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Survey is time-consuming and expensive. Therefore, it needs to be both effective

and efficient. Some archaeologists have argued that current survey techniques are not
effective (Shott 1985, 1989), but most archaeologists continue to employ these methods
and therefore must believe they are effective. If our survey techniques are effective, why
do simulations suggest otherwise? If they are ineffective, can we improve them? The
answers to these practical questions depend on the topological characteristics of
archaeological site distributions. In this study I analyze archaeological site distributions
in the Valley of Oaxaca, Mexico, using lacunarity and fractal dimension. Fractal
dimension is a parameter of fractal patterns, which are complex, space-filling designs
exhibiting self-similarity and power-law scaling. Lacunarity is a statistical measure that
describes the texture of a spatial dispersion. It is useful in understanding how
archaeological tests should be spaced during surveys. Between these two measures, I
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accurately describe the regional topology and suggest new considerations for
archaeological survey design.
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I. INTRODUCTION

In this study, I describe the prehistoric archaeological site distributions in the
Valley of Oaxaca, Mexico. I determine if the shape of the distribution (topology) in this
location and context can be described in a patterned, albeit, complexly patterned way.
Unlike much settlement distribution research, this project does not look at specific
temporal contexts. Rather, the prehistoric human presence as a whole, unified imprint on
the landscape is used to accurately characterize settlement distributions. Using this total
archaeological settlement pattern as a dataset, I examine new methods for approaching
survey design. This project examines a regional survey (considered to represent the total
recoverable record in this region) and applies quantitative methods to describe as a
complex pattern what appears to be pattern-less. I am re-examining the way
archaeologists look at the spatial extent of human presence on the landscape. The patterns
among recorded settlement systems have an underlying order to them that allows for such
sociopolitical patterns to be observed, processed and analyzed.
THE PROBLEM
Descriptions of the topology of archaeological site distributions in a region are
rare. While archaeologists have long been concerned about patterns in site distributions,
such as rank-size rules and Central Place Theory, most approaches are focused on
1

settlement pattern studies of a single period (archaeological phase) or culture rather than
the over-all distribution on the landscape. Knowing the shape of the entire distribution is
necessary to choose appropriate statistical tests and to avoid inappropriate ones.
Simulations of surveys (both actual and theoretical) that test the efficiency and
effectiveness of survey regimes and designs produced results inconsistent with the survey
success rates that practicing archaeologists claim. The simulations suggest that modern
survey designs (e.g. square, staggered square, hexagonal, and transect grids) are not as
efficient and effective as practicing archaeologists claim they are. I propose the reason
behind this discrepancy (between the simulation studies and professional practice) lies in
the simulations' inaccurate representation of site distributions in a region. The simulations
have generally represented the shapes of sites as circles or ovals of a characteristic size
rather than as highly irregular shapes of all different sizes. If the topology of the
distributions of regions were studied more often, perhaps the simulations could then
utilize accurate representations of sites as complex, space-filling shapes (like fractals) as
opposed to simple geometric shapes (circles, ovals, squares, etc.).While describing
ancient peoples in relation to what we can infer from their systems and interactions is the
essence of archaeology, without proper description of their settlement distribution, the
data and interpretations may be biased or skewed.
GOALS OF THIS STUDY
The main goal of this study is to test a theory for the cause of discrepancies
between survey practice and survey simulation results: that the simulations are incorrect
because they oversimplify the topology of the sites. By extension, I am attempting to
analyze the fractal dimension of the distribution of sites within a thoroughly surveyed
2

region. This is to determine if the settlement distribution in the study area can be
characterized as a complex, non-Euclidean, fractal pattern. I propose a technique for
further characterization of the complex spatial patterns found with a statistical algorithm
called lacunarity that describes complex geometric textures. This is to determine if the
shapes of settlement distributions in the study area can be characterized with quantitative
statistical measures of heterogeneity and “clumpiness” by measuring its lacunarity. In
general this research aims to explore the nature of settlement distributions with nonEuclidean methods.

SIGNIFICANCE
It is important that archaeologists utilize efficient and effective survey methods if
they are to conduct fieldwork that meets professional and academic standards. If our
quantitative analyses tell us the methods we use are inefficient, we must either change
them or re-examine the parameters of the simulations. Therefore, description of
distribution topology (shape) will improve future quantitative analyses and allow
researchers to choose efficient and effective survey designs and methods. Without
accurate descriptions of survey data, proper quantitative analysis is challenging.
Many archaeologists agree “[the] distribution of people across a landscape relates
to sociopolitical organization” (Renfrew and Cooke 1978:105-106). Therefore, accurate
description of settlement distribution is also necessary for accurate interpretations of
inter- and intra-regional systems and interactions among prehistoric sites.
Although the exact methods described in this study may not be directly applicable
to all other regions and/or environments, I believe the results will contribute significantly
3

to archaeological understandings of spatial data. Simple modifications of my research
methods can open doors to comparisons with settlement data around the world, crossculturally, and through time.

SUMMARY
In this study I re-examine the way archaeologists perceive of settlement
distributions. I describe topology using analytical methods that measure the complexities
of actual settlement shapes rather than overly simplifying them. I analyze the shape and
texture of settlements through fractal dimensions and lacunarity. In doing so, I offer an
explanation as to why previous quantitative analyses of efficiency and effectiveness of
modern survey designs provide erroneous or possibly false outcomes. I also propose the
application of a quantitative measure to describe the texture of complex, space-filling
shapes, the results of which can assist researchers in choosing appropriate survey designs
and analytical methods

4

II. THEORETICAL BACKGROUND
REGIONAL & SETTLEMENT STUDIES:
The first modern settlement pattern study was Gordon R. Willey’s Prehistoric
Settlement Patterns in the Viru Valley, Peru (Willey 1953) survey. Until that point,
archaeological endeavors focused on single sites and their relevant spatial and temporal
components and material remains. Binford’s 1964 article "A Consideration of
Archaeological Research Design" also encouraged the expansion of archaeological
survey focus and interpretations to the regional scale. A region is defined by Haggett
(1975) as "any tract of the earth's surface with characteristics, either natural or man-made,
that make it different from areas that surround it" (1975:6). The region of focus for this
study is the Valley of Oaxaca, which is located within the larger Mesoamerican macroregion.
Regional interactions are best perceived using multi-scalar analytical methods.
Ecologists note that “[r]egardless of the level of organization or the scale of the study,
ecological systems are not governed exclusively by local-scale processes. Instead,
systems are linked by processes into larger systems, and by other processes into even
larger systems” (Peterson and Parker 1988:508). Smith (2002:5) and other archaeologists
support the notion that human social systems work in the same way. However, the shift in
focus towards regions and inter- and intra-regional interactions gave rise to new and
5

interesting debates. Researchers have since noticed that at local scales, one pattern may
be self-evident, while at a regional scale, the social, political or economic pattern may
differ the pattern previously found at the smaller scale. It may be mystifying how the two
different patterns arise from the same dynamic at different scales, yet the emergent
properties of complex dynamical systems may offer an explanation. Finding an
integrating theory will be challenging, but it is a worthwhile endeavor.

THE SHAPES OF DISTRIBUTIONS
The sizes and shapes of archaeological sites are interesting to archaeologists for a
variety of reasons. Site shapes aid in interpretations of ancient human settlement,
subsistence, political affiliation, and perhaps even cognitive assignment of meaning to
landscapes. Site shapes also affect their probability of being discovered. The probability
that a site will be detected by some prospection techniques, such as point sampling, is
proportional to its size (Nance 1979:173). Despite the importance of site shape,
archaeologists rarely study the actual shapes of the sites they draw in their reports.
Simple inspection of site maps suggests that the outlines of archaeological sites are often
complex curves. Moreover, due to the vague and often ambiguous nature of site
boundaries, archaeologists are not normally precise about drawing the outlines of sites. In
practice, site boundaries are sketched in a simplified manner so as to encompass the
apparent maximum extent of a surface scatter or, for buried sites, just beyond the last
positive shovel test in each direction. Does this practice tend to smooth naturally irregular
boundaries or does it roughen the naturally smooth boundaries of activity areas whose
edges have been disturbed by post-depositional site formation processes? We believe it is
6

the former because the evidence (such as artifact spatial distributions) provides no reason
to believe that activity areas or site boundaries are naturally smooth, except perhaps in
rare and exceptional circumstances, such as fortified sites. Indeed, close inspection
indicates that site boundaries are naturally very irregular and that survey techniques tend
to simplify them, mainly as a practical matter. So, even the complex borders of sites are
usually simplifications of reality. Nevertheless, for ease of mathematical and statistical
analysis, sites shapes are usually reduced even further to points, circles (e.g., Kintigh
1988; Krakker et al. 1983; Shott 1985), or occasionally ellipses (Banning 2002:82). It has
also been observed that linear targets are more likely to be detected (Banning 2002: 99100; Nance 1979: 175-176), but they have rarely, if ever, been used in simulations. In the
specific case of studies of survey efficiency and effectiveness, I believe these
simplifications may have materially affected the outcomes of the models and simulations
designed to test the efficiency and effectiveness of survey designs.
The shapes of sites can significantly affect the probability of their detection under
certain prospection regimes. Consider the following illustrations. If sites are points
(literally, with dimension 0) and the prospection technique is a point process (again,
literally, where the sample observations are dimensionless points), the probability of
detection must be zero. Circular sites—disks in the plane—have minimal edge lengths in
relation to their areas because a circle has the minimal circumference for a given area (or,
equivalently, has the maximal area for a given arc of circumference). The minimal edge
length means that they will have minimal detection probabilities for certain kinds of
prospection techniques such as transects, for which the intersection probabilities will be
theoretically the lowest possible. In contrast, lines (and there are linear sites, such as
7

roads and walls) can have detection probabilities ranging from 0 to 1 depending on their
orientation relative to the transects—0 if the target line is parallel to the transects, 1 if
they are perpendicular. Similarly, if the survey uses quadrats as samples rather than
transects, the geometry of sites can affect their detection probabilities. In a finite plane of
a given extent, a line of a certain length will have a well-defined probability of being
intersected (detected) by a quadrat of a particular size. But if the line is highly
convoluted, such that it forms a “space-filling curve,” then the probability of detection
can increase. Space-filling curves (e.g., the Peano-Gosper curve and the Hilbert curve),
although they are lines, have non-Euclidean dimensions higher than 1 that reach 2 when
they completely fill the plane. Obviously, then, the dimensions of sites and the lengths of
their edges significantly influence the detection probabilities associated with them.
Fractals are space-filling curves and sites with fractal shapes will disproportionately fill
the plane. Fractals can even have infinite circumferences bounding finite areas, as in the
case of the von Koch snowflake (Brown and Liebovitch 2010: 40-43). Therefore, fractal
site shapes may have significantly higher detection probabilities than the circular or
elliptical ones used for modeling and simulation. As mentioned earlier, I have reason to
believe that some archaeological site distributions are fractal, and simple inspection
suggests that the Valley of Oaxaca data may have fractal qualities.
The sizes of sites can also influence their detection probabilities. In the simplest
case, the probability that a small prospection unit, such as a shovel test, will intersect a
site should be proportional to the site size as a fraction of the total survey area. The
situation becomes more complicated when we consider the distribution of site sizes. If the
sizes have a normal distribution, then we could reliably estimate the detection probability
8

for sites as their mean size with a well-defined variance. However, archaeologists have
long known that in some times and places site sizes obey the rank-size rule is a power
law. Power law distributions do not have a well-defined mean or variance. The parameter
that describes a power-law distribution is its exponent, which expresses the relationship
between the size and frequency of sites. The smaller the negative exponent, the higher the
quantity of smaller sites per larger site. I do not know for certain how this affects the
detection probabilities, but I am sure it does. Perhaps if there are many smaller sites and
fewer larger ones, then quadrats would be more effective at detecting them, while the
reverse—proportionally more larger sites—would lend itself better to transect survey.

PREVIOUS SURVEY ANALYSES
Mathematical analyses of archaeological survey methods expose a contradiction
between their theoretical results and actual archaeological practice. Specifically, various
computer simulations have shown that current survey methods have only a low
probability of discovering sites, but almost all archaeologists continue to use those
methods, apparently without doubt or remorse.
Archaeological survey methods vary based mostly on visibility (the degree to
which the ground surface is exposed to observation), obtrusiveness (the degree to which
the archaeological remains stand out to be seen), and geomorphology, which determine
the likelihood that remains are buried. If sites are unlikely to be buried, and there is high
visibility, such as in a desert, then simple systematic field walking is usually employed.
This involves systematically walking transects while carefully looking for archaeological
traces on the ground. If visibility is low, then subsurface testing is usually added to the
9

field walking procedures. Subsurface testing can take many forms—coring, probing,
augering, etc.—but its most common form is the excavation of shovel test pits. These
methods can be seen in most archaeological survey reports. The vast majority of surveys
are carried out in compliance with historic preservation laws within the realm of Cultural
Resource Management (CRM) (Wobst 1983; Maschner and Chippendale 2005). In the
United States fieldwork state governments set standards for historic preservation projects.
Review of those guidelines and regulations reveals that survey requirements generally
call for field walking of transects supplemented by subsurface testing when visibility is
low.
CRM contracts have been responsible for the majority of archaeological work
beginning in the 1970s when the standards for survey were still unformed. The Florida
Division of Historical Resources “Module Three: Guidelines for use by Historic
Preservation Professionals” states:
In most instances, a combination of judgmental and
systematic sample testing along transects is probably most
efficient. [An] archaeological site assessment survey that
fails to use subsurface testing generally will NOT be
acceptable. All HPZ and MPZ areas are subjected to
systematic subsurface testing at 25 m and 50 m intervals,
respectively. In addition, at least 10 percent of the LPZ
areas are tested at 100 m intervals. Systematic testing
should be supplemented by judgmental testing, as
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appropriate. Small interval testing (i.e., at 5 m) may be
appropriate at historic period archaeological sites.

Thus, transect survey accompanied by systematic shovel testing (either always or
when visibility and/or obtrusiveness is low) is standard operating procedure. It is not only
endorsed but required by most state governments in the United States. Therefore, it is
extremely common and, indeed, ubiquitous. Similar survey approaches occur in other
countries (Verhagen et al. 2013). Furthermore, these approaches are slowly spreading
into "pure" academic archaeological research and spreading abroad.
These survey practices, however, ought not work well, at least according to the
studies and simulations that have been performed (Kintigh 1988; Krakker et al. 1983;
Shott 1985, 1989; Wobst 1983;). The models generally include three variables: the
probability of a transect intercepting a site, the probability of a shovel test falling within a
site, and the probability of detecting an artifact, that is, an artifact being recovered from a
shovel test and recognized as an artifact. Computer simulations developed by researchers
over the last 50 years have determined that even the most mathematically advantageous
placement of shovel tests pits and transects on an arbitrary landscape provide low site
detection rates (Kintigh 1988; Krakker et al. 1983; Plog 1976; McManamon 1984).
Kintigh (1988), for example, modeled site discovery probabilities using several
geometrical arrangements of shovel tests: square grid, staggered-square grid, hexagonal
grid. Even using the optimal placement, he only obtained a 23 percent detection rate
after 200 trials when he ran a shovel test pit simulation scenario of a 300 m x 100 m
survey area with five, 20 m diameter randomly placed circular-shaped sites (and an
11

artifact density of 1 artifact/m2 [equating for simplicity the surface area in square meters
with the density of artifacts in the underlying column of soil excavated in a shovel test of
a given radius]). Even when he increased the artifact density to 10 artifacts/m2, the
probability of detection only increased to 28 percent. This leads to what he describes as
“grim statistics” (Kintigh 1988:706) for the effectiveness of shovel testing methods in the
field.
Shott (1985) completed a series of 300 simulated surveys to analyze the
effectiveness of shovel test pits for site discovery. The requirements of “discovery”
included site intersection and artifact detection. Probability statistics characterized the
analysis of these simulations. On average, only 56% of the sites were intersected in his
study. And while this statistic is also grim, as Shott continues his explanation, we realize
that only 6 of the 300 surveys intersected as many as 9 out of 11 sites. To add insult to
injury, when Shott includes detection as a limiting factor of the simulated discovery
results, only 12% of the sites intersected would be subsequently discovered (464).
Wobst (1983) also demonstrates the apparent inefficiency of modern subsurface
survey regimes. He compiled a basic model of a subsurface survey design based on a
review of 220 archaeological survey reports in Massachusetts carried out between 1970
and 1979. His calculations were based on the assumption that the sites were circular
(Wobst 1983:68). The basic design used for this low visibility region was 50 x 50 cm
shovel test units every 24 m. (The shovel test sizes were the mode of the distribution,
while the interval [24 m] was the mean. The systematic aligned sampling design on a
square or lineal grid distribution of shovel tests was the most common design [65%
(Wobst 1983:60)].) According to Wobst’s calculations, this design will intercept only
12

features larger than 900 m2 (diameter 33 m) with certainty” (68). Twenty-nine percent of
the time, this sampling model will miss a site with a diameter the size of the area
enclosed by four grid points. Additionally, 3 m radius targets would only be discovered 5
percent of the time, and a 1.5 m diameter fireplace would be missed in 99 out of 100
cases. His analysis led him to the conclusion that “our ability to anticipate the shape of
[distributions], or even our knowledge of the shape of already-observed distributions, has
not increased in any major way” (Wobst 1983:74).
Plog (1976) approached efficiency analysis of archaeological survey quite
thoroughly. He reviewed the efficiency of previous surveys reported in the literature, and
he also conducted full-scale surface survey in the Valley of Oaxaca to compare the
efficiencies of different sampling designs in that region. After reviewing tests of the
efficiencies of sampling designs in the literature, Plog made predictions about the
outcome of his own project. He expected the differences in efficiency between the
sampling designs to be small, that transect sampling methods would be more efficient
than quadrats, and that in decreasing order of efficiency the sampling designs would rank:
1) stratified systematic unaligned or 2) systematic, to 3) stratified, then to 4) simple
random.
For his own project, he and his colleagues conducted an intensive surface survey
of 3 blocks of land in the Valley of Oaxaca. The three survey blocks were named Etla,
Zaachila, and Valdeflores. Plog then “blanked out” the survey areas and “sampled” them
using the two most commonly utilized methods of survey – quadrats (square or
rectangular blocks of land) and transects (lines of a certain width, usually separated from
each other by a given interval). The different sampling designs tested for both the
13

quadrats and transects were simple random, stratified random, and systematic. Although
the stratified systematic unaligned design was also included with the quadrat method, due
to the nature of transects, it could not be used with that survey method. Plog used two
arbitrarily sized quadrats (large = 1 km2; small = .5 km2) and two arbitrarily spaced
transects (large = 300 m apart; small = 150 m apart). His goal was to compare the
efficiencies of the sampling designs at discovering a representative number of sites in an
area. He used the F-test to do this. The data were derived from 200 samples drawn from
each sampling design (100 from each size). The results were not completely consistent
with his predictions. Although transects did show greater efficiency than quadrat
methods, within the quadrats the stratified systematic unaligned design showed no gain in
efficiency. This is surprising if we consider that the literature led to a prediction that this
method would be the most efficient.
Plog (1976) also tested his sampling results against changes in site size and
settlement pattern. For these additional tests, sites “in the Etla area were reduced to dots
on the map while the settlement pattern as measured by nearest-neighbor analysis was
held constant” (Plog 1976:153). He manipulated the shape of the settlement patterns to
represent random, clustered, linear and hexagonal patterns before testing each of the
sampling designs. Again, 100 samples were drawn with each sampling method and
design. Interestingly, these tests revealed that the shape of the settlement pattern affects
the precision of the sampling designs! A clustered settlement pattern, for example,
increased the squared standard error and decreased the precision of all of the sampling
designs in five out of seven cases (Plog 1976:154). (This is similar to Kintigh's
[1988:696] observation that sites with severely peaked or clustered artifact distributions
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will be harder to detect than sites in which the same density of artifacts is more uniformly
distributed because the variance will exceed the mean and grow with the degree of
clustering [Kintigh 1988:694].) In contrast, in Plog's study, both hexagonal and linear
settlements reduced the squared standard of error and therefore increased the precision of
the majority of the designs (all of them for linear and all but one for hexagonal). Despite
this fact, Plog also reports that none of the sampling designs, in general, provide a more
precise estimate than any other with changes in settlement pattern or size. This implies
that while some of the designs are more precise for different settlement patterns, none can
be considered the best design to choose when nothing is known a priori about the
distribution.
Plog et al. 1978 takes a look at surface survey methods in the North American
Southwest to explore the nature of the problems associated with surface surveys in
general. The team examined the number of person/days employed to find archaeological
sites using both high-intensity and low-intensity surveys. They determined from the site
density per person-hour from 10 full-scale survey reports that unless survey intensity is
high, many sites will be missed. (Intensity being the intervals between transects and
subsurface tests.)
This seems a painfully obvious conclusion to researchers today. However,
something intriguing did appear in this 1978 analysis. The point of diminishing return
was missing from their results. Logically, as survey intensity increases, a drop-off point
of sites discovered is bound to show in the data, yet Plog et al.’s research did not reveal
that. This implies a long-tailed distribution, and as the subsurface analyses are explored
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we find that this is likely the result of a high number of low density sites with a few
clusters of high density sites.

THEORETICAL AND ANALYTICAL FRAMEWORK
Attempts to describe spatial distributions of prehistoric settlements often employ
sociopolitical interpretations, population size, movement of goods through market
economies and the functional connections found within and between settlements. This is
where Wallerstein’s World Systems Theory, Zipf's rank-size rule, and Central Place
theory arise. Each possesses strengths and weaknesses. Practically all accepted settlement
pattern analyses recognize a core and a periphery, for example. Yet these “rules” always
have exceptions because humans do not live in an environmental vacuum. Settlement on
the landscape and subsequent economic and sociopolitical interactions are limited by
geography, topography, and resource distribution. Carneiro’s environmental
circumscription (Carneiro 1970) does seem to have relevance in this case. Recent studies
regarding the foraging patterns of animals (Raposo et al. 2009) and humans (Brown,
Liebovitch and Glendon 2007) have identified fractal patterns in their movements - called
Lévy-flights. Both the rank-size rule and Central Place Theory imply that human
settlement patterns have fractal patterns (Brown and Liebovitch 2010; Brown and
Witschey 2003; Brown et al. 2005).
So while this study does not have a traditional theoretical framework, I do draw
from geographical and archaeological, spatial and locational concepts such as systems
theory, the rank-size rule, Central Place theory, and environmental circumscription as
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elements in the expression of underlying patterns foundin the archaeological record on
the landscape.

LACUNARITY
Lacunarity [ᴧ(r)] is a method for describing the sizes of the gaps (lacunae, hence the
name) in a pattern, or alternatively, its “clumpiness”. Some fractal patterns have the same
fractal dimension and yet look completely different (see Figures 1 and 2 for an example).
Therefore, it is important to find a way to describe the differences in the patterns.
Lacunarity is basically an analysis of mass distribution (Dong 2009). It can describe how
homogenous or heterogeneous the gap sizes in a pattern are. The mass variation of a
distribution is described by measuring, at each interval of a grid overlaid on the data set,
the presence or absence of an element in a pattern. This method is called the “gliding-box
algorithm” and it is conceptually and computationally simple to conduct (thanks to Allain
and Cloitre 1991), as will be discussed below. The more homogenous a set, the lower its
lacunarity, while the larger the gaps within the pattern and the more clustered the
distribution, the larger the lacunarity.
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Figure 1: Sierpinski carpets. Both generate a fractal dimension of D = 1.8957. Clearly
they look very different. Taken from Mandelbrot (1983).

Figure 2: Linear distributions with the same fractal dimension but different distributions:
(a) near uniform distribution, (b) Cantor set, (c) random Cantor set, (d) a clumped
distribution. Lacunarity increases from a to d. Taken from Turcotte (1997:109).

Due to the analytical nature of this method, lacunarity can be viewed as a measure
of the distance along a straight line between parts of a pattern (Allain and Cloitre 1991;
Dong 2009). Therefore, lacunarity is related to how far along a transect someone must
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travel before intersecting the pattern again. The application to archaeology is obvious:
archaeologists use transects to systematically sample the landscape during survey.
Generally, surface collections or shovel test pits are conducted along transects. Survey
grids can also be placed at opportune intervals for site detection if the pattern’s
homogeneity or heterogeneity is described. Therefore, the lacunarity of archaeological
site distributions should provide information vital to improving survey procedures.
Lacunarity is an ideal statistical measure for analyzing the settlement distributions
in this project because it is applicable to both Euclidean (scale dependent) and fractal
(scale independent) patterns. This algorithm measures mass distributions at varying
scales to ensure proper description of scale dependent patterns. Logically, scale
dependent patterns will appear more heterogeneous at one scale and more homogenous at
other scales. “The lacunarity statistic is thus a dimensionless representation of the
variance to mean ratio and is closely related to a number of statistics, [such] as Morisita’s
index, that have long been used in ecology” (Plotnick et al. 1996). Thus, it is helpful to
use a method of analysis that can accurately describe both scale dependent and scale
independent patterns.
To explain further, lacunarity is related to the degree of translational invariance of
data sets (Allain and Cloitre 1991). It is related to the degree to which a pattern remains
the same despite spatial displacement (the accurate description of repetitive clusters). The
higher the lacunarity, the more heterogeneous the pattern and the less translationally
invariant the pattern will be. Plotnick et al. (1996) explain that translational invariance
can be a property of non-fractal sets as well. In addition, translational invariance is scale
dependent (Allain and Cloitre 1991; Plotnick et al. 1996). Therefore, even if the
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settlement distributions are found to not be fractal (see below), a more detailed
understanding of their patterns can still be developed.
While there are several algorithms for lacunarity (Allain and Cloitre 1991; Lin &
Yang 1986; Turcotte 1997), the “gliding-box algorithm” will be used for this project. It
will be executed with Dong's ArcGIS lacunarity analysis extension (Dong 2009). “This
algorithm exhaustively samples a landscape to quantify contagion and self-similarity over
the user-defined range of scales; here contagion refers to the degree to which a mapped
attribute is clustered or clumped (O'Neill et al., 1988) and self-similarity refers to a
fractal structure that repeats itself over a range of scales (Mandelbrot, 1983)” (Ben Wu
and Sui 2001).
The gliding box algorithm operates as follows. A box of a given size (r) is placed
at the origin of an area of interest, for example, the top corner of a binary raster map.
Then the box mass (M), or the number of pixels (1s) that occupy the box, at that location
are counted. The box then slides systematically over the landscape one pixel at a time and
measures the mass for each of the overlapping boxes. This data can be expressed as a
frequency distribution of the box masses n(M,r), and the mean can then be compared to
the variance of the box mass values through this formula:
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(

∑

(
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Equation 1: Formula for Lacunarity

where n(M,r) is the number of gliding-boxes with radius r and mass M and the
probability function Q(M,r) is obtained by dividing n(M,r) by the total number of boxes.
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“The lacunarity at scale r is then defined by the mean-square deviation of the fluctuations
of mass distribution probability Q(M,r) divided by its square mean” (Allain and Cloitre
1991). This is equivalent to squaring the coefficient of variation for the masses of the
boxes at a given box size r. Because lacunarity is a scale dependent measure, its value
can vary depending on the scale of observation, which is represented by the box size.
Therefore, one usually studies the lacunarity of a pattern for a given box size or for a
range of box sizes. An obvious way to do so is to measure lacunarity for a range of scales
(box sizes) and then plot lacunarity versus box size. To illustrate the process, I provide
two figures below. Five basic types of distributions are pictured, along with an example
of a gliding box of a certain size (based on the length of the edge of the box) (Fig. 1). For
simplicity, I offer 1-dimensional examples (points along a line), but the procedure is
easily extrapolated to 2 dimensional data sets. Figure 2 demonstrates how the results are
plotted on a log-log graph. The different types of distributions each produce distinct
patterns (Fig. 2). Note that the lacunarity of a fractal will generate a straight line on a loglog graph of box-size versus lacunarity.
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Figure 3: Five one-dimensional sets containing the same number of points but differing in
spatial distribution. The abscissa units are arbitrary. The boxes on set C represent three
positions of a gliding box length 9. Redrawn from Plotnick (1995).

Figure 4: Lacunarity analyses for the distributions shown in Fig. 1. Lacunarity is
dimensionless. Redrawn from Plotnick (1995).
22

FRACTALS
Fractals are described mathematically as scale-invariant, self-similar shapes that
demonstrate a power-law distribution. In other words, fractals can be defined as
geometric patterns that repeat themselves at consecutively smaller and/or larger scales.
They can repeat themselves into infinity, becoming ever smaller and more numerous, or
ever larger and less numerous. Specifically, with fractals, this relationship between size
and frequency is expressed as a power law. Because power laws are mathematically selfsimilar, a fractal looks the same at every scale. As a result of these geometric patterns,
fractals are irregular, complex, space-filling shapes (Mandelbrot 1983; Brown and
Witschey 2001, 2003; Brown, Witschey and Liebovitch 2005; Brown, Liebovitch and
Glendon 2007; Brown and Liebovitch 2010; Brown, Liebovitch and Witschey 2010).
This means that because of their repetitive complexity, their shapes fill space rather than
neatly occupying a portion of space as normal geometric shapes do. The irregular nature
of their patterns prevents them from being represented mathematically using classic
Euclidean geometry.
Because of their extreme complexity, fractals cannot be described using simple
Euclidean shapes or normal, parametric statistics. For example, means and variances are
not stable estimators of the parameters of fractal distributions. Therefore, to describe
them we use a measure called the fractal dimension. The fractal dimension of an object
describes the way a fractal line fills in a plane [2 dimensional (2D)], or how much fractal
shapes fill a space. For example, a tree’s branches demonstrate fractal patterns. Without a
scale bar in a photo of tree branches, it is impossible to tell how large or small they are
because they look basically the same at every scale. If we conceive of the branches as 223

dimensional lines extending into a 3-dimensional space, the fractal dimension of the tree
will describe how much space the branches fill. Fractal dimensions of empirical
phenomena are usually not integers, but are fractions; for example, 2.8 is a likely fractal
dimension of a tree.
In this study I will explore whether or not the archaeological settlement patterns
within the Valley of Oaxaca have fractal characteristics. If so, I will also determine the
data set’s fractal dimension. The fractal nature of human settlement patterns has been
established for many modern cities (Batty and Longley 1994; Rodin and Rodina 2000)
along with some ancient ones too (Brown and Witschey 2003; Witschey and Brown
2012). Research that applies fractal analytical techniques to settlement patterns has
already begun in my region of interest as well. Dr. Clifford Brown and his colleagues
have analyzed the small portion of the settlement pattern of the Valley of Oaxaca that
was utilized in Plog’s (1976) article, and they found it to be fractal in nature (Brown,
Liebovitch, and Witschey 2010). I will extend fractal analysis to a much larger portion of
this large region in order to validate or reject the hypothesis that the archaeological site
distribution is fractal. Furthermore, I will apply tests of lacunarity to more accurately
define the pattern.
FRACTAL ANALYSIS
A fractal is defined by self-similarity where the number of smaller pieces is
related to the number of larger pieces by a power-law. Therefore, fractals are expressed
through a modified version of the power-law equation shown below:
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Equation 2: Power-law equation
where D is the constant and X is the variable. The constant (D), in the case of fractals, is
called the fractal dimension. To qualify as a fractal, for all practical (as opposed to
theoretical) purposes, the constant (D) is always a negative fraction (Mandelbrot 1982;
Brown, Witschey and Liebovitch 2005; Brown and Liebovitch 2010).
To clarify, power-law equations are different than exponential equations. In an
exponential equation, the X would be the constant and the D would be the variable. In
that instance the exponent varies, hence it is “exponential”.
Fractal equations can also be expressed in this way:

Equation 3: One expression of a fractal.
Here, D is the fractal dimension. Y is the number of self-similar “pieces”, and X is the
scaling factor of the pieces to the whole (Brown and Liebovitch 2010). The fractal
dimension (D) will tell us how many pieces to expect at each scale. Keep in mind the
scale invariance of fractals. In the case of all fractals, the number of pieces will increase
as the scale decreases. In other words, as the pieces get smaller, their frequency, or
number, will increase. This is a pattern that archaeologists naturally see when it comes to
the sizes of archaeological sites. As site size decreases, their frequency increases.
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Archaeologists have studied this phenomenon intensively under the rubric of the “ranksize rule” or “Zipf distribution” of settlement sizes (Cavanagh and Laxton 1994; Laxton
and Cavanagh 1995). Until recently, archaeologists did not realize that these distributions
were power laws. The power law distribution of site sizes, which is widely documented,
suggests that many archaeological settlement patterns have fractal characteristics.
To solve for the fractal dimension (D), modify the previous equation so that it is
expressed in this way:

Equation 4: Modified fractal equation to solve for D (fractal dimension).

This may also be viewed as solving for the slope (rise over run) of a log-log
graph. A distribution with a fractal dimension will display a straight line on a log-log
graph (Fig. 3). It is important to note that fractals with the same fractal dimension may
not look the same (Brown, Witschey and Liebovitch 2005). Therefore, Mandelbrot
(1983) proposed that researchers measure the lacunarity of a fractal distribution in order
to provide a fuller and more refined description of a data set.
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Figure 5: Double logarithmic graph displaying power-law relation for y = x-1.5
For patterns embedded in two dimensions, the most commonly used method of
fractal analysis is the “box-counting” method. I will use the “box counting method” to 1)
test whether the settlement distributions in the Valley of Oaxaca are fractal and 2) if so,
to obtain an estimate of the fractal dimension. The procedure for this method begins by
overlaying a grid of squares on the image to be measured (Brown and Liebovitch 2010).
The size of the squares (r) will determine the number of squares (N) required to cover the
image. The next step is to count the number of squares that have at least a part of the
pattern included in their area. After that, the scale of the squares (r) is reduced and the
number of boxes containing the pattern is re-counted. Naturally, the number of boxes
containing the pattern will increase as the size of the boxes decreases. If the pattern is
fractal, the increase in box number will be dramatic. In fact, for fractal patterns, the
increase will obey a power law. Continue to reduce the box size (r) of the grid and count
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the number of boxes with a part of the pattern. You then “[…] plot the log of N(r) against
the log of r. If the relation between the two is linear, it is a power law, and therefore the
pattern is [fractal]” (Brown and Liebovitch 2010:49). If it is a fractal, the slope of powerlaw relation provides an empirical estimate of the fractal dimension. If the distributions of
sites are fractal, I expect the value of the fractal dimension to reveal important variations
in the patterns, perhaps related to the shapes, size distributions, and/or densities of the
sites. I will implement the box counting technique using the Benoit 1.3 program, a
commercial fractal analysis program published by TruSoft International.

Figure 6: Box counting dimension of a Euclidean shape (circle). (a) A small circle
covered by four squares. (b) Size of squares shrank by 1/2 while retaining the size of the
original circle from (a), and it requires 16 squares to cover the circle (Hastings &
Sugihara, 1993, Fig. 3.1). From Equation 4, we get -Log(4)/log(1/2) = 2, the true
dimension of a circle, which, of course, is not fractal. Image taken from Brown and
Liebovitch (2010, Fig. 3.5).
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Figure 7: Box counting procedure illustrated for a fractal shape (map of the Albany, NY
regional rails system). The relation between the size of the boxes and the number of
occupied boxes yields an estimated fractal dimension of 1.42 (Brown and Liebovitch
2010: 50-51).

SUMMARY
The fractal dimension is the parameter I use to identify whether or not the overall
site distribution of prehistoric settlements in the Valley of Oaxaca is fractal. The fractal
dimension is calculated using the Box Counting method. This method lays a series of
grids over the chosen image with progressively smaller box sizes and reports the number
of boxes filled with a desired element in relation to the size of the boxes. If the number of
filled boxes increases with a power-law relationship to the box sizes, the pattern is
considered fractal. This is demonstrated when the results displayed on a double
logarithmic graph create a straight line. A fractal distribution of sites may explain the
inconsistencies found in previous survey efficiency simulations and may also provide a
new foundation from which to build survey designs.
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III. STUDY AREA AND ENVIRONMENTAL SETTING
HIGHLAND MESOAMERICA: A CULTURAL MACROREGION
Mesoamerica is a culture area composed of central, southern, and eastern Mexico;
Guatemala and El Salvador; and western Honduras and Nicaragua. While the cultural
variation among all of these countries is great, it is still considered to have some unifying
ideologies and material culture. For example, polytheistic pantheons with
anthropomorphic animal and plant deities reveal the significance of water (rain, rivers,
cenotes, etc.) and maize. Ceramic and tool industries display similarities across the entire
region as well, even though increased distance tends to increase the variability in the
materials.
STUDY AREA: VALLEY OF OAXACA
The data set used for this project is found in one of the largest and most detailed
survey projects conducted in the New World – the survey of the Valley of Oaxaca,
Mexico, documented in Monte Alban’s Hinterland, Part II: Prehispanic Settlement
Patterns in Tlacolula, Etla, and Ocotlan, the Valley of Oaxaca, Mexico (Kowalewski et
al. 1989). 2700 sites and 6353 components over an area of more than 2100 km2 were
recorded in this survey. I chose this survey (from among thousands of possibilities)
because other researchers have used it as a model for other analyses (Plog 1976; Plog et
al. 1978; Orton 2000) and thus it has acquired the status of a canonical data set. The
cultural prehistory of the region is not specifically relevant to this study. This is because I
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am not studying the difference between how the topology changes through time (PostClassic vs. Classic, etc) or between culture areas. This sort of research can be done, and
more than likely it would produce fascinating results, but the problem for this project is
different.
The Valley of Oaxaca is a Y-shaped valley located within the Valles Centrales
region of the state of Oaxaca (see Figure 8). It is a topographically varied and
mountainous region with the largest stretch of arable land in the Highlands lying at its
center. The basin of the Rio Atoyac is a dominating feature in this region; its presence
creates a patchwork of alluvial basins and piedmonts. It is an ideal area for pedestrian
survey due to the dry (at least in the right season) and sparsely vegetated environment
with the high volume of modern cultivation and plow activity.
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Figure 8: The Valley of Oaxaca located within the State of Oaxaca in Southern Mexico.
Adapted from Feinman and Nichols (1990:218).
The Valley of Oaxaca is bounded geographically by mountain ranges on every
side. The climate is mostly hot and dry. The environmental zones identified by
Kowalewski et al.’s (1989) survey are “Mountain”, “High Piedmont”, “Middle
Piedmont”, “Low Piedmont”, “High Alluvium”, and “Low Alluvium”. The Rio Atoyac
runs through the valley, allowing for rich alluvial soil deposits that are excellent for
agriculture. Smaller, seasonal streams flow into the Atoyac in the northeastern portion of
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the valley. Sandy loam is the dominant soil type with sparse, scrubby vegetation:
maguey, Spanish Bayonet, lechuguilla, mesquite, malamujer, grass, oak, cactus, and pine.
Mineral resources include stone, clay, salt, chert and quartz, mica, magnetite and
hematite. The natural mountainous boundaries and rich soils set the stage for a
concentration of political, economic and social activity.
The chronological sequence of this region is comparable to the Macroregion at
large (see Figure 9). Like the larger region in which it is nestled, the chronology was
composed through ceramic seriation:

Figure 9: Chronological comparison between Mesoamerican Macroregion and the Valley
of Oaxaca. Based on ceramic seriation. Taken from Feinman and Nichols (1990:219).
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IV. METHODS AND DATA PREPARATION
The data manipulated in this study are the 112, 4 km x 4 km quadrat images
provided in Kowalewski et al.’s (1989) Monte Alban’s Hinterlands Part II (MAHPII),
which cover the Etla, Ocótlan and Tlacolula (both East and West) sub-regions of the
Valley. The Valley was divided into six total sub-regions in which the surveys were
carried out (see Figure 10). The Central sub-region and the Northern Valle Grande subregion were reported in Monte Alban’s Hinterland Part I (MAHPI) (Blanton et al. 1982)
and could have been included in the analysis that follows; however, I believe the volume
of data in the sample using only these three regions represents a more than sufficient
sample size for the scope of this project.
A digital copy of the manuscript (MAHPII) was obtained from the University of
Michigan library as a high quality scan. Due to the Valley’s topography (a natural “Y”shape), the Valley of Oaxaca survey was intuitively divided into six sub-regions –or
“clusters” of data – as I labeled them. Only three were analyzed in this study: the Eastern
cluster (which includes both East and West Tlacolula), and the Southern cluster
(Octólan/Southern Valle Grande) sub-regions published in MAHPII. The Northern
cluster (Etla) was not included in the analysis due to the representation of a number of
sites as triangles within the individual quadrat maps. Although the site areas were
obtained through published database, site shapes remain unknown. Although the area of
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those sites was generally negligible (between 1,000 m2 and 151,000 m2 - with the
majority below 10,000 m2), it would violate the principles of this project to replace the
triangles with another arbitrary geometric shape (e.g., circles) because I am interested in
the effect of real site shapes on topology and survey probabilities.
Each quadrat contained the irregular outlines of the prehistoric sites that the
survey team discovered. The advantage of using the outlines drawn in the individual
quadrats is that a more accurate representation of the settlement distribution in the Valley
is created. The higher resolution images (1000 dpi) that I cleaned in Photoshop and
stitched together in ArcGIS preserve more detail than the larger phase-specific maps
composed by the authors. The authors of MAHPII also used triangle shapes to represent
any sites 2 hectares or smaller (of which there are many) within the larger phase-specific
maps. Note that this is an example of researchers using geometric shapes to represent
complex site shapes. This is a common trend in the reporting of distribution data and I
hope to encourage researchers to reconsider this tendency.
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Figure 10: Valley of Oaxaca survey sub-regions. Adapted from Feinman and Nichols
(1990:223).

My methods proceeded as follows:
Kowalewskiet al. (1989) provided an index map with the grid they used to create
and label the 4 km x 4 km survey quadrats. The axes of the grid on this index map were
North (y) by East (x). Sequential numbers were assigned to each 4 km-square quadrat
depending on how far North and East they were positioned on the index map. That is, the
grid origin was in the southwest corner of the index map.
I began by georeferencing the index map of the survey in ArcGIS. I created a
blank GIS file and set the data frame to the WGS84 datum and the coordinate system to
decimal degrees. I then imported the index map. Unfortunately, the index map had few
identifiable, unambiguous fixed points I could match to modern maps, so I used mainly
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stream junctions for georeferencing, even though they are not the most precisely located
points.
I created high quality tiff files of each quadrat by cutting and pasting the quadrat
maps from the individual pages of the digital manuscript into Photoshop CS6. I then
cropped any page space that was not part of the quadrat square. I used Photoshop to fill in
the outlines of the sites before importing them into ArcMap 10.1. When manipulating the
data in Photoshop, no auxiliary or pixel data were changed besides filling in site outlines
and deleting site component data text. Admittedly, sometimes the edges of sites ended
short of the quadrat boundary and they were extended up to 10 pixels in length if
necessary. Occasionally I would instead close the shape before the edge of the quadrat
after considering the bearing of the lines as well as the patterns in the adjacent quadrats in
each direction around the image.
After this step, I imported the tiff files to ArcGIS and georeferenced them to the
georeferenced index map in the WGS 1984 Datum. For quadrats that were recorded as
two or three separate maps due to a high volume of site components (e.g. N15E5A,
N15E5B, N15E5C), I layered them in the same georeferenced grid square on the index
map, then set one or two of them to either 30% or 70% transparency to reveal the entirety
of the occupation.
Once all of the quadrats were in place, I created Eastern and Southern “clusters”
based on the survey boundaries. Any portion of the map for which no survey data was
available was not included in my analyses. With each quadrat cleaned, inked, and
spatially referenced to a datum-anchored index map, I then used the “Draw” tool in
ArcMap to trace the survey boundary line and save it as a shape-file. In this way only
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areas of the map that were surveyed would be included in the selections for analysis. I
then exported the clusters as tiffs at 1000 dpi with a 1-bit monochrome threshold
(threshold at 170), and no compression. These maps are Figures11 and 12.

Figure 11: Southern Cluster Map
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Figure 12: Eastern Cluster Map
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I then opened the files in Photoshop to clean any stray pixels and select various
portions of the sub-regions at various orientations for analysis. The limiting factors for
the selections were the non-linear survey boundary or any apparent holes in the data (see
ASSUMPTIONS AND POTENTIAL ERRORS section) as well as the fact that square or
rectangular images are needed for box-counting analysis. I selected twenty sub-regions in
total (ten for each cluster). Each sub-region selection was given a number and a prefix
according to which cluster it came from (e.g. ECM sr1 = Eastern Cluster Map Sub-region
1). The sub-regions were then analyzed for their fractal and lacunar properties using
Benoit 1.3 (fractal) and Dong's (2009) lacunarity analysis extension for ArcGIS.

BENOIT 1.3 BOX COUNT SETTINGS
For each box count scan, the coefficient of box-size decrease was set to the
smallest possible selection in the program, 1.1. The smallest increment of grid rotation
was also selected, 1 degree. Rotating the grid allows the program to calculate a standard
deviation of the estimate of the fractal dimension. Due to the nature of box counting, the
smaller the decrease of box size and grid rotation, the more information will be captured
during analysis. The information recorded for each sub-region are the sub-region name,
the sub-region’s width and height (in pixels and meters – approximate estimation), the
side-length of the largest box size, the number of box sizes, the fractal dimension, and its
standard deviation. These results are reported in Table 2.
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LACUNARITY ANALYSIS EXTENSION GLIDING BOX SETTINGS
The gliding box algorithm was conducted by Pinliang Dong’s (2009) lacunarity
analysis extension for ArcGIS 9.0. Due to the intensive processing power required to
conduct these scans and the limited computational power available, the default settings
were the most efficient and informational setting selections. The maximum box size was
set to 15 x 15 pixels and the number of box sizes was calculated automatically by the
program. The processing capacity and computational capacity of the computer utilized
for this study prevented the analysis of a region of interest (ROI) larger than 2700 m x
2700 m. Although those areas are small compared to the siezes of the areas sampled for
fractal box counting, they are still large relative to typical archaeological surveys.
Moreover, due to the fractal nature of the pattern under scrutiny, the scale of
measurement did not bias the results in a statistically significant way. The results of the
lacunarity scans are reported in the RESULTS chapter. A discussion of the multi-scalar
flexibility of the lacunarity of a fractal patterns can also be found in the RESULTS
chapter.

SOFTWARE
The ArcMap 9.0wasrunon the Benoit 1.3 programs were run on the Florida
Atlantic University computer located within my advisor’s (Dr. C.T. Brown) office.
Photoshop CS6 was used on a 13” MacBook Pro (2010).
Benoit 1.3 is a computer program that enables one to measure the fractal
dimension of data sets. It is a useful research and study tool for anyone interested in
fractal properties of their data sets. This software has been used in quite a few other
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scientific studies. Benoit requires a black and white bitmap file as input for box counting
and it measures the fractal dimension of the white pixels. Therefore, I inverted the colors
in my tiffs so that the sites were white on a black background and then converted them to
bmp files.
The lacunarity extension for ArcGIS was created by Pinliang Dong, assistant
Professor within the Department of Geography, University of North Texas in 2009. It is a
freely distributed extension that is easily installed for ArcGIS 9.0; however it is not
compatible with other version of ArcGIS. The author also created a User’s Guide and
published a peer-reviewed report of its use and effectiveness as a spatial analysis tool
(Dong 2009).
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V. ASSUMPTIONS AND POTENTIAL ERRORS
One weakness in the data set can be found in the minor distortions of the maps at
various stages of digitization and amplification. When the authors reassembled the
quadrats to produce regional maps, they noticed inexact alignments between sites in
adjacent quadrats. However the estimated amount of error was reported as negligible.
“With adjustment and retouch, error in the final version is not more than about 3% it is
confined to only a few places, and it is not cumulative” (Kowalewski et al. 1989:47).
I estimate the amount of error for the maps I created in ArcGIS to be small. The
least accurate part of the process was probably georeferencing the index map, but that
does not affect my results because the real-world coordinates of the map are irrelevant to
the calculation of fractality and lacunarity. Errors in georeferencing the individual
quadrat maps could affect my results because they affect the spatial relations among sites.
The largest errors seemed to be associated with the alignments of the quadrats with each
other. I tried to estimate the magnitude of these errors by studying the errors in alignment
among features that should join, such as quadrat edges and site boundaries. I estimate that
the maximum errors were on the order of 1-2%, which seems unlikely to affect the
overall results because I performed the box counting over large areas for which the
average error would be quite low and because I only performed lacunarity analysis only
within single quadrats, which were not affected by the edge alignments.
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The sub-regions were selected using the Photoshop program. Therefore, precise
metric measurements of their widths and heights are unavailable. Using the measure tool
within ArcGIS, I outlined the approximate dimensions of each sub-region. Therefore, any
analysis that factors the dimensions of sub-regions in meters into the interpretation can
only provide approximations.
The authors also explained that the reproduced images could not be used to
relocate these sites (Kowalewski et al. 1989:47). The surveyors did not use GPS devices
to obtain the precise positioning of these sites. Instead, they used aerial photographs and
traditional survey methods (orienteering) to record the site locations. This undoubtedly
caused some error in the records. However, the researchers also claim “[the] distortions
have little effect on the relative spacing of sites and introduce no significant biases for
most archaeological research purposes” (p. 47). Therefore, other than the empty spaces of
the region that are reported in the MAHPI (Blanton et al. 1982) report, I believe the data
provided is an adequate and accurate (to within an acceptable margin) dataset. Any
apparent holes in the data, or portions of the map that appear to be missing in MAHPII,
are accounted for in MAPHI.
I also came across a few issues while “inking” the sites in Photoshop. For quadrat
N14E5, the outline of one site is askew. It looks like a recording error of some kind. I redrew the line to create a closed component for inking. N14E5A demonstrates the same
line abnormality. Some other sites in this quadrat are not closed and so I added lines to
complete the component and deleted extended unconnected lines.
Sometimes the edges of the sites were cut off while processing (cropping) the
images and quadrat boundaries and they needed to be extended up to 10 pixels in length
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for accurate assembly in ArcGIS. I used Photoshop to extend the lines to the edges of the
quadrats after considering the heading of the lines as well as the consecutive quadrat.

SUMMARY
Due to the nature of traditional field methods and digital data processing, some
errors in the data became evident. Between recording and reporting the data,
manipulating and producing the visual data in manuscript form, scanning the quadrats
from the book into a digital medium (and subsequently being rubber-sheeted and georeferenced to an ArcGIS datum), I cannot call the data perfectly accurate. However, while
processing the data, errors were considered and at each stage of this project I made a
conscious effort to reduce the error by saving all files at a high quality, without
compression, and without adding layers or color profiles (e.g. RGB).
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VI. RESULTS AND DISCUSSION
In this section I provide the data output from the ArcGIS and Photoshop map
processing, the box-counting results and the sliding-box results. I demonstrate the fractal
nature of the data set and compare the Y-intercepts and slopes of the lacunarity results.
The sub-regions are outlined in the figures that follow (Figures 13 – 16). I selected 10
sub-regions for each cluster. Each cluster is displayed as two maps (sub-regions 1-5 and
sub-regions 6-10) to provide visually comprehensive maps. Note that some of the subregions I selected overlap. I consider each sub-region map or image to be a sample. One
could say that to obtain a high quality estimate of the topology of the pattern, I sampled
with replacement.
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Figure 13: Eastern Cluster Sub-regions 1 through 5

Figure 14: Eastern Cluster Sub-regions 6 – 10
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Figure 15: Southern Cluster Sub-region 1 - 5
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Figure 16: Southern Cluster Sub-regions 6 - 10
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BOX-COUNT FRACTALITY
This section begins by reporting the results of the box-counting method conducted
in Benoit 1.3. Some of the sub-regional results are accompanied by brief explanations,
and then I discuss the over-all patterns observed. With one or two possible and minor
exceptions, the distribution of sites is strongly fractal with a tight range of fractal
dimensions.

Figure 17: Eastern Cluster Sub-region 1
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Figure 18: Eastern Cluster Sub-region 1 Box Count. Df = 1.51
As you can see in Figure 17, Sub-region 1 of the Eastern cluster possesses a
number of very large but extremely irregularly shaped sites. The number of sites of a
given size increases as the size decreases, as one would expect in a fractal pattern;
obviously, the number of small sizes is quite high. It is not, therefore, surprising to see
that the box counting results (Figure 18) indicate strongly that the pattern is fractal. This
is evident in the almost perfect linear trend in the data, which is measured by the
extremely high coefficient of determination (r2 = 0.99477) for the best fit regression line.
However, a small periodicity can be seen in the data as well. This does not mean it is not
a power law, but rather that other structure may be embedded in the pattern (Brown and
Liebovitch 2010:9). The fractality of the site distribution in this sample is also indicated
by the fact that the fractal dimension, as estimated by the box-counting procedure, is Df =
1.51. Recall that fractals normally have fractional dimension. Clearly, 1.51 is not an
integer—it is not even close.
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Figure 19: Eastern Cluster Sub-region 2
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Figure 20: Eastern Cluster Sub-region 2 Box Count. Df = 1.533
Sub-region 2 (Figure 19) is an example of an area with a fractal dimension in the
lower part of our range. The Df = 1.533 is a bit higher than Sub-region 1’s dimension, and
the regression line is even closer to 1. Figure 20 demonstrates another example of a clear
fractal pattern, with irregular site shapes and the proportion of site sizes dispersed in a
strong power-law distribution.
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Figure 21: Eastern Cluster Sub-region 3

Figure 22: Eastern Cluster Sub-region 3 Box Count. Df = 1.583
Here we find the fractal dimension Df= 1.583, climbing higher than the previous
sub-regions and the coefficient of determination has lowered only slightly. The higher
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dimension indicates the sites fill the sub-region more completely; however, the fit of the
trend line to the data is not as good. R2 is still very close to 1, though, and so the
distribution in this sub-region is still considered fractal. There appears to be a higher
proportion of large sites in this sub-region, which may also be responsible for the higher
dimension. A high degree of clustering is evident in Figure 21.
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Figure 23: Eastern Cluster Sub-region 4
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Figure 24: Eastern Cluster Sub-region 4 Box Count. Df= 1.597
For Sub-region 4, the Df is 1.597 (Figures 23-24). This is similar to that of subregion 3. The Df is higher and again the coefficient of determination (r2 = 0.99476) is
slightly lower. This is interesting considering the dimensions of this sub-region are
notably different than the previous sub-regions. With other long, narrow sub-regions, the
fractal dimension is relatively far from the average dimension of the Eastern Cluster but
not too far from the over-all average. Although the dimensions of the sample area are not
ideal, the selection demonstrates a strong power-law distribution of occupation sizes
mathematically and qualitatively. Archaeologists have noted that edge effects in
archaeological survey are exacerbated by long, narrow study regions (Kintigh 1988; Plog
et al. 1978) because the circumference is long in relation to the area. Edge effects can
occur in box counting, too, due to the difficulty of constructing grid sizes that completely
fill arbitrarily-shaped rectangles. The slightly divergent dimensions calculated for my
long, narrow rectangles may therefore reflect edge effects.
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Figure 25. Eastern Cluster Sub-region 5

58

Figure 26: Eastern Cluster Sub-region 5 Box Count. Df = 1.547
Sub-region 5 has a fractal dimension on the low side (Df = 1.547). It is clear by
looking at Figure 25 that the sites are, again, extremely irregular and the site sizes
become more numerous when smaller and less numerous as they cluster.

Figure 27: Eastern Cluster Sub-region 6
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Figure 28: Eastern Cluster Sub-region 6 Box Count. Df = 1.671
Sub-region 6 (Figures 27-28) contains an aesthetically pleasing fractal distribution
with a high fractal dimension (Df= 1.671). Here the pattern appears to truly demonstrate
scale invariance with the different sized occupations following a similar numerical trend.
The coefficient of determination for the best fit regression line is also quite high.

60

Figure 29: Eastern Cluster Sub-region 7
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Figure 30: Eastern Cluster Sub-region 7 Box Count. Df = 1.582
Here is another long rectangular sub-region (Figures 29-30). The fractal
dimension is close to the overall average of the region. This seems to be a decent
quantification of the average distribution style for the Valley despite the long rectangular
shape of the sub-region selection.

Figure 31: Eastern Cluster Sub-region 8
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Figure 32: Eastern Cluster Sub-region 8 Box Count. Df = 1.487
The Df for sub-region 8 (Figures 31-32) is low compared to the other sub-regions.
This implies a lower degree of space-filling for this portion of the pattern. The coefficient
of determination for the best fit regression line, though lower than many, is still high,
though, suggesting this is a robust representation of this sub-region’s distribution. Here is
an example of how the dimensions of the selection may have biased the results. The long
rectangular shape appears to capture the clustering of occupations more strongly than
square sub-regional selections. This may suggest increased sampling bias in regards to
survey transects.
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Figure 33: Eastern Cluster Sub-region 9

Figure 34: Eastern Cluster Sub-region 9 Box Count. Df = 1.576
Eastern Cluster Sub-region 9 beautifully illustrates the fractality of the site
distribution (Figures 33-34). The pattern is extremely heterogeneous. The shapes of the
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sites tend to be extremely irregular. The sites are clustered in space. There are a few large
sites and an ever-increasing number of ever-smaller sites. The fractal dimension is about
average for my study and the coefficient of determination is quite high.
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Figure 35: Eastern Cluster Sub-region 10
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Although Eastern Cluster Sub-region 10 certainly appears to be fractal, compared
to the other samples, it seems to have proportionally fewer small sites, which yields a
smaller fractal dimension than is typical (Figures 35-36).

Figure 36: Eastern Cluster Sub-region 10 Box Count. Df = 1.482

Figure 37: Southern Cluster Sub-region 1
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Figure 38: Southern Cluster Sub-region 1 Box Count. Df= 1.628
Southern cluster Sub-region 1 is another heterogeneously distributed sub-region
with an an average to high fractal dimension (Figures 37-38). The shapes of these
occupations are quite interesting and one occupation looks like a jellyfish. There are
many elongated shapes. The proportion of site sizes look as if they fit the power-law
distribution and the box count analysis supports that observation.
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Figure 39: Southern Cluster Sub-region 2

Figure 40: Southern Cluster Sub-region 2 Box Count. Df = 1.542
This sub-region overlaps Sub-region 1 and so displays some of the same
distributional characteristics data (Figures 39-40).
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Figure 41: Southern Cluster Sub-region 3

Figure 42: Southern Cluster Sub-region 3 Box Count. Df= 1.44
This small sample of the map almost totally lacks small sites as well as truly large
ones. As a result, the box counting deviates from a true fractal pattern, as can be seen in
the low coefficient of determination. One can argue that the absence of fractality is a
result of sampling error. It is a small sample and therefore more likely to vary. In this
case, it does not seem to have successfully captured the overall fractality of the global
settlement pattern.
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Figure 43: Southern Cluster Sub-region 4

Figure 44: Southern Cluster Sub-region 4 Box Count. Df = 1.623
Figure 43 displays a nice power-law distribution of occupation sizes creates a
high fractal dimension. But the distribution is sparse, lacking medium-sized sites. This
sub-region seems to have a high Df, but sampling bias or edge effects may be to blame.

Figure 45: Southern Cluster Sub-region 5
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Figure 46: Southern Cluster Sub-region 5 Box Count. Df = 1.593
Southern Sub-region 5’s fractal dimension lies well within the characteristic range
for the region (between ~ 1.5 and 1.6).

Figure 47: Southern Cluster Sub-region 6

Figure 48: Southern Cluster Sub-region 6 Box Count. Df = 1.789
72

Southern Sub-region 6 (Figures 47 - 48) returned an incredibly high fractal
dimension. This is most likely an effect of the long and narrow sample shape. Box
counting can only create a box size as large as the size of the shortest side of the sampling
area. When the shorter side of the rectangle is very short, it reduces both the maximum
box size analyzed and the number of box sizes that can be analyzed. The small maximum
box size truncates the right tail of the graph, potentially increasing the slope of the
remaining line and therefore the fractal dimension. The smaller number of box sizes will
redue the power the of the regression for the best fit line. Nevertheless, the coefficient of
determination in this case remains a very high 0.998. The fractal dimension for this
sample is far beyond the mean for the Southern Cluster and actually skews the data and
the overall average fractal dimension for the region. This sample is not a good
measurement and anyone working with this method should probably not use narrow
rectangles as samples. Qualitatively, the image itself does not appear to be representative
of the overall regional pattern, either.
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Figure 49: Southern Cluster Sub-region 7

Figure 50: Southern Cluster Sub-region 7 Box Count. Df = 1.495
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Figure 51: Southern Cluster Sub-region 8

Figure 52: Southern Cluster Sub-region 8 Box Count. Df= 1.603

Figure 53: Southern Cluster Sub-region 9
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Figure 54: Southern Cluster Sub-region 9 Box Count. Df = 1.596
The Southern Sub-region 9 (Figures 53 – 54) demonstrates a high fractal
dimension and a good regression line fit. This is interesting because of the apparent
absence of a high number of small sites. However, the proportion between the site sizes
appears to fit a power-law pattern well.

Figure 55: Southern Cluster Sub-region 10
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Figure 56: Southern Cluster Sub-region 10 Box Count. Df = 1.534
Southern Sub-region 10 (Figures 55 - 56) is a small region of interest with a high
frequency of medium sized occupation areas and hardly any large or small sites. It is also
particularly sparse compared to other sub-regions. The Df= 1.534 is low compared to the
average fractal dimension for the Valley as a result. The coefficient of determination for
the best fit regression line is also rather low. While this cannot be due to the shape of the
sub-region selection, as was the case for the other outliers, (because this one is
rectangular) it is clear by looking at the image that this portion of the distribution is
dissimilar to the rest of the region. This selection is actually a sub-selection of Southern
Sub-region 3 (Figure 41). It appears, therefore, that the smaller the sample, the less likely
it is to accurately portray the distribution, which is natural expectation of bedrock
sampling theory.
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BOX COUNTING RESULTS
The results of all twenty box counting scans are reported in Table 3. Each subregion is presented in relation to its box count results. The data are then compared to each
other. It is apparent that the fractal analysis yields more consistent and robust results in
the Eastern cluster. To examine the reasons behind this trend, the fractal dimension (Df)
of each sub-region was analyzed to determine the correlation coefficient for the area in
pixels, the length of the longest side, the length of the shortest side, and the proportion of
the image that is occupied by a site (“percent area” in Table 1). The only factor that
provided a statistically significant correlation with a low probability was the percentage
of occupied area in the sub-region (see Table 2).

Table 1: Statistical Correlation Test Data
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Figure 57: Correlation of Fractal Dimension to Site Density for each sub-region

Table 2: Results of the Statistical Correlation Coefficient Tests, Pearson's r and
Spearman's rho
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Table 3: Benoit 1.3 Box Counting Results
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Figure 58: Sub-regional Fractal Dimension Comparison

FRACTAL BOX-COUNT DISCUSSION
Overall, it can be said that the distribution of prehistoric sites in the Valley of
Oaxaca maintains fairly consistent fractal dimensions (the majority of value ranges were
approximately between 1.5 and 1.6). For the fractal dimension values that landed far
outside the range of the majority of the sub-regional selections, I have argued that the size
an/or shape of the sampling box biased the results, which should therefore be considered
outliers if not bad measurements. The box count results for each sub-region display
markedly linear outcomes on log-log graphs. Recall that a constant slope on a double
logarithmic graph indicates a power-law relation. Some of the box count results are not
perfectly linear when plotted on the double-log graph, however. Those that are not
perfectly linear do demonstrate a periodic component that can be explained by the nature
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of a power-law. According to Brown and Liebovitch, certain power-laws will display an
undulating repetitive periodicity that appears as a “wiggle” (2010:9). Interestingly, the
box count results across all sub-regions display a consistency in the shape of their
periodic “wiggles”. This implies consistency among the sub-regions and is exciting
evidence and support for the idea of predicting the qualities of an archaeological
distribution in a region. Another possibility is that each of the these wiggly curves could
be decomposed into multi-scaling fractal patterns in which each straight line segment
represents a different regime of site distributional behavior (Brown and Liebovitch
2010:65-67). Doing so would require an effort that is beyond the scope of this study, but
it remains an interesting possibility that should be explored in future research.
There appears to also be a wavering effect at the end of the box count logarithmic
plots. It appears the largest box size does not have the lowest number of occupied boxes.
This is likely due to the sub-regions not being perfectly square selections and therefore
consequences edge effects produced by the box-counting method. The box can only get
as big as the smallest side of the region of interest (ROI). Moreover, the largest box sizes
capture the largest effects or events, or in this case sites, which are naturally the most rare
and consequently the least predictable. Thus, the right tail of the curve can be expected,
on the basis of sampling theory of power laws, to be the most variable.
Overall, the variation in fractal dimension of the Eastern cluster is narrower than
the fractal dimension variation in the Southern cluster. Both the highest and lowest
dimensions reported for all of the sub-regions were obtained from the Southern cluster.
The Eastern cluster on the other hand demonstrates a nice clustering of fractal dimension
values. The Southern cluster has a smaller overall area than the Eastern cluster and there
82

is a portion of the region for which data is unavailable. As a consequence of the
limitations of the box counting method and the extremely odd shape of the survey
boundaries, I could only select smaller square and rectangular areas than those I selected
in the Eastern cluster. Also, the longest and thinnest rectangular ROI was selected from
the Southern cluster, which produced the most extreme fractal dimension. A statistical
examination of the causes behind the fractal dimension variations found among all subregions was conducted. The area, lengths and widths of the sub-regions, and the
percentage of occupied (foreground) pixels within the sub-regions determined that
density of foreground pixels had a strong effect on fractal dimension values.
Therefore, occupation density and fractal dimension are highly correlated. I
calculated the Pearson’s r and the Spearman’s rho coefficients to test the correlation and
obtain coefficients of determination for the data. The correlation coefficient is 0.72274
and the probability of this pattern occurring by chance given the null hypothesis (H0:
there is no correlation between fractal dimension and spatial density) is 0.00031852. The
results of a non-parametric correlation are similar: Spearman’s rho is 0.71579 and the
probability value is 0.00038691. The difference is negligible. Therefore there is a strong
correlation that is extremely unlikely to have occurred by chance. Figure 57 demonstrates
the correlation between fractal dimension and sub-regional density.
Part of the variation between the results for the Eastern and Southern clusters can
also be attributed to differences in the archaeological settlement patterns. Qualitatively, to
my eye, the Eastern cluster seems to have a more consistent pattern (however
heterogeneous) while the Southern cluster looks more variable. It is possible that there is
an environmental (topographic, pedological) or cultural-historical explanation for the
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differences in the settlement pattern in the two branches of the Valley, but, if so, I have
not yet identified it.
SLIDING-BOX LACUNARITY
The lacunarity analysis was conducted using an ArcGIS 9.0 extension created by
Dong (2009). As a consequence of the capacities of the extension and the RAM available
to the computer running the program, only small portions of the sub-regions were capable
of being sampled at one time. Also, although the sub-regions were selected without
consideration of the original 4 km x 4 km index map quadrats, the extension prevented
the selection of portions of the map that crossed those quadrat boundaries. The maximum
dimensions for a region of interest (ROI) that could be selected was 2,700 m x 2,700 m.
The small selections were made in portions of the map for which sub-regions overlapped.
This was done in an attempt to obtain as much information for as many regions as
possible with the limited capacities of the software. Five selections were made for the
Southern cluster and six were made for the Eastern cluster. The extra selection in the East
was made based on the larger dimensions of that cluster in general. Two more selections
were also made in the Eastern cluster to test the theory that it regardless of the scale at
which lacunarity is tested, slope values would remain the same. Theoretically with a
fractal pattern, the pattern will have a proportional change at every scale. The results are
displayed separately in Figures 59- 71 and they are compared to each other in Figure 72
and Table 4.
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SOUTHERN CLUSTER:

Figure 59: N2E8 - Sub-regions 1 & 2 Lacunarity

Figure 60: N3E8 - Sub-regions 1, 2, & 9 Lacunarity
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Figure 61: N3E9 - Sub-regions 1, 2, & 5 Lacunarity

Figure 62: N5E9 - Sub-regions 2 & 4 Lacunarity
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Figure 63: N6E8 - Sub-regions 3 & 10 Lacunarity

EASTERN CLUSTER:

Figure 64: N9E14.1 - Sub-regions 1, 3, 5, & 10 Lacunarity
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Figure 65: N9E14.2 - Sub-regions 1, 3, 5, & 10 Lacunarity

Figure 66: N9E14.3 - Sub-regions 1, 3, 5 & 10 Lacunarity

88

Figure 67: N9E15 - Sub-regions 1, 3, 4 & 5 Lacunarity

Figure 68: N9E16 - Sub-region 3 Lacunarity

89

Figure 69: N11E11B - Sub-region 2, 9 & 6 Lacunarity

Figure 70: N11E12 - Sub-region 2, 5, 6, 7 & 9 Lacunarity
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Figure 71: N11E15 - Sub-regions 4 & 5 Lacunarity

Figure 72: Lacunarity Comparisons
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Table 4: Lacunarity Comparisons

LACUNARITY DISCUSSION:
Table 4 reports the results of the lacunarity analysis scans. The lacunarities
reported for every region of interest at 15 different scales range from 0.667 – 3.7595.
Their slopes range from 0.8599 – 1.0594. These are surprisingly similar. The texture of
the distribution, how homogenous or heterogeneous the pattern is, varies depending on
the region of interest and the scale of measurement examined. However, the variation
between scales is not statistically significant. The results of the three regions of interest
that overlap each other (N9E14.1, N9E14.2, and N9E14.3) were compared with the
Student’s t-test and the Mann-Whitney U tests in an effort to determine if the differences
were statistically significant. The P-values determined that the differences between the
slopes were not statistically significant. Therefore the hypothesis that lacunarity slope
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will not significantly vary by scale for this fractal pattern was confirmed. It is likely that
sampling error was cause for the differences due to the inexact placement of the nested
regions of interest. Measurements of such a small scale taken from a larger region of
interest with a fractal dimension are therefore acceptable ways of measuring lacunarity.
Nevertheless, the lacunarity slopes between the Eastern and Southern cluster
differ significantly when compared with a Mann-Whitney U test in the PAST software. In
fact, there is no overlap between the data from the two regions, and therefore, U=0, while
p is variously estimated as 0.0013 (using a Monte Carlo method), 0.001554 (exact), and
0.00431 (using a z approximation). This helps confirm the distinctiveness of the patterns
in the Eastern and Southern arms of the Valley. Interestingly, the y-intercepts of the
lacunarity do not differ significantly; a Mann-Whitney U test yields p-values in the 0.090.1 range. Thus the difference in lacunarity lies more in the way the lacunae change with
scale than with the overall magnitude of the lacunarity.
The higher the placement of each lacunarity line on the graph in Figure 72, the
higher that ROI’s lacunarity. Remember, the higher the lacunarity, the more clustered and
heterogeneous the pattern. A general conclusion can be made that some portions of the
distribution are very lacunar and would be inefficient to survey with traditional grid
methods unless the location of the clustering is known. Other sites within the Valley are
spaced more uniformly and examination of the lacunarity graphs may assist with survey
design. The box sizes, or scales, at which lacunarity change minimizes, may provide
clues for the most efficient survey grid interval.
The lacunarity graphs were created differently than the fractal dimension graphs.
While the fractal dimension data outputs were not logarithmic, the lacunarity plot values
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obtained from the Dong plug-in were already logged. I changed the axis scales for the
box-counting results to logarithmic while creating the graphs and simply plotted the
logged data for the sliding-box results while creating those graphs. Therefore both graphs
are reporting data on a logarithmic scale but in two different ways.
The most notable aspect about these results is their unmistakable linear trending.
When double-log graphs of lacunarity display straight lines, this is indicative of a fractal
pattern. At every scale of measurement (box size), the rate of change remains the same.
Remember that the lacunarity measurements are best understood by observing the
differences among the slopes and y-intercepts. The y-intercepts reflect the highest
occupation frequency of the smallest box size (1 pixel –> the log of 1 = 0, and this is
where the line crosses the vertical axis) and therefore it reports an estimate of the log of
the total filled pixel count within the region of interest. The slope records the rate at
which the distribution of these sites goes from more to less clustered. A low, shallow
slope reveals a slower rate of homogenization while a high, steep slope represents a quick
change from clustered to uniform distribution.
The steepest slope measured 1.0765 and came from the Eastern cluster, N9E14.3.
A quicker drop to homogeneity implies a more uniform distribution of the pattern. Figure
73 is the entire quadrat of N9E14. The pattern, while still quite clustered, also fills the
plane in a fairly homogenous way. The pattern could be considered much less clustered
than the ROI with the shallowest slope (N2E8).
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Figure 73: Quadrat N9E14
The shallowest slope measured 0.8599 and came from the Southern cluster,
N2E8. The difference between the two slope coefficients does not appear to be very
large. However, the large empty spaces within this quadrat support the quantified
measure of slope. A slope that is shallow maintains a near constant, high lacunarity
measure. The lacunar nature of this pattern is easy to see in Figure 74.
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Figure 74: Quadrat N2E8

DISCUSSION
It is apparent from the results that the distribution of prehistoric settlements within
the Valley of Oaxaca demonstrates a fractal pattern. I can assert with high confidence that
archaeological site distributions are fractals because complex sites of every size occur,
the shapes of the sites are extremely irregular, and box counting results plotted on a
double logarithmic graph display a nearly straight regression line. The average fractal
dimension range for the Valley is approximately between 1.5 and 1.6. This tells
archaeologists that prehistoric sites, at least for this region, are shaped complexly and that
site sizes are best represented through a power-law distribution.
This complicates the issue of how to survey effectively and efficiently, because
there are sites of every size! To characterize site distributions in this manner is to
recognize the infinitely increasing number of small sites. We cannot find infinitely
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smaller sites so what do we do? Florida used to be a "one-artifact" state. This meant that
only one artifact was necessary for a location to be considered a site. The number of sites
recorded overwhelmed the Florida Master Site File. With the knowledge of the scale of
decrease or increase (the fractal dimension) researchers may be able to pick a practical
point of diminishing return. Ecological researchers already recognize another benefit of
knowing the fractal dimension and power-law distribution of pertinent data. It has been
suggested that knowledge of the fractal dimension of a habitat can help researchers
predict the frequency distribution of organisms by size class (Dale et al. 2002).
The shape of the sub-region selections also had an effect on the box counting
results. As quantified by the lacunarity results, portions of the region were settled in
highly clustered patterns while others were more uniformly distributed. This is a problem
previously observed by archaeologists that is now quantified. The box counting results
revealed that not every sample yields a description of the pattern that accurately
characterizes the population. There are instances where the clustering creates large gaps
in the pattern. Larger samples are more likely to capture the accurate fractal dimension.
The lacunarity results quantitatively represented the clustering of site
distributions. The slopes of the lacunarity scans were notably similar to each other except
between the Eastern and Southern clusters. This suggests a similar rate of
homogenization of the patterns. Another measurement that would be helpful for the
interpretation of these results would be to determine the fractal dimension for the exact
same ROI’s that the lacunarity measurements were taken from. In this way, the fractal
dimension and lacunarity can be compared. The lacunarity measurements from subregions that have the same (or very close) fractal dimensions would also be interesting to
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compare. By using overlapping squares at a few different scales (maybe even just 3), one
could effectively repeat the averaging process for mass distribution but on a larger scale.
These lacunarity measures can then be compared between the sub-regions with similar
fractal dimensions and a more complete analysis of the quantification of texture can be
conducted.
As I have said, the more clustered an archaeological distribution is, the harder it is
to detect. The higher the lacunarity, the more clustered the pattern is. Therefore, logically,
the higher the lacunarity, the more difficult it will be to detect the sites. Therefore, in
such areas, the shovel test interval should be reduced to increase the probability of
detection. Also, reducing the aperture of screens could increase detection probabilities.
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VI. SIMULATION OF SHOVEL TEST SURVEY EFFECTIVENESS
To examine the effectiveness of shovel testing as a discovery technique for fractal
site patterns, I performed a simple simulation of my own. I created simple, regular grids
of shovel tests at 100 m, 50 m, and 25 m intervals. I then converted the x,y coordinates to
UTMs (Zone 14N, WGS84 datum), and imported them into the Oaxaca GIS. I overlaid
them in the same area. I counted how many shovel tests intersected sites in each case, and
I also tabulated the number and proportion of detected (intersected) sites.
The number of positive shovel tests scaled perfectly as a power law, just like
box-counting. The graph shows a perfect linear relationship on a log-log graph (Figure
75). I did this by hand--a time-consuming procedure--but I hope to automate it soon.

Figure 75: Simulated shovel test box-count results
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I considered a shovel test positive if it was within 0.5 m of a site. I did so to
explicitly recognize that the shovel tests have dimension — they’re not just points as they
appear in GIS. You could argue that this criterion was a little generous, but few shovel
tests fell that close to a site boundary, not enough, I think, to change the conclusion. Even
fewer shovel tests fell between 0.5 and 0.25 m of a site boundary, so if one were to
reduce the margin by half (assuming a Florida-sized shovel test) it would hardly have any
effect on the numbers.
This implies the number of positive shovel tests will increase as a power of the
shovel test interval as you decrease the interval. This is important to know for planning
purposes because positive shovel tests take more time to excavate, and of course the
artifacts recovered require a lot of time to analyze.
It looks like you could use shovel testing to estimate the fractal dimension of a
settlement pattern, although I only say this tentatively because the disc-shaped sample
produced by a shovel test is not equivalent to the box counting in an obvious way.
However, note that box-counting is a method of estimating the Hausdorff dimension.
Hausdorff’s original idea, and the proper way to calculate the Hausdorff dimension, was
to overlay discs on a curve to cover it. So, discs (round shovel tests) are not the problem.
And, of course, some people dig square shovel tests. I think the issue is whether using a
small circular sample (the shovel test) in each box to determine analytically whether the
box is “occupied” by a site is equivalent to complete survey of the box.
Note also that the grid located 78% of the sites with a 100 m interval. Success
increased to 100% at 50 m and, of course, stayed perfect at 25 m. These results are not
actually all that different from those of Kintigh's simulations (1988). It appears that his
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simulated sites were smaller than ours, but it is difficult to estimate the size of our sites
because fractal size distributions do not have a characteristic scale. A major aspect of the
low detection probabilities in previous simulations was the assumption of low artifact
densities and a further assumption that some artifacts would go unrecognized. It remains
difficult to evaluate the reasonableness of those assumptions for lack of reliable data. Of
course, a simple square grid of shovel tests like mine is the least efficient geometry for
detection, so detection probabilities ought to increase for staggered grid, triangles,
hexagons, etc. I used the simplest grid because it was the easiest to calculate and it
mimicked the box counting technique.
Note that if a site was outside the grid of shovel tests, I considered it outside the
project area, or region of interest, and I did not count it as a site for the purpose of
calculating the success rate. You could argue that I should include a buffer equal to half
the shovel test interval around the grid. If I had that would have reduced the success rate
a bit because a couple of sites would have fallen within the project area but would not
have been detected. Of course, in real life, it is possible to dig your outer transects of
shovel tests up against the project area boundary to reduce this kind of edge effect.
These results show that regular shovel testing is in fact quite successful at
intersecting fractal patterns of sites, at least in the Oaxacan data. I think our success rates
exceed those in the simulation literature. I imagine that the difference is due to the fractal
topology of the sites, which fill space in a manner that is qualitatively different than
Euclidean shapes, like circles or ovals.
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VII. CONCLUSION
The distributional characteristics of archaeological sites are one of the most
fundamental aspects of archaeology. They are used to describe population estimates, find
optimal survey techniques, and to test the efficiency of current ones. The distribution of
sites allows archaeologists to study how society evolves from simple to complex forms.
The distribution and the evolution of archaeological sites are topological problems. This
study has provided a method for accurately describing the topology of prehistoric sites in
a well-surveyed region.
I failed to prove the null hypothesis that the topology of sites within the Valley of
Oaxaca does not display a fractal pattern. Therefore, I quantified the prehistoric site
distribution in the Valley by measuring the fractal dimensions of arbitrarily selected subregions within the Valley. I further characterized the distribution by testing for the subregions’ lacunarities as a quantitative method for measuring their texture, or the
heterogeneity. Between the fractal dimension, which describes the space-filling quality of
a pattern in relation to site size distributions, and the lacunarity, which further describes a
pattern through analysis of mass distribution, I effectively measured both the degree that
the pattern changes at varying scales as well as the distribution of the densities of this
pattern at different scales. The fractal dimensions of the sub-regions were closely related
to each other and very fractional. The higher the fractal dimension, the more extreme the
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power-law relationship among site sizes. The higher the lacunarity of the region of
interest, the more lacunar (or clustered), the distribution.
After conducting a shovel test simulation utilizing the actual distribution of the
sites within the Valley of Oaxaca, I determined that current archaeological survey
practices are in fact efficient and effective survey methods. The percentage of
successfully intersected archaeological sites with a 100 m grid interval were 78%. This
increased to 100% at a 50 m grid interval. These statistics are certainly not “grim” as
previous simulation analysts have reported.
A number of very interesting patterns can still be inferred from these results and
there is much more left to do with this research. Further research that can be conducted
include: 1) Exploring the frequency distribution of site sizes and relate that information
specifically to the lacunarity and fractal dimensions. 2) Examining the evolution of site
distributions over time by analyzing the fractality and lacunarity of site components
separately and then comparing them. 3) Determining if other culture regions demonstrate
fractal distributions. Perhaps different cultures will display consistently different
dimensions. 4) Experimenting with the lacunarity and the known probabilities of gap
sizes/tremas to simulate a pixelated distribution map similar to the actual distribution.
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