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Image feature localization by multiple hypothesis
testing of Gabor features
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Abstract— Several novel and particularly successful object and
object category detection and recognition methods based on
image features, local descriptions of object appearance, have
recently been proposed. The methods are based on a localisation
of image features and a spatial constellation search over the
localised features. The accuracy and reliability of the methods de-
pend on the success of both tasks: image feature localisation and
spatial constellation model search. In this paper we present an
improved algorithm for image feature localisation. The method
is based on complex-valued multiresolution Gabor features and
their ranking using multiple hypothesis testing. The algorithm
provides very accurate local image features over arbitrary scale
and rotation. We discuss in detail issues such as selection of
filter parameters, confidence measure and the magnitude versus
complex representation and show on a large test sample how these
influence the performance. The versatility and accuracy of the
method is demonstrated on two profoundly different challenging
problems (faces and license plates).

I. INTRODUCTION

Most of the research and development activities in bio-
metric authentication, especially in face detection and face
identification, address one of the two important image pro-
cessing research topics: recognition of object classes (object
categories) and recognition of object class instances. The first
one is exemplified by face detection and the second one by face
identification. In the recent contributions to these topics the
focus of interest has shifted from the well-known image-based
object recognition methods towards new and more generic
feature-based approaches [4], [12], [25].

The idea of partitioning objects into their constituent parts
(object primitives) and separately modelling the spatial re-
lationships between them is not new. It was proposed by
Fischler and Elschlager already in 1973 [9]. Since then the
idea has been re-visited by many researchers and developed
into more efficient forms e.g. by Burl, Weber and Perona
et al. [4], [39], [38], [7], Lowe [24], [25], [14], Schmid et
al. [31], and by Hamouz et al. [12]. The methods contain
two distinct processing stages, image feature localisation and a
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spatial search. In the search step a spatial consistency checking
process combines image features and matches their configu-
ration to the stored object class constellation models allowing
a certain degree of deformation in the spatial configuration.

The above methods significantly differ in their approach
in the way they utilise image features. Generally, all of
them further divide the localisation process into the detection
of salient image features and their unique description [27],
[28]. Accordingly, they first somehow pinpoint salient and
discriminative regions in the scene (image feature detection)
and then the detected regions are represented by a local
descriptor (image feature description). The main difference
between such image feature localisation methods and the one
proposed in this study is the degree of supervision required
in training the system. Whereas in the referenced methods
image features in training images need not to be annotated in
advance, the method in this study is supervised, requiring a
sufficient set of image feature examples.

Image feature detection is based on the concept of dis-
tinctiveness in images. Many existing methods utilise Harris
corner detectors (e.g. [28]), difference of Gaussian (DoG,
scale-space, [25]) or the behaviour of local entropy [18].
The description of the detected image features is based on
the properties of the associated local regions, the simplest
solution being the grey-level histogram. The SIFT image
features by Lowe have been shown to be distinctive, stable
and discriminating [27], [28]. The perceived advantage of
using such image feature detection and description methods
is their simplicity due to their apparent unsupervised nature.
However since a certain degree of supervision is required
(segmentation and object labelling) this advantage is only
relative rather than qualitative. In the following we shall refer
to these methods as semi-supervised. Here we claim that a
much more efficient approach can be devised if image feature
detectors use supervised learning. It is clear that the semi-
supervised methods are the most suitable for the cases where
the object instance remains the same, such as in the interest
point initialisation for object tracking [22], but they cannot
tolerate appearance variation among different instances of the
object class on the local level.

In this paper a novel supervised image feature localisation
method based on Gabor feature representation is introduced.
Terms localisation and detection are often used interchange-
ably, but by the term localisation we want to stress that we are
interested in locating the position of image features exactly,
not only detecting their general presence. As for most Gabor
methods, the representation is inherently of multiresolution
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type. However, the proposed scheme differs from the con-
ventional Gabor feature representation in several important
aspects. First of all, it is supervised which means that both
Gabor filter bank parameters as well as the models of class
conditional probability distributions are optimised using train-
ing data. By virtue of being supervised it combines the image
feature detection and description into a single learning step
which captures the key characteristics of feature appearance
and identifies the class this feature belongs to. Second, a low
level description is constructed by complex valued Gabor filter
responses in multiple resolutions and orientations where the
low frequencies mainly contribute to the generality and the
high frequencies to the specificity. The complex representation
delivers very accurate localisation as it is demonstrated in
the experimental part of the study. A preliminary version
of this framework, called simple Gabor feature space, has
been proposed by the authors [21]. Its efficiency derives from
the invariance properties of Gabor responses [20]. Third, the
local description of the image features is based on their class
conditional probability density functions, which can also be
used to indicate to the constellation model their best order for
matching. Such ranking of the image features, which is based
on the statistical hypothesis testing using likelihoods [29],
enhances the efficiency of the subsequent processing. The
probability functions are learnt by Gaussian mixture models.
Previously, only the magnitude of Gabor responses has been
used in hypothesis testing. Herein we extend this framework
by adding phase information. This is inventively achieved by
using complex-value representation. Complex-valued model
implicitly incorporates both magnitude and phase information
and facilitates high localisation accuracy. It can be argued that
the statistical part can in principle handle arbitrary appearance
variability, as the mixture model is able to approximate any
probability function.

Fourth, the proposed image feature localisation is illumi-
nation, rotation (in-plane) and scale invariant and outputs a
confidence value for each feature. The illumination invariance
(to a constant factor) is achieved by means of an effective
signal normalisation which is facilitated by the rich form of
representation adopted. The method achieves high localisation
accuracy by exploiting complex-valued arithmetic which also
reduces the computation time. Last but not least, by its
supervised nature it offers better class-identifiability than a
semi-supervised detector. The proposed image feature extrac-
tion method and constellation model have been successfully
applied to accurate face detection and localisation in [12].

In their previous work, the authors have proposed a Gaus-
sian mixture model pdf based confidence measure for one-
class classification [29], which is also applied in the proposed
localisation method. In addition, early forms of the proposed
image feature localisation method have been used in many of
authors’ studies, but previously briefly described only in [19].
In this paper, the localisation method is explained in detail
together with the accompanying theory and algorithms. Its
accuracy and versatility are demonstrated on two real-world
challenging problems: on face detection and localisation and
license plate localisation. The method is not tied to any specific
problem or application and can be used in localisation of any

object class. New facial landmark localisation results show
that the accuracy is significantly improved as compared to our
previous version of the algorithm [19]. This has been achieved
by means of adaptive tuning of the system of Gabor filters, i.e.
automatic parameter optimisation, used to generate the local
image representation. In the case of license plates, the method
reaches almost 100% accuracy level.

The paper is organised as follows: in Section 2 we briefly
review state-of-the-art in feature based object detection and
localisation. The complex-valued multiresolution Gabor fea-
tures are introduced in Section 3 and their statistical ranking
in Section 4. The methodologies discussed in the previous
sections are developed in the practical algorithms for training
and localising the image features in Section 5 and applied to
problems of face landmark and license plate corner localisation
in Section 6.

II. FEATURE BASED OBJECT DETECTION AND
RECOGNITION

Feature based object detection covers approaches which are
based on first localising image features (local object descrip-
tors) and then searching the most prominent configurations of
the image features with a spatial constellation model represent-
ing spatial relationships between the descriptors. The process
is demonstrated in Fig. 1. The most prominent configurations
can be delivered as object hypotheses for the use of further
processing stages, such as, object instance verification [12].
One of the main advantages of feature based methods is a
natural tolerance to occlusion, as spatial models can cope with
undetected image features. The deformable spatial constella-
tion models also possess more favourable modelling properties
of real objects as compared to the holistic models [4]. The
feature based approach also provides reusability since the
image feature localisation and spatial constellation model can
be implemented and tailored independently for different appli-
cations. The problem of image feature localisation can itself be
categorised as an object localisation problem since it exploits
both low-level feature extraction and feature classification.

The local image feature approach to the general object
detection has not been receiving the attention it deserves.
The first proposal dates back to Fischler and Elschlager [9],
and another notable example is the labelled graph matching
method by von Malsburg et al. (e.g. [23], [36], [40]). Recently,
more efficient methods have been introduced, e.g., the voting
method by Lowe [25] and the statistical method by Weber [39].
Lowe has his own method for selecting and representing
keypoints [25], but the applications of Weber’s approach in
[7] utilise unsupervised descriptors by Kadir [18]. This study
does not concentrate on the detection of complete objects but
only the localisation of image features.

In their earlier work, the authors have proposed multiresolu-
tion Gabor features which can be used to represent local image
patches [21]. The expressive power of the proposed features
is a key advantage of the representation since by increasing
their dimension an arbitrary amount of image energy can be
retained. Due to the expression power, the keypoints provided
by the multiresolution Gabor features can be considered as
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Fig. 1. Example of object class localisation based on image features
and spatial constellation model search: (a) Original image; (b) Extracted
image features in the image; (c) Object hypotheses generated by a spatial
constellation model search; (d) 15 best object hypotheses. [12]

more general descriptors than SIFT descriptor [25] or scale
descriptors [18], and thus, a simpler constellation model
can be used to achieve the same detection and localisation
performance.

A. From low-level features to localised image features
Detecting and localising image features is a pattern recog-

nition problem and, in general, any feature extraction and
classification method can be applied. However, an important
consideration is what information should be provided in or-
der to enable efficient processing also in upper layers. The
options are either to use simple object features (e.g. corners
[13]), but this gives rise to ambiguity in high level object
interpretation; corners are shared by too many local image
patches. As an alternative, the simple features can be used
to select only some salient image patches ([18], [25]) which
are then represented by unique descriptors, such as SIFT [25].
The unique local descriptors however are very object specific
allowing no generalisation over other objects from the same
object class. The alternative proposed in this work is to exploit
the semantics of local image features and this requires unique
image feature identification, in terms of class labels, shared
by the same object class. The estimation of pose parameters
(location, rotation and scale) may also speed up the subsequent
processing, e.g., via pruning the constellation model search
space. Another very useful piece of information is the level
of confidence associated with the assignment of each image
feature (the class label). The confidence information can
be used to control the high level interpretation process by
processing the most promising image features and discarding
the most improbable ones.

If the detection is performed over different rotations and
scales the confidence information may also be used to return
the most probable pose parameters. Considering the given
requirements, statistical methods seem to be the most appli-
cable for classifying features to different keypoint classes.
In statistical approaches points can be represented via their

class conditional probability density functions (pdf’s) and
the identification and ranking can be based on the statistical
probability values [29].

III. MULTIRESOLUTION GABOR FEATURES

In this section, the construction and computation of mul-
tiresolution Gabor features will be described in detail. A multi-
resolution Gabor feature is based on image responses of 2-D
Gabor filters. In addition to their well-known correspondence
to the receptive field receptor profiles in the mammal visual
system [6], the 2-D Gabor filter is a realisation of the general
image processing operator proposed by Granlund [10]. The
multiresolution structure in the frequency domain is similar
to the wavelets, but without the orthogonality property. Gabor
features are considered to span a frame, not a basis. The frame
is a generalisation of basis, without the orthogonality and
unique dual transform property. Frames however have many
beneficial properties for object detection and recognition [20].
It should be noted that the exploitation of the redundancy
allows a fast implementation of multiresolution Gabor fea-
tures [17].

A. 2-D Gabor filter
A 2-D Gabor filter can be divided into an elliptical Gaussian

and a complex plane wave. The filter in the 2-D spatial domain
is [20]
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where f0 denotes the filter tuning frequency and the bandwidth
is controlled by two parameters, γ and η, corresponding to the
two perpendicular axes of the Gaussian. θ denotes the rotation
angle of both the Gaussian and plane wave. It should be noted
that this is not the most general form of the 2-D Gabor filter,
but a form whose properties are the most useful in image
processing [20].

The Fourier transformed version of the filter in the fre-
quency domain is
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where it is evident that it is a single Gaussian band-pass filter.

B. Multiresolution structure
The multiresolution structure was originally introduced by

Granlund as a general structure [10] and recently as specialised
to Gabor filters by the authors [21]. The authors originally
referred to it as a simple Gabor feature space, where the phrase
“simple” refers to the fact that the feature space considers
phenomena, here image features, at a single spatial location. A
single spatial location does not straightforwardly correspond
to a single pixel in digital images since the effective area,
envelope, of a Gabor filter stretches over a substantially larger
area; yet the local signal reconstruction accuracy is the highest
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near the centroid. It is clear that complex objects cannot be
represented by a simple Gabor feature which is representative
only near its centroid but rather a spatial constellation model
must be built based on several features.

The main idea in simple Gabor feature space is to utilise
a response of Gabor filter ψ(x, y; f, θ) at a single location
(x0, y0) of image ξ(x, y)

rξ(x0, y0; f, θ) = ψ(x0, y0; f, θ) ∗ ξ

=

∫∫ ∞

−∞

ψ(x0 − xτ , y0 − yτ ; f, θ)ξ(xτ , yτ )dxτdyτ .
(1)

The response is calculated for several frequencies fl and
orientations θl (l not necessarily the same).

The frequency corresponds to the scale which is not an
isotropic variable. The spacing of frequencies must be expo-
nential [21]

fl = k−lfmax, l = {0, . . . ,m− 1} (2)

where fl is the lth frequency, f0 = fmax is the highest
frequency desired, and k is the frequency scaling factor (k > 1
k ∈ R).

The rotation operation is isotropic, and thus, it is necessary
to position the filters in different orientations uniformly as [21]

θl =
l2π

n
, l = {0, . . . , n− 1} (3)

where θl is the lth orientation and n is the number of
orientations to be used. The computation can be reduced to
half since responses at angles [π, 2π[ are complex conjugates
of responses at [0, π[ for real valued signals.

Examples of multi-resolution filter banks are shown in
Fig. 2. An optimal construction can be based on a selection
of several combinations of filter parameter values while the
other ones can be analytically derived [17].
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Fig. 2. Examples of Gabor filter banks in the frequency domain, both use
m = 5 frequencies, n = 4 orientations. The envelope overlap is p = 0.2

and frequency spacing factor k =
√

2 (for more information on variables see
[17]); (a) γ = η ≈ 2.35; (b) γ ≈ 2.35, η ≈ 1.03.[17]

1) Gabor feature matrix: Gabor filter responses in a single
location (simple Gabor features) can be conveniently arranged
into a matrix form as

G =







r(x0,y0;f0,θ0) r(x0,y0;f0,θ1) ··· r(x0,y0;f0,θn−1)
r(x0,y0;f1,θ0) r(x0,y0;f1,θ1) ··· r(x0,y0;f1,θn−1)

...
...

. . .
...

r(x0,y0;fm−1,θ0) r(x0,y0;fm−1,θ1) ··· r(x0,y0;fm−1,θn−1)







(4)
where rows correspond to responses at the same frequency
and columns correspond to responses at the same orientation.

The first row is the highest frequency and the first column is
typically the angle 0◦.

C. Feature manipulation for invariant search
From the responses in the feature matrix in Eq. (4) the

original signal ξ(x, y) can be approximately reconstructed near
the spatial location (x0, y0) [16], [20].

The additional property which makes multiresolution Gabor
features useful is the fact that linear row-wise and column-wise
shifts of the response matrix correspond to the scaling and
rotation in the input space. Thus, an invariant search can be
performed by simple shift operations over all spatial locations
(spatial shift).

Rotating an input signal ξ(x, y) anti-clockwise by π
n

equals
to the following shift of the feature matrix






r(x0,y0;f0,θn−1)
∗ r(x0,y0;f0,θ0) ⇒ r(x0,y0;f0,θn−2)

r(x0,y0;f1,θn−1)
∗ r(x0,y0;f1,θ0) ⇒ r(x0,y0;f1,θn−2)

...
...

. . .
...

r(x0,y0;fm−1,θn−1)
∗ r(x0,y0;fm−1,θ0) ⇒ r(x0,y0;fm−1,θn−2)







(5)

where ∗ denotes the complex conjugate.
Downscaling the same signal by a factor 1

k
equals to the

following shift of the feature matrix






r(x0,y0;f1,θ0) r(x0,y0;f1,θ1) ··· r(x0,y0;f1,θn−1)
r(x0,y0;f2,θ0) r(x0,y0;f2,θ1) ··· r(x0,y0;f2,θn−1)

⇑ ⇑
. . . ⇑

r(x0,y0;fm,θ0) r(x0,y0;fm,θ1) ··· r(x0,y0;fm,θn−1)






(6)

It should be noted that responses on new low frequencies
fm in (6) must be computed and stored in advance while
the highest frequency responses on f0 vanish. It is important
to notice that the proposed simple linear shift operations are
much more efficient than any exhaustive search where original
signal is being rotated and scaled.

D. Selecting filter parameters
Since the image feature localisation proposed in this work

is a supervised approach it requires a training set of image
features. The same set can also be used for selecting the
feature parameters, most importantly the number and values
of Gabor filter frequencies. There is no general rule how
the frequencies f0, . . . , fm−1 should be selected. In many
studies the frequencies are optimised using a certain score
function, such as a maximal signal energy restoration or
maximal separation between two input classes [2], [3], [5],
but they often lead to non-homogeneous parameter sampling,
violating Eqs. (2) and (3), which in turn makes invariant
processing difficult because signal rotation and scaling cannot
be handled by simple matrix manipulations as in Eqs. (5) and
(6). The parameter selection restrictions can be embedded
in the optimisation process, but the optimisation is still a
computationally expensive task, and furthermore, it is very
difficult to optimise without negative examples. The maximal
discrimination between different image features does not guar-
antee optimality in actual scenes because only positive training
examples are used and they are generally not presentative of
all possible image features. If the optimisation is however
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desired the cross-validation seems to be the only realisable
option. In the experimental part of this study the efficiency of
such a simple technique as cross-validation is demonstrated.

1) General guidelines: The first problem in the parameter
selection is the number of frequencies, m, and orientations,
n, to be used in the feature matrix in Eq. (4). Many factors
contribute to the total performance; the more frequencies and
orientations are used the better is the representational power
of the multiresolution Gabor feature. By increasing these
numbers the shift sensitivity increases too, allowing a more
accurate determination of an image feature pose. However,
the representational power is also influenced by the effective
areas of Gabor filters controlled by the bandwidth parameters
γ and η. As a rule of thumb, as large number of filters as
possible within given computational resources should be used.
Generally, the bandwidth values can be set to γ = η = 1.0
and a good initial number of filters are four orientations n = 4
on three frequencies m = 3 making the feature matrix of size
3×4. The effect of changing parameter values can be evaluated
experimentally. It should be noted that it is not necessary to
compute features at all locations due to an enormous redun-
dancy (overlap) of filters. A sufficient spacing of the filters
can be computed via an effective shiftability measure, e.g.,
in [32], and the redundancy can also be utilised in an efficient
computation of the multiresolution Gabor features [17].

IV. STATISTICAL FEATURE CLASSIFICATION AND RANKING

In general, any classifier or pattern recognition method can
be used with Gabor features to classify extracted low-level
features into image feature classes. However, certain advan-
tages suggest that the use of statistical methods is preferable.
One of these, namely the ability to provide not only the class
assignments for the observed features but also to rank scene
points in order to return only a fixed number of best features is
of particular importance. The purpose of ranking is to reduce
the computational load in the spatial model search.

The between-class ranking of features is the traditional
problem of classification where, for example, Bayesian infer-
ence has been effectively applied. Within-class ranking how-
ever requires an information measure describing the degree of
certainty of a feature belonging to a specific class. A certainty
measure can be realised with most classification methods,
but statistical methods usually provide certainty information
in an interpretable form along with solid mathematical back-
ground [29]. In that sense, statistical methods possess superior
properties as compared to other methods; the decision making
has an interpretable basis from which the most probable or
lowest risk (expected cost) option can be chosen and a within-
class comparison can be performed using statistical hypothesis
testing [29]. The information measure reflecting statistical
uncertainties will be referred to as confidence.

As in any supervised learning problem, a set of instances
of known observations (a training set) are provided and the
necessary statistics must be inferred to classify new unknown
observations and to estimate the classification confidence. A
class is typically represented in terms of a class conditional
probability density function (pdf) over feature space. It should

be noted, that finding a proper pdf estimate has a crucial im-
pact on the success of the classification and ranking. Typically,
the form of the pdf’s is somehow restricted and the estimation
is reduced to a problem of fitting the restricted model to
the observed features. Often simple models such as a single
Gaussian distribution (normal distributed random variable)
can efficiently represent features but a more general model,
such as a finite mixture model, must be used to approximate
more complex pdf’s; arbitrarily complex probability density
functions can be approximated using finite mixture models.
The finite mixture representation is a natural choice for certain
kinds of observations: observations which are produced by
a randomly selected source from a set of alternative sources
belonging to the same main class. This kind of task arises
when we deal with object categories (classes) rather than
object instances. For example, features from eye centres are
partitioned into closed eye and open eye, or Caucasian and
Asian eye sub-classes. The problem, which will be considered
next, is how the probability densities should be approximated
with finite mixture models and how the model parameters
should be estimated.

A. Class conditional pdf estimation using Gaussian mixtures
Finite mixture models can approximate a wide variety of

pdf’s and are thus attractive solutions for cases where single
function forms, such as the normal distribution, fail. However,
from a practical point of view it is often sound to form the mix-
ture using one predefined distribution type, a basic distribution.
Generally the basic distribution function can be of any type
but the multivariate Gaussian distribution is undoubtedly one
of the most well-known and useful distributions in statistics,
playing a predominant role in many areas [35]. For example, in
multivariate analysis most of the existing inference procedures
have been developed under the assumption of normality and in
linear model problems the error vector is often assumed to be
normally distributed. The multivariate normal distribution also
appears in multiple comparisons, in studies of the dependence
of random variables, and in many other related fields. If no
prior knowledge of the pdf of a phenomenon exists, only a
general model can be constructed and the Gaussian distribution
is a good candidate. For a more detailed discussion on the
theory, properties and analytical results of multivariate normal
distributions we refer the reader to [35].

The multiresolution Gabor feature computed in a single
location can be converted from the matrix form in (4) to a
feature vector as

~g = [r(x0, y0; f0, θ0) r(x0, y0; f0, θ1) . . . r(x0, y0; fm−1, θn−1)]
(7)

Since the feature vector is complex valued the complex
Gaussian distribution function (e.g. [29]),

NC(x; µ,Σ) =
1

πD |Σ| exp
[

−(x − µ)∗Σ−1(x − µ)
]

, (8)

where Σ denotes the covariance matrix, must be used in the
mixture model. It should be noted that the pure complex form
of the Gaussian in (8) provides computational stability in the
parameter estimation as compared to a concatenation of real
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and imaginary parts to two real numbers as the dimensionality
of the problem doubles in the latter case [29]. Now, a Gaussian
mixture model (GMM) probability density function can be
defined as a weighted sum of Gaussians

p(x; θ) =

C
∑

c=1

αc NC(x; µc,Σc) (9)

where αc is the weight of the cth component. The weight can
be interpreted as a priori probability that a value of the random
variable is generated by the cth source, and thus, 0 ≤ αc ≤ 1
and

∑C

c=1 αc = 1. The Gaussian mixture model probability
density function can be completely defined by a parameter list

θ = {α1,µ1,Σ1, . . . , αC ,µC ,ΣC} . (10)

The main question remains how the parameters in (10)
can be estimated from the given training data. The most
popular estimation method is the expectation maximisation
(EM) algorithm, but the EM algorithm requires the knowledge
of the number of Gaussians, C, as an input parameter. The
number is often unknown and this is a strong motivation to
apply unsupervised methods, such as that of Figueiredo-Jain
(FJ) [8] or the greedy EM algorithm [37]. The unsupervised
methods may provide accurate and reliable results despite
the fact that the standard EM algorithm outperforms them if
the correct number of Gaussians is known [29]. Of the two
unsupervised methods the Figueiredo-Jain method provides
more accurate results and its complex extension can be directly
applied to pdf’s of complex multiresolution Gabor feature
vectors in (7) [29].

B. Likelihood as confidence measure
The term confidence may have different meanings and

definitions, but in our case confidence is used to measure the
reliability of a classification result where a certain class is
assigned to an observation. If the confidence is low, it is more
probable that a wrong decision has been made. Intuitively, the
value of a class conditional pdf at an observation reflects the
confidence that the observation is consistent with that class:
the higher the pdf value, the more instances of the class will
be similar to the observation. While the posteriori probability
is a between-class measure for a single observation, pdf value
is an intra-class measure that can be used to select the best
representative from a single class [29].

A confidence value measure that exhibits the properties of
true probabilities should satisfy ∈ [0, 1]. For any finite or
infinite support region R ⊆ Ω, where Ω is the definition space
of the pdf, it holds that 0 ≤ p(x) < ∞, ∀x ∈ Ω. Now the
value κ can be defined via non-unique confidence region R
such that [29]

∫

Ω\R

p(x)dx = κ . (11)

The confidence value we propose is easily interpretable via the
confidence region R. The confidence region is a region which
covers a proportion 1−κ of the probability mass of p(x) since
for all probability distributions

∫

Ω p(x)dx = 1. It is clear that
κ = 1 for R containing only a finite number of individual

points and κ = 0 for R = Ω. It should be noted that it
makes no sense to talk about confidence value until the region
R is defined as the minimal volume region which satisfies
the confidence definition. The minimum volume region is also
called the highest density region (HDR) in the literature [15].
The confidence value we propose, 1 − κ, corresponds to the
smallest set of points (region) which includes the observation
x and has the probability mass κ, κ being smallest possible.

A class specific confidence value κj can be defined for each
image feature class j = 1, . . . , J , but intuitively the same value
should apply for all classes. A confidence value corresponds to
the proportion of the probability mass that remains in region
Rj . In a classification task where a certain confidence for
decision making is required, the confidence value is not used
but the confidence region Rj itself is important since a sample
vector x is allowed to enter the class ωj only if x ∈ Rj . If
a sample is not within the confidence region of any of the
classes, it must be classified to a garbage class. The garbage
class is a special class and samples assigned to the class need
special attention; for example, more information is needed for
the observations falling into the garbage class or in a two-
class problem where data is available only from one class the
garbage class may represent the other class with an unknown
distribution.

The probability distribution values can be directly used to
rank image features in an image or even over several images,
but if the probabilistic property is required, that is, normalised
values between [0, 1], then the confidence must be solved by
computing the minimum highest density region which includes
the observation. The calculation of the highest density region
is not trivial, but efficient and accurate approximation methods
with convergence do exist, e.g., in [29].

1) Confidence score example: In the previous section it was
argued that the class-conditional probability density (likeli-
hood) value is the preferred choice as a ranking confidence
score. It is a measure of how reliable a class assignment of
a single image feature is. Image features with the highest
scores can be delivered to the spatial model first. The use of
confidence values may reduce the search space considerably
by discarding image features beyond a requested density
quantile [29]. In Fig. 3 the use of density quantile for reducing
the search space is demonstrated; it is clear that the spatial
domain corresponding to the 0.05 (0.95 confidence) density
quantile contains the correct image feature.

V. IMAGE FEATURE LOCALISATION

In this section we apply the findings from the previous
sections and propose algorithms for supervised training and
localisation of image features.

A. Training algorithm
Based on the given results it is straightforward to establish

a supervised training algorithm for detecting instances of
image feature classes. For a set of training images, every
image should first be aligned, that is, object instances are
represented approximately in the same scale and orientation.
With the training set images where groundtruth (image feature
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(a) (b)

(c) (d)

Fig. 3. Example of using density quantile and pdf values as confidence:
(a) Face image and 10 image feature classes; (b) Pdf surface for the left
nostril class; (c) Pdf values belonging to 0.5 density quantile; (d) Pdf values
belonging to 0.05 density quantile.

locations) are available the alignment is a simple task. Then
the multiresolution responses are computed at the groundtruth
locations and pdf’s are estimated. An algorithm to perform the
supervised training is presented in Algorithm 1.

Algorithm 1: Train image feature classi-
fier

1: for all Training images do
2: Align and normalise image to represent an object in a

standard pose
3: Extract multiresolution Gabor features at given loca-

tions
4: Normalise the features
5: Store the features to the sample matrix P and their

corresponding class labels (class numbers) to the target
vector T

6: end for
7: Using samples in P estimate class conditional pdf’s sep-

arately for each class using Gaussian mixture models and
the FJ algorithm

In Algorithm 1 we give the fundamental steps to generate
a pdf-based classifier for image feature extraction. First, the
training images must be aligned to a standard pose, i.e. the
pose representing objects in the same scale and orientation. In
the standard pose, multiresolution Gabor features in Eq. (4) are
then computed at groundtruth image feature locations. Feature
matrices can be energy-normalised, e.g. to unity matrix norm,
if robustness to illumination change is required [20]. The nor-
malisation makes the feature invariant to (local) multiplication
by a constant factor. Each feature matrix is reformatted into a
vector of complex numbers form in Eq. (7) and stored in the
sample matrix P along with the corresponding image feature
labels, T . Finally, pdfs over the complex feature vectors are
estimated for each image feature class separately with GMM’s
and the FJ algorithm.

B. Localisation algorithm
After the training phase the image feature specific pdf’s can

be used to detect and localise image features in input images.
In Algorithm 2 the main steps to extract the features from an
image are shown.

Algorithm 2: Extract K best image features of each class
from an input image I

1: Normalise image
2: Compute multiresolution Gabor features G(x, y; fm, θn)

for the whole image I(x, y)
3: for all Scale shifts do
4: for all Rotation shifts do
5: Shift Gabor features
6: Normalise Gabor features
7: Calculate confidence values for all classes and for all

(x, y)
8: Update feature class confidence at each location
9: end for

10: end for
11: Sort the image features for each class
12: Return the K best features of each image feature class
First, the image is normalised, that is, scale and grey levels
are adjusted to correspond to average object presence used in
the training. From a normalised image multiresolution Gabor
features are extracted at every spatial location and confidence
values are computed for all requested invariance shifts. If
Gabor features were energy normalised in the training phase
the same normalisation must be applied before calculating the
confidence values of GMM pdf’s. In a less memory intensive
implementation, confidence values can be iteratively updated
after each shift in order to store only the best image features of
each class at each location. After the shifts have been inspected
it is straightforward to sort them and return the best image
feature candidates. In this approach one location may represent
more than one image feature, but each feature can be assigned
to one pose only.

VI. EXPERIMENTS

With the following experimental results we validate the
theoretical basis and demonstrate the accuracy of our devised
image feature localisation method.

A. XM2VTS face database
XM2VTS facial image database is a publicly available

and popular database for benchmarking face detection and
recognition methods [26]. The frontal part of the database
contains 600 training images and 560 test images of size
720 × 576 (width × height) pixels. Images represent front
pose on constant background and are of excellent quality, and
thus, any face detection method should perform very well with
the database.

The appearance of a set of salient facial features is selected
as the image features. The regions corresponding to these
image features should be stable over the whole object category,
but at the same time must be discriminative enough to set the
object apart from other object categories and backgrounds. For
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facial images ten specific regions (see Fig. 4(a)) have been
shown to have favourable properties to act as keypoints [12].
A normalised distance between the eyes, 1.0, will be used
as measure of image feature detection accuracy. This kind of
measure is considered as the most appropriate for evaluating
localisation methods in [30]. The distance measure is illus-
trated in Fig. 4(b).

(a)

0.05
0.10

0.20

(b)

Fig. 4. (a) XM2VTS face and 10 salient keypoints (left and right outer eye
corners, left and right inner eye corners, left and right eye centres, left and
right nostrils, and left and right mouth corners). Left and right correspond to
the image left and right here. (b) Demonstration of accuracy distance measure.

1) Gabor feature parameter selection: The multiresolution
Gabor filter parameters can be easily selected by optimisation
procedures, such as the simple cross-validation used in this
study, over an evaluation set. Since it is, however, also easy to
tune the parameters manually, the manual selection principles
are next explained as they help to understand the properties of
the multiresolution Gabor features. Results with this manual
selection used in our previous studies are demonstrated in the
experiments.

In the case of the XM2VTS database all faces are in almost
the same pose, there are no large variations in the distance
between eyes (Fig. 5(a)) and the angle between the eyes
(Fig. 5(b)). This means that invariant searches are not needed,
and the filter bank parameters should be selected to cover any
residual variations. Angular variations are limited to ±10◦,
therefore up to eight filter orientations, n ≤ 8, can be used
(angular discrimination is then 22.5◦).

The lower bound for filter frequency spacing, k, can be
determined by examining the scale differences in the training
images (Fig. 5(a)). The highest eye distances are approx. 120
pixels, and the lowest approx. 90 pixels. Filters should include
at least that much scale variations, therefore k ≥ 120

90 ≈ 1.33.
To be on the safe side a slightly larger value can be selected,
for example, k =

√
2. Higher values still can be useful,

depending on the characteristics of image features. As for
selecting the number of filter frequencies no clear guidelines
can be given, however, the value should generally be m ≥ 3
to provide enough discriminative frequency information.

A more thorough explanation on how the set of parameters
called “old parameters” in this document were selected is
presented in [19] (n = 3, m = 4, k =

√
2 and fhigh = 1/30).

The parameters called “tuned parameters” were experimen-
tally selected by using a cross-validation procedure over the
training and evaluation sets in the database. These parameters
were n = 4, m = 6, k =

√
3 and fhigh = 1/40. Compared to

the old parameters the total number of filters was doubled and
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Fig. 5. Scale and orientation contents of XM2VTS training data computed
using coordinates of left and right eye centres: a) distribution of eye centre
distances (min. 84 pix, max. 126 pix, mean 102 pix); b) distribution of eye
centre rotation angles (abs. min. 0◦, abs. max. 13.0◦, abs. mean 2.5◦, mean
−0.5◦).

because of larger filter spacing, k, filter bank includes much
lower frequencies.

2) Training mixture model pdf: The Gabor filter responses
were computed at 10 spatial locations in every image in the
training set and arranged as feature vectors which can be used
with any one-class classifier. We opt for one-class classifica-
tion in order to avoid modelling the background class; the
background class should include a very comprehensive set of
features collected from various images, which is impractical.
A classifier based on Gaussian mixture models (GMM) was
used. The pdf estimation was performed with the unsupervised
FJ algorithm because the number of mixture components is in
general unknown [29]. During the classification phase Gabor
filter responses were computed in all locations of the image,
and classified in each of the 10 classes. For each class the
classification results, i.e. pdf values, were sorted and a number
of the highest ranked were considered potential image features.
It must be noted that with certain types of signals Gabor filter
responses can be highly non-Gaussian (for example, responses
change very rapidly if the location of the filters is offset from
the centre of a perfect circle), and another type of classifier,
such as support vector machine (SVM) [33], may perform
better than a classifier based on GMMs.

3) Results for original images: Image features were ex-
tracted in a ranked order and a keypoint was considered to be
correctly extracted if it was within a pre-set pixel distance from
the correct location. The results with XM2VTS are presented
in Fig. 6. The distances are scale normalised, so that the
distance between centres of the eyes is 1.0 (see Fig. 4(b)).
With the old parameters, Fig. 6(a), not all image features can
be extracted within the distance of 0.05 on average, but at least
3 correct image features were included in the first 10 image
features (1 per each class) and by increasing the number to 100
a significant improvement was achieved (7 for 0.05 , 9 for 0.10
and 0.20). With the tuned parameters, Fig. 6(b), on average 4
correct image features were among the first 10 image features
within the distance limit of 0.05, but a significant improvement
was noted as the number of features was increased to 100: over
9 for 0.05 and almost all features found for 0.10 and 0.20. It
should be noted that accuracies of 0.10 and 0.20 are still very
good (Fig. 4(b)). Increasing the number of image features over
100 (10 per class) did not improve the results significantly,
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but for the tuned parameters, relaxing the distance threshold
to 0.10, almost perfect results were obtained with only 10 first
image features from each class. The accuracy is more evident
in the example images and the extracted features shown in
Fig. 7, where the non-optimal parameters typically provide
very accurate best feature, but the next best candidates spread
over the image to false locations. This problem does not
occur with the tuned parameters, that recognise the landmark
from its “neighbourhood”. It should be noted that the constant
background appearing in Fig. 7 generates many false alarms
and in general is more difficult than a textured background
since the illumination normalisation of the feature matrix tends
to produce undesirable artifacts in this case.
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Fig. 6. Accuracy of image feature extraction from XM2VTS test images:
(a) Old parameters; (b) Tuned parameters.
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Fig. 7. Examples of extracted features (left eye centre: blue, right eye outer
corner: green, left nostril: red, right mouth corner: cyan, 5 best feature for
each landmark numbered from 1 to 5): (a),(b),(c) Old parameters from [19];
(d),(e),(f) Tuned parameters.

4) Other features: To compare our Gabor features to other
popular and widely used methods another multiresolution
method, steerable filters [34], and recently introduced very
accurate (state-of-the-art results in face recognition) feature
descriptor, local binary patterns (LBPs) [11], were used to
replace the Gabors in our image feature localisation method.
It should be noted that the fast shift procedures can be
established for the steerable filters, but LBP requires slow
exhaustive search. Parameters of the two methods were corre-
spondingly optimised and executed to produce comparable re-
sults. The results are shown in Fig. 8. Both methods performed
very well, but the proposed method using Gabor features still

remained superior to them (Fig. 6(b)). The SIFT descriptor
was also tested, but due to its poor performance, explained
by its incompatibility for the given task, the results are not
reported.
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Fig. 8. XM2VTS results with: (a) Local binary patterns; (b) Steerable filters.

5) Complex vs. magnitude responses: The multiresolution
Gabor features as described in Section III use complex valued
feature responses. The majority of studies using Gabor features
utilise only the magnitude information due to its simplicity
in numerical computation. However, it can be demonstrated
that the loss of phase information impoverishes the feature
representation and results in the degradation of localisation
accuracy. This fact was experimentally confirmed by perform-
ing the previous experiment with response magnitudes only.
The results are shown in Fig. 9, where the decrease in the
performance is evident as compared to Fig. 6. Although the
magnitude only response works quite well provided that the
system parameters are tuned for the application in hand, and
this is the main reason for the persistent popularity of the
magnitude representation, the complex representation is far
superior.
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Fig. 9. Accuracy of image feature extraction from XM2VTS test images
(response magnitudes used instead of complex responses): (a) Old parameters;
(b) Tuned parameters.

The advantage of using complex (magnitude and phase)
instead of magnitude-only representation can be clearly seen
in Fig. 10, where responses of a single filter are plotted for
the left and right eye corners. In the complex plot the two
classes are clearly separable, but completely overlap in the
magnitude-only plot.

6) Likelihood vs. a posteriori: In Section IV we argued that
the likelihood value computed from the feature specific pdf’s
is the correct statistical measure to rank the features within
image. Here we demonstrate how the other natural option of
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Fig. 10. Scatter plots of Gabor filter responses for left and right eye corners.

using a posteriori probability values derived from the Bayes
rule fail to deliver good performance. This was achieved by
repeating the first experiment but using a posteriori values
to extract best image features instead. The results, shown in
Fig. 11, were fairly good (tuned), but still far from the accuracy
achieved using likelihood values in multiple hypothesis testing
(Fig. 6).
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Fig. 11. Accuracy of image feature extraction from XM2VTS test images
(posteriori values used instead of likelihoods): (a) Old parameters; (b) Tuned
parameters.

7) Results on artificially rotated and scaled images: The
main problem with XM2VTS data set was that faces did
not comprehensively cover different scales and rotations (see
Fig. 5), and therefore, the invariance properties of the image
feature extraction could not be verified. The results with
artificially rotated and scaled images in XM2VTS database
are presented in Fig. 12. The images in the test set were
randomly rotated between −45◦ to 45◦, and up-scaled by a
random factor between 1 to

√
2. First, the image features were

searched without using scale or in-plane rotation invariance
manipulations. The results for these tests are presented in
Figs. 12(a) and 12(b) for old and tuned filter bank parameters.
Second, in the image feature detection phase one scale-shift
and two orientation shifts (−1 step and +1 step) were applied.
For the old filter bank parameters this means that the scale-
shift is

√
2 and the orientation shifts −45◦ and 45◦, and for the

tuned parameters scale-shift is
√

3 and orientation shifts −30◦

to 30◦. The results for these tests are presented in Figs. 12(c)
and 12(d). Using scale and orientation shifts gives significantly
better results. The difference is especially noticeable with the
tuned parameters, Figs. 12(b) and 12(d).

8) Summary: It is noteworthy, that the accuracy of the
results with the tuned parameters correspond to the natural
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Fig. 12. Accuracy of image feature extraction from artificially rotated and
scaled images from XM2VTS test set; (a) old parameters - no invariance shifts;
(b) tuned parameters - no invariance shifts; (c) old parameters - invariance
shifts; (d) tuned parameters - invariance shifts.

variation in accuracy of the manual marking of different
humans, that is, the results cannot be improved as compared
with the current XM2VTS protocol. Furthermore, the merits
of using complex responses and likelihood in feature ranking
were also experimentally confirmed.

B. Banca face database
This experiment was performed using the English section

of a very challenging BANCA face database [1]. The English
part includes 6240 test images of significantly varying quality,
background and pose (including in-depth rotations). For the
training, XM2VTS and worldmodel images from English,
Spanish, Italian and French BANCA sections were used. The
total number of training images was 1600.

The results are presented in Fig. 13. The settings for the
filter bank were n = 3, m = 6, k =

√
3 and fhigh = 1/25

(“tuned”). The difference to the optimised parameters with
XM2VTS database was that higher frequencies were found
and only three different frequencies provided the best result.
The frequency changes were due to the larger scale variations
in the BANCA database images and the filter bank had to
be tuned for the smallest scales. The number of filter fre-
quencies was decreased to prevent the lowest frequency filters
including information from too large area, such as cluttered
background. One scale shift was used in the experiment. It
is evident that the BANCA database is much more difficult
since the accuracy decreased from the average of more than
9 to less than 6 correct image features within the distance
of 0.05 (10 features per class). The spatial search may still
succeed since the minimum number of requested features is
3 (affine transformation). Some detections results including
poorly detected features are shown in Fig. 14.
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Fig. 13. Accuracy of image feature extraction from the English section of
BANCA database (only tuned parameters).
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Fig. 14. (a-c) Examples of extracted features (BANCA).

C. Commercial license plate database
To demonstrate the generality of the method, it was also

applied to detect corners of car license plates captured using
standard traffic camera for this purpose. Due to the lack of pub-
licly available license plate databases a commercial database
was used. 200 images captured during a randomly selected
date were used as the training set where the groundtruth
was manually marked (four corners, Fig. 15(a)). 400 images
captured during another randomly selected date were used
in testing. Similarly to the face detection example, the lo-
calisation distance was normalised according to the distance
between two ultimate corners of the license plate. The measure
is illustrated in Fig. 15 (3 small circles in the upper left corner).

1 2

3 4

(a) (b)

Fig. 15. License plate database: (a) Example image where corners marked
with green circles (b) Demonstration of accuracy measure for license plate
localisation (green circles in the upper left corner).

Since the corner provides a very salient image feature,
the localisation after parameter tuning is extremely accurate
(Fig. 16). By using the detected corners it is very easy to
detect the whole license plate for further processing. Examples
of detected license plate features are shown in Fig. 17.

VII. CONCLUSIONS

In this study, we proposed a method for accurate and
efficient localisation of local image features which makes a
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Fig. 16. Accuracy of image feature (license plate corner) extraction (only
tuned parameters). Please note that for d = 0.05, the accuracy reaches 93%

with only one (highest rank) image feature extracted.
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Fig. 17. Examples of extracted features (left upper corner: blue, right upper
corner: green, left lower corner: red, right lower corner: cyan, 5 best features
for each class numbered from 1 to 5): (a) night scene; (b) day scene.

significant contribution to the problem of feature based object
detection and recognition. The proposed method is supervised
and is based on multiresolution Gabor features and statistical
ranking using multiple hypothesis testing. The input of the
method are training images and manually marked locations
of different image features in the training images. Using the
training data all the parameters can be automatically adjusted.
The trained system can be used to localise the features in
observed images in a translation, rotation (in-plane), scale and
illumination (constant factor) invariant manner, and the system
is also robust to small pose (affine) changes. The method is not
tied to any specific application and can be used for localisation
of image features of any type. The authors believe that no
competing method with a comparable localisation accuracy is
currently available.

The main shortcoming of the method is its supervised nature
requiring manually annotated image features (landmarks), and
therefore, the problem of automatic selection of the best image
features will be addressed in the future research. Accordingly,
the next processing step, establishing an accurate and efficient
spatial search over the extracted image features, will be under
investigation.
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