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a b s t r a c t

To perform digital image correlation (DIC), each image is divided into groups of pixels known as subsets
or interrogation cells. Larger interrogation cells allow greater strain precision but reduce the spatial
resolution of the data field. As such the spatial resolution and measurement precision of DIC are limited
by the resolution of the image. In the paper the relationship between the size and density of speckles
within a pattern is presented, identifying that the physical properties of a pattern have a large influence
on the measurement precision which can be obtained. These physical properties are often overlooked by
pattern assessment criteria which focus on the global image information content. To address this, a
robust morphological methodology using edge detection is devised to evaluate the physical properties of
different speckle patterns with image resolutions from 23 to 705 pixels/mm. Trends predicted from the
pattern property analysis are assessed against simulated deformations identifying how small changes to
the application method can result in large changes in measurement precision. An example of the
methodology is included to demonstrate that the pattern properties derived from the analysis can be
used to indicate pattern quality and hence minimise DIC measurement errors. Experiments are described
that were conducted to validate the findings of morphological assessment and the error analysis.

& 2013 Elsevier Ltd. All rights reserved.

1. Introduction

Digital image correlation is a white light technique based on
the comparison of images before, during and after the deformation
of a test specimen, typically acquired using a monochromatic CCD
camera. The images are divided into a grid of interrogation cells or
subsets containing a finite number of pixels. The spatial resolution
and accuracy of the displacements are limited by the total number
of pixels within the image. DIC uses a correlation algorithm to
obtain the displacements by identifying areas of matching grey
scale values between the speckle pattern in each subset of the
deformed and undeformed images. The position where the corre-
lation function value is maximised in the deformed image corre-
sponds to the movement of the pattern during deformation.
To facilitate the correlation a stochastic speckle pattern is applied
to the specimen surface to provide random grey level variations,
the quality of which is fundamental to the precision of the
measured displacement data. Spatial resolution of the data is
maximised by reducing the size of the subsets, but as the
interrogation cell size decreases, the uncertainty in the strain
measurement increases due to a reduction in the number of
features to track within the subset [1].

The majority of research into the accuracy of the DIC technique
has focused on the many different correlation algorithms and
processing parameters, such as subset size [2], shape function
selection [3] and methods of obtaining sub-pixel accuracy [4]. Less
attention has been paid to the effect of the quality of the speckle
pattern on the measurement accuracy of the DIC technique,
particularly, differences due to changes in the spatial resolution
of the image. It is also important for the speckle pattern to be
matched to the expected displacement field to maximise measure-
ment accuracy, as speckles can be both too large and too small for
accurate measurement [5]. In references [6,7] patterns with a
range of speckle sizes, applied using different methods were
examined. Haddadi and Belhabib [6] identified that finer patterns
with more speckles and more ‘randomness’ performed better in
comparison to larger ‘dotted’ patterns in ridged body motion tests.
Barranger et al. [7] noted the importance of matching the pattern
to the expected deformation, with differences between pattern
types becoming greater at larger levels of strain. The reasons
behind the performance differences for the patterns were not
assessed, nor were the suitability of the patterns tested for
different applied strain levels, allowing only qualitative conclu-
sions to be made which cannot be used to benchmark pattern
quality.

A number of pattern assessment criteria have been presented
in the literature, generating a range of different pattern quality
measurement parameters. These parameters do not provide the
definition of a perfect pattern to be used, as there is insufficient
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control in the application of the speckle pattern or imaging
methods to consistently achieve the same quality of pattern from
user to user. Rather the parameters are best used as comparative
assessment tools to inform application methods and inform error
analyses of DIC measurements. Broadly these metrics can be
separated into global and local assessments. Measures such as
the sum of squared subset intensity gradients [8] and mean
intensity gradient [9] have both been developed directly from an
understanding of the sum of squared differences correlation
algorithm, measuring pattern quality locally at each pixel location.
However these two parameters are presented as a summation and
a mean of the image intensity gradients at each pixel location
within the entire image. This approach provides global measures
from local criteria. The summation and mean values are not
considered to be appropriate as the speckle pattern is stochastic
across the region of interest and unrepresentative of the pattern
quality, as there is no indication of the variation in quality across
the image. This is important as the values can be significantly
biased by areas with anomalously high or low intensity gradient
values. The mean subset fluctuation [10] and subset entropy [2]
provide metrics which assess the difference between the grey level
of each pixel within the image to the mean grey level value of each
subset, and the grey level values of the eight surrounding pixels at
each location. These metrics are also calculated locally within the
subset, and then presented as a mean, global, value for the whole
of the image, ignoring variation between subsets in the pattern.

Morphological approaches have been used to apply local
analysis of pattern quality based upon the physical properties of
the pattern, such as the size and frequency of the speckles within
the pattern [5,11]. Typically this is undertaken using an image
thresholding technique, converting all pixels with grey levels
above/below a certain threshold value into black and white values
to form a binary image of the pattern. The thresholding method is
a fast and practical solution, but can fail to identify the true edge of
shapes in patterns. Alexander et al. [12] noted that the size and
shape of the generated binary speckles are highly dependent upon
the chosen grey level threshold value, which can result in the edge
of the speckles being poorly defined and not representative of the
actual speckle size or shape. The threshold method also prevents

the identification of discrete speckles below/above the threshold
values, which is especially evident where there is a very broad
grey level distribution, or where the edges of the speckles are very
soft. These local measures are more adept at quantifying differ-
ences between patterns due to changes in the application method
or pattern style i.e. black paint on white background and vice
versa, both of which are important considerations for experiments
with different materials and scales. Importantly, using these
morphometric techniques, the local information from within the
pattern is not lost or masked in the attempt to form a global
parameter from what are highly variable and complex analysis
problems. As a result the local, morphometric, pattern analysis
approach is used in this paper. For completeness a summary of
recently used global and local pattern assessment criteria is
provided in Table 1.

The aim of the present paper is to identify the relationship
between the size and density of the speckles locally within an
interrogation cell. The relationship is used to show that the
morphometric properties, such as size, shape and distribution of
the speckles in the pattern are an important indicator of pattern
quality. An image processing approach is developed to analyse the
properties of a number of speckle patterns, showing fundamental
changes to the pattern as magnification levels and spatial resolu-
tion are increased. In the present paper a case study is presented
that uses the morphological analysis to identify the most suitable
pattern application method when conducting 2D DIC at the
mesoscopic scale using magnifying optics. Under high levels of
magnification the appearance of the patterns changes significantly,
resulting in very different patterns to those viewed with lower
magnification. The errors in the DIC measurements at this high
magnification level are shown to be large due to the sparseness of
the patterns. The local analysis demonstrates large differences in
the properties of the speckles within the pattern's grey level
between application methods. It is shown that a change from a
spray paint to an airbrush has a large beneficial effect on the
overall measurement error. This is supported by simulations of
pattern deformations and experimental validation against strain
gauge readings, which provide excellent agreement with the
predicted results from the morphological assessment.

Table 1
Review of recent pattern assessment criteria.

Pattern assessment criteria Global Local Pros Cons

Sum of square
of subset
intensity
gradients [8]

SSSIG¼∑N
i ¼ 1∑

N
j ¼ 1½f x;yðxijÞ�2 X Intensity gradients directly used in the sum of

squared differences correlation procedure
Total value for image does not show variability
within the pattern

Provides a direct measure between the pattern and
correlation process.

SSSIG does not describe how or why patterns are
different to each other—difficult to comparatively
analyse application methods.

Mean intensity
gradient [9] δf ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
f x ðxijÞ2þf y ðxij Þ2

p
WH

X Intensity gradients directly used in the sum of
squared differences correlation procedure.

Mean value for image introduces bias as the
calculation as it does not show variability within
the pattern.

Mean subset
fluctuation
[10]

Sf ¼ ∑P∈F∑3
i ¼ 1∑

3
j ¼ 1

���aij−a���
HV

X Compares pixel grey level values to the mean grey
level value of each subset.

Mean value for image does not show variability
within the pattern.

Provides a measure of contrast within the pattern. Bias towards patterns with very high contrast
where jaij−aj is maximised.
Cannot distinguish influence of speckle size i.e. one
large speckle of size 50 pixels in the subset will
yield same results as 10 speckles each with an area
of 5 pixels distributed within the subset.

Subset entropy
[2]

δ ¼ ∑P∈s∑8
i ¼ 1

���IP−Ii���
2βMN

X Identifies differences between each pixel to its
surrounding 8 pixels grey levels giving an indication
of the fluctuation, or ‘randomness’ of the pattern.

Mean value for image does not show variability
within the pattern.

Speckle radius
distribution
[11]

Image thresholding X Fast and easy to implement. Speckle radius does not account for speckle shape
which influences speckle size.
Threshold method inaccurate.

Average
speckle size
[5]

Image thresholding X Fast and easy to implement. Average speckle size does not show variability
within pattern.
Threshold method inaccurate.
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2. Correlation procedure and experimental equipment

In recent years DIC has become very popular and hence there
are many commercial and in-house software available to perform
DIC with differently optimised correlation functions and calcula-
tion methods, most recently summarised by Pan et al. [13]. The
work in the present paper describes the creation of a generic
methodology to assess the quality of stochastic speckle patterns
and their relative influence on the measurement error. As there are
large visible differences between the speckle patterns examined in
this paper, the results are largely unaffected by small differences in
correlation methods. It was decided that commercial software
should be used, so for consistency the LaVision DaVis 7.4 correla-
tion software was used in all the analyses. The DaVis software
implements a cross correlation approach by using inverse Fourier
transforms. For each subset in the image, an array of correlation
values, C, are created between the reference I1 and deformed I2
subsets of size n�n pixels. The correlation value for each integer
displacement between the subsets within a search area, measuring
2n�2n surrounding the original subset is calculated as follows:

Cðdx; dyÞ ¼ ∑
xon;yon

x ¼ 0;y ¼ 0
I1ðx; yÞI2ðxþ dx; yþ dyÞ; −n

2
odx; dyo n

2
ð1Þ

To increase the speed of the calculations the correlation
function algorithm is applied at each integer displacement using
inverse fast Fourier transforms as follows:

I1I2 ¼ IFFT−1½FFTðI1ÞFFTðI2Þ� ð2Þ
The correlation function is maximised when there is a good

match between the intensities of the two subsets I1 and I2. Areas of
poor pattern match have low correlation coefficients. The location
of the greatest correlation function corresponds to the location of
the deformed subset relative to the reference, from which the
image deformation is established. The final sub-pixel displacement
accuracy is obtained from the maximum position of a two
dimensional Gaussian fitting parameter, which is applied to the
array of correlation function values using a Levenberg–Marquardt
algorithm. The strains are evaluated numerically using a central
differences approach. The influence of different correlation algo-
rithms and sub-pixel calculation schemes are not evaluated, as the
results show clear trend between the patterns tested, with large
differences in error values, which are greater than the errors
expected from alternative correlation approaches. As such the
pattern analysis and morphological conclusions identified in this
paper are largely independent of the correlation settings, demon-
strating that the quality of the pattern to be vital to the quality of
the correlation.

A 5 Mp 12 bit monochromatic LaVision E-lite camera was used
to capture the experimental images. A LED ring flash light was

used to provide consistent lighting for the data collection. The grey
level distribution of the images was maximised over the 12 bit
dynamic range of the camera, whilst avoiding saturation of the
image. This ensured that any measurement errors would be due to
the physical changes to the pattern as opposed to a change in the
reduction of the dynamic range of the image, which is known to
have an influence on the accuracy of DIC measurements [7].
A Sigma 105 mm lens was used to capture the images analysed
in Table 2, and a Canon MP-e65 macro lens was used to image the
patterns presented in Table 3.

3. Evaluation of simulated speckle pattern variations

It is desirable to have a pattern with high levels of unique
features and randomness to maximise the correlation function
response when a match is found in each interrogation cell. This
reduces the uncertainty in matching the pattern from image to
image. Therefore the quality of the speckle pattern has a large
influence on the correlation function values created for areas of
similar patterns, and hence the accuracy of the calculated dis-
placements. Within each interrogation cell though, there are a
finite number of pixels to create the pattern. Due to this limiting
value, a trade-off exists between the number and size of features
and subsequently the number of possible unique pattern permu-
tations that can be created. Here it is investigated if the accuracy of
the DIC strain measurement obtained from correlating the speckle
pattern between images is related to the relationship between the
relative size of the speckles and their density in each interrogation
cell, i.e. the relationship between the coverage and the uniqueness
of the pattern that can be created within a given number of pixels.

Speckles of very small size are registered on only a small
number of pixels on the camera sensor. This increases the
similarity in shape and size of speckles in the pattern, reducing
the uniqueness of the pattern. Additionally because of camera
noise and grey level fluctuations, small speckles produce large
variations in the identification of their size, shape and position
relative to their original features, which is detrimental to the
accuracy of the measurement. Increasing speckle size decreases
the randomness of the pattern position as the speckles occupy
more space in the finite interrogation cell. However, larger speck-
les have a greater number of shape permutations, creating more
uniquely defined individual speckles within the pattern. Larger
speckles also register across more pixels, so there is less relative
fluctuation and uncertainty in the speckle shape and size resulting
from noise from the camera. Therefore the trade-off between size,
shape, and density heavily influence the degree of speckle unique-
ness, and is an important and often overlooked factor to consider
when assessing the quality of the speckle pattern.

There is, of course, a constraint on maximising the uniqueness
of the pattern and this is the total number of pixels available in the
interrogation cell. To investigate this constrained relationship
between the available pixels within the images, the size of the
speckles, and the number of speckles within each interrogation
cell a pattern generation program was developed. The program
generated a test matrix of 64 unique 12 bit patterns with differing
combinations of speckle radii, from 2 to 9 pixels radius, and
number of speckles present within each subset measuring
128�128 pixels within the image, from 4 to 18 speckles in
intervals of 2. Each generated image was 1408�1408 pixels and
contained 121 subsets. The generation program allows a degree of
random variation of the radius of speckle around its circumfer-
ence, replicating the characteristic random shape of each speckle
in a real pattern. The program is such that the variation is linked to
the speckle radius, so smaller speckles have less variation in shape,
whilst larger speckles have more shape variation. Two examples

Table 2
Shannon entropy values of patterns over a range of spatial resolutions.

Spatial resolution 23 37 142 296 705
Shannon image entropy 1.0777 1.6753 3.1947 1.5191 0.8917

Table 3
Speckle pattern properties.

Pattern
type

Area of interest
(mm�mm)

Spray
paint

Airbrush Background
colour

Speckle
colour

A 3.45�2.88 X Black White
B 3.45�2.88 X White Black
C 3.45�2.88 X Black White
D 3.45�2.88 X White Black

G. Crammond et al. / Optics and Lasers in Engineering 51 (2013) 1368–13781370
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from the test matrix of 64 individually generated images can be
seen in Fig. 1(a) and (b). The patterns were deformed in 0.1%
intervals up to 2% maximum strain, with errors evaluated between
the measured and calculated strain measurements using inter-
rogation cell sizes of 128�128 pixels, with no overlap between
subsets.

The x-direction displacements were derived by importing the
speckle patterns into the LaVision correlation software DaVis 7.4.
The location of the subsets analysed by the correlation software
correspond to those defined in the pattern generation program,
ensuring that each DIC interrogation cell has speckles of the same
size and density. The pattern deformation was undertaken in the
Fourier domain by upsampling the transform of the image then
downsampling to achieve accurate sub-pixel displacements. A low
pass filter was applied to the images before manipulation to
remove high frequency components and minimise errors caused
by image aliasing during the scaling process.

The images are deformed numerically so that errors from
lighting and optical aberration effects are removed. Strains are
obtained by numerical differentiation of the displacement vectors.
Due to the uniform linear displacement field imposed on the
image, minimal measurement errors are anticipated from this
calculation approach. Errors are being assessed from the difference
between the strain and not displacement data, as in engineering
applications it is the strain data which is of most importance when
analysing structures. It is important therefore to analyse the strain
error so that an end user of DIC software can have confidence that
the speckle pattern being used will result in high fidelity strain
measurements. Large interrogation cells of 128�128 pixels are
used in this study as the use of large interrogation cells produces
measurements with a high degree of fidelity [1]. As a result, when
using these large subsets, any differences in the strain derived
from the DIC can be attributed to changes in the pattern proper-
ties, and not uncertainties resulting from poor quality correlation
due to insufficient features in the interrogation cell. Gaussian noise
was added to the deformed images to best replicate the experi-
mental variation in pattern intensity due to noise from the
camera CCD.

The standard deviation, SD, between the imposed strain field,
εimposed, and the strain field derived from the DIC measurements,
εDIC, in the x-direction was calculated for all of the measurement
points, n, to give a value of the error due to the speckle pattern
properties using the following equation:

SDε ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
n∑ðεDIC−εimposedÞ2− ∑ðεDIC−εimposedÞ

� �2
nðn−1Þ

s
ð3Þ

Fig. 2(a) and (b) shows an array of the mean error in the strain
measurements from each of the 121 interrogation cells calculated
within each of the 64 different generated images tested at 1% and
2% strain respectively. A clear gradient of error across both plots is
visible, primarily running from left to right. This gradient shows
greater mean measurement errors when there are fewer speckles
per subset within the image. The error reduces when there are
more speckles and a greater number of features in the pattern to
track (i.e. from left to right in the plots the error reduces).
A secondary gradient can also observed diagonally from bottom
left to top right of the figures. This diagonal gradient indicates that
for the same number of speckles per subset, patterns with larger
speckles appear to produce a lower amount of error within the
measurement, compared to patterns with smaller radius speckles.
Hence increasing the size of the speckle, has an impact on the
quality of the speckle pattern because the larger speckles have a
greater variation in shape, creating very unique patterns. Fig. 2(a)
and (b) also shows that the pattern is not improved by simply
increasing the number of smaller speckles within the pattern to
produce more features to track, and that there are a number of
factors affecting pattern quality which must be considered.

Examination of the correlation function provides more expla-
nation of the error trends. Fig. 3 shows a 2D view of the correlation
function in a typical interrogation cell with 8 speckles per subset
and a speckle radius of (a) 3 pixels, (b) 8 pixels. It can be seen in
Fig. 3(a) that patterns with smaller radius speckles the correlation
peak is very small, creating a very concentrated area where the
pattern matches. Patterns with larger radii, Fig. 3(b) has a larger
diameter to the footprint of the correlation function peak
compared to the correlation peak, due to the increased coverage and
shape definition of the pattern. The large footprint of the correla-
tion peak in Fig. 3(b) is defined by a greater number of points than
Fig. 3(a) so that the sub-pixel accuracy is increased because the
Gaussian distribution used to define the correlation peak has more
points, producing a better fit. When the speckle size is small, the
peak is defined by fewer points, making an accurate fit to the
correlation peak difficult to achieve, resulting in larger errors.
When conducting sub-pixel interpolations small speckles have
also been shown to result in phase errors and amplitude attenua-
tion due to their high spectral content [14]. Similar results are
expected from other DIC systems which use different methods of
interpolation or curve fitting of the correlation function to achieve
sub-pixel accuracy, as increasing the footprint of the correlation
peak provides a greater number of points to inform any interpola-
tion of the correlation function.

In practice it is highly impractical to create a speckle pattern
with an optimised distribution, size and shape when applying the

Fig. 1. (a) Generated pattern with six speckles per subset, and a speckle radius of 3 pixels. (b) Generated pattern with 18 speckles per subset, and a speckle radius of 8 pixels.
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pattern from an aerosol nozzle due to the random behaviour of the
paint in the airflow. Therefore it is important that an informed
speckle pattern assessment can be undertaken, building upon the
general trends observed in this analysis.

4. Parameterised speckle pattern assessment

Pattern assessment has been previously discussed by a number
of authors [10,15,16] offering a number of methods to evaluate the
quality of the applied speckle pattern. Many of these methods
have been focused on producing measures of pattern quality based
upon the global properties of the pattern, and the information
held within the image. It is important when considering the
development of assessment criteria that it has sufficient technical
knowledge supporting it. This was one of the main limitations
identified by Pan et al. [9] on the morphological mean speckle size
analysis conducted by Lecompte et al. [11]. Pan has presented a
number of pattern quality criteria based upon the local subset
intensity gradients [17] and the global mean intensity gradient
throughout the image [9]. The latter showed good agreement to
results obtained numerically, deforming the patterns at the sub-
pixel level. The benefit of applying the global criteria is that they
are straightforward to use. The limitation of the mean intensity
gradient approach is that it does not give an indication of the
randomness and uniqueness of the pattern locally from subset to
subset. A simple means of global image assessment is to apply a
parameter from information theory known as the Shannon
entropy [18]; a measure of the information content of an image
that is used for evaluating the randomness, or texture, of a form or
pattern. An image with high entropy requires a large number of
‘bits’ to create an adequate representation of the form in a digital
image. Hence a pattern with a high Shannon entropy value
indicates a high level of texture, or broadness in the grey scale
distribution of the image, both of which are beneficial for max-
imising the correlation function peak when a correct match has
been found. The Shannon entropy is defined as [14]

Shannon entropy¼ ∑
N

i ¼ 1
pðxiÞlogðpðxiÞÞ ð4Þ

where N is the grey level value and p(x) is the count of pixels at the
given grey level.

The Shannon entropy assessment measure was applied to the 64
generated images shown in Fig. 2. Fig. 4 shows a diagonal gradient
of increasing Shannon entropy from bottom left to top right. This
trend shows good agreement with the diagonal gradient of least
measurement error observed in Fig. 2. The gradient in the Shannon
entropy confirms the importance of the relationship between
speckle size and shape, with larger, more uniquely defined speckles,
which in turn provide more texture to the pattern so there is more
spatial information in the image to benefit the correlation process.
This analysis shows that the principal of the global measure works
well with the controlled computer generated images.

The difficulty comes when applying this technique to patterns
created in the laboratory by hand, where there is much less
control over the size, shape and distribution of the pattern being
applied. Table 1 shows the image entropy of 5 patterns created
with black spray paint on a white background with similar grey
level distributions at 5 different spatial resolutions from 23 to
705 pixels/mm. The different levels of magnification produce
images with larger speckle sizes as magnification increases,
replicating the variation in size of speckles in the patterns, as
tested in the generated image analysis in Figs. 2 and 4.

There is little difference in the image entropy values between
the patterns of markedly different spatial resolutions in Table 2, i.e.
23 and 705 pixels/mm and 37 and 296 pixels/mm give similar
Shannon entropy values, although the patterns produced at these
resolutions are vastly different in physical appearance. This illus-
trates how global pattern assessment criteria related to the image
quality and information content can mask important local details
of a pattern, which contribute significantly towards its suitability
for use in as a DIC pattern. Unfortunately a complete assessment of
the speckle pattern quality, taking into account differences due to
the variation in the size or distribution of the speckles, cannot be
made using the Shannon entropy. Therefore it is important to
develop a methodology for pattern assessment based also upon
local analysis of the pattern, which can determine changes in
fundamental features of the stochastic pattern.

5. Morphological assessment of speckle characteristics

To provide a versatile tool to identify speckles within the
images and the possibility of applying local assessment criteria

Fig. 2. (a) Error levels for speckle patterns at 1% strain and (b) 2% strain (Note: SD is in % strain).
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to the speckle pattern in the present work the Laplacian of
Gaussian edge detection method is used to identify the individual
speckles. Application of this method aims to remove the ambiguity
of edge detection using the thresholding method by producing
more accurate representations of the speckle size and shape.
Firstly a Gaussian filter is applied to reduce noise from the image,
and then the Laplacian operator is used to calculate the second
spatial derivative of the image. From this, regions of rapid intensity
change can be detected, that enables the identification of the
edges of speckles. Accurate edge detection is controlled by careful
adjustment of the Laplacian gradient value and standard deviation
of the Gaussian filter. The process is shown in Fig. 5. In Fig. 5(a) a
typical speckle pattern is shown and in Fig. 5(b) the edges detected
by the Laplacian of Gaussian is shown. It can be seen in Fig. 5(b)
that some edges are detected that do not form a closed contour
around the speckle, so a 2D alpha shape technique is employed to
reconstruct a closed contour from the pixels along the boundary.
The alpha shape method formalises the intuitive notion of the
‘shape’ of a set of points. A generalisation of a ‘convex hull’ from
the point set is created which describes the space enclosed by a set
of points based on the outer most points [19]. The alpha shape
generalisation to the convex hull allows concave as well as convex
shapes to be mapped, creating a realistic border profile, better
matching the actual shape of the pattern. From these closed
contours a binary image of the speckle pattern is created for
analysis as shown in Fig. 5(c).

Application of the edge detection method described above
allows the size and number of the speckles to be analysed in any
image. The edge detection methodology described above is
applied to the same speckle patterns used for the image entropy
analysis in Table 2, with spatial resolutions from 23 to 705 pixels/mm,
which show inconsistent results. Fig. 6 shows the distributions of
speckle sizes up to speckles with an area of 300 pixels in the
pattern. The distribution of speckle sizes is expressed as a cumu-
lative percentage of the total number of speckles in the pattern,
identifying the frequency distribution of the speckle sizes present
within the pattern. For example, a distribution with a straight
diagonal line from 0%–100% would indicate an even distribution of
speckle sizes within the pattern, such that each of the speckles in
the pattern was a different size. Conversely, a distribution which
showed a step change from 0% to 100% at the speckle size of
10 pixels would indicate that all the speckles within the pattern had
a size of 10 pixels. The distributions have all been normalised by
dividing by the coverage ratio of the pattern, (i.e. the total number
of pixels defining the speckles divided by the total number of pixels
in the image for each pattern). This removes any bias in the results
caused by different speckle densities as opposed to morphometric

differences due to the change in spatial resolution. From this the
relative differences between the distributions of speckle sizes
within the speckle patterns can be seen.

Fig. 6 shows clear differences between the fundamental
components of the speckle patterns, which were not evaluated
using the Shannon entropy measure of image information. Patterns
identified as patterns containing similar information in Table 2 can
now be seen to hold vastly different distributions of speckle sizes.
At lower resolutions there are a very large proportion number of
speckles with a size below 50 pixels, making up over 85% of the
entire speckle in the pattern. As the spatial resolution of the image
increases the gradient of the speckle size distribution decreases
correspondingly, showing a more even distribution of speckle sizes
within the pattern. This is due to better identification of small
changes in the shape and size of the speckles at the higher spatial
resolution, creating a more varied and random distribution of
different shape and size speckles.

Although based on just 5 images, Fig. 6 clearly shows that the
morphological edge detection technique can provide a much more
informed view of the pattern properties compared to the Shannon
entropy global image measure presented in Table 2. Clear differ-
ences between the patterns, not previously identifiable are now
visible. The application of the technique produces an informed
assessment of the properties of the pattern, providing a detailed
method of comparative assessment of the physical differences
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Fig. 3. Typical correlation function peak for pattern with speckle radius of (a) 3 pixels and (b) 8 pixels.

G. Crammond et al. / Optics and Lasers in Engineering 51 (2013) 1368–1378 1373



Author's personal copy

between speckle patterns. This addresses the shortcomings of the
global techniques and confirms the importance of conducting local
analysis of the speckle pattern. The morphometric Laplacian of
Gaussian and alpha shape reconstruction image processing para-
meters used in the methodology presented in this paper provide a
large degree of control and flexibility to adapt to a wide range of
speckle patterns, application methods and scales. This includes
patterns where the grey level fluctuation provided by the painted
speckle pattern is provided by the natural texture of the material,
such as in the analysis of polymer bonded explosives [20] or the
grain structure of metallics [21]. Natural patterns with a flat
texture i.e. possessing very little contrast between features in the
pattern, such as bare metallic surfaces [22,23] are less suitable for
this methodology. However inconsistent illumination and reflec-
tions from these untreated surfaces are highly detrimental to the
correlation so the application of a painted stochastic pattern is
always strongly advised.

A detailed example of how this technique can be used to
interpret these differences in pattern properties and optimise
pattern selection to minimise measurement errors, increasing
the confidence in the experimental results is discussed in the
following sections.

6. Application of morphological assessment to patterns with
high image spatial resolutions

There are increasing numbers of white light imaging cameras
available with large CCD arrays, delivering a high resolution
images, with a large number of pixels/mm in the images. A high
spatial resolution image allows large interrogation cells to be used,
minimising the strain measurement uncertainty in the full field
data, whilst maintaining a high spatial resolution of data points.
Without high resolution imaging, smaller, less accurate interroga-
tion cells have to be used to obtain a similar spatial resolution of
analysed data points. A similar high resolution image result can be
achieved with much cheaper, lower resolution cameras combined
with the use of magnifying optics to achieve greater spatial
resolution images over smaller regions of interest down to
3�3 mm [24–27]. Increasing magnification is usually used when
strains are too small to be observed at lower resolutions, or when
there are large, localised, gradients in the strain fields. When using
magnifying optics, the observed shape, size and distribution of the
applied speckle pattern is very different, to lower magnification
images. This results in significantly different properties for the
correlation algorithm to track. To achieve confidence in the
repeatability and reproducibility of the measurements it is very

important to ensure that the pattern is suitable for the optics in
terms of size and shape of the speckles.

The morphological pattern assessment approach developed in
the previous section was used to evaluate the difference between
four pattern types, each with a different background colour and
application method at high image resolution of 705 pixels/mm,
identifying differences between them and equating those to
pattern quality to minimise measurement errors. The patterns
were painted on a flat plate of glass fibre epoxy composite
material, which was sanded smooth to prevent the substrate
texture influencing the quality of the applied patterns. To achieve
a consistent pattern application methodology the paint was
sprayed from a similar distance, with the same number of spray
passes. Two different pattern application methods are investi-
gated; spray paint and airbrush. A Clarke Wiz air compressor and
airbrush kit was used to apply the airbrush patterns using Createx
opaque paints for the speckles. High quality RS components matt
black and white aerosols were used for the spray paint patterns.
These two application methods were each tested with two
different background colour combinations. A summary of the
pattern application methods and magnification levels used is
given in Table 3. Four samples of each pattern type were produced
and analysed providing a sufficient sample for general trends
between pattern application methods to be analysed. Examples of

Fig. 5. (a) Speckle pattern image, (b) edge detection image and (c) binary speckle pattern.
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the patterns generated using the four methods defined in Table 2
are shown in Fig. 7.

Fig. 8 shows the mean distribution of speckle sizes from each of
the four samples tested, for the four different pattern types as a
cumulative percentage of the total coverage of the image. The
distribution of the patterns can be seen to separate into two
different distributions depending on application method. The
distribution of spray paint patterns C, D have a steep gradient up
to approximately 50 pixels, showing a high proportion, 60–80%, of
speckles in the pattern below 50 pixels. Above 50 pixels the
gradient decreases, showing a lower proportion of large speckles
in the pattern. In contrast, the airbrush patterns show approxi-
mately 40–45% of speckles below 50 pixels, after which the
gradient decreases and the proportion of speckles increases almost
linearly with size up to 80% of the total speckles in the pattern.
This indicates that the pattern possesses a more uniform distribu-
tion of speckle sizes greater than 50 pixels, within the pattern. The
flatter gradient above 50 pixels also displays clearly how the
airbrush produces an increased level of pattern uniqueness due
to the larger size and hence increased shape and orientation
permutations. In contrast, the distributions created by the spray
paint are composed of predominantly small speckles which have
less shape and orientation permutations within the pattern.

The analysis also shows that patterns with a white background,
B and D, have a flatter distribution of speckle sizes than those with
a black background A and C. This indicates fewer smaller speckles
within the pattern. The difference in pattern distributions result-
ing from different background colours are much less than the
differences created by changing the application method. The
identification of fewer small speckles may be due to better

contrast of the black speckles on the white background and the
narrower dynamic range of the background colour in the images,
which possess less natural variation in background grey level
compared to the white background.

Based upon the earlier analysis using the generated patterns,
which saw higher errors for patterns possessing smaller speckles, it
is concluded that the evenness of the distribution of speckle sizes in
the higher resolution patterns will be beneficial to minimising the
error in the DIC analysis. This suggests that the more even
distribution of larger speckles for the Airbrush patterns, identified
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Fig. 7. Speckle patterns A–D used in the pattern assessment case study. (a) Pattern B (airbrush). (b) Pattern A (airbrush). (c) Pattern D (spray paint). (c) Pattern C (spray
paint).

G. Crammond et al. / Optics and Lasers in Engineering 51 (2013) 1368–1378 1375



Author's personal copy

from the morphological analysis, will correlate better than those
made with spray paint. The broader, more even distribution, of
speckle sizes above 50 pixels creates a pattern not only with a high
uniqueness resulting from their size and shape. This is supported by
the findings of the analysis of the simulated images, which
identified the relationship between speckle size and coverage to
the measurement error. It was that shown that larger speckle size
patterns, which have greater shape uniqueness, provide lower
measurement errors compared to subsets containing the same
number of smaller sized speckles.

To test the hypothesis, that a broader distribution of speckle
size measured by the morphological assessment method results in
lower measurement error, a known displacement field was
imposed on the images. The same image deformation technique
as used in the earlier simulated pattern analysis was used. A linear
x-direction displacement field was applied to give strain incre-
ments of 0.1% up to 1% maximum strain. The deformed images
were imported into the correlation software Davis 7.4, and the
error was assessed by calculating the standard deviation between
the strain fields from the derived DIC result and the imposed

deformation. The patterns were analysed using interrogation cell
sizes of 128�128 pixels, with 0% overlap between subsets which
is consistent with all of the previous analysed images in this paper.

Fig. 9 shows the mean SD error in strain for each of the four
specimens tested for each pattern type. Very high standard deviation
values are recorded for all patterns due to the sparseness of the
patterns providing little grey level fluctuation to facilitate the
correlation. This is shown in the clear distinction between the errors
from the patterns created with an airbrush and spray paint. The
airbrush patterns produce approximately half the error compared to
those created with the spray paint, as its finer nozzle allows a more
even coverage of speckles in the pattern, leaving less bare invariable
background colour exposed within the subset. This shows good
agreement with the predictions from the morphological analysis in
Fig. 8, that more even distribution of speckle sizes in the airbrush
patterns results in lower strain measurement errors. The spray paint
patterns, which show a distribution of predominantly small speckles,
appear to result in higher strain measurement error. These results
also appear to support the findings of the initial numerical deforma-
tion study regarding the relationship between the speckle size, shape
and error. The high error values illustrates the importance of
examining the role of the speckle pattern in greater detail, showing
that small changes in the pattern properties identified using the
morphological approach yield large changes in the measured strain
error. Fig. 7 shows that the background colour of the speckle pattern
had little effect on changing the shape of the speckle pattern
distributions for the airbrush patterns, with white backgrounds
having slightly lower distribution curve gradients. Fig. 9 shows there
to be little difference between the measurement errors for the two
background colours for the airbrush, with the white background
producing slightly lower error. However, for the spray painted
specimens, the white background appears to produce almost half
the error compared to patterns with a black background. This reflects
the larger difference between the speckle distribution curves
observed for pattern C and D in Fig. 8, compared with patterns A
and B. This result also suggests that there is more natural variation in
the grey level of the white background between the sparse speckles
compared to in the black background, improving the correlation
between images and lowering the contribution of the anomalous
results on the standard deviation error measurement.

The results appear to show that analysis of the speckle pattern
distribution using the morphological methodology is a good
indicator of pattern quality. Validation of the morphological and

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

Strain %

S
D
ε

A
B
C
D
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numerical analysis was conducted by comparing experimental DIC
and strain gauge results, evaluating the errors caused by the
speckle pattern. 2D DIC was conducted on four 25 mmwi-
de�250 mm long�1 mm thick rectangular aluminium speci-
mens. Vishay CEA-06-240UZ-120 strain gauges with a 6 mm
gauge length were bonded on to the surface of the specimens
and a speckle pattern was applied over the surface of the specimen
and strain gauge as shown in Fig. 10(a). Two specimens were
painted using the airbrush and two with the spray paint. All
specimens were painted with a black background with white
speckles. Although it was shown above (see Fig. 9) that patterns
with a white background produced less measurement error, the
difference in error between the airbrush and spray paint is the
largest for patterns with a black background. As such a black
background is used to maximise the measurable difference in the
DIC strain results between the patterns tested. The specimens
were loaded in tension in an Instron servo-mechanical test
machine up to 2 kN; giving an approximate applied strain of
around 110 microstrain. Images were captured at 0.25 kN intervals
using a 12 bit 5 Mp LaVision digital camera with image spatial
resolutions very similar to the earlier analysis of 712 pixels/mm.
The camera was mounted on an X–Y–θ stage, to allow fine
adjustment of the focal plane. This ensured as practically as
possible that the camera was parallel to the specimen surface
during the test, minimising errors from misalignment of the
optical setup. Some out-of-plane displacement is inevitable in this
set-up however but it was not possible to conduct 3D DIC using
the microscope stage due to the lens size and short focal distance.
The experimental setup is shown in Fig. 10(b). DIC was performed
using the LaVision DaVis 7.4 software, with the area of interest
directly over the strain gauge, once again using 128�128 subset
sizes to remain consistent in the analysis of the patterns con-
ducted in this paper. The data from the strain gauge were
compared to the average of the DIC data from the interrogation
cells covering the strain gauge.

Fig. 11 shows a comparison between the mean strain measure-
ments recorded using the strain gauge and the DIC for the two
specimens tested for each paint application method. The DIC strain
data for the airbrush pattern and the strain gauge match very well,
with a slight oscillation in the strain measurement. In contrast
there is a large difference between the results from the DIC using

the spray paint pattern and the strain gauge data, with the DIC
producing consistently lower strain measurements. This result
confirms the numerical deformation analysis and the use of the
morphological assessment of the speckle size distribution which
had both identified the airbrush pattern as producing the least
measurement error due to the more even distribution of speckle
sizes within the pattern. This also validates the analysis of the
speckle pattern distribution using the morphological method as a
good initial identifier of pattern quality. From the pattern assess-
ment methodology it has been shown that the distribution of
larger speckles appears to have a beneficial effect, providing
patterns with a high degree of uniqueness between the speckles
in the pattern, and also producing patterns which are more
resistant to the uncertainties in speckle location created from of
image noise. In this case, as shown in Fig. 9, the best quality
pattern, delivering the least measurement error is created using a
black pattern on a white background produced from an airbrush.

7. Conclusions

The work described in the paper has demonstrated the use of
image processing techniques to evaluate the effect of physical
changes of speckle patterns on image correlation. An evaluation of
the effect of speckle size and coverage in speckle patterns was
conducted using numerically deformed images, which identified a
clear relationship between the measurement error and the
uniqueness of a pattern resulting from the speckle size and shape.
Errors reduced with increasing number of speckles in the pattern,
with larger sized speckles providing a greater variation of shape,
resulting in a lower error than patterns with smaller speckles.

Global pattern quality parameters were discussed and Shannon
entropy was used as an example to demonstrate that the global
measures are not sufficient to assess the quality and properties of
the pattern. This was illustrated by comparing patterns with vastly
different spatial resolutions. As a result a morphological approach
is presented using the Laplacian of Gaussian edge detection
method, successfully identifying the edges of speckles and over-
coming some of the shortfalls of image thresholding techniques.
This method was compared against the Shannon entropy measure
and identified large changes to the distribution of the speckle sizes
with increasing spatial resolution of image which could not be
established with using the image entropy assessment.

A detailed example of the morphological assessment metho-
dology was presented using patterns with high spatial resolution
as the test case, which are typically used when using high
magnification DIC, where the strains are often small and measure-
ment precision is very important. Clear links were identified
between the levels of measurement error due to the pattern and
the evenness of the speckle size distribution in the applied speckle
pattern. Numerical deformation and experimental comparison of
2D DIC against strain gauge readings was used to validate this
assessment approach, identifying patterns which showed the most
even distribution of speckle sizes in the morphological assessment
to result in the lowest errors. Systematic errors resulting from the
correlation algorithm used in the software were not assessed.
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