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Abstract

Quantitative characterization of skin appearance is an im-
portant but difficult task. The skin surface is a detailed
landscape, with features that depend on many variables such
as body location (knuckle vs. torso), subject parameters
(age/gender/health) and imaging parameters (lighting and
camera). Computational modeling of skin texture has potential
uses in many fields and applications including realistic render-
ing for computer graphics, robust face models for computer vi-
sion, computer assisted diagnosis for dermatology, topical drug
efficacy testing for the pharmaceutical industry and quantita-
tive product comparison for cosmetics. In this work, image-
based representations of skin appearance are used in order to
have descriptive capabilities without the need for prohibitively
complex physics-based skin models. We present a method for
representing and recognizing different areas of the skin surface
that have visibly different texture properties. Our model takes
into account the varied appearance of the skin with changes in
illumination and viewing direction.

1 Introduction

Simple models of skin appearance are not sufficient to sup-
port the demands for high performance algorithms in computer
vision and computer graphics. For example, in computer vi-
sion algorithms for face recognition, shape from shading and
facial feature-tracking rely on accurately predicting appearance
so that local matching can be done among images obtained with
different imaging parameters. In computer graphics, image-
based rendering is a popular technique to achieve realism, but
this technique is often based on the assumption that varying
the appearance of local texture can be accomplished by warp-
ing reference images to create new views. If fidelity of fine
scale texture is needed, this rendering approach is not sufficient.
The appearance of skin texture and the manner that appearance
changes with illumination direction and viewing direction is
difficult to model. Although much work has been done in mod-
eling for facial animation [17, 13, 12, 2], accurately rendering
skin surface detail has not been the primary emphasis and re-
mains an open topic.

In addition to computer vision and graphics, accurate skin
models may be useful in dermatology and several industrial
fields. In dermatology, these skin models can be used to develop
methods for computer-assisted diagnosis of skin disorders. In
the pharmaceutical industry quantification is quite useful when

applied to measuring healing progress. Such measurements can
be used to evaluate and compare treatments and can serve as
an early indicator of the success or failure of a particular treat-
ment course. Consumer products and cosmetic industries can
use computational skin representations to substantiate claims
of appearance changes.

Skin texture can be considered a 3D texture, i.e. a texture
in which the fine scale geometry affects overall appearance. In
some cases there may be a variation of albedo in addition to
fine scale geometric texture. Increasingly, recent work on tex-
ture representations deal with the complex changes of surface
appearance with changes in illumination and viewing direction
[4, 16, 18, 25, 7, 9, 8, 26, 20, 6, 5]. Terminology for texture that
depends on imaging parameters was introduced in [10]. Specif-
ically, the term bidirectional texture function (BTF) is used to
describe image texture as a function of the four imaging angles
(viewing and light source directions). The BTF is analogous
to the bidirectional reflectance distribution function (BRDF).
While BRDF is a term for the reflectance of a point, most real
world surfaces exhibit a spatially varying BRDF and the term
BTF is used for this situation. To illustrate the importance of ac-
counting for variations with imaging parameters, consider Fig-
ure 5 (a), where each row shows a skin surface patch under sev-
eral different viewing and illumination directions. In this paper
we extend our approach described in [6] to skin analysis. This
approach is useful because a single image can be used for fast
non-iterative recognition. We present recognition results using
clinical skin measurements from several locations on the hand.

One difficulty in building skin texture models is acquiring
good data. Since changes in skin texture with viewing and illu-
mination direction are to be modeled, a full BTF is ideal. How-
ever the BTF is the appearance of a surface patch as a function
of four parameters, two angles for the viewing direction and two
angles for the illumination direction. These measurements can
be quite difficult to obtain because of mechanical requirements
of the setup. When the sample is non-planar, non-rigid and
not-fixed, as is the case for human skin, the measurements are
even more difficult. Because of these issues, exhaustive mea-
surement is impractical in a clinical setting. In our approach,
three viewing directions are used, and for each viewing direc-
tion, ten lighting directions are measured, obtaining a total of
30 images per surface sample. The viewing direction is ob-
tained with a tripod augmented with a manual articulated arm
and illumination is controlled by a rotatable arc mounted on a
tripod. The details of the measurement protocol are discussed
in Section 4.2. These measurements are obtained as part of
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Figure 1: Creation of the image texton library. The un-
registered texture images of different BTF’s are filtered with the
filter bank � . The filter responses for each pixel are grouped to
form the feature vectors. The feature space is clustered via k-
means to determine the collection of key features, i.e the image
texton library.

a collaboration with UMDNJ Department of Dermatology and
the eventual outcome of this study will investigate disease and
treatment progress as well as the appearance of normal skin on
various body locations. In this paper, we present experiments
using skin on the articulated segments of a finger, which can
be divided into several classes. Recognition of the location the
image was taken on the hand is obtained using an image-based
approach. Often in the literature, texture recognition is applied
to texture classes that are visually quite dissimilar, e.g. rocks
vs. sand. The goal of this paper is to perform a classification
of skin texture where the visual differences in appearance are
more subtle.

2 Texture Representation

2.1 Image Textons

Based on the classic concept of textons [15], and also on
modern generalizations [18], we follow the theory that there is
a finite set of local structural features that can be found within
a large collection of texture images from various samples. This
reduced set of local structural representatives is called the im-
age texton library.

A widely used computational approach for encoding the lo-
cal structural attributes of textures is based on multichannel fil-
tering [3, 14, 24, 18], this type of analysis being inspired by var-
ious evidences of similar processing in human vision system. In
our approach, illustrated in Figure 1, to obtain a computational
description of the local feature we employ a multi-resolution
filter bank � , with size denoted by � , and consisting of Gaus-
sians, derivatives of Gaussians and center surround derivatives
on three scales. Each pixel of a texture image is characterized
by a set of three multi-dimensional feature vectors obtained by
grouping the corresponding filter responses over scale. For sim-
plicity in our discussions we will refer to a single scale, but it
is important to keep in mind that the processing is done in par-
allel for all three scales. Note that the resulting feature vec-
tor does not encode the variation of local appearance as the
imaging conditions change. Instead we account for the change
in appearance with viewing/illumination directions globally by
populating the feature space with feature vectors from sampled
BTFs.

As in many approaches in texture literature [18, 1, 23, 19],
we cluster the feature space to determine the set of prototypes
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Figure 2: Our proposed texture representation. The texture im-
age is filtered with filter bank � , and filter responses for each
pixel are grouped to form feature vectors. The feature vectors
are projected into the space spanned by the elements of the im-
age texton library, then labeled by determining the closest tex-
ton. The distribution of labels is approximated by the texton
histogram.

among the population. Specifically, we invoke k-means algo-
rithm, which is based on the first order statistics of data, and
finds a predefined number of centers in the data space, while
guaranteeing that the sum of squared distances between the ini-
tial data points and the centers is minimized. Empirical results
suggest that the resulting collection of representatives in the
space spanned by the local structural feature vectors, namely
the image texton library, is generic enough to represent a large
set of texture samples.

2.2 Texton Histograms

The histogram of image textons is used to encode the global
distribution of the local structural attribute over the texture im-
age. This histogram, denoted by ������� , is a discrete function of
the labels � induced by the image texton library and is computed
as described in Figure 2. Note that in our approach, neither the
image texton nor the texton histogram encode the change in lo-
cal appearance of texture with the imaging conditions. These
quantities are local to a single texture image. We represent the
surface using a collection of image texton histograms, acquired
as a function of viewing and illumination direction. This sur-
face representation may be described by the term bidirectional
feature histogram. It’s worthwhile to explicitly note the differ-
ence between the bidirectional feature histogram and the BTF.
While the BTF is the set of measured images as a function of
viewing and illumination, the bidirectional feature histogram is
a representation of the BTF suitable for use in classification.

In our work, each texture class is modeled using a large col-
lection of texton histograms. The dimensionality of the his-
togram space is given by the cardinality of the image texton
library, which should be inclusive enough to represent a large
range of textured surfaces. Therefore the histogram space is
high dimensional, and a compression of this representation to
a lower-dimensional one is suitable, providing that the statis-
tical properties of the bidirectional feature histograms are still
preserved. To accomplish dimensionality reduction we employ
principle component analysis (PCA), which finds an optimal
new orthogonal basis in the space, while best describing the
data. This approach follows [21], where a similar problem is
treated, specifically an object is represented by set of images



taken from various poses, and PCA is used to obtain a compact
lower-dimensional representation.

3 Recognition Method

The 3D texture recognition method consists of three main
tasks: (1) creation of image texton library, (2) training, and (3)
classification. The image texton library is described in Section
2.1 and illustrated in Figure 1. Each of the � texture images,
from each of the � texture samples, is filtered by the multi-
channel filter bank � , and the filter responses corresponding to
a pixel are grouped to form the feature vector. The feature space
is populated with the feature vectors from all ����� images.
Feature grouping is performed via k-means algorithm, and the
representatives among the population are found, forming the
image texton library.

In the training stage a 3D texture model for each of the tex-
ture samples is constructed as illustrated in Figure 3. The subset
of texture images used for training are arbitrarily sampled from
the entire measured BTF. Each of the � texture images from
each of the � texture samples to be classified, are filtered by
the same filter bank � as the one involved for texton library
construction. The resulting multidimensional feature vectors,
obtained by grouping the filter responses for a certain pixel in
the image, are labeled relative to the set the image textons, and
for each texture image a texton histogram is computed. There-
fore each texture sample is characterized by the set of � texton
histograms, or bidirectional feature histogram. Furthermore,
the set of bidirectional feature histograms corresponding to the
set of texture samples are employed to compute the universal
eigenspace, where each of the texture samples is modeled as a
densely sampled manifold, parametrized by both viewing and
illumination directions.

In the classification stage, illustrated in Figure 3, the sub-
set of testing texture images is disjoint from the subset used
for training. Again, each image is filtered by � , the result-
ing feature vectors are projected in the image texton space and
labeled according to the texton library. The classification is
based on a single novel texture image, and it is accomplished
by projecting the corresponding texton histogram onto the uni-
versal eigenspace created during training, and by determining
the closest point in the eigenspace. The texture sample corre-
sponding to the manifold onto which the closest point lies is
reported as the texture class of the testing texture image. To
demonstrate the versatility of the image texton library we de-
signed two classification experiments.

3.1 Prior work in 3D texture recognition

Prior methods for texture recognition based on representa-
tions derived from image sets are discussed in [25, 8, 18]. In [8]
the texture representations are the conditional histograms of the
response to a small multiscale filter bank. PCA is performed on
the histogram of filter outputs and recognition is done using the
SLAM library [22, 21] with the histogram vectors forming the
appearance-based feature vectors. The preliminary recognition
results in this experiment were encouraging and motivated the
work presented in this paper. In [25] the individual texture im-
ages are represented using multiband correlation functions that
consider both within and between color band correlations. PCA
is used to reduce dimensionality of the representation and this
color information is used to aid in recognition. However, the
use of texture color in [25] greatly assists the recognition since
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Figure 3: Training and classification stages of image texton
recognition method. During training PCA is performed on the
histograms of image textons. Recognition is accomplished by
finding the closest neighbor to the novel point in the texton his-
togram eigenspace.

many of the samples in the test dataset are well separated in
color space. In [18] a 3D texton is created by using a multiscale
filter bank applied to an image set for a particular sample. The
filter responses as a function of viewing and illumination direc-
tions are clustered to form appearance features that are termed
3D textons. In this paper we refer to this method as the 3D
texton method.

The classical standard framework for texture representation
consists of a primitive and a statistical distribution of this prim-
itive over space. So the pertinent question is: how does one ex-
tend a standard texture representation to account for changes in
image texture with imaging parameters? To accomplish this ex-
tension, either the primitive or the statistical distribution should
be a function of the imaging parameters. Using this framework,
the comparison of our approach with the 3D texton method is
straightforward. The 3D texton method uses a primitive that is
a function imaging parameters, while our method uses a statis-
tical distribution that is a function of imaging parameters. In
our approach the histogram of features representing the texture
appearance is a function of viewing and illumination and there-
fore is called a bidirectional histogram. We accomplish a simi-
lar goal to that of the 3D texton method, namely precise recog-
nition of textured surfaces. However our approach uses less a
priori information and a fundamentally simpler computational
representation.

4 Experimental Results

In developing the recognition method, several experiments
have been conducted with the CUReT database [11], a collec-
tion of BTF/BRDF measurements for 61 real-world textured
surfaces, each imaged under more than 200 different combina-
tions of viewing and illumination directions. In this section we
summarize these results to show the overall performance of the
algorithm on a large dataset. For the task of skin analysis, we
describe a new clinical measuring project that is now underway
in collaboration with UMDNJ Department of Dermatology. We
apply the image texton method to preliminary images from this
study and the results are encouraging.



4.1 Results with CUReT Database

In order to analyze the performance of our texture represen-
tation and recognition algorithm, we designed various experi-
ments which employed a large number of texture images corre-
sponding to 40 of the 61 texture samples from CUReT database.
For each texture sample we considered a highly sampled BTF,
consisting of ��������� texture images. To create the image
texton library, we used �	��
�� texture samples, each char-
acterized by �
����� arbitrary texture images. To form fea-
ture vectors, each image is filtered with a filter bank � of size
������� filters, grouped on three scales. For each scale, there are
12 oriented Gaussian filters with 6 orientations and 2 phases,
2 center-surround derivatives of Gaussian filters, and one low-
pass Gaussian filter.

We conducted two series of recognition experiments. First
set of experiments uses for classification the same 20 texture
samples as the ones used for creating the texton library. For
this case we analyzed the performance of the method as the
size of the training set for each class is varied. We obtain an
excellent global recognition rate of more than 96%, for the case
of using ������� texture images for training, and the remaining
of 100 texture images for testing, for each of the classes. To
demonstrate the generality of the texton library, the second set
of recognition experiments classifies a different set of 20 texture
samples, samples which have not been used to construct the tex-
ton library. Again, for the case of using ������� texture images
for training, and the remaining of 100 texture images for test-
ing, for each of the classes, we obtain a classification rate well
over 96%. This result confirms the assumption that different
textured surfaces have similar local structural properties, there-
fore an image texton library obtained from a limited collection
of texture samples might also convey the texture characteristics
of other surfaces.

4.2 Skin Imaging Protocol

Our skin measurement device is comprised of a Sony
DFW-V500 IEEE-1394 digital camera equipped with In-
finiMini video lens with variable focus from 750mm to
150mm, and video magnification 2.9-15X, a rheostat con-
trolled high intensity quartz halogen illuminator, a personal
computer running Windows 2000 with IEEE-1394 digital cam-
era Windows driver (available freeware at URL http://www-
2.cs.cmu.edu/ iwan/1394/).

Various camera poses are obtained by using a tripod and a
manually articulated arm. The light source is positioned by us-
ing a rotatable positioning arc, which ensures constant distance
between surface of interest and light source. The lamp is posi-
tioned distant enough from the surface of interest such that an
approximative collimation of light is ensured. In order to mon-
itor the light intensity across various imaging sessions, a white
diffuse reflectance target providing an extremely flat spectral
response in UV, VIS, and IR, is imaged during each imaging
session.

4.3 Recognition of Skin Images

In our experiments we employed skin texture images corre-
sponding to three distinct regions of a finger: bottom segment
on palm side, fingertip, and bottom segment on the back of the
hand. Images have been obtained from two subjects: for sub-
ject 1 both the index and middle fingers of left hand have been

imaged, for subject 2 the index finger of left hand has been
measured. Each imaging session consists of measuring the skin
texture of a certain region, finger and subject, as the imaging
parameters are varied. Therefore we had 9 imaging sessions,
and for each session 30 images were acquired, corresponding to
3 camera poses, and 10 light source positions for each camera
pose. As a result the entire dataset employed during the experi-
ments contains 270 skin texture images. Figure 5 illustrates few
examples of texture images in this dataset.

For constructing the image texton library, we consider a set
of skin texture images from all three classes, however only from
index finger of subject 1. This reduced subset of images is used
because we assume that the representative features for a texture
surface are generic. This assumption is even stronger for skin
textures, given the local structural similarities between various
skin texture classes.

Each texture image is filtered by employing a filter bank,
consisting of ������� oriented Gaussian filters with six orien-
tations corresponding to three distinct scales. The filter out-
puts corresponding to a certain scale are grouped to form six-
dimensional feature vectors. The resulting three sets of feature
vectors are used each to populate a feature space, where cluster-
ing via k-means is performed to determine the representatives
among the population. We empirically chose to employ in our
experiments a texton library consisting of 50 textons for each
scale.

During the first set of experiments, the training and testing
image sets for each class are disjoint, corresponding to different
imaging conditions or being obtained from different surfaces
belonging to the same class. For each of the classes we consid-
ered all available data, that is, each texture class is characterized
by 90 images. We varied the size of the training set for each of
the classes, from 45 to 60, and, consequently the cardinality of
the test set was varied from 45 to 30. For a fixed dimensionality
of the universal eigenspace, i.e. 30, the profiles of individual
recognition rates for each class, as well as of global recogni-
tion rate indexed by the size of the training set are illustrated in
Figure 4 (a). As the training set for each class is enlarged, the
recognition rate improves, attaining the value 100% for the case
of 60 texture images for training and rest of 30 for testing. To
emphasize the strength of this result consider that the classifi-
cation is based on either: a single texture image captured under
different imaging conditions than the training set; or a single
texture image captured under the same imaging conditions, but
from a different skin surface. The variation of recognition rate
as a function of the dimensionality of the universal eigenspace,
when the size of the training set is fixed to 60, is depicted in
Figure 4 (b). As expected, the performance improves as the
dimensionality of the universal eigenspace is increased.

In the second experiment training and testing images cor-
respond to the same surface captured under the same imaging
conditions, however the image regions are spatially disjoint. We
divide each skin texture image into two non-overlapping subim-
ages, denoted as lower half subimage, and upper half subimage.
As a result we obtain for each class a set of 60 texture subim-
ages, two for each of the 30 combinations of imaging parame-
ters. For this experiment we considered data obtained from in-
dex finger of subject 1. The training set is constructed by alter-
natively choosing lower half and upper half subimages, which
correspond to all 30 imaging conditions. The testing set is the
complement of training set relative to the set of 60 subimages
for each class. The recognition rate indexed by the dimension-
ality of the universal eigenspace is plotted in Figure 4 (c). For



the case of a 30-dimensional eigenspace, the global recognition
rate is about 95%, when for class 1 is attained a recognition rate
of 100%, class 3 is classified with an error smaller than 4%, and
for class 2 the recognition rate is about 87%. Class 2 is the most
problematic to be classified, due in part to the non-planarity of
the fingertip.

These excellent preliminary classification results confirm
that our proposed texture representation captures well the char-
acteristics of skin texture, allowing good discrimination be-
tween different classes which correspond to different regions of
the human body. The results are even more encouraging when
one considers that visual differences in appearance of various
skin areas are rather subtle.

5 Conclusion and Future Work

In summary, we have measured skin appearance and applied
image-based texture representation for skin classification. The
techniques used enable classification of textured surfaces of un-
known viewing and illumination directions. The observed skin
appearance changes significantly with changes in viewing and
illumination direction because the surface microgeometry intro-
duces local occlusion, shadowing, and foreshortening. Features
apparent in one view seemingly disappear in another image,
while new features reappear. This multiview approach (that is
many images characterize the surface) provides a more com-
prehensive surface representation than any single image texture
representation.

Future work includes fine-tuning filter characteristics to de-
tect skin features. As in prior work, the image texton library
should be generic when trained on a sufficiently large set. We
showed this to be the case here, but improvements for skin data
can be made. Methods to explore compact representations have
been explored in prior work [5] and those methods can be used
to guide measurements, to ensure that the current measurement
protocol is sound.
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Figure 4: Recognition rate as a function of the size of the training set (a) (when dimensionality of the universal eigenspace is fixed
to 30), and as a function of the dimensionality of the universal eigenspace (b) (when the training set of each class has cardinality
60), both corresponding to first set of recognition experiments reported in Section 4.3. (c) Profile of recognition rate as a function
of the dimensionality of the universal eigenspace, corresponding to second recognition experiment, described in Section 4.3.
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Figure 5: Examples of skin texture images for each class, and for each of the three fingers imaged during our experiments. In
each of the pictures first row depicts skin texture corresponding to class 1 (bottom segment, palm side), second row presents texture
images from class 2 (fingertip), and third row consists of texture images from class 3 (bottom segment, back of palm). In (a) images
are obtained from index finger of subject 1, in (b) from middle finger of subject 1, and in (c) from index finger of subject 2.


