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Particle Filtering
Particle filtering is a state estimation technique based on Monte Carlo 
simulations. 

Particles are random values of a state-space variable which are 
checked against the current output measure to generate a weight value 
i.e. likeliness of a particle being the one that best describes the current 
state of the system. 

The collection of all particles and their weights in each instant is a 
numerical approximation of the probability density function of the 
system.

The probabilistic approach of this method provides significant 
robustness, as several possible states of the system are tracked at any 
given moment. 



Particle Filtering
First, a population of M samples is created by sampling from the prior 
distribution at time 0, P(X0). Then the update cycle is repeated for 
each time step:

•  Each sample is propagated forward by sampling the next state value 
xt+1 given the current value xt for the sample, using the transition 
model P(Xt+1| xt).

•  Each sample is weighted by the likelihood it assigns to the new 
evidence P(et+1| xt+1).

•  The population is resampled to generate a new population of M 
samples. Each new sample is selected from the current population; 
the probability that a particular sample is selected is proportional to 
its weight. 

This procedure puts in focus samples in high-probability regions of the 
state space. 



Particle Filter-based Localization



Problem Definition

We consider the state sequence of a target:

xt = (Tx, Ty, S, Rx, Ry, Rz, α)

Tx, Ty - translational coordinate 

S - scale

Rx, Ry, Rz  - rotations along all axis

α - global illumination variable



Problem Definition
The state-space vector is given in each discrete time step by:

xt = ft(xt-1, vt-1)   -   state transition model

ft  is possibly non-linear function of state xt-1, {vt-1} is an independent and identically-distributed 
process noise sequence.  

The objective of tracking is to recursively estimate xt from measurements:

zt = ht(xt, nt)    -  observation model

ht  is possibly non-linear function, {nt-1} is an independent and identically-distributed measurement 
noise sequence.

We seek filtered estimates of xt based on the set of all available 
measurements z1:t up to time t, together with some degree of belief in 
them. Namely, we want to know the p.d.f. p(xt|z1:t), assuming that the 
initial p.d.f. p( x0 ) is known.



Particle Filter Solution

We consider discrete particles forming the set:

 every particle contains information about one possible state of the 
system and its importance weight. 
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is an approximation method that makes use of Monte
Carlo simulations [2]. We now consider discrete parti-
cles forming the set:
(
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Every particle contains information about one possible
state of the system x̃ j

t−1 and its importance weight π
j

t−1.
This sample set is propagated in the Condensation
algorithm as follows:

Select A set of M new particles (X̃ t, !t) is generated,
by random selection from the previous particles by
using a p.d.f. according to their weights !t−1.

Diffuse A Gaussian random noise is added to each
parameter of each particle in X̃ t.

Measure weight The probability !t is measured using
template matching, based on the difference error be-
tween the template (the collection of all pixels forming
the face in t = 0, or some carefully selected pixels of
the template if we use a sparse template [16, 17] as we
describe in Section 2.3) and the input image at each
time step.

The matching error, ε
j
t , is calculated based on the

difference in intensity values between selected pixels
in the template (feature points) and the correspond-
ing pixels in the image at time t. A feature point
in the template is projected onto the image plane
based on the state vector of the particle, x̃ j

t . Assuming
weak-perspective projection, a point on template q =
[qx, qy, qz]T is projected to point p = [px, py]T on the
image plane as written in
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where R2×3 denotes the 2 × 3 upper submatrix of the
rotation matrix R. The matching error between the
template and input image is defined based on the inten-
sity of each feature point, J(qm), m = 1, · · · , N, and
the intensity of the corresponding projected point,
I( pm), modified by the global illumination factor α.
More precisely, the matching error, defined as the
average matching error of N feature points, can be
written as

ε = 1
N

N∑

m=1

ρ (κ (J(qm), I( pm))) (10)

κ(J, I) = α · I − J
J

(11)

ρ(κ) = κ2

κ2 + 1
(12)

where κ(J, I) denotes the relative residual between
intensity values of the feature point q and the projected
point p, and ρ(κ) represents a robust function which
is used to increase the robustness against outlier pixels
[17]. From the matching error for each particle, ε j, j =
1, · · · , M, the weight of each particle is calculated as

π j ∝ 1/ε j (13)

where
∑M

j=1 π j = 1. Finally, if we rearrange the par-
ticles in descending order of weight, we can estimate
the current state as the average of the best M′ ≤ M
particles by:

x̃t =
∑M′

i=1 π i
t · x̃i

t∑M′
i=1 π i

t

(14)

2.2 Algorithmic Scheme

Our tracker can be studied in three big blocks: initial-
ization, tracking and display (Fig. 2). In our system, the
initialization stage is performed in a separate thread in
the host system, while the main thread performs the
tracking using the GPU and displays the results:

Initialization The initialization thread scans the image
looking for new faces that are not currently being
tracked. This can be done either continuously or every
n frames, as new faces are not expected to pop up at any
time. When a new frontal face is detected (time t0 with
regard to tracking), the description template is obtained
from the image. N feature points are extracted by the
selected criteria, and the resulting stream of data (con-
sisting of gray level values, x, y, z coordinates of the
points, and normals to the face surface. See Section 2.3)

This sample is propagated in the Condensation algorithm as follows:

Select - A set of M new particles is generated by random selection from the 
previous particles by updating the p.d.f. according their weight.

Diffuse - A Gaussian noise is added to each parameter of each particle

Measure weight - The likelihood of each particle being the true state is 
calculated based on template matching using the input image at each step.



The Algorithm



Initialization
Every n-th frame is analyzed by a boosting algorithm to 
detect new faces giving a rectangular sub-image. 

a b c d e
A fitting of a statistical deformable model is performed 
resulting in a series of 53 landmark points that correspond 
to known features of a human face.

The landmarks include a pair of texture coordinates, a set 
of numbers that refer to a unique part of a texture resource 
stored in memory. This way two image buffers (“height-” 
and “normalmap”) are created by applying a 3D face 
model. 



Initialization
The feature points (position and gray level) that form the 
sparse template are selected using image processing 
techniques, and their depth and normal to the surface 
values are extracted from prior maps.

Finally the template is formed by a 
stream of N feature points  formed as follows:

p = (Px, Py, Pz, Nx, Ny, Nz, J)

Px, Py, Pz - coordinates of feature points

Nx, Ny, Nz - form the vector normal to the face surface in the feature point

J - gray level of the feature point



Initialization
Why do feature points include normal vectors? 

If a normal vector points away from the camera it is likely 
occluded by another feature point. It’s weight can be 

disregarded. 



Tracking
Tracking is performed by means of a Particle Filter.

Out of selection, diffusion, and weighting the latter is the most 
computationally intensive.

It requires performing the 3D transformation of each feature point as 
estimated by each of the particles, and then a comparison is made of the 
feature point gray level against the resulting point in the full image. The 
sum of all those comparisons for each feature point results in the weight of 
one particle. 

For example with M=1000 particles and N=230 feature points it’s 230000 
weight computation operations!

Weight calculation of each particle is an independent process!



Display

After every tracking step, the best particles are averaged to get an 
approximation of the system state. The resulting state-space 
values can displayed on the screen as rotated, scaled and 
translated 3D-mesh models.



CUDA implementation
After initialization, feature point stream is copied to device memory. 
It doesn’t change during tracking.

At every step the current video frame and a buffer with particles is 
copied to device memory.

The kernel is invoked and executed in M blocks, each with N threads 
i.e. one block per particle and one thread per feature point per 
block.

Each thread computes the matching error of a particle-feature pair i.e. transforms the feature point position 
and normal vector, accesses the video frame pixel in that position (if normal vector does not mean occlusion) and 
compares the gray level. 

The result is placed by every thread in different position in the block’s shared memory.

When all threads in a block finish (sync), first thread of every block sums up matching errors and the result is 
placed in global device memory.

The host retrieves stream of weights of every particle.



Hardware

Intel Core II 2.66GHz host system with 2 GB RAM

NVIDIA GeForce 8800GTX GPU:
•128 processing units,
•16 multiprocessors,
•350GFLOPS under CUDA.

For comparison purposes, a software-only version of the 
weighting algorithm was also developed (single-threaded, 
no SIMD extensions used) for execution on the host CPU 
alone.



Results of the simultaneous tracking of four people. The frame sequence is taken from a 
synthetic 1024×768 video, the sparse templates are composed of approximately 230 feature 
points, and each template is tracked using 1000 particles.

Results
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Figure 5 Streams and kernels in the system.

– At every step, the host sends the current video
frame and a buffer containing the particle stream
to device memory.

– The kernel is invoked and executed in M blocks,
each with N threads (that is, one block per particle
and one thread per feature point per block). Each
thread computes the matching error of a parti-
cle/feature pair (transform the feature point posi-
tion and normal vector, accesses the video frame
pixel in that position if there is no occlusion, and
compares to the feature point gray level). The result
is placed by every thread in a different position of
the block’s shared memory.

– Next, an instruction in the kernel synchronizes all
the threads in a block (makes them wait until all the
threads in the block arrive to the execution point in
the kernel), and then allows the first thread of every
block to loop through the shared memory to sum
all matching errors. The result is placed in global
device memory.

– The host recovers from device memory the output
stream containing the weight of every particle. The

algorithm continues its normal flow of execution
until a new video frame and stream of particles
requires processing.

4 Experiments, Results and Future Improvement

A first proof of concept was developed using the Brook
language [22] from Stanford University. Brook for
GPUs is a compiler and runtime implementation of the
Brook stream program language for graphic chips; it
quite successfully hides the burden of handling GPGPU
techniques from the programmer. The algorithm was
validated, but some factors prompted us to develop a
more tuned version using NVIDIA CUDA [5]. While
Brook works with a big range of graphic cards, CUDA
is limited to just a few new architectures by NVIDIA
(at the time of writing this article only GeForce 8-series
GPUs) that better resemble a pure stream processor
(shared memory model, scatter operations...) allowing
a more efficient implementation of the algorithm.

The main limiting factor we found with Brook was
the impossibility of implementing the operations de-
scribed in Section 3 with only one kernel, requiring
instead the use of multipass techniques (several chained
kernels, each one running on the output stream of the
previous one). The reason was that Brook (targeting
older GPU architectures than CUDA) lacks the shared
memory between processing units (and therefore, there
is no possible communications between them) and also
the ability of synchronizing the different threads: see
Section 2.4 for a description of the steps involved in
this GPGPU (as opposed to SP) technique. Brook also
suffers from the excessive overhead associated with
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Figure 6 Speed of the particle weighting stage, comparing
Stream processing in the GPU version to a serial CPU-only
version. Video 1,024 × 768, 217 feature points.
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Speed of the particle weighting stage, comparing Stream processing in the GPU version to a 
serial CPU-only version. Video 1024×768 and 217 feature points
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Figure 7 Speed of the full application, comparing stream
processing in the GPU version to a serial CPU-only version.
Video 1,024 × 768, ≈230 feature points per face, and 1,000 parti-
cles per face.

using a high level language that “metacompiles” [22] to
C++ and a run-time library for OpenGL/DirectX plus
Cg/HLSL operations; CUDA, on the other hand, is a
native architecture.

The developed software (a mixture of C++ and
CUDA) has been tested on an Intel Core II 2.66 GHz
host system with 2GB RAM, using a NVIDIA GeForce
8800GTX GPU as the stream processor. This GPU
features 128 processing units organized in 16 multi-
processors for a peak performance (approximate) of
350 GFLOPS under CUDA. For comparison purposes,
a software-only version of the weighting algorithm was
also developed (single-threaded, no SIMD extensions
used) for execution on the host CPU alone.

For the adaptive models, we used AAM-API, a
C++ implementation of the Active Appearance Model
framework developed by Mikkel B. Stegmann [23].
The generic face model heightmap and normalmap
were created by hand on the base of a subdivided
CANDIDE [24], a parameterized face mask specifically
developed for model-based coding of human faces.
The Viola and Jones implementation provided with
OpenCV (Open Computer Vision Library) was used as
the frontal face detector.

The results indicate an important speed boost com-
pared to the CPU-only version of the algorithm,
especially when using a large number of particles
(Fig. 6) and/or tracking multiple objects simultaneously
(Fig. 7), making the tracker eminently suitable for real-
time processing in a standard PC platform.

Unlike other approaches to fast hardware solutions
for particle filtering, like dedicated architectures or
FPGA solutions, stream processing targets commercial
off-the-shelf (COTS) processors, be it a GPU, a Cell

BE, or a Symmetric Multi-Processor (SMP). However,
many things can be learned from these approaches
(usually taken with the inherent parallelism of PFs in
mind) that could lead to big improvements in our SP
implementation.

One of those papers is [25], in which considerable
effort was made to improve resampling algorithms for
PFs so that they could be efficiently implemented in
hardware in a distributed fashion. In our specific PF
problem, we feel the weighting/importance step repre-
sents a bigger bottleneck than the selection/resampling
step, so we have decided to perform the latter on the
CPU (we are thus performing Centralized Resampling
in [25] terminology). Other types of distributed resam-
pling could lead to the complete tracking stage being
performed on the GPU, without having to move all
weight floating point values from device to host mem-
ory and thus overcoming the graphic bus bandwidth
bottleneck.

5 Conclusions

We have described a system for 3D visual tracking
capable of achieving real-time performance thanks to
the use of a GPU for parallel computation. The use
of the stream processing approach greatly simplified
the development issues, and at the same time opened
the door to other computing architectures. The goals
imposed before starting the design (automatic, robust,
just one camera, conventional computing resources,
multi-object, real-time) have been all achieved, and
the system is currently being used for future research in
the area of conversation scene analysis [1] as expected.
The novelty of the proposed work lays not only in the
usage of a stream processor for 3D visual tracking,
but also in an improved sparse template initialization
method that improves the accuracy and stability of
tracking by means of a simple, generic 3D-model of the
human face.

Anyone observing the trends in processors’ tran-
sistor counts and computing power will notice that,
in order to continue achieving performance improve-
ments, processor vendors have shifted their strategy
from increasing clock speed to increasing the number
of cores per processor. Software has, therefore, to keep
up with this concurrency drive. Multimedia applications
in particular are hungry for new computing power, and
their special characteristics mean that future architec-
tures will differ from the ones we are used to. Stream
processors are a strong candidate to fulfill that de-
mand (modern GPUs offer incredible amounts of raw
processing power). Fortunately, the paradigm driving
the new hardware can meet this challenge (exposing

Speed of the full application, comparing stream processing in the GPU version to a serial CPU-only version. 
Video 1024x768, 230 feature points per face, and 1000 particles per face.
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Summary
Particle Filter on GPU-based visual tracking of human faces was 
presented.

Thanks to easy parallelization of weight computation operations a 
significant performance increase was achieved.

GPU based filter runs easily in real-time with 10k particles 
comparing to approx. 4.5k for CPU only version.

GPU based filter can track up to 6 faces in a video stream in real 
time comparing to 0 for CPU only version.

The GPU-based particle filter can easily by used in different 
domains.


