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Reservoir characterization is vital for petroleum exploration, largely relies on well log 
data analysis. Machine Learning (ML) empowers analysis of complex datasets quickly 
and more easily in a cost-effective way. ML allows deeper insights into reservoir 
properties such as porosity, permeability, water saturation, resistivity and many more. 
This study focuses on Reservoir characterization using ML approach (Python). 
Investigating reservoir behaviours involves intricate inverse problems; ML tackles this 
challenge. Integration of ML improves understanding, optimizing petroleum industry 
practices. This study used data from well logs to evaluate porosity, density, and gamma 
ray log. Through Petrel-based simulations, the findings were verified and validated. 

Keywords: 

Artificial intelligence; Well log; Reservoir 
characterization; Machine learning; 
Simulation; Petrophysical properties 

 
1. Introduction 
 

Reservoir characterization, especially well log data analysis plays an important role in petroleum 
exploration. Reservoir characterization is a process for quantitatively assigning reservoir properties, 
such as porosity, permeability, and fluid saturations, while recognizing geologic information and 
uncertainties, in spatial variability [1,2]. In essence, it is a process of identifying the petrophysical 
characteristics of the subsurface primarily using seismic and well-log data [3]. It is essential in 
determining if reservoir management and development strategies are economically successful. A 
significant amount of heterogeneity is sown by almost all reservoirs [4-6]. This nonlinear and 
heterogeneous nature of the subsurface is the major bottleneck in estimating the reservoir 
properties [7]. Evidently the properties that determine reservoir quality are porosity and 
permeability [8]. 

The productivity of wells in hydrocarbon-bearing reservoirs depends on Petro-physical properties 
which include lithology, porosity, water saturation, permeability, etc. Any method for 
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characterization of a reservoir should focus on its transport and storage characteristics, such as 
permeability and porosity. Through the pore networks of the porous systems, they regulate the flow 
and directions of the reservoir fluids [9]. These properties of a reservoir are estimated using well logs 
data, such as gamma ray, density, neutron porosity log, photoelectric effect values, and resistivity 
logs. Shale is frequently found in areas with high GR values because it has a higher natural 
radioactivity level. Low GR values point to lithologies other than shale, such as sandstone or 
limestone [10]. Additionally, Low Neutron Porosity (NPHI) values imply low porosity whereas High 
Neutron Porosity (NPHI) values show high porosity. Higher values represent a more porous formation 
because this log directly measures porosity [11]. While increased porosity is associated with low bulk 
density or RHOB values because denser rocks have higher bulk densities. Low RHOB levels therefore 
indicate more porosity [12]. 

Geophysical well logging is a process in which a logging tool is lowered into a well and some 
electronic and/or radioactive signals are sent to the rock formations and subsequent responses are 
recorded and analysed [1]. 

So, from the above discussion, Reservoir characterization methods can be categorized into these 
types: 

 
i. Experimental Method 

a. Core Sample Analysis 
b. Well Logs Analysis 

ii. Reservoir Simulation 
iii. Machine Learning Approaches  

 
In general, experimental methods are more time consuming as well as expensive than any other 

methods [13]. Besides, reservoir simulation method is also too much expensive due to powerful 
hardware requirement. However, the principal advantage of the method is its speed, which comes 
from the fact that it simply post-processes the results of any technique that produces conditional 
probability distributions [14]. Lastly, machine learning can be a powerful tool in reservoir 
characterization as it allows for the analysis of large and complex datasets within very short time 
period which is at the same time it is cost effective too.  By proper utilization of machine learning 
techniques, the industry can potentially gain a deeper view of reservoir properties, behaviour, and 
uncertainties, which will lead to more informed and optimized reservoir management decisions. In 
order to address bottlenecks, machine learning (ML) can be utilized to completely extract the 
knowledge behind such crucial data [15]. With the aid of ML, the system is able to automatically learn 
from and improve upon earlier data without having to be explicitly programmed. 

The objectives of this research were porosity and density determination and validation of the 
machine learning output through simulation. Here, reservoir characterization is presented by 
applying a systematic ML approach and analysing the relevant research released in recent years. The 
results obtained in the article were also validated in this study by simulation using Petrel.  Through 
new technology and data acquisition to processing and interpretation, the rate of success in 
exploration has risen up to 40%. Using prediction method more analysis can be done on it and more 
depths of data can be earned which is not done here.  

 
2. Data Description 

 
The type of data used for this research work was well log data. The version of log was CWLS log 

ASCII Standard Version 2.00. The range of Depth was 2000.0976 m to 2449.9824 m. In this study, 
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data was taken in each 0.1524 m interval. It was an exploratory field. Hole Fluid type was Polymer 
fluid and density was about 1.09796957350526 G/C3. These data were in dot(.)las format or 
computer supported format (softcopy). All data digitized from hard copy log, Specific Curves and 
Intervals. No additional editing applied, data output as per logs. Basically, in reservoir 
characterization different types of data are used. The data required for reservoir characterization can 
vary depending on the specific objectives and the type of reservoir being studied. 

In machine learning, especially in Python, the choice of data for reservoir characterization 
depends on the specific task and the nature of the machine learning algorithm being used. After 
analysing all the aspects, it was decided to work with well log data as Well logs provide continuous 
measurements of rock and fluid properties along the wellbore. They can be directly used as input 
features in machine learning algorithms. Log data can be pre-processed, normalized, and used to 
train models for various tasks such as lithology classification, porosity estimation, permeability 
prediction, and facies identification [3].  So, it was easier to extract well log data with machine 
learning software and working for further investigations. 

When using machine learning in reservoir characterization, it is common to combine multiple 
data types to improve the accuracy and robustness of the models. For example, a combination of 
different well logs like gamma ray log, neutron porosity log, density log and more information can be 
used together as input features to predict reservoir properties or identify sweet spots for drilling. 
Well logs have high resolution along the depth. 

Several key parameters are commonly present in well log data that are relevant for reservoir 
characterization. The specific parameters required can vary depending on the objectives of the 
reservoir characterization study and the properties being evaluated. The parameters that have been 
used in this study was gamma ray, neutron porosity, density and bulk density because for porosity 
measurement, the gamma ray log (GR), neutron porosity (NPHI), sonic log (DT) and bulk density 
(RHOB) logs should be used [3]. Main focus of this study was to calculate Porosity from (.)las file. 
Gamma ray was used to validate the algorithms from a previous study of same field. Bulk Density and 
density were evaluated as is related to porosity. The more is the density the less is the porosity. 

 
3. Methodology 

 
Initially the required data was selected analysing the previous research paper. After collecting the 

specific data, a crosscheck was done for machine learning use. For this study, data format of (.)las 
extension was needed, the data format was verified and sometimes it was converted as required. 
After finalizing file format, the data was run in Machine Learning software. In this study, PyCharm 
Community Edition 2023.1.1. was used. 

PyCharm Community Edition 2023.1.1 is the latest iteration of the popular Integrated 
Development Environment (IDE) designed for Python developers. Developed by JetBrains, this 
version comes with a host of exciting features and enhancements that aim to streamline the coding 
experience. With its user-friendly interface and powerful tools, PyCharm Community Edition remains 
a top choice for programmers of all levels, whether they are beginners or seasoned professionals. 

In PyCharm Community Edition 2023.1.1 the data was run using a specific algorithm, which was 
developed for this research project specifically. The algorithm was built in such a way so that the 
minimum algorithm value, average value as well as maximum value can be determined at the same 
time for any given range.  This same algorithm also enables graph plotting for the given ranges. All 
the work is done in frictions of seconds because it is super time efficient, which is so important in 
modern days.   After getting results, it was validated using previous works done on same field by 
different methods. To validate the algorithm, after running the algorithm in PyCharm for a well log 
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file and obtaining values of targeted parameters, the seismic file of the same well was run and 
modelled in Petrel software. Different parameters like GR log, NPHI, DRHO were calculated. The 
provided code does not include any specific Machine Learning algorithms. However, it primarily 
focuses on reading LAS files (a file format used in the oil and gas industry to store well log data), 
extracting specific curves from the data, performing basic data analysis (calculating averages), and 
visualizing the curves using following Python libraries: 

 
i. lasio: This lasio library is used for reading LAS files, which are commonly used in the oil 

and gas industry for storing well log data. 
ii. numpy: This is a fundamental library for numerical computations in Python. numpy 

provides support for arrays, matrices, and a wide range of mathematical operations. 
iii. matplotlib: matplotlib library is used for creating visualizations in Python. It provides a 

range of functions for creating plots, charts, and graphs. 
 
Petrel allows to interpret and analyse seismic data, incorporate and interpret well logs and petro 

physics, build geological models, build and run simulation models and incorporate production data. 
Actually, Petrel here was used to validate the algorithm. The values obtained from well log data using 
the algorithm were validated by using Petrel software modelling. The same values were found in 
Petrel software too. To simulate the seismic data in Petrel, the steps basically were followed are given 
below.  

At the very first step, the seismic data were given as input in Petrel simulation software. The 
seismic data must be in (.)sgy format. After loading the data in Petrel, some seismic data was selected, 
and accurate and proper horizon were selected for 3D modelling. Then, considering all the steps a 
proper validated model was created. Now, a new interpretation window has opened, and log data 
were given as input here.  From input section, well log was check marked and here some log section 
will be opened which were done in main well logging work. In this section the log data that is wanted 
to know or determine or check, should be check marked. Now, in the interpretation window, the 
chosen log will be shown. 

 
Porosity calculation was done using gamma ray log. The formula or equation [16,17] for porosity 

using gamma ray log is given below as Eq. (1).  
 

Porosity =    	
𝛼 ("#	"%&'	)
(")*+#"),-)

              (1) 

              
where, 
ϕ is known as gamma ray log value for specific depth,  
ϕ min is the minimum gamma ray log value,  
ϕ max is the maximum gamma ray log value,  
α is known as Rock type value constant. 
 
Now,  
     value of ϕ =110 GAPI; ϕ min =90 GAPI; ϕ max 145 GAPI and α is 0.6 
So, Porosity is calculated 0.21.         
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4. Results and Discussion 
 
After running the algorithm in machine learning, a prompt window opened and showed the keys 

available in the well log file. After that, it asked to choose which keys or parameters were wanted to 
calculate. After selecting specific parameters, the prompt asked the range we want to calculate.  
When we input the range of our expected range and enter the press, the prompt window shows us 
a graphical representation of desired parameters and at the same time minimum, maximum and 
average value of that Range.   

For Gamma Ray value measurement, we have chosen GR log from the prompt and selected the 
full range. At next it showed the graphical representation and the mentioned values. Similarly, For 
Density log value, Bulk Density value and Neutron Porosity value measurement, we have chosen 
RHOB, DRHO and NPHI respectively from the prompt and selected the full range. At next it showed 
the graphical representations and the mentioned values of parameters. 

In Figure 1, four calculated logs' output windows are shown. In Figure 1 (a) Gamma ray values 
have been calculated. In Figure 1 (b) RHOB or Density Log calculation has been shown. Similarly, in 
Figure 1 (c) and in Figure 1 (d) the Bulk Density or DRHO log and NPHI or Neutron Porosity log have 
been calculated respectively. For all the logs, the minimum and maximum values have been shown 
including Average values of the mentioned logs too. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 1. Values of various logs; (a) GR log, (b) RHOB log, (c) DRHO log, and (d) NPHI log 
 
The obtained values have been shown in Table 1 for getting a quick overview. Log values were 

measured for different ranges. Minimum and maximum values at the same time the average values 
were calculated and plotted in the graphs for proper visualization.  
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Table 1  
Obtained Values of Required Parameters 
Name of Log Range (m) MAX MIN AVERAGE 
GR 2000.0976 - 2449.924 151.51 GAPI 63.314 GAPI 102.21 GAPI 
GR 2400.5600 - 2447.500 151.51 GAPI 63.934 GAPI 101.93 GAPI 
GR 2427.600 - 2443.5000 151.51 GAPI 76.221 GAPI 120.03 GAPI 
RHOB 2000.0976 - 2449.924 2.6446 G/C3 1.7432 G/C3 2.452 G/C3 
DRHO 2000.0976 - 2449.924 0.3913 G/C3 -0.0042 G/C3 0.0825 G/C3 
NPHI 2000.0976 - 2449.924 0.3991 0.0699 0.2033 

 
Here Figure 2 represents the Gamma ray log. In the Graph Maximum Value is 151.5126 GAPI, 

whereas, Minimum value is 63.314 GAPI and Average value is 102.2124 GAPI. Moreover, in this graph, 
it is seen that at the start the gamma ray log is very low and from 2000m to around 2030m the gamma 
ray log value is comparatively lower. In fact, after 2310m Gamma ray reading is seen so much 
fluctuating. And after 2400m the value suddenly goes up and suddenly goes down. Dramatically it 
suddenly goes up again. Basically, it indicates different layers of lithology zone. 
 

 
Fig. 2. Gamma Ray Log 

 
When gamma ray readings are high, it typically indicates the presence of radioactive materials in 

the formations. These materials can include shales and clay-rich rocks, which tend to have higher 
levels of naturally occurring radioactive elements like uranium and thorium [18]. High gamma ray 
readings can also suggest the presence of certain mineral deposits. Conversely, when gamma ray 
readings are low, it often suggests that the formations are composed of non-radioactive materials, 
such as sandstones or limestone. These rocks usually have lower levels of naturally occurring 
radioactive elements, leading to reduced gamma ray emissions [19]. 

In Figure 3 of Neutron Porosity Log, it is seen at starting the porosity value for a specific range is 
very high, but then the level seems constant. At the very end, around 2310m suddenly the porosity 
value started to change drastically. Which is the same as gamma ray values. So, it can be optimized 
that there's a relationship between gamma ray and porosity value. Here, the Maximum Value of 
porosity is 0.3991 and minimum value is 0.0699. Whereas Average porosity value is 0.2033. 
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Fig. 3. Neutron Porosity Log 

 
The density log graph or Figure 4 represents almost the opposite of Neutron porosity log. Because 

the denser the rock mass the lower the porosity Here, the Maximum Value is 2.6446 G/C3. Minimum 
value is 1.7432 G/C3 and Average value is 2.452 G/C3  

 

 
Fig. 4. Density Log 

 
In well logging, when the density is higher than expected, it may indicate the presence of denser 

materials in the subsurface, such as rocks with high mineral content or the presence of fluids with 
higher densities, like brine or drilling mud [19]. On the other hand, when the density is lower than 
anticipated, it could indicate the presence of less dense materials, such as porous rocks or fluids with 
lower densities, like hydrocarbons or gas [12]. Interpreting density measurements in well logging 
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helps geoscientists and engineers understand the composition of the subsurface and can provide 
valuable information for determining the type of formations and potential resources present in a well 
[20]. 

Now, In Figure 5 the Bulk Density Log representing graph has been shown. The Maximum Value 
of bulk density is 0.3913 G/C3 but the Minimum value is negative, and it is -0.0042 G/C3. Average 
value is 0.0825 G/C3.  When the bulk density is higher in well logging, it generally indicates that the 
subsurface material being logged is denser and more compact. On the other hand, when the bulk 
density is lower in well logging, it suggests that the subsurface material is less dense and more porous 
[21-25]. So, it can be identified from the graph that though the initial zone in around 2000m to 2150m 
is more compact or non-porous zone but the depth down below 2150m is more porous. Because 
from that depth the bulk density values seem constant and lower than initial values.  

 

 
Fig. 5. Bulk Density Log 

 
Now, for more detail’s representation of graph, the range should be shortened. And using this 

algorithm, the shortening process is simpler and easier. By shortening the range of expectations in 
input variables it can be easily executed. For example, for the given input range of 2400.56m - 
2447.5m, the following data and graphical representation is shown. 

At this stage, Figure 6 represents the range shortening process for GR log. And Figure 7 represents 
the shortened but detail graph of gamma ray log. 
 

 
Fig. 6. Values of GR log 
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From the graph, the graph became more detailed and can easily be visualized than before. Now, 
for another given input range of 2427.6m - 2443.5m, the following data and graphical representation 
is shown below using same algorithm. 
 

 
Fig. 7. Gamma Ray Log 

 
Here, again Figure 8 represents a more detailed GR log extraction input given procedure. 

 

 
Fig. 8. Values of GR log 

 
And Figure 9 is the output graph of gamma ray log. The Maximum Value is 151.5126 GAPI.  The 

minimum value is 76.221 GAPI and average value is 120.0337 GAPI. 
In Figure 9 it is seen that the graph became even more detailed as the Range was shortened using 

input variables. 
To validate the algorithm, the seismic file of the same well was run in Petrel. And using Petrel 

software different parameters like GR log, NPHI, DRHO were obtained and visualized. The data 
features simulated in Pycharm are similar to Petrel. From the analysis of Petrel, it can be visualized, 
which is the interested zone for this study, the maximum gamma ray value is around 151.30 GAPI. 
Which is shown in Figure 10 (b). The depth of maximum gamma ray value is in the range of 2400m – 
2440m. For a more detailed view a zoomed version of the image is given in Figure 10 (c). 
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Fig. 9. Gamma Ray Log 

 
From Figure 10 (a) of this study it is seen that the maximum value is 151.5126 GAPI and it was 

found in around 2438m. Moreover, by correlating with multiple logs like bulk density and porosity, it 
is seen there are definite connections between the log’s variables. So, the outcomes are perfect and 
trustworthy, which ensures the validity of our machine learning algorithms. So, basically Figure 10 is 
the representation of the validity of this study.  

Moreover, it was calculated that the value of porosity using gamma ray was 0.21 and by using 
algorithm it was found 0.2033. The simple variation that is seen here is because of uncertainties and 
constant variables. Those are ignorable. Finally, it can be said the algorithm is well and simple enough 
to measure any well log data, especially gamma ray log, porosity, and density. 
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(a) GR Curve obtained using Machine Learning Algorithm 

 
(b) GR Curve obtained using Petrel 

 

 
(c) Detailed form of GR Curve obtained using Petrel  

Fig. 10. Validation Images for Comparison 
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5. Conclusions 
 
Reservoir characterization is a heavily data-driven problem, which integrates seismic, logging and 

core analysis data to improve the understanding of subsurface properties such as porosity, 
saturation, permeability and pressure–volume–temperature. Reservoir characterization for 
petroleum exploration heavily depends on well log data analysis, where Machine Learning (ML) plays 
a key role. In this study, porosity was determined using Machine learning algorithms. Then the values 
were validated using calculation by gamma ray log and Petrel simulation. ML enables efficient 
analysis of complex datasets, offering deeper insights into properties like porosity, permeability, and 
more. This study employs Python and an ML approach to enhance reservoir understanding and 
optimizing petroleum industry practices. Future works can be done on permeability, as the properties 
that determine reservoir quality are porosity and permeability. Moreover, by using petrel a proper 
3D Model can be prepared for proper visualization. In this study the porosity was calculated, so by 
calculation of permeability and using prediction method more analysis can be done on it by 
correlating. Through new technology and data acquisition to processing and interpretation, the rate 
of success in exploration has risen up to 40%. 
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