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Action Change Detection and Recognition

Motivation

= Most of existing action recognition framework only consider
recognizing one action from a video, such as two-stream CNN
(Karen Simonyan, et al. 2014) and 13D network (Du Tran, et al.
2018).

Spatial stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 fullé full? oftmax|
TXTx96 ||5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

Temporal stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 fullé full7 oftmax|
TXTx96 ||5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

Simonyan, Karen, and Andrew Zisserman. "Two-stream convolutional networks for action
recognition in videos." Advances in neural information processing systems. 2014.

= To process untrimmed video which contains consecutive
different actions, most of action recognition algorithms rely on
fixed size sliding windows.

s Problem: fixed size windows are not appropriate for actions with
different temporal length, which appears frequently in realistic
scenarios

Problem Formulation

= Consider the problem of automatically recognizing distinct
periodical actions from a raw (untrimmed) video of complex and
varied human motions.

= The automated process consists of three steps:

1. Extract visual features (such as skeleton joints) from the raw
video to represent actions.

2. Detect the temporal change points between different action
Instances of the video.

3. Assign the detected instances class labels based on existing action
recognition methods.

= Visual features: joint velocities extracted from human skeleton
data 1s a compact and informative description of human motion
and poses.

Image source: Learn OpenCV
Blog, Vikas Gupta.
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Estimated pose using OpenPose Visualized motion capture data
Zhe Cao, et al 2018

= Action assumption: the coordinate movements of joints between
different actions have distinguishable patterns.

o Assuming the feature set {F,} has K distinct segments, to model its
temporal pattern and reduce the dimensionality of the data, we
assume the velocity vectors at each segment are generated by
different Auto-regressive processes (ARs). Then, perform
clustering on the parameters of the ARs (Ding Jie, et al. 2017).

Action Change Detection

= Motion Representation:
« Human motion is described by 3D velocities of human joints:

Vi= (vt v v
Vt . RSNXI Vt . RNXI Vf . RNXl Vt . RNXI
N is number of joints. V, consists of velocity components in x direction
of all the joints

= Motion Modelling:

« Assume data has K distinct segments

« At segment k, for a single joint, its velocity in x direction is generated
by an Auto Regression(AR) model:

ot t 1T 4 (x)
UVpo = €y T [ET} k

« Use Least-square to fit AR parameters for observations in segment K:

Lk

Loss(u,f 7 oid) = 30 (uhy = [l

t=Lj_1+1
= Motion Clustering:
« Assuming m change points, randomly group estimated AR vectors
{¢. :k=1,...,K} into m+1 clusters. Find best range set {L,:1=1...,m+1} by
minimizing within-cluster variance:

= Results: Minimize ¢,, = ;El Loss(¢p,_y+1,...,®L1,)

Jumping jack Side twist Arm circling

Action Sequence:
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Detected Change Points:
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Change Point Score Plot of Sequence:
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Motivation

* Overall scene perception NOT EQUAL collections of independent
Individuals
* Interactions characterize multi-person joint behaviors

 Holistic scene interpretation via structured groups
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(Dataset: Ibrahim, et. al. 2016)

 Interaction oriented scene perception in sports

(Dataset: Solera, et. al. 2015)

= Qverall scene:

Intra-team interaction Inter-team coordination
spike - block set - spike

= Individual attributes: action, position
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Inference

Problem Formulation

= Let be an undirected graph G =(V, A),
V ={1,2,...N} node set, representing dynamical agents,
A={(1, J) |1, ] €V }:arc set, representing interaction structure

= Markov Random Field Modeling

X:{Xij |(i’ J)E A},
X ={X; 6{0,1}|(i, j)e A}

» MRF-Gibbs equivalence theorem:

P(x|Z,w) = ﬁ exp{—E(Z, x,w)}

M: partition function, Z:observations, w:parameter vector

= MAP inference:

X" = argmax{P(x|Z,w)} = argmin{E(Z,x, W)}

d Energy function construction

i Interaction potential
E(Z,x,w)= > @¢(Z,Z;,%;,W)

(i, j)eA

;

= Z Cﬁ(zi’Zj’W )'Xij
I,])eA ] .. ]

VDAt discriminative features

:{ Z (Pa(zwzj’wg)"' Z (Dp(zi’Zj’WTp)}'Xij
V(i,j)eAL V(i feA 4

action correlation feature

— Linear in terms of Xij

proximity feature

Observation: Z. = (a.,p;,m.) , @& € L:action label,
p; € R* : 2D position, m; €{0,1} : team membership

Action Recognition

= Temporal templates-based action recognition:

_ T ifD(x,v,t)=1
~ |max(0,H (x,[y,t —1)—1) otherwise

duration of movements

Aaron Bobick, et al 2001.

Ez’
= Recognition results comparison:
Ground Truth Bobick’s Method Our Algorithm
Segmentation
Test Move Recognized Move | Recognized Move | Recognized Move
Swipe Swipe Boxing Swipe
Wave Boxing Clap Boxing
Bowling Bowling Boxing Bowling
Boxing Boxing Push Boxing
Swing Swing Boxing Swipe

Interaction features

= Action correlation feature

¢a(ziizj1WZ) :Zzwa,hl -1(a, :I)'l(aj = h)_’ Jij
leL heLLl L _{[1 O]T m :mj

Wa i :[V\é,hl W;,m] [0 1" m = m,

Strong correlation: Weak correlation:

)
W,
i
—

spike - block stand - dig

= Proximity feature
(Dp(zi’zj’WL)ZWp Hpi _pJH

Parameters: w=[w, w ], to be learned from training video

Inference and learning

= |nference

MAP < Energy function minimization < Integer Linear Program

X" =arg mxin{ Z (gp(zi,zj,WT)).xij}
v(i,j)eA
sbjto: x; €{0,1}, °
Xij = Xii
Z x.>1 = structure constraints
ij —

YieN

> x; <d

VieN —

= |_earning: Structural SVM method
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