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Introduction

We propose to train deep networks directly on compressed
Spatial Temporal video representation, which is able to achieve competitive
( )
RGB / MotionVector OpticalFlow recoanition performance.

-- The reasons to choice motion vectors instead of optical flow:

a) The calculation of OF is too expensive to realize real-time application;

b) MV can be directly extracted from the compressed video;

c) Although motion vector contains some noise, it still represents motion
information similar to optical flow

Dataset Spatial- TV-L1 High Performance
Resolution Flow(GPU)(FPS) MV(CPU)(FPS)
(RTX 1080 Ti)

UCF101 320%240 28.2 676.7
HMDB51 320%240 28.2 676.7
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ICPR

Introduction -- related work

Real-Time Action Recognition With Deeply Transferred Motion Vector CNNS --- Transactions on Image Processing2018

Zhang p_ropc;se—four training strategiéé which leverage the
knowledge learned from OF CNN to enhance the accuracy of
MV CNN.

b) It has risks of missing key information in video;
c) It still requires optical flow as an additional supervision.
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Method -- overview

Compressed Motion Key Information
Video Information Sequences
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In this paper, we propose a novel approach for compressed video
action recognition using motion vector representation.

Our model consists of three parts:

a) Key Information Sequence Selection;
b) Improved Motion vector;
c) Feature Fusion;
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Method -- Key Information Sequence Selection (KIS)

We exploit motion vector as an objective criteria to
detect key information sequences in video. The core
part of the key information selection algorithm is
locating active parts of motion vector curve.

T
threshold MVframe = 2 MVyiock (1) (1)
t=1
L . M Vf rame(i)
MV, = max(MYV, ) (2)
Eev information Key information frame

F_-.EC]_'LIE‘IICE‘ 5 EquEi‘lCE - h,{v curve

— MV _residual MVresidual = |MVl — MVi+1| (3)
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Motion vectors are mainly composed of two factors: the object
motion and camera motion. Moving objects usually attract
more visual attention than background.
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o 1
. Rg: (i',j )”le/]/ <W Z Dllj

64 * 64 0
32 * 32 1 hist( U ACME))
max his g
16 * 16 2 oo
L,JERgR
8*8 3




ICPR

25" INTERNATIONAL CONFERENCE ON PATTERN RECOGNITION

Workshop on Computational Aspects of Deep Learning
Milan,ltaly 10 | 15 January 2021

1.0

- 0.8

- 0.6

0.4

0.2

0.0

We show the confusion matrix for our algorithm on UCF101.
It can be shown that algorithm performs well in most videos
for Human action category like Billiards and CleanAndJerk.
However, algorithm performs worse in class HeadMassage
and Hammering. For HeadMassage, algorithm always
misclassies into Hammering.

Hammering HeadMassage

RGB Motion Vectors
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Results

Releted Algorithm Accuracy FPS
MDI + RGB 76.9% <131
C3D(1 net)(GPU) 82.3% 313.9
DTMV + RGB-CNN 86.4% 390
Two-stream CNNs(GPU) 88.0% 143 RESULTS ON UCF101
Two-stream 13D (RGB + Flow) 93.4% <14
TSN (RGB + Optical Flow) (GPU) 94.0% 14
TSN (RGB + RGBDIff) (GPU) 91.0% 340
Ours 92.1% 461.5
Releted Algorithm Accuracy FPS
MDI + RGBI[59] 42.8% <131
C3D(1 net)(GPU)[60] 50.3% 313.9
DTMV + RGB-CNN[62] 55.3% 390
Two-stream CNNs(GPU)[25] 46.4% 143 RESULTS ON HMDB-51
Two-stream 13D (RGB + Flow)[61] 66.4% <14
TSN (RGB + Optical Flow) (GPU) [27] 69.4% 14
TSN (RGB + RGBDIff) (GPU) [27] 65.7% 340
Ours 60.3% 461.5
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