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ABSTRACT

Geothermal energy is a readily dispatchable energy source, unlike intermittent renewable energy such as wind and solar, and represents a
vital component of a sustainable energy strategy. In Enhanced Geothermal Systems (EGS), hydraulic stimulation creates new fractures
and enhances natural ones, enabling heat extraction from formations with limited inherent permeability and working fluids. Because fluid
flow in EGS is largely confined to fractures, characterization of fracture properties using dynamic field data is crucial for reliable
performance prediction. We propose a novel and rapid streamline-based inversion framework for fracture characterization in EGS.

In this paper, the streamline-based technology, well established in the oil and gas industry, is tailored for EGS applications and introduced
for geothermal systems. The proposed framework integrates distributed temperature sensing (DTS) and cluster-level distributed flow rate
measurements to calibrate fracture properties. The concept of thermal tracer travel time is utilized to integrate DTS data, while the
conventional streamline time of flight is applied to cluster-wise flow rate data. Visualization of thermal tracer travel time provides detailed
insight into thermal front propagation behavior and thermal breakthrough time which are key indicators for EGS performance assessment.
The streamline-based fracture parameter sensitivities can be computed analytically from a single forward simulation, substantially
reducing the computational burden of gradient-based minimization of data misfit during history matching process.

The proposed framework is first validated on a synthetic EGS model with DTS and cluster-level production rate measurements.
Subsequently, it is applied to the Utah FORGE site using data from a month-long circulation test conducted in August 2024. In both the
synthetic and actual field applications, the proposed approach achieved successful history matching through fracture characterization with
high computational efficiency. For the Utah FORGE case, the history matching was carried out in approximately one day with 25 iterations
and each iteration requiring a single forward simulation. These results demonstrate that streamline-based technology provides a powerful
and efficient tool for fracture characterization and visualization of thermal front propagation in EGS.

1. INTRODUCTION

Geothermal energy has attracted significant attention as a low-carbon and renewable resource that can help meet growing energy demand,
support net-zero emissions targets, and enable a sustainable energy strategy. Unlike intermittent renewables such as wind and solar,
geothermal energy is largely insensitive to weather variability and is therefore well suited for baseload generation. Enhanced geothermal
systems (EGS) (Potter et al. 1974, Smith et al. 1973) expand the potential of geothermal energy by mitigating key limitations of
conventional geothermal resources, specifically the availability of in situ working fluid and sufficient permeability (hydraulic
conductivity). In EGS, hydraulic stimulation increases permeability, enhancing subsurface fluid circulation between wells and improving
heat extraction (Horne et al. 2025). Because fractures govern fluid flow and heat extraction in EGS, understanding fracture characteristics
is critical for predicting long-term thermal power output and thermal breakthrough time (Chen and Zhao 2020, Fox et al. 2015, Fu et al.
2016, Guo et al. 2016, Wu et al. 2021). Model calibration using dynamic observations during the fluid circulation period, particularly
fracture parameter calibration in this case, provides a robust pathway to infer fracture properties (Chen, Yao, et al. 2020). This study
presents a practical approach to fracture characterization in EGS based on observed data that are typically available in field operations.

In EGS projects, the key to success is extracting heat uniformly from the reservoir through stimulated fracture networks for long life
periods. Accordingly, three important factors should be evaluated: (1) fracture conductivity, (2) connectivity of the fracture network
between wells, and (3) conformance of the injected fluid (Cao and Sharma 2023a, Cao and Sharma 2023c). Fracture propagation
simulation is widely used to assess conductivity and connectivity, however, the presence of pre-existing natural fractures introduces
significant modeling challenges and remains an active area of research (Srinivasan et al. 2025, McClure 2023, Cao and Sharma 2023b,
2023d, Liu et al. 2024). Cao and Sharma (2022) conducted a detailed investigation of the effects of pressure changes within natural
fractures during hydraulic fracturing simulations. In addition, Cao and Sharma (2023a) introduced a computationally efficient model that
simulates fracture propagation, fluid flow, and heat transfer in geothermal reservoirs containing natural fractures. In the oil and gas
industry, reservoir conformance is defined as “the degree to which the injected fluid uniformly displaces the hydrocarbons across the
entire reservoir” (Sagbana and Abushaikha 2021). Although the primary interest in geothermal systems is heat extraction rather than
hydrocarbon displacement, conformance remains critical for mitigating early thermal breakthrough and extending reservoir life. In this
study, streamlines demonstrate its power for visualizing and evaluating these three key factors (conductivity, connectivity, and
conformance) in a real field application.
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Monitoring and visualizing subsurface fluid transport are essential for understanding reservoir flow dynamics, optimizing oil and gas
field-development plans, and designing CO2 injection schedules for geologic CO2 sequestration (Li et al. 2024). Streamlines are integrated
curves that are locally tangential to the direction of instantaneous velocity field, and time of flight (TOF) denotes the travel time of a
neutral tracer particle along streamlines. Streamline technique has been used in the oil and gas industry since the 1950s and have played
a central role in understanding complex subsurface flow patterns (Datta-Gupta and King 2007). Another notable perspective of streamline
technique is the streamline-based history matching, a gradient-based inversion workflow in which efficient sensitivity calculations make
the approach robust and scalable for field-scale problems. Streamline-based history matching has been successfully applied across a range
of field cases and measurement types, including pressure (Chen et al. 2019, Chen, Yang, et al. 2020, Tanaka et al. 2015), water cut (Alvaro
et al. 2011, Cheng et al. 2005, He et al. 2002, Yin et al. 2011), gas oil ratio (GOR) (Cheng et al. 2007, Zhang et al. 2025), time lapse
seismic (Hetz et al. 2017, Liu et al. 2020, Watanabe et al. 2017), and distributed temperature sensing (DTS) (Yao et al. 2024). In this
study, we tailor the streamline-based history matching workflow for geothermal applications by incorporating DTS and distributed flow
rate measurements, which are commonly available in EGS operations (Dadi et al. 2024, Holt 2025, Schélderle et al. 2021, Titov et al.
2025, Xing et al. 2025). Using these observed data, we calibrate hydraulic fracture properties. In addition, streamline and the thermal
tracer TOF concept proposed by Somogyvari et al. (2016) are suitable tools to visualize injector-producer connectivity and thermal front
propagation, including thermal breakthrough time, which is a key metric in geothermal reservoir management (Bjarkason 2023, Ji et al.
2025, Podgorney et al. 2025, Wu et al. 2021, Aladwani et al. 2025). Following model calibration, we demonstrate the potential of these
visualization techniques in a real EGS case.

This paper is structured as follows. The methodology section presents the mathematical formulation of streamline, thermal tracer travel
time, and streamline-based inversion workflow. We then validate the proposed workflow using a synthetic model. Next, we apply the
workflow to a field case from the Utah FORGE project to highlight its robustness and computational efficiency and to illustrate the
visualization capability of streamline and thermal tracer TOF. Finally, the paper concludes with a summary of key findings.

2. METHODOLOGY

This section presents the mathematical formulation of thermal tracer travel time, an overview of the streamline-based inversion workflow,
the data misfit calculations, and streamline-based efficient sensitivity calculations. The latter two components are essential to the
streamline-based inversion procedure.

2.1 Thermal tracer travel time

Based on the concepts of streamline and time of flight (TOF), we introduce thermal tracer travel time (i.e., thermal tracer TOF) by
incorporating a thermal retardation factor. This section presents the mathematical formulation of these concepts.

A streamline is an instantaneous lines that are everywhere tangential to a velocity field, and TOF represents the travel time of a neutral
tracer particle along a streamline (Datta-Gupta and King 2007). Following the streamline tracing algorithm proposed by Pollock (1988),
and assuming that each velocity component varies linearly within a grid cell along its corresponding coordinate direction and is
independent of the other components, streamlines can be traced from a specified starting point (e.g., an injector). Once the streamlines are
traced, TOF is computed by integration along the streamline. Specifically, the TOF, 7, along a streamline 1 is expressed as

[ 0
= , "e) dr ¢))

where ¢ (r) is the porosity, u(r) is the Darcy velocity, and dr is the distance element along the streamline. In this work, a commercial
reservoir simulator is used to compute the velocity field, from which streamlines are traced and TOF is calculated along each streamline.

Temperature propagation is governed by the energy conservation equation. Under the assumption of negligible heat conduction
(advection-dominated heat transport), the energy conservation equation admits an analytical solution, yielding the relationship between
the thermal front velocity, uy,, and the Darcy velocity, u (Grant and Bixley 2011), as
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where u,,, is the pore velocity, p,, is the water density, p, is the total density, p,. is the rock density, C,, is the water specific heat, C; is
the total specific heat, and C, is the rock specific heat. Based on Equation-(2), the thermal retardation factor, R, is defined as
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By incorporating the thermal retardation factor into Equation-(1), the thermal tracer travel time is expressed as follows (Somogyvari et al.
2016). This factor accounts for the slower propagation of the thermal front relative to a neutral tracer particle.
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In this work, thermal tracer travel time is used for sensitivity calculations to integrate DTS data, whereas conventional TOF is used for
distributed flow rate data. Thermal tracer travel time also plays a key role in visualizing thermal front propagation and predicting thermal
breakthrough time.

2.2 Overview of streamline-based inversion workflow

An overview of the streamline-based inversion workflow is shown in Figure 1, and further details are provided by Datta-Gupta and King
(2007) and He et al. (2002). As illustrated in Figure 1, the workflow starts from a prior model and calibrates model parameters through
an iterative process. At each iteration, streamline-based sensitivities of reservoir properties to the target monitoring data are computed and
used to update the model parameters until the misfit between observed data and simulated well responses falls within an acceptable range.
In this study, the workflow is tailored to EGS applications by integrating DTS data and distributed flow rate measurements as dynamic
observations. A notable advantage of the streamline-based approach is that sensitivities can be computed analytically from a single forward
simulation, whereas alternative inversion methods, such as evolutionary algorithms or ensemble-based data assimilation, typically require
a large number of forward simulations. The objective function for the inverse problem is defined as follows.

J(8R) = ||6d — GSR|| + By |ISRI| + B, IILSR]| (6)

where J(SR) is the objective function, §d is the data misfit vector, G is the sensitivity matrix with respect to the reservoir cell properties,
and SR denotes the parameter update. In this study, 6R corresponds to updates in cell permeability. The second term, the norm constraint,
penalizes deviations from the prior model to preserve the prior geologic information, with B; controlling the strength of this regularization.
The third term, the smoothness constraint, penalizes unphysically sharp spatial variations in the parameters, L is the second-order spatial
difference operator (Laplacian matrix), and 3, is the corresponding regularization weight. Although selection of the tuning parameters
can be subjective, guidelines for choosing 8, and 8, are discussed by Parker (1994). Equation-(6) can be reformulated as an augmented

linear system as follows.
G éd
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The augmented linear system in Equation-(7) is solved using the iterative Least Squares solver LSQR (Paige and Saunders 1982), yielding
SR, the update to the reservoir property field. The overall workflow is iterative process, at each iteration, Equation-(7) is solved to update
the model parameters, after which a forward simulation is performed using the updated properties. Streamlines are then traced and
streamline-based sensitivities are computed from this single forward simulation. The updated misfit and sensitivity matrix are used to
reassemble Equation-(7), which is subsequently solved again with LSQR. This cycle is repeated until the data misfit decreases below a
prespecified tolerance (Figure 1). The key components of the workflow are the definitions of the data misfit vector, 6d, and the sensitivity
matrix, G, in Equation-(7). Their formulations are presented in the following sections.
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Figure 1. Diagram of streamline-based inversion workflow

2.3 Data misfit calculations

This section describes the data misfit formulation between observed and simulated responses, which constitutes the §d term in Equation-
(7) used to compute reservoir property updates. Section 2.3.1 presents the misfit definition for DTS data, and section 2.3.2 presents the
misfit definition for distributed flow rate measurements.
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2.3.1 Data misfit calculation for DTS data

The misfit for DTS data is evaluated using the generalized travel time (GTT) concept. GTT-based misfit formulations have been applied
in a range of field applications, including water-cut data (Alvaro et al. 2011, Cheng et al. 2005, He et al. 2002, Yin et al. 2011), gas—oil
ratio (GOR) data (Cheng et al. 2007, Zhang et al. 2025), and time-lapse seismic data (Hetz et al. 2017, Liu et al. 2020, Watanabe et al.
2017), demonstrating robustness and computational efficiency. Yao et al. (2024) further extended the approach to DTS data in geologic
CO2 sequestration applications. The GTT misfit is defined as the time shift that minimizes the difference between simulated and observed
responses. Operationally, the simulated response is shifted over a set of candidate time shifts, and the misfit is evaluated for each shift,
then the shift that yields the minimum misfit is taken as the GTT misfit (Figure 2). For a given time shift, the misfit is computed by
aggregating pointwise differences over all time samples, as follows.

GTT misfit(At) = Z[yca’(ti + At) — yobs(t,)]? (8)

where, y°#(t; + At) is simulated responses shifted by At from t;, and y°bS(¢;) is observed data at t;. The advantage of using GT T-based
misfit rather than amplitude matching is that GTT formulation reduces nonlinearity and can improve convergence of the inverse problem
(Cheng et al. 2005). For the DTS application, a single GTT-based misfit is computed independently at each sensor location, yielding a set
of pointwise misfits (misfit vector) across the distributed measurement points.
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Figure 2. Calculation of GTT misfit for DTS data

2.3.2 Data misfit calculation for distributed flow rate data

Consistent with the data misfit formulation used for bottomhole pressure in streamline-based inversion workflow (Chen et al. 2019, Chen,
Yang, etal. 2020, Tanaka et al. 2015), the flow rate misfit is defined as the difference between simulated and observed flow rates, averaged
over the number of time samples (Figure 3). Similar to the GTT-based DTS misfit, this time-averaging yields a single misfit value for
each distributed measurement point (e.qg., each cluster).
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Figure 3. Calculation of misfit for flow rate data

2.4 Streamline-based sensitivity calculations

As mentioned earlier, the streamline-based inversion workflow efficiently computes sensitivities of reservoir properties to the observed
data, here DTS data and distributed flow rate measurements, from a single forward simulation. Section 2.4.1 presents the mathematical
formulation for sensitivities associated with DTS data using the thermal tracer travel time concept, whereas section 2.4.2 describes the
sensitivity calculation for distributed flow rate data.
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2.4.1 Sensitivity calculation for DTS data

The formulation to calculate sensitivity for DTS data follows the one introduced by Yao et al. (2024) for geologic CO2 sequestration. The
streamline-based sensitivity expressions are derived by introducing the concept of slowness, defined as the reciprocal of the thermal tracer
velocity. The thermal tracer velocity is obtained by applying the thermal retardation factor discussed in section 2.1. Using Darcy’s law,
the slowness can be expressed as follows.

()

RGO, k(P ©)

See(x) =

where A, is total relative mobility and |VP]| is pressure gradient. The partial derivative of slowness with respect to permeability is given
in Equation-(10). This derivation assumes that streamlines are not significantly changed by a local perturbation in permeability.
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Since the thermal tracer travel time, §t,, is obtained by integrating slowness along a streamline v, it can be written as
51 = [ G5 r)dr = S5 (BT CO) (11)
]

From Equation-(10) and (11), the streamline-based sensitivity (i.e., thermal tracer travel time sensitivity along a streamline ) with respect
to the permeability of grid cell x is given by

5Ttt(¢)_55tt(x)Ar(x)_ Stt(x)Ar(x)_ Aty (x) 12
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where Ar(x) is the arc length of the streamline segment within the grid cell at x and At (x) is the travel time which thermal tracer
requires to travel along this streamline segment. As shown in Equation-(12), tracing streamlines and computing thermal tracer TOF for
each streamline segment enables efficient evaluation of sensitivities of reservoir cell properties to thermal tracer travel time from a single
forward simulation.

2.4.2 Sensitivity calculation for distributed flow rate data

Horizontal wells are commonly used in EGS designs, and reservoir properties along a streamline influence flow allocation among
production locations along the horizontal well. This section introduces a novel formulation for sensitivities associated with distributed
flow rate measurements.

Figure 4 shows a schematic of streamlines for horizontal well configuration. Each streamline is divided into segments according to the
underlying grid. Darcy’s law is assumed to hold for each streamline segment, and Equation-(13) expresses Darcy’s law for segment-i.
A ik;
gi" = === (8P — pigD;) (13)
L

where, g§'™ is flow rate of streamline segment-i, A; is area of streamline segment-i, k; is permeability of streamline segment-i, L; is length
of streamline segment-i, A, ; is total relative mobility of streamline segment-i, p, is average density of flowing fluid of streamline segment-
i, D; is depth difference of streamline segment-i, g is gravitational constant, and AP is pressure drop of streamline segment-i.
Differentiating g5 in Equation-(13) with respect to the permeability of the underlying cell, k;, yields the flow rate sensitivity with respect
to permeability, sensi" , as follows.

q_ agi" _ A
Lok L;

sens (aPF™ — p,gD;) (14)

In Equation-(14), calculation of the sensitivity requires the pressure drop across each streamline segment. This pressure drop is obtained
by interpolating pressures from the surrounding grid blocks using the procedure described by Chen et al. (2019).
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Figure 4. Schematic of streamlines in horizontal well design

3. VALIDATION USING SYNTHETIC CASE APPLICATION

The proposed workflow is applied to a synthetic case to validate its performance. This section describes the synthetic model setup and the
results.

3.1 Model description

Figure 5 shows a two-dimensional synthetic reservoir model designed to mimic key EGS reservoir characteristics. A single layer is
extracted from a three-dimensional field-scale model presented by Chan, Datta-Gupta, et al. (2025), details of the original model are
provided therein. The dimension of the synthetic model is 400 x 560 x 1 and the reservoir size is 2,000 ft x 2,800 ft with a thickness of
30 ft. The top of the model is at a depth of 8,485 ft. Rock properties are based on an Eagle Ford shale reservoir (Yang et al. 2017). The
background permeability is very low, and nonuniform with 20 hydraulic fractures included. A nonplanar, complex hydraulic fracture
network is generated using a commercial fracture propagation simulator and represented on a high-resolution structured grid. Fracture
permeability is heterogeneous and ranges from 0.008 to 250 mD. The model has a triplet horizontal well system, consisting of one
horizontal injector located between two horizontal producers. These wells are hydraulically connected through the fracture network, as
shown in Figure 5. Thermal properties are summarized in Table 1. Thermodynamic properties of water and steam are computed using the
IAPWS-1F97 (Wagner et al. 2000) which is industrial analytical formulation. The initial reservoir pressure and temperature are 2,900 psi
and 400 °F, respectively, throughout the model. Cold water at 50 °F is injected at a constant rate of 400 STB/day, while both producers
operate under a constant bottomhole pressure of 2,175 psi. The simulation period is 20 years.

Each producer contains 20 perforated grid cells connected to the fracture network. For these perforated cells, we assume distributed
temperature and flow rate measurements as synthetic observation dataset. The synthetic dataset is generated by running the commercial
compositional reservoir simulator Eclipse™ (E300) (SLB 2023) for 20 years. Time-series temperature and flow rate responses are then
extracted for the 40 perforated cells (20 per producer) and used as the synthetic observed data.

Table 1: Thermal properties of a synthetic model

Thermal properties Unit Values
Rock heat capacity Btu/ft3/°R 32.393
Rock thermal conductivity Btu/ft/°R 42.32
Water thermal conductivity Btu/ft/°R 9.7132




Sakai and Datta-Gupta

Producers
P1 P2
G
j— PERMX
— - 100.0000
__; [ -~ 10.0000
— T T . — 1.0000

—0.1000

Il

0.0100

0.0010
0.0001

Figure 5. A 2D synthetic model permeability distribution and well designs

3.2 Application results

As prior model for the inversion, a homogeneous fracture permeability is assumed, with a value of 50 mD assigned to all fracture cells.
Starting from this prior model, the proposed streamline-based inversion workflow is applied to the synthetic case. The inversion is
performed for nine iterations, calibrating fracture permeability based on the synthetic distributed temperature and flow rate data at the
target cells along the two producers discussed in section 3.1. Detailed results are presented in the following sections.

3.2.1 Inversion results: distributed temperature responses

Figure 6 summarizes the inversion results for the distributed temperature data. Figure 6-(a) and (b) compare the temperature onset time
along producers P1 and P2, respectively. Here, temperature onset time is defined as the time at which the temperature drop exceeds a
prespecified threshold (10 °F in this study). This concept is used to visualize the agreement among the prior model (blue), posterior model
(red), and synthetic observed data (black markers) at multiple target cells along the producers in a single figure. The results indicate great
matching performance for both P1 and P2 after inversion. Figure 6-(c) shows the normalized misfit over iterations, indicating a monotonic
decrease and a reduction to approximately 10% of the initial misfit after nine iterations. For additional detail, Figure 6-(d) compares the
time-series temperature responses at cell-6 of P2 for the prior model (blue), posterior model (red), and observed data (black dashed line).
At this location, the prior model predicts an early temperature decline exceeding 10 °F, whereas the posterior model shows almost no
decline over the simulation period, consistent with the observations. Accordingly, the onset time at cell-6 is early for the prior model but
equals the simulation end time for the posterior model in Figure 6-(b).
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Figure 6. Summary of inversion results for distributed temperature responses in the synthetic case

3.2.2 Inversion results: distributed flow rate responses

Next, we present the inversion results for the distributed flow rate responses. Figure 7 summarizes the results, and Figure 7-(a) and (b)
compare the time-averaged flow rate at each target cell along P1 and P2, respectively. Time-averaged flow rate is used to visualize the
agreement of distributed flow rate responses among the prior model (blue), posterior model (red), and observed data (black markers) at
multiple locations along the producers, in a single figure. The posterior model shows great agreement with the observed data, indicating
that the inferred flow allocation among cells is consistent with the synthetic observed data. Figure 7-(c) shows the normalized misfit over
iterations, exhibiting a monotonic decrease to approximately 10% of the initial misfit after nine iterations, consistent with the temperature
data results (section 3.2.1). Figure 7-(d) provides a representative example by comparing the time-series flow rate at cell-2 of P1 for the
prior model (blue), posterior model (red), and observed data (black dashed line), further confirming the improved match after inversion.
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Figure 7. Summary of inversion results for distributed flow rate responses in the synthetic case

3.2.3 Inversion results: permeability changes

T
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The left-hand side of Figure 8 shows permeability updates obtained from the inversion process, where positive changes are shown in red
and negative changes in blue. The right-hand side of Figure 8 presents times-series temperature responses at cell-9 of P1 and cell-11 of
P2. As indicated on the left-hand side, the permeability of the fracture connecting to cell-9 of P1 decreases during inversion, which delays
the simulated temperature decline and improves agreement with the observed data (top-right). In contrast, the permeability of the fracture
connecting to cell-11 of P2 increases, facilitating the simulated temperature decline and improving agreement with the observed data
(bottom-right). These results indicate that the streamline-based inversion calibrates fracture permeability in a physically reasonable
manner guided by the efficiently computed sensitivities. Overall, the synthetic 2D model validates the proposed inversion workflow for
both distributed temperature and distributed flow rate data.
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Figure 8. Permeability changes after model calibration for the synthetic case
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4. FIELD APPLICATION: UTAH FRONTIER OBSERVATORY FOR RESEARCH IN GEOTHERMAL ENERGY (FORGE)
PROJECT

After validating the proposed workflow on the synthetic case, we apply it to the Utah FORGE (Frontier Observatory for Research in
Geothermal Energy) field case to demonstrate robustness and computational efficiency of the streamline-based inversion workflow. This
section presents and discusses the inversion results along with streamline-based visualization for the Utah FORGE case.

4.1 Overview of Utah FORGE project

The Utah FORGE project is the largest EGS demonstration site and is funded by the U.S. Department of Energy. The site, located
approximately 16 km northeast of Milford, Utah, is well suited for EGS development and consists of granite and gneiss with temperatures
of approximately 175 to 225 °C at depths of 2 to 4 km (Allis et al. 2016). The project includes two deviated wells, 16 A(78)-32 (injector)
and 16B(78)-32 (producer), with the producer located approximately 300 ft above the injector. Multistage hydraulic stimulation was
conducted in 16A(78)-32 to create a stimulated fracture network comprising 10 stages with cluster spacing of 45 to 75 ft (Kumawat et al.
2025, Liu et al. 2025), while 16B(78)-32 includes five stages to produce the injected fluid (England et al. 2024).

At the Utah FORGE site, a series of hydraulic stimulation and fluid circulation tests have been conducted. In August 2024, a month-long
circulation test was performed in which water was injected into well 16A(78)-32 and produced from well 16B(78)-32. The test reported
a high mass recovery (approximately 90%) and high produced fluid temperatures (England et al. 2024). During the circulation test, water
was circulated between the wells at approximately 10 bpm. A production logging tool (PLT) survey in 16B(78)-32 provided cluster-wise
inflow distribution. In addition, fiber-optic cables installed in the annulus of well 16B(78)-32 (Liu et al. 2025) enabled DTS measurements
during the test (Jurick and Guzik 2024). A more detailed description of the available monitoring data is provided in the following sections.
This study focuses on the August 2024 circulation test and applies the proposed inversion workflow to assimilate the observed flow rate
data to calibrate hydraulic fracture permeabilities.

4.2 Available monitoring data from circulation test

4.2.1 Distributed temperature sensor (DTS) data

As mentioned above, DTS data were acquired during the circulation test and are available from the Geothermal Data Repository
(https://gdr.openei.org/submissions/1721). Figure 9 displays the DTS measurements. The dataset covers only a limited time interval
(August 12,2024, 7:00 pm to August 16, 2024, 2:00 pm), whereas the circulation test lasted approximately one month. In addition, because
the available DTS window begins several days after the start of circulation (August 8, 2024) and spans only four days, the thermal signal
associated with the cold-water injection is not yet clearly observed in the DTS record. Given the limited temporal coverage and weak
temperature response, the DTS data provides insufficient dynamic information to constrain fracture properties for this study. Therefore,
DTS data is not included as an observed data in this application.
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Figure 9. DTS data from one-month circulation test based on data from Jurick and Guzik (2024)

4.2.2 Distributed flow rate data

Based on the interpretation of the PLT survey reported by England et al. (2024), cluster-wise inflow distributions for well 16B(78)-32 are
provided in their report. Table 2 and Figure 10 summarizes this information. Perforation clusters in Stages 5 and 4 are labeled as 5.1, 5.2,
5.3,5.4and 4.1, 4.2, 4.3, 4.4, respectively, and the inflow contributions from Stages 1 through 3 are aggregated into a single cluster. Thus,
inflow fractions are available for nine clusters in total (Figure 10). These inflow fractions were measured during the PLT survey conducted
on August 26, 2024. In this study, we assume that the inflow fractions remain constant over the entire circulation test. Time-series target
flow rates for each cluster are then computed by multiplying the total production rate by the corresponding cluster inflow fraction. These
cluster-level time-series flow rate are used as observed data in the inversion to calibrate fracture properties for the field application.
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Table 2: Cluster-wise inflow distribution for well 16B(78)-32 based on the PLT survey from England et al. (2024)

Stage Perforations Water (%)

5.1 (Cluster-1) 8774 8778 0.2
5.2 (Cluster-2) 8834 8838 10.8
5.3 (Cluster-3) 8870 8874 2.6
5.4 (Cluster-4) 8879 8883 12.3
4.1 (Cluster-5) 8958 8962 114
4.2 (Cluster-6) 8995 8999 6.3
4.3 (Cluster-7) 9026 9030 11.9
4.3 (Cluster-8) 9054 9058 8.2

3 (Cluster-9)

2 (Cluster-9) Below 9240 36.3

1 (Cluster-9)
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Figure 10. Inflow distribution summary for 16B(78)-32 based on data from England et al. (2024)

4.3 Prior dynamic model

Chan, Kumawat, et al. (2025) developed a dynamic reservoir simulation model for Utah FORGE based on a discrete fracture network
(DFEN) constructed from well-log interpretations and micro-seismic monitoring data (Finnila and Jones 2024), together with an initial state
model (Podgorney 2020). They further performed history matching using injector and producer bottomhole pressure data from the month-
long circulation test. Based on Distributed Strain Sensor (DSS) measurements acquired in well 16B(78)-32 (Jurick 2024), Kumawat et al.
(2025) identified fracture corridor region with a high likelihood of containing hydraulic fractures. Chan, Kumawat, et al. (2025) then
calibrated permeability and porosity multipliers for this fracture corridor region, as well as well index multipliers for the injector and
producer, during the history matching process. In this study, the resulting model is used as the prior model. We further calibrate cell-based
permeability within the fracture corridor region by assimilating cluster-level distributed flow rate data along well 16B(78)-32. Additional
details of the prior model are provided by Chan, Kumawat, et al. (2025).

4.4 Inversion results

Using the pre-history-matched model based on injector/producer bottomhole pressure data as discussed in section 4.3 as the prior model,
we apply the streamline-based inversion workflow to calibrate cell-based permeabilities within the fracture corridor region identified from
the DSS analysis. The calibration uses the observed cluster-wise inflow distribution for well 16B(78)-32. As described in section 4.2.2,
well 16B(78)-32 contains nine clusters with available inflow fraction measurements. For the field application, the inversion is run for 25
iterations. Each iteration requires only a single forward reservoir simulation. In this case, a forward run takes approximately 1 hour using
the commercial compositional simulator Eclipse™ (E300) (SLB 2023), and the entire process completes in approximately one day. Figure
11 summarizes the inversion results. Figure 11-(a) compares the cluster-wise inflow distribution for well 16B(78)-32 among the prior
model (blue), posterior model (red), and observed data (black markers), showing improved agreement across all clusters after inversion.
Figure 11-(b) shows the normalized misfit over iterations, indicating a monotonically decreasing trend. The misfit reaches approximately
10% of its initial value within the first 10 iterations, corresponding to roughly 10 hours of computation. Figure 11-(c), (d), and (e) provide
representative time-series comparisons for cluster-2, 4, and 9, further illustrating the improved match obtained by the inversion. Overall,
these results demonstrate that the proposed workflow achieves efficient and robust calibration of fracture permeability using cluster-level
inflow distribution data.
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Figure 11. Summary of inversion results for the Utah FORGE case

4.5 Visualization and analysis of inversion results using streamlines

In this section, we use the streamline and the thermal tracer TOF concept to visualize the inversion results. The streamline visualizations

demonstrate their utility for evaluating three key EGS factors introduced earlier: fracture conductivity, connectivity, and flow
conformance.

To illustrate how fracture conductivity is calibrated, Figure 12 shows cell-based permeability updates obtained during the inversion for
the Utah FORGE case. The left-hand plot highlights positive permeability changes, whereas the right-hand plot highlights negative
changes. Together, these permeability updates delineate preferential flow paths inferred by the inversion workflow.
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Figure 12. Permeability updates after model calibration for the Utah FORGE case
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Next, to illustrate how connectivity changes during model calibration, Figure 13 compares streamlines in the prior and posterior models.
Streamlines are colored by their destination cluster, enabling visualization of changes in injector-producer flow connectivity and cluster-
level flow allocation. The posterior model streamlines are redirected along the preferential flow paths identified from the permeability
updates (Figure 12), indicating connectivity changes induced by calibration. Because streamline color denotes the destination cluster,
Figure 13 also shows how flow partitioning among clusters changes after calibration. Specifically, the right-hand figure (posterior model)
shows a larger fraction of streamlines terminating at clusters 4, 5, and 7 (green, light blue, and pink) and fewer streamlines terminating at
cluster-9 (gray), consistent with the corresponding changes in inflow fractions in the posterior model as shown in Figure 11.
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Figure 13. Visualization of connectivity changes using streamlines

Figure 14 visualizes thermal tracer travel time along streamlines for the prior and posterior models, representing the propagation time of
the thermal front from the injector. This visualization enables assessment of the spatial uniformity of thermal front propagation and how
it changes with model calibration, which directly relates to the uniformity of heat extraction from the reservoir. Thermal tracer travel time
can be interpreted as an estimate of thermal breakthrough time, a key performance metric in EGS operations. Because travel time of
thermal tracer can be predicted beyond the simulated time window, thermal breakthrough timing can be assessed from shorter-duration
numerical simulations without extending simulation period, improving computational efficiency. Overall, the thermal tracer travel time
visualization demonstrates its utility for evaluating flow conformance in EGS.
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Figure 14. Visualization of thermal tracer travel time along streamlines

Figure 15 visualizes thermal front propagation on the grid system. For each grid cell, the travel time is defined as the minimum thermal
tracer travel time among all streamlines that pass through the cell of interest. By filtering cells using selected travel time thresholds (100,
1000, 1500, 2500, 4000, and 5000 days in Figure 15), thermal front propagation can be visualized, providing insight into the evolution of
the thermal front.
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Figure 15. Visualization of thermal propagation front

This visualization capability demonstrates that streamlines and travel time concepts can play an important role in evaluating three key
factors in EGS: conductivity, connectivity, and conformance.

5. CONCLUSION

In this study, we proposed a computationally efficient, streamline-based workflow for fracture property calibration in enhanced geothermal
systems (EGS) and demonstrated the utility of streamlines for visualization and reservoir flow analysis in EGS. The key findings are
summarized below.

e Anovel streamline-based inversion framework is introduced for geothermal applications by tailoring a well-established oil and
gas technology to EGS. The streamline formulation enables efficient computation of sensitivities of the observed responses
(distributed temperature and distributed flow rate data along the horizontal well) with respect to fracture properties from a single
forward simulation, thereby reducing the number of required forward simulations for model calibration and accelerating the
inversion workflow.

e  The proposed workflow was validated using a synthetic case and the Utah FORGE field case, demonstrating efficient calibration
of fracture properties using available observed data. In the synthetic case, cell-level DTS and flow rate data were assimilated,
whereas in the Utah FORGE application, cluster-level flow rate data were assimilated. The high computational efficiency of the
framework enabled completion of the field-scale fracture calibration in approximately one day.

e  Streamlines and thermal tracer travel time are shown to be effective visualization tools for evaluating three key factors in EGS:
fracture conductivity, connectivity, and flow conformance. Permeability updates from the inversion process illustrate changes
in conductivity; destination-colored streamline visualizations show how injector-producer connectivity and cluster-level flow
allocation change during calibration; and thermal tracer travel time visualizations provide insight into reservoir conformance
and thermal breakthrough time.
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