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Bootstrapping is a nonparametric statistical technique that can be used to esti-
mate the sampling distribution of a statistic of interest. This paper focuses on
implementation of bootstrapping in a new setting, where the data of interest are
3-dimensional rotations. Two measures of center, the mean rotation and spatial
average, are considered, and bootstrap confidence regions for these measures
are proposed. The developed techniques are then used in a materials science
application, where precision is explored for measurements of crystal orientations
obtained via electron backscatter diffraction.

1. Introduction

Three-dimensional rotation data is common in the field of materials science, where
electron backscatter diffraction (EBSD) can be used to study the microtexture of
metals, including the orientation of crystals within the metal. Using EBSD, a fixed
beam of electrons is diffracted off of a metal sample, creating an image on a focal
plane of sensors. These images reveal information about crystal structure and
orientation in the metal [Randle 2003]. One area of interest in regards to EBSD
measurements is precision. As Bingham, Nordman, and Vardeman [Bingham et al.
2009a] point out, methods used for quantifying EBSD precision in the materials
science literature are not standard, with ad hoc precision estimates often reported
(see, for example, [Demirel et al. 2000; Wilson and Spanos 2001]). This led
Bingham et al. [2009a] to investigate the precision of measurements obtained
via EBSD by developing new statistical distributions for 3-dimensional rotations.
While the distributions developed by Bingham et al. [2009a] do allow for some
flexibility in modeling, our intent here is development of nonparametric techniques,
namely bootstrap confidence regions, that can be used without the need for any
distributional assumptions. While bootstrapping techniques are commonly used in
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one-dimensional nonparametric statistics, these techniques have not been applied
to 3-dimensional rotation data.

Suppose that O1, . . . , On ∈ SO(3) represent orientations at n scanned locations
on a metal specimen as measured by EBSD, where SO(3) denotes the set of all 3×3
orthogonal rotation matrices. When adjacent locations produce similar EBSD crystal
orientations, those locations are considered to be part of the same grain. We are inter-
ested in estimating the central rotation of a set of orientations from within the same
grain, since the true central orientation would represent the actual grain orientation,
with random scatter in O1, . . . , On due to measurement error in the EBSD process.
We will investigate two different measures of center for 3-dimensional rotation data.

The mean rotation, M , is a commonly used measure of center [León et al. 2006;
Bingham et al. 2009a; Khatri and Mardia 1977] that is defined to be the rotation
that maximizes trace(MT O), where O = 1

n

∑n
i=1 Oi for O1, . . . , On ∈ SO(3). The

mean rotation M can be found by using M = V W , where O = V6W is the singular
value decomposition of O . It is necessary to use these components from the singular
value decomposition since O may not be an element of SO(3), but M is.

The second measure of center considered is the spatial average of Ball and
Greiner [2012]. The spatial average of a set of rotations O1, . . . , On ∈ SO(3) is
obtained through an iterative procedure that uses what is referred to as the axis-angle
representation of a matrix. For a given matrix, the axis and angle are such that if
you rotate the 3× 3 identity matrix about the axis by the angle, you will arrive at
the specified matrix. The steps to find the spatial average are outlined below, where
the end result is the matrix S found in step (4) in the final iteration. The procedure
begins by looking at just the first two matrices, O1 and O2. Starting at O1, we
rotate half of the way towards O2, resulting in a matrix S. Then we consider the
third matrix in the data set O3 and rotate S one-third of the way towards this matrix,
giving an updated matrix S. We then rotate S one-fourth of the way towards O4,
again updating S. This process continues until we have been through all n matrices
in the data set. Note that for large samples both the mean rotation and spatial
average converge to the population central matrix.

(1) Let S = O1 and let i = 2.

(2) Compute G = ST Oi .

(3) Let u be the axis of G, let θ be the angle of G, and let p = θ/ i .

(4) Compute S = S P , where P is the matrix form of (u, p), and let i = i + 1.

(5) If i ≤ n, return to step (2).

In Section 2, development of bootstrap confidence regions for these measures
of center for 3-dimensional rotations will be discussed. Accuracy of the bootstrap
techniques will be explored through a simulation study in Section 3. Finally, the
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bootstrap procedure will be applied to data from a nickel specimen to evaluate
EBSD precision in Section 4.

2. Development of bootstrapping technique

Bootstrapping is a nonparametric statistical technique that uses resampling with
replacement. It can be used to estimate the sampling distribution of almost any
statistic, e.g., mean, proportion, variance. It is commonly used to find confidence
regions for population parameters. To find a 95% confidence interval in one-
dimension, a large number (say 1000) of samples of size n are drawn from the
original sample of size n with replacement and the statistic of interest is computed
for each bootstrap sample. This creates a sampling distribution for the statistic of
interest. Under the bootstrap percentile method, a 95% confidence interval is then
obtained by using the 2.5th and 97.5th percentiles as confidence bounds.

Although bootstrapping has been used to create confidence regions in a wide
variety of settings, including analyzing directional data such as p-dimensional
unit vectors [Fisher and Hall 1989], we introduce the concept of bootstrapping for
measures of center in the 3-dimensional setting, where the data can be represented by
3×3 orthogonal rotation matrices. To estimate measures of center for 3-dimensional
rotation data by bootstrapping, we sample with replacement from the original sample
of n matrices 1000 times. Each sample is a bootstrap sample, for which we compute
a measure of center (mean rotation or spatial average). We will refer to these
1000 matrices as bootstrap central matrices. To provide an estimate of center for
the 3-dimensional rotation data, the mean rotation of the 1000 bootstrap central
matrices can be computed. Since this matrix is analogous to what we would consider
a “point estimate” when considering 1-dimensional data, we also refer to it as a
point estimate here.

After obtaining the point estimate for our central rotation, we want to find a
confidence region around this matrix. Because rotation matrices do not have a
natural ordering, the percentile bootstrap method of using the 2.5th and 97.5th
percentiles as confidence bounds does not translate directly to 3-dimensional rotation
data. Instead, we will use a set of three cones centered at the point estimate to give
a confidence region for the true central rotation in a similar fashion to Bingham
et al. [2009a]. Figure 1 illustrates this concept for two different-sized sets of cones.
To determine the size of the cones needed to give a 95% confidence region, we
first think of each matrix as a set of three axes (x , y, and z) and consider the angles
between the axes of the point estimate and the bootstrap central matrices. For each
bootstrap central matrix, we find three angles. Each one is the angle between an
axis and the corresponding axis of the point estimate. We then take the maximum of
these three angles, so that moving a distance of that angle away from all three axes
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Figure 1. Plot of confidence cones around a point estimate (rep-
resented as three axes) with an angle of 0.2 radians (left) and
0.6 radians (right).

of the point estimate would contain all three axes of the bootstrap central matrix.
Once these maximum angles are computed for all 1000 bootstrap central matrices,
we take the 95th percentile and use this as the cone size. Since this set of three cones
centered at the point estimate will capture 95% of the bootstrap central matrices,
we think of it as a 95% bootstrap percentile region for the true central matrix.

3. A simulation study

To examine the accuracy of the bootstrap technique developed in Section 2, a
simulation study was performed. Data sets were simulated from both the von Mises
version of the uniform axis random spin (vM-UARS) distributions [Bingham et al.
2009a] and the matrix Fisher distribution [Khatri and Mardia 1977]. A vM-UARS
or matrix Fisher distribution is characterized by a central rotation S ∈ SO(3) and
a spread parameter κ ∈ (0, ∞). The spread parameter κ is best described as a
concentration parameter since larger values of κ yield rotations with less variability.

For this simulation study we used κ values of 1, 5, 20, and 500 and sample size n
of 10, 30, and 100. For each combination of κ and n both the mean rotation and
spatial average were considered and the bootstrapping procedure was replicated
1000 times (i.e., 1000 different samples were drawn from each of the vM-UARS
and matrix Fisher distributions) with 1000 bootstrap samples taken from the original
sample each time. For each of the 1000 replications a 95% confidence region as
a set of three cones was found. The coverage rates of the confidence cones were
then found as the proportion of times out of 1000 that the true central rotation S
was captured. Note that our choice of S for simulation purposes was arbitrary, as
results are the same regardless of what true central rotation is used. Tables 1 and 2
show the coverage rates along with the median cone size, in radians, for each case.

The coverage rates fluctuate closely around 95%, which validates that the boot-
strapping procedure is behaving as desired for the two distributions considered here.
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(κ, n)
Mean rotation Spatial average

Coverage rate Median cone size Coverage rate Median cone size

(1, 10) 0.966 0.63441 0.944 0.72272
(1, 30) 0.962 0.32435 0.980 0.51034
(1, 100) 0.948 0.16934 0.979 0.26583

(5, 10) 0.944 0.22523 0.924 0.22695
(5, 30) 0.932 0.13152 0.947 0.13726
(5, 100) 0.954 0.07147 0.965 0.07526

(20, 10) 0.944 0.10876 0.943 0.10816
(20, 30) 0.946 0.06436 0.945 0.06500
(20, 100) 0.956 0.03512 0.959 0.03535

(500, 10) 0.944 0.02157 0.927 0.02176
(500, 30) 0.963 0.01269 0.945 0.01271
(500, 100) 0.949 0.00697 0.961 0.00702

Table 1. Coverage rates and median cone sizes (in radians) for
estimating the center of the vM-UARS distribution using the mean
rotation and the spatial average.

(κ, n)
Mean rotation Spatial average

Coverage rate Median cone size Coverage rate Median cone size

(1, 10) 0.957 1.05138 0.951 1.35648
(1, 30) 0.950 0.55232 0.995 0.88534
(1, 100) 0.942 0.29247 0.991 0.43596

(5, 10) 0.922 0.27921 0.909 0.27613
(5, 30) 0.945 0.16369 0.939 0.16325
(5, 100) 0.954 0.09025 0.947 0.09023

(20, 10) 0.919 0.13289 0.920 0.13365
(20, 30) 0.932 0.07896 0.952 0.07891
(20, 100) 0.950 0.04319 0.939 0.04318

(500, 10) 0.918 0.02629 0.925 0.02633
(500, 30) 0.940 0.01556 0.948 0.01544
(500, 100) 0.947 0.00851 0.948 0.00851

Table 2. Coverage rates and median cone sizes (in radians) for
estimating the center of the matrix Fisher distribution using the
mean rotation and the spatial average.
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We also see that the values of κ and n impact the median confidence region sizes as
expected, with larger κ (less spread) and larger n resulting in smaller regions. It is
also important to compare the nonparametric bootstrap techniques developed here
to existing parametric methods for the vM-UARS and matrix Fisher distributions.
Bingham, Vardeman, and Nordman [Bingham et al. 2009b, Table 5, page 618]
provide median cone sizes for the central rotation of the vM-UARS distributions
obtained by maximum quasi-likelihood estimation using the same κ and n values
considered here. Bingham, Nordman, and Vardeman [Bingham et al. 2010b, Table 5,
page 1325] use maximum likelihood estimation to provide similar results for the
matrix Fisher distribution. To compare the cone sizes of these works to the results
given in Tables 1 and 2 presented here, we calculated the relative difference between
the sizes as d(ap, ab) = |ap − ab|/ap, where ap is the angle from the parametric
approach and ab is the angle from the bootstrap approach. For the vM-UARS distri-
bution, the largest relative difference was 0.1360 (for κ = 1 and n = 100). For the
matrix Fisher distribution, the largest relative difference was 0.1441 (for κ = 1 and
n= 10). Both of these differences are small, indicating that the bootstrap techniques
developed here produce results that are equivalent to existing parametric approaches.

4. Application to electron backscatter diffraction data

Now that the bootstrapping technique developed in Section 2 has been shown to keep
coverage rates as expected and perform similarly to existing parametric methods, we
use it to investigate precision of measurements obtained through EBSD. A high-iron-
concentration nickel specimen of size 40µm × 40µm was scanned using EBSD.
The scanning was done over a regularly spaced grid with 0.2µm step size across
the top of the specimen, resulting in 4121 crystal orientations. See [Bingham et al.
2010a] for more details regarding the machinery used and data collection process.

For two orientations P and Q, the misorientation angle between them is the
smallest angle of rotation needed to get from P to Q when rotating about some axis.
When using EBSD, orientations close in proximity are classified as composing
a grain when the misorientation angle between them is small, so that a grain is
thought of as a homogeneous piece of material that produces observations which
generally share a common orientation. Figure 2 gives the grain map that resulted
from using EBSD on the nickel specimen [Bingham et al. 2010a]. The grain map
can be viewed as if one was looking down on the piece of nickel, so that the axes
give the x- and y-locations on a rectangular grid. Each dot in the figure corresponds
to a single measured orientation from the total 4121 orientations in this scan. Similar
orientations are classified into grains, with each colored block on the map indicating
a different grain. The similarity of color within grains makes some of the 4121 dots
indistinguishable from others. Dots that clearly stand out represent locations on
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Figure 2. EBSD grain map for the nickel specimen, with grains
represented by blocks of similar color.

Grain Sample size (n) Original cone size Reported EBSD precision

1 49 0.0647◦ 0.4531◦

2 31 0.1742◦ 0.9699◦

3 21 0.0876◦ 0.4016◦

4 44 0.0823◦ 0.5461◦

5 22 0.1054◦ 0.4942◦

Table 3. Size of 95% confidence regions for central rotations and
reported precision of EBSD measurements (in degrees).

the scan with deformities. Although there are over ten grains present, we will use
subsets of data from five of these grains in the analysis here.

For each of the five grains considered, we applied the bootstrapping technique
to the 3× 3 matrices representing crystal orientations. Using the mean rotation
as our measure of center, 95% confidence regions for the central rotation were
found. The sizes of the confidence cones are provided in Table 3, in degrees.
Because confidence region sizes decrease at a rate of 1/

√
n (which can be verified

by examining the cone sizes presented in Tables 1 and 2), before reporting the
degree of precision we multiply each of the five cone sizes by

√
n. The reported

precision estimates are also provided in Table 3. We find EBSD precision estimates
comparable to the 1◦ reported by Demirel, El-Dasher, Adams, and Rollett [Demirel
et al. 2000] and the 0.5◦ reported by Wilson and Spanos [2001] by using methods
that are much more statistically sound than the methods employed in these works.

5. Conclusion

The study of precision for EBSD measurements considered here is just one of
many applications that could benefit from the bootstrapping techniques developed.
These bootstrapping techniques, while simple to implement, have been shown
to perform as well as existing parametric approaches. Given the complexity of
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existing parametric methods, they are likely not easily accessible to practitioners
(such as materials scientists) who often collect 3-dimensional rotation data. Further,
statistical methods that do not rely on distributional assumptions are important in
the area of 3-dimensional rotation data since there are relatively few developed
distributions for which parametric methods are even available [Bingham et al. 2009a;
Khatri and Mardia 1977; León et al. 2006]. Therefore, the bootstrapping techniques
presented here could play an important role in the field of statistics, as well as in
areas of study where 3-dimensional rotations are commonly found.

References

[Ball and Greiner 2012] K. A. Ball and T. M. Greiner, “A procedure to refine joint kinematic
assessments: functional alignment”, Comput. Meth. Biomech. Biomed. Engin. 15:5 (2012), 487–500.

[Bingham et al. 2009a] M. A. Bingham, D. J. Nordman, and S. B. Vardeman, “Modeling and inference
for measured crystal orientations and a tractable class of symmetric distributions for rotations in three
dimensions”, J. Amer. Statist. Assoc. 104:488 (2009), 1385–1397. MR 2596996 Zbl 1205.62215

[Bingham et al. 2009b] M. A. Bingham, S. B. Vardeman, and D. J. Nordman, “Bayes one-sample
and one-way random effects analyses for 3-D orientations with application to materials science”,
Bayesian Anal. 4:3 (2009), 607–629. MR 2551048

[Bingham et al. 2010a] M. A. Bingham, B. K. Lograsso, and F. C. Laabs, “A Bayes statistical
analysis of the variation in crystal orientations obtained through electron backscatter diffraction”,
Ultramicroscopy 110:10 (2010), 1312–1319.

[Bingham et al. 2010b] M. A. Bingham, D. J. Nordman, and S. B. Vardeman, “Finite-sample
investigation of likelihood and Bayes inference for the symmetric von Mises–Fisher distribution”,
Comput. Statist. Data Anal. 54:5 (2010), 1317–1327. MR 2600834

[Demirel et al. 2000] M. C. Demirel, B. S. El-Dasher, B. L. Adams, and A. D. Rollett, “Studies on
the accuracy of electron backscatter diffraction measurements”, pp. 65–74 in Electron backscatter
diffraction in materials science, edited by A. J. Schwartz et al., Springer, New York, 2000.

[Fisher and Hall 1989] N. I. Fisher and P. Hall, “Bootstrap confidence regions for directional data”, J.
Amer. Statist. Assoc. 84:408 (1989), 996–1002. MR 1134489

[Khatri and Mardia 1977] C. G. Khatri and K. V. Mardia, “The von Mises–Fisher matrix distribution in
orientation statistics”, J. Roy. Statist. Soc. Ser. B 39:1 (1977), 95–106. MR 0494687 Zbl 0356.62044

[León et al. 2006] C. A. León, J.-C. Massé, and L.-P. Rivest, “A statistical model for random rotations”,
J. Multivariate Anal. 97:2 (2006), 412–430. MR 2234030 Zbl 1085.62066

[Randle 2003] V. Randle, Microtexture determination and its applications, 2nd ed., Maney for the
Institute of Materials, Minerals and Mining, London, 2003.

[Wilson and Spanos 2001] A. W. Wilson and G. Spanos, “Application of orientation imaging mi-
croscopy to study phase transformations in steels”, Mater. Charact. 46:5 (2001), 407–418.

Received: 2014-12-31 Revised: 2015-05-26 Accepted: 2015-07-31

kwill@iastate.edu Department of Statistics, Iowa State University,
Ames, IA 50011, United States

mbingham@uwlax.edu Department of Mathematics and Statistics,
University of Wisconsin-La Crosse, 1725 State Street,
La Crosse, WI 54601, United States

mathematical sciences publishers msp

http://dx.doi.org/10.1080/10255842.2010.545821
http://dx.doi.org/10.1080/10255842.2010.545821
http://dx.doi.org/10.1198/jasa.2009.ap08741
http://dx.doi.org/10.1198/jasa.2009.ap08741
http://dx.doi.org/10.1198/jasa.2009.ap08741
http://msp.org/idx/mr/2596996
http://msp.org/idx/zbl/1205.62215
http://dx.doi.org/10.1214/09-BA423
http://dx.doi.org/10.1214/09-BA423
http://msp.org/idx/mr/2551048
http://dx.doi.org/10.1016/j.ultramic.2010.06.001
http://dx.doi.org/10.1016/j.ultramic.2010.06.001
http://dx.doi.org/10.1016/j.csda.2009.11.020
http://dx.doi.org/10.1016/j.csda.2009.11.020
http://msp.org/idx/mr/2600834
http://dx.doi.org/10.1007/978-1-4757-3205-4_6
http://dx.doi.org/10.1007/978-1-4757-3205-4_6
http://dx.doi.org/10.2307/2290075
http://msp.org/idx/mr/1134489
http://www.jstor.org/stable/2984884
http://www.jstor.org/stable/2984884
http://msp.org/idx/mr/0494687
http://msp.org/idx/zbl/0356.62044
http://dx.doi.org/10.1016/j.jmva.2005.03.009
http://msp.org/idx/mr/2234030
http://msp.org/idx/zbl/1085.62066
http://dx.doi.org/10.1016/S1044-5803(01)00140-1
http://dx.doi.org/10.1016/S1044-5803(01)00140-1
mailto:kwill@iastate.edu
mailto:mbingham@uwlax.edu
http://msp.org


involve
msp.org/ involve

INVOLVE YOUR STUDENTS IN RESEARCH
Involve showcases and encourages high-quality mathematical research involving students from all
academic levels. The editorial board consists of mathematical scientists committed to nurturing
student participation in research. Bridging the gap between the extremes of purely undergraduate
research journals and mainstream research journals, Involve provides a venue to mathematicians
wishing to encourage the creative involvement of students.

MANAGING EDITOR
Kenneth S. Berenhaut Wake Forest University, USA

BOARD OF EDITORS
Colin Adams Williams College, USA

John V. Baxley Wake Forest University, NC, USA
Arthur T. Benjamin Harvey Mudd College, USA

Martin Bohner Missouri U of Science and Technology, USA
Nigel Boston University of Wisconsin, USA

Amarjit S. Budhiraja U of North Carolina, Chapel Hill, USA
Pietro Cerone La Trobe University, Australia

Scott Chapman Sam Houston State University, USA
Joshua N. Cooper University of South Carolina, USA
Jem N. Corcoran University of Colorado, USA

Toka Diagana Howard University, USA
Michael Dorff Brigham Young University, USA

Sever S. Dragomir Victoria University, Australia
Behrouz Emamizadeh The Petroleum Institute, UAE

Joel Foisy SUNY Potsdam, USA
Errin W. Fulp Wake Forest University, USA

Joseph Gallian University of Minnesota Duluth, USA
Stephan R. Garcia Pomona College, USA

Anant Godbole East Tennessee State University, USA
Ron Gould Emory University, USA

Andrew Granville Université Montréal, Canada
Jerrold Griggs University of South Carolina, USA

Sat Gupta U of North Carolina, Greensboro, USA
Jim Haglund University of Pennsylvania, USA

Johnny Henderson Baylor University, USA
Jim Hoste Pitzer College, USA

Natalia Hritonenko Prairie View A&M University, USA
Glenn H. Hurlbert Arizona State University,USA

Charles R. Johnson College of William and Mary, USA
K. B. Kulasekera Clemson University, USA

Gerry Ladas University of Rhode Island, USA

Suzanne Lenhart University of Tennessee, USA
Chi-Kwong Li College of William and Mary, USA

Robert B. Lund Clemson University, USA
Gaven J. Martin Massey University, New Zealand

Mary Meyer Colorado State University, USA
Emil Minchev Ruse, Bulgaria
Frank Morgan Williams College, USA

Mohammad Sal Moslehian Ferdowsi University of Mashhad, Iran
Zuhair Nashed University of Central Florida, USA

Ken Ono Emory University, USA
Timothy E. O’Brien Loyola University Chicago, USA

Joseph O’Rourke Smith College, USA
Yuval Peres Microsoft Research, USA

Y.-F. S. Pétermann Université de Genève, Switzerland
Robert J. Plemmons Wake Forest University, USA

Carl B. Pomerance Dartmouth College, USA
Vadim Ponomarenko San Diego State University, USA

Bjorn Poonen UC Berkeley, USA
James Propp U Mass Lowell, USA

Józeph H. Przytycki George Washington University, USA
Richard Rebarber University of Nebraska, USA

Robert W. Robinson University of Georgia, USA
Filip Saidak U of North Carolina, Greensboro, USA

James A. Sellers Penn State University, USA
Andrew J. Sterge Honorary Editor

Ann Trenk Wellesley College, USA
Ravi Vakil Stanford University, USA

Antonia Vecchio Consiglio Nazionale delle Ricerche, Italy
Ram U. Verma University of Toledo, USA

John C. Wierman Johns Hopkins University, USA
Michael E. Zieve University of Michigan, USA

PRODUCTION
Silvio Levy, Scientific Editor

Cover: Alex Scorpan

See inside back cover or msp.org/involve for submission instructions. The subscription price for 2016 is US $160/year for the electronic
version, and $215/year (+$35, if shipping outside the US) for print and electronic. Subscriptions, requests for back issues from the last
three years and changes of subscribers address should be sent to MSP.

Involve (ISSN 1944-4184 electronic, 1944-4176 printed) at Mathematical Sciences Publishers, 798 Evans Hall #3840, c/o University of
California, Berkeley, CA 94720-3840, is published continuously online. Periodical rate postage paid at Berkeley, CA 94704, and additional
mailing offices.

Involve peer review and production are managed by EditFLOW® from Mathematical Sciences Publishers.

PUBLISHED BY

mathematical sciences publishers
nonprofit scientific publishing

http://msp.org/
© 2016 Mathematical Sciences Publishers

http://msp.org/involve
http://msp.org/involve
http://msp.org/
http://msp.org/


inv lve
a journal of mathematics

involve
2016 vol. 9 no. 4

541Affine hyperbolic toral automorphisms
COLIN THOMSON AND DONNA K. MOLINEK

551Rings of invariants for the three-dimensional modular representations of
elementary abelian p-groups of rank four

THÉO PIERRON AND R. JAMES SHANK

583Bootstrap techniques for measures of center for three-dimensional rotation data
L. KATIE WILL AND MELISSA A. BINGHAM

591Graphs on 21 edges that are not 2-apex
JAMISON BARSOTTI AND THOMAS W. MATTMAN

623Mathematical modeling of a surface morphological instability of a thin
monocrystal film in a strong electric field

AARON WINGO, SELAHITTIN CINAR, KURT WOODS AND MIKHAIL

KHENNER

639Jacobian varieties of Hurwitz curves with automorphism group PSL(2, q)

ALLISON FISCHER, MOUCHEN LIU AND JENNIFER PAULHUS

657Avoiding approximate repetitions with respect to the longest common
subsequence distance

SERINA CAMUNGOL AND NARAD RAMPERSAD

667Prime vertex labelings of several families of graphs
NATHAN DIEFENDERFER, DANA C. ERNST, MICHAEL G. HASTINGS,
LEVI N. HEATH, HANNAH PRAWZINSKY, BRIAHNA PRESTON, JEFF

RUSHALL, EMILY WHITE AND ALYSSA WHITTEMORE

689Presentations of Roger and Yang’s Kauffman bracket arc algebra
MARTIN BOBB, DYLAN PEIFER, STEPHEN KENNEDY AND HELEN

WONG

699Arranging kings k-dependently on hexagonal chessboards
ROBERT DOUGHTY, JESSICA GONDA, ADRIANA MORALES, BERKELEY

REISWIG, JOSIAH REISWIG, KATHERINE SLYMAN AND DANIEL

PRITIKIN

715Gonality of random graphs
ANDREW DEVEAU, DAVID JENSEN, JENNA KAINIC AND DAN

MITROPOLSKY

1944-4176(2016)9:4;1-1

involve
2016

vol.9,
no.4


	1. Introduction
	2. Development of bootstrapping technique
	3. A simulation study
	4. Application to electron backscatter diffraction data
	5. Conclusion
	References
	
	

