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Abstract

Three-dimensional (3D) models are often utilised to assess the presence of sand and gravel deposits. Expanding these
models to provide a better indication of the suitability of the deposit as aggregate for use in construction would be
advantageous. This, however, leads to statistical challenges. To be effective, models must be able to reflect the
interdependencies between different criteria (e.g. depth to deposit, thickness of deposit, ratio of mineral to waste,
proportion of ‘fines’) as well as the inherent uncertainty introduced because models are derived from a limited set of
boreholes in a study region.

Using legacy borehole data collected during a systematic survey of sand and gravel deposits in the UK, we have developed
a 3D model for a 2400 km? region close to Reading, southern England. In developing the model, we have reassessed the
borehole grading data to reflect modern extraction criteria and explored the most suitable statistical modelling technique.
The additive log-ratio transform and the linear model of coregionalization have been applied, techniques that have
previously been used to map soil texture classes in two dimensions, to assess the quality of sand and gravel deposits in
the area. Application of these statistical techniques lead to a model which can be used to generate thousands of plausible
realizations of the deposit which fully reflect the extent of model uncertainty. The approach offers potential to improve
regional scale mineral planning by providing an enhanced understanding of sand and gravel deposits and the extent to
which they meet current extraction criteria.

1 Introduction
1.1  Background

The construction industry is a critical sector of the UK economy contributing, in 2016, £102 billion in economic output
(gross value added), 6.2 % of the total [1]. Aggregates, such as crushed rock, sand, and gravel, are the most commonly
used construction minerals in the UK, meaning that maintenance of an adequate and reliable supply of these materials is
essential. To ensure this demand is met, aggregates will have to be provided, from indigenous production, for the
foreseeable future.

Minerals can only be worked where they occur. With increased pressure on land use in the UK, there is a need to ensure
that these resources are not needlessly sterilised by other development, potentially leaving insufficient supplies for future
generations. Knowledge of both the distribution of mineral resources and, increasingly, their quality and suitability as
aggregates, is essential to enable land-use planning authorities to make sustainable decisions [2].

Strategic mineral resource estimation has been carried out for many decades, but has changed considerably over the past
50 years due to advancements in computer power, software capability and numerical and geostatistical modelling. Simple
mathematical models were applied to resource estimation during the 1950s and 1960s, with the first mine planning
software packages introduced in the late 1970s [3]. Sophisticated and specialised geostatistical modelling packages are
now commonplace in mineral resource estimation, and commercial mining companies can carry out a cost-benefit analysis
at any stage during project development to determine whether a new drilling programme can further reduce the uncertainty
in their models [4].

Many national geological survey organisations (GSOs) have gradually digitised their traditional two-dimensional (2D)
geological maps and begun to produce three-dimensional (3D) subsurface models, which describe the geology at depth
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[5-7]. Increasingly, GSOs are using 3D modelling techniques, similar to those already used by mining companies at site-
scale, to develop national and regional scale resource estimations [8-11]. These 3D subsurface models can be attributed
with a range of hydrogeological, mineralogical and engineering properties with the aim of identifying broad trends and
enabling improved decision making [7-8].

There are numerous 3D modelling approaches that could be adopted, depending on the geologic condition, available
resources and intended use of the resulting models. A number of studies have used geophysical techniques, such as seismic
refraction [12-14] georadar [15] and electrical resistivity tomography [16-18], to delineate sand and gravel deposits.
Similarly, numerous geostatistical techniques [8-9, 19-22] and modelling software, such as Petrel [12], GOCAD-SKUA
[8, 22] and GSI3D [23-25], have also been used in previous studies. In central Glasgow, UK, stochastic modelling has
been used for predicting glacial and fluvial deposits to better represent the uncertainty and complexity of the lithological
variations [8]. The authors suggested that, whilst traditional lithostratigraphic modelling can bring together expertise of
both geologists and known geological relationships, it is often time consuming, requiring resources over many years
which may be impractical for many current or planned urban redevelopment schemes [8].

The aim of the current study was to investigate the suitability of modern 3D modelling techniques for enhancing existing
knowledge of not only the quantity but also the quality of sand and gravel deposits in England, using legacy borehole
data. We adopt a technique that both reflects the interdependencies between different extraction criteria and the
uncertainty introduced into a model where only limited borehole data is available

1.2 Mineral resource information for the UK

The British Geological Survey (BGS) has been producing mineral resource data for many years to aid land-use planning
and is the major UK national provider of spatial and statistical minerals information. For sand and gravel, this was in the
form of Mineral Assessment Reports (MARs), which drew heavily from a substantial dataset collected between 1971 and
1990 [26]. Data were collected via a systematic survey of sand and gravel deposits across England, Scotland and Wales
with the results published in 150 MARs and associated maps, approximately 12500 detailed borehole interpretations and
more than 54000 sand and gravel grain size distributions (grading analyses).

More recently (1995 — 2004), the BGS has published mineral resource maps, defined by local planning area, for much of
the UK, which combine mineral resource, environmental and other land-use information [27]. These mineral resource
maps depict:

The geological distribution of all onshore mineral resources;

The location of active mineral extraction sites;

The extent of current and former mineral planning permissions and licenses for coal extraction; and

The extent of selected national (National Parks (NPs), Areas Of Outstanding Natural Beauty (AONBs), Sites of
Special Scientific Interest (SSSIs), National Nature Reserves (NNRs), Scheduled Ancient Monuments) and
international (Special Protection Areas (SPA), Special Areas of Conservation (SAC), Ramsar sites) landscape
and nature-conservation designations.

The primary objective for producing the maps was to provide baseline data on mineral resource location and extent that
can be utilised by land-use planning authorities in the preparation of Mineral Development Plan Documents. However,
there is now an increasing need for provision of information on the properties of the mineral resources; for example,
identification of areas of sand and gravel which are likely to contain coarse sand and are therefore suitable for use as
concreting aggregate. These areas should become a primary focus for safeguarding from other forms of development
which might otherwise sterilise future access to the mineral.

A systematic survey and borehole sampling programme of the intensity of that undertaken by the BGS between 1971 and
1990 has never been repeated and is unlikely to be in the foreseeable future. As such, the borehole data and, in particular,
the large volume of sand and gravel grading analyses, remain the best dataset available for interpreting the quality of sand
and gravel within a potential mineral resource.

1.3 Mineral resource identification

A mineral resource is defined as a natural concentration or occurrence of material of intrinsic economic interest in or on
the Earth’s crust in such form, quality and quantity that there are reasonable prospects for eventual economic extraction
[28]. Definitions of economic interest change over time as markets decline or expand, product specifications change,
recovery technology is improved or more competitive sources become available.

When the mineral resource maps for the original MARs were developed, criteria relevant to the economics and limitations
of extraction technology which existed at the time were applied to the data in order to identify viable deposits. These
included certain thresholds of overburden to mineral thickness ratios, depth to and thickness of the deposit and the
percentage of fines (particles < 0.063 mm in size) (Table 1).



Table 1 Extraction criteria relevant when the MAR Mineral Assessment Reports were produced (old criteria),
compared to modern day criteria drawn-up through discussion and consultation with the minerals industry (new

criteria).
. o New Criteria
Original MAR Criteria Category A deposit Category B deposit
The deposit should average at least 1 The deposit should average at least The deposit should average at
metre in thickness. 2m thickness. least 2m thickness.

Ratio of overburden to sand and gravel | Ratio of overburden to mineral should | Ratio of overburden to mineral

should be no more than 3:1. not exceed 1:1. should not exceed 2:1.

The proportion of fines (particles The proportion of fines (particles The proportion of fines (particles
passing 0.063 mm B.S. sieve) should passing 0.063 mm B.S. sieve) should | passing 0.063 mm B.S. sieve)
not exceed 40 per cent. not exceed 20 per cent. should not exceed 40 per cent.

The base of the deposit should lie
within 25 metres of the surface, this
being taken as the likely maximum
working depth under most
circumstances.

It follows from the second criterion that
boreholes are drilled no deeper than 18
metres if no sand and gravel has been
proved.

The deposit should lie within 5 metres | The deposit should lie within 10
of the surface. metres of the surface.

These criteria are far less stringent than those that are used today to delineate a workable deposit (Table 1). Consequently,
such thresholds define far greater extents of sand and gravel resources than are likely to be worked within the existing
and mid-term economic climate.

Whilst every deposit is unique (and therefore what may be economic to extract in one area may not be in another),
consultation with the minerals industry was undertaken to identify a set of generic modern day extraction criteria which
can be applied to the original MAR data. From the responses received, two different categories for deposits were
identified. A ‘Category A’ deposit today should average at least 2 metres in thickness and lie within 5 metres of the
surface. It should also have an overburden to mineral ratio of 1:1 or less and contain less than 20% fines. Depending on
economic viability (specifically location to market) a second category of deposit (‘Category B”) might be worked today
(Table 1). As a result of these criteria changes, any modelling undertaken requires the MAR data to be re-assessed in the
context of modern extraction criteria (Table 1), as well as focussing on the distribution of different mineral gradings
obtained from within the deposits themselves.

1.4 3D modelling

Both the MAR maps [26] and the online county mineral resource maps [27] are two dimensional (2D) representations.
The purpose of these maps is to show a broad distribution of those mineral resources which may be of current or future
economic interest. The extent of mineral resources shown in 2D is generally the inferred surface expression (outcrop) of
the resources. However, the true distribution of the resource in 3D may be dipping and thus obscured by different depths
of overburden (Figure 1).

[Figure 1 — Outcrop vs. subsurface extent]

The potential depth to which overburden can be removed in order to extract the mineral resource is dependent on economic
and technical factors and will differ between resources and their locations. In addition, sand and gravel deposits are often
intercalated with finer grained material that may be deemed as waste, so gaining an understanding of the distribution of
different grades of the sand and gravel deposit below ground is vital in estimating its potential to be a mineral reserve.

Whilst access to reliable 2D mineral resource data is proving invaluable in assisting planners, developers and industry in
land use planning and decision-making, it does have some limitations. For example, it does not:

(1) Allow for accurate volume estimates of the mineral resource;

(2) Allow for estimates of overburden and intercalation that may affect the resource potential of a deposit;

(3) Easily facilitate the safeguarding of those mineral resources which have a down dip expression and could be
economically and technologically extracted, or

(4) Give an indication of quality of sand and gravel (suitability as aggregate) at different depth locations.



Over the past 20 years, the BGS has progressed from 2D geological mapping to 3D geological modelling and has built
up a substantial library of stratigraphic models and surfaces for the UK [23-25, 29-30]. In addition, the BGS has collected
associated geological property data to accompany this geological capture (e.g. geotechnical or hydrogeological
parameters, such as porosity and permeability) [31]. However, it has only been in recent years that modellers have begun
to incorporate this property data into 3D models [7]. This is due to a combination of advances in both software and
modelling expertise, along with an increased need to interrogate data in 3D.

1.5  Uncertainty of geological models

The 2D and 3D geological models described above can provide planners with useful information about the grade and
quantity of mineral deposit that they might expect to find at a particular location. However, these models are formed from
relatively sparse observations of the subsurface and are therefore inevitably uncertain. The MAR boreholes were typically
separated by more than 1 kilometre. Therefore, to make informed decisions, planners require both a model of the
subsurface and an indication of the uncertainty associated with the model. The planners need to know whether the models
are sufficiently certain for their purposes or whether further, focussed surveys are required. The geostatistical
methodologies presented in this paper are ideally suited to modelling the uncertainty of the subsurface models.

1.6  Overview of paper

The main objective of this study was to determine the feasibility of modelling sand and gravel resources, using pre-
existing data, through the application of modern geostatistical techniques. Specific objectives were to:

(1) Reassess the MAR borehole sand and gravel grading data, taking into account modern extraction criteria and
four identified mineral gradings (gravel, coarse sand, fine sand, fines);

(2) Explore and consolidate the most suitable 3D modelling techniques for the sand and gravel gradings to produce
a broad-scale understanding of where it is expected that the modern MAR criteria are met and the composition
of the deposit;

(3) Use a method that enables assessment of the level of uncertainty within the 3D model;

(4) Produce volume calculations for the four mineral gradings, along with an accompanying assessment of
uncertainty, and

(5) Discuss the application of such models to mineral safeguarding and future planning.

This approach has been tested on sand and gravel deposits located around Reading in the south of the UK.

2  Methodology
2.1  Study area

This study focussed on sand and gravel deposits around Reading, in southern England. The study area was chosen because
it has a good spatial coverage of data, with approximately 630 MAR boreholes and over 3000 grain size distributions
spread across the mapped mineral deposits (Figure 2). The area also falls within the wider catchment area of the River
Thames [32], covering an area of 2400 km?.

The study area lies to the west of London, with the principal urban centres of Reading to the southwest, Maidenhead and
High Wycombe to the east and northeast, respectively, and Bracknell to the southeast. The northern and western sectors
are mainly rural, with the Chiltern Hills running NE-SW through the northwest corner of the study area.

[Figure 2 — Map of study area]

Mineral resource planning in the study area is divided between five county councils (Buckinghamshire, Hampshire,
Hertfordshire, Oxfordshire and Surrey), three London boroughs (Hounslow, Ealing and Hillingdon), and six unitary
authorities (Reading, Slough, Bracknell Forest, West Berkshire (Newbury), Windsor & Maidenhead and Wokingham).

Figure 3 shows the geological succession found at outcrop in the area [33]. Most of the evidence for strata beneath the
Chalk group is drawn from deep boreholes.

[Figure 3 — Geological succession]

The north and north-western parts of the study area are dominated by the Chalk hills of the Chilterns AONB rising to 150
m above sea level, which are the source of the River Thames [34] and have given rise to deeply incised valleys, covered
by thin Quaternary deposits [33]. Softer Palacogene sediments — mostly clayey layers of the London Clay and Lambeth
Group — dominate the central parts of the study area, whilst in the south west and south east are sandier, interfluvial areas
comprising the Bracklesham Group and Quaternary sands and gravels [33-35].



Quaternary deposits in the region are composed from a combination of river terrace deposits from several ancestral
drainage systems (including the Thames, Kennet and Loddon-Blackwater drainage systems), fine-grained flood plain
deposits and alluvium, and periglacial mass movement deposits (Figure 2) [33-35]. The sand and gravel deposits are
comprised of up to ten levels of river terrace which can be correlated across the entire River Thames catchment [33].
These river terraces have been the subject of several studies over the past few decades as they provide one of the most
complete terrestrial records of Pleistocene palaeoclimate reconstructions and climate change in NW Europe [34].

The London and Thames Valley 1:50000 3D geological model [29-30] covers the study area, as well as an adjacent region
east towards London. It was constructed using >7000 encoded borehole logs in the GSI3D geological modelling
environment [36-38]. Lithofacies models and detailed geological descriptions of the Quaternary river terrace deposits
along the Thames and the London Basin have been undertaken and published elsewhere [33-40].

2.2 Data format and pre-processing

The MAR boreholes were drilled at approximately 1 kilometre intervals and to a maximum depth of 30 metres, although
for a variety of reasons, drilling didn’t always reach this depth (e.g. drilling was abandoned, the rope broke, the drill head
became stuck and could not be retrieved or bedrock was reached). When such technical issues occurred, a second borehole
was often sunk close to the original site. The boreholes used in this study had an average depth of 7.5 metres, which has
resulted in a large discrepancy between the horizontal (areal) and vertical resolutions (e.g. tens of kilometres horizontally,
versus metres vertically).

Each borehole was logged and, where sand and gravel deposits existed, samples were taken at approximately 1 metre
intervals down the borehole. Grain size distributions for a range of sieve sizes (64 mm to 0.063 mm) were calculated for
each sample. All logs and grading data, along with a range of other index information such as borehole location, start
height and depth, borehole content (e.g. mineral, overburden or waste), depth to base and thickness of each graded interval,
lithology and stratigraphy are stored in BGS’ Sand and Gravel database. Data from all boreholes within the study area
were extracted from the database and underwent a series of data pre-processing tasks prior to geostatistical analysis.

Pre-processing tasks included identification of and adjustment for any erroneous or missing data. For example, scientists
measuring sieved material either recorded the percentage of material passing through the sieve or the percentage of
material retained on the sieve (both using accumulative values). To create a consistent dataset, all measurements were
converted to percentage of material retained on the sieve, since this was the most common method of measurement.
Another example of erroneous data were inconsistent values, where the percentage of material recorded was less than that
retained by the previous sieve, which should not be possible with accumulative measurements. Several samples also had
missing data, in that measurements were only taken for every second sieve size. In both situations, the erroneous or
missing data were replaced with the percentage from the previous sieve measurement.

2.2.1 Calculating modern MAR extraction criteria

In order to calculate the ratio of overburden to mineral (one of the criteria used in the MARs to assess the quality of a
deposit), the total thickness of both overburden and mineral needed to be calculated for the top 5 and top 10 metres of
each borehole, which are the resource defining depths for Category A and Category B deposits, respectively (Table 1).
Likewise, the percentage of fine material in the sand and gravel units lying within 5 and 10 metres of the surface was also
calculated.

2.2.2  Re-categorisation of mineral grades

Sand and gravel are defined on the basis of particle size rather than composition. One of the limiting factors when using
the MAR data to consider aggregate resources in a modern context, is that sediment grain size was categorised to the
Wentworth Scale when originally recorded. This defines gravel as over 2 mm. However, in current commercial practice,
following the introduction of new European standards from 1st January 2004, the term ‘gravel’ (or more correctly coarse
aggregate) is used for general and concrete applications to define particles between 4 and 80 mm and the term ‘sand’ (or
fine aggregate) for material that is finer than 4 mm, but coarser than 0.063 mm.

Stakeholder engagement carried out by the BGS has identified that local land-use planning authorities are particularly
interested in identifying the location of deposits of coarse sands (particles between 4 mm and 2 mm) which are suitable
for use in concrete manufacture. To reflect this in the modelling, the grain size data were re-grouped into the following
categories, all of which were modelled in the geostatistical analysis:

Gravel: >4 mm,

Coarse sand: 4 mm to 2 mm,

Fine sand: <2 mm to 0.063 mm,
Fines: <0.063 mm.



2.3 3D grid preparation

Ideally, the geostatistical analysis would have been conducted within a widely available commercial software package
such as GOCAD or Petrel. However, such packages were found to lack the functionality to model the four mineral
gradings simultaneously according to the algorithms described in the Appendix. GOCAD was used, however, to produce
the 3D grid through which the geostatistical interpolation would be applied and for both visualisation and volume
estimation of the modelled results.

The cleaned data were imported into GOCAD as a series of points in 3D space, each representing the centre point location
(XYZ) of each grading analysis. These data points and a digital elevation model (DEM) were used to define the 3D
‘volume of interest’ (i.e. representing the full 3D extent of the study area). The ‘volume of interest’ was divided into
equally sized grid cells (voxels), each being 1 kilometre by 1 kilometre in area and 1 metre in depth (to reflect the different
scales in horizontal and vertical resolution of the dataset) (Figures 4a and 4b). The uncertainty of a prediction at a site
increases according to the distance between that site and an observation. Any grid cell that was further than 3 kilometres
from a borehole was removed from the grid (Figure 4c) since examination of the variogram and kriging variances (see
Appendix) revealed that the grading predictions at such sites were only marginally more accurate than the mean value of
the grading across the study area. Finally, since the modern MAR criteria refer to deposits within 5 and 10 metres of the
surface, grid cells below these depths were also removed. This was achieved by projecting the DEM downwards by 5
metres and 10 metres respectively, and using this surface as a cut-off. The final results were two voxel grids, extending
down to 5 metres and 10 metres respectively, with equally spaced grid cells no further than 3 kilometres from a borehole.

[Figure 4 — Empty grids]

Once the 3D grids had been produced, the XYZ coordinates for the centre point of each voxel were exported to csv file
so that geostatistical analysis through the grids could be performed outside of GOCAD, within the MATLAB
environment. The analyses were performed using a toolbox of geostatistical software developed at BGS. This toolbox has
proved reliable for the spatial prediction of environmental data in two and three dimensions (see [41] and references
therein) and is available from the authors on request.

2.4  Geostatistical techniques
24.1  Overview

The geostatistical models employed in the study are described in the Appendix. Some of these techniques, such as the use
of the linear model of coregionalization to represent the compositional texture gradings, are not included in software
packages such as GOCAD [42] and therefore algorithms coded in MATLAB [43] were employed. The aim of the
geostatistical modelling exercise was to interpolate the borehole mineral gradings across the 3D grid described above.
Samples from the MAR boreholes only had their particle size distribution (grading) assessed if they were from a sand and
gravel deposit, therefore, the grading data are not representative of portions of the 3D grid where waste (e.g. clay) is
prevalent (although borehole information about the relative proportions of mineral and waste does exist for these regions).
Therefore, two geostatistical models have been estimated in this study. The first one considered the depth of overburden
and mineral deposit at each horizontal location in the grid. These modelled properties were then used to decide whether
the mineral deposit met the modern MAR criteria in respect of depth to mineral deposit and overburden to mineral ratio
(Table 1). The second model considered the MAR grading data. This model was used to predict the proportion of each
grading in cells of the 3D grid where the modern MAR criteria (in respect to percent fines content) were satisfied (Table
1). Grading predictions were not calculated in cells where the modern MAR criteria were not satisfied. Leave-one-out
cross validation was performed for each of these models to confirm whether the prediction errors were unbiased and the
uncertainties of the predictions were accurately quantified.

2.5 Model 1: modelling the depth of overburden and mineral

The depths to the base of overburden and mineral deposit were extracted from each borehole. Where no grading was
conducted, the material was assumed to be composed entirely of waste. The distributions of both of these properties were
highly skewed and therefore a log-transform was applied. The two transformed properties were modelled by a spatial
linear model of coregionalization (LMCR). This model describes the spatial correlation for both properties and the spatial
cross-correlation between each property. Thus the model accounts for correlation (either positive or negative) between
the overburden and mineral depths. The parameters of the model were estimated by maximum likelihood as described in
the Appendix. The model was then used to produce 1000 simulations of the two properties at each horizontal grid location
using the LU (lower-upper) simulation approach [44]. At each location, the proportion of simulations which satisfied the
modern MAR criteria (i.e. the overburden to mineral ratio) was recorded.



2.6  Model 2: modelling the mineral gradings

The grading data (i.e. the proportions of gravel, coarse sand, fine sand and fines) for each borehole were grouped into 1
metre sections. Each one of these sections was treated as an observation. The percentage gradings are compositional
properties — they must sum to 100% in the mineral deposit. This compositional property leads to complex relationships
between the different gradings. For example, if the gravel content at a site is 90% then none of the other components can
exceed 10%. Standard geostatistical models for multiple variables might suggest spurious correlations within such data
and the resulting predictions or simulations might not sum to 100%.

The additive log ratio transform (Eqn. A8, Appendix) was applied to the data and then an LMCR was estimated for the
transformed variables. The distance over which observations of a transformed variable were auto-correlated differed in
the vertical and horizontal directions. Therefore, this was accounted for by including geometric anisotropy in the LMCR.
This model was rather complex and included 12 parameters. Consequently, the LMCR parameters were estimated by the
method of moments estimator [45] rather than the computationally intensive maximum likelihood estimator. One
thousand realizations of the transformed properties were produced for each location in the 3D grid using the estimated
LMCR and the LU simulation approach. The simulated values were back-transformed to the original gradings (Eqn. A9,
Appendix). Each of the 1000 realizations was paired with a realization of the overburden/mineral depth model (Model 1)
described in the previous section. If the modern MAR criteria were not satisfied at the node in the corresponding
realization, the gradings were set to zero and the material was assumed to be wholly waste.

2.7  Upscaling

Each mineral grading applies to a cylinder of material with height 1 metre and cross-sectional area equal to that of the
borehole. This cylinder is referred to as the support of the observation. The predictions that are produced by the
geostatistical models above are also applicable to volumes of this support. Planners will be interested in the properties of
mineral deposits over much larger horizontal areas. Therefore, it was necessary to upscale the predictions.

One approach to upscaling is to produce a set of simulated realizations of the mineral gradings over a very dense 3D grid
and then to average these simulated values over larger volumes. The dense grid is required to ensure that the simulations
account for the correlations between gradings observed a small distance apart. This approach was unmanageable for the
60 x 40 kilometre study area considered here. However, it was possible to produce dense grids over smaller sub-regions,
for example, the 0.16 km? region marked in red on Figure 5. A 3D grid was produced for this region with horizontal
spacing of 20 metres and vertical spacing of 1 metre down to 5 metres. One thousand realizations of the two geostatistical
models described above were simulated on the nodes of this grid. The proportion of gravel, coarse sand, fine sand, fines
and non-mineral material was recorded across all of the nodes for each realization. The proportions for all of the
realizations were presented in a box and whisker plot which could be used by a planner to assess the expected proportions
in this sub-region and the range of plausible proportions.

[Figure 5 — borehole distribution and focused study area]

3 Results
3.1 Model 1: overburden and mineral depth

The variograms and cross-variograms for the LMCR of log-transformed overburden and mineral depth are presented in
Figure 6. The continuous lines are the parametric variogram functions estimated by maximum likelihood. The crosses are
the point estimates of these variograms for different lag or separation distances which result from the method of moments
estimator. The two approaches give consistent results.

[Figure 6 — Variograms]

The variograms (Figures 6a and 6¢) reach their sill variance or maximum value at lag distances of greater than Skm. This
distance is referred to as the range of spatial correlation. Thus, there is a positive correlation between overburden or
mineral depths measured in boreholes that are less than 5 kilometres apart. However, the nugget variance (the value at
which the variogram crosses the y-axis) is more than half of the sill variance. This indicates that there can be substantial
variation in the depths to mineral observed in boreholes that are a very small distance apart. The cross-variogram (Figure
6b) is pure nugget (horizontal) and has a negative nugget variance (i.e. it crosses the y-axis at a negative value). This
indicates that there is no spatial correlation between the two depths. The overburden depth recorded at one location is not
correlated to the mineral depth recorded in a borehole a small distance away. In addition, there is a negative correlation
between the mineral and overburden depths measured in the same borehole. The cross validation results indicate that the
model is unbiased. The mean of the observed minus the predicted values is -0.002 log(m). The accuracy plot shown in
Figure 7a also indicates that the predicted and observed confidence intervals are almost exactly equal.

[Figure 7 — Accuracy plot]



Distinct areas of deep and shallow overburden (Figure 8a) and mineral deposit (Figure 8b) are evident in the predicted
maps of these properties. However, the standard errors (Figures 8c and 8d) are of a similar magnitude to the predictions.
Hence, there are clear underlying spatial trends in the overburden and mineral depths but the values predicted at any
specific location are rather uncertain. This reflects the long range of spatial correlation and substantial nugget variance in
the variograms described above.

[Figure 8]

Figure 9 shows the probability of the MAR criteria being satisfied across the study region. These probabilities are not
calculated for nodes more than 3 kilometres from a borehole. Clear regions are evident where the criteria are more likely
or unlikely to be satisfied. However, there is always a substantial component of uncertainty attached to these
categorisations.

[Figure 9]

3.2  Model 2: mineral gradings

The variograms and cross-variograms for the mineral gradings have a horizontal range of spatial correlation of up to 17
kilometres (Figure 10) and a vertical range of spatial correlation of more than 2 metres (Figure 11). This horizontal
correlation leads to broad-scale patterns in the predicted percentages of all of the gradings (Figure 12) although the
percentage of coarse sand and fines are small throughout the study region. Note the proportions in these four maps
generally sum to less than 100% because the percentage of all gradings is zero in cells that fail to satisfy the MAR criteria.

[Figure 10 — Horizontal variograms]
[Figure 11 — Vertical variograms]
[Figure 12 — Grading percentages]

The cross-validation results again indicate that the model is unbiased. The mean difference between the predicted and
observed additive log-ratios (see Appendix) was -0.003. However, there was a slight discrepancy between the predicted
and observed confidence intervals (Figure 7b) with, for example, only 85% of the observed values falling within the 90%
confidence interval. Hence the uncertainty was slightly underestimated by the model. Figure 13 shows a box and whisker
plot of the simulated percentages of the four mineral gradings and waste material in the 0.4 kilometre x 0.4 kilometre X
5 metre subregion illustrated in Figure 5. The solid rectangles in these plots show the interquartile range of these
percentages. The horizontal bar within these blocks is the median. The whiskers extend as far as the most extreme
percentage that is not considered to be an outlier. The crosses indicate outliers that are more than 2.7 standard deviations
from the median.

[Figure 13 — Box and whisker plot]

The plot illustrates that the coarse sand content of the subregion is almost certain to be less than 8%. The information
about the other gradings is less certain reflecting the greater variability of these gradings throughout the study area. Whilst
sand and gravel deposits are present in the study area, the modelling undertaken indicates that they comprise gravel and
fine sand sized material with little coarse sand (Figure 12).

33 3d visualisation and volume estimates

Following geostatistical analysis, the predictions for each mineral grading were imported into GOCAD and used to
attribute the original 3D grid to enable enhanced visualisation of the results (Figure 14) and to calculate expected volumes
of each mineral grading.

[Figure 14 — Results in 3D model]

Expected volumes were calculated by multiplying the average probability of the mineral grade across the area of interest
by the volume of the 3D grid, and then adjusting to take into account the presence of waste within the model. The average
probability and volume of the 3D grid were calculated from summary statistics within GOCAD, whilst the percentage of
the overall study area classed as mineral was determined from the mineral gradings model (Model 2). Table 2 gives the
average probability of each mineral grading across the modelled region and the expected volumes in both cubic metres
and tonnes.



Table 2 Expected volumes of each grading across the modelled region

Grade Average Volume in m? Adjustment for Converted to tonnes
probability (probability x grid presence of waste (x 1.64)
(% as decimal) volume) (x 0.02528)

Coarse sand 0.0485 470,895,736 119,042,442 195,229,605

Fine sand 0.3607 3,499,286,859 884,619,718 1,450,776,338

Fines 0.1809 1,754,993,250 443,662,294 727,606,161

Gravel 0.4098 3,975,299,604 1,004,955,740 1,648,127,413

4  Discussion

National GSOs have a long history of providing mineral resource information and data to aid land-use planning [8-11].
For the BGS, this has traditionally been in the form of 2D MAR maps, grading analyses and online county mineral
resource maps [26-27]. Whilst the 2D mineral resource data have proved invaluable to planners and decision makers,
there are several limitations, such as not allowing for accurate volume estimations of the resource or an assessment of the
overburden or waste intercalations within the deposit. They also do not provide any information about the down-dip
expression of deposit, nor do they provide an indication of the suitability of the deposit as aggregate. All of these
limitations can be addressed by adopting a 3D modelling approach.

In this study, we have had to consider the limitation in available resources (e.g. modelling software, staff resources and
available time), when considering the most appropriate modelling approach. For example, collecting new data — whether
by drilling new boreholes or running geophysical surveys — was beyond the remit of this project. A systematic survey and
borehole sampling programme of the intensity of that undertaken by the BGS between 1971 and 1990 has never been
repeated and is unlikely to be in the foreseeable future. As such, the borehole data and, in particular, the large volume of
sand and gravel grading analyses, remain the best dataset available for interpreting the quality of sand and gravel within
a potential mineral resource.

The original MAR interpretations for the Reading area [36] comprised 2D surface maps with boreholes used to ascribe
large blocks with similar properties. The new method allows a variation of the properties ascribed to blocks with depth,
which in turn allows for more detailed models and can represent greater geological complexity. In addition, the original
assessment divided the study area into ~2 km blocks, whereas the method described here allows for much smaller grids.
Another advantage of detailed 3D modelling is that it can provide more precise volume calculations and interpretation of
the subsurface distribution of a deposit and its properties can be achieved. In addition, these estimates can be differentiated
for different mineral gradings, whereas in the original 2D MAR study, volumes were provided for the entire mineral
grade, with mean gradings for each modelled block. This type of information is useful to planners when making mineral
plans as they are better able to distinguish the composition of sand and gravel deposits e.g. a predominance of fine sand,
coarse sand or gravel, and develop policies accordingly.

However, whilst 2D and 3D sand and gravel resource models of the subsurface are useful to land-use planners [8-11], it
is vital that they are accompanied by information about their uncertainty. Only then can planners decide whether the
model predictions are reliable. One advantage of spatial geostatistical methods, such as the LMCR, over other
interpolation methods is that the uncertainty is quantified. The implementation of a geostatistical model, however, requires
the user to make assumptions about the spatial variation of the subsurface properties. For example, in this study it was
assumed that the same variogram models apply throughout the study region. The estimates of model uncertainty are only
reliable when the assumptions are appropriate. The cross-validation of the models indicated that they were both reasonably
consistent with the observed data. However, the uncertainty of the mineral grading model was slightly under-estimated.
This might reflect the challenges of estimating such a complex spatial model.

Geostatistical model estimators require that the data are not preferentially sampled (i.e. the probability of making an
observation at a site is not related to the expected observed value). This was not the case in this study since the grading
data were only acquired at sites where mineral deposits were expected. Therefore a second model for the presence or
absence of mineral deposits was required. The compositional nature of the data also needed to be accounted for, or else
the uncertainty estimates might have been misleading. One word of caution is that the grading data only comes from
borehole intervals that are classed as ‘mineral’, whereas the model predicts for every cell, when some areas will obviously
be classed as overburden or waste. Therefore, the gradings model has been censored using the 2D map of overburden and
mineral depths simulated in the first model. The reason the model needs censoring in this way is that the model is currently
unconstrained by the lithological distribution since this study had been primarily concerned with the mineral gradings
data, although lithological constraint will be considered in future work.

The models described here make use of geostatistical methodology to simultaneously interpolate proportions of four
mineral grading categories across the study region. The simulations and predictions that result honour the spatial auto-
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and cross-correlation observed between the proportions of the same and different gradings at different locations. Other
geological modelling approaches make use of additional data sources or covariates such as seismic refraction tomography
data [16-18] to model a variable of interest across a study area. Alternatively modelling approaches can permit the variable
of interest to vary according to facies [20] or lithology classes [8]. Our modelling framework can be extended to make
use of such additional information in addition to the spatial correlation following an approach [46] that has previously
been applied in a 2D context. The approaches described in this paper contrast with multi-point geostatistics which uses
‘training images’ (i.e. examples of exhaustive information regarding the variable of interest in a similar context) to build
simulations that are consistent with both these training images and the locally observed data [21]. The use of these
methodologies to simultaneously represent multiple mineral gradings would represent a substantial theoretical advance.

The principal aim of this research has been to develop a methodology for simulating the quality of sand and gravel
resources using stochastic techniques from legacy data. From this, two models have been produced that use borehole data
to produce a broad-scale map of the probability that the mineral deposit is viable and to estimate the proportions of
different mineral grades. These models have enabled expected volumes of the four mineral gradings to be calculated.
Using this approach the uncertainty can be quantified and, although the borehole spacing of approximately one every
kilometre may not be suitable for site-specific investigation, it does provide insight into the regional-scale trends that are
useful for strategic level planning, both in terms of identifying areas where more detailed investigations might be useful
and for safeguarding such areas for the future. This approach to modelling has enabled new analysis of legacy borehole
data to provide information on subsurface distribution, quality and volumes of mineral resources and, crucially, provides
an assessment of the uncertainty surrounding these predictions. These are a significant addition to the information
provided in the existing 2D MARs and county mineral resource maps and could provide important new information to
land-use planning authorities who are increasingly interested in these parameters. In addition, the method enables the
results to be visualised much more dynamically (i.e. by visualising specific grades or depths) using 3D software, such as
GOCAD-SKUA. This is an improvement on the MAR studies which only enabled visualisation of 2D maps with borehole
information overlaid and may have been less accessible to those without experience in reading surface geological maps.
Perhaps most importantly, is the flexibility of the approach which can be very easily adapted if extraction criteria are
changed in future. This has meant that legacy borehole data, which had previously been interpreted in the context of now
out-dated extraction criteria, has been re-utilised for modern day requirements.
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Appendix

Statistical Background

Geostatistical models are commonly used in the mining industry to interpolate two- or three-dimensional predictions of a
deposit and to quantify the uncertainty of these predictions. Standard geostatistical models can be estimated and
manipulated within software packages such as GOCAD [42]. This appendix summarises the statistical theory required to
understand our modelling methodology. Fuller theoretical descriptions of all of these methods with the exception of the
techniques for compositional data can be found in accessible textbooks such as [45]. The technical aspects of the spatial
prediction of compositional properties are described by [46]

Geostatistical modelling in two dimensions

Environmental properties are often spatially correlated. This means that observations of such properties made a short
distance apart are more likely to be similar than disparate observations. Geostatistical methods quantify and use this
spatial correlation to predict the value of the property at a location where it has not been observed and to calculate the
uncertainty of this prediction.

The spatial correlation of a property, z, is generally expressed in terms of its variogram:

1
y(h) =S E[{z() —z(x + h)}?]. (A1)

Here, X, is a location at which the property is observed, h is a lag vector and E[... ] denotes the expected value of the term
in brackets. The variogram describes how the expected squared difference between a pair of observations varies as the
vector separating them is changed. The variogram might vary according to both the direction and magnitude of h. Such
a variogram is said to be anisotropic. If the variogram is isotropic then the h in Eqn. A1 is replaced by the magnitude of
the lag vector which we denote h.

The variogram must be estimated from observations of the property of interest. This is often achieved by the method of
moments [45]. Here, point estimates of the variogram are estimated for different lag distances:

m(h;)
1
Ph) = 5 Z {2(x;2) — 2(x;2))" (a2)

This point estimator applies to the isotropic case, X;; and X;, denote a pair of observation locations approximately
separated by lag distance h; and m(h;) denotes the total number of such pairs of points. Then a parametric function is
fitted to these point estimates by a least squares approach. Several suitable parametric functions exist. The highly flexible
Matérn function is often advocated [47]. This function has four parameters: a nugget, ¢y, which is the variance of the
spatially uncorrelated component of the property; a sill, ¢;, which is the variance of the spatially correlated component,
a spatial parameter, a, which reflects the distance over which the property is spatially correlated and a smoothness
parameter, v, which describes the shape of the variogram. One disadvantage of the method of moments approach is that
the fitted model can be influenced by the seemingly arbitrary selections of the set of lag distances at which point estimates
are calculated and the tolerance on pairs of points which are considered to be approximately separated by these distances.
Also, the method of moments approach does not account for correlations between the point estimates for different lag
vectors. These issues do not arise if the variogram is estimated by maximum likelihood [48].

If the observed property is assumed to be a Gaussian random variable then it is possible to calculate the likelihood that
the observed values would have arisen from a random function with a proposed set of variogram parameters. The
maximum likelihood estimator uses a numerical algorithm to find the parameter values that lead to the largest likelihood
value. The maximum likelihood approach is considered to have statistical rigour but for complex spatial models it is a
numerical challenge to find the parameter values which lead to the largest likelihood. If the assumption of a Gaussian
variable is inappropriate, then a transformation can be applied to the observed data.
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Once a parametric estimate of the variogram is available, the value of a property can be predicted at a site where it has
not been observed by kriging. The kriged prediction is a weighted sum of the values of the property observed nearby. The
weights decrease as the distance between the observed value and the prediction site increases in a manner that is related
to the fitted variogram function. The kriging approach also calculates the variance or uncertainty of the prediction.

It is also possible to use the fitted variogram to simulate realizations of a spatially correlated property at each node of a
grid. Each realization will contain realistic patterns of variation and the differences between the realizations will reflect
the uncertainty of the predictions at each grid point. Several geostatistical simulation algorithms exist [44] but we favour
the lower-upper (LU) approach which can quickly produce a large number of realizations. The primary drawback of this
approach is that a set of realizations on a grid with n nodes, requires the Cholesky decomposition of a n X n matrix. This
is a relatively computationally intensive matrix operation which is impractical, on a 32 GB RAM computer running
Matlab, for n > 15,000.

Geostatistical modelling in three dimensions

Environmental properties observed at a single depth are often assumed to have an isotropic variogram. This assumption
is rarely appropriate if the property is observed at different depths because the pattern of vertical variation is very different
to the lateral variation. Therefore, three dimensional models often require an anisotropic variogram. A geometric
anisotropic model permits the range of the variogram to be stretched or contracted in a particular direction. For example,
we might replace the lag vector in Eqn. A1 with

h = \/hxz +h,? +ah,’. (A3)

Here, h, and h,are the distances separating a pair of points in the two lateral directions, h, is the vertical separation and
a > 0 is a model parameter. When a = 1, the model is isotropic. Other values of « lead to the vertical range being
stretched or contracted in relation to the horizontal range. Such a variogram model can be estimated using either the
method of moments or the maximum likelihood estimators. The method of moments approach requires separate point
estimates of the variogram to be produced for pairs of points that are separated vertically, horizontally or in both
directions.

Geostatistical models of multiple properties

If geostatistical models of multiple properties are required then the spatial correlation between these properties must be
quantified. This can be achieved by estimating a linear model of coregionalization (LMCR). Consider two spatial
properties which we denote z,,(X) and z,(x). The LMCR for these properties consists of a variogram of z,,(x) (which we
denote y™*), a variogram of z,(X) (denoted y""¥) and a cross-variogram between z,,(X) and z,,(X):

y*’(h) = %E[{Zu (x) = z,(x + h)}{z,(x) — z,(x + h)}]. (A4)

Parametric models for each variogram and cross-variogram can again be estimated by both the method of moments and
maximum likelihood estimators [48]. In the case of the method of moments, the point estimates of the cross-variogram
are [45]:

m(hy)

1
P = 5o ) Am(92) ~ (9.2 (xi) ~ 2(x)) (A5)
j=1

For the LMCR to be valid, all of the variograms and cross-variograms must have the same range and smoothness
parameter and:

leg”| < +Jcdey  and |c"] < yfcket, (A6)
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where ¢;"” and ¢;"” denote the nugget and sill parameters of the cross-variogram model and ¢§ and c}* are the nugget
and sill of z, (x). The LMCR can be extended to more than two properties. In this situation, a variogram is required for
each property and a cross-variogram for each pair of properties. The constraint on the nugget and sill parameters requires
that the determinants of the matrices of all of these parameters are strictly positive:

e o
Cg‘v Cg eee and C;l‘v Ci’ e (A7)

An estimated LMCR can be used to krige and simulate multiple spatial properties in the same manner as the univariate
case.

Geostatistical models of compositional properties

Compositional properties are those which have a known sum. For example in the mineral deposits considered in this
paper, the percentages of gravels, coarse sands, fine sands and fines at a specified location must sum to 100. Therefore,
if we know the percentage of three of the gradings then we can determine the fourth. If we were to include each of the
four gradings, g; i = 1, ...4, in an LMCR then the resulting predictions and simulations will not necessarily sum to 100.
Instead, the additive log ratio transform:

z, = log (%), z, = log (%), z; = log (%) (A8)

might be performed [46]. It is not important which of the gradings is selected as the denominator of the ratios in Eqn. A8
although if that grading is ever zero then a small positive shift should be added to it. These three transformed properties
can then be represented by an LMCR and predictions and simulations of them can be produced. Each set of simulated
values must be back-transformed to the original gradings by:

B 100exp(z;)
T 1+ exp(zy) + exp(z,) + exp(z3)

9gi fori =1,2,3

_ 100
T 1+ exp(zy) + exp(z,) + exp(z3)’

P (A9)

and any shift in g, should be subtracted. This approach ensures that the simulated gradings at each site sum to 100% and
that these simulated values honour the spatial and between-grading correlations observed in the borehole data.

Validation of geostatistical models

It is important to confirm that the predictions from geostatistical models are consistent with the observed data.
Discrepancies between observed and predicted values can occur if the models are based on inappropriate assumptions or
if the model estimation procedure does not work correctly. Ideally, a substantial proportion of would be held-back from
the model calibration procedure for such validation of the model. More generally, a cross-validation procedure is
employed where a small number of observations are held-back and the remainder are used to predict the property of
interest at the locations of the held-back data. Then the process is repeated, holding back a different set of observations
each time, until cross-validation has been performed at a substantial number of locations. Quantities such as the mean of
the predicted value minus the observed value can be used to confirm there is no bias in the predictions. It is also possible
to test whether the uncertainty in the predictions has been appropriately modelled. This is achieved by calculating the
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standardised squared prediction error (SSPE) for each cross-validation site. This quantity is defined as the squared
difference between the observed and predicted values all divided by the prediction variance. If the model errors are
realized from a Normal distribution then the SSPE should be distributed according to a chi-squared distribution and hence
it is possible to determine the probability (according to the geostatistical model) that such an error as extreme as this will
have occurred. These probabilities might then be presented in an accuracy plot [49] which shows the proportion of cross-
validation predictions that fall within any specified confidence interval.
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Figures

Fig. 1 Difference between (A) surface expression (outcrop) and (B) possible subsurface extent of geological formation.
(C) Shows where overburden is adjacent to the outcrop area and may conceal the full extent of the formation when
viewed in 2D plan and (D) shows the area of land needing to be safeguarded for potential future extraction.
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Fig. 2 Map of study area to the west of Greater London, showing distribution of boreholes used in the model, and
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AGE GROUP / FORMATION / LITHOLOGY
i Artificial (man-made) deposits
= i Mass-movement deposits:
= Alluvium Head
E Brickearth Head gravel
3 | Langleysilt Clay-with-flints
Ma River Terrace Deposits
44.0 Camberley Sand Fine-grained sand with thin
Formation clay lenses
Brackle- S
sham - e_s o Sand and clay
Formation
Group 2 i
Fine- to medium-graine
2 Bagshot Formation ; .
e sand, silt and clay layers
2 Clay and silty clay;
< London Clay Boidi e .
= Thames _ subordinate sands, silts an
o Formation i
Group flint pebbles
Harwich Formation | Sand and clay
54.8
Lambeth Reading Formation | Clay with sand beds
Group Upnor Formation Sand and clay
_G/S\O_W\_WWNW
i White nodular chalk with
= Upper Chalk :
3 flints
Q SR White, soft and nodular
s Group Middle Chalk £
L chalk
(W)
Lower Chalk Gray marly chalk

Fig. 3 Geological succession in the Reading district, adapted from [8].



Fig. 4 3D grid creation for geostatistical analysis, showing: (a) centre point of each grid cell in 2D view; (b) grid in 3D
view (x 10 vertical exaggeration), and; (3) final grid with cells > 3 kilometres from a borehole removed. Grids built in
GOCAD™,
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Fig. 5 Locations of IMAU boreholes (black dots). Red dot indicates the location of the box-whisker plot of uncertainty
shown in Figure 13.
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Fig. 6 (a) Estimated variogram for log overburden depth, (b) estimated cross-variogram for log overburden depth and log
mineral deposit depth, (c) estimated variogram for log mineral deposit depth. Point estimates are denoted by crosses and

maximum likelihood estimates by continuous curves. Units of variances are (log(m)) .
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Fig. 7 Plot of predicted and observed proportions of observations falling into different confidence intervals upon leave-
one-out cross-validation for (a) the overburden and mineral depth model and (b) the mineral grading model.
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Fig. 8 (a) Estimated depth, metres, of overburden, (b) estimated depth, metres, of mineral deposit, (c) standard error,
metres, of overburden depth estimate, (d) standard error, metres, of mineral deposit depth estimate.
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Fig. 9 Probability of satisfying MAR criteria to a depth of Sm (a) and a depth of 10m (b).
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Fig. 10 Estimated horizontal variograms and cross-variograms for transformed variables z;, z, and z3. Crosses denote
point estimate and continuous curves denote parametric models estimated by least squares. Variances are unit-less.
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Fig. 11 Estimated vertical variograms and cross-variograms for transformed variables z;, z, and z3. Crosses denote point
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Gravel Coarse sand

Fig. 12 Maps of estimated percentage of gravel, coarse sands, fine sands and fines to a depth of Sm.
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Fig. 13 Box-whisker plot showing the expected percentage and corresponding uncertainty of gravel, coarse sands, fine
sands, fines and waste to a depth of 5Sm below the location indicated by the red dot in Figure 5.

29



Gravel (unitless)

Fig. 14 3D model in GOCAD™ showing estimated percentage of gravel throughout the study area (vertical exaggeration
is x10).
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