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Abstract: This study focuses on the problem of object detection in video
sequences. In order to free from the modeling of the objects that may be variable
and numerous, we choose an a-contrario approach, based on the modeling of the
absence of any object of interest in the scene (noise model) and the images are
analyzed in order to detect the events salient relative to the used noise model.
To free from the a-priori parameters, we define a non-monotonic measure that is
a Number of False Alarms (NFA) and that allows quantifying the ‘exceptional’
feature of an observation relatively to the noise model. With such an approach
the solution is determined as the argument minimizing the NFA criterion.
Considering an image segmentation problem, the proposed noise model has
two, namely pixel and window, levels in order to take into account both radiometric and spatial noise feature. The same algorithm is then used to detect
either the changes relative to a background, or in the case of an embedded camera, the objects having their own motion, or the objects protruding relatively
to the road plane, so that applications are related to video surveillance and
Advanced Driver Assistance Systems.
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1. Introduction

The problem of detection is all the more difficult as the objects or events to
detect are multiple, having variable forms and poorly known. In most practical
applications, it will be generally simpler to model the noise (in unstructured
data) than to list the various forms of the objects. Thus, instead of specifying
the a priori structures or sought objects (events), the a-contrario approaches
use a model, called ‘naive’ model, which represents the absence of structures in
the data. A phenomenon (e.g. alignment, change) will be detected as a very
unlikely (contradictory) realization under the assumption of naive model, or
in other words as ‘too structured’ (according to the Helmholtz principle, Any
structure too regular to appear ‘by chance’ attracts the attention and becomes a
perception).
In order to measure the degree of significance of a ‘too structured’ observation, [4] introduces a measure directly related to the number of occurrences
associated to this observation. If this number is large, the significance is low.
The approach allows gathering all the detection parameters (thresholds, etc.)
under a single criterion: the expected number of false alarms (NFA). A-contrario
approaches using NFA criterion have been applied to various problems of detection of structures in images [6]. Let us quote, in a non-exhaustive way,
the alignment of points [4], the contours [5], the vanishing points [1], the line
segments [20], the matching points and epipolar geometry measure [15], the
matching of local descriptors [17], pattern recognition [2], or change detection
(on remote sensing images [18] and in video scenes [9]).
Considering the application of detection of ‘unexpected’ objects or change
in an image, and relatively to mentioned works, we focus on the following key
points. First, the considered images are gray-level images whereas in the most
of the cited works, e.g. [7], NFA measures were proposed for binary images.
Second, in order to free from the use of some threshold parameters, the NFA
criterion should present a minimum, whereas in several cited works, e.g. [9], a
final thresholding on NFA values is used. Third, both radiometric and spatial
features have to be considered in the object detection, whereas cited works only
consider one level, either pixel level or window level.
In image processing, the most of the approaches for change detection are
based on the interpretation of the image difference between a current (or foreground) image and a background image representing the absence of change or
object of interest. Then, numerous works focus on the updating the background
image. Indeed, the actual scenes contain structures that vary in terms of static
objects (e.g. parked cars) or in acquiring conditions (e.g. light, clouds). Then,
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the Sigma-Delta filter [14] (to give an example) provides an extremely simple
and relatively robust way to update the background, through the mean and the
median value around the mean.
When the scene is subject to pseudo-periodic variations (e.g. movements of
the branches in the trees due to wind), [12] propose a representation of the background image from a dictionary, called CodeBook. Updating of the available
backgrounds (included in the CodeBook) is performed to manage non-periodic
changes. Including an extra cost in computation time, this model allows managing the cases where in some areas the background cannot be modeled by a single
value. Having estimated the background (either mono or multilayer), a test determines if the observed value is significantly away from the background. This
test is usually probabilistic (e.g. assuming Gaussian mixture [22, 19, 3, 16]).
Now, when methods work at pixel level, they are prone to errors, and a way to
make them more robust is to extend them at window level. Anyway, a main
limitation of these approaches remains then the existence of some parameters
that should be a priori known or learned and the existence of a final decision
threshold.
In this study we focus on the detection of ‘unexpected’ objects, where the
term ‘unexpected’ refers to something that deviates from a scene model. For
instance there will be an appearance (or disappearance) of an object or a movement of an object relative to the known scene. Objects will be detected as
innovation relatively to a scene model, defined according to the application, for
instance as a background image, as a previous image in the sequence or as a
‘default’ scene (we will give examples further).
In terms of application, focusing on the case where the object is new, i.e.
not considering the tracking problem, three main features make our problem
all the more complex:
1. the input data are ‘grayscale’ (scalar values) images with possibly missing values (typically, the considered grayscale values may be standard
radiometric values or disparity values),
2. the acquisition conditions are highly variable (outdoor),
3. the camera may be embedded (and thus in move).
The remainder of the article is as follows. In Section 2, we focus on the acontrario modeling and we present the proposed approach in the case of a static
camera. The detection is performed without using any threshold parameter. In
Section 3, we show the genericity of the method applying it to various input
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data (observation and model), in the more general case of a camera with egomotion. Section 4 summarizes our main conclusions and give some perspectives
for this work.

2. Proposed Approach
Assuming that the objects are large relative to the pixel size, they include
several pixels. Thus, in the absence of any assumption about their shape, the
objects will be detected as groups of pixels that satisfy a specific detection
function at the pixel level.
Then, the proposed algorithm includes two steps: first a function detecting
the changes at pixel level, and secondly a function detecting the changes at
window level. For this presentation of the method, let us first assume a static
camera and let us focus on video surveillance examples. The extension to the
case of a moving camera is presented in the next section.
2.1. Level 1: Detection of Change Points in the Image
The detection at pixel level is based on [18], with two main differences: in our
case, the resolution is high (objects are greater than pixel size) and the detection
is not based on a comparison with a classification but with a grayscale image
(e.g. image background or image derived from a 3D scene model).
The proposed detection at pixel level is based on the comparison of the
observed image at the instant t, the innovation, noted It , and a model at t,
noted B̃t . In the case of a static camera, B̃t is a background image. Let Dt be
the domain of defined pixels, i.e. pixels having a value assumed to be reliable.
Examples of pixels not belonging to Dt are: blind, hot pixels, or pixels with
undefined value such as in disparity maps. In this section, all calculations are
carried out for a given time index t. Thus, to simplify the notation the index t
is removed in the following of this section: we note I = It , B̃ = B̃t and D = Dt .
Let us also note D̄ the unknown pixel domain, defined as the complementary
of D relatively to the whole image domain.
Let us note ∆ the difference image: ∀s ∈ D, ∆ (s) = I (s) − B̃ (s). Classic
thresholding is performed on the values |∆ (s)| or ∆2 (s) to determine the value
of pixels surprisingly high. But the choice of the threshold is generally very
difficult and not robust. In order to determine the threshold automatically, the
significance of the pixels of the image ∆ is measured with respect to the naive
model H1 , given by Definition 1.
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Definition 1 (naive model H1 ). The image∆ is a random field of |D|
independent centered Gaussian variables N 0, σ 2 with σ the corresponding
standard deviation image completely unstructured and |D| the cardinality of
the domain D of defined pixels.
Let ∆2 be the image such that ∆2 (s) = [∆ (s)]2 . The residual error between
2 , that is the sum of the ∆2
I and B̃ on a subdomain D ⊆ D is measured by δD
2 is difficult to
values for pixels belonging to the subdomain D. The value of δD
2
interpret in absolute terms. Thus, we consider the probability of observing δD
2
by chance, denoted PH1 δD . Hence, the NFA on a subdomain D is defined
by:

2 ,σ ,
N F A1 (D) = η1 (D) PH1 δD
R δ2 /2σ2 −t |D| −1
(1)
e t 2 dt,
= η (D)  1  D
1

Γ

|D|
2

0

where Γ is the Euler function and η1 (D) is a normalization term (equivalent to the number of tests) that controls the average number of false alarms.
According to [8], it is sufficient that:
X

D⊆D

1
≤ 1.
η1 (D)

(2)

|D|
to distribute the risk with respect to
As in [18], we choose η1 = |D| |D|
the size of the domain. Inequality 2 is satisfied since

P

1

D⊆D |D|(

|D|
|D|

)

=
=

1
|D|

P
P

1
|D|
|D|
|D| ,

=
= 1.



|D|
n=|D|≤|D| n

×

1

(|D|
n )

n=|D|≤|D| 1,

,
(3)

Equation 1 dependencies to the parameters is thus

2
N F A1 (D) = N F A1 δD
, |D| , σ, |D| .
At the end of this first test of significance, we detected the subdomain D̂
the most significant in term of ∆2 low pixel values. The parameters involved in
Equation 1 are the cardinal of |D|, that is directly accessible, and the standard
deviation σ of the naive model. This latter corresponds to the case of an image
∆ totally unstructured, for example a difference between any pair of images
(even not representing the same scene) or simply a difference between an image
of the scene and a ‘null’ image (all pixels to 0). So σ can be estimated from the
standard deviation of I.
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By combining the results D̂ with D, we get a 3-label image, where the
subdomain of object pixels is D\D̂, the subdomain of background pixels is D̂
and the subdomain of unknown pixels D̄. In the following, a point is a pixel
with label object and a point image is a label image where object pixels have
been identified, as at the output of Algorithm 1 that describes the estimation
of background pixel subdomain D̂ by minimizing the N F A1 .
Algorithm 1 Estimation of background and object pixel sets.
Compute image ∆2

Sort increasingly ∆2 pixels in a vector ǫ2i 1≤i≤|D|

2 ← 0, D ← ∅ and N F Amin ← +∞
Initialize δD
1
for i ∈ [1, |D|] do
2
Add ǫ2i to δD

s ← the pixel corresponding to i index in ǫ2i 1≤i≤|D|
D ← D ∪ {s}

2 , |D| , σ, |D|
Compute N F A1 δD

2 , |D| , σ, |D| < N F Amin then
if N F A1 δD
1

2 , |D| , σ, |D|
min
N F A1 ← N F A1 δD
D̂ ← D
end if
end for
point domain ← D\D̂

Figures 1a, 1b and 1c illustrate this algorithm in the case of a typical CCTV
application. The aim was to detect the intrusions on the site and to classify the
behaviors of the intruders in terms of dangerousness. The changes of interest
are: (i) three people walking towards the camera, (ii) a fourth one running
to the left, mid-hidden behind a car, (iii) a car on a road far away in the
background of the scene. For this example, B̃ is simply an image acquired at
the very beginning of the sequence. From Figure 1a, we note that these changes
correspond to high pixel values in |∆| image (on Figure 1a, the contrast has
been enhanced for clarity). However, several other pixels exhibit such high
values, probably because of variations in the background of the scene or in the
cypress branches. Figure 1b shows the curve giving the value of log (N F A1 )
versus the cardinality of the domain D (of pixels surprisingly consistent). It
presents a clear minimum, while the curve of cumulative squared errors seems
much more difficult to interpret automatically. Figure 1c shows the result of
the detection at pixel level, namely D\D̂ subdomain coded in white. Unknown
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pixels are absent in this example. We note that the four people and the car are
quite well detected. But there is also a high number of isolated detections that
illustrates the interest of taking into account a second criterion (on the density
of the points).
Before introducing this second criterion, let us provide some comments
about this first detection at pixel level. We can ask whether it would have
been easier to directly detect the pixel significantly high values, defining differently the parameter σ of the naive model, e.g. the standard deviation actually
observed on ∆. Two reasons argue against this model.
2 , i.e. a sum over D pixels, makes more robust the detection.
1. Considering δD
2 is
Now, assume that we search to detect the D subdomain such that δD
particularly high. We will not be able to guarantee the minimum value
2 remains high,
of ∆2 (s) , s ∈ D (since only one high value will make δD
whatever the values added). Conversely, with our model, the maximum
2.
value of ∆2 (s) , s ∈ D is bounded: ∀s ∈ D, ∆2 (s) ≤ δD

2. If there are unknown parameters, they can be estimated them according
to a minimum error criterion. In [18], the parameters to be optimized were
the class means. In the case of a moving camera (presented further), the
camera roto-translation parameters will be optimized in the 6D motion
space.
At the end of Section 2.2.3, we present an alternative to the presented
detection at pixel level. Its interest is mainly theoretical: firstly because the
induced computation time is a strong limitation, and secondly because of the
interest of handling a double criterion, on pixel values (such as with N F A1
criterion) and on point density (such as presented in next section).
2.2. Level 2: Detection of Change Windows in the Image
In this section, we process the point image, i.e. an image with only three labels:
object, background and unknown, e.g. obtained at the output of the previous
level. Under the assumption that the sought objects are big relatively to the
pixels, we focus on the detection of clusters of points (pixels having the label
object in the point image). In [6], two criteria were proposed.
Given a geometric shape (e.g. strip, window, or any‘parametrized’ compact
domain), for each geometric object Oj containing nj points, the first one is the
NFA associated to the detection of geometric objects containing a number of
points above or equal to nj . The NFA criterion can be used either to detect all
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(a) |∆| image

(b) log (N F A1 ) and δ 2
curves

(c) Pixel level result

(d) Window level result

(e) −log (N F A2 ) curve

(f) Window level result

(g) Pixel level, 3 dates

(h) Window level, 3 dates

Figure 1: Example of detection (static camera case): (a) Absolute difference image between foreground and background images, (b) curves of
log (N F A1 ) and δ2 (Algorithm 1) versus cardinality of D (subdomain
of amazingly consistent pixels), (c) result of detection at pixel level: 3label image (white≡object, black≡background), (d) result of detection
at window level (medium window sizes), (e) curves of −log (N F A2 ) (Algorithm 2) versus cardinality of the window subset (amazingly dense
windows), (f) result of detection at window level (small windows),
(g) result of multitemporal detection at pixel level, (h) result of multitemporal detection at window level (small windows).
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the objects Oj such that the associated NFA is below a given threshold, or to
detect the most significant object(s).
The second NFA criterion [6] does not make any assumption on the geometric shape of the objects, except on the distance between the points within
the object. Although it seems interesting to use clusters, two elements argue
against in our application. First, for images with a large number of points, the
computation time of the distance spanning tree is very long. Second, in the
case of missing data (unknown label), the results are not stable. For instance,
consider two clusters having distance parameters rj and rj − 1, separated by
a distance 2rj − 1 and a pixel having unknown label located midway between
clusters. Depending on this pixel label, the two clusters will merge into one or
not. Thus, the results in terms of clusters detected can vary greatly depending
on a single pixel label, that may be subject to errors.
In the following, we choose as a geometric shape, the rectangular window
that allows approaching the shape of objects at low resolution. An interest of
approach [9] is the ability to take into account a label unknown in the image.
However, the proposed detection is not automatic since it uses a final threshold
on NFA values (in addition to a first threshold for the creation of a 3-label
image). The choice of the threshold being generally tricky and not robust, we
propose to rather use a minimization of a NFA criterion. The naive model H2
is given by Definition 2.
Definition 2 (naive model H2 ). In the point image (labels ∈ { object, background, unknown }), the points (object labeled pixels) are uniformly independently distributed with probability p and the background pixels are uniformly
independently distributed with probability 1 − p.
According to Definition 2, for each window W having n defined pixels, the
probability to contain more than k points is given by the tail of the binomial
|D\D̂|
distribution. Let p be the probability of a point among defined pixels (p = |D|
where D is the domain of defined pixels and D\D̂ is the domain of points), κW
is the number of points in the considered window W (κW = W ∩ D\D̂ ), νW is
the total number of defined pixels in W (νW = |W ∩ D|). Denoting PH2 (κW )
the probability of observing by chance a cluster of κW points, a NFA measure
on the window W is given [9] by:
N F A2 (W ) = η2 (W ) PH2 (p, κW , νW ) ,
PW
νW −i
νW  i
= η2 (W ) νi=κ
,
i p (1 − p)
W

(4)

where η2 is a number of tests. In [9], this number is a constant, thus the
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NFA measure is proportional to the probability. In [6], η2 is the number of
strips (or windows if we transpose for our case) necessary to cover the entire
|D∪D|
image, i.e. η2 (W ) = |W | in our case. In order to penalize more severely
|D∪D|
the false detection, we propose η2 (W ) = |W | × 2|W | , which also satisfies the
P
1
condition j η2 (W
≤ 1.
j)
W
, the significance
Defining the point probability within W by pW = κνW
S (p, pW , νW , |W |) = − log (N F A2 (W )), can be written using the Hoeffding
approximation:
h
 

i
W
S (p, pW , νW , |W |) ≈ νW pW ln ppW + (1 − pW ) ln 1−p
1−p
− log (η2 (W )) .

(5)

Following [9], when windows are partially overlapping, only the one having
the maximum significance should be kept. For this, we sort the windows Wj
by decreasing significance, and we scan the list of sorted Wj , removing any
window Wk overlapping the current Wj and further in the list (i.e. having
lower significance). Therefore, at the end of this step, only non overlapping
windows having ‘maximal signficance’ remain in the sorted list.
2.2.1. Change window Subset
In [9], the selected windows are those presenting a significance value greater
than a threshold value Smin . However, the choice of this minimal significance is
hardly less tricky than a threshold on probability (actually for a constant test
number η2 it is equivalent). Now one strong advantage of the measure in term
of NFA is to be a number, that is to say directly comparable to other NFA
values. Thus, we propose to compute the NFA of window subsets in order to
minimize the it, or equivalently to maximize the significance over the window
subsets.
Consider the case where all the windows have same number of defined pixels
and there is no overlapping between the windows. We search the subset of
windows, denoted {Wj }kj=1 , that maximizes the significance (under the naive
model H2 ). The window indices correspond to the order in which the windows
have been added to the current window subset: for a given window subset, j ∈
{1, ..., k − 1}, the k index window is the window that maximizes the significance
among all subsets of k windows: Wk = argmaxW {S (p, {W1 , ..., Wk−1 , W })}.
For windows of same number of defined pixels, the k windows maximizing
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the significance S p, {Wj }kj=1 at given k value, are the k windows having
the greatest pW values: {Wj }kj=1 such that pW1 ≥ pW2 ≥ ... ≥ pWk . The
demonstration is trivial from Equation 6 presented just after. Let us note ν1...k
the number of defined pixels within the window subset {Wj }kj=1 and pk the
probability for a pixel to be a point locally to {Wj }kj=1 : pk =
the number of points within

{Wj }kj=1 .

κ1...k
ν1...k ,

with κ1...k

Equation 5 becomes:






S p, {Wj }kj=1 = − log N F A2 {Wj }kj=1
i
h
 

k
≈ ν1...k pk log ppk + (1 − pk ) log 1−p
1−p
 

k
− log η2 {Wj }j=1 ,

(6)



where η2 {Wj }kj=1 is the number of tests associated to the considered


2ν1...k to take into account the
window subset. We choose η2 {Wj }kj=1 = ν|D|
1...k
fact that within a window subset of cardinality ν1...k , there are 2ν1...k possible
subsets of points. This term satisfies Inequality 2 provided that the windows
are large enough. Precisely, denoting a a lower bound for the average number
of pixels within a window Wj and NW is the total number of possible windows:
1
|D|

P NW

ν1...k NW
k=1 2ν1...k
k



≤
≤
≤


1 PNW ak NW
k=1 2ak
k ,
|D|

a NW
1 NW −1
,
|D| 2a 1 + 2a
NW −1
a NW
2a
.
|D| 2a e

(7)

Previous inequality P
was obtained
using successively the equality ∀x ∈ R,
n
n
n
d
k
∀n ∈ N, x dx (1 + x) = k=1 kx k and the inequality ∀x, r ∈ R+ , (1 + x)r ≤
erx . The solving of the last right member of the inequality can be done using
the Lambert W-function (main branch). Anyway, in our case, the inequality is
widely checked since |D| = 640 × 480, a ≈ 10 × 10 and NW ≈ 64 × 48 × 4 × 4.
In the case of windows with different numbers of defined pixels, the two orderings in probability and significance may differ, so that we theorically should
test any window combination. Specifically, for every number of defined pixels,
we have to create a list of windows with the same number of defined pixels and
sorted by pW . Then, for every list, we compute the significance of the current
window subset added with the top window in the list, and we choose the window maximizing the significance (and move it to the window subset). Since it
may be intractable and since our tests (see Figure 1e) show the difference is
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very small, we propose a simplified version using the pW ordering to construct
{Wj }kj=1 .
Algorithm 2 describes the estimation of the subset of windows by maximizing the significance. The first part of the algorithm eliminates the non-maximal
significance windows. The second part of the algorithm aims at detecting the
subset of non-overlapping windows having maximal significance. As said previously, we limit the number of tested window subsets to the number of remaining
windows at the end of the first step (adding, one by one, the windows to the
current subset). Such a process is optimal if and only if the number of defined
pixels by window is the same. In our case, it is thus suboptimal. Note also that
the algorithm does not use any threshold parameter.
Figure 1d presents results on test images previously considered in the case
of variable ‘medium’ size windows (width×height) 20 × 20, 20 × 40, 40 × 20 and
40 × 40. Note that the choice of the maximum or minimum size of a window
depends on an implicit assumption on the minimum size of the researched
objects. Thus, both for computation time reasons and for a priori about the
minimum size of sought objects, we do not explore all window sizes. From
Figure 1d, the results obtained are satisfying since the four people and the car
are detected. Figure 1f shows results in the case of variable ‘small’ size windows
10 × 10, 10 × 20, 20 × 10 and 20 × 20. We note that objects of interest are now
discerned in a finer way at the price of two false detections in the cypress.
Figure 1e compares the two ways to construct the window subset {Wj }kj=1 :
the optimal one (i.e. sorting by significance) or the simplified one (i.e. sorting
by pW , cf. Algorithm 2). It shows the four significance curves corresponding
to each construction way and to each set of window size, ‘small’ and ‘medium’.
From Figure 1e, the difference between the optimal subset estimation and the
simplified one is unnoticeable (in fact it only occurs at the very beginning of
the curves). Note that for both window subset construction, the NFA curves
show a clear extremum (NFA minimum or significance maximum) allowing a
parameter-free algorithm. We insist on the fact that, when using Algorithm 2
the number of detected windows is derived from a maximization and not from
a threshold criterion. Now, there is maximum in any case, regardless of the
presence of an actual object. So, rigorously, there is an implicit threshold
parameter on the maximum significance value obtained: in order to ensure less
than 1 false alarm (in expectation), the maximum significance value should be
greater than 0.
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Algorithm 2 Estimation of object windows.
Compute the parameter p and the 3-label image
Initialize the set of windows {W }1≤i≤NW = {Wj , j ∈ [1, NW ]} where NW is
the initial number of considered windows
for all window W in {W }1≤i≤NW do
Compute the parameters (κW , νW , pW )
Compute the significance SW = S (p, pW , νW , |W |) (Eq. 5)
end for
Sort increasingly SW values in a vector (Si )1≤i≤NW
for j ∈ [1, NW ] do
Wj such that SWj = Sj in (Si )1≤i≤NW
for k ∈ [i + 1, NW ] do
Wk such that SWk = Sk in (Si )1≤i≤NW
if Wk ∩ Wk 6= ∅ then
remove Wk from (Si )1≤i≤NW
NW ← NW − 1
end if
end for
end for
Sort decreasingly pW values in a vector (pi )1≤i≤NW
Initialize S2max = −∞, ν∪ = 0, κ∪ = 0 et K̂ = 0
for j ∈ [1, NW ] do
Wk such that pWk = pk in (pi )1≤i≤NW
Add νWk to ν∪ , and κWk to κ∪
Compute pk = κν∪∪


Compute S∪ = S p, pk , {Wj }kj=1 (Eq. 6)
if S∪ > S2max then
S2max = S∪
K̂ ← k
end if
end for
S
b = K̂ Wj
D
j=1
2.2.2. Multitemporal Case
We propose an extension of previous measure to the case of multidimensional
point images. The typical applicative case is the multitemporal one: not only
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one pair of images acquired at (t − 1, t) is considered but a set of image pairs,
e.g. acquired at (t − 3, t − 2), (t − 2, t − 1), (t − 1, t). The extension of N F A2
criterion is as follows. Let be N point images, the algorithm parameters are
computed on 3D domains, such that the two first dimensions are those of the
previously considered 2D domains and the third dimension is the dimension of
N , i.e. the temporal dimension in our case. Algorithm 2 is still valid except
that the handled windows are now 3D windows (in particular their cardinality
in 2D is multiplied by N ) and the parameters (p, κW , νW ) are now defined by:
p =

N
P

|Dt \D̂t |

t=1
N
P

,

|Dt |

t=1

κWj

=

νW j

=

N
P

t=1
N
P

t=1

Wj ∩ Dt \D̂t ,

(8)

|Wj ∩ Dt , |,

where the index t refers to the point image among the N point images. Adding
a third dimension has the effect of strengthening the 2D detections correlated
along this third dimension. Thus, the temporal dimension appears as a good
candidate for object detection, conversely to the color for instance. However,
note that in the case of a moving object, as in the case of a moving camera,
optimal results will be obtained only by considering the object motion and/or
by compensating the camera egomotion.
Figure 1g shows the result of multitemporal detection at pixel level for 3
point images, each one being coded with a primary color (red, green and blue),
so that the composite colors (yellow, magenta, cyan and white) denote multiple
detections. Figure 1h shows the result of multitemporal detection at window
level, i.e. using Algorithm 2 with modified Equations 8. For comparison the
monotemporal result was shown on Figure 1f. Among the two false alarms
observed in the monotemporal case, one has disappeared in the multitemporal
case. We also note that two people are better discerned, their head being now
detected. Note that in the case of the ‘medium’ size windows (Figure 1d), the
results obtained for N = 1 and N = 3 are the same, because spatial ‘filtering’
is already adequate.
2.2.3. N F A1 Criterion Against N F A2 Criterion
Algorithm 1 (Section 2.1) is similar to a step at pixel level which produces
a point image. A fundamental property of NFA measurements is to be com-
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parable. This allows an alternative approach using N F A2 criterion to detect
directly from the grayscale images, as follows.
Let simply threshold the images |∆| varying the threshold parameter, called
τ , and obtain as many point images resulting of this |∆| image thresholding. For
each point image associated to a τ value, calculate the N F A2 assuming the binomial distribution for naive model. The optimal threshold for a window W is then
the τ value maximizing S (p (τ ) , pW (τ ) , νW (τ ) , |W |) where the dependencies of
parameters to τ are shown. Then, τˆW = argmaxτ S (p (τ ) , pW (τ ) , νW (τ ) , |W |).
Even if such an approach seems unrealistic with the actual embedded computers, we illustrate it on one result because of its theoretical interest. Figure 2a
shows, for six specific windows, the curves of the S (W ) versus the threshold
τ . We clearly see a maximum that is all the more significant that the window effectively contains an object (or an object subpart). In the expression
‘Window(a, b)’, a denotes the window upperleft corner row index and b the
window upperleft corner column index. Thus, the subplots ‘Window(120,200)’,
‘Window(120,280)’ and ‘Window(120,320)’ correspond to three people and the
‘Window(160,0)’ to a parked car. ‘Window(120,0)’ and ‘Window(40,480)’ are
false alarms. Figure 2c shows the result of the detection when applying the
detection of the optimal threshold according to N F A2 criterion to windows
realizing a partition of the image. The result seems promising.
However, we waived this approach for two reasons. First, even it seems unsupervised (since the ‘optimal’ threshold parameter is automatically estimated),
it contains a supervised parameter: the threshold to decide if the maximum of
significance is significant. Second, using only N F A2 criterion bases the detection on the sole criterion of amazingly high relative density of points, whereas
using N F A1 criterion (as a first step) introduces a criterion based on observed
radiometric values. In the following of the study, we base detection on a double
criterion, namely criteria N F A1 and N F A2 .

3. Variants of Proposed Approach
In the previous section, the methodology was developed and tested in the case
of a static camera. Here, we extent it to the case of a camera in motion that is
a typical case of driver assistance system applications. The aim is to illustrate
the genericity of the presented approach with respect to the input data.
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(a) −log (N F A2 ) curves, 6 window cases

(b) 6 window cases

(c) Mosaic of N F A2 criterion thresholded windows

Figure 2: Example of pixel detection according to N F A2 criterion
(gray-level image case): (a) significance curves versus threshold parameter τ for six cases of windows, (b) |∆| image indicating the six considered
windows, (c) mosaic of the thresholded windows using threshold parameter maximizing the significance, provided that significance maximum
is greater than 500.
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model at t

innovation
radiometric image disparity image
proj. radiometric im.
proj. disparity im.
blank scene disparity

moving objects
/
/

/
moving objects
salient objects

Table 1: Kind of detected objects versus input data.
3.1. Three Declinations of the Proposed Approach
Our objective is the detection of objects in a video sequence using a camera
embedded on a vehicle, generally moving. In the outdoor scene, the objects
of interest are usually pedestrians, other vehicles and obstacles on the road
or nearby (walking on the sidewalk and likely to cross the road). Since the
a-contrario approach does not base on the characteristics of the sought objects,
but on the noise model, only the input data may include the a priori information
on the objects of interest. In this study, we propose to detect different kinds of
objects simply using different input data to derive the image ∆ at the input of
the proposed algorithm.
3.1.1. Detected Objects Versus Input Data
For the detection of moving objects, the input images are the image at time t
and the projection of the previous image in the geometry of the current one,
in order to compensate for the egomotion of the camera and focus on moving
objects. Images can either be usual images, here called radiometric images or
disparity images. In the following, the term ‘grayscale’ image refers to a generic
image with more than two or three values (i.e. not a binary or ternary image),
without prejudging the physical meaning of these values (e.g. radiometry or
disparity).
For the detection of static objects, the image ∆ is derived from the image
at the instant t and a model of a ‘blank’ scene, i.e. without any object but
the road. Due to the construction of the blank scene, only the case of disparity
images is considered in this study. Table 1 summarizes the characteristics of the
detected objects according to the combinations of input data, with in column
the model at t and in row the innovation at t. The following paragraphs specify
these combinations.
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First type of model t: a priori 3D scene In this first model, the
background image is a blank scene but the road. The road is modeled as a part
of a plane estimated directly from the analysis of the v-disparity [13]. In the
a priori scene, each 3D point satisfies the equation of the road, or is located
at infinity. Therefore, the model at t we are able to construct is necessarily a
disparity image (and not a radiometric image), noted droadt in the following.
Noting dt the disparity image at t that is the innovation here, ∆ image
is such that: ∆ (s) = dt (s) − droadt (s), with s a pixel, dt (s) the value of the
disparity for s and droadt (s) the value of the disparity for s in the assumed
blank scene except the road.
Second type of model t: projection of the image at t − 1 In this
second model, the background image is deduced from the observed scene at the
previous instant, namely t − 1. As the camera is moving, the observed image at
t − 1 should be corrected for this camera motion. Assuming the camera and the
vehicle are rigidly linked, we build the background from the gray-level image
at t − 1, the disparity map at t − 1, the 6 motion parameters of the camera,
namely the translation T = (TX , TY , TZ ) and the rotation Ω = (ΩX , ΩY , ΩZ ),
supposed constant between t − 1 and t. The smaller the motion (in particular
the rotational component), the more accurate is the projection of the image.
The output of the projection of (t − 1) → t is then the model at t. Now, these
images contain missing values in some pixels, firstly due to missing values in
the disparity map at t − 1 and secondly due to the change in the field of view
(due to camera motion).
First kind of innovation at t: radiometric images. Considering radiometric
images, ∆ image is defined by: ∆ (s) = It (s) − It−1→t (s) with s a pixel, It (s)
the radiometric value in s at t, and It−1→t (s) the radiometric value in s after
projection of the image It−1 acquired at t − 1 (knowing the 6D motion of the
camera).
Second kind of innovation at t: disparity images. The ∆ image is here
defined by: ∆ (s) = dt (s)−dt−1→t (s) with s a pixel and dt−1→t (s) the disparity
value in s after projection of the disparity map dt−1 acquired at t − 1 (knowing
the 6D motion of the camera).
3.1.2. Example Comparing the Three Declinations
In order to compare our three declinations, we use a specific ADAS dedicated
software, Pro-SiVIC, that can model and render quite complex road scenes using
sophisticated camera models and can provide the ground true about odometric
data, actors positions and deep/disparity data. A typical scenario includes

AN A-CONTRARIO APPROACH FOR...

191

some buildings along the road, a near approaching car and two pedestrians at
the crosswalk. There is also a car very far in the background of the scene and
another pedestrian also far away. The stereo camera pair is embedded on a
vehicle driving at about 36km/h and produces the primary video flow used in
our simulation. Figure 3 presents the results obtained respectively for the three
combinations of data input and model at t. We observe that:
• Radiometric data lead to point images, at the output of Algorithm 1, with
more false detections (at pixel level) than the disparity data that tend
rather to sub-detect. After detection at window level using Algorithm 2,
the results are very similar with a slight underdetection in the case of
the disparity data. In both cases, only the oncoming car is detected, but
neither the pedestrians, probably because they are too slow, and therefore
seen as static objects, nor the car in the scene background, probably
because it is too small in term of pixel number and its apparent motion
in the image is too small.
• Using a blank scene (but the road) model allows the detection of vertical
objects, namely buildings, the car in front and the two pedestrians. The
car in the scene background and the pedestrian far away are not seen,
probably because of their proximity (in term of distance in pixels) from
the plane of the road.
First note that using radiometric images leads to results both less robust
and more accurate than the use of images of disparity (in the case where the
model at t is the image at t − 1 projected at t). Let us further comment on this
observation.
Concerning the disparity images, three points have to be specified. First,
the lack of precision on the disparity maps is due to block matching process
between each image of the stereo pair, based on a SAD (Sum of Absolute
Difference) minimization. Thus it induces a loss of spatial resolution of the
order of block size used.
Second, the disparity dm varies with Z1M where ZM is the depth coordinate:

dm = Zf bMs with f the camera focal and bs the baseline between the cameras.
Thus, the closer an object moving along the depth axis, the more important
is the change in disparity values. For instance, for a car at 10m in front of
the camera moving away at a speed until 50km/h, bs = 0.5m, f = 780pix.,
as in our simulated data, and a video recording 30im./s, the variation of the
disparity values of the pixels inside the car is less than 2 pixels. Now for the
whole scene, the disparity values vary from 0 to about 50 according to the
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 3: Result example with simulated data: 1st line: pixel detection at the output of Algorithm 1 with 3 labels, namely white≡object,
black≡background and gray≡unknown (pixels where the disparity value
is unknown); 2nd line: window detection at the output of Algorithm 2;
1st column: input data≡radiometric images, model at t ≡projection of
the image at t − 1; 2nd column: input data≡disparity images, model at
t ≡projection of the image at t − 1; 3rd column: input data≡disparity
images, model at t ≡blank scene but the road.

distance ZM relative to the camera. Moreover, the disparity is mainly available
on the object vertical edges. Thus, the detected changes in the disparity values
mainly correspond to occultation/uncovering of the background of the scene
(or of objects in the background), i.e. they mainly occur at the borders of the
objects.
Third, in the images of the sequence Pro-SiVIC, the disparity maps are
rather ‘clean’, i.e. they contain only few errors: in particular the disparity
values in the sky are absent rather than wrong (values in gray on the Figure 3,
1st line). In less favorable (and more realistic) cases, there may be errors (e.g. in
the sky) causing false detections on the point image. Multitemporal approach
is then interesting to remove these false detections (provided that they are
temporally decorrelated).
In conclusion, the use of the disparity coupled with a model at t which
is the previous image (projected) is robust and more prone to non detections

AN A-CONTRARIO APPROACH FOR...

193

(because of the smallness of disparity variations out of occultation/uncovering
phenomena) provided that the disparity maps have sufficient quality (even be
less dense). In the case of a noise on the disparity values, adding a multitemporal dimension acts as a multitemporal filter and significantly reduces the
number of false detections as long as they are temporally uncorrelated. However, in the case where the object is moving so that there is no overlapping
between its positions at successive instants, the filter leads to false negatives
(non detections).
3.2. Accurate Estimation of the Ego-Motion
In our case application, the camera is in motion and the 6D motion of the
camera is a parameter of the image model. However, there may be several causes
of inaccuracy in the measurement of this movement: the intrinsic precision of
odometers, the data synchronization (between camera and odometers: even
with a same acquisition frequency for the different sensors, there may be a
difference in the times of acquisition of the order of several tens of milliseconds).
Now, the projection of the image at time t − 1 to time t is very sensitive to
these parameters. Here, we propose to use the criterion N F A1 to estimate
simultaneously the points and the precise parameters of the motion. We use
an initialization of researched parameters because seeking the motion in the
whole 6D space would be intractable. Algorithm 3 describes the optimization
of these parameters simultaneously with the estimation of points sub-domain
by minimizing the N F A1 .
To illustrate the joint estimation of points and precise movement of the camera, Figure 4 shows an example with Pro-SiVIC simulated radiometric images:
at time t − 1 (Figure 4a) and at time t (Figure 4d). We note the movement of
the camera visible on the positions of the road markings in the two respective
images. Figure 4b and 4c show the image ‘projected’ to t either using the rough

values (noted (T0 , Ω0 )) of the 6D motion or the optimized values T̂ , Ω̂ . In
both cases, we note the presence of undefined values due to some defaults in the
disparity maps. Even if difficult to perceive visually, the differences between
these two projections are present as shown by the subsequent results. Figure
 4e
and 4f show the results of the point detection using (T0 , Ω0 ) and T̂ , Ω̂ , respectively. The number of false alarms present in the absence of optimization
decreases significantly thanks to parameter optimization. Figure 4g shows the
N F A1 curves versus the cardinal of the domain D (pixels surprisingly consistent) respectively with and without optimization of 6D motion. We check that
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Algorithm 3 Joint estimation of points and precise movement of the vehicle.


Initialize T̂ , Ω̂ to default values and σ to the image standard deviation,
N F Amin˜

1,(T,Ω)

← +∞ and D̂(T,Ω)
˜ ←∅

for all (T, Ω) in the chosen variation domain do
Compute image It−1→t (T, Ω)
Compute image ∆2

Sort increasingly ∆2 pixels in a vector ǫ2i 1≤i≤|D|
2 ← 0 and D ← ∅
Initialize δD
for i ∈ [1, |D|] do
2 and i corresponding pixel to D
Add ǫ2i to δD

2 , |D| , σ, |D|
Compute N F A1 δD

2 , |D| , σ, |D| < N F Amin
then
if N F A1 δD
˜
1,(T,Ω)

2 , |D| , σ, |D|
N F Amin˜ ← N F A1 δD
1,(T,Ω)

D̂(T,Ω)
˜ ←D


T̂ , Ω̂ ← (T, Ω)
end if
end for
end for

the curve with optimization is below. Finally, Figures 4h and 4ishow the result
of the detection at window level obtained using (T0 , Ω0 ) and T̂ , Ω̂ , respectively. Relatively to the case of the use of the rough 6D motion parameters,
two false alarms have been removed, namely at the borders of the road marking
(some others remain at the pedestrian crossing level) and on the house window.
The cars are also slightly better detected, even if the car in front of the camera
remains only poorly detected (due to its movement very close to the camera
one).
We also tested the movement optimization in the case of disparity images.
We found that, in most of the cases, the optimization do not improve the results,
probably due the intrinsic imprecision of the disparity images, which can thus
be interpreted here as a factor of robustness.
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(a) Image at t − 1

(b) Rough model at t

(c) Optimized model at t

(d) Innovation at t

(e) point im./(T0 , Ω0 )

(f) point im./(T̂ , Ω̂)

(g) log (N F A1 ) curves

(h) wind.
(T0 , Ω0 )

change/

(i) wind. change/(T̂ , Ω̂)

Figure 4: Example with 6D motion optimization: (a) image at t − 1,
(b-c) projections (undefined pixels are set to 0) of the image at t − 1
that plays the role of the model at t obtained (b) using rough (T0 , Ω0 )
values, (c) using optimized (T̂ , Ω̂), (d) image at t that plays the role of
innovation, (e-f) 3 label image (white≡object, black≡background and
gray≡unknown) obtained (e) using rough (T0 , Ω0 ) values, (f) using optimized (T̂ , Ω̂), (g) curves of log (N F A1 ) versus |D|, (h-i) result of detection at window level using (h) rough (T0 , Ω0 ) values or (i) using
(T̂ , Ω̂).
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(a) radiom./disp. result

(b) disp./disp. result

Figure 5: Classification example with simulated data: 2 labels, namely
green≡static object, blue≡moving object; {OV e } estimated from disparity images versus blank scene but road, {OCh } estimated from (a) radiometric images, (b) disparity images.
3.3. Classification Based on Result Crossing
In Section 3.1, we compare the results obtained from different declinations of
our approach. We saw that using as model at t a blank scene except the road
and using as model at t the projection of the image from t − 1 instant to t lead
to complementary results. We propose to combine these two declinations to
distinguish between static objects, i.e. in {OSt }, and moving objects, i.e. in
{OM o }. Very simply, the model using a blank scene except the road provides
the objects out of the plane of the road, either static or moving, while the
model using the projection of the t − 1 image provides only objects with own
motion (and some false detections), i.e. in {OCh }. Thus, we use the second
model to identify the moving objects, {OM o } among the objects extracted from
the first model that identifies the objects above the road, or ‘vertical’ objects
{OV e }: {OM o } = {OCh } ∩ {OV e }, {OSt } = {OCh } ∩ {OV e } and false positives
{F P } = {OCh } ∩ {OV e }. Note that, here, we manipulate objects rather than
windows. These regions are simply defined as sets of neighbor windows.
Figure 5 shows an example of classification result. To estimate {OCh }, we
can use either radiometric images, or disparity ones. The results for this alternative are very close (cf. Figure 5). In both cases, the houses and pedestrians
are classified as static objects. The white car driving in the opposite direction
of the camera is classified as a moving object. The gray car driving in the same
direction and at similar speed as the camera, is misclassified as a static object,
because it is not detected among {OCh } objects, whatsoever using disparity or
using radiometry.
Finally let us present the results obtained considering the entire sequence
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of simulated data. When the number of true negatives is undefined, classical
P
indicators are the sensitivity, Se = (T PT+F
N ) , the Positive Predictive Value,
P
PP V = (T PT+F
P ) , with T P the number of true positives, F P the number of
false positives and F N the number of false negatives.

Our ground truth is known at the level of bounding boxes of objects. Therefore, in order not to penalize our results where objects are only partially represented by groups of neighbor windows, T P , F P and F N are calculated as
follows. For each image It of the sequence, F N is the number of objects in the
ground truth projected to It having an empty intersection with the union of
the detected windows in It , F P is the number of groups of neighbor windows
detected on It having an empty intersection with the union of the ground truth
objects projected to It and T P is the number of groups of neighbor windows
detected on It having a nonempty intersection with the union of the ground
truth objects projected on It . Table 2 presents the overall results in terms of
Se and PP V versus the data input (radiometric or disparity image for {OCh }
estimation) and the detection method (monotemporal or multitemporal). We
note that PP V is globally much better than Se . Now, PP V measures the probability that a detected object is actually an object, whereas Se measures the
probability that an object is actually detected. Thus, a high PP V value corresponds to very few false detections and a high Se value corresponds to very few
non-detections. Then, the results are in agreement with the basis of the NFA
criterion, namely to control the number of false alarms (expectation of F P ).
Besides in our sequence the number of actual object varies. In particular,
during the last part of the sequence, the car embedding the camera leaves the
town and it remains only one object in the scene: a car oncoming from the
background of the scene. This car is first not detected inducing PP V = 0. and
then it is detected but there is also a false alarm inducing PP V = 0.5 decreasing
the mean PP V value. During this part of the sequence the significance is very
low but not null. Since we do not want to introduce a parameter, we prefer
keep the significance threshold equal to 0. Concerning the poorer performance
in term of Se value, they are due to small object(s) far away in the background
of the scene. It is the same problem as in the Figure 3 example, where one car
and two pedestrians far away from the camera were not detected, because of
their small number of pixels (due to the high distance to the camera).
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model1 =blank scene but road
model2 =projection at t of
radiometric image at t − 1
model2 =projection at t of
disparity image at t − 1

Se
0.754 (2D)
0.683 (3D)
0.755 (2D)
0.684 (3D)

PP V
0.897 (2D)
0.914 (3D)
0.892 (2D)
0.904 (3D)

Table 2: Statistics of the performance on the simulated sequence.‘3D’
is for multitemporal method and ‘2D’ for monotemporal one.

4. Conclusion and Perspectives
This study had two aims. Firstly, we wanted to propose a preattentionnal detection algorithm free of supervised parameters. It is based on a strong property
of the Number of False Alarm, namely it is a number, that is to say directly
comparable to other NFA values. Then, rather than using a threshold, one
can directly search a minimum (in NFA values) or a maximum (in significance
values that vary as the opposite of the NFA). For change detection application, we proposed a double criterion based on the magnitude of the observed
changes at pixel level and the density of the change at window level. Secondly,
we wanted to show the genericity of the approach. The kind of detected objects
only depends on the input data, namely the innovation at t and the model at t.
The a-contrario approach is general in the sense that it detects any part of the
innovation in contradiction with the model. When the model is a blank scene
but the road, it detects the objects salient relatively to the road plane, when the
model is a previous image in the sequence, it detects any own moving object,
and when the model is a background image, it detects any change relative to
this background.
Future work will deal with the optimization of the whole algorithm, both
in term of image preprocessing and postprocessing and in term of code acceleration. First, we will enhance the model at t. For instance in the case of a
background image and static camera, using background updating techniques or
multiple background codebook approach we hope removing some false alarms.
We will also test our approach on actual data. Second, we wish to use our algorithms in real time on embedded systems for autonomous vehicle. The only
way is to reshape and parallelize them, despite their strong serial behavior.
According to preliminary tests, we may hope a speedup factor up to 100 on a
current GPU Keppler architecture.
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