Learning Spatial Context from Tracking using Penalised Likelihoods
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Abstract track are entry and exit points respectively. Points at which
speed in the image plane drops below a threshold are la-
MAP estimation of Gaussian mixtures through maximi- belled as inactivity points. This inactivity threshold was set
sation of penalised likelihoods was used to learn models ofto the speed obtained when a person walked at a slow walk-
spatial context. This enabled prior beliefs about the scale, ing pace at the periphery of the field of view. The problems
orientation and elongation of semantic regions to be en- of learning the entry zones and inactivity zones which con-
coded, encouraging one-to-one correspondences betweestitute the spatial context model were formulated as ones
mixture components and these regions. In conjunction withof clustering entry/exit points and inactivity points. These
minimum description length this enabled automatic learn- unsupervised learning problems are not straightforward be-
ing of inactivity zones and entry zones from track data in a cause, although reasonable upper bounds can be imposed,
supportive home environment. the number of zones of each type is not knaavpriori. In
other words, model order must be estimated.

2. Gaussian mixture models
1. Introduction
A Gaussian mixture model (GMM) is a proba-

Context-specific spatial models can greatly reduce bility density function (PDF) of the formp(x) =
the complexity of behaviour interpretation. Several au- Zszlwkp(xm,uk,zk) wherezle 7, = 1 and the mix-
thors have proposed learning such models automaticallyture components are Gaussian densities. The model’'s pa-
from extended observation but the resulting models are dif-rameters 9, are the mixing weightsz;, the meansy,,
ficult to interpret since they use clusters or hidden statesand the covariance matriceX,,, for each Gaussian com-
that are not in one-to-one correspondence with semanti-ponentk € 1... K. Given a sett = {x!,...,xV} of N
cally meaningful spatial regions (e.g. [6, 7, 11]). This pa- i.i.d. realisations ok, the log likelihood is:
per demonstrates how MAP estimation can be used to N N )
obtain Qaussmn mixtures in which such a COITESPON- 1 v|g) = log HP(X"|9) _ Zlogzﬂw(xﬂk,uk, =)
dence is more strongly enforced. The method is ap- e = =
plied to a supportive home environment scenario in which Q)
a ceiling-mounted camera is used to monitor an occu- The EM algorithm [1] provides an iterative method for
pant. Two uses for the model are fall detection (correlated searching for a local maximum of this likelihood. Each iter-
with unusual inactivity) and high-level activity summari- ation consists of an E-step and an M-step. In the E-step the
sation in human-readable form. The task is to learn, from posterior probability that componehis responsible fox™
motion trajectories, semantically meaningful spatial re- is estimated:
gions of two kinds: inactivity zones and entry zones. Tp(X" |k, oy, T

Inactivity zones are regions where the person typically ex- k= 178 ;
y g p yp y Zi:l Wip(xnhv“wzi)
time (e.g. a chair, a bed). No distinction was made be- In the M-step, the parameters are re-estimated as:

hibits little global motion for an extended period of

tween entry and exit zones in our context model since 1 ZN R
these zones are dual purpose: they are referred to as en- 7% = — hi ppev = S&m=LkZ ()
k N k k N n
try zones. =1 2n—1 Mk
A tracker based on an ellipse model and a particle fil- N
ter yielded temporally discretised, smoothed 2D trajectories spew — Doy PR (X" — ) (X" — pge)” 3)

(see top of Figure 2). Points at the beginning and end of a Ef:’:l hp



This maximum likelihood (ML) estimation algorithm, al- the Dirichlet density is a conjugate density for the multino-
though sensitive to initial conditions, can provide effective mial distribution (for the mixing weight parameters) and the
parameter estimation. As is well known, however, ML can- normal-Wishart density is a conjugate density for the Gaus-
not be used to determine the number of Gaussians, i.e. thesian distribution. It assumes independence between the
model order. Robertst al. [10] compared six model order parameters of each Gaussian component and the mix-
selection techniques for GMMs and found that those meth-ing weights. This choice of prior enables EM to be applied
ods with some information theoretic basis outperformed to MAP estimation, i.e. to maximise the penalised likeli-
more heuristic methods. In particular, a method based onhood:

the minimum description length (MDL) principle [9] was

K
strong. This principle can be concisely statedsakect the L(X|0) + log D(w|y) + Z log N (py vk, ny ' 2k)
model that gives the shortest description of the data set el
MDL has been used to select GMM model order for cluster- +logW(Z; o, By)]  (5)
ing human gestures [13] and space-time regions for video . - ] ]
indexing [4]. Given parameter estimatés,the model or-  Wherem = (my,....7x), D is a Dirichlet density\ is

der is selected so as to minimise the description lergth, @& normal density andV is a Wishart density. The hyper-

in Eqn. (4) wheré/ is the number of free parameters in the Parametersd, By, vk, nx andwy) can be interpreted as
model. sufficient statistics of an additional, notional data set. In

- 1 fact, notional data sets of different sizes,, w,, andws,
C=—L(x|6) + §M1DN ) can be associated with each of the different model parame-
ters. If a non-informative, uniform prior on the hyperparam-
eters is assumed, then= wy, + d and8 = wsS, where
S is the estimate ok obtained from the notional data set.
ghe E-step is as before but the M-step is modified [3, 8].

This is in fact a simplifiedwo-stagedescription length
criterion [5]. The first term represents the number of nats
needed to encode the data getgiven the estimated model,

6. The second term represents the number of nats needed t . i .
encode the model parameteisto precisionl /v/N, which In particular, in the absence of prior knowledge about the

is the magnitude of the parameter estimation error. Note thatMeans and mixing parameters (h.e’" = wy = 0), thg up-
In2 nats= 1 bit. dates for these parameters remain unchanged while the co-

variance update becomes:

3. Maximum penalised likelihood sinew _ Yopt PR (X" — ) (" — )T + By,
: Zn:l hZL + o — d

The EM algorithm in conjunction with the MDL crite- (6)
rion can be used to estimate the order and parameters of
a GMM PDF. This has been found to work well on sev- 4. Learning inactivity zones
eral synthetic and real-world data sets in the literature al-
though some authors report a tendency for MDL to under-  The approach adopted when learning inactivity zones is
estimate model order. In this paper, GMMs are used to iden-that, a priori, there is no reason to prefer any image loca-
tify semantic regions for spatial context modelling. Here, tion over any other, nor to bias the mixing weights. There
the aim is not an accurate overall density estimation. Rather,is, however, a strong prior belief about inactivity zones’
the model order should correspond to the number of se-scale and shape. In particular, the distribution characteris-
mantic regions, and the Gaussian parameters should proing a zone is expected to be approximately isotropic. The
vide a probabilistic description of the spatial characteristics penalised likelihood method is therefore used to penalise
of these regions. Data from a region might be distributed non-isotropic Gaussians that differ from the expected scale.
only approximately normally. These beliefs are encoded by setting = w, = 0 and

In order to obtain Gaussian components that corre-S = o2I whereo is a scale parameter adds the iden-
spond to meaningful semantic regions, a penalised like-tity matrix. The EM algorithm needed then uses the origi-
lihood approach is adopted. A penalty term is added to nal M-steps for the mixing parameters and means (Egn. (2))
the log-likelihood function such that maximising this pe- and a covariance update based on Eqgn. (6). The values of
nalised likelihood is equivalent to the Bayesian approach of ws, ando need to be determined in advance. Bhparam-
maximising the posterior (i.e. MAP estimation) where the eter encodes a prior belief about spatial scale (the variation
penalty term is the log of the prior. in image translation of a person when at rest in an inactiv-

Gauvain and Lee [3] proposed MAP estimation of ity zone) whilews; encodes the strength of this prior belief.
GMNMs for speech data using a product of a Dirichlet den- These values do not have to be chosen very accurately be-
sity and normal-Wishart densities as a prior joint den- cause the results obtained are similar over a large range of
sity, p(0). This choice of prior was justified by the fact that values.




5. Learning entry zones responding ellipse is rotated lgywhereR is a rotation ma-
trix. This suggests a modification to the M-step for updating

Entry zones are elongated and expected to occur near théhe covariance matrices by settiign Egn. (6) toR¢CR£.
image borders in the application considered here. Two solu-In this way, the current estimate of a Gaussian component’s
tions are described for learning them. The first models entrymean is used to determire The prior for a Gaussian’s co-
zones as 1D distributions on a closed contour near the im-variance matrix thus depends on its mean.
age borders. The second models entry zones as elongated
2D distributions. 6. Experiments

Rather than treat entry zones as 2D regions, they can be
treated as 1D regions on some closed contBrspeci- Evaluation was performed on trajectory data obtained in
fied to be near the image borders where entry zones willy sypportive home environment scenario. EM algorithms
be located. The problem is then that of clustering entry/exit were initialised by running K-means and setting mixing
points after projecting them onto a closed contour. (Either yeights to the proportion of data points in each cluster
each 2D point is mapped to the nearest point on the con-and covariance matrices to the sample covariances for each
tour or the points at which trajectories crasdor the first  ¢jyster. Figure 1 shows the description lengths obtained us-
and last time are recorded). One approach would be to treatng Eqn. (4) from10 different runs of EM for each value
these pOintS as Cil’CUlaI’ data and estimate a miXtUre Of Vonof K between 1 and 9. Plotted are means obtained over ten
Mises distributions [12]. However, the data are not truly cir- ryns for each model order. Error bars denatene standard
cular and so a simpler approach was preferred here thageviation. ML estimation of inactivity zones resulted in a
takes advantage of the fact that every room will have a rela-minimum atx = 6 indicating that a mixture of this many
tively large distance between at least two neighbouring en-components best estimated the density. However, MAP es-
try zones. A point on3 was found in a region with a low  timation resulted in a minimum a = 2, the true num-
density of entry-exit points. This point was used to ‘break’ per of semantic regions. ML and MAP estimation of 1D
B so as to treat the data as linear. A 1D Gaussian mixtureentry zones both resulted in a minimumIt= 2 which
Clustering method similar to the one used to |dent|fy inac- is the true number of semantic regions (doors)_ Note, how-
tivity zones was then used to identify entry zones. The scaleever, that there is increased certainty about the MAP model
parametery, was set to reflect a prior belief about the width  order due to the reduced variance. ML estimation of 2D en-
of room entrances (doors). The point at which to break the try zones resulted in a minimum &f = 5. However, esti-
contour was found using the following simple algorithm. mation using the penalised likelihood resulted in a correct
Points onB were ordered to give a sétry,...,an} of  minimum atk = 2. Figure 2 shows example results ob-
points on the 1D contour relative to an arbitrary origin on tained using the model orders suggested by MDL for ML
B. The break point o8 was then found agr;s — z;)/2  (lefty and MAP (right). Image resolution was0 x 360 pix-
wherej = argmax; |z;+s — x;| and arithmetic was per- g|s.
formed moduloN. The offset) was set to a small fraction It should be noted that prior parametets:(= 0.2N,
of the data set size to give some robustness to outliers. In, — 40 5, = 40 ando, = 20 pixels) were deliberately

experiments described here,= [0.01N]. However, the ot set carefully: the spatial scale parameters chosen were
breakpoint found was rather insensitive to the value. of in fact rather too large for the scene used here. Sensitivity to

Alternatively, the spatial extent of an entry zone can be the value ofusx, was investigated by examining the propor-
modelled as an elongated 2D elliptical region with an ap- tijon of the mixing weights accounted for by the strongest
propriate orientation angles. In the special case of an en-  two Gaussian components when clustering inactivity points
try zone which is elongated along the image'sixis (i.e.  using K = 6. This proportion was greater than99 for

¢ = 0°), a diagonal covariance matri® = diag[o?, 0] 0.05 < ws < 10, indicating that the result was rather in-
characterises the zone, wherg > Oy- The determinant sensitive over this |arge range of values.

|C| encodes the spatial scale and the ratigo, encodes
the elongation. However, the orientatian of an entry zone
is expected to change with image location in the applica-
tion considered here. Assuming that the image coordinates

are relative to an origin in the centre of the image, a Gaus-. . ) .
. : . : in MDL estimates that recovered the true semantic regions.
sian centred gt = (u,,, p1,,) IS expected to be oriented with

wit On the other hand, unpenalised ML estimation with MDL
an angle which can be approximated¢as- tan~"( ) resulted in the number of Gaussians being overestimated.
wherew andh are the width and height of the image. The Furthermore, modifications to the simplified MDL to more
corresponding covariance matrix can then be obtained asaccurately estimate description length (e.g. [2]) are likely to
R¢,CR£ which is a transformation of such that the cor-  further increase the model order estimated with ML.

7. Conclusions

In summary, the use of the penalised likelihoods resulted
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Figure 1. Description lengths for inactivity
zones (top), 1D entry zones (middle) and 2D
entry zones (bottom). Left: ML. Right: MAP.

Figure 2. Example results for inactivity zones
(top), 1D entry zones (middle) and 2D entry
zones (bottom). Left: ML. Right: MAP.

Future work could usefully explore learning temporal ]
context with this approach. The method could also be ex-
tended to cope with outliers by, for example, assigning one [7]
Gaussian in the mixture a low mixing weight and large vari-
ance priors.
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