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Abstract-Contour classification methods which operate directly on an
image are greatly affected by small magnitude transformations to the im-
age. In this paper, a contour classification method is developed which takes
advantage of Curvature Scale Space (CS2) and a linear Support Vector Ma-
chine (SVM) classifier. The CS2 representation boasts invariance to trans-
formations including: scaling, rotation, translation and noise. In addition,
the linear SVM is a robust tool for classification problems involving multi-
ple labels. The combination of these tools produces a classifier well suited
for object recognition in photographs where distortion is present.

I. INTRODUCTION

There is significant ongoing research which deals with ob-
ject classification in image processing. One such area of re-
search concerns the Curvature Scale Space (CS2) representa-
tion. This representation is powerful as it boasts invariance to
affine transformations of the object to be classified. I propose
the application of statistical learning techniques to improve the
performance of a CS2 classifier. It is my hope that the combina-
tion of transformation invariance from the CS2 representation,
and classification prowess of the statistical learning method will
produce an excellent object classifier.

II. RELATED WORK
In the seminal paper on Curvature Scale Space [1], the CS2

representation is used to register a Landsat satellite image of an
area to a map which contains the shorelines of the same area.
The maxima of the CS2 representation are used in a matching
algorithm which finds the minimum cost for matching the CS2
image of the satellite image with that of the map. Pre-processing
methods such as manually correcting for skew in the map and
deleting small contours are employed. The CS2 maxima are also
employed in [2], where a database of 1100 marine animal con-
tours is used for similarity comparison. An input image is tested
by comparing the maxima of its CS2 representation with those
in the database. For each input, the closest database matches
are found using a cost-based matching technique. Performance
is evaluated as the number of models determined to be in the
same class as the input, divided by the number of members of
that class. Performance is compared favorably to the methods of
Fourier Descriptors and Moment Invariants. CS2 has also been
shown to be a powerful tool for image segmentation in [3]. In
this paper, historical documents are scanned and computed at
varying scales. At a sufficiently large scale, the shapes of letters
will merge into word shapes, which are bounded. This method
far outperformed the previous state of the art which calculated
words based on a gap metric.
A more complex recognition scheme is introduced in [4],

where CS2 is used for object segmentation, while an Artificial

Neural Network (ANN) learns associations between object seg-
ments. The CS2 zero-crossings are used at varying scale to
break a detected object into segments which are placed into a
segment hierarchy. A second ANN trains via back-propagation
with momentum to recognize important associations generated
by the first ANN. This recognition scheme proved to be invari-
ant to partial occlusion and rigid transformations of the object.

There are also effective classification techniques which oper-
ate directly on image intensity values. One example [5] com-
pares the performance of several statistical learning techniques
on face detection, where the training set consists of faces in
different orientations. These techniques include: single Neu-
ral Networks, multiple Neural Networks with arbitration, and
Neural Networks with zero hidden units (perceptron). This ap-
proach works well, although one caveat is the requirement of
application-specific parameter tuning for optimal results. An-
other intensity-based object classification approach by Belongie
et al. [6] compares shape contexts for object matching. This in-
volves finding the relation of each pixel along a contour to all
other pixels on the contour, and then computing the best match
on a per-pixel basis. This method is tested using the MNIST
database.

In contrast to the previous work, I propose a method which
combines invariances into a Support Vector Machine classifier
as in [7], using the CS2 representation.

III. TESTING
The CS2 classifier will be tested using the MNIST Digit

Database. This includes a training set of 60,000 images and test-
ing set of 10,000 images, each of handwritten digits [8]. Each
example is an 8-bit 28x28 pixel image including a single digit.
This database is extremely useful as various other classification
techniques have already been employed and compared (http://-
www.research.att.com/lyann/exdb/mnist/index.html). Perfor-
mance of the CS2 classifier will be decided empirically by a %
Test Error Rate, calculated as the number of misclassifications
per total test cases examined.

IV. CURVATURE SCALE SPACE OVERVIEW
Contours play an important role both in the human visual sys-

tem and in the realm of image processing. In an image, objects
can be defined by the contours which bound them, meaning that
there is significant information contained therein. The CS2 rep-
resentation, first proposed by F Mokhtarian and A. Mackworth
[1], takes advantages of this fact. The idea is to represent a
planar curve at varying levels of detail, with invariance to ro-
tation, scaling and translation. This is accomplished by deter-
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mining the zeros of curvature of the contour at varying scales.
It will be very difficult to determine the curvature of the con-
tour in a continuous sense, therefore a parametric contour is
used which depends on the pixel values of the contour. The x
and y-coordinates of the contour pixels are parameterized by an
arc-length parameter u which traces around the contour. The
result will be two vectors x (u) and y (u) which define the con-
tour boundary. With these vectors obtained, the curvature of the
contour is given as follows [9]:

(1)() =X (u) y (u) - (u) X (u)

_X (U)2 + Y (U)2 2

So far this is only a description of the curvature at one scale.
Other scales are computed by smoothing x (u) and y (u) with a
Gaussian kernel. This process is known as evolution [2]. The
curvature of the contour is then given by (u, o) where u is the
arc-length parameter and is the scale.

X(u )Y (,o 7U(Y , 7) XUU(X , 7) (2)

(Xu (U,cx)2 + yu (U,T)7) 2

An example of the CS2 representation Fig. 1 displays the zeros
of curvature for a given contour.

V. CLASSIFICATION ARCHITECTURE
The CS2 classifier is divided into three stages. In the first

stage, the digit image is pre-processed so that the grid of pixel
intensities is converted into an x and y vector of the digit con-
tour. These vectors are interpolated to be of the same length. In
the second stage, the CS2 representation is formed for a spec-
ified range of scales. Finally, certain features of the CS2 rep-
resentation are selected and used as the input feature space of
the linear SVM classifier. Selection of these features will be
discussed later.

A. Pre-processing
In order to construct a CS2 representation, the digit contour

must be obtained. The first step is to resize the image four times
in each dimension using a bicubic filter, increasing the resolu-
tion from 28x28px to 112xl 12px. Next, a Canny edge detection
algorithm is used to extract the digit contour (Fig. 2). Note that
the contour obtained from the high-resolution digit is smoother
than that obtained at the original resolution.

The next step is to transform the image contour from a grid
of pixel intensity values into the vectors x(u) and y(u). This is
accomplished using a contour tracing algorithm which removes
each image pixel as it is accumulated. Finally, the two vectors
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Fig. 1. Sample CS2 representation

(d)

Fig. 2. Preprocessing steps: (a) original image, (b) contour from original image,
(c) upscaled image, (d) contour from upscaled image

are interpolated to the size of the largest vector. This is neces-
sary for the CS2 representations to be of similar dimension.

B. CS2 Formation
Once the vectors x(u) and y(u) are available, the CS2 repre-

sentation is produced. The vectors xu (u, o) and yu (u, o) are
obtained (4), and similarly, xuu (u, ) and y (u, ) are ob-
tained (5). Here X denotes convolution. The trick of convolv-
ing each path-length vector with the derivatives of a Gaussian
kernel is allowed by the differentiation property of convolution.

x (u,C) = x (u) X g (u,C) (3)

xu (u, C) = X (u) X gu (u,C)

xUU (u, C) = X (u) X guu (u, C)

(4)
(5)

The curvature (u, u) is then computed (2) for each value of
in the selected range. We determine zeros of curvature when

IK(u, )1 < T where T is a user-specified threshold. The CS2
representation is a binary matrix where each entry is specified
by (6).

Cs2 (u 7) I(U,7)I < T
O otherwise (6)

The CS2 representation for the digit contour obtained in Fig. 2
is observed in Fig. 3.

C. Feature Selection
The selection of a feature space is an important step in the

classification architecture. The idea is to use a low dimension-
ality in each feature to decrease computation time and memory
requirements as much as possible [10], [1 1]. At the same time,
the feature space should contain significant information about
each contour and be easily separable (although this is hard to
verify by inspection). The standard dimension of a CS2 repre-
sentation for this application is 320 pixels for u and 120 scales
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