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Breaking free from the matrix: Segmentation of fossil images
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ABSTRACT

The traditional method for separating a fossil from its matrix is to physically
remove the matrix, risking damage to the fossil. Non-destructive technologies, such as
computed tomography (CT) scanning, digitally remove the matrix. However, these
techniques have multiple disadvantages: they are time consuming, involve highly
skilled preparators or technicians, or require expensive equipment. Image segmenta-
tion, coupled with wavelet denoising, provides a rapid, inexpensive, and non-destruc-
tive way to digitally separate matrix from fossil in standard digital camera images. This
method uses off-the-shelf software and produces results that can then be input into
software for morphometric analysis or used to speed up more traditional segmentation
techniques. A comparison of alternative methods for image segmentation and wavelet
denoising indicate that Otsu’s method and other global thresholding techniques per-
form best for this purpose. This approach is illustrated here with images of Eucalypto-
crinites holdfasts. The resulting images are used for morphometrics. These methods
have great potential for studies that utilize the rapidly growing resource of online
museum digital image catalogs.
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INTRODUCTION

Qualitative and quantitative analyses of form
that are fundamental to systematics, morphomet-
rics, functional morphology, biostratigraphy, and
the study of evolutionary trends (Webster and
Sheets, 2010; Antcliffe and Brasier, 2011) usually

require that specimens be separated in some way
from their surrounding matrix. Until a few decades
ago, mechanical extraction using tools to physically
remove the matrix was the sole preferred method
for separating specimens from surrounding sedi-
ment. This approach has many shortcomings,
including that it is slow, requires highly trained pre-
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parators, and risks damaging the specimen (Sohl,
1989). Furthermore, in many cases, the matrix
cannot be removed because it provides support for
the specimen, which would otherwise disintegrate.

Since the 1990s, mechanical extraction has
been supplanted in some applications by less
destructive techniques such as digital laser scan-
ning and computed tomography (CT) (Sutton,
2008; Knoll et al., 2012). Many of these techniques
allow the matrix to remain physically intact and can
produce a detailed three-dimensional (3-D) map of
each fossil (Antcliffe and Brasier, 2011; Rayfield et
al., 2000). However, these techniques also have
shortcomings; they are expensive, require special-
ized equipment, and cannot be used for all speci-
mens (Antcliffe and Brasier, 2011). For example,
CT scans work by creating a map of density distri-
bution by measuring the X-ray transmission
through specimens. Thus, while CT scans work
well if there is a significant difference in density
between the matrix and the fossil, they work poorly
on specimens where the fossil and matrix have a
similar mineral composition and are similar densi-
ties (Abel et al., 2012). 

As an example, a specimen of Eucalypocrin-
ites holdfast from the Waldron Shale of Indiana
was sent to University of Texas High-Resolution
CT Facility to determine if the crinoid root system
penetrated the exposed sediment. Unfortunately,
the density of the calcite comprising the crinoid and
the marl of the matrix were too similar for the tech-
nique to work. The result of the test scan was an
attractive 3-D image (Figure 1) that added little to
our knowledge of the detailed geometry of the
specimen. 

Matrices can also be removed from images of
fossil samples. In the pre-digital age, parts of a
photograph containing the fossil of interest were
carefully cut out with a sharp knife for plates or
masked during the production of the print (Palmer,
1965). Today photo editing software users con-
struct masks with tools that allow them to define
regions of interest (ROIs). The result is a two-
dimensional image of the object without the matrix.
This separation of foreground from background is
called segmentation. For objects with complicated
shapes, manual digital segmentation using image
processing software remains painstaking and slow
(Currano, 2013). It requires close attention to
which parts of the image belong to the fossil and
which to matrix. 

 The number of fossil images easily available
for detailed analysis is rapidly increasing. Major
natural history collections, such as the Yale Pea-

body Museum of Natural History, the Field
Museum of Natural History, and the University of
Colorado Museum of Natural History, are now cre-
ating searchable digital photo collections of paleon-
tological specimens. Type specimens are also
becoming increasingly available through online col-
lections such as the GB3D Type Fossils Online
project (www.3d-fossils.ac.uk/). These initiatives
will provide a tremendous resource to future
researchers, particularly if quantitative means of
analyzing fossils via digital images becomes easier
and less expensive. Online sources have also
made available scanned images of fossils from
publications dating back into the 19th century,
although many of these images are of poor quality. 

In this paper we explore methods for quantita-
tive digital extraction and analysis of fossils that
vastly simplify the process of isolating specimens
from the matrix in images. The resulting processed
images are readily available for analysis. This
method relies on basic digital camera images and
the off-the-shelf software such as MATLAB and R,
which are widely available. We describe and test a
range of advanced image segmentation tech-
niques on images of crinoid holdfasts and discuss
limitations of the present methods and future direc-
tions to improve results. These methods are able to
distinguish fossil from matrix accurately. We then
show how the product of these image processing
techniques can be used in several applications,
including morphometrics and improving plates
scanned from legacy publications. 

IMAGE SEGMENTATION: REVIEW AND 
CURRENT APPLICATIONS

A major goal of image analysis is to automati-
cally group pixels into sets based on their proper-
ties, a procedure known as automatic
segmentation, also sometimes referred to as unsu-
pervised segmentation (e.g., Deng and Manjunath,
2001). This can be contrasted with manual seg-
mentation, where a human user looks at the image
and subjectively selects ROIs using tools such as
the “magnetic lasso” in Adobe Photoshop™. Inter-
mediate to automatic and manual segmentation is
computer-aided segmentation, where the bulk of
the work is done automatically but the results are
monitored and adjusted by a user. Automatic seg-
mentation is a rapidly developing method for identi-
fying and isolating relevant information from color
and grayscale images and for producing automatic
classifications. Over the last 35 years, image seg-
mentation has evolved from a sub-discipline of
computer science to a technique widely used in
2
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medical imaging, automated object recognition,
and remote sensing (Rangayyan and Ayres, 2006;
Ilea and Whelan, 2011; Zheng et al., 2013). 

Traffic enforcement by cameras is one current
application of image segmentation. License plates
of offenders are often identified using the image
segmentation method connected component anal-
ysis (CC analysis), which distinguishes between
pixels in the background and those belonging to
the alphanumeric characters in the license plate

(Anagnostopoulos et al., 2006; Zheng et al., 2013).
The characters and the background are analogous
to the fossil and the matrix, respectively.

There are several aspects of license plate
images that make them ideal for simple, reliable
automatic segmentation. First, the characters and
background of a license are markedly different col-
ors. Second, these characters have straight edges
with clear boundaries. Third, in a well-illuminated
setting there will be little color variation within a sin-

FIGURE 1. Animation of 3-D reconstruction of a crinoid holdfast from CT z-sections. Eucalyptocrinites crassus Wal-
dron, Indiana. Field Museum P569 (for animation see palaeo-electronica.org/content/2014/1005-image-segmenta-
tion).
3
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gle license plate or among license plates from the
same state. Fourth, the sets of pixels of the charac-
ters and the background are each homogeneous in
their properties and thus can be easily distin-
guished and then classified. Finally, license plates
do not have distracting clutter complicating the
image (Wilson et al., 2007; Xie and Bovik, 2013;
Poletti et al., 2012).

In contrast to license plates, paleontological
photographs share many of the problems and tech-
nical difficulties encountered when analyzing com-
plex natural images and biological objects in other
disciplines, such as medical imaging (Ilea and
Whelan, 2011; Xie and Bovik, 2013). The fore-
ground fossils and background matrix are often of
similar colors with low contrast. The borders of fos-
sils in photographs are frequently fuzzy or irregu-
larly shaped. Images of specimens may contain a
great deal of color variation and shadows which
complicate correct pixel classification. Shadows
are a particular issue in specimens with relief.
Finally, the images often have natural irregularities
such as fragments from other fossils and anthropo-
genic irregularities such as scratches produced by
preparation and variations in photographic tech-
nique. All of these factors make the image more
complicated and difficult to segment.

However, new techniques for image segmen-
tation developed for medical images, such as
those of chromosomes and vascular networks
(Lesage et al., 2009; Poletti et al., 2012), have
been developed to address problems with biologi-
cal objects. We will describe and compare a range
of such image segmentation techniques and apply
them to images of crinoid holdfasts. 

SPECIMEN IMAGES

The Silurian camerate crinoid Eucalyptocrin-
ites is a frequently cited example of an organism
with a radix holdfast (Brett, 1981). Specimens of
the isolated holdfasts of this genus from the Wal-
dron Shale of Indiana are very common fossils in
American museum collections. Photographs of
these fossils were taken on-site at museums. The
fossil holdfasts are generally exposed on the sur-
face of the matrix and cannot be removed without
destroying their structure, making quantitative
analysis of the holdfast structure difficult.

The Eucalyptocrinites root structures are
highly variable in preserved morphology and dis-
play a wide range of curves, edges, and angles.
The holdfast and matrix have similar colors and
there is low contrast between them. The holdfast
and surface matrix are usually uneven, producing

subtle shadows and other inhomogeneities in pho-
tographic images. The images of these holdfasts,
thus, exhibit many of the complexities that are gen-
erally observed in photographs of fossils and thus
provide a good test case for the methods described
here.

Representative unprocessed photographs of
Eucalyptocrinites are shown in Figures 2 and 3.
Photographs were taken with a Canon PowerShot
S3 IS digital camera. The camera effective pixels
are approximately 6 million; images are approxi-
mately 2,000-3,000 pixels wide by 1,500 to 1,700
pixels high. The original images were saved in
JPEG format to reduce file size. However, TIFF for-
mat is generally recommended when file size is not
an issue and a researcher does not intend to man-
ually preprocess the images. The images ranged
from 150 to 200 PPCM (pixels per centimeter).
Lighting was provided by oblique floodlights,
adjusted to heighten relief. 

METHODS USED IN DIGITAL EXTRACTION

The key step in processing the original digital
photographic image is thresholding, a group of
methods of separating objects from their back-
ground. Before this can be performed, the image
often needs to be prepared, a step referred to as
preprocessing. This is akin to data transformations
prior to multivariate statistical analyses. After
thresholding, the segmented image can be further
refined using postprocessing techniques (Figure
2). We will describe the thresholding step first, as
this will make clear when and what types of pre-
and postprocessing are necessary. Each of these
steps is illustrated with the branch of the Eucalyp-
tocrinites root in Figure 2.3. The Matlab code asso-
ciated with segmentation of this image, as well as
the original image (as a Matlab MAT file), are avail-
able in the online supplement to this paper.

Segmenting an Image Using Thresholding

Properties of image pixels, such as grayscale
intensity or color values, can be represented in a
histogram. The histogram can be divided into sec-
tions that define pixel classes. These divisions are
thresholds. For example, a single threshold value
can be chosen that groups all pixels in the image
by their grayscale values and separates them into
two classes. Thresholding techniques range from
simple to intricate and from fast to computationally
intensive. They may include methods that employ
artificial intelligence, neural networks and genetic
algorithms (Wei and Xin, 2010; Davies, 2012).
Thresholding can be very complex, depending on
4
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methods used to choose the thresholds and on
whether the thresholding is applied to the entire
image or to selected regions. 

In this study we use Otsu’s method, the most
widely employed variance-based automatic thresh-
olding technique (Otsu, 1979). Variance-based
approaches are particularly powerful when the pix-
els of interest (foreground) are relatively rare com-
pared to pixels to be discarded (background),

leading to a small peak associated with the fore-
ground in the grayscale histogram. In variance
methods, the intensity histogram is analyzed to find
the natural groupings of all pixels. These groups
are identified based on the ratios of the among-
group variance, within group variance, and total
variance of histogram values. Among group vari-
ance, within group variance and total variance are
the same as the terms used in analysis of variance

FIGURE 2. 1. The original image of the crinoid specimen (Eucalyptocrinites crassus, Silurian, Waldron Shale, Wal-
dron, IN. USNM S 366). The black and white scale bar equals 1 cm. 2. Image subset or tile used in the demonstra-
tions throughout this paper. The tile is 512 pixels by 512 pixels. 3. The steps of digital extraction through image
segmentation. All photos underwent pre-processing, processing, and post-processing. However, the actual tech-
niques used for each step varied and, in some cases, multiple steps were used. For example, for many of the images
both CC analysis (CCA) and binary image morphology were used to improve the quality of the thresholding. A photo
of a crinoid root segment is used in here to provide examples of the products of each step.
5
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6

FIGURE 3. Left column: original images of crinoid holdfast. On the right: cleanly segmented images produced from
images in the left column by combining several traditional and computer techniques. These segmented images can
be used in morphometrics. 1. USNM S366. Frank Springer collection, Waldron, Indiana. 2. Field Museum, U.C.
56306, Waldron, Indiana. 3. USNM 42233, Ulrich collection, Waldron, Indiana. 4. USNM 42233, Ulrich collection,
Waldron, Indiana.
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(ANOVA). However, unlike ANOVA, variance meth-
ods of thresholding attempt to identify natural
groups of pixels rather than analyze predefined
groups (Davies, 2012).

Otsu’s method groups pixels in grayscale
images into classes based on thresholds. In the
case of a single threshold, for example, it converts
the image into a black-and-white image. It groups
the pixels into two classes, foreground and back-
ground, and the optimal threshold ϕopt between the

two groups is chosen to maximize the between-
class variance of grayscale values (σ2

between). For
multiple thresholds, Otsu’s method produces sets
based on maximizing the among group variance
σ2
among. Mathematical details on Otsu’s method

can be found in Otsu (1979) and Honeycutt and
Plotnick (2008).

Otsu’s method performs best when there is a
strong contrast between the foreground and back-
ground and there are no shadows (Figure 4). For

FIGURE 4. 1. Scanned image of a book (American Geosciences Institute Data Sheets, 1982). 2. Grayscale frequency
distribution of image shown in 4.1. Because the background and foreground are clearly distinct, Otsu’s method works
well even when applied globally with no pre-processing. The red line is the threshold chosen to segment the image. 3.
Image in 4.1 treated with Otsu’s method. The details of the image shown in 4.1 are very well preserved in the treated
image. 4. Checkerboard shadow illusion developed by Adelson at the Massachusetts Institute of Technology as part
of the joint collaboration between the Department of Brain and Cognitive Sciences and the Computer Science and
Artificial Intelligence Laboratory (CSAIL). 5. The white squares within the shadow area are incorrectly identified as
dark squares by global Otsu’s method without preprocessing (Images from AGI Data Sheets and CSAIL are used with
permission).
7
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example, when the yellowed pages of a book
shown in Figure 4.1 are thresholded, the text and
figures are clearly visible (Figure 4.1-3). In con-
trast, the presence of shadows introduces compli-
cations. In the artificial image in Figure 4.4, a
shadow is cast by a cylinder onto a checkerboard.
The light checks that lie within the shadow of the
cylinder are actually of the same shade of gray as
the dark checks outside the shadow. Despite this,
because the human brain can correct for light and
shading, people see a checkerboard pattern (Adel-
son, 1993, Davies, 2012). This phenomenon is
known as the “checker shadow illusion.” However,
Otsu’s method cannot distinguish between shad-
ows and non-shadows, and in the resulting image
the light square in the shadow are incorrectly clas-
sified as dark squares (Figure 4.4). Two images
that appear similar in their histogram distributions
thus may behave very differently using a single
threshold for the entire image, otherwise known as
global thresholding.

Problems of contrast introduced by shadows
can be addressed by dividing the image into
regions and identifying different thresholds for each
region (Figure 5). This method of dividing the
image into regions is called local thresholding.
Local thresholding can solve many of the problems
associated with global thresholding. For example,
in the checker shadow illusion, black checks can
be correctly identified as black by simply separat-
ing the image into two local regions (Figure 5). 

One local thresholding method, adaptive
thresholding (AdT), is a promising technique for
paleontological images. The image is first divided
into rectangular tiles (tessellations), and Otsu’s
thresholding is then applied to each tile (Grisan et

al., 2009; Poletti et al., 2012). In many types of
complex images, AdT provides improved accuracy
compared to global methods with a relatively low
computation time (Poletti et al., 2012).

The effect of global thresholding on the image
of a crinoid holdfast (Figure 2.2), without any other
pre- or postprocessing methods, can be seen in
Figure 6. The crinoid root is largely identified but
there is a great deal of noise within the image.

Pre-Processing: Denoising Images Using 
Wavelets

Many images have extraneous noise and
other small irregularities, such as light and dark
spots, that will result in incorrect pixel classification
during thresholding. For example, the small specks
of black on white and blurred edges result from pix-
els classified due to their grayscale value. Most of
these irregularities can be removed before thresh-
olding by denoising the image, a preprocessing
technique. One powerful method for denoising
images uses discrete wavelet transforms (DWTs). 

Most natural images exhibit certain scale-
dependent properties. Big objects tend to have
similar colors or tone over a large area. These
large-scale features are punctuated by smaller
scale discontinuities, such as points or edges. In
most natural images, both large and small-scale
features are not repeating or symmetrical; i.e., their

FIGURE 5. Applying local thresholding to the checker
shadow illusion. The black checks and the white checks
are correctly segmented.

FIGURE 6. Result of the global thresholding of the
image of a crinoid holdfast (see Figure 2.2). Without
preprocessing there is a high level of noise (black
spots).
8
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properties are not well-represented by sinusoidal
functions. 

Wavelets are a family of bounded waveforms
that are well suited for transforming and filtering
such non-repeating, non-symmetrical data
(Daubechies, 1992; Salomon, 2006). Unlike sine
waves, wavelets do not repeat endlessly but are
finite in extent; it is this feature that gave wavelets
their name, which means “little wave.” Wavelets
can also be readily rescaled while retaining their
shape. Wavelets can therefore approximate the
form of small to large features. A third property of
wavelets is that they form an orthonormal basis.
Because of this property, when a wavelet is used to
transform data it preserves the information per-
fectly: the coefficients of the transformed dataset
(often called the decomposition) and the corre-
sponding wavelet matrix can be used to restore the
original data set. This is not always true of trans-
forms that use sinusoidal functions, such as those
used in Fourier transforms. By changing the coeffi-
cients of the decomposition, such as setting them
to zero, we can change the properties of the
restored data. Note that there are an infinite num-
ber of possible wavelets; in this study we used the
Haar wavelet, which due to its shape and simplicity
is ideal for rapidly transforming images (Papadakis
et al., 1999; Porwik and Lisowska, 2004; Buades et
al., 2005). 

Because of the way in which a discrete wave-
let matrix transforms a signal, the decomposition is
organized by scale or “levels.” The first level rep-
resents the largest scale and coarsest resolutions,
the second the next smallest and so on. Each level
has half the scale and twice the resolution as the
previous level, a method known as dyadic downs-
ampling. For an M-by-M image, such as in our
example, maximum downsampling results in N lev-
els, where N is equal to log2(M) (Daubechies,
1992). Noise in the data will usually occur only at
the smallest scales and thus will be present in very
high levels of the decomposition. We can remove
noise therefore, by setting the coefficients in those
levels of the decomposition to zero and then recon-
structing the signal; this method is known as wave-
let shrinkage (Graps, 1995; Buades et al., 2005).
The effects of denoising on the tile of the crinoid
branch can be seen in Figure 6, where the original
image has been denoised (Figure 7.1). However,
the effects of denoising are most noticeable after
thresholding (Figure 7.2).

Post-Processing: Connected Component 
Analysis and Binary Image Morphology

Once the image is segmented, it can be fur-
ther improved using connected component (CC)
analysis and binary image morphology (Davies,
2012). Both CC analysis and binary image mor-
phology are methods applied to a binary (black and
white) image. Thus, these methods are useful after
segmentation.

FIGURE 7. Effects of denoising. 1. The original gray-
scale image denoised. 2. How the denoising impacts
the resulting thresholded image. Notice that there is
less noise and irregular, porous edges than in Figure 6.
9
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A connected component in a binary image is a
cluster of pixels of the same value that are adja-
cent to one another but are separated from other
clusters of pixels. The segmented image derived
from the image shown in Figure 2 consists of multi-
ple white patches (Figure 8.1). These white
patches can be labeled and treated separately. For
example the false color image in Figure 8.2 shows
the five largest connected components. Statistics
on the connected components can allow the user
to identify and remove large groups of pixels. For
example, small dots or long, irregular shapes may
show up from processing. CC analysis allows the
user to identify those objects and potentially
remove them. This process can be done interac-
tively or automatically. 

Even after the removal of unwanted objects by
CC analysis, the remaining objects may have unat-
tractive and unrealistic features such as rough
edges. Binary image morphology can be used to
smooth the edges of the objects. Binary image
morphologies modify the shapes in the image
using morphological operators employing the logi-
cal operators NOT, AND, and OR on local pixel
groups (Bovik, 2009; Davies, 2012). In a manner
similar to wavelets, morphological operators oper-
ate on a local basis by using windows that can take
on a variety of shapes, such as a straight line, a
cross, a square or a circle (Bovik, 2009).

The effects of post-processing on the tile can
be seen in Figure 8. First, CC analysis is used to
remove the artifacts that can be identified by their
connected components statistics (Figure 9.1).
Next, binary image morphology is used to smooth
the edges of the segmented image (Figure 9.2),
which results in the final segmented image. This
segmented image can be used as a binary mask
and additional binary morphological techniques
applied to create an outline of the segmented
image on the original image (Figure 9.3). 

Methods of Analyzing Results

As discussed above, there are many options
and potential combinations of techniques available
for image segmentation. Our objective here is to
not only present successfully segmented images
but also to provide an overview of multiple tech-
niques and determine which are most applicable to
image segmentation of fossil photographs. Follow-
ing Poletti et al. (2012), we compared the results of
multiple thresholding techniques. We compared
segmenting techniques using standard parameters
of image analysis. Image quality parameters are all
based on the same concept: how well a completely

FIGURE 8. Connected component analysis. 1. The orig-
inal binary image produced by preprocessing and seg-
mentation of the tile shown in Figure 2.2. False color
image of 8.1 showing the five largest objects in the
image. Connected component analysis allows us to
identify and remove the smaller objects. 3. Binary image
after removing the smaller objects.
10
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automatic classification of pixels as foreground and
background compares to the way a human would
classify the image pixels. To do this, the image is
manually segmented. The manually segmented
image is referred to as the ground truth image. The
ground truth image is then compared to a version
that was preprocessed, segmented, and postpro-
cessed by computer. The two images are then sta-
tistically compared (Baldi et al., 2000). Here we
have chosen the two most reliable parameters:
accuracy and the Matthews correlation coefficient
(MCC). Accuracy is the number of correctly classi-
fied pixels over the total number of pixels. Thus,
accuracy can be simply seen as the percent of pix-
els correctly identified by the program (Poletti et al.,
2012). Accuracy is thus an intuitive measure of the

quality of the segmentation. MCC has been found
to most closely correlate to how a human would
describe the quality of the segmentation. Com-
pared to other parameters it is less likely to give a
counterintuitive answer. For example, the accuracy
can be relatively high, but due to blurriness or a
great deal of scatter, the image would appear low
quality to a human. Thus, MCC is becoming
increasingly common in the evaluation of segmen-
tation techniques (Matthews, 1975; Baldi et al.,
2000). 

Poletti et al. (2012) observed that the local
thresholding method AdT using Otsu’s variance-
based thresholding method produced the most reli-
able results. Here we also use AdT as our global
method, but to expand on the work of Poletti et al.

FIGURE 9. The effects of postprocessing using CC analysis and binary morphology. 1. CC analysis was applied to
the denoised thresholded image in Figure 8. CC analysis has removed most of the remaining artifacts. 2. Once CC
analysis is complete, binary image morphology can be used to smooth the edges of the image which better aligns
with the real fossil image. 3. By applying another form of binary image morphology, an outline of the perimeter of the
segmented image can be produced and the quality of the segmentation compared to the real specimen. Here we can
see qualitatively that the match is very high.
11



HONEYCUTT, PLOTNICK, & KENIG: IMAGE SEGMENTATION
(2012) we have also considered the potential
impact of wavelet denoising as a pre-step and
used CCA to separate objects related to the cri-
noids from other objects in the image.

We used these metrics to compare among dif-
ferent options used for pre-processing, segmenta-
tion, and post-processing. For pre-processing, we
compared removing scales of noise by changing
the wavelet decomposition used. For thresholding,
we compared AdT and global applications of
Otsu’s method. Our test image is the crinoid shown
in Figure 2.1. The ground truth image was gener-
ated from this one by hand, using the selection
tools in ImageJ.

RESULTS

Sections of the images of the root systems,
like those shown in Figure 2.1 were processed
using wavelet denoising, global thresholding, CC
analysis, and binary image morphology. In these
cases, computer-aided classification worked very
well in producing clean final images (Figure 3.1-2).
Generating the best final result for each image,
however, even those from the same root system,
often required different choices of parameters. This
was particularly true for the post-processing stage.
This high degree of regional variability and supervi-
sion makes most specimens complicated to work
with.

This limitation became clearer when we
attempted to analyze entire images at one time
using a single set of parameters. Different regions
of the original images (Figure 2) responded differ-
ently to the thresholding producing major artifacts
in the analyses. These issues are shown clearly in
Table 1, where accuracy and MCC values are low,
for both global and local methods. 

Because a smaller region generated a better
result than global segmentation, we applied AdT to
see if local thresholding produced a better result.
The performance of AdT on the grayscale image
was extremely poor. While other studies have
found local thresholding far more successful than
global thresholding (Grisan et al., 2009; Poletti et
al., 2012), in the case of crinoid images local
thresholding resulted in an image with more noise
than signal. 

DISCUSSION

Computer-Aided Segmentation versus 
Automatic Segmentation

The purpose of any tool is to complete tasks
with greater speed, accuracy, and efficiency. Com-

pletely automatic segmentation can produce rela-
tively high quality results with minimal user input, if
the inputs are high quality images with minimal
imperfections, such as pronounced shadows,
scratches, variations in mineralogy, or the pres-
ence of debris. However, none of the photos used
in this paper were originally taken with the intent to
subsequently segment the images. Pictures were
taken to produce images that clearly showed the
fossils. These photos emphasized enhancing
relief, which produced shadows that unfortunately
make them difficult to segment. Automatic seg-
mentation worked well with relatively homoge-
neous portions of these images, but performed
poorly when applied to the entire image. Here we
present a modified form of the segmentation meth-
ods discussed above that can be applied to imper-
fect images. 

Holdfasts in printed photos were outlined in
red by hand and then re-scanned. These re-
scanned images were then processed using auto-
matic segmentation. While not fully automated, this
method vastly reduced the time required to seg-
ment the image, from hours to a few minutes and
produced a very accurate result (Table 1). Although
automatic segmentation is ultimately the goal of
segmentation, this practical technique is useful for
speeding up and simplifying a variety of analysis
tasks.

Applications to Morphometrics

By saving the images as a Matlab variable,
segmented images can be used in theoretical mor-
phologic simulations, such as branching (McGhee,
1999), or in biomechanical models, such as finite
element analysis. Quantitative comparisons
between biomechanical models and large numbers
of specimens can be made. While a thorough
quantitative analysis of holdfast morphology is out-
side the main scope of this paper, we present a
preliminary analysis of the specimens shown in
Figure 2.1 to demonstrate the potential applica-
tions of our technique to morphometrics. Following
Webster and Sheets (2010), we have selected
topologically relevant and replicable loci on each
specimen, in this case the two initial branching
points of the crinoid holdfast roots (Figure 10).
These points are not homologous, so we did not
use geometric morphometrics. We have grouped
our branching lateral roots into orders following the
literature of binary branching tree systems, such as
tree branches or the dendrites of neurons (e.g.,
Solar and Štampar, 2003; Rosso et al., 2004).
Roots connected to the central stem are order 1,
12
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while the first roots branching from the order 1
roots are order 2, and so on.

We then have calculated five parameters for
each order: the length of root branch, the width of
the root branch, the distance of the nodes from the
center, the angle of branches originating from each
node; and the area of the branches (Figure 9).
Although a sample set of four crinoids holdfasts is
too small to make any broad statements about
Eucalyptocrinites holdfast morphology in general,
some patterns arise among all four specimens
(Table 2). Branch width, area, and branching angle
all decline substantially between first and second
order root branches. This small subset suggests
that there is possibly a correlation between root
branch order and root thickness similar to that
observed in the plate root systems of trees (Ennos,
1993). 

Preparing Images from Legacy Publications

Scanned images of older journals and mono-
graphs are increasingly available online. The origi-
nal copies of plates in these legacy publications
may have suffered degradation over time, espe-
cially if acid paper was used. In addition, the scans

may be of variable quality. The methods described
in this paper have the potential to improve and
repair these figures.

As an example, simple segmentation without
additional processing was applied to an image
from Murchison (1839). As is often the case with
older books the original plate (Figure 11.1) is
marred by reddish brown splotches (“foxing”).
Thresholding was used on the green portion of the
original RGB image to create a clipping mask. The
clipping mask was then used to produce the results
in Figure 11.2. The stains are not visible anymore
and the remainder of image is unchanged. 

CONCLUSIONS

Standard digital images of specimens can be
processed, using off-the-shelf software, to sepa-
rate fossils from their surrounding matrix. For some
images, such as scanned figures from legacy pub-
lications, segmentation can be a simple, powerful
tool for correcting imperfections. This technique is
relatively simple, inexpensive, and nondestructive.
Such “virtual preparation” has tremendous poten-
tial for preparing images for subsequent analysis;
the methods described here can be adapted rela-
tively easily for other specimens. For example, the
graptolite rhabdosome in Figure 12.1 was seg-
mented using the same series of methods as for
the crinoid branch with only two major differences.
First, a larger number of objects have been
retained after CC analysis in the graptolite rhabdo-
some image than in the crinoid branch image. Sec-
ond, the graptolite image required fewer binary
image morphology operations, particularly ero-
sion. Thus, these methods may have great utility in
the study of a variety of fossil images, including
micropaleontology, compression fossils, such as
the leaves used in the study of insect herbivory
(Currano, 2013). 

However, like medical imaging, on which it is
based, fully automatic segmentation of fossil
images requires further development. In more
complex real images, such as those of fossils with
notable relief, relying on automatic segmentation
alone will frequently result in poor output images
with high levels of noise. Pre- and post-processing
techniques can minimize noise, but the most reli-
able results are obtained by combining traditional
manual and computer segmentation methods.

While small, clear images such as the crinoid
branch in Figure 2.2 can be segmented relatively
easily using completely automatic classification,
like landmark based morphometric analysis (Web-
ster and Sheets, 2010), most complicated images

TABLE 1. Results of denoising a single branch and
entire crinoid in a raw image. Wavelet shrinkage refers to
the minimum nonzero level coefficients in the wavelet
decomposition. An M file containing the method of wave-
let shrinkage used here as well as calculating accuracy

and MCC are in the supplementary materials..

Wavelet 
Shrinkage

Accuracy MCC

Tile None 0.8834 0.8171

1 0.8829 0.8196

2 0.8803 0.8171

3 0.8763 0.816

4 0.8832 0.8097

5 0.8713 0.7932

Global None 0.76 0.26

1 0.65 0.26

2 0.46 0.24

3 0.47 0.24

4 0.47 0.24

5 0.47 0.24

Local None 0.63 0.08

1 0.73 0.15

2 0.73 0.15

3 0.73 0.14

4 0.73 0.12

5 0.73 0.11
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require a mix of automatic preprocessing and seg-
mentation. Future research will help identify the
strengths and weaknesses of supervised prepro-
cessing, particularly preprocessing by student
researchers. 

Other avenues of future research include
applications of segmented images to biomechani-
cal problems through computer modelling. One
possible avenue for modelling crinoid biomechan-

ics is through Finite Element Analysis (FEA). FEA
is a computer model of a design that is stressed
and analyzed for responses to stress. A system of
nodes is used to create a grid system known as a
mesh. The mesh is programmed to contain struc-
tural properties which will react to different loads.
FEA would allow a researcher to take the 2-D seg-
mented image of the crinoid and approximate its 3-
D structure, thus many of the advantages of a 3-D

FIGURE 10. Definitions of morphometric parameters. Each branch is defined as a link between nodes (circles). Each
node has an order determined by the number of nodes from the stem nodes (purple). First order nodes (red)nd order
nodes (blue) have first order nodes separating them from the stem. Third order nodes (yellow) have second order
nodes separating them from the stem. The node angle is the branching angle as defined by the next order nodes.
The area is the area of the branch between the nodes, which are bounded by lines perpendicular to the bisector of
the node angle.

TABLE 2. Morphometrics of crinoids. The length, distance to center (dist to center), width, and area are for each

branch. The angle is the angle of the branch originating from each node.

A B C D

Order 1 Order 2 Order 1 Order 2 Order 1 Order 2 Order 1 Order 2

Angle (⁰) 86 53 74 53 102 76 74 56

Length (cm) 0.81 0.91 1.92 0.99 0.72 0.71 1.37 1.18

Dist to center 
(cm)

1.26 2 2.39 2.9 1.33 1.73 1.56 2.73

Width (cm) 0.54 0.41 0.45 0.25 0.52 0.35 0.4 0.21

Area (cm2) 0.45 0.32 0.63 0.19 0.4 0.17 0.36 0.24
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structure that is provided by a CT scan. By gener-
ating a precise map of the crinoid holdfast, it is
therefore potentially possible to model its
responses to bending and other stresses using
FEA. Beyond the applications to crinoids, image
segmentation may prove an important step in the
process for functional analysis through computer
modelling.

The recent interest in building searchable
databases of paleontological images suggests that
there is a need to identify photographic techniques
that can aid in producing images that are easily
segmented. Metrics should be developed that will
help a photographer identify whether or not an
image can be easily segmented and used in further
studies. Libraries of easily segmented, and thus
easily analyzed, paleontological images would
have great potential for a wide range of studies,
such as analyses of morphological disparity. 
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SUPPLEMENTAL MATERIAL

The Matlab code and files used to generate Figures 2, 5, 6, 7 and 8. To run, download and unzip the Segmentation
Demo file folder. In Matlab, navigate to the Segmentation Demo file folder and open the folder. There are three demos
named demo1_preprocess, demo2_segment, and demo3_postprocess. You must run the demos in order. To run the
demo, simply type the demo’s name in the command prompt and hit enter (for zipped file see palaeo-electronica.org/
content/2014/1005-image-segmentation).
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