Probabilistic visual leaming for object representation
(B. Moghaddam and A. Pentland, "Probabilistic visual learning for object representHtiBE’,
Transactions on &tern Analysis and Mduine Intelligence vol. 19, no. 7, pp. 696-710, 19931¢ling)).
f The problem

- Learning and modeling the visual appearance of objects éices &ind human
hands) from a set of training imagery

- Given a st of training imagext, t=1,2,...,N from an object claséV, esti-
mate the likelihood functionp(x/W).
f The approach

- Perform density estimation in high-dimensional spaces using an eigenspace
decomposition.

- This is more dEcient than performing the density estimation in the original
high-dimensional space.

- Two types of density estimates are gedi for modeling the training data:
(1) a multvariate Gaussian
(2) a mixture-of-Gaussians

- These densities are the used to compu#ditikods for object detection.
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- Density estimation in eigenspace

- The goal is to estimate tloempleteprobability density of the objestgpear
ance using an eigeector decomposition of the image space.

- The probability density is decomposed int@@omponents:

(1) the density in the principal subspace (i.e., deEned by the principal com-
ponents).

(2) the density in its orthogonal complement (i.e., de(Ened by the compo-
nents that are thvan avay).

- Quick review of eigenspace theory

- Given a =t of image ectorsx', t=1,2,..NT, we identify the lagest compo-
nentsM of the caovariance matrixS.

- Each image ®gctor is then xpressed in a me coordinate system (de(Ened by
the principal eigevectors):

y=Fp X

where X= X - X and the columns df are the principal components.

Principal subspacd-: the space de@Ened by the principal comporteqnts
1=12..,M

Orthogonal complemenk: the space deEned by the other comporkents
i=M+1,.,N




Distance in &ce space (DIFSjtistance computed in the space of principal com-
ponents.

Distance fromdce space (DFFS|1) project, (2) reconstruct, (3) subtract from
original (essentially the distance computed in the space of the non-principal
components.

= S V¥ =|Kl- Sy? esidual)
=M+l =1




- Modeling the density as a high-dimensional Gaussian

- Let's asssume that the density afdes in clas§Vis modeled by a high-dimen-
sional Gaussian whose parame{&sS) have keen estimated:

1
@p)VIS

- The DIFS should be computed using the Mahalanobis distance:

(W) = exif- - (x- %)'S(x- %)

d(x) =(x- X)'SYx- x)
(this is essentially’ (W X) assuming equal priors)
- In most applications, we simply discard thespace and wrk with pg(X/W)

- To compute the liklihood of an obseation X, howeve, it might be important
to use the complete densip{X/W\) (i.e., we needdg(X/W)).

- There are an in®nity ofectors which are not members \&f and can hee
similar F-space projections.

- We may get man false positres without usingpg(X/W)
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- Computing d(x) assuming a Gaussian density

- We aan ravrite d(X) using the decomposition &(i.e.,S =FLF )

d(x) = (x- X)'SH(x- x)= AFL'FT A=y'Ly= g—f
i=1

- Evaluating the abwee e)pression gplicitly is not feasible due to the high
dimensionality (i.e., we do not compute all the eighres in practice).

- We reed to estimatd(X) using onlyM eigervalues (i.e., those corresponding
to the principal components).

Ny M N
d=5 =50+ S &
i=1 7 i=1 7/ i=M+L /7

- We will approximated(X) with the folloving expression:

fro=8Y +1 § p-8% , X

i=1 / r i=M+1 i=1 /I r

- It can be shan that the optimalalue rof ris given by:

" 1 N

= /:
N-M i:§+1 !

- The \alue of r” can be computed byx&apolating the eigenspace spectrum
(e.g., ®t a function likl/f to the aailable eigenaues and thedct that the last
eigervalue is the estimated pknoise ariance).
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- Substitutingd(x) in p(x/W) we getp(x/W):
1 1 My?  e(x)
PN = oz & 237,
2

t et 2 (S L et 2 (T
(20)W2P /12 = @ Pt '

=1 i=M+1

1 M y|2 1 ez(X)
ot 5 &7, gy o 3 ()

Pe(X/W) . Pe(X/W)



- Modeling the density as a mixtue o Gaussians

- When the training set represents multiplewseor multiple objects under
varying illumination conditions, the density of the trainingwsein theF-space
IS no longer unimodal.

- The training data tends to lie on complnd non separable wsdimensional
manifolds in image space.

- To deal with_this issue, we need to assume fhafXx/W) is an arbitrary den-
sity p(y/q) ( A (x/W) is still assumed to be Gaussian).

A(XIW) = p(ylq) Bx/W)

- We can modelp(y/q) as a mixture of Gaussians:

p(ylq) = kKs1 o(yIG)Pk

whereq are the parameters of the mixture (e@€ly/qy) is a Gaussian).

- The parameters of the mixture can be estimated using the EM algorithm.



- Face detection usingA(x/\)

- Compute the posterior probabilitid3(\WWX) at each location of the image
using A(x/\W) (saliency map

- Use diferent windev sizes for handling scalen(ultiscale saliency majps

- Local maxima in the saliepenap correspond tates.

- Experimentl: detection of facial featues

- Detect fcial features lig the ges, the nose, and the mouth (e.g., needed to
normalize &ces for &ce recognition).

- A database including 7,562 "mugshot" images were used ingbesiment.




- Three methods a been compared using 7,000 images from that database:

(1) template matching using SSD (sum-of-squarefkérdices) - the tem-
plate was based on thereage &cial feature (e.g., lefiye).

(2) DFFS template (Euclidean distance, 5 principal components)

(3) ML detector (a single Gaussian, 5 principal components)

==

- Experiment2: detection of faces

- The mutiscale detectoras also tested on 2,000 images from the FERET
database.

- A single Gaussian as used - 10 principal components.

- Correct detection rateas 97%.



- Experiment3: recognition of frontal faces

- A database with 7,562 images of 3,000 people (mememn, children, diér-
ent races) @&s used.

- Arepresentatie %t of 128 &ces were used for computing the eigess.
- A single Gaussian as used - 20 principal components.
- The arerage recognition rate ag assessed by performinyesal experiments

(200 faces selected at random for testing) - the systemvadh®5% recogni-
tion rate.
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- Experiment4: recognition under general viewing conditions
- Given N individuals undeM different vievs we could:
(1) Use Nayas gproach (parametric eigenspace)

(2) Build M distinct eigenspaces (one perw)e (view-based eigenspace)

- They argue that the "vier-based" eigenspace approach models a conue
tribution by the union of seral simpler distriltions.

- To determine the location and orientation obad in an input image, we com-
pute its likelihood in each eigenspace and select the maximum.

- The viev-based approach as eauated using 9 vies of 21 people (189
images, -90 to 90 deees).

Interpolation performance

* Trained with+90 degyrees*45 degyrees0 degees
* Tested witht68 dgrees and23 degrees
* A chieved 90% average recognition performance.

Extrapolation performance

* Trained with images e.g., in the intah{-90 dgrees to +45 dgees)

* Tested with viev e.qg., +68 dgrees, and +90 deces

* For testing vievs separated b¥23 degrees from the training images, the
avaage recognition rateas 83%

* For testing viavs separated b¥45 dagrees from the training images, the
avaage recognition rateas 50%
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- Experiment5: modular recognition

- Build a separate eigenspace for eatidl feature (i.e., eigeyes, eigennoses,
eigenmouths).

- Used a database with 2 wig of 45 people.

- Used half for training and half for testing.

- The eigenfeature approach is really superior when thereasiggions in the
input image (e.g., hats, beards etc.)

- Experiment6: hand detection and ecognition
- The human hand is a highly articulated, non-rigid object.

- A shape representation (edge-based) is used to characterize its identity (i.e.,
texture not important).



- A mixture of Gaussians is used in this case for hand detection (theudistrib
of hand gestures is multimodal).



- Used 5 mixture components and 10 principal components.

- Present some results where the hand is detected successfully assuming com-
plex background.

- Once the hand has been detected, recognitioarisvwery accurateen using
a dmple Euclidean distance (100% success rate assuming 375 frames from an
image sequence containing 7 gestures).



i Nl

Tracking color objects using adaptre mixtur e models
(S. McKenna, Y Raja, and S. Gong, facking color objects using adapi mxture models",
Image and Msion Computingvol. 17, pp. 225-231, 19991-line))
- The problem
- Tracking color objects in real-time undearying illumination, vi&ving geom-
etry, and camera parameters.
- Curr ent approaches
- Use non-parametric models based on histograms (requires lots of data).

- Use only one Gaussian whose parameters are adajaeiee.

- The approach
- A statistical model is proposed for modeling color disttibns wer time.

- The model is based on adaptiGaussian mixtures for real-time tracking color
objects.

(1) A set of predetermined generic object color models can be used to ini-
tialize (or re-initialize) the traak

(2) During tracking, the model adapts and invesoits performance by
becoming speci®c to the obsed/conditions.

- The model performs satettory under a&rying illumination, vieving geome-
try, and camera parameters.



- Assumptions

- The number of components isft ®xed (determined using a @& data set).

- This implies that the number of components needed to accurately model an

object's wlor does not change signi®cantly with changingwmg conditions.

. Color mixtur e models

- The conditional density of a pk X;, belonging to an object,O
(i=1,2...,n), is modeled as a Gaussian mixture wihcomponentsX; is
two-dimensional):

p(x/0) © p(xi/q) = é D(%/g)0x

- Each componenp(X;/gy) is modeled as a Gaussian:

1
(2p)ISif?

- The Bayes rule is used to decide whetheelpi, (i =1, 2,...,n) belongs to
O:

p(Xi/qy) = exq- ( - m) S - mo)]

p(x/O)P(O)
P(Xi)

P(O/X,) =
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- Using the EM algorithm to estimate the parameters of the mixtus

Expectation step (using paperotation):

p(Xi/qi) o
p(x;/O)

p(Xi/q1) Pk

E(zk) = — or P(k/x) =

S D(Xi/QE)pE
=1

Maximization step (using papsenotation):

+ l + yt
pit== S E(z) or pit =7
Nx1o . n
Y= S E(z) = TSo P(k/x;))
Xi

xil O

1 iSO P(k/Xi)Xi

X
’T}:l_ Lt S E(Zlk)xl or ”i:l: t

npk X | Yk

St = npt+1 S E(zi)(6 - )% - m)' or

Kk

S Pk - mM)(xi - m)!

ST =

Vi



- Initialization of mixtur e's parameters

- The mixture depends on the number of components and the choice initial
parameters.

* A suitable \alue forK was chosen based upon visual inspection of the
objects wlor distrikution.

* The component means were initialized to a random subset of the training
data points.

* The cwariance matrices were initialized te | where s was the
Euclidean distance from the componsntean to its nearest neighboring
component mean.
* The priors were initialized tp=1/K
- An dternatve s£heme based on crosahdation is also described (see paper
pp. 226, 2nd column - start with one component, add more components incre-
mentally).
- Color representation system

- RGB values are corerted to the HSI (Hue-Saturation-Intensity) system.

- Only the H and S components are usetl is discarded to obtain\mariance to
the intensity of ambient illumination).

- Pixels corresponding town S values were discarded (i.e., not reliable to mea-
sureH).

- Pixels with very highl value were also discarded.



- Adaptive wlor mixtur es

- A non-adaptre nmodel has gien good results in the past underdarrotations
in depth, changes of scale, and partial occlusions.

- To deal with lage changes in illumination conditions, an adapinodel is
required.

- Let's denote the adapt estimates of the parameters of the mixture compo-
nents corresponding to frame 1 as

[o(r - 1), m(r - 1), S(r - 1)]

- In the net framer, the parameterfo,(r), m(r), Sx(r)] will be adapted
using a weighted sum of the foNohg terms:

(1) adaptie estimates from frame - 1:
[oi(r - 1), m(r - 1), Si(r - 1)]
(2) estimates using the data from framenly:
[Pk M Sid
(3) estimates using the data from frame L - 1 only:
[pk 52, i BL S E Y (L controls the adapdity of the model)

Warning: superscripts correspond to estimates using data from fréinoaly;
indicesr in parentheses correspond to adagpéstimates.
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Compute the estimates using the data from fraumely

r
Pk = —': whereyy = S P(k/x)
xi 1 O
S P(k/Xi)Xi
_ X% 1o
S K

. TSOr P(k/xi)(%i = mdr - 1)Xx - mr - 1))

r —
Sk = -

Yk

Compute the adap® parameters

* Will be estimated using thé +1 most recent frameslL( controls the
adaptvity of the model).

S S PKx)x

LXi O

—_—),

t

m(r) = :
=§ Vi

t L

r

S S PMx)0x - mdr - 1) - m(r - D)

S(r) =

-
S v§
t=r-L
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* The aboe exyressions can be written in the follmg form (see
Appendix A):

(nk- mr-1))- kk(r) (- m(r - 1)

m(r) = m(r- 1)+ k(r)

-L-1

(r)

Yk

m —— (S HLoS(r - 1)

Sk(r) =S(r- 1)+ (Sk-Sk(r-1))-

r
whereD,(r) = SLyﬁ =D (r-D+QWr-yi-h
t=r-

- Similarly, py(r) is estimated as follus:

r r-L-1
pe(r) = pilr - D+ — (oL - pilr - 1)) - ——— (P py(r - 1)
S n S n
t=r-L t=r-L

- SelectingO'

- Given acolor mixture model for an object, the object iteefively located and
tracked in the scene by computing a probability map for thelpix the image
within a search winda.

- The size and position of the object are then estimated from the resulted distri-
bution.

- The tracler estimates the centroid, height and width of the object.

- O" is chosen to be ag®n of appropriate aspect ratio centered on the esti-
mated object centroid.



- Selectve adaptation
- Any tracker can loose the object being tradidue, e.g., occlusion.

- If such errors go undetected, the color model will adapt to imagjens
which do not correspond to the object being teack

- Keep track of the normalized log-ilkhood L" of the dateD" at each frame
(the mixture model seeks to maximiz&):

L' = 1 S log p(x;/O)

n" x1 o

- If trhe tracler loses the object, there is often a suddegeldrop in the alue
of L".

- Adaptation is suspended until the object igiadracled with su®ciently high
likelihood (see paper for guidelines ofahto choose a good I&ihood thresh-
old).



- Experiments

(non-adaptre nodel)

(adaptve nodel)
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- Inter esting ideas or futur e reseach
- Use seeral cues, especially when color becomes unreliable.

- Adaptve nodeling of background scene colors:

P(xi/O)P(O)
p(xi/O)P(O) + p(xi/B)P(B)

P(O/X,) =

- Adaptve rumber of mixture components.
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Adaptive background mixture models br real-time tracking
(C. Staufer and E. Grimson, "Adapte background mixture models for real-time
tracking”, IEEE Computer Mion and Rttern Recgnition Confeence Vol. 2, pp. 246-252, 1998
(on-ling)
- The problem
- Real-time sgmentation of maing objects in image sequences.
- A robust maving object detection system should be able to handle:
(1) variations in lighting
(2) moving scene clutter
(3) multiple maing objects
(4) other arbitrary changes in the scene

- Traditional methods br background modeling

- The oldest technique for mmg object detection is based on background sub-
traction:

(1) Subtract a model of the background from the current frame.
(2) Threshold the diérence image

- We can assume a static or a timarying background and a ®& or meing
camera (®rd camera,arying background is assumed here).

- Non-adaptre background models ka rious limitations and are rarely used
(e.g., no signi®cant changes are wakal in the scenexeept the muing
objects).



- A standard method of adap#i backgrounding is based orvemaging the
images wer time (i.e., approximates the current static scexee@ where
motion occurs).

(1) Objects must me continuously
(2) The background must be visible most of the time.
(3) Not rolust when the scene contains multiplepdjomoving objects.

- Cannot distinguish shade from mwing objects.

- The approach
- Model the alues of a particular pet as a mixture of Gaussians.

- Evaluate the Gaussian distutions to determine which are mostdik to
result from a background process.

- Classify each pigl based on whether the Gaussian distidm which repre-
sents it most é&bctively is part of the background model.

- Adapt the model parametengeotime to deal with:

(1) lighting changes

(2) repetitve nmotions of scene elements (e.g.aswmg trees)
(3) slav-moving objects

(4) introducing or remaing objects from the scene
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-Why modeling each pixel using a mixtue?

- If each pivel resulted from a particular sade under particular lighting, a sin-
gle Gaussian wuld be su®cient.

- If only lighting changed \er time, a single, adap# Gaussian per ped would
be su®cient.

- To model multiple suidices andarying lighting conditions, a mixture of adap-
tive Gaussians are necessary
- Modeling pixel values using mixtures

- Consider the alues of a particular pet over time as a "piel process" (i.e.,
time series).

- At any time t, we know the history or each pét at locatior(X, Y):

{ Xy, Xoy ooy X 3= 1(X, ¥,1),1 =1, 2,..,1}

- The recent history of each gix { X1, X5, ..., X}, is modeled by a mixture of
K Gaussians.
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- The probability of observing the current pixalue is

K
P(X) = Sl POX/ m ¢ Si )i ¢
1=

whereK =2- 5andp() is given by

1 )
P(Xi/mSiy) = exd- E(Xt - m,t)TSi,%(Xt - my)l

(20)"2IS; (2

- To smplify the calculationss; ; is assumed to be diagonal:

_ .2
St =sil

- Methodology

- Each Gaussian isvduated (i.e., using its persistence amdiance) to poth-
esize which are most khy to be part of the "background process".

- Pixel values that do not ®t the background Gaussians are considered fore-
ground and grouped using connected components.

- The connected components are textkrom frame to frame using a multiple
hypothesis tracr.
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- Estimating/Updating the parameters of the model

- Each n&v obsenation is intgrated into the model using standard learning
rules (using the EM algorithm forery pixel would be costly).

- Every pixel value, X;, is checled aginst the gisting K Gaussian distril-
tions to ®nd the one that represents it most.

- A match is de®ned as a pikvalue within 2.5 of a distrilution (.e., each
pixel has essentially itsaon threshold).

- If a match is found, the parameters of the mixture model as updated as fol-
lows:

pip =@Q- a)pir.1 +aMi,
wherea is a learning constant ard; ; is 1 for the model which matched and 0

K
for the other models (re-normalize; such thatS p; ; =1)
i=1

(only the parameters of the matched Gausisae updated belo)
me=@Q- r)mes+ rX
sti=@- r)sfer+ r(Xe- m) (X - my)
wherer = a p(Xi/m, s;)
- If a match is not found, the least probable disttidn is replaced with a distri-

bution with the current piel value as its meanalue, an initial high &riance,
and a lev prior weight.
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- Determining the background Gaussians

- Determine which of the Gaussians of the mixture are madyljproduce by
background processes.

- The folloving obserations are made:

(1) Moving objects arexpected to produce moreanance than a "static"
(background) object.

(2) There should be more data supporting the background diginb
because theare repeated, whereas pixvalues from diferent objects are
often not the same color

- The follonving heuristic is used to determine the "background” Gaussians:

"choose the Gaussians whichvearost supportingvedence and the least
variance"

- To implement this idea, the Gaussians are ordered byathe ofp/s

- The ®rstB distributions are chosen as the background model, where

b
B =argmin(Sp; >T)
i=1

where T is a measure of the minimum portion of the data that should be
accounted for by the background.



- Connected components

- The mixture model allws the identi®cation of foground piels in each ne
frame.

- These piels are grouped into d&@rent rgions using connected components.

- Multiple h ypothesis tracking
- Connected components are tradfrom frame to frame.

- A pool of Kalman ®lters are used to track the connected components (see
paper for more details).



- Experiments and results

- The system has been run almost continuously for 16 months (24 hrs/day
through rain and sng.

- The system can process 11-13 frames per second (160 x £B).pix

(see http://wwwai.mit.edu/projects/vsam)



