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Abstract

In this work, we present a unified bottom-up and top-downmatiic model selection based approach
for modelling complex activities of multiple objects in tiered scenes. An activity of multiple objects
is represented based on discrete scene events and theridaehare modelled by reasoning about the
temporal and causal correlations among different eventss i§ significantly different from the ma-
jority of the existing techniques that are centred on objemtking followed by trajectory matching.
In our approach, object-independent events are detectkdlassified by unsupervised clustering us-
ing Expectation-Maximisation (EM) and classified usingomuiatic model selection based on Schwarz’s
Bayesian Information Criterion (BIC). Dynamic ProbatitdNetworks (DPNs) are formulated for mod-
elling the temporal and causal correlations among disenegats for robust and holistic scene-level be-
haviour interpretation. In particular, we developed a Dyitally Multi-Linked Hidden Markov Model
(DML-HMM) based on the discovery of salient dynamic inteks among multiple temporal processes
corresponding to multiple event classes. A DML-HMM is buiting BIC based factorisation result-
ing in its topology being intrinsically determined by thedemlying causality and temporal order among
events. Extensive experiments are conducted on modelétigjtees captured in different indoor and
outdoor scenes. Our experimental results demonstrat¢hiaterformance of a DML-HMM on mod-
elling group activities in a noisy and cluttered scene isesigp compared to those of other comparable
dynamic probabilistic networks including a Multi-Obsetiea Hidden Markov Model (MOHMM), a
Parallel Hidden Markov Model (PaHMM) and a Coupled Hidderrkée Model (CHMM).
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1 Problem Statement

Over the past decade, numerous efforts have been made to model actibastivities captured in video
[51, 52, 18, 23, 28, 32, 48, 50, 29, 40, 9, 36, 2, 25, 21, 10, &r.action is commonly referred to as a
sequence of movements executed by a single object and it often has a atat#dtice. Action modelling is
usually concerned with analysing the statistical sequential properties @mamts of human body or body
parts such as people ‘sitting’ and ‘walking’ [40, 7, 20, 10, 37]. An\attion the other hand is a larger-
scale ‘scene’ most likely involving multiple objects interacting or co-existing ihaed common space
[29, 21, 36]. Examples of activities include ‘people playing football’ astibppers checking out at a super-
market’. Activity modelling is thus concerned with not only modelling actions etastby different objects
in isolation, but also the interactions and causal relationships among théesesacThe goal of activity
modelling is to understand behaviour. Behaviour is the meaning of activigngis a semantic description
extracted through activity modelling. Modelling activity and understandirigabieur are fundamental for

human computer interaction, visual surveillance, and video content @& dysdexing.

In this paper, we develop an unified Bayesian Information Criterion (BEZed framework for mod-
elling activities of multiple objects where the behaviour of each differentabligeconstantly constrained
and affected by those of others. Further, their activities are largetglated either explicitly or implicitly
in space and over time. A model that can capture accurately activities of mulijgets needs to take into
account the uncertainty and variability in the behaviours exhibited by ingiiobjects in different scenar-
ios. This suggests a learning based approach where the structuraranmeepers of the model can be learned
from data with little human intervention and without over-rigid assumptions. Toetiis we propose to
build a data-driven probabilistic model based on unsupervised leariiing.approach aims to provide a
unified bottom-up and top-down Bayesian solution to the activity modelling pmobl particular, we

address the following issues:

1. How to select visual features that best represent activities of multipets.
2. How to model the temporal and causal correlations among those objecisdtmnsidered to form
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meaningful activities.
3. How to learn both the structure and parameters of an activity model favan d
4. How to infer semantic description of activities from the learned model.

5. How to use an activity model to improve the interpretation of the behavicemaif individual object.

1.1 Activity Representation: From Continuous Trajectory to Discrete Event

Previous approaches to both action and activity modelling have been mdigtty upon segmentation and
tracking of objects in the scene [18, 23, 28, 32, 48, 50, 29, 40]. Thiseasto the fact that actions and ac-
tivities have traditionally been considered to be discriminable by the trajectdriggect motion, modelled
either statically as templates or dynamically as state machines. However, gnarsuanber of fundamental
limitations due to the following assumptions made either implicitly or explicitly about eedoga trajectory

based approach:

1. Sufficient details about the objects of interest are available in videbgybffidelity which allow
for elaborative object models to be built using local image features. Thigtikeasible with video
footages captured from cluttered scenes dominated by busy activitreexdmple in the case of
CCTV surveillance of public space. Such footages are charactegded besolution, drastic lighting

change, and cluttered background containing non-stationary objects.

2. Obijects can be tracked consistently in space and over time. This assumtftan invalid in busy
scenes involving movements of multiple objects with frequent overlapping modtierps resulting
in brickle and often discontinuous object trajectories and inconsistedlitafeespite various meth-
ods been proposed to cope with occlusions and lighting changes [2F,@&xample, in an overcast
day with smooth and moderate traffic volume, the moving vehicles on a motorwalyeceracked
successfully (see Figure 1(a)). Their activities can thus been modeltedi lon the established trajec-
tories. Now consider an aircraft docking scenario where aircréftadiis followed by the activities
of various ground service vehicles (see Figure 1(b)). The movemédifferent objects are heavily
overlapped and highly discontinuous. As a result, a large amount of fragmeoisy trajectories are

obtained which makes the trajectory based activity modelling infeasible.



3. Trajectory alone captures all the information about object behavidtis is not true in many cases.
An example shown in Figure 1(c) illustrates a shopping scenario wheppshaan either take a
can of drink and pay for it or just browse and leave. In this scenadoy similar trajectories can

be generated by activities of significantly different meanings, i.e. trajedtdormation alone is

insufficient for discriminating/recognising different activities.

228 8

299 5

(c) A shopping scenario

Figure 1: Comparing trajectory and event based activity representatein. Example frames from three
different scenes. Middle: Trajectories computed over time where diffdrajectories are illustrated in
different colours with the total number of trajectories accumulated so faxdh scene shown at the top-left
corner of the frame. Right: Labelled scene events detected over time @lutass of events have been
detected both in the motorway and aircraft docking scenes and 5 cldssents have been detected in the
shopping scene. Events of different classes are illustrated usingediffeolours with the total number of
event classes shown at the top-left corner of the frame.

More recently, several attempts have been made to circumvent the problgmsidno the trajec-
tory based approach to activity modelling. Instead of computing trajectoriesgh object tracking, these

methods focus on correlations of discrete semantic events at the pixetHeweyh learning [12, 19, 46].
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However, these purely pixel-level based approaches can be semsitivise due to ignoring any spatial cor-
relations among salient pixel changes. They can also be computationadiysxe due to the large number

of pixel events to be monitored simultaneously.

To address this problem, we exploit a bottom-up approach for modellingtdabfependent discrete
scene events using Pixel Change History (PCH) and Schwarz’s Rayiesormation Criterion (BIC) [44]
based unsupervised clustering and classification. This enables usrésarpactivity without the need
for object tracking and trajectory matching. An event is defined as apgobsignificant pixel changes
in a local image neighbourhoaml/er time Events are detected and classified by unsupervised clustering
using Gaussian Mixture Model (GMM) with automatic model selection basedIGnAn activity is thus
represented as a group of co-occurring events and modelled throtggprétation of the temporal and
causal correlations among different classes of events. The rigttdida frames in Figures 1(a), (b) and (c)
show activities represented by discrete scene events detected aifiedl@sshe three example scenarios.
Activities are characterised by the temporal order of different evernitdtee correlations among them. This
event based representation is more simplistic and robust compared to thtsapased representation. It

is thus more suitable for complex activity modelling.

It is important to emphasise that our definition of event corresponds te deeel visual changes and
is object independent. Although events are detected in each image frashesveat is represented by and
estimated based on accumulated visual changes over time, i.e., pixel cligtoge$ This is different from
most other definitions of event in the literature [2, 25, 34, 40] which argseclto the concept of ‘atomic

action’. Our definition of event is similar in spirit to that of Wada and Matsuygsoa

It is also worth pointing out that no matter how sophisticated a event detectitbneaognition algo-
rithm is, errors are inevitable. We believe that this problem cannot bedshely based on the visual
information available in individual frames. It can only be tackled by usingrmftion accumulated over
time collectively. This is the main motivation and essence of the approach ddopke paper. The activity
model proposed in this paper does not rely on a perfect event detaatioriassification algorithm. Instead,
we proposed to use Dynamic Probabilistic Networks (DPNSs) to reasori #imtemporal and causal cor-
relations among events. Our activity model is thus robust to the errors im deeection and recognition

results.



1.2 Activity Modelling: Discovering the Structure of Dynamic Correlations

Represented as discrete events of multiple classes, an activity can be ohadalleset of structured states
in a state space using a probabilistic dynamic graph. The states are cdrigladeset of causal or/and
temporal connections referred to as the structure of the model. The neoplgélas both the determination
of the states, often through unsupervised clustering of a training dedasdhe discovery of the underlying

structure performed by the factorisation of the state space given the ¢raiaiaset.

Probabilistic graph models have received enormous attention in recastfgeanodelling and recog-
nising activities captured in video, ranging from visual surveillancetugesecognition, visually mediated
human-computer interaction, sport analysis to virtual character synfi8sis1, 6, 27, 29, 20, 8, 48, 36,
45, 49, 21]. These include both temporal sequential models such asrHitli&ov Models (HMMs) and
static causal models such as Bayesian Belief Networks (BBNs). Howetr conventional BBNs and
HMMs are unsuitable for modelling activities involving multiple objects/people eitheté@raction or as a
group. If we consider the actions of each individual object are intrtigigoverned by a temporal process,
the activity of multiple objects are underpinned by not only temporal but assat correlations among
multiple temporal processes. Despite that BBNs have been shown to Haecapaeasoning about the
behaviours of object activities, they are limited to modelling static causal redhiigswithout taking into
consideration the temporal ordering [11, 27]. This is only applicable & structured activities with clear
causal semantics. For modelling less structured group or interactivéiastimvolving multiple temporal

processes, Dynamic Probabilistic Networks (DPNs) are required {17, 2

Hidden Markov Models (HMMs) are perhaps the most commonly used DRNsandard HMM has
only one hidden state node and one observation node at each time instaeiinga single temporal
process. This often results in the high dimensionality of both the state spdoagbaarvation space. A
HMM thus requires a large number of parameters to describe if it is to model teukimporal processes
simultaneously. This implies that a single state or observation variable is taseaprienplicitly multiple
sources of variations at any given time instance. Unless the training datgv&y large and relatively
‘clean’, poor model learning is expected. To address this problem,usat@pological extensions to the
standard HMMs can be considered to factorise explicitly the observatiiorastate space by introducing
multiple hidden state variables and multiple observation variables for modellirgetifftemporal processes

explicitly and simultaneously. For example, a Multi-Observation-Mixture+@eididden Markov Model



(MOMC-HMM) was introduced by Brand and Kettnaker [8] to factorise dhservation space. Other ex-
tensions have been proposed to factorise both the state and obserpatien\¥gler and Metaxas [49] pro-
posed Parallel Hidden Markov Models (PaHMMs) that factorise the spateesinto multiple independent
temporal processes without causal connections in-between. Clearlstimption of different temporal

processes being independent of each other is invalid in most casesiadigpvhen dealing with group or

interactive activities. Brand and Olivet al. [9, 36] exploited Coupled Hidden Markov Models (CHMMSs)
to take into account the temporal and causal correlations among hiddewatatdes. They are essen-
tially fully coupled pairs of HMMs such that each state is conditionally depeinde all past states of all

processes at the previous time instance. However, it can be showmthaa $ully connected state space
cannot be factorised effectively. A CHMM is thus sensitive to obsematmse especially when the number

of temporal processes are large [17].

In this paper, we develop a Dynamically Multi-Linked Hidden Markov ModaML-HMM) for mod-
elling group activities represented as multiple classes of discrete eventéswithology being discovered
automatically using Schwarz’s Bayesian Information Criterion (BIC) bdsetbrisation. The number of
temporal processes in a DML-HMM is given by the number of classes@aitevdetected using unsuper-
vised clustering and classification. Thus both the structure and paraoiaddd/L-HMM are learned from
data in an unsupervised manner. The two key advantages of using DNM-far activity modelling is its
unsupervised nature which avoids the tedious hand labelling of data aratatslidven topology learning

which avoids the often unreliable hand crafting of the model structure.

It is worth pointing out that the Gaussian Mixture Model (GMM) used fagrewdetection and classi-
fication can also be considered as a probabilistic graph model [17]. Im&aatime, the model selection
criterion we formulate for both GMM in event detection and classification amML{BIMM for activity
structure discovery is a Gaussian approximation of Bayesian Modelt®el§20]. Therefore, our approach

provides a unified Bayesian treatment to the activity modelling problem.

The remaining of this paper is organised as follows. Section 2 addresspsotiiem of activity rep-
resentation based on discrete events that are automatically detected aifiédlasing unsupervised clus-
tering. Automatic model selection is also addressed. Section 3 centres oevilepent of a suitable
dynamic probabilistic network for activity modelling involving multiple objects. Oppmach is further

illustrated in Section 4 using two examples of activity modelling and behavioueratahding in an in-



door and outdoor scenes. We show comparative experimental reswtdiwity modelling using different
dynamic probabilistic networks before we conclude in Section 5. A derivati®@|C as Gaussian approxi-

mation of Bayesian Model Selection is given in Appendix A.

2 Event Recognition

We define events as significant scene changes characterised by dtienpshape and direction of the
changes. They are object-independent and location specific as illddinatee right hand side frames in
Figures 1(a), (b) and (c) . We also consider that these events ar@maas, meaning that both the number
of these events and their whereabout in a scene are determined autombttaiy-up without top-down

manual labelling using predefined hypotheses.

2.1 Seeding Event: Measuring Pixel Change History

Adaptive mixture background models are commonly used to memorise and mairtdiackground pixel
distribution of a dynamic scene [32, 35, 48]. The major strength of suchdelnwits potential to cope with
persistent movements of background objects such as waving tree |éasesgpropriate model parameter
setting. However, an adaptive mixture background model cannotetitfiete, although may still be able to
detect the presence of, pixel-level changes of different tempaaé#scin general, a pixel-level change of

different temporal scales can have different significance in its semantics
1. A short term change is most likely to be caused by instant moving objegtgpéessing-by people or
vehicles).

2. A medium term change is most likely to be caused by the localised moving ofgegts group of

people standing and talking to each other).

3. Along term change is most likely to be caused by either the introductionvef static objects into
the scene, or the removal of existing objects from the scene (e.g a piemmitdire is moved in the

background or a car is parked in a carpark).

Examples of visual changes of different temporal scales are showguneR2(a).



We seek a single, unified multi-scale temporal representation that caneaptlidifferentiate changes
of such different rates/scales at the pixel level. Temporal wavelets agopted for such a multi-scale
analysis [46]. However, the computational cost for multi-scale temporatlets at the pixel level is very
expensive. They are therefore unsuitable for real-time performakiternatively, Motion History Image
(MHI) is less expensive to compute by keeping a history of temporal @sageach pixel location which
then decays over time. MHI has been used to build holistic motion templates fardbgnition of human
movements [7] and moving object tracking [38]. An advantage of MHI isdlthbugh it is a representation
of the history of pixel-level changes, only one previous frame needs &idred. However, at each pixel
location, explicit information about its past is also lost in MHI when currdrgnge are updated to the
model with their corresponding MHI values ‘jumping’ to the maximal value. Terogme this problem,
Pixel Signal Energy was introduced to measure the mean magnitude of pigktdenporal energy over
a period of time defined by a backward window [35]. The size of the baottwindow determines the
number of frames (history) to be stored. However, this approachrstiftan its sensitivity to noise and also

being expensive to compute.

Here we propose a new representation, Pixel Change History (P@hnglasuring multi-scale temporal
changes at each pixel. The PCH of a pixel is defined as:
min (P, 7(z,y,t = 1) + 22,255) it D(,y,1) =1

P (z,y,t) = Q)

max (Pw(x, y,t— 1) — 25, 0) otherwise
whereP, -(z,y,t) is the PCH for a pixel atz,y), D(x,y,t) is a binary image indicating the foreground
region, s is an accumulation factor andis a decay factor. Whe®(z,y,t) = 1, instead of jumping to
the maximum value, the value of a PCH increases gradually according todhmalation factor. When
no significant pixel-level visual change is detected at a particular locétign in the current frame, pixel
(z,y) will be treated as part of the background and the corresponding fizelge history starts to decay.
The speed of decay is controlled by a decay factorhe accumulation factor and the decay factor give us
the flexibility of characterising pixel-level changes over time. In particldage values of andr imply
that the history of visual change @t, y) is considered over a longer backward temporal window. In the

meantime, the ratio betweerandr determines how much weight is put on the recent change.

If the binary imageD(z, y, t) in Equation (1) is determined by the temporal difference between the cur-

rent frame and the dynamic background maintained by an adaptive mixturé, mé{eH based foreground



model can be introduced to detect the medium and long term pixel changesifi&lly, we detect those

pixels that are associated with medium term changes by the following condition:

|I(I’,y,t>-[($,y,t—1)‘ >T]V[ (2)

whereT), is a threshold. Pixel level changes that do not satisfy the above conditaraused by long term
changes such as the introduction of static novel objects into the sceneentbeal of existing objects from
the scene. Note that Equation 2 is used for distinguishing the detecteddionelgpixels according to the

nature of the visual changes. It is not used for detecting foregrpixeds using background subtraction

We consider that Motion History Image (MH]I) is a special case of PCH inRik image is equivalent
to MHI whenc is set tol. Figure 2 and Table 1 show an example of how PCH can provide betteseapr
tation of the visual changes captured in the image frame. It is evident frgune=2(b) and Table 1 that the
mean value of PCH of pixels corresponding to short term changes @gpgaer passing by) is significantly
lower than those for medium and long term changes (e.g. a shopper mayandyink can being removed)
and therefore provides us with a good measurement for discriminatingediffeypes of visual changes.
Compared to PCH, MHI has much weaker discriminative power (see Tabkutthermore, similar to that
of Pixel Signal Energy [35], a PCH also captures a zero order pixel-tthange, i.e. the mean magnitude
of change over time. In addition, it is capable of capturing higher orderdesthphanges occurred at a pixel
including the speed, trend (uphill or downhill) and phase of a changetowe. It is important to point
out that this measurement is different from that computed by multi-scale gpatjooral filtering widely
adopted for estimating apparent image motion such as optic flow. No spatioreropwespondence is es-
tablished by computing PCH. It is also worth mentioning that our PCH is asymmettie time direction,
i.e., it contains visual information accumulated only up to the current frameoiédfnadopting a symmetric
measure could in theory lead to better representation, our PCH measurenemkime event detection and

recognition possible.

2.2 From Pixel Groups to Unsupervised Clustering and Clas§ication of Events

Given detected pixel changes in each image frame, we aim to form disvezitse The connected com-
ponent method is adopted to group those changed pixels. Small groutreeareemoved by a size filter

and the rest groups with an average PCH (of the PCHs for all the pixelgweietth group) larger than a
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Different types of visual changes MHI PCH
(a) Examples of MHI and PCH images.
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(b) The mean and standard deviation values of MHI and PCH for difféyeers of visual changes.

Figure 2: Comparing MHI with PCH. (a) Examples of MHI and PCH images feoshopping sequence
(see Section 4.1.1 for details about the sequence). The parameter$iok&€: ¢ = 12 andr = 10.
The decay factor was set tol0 for computing MHI. For each of the first 1000 frames of the shopping
sequence, pixels with non-zero MHI and PCH values were manually lalettethree classes according to
the types of visual changes (i.e. short, medium or long term changes)né&€hn and standard deviation of
MHI and PCH for different classes are plotted in (b). It can be semn {b) that PCH exhibits much greater
discriminative power compared to MHI in differentiating short term from medand long term changes.
This is also shown quantitively in Table 1.

Long vs. shortterm Medium vs. short term| Long vs. medium term
MHI discriminative power 55.39 26.14 29.51
PCH discriminative power 140.14 100.62 39.54
PCH vs. MHI ratio 2.53 3.85 1.34

Table 1: Compare the discriminative power of MHI and PCH on differentiatiiffgrent types of visual
changes. The discriminative power is indicated as the absolute diffevahee between the mean values
for different visual changes shown in Figure 2(b) (e.g. 100.62 @ Rnd 26.14 for MHI between medium
and short term changes, with the ratio of the two being 3.85).
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thresholdl's are referred to as salient pixel groups and considered as eventsiefhis represented by a
7-dimensional feature vector

vV = [Eag7w7h7Rﬂ’L7MpxaMpy] (3)

where(z, i) is the centroid of the salient pixel groufw, h) are the width and height of the salient pixel
group,R,, represents the percentage of those pixels in the group that satisfy Cor@jtiand( Mz, M,y)
are a pair of first order moments of the PCH image within the salient pixel grAopng these features,
(z,y) are location feature$w, h) are shape featureg,,, is visual change type feature a(tl,z, M,y) are
motion features capturing the direction of object motion directiodote that in our approach, salient pixel
groups are defined within each image frame. Alternatively, salient giapke defined in a spatio-temporal
volume which could in theory lead to better clustering. One could adopt a mstiotcas the one proposed
by Greenspan et. al [22]. Alternatively, we have also developed proaph for salient event detection
over a spatio-temporal volume using multi-scale entropy ratio over spacémaadresented elsewhere
[26]. However, such a spatio-temporal volume based events detectiore@mgnition approach is always
computationally expansive, and may not be tractable given the complexitg attlvities captured in video
footages. In order to achieve real-time performance, we decided to med@rise between the speed
and performance of the event detection and recognition algorithm byirdgfire salient groups within each

image frame.

Salient pixel groups are clustered and classified unsupervised inéoetiiffevents in the 7-D feature
space using a Gaussian Mixture Model (GMM). The GMM is estimated usipg&ation-Maximisation
(EM) [5] and the model order of the GMM is determined using the Bayesimriration Criterion (BIC)
[44].

Given a training data sdd of salient pixel groups from some training image sequences, we aim to
determine the best model order(as the most likely number of different event classes) from a sét of
competing modelsn;, parameterised b§,,, wherek € {1, ..., K'}. The BIC model selection is formulated
as:

- D
m; = arg min {— log P(O|my, O, ) + 7k log N} 4)
my

wheref,,, = arg maxg  {P(O|my, O, )} is the Maximum Likelihood Estimation (MLE) ¥y, , Di
mp

!Similar to the MHI (see [7]), PCH implicitly represents the direction of movetnEirst order moments based on PCH value
distribution within the bounding box is thus capable of measuring the directiomeement quantitively.
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is the dimensionality 08,,,, and N is the size of the training data set. BIC can be derived as an approxi-
mation of Bayesian Model Selection (see Appendix A). The model ordeeiefibre the number of GMM
components:. If k ranges froml to K for the candidate GMMs, the optimal model ordeestimated by

the BIC is given by:

>

N
= argmkin {— Zg;logf (yi\k,é(k)) + % logN} (5)

wheref (yiyk, 9(k)) is the class-conditional Gaussian density functjgris the feature vector representing
one data simple, anﬂ(kz) are the mixture parameters estimated using EM Bpds the number of para-
meters needed for &component GMM. If full covariance matrix is used, Equation (5) candse/ritten

as.
7>+ 3¢

N
) _ A k—1
k= argmin {— ;:1: log f (yi\k, B(k)) + =g log N+ klog N} (6)

wheregq is the dimensionality of the feature space. To summatisestimated by Equation (6) yields the
most likely number of event classes given the training dat@dseBalient pixel groups detected in novel

image frames can then be classified as one ok theent classes in the 7-D feature space.

2.3 Alternative Model Selection Criteria for Event Classificaion

Model selection is key to unsupervised statistical modelling of data. Suppata data set arises from
one of a set of candidate models, the problem is to choose the best candmtdel for the given data set.
Most model selection criteria are derived based on the principle that tirmadpnodel not only best fits
a given data set but also satisfies simplicity. This principle is known as thea@ckRazor principle after
the 13th century philosopher William of Ockham, and is widely adopted formé@teng model complexity,
especially in the form of probabilistic model selection criteria [33]. Other rsediection criteria include
heuristic methods such as Fuzzy Hyper-Volume (FHV) [16] and eviddenosity [42], and cross-validation
methods [5, 47]. Existing probabilistic model selection criteria can be cla$sifie two categories: (1)
Methods based on approximating the Bayesian Model Selection criterifrs{8h as Bayesian Information
Criterion (BIC) [44], Laplace Empirical Criterion (LEC) [43], and thetdgrated Completed Likelihood
(ICL) [4]; (2) Methods based on the information coding theory such asMimimum Message Length
(MML) [13], Minimum Description Length (MDL) [41], and Akaike’s Infonation Criterion (AIC) [1].

Among these criteria, BIC is the most popular choice for determining the modet of a mixture model
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[43, 13, 4]. It should be noted that BIC is formally, though not concalptucoincides with Rissanen’s

Minimum Description Length (MDL) [41, 13].

In this section, we compare BIC with two popular model selection criteria, natimelykaike Informa-
tion Criterion (AIC) and cross-validation (CV). The basic idea of AIC is¢test the model (represented as
distribution densities) that minimises the difference between the density pondigg to a fitted model and
that of the true model that generates the data. Akaike discovered tratthedassumptions that (a) the true
model is among the candidate models and (b) a set of regularity conditiorssthatcensure the asymptotic

properties o@mk (the MLE of 8, ), the model that minimises
AIC = —log P(O|my, 0, ) + Dy 7)

should asymptotically approach the true model when the sampleNsimeapproaching infinity, in the
sense that the Kullback-Leibler (KL) divergence between these two Isy@dapproaching zero. In cross-
validation a data set is repeatedly split into a training set and a test set, whitchem used for model
construction and model evaluation respectively. The test log-likelihoodhiedog-likelihood of observing
the test set using the model built on the training set, is utilised for selecting thel miatkr. It is shown
in [47] that the negative test log-likelihood is an unbiased estimator (withimatant) of the KL distance
between the true model and candidate models and the selected model arlibcoviverge to the true model
order given infinite sample size. Seemingly different, cross-validation is sitoilalC in that both criteria

aim to select models that best predict unseen data.

BIC and AIC are asymptotically approximations to Bayesian Model Selectionkah divergence
model selection respectively. They are essentially the maximum likelihoodsefraing the data given a
candidate model plus a penalty term which penalises the model complexity. BOtaril AIC are ac-
curate only when the sample size is large. However, comparing EquatiovittdEquation (7) indicates
that BIC has stronger penalty term. It is especially the case when the samglaf she data set is large
due to the factor that the penalty term of AIC does not increase with the samplevhile the negative of
the maximum likelihood of observing the data does. AIC thus favours morelegmppdels compared to
BIC. This is illustrated in Figure 3 by comparing BIC and AIC for selecting optimenber of components
of a GMM using a 2-dimensional synthetic data set. Compared to BIC andthé@omputational load of

cross-validation for the same data set is increased by roughly a factanich is the number of partitions of
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Figure 3: Model selection for a synthetic Gaussian data set using BIC, @&id cross-validation. The
synthetic data were generated using a 5-component bivariate Gausstarem(a) shows examples of the
data set with different sample sizes. The average number of mixture cemisaretermined by BIC, AIC,

and cross-validation ovén trails are plotted against the sample size in (b). Examples of models selected by
BIC, AIC, and cross-validation are shown in (¢).was set to 50 for the cross-validation experiment. It can
be seen from (b) that when the sample size is large (é.g. 10D, whereD;, = 29 in this case), the number

of components determined by BIC converged to the true number 5. WhilstGtland cross-validation
over-estimated the number of components, cross-validation gave thesprmelt.
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the data set into the training and test sets [47]. The valueisfnormally between 20 to 50 in practice. Be-
sides the higher computational cost, another shortcoming of cross-validiatiat it tends to over-estimate
the model order, as can be seen in Figure 3. It is not surprising to nateateAIC and cross-validation

have the tendency of over-estimation, considering the theoretical similatityebe these two criteria. The
superiority of BIC over AIC and cross-validation on event classificagdarther demonstrated through our

real-data experiments presented in Section 4.

3 Activity Modelling Using Dynamic Probabilistic Networks

For modelling group or interactive activities of multiple objects, we considdraheaactivity consists of
a group of dynamically correlated discrete events representing sigmiicane changes over time. We

propose to model a group of events as the observational input to a DyRaofiabilistic Network (DPN).

3.1 Dynamic Probabilistic Networks

Static causal relationships represented by a conventional3BNimited for modelling correlations among
temporal states of multiple processes. Dynamic probabilistic networks andicubgr Dynamic Bayesian
Networks (DBNs) are BBNs that have been extended to model time set&eflda24]. More specifically,
hidden nodes have been introduced in the topology of DBNSs to represklgn temporal states. A DBN
B is described by two sets of parametéks@(\)). The first set\ represents the structure of a DBN which
includes the number of hidden state variables and observation varialilege @t and the topology of the
network (set of directed arcs connecting nodes). :thd&idden state variable and thi#lh observation vari-
able at timet are denoted aS’t(i) andOﬁj) respectively where € {1,..., N} andj € {1, ..., N,}, N; and
N, are the number of hidden state variables and observation variablefaine@instance respectively. The
second set of parameté?6\) quantifies the state transition probabiIities/distributi@(&‘t(i) |Pa(Sti)), the
observation probabiIities/distributiod@(0§j)|Pa(0§j)), and the initial state distributionB(S@) where
Pa(St(i)) are the parents cﬁt(i) att — 1 (assuming first-order Markov models) and similatiFy;(Of)) for

observations. In this paper, unless otherwise stzﬁféaare discrete and)t(]) are continuous random vari-

2BBNs are also known as Bayesian Networks, Belief Networks or Direstgdlic Graphical (DAG) Models. They are special
cases of graphical models which combine probability theory and gragamtho address two important issues in data modelling:
uncertainty and complexity.
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ables. Each observation variable has only hidden state variables asspard the Conditional Probability

Distributions (CPDs) are Gaussian. Examples of Dynamic Probabilistic NietW@PNs) are shown in

Figure 4.
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Figure 4: Three different types of Dynamic Bayesian Networks (DBi$s}xtensions of a standard HMM.
Observation nodes are shown as shaded circles and hidden nodiesr asrcles.

3.2 Discovering the Structure of a DBN for Activity Modelling: Model Selection

Instead of being fully connected as in the case of a CHMM, a Dynamically Murked Hidden Markov
Model (DML-HMM) is proposed which aims tonly connect a subset of relevant hidden state variables
across multiple temporal processes. This is achieved by factorising thefsaeusing Schwarz’s Bayesian
Information Criterion (BIC). The factorisation reduces the number otaessary parameters and caters for

better network structure discovery.

We wish to simultaneously learn the temporal and causal correlations amenis &y finding a DBN
model B parameterised by\, 8(\)) that can best explain the observed evédtsSuch a best explanation
is quantified by the minimisation of a cost function. For a Maximum Likelihood Estim@htiiE), the cost
function is— log P(O|A, é(A)), the negative logarithm of the probability of observiddy modelB where

6()) are the parameters for the candidate strucktieat maximise the likelihood of observing dada ()
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are estimated using an extended forward-backward algorithm for eachidate model structure, which is
detailed later. A MLE of the structure & in the most general case results in a fully connected DBN, which
implies that any class of events would possibly cause all classes of evahesfiture. Therefore adding

a penalty factor in the cost function to count for the complexity of a netwodsgential for extracting
meaningful and computationally tractable causal relationships. To this enddapt BIC to measure the
goodness of one hypothesised network model against that of anottiesdénibing a given dataset. Let us
consider’ competing DBN models of an activity consisting of a group of events. Theselnare denoted
asB), and parameterised bj\;, 8(Xy,)) wherek € {1, ..., K} and@(\;) is a D;-dimensional vector. Let

O = (Oy, ...O7) be an observation sequence whéye= (Oﬁl), s OﬁN")) are the observation variables at

timet, the BIC model selection is formulated as:
. ) R Dy,
B, = arg min {—P(O|)\k, O(Xx)) + - logT} (8)
k

Let us further consider that the number of hidden processes is the nofndent classes (see Section 2
on Event Recognition). We also consider two states for each hidden stable, i.e. a binary variable
switching between the status ®f ue andFal se. The observation variables are continuous and given
by the 7-D feature vector representing events (Equation (3)). Thefitdisons are mixtures of Gaussian
with respect to the states of their discrete parent nodes. For model gatrerdistributions of the detected
events are used to initialise the distributions of the observation vectors. rithie @nd transition matrices
of states are initialised randomly. We then have:

T Np

P(O[Ax, B(A0) =Y {ﬁ P (S TTTI P (s1Pa(si™)) 11 ﬁ P(0§j>rPa<0£j>>)} 9)

Sgi) i=1 t=214=1 t=1j=1

To effectively evaluaté®(O| Ay, 8(X;)), we formulate the following extended forward-backward algorithm

for a dynamically linked probabilistic network of multiple temporal processes.

3.2.1 Learning Parameters of a Multi-Process Dynamic Probabilistic Nivork

Let us consider a DBN witlf’ temporal processes and one hidden variable and one observatidnlesaria
respectively for each temporal process at each time instance. We tle¥ha- N, = C. Itis assumed that

all the hidden state variables are discrete and all the observation vadablesntinuous whose probability
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density functions are Gaussian with respect to each state of their patéanistate variables. The parameter

space thus consists of the following components:

1. The initial state distributionr = {7, } wherer,, = P(Sic) = qi(@), 1 < i©® < N© and

1<e<C.

2. The state transition probability distributioh= { Pa(j(©);(© }Where
pq(jte))je) = P (S§f21 = q;0|Pa (St(H) = dpa(j ) ( t+1> are the hidden variables at time
t on which St(+)1 is conditionally dependentPa ( ) are subscripts of those discrete values that

Pa (St(fr)l) can assumd, < j(© < N(© andl < ¢ < C.

3. The observation probability distributid — {bi@ (ot(c))} where
bi(e) (Ot(c)) =N (O,SC); ui@),Ui(c)), ;) andU, ) are the mean vector and covariance matrix of

the normal (Gaussian) distribution with respecsfd = q,.,, 1 < i(© < N(© andl < ¢ < C.

Given an observation sequen®eand a model structur®, we need to determine the model parameters
0(A) = {A, B, 7} that maximise the probability of the observation sequence given the modetus&u
P(OJ|A,6(N)). There is no analytical solution to determine the optimal parameters given afisievation
sequence. However, the parameters can be estimated iteratively usinteadeel forward-backward (

Baum-Welch ) algorithm [3]. Let us first define the following variables:

e The forward variable
o (i(l), ...,i(c)) =P (01, O, ..., Oy, St(l) = ;1) s St(c) = q;o) |\, 0()\)), i.e., the probability of

the partial observation sequence until titrend states foSlfl), s Sfc), given the model and@(\):

o ngl ((Zj(l) §(©) O—1 (j(l), ...,j(c)) Tpa(i©))i (c)) b;e) (O(C)>) ifl<t<T

'''''

e The backward variable
By (i(l), ...,i(c)) =P (Ot, 01, S = gy, SO = o | 0()\)) i.e., the probability of the

partial observation sequence fram- 1 to T, given the states fof(l), S(C) and the model and
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1 ift=T
° & (i(1)7 i@ ) ‘--,j(c)) =P (St(l) = g, S, = qi(cnSt(i)l = qj(1); s St(f% = qj<0>|>\,0()\)),

i.e., the probability of being at certain states at tinedt¢ + 1, given the model and observation se-

guence:

ﬁt+1 (](1)7 ) ](C)) Hcc’:l Qi (Z(l)a ) i(c))a‘pa(j(c))j(c) bj(ﬂ) (Ot(j-)1>
P(O[X, 0(N))

gt (2(1)77Z(0)7](1)17](C)> =

whereP(O|A, 8(X\)) can be computed using the forward and backward variables:

POXON) = 3 at<z’(1),...,i(c))ﬁt<i(1),...,i(c)> (10)

i, i(C)

o 5 (i0,..i9) = P (Y = g0, 51 = 40|10, X,0(N)), i.e., the probability of being at

certain states at timg given the model and observation sequence:

a (N), ¢<C>)ﬁt (N), ¢<C>)
Zi(1>7._.7i(c) Qi (7/(1)7 ceey Z(C))/Bt (Z(l)7 ceey Z(C))

Vi (i(l), ...,i(c)) =

Denote the current parameter estimate9@s) = {A, B, 7}, the re-estimated paramete?g\) =

{A, B, =} can be computed using the following re-estimation formula:

T = 3 7 (i, i) (11)

i) i(e=1) jletl) | 45(C)

Upq(j0)j0 =~ T~ . . (12)
! (] )j Z?:l Zi<cl>7épa(j(c)) Vi (1’(1)’ ceey Z(C))
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Y (Z () ie=1) j(e+1)___4(C) ’Yt( M, ..., )O(c

1 Ziu),,‘,,i(c—l)’awm R ”Yt( (1) oy il©))

i) = (13)

T
_ Yo (Zm,...,acm,i<c+1>,,,,,i<c> Ve (i(l), o iw))) (0150) - Muc)) (Ogc) - Mm)
Ui(c) = T (1) (C)
D1 i)t ety ey e (1), i(©))

(14)

If we iteratively used () to replacef(\) and repeat the re-estimation calculation until some limiting point
is reached, the final result is a maximum likelihood estimate of param@tars Notice that since the
forward-backward algorithm is essentially a EM algorithm [32] O]\, (X)) is only locally maximised
by the estimated parameters. In general cases, the optimisation surfatelllipke local maxima. The

forward-backward algorithm is thus sensitive to initialisation.

In search for the optimal mod®#,. with minimal BIC value, for each candidate model structhethe
corresponding Maximum Likelihood Estimation (MLE) of the parameé{mk) are estimated iteratively
using the extended forward-backward algorithm. After parameter leathaBIC value can be computed
using Equation (8). Alternatively, parameter and structure learning egetformed within a single EM
process using a structured EM algorithm [15]. It is worth mentioning thabdio case, the structure search
space is limited to only the inter-links among different temporal processes giscnumber of states for

each hidden variable has been fixed.

3.2.2 Observations

Comparing DML-HMM with CHMM, it is clear that DML-HMM will always consistf more optimised
factorisation of the state space and most likely have less connections.|ldhis for more tractable com-
putation when reasoning about complex group activities. In addition, a sutntte but perhaps also more
critical advantage of DML-HMM over CHMM is its ability to cope with noise. Givaufficiently noise-free
data, it is possible for CHMM to learn the correct relationships betweepledinidden temporal processes.
However, with noisy data, probability propagation travelling freely amonghallhidden state variables
during the EM parameter estimation, CHMM can be led to capture structureyt@ased by noise, espe-
cially when there are a large number of hidden processes. Similar probhemlsl surface for MOHMM.
Since no factorisation is performed in the state space, MOHMM needs fa pawameters compared to

DML-HMM and CHMM. As for PaHMM, although it may not be easily influercby noise, it will pay
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Figure 5: Comparing topology learning of DML-HMM using BIC and AIC) &hows the true topology
of the DML-HMM. Each hidden state variable has two states; Each olisarwaariable is a 7-D vector
whose distribution is mixtures of Gaussian with respect to the states of itstpar@d® The training data
sets were obtained by sampling the true DML-HMM with added uniformly distribté@dom noise. We
also assume thabt% of the observations were labelled to wrong temporal processes. Tregaweumber

of inter-links among different temporal processes (over 2 time instartejrdined by BIC and AIC ovel)
trails are plotted against the sample size in (c) (true number is 8). The adaagaing distance between
the estimated topology and the true topology are shown in (d). It can bdrsee(c) and (d) that when the
sample size is large (e.gv > 3D whereD; = 352 in this case), correct topology was selected by BIC,
while AIC over-estimated the number of inter-links. (b) shows an exampledbiiology selected by AIC

whenN > 3Dy.
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the price for discarding any correlations between multiple temporal presedshis will be shown in our

experiments in Section 4.

Model selection criteria other than BIC can also be used for determiningpbtotyy of a DML-HMM.
An example of selecting the optimal topology of DML-HMM using a synthetic datassshown in Figure
5 to compare BIC with AIC. Itis found that, similar to the case of determining thiengp number of com-
ponents of a GMM (Section 2.3), AIC tends to over-estimate, i.e. select awiBNmore-than-necessary
inter-links. Similar results are also obtained in our experiments presentedtiorsd. It is worth men-
tioning that the number of candidate topologies of a DML-HMM grows exptaky with the number of
temporal processes. The topology search space becomes hugerex&ML-HMM consisting of a small
number of temporal processes. The much higher computational costssfealidation makes it unsuitable

for determining the topology of a DML-HMM.

3.3 Understanding Behaviour Using a Learned Activity Model

Once learned, an activity model using a DML-HMM can be utilised to identifyjkéhestages of the activity
and characterise the temporal and causal correlations among them. afbesgnantic descriptions of the
activity which are automatically generated through unsupervised learatiyity recognition can also be
perform given different models built for different activities. Moreovthe learned model can be used to
improve the accuracy of event detection and classification through intleraf hidden states, which leads
to better understanding of the behaviours of each individual objects/@tvin the activity. Our approach

thus provides both a bottom-up and top-down mechanism for understarehiagiours.

3.3.1 Extracting Semantics of Activity from Automatically GeneratedActivity Graphs

The temporal and causal correlations among events are quantified bguittere and parameters of DBNs
learned using the training data. Once trained, the DBNs aim to encode thestartling of the dynamics
of the scene. The parameters of the trained DBNs can thus be utilised tct éxgialevel semantics from
the scene. One of the important semantics we wish to extract is the structtire aétivity interpreted
by correlated events. To this end, we first automatically generate an adtasitgition matrix from the

transition matrices of the trained DBNs. Important activity stages can therehéfidd from this activity
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transition matrix. The temporal and causal correlations among differénitastages are also encoded in
this matrix. More specifically, we follow the following procedure after theddtrite and parameter learning

of a C-temporal process DBN for activity modelling:

1. Compute the activity transition matriX7" = {at;;} wherel < 4,5 < 2. This is a2” x 2¢ matrix.

Each entry of the matrixt;; is computed as:

aty; = Hapa () () (15)

wherej = Y9 20D — 1) andi = 3¢, 20D (i(© — 1) for i(© that satisfies:i(©) e
{Pa(j)}. at;; represents the probability of transferring from activity stage time instance

to activity stagej at time instance + 1.

2. Obtain a simplified transition matrit7” = {at;; }:

, atij if ati]‘ > Thy,

at” -

0 otherwise

By doing this, we remove the activity stage transition that is very unlikely to érapyghich may be

cause by errors in event recognitidhih,, is set t00.05.

3. Generate an activity graph automatically freffi” where each state of the activity transition matrix is
represented as a node and the temporal and causal correlatioesomaing to the non-zero entries

of AT") are reflected by the directed arcs pointing from one node to another.

This procedure can be implemented to a CHMM, PaHMM and DML-HMM. ForBiNDwith single
process such as a MOHMM, the transition matrix can be directly used astihiéyacansition matrix and
step 1 of the procedure can be skipped. The process of generatagiity graph is illustrated using a

simple DML-HMM with two temporal processes in Figure 6.

3.3.2 Activity Recognition

Suppose we have learnéddifferent DBNsB;, (wherel < k£ < K) for K different activities respectively.

Now an unknown activity is captured in the image sequence and we wishdgrmiee it as one of the
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Figure 6: An example of automatically generating activity graph from a leaDML-HMM for activity
modelling. Two classes of events, denotedehsand e2, are modelled using temporal processes 1 & 2
respectively. The learned topology indicates éBecan be caused byl (reflected by the arc pointing from
temporal processes 1 to 2). The simplified activity transition matfiX was obtained by thresholding
the activity transition matrixA7. The number of non-zero diagonal elements4df’ corresponds to the
number of key activity stages interpreted as the co-occurrence of thelé#sses of events. In this case, 4
key activity stages were detected. The causal relationships among thtaged are reflected by the directed
arcs connecting the nodes in the activity graph.
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K candidate activities. Again, it is a model selection problem. Adopting the Bayesodel selection

criterion, the modeB;, associated with the most likely activity is determined as:

A~

By = argI%axP(O|Bk)P(Bk) (16)
k

where P(O|By,) is the probability of observing the new data which can be computed usingiig{&0)
given the learned model structure and parameters,/ARY},) is thea priori probability of observing the
kth candidate activityP (B} ) represents our priori knowledge about the unknown activity. If rat gariori
knowledge is available, the unknown activity is recognised as one of tiddze activities whose learned

model can best explained the observation.

3.3.3 Improving Event Recognition through State Inference

Since each hidden state variable in the structure of a DML-HMM corredgptmwhether a particular class
of events are detected in the scene at a particular time instance, it can bel wtiliseproved the event
detection and classification results. To this end, given a sequence ofedktnd recognised events, an
extended Viteribi algorithm [14] is formulated to infer the hidden states usmtegdrned model. Let us first

define the following variables:

b 515 (Z(l)a sty Z(C)> = ma‘X{Sf},...,{Sf_l} p <{S£C)}7 RS ) {St(i)l}7 Slgl) = ql'(l)v AS) St(C) = ql'(C), Olv tety Ot|A7 O(A))
where{S¢} = {SV, ..., 5. 5, (z'(l), ...,i(c)) is the highest probability of the partial observation
sequence until timé and a sequences of hidden states from tinbe time ¢, given the modeA and

O(N).

e o, (z‘(l), ...,i(C)), which is an array used to store the best state sequence. The best siages at

time ¢ for the C' hidden state variables are denoted 85 }.

The extended Viteribi algorithm has the following steps:

1. Initialisation:

01 (i(l), ...,i(c)) = ﬁ Ti(e)bi(0) (0156))
c=1

o (i0,.,19) = o



2. Recursion:

C
5y (i(l), ...,i(c)> = j(lglaéi(c) {61;[ 011 (j(l), ---vj(c)>apa(i(0))i(6) bice) (Owgc))}
c
©t (i(l), ...,i(c)> = argj(l)r?.?;((c) {H dt—1 (j(l), ~--7j(C)>apa(i(c>)i(c> bice) (Ot(c)>}

wherel <t <T.

3. Termination:

{S;(c)} =arg max (i(l), ...,z'(c)>

i, 30

4. Best state sequence backtracking:

{579 = pra (1S59)
wheret =T - 1,7 —2,...,1.

The inferred hidden state sequence represents the understandiegedrted model regarding to the
occurrences of different events. As can be seen from the formulatithe extended Viteribi algorithm, the
temporal and causal correlations among different events, which fearelbarned from training data, are
utilised to explain away the errors in event detection and classification wikdndben states are inferred
on the new observations. This leads to more accurate event detectiolassiication. A DML-HMM for
activity modelling thus provides us with a top-down mechanism for the leannedlkdge to be utilised for

improving the activity representation, which is the input to the model.

4 Experiments

We have described in the previous sections an approach for modellingi@stinvolving simultaneous
movements of multiple objects. Using this approach, discrete scene evedétented and classified before
being fed into a DML-HMM in order to reason about the temporal and d¢aoseelations among different
event classes. Our approach is fully unsupervised in the sense thabhb@arameters of the event classifier
and the DML-HMM topology and parameters are learned without manualatz¢ding. In this section, we

illustrate the effectiveness of our approach with two examples of modelliigtis captured in an indoor
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and an outdoor cluttered scenes.

4.1 Modelling Shopping Activities

4.1.1 Data Set

A simulated ‘shopping scenario’ was captured on a 20 minutes video at Zibtae typical scenes can be
seen in Figure 7(a). The scene consists of a shopkeeper sat béslie an the right side of the view. Drink
cans were laid out on a display table. Shoppers entered from the |eéithed browsed without paying or
took a can and paid for it. The data used for this experiment were sam@dthates per second with total

number of 5699 frames of images siz#&) x 240 pixels.

4.1.2 Event Recognition

We adopted the adaptive Gaussian mixture background model [48]riantig background modelling. The
parameters were set as: learning rate= 0.002, background model thresholl = 0.7, six Gaussian
components were maintained and a diagonal co-variance matrix was addptecparameters for pixel
grouping werex = 12, 7 = 10, Thy = 10 andTs = 100. Only those salient pixel groups whose sizes were
larger than 40 were considered. The first 2700 frames of the seguate used for training. In each frame,
salient pixel groups were estimated in a 7-D feature space given bytiga). Unsupervised clustering
was performed on all the salient pixel groups from 2760 frames in the training set whed 18 events
were detected and classified into 5 different classes through moddicelesing BIC. The event clustering
and classification results are illustrated in Figure 7(b). Some examples ofatbtnd classified events are
shown in Figure 7(a). The location and the temporal order of the evewoisghout the sequence are shown
in Figure 7(d). We can observe that the 5 classes of events corgEpoarrectly to 5 key constituents of the
shopping activity. They were labelled @anTaken, ent eri ng/ | eavi ng, shopkeeper, br owsi ng
andpayi ng respectively. For comparison, clustering and classification were atéarped using AIC.
Figure 7(c) shows that 7 clusters were formed using AIC and crdgtatian. Compared with the result
obtained using BIC shown in Figure 7(b), tthopkeeper event class was split into two classes, so was
thepayi ng event class. The trained model was then used to recognise events dl@iatie rest of the

20 minutes video where 2516 events were detected and classified into thetcksses. These results
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Figure 7: Event detection and classification in a shopping scene. (a)ies of detected and classified
events in the image frame. Events belonging to different classes are indigdtebounding boxes in
different colours. (b) and (¢) Unsupervised event clustering ofriining set in the 7-dimensional feature
space (only the first 3 principal components are shown for visualisaipB)JC, AIC and cross-validation
respectively. (d) The whereabout and temporal order of the 5 clagsvents being detected throughout
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reinforce the early results using synthetic data shown in Figure 3.

It was noted that different classes of events occurred simultaneolisiy. also true that our event
recognition model made errors. Some of the errors were caused by ¢hision, closeness and visual
similarity among different events. However, since they occurred in difecontexts, semantically they
should belong to different event classes. For example, when a sheiapels in front of the shopkeeper,
it is impossible to tell whether he is going to pay unless one takes into consigevatigther any drink
can was taken a moment ago. The event classifier is therefore expeatetecsuch errors without taking
into account the temporal and causal correlations among differeneslagsvents. Such temporal and
causal contexts are modelled using the Dynamically Multi-Linked Hidden Mavkadel (DML-HMM) as

follows.

4.1.3 Activity Modelling Using DML-HMM

Entering/leaving S@lm ¥ Entering/leaving S

Browsing Browsing

Shopkeeper Shopkeeper

Paying Paying

CanTaken CanTaken

(b)

shopKeep Paying
Entering——— Browsing— { I
CanTaken shopKeep

Y

Leaving =
©

Figure 8: (a) and (b) Two DML-HMMs for modelling 5 temporal processaselating to 5 different classes
of events involved in the shopping activity. Their structure were deternbge®IC, and AIC respectively
using the same training set. (¢) The expected causal and temporal €rofctioe shopping activity.

For modelling the shopping activity with 5 different classes of events, wdaymg a DML-HMM to
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model the temporal and causal correlations among different eventsopbiegy of the DML-HMM were
learned from training data using BIC (see Figure 8(a)). For comparikertopology learned using AIC
using the same training data is shown in Figure 8(b). Comparing Figure &tb)ay, it is obvious that a
more complex model was selected by AIC. The discovered dynamic correlaimong different classes
of events are embodied in the topology of the DML-HMM. Compared with theebga structure of the
shopping activity as shown in Figure 8(c), the causal relationships adiffeagent classes of events and the

temporal structure of the activity were mostly discovered correctly by BIC.

4.1.4 Comparing Different DBNs for Activity Modelling

Experiments were carried out to compare the performance of our DMIMHM that of a MOHMM,
PaHMM and CHMM on modelling the shopping activity. The first 2700 framiethe image sequence
were used as the training set and the rest 2999 frames were used agtitfteset. The number of events
detected in the training and testing set were 2118 and 2516 respectihelye €vents were labelled into 5
event classes, as described in Section 4.1.2. The DML-HMM shown innd-Bfa) was adopted. For the
PaHMM and CHMM, there were also 5 temporal processes in their topologlere were 5 observation
variables at each time instance in the topology of the MOHMM. The numberrafpaers to be estimated
for the MOHMM, PaHMM, CHMM and DML-HMM were 6655, 375, 675, add 9 respectively. In the
following we present results on (1) extracting activity graphs using tlsitigaset, and (2) explaining away

errors in event recognition, which were conducted on the testing sef tsriearned models.

Activity graphs — Four different activity graphs can be automatically generated using toegure de-
scribed in Section 3.3.1 from the trained model state transition matrices of a MOQHHMM, CHMM
and DML-HMM respectively. Figure 9 shows the activity transition matriced eorresponding activity
graphs for the four models. It can be seen from Figure 9 that althougght#te transition matrices were
initialised randomly with no constraint on their transitions, the learned activitsitian matrices for the
PaHMM, CHMM and DML-HMM have sparse structures, which were fibtim be insensitive to initiali-
sation. On the contrary, the activity transition matrix for the trained MOHMM wey sensitive to ini-
tialisation and the generated activity graph revealed little about the true s&wftthe shopping activity.
Taking into account the number of parameters to be estimated for the MOHMIharsize of the training

set, it is obvious that the MOHMM suffers from severe over-fitting. Commggthe activity graphs extracted
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Figure 9: Left: Activity transition matrices learned from the training set using different models. Each
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from the PaHMM, CHMM and DML-HMM, itis also clear that the activity gragénerated from the DML-
HMM was least affected by noise in the event recognition with the cleanestections showing the most

plausible structure of the shopping activity.

Explaining away errors in event recognition — Errors in event recognition can be explained away using
the learned activity models. The values of the hidden state variables in the roaddis inferred using the
extended Viteribi algorithm formulated in Section 3.3.3, which correspondet@tlent recognition results
explained by the learned model. Here we show an example of using difieBs to explain away errors
in event recognition. Figure 10(a) shows the ground truth of evenircexaces during an activity from
the test set which lasted 140 frames. The detected and classified evefaised fair amount of errors as
shown in Figure 10(b). The hidden states of four different models wesd to infer (generate) occurrences
of events and their classes. Figure 10(d)-(f) show that the evergmémn results were improved using the
inferred hidden states of the PaHMM, CHMM and DML-HMM. However, merrors were introduced by
the MOHMM compared to the event recognition in isolation using GMM (see Egli@(c) and (b) ). Itis
expected because the MOHMM activity model was learned poorly due togh#igient training data. It is
also clear from Figure 10(f) that the result obtained using DML-HMM wesnearest to the ground-truth

shown in Figure 10(a).

4.2 Modelling Aircraft Cargo Loading/Unloading Activities

4.2.1 Data Set

Let us now consider an aircraft docking scenario which is more chafigrtban the simulated shopping
scenario because it is outdoor with very unstable lighting conditions (seesFid). In particular, typically

sequences taken in the early morning contained indistinct objects, reflgaiorglighting, whilst those

taken during the midday had strong sunshine causing strong shadowsaetie Fast moving clouds were
common during the daytime, which resulted in very unstable lighting conditiorescdimera was more than
50 meters away from where the activities took place, giving low resolutionasiafithe objects concerned
(see Figure 11). Among various activities occurred in the scene, weadieularly interested in the aircraft
cargo loading/unloading activities in which trucks, cargo lift and cargaainer boxes are moving or being
moved purposively to transfer cargoes to and from an docked diamahe ground (see Figure 12(a) for

typical scenes). A fixed CCTV analogue camera took continuous rieg@rdver two weeks period. After
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Figure 10: Improving event recognition accuracy in shopping activityetiod) using different DBNs.
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overcast dark strong shadow flooding light

Figure 11: Typical scenes of aircraft cargo activities under diffelighting conditions.

digitisation, the final video sequences have a frame rate of 2Hz. Each inaage has a size of 32240

pixels. Note that it is common for CCTV surveillance videos to have suchaeregly low frame rate.

4.2.2 Event Recognition

The parameters used for the GMM background model and salient pixab gistimation were the same as
those used for the shop activity modelling (see Section 4.1.2). Four diffelessses of events were automati-
cally detected using BIC as shown in Figure 12(c). They were labelledasngTr uck, novi ngCar go,
nmovi ngCar goLi ft andnovi ngTr uckCar go and illustrated using different colours in Figure 12. As
can be seen in Figure 12(a) and (d), they corresponded correctiyitkéy constituents of frontal cargo
service activities. The first three events correspond respectivelirticla a cargo container and a cargo lift
moving into a specific locations with particular directions of motion and occueaircthe image space. The
last event corresponds to any occurrence of simultaneous movemehestaick and the cargo container
when they are overlapped. For comparison, clustering was also medansing AIC and cross-validation
when 6 event classes were detected (see 12(c)). Compared withuh@btgined using BIC shown in Fig-
ure 12(b), bottmovi ngTr uck andnovi ngCar go were clustered into two event classes. These results

reinforce the early results shown in both Figures 3 and 7.

It is noted that the event recognition model makes more mistakes for theflat@rgo activities com-
pared to that for the indoor shopping activities presented in the precedatipn. This is due to the more
challenging nature of the scenario in the sense that (1) the lighting conditilbe &ircraft scene was far less
stable, (2) the image resolution of the moving objects in the aircraft scemdovesr, and (3) the movements
of different objects in the aircraft scene were overlapped a lot mamalesly, a Dynamically Multi-Linked
Hidden Markov Model (DML-HMM) was employed to interpret groups @€ets in correlation and as a

result, to explain away the errors in event recognition.
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Figure 12: Event detection and classification during aircraft cargarigadchloading activities. (a) Examples
of recognised events in the image frame. Events belonging to differeseslase indicated with bounding
boxes in different colours. (b) and (c) Unsupervised event clingt@f the training set in the 7-dimensional
feature space (only the first 3 principal components are shown for dticst) using BIC, AIC and cross-
validation respectively. (d) An example of the whereabout and tempuodel of the four classes of events
being detected throughout an example sequence. Centroids of difftasses of events are depicted using
different symbols.
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4.2.3 Activity Modelling Using DML-HMM
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Figure 13: (a) and (b) Two DML-HMMs for modelling 4 temporal processerresponding to 4 different

classes of events detected in aircraft cargo unloading activities. Thatige are determined by BIC and
AIC respectively using the same training set. (¢) The expected caus&t@poral structure of the activity.

For modelling the airport cargo loading/unloading activities with four difierdasses of events, we
exploit a DML-HMM network topology as illustrated in Figure 13(a). The togy of the DML-HMM
were learned from training data using BIC (see Section 3.2). The dismbwausal relationships among
different classes of events are embodied in the topology of the DML-HM¥ure 13(c) shows the expected
structure for the airport cargo unloading activities. It can be seerctheal relationships among different
classes of events and temporal structure of activity have been disdos@rectly. For comparison, Figure
13(b) shows the topology learned by AIC using the same training data. A coon@lex topology was

chosen and some wrong causal relationships among different evesgshaere also selected.

4.2.4 Comparing Different DBNs for Activity Modelling

Experiments were conducted on modelling aircraft cargo loading/unloatitigities using MOHMM,
PaHMM, CHMM, and DML-HMM and testing their comparative performand®sir database for the ex-

periments consists of 23 (9 loading and 14 unloading) continuous activjtyesees selected from the 2
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weeks recording giving in total 43275 frames of video data that coviesaht time of different days under
changing lighting conditions, from early morning, midday to late afternoohs. |&ngth of each sequence
was between 829 to 3449 frames at 2Hz, covering 12—25 minutes videgé&oThe DML-HMM shown
in Figure 13(a) was adopted. For the PaHMM and CHMM, there were atemporal processes in their
topologies. There were 4 observation variables at each time instance ipthegy of the MOHMM. The
number of parameters to be estimated for the MOHMM, PaHMM, CHMM and CHWM were 2511,
300, 412, and 332 respectively. In the following we present resulidpmodel training, (2) extracting
activity graphs, (3) comparative performance evaluation on activitygmition, and (4) explaining away

errors in event recognition.

Model training — Among the 23 sequences, there are 8 clean loading and 8 clean unloadiogy
loading and 6 noisy unloading sequences. By ‘clean’ we imply that the ligbtiagge in the duration of

a sequence is tolerable with limited error in event recognition. We usedadiffeombinations of different
subsets from the 23 sequences dataset to train the models in order toravbidsin the results. We used
the remaining subsets for testing. Three different types of model traireéng @onducted as follow§ase I:
Training by small clean set®Ve randomly split the 16 clean sequences into 8 small sets for which gach se
consisting of one loading and one unloading sequence, is used for ¢raiftie other 7 sets were used for
testing. Each set has on average 3733 frames with the shortest 31ibhgest 4929. This was repeated 8
times with a different set. Event recognition was performed on eachisetlusth sequences and there were
on average 695 events of four different classes automatically deteetedaming set. These recognised
events (represented by 7-D feature vectors) were then used asstwational input for training a DBN.
The loading and unloading sequence in each set was used to traintsbpara sets of model structure and
parameters in the training proce€ase II: Training by large clean setgach training set now consisted of
randomly selected 4 clean loading and 4 clean unloading sequences &d® skequences. Each set has on
average 14929 frames with shortest 13637 and longest 16221. Titingravas repeated as above 4 times.
These training and testing were repeated four tin@@ase |1I: Training by large noisy setd~our training
sets were constructed using randomly selected 4 clean loading and 4 nleading sequences as above,
but this time also included 1 noisy loading and 6 noisy unloading sequencestirset. Each set has on

average 28346 frames with shortest 27054 and longest 29638. Tiiegraas repeated 4 times again.

Activity graphs — Figure 14 shows four different activity graphs automatically generaiged the trained

model state transition matrices of MOHMM, PaHMM, CHMM and DML-HMM. Therre trained using
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Figure 15: Activity recognition rates from MOHMM, PaHMM, CHMM and DMHMM.
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a large noisy dataset from one of tBase llltraining sets above. From these activity graphs, important
stages of activities are shown to be discovered by the models. Althougltatedransition matrices were
initialised randomly with no constraint on their transitions, the learned activitysitian matrices have
sparse structures. It is also clear that among the four, the activity gexrated by the DML-HMM was

least affected by noise with the cleanest connections showing the besidad state space.

Activity recognition — The above trained four different types of models were tested for actedtygnition.
The models trained using each small clean set were tested for activitynigengn the remaining 7 sets.
The models trained using each of the large clean sets and each of theaisigeee tested on the remaining
sets. Figure 15 shows comparative testing results. As expected wherdataadets were used for training,
PaHMM, CHMM and DML-HMM achieved higher average recognition ratercdhe 7 testing sets (79
than that of MOHMM (68%) (Figure 15 (a)). This is due to that the latter’s large number of parameters
were poorly estimated without enough data. Given sufficiently large setieah data for training, all the
models were able to give a fairly high and similar average recognition ratelove testing sets at about
94% (Figure 15 (b)). However, if noisy data were used, the averagegnitian rate over the 4 testing sets of
MOHMM (75%), PaHMM (75%) and in particular CHMM (6%) dropped significantly compared to that
of DML-HMM (88 %) (Figure 15 (c)).

Explaining away errors in event recognition — Here we show an example of using different DBNs to
explain away errors in event recognition. Figure 16(a) shows thengrbowuth of event occurrences for a

cargo unloading activity unit from the test set which lasted 124 frames.eVants recognised using GMM

contained fair amount of errors as shown in Figure 16(b). The hiddéssof four different DBNs were used

to infer (generate) occurrences of events and their classes. Fig{oe(f) show that the event recognition

results were improved using the inferred hidden states of the DBNs. Eh# fieom the DML-HMM was

the nearest to the ground-truth shown in Figure 16(a).

5 Conclusion

In this paper, we have presented a unified automatic model selection hgzedeh for modelling com-

plex activities of multiple objects in cluttered scenes. Adopting a data-driveipapilistic model, both

the structure and parameters of the model are learned in an unsupanaseér from data. In partic-
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Figure 16: Improving event recognition accuracy for aircraft cafivities using different DBNs.

42



ular, object-independent events are detected and classified by wisagdeclustering using Expectation-
Maximisation (EM) and classified using automatic model order selection bas&tlowvarz's Bayesian
Information Criterion (BIC). We developed a DML-HMM model to discovee temporal and causal cor-
relations among discrete events for robust and holistic scene-levelibehaterpretation. A Dynamically
Multi-Linked Hidden Markov Model (DML-HMM) is built using BIC based ¢torisation resulting in its
topology being intrinsically determined by the underlying causality and tempodgr among different
events. Extensive experiments were conducted on modelling activitiegedtudifferent scenarios. Our
experimental results demonstrated that the performance of a DML-HMM afeltiteg group activities in
a noisy and cluttered scene is superior compared to those of other cdaepyaamic Probabilistic Net-
works (DPNSs) including a Multi-Observation Hidden Markov Model (MONW a Parallel Hidden Markov
Model (PaHMM) and a Coupled Hidden Markov Model (CHMM). Compgiaearesults on using BIC, AIC

and cross-validation for event recognition and DML-HMM topology digy were also presented.

The main limitation of the proposed activity modelling method is that large amountiofngadata
are required. The model thus may not be able to scale well for very comaplexties. One possible
solution is to utilise model prioris derived from learnt context knowledge taavgpthe learning efficiency
of our activity model given limited data. It would also be worthwhile to furthesestigate whether the
structure and parameters of a DML-HMM activity model can be adaptivestarm changes in the underlying
behaviours of objects. This can be achieved by adopting an incremestainig and inference algorithm.
Our future work will also be focused on developing a hierarchical DBpbkogy in order to model the

underlying temporal processes of groups of different activities at¢bae level.

Appendix A

Derivation of the Bayesian Information Criterion (BIC)

Bayesian Information Criterion (BIC) can be derived as an approximafitire Bayesian Model Selec-
tion (BMS). Given a data s€d and a set ofX' competing modem;, wherek € {1,..., K}, BMS chooses

the best model according to the Maximum A Posteriori (MAP) principle. Bipally, the model chosen by
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BMS maximisesP(my|O), the a posteriori probability of observir@ given modelmy:
my = arg max { P(my|O)}
my

Using Bayes' rule, the posteriori probability can be written as:

P(O[my) P (my)
Y i1 P(O|my) P(my,)

P(m|0) = (17)

where P(O|my) is the marginal probability (likelihood) of the data afdmy,) is thea priori probability

of modelm;,. For a parameterised modsl;., the marginal probability can be computed as:
P(O|my) = / P(O|my, O, ) P(6m, My )d6rm, (18)

where#f,,, is a vector of a dimensionality,, describing the parameter under;,, P(0m, |my) is thea
priori probabilistic density function of givenm;, and P(O|my, 6.1,,.) is the probability density function

of O givenm;, and6,,, .

If there is no a priori knowledge that favours any of the candidate mgithel8ayesian Model Selection
method selects the model that yields the maximum marginal probability. The analgtiagon of the
integral in Equation (18) is only possible for exponential family distributidhgt more general cases, an
asymptotic approximation method needs to be used. Here, the Laplaceiamifor is adopted to compute

the marginal probability”(O|my,) (see [44] for details), giving:

log P(O]my) = log P(O|my, Oy, ) + log P(Or, |my) + % log(27) — % log N — %log li| + O(N*%)
(19)
where Dy, is the dimensionality of the parameter spadejs the sample sizeémk is the ML estimate of
Om,, i is the expected Fisher information matrix for one observation [39],@(12&‘%) represents any
guantity such thaIV*%O(N*%) approaches a constant value/dsapproaches infinity. The first term on
the right-hand side of Equation (19) is of orde(N), the fourth term is of orde©(log V), while all the
other terms are of orde€p(1) or less. BIC is derived as the negative@f P(O|m;) with those ordeO(1)

or less terms being eliminated:

. D
BIC = —log P(O|my, O, ) + 7’“ log N (20)
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