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Detection of Cars in High-Resolution Aerial
Images of Complex Urban Environments
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Abstract— Detection of small targets, more specifically cars,
in aerial images of urban scenes, has various applications in
several domains, such as surveillance, military, remote sensing,
and others. This is a tremendously challenging problem, mainly
because of the significant interclass similarity among objects in
urban environments, e.g., cars and certain types of nontarget
objects, such as buildings’ roofs and windows. These nontarget
objects often possess very similar visual appearance to that
of cars making it hard to separate the car and the noncar
classes. Accordingly, most past works experienced low precision
rates at high recall rates. In this paper, a novel framework
is introduced that achieves a higher precision rate at a given
recall than the state of the art. The proposed framework
adopts a sliding-window approach and it consists of four stages,
namely, window evaluation, extraction and encoding of features,
classification, and postprocessing. This paper introduces a new
way to derive descriptors that encode the local distributions of
gradients, colors, and texture. Image descriptors characterize the
aforementioned cues using adaptive cell distributions, wherein
the distribution of cells within a detection window is a function
of its dominant orientation, and hence, neither the rotation of
the patch under examination nor the computation of descriptors
at different orientations is required. The performance of the
proposed framework has been evaluated on the challenging
Vaihingen and Overhead Imagery Research data sets. Results
demonstrate the superiority of the proposed framework to the
state of the art.

Index Terms— Airborne imagery, automatic target recognition,
car detection.

NOTATIONS
X,x  Scalar.
X Column vector.
X Matrix.
y(x) Function.
()T Transpose operator.
()¥  Hermitian transpose operator.

* Convolution operator.
#x Cardinality of x.

IE{.} Expectation operator.
IRyxx  Covariance matrix across X.
d Eigenvalue.
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D  Dimensionality.
A Wavelength.
6  Orientation of the normal to the strips of

Gabor function.
w  Phase offset.
oy Standard deviation of a Gaussian envelope.
y  Spatial aspect ratio.

I. INTRODUCTION

OBUST detection and localization of small targets in

airborne imagery have attracted many researchers in the
fields of image analysis and computer vision over the past
years. They have numerous useful applications in security, sur-
veillance, defense, remote sensing, and other domains. Small
targets, e.g., cars, shipping containers, aeroplanes, and military
installations, are usually depicted within small areas that are
represented by a small number of pixels in high-resolution
aerial images of low ground sampling distance (GSD).
Aerial images are commonly captured by sensors mounted on
unmanned aerial vehicles, aeroplanes, and earth-observation
satellites. In this paper, cars are considered the small targets
of interest and the task is to automatically detect and locate
cars relative to the rest of a given image of a typical urban
scene. This is a tremendously challenging task. First, because
of the huge intraclass variability that stems from the significant
differences in the visual appearance among cars, as far as
various features are concerned, such as colors, size, shape,
contours, and boundaries. Furthermore, it is obvious that
cars’ appearance explicitly depends on the viewing angle.
In order to overcome this problem of variability among cars,
many researchers have focused on the task of the detection
of cars in airborne imagery, wherein a collection of images
are taken from a vertical or a slightly oblique viewpoint.
This constrained viewpoint facilitates the detection process
by eliminating that strong dependence on the viewing angle.
In addition, most of the cars would possess almost simi-
lar sizes. Second, there is a significant interclass similarity
between cars and other objects that arises as a result of the
existence of various types of noncar objects in urban scenes,
which have similar visual appearance. For instance, similar
edge maps or color distributions to that of cars, such as
those of buildings’ windows, patios, and balconies, can be
found.

In this paper, a novel framework is proposed that has
the ability to carry out the robust detection and localiza-
tion of cars in high-resolution airborne imagery of complex
urban scenes. Original contributions of this paper include:
1) the design of a novel method that evaluates the likelihood
of the detection windows to contain a target in order to reduce
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search areas; 2) a new method to estimate accurately the
dominant orientation of detection windows; 3) the introduction
of adaptive distributions of cells over which image descriptors
can be computed in a new fashion without rotating the original
patch as it is a computationally expensive process and it alters
the relative distribution of pixels; and 4) a novel encoding of
the local distribution of complementary image cues for cars as
well as the associated principal components into the feature
vector. Points of strength of the proposed framework are:
1) robust performance in complex scenes of urban environ-
ments represented by the achieved higher precision and lower
false-positive rate and 2) efficient encoding of image cues
exploiting lower dimensionality than the state of the art.

This paper is organized as follows. In Section II, a brief
discussion of previous works is presented. The proposed
framework is introduced in Section III, followed by the
description of the Vaihingen data set that was used for
training and testing and the Overhead Imagery Research data
set (OIRDS) that was only used for testing in Section IV.
Results are demonstrated and discussed in Section III-B1. The
conclusions are drawn in Section VI.

II. RELATED WORK

Several methodologies have been proposed to solve the
problem of the detection of cars in airborne imagery from a
perpendicular or a slightly oblique viewpoint [1] and several
types of images have been investigated, such as color images,
synthetic aperture radar, and others [2], [3]. Nevertheless, our
focus in this paper is on the detection of cars in color images
and notable related past works will be discussed in this section.

Previous frameworks mainly adopted flat explicit or implicit
models, i.e., models that do not use deep architectures. They
can be broadly categorized into three main groups: the first
group uses explicit models, the second group uses implicit
models, and the third group exploits road maps alongside
either an implicit or an explicit model.

A. Detection of Cars Using Explicit Models

Early works tried to solve the problem of the detection of
cars using explicit models, wherein 2-D and 3-D templates
that resemble image cues of cars are designed. Cars are
claimed to be found, when the cost of matching between image
descriptors of the patch under examination and those of the
predesigned template is lower than a predefined threshold. For
example, proposed works in [4]-[6] exploited a 3-D template
that resembled the geometric structure of cars’ contours and
the distribution of the colors of cars’ bodies, windscreens, and
shadows. In a similar fashion, Choi and Yang [7] adopted a
“bottom—up” approach, wherein blobs of pixels that possess
similar geometric and radiometric properties to that of cars
were formed using a mean-shift clustering algorithm [8].

Problems of such template-based models usually arise as
a result of the high computational cost that is incurred by
the matching process and their performance usually degrades,
when they are applied in urban scenes with heavily cluttered
backgrounds. This results in low precision rates because of the
significant interclass similarity.

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

B. Detection of Cars Using Implicit Models

Unlike explicit models, implicit models do not exploit the
predesigned templates. They use different image descriptors
that are engineered to capture and encode different cues of
cars. A classifier is trained on the extracted features and is
then used to decide whether the patch under examination
belongs to the car subspace or the noncar subspace. Several
descriptors have been used. Nevertheless, there are no solid
theoretical foundations about the choice of descriptors in the
open literature, which can accommodate any possible image
processing scenario. However, some guidelines can certainly
be found. An example of the implicit models is the work
that was conducted by Nguyen et al. [9], who used Haar
wavelets [10], histogram of oriented gradients (HOG) [11],
local binary patterns (LBPs) [12], and a mean-shift clustering
algorithm [8] for postprocessing. Kembhavi et al. [13] fol-
lowed a similar approach, i.e., they exploited color probability
maps, pairs of pixels, and HOG to depict color and geometric
structural properties. Likewise, Shao et al. [14] used HOG,
LBP, and opponent histograms in their vehicle detector and
used an intersection kernel support vector machines (SVMs)
classifier. Following the basic idea of implicit models but in a
different way, Razakarivony and Jurie [15] built two separate
models: one for the HOG descriptors of vehicles and the other
for those of the background using manifold learning. EIMikaty
and Stathaki [16] addressed the problem using HOG, Fourier,
and truncated pyramid color self-similarity jointly with a linear
SVM classifier. Madhogaria et al. [17] used only HOG to
detect cars in a two-stage classification process. In their first
stage, HOG descriptors were computed over rotated images
alongside a linear SVM classifier and a causal Markov random
field (MRF) classifier [18]. Using superpixel segmentation,
Chen et al. [19] extracted meaningful patches. Then, patches
were rotated so that HOG descriptors could be computed.
A sparse-coding-based dictionary was learnt and used to
detect cars.

Although acceptable results of implicit models have been
reported, their performance is significantly affected by the
choice of features, the implementation, and the dimensionality
of the descriptors used and classifiers. Moreover, it can be
observed that in order to overcome the problems of intraclass
variability and the interclass similarity, either a high-
dimensional feature descriptor was used in conjunction with
linear classification or a low-dimensional feature descriptor
was used alongside nonlinear or multistage classification.

C. Detection of Cars Using Road Maps

In order to restrict search areas to regions that are more
likely to contain cars, several previous works have exploited
road maps to extract roads and parking areas as an initial step
in order to decrease the false-positive rate. A representative
example is the work conducted by Moon er al. [20], [21],
wherein the authors made use of the locations of roads and
buildings and utilized the derivative of the double-exponential
filter [22] to extract gradients. Similarly, Zheng et al. [23]
extracted roads and parking areas and used morphological
structuring elements [24] and a classifier to distinguish actual
car pixels. In a similar manner, Eikvil et al. [25] proposed a
detection approach that consisted of a segmentation stage to
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Fig. 1. Extraction of edges in target-class and non-target-class patches using Canny edge detectors [28] with an associated Gaussian filter of standard deviation
of /2. Target-class patches are shown in (a)—(d), and their corresponding edges in (i)—(1), respectively. Non-target-class patches are shown in (e)—(h), and
their corresponding edges in (m)—(p), respectively. Shown images were scaled for viewing.

separate regions that contain cars, followed by a two-stage
object-classification framework exploiting road networks.
Following the same idea, Tuermer er al. [26] proposed the
use of road databases, disparity maps, and an HOG object
detector.

Whilst exploiting road maps provides better performance in
terms of true-positive and false-positive rates, it is based on
the prior knowledge of accurate road maps, a precise map-
projection method, which is computationally expensive, and
the use of extra hardware, such as a global positioning system.

Unlike flat models, deep models for the detection of cars
can hardly be found in the literature as they require vast
training data sets, which are challenging to acquire. To the
best of the our knowledge, only one work was proposed by
Chen et al. [27] to solve the problem of car detection using
deep models. In this paper, a hierarchal deep model was used
in a hybrid fashion. Although high accuracy has been achieved,
their testing data set compromised a set of images of vast
parking areas containing a large number of cars and lacked the
existence of complex shapes that characterize urban scenes.

IIT1. PROPOSED FRAMEWORK

Regarding a car in a given aerial image, its boundaries are
expected to have almost rectilinear structures that correspond
to the edges of the body and front and rear windscreens as
shown in Fig. 1. Although these rectilinear structures form
together a considerable number of crucial points of interest,
e.g., high-curvature points and corners, they are incapable of
discriminating cars from other objects. This is because in some
cases, other noncar objects possess similar edge maps to those
of cars, such as buildings’ roofs and windows, and they can be
easily misidentified as cars. Based on this observation, implicit
models are seen to be superior to explicit models as they
capture fine details and a simple linear classifier can learn
from the training samples how to distinguish well-encoded
combined image descriptors that correspond to the cues related
to cars.

In this paper, three image descriptors are computed over
a sliding detection window to characterize the distribution
of gradients, colors, and texture. These image cues were
chosen among other cues as cars possess: 1) almost rectilinear
structures as aforementioned; 2) distinctive color distribution;
and 3) mostly smooth surfaces with low amount of texture. The
proposed framework adopts a gray-scale fixed-size window

of 64 x 64 pixels with an associated stride length of four
pixels as in a set of aerial images captured at a given GSD,
cars have almost similar sizes. Square patches were chosen
instead of rectangular patches as it was found after exhaustive
experimental validations that square patches result in better
performance. They incorporate some of the contextual infor-
mation and they facilitate the computation of image descriptors
at different orientations. The proposed framework comprises
four stages, namely, window evaluation, extraction of features
and encoding, classification, and postprocessing as shown
in Fig. 2. Details of the implementation of each stage are
discussed in Sections III-A-III-D.

Choice of Features and Parameters: All values of the para-
meters used in the implementation of the proposed framework
were set empirically by testing excessively the properties of a
large number of image samples from the training data set that
will be described later in Section I'V-A using cross validation.

A. Window Evaluation

In order to reduce search areas, it is necessary to investigate
detection windows that are highly unlikely to contain cars at
an early stage. This reduces the false-positive rate. In addition,
it helps shorten the processing time by discarding a large
number of windows, as it can be seen in Fig. 3. To achieve
this, a novel three-step filtering process is proposed to measure
the objectness [29] of the detection window and its likeli-
hood to contain a target at an early stage based on several
cues, including the local distribution of colors, texture, and
gradients.

The first step is to investigate the variation in the distribution
of gray levels across a detection window. This is exam-
ined by the computation of two 32-bin gray-level histograms
h, and h., one for the whole detection window and the
other for the 32 x 32 central square area. If the similarity
between the two histograms is more than 50%, the window is
discarded as this highly indicates that it belongs to a flat area
with a constant or a slowly varying gray-level distribution,
such as empty roads and vegetation areas. The Manhattan
distance rmanhattan between these two color histograms is
computed to measure their similarity with a threshold value
of 2048 as the size of the detection window is 64 x 64 pixels
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Post-

Classification .
Processing

Fig. 2.

Flow diagram of the adopted four-stage methodology. (Top) Block diagram shows the sequence of the four main stages of the adopted general

methodology. (Bottom) Original image, processed image using the window-evaluation stage, computed image descriptors for each successful candidate window,
output of the classification stage, and final detection after postprocessing (from Left to Right). Shown images were scaled for viewing.

(a)

Fig. 3.

(b)

Application of the window-evaluation stage on a sample region of the Vaihingen data set. (a) Original image. (b) Corresponding processed image.

Areas that have been eliminated by the window-evaluation stage as they were highly unlikely to contain cars are marked with black. Shown images were

scaled for viewing.

The second step is to measure the texture of the detection
window. Pixels of each local cell of 4 x4 pixels are divided into
two groups according to whether the pixel value is larger than
the average value of the cell or smaller. Then, the difference
between the averages of the two groups is calculated. If the
standard deviation oexwre Of the computed differences is larger
than a predefined threshold value of 32, the detection window
will not be considered for further processing. The intuition
behind this is that a high standard deviation oexiure Of the mean
values of the differences among average intensities (more than
one eighth of the intensity range [0,255]) indicates a highly
textured surface that cannot be a car as cars tend to have
smooth surfaces.

The third step is to examine the local distribution of
gradients. For a given gray image I, magnitudes of intensity
gradients M, (x,y) at each pixel and their orientations
Og(x, y) are calculated over the detection window. This is
done by the computation of the first-order discrete deriva-
tives (0I/0x) and (61/0y) of I using a nonsmoothing filter
of [—101] in both the vertical and horizontal directions

TE CR NN CR

M, (x, y) = (T) + (T) (2)
_ ol(x,y) ol(x,y)

Og(x, y) = arctan ( oy / o > . 3)

Then, the magnitudes of gradients of local cells of 4 x 4
pixels are accumulated independently in 9-bin histograms g,

according to their unsigned orientation

gcell(k):ZMg(xsy)|Og(xsy)eoks ke{152379}
x’y

“)

where o, is the kth bin of orientation interval of width 20°, fol-
lowed by computing the covariance matrix IRgg = IE{gg"} of
the L2-normalized responses g..;; < 8cei/ (||gce“||% +e2)l/?
from local cells, where € is a small constant and is equal
to 0.01. For a typical detection window containing a car,
there should be a dominant orientation of the gradients that
corresponds to the direction, which is perpendicular to the
orientation of the car in that particular window. Therefore,
if the covariance matrix IRgg is eigendecomposed, the max-
imum eigenvalue dpa.x must exceed a predefined threshold
value of 0.09, otherwise the window is discarded. The intuition
behind this is that the second-order statistics given by the
covariance matrix IRgg can be used to determine the number
of the dominant orientations of gradients and their directions
using the rank of IRge and the order of its significant eigen-
values dy, respectively

(&)

Estimation of the Orientations of Cars: The orientation of
cars Og,r 1S discretized into nine orientations at 10°, 30°, 50°,
70°, 90°, 110°, 130°, 150°, and 170°. It is estimated to be in a
perpendicular orientation to the bin orientation corresponding
to the maximum eigenvalue dpax of the covariance matrix IRgg
of locally accumulated gradients computed over 4 x 4 cells.

T .
[dl,cells; cees d9,cells] = elg(IRgg,cells)-
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(a) (b) (©) (C) (e) ® (@ ()

Fig. 4. Estimation of the dominant orientation in target-class and non-target-class patches. Target-class patches are shown in (a)—(d). Non-target-class patches
are shown in (e)—(h). Estimated dominant orientations were (a) Ogominant = 170°, (b) Odominant = 130° (¢) Odominant = 110°, (d) Odominant = 50°,
() Odominant = 110°, (f) Odominant = 170°, (&) Odominant = 170°, and (h) Ogominant = 130°. Shown images were scaled for viewing.

&lale

(e)

()

(m)

(O] (69) @

Fig. 5.

()

(0) (p)

@ ()

Cells of original size of 8 x 10 pixels are shown in (a)—(i): (a) 10°. (b) 30°. (c) 50°. (d) 70°. (e) 90°. (f) 110°. (g) 130°. (h) 150°. (i) 170°. Cells of

original size of 4 x 4 pixels are shown in (j)—(r): (j) 10°. (k) 30°. (I) 50°. (m) 70°. (n) 90°. (o) 110°. (p) 130°. (q) 150°. (r) 170°. Shown images were scaled

for viewing.

Examples of estimating the dominant orientation of detection
windows are shown in Fig. 4

Odpx = (10 +20(k — 1))°|dx = Jnax 9(eig(IRgg)). 6)

B. Extraction and Encoding of Features

Detection windows are traditionally divided into square cells
of equal size over which image descriptors are computed
locally. For rotation-variant features, detection windows are
rotated in most cases so that they would have a specific
orientation. However, this rotation process is time-consuming
and it affects the relative distribution of the original pixels due
to the nonlinear transformation between coordinates. To over-
come this problem, adaptive cell distributions are proposed,
wherein the shape of cells is no longer fixed-size squares. Two
sets of adaptive cell distributions are used in the proposed
framework and they are shown in Fig. 5. In the first set,
distributions of cells are originated from the rotation of a
mask oriented horizontally of size 64 x 50 pixels and divided
into ordered cells of size 8 x 10 pixels to the previously
mentioned discretized orientations, whereas in the second
set, distributions of cells are originated from the rotation
of a mask oriented horizontally of size 64 x 52 pixels and
divided into ordered cells of size 4 x 4 pixels. Corners of
each mask are rounded by eliminating pixels that are located
at a distance more than 31 pixels from the center of the
window.

Image descriptors are computed over each candidate detec-
tion window after being divided into one of cell distributions
according to the estimated dominant orientation of the detec-
tion window as follows.

1) Gradient Descriptors: Cars have rectilinear struc-
tures and a dominant orientation as previously mentioned.
To encode this feature, gradient descriptors are exploited. They
are among the well-established image descriptors and they are
known as being powerful single-cue descriptors [30]. In this

paper, gradient descriptors are computed over the first set of
the cell distributions, shown in Fig. 5, based on the estimated
dominant orientation of the detection window (described in
Section III-A). As already mentioned, magnitudes of gradi-
ents M, of local cells are accumulated in 9-bin histograms
g..; according to their orientation O, independently without
the trilinear interpolation process recommended by Dalal and
Triggs [11] as it is a computationally expensive process and it
has a minimal effect on the overall performance. The response
for each cell g., is normalized using L2—normalization so
that illumination-invariance properties can be achieved. The
final gradient descriptor is formed from the concatenation
of the L2-normalized eigenvalues d piock Of the covariance
matrices IRgg plock Of the cell responses of groups of four
adjacent cells. It has a dimensionality of 216 as there are
24 blocks of cells, each has nine eigenvalues. This differs
from the original implementation of [11] in the way local
cells are distributed and that the final descriptor consists of
the eigenvalues of the local covariance matrices rather than
the absolute cell responses to the histogram of gradients.

2) Color Descriptors: Cars exhibit a distinctive distribution
of colors: the color of windscreens is always dark in aerial
images, and the color of the car boot is usually the same as
the color of the car bonnet. Therefore, if a local descriptor
that encodes the local similarity and variation of colors across
pixels is used, it will facilitate the classification process.
A new modified version of the Color Self-Similarity descriptor
proposed by ElMikaty and Stathaki [16] is suggested. It incor-
porates the principal components of the covariance matrices
of the local cell responses. The new color descriptor Cce
calculates the similarity among adjacent cells by computing
the intersection between corresponding local-color-histogram
bins

Ceell = [he N, ] = || > min(he(k), hy (k) (7
k
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where h, and h, are the two gray-level histograms of the
central cell and a neighboring cell, respectively, each has
16 bins, h.(k) and h, (k) are the scores of the kth bins of the
two histograms, and [.] indicates that the result is truncated at
the size of an unsigned integer of eight bits as recommended
by ElMikaty and Stathaki [16]. Local descriptors are computed
on two levels in a pyramid approach using the two sets of cell
distributions shown in Fig. 5. In the first level, descriptors are
computed for 24 cells on a neighborhood of four cells, whereas
in the second level, descriptors are calculated for 130 cells with
a neighborhood of four cells, two cells with a neighborhood of
three cells, and four cells with a neighborhood of two cells as
small cells around the edges of the masks were not included.
The final color descriptor has 3190 features and is formed by
concatenating the L2-normalized local responses from all cells
into a single vector and the L2-normalized eigenvalues of the
covariance matrices IR¢c plock Of the local responses for each
group of cells in each level of the pyramid.

3) Texture Descriptors: Texture is a common image cue
that has been used, among other cues, to solve the problem
of object detection [31]. Many researchers have used Gabor
filters to extract and encode texture motivated by the similarity
between 2-D Gabor filters and the receptive fields in the visual
cortex of the vision systems of humans [32]. Although cars
do not possess distinguishable textured surfaces, Gabor texture
descriptors play a great role in describing other textured areas,
such as those of buildings’ roofs and vegetation. Gabor filter
kernels are formed by a 2-D Gaussian function modulated by
a complex sinusoidal signal

Faabor(x,y; 4,0, v, Og, 7)

x/2 + sz/z ' X'
= exp <T exp <l <27r7 + w>>
8

{x/ = xcosf + ysinf

y = —xsinf + ycosf.

()

In this paper, nine Gabor kernels of size 64 x 64 are used,
with a wavelength 1 of 10 pixels, nine orientations 6; €
{10°,30°, ..., 170°}, phase offset y of —90°, aspect ratio y
of 10, and the variance of the Gaussian envelop ag of 13.671.

After filtering the detection windows using those nine Gabor
kernels, windows are divided into one of the first set of the
cell distributions, shown in Fig. 5, according to the estimated
orientation of the detection window. The mean tceji,mean and
energy teell energy Of the response to the Gabor filters in each
cell is computed at each orientation, resulting in 18 features
per cell

tcell,mean (k) =

1
_ F cxI)) | 6 = 20k — 10)° 9
seccelD xz;a Gabor * I1) | 0 = ( ) )

teell, energy (k ) =
1

I Z((FGabor * I) (FGabor * I)H) | O =
size(cell) o

20k — 10)° (10)
(11)

For rotation-invariance, the order of the nine orientations is
changed such that rotation invariance is achieved by circularly

T
tcell = [tcell,meana tcell,energy] .
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shifting the response to different orientations 6. The final
texture descriptor has 432 features and is formed from the
concatenation of the L2-normalized eigenvalues of the covari-
ance matrices IR¢¢ plock Of the cell responses of 24 groups of
four adjacent cells.

C. Classification

An extended feature vector is formed from the aforemen-
tioned ensemble of descriptors by concatenation. The overall
dimension of this vector is 3838-D (216 gradient features,
3190 color features, and 432 texture features). Since this
problem of classification is characterized by having a relatively
high dimensionality, it is recommended to adopt an SVM
classifier that is known to work efficiently in high-dimensional
scenarios [18]. Based on that and following Occam’s razor,
“Among competing hypotheses, the one with the fewest
assumptions should be selected,” a linear SVM classifier has
been adopted in the proposed framework to discriminate the
car subspace from the noncar subspace.

An SVM classifier assumes that a total of K positive and
negative training data samples s € {s1,...,Sg} are given
and that they are drawn from a hyperdimensional space with
associated target values #; € {—1, 1}. It aims to solve the
classification problem using a linear model in the form of

2(s) =wig(s) +b (12)

where ¢(s) represents the transformation from the spatial
domain to the hyper-dimensional space and b is a bias. In other
words, the goal is to determine the hyperplane in the feature
space ¢(S) € MP that best separates the car and noncar
classes. This can be achieved by maximizing the margin
between the hyperplane and data samples that are close to
it, which are known as support vectors. During the training
stage, parameters w and b are optimized in order to maximize
the margin and the solution is given by

argmax {L min(t (w! ¢ (sz) + b))} . (13)
wll &

w,b
Nevertheless, the above-mentioned assumptions are valid
only for perfectly linearly separable classes. For overlapping
classes, a slack variable & > 0, where k =1, ..., K, is intro-
duced to allow some training samples to be misclassified,
converting the quadratic optimization problem in (13) to a
constrained minimization problem of |w||? as follows:

K
1
C ~[Iwl)? 14
> &+ lwl (14)
k=1
subject to the following constraints:
T —
nWTp(s) +0) = 1 - & s
& =0

where C is a nonnegative regularization constant and it
controls the tradeoff between the slack variable & and the
margin. In this paper, ¢(sx) transforms the training samples
to a hyperspace of 3838-D using a regularization parameter C
of 15. More details about the theory and application of SVM
classifiers can be found in [18].
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D. Postprocessing

The aim of the postprocessing stage is to eliminate multiple
detections per single true detection that are resulted from
the use of an overlapping-sliding-window approach. Detec-
tion windows with positive score that overlap by more than
50% are eliminated except the one with the highest output
confidence score.

IV. DATA SETS

The Vaihingen data set [33] was used to train the SVM
classifier and to evaluate the performance of the proposed
framework. In order to evaluate the ability of the proposed
framework to generalize on unseen data sets and compare its
performance with the state of the art, the publicly available
OIRDS data set [34] has been used and it was not included
in the training data set. Description of both data sets is given
below.

A. Training Data Set

The training process was carried out on a part of the
Vaihingen data set that comprises a set of high-resolution aerial
images of a GSD that is equal to ~8 cm and a radiometric
resolution of 11 b. Images of the Vaihingen data set are pan-
sharpened colored infrared images and they were provided in
TIFF RGB files. The data set was captured over the city of
Vaihingen—Germany by the German Society for Photogram-
metry, Remote Sensing and Geoinformation (DGPF) [33]
using a Digital Mapping Camera with focal length of 120 mm
and at a flying height above the ground of 900 m. This
means that the requirement that the viewpoint must be at
a perpendicular or a slightly oblique angle is met. Cars in
the Vaihingen data set are almost of the same size and are
contained inside square windows of 48 x 48 pixel size as the
GSD is 8 cm.

Positive training data consisted of square patches of 64 x 64
pixels so that image descriptors can be computed efficiently
over cars and a small part of the surrounding background.
Patches that contain cars were chosen from areas other than the
test areas. They were chosen from various regions such that a
great diversity in the orientation of cars and backgrounds could
be achieved. Data augmentation techniques were exploited by
the inclusion of mirrored and horizontally flipped versions
of these patches to the training data in order to richen the
diversity in the training data set.

As for the negative training data, random patches were
included that were selected from different backgrounds.
In addition, bootstrapped hard negatives that were detected
as false positives during the validation process were added.
In total, 781 positive samples and 2473 negative samples were
used in the training process. Sample positive and negative
patches are shown in Fig. 6.

B. Testing Data Set

1) Vaihingen Data Set: DGPF specified three testing areas
for the evaluation of the developed algorithms that contained
128 nonoccluded cars. They contain typical urban backgrounds
with different building styles, roads, and vegetation. Descrip-
tion of the three areas is as follows. Area 1 contains dense
development consisting of historic buildings having complex
shapes and it also has some trees, area 2 has a few high-rising

Fig. 6. Samples of the patches that were extracted from the Vaihingen data
set and used for training. (a) Positive training samples of car-class targets of
different orientations and colors. (b) Negative training samples of non-car-
class targets. Shown images were scaled for viewing.

residential buildings that are surrounded by trees, and area 3
is a pure residential area with small detached houses. Samples
for the three different testing areas are shown in Fig. 7.

2) Overhead Imagery Research Data Set: The OIRDS data
set [34] has more than 900 annotated images that contain
approximately 1075 nonoccluded cars. The data set is a part
of the freely available aerial imagery captured by the United
States Geological Survey. Images were captured at a GSD
of 15 cm under a variety of operating characteristics. Images
were upsampled by a factor of 1.875 so that the final GSD
is ~8 cm. This means that the data set has a lower resolution
compared with the training data set described in Section I'V-A.
Examples of the test images are given in Fig. 8. In this paper,
no examples of the OIRDS data set were included in the
training data set in order to test the ability of the proposed
framework to generalize.

V. EXPERIMENTAL RESULTS

The performance of the proposed framework was evaluated
on the testing areas of the Vaihingen data set as well as on
the OIRDS data set. No manual annotation of any testing
data was carried out except to evaluate the algorithm (labeling
ground truth in the testing data set only). The performance was
assessed and evaluated using qualitative analysis and a number
of quantitative measures, namely, the precision and recall rates,
the average precision, and the interpolated average precision.

A. Qualitative Analysis

Visual results of the experiments of applying the proposed
framework on sample regions of the test areas of the Vaihingen
data set are shown in Fig. 7, whereas results of sample images
of the OIRDS data sets are shown in Fig. 8. These two
figures show that our framework is able to robustly detect
cars in various environments.

In the center left image of Fig. 7, it can be seen that
the proposed method is able to correctly classify detection
windows that have poor contrast (fourth car from top), thanks
to the local normalization of the gradient-descriptor responses
of cells, discussed in Section III-B.1. This is a case that is
even hard for the human eye. Nevertheless, in few situations,
wherein the detection windows contain very dark cars that
are covered by very strong building shadows and the contrast
is too low, the proposed method fails to correctly classify
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Fig. 7.

Sample regions of the test area of the Vaihingen data set after applying the proposed framework. First row: sample regions from test area 1.

Second row: sample regions from test area 2. Third row: sample regions from test area 3. Bounding boxes represent detections. Shown images were scaled

for viewing.

them as true positives. For example, in the top-left image of
Fig. 7, the black car parked next to the building was missed,
because the strength of gradients in such detection windows
is too low even after normalization and the color distribution
is concentrated around the histogram bins that correspond to
dark gray levels.

In the top-center and bottom-center images of Fig. 7, two
cars were not detected as they have a very small size compared
with other standard cars. However, this problem can be solved
by extending the proposed method to multiscale analysis
which is among our future goals.

From Fig. 8, it can be clearly deduced that the proposed
framework has very good generalization as it achieves high
true-positive rate while maintaining a low false-positive rate
when it is applied to images with different acquisition condi-
tions and a lower resolution than those of the data on which the
SVM classifier was trained. More specifically, in challenging
cases, where cars are partially overimposed by shadows, e.g.,
the first image of the first row in Fig. 8, our framework is
able to detect cars despite the fact that the shadow alters
the distribution of edges and colors. Moreover, in the case
of complex backgrounds, for example, the third image of the
first row in Fig. 8, the proposed algorithm does not produce
a high rate of false positives.

B. Quantitative Analysis

Quantitative evaluation methods for target detection systems
depend on the adopted approach [35]. As a window-based
approach was adopted alongside a classifier that outputs a
confidence score (distance from the separating hyperplane),
metrics that depend on ranked outputs according to the
confidence score in a descending order should be used. In this

paper, to evaluate the performance and compare it with the
state of the art that constitutes the baseline performance,
the interpolated average precision APjper Was used.

In the adopted evaluation methodology, a detected bounding
box Bp was considered true if it matched a corresponding
ground-truth bounding box Bgt using (16) and there were no
other bounding boxes matching the same ground truth [36].
In the case of having more than one bounding box matching
the same ground truth, only one of them was considered
a true detection and others were considered false positives.
Ambiguous objects, i.e., objects, which are partially occluded,
were not taken into account, when measuring the performance
of the proposed framework following the works in [13]-[17]
that also discarded occluded cars:

A BpNB
Area(Bp N Bgr) >0.5. (16)
Area(Bp U BgT)

After defining the condition for considering true positives,
precision PR, and recall RC can be computed at several levels
according to the rank of the confidence score associated with
a detection window using (17) and (18). The term “recall”
is used here to indicate the proportion of the truly detected
cars to the total number of ground-truth cars, whereas the
term “precision” indicates the proportion of truly detected cars
to the total number of detections above a given confidence
score [36]

#brtp
PR= 1 (17)
#btp + #brp
#b
RC = 1P (18)
#bgt

where brp represents the true positives, bpp represents the
false positives, and bgt represents the ground truth.
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Fig. 8. Sample regions of the test images of the OIRDS data set after applying the proposed framework. Bounding boxes represent detections. Shown images

were scaled for viewing.

TABLE I

PERFORMANCE OF THE PROPOSED FRAMEWORK WITH DIFFERENT
WINDOW EVALUATION SETTINGS ON THE VAIHINGEN DATA
SET REPRESENTED BY THE AVERAGE PRECISION AP
AND THE INTERPOLATED AVERAGE
PRECISION APjpcer

Window Evaluation AP AP;nter

Des. + SVM 78.65% 64.88%

Histogram Difference + Des. + SVM | 85.02% 63.78%
Texture + Des. + SVM 82.14% 68.01%
Maximum Eigenvalue + Des. + SVM | 80.82% 66.79%
Proposed Wind. Eval. + Des. + SVM | 92.79% | 68.03%

The average precision AP and its interpolated version
APijnter can be computed using the following:

1
AP = —— E
#brp
ke{l1,2,....#b1p}

PR(btp(k)) (19)

APjpter =

1 -
— g PRinterp k) | PRimerp(k) = max [PR(#)]
1 1 r:rzr

k€{0,0.1,...,1}

(20)

where btp represents true positives at a given confidence score
and PR represents the associated precision. It is worth to
mention that the APjner penalizes methods that are not able
to retrieve 100% of the ground-truth data [36], unlike the AP
that does not take this into account. Accordingly, the APjner
is more commonly used in quantitative analysis.

1) Performance of the Proposed Framework: The proposed
framework uses the eigenvalues of the covariance matrix of
the local gradient descriptor to estimate the orientation of
cars as previously discussed in Section III-A. The achieved
accuracy of estimating the orientation of cars in the test data
set is 98.34%.

Regarding the contribution of each step in the window-
evaluation stage, the performance of the detection system
was assessed with adding only one of the proposed window
filtering steps. Fig. 9 and Table I demonstrate the obtained

0.9
0.8
0.7
c 0.6
Ee]
305
o
o
04r
0.3r Proposed Win. Eval. + Des. + SVM
m— Histogram Diff. + Des. + SVM
0.2+ Texture + Des. + SVM
= = =+ Maximum Eigenvalue + Des. + SVM
0.1+ Des. + SVM

0 ! ! ! ! ! ! ! ! ! |

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Recall

Fig. 9. Performance of the proposed framework on the Vaihingen data set
represented by precision rates at different recall rates with different window
evaluation settings and the proposed ensemble of descriptors alongside a linear
SVM classifier.

results under five different scenarios: 1) the ensemble of
descriptors was only used in conjunction with the SVM
classifier; 2) window evaluation based on the difference in
gray histograms and the ensemble of descriptors were used
in conjunction with the SVM classifier; 3) window evaluation
based on the level of texture and the ensemble of descriptors
were used in conjunction with the SVM classifier; 4) window
evaluation based on the value of the maximum eigenvalue and
the ensemble of descriptors were used in conjunction with the
SVM classifier; and 5) the overall proposed framework includ-
ing the three steps of window evaluation and the ensemble of
descriptors. Furthermore, Table II shows the effect of changing
the recommended value of one of the three thresholds used in
the window-evaluation stage while keeping the other two in
their recommended values.

To evaluate the effect of each proposed image descrip-
tor, the performance of the detection system was assessed
using different combinations of descriptors. Fig. 10 and
Table III demonstrate the obtained results under seven different
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TABLE II

PERFORMANCE OF THE PROPOSED FRAMEWORK WITH DIFFERENT VALUES FOR THE THRESHOLDS USED IN THE WINDOW-EVALUATION STAGE ON THE
VAIHINGEN DATA SET REPRESENTED BY THE AVERAGE PRECISION AP AND THE INTERPOLATED AVERAGE PRECISION APjpter

L2% Histogram Difference Texture Maximum Eigenvalue
AP APinter AP APinter AP APinter
-8.0% 90.46% 67.26% 91.59% 67.24% 92.40% 67.67%
-4.0% 91.82% 67.66% 92.92% 67.33% 92.86 % 68.18%
0.0% 92.79% 68.03% 92.79 % 68.03% 92.79% 68.03%
+4.0% | 94.39% 68.37 % 91.78% 67.19% 92.19% 67.32%
+8.0% | 93.86% 68.09% 91.19% 67.02% 92.32% 67.50%

ER a significant effect in reducing the rate of false positives.
09F, More specifically, evaluating detection windows based on the
os variation of color distribution across the detection window

' results in a higher precision. Nevertheless, it has a slight effect

07 on the recall rate as it can be observed from the decrease in
_08f | the interpolated average precision APjpeer.

§ 05| (% Changing the recommended values of the thresholds used

Sy in the window-evaluation stage by +4% results in changing

04 Al Des. the average precision AP and the interpolated average pre-

03l ',':,_./'-: """"""" gl Text Des. cision APiner by less than £1% indicating the robustness

ozl ' I'"n".,,,—,--., —m g:dDﬁext Do of the proposed window-evaluation stage to small variations

Text Des. in the acquisition conditions, e.g., changes in illumination.

o1r = = - - Grad. Des. The recommended thresholds do not result in the highest

\ \ \ \ \ \ \ \ ; average precision and interpolated average precision, as it can

o

|
0 01 02 03 04 05 06 07 08 09 1
Recall

Fig. 10.  Performance of the proposed framework on the Vaihingen data
set represented by precision rates at different recall rates with the proposed
three-step window-evaluation stage and different combinations of descriptors
alongside a linear SVM classifier.

TABLE III

PERFORMANCE OF THE PROPOSED FRAMEWORK WITH THE
WINDOW-EVALUATION STAGE AND DIFFERENT COMBINATIONS
OF DESCRIPTORS ALONGSIDE THE SVM CLASSIFIER ON THE
VAIHINGEN DATA SET REPRESENTED BY THE AVERAGE
PRECISION AP AND THE INTERPOLATED AVERAGE
PRECISION APjper

Descriptors AP AP;nter

Wind. Eval. + Grad. Des. + SVM 30.61% 17.41%
Wind. Eval. + Text. Des. + SVM 56.31% 28.39%
Wind. Eval. + Col. Des. + SVM 84.71% 63.65%
Wind. Eval. + Grad. & Text. Des. + SVM | 50.45% 29.44%
Wind. Eval. + Grad. & Col. Des. + SVM | 84.15% 63.32%
Wind. Eval. + Col. & Text. Des. + SVM 88.54% 65.35%
Proposed Framework 92.79% | 68.03%

scenarios: 1) gradient descriptors were used alongside the
window-evaluation stage and the SVM classifier; 2) texture
descriptors were used alongside the window-evaluation stage
and the SVM classifier; 3) color descriptors were used along-
side the window-evaluation stage and the SVM classifier;
4) gradient and color descriptors were used alongside the win-
dow evaluation stage and the SVM classifier; 5) gradient and
texture descriptors were used alongside the window evaluation
stage and the SVM classifier; 6) color and texture descriptors
were used alongside the window evaluation stage and the SVM
classifier; and 7) the overall proposed car detection system.
The proposed framework is able to achieve an overall
precision rate of 70.07% at a recall rate of 75%. It can
be inferred that the three-step window filtering process has

be inferred from Table II. Nonetheless, these thresholds were
set using cross validation on the training data set to prevent
overfitting as previously mentioned. It is also worth to note
that it is important to have high values for both the average
precision AP and the interpolated average precision APjper as
this ensures having high precision and recall rates at the same
time.

Combining the three window-evaluation steps with the
proposed descriptors results in a high average precision AP
and interpolated average precision APjyr. Furthermore, it can
be noticed from the performance comparison among different
descriptors that the proposed color descriptor has the most
significant contribution as compared with the gradient and
texture descriptors.

2) Comparison With the State of the Art: In order to further
validate the effectiveness of the proposed framework and its
superiority to the state of the art, it was tested on the OIRDS
data set. Its performance was compared with the state of
the art using the well-known interpolated average precision
APineer [36] as it takes into account the amount of ground-
truth retrieval. The OIRDS data set has a wide range of image
scenarios and it was used in several previous works. Table IV
shows the achieved 11-point interpolated average precision
by the proposed and baseline frameworks [15]-[17], [19].
A different number of test images of the OIRDS data set
were chosen by each baseline framework. To overcome this
problem, the evaluation of the proposed framework was carried
out on the whole data set and on the subset that was used by
Chen ef al. [19]. We were not able to test the algorithm of [19]
on the whole data set due to the unavailability of the source
code. Clearly, the proposed algorithm outperforms the state
of the art by achieving higher APjpr on the OIRDS data set
using only a linear classifier and one model as opposed to the
nonlinear classifiers or the two models used in [15] and [17],
despite the fact that this metric penalizes methods that retrieves
only a subset of the ground truth [36]. It is worth to
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TABLE IV

PERFORMANCE OF THE PROPOSED FRAMEWORK AND BASELINE FRAMEWORKS ON THE OIRDS DATA SET
REPRESENTED BY THE INTERPOLATED AVERAGE PRECISION (APjper)

Framework Features Classifier Testing Criteria AP;pter
Razakarivony and Jurie [15] Gradients Autoencoders and PCA manifolds 10 Folds (= 900 images) 48.9%
ElMikaty and Stathaki [16] Gradients, Spectrum, Colours Linear SVM One Fold (= 900 images) 53.45%

Madhogaria et al. [17] Gradients Linear SVM and MRF One Fold (~ 500 images) 54.45%

Chen et al. [19] Gradients Sparse Coding Based Dictionary | One Fold (= 370 images) 62.15%
Proposed Framework Gradients, Colours, Texture Linear SVM One Fold (= 370 images) 64.49%
Proposed Framework Gradients, Colours, Texture Linear SVM One Fold (~ 900 images) 57.34%

TABLE V

RUNNING-TIME ANALYSIS OF THE PROPOSED FRAMEWORK. THE
REQUIRED COMPUTATIONAL TIME IS GIVEN BY A PERCENTAGE
OF THE TOTAL TIME REQUIRED TO PROCESS A GIVEN IMAGE

Wind. Eval.
Stage Grad. Des. | Col. Des. Text. Des. & Other
Processing | 5 09% | ~11.35% | ~69.99% | =~ 13.57%
Time (%)

mention that the framework of [15] used a multiple-fold
training/testing strategy, whereas the OIRDS data set was com-
pletely unseen to other baseline frameworks and the proposed
framework. It is also worth to mention that the framework
of [17] suffers from high-confidence score false positives. This
makes it unreliable in some applications, such as in military
fields.

C. Running-Time Analysis

The proposed framework has been implemented in a
MATLAB environment and all of our experiments were run
on an Intel-Core-i5 CPU with a speed of 2.5 GHz and a RAM
of 6-GB size. Whilst the machine that was used has multiple
processing cores, the current implementation uses only a single
core. It is faster than the work of [16] by ~5.5 times and is able
to process ~421 detection windows per second (*0.03 MB/s).
This indicates that the current implementation has a near-real-
time performance and is faster than the recent work of [19]
that is able to process only ~0.01 MB/s.

Table V shows the percentage of the processing-time con-
sumed by each proposed descriptor. It can be inferred that
the proposed color descriptor is very efficient in terms of
its high discrimination power, as it was shown in Fig. 10
and Table III, and its relatively lower computational cost.
The window-evaluation stage saves the required computational
time by approximately 85.09% as it discards a huge number
of candidate windows at an early stage.

VI. CONCLUSION

This paper presented a novel framework for the detection
and localization of cars in high-resolution airborne imagery
using an ensemble of image descriptors that depict the
distribution of the gradients, colors, and texture of cars.
The advantages of the proposed framework were investi-
gated thoroughly and demonstrated clearly in its ability to
achieve a higher precision compared with the state of the
art. Several points can be learnt from the implementation
and results of the proposed framework. First, eigenvalues of
the covariance matrices of locally accumulated gradients can

work effectively to identify the dominant orientation of a
given detection window. Second, local normalization of the
extracted feature vectors is essential for illumination invari-
ance. Third, rotation-invariance properties can be achieved
using the proposed adaptive cell distributions without altering
the relative distribution of pixels. Fourth, the proposed color
descriptor is a powerful single-cue descriptor. However, com-
bining it with other descriptors results in better performance.
Fifth, distinctive features of the foreground and background
objects must be taken into account, when descriptors are
chosen.

Furthermore, the proposed framework has the capacity to
generalize as corroborated by testing on completely unseen
data. The detection method used here can be further extended
by adopting a multiscale analysis approach, e.g., the one
adopted by Dalal and Triggs [11]. It has also been demon-
strated that the use of an ensemble of image descrip-
tors that efficiently show the visual characteristics of a
particular object can lead to improved performance using
low-dimensional feature vectors alongside a simple linear
classifier.
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Detection of Cars in High-Resolution Aerial
Images of Complex Urban Environments

Mohamed ElMikaty, Member, IEEE, and Tania Stathaki, Member, IEEE

Abstract—Detection of small targets, more specifically cars,
in aerial images of urban scenes, has various applications in
several domains, such as surveillance, military, remote sensing,
and others. This is a tremendously challenging problem, mainly
because of the significant interclass similarity among objects in
urban environments, e.g., cars and certain types of nontarget
objects, such as buildings’ roofs and windows. These nontarget
objects often possess very similar visual appearance to that
of cars making it hard to separate the car and the noncar
classes. Accordingly, most past works experienced low precision
rates at high recall rates. In this paper, a novel framework
is introduced that achieves a higher precision rate at a given
recall than the state of the art. The proposed framework
adopts a sliding-window approach and it consists of four stages,
namely, window evaluation, extraction and encoding of features,
classification, and postprocessing. This paper introduces a new
way to derive descriptors that encode the local distributions of
gradients, colors, and texture. Image descriptors characterize the
aforementioned cues using adaptive cell distributions, wherein
the distribution of cells within a detection window is a function
of its dominant orientation, and hence, neither the rotation of
the patch under examination nor the computation of descriptors
at different orientations is required. The performance of the
proposed framework has been evaluated on the challenging
Vaihingen and Overhead Imagery Research data sets. Results
demonstrate the superiority of the proposed framework to the
state of the art.

Index Terms— Airborne imagery, automatic target recognition,
car detection.

NOTATIONS
X,x  Scalar.
X Column vector.
X Matrix.
y(x)  Function.
()T Transpose operator.
()¥  Hermitian transpose operator.

* Convolution operator.
#x Cardinality of x.

IE{.} Expectation operator.
IRxx  Covariance matrix across X.
d Eigenvalue.
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I. INTRODUCTION

OBUST detection and localization of small targets in

airborne imagery have attracted many researchers in the
fields of image analysis and computer vision over the past
years. They have numerous useful applications in security, sur-
veillance, defense, remote sensing, and other domains. Small
targets, e.g., cars, shipping containers, aeroplanes, and military
installations, are usually depicted within small areas that are
represented by a small number of pixels in high-resolution
aerial images of low ground sampling distance (GSD).
Aerial images are commonly captured by sensors mounted on
unmanned aerial vehicles, aeroplanes, and earth-observation
satellites. In this paper, cars are considered the small targets
of interest and the task is to automatically detect and locate
cars relative to the rest of a given image of a typical urban
scene. This is a tremendously challenging task. First, because
of the huge intraclass variability that stems from the significant
differences in the visual appearance among cars, as far as
various features are concerned, such as colors, size, shape,
contours, and boundaries. Furthermore, it is obvious that
cars’ appearance explicitly depends on the viewing angle.
In order to overcome this problem of variability among cars,
many researchers have focused on the task of the detection
of cars in airborne imagery, wherein a collection of images
are taken from a vertical or a slightly oblique viewpoint.
This constrained viewpoint facilitates the detection process
by eliminating that strong dependence on the viewing angle.
In addition, most of the cars would possess almost simi-
lar sizes. Second, there is a significant interclass similarity
between cars and other objects that arises as a result of the
existence of various types of noncar objects in urban scenes,
which have similar visual appearance. For instance, similar
edge maps or color distributions to that of cars, such as
those of buildings’ windows, patios, and balconies, can be
found.

In this paper, a novel framework is proposed that has
the ability to carry out the robust detection and localiza-
tion of cars in high-resolution airborne imagery of complex
urban scenes. Original contributions of this paper include:
1) the design of a novel method that evaluates the likelihood
of the detection windows to contain a target in order to reduce

0196-2892 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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search areas; 2) a new method to estimate accurately the
dominant orientation of detection windows; 3) the introduction
of adaptive distributions of cells over which image descriptors
can be computed in a new fashion without rotating the original
patch as it is a computationally expensive process and it alters
the relative distribution of pixels; and 4) a novel encoding of
the local distribution of complementary image cues for cars as
well as the associated principal components into the feature
vector. Points of strength of the proposed framework are:
1) robust performance in complex scenes of urban environ-
ments represented by the achieved higher precision and lower
false-positive rate and 2) efficient encoding of image cues
exploiting lower dimensionality than the state of the art.

This paper is organized as follows. In Section II, a brief
discussion of previous works is presented. The proposed
framework is introduced in Section III, followed by the
description of the Vaihingen data set that was used for
training and testing and the Overhead Imagery Research data
set (OIRDS) that was only used for testing in Section IV.
Results are demonstrated and discussed in Section III-B1. The
conclusions are drawn in Section VI.

II. RELATED WORK

Several methodologies have been proposed to solve the
problem of the detection of cars in airborne imagery from a
perpendicular or a slightly oblique viewpoint [1] and several
types of images have been investigated, such as color images,
synthetic aperture radar, and others [2], [3]. Nevertheless, our
focus in this paper is on the detection of cars in color images
and notable related past works will be discussed in this section.

Previous frameworks mainly adopted flat explicit or implicit
models, i.e., models that do not use deep architectures. They
can be broadly categorized into three main groups: the first
group uses explicit models, the second group uses implicit
models, and the third group exploits road maps alongside
either an implicit or an explicit model.

A. Detection of Cars Using Explicit Models

Early works tried to solve the problem of the detection of
cars using explicit models, wherein 2-D and 3-D templates
that resemble image cues of cars are designed. Cars are
claimed to be found, when the cost of matching between image
descriptors of the patch under examination and those of the
predesigned template is lower than a predefined threshold. For
example, proposed works in [4]-[6] exploited a 3-D template
that resembled the geometric structure of cars’ contours and
the distribution of the colors of cars’ bodies, windscreens, and
shadows. In a similar fashion, Choi and Yang [7] adopted a
“bottom—up” approach, wherein blobs of pixels that possess
similar geometric and radiometric properties to that of cars
were formed using a mean-shift clustering algorithm [8].

Problems of such template-based models usually arise as
a result of the high computational cost that is incurred by
the matching process and their performance usually degrades,
when they are applied in urban scenes with heavily cluttered
backgrounds. This results in low precision rates because of the
significant interclass similarity.

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

B. Detection of Cars Using Implicit Models

Unlike explicit models, implicit models do not exploit the
predesigned templates. They use different image descriptors
that are engineered to capture and encode different cues of
cars. A classifier is trained on the extracted features and is
then used to decide whether the patch under examination
belongs to the car subspace or the noncar subspace. Several
descriptors have been used. Nevertheless, there are no solid
theoretical foundations about the choice of descriptors in the
open literature, which can accommodate any possible image
processing scenario. However, some guidelines can certainly
be found. An example of the implicit models is the work
that was conducted by Nguyen ef al. [9], who used Haar
wavelets [10], histogram of oriented gradients (HOG) [11],
local binary patterns (LBPs) [12], and a mean-shift clustering
algorithm [8] for postprocessing. Kembhavi er al. [13] fol-
lowed a similar approach, i.e., they exploited color probability
maps, pairs of pixels, and HOG to depict color and geometric
structural properties. Likewise, Shao et al. [14] used HOG,
LBP, and opponent histograms in their vehicle detector and
used an intersection kernel support vector machines (SVMs)
classifier. Following the basic idea of implicit models but in a
different way, Razakarivony and Jurie [15] built two separate
models: one for the HOG descriptors of vehicles and the other
for those of the background using manifold learning. EIMikaty
and Stathaki [16] addressed the problem using HOG, Fourier,
and truncated pyramid color self-similarity jointly with a linear
SVM classifier. Madhogaria et al. [17] used only HOG to
detect cars in a two-stage classification process. In their first
stage, HOG descriptors were computed over rotated images
alongside a linear SVM classifier and a causal Markov random
field (MRF) classifier [18]. Using superpixel segmentation,
Chen et al. [19] extracted meaningful patches. Then, patches
were rotated so that HOG descriptors could be computed.
A sparse-coding-based dictionary was learnt and used to
detect cars.

Although acceptable results of implicit models have been
reported, their performance is significantly affected by the
choice of features, the implementation, and the dimensionality
of the descriptors used and classifiers. Moreover, it can be
observed that in order to overcome the problems of intraclass
variability and the interclass similarity, either a high-
dimensional feature descriptor was used in conjunction with
linear classification or a low-dimensional feature descriptor
was used alongside nonlinear or multistage classification.

C. Detection of Cars Using Road Maps

In order to restrict search areas to regions that are more
likely to contain cars, several previous works have exploited
road maps to extract roads and parking areas as an initial step
in order to decrease the false-positive rate. A representative
example is the work conducted by Moon et al. [20], [21],
wherein the authors made use of the locations of roads and
buildings and utilized the derivative of the double-exponential
filter [22] to extract gradients. Similarly, Zheng et al. [23]
extracted roads and parking areas and used morphological
structuring elements [24] and a classifier to distinguish actual
car pixels. In a similar manner, Eikvil et al. [25] proposed a
detection approach that consisted of a segmentation stage to
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Fig. 1. Extraction of edges in target-class and non-target-class patches using Canny edge detectors [28] with an associated Gaussian filter of standard deviation
of /2. Target-class patches are shown in (a)—(d), and their corresponding edges in (i)—(1), respectively. Non-target-class patches are shown in (e)—(h), and
their corresponding edges in (m)—(p), respectively. Shown images were scaled for viewing.

separate regions that contain cars, followed by a two-stage
object-classification framework exploiting road networks.
Following the same idea, Tuermer et al. [26] proposed the
use of road databases, disparity maps, and an HOG object
detector.

Whilst exploiting road maps provides better performance in
terms of true-positive and false-positive rates, it is based on
the prior knowledge of accurate road maps, a precise map-
projection method, which is computationally expensive, and
the use of extra hardware, such as a global positioning system.

Unlike flat models, deep models for the detection of cars
can hardly be found in the literature as they require vast
training data sets, which are challenging to acquire. To the
best of the our knowledge, only one work was proposed by
Chen et al. [27] to solve the problem of car detection using
deep models. In this paper, a hierarchal deep model was used
in a hybrid fashion. Although high accuracy has been achieved,
their testing data set compromised a set of images of vast
parking areas containing a large number of cars and lacked the
existence of complex shapes that characterize urban scenes.

III. PROPOSED FRAMEWORK

Regarding a car in a given aerial image, its boundaries are
expected to have almost rectilinear structures that correspond
to the edges of the body and front and rear windscreens as
shown in Fig. 1. Although these rectilinear structures form
together a considerable number of crucial points of interest,
e.g., high-curvature points and corners, they are incapable of
discriminating cars from other objects. This is because in some
cases, other noncar objects possess similar edge maps to those
of cars, such as buildings’ roofs and windows, and they can be
easily misidentified as cars. Based on this observation, implicit
models are seen to be superior to explicit models as they
capture fine details and a simple linear classifier can learn
from the training samples how to distinguish well-encoded
combined image descriptors that correspond to the cues related
to cars.

In this paper, three image descriptors are computed over
a sliding detection window to characterize the distribution
of gradients, colors, and texture. These image cues were
chosen among other cues as cars possess: 1) almost rectilinear
structures as aforementioned; 2) distinctive color distribution;
and 3) mostly smooth surfaces with low amount of texture. The
proposed framework adopts a gray-scale fixed-size window

of 64 x 64 pixels with an associated stride length of four
pixels as in a set of aerial images captured at a given GSD,
cars have almost similar sizes. Square patches were chosen
instead of rectangular patches as it was found after exhaustive
experimental validations that square patches result in better
performance. They incorporate some of the contextual infor-
mation and they facilitate the computation of image descriptors
at different orientations. The proposed framework comprises
four stages, namely, window evaluation, extraction of features
and encoding, classification, and postprocessing as shown
in Fig. 2. Details of the implementation of each stage are
discussed in Sections III-A-III-D.

Choice of Features and Parameters: All values of the para-
meters used in the implementation of the proposed framework
were set empirically by testing excessively the properties of a
large number of image samples from the training data set that
will be described later in Section IV-A using cross validation.

A. Window Evaluation

In order to reduce search areas, it is necessary to investigate
detection windows that are highly unlikely to contain cars at
an early stage. This reduces the false-positive rate. In addition,
it helps shorten the processing time by discarding a large
number of windows, as it can be seen in Fig. 3. To achieve
this, a novel three-step filtering process is proposed to measure
the objectness [29] of the detection window and its likeli-
hood to contain a target at an early stage based on several
cues, including the local distribution of colors, texture, and
gradients.

The first step is to investigate the variation in the distribution
of gray levels across a detection window. This is exam-
ined by the computation of two 32-bin gray-level histograms
h, and h., one for the whole detection window and the
other for the 32 x 32 central square area. If the similarity
between the two histograms is more than 50%, the window is
discarded as this highly indicates that it belongs to a flat area
with a constant or a slowly varying gray-level distribution,
such as empty roads and vegetation areas. The Manhattan
distance rManhattan between these two color histograms is
computed to measure their similarity with a threshold value
of 2048 as the size of the detection window is 64 x 64 pixels

32
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Extraction
and Encoding
of Features

Window
Evaluation

Post-
Processing

Classification | mp

Fig. 2.

Flow diagram of the adopted four-stage methodology. (Top) Block diagram shows the sequence of the four main stages of the adopted general

methodology. (Bottom) Original image, processed image using the window-evaluation stage, computed image descriptors for each successful candidate window,
output of the classification stage, and final detection after postprocessing (from Left to Right). Shown images were scaled for viewing.

(a)

Fig. 3.

(b)

Application of the window-evaluation stage on a sample region of the Vaihingen data set. (a) Original image. (b) Corresponding processed image.

Areas that have been eliminated by the window-evaluation stage as they were highly unlikely to contain cars are marked with black. Shown images were

scaled for viewing.

The second step is to measure the texture of the detection
window. Pixels of each local cell of 4 x4 pixels are divided into
two groups according to whether the pixel value is larger than
the average value of the cell or smaller. Then, the difference
between the averages of the two groups is calculated. If the
standard deviation oexwre Of the computed differences is larger
than a predefined threshold value of 32, the detection window
will not be considered for further processing. The intuition
behind this is that a high standard deviation oexgre Of the mean
values of the differences among average intensities (more than
one eighth of the intensity range [0,255]) indicates a highly
textured surface that cannot be a car as cars tend to have
smooth surfaces.

The third step is to examine the local distribution of
gradients. For a given gray image I, magnitudes of intensity
gradients M, (x,y) at each pixel and their orientations
Og(x,y) are calculated over the detection window. This is
done by the computation of the first-order discrete deriva-
tives (0I/0x) and (61/8y) of I using a nonsmoothing filter
of [—101] in both the vertical and horizontal directions

2 2
s = (52) +(M5)

0, (x, y) = arctan (al(gﬂ » ol y)) |

(@)

x 3)

Then, the magnitudes of gradients of local cells of 4 x 4
pixels are accumulated independently in 9-bin histograms g_.;

according to their unsigned orientation

gCCll(k)ZZMg('xay)|Og('x9y)€0k9 ke{1)2999}
x’y

“)

where o, is the kth bin of orientation interval of width 20°, fol-
lowed by computing the covariance matrix IRgg = IE{gg!} of
the L2-normalized responses g..;; < &cei/ (||gceu||% +€2)1/2
from local cells, where € is a small constant and is equal
to 0.01. For a typical detection window containing a car,
there should be a dominant orientation of the gradients that
corresponds to the direction, which is perpendicular to the
orientation of the car in that particular window. Therefore,
if the covariance matrix IRgg is eigendecomposed, the max-
imum eigenvalue dp,x must exceed a predefined threshold
value of 0.09, otherwise the window is discarded. The intuition
behind this is that the second-order statistics given by the
covariance matrix IRgg can be used to determine the number
of the dominant orientations of gradients and their directions
using the rank of IRge and the order of its significant eigen-
values dy, respectively

(5)

Estimation of the Orientations of Cars: The orientation of
cars Og,r 18 discretized into nine orientations at 10°, 30°, 50°,
70°, 90°, 110°, 130°, 150°, and 170°. It is estimated to be in a
perpendicular orientation to the bin orientation corresponding
to the maximum eigenvalue dmax of the covariance matrix IRgg
of locally accumulated gradients computed over 4 x 4 cells.

T .
[dl,cells; ey d9,cells] = elg(IR ,cells)-
g8
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() (b) (© (d)

-. .

() (€9) ()

(e)

Fig. 4. Estimation of the dominant orientation in target-class and non-target-class patches. Target-class patches are shown in (a)—(d). Non-target-class patches
are shown in (e)—(h). Estimated dominant orientations were (a) Odominant = 170°, (b) Odominant = 130°, (¢) Odominant = 110°, (d) Odominant = 50°,
() Odominant = 110°, (f) Odominant = 170°, (8) Odominant = 170°, and (h) Ogominant = 130°. Shown images were scaled for viewing.

(e ()

1{ ]

®

G

Fig. 5.

() (0) )

S

Cells of original size of 8 x 10 pixels are shown in (a)—(i): (a) 10°. (b) 30°. (c) 50°. (d) 70°. (e) 90°. (f) 110°. (g) 130°. (h) 150°. (i) 170°. Cells of

original size of 4 x 4 pixels are shown in (j)—(r): (j) 10°. (k) 30°. (I) 50°. (m) 70°. (n) 90°. (o) 110°. (p) 130°. (q) 150°. (r) 170°. Shown images were scaled

for viewing.

Examples of estimating the dominant orientation of detection
windows are shown in Fig. 4

Oty = (10420(k = 1))°ldi = max (eig(IRgg).  (6)

B. Extraction and Encoding of Features

Detection windows are traditionally divided into square cells
of equal size over which image descriptors are computed
locally. For rotation-variant features, detection windows are
rotated in most cases so that they would have a specific
orientation. However, this rotation process is time-consuming
and it affects the relative distribution of the original pixels due
to the nonlinear transformation between coordinates. To over-
come this problem, adaptive cell distributions are proposed,
wherein the shape of cells is no longer fixed-size squares. Two
sets of adaptive cell distributions are used in the proposed
framework and they are shown in Fig. 5. In the first set,
distributions of cells are originated from the rotation of a
mask oriented horizontally of size 64 x 50 pixels and divided
into ordered cells of size 8 x 10 pixels to the previously
mentioned discretized orientations, whereas in the second
set, distributions of cells are originated from the rotation
of a mask oriented horizontally of size 64 x 52 pixels and
divided into ordered cells of size 4 x 4 pixels. Corners of
each mask are rounded by eliminating pixels that are located
at a distance more than 31 pixels from the center of the
window.

Image descriptors are computed over each candidate detec-
tion window after being divided into one of cell distributions
according to the estimated dominant orientation of the detec-
tion window as follows.

1) Gradient Descriptors: Cars have rectilinear struc-
tures and a dominant orientation as previously mentioned.
To encode this feature, gradient descriptors are exploited. They
are among the well-established image descriptors and they are
known as being powerful single-cue descriptors [30]. In this

paper, gradient descriptors are computed over the first set of
the cell distributions, shown in Fig. 5, based on the estimated
dominant orientation of the detection window (described in
Section III-A). As already mentioned, magnitudes of gradi-
ents M, of local cells are accumulated in 9-bin histograms
8.1 according to their orientation O, independently without
the trilinear interpolation process recommended by Dalal and
Triggs [11] as it is a computationally expensive process and it
has a minimal effect on the overall performance. The response
for each cell g, is normalized using L2—normalization so
that illumination-invariance properties can be achieved. The
final gradient descriptor is formed from the concatenation
of the L2-normalized eigenvalues di plock Of the covariance
matrices IRgg block Of the cell responses of groups of four
adjacent cells. It has a dimensionality of 216 as there are
24 blocks of cells, each has nine eigenvalues. This differs
from the original implementation of [11] in the way local
cells are distributed and that the final descriptor consists of
the eigenvalues of the local covariance matrices rather than
the absolute cell responses to the histogram of gradients.

2) Color Descriptors: Cars exhibit a distinctive distribution
of colors: the color of windscreens is always dark in aerial
images, and the color of the car boot is usually the same as
the color of the car bonnet. Therefore, if a local descriptor
that encodes the local similarity and variation of colors across
pixels is used, it will facilitate the classification process.
A new modified version of the Color Self-Similarity descriptor
proposed by ElMikaty and Stathaki [16] is suggested. It incor-
porates the principal components of the covariance matrices
of the local cell responses. The new color descriptor ccej
calculates the similarity among adjacent cells by computing
the intersection between corresponding local-color-histogram
bins

Ceent = [he Ny ] = | | D min(h.(k), h, (k) (7
k
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where h, and h, are the two gray-level histograms of the
central cell and a neighboring cell, respectively, each has
16 bins, h.(k) and h, (k) are the scores of the kth bins of the
two histograms, and [.] indicates that the result is truncated at
the size of an unsigned integer of eight bits as recommended
by ElMikaty and Stathaki [16]. Local descriptors are computed
on two levels in a pyramid approach using the two sets of cell
distributions shown in Fig. 5. In the first level, descriptors are
computed for 24 cells on a neighborhood of four cells, whereas
in the second level, descriptors are calculated for 130 cells with
a neighborhood of four cells, two cells with a neighborhood of
three cells, and four cells with a neighborhood of two cells as
small cells around the edges of the masks were not included.
The final color descriptor has 3190 features and is formed by
concatenating the L2-normalized local responses from all cells
into a single vector and the L2-normalized eigenvalues of the
covariance matrices IR¢c plock Of the local responses for each
group of cells in each level of the pyramid.

3) Texture Descriptors: Texture is a common image cue
that has been used, among other cues, to solve the problem
of object detection [31]. Many researchers have used Gabor
filters to extract and encode texture motivated by the similarity
between 2-D Gabor filters and the receptive fields in the visual
cortex of the vision systems of humans [32]. Although cars
do not possess distinguishable textured surfaces, Gabor texture
descriptors play a great role in describing other textured areas,
such as those of buildings’ roofs and vegetation. Gabor filter
kernels are formed by a 2-D Gaussian function modulated by
a complex sinusoidal signal

FGabor(x> )’7 1993 l//s Ug»V)

2 2.2 /
= exp <x~l—#> exp <i (27rx— + l//>>
20g A

{x/ = xcosf + ysinf

8
y = —xsiné + ycosf. ®)

In this paper, nine Gabor kernels of size 64 x 64 are used,
with a wavelength 4 of 10 pixels, nine orientations 6y €
{10°,30°, ..., 170°}, phase offset y of —90°, aspect ratio y
of 10, and the variance of the Gaussian envelop o—; of 13.671.

After filtering the detection windows using those nine Gabor
kernels, windows are divided into one of the first set of the
cell distributions, shown in Fig. 5, according to the estimated
orientation of the detection window. The mean tceil mean and
energy teell energy Of the response to the Gabor filters in each
cell is computed at each orientation, resulting in 18 features
per cell

tcell,mean (k) =
1
_ F I) | 6, = 20k — 10)° 9
e ;u Gabor * 1) | O = ( ) )

tcell,energy (k) =
1

< Z((FGabor * I) (FGabor * I)H) | O =
size(cell) o

20k — 10)° (10)
(11)

For rotation-invariance, the order of the nine orientations is
changed such that rotation invariance is achieved by circularly

T
teenl = [tcell,means tcell,energy] .

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

shifting the response to different orientations 6. The final
texture descriptor has 432 features and is formed from the
concatenation of the L2-normalized eigenvalues of the covari-
ance matrices IR piock Of the cell responses of 24 groups of
four adjacent cells.

C. Classification

An extended feature vector is formed from the aforemen-
tioned ensemble of descriptors by concatenation. The overall
dimension of this vector is 3838-D (216 gradient features,
3190 color features, and 432 texture features). Since this
problem of classification is characterized by having a relatively
high dimensionality, it is recommended to adopt an SVM
classifier that is known to work efficiently in high-dimensional
scenarios [18]. Based on that and following Occam’s razor,
“Among competing hypotheses, the one with the fewest
assumptions should be selected,” a linear SVM classifier has
been adopted in the proposed framework to discriminate the
car subspace from the noncar subspace.

An SVM classifier assumes that a total of K positive and
negative training data samples sy € {s1,...,Sg} are given
and that they are drawn from a hyperdimensional space with
associated target values #; € {—1,1}. It aims to solve the
classification problem using a linear model in the form of

2(s)=w g(s)+b (12)

where ¢(s) represents the transformation from the spatial
domain to the hyper-dimensional space and b is a bias. In other
words, the goal is to determine the hyperplane in the feature
space ¢(S) € MNP that best separates the car and noncar
classes. This can be achieved by maximizing the margin
between the hyperplane and data samples that are close to
it, which are known as support vectors. During the training
stage, parameters w and b are optimized in order to maximize
the margin and the solution is given by

argmax {L min(tx (w! ¢ (s3) + b))} ) (13)
lwll %

w,b
Nevertheless, the above-mentioned assumptions are valid
only for perfectly linearly separable classes. For overlapping
classes, a slack variable & > 0, where k = 1, ..., K, is intro-
duced to allow some training samples to be misclassified,
converting the quadratic optimization problem in (13) to a
constrained minimization problem of ||w]| |2 as follows:

K
1
CY &+ 5 lwi

(14)
k=1
subject to the following constraints:
te(w? by >1-—
k(Wi (sk) +b) = 1 — ¢ (15)
& =0

where C is a nonnegative regularization constant and it
controls the tradeoff between the slack variable & and the
margin. In this paper, ¢ (sx) transforms the training samples
to a hyperspace of 3838-D using a regularization parameter C
of 15. More details about the theory and application of SVM
classifiers can be found in [18].
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D. Postprocessing

The aim of the postprocessing stage is to eliminate multiple
detections per single true detection that are resulted from
the use of an overlapping-sliding-window approach. Detec-
tion windows with positive score that overlap by more than
50% are eliminated except the one with the highest output
confidence score.

IV. DATA SETS

The Vaihingen data set [33] was used to train the SVM
classifier and to evaluate the performance of the proposed
framework. In order to evaluate the ability of the proposed
framework to generalize on unseen data sets and compare its
performance with the state of the art, the publicly available
OIRDS data set [34] has been used and it was not included
in the training data set. Description of both data sets is given
below.

A. Training Data Set

The training process was carried out on a part of the
Vaihingen data set that comprises a set of high-resolution aerial
images of a GSD that is equal to &8 cm and a radiometric
resolution of 11 b. Images of the Vaihingen data set are pan-
sharpened colored infrared images and they were provided in
TIFF RGB files. The data set was captured over the city of
Vaihingen—Germany by the German Society for Photogram-
metry, Remote Sensing and Geoinformation (DGPF) [33]
using a Digital Mapping Camera with focal length of 120 mm
and at a flying height above the ground of 900 m. This
means that the requirement that the viewpoint must be at
a perpendicular or a slightly oblique angle is met. Cars in
the Vaihingen data set are almost of the same size and are
contained inside square windows of 48 x 48 pixel size as the
GSD is 8 cm.

Positive training data consisted of square patches of 64 x 64
pixels so that image descriptors can be computed efficiently
over cars and a small part of the surrounding background.
Patches that contain cars were chosen from areas other than the
test areas. They were chosen from various regions such that a
great diversity in the orientation of cars and backgrounds could
be achieved. Data augmentation techniques were exploited by
the inclusion of mirrored and horizontally flipped versions
of these patches to the training data in order to richen the
diversity in the training data set.

As for the negative training data, random patches were
included that were selected from different backgrounds.
In addition, bootstrapped hard negatives that were detected
as false positives during the validation process were added.
In total, 781 positive samples and 2473 negative samples were
used in the training process. Sample positive and negative
patches are shown in Fig. 6.

B. Testing Data Set

1) Vaihingen Data Set: DGPF specified three testing areas
for the evaluation of the developed algorithms that contained
128 nonoccluded cars. They contain typical urban backgrounds
with different building styles, roads, and vegetation. Descrip-
tion of the three areas is as follows. Area 1 contains dense
development consisting of historic buildings having complex
shapes and it also has some trees, area 2 has a few high-rising

Fig. 6. Samples of the patches that were extracted from the Vaihingen data
set and used for training. (a) Positive training samples of car-class targets of
different orientations and colors. (b) Negative training samples of non-car-
class targets. Shown images were scaled for viewing.

residential buildings that are surrounded by trees, and area 3
is a pure residential area with small detached houses. Samples
for the three different testing areas are shown in Fig. 7.

2) Overhead Imagery Research Data Set: The OIRDS data
set [34] has more than 900 annotated images that contain
approximately 1075 nonoccluded cars. The data set is a part
of the freely available aerial imagery captured by the United
States Geological Survey. Images were captured at a GSD
of 15 cm under a variety of operating characteristics. Images
were upsampled by a factor of 1.875 so that the final GSD
is ~8 cm. This means that the data set has a lower resolution
compared with the training data set described in Section IV-A.
Examples of the test images are given in Fig. 8. In this paper,
no examples of the OIRDS data set were included in the
training data set in order to test the ability of the proposed
framework to generalize.

V. EXPERIMENTAL RESULTS

The performance of the proposed framework was evaluated
on the testing areas of the Vaihingen data set as well as on
the OIRDS data set. No manual annotation of any testing
data was carried out except to evaluate the algorithm (labeling
ground truth in the testing data set only). The performance was
assessed and evaluated using qualitative analysis and a number
of quantitative measures, namely, the precision and recall rates,
the average precision, and the interpolated average precision.

A. Qualitative Analysis

Visual results of the experiments of applying the proposed
framework on sample regions of the test areas of the Vaihingen
data set are shown in Fig. 7, whereas results of sample images
of the OIRDS data sets are shown in Fig. 8. These two
figures show that our framework is able to robustly detect
cars in various environments.

In the center left image of Fig. 7, it can be seen that
the proposed method is able to correctly classify detection
windows that have poor contrast (fourth car from top), thanks
to the local normalization of the gradient-descriptor responses
of cells, discussed in Section III-B.1. This is a case that is
even hard for the human eye. Nevertheless, in few situations,
wherein the detection windows contain very dark cars that
are covered by very strong building shadows and the contrast
is too low, the proposed method fails to correctly classify
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Fig. 7.

Sample regions of the test area of the Vaihingen data set after applying the proposed framework. First row: sample regions from test area 1.

Second row: sample regions from test area 2. Third row: sample regions from test area 3. Bounding boxes represent detections. Shown images were scaled

for viewing.

them as true positives. For example, in the top-left image of
Fig. 7, the black car parked next to the building was missed,
because the strength of gradients in such detection windows
is too low even after normalization and the color distribution
is concentrated around the histogram bins that correspond to
dark gray levels.

In the top-center and bottom-center images of Fig. 7, two
cars were not detected as they have a very small size compared
with other standard cars. However, this problem can be solved
by extending the proposed method to multiscale analysis
which is among our future goals.

From Fig. 8, it can be clearly deduced that the proposed
framework has very good generalization as it achieves high
true-positive rate while maintaining a low false-positive rate
when it is applied to images with different acquisition condi-
tions and a lower resolution than those of the data on which the
SVM classifier was trained. More specifically, in challenging
cases, where cars are partially overimposed by shadows, e.g.,
the first image of the first row in Fig. 8, our framework is
able to detect cars despite the fact that the shadow alters
the distribution of edges and colors. Moreover, in the case
of complex backgrounds, for example, the third image of the
first row in Fig. 8, the proposed algorithm does not produce
a high rate of false positives.

B. Quantitative Analysis

Quantitative evaluation methods for target detection systems
depend on the adopted approach [35]. As a window-based
approach was adopted alongside a classifier that outputs a
confidence score (distance from the separating hyperplane),
metrics that depend on ranked outputs according to the
confidence score in a descending order should be used. In this

paper, to evaluate the performance and compare it with the
state of the art that constitutes the baseline performance,
the interpolated average precision APjper Was used.

In the adopted evaluation methodology, a detected bounding
box Bp was considered true if it matched a corresponding
ground-truth bounding box Bgr using (16) and there were no
other bounding boxes matching the same ground truth [36].
In the case of having more than one bounding box matching
the same ground truth, only one of them was considered
a true detection and others were considered false positives.
Ambiguous objects, i.e., objects, which are partially occluded,
were not taken into account, when measuring the performance
of the proposed framework following the works in [13]-[17]
that also discarded occluded cars:

Area(Bp N BgT) ~ 05
Area(Bp U Bgr) —

After defining the condition for considering true positives,
precision PR, and recall RC can be computed at several levels
according to the rank of the confidence score associated with
a detection window using (17) and (18). The term “recall”
is used here to indicate the proportion of the truly detected
cars to the total number of ground-truth cars, whereas the
term “precision” indicates the proportion of truly detected cars
to the total number of detections above a given confidence
score [36]

(16)

#brp
PR= ——— 17
#btp + #bpp an
#b
RC = TP (18)
#bgr

where brp represents the true positives, bpp represents the
false positives, and bgt represents the ground truth.
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Fig. 8. Sample regions of the test images of the OIRDS data set after applying the proposed framework. Bounding boxes represent detections. Shown images

were scaled for viewing.

TABLE I

PERFORMANCE OF THE PROPOSED FRAMEWORK WITH DIFFERENT
WINDOW EVALUATION SETTINGS ON THE VAIHINGEN DATA
SET REPRESENTED BY THE AVERAGE PRECISION AP
AND THE INTERPOLATED AVERAGE

PRECISION APjpter
Window Evaluation AP AP;nter
Des. + SVM 78.65% | 64.88%
Histogram Difference + Des. + SVM | 85.02% 63.78%
Texture + Des. + SVM 82.14% 68.01%
Maximum Eigenvalue + Des. + SVM | 80.82% 66.79%
Proposed Wind. Eval. + Des. + SVM | 92.79% | 68.03%

The average precision AP and its interpolated version
APiner can be computed using the following:

1
AP = —— E
#brp
kef1,2,....#btp}

PR(brp(k)) (19)

APjper =

1 3
— PRinerp (k) | PRineerp(k) = max [PR(7)]
1 r:rzr
ke{0,0.1,...,1}

(20)

where btp represents true positives at a given confidence score
and PR represents the associated precision. It is worth to
mention that the APjner penalizes methods that are not able
to retrieve 100% of the ground-truth data [36], unlike the AP
that does not take this into account. Accordingly, the APjpeer
is more commonly used in quantitative analysis.

1) Performance of the Proposed Framework: The proposed
framework uses the eigenvalues of the covariance matrix of
the local gradient descriptor to estimate the orientation of
cars as previously discussed in Section III-A. The achieved
accuracy of estimating the orientation of cars in the test data
set is 98.34%.

Regarding the contribution of each step in the window-
evaluation stage, the performance of the detection system
was assessed with adding only one of the proposed window
filtering steps. Fig. 9 and Table I demonstrate the obtained

0.9
0.8
0.7
. 06
Ee]
205
o
o
04
03+ Proposed Win. Eval. + Des. + SVM
mm—— Histogram Diff. + Des. + SVM
02+ Texture + Des. + SVM
= = = - Maximum Eigenvalue + Des. + SVM
01 Ff Des. + SVM

0 ! ! ! ! ! ! ! ! ! |

0 01 02 03 04 05 06 07 08 09 1
Recall

Fig. 9. Performance of the proposed framework on the Vaihingen data set
represented by precision rates at different recall rates with different window
evaluation settings and the proposed ensemble of descriptors alongside a linear
SVM classifier.

results under five different scenarios: 1) the ensemble of
descriptors was only used in conjunction with the SVM
classifier; 2) window evaluation based on the difference in
gray histograms and the ensemble of descriptors were used
in conjunction with the SVM classifier; 3) window evaluation
based on the level of texture and the ensemble of descriptors
were used in conjunction with the SVM classifier; 4) window
evaluation based on the value of the maximum eigenvalue and
the ensemble of descriptors were used in conjunction with the
SVM classifier; and 5) the overall proposed framework includ-
ing the three steps of window evaluation and the ensemble of
descriptors. Furthermore, Table II shows the effect of changing
the recommended value of one of the three thresholds used in
the window-evaluation stage while keeping the other two in
their recommended values.

To evaluate the effect of each proposed image descrip-
tor, the performance of the detection system was assessed
using different combinations of descriptors. Fig. 10 and
Table III demonstrate the obtained results under seven different
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TABLE I

PERFORMANCE OF THE PROPOSED FRAMEWORK WITH DIFFERENT VALUES FOR THE THRESHOLDS USED IN THE WINDOW-EVALUATION STAGE ON THE
VATHINGEN DATA SET REPRESENTED BY THE AVERAGE PRECISION AP AND THE INTERPOLATED AVERAGE PRECISION APjxer

2% Histogram Difference Texture Maximum Eigenvalue
AP A—Pinte.'r' AP APinteT' AP APinter
-8.0% 90.46% 67.26% 91.59% 67.24% 92.40% 67.67%
-4.0% 91.82% 67.66% 92.92% 67.33% 92.86 % 68.18 %
0.0% 92.79% 68.03% 92.79 % 68.03 % 92.79% 68.03%
+4.0% | 94.39% 68.37 % 91.78% 67.19% 92.19% 67.32%
+8.0% | 93.86% 68.09% 91.19% 67.02% 92.32% 67.50%

HEK a significant effect in reducing the rate of false positives.
0.9 Hf More specifically, evaluating detection windows based on the
08 LIk variation of color distribution across the detection window

' results in a higher precision. Nevertheless, it has a slight effect
07T on the recall rate as it can be observed from the decrease in

_ 06 the interpolated average precision APjper.
;§ o5kt i Changing the recommended values of the thresholds used
g ) in the window-evaluation stage by +4% results in changing
045 | All Des. the average precision AP and the interpolated average pre-
03h ;'I:,"Ih: """"""" ot v Text Des cision APjyer by less than 1% indicating the robustness
ozl ’ o R B e g?l{dDisfext Do of the proposed window-evaluation stage to small variations
Text.Des. in the acquisition conditions, e.g., changes in illumination.
017 = = = Grad. Des. The recommended thresholds do not result in the highest
‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ average precision and interpolated average precision, as it can

o

0 01 02 03 04 05 06 07 08 09 1
Recall

Fig. 10.  Performance of the proposed framework on the Vaihingen data
set represented by precision rates at different recall rates with the proposed
three-step window-evaluation stage and different combinations of descriptors
alongside a linear SVM classifier.

TABLE III

PERFORMANCE OF THE PROPOSED FRAMEWORK WITH THE
WINDOW-EVALUATION STAGE AND DIFFERENT COMBINATIONS
OF DESCRIPTORS ALONGSIDE THE SVM CLASSIFIER ON THE
VAIHINGEN DATA SET REPRESENTED BY THE AVERAGE
PRECISION AP AND THE INTERPOLATED AVERAGE
PRECISION APipter

Descriptors AP AP;pter

Wind. Eval. + Grad. Des. + SVM 30.61% 17.41%
Wind. Eval. + Text. Des. + SVM 56.31% 28.39%
Wind. Eval. + Col. Des. + SVM 84.71% 63.65%
Wind. Eval. + Grad. & Text. Des. + SVM | 50.45% 29.44%
Wind. Eval. + Grad. & Col. Des. + SVM | 84.15% 63.32%
Wind. Eval. + Col. & Text. Des. + SVM 88.54% 65.35%
Proposed Framework 92.79% 68.03%

scenarios: 1) gradient descriptors were used alongside the
window-evaluation stage and the SVM classifier; 2) texture
descriptors were used alongside the window-evaluation stage
and the SVM classifier; 3) color descriptors were used along-
side the window-evaluation stage and the SVM classifier;
4) gradient and color descriptors were used alongside the win-
dow evaluation stage and the SVM classifier; 5) gradient and
texture descriptors were used alongside the window evaluation
stage and the SVM classifier; 6) color and texture descriptors
were used alongside the window evaluation stage and the SVM
classifier; and 7) the overall proposed car detection system.
The proposed framework is able to achieve an overall
precision rate of 70.07% at a recall rate of 75%. It can
be inferred that the three-step window filtering process has

be inferred from Table II. Nonetheless, these thresholds were
set using cross validation on the training data set to prevent
overfitting as previously mentioned. It is also worth to note
that it is important to have high values for both the average
precision AP and the interpolated average precision APjner as
this ensures having high precision and recall rates at the same
time.

Combining the three window-evaluation steps with the
proposed descriptors results in a high average precision AP
and interpolated average precision APjner. Furthermore, it can
be noticed from the performance comparison among different
descriptors that the proposed color descriptor has the most
significant contribution as compared with the gradient and
texture descriptors.

2) Comparison With the State of the Art: In order to further
validate the effectiveness of the proposed framework and its
superiority to the state of the art, it was tested on the OIRDS
data set. Its performance was compared with the state of
the art using the well-known interpolated average precision
APinter [36] as it takes into account the amount of ground-
truth retrieval. The OIRDS data set has a wide range of image
scenarios and it was used in several previous works. Table IV
shows the achieved 11-point interpolated average precision
by the proposed and baseline frameworks [15]-[17], [19].
A different number of test images of the OIRDS data set
were chosen by each baseline framework. To overcome this
problem, the evaluation of the proposed framework was carried
out on the whole data set and on the subset that was used by
Chen et al. [19]. We were not able to test the algorithm of [19]
on the whole data set due to the unavailability of the source
code. Clearly, the proposed algorithm outperforms the state
of the art by achieving higher APjper on the OIRDS data set
using only a linear classifier and one model as opposed to the
nonlinear classifiers or the two models used in [15] and [17],
despite the fact that this metric penalizes methods that retrieves
only a subset of the ground truth [36]. It is worth to
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TABLE IV

PERFORMANCE OF THE PROPOSED FRAMEWORK AND BASELINE FRAMEWORKS ON THE OIRDS DATA SET
REPRESENTED BY THE INTERPOLATED AVERAGE PRECISION (APjpter)

Framework Features Classifier Testing Criteria AP;pter
Razakarivony and Jurie [15] Gradients Autoencoders and PCA manifolds 10 Folds (= 900 images) 48.9%
ElMikaty and Stathaki [16] Gradients, Spectrum, Colours Linear SVM One Fold (=~ 900 images) 53.45%

Madhogaria et al. [17] Gradients Linear SVM and MRF One Fold (/ 500 images) 54.45%

Chen et al. [19] Gradients Sparse Coding Based Dictionary One Fold (/ 370 images) 62.15%
Proposed Framework Gradients, Colours, Texture Linear SVM One Fold (/ 370 images) 64.49%
Proposed Framework Gradients, Colours, Texture Linear SVM One Fold (/ 900 images) 57.34%

TABLE V

RUNNING-TIME ANALYSIS OF THE PROPOSED FRAMEWORK. THE
REQUIRED COMPUTATIONAL TIME IS GIVEN BY A PERCENTAGE
OF THE TOTAL TIME REQUIRED TO PROCESS A GIVEN IMAGE

o N ~ Wind. Eval.
Stage Grad. Des. | Col. Des. Text. Des. & Other
Processing | 5 09% | ~11.35% | ~69.99% | =~ 13.57%
Time (%)

mention that the framework of [15] used a multiple-fold
training/testing strategy, whereas the OIRDS data set was com-
pletely unseen to other baseline frameworks and the proposed
framework. It is also worth to mention that the framework
of [17] suffers from high-confidence score false positives. This
makes it unreliable in some applications, such as in military
fields.

C. Running-Time Analysis

The proposed framework has been implemented in a
MATLAB environment and all of our experiments were run
on an Intel-Core-i5 CPU with a speed of 2.5 GHz and a RAM
of 6-GB size. Whilst the machine that was used has multiple
processing cores, the current implementation uses only a single
core. It is faster than the work of [16] by &5.5 times and is able
to process ~421 detection windows per second (*0.03 MB/s).
This indicates that the current implementation has a near-real-
time performance and is faster than the recent work of [19]
that is able to process only ~0.01 MB/s.

Table V shows the percentage of the processing-time con-
sumed by each proposed descriptor. It can be inferred that
the proposed color descriptor is very efficient in terms of
its high discrimination power, as it was shown in Fig. 10
and Table III, and its relatively lower computational cost.
The window-evaluation stage saves the required computational
time by approximately 85.09% as it discards a huge number
of candidate windows at an early stage.

VI. CONCLUSION

This paper presented a novel framework for the detection
and localization of cars in high-resolution airborne imagery
using an ensemble of image descriptors that depict the
distribution of the gradients, colors, and texture of cars.
The advantages of the proposed framework were investi-
gated thoroughly and demonstrated clearly in its ability to
achieve a higher precision compared with the state of the
art. Several points can be learnt from the implementation
and results of the proposed framework. First, eigenvalues of
the covariance matrices of locally accumulated gradients can

work effectively to identify the dominant orientation of a
given detection window. Second, local normalization of the
extracted feature vectors is essential for illumination invari-
ance. Third, rotation-invariance properties can be achieved
using the proposed adaptive cell distributions without altering
the relative distribution of pixels. Fourth, the proposed color
descriptor is a powerful single-cue descriptor. However, com-
bining it with other descriptors results in better performance.
Fifth, distinctive features of the foreground and background
objects must be taken into account, when descriptors are
chosen.

Furthermore, the proposed framework has the capacity to
generalize as corroborated by testing on completely unseen
data. The detection method used here can be further extended
by adopting a multiscale analysis approach, e.g., the one
adopted by Dalal and Triggs [11]. It has also been demon-
strated that the use of an ensemble of image descrip-
tors that efficiently show the visual characteristics of a
particular object can lead to improved performance using
low-dimensional feature vectors alongside a simple linear
classifier.
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