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Abstract: Many automated visual inspection applications rely on a segmentation of
surfaces into meaningful regions, for instance into defective and non-defective areas.
This paper presents a segmentation approach based on illumination series, by which
we denote a set of images taken under variable directional illumination. We show that
co-occurrence matrices calculated from the series of images enable the extraction of
suitable features for a texture-based segmentation of the surface. Depending on the
selected displacement vector, the co-occurrence matrices computed within a neighbor-
hood contain information about spatial variations of the surface or about the average
reflection properties. The method is developed on synthetic images and is then demon-
strated with cutting inserts to segment areas featuring abrasion.

1 Introduction

In machine vision, the choice of a variable illumination permits an inference of relevant
surface properties, such as the local surface orientation, the macro-structure (roughness),
and the micro-structure (reflection properties). Furthermore, if the used illumination is
directional, potentially a high local contrast can additionally be obtained. In principle,
segmentation could be performed with a single image. The appearance of arbitrary sur-
faces under directional illumination is, however, very much depending on the illumination
direction, as the three samples of the same surface in Fig. 1 illustrate. Alternatively, diffuse
illumination could be employed, but in this case the contrast of a single surface image be-
comes typically much lower. For this reason, our surface segmentation approach is based
on the analysis of series of images taken with directional light from different directions.

In a previous publication, we presented a model-based segmentation approach relying on
reflection properties and the local surface orientation [LP07]. In the present contribu-
tion, we propose an alternative based on the extension of a well-known method related to
second-order statistics – co-occurrence matrices, which describe neighborhood relations
in images, as well as the features derived from them – to a higher dimension, which is de-
fined by the angular position of the utilized illumination source [HSD73, HS92, Wag99].
This way, features can be generated to describe the surface texture which are invariant to
illumination. The proposed approach has been tested with both simulated images and se-
ries of real images of a cutting insert, where the task was to segment abrasions. The sizes
of the areas showing abrasion are useful to evaluate the state of a cutting insert.
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Figure 1: A CCD camera with its optical axis laying on the z-axis observes the surface. A distant
point-light source illuminates the surface under the variable elevation angle θi. In addition, three
images of a cutting insert are displayed to illustrate the variability of the appearance depending on
the illumination angle.

2 Methods

The surface segmentation process under the given experimental constraints can be sub-
divided into three main aspects: image acquisition, feature extraction, and classification
[LP07]. This contribution focuses on the issues related to feature extraction.

2.1 Image acquisition

The choice of an efficient illumination strategy is essential, since it is often too expensive
to sample the complete illumination space. Instead, a subset of samples has to be selected
such that the series contains the required information. In this experiment, the illumination
strategy was chosen to segment the abrasions of cutting inserts which appear mainly in
form of marks parallel to the material flow over the tool. Figure 1 illustrates the experi-
mental setup featuring a CCD camera at a fixed position and a variable distant point light
source. The azimuth of the illumination was set perpendicular to the main direction of
the observed marks, whereas the elevation angle was varied along a semicircle above the
surface. The detected image series is therefore a function of the illumination angle θi. It

33



is defined as a set of N images:

G = {g(x, θi); i = 0, . . . , N − 1} with θi = −90◦ + i · Δθ , (1)

where Δθ = 180◦/N . In each image of the series, a certain location on the surface
is mapped onto the same pixel with the discrete coordinates x = (x, y)T, because the
camera has a fixed position over the series. Subsequently, we refer to the signal sx(θi)
as the intensity signal, which describes the grey value of a location as a function of the
illumination direction.

2.2 Co-occurrence matrices of illumination series

A grey level co-occurence matrix is a 2D histogram of image grey values that co-occur at
a certain distance or displacement. It allows to derive features related to the second-order
statistics of the data. In its original formulation, the co-occurence matrix is calculated
from a single image [HS92]. In this paper, we extend the approach to the previously
defined illumination series as follows:

CΔ(g1, g2) =
/

x

/
y

/
θ

δg1
g(x,y,θi)

· δg2
g(x+Δx,y+Δy,θi+n·Δθ) , (2)

where

δa
b :=

1
1 for a = b
0 for a %= b

(3)

denotes the Kronecker symbol. The variables g1 and g2 are the gray values of the first and
second pixel, respectively, and the vector Δ = (Δx,Δy, n·Δθ)T describes the considered
displacement between the two pixels.

An exclusively lateral displacement, e.g. Δ = (1, 0, 0)T, yields a co-occurrence matrix
which describes the texture. Compared to the co-occurrence matrix of a single image,
the histogram is invariant with respect to the illumination direction, because it contains
statistics over the series of variably illuminated images. The co-occurrence matrix that re-
sults by using an displacement in illumination direction Δ = (0, 0,Δθ)T contains average
statistics about the intensity signal. This intensity signal, however, is not arbitrary. It is
caused by the reflection of incident light on the observed surface location, and it depends
on the local surface properties. In [LP07] we investigated how intensity signals can be
exploited to perform a model-based segmentation.

Surface segmentation generally implies an instationary surface. To distinguish local differ-
ences, it is necessary to compute local co-occurrence matrices. This can be implemented
by using a window of size (w,w)T that cuts out a part of the series in the x-y plane,
centered around the coordinates x:

Wx(k, l, θi) =
"

g(x + k, y + l, θi); k = −w
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w

2
; l = −w

2
, . . . ,

w

2

2
. (4)

Co-occurrence matrices with different displacements are calculated for each window, and
then several common features can be derived from each matrix. A variety of methods for
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Figure 2: Image series of a simulated surface with four patches featuring different surface properties.
The intensity signals of two neighboring locations within the respective patch are plotted aside in
order to illustrate its surface properties: a) smooth and specular, b) smooth and diffuse, c) rough and
specular, c) rough and diffuse.

co-occurrence features are described in the literature [Wag99, HS92]. For the subsequent
experiments, we applied the contrast descriptor to co-occurrence matrices computed with
both a purely lateral displacement and a displacement in illumination direction:

mcon =
gmax/
g1=0

gmax/
g2=0

(g1 − g2)2CΔ(g1, g2) . (5)

The feature vector spans a feature space onto which each location of the surface is mapped.
Finally, a previously trained classifier assigns each location to a segment.

3 Experimental Results

The feature extraction algorithm was tested on a simulated surface consisting of patches
with different surface properties (Fig. 2). The grey values were calculated using the Tor-
rance & Sparrow model of surface reflection. The data simulate surface properties of ma-
chined surfaces. Figure 3 shows the contrast feature matrices calculated using the lateral
displacement (1, 0, 0)T (left) and the illumination-dependent displacement (0, 0,Δθ)T

(right). The left plot shows a clear difference between the patches a) and b) (smooth sur-
face) and the patches c) and d) (rough surface). The feature extracted from the illumination-
dependent statistics (right plot) shows a difference between specular patches a) and c) and
more diffuse patches b) and d).

The same algorithm was applied to segment abrasions on a cutting insert. Single images
of the series are displayed in Fig. 1. Figure 4 shows the two normalized feature matrices,
using the displacements (1, 0, 0)T and (0, 0,Δθ)T respectively, and the differential image
of both in the top row. The differential image reveals that, on the average, there is enough
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Figure 3: Feature matrices of the synthetic image series calculated with the contrast descriptor and
the displacement (1, 0, 0)T (left plot) and the displacement (0, 0, Δθ)T (right plot) respectively.

difference between the feature values to justify the utilization of both for the classification.
The left image of the bottom row shows the surface under diffuse illumination. The seg-
mentation result is displayed in the center, and the lower right image shows the difference
between a mask marking the desired area and the segmentation result. The classification
was performed by a support vector machine.

4 Discussion

Second-order statistics applied to illumination series deliver distinguishable features and
is therefore suitable for the segmentation of surfaces. The simulation results show clear
differences in the contrast features between a lateral displacement and a displacement into
the illumination direction. It is also possible to segment the relatively inhomogeneous
surface of a cutting insert. We expect even better results from co-occurrence features that
are specially designed for the use with illumination series.
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Figure 4: Segmentation of a cutting insert. Top row from the left side: normalized contrast feature
matrices with displacement (1, 0, 0)T, displacement (0, 0, Δθ)T, and difference between both fea-
ture matrices. Bottom row from the left side: cutting insert with abrasions under diffuse illumination,
segmentation results, and mask applied to the segmentation results.

abrasion measurement of cutting inserts.
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