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Comparison of Multi-feature Fusion Methods
in the High-level Feature Extraction Task of the TRECVID

ZHIYUAN TANGt and KEILJI YANATIt

The TRECVID is an international workshop for research and development promotion about
video search technology. It provides common test data and four kinds of tasks, and partici-
pants compete on their results regarding the given tasks. In this paper, we propose a multi-
feature fusion framework which combines the SVM classifiers from a number of features by
fusion algorithms such as boosting, AP weighted fusion. We utilized the framework in the
TRECVID2008 high-level feature extraction task to recognize twenty concepts including Air-
plane, Boat Ship and Classroom. We also implemented the Multiple Kernel Learning SVM in
stead of the normal SVM to perform the fusion and recognition together. In the experiments,
we compared all the implemented methods. The best results among all the results achieved
0.0801 as the inferred average precision (infAP), which corresponds to the 12th place of all
39 participants of the TRECVID2008 high-level feature extraction task.
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(2) AFBFHH ch bloble, chgrid, face, BK D.D  BANGN 7T L®/ A XL EDRRET, HIEIE
DS HICCEhah oz, THFAMMICBELT, b0k
(3) 10#EERM ch_bloble, ch_grid, face, motion, BT —2D¥7 AT FA M TF—2MM 0T o

text, Bok_D_D, Bok_D_r, Bok.g_g, Bokr_D,
Bok.rr D&

(4) 2FEEORHMOWmS
Z1T5. SVM DFEEIZ SVMY9M18) |z k5 THIRL,

ek, ZNEFNDTFRA M TF—RIIEHEIRTE SV
HENOFBICEERRENZL DT, BEREERTSC
LiFELWEEZ NS,

# 3 &b, AdaBoost DY VT ILN—T g VLIS D
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MEAEIIRHOEHEDENE L EICHERNBLES
Tegh ot ATBEOREREDS B, RbER
MBEMN > 7Did AP weighted fusion &> T\ 3.

K6 £ 71ZNZFN Flower £ Boat_Ship i L
T, MEEEENRE ED > 7z AP weighted fusion I
X HRBRERZRT.

7 Boat_Ship

# 6 DEATIE 20 FBEEOMRICH LT, AdaBoost
DWEAR, AdaBoost DAY JF)N—T 3, AP
weighted fusion, MKL SVM IZ K3 EREB LT
TRECVID2008 DBMNF— LOFER infAP DXH4E,
BEEZRLTNS. —BTOTEEFIDFEERL
TW5. REROREFERIZ, AP weighted fusion D
FERD infAP=0.0801 &7 D, THiIER 39 F—
LDSBE 121, HAD8§F—LD5H, E2iik
YT 2HRTHS.

& 6 FEROLLE

concept\fusion | smpAda | orgAda| APw | MKL | median [ max
01.Classroom 0.0038 [ 0.0015 | 0.0218 [0.0239| 0.008 |0.152
02.Bridge 0.0055 | 0.0123 [ 0.0249|0.0175| 0.004 |0.117
03.E_Vehicle 0.0017 | 0.0001 | 0.0062|0.0015| 0.003 |0.065
04.Dog 0.0188 | 0.0145 [0.1503 |0.1192 | 0.067 |0.271
05.Kitchen 0.0053 | 0.0161 [ 0.05230.0389| 0.010 |0.165
06.Airplanefly | 0.0301 | 0.0161 | 0.0255[0.0181| 0.029 |0.278
07.Two people | 0.0385 | 0.0201 | 0.0495 [ 0.0007 | 0.050 |[0.174
08.Bus 0.0005 | 0.0007 [0.0034]0.0032{ 0.004 |0.119
09.Driver 0.0232 | 0.0268 | 0.0731|0.0682| 0.046 [0.324
10.Cityscape 0.0544 | 0.0803 [0.1292]0.1138 | 0.059 |0.258
11.Harbor 0.0085 | 0.0080 |0.0110[0.0155| 0.007 |0.182
12.Telephone 0.0022 | 0.0023 | 0.0360|0.0168 | 0.011 |0.136
13.Street 0.0760 | 0.0808 [0.1746 | 0.0001 [ 0.112 |0.413
14.Demonstr 0.0126 | 0.0206 | 0.0502|0.0746 | 0.013 |0.233
15.Hand 0.0665 | 0.0779 [0.2035|0.0012 [ 0.092 |0.377
16.Mountain 0.0354 | 0.0401 [0.0751]0.1154 | 0.042 |0.246
17.Nighttime 0.1004 [ 0.1358 | 0.1511]0.1571| 0.105 |0.323
18.Boat-Ship 0.1125 | 0.1017 | 0.1655|0.1330 | 0.093 |0.394
19.Flower 0.0887 [ 0.0912 }0.11160.1154 | 0.058 |0.161
20.Singing 0.0052 | 0.0168 | 0.08730.0211 | 0.013 |0.258
mean 0.0345 [ 0.0382 | 0.0801 | 0.0528 | 0.043 |0.233

5.6 MEMREDLEE

EE T, simpleAdaBoost, originalAdaBoost,
AP weighted fusion ® 3 DD 7))LV X LK MKL
SVM 2R LT, HRORMORERREIT- /2.
%7, AdaBoost 7LV ALICELT, originalAd-
aBoost Tl&, BEIYV V) v Fic k> TR %S
T THEHABIEE TN, V—THEIEREN S
SRR DA T B I IS BRI BRI ERE TR,
KWEYNTES. —4, simpleAdaBoost Tit, &
M —ERILMOFEERAVTEET 3. T0DHK,
I 5—RHEROEE T — 2 DEH ULIELLEVD
T, V—7EICAUHHRRIEINBRIRI NS C LHNES
D, HDEOVMRBIEZTE AV, HEORETIZ,
ERT—2OEHD72<, AdaBoost ifEAT S SVM
DEERREN BV DT, WL LERIC 1 DOMYEE
FIRL, AdaBoost DIV—Th 5T B Y] BIEERDH -
7= (BIAZIE, & 4 D AdaBoost AV VFNN—T g
DFER). AP weight fusion T%, EREIC, T—ZD
e SVM MEEDEEHT, FH¥EL TRk AP X
REGENEL, BEARZIZIFH—ICEH DY TEN T
LEor.

4 DDHEDERERITIEK 4, X5 BELTHET
2B, MADRICBWT, 2BEDOT—AT 17D
FERTIE, ch_globle Fild2RBHREI N TV, B
ELTEZSNSDIE, simpleAdaBoost & origi-
nalAdaBoost ICBW\T, F—HDEHERDBEIC,
TI—EH® SVM OHIMEICIZBIRE D EET B0
T, MECERICIIHEESXTLES CLTHS. &
H# D AdaBoost TiF, K4 Dz (3) &X 5 DR (3) I
BNT, e FESTEINET—ZOHEXTOT, B
WIS TV3. AT, REEED, e % [0,1]
DEHICREL TN, LAHL, SVM HAE hy(z:)
BEBICE>TVBDT, EDKIIC hj(x:) # [0,1]
DORFMNICEHRT 2B L TIIBBRE DEEL T
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%. —F, 4LE5IBVT, AP weighted fusion
KHELT, SERICHL, ZhZhofHiz 0.2 £ 0.3
ORDEREHEFHE->TWAB. ¥, MKL SVM O
WERTIE, RBLRHELEMEL DT, BRIZBLBRVL Y
FRRLURED, EBRICK, X4DERZRSZL, Two
people DX 5 AERICIE, face FMDEMRT 0 Lz
TWBDT, BEHOBRIIRELIEVZEV. 4DD
HEICE, EORERBEEREBIRTE 5 Lkt
IRHEIETERVD, BRHMSRSB L, AP weighted
fusion D infAP IREKEVDT, AERTIEIEL
BMTHBT L h ot

6. ¥ & &

AHE TR LEERFHERA T SR ETL— L
T— 0 2L, TRECVID2008 D& Rt &
AVICHEA L, ZLT, HEREZHVT, JTL—
LT—=JIfER LTz A BEOWMEFERLBR L.
D, AP weighted fusion D#ERIZ infAP=0.0801
ETEMoTz. BRI, TRECVID2008 OB
D3I9F—LD5H, FI2MOERLEYT R
BB ELNTE.

REBROFERED, TFA MNFERB ST LD
X2 5 IERS IE BSR4 #IZ, TRECVID OF—&ICiX
HEENRL BNV T Do, ST IEE -GS
HMORDIC, FILEBSEEZPLTERL, #4753
TLicky, KoBNERRPB/ZCLIZ—DDHE
ThHb. Fiz, EBRTIZ, MKL SVM ZEHE LM,
HATERNMESNE D 57, MKL SVM OHRER
INA—ROREER LT, MREMLZRBCLIZE > —
DOFETH 5.
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