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ABSTRACT 

A computer system (Tln-SFT) has been developed for the application of the method based on logarithmic transformation regressions for 

the determination of static formation temperatures (SFTs) in geothermal boreholes. The system was designed to reproduce the full 

thermal recovery processes occurred during the cessation of the borehole drilling stage. The system is also capable to applicate multiple 

linear and polynomial (from quadratic to eight-order) regression models to BHT and log-transformation (Tln) shut-in times. Tln-SFT 

has been programmed using advances of the information technology to perform more efficiently computations of the selection of the 

best regression models by using four statistical criteria: (i) the coefficient of determination as a fitting quality parameter; (ii) the sum of 

the normalized squared residuals; (iii) the absolute extrapolation, as a dimensionless statistical parameter that enables the accuracy of 

each regression model to be evaluated through the extrapolation of the last temperature measured of the data set; and (iv) the deviation 

percentage between the measured and predicted BHT data. Tln-SFT may be friendly and rapidly executed by using any personal 

computer for the determination of the SFT. The Tln-SFT was validated using synthetic data sets where the true formation temperature 

(TFT) was known with accuracy. Finally, the practical use and prediction efficiency of the Tln-SFT was highlighted and demonstrated 

because it only requires the use of the original thermal recovery data (BHT and shut-in time) as the main input data, which represents an 

enormous advantage over most of the analytical and numerical methods reported in the literature that require a large number of 

measurements (e.g. circulation time, the thermophysical and transport properties of the formation or drilling fluid, among others). 

1. INTRODUCTION 

Several scientific works reported in the worldwide literature have demonstrated that the reliable estimation of stabilized formation 

temperatures (SFT) in geothermal systems has relevance in the evaluation of geoenergy reserves (Santoyo et al., 2000; Kutasov and 

Eppelbaum, 2011). The estimation of SFT from transient bottomhole temperature (BHT) measurements provides the opportunity to 

determine the virgin temperatures of the surrounding formation-rock during thermal recovery processes of borehole. For this reason, it is 

conceived of as a valuable tool in terms of planning, exploration, evaluation and developing geothermal projects (e.g., Verma et al., 

2006). 

Numerical simulators and simplified analytical methods (based on heat transfer models) were initially developed for the thermal study 

of petroleum boreholes under drilling and completion conditions, and later extended to the geothermal industry. In the context of 

practical analytical tools, several works have criticized the validity of some analytical methods for calculating SFT in these geosystems 

(Luheshi, 1983; Drury, 1984; Shen and Beck, 1986; Deming, 1989; Andaverde et al., 2005; Espinoza-Ojeda et al., 2011). These studies 

have demonstrated that some of the simplified analytical methods were derived under unrealistic heat transfer assumptions, and with a 

wrong use of linear regression models in the simplified solutions to estimate the SFT. Significant errors have been actually reported 

when these analytical methods have been used to estimate the SFT using synthetic BHT datasets, where the true formation temperature 

(TFT) is known with accuracy (e.g., Drury, 1984; Andaverde et al., 2005; Verma et al., 2006). In addition, large discrepancies have 

been also reported among the SFT estimates predicted by several analytical methods using the same BHT datasets (e.g., Santoyo et al., 

2000; Espinoza-Ojeda et al., 2011; Wong-Loya et al., 2012). 

To overcome the conceptual problems detected with the use of previous analytical methods, and the necessity of additional information 

(e.g., thermophysical and transport properties of drilling materials: mud, cement, rock-formation, etc.), which is rarely available in 

drilling logging, a new numerical tool has been developed on the basis of the empirical method to estimate SFT by using only transient 

BHT datasets logged from geothermal boreholes recently published by Espinoza-Ojeda et al (2016). This new numerical tool performs 

the analysis of transient BHT measurements (logged during borehole shut-in conditions) by applying an innovative mathematical 

methodology based on logarithmic transformation regressions. The SFT is estimated after reproducing the typical transient asymptotic 

behavior of BHT measurements (also called thermal recovery or shut-in process) by assuming that the formation has reached a thermal 

equilibrium state at infinite time. 
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The new computer system (Tln-SFT) was developed to improve the applicability of the empirical method which proposes the 

application of a logarithmic transformation (Tln) in a regression model (GRM) either linear or polynomial, which can be represented by 

the following generalized equation:  

                      (1) 

where y represents the dependent variable (BHT), x the independent variable (Δt or shut-in time), and ai the coefficients of the 

regression model. As an initial step, three different logarithmic transformations (Tln) should be applied to the independent variables of 

the GRM to obtain three new improved independent variables [(i.e., single (Tln1), double (Tln2), and triple (Tln3) functions which 

determine the new values of the independent variable: (ln Δt); ln(ln Δt); and ln(ln(ln Δt)), respectively]. The Tln-SFT assumes that by 

applying linear or polynomial regression models to the BHT and the improved shut-in time data, the SFT will be estimated at infinite 

time conditions. Based upon the fit results and the calculated residuals, the best regression model was selected to determine the SFT. 

2. COMPUTING ARCHITECTURE OF TLN-SFT 

The computer system named Tln-SFT, was developed for facilitating the application of the Tln to estimate SFT from transient BHT 

measurements logged in geothermal wells. Tln-SFT is also capable to reproduce the full thermal recovery or shut-in processes occurred 

during the well completion. Tln-SFT has been developed using advances of the information technology for helping to geoscientists to 

perform more efficient and rapid computations of SFT for the geothermal industry.  

Figure 1 shows schematically the main computer interactions used by Tln-SFT. The description of the three computing tasks (Input 

Data, Tln Application, and Output Data) is given as follows: 

 

 

Figure 1: General diagram of the main components and computing tasks of the Tln-SFT, including its interaction with users. 
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1. Input Data: the Tln-SFT system reads the input data (BHT and shut-in time measurements), which may be introduced either 

manually by the user (one by one), by a copy-paste function from a created text file or direct open file (XML or TXT file format). 

2. Tln Application: where the numerical algorithm of Tln is executed in accordance with the following numerical steps: 

 To apply the logarithmic transformation (Tln) functions (Tln1, Tln2, and Tln3) to the shut-in time data associated with each 

BHT data set, which will define the new improved value of the independent variable (Equation 1). 

 To apply the applicability criterion to the maximum order of the GRM, which is defined as m ≤ (n - 1)/2, where m and n are 

the maximum order of the regression model to be used, and the total number of BHT data, respectively. This first applicability 

criterion also allows to the maximum order of the polynomial model (in the GRM) based on the total number of data set to be 

evaluated. The nomenclature to determine the polynomial models to be used in the GRM (Equation 1) was as follows: Linear 

[L]; Quadratic [Q]; Cubic [C]; Fourth [FO]; Fifth [FI]; Sixth [SI]; Seventh [SE]; and Eight [EI]. 

 To calculate the GRM coefficients of Equation 1 by using the regression numerical routines programmed in the Tln-SFT 

system. 

 To select the best GRM model that allows to reproduce the BHT data with reliability, and hence, to estimate the SFT at 

infinite recovery time (Δt→∞) by using the following statistical criterions of evaluation: 

a) Coefficient of determination (R2). From a statistical point of view, the parameter R2 was used to evaluate the quality of 

the regression in terms of the variation between two variables (x and y) to be correlated in any regression model. This 

parameter is calculated for each regression model using the complete BHT data set, and a numerical value that 

approaches to the unit will be expected when the regression is statistically acceptable (R2 ≈ 1: Bevington and Robinson, 

2003).    

b) Sum of the normalized squared residuals (RSSn). The different regression models applied to the relationship BHT – 

Tln1, Tln2 or Tln3 were also evaluated through the estimation of the well-known statistical parameter RSSn. The best fit 

model will be given by the smaller RSSn numerical values. The RSSn was estimated by means of the equation: 

𝑅𝑆𝑆𝑛 =
∑ (𝐵𝐻𝑇𝑖−𝑇𝑖)2𝑛

𝑖=1

𝑛
          (2) 

where BHTi and Ti are the measured and calculated (Tln-SFT) transient temperatures, respectively. 

c) Absolute extrapolation (Ext-Abs). A dimensionless statistical parameter that enables the accuracy of each regression 

models to be evaluated through the extrapolation of the last temperature measured (BHTn) of the data set. In this case, 

the evaluation criterion establishes the small numerical value of the parameter Ext-Abs belongs to the best predictor of 

BHTn. The parameter Ext-Abs was calculated as:  

Ext-Abs = |
𝐵𝐻𝑇𝑛−𝑇𝑛

𝐵𝐻𝑇𝑛
|           (3) 

d) Deviation percentage (%Dev). The dimensionless parameter %Desv is a combination of conditions used to calculate the 

SFT estimates and their associated uncertainty, and it was determined by means of the following equation: 

%𝐷𝑒𝑣 =  |
𝑇𝑖+1−𝑇𝑖

𝑇𝑖+1
| × 100          (4) 

For the analysis of geothermal cases, and according to the temperature magnitude, a %Dev ≤ 0.01 was used as strict convergence 

criterion for estimating the SFT through the numerical simulation of each GRM (Tln) at infinity time. This means that in the case of 

using the value 0.01, if the numerical simulation does not accomplish the complementary conditions, the next value (0.001) will be 

used, and so on. The complementary condition to be accomplished is that the SFT calculated at infinity time by the Tln-SFT must be 

greater than the last BHT measured data [Tln-SFT(SFT) > BHTn]. The general complementary condition to the systems under analysis 

was the simulation time (∆tn+i) and in order to obtain the SFT by these means, the simulation time [Tln-SFT(Δtn+i)] must be greater than 

the BHTn shut-in time (∆tn) measurements [Tln-SFT(∆tn+i) > ∆tn]. 

For the determination of the SFT which corresponds to the BTH data sets under evaluation, the four statistical evaluation criteria were 

together applied both to decide the best GRM to fit the analyzed BHT and to reproduce the thermal recovery behavior of each data set. 

The results of the statistical evaluation parameters (R2, RSSn, Ext-Abs and %Dev) were reported with the most possible number of digits 

to facilitate the final analysis of selection. 

3. Output Data: the Tln-SFT system provides the final results (i.e., the best estimation of the SFT using the best GRM equation model), 

the graphical results where the thermal recovery data are plotted (BHT and shut-in time measurements), and the best fitted curve; a 

XML file with the summarize of the statistical criterions of evaluation results for all the GRM with Tln values estimated during the 

numerical analysis; an image plot of the thermal recovery data; and a PDF file in which a complete report may be downloaded. 

3. TLN-SFT PROCESS 

The Tln-SFT executable system can be requested to the first author, a personal cloud storage link will be provided. 

Figure 2 describes the containing text box for capturing the transient BHT measurements of a drilled well at certain depth. The “File” 

tool (Figure 2) gives the options to open the different sources file, a direct location (Open) or even several files located in the directory 

(through the option “Directory”). Inside the text box, the user requires to type the shut-in time and the corresponding BHT data in their 

corresponding cell (t and BHT, respectively). As was already mentioned, such a data set can be also entered by a copy and paste 

function when the data set was already written using a word processor, spreadsheet, or text files. 

If the data set contains some typing mistakes, the Tln-SFT will send a text message inside an error framework (shown as a rectangle) 

where the mistake value will be located (Figure 3). In this case, the user must correct the mistake before to perform again the data set 

validation. 
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Figure 2: Input data screen-module used by the Tln-SFT for interacting with the users. For typing the transient BHT 

measurements (i.e., shut-in time and BHT data) or direct open a text or spreadsheet file. 

 

 

Figure 3: Error alert. 
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To start the analysis of the transient data set (Δt and BHT) using the Tln numerical algorithm, when a data file is loaded, automatically 

the Tln-SFT system process the calculations, otherwise, when the transient BHT data is typed directly in the text box, the “green check 

mark” button must to be clicked. Figure 4 shows the application results, using as example the CH-A4 data set (Gonzalez Partida et al., 

1997). Clicking the tool “File” and selecting the option “Export”, the Tln-SFT will create the new output files (image plot, XML and 

PDF files: Figure 5, 6 and 7, respectively) containing the final SFT estimate inferred from the best GRM model, all the statistical 

evaluation results for all the GRM with Tln models, and exhibit the thermal recovery plot of the drilled well, together with a data table 

containing the original data set (Δt and BHT measurements). 

 

 

Figure 4: Application results obtained from the analysis of the geothermal CH-A4 data set using the capability of the Tln-SFT. 
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Figure 5: Image plot as result obtained from the analysis of the geothermal CH-A4 data set using the capability of the Tln-SFT. 

 

 

Figure 6: XML file, where all the statistical criterions values obtained by each GRM model is shown. One “worksheet” per Tln 

model (sheet1:Tln; sheet2:Tln2; sheet3:Tln3). 
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Figure 7: PDF file as output data, containing the original transient BHT data, statistical evaluation results and the thermal 

recovery plot, where the SFT calculated by Tln-SFT is indicated. 

 

4. RESULTS 

4.1 Validation 

The numerical algorithm of Tln was verified (Espinoza-Ojeda et al., 2016) with the synthetic series SHEN (Shen and Beck, 1986), CAO 

(Cao et al., 1988) and CJON (Cooper and Jones, 1959), the new software developed (Tln-SFT) was validated too using these synthetic 

data sets, where the true SFT is reported with accuracy CJON=20.25°C, SHBE=80.0°C, and CLAH=120.0°C. 

4.2 Application cases 

The recently published empirical method Tln (Espinoza-Ojeda et al., 2016) was developed to be used with BHT data from geothermal, 

petroleum and permafrost systems. Therefore, after validating the Tln-SFT capability, the transient BHT measurements logged from a 

drilled geothermal (CH-A4: Gonzalez Partida et al., 1997), petroleum (USAM: Kutasov, 1999) and permafrost (MOKKA: Taylor et al., 

1982) wells were analyzed. As example, the final and plotting results obtained for the analysis of the permafrost well MOKKA is shown 

in Figure 8. This last analysis was carried out to validate and corroborate that the Tln-SFT has the same conception as the empirical 

method Tln. 
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Figure 8: Application results obtained from the analysis of the permafrost MOKKA data set using the capability of the Tln-SFT. 

 

5. CONCLUSIONS 

The new visual computer system, named Tln-SFT, based on the Tln method for the estimation of SFT in geothermal wells was 

successfully developed. 

The Tln-SFT computer system was fully validated and applied by using transient BHT measurements collected from synthetic 

experiments and actual wellbore drilling data. 

Inside this context of difficulties and limitations, the Tln-SFT computer system offers several technical and practical advantages over 

the existing numerical methods, among which the next ones stand out: (i) the knowledge of circulation time is not required, as it is a 

physical parameter that is very hard to determine with high precision and accuracy under the field conditions; (ii) neither are the 

thermophysical and transport properties data from the formation, cementation, mud and drilling tubing required; and (iii) the input data 

the BHT and thermal recovery time (shut-in time) measurements are also required. 
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