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Abstract—A number of computer vision problems such as
object detection, pose estimation, and face recognition utilise local
parts to represent objects, which include the distinguished infor-
mation of objects. In this work, we introduce a novel probabilistic
framework which automatically learns class-specific object parts
(landmarks) in generative-learning manner. Encouraged by the
success in learning and detecting facial landmarks, we employ
bio-inspired multi-resolution Gabor features in the proposed
framework. Specifically, complex-valued Gabor filter responses
are first transformed to landmark specific likelihoods using
Gaussian Mixture Models (GMM), and then efficient response
matrix shift operations provide detection over orientations and
scales. We avoid the undesirable characteristic of generative
learning, a large number of training instances, with the novel
concept of randomised Gaussian mixture model. Extensive ex-
periments with public benchmarking Caltech-101 and BioID
datasets demonstrate the effectiveness of our proposed method
for localising object landmarks.

I. INTRODUCTION

Providing detection of specific object parts, such as “a tyre of
a car” has its significance in a number of computer vision
problems such as object detection [1]–[4], pose estimation
[5]–[7], and face recognition [8], [9] utilising the part-based
representation. The motivation of detecting object parts are
under the assumption that a small set of parts contain sufficient
discriminative information. However, localising object parts
remains challenging due to the variant appearance of object
parts as well as the changes of illumination and viewing angles.

Recently, part-based methods [1]–[3] implicitly modelling
the spatial relationship between object parts have proved the
success in visual recognition. In their methods, shared visual
codebooks [10] are constructed based on either interest region
detectors [11], [12] or dense sampling [13], [14]. However, the
discriminative information of object parts, which can play an
important role (verified in fine-grained visual recognition [2]),
are missing due to failing to localise object parts explicitly. We
propose a novel approach in this work: generative learning of
(probabilistic) models of object parts represented by sparse
landmarks, and their automatic detection (see Figure 1 for the
illustration). Our method learns effective detectors from a small
set of positive examples.

A. Related work
Implicit object parts detection – The part-based approach
for object or object category description, detection and clas-
sification, assumes that objects can be represented as rigid
or deformable constellations of local parts. In the part-based
approach, some distortion types, such as pose invariance
(rotation, scale, translation), are easier to realise on the local

Figure 1. A flowchart showing the difference between our and the original
approaches.

part detection level, and some other distortions, such as the
occlusion, on the constellation matching level. In [15], similar
to the concept of our work, Gaussian derivatives (steerable
filters) were adopted and part pdf’s were estimated by a sin-
gle diagonal Gaussian. Manually annotated landmarks inside
objects are used in the method by Bergtholdt et al. [16].
They use the scanning window approach, extract various
features, and use randomised classification trees to classify
each location into a specific part class. Tree outputs are also
transformed to heuristic scores. However, the distinguished
information provided by object parts in part-based models [1]
cannot also explicitly localise the object parts having semantic
meaning. In the light of this, our method can be viewed as
a learning and detection pipeline to explicitly provide the
locations of parts, where the multi-resolution Gabor features
can be replaced with other local image descriptors, such as
steerable filters [17] or local binary pattern (LBP) [18]. These
were experimentally compared in our previous work [19],
where the multi-resolution Gabor features obtained superior
results. Moreover, the learning part could be replaced with
any classifier, but in our experiments the proposed Gaussian
mixture model pdf estimation outperformed, for example,
support vector machines [20] and no negative examples are
needed.

Multi-resolution Gabor feature – Our method utilises multi-
resolution Gabor features which have been particularly suc-



cessful in many computer vision and image processing ap-
plications, especially in biometrics: iris recognition [21], face
recognition (two best in [22]) and fingerprint matching [23].
Traditionally, Gabor features have been considered as texture
descriptors [24]–[26], but also encoding of local object parts
was one of the first applications, e.g., in the dynamic link
architecture by Lades et al. [27] and its extension to elastic
bunch graph matching [28]. In this work, we utilise a matrix
structure of Gabor responses referred to as multi-resolution
Gabor feature or simple Gabor feature space [29], which
enable efficient row- and column-wise shifts to search local
parts over varying scale and orientation. The multi-resolution
Gabor responses are transformed to object part conditional
probability likelihoods using Gaussian mixture models [30].

Contributions – The main contributions and novelties of our
work are four-fold:
• We propose an alternative approach to interest point and

dense sampling based approaches – an explicit probabilis-
tic “vocabulary” of object parts.
• We developed a feature selection procedure which uses

much more Gabor filters than used in existing literature
and thus exploits the power of Gabor space in full.
• To overcome the problem of rapidly increasing number

of training examples due to a large number of Gabor
features, we constructed a novel random forest inspired
generative learning procedure which learns effectively
from a small number of examples: randomised Gaussian
mixture model.
• We designed a likelihood-driven part detection procedure

with efficient non-maximum suppression.
The effectiveness of our approach is verified in the extensive
experiments and full source codes, experiment scripts and data
will be made publicly available.

II. MULTI-RESOLUTION GABOR FEATURES

The core element is the 2D Gabor filter function [31]:
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where f is the central frequency of the filter, θ the rotation
angle of the Gaussian major axis and the plane wave, γ the
sharpness (bandwidth) along the major and η along the minor
axis. In the given form, the aspect ratio of the Gaussian is
η/γ. This function has the following analytical form in the
frequency domain
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v′ = −u sin θ + v cos θ .
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In the spatial domain in (1), the Gabor filter is a complex
plane wave (a Fourier basis) multiplied by an origin-centred
Gaussian, and in the frequency domain in (2), it is a single
real-valued Gaussian centred at f . The multi-resolution forms
and parametrisation in (1) and (2) are used in this work.

Multi-resolution Gabor features (Figure 2) are constructed
from responses of the filters in (1) or (2) by using multiple fil-
ters on several frequencies fm and orientations θn. Frequency

corresponds to the scale and is thus drawn from [19]

fm = k−mfmax, m = {0, . . . ,M − 1}

where fm is the mth frequency, f0 = fmax is the highest
frequency, and k > 1 is the frequency scaling factor. The filter
orientations are drawn from

θn =
n2π

N
, n = {0, . . . , N − 1} .

(a) (b) (c)

Figure 2. Multi-resolution Gabor feature: (a) M = 4 orient. and N = 3 freq.,
(b) the base frequency fmax increased, (c) the scaling factor k increased.

A. Feature matrix
Instead of a patch of pixels used by the popular descriptors

such as SIFT [32], we do not fix the patch size, but only
fix the centroid of a part and describe the part by multi-
resolution Gabor feature at the centroid point. This provides
computational simplicity for processing.

The multi-resolution Gabor features at (x0, y0) can be
arranged into a matrix form

F =

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

...
...

. . .
...

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


where rows correspond to responses on the same frequency
(f0 = fmax) and columns correspond to responses at the same
orientation (θ0 = 0◦). Despite computation in a single location,
every filter “sees” to its vicinity defined its effective bandwidth
(the Gaussian envelope controlled by γ and η). The property
which makes multi-resolution Gabor features computationally
attractive is the fact that simple row-wise and column-wise
shifts of the response matrix correspond to scaling and rotation
in the input space [29].

III. LEARNING GENERATIVE PART MODELS

The key steps of our procedure depicted in Figure 1 are:
i) transformation of all training images to the aligned object
space (Sec. III-A), ii) extraction of Gabor features at part loca-
tions (Sec II), iii) probability density (pdf) estimation using the
randomized Gaussian mixture model procedure (Sec. III-B).
These steps will be described in the following.

A. Aligned object space
In order to remove pose variation of objects in the training

images (see Figure 3) we establish a normalised object space
for each class and transform all training images to the space.

We could fix the coordinates of some landmarks similar
to [33], but since that would re-distribute the spatial variation
of the fixed landmarks, we adopt the mean shape concept
proposed by Cootes et al. [34]. Our mean “shape” process
using the parts is given in Algorithm 1 (see Figure 3 right-
hand-side for the result).



Figure 3. From left: a class example with annotated parts (Caltech-101
motorbike), all examples in the original coordinates (yellow: the example)
and all examples in the aligned space (yellow tags).

Algorithm 1 Aligned mean object space.
1: Select a random seed image and use its landmarks as the initial

object space.
2: for all images do
3: Estimate homography to the object space (e.g., using

Umeyama’s method [35]).
4: Transform image landmarks to the object space.
5: Refine the object space by computing average of transformed

landmarks.
6: end for
7: Return the mean object space and transform all images and

landmarks.

B. Randomised Gaussian Mixture Model PDF
The standard workflow of Gabor features (“original ap-

proach” in Figure 1) is feature extraction using a fixed “bank”
of Gabor filters, concatenation of responses to a feature vector
f , post-processing (e.g. f̂ ← abs(f)) and input features to a
classifier.

We have chosen the statistical approach and model each
part Pi as the probability density function (pdf) p(f |Pi).
For efficiency we adopt parametric density estimation and in
particular the Gaussian mixture model

p(x;θ) =

C∑
c=1

αcN (x;µc,Σc),

where αc is the weight of the cth component and
∑C
c=1 αc =

1. It is noteworthy that we do not perform post-processing
but utilise directly the complex-valued Gabor responses (f ∈
CD) and complex-valued version of the D-dimensional Gaus-
sian [36]

NC(x;µ,Σ) =
1

πD|Σ|
exp

[
−(x− µ)∗Σ−1(x− µ)

]
.

The pdf parameters to be estimated are

θ = {α1,µ1,Σ1, . . . , αC ,µC ,ΣC} .

which has total of

C(D2 + 3D) + C − 1

free parameters. In our previous works, we compared several
different algorithms and found that the maximum-likelihood
estimation by the standard expectation maximisation (EM)
algorithm [37] is the best if the number of components C
is known. That, however, is not the case in practise and thus
unsupervised GMM methods need to be employed. We tested
the two popular methods, the method by Figueiredo and Jain
(FJ) [38] and greedy EM (GEM) by Verbeek et al. [39], and in
our experiments the FJ algorithm generally performed better
and was more stable with limited data.

Randomisation procedure – For some of the classes in
publicly available benchmark datasets (Caltech-101, Caltech-
256, Pascal VOC) the number of training images is small,
for example, only tens of images. In that case, the maximum
likelihood estimation fails or overfits. The overfitting occurs
with any classifier and the standard procedure is to limit the
size of the Gabor bank (number of frequencies/orientations).
In the existing literature, we did not find any method with a
flexible number of Gabor features, but always the number of
orientations and frequencies [40]–[42] was constant. A fixed
set, on the other hand, is always a compromise over all classes
– the bias-variance tradeoff.

Figure 4. Left: a small fixed size Gabor feature bank used, e.g., in [19];
Right: a large set with the optimal combination of 9 by the proposed method.

We want to use a large number of Gabor features and
at the same time avoid overfitting in the GMM estimation.
With a small number of examples and a large number of
features the problem becomes low bias and high variance. The
standard tools to circumvent this issue are bagging, boosting
and randomisation. Inspired by the success of similar extension
to decision trees, random forests [43], we decided to apply
bagging and randomisation to Gaussian mixture models: ran-
domised Gaussian mixture models. Our randomised learning
procedure is given in the pseudo code in Algorithm 2.

Algorithm 2 Randomised GMM pdf of Gabor features.
1: Apply 4-fold randomisation of the training data
2: Apply a big bank of Gabor filters to all annotated parts of the

category C
3: for T iterations do
4: Randomly select K Gabor filters and use them as features
5: Estimate GMM with the selected features
6: Evaluate and store landmark detection results over the 4-fold

validation set
7: end for
8: Prune the same or too similar filter combinations
9: Choose the B best filter sets and form their combination

The big bank of Gabor filters allows full exploitation
of the Gabor feature space. Nevertheless, the big pool of
Gabor filters makes detections more complicated, as filters
with neighbouring frequencies and orientations will give sim-
ilar responses, lowering accuracy of detections. We allow
each landmark of each object to have its unique frequency
and orientation representation (Figure 4). Thus, to solve the
problem of neighbouring Gabor filters, avoid deficiency in
training data and provide the most discriminative landmark
representation, we suggest to select K Gabor filters from
the bank randomly. The procedure is repeated T times for
each landmark of each object. Based on the 4-fold landmark
detection evaluation of each trial on the training data, the
combination of the B best sub-banks are selected to represent
each landmark. The chosen Gabor filters are then applied



to each pixel of the image and transformed into likelihood
maps with the corresponding GMM. In our implementation, FJ
GMM algorithm is successfully trained for all of the categories
with K = 9 Gabor filter responses.

IV. PROBABILISTIC DETECTION OF OBJECT PARTS

Since the representation of each part is now encoded into B
random Gaussian mixture models in the aligned object space,
we need an efficient and effective procedures to combine the
likelihoods of each GMM and non-maximum suppression to
select the best candidates over the whole image. The pseudo
code of our detection procedure is in Algorithm 3

Algorithm 3 Detection using rand-GMM & Gabor features.
1: Apply B sets of K Gabor filters
2: Compute B likelihood maps using the estimated GMMs
3: Threshold each likelihood map to retain the proportion of P1

highest likelihoods
4: Compute the product likelihood of the B thresholded maps
5: Apply recursive global maximum search with suppression

As each of the B (B = 5 in our experiments) K-
dimensional random feature GMMs miss some part of the
landmark’s description, the result classifier tend to overfit pro-
ducing a lot of false positives (Figure 5 2nd row). Therefore,
to suppress undesired false positives, we utilise the most strict
combination rule of classifiers - the product rule [44]. Another

Figure 5. 1st row: Image of a car side with annotated part: front wheel.
2nd row: 5 thresholded likelihood maps, corresponding to the part. 3rd row:
Final likelihood map from which candidates are sampled. Colours encode the
likelihood values.

procedure used for suppressing false positives is thresholding
(P1 = 40% in our experiments), applied before the product
is calculated. Finally, the pixels with the highest product
likelihood values correspond to the best candidates of each
landmark. Hence, we should find peaks of the separate modes
(local maximas). For that we use a simple but efficient iterative
global maximum search with consecutive suppression. The
suppression procedure is based on the discrimination ability
of Gabor filters related to the lowest frequency of the bank.
Our simple method returns candidates until the whole spatial
space is covered. Consequently, for the very discriminative
landmarks, we have just a few distinctive peaks leading to a
few candidates, and for less discriminative landmarks, we may
have a large amount of lower peaks and more candidates. As

a result, our method produces different amount of candidates
for the landmarks based on their certainty, trying not to skip
any correct location even if it leads to producing several
outliers. In this sense, our approach deviates from all other
works significantly, as the number of landmarks is not fixed.
It is also noteworthy, that for some classes non-discriminative
landmarks still produce the best detection.

V. EXPERIMENTAL RESULTS

Data and Parameter Settings – For experiments, we selected
natural and divergent categories from the Caltech-101 dataset.
Images of each category have been randomly assigned into
approximately equal sized training and testing parts. Our
method tolerates small amount of training data, thus in our
experiments we have used categories with the number of train-
ing images from 28 to 406. Categories selected from Clatech
101 are: airplanes (406 train/394 test images), car side (58/65),
dollar bill (28/24), faces easy (206/229), motorbikes (377/412),
revolver (41/41), stop sign (30/34), watch (118/121), yin yang
(30/30), menorah (43/44), grand piano (49/50) and dragonfly
(34/34). Our method is also tested on BioID face database con-
taining 1521 images with human faces (507/1024), recorded
under natural conditions, i.e. varying illumination and complex
background. Faces in the images vary in size, have different
facial expressions, facial hair and glasses, belong to different
gender and racial groups. We use FGnet Markup Scheme of
the BioID Face Database, which have 20 landmarks useful for
facial analysis and recognition [45]–[47].

Performance Evaluation – To the authors’ best knowledge
no performance evaluation method for local part detection has
been proposed. Our method derives from the deye-measure
which is used for measuring face localisation accuracy [48],
[49]. Our metric computes distances from predicted coordi-
nates of the object parts to the groundtruth coordinates that
are normalised by the diagonal of the corresponding bounding
box. For the object detection purposes, the normalised distance
≤ 0.05 is considered as excellent, ≤ 0.10 good and > 0.25
as a failure (thresholds are adopted from face detection [48],
[49]). Using these fixed thresholds, we can suggest a number
of the best landmark candidates and test if any of them falls
within the thresholds. The sooner the correct landmarks are
fetched, the better. As a result, we can plot either a cumulative
detection curve, or detection bars. The curve denotes how fast
the correct landmarks are found by increasing the number
of fetched landmarks. While the graph reports on landmark
level, detection bars report on image level, i.e. for how many
images at least some number of landmarks are detected. These
performance graphics are illustrated in Figure 6.

Results – The detection bars for all Caltech-101 classes are
shown in Figure 6 and some typical detection examples in
Figure 7. From the results we see that the method provides
almost perfect results for the faces class. The second best
category is motorbikes and the third airplanes. These three
are the classes with the largest amount of training images.
The difference between faces (for 0.10 almost all landmarks
were detected in all images), motorbikes ( 97%) and airplanes
( 95%), can be explained by the fact that the faces class is
much more easier as compared to the motorbikes and airplanes
which contain many sub-classes. Results for the best classes
are followed by yin yang and stop sign, classes with the
most simple structure. The worst performing class is dragonfly,



which have the biggest appearance variation with only few
training examples.

Figure 6. Caltech-101 landmark detection (left: cumulative detection graph,
right: detection bars for 10 best candidates). From top down, from left to
right: faces, car side, airplanes, motorbikes, revolver, watch, yin yang, stop
sign, grand piano, menorah, dollar bill, dragonfly.

BioId is a face database used for recognition of persons
and facial expressions, thus requiring very precise landmark
detection. In the case of BioID deye, distance between two
eye centres, was used for normalising distances (instead of
bounding box diagonal as in Caltech-101). We also added an
extra error threshold (0.15) to capture details of the detection
curve in Figure 8. Even though only 23% of images have
all 20 landmarks detected with precision 0.05, already 77%
have detections with precision 0.15 which is already visually
plausible.

Figure 7. Caltech-101 landmark detections. Left-most image shows all
landmarks and on the right are examples for 10% best detection likelihoods
of airplanes (lm #2), Motorbikes (lm #3), stop sign (lm #1) and revolver (lm
#5) .

Figure 8. Top left: Detection precision regions. Top right: BioID faces
landmark detection results. Bottom: Example detections in different scale and
illumination conditions.

VI. CONCLUSION

The bio-inspired Gabor features have been particularly
successful in many computer vision problems. In this work,
we adopted Gabor features and unsupervised Gaussian mixture
models to define a probabilistic detector of local object parts.



Our work deviates rather strongly from other similar works
since we do not limit the size of Gabor feature space, we
learn the detector from positive examples only and provide
both the full likelihood map and the best candidate points.
To overcome the problems of curse of dimensionality due
to a large number of Gabor filters and overfitting due to a
small number of examples, we proposed effective and efficient
learning and detection procedures utilising the novel concept
of random Gaussian mixture models.
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