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MODELAMIENTO DE INCERTIDUMBRE EN EL DISENO DE UNIDADES
GEOLOGICAS MEDIANTE SIMULACION IMPLiCITA DE CONTACTOS
CONSIDERANDO UN MODELO GEOLOGICO INTERPRETATIVO PREEXISTENTE

Se propone un algoritmo de simulacion implicito que utiliza funciones de distancia definidas
para representar la configuracion geoldgica en el subsuelo mientras se tienen en cuenta dos fuentes
de informacién: los datos del pozo de perforacion considerados como informacién 'dura’ (libre de
errores) y un modelo geologico interpretativo preexistente visto como informacion 'suave'. El
algoritmo propuesto sigue un flujo de trabajo jerarquico y se basa en el calculo de la distancia a lo
largo del sondaje entre los datos de cada pozo de perforacion y el limite geoldgico mas cercano
(variable primaria), junto con la distancia omnidireccional entre cada nodo del modelo
interpretativo y el limite mas cercano (covariable). El nivel de influencia de estos Gltimos sobre los
primeros se puede controlar ajustando su correlacion cruzada, de modo que se pueda aumentar o
reducir el efecto de la interpretacion geoldgica en la simulacion, dependiendo de la confianza del
experto en dicha interpretacion. Los parametros clave para una implementacion exitosa del enfoque
propuesto son la eleccion de un arbol binario para controlar las relaciones topoldgicas entre las
unidades geologicas simuladas, de un modelo de correlacion espacial para controlar la continuidad
geologica y la regularidad de los limites, y de un coeficiente para controlar la confiabilidad dada a
los datos blandos. La especificacion de estos pardmetros puede evaluarse mediante consideraciones
geoldgicas y mediante técnicas de validacion cruzada. La propuesta se aplica a un caso de estudio
sintético y un caso real que corresponde al pérfido cuprifero de Spence, donde se demuestra que la
incorporacion de datos blandos permite reproducir zonificaciones geoldgicas en areas con pocos
datos de perforacion. También se discuten algunos problemas de implementacion y posibles

mejoras del método.
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MODELING THE UNCERTAINTY IN THE LAYOUT OF GEOLOGICAL UNITS BY
IMPLICIT BOUNDARY SIMULATION ACCOUNTING FOR A PREEXISTING
INTERPRETIVE GEOLOGICAL MODEL

An implicit simulation algorithm that uses signed distance functions is proposed to represent
the geological configuration in the subsurface while accounting for two sources of information:
drill hole data considered as ‘hard’ (error-free) information, and a preexisting interpretive
geological model viewed as ‘soft’ information. The proposed algorithm follows a hierarchical
workflow and relies on the calculation of the down-the-hole distance between each drill hole data
and the closest geological boundary (primary variable) together with the omnidirectional distance
between each node of the interpretive model and the closest boundary (covariate). The level of
influence of the latter on the former can be controlled by tuning their cross-correlation, so that one
can increase or reduce the effect of the geological interpretation in the simulation, depending on
the confidence of the expert in such an interpretation. The key parameters for a successful
implementation of the proposed approach are the choice of a binary tree to control the topological
relationships between the simulated geological units, of a spatial correlation model to control the
geological continuity and the boundaries regularity, and of a coefficient to control the
trustworthiness given to the soft data. The specification of these parameters can be assessed by
geological considerations and by cross-validation techniques. The proposal is applied to a synthetic
and a real case study, where it is shown that the incorporation of soft data allows reproducing
geological zonations in areas with few drill hole data. Some implementation issues and possible

improvements to the method are also discussed.
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CAPITULO PRIMERO
1. INTRODUCCION
1.1. PREAMBULO

En proyectos mineros, la estimacion de recursos minerales tanto en tonelaje como en ley de
commodities es de vital importancia. Los métodos utilizados para la estimacion son en la mayoria
de los casos interpoladores lineales, siendo el “Kriging” uno de los mas conocidos y utilizados.
Este interpolador entrega una solucion tnica en la estimacion, lo que normalmente se suele llamar
un método deterministico. Sin embargo, otro de los analisis requeridos en mineria es la
cuantificacion de incertidumbre de dichos recursos minerales, pero 10s métodos deterministicos no
son los mas adecuados para este proposito. Es asi como la utilizacion de métodos estocasticos para
la estimacion y cuantificacion de incertidumbre en mineria cada vez toma mas relevancia y su

entendimiento es crucial en los equipos de trabajo del area de geologia.

La cuantificacion de la incertidumbre geologica en variables regionalizadas se realiza hoy
en dia con simulaciones geoestadisticas. El por qué son utilizadas, se debe a que ningin modelo de
interpolacion lograra reproducir la realidad sin error. En general, en procesos naturales nunca
existird un muestreo exhaustivo tal como ocurre en procesos geoldgicos y aunque son entendidos
en términos genéticos, son muy complejos de predecir en el espacio. Las simulaciones pueden
construir una distribucion de posibles escenarios, todos y cada uno de ellos tan posible como el

otro, lo que permite conocer las probabilidades de ocurrencia de ciertos eventos.

1.2. MOTIVACION

Existen diversas metodologias para la construccion de simulaciones geoestadisticas, sin
embargo, la simulacion de variables categéricas relacionadas a atributos geologicos es algo mas
complejo. En términos geoldgicos, los contactos de las unidades geologicas podrian tomar formas
que son muy dificiles de predecir solo a partir de métodos numéricos y mucho més complejo lejos
de los datos. En este campo han existido distintos enfoques, todos ellos muy practicos de utilizar,
pero con algunas desventajas a la hora de reproducir una incertidumbre “plausible” de los bordes

de contactos en zonas alejadas de los datos. Es por ello, que la motivacion principal en este trabajo



de tesis es la exploracion de métodos numéricos que permitan acercar mas la geologia con los

procesos estocasticos.

1.3. OBJETIVOS DEL ESTUDIO

El objetivo principal es disefiar un método de simulacion de contactos geologicos que tenga
en cuenta dos fuentes de informacion: datos de muestreo como variable primaria (duros) y datos
de una interpretacion geologica 3D preexistente como covariable (blandos). De particular interés
sera la elaboracion de un modelo donde la covariable pueda correlacionarse espacialmente con la
variable primaria y, al mismo tiempo, donde los modeladores puedan controlar el nivel de
confianza de los datos blandos.

Lograr este objetivo requiere de la realizaciéon de multiples etapas, las que en términos
conceptuales ya han sido abordadas en trabajos previos. Sin embargo, en esta tesis se plantea un
nuevo enfoque metodoldgico que lograra dar solucion a algunos de los problemas que se presentan
con métodos tradicionales.

Metodologias como ¢ésta permiten analizar y cuantificar la incertidumbre asociada a
atributos geologicos que controlan las variables de interés econdmico en un proyecto minero, y que

afectan principalmente al tonelaje de recursos minerales.

1.3.1.  Objetivos Especificos

Para disefiar un método de simulacion, se debe tener en cuenta aspectos sobre la naturaleza
de la variable, el tipo de variable, la forma en coémo se utiliza, la base tedrica y los pardmetros que

definiran su resultado.

En general, los métodos existentes han trabajado en dos lineas metodoldgicas, ambas con
transformaciones de datos categoéricos en numéricos, pero uno es de indicadores y el otro de
distancias. De este ultimo, el cual ha sido utilizado ampliamente por la industria, se ha notado
levemente una falencia en velocidad y robustez. Debido a lo anterior, también se incluira la
implementacion de nuevos criterios en el célculo de distancias que eviten algunas inconsistencias

de los métodos tradicionales.



Otro de los problemas en métodos tradicionales es la consideracion de informacion blanda

en sus algoritmos de simulacion. Actualmente todos se basan simulaciones directas, sin embargo,

una forma de abordar mucho mejor el problema es realizando una co-simulacion y no solo eso,

sino que controlar el grado de correlacion que existe entre ambas fuentes de informacion entregara

una herramienta muy practica y consistente a aquellos modeladores que buscan reflejar la

incertidumbre en sus simulaciones.

Dado lo anterior, se propone:

Trabajar con dos casos de estudio: uno sintético creado para probar la metodologia y
uno real correspondiente al depdsito de Spence.

Para ambos casos los datos iniciales seran categdricos, que representan mediante una
codificacion definida, los distintos atributos geoldgicos presentes.

Los datos seran transformados a una variable numérica a través de una funcion de
distancia entre unidades geoldgicas.

El método de simulacion a utilizar se basa en el modelo multigaussiano con un
algoritmo de bandas rotantes.

Se creara un parametro que define la correlacion entre la variable primaria (datos de
muestreo) y secundaria (modelo interpretativo preexistente).

Implementar un método de validacion cruzada.

1.4.  ALCANCES DE LA INVESTIGACION

Aspectos relacionados tanto a la construccion de la nueva metodologia como a su

implementacion en un caso sintético y uno real son parte del alcance de esta tesis de magister,

incluidos:

e La programacion de los algoritmos y el entendimiento de los calculos matematicos

necesarios para alcanzar los objetivos.

e Evaluacion y validacion del método, con caso sintético y real.



1.5. METODOLOGIA GENERAL DEL ESTUDIO

1.5.1. Modelamiento Implicito de Contactos

Consideremos solo dos unidades geologicas (A y B) mapeadas en una base de datos de
sondajes compositada. En cada punto de la unidad A, se calcula la distancia al punto més cercano
en la unidad B. Lo mismo se hace para la unidad B, asignando un signo negativo a las distancias
calculadas. Ahora, se tiene una base de datos con coordenadas espaciales y una propiedad numérica
(distancia). El traspaso de estas variables categoricas a numéricas utilizando la funcidn de distancia
es util para simular el limite de unidades geologicas en el espacio (McLennan & Deutsch, 2006;
Carr et al., 2001)

El limite entre las dos unidades suele ser mas irregular, en la medida en que las técnicas de
simulacion no suavizan la realidad como lo hace la interpolacion como el Kriging. Ademas, este
enfoque es estocastico y proporciona multiples soluciones igualmente probables, llamadas

"resultados" o "realizaciones".

1.5.2. Modelamiento Jerarquico

En caso de existir mas de 2 unidades geologicas, se debe primero definir una estrategia de
simulaciones binarias a través de un arbol de clasificacion. Esto se debe a que los métodos de
simulacion solo son capaces de simular un limite a la vez, por lo tanto, es importante definir una
jerarquia de orden y espacio para simular cada una de ellas. Las consideraciones de este arbol
binario suelen ser las siguientes: 1) edad de las unidades geoldgicas, 2) volumen de las unidades
geologicas, 3) importancia de las unidades geologicas y 4) relaciones de corte entre unidades

(Madani y Emery, 2015).

1.5.3.  Cadlculo de la funcion de distancia entre unidades geologicas

Como se indico anteriormente, la simulacion de limites geoldgicos se basa en la simulacion
de la distancia entre dos unidades geologicas. Para ello, esta tesis propone el calculo simultdneo de

dos funciones de distancia, donde la primera corresponde al calculo en los datos de sondajes



(informacion dura) y la segunda al célculo en los datos del modelo interpretativo preexistente
(informacioén blanda).

En el primer caso, se considera la distancia solo entre datos de sondaje para dos unidades
geologicas distintas y metodoldgicamente se realiza a lo largo del sondaje (cominmente llamado
“down-the-hole™). Si utilizdramos por el contrario una funcidon de distancia omnidireccional, se
produce uno de los primeros problemas de los métodos tradicionales, y es que cada vez que un
sondaje se afiada a la base de datos la funcion de distancia cambiard en todo el dominio (lo que no
es un efecto deseado). En el segundo caso, se considerara la distancia tanto entre sondajes como
entre el modelo interpretativo con una metodologia omnidireccional. Dado que el modelo es una
grilla regular en todo el dominio, no hay problema en aplicar este método ya que la inica forma

que cambie la funcion es que el modelo sea actualizado (lo que es sensato).

1.5.4. Transformacion de distancias

Las dos distancias calculadas se deben transformar a valores normales con el objetivo de
poder utilizar los métodos de simulacion multigaussiana. Este método es estandar en los procesos

de simulacion geoestadistica.

1.5.5. Modelamiento de las variables de distancia

La estructura de correlacion espacial conjunta de ambas distancias (de sondajes y del
modelo interpretativo) se puede inferir calculando sus covarianzas o variogramas directos y
cruzados, y luego ajustando un modelo de corregionalizacion. Dado que ambas distancias son
calculadas basadas en la misma informacion original, se espera que su correlacion sea alta. De este
modo, si la correlacion es méaxima, el grado de influencia del modelo interpretativo serd alto y por
tanto la incertidumbre asociada a la simulacion serd baja en todo el dominio. De lo contrario si la
correlacion es nula, entonces lejos de los datos la incertidumbre serd muy alta ya que no hay ningun

control mas que los datos de sondaje.

La propuesta de esta tesis es incluir un parametro que pueda controlar el grado de
correlacion que existe entre ambas distancias y, de este modo, el modelador tendra un el control

sobre el nivel de influencia que tendra el modelo interpretativo sobre la simulacion. Este parametro
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variara en la escala 0 a 1, donde 0 indica que la correlacion es nula y 1 indica que la correlacion es
maxima. La eleccion del valor de este parametro puede estar basado en el conocimiento geologico

del modelador o puede ser ajustado por validacion cruzada.

1.5.6. Simulacion conjunta

La simulacion conjunta de estas dos variables serd realizada con un algoritmo espectral
(Emery et al., 2016), condicionado a los datos de los sondajes y al modelo interpretativo. Luego,
la simulacion sera devuelta a su escala original donde se podra realizar una truncacion a la distancia

0 que definira el limite de dos unidades geoldgicas para cada una de las realizaciones.

1.6. ESTADO DEL ARTE

1.6.1. Geoestadistica y estimacion de recursos

La geoestadistica puede ser definida como la aplicaciéon de modelos probabilisticos a
variables regionalizadas (Chileés & Delfiner, 2012). En la practica, puede ser aplicada a cualquier
variable continua que presente una estructura en el espacio. Por su parte, Pyrcz & Deutsch (2014)
definen a la geoestadistica como una rama de la estadistica aplicada que difiere de la estadistica en
tres aspectos basicos:

1. Se centra en el estudio de variables geolocalizadas (usualmente ligada a la geologia por los
procesos naturales que involucran).
2. Modelamiento y tratamiento explicito de la correlacion espacial entre los datos.

3. Tratamiento de los datos a diferentes volimenes y niveles de precision.

Tipicamente el objetivo es estudiar una variable regionalizada para determinar su
comportamiento en el espacio y poder estimar su valor en sitios donde no se posee informacion
acerca de ella. En mineria, el estimador utilizado por excelencia es el kriging, el cual es un
estimador lineal insesgado que minimiza la varianza del error. Con los datos de sondajes in-situ,
se realiza un analisis estadistico y geoldgico del deposito con el fin de definir las unidades de
estimacion. En estas unidades se realiza un andlisis variografico independiente para obtener el
variograma de los datos, el cual es considerado una medida confiable de la correlacion espacial de
los datos. Finalmente, se realiza la etapa de kriging para obtener una estimacion de los recursos del

yacimiento en estudio (Journel & Huijbregts, 1978).
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A pesar de que, por construccion, kriging es el mejor estimador lineal insesgado, la varianza
de kriging no refleja de forma adecuada la incertidumbre asociada a la estimacion. El principal
defecto de este estimador es que la varianza del error no depende de los valores de los datos:
depende solo de su configuracion geométrica y de la estructura espacial de la variable regionalizada
en estudio. Es asi como sectores donde los datos toman valores cercanos entre ellos pueden no
presentar una varianza diferente comparada con zonas donde los datos son mas erraticos, siempre
y cuando presenten la misma configuracion geométrica. De esta forma, este estadistico no refleja
el llamado efecto proporcional, el cual se ve cuando las zonas de valores altos de la variable

muestran mas variabilidad que las zonas de valores bajos.

La estimacion de kriging representa un modelo deterministico asociado al mejor valor
esperado en cada uno de los nodos estimados. Sin embargo, la cuantificacion de la incertidumbre
y riesgo es analizada a partir de las simulaciones geoestadisticas, que representan un modelo
estocastico, asociado a la distribucion de probabilidad de la variable en cada uno de los nodos

simulados.

1.6.2.  Simulacion geoestadistica

La simulacioén, a diferencia de kriging no es precisa, es decir, no minimiza el error pues se
centra en respetar las estadisticas de la variable regionalizada (Chiles & Delfiner, 2012). Esto
permite que en una simulacion los valores no se vean suavizados como en el kriging. Estas
propiedades de la simulacion permiten utilizar las diferentes realizaciones para hacer un analisis
de riesgo sobre los modelos obtenidos, estudiar la sensibilidad de la variable y colocarse en
distintos escenarios. Este tipo de simulacion se utiliza tanto para variables continuas como para
discretas cuantificables o categoricas, que es el principal enfoque de esta tesis. Si bien es cierto las
variables categdricas no son atributos continuos, existen transformaciones a fin para poder llevar
las categorias a una distribucion continua cuya correlacion espacial serd definida por el variograma
de los datos transformados.

Las simulaciones son basicamente métodos matematicos que describen un fendémeno
natural intentando traspasar todas las propiedades de la muestra a la poblacion como la distribucion,

variabilidad y correlacion espacial.

VzE R F(z) =Prob[Z(x) <z] (1)



Como primer enfoque de incertidumbre, se puede considerar la distribucion global
(ecuacion 1). Sea Z la funcion aleatoria que representa una variable regionalizada de interés, y x
un punto del espacio no muestreado, la funcion de distribucion F(z) se define como la probabilidad
de que la variable aleatoria Z(x) sea menor a un umbral de corte. Bajo el supuesto de estacionaridad,

esta distribucion es invariante en el espacio, es decir no depende del punto x.

Vz € R, F(x; z|datos) = Prob[Z(x) < z|Z(x1), .. Z(xp)] (2)

El segundo enfoque es el de incertidumbre local, el que afiade a la definicion anterior el
concepto de condicionamiento a los datos cercanos (ecuacion 2). En particular, si la distancia entre
el nodo simulado y una muestra de la variable es 0, entonces la simulacion entregara como resultado
el mismo valor de la muestra y no existird incertidumbre. Este tipo de simulaciones son llamadas
condicionales y son las principales usadas en el campo de cuantificacion de incertidumbre en

mineria.

La simulacion como algoritmo, generalmente se aplica a variables numéricas continuas. La
aplicacion a variables categdricas requiere de una transformacion adicional hacia valores
numéricos. En el estado del arte actual estas transformaciones son hacia indicadores o distancias al
contacto. Luego, son nuevamente transformadas pero esta vez a una distribucidon gaussiana con
media 0 y varianza 1. La simulacién en si misma, es realizada por algoritmos ya validados y
conocidos en la industria y la academia, como lo son el método secuencial gaussiano y el de bandas
rotantes. Finalmente, se necesita un ultimo paso de transformacion de vuelta al espacio real de los

datos, para luego ser interpretadas como variables categdricas y no continuas.

1.6.3.  Simulacion de variables categoricas

Desde el punto de vista de metodologias de simulacion, al presente se pueden encontrar:

e Simulacion Secuencial de Indicadores: Consiste en codificar los datos segiin una funcion
indicador. Con esta informacion se genera el variograma del indicador, luego se define un
camino aleatorio con los lugares no muestreados visitdndolos so6lo una vez. Se modela la

distribucion condicional en una posicion no muestreada usando kriging de indicadores y se



obtiene el valor simulado al sortear un valor segun dicha distribucion condicional. Se debe
codificar el nuevo valor obtenido para usarlo en la determinacion de las siguientes

posiciones (Remy, et al. 2009).

e Simulacion Gaussiana Truncada: Con este método las variables categdricas, como las
unidades geologicas, no son simuladas directamente, sino que se simula una funcién
aleatoria gaussiana primero y luego ésta se transforma en la variable unidad geoldgica, por

truncacion (Matheron, et al. 1987).

e Simulacion Plurigaussiana: Corresponde a la generalizacion del método anterior de
gaussianas truncadas. En este caso, las categorias deben estar ordenadas segin sus
relaciones de contacto, lo que es definido a través de una regla o de la bandera de truncacion.
Esto otorga mas flexibilidad a la hora de simular varias unidades geologicas, sin embargo,

ciertas configuraciones geoldgicas complejas son dificiles de reproducir (Galli, et al. 1994).

e Simulaciéon Multipunto: Para aplicar esta metodologia se debe definir un patrén, que
corresponde a un conjunto de pixeles o puntos (nodos), cada uno con valor(es) de una o
mas variables, ordenados espacialmente de tal forma que se puedan diferenciar de otros
patrones con ordenamiento distinto. Una imagen de entrenamiento representa el fendmeno
geologico que genera la estructura espacial de la variable y a partir de ella se realiza la

inferencia (Strebelle, 2002).

e Simulacion de Distancias al Contacto: McLennan & Deutsch (2006) acufiaron el término
BOUNDSIM, como un método de simulacion de variables categdricas que consiste en
simular las distancias a los contactos entre unidades. Esta funcion de distancias ya habia
sido estudiada con anterioridad y Carr et al. (2001) lo publica utilizando el método con
funciones de radio basal (RBF) lo que llevo a la generacion de uno de los softwares de

modelamiento geoldgico mas utilizados en la industria minera, Leapfrog.

De los métodos descritos, dos de ellos son los mas utilizados en el analisis de incertidumbre
geoldgica en mineria: la simulacion plurigaussiana y la simulacion de distancias al contacto.

Cualquiera sea el método, ante mucha informacion de sondajes no tendra grandes problemas en la



generacion de escenarios plausibles. Sin embargo, cuando existen zonas sin mucha informacion es
cuando se producen inconsistencias o escenarios poco fidedignos. Dentro de ellos los mas
relevantes son los cambios por nueva informacién y las inconsistencias geologicas ante poca
informacion. Deutsch (2006) utilizé el modelo geologico deterministico como base para que estos

problemas fueran mas suavizados, acuiiando el término LVM (Local Varying Mean).

Luego de la entrada de este método, en general se ha tendido a usar como una referencia en
la industria considerando a la simulacion de distancias al contacto con el uso de LVM como uno

de los mas importantes, aunque aun con cierto grado de falencias que no han sido consideradas.

1.7. RESUMEN DE LA INVESTIGACION

Los resultados de este estudio seran presentados a través del siguiente articulo cientifico,

publicado en 2021 en la revista Natural Resources Research:

Art.1: Ferrer, R., Emery, X., Maleki, M. et al. Modeling the Uncertainty in the Layout of
Geological Units by Implicit Boundary Simulation Accounting for a Preexisting Interpretive
Geological Model. Natural Resources Research (2021). https://doi.org/10.1007/s11053-021-
09964-9.
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An implicit simulation algorithm that uses signed distance functions is proposed to represent
subsurface geological configuration while accounting for two sources of information: drill-
hole data considered as ‘hard’ (error-free) information and a preexisting interpretive geo-
logical model viewed as ‘soft” information. The proposed algorithm follows a hierarchical
workflow and relies on the calculation of the down-the-hole distance between every drillhole
data and the closest geological boundary (primary variable) together with the omnidirec-
tional distance between each node of the interpretive model and the closest boundary
(covariate). The level of influence of the latter on the former can be controlled by tuning
their cross-correlation so that one can increase or reduce the effect of the geological
interpretation in the simulation, depending on the confidence of the expert in such an
interpretation. The key parameters for a successful implementation of the proposed ap-
proach are the choice of a binary tree to control the topological relationships between the
simulated geological units, of a spatial correlation model to control the geological continuity
and the boundaries regularity, and of a coefficient to control the trustworthiness given to the
soft data. The specification of these parameters can be assessed by geological considerations
and by cross-validation techniques. The proposal was applied to a synthetic and a real case
study, where it was shown that incorporation of soft data allowed reproduction of geological
zonations in areas with few drillhole data. Some implementation issues and possible
improvements to the method are also discussed.

KEY WORDS: Geomodeling, Geological uncertainty, Geological interpretation, Implicit modeling,
Signed distance functions.

INTRODUCTION

In geosciences and natural resources engineer-
ing, subsurface geological units such as lithology,
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hydrothermal alteration and ore mineralized do-
mains are modeled usually prior to the prediction or
simulation of quantitative regionalized variables
(e.g., metal grades, mineral percentages, rock
porosity and permeability) based on the fact that the
former have a spatial control on the latter (Journel
& Huijbregts, 1978; Dubrule, 1993; Armstrong et al.,
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2011; Chiles & Delfiner, 2012; Emery and Maleki,
2020; Emery & Séguret, 2020). Many approaches are
currently available for delineating geological units
based on expert knowledge and sampling informa-
tion (e.g., drillhole data, surface maps, geophysical
information). Among these approaches, one can
distinguish between deterministic approaches, which
provide a single subsurface interpretation (Aug
et al., 2005; Calcagno et al., 2008; Cowan et al., 2003;
Mallet, 2002; Royer et al., 2015; Wellmann & Cau-
mon, 2018, among others), and stochastic simulation
approaches, which generate multiple outcomes from
which one can assess the uncertainty in geological
boundaries and its impact on resources modeling,
production planning, prefeasibility and feasibility
studies (Berry & McCarthy, 2006; Li et al., 2008;
Maleki et al., 2020; McCarthy, 2003). The latter
approaches include indicator (Alabert, 1987), tran-
sition probability-based (Carle & Fogg, 1997), ob-
ject-based (Benito Garcia-Morales et al., 2003;
Lantuéjoul, 2002), process-based (Rivoirard et al.,
2008), truncated Gaussian (Matheron et al., 1987),
plurigaussian (Armstrong et al.,, 2011), multiple-
point (Mariethoz & Caers, 2014) and implicit
boundary (Amarante et al., 2021; Caceres et al,,
2011; Deutsch & McLennan, 2007; Henrion et al.,
2010) simulation.

Implicit boundary simulation, which is the main
concern of this work, combines traditional implicit
boundary modeling, which was introduced in the
computer graphic field (Carr et al., 2001; Turk and
O’Brien, 2002), with geostatistical simulation in or-
der to generate outcomes of geological units and to
define the uncertainty in the layout of each geolog-
ical unit (see section Implicit Boundary Modeling
below). In this approach, the following steps were
used to generate outcomes of two complementary
geological units (indexed by A and B):

e Step 1. For every sampling data, the signed
distance to the nearest sample data belonging
to the other unit was calculated. This distance
is positive if the sampling data belong to unit
A and is negative if it belongs to unit B.

e Step 2. The signed distances were trans-
formed into Gaussian equivalents (normal
scores).

e Step 3. Variogram analysis was performed on
the normal scores data.

e Step 4. The transformed distance was simu-
lated in the study area, conditioned to the
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normal scores data, and back-transformed to
the original signed distance.

e Step 5. The two units were obtained by con-
sidering the set of locations where the simu-
lated distance was positive or negative,
respectively.

The previous workflow is parenthetical to that
of truncated Gaussian or plurigaussian simulation
(Armstrong et al., 2011), where the units are ob-
tained by truncating latent Gaussian random fields,
the difference being that, here, these random fields
are associated with the signed distances to the unit
boundaries and are ‘observable.’

In densely sampled areas, there is usually no
problem to accurately delineate boundaries of geo-
logical units. However, when moving away from
these areas, the level of confidence decreases and it
is often the geologist who proposes an interpretation
of the unit boundaries, based on histher expert
knowledge. To be realistic and to reproduce strati-
graphic relationships, geological trends, zonations,
or faults, geostatistical simulation methods should
therefore be able to carefully account for the geo-
logical interpretation (‘soft’ information) and not
just the sampling information (‘hard’ data). To this
end, one strategy is to introduce expert knowledge
via topological, chronological or geological rules
(Calcagno et al., 2008; de la Varga et al., 2019,
Madani & Emery, 2015), or by adapting the
parameters of the stochastic model, e.g., using spa-
tially varying mean values for unit indicators in
sequential (Alabert, 1987; Deutsch, 2006), multiple-
point (Hgyer et al., 2017; Mariethoz & Caers, 2014),
plurigaussian (Beucher et al., 1993; Madani & Em-
ery, 2015; Ravenne et al., 2002) or object-based
(Beucher et al., 2005) simulation. This strategy has
been proposed for implicit boundary simulation, too,
by introducing a spatially varying mean value for the
signed distance function (Henrion et al., 2010).

An alternative approach to account for expert
geological knowledge is to complement hard sam-
pling data by secondary data that constrain the lay-
out of geological units, e.g., orientation data or
geophysical data. The incorporation of such sec-
ondary data, which originate from remote sensing or
field observations, has already been proposed in
implicit boundary modeling (Calcagno et al., 2008;
Caumon et al., 2013; Chilés et al., 2004; de la Varga
et al., 2019; Gongalves et al., 2017; Hillier et al.,
2014; Jessell et al, 2010; Lajaunie et al., 1997;
Manchuk & Deutsch, 2019; Maxelon et al., 2009;
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Vollgger et al., 2015; Wellmann et al., 2014), and in
plurigaussian (Emery, 2007) and transition proba-
bility-based (Carle & Fogg, 2020; Koch et al., 2014)
simulation. In all these approaches, one of the main
difficulties is to quantify how reliable secondary data
are, as in general they cannot be treated as being
100% accurate or certain, while hard data are often
considered as error-free.

The objective of this paper is to design an im-
plicit boundary simulation method that accounts for
two sources of information: ‘hard’ sampling data,
which provide the primary variable to be simulated
(a categorical variable codifying geological units),
and ‘soft’ data from an interpretive geological model
to be included as a covariate. Of particular interest is
the elaboration of a model where the covariate can
be spatially cross-correlated with the primary vari-
able and, at the same time, where modelers can
control the level of confidence of the soft data. Our
proposal is detailed in the following section, and it is
applied to a synthetic and a real case study. Both
case studies have been developed with computer
scripts written in Python and GNU Octave lan-
guages. A general discussion is given and conclu-
sions follow.

PROPOSED METHODOLOGY
Implicit Boundary Modeling

To understand the method, let us consider just
two geological units (A and B) mapped in a drillhole
database. First, the data should ideally be compos-
ited into down-the-hole intervals of the same length.
Then, at each point in unit A, the distance to the
nearest point in unit B is calculated. The same is
done for unit B. The distances for the data of unit A
are indicated with a positive sign, and a negative sign
for that of unit B. Now, one has a database with
spatial coordinates and a numerical property (signed
distance). This information can be used finally to
model the unit boundary on a defined volume
composed of a regular grid, by means of spatial
interpolation techniques such as kriging or radial
basis functions, but it can also be used to simulate
the unit boundary on the same volume.

In the interpolation case, the result corresponds
to a prediction of the signed distance at each grid
node, where positive values will be classified as part
of unit A and negative values as part of unit B.
Because interpolators do not reproduce the spatial

variability of the input data, the result is usually a
representation of what is most likely to be expected.
This approach is deterministic and provides only one
solution. When carried out in a real geological
modeling scenario, this process defines an interpre-
tive geological model.

In the simulation case, the boundary between
the two units is usually more irregular, because
simulation techniques do not smooth out the reality
as interpolation does. This approach is stochastic
and provides multiple equally probable solutions,
called ‘outcomes’ or ‘realizations.’

Hierarchical Modeling

In the presence of more than two geological
units, implicit boundary simulation often works in a
hierarchical way: one unit is simulated first, then a
second unit is simulated in the complement of the
first one, and so on. Accordingly, the first step is to
define the order (through a binary tree) in which
geological units will be simulated, which can be done
based on geological considerations of the genesis
and age of the units (Madani & Emery, 2015): A
younger unit can crosscut an older one; therefore, it
should be placed upstream in the binary tree, while
the reverse is not allowed (Fig. 1).

The implicit boundary simulation problem,
therefore, reduces to a set of binary simulations
(one unit with respect to its complement). To ob-
tain realizations that agree with the knowledge of
the subsurface, it is of interest to incorporate two
sources of conditioning data. On the one hand,
‘hard’ data originating from geological core logging,
where the prevailing unit has been continuously
observed along drillholes; on the other hand, ‘soft’
data from an interpretive geological model based
on expert knowledge. Next, a joint simulation ap-
proach is proposed to account for both types of
data.

Shortest Down-the-Hole and Omnidirectional
Distances to Unit Boundary

Implicit boundary modeling relies on the cal-
culation of a signed distance between each sample or
target location and the closest unit boundary. In our
proposal, two such distances (denoted as Z; and Z,)
are defined, one for the hard data and the other for
the soft data. The first one (Z;) considers, for every
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Figure 1. Example of binary tree (top) and hierarchical simulation (bottom) of four geological units. Modified from Maleki et al., (2016).

drillhole data, the distance to the closest data of the
same drillhole that belongs to the complementary
unit (Fig. 2a). It should be pointed out that this
distance Z; is calculated along the drillhole and not
another direction in order to avoid any ambiguity in
the definition of the variable: in particular, Z; will
not change even after adding more drillholes. In
contrast, the second distance (Z,), calculated both
for the drillhole data and the nodes of the inter-
pretive geological model, is defined as the omnidi-
rectional distance to the closest node that belongs to
the complementary unit in the interpretive model
(Fig. 2b). Because this model is known exhaustively,
here again there is no ambiguity in the definition of
this omnidirectional distance.

Normal Scores Transformation

The two calculated distances (Z; and Z,) are
normal-score transformed in order to allow the use
of Gaussian simulation algorithms (Chiles & Delfi-
ner, 2012):

7 =
Zy = ¢

|
S
~=

)
) 0

where Y; and Y, are the respective Gaussian
equivalents, and ¢, and ¢, are the associated normal
scores transformation functions. Some difficulties
may arise for the down-the-hole distance Z; when
drillholes are not evenly distributed within the re-
gion under study, in which case the experimental
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Figure 2. (a) Calculation of the shortest down-the-hole distance to the complementary unit for drillhole data. The gray straight line
represents a drillhole, the black curve represents the boundary between units A and B, the squares represent the grid cells of the
interpretive model, and the blue and red dots are the gravity centers of the drillhole data belonging to units A and B, respectively. (b)
Calculation of the shortest omnidirectional distance to the complementary unit for a drillhole data (blue dot) and for a node of the
interpretive geological model (black dot). The dotted green arrows represent the distances that can be calculated for a data or grid node,

the minimum distance being represented by an orange arrow.

distribution of Z; may lack representativeness and
the normal scores transformation function ¢; is
poorly known. To circumvent this inconvenience,
one can use the interpretive model to calculate, for
each node, the distance along the vertical to the
closest node belonging to the complementary unit
and to identify the normal scores transformation
function of this vertical distance with that (¢;) of the
down-the-hole distance, assuming that most of the
drillholes are vertical or sub-vertical.

Geostatistical Modeling of Y; and Y,

The joint spatial correlation structure of Y; and
Y, can be inferred by calculating their experimental
direct and cross-covariances or variograms and fit-
ting a coregionalization model. For instance, the
latter can be obtained by a sum of basic covariances
or variograms, each weighted by a positive
semidefinite sill matrix (linear coregionalization
model) (Chiles & Delfiner, 2012; Wackernagel,
2003). In case of having an accurate interpretive
geological model, i.e., a model with no inconsistency
with the drillhole data, and vertical or sub-vertical
drillholes, Y, should present high correlation with
Y). Therefore, as Y5 is exhaustively known, it will
have a strong impact on the simulation of Y7y; in

particular, it will force the realizations of Y to ‘ad-
here’ to the interpretive geological model, as if this
model (soft data) were as reliable as the drillhole
data (hard data). This feature may be partly unde-
sirable, and one may think of reducing the influence
of the soft data on the outcomes of Y;, from which
the simulated geological models will be derived.

The proposed solution is to introduce a cor-
rective scaling coefficient p, with a value between 0
and 1, which represents the level of confidence of the
interpretive geological model, and to multiply the
sill of the cross-covariance or cross-variogram be-
tween Y7 and Y, by this coefficient. If p = 1, the
previous coregionalization model is unchanged and
the influence of Y, upon VY, is maximal, while if
p =0, Y, is uncorrelated with Y, and has no influ-
ence on the simulation of ¥; any more (the simu-
lation is conditioned only to the drillhole data). The
best value of p can be chosen based on geological
considerations or through cross-validation tech-
niques, as it is illustrated below.

Joint Simulation of Y; and Y,, Back-Transformation
and Truncation

The two Gaussian random fields Y, and Y, are
jointly simulated, e.g., with a spectral algorithm



(Emery et al., 2016), conditioned to the drillhole
(hard) data and the interpretive model (soft data)
and back-transformed to the original random fields
Zy, and Z,. The unit indicator is finally obtained by
truncating Z; at threshold 0, because the boundary
of the target unit corresponds to the set of points
where Z, is zero (the truncation of Z, coincides with
the interpretive geological model, provided that Z,
is known at each target node and its simulation
reproduces the conditioning Z,-data, so that it does
not reflect any uncertainty, whereas the truncation
of 7, varies from one realization to another at
locations where there are no hard data).

The conditioning relies on a cokriging step
(Chiles & Delfiner, 2012), which usually assumes
that the two Gaussian random fields have a zero
mean. To weaken this assumption and to allow the
mean values of these fields to vary at a global scale,
while being approximately constant at a local scale,
we suggest to assume that the mean values (m, and
m,) are unknown and related as follows (Emery,
2012):

my—ty = a(my—ty) (2)

where f; and ¢, are the Gaussian equivalents of the
zero distance, and a = cov{Y,,Y;}/var{Y;} is the
slope of the regression of Y; (dependent variable,
known only at the drillhole locations) upon Y, (in-
dependent variable, exhaustively known). This slope
can be calculated based on the direct and cross-
variograms of Y, and Y. Accordingly, when the
local mean of Y5 is equal to £, then the local mean of
Y, is equal to £, i.e., the geological unit boundary
determined from the soft data information (Y, = 1)
agrees with the boundary determined from the hard
data information (Y; = f;), which allows a better
‘adherence’ of the simulated units with the inter-
preted ones in areas with few hard data. Note that,
the mean values m; and m, do not need to be
specified; the conditioning cokriging assumes that
they are constant at the scale of the cokriging
neighborhood, but unknown, and can vary from one
neighborhood to another while satisfying Eq. 2.

SYNTHETIC CASE STUDY

A synthetic case study was generated in order to
assess the capability of the proposed approach for
simulating non-stationary geological units in the
presence of few drillhole data. To this end, an
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Figure 3. Interpretive geological model and drillhole data
(synthetic case study). White nodes correspond to air.

interpretive model corresponding to a two-dimen-
sional vertical cross section with two units was gen-
erated with 58,118 nodes and a spacing of 2 x 2; 98
data forming seven drillholes were sampled from the
interpretive model (Fig. 3). This synthetic case rep-
resents a porphyry-like body housed in a generic
wall rock.

The down-the-hole distance Z; was calculated
for the 98 drillhole data, while the omnidirectional
distance Z, was calculated for the 98 drillhole data
and the 58,118 grid nodes. Then, both distances were
transformed into Gaussian equivalents (Eq. 1), fol-
lowing the guidelines explained in section Normal
Scores Transformation above, i.e., the vertical dis-
tance calculated for the 58,118 grid nodes was used
to determine the normal scores transformation
function of Z;, based on the fact that the experi-
mental transformation based on only 98 data lacks
robustness. Figure 4 shows the histogram and the
experimental and modeled direct and cross-vari-
ograms of the normal scores data. An isotropic
model, consisting of a cubic structure with a range of
370, was assumed here, which yielded a good fit of
the experimental variograms:

_ (vulh) yia(h)
= (20 120)
- (831 8:3-}1)(7”[’55370(’:). (3)

Four different values of the p coefficient (1,
0.625, 0.375, 0) for downscaling the cross-variogram
sill were considered to assess the influence of the
interpretive model in the simulation results. The
case p = 1 corresponded to the maximum confidence
in the interpretive model and the maximum resem-
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Figure 4. (a) Histogram of normal scores of soft data (Y>) at the grid nodes and drillhole locations; the bars of the histogram are split into
two colors to distinguish the grid nodes (blue) from the drillhole locations (red). (b), (¢) and (d) Experimental (red) and theoretical (blue)
direct and cross-variograms of ¥, and Y,. The variograms are shown for lag separation distances between 0 and 120, although the models

have a correlation range of 370.

blance between this model and the simulated units
(Fig. 5a, b), even in sectors with no drillhole data. As
p decreased, the resemblance faded (Fig. 5c—{) until
it disappeared when p = 0 (Fig. 5g, h). This situation
is reflected in the probability maps obtained from a
set of 100 realizations (Fig. 6). The case p = 1 pro-
vided probabilities mostly close to 0 or to 1, except
for a tiny zone enclosing the unit boundary in the
interpretive model, even in the deepest sector with
no drillhole data. In contrast, the case p = 0 pro-
vided probabilities close to 0 or to 1 only in the
neighborhood of the drillhole data (superficial sec-
tor).

It is concluded that although there exist no
drillhole data in depth, the proposed approach was
able to reproduce non-stationary features in accor-
dance with the interpretive geological model, and
thus allowed incorporation of geological knowledge

in the geostatistical simulation. In addition, by
introducing the coefficient p, one can modulate the
influence of the interpretive model, from a complete
confidence (p = 1) to no confidence at all (p = 0).
Such a model partially compensates the lack of di-
rect (hard) drillhole data.

Geological considerations can help to decide
which value of p is the most suitable. The probability
maps in Figure 6a, d are unrealistic because the first
map lacked depth uncertainty (which is not possible
if one only has information in superficial areas) and
the last map illustrates a body that is not in accor-
dance with a synthetic geological model of porphyry
type. The maps in Figure 6b, ¢ make more geologi-
cal sense; however, the latter narrows the base of the
porphyry body too much, which is unlikely. Thus,
based on a geological (non-mathematical) criterion,
one can choose the confidence coefficient p = 0.625
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Figure 5. Two realizations of the geological units, obtained with p =1 (a, b), p = 0.625 (d, e),
p =0.375 (e, f) and p = 0 (g, h).
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Figure 6. Probability of occurrence of unit 1 for p =

in this particular example. In section Choice of the
Confidence Coefficient below, we propose a more
‘objective’ method for selecting p, which can com-
plement expert judgment.

REAL CASE STUDY: SPENCE PORPHYRY
COPPER DEPOSIT

Geological Framework

The Spence copper mining and processing
operation in northern Chile is owned by BHP Bil-
liton. The fundamental description of the geological
setting and nature of the Spence deposit was derived
from geological field mapping and drillhole samples,
including radiometric dating of a range of lithologies
comprising intrusive porphyry bodies, and it is
interpreted as a typical porphyry Cu deposit of the
Atacama Desert with supergene enrichment. The
deposit is located at 150 km NE from Antofagasta
city, at an altitude of 1750 m above mean sea level,
in the metallogenic Paleocene belt (Boric et al.,
1990).

0.4

Probability

1 (a), p = 0.625 (b), p = 0375 (¢) and p = 0 (d).

Lithology

The San Salvador and Quebrada Mala Forma-
tions (JKiss-Ksqm) are the main lithological units in
the Spence district and, together with intrusive
porphyry bodies, are the main host of Cu mineral-
ization. They are composed of a well-stratified con-
tinental sedimentary succession formed by purple-
colored, laminated siltstones, fine- to coarse-grained
gray sandstones, conglomerate sandstones, sup-
ported matrix conglomerates in the bottom part, and
rhyolitic and dacitic lavas and tuffs, porphyritic,
banded, fluid light gray to burgundy tones, with few
phenocrystals of quartz and plagioclase in a funda-
mental mass or vitreous matrix in the upper part
(Duhart et al., 2018). These units are included in a
single undifferentiated ‘wall rock unit’ of the lower
to upper Cretaceous.

The deposit comprises three main intrusive
porphyry centers arranged en echelon along a
broadly NNE-SSW trend that comprises various
intrusive pulses (Pai(bl)). These intrusive litholo-
gies consist of granodiorite to quartz monzonite
hypabyssal porphyries. The intrusives are Paleocene



in age, approximately 57 Ma (Bunker et al., 2017),
and brecciation has overprinted the porphyry bodies
during the later stages of their emplacement, in
some cases associated with significant tourmaline
developments. These intrusions were grouped in a
‘quartz-felspathic porphyry unit’ of the Paleocene.

Over the previous units lies a coverage of gravel
deposits, sand and silt of colluvial and fluvial origin
mainly, which are currently active from Pleistocene
to Holocene (PlHac). Finally, anthropic deposits lie
on the surface derived from the mining processes
(Han). This geological setting is summarized in
Figure 7.

Mineralization

The Spence Cu mineralization under gravel
deposits comprises horizontal layers of leached cap,
supergene oxide and secondary sulfide mineralized
units, which extend at least 3600 m in the SSW-
NNE direction and 1000 m in the E-W direction.
The profile is typical of supergene-enriched por-
phyry Cu deposits and has resulted from a supergene
Cu leaching and enrichment process that has sub-
sequently undergone partial in situ oxidation.
Underlying this supergene profile, the hypogene
mineralization presents a much greater vertical ex-
tent to depth and is controlled by sub-vertical
intrusive and breccia bodies (Moreno et al., 2012).

During 2020-2021, Spence began a process of
ore concentration associated mainly with Cu sulfides
present in the secondary, transitional and primary
sulfide units, which, accounting for lithology and
hydrothermal alteration, generate metallurgical
units with different Cu recoveries. The uncertainty
in the boundaries of these three mineralized units is
the focus of this case study. The descriptions of the
four mineralized units under consideration are as
follows.

Supergene Unit (Leached Cap and Cu Oxides)

This unit is the grouping of the leach cap that
comprises the interval in which Cu minerals have
been leached out by natural processes with the
presence of extensive iron oxides of various types. It
does not present visible mineralization of Cu, and
supergene oxide is characterized by the presence of
atacamite, brochantite and chrysocolla with minor
presence of secondary sulfides such as chalcocite.
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Secondary Sulfide Unit (Predominant Chalcocite)

This mineralization resulted from physical and
chemical changes to sulfides and silicates, which are
termed ‘supergene enrichment.” The predominant
ore minerals in this secondary sulfide zone are
chalcocite and minor covellite. These minerals par-
tially or completely replace pyrite, chalcopyrite and
covellite.

Transitional Sulfide Unit (Low Enrichment)

As depth increases, the proportion of chal-
copyrite increases and chalcocite and covellite gen-
erally decrease and mark a transition between full
secondary sulfides above (chalcocite +
pyrite + covellite) and full primary sulfides below
(chalcopyrite + pyrite).

Primary Sulfide Unit (Hypogene with Predominant
Chalcopyrite)

Hypogene mineralization is located at depth
below secondary and transitional sulfides. It is
characterized mainly by chalcopyrite + pyrite with
minor presence of covellite and chalcocite. The
hypogene Cu mineralization is controlled strongly
by the volumetric distribution of the porphyry
intrusive bodies and the subsequent hydrothermal
alteration of these intrusive bodies.

Available Information

Figure 8 shows a cross section with drillhole
information (about 140,000 hard data in the entire
deposit, each data consisting of a core composite
with length of 5 m and for which the prevailing
mineralized unit has been logged) and the inter-
pretive model (soft data). Based on the fact that the
interpretation is subject to errors, our proposal ac-
counts for the level of confidence on this interpre-
tation in the definition of a confidence coefficient, as
detailed in the next section.

In production plans, the volumes to be fed in
the next periods have high density of information,
but periods more distant in time do not. The latter
have greater uncertainty because the boundaries of
the mineralized units are delineated with less infor-
mation, implying that the modeler must make an
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Figure 8. NE-SW cross section (interpretive model, with superimposed drillhole data) of the Spence mineralization. The main mineralized
units are the cover (cov), supergene (lix-oxv), secondary sulfides (succ-sucv), transitional sulfides (stcp) and primary sulfides (hypla-hyp1b-

hyp2).

interpretation based on his/her own expertise. What
is the risk associated with generating long-term plans
with this interpretation in distant volumes? This
question commonly arises when analyzing uncer-
tainty in production plans, and it can be answered by
the application of conditional simulation.

HIERARCHICAL MODELING
AND SPATIAL STRUCTURE
IDENTIFICATION

Our proposal rests on the following hierarchical
modeling:

e In the first step, the primary sulfide unit is
simulated;

e The supergene unit is then simulated in the
complement of the primary sulfide unit; and

e The secondary and transitional sulfide units
are finally simulated in the complement of
the first two units.

Because the interpretive model contains many
nodes, the amount of data from the second variable
(Z,, omnidirectional distance to the boundary) is
significantly more than the number of data from the
first variable (Z;, down-the-hole distance to the
boundary). Accordingly, after transforming these
variables into Gaussian equivalents (Y; and Y5)
(Eq. 1), a joint variogram analysis is performed by
using only the normal scores at the drillhole loca-
tions. This restriction aims to avoid inconsistencies
between the experimental direct and cross-vari-
ograms, e.g., violations of Cauchy-Schwarz’s

inequality (Wackernagel, 2003), but it leads to direct
variograms with sills much lower than the expected
unit sill (Fig. 9), the reason being that the drillhole
data are mostly clustered in the center and top of the
deposit and do not reflect the whole range of signed
distances calculated from the interpretive model
(Fig. 10). The latter inconvenience is solved by
rescaling the direct and cross-variograms of Y, and
Y, as follows:

) )
r (")‘<~;il(h) ii(h))

)‘11((")) 712(h)

_ (oo \/‘/n(x)‘/zz(x‘)

- 1o (h) 122 (h) .4
Vi ()i (o) 722(o0)

where y; (i, j=1, 2) are the non-rescaled vari-
ograms, 7;(e) are their sills and y; are the rescaled
variograms, ensuring a unit sill (unit variance) for
the two Gaussian random fields Y, and Y,. As the
sampling design (clustered in the top and center of
the deposit) can affect the calculation of experi-
mental variograms, especially along the vertical
direction, only omnidirectional variograms were
considered and fitted with isotropic models, all the
more so because no anisotropy could be identified at
small lag separation distances.

Choice of Confidence Coefficient p

The last parameter needed for simulating the
mineralized units is the coefficient p introduced to
downscale the cross-variogram between Y, and Y5.
To this end, a cross-validation was performed with
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Figure 9. Experimental (dash lines) and theoretical (solid lines) direct and cross-variograms of Y; and Y5 for (a) step 1, (b) step 2 and (¢)
step 3 of the hierarchical modeling. The theoretical models consist of isotropic combinations of cubic and spherical structures. Left panels:
direct variograms of Y;. Middle panels: direct variogram of Y,. Right panels: cross-variogram between Y, and Y5.

different values of p. In detail, at each drillhole data
location, one hundred realizations of the mineral-
ized units were constructed, conditionally to the
interpretive model and to the other drillhole data
located between 100 and 500 m from the target
drillhole data, and then, the probability of occur-
rence of each unit was calculated. The minimum
distance of 100 m was chosen in order to leave out
the immediate neighbors in the same drillhole as the
target data, which have a (too) large influence on the
simulation.

For a given probability p (up to some calcula-
tion tolerances), it is expected that a proportion p of
the drillhole data actually matches the underlying
mineralized unit (Madani & Emery, 2015). For in-
stance, one expects that half of the data having a

probability of occurrence of the supergene unit
equal to 50% truly belong to this unit. The com-
parison of the probability of occurrence and the data
proportion can be made for any probability p and
any mineralized unit and sensitized with the value of
p input in the simulation algorithm.

Figure 11 shows the results obtained for the
supergene unit in the second level of the binary tree:
When p was greater than 0.8, the model lost accu-
racy (the mismatch between the probabilities of
occurrence and data proportions increased), which
suggests the value p = 0.8 as the one that led to an
accurate simulation model and, at the same time,
that made the simulated supergene unit adhere to
the interpretive geological model in areas with no or
few drillhole data. The same value 0.8 was also
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Figure 11. Cross-validation for confidence coefficients p ranging between 1 and 0.5. Comparison of the probability of occurrence of the
supergene unit (horizontal axis) with the proportion of data that actually belong to the supergene unit (vertical axis). Dot size in the plot is

proportional to the number of data involved.

found for the other levels of the binary tree for
simulating the primary, secondary and transitional
sulfide units.

One notes a slight mismatch for the first point in
the plots of Figure 11. Among the drillhole data with
probability (according to the simulation results)
close to zero of being supergene, the true proportion

of supergene data was about 20%. Such a mismatch
may not be due to failure of the geostatistical model
or the simulation algorithm, but to inconsistencies
between the hard and soft data. Some drillhole data
were logged as supergene but, in the interpretive
model, belong to another unit (mainly, the primary
sulfide) (Table 1). Hence, in the first step of the
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Table 1. Confusion matrix contrasting the mineralized unit logged in the drillhole data with respect to the interpretive unit at the data
locations, About 5% of the data do not agree with the interpretive model

Interpretive geological model

Primary sulfide Supergene Secondary sulfide Transitional sulfide
Drillholes
Primary sulfide 57,542 188 623 860
Supergene 192 60,037 813 84
Secondary sulfide 744 725 10,694 461
Transitional sulfide 997 60 666 4398

hierarchical simulation that considers the interpre-
tive model as a covariate, these data tended to be
simulated as primary sulfide, even when setting p to
0.5, and their probability of being supergene was
therefore close to zero.

The above inconsistencies were not always due
to a mis-log of the hard data or a misinterpretation
of the soft data, because they may be explained by
interpolation errors when every drillhole data were
assigned the mineralized unit of the nearest grid cell
in the interpretive model. It even happened that a
grid cell contained several drillhole data (e.g., con-
secutive composites of a same drillhole) with dif-
ferent logs, so that interpolation errors were
unavoidable. One solution would be to re-log the
drillhole data in accordance with the geological
interpretation, but this would make the latter be
considered as ground truth, while it was actually not
100% trustworthy. As a further matter, the fact that
the interpretive model did not always match the
hard data can be a desirable property, because
geologists and metallurgists are not interested in
isolated occurrences of a mineralized unit (for in-
stance, a supergene data immersed in the primary
sulfide unit, or vice versa), and they prefer to work
on an ‘operative’ geological model that filters out
variations at very short scales.

Simulation of Mineralized Units

After determining the joint spatial structure and
setting the value of the p coefficient, one hundred
conditional realizations of Y, and Y, were generated
on a grid with a mesh of 20 m x 20 m x 15 m (the
same as that of the interpretive model), providing,
after back-transformation and truncation, one hun-
dred realizations of the mineralized units. To reduce
the computational burden, a moving neighborhood

with a radius of 500 m was considered to search the
primary (drillhole) and the secondary (interpretive
model) data in the conditioning stage.

Figure 12 shows a plan view of the drillhole
data, interpretive model, first realization and the
most probable unit at each grid node, calculated on
the basis of 100 realizations. The latter view turned
out to be similar to the interpretive geological
model, which arose because the chosen confidence
coefficients (p = 0.8 in all the levels of the binary
tree) entailed a pretty high confidence in this inter-
pretive model. In contrast, the unit boundaries in an
individual realization (Fig. 12a) deviated more from
the interpretive model, reflecting the geological
uncertainty. Noticeably, in the central area where
drillhole data were abundant and the four mineral-
ized units coexist, the realizations exhibited more
variations than in peripheral areas, which can be
explained because of the short-scale variability of
the conditioning drillhole data in this central area. It
is not uncommon that the unit logged at a data
location differed from the one logged at a data from
an adjacent drillhole situated 20-40 m away
(roughly once or twice the grid mesh). In addition,
the examination of consecutive data along a same
drillhole showed that at this particular elevation, the
mineralized units were sometimes intermingled at
the scale of a few meters. This short-scale variability,
together with the fact that the simulation was carried
out on a relatively coarse grid, made the realizations
less smooth in the central area of the chosen plan
view in comparison with the borders or to other plan
views where the transitional and secondary sulfide
units were absent and the supergene and/or primary
sulfide units were prevalent.

The maps in Figure 12 can be complemented by
the maps of the probability of occurrence of each
unit at each target grid node (Fig. 13), calculated
based on the realizations, which provide a measure
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Figure 12. (a) Plan view of the drillhole data. (b) Interpretive geological model. (¢) First realization obtained with the proposed implicit
boundary simulation approach. (d) Most probable mineralized unit calculated from 100 realizations.

of how likely are the predictions in Figure 12b (in-
terpretive model) or in Figure 12d (most probable
unit) to be mistaken. In the central part of the maps,
where the drillhole data were abundant, the proba-
bilities were often close to zero or to one, indicating
little geological uncertainty, whereas the probabili-
ties had a wider spread in the peripheral parts where
drillholes were scarce.

Comparison with Sequential Indicator Simulation

We ended this case study by comparing the
results of implicit boundary simulation with those of

an explicit approach, namely sequential indicator
simulation (Alabert, 1987). The same hierarchical
workflow was applied, whereby at each step, a
mineralized unit was simulated at the grid nodes that
were assigned any unit in the previous steps. Here,
the model relied on the mean value and direct var-
iogram of the target unit indicator. The latter was
fitted with an isotropic model (Fig. 14, left side),
while the former was identified with a moving
average of the interpretive geological model indi-
cator, with a moving window of 500 m of radius in
the horizontal plane and 100 m in the vertical
direction. This way, the probabilities of occurrence
of the units varied in space in accordance with the
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geological interpretation, which allowed the real-
izations to adhere to this interpretation (Deutsch,
2006). Unlike implicit boundary simulation, the
workflow was essentially univariate: one only simu-
lates indicator values constrained with primary
drillhole data, with no secondary data; the inter-
pretive model is accounted for through the local
mean of the indicators.

Two realizations are displayed in Figure 14
(right side), together with the most probable unit
obtained over 100 realizations. The differences with
implicit simulation are striking: (i) the boundary

between the primary sulfide and supergene units was
much more irregular than what would be expected
from the linear growth of the primary sulfide indi-
cator variogram near the origin (Emery & Lantué-
joul, 2011); (ii) the transitional sulfide was scattered
over all the plan view, instead of only in the central
part where its probability was nonzero (this can be
explained because, even if one sets the indicator
mean value to zero, indicator kriging may still pro-
vide a prediction greater than zero); (iii) the map of
the most probable unit (Fig. 14f) bore less resem-
blance to the interpretive model; more resemblance
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could be obtained by reducing the size of the moving
window used to calculate the local mean values, at
the price of smaller fluctuations across the realiza-
tions (Madani & Emery, 2015). In particular, the
above statements (i) and (ii) show that even in areas
with few hard data, sequential indicator simulation
failed to reproduce the model parameters (indicator
means and variograms), which was due to the fact
that indicator kriging weights are not always con-
tained in the [0,1] interval (Emery, 2004).

DISCUSSION
Modeling Assumptions

Implicit boundary models rely on the definition
of a signed distance between any target location and
the closest unit boundary, either along the drillhole
direction (down-the-hole distance) or over all the
directions (omnidirectional distance). One can be
surprised by the decision to represent this kind of
variable by the transform of a Gaussian random field
and by the use of geostatistical simulation tech-
niques to interpolate this variable in space, because
the signed distance exhibits a systematic pattern of
spatial variations. That is, at any location, it has a
unit gradient in the direction joining this location to
the closest boundary, which does not really fit with
random variations and with a Gaussian random field
representation. The success of the approach can be
explained because one does not actually require a
perfect modeling of the signed distance, but only of
whether or not this distance is positive (geological
unit of interest) or negative (complementary unit),
i.e., what really matters is the modeling of the small
distances (close to zero) rather than the whole dis-
tribution of distances.

Following the above argument, out of the
parameters required to apply the proposed method,
the most important are (a) the choice of the binary
tree, which controls the topological relationships
between geological units, (b) the spatial joint cor-
relation structure of the normal scores data, which
controls the spatial continuity of the simulated units,
(c) the regularity of their boundaries and how the
hard and soft conditioning data constrain the real-
izations, and (d) the corrective coefficient p, which
controls the trustworthiness given to the soft data. A
poor choice or a misspecification of these parame-
ters is likely to significantly impact the simulation. In
contrast, modeling of normal scores transformation

functions (Eq. 1) really matters for signed distances
close to zero, and the way that the tails of the signed
distance distributions are transformed or back-
transformed is not so relevant. As shown in the case
studies, the quality of the simulation can be assessed
visually to make sure that the realizations are geo-
logically meaningful, and/or by cross-validation, to
make sure that the realizations reproduce accurately
the geological uncertainty.

Search Strategy

The fact that the levels of knowledge of the two
signed distance variables are unbalanced (few Y
data vs. many Y; data) poses some implementation
problems, in particular, in what refers to the selec-
tion of the relevant conditioning data. To circum-
vent these problems, in both case studies, a two-part
search strategy was used to select the conditioning
data. That is, one separately searches for neighbor-
ing drillhole data (with information of both the
primary and secondary variables Y, and Y,) and for
neighboring data in the interpretive geological
model (with information of ¥> only). This way, one
makes sure to select primary conditioning data, and
all primary data are collocated with a secondary
data. Such a strategy combines the multiple and
multi-collocated search strategies recommended by
Madani and Emery (2019), and it provides more
accurate results in comparison with a strictly collo-
cated search, where only the secondary data collo-
cated with the target node are selected, even under a
Markov approximation (Madani & Emery, 2019;
Rivoirard, 2001).

Other Implementation Issues

One implementation aspect that causes diffi-
culty is the definition of the signed distances for the
data of a drillhole that does not intersect the unit
boundary, i.e., the drillhole entirely belongs to a
single unit (this situation happens for peripheral
drillholes of shorter lengths in the supergene unit,
see Fig. 8). Following the arguments in section
Modeling Assumptions above, one just has to care
for whether or not this distance can be close to zero.
That is, for data located far from the drillhole end
point, the distance to the boundary is large and, al-
though its exact value is unknown, it can be set to an
arbitrarily large value, without any significant impact
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on the simulated unit boundary that corresponds to
the zero distance. In contrast, for the data close to
the drillhole end point, the distance to the boundary
may be small (if the drillhole would have been a
little deeper, it may have crossed the boundary), so
the better option in this case is to let the down-the-
hole distance remain unknown and to ignore the
data in subsequent modeling and simulation stages.
This was done in the real case study for data distance
less than 50 m from the bottom end point of a
drillhole.

A similar issue arising with the hierarchical
workflow is the fact that once a unit is simulated, the
down-the-hole distance may not be perfectly defined
in the next levels of the binary tree. For instance,
consider the tree in Figure 1. When unit 1 and its
complement are simulated, it is possible that a piece
of unit 1 separates drillhole data belonging to unit 2
from other data belonging to units 3 and 4, so only
an upper bound of the down-the-hole distance can
be calculated for the data at the second level. In
other words, one actually calculates a pseudo-down-
the-hole distance, which converts the drillhole data
into an inequality constraint, the true distance being
less than the calculated pseudo-distance. Accounting
for such inequality data is feasible by recourse to
iterative algorithms (Armstrong et al., 2011; Caceres
et al., 2011), but it is cumbersome and it increases
the computational complexity of the simulation
process. In the presented real case study, this prob-
lem was bypassed by the choice of the binary tree.
That is, the first level simulated the primary sulfide
unit located at depth, which did not separate any of
the other three units; the second level simulated the
supergene unit located near the surface, and this unit
did not separate the two remaining units (secondary
and transitional sulfide units), which were simulated
in the third level.

Incorporation of Geological Knowledge

A geological model is a reference model built
from the same data as the ones that will be input to
the simulation, but with construction criteria subject
to the experience of a professional who must gen-
erate a logical, sensible and conceptually accepted
interpretation that is able to reproduce the genetic
model of a deposit and which must also be predictive
with new information. The traditional way to
incorporate a geological interpretation into implicit
boundary simulation is to consider that the Gaussian
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random field Y is not stationary, but has a spatially
varying mean value that depends on the interpretive
geological model (Henrion et al., 2010). This stra-
tagem makes the simulated units adhere to the
interpretive model but it lacks theoretical founda-
tions, in particular because the normal scores
transformation and the variogram analysis are based
on a stationarity assumption. In our proposal, the
interpretive model is introduced by means of a
covariate instead of a spatially varying mean value,
which allows one not to depart from the stationarity
assumption. At the same time, the introduction of
the confidence coefficient p allows accounting for
the fact that both hard and soft data cannot be used
together as if they were equally reliable. That is, the
problem is formulated as a joint simulation of two
data sources that have different qualities, although
they represent the same phenomenon, giving the
geological interpretation a significant influence only
in areas with little or no drilling information. De-
spite the stationarity assumption, it is seen that
realizations can reproduce non-stationary features,
such as geological zonations and trends (e.g.,
supergene unit near the surface and primary sulfide
unit in depth), because the interpretive model is
used to define the covariate (Y>) that conditions the
simulation of the main variable (Y;). In some way,
the soft conditioning data impose their local struc-
ture over the prior stationary model, see discussion
in Journel and Huijbregts (1978), Journel and Rossi
(1989), Emery and Robles (2009) or Maleki-Tehrani
et al. (2013).

Need for Line-Segment Primary Data

The proposed approach is applicable when the
primary data originate from drillholes or boreholes,
for which it is possible to calculate the down-the-
hole distance to the closest geological boundary. If
the primary data were scattered in space, then it
would not be possible to define such a distance
unambiguously. Instead, one would calculate a
pseudo-distance that represents an upper bound of
the true distance to the boundary (Manchuk &
Deutsch, 2019; also recall sections Shortest Down-
the-Hole and Omnidirectional Distances to Unit
Boundary and Other Implementation Issues above)
and that could change when new primary data be-
come available. This inconvenience is the reason
why the primary variable is not the omnidirectional
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distance to the closest boundary, as is the secondary
variable.

Perspective for Improved Modeling

Some authors suggest the use of a non-Eu-
clidean distance to unit boundary, which can account
for global or local anisotropies (Henrion et al., 2010)
and, therefore, is more informative than the down-
the-hole distance. However, this does not solve a
fundamental issue related to the definition of this
variable, which is its directional-dependence. In-
deed, the down-the-hole distance loses directional
information and, provided that the drillhole orien-
tations are ignored, is supposed to be approximately
the same when a reference normal scores transfor-
mation function is considered, see section Normal
Scores Transformation above. Following the work of
Sanchez et al. (2019), one solution would be to
regionalize the two distance fields Z; and Z, in a
five-dimensional space consisting of the 3D Eu-
clidean space (geographical space) crossed with a
2D sphere (directional space), so that these fields
would be assigned five coordinates. On the one
hand, the easting, northing and elevation of the
drillhole data or of the grid node under considera-
tion; on the other hand, the azimuth and dip along
which the distance is calculated.

Another improvement of the method would
consist in considering a spatially varying confidence
coefficient p(x), with x the spatial coordinate, in-
stead of a constant coefficient p. The rationale is that
the confidence in the interpretive geological model
is not the same throughout a deposit and it makes
sense to assume that modeling close to drillhole data
has a higher level of confidence than away from
these data. The reasons for not having developed
such a solution are twofold. The first one relates to
the inference stage: the confidence coefficient p(x)
should not only depend on the distance to the
drillhole data, mainly a function of the easting and
northing coordinates, but also on the elevation (for
instance, in the real case study, one is more confi-
dent to find the supergene unit close to the surface
and the primary sulfide in depth, the lowest confi-
dence being at intermediate elevations where any of
the four units can be found), and it is not clear how
the horizontal and vertical variations of p(x) could
be defined in an objective manner. The second rea-
son relates to mathematical restrictions, as not any
spatially varying function p(x) can be used to

downscale the cross-variogram between Y, and Y5.
For instance, suppose that Y; and Y, have regular
spatial variations (i.e., their direct variograms ex-
hibit a smooth short-scale behavior) and are also
strongly cross-correlated, and consider two neigh-
boring locations x and x’. If one sets p(x) to 1, then
the four random variables Y(x"), ¥;(x), Y2(x) and
Ya(x") will be strongly correlated, which prevents
setting p(x’) to 0, as this would make Y(x") and
Y>(x") being uncorrelated. Therefore, the choice of
the spatially varying function p(x) is not free and the
conditions to get a mathematically valid model are
largely unknown.

CONCLUSIONS AND PERSPECTIVES

An adaptation of implicit boundary simulation
was proposed to account for two sources of infor-
mation when simulating geological units in the sub-
surface: hard information originating from drillhole
data and soft information from an interpretive geo-
logical model of the subsurface. The latter is intro-
duced as a covariate that is cross-correlated with the
primary variable associated with the former. By
downscaling the cross-variogram between both
variables, one can control the level of confidence of
the soft information. A downscaling coefficient
equal to 1 yields the maximum resemblance between
the interpretive model and the simulated geological
units, while a coefficient equal to 0 makes the
interpretive model to have no influence on the
simulation. The choice of such a coefficient can be
guided by geological considerations and/or by cross-
validation techniques.

The proposed algorithm was applied in two case
studies, one synthetic and one corresponding to a
porphyry Cu deposit. In both cases, the simulated
units reproduce the spatial zonation of the inter-
pretive geological model. The implementation has
revealed difficulties related to the calculation of the
down-the-hole distance to unit boundary, normal
scores transformation, variogram analysis and con-
sistency between hard and soft information. As
perspectives for future work, one can imagine that
the coefficient used to quantify the confidence in the
interpretive geological model may vary in space, or
that the data should be regionalized in a five-di-
mensional space in order to account not only for
their geographical positions but also for the direc-
tion along which distances to unit boundaries are
calculated.
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CAPITULO TERCERO
3. CONCLUSIONES Y TRABAJO FUTURO
3.1. CONCLUSIONES GENERALES

Se ha propuesto una adaptacion de la simulacion implicita de contactos para tener en cuenta
dos fuentes de informacion al simular unidades geoldgicas en yacimientos mineros: informacion
dura que se origina a partir de datos de perforaciones e informacién blanda de un modelo geoldgico
interpretativo del yacimiento. Estos ultimos se introducen como una covariable que se correlaciona
de forma cruzada con la variable principal asociada con la informacion dura. Al reducir la meseta
del variograma cruzado entre ambas variables, se puede controlar el nivel de confianza de la
informacion blanda: un coeficiente de reduccion de escala igual a 1 produce la semejanza maxima
entre el modelo interpretativo y las unidades geoldgicas simuladas, mientras que un coeficiente
igual a 0 hace que el modelo interpretativo no influye en la simulaciéon. La eleccion de dicho

coeficiente puede basarse en consideraciones geoldgicas y / o técnicas de validacion cruzada.

El algoritmo propuesto se ha aplicado en dos casos de estudio, uno sintético y otro
correspondiente a un deposito de pérfido de cobre. En ambos casos, las unidades simuladas
reproducen la zonificacion espacial del modelo geoldgico interpretativo. La implementacion
también ha revelado dificultades relacionadas con el calculo de la distancia en el fondo del sondaje
hasta el limite de la unidad, la transformacion de valores normales, el analisis variografico y la

coherencia entre la informacion dura y blanda.

3.2. RECOMENDACIONES Y TRABAJO FUTURO

Como perspectivas para trabajos futuros, uno puede imaginar que el coeficiente utilizado
para cuantificar la confianza en el modelo geoldgico interpretativo puede variar en el espacio, o
que los datos deben ser regionalizados en un espacio de cinco dimensiones para dar cuenta no solo
de sus posiciones geograficas (coordenadas este, norte y elevacion), sino también para la direccion

(azimut e inclinacion) a lo largo de la cual se calculan las distancias a los limites de la unidad.
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