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SETTING THE SCENE 

Two Areas: 
¢ CCTV Surveillance Video  

¢ Night Time Economy 
¢ Difficult in practice – Tough Conditions 
¢ Machine Learning/ Mining labelled video to recognise complex 

activities 
 

¢ Sports Video Analysis 
¢ Machine Learning to the rescue 
¢ Mining labelled video to recognise complex activities 
¢ Rugby Union Video Analysis 
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A GOOD/BAD NIGHT OUT IN 
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A VERY BAD NIGHT OUT IN CARDIFF L 



A GOOD/BAD NIGHT OUT IN CARDIFF? 
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CCTV: Too many cameras useless, warns
surveillance watchdog Tony Porter

Too many CCTV cameras are useless, the government's surveillance camera
commissioner has warned.

Tony Porter also told BBC Radio 5 live the public did not have a true understanding
of the current nature of surveillance.

Local authorities with many CCTV cameras needed to inform the community about
the exact number and how effective they were, he said.
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He also expressed concern about drones and police officers wearing cameras.

The UK has one of the largest totals CCTV cameras in the world. The British
Security Industry Association (BSIA) estimates there are between 4-5.9 million
cameras.

'Public debate'

Mr Porter, the surveillance camera commissioner for England and Wales, said
organisations and local authorities were meant to carry out annual reviews of their
CCTV capacity but many failed to do so.

He said when a West Midlands local authority held a review, it reduced the number
of ineffective cameras and saved £250,000 in the process.

"You can still maintain the balance of excellent surveillance but not have a
propagation of surveillance that is actually useless," he said.

"Surveillance can be an extremely good thing and run well, it's a useful tool for
society.

"But to quote a former information commissioner, 'we should not sleepwalk into a
surveillance society'."

He told the BBC News website that he regarded cameras as "useless" if they were
redundant, having served the purpose they were intended for, such as public
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The CCTV service in the Dyfed-Powys Police
region will be reviewed

Lampeter council abandons CCTV
surveillance project

Ceredigion will have no CCTV
provision to tackle crime this year
after Lampeter council abandoned a
plan to continue the service in the
town.

The council had hoped to secure a
partnership to fund the six-camera
service with a local university.

But councillors have been told the project
will not go ahead.

Meanwhile Dyfed-Powys' Police and Crime Commissioner has launched a review
of CCTV in the region.

Christopher Salmon has said the police would be prepared to help fund cameras
surveillance systems in Ceredigion, Powys, Carmarthenshire and Pembrokeshire if
the findings are favourable.

Earlier this year Ceredigion council decided to stop funding the system in the
county to save £150,000.

Resurrected

It was part of its aim to plug a budget deficit of £9.6m during the next financial year.
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The local authority then asked the five community councils with cameras if they
were willing foot the CCTV bill from 1 April.

Aberystwyth, Cardigan, Aberaeron and New Quay councils decided not to pay for
CCTV coverage.

But Lampeter councillors started discussions on future CCTV provision with
University of Wales Trinity St David, which has a campus in Lampeter.

The town council has now abandoned any hope of running the service after those
talks came to nothing.

Mayor, Dorothy Williams, said: "The university has decided not to work with us on
this project so we have decided not to manage the CCTV cameras in Lampeter
because we can't afford it."

But CCTV coverage in the county could be resurrected in the future after Dyfed-
Powys Police and Crime Commissioner, Christopher Salmon's decision to review
the service.

He said: "Although the police do not fund CCTV right now, I am committed to
providing a solution."
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The cost of the review would be split between
the councils and the force

Review of CCTV service in Dyfed-Powys
in the offing

Three councils have been asked to
help fund a review of CCTV provision
to tackle crime in the Dyfed-Powys
area.

The area's police and crime
commissioner has written to Ceredigion,
Carmarthenshire and Pembrokeshire
councils outlining the proposal.

The move follows Ceredigion council's
decision to pull the plug on 23 cameras in
the county to save £150,000.

The three councils have been asked to comment.

Dyfed-Powys Police and Crime Commissioner Christopher Salmon said the police
and the local authorities would benefit from a "more consistent" provision of CCTV
to tackle crime.

He added that the cost of the review would be split between the councils and the
force.

"This does not, of course, presume such a split of any actual future provision," he
said.

Different technology

Top Stories
Ex-Lib Dem leader Kennedy dies
at 55
Former Liberal Democrat Party leader
Charles Kennedy has died at his home in
Scotland aged 55, his family says.

Eight held in child sex dawn raids

Hundreds missing as China ship
sinks

Features

Our father
Why is God mostly referred to as a male?

News Sport Weather iPlayer TV Radio More

02/06/2015 10:10Review of CCTV service in Dyfed-Powys in the offing - BBC News

Page 2 of 5http://www.bbc.co.uk/news/uk-wales-mid-wales-26619468

The review aims to look at:

The current level of provision

Existing evidence of the effectiveness of CCTV and its deployment

The potential for improved or different technology to reduce crime and anti-
social behaviour

Opportunities for more flexible (including mobile) monitoring arrangements

Short-term options for greater consistency and flexibility in current systems

Powys council has not been asked to help fund the scoping exercise because it
does not pay for CCTV provision.

Pembrokeshire council's funds its own service, with contributions from the police.

Carmarthenshire funds CCTV with contributions from the former Community Safety
Fund.

Officers made 414 arrests with the help of evidence from CCTV footage in the
county between April and December 2013 - a 61% increase for the same period the
previous year.

Carmarthenshire council's assistant chief executive Chris Burns said: "We are all
under financial pressure and welcome the opportunity to collaborate with the police
and crime commissioner and neighbouring local authorities.

"We are looking forward to taking part in this review as technology has moved on
and it's timely to look at it."

Ceredigion council had employed one supervisor and two operators to monitor the
23 town centre surveillance cameras in the county.

Decision

But last month the local authority decided to stop funding the service in a move to
save £150,000 as part of its aim to save £9.6m during the next financial year.

The police will stop manning the cameras in April
unless the five town councils which use the service
agree to fund the system.
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PROBLEM: DETECTING VIOLENT INCIDENTS IN SURVEILLANCE VIDEO 



VIDEO SURVEILLANCE 

¢ Video surveillance is a remote observation method 

¢ Passive 

¢ Recorded footage is archived for later use 

¢ Active  

¢ Real-time observation used to identify illegal or disorderly 
behaviour 

¢ Can be used to direct ground units to a scene of interest 



VIDEO SURVEILLANCE 

¢ The number of installed cameras is between 1.85 and 4.20 
million in Britain alone 

¢ Each person falls into view of a camera an estimated 70 
times a day 

¢ The amount of data captured daily cannot feasibly be 
analysed manually 

¢ Gill et al (2005) found that the installation of CCTV systems 
results in a reduced crime rate 

¢ Violence increased after CCTV was installed[1][2][3]  

¢ We can see more, therefore identify more! 

 
[1] M. Gill, A. Spriggs, Assessing the impact of CCTV: 2005 Home Office Research Study 292. London: Home Office. 

[2] C Florence, J Shepherd, I Brennan, T Simon, Effectiveness of anonymised information sharing and use in health service, police, and local government 
partnership for preventing violence related injury: experimental study and time series analysis  

[3] V. Sivarajasingam, J.P. Shepherd, K. Matthews; Effect of urban closed circuit television on assault injury and violence prevention. 2003 



IMPORTANCE OF SURVEILLANCE 

¢ 52 violence related emergency department visits per 
week in Cardiff in 2006[2]  

¢ Research showed that emergency treatment due to 
street violence decreased when CCTV was adopted[3] [2]  

¢ The sooner violence is identified, the less serious the 
potential damage will be. [3][2]  

¢ Failing to identify violence can be lethal! 



WHY AUTOMATE? 

¢ Too much data 

¢ It is not feasible to manually evaluate all recorded data 

¢ Humans are flawed 

¢ Require Sleep 

¢ Lose Focus 

¢ Blink 

¢ Incompetence  





•  A CCTV operator reported a man ‘acting suspiciously’ in a side 
road. 

•  Unaware he had been mistaken as the suspect, the 
probationary Sussex police officer began to chase the elusive 
figure. 

•  As the CCTV operator, oblivious to his mistake, tracked the 
suspect’s position, the plain clothes officer seemed to find 
himself in the same street. 

•  But despite being told he was ‘on the heels’ of his prey by the 
operator, the energetic officer was always one step behind the 
shadowy suspect. 

•  About 20min into the pursuit, a sergeant came into the control 
room and realised the suspect and the officer were the same 
person. 



WHY AUTOMATE? 

¢  Research has shown that when presented with multiple video feeds 
human effectiveness drops dramatically[4] 

[4] G. Voorthuijsen, H. Hoof, M. Klima, K. Roubik, M. Bernas, P. Pata, CCTV Effectiveness Study, Security 
Technology, 2005. CCST '05. 39th Annual 2005 International Carnahan Conference on, 2005 
 



WHY AUTOMATE? 

¢  Norris and Armstrong observed multiple surveillance operating rooms 

¢  Operators would invite friends into the work environment 

¢  Internal conflicts between active operators on what to report to 
authorities 

¢  The job is too strenuous when undertaken in 8 and 12 hours shifts  

¢  Operators applied knowledge derived from personal experience to 
focus the observation process 

¢  This behaviour is encouraged, but often led to racial discrimination 

[5] C. Norris, G. Armstrong; The Maximum Surveillance Society: The Rise of CCTV (1999) 
 



WHY AUTOMATE? 

¢ Computers can process data faster than humans  

¢ Computers do not lose focus 

¢ Computers do not discriminate  



COMPUTATIONAL CHALLENGES 

¢ Footage is poor quality 

¢ Low frame rates  

¢ Low resolution 

¢ Environments are constantly changing 

¢ Illumination 

¢ Weather 

¢ Urban environments contain dense crowds 



COMPUTATIONAL CHALLENGES 



DETECTION METHODS 

¢ Violent Flows: Motion texture descriptor that uses optical flow 
fields. 

¢ Motion Binary Pattern: Motion texture descriptor that estimates 
motion intensity using local changes in pixel intensity. 

¢ LBP+TOF: Local Binary Pattern Pattern, Dynamic Textures. 

¢ STIP+HOG+HOF: An interest point detector with HOG and 
HOF descriptors. 

¢ OUR METHOD: Grey Level Co-Occurrence Texture 
Measures with  EDGE CARDINALITY AND PIXEL INTENSITY DIFFERENCE 
(GEP) 

¢ State-of-the-Art methods failed at detecting violence in real-world data 

¢ A different approach was needed! 

 

 



VIOLENT FLOWS 

¢ Measures change in Optical Flow Magnitudes 
between Frames 

 

¢ A Mean Magnitude Map: 

m
x,y,t

=
q
u2
x,y,t

+ v2
x,y,t

b
x,y,t

=

⇢
1 if |m

x,y,t

�m
x,y,t�1| > ✓

0 otherwise

b̄
x,y,t

=
1

T

X

t

b
x,y,t

 Hassner et al., . Violent flows: Real-time detection of violent crowd behavior. CVPR Workshop, 2012 

Violent Flows: Real-Time Detection of Violent Crowd Behavior⇤
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Abstract

Although surveillance video cameras are now widely
used, their effectiveness is questionable. Here, we focus on
the challenging task of monitoring crowded events for out-
breaks of violence. Such scenes require a human surveyor to
monitor multiple video screens, presenting crowds of people
in a constantly changing sea of activity, and to identify signs
of breaking violence early enough to alert help. With this in
mind, we propose the following contributions: (1) We de-
scribe a novel approach to real-time detection of breaking
violence in crowded scenes. Our method considers statis-
tics of how flow-vector magnitudes change over time. These
statistics, collected for short frame sequences, are repre-
sented using the VIolent Flows (ViF) descriptor. ViF de-
scriptors are then classified as either violent or non-violent
using linear SVM. (2) We present a unique data set of real-
world surveillance videos, along with standard benchmarks
designed to test both violent/non-violent classification, as
well as real-time detection accuracy. Finally, (3) we pro-
vide empirical tests, comparing our method to state-of-the-
art techniques, and demonstrating its effectiveness.

1. Introduction
There is no question that video surveillance equipment

can be easily and cheaply deployed to monitor practically
any environment. The value of doing so, however, is indeed
questioned [2]. Surveillance systems are often ineffective
due to insufficient numbers of trained supervisors watching
the footage and the natural limits of human attention ca-
pabilities [14]. This is understandable, when considering
the huge numbers of cameras that require supervision, the
monotonic nature of the footage, and the alertness required
to pick up on events and provide an immediate response. In
fact, even the seemingly simpler task of searching recorded
videos, off-line, for events that are known to have happened,
requires the aid of Computer Vision systems for video re-
trieval (e.g., [26]) and summarization [27].

Here, we focus on the task of detecting outbreaks of
crowd violence, as it happens, from surveillance video cam-
eras. Such videos typically do not have audio tracks, and,

⇤Data available from: www.openu.ac.il/home/hassner/data/violentflows/

Figure 1. Examples of violent (bottom-left) and non-violent (top-
right) crowd behavior in “real-world” videos.

of course, subtitles and other contextual sources of infor-
mation are non-existent. The footage is often far below mo-
tion picture quality, and so color cues are not reliable and
neither are the details required for fine-scale action recog-
nition. Some action recognition techniques are designed to
analyze a single dominant action in the video. Here, how-
ever, videos present crowds, and we do not know a-priori
who will participate in the violence. Finally, crowd scenes
are especially challenging as they present constant, often
monotonous, spatially unconstrained, human motion. This
may not only reduce the effectiveness of a human observing
the videos over long periods of time, but it can also flood a
Computer Vision system with large quantities of motion in-
formation, making methods relying on interest points too
time consuming. Figure 1 illustrates the type of scenar-
ios we consider here by providing some examples from our
database of both violent and non-violent crowd behavior.

In order to design a system capable of operating in
real-time, we forgo high-level shape and motion analysis
(e.g., [1]) and intensive processing [15], instead follow-
ing the example of methods for dynamic texture recogni-
tion, such as [13], in collecting statistics of densely sam-
pled, low-level features. For the purpose of violence de-
tection in crowded scenes we show that accuracy can be
achieved, without compromising processing speed, by con-
sidering how flow-vector magnitudes change through time.
We collect this information, over short frame sequences, in
a representation which we call the VIolent Flows (ViF) de-
scriptor (Sec. 3.1). ViF descriptors are then efficiently la-

978-1-4673-1612-5/12/$31.00 ©2012 IEEE 1



MODIFIED MOTION BINARY PATTERN 
¢ Assumption: motion can be detected from the change in 

pixel intensities.  

¢ MBP requires three frames to describe motion.  

¢ Bag Of Words from sequence of Frames 

 

 Baumann et al. Motion binary patterns for action Recognition. 
3rd International Conference on Pattern Recognition Applications and Methods , 2014. 



LBP+TOF: LOCAL BINARY PATTERN PATTERNS, DYNAMIC 
TEXTURES 

G. Zhao and M. Pietainen. Dynamic texture recognition using local binary patterns with an 
application to facial expressions PAMI, 29(6), 2007 



SPACE TIME INTEREST POINT (STIP) WITH HOG + HOF 

Top	  Left:	  Image,	  	  

Top	  Right:	  STIP	  points	  (“3D”	  
Harris)	  

	  Bottom	  Left:	  Extracted	  Volume	  
around	  interest	  point	  

HOG	  +	  HOF	  Features	  from	  Volume.	  

Laptev and Lindeberg. Space-time interest points. ICCV 2003. 



GREY LEVEL CO-OCCURRENCE TEXTURE MEASURES WITH 
EDGE CARDINALITY AND PIXEL INTENSITY DIFFERENCE (GEP) 
 

¢ Feature Vector: 

¢ GLCM Texture Energy 

¢ GLCM Texture Contrast 

¢ EDGE CARDINALITY – CANNEY EDGE DETECTOR: NUMBER OF 
EDGES. 

¢ PIXEL INTENSITY DIFFERENCE – NORMALISED PIXEL DIFFERENCE 
IN ADJACENT FRAMES 



TEXTURE 

¢ Marana et al (1998) treated crowd density estimation as 
a measure of texture statistics 

¢ Texture is well suited for describing the random 
nature of patterns that appear from self-occluding 
crowds 

[6] A.N. Marana, S.A.Velastin, L.F. Costa, R.A. Lotufo; Automatic Estimation of Crowd Density Using Texture; 1998 



GREY LEVEL CO-OCCURRENCE MATRIX (GLCM) 

¢  The proposed method treats a video as a series of texture measurements 

¢  Texture is computed using a Grey Level Co-occurrence Matrix (GLCM) from which meaningful 
statistics are derived 

¢  Images have pixels that have a range of values typically from [0 - 255] 

¢  A GLCM is a frequency matrix of the number of times a pair of pixels are depicted in an image 



GEP FEATURES 

¢  From the GLCM four measures are calculated that describe the visual texture 

¢  Energy, Correlation, Contrast and Homogeneity 

¢  We have these four values for every frame in a video 

¢  We calculate the mean and standard deviation of each of these four measures 
across a series of frames, this describes how each visual feature changes 

¢  We want to do this over various frame ranges of different length so to capture 
small and large changes in motion 



SPATIAL BINNING 

¢  In video, different areas of the frame will depict different actions; so we split the 
frame spatially 

¢  Then we apply the steps mentioned previously to each sub-video 



GEP: TEXTURE + OPTICAL FLOW (OF) 

If robust optical flow fields can be computed 

¢ Compute GEP GLCM Features on OF instead of  
grey level intensities  

¢ Dense optical flow fields via Lucas-Kanade [19 ] 
approach.  

¢ Add to GLCM Texture Features 



DEMONSTRATION 



DEMONSTRATION 



OTHER DATA SETS 

Violent Flows Data 

§  UMN :  11 separate video samples Normal v. Panic 
§  Web Crowd Abnormality :   20 videos depicting either normal or abnormal 
crowd behaviour – Panic, Clash or Fight 



DRAWBACKS 

¢ Camera movement causes issues 

¢ Operator invoked movement  

¢ Automated movement routine  

¢ The adopted method is not view independent 

¢ Initial research shows promise but the dataset provided was 
limited 

¢ Small number of violent scenes 



RESULTS ON CARDIFF DATA 

Method	  	   TP	  	   TN	  	   Accuracy	  

GEP	  (Adap*ve	  
Difference)	  	   71.58	   97.82	   84.7	  

GEP	  (GMM)	  	   60.38	   97.34	   79.1	  

GEP(Subtrac*on)	  	   83.94	   97.89	   90.88	  

GEP-‐OF	  (T+OF)	   70	   97.34	   83.67	  

LBP-‐TOP	  	   58.13	   99.68*	   78.91	  

STIP	  HOG+HOF	  	   46.51	   96.42	  	   1.47	  

Violent	  Flows	  	   56.29	   86.12	   71.2	  

MBP	  	   56.49	   89.27	   72.88	  

*LBP-TOP is NOT real-time 



COMPARATIVE RESULTS: ROC CURVES 
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Figure 4: ROC curves for each dataset; Cardiff, Violent Flows, UMN, Web Abnormality.

for their computational efficiency and therefore suitability for real-time systems.
We tested state-of-the-art methods as listed in Table 1 and to ensure consistency we per-

formed all tests using the same test bed as the VCT method. Where possible we obtained
code from the author’s website. The methods listed in Table 1 were chosen as they per-
form well according to their respective literature. It is important to note that that both STIP
(HOG+HOF) and LBP-TOP fail to provide real-time computation using the test system by a
factor of a few hours.

6 Results and Discussion
Referring to Table 1 and Figure 4 that present the ROC performance values, it can be seen
that VCT accurately identifies violence in real-world data. Table 2 displays the accuracy
of each method at classifying scenes of violence (true positive) and scenes of non-violence
(true negative). All methods show excellent ability at correctly identifying scenes of non-
violence, however, only VCT attains a satisfactory classification score when detecting scenes
of violence. The real-world data is characterized by a low temporal sample rate, objects in
frame show a greater spatial displacement as they move across adjacent frames compared
to footage recorded at the typical 25 or 30 frames per second. This low frame rate effects
methods that rely on the description of local changes; Lucas-Kanade optical flow (used in
T+OF and Violent Flows) assumes that a pixel in the next frame exists within a local neigh-
bourhood of a pixel in the prior frame, the large displacements caused by low frame rates
reduces the probability that a pixel will exist within the neighbourhood region resulting in
incorrect flow generation. The VCT descriptor is less affected by this as it does not explicitly
describe local regions across the temporal dimension.

Table 1 shows that the model based background subtraction approaches GMM and Adap-

Method (Background Removal) Real World Violent Flows UMN Web
Proposed (Adaptive Difference) 0.9712 0.8367 0.9472 0.8002
Proposed (GMM) 0.9501 0.8362 0.9719 0.7503
Proposed (Subtraction) 0.9838 0.8963 0.9445 0.7982
T+OF 0.9502 0.8611 0.9845 0.5837
LBP-TOP 0.8998 0.9386 0.9724 0.6882
STIP HOG+HOF 0.6136 0.6723 0.8614 0.6061
Violent Flows 0.7443 0.8367 0.8212 0.5929
MBP 0.8430 0.6523 0.6518 0.6555

Table 1: Area under Receiver Operator Characteristics Curve for each dataset

Cardiff Violent Flows 



COMPARATIVE RESULTS: ROC CURVES 
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Figure 4: ROC curves for each dataset; Cardiff, Violent Flows, UMN, Web Abnormality.

for their computational efficiency and therefore suitability for real-time systems.
We tested state-of-the-art methods as listed in Table 1 and to ensure consistency we per-

formed all tests using the same test bed as the VCT method. Where possible we obtained
code from the author’s website. The methods listed in Table 1 were chosen as they per-
form well according to their respective literature. It is important to note that that both STIP
(HOG+HOF) and LBP-TOP fail to provide real-time computation using the test system by a
factor of a few hours.

6 Results and Discussion
Referring to Table 1 and Figure 4 that present the ROC performance values, it can be seen
that VCT accurately identifies violence in real-world data. Table 2 displays the accuracy
of each method at classifying scenes of violence (true positive) and scenes of non-violence
(true negative). All methods show excellent ability at correctly identifying scenes of non-
violence, however, only VCT attains a satisfactory classification score when detecting scenes
of violence. The real-world data is characterized by a low temporal sample rate, objects in
frame show a greater spatial displacement as they move across adjacent frames compared
to footage recorded at the typical 25 or 30 frames per second. This low frame rate effects
methods that rely on the description of local changes; Lucas-Kanade optical flow (used in
T+OF and Violent Flows) assumes that a pixel in the next frame exists within a local neigh-
bourhood of a pixel in the prior frame, the large displacements caused by low frame rates
reduces the probability that a pixel will exist within the neighbourhood region resulting in
incorrect flow generation. The VCT descriptor is less affected by this as it does not explicitly
describe local regions across the temporal dimension.

Table 1 shows that the model based background subtraction approaches GMM and Adap-

Method (Background Removal) Real World Violent Flows UMN Web
Proposed (Adaptive Difference) 0.9712 0.8367 0.9472 0.8002
Proposed (GMM) 0.9501 0.8362 0.9719 0.7503
Proposed (Subtraction) 0.9838 0.8963 0.9445 0.7982
T+OF 0.9502 0.8611 0.9845 0.5837
LBP-TOP 0.8998 0.9386 0.9724 0.6882
STIP HOG+HOF 0.6136 0.6723 0.8614 0.6061
Violent Flows 0.7443 0.8367 0.8212 0.5929
MBP 0.8430 0.6523 0.6518 0.6555

Table 1: Area under Receiver Operator Characteristics Curve for each dataset

UMN Web Abnormality 



COMPARATIVE RESULTS: AREA UNDER RECEIVER OPERATOR 
CHARACTERISTICS CURVE FOR EACH DATASET 

Method	   Real	  
World	  	   Violent	  Flows	  	   UMN	  	   Web	  

GEP	  (Adap*ve	  
Difference)	  	   0.9712	   0.8367	   0.9472	   0.8002	  

GEP	  (GMM)	  	   0.9501	   0.8362	   0.9719	   0.7503	  

GEP(Subtrac*on)	  	   0.9838	   0.8963	   0.9445	   0.7982	  

GEP-‐OF	  	   0.9502	   0.8611	   0.9845	   0.5837	  
LBP-‐TOP	  	   0.8998	   0.9386*	   0.9724	   0.6882	  

STIP	  HOG+HOF	  	   0.6136	   0.6723	   0.8614	   0.6061	  

Violent	  Flows	  	   0.7443	   0.8367	   0.8212	   0.5929	  

MBP	  	   0.843	   0.6523	   0.6518	   0.6555	  



CONCLUSION 

¢ Video surveillance provides a means of effectively identifying 
scenes of misconduct and criminal behaviour 

¢ Observation allows human operators to manually manage 
law enforcement assets  

¢ The human observer is not able to witness every scene 
recorded, an automated method is suggested to aid this 
process 

¢ A method based on visual texture analysis that is capable of 
classifying between scenes of violence and non-violence in 
real world environments. 

 



FUTURE WORK 

¢ Aim to develop a more comprehensive model of 
crowd dynamics in order to analyse correlations 
between crowd behaviour and various events 

¢ Provide useful information that can be used for 
effective police asset deployment 

¢ Example: Based on predicted crowd behaviour, 
map out the most efficient route for an officer to 
take in order to reach a place of interest 

¢  GPS data on Police Assets 



SPORTS VIDEO ANALYSIS 

 

¢ Sportsviz project  – WRU data 

¢ Massive resource of labelled video data 

¢ Machine Learn and mine data 

¢ Automatic Video Labelling 

¢ Event detection/modelling/analysis 



Labelled	  Data	  
Welsh	  Rugby	  Union	  record	  all	  	  
matches	  
•  	   Richly	  Labelled	  	  

–  	   Game	  and	  Player	  Stats	  
–  	   Live	  and	  offline	  

MANUAL	  ANNOTATION!	  



 
AUTOMATED RUGBY VIDEO ANALYSIS 
DEMO: INPUT VIDEO 

Can we recognise: Scrum, Lineout, Ruck, Maul or Neither? 



MACHINE LEARNING: TRAINING DATA 

200 Frames from Wales v Scotland each 

¢   Scrums, Lineouts, Rucks, Mauls 

¢   “None”: random sample of non-scrum/lineout/ruck/maul frames 

¢  WRU Annotated Video 

¢  Extract out XML Tags to retrieve Frames 

¢  Train a Video Classifier 

   



MACHINE LEARNING: TRAINING DATA: SCRUMS 

 

 



MACHINE LEARNING: TRAINING DATA: LINEOUTS 
 

 

 



MACHINE LEARNING: TRAINING DATA: “NONE” 
 

 

 



TRAINING PREPROCESSING:  
PITCH AND CROWD REMOVAL 

¢  Remove Grass Pitch 



MACHINE LEARNING: EXTRACT IMAGE FEATURES 

¢ Bag of Words/Image Features (SIFT) 

 

¢ Classifier: Learns correlation between Features and their 
locations and given class labels 



CLASSIFICATION: WALES V FRANCE LINEOUTS  
COMPLETELY UNSEEN 100%! 



CLASSIFICATION: WALES V ENGLAND: SCRUMS 
COMPLETELY UNSEEN 



CLASSIFICATION: WALES V ENGLAND LINEOUTSS 
COMPLETELY UNSEEN 



TEMPORAL MODELLING OF RUGBY EVENTS 

¢ Taking the existing training data, a scrum sequence 
was further classified.  

¢ Cluster the SIFT Features. 

¢ Trajectory through Cluster Space 



TEMPORAL MODELLING OF RUGBY EVENTS 
¢  Identify a scrum and eventually other events in rugby using a 

temporal model? 

¢  (Hierarchical) Hidden Markov Modelling (HMM)? 

¢  Variable Length Markov Model (VLMM)? 

¢  Issues:  Variable Length and Variable Outcomes 



 
ACTIVITY RECOGNITION: MORE ADVANCED TEMPORAL 
MODELLING OF VIDEO 

I. Kaloskampis, Y. A. Hicks, and D. Marshall, “Automatic analysis of composite activities in video 
sequences using Key Action Discovery and hierarchical graphical models,” ICCV’11  Workshop 



RUGBY VIDEO SUMMARY 

¢  Promising Start 

¢  State of the Art Machine Learning does work! 

What’s Next 

¢  All views 

¢  More training/testing 

¢  Input ore games 

¢ More classes/labels – tags from XML 

¢  Position on Pitch detection and distance between plays 

¢  Player detection/recognition/classification 

¢ Use audio/text labelling, if available? 

¢  Full Temporal model of a game of Rugby 



OVERALL SUMMARY 

¢  Video Analysis still an active research problem 
¢  Challenging Scenarios need new approaches 
¢  Modern Machine Learning Approach Works 
¢  Advanced Temporal Analysis Under      

 Investigation 
 

ANY QUESTIONS? 


