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Transitional Action Recognition BMVC2016

B AR 18R U CTITEN A

[Proposal] [Previous works )
Short-term action prediction Early action recognition
recognize “cross” attime t; recognize “cross” at time
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Walk straight Walk straight — Cross Cross
(Action) (Transitional action) (Action)

The cross action can be predicted
- at time t5 (our proposal)
- at time t9 (previous works)

H. Kataoka et al. “Recognition of Transitional Action for Short-Term Action Prediction using Discriminative Temporal CNN Feature” in BMVC, 2016.

https://www.youtube.com/watch?v=m1AmdlYGaBY &vl=en (Acceprance rate: 39%)
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H. Kataoka et al. “Human Action Recognition without Human” ECCV 2016 Workshop Oral (Best Paper) & MIRU 2017 Oral.
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Physics quantity
Input RGB Flow image Acceleration image
Stream Spatial-stream Temporal-stream Acceleration-stream

H. Kataoka et al. “Motion Representation with Acceleration Images” in ECCV 2016 Workshop, 2016.
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Semantic Change Detection
H. Kataoka et al. “Semantic Change Detection with Hypermaps” in arXiv 1604:7513, 2016.
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Y. Matsuzaki et al. “Could you guess an interesting movie from the posters?” in MVA, 2017.



Pedestrian Near-Miss Detection MVA2017

HITED T = IREZ IR
— BRIREE & T S RIRBEDFTE DB DOEB IR D
- TV ZRMBPTOREBREEED TRIHATAE

Bounding
f_l Box
L]
Score

CNNs Fully Connected Output Example

-..J\

https://www.youtube.c’n/watch?v=WnonhQIiDs
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Risk high Risk low

T. Suzuki et al. “Pedestrian Near-Miss Analysis on Vehicle-Mounted Driving Recorders” in MVA, 2017.
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Y. Matsuzaki et al. “Generated Motion Maps” in CVPRW, 2017.



Dynamic Fashion Cultures MIRU2017
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K. Abe et al. “Dynamic Fashion Cultures”, arXiv, 2017 & MIRU 2017 Oral. (Best Student Paper)



3D ResNets ICCVW2017

ResNetsD71—=JLIC3D ConvZz{EFE
— BEESERA (xyt) DResNetsziEat
— [AB3&#] Kinetics Dataset Pre-trained Model

https://github.com/kenshohara/3D-ResNets
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K. Hara et al. “Learning Spatio-Temporal Features with 3D Residual Networks for Action Recognition”, ICCVW, 2017.
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3D Convolution
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« 3DBH—F)LZFDResNetszKinetics Human DBTEHE
« 3D-Resnets-PyTorch: https://github.com/kenshohara/3D-ResNets-PyTorch
« 3D-ResNets-Torch: https://github.com/kenshohara/3D-ResNets
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Q: What shape is the object reflected in Q: What number of cylinders share the
the blue cylinder? same color?
A: cube A:2
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II. RELATED WORK
A. Traffic data and approaches to its representation

Several practical databases for pedestrian detection, such
as the French Institute for Research in Computer Science
and Automation (INRIA) Dataset [3], Caltech [4], and the
KITTI Vision Benchmark Suite for self-driving cars [2])
have been proposed in the past decade. The information
contained in the KITTI database, which has been used to
set meaningful vision problems for self-driving cars [2]
as well as problems related to stereo vision, optical flow,
visual odometry, semantic segmentation, two- and three-
dimensional (2D/3D) object detection, and 2D/3D tracking,
has proven especially useful.

In 2015, these problems were updated for stereo and
optical flow [5]. Thanks to the development of sophis-
ticated approaches, such as fully convolutional networks
(FCN) [6] and region-based convolutional neural networks
(R-CNN) [7], there has been improved performance of
solving these problems using the KITTI benchmark dataset.
In addition, a manner of geometry allows us to improve the
rate of object detection [8] and optical flow [9] not only in
stereo [10]. As for semantic segmentation, we can now obtain
knowledge about dense connections and use this information
with graphical models [11], [12].

Unfortunately, none of these datasets contain scenes of
near-miss incidents in which pedestrians, cyclists, or other
vehicles must be avoided. Thus, there is an urgent need
for a collection of incident scenes that can be used to train

:ilf::;‘,lll:g cars on how to safely navigate such dangerous Eﬁj (: E Related WOFk%% < : &g Lj
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