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Abstract. In order for recognition systems to scale to a larger number of
object categories building visual class taxonomies is important to achieve
running times logarithmic in the number of classes [1, 2]. In this paper we
propose a novel approach for speeding up recognition times of multi-class
part-based object representations. The main idea is to construct a taxonomy of constellation models cascaded from coarse-to-fine resolution and
use it in recognition with an efficient search strategy. The taxonomy is
built automatically in a way to minimize the number of expected computations during recognition by optimizing the cost-to-power ratio [3]. The
structure and the depth of the taxonomy is not pre-determined but is
inferred from the data. The approach is utilized on the hierarchy-of-parts
model [4] achieving efficiency in both, the representation of the structure
of objects as well as in the number of modeled object classes. We achieve
speed-up even for a small number of object classes on the ETHZ and
TUD dataset. On a larger scale, our approach achieves detection time
that is logarithmic in the number of classes.

1

Introduction

Representing objects as spatial layouts of simpler parts has been shown as an
effective way of modeling generic object classes [5–7]. In order to recognize and
detect a larger number of object categories in images, several works have proposed feature sharing among the objects to achieve better generalization as well
as to cut down computation time [5, 7]. However, these approaches still run with
time linear in the number of classes [8], since they need to scan the (shared)
feature space with a detector for each class separately. In contrast, visual class
taxonomies [2, 9] induce a hierarchy over the class labels: usually a hierarchical
tree of classifiers is used to achieve recognition complexity logarithmic in the
number of classes [1].
In this paper we propose a novel approach for speeding up multi-class object
detection based on part-based object representations [10, 7] by constructing a
visual taxonomy of constellation models cascaded from coarse-to-fine resolution
?
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Fig. 1: A hierarchical tree of coarse-to-fine constellation models. M ’s denote the models,
T ’s denote the tests (detectors for the models), explained in Sec. 4.1 and 5. The leaf
nodes (object class models) are assumed known (we use [4] to learn them), whereas all
the other models in the taxonomy are obtained automatically, by clustering the object
models in the leaves. The depth and structure of the taxonomy are learned.

(Fig. 1). The taxonomy is generative, where each object class can be generated
by following a particular path in the hierarchical taxonomy tree. The taxonomy
is constructed by clustering a set of object class models into a hierarchical tree
of increasingly coarser constellation models both in terms of structure as well as
in the appearance of parts. The tree is built automatically in a way to minimize
the number of expected computations during recognition by optimizing the costto-power ratio [3]. The structure and the depth of the taxonomic tree are not
pre-determined but are inferred from the data. During recognition, our approach
uses the learned taxonomy to prune the search space in a coarse-to-fine fashion,
starting from the root using the depth-first search algorithm.
The approach is utilized on the hierarchy-of-parts model [4] achieving efficiency in both, the representation of the shape of the objects (by using a hierarchy of shareable shape features that gradually progress in complexity) as well as
in the number of modeled object classes (by inducing a taxonomy over the class
labels). Compared to the baseline [4], we demonstrate good speed-up even for a
small number of object classes on the ETHZ [11] and TUD dataset [12]. On a
larger scale (Caltech 101 [13] and LabelMe [5]), our approach achieves detection
time that is logarithmic in the number of classes.

2

Related work

Prior work on multi-class object recognition is mainly concerned with speedingup classification approaches [1, 8, 14], while our goal here is to speed-up generative, part-based object class models. Nevertheless, the ideas behind these
approaches are related to ours. Zhender et al. [14] employ a hierarchical cascade of classifiers, while [8] translates the classification stage into matching in
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a high-dimensional vector space, where fast, scalable solutions exist. Similarly,
Stewenius and Nister [15] build a hierarchical cluster tree in the vector space
(representing descriptor appearance) in an image retrieval scenario. Our problem is substantially different since we are dealing also with object geometry.
Bart et al. [9] build a taxonomy of images represented as bags of visual words
in an unsupervised manner by learning a hierarchical tree of topic models. Their
taxonomy is generative like ours, however, they are dealing with taxonomy of
images and not objects and the representation does not take into account the geometry between features. Closer to our approach is the work by Sivic et al. [2],
where the authors build a taxonomy of increasingly coarser object representations both in terms of the spatial layout (fixed grid with varying degree of
resolution) and appearance (by varying the degree of clustering of SIFT features) using a Hierarchical LDA model. In our approach we use the constellation
model [16, 10, 4] as the means to represent the objects and show how to build a
generative taxonomy of increasingly coarser constellations.
Our work is also related to coarse-to-fine model matching which has appeared
in many forms in the literature. Gavrila [17] proposed a method for hierarchical
clustering of object templates and applying the cascade to speed-up template
matching in the domain of pedestrian detection.
In [18], the authors propose a cascade of detectors based on the constellation
model to detect specific instances of objects. Similarly as in our approach, the
detectors are cascaded in a coarse-to-fine resolution, however, the coarsening of
the spatial grid is pre-defined, while in our approach the coarsening of both the
location and appearance is learned by optimizing the cost-to-power ratio on a
set of training images. We also deal with generic object classes.
Amit and Geman [19] learn “spread” tests to check multiple object hypotheses simultaneously. Spreading corresponds to OR-ing (disjunctions) the locations
of simple oriented edges so that the conjunction of these coarsely positioned features is common (shared) among several object classes. In our approach the
spreading (OR-ing) is done in both location as well as in appearance making the
method generally applicable to part-based models.
Our work builds on some of the theoretical ideas on coarse-to-fine search
strategies [3, 20]. We apply them to our particular problem, which is building
visual taxonomies of object classes for part-based object representations.
Note that our constellation-based object taxonomy differs from hierarchical
representations of object structure [4, 21]. Here we induce a hierarchy on the
object class labels, while [4, 21] deal with a hierarchy of shape features.

3

Overview and contributions

The problem we are tackling is multiple object class detection using part-based
object representations, in particular the constellation-type models [16, 10]. We
assume that we have available constellation models for a set of object classes
and we want to perform recognition with them in arbitrary images (we do not
know which objects are present in an image). In the original approach [16, 10],
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a detector for each class separately needs to be run on a query image resulting
in recognition times linear in the number of modeled objects.
The novel idea of this paper is to speed-up recognition by using a generative
taxonomy of constellation object detectors organized hierarchically in a coarseto-fine manner. Recognition will proceed from the root down by first employing
a small set of coarse detectors and pruning improbable search paths. Performed
in this way, the detectors in the leaves, which are the given object class models,
will rarely be implemented, thus speeding up the overall recognition procedure.
This paper makes three novel contributions:
1. Representing a visual taxonomy of object classes with a coarse-to-fine
taxonomy of constellation models.
2. Automatic construction of the taxonomy by minimizing the expected
number of computations during recognition. We will build on the coarse-tofine search strategies proposed by Blanchard and Geman [3].
3. Combining the class taxonomy with a structure hierarchy for fast
multi-class object recognition.
The approach is organized as follows. In Sec. 4 we present the representation
of the constellation taxonomy which will be referred to as the taxonomic constellation tree (TCT). Sec. 5 explains the recognition procedure using TCT. In
Sec. 6 we propose an approach to automatic construction of the TCT model.

4

Representation: coarse-to-fine constellation taxonomy

Let C be a set of classes. We assume we have available a constellation-type
model [10] Mc for each class c ∈ C, the collection of which forms our database
M = {Mc }c∈C of object models. Note that each object class can be represented
with (a mixture of) multiple models (e.g. a model per view or object articulation), however for the ease of exposition, we assume the existence of one model
per class. We first define the basic constellation model in Subsec. 4.1. In Subsec. 4.2 we propose the representation using a taxonomic constellation tree.
4.1

The probabilistic constellation model of objects

From a query image I a set of features F along with their locations X is first
extracted. We assume that features are discrete, i.e., each feature in F is characterized by type (e.g. a particular shape or visual word). The set of all feature
types forms a vocabulary. We assume the object models to have a star topology,
although the approach can be easily extended to more complex topologies.
Each model represents an object class as a collection of parts and spatial
relations among them. We follow [10] to define the model. Each class c ∈ C is
represented with a model Mc = (Pc , θcapp , θcg ), Mc ∈ M, which has Pc parts,
appearance parameters θcapp for the parts, and geometry parameters θcg , where
the positions of all parts are conditioned on the position of a so-called reference
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part, but are mutually independent conditionally on the reference part. We additionally define the assignment variable h of size Pc , which assigns some features
in F to the parts in the model Mc .
The joint density is factored as follows [10]:
p(F, X, h|c, Mc ) = p(F|h, c, Mc ) p(X|h, c, Mc ) p(h|c, Mc )
|
{z
}|
{z
} | {z }
appearance

geometry

occlusion

For the appearance term we have the following factorization:
p(F|h, c, Mc ) =

Pc
Y

app
)
p(F(hi ) | c, θci

(1)

i=1

We will assume that each part corresponds to one feature type or is modeled as
app
) > 0 for a
a distribution over a small number of feature types, i.e. p(f | c, θci
small number of all types f in the vocabulary.
The geometry term can be factorized as follows:
Y
g
p(X|h, c, Mc ) = p(xR |hR )
p(xj |xR , hj , c, θcj
),
j6=R

where R denotes the reference part. The distribution pjR := p(xj |xR , hj , c, θcj ) is
taken to be Gaussian [10, 4], i.e., pjR = N (xj − xR | θcj ), where θcj = (µcj , Σcj ).
In recognition, a decision whether an object of class c is present in an image
(at a particular location) or not is made on the likelihood-ratio [16]:
P
p(F, X, h|c, Mc )
p(c|F, X)
∝ h
,
(2)
p(B|F, X)
p(F, X, h0 |B)
where B denotes the background (“no object of class c present”) and h0 is the
null hypothesis explaining all features as background. The occlusion term can
be defined as in [10], however, we will not explicitly deal with it in this paper.
4.2

A coarse-to-fine taxonomic constellation tree (TCT)

Our approach exploits the fact that constellation models for similar object classes
have (or share) similar spatial arrangements of parts (of possibly similar appearance) and can thus be grouped in a natural way: we can design “coarse” constellations that capture the distribution over multiple object classes. In particular,
we will cluster the models in the database M to obtain a hierarchical tree H of
constellations, where the constellations close to the root are coarse in both geometry and appearance and span the distribution over a larger number of object
classes, while the constellations closer to the leaves are more specific. The leaves
of the tree contain the given object constellation models from M. This induces
a taxonomic organization on object classes which will be used during detection
to speed-up the computations. Fig. 1 illustrates H.
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A taxonomic constellation tree (TCT) H is represented with a tree graph,
H = (V, E), where each node ξ ∈ V in the tree contains a model Mξ =
(Pξ , θξapp , θξg ) and a corresponding test Tξ (which will be explained in more detail
in Sec. 5). The leaves of the tree correspond to the object models Mc ∈ M and
are assumed to be known in advance. All other models in the tree are obtained
by hierarchical clustering of the models in M. By definition, the root node will
be set at level 0 of the tree.
Define the domain D(Mξ ) of a model Mξ to be the set of object classes {c},
such that the likelihood p(I(c)|Mξ ) of observing an image I(c) of any of these
classes under the model Mξ is non-zero, or rather, higher than a threshold τξ
(discussed in Sec. 5): D(Mξ ) = {c ∈ C : p(I(c)|Mξ ) > τξ }. A node ξ from level
` is a parent of node η from level ` + 1 below, if the domain of the model Mη
is entirely contained in the domain of Mξ : D(Mη ) ⊂ D(Mξ ). This means that if
the likelihood of class c is high under Mη it must also be sufficiently high under
its parent Mξ . Thus a model that has multiple children spans a distribution over
multiple object classes, and the variances of the distribution in both appearance
of parts as well as their geometry have to be large enough to accommodate for
this. In the root node, we put a “trivial” model M0 that has only one part, where
θ0app is uniform over the feature space and θ0g is trivial.

5

Efficient inference

The main purpose of TCT is to reduce the number of full object class models
that need to be evaluated at a particular region in an image during recognition.
To achieve this we will evaluate TCT from the root down in a depth-first search
manner and prune the improbable search paths (the unlikely object hypotheses).
For the purpose of pruning, we will construct a binary computationally inexpensive test Tξ for each model Mξ in H. The test will be, during recognition,
used to form a decision whether the children of the model Mξ should be further
explored or not. A test will yield a value 1 if the finer hypotheses (the children
of ξ) are “worth” evaluating further, and 0 if the entire subbranch of hypotheses
can be reliably eliminated from the search process. During training, each test will
be designed to have no missed detections, at the expense of having some false
positives. This idea is adopted from [19]. The false positives during recognition
mean that some search paths will get explored even though the corresponding
object classes might not be present. If some search path ends in a leaf (meaning
that no parents yielded a negative answer), the likelihood-ratio as defined in (2)
will be evaluated for the corresponding object class model and a full probabilistic
decision will be made on the presence or absence of an object.
A test Tξ (I) will take the following form:

Tξ (I) = 1 Jξ (I) > τξ , where
(3)
Jξ (I) = max p(F, X, h | ξ, θξ )
h

where 1(·) is the indicator function. It checks whether the most probable hypothesis under the model Mξ is higher than a particular threshold τξ . We use
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the max instead of a sum (which would correspond to the image likelihood under the model Mξ ) since it allows for further speed-ups as discussed below. If
the probability of the most likely hypothesis is too small the test will be 0 and
none of the children of Mξ in the TCT will be evaluated further. If Tξ (I) is 1
the children of Mξ get tested in a similar way. We adopt a depth-first search as
in [3, 20], meaning that the child µ with the highest value of Jµ is explored first.
By using the tests as defined in (3), we assume the existence of thresholds
τξ which effectively separate the “foreground” (classes in the domain D(Mξ ))
from the “background”, similarly as in [19]. As in [19], the thresholds τξ will be
learned such that the probability of a missed detection will be 0 (or close to 0):
p Tξ = 0|D(Mξ ) = 0, while the number of false positives will be sufficiently
small: p(Tξ = 1|background, Mξ )  1.
For further speed-up, we additionally define the individual likelihoods of
app
the appearances and geometry under Mξ : Jξ,j
(I) = maxhj p(F(hj )|Mξ ) and
g
Jξ,j (I) = maxhj p(xj |xR , hj , Mξ ). While evaluating the tests in an image we can
exploit the factorization of p(F, X, h | ξ, θξ ): since the overall probability Jξ (I)
app
should exceed the threshold τξ , each of the individual probabilities Jξ,j
(I) and
g
Jξ,j (I) in the product should also satisfy this condition. This limits the allowed
geometry to a small region making computations fast, while at the same time
quickly prunes off assignments where the individual likelihoods are small.

6

Learning the taxonomic constellation tree

Given the database of object class models M, our goal is to construct a taxonomic constellation tree H by optimizing its expected run time on a set of
training images. We adopt some of the conceptual ideas from [20, 3], i.e., optimizing the power-to-cost ratio to learn the representation.
We first introduce the notation. Let H` = (V ` , E ` ) denote the subgraph
of H at level ` with the set of models M` and tests T ` defined in the nodes
V ` . Denote with θg,` and θapp,` the parameters of the models at level ` and
with V ` the vocabulary of feature types at this level. Further, let B(Mξ ) denote
the background interpretation under Mξ , which is any interpretation outside
of the model’s domain D(M
 ξ ). Define the missed detection rate of a test with
α(Tξ ) = p Tξ = 0|D(Mξ ) . Each test will be assigned a cost denoted with
t(Tξ ), which can be measured with dedicated CPU time, and power denoted
with β(Tξ ) = p Tξ = 0|B(Mξ ) . The power is thus the selectivity of the test.
It is shown in [3], that under certain conditions, a sufficient condition for the
optimality of the coarse-to-fine search is:
∀ξ ∈ V :

t(Tξ )
≤
β(Tξ )

X
η=child(ξ)

t(Tη )
,
β(Tη )

(4)

which will motivate our learning objective function. The tree will be built from
the leaves up. The models at a particular level ` will be obtained by clustering
the models from the previous level, ` + 1 (the root node will be at level 0). Each
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(clustered) model Mξ ∈ H` will be evaluated with respect to the effectiveness of
its corresponding test (detector) Tξ .
Assume we already have a model Mξ . Its test Tξ (which has one parameter: a
threshold τξ ) is learned as follows. Since we want the missed detection rate to be
close to zero, α(Tξ ) ≈ 0, we set τξ as the minimum of {Jξ (I)}I∈train , or rather,
some percentage of it to allow for generalization outside the training data [19,
22]. When the test is learned, we can calculate its cost t and the power β from
the training data. For better generalization, we use different training data to
learn the tests than the data used to train the original set of models M.
Our learning objective for each level ` is to optimize the cost-to-power ratio:
H∗` = arg min
H`

X t(Tξ )
,
β(Tξ )
`

(5)

ξ∈V

where each Tξ also satisfies the condition in (4). Finding the global maximum
of (5) is obviously intractable, thus our solution will be to generate good guesses
and use stochastic optimization to improve the result. In particular, our learning approach uses the following steps: 1.) parameter clustering: cluster the
parameters θg and the vocabulary of feature types V from the models at the
level below, 2.) model clustering: cluster the models from the level below with
respect to the appearance and geometry clusters, 3.) local optimization: optimize H` on the training data. Steps 1 to 3 are repeated several times (by varying
the clustering parameters) and the H` with the lowest cost in (5) is selected.
Parameter clustering. To cluster the models, geometry will be the primary
cue: models with similar spatial arrangements of parts will have a higher chance
of being merged. We start by clustering the geometry parameters and group the
feature types afterwards. Geometry: We use the k-means algorithm to cluster
the means µ`+1 of the Gaussian parameters θg,`+1 (defined in Sec. 4.1) and
assign each mean µ`+1 to its closest cluster. Appearance: With respect to the
centers, we can calculate the similarity between different types of features from
vocabulary V `+1 and use a clustering algorithm to group them, which yields the
vocabulary V ` . Clustering in the case of discrete feature types means OR-ing
(disjunction). To calculate the similarity we can do the following: for every pair
of models in which a part of one model coincides with a part of the other (the
means of the geometric distributions fall in the same k-means cluster) we simply
increase the similarity score of the feature types corresponding to these two
parts. With respect to V ` we can re-define the appearance parameters θapp,`+1 .
Model clustering. If we do not consider the variances of the geometric
distributions, we can now group the models M `+1 which have the same geometric
means (k-means clusters) as well as the appearance distributions θapp,`+1 into
one model M ` at level ` and make corresponding edges in the graph H` (to
models that were merged into M ` ). For each M ` we can estimate the variances
of the geometric distributions from the variances of its children at level ` + 1.
Local optimization. Since the model clustering stage disregards the information on the variances of the geometry, the resulting models can have too large
variances and the corresponding tests will not be very selective. This means that
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the condition in (4) will not be fulfilled. It is thus necessary to optimize the clusters: we can remove one edge from H` , re-estimate the variances of the parent
model Mξ` and re-calculate the cost-to-power ratio t(Tξ` )/β(Tξ` ). At each step the
edge with the highest cost-to-power ratio is removed from H` .
The levels of TCT are built until there is still a computational saving with
respect to the cost-to-power ratio (5).

7

Combining TCT with the hierarchy-of-parts model [4]

To represent, learn and detect object classes we will use the hierarchy-of-parts
model [4], which will serve as the baseline in the experiments. We give a brief

Fig. 2: Hierarchy-of-parts model [4]
(hierarchy of shape features of increasing complexity) combined with the
proposed taxonomic constellation tree
TCT (taxonomy of object class models). The structure hierarchy has six
layers. The taxonomy is built over
the last layer’s models which are the
compositions (constellations) modeling the whole shape of the objects.
The depth of the taxonomy is not predetermined.

summary of the model. Objects are represented with a recursive compositional
shape vocabulary, the structure of which is learned from images without supervision. The vocabulary contains a set of shape compositions at each layer.
Each composition is defined recursively: it is a hierarchical generative probabilistic model that represents a geometric configuration of a small number of parts
which are themselves hierarchical probabilistic models, i.e., compositions from a
previous layer of the vocabulary. Different compositions can share models for the
parts, which makes the vocabulary efficient in size and results in faster inference.
The definition of a composition with respect to just one layer below is akin to
that of the constellation model [10]. Each part is spatially constrained on the parent composition via a spatial relation which is modeled with a two-dimensional
Gaussian distribution. Each part in a composition has also an “appearance”
which is defined as a (discrete) distribution over the set of compositions from
the previous layer of the vocabulary. At the lowest layer, the vocabulary consists of a small number of short oriented contour fragments. The vocabulary at
the top-most layer contains compositions that represent the shapes of the whole
objects. Altogether six layers are learned.
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We will combine our taxonomy model with the hierarchical vocabulary in
the following way. The top layer in the vocabulary is an object layer and grows
linearly with the number of modeled classes. Thus the models at the final layer
form our database of models for which the taxonomy is built over. The features
F which are extracted from an image prior to recognition will be the detections
corresponding to the compositions in the fifth layer of the vocabulary (one layer
below the object layer). The illustration of the combined model is given in Fig. 2.

8

Experimental results

The aim of the experiments is to compare the speed of the proposed taxonomy
model vs the baseline as the number of classes increases, and show that its
detection rate does not degrade significantly with respect to the baseline model.
8.1

ETHZ shape dataset: 5 object classes

We use the ETHZ shape dataset of 5 object classes: apple logo, bottle, giraffe,
mug and swan. For training and testing we follow the same protocol as in [11].
For this and all experiments in the paper, the following was used to train the

Table 1: Average detection-rate (in %) at 0.4 FPPI for the ETHZ dataset [11].
[11]
[23]
baseline
TCT

applelogo
83.2(1.7)
95.0
88.2(3.4)
87.3(2.6)

bottle
83.2(7.5)
89.3
87.6(1.5)
87.3(2.2)

giraffe
58.6(14.6)
75.4
83.5(1.1)
83.1(1.3)

mug
83.6(8.6)
90.3
86.1(2.)
85.8(3.1)

swan
75.4(13.4)
94.1
80(3.5)
79.4(5.4)

average
76.8
88.8
85.1
84.6

model. Bounding boxes (scaled to size approx. 200
√pixels in diagonal) were used
in training. Two image scales, spaced apart by 2, were used to train object
models, while 4 to 6 scales were used in testing. For constructing the taxonomy
the positive training images as well as a set of 100 natural images not containing
the objects were used to construct TCT. The positive training images available in
each dataset were split into 5 images used as positive examples for test learning
and the rest for learning the object representation, i.e., training the hierarchyof-parts model [4].
For the five classes, the learned TCT consisted of 2 layers. The detection
times are reported in Fig. 3 (the first five classes in the Shape-15 plot). The
times reported do not include the process of feature extraction. Since both the
baseline and our approach involve the same feature extraction process, such a
comparison gives a clearer picture of the achieved speed-up.
The detection performance is reported in Table 1. The TCT approach performs slightly worse than the baseline which is due to the depth-first search
strategy during recognition: while it boosts recognitions times, the performance
might slightly degrade.
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TUD shape dataset: 10 object classes
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Fig. 3: Comparison between baseline and proposed TCT model for several datasets in:
a) average detection times per image, b) speed-up of TCT over baseline, c) comparison of detection times of baseline and TCT against the recognition procedure of the
constellation model [16] (see text for details), all as a function of the number of classes.

TUD shape2 [12] contains 10 classes of home appliances such as knife, fork,
mug, saucepan, etc. The test set contains 10 images of objects for each class, and
roughly 100 for training – from these we randomly choose 20 images for training
the object class models with [4] and another 5 for training the TCT (with the
addition of 100 negative natural images). The learned TCT consisted of 2 layers.
The recognition times of both the baseline and TCT are plotted in Fig. 3.
The speed-up factor for 10 classes is almost 2 and grows as more classes are
added. We also compare the baseline (hierarchy-of-parts [4]) and TCT against
the recognition procedure used in the original constellation model [16, 10]. There,
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a detector for each class is run separately over the image, thus resulting in complexity linear in the number of classes, i.e., n · O(detector for one class) (where
n is the number of classes). Due to part sharing and the indexing and matching
recognition scheme in [4], not all class models get evaluated in each image location already for our baseline, however, the running time of [4] is still linear, but
with a smaller constant, i.e., k · O(detector for one class) (where k << n).
The classification accuracy of the baseline approach is 69%, while the TCT
achieves a 66% classification rate. For comparison, Stark et al. [12] report a 44%
accuracy using a discriminative approach (SVM over different types of features).
8.3

Shape 15

The approach was also tested on detection of 15 shape-based object classes.
The first 5 are taken from ETHZ [11] and the 10 additional from the GRAZ
dataset [7]. The comparison in detection performance is given in Fig. 4, while
the comparison in detection times is plotted in Fig. 3. TCT is depicted in Fig. 6.

recall at EER (%)

Shape−15: Detection rate
100
93.8
90.689.9 91.088.3 92.792.7
89.2
85.0
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80.0
79.5 78.2
76.5
80
74.5
72.7
69.7
70
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62.5
58.3
60
50
40
baseline
30
20
TCT
10
0
Applelogo bottle giraffe mug swan horse cow mtrbike bicycle carfront carrear carside face person cup

class

Fig. 4: Comparing detection rates (recall at EER) on Shape-15 – composed of the
ETHZ [11] (first 5 classes in the plot) and 10 classes from GRAZ dataset [7].

Fig. 5: Detection examples: horse, motorbike, giraffe, cow, bottle.

8.4

Caltech 101 and LabelMe Dataset (148 object classes)

The approach has been also tested on a larger scale. We used 100 classes from
the Caltech-101 dataset [13] and 148 classes from the LabelMe dataset [24]. For
both datasets, 30 images were randomly chosen from the available annotations to
train each class. For both datasets the taxonomy resulted in a 4 layer TCT. The
approach was tested for detection time on 200 images randomly sampled from
each dataset. Evaluation is done on full images, i.e., of approx. size 500×400. The
comparison in detection times (averaged over 200 images) is plotted in Fig. 3.
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The speed-up on the LabelMe dataset is not very high due to various possible
reasons: 1.) too few classes are still being used to adequately showcase a taxonomy (as also reported in [8]), 2.) the LabelMe annotations are noisy and thus
the baseline does not learn the classes very well, 3.) the images used for testing
in LabelMe are images of complex scenes containing many objects and significant texture (with which already the baseline [4] does not deal well) resulting
in many false-positives decisions, 4.) a number of classes have very simple shape
(e.g. a street lamp which mostly gets represented as a long vertical line) and thus
lead to a higher number of false positives per image already with the baseline
method. A detection (even if it is a false positive) means that a whole branch in
the TCT tree needs to be explored as well, making the speed-up smaller.

Fig. 6: TCT learned on Shape-15. Bottom level are object classes – the number denotes
the number of models for each class.

9

Summary and conclusions

In this paper we proposed a novel approach for automatic construction of a
generative visual class taxonomy with the aim to speed-up multi-class object
detection with the constellation models. Specifically, we learned a taxonomic tree
of constellations cascaded from coarse-to-fine resolution, and the corresponding
detectors which take the form of inexpensive, binary tests. Both the taxonomic
constellation tree and the corresponding tests are learned from the training data.
The approach has been utilized on the hierarchy-of-parts model [4] achieving
efficiency in both, the representation of the object structure as well as in the
number of modeled object classes. We demonstrated good speed-up on several
recognition datasets with promising scaling tendency for recognition on a larger
scale. As part of future work, we plan to add discriminative information to the
taxonomy to boost also its recognition accuracy.
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