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Abstract — Answering to the growing demand of computer
vision tools for the last generations of consumer electronic
devices equipped with smart cameras, several nonparametric
moving detection algorithms have been developed. These
algorithms, by modeling both background and foreground
from spatio-temporal reference data, provide satisfactory
results in many complex scenarios. However, to be
computationally efficient, they apply some simplifications that
decrease the quality of the detections.

This paper presents a novel real-time implementation of an
optimized spatio-temporal nonparametric moving object
detection strategy. To improve the quality of previous
algorithms, the bandwidths of the kernels required to model
the background are dynamically estimated, and the
background model is also selectively updated. The proposed
implementation features smart cooperation between a
computer/device’s Central and Graphics Processing Units
(CPU/GPU) and extensive usage of the texture mapping and
filtering units of the latter, including a novel method for fast
evaluation of Gaussian functions. Thanks to these features,
high quality detection rates are achieved while respecting the
real-time restrictions imposed by computer vision tools
running on current consumer electronic devices'.

Index Terms — Moving object detection, real time, GPU,
spatio-temporal nonparametric modeling, smart cameras, high-
quality, usability.

I. INTRODUCTION

In the latest generation of consumer electronic devices,
smart cameras have become very popular among the general
public (e.g. mobiles, tablets, or videogame consoles) [1]. As a
consequence, many commercial computer vision tools for
applications such as augmented reality, classification, and
tracking have recently been emerging in the consumer
electronic domain at an increasing pace [2]. These tools, as a
first and fundamental step, include a moving object detection
strategy [3]. Consequently, several approaches proposing
moving object segmentation alternatives have been developed
in the recent years [4], which are required to be user friendly
and to provide high quality results in real time [5].
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To obtain high-quality detections in complex situations (e.g.
dynamic backgrounds, illumination changes, etc.), multimodal
moving object detection strategies are commonly used [6],
since they are able to model the multiple pixel states in such
situations. Among these strategies, nonparametric methods
have shown to be those providing the best quality
detections [7] because, in contrast to other multimodal
algorithms, they do not consider the pixel values as a
particular distribution, but obtain instead probabilistic models
from sets of recent samples [8].

Most recent nonparametric methods, to improve the quality
of the results in sequences containing non-static background
regions, and/or recorded with portable cameras, use spatio-
temporal reference data [9] and, additionally, model both the
background and the foreground variations [10]. However,
these strategies involve huge memory and computational
costs, since they perform millions of complex operations per
image [11]. To achieve the computational efficiency
demanded by the latest generations of consumer electronic
devices, they carry out some simplifications on the
background modeling, which reduce the quality of the
detections and worsen the usability of the algorithms.

To begin with, the background is modeled through kernels
with fixed bandwidth matrices [9]. Therefore, looking for a
compromise between the preservation of the multimodality of
the background and the presence of noise in the detections, the
user must take care to select proper kernel widths according to
the characteristics of each analyzed sequence.

Furthermore, instead of wusing the selective update
mechanisms applied in other moving object detection
strategies [12], they use blind algorithms to update the
foreground [8]. In this way, they avoid the inclusion of
complex selection stages to determine whether a reference
sample should or should not be used to model the background.
However, the amount of misdetections increases significantly.

Here, we propose an innovative real-time implementation of
an optimized background modeling [13], which is suitable for
integration in any spatio-temporal nonparametric strategy for
moving object detection. To improve the quality and usability
of previous approaches, this modeling includes two efficient
methods to dynamically estimate the bandwidth matrices of
the kernels, and to selectively update the background model.
To support these enhancements we have developed an
efficient implementation on a consumer-grade Graphics
Processing Unit (GPU) featuring some novel techniques to



lower the computational requirements of the algorithm while
preserving its quality. The result is a strategy that not only
improves the quality of the detections from previous
algorithms, but is also suitable for its integration in the last
generations of consumer electronic devices demanding real-
time computer vision tools.

II. NONPARAMETRIC MOVING OBJECT DETECTION

Let us consider a pixel p” in the image [", at time #n, defined
as a (D+2)-dimensional vector x"=((a")",(s")T)T € R”*2, where
a" € RP contains appearance information of the pixel and
s"=(h",w")" € R? contains its coordinates (row and column).
The probability of p” to belong to the sequence foreground, ¢,
can be computed, via Bayes’ theorem [14], as
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where p(x"|f) is the probability density function (pdf) that p”
belongs to the sequence background, B, p(x"|¢) is the pdf that
p" belongs to ¢, Pr(f) is the background prior probability, and
Pr(¢)=1- Pr(p) is the foreground prior probability.

Several methods to estimate p(x"|¢) [10] and the prior
probabilities [15] have been proposed along the recent years.
However, since our work focuses on the quality of the
background modeling, we have considered that p(x"|¢) is a
constant and that the prior probabilities are Pr(¢)=Pr(#)="%.

A. Background modeling
Using Gaussian kernels and a set of Ng (D+2)-dimensional

spatio-temporal reference samples, { '[,} # . from Tp previous

images into a spatial neighborhood [16], the pdf that p”
belongs to f is estimated nonparametrically as
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where Xzx is a symmetric positive-definite (D+2)x(D+2)
matrix determining the width of the kernels. Looking for a
trade-off between computational efficiency and quality [9],
this matrix is defined as
/ix *dlag( /zi.l’o-/zf,Z.“o-}i,D’o-}i,II’o-/zi,W)’ (3)
where the first D components determine the bandwidth of the

appearance components, and the last two specify the spatial
bandwidth of the kernels.

B. Dynamic background bandwidth estimation

As the background reference samples are uniformly
distributed in space, we use fixed bandwidths for the spatial
components on the whole image extent. However, to achieve
the best balance between misdetections and false detections,
we estimate dynamically adequate bandwidth values for the
appearance components.

Let {Aa’ }N"’ be the set of D-dimensional appearance
differences between all possible consecutive reference

samples at the same coordinates. First, for each subset of
differences at each spatial position,

W, = {1 e[V, ] such thatsi, = (h,w)T}, we compute:
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where Pr(ﬂ |xfﬂ):1—Pr(¢|xfﬂ) is the probability of xi to

belong to the sequence background. Weighing the differences
by these probabilities the negative influence of outliers is
reduced. Moreover, as the probabilities of the reference
samples to belong to the background have been previously
obtained, they can be used without any additional
computational effort.

In a second stage, to take into account the reference data at
different spatial coordinates, the bandwidth for each
appearance component is finally estimated as
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where wg(h,w) is a weight assigned to each subset of
differences, according to its spatial distance to p”. As the
influence of the reference samples over each current pixel
decreases with their spatial distance to that pixel, these
weights are obtained through the evaluation of spatial
Gaussians at these distances:

i () exp[— ) O Ul W)z] ©)

2 2
20’57,, ZUNV

These Gaussians are computed simultaneously with p(x”|f).
Therefore, their use in (5) does not involve any increase of the
computational cost.

C. Selective update

To improve the quality of the detections, a very efficient
mechanism to selectively update the background model is
applied. Thanks to this mechanism, the amount of correctly
detected foreground pixels is significantly increased while
avoiding most persistent false detections from samples
erroneously classified as foreground.

Stemming from (2), the pdf that a current pixel belongs to
the image background is estimated as
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where k, is a normalization factor and w; is a weight assigned
to the i-th reference sample. These weights are estimated in a
robust and unsupervised way as

Pr(5|x,) if An, < N,
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where An; is the temporal distance between the current sample
and the i-th reference one, Nc<<Ty is a predefined constant

value, and G{(4n;) is a temporal Gaussian defined as
2
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To guarantee that this Gaussian accumulates around 99% of
its probability in the considered temporal range (i.e. Gr(75)~0)
[17], its standard deviation is set as o, = (Tﬁ - NC)/3 .



Through this update mechanism, the weights assigned to the
reference samples belonging to recently detected foreground
objects are very low. Consequently, the negative influence of
the moving objects in the background modeling is drastically
decreased. Moreover, as the weights assigned to the most
recent reference samples are equal to the probabilities of those
samples to belong to the background, Pr(,B | x'ﬂ), the erroneous

classification of foreground objects remaining static for short
periods of time is avoided. Additionally, since the temporal
Gaussian decreases with the temporal distance from the
current sample to the reference ones, all reference samples
(regardless of whether they were classified as foreground or
background) tend to have more similar weights as this
temporal distance increases. Therefore, the amount of false
detections resulting from the persistent exclusion of previous
samples erroneously classified as foreground is also
significantly reduced.

III. REAL-TIME IMPLEMENTATION

The background modeling described in the preceding
section involves (using sane parameters) a huge number of
operations per pixel, which makes it very slow if run on a
regular Central Processing Unit (CPU). Fortunately, it is a
very good match with modern programmable GPUs [18].
These devices are becoming commonplace in ordinary
computers [19] and even in mobile computing scenarios [20],
since they excel in numeric performance and are highly
parallel, executing hundreds or thousands of threads
concurrently [21]. Logically enough, several approaches for
image processing that exploit GPUs have been proposed in the
last few years [22], providing real-time implementations of
computer vision applications on recent consumer electronic
devices [23].

However, to ensure good performance on a GPU, the
algorithm or its implementation must comply with some rules
that are largely irrelevant on CPUs. GPU designers devote
most of the transistors in the die to arithmetic operations in
detriment of execution flow control and memory management,
just the opposite of a CPU. This makes branching and sparse
memory access patterns very expensive. Careful arrangement
of memory access instructions and of control structures can,
and usually does, make a sizable performance difference on
GPUs.

Modern GPUs implement the stream processor paradigm, a
form of Single Instruction, Multiple Data (SIMD) parallel
processing. Under this paradigm, the same series of operations
(kernel function) are independently applied onto each element
in a set of data (stream) in an unspecified order and in batches
of an (a priori) undetermined number of elements. This
computing model is especially suitable for applications
exhibiting data parallelism, data locality, and high-compute
intensity. The proposed algorithm exhibits all three of these
traits:

e Data parallelism: each input pixel is
classified into foreground or background.

independently
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Fig. 1. Multi-threading in the CPU and asynchronous communication
among tasks provide low latency and higher throughput.

e Data locality: despite involving many computations, the
only end product of the computation is the classification of
each pixel; all intermediate results remain within the stream
processor, thus reducing memory accesses.

e Compute intensity: each input pixel is employed in
thousands of arithmetic operations (note that, although the
sheer volume of input data makes it impossible to read from
memory each datum only once, caching strategies ensure
that it is used many times over).

The current proposal stems from a previous
implementation [16] of the most basic spatio-temporal non-
parametric background modeling. However, the previous
proposal uses some mechanisms (exhaustive lookup table for
Gaussians, direct access to global memory for writes) that are
not adequate for implementing the enhancements described in
Section II to improve the quality of the modeling.

Dynamic bandwidth estimation discourages using
exhaustive lookup tables because they should be too large to
benefit from caching. It also requires reading and storing
differences between successive images in an access pattern
that does not lend itself to coalescing memory transactions. In
the following subsections we propose novel solutions to these
challenges.

A. General architecture

To achieve maximum throughput, the implemented design
exploits parallelism not only in the GPU but also in the CPU,
offloading input/output operations and their associated
computations (decoding and encoding image files) to the host
computer. Since input and output operations involve large
latencies, separate tasks are created for input, processing
control and output; they communicate and pass data along
using circular buffer structures that reside in the global
memory of the GPU. This asynchronous coupling among the
tasks in the CPU, shown in Fig. 1, absorbs the latencies due to
disk reading and writing because input data can be read before
the processing thread actually needs it, and output data can be
written while the processing thread is already busy with the
next images.

This architecture also allows us to take full advantage of the
capability of the stream processor that we used to perform
asynchronous memory transfers from the CPU to the GPU and
back in such a way (see Fig. 2) that memory transfers and
processing overlap in time. Thus, the GPU processors do not
suffer from data starvation and can be fully utilized the whole
time, improving the global throughput.
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Fig. 2. Asynchronous memory transfers from and to the GPU allow the
process task to run continuously, thus maximizing throughput.
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B. Memory access

The stream processor we used is a consumer-grade GPU
that features several different tiers of memory, mainly:

e Global memory: very large (typically over 1 GiB) and
accessible from all GPU threads, but located off-chip,
yielding relatively low bandwidth and high latency.

e Shared memory: relatively small (e.g. 48 KiB per
multiprocessor in the GPU) and only accessible within the
same execution block, but located on-chip, yielding very
high bandwidth and low latency. It is usually employed as a
manually managed cache.

e Constant memory: very small (e.g. 64 KiB total), read-only
and accessible from all GPU threads. It is located off-chip
but automatically cached, which makes it very fast after the
first read.

The implementation we used as a starting point [16]
featured heavy use of the shared memory tier to avoid multiple
reads from the global memory. However, the limited size of
the shared memory has a direct impact in the maximum block
sizes and spatial bandwidths that can be used. In fact, as Fig. 3
shows (continuous lines), performance varies depending on
block size for a fixed bandwidth because each multiprocessor
can schedule fewer thread blocks as their shared memory
requirements increase, leading to lower GPU occupancy.

Instead of explicitly caching data in shared memory, we
have employed the texture memory both for reading reference
data and writing output. Texture memory is not actually a
separate tier of memory but rather an access mechanism to the
global memory. Instead of uncached access or linear caching
that take place (depending on devices) with regular accesses,
the texture unit uses space-filling curves such as the Z-order
curve [24], pictured in Fig. 4 as an example, to cache the
2-dimensional neighborhood of a memory position. Since our
algorithm accesses reference data in the spatial vicinity of
each pixel, this memory access is a perfect match and,
although it does not guarantee that input pixels will only be
read once, it proves indeed faster than [16]. Another beneficial
side effect is that processing times are almost independent of
the size of processing blocks (see dashed lines in Fig. 3),
which improves the usability of the algorithm.

Recent advances in GPU hardware and development tools
have allowed us to employ the hardware texturing units and
associated 2D caches not only to read data but also to write it,
greatly facilitating the storage of difference images, which is
crucial to the dynamic appearance bandwidth estimation.
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Fig. 3. Mean processing time per pixel, using different spatial bandwidth
(6.1, opw) and depending on GPU thread block size (buxbw), with fixed
appearance bandwidth and no selective update.

Fig. 4. Four levels of the Z-order curve, an example of space-filling curve
that serializes neighboring positions in a 2-dimensional grid.

C. Gaussian function evaluation

The proposed background modeling operates over a
considerable amount of data and, as defined in Section II,
involves D (appearance  characteristics) + 2 (spatial
coordinates) evaluations of the Gaussian function per datum
(~7000 evaluations per input pixel and image with usual
parameters [9][16]).

Unfortunately, exponentials are very expensive to evaluate,
so this can be a bottleneck for the application. If the variance
of the Gaussian is fixed and the range considered is discrete,
such as is the case with 8-bit components, all possible
evaluations of the Gaussian can be precomputed and stored in
constant memory for fast access. However, if the variance is
dynamically estimated the number of possible values is too big
to efficiently store in a look-up table of exact values; the
problem only gets worse if appearance components have a
higher resolution, so an alternate method must be found.

To solve this issue, we exploit that any Gaussian can be

expressed in terms of the Standard  Normal

Distribution (SND),

(s)=-snp{ 224, (10)
o o

Furthermore, since the Gaussian has a horizontal asymptote
in 0, it can be approximated by 0 for x>cg, this being a cutoff
parameter depending on the specific task at hand. This enables
us to take ng evenly spaced samples in the SND and build a
look-up table of user-defined size, independent of variance or
data resolution. Evaluation of any Gaussian thus becomes as
simple as interpolating values of the look-up table. Fig. 5
shows the absolute value of the relative error between the
actual and interpolated value using nearest neighbor or linear
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Fig. 5. Absolute value of the relative error between the actual and the
interpolated value using nearest neighbor (blue) or linear interpolation
(red) for ng =128 and c¢ =8.

interpolation for ng =128 and c¢s=8.

Employing linear interpolation significantly lowers the error
for a given number of samples at a modest computational cost.
Actually, since we have stored the look-up table as a one-
dimensional texture instead of constant memory, the
computational cost of the interpolation becomes negligible
because linear interpolation is built-in in the circuitry of the
texture filtering unit.

Using this technique and the proposed values we obtain 7x
speedups compared to actual evaluation of the exponential
function while keeping error low enough so that the end
results are not affected.

IV. RESULTS

The proposed strategy has been tested in a wide variety of
video sequences with different sizes and containing critical
aspects for moving object detection such as dynamic
backgrounds, illumination changes, non-static cameras, and
moving objects remaining static during different periods of

time. These sequences, whose main characteristics are

summarized in Table I, cover the required indoor and outdoor

scenarios and belong to three databases: Lab [25] (Lab_00x),

PETS [26] (Pets_00x), and Wallflower [27] (Wall 00x). In

addition, to provide an overall quality result for some analysis

stages, we have also considered the union of all test sequences

(Test-Set).

Since the proposed strategy is focused on the quality of the
background modeling, to help analyze the obtained
improvements, we have considered in all experiments that
there is no previous knowledge (i.e. Pr(f)=Pr(¢)='2) and that
the foreground pdf is constant.

The background modeling has been carried out by using
T=150 reference images. We have set the spatial bandwidths
of the Gaussians kernels to consider neighborhoods of
8-connected pixels, since these widths are enough to avoid
most false detections due to small background displacements,
and larger spatial widths would significantly increase the
computational cost of the modeling [16]. To avoid the
negative influence of moving objects remaining static for short
periods of time, we have chosen to use Nc=25 images to
selectively update the background model.

Therefore, free of the constraint to use the typical low-
precision RGB color components, we have been able to
employ the appearance vector proposed in [25], which is
gradient of the brightness, |Vs|. Thanks to this, the negative
influence of shadows and reflected light in the detections is
composed by the chromaticity, (Rn,Gn), and the module of the
decreased considerably.

The proposed strategy has been compared, in terms of
quality and computational efficiency, to the ones in [9]
and [28], because:

e The background modeling in [9] (whose GPU-based real-
time implementation is described in [16]) can be considered
the fastest and simplest nonparametric spatio-temporal
approach, since it uses fixed diagonal bandwidth matrices, a

TABLE I
DESCRIPTION OF THE TEST SEQUENCES

“Lab 001 — Lab 002

~Lab 003

Lab 004

1452

No. images
Duration (s) 58
Size (HxXW) 288x352 192x256 196x256 288x352 288x384
No. moving objects 1 1 1 2 8
No. ground truth images 15 22 21 11 32
~ Pets_002 Pets 004 Pets 005 Wall 001 Wall 002

No. images 435 293 287
Duration (s) 17 11 11
Size (HxXW) 288x384 288x384 288x352 288x352 128x160 128x160
No. moving objects 0 4 26 27 1 1
No. ground truth images 500 18 31 31 293 287




blind update mechanism, and RGB appearance information.
Consequently, because of simplicity and computational
requirements, several moving object detection strategies
[10][25][29] [30] [31] take it as starting point.

o The strategy in [28] is a very efficient CPU-based
implementation of the classical MoG method proposed in
[32], a seminal work that has been taken as main reference
by hundreds of moving object detection strategies [33].

A. Quality analysis
To measure objectively the quality of the detections, the
conventional recall (rec), precision (pre), and F evaluation
parameters [34] have been used:
cd
cd +nd

where cd is the amount of correct detections, nd is the number
of misdetections, and fd is the number of false detections.

Table II summarizes the recall, precision and F percentages
obtained with all the strategies evaluated, while Fig. 7
illustrates representative detections obtained in some
sequences. It must be noted that the results corresponding to
the background modeling in [9] have been obtained by using
the best global appearance bandwidth value we have found
and the same spatial width we are using in our strategy.

These results show that the MoG-based method is able to
obtain high recall percentages in most sequences. However, it
does not model correctly the background changes in many
sequences, especially in those with very dynamic background
(first image in Fig. 7.c) or fast illumination changes (fourth
image in Fig. 7.c). Therefore, it results in a huge amount of
false detections that decrease the global quality (very low F
percentages). Additionally, as it uses RGB color components
in the modeling, it yields large amounts of false detections due
to shadows and reflected light.

Besides, the obtained results prove that the fixed bandwidth
values used by the background modeling in [9] not only
decrease the usability, but also make it difficult to maintain
both high recall and precision percentages in all sequences,
and even inside a given sequence. Additionally, as the
background model is updated with a blind mechanism, in
sequences with objects moving along the optical axis (second

d recx pre

rec =100 d%, F=2

%, pre=100— %, (11)
cd + rec + pre

TABLE 11
QUALITY ANALYSIS: SUMMARY OF RECALL, PRECISION, AND F
PERCENTAGES OBTAINED WITH THE STRATEGIES EVALUATED

MoG-based Background Proposed
strategy in [28] modeling in [9] modeling
rec _pre F rec__ pre F rec pre F

Lab_001 73 84 78 58 72 64 85 86 86
Lab_002 76 84 80 47 79 59 63 86 73
Lab_003 78 67 72 23 74 35 34 87 49
Lab_004 84 69 76 62 88 73 64 93 76
Lab_005 69 84 76 59 72 65 77 83 80
Pets_001 81 7377 35 72 47 51 84 63
Pets_002 100 0 0 100 0 0
Pets 003 74 70 72 57 72 63 73 84 78
Pets_004 75 56 o4 37 87 52 27 92 42
Pets_005 82 79 80 52 87 66 33 94 48
Wall_001 92 48 63 19 45 27 68 92 78
Wall 002 94 7 13 71 16 26 85 89 87

Test-Set 85 18 30 38 39 38 54 86 66

image in Fig. 7.d) or remaining static for very short periods of
time (third image in Fig. 7.d), many misdetections occur.
Moreover, as for the MoG-based method and for the same
reasons, it does not avoid false detections due to shadows and
reflected light.

Results in Table II and Fig. 7 show as well that the strategy
we propose obtains the best global quality detections. By
dynamically estimating the kernel bandwidth values, it
significantly reduces the number of false detections in all
sequences; and by selectively updating the background model,
it increases the amount of correct detections. Additionally, by
using the chromaticity and the gradient of the brightness as the
appearance characteristics of the pixels, it avoids most false
detections due to shadows and reflected light.

Although the proposed modeling provides the best quality
in most sequences, it can be observed that in Pets 004 and
Pets_005 the strategies in [9] and [16] obtain better quality. In
these sequences the moving objects remain static or move
along the optical axis for several seconds, which leads to
several misdetections. As described in Subsection II.B, the
proposed bandwidth estimation depends on previous
detections. Therefore, the quality of the estimation decreases
as the number of misdetections increases.

B. Computational analysis

The proposed strategy has been implemented and measured
on a consumer-grade GPU with 16 stream multiprocessors and
1.5 GiB of RAM (estimated global computing power of
1581.1 GFLOPs), coupled with a 4-core CPU clocked at
3.4 GHz with 16 GiB RAM.

The achieved computational efficiency has been compared

to those obtained by the strategy in [9] on the same GPU, and
by the strategy in [28] on a 2.66 GHz CPU with 2 GiB of
RAM.
In the first place, using the GPU-based scheme proposed in
this paper we have analyzed both the computational efficiency
of the most basic spatio-temporal nonparametric background
modeling [9], and the computational cost increase after adding
to that model the improvements proposed in Section II and
replacing the RGB color components with the appearance
vector (Rn,Gn,|V3s|). Fig. 6 shows a summary of the mean
computational costs per pixel (once the background model has
been fully initialized) resulting from this analysis.

Variations in mean processing time (typically under 10%)
are explained by the peculiar distribution of differences
between consecutive pixels in each sequence. Although the
operations performed for each pixel in every sequence are
exactly the same, the data are not. This induces a unique hit
pattern on the texture and associated caches that store the
values of the Gaussian functions. Each of the proposed
enhancements alters the appearance bandwidth of each pixel
in each instant, which explains that mean processing times
using different strategies are not proportional across different
sequences.

Finally, we have compared the computational efficiency of
evaluated methods. The obtained processing times, once the
background model has been fully initialized, appear in
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spatio-temporal nonparametric modeling (blue), and after adding the
proposed improvements (red, green, and purple).

Table III (sorted by increasing image-size of the sequences).
The second column shows the results corresponding to the
MoG-based method proposed in [28], which was designed to

(e)

(c) (d)
Fig. 7. Representative final detections obtained with different moving object detection strategies. (a) Original images. (b) Ground truth images. (c)
Typical MoG-based moving object detection strategy [28]. (d) Basic spatio-temporal nonparametric background modeling [9]. (¢) Proposed strategy.

provide real-time results on a CPU. The third column presents
the results obtained with the spatio-temporal nonparametric
background modeling in [9], which was also originally
designed to be implemented on a CPU. The fourth column
contains the times with the GPU-based implementation [16] of
the nonparametric strategy in [9]. The fifth and sixth columns
list the processing times and corresponding frame rates
achieved with the proposed strategy. It can be observed that
we not only maintain but also in fact improve the
computational efficiency achieved with the GPU-based
implementation in [16].

Accordingly, we are able to provide real-time detections,
even for the sequences with the highest image sizes. If we
compare our results with those of the CPU-based
implementations, we observe that we reduce more than 200
times the processing times achieved in [9], and that we get
times similar to those reached in [28]. However, it should be
noted that the computational cost achieved with [28] is not
proportional to the image sizes and highly depends on the
amount of foreground pixels in each moment. Therefore, the
processing time achieved by the strategy in [28] is not
constant and, consequently, in presence of large amounts of



TABLE II1
MEAN PROCESSING TIMES (MS) OF THE STRATEGIES EVALUATED AND
SPEED (FPS) ACHIEVED WITH THE PROPOSED MODELING

Seq MoG NPM NPM Proposed Speed

: (CPU) (CPU) (GPU) NPM (GPU) (fps)

Wall 001 13 1697 9 6 167
Wall 002 14 1707 10 6 167
Lab 003 13 3958 19 13 75
Lab 004 14 3972 18 13 75
Lab 001 25 8551 38 25 38
Lab 002 27 8415 38 27 37
Lab_005 25 9397 38 25 40
Pets 004 30 8549 35 28 35
Pets 005 32 8517 35 31 35
Pets 001 30 8849 37 30 33
Pets 002 29 9162 39 29 34
Pets 003 28 9181 37 30 34

moving objects, it can result in several detections missed,
which would not happen with the strategy we propose here.

V. CONCLUSION

An innovative real-time GPU-based implementation of a
high-quality background modeling has been presented, which
is suitable for integration in any nonparametric spatio-
temporal moving object detection strategy, such as the ones
demanded by the computer vision applications running on
current consumer electronic devices.

By selectively updating the background model through a
robust and unsupervised estimation of weights assigned to
each reference sample, the number of misdetections is
significantly reduced. Additionally, adequate bandwidth
matrices are dynamically estimated from spatially weighted
sample variances resulting from distributions of differences of
reference data. In this way, an additional improvement of the
quality is achieved and, moreover, the usability of previous
approaches is also improved.

The proposed implementation features multitasking and
asynchronous cooperation between CPU and GPU, thereby
preventing data starvation and increasing device utilization.
Reading and writing data through the hardware texture caches
have proven very useful for this algorithm, providing higher
parallelism degrees than previous explicit cache approaches
and high performance regardless of the thread block size.
Finally, since the evaluation of Gaussian functions consumes a
very significant portion of the computation time, we have also
proposed a novel technique to accomplish it, which exploits
hardware features of the GPU such as its texture mapping and
filtering units.

The obtained results have shown that the proposed strategy
not only enhances the quality and usability of previous
algorithms but also provides real-time results in a large variety
of sequences with different image-sizes.
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