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Abstract used for object recognition, and are increasingly applied to

other computer vision problems [1, 10]. In this paper, we
Approaches based on local features and descriptors arepresent a neural-network based approach that exploits, in a
increasingly used for the task of object recognition due to different way, the concepts of local features and invariance.
their robustness with regard to occlusions and geometri- Our approach is an extended Neoperceptron, that belongs
cal deformations of objects. In this paper we present a lo- to the family of convolutional neural networks [3] - which
cal feature based, rotation-invariant Neoperceptron. By ex- provide an efficient method to constrain the complexity of
tending the weight-sharing properties of convolutional neu- feedforward neural networks by means of weight-sharing.
ral networks to orientations, we obtain a neural network Our network has the advantage of being able to be inher-
that is inherently robust to object rotations, while still be- ently invariant to object orientations. In the context of neu-
ing capable to learn optimally discriminant features from ral networks, the rotation-invariant Neocognitron [8] and
training data. The performance of the network is evaluated the rotation invariant neural face detector presented in [7]
on a facial expression database and compared to a stan-are the closest related works to ours. The rotation-invariant
dard Neoperceptron as well as to the Scale Invariant Fea- Neocognitron deploys cell-plane stacks and blurring layers
ture Transform (SIFT), a-state-of-the-art local descriptor. to gain rotation invariance. In contrast, the rotation invari-
The results confirm the validity of our approach. ant face detector uses two distinct neural networks, one that
estimates the orientation of a face candidate in an input im-
age so that it can be rotated into up-right position. A second
1. Introduction network then judges whether it is a face or not. Our ap-
proach is different in that only one network is used and we
do not learn orientations from training data. In comparison
to the Neocognitron, our Neoperceptron is trained in a su-
pervised way and we do not rotate learned weight kernels
with a rotation matrix but instead rotate input images and
share weight kernels over orientations. In the remainder of
the paper, we introduce our approach in details (Section 2),
present and discuss results on a multi-class task (Section

For object recognition, many different approaches that
allow for translation, scale and rotation invariant recogni-
tion have been investigated in the literature [6, 11, 4, 2, 8, 7].
An early method was the Fourier transform that allows
for translation invariance. Combined with the logarith-
mic transform, also rotation and scale invariance can be
achieved [6]. Rotation invariant object recognition can also . . . .

) . - X 3), and conclude with an overall discussion and some final
be done with steerable filters [9]. These filters constitute :

. . . remarks (Section 4).

a multiscale oriented image transform and have been de-
ployed for various analysis and synthesis applications. Ro- . )
tation invariance in steerable filters can be obtained by com-2. Rotation-Invariant Neoperceptron
puting a main orientation of local regions and by steer the
neighboring filter responses. In [11], three different meth-  The proposed rotation-invariant Neoperceptron is a con-
ods have been investigated to estimate orientations: (a) gravolutional neural network that allows for invariant object
dient orientation at a center pixel location, (b) peaks in the recognition from one training example. Transformation in-
orientation histogram of the local region, and (c) orienta- variance is not learned from training images, but the net-
tion of the eigenvector of the second moment matrix of the work architecture is inherently robust to input variations.
local region. The latter two methods are used as part of The network architecture of the proposed rotation-invariant
the Scale Invariant Feature Transform (SIFT) [4], and its Neoperceptron is shown in Figure 1. It consists of two
variants, e.g. [2]. These descriptors have been successfullstages. The first one transforms an input image into vir-
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Figure 1. Extended Neoperceptron Architecture: The network consists of two stages: virtual input
image generator followed by a convolutional neural network with shared feature groups (Shared FG)
and blurring feature group (Blurring FG) layers.

tual images by generating rotated images. In the secondweight-sharing. This has several advantages: (1) it reduces
stage, a convolutional neural network, consisting of weight- the capacity of the network and thus the network is less
sharing feature groups organized together with blurring lay- prone to overtraining, which in turn reduces its generaliza-
ers, selects features that are optimally discriminant for ation performance. (2) Learned features are local and there-
given classification task with the training examples that are fore less affected by occlusion. (3) Repeated local features
at disposition. How the network is able to gain rotation- extraction followed by blurring allows for object deforma-
invariance is shown in more detail in Figure 2. Three differ- tions produced by small affine transformations and view-
ent feature groups are depicted. The simple weight-sharingpoint variations. The described Neoperceptron is not only
feature group has only one weight kernel (wl) at disposi- robust to orientation changes, but it can also be made trans-
tion, and shares it over all rotations of the virtual input im- lation and scale-invariant. This can be achieved by creating
ages. The blurring group reduces the number of virtual in- a multiscale pyramid of the input image that is subsequently
put image orientations that are seen by the network. Thisparsed by the network. Hereby, the Neoperceptron is repli-
group uses a fixed Gaussian distribution of weights in order cated over space and scale. Similar to Multilayer Percep-
to blur and sub-sample the input (in the example, reducingtrons (MLP), convolutional neural networks can be trained
the number of orientations from 8 to 4). Finally, a com- via the backpropagation algorithm. The risk of overtraining
plex weight-sharing feature group has several weight ker-can be minimized by using validation sets and retaining the
nels (w2 and wa3) that are shared over 4 orientations. Thisnetwork weights at the training epoch with the smallest val-
feature group combines several simple features into a com-dation error. For the experiments in this paper we chose
plex feature. Note that in Figure 2 we have left out the a rotation-invariant Neoperceptron with a network topol-
bias input into the neurons in order to simplify the illus- ogy consisting of 6 simple weight-sharing feature groups
tration. The feature and blurring groups result in a massivein layer 1, 6 blurring neuron groups in layer 2, 12 complex
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Figure 3. Sample Images of the JAFFE Facial
Expression database.
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Complex Weight-sharing

Simple Weight-sharing Feature Group the learned f(_aatureg have to be invariant to small rotations
Feature Group - an assumption which we found to found to be reasonable.
The deployed orientation blurring layers then interpolate the
Figure 2. Inherent Rotation invariance is output of the detectors that are situated at fixed angles.
gained by deploying weight-kernel sharing
feature groups (both simple and complex) as 3.2. Rotation Invariance

well as orientation blurring layers.

The proposed extended Neoperceptron is to a high de-
gree invariant to rotations. This is demonstrated in Fig-
ure 4. The figure shows the recognition accuracy for pre-
viously seen faces performing the six basic facial expres-
sion and neutral face displays. Depicted are the results for
. a standard Neoperceptron (Standard NP) [3], the rotation-
3. Experiments and Results invariant Neoperceptron (Rotinvar NP) as well as for SIFT.

SIFT was deployed by matching all extracted keypoints

We first describe the experimental setup before we of the training images against the ones of the test images
demonstrate the rotation scale and translation invariance ofmatches are identified by finding the two nearest neigh-
the proposed neural network architecture. Furthermore, wepors of each keypoint). Clearly, both our approach as well
compare the subject generalization performance of the pro-as SIFT outperform the standard Neoperceptron when faces

feature groups in layer 3 and 12 blurring neuron groups in
layer 4.

posed Extended Neoperceptron with the one of SIFT. are rotated. Note that SIFT is more stable over angles and
there is a peak for the rotation-invariant Neoperceptron at
3.1. Experimental Setup 45 degrees. We attribute both phenomena to the different

virtual input image blurring occurring with the rotation of

We demonstrate the performance of the proposed Ex-the inputimage and which depends on the rotation angle.
tended Neoperceptron with facial expression images. For
testing purposes, we employed the publicly available 3.3. Subject Generalization Performance
JAFFE database [5]. It consists of frontal face images of 10
Japanese female students that perform 6 posed emotional An important issue is object categorization that allows
facial expressions (happiness, sadness, fear, anger, disgugbr the generalization to objects that have not previously
and Surprise) as well as neutral displays. A total of 3x7=21 been seen by the system. We now compare the genera"za_
images per person were used for training, validation andtjon performance obtained for the rotation-invariant Neop-
testing, respectively. The employed grayscale images werezsrceptron with the one obtained by SIFT. We use all images
originally of size256 x 256 but reduced in scale ®! x 64. of one subject as test images (3x7=21) and the images of
Some sample images are shown in Figure 3.1. Note thathree other subjects as validation set (3x3x7=63). The re-
the facial expressions were labeled categorically into 7 dis- minding six subjects are used as a training set (6x3x7=126).
tinct classes. Before an image is processed by the describeghe generalization performance for the 10 subjects is shown
neural network, it is rotated (16 angles) by deploying bilin- iy Figure 5 for our approach and for SIFT. As can be seen,
ear interpolation. Hence, we have a feature detector at anhe recognition results vary considerably between subjects.
angle of every 22.5 degrees. In order to be able to handleThis is due to the different quality of the posed expres-
faces that appear atan angle in-between (e.g. 11.25 degreegjons in the JAFFE database as well as the individual dif-
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ject orientations without learning this property from train-
ing data. The rotation-invariant Neoperceptron has some
properties in common with the steerable pyramid, espe-
cially the multiscale structure. In contrast to the latter,
however, weight kernels are learned from data. Thus, the
rotation-invariant Neoperceptron has the advantage to learn
task-relevant discriminative filters that allow for a better
generalization performance. Future work will include the
comparison of the rotation-invariant Neoperceptron to a
setup that clusters the variable number of SIFT descriptors
into visual words that can be used to build object category
models. It will be of interest to see whether the learned fea-
tures of the Neoperceptron are more discriminant than the

clustered SIFT features.

Figure 4. Rotation Invariance. Shown is the
recognition accuracy as a function of the ro-
tation angle in the range of 0-90 degrees.
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Figure 5. Generalization Performance for Dif-
ferent Subjects. Shown are the results for the
Extended Neoperceptron as well as raw SIFT.

ferences in displaying facial expressions. The rotation-
invariant Neoperceptron outperforms SIFT for most sub-
jects (8 out of 10). Overall, the subject-based generaliza-
tion performance for our method achieves 59%, while SIFT
only achieves 24%. The poor performance of SIFT can be
explained by the fact that, although the background of the

images is relatively clean, some of the detected keypoints in [10]

the SIFT approach correspond to the background or to face
physiognomy but in neither case contribute to the distinc-
tion of facial expressions.

4. Discussion and Concluding Remarks

In this paper we have proposed a novel convolutional
neural network architecture that allows for invariance to ob-
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