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Abstract

Phosphate rock is a finite resource whose extraction in sedimentary deposits generates
substantial volumes of waste rock. This study develops a panel-scale 3D geological mod-
eling workflow for operational material accounting in a multilayer sedimentary phos-
phate deposit. Phosphate layers were modeled using a hanging wall-footwall approach
and evaluated against independent well data. Bone Phosphate of Lime (BPL) grades were
estimated from borehole-layer composite assay values using nearest neighbor, inverse
distance weighting, and ordinary kriging. Domain-wise external validation showed that
ordinary kriging provided the most consistent agreement with withheld observations in
most mineable layers. Each mineable layer was treated as an independent estimation do-
main, with one composite BPL value retained per drillhole and per mineable layer. The
validated block models were regularized to the mine plan and aggregated into operational
strips, enabling strip-scale material accounting and mineability filtering under operation-
specific technical criteria. To limit disclosure of confidential operational quantities, panel-
scale resource, recoverable resource, and residual ore results are presented in relative ra-
ther than absolute terms. The results show that most modeled phosphate-bearing material
satisfies the applied criteria and is classified as recoverable, whereas residual phosphate-
bearing material excluded by the operational criteria remains concentrated in a limited
subset of layers. The terms ‘resource,” ‘recoverable resource,” and ‘residual ore’ are used
throughout in an operational material-accounting sense only and are not intended in the
sense of any international mineral reporting code. Strip-based stripping ratio maps further
reveal spatial variability in waste-to-ore and waste-to-grade relationships. The resulting
workflow provides a quantitative spatial basis for future scenario-based assessment of
waste management and selective dumping alternatives in sedimentary phosphate min-
ing.

Keywords: phosphate rock; 3D geological modeling; resource estimation; waste rock
quantification; stripping ratio analysis; selective dumping

1. Introduction

Phosphate rock (PR) is the primary source of phosphorus, an essential nutrient for
agricultural productivity and global food security [1]. Although phosphorus is relatively
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abundant in the Earth’s crust, only a small fraction occurs in concentrated, economically
exploitable deposits, making PR a finite resource at the human time scale [2]. Global phos-
phate reserves are estimated at approximately 72 billion tons, with sedimentary deposits
dominating world production [3]. Among these, Morocco hosts the largest sedimentary
phosphate reserves, characterized by laterally extensive, multilayered stratigraphy and
high P20s content.

Sedimentary phosphate deposits are commonly mined by panel-based surface oper-
ations in which phosphate-bearing layers are interbedded with sterile sedimentary units.
Mining proceeds through sequential stripping of overburden and interburdens to access
phosphate layers, followed by extraction, pre-concentration, and beneficiation through
processes such as flotation or calcination [4]. These operations inherently generate large
volumes of waste rock, including overburden, interlayers, and residual ore excluded from
recoverable resources under applied thickness and cut-off grade criteria. Mining typically
begins with the excavation of an initial box cut, where waste is stored outside the panel.
Once the box cut is fully exploited, it is repurposed as a waste management zone for ad-
jacent trenches. As extraction progresses, draglines and dozers systematically transfer
waste material into previously mined-out trenches, where heterogeneous waste streams
are combined through mixed dumping, forming a cyclic pattern of extraction and undif-
ferentiated waste piles within the panel.

While mixed dumping is operationally efficient, it obscures internal geological and
geochemical variability within the dumped material and reduces the possibility of reuse,
reprocessing, or selective handling under evolving technical and economic conditions. In
contrast, selective dumping seeks to preserve material identity by segregating waste
streams according to grade, lithology, or potential beneficiation. However, such strategies
require spatially explicit information on ore, residual ore, and waste distribution at the
operational scale. In sedimentary phosphate mining, this type of panel-scale three-dimen-
sional (3D) material accounting remains weakly developed in conventional mine-plan-
ning workflows.

3D geological modeling and resource estimation provide the basis for representing
stratigraphic continuity and spatial variability in layered sedimentary deposits. Previous
studies in coal and lignite deposits have demonstrated the utility of solid modeling ap-
proaches, seam-based stratigraphic frameworks, and geostatistical estimation methods
for stratified mineral systems [5-10]. In the broader context of sedimentary modeling,
prior studies have developed 3D solid models from borehole data, cross-sections, terrain
models, and related geological inputs [11-17]. These studies provide important method-
ological foundations, and many of their concepts are transferable to sedimentary phos-
phate deposits. However, their main emphasis has generally remained on geological rep-
resentation and deposit-scale resource estimation.

As a result, an important gap remains between geological block modeling and oper-
ational material accounting in sedimentary phosphate mining. Existing studies rarely in-
tegrate mining-code-based stratigraphy, strip-aligned regularization, and mineability fil-
tering within a framework directly matched to panel-scale mining geometry. They also
give limited attention to preserving the spatial identity of ore, residual ore, and waste in
a form suitable for short-term operational analysis. Consequently, although 3D modeling
is well established for stratified deposits, its translation into operationally aligned work-
flows for material accounting and waste-management assessment remains insufficiently
developed.

Against this background, the present study develops a panel-scale, mining-code-
based 3D block modeling workflow for operational material accounting in a multilayer
sedimentary phosphate deposit. The objectives are to: (1) develop a hanging wall-foot-
wall-based geological model for the phosphate panel; (2) compare nearest neighbor (NN),
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inverse distance weighting (IDW), and ordinary kriging (OK) for Bone Phosphate of Lime
(BPL) estimation; (3) quantify resources, recoverable resources, residual ore, and waste
volumes at the strip-scale; (4) generate strip-aligned stripping ratio maps to examine spa-
tial variability in waste generation; and (5) provide a quantitative spatial basis for future
assessment of selective dumping and related material-handling alternatives. The individ-
ual components deployed in this study (hanging wall-footwall wireframing, borehole-
layer compositing, geostatistical grade estimation, block regularization, and mineability
filtering) are established methods in geological modeling and mine planning practice. The
contribution of the study lies in their integration into a unified panel-scale workflow that
links mining-code-based geological modeling, block regularization, strip-based aggrega-
tion, and material classification within a framework specifically designed for operational
material accounting and selective dumping assessment, rather than conventional deposit-
scale resource reporting.

2. Materials and Methods

The methodological workflow adopted in this study was structured as a sequence of
linked stages designed to transform archived drilling information into panel-scale mate-
rial-accounting outputs. The workflow comprises: (1) database assembly and stratigraphic
coding; (2) stratigraphic correlation and wireframe construction; (3) exploratory data anal-
ysis, borehole-layer compositing, and outlier treatment within mineable layers; (4) block
modeling and grade estimation by stratigraphic domain; (5) validation of the estimated
block model; (6) regularization of the block model to mining plan support and strip crea-
tion; and (7) mineability filtering and stripping-ratio analysis. Although the workflow is
applied here to a specific phosphate panel, its structure is intended to provide a transfer-
able framework for panel-scale material accounting in stratified sedimentary deposits.
Wireframing, stratigraphic correlation, and block modeling and estimation were per-
formed using Datamine Studio RM (version 2.2.304.0), and variography and geostatistical
validation were performed using Datamine Snowden Supervisor (version 9.0).

2.1. Database

A structured geological database was compiled to support 3D solid modeling, statis-
tical analysis, block modeling, and resource estimation. The database was organized into
standard relational tables, including collar, survey, mining-code, and assay tables. In this
study, 68 archived well pit logs received from the operating company in PDF format were
digitized into CSV files. These records contained collar coordinates, geological intercepts,
mining-code intervals, and phosphate-quality information for a total of 4461 wells-inter-
sected samples. Digitization accuracy was ensured through systematic cross-checking of
depth intervals, mining-code boundaries, and assay values against the original archived
PDF logs to minimize transcription errors. The finalized database structure and drilling
summary statistics are presented in Table 1 and form the basis for all subsequent modeling
and analytical steps.

Of the 68 wells (Figure 1), 58 are evenly distributed across the panel with an average
spacing of approximately 500 m, covering an area of about 11.07 km? and reaching depths
ranging from 43 m to 82.6 m, with an average depth of 62.89 m. These wells constitute the
primary dataset used for model construction and resource estimation. The remaining 10
wells, characterized by irregular spacing, were retained as an external validation set. This
data split was adopted as a pragmatic design choice to preserve an independent check on
wireframe and block-model performance. It was not intended to imply that irregular spac-
ing would invalidate structural analysis or kriging. The possible loss of information asso-
ciated with this split is acknowledged as a limitation of the adopted workflow. The pre-
sent study is designed as a workflow demonstration in which the withheld wells serve as
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a permanent validation set; for operational implementation, it is recommended that all 68

available wells be incorporated into the final model to produce the most spatially in-

formed estimates. In the domain-wise grade validation reported later, only withheld wells

intersecting a given mineable layer and containing a retained borehole-layer composite
BPL value contributed to the corresponding layer-specific validation metrics.
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Figure 1. Spatial distribution of the boreholes used in the study, distinguishing the 58 wells used for

model construction and estimation from the 10 wells reserved for independent validation. The red

outline denotes the modeled

panel (Panel 8).

Table 1. Geological database structure and drilling summary.

Category Parameter Field Data Type/Value
Borehole identifier BHID Text
X coordinate Xcollar Numeric (m)
Collar data Y coordinate Ycollar Numeric (m)
Z coordinate Zcollar Numeric (m)
Total depth TotalDepth Numeric (m)
Borehole identifier BHID Text
Survey data Measured depth Depth Numeric (m)
Azimuth Azimuth Numeric (°)
Dip DIP Numeric (°)
Borehole identifier BHID Text
.. From depth FROM Numeric (m)
Mining codes To depgl TO Numeric (m)
Mining code MCod Text

https://doi.org/10.3390/mining6030052



Mining 2026, 6, 52

5 of 31

Borehole identifier BHID Text
From depth FROM Numeric (m)
Assay data To dep’}:h TO Numeric (m)
BPL content BPL Numeric (%)
Number of well pits 58
Average spacing 500 m
Drilling summary Total drilled meters 3647.45 m
Minimum depth 43 m
Maximum depth 82.6 m
Average depth 62.89 m
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2.2. Stratigraphic Correlation

This study focuses on identifying and correlating phosphate-bearing layers within
the panel using the lithostratigraphic framework proposed by Boujo [17]. The objective of
the correlation was to establish consistent spatial continuity among phosphate layers
based on their BPL content, without detailing the lithological composition of the interca-
lated layers.

Lithological logs and geochemical data were interpreted in accordance with Boujo’s
classification of phosphate-rich layers and interlayers. Key stratigraphic horizons were
digitized and used as reference surfaces for correlation. Lithological units were standard-
ized into mining codes using Boujo’s nomenclature to ensure consistency across the da-
taset and compatibility with the original stratigraphic framework. The modeling work-
flow was configured to treat phosphate-rich layers and their intercalated sterile layers as
distinct stratigraphic entities. A hierarchical stratigraphic structure was implemented to
reflect Boujo’s subdivision of stages into entities and layers, including defined sequence
boundaries. Correlation results were compiled into a revised stratigraphic chart (Figure
2), integrating Boujo’s conceptual framework with spatially explicit subsurface data de-
rived from drilling.
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Figure 2. Panel’s mining-code stratigraphic correlation.

https://doi.org/10.3390/mining6030052



Mining 2026, 6, 52

6 of 31

This approach preserves the original lithostratigraphic logic of Boujo [17] while enabling
precise, panel-scale stratigraphic correlation suitable for subsequent modeling and quantita-
tive analysis. It is noted that Boujo’s mining-code classification carries an implicit lithological
characterization for each coded unit: phosphate-bearing layers correspond to sandy phos-
phate horizons, while the intercalated sterile units correspond to broadly defined lithological
categories including calcareous (limestone-rich), marly, and clay-rich interburdens, in accord-
ance with the established stratigraphy of the Ganntour sedimentary phosphate sequence. This
implicit lithological identity, encoded within the mining-code framework, provides a first-or-
der basis for future waste stream differentiation at the strip-scale.

2.3. Solid Modeling (Wireframing) Procedure

A solid model is a 3D representation created through data triangulation. There are
two primary approaches to solid modeling: the section method and the top-bottom sur-
face method. The section method involves dividing a layer into vertical sections, which
are then joined to form a 3D representation. In contrast, the top-bottom surface method
involves triangulating or interpolating the hanging wall (HW) and footwall (FW) of a
layer and then generating a solid volume between the two surfaces.

In this study, the hanging wall-footwall approach was used to model the phosphate
field. This approach was selected to preserve stratigraphic continuity and accurately rep-
resent thickness variability across the panel. Figure 3 illustrates the methodological frame-
work adopted for solid modeling.
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Figure 3. Layer modeling approach.
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2.4. Wireframe Validation

Validation of the 3D wireframe models was conducted using an independent set of
well logs reserved exclusively for quality control. For each intersected phosphate layer,
observed start depth, end depth, and thickness derived from drill-hole logs were com-
pared with the corresponding values predicted by the wireframe model.

Three geometric error components were computed for each layer intersection: (i)
start-depth error, defined as the difference between predicted and observed layer top; (ii)
end-depth error, defined as the difference between predicted and observed layer base;
and (iii) thickness error, defined as the difference between predicted and observed layer
thickness. These error components quantify the geometric consistency of the wireframe
representation relative to independent drilling control.

For each phosphate layer, two statistical measures were calculated across all valida-
tion intersections. The mean error (ME) was used to evaluate systematic stratigraphic bias,
indicating whether the wireframe model tends to overestimate or underestimate layer po-
sitions or thicknesses. The mean absolute error (MAE) was used to evaluate stratigraphic
dispersion, representing the average magnitude of deviations regardless of direction.

Layer-specific ME and MAE values constitute the primary basis for evaluating
wireframe performance. To provide a concise panel-level overview, descriptive cross-
layer summaries of absolute ME and MAE were also reported for each geometric param-
eter. Because the modeled layers differ in depth, thickness, and local variability, these
cross-layer summaries are presented as descriptive panel-scale indicators of the order of
magnitude of geometric deviations across the stratigraphy.

2.5. Exploratory Data Analysis

This phase was conducted to characterize the statistical properties of BPL grades and
layer thicknesses, identify data inconsistencies, and support subsequent geostatistical
modeling. The analysis focused on assessing grade distributions, detecting outliers, and
evaluating variability within mineable phosphate layers prior to estimation.

2.5.1. Thickness Analysis and Borehole Layer Compositing

The lithological classification process involved grouping materials into mineable and
waste layers and calculating the thickness of each mineable layer in each drillhole. Box
plots were used to summarize thickness variability across the mineable layers (Figure 4).

Archived BPL assays were reported for measured sandy phosphate intervals identi-
fied in the operating company logs. Because the archived assay intervals have variable
support, the raw BPL values were not treated directly as a common-support estimation
dataset. Instead, for each mineable layer, the primary grade dataset was defined as one
composite BPL value per drillhole and per mineable layer. Where a single measured BPL
interval spanned the sampled mineable thickness, that value was retained directly. Where
multiple measured BPL intervals occurred within the same mineable layer, a thickness-
weighted composite was calculated from the original measured intervals. The representa-
tive location of each retained value was taken as the midpoint of the corresponding mine-
able layer interval within the drillhole. This procedure defines the estimation support at
the borehole-layer level and avoids the creation of pseudo-samples at finer vertical sup-
port than the original assay data.
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Figure 4. Box plots of thickness distribution across mineable layers.

2.5.2. BPL Outlier Treatment

Exploratory analysis of BPL focused on the borehole-layer composite dataset derived
from the original measured assay support within each mineable phosphate layer. Outliers
were screened within each layer using the Tukey criterion to reduce the influence of ex-
treme values on variography and block estimation. The resulting dataset, consisting of
one retained composite BPL value per drillhole and per mineable layer, was then used for
the layer-wise descriptive summaries reported later, as well as for variogram modeling
and estimator comparison. These summaries describe the processed borehole-layer com-
posite dataset used in the workflow and should not be interpreted as direct descriptors of
the raw archived assay interval population.

2.6. Block Modeling

Block modeling was performed by first defining a block model prototype based on
the X, Y, and Z extents of the panel, thereby establishing the spatial limits of the model
domain. This prototype defines the 3D discretization used for subsequent geological and
grade modeling.

The parent block dimensions used for the geological model were 5 m x 5 m x 0.05 m.
This geological parent support is used to preserve thin stratigraphic geometry during cod-
ing and spatial discretization and is not presented here as the mining selectivity unit. At
the average drilling spacing of approximately 500 m, blocks located between drillholes
are estimated from distant samples; the fine parent-block discretization therefore provides
geometric fidelity for stratigraphic layer coverage and does not imply grade resolution
commensurate with the block size. The 0.05 m vertical dimension was selected to preserve
thin stratigraphic contacts and avoid layer loss during coding within closely spaced hang-
ing wall and footwall surfaces; it does not represent the effective excavation selectivity of
the mining equipment. In particular, the small vertical support helps reduce contact
smearing and unresolved stratigraphic overlap where hanging-wall and footwall surfaces
become closely spaced. Blocks were coded within separate wireframe-constrained layer
models, so stratigraphic assignment was governed by spatial inclusion relative to the cor-
responding interpreted wireframed volume. The 0.05 m vertical dimension was retained
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for geological coding and preservation of thin stratigraphic geometry; however, the sup-
port of the assay dataset used for grade estimation was defined separately at the borehole-
layer composite support described in Section 2.5.

The previously constructed wireframes were then used to constrain the geometry of
individual layers within the block model. These wireframes define the interpreted layer
boundaries used to assign blocks to their corresponding stratigraphic units according to
spatial position relative to the modeled stratigraphy. Separate block models were gener-
ated for each stratigraphic layer using the common prototype.

This workflow provides a representation of the spatial distribution, geometry, and
stratigraphic relationships of the phosphate-bearing and waste layers for subsequent anal-
ysis (Figure 5). Layer boundaries are modeled deterministically and do not explicitly ac-
count for uncertainty in stratigraphic interpretation. Possible misclassification near con-
tacts is not quantified.

Panel 8 Layers \vireframy

Fill
Wireframe
Process

Inputs Outputs
— —

Panel 8 prototype

B—L01 W—13 M—L5
L2 L4 B— L6

Figure 5. Geological block modeling approach.

2.7. Variography and Grade Estimation

Directional experimental variograms were examined independently within each
mineable layer to characterize the spatial continuity of borehole-layer composite BPL val-
ues and to define practical estimation parameters. A univariate within-layer approach was
adopted because BPL was the only variable estimated and because each mineable layer
constitutes a distinct wireframe-constrained estimation domain within the panel-scale
workflow. The variable modeled in this study is therefore the average BPL of the mineable
layer at the drillhole location, as represented by one retained composite BPL value per
drillhole and per mineable layer.

Because the phosphate horizons are thin, laterally extensive, and wireframe-con-
strained, structural interpretation in the present study emphasized within-layer lateral
continuity rather than unconstrained continuity across the full Cartesian volume. The Car-
tesian 3D coordinate system was retained as the practical computational framework for
block modeling and estimation because the wireframes, block model, and search neigh-
borhoods are all defined in global X, Y, and Z space. Within this framework, the third
direction was retained only as a constrained practical direction needed to preserve full 3D
layer geometry and to guide search orientation within the folded stratigraphic model,
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whereas the representative midpoint of each borehole layer composite was used as the
practical point support for variography and estimation.

Variography and estimation were performed on the borehole-layer composite da-
taset defined in Section 2.5 rather than on interval-split assay support. Within each mine-
able layer, ordinary kriging was applied under an assumption of practical local station-
arity after domain separation. This assumption is intended only for within-layer imple-
mentation of the adopted panel-scale workflow and should not be interpreted as station-
arity across the full panel or across multiple layers. Formal trend modeling and nonsta-
tionary alternatives, such as universal kriging, were outside the scope of the present
study. Each mineable phosphate layer, namely F1, F2, F3, and LO1 to L6, was treated as an
independent wireframe-constrained estimation domain. A single-structure spherical vari-
ogram model was adopted within each domain to characterize BPL continuity and define
the practical estimation parameters used in the workflow. For each mineable layer, exper-
imental variograms were calculated along three principal directions aligned with the ge-
ological anisotropy of the deposit: (i) the strike direction, (ii) the across-strike direction,
and (iii) the dip-plane direction. These directional analyses capture lateral and vertical
continuity patterns consistent with the stratified sedimentary geometry of the phosphate
layers. Variogram models were defined by nugget, sill, and range parameters, represent-
ing short-scale variability, total variance, and the distance beyond which spatial correla-
tion becomes negligible. An example of the resulting variogram analysis is shown in Fig-
ure 6 for layer L01, which illustrates the directional experimental data and the fitted spher-
ical model. The adopted domain-wise parameters for all nine mineable layers are reported
in Table 2.

The fitted variogram parameters reflect the lateral sedimentary continuity characteris-
tic of the Ganntour phosphate sequence. The relatively long major ranges observed in most
layers (exceeding 1000 m in F1, F2, L01, L2, L3, L4, L5, and L6) are consistent with the later-
ally extensive and sub-horizontal geometry of the phosphate-bearing horizons. The higher
nugget-to-sill ratios and shorter lateral ranges observed in F3 and F2 reflect greater local
grade variability within these layers, attributable to their more heterogeneous depositional
environments or post-depositional alteration. The short Direction 3 ranges (2-15 m) across
all domains are not interpreted as downhole grade variability but rather as geometric thick-
ness-constraining parameters within the wireframed layer volumes, consistent with the thin
and sub-horizontal nature of the mineable phosphate horizons.

Table 2. Theoretical variogram model parameters and adopted 3D directional continuity parame-

ters for the mineable phosphate estimation domains based on borehole-layer composite BPL data.

Domain Variogram Model Parameters Directional Continuity Parameters
Domain Samples Variogram Model Nugget Sill Total Sill Direction1 Direction2 Direction 3

Azimuth 70° 160° 160°
F1 49 Spherical 015 085 1.00 Dip 0° 10° -80°
Range 1396 m 2245 m 2m

Azimuth 130° 40° 0°

F2 42 Spherical 023 077 1.00 Dip 0° 0° 90°
Range 1572 m 1718 m 2m

Azimuth 90° 0° 0°

F3 58 Spherical 033 067 1.00 Dip 0° 0° 90°
Range 798 m 904 m 15m

Azimuth 70° 340° 0°

L01 56 Spherical 026 074 1.00 Dip 0° 0° 90°
Range 1037 m 585 m 8 m

L2 54 Spherical 014 086 100 Azimuth 110° 20° 0°
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Dip 0° 0° 90°
Range 2066 m 665 m 7m

Azimuth 70° 340° 0°

L3 52 Spherical 012 088 1.00 Dip 0° 0° 90°
Range 1398 m 774 m 3m

Azimuth 150° 60° 0°

L4 51 Spherical 017 083 1.00 Dip 0° 0° 90°
Range 1684 m 2000 m 3m

Azimuth 20° 290° 0°

L5 49 Spherical 0.10 090 1.00 Dip 0° 0° 90°
Range 1691 m 962 m 5m

Azimuth 20° 290° 0°

L6 40 Spherical 023 077 1.00 Dip 0° 0° 90°
Range 3128 m 3000 m 2m

Note: Each mineable layer was treated as an independent wireframe-constrained estimation domain.
Variography was performed on borehole-layer composite BPL data, with one retained composite
value per drillhole and per mineable layer. Reported sill values are standardized variogram-model
components, for which nugget plus sill equals a total sill of 1.00 in each domain. The reported direc-
tional continuity parameters define the adopted major, intermediate, and minor continuity axes used
for 3D estimation. In thin mineable layers, Direction 3 represents a short-range thickness-constraining

axis within the wireframed domain and should not be interpreted as downhole variography.

For ordinary kriging, estimation was performed independently within each domain
using the borehole-layer composite dataset as the informing grade data and assigning es-
timates within the corresponding 5 m x 5 m x 0.05 m parent block model constrained by
the wireframed layer geometry. The parent block geometry therefore provides the spatial
discretization of the model, whereas the informing assay support is defined at the bore-
hole-layer composite scale. A minimum of 3 and maximum of 12 informing samples were
used for estimation. Search neighborhood orientation was rotated locally using the inter-
polated structural orientation field derived from the wireframe geometry, whereas the
principal search radii were guided by the adopted domain-wise variogram model. NN
and IDW comparison runs were performed within the same domain framework and on
the same parent block support; IDW was implemented with power 2, whereas NN used
the nearest informed sample.

The orientation of each phosphate layer was derived from the wireframe geometry.
Triangulated trend surfaces were generated for each layer, and dip-direction values were
computed and stored together with the coordinates of the triangle centroids to build the
structural orientation dataset (Figure 7a). These values were then interpolated to produce
a continuous dip-direction field across each layer (Figure 7b). The resulting structural
fields were used to define a locally rotated search neighborhood during estimation. For
reference, Figure 7c,d schematically illustrates fixed and locally rotated search neighbor-
hoods used in the estimation workflow and is not drawn to actual domain-specific search
radii. The actual domain-wise variogram parameters and adopted continuity directions
are reported in Table 2. In this approach, the orientation of the search ellipsoid varies ac-
cording to local stratigraphic geometry, whereas the principal axis lengths are guided by
the variographic interpretation. The variogram model itself does not incorporate locally
varying anisotropy, and the use of a locally rotated search neighborhood should therefore
be understood as a practical approximation for panel-scale estimation rather than as a
fully nonstationary anisotropic variogram formulation. The adopted approach provides a
practical panel-scale estimation framework for wireframe-constrained thin stratigraphic
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layers, while local departures from stationarity near complex layer geometries remain a
limitation of the present workflow.
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Figure 6. Example of directional variogram analysis for mineable layer L01, showing experimental
variogram points and the fitted spherical model along the major, intermediate, and minor continuity
directions. This example is representative of the layer-wise variographic approach applied inde-

pendently to each mineable estimation domain.

BPL grades were estimated into the block model using three interpolation methods:
nearest neighbor (NN), inverse distance weighting (IDW), and ordinary kriging (OK). NN
and IDW were used as baseline interpolation methods, while OK was adopted as the pri-
mary geostatistical estimator for comparative evaluation. The comparison among NN,
IDW, and OK was used to select the estimation method adopted in the panel-scale mate-
rial-accounting workflow and to document the relative behavior of the candidate estima-
tors within the case study. External validation was also summarized independently by the
mineable layer so that variography, estimation, and validation remained consistent within
the same domain framework.
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Figure 7. Structural orientation and search neighborhood definition used for grade estimation: (a)
structural orientation dataset derived from triangulated layer surfaces; (b) interpolated dip-direc-
tion field used to define local structural orientation; (c) schematic stationary search ellipsoid with
fixed orientation; and (d) schematic locally rotated search neighborhood aligned with layer geome-
try. Yellow ellipse denotes the search ellipsoid outline at representative locations, illustrating its
orientation relative to the layer geometry.

2.8. Block Model Validation

Block model validation was conducted primarily through domain-wise external val-
idation using the withheld wells. Because variography and estimation were implemented
independently within each mineable layer, validation was also summarized inde-
pendently by domain. For each withheld well intersecting a given domain, the observed
borehole-layer composite BPL value was compared with the corresponding estimated
value at the same representative location within that mineable layer. The validation met-
rics were therefore computed on the same borehole-layer composite support used in the
estimation workflow. For each domain and estimator, mean error (ME), mean absolute
error (MAE), root mean square error (RMSE), Pearson correlation coefficient (R), and R?
(square of Pearson’s R) were calculated. The number of contributing validation compo-
sites is also reported to indicate the number of withheld observations available in each
domain. An external withheld-well design was preferred over leave-one-out cross-valida-
tion because it preserves spatially independent borehole-layer observations for evaluation
and is more appropriate for the adopted layer-composite support.

Because estimation was performed independently within each mineable layer, the
panel-scale validation results summarize the combined behavior of the domain-wise esti-
mates across the modeled panel. Boundary effects between adjacent layers were not ex-
plicitly evaluated in this study, and possible contact-related grade transitions near strati-
graphic boundaries were therefore not quantified. It is further noted that the withheld-
well validation design used in this study has two limitations that should be acknowledged
explicitly. First, withholding complete wells does not establish full statistical independ-
ence in the geostatistical sense: the distances between training and validation wells rela-
tive to the fitted variogram ranges determine the degree of spatial correlation, and some
validation wells lie within the range of influence of estimated domains. Second, the same
withheld set was used both to compare the three estimators and to report OK perfor-
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mance; the withheld wells therefore function as a model-selection set rather than an un-
touched independent test set. The reported validation metrics should consequently be in-
terpreted as case-specific performance indicators within the adopted domain configura-
tion rather than as independent estimates of generalization performance.

In addition to the domain-wise external validation, complementary graphical and
spatial diagnostics were examined to provide a more complete assessment of estimator
performance across the panel. Scatter plots were used to evaluate the relationship between
observed and estimated BPL values, with the correlation coefficient (R) quantifying the
strength of the linear relationship. It is noted that R? values reported in this study are
computed as the square of Pearson’s correlation coefficient r between observed and esti-
mated values and are not equivalent to the predictive coefficient of determination in the
general regression sense. Quantile-quantile (QQ) plots were generated to compare the dis-
tributional characteristics of estimated and sampled BPL values, with alignment along the
1:1 reference line indicating reproduction of the grade distribution. Histogram compari-
sons were carried out to examine differences in grade frequency between samples and
block model estimates, supporting evaluation of smoothing effects and distributional con-
sistency. Directional trend plots were constructed by slicing the dataset along the princi-
pal spatial directions and comparing mean BPL values of samples with mean block model
estimates within each slice, enabling detection of spatial bias and evaluation of directional
estimation performance. Following identification of the most reliable estimation method,
visual spatial validation was performed by jointly displaying the block model and drill-
hole data using consistent color scales, allowing direct assessment of grade continuity re-
production across the panel.

2.9. Block Model Regularization and Strip Creation

To ensure geometric consistency between the block model and the operational mine
plan, 3D prototypes representing the planned panel layout were generated. These proto-
types define the target block dimensions and spatial alignment required for subsequent ag-
gregation and analysis. They serve as geometric templates to which the original block model
is conformed, ensuring compatibility between geological modeling and mining geometry.
The regularization step was applied after grade estimation based on borehole-layer compo-
site assay support and does not redefine the support of the informing grade data.

For operational panel accounting, the estimated parent blocks were aggregated to a
plan support of 40 m x 100 m while retaining the 0.05 m vertical discretization prior to
vertical strip aggregation. This regularized support was adopted to align the geological
model with the panel layout used for strip-based material accounting and should not be
interpreted as an equipment-scale selective mining unit. This plan support was selected
to match the mine layout in plan view while retaining the fine vertical discretization
needed to maintain layer coverage throughout the full 3D panel geometry. The workflow
therefore distinguishes between the geological parent support used to represent stratig-
raphy (5 m x 5 m x 0.05 m) and the plan support used to align the estimated model with
the panel layout prior to vertical strip aggregation.

Block model regularization was performed through block aggregation, whereby
smaller parent blocks were combined into larger blocks consistent with the prototype di-
mensions. Aggregation was carried out using fill-volume-weighted averaging to preserve
grade continuity and volumetric integrity while improving computational efficiency and
alignment with mining constraints. Following regularization, strip models were con-
structed by aggregating, within each stratigraphic layer, all regularized blocks sharing the
same X-Y footprint. For each strip block, the corresponding regularized block sequence
was collapsed vertically into a single representative block located at the center of the ag-
gregated interval within that layer. Thicknesses and volumes were summed in the vertical
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direction, and grades were calculated using fill-volume-weighted means. This procedure
preserves the operational X-Y plan support while converting the vertically discretized
regularized model into a layer-wise strip accounting unit suitable for panel-scale material
accounting, mineability filtering, and stripping-ratio calculations. These strip-based da-
tasets form the basis for subsequent panel-scale material accounting, mineability filtering,
stripping-ratio calculation, and material balance evaluation.

2.10. Mineability Filtering and Residual Ore Definition

Mineability filtering was applied to the strip models to identify the portion of the
modeled resources that satisfies the adopted technical mining criteria under the current
operational configuration.

In this study, recoverable resource delineation was governed by two operation-spe-
cific technical criteria applied by the mining operation: a minimum mineable thickness
criterion and a minimum cut-off grade criterion. Strips satisfying both operation-specific
criteria were classified as recoverable resources. Material failing to satisfy either the thick-
ness or grade threshold, while remaining within the modeled phosphate layers, was clas-
sified as residual ore. This category represents phosphate-bearing material excluded from
recoverable resources due to operational constraints rather than geological absence.

This approach enables explicit separation of recoverable resources, residual ore, and
waste at the strip-scale, providing a basis for quantifying material losses associated with
mining selectivity and supporting subsequent material balance and stripping ratio anal-
yses. The applied procedure should therefore be understood as an operation-specific tech-
nical filtering step within the adopted panel-scale material-accounting workflow, rather
than as a full reserve-optimization methodology or a substitute for integrated multi-seam
mine planning.

The specific threshold values cannot be reported as absolute figures owing to confi-
dentiality constraints governing the operational data provided by the mining company.
To partially address the reproducibility concern this raises, the sensitivity of the principal
material-accounting conclusions to the applied criteria can be assessed qualitatively from
the layer-wise in-layer recovery values reported in section 3.5. Layers exhibiting high in-
layer recovery (L01, L3, L4, and L5 all exceeding 99%) are insensitive to small perturba-
tions in the applied criteria: even moderate relaxation or tightening of the thresholds
would not substantially alter their classification. Conversely, F2, which exhibits the lowest
in-layer recovery (70.23%), and to a lesser extent L6 (91.22%) and F1 (95.32%), are the lay-
ers where the material-accounting conclusions are most sensitive to the choice of thresh-
old values. Future work incorporating a formal sensitivity analysis or probabilistic mine-
ability filtering, as discussed in Section 4.7, would allow this threshold sensitivity to be
quantified explicitly.

It is further noted that the terms ‘resource’, ‘recoverable resource,” and ‘residual ore’
are used throughout this study in the context of operational panel-scale material account-
ing only. They are not intended in the sense of Mineral Resources or Ore Reserves as de-
fined under JORC, NI 43-101, PERC, or any other international mineral reporting code,
and the results presented here are not suitable for use in public reporting, investment de-
cisions, or regulatory compliance contexts.

2.11. Stripping Ratio Maps Creation

Stripping ratio maps were generated using strip models constructed for both ore and
waste, with residual ore included within the waste classification in accordance with the
mineability filtering criteria adopted in this study. Ore and waste strips were spatially
matched based on their X-Y coordinates, enabling direct aggregation of thickness, volume,
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and tonnage at the strip scale. This spatial integration provides a consistent framework
for quantifying waste-to-ore relationships across the panel.

Ore tonnage was calculated for recoverable resource strips using a density of 1.6 t/m?,
representative of sandy phosphate material. Contained BPL tonnage was subsequently
computed by multiplying the estimated BPL grade by the corresponding ore tonnage for
each strip.

Based on these aggregated quantities, four stripping ratio metrics were calculated. It
is noted that, because ore and waste strips share the same horizontal footprint in the
adopted spatial matching framework, the volumetric stripping ratio (waste volume/ore
volume) is mathematically equivalent to the thickness stripping ratio (cumulative waste
thickness/cumulative ore thickness), as confirmed by their identical reported statistics.
Furthermore, because a constant ore density of 1.6 t/m? is applied uniformly, the ore-ton-
nage stripping ratio is a density-scaled transformation of the volumetric ratio rather than
an independent metric. The BPL-tonnage stripping ratio is therefore the only metric that
introduces additional grade-dependent information beyond the geometric relationship
between waste and ore volumes. All four metrics are retained for completeness and oper-
ational interpretability, with the understanding that the volumetric, thickness, and ore-
tonnage ratios capture the same geometric information and that the BPL-tonnage ratio is
the metric of primary analytical interest:

e Volumetric stripping ratio, defined as the ratio of waste volume to ore volume.

e Ore tonnage stripping ratio, defined as the ratio of waste volume to ore tonnage.

e  BPL tonnage stripping ratio, defined as the ratio of waste volume to contained BPL
tonnage.

e Thickness stripping ratio, defined as the ratio of cumulative waste thickness to cu-
mulative ore thickness.

These stripping ratio maps provide a spatially explicit representation of waste-to-ore
relationships and constitute a key input for evaluating mining selectivity, material bal-
ance, and panel-scale waste management strategies.

3. Results and Discussion

The results are presented in the same sequence as the workflow described in Section
2 so that each subsection reports the outputs of the corresponding methodological phase.

3.1. Stratigraphic Wireframe Validation Results

Layer-specific wireframe validation results are reported in Table 3 as geometric di-
agnostics comparing interpreted wireframe surfaces with the independent validation
wells. The results are discussed primarily at the layer level, whereas the cross-layer sum-
mary rows are presented as descriptive panel-scale indicators of the overall magnitude of
geometric deviations across the modeled stratigraphy.

For start-depth, layer-level mean errors range from small positive to moderate nega-
tive values, indicating limited systematic bias at the individual layer scale. When aggre-
gated across layers, the mean absolute stratigraphic bias for start-depth is 0.67 m, reflect-
ing a low average offset between wireframe-predicted layer tops and observed drill-hole
intersections. The corresponding stratigraphic dispersion, quantified by the layer-aver-
aged MAE, is 0.78 m, indicating modest random variability in top-surface positioning
across the modeled stratigraphy.

End-depth validation exhibits a similar pattern. Layer-level mean errors include both
positive and negative deviations, suggesting localized stratigraphic variability rather than
a consistent directional bias. At the panel scale, the aggregated stratigraphic bias for end-
depth is 0.71 m, while stratigraphic dispersion reaches 0.97 m. The slightly higher disper-
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sion observed for end-depths is expected, given increased uncertainty in defining basal
contacts within multilayer sedimentary sequences.

Thickness validation shows that mean errors are generally centered near zero, indi-
cating a balance between thickness overestimation and underestimation across layers. The
aggregated stratigraphic bias for thickness is 0.44 m, and the corresponding stratigraphic
dispersion is 0.64 m. Although thicker composite layers, particularly F3, exhibit larger ab-
solute thickness errors, this behavior reflects scale effects associated with greater layer
thickness rather than modeling bias. The absence of systematic thickness bias confirms
that thickness variability is captured without directional distortion at the panel scale.

It is important to note that the stratigraphic bias and dispersion rows reported in Table
3 are descriptive cross-layer summaries derived from layer-level statistics, as defined in Sec-
tion 2.4. They are used to indicate the overall order of magnitude of geometric deviations
across the panel. Layer-specific variability remains the primary basis for interpretation.

Overall, the layer-specific diagnostics indicate that the wireframe model reproduces
the main stratigraphic geometry of the panel with deviations that remain limited relative
to the modeled depths and thicknesses for most layers. These results support the use of
the wireframe model as the geometric framework adopted in the subsequent workflow.

Table 3. Wireframe validation results.

g MAE ME MAE MAE
Layer No. of Vah,d ation ME Start Depth End Depth  End Depth ) ME Thickness
Intersections  Start Depth (m) Thickness (m)

(m) (m) (m) (m)

F1 6 0.09 0.29 -0.02 0.38 -0.11 0.12
F2 4 0.18 0.36 0.05 0.26 -0.13 0.13
F3 7 -0.24 0.60 1.67 1.71 1.92 2.15
L01 7 -1.15 1.15 -0.14 0.65 1.01 1.01
L2 7 -0.22 0.54 -0.16 0.81 0.05 0.74
L3 7 -0.72 0.72 -0.59 1.14 0.13 0.48
14 6 -1.03 1.03 -0.92 0.92 0.11 0.27
L5 6 -0.82 0.82 -1.28 1.28 -0.46 0.61
L6 5 -1.54 1.54 -1.58 1.58 -0.04 0.26

Stratigraphic bias 0.67 - 0.71 - 0.44 -

Stratigraphic dispersion - 0.78 - 0.97 - 0.64

Note: The rows labelled ‘Stratigraphic bias” and “Stratigraphic dispersion” are descriptive cross-layer
summaries computed as unweighted means of the absolute layer-level ME and MAE values, respec-
tively. They are reported as panel-scale indicators of the overall order of magnitude of geometric
deviations and should not be interpreted as formal statistical bias estimates: conventional statistical
bias retains its sign and should be computed across individual observations with appropriate sam-
ple-size weighting. These summary rows are provided for descriptive purposes only; layer-specific

ME and MAE values remain the primary basis for evaluation. -' indicates not applicable.

3.2. BPL Outlier Treatment and Basic Statistics Summary

An exploratory review of the borehole-layer composite BPL dataset showed layer-
dependent grade variability and a limited number of anomalous values. Outlier treatment
was applied within mineable layers using the Tukey criterion before variography and
block estimation. Table 4 summarizes the composite grade dataset retained for estimation,
with one composite BPL value per drillhole and per mineable layer after outlier treatment.
These statistics are presented as descriptive summaries of the processed borehole-layer
composite dataset used in the adopted workflow and are not interpreted as exact de-
scriptors of the original raw assay interval population.
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Table 4. Basic statistics of borehole-layer composite BPL values retained for estimation after outlier

treatment.
_ Layers
Statistics F1 ) 3 Lo01 L2 L3 L4 L5 L6
Number of 49 42 58 56 54 52 51 49 40
samples
Minimum 63.04 28 40.48 53.25 3342 4061 5092 3731 58.33
Maximum 71.54 46.56 58.67 73.96 7167 7135 7286  69.08 72.3
Range 8.50 18.56 18.19 2071 3825 3074 2194 3177 13.97
Mean 68.32 37.50 46.61 66.31 5174 5756 6357  60.52 66.17
Geomean 68.29 37.28 46,51 66.13 51.09 5714 6340  60.20 66.04
Variance 4.90 16.42 9.37 2231 6733 4626 2081 3446 15.48
StandDev 2.22 4.05 3.06 472 8.20 6.80 456 5.87 3.93
PCTL5  63.04 30.85 41.14 55.07 3833 4554 5408  48.69 58.33
PCTL10  63.04 33.04 41.52 59.39 39.80 4810 5691  53.06 59.34
PCTL20  67.16 34.74 44.43 62.00 4495 5090 6061  56.73 64.33
PCTL25  67.56 34.93 44.93 63.77 4680 5334 6087 5761 64.6
. DPCTL30  67.64 35.37 45.20 65.54 4789 5402  61.04  58.00 65.06
< PCTL40 6833 36.03 46.10 66.29 4887 5591 6224  59.59 65.98
5 PCTL50  68.82 36.63 46.78 66.93 5127 5706 6336 6201 66.96
5 PCTL60 691 37.21 47.46 67.99 5203 5897 6467  62.69 68.20
PCTL70  69.43 38.62 47.85 69.20 5483 6189 6547  63.90 68.66
PCTL75  69.66 39.25 4825 69.77 5654 6255 6672 6461 68.75
PCTL8O0  69.90 40.24 48.60 70.38 5897 6369 6744 6532 69.12
PCTL90  70.70 43.20 49.54 71.28 6410 6593 6877 6658 70.34
PCTLY5  71.10 46.27 50.68 72.23 6552 6764 7083  67.88 71.23

3.3. Block Model Validation Results

Block model validation was performed primarily through domain-wise external val-
idation using the withheld wells. This comparison provided the quantitative basis for
evaluating NN, IDW, and OK within the mineable phosphate layers.

Table 5 reports the domain-wise external validation results obtained from the with-
held wells. Validation was summarized independently for each mineable phosphate layer
to remain consistent with the adopted layer-wise variography and estimation workflow.
Metrics were computed from borehole-layer composite comparisons within each domain,
while the reported number of validation composites indicates the number of contributing
withheld observations for that mineable layer.

The domain-wise results indicate that ordinary kriging provided the most consistent
agreement with the withheld data within the adopted borehole-layer composite and layer-
constrained estimation framework. OK yielded the lowest MAE in all nine mineable do-
mains and the lowest RMSE in eight of the nine domains. The only exception in RMSE
was F1, where IDW produced a slightly lower RMSE, although OK remained competitive
in that domain. Stronger OK performance was observed in F2, F3, L01, L2, L3, L4, L5, and
L6, whereas NN did not outperform the other estimators in any domain. These results
support the use of ordinary kriging as the primary estimator within the present panel-
scale workflow, while also showing that estimation performance remains domain de-
pendent and should be interpreted in relation to the adopted borehole-layer composite
support and wireframe-constrained domain definition.
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Table 5. Domain-wise external validation results by mineable phosphate layer and estimator. ME,
MAE, RMSE, R, and R2 were computed from borehole-layer composite comparisons; the reported
number of validation composites indicates the number of contributing withheld observations in

each domain.

No. of Validation

Domain  Estimator . ME MAE RMSE R R2
Composites

IDW 6 -1.039 1.882 2.091 0.933 0.87
F1 NN 6 -2.095 2.985 3.324 0.941 0.886
OK 6 -1.341 1.583 2.608 0.906 0.821
IDW 4 -1.847 1.963 2.611 0.991 0.983
F2 NN 4 -3.56 3.56 4.122 0.989 0.979
OK 4 -1.453 1.589 2.045 0.994 0.989
IDW 7 -1.727 4.869 5.704 0.741 0.549
F3 NN 7 -2.339 5.384 6.293 0.531 0.282
OK 7 -1.263 3.529 4.624 0.832 0.693
IDW 7 0.403 3.22 3.382 0.35 0.123

Lo1 NN 7 0.605 3.501 3.875 0.388 0.151
OK 7 0.883 1.949 2.324 0.778 0.606
IDW 7 -1.638 3.555 5.467 0.804 0.647
L2 NN 7 -2.571 5.243 7.898 0.297 0.088
OK 7 -1.704 2.749 4.824 0.858 0.737
IDW 7 -2.511 3.162 3.475 0.94 0.883

L3 NN 7 -1.373 4,557 4935 0.831 0.69
OK 7 -0.475 1.481 1.598 0.978 0.957

IDW 6 -0.725 2.031 2.275 0.819 0.671
L4 NN 6 -1.264 2.451 2.797 0.809 0.655
OK 6 -0.192 1.414 1.729 0.886 0.785
IDW 6 -3.467 3.471 4.67 0.463 0.215
L5 NN 6 -3.197 4.904 6.25 -0.295 0.087
OK 6 -2.89 2.89 4.565 0.413 0.171

IDW 5 -0.992 2.14 2.459 0.9 0.81
L6 NN 5 -1.07 3.258 3.688 0.862 0.743
OK 5 -0.028 1.094 1.212 0.973 0.947

To complement the domain-wise external validation, graphical and spatial
diagnostics were examined across the full panel using the complete composite dataset
(Figure 8). These complementary analyses provide additional evidence on estimation
performance that is not captured by the small per-domain withheld samples alone.

Scatter plot analysis (Figure 8a) indicates strong linear relationships between
observed BPL values and estimates produced by all three methods. OK exhibits the
highest correlation (R = 0.97), with a regression equation (y = 0.966x + 1.855) indicating
close agreement with observed grade trends across the data range. NN and IDW show
comparable correlations (R = 0.91 for both), with regression equations of y = 0.903x + 5.087
and y = 0.897x + 5.418, respectively, reflecting slightly greater intercept offsets. QQ plot
analysis confirms that all three methods broadly reproduce the observed grade
distribution; OK shows the closest alignment at grade extremes, suggesting reduced
smoothing relative to NN and IDW. Histogram comparisons (Figure 8b) further indicate
that the OK-estimated BPL distribution closely mirrors the observed grade histogram,
while NN and IDW exhibit localized deviations in certain grade intervals. Directional
trend plots (Figure 8c) reveal that OK produces mean grade estimates most consistent
with observed means across the X, Y, and Z spatial directions, with observed means of
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51.96%, 53.69%, and 55.49% compared with OK estimates of 51.78%, 53.53%, and 57.23%,
respectively. Spatial cross-sectional validation (Figure 8d) further confirms close

correspondence between estimated block grades and drill-hole data across the panel.

Line of regression (R=0.973): y = 0.966x+ 1.855

Line of regression (R=0.91): y = 0.897x + 5.418

Line of regression (R=0.91): y = 0.903x + 5.087
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Figure 8. Complementary block model validation diagnostics: (a) scatter plots of observed versus

estimated BPL values for NN, IDW, and OK; (b) histogram comparison of observed and estimated

grade distributions; (c) directional trend plots comparing mean observed and estimated BPL values
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along principal spatial directions; and (d) spatial cross-sectional comparison of estimated block
grades and drill-hole data. In (a), the green line indicates the linear regression fit, the gray dashed
line indicates the 1:1 reference, and the red and blue dashed lines indicate the median (M) and quar-
tiles of the BPL distribution, respectively. The red box labeled A-B in (c) denotes the cross-sectional

trace shown in (d).

Collectively, the complementary diagnostics support the selection of OK as the
preferred estimator within the present panel-scale workflow. It is emphasized, however,
that the domain-wise withheld-well validation samples are small (four to seven
composites per domain) and are therefore not sufficient to establish estimator superiority
with statistical confidence. The above results should be interpreted as case-specific
evidence consistent with the adopted borehole-layer composite support and domain
configuration rather than as a definitive demonstration of OK superiority across all
possible settings.

3.4. Block Model Regularization and Strips Creation Results

Block model regularization was performed to align the geological block model with
the operational mine plan and enable analysis at an operationally meaningful scale. It is
recalled that the 5 m x 5 m x 0.05 m parent block dimensions serve as the geological dis-
cretization support for stratigraphic coding and layer coverage, while grade estimation is
informed at the borehole-layer composite scale; the strip-scale aggregation described in
this section constitutes the operational accounting support at which material quantities
are meaningfully reported. In the adopted workflow, the geological parent block model
was aligned to a 40 m x 100 m plan support before vertical aggregation into layer-wise
strip blocks. Following regularization, strip models were constructed by aggregating,
within each stratigraphic layer, all regularized blocks sharing the same X-Y footprint. For
each strip block, the corresponding regularized block sequence was collapsed vertically
into a single representative block located at the center of the aggregated interval within
that layer. Thicknesses and volumes were summed in the vertical direction, and grades
were calculated using fill-volume-weighted means. This procedure preserves the opera-
tional X-Y plan support while converting the vertically discretized regularized model into
a layer-wise strip accounting unit suitable for panel-scale material accounting, mineability
filtering, and stripping-ratio calculations. The use of 3D mining prototypes allowed the
original block model to conform to the planned mining geometry, resulting in block di-
mensions and spatial alignment consistent with the panel layout. This step aligns subse-
quent analyses with mining layouts and operational constraints rather than with purely
geological discretization.

Regularization results in a geometrically consistent block model in which grades,
thicknesses, and volumes can be aggregated without introducing artificial geometric dis-
tortion. This alignment is critical for downstream evaluations that depend on mining unit
geometry, including recoverable resource delineation, stripping ratio calculation, and ma-
terial balance analysis.

The resulting strip dataset provides the basis for subsequent mineability filtering, strip-
ping ratio mapping, and assessment of mining selectivity across the panel. By linking pro-
totype-based regularization with layer-constrained vertical aggregation, this step converts
the geological block model into an operationally interpretable material-accounting dataset.

3.5. Panel-Scale Material Accounting and Mineability Filtering

To limit disclosure of confidential operational quantities, panel-scale material-account-
ing results are presented here in relative rather than absolute terms. As noted in Section 2.10,
the terms ‘resource,” ‘recoverable resource,” and ‘residual ore” are used here exclusively in
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an operational material-accounting sense and carry no implications under international
mineral reporting codes. After estimation, regularization, and strip creation, the modeled
phosphate-bearing material was partitioned at the strip scale into resources, recoverable re-
sources, and residual ore using the operation-specific mineability criteria described in Sec-
tion 2.10. Figure 9 shows the strip-scale spatial distribution of these three material catego-
ries, expressed relative to total panel resources, whereas Table 6 summarizes their layer-
wise percentage distribution within each material category. All reported material quantities
are aggregated at the strip-scale (40 m x 100 m plan footprint per layer), which constitutes
the operational accounting support of the workflow; they should not be interpreted as re-
flecting grade or volume precision at the finer geological parent-block discretization.
Figure 9 shows that the three material categories are not distributed uniformly across
the panel. The resource model preserves the full spatial continuity of the phosphate-bear-
ing layers, whereas the recoverable resource model remains concentrated in the main pro-
ductive zones that satisfy the applied operational criteria. In contrast, residual ore appears
in more localized and discontinuous zones, reflecting the selective exclusion of material
that fails the adopted thickness or grade thresholds. This spatial contrast indicates that
mineability filtering affects only specific parts of the panel rather than the modeled inven-

tory uniformly.

(b) Residual ore (3.79%) (c) Recoverable resources (96.21%)

Figure 9. Strip-scale spatial distribution of panel material categories: (a) resources, (b) residual ore, and

(c) recoverable resources. Percentages shown in the panels are expressed relative to total panel resources.

The layer-wise percentage summaries in Table 6 clarify the stratigraphic contribution
of each material category. F3 remains the dominant contributor to both total resources and
recoverable resources, followed by L01 and L2, confirming the importance of the thick
and laterally continuous layers in the panel inventory. By contrast, the residual ore frac-
tion is concentrated mainly in F3, F2, and L2, which together account for the predominant
share of residual material. This reflects the combined effect of their large resource volumes
(particularly F3) and their partial failure of the applied mineability criteria, indicating that
these units are most strongly affected by the operational thickness and grade thresholds.
The in-layer recovery values further show that most layers are recovered almost entirely
under the current criteria, whereas F2 exhibits the lowest recovery efficiency.
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Table 6. Layer-wise distribution of total resources, recoverable resources, and residual ore, ex-

pressed as percentage shares within each material category, together with in-layer recovery values.

Layer Resource Share (%) Recoverable Share (%) Residual Share (%) In-Layer Recovery (%)
F1 2.53% 2.51% 3.12% 95.32%
F2 3.11% 2.27% 24.42% 70.23%
F3 41.82% 41.68% 45.45% 95.88%
L01 14.04% 14.59% 0.07% 99.98%
L2 14.51% 14.29% 20.21% 94.72%
L3 5.79% 6.01% 0.17% 99.89%
L4 5.71% 5.93% 0.17% 99.89%
L5 10.21% 10.57% 1.13% 99.58%
L6 2.27% 2.15% 5.26% 91.22%

Total 100% 100.00% 100.00% -

Note: Resource, recoverable resource, and residual ore shares are normalized independently within
each material category; therefore, each of the first three columns sums to 100%. Percentages shown

in Figure 9 are instead expressed relative to total panel resources.

3.6. Stripping Ratio Maps

Strip-based stripping ratio maps were generated to evaluate spatial variability in
waste-to-ore relationships across the panel at an operationally relevant scale. The maps
quantify volumetric, tonnage-based, BPL-tonnage-based, and thickness-based stripping
ratios derived from the strip models, providing a direct measure of mining selectivity and
waste generation intensity.

Summary statistics for the computed stripping ratios are presented in Table 7. Volu-
metric stripping ratios range from 0.88 to 7.75, with a panel-wide mean of 1.69. Tonnage
stripping ratios vary between 0.55 and 4.84, with a mean value of 1.06, while BPL tonnage
stripping ratios range from 1.08 to 10.21, averaging 1.95. Thickness-based stripping ratios
are identical to volumetric stripping ratios in both range and mean, which reflects the
mathematical equivalence of the two metrics under the adopted strip-matched spatial
framework where ore and waste share the same horizontal footprint. Similarly, the ore-
tonnage stripping ratio is a density-scaled transformation of the volumetric ratio given
the uniform ore density of 1.6 t/m? applied across all strips. The BPL-tonnage stripping
ratio is the metric that introduces grade-dependent information and therefore exhibits a
distinct range and mean.

Table 7. Stripping ratio summary.

Min Max Mean
Volumetric Stripping Ratio 0.88 7.75 1.69
Ore Tonnage Stripping Ratio 0.55 4.84 1.06
BPL Tonnage Stripping Ratio 1.08 10.21 1.95
Thickness Stripping Ratio 0.88 7.75 1.69

Spatial analysis of the stripping ratio maps reveals pronounced heterogeneity across
the panel (Figure 10). Lower stripping ratios are predominantly concentrated in the north-
ern portion of the panel, indicating favorable mining conditions characterized by thinner
overburden, reduced interburden development, and higher proportions of recoverable
ore. In contrast, the southeastern sector exhibits systematically higher stripping ratios.
This increase is primarily driven by thicker overburden and more developed interburden
sequences, resulting in elevated waste removal requirements per unit of extracted ore.
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Several strips display no classified recoverable resources and are represented as gray
cells on the stripping ratio maps. These strips correspond to locations where the entire
vertical column is classified as waste or residual material, reflecting either sub-economic
grades, insufficient mining thickness, or unfavorable geometric conditions. Their spatial
distribution highlights zones where extraction would be dominated by waste handling
and is therefore operationally unattractive under current criteria.

Overall, the stripping ratio maps provide a spatially explicit framework for identify-
ing zones of favorable and unfavorable mining conditions at the strip-scale. Beyond their
conventional application in cost estimation and scheduling, these maps offer critical in-
sight into how overburden thickness, ore continuity, and residual material distribution
interact spatially across the panel. This information directly supports subsequent analyses
related to selective mining, waste handling strategies, and the evaluation of material flow
configurations discussed in Section 4.

i/2

i/1 2/1 3/1 7/2

Figure 10. Strip-based stripping ratio maps showing spatial variability across the panel: (a) ore ton-
nage stripping ratio; and (b) BPL tonnage stripping ratio.

4. Implications of the Results

Sedimentary phosphate mining generates large volumes of mining waste rock, in-
cluding overburden, interburdens, and residual ore, which are commonly managed
through mixed dumping practices. While operationally efficient, mixed dumping irre-
versibly homogenizes heterogeneous material streams, resulting in extensive surface dis-
posal footprints and long-term environmental burdens. Recent syntheses of the sedimen-
tary phosphate industry emphasize that both mining and downstream processing pro-
duce substantial quantities of solid wastes and identify emerging circularity opportuni-
ties, including recovery of residual phosphorus and reuse of mining waste rock in civil
engineering and building materials. At the same time, these studies highlight persistent
barriers to implementation, notably technical and economic constraints, regulatory limi-
tations, and knowledge gaps [4].

Within this context, the results of this study provide a panel-scale, 3D quantification
of ore, residual ore, and waste rock based on operational mining codes. It is emphasized
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that the present study does not explicitly model waste rock lithology, mineralogy, or phys-
ical and chemical properties. The implications discussed in this section are therefore con-
ceptual and conditional, derived from mining-code-based panel-scale material accounting
and supported by evidence reported in the literature. The objective is not to demonstrate
technical or economic feasibility of specific waste valorization pathways, but to show how
panel-scale 3D material accounting provides a preliminary geological and spatial frame-
work that can support future scenario-based evaluation of selective dumping strategies
and potential material reuse options. The following subsections discuss relevant material
categories reported in the literature and indicate how the present workflow could support
future assessment once mining codes are integrated with lithological interpretation and
material characterization.

4.1. Residual Ore

Residual ore constitutes a distinct fraction of mining waste rock that retains measur-
able phosphate content but is excluded from recoverable resources due to thickness con-
straints, operational selectivity, or cut-off grade criteria. The literature highlights that re-
sidual phosphate contained in mining waste rock may become technically and economi-
cally relevant under alternative beneficiation routes, revised cut-off grades, or future mar-
ket conditions. However, these studies also stress that such opportunities are critically
dependent on upstream material handling. Once residual ore is co-disposed with barren
waste through mixed dumping, subsequent recovery becomes impractical regardless of
technological advances [4].

Implication for this study: the quantified residual ore volumes should be interpreted
as a potentially recoverable inventory subject to future technical and economic evaluation
rather than as material that must necessarily be treated as terminal waste. The panel-scale
accounting established here provides a basis for future scenario analyses in which residual
ore could be preserved through selective stockpiling rather than irreversibly diluted at the
dumping stage.

4.2. Limestone-Rich Waste Rock

Limestone-dominated waste rock is one of the most abundant by-products of sedi-
mentary phosphate mining. Multiple studies demonstrate that carbonate-rich phosphate
waste rock exhibits geotechnical and environmental properties suitable for use as con-
struction aggregates, road base materials, and embankment fill, if grading and contami-
nation are controlled [18]. Additional studies indicate that carbonate-rich waste rock may
also serve as a raw material in cement and binder systems, either as a limestone substitute
or as an alkaline component, contributing to reduced environmental footprint in construc-
tion materials [19].

Implication for this study: the panel-scale material-accounting framework developed
here provides the spatial basis on which future lithology-linked classification of lime-
stone-rich waste rock could be evaluated for selective handling and potential construc-
tion-related valorization pathways.

4.3. Marly Waste Rock

Marl-rich waste rock occupies an intermediate compositional domain between lime-
stone and clay and has been extensively studied for construction and binder applications.
Research demonstrates that marls derived from phosphate mining waste rock can be used
in embankments and road layers and, following calcination, as components of alternative
binder systems with acceptable mechanical performance [20].

These studies emphasize that the suitability of marly waste rock for such applications
is highly sensitive to mineralogical consistency and particle size distribution. Mixed
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dumping practices degrade this consistency by blending marly units with clay-rich fines
or coarse carbonate blocks, reducing the technical feasibility of reuse.

Implication for this study: marly waste rock represents a potentially relevant future
material class within sedimentary phosphate waste streams. The panel-scale material-ac-
counting framework developed here could support future selective handling assessments
once mining-code information is integrated with lithological and material-characteriza-
tion data sufficient to distinguish marl-dominated units.

4.4. Clay-Rich Waste Rock

Clay-rich waste rock layers are frequently encountered within interburden sequences
of sedimentary phosphate deposits. Numerous studies document the transformation of
clay-rich phosphate mining waste rock into fired bricks and alkali-activated construction
materials exhibiting adequate strength, durability, and thermal performance when pro-
cessed under controlled conditions [21,22].

The literature consistently reports that clay-based valorization pathways require
strict control of mineralogy, fines content, and contamination. Mixing clay-rich waste rock
with carbonate- or flint-rich materials through conventional dumping practices compro-
mises these requirements and significantly limits reuse potential.

Implication for this study: clay-rich waste rock represents a technically documented
secondary resource stream, but its evaluation within the present case study remains con-
ditional on future integration of lithological classification and material characterization
capable of distinguishing clay-rich units within the panel-scale framework.

4.5. Flint- and Siliceous-Rich Waste Rock

Siliceous and flint-rich waste rock units have been investigated as alternative aggre-
gates for concrete production. Experimental studies demonstrate that flint extracted from
phosphate mine waste rock exhibits suitable hardness, abrasion resistance, and mechani-
cal properties for concrete aggregates [19].

However, these studies also note that flint aggregate quality is highly sensitive to
fines contamination and grading degradation. Mixed dumping increases the presence of
clayey fines and carbonate fragments, which adversely affects concrete performance.

Implication for this study: the present workflow does not by itself identify flint-rich
waste rock streams. Rather, it provides the spatial framework within which future lithol-
ogy-linked classification could be used to assess whether flint-rich units can be preserved
through selective handling for potential aggregate-based valorization.

4.6. Conceptual Implications for Selective Dumping Strategies

The reviewed literature converges on a common conclusion: although the technical fea-
sibility of mining waste rock valorization has been demonstrated for multiple material cat-
egories, practical implementation is fundamentally constrained by upstream material han-
dling decisions at the mining stage. Under conventional mixed dumping practices, hetero-
geneous waste rock streams are irreversibly combined, which eliminates material separabil-
ity, increases contamination, and effectively forecloses future recovery or reuse options.

An important observation in this context is that the mining-code classification
adopted in this study, derived from Boujo’s lithostratigraphic framework, already carries
an implicit lithological characterization for each interburden unit. Calcareous, marly, and
clay-rich interburdens correspond to distinct mining codes within the panel stratigraphy.
Because the layer-wise strip accounting developed here preserves the spatial identity of
each coded unit at the 40 m x 100 m strip-scale, the resulting dataset already constitutes a
first-order spatial basis for waste stream separation by lithological class—without requir-
ing additional drilling or material characterization beyond what has been compiled. This
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connection between the mining-code framework and the lithological identity of interbur-
dens substantially strengthens the foundation for selective dumping assessment, as the
spatial distribution of each waste class is already implicitly encoded in the strip model.

By distinguishing ore, residual phosphate-bearing material, and waste at the strip-
scale, the panel-scale model enables a schematic comparison between two contrasting ma-
terial-flow configurations derived from the same geological framework (Figure 11). In the
mixed dumping configuration (Figure 11B), waste and residual ore materials are deposited
into a single dump, resulting in dilution of residual phosphate and loss of material identity.
In contrast, the selective dumping configuration (Figure 11C) illustrates how material
streams could be segregated into separate deposition zones once mining-code information
is integrated with future lithological and material-characterization data. The selective cate-
gories shown in Figure 11C should therefore be interpreted as conceptual future handling
classes rather than as fully resolved lithological outputs of the present study.

It is emphasized that the schematic comparison illustrated in Figure 11 does not im-
ply immediate operational feasibility or economic advantage. Rather, it shows how the
panel-scale 3D modeling framework developed in this study provides the geological and
spatial information required to support future scenario-based assessment. Such assess-
ment may integrate lithological classification, material characterization, mining space con-
straints, equipment logistics, and cost- or value-based indicators to compare mixed dump-
ing and selective dumping strategies under realistic operational conditions.

A. Panel-scale 3D model based on lithological codes

B. Mixed dumping

Ore — Processing —> Primary phosphate value

v

C. Selective dumping

Ore —> Processing —> Primary phosphate value

g materials

Limestone Residual v
phosphate Backfilling
N

@ Material streams combined o Materialidentity preserved

o Residual phosphate diluted . ® Optional future recovery
& . orreuse
o Secondary valorization

foreclosed % o Scenario-dependent

value creation

Figure 11. Schematic conceptual comparison of mixed dumping and selective dumping strategies.

4.7. Foundation for Future Scenario-Based Assessment

The implications of this study should be viewed as foundational rather than prescrip-
tive. The present work does not include economic evaluation, equipment scheduling, or
operational scenario testing. Instead, it establishes the geological and spatial framework
required to support future scenario-based assessment in sedimentary phosphate mining.
By quantifying ore, residual ore, and waste rock at strip-scale using a mining-code-based
3D model, the study provides the material accounting structure needed for subsequent
evaluation of alternative material handling scenarios.
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Regarding the degree of automation of the proposed workflow, it is useful to distin-
guish between steps that necessarily require geological judgement and those that are fully
or largely scriptable. Wireframe construction and stratigraphic correlation require inter-
pretation of borehole logs and manual digitization of stratigraphic horizons, and these
steps necessarily involve geological expertise. Variographic modelling similarly requires
expert judgement in selecting directional search parameters, interpreting experimental
variogram behaviour, and fitting theoretical models. Outlier review also benefits from ge-
ological context beyond what automated screening can provide. In contrast, the down-
stream computational steps—block coding within wireframe-constrained domains, grade
estimation, block model regularization, strip aggregation, mineability filtering, and strip-
ping-ratio calculation—are fully scriptable and were implemented through a structured
sequence of parametric operations within the modelling environment. Once the geological
framework is established for a given panel, these scripted components can be applied to
adjacent panels with limited additional manual intervention, which supports the transfer-
ability of the workflow to other panels within the same deposit.

Future work will extend this framework by incorporating detailed lithological clas-
sification derived from drilling logs and pit mapping, together with physical and chemical
characterization of interburdens. These additions would allow comparison of mixed and
selective dumping scenarios under realistic operational constraints such as haulage dis-
tances, rehandling requirements, dump sequencing, equipment productivity, and market
demand for secondary material streams.

Within this context, the contribution of the present study lies in structuring a panel-
scale workflow that links mining-code-based geological modeling, block regularization,
strip aggregation, and material classification within panel mining geometry. Its signifi-
cance is therefore integrative and operational: it combines established geological model-
ing, geostatistical estimation, and material accounting methods within a panel-scale
framework aligned with mining geometry, rather than introducing algorithmically novel
individual components. The workflow provides a basis for future scenario-based assess-
ment of selective dumping and related waste-management alternatives, but does not by
itself establish their technical or economic feasibility.

A further limitation of the present workflow is its deterministic nature: wireframe
geometry, grade estimation, mineability filtering, and material classification are all treated
as fixed outputs without propagation of uncertainty. This is consequential particularly for
strips located near the minimum thickness or minimum cut-off grade threshold, where
small perturbations in the estimated grade or modelled layer thickness could shift mate-
rial between the recoverable and residual categories. In such threshold-proximal strips,
the deterministic classification should be treated with caution, as the true material cate-
gory may be sensitive to estimation error and local geological variability. Future exten-
sions of the workflow could address this limitation through conditional simulation of BPL
grades within each layer domain, which would generate an ensemble of equally probable
grade realisations and enable probabilistic mineability classification. Alternatively, a sen-
sitivity analysis varying the applied thickness and grade thresholds within a plausible
range would provide a practical indication of how robustly the central material-account-
ing conclusions hold without requiring full geostatistical simulation. Incorporating either
approach would substantially strengthen the basis for operational decision support, par-
ticularly for material handling decisions in strips where classification confidence is low.

5. Conclusions

This study developed a mining-code-based 3D block-modeling workflow for panel-
scale material accounting in a stratified sedimentary phosphate deposit. The wireframe
validation results showed limited panel-scale stratigraphic bias and dispersion, providing
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the geometric basis for subsequent block modeling and strip-based analysis. Grade esti-
mation was performed from borehole-layer composite assay data, whereas thickness and
layer geometry were derived from the interpreted hanging wall and footwall surfaces.
Each of these individual components (wireframe-based geological modeling, borehole-
layer compositing, geostatistical estimation, block regularization, and mineability filter-
ing) represents established practice in geological modeling and mine planning. The con-
tribution of the study lies in their integration into a coherent panel-scale material-account-
ing workflow aligned with operational mining geometry and designed to support future
selective dumping assessment.

The comparative evaluation of the estimation methods indicated that OK showed the
closest overall agreement with the validation diagnostics considered in this study. It is
noted that domain-level withheld-well samples of four to seven composites per domain
do not permit statistically robust estimator comparison; the OK selection should therefore
be understood as case-specific and consistent with the adopted domain framework rather
than as a generalized demonstration of kriging superiority. After regularization of the
mine plan and aggregation into strips, the resulting block models supported panel-scale
material accounting and mineability filtering under operation-specific mineability criteria.
This process also highlighted the occurrence of residual ore, which represents a phos-
phate-bearing inventory excluded by the applied operational criteria rather than by geo-
logical absence.

The strip-scale outputs further revealed spatial variability in waste-to-ore relation-
ships across the panel and provided a quantitative basis for evaluating material distribu-
tion within a workflow aligned with mining geometry. Although the study does not ad-
dress economic optimization, processing performance, or uncertainty propagation, it es-
tablishes a panel-scale workflow for material accounting that can support future scenario-
based assessment of selective dumping and related material-handling alternatives. The
deterministic nature of the workflow means that classification confidence is lowest in
strips near the applied thickness and grade thresholds; future work incorporating condi-
tional simulation or probabilistic mineability filtering would allow this uncertainty to be
quantified and communicated to decision-makers.
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The following abbreviations are used in this manuscript:

BPL Bone Phosphate of Lime
PR Phosphate rock

NN Nearest neighbor

IDW Inverse distance weighting
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OK Ordinary kriging
HW Hanging wall
FW Footwall
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