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Abstract — This paper presents a set of algorithms for
vehicle detection in large scale aerial images. \ehicles
are detected based on geometric and radiometric features,
extracted within a multiresolution linear Gaussian scale-
space. The image features, described by their local struc-
tures, are classified using support vector machines. Clas-
sified features are then clustered by an unsupervised affine
propagation clustering algorithm, within a feature-level fu-
sion scheme. Subcomponent of vehicles' body parts are ag-
gregate together with respect to shared spatial relations and
based on constraints on the orientation of detected vehi-
cles. Experimental results using large scale aerial imagery
demonstrate the efficient and robustness of the proposed al-
gorithms for the detection of vehiclesin an urban environ-
ment.
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1 Introduction

Large scale imagery acquired by remotely sensed airborne
and spaceborne sensors has important civilian and military
uses. Such imagery is vauable for a broad range of field
applications, including: the extraction of geographical data
for geoinformation systems, traffic control management, de-
tection and identification of targets, urban planning, vehicle
counting in the context of military reconnaissance, change
detection, 3D urban landscape modeling, etc. Amid these
applications, the detection of vehiclesin large scale imagery
acquired by high resolution sensors has received great atten-
tion over the years in both the remote sensing and computer
vision communities.

However, detecting automatically such inconsistent in-
stances in multisensor and multitemporal datasets is a dif-
ficult task since the set of generic features (i.e. the vehi-
cle’'s main body parts such as the rooftop, the hood, and the
windshield) can be acquired by different sensors, at differ-
ent time, and according to various viewpoints. Accordingly,
the image features related to the vehicles could be repre-
sented in the image content with different spatial and spec-
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tral resolutions and intensity levels. Moreover, some vehi-
cles could heavily interfere with the environment, producing
occlusions and shadow areas within the scene. Therefore,
many image processing al gorithms have been proposed over
the years in order to cope with this challenging problem.
For instance, vehicles can be considered as explicit 2D in-
stancesto be detected with edge masks by extracting the four
sides of the rectangular boundary [1], or modeled with rect-
angles of different sizes [2]. Other algorithms considered
vehicle detection as an explicit 3D object recognition prob-
lem to accommodate the change of viewpoint and make use
of the shadow cues. Such agorithms have been proposed
using a Bayesian network integrating all image features|[3],
or based on a hierarchical 3D model approach [4]. Addi-
tionally, algorithms considering an implicit model of the ve-
hiclesto detect have also been developed [5] [6].

Following the work achieved by such valuable agorithms,
this paper presents a set of algorithms to detect vehiclesin
large scale aeria images. The algorithms detect geometric
and radiometric features extracted from the vehicles within
amultiresolution linear Gaussian scale-space. Then, theim-
age features described by their local structures are classified
using support vector machines (SVMs). Extracted features
are subsequently clustered by an unsupervised affine propa
gation algorithm within a feature-level fusion scheme. Un-
folding vehicles body parts are aggregate together accord-
ing to their shared spatia relations and based on constraints
on the orientation of the vehicles. Experimental results us-
ing large scale aeria images demonstrate the efficient and
the robustness of the proposed agorithms for the detection
and counting of vehiclesin an urban environment.

This paper is organized as follows. Section 2 describes
the multiresolution feature detection and classification algo-
rithms used, while section 3 depicts the unsupervised affine
propagation clustering approach. Section 4 presents the ex-
perimental results following the use of the image fusion
scheme on large scale aerial images. Finaly, section 5 con-
cludes the paper and suggests ways to improve further the
algorithms devel oped.



2 Imagefeature detection

In order to cope with the wide range of vehicletypesthat po-
tentially can occur within typical aerial imagery, the image
feature detection agorithms to devise must be able to dis-
criminate major vehicle's substructures, namely: the wind-
shield, the rooftop, and the hood. Figure 1 illustrates an
aerial image of an urban scenario with spatial resolution of
11.2 cm per pixel and a closeup view of some vehicles sub-
structure components.
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Figure 1: Aerial imagery of an urban scenario (spatial res-
olution of 11.2 cm per pixel). 1(a) Coarse view of the large
scale aerial image and 1(b) Closeup view of some vehicles
components.

The following subsections describe the multiresolution
framework used to extract the vehicle main components,
followed by their classification using support vector ma-
chines.

2.1 Multiresolution feature detection

Within a multiresolution linear Gaussian scal e-space repre-
sentation, local image features robust to geometric distor-
tion, illumination, noise, and image scale are detected, us-
ing a scale-invariant feature transform [7]. This method
has been chosen since a comparative performance evalua-
tion study of different local descriptors showed its superior-
ity over abroad range of detectors[8]. The multiscale repre-
sentation used isa special type of scale-space representation
that comprises a continuous scale parameter and preserves
the same spatial sampling of theimage at all scales[9]. Let
f : RN — R represent any given signal. Then, the scale-
spacerepresentation L : RN x R, — Risdefined by letting
the scale-space representation at zero scale be equa to the
origind signal I(x,y;0) = f,andfort > 0:

L(z,y;t) = gz, y;t) * f D
where t € R, is the scale parameter, and g : RV x
R \{0} — R isthe Gaussian kernel in arbitrary dimen-
sions V:
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The scale-space family L can equivaently be defined as
the solution of the diffuse equation (with initial condition

L(+0) = f):
1 1Y
L=-9tvL=- oL 4
OL=5v'v 2;5 (4)

Multiscale spatial derivatives can then be defined from this
scale-space representation:

Lon(53t) = 0pnL(5t) = gan (51) % f 5

where g,» denotes a possibly missed derivative of some
order n. In fact, n should be interpreted as a multi in-
dex n = n(ny,...,nny)t € ZN where n, € Z. Thus,
Opn = Ognty oy Oynn, Where o = (r1,...,7x)" € RN and
x; € R. Local image features are detected as maxima at
each scale of the Difference-of-Gaussians (DoG) occuring
at multiple scales, generated from the scal e-space represen-
tation as:

Dog(w,y;t) = L(z,y; kt) — L(x,y;t) (6)

where k isaconstant factor separating two nearby scalest in
the scale-space representation of equation 5, and while the
characteristic local scale of each image feature is selected
automatically on the basis of the maximum of the normal-
ized Laplacian |02 Ly, (2, 0) + Lyy(z,0)].

Local orientation of each image featureis determined by the
identification of peaks in the histogram of the gradient ori-
entations of detected features[12]. Assuch, afeature vector
isused to form adescriptor of each image feature, wherethe
length characterizes the pixels neighborhood of the image
feature sampled at eight gradient orientations over a four-
by-four array of histograms sampling the region of interest.
Consequently, for each image feature, a 128-element feature
vector isformed.

Extracted image features are then classified by means of
their respective feature vectors as vehicle or non-vehicle
instances using support vector machines. In current vehicle
classification case scenario, the training set is defined by
labeling some vehicle samples. Figure 2 illustrates vehicles
labeled for the training set.

2.2 Classification using SVMs

Support vector machines [13] are used for classification of
the extracted image features by construction of a set of hy-
perplanes in high dimensiona feature space [14]. The a-
gorithm tries to find a large margin linear classifier from a
subset of learning samples labeled + and — lying in R™,
called Support Vector (SV). This correspondsto a two-class
problem so that f(x,«) € {+1,—1} VX, a. For alearning
set A = {(x1,91), ..., (xk, yx)} Of k parswhere z; € R"
and y, € {+1,—1}, the agorithm maps the z, vectorsin
subspace H using a linear function ¢ : R™ — H in or-
der to determine the optimal hyperplan (w, b) separating the
two classes of H. The new class y of sample z is then



defined by y = sign(w - ¢(x) + b). The hyperplan is
considered optimal if it maximizes the distance between its
most close neighbor samples. By choosing the kernel func-
tion ¢ (z;, ;) =< ¢(x;), ¢(x;) >, the corresponding dual
problem can be represented by the decision function:

fz) = Z iy (i, x) +b ()

x; €&

where {«a;} and b correspond to the optimal solution of the
dual problem and ¢ is the subset learning samples forming
the SV.

The vehicleswill be classified by training the SVM with the
feature vectors of the image features, in order to elaborate
ap — 1 dimensiona hyperplane separating the image fea-
tures according to a two-class classification problem: [+1
for vehicle, —1 for non-vehicle instances|. Feature vectors
elements are map into a feature-space in which they can be
separated by a linear hyperplane, using the Euclidean dis-
tance between feature vectors x; and x;, by means of the
radial basis function kernel:

b(Xs, %) = ¢ (X)) p(x;) = e

where v is the hyper-parameter.
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(8)

With the soft margin model [16], the SYM allows mida-
beled examples during the training phase, yielding the fol-
|owing optimization problem to solve:

l
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subject to the constraint:

yi(Wo(x;) +b) >1-¢ (10)

where & > 0 is the slack variable which measures the
degree of misclaaification, C' > 0 is the penalty parameter
of the classification errors, w is the support vector normal
to the hyperplane, b is the offset of the hyperplane to the
origin. Thus, the training of the SYM aims to solve the
support vector w that maximize the margin of separation,
which is proportional to 1/|w| according to the geometrical
interpretation.  The hyper-parameters C' and ~ should
aso be determined by the training, which is achieved by
cross-validation. Finally, the optimization problem defined
in eg. 9 is solved using a quadratic programming technique
[15]. Figure 3 illustrates some classification results.

3 Unsupervised affinity propagation
clustering algorithm

Image features previously detected within the multires-
olution scale-space and classified by the SVM as either
belonging to the vehicle or non-vehicle classes, are

Figure 3: Classified image features. Red dots are image
featurescorrectly classified asbelonging to the vehicleclass,
while blue dots are non-vehicle image features.

then clustered together according to the unsupervised
affinity propagation clustering (UAPC) agorithm, which is
based on the similarity between pairs of image features[11].

This is a mandatory step since some characteristics of
subcomponents of a single vehicle produced many detected
image features (such as on the rooftop, the windshield, and
the hood (Fig. 4)). Therefore, the classification results must
be improved by grouping images features into instances of
features of the same vehicle's subclass.

A way to cope with that is to cluster the classified image
features based on given measures of similarity. The
UAPC adgorithm takes as input measures of similarity
between pairs of data points. Clustering data points x;
with 7 = 1,..., N consists of identifying a set of cluster
centers ¢ and assigning every x; to a center ¢; so that with



Figure 4. Detection of subcomponents of an instance of the
vehicle class. Red dots are image features correctly classi-
fied as belonging to the vehicle class, while blue dots are
non-vehicle image features.

the similarity between x; and xj, defined as a negative
Euclidean distance s(i, k) = —||z; — ax||?, the following
fitness function is maximized:

N
S(e) =Y s(i.ci)
=1
Contrary to other conventional clustering algorithms, the
UAPC agorithm considers all data points simultaneously
as potential centers and iteratively exchanges the similarity
messages between data points until a set of centers and
corresponding clusters gradually emerge. The agorithm is
based on this exchange of evidence at the bottom of the data
population to induce a global partition.

(11)

The responsability (7, k), sent from data points ¢ to can-
didate center point k, reflects the accumulated evidence of
how well-suited point k& deservesto serve as the center point
for point ¢, taking into account other potential centers for
point 4. It is computed by:

r(i, k) < s(i, k) — ?}if{a(i’ k') + s(i, k')} (12)

following itsinitialization to zero a(i, k) = 0.

The availability a(i, k) sent from candidate center point k
to point ¢ reflects the accumulated evidence of how appro-
priate it would be for point 7 to choose point k as its center,
taking into account the support from other points that point
k should be a center. It gathers evidence from data points as
to whether each candidate center would make agood center:

a(i, k) + min {O, r(k,k)+

3 max{0,r(, k)}}
(k)

(13)

The UACP agorithm takes into account a collection of real
number s(k, k) (i.e. self-similarity) for each data point
k so that the ones with large values of s(k, k) are more
likely to be chosen as centers, i.e. the sum of squared errors

between data points and their nearest centersis small. Then,
real-valued messages exchanged between data points until
a high-quality set of centers and corresponding clusters
gradually emerges. Thus, after iterative update of all data
points, k is assigned as a center for < such that the pair (i, k)
generates a maximum of the sum of r(i,k) + a(i, k) as
argmaxg{r(i, k) + a(i, k)}.

4 Experimental results

A set of aerial image of 1000 x 1000 pixels with resolution
of 11.2cm per pixel was used as relevant dataset to test the
proposed algorithms. Although the spatial resolution of the
dataset can be considered as relatively high, it is still of low
resolution to extract vehicles since such typical instances
appear at this resolution within a rectangle of 40 x 20
pixel size (Fig. 1(b)). Therefore, only large subcomponent
parts of vehicles (such as the trunk, hood, windshield, and
associated shadow) can be distinguished at this resolution.
Additionally, related image featuresto be extracted from the
vehicles are distorted by induced noise, specular reflection,
viewpoint variation, and low color contrast level.

4.1 Extraction of image features

Image features of vehicles are extracted using the linear
multiscale gaussian-scale space approach described in
subsection 2.1. Gradient-based features are mostly pre-
sented in the textured regions of the image where vehicles
are located, and thus, absent in the plain regions where
parking lots and roads are found. However, numerous
image features related to buildings, lawn, bushes, and
shrubs are also detected since they al contain structured
and textured surfaces. The image features are described by
a 128 feature vector elements representing the histograms
of the gradient orientations computed within a local patch
of size 120 x 120.

4.2 Training the SYM with image features

Three aerial imagesin which therewas atotal of 89 vehicles
were used to train the SVM. A total of 23923 image features
was extracted from the training images at the first octave
1 = 0 of thelinear multiscal e gaussian scal e-space represen-
tation. A hand made label map was created for each image
by acareful selection of vehicleregions: {41} and {—1} for
vehicle and non-vehicle class features, respectively. There-
fore, the training set integrates a total of 23923 labeled fea-
ture vectors of 128 elements. A 10-fold cross validation was
applied in the training. The training feature vector set was
divided into 10 equal-sized parts with one of the 10 parts
kept out as the validation set and the remaining 9 parts com-
bined for the training. The SVM has been trained using the
training set with given hyper-parameter values C' and y from
equations 8 and 9, and tested along the prediction accuracy



of the validation set. The training procedure involves per-
forming 10 times with the same couple of C' and v vaues,
but each time leaving out ancther one of the 10 parts as the
validation set; the average prediction accuracy is calculated
in the 10 runs. A grid of C' and ~ values are screened in
order to determine which couple of values of C' and  gives
the best accuracy. The best couple of hyper-parameterswere
found as {C,~v} = {16,1.41}. The best classification rate,
defined as the number of correctly classified features over
the total number of image features, was 96.04%. The final
step involves grouping the 10 parts to a single set and train
it with the best couple of hyper-parameter values.

4.3 Accuracy of SVM prediction

The accuracy and the sensitivity of the SVM have been
tested using 5 test images. Figure 5 illustrates one of these
test image, where red and blue dots are the image features
predicted as vehicle and non-vehicle class, respectively.
The true positive classification rate (i.e. the total number of
red dots on vehicles and blue dots on the background over
the total number of the points in the image) was 92.16%.
Over the 5 test images, there was a 0.58% false positive
points (i.e. red dots on the background) and 7.26% false
negative points (blue dots on the vehicles). Two vehicles
located in the parking lot were missed (i.e. no red dots on
the vehicles). Also, thereis only one red dot point on three
different vehicles. The sengitivity of the SVM, expressed
as the ratio of red dots on vehicles over the total number
of dots on vehicles (i.e. (True Positives) / (True Positives
+ False Negatives)), is equal to 54.8%. In the remainder
of the paper, only true positives (detected red dots) will be
considered.

Figure 5: Image features classified by the SVM, according
to the feature vector elements. Red dots are classified as
vehicle while blue dots classified as non-vehicle.

The collection of detected true positive features were clus-
tered according to their relative metric distancesinto subsets
with each subset associated to a vehicle. The UAPC algo-
rithm was used to cluster the red points = with the negative
square Euclidean metric distances s(i, k) = —||x; — x|
as the similarity measure. Figure 6 shows the clusters of the
true positive image features detected as vehicle. As showed
by the red and blue rectangles, a few centers on the top of
figure 6 are located over two neighboring vehicles.
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Figure 6: True positive image features clustered with multi-
ple runs of UAPC agorithm without any constraints. A few
centers are located over two neighboring vehicles (red and
blue rectangles).

A way to cope with this problem is to add some constraints
to the optimization problem. As atypical vehicle appears
within a rectangle of 40 x 20 pixel size approximately at
the spatial resolution of 11.2cm per pixel, the cluster spatial
extension is limited to be no larger than 20 pixelsto cluster
only the red dots of asingle vehicle. Accordingly, al values
of |s(i, k)| > D2,,, With D,,., = 20 pixels are removed.
This results in a new sparse similarity matrix such that the
red dots with the distance values larger than D, .. will
no longer exchange messages and thus, will not be clustered.

Moreover, a nonlinear similarity measure is introduced,
where al similarities |s(i, k)| < D2, are replaced by

max
(sl

(Do i Therefore, red dots whose metric distance val-
2

ues range from 10 to 20 pixels will have their similarity
(negative) val ues decrease as the power four of the distances,
while those ranging from 1 to 20 pixels will be less af-
fected. The nonlinear similarity measure will also help to
avoid oscillation of the clustering caused by uncertain situa-
tions such as a point located between two other points with
equal distances. In this particular case, the point located in
the middle can be associated to either point alternatively in




theiteration. Figure 7 illustrates the results generated using
the new defined similarity matrix where the crossover clus-
ters are eliminated by the UAPC agorithm with constraint
on the cluster size.

Figure7: Clustering results using only one run of the UAPC
agorithmwith constraints. The crossover clustersfromfig.6
are eliminated.

4.4 Multiplehits

The UAPC algorithm, used with a constraint on the spatial
extension of the clusters being no larger than D ,,, ... together
with some nonlinear similarity measures, generated clusters
of image features that are located only on single vehicles
(i.e. no crossover on multiple vehicles). However, as the
vehicle size has been determined to be within an area of
20 x 40 pixels, it is possible to find more than one center
point located on a single vehicle: this trandate to a double
or multiple hitting problem and increase the computational
efficiency of the whole process.

In order to reduce further the number of centers generated,
the orientation of the vehicles are used as an additional
constraint. A patch of 40 x 40 pixels located at the center
on each vehicleis extracted using only the gray scaleimage
band. Gradient for each pixel of a patch are computed
in order to build a histogram of 24 bins of the gradient
orientation values. The maximum value in the orientation
histogram is identified and then considered as the main
direction of the selected vehicle. To avoid errors associated
to low angular resolution of the image, each patchis rotated
by 15° along 12 steps to build 12 histograms of the gradient
orientations. The highest peaks in these histograms are
selected as the vehicle orientation. Figure 8 illustrates the
computed orientation of a single vehicle and associated
horizontal and vertical gradient values. The computed

orientation is 162° for this vehicle.
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Figure 8: Vehicle orientation is computed using gradient
values at each pixel of a 40 x 40 pixels patch. 8(a) Orig-
inal subimage of the vehicle. Computed 8(b) vertical and
8(c) horizontal gradient values. 8(d) Computed vehicle ori-
entation at 162°.

A second rectangle window of 20 x 60 pixelsis defined for
each center point. If thereis only one center in the window,
than this center is associated to a single vehicle. If more
than one center is located within a rectangle, they are fused
together in order to represent a single vehicle. Using this
approach, 43 vehiclesfrom atotal of 104 have been detected
in figure 5. Blue squares in fig. 9 shows locations where
vehicles are detected with only one cluster. For the cases
where multiple clusters of located on a single vehicle, a
weight is associated to each center representing the number
of neighborslocated on both its left and right sides. Then, a
cluster is created for each center whose neighbors' weight
is inferior, and then paired the remaining centers with the
same weight values. At the end of the entire process, atotal
of 100 vehicles of the 104 ones are correctly detected with
no false detection (Fig. 10).

5 Conclusion

A set of agorithms for the detection of vehicles in large
scale aerial images was presented. Within a multiresolution
linear Gaussian scal e-space, devel oped algorithms extracted
geometric and radiometric features from vehicles of an ur-
ban environment. Local structures describing the vehicles
image features of the scene were classified using support
vector machines. Classified features were then clustered
using an unsupervised affine propagation technique, where
vehicle's subcomponents were unfolded. In order to cope
with multiple hits cases where numerous features of vehi-
cles were extracted, the orientation values of each feature
were computed in order to reduce the number of features



Figure 9: Vehicles detected with only one cluster (blue rect-
angles).

previously extracted. Experimental results using large scale
aerial images demonstrated the efficient and the robustness
of the proposed algorithms for the detection and counting of
vehiclesin an urban environment. Future work will involve
the use of additionnal clustering techniquesin order to im-
prove further the extraction of vehiclesin large scale aerial
imagery of difficult and complex scenarios.
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