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Abstract  21 

The morphological architecture and distribution of modern and ancient carbonate systems has 22 

been shown to follow spatial-self-organization, however, limited studies describe the 23 

morphometrics of microbial carbonates. Upper Cambrian microbial-build-ups outcropping in 24 



Central Texas, are exposed laterally (plan view), enabling a study of their morphological 25 

architecture and spatial distribution. Drone imagery was acquired to capture the outcrop features 26 

and develop a digital terrain model (cm scale resolution) for a bedding plane outcrop (600x200 27 

m in size). Four scales of microbial growth (S1- few dm, S2- few m, S3- few tens of m, and S4- 28 

few hundreds of m) were identified and mapped. A series of morphometric analysis including 29 

Ripley’s k, univariate, multivariate, and grouping were conducted and results demonstrate that, 30 

the scales S1, S2, and S3 display clustering and the spatial organization of microbial-buildups is 31 

naturally organized and not random. Further, as the size of the build-ups increases (from S1-S4), 32 

the anisotropy (length/width) increases, their shape becomes oblong, and they become aligned 33 

(S2-S4) with the inferred regional winds and tide-associated currents (NE-SW according to the 34 

present geography). The S1 scale does not align itself with the regional currents; instead, the 35 

build-ups behaved as a baffle during growth, and modified the currents locally, leading to 36 

preferential alignment at the edges within S2. As the scales increases in sizes (S2, S3, S4), there 37 

is competition for space, and due to regional currents, the larger scales preferentially align 38 

parallel to high-energy currents. The trends and spatial relationships identified in this study are 39 

particularly relevant and provide a scenario for sub-seismic scale heterogeneities for subsurface 40 

microbial hydrocarbon reservoirs. 41 
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1. Introduction 46 



Microbialites remain a topic of great interest as they represent the earliest signatures of 47 

life on the Earth (Riding, 2006, 2011; Woo & Chough, 2010; Knoll, 2015) and are common 48 

subsurface hydrocarbon reservoirs (Mancini et al., 2010; Al Haddad et al.2013; Mancini et al., 49 

2013). Their structure and morphology are also used as analogs to extraterrestrial signatures of 50 

life on Mars (Allwood et al., 2006; Bianciardi et al., 2014). Microbialites form via interactions 51 

between microbial communities and physical processes of sedimentation (Knoll, 2015). The 52 

microbial mat either traps and binds fine sediment particles and/or induces carbonate 53 

precipitation (Walter 1976; Burne and Moore, 1987; Bosak et al. 2013). Even through modern 54 

microbialites are rare (Dravis, 1983; Dill et al., 1986; Reid et al., 2003; Ginsburg and Planavsky, 55 

2008; Suosaari et al., 2016) in today’s metazoan dominated reef systems, they were dominant 56 

reef builders in the geologic past, and particularly during the Pre-Cambrian (Grotzinger and 57 

Knoll, 1999). Metazoans were prominent reef builders throughout the Phanerozoic (Riding, 58 

2006), however, following mass extinction events, microbialites were the first to establish and 59 

flourish (Schubert & Bottjer, 1992; Lehrmann, 1999; Riding, 2006). Following the Middle 60 

Cambrian mass extinction (Boucot, 1990; Kiessling, 2009), microbialites developed extensively 61 

in the Upper Cambrian (Furongian) within shallow seas of tropical Laurentia, Baltica, Siberia 62 

and Gondwana (Lochman-Balk, 1970; Lee et al., 2015).  63 

Marine transgression and subsidence during the Cambrian drowned one third of the 64 

Laurentian craton and developed epicratonic seas allowing deposition of extensive carbonates 65 

(Great American Carbonate Bank - GACB; Golonka, 2007 and references therein) including 66 

widespread microbialite deposits (Lochman-Balk, 1970; Lee et al., 2015; Khanna et al., 2020; 67 

Lehrmann et al., 2020). The Furongian microbialites developed macroscopic morphologies such 68 

as build-ups or mats, mesoscopic forms such as stromatolitic columns or thrombolitic growth, 69 



and microscopic features such as Girvanella, Epiphyton, Renalcis and other individual 70 

components (Lee et al., 2015). Amongst the known GACB microbialites (Lee et al., 2015 and 71 

references therein), the microbialites have been mapped in Central Texas within the Point Peak 72 

Member of the Wilberns Formation over an 8000 km2 area (Fig 1; Khanna et al., 2020 and 73 

references therein). In Central Texas, most of the microbial exposures are expressed along cliff-74 

like outcrops, but locally a few pavements offer the possibility to follow isochronous surfaces 75 

(Khanna et al., 2020).  76 



 77 

Figure 1 A) Stratigraphic column for Cambrian strata of the Llano Uplift (modified from Kyle and 78 

Mcbride, 2014). The microbial build-ups within the upper Point Peak Member of the Wilberns Formation are the 79 

focus of this study (red rectangle). Legend: Blue color – limestone, Purple- dolomite, Yellow- sandstones, Green –80 

shales, Red - granites; B)  Paleogeographic map during Late Cambrian (Blakey, 2013) displaying Laurentian 81 



continent just south of Equator. Red outline is representing Texas and the black star locates the study area (Mason 82 

County, Central Texas). A north arrow is represented by a white N symbol. C) James and Llano Rivers, and Mill 83 

Creek (Central Texas, Mason County), incise the Upper Cambrian Point Peak Member and expose the build-ups on 84 

the cliffs and pavements. The red rectangle on the James River outcrop is the focus of the study. The solid yellow 85 

ellipse is the location of Mitch herm in Fig. 2.   86 

The pavement outcrop along the James River (600 x 200 m; Fig. 1C) provides a time-line 87 

exposure (upper Point Peak microbial unit – Khanna et al., 2020) and displays four scales of 88 

buildup growth primarily viewed during the initiation of build-up growth (Khanna et al., 2020). 89 

A detailed analysis of the four scales should provide a wealth of information regarding the 90 

biological and physical factors impacting build-up growth, in addition to the paleo-environment 91 

conditions in which they grew. 92 

 Quantitative geological shape analyses are based on geometry, pattern recognition or 93 

morphometrics (MacLeod, 2002). Mathematically, geometry is the study of shape and its 94 

properties, whereas, pattern recognition attempts to identify a design within the image frame 95 

(Gonzalez and Wintz, 1977; Baxes, 1984; MacLeod, 2002). In geoscience, morphometrics is a 96 

quantitative analysis of depositional elements and associated habitats, a concept that 97 

encompasses size, shape, and complexity (Purkis, 2018 and references therein). In carbonate 98 

sedimentology, morphometrics not only allows quantitative analysis of the modern and the 99 

ancient carbonate accumulations individually but also comparatively –referred to as 100 

‘comparative sedimentology’ (Schlager & Purkis 2015; Purkis & Harris 2017). Generally, it is 101 

easier to conduct morphometric analysis over modern systems as they represent a single time line 102 

and display real-time lateral facies/geobodies architecture and relationships (Rowlands et al., 103 

2014; Purkis, 2018). Exposures of lateral facies/geobodies along a single time-line in the rock 104 

record are rare, thus, the Upper Cambrian microbial build-ups from Central Texas described by 105 



Khanna et al. (2020) and Lehrmann et al. (2020) which are the focus of this study, provide a 106 

valuable addition to morphometric datasets for comparative sedimentology. The authors 107 

understand that one relatively small pavement (600x200m) might limit references that can be 108 

made from morphometric analyses, however, surrounding vertical cliffs show other key aspects 109 

and scales of the buildups and reinforce observations made on the pavement (Khanna et al., 110 

2020; Lehrmann et al., 2020).  111 

The Point Peak Member of the Wilberns Formation has been characterized in terms of 112 

regional facies (Bridge et al., 1947; Ahr, 1971; Spincer, 1997), biostratigraphy (Miller et al., 113 

2012), sequence stratigraphy (Morgan, 2012), and palaeoecology (Ahr, 1967, 1971; Ruppel and 114 

Kerans, 1987; Spincer, 1997). Recent efforts have characterized the microbial mounds and 115 

associated facies, and explored the role of sea-level fluctuation, siliciclastic flux and sediment 116 

reworking by currents in such depositional systems (Proctor et al., 2019; Lehrmann et al., 2020; 117 

Khanna et al., 2020). The goal of this study is to quantitatively analyze the microbial build-ups to 118 

identify statistically significant spatial clusters or spatial outliers, patterns of clustering or anti-119 

clustering, and spatial relationships over the various observed scales, in addition to providing 120 

insight to factors that influenced buildup growth. The results generated in this study may be used 121 

for quantitative comparison of systems, predictor or response features for inferential and 122 

predictive models, and input parameters as geobodies for object-based geostatistical subsurface 123 

reservoir models (Pyrcz and Deutsch, 2014). 124 

 125 

2. Geological and Stratigraphic Context 126 

 2.1 Late Cambrian of Central Texas  127 



The Moore Hollow Group lies unconformably on the Llano Precambrian basement in Central 128 

Texas, spanning in age from the Middle Cambrian to early Ordovician (Figure 1A; Garrison et 129 

al., 1979; Blackburn et al., 2017). The Group consists of two Formations: (1) the Riley (Middle 130 

Cambrian) and the Wilberns Formation (Late Middle-Cambrian – Early Ordovician). The 131 

Wilberns Formation consists of four Members, which are – the Welge sandstone, Morgan Creek 132 

limestone, Point Peak, and San Saba (Paige, 1911; Bridge et al., 1947). The Late Cambrian strata 133 

representing the Point Peak Member were informally divided into lower and upper Point Peak 134 

based on a fossil marker horizon - the Plectotrophia zone (Khanna et al., 2020). Both, the lower 135 

and upper Point Peak, have microbial biostromes and/or bioherms (or build-ups).  This study 136 

focuses on the larger microbial build-ups in the upper Point Peak, which are exposed along the 137 

James and Llano Rivers, and Mill Creek in the southwest corner of Mason County (Bridge et al., 138 

1947; Ahr 1967, 1971; Khanna et al., 2020; Lehrmann et al., 2020).  139 

2.2 Upper Point Peak - Microbial build-ups 140 

 The Llano River and Mill Creek expose the upper Point Peak in vertical cross-sections, 141 

commonly displaying mixed carbonate-siliciclastic strata at the base of the cliff underlying a 142 

pure carbonate system during which the larger microbial build-ups became established (Fig 2; 143 

Khanna et al., 2020; Lehrmann et al., 2020). The clearly marked abrupt lithological transition 144 

from mixed carbonate-siliciclastic strata to pure carbonate is referred to as the ‘Switch’ level 145 

represented by a  discontinuous transgressive lag of rip-up clast lenses (Khanna et. al., 2020). 146 

The microbial build-ups grow up to 14 m in thickness and several 10’s of m in width and are 147 

surrounded with thick skeletal and oolitic grainstone/packstone beds, intercalated with thin 148 

mixed carbonate-siliciclastic silty beds (Khanna et al., 2020; Lehrmann et al., 2020). These 149 



microbial build-ups are interpreted to have grown in a subtidal setting during an overall 150 

transgression (Khanna et al., 2020).   151 

 152 

Figure 1 A) Zesch Cliff (modified from Khanna et al., 2020), exposing upper Point Peak microbial build-ups of the 153 

Wilberns formationa along the Llano River. The build-ups are 10-15 m thick and about 30-90 m in apparent 154 

length/width along the Llano River and named Mitch, Patsy and Gene, respectively. This outcrop is approximately 155 

one km from the James River microbial build-up outcrop (in Fig. 3). B) “Mitch Herm” and coeval sediments 156 

showing three phase morphological evolution and the inter-build-up sediments. The microbial build-up is 157 

interpretted to grow in three phases – Phase 1 (colonizing phase), Phase 2 (aggradation and lateral expantion, and 158 

Phase 3 (capping phase; Khanna et al., 2020). Legend – Phase 1 Rind – green, phase 1 interior- light green, Phse 2 – 159 

red transparency, Phase 2 stromatolotic columns – red lines, Phase 3 – between black solid and dashed line, 160 

interbuildup grainstones – orange transparency, interbuildup hetrolithic unit – blue transparency (Khanna et al., 161 

2020). 162 



 163 

 164 

Figure 3 A) James River Pavement represents an isochronous surface mostly though Phase 1 growth (red outlines). 165 

At a few locations within the pavement, Phase 2 and 3 are also identified (blue outline), which are always a little 166 

higher in elevastion than Phase 1. Further, the adjacent cliff also exposes Phase 2 and 3 as described in B and C. B) 167 

An oblique view of the digital elevation model of the James River with blue representing lows (~408 meters above 168 

sea-level -masl) and red representing highs (~448 masl). The black rectangle in A and B represents the cliff which 169 



exposes Phase 2 and 3. C) An orthogonal view looking at the James River cliff (facing SE), displaying Phase 1 on 170 

the river floor, and Phase 2 and 3 on the adjacent cliff. Build – ups are named Don, Rosie, Andre, and Matt after the 171 

oweners of the Ranch. 172 

 Detailed study of the growth morphology of the microbial build-ups divided them into 173 

three distinct growth phases (Fig 2B; Khanna et al., 2020). ‘Mitch Herm’ (Fig. 2B), exposed 174 

along the eastern side of Zesch Cliff on the Llano River, clearly illustrates the overall evolution 175 

of the build-ups, from their establishment, three-phase growth, and ultimate demise (Khanna et 176 

al., 2020). The James River pavement exposes an isochronous surface mostly through Phase 1, 177 

focus of this study, and to a less extent, Phase 2 and 3 (Fig. 3), where the microbes established 178 

(in Phase 1) on low relief lenses of flat rip-up clasts interpreted as a transgressive lag (Khanna et 179 

al., 2020). Based on the morphology, Phase 1 build-ups display well-defined margins, referred to 180 

as a thrombolite rind, enclosing numerous stromatolite columns in the build-up interior (Khanna 181 

et al., 2020). In addition to calcimicrobes Renalcis, Girvanella, Tarthinia and the lithistid sponge 182 

- Wilbernicyathus donegani, the Phase 1 rind is mostly micritic (Khanna et al., 2020). The inter 183 

build-up sediments contemporaneous to Phase 1 consist of 1 to 2 m-thick skeletal to oolitic 184 

grainstone to packstone beds dipping towards the build-up rinds.  185 

 The microbial build-up polygons (Fig. 3A) represent a qualitative interpretation of 186 

clustering of microbial bodies and demarcate contacts between microbial bodies and inter-build-187 

up grainstone. In the river valley the polygons represent simply modern outcrop extent and abut 188 

against water in the river valley (Fig. 3). Phase 1 microbial build-ups in the James River are 189 

defined by their outer thick micritic rinds and are represented by red polygons (Fig.3A), whereas 190 

blue polygons represent Phase 2 and 3 growth and are relatively higher in elevation than Phase 1 191 

(Fig. 3B and C). Phase 2 and 3 growth over the red polygons was eroded in the center of the 192 

James River more-so than the banks. A cliff, up to 50 m high (Fig. 3C), representing the 193 



southwestern part of the James River outcrop (black rectange in Figs. 3 A-B), shows up to 10 m 194 

of Phase 2 and Phase 3 (on the cliff) attached to Phase 1 on the James River pavement (Khanna 195 

et al., 2020). Initial examination of Phase 1 build-ups revealed four different scales of clustering 196 

(Khanna et al., 2020; Fig. 4). From the smallest to largest, these scales are defined as S1, S2, S3 197 

and S4. The S1 scale (few decimeters across) is represented by mostly circular microbial 198 

columns, clustered to develop the S2 scale (few meters). S2 scale build-ups cluster to form the 199 

S3 scale (few tens of meters across), and the S3 scale cluster to develop  S4 (few hundreds of m 200 

across; Fig. 4; Khanna et al., 2020).  201 



 202 



Figure 4 Scaling relationships within the growth Phase 1 (colonizing phase) of the microbial build-ups. Four scales 203 

of growth are present, defined as S1, S2, S3 and S4. S1 is the smallest mappable scale (few decimeters in scale) and 204 

building block of the microbial geobodies. S2 (few meters in diameter) consists of several S1’s, S3 (few tens of 205 

meter in diameter) consists to several S2’s, and S4 (S4 being the largest scale - few hundred of meters in dimension) 206 

consists of several S3’s. A black rectangle over the S4 (southern in the panel) shows the location of an S3 within 207 

that are several S2’s, and within S2’s are S1’s. This is the only location where S1 can be mapped properly on the 208 

James River floor as it is not exposed well in most of the locations.  209 

3. DATA COLLECTION, MAPPING, AND MORPHOMETRIC ANALYSIS 210 

 211 

3.1 Photogrammetry Data and Processing 212 

 Camera Wings Aerial Photography (Austin, TX, USA) was hired to conduct an aerial 213 

photography survey with a drone (quadcopter) equipped with a Sony NEX-7, 24.3 MP camera 214 

(Sony, Tokyo, Japan), the highest resolution camera available at the time of the data acquisition. 215 

The drone included a gimble (to maintain the camera in a horizontal position during acquisition) 216 

and a GPS to record the geographical position and elevation at which the photographs were 217 

taken. The aerial survey was conducted in February 2014 to collect digital photographs. For the 218 

James River outcrop, the drone was assigned to fly an automated flight path 40 m above the 219 

ground. During the data collection, 90% overlap was kept and a total of 540 photographs were 220 

collected in three flights. Markers were placed in the field on the James River pavement before 221 

the drone survey, and the precise locations for several markers were collected using DGPS 222 

(differential GPS) with data post-processing yielding an accuracy of 10 cm. A Trimble Total 223 

Station unit (Trimble, Sunnyvale, CA, USA) was used to determine the location coordinates of 224 

all the markers in a local coordinate system with a millimetre accuracy.  225 



 The digital photographs and camera positions, saved in EXIF file format (Exchangeable 226 

Image File Format), were imported to Agisoft Photoscan 1.0 for processing (Newest version is 227 

called Agisoft Metashape) to build virtual outcrop models. The Align Photograph tool (in 228 

Agisoft Photoscan) was used to refine the camera position for each photograph and to build an 229 

initial sparse 3D point-cloud model in a random 3D coordinate system. A build-mesh tool was 230 

selected to create a polygonal mesh that uses the 3D point cloud to make edges, vertices, and 231 

faces. To geo-reference the location of the model, ground control points were integrated with the 232 

polygonal mesh. The geo-referenced model was used to build a dense point cloud to further build 233 

a dense high-resolution mesh. The final step to create a virtual outcrop model included building a 234 

texture of the 3D mesh model. The virtual outcrop model was exported in three different file 235 

formats, TIFF file format (exports an orthophotograph of the outcrop), DEM (Digital Elevation 236 

Model in xyz format) and KMZ (Google Earth readable file format). 237 

 238 

3.2 Mapping Phase 1 and associated Uncertainties 239 

 Due to the similarity in color as well as reflectivity of the different facies and partial 240 

masking combined with non-stationarity, it is difficult to conduct an unsupervised classification 241 

to map the outlines of the first phase build-ups. The build-ups, therefore, were mapped manually 242 

(Fig. 5) in Arc GIS 10.1. The total number of polygons mapped for each scale are, S1 (n=1101), 243 

S2 (n=260) and S3 (n=51). Due to statistically few number of S4 exposed on the James River 244 

pavement, morphometric analysis was not conducted for this scale, however, visual observations 245 

were made.  246 

 Two sources of error are inherent in the workflow: (1) distortion in the orthophotograph 247 

developed in Agisoft, and (2) the manual interpretation itself. The errors and uncertainties of the 248 



digital terrain model (DTM) are calculated in Agisoft. The error estimates for James River are on 249 

the order of less than 1%. The estimated error based on manual interpretation is projected to be 250 

less than 5%; given the goal of this study is to compile multi-scale summary statistics and not to 251 

precisely map outcrop with local accuracy, error is neglected, and uncertainty is not further 252 

integrated into this study.  253 



 254 

Figure 5 Arc G.I.S. 10.1 was used to map the S1, S2 and S3 polygons on the James River pavement. A) S1 255 

scale build-ups are mapped with red outlines. The location where the S1 polygons are mapped in the 256 

James River is located in B and C in yellow rectangle. B) S2 scale buildups are mapped with blue outlines 257 

and C) S3 with purple outlines.  258 

 259 



3.3 Morphometric Analysis 260 

 3.3.1 Ripley’s k analysis 261 

 Ripley’s K function evaluates the structural characteristics (clustered, random, or regular) 262 

of spatial point patterns over multiple spatial scales (Ripley 1976, Dixon 2002). In simpler terms, 263 

it is a tool that analyses the clustering or dispersion of point features (in this study centroids of 264 

polygons). The method applies circles of variable radius centered at each data point and 265 

compares the frequencies of neighboring data points falling in each circle to the expected 266 

frequencies from complete spatial random sets of points. This calculation is standardized to 267 

produce a K function, such that plotted frequencies points within the circles vs. circle radius fall 268 

on a straight line for the case of complete random distribution.  The blue line (Fig. 6) indicates a 269 

random distribution and data point falling above that line are defined as clustered and below as 270 

dispersed (Scott and Janikas, 2010). In this study, Arc G.I.S. 10.1 Ripley’s function has been 271 

utilized. 272 

 3.3.2 Univariate analysis 273 

 In univariate analysis only one variable is analyzed at a time (King and Eckersley, 2019, 274 

and references therein). Numerical and visualization techniques have been used to summarize the 275 

univariate data statistics (King and Eckersley, 2019). In this study, cumulative probability values 276 

are used to concisely display large datasets numerically, which include, P90 (90% of the data 277 

points are higher than P90), P50 (median), and P10 (10% of the data points are higher than P10; 278 

Table 1). Cumulative probabilities are often visualized in cumulative distribution function (CDF) 279 

plots and in this study histograms are used (the derivative of the CDF) to visualize the univariate 280 

distributions (King and Eckersley, 2019). The histograms displays a distribution of all possible 281 

values of an attribute (x axis) vs frequencies (y axis) and could be either unimodal, bimodal or 282 



multimodal (where mode refers to set of values that appear most often). In this study the 283 

histograms show unimodal distribution. A unimodal distribution is classified by a single peak 284 

which reduces in thickness on either side and is called as a tail (left and right tail). The 285 

distribution of values could lead to a peak closer to one tail, and is defined by skewness. 286 

Skewness is measure of asymmetry of distribution of all values and can be positive, negative, or 287 

zero (Doane and Seward, 2011). Kurtosis is used to describe the characterizes of tails in the 288 

histogram, where wider tails represent presence of outliers, whereas narrower tails represent lack 289 

of outliers.  290 

 291 



Table 1 –Numerical univariate analysis to describe the P10, P50, and P90 values of S1, S2 and 292 

S3 scale. The attributes studied are width, length, area, perimeter, orientation, anisotropy, 293 

circularity, eccentricity, and compactness. 294 

  295 

 3.3.3 Multivariate analysis  296 

 Multivariate analysis is a useful technique to identify dependencies between (multiple) 297 

attributes, assisting in recognition of common patterns in data distribution, and pointing out 298 

unique attributes and facilitating their interpretation (Jolliffe 2002; Castellano et al. 2007). In this 299 

study, attribute is defined as a characteristic of a polygon (S1, S2 or S3). A total of nine 300 

attributes - width, length, area, perimeter, orientation, anisotropy, circularity, eccentricity, and 301 

complexity are analyzed in this study. Correlation matrixes are used to conduct multivariate 302 

(pair-wise) statistical analysis with all the nine attributes on both x and y axis. Thus, there are a 303 

total of 81 boxes in the correlation matrix, each representing the correlation between two 304 

attributes. Nine boxes by default represent comparison of an attribute with itself, represented by 305 

dark green color, which by design is 1.0 (perfect correlation). The remaining 36 boxes on either 306 

side of the dark green band represent identical comparisons of two metrics (correlation of 307 

attribute A and B is the same as the correlation of attribute B and A). One set of 36 boxes is 308 

displayed, therefore, with the correlation coefficients and a matrix scatter plot represents the 309 

other set of 36 boxes. The correlation coefficients have a value from -1 to 1. If the value is 1, -1 310 

or near to them, then the relationship between the two metrics is positively or negatively linear, 311 

respectively. If the value is 0 or close to zero then there is an absence of a linear relationship 312 

between the attributes. 313 



 3.3.4 Grouping Analysis 314 

 In this study, the automated grouping analysis (conducted for ‘unique attributes identified 315 

by multivariate – correlation matrixes) tool within the spatial statistics toolbox in Arc G.I.S 10.1 316 

is used. The automated grouping defines a ‘metric’ (a measure) which represents the aggregate 317 

of within-group similarity and the between-group dissimilarity (Vogel and Wong, 1979).  This 318 

metric increases as samples within the groups are more similar and as the groups are more 319 

dissimilar from each other. This analysis uses a ‘top-down’ approach, where all samples begin in 320 

the same group and a series of hierarchical splits are found. At the start, there are two groups and 321 

then one of the two groups is split into two groups, resulting in three groups and so on.  The 322 

splits are selected in a way to have the best split to maximize the metric. The splits continue in 323 

sequence until a user specified maximum number of groups or an optimum number of groups is 324 

found based on the above maximization (any further splits result in a lower metric). The highest 325 

metric defines the optimum number of groups in which the attributes can be grouped.  326 

    327 

4 . Morphometric Analysis 328 

 Four morphometric analysis techniques (Ripley’s K, univariate, multivariate, and 329 

grouping) are used to characterize the distribution and identify the trends of the microbial build-330 

ups growth on the James River floor by utilizing the centroid of all the mapped polygons in the 331 

scales S1, S2, and S3 (Fig. 3-5). As mentioned before, S4 scale has fewer number of data points 332 

and hence not included in this analysis. The outcome of this study is expected to detect the 333 

change in the spatial dispersion characteristics of point patterns in response to, for example, 334 

energy conditions. Nine attributes are identified for each mapped polygon of each scale (S1,S2, 335 



and S3), which includes – length (longest axis), width (perpendicular to longest axis), area, 336 

perimeter, orientation, anisotropy, circularity, eccentricity, and compactness. The four analysis 337 

together are conducted to identify: 338 

(1) The degree of clustering vs dispersion in each scale (if the mapped polygons in each scale 339 

lie in close proximity to each other or are randomly distributed in the study area) 340 

(2)  How are the values of every attribute distributed (for eg. lengths of S1, S2, or S3, are 341 

either widely distributed without a peak frequency, or do they show peak frequency and 342 

occur in a specific range).  343 

(3) Which attributes are meaningful (referred in this study as ‘unique attributes’, such that 344 

each represents different information and are not dependent on each other. 345 

(4) Identifying how unique attributes are tied together, which would lead to defining trends 346 

between and across the scales S1, S2, and S3. 347 



 348 

 349 

Figure 6 Spatial statistics toolbox in Arc G.I.S. 10.1 was used to conduct Ripley’s K analysis for S1, S2 and S3 350 

scale. Ripley’s K used the centroid locations of all polygons in S1- S3. This anlysis develops a K function, which 351 

identifies if the data is clusterd/ random/ dispersed. Legend – blue line represents neither clustering nor dispersion. 352 

The red lines represent the K function calculated for S1, S2 and S3 (see methodology for description). S1 shows 353 

clusterting until the radius value 4.3, greather than which it displays dispersion. S2 shows clustering until 55 m of 354 

radius, greater than which it displays dispersion. S3 shows clustering only for radius value between 25 to 35 m, 355 

other than which it shows  dispersion. 356 

 357 

 4.1 Ripley’s K analysis 358 



 The Arc G.I.S 10.1, spatial statistical toolbox is used to carry out Ripley’s K analysis for 359 

scales S1, S2 and S3 (Fig. 6). K function (blue line, Fig. 6) is a diagonal line and represents 360 

boundary between clustering and dispersion. The red line (Fig. 6) represents the results for S1, 361 

S2, and S3 (the data is clustered if the red line is above blue line and is dispersed if it is below). 362 

In general, the point dataset of S1, S2, and S3 displays both clustering and dispersion. The 363 

clustering and dispersion are associated with different range of circle radius, as defined in the 364 

methodology. For S1, clustering occurs with the radius from 0.5 to 4.3 m, S2 from 5 to 54 m, and 365 

for S3 from 25 to 35 m. Statistically significant dispersion is identified for S1 with the circle 366 

radius >4.3 m, for S2 >55 m, and for S3> 35 m.  367 

 The first inference from this analysis is that, across scales (S1,S2, and S3), significant 368 

clustering of polygons (which represent build-ups) occurs and that their distribution is not 369 

random. Secondly, for each scale, the clustering exists until a defined range of circle radius, and 370 

leads to dispersion if circle radius is increased. This leads to a second inference, that each scale 371 

clustering is size dependent. Further analysis (univariate, multivariate, and grouping) are utilized 372 

to understand the size, shape, and complexity of each scale. 373 

  374 



 375 

Figure 7 Univariate analysis visualizations with histograms (for anisotropy) and rose diagrams (for orientation). A), 376 

B), and C) mapped polygon, overlain on outcrop image, with histograms for S1, S2 and S3 scales. The polygons are 377 

color coded with anisotropy values. Histograms in all the three cases show unimodal distribution and positive 378 



skewness. C), D), and E) represents mapped polygon overlain on outcrop image as in A), B) and C), however, in 379 

these cases the polygons are color coded with orientation values for each scale and also display rose diagrams. S2 380 

and S3 display strong NE-SW orientation; however, S1 does not show strong orientation trends. 381 

4.2 Univariate Analysis  382 

 Size, shape, and complexity are numerically described (for S1, S2, and S3) with the help 383 

of univariate analysis (Table 1). The attributes length, width, perimeter, area, anisotropy, 384 

circularity, eccentricity, compactness, and orientation are computed for each polygon using Arc. 385 

G.I.S 10.1. The probability values (P90, P50, and P10; Table 1) are used to demonstrate the 386 

numerical differences within the scales S1, S2, and S3, and allows for comparison between them.  387 

 The P50 of width and length for S1 is approximately a few decimeters in scale, for S2 is a 388 

few meters in scale, and for S3 is a few 10’s of meters is scale. Perimeter and area of S1, S2, and 389 

S3 also show similar sized trends. P50 anisotropy (length/width) for S1 is 1.51, for S2 is 1.56, 390 

and for S3 is 1.76, demonstrating that S3 is most anisotropic (elongate), S1 is the least and S2 391 

lies between S3 and S1. Circularity and eccentricity show inverse relationships, where S1 is 392 

relatively more circular than S2, and S2 is more circular than S3, whereas S3 is more eccentric 393 

than S2, and S2 more eccentric than S1. No straightforward trends can be identified from 394 

orientation or compactness based on simple numerical univariate analysis. In summary, S1 is a 395 

few decimeters, S2 a few meters, and S3 a few 10’s of meters in scale, and relatively, the S3 396 

shape is more elongate than S2, and S2 is more elongate than S1.  397 



 398 

Figure 8 A) Microbial buildups- representing Phase 1 colonization phase within the James River. The yellow dashed 399 

line represents the regional wind and tide associated current direction (NE-SW), whereas white dashed lines with 400 

arrows represent possible interaction of current energy with S1 scale microbial growth. The red rectangle represents 401 

the area where S1 scale was mapped (exposed and not covered by modern sediments). B) and C) Zoom-in to S1 402 

scale, with upper panel color coded with area represented by each polygon, and lower panel color coded with 403 

orientation representing each panel. Legend for shape – Red to blue (larger to smaller), for orientation – N-NE-E 404 

represented by yellow to green, whereas N- NW-W represented by yellow to red. Black arrows and yellow dashed 405 

lines represents local and regional direction of current energy. 406 

  407 

 For visualization of univariate analysis, anisotropy and orientations of scales S1, S2, and 408 

S3 are displayed (Fig. 7 and 8). Histograms are used for anisotropy and rose diagrams for 409 

orientation along with the background of the outcrop superimposed with mapped polygons (Fig. 410 

7A-C, 8). Anisotropy histograms for S1, S2, and S3 shows unimodal distribution and positive 411 

skewness, with wider right tails (see methodology for description) representing outliers. Further, 412 



the rose diagrams for S2 and S3 show preferred NE-SW alignment, parallel to the regional winds 413 

and tidal currents direction (Khanna et al., 2020), whereas the rose diagram for S1 shows no 414 

significant preference.  415 

 The results demonstrate that the anisotropy of the natural system (of build-up shape) is 416 

not random. They also show, that the orientation of the different scales is influenced by the size, 417 

where the bigger the scale, more the natural system tends to be preferentially oriented towards 418 

NE-SW. Additionally, as the size increase, the space available to accommodate the lateral 419 

growth also decreases, hence for a sustainable growth, the S2-S4 scales develop parallel to the 420 

regional currents. 421 

 On a closer look at the size and orientation of S1 polygons (Fig. 8) additional trends are 422 

identified. First, within S1, larger polygons tend to align towards the west (colored in red-423 

orange), and smaller polygons towards the east (yellow-green-blue). This is potentially because 424 

the regional wind-driven currents coming from the NE (present-day direction) are modified as 425 

they arrive within the microbial build-up belt, where the build-ups act as baffles to the regional 426 

currents, modifying them locally (Fig. 8). Further, the higher energy and possibly nutrient-rich 427 

conditions might have caused the development of more robust and larger S1 build-ups on the 428 

western edges of the medium-scale build-ups, shadowing the microbial growth behind and 429 

leading to smaller – S1 build-ups. It is also possible that the larger and smaller features within S1 430 

are a function of differential erosion and uneven cut on the James River Pavement.  431 



 432 

 433 

Figure 9  Multivariate analysis - correlation matrix for S1, S2 and S3 scales. The analysis 434 

dispalays correlation plots and coorelation values for the attributes – width, length, area, 435 

perimeter, orientation, anisotropy, circularity, eccentricity, and compactness. Legend: green – 436 

attribute compared to itself, light green – positive correleation – red- negative correlation.  437 



4.3 Multivariate Analysis 438 

 This technique is utilized to discard redundant attributes by identifying attributes which 439 

provide unique information. The correlation matrix – multivariate analysis tool is used for this 440 

study. Plotting all the attributes against each other for each scale (S1, S2, and S3), 81 correlations 441 

are examined (Fig. 9). Nine boxes by default represent comparison of an attribute with itself, 442 

hence 1 is written as a correlation value. On either side of these 9 boxes, 36 boxes are present, 443 

which represent identical correlation on the other side, hence one is displayed with the 444 

correlation plot and the other with correlation value.  445 

 Three similar multivariate relationships are recognized for the S1, S2, and S3 scales. 446 

First, there is a strong positively linear relationship between width, length, area, and perimeter. 447 

Second, there is a strong positive linear relationship between anisotropy, eccentricity, and 448 

compactness. Third, circularity has a negatively linear relationship with anisotropy, eccentricity, 449 

and compactness. Additionally, no linear relationships for orientation were found. Therefore, 450 

these attributes can be grouped into a total of four groups, each of which provides unique 451 

information based on the multivariate correlations. The attribute groups are: first –width, length, 452 

area, and perimeter, second – anisotropy, eccentricity, and compactness, third circularity, and 453 

fourth orientation. In grouping analysis one attribute representing each group is utilized. 454 

 455 



 456 

Figure 10 Arc G.I.S. 10.1 spatial stastistics toolbox is used to conduct the grouping analysis for 457 

S1, S2 and S3 scales. The four ‘unique attributes’ identified from the multivariate analysis 458 

correlation matrixes are used in this analysis (length, compactness, orientation, and circularity). 459 

This analysis identified two optimum groups each within S1, S2 and S3, to display the trends and 460 

relationships. The groups are cloured in blue and red.   461 



 462 

4.5 Grouping Analysis    463 

 The Arc G.I.S 10.1 grouping analysis tool in spatial statistics toolbox is utilized for this 464 

technique. This technique is applied to four attributes – length, compactness, orientation, and 465 

circularity, to identify trends within and between the scales (S1, S2, and S3). Based on the four 466 

attributes (mentioned above), the grouping tool identified the highest metrics when splitting the 467 

dataset only into two groups in all the scales (S1, S2 and S3). Mean, standard deviation, 468 

minimum and maximum values for each group are listed in Fig. 10, where blue and red represent 469 

the two groups. Box plots are used to display how the values within an attribute vary. To display 470 

those values together, an x-axis with standardized values is plotted. The analysis demonstrates 471 

that as the length (longest axis of a polygon) is increasing (from blue to red), the circularity and 472 

compactness is decreasing. Further, the blue group has a general orientation towards NW-SE 473 

direction, and the red group towards NE-SW direction. The S1 does not show a preferred 474 

orientation with respect to length. These results are in-line with what was identified in the 475 

univariate and the multivariate analysis. The value of this analysis above the univariate and 476 

multivariate is that this technique identifies groups within an attribute with similarities and 477 

dissimilarities. If this analysis had identified more than two groups to represent the data, then it 478 

would have suggested that the factors influencing the growth of the build-ups are incoherent (i.e. 479 

having no relationships). However, the analysis suggests two groups, suggesting a coherent 480 

relationship in shaping the morphologies of the build-ups.  481 

   482 

 483 

5. Discussion  484 



5.1 Morphometrics  485 

 Is the distribution of reefs/build-ups/bioherms in shallow-water environments of the 486 

present and the past, random or organized? If organized, then what factors influence their 487 

growth? Purkis (2018) quantitatively established that modern carbonate systems are ‘spatially 488 

self-organized’ and scaling and patterning play a role to define the final organization of the 489 

system.  Several studies of modern environments (Purkis et al. 2005, 2007; Purkis 2006; 490 

Rowlands et al. 2014) and a few ancient examples (Purkis et al., 2015) also support the argument 491 

that carbonate systems are self-organized. This study for the first time quantitatively asses the 492 

organization, scaling and patterning relationships for a Cambrian microbial reef system to 493 

provide some comparison with the previous reef studies.  494 

 In this study, with Ripley’s K, univariate, multivariate, and grouping analysis, several 495 

trends and relationships are recognized within and between scales S1, S2 and S3. Firstly, the 496 

buildups are clustered/organized at all scales within a specified range (see morphometric analysis 497 

section for details).  Secondly, as the scales become larger, they tend to orient towards NE-SW 498 

direction and become elongate. Thirdly, the distribution of values within each attribute was 499 

classified optimally into two groups (using the grouping analysis tool), indicating, a coherent 500 

relationship amongst the factors influencing the build-up growth. The build-up distribution hence 501 

represents a naturally organized growth where external factors such as paleo-tides, winds, 502 

storms, waves, and possibly nutrients influenced the organization of scales.  503 

 504 

5.2 Controls on microbial build-up growth architecture 505 



 Microbialite growth was not restricted to a single horizon in the study area, but occurred 506 

at four to five different stratigraphic levels (Khanna et al., 2020; Lehrmann et al., 2020). 507 

Microbes in these different horizons built biostrome and build-up morphologies and were 508 

deposited from inter-tidal to subtidal environments (Khanna et al., 2020; Lehrmann et al., 2020). 509 

The controls on the development of the microbial morphologies include accommodation 510 

creation, inter-build-up sediment accumulation, microbial growth forms, and siliciclastic fluxes 511 

(Khanna et al., 2020; Lehrmann et al., 2020).   512 

 The focus of this study is a single microbial unit, within the upper Point Peak Member, 513 

exposed as 10-15 m thick build-ups and interpreted to be subtidal deposits (Khanna et al., 2020). 514 

To understand and quantify the controls on the 3D spacing and architecture of these microbial 515 

build-ups their overall growth architecture need to be highlighted. Firstly, the microbial build-516 

ups are interpreted to develop a three phase morphological growth (Fig. 2), from colonization in 517 

first phase, to aggradation and lateral expansion during Phase 2, and a Phase 3 - capping phase. 518 

Secondly, the cliffs along the Llano and James River, and Mill Creek in Mason County expose 519 

the microbial-buildups apparent width/length to be a few 10’s of meters up to 100’s of meters, 520 

indicating they are equivalent to S3, and S4 sized build-ups mapped laterally on the James River 521 

pavement. Hence, the colonization phase controls the 3D spacing of the microbial build-ups and 522 

even provides insights into smaller scales (S1 and S2) than S3 and S4, exposed on the James 523 

River pavement. Hence, the quantitative analysis of the colonization phase (Phase 1) exposed in 524 

the James River is conducted which reveals morphometric trends and relationships on their 525 

clustering/dispersion, spacing, alignment, size, shape, and complexity. 526 



 527 

Figure 11 Paleogeographic map of the Late Cambrian (modified from Blakey, 2013, and aligned according to the 528 

present north) along with the James River pavement. The microbial build-ups are outlined in red and blue, which are 529 

copping out on the James River pavement and show preferred alignment towards NE-SW, similar to paleo-trade 530 

winds (as shown in paleogeographic map), as well as parallel to paleo-tides. 531 

  532 

 Scaling studies of modern reefal environments have indicated that an exponent 533 

characterizes the relationship between small and large reefs (Purkis 2006; Purkis et al. 2007, 534 



2012). However, the scales within microbial-buildups in this study are not mutually exclusive 535 

(i.e. they exist within each other). Additionally, the identification of four individual scales (S1-4, 536 

up to a maximum of 150-170 m in their longest axis identified in the James River outcrops), 537 

leads to a hypothesis that, if enough time and space is available then these build-ups can develop 538 

thicker and larger (potentially up to km or few km) scale features. Hence, these relationships 539 

provide a valuable addition to the existing morphological clustering datasets. To identify, what 540 

controls how the clustering of S1 develops S2, S2 develops S3, and S3 develops S4, the local and 541 

regional energy conditions (wind, waves, tides, and storms) are discussed below. 542 

 The studied build-ups were located on the western Laurentia seas, 5-10 degrees south of 543 

the equator in the southern hemisphere within the trade wind belt (Blakey, 2013; Khanna et al., 544 

2020). During that time, the trade wind direction was from SE-NW (present direction NE-SW, as 545 

Laurentia was tilted 90 degrees towards the east; Fig 11). The morphometric analysis of the S1-3 546 

scales, and visual observation of the largest S4 scale has revealed that S2, S3, and S4 align 547 

preferentially towards NE-SW, similar to the direction of trade winds associated currents. 548 

Further, the presence of microbial hash in the NE and SW parts of the build-ups (Khanna et al., 549 

2020), in addition to reversing paleocurrent indicators from megaripples with dominant NE-SW 550 

direction (Lehrmann et al., 2020), reveal a tidal component. Hence, consistent NE-SW wind 551 

driven and tidal currents lead to elongation of S2-S4 scales. The S1 scale does not to align 552 

preferentially in any direction (Fig. 7D), however, a closer look at the mapped S1 polygons 553 

suggests that other factors (local currents) influenced their alignment (Fig 8). Modern examples 554 

of microbial structures commonly exhibit elongation and erosion from tidal currents (Bosak et 555 

al., 2013; Suosaari et al., 2016). In summary, as the scales develop larger sizes (S2, S3, S4), there 556 



is competition for space, and due to regional currents, the larger scales prefer to align parallel to 557 

high-energy currents. 558 

5.3 Comparison with modern microbialites 559 

 Comparing modern microbialites from the Exumas Cays portion of Great Bahama Bank 560 

(Dravis, 1983; Dill et al.,1986; Reid et al., 1995, Andres and Reid, 2006) with the Upper 561 

Cambrian examples of this study shows several similarities. Firstly, the microbialites grew in 562 

normal marine, high-energy subtidal settings in both the cases. Secondly, both the settings are 563 

associated with ooid sand complexes. The modern counterpart shows that ooid sands cyclically 564 

bury the microbialites and intermittently punctuate their growth (Dravis 1983). This could have 565 

similarly been a scenario during growth of the Upper Cambrian microbialites. Further, the 566 

modern stromatolites are similar in morphology to the Phase 1 – S2 growth features of the Upper 567 

Cambrian microbialites, which are up to a few m in length and width, and up to 3-4 m thick. 568 

Given enough time, it is possible that the Bahamian stromatolites will coalesce, developing 569 

larger clusters like S3 and S4 of the Central Texas microbialites. Additionally, as demonstrated 570 

in this study that external factors influenced the elongation of the microbial build-ups, an 571 

analogy can be made with modern microbialites from the Shark Bay where tidal currents in 572 

addition to differential accretion developed elongated microbial structures (Bosak et al., 2013; 573 

Suosaari et al., 2016). 574 

 575 

6. Conclusions 576 

Exposures of lateral facies/geobodies along a single timeline surface in the rock record are 577 

relatively rare, thus the analysis of Cambrian microbial buildups presented here hopefully 578 



provides a valuable addition for comparison to other datasets. The quantitative results generated 579 

in this study have provided additional insight into the environmental controls impacting buildup 580 

growth, and in addition, may guide input parameters for geostatistical reservoir models (Pyrcz 581 

and Deutsch, 2014) for their subsurface counterparts. Some of the key findings are: 582 

1. Drone imagery produced fine-resolution base maps for morphometric analysis of the Late 583 

Cambrian microbial build-ups. 584 

2. The build-ups show scaling relationships within four different mappable scales (S1 to 585 

S4), with S1 (dm in scale) as the building block).  586 

3. Morphometric analysis reveals several key relationships between the different scales:   587 

- S1 clusters to develop S2, S2 to S3, and S3 to S4   588 

- S1 are relatively circular, whereas S2-4 become oblong as the size increases 589 

- S2-4 build-ups tend to align themselves in a preferential NE-SW (present-day) 590 

orientation parallel to the paleo trade winds and tidal currents direction 591 

4. Results reported herein suggest, that the build-ups can develop thicker and larger 592 

(potentially up to km or few km) scale features over time if enough space is available. 593 
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