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§ Jožef Stefan Institute, Dept. of Automatics, Biocybernetics, and Robotics
Jamova 39, 1000 Ljubljana, Slovenia
Abstract— For humanoid robots to be part of our daily
lives, not only mobility and their manipulation capability being
essential, but their ability to represent and recognize objects in
an adaptable manner is also crucial. To this end, we propose
an object representation scheme that ﬁts well with the viewbased cortical representation of objects found in the primate
Inferotemporal cortex (IT). We derive our proposal from the
simple observation that a single object may exhibit very different
sets of visual features when transformed in space. Nonetheless,
there are some ﬁxed (object dependent) views of an object, which
even with small transformations would not lead to large feature
changes. We refer to these views as keyframes. With this in
mind, an object is represented with a set of keyframes. The
changes in the features around a keyframe are nulliﬁed with a
neural network that learns to represent the keyframe, and its
rotational variations in a compact and rotation invariant form.
To evaluate the proposed representation scheme, 100 real life
objects are tested in a recognition task. Furthermore, a method
for minimizing the number of keyframes for a given object is
proposed, which we suggest must yield optimal generalization and
computational efﬁciency. The proposed representation scheme
is ideal for building humanoid cognitive architectures as it is
decoupled from the recognition system.

I. I NTRODUCTION
The main target of our work is to develop object representations and a learning scheme, which is suitable for learning
in humanoid robots, e.g. via action-perception coupling, much
the same way as humans learn about objects in their environment. In our earlier work [1], we have shown how to make use
of foveated vision to realize object recognition on a humanoid
robot. Having the fovea centered on an object simpliﬁes the
task of object recognition, as the object is already located
and we only have to concentrate on object learning and
identiﬁcation. In this paper, we will introduce an approach,
which is able to learn representations from experienced images
based on artiﬁcial neural networks (ANN). This enables us to
train new inputs when they occur, and permits to reﬁne object
representations in the active vision process.
Figure 1 provides a conceptual overview of the structure of
object representations as used thoughout this paper. M individual feature components form one representation. Each stored
representation describes a different aspect of the object. To
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Fig. 1. Every object is described with a set of K representations. We call
these representations keyframes. For every keyframe, we store M features.
Our approach reduces the number of features M per keyframe and the number
of keyframes K required to describe an object.

describe the whole object, K representations have to be stored.
Throughout this paper we will refer to these representations
as keyframes.
For high level object recognition tasks it is crucial to rely
on a set of features and a set of keyframes per object that
reﬂect the main object properties. In our opinion, optimal
performance of the recognition task can only be achieved when
the object representation consists of the minimum number of
features and the minimum number of keyframes per object
without sacriﬁcing from recognition performance. Keyframes
highlighting intrinsic object properties allow similarities of
objects to be revealed and beneﬁt in building object classes.
We will introduce an approach which allows us to investigate
and minimize the number of features and keyframes required
to describe an object.
The literature offers a variety of recognition systems which
use methods of feature compression to reduce the dimensionality of the feature space. One of the most popular techniques
for feature compression uses the principal component analysis
(PCA), which ﬁnds a linear subspace of the image space
for a given number of dimensions with maximum variance
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[2] [3]. In more recent work, non-linear dimensionality reduction methods and their application to feature compression
have been studied [4]. Prominent methods comprise ISOMAP,
which has been evaluated in face recognition [5] and NLPCA,
which has been applied to a wide range of dimensionality
reduction problems [6] [7]. In contrast to these methods that
focus on feature compression alone, we introduce a nonlinear approach that combines dimensionality reduction and
the generalization for depth rotational invariance. We will
show that this approach reduces the dimension of the feature
space, as well as the number of keyframes required to describe
an object.
Other approaches introduce representations that incorporate
invariances to afﬁne transformation of the object in the scene.
Prominent methods use the ”Scale invariant feature transform”
(SIFT) [8] [9] or complex moments [10] to retrieve invariant
feature representations. Although these approaches achieved
satisfactory results in practical systems, however, our own
objective is to produce a system that can lead to biological
plausible object representations. Our motivations are presented
in the following section.
II. L EARNING FEATURE REPRESENTATIONS
A. Relation to human visual processing
Psychophysical experiments on humans [11] and on monkeys [12] have lead to a view-based model of how the
visual system achieves consistent identiﬁcation of 3D objects.
Contrasting object-based approaches like the ”Recognition-byComponents” theory [13], view-based methods model the object by selected views rather than by constructing a 3D-model
to match the object in the scene. Logothetis et al. found cells
in the macaque Inferotemporal cortex (IT) that are tuned to
speciﬁc views of an object [14]. Psychophysical studies carried
on with human subjects indicate, that object recognition is
performed around views presented while training [15].
The human visual system achieves invariance to object
transformations in multiple stages in the visual processing.
Invariances comprise afﬁne transformations of the object, like
shifting, scaling and rotation of the object in the viewing
plane and non-afﬁne transformations like rotation in depth
and deformation. Oram and Perrett developed a computational
model for shift and size invariance based on the human visual
system. They introduced constraints derived from neurophysiology and psychophysics and propose a model matching
these constraints [16]. Following some of the results of this
study, Olshausen et al. developed the dynamic routing circuit
model which achieves invariance to shift and scaling [17]. The
proposed system generates a normalized representation of a
region in the visual ﬁeld to which attention is guided. Aspects
of the human visual processing are modeled, considering the
ventral pathway from lateral geniculate nucleus (LGN) to IT 1 .
This model suggests that invariance to shift and scaling are
1 following the path: LGN - primary visual cortex (V1) - V2 - V4 - posterior
inferotemporal cortex (PIT) - central inferotemporal cortex (CIT) - anterior
inferotemporal cortex (AIT)
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Fig. 2. An example network architecture is shown. We use a symmetrical ﬁve
layered network structure. All units are sigmoidal and fully connected. The
network performs a combination of the mapping function F and the demapping function G. Different layer sizes were applied during the experiments.

solved along the path to IT, while invariance to depth rotation
is achieved by the view-tuned cells in IT, as proposed by
Logothetis et al., lending support to our approach.
The response of the view-tuned cells can be used to achieve
embodiment for the task of determining the presence of an
object. Logothetis et al. found view-tuned cells which respond
with a signiﬁcant spike rate for different ranges of depth
rotation around a frame. For distractor objects, small or no
spiking was observed. The combination of view-tuned cells
responses for a speciﬁc object gives a good prediction of the
presence for that object. As will be detailed later, our learning
scheme leads to representations that have similar properties
as the view-tuned cells. Our approach keeps classiﬁcation
and representation steps seperate so that any classiﬁer can
be applied to the representation learned by the network. For
simulations presented in this paper we have used the nearest
neighbor classiﬁer. Like the view-tuned cells, our representations are valid for a certain amount of depth rotation around a
learning view. Object labels are added to the representations,
to allow embodiment of the objects.
B. Network structure
Figure 2 shows the basic network architecture. We use a
fully connected feedforward network. The network consists
of 5 layers (including the input layer) and has symmetrical
structure. The number of neurons in the input layer equals
the number of neurons in the output layer. Both hidden layers
consist of the same amount of neurons. The middle layer has
the smallest number of neurons and serves as bottleneck for the
network. All units of the network have a sigmoidal activation
function.
The basic network layout follows an approach by Kramer
[18]. In his work, he analyzed the ability of the network to
perform non-linear principal component analysis (NLPCA) on
the input. The network is trained in an autoassociative manner.
During training the network learns to reconstruct the input
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patterns on the output layer by backpropagation learning. We
also exploit this capability of extracting principal components
in the feature layer, but also apply a different training mode
to generalize for depth rotations.
The function N (I) that is performed by the network can
be decomposed into two functions F and G with N (I) =
G(F (I)). As shown in Figure 2, F describes the function
performed by neurons from input layer to the feature layer
output and is called mapping function. The demapping function G describes network calculations from feature layer to
output layer. If we consider the sub-networks that perform
the functions F and G, we can describe them with two three
layered non-linear networks. Both sub-networks have hidden
layers of the same size, input and output layer sizes are
switched between F and G. Kolmogorov proved in 1957,
that any continuous n-dimensional function can be represented
by superposition and sum of one-dimensional continuous
functions [19]. Applied to feedforward networks the theorem
guarantees, that a network with one hidden sigmoidal layer
of inﬁnite size can represent any non-linear n-dimensional
function [20]. The lower bounding for the size of the hidden
layer depends on the function to represent by the network.
For the mapping function F and demapping function G we
can conclude, that both functions can represent any non-linear
continuous function, if the hidden layer size is sufﬁciently
large and the weights are chosen accordingly.
C. Image preprocessing
For the human visual system, an object is represented by
the combination of several cues, experienced with two eyes. To
simplify the analysis of the behaviour, we restrict our approach
to the intensity of the image of one single camera. However,
the approach can be adapted to other cues like opponency
color maps or disparity maps and to a stereo camera setup.
We segment the objects from the black background and
normalize the intensity image in size to 80 × 80 pixels.
The normalized intensity image is preprocessed with a two
dimensional Gabor ﬁlter. It has been shown, that the response
of primary visual cortex (V1) simple cells can be modeled
well by the Gabor ﬁlter response [21]. The line and edge
selectivity of the simple cells responses can be derived from
an information maximization process [22]. This indicates that
Gabor ﬁlter responses encode important properties of the
intensity image.
A two dimensional Gabor ﬁlter is deﬁned by the following
function:
2
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The parameter vector k deﬁnes the properties of the ﬁlter:
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The parameter v deﬁnes different scaling factors and the
parameter μ deﬁnes different orientations of the ﬁlter.

A Gabor jet is a collection of Gabor ﬁlter reponses at
different orientations and scaling. To retrieve the feature vector
for an intensity image, we apply the ﬁlter with a common set of
parameters where μ = 0, . . . , 7 and v = 0, . . . , 4 as proposed
by Wiskott et al. [23]. Each component of the Gabor jet is calculated by the signal energy of the complex part of the Gabor
ﬁlter response corresponding to one parameter combination.
With the chosen set of parameters the calculations result in a
40-dimensional Gabor jet.
Besides representing important properties of the image, Gabor ﬁlters have advantages for real camera image processing.
Gabor ﬁlters exhibit invariance to changing illumination conditions. Along with the representation as Gabor jet, invariance
to small shifts is also achieved which helps to cope with
segmentation inaccuracies.
In the literature Gabor ﬁlters are often used as a ﬁlter array
with reduced receptive ﬁelds, each responsive for a subregion
of the image. While this implementation is more biological
plausible, we use only one Gabor jet, extracted at the center
of the image, to reduce the processing time of the system
(note that the dimensionality of the preprocessing output will
be linear in the number of ﬁlters applied).
D. Learning details
The network is trained with backpropagation. We use a
backpropagation implementation with momentum to speed up
the convergence of the network. The weights are updated using
the following equation:
δE
+ βΔwt−1
(3)
δw
During training, different rotations in depth i of the object
n are presented to the network. The Gabor jet of each rotated
image is denoted with rn,i . For every object there exists a set
of rotations Rn = {rn,0 , . . . , rn,I }. We only consider rotations
relative to the vertical axis.
For training a subset of rotations is selected as keyframes.
For every object we choose a set of keyframes Kn =
{rn,i0 , . . . , rn,iK } which cover all rotations of the object. We
choose the indices i0 , . . . , iK to separate Rn in intervals of
equal size. For each keyframe rn,ik , we select a set of training
views Vn,k which are rotated a small amount relative to the
keyframe. The network is trained to reconstruct the keyframe
for all selected rotations around the keyframe.
The backpropagagtion algorithm reduces the error E =
0.5||N (Vn,k ) − rn,ik || for all objects n and all keyframes k.
Figure 3 shows example images used to calculate the training
views Vn,k and the corresponding keyframe rn,ik . The training
forces the network to nullify rotations around the keyframe
rn,ik .
The trained network is tested with all available rotations in
R = R0 ∪ . . . ∪ Rn . For all rotations we test if the Gabor
jet of the closest keyframe is reproduced at the output layer.
All views with closest keyframe k are denoted with Tn,k .
The training is stopped, if the mean square error is below
the tolerated error . If the network does not converge after a
Δwt = η
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5
variance quotient qd (%)

}

Vn,k = {

rn,ik
Fig. 3. The network is trained to associate the training views Vn,k with the
corresponding keyframe 
rn,ik .

ﬁxed number of training steps, we assume that the network is
stuck in a local minimum and reinitialize the weights.
III. E XPERIMENTS
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Fig. 4. Quotient between variance among views trained to reconstruct the
same keyframe and all ten views in the experiment for every individual feature
component. The plot shows the mean values for ten different networks. For all
components, the quotient lies below 2.5%, indicating that the network learns
an invariant representation in the feature layer.

A. Generalization for depth rotations
In our ﬁrst experiment, we demonstrate that the network
is able to generalize for rotations in depth. We show that for
some amount of depth rotation around a keyframe, the network
can ﬁnd a representation for the keyframe, which is invariant
to the rotation.
We used 10 objects from the Amsterdam library of object
images (ALOI) [24] during the experiment. The network was
trained and tested with rotations around the vertical axis. For
this type of rotation, the ALOI offers object images in 5◦
steps. For testing the network all 9 rotations in the interval
[−20◦ ; 20◦ ] were used. During the training, four Gabor jets
were presented to the network, extracted from views with
the rotations i = −15◦, −5◦ , 5◦ and i = 15◦ . The network
was trained to reconstruct the Gabor jet corresponding to the
keyframe at i = 0◦ .
In this experiment we apply a network structure with a
hidden layer size of 90 neurons and a feature layer size of 8
neurons. We use a learning rate of η = 0.05 and a momentum
rate of β = 0.1. The error threshold for termination is set
to = 0.05. Both, layer sizes and learning parameters were
empirically determined. Layer sizes were evaluated by probing
with different parameters until the training error converged.
The error threshold was chosen to match the convergence
of a network which learned generalization. For the described
network structure, the training converged after about 1,000,000
training steps. After training, the network found a compressed
representation in the feature layer, which allows the reconstruction of the keyframe Gabor jet at the output layer.
To analyze the learned representations, we measured the
variance of the individual feature components in the representation for all rotations of one keyframe from the test set.
We found that the network is able to reduce the variance
signiﬁcantly. We calculated the average variance per output of
feature unit number d over all objects following the equation:
N
var(Fd (Tn,0 ))
(4)
varavg,d = n=0
N

A successful training leads to an average variance of about
varavg,d = 0.001. To relate the mean average per unit among
one keyframe to the variance among all objects we calculate
the quotient of the average variance varavg,d and the variance
of the feature component d among all keyframes:
varavg,d
(5)
qd =
var(Fd (R))
Figure 4 shows the quotient qd for all individual feature
components. The quotient lies below 2.5% for all components.
The test proves, that the remaining variance in the features of
views corresponding to one keyframe is signiﬁcantly smaller
than the variance of features among the different keyframes.
Based on this observation, we conclude that the mapping
function F learns to encode an invariant representation of
views around a keyframe in the feature layer.
Figure 5 visualizes the feature layer output for four out of
the ten objects in this experiment. The outputs of the feature
layer neurons are displayed for all rotations from the test
set. To retrieve an invariant representation for a keyframe,
we calculate the mean of the feature layer output for the
four training set views for each keyframe. With this result we
found a representation, which is invariant to rotations around
the vertical axis in the interval of [−20◦ ; 20◦ ] around the
keyframe.
B. Distinctiveness
In the second experiment we show that we can reduce the
dimension of the feature space and the number of keyframes
per object without sacriﬁcing the ability to distinguish objects.
We use the ﬁrst 100 objects of the Amsterdam library of
object images. For each object we select eight keyframes in
distances of 45◦ from the set of rotations. With this selection
of keyframes we cover the complete rotation in depth around
the vertical axis. We apply the same method as used in the
ﬁrst experiment for each keyframe of an object. Four Gabor
jets of the views at angles i = −15◦ , −5◦ , 5◦ and i = 15◦
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rn,0◦

i = −20◦

F (rn,i )

i = 0◦

i = 20◦
Fig. 5. After training 4 views at the rotations i = −15◦ , −5◦ , 5◦ and i = 15◦ relative to the keyframe 
rn,0◦ the mapping function F of the network has
learned an invariant representation for rotations around the keyframe. The output of the eight feature neurons in the feature layer F (
rn,i ) is displayed for
four of ten trained objects. Strong responses of neurons are denoted with white ﬁelds.

relative to the keyframe rotation are presented to the network.
The network is trained to reconstruct the Gabor jet of the
keyframe, corresponding to the view at ik .
For this experiment we apply a hidden layer size of 400
neurons and a feature layer size of 20 neurons. We use a
learning rate of η = 0.01 and a momentum rate of β =
0.01. The error threshold for termination is set to = 0.08.
Again these parameters were determined empirically. The
network converges after about 5,500,000 training steps. For
all keyframes we build the corresponding representation by
calculating the mean of the four representations derived by
computing the output of the feature layer for the test set views.
The representations are labelled with the object names.
For object identiﬁcation, we apply a nearest neighbor classiﬁer to associate a view from the test set to the representation
with a minimal Euclidian distance. For rotations in the test
set that lie between two keyframes, we cannot determine
which keyframe of the object is valid. We deﬁne a correct
classiﬁcation, if the test view is associated with a keyframe
which has the same object label. Remember that an object is
represented with eight keyframes in this experiment.
During evaluation, all rotations of each of the ﬁrst 100
objects from ALOI, totaling 100 × 72 = 7200 views were
presented to the network. The network was able to associate
83% of the test views to the correct object. For the remaining
17% of mismatches we found two major reasons.
The ﬁrst fact, which leads to mismatches is the nonuniqueness of Gabor jets among the ALOI objects. As explained in Section II-C the extraction of a single Gabor jet for
the whole object is a very rough feature for object appearance.
For reduction of computational complexity, we abstained from
extracting an array of Gabor jet responses. To verify our
reasoning, we measured the Euclidian distance of all jets for
views of objects used in this experiment. Indeed we found

that Gabor jets of two different objects can be very close.
Figure 6 shows pairs of objects, with small Euclidian distance
and with well apart Euclidian distance in between. We do
not introduce a constraint, that restricts the learning set to a
subset of ALOI images to preserve the comparability with
other approaches. Regarding the ﬁrst example in Figure 6
the behaviour of mismatching both objects can be considered
correct, because the intensity image of both objects is very
similar.

Another reason for mismatches originates from our method
to choose keyframes for the objects. We selected keyframes in
equal rotational distances around the object. In our approach
of keyframe selection every object is learned with the same
amount of keyframes. This approach does not take into account, that speciﬁc views of the objects allow invariance to
depth rotation for a large amount of rotation. For optimal
results, we would choose only those keyframes with fairly
similar images across rotations in depth to describe the object.
The number of keyframes required for one object and the
amount of invariance which can be introduced with this
keyframe are object properties which our system is not aware
of. During learning, this can lead to two training sets (I1 , O1 )
and (I2 , O2 ), where different outputs O1 , O2 are trained for
very similar inputs I1 , I2 . The output trained for the input I1
and I2 will be a combination of both target outputs and cannot
be classiﬁed correctly to either class. To solve this conﬂict,
we need a mechanism to determine the minimum amount of
keyframes for the object. For keyframes of one object, the
selection method should assure, that similar views of the object
are covered by the same keyframe. When adding keyframes of
new objects to the training set, similar keyframes have to be
handled by labeling the representation with both object labels.
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objects with small Euclidian distance
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Fig. 6.
Objects from the ALOI and the Euclidian distance d of the
corresponding Gabor jets. The ﬁrst two object pairs lead to misclassiﬁcation,
while the second two pairs are classiﬁed correctly for all rotations.

IV. C ONCLUSION
The proposed biologically plausible object representation
provides a general and robust scheme for learning object
features, making it a prime candidate as a building block for
the construction of humanoid cognitive architectures. We introduced a learning scheme which is able to generalize for depth
rotational invariant, compact representations for object views.
We showed that the proposed representations are valid for a
certain amount of rotation, like the cortical representation with
view-tuned cells in IT. In further experiments we described
all rotations around the vertical axis of 100 objects with eight
keyframes per object. We applied a nearest neighbor classiﬁer
to recognize these objects. We analysed the representations for
cases where the recognition leads to mismatches. From this
analysis we conclude, that the selection criteria only based on
the distance between keyframes is not sufﬁcient to describe
objects. The number of keyframes and the number of views
associated with a keyframe are object properties and have to be
determined automatically to achieve an optimal representation
for the objects.
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