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Abstract—An image processing algorithm for photo-
graphic and inkjet paper texture classification is developed
based on area-scale fractal analysis. This analysis has been
applied in surface metrology, and relies on the fact that the
measured area of a surface depends on the scale of obser-
vation. By comparing relative areas at various scales, the
technique computes a measure of the topological similarity
of two surfaces. Results show the algorithm is successful
in detecting affinities among similarity groupings within a
dataset of silver gelatin photographic papers and a dataset
of inkjet papers.

I. INTRODUCTION

Being able to identify the manufacturer and type of pa-
per on which a given photograph or inkjet print is made
is a question of considerable interest to art historians and
paper conservators. Knowledge of the specific type of
paper used in a given print can assist with attribution
and verifying authenticity when prints have uncertain
provenance. Current approaches to photographic and
inkjet paper identification rely on experts trained in paper
conservation who inspect a variety of paper features
such as the surface texture, thickness, and gloss. Due
to the large number of different photographic and inkjet
papers in existence, however, visually identifying the
paper used for a given photographic print is an immense
challenge, and automated or semi-automated approaches
to photographic paper classification are desirable [1].

Recently, a reference collection of known silver
gelatin photographic papers, all identified by manu-
facturer, brand, and date, has been assembled [2]. In
parallel, a similar reference collection of inkjet papers
has been assembled [3]. Digital photomicrographs of the
surfaces of papers in both of these reference collections
were acquired while using a “raking light”, which is a
linear light source at an oblique angle to the surface.
The raking light is widely used by art conservators in the

examination of art works since it enhances the highlights
and shadows so that surface features are more clearly
visible during image capture. The presence of these
two reference databases of raking light images brings
about the possibility of automated image-processing-
based approaches: by comparing raking light images in
the known database with those taken from a print made
on unknown paper, it is possible that photographic and
inkjet papers can be identified in an automated fashion.

As part of the Historic Photographic Paper Classi-
fication (HPPC) challenge [4], we and several other
independent teams of researchers whose papers also
appear in these conference proceedings [5]–[7] have de-
veloped image-processing-based approaches to perform
automated paper classification. Several datasets of raking
light images were assembled, consisting of a mix of
known matches and known non-matches taken from both
the Paul Messier Historic Photographic Papers Collection
[2] and The Wilhelm Analog and Digital Color Print
Materials Reference Collection [3], and these datasets
were distributed to all teams for classification.

In this paper, we describe our specific technical ap-
proach to paper texture classification using raking light
images, and we report on its performance when used to
classify actual photographic and inkjet prints.

II. TECHNICAL APPROACH

A. Feature Extraction via Area-Scale Fractal Analysis

Image-processing-based texture classification is a
topic which has seen a lot of research interest over
the past several decades for use in a wide range of
applications (see [8]–[10] and references therein for a
survey of approaches). While the use of filter banks,
wavelets, and textons have been quite popular in modern
texture classification approaches for feature extraction
(and indeed, several of the teams in the HPPC challenge



have adopted approaches based on wavelets [6] and
textons [4]), we draw upon techniques from the field
of surface metrology to leverage the unique features
of raking light images. In particular, we rely on area-
scale fractal analysis [11] which is a technique that
has been applied to a diverse range of problems in
surface metrology including, for example, analyzing the
roughness of machined surfaces [12], characterizing food
surfaces [13], and analyzing tooth wear in hominid
fossils [14].

It is well-known that the measured length of a coast-
line depends on the scale of observation [15] since,
as we zoom in, more detail is captured in the length
measurement. Similarly, the measured area of a surface
depends on the scale of observation. The area-scale
approach [11] uses fractal analysis to decompose a
surface into a patchwork of triangles of a varying sizes
corresponding to varying scales of observation. Such
a triangular patchwork decomposition of a surface is
shown in Fig. 1, where the nominal area is the area
of the flat portion projected underneath the surface, and
the measured area is the sum of the areas of each of the
triangles.

Fig. 1. Triangular Patchwork Decomposition of a Surface

As the size of the triangles in the patchwork is
decreased (i.e. as we zoom in to finer scales), more
surface features are captured in the measurement of the
surface area. We define the relative area of a surface at
a given observation scale as the ratio of the measured
area divided by the nominal area, i.e.

relative area =
measured area
nominal area

. (1)

Note that the nominal area does not change with the scale
of observation, and relative area is always greater than or
equal to 1. As the size of the triangles increases, smaller
surface features become less resolvable and the relative
area of the surface decreases, eventually approaching 1;
an example of this effect is shown in Fig. 2.

Area-scale fractal analysis relies on the fact that the
relative area versus scale of observation curve can be
used to characterize a surface texture [12], [12]–[14].

Fig. 2. Relative Area Decreases with Increasing Scale

As such, we consider the use of area-scale fractal anal-
ysis for feature extraction in the classification of paper
textures.

B. Pseudo Area-Scale Applied to Raking Light Images

Area-scale fractal analysis relies on the availability
of direct surface measurements, typically taken with a
confocal laser scanning microscope (CLSM) or a scan-
ning tunneling microscope (STM). Here, however, the
provided datasets consist of microphotographs acquired
with an optical microscope illuminated by a raking light
[1], and direct surface measurements are not available.
As such, we adopt greyscale illumination intensity as
a proxy for surface height, by assuming that surface
heights are roughly proportional to surface illumination.
That is, we make the assumption that brighter greyscale
intensities correspond to higher surface heights, while
darker greyscale intensities correspond to lower surface
heights.

The “scale” in this context is a measure of the size of
the right triangles used for the triangular patchwork de-
composition, and represents the length in pixels of each
of the two non-hypotenuse sides of the triangles when
projected into the 2-D plane (i.e. ignoring the “pseudo-
height” of each pixel as given by the illumination).
As such, at a scale of s, the 2-D projected patchwork
consists of right triangles having sides equal in length
to s pixels, so the length of the hypotenuse is equal to√
2s pixels, and the nominal area of a single triangle is

equal to 1
2s

2 square pixels. Because larger values of s
correspond to “zooming out” or analyzing the image at
coarser scales, the image effectively gets downsampled
by larger and larger factors of s in both the horizontal and
vertical direction as the scale increases. At a given scale
s, there are s possible downsampling phases, yielding



(a) Constant intensity

(b) Random i.i.d. intensities

(c) Sum of two sinusoids (one in x, one in y)

Fig. 3. Example images and their relative area vs. scale curves

s different relative areas. As such, we average these s
phases to use all of the information in the image.

Once the pseudo-height information is taken into
account, the area of each triangle in the patchwork is
larger due to “stretching” into the third dimension. If
the three vertices of the first triangle in 3-D space are
given by (0, 0, h1), (0, s, h2), and (s, 0, h3), for example,
where these vertices have pseudo-heights (or greyscale
intensities) h1, h2, and h3, respectively, then the surface
area of this triangle in 3-space can be shown to be

1

2
s
√

(h1 − h2)2 + (h1 − h3)2 + s2

which, again, has nominal area equal to 1
2s

2 since the 2-
D projected triangle has vertices (0, 0), (0, s), and (s, 0).
Using the greyscale illumination as a proxy for the height
of each pixel, then, we can sum the measured areas of all
of the decomposed triangular elements of the patchwork
to compute the measured area, and ultimately the relative
area from equation (1).

In Fig. 3 we show several synthetic but illustrative
image surfaces, as well as the relative area versus scale
curve for each of these surfaces. As expected, an image
that has a constant intensity (i.e. when the texture is
perfectly flat) has a relative area equal to 1 at all scales
since the measured area always equals the nominal area.
For a random i.i.d. surface which is highly faceted, the
relative area is very high at small scales because all
of the minute surface features are resolvable, whereas

the image looks “flatter” at larger scales and eventually
approaches a relative area of 1. In Fig. 3c we show
the relative area versus scale curve for the sum of two
sinusoids having period 100; in this case, we see that the
relative area is 1 at every multiple of the period since the
image looks perfectly flat when downsampled at scales
s which are a multiple of the period.

These examples also demonstrate that the relative area
as a function of scale is very different for different types
of textures, and motivates area-scale fractal analysis as
a choice for texture feature extraction. Since all textures
have the property that the relative area approaches 1 as
the scale grows significantly large, there is very little
“information” at scales that exceed the size of the surface
features in the underlying texture. Consequently, the
choice of which scales are relevant for feature extraction
depends heavily on the types of textures under investi-
gation.

C. Summary of Approach

We now summarize the technical approach, including
the algorithm parameters that were used, as well as
the choice of distance metric. These parameters were
determined through experimentation with the provided
training dataset.

1) Preprocessing. All images were provided as
2080×1536 color images, representing 1.35×1.00
cm2 of surface area. As a first step, we extract
a 1024×1024 portion from the center, where the
lighting is generally most consistent. Then, we
convert the color image to greyscale and normal-
ize the intensity to equalize the brightness of all
images.

2) Feature Extraction. We perform area-scale fractal
analysis on the preprocessed photomicrographs by
using light intensity as a proxy for height. Through
experimentation, we found that scales larger than
34 pixels (corresponding to lengths of 0.22mm)
were not useful to classification since their in-
clusion did not change our results. We chose 8
logarithmically spaced scales between 1 and 34
pixels, which corresponded with the Fibonacci
series, S = {1, 2, 3, 5, 8, 13, 21, 34}. The 1024 ×
1024 grid of equally spaced points (representing
pixel locations) is decomposed into a patchwork
of 2

(
N−1
s

)2 isosceles right triangles at each scale
s ∈ S. The area of each triangle in 3-D space
is then computed and the areas of all triangular
regions are summed, resulting in the total relative
area As at the chosen scale s. To conduct feature



extraction, then, the relative area for an image is
computed over 8 scale values ranging from 1 pixel
to 34 pixels, which correspond to lengths of 6.5
µm to 0.22 mm, respectively.

3) Pairwise Distance Computation. The topological
similarity of two surfaces is computed by compar-
ing the relative areas between two images at each
scale. To classify and compare the similarity of
two images i and j, a χ2-distance measure d(i, j)
is computed via

d(i, j) =
∑
s∈S

(
A

(i)
s −A(j)

s

)2
A

(i)
s +A

(j)
s

where A(i)
s is the relative area of image i at scale

s and S is the set of chosen scale values. Small
values of d(i, j) indicate high similarity between
images i and j, while large values of d indicate
low similarity.

The algorithm was written in Octave-compatible
MATLAB code, and is freely available [16].

III. NUMERICAL RESULTS

A. Datasets

The first dataset consists of 120 silver gelatin photo-
graphic paper samples selected from [2]. The manufac-
turer, brand, texture, reflectance, and date have been cata-
logued by art conservators to serve as a reference bench-
mark. The dataset contains three levels of similarity: (1)
samples from one same sheet (3 subsets of 10 samples),
(2) samples from sheets taken from one same package (3
subsets of 10 samples); (3) samples from papers made
to the same manufacturer specifications over a period of
time (3 subsets of 10 samples). In addition, 30 sheets
of interest to art conservators representing the diversity
of silver gelatin photographic papers are included in the
database. This dataset has been described in more detail
in [1], [4] and is publicly available at papertextureid.org.

The second dataset consists of 120 inkjet paper sam-
ples selected from [3]. Again, the dataset contains the
same three levels of similarity as described above (i.e.
same sheet, same package, same manufacturing specifi-
cations), as well as a 30 additional diversity papers. This
dataset has been described in more detail in [17].

B. Performance of Approach

Using the approach outlined in Section II-C, we
processed the 120 images in each of the two datasets
and generated pairwise distance metrics d(i, j) for all
possible pairs of images. For these results, the matrix

of distance metrics was then converted to a grey-scale
image with the darkest intensities indicating the greatest
affinity and the lightest the least affinity.

Fig. 4. Silver gelatin dataset results. Top: Known pairwise similari-
ties, Bottom: Predicted pairwise similarities

The top of Fig. 4 shows known similarities for the
silver gelatin dataset within the sample group suggested
by the metadata including manufacturer, texture, brand,
and date. As expected, the nine dark blocks starting in the
upper left and continuing down along the diagonal show
a high degree of affinity (dark gray and black) as these
blocks depict the nine groups of similar textures. Lesser
degrees of similarity are scattered throughout the figure
with the 30 samples selected to show diversity (poorer
levels of similarity) falling in the lower right quadrant
and along the right side and bottom edge. The bottom
of Fig. 4 shows the performance of our algorithm. The
results largely coincide with the metadata and suggest
that raking light photomicrographs have sufficient texture
information to support the automated classification of
historic photographic silver gelatin papers.



Fig. 5. Inkjet dataset results. Top: Known pairwise similarities,
Bottom: Predicted pairwise similarities

Similarly, the top of Fig. 5 shows known similarities
for the inkjet dataset within the sample group suggested
by the metadata. Again, the nine dark blocks starting in
the upper left and continuing down along the diagonal
show a high degree of affinity, and again the results
largely coincide with the metadata and suggest that
raking light photomicrographs have sufficient texture
information to support the automated classification of
inkjet papers. In addition, the proposed results suggest
the an area-scale approach yields good performance in
classifying textures of photographic paper.

Future work will extend this approach to wove pa-
pers, and will investigate the connection between this
triangular patchwork approach and existing wavelet-
based schemes. The authors would like to thank Paul
Messier, Henry Wilhelm, and the Museum of Modern
Art (MoMA) for providing data for this project.
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