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Abstract—Modern cooperative Advanced Driver Assistance
Systems (ADASs) require efficient algorithms and methods for
the real-time processing of all sensor data. In particular, systems
for combination of different sensors are gaining increasing impor-
tance. This paper proposes an early fusion technique to combine
the advantages of two or more vision sensors. It creates a single
composite image that will be more comprehensive for further
computer vision tasks, e.g. Object Detection. After image registra-
tion, the presented pixel-based fusion framework transforms the
registered sensor images into a common representational format
by a multiscale decomposition. A denoising and a multiscale edge
detection are applied on the transformed data. Only data with
a high Activity Level are considered for the fusion process that
based on a probabilistic approach. Finally, the fused image can be
the input for a subsequent feature extraction task. The proposed
fusion technique is examined on a Pedestrian Detection System
based on an infrared and a visible light camera.

I. INTRODUCTION

Object detection and classification is an important field of
research for commercial or governmental organizations. In the
automotive field, the automatic identification of pedestrians
or wild animals can improve safety for regular vehicles.
Unfortunately, the detection of pedestrian is a challenging
task. The movement of the sensors, uncontrolled outdoor
environments, and variations in pedestrian appearance and
pose have to be taken into account. For example, a video
camera is a natural choice for a pedestrian detection because
it is based on how people perceive humans. Infrared cameras
came into the pedestrian detection thanks to the decreasing
cost of infrared technology. In many scenarios infrared sensors
are more suited for detecting pedestrians, especially when the
background is colder than the human beings or in night or low-
illumination conditions. On the other hand, thermal cameras
fail the detection of pedestrians in hot or sunny weather,
namely, when pedestrians are not warmer than the background.

Therefore, a single sensor cannot provide a complete view
of the environment in all illumination and weather conditions.
Just as humans who use multiple senses simultaneously,
computer-processing tasks use the process of combining sub-
stantial information from several sensors to provide a more
accurate description from observed scenes. Data fusion is
defined as the process of combining information from several
sensors in order to provide a complete view of the environment
in many applications. As proposed by Blum et al. [1], data
fusion can be realized on different levels (see Figure 1):
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Fig. 1. Different levels of data fusion

Signal- or Pixel-level fusion generates a fused image in which
each pixel is determined from a set of pixels from each
source image. Feature-level fusion employs the extraction of
features from each data source before, for jointly applying
these features on certain purposes. Symbol- or Decision-level
fusion allows the aggregation of information from multiple
sensors based on decision rules.

In recent years, sensor fusion approaches have already been
employed to improve the performance of object detection
and recognition, especially in the field of automated target
recognition, medical technology and remote sensing. For the
object detection in the automotive domain, almost all systems
to combine sensor data base on a data fusion on feature-
or decision-level. For example, radar and near-infrared data
are combined on a feature level to recognize pedestrians at
night [2]. The fusion approach of Bertozzi et al. [3] bases
on the simultaneous use of two infrared and visible light
camera stereo pairs. SAVE-U [4], an EU sponsored initiative
for pedestrian safety, combines a video and an infrared camera
with a radar sensor phalanx. In that approach, the extracted
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Fig. 2. The proposed overall fusion scheme to combine imagery sensors on pixel level to improve shape-besed object detection

features from the video and the infrared camera are fused
on feature level at first. Then, the hypotheses positions are
corrected and verified by the radar data.

Due to the expected high computational effort, an early
fusion on signal- or pixel-level is often avoided so far in driver
assistance systems. However, the advantage of a fusion on the
signal level is no loss of information which is always part of a
feature extraction. That means, the process of combining infor-
mation from two or more sensed images results into a single
composite image that enables features to be distinguished that
are impossible to perceive with any individual sensor. This fact
facilitates the extraction of significant features for a subsequent
object detection and classification task.

This paper is structured as follows: In section II, the
proposed pixel-based fusion scheme is described in detail.
A multi-sensor pedestrian detection system which exploits
the fused data is presented in chapter III. In section IV, we
discuss our experiments and results. Finally, the conclusion is
presented in section V.

II. THE PIXEL-BASED FUSION SCHEME

The objective of the proposed fusion algorithm is to reduce
uncertainty and to maximize relevant information pertaining to
a shape-based object detection application. First, usage of mul-
tiple sensors provides redundancy which can reduce overall
uncertainty and thus serve to increase accuracy. On the other
hand, if images from the same scene are acquired by different
sensors, then complementary information is provided when
each sensor is only able to present information concerning
a subset of the feature space. For example, a fusion of a
visible light and infrared camera expands the electromagnetic
spectrum which can be perceived.

A. The Common Representational Format

Images from different sensors can have various sizes, resolu-
tions, dynamic ranges and fields of view. Therefore, to fuse

two or more imagery sensors on pixel level, the images have to
be transformed into a Common representational format [5] so
they ”speak a common language”. For the spatial alignment, an
image registration step is performed on the raw input images
at first which is briefly described in chapter II-B. To get the
common representational format, we transform the registered
sensor images into a multiscale representation by the Dyadic
Wavelet Transform. The multiscale theory is concerned with
the representation of images at more than one resolution.
One advantage of this technique is the robustness against
misinterpretations due to noisy data. Furthermore, only edges
which can be detected in all scales are real edges and will
be taken into the fused image. Afterwards, the transformed
images are fused together based on a probabilistic fusion
rule. The result of the fusion block is a fused edge map
which is the input of the subsequent feature extraction module.
The proposed overall fusion scheme is shown in Fig. 2 and
described in the following sections.

B. Image Registration

An important pre-processing step is the precise spatial align-
ment of all sensor images, so that the corresponding pixels in
the images represent the same location in real world. Usually
this task is referred to as Image Registration.

Geometric transformations based on feature correspon-
dences are often used to perform image registration. They
compensate distortions that occur when images are taken from
different viewpoints. Therefore, we use Image Rectification to
transform the camera geometries into a common stereo system
with parallel optical axes. Thereby, a perspective transforma-
tion projects the planes of the observed scene onto images
which are tilt-free and match the desired scale. Consequently,
the disparities between the images disappear in the horizontal
direction at least. To minimize the disparities in the vertical
direction, the cameras were mounted as close as possible (see
Fig. 3 (a)).
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Fig. 3. (a) Vertical mounting of two cameras on the test vehicle, (b) Degrees
of freedom for the estimation of the rectification terms

To compute the rectification terms, we have integrated the
approach of Fusiello [6], in which rectification is achieved
by a suitable rotation of the image planes. The fundamental
matrix Fr of our rectified system (the cameras are mounted
one upon the other) must have the specific form

Fr =

 0 0 1
0 0 0
−1 0 0

 . (1)

With H1 and H2 as the unknown rectifying transforms and
{x1,x2}j as the point correspondences between the origin
images, we get according to the epipolar constraint

(H1x1)
T

Fr (H2x2) = 0. (2)

The point correspondences are obtained from the common
calibration procedure of both cameras.

However, the algebraic error on the left side in (2) which
has to be minimized, is neither geometrically nor statistically
meaningful. Therefore, according to Fusiellos approach, we
used the Sampson Error as the first-order approximation of
the geometrical re-projection error:∑

j
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y

, (3)

where
F = HT

1 FrH2 (4)

denotes the fundamental matrix between the original images.
The minimization of the geometric cost function in (3) is
done by using an iterative technique based on a non-linear
minimization algorithm, e.g. Levenberg-Marquardt-Algorithm.
The parameterization of each rectification terms is based on

H = KT
r RKo, (5)

where the original intrinsic parameters Ko of both cameras can
be obtained by camera calibration or they can be estimated:
principal point in the centre of the image, no skew and aspect
ratio is equal to one. The focal length is unknown and is part
of the parameterization vector. The new intrinsic parameters
Kr of the rectified images can be set arbitrarily, whereas
horizontal focal length and the x component of the principal
point are identically. For the rotation matrices R, the angles
about the axes used as unknown parameters except rotation
about y-axes of one camera. Finally, the rectifying transforms
are parameterized by seven unknowns: two focal lengths and
five angles (see Fig. 3 (b)).

C. Multiscale Decomposition

To preserve the contours of objects or pedestrians, the sensor
images are transformed into the frequency domain since edges
resemble locations of high frequency and appear more clearly
than in the spatial domain. Hence, we apply a wavelet-based
approach from a multi-resolution point of view. The multiscale
theory is concerned with the representation of images at more
than one resolution.

The rectified input images are decomposed into the fre-
quency bands of different scales by a wavelet transform Ψ.
The decomposed images in the wavelet domain will have the
same size as the input image. These wavelet representations
are over-complete. In contrast to the fusion method presented
in [7], an inverse transformation of the fused representation is
not necessary because the transformed domain is basis for the
feature extraction.

There are numerous types of wavelet transforms used for
the multiresolution decomposition [8]. To avoid many com-
putational cycles, a dyadic approach is used. In the Dyadic
Wavelet Transform only scales that are powers of two are used.
Most of the applications today use an optimized method where
the image is downsized at each level to suppress redundant
information. But that downsampling process yields to a shift
variant signal representation which is not suitable for edge
detection applications. Therefore, we use the straight dyadic
wavelet transform without this optimization.

To get the singularities of an image, the corresponding
wavelet should be the first derivative of the signal measured
on different resolutions of the input image. In [8], Mallat notes
that this is the case when the wavelet ψ is the derivative of a
smoothing operator Θ. In case of an image as a 2D-signal, the
wavelets are the partial derivatives of the smoothing function:

ψx =
∂Θ

∂x
, ψx =

∂Θ

∂y
. (6)

In two directions, the dyadic wavelet transform of the image
signal f(x, y) at position u = (u, v)T and scale s is
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Derived from (7) and (8), the wavelet transforms dψx(u, v)
and dψy (u, v) of an image signal f can be interpreted as the
derivative of a smoothed version of f convolved with Θ on
the scale j of the dyadic sequence {2j}:

dψx

j (u, v) = 2j
∂

∂u
(f ∗Θj) (u, v), (9)

d
ψy

j (u, v) = 2j
∂

∂v
(f ∗Θj) (u, v). (10)

That means, for the first scale j = 1, the image f is
smoothed by convolving with the smoothing function Θ.
At the next scale, the smoothing function is stretched by
inserting zeroes (↑ 2) between each sample of the convolution
kernel (Algorithme á trous), and the image is convolved with
it again. The process is repeated for a defined number of
scales (see Fig. 4). At each scale, the wavelet coefficients are
obtained by convolution with the wavelet filter kernel. Both,
the wavelet and smoothing filtering is done using separate 1D-
filter vertically and horizontally. An example of the smoothing
operator is the Gaussian function. The corresponding wavelet
must be the first derivative of it. With regard to use filter
banks for a fast decomposition of the image, it is not possible
to use wavelets with arbitrarily function curve. Therefore, for
the purpose of edge detection, a Cubic B-Spline as smoothing
function and a Quadic B-Spline as wavelet are often used
in practice which approximate the Gaussian function and its
derivative very well. The corresponding non-normalized filter
coefficients for the smoothing filter are r(k) = [1 4 6 4 1] and
for the wavelet h(k) = [1 − 3 3 − 1].

D. Denoisung and Multiscale Edge Detection

In the wavelet domain, the most essential information is
compressed into relatively few, large coefficients, which co-
incide with the areas of major spatial activity (edges, corners,
peaks...) in the image. On the other hand, noise is spread
over all coefficients and at typical noise levels, the important
coefficients can be well recognized. The wavelet transform
maps the white noise from the input image into white noise
in the wavelet domain.

Wavelet thresholding is a popular approach for denoising
due to its simplicity. In its most basic form, this technique
operates in the orthogonal wavelet domain, where each coef-
ficient is thresholded by comparing against a threshold. If the
coefficient is smaller than the threshold, it is set to zero, other-
wise it is kept or modified. We utilized the Soft Thresholding
approach whereby the magnitude of the coefficients d above
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Fig. 4. Multiscale Decomposition by Dyadic Wavelet Transform

threshold T are reduced by an amount equal to the value of
the threshold

ηs(d) =

{
sign(d)(|d| − T ) if |d| ≥ T ,
0 else.

(11)

The optimum choice of the threshold was theoretically inves-
tigated by Donoho and Johnstone [9]. They proposed for the
threshold

T = σn
√

2 ln(N), (12)

where σn is the estimate of the standard deviation of additive
white noise and N is the total number of the wavelet coeffi-
cients in a given wavelet representation. A robust estimate of
σn is obtained with a median measurement which is highly
insensitive to isolated outliers of potentially high amplitudes.
In [9], it was proposed

σn = Median
(
|dD|

)
/0.6745, (13)

where dD represent the wavelet coefficient on the finest
subband with diagonal orientation which contains mainly
noise. We calculated the averaged standard deviation for every
camera based on our image database (see III) according to
Eq. (13).

The multiscale approach allows extracting a lot of infor-
mation about the edges. The singularities can be categorized
into three basic geometric structures [10]: step-structure, roof-
structure and spike-structure. That means every kind of edge
has its typical progression across the scales. The wavelet
transform of a step edge at position x0 is a nonzero constant
which is independent from the scale and has the equal sign on
both sides of the neighbourhood of x0. On the other hand, the
wavelet transform of a spike edge has two local maxima on
both sides of the neighbourhood of x0 with opposite signs [11].
In sum, step-structure edges produce large coefficients across
many scales, i.e. they show persistence across scales, while
spike edges or noise dies out swiftly as the scale increases. In



real images, step-structure edges represent contours of objects
and spike-edges often caused by noise and texture.

Therefore, we follow Rosenfeld who demonstrated in [12]
that a direct multiplication of the subband decompositions of
an image yields an efficient localization of important step-
edges. Hence, we compute the Interscale product p based on
the weighted vertical subbands by

px(u, v) =

J∏
j=1

dx2j (u, v)2−(j−1). (14)

For the reasons outlined above, we introduced an Activity level
a which is used as a degree how each wavelet coefficient
is important for the fusion process. To take into account
coefficients that correspond with step structure edges only, the
activity level is calculated as

ax(u, v) =

{
1 if px(u, v) ≥ k · |dx1 |J ,
0 else.

. (15)

k operates as an adjustment variable with a value range around
1. Based on (15), the vertical Edge map for every sensor image
can be computed

ex(u, v) =

{
dx1(u, v) if ax(u, v) > 0,

0 else,
(16)

The interscale product py(u, v), the Activity Level ay(u, v)
and the edge map ey(u, v) of the horizontal subband were
calculated in the same way.

To avoid a nontrivial fusion of the orientation images, the
horizontal and vertical edge maps are fused separately first and
produce the vertical and horizontal fused edge maps. Based on
that, the modulus and the orientation image are calculated.

E. Probabilistic Fusion

We present a probabilistic method for the fusion of the
produced edge maps. The approach is based on an Image
Formation Model proposed by Sharma et al. [13] in which the
sensor images are noisy and locally affine transformation of an
underlying true scene. In contrast to Sharma’s approach, we
have adapted the model for the wavelet domain. A Bayesian
framework provides a Maximum a-posteriori (MAP) estimate
of the wavelet transform of the true scene.

Our formation model in the wavelet domain is defined as
follows

x = β y + n, (17)

where x = (x1, x2, . . . , xK)T denotes the vector of the
measured wavelet representations (edge maps) of the K sensor
images. β = (β1, β2, . . . , βK)T are the vector of the respective
formation operators or sensor gains. They reflect the spatial
blurring of the observations x and capture the effects of
local polarity reversals. n = (n1, n2, . . . , nK)T represents the
transformed sensor noise. y denotes the wavelet representation
of the true scene. Since n is independent of x and y, the MAP
estimation is defined by

ŷ = arg max
y

p(y|x) = arg max
y

p(y|x1, x2, . . . , xK). (18)

Applying Bayes rule, one obtains

ŷ = arg max
y
{p(x|y) · p(y)} . (19)

p(x|y) denotes the conditional probability of the image for-
mation model (17). The respective multivariate PDF is

p(x|y) =
1√

(2π)K |Σn|
exp

{
−1

2
(x− βy)TΣ−1

n (x− βy)

}
.

(20)
The probability p(y) represents the a-priori knowledge about
the wavelet transform of the true scene. For simplicity, a
Gaussian distribution with the mean y0 and the variance σ2

y is
assumed. The PDF is

p(y) =
1√

2πσy
exp

{
−1

2

(
y − y0

σy

)2
}
. (21)

To maximize the expression in (19), we can minimize the sum
of the exponential terms in (20) and (21). Thus, the MAP
estimator can be expressed as

ŷ = arg min
y
C(y), (22)

where C(y) is the cost function given by

C(y) =
1

2
(x− βy)TΣ−1

n (x− βy) +
1

2
(y − y0)2σ−2

y . (23)

Solving (22) leads to the following expression

ŷ = y0 + σ2
yβ

T
(
βσ2

yβ
T + Σn

)−1

(x− βy0) . (24)

Assumed that the sensor noise can be ignored Σn = 0 and the
mean of the wavelet distribution is zero y0 = 0, the expression
would reduce to

ŷ = βTx. (25)

It is obvious, the fused wavelet representation is a linear com-
bination of the wavelet representations of the sensor images.
In case of two sensors, the final edge maps are calculated as
follows

exf (u, v) = βx1 (u, v)ex1(u, v) + βx2 (u, v)ex2(u, v), (26)

eyf (u, v) = βy1 (u, v)ey1(u, v) + βy2 (u, v)ey2(u, v). (27)

Therefore, we need to calculate the formation operator β
which is done by a least square estimate. The task is to find
the β that minimizes the difference between model covariance
Cx and sample covariance Σx

E = min
β
||Cx −Σx||2. (28)

The model covariance is

Cx = Cov(βy + n) = σ2
yββ

T + Σn. (29)

The sample covariance is computed for each position u =
(u, v)T in the edge maps as

Σx =
1

N

∑
∆u∈W

(x∆u − µx)(x∆u − µx)T . (30)
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µx denotes the mean value of a local analysis windowW with
the centre u. Usually, W can be set as 3× 3 or 5× 5 window
of coefficients. The obtained least-square estimate of (28) is

Σx β = σ2
yβ

Tββ. (31)

It is obvious that β is an eigenvector of the sample covariance
Σx and σ2

yβ
Tβ the respective eigenvalue. Hence, the weights

for the fusion corresponds to the variation of the wavelet
coefficients of the sensor images. Finally, based on the fused
horizontal and vertical edge maps exf , e

y
f , the modulus M(u, v)

and angle A(u, v) of the fused edge map is computed

M(u, v) =

√∣∣∣exf (u, v)
∣∣∣2 +

∣∣∣eyf (u, v)
∣∣∣2. (32)

A(u, v) = arctan

(
eyf (u, v)

exf (u, v)

)
. (33)

Both, M(u, v) and A(u, v) are the basis for the calculation of
the histograms of oriented edges. The fusion in the wavelet
domain is shown in Fig. 5.

III. MULTI-SENSOR BASED PEDESTRIAN DETECTION

We have implemented an automotive based pedestrian de-
tection system that exploits the fused data of an infrared
and a video sensor. The fused image is created according
to the described fusion scheme in chapter II. Based on the
combination of both cameras, better classification results are
expected than the usage of an individual sensor or a fusion on
higher data abstraction level. Since both complementary and
redundant sensor data exist, the system will be more robust
against illumination changes and different weather conditions.

The pedestrian detection system contains a trained Classifier
cascade, which has been introduced by Viola and Jones in
[14]. This approach was chosen due to its very high detection

rate and rapid performance. It consists of a series of Adaboost
classifiers [15] that are internally composed of pruned decision
trees. Furthermore, our approaches use normalized Histograms
of Oriented Gradients [16] as input features. HoG features
are capable of describing the local shape and appearance of
target objects, e.g. humans. According to the fused wavelet
orientation image A, nine discrete directions were chosen
for each histogram. Dalal combined four histograms to one
block which induced 36 features per block. With 56 different
block positions and sizes, we obtain a feature vector of 2016
elements. Such a feature vector is calculated for each detection
window. The extracted feature vector is classified against the
trained cascade and positively identified as pedestrian, when
it passes all stages without being rejected. Since the cascade
has been optimized to reliably pass candidates of the trained
object class to the next stage but to reject negative samples
with a guess rate higher than fifty-fifty, a tremendous boost
in performance is gained, since the majority of the detection
window are usually non-pedestrians being rejected in early
stages of the cascade.

The classifier was trained using our pedestrian database
which consists of over 20,000 images of pedestrians (positive
examples) and non-pedestrians (negative examples) based on
the far-infrared as well as on the visible light camera. To
support the fusion method, we can take advantage of a direct
relation between both sensor databases. The database contains
both, samples of the visible light sensors and their correspond-
ing counterparts from the far-infrared sensor. However, our
data set is not public either, but it can be provided by the
authors for scientific research.

IV. EXPERIMENT AND RESULTS

The presented pixel-based fusion algorithms was examined on
a pedestrian detection system briefly described in chapter III.
For that purpose, we captured several image sequences under
different weather and illumination conditions. These sequences
contain typical scenes from city center with pedestrians, ve-
hicles, buildings etc. The captured images are subdivided into
training, validation and test set.

A. Evaluation Criteria

Several evaluation criteria for pixel-based fusion results are
described in literature. For example, simple criteria are the
calculation of the standard deviation based on the normalized
histogram of the fused image or the cross entropy between
the input images and the fused image. There are also more
sophisticated criteria, described in [17]. However, Blum et
al. emphasize that the application itself is the best evaluation
criterion. Thus, we use as well the Information gain of the
extracted HoG features as the Detection and False alarm rate
as the results of the pedestrian classification.

By a given Entropy E as a measure of the impurity in
a collection of training examples, we used Information gain
Q as degree of the effectiveness of a feature in classifying
data. It denotes the expected reduction in entropy caused by
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partitioning the examples according to this feature

Q = E − E′, (34)

where E is the entropy of the data set before and E′ after
partitioning. The entropy itself characterizes the (im)purity of
an arbitrary collection of examples and is computed by

E = −p+ log2 p+ − p− log2 p−. (35)

p+ and p− denote the probability of the positive class (Pedes-
trian) and negative class (Non-Pedestrian) respectively, which
can be estimated by the ratio between the number of negative
or positive examples and the total number of examples. Hence,
the information gain value of a feature corresponds with its
capability to distinguish the object classes.

Furthermore, we used the detection and false alarm rate for
evaluation. The detection rate specifies the ratio between the
number of detected pedestrians and the number of maximum
recognizable pedestrians. The false alarm rate gives the ratio
between the number of incorrect pedestrian forecasts and the
total number of examples which do not contain any pedestrian.

B. Experiment Description

For all positive and negative examples of our training set
(which is based on the captured sequences), the edge maps
were calculated according to the traditional method by Sobel
operator (Vi@Sob and Ir@Sob) and according to the multi-
scale approach (Vi@Msk and Ir@Msk) described in chapter II.
The multiscale-based edge maps are fused by three different

TABLE I
MOST DISCRIMINATIVE FEATURES WITH REGARD TO THEIR INFORMATION

GAIN FOR THE SINGLE CAMERA AND THE FUSION APPROACHES

Vi@Sob Ir@Sob Vi@Msk Ir@Msk Fu@Bay Fu@Sel Fu@Ave

0.318 0.338 0.329 0.511 0.419 0.415 0.380
0.300 0.331 0.313 0.485 0.406 0.394 0.369
0.298 0.316 0.305 0.482 0.399 0.394 0.365
0.293 0.315 0.305 0.477 0.398 0.391 0.361

TABLE II
RESULTS OF THE CROSS VALIDATION AFTER CLASSIFIER ADAPTATION.

LISTED ARE: (TP) NUMBER OF CORRECT DETECTED PEDESTRIANS, (TN)
NUMBER OF CORRECT DETECTED NON-PEDESTRIAN, (FP) NUMBER OF

FALSE ALARMS, (FN) MISSED PEDESTRIANS, (DR) DETECTION RATE AND
(FPR) FALSE ALARM RATE

Vi@Sob Ir@Sob Fu@Bay Fu@Sel Fu@Ave

TP 10990 11298 11759 11499 11508
TN 11056 11287 11601 11570 11459
FP 1168 937 623 654 765
FN 1234 926 465 725 716
DR 0.899 0.924 0.962 0.944 0.939
FPR 0.096 0.077 0.051 0.056 0.061

image fusion methods. (1) The fused edge map is calculated by
averaging (Fu@Ave), (2) the fused edge map is generated by
Select-Max method (Fu@Sel) (the coefficient with the higher
modulus is copied into the result map), and (3) the fused
edge map is generated by proposed probabilistic fusion scheme
described in this paper (Fu@Bay).

Based on the edge maps, the HoG features are extracted.
Then, the features are investigated and compared with regard
to their capability to separate the two classes (Pedestrian or
Non-Pedestrian) by computation of information gain (measur-
ing point MP1).

After, a classifier is trained for the single sensor approaches
and the different fusion methods. By counting the correct and
incorrect classification results, the detection and false alarm
rate are calculated. The training and evaluation are based on
cross-validation technique with 10 sub sets (measuring point
MP2). The experiment is illustrated in Fig. 6.

C. Experiment Results

Table I shows the most discriminative features with regard
to their information gain for the single cameras and the
fusion approaches. Obviously, the wavelet-based multiscale
technique generates features which can better distinguish the
object classes. This becomes particularly obvious for the
infrared camera because its images contain less structure in
the background and therefore, both classes can be better
distinguished (see Fig. 7). Opposite to that, the video camera
also captures complex structures in the background which
make a class separation more difficult. This applies also for
all fusion approaches. However, the wavelet-based method
can even improve classification performance on single sensor
systems due to noise reduction and multiscale edge detection.

Based on over each 20,000 training examples, classifiers
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Fig. 7. Distribution of negative (blue) and positive (red) training samples in relation to the specified HoG feature (a) computed from the FIR Sobel gradient
image (b) and from the multiscale edge map of the single FIR camera (c)
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Fig. 8. Classification results based on tenfold cross-validation

with identical parameterization were trained. By mean of cross
validation method, the results shown in table II were identified.
The probabilistic fusion scheme produces the best detection
rate. The classification results of the three different fusion
methods compared to the traditional single sensor approaches
are presented as ROC curves in Fig. 8.

In addition, we evaluated our fusion scheme with regard
to fusion methods on higher levels of data abstraction. The
experiment and results are detailed described in [18].

V. CONCLUSION

An algorithm of pixel-based data fusion based on wavelet
transform is proposed in this paper. The fused data were
processed by a pedestrian detection system to evaluate the
improvement of object classification performance. Actually,
the fused images yield the best overall detection rate. It
is obvious, regarding to the proposed fusion method, the
algorithm always picks up the best information for every
frame, i.e. the stronger edges are taken into the fused image.
Those results in clear and complete human shapes which can
be more precise distinguished from non-pedestrian objects and
can be easier to classify, consequently. In other words, the
fused image exploits the advantages of both sensor images.
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