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Introduction Actionness estimation with H-FCN Experimental results
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» Action Is dgflned as intentional bodily movement of biological agents (e.g Figure 2: Pipeline of our approach. L-CORF[1] 72.5% 608% | 69.1%
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» Actionness describes the confidence score of containing an action instance at this | ® Input RankSVM | 55.8% 21.9% :
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» We formulate actionness estimation as a dense estimation problem by using fully » ClarifaiNet is adapted for H-FCN design by replacing FC layers and Conv layers. Table 1: Evaluation of actionness estimation.
convolutional network (FCN). « H-FCN training
» We propose a hybrid convolutional architecture (H-FCN), including appearance ~ Bounding boxes act as weak supervision signal for actionness estimation.
FCN (A-FCN) and motion appearance (M-FCN). » Pretraining A-FCN with ImageNet models (for object recognition).

» Pretraining M-FCN with UCF101 models (for action recognition).
» Training code is available at https://github.com/yjxiong/caffe.qgit [5].

« H-FCN testing

» In realistic videos, action instances may vary in scales and we propose a
multi-scale testing scheme.

» We construct pyramid representations of RGB frames and stacking optical flow
fields (four scales: 1/v2,1,v2,2).

» These actionness maps from different scales are first up-sampled to the size of - Flgure 5 Examples Of actlonness maps and actlon proposals -
original image and then averaged. 1 pssesec=- .., - = -
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» Additionally, actionness map is new Kind of visual feature and we incorporate it into
RCNN framework for action detection.

An example

2 4 6

RGB FlOW X FIOW y : : : #éacitor11‘0pr0|o1c‘fsals1‘4 o #gaciton proposals loU ovelap threshold IoU067\/eIap threoé?]old o
! l n [ql (a )Recall at IoU > O 5 (b) Recall at IoU > O 7 (c )10 actlon proposals d)5 actlon proposals
(a) Frame image (b)Actionness map (c) Integral image (d) Score distribution(e) Action proposals /+ \
A FCN Resurt M FCN ReSUIt H FCN RGSUlt f é 4‘1 é é 10 12 14 16 18 20 ; ; g ; 1;0" 1YZ 121 1‘6v 1é 20 5 0‘.6 0.7 08 09 1' 5 06 07 ; 09 1

Figure 3: Procedure of generating action proposals.

« Action proposal
» We first resize actionness maps into size of 32 x 32.
» We then use integral image representation to speed up the calculation of average
actionness score in any boxes.
» We sample boxes according to their scores and spatial overlaps.
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Figure 1: An exam le of actlonness maps.
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Figure 6: Evaluation of action proposals.
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spatia-CNN[4] 55.8 255 251240 775 19 53 214686 71.0 154 6.3 4.6 41.1 28.0 94 8.2 19.9 17.8 29.2 11.5|27.0
motion-CNN [4]| 32.3 5.0 356 30.1 58.0 7.8 26 16.455.0 72.3 85 6.1 3.9 47.8 7.3 249 26.3 36.3 45 221 7.6 |24.3
full [4] 65.2 18.3 38.1 39.0 794 7.3 94 25280.2 828 33.6 11.6 5.6 66.8 27.0 321 34.2 33.6 15.5 34.0 21.9|36.2
our s-net 56.5 34.7 40.1 431 769 2.7 177 15671.2 515 179 124 129 65.4 53.3 53 164 22.6 27.6 13.2 15.3 32.5
our t-net 42.9 19.0 49.6 289 71.8 14.0 20.4 36.6 60.1 66.0 18.0 17.3 8.3 73.5 26.0 11.6 44.1 53.7 17.6 22.4 11.5/34.0
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» Following R-CNN, we train an action classifier with two-stream CNNs by cropping
positive examples and mining negative examples.

» At test time, we directly use the output of two-stream CNNSs as the detection score

for each action proposal.

full [4] 79.1 33.4 53.9 60.3 99.3 184 26.2 42.092.8 98.1 29.6 246 13.7 92.9 423 67.2 57.6 66.5 27.9 58.9 35.8 53.3
our s-net 66.2 45.7 54.6 422 839 42 335 31.775.0 76.6 24.8 185 28.3 82.3 70.8 18.2 32.6 31.7 31.7 23.9 18.8 42.6
our t-net 64.2 38.1 80.1 39.0 91.8 34.7 574 746745 776 31.3 409 18.5 89.4 59.0 32.3 69.3 82.9 25.8 46.1 22.2 54.8
our full net 76.4  49.7 80.3 43.0 925 24.2 57.7 70.5 /8.7 77.2 31.7 35.7 27.0 88.8 76.9 29.8 68.6 72.8 31.5 44.4 26.2 56.4

Table 2: Evaluation of action detection on JHMDB dataset.

Limin Wang, Yu Qiao, Xiaoou Tang, and Luc Van Gool IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2016



