MAKING THIRD PERSON TECHNIQUES RECOGNIZE
FIRST-PERSON ACTIONS IN EGOCENTRIC VIDEOS ““-)

Sagar Verma, Pravin Nagar, Divam Gupta, and Chetan Arora

sagar.verma@Qcentralesupelec.fr, pravinn@iiitd.ac.in, divaml14038@iiitd.ac.in, chetan@iitd.ac.1in

PROBLEM STATEMENT PROPOSED ARCHITECTURE
DNN trained on third-person actions do not adapt

to egocentric actions due to a large difference in :
. g o . g . . Resize (3OOX300) / LSTMl SoftMaxl o~ I B e — T T S ' Ty | ™
size of visible objects. Another complexity is mul- s a a 2 s
tiple action categories. This work unifies the fea- = 5= -
: : : : . - — 5 5 N un— - - — =
ture learning for multiple action categories using a -r-’ ; : Z 3 | - - P
generic two-stream architecture. & o £ = — — Activity: Cheese — .
| Random Crop 224x224) ResNet50 ' LSTM_~ SoftMax, < = B - . .-
.Cg ’é -__. -- - --_- . -_- - .
RGB RGB Stream LQT: = s put —
Flow T Central Crop (MxN) / LSTM, SoftMax, £ S § _ _ _Activity: Hotdog _ |
o —— I’ 5 @ fém/\ = . - ..n.' - ——
' ] ] e e | ' . . o i B B . MY 11 " |
Take Walking - ‘ T E-rﬁl—» _ ; = EJ —e Y e el .|
: : ; *5’ _ fbg ot
Actions with hand-object interaction(take) and with- I one/Short t G F ResNet50 LS’I?\/I Sof M@ S take? take —— oo i
out(walking) in two different view streams. ONS/SNOTL TETm aclions OW w SolitMax,, ¥ open G — - -
Activity: Pealate
Flow Stream . — —— —_ — — .
CONTRIBUTIONS —, AV T — -
1. Deep neural network trained on third person RESULTS AND DISCUSSION scocp oo ———
videos do not adapt to egocentric action due — e e
to large difference in size of the visible objects. Dataset Subjects Frames Classes Accuracy ActivitTPeanut -
Current Ours :
ACCHI’&C;Y comparisorn .
GTEA [1] 4 31,253 11 68.50(5) 82.71 of our method with To(;i) and bdo:::toinh of each subﬁgurte. s]rllows predicted
and ground truth sequence respectively.
EGTEA+ [1] 32 1,055,937 19 NA 66 SoTA and statistics of . 4 pEEHTENY
Kitchen [6] 7 48,117 29 66235 71.92 eg()centri(; video
ADL [2 5 03,293 21 37.58[5]  44.13  datasets REFERENCES
UTE 7 2 208,230 21 60175 6512 [1] Ali.reza, Eathi, Xiaofeng Re].a,. and t]ames M Rehg, “Learning to recognize
HUJI [8] NA 1’338’606 14 86[8] 9392 objects in egocentric activities,” in CVPR, 2011.
[2] Hamed Pirsiavash and Deva Ramanan, “Detecting activities of daily

living in first-person camera views,” in CVPR, 2012.

After cropping and resizing the objects be-

. . . o 0 0000000007070 00000 [3] Kris Makoto Kitani, Takahiro Okabe, Yoichi Sato, and Akihiro Sug-
coIlle Comparable to the ObJeCtS in third person Driving- e imoto, “Fast unsupervised ego-action learning for first-person sports
d B OO0 OOEOCO00000000e videos,” in CVPR, 2011, pp. 3241-3248.
videos. Biking1 0 O 0O0O0OOOOOOO0OO0OODOOODODO
. 8 8 3 = 8 8 8 8 g 8 g g g g 8 8 8 8 8 8 8 [4] Swuriya Singh, Chetan Arora, and C. V. Jawahar, “Trajectory aligned
. . . Riding Bus features for first person action recognition,” Pattern Recognition, vol. 62,
2. We propose curriculum learning by merging 01202 100 0000000000000000 pp. 45-55, 2016
Runningi0 0 0 0 0 O OgEEJO0 0 0 0 0O OOOCOOOOOOOO
101 0 OO0 OOEEjJO OO0O0O20O0O0O0O0O0O0O0ODO0ODO0ODO0
Slmlla’r bUt OppOSlte a’CthnS Wh]‘le tra’lnlng Skiing10o 0 0 0 0 00 0 OF1 0000000000000 [6] Swuriya Singh, Chetan Arora, and C V, Jawahar, “First person action
CNN T g_ 00000000 O0OFIOO0O0O000O0000O00O0O0O recognition using deep learned descriptors,” in CVPR, 2016, pp. 2620—
* O
© Sailing70 0 0 1 0 0 0 0 1 0 OO0 0 0 0 0O 0 0 0 OO OO 2628.
g 10 0O O OO0OOO1O0UO0O0OEEsEOOOOOOOOOO0ODO 0 [ ] .
. . . 6| Ekaterina H riggs, Fernando De La Torre, and Martial Hebert, “Tem-
— bg1i0 0 0 0O 0O 0O OOOOOO OO OEMO OO OO0OO0OO0OO0OO020 priggs, ) ’
3' Proposed fra’mework 1S generlc tO a’ll Ca’tegorles = g_ 00000O0O0O0OOOOOTO OO 0161 1 2 0 0 0 9 poral segmentation and activity classification from first-person sensing,”
of egocentric actions. fold{0 0 0 0 0 0 0 0 000000 317153401 0191 0 in CVPRW, 2009, pp. 17-24.
. ° . 10 0O O OOOOOOOOOO0OOQO0OT®GO0 1 10 3
TOI? and. bottom rows s.how the visualization of normal and W 5 000000 R0 0T 2 G oy 7] Yong Jae Lee, Joydeep Ghosh, and Kristen Grauman, “Discovering im-
resized inputs respectively for ‘close’, ‘open’, and ‘take’ 000000000O0O00O0OO41 1110 1 portant people and objects for egocentric video summarization.,” in
RELATED WORK actions column-wise sc00p{0 0 000000000000 40 06 CVPR 2012, pp. 1340 1353
* 40 0 0 0O OOOOOOOOO0OO202110 9301 1
spreadi0 0 0 0 0 0 0 0 0 0 0 0O OOO20O0O100FKAOO [8] Yair Poleg, Ariel Ephrat, Shmuel Peleg, and Chetan Arora, “Compact
Earlier WOl“kS on ﬁrSt—pel“SOIl aCtiOIl recognition use 10 00O0OOOOOOOOOOTI40181 08 30 m& cnn for indexing egocentric videos,” in WACV. IEEE, 2016, pp. 1-9.
- ) . . . . ) ) take{0 0 0 00 00 000O0O0O0OO103000000O0
: : Applicability in real life setting where different action cate- T T T T Lo T T T
hands and objects as important cues.[1, 2| On the PP y ) = © ©OF O OFOF S S S
. . . gories are present: > N2 o (60 L L0 C §) DS
: : . : N @0 W \Y|
other end INaly works Only use motion information To validate the applicability of our method, we use mixed samples ? @«(’ P CKNOWLEDGEMENT
. .« ] ) &
for ﬁrSt—perSOIl aCtlon recognltlon' [37 4] Sta'te Of the from GTEA [1] and HUJI [8] dataset. From the COIlfU.SlOIl matrix Predicted label This work has been supported by Infosys Center for Artificial Intelligence,
. . 43 : Visvesaraya Young Faculty Research Fellowship, and Visvesaraya Ph.D. Fel-
a’rt (SOTA) teChnlqueS fOCU‘S On]'y OIl O1NC SpeCIﬁC Ca’t_ 1t 1s e\.flde.nt that the proposed network (.1068 not seem to have Ly lowship from Government of India. We thank Inria and CVN Lab at Cen-
confusion in the different ca8tegory of actions. tralesupelec to support travel for Sagar Verma.

egory of action classes.



