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A B S T R A C T

A novel method is presented to measure rock microstructure in hyperspectral mineral maps of rock specimens.
Shape parameters were calculated from rock objects in segmented mineral maps. Object area, object perimeter,
object hull perimeter and fitted ellipses were used to calculate shape parameters such as compactness, convexity
and a cookie-cutter parameter. Shape parameters were used to describe a variety of microstructures and mi-
crostructural elements. The parameters were tested on microstructures in artificial imagery and subsequently
applied to hyperspectral mineral maps of rocks.
Analyses of parameters calculated on artificial imagery showed that object shapes could be measured by the

flattening of fitted ellipses as a measure of sphericity and elongation, together with the cookie-cutter parameters
that measured angularity. Compactness and convexity could differentiate between euhedral, subhedral and
anhedral crystal shapes. Aphanitic, phaneritic and porphyritic igneous microstructures could be identified and
differentiated by homogeneity and relative object size parameters. The degree of sorting of sedimentary rocks
was measured by the distribution of object sizes and statistical parameters describing the distribution.
Orientation of single objects was measured by the angle between the major axis of a fitted ellipse and the vertical
of the image. Preferred orientations in the rock microstructure were determined by calculation of a standardized
resultant of orientation vectors and a mean angle. Layering and banding of the rock was identified by the length
of major axes of fitted ellipses relative to the image dimension.
The shape parameters calculated on objects in segmented hyperspectral mineral maps of rock specimens were

able to discriminate between sedimentary and volcanic microstructures using the size distribution of mineral
objects, the presence of a preferred orientation of the rock and a layered microstructure. The volcanic micro-
structures could be differentiated by the size distribution of amygdales, phenocrysts and xenocrysts in the rock.
Shape parameters could be used to differentiate between xenocrysts and phenocrysts, the latter being more
elongated in the studied samples.
The study shows that object shape parameters can be used to measure microstructure and microstructural

elements in mineral maps, and subsequently discriminate between different rock types and microstructures. The
expression of microstructure into numeric parameters is a first step towards quantification of microstructures in
mineral maps of rocks. Further development of the methodology could contribute to the creation of unbiased
classification scheme of rocks, improved statistical modeling of compositional rock parameters such as mineral
ore grades, and the automated recognition of microstructures in large image databases of rocks and drill-core.

1. Introduction

Hyperspectral imagery has been used to determine the miner-
alogical composition of rocks and drill cores at high spatial and spectral
resolution (e.g., Baissa et al., 2011; Dalm et al., 2017; Kruse, 1996;
Kruse et al., 2012; Kurz et al., 2013; Laukamp et al., 2012; Mathieu
et al., 2017; Roache et al., 2011; Turner et al., 2017). In each pixel, the
imagery provides a reflectance spectrum of the rock surface at spatial
resolutions ranging from tens of micrometers to several millimeters.

The wavelength ranges commonly measured in these images include
the visible and near-, shortwave-, and longwave-infrared (Kruse et al.,
2012; Roache et al., 2011; Schodlok et al., 2016b), where many mi-
nerals have characteristic spectral absorption features (Clark et al.,
1990; Hunt, 1977; Salisbury, 1991).

Typical products of hyperspectral rock interpretations are mineral
maps that show mineralogical compositions in each of the image pixels
(e.g., Goetz et al., 1985; Kruse, 1988; Sabins, 1999; Van der Meer et al.,
2012; Vane and Goetz, 1988). The mineral maps are visually and
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statistically analyzed for indications of lithological composition and, for
example, for alteration processes that have affected the rock.

High-resolution mineral maps of rock specimens not only provide
information about the mineralogical composition of rocks, but also
their microstructure, which are both important for resource char-
acterization. The compositional information provides quantitative es-
timates of mineral abundance proportions in pixels and images. The
quantified mineral abundances in mineral maps can be used in statis-
tical models for the estimation of ore grade (e.g., Dalm et al., 2017).
The microstructure or texture of rock is often not quantified, but in-
terpreted visually and used qualitatively. For quantification of micro-
structural information, the textural information needs to be converted
to numeric parameters.

Rock microstructure refers to the spatial arrangement, the mutual
relationships and the size, shape and degree of crystallinity of rock
particles and crystals (Vernon, 2004). This information is essential for
reconstruction of rock-forming processes and applies to sedimentary,
igneous and metamorphic rocks. For example, microstructural and
mineralogical data can provide information about the conditions and
environment of deposition; the provenance of particles of sedimentary
rocks; the cooling and crystallization history and mixing and fractio-
nation of igneous rocks; the conditions of metamorphic phases and
deformation events of metamorphic rocks. Alteration microstructures
can indicate the type and intensity of alteration processes, including
hydrothermal alteration and weathering (Taylor, 2009). Such micro-
structures are described by a variety of shape parameters, including
size, shape and composition of particles and crystals; their size-dis-
tributions; the proportion of matrix versus particles and crystals; the
orientation of the particles, crystals and layers in the rock.

Measures of image texture for geological studies have been applied
to identify different rock types, for example to identify structures (and
other geological and geographical features) from Mars Rover imagery
(Castano et al., 1999). These measures were calculated directly from
image texture and not from segmented image objects. Although dif-
ferent rock outcrops may present different image textures, image tex-
ture is not the same as geological texture. Image texture refers to the
frequency of tonal change in an image (Kiefer et al., 2008) while geo-
logical texture is related to sizes and shapes of particles in rocks and their
mutual relationships. To avoid confusion between image texture and
geological texture, the term microstructure is used to refer to the geo-
logical texture of rocks.

Shape parameters of rock particles in segmented digital images can
be used to describe the microstructural character of rocks. Shape
parameters of image objects have been used in a number of image in-
terpretation studies, which are often referred to as object-based image
analysis studies (Blaschke, 2010). For example, Van der Werff and Van
der Meer (2008) calculated measures of compactness, roundness and
convexity of image objects to differentiate types of lakes and rivers in
Landsat imagery. Similarly, Jiao et al. (2012) characterized land-use
classes in Spot-5 images by measuring five shape metrics: solidity,
elongation, roundness, rectangular fit and a form factor. Most object-
based remote sensing studies are focused on vegetation, land use, land
cover, urban planning and risk analysis (Blaschke, 2010). An example
of object-based approaches in geological studies is by Hofmann et al.
(2013), who used shape parameters of mineral grains in petrographic
micrographs to determine the provenance of marble.

Studies on characterization of rock microstructure using shape
metrics of image objects in hyperspectral mineral maps are scarce.
However, a classification based on a combination of mineralogical and
microstructural information of hyperspectral image objects could pro-
vide a more complete description of rock type and rock composition,
and accurate information on rock-forming processes when compared to
classification based solely on mineralogical information.

In this study we present a novel method to measure rock micro-
structures using hyperspectral mineral maps of rock specimens. Shape
metrics were applied to measure microstructural information in

minerals maps of rock; the mineral maps were generated from high
resolution hyperspectral imagery in the short-wavelength infrared
(SWIR). Shape parameters were calculated from objects in mineral
maps that represented mineral particles, crystals and mineral ag-
gregates, i.e. the building blocks of rocks that determine their micro-
structure. The metrics were first tested on artificial images of different
object shapes and microstructures, and then applied to mineral maps of
a suite of altered volcanic and sedimentary rocks.

2. Methods

Object-shape and microstructural parameters were tested on artifi-
cial images and subsequently applied to the mineral maps of rock
specimens. The classified images were first segmented by a region
growing algorithm to define the spatial objects in the images. Shape
parameters were calculated for each of the image objects and micro-
structural parameters were determined.

2.1. Artificial imagery

Artificial images were drawn from textbook examples of typical
object shapes and microstructures of a variety of rock types (Leveson,
2001; Nelson, 2015, 2017; Reagan et al., 2015). All images were drawn
in black and white, or gray-scale levels at sufficiently high spatial re-
solution, i.e. the smallest objects were larger than 200 pixels. Each
object represented a mineral grain, crystal, aggregate, band or a layer of
homogenous mineralogical composition. The images represented dif-
ferent microstructures at the hand-specimen scale. The object shape and
other microstructural parameters were calculated after segmentation of
the images, and the relationships between the parameters and specific
microstructural elements were analyzed.

2.2. Hyperspectral images

Hyperspectral images were acquired with a Specim SWIR-LVDS-
100-N25E camera and OLESMacro lens from 1000 to 2500 nm at 26 μm
pixel size mounted in a Sisuchema instrument setup (Specim, Spectral
Imaging Ltd, Oulu, Finland). Images of 384 by approximately
1200 pixels of four slabs of four rock samples were obtained, resulting
in images covering 1 cm by several centimeters. The rock samples
consist of three hydrothermally altered volcanic rocks and one chemical
sediment (Van Ruitenbeek et al., 2008) showing typical volcanic, al-
teration and sedimentary microstructures.

The hyperspectral images were calibrated to reflectance using the
dark current and white reference measurements. The images were
destriped and bad pixels were removed. Spectral smoothing was per-
formed by a smoothing filter that averaged spectral and spatial neigh-
bors of reflectance measurements in pixel spectra (Bakker et al., 2014).
The wavelength position of deepest absorption features was determined
in the range between 2100 and 2400 nm following the method by Van
Ruitenbeek et al. (2014). Illite-muscovite crystallinity was measured by
the ratio of the depths of the H2O-feature near 1900 nm and the AlOH-
feature near 2200 nm (e.g., Doublier et al., 2010; Kruse and Hauff,
1991). A classification tree was used to classify the wavelength position
and crystallinity images into mineral maps by slicing the imagery using
a series of wavelength position and crystallinity value thresholds (Van
Ruitenbeek et al., 2017). The resulting mineral maps were validated by
petrographic study and descriptions of thin sections of the same blocks
that were imaged. The mineral maps were segmented in the same
manner as the artificial images and the same object shape and micro-
structural parameters were calculated.

2.3. Object shape parameters

Object shape parameters were calculated from all objects that
consisted of 200 pixels or more. Objects of< 200 pixels were
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considered too small for calculation of meaningful shape parameters
and were ignored in further analyses (Van der Werff and Van der Meer,
2008). The following parameters of 1) object area, 2) compactness, and
3) convexity are based on Glasbey and Horgan (1995):

The object area is the sum of all pixels in an object. The object
perimeter (Fig. 1B) is defined as:

Object perimeter
N
0.900

,8 +
(1)

where ∑N8 is the sum of all 8-connected pixels that form the internal
boundary of an object, which is smaller than the actual parameter. The
number π is added to the perimeter length to correct for this difference.
The perimeter is further corrected with factor 0.900, which is the
number of 8-connected pixels per unit length in an image raster
(Glasbey and Horgan, 1995). The Compactness of an object is defined
by:

Compactness object area
object perimeter

4 2=
(2)

The maximum value of the compactness parameter is 1 for a circle,
which is the most compact shape (Van der Werff and Van der Meer,
2008). The convex hull (Fig. 1B) of objects was calculated following the
“Graham Scan” method (Graham, 1972). The convex-hull perimeter is the
∑pixels belonging to the object's outer edge (Van der Werff and Van der
Meer, 2008). The convexity is defined as:

Convexity convex hull perimeter
perimeter

=
(3)

The maximum value of the convexity parameter is 1 for a purely
convex shape.

Ellipses were fitted to the image objects to obtain information about
orientations and diameters (Fig. 1B). Ellipses were constructed by ex-
pressing positions of image pixels of an object in eigenvectors of two
principle components where the center of gravity acted as the origin.
The resulting ellipse contained the same number of pixels as the ori-
ginal object and the same center of gravity (Fig. 1B). Position of the
center of the ellipse, length of the major and minor axes, angle between
the major axis and the vertical north of the image were determined
from the fitted ellipses. The ratio of ellipse axes provided a measure of
the flattening of the ellipse:

Flattening length minor axis
length major axis

=
(4)

By overlaying the fitted ellipse on the object convex-hull polygon
(similar to a cookie-cutter operation) and subsequent preservation of
the areas outside the fitted ellipse, a new “cookie-cutter” parameter was
calculated (Fig. 1C). The parameter consisted of the total area of the
object outside the filled ellipse, which is correlated to the number and

size of angles in an object.
The following parameter was calculated to identify hollow shapes:

Hollowness object area
convex hull area

= (5)

2.4. Directionality of image objects

The orientation of image objects was calculated using procedures
developed for directional data (e.g., Davis, 1986; Swan and Sandilands,
1995). For each object measurement of the orientation angle, the X and
Y coordinates of the end points of unit vectors were defined. For these
vectors the object angles were symbolized by:

, , , , n1 2 3 …

From all (n) object orientation measurements in an image, a re-
sultant vector was calculated with components:

X cos , andr i

i n
i1

=
=

=

Y sinr i

i n
i1

=
=

=

Length of the resultant vector, R, was:

R X Y( )r r
2 2= +

The mean direction, , of the vector resultant was the angular
average of all object orientation vectors in an image:

X
Y

tan r

r

1=
(6)

For comparison with other samples a standardized resultant length,
R , was produced by dividing the resultant vector by the number of
measurements, n:

R R
n

= (7)

To avoid problems that occurred when performing calculations on
directions that were nearly similar but opposite (e.g. 2 and 179°) that
gave wrong mean angles (e.g., (2 178)

2
+ =90°), doubling of measurement

angles was performed following the method of Krumbein (1939). The
effect of doubling was that the angles of similar direction lined up in the
same segment on a rose diagram, which enabled the calculation of
realistic mean angles. After calculation of the mean the resulting angle
was divided by two to obtain the correct angle. Rose diagrams of object
orientations were produced using Stereonet software (Allmendinger
et al., 2011).

Fig. 1. A: Image object, B: perimeter of object in A in red, convex-hull perimeter in green and fitted ellipse in blue. Overlap of red and green in yellow, C: Cookie-
cutter parameter, resulting from cookie-cutter operation of ellipse on object hull. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
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2.5. Parameters on objects versus background

Two more parameters were used to identify a homogeneous back-
ground in mineral maps and the relative proportion of image objects to
the background, the first:

Homogeneity convex hull area
image area

,i=
(8)

where i is the object with the largest convex-hull area in the image.
Maximum values equaled 1 for images that contained a homogenous
background, and that formed one large object with the same size as the
image.

The size of the background object relative to the image size, as a
measure of sizes of objects contained in the background, was defined
by:

Relative object size
object area
image area

,i=
(9)

where i was the size of the background object. Values approaching 1
indicated little cumulative object size relative to the background object,
while values decreasing from 1 indicated increasing cumulative object
sizes. Absence of a background and other large objects resulted in va-
lues close to 0.

A selection of the object shape parameters described in this section,
was applied to measure object shapes in artificial and classified hy-
perspectral images. The type and number of parameters depended on
the object shapes and microstructures of interest.

3. Results

3.1. Artificial imagery

3.1.1. Object shape
Different object shapes are shown in Fig. 2. The objects represent

grains, crystals, fragments, crystal aggregates, vesicles, amygdales and
other objects that are common in sedimentary, igneous and meta-
morphic rocks. Most objects have solid fills, except the open circle and
open bar. Open circle and open bar objects were typical for shapes as
they might appear in classified mineral maps of hyperspectral imagery
where object boundaries were not crisp but gradual, or where objects
consisted of multiple minerals, for instance as a result of incomplete
alteration of mineral grains.

Plotting the cookie-cutter parameter against the flattening of the
fitted ellipse (Fig. 3) showed that various object shapes plotted in dif-
ferent parts of the plot. The flattening differentiated most of the angular
objects where the value decreased with increasing elongation of the
object. The flattening metric also differentiated between circle and el-
lipse. The number of corners or angles responded to the values of the

cookie-cutter parameter, where the round shapes had the lowest values.
The value of the hexagon was higher and further increased for the
objects with four corners and the aggregate (Fig. 3). The open circle and
bar showed higher cookie-cutter parameter values. This was consequent
of the smaller sizes of the object areas when compared to those of si-
milar shapes with solid fills. The smaller sizes produced smaller ellipses
and therefore larger cookie-cutter parameter values.

3.1.2. Variation in object shape
Euhedral, subhedral and anhedral object shapes of various crystals

and aggregates are shown in Fig. A1 (Appendix A). Euhedral shapes
contain well-developed, well-formed and therefore convex crystal faces.
These shapes all have high convexity values and plot in the right-hand
side of Fig. 4. Subhedral objects have less developed and therefore less
convex crystal faces. They were also less compact and therefore most of
the subhedral objects plot to the lower-left of the euhedral objects in
Fig. 4. The anhedral crystals have even less well-developed crystal faces
when compared to the subhedral crystals. The anhedral square,
hexagon and trapezoid are more compact and rounded and therefore
plot between the anhedral and subhedral shapes in Fig. 4. The anhedral
needle and rectangle show different systematics because of the different
type of degradation of the original shapes.

Object roundness and sphericity varied in Fig. A2 (Appendix A).
These two parameters have been commonly used in characterizing
clasts in sedimentary rocks (Adams et al., 2017). The sphericity or
flattening of vesicles, amygdales and other circular features has also

Fig. 2. Shapes of crystals, grains, fragments, aggregates, vesicles and amygdales.

Fig. 3. Plot of cookie-cutter parameter versus the flattening of fitted ellipses.
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been used in deformation studies, for example, in studies of volcanic
systems and structural geology. Rounded objects had lowest cookie-
cutter parameter values and values increased with increasing angularity
(Fig. 5). Change in sphericity is reflected in the flattening of fitted el-
lipses, where sphericity values decrease from larger than 0.8 for round
shapes to< 0.7 for spherical shapes.

3.1.3. Object size distribution
The proportion of crystals, aggregates, fragments and amygdales

relative to that of the matrix, i.e. volcanic glass or cement, was used to
describe microstructures of igneous and sedimentary rocks. Aphanitic
igneous rocks consist of fine-grained crystalline aggregates, invisible to
the naked eye (Lapidus and Facts on File Inc., 1987) (see example in
Fig. 6A). In contrast, phaneritic igneous rocks consist of course-grained
minerals that are visible to the naked eye (c.f., Fig. 6B provides an
example of an equigranular phaneritic microstructure). Porphyritic ig-
neous rocks contain large crystals in a fine-grained groundmass. The
fine-grained mass of the porphyritic microstructure in Fig. 6C does not
contain visible mineral aggregates. The homogeneity parameter (Eq.
(8)) discriminated between microstructures containing a matrix that
produced values of 1 (i.e., aphanitic and porphyritic microstructures)
and equigranular phaneritic microstructures without a matrix that
produced low values of 0.05 (Table 1). The relative object size (Eq. (9))
responded to the proportion of crystals and mineral grains relative to
the background object or matrix. The values decreased from 1 for the
aphanitic microstructure to a value of 0.87 for the porphyritic micro-
structure.

The degree of sorting of clasts in a sedimentary rocks (Fig. A3
(Appendix A)) provides information about the environment of sedi-
mentation, as well as source material and transport process, velocity
and range. The degree of sorting was established from histograms of the
size distributions of the object areas of the clasts (Fig. 7). Well-sorted
rocks produced more compact distributions and approached a Gaussian
distribution roughly (Fig. 7A). With decreasing degree of sorting, the
histograms became more dispersed. This was also reflected in the sta-
tistics of the size distributions. Decreasing degrees of sorting resulted in
higher standard deviations, larger kurtosis and skewness (Table 2).

3.1.4. Orientation
The orientation of minerals, crystals, aggregates, bands and other

objects was measured by the angle between the major axis of a fitted
ellipse and the vertical north of the image. The angle obtained for
imaged objects in two different sedimentary rock microstructures (Fig.
A4 (Appendix A)), and two igneous and metamorphic microstructures

Fig. 4. Convexity (Eq. (3)) versus compactness (Eq. (2)) of object shapes in Fig.
A1 (Appendix A).

Fig. 5. Cookie-cutter parameter versus the flattening of fitted ellipses calcu-
lated from the objects in Fig. A2 (Appendix A).

Fig. 6. A: Aphanitic, B: phaneritic, and C: porphyritic microstructures of igneous rocks.
Modified after Nelson (2015).

Table 1
Object shape parameters of igneous microstructures in Fig. 6.

Aphanitic Phaneritic Porphyritic

Homogeneity (Eq. (8)) 1.00 0.05 1.00
Relative object size (Eq. (9)) 1.00 0.04 0.87
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(Fig. A5 (Appendix A)) were plotted on rose diagrams (Figs. 8 and 9).
The microstructures with parallel or preferred orientation show less
dispersion of measurement angles (Figs. 8A and 9B). The standardized
resultant calculated from these angles, shows relatively high values for
the oriented microstructures, i.e. 0.83 and 1.00 for the sedimentary and
igneous rocks respectively (Table 3). These values confirm that the
image objects have a preferred orientation. The randomly oriented
microstructures produce low values of the standardized resultant, i.e.
0.14 and 0.08, for the sedimentary and igneous rocks respectively.
These values indicated random orientations. The calculated mean or-
ientations of the oriented data sets (Table 3), 91 and 90° respectively,
were consistent with the preferred orientation visible in the imagery

(Figs. 8 and 9).

3.1.5. Banding and layering
Banding and layering are prominent features in many different

rocks types; they are related to (for instance) layering during sedi-
mentation and mineralogical segregation during metamorphism. In
imagery of hand specimen scale rocks, bands or layers often cross-cut
the images in a number of directions, and continued outside the ima-
gery. Therefore, the major axes of fitted ellipses of objects in the banded
microstructures were used to indicate layering or banding. The longest
axes of layers in Fig. A6 (Appendix A) were plotted along the X-axis in
Fig. 10. Bands and layers larger than the dimensions of the imagery
produced lengths of the major axes of the fitted ellipses. The number of
objects exceeding either width or height of the image were determined
and used as a metric for the presence of banding and or layering of the
rock. The ellipse angle provided the direction of the layering (Y-axis in
Fig. 10).

The analysis of shape and microstructural parameters of objects in
the artificial imagery showed that many microstructural features could
be “measured” and expressed in numeric variables (Table 4). From
sedimentary rocks, the angularity and sphericity of clasts was mea-
sured, as well as the degree of sorting, the proportion of clasts versus
matrix or cement, the alignment of clasts and fragments, and the pre-
sence of layering and banding. For igneous rocks, it was possible to
measure the shape of crystals, crystal and mineral aggregates, vesicles,
amygdales, and other mineral fragments and whether crystals had eu-
hedral, subhedral or anhedral shapes. Flattening of vesicles and
amygdales was measured, as well as aphanitic, phaneritic and por-
phyritic microstructures, orientation and banding, and layering. For
metamorphic rock, the shape of minerals and crystals and degree of
flattening and elongation of the particles were measured, as well as
orientation of mineral grains and the occurrence, and orientation of
compositional bands.

3.2. Hyperspectral imagery of rocks

The mineral maps of rock specimens presented in Fig. 11 show that

Fig. 7. Distributions of object sizes larger than 200 pixels of sedimentary mi-
crostructures in Fig. A3 (Appendix A).

Table 2
Statistical parameters of the object size distributions (Fig. 7) of the microstructures in Fig. A3 (Appendix A).

Number of objects Object area Standard deviation Kurtosis Skewness

Mean Min. Max.

1. Well sorted 44 19,921 6913 38,806 8629 −0.5 0.62
2. Poorly sorted 45 15,999 1931 70,529 18,518 0.8 1.40
3. Unsorted 42 15,990 656 160,592 32,961 10.2 3.15

Fig. 8. Rose diagrams of orientation angles of objects in Fig. A4 (Appendix A). A: Preferentially oriented and B: randomly oriented sedimentary rock. Arrows indicate
mean orientation. Circles show 50th percentile of angle distributions.
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despite the intense silicic, sericitic and chloritic alteration, the general
microstructures of the precursor volcanic and sedimentary rocks were
preserved during the hydrothermal alteration episode. The volcanic
rocks, P2004, P2009a and P2014, contain a fine-grained matrix con-
sisting of illite-muscovites and chlorite, as well as phenocrysts,

xenocrysts, amygdales and mineral aggregates of various sizes and
shapes made up of illite-muscovites and kaolinite. The high values of
the homogeneity parameter (Table 5) indicate a porphyritic micro-
structure for these three rocks. The low value of the sedimentary rock,
P2003, indicates a non-porphyritic microstructure. The relative object
size parameter, responding to the proportion of objects, such as phe-
nocrysts and amygdales, relative to the fine-grained matrix of the vol-
canic rocks, was lowest for P2004 and highest for P2014 (Table 5) in-
dicating variation in the amount of porphyritic objects in the rock.

The layering of the sedimentary rock, P2003, was reflected by the
presence of four objects with major axes that were longer than the
image width (Table 5). The volcanic rocks produced zero values for this
metric. The standardized resultant of the sediment was higher than
those of the volcanic rocks, indicating a higher degree of orientation of
the rock. The value of 0.34, however, was relatively low compared to
the values that were obtained on the artificial images with preferred
orientation. This resulted from the relatively large number of randomly
oriented small objects in the image of the sedimentary rock (column
Number of objects, Table 5), relative to the larger objects. Recalculation
of the standardized resultant on a subset of objects larger than
1000 pixels (0.68mm2), produced a value of 0.79, which indicated a
higher degree of orientation, as was expected from visual inspection of
the image and the rose diagram (Fig. 13B). The mean orientation of
356, roughly north or upward, was consistent with the predominant
orientation in the mineral map. The volcanic rocks showed a much
weaker degree of preferred orientation, as was expected (Table 5 and
Fig. 13C, D and E).

The mean grain size was largest for the sedimentary rock, i.e.
1884 pixels (1.27mm2), and smallest for volcanic rock P2004, i.e.
757 pixels (0.51mm2). Object sizes of crystals and amygdales in the
volcanic rocks were generally consistent with visual appearance of the
mineral maps, where P2004 contained relatively small phenocrysts and
xenocrysts and where P2014 displayed relatively large illite-muscovite
rich amygdales. The distributions were strongly skewed and had high
kurtosis indicating peak values at smaller object sizes and tails of less
frequent large object sizes. The different rocks showed different object
size distributions and the statistics of the distribution could be used to
differentiate between the rocks (Table 5).

Comparison of a typical altered phenocryst of ordered-illite-mus-
covite (P2004, no. 1, Fig. 11) and an altered xenocryst of disordered
illite-muscovite (P2004, no. 2, Fig. 11), showed that the phenocryst was
more elongated and had a lower flattening measure (column Single
object, Table 6). The circular shape of the xenocryst resulted from re-
absorption of quartz grains, its main constituent, when the rock was still
partially molten. The values of the flattening parameter of the two
populations of the phenocrysts and xenocrysts in the mineral map in
sample P2004 showed the same characteristics (Table 6). The mean

Fig. 9. Rose diagrams of orientation angles of objects in Fig. A5 (Appendix A). A: Randomly oriented and B: preferentially oriented sedimentary rock. Arrows indicate
mean orientation. Circles show 50th (A) and 100th (B) percentile of angle distributions.

Table 3
Orientation statistics of the object angles in Figs. 8 and 9.

Sedimentary Igneous, metamorphic

Oriented Random Random Oriented

Mean orientation angle
(degrees)

91.00 76.00 104.00 90

Resultant 21.60 5.54 1.00 14
Standardized resultant 0.83 0.14 0.08 1

Fig. 10. Length of major ellipse axis versus ellipse angle calculated on objects in
Fig. A6 (Appendix A). Codes, b= black and g=gray, refer to objects in Fig. A6
(Appendix A).
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Table 4
Summary of microstructures and elements that were measured with the object shape parameters in this study.

Microstructure and microstructural elements Rock type Parameter Response

Shape of grains, crystals, fragments, crystal aggregates,
vesicles and amygdales

Igneous, sedimentary and
metamorphic rocks

Flattening Increased with increasing elongation of object
Cookie-cutter parameter Increased with increasing number of corners (and

with decreasing proportion of object fill)
Euhedral, subhedral and anhedral crystal shapes Igneous rocks Convexity Approximately 1 for euhedral shapes, lower for

subhedral shapes
Compactness Higher for euhedral and anhedral shapes than for

subhedral shapes, varied for different object shapes
Angularity and sphericity Sedimentary rocks Cookie-cutter parameter 0 (round) to 0.9 (angular)

Flattening 0.8 (round) to < 0.7 (spherical)
Flattening of grains, vesicals and amygdales Igneous and metamorphic

rocks
Flattening 0.8 (round) to < 0.7 (spherical)

Aphanitic, phaneritic and porphyritic microstructures;
proportion of crystals and aggregates versus matrix

Igneous and sedimentary Homogeneity 1 (rock contains matrix) to 0 (no matrix)
Relative object size 1 (matrix only) decreasing to 0 (increasing

proportion of crystals, aggregates, clasts, etc.)
Sorting of clasts and fragments Sedimentary rocks Distribution and statistics of

object sizes
Standard deviation, kurtosis and skewness
increased with decreasing sorting

Orientation of crystals, minerals, aggregates, fragments,
vesicals, amygdales and clasts

Igneous, sedimentary and
metamorphic rocks

Angle of major ellipse axis
and vertical north
Standardized resultant 0 (randomly oriented) to 1 (preferred orientation)
Mean angle

Layering and banding Sedimentary and
metamorphic rocks

Length of the major axis of
the fitted ellipse

Values larger than width of the image indicated
banding

Fig. 11. Hyperspectral minerals maps (A, C, E and G) of dominant spectral minerals in rock specimens at 26 um pixels size and object parameter images (B, D, F and
H) displaying object perimeter in red, convex hull perimeter in green and fitted ellipse in blue of objects larger than 200 pixels. Numbers are discussed in the text: 1:
Illite-muscovite phenocryst, 2: illite-muscovite xenocryst, 3: kaolinite amygdale, 4: illite-muscovite rim of amygdale, 5: illite-muscovite amygdale. Mean spectra of
classes are shown in Fig. 12. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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value of the population of phenocrysts was lower than that of the xe-
nocrysts, indicating on average a more elongated shape for the phe-
nocrysts.

Comparison of a kaolinite amygdale (P2009a, no. 3, Fig. 11) and an
illite-muscovite-rich amygdale (P2014, no. 5, Fig. 11) showed differ-
ences in size and shape parameters. The kaolinite amygdale was
smaller, i.e. 1390 pixels (0.94mm2) versus 37,199 pixels (25.15mm2),
even though the illite-muscovite-rich amygdale was not completely
imaged and extended beyond the edge of the map. The mean size of the
two populations of amygdales showed a larger object size for the group
of kaolinite amygdales (column object size mean, Table 6). This was
caused by the larger number of small objects in the mineral map of
P2014 with similar mineralogical composition (Fig. 14E). The kaolinite
amygdales where more convex in shape and were more compact
(Table 6). This was visible in the mineral maps in Fig. 11 by the more
irregular shapes of the illite-muscovite-rich amygdales compared to the
kaolinite amygdales.

The hollow object shape of the Al-rich illite-muscovite rim around
and kaolinite amygdale in sample P2009a (P2009a, no. 4, Fig. 11) could
readily be identified by the low values of the object hollowness (Eq. (5))
in Table 6.

The results showed that selected shape and microstructural para-
meters (as calculated on image objects) could be used to extract mi-
crostructural information from hyperspectral mineral maps of selected
rock specimens and that the parameters responded differently to dif-
ferent types of microstructures. Porphyritic microstructures were
measured and differentiated from a sedimentary microstructure; the
proportion of matrix to other objects in the rock was calculated to
discriminate between porphyritic microstructures. The presence of
layering was measured and used to identify sedimentary rock. A pre-
ferred orientation within the rock was measured as well as the direction
of orientation. Object sizes of mineral aggregates were quantified.
Together with statistics on distributions, they were used to characterize
and show differences between the rock samples. Object shape para-
meter values varied between the image objects, such as phenocrysts,
xenocrysts and amygdales, and were used for characterization of these
objects.

4. Discussion

4.1. Segmentation of hyperspectral images

Segmentation of the hyperspectral images produced a map of image
objects from which the shape parameters could be calculated. A deci-
sion tree classifier was used to segment the hyperspectral images into
the mineral maps in Fig. 11. The classification resulted in a segmented
image of objects that are spectrally similar. This classification was en-
tirely expert driven and based on i) expert knowledge on mineral
spectroscopy, i.e. the relationship between molecular bonds in crystal
lattices and absorption features in the hyperspectral images and ii) by
comparison with the results of petrographic analyses of the four rocks
(see Table B1, Appendix B). The decision tree classified the reflectance
spectra based on subtle differences in wavelength position and relative
depth of absorption features in the wavelength region between 2100
and 2400 nm, where most spectrally active minerals have diagnostic
absorption features, and between 1850 and 2100 nm, where water
features occur. The wavelength positions and relative absorption fea-
ture depth could be related to different minerals or mineral chemistry
and the degree of ordering of a mineral. The classification procedure
highlighted textural differences in the rocks based on the subtle spectral
differences between the composing minerals. Shallow features in P2003
(Fig. 12) resulted in abundant small objects and less clear objects, al-
though the layered texture could still be identified. Deeper absorption
features in P2004 and P2009a resulted in clearly defined objects of
amygdales, phenocrysts and xenocrysts. The subtle difference between
the chlorite and illite-muscovite features clearly showed the amygda-
loidal microstructure of rock P2014.

Since the hyperspectral image segmentation by decision trees only
used wavelength positions and depth of absorption features, the

Fig. 12. Mean reflectance spectra of the mineral map classes in Fig. 5.
Stretching limits of the reflectance spectra vary between rock samples and
depend on the range of reflectance values and depth of absorption features. The
interpreted names refer to the spectrally dominant mineral in each reflectance
spectrum.
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classification results can directly be related to molecular bonds of mi-
nerals and therefore to the minerals that produced the features (similar
to the approach used by Mathieu et al., 2017). The method is less
sensitive to variations in the hull shape of the reflectance spectra that
may result from sensor and calibration differences. This makes the
classification less scene-specific and suitable for the analyses of large
volumes of image data. Hyperspectral classifiers that are based on
matching statistics between reference and image spectra, such as the
spectral angle mapper (Kruse et al., 1993), do not provide information
on the parts of the spectrum (hull versus absorption feature) that match
best. These methods are therefore less suitable to differentiate between
reflectance spectra with small wavelength shifts of absorption features
and more suitable to detect differences in hull shape.

Other approaches in object-based image analyses use integrated
spectral-spatial routines for image segmentation (Blaschke, 2010).
Segmentation of the imagery into objects occurs then as an iterative
process in which the relative importance of spectral information (color)
and object shape are optimized by user intervention (Hofmann et al.,
2013). The limitation of the of the spectral-spatial segmentation step is
the difficulty in relating the user settings of the segmentation routine to
molecular bonds in minerals and other physical or chemical mineral
properties. This makes the spectral-spatial segmentation routines more
scene-specific.

Segmentation of the hyperspectral images produces image objects
that represent microstructural elements of a rock. The metrics calcu-
lated from these elements, such as grain size and grain shape, are di-
rectly comparable with the microstructure elements that are commonly
used by geologists to describe and classify rock. This makes the object-
based method suitable to measure rock microstructure and distin-
guishes it from methods that use image texture in gray-scale levels
(Castano et al., 1999) where the tonal variations are used to differ-
entiate microstructures. The latter only provides indirect measures of
microstructural elements.

4.2. Accuracy of shape measures

The accuracy of the shape parameters calculated on the image ob-
jects is influenced by the spatial resolution of the image containing the
objects. In general, the estimated metrics become less accurate at lower
image resolution. In Fig. 15, the measured object sizes were compared
to the ideal or actual object sizes, both in the number of pixels; the
differences between the two were expressed in percentages. The larger
differences of smaller object sizes resulted from the less accurate re-
presentation of the shape at larger pixel sizes. Plots for compactness,
convexity, cookie-cutter parameter, flattening and orientation major
ellipse axis showed roughly similar patterns.

The accuracy of the shape parameters of smallest object size in this
study varies between the 6 shape parameters (Table 7). The measured
(or observed) object size of objects of 200 pixels was overestimated up
to 22% for the filled objects, up to 47% for the open objects and 55% for
the needle shape. The open objects are sensitive to filling at lower

Fig. 13. Rose diagrams of object orientations in mineral maps in Fig. 11. Arrows indicate mean orientation. Circles show 30th percentile of angle distributions.

Fig. 14. Distribution of object sizes of selected groups of minerals in Fig. 11.

Fig. 15. Difference between observed and actual object sizes in pixels versus
observed object size for the object shapes in Fig. 2. Exponential scales along X
and Y axes.
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resolution because the white spaces within the object become over-
printed by black pixels. The observed object size of the narrow needle is
strongly affected by layout of the raster at lower resolution resulting in
unstable object size measurements (Fig. 15). The results show that, for
example, in the grain size estimations in mineral maps the observed
sizes of (particularly) smaller grains are larger than the actual sizes.
Narrow objects are relatively sensitive to overestimation at lower re-
solution.

The accuracy of the shape parameters of smallest object size in this
study also varies between the 11 different object shapes (Table 7).
Compactness values of image objects of 200 pixels increased up to 0.1
for the filled shapes and the crystal aggregate, and up to 0.59 for the
open shapes compared to the ideal or actual object sizes. Although the
values become less accurate, the relative differences between the
shapes can still be used to differentiate between the shapes. Convexity
remains invariant for most filled shapes at pixel size of 200. The open
circle and open bar show a relatively large increase of up to 0.48. This
means that the convexity measure is most accurate for filled objects and
becomes inaccurate for the open objects at this pixels size. The cookie-
cutter parameter for 200 pixels size objects varies considerably from
−0.07 to 0.18 for the different object shapes, making it less accurate as
a shape parameter. The magnitude of variations makes it difficult to
differentiate between object shapes at this resolution. A better separa-
tion of most shapes using the cookie-cutter parameter requires a re-
solution of approximately 100,000 pixels. The flattening of fitted el-
lipses varies for most object shapes between −2% and 6% and is
therefore relatively accurate. Only the overestimation is larger for the
needle and rectangle, up to 39%, which indicates that the elongated
shapes become more compact at lower resolutions. This means that for
relatively small elongated objects the flattening value is overestimated
and that the actual elongation is larger. This impacts on the results for
rock P2004, where phenocrysts were more elongated than xenocrysts.
The orientation of elongated objects deviated<3.2° for objects of
200 pixels. This shows that the orientation measures of all objects, in-
cluding the smallest of 200 pixels, in the maps in Fig. 11 is a reliable
metric.

Quantitative and accurate assessment of object shape measures re-
quires a sufficiently-high spatial resolution. The required resolution
depends on the type of shape parameter and the objects shapes in the
rock. Open and narrow objects give less accurate results with de-
creasing image resolution than more and filled objects. The cookie-
cutter parameter requires higher resolution for accurate object shape
estimates than the flattening and orientation parameters. For qualita-
tive assessment of object shapes, i.e. relative differences between me-
trics can differentiate between object shapes, lower image resolutions
are often sufficient. The minimum object size of 200 pixels as applied in
this study is a useful threshold to produce reasonable estimates for most
shape parameters and object shapes.

The nature of the object boundary is another factor that influences
the accuracy of the shape metrics. The artificial imagery provided crisp
boundaries and good contrast between the objects. Therefore the

images showed “ideal” examples of the different microstructures and
elements of rocks. Metrics calculated from hyperspectral mineral maps
of real rocks with similar microstructures differ from those obtained
from artificial imagery. The boundaries in mineral maps of actual rocks
may be more gradational and there may be less contrast between the
rock objects. The strongly altered rocks in Fig. 11 consisted pre-
dominantly of fine-grained quartz, illite-muscovites and chlorite. The
microstructural elements observed in these rocks were all relicts of the
precursor volcanic and sedimentary rocks. Therefore the boundaries
between the different objects were often not crisp or straight as in the
artificial images. Both the phenocrysts and the matrix on altered vol-
canic rock P2004 consisted of fine-grained illite-muscovite and quartz.
The only difference between the two was the degree of ordering of the
illite-muscovite. Because of the slight spectral differences between the
phenocrysts and matrix, the boundaries were occasionally irregular and
diffuse, which affected the object shapes and the object shape mea-
surements.

Finally, the hyperspectral images show 2D representations of 3D
objects. The apparent shape of the imaged objects is determined by the
3D shape of the geological object in the rock, the position of the object
relative to that of the sensor and the intersection of the object with the
rock surface. Therefore the observed object shape in the hyperspectral
imagery may vary as a function of the orientation of the rock sample
during the image acquisition and the nature of the rock surface, which
can be curved in uncut drill-core and flat in cut drill-core.

4.3. Potential applications

The reported methodology can potentially be applied to measuring
microstructure in rock, in drill-core, and in hand specimens to support
resource exploration and other geological studies, and to develop un-
biased rock classification schemes. Key factors in the measurements of
microstructure from hyperspectral images are the spatial resolution of
the images and the wavelength range that is covered by the imagery.

The spatial resolution determines the size of the objects that can be
measured and used for the calculation of shape metrics. The required
spatial resolution depends on the smallest grains, crystals, mineral ag-
gregates and layers that need to be distinguished. The minimum object
size should be equal or larger than 200 pixels. The minimum object size
depends on the type of shape information that is needed. For example,
the extraction of orientation measurements of elongated grains requires
a lower spatial resolution than separation of circular and square shapes
using the cookie-cutter parameter. The swath of a hyperspectral camera
in the SWIR is commonly around 400 pixels. Imaging of a complete,
40 cm wide, dill-core tray results in an image of 1mm pixel size.
Circular objects of 200 pixels would then have a diameter of 16mm.
This means that circular microstructural elements smaller than ap-
proximately 16mm cannot be measured accurately. Similar calcula-
tions on images of drill core of 8 cm width result in a pixel size of
0.2 mm and a diameter of circular objects of 3.2 mm2. Calculations on
1 cm wide images of rock slabs, approximately comparable to the

Table 7
Accuracy of shape parameters of smallest objects (of 200 pixels).

Shape parameter Object shape (as in Fig. 2)

Circle Ellipse Square Trapezoid Hexagon Rectangle Needle Open circle Bar Open bar Crystal aggregate

Area (%)a 13 10 17 10 13 22 55 47 12 37 37
Compactnessb 0.1 0.04 0.1 0.1 0.08 0.1 0.1 0.59 0.04 0.18 0.1
Convexityb 0 0 0 0 0.01 0 0 0.48 0 0.22 0.04
Cookie-cutterb 0.09 0.1 −0.04 0 0.05 0.05 0.18 0.02 0.04 −0.07 −0.02
Flattening (%)a 0 0 −2 3 −2 6 39 −2 4 10 −4
Orientation of major ellipse axisb – 0 – 3.2 – 0 0 – 0 −1 –

a 100 ∗ (observed-actual) / actual.
b Observed-actual.
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dimensions of thin sections, results in a pixel size of 0.025mm and a
diameter of circular objects of 0.4 mm2.

The wavelength range of the hyperspectral camera that is required
depends on the mineralogical composition of the microstructural ele-
ments and the spectral contrast between the elements. The elements can
only be segmented into separate objects when the hyperspectral image
can be used to separate the particular object from the surrounding
elements. This depends on the presence of diagnostic absorption fea-
tures in the spectra wavelength range that is imaged. The SWIR range
(approximately 1000–2500 nm) is suitable for mineral resource in-
vestigations of hydrothermal deposits where key microstructural ele-
ments may contain hydrated minerals (Roache et al., 2011; Taylor,
2009). The VNIR range (approximately 400–1000 nm) is suitable for
investigations of microstructures that are highlighted by Fe-oxide mi-
nerals (Cudahy and Ramanaidou, 1997; Morris and Ramanaidou,
2007). In rocks where variations in quartz and feldspar minerals show
the rock microstructure, the LWIR (for instance between 7500 and
13,000 nm) (e.g., Schodlok et al., 2016a) could be used to capture the
microstructural elements. Rocks consisting of grains of a single mineral
will not produce spectral contrast between grains and will produce a
homogeneous mineral map consisting of one type of mineral.

The calculated shape metrics reported in this paper are often not
unique to one particular shape or microstructure. Therefore, for each
application of the methodology a calibration step is needed to establish
the relationships between shape metrics and the microstructural ele-
ments in order to obtain accurate microstructural classification.

5. Conclusions

The microstructure of rock samples was investigated by the calcu-
lation of shape parameters of segmented objects in minerals maps de-
rived from hyperspectral images. Different microstructures and micro-
structural elements produced different values of object shape
parameters. Therefore we conclude that object shape parameters can be
used to measure microstructure and microstructural elements, and to
subsequently discriminate between different rock microstructures. The
shape parameters tested in this study were applied to a selection of
naturally occurring rock microstructures. Additional research is needed
to test object shape parameters for the microstructures that were not
covered in this study.

The expression of microstructure into numeric parameters is the
first step towards quantifying microstructures in rocks. Further devel-
opment of the methodology could contribute to the creation of unbiased
classification schemes of rocks, improved statistical modeling of com-
positional rock parameters, such as ore mineral grade, and the auto-
mated recognition of microstructures in large image databases of rocks
and drill-core.
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Appendix A. Artificial images of object shapes and microstructures

Fig. A1. Euhedral, subhedral and anhedral form of selected object shapes from Fig. 2.
Modified after Leveson (2001).
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Fig. A2. Object shapes of different degrees of roundness and sphericity.
Modified after Reagan et al. (2015).

Fig. A3. A: Well-sorted, B: poorly-sorted and C: unsorted sedimentary rock.
Modified after Leveson (2001).

Fig. A4. A: Preferential and B: Random orientation of grains in sedimentary rock. Modified after Leveson (2001).

Fig. A5. A: Random and B: preferential orientation of minerals in igneous and metamorphic rock.
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Modified after Nelson (2017).

Fig. A6. Microstructures showing A: Gneissic banding (modified after Nelson (2017)) and B: banding/layering.

Appendix B. Comparison of results of petrographic and hyperspectral analysis of rock samples

Table B1
Comparison of petrographic and hyperspectral results.

Sample Petrographic analysis Hyperspectral mineral maps

Description Minerals Microstructural elements Size Mineral composition
(abundance)a

Size of objects Fitted ellipse axes

Mean
(mm2)

Max
(mm2)

Minor Major

Mean
(mm)

Max
(mm)

Mean
(mm)

Max
(mm)

P2003 Weakly sericite
altered and silici-
fied muddy chert

Quartz, sericite
and opaques

1. Fine to very fine grained
laminated chert; sericite occurs
as elongated clots of micron-
sized crystals with an orienta-
tion parallel to the lamina

Layer thick-
ness be-
tween 30
and mi-
crons and
2.2mm

Illite-muscovite of varying
composition (88%)

17.9 883.6 0.4 3.0 1.7 42.9

2. Fine-grained minerals/ag-
gregates

Chlorite (12%)

P2004 Deuterically al-
tered, silicified,
sericitized xeno-
crystic-pheno-
crystic (dacite)-
andesite

Quartz, very fine-
grained sericite,
relict plagioclase
(?), opaques

1. Phenocrysts consisting of
sericitized laths and clusters of
plagioclase

Up to
1.5mm

Illite-muscovite,
< 2210 nm, well-ordered
(3%)

6.3 59.4 0.4 0.9 0.9 2.0

2. Xenocrysts of quartz, serici-
tized feldspar and opaque

Up to 5mm Illite-muscovite,
< 2210 nm, disordered
(5%)

6.3 59.4 0.6 1.0 2.5 3.2

3. Groundmass of altered
quartz and plagioclase, acces-
sory K-feldspar, actinolite and
rutile

Illite-muscovite,
< 2210 nm (92%)

P2009a Deuterically al-
tered, silicified,
sericitized amyg-
daloidal andesite

Quartz, very fine-
grained sericite,
relict plagioclase
(?), opaques,
minor chlorite

1. Xenocrysts of quartz Up to 1mm Al-poor illite-muscovite,
> 2210 nm, disordered
(10%)

3.6 20.7 0.5 1.7 1.0 4.0

2. Zoned amygdales of quartz
and sericite

Up to
2.5mm

Kaolinite (7%) 24.9 103.1 1.3 3.5 2.0 4.0

3. Groundmass of quartz and
sericitized feldspar, few altered
Fe-Mg minerals

Al-poor illite-muscovite,
> 2210 nm (77%)

P2014 Deuterically al-
tered, silicified
and chloritized
amygdaloidal (da-
cite-)andesite

Quartz, very fine-
grained chlorite,
relict plagioclase
(?)

1. Amygdales of quartz (after
vesicles)

Up to 5mm Illite-muscovite < 2210
dominated (19%)

23.6 251.5 1.1 4.7 1.9 8.5

2. Groundmass of quartz and
altered plagioclase, accessory
K-feldspar, actinolite and rutile

Dominated by chlorite of
varying composition
(81%)

a Percentage of image pixels.

Appendix C. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.rse.2018.10.030.
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