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1-Introduction

The source rock's S, parameter, residual hydrocarbon generation potential, is usually measured using Rock-
Eval pyrolysis. It demonstrates hydrocarbons are generated by cracking the kerogen at a temperature range
from about 350 to 650°C (Behar et al., 2001). However, this experiment is costly and time-consuming.
Therefore, well logs are commonly used to evaluate source rocks qualitatively and/or quantitatively (e.g.
Passey et al., 1990; Kadkhodaie-Ilkhchi et al., 2009; Sfidari et al., 2012; Alizadeh et al., 2013; Alizadeh et
al., 2018). Moreover, along with increased exploration and development of source-related unconventional
hydrocarbon resources, accurate estimation of S, parameters through log data has become progressively
essential.

Changes in lithology within an interval of possible sources also affect the well log responses.
Consequently, artificial intelligence (Al) techniques may interpret these lithology-induced log responses as
a signal for changes in the organic matter properties. Such an effect has been observed with the ALogR
method, for which the accuracy of estimated TOC values is not acceptable in calcareous lithologies
(Alizadeh et al., 2018). Accordingly, there is a possibility that lithological variations interfere with the
training process of Al systems.

This study used a new method to eliminate these possible effects from lithological variations and,
therefore, high-precision S, prediction. This proposed method is verified for its effectiveness and
trustworthiness by applying it to the Pabdeh source rocks of SW Iran.

2-Material and methods

The preliminary dataset of this study includes S, values resulting from rock-eval pyrolyzing of more than
200 cutting and core samples from source candidates throughout the Zagros fold belt (including Kazhdumi,
Pabdeh, and Gurpi formations) and their corresponding log data. Before constructing the models, a
comprehensive preprocessing was carried out over the dataset, including discriminating the samples
affected by nonindigenous organic material using the Si/TOC ratio, searching for and eliminating noisy
data associated with bad hole conditions, depth-matching of logs recorded in different runs, and depth-
matching of the rock samples and well logs. Then, three conventional methods, including ANFIS, ANFIS-
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GA and ANFIS-PSO, were utilized for modeling the relationship between wells logs and S; values using
the whole dataset (original ANFIS model and hybrid models). In the next step, a simple method was used
to remove the effect of lithological variations. Indeed, the ANFIS method was employed again for modeling
the relationship between wells logs and S; values for each type of lithology (litho-based ANFIS model).
Finally, the applicability of the proposed methodology was tested by performing it over the Pabdeh
Formation in a well, and conclusions were drawn.

It should be mentioned that evaluating the constructed models and comparing their results have been
carried out using Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute
Percentage Error (MAPE) functions.

3-Results and discussions

3.1. Estimating S, parameter using original ANFIS model

Designing an ANFIS model using the whole dataset has been carried out by employing Takagi—Sugeno—
Kang (TSK) fuzzy system and fuzzy c-means (FCM) clustering method. Results showed that the original
ANFIS model is relatively efficient in predicting S, from the wells logs. However, the outputs also show
non-negligible errors (MSE = 0. 677, RMSE = 0. 823 and MAPE = 11.42 for the unseen test data).

3.2. Estimating S, parameter using hybrid models

As a traditional method for optimizing the original model, nature-inspired metaheuristic algorithms were
used to adjust the antecedent and consequent variables of the ANFIS method. The computed error functions
for the trained hybrid models revealed that, unlike the Genetic Algorithm (GA), the Particle Swarm
Optimization (PSO) algorithm is successful in terms of increasing efficiency (MSE = 0. 665, RMSE = 0.
815, and MAPE = 9.61 for the unseen test data). Nevertheless, this algorithm could not enhance the
accuracy of the estimations to a considerable extent.

3.3. Estimating S, parameter using the litho-based method

As expected, the ANFIS litho-based models provided more reliable and accurate predictions than the
traditional models, as reflected by the calculated error functions (overall MSE = 0. 216, RMSE = 0. 465,
and MAPE = 6.73 for the unseen test data). Indeed, a significant increase in the accuracy of the estimated
S, values for the litho-based models verifies that the proposed methodology has successfully removed the
adverse effect of lithological variations on the performance of 1A techniques.

3.4. Case study

Practical testing of the proposed litho-based method over Pabdeh source rocks in a well of SW Iran
quarantined its applicability. Moreover, outputs of the litho-based ANFIS models were used to evaluate the
Pabdeh Formation geochemically. While the upper and lower parts of the Pabdeh Formation are considered
lean to fair limy source rocks, the middle shaly zone possesses a great hydrocarbon generation potential.
These characteristics for the middle unit are related to the sea level rise during the Middle-Late Eocene,
which facilitated the production and preservation of organic matter by expanding the oxygen-minimum
layer.

4-Conclusion

This paper proposed a new approach, called the litho-based method, based on modeling the relationship
between log data and S, parameters for each type of lithology (shale, marl and limestone). The performance
of the newly developed method was compared to those of the traditional ANFIS and hybrid models trained
by a dataset containing all three types of lithologies. While traditional methods are reasonably efficient in
estimating S, from wells logs, the efficiency of the ANFIS technique increases substantially by eliminating
the effects of lithological variations using the litho-based method. Therefore, it is recommended to use the
litho-based method, instead of or along with traditional optimization approaches, for estimating other
geochemical factors as well as petrophysical parameters (i.e. porosity, permeability, hydrocarbon saturation
etc.) through log data.
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Table 1. Minimum, maximum, average, median, and mode for the input (well logs) and target data (Sz).

Log/Parameter Minimum Maximum Average Median Mode
CGR 22.49 99.21 47.13 41.99 30.29

DT 55.97 89.08 69.87 68.00 62.54
NPHI 2.37 2.69 2.57 2.60 2.65
RHOB 5.49 31.86 14.57 11.99 25.46

S2 0.89 16.23 5.80 3.54 0.95
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Table 3. The error functions comparing the estimated S, values from different models with those of the Rock-Eval
pyrolysis.?

Train Test
Model
MSE RMSE MAPE R? MSE RMSE MAPE R?
Original ANFIS 0608 0780 10.01 0.975 0.677 0.823 11.42 0.964
Hybri ANFIS-GA 0656 0.810 11.59 0973 0922 0960 13.76 0.945
ANFIS-PSO 0567 0753 945 0976 0.665 0.815 961  0.968
ANFIS-shale  0.697 0.835 651 0932 0487 0698 7.88 0.884
Litho-based ANFIS-marl  0.158 0398 586 0986 0065 0255 6.18  0.997
ANFIS ANFIS-lime ~ 0.007 0.082 4.87 0.990 0.007 0083 576 0.986

Overall 0.328 0.573 582 0987 0.216 0.465 6.73  0.986

3 MSE = Mean Squared Error, RMSE = Root Mean Squared Error; MAPE = Mean Absolute Percentage Error, R? = Coefficient
of Determination
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Table 4. The predicted S, values for the Pabdeh Formation in a well from SW Iran using the trained original-ANFIS,

ANFIS-PSO and litho-based-ANFIS models. The results are compared with the measured data in order to retest
applicability of the proposed litho-based method.

Predicted S;
Measured S; (mg HC/gr rock)

Depth (m) (mg HC/gr rock) . .
Original ANFIS ANFIS-PSO Litho-based ANFIS

2812 1.18 0.98 111 1.14

2833 10.5 11.96 1191 9.89

2852 16.31 15.33 15.67 15.65

2882 6.06 7.23 6.31 6.25

2918 9.26 8.95 10.66 10.52

2945 2.78 3.11 2.28 2.51

2964 1.1 1.05 0.86 0.98

2981 4.13 3.45 3.68 4.65

2985 1.74 2.03 2.07 1.71

2994 1.02 1.14 1.05 1.07

MSE: 0.528 0.506 0.281

RMSE: 0.727 0.712 0.530

MAPE: 12.01 11.57 7.02

R 0.978 0.982 0.988
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