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Introduction

• Activity Recognition: Machine interpretation of human actions
– Focus on low-level action primitives and actions of generic types

– Examples: running, drinking, smoking, answering phone etc.

• Low Quality Video: Videos with poor quality settings
– Low resolution and frame rate, camera motion, blurring, compression etc.

Human Activity Recognition from Low Quality Videos

Video source: YouTube
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Motivations & applications

• Existing frameworks does not assumes video quality as a 
problem
– Designed for processing high quality videos

• Existing spatio-temporal representation methods are not 
robust to low quality videos
– Not suitable for action modeling from lower quality videos

• Large application domains

– Video search + indexing, surveillance applications,

– Sports video analysis, dance choreography,

– Human-computer interfaces, computer games etc.
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Objectives of this research

Objective 1. To develop a framework for activity recognition in 
low quality videos

• Harness multiple spatio-temporal information in low quality videos

• Label a given video sequence as belonging to a particular action or not

Objective 2. To develop spatio-temporal feature representation 
method for activity recognition in low quality video

• Detect and encode spatio-temporal information inherit in videos

• Robust to low quality videos (much more challenging!)
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Scope of Research

• Low quality videos
– low spatial resolution

– low sampling rate

– compression artifacts

– motion blur

• Type of human activities
– single person activities 
o Ex. clapping, waving, running etc.

– person-object interactions 
o Ex. hugging, playing basketball etc.
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Video source: KTH actions [Schuld et al. 04], UCF-YouTube [Liu et al. 09], HMDB51 [Kuehne et al. 2011] and YouTube
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Contributions of this research

• A framework for recognizing human activities in low quality
videos

• A joint feature utilization method that combines shape,
motion and textural features to improve the activity
recognition performance

• A spatio-temporal mid level feature bank (STEM) for activity
recognition in low quality videos

• Evaluations of recent shape, motion, and texture features
and encoding methods on various low quality datasets.
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Presentation Outline

• Literature Review

• Dataset

• Joint Feature Utilization Method

• Spatio-temporal Mid-level Feature Bank

• Summary and Conclusion
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Presentation Outline

• Literature Review
• Thorough review of various state-of-the-art spatio-

temporal feature representation methods 

• Dataset

• Joint Feature Utilization Method

• Spatio-temporal Mid-level Feature Bank

• Summary and Conclusion
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Literature Review

Spatio-temporal HAR methods

Space-time Volume Space-time Trajectories Space-time Features
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Space-time Volume (STV)

 Use 3D (XYT) volume to model action

 Robust to noise and illumination changes

 Struggle to model activities with complex scenes

• Not just simple periodic activities involving controlled environment

 Difficult to model activities if: resolution is low, multiple people interaction, over temporal downsampling

3D volume + template

• MHI,MEI - Bobick and Davis (2001)
• GEI – Han & Bhanu (2006)
• MACH filter - Rodriguez et al. (2008)
• MHI + appearance – Hu et al. (2009)
• bMHI+ MHI contour - Qian et al. (2010)
• AMI - Kim et al. (2010)
• DMHI - Murakami (2010)
• GFI – Lam et al. (2011)
• Action Bank - Sadanand & Corso (2012)
• SFA – Zhang and Tao (2012)
• LPC- Shao and Tao (2014)
• LBP+MHI – Ahsan et al. (2014)
• OF+MHI  - Tsai et al. (2015)
• EMF+GP – Shao et al. (2016)

Silhouette and skeleton

• HOR – Ikizler and Duygulu (2009)
• LPP – Fang et al. (2010)
• CSI – Ziaeefard & Ebrahimnezhad (2010)
• BB6-HM – Folgado et al. (2011) 
• MHSV+TC – Karali & ElHelw (2012)
• BPH – Modarres & Soryani (2013)
• Action pose - Wang et al. (2013)
• Key pose - Chaaraoui (2013)
• Rep. & overw. MHI - Gupta et al. (2013)
• MoCap pose - Barnachon et al. (2014)
• STDE – Cheng et al. (2014)
• SPCI - Zhang et al. (2014)
• Shape+orient. - Vishwakarma et al (2015)
• MHI+TS - Lin et al. (2016)

Others

• CCA – Kim and Cipola (2009)
• HFM – Cao et al. (2009)
• PCA+SAU – Liu et al. (2010)
• 3D LSK – Seo & Milanfar (2011)
• DSA – Li et al. (2011)
• Grassmann manifolds - Harandi et al. 

(2013)
• PGA – Fu et al. (2013)
• Tensor decomposition - Su et al. (2014)
• CTW - Zhou & Torre (2016)

Input video source: Weizmann dataset, MHI [Bobick & Davis. 
(2001)]
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Space-time Trajectories (STT)

 Robust to the viewpoint and scale changes

 Computationally expensive

 Tracking and feature matching is expensive

 Not suitable if spatial resolution is low or poor

 Trajectories are estimated using spatial points

Salient Trajectories

• Harris3D+KLT - Messing et al. (2009)
• KLT tracker - Matikainen et al. (2009)
• SIFT matching - Sun et al. (2009)
• SIFT+KLT - Sun et al. (2010)
• ROI point - Raptis and Soatto (2010)
• Speech modeling - Chen & Aggarwal (2011)
• Weighted trajectories – Yu et al. (2014)

Dense Trajectories

• Dense traj. (DT) - Wang et al. (2011)
• DT+reference points – Jiang et al. (2012)
• Tracklet cluster trees – Gaidon et al. (2012)
• DT+FV - Atmosukarto et al. (2012)
• Improved DT (iDT) - Wang et al. (2013)
• DT+DCS – Jain et al. (2013)
• DT+context+mbh – Peng et al. (2013)
• iDT+SFV – Peng et al. (2013)
• Salient traj. – Yi & Lin (2013)
• TDD – Wang et al. (2015)
• Ordered traj. - Murthy & Goecke (2015)
• iDT+ img. CNN - Murthy & Goecke (2015)
• Web image CNN+iDT – Ma et al. (2016)

Others

• Chaotic invariants - Ali et al. (2007)
• Discriminative Topics Modelling - Bregonzio et 

al. (2010)
• Mid-Level action parts - Raptis et al. (2012)
• Harris3D+Graph - Aoun et al. (2014)
• local motion+group sparsity – Cho et al (2014)
• Dense body part - Murthy et al. (2014)

Input video source: YouTube  IDT [Wang et al. 13]
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Space-time Features (STF)

 Suitable for modelling activities with complex scenes

 Robust to the scale changes

 Suitable for modeling multi-person interactions

 Struggles to handle viewpoint changes in the scenes

 Not suitable if image quality / structure is distorted

STIPs

• Harris3D+Jet – Laptev (2005)
• Harris3D+Gradient – Laptev et al. (2008)
• Dollar+Cuboid – Dollar et al. (2008)
• Hessian+ESURF – Weilliams et al. (2008)
• Harris3D+HOG3D – Klaiser et al. (2009)
• Dollar+Gradient – Liu et al. (2009)
• Harris3D+LBP - Shao and Mattivi (2009)
• Harris3D+Gradeint - Kuehne et al. (2011)
• Feature mining - Gilbert et al. (2011)
• Action Bank – Sadanand & Corso (2012)
• Shape context - Zhao et al. (2013)
• Color STIP - Everts et al. (2014)
• Encoding Evaluations - Peng et al (2014)
• Harris3D+CNN - Murthy et al. (2015)

Dense Sampling

• Dense sampling (DS) – Wang et al. 
(2009)

• DS+HOG3D+SC – Zhu et al. (2010)
• Mid-level+DS - Liu et al (2012)
• Salient DS - Vig et al. (2013)
• Dense Tracklets – Bilinski et al. (2013)
• Saliency+DS - Vig et al. (2013)
• Real time strategy - Shi et al. (2013)
• DS+MBH - Peng et al. (2013)
• Real time DS - Uijlings et al. (2014)
• DS+HOG3D+LAG - Chen et al. (2015)
• STAP - Nguyen et al. (2015)
• DS+GBH - Shi et al. (2015)
• DS+LPM – Shi et al. (2016)

Unsupervisedly Learned 

• CNN+LSTM – Baccouche et al. (2011)
• 3D CNN - Karpathy et al. (2014)
• Temporal Max Pooling - Ng et al. (2015)
• LRCN – Donahue et al. (2015)
• Two-stream CNN – Simonyan & Zisserman 

(2014)
• Multimodal CNN - Wu et al. (2015)
• Dynencoder – Yan et al. (2014)
• LSTM auto-encoder – Srivastava et al. 

(2015)
• Temporal coherence – Misra et al. (2016)
• Siamese Network – Wang et al. (2016)

Video source: KTH dataset [Schuld et al. 2004]

Input video STIP [Laptev. 2003]



Presentation Outline

• Literature Review

• Dataset
• Overview and methodology for low quality version 

production

• Joint Feature Utilization Method

• Spatio-temporal Mid-level Feature Bank

• Summary and Conclusion

13Saimunur Rahman M.Sc. Viva-voce



KTH Actions [Schüldt et al., 2004]

Dataset Description

• 6 action classes i.e. walking, running etc.

• Total 599 video samples

• Resolution: 160 ✕ 120 pixels

• FPS: 25, Avg. clip: 10-15 sec.

• Evaluation: author specified test-train 
set.

• Result: average accuracy over all class

Spatial and temporal downsampling

SD1 Original Res. TD1 Original F.R.

SD2 Half res. TD2 Half F.R.

SD3 One third res. TD3 One third F.R.

SD4 One fourth res. TD4 One fourth F.R.

Spatially Downsampled

SD1

SD2

SD3

SD4

Temporally Downsampled

TD1

TD2

TD3

TD4
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UCF-11 [Liu et al., 2009]

Dataset Description

• 11 action classes, 25 action groups

• Total 1600 videos

• Videos are affected by complex issues

• Resolution: 320 ✕ 240 pixels, 29.97 fps

• Evaluation: LOGOCV as per author

• Result: average accuracy over all class

Video Compression

• Re-encoded using x264 encoder

• Used CRF between 23 to 50 (referred as 
YouTube-LQ)

‒ The higher the CRF the better compression !!

• Used uniform CRF1 across all classes

Original Videos Compressed Videos
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HMDB51 [Kuehne et al., 2011]

Dataset Description

• 51 action classes

• Total 6766 videos

• Videos are affected by complex issues

• Quality metatag for video i.e. good, 
medium, bad

• Evaluation: test-training split by author

• Result: average accuracy over all class

Bad and Medium Quailty Videos

• Training with all videos in split

• Testing with only ‘bad’ and ‘medium’ 
quality videos i.e. HMDB-BQ and HMDB-
MQ

HMDB-BQ HMDB-MQ
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Outline

• Literature Review

• Dataset

• Joint Feature Utilization Method
• Overview, motivation, feature representation methods, 

experimental results, and conclusion

• Spatio-temporal Mid-level Feature Bank

• Summary and Conclusion
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Overview

• Objective: Joint feature utilization method for activity 
recognition in low quality videos

• Main idea: utilize shape, motion and textural features

– Combine shape, motion and textures together

– Alleviate individual shortcomings of each features for low quality videos

• What is proposed?

– A feature fusion method of shape, motion and textural features

– Textural features for improvement of state-of-the-art shape-motion 
features performance

– A descriptor based on BSIF features [Kannala and Rahtu’11] for activity 
recognition
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Motivation

• Shape-motion features does not perform well

– Shape-motion feature detection is difficult if image is poor

– Gradient changes (orientation+magnitute) are not significant enough

– Global representation of statistical regularities is suitable in this 
situations
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Input video Half resolution One third resolution
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Spatio-temporal Feature Representation

• Shape and motion features

‒ Space-time interest points (STIP) [Laptev et al. 08]

‒ Improved dense trajectories (iDT) [Wang et al. 13, Wang et al. 15]

• Textural Features

‒ Local Binary Pattern (LBP) [Ahonen et al. 06]

‒ Local Phase Quantization (LPQ) [Ojansivu & Heikkilä. 08]

‒ Binarized Statistical Image Features (BSIF) [Kannala and Rahtu. 11]

‒ LBP, LPQ, BSIF are lack of motion (only captures shape information)

• Three orthogonal plane (TOP) extension [Zhao et al. 08]
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Joint Feature Utilization Framework

• Encode shape and motion features using BoVW model

• Encode textural features and concatenate with shape and 
motion feature histograms
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Experimental results on KTH
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VQ Encoding 𝑺𝑫𝟐 𝑺𝑫𝟑 𝑺𝑫𝟒 𝑻𝑫𝟐 𝑻𝑫𝟑 𝑻𝑫𝟒

STIP (Baseline) 86.85 80.37 75.56 88.24 82.31 78.98

STIP + LBP-TOP 85.19 82.04 77.59 88.43 82.41 81.20

STIP + LPQ-TOP 87.41 80.19 76.30 87.41 81.85 79.81

STIP + BSIF-TOP 88.80 85.28 81.67 88.70 86.11 84.54

FV Encoding 𝑺𝑫𝟐 𝑺𝑫𝟑 𝑺𝑫𝟒 𝑻𝑫𝟐 𝑻𝑫𝟑 𝑻𝑫𝟒

STIP (Baseline) 89.44 82.41 79.07 88.89 85.74 85.09

STIP + LBP-TOP 89.63 82.69 78.52 90.00 85.65 83.52

STIP + LPQ-TOP 88.24 81.76 78.43 89.26 86.20 83.43

STIP + BSIF-TOP 89.26 83.15 80.19 89.91 87.78 82.96
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Experimental results on KTH (2)
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VQ Encoding 𝑺𝑫𝟐 𝑺𝑫𝟑 𝑺𝑫𝟒 𝑻𝑫𝟐 𝑻𝑫𝟑 𝑻𝑫𝟒

iDT (Baseline) 92.59 78.80 61.85 95.19 91.57 89.54

iDT + LBP-TOP 92.96 81.94 73.61 95.09 92.13 89.54

iDT + LPQ-TOP 92.96 78.61 79.91 95.09 91.67 88.89

iDT + BSIF-TOP 93.89 88.33 82.41 95.09 92.22 90.00

FV Encoding 𝑺𝑫𝟐 𝑺𝑫𝟑 𝑺𝑫𝟒 𝑻𝑫𝟐 𝑻𝑫𝟑 𝑻𝑫𝟒

iDT (Baseline) 94.07 79.91 64.17 94.63 92.50 89.17

iDT + LBP-TOP 94.26 80.00 69.91 94.63 92.59 89.91

iDT + LPQ-TOP 94.07 80.00 78.80 94.63 92.59 89.63

iDT + BSIF-TOP 92.87 87.78 81.02 94.44 92.59 90.28
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Experimental results on YouTube-LQ
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Methods VQ Encoding FV Encoding

STIP (Baseline) 67.57 70.27

STIP + LBP-TOP 70.69 70.99

STIP + LPQ-TOP 69.13 71.65

STIP + BSIF-TOP 76.05 75.04

Methods VQ Encoding FV Encoding

iDT (Baseline) 74.04 67.10

iDT + LBP-TOP 75.59 68.57

iDT + LPQ-TOP 76.02 70.59

iDT + BSIF-TOP 80.45 78.13

Average accuracy (%)

Average accuracy (%)
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Experimental results on HMDB51
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HMDB-BQ
VQ

Encoding
FV

Encoding

STIP (Baseline) 20.09 26.02

STIP + LBP-TOP 20.80 23.88

STIP + LPQ-TOP 23.89 25.02

STIP + BSIF-TOP 32.46 33.06

HMDB-BQ
VQ

Encoding
FV

Encoding

iDT (Baseline) 28.87 30.98

iDT + LBP-TOP 30.34 30.57

iDT + LPQ-TOP 30.96 30.76

iDT + BSIF-TOP 37.80 40.69

HMDB-MQ
VQ

Encoding
FV

Encoding

STIP (Baseline) 24.95 23.68

STIP + LBP-TOP 24.28 30.71

STIP + LPQ-TOP 28.36 30.75

STIP + BSIF-TOP 37.14 38.51

HMDB-MQ
VQ

Encoding
FV

Encoding

iDT (Baseline) 41.43 46.35

iDT + LBP-TOP 43.11 45.43

iDT + LPQ-TOP 42.97 45.96

iDT + BSIF-TOP 45.96 51.62

Average accuracy (%)
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Some Important Observations

• BSIF-TOP combinations (STIP+BSIF-TOP & iDT+BSIF-TOP) are 
superior then others

• Rank of texture performance: BSIF-TOP>LBP-TOP>LPQ-TOP

• iDT features and FV encoding performs better if quality of 
videos are good

• VQ encoding is better in case of spatially downsampled
videos.
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Conclusion

• A method for exploiting textural features into shape and 
motion features is proposed

• Use of textural features improves the recognition 
performance of shape-motion features by a good margin

– Proposed BSIF-TOP performs better than other textures

• Evaluation of various feature combinations on various low 
quality datasets.

• Future work: more robust texture, rich texture feature 
description
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Outline

• Literature Review

• Dataset

• Joint Feature Utilization Method

• Spatio-temporal Mid-level Feature Bank
• Overview, motivation, STEM overview, experimental 

results, and conclusion

• Summary and Conclusion
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Overview

• Objective: a feature bank for low quality videos.

• Main idea: a feature bank consist of mid-level encoded features

– Mid-level shape-motion features i.e. VQ vs. direct low-level features

– Quantization of irrelevant textures reduce discriminative capacity of 
features

– Intermediate pruning of textures (mid-level!!) removes irrelevant 
information

• What is new?

– A new salient binarized image feature scheme

o Used saliency map for removal of unnecessary features

– Combine salient textures with shape-motion features
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Motivation

• BSIF performs good with shape and motion features in low 
quality videos

• BSIF encodes many irrelevant and redundant information

• Reduction of irrelevant information increase the 
discriminative capacity
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Spatio-temporal Mid-level Feature Bank
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Spatio-temporal mid-level feature bank (STEM)



Shape-motion features

• Space-time interest point [Laptev 05]

– Feature points are detected using Harris3D

– A Cuboid is created around the feature point

– Cuboid is described using gradient feature histogram (HOG and HOF)

• Feature trajectories [Wang et al. 13]

– Trajectories are detected using Improved dense trajectories (original 
scale)

– A trajectory aligned volume is created

– Each volume is described using gradient feature histogram (MBH)
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Salient textures

• Calculate BSIF image on XY, XT and YT 
plane

• Calculate corresponding saliency maps 
from input video using GBVS [Harel et al. 06]

• Convert saliency map to binary

– Used Otsu method [Otsu. 75] for optimal 
threshold value

• Estimate salient BSIF features on XY, XT 
and YT plane

• Quantize BSIF features to form histogram
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Experimental Results on KTH

Saimunur Rahman M.Sc. Viva-voce 34

Methods 𝑺𝑫𝟐 𝑺𝑫𝟑 𝑺𝑫𝟒 𝑻𝑫𝟐 𝑻𝑫𝟑 𝑻𝑫𝟒

STIP (Baseline) 89.44 82.41 79.07 88.89 85.74 85.09

STIP+LBP-TOP 89.63 82.69 78.52 90.00 85.65 83.52

STEMSTIP (w/o saliency) 89.26 83.15 80.19 89.91 87.78 82.96

STEMSTIP 90.28 83.61 82.96 89.81 88.24 84.44

Methods 𝑺𝑫𝟐 𝑺𝑫𝟑 𝑺𝑫𝟒 𝑻𝑫𝟐 𝑻𝑫𝟑 𝑻𝑫𝟒

iDT (Baseline) 94.07 79.91 64.17 94.63 92.50 89.17

iDT + LBP-TOP 94.26 80.00 69.91 94.63 92.59 89.91

STEMIDT (w/o saliency) 92.87 87.78 81.02 94.44 92.59 90.28

STEMIDT 93.24 88.98 83.89 94.54 92.59 89.81

Average accuracy (%)
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Experimental Results on YouTube-LQ
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Methods
Average
Accuracy 

STIP (Baseline) 70.27

STIP+LBP-TOP 70.99

STEMSTIP (w/o saliency) 75.04

STEMSTIP 77.49

Methods
Average
Accuracy 

iDT (Baseline) 67.10

iDT+LBP-TOP 68.57

STEMIDT (w/o saliency) 78.13

STEMIDT 79.52

Number of GMM clusters = 256

Average accuracy (%)



Experimental Results on HMDB51 
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Methods HMDB-BQ HMDB-MQ

STIP (Baseline) 21.71 23.68

STIP+LBP-TOP 20.80 24.28

STEMSTIP (w/o saliency) 32.46 37.14

STEMSTIP 31.69 37.95

Methods HMDB-BQ HMDB-MQ

iDT (Baseline) 30.98 46.35

iDT+LBP-TOP 30.57 45.43

STEMIDT (w/o saliency) 40.69 51.62

STEMIDT 40.92 51.79
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Comparison with state-of-art
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Methods
𝑺𝑫𝟐 𝑺𝑫𝟑 𝑺𝑫𝟒 𝑻𝑫𝟐 𝑻𝑫𝟑 𝑻𝑫𝟒

YouTub
e-LQ

HMD
B-BQ

HMD
B-MQ

STIP 
[Wang et al. 09]

87.96 79.63 75.00 85.19 79.17 77.31 63.88 17.04 22.77

HOG+HOF
[Wang et al. 13] 89.44 82.41 79.07 88.89 85.74 85.09

70.27 21.71 23.68

iDT(MBH) 
[Wang et al. 13]

92.59 78.80 61.85 95.19 91.57 89.54 67.10 30.98 46.35

STIP+LBP-TOP
[See & Rahman 15]

89.81 81.48 78.70 89.35 86.11 84.72 70.99 20.80 24.28

STEMSTIP

(w/o saliency) 89.26 83.15 80.19 89.91 87.78 82.96
75.04 32.46 37.14

STEMIDT

(w/o saliency) 92.87 87.78 81.02 94.44 92.59 90.28
78.13 40.69 51.62

STEMSTIP 90.28 83.61 82.96 89.81 88.24 84.44 77.49 31.69 37.95

STEMIDT 93.24 88.98 83.89 94.54 92.59 89.81 79.52 40.92 51.79

Average accuracy (%)



Conclusion

• A spatio-temporal mid-level feature bank (STEM) was 
proposed

– Integrate advantage of local interest points and global salient patches

• Proposed method performed well in various low quality 
datasets

• STEM can be further improved by  multi-scale BSIF-TOP 
expansion

• Future work: robust saliency method, prune shape-motion 
features
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Additional Experiments (1)
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• Shape-motion Channel: Harris3D + HOG/HOF
• Object Channel: VGG-16 trained on ImageNet + FCs/SoftMax
• Classification: multi-class SVM + chi^2 homogeneous kernel

Deep Object Features for Improved Action Recognition



Additional Experiments (2)
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Method YouTube-LQ HMDB51-BQ HMDB51-MQ

HOG+HOF+LBP-TOP 70.99 23.88 30.71

HOG+HOF+LPQ-TOP 71.65 25.02 30.75

STEM (w/o saliency) 75.04 33.78 38.76

STEM 77.50 34.08 38.94

HOG+FC6+FC7 84.03 33.02 40.05

HOF+FC6+FC7 85.16 32.80 40.41

HOG+HOF+FC6+FC7 86.34 33.74 40.55

Method YouTube-LQ HMDB51-BQ HMDB51-MQ

Softmax 77.42 23.31 30.46

FC6 83.54 23.31 30.50

FC7 81.33 28.41 38.02

FC6+FC7 83.13 31.99 39.63

FC6+FC7+softmax 83.08 31.98 39.70

Shape, Motion and Object Features Vs. STEM and JFU

Individual and combination of Deep Object Features

Average accuracy (%)



Outline

• Literature Review

• Dataset

• Joint Feature Utilization Method

• Spatio-temporal Mid-level Feature Bank

• Summary and Conclusion
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Summary

• Several contributions to activity recognition (framework and 
feature representation) in low quality video settings have 
been presented

– A framework for feature extraction and representation 

– A joint feature utilization method that involves utilization of shape-
motion and textural features

– A spatio-temporal mid-level feature bank that discriminately extracts 
salient textural features

– Evaluation of state-of-the-art methods for low quality video
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Future Work

• Joint Feature Utilization
– Design features specific to poor quality

– Further exploration of BSIF like features

• Mid-level feature bank
– Saliency map robust to complex scenes 

o Deep learning for saliency map

– Pruning shape-motion features using saliency map

• Unsupervised feature representation
– CNN features recently showed good results for video classification
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Any Questions?
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Space-time interest points (STIP) 
[Laptev et al. 08]

• Interest point (IP) detection

• Harris3D detector

• Feature description

• A cuboid of around interest point is created

• Cuboid is divided into 𝑛𝑥 × 𝑛𝑦 × 𝑛𝑡 cells

• Each cell is described using HOG (4-bins) and HOF (5-bins)

• The size of descriptor: ∆𝑥 𝜎 = ∆𝑦 𝜎 = 18𝜎, ∆𝑡 𝜏 = 8𝜏

• 𝜎 is spatial scale and 𝜏 is temporal scale i.e. 𝜎 = 3, 𝜏 = 2
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Improved dense trajectories (iDT) [Wang 

et al. 13]

• Camera motion removal
• Homography estimation using RANSAC [Fischler & Bolles. 1981]

• SURF and Optical flow (OF) for similarity between two 
frames

• Re-compute the optical flow – warped flow

• Trajectory estimation
• Trajectories using dense trajectories [Wang et al. 11]

• Track points with original spatial scale (2-3% less than 
multi-scale)

• Trajectory aligned feature description
• A cuboid of N cells across the trajectory length L×L
• Cuboid is divided into nx×ny×nt cells.
• For each cell a 8-bin histogram for both MBHx and 

MBHy

• Size of descriptor: ∆𝑥 𝜎 = ∆𝑦 𝜎 = 32𝜎, ∆𝑡 𝜏 = 3𝜏
• 𝜎 is spatial scale and 𝜏 is temporal scale i.e. 𝜎 = 2, 𝜏 = 3
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Image reproduced from Wang et al. 2011

OF with motion OF without motion

Trajectory detectionInput video

Input video source: YouTube
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Local Binary Pattern 
[Ahonen et al. 06] 

• Describe each image pixel by relative grey levels of 
its neighbourhood pixels

𝑔𝑐 = graylevel of the centre pixel
𝑔𝑝 = N equally spaced neighbourhood pixel

• Produces 2𝑃 different binary pattern

• The final feature histogram is from LBP output 
values
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R
P

LBP imageInput image

• Use short term Fourier transform (STFT) in 
rectangular neighbourhood 𝑁𝑥

• Four complex coefficients are calculated

• 8 binary coefficient is formed form the sign 
of imaginary and real part 

• An image representing 8 binary values is 
formed

• The final feature histogram is from LPQ 
image

Local Phase Quantization
[Ojansivu & Heikkilä 08]

Input image LPQ image
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Binarized statistical image features (BSIF)
[Kannala & Rahtu 2012]

• Use linear filter 𝐹𝑖 learnt from natural images 
through independent component analysis (ICA)

• Binarized features 𝑏𝑖:

𝑏𝑖 =  
1; 𝑟𝑖 > 0
0; 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

• 𝑛-bit binary code is produced for each pixel and 
form an image

• The final feature histogram is from BSIF image
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9x9 8-bit learned filter

Input video

Output BSIF video using 
9x9 8-bit filter
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Spatio-temporal extension of textures

• Used three orthogonal plane (TOP) method [Zhao and Pietikainen, 2007]

• Encodes texture in XY, XT and YT planes (shape + space-time transition)

• Final feature vector is a concatenation of all planes: 

• Notation of textural features after TOP extension

• 𝐿𝐵𝑃 − 𝑇𝑂𝑃 𝑃𝑋𝑌𝑃𝑋𝑇𝑃𝑌𝑇𝑅𝑋𝑌𝑅𝑋𝑇𝑅𝑌𝑇 (𝑃 is neighbourhood pixels and 𝑅 is radius from centre in XY, XT and YT planes)

• 𝐿𝑃𝑄 − 𝑇𝑂𝑃𝑊𝑥𝑊𝑦𝑊𝑡 (𝑊 rectangular neighbourhood at each pixel position on XY, XT and YT planes )

• 𝐵𝑆𝐼𝐹 − 𝑇𝑂𝑃𝑙,𝑛 (rectangular filter 𝑙 and representation bit size 𝑛 at each pixel position on XY, XT and YT planes)

• Settings used for feature extraction

• 𝐿𝐵𝑃 − 𝑇𝑂𝑃8,8,8,2,2,2 [Mattivi and Shao 09], 𝐿𝑃𝑄 − 𝑇𝑂𝑃5,5,5 , 𝐵𝑆𝐼𝐹 − 𝑇𝑂𝑃9,12
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LBP (XY)Video in XY plane LBP (XT)Video in XT plane LBP (YT)Video in YT plane
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Does textures also help good quality 
videos? 
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Performance improvement of iDT (FV) + BSIF-TOP over iDT (FV)
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How feature sampling affects the performance?
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• More features more performance (only in case of STIP), not iDT!!

‒ Feature ambiguity in codebook

Saimunur Rahman M.Sc. Viva-voce



Computational Cost

STIP iDT LBP-TOP LPQ-TOP BSIF-TOP

Time per frame(in sec.) 0.156 0.203 1.230 0.041 0.051
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Performance of various features (detection+description)

• Comparison is performed on a sample video of 240x320 frame size and 
246 frames (30 fps)

• Run-time was performed on Intel Core i7 3.60 GHz processor with 24GB 
RAM
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Performance of Textures
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Performance of shape-motion 
features
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Performance of various shape-motion features
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Vector Quantization (VQ)
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Fisher Vector (VQ)
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•Bag of Visual Words is only about counting the number of local 
descriptors assigned to each Voronoi region

• Why not including other statistics? For instance:
• mean of local descriptors

• (co)variance of local descriptors

http://www.cs.utexas.edu/~grauman/courses/fall2009/papers/bag_of_visual_words.pdf
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• gradient wrt to  and 

• FV formulas:
• gradient wrt to w 

≈ 

 soft BOV

= soft-assignment of patch t to Gaussian i

 compared to BOV, include higher-order statistics

• Let us denote: D = feature dim, N = # Gaussians
• BOV = N-dim
• FV = 2DN-dim

The Fisher vector
Relationship with the BOV

Perronnin and Dance, “Fisher kernels on visual categories for image categorization”, CVPR’07.

0.5

0.4 0.05

0.05
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BSIF filter generation using ISA

• A training set of image patches randomly sampled from natural images

• Patches are first made zero-mean and keep only n first PCs

• PCs are further divided by their standard deviation to get whitened data samples

• Use principal components algorithm[Hyvarinen & Oja, 2000] to estimate ICA filters
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A. Hyvarinen and E. Oja. Independent component analysis: algorithms and applications. Neural Networks, 2000
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Spatio-temporal shape-motion 
feature encoding
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𝜎(𝑥) = 3, 𝜎(𝑦) = 3 and τ(𝑥) = 2

= 90 bins

= 72 bins
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Constant Rate Factor (CRF) – x264

• Constant Rate Factor (CRF) is the default quality setting for x264 encoder

• CRF value distribution: 

• Keeps up a constant quality by compressing every frame of the same type the 
same amount.

• maintaining a constant QP (quantization parameter) - how much information to “throw 
away” from a given block of pixels.

• X264 FFMEG does takes motion into account (compress different frames by 
different amounts)

• We used FFMPEG x264 video encoder
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