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Research Context

JAccurate fragmentation is critical for mine-to-mill
efficiency
JPredictive Models used to manage fragmentation

in blast designs

JTraditional and IVIL models
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Why Models Fail

S

Category

Blast Geometry

Drilling Parameters

Charging
Parameters

Explosive Properties

Rock Properties

Kuz-Ram Inputs

Burden (B), Spacing
(S), Bench Height (H)

Hole Diameter, Hole
Depth

Charge per Hole (Q),
Stemming Length (SL)

Relative Weight
Strength (RWS)

Rock Factor (A)
(subjective)

Typical ML, Model
Inputs

Burden, Spacing,
Bench Height, Hole
Depth, Diameter

Hole Diameter, Hole
Depth, Hole Accuracy

Charge, Stemming,
Powder Factor

Explosive Type, RWS,
Energy per Delay

Sometimes RMR, UCS,
GHSI (generalised)




Uneven Explosive
Cracks absorb or Energy Distribution
redirect blast energy



Research Gap

(ML models rarely include detailed
geological discontinuity data.

AIM

] Integrate site-specific geological data into
IML models to improve prediction
accuracy.
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Methodology




1. GEOLOGICAL AND

ssDI formulation
Geological window mapping /core logging data

Volumetric joint count _—

Joint Infill

Degree of . . . .
alteration Drill Core Tray showing Intersecting Joints,
Jolft Spacin - Variation in Fracture Persistence and Visible
Water Condition Alteration Zones
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Summary statistics for geological parameters

Parameter Count Mean Std Min Lower Median Upper Max
quartile quartile
Joint Volume (Jv) 270 246.74 419.50 60 60 60 200 2000
Joint Orientation (O) 270 114.74 54.74 -71 82.25 100 142 277
Joint Persistence (Jp) 270 3.30 3.20 1 1 3 3 10
Joint Alteration (A) 270 1.49 0.55 1 1 1 2 3
Joint Infilling (1) 270 8.69 1.18 3 9 9 9 9
Water content (W) 270 1.58 0.94 1 1 1 2 5
Microstructures (Mi) 270 4.70 1.14 1 5 5 5 8

Macrostructures (Ma) 270 1.16 0.45 1 1 1 1 3
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2. Drilling and Charging data

Parameter

Hole diameter (mm)
Burden (m)

Spacing (m)

Average hole depth (m)
Hole Inclination

Average Hole accuracy (%)
Average Collapsed holes (%)
Average redrills per blast (%)

Powder Factor

Ore zones

115

2.1

3.1

9.9

90

88

11

1.4

Waste zones

1217

3.1

3.6

8.5

90

92

11

16.8

1.2
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% Passing

90%

80%

70%

50%

40%

30%

20%

10%

4 Me

1100 ore 04

ragmentation Data

Size (mm)

4.0.37.0 - Coburn Katanga - Della Gold Zimbabwe (WIpFrag Windows) 1000.000

D50 = 189.45 mm
PAR = 16416
N=098

COV =861%

XMA = 801.00 mm
DO1 =325 mm

0.1
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Size (mm)

681.000
450.000
316.000
215.000
147.000
100.000
68.100
46.400
31600
21.500
14.700
10.000
6.810
4640
3160
2.150
1.470

1.000
0.681
0464

0316
0215
0.147
0.100

% Passing
100.00%
100.00%

92.21%
74.02%
56.03%
39.99%
26.70%
18.29%
14.35%
13.08%
12.75%
12.68%
12.66%
12.66%
12.66%

0.28%

0.00%

0.00%

% Passing

1100 ORE 1R

4.0.37.0 - Coburn Katanda - Delta Gold Zimbabwe (WipFrag Windows)

Size (mm) % Passing
1000.00 100.00%

100% 70000  100.00%
D50 = 178.63 mm 450.00 91.85%

90%| :A_R2=1‘:599 ™ 215.00 60.16%
=2 147.00 41.16%

o/l COV = 50% 1 100.00 22.64%
XMA = 548 00 mm 68.10 11.13%

D01 = 28 44 mm 46 40 402%

70% I e 31.60 1.29%
—e LY 21.50 0.35%

60% RERE = 1470 0.10%
10.00 002%

50 —pts 6.81 0.00%
464 0.00%

400 0.00%

40% iyt 3.16 0.00%
215 0.00%

30% 147 0.00%
1.00 0.00%

20%! 068 0.00%
0.46 0.00%

0.32 0.00%

10%, 022 0.00%
| 0.15 0.00%

0.1 1 0 1000 0.10 0.00%

Size (mm)
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[ Draws from RMR , the Q-system and blastability index

[ Jv is the core multiplier

] Weights and scaling tuned for site-specificity

(] Joint orientation and Joint volume retained in raw form
[ Scaling factor k for normalising the ssDI to make it

comparable across sites.
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STRUCTURE of ssDI

. 05

1
ssDI = Jv|1 + = >t 5 + T TN +-

+2]1xk

ﬁ THE SOUTHERN AFRICAN INSTITUTE
w SIS OE MINING AND METALLURGY

FRICAN NATIONAL INSTITUTE OF ROCK ENGINEERING



Computation of ssDI

Metric Count mean Std Min Lower Median Upper Max
quartile quartile
ssDI 110 12.96 12.12 12.12 32 37.4 49.4 69
o P D

sreree @ ssDI Values
£ - - 60
§ 815500 ® ig
> o @ @ 30

815250 ’ > - N

® s
e @

815000

256000 257000 258000 259000 260000 261000
X Coordinate

Spatial Distribution of ssDI at different Geological Points within the Mine Pit Areas (110 blasts)



Testing and validation of ssDI

1 Pearson correlation test between ssDI, existing RMR

values and corresponding fragmentation results
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fragmentation

Pearson Correlation matrix

Correlation
By
0.5

0.0

. _0-5
-1.0
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O Violin plots
[ 2D Kernel density

] Pearson correlation analysis

(] Feature Importance
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2d Kernel
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Correlation Heatmap

driled holes  -0.04 0.06 -0.13 -0.1 -0.07
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Correlation
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Feature

Feature Importance

Feature Importance Random Forest

DI-
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charged holes -
drilled holes -
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Results from

2D Kernel density plots

Pearson Correlation Matrix

sarameter selection

RMR, ssDI, burden , hole diameter,
hole accuracy , powder factor

ssDI, RMR, burden , hole depth,
spacing, stemming , charge length

Feature Importance (XG BOOST and ssDI, RMR drilled holes, hole depth
Random Forest )

, hole accuracy, stemming
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Final Model Input Parameters

(J Stemming, burden, spacing, hole diameter, hole depth,
ssDI, RMR, hole accuracy, & powder factor.

(J Stemming to hole depth ratio ; Burden to spacing ratio
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IModel Selection

Model Key Features Algorithm Hyperparameters
Random Handles complex, nonlinear Y =£ZZ—0 it =Yt (ntree=1000);interaction terms,
Forest relationships and large datasets P Polynomial features + Recursive

teature importance

Support Captures nonlinear interactions  Min _| |[W| |2 subject epsilon =0, c= 8, gamma = 0.5.

Vector using kernel methods to I_ Wi Ab) [<e Linear kernel + polynomial

Regression teatures.

(SVR)

XG BOOST  Iteratively optimizes weak learners Obj = L(yi, yi) +  cross validation (best of rounds),
with regularization Zf:-l 2(fk) polynomial features + interaction

terms + logarithmic
transformation
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Predicted Values
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Support Vector Regression Model
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Random Forest Perfomance Summary
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Predicted Values
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XG BOOST Model Perfomance

Summary
7.5
D Variable
% 5.0 - Test
= Train
2.5

&
W Q

Metric
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[J Geological discontinuities significantly influence blast
fragmentation behavior.

[J Crucial need for site specific geological indices (ssDI).

[J ssDI strongly correlates negatively with fragmentation
outcomes.

@SANIRE

SGUTH AFRICAN NATIONAL INSTITUTE OF ROCK ENGINEERING



[J XGBoost achieved near-perfect fragmentation
prediction accuracy

() Integration of geological data in ML models
enables accurate fragmentation prediction

(] Adaptive blast design strategies to align with site
specific geological constraints
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