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ABSTRACT 

Geothermal heat production for direct use often faces economic challenges that might hinder its more widespread deployment. 

Design and operation choices in geothermal field development require the evaluation of a multitude of factors with different levels 

of uncertainty. Energy production and economic output of geothermal systems can therefore be very sensitive to well production 

rates and reservoir properties such as permeability, while regulatory constraints could further increase complexity. In this work, a 

high performance framework for optimization of geothermal systems is developed using the Delft Advanced Research Terra 

Simulator (DARTS) and the Sequential Least Squares Programming (SLSQP) optimization algorithm. An optimization is 

performed in a system with two doublets by changing the rates of each doublet separately every year, over a thirty year period. Two 

different objective functions are optimized for: energy generation and NPV. With the maximum injection constraint active both 

objective functions arrive to almost identical solutions, while removing the constraint improved both the energy generation and 

NPV only for the NPV objective function. The framework achieved an average convergence time below 5 hours for the full 

optimization cycle and an average simulation runtime just below 10 seconds. This analysis suggest that the NPV is a better suited 

optimization function than the energy generation as it encompasses more system aspects. The high performance of the optimization 

framework will prove increasingly important as more uncertainties are considered in the optimization process. 

1. INTRODUCTION 

The trade-off between geothermal field lifetime and economic output is highly pertinent, especially for low-enthalpy, direct-use 

geothermal systems. Such systems exhibit low profit margins and long break even times (Daniilidis et al., 2017a), which might 

hinder their widespread development. Developers therefore could aim for intensifying exploitation by utilizing higher production 

rates, as this can improve their business case (Daniilidis et al., 2020). Intensified exploitation could lead to shorter system lifetimes 

and increased interference between adjacent systems (Cees J.L. Willems et al., 2017b). Different optimization strategies are likely 

to arise from the perspective of a developer aiming to improve economic output and a regulator aiming for the long term energy 

contribution or a larger number of systems overall. 

Well spacing and system lifetime have been shown to have a linear relation in homogenous systems (Saeid et al., 2015). However, 

reducing the well spacing allows for more doublets to be positioned within a given area (C. J. L. Willems et al., 2017; Willems and 

M. Nick, 2019); this results in more energy being produced and is therefore important for regional geothermal development and a 

larger contribution of geothermal energy to the greater energy supply. 

Previous studies have shown a more sustainable geothermal resource utilization using seasonally adjusted rates (Daniilidis et al., 

2017b), implying that system lifetime can be extended if geothermal energy production is dictated by heat demand. This however 

might have operational implications and therefore flow rate changes over larger time periods might be preferable. 

Regional level studies have often considered homogeneous reservoir properties for simplicity (Willems and M. Nick, 2019). 

Nonetheless, depending on effective permeability encountered by the wells and possible interference between systems, pressure 

levels might not allow for uniform injection-production rates over a great area. Considering the regulatory framework that 

constrains the maximum injected pressures (SodM and TNO-AGE, 2013) it is therefore crucial to consider these constraints for a 

realistic resource assessment.  

Recently, the importance of an integrated simulation framework that can be easily adapted to evolving computing architectures has 

been showcased (Khait and Voskov, 2019). This framework, named the Delft Advanced Research Terra Simulator (DARTS) 

(DARTS, 2019) enables a computationally efficient, forward problem solution based on the Operator Based Linearization approach 

(Khait and Voskov, 2018; Voskov, 2017). Benchmarked with other prominent simulators DARTS was found to be highly efficient 

while maintaining high levels of accuracy (Wang et al., 2019).  

Optimization efforts for hydrocarbon reservoirs have shown the importance of rate control in defining optimal production strategies 

with respect to improving the generated NPV (Barros et al., 2019; Chen et al., 2017; Fonseca et al., 2014; van Essen et al., 2009). 

Optimization studies for geothermal systems have focused on doublet positioning within a 3D heterogeneous reservoir (Akin et al., 

2010) and additional optimization of the NPV (Kahrobaei et al., 2019). Other studies considering the economic performance, where 

limited to 2D models (Kong et al., 2017). A comparison between optimization on different objective functions in a 3D 

heterogeneous reservoir is currently lacking in scientific literature.  
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In this work a high performance framework for optimization is developed, based on the DARTS simulator and utilizing the 

Sequential Least Squares Programming method (SLSQP). The controls available to the optimizer are the rates of each doublet on a 

yearly basis over a period of 30 years. The framework is used to optimize two objective functions, namely the cumulative produced 

energy and the generated NPV. 

2. MODEL 

2.1 Reservoir model 

A Thermal-Hydraulic (TH) model is used as the basis for the simulations. The model parameters are based on previously published 

work (Cees J.L. Willems et al., 2017a) on the channelized system of the Delft Sandstone member (DSSM), situated at the West 

Netherlands Basin. The 3D model has dimensions of 1800 m by 1200 m by 105 m (x,y,z), is comprised of circa 100k cells (60 x 40 

x 42), and its properties are derived from a finer resolution model using the geometric upscaling of properties. The top and bottom 

layers act as infinitely large domains with fixed temperature, providing conductive thermal recharge to the reservoir layers. A 

detailed documentation of the used model has been previously published in Shetty et al. (2018) and Wang et al. (2019).  

 

Figure 1. Angled overview of the reservoir model showing the positioning of the wells. Each cells is 30 m by 30 m by 2.5 m 

(x,y,z). 

In this model, two doublets are positioned with a well spacing of 780 m along the main axis of the model (E-W). The location of 

the wells is chosen arbitrarily. The injection and production wells have the same orientation, with the second doublet axis being 

offset 450 m towards the west and spaced about 600 m away from the first doublet axis (Figure 1). The injection temperature is 30 

°C.  

2.2 Energy production and NPV 

The produced power (W) at the wells, used for the calculation of income is computed according to: 

𝑃𝑤𝑒𝑙𝑙 = 𝑄𝜌𝑓 𝑐𝑓 ∆𝑇           (1) 

in which 𝑄 is the flow rate (m3/s) and ΔT is the temperature difference between producer and injector wells (K). The required pump 

power (W) only considers the pressure drop in the reservoir: 

𝑃𝑝𝑢𝑚𝑝 =
∆𝑃∙Q

𝜂
            (2) 

where ∆𝑃 is the pressure difference between the wells (Pa), 𝑄 is the flow rate (m3/s) and 𝜂 is the pump efficiency. The overall 

system power is then calculated as: 

𝑃𝑠𝑦𝑠𝑡𝑒𝑚 = 𝑃𝑤𝑒𝑙𝑙 − 𝑃𝑝𝑢𝑚𝑝           (3) 

Cumulative energy generated by the system is computed according to: 

𝐸𝑐𝑢𝑚 =  ∑ 𝑃𝑤𝑒𝑙𝑙
𝑛
𝑡=0 𝑡

           (4) 

where 𝑛 is the project years and 𝑡 the time. The cost of drilling the wells (€) is computed according to (TNO, 2018): 

𝐶𝑤𝑒𝑙𝑙 = 375000 + 1150𝑍 + 0.3𝑍2
        (5) 

where 𝑍 is the measured depth alonghole. The NPV is calculated similarly to Daniilidis et al., (2017a) as: 
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𝑁𝑃𝑉 =  ∑
𝐶𝐹𝑡

(1+𝑟)𝑡
𝑛
𝑡=0            (6) 

where 𝐶𝐹 is the cashflow, 𝑟 the discount rate, 𝑛 is the project years and 𝑡 the time. The cumulative produced power generated 

income based on the heat price, while the pump power costs are computed based on the electricity price. The inputs considered for 

the power production and NPV calculation are summarized in Table 1. In order to evaluate the combined system the generated 

energy is first calculated on a doublet basis. The aggregated results are then used for the NPV calculations, over 100 day intervals. 

Two objective functions are considered for the optimization, namely the cumulative energy produced (eq. 5) and the NPV (eq 7).  

Table 1. Energy generation and NPV inputs 

Load factor 
(%) 

Heat price 
(€/MWh) 

Pump cost 
(k€) 

Pump 
lifetime (yrs) 

Pump 
efficiency 

(%) 

OpEx % of 
CapEx (%) 

Discount rate 
(%) 

Electricity 
price 

(€/MWh) 

90 60 500 5 60 5 5 100 

 

2.3 Bottom Hole Pressure limit and penalty 

The bottom hole pressure of the model is taking into account the SodM directive for injection pressure in geothermal energy 

systems (SodM and TNO-AGE, 2013). This is implemented by penalizing the energy production proportionally to the rate of 

exceedance over the SodM threshold. The implementation of the maximum injection pressure is derived as follows: 

𝐵𝐻𝑃𝑚𝑎𝑥 =  0.0135𝑅𝑡𝑜𝑝𝑇𝑉𝐷           (7) 

where 𝑅𝑡𝑜𝑝𝑇𝑉𝐷 is the True Vertical Depth (TVD) of the reservoir top that the well encounters. When the maximum injection 

pressure is exceeded, the system power is reduced by the overpressure above 𝐵𝐻𝑃𝑚𝑎𝑥 multiplied by a penalty factor of 10. This is 

necessary to create an increasing reduction of the produced energy and therefore steer the optimizer to maintain the production rates 

below this threshold. At any point, both injection and producer wells of a single doublet have the same flow rates. 

2.4 Optimizer setup 

The optimizer used is the Sequential Least Squares Programming method (SLSQP) as implemented in SciPy (Jones et al., 2001), 

that also makes use of the NumPy library (Oliphant, 2006). It is a local constrained gradient-based optimization algorithm. This 

implementation of the SLSQP algorithm has been successfully used in other engineering contexts and proved efficient in finding 

the minimum of an objective function with up to hundreds of unknowns (i.e. optimization parameters) (Wendorff et al., 2016). In 

order to ensure that local minimums, found by the optimizer, represent the global minimum, four different initial guesses are used 

for each optimization. The optimizer is allowed to alter the rates on yearly basis, independently for each doublet, while the wells in 

each doublet have the same rate at all times. The minimum and maximum rates available to the optimizer are 0.042 m3/h and 625 

m3/h respectively. Additionally, the solution tolerance is also altered to ensure consistency of the converged solution. Finally, to 

show the effect of the BHP limit the BHP penalty is also removed. These inputs are shown in Table 2. 

Table 2. Optimizer input and controls 

  Tolerance Initial guess BHP penalty Rate constraints Maximum iterations 

Values 1e-2, 1e-3 

Uniform 4.2 m3/h, 
Uniform 300.0 m3/h, 
Uniform 500.0 m3/h, 

random 

10, Off 
min: 0.042 m3/h 
max: 625 m3/h 

100 

 

2.5 Evaluation of objective function and its gradient 

The SLSQP is a gradient-base iterative optimization method. It requires frequent evaluation of the objective function (several per 

iteration) and its gradient (once per iteration). Each evaluation of the objective function requires a single forward simulation; each 

gradient evaluation involves 60 forward simulations (one for each of the optimization parameters – yearly rates for each of the two 

doublets over a 30 year period). Therefore, forward simulations occupy more than 99% of the overall optimization time, hence 

simulation performance is imperative for the efficiency of the optimization framework. 

While DARTS already provides very competitive geothermal simulation performance in single-threaded mode, it is possible to 

improve it further using parallel hardware architectures. Each optimization was performed on a dedicated cluster node equipped by 

two Intel Xeon CPU E5-2650 v3 processors with 10 physical cores each. For the objective function evaluation, a multithreaded 

mode was enabled with 20 threads. This allowed to decrease simulation time for the objective function evaluation by a factor of 3.  

The gradient evaluation is more critical, since it involves even more forward simulations. Fortunately, these computations are 

embarrassingly parallel: all of forward runs are completely independent and can be performed simultaneously, each in a separate 

process. The optimal amount of processes was found experimentally and matched the number of cores of available cores (20). 

Hence, 60 simulations were performed in three batches, 20 simulations each. In this case, a single-threaded DARTS mode was 

used. This allowed to decrease simulation time in the gradient evaluation by a factor of 11. 
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3. RESULTS 

3.1 Optimization results 

3.1.1. Energy production 

Optimization of the cumulative produced energy function from an initial guess of 500 m3/h and with the BHP penalty active, the 

cumulative produced energy exhibits negative values (Figure 2). This is due to the fact that the BHP penalty is activated and the 

energy production is penalized, since the maximum BHP is exceeded. The optimizer then responds by first decreasing the rates 

substantially, which leads to positive but very low values of produced cumulative energy. In the following iterations, the rates are 

gradually increased for both doublets until the maximum rates are found that remain below the maximum allowed BHP and do not 

activate the penalty. The converged solution achieves a maximum produced cumulative energy of circa 5 TWh after 30 years, while 

the NPV achieved is circa 25 M€. Compared to the initial guess value, the production temperature of both doublets drops less, since 

the converged solution results in lower flow rates. The fact that the converged solution results in different rates for each production 

well implies that the two respective injection wells encounter different permeability in the reservoir: the first well  (I1) encounters 

higher permeability and is able to use increased flow rates for the same BHP pressure, while the opposite is true for the second well 

(I2). Since well in each doublet always have the same flow rates, the injection rates that stay below the BHP limit are also applied 

as production rates to the respective production wells.  

 

Figure 2. Optimization on the objective function (OF) cumulative energy production using a uniform initial guess (IG) of 

500 m3/h, with an active BHP penalty (BHPp) of 10 and a solution tolerance (tol) of 1e-2. The optimal solution 

required 20 iterations (I).  

 

Figure 3. Optimization on the objective function (OF) cumulative energy production using a random initial guess (IG), with 

an active BHP penalty (BHPp) of 10 and a solution tolerance (tol) of 1e-2. The optimal solution required 25 iterations 

(I).  

With a random initial guess for both wells and the BHP penalty active, the cumulative produced energy as well as the NPV exhibit 

again negative values (Figure 3). Some of the random rates used results in a BHP that exceeds the maximum BHP allowed and 

activate the penalty. Nonetheless, the optimization converges again to very similar values as for the uniform initial guess of 



Daniilidis, Khait, Saeid, Bruhn and Voskov 

 5 

500m3/h (Figure 2). The converged solution rates of both wells are circa 400 m3/h for P1 and circa 240 m3/h for P2 and decline 

slightly over time. 

The overview of the converged solutions using the optimization function cumulative produced energy and all the optimizer inputs 

and controls as shown in Table 2, is presented in Figure 4. A very good agreement of the curves of cumulative produced energy, 

NPV and production temperature curves for both well can be observed for all converged solution with an active BHP penalty. The 

well rates exhibit slight variations, which could be attributed to multiple solutions leading to the same cumulative produced energy, 

NPV and temperature results. Nonetheless, the overall pattern is consistent and values are quite close. The converged solutions for 

both a uniform and a random initial guess with the BHP penalty are in perfect agreement. Removing the BHP penalty, results in 

both wells using the highest rates available to the optimizer (625 m3/h – see also 2.4 Optimizer setup), resulting in even higher 

values of produced cumulative energy but with decreased NPV, and production temperatures for both wells.  

 

Figure 4. All converged solutions for the optimized Energy objective function (OF) for the different initial guess (IG), BHP 

penalty (BHPp), solution tolerance (tol).  

3.1.2. NPV 

Starting from the lowest initial guess of 4.2 m3/h when optimizing the NPV function results in negative NPV values (Figure 5). The 

optimizer then gradually increases the rates of both wells until the injection rates of the wells reach the BHP limit value. Similarly, 

starting from a random initial guess, we observe that both well converge to the same rates of about 340 m3/h for the first doublet 

and 230 m3/h for the second doublet (Figure 6). The resulting NPV value is also matching at 25M€. 

 

Figure 5. Optimization on the objective function (OF) NPV using a uniform initial guess (IG) of 4.2m3/h, with a n active 

BHP penalty (BHPp) of 10 and a solution tolerance (tol) of 1e-3. The optimal solution required 16 iterations (I). 
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Figure 6. Optimization on the objective function (OF) NPV  using a random initial guess (IG), with a n active BHP penalty 

(BHPp) of 10 and a solution tolerance (tol) of 1e-3. The optimal solution required 59 iterations (I). 

A comparing of the converged solutions using the optimization function NPV and all the optimizer inputs and controls as shown in 

Table 2, is presented in Figure 7. The NPV curves show a close match but there is a range between 24 and 26 M€ for the solutions 

where the BHP limit is activated. The respective cumulative produced energy also exhibits a range between 5 TWh and 5.8 TWh. 

Similarly, the production temperature curves show a variation of circa 0.7 °C for the first production well (P1) and  circa 0.5 °C for 

the second production well (P2). The rates of doublet 1 show great variability with differences of up to 100 m3/h even though the 

shape of the curves is consistent with higher rates in the first years that are reduced towards the last years. Contrary to this, the rates 

of the second doublet are more consistent. Removing the BHP penalty results in an NPV value of 32.5 M€. This is achieved with 

significantly higher rates in the first years for the first doublet to increase production and revenues, that is drastically lowered 

towards the last years. Lowering the rates so drastically implies that the optimizer tries to postpone thermal breakthrough for the 

first doublet. The second doublet also uses higher flow rates in the first years but the reduction is not so strong towards the last 

years. The slight increase of the rates in the last five years suggest that the production temperature of the second doublet is higher. 

Indeed the temperature curves of the production wells corroborate this; the production temperature of the first doublet drops below 

60 °C, while for the second doublet it only drops to circa 71 °C. 

 

Figure 7. All converged solutions for the optimized NPV objective function (OF) for the different initial guess (IG), BHP 

penalty (BHPp), solution tolerance (tol). 

3.1.3. Comparison of the optimal solutions for Cumulative Energy and NPV objective functions 

The optimization of the objective functions of NPV and cumulative energy produced converged to almost identical results when the 

BHP penalty was active(Figure 8). Some slight deviations in the rates of the first doublet can still be observed. Nonetheless, the 

NPV and cumulative energy produced curves show a very good match, regardless of the objective function used. When the BHP 
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penalty is removed, the converged solution exhibit different results (Figure 8). The optimization of the cumulative energy produced 

function maximizes the rates achieving the highest value for the cumulative energy produced. However, this is at the expense of the 

generated NPV. Even though the NPV initially increases faster than the converged solutions with an active BHP penalty, it remains 

flat after circa 15 years and results in a lower value after 30 years. Contrary to this, the optimization of the NPV function increases 

both the cumulative energy produced and the generated NPV compared to the optimized functions with an active BHP penalty. The 

removal of the BHP penalty allowed both optimization functions to utilize higher rates and therefore resulted in reduced production 

temperatures at the end of the 30 years of simulation. 

 

Figure 8. Comparison of the converged solution of the optimization functions of NPV and cumulative produced energy. 

3.2 Optimization Framework Performance  

The framework is implemented in Python and is able to handle various objective functions and nonlinear constraints. Including 

both final and preliminary attempts, 65 optimization processes have been completed during this work. With appropriate tuning, the 

framework demonstrates a significant performance even in the derivative-free optimization regime with the full optimization cycle 

converging in less than seventeen and a half hours  at all times and a mean value of less than five hours (Figure 9). 

 

Figure 9. Runtime in hours for each optimization job (left-hand side) and average runtime per simulation (right-hand side). 

The dashed line marks the mean value. 

The performance in each specific optimization depends on the ratio between the amount of function and gradient evaluations, there 

were 6.779 of the former and 1.782 of the latter in total. Consequently, 113.699 full-scale simulations (i.e., circa 100k cells for 30 

year period) have been completed overall. The total computational time taken by the optimization processes was evaluated to 

1.129.538 seconds. Neglecting the time spent on the objective function calculations, the average runtimes of a single full-scale 

simulation amounted to 9.93 seconds (Figure 9). 

3.3. Forward simulation comparisons & visualizations 

The forward simulation results using the converged rates of the NPV optimization are shown in Figure 10. It is evident that no 

single doublet is directly connected with a high permeable path between the two wells. However, the P1 well is affected by the cold 

plume from both injectors. This is consistent with the lower production temperatures of the P1 wells observed before (see sections 
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3.1.1. Energy production and 3.1.2. NPV). Contrary to this, the P2 well is less affected by the cold water displacement of either 

injector wells and is able to produce higher temperatures for a longer period of time. The production temperatures are also 

corroborated by the vertical slices along the E-W axis of the model for each doublet (Figure 11) 

 

Figure 10. Temperature at middle of the reservoir after the optimized solution of the NPV function, using a tolerance of 1e-

3 and an active BHP penalty.  

 

Figure 11. Vertical slices along the E-W axis of both doublets 

4. DISCUSSION 

The results of the optimization highlight the importance the regulator can have to geothermal developments. The implementation of 

a BHP constraint effectively streamlines the optimization of different objectives, namely cumulative energy produced and 

generated NPV. Removing the BHP limit diversifies the results of the optimization functions. When the BHP limit is removed, 

optimization of the NPV yields more balanced results improving on both cumulative energy generated and NPV. This suggest that 

the use of NPV as the single objective function to optimize for might be the best option.  

The combination of the DARTS simulator with the SLSQP optimizer proved to be highly efficient computationally. An additional 

benefit is that the user can perform the full analysis and implementation through Python code. This enables a centralized control of 

the whole process and removes the overhead of working with multiple software packages.  

In the presented work the model was limited to two doublets with fixed well positions. The inclusion of additional parameters that 

become available to the optimizer might yield further interesting results. These parameters could include a larger number of wells, 

the positioning of the wells and possibly the inclusion of faults in the reservoir domain. Despite the high computational 

performance of the presented framework, additional degrees of freedom to the optimization process might still become challenging. 

Adjoint based production optimization of larger problems could therefore be a direction to further investigate, as it could 

significantly accelerate the convergence under increasing degrees of uncertainty (Sarma et al., 2006; Volkov and Voskov, 2016).  
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5. CONCLUSIONS 

In this work a high performance framework for optimization of geothermal systems has been developed that offers significant 

performance even in the derivative-free optimization regime. Tuned appropriately the framework achieved an average convergence 

time below 5 hours for the full optimization cycle and an average simulation runtime just below 10 seconds. This benefit will 

become progressively more important as more uncertainties are included in the optimization processes.  

The model used in this study included a heterogeneous reservoir with two doublets. Each doublet had a well spacing of 780 m and 

the locations of the wells was kept constant throughout the study. The optimizer was allowed to change the well rates between 

0.042 m3/h and 625 m3/h on a yearly basis. Within each doublet, both wells had the same flow rate at all times. A constraint was 

added with regards to the maximum injection pressure allowed by a regulating body. The optimization process was repeated from 

different initial guesses; three different uniform values and one random value. Moreover the tolerance was altered and the 

constraint on the maximum injection pressure was also removed. 

Two different objective functions are optimized, the cumulative produced energy and the generated NPV. Applying regulatory 

constraint in terms of maximum allowed injection pressure, the converged solutions for both optimizations arrived to almost 

identical solutions. Removing this constraint resulted in higher cumulative energy produced for both objective functions while the 

NPV improved further only for the NPV objective function optimization. Therefore, between the two objective functions 

considered, the NPV function is able to achieve more comprehensive results, improving other aspects of the system as well. In 

future efforts, a comparison between the objective functions investigated here with additional ones, such as maximizing system 

lifetime could better illuminate the different options for geothermal field development. 
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