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ABSTRACT  

The Great Basin is the largest area of contiguous endorheic watersheds located in the western USA. It covers Nevada, much of Oregon 

and Utah, and portions of California, Idaho, and Wyoming. It includes multiple geothermal reservoirs ranging from low- to high-

temperature resources and a vast area that is yet to be explored to discover new geothermal resources. In this study, we aim to 

characterize the geochemical data features of low-, medium-, and hot-temperature geothermal resources of the Great Basin. 

Geochemistry of the groundwater provides critical information about groundwater types, sources, recharge areas, mixing, flow paths, 

hydrogeochemical interaction between water and reservoir rock. Geochemistry is expected to provide critical information about the 

geothermal properties of the reservoirs, including temperature, heat flow, flow boundary conditions, and spatial extent (lateral and 

vertical). The geochemical data are also expected to include hidden information that is a proxy for geothermal anomalies. The 

relationships between geothermal conditions and chemistry have been extensively explored in the past Play Fairway Analysis. 

However, these relationships are not always efficient to discover hidden/blind geothermal systems. Recent advances in machine-

learning (ML) methods provide novel approaches for fast, efficient, and robust exploration and mining of existing large datasets. As 

a result, analyses of this proxy data with ML methods can provide insights on the characteristics and locations of geothermal 

resources. We processed geochemical data in the Great Basin at 14341 locations for 15 attributes: pH, TDS (total dissolved solids), 

Al3+, B+, Ba2+, Be2+, Br–, Ca2+, Cl–, HCO3
–, K+, Li+, Mg2+, Na+, and ∂18O. Three datasets are generated based on the labeling of low-

temperature, medium-temperature, and high-temperature resources by the Nevada Bureau of Mines and Geology. An unsupervised 

ML method called non-negative matrix factorization with customized k-means clustering (NMFk) is applied to each dataset. NMFk 

identifies hidden signals in the dataset that are representative of hidden geothermal resources. In this study, ML analyses define key 

attributes that best characterize each type of geothermal resource. Results show that major cations/anions define low-temperature 

geothermal resources while relatively fewer major cations/anions define medium-temperature geothermal resources. Tracer elements 

are key attributes in defining high-temperature geothermal resources.  

1. INTRODUCTION 

Tester et al. (2007) estimated that the U.S. has ~13 million exajoule (EJ) geothermal energy resources, and ~200,000 EJ is extractable. 

William et al. (2008) estimated that hidden geothermal resources (~30GW) are three times more than discovered resources (~9GW); 

furthermore, additional 500 GW are potentially tappable through enhanced geothermal systems. Regardless of the discrepancy 

between the two estimations, it can be concluded that the U.S. has huge geothermal reserves. Currently, the U.S. has an installed 

capacity of ~3.7 GW and no new geothermal wells were drilled between 2015-2019 (Huttrer, 2020). This huge energy reserve is 

underutilized because (1) most of the resources are hidden/blind, (2) exploration is expensive and risky. Moreover, geothermal sites 

and their data are unique, which makes exploring hidden geothermal resources even more challenging.  

Key geothermal exploration methods include water chemistry, temperature gradient wells, shallow heat flow, gravity anomaly, 

magnetic intensity, magnetotelluric or electrical resistivity survey, geology (e.g., fault), deep exploration drilling, etc. Other less 

useful methods include reflection seismic, self-potential (SP), soil gas surveys, LiDAR and hyperspectral surveys, and microseismic 

monitoring (Dobson et al. 2016). Also, well drilling during oil/gas exploration may provide information about geothermal conditions 

and help identify geothermal resources. Recently, Faulds and co-workers carried out a detailed Play Fairway Analysis (PFA) in the 

Great Basin to discover hidden geothermal resources (Faulds et al., 2015,2016,2018, Siler et al., 2019). They explored nine critical 

parameters for mapping hidden geothermal resources that are structural settings (e.g., normal/strike slip faults), age of recent faulting, 

slip rates on recent faults, regional-scale strain rates, slip and dilation tendency on faults, earthquake density, increased gravity, 

temperature distribution map at 3 km depth, and geochemistry from springs and wells. Among the preceding nine parameters, water 

geochemistry is frequently used in the earlier stage of exploration. Shallow water geochemistry data is cheaper to collect and easily 

accessible than the other geothermal data. Besides, they are useful in many ways such as: inferring reservoir temperatures from the 

composition of geothermal fluids, delineating boundaries of geothermal reserves, defining heat sources such as meteoric, magmatic, 

and mixed, estimating the degree of water/rock interaction, etc (Fridriksson, and Ármannsson, 2007; Klein, 2007). Generally, water 

geochemistry is used to estimate reservoir temperature before drilling deep wells using classical geothermometry (Fournier et al. 

1970) or composite geothermometry (Spycher et al. 2014). Water geochemistry is also used to understand site water characteristics 

(Fowler et al. 2018 and Mao et al. 2015). However, to the authors’ knowledge, there are no studies attempting to investigate 

geochemical data associated with low-, medium, and high-temperature geothermal resources in the Great Basin using ML. In this 

study, we apply unsupervised machine learning to differentiate water geochemical characteristics that can be applied to characterize 

and identify low-, medium, and high-temperature geothermal resources. 
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Hydrogeochemical processes of water chemistry are a complex phenomenon to generalize. However, existing novel machine-learning 

(ML) methods provide novel approaches for fast, efficient, and robust exploration and mining of existing large geochemical datasets. 

They are also good tools to gain an understanding of such complex systems. Here, we apply a novel unsupervised machine learning 

method called non-negative matrix factorization coupled with k-means clustering (NMFk) (Alexandrov and Vesselinov 2014; 

Vesselinov et al. 2018; Vesselinov et al. 2019). NMF factorizes a data matrix into two smaller matrices differentiating its latent 

(hidden) signatures (features) while k-means clustering finds the optimal number of signatures in the dataset. Here, NMFk identifies 

hidden signatures characterizing geothermal resources, the optimal number of these signatures, and the dominant attributes associated 

with each signature. Note that the extracted features are encapsulated in the data but cannot be observed explicitly; they represent 

some unknown relationships between observed attributes. Alternative unsupervised machine learning methods such as principal 

component analysis (Wold, 1987), independent component analysis (Comon, 1994), and singular value decomposition (Klema, 1980) 

can be also applicable. However, NMFk provides important benefits over preceding methods. It can handle sparse datasets, learns 

from parts of an object, and provides interpretable results (Lee & Sung, 1999; Vesselinov et al. 2018). Furthermore, NMFk has already 

been used to discover hidden geothermal signatures at eight unique geothermal sites in the U.S. (Ahmmed et al. 2020a,b,c,d; 

Vesselinov et al. 2020a,b). All these analyses successfully discovered hidden geothermal signatures. 

In this study, we analyzed geochemistry data of the Great Basin (Figure 1). The Great Basin covers Nevada, much of its neighboring 

states Oregon, Utah, California, Idaho, and Wyoming. It has multiple geothermal reservoirs ranging from low- to high-temperature 

resources and a vast area is yet to be explored to discover hidden geothermal resources. To explore its geothermal resources, plenty 

of data have been collected over several decades. The data size for this study is 14341 x 15 where 14341 represents locations while 

15 are geochemical attributes (water cations/anions) (Goff, et al., 2002; Zehner, et al., 2006; Nevada Bureau of Mines and Geology, 

2012). Among 14341 locations, 8652, 3413, and 2276 locations represent low-, medium-, and high-temperature geothermal resources. 

Questions key to this research are (1) do geochemical signatures vary from one resource to another? and (2) what chemical elements 

differentiate each geothermal resource?  

 

Figure 1: Locations of low-, medium-, and high-temperature geothermal resources. 
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2. METHODS 

2.1 Non-negative matrix factorization 

Given observational data 𝐷 of size (𝑛, 𝑚) with non-negative values, where 𝑚 is the number of observational locations from which 

data are sampled and 𝑛 is the number of data attributes that are observed at each location. The first step in the NMFk analyses is to 

decompose this matrix 𝐷 into a non-negative “attribute” matrix 𝐴  of size (𝑛, 𝑘) and non-negative “location” matrix 𝐵  of size (𝑘, 𝑚): 

𝐷 =  𝐴 × 𝐵 + 𝜀(𝑘) 
 

where 𝑘 is the unknown number of signals (features) present in the data and 𝜖(𝑘) is error for kth signals. The “attribute” matrix 𝐴 

represents how the extracted features are related to the attributes. The “location” matrix 𝐵 represents how the hidden features are 

related to the locations. 

 The optimal number of hidden signals 𝑘𝑜𝑝𝑡 is unknown and is estimated by performing a series of non-negative matrix factorization 

for different values of 𝑘; 𝑘 =  1, 2, 3, . . . , 𝑑. The maximum value 𝑑 cannot be expected to exceed 𝑛 or 𝑚. This is achieved by 

minimizing the following objective function 𝑂 based on Frobenius norm for all possible values of 𝑘(Lee & Sung, 1999) 

 

𝑂 = || 𝐷 −  𝐴 × 𝐵||𝐹;  𝐴, 𝐵 >  0 ∀ 𝑚, 𝑛, 𝑘  
 

For each 𝑘 value in the range 1, 2, 3, … , 𝑑, non-negative matrix factorization is performed for multiple times (typically on the order 

of 1000 times) based on random initial guesses for 𝐴 and 𝐵 matrices. The best estimate of 𝑂 for a given 𝑘 from all these runs is 

applied to define the reconstruction error for each 𝑘 value: 𝑂(𝑘). The resulting multiple solutions of 𝐵 (or alternatively 𝐴; typically, 

it is preferred to cluster the smaller matrix) are clustered into 𝑘 clusters using a customized 𝑘-means clustering. During clustering, 

we enforce the condition that each of the 𝑘 clusters contain an equal number of members which is equal to the number of performed 

multiple random runs (e.g., 1000 solutions). After clustering, the average silhouette width 𝑆(𝑘) is computed (Rousseeuw, 1987). This 

metric (see Vesselinov et al. 2018), measures how well the random NMF solutions are clustered for a given value of 𝑘.  The values 

of 𝑆(𝑘) theoretically can vary from -1 to 1. Typically, 𝑆(𝑘) declines sharply after an optimal number, 𝑘𝑜𝑝𝑡 , is reached. 𝑘𝑜𝑝𝑡 value 

is selected to be equal to the maximum number of signals that accurately reconstructs the observational data matrix 𝐷 as estimated 

by 𝑂(𝑘opt) and the average silhouette width 𝑆(𝑘opt) is close to 1.  

2.2 Data Description 

The size of the total dataset is14341 × 15(locations х attributes). The size of the datasets for low-, medium-, and high-temperature 

resources are 8652 × 15, 3413 × 15, and 2276 × 15, respectively. The 15 attributes are pH, TDS (total dissolved solids), Al3+, B+, 

Ba2+, Be2+, Br–, Ca2+, Cl–, HCO3
–, K+, Li+, Mg2+, Na+, and ∂18O. pH represents alkalinity of water, TDS represents total amount of 

major and tracer cations/anions, Ca2+, K2+, Mg2+, Na+ are major cations, HCO3 and Cl are major anions, Al3+, B+, Ba2+, Be2+, Br–, 

are Li+ trace elements, and ∂18O is an oxygen isotope. Major anions/cations define the ionic type of water. The ∂18O defines the origin 

(e.g., meteoric, magmatic, connate) of the water.      

3. RESULTS AND DISCUSSION 

Low-temperature geothermal resources: NMFk was applied to low-temperature geothermal data for eight signals (Figure 2(a)). 

Solutions for 2, 3, and 4 signals have low 𝑂(𝑘)and high𝑆(𝑘)values. The algorithm rejects the solutions for 5, 7, and 8 signals. Signal 

6 shows low 𝑆(𝑘). Therefore, signals 2, 3, and 4 are potential optimal signals. Because Signal 3 yields low 𝑂(𝑘)and 

highest𝑆(𝑘)values, it is the optimal signal for this dataset suggesting that the dataset can be explained using three signatures A, B, 

and C (Figure 2b) instead of the whole dataset. Dominant attributes of Signature A are pH, TDS, B+, HCO3
–, and Na+. Dominant 

attributes of Signature B are TDS, B+, Br–, Ca2+, Cl–, HCO3
–, Li+, and Mg2+. Dominant attributes of Signature C are TDS, Ba2+, Ca2+, 

HCO3
–, Mg, and δO18. Figure 2(c) shows locations relating to each signature. By number, Signature A represents most of the wells 

(5136) followed by Signature B (2344) and C (1172).     

Medium-temperature geothermal resources: Figure 3a shows the progression of𝑂(𝑘)and𝑆(𝑘)over signal number. Like in low-

temperature resources, only eight signals were used in the NMFk algorithm. Here, 𝑂(𝑘)decreased over signal number but 𝑆(𝑘)varies. 

Because Signal 2 yields relatively low 𝑂(𝑘)and highest𝑆(𝑘)values, it is the optimal signal for this dataset suggesting that the dataset 

can be explained using two signatures A and B (Figure 3b). Dominant attributes of Signature A are pH, TDS, Ca, HCO3, and Mg. 

Dominant attributes of Signature B are Br, Li, and Na. Figure 3(c) shows locations relating to each signature of Signal 2. Signature 

A captures the majority (1869 or ~55%) of wells while Signature B captures 1544 locations 

High-temperature geothermal resources: Figure 4a shows the progression of𝑂(𝑘)and𝑆(𝑘)over signal number. NMFk algorithm is 

run for eight signals. Here, Signal 3 is the optimal signal because of reasonably low 𝑂(𝑘)and highest 𝑆(𝑘)values. Figure 4(b) shows 

the attribute matrix representing the contribution of each attribute on each signal. Dominant attributes of Signature A are pH, TDS, 

B+, and HCO3
–. Dominant attributes of Signature B+ are Ca2+ and Mg2+. Dominant attributes of Signature C are Al3+ and Be2+. Figure 

4(c) shows locations relating to each signature of Signal 3. By number, Signature A captures the majority (1702) of wells followed 

by Signature B (541) and Signature C (33). 

Table 1 shows dominant attributes for all signatures of the optimal signal for low-, medium-, and high-temperature resources. All 

major cations/anions, ∂O18 isotope, and a few trace elements have high dominance in signatures of low-temperature resources captures 

suggesting that it represents groundwater chemistry. The presence of B+, Ba2+, Br–, Li+ indicates that tracer elements also control the 

characteristics of the groundwater that might arrive from the deep. Signatures of medium-temperature resources do not capture all 

major anions/cations of the groundwater. Dominant attributes are a subset of dominant attributes of low-temperature resources. Very 

few major ions dominate the signatures of high-temperature geothermal resources that are unique to this type of resource. Also, Al 

and Be are present in signatures that are not visible in either low- and medium-temperature resources.    
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Table 1: Uniqueness of each type of geothermal resources based on all signatures. 

Geothermal resource type Common dominant attributes across signatures 

Low temperature 
B+, Ba2+, Br–, Ca2+, Cl–, HCO3

–, Li+, Mg2+, Na+, δO18, pH, and 

TDS 

Medium temperature 
Br–, Ca2+, HCO3

–, Li+, Mg2+, Na+, pH, and TDS 

High temperature 
Al3+, B+, Be2+, Ca2+, HCO3

–, Mg, pH, and TDS 

 

Table 2: Uniqueness of each type of geothermal resources based on Signature A. 

Type of geothermal resources Dominant attributes of Signature A 

Low temperature 
B+, HCO3

–, Na+, pH, and TDS 

Medium temperature 
Ca2+, HCO3

–, Mg2+, pH, and TDS 

High temperature 
B2+, and HCO3

–, pH, and TDS 

 

Figures 2-4(c) show locations associated with each signature of the optimal signals of low-, medium-, and high-temperature resources. 

Signature A for each resource type captures most of the well followed by B and/or C. Percentages of Signature A in each resource 

type are ~60, ~55, and ~75%, respectively. The dominant attributes of all signatures are different than the dominant attributes of 

Signature A. Additionally, dominant attributes of Signature A vary over types of geothermal resources. For example, Na of low-

temperature resources is not dominant in medium- and high-temperature resources; B+ is not dominant in medium-temperature 

resources. Ca2+ and Mg2+ are unique in Signature A of medium-temperature resources. Na+, Mg2+, and Ca2+ (major cations) are absent 

in high-temperature resources as dominant elements. All these analyses support our hypothesis that geochemical signatures vary for 

types of geothermal resources. Specifically, major cations/anions define low-temperature geothermal resources while relatively fewer 

major cations/anions define medium-temperature geothermal resources. Finally, tracer elements provide the main representatives of 

high-temperature geothermal resources.       
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Figure 2: Low-temperature geothermal resources: (a) Estimated 𝑶(𝒌)and𝑺(𝒌)over number of signals (k), (b) attribute matrix 

showing the significance of each attribute on each signature, and (c) locations relating to each signature.   
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Figure 3: Medium-temperature geothermal resources: (a) Estimated 𝑶(𝒌)and𝑺(𝒌)over number of signals (k), (b) attribute 

matrix showing the significance of each attribute on each signature, and (c) locations relating to each signature. 
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Figure 4: High-temperature geothermal resources: (a) Estimated 𝑶(𝒌)and𝑺(𝒌)over number of signals (k), (b) attribute matrix 

showing the significance of each attribute on each signature, and (c) locations relating to each signature. 

 

4. CONCLUSIONS 

This study applied unsupervised machine learning tool NMFk to understand geochemical characteristics for low-, medium-, and high-

temperature geothermal resources. NMFk was applied to a rich geochemistry dataset for the Great Basin. The size of the total dataset 

is14341 × 15 while the size of the datasets specifically related to low-, medium-, and high-temperature resources are 8652 × 15, 

3413 × 15, and 2276 × 15, respectively. NMFk found the optimal number of hidden signals associated with low-, medium-, and 

high-temperature geothermal resources are 3, 2, and 3, respectively. The dominant attributes of low-temperature resources are B+, 

Ba2+, Br–, Ca2+, Cl–, HCO3
–, Li+, Mg2+, Na+, δO18, pH, and TDS; the dominant attributes of medium-temperature resources are Br–, 

Ca2+, HCO3
–, Li+, Mg2+, Na+, pH, and TDS; and the dominant attributes of high-temperature resources are Al3+, B+, Be2+, Ca2+, HCO3

–

, Mg2+, pH, and TDS.     

Results indicate that the dominance of geochemical attributes in extracted hidden geothermal signatures vary. Major cations/anions 

define low-temperature geothermal resources while relatively fewer major cations/anions define medium-temperature geothermal 

resources. Contrary to the current belief that tracer elements have nothing to do with groundwater temperature, we found that in high-

temperature resources, tracer elements are dominant. pH and TDS are present in all types of resources as dominant attributes 

indicating that they are not critical variables to classify resource types. These findings suggest that water geochemistry may define 

geothermal resource types. This understanding is a massive gain towards estimating geothermal prospects using supervised machine 

learning methods. In the future, a machine learning model will be built that can predict geothermal prospects using the geochemical 

constituents of this dataset excluding pH and TDS.  
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