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Abstract

Calculating variograms and spatial continuity is one of the first and most essential processes in
geostatistical modeling, which is a long and experience-oriented process. This article presents an intelligent
variogram modeling method using deep learning that can increase the speed of variogram modeling and
prevent common errors in manual variogram model fitting. In this method, two convolutional neural
networks are used. The first CNN converts the initial data into a 2D simulated map based on various
variogram models. The output of this model is entered into the second convolutional neural network as input,
and the variogram parameters are predicted. The accuracy of the proposed model for synthetic 2D data was
97 %. Also, the accuracy of the obtained model for Nouchon area geochemical data compared to manual
fitting was 90%.
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1- Introduction

In geostatistical modeling, spatial continuity is a fundamental and vital step intricately linked to
the variogram. Calculating experimental variograms and traditional variogram modeling is time-
consuming and requires a high level of experience. Consequently, interpreting and fitting the
appropriate model are always the main challenges in this field. Acknowledging these challenges,
the automation of variogram modeling has been extensively debated, leading to the introduction of
various models [1]. One of the standard methods of calculating the variogram model is the weighted
least squares method. This method minimizes the distance of each point of the experimental
variogram with the fitted model [2]. Although the LS method has a simple function, in some cases,
the optimal model fitted by this method cannot be the best variogram model [3]. The following
method in automatic variogram fitting is the maximization method (ML) [4]. In this approach, the
parameters of the variogram model are estimated by minimizing the negative logarithm of the
likelihood function. Still, this method is effective only when data follows a multivariate Gaussian
distribution. Also, in all of the presented, the fitted variogram model is based on an experimental
variogram. This paper presents an automated variogram modeling framework, which estimates
variogram parameters independently of the experimental variogram using a deep learning method.
The proposed approach increases speed, prevents errors in manual fitting, and reduces the
subjectivity of variogram modeling.
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Figure 1- General flowchart of the algorithm

2- Methods

This method consists of two convolutional neural networks. The model's procedure for
predicting variogram parameters is presented in Figure 1. The training dataset for the model
comprises three data series, including 128 points randomly distributed within a 128x128 grid,
simulated images with the SGS algorithm, and corresponding variogram parameters. New data is
extracted from the simulations and coordinated with the spatial positions of the initial data, which is
then utilized as input for the first CNN network. Before entering the network, this dataset is split
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into three parts: 65% for training, 15% for validation, and the remaining 20% for model testing. The
first CNN network converts the input data into a 2D simulated map through one MLP layer, five
convolution layers, and four upsampling layers. For this purpose, training the first network with the
input data and their corresponding simulations is necessary. The output of this model is entered into
the second convolutional neural network as input, and the variogram parameters (including range,
azimuth, ratio, and nugget effect) are predicted, using one MLP layer, 8 convolution layers, 4 Max
pooling layers, and one Dropout layer. The training process for these CNNs includes minimizing
the Mean Squared Error (MSE) using the Adam optimization method, with a learning rate 0.001 for
both models.

3- Findings and Argument

First, the proposed algorithm is implemented on synthetic 2D data, and the parameters of the
CNN models are optimized. The network achieved optimal results by integrating ReLU activation
functions in convolutional layers and Sigmoid activation functions in fully connected layers, with
an optimized BatchSize set to 64. The accuracy of the proposed model was 97%. At the same time,
each predicted parameter was assessed individually. The Nugget Effect showed the highest
accuracy at 98%, and the Ratio, Range, and azimuth were predicted with an accuracy of 96%, 95%,
and 88%, respectively. Then, the proposed algorithm is used for variogram modeling of Nouchon
area geochemical data, including Cu, Zn, and Pb. The Nugget Effect, Ratio, Azimuth, and Range
accuracies stand at 99%, 90%, 92%, and 95%, respectively. Also, the obtained model is compared
with the manually fitted model by an expert, and the accuracy of its parameters for the Azimuth,
Range, Ratio, and Nugget Effect Range is determined to be 96%, 90%, 84%, and 78% based on
expert models criteria.
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Figure 2- Validation of predicted variogram model parameters for Data of the Nochun region
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4- Conclusions

This paper introduces an intelligent modeling approach utilizing deep learning, comprising two
CNN networks. CNN1 transforms initial data into 2D images corresponding to the simulations
conducted. Subsequently, the output of this network enters the CNN2 network, which extracts
spatial relationships and translates them into variogram parameters. As illustrated in Figure 2, the
proposed network demonstrates high accuracy in determining variogram parameters, including 99%
for the nugget effect, 90% for the ratio, 86% for the range, and 92% for azimuth. A significant
drawback of this approach is its limitation to two-dimensional data. Also, in the proposed
algorithm, the fitted variogram model is a single structure but can be adapted for multi-structure
models by increasing the parameters of the model.
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