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ABSTRACT 

The development of a reliable and accurate method to predict thermal breakthrough time is a significant open problem in geothermal 

reservoir engineering. Such a method would enable more informed decisions to be made regarding reservoir management. Methods 

developed at present include analytical models and solute tracers, both of which have limitations. The use of particles as temperature-

sensitive tracers is a promising approach due to the high degree of control of the physical and chemical properties of nanomaterials and 

micromaterials. This could potentially be exploited to infer temperature and measurement location, which could in turn provide useful 

information about thermal breakthrough. 

In order to assess whether particle tracers can provide more useful information about future thermal behavior of reservoirs than existing 

solute tracers, models were developed for both solute tracers and particle tracers. Three existing solute tracer types were modeled: 

conservative solute tracers (CSTs), reactive solute tracers with temperature dependent reaction kinetics (RSTs), and sorbing solute 

tracers that sorb reversibly to fracture walls (SSTs). Additionally three particle tracers which have not yet been developed in practice 

were modeled: dye releasing tracers (DRTs) that release a solute dye at a specified temperature threshold is reached, threshold 

nanoreactor tracers (TNRTs) with an encapsulated reaction that does not begin until a specified temperature threshold is reached, and 

temperature-time tracers (TTTs) capable of recording detailed temperature-time histories of each particle. In this study, TTTs represent 

the most informative tracer with respect to thermal breakthrough. These models were used in the context of an inverse problem in which 

synthetic tracer data was calculated for several “true” discrete fracture networks. Computational optimization was used to match the 

location, length, and orientation of a variable number of fractures. Finally, the thermal behavior of the fracture networks with the best fit 

to the data was compared to that of the true fracture networks, and the forecast accuracy was compared for all tracer types. 

1. INTRODUCTION 

One of the most significant open problems in geothermal reservoir engineering is the development of a reliable and accurate method to 

predict thermal breakthrough. Reinjection of cooled geothermal fluid is practiced in many of the world’s geothermal fields in order to 

maintain pressure, prevent geothermal fluid from entering aquifers and rivers by reinjecting it, and to sweep as much thermal energy 

from the reservoir as possible (Horne 2010). Reinjected fluid cools the reservoir at the fluid-rock interface near the injection well, 

meaning that subsequent reinjected fluid must travel farther from the injection well before it is heated to the original reservoir 

temperature. This cooling that propagates from the injection well to the production well is called the thermal front. Thermal 

breakthrough is said to occur when the thermal front reaches the production well, and it spells the end of the useful life of the production 

well. The ability to accurately predict thermal breakthrough far in advance would enable more informed decisions to be made about 

reservoir management. 

Much effort has been and continues to be devoted to thermal breakthrough prediction, but no fully reliable method has been developed 

at present. Methods have been developed that make use of thermal modeling to calculate thermal breakthrough time, but are very 

difficult to apply due to the uncertain flowpath geometry. Tracer tests using conservative solutes can be useful in reservoir 

characterization, but their utility is typically limited to evaluating well connectivity and estimating reservoir size. Others have proposed 

the use of reactive solute tracers with temperature dependent reaction kinetics to estimate reservoir temperature. With several field 

demonstrations to date, this method shows promise, but it provides limited information about the thermal front and requires multiple 

tracer tests at different times (Tester et al. 1986, Rose and Adams 1994, and Plummer et al. 2012). Because reservoir flow conditions 

can change in between tracer tests due to natural or operational changes, it can be difficult to reproduce tracer tests due to changing 

flowpaths, which may render multiple reactive tracer tests to estimate thermal front evolution infeasible. Researchers including Reimus 

et al. 2012, Williams et al. 2013, Dean et al. 2012, Dean et al. 2015, Leecaster et al. 2012, and Hawkins et al. 2015 have also proposed 

the use of sorbing solute tracers to estimate reservoir heat transfer surface area, as sorption surface area and heat transfer surface area are 

closely related. This would be a very useful parameter to know, but other factors can also influence reservoir temperature distribution. 

Fracture network geometry and the resulting spacing between fractures influences the temperature as well, because thermal interference 

can occur when the region of rock between two closely spaced fractures is depleted of its heat. 

With the exception of solute tracers, current technology only allows temperature measurement at the well-bore. The focus of this 

research was a variation of the reactive tracer concept, in which nanoparticles would be used as flow-through sensors that undergo 

detectable and irreversible changes at a particular threshold temperature. Nanoparticles have excellent potential as temperature 

measurement tools because they can be synthesized with a great degree of control over their structure and their physical and chemical 

properties, making possible a host of different sensing mechanisms. Furthermore, their small size enables them to fit through pore 

spaces. Finally, nanoparticles often exhibit different transport behavior than solutes because they experience less diffusion and tend to 
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stay in high-velocity streamlines (Reimus 1995, Becker et al. 1999). These differences in transport behavior could help estimate the 

location of temperature measurements, allowing one to map the thermal front in a geothermal reservoir. Because the shape of the 

thermal front contains information about the geometry of the fracture network, a single tracer test could potentially provide a great deal 

of information about thermal breakthrough. 

While nanoparticle tracers show great promise, they also have their own unique technical challenges. The ideal particle tracer has high 

mobility (i.e. experiences minimal deposition and aggregation) in the reservoir, undergoes an irreversible temperature sensing 

mechanism at the temperature of interest, is readily detectable and collectible at the production well in low concentrations, provides 

information about the location of the temperature measurement, and is environmentally benign. The first and perhaps the most 

significant of challenges associated with these criteria is synthesizing nanoparticles that can be transported through the subsurface 

without significant particle aggregation or deposition occurring. It is desirable to prevent particle aggregation because the formation of 

larger particle clusters can enhance particle deposition due to gravitational settling or size exclusion. This is made difficult by the fact 

that geothermal fluids often have high ionic strength and high temperature, conditions which are very favorable for particle aggregation. 

Because the development of temperature-sensitive particle tracers presents many significant technical challenges, it is useful to 

determine in advance whether they provide more useful information about thermal breakthrough than existing solute tracers. To this 

end, models were developed of both solute and particle tracers, and synthetic tracer data was generated using these models for several 

“true” fracture networks. These synthetic data were then matched using an optimization program called PSO-MADS, which was 

developed by Isebor (2013). The decision variables used in optimizations were the existence, locations, lengths, and orientations of 

fractures within the network. The thermal behavior of the fracture networks corresponding to the best fit for each tracer type was then 

calculated and compared to the thermal behavior of the true fracture networks. Finally, the tracers were ranked in order of their forecast 

accuracy for each true fracture network. 

2. METHODS 

The particle tracers that were modeled include two types proposed recently by geothermal researchers: Dye-Releasing Tracers (DRTs), 

or particles that release a solute dye upon encountering a threshold temperature of interest, and Threshold Nano-Reactor Tracers 

(TNRTs), or nanoparticles encapsulating one or more reactants that are prevented from reacting until encountering a threshold 

temperature of interest. Williams et al. (2010) proposed a dye-release mechanism for measuring geothermal temperatures, in which 

particle tracers release encapsulated dyes once a threshold temperature is reached. In an attempt to synthesize dye-releasing particle 

tracers for geothermal applications, Alaskar et al. (2015) synthesized silica nanoparticles with the fluorescent dye Oregon 488 

covalently attached to their surfaces using temperature sensitive amino groups as the links between particle surfaces and dye molecules. 

The fluorescence spectrum of these particles was measured and found to be distinct from that of the free dye. These particles were also 

subjected to a heating experiment, and changes in the fluorescence spectrum were observed after heating. Redden et al. (2010) proposed 

the use of contained nanoreactors that make use of thermoluminscence or polymer racemization to infer the thermal history of a 

geothermal reservoir. They synthesized mineral particles and coated them with various polymers, but reported that their next step was to 

test the stability of the particles in suspension at geothermal conditions. A third type of particle tracer called Temperature-Time Tracers 

(TTTs) was modeled, capable of measuring and recording detailed temperature-time histories encountered by each tracer particle. 

Practical TTTs do not exist, but would represent the most sophisticated particle tracer imaginable (short of particles that communicate 

their position and temperature to the surface wirelessly and in real time), and it is hypothesized that these tracers represent the upper 

bound of informativity about thermal breakthrough. The existing tracers that were modeled are Conservative Solute Tracers (CSTs), 

reactive solute tracers (RSTs), and Sorbing Solute Tracers (SSTs). Gas-phase tracers are also used in vapor-dominated geothermal 

reservoirs, but only tracers dissolved in the liquid phase were considered here for simplicity. A general model was written in MATLAB 

to account for all six tracer types described above, and compiled to interface it with the optimization algorithm used. This tracer model 

was dubbed Thermally Responsive trAcer CodE, or TRACE. 

2.1 Linear Pressure Model 

It is useful to represent a fracture network as a “graph”, consisting of edges (fractures) and nodes (wells and fracture intersections). The 

flowrates and travel times along each edge are inputs to the tracer models, so the node pressures must first be calculated. The following 

model was used as a proxy for reservoir simulation to solve for node pressures. First, all fractures are split at the wells and at 

intersections. Then, all fractures that are not connected directly or indirectly to a well are removed from consideration. Finally, dead end 

fractures are removed from consideration and a list of nodes and segments is built for the remaining fractures. 

This model uses the analytical solution for Poisueille flow between parallel plates. The flow along edge 𝑗 from nodes 𝑖 to node ℎ is 

described in Equation 1. 

𝑄𝑗 =
𝑊𝑗𝑏𝑗

3

12𝜇𝐿𝑗

(𝑝ℎ − 𝑝𝑖) + 𝑄𝑊𝐸𝐿𝐿,𝑗 = 𝐶𝑗(𝑝ℎ − 𝑝𝑖) + 𝑄𝑊𝐸𝐿𝐿,𝑖    (1) 

where 𝑄𝑗, 𝑊𝑗 , 𝑏𝑗 , and 𝐿𝑗  are the flowrate, fracture width, fracture aperture, and fracture length of edge 𝑗; 𝜇 is fluid viscosity; 𝑝ℎ and 𝑝𝑖 

are the pressures at nodes ℎ and 𝑖; and 𝑄𝑊𝐸𝐿𝐿,𝑖  is the well flowrate at node 𝑖 (if one exists), respectively. If no well exists at node 𝑖, 

𝑄𝑊𝐸𝐿𝐿,𝑖 = 0. 𝐶𝑗 represents the grouping of all the fracture and fluid parameters into a constant term. 

The production well pressure was chosen to be specified, and the production flowrate was set as an unknown. It was assumed that fluid 

viscosity and density are both constant everywhere in the fracture network. In order to ground the pressure magnitude, one pressure 
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must be specified. This enabled us to use linear algebra to directly solve for all unknowns (i.e. node pressures and production well 

flowrate) by setting up the system of linear mass balance equations shown in Equation 2. 

𝑻̿𝒑̅ = 𝒓̅       (2) 

where 𝑻̿, 𝒑̅, and 𝒓̅ are the matrix containing the relevant values of 𝐶𝑗 for each node (see Equation 1), the vector of unknowns (node 

pressures and production well flowrate), and the right-hand side vector, which contains constant terms corresponding to the injection 

well flowrate and the production well pressure term, respectively. The right-hand side contains zeros at all nodes except for nodes on 

rows corresponding to nodes that contain wells or are adjacent to well nodes. 

An example pressure field calculated in this way is given in Figure 1. The parameter values used in Figure 1 are shown in Table 1. 

Table 1: Linear pressure model parameter values. 

 

 

Figure 1: Illustration of linear pressure model for discrete fracture networks. 

Once the pressures at each node are known, the edge flowrates and travel times can be calculated using the cubic law (Equation 3) and 

the equation for residence time (Equation 4). 

𝑄𝑗 =
𝑊𝑗𝑏𝑗

3

12𝜇𝐿𝑗

(𝑝ℎ − 𝑝𝑖)      (3) 

𝜏𝑗 =
𝑉𝑗

𝑄𝑗
= (

𝐿𝑊𝑏

𝑄
)

𝑗
       (4) 

where 𝜏𝑗  and 𝑉𝑗  are the travel time and volume of edge 𝑗, respectively. All other parameters are as defined previously. 
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The main drawback of this linear proxy model is that there is some approximation error in the calculated pressure, flowrate, and travel 

time due to the assumption of constant viscosity, density, no matrix flow, and no rock compressibility. However, it is worth using this 

model for its large increase in computational efficiency. 

2.2 Analytical Temperature Model 

In order to model thermally responsive tracers in discrete fracture networks, it was first required to calculate the reservoir temperature 

field at the time of the tracer test. This can be calculated numerically using a reservoir simulator, but a more computationally efficient 

model was desired in order to make inverse search feasible. Fox (2016) derived an analytical model for temperature in a discrete 

fracture network where reinjection is occurring at a constant flowrate, given in Equations 5 to 10. This model uses successive 

convolution to account for the complex effects of flowpath mixing and splitting at fracture intersections. The successive convolution 

model is based on the solution for a single fracture (Equation 5), in which it is assumed that injection and production rates are equal and 

conduction is only significant in the dimension perpendicular to flow. 

Θ(𝑥, 𝑦, 𝑡) =
𝑇𝑤(𝑥,𝑡)−𝑇𝑖𝑛𝑗

𝑇𝑟𝑒𝑠−𝑇𝑖𝑛𝑗
= erf (

1

2

𝑦+𝛽𝑥

√𝛼(𝑡−
𝑥

𝑣
)

)     (5) 

where 𝑥, 𝑦, 𝑡, Θ(𝑥, 𝑦, 𝑡), 𝑇𝑟𝑒𝑠, 𝑇𝑖𝑛𝑗, 𝛼, 𝛽, and 𝑣 are position along the axis of flow, position along the axis perpendicular to flow, time 

since injection began, dimensionless temperature as a function of time and position, original reservoir temperature before injection, 

temperature of injected fluid, thermal diffusivity of reservoir rock which is defined in Equation 6, a dimensionless lumped parameter 

which is defined in Equation 7, and average interstitial fluid velocity. 

α =
𝐾𝑟

𝜌𝑟𝐶𝑟
       (6) 

β =
2𝐾𝑟

𝜌𝑤𝐶𝑤𝑣𝑏
=

2𝐾𝑟𝑊

𝑚̇𝐶𝑤
       (7) 

where 𝐾𝑟, 𝜌𝑟, and 𝐶𝑟 are the thermal conductivity, density, and heat capacity of the reservoir rock, 𝜌𝑤 and 𝐶𝑤 are the density and heat 

capacity of the fluid, and 𝑚̇, 𝑏, and 𝑊 are injection mass flowrate, fracture aperture, and fracture width (i.e. reservoir thickness when 

fractures have a vertical orientation and extend through the whole reservoir thickness). 

If temperature is calculated at the fracture centerline 𝑦 = 0, the variable 𝑦 falls out of the equation. Furthermore, it is reasonable to 

assume that 
𝑥

𝑣
≪ 𝑡 on the spatial and time scales of interest. This simplifies the equation for temperature in a single fracture to Equation 

8. 

Θ(𝑥, 𝑡) = erf (
1

2

𝛽𝑥

√𝛼𝑡
)      (8) 

Fox (2016) derived the temperature in a discrete fracture network as the successive convolution of the simplified single fracture solution 

(Equation 8), resulting in Equations 9 and 10. An inherent assumption in this model is there is no thermal interference between 

fractures. This assumption breaks down when fracture spacings are sufficiently small. 

Θ𝑘(𝑥, 𝑡) = ∑ ∏ 𝜒𝑗𝑗∈𝑆𝑝

𝑁𝑝

𝑝=1 erf (
1

2

𝛽𝑘𝑥

√𝛼𝑡
+ ∑

1

2

𝛽𝑗𝐿𝑗

√𝛼𝑡𝑗∈𝑆𝑝
)    (9) 

𝑇𝑘(𝑥, 𝑡) = 𝑇𝑖𝑛𝑗 + (𝑇𝑟𝑒𝑠 − 𝑇𝑖𝑛𝑗)Θ𝑘(𝑥, 𝑡)      (10) 

where 𝑝 represents a path from the injection well to fracture segment 𝑘, 𝑁𝑝 is the number of such paths, 𝑆𝑝 is the set of fracture 

segments in path 𝑝, 𝑗 is the index referencing these segments, 𝜒𝑗 is the fraction of the mass flowrate along segment 𝑘 that is contributed 

by segment 𝑗, 𝑥 is the position along segment 𝑘 where the temperature is calculated, and 𝐿𝑗  is the length of segment 𝑗. 

Equations 9 and 10 were used to calculate all temperature fields in the inverse analysis of discrete fracture networks. Fractures were not 

only broken into segments at intersections, but also further subdivided into elements in order to capture the temperature field in higher 

resolution, as shown in Figure 2. The thermal breakthrough curve at the production well calculated for the same network using this 

model is given in Figure 3. Model parameter values used in Figure 2 and Figure 3 are given in Table 2. 
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Table 2: Analytical temperature model parameter values. 

  

 

Figure 2: Example temperature field calculated using analytical temperature model for discrete fracture networks. 

 

 

Figure 3: Example of thermal breakthrough curve calculated using analytical temperature model. 
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2.3 General Tracer Model 

Tracer tests are commonly performed to characterize geothermal fields. Tracers are injected into injection wells, and the production 

wells are monitored over time for tracer arrival. The tracer concentration measured over time is referred to as a return curve or 

breakthrough curve, and this is the data that is used to attempt to characterize the reservoir properties quantitatively. A method derived 

by Juliusson (2012) for calculating tracer returns in a fracture network using successive convolution in Laplace space was used in this 

work. First, a depth first search was performed to determine all unique paths from the injection well to production well in the fracture 

network. Then, successive convolution of tracer kernels was performed in Laplace space (see Equations 12 through 21). Finally, the 

result of Equation 12 was inverted numerically in Equation 11 using the Den Iseger algorithm to obtain the return curves (den Iseger 

2006). With permission from the author, TRACE uses the MATLAB routine for the Den Iseger algorithm developed by Juliusson 

(2010), which was slightly modified in TRACE to vectorize input times and increase computational efficiency. This method has the 

advantage of being numerically efficient compared to reservoir simulation (except for fracture networks with a large number of inter-

well paths), and it does not suffer from numerical dispersion. Performing the successive convolution in Laplace space and numerically 

inverting the result is especially efficient because convolution is equivalent to simple multiplication in Laplace space. Juliusson (2012) 

performed a comparison study which showed that the Den Iseger algorithm is more robust for this application than the Stehfest 

algorithm. 

Tracer return curves for complex fracture networks were calculated using Equation 11. 

𝑐(𝑡) = ℒ−1{𝐶(𝑠)} = ℒ−1 {∑ 𝐶𝑝(𝑠)
𝑁𝑝

𝑝=1 }      (11) 

where 𝑐(𝑡), ℒ−1, 𝐶𝑝(𝑠), 𝑁𝑝, and 𝑠 are the tracer concentration observed at the production well as function of time, inverse Laplace 

transform, the tracer concentration contribution of path 𝑝 observed at the production well as a function of time in Laplace space (defined 

in Equation 12), the number of unique inter-well flowpaths in the fracture network, and the Laplace transform variable, respectively.  

𝐶𝑝(𝑠) =
𝑚𝑖𝑛𝑗

𝑄𝑖𝑛𝑗

∏
𝑞𝑘

∑ 𝑞𝑗
𝐽(𝑘)
𝑗

𝐾(𝑝)
𝑘 ∏ 𝜅𝑘̃(𝑠)𝐾(𝑝)

𝑘       (12) 

where 𝑘 runs over all 𝐾(𝑝) edges on path 𝑝, 𝑗 runs over all 𝐽(𝑘) edges with outflow from the source node of edge 𝑘, and 𝑚𝑖𝑛𝑗, 𝑄𝑖𝑛𝑗, 𝑞𝑘, 

and  𝜅𝑘̃(𝑠) are the tracer mass in the injected slug, the steady-state volumetric flowrate of injection during tracer slug injection, the 

flowrate along edge 𝑘, and Laplace transform of the tracer kernel function for a unit impulse, respectively. 

General tracer kernel functions were derived for both solute and particle transport. Solute tracers considered include conservative solute 

tracers (or CSTs), reactive solute tracers (or RSTs), and sorbing solute tracers (or SSTs). For this reason, a general solute tracer model 

was derived accounting for advection, dispersion, reaction, and sorption based on similar derivations by Maloszewski and Zuber (1983), 

Reimus et al. (2003), and Humphrey et al. (2001). This solute tracer model is shown in Equations 13 through 16. 

𝜅𝑘̃(𝑠) = 𝐶𝑠̅𝑜𝑙(𝑠) = exp (
𝑣𝑘𝐿𝑘

2𝐷𝐿
(1 − √1 +

4𝐷𝐿

𝑣𝑘
2 (

2𝜙𝑚

𝑏𝑘𝜙𝑓
√𝒟𝑚,𝑘𝑅𝑚,𝑘(𝑠) + 𝑅𝑓,𝑘(𝑠))))   (13) 

𝑅𝑓,𝑘(𝑠) = 𝜆𝑘 + 𝑠 (1 +
2𝐾𝑎,𝑘

𝑏𝑘
)      (14) 

𝑅𝑚,𝑘(𝑠) = 𝜆𝑘 + 𝑠 (1 + 𝜌𝑚 (
1+𝜙𝑚

𝜙𝑚
) 𝐾𝑑,𝑘)    (15) 

𝐾𝑑,𝑘 = (𝑆𝑆𝐴)𝐾𝑎,𝑘      (16) 

where 𝐶𝑠̅𝑜𝑙(𝑠), 𝐷𝐿, 𝜙𝑚, and 𝜙𝑓 are the tracer kernel for solute tracers along edge 𝑘 in Laplace space, longitudinal dispersivity, matrix 

porosity, and fracture porosity, respectively and 𝑣𝑘, 𝐿𝑘, 𝑏𝑘, 𝒟𝑚,𝑘, 𝑅𝑓,𝑘(𝑠), 𝑅𝑚,𝑘(𝑠), 𝜆𝑘, 𝐾𝑎,𝑘, 𝐾𝑑,𝑘, and 𝑆𝑆𝐴 are the average interstitial 

fluid velocity, fracture length, fracture aperture, matrix diffusivity of the solute, a lumped term for retardation and reaction in the 

fracture, a lumped term for retardation and reaction in the matrix, reaction rate coefficient, fracture partition coefficient, matrix partition 

coefficient, and specific surface area along edge 𝑘, respectively. 

Reimus et al. (2007) used experimental data to develop a correlation between the ratio of matrix diffusivity to diffusivity in free water 
𝒟𝑚

𝒟𝑠𝑜𝑙
 and matrix porosity 𝜙𝑚. The slightly modified version of this correlation reported by Williams et al. (2013) was used to calculate 

𝒟𝑚 in this work (Equation 17). 

𝒟𝑚,𝑘 = 𝒟𝑠𝑜𝑙,𝑘103.0681𝜙𝑚−1.979     (17) 

where 𝒟𝑚,𝑘 and 𝒟𝑠𝑜𝑙,𝑘 are the temperature dependent matrix and free water diffusivities along edge 𝑘. The diffusivity in free water 𝒟𝑠𝑜𝑙 

increases with temperature, and this effect is enhanced by the fact that the viscosity of water 𝜇 decreases with temperature. The 

expression that describes both of these effects used by Williams et al. (2013) was used in this work (Equation 18). Additionally, the 
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experimental correlation for the temperature dependence of the viscosity of water reported by Likhachev (2003) was used (Equation 

19). 

𝒟𝑠𝑜𝑙

𝒟𝑠𝑜𝑙,298𝐾
=

𝑇𝑎𝑏𝑠

298

𝜇298𝐾

𝜇(𝑇𝑎𝑏𝑠)
     (18) 

𝜇(𝑇𝑎𝑏𝑠) = 2.4152 × 10−5 exp (
4742.8

𝑅(𝑇𝑎𝑏𝑠−139.86)
)    (19) 

where 𝑇𝑎𝑏𝑠, 𝜇(𝑇𝑎𝑏𝑠), 𝜇298𝐾, and 𝑅 are the absolute temperature, water viscosity as a function of temperature, water viscosity at 𝑇 =
298 𝐾, and ideal gas constant, respectively. Finally, Arrhenius kinetics were assumed for the decay reaction, as described in Equation 

20. 

𝜆𝑘 = 𝐴𝑅 exp (−
𝐸𝐴

𝑅𝑇𝑎𝑏𝑠,𝑘
)     (20) 

where 𝐴𝑅 and 𝐸𝐴 are the Arrhenius pre-exponential factor and activation energy of the reaction, respectively. 

Particle tracers considered include dye-releasing tracers (DRTs), threshold nano-reactor tracers (TNRTs), and temperature-time tracers 

(TTTs). Particle tracers in porous and fractured media which experience minimal deposition tend to move more rapidly than the average 

fluid velocity and experience breakthrough sooner than solute tracers, which is likely due to colloids being too large to experience 

matrix diffusion and their tendency to stay in high velocity fluid streamlines (Reimus 1995, Becker et al. 1999). Thus, when modeling 

particle transport, matrix diffusion was neglected (𝜙𝑚 = 0), as well as reaction (𝜆𝑘 = 0) and sorption (𝐾𝑎,𝑘 = 0 and 𝐾𝑑,𝑘 = 0), causing 

Equation 13 to reduce to Equation 21, which is a solution to the classical advection-dispersion equation in Laplace space. 

𝜅𝑘̃(𝑠) = 𝐶𝑛̅𝑝(𝑠) = exp (
𝐿𝑘

2𝐷𝐿
(𝑣𝑒𝑓𝑓,𝑘 − √𝑣𝑒𝑓𝑓,𝑘

2 + 4𝐷𝐿𝑠))    (21) 

where 𝐶𝑛̅𝑝(𝑠) and 𝑣𝑒𝑓𝑓,𝑘 are the tracer kernel for particle tracers and the particle velocity along edge 𝑘 in Laplace space. The particle 

velocity 𝑣𝑒𝑓𝑓,𝑘 is calculated using Equation 22, which is an analytical solution for the effective average particle velocity derived by 

James and Chrysikopoulos (2001). This equation accounts for the exclusion of particles from slower streamlines due to the particles 

being excluded from a region the size of the particle diameter in the dimension of the fracture aperture. 

𝑣𝑒𝑓𝑓,𝑘 = 𝑣𝑘 (1 +
𝑑𝑝

𝑏𝑘
−

1

2
(

𝑑𝑝

𝑏𝑘
)

2

)    (22) 

where 𝑣𝑘 is the average interstitial velocity along edge 𝑘, 𝑑𝑝 is particle diameter, and 𝑏𝑘 is fracture aperture in edge 𝑘. 

The difference between the return curves for solutes and particles is illustrated in Figure 4. The particle tracer breaks through slightly 

earlier than the solute tracer, while the solute tracer return curve has a longer tail. This difference is primarily due to the fact that the 

solute tracer experiences matrix diffusion, while the particle tracer does not. Particle exclusion from fracture walls also causes particles 

to breakthrough slightly earlier than solutes, but this effect is noticeable only when 
𝑑𝑝

𝑏𝑘
 is sufficiently large. 

 

Figure 4: Comparison of solute and particle tracer return curves. 

TNRT return curves were calculated differently than all other tracer types. A random-walk particle tracking model which accounts for 

dispersion was used to calculate temperature-time histories of 10,000 representative tracer particles, which was then used to calculate 

the extent of reaction using Equation 23 and return curves for various temperature thresholds using Equation 24. 
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1 − 𝜉(𝑡) = exp (∫ 𝜆(𝜏)
𝑡

0
𝑑𝜏) = exp (∫ 𝐴𝑅 exp (−

𝐸𝐴

𝑅

1

𝑇𝑎𝑏𝑠(𝜏)
) 𝑑𝜏

𝑡

0
)    (23) 

where 𝜉(𝑡) is the extent of reaction within the nanoreactor at time 𝑡, 𝜆(𝜏) is the reaction rate constant at a specified time in the particle’s 

history, 𝜏 is a dummy variable for time 𝑡, and 𝑇𝑎𝑏𝑠(𝜏) is absolute temperature at a specified time in the particle’s history. 

𝑐𝐴(𝑡) = (1 − 𝜉̅(𝑡)) 𝑐(𝑡)      (24) 

where 𝑐𝐴(𝑡) is the TNRT return curve for a given threshold temperature, 1 − 𝜉̅(𝑡) is the average fraction of reactant 𝐴 remaining in the 

particles at residence time 𝑡, and 𝑐(𝑡) is the return curve concentration of nanoreactor particles calculated by plugging the particle kernel 

(Equation 21) into Equations 11 and 12. The term 1 − 𝜉̅(𝑡) is calculated as the average of the reactant fraction values for individual 

particles within each residence time bin in the return curve. 

TTTs were also modeled differently than other tracer types. Ames and Horne (2014) showed that detailed temperature-time histories can 

be used to infer fracture network topology including flowrates, travel times, and temperatures. It is useful to represent this information 

as a directed graph where edges correspond to fracture flowpaths and nodes correspond to wells and fracture intersections. The 

information provided by TTT tracer tests was modeled by reducing the fracture network to a graph including information flowrates, 

travel times, and temperatures. In the inverse problem cases described in this work, this graph was matched in addition to the TTT 

return curve, which was calculated using the particle kernel (Equation 21). 

Tracer parameter values used in this work that are shared by all tracer types are given in Table 3, and parameter values specific to each 

tracer type are given in Table 4 through Table 9.  

Table 3: Tracer model parameter values. 

  

Table 4: CST model parameter values. 

  

Table 5: RST model parameter values. 
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Table 6: SST model parameter values. 

  

Table 7: DRT model parameter values. 

  

Table 8: TNRT model parameter values. 

  

Table 9: TTT model parameter values. 

  

Some of the parameters in the tracer kernel are temperature dependent (e.g. 𝜆𝑘), which requires breaking fracture edges further into 

discrete fracture elements in order to model the tracer returns on the same grid as the temperature field. The successive convolution 

model can be extended readily to account for this. In this case, the index 𝑘 in Equations 11 through 22 refers to element ID rather than 

edge ID. For further modeling details, please refer to Ames (2016). 

2.4 Inverse Problem 

A framework was constructed to solve the mixed-integer nonlinear programming (MINLP) optimization problem of matching tracer 

data in discrete fracture networks with a variable number of fractures. The problem is mixed-integer because some of the decision 

variables are both integer valued (i.e. a binary decision variable to turn each fracture “on” or “off”) and continuous (i.e. fracture 

location, length, and orientation). The problem is a nonlinear programming problem because both the objective function and constraints 

are nonlinear. A derivative-free optimization algorithm called PSO-MADS was chosen, and an algorithm was developed to handle 

disconnected fracture networks using a constraint. This is well-suited for this particular modeling approach because the solution space is 

mostly populated with fracture networks in which the wells are not connected, and the forward model requires the wells be connected by 

fractures. For this reason, disconnected fracture networks are considered infeasible but are connected by adding fractures in a recursive 

approach. The sum of the lengths of the added fractures is the constraint violation value, which is minimized as an additional objective. 

2.4.1 Inverse Problem Formulation 

The tracer inverse problem in this work is formulated in Equations 25 and 26. 
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min𝒎∈𝑀 𝑓(𝒎)       (25) 

subject to:       

ℎ(𝒎) ≤ 0       (26) 

where 𝒎 is the vector of decision variables that describe the fracture network, 𝑀 is the set of all possible values of 𝒎, 𝑓(𝒎) is the 

objective function to be minimized, and ℎ(𝒎) is the nonlinear constraint violation that measures how disconnected a fracture network 

is. 

2.4.2 Decision Variables 

The decision variables to be used in optimization were formulated such that the number of fractures in the network is allowed to vary 

between two and ten fractures. The decision variables for each fracture are a binary variable determining whether a fracture was turned 

“on” or “off”, fracture center point x- and y-coordinates, fracture orientation, and fracture length. In order to guarantee that at least one 

fracture intersected each well, two fractures (the “well fractures”) are formulated differently. First, well fractures not given the 

flexibility to be turned “on” or “off” in order to ensure that well fractures exist in all candidate networks. Second, as they are required to 

intersect a fixed well location, only three parameters are required to define them: length, orientation, and the fractional distance along 

the fracture between the center point and the well. In general, the number of decision variables for this formulation is given by Equation 

27. 

𝑁𝐷𝑉 = 5(𝑁𝐹 − 𝑁𝑊) + 3𝑁𝑊      (27) 

where 𝑁𝐷𝑉 is the total number of decision variables, 𝑁𝐹 is the maximum number of fractures considered, and 𝑁𝑊 is the number of wells, 

respectively. For example, a maximum of 10 fractures corresponds to a total of 46 decision variables. 

Rather than allowing aperture to vary freely as a decision variable in the optimization, it was decided to calculate the aperture of each 

fracture as a function of its length. This was done for two reasons. First, this reduces the number of decision variables by the maximum 

number of fractures 𝑁𝐹, which reduces the difficulty of the inverse search. Secondly, researchers have reported that fracture aperture 

and length are correlated, citing both field observations and fracture mechanics theory (Olson 2003). Olson (2003) performed a survey 

of aperture values reported in literature and included power law correlations for both dikes, which have very large apertures relative to 

their lengths, and mineralized veins, which have much smaller apertures relative to their lengths. These correlations are in the form 

shown in Equation 28. To be consistent with the Enhanced Geothermal Systems concept, the related modeling assumptions, and the 

fractured granite outcrop used to generate the true fracture networks (see Section 2.4.6), the correlation for mineralized veins at Florence 

Lake was used, which is shown in Equation 29. This was the most consistent with the fractured granite assumption because the veins at 

Florence Lake were in a granodiorite body, which is similar to granite. 

𝑏 = 𝐶𝐿𝑒       (28) 

𝑏 = 6.9 × 10−4𝐿0.41      (29) 

where 𝑏 is fracture aperture, 𝐿 is fracture length, 𝐶 is a pre-exponential constant, and 𝑒 is a scaling exponent for the power law 

correlation. 

2.4.3 Objective Function 

The objective function to be minimized is defined for all tracer types (except for TTTs) in Equation 30. 

𝑓(𝒎) = 𝑓𝑅𝐶(𝒎) + 𝑓𝑅𝑇(𝒎)      (30) 

where 𝑓(𝒎), 𝑓𝑅𝐶(𝒎), and 𝑓𝑅𝑇(𝒎) are the objective function, the component of the objective function measuring the fitness of the 

return curves, and the component of the objective function measuring the fitness of the peak residence times, respectively. 

The return curve component of the objective function 𝑓𝑅𝐶(𝒎) is a metric of how well a given model curve fits the data. This is often the 

only component of the objective function used in curve fitting optimization problems, and it is often calculated as a simple Euclidean 

distance. In this work, it was calculated as the integral of the difference between the return curves for the model and the data, 

normalized by the area under the data return curve. This particular formulation was chosen because it was easier to normalize than a 

simple Euclidean distance (normalization is necessary in this case because there are multiple components of the objective function that 

contain different metrics) and because the time series in the synthetic return curve data were not always evenly spaced (which would 

make a Euclidean distance a less accurate metric of curve fitness). 

Rather than simply formulating the objective function as the return curve component described in the previous section, another 

component was added to account for the time difference between return curve peaks, which is referred to as 𝑓𝑅𝑇(𝒎) in Equation 30. 

This was done to mitigate the problem of a flat objective function surface for candidate networks with very little or no overlap with the 

data return curve. In this case, the area between the curves is roughly equal to the sum of the areas under both curves, regardless of the 

distance between the curves on the time axis, which would result in a flat objective function surface for curves that have no overlap with 

the data. The peak residence time component of the objective function introduces a slope to the objective function surface by penalizing 
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curves more the farther their peaks are from the peak of the data return curve. This is calculated as the normalized difference between 

the peak arrival time of the model and data return curves. 

The objective function for the TTT has an additional component in its objective function called graph edit distance, which is a heuristic 

graph dissimilarity metric (see Equation 31). This enabled the matching of flowpath topology, path flowrates, travel times, and 

temperatures inferred from TTT data. 

𝑓(𝒎) = 𝑓𝑅𝐶(𝒎) + 𝑓𝑅𝑇(𝒎)+𝑓𝐸𝐷(𝒎)      (31) 

where 𝑓𝐸𝐷(𝒎) is the edit distance between the two graphs and all other parameters are previously defined. Edit distance was calculated 

using the method developed by Riesen and Bunke (2009), which is based on the Hungarian algorithm (Kuhn 1957 and Munkres 1957).  

Further details about the formulation of each component of the objective function can be found by referring to Ames (2016). 

2.4.4 Nonlinear Constraint Violation 

Because no matrix flow is considered, the forward models require that the injection and production wells be connected by fractures. An 

algorithm was developed to connect fracture clusters recursively until the wells are connected, so that the objective function of 

infeasible solutions could be approximated (see Algorithm 1). 

Algorithm 1: Recursive fracture cluster connection algorithm 

while the wells are not connected by fractures: 

1. Group all fractures into isolated clusters of connected fractures. 

2. Add a “virtual fracture” corresponding to the minimum distance between fracture clusters. 

A graphical illustration of this algorithm is given in Figure 5. 

 

Figure 5: Graphical illustration of recursive fracture cluster connection algorithm for the originally disconnected network with 

the newest virtual fracture at each iteration highlighted in green. 
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The constraint value used was simply the sum of the lengths of fractures that needed to be added to connect the wells. This method was 

designed to both guide the optimization algorithm toward feasible regions of the search space and to utilize objective function 

approximations for infeasible solutions to aid in the optimization. For example, if a fracture network is infeasible but would be a good 

match if one of the fractures were slightly longer, the objective function approximation would be low, which helps inform the 

optimization algorithm to move in that search direction. 

2.4.5 PSO-MADS Optimization Algorithm 

Fracture networks that are not connected in this way are considered infeasible solutions to the inverse problem. An optimization 

algorithm called PSO-MADS was used to search the optimization space (Isebor 2013, Isebor et al. 2014a, and Isebor et al. 2014b). PSO-

MADS is a hybrid of Particle Swarm Optimization (PSO), a stochastic global search method, and Mesh Adaptive Direct Search 

(MADS), a local pattern search method. This algorithm is derivative-free, can handle integer problems, and is capable of handling 

infeasible solutions by using a constraint violation. Only feasible solutions can be considered optimal, but the constraint violation value 

can be used to guide the algorithm toward feasible solutions. 

2.4.6 True Fracture Networks 

The true fracture networks used to generate synthetic tracer data were based on a real fractured granite outcrop in the Catalan Costal 

Ranges of Spain, called the Tamiaru outcrop. Place et al. (2011) used this outcrop as an analog to study the fluid flow patterns in the 

Soultz-sous-Forets EGS project. Based on observations of a network of carbonate veins in the Tamiaru outcrop, it is believed that this 

network hosted fluid flow in the past, and the outcrop is considered a fossil geothermal reservoir. This outcrop was chosen as a basis for 

the true fracture networks because it was mapped in aerial view, at the appropriate scale, and is in fractured granite, which is consistent 

with the rock properties and associated modeling assumptions. 

The Tamiaru fractured granite outcrop was used as a starting point for all true fracture networks in this study. A section the fracture 

outcrop was chosen as an area of focus for this study, as shown in the aerial image reproduced from Place et al. (2011) in Figure 6. 

Then, 100 fractures in a subsection of the outcrop were manually digitized. However, the 100 fracture case was not computationally 

feasible as a true case in this study for two reasons. First, the optimization problem would have 496 decision variables, meaning 

optimizations would require a very large number of objective function evaluations to explore the objective function surface sufficiently. 

Second, a single objective function evaluation for the 100 fracture problem is prohibitively expensive computationally. In order to 

preserve as much realism in this fracture network as possible while reducing the number of fractures, the maximum flowrates along all 

the segments of each individual fracture were calculated, and the fractures were ranked according to their maximum flowrates. Next, 

three fracture networks with 7, 9, and 15 fractures were constructed by removing all of the digitized fractures except for those with the 

highest flowrates (see Figure 7). This was done somewhat heuristically, because several of the 30 highest ranked fractures were 

disconnected from the others, in which case a lower ranked fracture was used in its place. 

These three fracture networks were used as true fracture networks in inverse problems to examine whether the complexity of the flow 

topology affects the informativity of each tracer. The fact that each network shares the same basic character originating from a real 

fractured outcrop made it possible to isolate the effect of flow complexity from other potential factors such as the geometric shape of the 

fracture network (since all of the fracture networks have the same basic shape). Each true network also represents a different type of 

thermal behavior, all of which are possible for the well configuration considered. The 7 fracture network represents a short circuit, and 

the 9 fracture network and 15 fracture network each represent a more efficient thermal sweep than the previous network (see Figure 8). 

The fracture network parameter values that were used are given in Table 10. The longest fracture in the digitized fracture network is 

83.6 meters, so it was decided to set the range of possible fracture lengths in optimizations at 1 to 100 meters. The value of longitudinal 

dispersivity that was used (𝐷𝐿 = 0.02
𝑚2

𝑠
) was based on values inferred from a large number of tracer tests compiled by Zhou et al. 

(2007). Finally, the digitized fracture network was used to generate semi-random starting points for the optimization. Starting point 

fracture networks were generated stochastically by sampling cumulative distribution functions built from the orientations, lengths, and 

center point coordinates of the fractures in the digitized network. 

Table 10: Fracture network parameter values used in this study. 
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Figure 6: Full aerial image of Tamiaru fractured granite outcrop reproduced from Place et al. (2011) with a red box drawn 

around part of the outcrop that was used for this study. 
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Figure 7: Digitized network with 100 fractures based on the Tamiaru Outcrop and the simplified true fracture networks with 

15, 9, and 7 fractures. 

 

Figure 8: Thermal breakthrough curves of true fracture networks. 
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3. RESULTS 

Discrete fracture network optimizations were performed to match synthetic tracer data for six tracer types (CST, RST, SST, DRT, 

TNRT, and TTT) and three different true fracture networks of increasing complexity (net 7, net 9, and net15). Each optimization was 

repeated a number of times with different stochastically generated starting points, and the best solution from the repetitions was taken as 

the optimum. The number of repetitions required to find an acceptable fit to the synthetic tracer data varied with the complexity of the 

true fracture network. 

Thermal breakthrough forecasts were calculated for optimal fracture networks found for each tracer type and true fracture network, and 

these forecasts were compared to the thermal breakthrough behavior of the corresponding true fracture networks. The error of each 

thermal breakthrough forecast was quantified using two types of metrics, and the tracers were ranked in order of forecast accuracy for 

each true fracture network. The first thermal breakthrough forecast error metric is dubbed Thermal Breakthrough Area Difference 

(𝑇𝐵𝐴𝐷), the normalized absolute difference between the forecasted thermal breakthrough curve and the true thermal breakthrough 

curve, as described in Equation 32. The second metric is dubbed Percent Time Difference (𝑃𝑇𝐷𝑥℃), the percent error in predicting the 

time of a specified drop in temperature, as described in Equations 33 to 35. Three specified temperature drops were used here: 10℃, 

20℃, and 25℃. 

𝑇𝐵𝐴𝐷 =
∫  |𝑇𝑝𝑟𝑜𝑑,𝑀𝑂𝐷(𝑡)−𝑇𝑝𝑟𝑜𝑑,𝑇𝑅𝑈𝐸(𝑡)|

𝑡=𝑡𝑒𝑛𝑑
𝑡=0

 𝑑𝑡

∫  |𝑇𝑝𝑟𝑜𝑑,𝑇𝑅𝑈𝐸(𝑡)−100℃|
𝑡=𝑡𝑒𝑛𝑑

𝑡=0
 𝑑𝑡

× 100%    (32) 

where 𝑇𝐵𝐴𝐷 is the normalized absolute difference between the forecasted thermal breakthrough curve and the true thermal 

breakthrough curve, 𝑇𝑝𝑟𝑜𝑑,𝑀𝑂𝐷(𝑡) is the thermal breakthrough model forecast corresponding to the optimal fit to tracer data, 

𝑇𝑝𝑟𝑜𝑑,𝑇𝑅𝑈𝐸(𝑡) is the true thermal breakthrough behavior (i.e. temperature at the production well over time), and 𝑡𝑒𝑛𝑑 is the end time 

(𝑡𝑒𝑛𝑑 = 10,000 days was chosen in this case to represent a desirable reservoir lifetime). 

𝑇𝐵𝑇𝑥℃ = min(𝒕𝑇𝑃𝑅𝑂𝐷(𝑡)≤𝑇𝑟𝑒𝑠−100℃)     (33) 

𝑇𝐵𝑇𝐷𝑥℃ = |𝑇𝐵𝑇𝑥℃,𝑀𝑂𝐷 − 𝑇𝐵𝑇𝑥℃,𝑇𝑅𝑈𝐸|    (34) 

𝑃𝑇𝐷𝑥℃ =
𝑇𝐵𝑇𝐷𝑥℃

𝑇𝐵𝑇𝑥℃,𝑇𝑅𝑈𝐸
× 100%     (35) 

where 𝒕𝑇𝑃𝑅𝑂𝐷(𝑡)≤𝑇𝑟𝑒𝑠−100℃ is the vector of all time values at which the production well temperature 𝑇𝑃𝑅𝑂𝐷(𝑡) is below 𝑇𝑟𝑒𝑠 − 100℃, 

𝑇𝐵𝑇𝑥℃ is the earliest time that 𝑇𝑃𝑅𝑂𝐷(𝑡) falls below 𝑇𝑟𝑒𝑠 − 100℃,  𝑇𝐵𝑇𝐷𝑥℃ is the absolute error in the model forecast 𝑇𝐵𝑇𝑥℃,𝑀𝑂𝐷 of 

the time of the specified temperature drop with respect to the true time of the specified temperature drop 𝑇𝐵𝑇𝑥℃,𝑇𝑅𝑈𝐸, and 𝑃𝑇𝐷𝑥℃ is the 

percent error in the model forecast of breakthrough time (this is normalized by the true time 𝑇𝐵𝑇𝑥℃,𝑇𝑅𝑈𝐸). Note that both 𝑇𝐵𝐴𝐷 and 

𝑃𝑇𝐷𝑥℃ represent forecast error magnitudes, so the tracer types with the lowest values rank higher. 

A total of 18 PSO-MADS optimizations were performed for fracture network 7 (three different starting points for each of the six tracer 

types), 48 PSO-MADS optimizations for fracture network 9 (6 different starting points CST, RST, and SST and 10 starting points for 

DRT, TNRT, and TTT), and 60 PSO-MADS optimizations for fracture network 15 (ten starting points for each of the six tracer types). 

Acceptable fits to the synthetic data were defined as fracture networks with objective function values less than or equal to 0.03, which 

corresponds to a 3% difference in the area between return curves. Acceptable fits were found for all tracer types in network 7. For 

network 9, acceptable fits were found for CST, RST, and SST but not for DRT, TNRT, and TTT. For network 15, acceptable fits were 

found for every tracer type except for TTT. Cases without acceptable fits to the synthetic data were excluded from comparison and 

analysis. An example of the optimal curve fit and corresponding fracture network is shown for TNRT and fracture network 15 in Figure 

9. 
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Figure 9: TNRT optimization results for fracture network 15: (A) return curve with best fit, (B) corresponding optimal fracture 

network with true fracture network, (C) true fracture network alone, and (D) optimal fracture network alone. 

The thermal breakthrough forecasts corresponding to the optimal networks found for all tracer types are shown with the true thermal 

breakthrough curve for true fracture network 7 in Figure 10. The corresponding values of thermal breakthrough forecast error metrics 

𝑇𝐵𝐴𝐷 and 𝑃𝑇𝐷𝑥℃are given in Table 11. The thermal breakthrough forecasts provided by all tracer types are very accurate for fracture 

network 7. All had values of 𝑇𝐵𝐴𝐷 < 1% and values of 𝑃𝑇𝐷𝑥℃ < 2% for all three specified temperature drops: 10℃, 20℃, and 25℃. 

One would not expect to ever achieve such an accurate forecast in practice, especially with CSTs. There are likely two main reasons that 

forecasts are so accurate. First, network 7 has very simple topology due to having only one inter-well path. Second, the thermal model 

used in optimizations and forecasts does not account for thermal interference between fractures, which makes the thermal response 

unrealistically insensitive to geometry, especially when there is only one path. As a result, the inverse problem is less unique than if 

thermal interference were accounted for. When thermal interference is not accounted for, a fracture network model with a single path is 

essentially reduced to a one-dimensional single fracture model in which the main parameter that affects temperature is the ratio of mass 

flowrate to heat transfer surface area. Note that fractures with different lengths also have different apertures, so fluid moves at different 

velocities through different fractures, so it is not quite as simple as a one-dimensional single fracture model. However, there are many 

different single path fracture networks with similar heat transfer surface area, so both the tracer responses and thermal behavior are 

fairly nonunique for network 7 when using this modeling approach. This points to the importance of using a model that can account for 

thermal interference in order to characterize the thermal forecast accuracy of each tracer type more accurately and definitively. Since all 
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thermal breakthrough forecasts are so accurate and tightly clustered, it is difficult to determine a definitive ranking of tracer types for 

network 7. 

Table 11: Thermal breakthrough forecast error metrics 𝑻𝑩𝑨𝑫 and 𝑷𝑻𝑫𝒙℃ for all tracer types in fracture network 7. 

 

 

 

Figure 10: Thermal breakthrough curves corresponding to true fracture network and optimal fracture networks for each tracer 

type for true fracture fracture network 7. 

The thermal breakthrough forecasts corresponding to the optimal networks found for all tracer types are shown with the true thermal 

breakthrough curve for true fracture network 9 in Figure 11. The corresponding values of thermal breakthrough forecast error metrics 

𝑇𝐵𝐴𝐷 and 𝑃𝑇𝐷𝑥℃ are given in Table 12 and the corresponding accuracy rankings are given in Table 13. The thermal breakthrough 

forecasts provided by all tracer types with acceptable fits are accurate for fracture network 9, but they are less accurate than the forecasts 

provided by the same tracer types in network 7. RST ranked 1st, SST ranked 2nd, and CST ranked last in all forecast accuracy metrics in 

network 9. 𝑇𝐵𝐴𝐷 values range from 0.9% for RST to 3% for CST and 𝑃𝑇𝐷𝑥℃ values range from 0.4% for RST to 10.9% for CST for a 

10℃ temperature drop, from 2.7% for RST to 11.7% for CST for a 20℃ temperature drop, and from 3.5% for RST to 12% for CST for 

a 25℃ temperature drop. It is worth noting that the error increases for forecasts of the times of larger temperature drops because the 

spread between the thermal breakthrough curves increases over time (see Figure 11). The reason that the forecasts were less accurate 

than those for network 7 is that network 9 has four distinct inter-well paths with two flow splitting points and two flow mixing points 

(whereas network 7 only has one path and no mixing or splitting points). The more complex flow topology of network 9 makes tracer 

responses more ambiguous than if there were only a single path, because there are different possible networks with significantly 

different geometry that have the same tracer responses (especially for CST). Meanwhile, the thermal behavior for these networks with 

very similar tracer responses shows some small but noticeable deviation from that of the true network, as shown in Figure 11. The CST 

has the largest thermal deviation because the tracer response is not as closely related to the temperature distribution in the case of the 

RST or the surface area in the case of the SST. Meanwhile, there is only a small separation between the forecast accuracy of RST and 

that of SST, especially at late time. The metric for which RST outperformed SST the most is 𝑃𝑇𝐷10℃: RST is 4% more accurate than 

SST with respect to this metric for network 9, which is still a relatively small difference.  
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Table 12: Thermal breakthrough forecast error metrics 𝑻𝑩𝑨𝑫 and 𝑷𝑻𝑫𝒙℃ for all tracer types in fracture network 9. 

 

 

 

Table 13: Tracer rankings based on thermal breakthrough forecast error metrics 𝑻𝑩𝑨𝑫 and 𝑷𝑻𝑫𝒙℃ for all tracer types in 

fracture network 9. 

 

 

 

Figure 11: Thermal breakthrough curves corresponding to true fracture network and optimal fracture networks for each tracer 

type for true fracture fracture network 9. 

The thermal breakthrough forecasts corresponding to the optimal networks found for all tracer types are shown with the true thermal 

breakthrough curve for true fracture network 15 in Figure 12. The corresponding values of thermal breakthrough forecast error metrics 

𝑇𝐵𝐴𝐷 and 𝑃𝑇𝐷𝑥℃ are given in Table 14 and the corresponding accuracy rankings are given in Table 15. 
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Table 14: Thermal breakthrough forecast error metrics 𝑻𝑩𝑨𝑫 and 𝑷𝑻𝑫𝒙℃ for all tracer types in fracture network 15. 

 

 

Table 15: Tracer rankings based on thermal breakthrough forecast error metrics 𝑻𝑩𝑨𝑫 and 𝑷𝑻𝑫𝒙℃ for all tracer types in 

fracture network 15. 

 

 

Figure 12: Thermal breakthrough curves corresponding to true fracture network and optimal fracture networks for each tracer 

type for true fracture fracture network 15. The thermal breakthrough curve for TTT is excluded because an acceptable 

match to the data was not found. 

The thermal breakthrough forecasts provided by tracers in network 15 optimizations are less accurate than for either network 7 or 

network 9. SST ranked 1st, TNRT ranked 2nd,  DRT ranked 3rd, RST ranked 4th, and CST ranked last in all forecast accuracy metrics in 

network 15 except for 𝑃𝑇𝐷25℃, for which the rankings of DRT and TNRT were reversed and all other rankings were the same. 𝑇𝐵𝐴𝐷 

values range from 1.6% for SST to 5% for CST and 𝑃𝑇𝐷𝑥℃ values range from 8.9% for SST to 23.4% for CST for a 10℃ temperature 

drop, from 7.9% for SST to 23.2% for CST for a 20℃ temperature drop, and from 7.8% for SST to 22.8% for CST for a 25℃ 

temperature drop. Interestingly, the error decreases slightly for forecasts of the times of larger temperature drops. One would expect the 

error to increase somewhat because the spread between the thermal breakthrough curves appears to increase over time, as was the case 

in network 9. The reason that the forecasts were less accurate than those for networks 7 and 9 is that network 15 has 16 distinct inter-

well paths with many flow splitting points and mixing points (whereas network 7 only has one path and no mixing or splitting points 

and network 9 has four paths, two mixing points, and two splitting points). The more complex flow topology of network 15 makes 

tracer responses ambiguous, because there are different possible networks with significantly different geometry that have the same 

tracer responses (especially for CST). Meanwhile, the thermal behavior for these networks with very similar tracer responses deviates 

from that of the true network, as shown in Figure 12. The CST has the largest thermal deviation because the tracer response is not as 

closely related to the temperature distribution in the case of the DRT, TNRT, and RST or the surface area in the case of the SST. 
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Meanwhile, there is only a small separation between the forecast accuracy of SST, TNRT, and DRT, especially at late time. The metric 

for which SST significantly outperformed TNRT or DRT the most is 𝑃𝑇𝐷10℃: SST is 1.6% more accurate than DRT with respect to this 

metric for network 15, which is still a small difference. 

4. CONCLUSIONS 

In this work, discrete fracture network models were developed to gain insight regarding the usefulness of the data provided by various 

tracer types with respect to thermal breakthrough forecasting in geothermal reservoirs. Three existing solute tracer types were modeled: 

conservative solute tracers (CSTs), reactive solute tracers with temperature dependent reaction kinetics (RSTs), and sorbing solute 

tracers that sorb reversibly to fracture walls (SSTs). Additionally three hypothetical particle tracers which have not been developed in 

practice were modeled: dye-releasing tracers (DRTs) that release a solute dye at a specified temperature threshold is reached, threshold 

nanoreactor tracers (TNRTs) with an encapsulated reaction that does not begin until a specified temperature threshold is reached, and 

temperature-time tracers (TTTs) capable of recording detailed temperature-time histories of each particle. An analytical model for 

temperature in a discrete fracture network developed by Fox (2016) was used to calculate temperature distributions used in tracer 

models. The tracer models were used to generate synthetic tracer data for three “true” fracture networks based on the Tamiaru fractured 

granite outcrop in Spain. These three fracture networks were named network 7, network 9, and network 15 and consist of of 7, 9, and 15 

fractures, respectively. Both the complexity of the flow topology and the total network surface area increases with the number of 

fractures in these networks. These data were then fit using the PSO-MADS optimization algorithm developed by Isebor (2013) to search 

the space of possible fracture networks. Decision variables used in optimization were fracture location, length, and orientation and a 

binary “existence” variable for each fracture that turned fractures on and off in order to achieve a variable number of fractures. This 

resulted in a mixed-integer nonlinear programming (MINLP) problem for which PSO-MADS is well-suited. Next, the thermal model 

developed by Fox (2016) was utilized to calculate thermal breakthrough behavior of optimal fracture networks, and the forecast 

accuracy was compared for each tracer type using two forecast error metrics: 𝑇𝐵𝐴𝐷 (the percent area between the forecasted thermal 

breakthrough curve and the true thermal breakthrough curve) and 𝑃𝑇𝐷𝑥℃ (the percent error in the forecast of the time of a 𝑥℃ 

temperature drop (temperature drops of 10℃, 20℃, and 25℃ were used). Finally, relationships between forecast error metrics, 

objective function value, and total swept surface area in the fracture network were examined. 

This work resulted in the following findings: 

 In network 7, all tracer types forecasted thermal breakthrough very accurately, and the accuracy metrics for different tracer 

types were so similar that the accuracy rankings for this network should be considered a tie. This unrealistic level of forecast 

accuracy was likely the result of the facts that network 7 consists of only a single inter-well fracture path and thermal 

interference between closely spaced fractures was not accounted for in the analytical thermal model used. This essentially 

reduces network 7 to a one-dimensional single fracture problem with many possible networks that match both tracer response 

and thermal behavior closely. 

 

 In network 9, acceptable matches to the synthetic tracer data were found for only the three solute tracers: CST, RST, and SST. 

Since it would be misleading to compare the behavior of networks found in DRT, TNRT, and TTT optimizations resulting in 

poor matches to the data, these three tracers were excluded from rankings in network 9. RST slightly outperformed SST in all 

metrics, and both RST and SST outperformed CST in all metrics. 

 

 In network 15, acceptable matches to the synthetic tracer data were found for all tracers except for TTT. Therefore, TTT 

excluded from rankings in network 15. Rankings for all metrics were 1) SST, 2) TNRT, 3) DRT, 4) RST, and 5) CST except 

for 𝑃𝑇𝐷𝑥℃, for which the DRT and TNRT rankings were reversed and all other rankings were the same. However, the 

difference in forecast accuracy between SST, TNRT, and DRT was small. The metric for which SST significantly 

outperformed TNRT or DRT the most is 𝑃𝑇𝐷10℃: SST is 1.6% more accurate than DRT with respect to this metric for 

network 15. 

 

 Both forecast accuracy and the relative performance of different tracer types are sensitive to the complexity of the true 

fracture network. Forecast accuracy for all tracers decreases as the complexity increases, and certain tracer types begin to 

outperform others as complexity increases (while all tracer types performed very well for the simplest case). In other words, 

for more complex true fracture networks, optimal fracture networks were found which fit the tracer data but had significant 

deviations from true thermal breakthrough behavior. 

 

 In all cases, forecast error was very low, so clear tracer rankings were not established. This low forecast error is likely 

unrealistic because of both simplified two-dimensional fracture network geometry and the fact that the model did not account 

for thermal interference between closely spaced fractures. If this framework were used with a thermal model accounting for 

interference, this would likely introduce more forecast error for tracers that do not “see” temperature. 

The following are promising directions for future research: 

 The main limitations of this study were a result of neglecting thermal interference between closely spaced fractures, which 

resulted in all tracers forecasting thermal breakthrough unrealistically accurately. Therefore, it is recommended that future 

work be performed to evaluate the informativity of these tracers using a thermal model that can account for thermal 

interference, such as the parallel fracture model developed by Gringarten et al. (1975) or efficient reservoir simulation. It is 

hypothesized that when thermal interference is present, tracers that can “see” temperature forecast thermal breakthrough more 
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accurately than those that do not. This must be evaluated before it can be determined whether particle tracers provide any 

significant advantages over already available solute tracers. 

 

 In order to fully understand the extent to which surface area is diagnostic regarding thermal breakthrough, sensitivity analysis 

should be performed in which other parameters, such as the thermal properties of fluid and rock, are varied. Accounting for 

thermal interference may also provide insight about the significance of surface area. 

 

 All models in this work operate under the assumption that all fluid flow occurs in the fractures themselves, and matrix flow 

was neglected. It is true that flow in geothermal reservoirs is often dominated by fractures, but matrix flow is present even in 

low permeability rock. Therefore, it is important to repeat this assessment using a model that accounts for the effects of matrix 

flow on both tracer and thermal behavior. Such a study could potentially be used to determine which tracer types are most 

useful in each type of reservoir. 
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