR R /N A 512 x 1
4 x 4 BYRHIE . Ra  RERRAE ) s A4 i
FEIZ  AARNRIAT Ry 2500 0 T 53 5 LA K i1 A S 1Y
T,
2.4 MR

HH T 7 B8 28 I 2% 5 3 S T 1] 0 ) 28 5 A AR L
() A AN BT 55, AT LAt AR [R] 6% 453 2% R 250 12
[ ERF O£ 43 21458 2 0 [ 51 48 2 She Il sk A I 246
BRI A 28 ST VE Ry 43 284 55 (A O R &L, il
F smooth L1 45 2 p& B AE A [ IE 4T 55 9 368 2K pRIERC,
HIE R B

L = N(‘;L(-(pi,pi ) +)‘Nr24pi L(t;,t)

(2)
X, L PRSI, L, AL, S5 4r2 0 al )
RS, N, FI N, ARTEI 4 58 [ 2% vh 1 1
YRR BO B E | (AR, 43 28R E] 9 5
RS BB B 2 55 T R/ (bateh size) , A
AR B P B ZE 45 O JLHEAT T ORFE L A SRR bR
B B AE SR, SR R 1, @ FE R
B 5 BUE —HHE (batch ) B9 T A7 5 Bl 42 52 v Be
R GT  p, AT AR B sl $2 28 v B i 125
R, p,” WA I P SEPRARSS ¢, = {6¢,,60, ) f&
AU 1R B R 58 e BEARG T R AT B Bt
AR e A% &, ¢ = {8c, 60, &5 PR Ay s [a] f £
i, N T IHBRAFAT R R B R B X5 2k K/
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SO TE AR R AR ARG i B 2 R
¢, —¢

l; (3)

81 = 1g(L' /L)

A, e, FL A3 R B AR 58 i B i W IR [A] 4 )i
R AL E A R EE 5 ¢ AL DR AR
MY SEBRAT R B b A B A T R, RS X 2%
1) B sRECH

Sc, =

L=1+L, (4)
S, L, L, SRR LR R % 5K A
I A SR T DR 30 OB B T
A AT U

=

3 X g

AR CAE THUMOS 14 ( Jiang 55,2014 ) $#84E |
X} % BEAT I, THUMOS " 14 5132 Fl T3l fE iR
SIS AT AT 55 1 R BRSE . ZERHPAT R
PHBIME S5 {8 F) THUMOS® 14 H {4 36 5iF 4 10 2
4E . THUMOS’ 14 A5 20 25470, HPE A oY 56 ik 4
AR AR 2B 5 LA, o B IE 4R TP
200 AL, 3 007 BeAT R i B, T A AR bR IE T
BANT N B R kB )5 MR A 213 M
i,3 358 BeAToh B, WAl A AR AR TE T AT R B
(S LR B EATF- 34K 3 min, B0 BRI
WA B 6 ~7 min, 8 O A LR, v L
B H 3k SEALAT Y e (] B2 85 B K AT 55 A 3
KAGPREME: . BRiZ A0, BP0 AN — 2 A
—MTRR B AN T 3 B EE LT R
J B BER T TR AR I I 6, ME AN
3.1 HESHIEE

XoF B A T AR R 1T 53 B 8 B FR A, (145 4 —
Bl AT 72 Ay 768 W, BEHY Y iy A 285 FRAIE 4
BEEE MR Z R P, P, P, N T S
[ 45 38 T SORH DG C , K BT A R AT R ) 3 4
H 512 4k, ZYCRHIEIRIZE G4 5 AR R RS BN
FREGTEL, I K = 4 BB A [ERRER P, P, P,
FRR BN 18,12,16,20) . {12,14,16,18 {10,
12,1416} , WTLAEEZIRHER P, P, , P, [FEF[E] 4
AR R 2,4,8 PR L 2 7 X 45 v = A 14 T A
Byt R4 A 16,24 ,32,40,48,56,64,72,80,
96,112,128, 3% T A WA N B B K, &

R TIN5 110 Al BE N FH 3B B A 9 4 D7 32 2R A7 4k
e, R4 3 000 N T U422 B 5 300 S
TN AR A B, AR B 3R 2 B 4%
GRRAE ] HE AT i S A 3 i S 0 A S8k,
M5,

YR P32 28 W 45 1), 7 22 kg 22 B AR B A1 61
JE 8RN AR R Bk 1B/ Tk, B 1 v
PRI . NS 2 R B 5 R S BLSCAT R B BOAE B[]
Yz I (ToU) B T 0.7 B FAR R A BE 5 KI5
TR B ToU FE T A3 $2 %8 i Brhodse i, IR 4 4 i 4
KRBT IERRZS, MRS A B S i i A5
178 B ToU AR T 0. 3, W45 1% 48 58 v Bobr & 1 b
2, BEANTE R EFR 25 19 2500, AN Tl 2 bR 28 10 4%
PR R R Bo A S TN 2%, [FI, 765550
k2l o AR AR 1 05 20, F IE AR 2SI 4R R
BEICBIZEREAE 1 1, AT IERESNIRE R B s
W HE T RAREEY , S50 PR e SRR AR /N
W IEARS IR B B, AR IEARZE 132 28 i B sk
AN AN AR R B, FAESE T Rt
KN E A 128, IS4 2 [m] T 0 2 B, 55 22y
BTG R R BAg e 17 i ZOhe%
MR —AER R BLS HESEBRAT 8 B B ToU 76T A
FBhi K, H ToU fEHm T 0.5, 3t 451z 3 & v Brig
R SCBRAT AR AT I hRss . WAREE R B 5T A
SEBRAT A A B ToU AR T 0.5, M4z R A
BOR T bR%s  BMCRE 5 AT R, 452
DOR) 4% 711 0] = ) 2% B, AN IR i) 1 A7 485 AR 67 B 28 1) L A3
3.2 % THUMOS’ 14 a5zt

Szl THUMOS 14 $2 43 i 3% A 56031 48 5k
WIGRA ST 2% (FRVEIIZREE ) o IR PRy 200 4>
A J MR 43, e iy 180 /MR T M4 414k,
735020 S H TR UERE S EU0N T, THUMOS 14
PEALAIIRAR F T, o g 213 AN, W]
PIVER B R FBAT (99. 5% ) HAT  H B R 48 it 8] #
AN 30 s, T A EMEH A, LIRS TiF2
(1) buffer , i 3= 76 LA ¥ sl 1) 05 =X, 45 768 Wity 1k
—A~ buffer, TR F 25 Wi/s, &1 buffer
15 30. 72 s PRI A B, B B X 2 buffer 7E 4 9]
A, SEI A FHAE Sports-IM _E TR C3D
R Kok ) 3 AL 45 A 4 I8 A9 AT 20 2 (HD R
C3D MIZ 853 ) , HoAth = (B 46 B 1) i 42 2 P 1
JEFHTF 4325 mE A 4 32 ) WS R PR R R 1k
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ik NGB, B M HT S )2 rAGE X 5
2 B AL S H L 0.000 1 ) b 2= > AR
b, IRt fe 1 3 AR (epoch) 2% 2 FLLFER
A5 ZJE AR 3 AR AR S RN R Y 1/10, KR
TR BN 0.000 05, MmN 0.9, ML HETT
vits B I 25, BT 1R T 265 B e B ) ik 147 f Ak
fifi B TitanX GPU #4111 %5, #ERT 2 60 h {1545
PABIRBIFRE o X I 25 28020 1 1Ak 48 b R AN TR
IoU B{H F 22 EH MR, Bl mAP@ o, a A
EIEEE

F 1 JB/R T AR TE THUMOS 14 B4 4 I
5 HAb 5 B B985 R A, L mAP FEARTR] BIE T A8
FPEN TR bR (HD ToU BIfE A 0.1 ~0.7, &% L 0. 1
HIEFE) . BT M LL RGB Wi A %A iz H 3
JEFAFAE , E SRR H RGB Wik AR 7 20547 He
B, R [RI T SRR RGB RRIE )
PP, ATLUE L 7E ToU 815 0. 2 DL B, A
SRS TR ERA R AE « =0. 5 I BRI mAP 3K 5]
T 37.4% it 2018 A 1Y B AR A ETP (evolving
temporal proposals) ( Qiu %5,2018) 3.2% , 54 L)
PR BT R-C3D (Xu 25,2017 ) A He , A SO AL
HERR AT 1 8.5% o

£1 AEHEZE THUMOS' 14 HiE%E LN R
Table 1 Detection results of different models on
THUMOS’ 14 dataset

/%

ToU F{H
Jrid
0.1 0.2 0.3 0.4 0.5 0.6 0.7
Buch % A(2017b) - - 37.8 - 23.0 - -
Shou %% A (2017) - - 40.1 29.4 23.3 13.1 7.9
Buch % A (2017a) - - 457 - 29.2 - 9.6

Shou %% A (2016) 47.7 43.5 36.3 28.7 19.0 10.3 5.3
Yuan %5 A (2017) 51.0 45.2 36.5 27.8 17.8 - -
Gao % A\ (2017a) 60.1 56.7 50.1 41.3 31.0 19.1 9.9
Gao 25 A(2017b) 54.0 50.9 44.1 34.9 25.6 - -
Qiu %5 A.(2018) - - 48.2 42.4 34.2 23.413.9
Xu % A(2017) 54.5 51.5 44.8 35.6 28.9 - -
Zhao % \.(2017) 66.0 59.4 51.9 41.0 29.8 - -

3D-FPCN(AIL)  56.4 55.9 52.7 47.5 37.4 28.7 16.7

K2JERT ToU BIHA 0.5 i, BEAILE THU-
MOS’ 14 b Xf AN [6] A7 Sy ik A7 50000 (39 - 34 o affy %2
(AP) XS R AR 34T A AT BT, 3D-FPCN EH
R A BRL, TR EAR T 0. 2 I, 2544 7
%% ( structured segment networks, SSN) ( Zhao %,
2017) R BUEAE  (H R T 0.2 WP R A2
X ULH] SSN i Tl 45 R 5 S BRAT o i Besg Of He Ak
B L, X AT HES SSN 7 i i i 0 4 T A5
5, A 55 22K 2 3 T L A (EL 0 B [l AR o )
TAT R B, LGB AN [R AT S Tl s 6 6 11
P& FHA , AT LA AR SO TR 252 I 1) 38 i A 7

F2 A EHELE THUMOS' 14 HiEE
X &EITAH R BRREN
Table 2 Detection results of various behavior segments
on THUMOS’ 14 dataset( AP, @ =0.5)

/%
AT R-C3D  ETP SCNN  3D-FPCN
MRt R 26.1 22.5 14.9 22.2
WEBkHNAE 54.0 30.3 20. 1 64.0
BER 8.3 8.1 7.6 9.2
B 27.9 40.9 24.8 50. 6
BBk 49.2 16.7 27.5 59.5
PRI ER 30.6 16.3 15.7 34.6
Mk it 10.9 7.2 13.8 30.2
K 26.2 50.9 17.6 43.4
A 20.1 2.3 15.3 5.3
RIRRIFA 16. 1 44.4 18.2 27.6
PR 43.2 71.7 19.1 47.9
Bk 30.9 51.2 20.0 43. 4
PR 47.0 47.3 18.2 49.8
Bk 57.4 81.9 34.8 64. 1
B 42.7 56. 5 32.1 70.8
HYER 19.4 32.0 12.1 21.6
FEIR K 15.8 19.7 19.2 28.6
I BR A 16.6 29.1 19.3 25.9
PRt 20.2  39.1 24. 4 32.9
Heskdnzk 5.6 14.0 4.6 16.9
mAP@O0. 5 28.9 34.2 19.0 37.4

TE O A RSB AR, - 7 fe R SR BRI TR

E UL AR AT B A
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R B A T T s R R B A A 4 n K
PEXS R IR AT A 3 2 WS AR T HRMIE 4
TSGR REAS HR T XS I ) B0 i A28 AT B
PRSI AE B
3.3 HERMESLIE

KT T RRRHIE & S L T R IE R i
TR S2Ys 1 SefE THUMOS 14 FiEASG T %4
SFHER RGN HERE, LAk, B 5B B
LT Rol W ALJZ ML AT LA, B3 JB/R T I
BAHRFMEN LR R,

SR B
KFRIFE ST
ZERE LS

3D-FPCN

204s 23.65s 26.7s

198s  27s 2605 2955 303s 3dls
P3RS 5 — WL R 43 R 245 R, PR 1l BSR4 0%

Fig.3 The detection results of different models on the cliff diving of a certain video,

SEHG 1, ST BN & TR IR G
M2 MERE . LI R B A U RE RN 2,4,5,
6,8,9,10,12,14,16 , A ffi H C3D Az il i) — i S A
FHEEIHEFT Rol SHLALFNTRON ,  ¢h T SERM R A A X
FH AWMU ZEACEL A 8 b Ak T ik BN 8, 3%
FERS B AT LABE 35 A 16 ~ 128 B ESEEL, B 0. 64 ~
5.12 s, SEHG 2, EHS 1 AT R4l FARAE 4 7 4%
F7= A ZGRE IR 2GR e O 28 7 B (R
TEHAT Rol WAL, U SERl AR AR (&1, S50 1Y 45
RNk 3 piR,

the picture is a schematic diagram of the video taken in sequence

xR3 HEMIHER
Table 3 Results of the ablation test

/%

ToU &
RESTE wikeTE
0.1 0.2 0.3 0.4 0.5
FEBRFFIE & - - 53.7 53.5 49.7 43.8 35.6
PR B R & T yes - 54.2 53.6 50.2 44.5 35.8
3D-FPCN yes yes 56. 4 55.9 52.7 47.5 37.4

TE I PO BB AARL, -7 R & L EE A, yes” 3%

AR ORI 55 8% R RRAIE 4 - 3 J2 10 TR 2 AH L3
mAP@0. 1 ~0.5 $2F+ T 1. 8% ~3. 8% , KIHFFF 4
FREEEHA BT 45 WSR3, (AR
S RHIE & T S SR AR 7 A R R BB BRI Y
Rol ALK BLAR A 45 TAE T, o0 BRI R AR & 7 35 45
FIFEASTRI B BEA AR | 75 B2 40 AT T Al 1k S 56 2 1 25
Reo WTUEH THRMESCR 2 0 BT RRIE 4 IS A
Y AARAE 4 FIE 450 AR5 1 BB AR iR R Bt
B AEVE R ZEHEAT I F Rol M Ak it R4 FH T JEak
FRAEIE 2 B RE5 SR AE mAP@O. 1 ~ 0.5 FXT
T ANl FRFIE 4 7 55 25 4 1 I 2 A5 e 2 7, 3L
PEFHASHA &

FEIE 4 TS5 G5 R AE WA B B R 1 FH 1) T 28 AH

BLEEH

T HAES 1 BRI MZ  mAP@0. 1 ~0.5
SEEERTET 2% LA b, UL B RRE 4 IS 5 0 B AE
5 Rol MAKB B AR T T ml i S5 56t A
T L B T V9 9 3 P G 0 X 4% — M L 1 B — B B 1Y)
A2 FE T R4

4% ®

ARSCRE S T — AT B P BEA IS P47 D R0 1)
2% 3D-FPCN, W% 3 4>1 FI2H A, 15 7E 42 i R 45
XA IR A AT O i BERRRINRE /1, O 1S BL
XAERR,GIAT 3 ARG TS A T 3 4k
FAIE B RIS O 4 Foh 5 A BT A9 18
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T FIRS () Rl TE A R A8 T LR
JE R SUIR S ] T A% 38 TR ) 322 422 (7% 38 1 DU A
GO R AR B T8, T SEBL T i 4l
P S B 5 o el s B ARG 0 H 1Y,
FEAE NG E R R R R 2 PO RHE R HE
P I 28 WA 350 A T 2 G000 AS Tl 52 B o3
PERME XF R . TEIRE TR a5 S, i
AN T s T] e JBE 1 i B AR TR) R0 R R A ] A AN
A2 B G 1 X fl BOHE AT IR I B e . TR
Gy AN A B P90 28 v DU G AS [R] B[] B8 i 2 58
Bl R [l 2 A8 B o BE R R E K 64T Rol
b, P T o ANl A B oK

L MG TE THUMOS ™ 14 B4l 5 LSt ge, Jie
/8T 3D-FPCN WP, H 5 i — L& ffi ] RGB
WVE A ARk A, & IERREN T £
T2 W78 IR T REAIE 46 7 38 45 0 T T B B IR0
EIATHNPAT M PUIMESS A S0, 76 ORI
TR NZEAT R R Bk 45 SR, 3D-FPCN X 45 Z2 1)
V) 45 S AR AT oAy A BRGS0 R R AR T 2 i A T 9
B ERRE UL A TP b ) TS [543 39 S5 (R 4 AF
L, RE S WG RESE I (] 55 i A7 R B A HE B
W IRIRE , freda 32 T AR S A sE T A B R
(RRFE 4 I 25 A 78 I 2% vh R R B s ) GIE B T 5
X AAT RO A R xR H 24
R TR X 26 10 3 28 0o R R st A aod 2 2 4 4 T
HER R BOVE ], TR 9% & B0 22 G RRAE /] 32 22 & 15 A
FHTEMI 489 Rol AL B .

BRI BB A AT B 5 5, B R4S 7
AR P AT R IRAIE 55 RPN E, 3D-FPCN
BAREUS T X7 A 7 Bk I e o 2 r 42 7, (1
AR () G B R A, RO 37. 8% , JCHE
SRR AR, T — 4 RGB 5oL s
TEARZE A B 5 TR 8RR I 24 25 A 14 7 el - — 2
A BB HI FHALRTY 5005 B 00 W28 R ge ) — 2 im A XF
S AR R, [RIE AL RGB G AHAE HE 47 1
M LIRS — 254 T+ W 28 AR P A7 R R AT 55 E i
R
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