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Abstract the latter has the hidden Markov model (HMM). Déspi

the recent renaissance in interest in time-warping
Human action recognition is often addressed byafse approaches, probabilistic models such as HMM have

latent-state models such as the hidden Markov maael  Maintained widespread adoption for their recognised
similar graphical models. As such models require strength against the intrinsic variations of acfimstances.

Expectation-Maximisation training, arbitrary choke Howevgr, .certam problems W'th, the training O,f such
must be made for training initialisation, with majmpact probaplllstlc models are Stl||' partially unresolveﬁlnce
on the final recognition accuracy. In this papere w modelling of the dependencies across observatitome a

propose a histogram-based deterministic initialisatand can prove complicg.ted qnd ad-hoc, Iatent. yariabthes,
compare it with both random and a time-based states, are often utilised in the models. This isgsothe

deterministic initialisations. Experiments on a tam US€ of Expectation-Maximisation (EM) style algonith

action dataset show that the accuracy of the predos [Of model training. However, it is well known thEM

method proved higher than that of the other tested2/g0rithms can only find local maxima of their targ
methods.p g function (typically, the likelihood), and that suafexima

strongly depend on the arbitrary initialisation tfe
model’'s parametersd. Moreover, the problem of the
quality of the maxima and the generalization toeems

1. Introduction examples is often exacerbated by the scarcity aihitrg
. - . . . samples.
Human action recognition from live videos is ondtedf The common approach to EM initialisation is that of

most important problems currently tackled by video running multiple training sessions with differerstndom
surveillance research. Humans are the main actors i jnjtialisations ofA and choosing the best session by cross-
surveillance scenes and their actions and intemraatiith validation. In contrast to the random initialisatio
the environment provide useful information for $gfe  approach, we recently proposed a deterministic
security and environment personalisation. initialisation method based on partitioning the
Recognising human actions in videos can be frarseal @ observations in the time domain [3]. However, we
problem of time-series classification. Featuresualeach assumed linearity in the human actions’ dynamicctvhie
single human subject are directly extracted frore th found a restrictive hypothesis in some cases. Héndhis
video’s frames and linked along the time dimensiyn  paper we present a deterministic initialisation hoet
tracking and data association algorithms. By wglti the  based on data histograms which does not rely on an
feature set extracted for a human subject at tmerge  equivalent linearity assumption. Given the high
time t, the overall time series can be noted as dimensionality of the observation space and thatikel
O={0,,..0,,..01}, with T the action length in frames. The scarcity of samples, this paper proposes to use an
feature set must be chosen to be action-discrimaatnd approximate histogram based on an incrementalyrieat
recognition can be provided by use of sequential py-feature approach. Experiments results seem niroo
classifiers. Two recent surveys in [1, 2] offer eodd the validity of this approach.
overview of the many action recognition approaches The rest of the paper is organized as follows. iSec
proposed over the last two decades. In terms ofoffers a brief review of the related work. In Senti3, the
classification approaches, two main lines of inigedlons  training initialisation for hidden Markov model is
have been followed: 1) recognising the action diyein described and then we propose our histogram-based
the time domain; and 2) recognising the action by initialisation. The feature set and experimentaults are

probabilistic graphical models. The former groups ha reported and discussed in Section 4. Finally, amichs
dynamic time warping (DTW) as its main represewéti  are presented.



2. Related work justify exploring alternative deterministic initishtions
more flexible in their assumptions.

Using HMM for human action recognition goes a long
way back. The first paper that we are aware ofmfro . e .
Ya?/natoet al, dates 1892 [4]. The authors used HMM to 3. Action classification using HMM
recognise six different tennis actions. In theirrkyceach
frame is background-subtracted and the extracted
foreground object is partitioned into a grid of dits,
centred on the centroid. The number of foregrouinelp
in each block is the feature set that is then mdppdo a
symbol by vector quantization. Discrete-output HMMs
with 36 states are used for recognition. This earyk
already epitomises two major problems of action
recognition: a) the adoption of a discriminativedan
workgl_ole _feature set and b) the choice of a suwtabl C; =arg max( p(O Hk)) 1)
classification approach. k

For the feature set, a variety of approaches haen b where p(OJA) is a likelihood function that can be
exploited, including optical flow [5], body parteatking effectively computed based on the forward or backwa
[6, 7], silhouettes [8] space-time interest poif@$ and algorithm [16]. If maximum-a-posteriori or minimurisk
local interest points [10, 11]. Researchers arewih the classification is sought, priors and costs can hsile
decision whether to use a rich feature vector, ipbss added.
invariant to the viewpoint (e.g. [12]), or a simpfast-to-
extract feature vector designed with opportunistition 3.1.Hidden Markov model
discrimination in mind [3, 10, 13]. ] o ) ) )

Various graphical models have been used to classify HMM is a probabilistic graphical model in which the
actions from observation sequences. While the maidel modelled system has observed outputs, or obsemgatio
has been the HMM, other models such as HMM variantsbut the states are hidden. The observation sequisnce
(coupled, hierarchical, layered, entropic etc.), 38  noted asO={o,,...or}, where T is its length. An HMM
CRFs have been used (e.g. [8]). However, they #re a With N states is represented by the following parameter s
highly parametric models a_md the tuning _ of their p) ={A, B,n} )
parameters may prove unsatisfactory. In particutzvl
learning is sensitive to the choice of the inipalrameter whereA is theN x N state transition probability matrix,
assignment, and this problem was recognised andB are the observation probabilities amdare theN x 1
addressed by various authors. For instance, Fetralr in initial state probabilities. In our case, the obaéibns are
[14] reviewed various HMM initialisation methodsdeal  continuous, multivariate random variables and their
on random techniques and introduced their own naktho distribution in each state is modelled by a mixtofeM
based on choosing the random start that leads ddyne  Gaussian components (Gaussian mixture model - GMM):
equiprobable states. In [15], Toledagtoal have explored "
three different ways of initialising HMM training) by a b. (o): c, G(0|,U'| = ) j=L.N
fixed template for all classes; 2) by historicakgges; ! " e
and 3) by oracle initialisation (this last only éstablish
offine upper bounds). While these methods remove !N Ed. (3).4 and; are the mean and covariance of the
undesired randomness, they are not adaptive itraieng ~ |-th Gaussian ang; is its weight, or prior probability, in
the training sequences in the time domain to seteet {44, 2j, Gi}).- Such a number is typically high and confirms
HMM's initial means. We reported an accuracy that i thatan HMM is a highly parametric model.
comparable to the average accuracy obtainable lityphau
random initialisations. However, some restrictive 3.2.HMM training
assumptions were made: a) that the action’s stabesd
occupy equal proportions of time (as if the actions
dynamics would develop linearly along the time
dimension), and b) that the states would evolva ffeft-
to-right” manner. Such assumptions do not seenefteat
the possibly complex dynamics of human actions and

Using HMM for action recognition converts the
recognition problem into classification of time issr A
much-cited tutorial on HMM and its three main perbk
— evaluation, decoding and estimation — can bedadan
[16]. Let us callC the set ofK action classesC =
{C4,....Cy...,.Ck}. Given an HMM for each class, noted by
its set of parameters],, k=1.K, maximum-likelihood
classification of a time series can be achieved as:

During training, the HMM parameters are typically
estimated to fit the training observation sequenedhb
maximum likelihood [16]. The most popular HMM
training algorithm is the Baum-Welch re-estimation
algorithm [16], which is of EM style. Like all EM



algorithms, it guarantees convergence to a loctimon

(or a saddle point) of the data likelihood, and plosition
and quality of such a maximum depend in turn on the
initialisation parameters. Moreover, the set of HMM
parametersd, contains two hyperparameters: the number
of states,N, and the number of Gaussian components in
eachb;(o), M. For these two parameters, we simply adopt
exhaustive search over a plausible rangeM 0O {1..6}

and a selection based on cross-validation accurAsy.
software, we have used and extended Kevin Murphy’s
HMM toolbox for Matlab [17].

3.3.HMM training initialisation

The Baum-Welch re-estimation algorithm requires an
initial assignment of the HMM parameters to iniiat
training. Whereas all the parameters influenceotiteome
of training, in the following we focus only dhbecause of
their typically overwhelming size. For instance, &m
HMM with N=M = 5,F = 10-dimensional observations (a
conservative figure) and full covariance matridég, size
of (B) is equivalent to 1,645 scalar parameters. The
problem with initialisation stems from the fact tlualy a
set of training observation sequences is givenhowit
knowledge of the states generating the observatibhe
training data permit an easy estimate pfo), the
observation probability marginalised over the stateet,
our estimation targets are the conditional obsermat
densitiesf,(0):=p (o|q=j).

Before we start describing our initialisation apgeb,
we illustrate a conventional method taking Murphy's
toolbox as the reference. Paramefrrequires to be
initialized with (N*M) sets of weighted Gaussian
components, &, Z;, ¢;}. Murphy’s toolbox obtains such
values in the following two steps:

1. Cluster creation: In the first step,N * M initial
clusters’ centres are chosen and supplied ton@eans
algorithm to cluster the observation data ito* M
clusters. In fact, thk&-means algorithm produces the initial
mean for each Gaussian of a single GMM with* M
components. The Gaussian’s covariance and its waigh
the mixture are calculated based on the resultingers.

2. Component dispatching: The N * M resulting
components are dispatched over tive states M
components to each state) in “appearance” order.

In Murphy’s toolbox, theN * M initial centroids fork-
means algorithm are chosen randomly from all thmimmg
data instances coalesced into a sirsgiper vectolFigure
1.a). While this method (calledindom centre$ereafter)
can produce effective initialisation, the trainirand
verification phases might have to be applied sd\ames
before satisfactory parameters (in terms of clasdibn
accuracy) can be found.

random initial
centres from |
‘super vectdrdata

componen
dispatching

to HMM

k-means )
™ learning

—>

a. Random centres (reference method)

boundary pointg
from sequence 1

componen
dispatching

to HMM
average .
g > learning

k-meang—»

boundary points
from sequenc&

b. Average of training instances (Moghaddam ana#idi [3])

Figure 1: Different cluster creation methods foitigisation.

Conversely, deterministic initialisation methods it
one-off training of the HMM. Their main advantagethat
of saving substantial training time which is sigraht as
generally training has to be iterated many timegrov
various experimental setups (datasets etc) andpoare
very time consuming.

In the average of training instancesleterministic
initialisation method of [3], the clusters’ centrese
initialised by using time segmentation: the fraraquence
of each training instance is divided inthl ¢ M + 1)
consecutive segments and the boundary points betwee
consecutive segments are collected and then avkboage
all the instances to compose the initial centrégufie 1.b).
Such an initialisation is equivalent to assumingt tbach
boundary point is in correspondence with a cluster’
centre, and that the various clusters occur inedt-tb-
right” sequence with equal duration.

An alternative to identifying centres by time
segmentation is that of resorting to the marginal
distribution of the observationp(o), and identify centres
therein. Whereas mode interference may hide certain
modes of the state-conditional distributions, asoeable
expectancy on modes’ separation supports this appro
Considering this issue, we propose an approachdbaise
an approximated histogram in the following subsecti

3.4. Histogram-based HMM initialisation

The method we propose to initialise {iiN¢M) clusters’
centres is based on the histogram of the “supetorec
Our aim is to locate the positions of the main nsote
then use them as initial clusters’ centres. Howenerde
seeking in multi-dimensional data can prove inaatyr



especially when the training data are not suffitjedense.
To mollify this issue, we compute 1-D histogranigach
individual feature separately, and then the initahtre
values are incrementally constructed feature-bjufea
For simplicity, we assume convex clusters and
independence of the features.

Here, for each featurg i=1.F, four consecutive steps
are performed (Figure 2):

i. (N*M) equally-sized bins are formed from the super
vector based on feature Then, we consider the
samples falling in each bin and we compute the
means of their first co-ordinates.

The bin with the highest density percentage is ehos
as one of the modes for featdreThen, the density’s

percentage of the chosen bin is decreased by

(L/(N*M)) * 100.

iii. The procedure at the previous step is repe@i&st)

times. The mean of the resulting modes are noted as

{Cs, p=1..\N*M), each being ani-dimensional
vector. A bin may end up being chosen more than
once if its density remains greater than that &f th
other bins in successive iterations. By proceedting
this way, the selected bins account for the largast

of the measurements and equate to a quantisation

step.

For the first feature, the value of the first calioate
of C,, p=1.\*M), is assigned to be the first co-
ordinate of the cluster's centig, p=1..(N*M). For
the following feature$, i=2..F, the (-1) co-ordinates
of eachK,, p=1..(N*M), are already calculated from
the previous cycles. In the current cycle, for elsgh

dataf,) dataf;)
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Figure 2: Histogram-based initialisation of clussecentres.

4.1. Segmentation of the MuHAVi dataset

The MuHAVi dataset includes videos from 17 action
classes performed several times by 7 differentesubjand

the mode with minimum Euclidean distance based oncaptured by 8 cameras simultaneously. To the Hestio

the first {-1) co-ordinates is selected and its
dimensional mean recorded @g I1=1..(N*M). Then,
the value of tha-th co-ordinate ofC, is assigned to
be thei-th co-ordinate oK.

The underlying assumption of this procedure is that
modes of the multi-dimensional histogram can be
approximately located based on the histogram's 1-D
projections. Its main advantage is that a mode calome
feature can be in correspondence with multiple mode
along any other feature, therefore overcoming tlenm
limitations normally associated with mode analysisn 1-

D histogram projections.

4. Experiments

We have evaluated our cluster initialisation mettnatth
the recent MuHAVi (Multicamera Human Action Video)
video dataset from Kingston University London [18].

knowledge, it is the most comprehensive public cacti
dataset to date in terms of combined number ofacti
classes, subjects and cameras. In order to keegnition
and segmentation issues separate, the datasetoaimase
manually annotated silhouettes available (MuHAVi-B)A
However, manual annotation is time consuming ared th
current number of manually-segmented sequencesherr
limited (a total of 136 sequences for only two ceas
Furthermore, using manually generated masks faming
or validation would provide an optimistic estimaié a
method’s accuracy compared to a real embeddingewher
segmentation must be automated. Hence, we decaled t
use the main dataset and extract the masks autathati

We chose the frame sequences of one camaragrald
and applied a simple, but effective backgroundragtibn
technique. Assuming a fixed camera, a fixed scewena
major illumination changes, we fixed the background
frame as the initial frame for the whole action girand
provided foreground extraction by a thresholded

Comparative experiments between the proposed methoddifference. The inevitable errors were corrected by

the deterministic initialisation from [3] and ramdo
initialisations are presented in this section.

morphological operations, to join unconnected regiand
remove smaller objects from foreground regions.



Table 1:Number of action samples with automated masks
from the MuHAVi dataset (camera 4).

Table 2:Classification accuracy (%) with the different
cluster initialisation methods.

Action Number of samples Random centres (average and standard deviationroh§,
ClimbLadde 7 M=1 M=2 M=3 M=4 M=5 M=6
CrawlOnknee: 29 N=1 | 641 70.420.4| 735:05  74.1:0574.3:0.3| 74.5:0.1
DrawGraffiti 7
Drunkwalk 26 N= 67.8+1.2 71.7+0.9 72.5x1.9 72.2+¢1.072.0£1.1| 72.6x1.4
JumpOverFenc 28 N=3 | 73.1#1.3 | 75.0#2.9 74.0:+1.3  75.2+1.375.1+12| 74.1x0.7
JumpOverGa 14 N= 76.3£1.1 76.0+1.4) 76.4+0.9 76.8+1.077.5£1.0 78.5x1.0
Kick 32 N=5 | 76.2¢1.5 | 78.1x15 78.2:+1.4  77.3:1.977.5:1.2| 77.8+1.Q
LookinCar i 29 N=6 | 76.80.5 | 78.9+0.8 | 78.9:0.9 | 77.6+1.3| 78.0:0.9| 78.7t1.1
PickupThrowObject 26
PullHeavyObjec 28
Punct 32 Random centres (best of 5 runs)
RunStop 28 M=1 M=2 M=3 M=4 M=5 M=6
ShotGunCollapse 29 N=1 64.1 71.1 74.4 74.6 74.6 74.4
\?vfzi’?if;?bieﬁ 2820 N=2 | 691 | 731| 741| 739 739 744
WalkTumBac] 58 N=3 | 74.4 79.6 75.9 76.6 76.4 74.8
WaveArms 7 N=4 | 77.6 77.4 77.4 78.1 78.6 79.6
Total 398 N=5 | 77.9 79.1 | 80.2 79.4 79.1 79.1
N=6 | 77.6 79.9 | 80.2 78.9 79.4 79.9
Whereas in real-life application additional segrainh Average of training instances [3]
issues may occur (multiple targets, severe illutioma M=1 M=2 M=3 M=4 M=5 M=6
changes etc), our procedure is far more realiient N=1 | 64.1 70.6 73.4 74.4 74.4 74.4
manual segmentation. In this way, we automatically| N=2 | 67.6 73.6 70.9 72.4 71.9 72.1
segmented 398 sequences from ¢hmeradviewpoint as N=3 | 72.1 72.9 75.4 74.9 73.4 72.1
summarised in Table 1. N=4 | 75.4 75.6 76.4 73.6 73.9 76.4
N=5 | 77.6 76.6 776 | 786 | 77.9 76.6
4.2.Projection histograms as feature set N=6 | 781 | 786 | 784 | 774 | 784| 779
Given the typical tight real-time constraints ofle® ) o
surveillance, we chose to extract a minimal set of Histogram based cluster initialisation (Our method)
projection histograms as the feature set for theMdM M=1 | M=2 | M=3 | M=4 | M=5 | M=6
Such descriptors project an object’s pixels ontwithage N=1 | 641 706 3.1 41 4.6 744
coordinate axes and compute an horizontal andcetrti N=2 | 67.6 724 734 696 716 34
histograms [19]. As an action takes place, the two N=3 | 724 4.9 7.9 4.9 5.1 734
projection histograms reflect the changes in thgaits N=4 | 746 5.9 7.6 7.9 9.9 7
shape and promise to be action-discriminative. Taey N=5 | 76.6 76.9 /8.1 7.9 7.6 78
invariant to scale, but sensitive to rotation. N=6 | 76.9 il 794 [EU rr.4 8.9

To compute the histograms, we first calculate the
coordinates of the bounding box surrounding the dum
silhouette in the foreground frame. Then, a windisw

We compared the proposed initialisation method with

centred on the bounding box's centre and histogramthe random centre@nd theaverage of training instances

computed. We use histograms with 10 bins eachjrgad
to a total feature vector of length= 20.

4.3. Experiments on cluster initialisation methods

As validation test, we have used “leave-one-sulgjett
cross validation i.e. in each run we leave oneeuilbput
during training and we use it for testing. Thisidation
procedure is sensible as in real applications stijgould
not have been seen during training. The final aour
result is the average over the various subjectsI{sg).

proposed in [3]; yet, we tried to provide an impement:

as the time segments’ boundary points could be
occasionally heavily affected by noise, we used the
average of all the points in the respective segsént
increase robustness. Table 2 reports the comparativ
classification accuracy.

For random centreswe report the average accuracy
over 5 different random starts alongside the stahda
deviation, and also the best accuracy out of thetaBts.
Since the number of HMM stateN, and the number of
components per statdyl, are hyperparameters in the
Baum-Welch algorithm, we decided to experiment over



rangeN, M = {1..6} and choose the best combination
based on cross-validation accuracy.
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random runs (80.2%N = 5, M = 3). Theaverage of
training instancegproved the worst, with a best accuracy
of only 78.6% N = 5, M = 4), possibly due to its
restrictive assumptions. If applied an unbound remuf
times, it is likely that theandom centresmethod would
eventually provide the highest accuracy for
combination ofN and M. However, for practical reasons
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the number of starts must always be capped anddwoul 1395-1402 Vol. 1392.

limit the trade off between accuracy and traininggt

5. Conclusions

In this paper, we have proposed a deterministihatet
for learning initialisation of HMMs based on an
approximate data histogram. The proposed approath a
to deliver an accurate model from a single iniiation,
thus saving substantial learning time compareddithijphe-

[9] P. Dollar, V. Rabaud, G. Cottrell and S. Belang
“Behavior recognition via sparse spatio-temporatdees,” in
Proc. of the 2nd Joint IEEE Intl. Workshop on Visua
Surveillance and Performance Evaluation of Trackiagd
Surveillance 2005, pp. 65-72.

[10] H.-S. Chen, H.-T. Chen, Y.-W. Chen and S.-YeelL
“Human action recognition using star skeleton,Proc. of the
4th ACM Intl. Workshop on Video Surveillance andsse
Networks ACM, 2006.

starts methods. Experiment results showed that thelll N-Liand D.Xu, “Action recognition using vgtited three-

proposed initialisation was capable of achievindtere
accuracy than the best of five random initialisasiand
the method previously proposed in [3]. We argue tha

state Hidden Markov Model,” ifProc. of the 9th Intl. Conf. on
Signal Processing (ICSP 2008008, pp. 1428-1431.

[12] Y. Shen and H. Foroosh, “View-invariant action

proposed approach can be usefully extended to othefecognition using fundamental ratios,” Proc. of the IEEE

discrete latent-state models popular for humanoacti
recognition such as dynamic Bayesian networks an
conditional random fields where the probability of
observable random variables must be modelled dondit

to discrete latent states.
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