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Petroleum reservoir characterization involves modeling lithological facies and petrophysical properties of 
the reservoir under study in three-dimensional (3D) space. Conventionally, geostatistical techniques are 
used to build 3D models and populate geocellular grids. This paper presents a new approach to 
geomodeling, which was developed as an integration of conventional geomodeling techniques and highly 
popularized machine learning methods. To determine an updated value of this novel modeling approach, 
three static petroleum reservoir models were developed using three different workflows, which were then 
compared. The first workflow used a conventional geostatistical method called sequential indicator 
simulation (SIS) to develop a facies model. Then, the facies model was populated with petrophysical 
values generated using the sequential Gaussian simulation (SGS) technique. The second workflow 
combined geostatistical methods with the machine learning techniques. First, a 3D model of log 
attributes was constructed from log data using geostatistical techniques. Next, these 3D log models were 
converted to a facies model by means of a supervised classification algorithm called logistic regression. 
Finally, the facies model was populated with petrophysical properties using geostatistical techniques 
from the first workflow. The third workflow used a machine learning technique called deep neural network 
(DNN) to develop facies and petrophysical property models concurrently. These three methodologies 
were applied during an actual case study, and the results were compared. A primary advantage of using 
machine learning techniques is the ability of the algorithm to discover and take advantage of hidden 
patterns in the data in an unsupervised manner. Additionally, the use of machine learning techniques 
relaxes the assumption of stationarity imposed on reservoir properties under study by conventional 
kriging, SGS and SIS geostatistical techniques and allows capturing both linear and nonlinear 
relationship between modeled reservoir properties. In light of the automatous nature of the machine 
learning techniques, the identified hidden patterns in the data and resulting model should be carefully 
examined for geological and physical plausibility prior to any application of the model or, otherwise, be 
discarded. This paper primarily focusses on the comparison of a novel procedure for building a 
petroleum reservoir property model with machine learning techniques and a procedure for property 
model construction with conventional geostatistical techniques. 
 

 

 


