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ABSTRACT

Military Operations in Urban Terrain (MOUT) require the capability to perceive and to analyse the situation around a
patrol in order to recognize potential threats. As in MOUT scenarios threats usually arise from humans one important
task is the robust detection of humans.

Detection of humans in MOUT by image processing systems can be very challenging, e.g., due to complex outdoor
scenes where humans have a weak contrast against the background or are partially occluded. Porikli et al. introduced
covariance descriptors and showed their usefulness for human detection in complex scenes. However, these descriptors
do not lie on a vector space and so well-known machine learning techniques need to be adapted to train covariance
descriptor classifiers. We present a novel approach based on manifold learning that simplifies the classification of
covariance descriptors.

In this paper, we apply this approach for detecting humans. We describe our human detection method and evaluate the
detector on benchmark data sets generated from real-world image sequences captured during MOUT exercises.

Keywords: covariance descriptor, human detection, Laplacian Eigenmaps, military operations in urban terrain, region
covariance, supervised manifold learning

1. INTRODUCTION

During Military Operations in Urban Terrain (MOUT) patrols may be exposed to attacks. A permanent monitoring of the
situation around the patrol’s vehicles is required in order to react appropriately to the given situation. An automatic
sensor system may enhance the situational awareness of the driver, and warn him of a potential threat. An essential
function of a visual threat warning system is to detect humans in images or in image sequences.

In the literature several approaches to the detection of humans are presented that can be divided into direct and indirect
methods. The indirect technique is often used for human detection in image sequences from non-moving cameras such as
in [1]. This class of approaches performs background estimation (or segmentation techniques) first, and then subtracts
the estimated background from the current image. Afterwards, the differences caused by moving objects are classified.
The indirect method can be also used for an image sequence captured by a moving camera. In this case preprocessing
methods such as image stabilization is necessary, which registers two consecutive images onto each other and extracts
the differences that then can be classified [2,3,4,5]. The second group (direct techniques) classifies humans in one image
using features such as skin color or shape descriptors (e.g. [6]). In [7] an excellent direct method for human detection is
presented. The approach trains a support vector machine (SVM) classifier using densely sampled histogram of oriented
gradients (HOG) which are motivated by Lowe’s popular SIFT approach [8]. In [9] another popular and efficient method
is described using a wavelet-based AdaBoost cascade. In driver assistance applications there are additional robust
methods such as the combined Shape-Texture-Based Pedestrian detection [10] or methods using implicit shape models
[11,12].

Since in MOUT scenarios it is also necessary to detect non-moving humans we focus on a direct technique using region
covariance. The idea of region covariance is to represent an image region by a covariance matrix of image features. This
so-called covariance descriptor was introduced by Porikli et al. [13]. The descriptor proposes a natural way of fusing
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multiple features which might be correlated, where diagonal entries of the covariance matrix represent the variance of
each feature and the off-diagonal entries represent the correlations between the features.

As pointed out in [13] there are several advantages of using covariance descriptors:
e Support of scale invariant features/properties

e Invariant to mean changes (e.g. invariant to identical shifting of color values)
e Insensitive to noise

o Efficient fusion of multiple features

e  Feature set may be easily extended or modified

The authors obtained excellent results in several tracking tasks by using covariance descriptors [14], and in [13] it was
shown that these descriptors are also efficient for object detections tasks. In [15] we evaluated the performance of the
Covariance-Tracker for tracking people in crowds and compared the results to other tracking methods. This evaluation
confirmed the suitability of using covariance descriptors. In [16] a human detection method using covariance descriptors
and the boosting algorithm LogitBoost is described and also it is shown that the covariance descriptors can outperform
HOG descriptors. Further evaluations of covariance descriptors which confirm this can be found in e.g. [17]. Recently
there is an increasing number of detection methods using covariance descriptors.

The convincing results in [16] encouraged us to concentrate on covariance descriptors for human detection. Using
covariance matrices as object descriptors need to use Non-Euclidean metrics for classification since covariance matrices
do not lie in a vector space. Thus, classical machine learning techniques need to be adapted to train covariance descriptor
classifiers. However, the set of positive definite symmetric matrices can be formulated as Riemannian manifold (see
Section 2) which then can be considered for classification.

The main contribution of this paper is a supervised manifold learning method for feature extraction which can couple
with simple classification techniques. Feature extraction may be considered as a special form of dimensionality
reduction. The primary goal of feature extraction is here to get a simple description of the data, which usually results in
better classification performance.

The most common and well-established algorithm for dimensionality reduction is the principal component analysis
(PCA) [18]. It finds a linear subspace that best represents a low-dimensional structure embedded in a high-dimensional
space R™. However, if the data structure is nonlinear, PCA will usually fail, for instance, PCA cannot discover a circle
embedded in R3. In order to overcome this problem, several nonlinear PCA algorithms have been proposed: gaussian
process latent variable models (GP-LVM) [19], polynomial PCA [20], kernel PCA (generalization of the polynomial
PCA) [21] as well as autoassociative methods such as five-layer autoassociative artifical neural network [22] to name
but a few.

A recent popular approach for nonlinear dimensionality reduction is manifold learning [23,24]. Manifold learning
algorithms are based on the assumption that data lies on a (possibly nonlinear) manifold embedded in some high-
dimensional space. The goal of these algorithms is to recover the low-dimensional representation of such unknown
nonlinear manifolds in such a way that the neighborhood structure of the manifold is retained.

In computer vision there are many cases where the manifold assumption is given. For instance, an image can be viewed
as a point in a high dimensional vector space whose dimensionality is given by the number of the image pixels. If the
changes between images of a sequence are small then the images lie on or close to a manifold — also called image
manifold. Here, manifold learning tries to find the underlying (latent) variables (camera’s point of view, direction of
light, etc.) of the image sequence given only the high-dimensional pixel data. The number of the variables corresponds to
the degree of freedom of the process illustrated by the sequence and to the intrinsic dimensionality of the manifold.

The main advantage of manifold learning algorithms is that they preserve the local geometry of the original high-
dimensional data. Other advantages are convergence, globally optimal solutions as well as that only a few parameters
need to be set. In general, the intrinsic dimensionality of the manifold needs to be known and the number of nearest
neighbors has to be set.

In the following section we describe the covariance descriptors and summarize their mathematical background. In
Section 3, we give a conspectus of (unsupervised) manifold learning. We then describe our supervised manifold learning
approach in Section 4 and show its usage in human detection in Section 5. The application is a covariance descriptor
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based human (body part) detector for a MOUT threat warning system. In this paper we focus on the detection of human
body parts. Further improvements can be achieved by approaches such as [11]. Also, we evaluated the detector on
benchmark data sets generated from real-world image sequences captured during MOUT exercises. The results are
summarized in Section 5.

2. COVARIANCE DESCRIPTORS

The idea of region covariance is to represent an image region by a covariance matrix of image features. The descriptor
proposes a natural way of fusing multiple features which might be correlated, where diagonal entries of the covariance
matrix represent the variance of each feature and the off-diagonal entries represent the correlations between the features.
In other words, a covariance descriptor contains information about spatial and statistical properties of the image region as
well as linear correlations between these properties.

Covariance descriptor computation

For instance, let R; an image region, first at each pixel inside R, features such as color, gradients, filter responses, etc.
are computed. To this, a d-dimensional feature vector at each pixel inside R; is constructed. For human detection we use
the x- and y-coordinates of pixels as well as gradient information.

Let {f;};=1.n be a set of feature vectors of the W-width and H-height rectangular R, and

Lx(xy)
fi = o Gy G, e oDl Ly G D] TG Y F T G avetan (222 1)

a feature vector at the pixel with the coordinates (x,y) and L, (x,y), I, (x, y), ... the intensity derivates. The covariance
matrix representing R, is then given by

WH
1
Covg, = WZ(;& e, )i = b)) ()

where pp_ is the mean-vector of {f;}i—1 -

More details about the covariance descriptor computation including an efficient method by using integral images can be
found in [25].

Space of positive definite covariance matrices
A covariance matrix contains information about statistical dispersions and linear relationships of random variables. Let
X4, ..., X, be quadratic integrable random variables, with expected values E (X;), ..., E(X;,) and

Cov(X, X)) = E[(X; = ECX)) (X = E(X))], i=1.m, j=1.n, ()
the pairwise covariances, the covariance matrix ) is then given by

Cov(Xy,X1) -+ Cov(Xy,X,)
z—( : : : ) )

COU(Xnixl) Cov(Xn:Xn)

The set of positive definite covariance matrices (nonsingular covariance matrices) describes a Riemannian manifold and
is denoted by Sym;t. A Riemannian manifold or Riemannian space is a topological space that is only locally Euclidean:
there is a tangent space at each element of the manifold (in our case at each covariance matrix). Hence, Euclidean
geometry is not appropriate to compare covariance matrices. In past years functions like the trace or determinant of a
covariance matrix have been used to measure the similarity. However, these measures are not suitable [26] and so
Foerstner et al. [26] and Pennec et al. [27] deduced invariant Riemannian metrics. These metrics are equivalent, thus it is
sufficient to concentrate on Pennec’s:

1 1
<y z>y =trace(¥; 2y 21_1 Z Y, 2), (%)

Y1 is a covariance matrix and y, z are elements of the tangent space at ;. y and z are determined by a diffeomorphism
which maps elements of the tangent spaces into the manifold of covariance matrices. Associated to the Riemannian
metric (5) it is defined by the exponential map
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exps,(¥) = Y2exp (3,2 y 3,032 (6)

The exponential map is global in Sym;, and thus there is an inverse mapping (logarithmic map) which is uniquely
defined everywhere:

logs,(32) =Y2log (3,2 ¥, %,%) Y2 (7)

It maps points of the manifold into tangent spaces. Now, by substituting Equation (7 ) into (5) we get the following
equation for Pennec’s metric:

<y,z >y, = trace(log?(%,? Y2 3,%) = <logy, (%), logs, 2 >y, . (8)

The exp and log are the ordinary matrix exponential and logarithm operators.

Covariance distance

The distances between elements of one tangent space are defined by the Euclidean distance. The tangent space can be
used to determine the geodesic distance between any two covariance matrices, if it is a tangent space at the position of
one of either matrix. Under this condition the geodesic distance between two covariance matrices Y,; and ', is given by

A(5Ys) > = J< logs, (52 ), 10gs, (53) >5., . ©)

Empirical mean value

For completeness, we also give a definition for the empirical mean value. There are several definitions of the (empirical)
mean value for a set of measures of the same positive definite symmetric matrix [28]. One applicable mean is the so-
called Karcher or Fréchet mean which minimizes the sum of the squared distances between the matrices. According to
[28,29,30] this mean exists and is even unique in Sym;t, as this manifold has a non-positive curvature [31].

Often of interest is an empirical mean value which can be determined by a gradient descent algorithm [28]. To this,
matrices are mapped into the tangent space first, where then the Euclidean mean is calculated. Eventually, the mean
value of the covariance matrices is given by mapping back the Euclidean mean. Let Y}, ... Y}, be a set of n measures of
the positive definite symmetric matrix Y.¢, then the new mean Y.t*? of this set is given by

S 1

S+ = expge (21, logse (%))). (10)
An important point for this algorithm is to determine a good starting point. If there is no Y., in general, an element of
1 ... X can be selected randomly as starting point.

If required, the matrices may be weighted differently, for instance, by their distances to the mean value [14].

3. MANIFOLD LEARNING

This section begins with one formal description of the manifold learning problem. To this, we first recall some
definitions from topology:

Definition 1
A homeomorphism is continuous function whose inverse is also a continuous function.

Definition 2
A d-dimensional manifold M is a set that is locally homeomorphic to R%: for each m € M an open neighborhood
around m — below it is called N,, — and a homeomorphism h : N,, & R® exists.

Manifold learning problem

For a given data set {Xi,..,X,} € R? lying on a d-dimensional manifold M that can be described by a single
homeomorphism h: M - R? (or diffeomorphism in the differentiable case), find {yi,..,y,} € R? such that
y; =h(x;), i=1,..,n
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Due to the excellent preserving of local geometry of high-dimensional data manifold learning algorithms have become
very popular for nonlinear dimensionality reduction. Manifold learning algorithms are based on the assumption that data
lies on a (possibly nonlinear) manifold embedded in some high-dimensional space. The objective of these algorithms is
to recover the low-dimensional representation of such unknown nonlinear manifolds in such a way that the geometry of
the input data is preserved.

The algorithms can be divided in two groups: local and global. Global approaches such as Isomap [32] attempt to
preserve the global structure of the data while local approaches such as LLE [33,34] or Laplacian Eigenmaps [35,36]
focus on preserving the local geometry of data. The principal advantage of the global approaches is that they tend to give
a more faithful representation of the global structure. However, they have difficulty to recover high curvature manifolds
or ones that are not convex. Local approaches rather preserves local than global structures of the data and thus may give
more suitable results on a broader range of manifolds: also for high curvature and nonconvex manifolds.

Hereafter, we summarize the local approach Laplacian Eigenmaps. The first step of the algorithm is a symmetric nearest-
neighbor search: Find for each input data point X; the k-nearest-neighbors or neighbors that have a smaller distance
(norm of the input data space) to X; than € > 0, where it is X; € ij if x; € Ny,.

Then, in second step, a symmetric weighted adjacency matrix W = (w;;) is computed by the isotropic Gaussian kernel
(heat kernel):

a?(xix;) -

wyj = {eXp (‘7) % € Ny (11)
0, otherwise,

with scale parameter o (width of the heat kernel) and d(xi, X]-) is the norm of the input data space.

The third step is to find a low-dimensional representation Y = (yy, ..., ¥,) for the n input data points X = (X4, ..., X;,) in
such a way that similar input data points, given through the vertices of the weighted adjacency matrix, are represented by
y; that are close to each other and input data points with a large dissimilarity by low-dimensional points that are far away
from each other. To this, the following objective function is minimized:

YiXiwi;lly: = yjl|? = trace{YLYT},  (12)

where L is the graph Laplacian for the graph of W (in general, if W is not connected, the third step has to be repeated
for each of its connected subgraph). In addition, letD = (di ]-) a diagonal matrix with diagonal elements d;; =
Yjen,. Wij = (W1,);, then the graph Laplacian is defined as follows:

L=D-W. (13)

To prevent a collapse onto a subspace of fewer than d dimensions as well as fix the scale it is constrained that YDYT =
I4, where I; is the d X d identity matrix. In addition to it, this constraint takes vertices of W into account that have a
high degree more than low degree vertices.

Thus, the problem of minimizing the objective function (12) is equal to solve the generalized eigenequation
Lv = ADv, (14)

(the relationship between the Equation (12) and (14) follows from the Rayleigh-Ritz theorem [37]) or finding the
eigenvalues and eigenvectors of the normalized graph Laplacian Ly that is defined by

1
Ly=D7ZLDz.  (15)

1
The smallest eigenvalue A, of Ly is zero and the corresponding constant eigenvector Vg is Dz(1,1, ...,1)T. The best d-
dimensional embedding Y is given by leaving out the constant eigenvector vy and using the next d eigenvectors

Y=V =y v)’s  (16)
corresponding to the eigenvalues ; < -+ < A,.

More details about graph Laplacian can be found in [38] and [39].
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4. APPLICATION TO HUMAN DETECTION

In this Section, we adapt Laplacian Eigenmaps to a supervised method for feature extraction and present its usage in
human detection. Supervised manifold learning distinguishes from the unsupervised algorithms in the projection of the
data by considering class information: the objective of supervised manifold learning is projecting data points of the same
class close to each other while projecting data points of different classes far away from each other by simultaneously
considering of the intrinsic geometry as far as possible in order to efficiently extract features for classification.

In this paper, we present a supervised manifold learning approach for feature extraction by using covariance matrices as
object descriptors. We assume that covariance descriptors that represent image regions of human body parts lie on or
close to (possibly nonlinear) manifolds embedded in the space of all of positive definite symmetric matrices. Then the
presented approach learns the geometry of a set of covariance descriptors.

Training stage

First we describe the training stage of our approach. Let C = {Cy, ..., C,} the training set containing n covariance
descriptors of human body parts (positive samples) as well as negative samples, and [ = {l;, ..., L,} their corresponding
class labels, where [; = ¢, ¢ = 1, ..., total number of classes.

The first step is finding for each C; € C their k-nearest-neighbors in the input data space, where it is C; € Nc]. if C;€
Ng,. To this, we use a dissimilarity distance between the covariance descriptors which is defined as follows:
1—exp (—dZ(ci, c,-)), if =1,

(17)
exp (dz(Ci, Cj)) , otherwise,

DiSS(Ci, C]) =

where d(Ci, C]-) denotes the geodesic distance between C; and C; (see Equation (9)).

Then the symmetric weighted adjacency matrix W = (w;;) is computed:

DiSSZ(Ci,C]') B
vy = (-5 voen.

0, otherwise,

(18)

where o is the width of the heat kernel: in this work, it was sufficient to set it to one.

The next step is to learn the low-dimensional representation of the weighted adjacency matrix (Equation (18)).
Therefore, first the normalized graph Laplacian is computed:

1 1
Ly=D7LDz, (19)

where L is the unnormalized graph Laplacian as defined by Equation (15). Now let d the intrinsic dimensionality of the
training data set (the intrinsic dimensionality of the manifold need to be known or need to be estimated). The d-
dimensional embedding is given by the d eigenvectors vy, ..., v, corresponding to the d smallest eigenvalues of the
normalized graph Laplacian Ly, where constant eigenvectors (eigenvectors corresponding to eigenvalues 0) are ignored:

Y =(yy, .0, V) = (Vq, e, v)T . (20)
The result of the training stage is the low-dimensional representation of the training data set geometry.

Recognition (testing) stage

C ={C,,...,C,} and their class information [ = {l,, ...,1,,} (I; =c, ¢ =1,...,total number of classes) are given and
after training we also know the corresponding low-dimensional coordinates Y = (yy,...,y,) of the covariance
descriptors. Let D = {Dy, ..., D,,,} the testing set containing several covariance descriptors of different human body parts
as well as negative samples. Then the low-dimensional coordinates of the testing data need to be computed, but in
general, the nonlinear mapping between input data (covariance descriptors) and the learned low-dimensional points is not
given.

Manifold learning approaches assume that there is a single homeomorphism between the input data lying on a manifold
and the corresponding low-dimensional representation (see Section 3). In general, this homeomorphism is not estimated
explicitly by manifold learning algorithms. Thus, in order to able projecting unlabeled (rnovel) covariance descriptors the
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mapping — between the descriptors and their corresponding learned low-dimensional points — needs to be estimated.
Therefore, we use Generalized Radial Basis Functions (GRBF) interpolation framework [40,41] which we briefly
summarize.

The objective is to learn the function hgrgr from the low-dimensional space to the input data space. Then the
corresponding low-dimensional coordinates of a new covariance descriptor can be calculated by the inverse function
hgigr - The reason for learning mappings from the manifold to the input data space is, for instance, that no prohibitively
large number of input data points is needed.

Assume we have n ¢ X ¢ covariance descriptors that are represented by D-dimensional (D = c(c + 1)/2) vectors
C={¢ €RP, i=1,..,n} and their corresponding low-dimensional points Y = {y; € R%, i=1,..,n}as well as
that the positive definiteness of the input data is given at any time. Then for each y; € Y interpolants f*: R —

R from R? to every dimension k (k = 1, ..., D) of the corresponding D-dimensional input data vector are estimated.

Suitable interpolants that satisfy the interpolation condition
& =f*w), j=1,..,D (21)
are of the form
=@ + T, wioly -, (22)

where y € Y, w) are real coefficients, | - | is the norm on R%, t; are n, centers (e.g. important data points of the
manifold) and ¢(-) a real-valued basis function. We use the following Gaussian basis function:

¢y —ti) = o) = exp™, p>0. (23)
p*(y) is a linear polynomial with coefficients a*:
‘=01 y"]-a" (24
All interpolants of the form as given by Equation (22) can be combined to form a mapping hgggrr from R4 — RP:

herer(y) = B-¥(y),  (25)

where the matrix B represents the coefficients for D different nonlinear mappings, each from R% — R, and ¥(y)
involves the basis functions as well as the linear polynomial:

b = (¢Uy —t:iD), . d(ly -t ). 1, ¥y (26)

The low-dimensional coordinates y* of a novel covariance descriptor (vector) €* can then be recovered from
¢ =arg,min|¢"—B-ypy)|. (27

More information, especially mathematical details of obtaining the solution for B and Equation (27) can be found, for
instance, in [40,41].

We use this GRBF interpolation framework for recovering low-dimensional coordinates of novel covariance descriptors.
Now, we need to recover the low-dimensional coordinates of the testing data set D = {Dy, ..., D,,}. To this, the kgrpp-
nearest-neighbors C; € C = {Cy, ..., C,} for each descriptor in D are computed in the Riemannian manifold Sym;} by
using the Riemannian metric as defined through Equation (9). Then for each D; € D the mapping hgagr between its
neighbors and the corresponding low-dimensional coordinates is estimated. Eventually, each D; is projected by its
corresponding mapping. After then a classifier is applied in order to classify the projected test data. In this work we use
the simple ANN-classifier [42] for classify the body parts.

In the next Chapter we show the performance of this approach for human detection by using a MOUT benchmark and
also compare it with the approach of classifying the covariance descriptors by directly application on the descriptors
without supervised manifold as feature extractor.
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5. RESULTS

We evaluated the proposed method on benchmark data sets generated from real-world image sequences captured during
MOUT exercises. The data set contains several far infrared (FIR) image sequences showing different situations that can
occur during MOUT scenarios (see Figure 1 for some examples).

Figure 1. Some image examples of the MOUT benchmark.

We consider four classes: head-shoulder, torso, lower body and a class with no body parts (negative samples). We
trained with 400 samples, 100 for each class, where we used covariance descriptors as defined by Equation (1), and the
tested data set contains 200 samples, 50 for each class.

We considered different scales, viewing angles as well as appearance of the body parts. Furthermore, the underlying
dimensionality of a sample set of one class was assumed to be three. Here, this assumption sufficed. In future we will
optimize this step by methods that estimate the intrinsic dimensionality automatically. This can improve the exploiting of
the intrinsic geometry structure that can also be beneficial for classification. For computing the weighted adjacency
matrix we set k£ to 25 (see Equations (17) and (18)) and for estimating the mapping between the covariance descriptors
and their low-dimensional correspondences, as described in Chapter 4, we chose 20 for kgrg.

The following two confusion matrices present the evaluation results. The first confusion matrix (see Table 1) is the result
by direct application of the kNN-classifier on the covariance descriptors without supervised manifold.

Table 1. Classification result by using kANN-classifier in the Riemannian manifold Sym,".

Actual
Negative
Head-shoulder Torso Lower body

samples

Head-shoulder 50 0 0 3

Torso 0 50 6 0

Predicted
Lower body 0 0 44 4
Negative samples 0 0 0 43
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The second confusion matrix (see Table 2) shows the result of using supervised manifold learning as feature extractor.

Table 2. Classification result by using both supervised manifold learning and (Euclidean) kNN-classifier.

Actual
Negative
Head-shoulder Torso Lower body
samples
Head-shoulder 50 0 0 2
Torso 0 50 1 0
Predicted
Lower body 0 0 49 4
Negative samples 0 0 0 44

6. CONCLUSION

We presented a supervised manifold learning method and showed its performance and potential for human body parts
detection on a FIR-MOUT data set using covariance matrices as object descriptors. It was shown that using supervised
manifold learning approach for feature extraction may increase classification accuracy.
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