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Testing sample representivity using
particle size distribution

by R.C.A. Minnitt!, P. Minkkinen®

Abstract

Particle size distribution analysis is important to many industries for assessing product quality,
process efficiency, and compliance with contractual standards, while ensuring sample accuracy,
and representativeness. Inaccurate particle size distribution results, arising from fines due to
excessive handling can lead to penalties and buyer-seller disputes. A non-representative particle
size distribution means samples will not accurately represent the chemical components either.
Sampling blasthole cuttings poses challenges due to large material volumes, segregation, and
uneven settling of particles in dense gold bearing ores. Commonly used sampling methods, such
as spear or sectoral sampling, may lack representativeness. Particle size distribution analysis is
crucial for evaluating sampling methods by comparing test sample representativeness against a
reference standard derived from multiple particle size distribution analyses. Acceptable samples
must fall within the 97.5% confidence intervals of the standard; deviations analyses lying outside
these boundaries indicate a strong likelihood of segregation errors. A case study demonstrates
this approach by using a 6.005 kg benchmark sample to assess two additional samples (1 kg and
5 kg), highlighting particle size distribution’s role in detecting sampling errors and refining
protocols. An example of three test samples collected from reverse circulation drill cuttings
compared to a standard reference sample is presented to illustrate a quality assurance/quality
control procedure for reverse circulation drilling.
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Importance of particle size distribution in sampling

Analysis of particle size distribution (PSD) is essential in industries for evaluating product quality,
assessing process efficiency, ensuring compliance with contractual terms, validating sampling system
accuracy, and confirming sample representativeness (Pitard, 2019). Accurate PSD results are critical for
decision-making in industries reliant on granular material processing. Contracts may impose penalties
on specific granulometric classes that could disrupt process operations. For instance, penalties for
fines necessitate avoiding breakage during sample extraction, as this can artificially produce fines and
introduce a positive bias in PSD analysis. Excessive handling operations, such as loading, unloading, and
sampling, further exacerbate biases in commodities like coal, coke, iron ore, manganese ore, bauxite, and
alumina, creating conflicting perspectives between sellers and buyers regarding material quality.

Ensuring a representative sample of the size distribution in a lot is paramount. According to Pitard
(2019), if a sample is not representative of the size distribution, it cannot accurately represent any other
characteristic. A fundamental rule is that “a sample mass that is too small to justly represent all size
fractions cannot provide a sample representative of anything else” (Pitard, 1993; 2019). Segregation,
inherent in lots with significant size variation, must be minimised through unbiased sampling methods
that yield replicate samples closely aligned with the standard PSD. Proper sampling processes are
essential to mitigate segregation and delimitation errors, especially in a case such as sampling blasthole
cuttings.

Sampling blasthole cuttings involves unique challenges due to the high mass of material, which
can reach several tonnes, and the effects of segregation and delimitation errors. In vein-type ores with
high density mineralisation, such as gold and base metal sulphides, these challenges are pronounced
as cuttings settle unevenly around the drill string. Sampling methods like spear or sectoral sampling,
although commonly used, often fail to ensure representativeness. Accurate sampling requires attention
to the depth and uniformity of material collection, particularly in the first few metres of drilling, where
cuttings are minimal and often contaminated with sub-drill material.
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A typical procedure for sampling drill cuttings involves laying
a tarpaulin around the hole to prevent ground contamination and
using triangular sectoral trays to collect samples continuously over
a 3-metre drill depth. For a 200 mm drill hole, this depth produces
approximately 270-300 kg of cuttings, from which 35-40 kg is
collected and split into two 5 kg samples for PSD and chemical
analysis. These samples are compared to ensure consistency and
representativeness. A typical PSD for two samples of drill cuttings
0.02-17000 microns showing maximum volume for fragments of
2466 microns (2.47 cm) is shown in Figure 1.

Accurate representation of particle size distribution in
sampling

An accurate particle size distribution (PSD) measurement

ensures that the sample truly reflects the bulk material’s size
characteristics—critical because if PSD does not accurately
represent the size distribution, it cannot accurately represent
anything else. In pharmaceuticals, incorrect PSD alters drug
performance; in mining, it reduces recovery rates. However,
achieving accuracy is challenging due to grouping and segregation,
where particles separate by size during handling.

Proper sampling techniques are essential to minimise bias.
Incremental sampling collects material from multiple locations,
while coning and quartering homogenises samples. Analytical
methods must match material properties: Laser diffraction suits
high-throughput analysis, dynamic image analysis captures particle
shape, and sieving remains reliable for coarse fractions. Statistical
validation, including confidence intervals and percentile metrics
(D10/D50/D90), confirms whether results align with reference
standards.

The financial liabilities and compromised operational efficiency
arise due to non-representative sampling, and inaccurate PSD
analysis. For example, contractual penalties may be imposed
if product specifications (e.g., fines content <10%) are violated
due to biased sampling. In iron ore trading, a 1% deviation from
contracted PSD can trigger penalties exceeding USD1 million per
shipment (Pitard, 2019). Under-sampling of coarse gold bearing
particles because of incorrect PSD data leads to suboptimal grinding
or inadequate liberation, reducing recovery rates by 5%-15%
(Minkkinen et al., 2015). In 2018, losses of USD2.5 million,
attributed to misrepresentation of PSD from spear sampling, led to
costly arbitration regarding bauxite shipment quality (Pitard, 2019).
Non-compliance with airborne coal dust standards may incur fines
if PSD underestimates fines generation.

Particle Size Distribution for different sampling methods
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Figure 1—Typical PSD for drill cuttings 0.02-17000 microns showing

maximum volume for fragments of 2466 microns (~2.47 cm)
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PSD analysis is instrumental in evaluating sampling methods.
For instance, the representativeness of spear and sectoral sampling
can be tested against a reference standard compiled from PSD
analyses of ten or more samples collected from multiple cones
around geologically similar blast holes. Upper and lower 97.5%
confidence intervals (CIs) for the reference standard establish a
framework for comparison. A sample’s mass fractions must fall
within these CIs to be deemed acceptable. Significant deviations
indicate that segregation errors affect the representativeness
of the sampling method (Pitard, 1993; 2019). Reliable PSD
demands unbiased sampling, appropriate instrumentation, and
statistical rigor. By adhering to best practices, industries can avoid
financial losses, ensure compliance, and maintain quality control,
underscoring PSD’s vital role in material science and industrial
applications.

A case study by Minkkinen et al. (2015) highlights the
application of PSD analysis in assessing sampling methods. A 6005 g
standard sample taken with a new device served as the benchmark.
Two additional samples, weighing 1 kg and 5 kg, respectively, were
compared to the standard. This comparative analysis demonstrated
the utility of PSD in identifying sampling errors and improving
sampling protocols.

Derivation of constitutional heterogeneity and related
equations

A variety of methods exists by which the relative sampling variance
may be derived, including the approach provided by Gy (2004),
which reflects real-world complexity. This derivation quantifies the
heterogeneity contribution (h;) of every fragment i in the lot to the
variance based on the deviation of grades (a;—ar), and the mass ratio
(Mi/(M;), as shown in Equation I:

_ (ai—a)) M;
hi B ar, M, [1]

While the mean of all ; is zero, the variance is:

2 2
2 _ (uzan)” . (M
nE = (2 (%) 2]
The dimensionless number £; with a mean of zero, was central
to Gy’s (2004) first “equiprobable” model for the sampling variance
as early as 1950, and led to the definition of the constitutional

heterogeneity CH, of the lot, defined as the variance of h; in the
population of NF fragments comprising the lot:

CHy = 02(h) = 3-S:h} 3]

This parameter can only be rarely estimated so it is replaced
by using the idea of fragment heterogeneity via the heterogeneity
invariant (HIL) or intrinsic heterogeneity (IHr), which is far easier
to define (Gy, 2004; Pitard, 2019). This accounts for the intrinsic
fragment variability and quantifies the relative sampling variance,
which sums the squared deviations of individual fragment grades
(i) and masses (M;) from the lot average:

M (ai—a)® Mf
HI, = CHy 32 = Ty gty [4]

Where ar and M are the grade of the lot and the mass of the lot,
respectively. This approach addresses non-uniform, real-world ores,
for complex lots affected by clustering and variable liberation and
which leads to Gy’s formula, on (as) = %
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In many industries, analysing the particle size distribution of a
material is a critical factor because it helps evaluate product quality,
measure process effectiveness, ensure compliance with contractual
agreements, verify sampling system precision, and confirm that
collected samples accurately represent the material (Pitard, 2019).
Pierre Gy (1992; 1998) derived an equation, which can be used to
estimate the relative variance of the fundamental sampling error
(FSE) from the mass fractions of each size fraction, as determined
by PSD analysis. The heterogeneity invariant (HI) represents the
relative variance of the FSE for a unit mass sample, typically 1 gram.
A full derivation of the formula for HI;, provided by Pitard (2019), is
not repeated here, but his formula is shown in Equation 5:

1
Hi,=f"-p (a_L - 2) dic + Dy dR 101y (5]

Minkkinen et al. (2015) modified this formula, as shown in
Equation 6, to provide an acceptable estimate of HI by a standard
sieve analysis for each size class i.

1
HI; = (Z - 2) Vipi + Xt 1 Vipi [6]

where

i = the size class

a; = mass fraction of size class i

v; = average particle size in class I (this should be d;) is estimated
from the sieve openings; f is the particle shape factor (default is 0.5
for irregular particles)

pi = density of particles in size class i.

Given HI;, s%rsg can be estimated for different sample sizes to be
sieved from the test material using Equation 7:

o el L)
Skse = HI; (ms — (7]
where

ms = sample mass to be sieved

my, = mass of the lot from which the sample is taken.

If the sampling method is unbiased and effectively minimises
segregation effects, the FSE error variance (s2psg) of replicate
samples should be close to that obtained for the standard by using
the above equations. It is also possible to calculate a confidence
interval for a given size distribution; the relative difference for
each mass fraction (a;) for each size fraction of the test sample
should lie within the confidence limits of a standard sample. If the
PSD sample is supported by determination of silicate or elemental
composition, the correlation between size classes can be investigated
using principal components analysis (PCA). These methods provide
a way of determining if a given sampling method or technology
is extracting a correct, and therefore representative sample.

Where it can be shown that the samples taken are representative
of the original lot, and the method can be applied in practice and
confidence intervals can be calculated for a given size distribution.

The average volume of fragments between two screens is given
by Equation 8:

:d?lower [8]

3
vi — fy, di upper
where f; is the shape factor; a default value of 0.52 should be used;
the average fragment mass per class interval is the product of the
density and v;.
The nominal fragment size is calculated slightly differently using
Equation 9.
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_ 3 d?upper"'dislower
i = > 9]
It is important to note how heterogeneity invariant (HI), the
constitution heterogeneity (CH;), and the variance of the FSE (s2rsg)
are related, as shown in Equations 1, 2 and 3; when m; is much less
than m:
HI;

—Z =
CHi_SFSE_?S

myp > mg [10]

If the sample forms a significant part of the lot from which it
is taken, then a correction must be made in estimating the sample
variance.

CH; = sfsg = HI, (== - =)

= Spen = A = (11]

If the primary sample my is taken from a lot of size my, and
sample my, is taken from the primary sample, and sample m; is
taken from the secondary sample and then sieved, the variance of
this three-step process, if the size distribution is not changed, is:

101 1 1
CHrotar = HI; (= — m—L) +HI (= — =) +

5 s2 Mgy

Hlj (= - =) = HI; (== - =)
Ms3 Mgz Mgz My

The constitution heterogeneity (CH;) is the relative variance of
the sampling error, scaled by sample and lot sizes, and the relative
standard deviation (s;) converts CH; to standard deviation for size
classes, s as follows:

Syri = w,CHi [13]

If the relative standard deviation is given in percentages, s;i
should be multiplied by 100. The fundamental sampling variance
s%kse gives the variance of an ideal sampling process, i.e., the
material of the lot is a random mixture of its constituents, and
the sampling process is correct. If there is segregation in the
lot or sampling devices are not correctly designed or operated,
experimental variances will be larger than those calculated from
the equation for HI; and relative difference of a; will be evident.

Practical applications allow the uncertainty in the results to
be estimated using the absolute standard deviation to calculate and
plot confidence intervals for different size fractions. Approximate
confidence intervals CI for the size fractions is shown in Equation
14.

CIi =aq; i k X Sy [14]

[12]

Where g; is the mass fraction, k is the coverage factor of 1.96,
giving 95% and 3.0, giving 97.5% confidence intervals and s, is the
standard deviation.

The confidence intervals for mass fractions are derived from
the relative standard deviation (s;), which is itself a function of the
constitution heterogeneity (CH) and heterogeneity invariant (HI).
Beginning with Equation 1, CH is defined as the scaled sampling
error variance (Equation 6). For a 97.5% CI, the interval width is
k x s, where k = 1.96 (or 3.0 for 99.7% CI, Figure 2). Here, s, = CH;
(Equation 13), directly linking HI (Equation 5) to the practical
uncertainty bounds. This chain of dependencies ensures that the CIs
reflect both the intrinsic heterogeneity (HI) and sampling process
(CH).

Multivariate analysis via principal components analysis
(PCA)
Where PSD data are supplemented by compositional assays

(e.g., SiO, or Au content), principal components analysis (PCA)
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can identify correlations between size classes and chemical
heterogeneity. For example, in gold ores, PCA might reveal that +2
cm fragments correlate with nuggety gold, while fines dominate
silicate-rich fractions. Such analysis helps validate whether PSD
representativeness extends to compositional representativeness. A
case study by Pitard (2019) demonstrated that PCA of paired PSD
and assay data reduced sampling bias by 30% in iron ore processing.

Testing sample efficiency with particle size distribution

The efficiency of two different sampling methods was tested by
Minkkinen et al. (2015), the results of which are shown in Table 1.

Table 1 provides a linear sequence of calculations, including
the nominal fragment size, the mass fraction (a;), the heterogeneity
invariant (HI, Equation 5), and the fundamental sampling error
(CH, Equation 11), the standard deviation (s, %, Equation 9), and
the lower and upper confidence limit calculations for the reference
standard. The average fragment mass per size fraction (vi*density),
total mass of fragments, and the average number of fragments in
each of the six size classes sieved from the 6005 g standard sample
are shown in Table 2.

The sampling variance of a particle mixture is a function of the
number of the analyte particles in the sample. When the particle
size is reduced, the number of fragments rapidly increases and, as
aresult, HI decreases (Table 2). If a reliable result for the coarsest
fraction in the sample is necessary, then the number of the analyte
particles determines the minimum sample size that should be used.

Confidence intervals and their significance in mass fraction
analysis

A confidence interval (CI) is a range of values, derived from a
dataset, that is likely to contain the true value of the mean with a

specified level of confidence and provides a measure of uncertainty
associated with a sample estimate. The 95% confidence interval used
here means that for multiple repetition of sample analyses, 95% of
the calculated means would contain the true value. In the context
of PSD, which measures the proportion of a specific size fraction
in a sample, confidence intervals are used to estimate precision by
determining how accurately the measured mass fraction represents
the true value in the standard sample. Confidence limits provide

a framework in which reliability and repeatability of sampling
methods can be determined and provide a visual means of
identifying statistically significant differences between sampling
methods.

In quality assurance and quality control (QA/QC), confidence
intervals can highlight whether the variation in measured mass
fractions is within acceptable limits. CIs provide a quantitative
way to quantify the uncertainty in mass fraction estimates. Narrow
intervals indicate high precision, while wide intervals suggest
greater uncertainty. Confidence intervals support informed
decisions about material quality, compliance with specifications, and
production adjustments. Where relative differences between mass
fractions lie within the limits for the standard, there is no significant
difference between sampling methods, whereas points lying outside
the limits indicate a statistically significant difference. Wider
confidence intervals often result from small sample sizes (Table 1)
and this insight can guide the requirements of minimum sample
mass and the design of sampling protocols to improve accuracy.
ClIs can reveal systematic biases in measurements, especially when
comparing duplicate samples or different sampling methods.

In summary, confidence intervals are critical in mass fraction
analysis for understanding the precision, reliability, and statistical
significance of analytical results of different sampling methods.

Table 1
Results from calculating the heterogeneity invariant (HI), constitution heterogeneity (CH), and relative standard deviation (s;) from
sieving results of the standard 6005 g sample from a 50 kg lot. Shape factor f = 0.5 and density 3.2 g/cm3 were assumed
(after Minkkinen et al., 2015)
d1(cm)|d2 (cm) d(nominal)| vi(cm3) |Sievedmass(g)| ai |Sum(r*d*ai)| HI(g) | CH(S2FSE) | sr (%) | Upper 95% Cl| Lower 95% Cl
1.5 0.8 1.248 0.972 302.7 0.050 [ 0.156734 |55.475| 0.00877 |(9.37% 59.07 -59.07
0.8 0.2 0.638 0.130 744.5 0.124 ( 0.051581 | 2.523 | 0.00037 [1.92% 32.47 -32.47
0.2 0.1 0.165 0.0023 460.0 0.077 [ 0.000552 | 0.080 | 0.0000122 |0.35% 5.84 -5.84
0.1 0.05 0.083 0.000281 671.9 0.112 | 0.000101 | 0.006 | 0.0000009 |0.10% 2.49 -2.49
0.05 | 0.025 0.041 0.0000352 1095.6 0.182 [ 0.000021 | 0.000 | 0.0000001 |0.02% 1.31 -1.31
0.025 0.01 0.020 0.00000416 2729.9 0.455 | 0.000006 | 0.000 | 0.0000000 |0.00% 0.80 -0.80
Totals 6004.576  11.0000] 0.2090
Table 2
Average fragment mass, total mass, and number of fragments in each size class in the 6005 g sample that is used
as a reference standard (after Minkkinen et al., 2015)
d1(cm)|d2(cm)|d (nominal)| vi(cm3) | Mass in size fraction (g) | Fragment mass (g) | Av. No. of fragments| HI (g)
1.5 0.8 1.248 0.972 303 3.110 97.3 55.475264
0.8 0.2 0.638 0.130 745 0.416 1789.7 2.523057
0.2 0.1 0.165 0.002 460 0.0072 63892.8 0.079579
0.1 0.05 0.083 0.0002813 672 0.0009 746536.7 0.006243
0.05 | 0.025 0.041 0.0000352 1096 0.0001125 9738604.4 0.000392
0.025 | 0.01 0.020 0.0000042 2730 0.0000133 205255864.7 0.000003
Total 6005
» 512 SEPTEMBER 2025 VOLUME 125 The Journal of the Southern African Institute of Mining and Metallurgy
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The 99.75% upper and lower confidence limits for the mass
fraction (a;) in Table 3 for the 1 kg and 5 kg samples are calculated
using Equation 15:

Upper and Lower CI = a; +3 X s; [15]

Table 3 shows the confidence intervals for the mass fractions
(@) in each size fraction for the reference standard as well as for 1 kg
and 5 kg tests samples, calculated using the experimental HI values
(Equation 1). Confidence intervals of the 1 kg and 5 kg samples can
now be placed in the framework for the standard sample, as shown
in Figure 2.

The 3 upper and 3 lower confidence intervals for the reference
standard (Table 3, columns 4 and 5), calculated using Equation 12
are plotted against the nominal fragments size (mm) as shown in
Figure 2 and form an important starting point for the Minkkinen et
al. (2015) analysis.

Relative Dif ference (Rel Diff) = % [16]

The upper and lower confidence intervals for the 1 kg and 5 kg
test samples are plotted as points which all lie between the CIs of
the reference standard, indicating that they are acceptable and thus
representative of the PSD derived by the test methods.

The calculated confidence intervals for the replicate samples
lie well within the limits for the standard sample, indicating that
despite the significant size distribution between the samples and the
reference standard, the sampling method tested for sample masses
of different sizes is correct and unbiased, and therefore able to
minimise segregation.

Minimum sample size for a given precision requirement

The minimum sample size for precision to achieve a desired relative
standard deviation s; (for an ideal mixture and sampling system) is
given by Equation 17.

___H
. [17]

The calculations assume ideal conditions. Factors like
segregation, incorrect sampling equipment, and approximation of
particle properties can introduce errors. Results outside confidence
intervals suggest sampling or material issues. If fewer than 16
fragments from the coarsest fraction are included, symmetric
confidence intervals are invalid. To account for uncertainties,
double the theoretical minimum sample size and reducing sample
size requires combining multiple increments to minimise errors.

=e=U3s Cl (Standard) =e=L3s C (Standard) ® U3sCl(lkg) @ L3sCl(lkg) @ U3sCl(Skg) @ L3sCl(Skg)
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Figure 2—Upper and lower 99.7% confidence intervals of a; for the 6005 g
reference standard (blue lines) and two test samples (1 kg and 5 kg) versus the
nominal fragment size (mm)

By applying these principles, one can evaluate and improve

the reliability of sampling processes for size distribution and
compositional analyses. Table 4 shows the sieve results obtained
from one of the experimental drill holes.

Table 4 shows how the theoretical minimum sample size
depends on the required uncertainty of sampling given as the
relative standard deviation: 1%, 5%, and 10%. It quantifies the
precision-cost trade-off by demonstrating how the minimum
sample mass (1) scales nonlinearly with the desired precision
(sr(req)). For instance, reducing s, from 10% to 1% requires a 100-
fold increase in m; (Equation 13). This sensitivity is critical for cost-
benefit decisions. Sample sizes were calculated for two different lot
sizes: 200 kg (sample taken from a pile) and from a lot much larger,
about 20 t, than the sample (primary sample taken from a large
target). Where high precision is required, as in compliance testing, a
147 kg sample is required for 1% s, in the coarsest fraction (Table 4).
For less demanding precision such as exploration sampling a 10%

s, may suffice, allowing smaller samples (1.47 kg). The exponential
relationship (Figure 3) underscores the trade-off between precision
and operational feasibility. The changes in sample mass for a change
in nominal fragment size are shown in Figure 3.

Example for a complete particle size distribution

A set of PSD data was obtained as a standard bulk composite sample
from cuttings in a cone around a blast hole, as shown in Table 5. The
performance of another three samples SAMPLE 1, SAMPLE 2, and
SAMPLE 3, collected in adjacent blast holes was compared against
this standard.

Table 3
Nominal top size (d;), mass fraction (4;), and the upper and lower 3s confidence intervals for the reference standard, the 1 kg test sample,
and the 5 kg test sample
97.5% Confidence Intervals
NFS (mm) | Mass fraction Standard deviations (S,.) Reference standard | 1kg test sample| 5kg test sample
d (nominal)| ai(Standard) |Ref Standard 1kg sample 5kg sample| lower upper lower | upper | lower upper
Column 1 2 3 4 5 6 7 8 9
1.248 0.05 0.0941 0.01173 0.0050 -0.2322 0.3322 0.0148 | 0.0852 | 0.0349 0.0651
0.638 0.123 0.0209 0.00639 0.0027 0.0604 0.1856 0.1038 | 0.1422 | 0.1148 0.1312
0.165 0.076 0.0091 0.00128 0.0006 0.0487 0.1033 0.0722 | 0.0798 | 0.0744 0.0777
0.083 0.111 0.0083 0.00161 0.0007 0.0861 0.1359 0.1062 | 0.1158 | 0.1089 0.1131
0.041 0.181 0.0079 0.00258 0.0011 0.1573 0.2047 0.1733 | 0.1887 | 0.1777 0.1843
0.020 0.451 0.0065 0.00643 0.0028 0.4316 0.4704 0.4317 | 0.4703 | 0.4427 0.4593
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Table 4
Sensitivity of sample mass to precision requirements; lot sizes are mL >> m; and mL = 200 kg. All masses are in
grams
is, s, =1% s, =5% s, =10%
HI (g) 1% (m >>m, | 1% (m =200kg) | 5% (m >>m | 5% (m =200kg) | 10% (m >>m, | 10% (m,=200kg)
56.180 558661 147493 22422 20202 5618 5465
2.757 27562 24230 1103 1097 276 275
0.288 2880 2839 115 115 29 29
0.214 2140 2117 86 86 21 21
0.208 2080 2059 83 83 21 21
0.207 2070 2049 83 83 21 21

Table 5
Calculated values for nominal fragment size, mass fraction (aj), s2rsg, and 99% confidence intervals for a reference standard PSD
Nominalfragment size (mm) | STANDARD
Upper Lower Nom .
SEraEn SEreen Fragment Sieved mass Mass i Rho*ai*vi HI CH (SZFSE, sri (%) Upper 99% | Lower 99%
size Size Size (d) (g) fraction a Cl Ci
10 8 9.110 0.14 0.000 378.000 | 0.57734 [2531848.242| 8554.49796 | 92.49 | 277.472 | -277.471
8 6.3 7.250 1.86 0.006 190.512 | 3.83609 | 95675.314 | 321.38285 | 17.93 53.788 -53.775
6.3 4 5.395 4.09 0.014 78.512 | 3.47106 | 17692.318 | 58.98030 7.68 23.053 -23.026
4 2 3.302 7.78 0.026 18.000 | 1.51581 | 2083.602 6.85799 2,62 7.883 -7.830
2 1.4 1.751 12.56 0.042 2686 | 0.36496 | 195.263 0.63204 0.80 2.427 -2.343
1.4 1 1.232 15.21 0.051 0.936 0.15398 62.301 0.19977 0.45 1.392 -1.289
1 0.71 0.879 17.75 0.060 0.339 | 0.06520 25.957 0.08248 0.29 0.922 -0.802
0.71 0.5 0.623 20.35 0.069 0.121 | 0.02658 14.872 0.04681 0.22 0.718 -0.580
0.5 0.355 0.439 22.97 0.078 0.042 | 0.01055 11.505 0.03587 0.19 0.646 -0.491
0.355 0.25 0.311 25.57 0.086 0.015 | 0.00417 10.490 0.03240 0.18 0.626 -0.454
0.25 0.18 0.221 28.17 0.095 0.005 | 0.00163 10.174 0.03112 0.18 0.624 -0.434
0.18 0.125 0.157 30.71 0.104 0.002__| 0.00065 10.076 0.03052 0.17 0.628 -0.420
0.125 0.09 0.110 33.39 0.113 0.001 | 0.00024 10.043 0.03012 0.17 0.633 -0.408
0.09 0.063 0.079 35.92 0.121 0.000 0.00010 10.033 0.02980 0.17 0.639 -0.396
0.063 0 0.050 39.35 0.133 0.000 | 0.00003 10.029 0.02939 0.17 0.647 -0.381
295.83 1.00 10.03
—e— 1% (mL>>ms) 5% (ml>>ms)  —e—10% (ml>>ms) size fraction is calculated using Equation 9, and the volume of
—e— 1% (mL=200kg) 5% (mL=200kg) —e—10% (mL=200ke) each size fraction v; (column 6) is calculated using Equation 8. The
1000000 mass fraction, a; is the proportion of the mass of the size fraction
. relative to the total sieved mass (295.83 g). The sum of the product
%’ 100000 density, nominal size, and mass fraction for each mass fraction is
2 calculated (10.03 g), a value that is substituted into Equation 1 to
‘S 10000 . . . . -
T give the HI for each size fraction, and from which the constitution
§ 1000 heterogeneity (CH), and the relative variance of the sampling
© error (s2psg) is calculated, using Equation 11. The relative standard
s 100 deviation s, (%) is then calculated using Equation 9 and the upper
_E- 99.7% and lower 99.7% confidence intervals (columns 11 and 12)
kS 10 can be calculated, and are plotted as the upper and lower 99.7%
confidence intervals forming the framework against which any
1 samples can be tested. The data for the three test samples, SAMPLE
0.000 0.200 0.400 0.600 0.800 1.000 1.200 1.400

Nominal fragment size (mm)

Figure 3—Minimum sample size for the range of nominal fragment sizes
used in this example

The data in Table 5, columns 1, 2, and 4, the two screen sizes,
and the sieved mass (g) are typical results for a reference standard
PSD analysis. The primary data are the upper and lower screen
sizes used (columns 1 and 2), and the sieved mass is that retained
on top of each screen. The nominal top size (column 3) for each
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1, SAMPLE 2, and SAMPLE 3, are listed in Table 6.

The relative difference between the mass fractions of the
reference standard (Table 5) and the three test samples, is calculated
using Equation 16 and is shown for SAMPLE 1, SAMPLE 2, and
SAMPLE 3, in column 8 of Table 6. These values are plotted against
the confidence intervals of the standard, as shown in Figure 4.

Comparison of the mass fraction at different size fractions of
the sample against the 3 times confidence intervals for the standard
indicates that these lie well within the limits of the standard and
suggests that the PSD of the test samples is acceptable, with the
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Table 6
Calculated values for nominal fragment size, mass fraction (a;), s2gs, the standard deviation sri (%), and the
relative difference of mass fractions for the three tests samples SAMPLE 1, SAMPLE 2, and SAMPLE 3
Nominal fragment size (mm) SAMPLE 1
Upper Screen | Lower Screen Sieved Mass 2 . ;
Size (d1 mm) | Size (d2mm) NES {d) mass(g) | fraction ai GHisee) [ STIGH) hesBiit
2.000 1.400 1.751 16.1 0.052 0.47250 0.69 0.2157
1.400 1.000 1.232 16.9 0.054 0.16787 0.41 0.0540
1.000 0.710 0.879 18.4 0.059 0.06732 0.26 -0.0170
0.710 0.500 0.623 23.6 0.076 0.03084 0.18 0.0999
0.500 0.355 0.439 23.1 0.074 0.02266 0.15 -0.0464
0.355 0.250 0.311 24.1 0.077 0.01953 0.14 -0.1061
0.250 0.180 0.221 27.9 0.089 0.01819 0.13 -0.0605
0.180 0.125 0.157 35.6 0.114 0.01736 0.13 0.0994
0.125 0.090 0.110 32.5 0.104 0.01749 0.13 -0.0768
0.090 0.063 0.079 30.3 0.097 0.01759 0.13 -0.1999
0.063 0 0.050 46.5 0.149 0.01657 0.13 0.1209
295.00
Nominal fragment size (mm) SAMPLE 2
Upper Screen | Lower Screen Sieved Mass g :
Size (d1mm) | Size (d2mm) WF=41) mass (g) | fraction ai CH(S%rse) | - sri (%) BeLRj
2 1.4 1.751 12.4 0.0423 0.5490 74.10% 2.0622
1.4 1 1.232 17 0.0580 0.1326 36.41% 1.2040
1 0.71 0.879 18.6 0.0635 0.0431 20.77% 0.4945
0.71 0.5 0.623 24.1 0.0822 0.0111 10.54% 0.5995
0.5 0.355 0.439 22.3 0.0761 0.0043 6.56% 0.2677
0.355 0.25 0.311 26.6 0.0908 0.0012 3.49% 0.3193
0.25 0.18 0.221 21.3 0.0727 0.0006 2.40% -0.0643
0.18 0.125 0.157 28 0.0955 0.0001 1.21% 0.1052
0.125 0.09 0.110 30.9 0.1054 0.0000 0.67% 0.1072
0.09 0.063 0.079 35.1 0.1198 0.0000 0.37% 0.1535
0.063 0 0.050 43.5 0.1484 0.0000 0.16% 0.3150
279.80
Nominal fragment size (mm) SAMPLE 3
Upper Screen | Lower Screen Sieved Mass . .
Size (d1mm) | Size (d2mm) HEs{d) mass (g) | fraction ai CH("rse) | s (%) Redliff
2 1.4 1.751 7.6 0.026 0.944116 97.17% 0.8666
1.4 1 1.232 12.3 0.042 0.193231 43.96% 0.5860
1 0.71 0.879 15.9 0.054 0.052097 22.82% 0.2707
0.71 0.5 0.623 22 0.075 0.012489 11.18% 0.4522
0.5 0.355 0.439 229 0.078 0.004173 6.46% 0.2948
0.355 0.25 0.311 277 0.094 0.001159 3.40% 0.3664
0.25 0.18 0.221 24.1 0.082 0.000494 2.22% 0.0530
0.18 0.125 0.157 33.1 0.112 0.000117 1.08% 0.2994
0.125 0.09 0.110 29.7 0.101 0.000047 0.68% 0.0584
0.09 0.063 0.079 36.8 0.125 0.000013 0.36% 0.2028
0.063 0 0.050 56.6 0.192 0.000002 0.13% 0.7017
288.70
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Relative Difference versus Nominal Fragment Size

=== Upper99% C| =e=—Lower99% Cl @ SAMPLE1 A SAMPLE2 ¢ SAMPLE3
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-2.000
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Figure 4—Relative difference of the three test samples SAMPLE 1 (red
circles), SAMPLE 2 (yellow triangles), and SAMPLE 3 (green diamonds),
compared to the upper and lower 99% confidence intervals for the standard
(blue lines) showing the test samples have a slight overall positive bias
relative to the standard and greater variability in the smaller fragment sizes

conclusion that the three test samples of blast hole cuttings may be
considered representative of the lot. It should be noted that the CIs
widen considerably for size fractions over 1.75 cm (Table 6, columns
11 and 12 for size fractions > 1.75 cm), so data from this section of
the analyses have not been plotted in Figure 4.

Best practices for field sampling

To ensure representative PSD analysis while minimising financial
and operational risks, the field sampling protocol should minimise
excessive handling and transfers to avoid generating fines and

a biased PSD. The use of conveyor belt samplers or automated
dividers (e.g., rotary splitters) instead of spears or grab sampling

is recommended (Minnitt, 2024; Trottier, Dhodapkar, 2012). For
blasthole cuttings, one should collect increments directly from the
drill stream to avoid segregation (Dominy et al., 2018). In terms

of the number of increments and the sample mass, Gy (1992)
recommends 230 increments per lot to mitigate segregation and
grouping errors, while for highly heterogeneous gold ores it is
recommended to use Equation 13 to calculate minimum sample
mass (see Table 4). The use of crushers and splitters should be
calibrated and validated for consistency using certified reference
materials, while field samples should be compared against a cone-
quartered bulk standard to detect segregation. Paired PSD and assay
checks using PCA for size and chemical correlations should be used
to validate representativeness, monitor confidence intervals (Figure
2), and flag outliers (>97.5% CI) for re-sampling.

Conclusions

Confidence intervals (Cls) are essential for evaluating the precision
and reliability of PSD analyses in sampling methods. Upper and
lower 99% Cls mean that repeated analyses would capture the true
mean 99% of the time and provide the framework to compare test
samples against a reference standard. The PSD-derived Cls indicate
whether mass fractions of test samples fall within acceptable limits,
identifying potential segregation errors.

The study by Minkkinen et al. (2015) applies PSD analysis
to assess sampling methods, using a 6005 g standard sample as
a benchmark. Two test samples of 1 kg and 5 kg were compared
within the standard framework, and their confidence intervals
fell within the reference standard’s limits, confirming their
representativeness.

A minimum sample size calculation ensures precision, with
larger samples required for lower uncertainty. Systematic biases
and variability in test samples can be identified by comparing their
relative differences against the reference standard’s CIs. The final
analysis of blast hole cuttings showed that the test samples were
within acceptable limits, except for larger size fractions (>1.75 cm),
where the widening of the Cls reduces the reliability. These findings
highlight the importance of PSD-based Cls in ensuring sample
representivity for blast hole and RC drill cuttings, to improve
sampling protocols where necessary and ensure reliable material
characterisation.
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