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Abstract 

We present a probabilistic framework for component-based automatic 
detection and tracking of objects in images and/or video. We represent 
objects as spatio-temporal two-layer graphical models, where each node 
corresponds to an object or component of an object at a given time, and 
the edges correspond to the learned spatial and temporal constraints. 
Object detection and tracking is then formulated as an inference over di­
rected loopy graph, and is solved with non-parametric belief propagation 
that uses a variation of particle filtering. This type of an object model al­
lows object-detection to make use of temporal consistency ( over an arbi­
trary size temporal window), and provides mechanism for simultaneous 
robust tracking of the object. The two layer structure of the graphical 
model allows inference over the the entire object as well as individ­
ual components. AdaBoost detectors are used to define the likelihood 
and form proposal distributions for components. Proposal distributions 
provide 'bottom-up' information that is incorporated into the inference 
process; this permits automatic object detection and aids recovery from 
transient tracking failures. We illustrate our method by detecting and 
tracking two classes of objects, cars and pedestrians, in video sequences 
collected using a single uncalibrated car mounted camera. 

l Introduction

We present a probabilistic framework for automatic component-based detection and track­
ing of objects in images and/or video. By combining the object detection with tracking in 
a unified framework we can achieve a more robust solution for both problems. Tracking 
can make use of object detection for initialization and re-initialization during transient fail­
ures or occlusions, while object detection can he made more reliable by considering the 
consistency of the detection over time. Component-based detection facilitates detection of 
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complex articulated objects, as well as helps in handling partial object occlusions or local 
illumination changes. 

Object detection and tracking are formulated as inference in a two-layer graphical model 
in which object components are connected via learned spatial and temporal probabilistic 
constraints. Each node in a graphical model corresponds to a position and scale of the 
component (for the first layer) or an object as a whole (for the second layer) in an image 
at a given time instant. Each node also has an associated AdaBoost detector that serves as 
a basis for the local image likelihood and the proposal process. Directed edges between 
nodes represent statistical dependencies between components, and are learned using stan­
dard machine learning methods. 

Since in general one cannot guarantee that these dependencies are Gaussian, and one would 
like to recover a solution in a continuous three-dimensional parameter space, we exploit a 
form of non-parametric belief propagation that uses a variation of particle filtering and can 
be applied over a loopy graph [19, 21]. There are at least two reasons that can lead to 
non-Gaussianity of component dependencies: (l) if there is indeed more then one mode 
for the statistical relationship between components (e.g. if we are looking for a keyboard 
and are using button 'Esc' as one of the components, then depending on the keyboard 
manufacturer there may be a number of position that 'Esc' can be in relative to top left 
comer of the keyboard) (2) if one wants to reuse parts for efficiency ( e.g. for a side view of a 
car we.can model both tires using a single 'tire' component and then have a bi-modal spatial 
distribution for a car position, where bi-modality will get resolved by other constraints). 

Our framework is a harness build on top of the standard object detection algorithm (Ad­
aBoost) that provides facilities for component-base detection, temporal information inte­
gration and simultenious tracking. 

1.1 Related Work 

The problem of describing and recognizing categories of objects (e.g. faces, people, cars) 
has been an active field of computer vision for a considerable time. A seemingly global 
agreement has been reached on the representation of object categories, with most re­
searchers following the trend of representing objects as collections of features with dis­
tinctive appearance, spatial extent, and position [4, 5, 7, 6, 9, 10, 11]. There is however 
a large discrepancy on the details of how many features one must use, how these features 
are detected and represented. Most algorithms however rely on semi-supervised learn­
ing [4, 5, 7, 6] schemes where examples of the desired class of objects must be manually 
aligned, and then the learning algorithms are used to automatically select the features that 
best separate the images of the desired class from background image patches. More recent 
approaches attempt to get rid of the tedious manual alignment and learn the model auto­
matically from the set of unlabeled and unsegmented images [9, 11]. Other algorithms [10] 
attempted to reduce the number of examples required to learn the classifier by incorporating 
'generic' knowledge which can be obtained from previously learned models of unrelated 
categories. Over all object detection can be categorized into three families of approaches: 
part-based [4, 10, 11] (object is defined as an ammgement of smaller parts modeled either 
implicitly or explicitly), patch-based [24, 17] (each rectangular image image region is clas­
sified as object or background), and region-based [27] (region of an image is segmented 
from the background and classified). In this paper we concentrate on improving the current 
state of the art in part/component-based approaches. 

Among the earliest part-based approaches, was the work of [4, 5], where classes of objects 
were described using a set of 2D wavelet features selected from the overcomplete base set. 
The set of features was selected manually by looking at the response of features over the 
positive examples. The detection is then achieved by training an SVM classifier that is 
run exhaustively over a number of image scales. Viola and Jones [7] developed a learn-
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ing algorithm based on AdaBoost that automatically selected the features from the set of 
overcomplete 2D Haar wavelet-like basis. A number of improvements that allowed fast 
evaluation of features, and fast punning of large regions of the image that did not contain 
object-like regions were presented. In the more recent work [6] showed that motion infor­
mation can significantly improve performance by reducing the number of false positives. 
The motion infonnation however is restricted to two consecutive frames. 

A number of object detection [4, 8, 16] algorithms suggested that modeling complex ob­
jects by components and then combining [ 4, 16) or statistically fusing [8] the information is 
superior to the global appearance approaches in the presence of partial occlusions, out-of­
plane rotation and/or local lighting variations. Component-based detection is also capable 
of handling highly articulated objects, for which a single appearance model is hard to learn. 
One example of the scenario where components. prove to be quite useful, is vehicle detec­
tion. While all vehicles have almost identical parts (tires, bumper, hood, etc.) they can vary 
significantly in their placement due to large variability in the heights of the vehicles (see 
Fig. I). Hence learning a single appearance model for all vehicles is hard, and would re­
quire the model to implicitly encode the variability in the position of components by using 
many similar features at various heights. 

Here we present a novel approach to object detection and tracking that builds on top of, 
improves and extends the standard AdaBoost [7]. We exploit benefits of component-based 
detection and temporal integration to improve the performance of the simple single appear­
ance object detector. We model objects using two-layer spatio-temporal graphical model, 
and use non-parametric belief propagation to infer the position and scale of the object and 
components. We should note that the use of graphical models and belief propagation is not 
novel for object detection. Murphy et al [24], used graphical models in the patch-based 
detection scheme, that unlike our approach did not incorporate temporal information or 
explicitly reasoned about the object as a whole. Coughland and Ferreira [13] used belief 
propagation and loopy graphical models for the deformable template matching illustrated 
on character recognition task. Unlike all previous approaches however we provide a auto­
matic probabilistic framework that explicitly models objects using components, integrates 
temporal information, and allows for simultaneous tracking. The closest in spirit comes the 
work of [3] that uses AdaBoost for multitarget tracking and detection. Unlike our approach 
however their system does not integrate component-based object detection, and is limited 
to temporal propagation in only one direction (forward in time). 

Figure I: Variation in the vehicle class of objects is shown. While objects shown here 
have a drastically different appearance as a whole due to the varying height and type of the 
vehicle, their components tend to be very homogeneous and are easy to model. 

2 Graphical Object Models 

Following the framework of [ 1, 2] we model an object as a spatio-temporal directed graph­
ical model. Each node in this graph represents an object or a component of an object at 
time t. The direct edges correspond to the learned spatial and temporal constraints. Each 
node has an associated state vector xr 

= (x, y, s) defining the component's position and 
scale within an image (where x, y, s E �). Finding and tracking of an object is formulated 
as an inference over this graphical model. 
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Each directed edge between components i and j has an associated potential function 
1PiJ (X1 , Xj) that encodes the compatibility between pairs of node states. The potential 
1Pij (Xi , XJ) is modeled using a mixture of Mii Gaussians (following [21). 

1Pii(Xi ,XJ) = >..0N(Xi;µi;,A1j) + (I) 

M,J 

(1 >..0
) L OijmN(X;;F;;m(Xi,Xj),Gi;m(Xi,Xj)) 

m=l 

where >..0 is a fixed outlier probability, µii and Aij are the mean and covariance of the 
Gaussian outlier process, and F,;m(·) and GiJm(·) are functions that return the mean and 
covariance matrix respectively of the m-th Gaussian mixture component. OiJm is the rela-
tive weight of an individual component and I::�

1 Oijm = 1.

The framework presented here can be viewed as having five distinct components: (i) a 
graphical model, (ii) an inference algorithm that provides ability to infer a state of each 
node in a graph, (iii) a local evidence distribution (or image likelihood), (iv) a proposal 
process for some or all nodes in a graphical model, and a set of (v) spatial and/or temporal 
constraints corresponding to the edges in a graph. We will now discuss each one of these 
in tern. 

· · 

2.1 Building a Graphical Model 

In a single frame we choose to represent an objects using a two-layer spatial graphical 
model. The first layer corresponds to components of the object and is loosely connected 
(while maintaining connectivity, we attempt to keep the degree of each node relatively 
small for efficiency). The second layer corresponds to an entire appearance model and 
is connected to all constituent components. Examples of such models that we use for 
vehicle and pedestrian detection are shown in Fig. 2a and 2b respectively. We can extend 
this model over time to an arbitrary length spatio-temporal graphical model as shown in 
Fig. 2c and 2d. Unlike the model presented in [2] having a second-layer also allows us 
to assume conditional independence of components over time given the whole appearance, 
hence reducing the complexity of the o.verall graphical model. 

Depending on an object one. may or may not have a likelihood or a proposal process for 
the second layer nodes. For example if the whole appearance is indeed too complicated to 
model as a whole (as is with arbitrary size vehicles) and can only be modeled in terms of 
components, we can simply assume uniform likelihood over the entire state space. In such 
cases the second layer nodes simply fuse the component information to produce estimates 
for the object state that are consistent over time. 

Since we are not guaranteed convergence in the loopy-graphical models, in general one 
must be careful to avoid models that are inherently unstable. Fig. 2e shows a graphical 
model for which a unique solution may not be found. For example, nodes l ,  3, and 5 may 
settle on one distribution while nodes 2 and 4 settle on another. If this happens then no 
number of message passing iterations will result in convergence. The cliques of the graph 
will simply flip from one solution to the other. 

2.2 Learning Spatial and Temporal Constraints 

Given a set of labeled images, with each component associated with the reference point, 
we use standard iterative Expectation-Maximization (EM) algorithm with K-means initial­
ization to learn F,jm(·) and Gijm(·) of the form: 
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Figure 2: Spatial graphical models for the vehicle (a) and pedestrian (b), plus their spatio­
temporal counterparts (c) and (d) respectively. Spatio-temporal models are obtained by 
replicating a spatial model along the temporal domain to a w-length window and then 
connecting the second-layer nodes across time. 
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(a) (b) (c) (a) (e) 

Figure 3: Components for a (a) pedestrian and (b) vehicle object models (entire appearance 
model is in black) and learned conditional distributions from (c} Bottom-Left (BL) to Top­
Left (TL) component, (a) Bottom-Left (BL) to the whole appearance model, and (e) vise 
versa for a vehicle object. 

,:, (X X ) X [µ,,,,Jm µy,iJm 
] 

L"ijm i, j = i + --, --,µ;,,ijm µs,ijm µs,ijm 

1' 
(2) 

(3) 

where 11,,,,,1111, /Ly,ijm, µ�,ijm is the mean position and scale offset between the connected 
components ·i and j, and u,,,,1m, O'y,ijm, u s,ijm is the standard deviation. Since our training 
data has only a single reference point for each component, we cannot estimate the spatial 
scale parnmeters directly, instead we assume µ8,ijin = 0 and u s,ijm R: 0.1. 
While this is not strictly necessary, for the ease of the formulation we assume that the 
constrnints are stationary in time (i.e. the relative position of the component ·i and j is 
statistically the same for any given frame in our spatio-temporal window). Examples of the 
learned conditional distributions can be seen iq Fig. 3cde.

2.3 Non-parametric BP 

Inferring the state of the object and it's components in our framework is defined as estimat­
ing belief in a graphical model. We use a form of non-parametric belief propagation [19] 
PAMPAS to deal with this task. The approach is a generalization of particle filtering [15] 
which allows inference over an arbitrnry graphs rather then a simple chain. In this general­
ization the '"message"' used in a standard belief propagation is approximated with a kernel 
density (formed by propagating a particle set through a Gaus.sian or mixture of Gaussians 
potential density), and the conditional distribution used in standard particle filtering is re­
placed by product of incoming messages. Most of the complexity in this algorithm lays in 
sampling from a product of kernel densities required for message passing and belief esti­
mation, we use sequential multiscale Gibbs sampling and an epsilon-exact sampling [22]:
to alleviate this problem. 
Individual messages may not constrain a node well, however the product over all incoming 
messages into the node tends to produce a very tight distribution in the state space. For 
example, any given component of a vehicle is incapable of estimating the height of the 
vehicle reliably, however once we integrate information from all components in the second­
layer node, we can get a very reliable estimate for the overall object size. 
More formally a message m,j is written as 
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1nij(Xj) J 'lpij(Xi,X;)<Pi(Xi) IT '1nki(Xi)dXi,kEA;j 
(4) 

where Ai is the set of neighbors of node i and </>i (Xi) is the local evidence ( or likelihood) associated with the node ·i, and 'lf.:ii (Xi , Xi ) is the potential designating the compatibility between the states of node i and j. The details of how the message updates can be carriedout by stratified sampling from belief and proposal function see [l, 2]. 
We use w-frame windowed smoothing algorithm for our tracking and object detection,where w is an odd integer 2: 1 (see Fig. 2cd). There are two ways one can do windowedsmoothing, what we call an object-detection centric way, and the tracking centric way. In anobject-detection centric way we re-initialize all nodes every time we shift a window, hencethe temporal integration is only applied in the window of size w. In the tracking centric
way we only initialize the nodes associated with a new frame, which tends to force temporalconsistency from before t -( w -1 )/2. W hile tracking-centric way tends to converge fasterand produce more consistent results over time, it also less sensitive to objects entering andleaving the scene. Note that with w = 1, the algorithm resembles single frame component­based fusion [8]. 
The BP message update equation can be executed either by updating all the massages rrt.;j in a batch or by updating certain messages before others. The later, also called focusedmessage updating [13], can significantly speed up BP given some apriore knowledge ofthe object model. For example, if a second layer node of the graph has no associated likelihood of proposal process (as is in our car model), then it would make sense to updatethe incoming messages to it before updating the outgoing ones. For generality and ease,we choose not to do focused message updating here. 
2.4 AdaBoost Image Likelihoods 

The inference algorithm outlined in the previous section requires probabilistic image like­lihood model <Pi(Xi)- This likelihood model is the likelihood of observing the the imageconditioned on the state Xi of the node i, and ideally should be robust to partial occlu­sions, the variability of image statistics across many different inputs. To that end we buildour likelihood model based on the standard AdaBoost object detection. 
Following [7] we train boosting based detectors [7] for each component. There are manyvariants of boosting [7, 6, 25, 26], whi.ch differ in the loss function they are trying to opti­mize, and the approach they take for choosing gradient direction. For simplicity we choose to implement the AdaBoost [7] without cascade. We expect that training a cascade would improve the performance of the system. In order to reduce the number of false positivesproduced by the detectors, we use bootstrap procedure that iteratively adds false positivesthat are collected by running the trained strong classifier over the set of background images(not containing desired object) and then re-training the detectors using the old positive andthe new extended negative sets. 
Given a set of labeled patterns AdaBoost procedure learns a weighted combination of 
base weak classifiers, h(J) 1:[=

1 
akhk(I), where I is an image pattern, and hk(I)is the weak classifier chosen for the round t of boosting, and ak is the correspondingweight. We use a weak classifier scheme similar to the one discussed in [7]: hk(J) 

Pk✓([fk(I) < 0k]�), where fk(I) is a feature of the pattern I computed by convolving I 
with the delta function over an extend of a spatial template; 0k is a threshold, Pk polarityindicating the direction of inequality, and fJk E [1, 2] allowing for a symmetric two sidedpulse classification. For the examples of the templates we use for pedestrian classification,see Fig. 2.4. 
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T he output of the AdaBoost classifier is a confidence hk(J) that the given pattern I is of 
the desired class. It is customary to consider object present if hk(I) 2: ½ E:=l O:k- We
convert this confidence rank into a likelihood function by first normalizing the O:k 's, so that 
h(I) E [O, l], and then exponentiating 

(5) 

where T is a temperature parameter that controls the smoothness of the likelihood func­
tion. With smaller values of T leading to peakier distribution. Consequently we can also 
anneal the likelihood by deriving a schedule with which T changes. We found exponential 
annealing schedule T = Tiv,., where Ti is the initial temperature, vis a fraction E (0, 1), 
and K: is the annealing iteration, to work well in practice. 

Note that while our state is contentious, AdaBoost likelihood can only be evaluated at 
the discrete pixel positions. To enable sub-pixel accuracy one can use interpolation. In 
addition, it may be prohibitively expensive to compute the likelihood due to need for scaling 
imposed by the contentious scale space. In practice we discretized the scale space, and use 
bi-cubic interpolation to estimate the contentious likelihood function. 

2.5 Proposal Process 

To form a proposal distribution for a component, we run corresponding AdaBoost detector 
over an image at a number of scales to produce a set of detection results � that score above 
the ½ Ef=

1 
ak threshold. W hile this set tends to be manageable for the entire appearance

model, it is usually large for non-specific component detectors (a few thousand positions 
can easily be found running a detector at every pixel for 9 consecutive scales). To reduce 
the dimensionality of the set we only keep the top P scoring detections, where P is on the 
order of a 100. This constitutes the proposal distribution, and every time a sample from the 
proposal is require, one of the resulting detections is uniformly sampled. 

3 Experiments 

3.1 Vehicle Spatio-Temporal Tracking 

We have tested the system on sequences of moving vehicles collected using a mounted 
moving camera. Fig. 4 shows the results for the 55 frame long sequence. We use a 3-frame 
spatio-temporal model that is shifted in a tracking centric (i.e. only the new frame is re­
initialized using the proposal when the window is shifted) way through time. The results 
are very encouraging. One can see a very tight distribution of samples concentrated at the 
correct location and scale of an image. 

3.2 Pedestrian Spatio-Temporal Tracking 

We have also tested the system on sequences of moving pedestrians. Fig. 5 shows the 
results for the single instant pedestrian detection. We use a 3-frame spatio-temporal model. 
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(TR) (BR) (BL) Object 

Figure 4: Vehicle object detection and tracking. (a) shows the initialization/proposal dis­
tribution, and (b) 30 samples taken from the belief for each of the four component and 
an object. The detection and tracking was conducted using a 3-frame smoothing window. 
Frames 2 through 52 are shown (top to bottom respectively) at 10 frame intervals. 

(a) 111111111111 1111 

(b) • 1111111111111 
(HD) CLUB) (RUB) (LB) Object 

Figure 5: Pedestrian component-based spatio-temporal object detection.(a) shows the ini­
tialization/proposal distribution, and (b) the mean of 30 samples taken from the belief for 
each of the four component and an object. The detection and tracking was conducted using 
a 3-frame smoothing window. 

Meta 1003 
p. 11



Figure 6: Multiple target detection example. 

3.3 Single frame Multi-target Detection· 

While in general the algorithm presented here is capable of detecting multiple targets, by 
converging to multi-modal distributions for components and objects, in practice this tends 
to be very difficult. It is well known that particle filters have problems tracking multi­
modal distributions [3]. This framework that further extends·particle filtering, and requires 
message update routine to take products over particle sets, makes this problem even more 
apparent. We postulate that given a large number of particles this can be done, but would 
be prohibitively expensive. Instead we use a peak suppression scheme, where we look for 
the modes one at a time, and suppress the response of our likelihood function in the regions 
where peaks have already been found. An example of this that is produced by running a 
purely spatial graphical model over the image is shown in Fig. 6. 

4 Conclusion 
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