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1.  Abstract

Two modelling challenges were encountered while building a data-driven predictive map of geothermal potential for the Great Basin in the western United States. The first was that many of the input evidence layers that represent young faults or active tectonics were not conditionally independent with regards to geothermal training sites. The second was that a significant portion of the Great Basin is underlain by regional groundwater aquifers that are known to impede the formation of surface hot springs, thus potentially biasing the statistical weights of evidence layers relative to known geothermal systems. The conditional-dependency issue was resolved by combining some evidence layers together to form hybrid evidence maps based on quantitative or qualitative relationships among the data, and logistic regression was used to minimize some remaining conditional dependencies. The effect of groundwater aquifers was mitigated by defining the initial study area of the model as outside the known aquifers and then projecting posterior probability into the aquifer regions by matching unique conditions of the input evidence maps. The logistic-regression model predicts 23.3 +/- 0.2 geothermal systems in the aquifer regions while only 18 are known, suggesting that the aquifers regions are either under-explored or are concealing some geothermal systems.

2.  Introduction

The search for geothermal systems hot enough (( 150°C) to support electric power plants in the Great Basin of the western United States is challenging because they sometimes don’t reach the surface and their exact locations are otherwise difficult to predict. Many of the geothermal systems in the Great Basin are unusual in that they are not associated with Quaternary volcanic activity or upper crustal magma chambers (Koenig and McNitt, 1983). Instead, their formation has been attributed to active extensional faulting and high crustal heat flow (Koenig and McNitt, 1983; Wisian et al., 1999).  

A data-driven empirical model of geothermal potential was built within a geographic information system (GIS) to help focus industry exploration efforts in identifying these blind systems. Training sites for the model were obtained from a database of geothermal systems in the Great Basin (Boyd, 2002) that was synthesized using the criteria of Coolbaugh et al. (2002). All known non-magmatically heated geothermal systems in the Great Basin with measured or estimated temperatures in excess of 150°C were used. Six digital geologic, geophysical, and geomorphologic data sets provided spatial input evidential data. One of these data sets, a temperature gradient well database (Blackwell and Richards, 2005), provided information on crustal heat flow, and the other five data sets provided information on active crustal tectonics and faulting; they include 1) gravity measurements, 2) a digital elevation model (DEM), 3) crustal velocity measurements derived from global positioning system (GPS) stations (Blewitt et al., 2003), 4) Quaternary faults (Machette et al., 2003),  and 5) historical earthquakes (Pancha et al., in review).
3.  Initial Processing

Details of the initial database processing are provided in Coolbaugh et al. (2005) and are summarized here. Three derivative maps were generated from the temperature gradient database; a heat flow map, a map of temperatures at a 3 km depth, and a shallow crustal (0-1 km) temperature gradient map: these derivative maps were tested with weights of evidence and the temperature gradient map was found to correlate best with known geothermal systems. From the gravity data set, a total horizontal gradient was calculated because of its known ability to distinguish major Quaternary normal faults that serve as conduits for geothermal fluids (Grindley, 1961). The second horizontal derivative of the DEM was calculated because hot-springs often occur along the break in slopes at the base of mountain ranges. The GPS-derived crustal velocity measurement database was converted to a dilational strain rate field using mathematical conversions presented by Blewitt et al. (2003), who document a regional association between geothermal activity and present-day extensional crustal strain in the Great Basin. The Quaternary fault database contains information on the slip rates of normal faults, which were used to quantify which faults were most active and therefore more likely to control thermal fluid flow. From the earthquake catalog a seismic frequency map was produced wherein each cell of the map contains a sum of earthquake magnitudes within a radius of 40 km, weighted by the distance from the epicenter of each earthquake to the cell center.

4.  Data Reduction

Five of the evidence layers are similar in that they address aspects of active faulting and extensional tectonics and they are not all conditionally independent with regards to geothermal training sites. A weights-of-evidence model built with all six layers had a conditional independence (CI) ratio of 0.74. As a first step towards minimizing conditional-dependency, four of the tectonics-related datasets were combined together to produce two hybrid maps. The isostatic residual gravity data set and the DEM were combined together to produce an approximate bedrock gradient map. This was done by taking the residual gravity map (a 20-km upward continued residual isostatic gravity anomaly) and further reducing it by removing bedrock-only regional gravity trends to produce a basins-only gravity anomaly map. This gravity map was converted to an approximate equivalent amount of subsurface basement relief using 60 meters/mgal (equivalent to a density contrast of 0.4 g/cm3), and then added to a 1-km-resolution DEM. The combined bedrock surface slope was then calculated by computing the total horizontal gradient for each 1-km cell. Of all evidence layers, this combined gravity/topographic gradient shows the strongest association with the geothermal training sites, with a weights-of-evidence contrast of 4.3 (Table 1).

Table 1.  Weights-of-evidence weights, standard deviations, overall contrast, and overall confidence (student contrast) for evidence layers used in the logistic-regression model.  These statistics were calculated for the non-aquifer study area discussed in section 6.

[image: image1.wmf]EVIDENCE

Gravity-Topo

Temperature

GPS-Fault

Earthquake

LAYER

Gradient

Gradient

Extension

Sum

Class 1

3.33

0.82

0.78

0.27

C1 Stand Dev.

0.58

0.23

0.23

0.19

Class 2

1.56

0.07

-0.09

-0.84

C2 Stand. Dev.

0.71

0.28

0.28

0.45

Class 3

0.56

-2.53

-2.32

C3 Stand. Dev.

0.30

1.00

1.00

Class 4

-0.10

C4 Stand. Dev.

0.29

Class 5

-0.95

C5 Stand. Dev.

0.45

CONTRAST

4.27

3.35

3.10

1.11

CONFIDENCE

5.80

3.26

3.02

2.29


A similar approach was used to combine Quaternary fault slip rates with the strain rate map derived from GPS velocities (Coolbaugh et al., 2005). Slip rate parameters were converted to long-term strain rate tensors using the methodology of Haines and Holt (1993), Holt et al. (2000) and Kreemer et al. (2000), from which crustal dilation was calculated for every 20 km square grid cell in the Great Basin. The crustal dilation rates derived from GPS velocity measurements (interseismic strain) were averaged with dilation rates calculated from Quaternary fault slip rate data (long-term seismic strain). An average was chosen in this case because both methods in theory are estimating the same crustal extension rate, but the GPS stations and geologic trenches used to estimate the respective strain and slip rates are limited in distribution; consequently averaging tends to produce a more geographically complete map of crustal dilation.

5.  Model Creation

The four final evidence layers were each divided into a number of statistically significant classes using weights-of-evidence analysis (Table 1). A weights-of-evidence posterior probability model was built, but the CI ratio was 0.85 and a test of conditional independence developed by Agterberg and Cheng (2002) indicated an 84% chance that the model was not conditionally independent. This represents an improvement over the original weights-of-evidence model built with six evidence layers, which had a CI of 0.74.  However, because some conditional dependency remained, the posterior probability model was rebuilt using logistic-regression, which does not require conditional independence (Wright, 1996).

6.  Aquifers

Thirty-three of the 51 high-temperature geothermal system training sites (65%) lie outside regional aquifers, even though the non-aquifer regions comprise only 45 % of the total Great Basin study area (Fig. 1). This grouping is statistically significant with a binary weights-of-evidence contrast of 0.77 and a student contrast of 2.6 (here the student contrast is testing the hypothesis that the contrast is greater than 0, or in other words, that the statistical weights inside and outside the aquifers are significantly different from each other). It is hypothesized that the regional aquifers may be capturing and entraining rising sub-surface thermal fluids, preventing them from reaching the surface to form hot springs which alert us to the presence of underlying geothermal potential. Alternatively, the non-aquifer areas may lie in regions that are more geologically favourable for geothermal activity. It was considered important to test these hypotheses and build a model that would adequately predict geothermal potential beneath the regional aquifers without being influenced by a potentially biased distribution of geothermal training sites.  
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Fig. 1.  Modelled geothermal potential in the Great Basin. Darker colors represent progressively greater values of the logistic-regression posterior probability function.  Model weights were determined in the area outside the regional aquifers, and then extrapolated into the aquifer regions.  Most known high-temperature (( 150° C) geothermal systems (white circles) lie outside areas underlain by the regional aquifers (diagonally ruled or shaded areas).  Boundaries between states of the Great Basin, USA are shown in black.

In building this model, the intial study area was defined as the non-aquifer portions of the Great Basin. Multi-class and binary evidence layers were built as described in section (5) above, using only those training sites and portions of evidence layers falling within the non-aquifer study area (Table 1); the final product was a logistic-regression posterior probability model.  The unique conditions table, representing all unique combinations of the evidence layer classes found in the initial study area, was then used to extrapolate the calculated posterior probability outside the initial study area into the aquifer regions. The final map, reproduced in simplified form in Fig. 1, is available in more detail and in color in Coolbaugh et al. (2005) and at the web site of the Great Basin Center for Geothermal Energy, Reno, Nevada, USA at: http://www.unr.edu/geothermal/geothermal_gis2.htm. 

7.  Results and Discussion

The logistic-regression model accurately predicted 32.8 +/- 0.3 geothermal systems in the non-aquifer regions compared to the 33 geothermal systems used in the model, but predicted 23.3 +/- 0.2 geothermal systems in the aquifer regions, even though only 18 are known. This suggests that the aquifer areas are either concealing some geothermal systems, or that geothermal exploration has been less complete in those areas.  

The results also indicate that the non-aquifer areas have a higher overall posterior probability for geothermal systems (0.000948 systems/9-km2 unit cell), based on the number of predicted geothermal systems divided by the total area, compared to the aquifer areas (0.000561 systems/9-km2 unit cell). In other words, the non-aquifer areas are in fact, more favourable for geothermal exploration than the aquifer areas. It is concluded therefore; that the non-aquifer regions have a higher concentration of known geothermal systems than the aquifer areas partly because of a higher geothermal favourability in the non-aquifer regions, and partly because of the concealment of geothermal systems and/or lack of exploration in the aquifer areas.

The methodology used here has potential applications in mineral exploration, where it could be used to help evaluate if certain terrains, perhaps characterized by poor outcrop or other features that interfere with efficient exploration, have good exploration potential. By first calculating statistical weights in better-explored regions, potential bias can be avoided. For example, if a certain geological formation is a highly favorable host for mineralization, but is proportionately over-represented in covered or poorly explored areas compared to better-explored areas, the positive weights of evidence for that formation would be underestimated if the entire region (including both well explored and poorly explored areas) were used to calculate weights, and the resulting posterior probability would be systematically underestimated in the poorly explored areas. Division of the study area into well-explored and poorly-explored regions, or into concealed and non-concealed regions, helps to overcome this problem.

It has been assumed in this analysis that the geological controls that influence the formation of geothermal systems are the same in the aquifer and non-aquifer areas. This may or may not be a correct assumption, and on-going research is addressing this issue.
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