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ABSTRACT

Orientation information is present in images at all scales.
It is typically detected using quadrature filters applied to
windows of many sizes. This paper presents a complemen-
tary approach suitable for use with window sizes that are
too small to support such filters. The appearance of ori-
ented features at fine scales can be characterized empiri-
cally by collecting labelled examples of the appearance of
edges at all orientations. Since the window sizes of interest
are small, it is practical to sample the space of all possible
appearances quite densely. In this work, the necessary ex-
periments are performed automatically by a robotic system
using active segmentation. This data is then used to per-
form orientation detection with a very small window size (4
by 4 pixels) using a simple interpolating look-up table. This
provides access to orientation information contained at the
finest scale visible, which would be drowned out in larger
window sizes.

1. INTRODUCTION

Orientation is an important visual cue for many purposes,
such as object segmentation, recognition, and tracking. It is
associated with neighborhoods rather than individual points
in an image, and so is inherently scale dependent. At very
fine scales, relatively few pixels are available from which
to judge orientation. Lines and edges at such scales are
extremely pixelated and rough. Orientation filters derived
from analytic considerations, with parameters chosen as-
suming smooth, ideal straight lines or edges (for example,
[1]) are more suited to larger neighborhoods with more re-
dundant information. For fine scales, an empirical approach
seems more promising, particularly given that when the num-
ber of pixels involved is low, it is practical to sample the
space of all possible appearances of these pixels quite densely.

This paper is an exploration of how edges in “natural”
images appear when viewed through an extremely small
window (4 by 4 pixels). This window size is chosen to
be large enough to be interesting, but small enough for the
complete range of possible appearances to be easily visual-
ized. Even at this scale, manual data collection and labelling
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Fig. 1. Active segmentation. The robot arm is deliberately
driven to collide with an object. The apparent motion after
contact, when masked by the motion before contact, iden-
tifies a seed foreground (object) region. Such motion will
generally contain fragments of the arm and environmental
motion that escaped masking. Motion present before con-
tact is used to identify background (non-object) regions. An
optimal object region is computed from the foreground and
background information using graph cuts [3].

would be extremely tedious, so a robotic system [2] was em-
ployed to automatically compile a database of the appear-
ance of oriented features (Section 2). These features were
extracted by sampling image patches along object bound-
aries, which were in turn determined using active segmenta-
tion [3]. The resulting “catalog” of edge appearances proved
remarkably diverse, although the most frequent appearances
were indeed the “ideal” straight, noise-free edge (Section 3).
Finally, it is a simple matter to take this catalog of appear-
ances and use it as a memory-based image processing filter
(Section 4).

2. DATA COLLECTION

A robot equipped with an arm and an active vision head was
given a simple “poking” behavior, whereby it selected ob-
jects in its environment, and tapped them lightly while fixat-
ing them [4]. The motion signature generated by the impact
of the arm with a rigid object greatly simplifies segment-
ing that object from its background, and obtaining a rea-
sonable estimate of its boundary (see Figure 1). Once this
boundary is known, the appearance of the visual edge be-
tween the object and the background can be sampled along



Fig. 2. Edges have diverse appearances. This figure shows
the orientations assigned to a test suite prepared by hand.
Each4 � 4 grid is a single test edge patch, and the dark
line centered in the grid is the orientation that patch was ob-
served to have in the training data. The oriented features
represented include edges, thin lines, thick lines, zig-zags,
corners etc. It is difficult to imagine a set of conventional
filters that could respond correctly to the full range of fea-
tures seen here – all of which appeared multiple times in
object boundaries in real images.

it. These samples are labelled with the orientation of the
boundary in their neighborhood (estimated using a simple
discrete derivative of position along the boundary). The
samples are assumed to contain two components that are
distinguished by their luminance. The pixels of each sample
are quantized into binary values corresponding to above av-
erage and below average luminance. Quantization is neces-
sary to keep the space of possible appearances from explod-
ing in size. The binary quantization gives a very manage-
able 65536 possible appearances. About 500 object bound-
aries were recorded and sampled. 49616 of the possible ap-
pearances (76%) were in fact observed; the remaining 24%
were all within a Hamming distance of one of an observed
appearance. The orientations of these unobserved appear-
ances was estimated using interpolation, by averaging the
orientation of all the appearances within a Hamming dis-
tance of one. If the same appearance was observed multiple
times, the orientations associated with these observations
are averaged.

3. VISUALIZATION

In this section, the data collected is examined to determine
how practical fine scale orientation detection could be. Fig-
ure 2 shows that although the data collection procedure op-
erates on views of simple physical edges, the appearance of
these edges can be quite complex. Nevertheless, the most
common appearances observed are ideal, noise-free edges,
as Figure 3 shows. The first four appearances shown (top
row, left) make up 7.6% of all observed appearances by
themselves. Line-like edges are less common, but do occur,
which means that it is perfectly possible for the surfaces on
either side of an edge to be more like each other than they
are like the edge itself. This was completely serendipitous –

Fig. 3. The most frequently observed edge appearances. All
patches observed are replicated for all90

Æ rotations, mirror
flips, and inversion of foreground/background. The most
frequent (top) are simple straight edges. The line in the cen-
ter of each patch shows the orientation associated with that
patch. After the straight edges, the completely empty patch
is common (produced in saturated regions), followed by a
tube-like feature (third-last row) where the boundary is vi-
sually distinct to either side of the edge. This is followed
corner-like features and many thousands of variations on the
themes already seen.

it was anticipated that obtaining and automatically labelling
such examples would be very difficult. Figure 4 shows the
most frequently occurring image appearances with a partic-
ular orientation. Here it is clearer that the most frequent
patches are generally “ideal” forms of the edges, followed
by very many variations on those themes with distracting
noise. Amidst the edge-like patterns are examples of a line
with single-pixel thickness, and a pair of such lines running
parallel. It is encouraging that examples of such appear-
ances can be collected without difficulty and united with
more classical edge patches of the same orientation.

Figure 5 systematically explores the effect of adding
noise to an “ideal” edge. The resilience of the orientation
measure is encouraging, although a small number of gaps
in coverage are revealed, suggesting that further data should
be collected.



Fig. 4. The most frequently observed appearances whose
orientation is within a few degrees of the horizontal. There
is a clear orientation assigned to many patches that deviate
a great deal from “ideal” edges/lines, showing a robustness
that is examined systematically in Figure 2.

4. FILTER IMPLEMENTATION

It is simple to use the data we have collected to filter an
image for fine scale orientation features. A4 � 4 window
is moved across the image, sampling it as described ear-
lier in Section 2. Each sample is used as an index into a
table mapping appearance to orientation. Figure 6 shows
the orientations measured for a64 � 64 image consisting
of a circle and square. This is based on an example in [5].
The detector gives good results for solid edges with arbi-
trary contrast, and various kinds of lines. The response to
edges is diffuse by design – during data collection, samples
are taken both along the boundary and slightly to either side
of it, and treated identically. If a sharper response is de-
sired, these side-samples could be dropped, or their offset
from the boundary could be recorded. Figure 7 shows the
filter operating on a very small image of a cube. Each visi-
ble edge of the cube is clearly and faithfully represented in
the output. Typical filters with a window size of8 � 8 and
up would have little chance with such an image.

Fig. 5. The top row shows an “ideal” view of a horizontal
edge. The next two rows show patches with a single pixel
perturbation. The remainder of the image shows 2-pixel
perturbations (25% of the pixel weight of the edge). The
behavior of the orientation estimate is very intuitive, except
in two cases where there was insufficient training data (a
single sample).

5. DISCUSSION AND CONCLUSIONS

Real images are more complex than we intuit. While this
work has shown that idealized edges are empirically well
grounded, in that they occur more frequently than other vari-
ants, it also shows that many more exotic forms do occur
and can profitably be modeled. At fine scales, where the
number of pixels used to compute orientation is low, a prac-
tical approach is to sample the appearance of edges empir-
ically. Many elaborations on the implementation described
in this paper are possible. For example, when quantizing the
luminance values in a neighborhood, each possible setting
could be tried for those pixels that are close to the thresh-
old, and then the final orientation could interpolate appro-
priately.

With the large cache size of modern processors, this
memory-based approach to orientation detection can facili-
tate extremely rapid orientation detection, which is impor-
tant for real-time vision systems [7].

While no difficulty is anticipated sharpening the spa-
tial response of the filter by associating offsets with appear-



Fig. 6. A pair of simple test images (left), based on [5]. The
oriented lines shown on the right represent the orientation
assigned to each pixel in the corresponding image.

Fig. 7. A synthetic image of a cube. It is a scaled down ver-
sion of that used in [6]. The length of each edge (8 pixels)
is chosen to coincide with the smallest window size used in
that paper. The results here are dense and well-behaved.

ances, this remains to be confirmed. This is important for
certain applications such as edge detection.
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