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ABSTRACT

Handheld X-ray fluorescence (hXRF) technology has revolutionized environmental site
assessment by providing rapid, in-situ elemental analysis. Accuracy of these devices in
complex, highly contaminated soil matrices remains questionable and validation against
laboratory reference methods remains limited. This study evaluates the performance of
an Olympus Vanta C Series handheld XRF operated in Alloy Plus mode against
laboratory-based wavelength dispersive X-ray fluorescence (WDXRF) using soil
samples from a ballistic contamination gradient at the Mirpur Cantonment firing range
in Dhaka, Bangladesh. Nine soil samples were collected across a contamination gradient
(three sites, three replicates per site). From the study, strong correlations for lead
(r=0.972; R2 = 0.945) and iron (r = 0.800) were found with significant systematic bias.

WDXRF. In this regard, lead concentrations were overestimated by hXRF about 275.7% with a

mean bias = +12.11%, likely due to limited sample size, matrix effects and spectral
interferences. Site-specific linear regression correction models were developed and
validated using Leave-One-Out Cross-Validation (LOOCV) to mitigate these biases.
Empirical correction factors resulted in an RMSE for lead that was reduced from 16.82%
to 2.72%, representing an improvement in accuracy of 83.8%. This study concludes that
empirical calibration is necessary for quantitative risk assessment, even if uncorrected
hXRF data is appropriate for delineating contamination boundaries and relative
screening. A tiered decision framework, as proposed, should guide environmental
practitioners on the integration of hXRF screening with confirmatory laboratory
analysis.

Contribution/Originality: This study contributes the first Bland-Altman-based validation of handheld XRF
against WDXRF across an extreme firing-range contamination gradient, quantifying concentration-dependent bias,
developing empirical site-specific correction factors that reduced lead measurement error by 83.8%, and proposing a

tiered decision framework for field-based contamination screening.

1. INTRODUCTION

Soil contamination due to heavy metals provides a persistent environmental and public health challenge
worldwide (Kabata-Pendias, 2011). Toxic heavy metals like lead (Pb), copper (Cu), zinc (Zn) and others accumulate
in the environment primarily through anthropogenic activities like industrial waste, mining, agriculture and legacy
contamination (Wuana & Okieimen, 2011). Conventional analytical methods like wavelength-dispersive X-ray
fluorescence (WDXRF) and ICP-based techniques are highly accurate for quantification, but the requirement of
extensive sample preparation and analysis time is a drawback (Bortivka, Vacek, & Jehlicka, 2005).

18
© 2026 Conscientia Beam. All Rights Reserved.


https://orcid.org/0009-0005-3477-4500
https://orcid.org/0000-0003-4725-4908
mailto:omiomho1@gmail.com
mailto:mosattar54@gmail.com
https://www.doi.org/10.18488/13.v15i2.5178

International Journal of Sustainable Energy and Environmental Research, 2026, 15(2): 18-34

Previously, environmental assessment or surveying required costly laboratory transport of samples. But
reducing the need for laboratory testing, handheld X-ray fluorescence (XRF) has revolutionized the in-situ
environmental assessment by rapid, non-destructive element analysis directly in the field (Kalnicky & Singhvi, 2001).
These instruments complete the assessment within seconds to minutes, utilizing energy dispersive detection systems
for analyzing multiple elements (Carr, Zhang, Moles, & Harder, 2008). The fundamental principle for both handheld
XRF and WDXREF follows Moseley’s law, where characteristic X-ray energy relates to atomic number.

1 1
E=13.6eV-(Z—0')2-(n—%—n—%) (1)

Where E is the characteristic X-ray energy, Z is the atomic number, 0 is the screening constant, and ni and nz
represent the principal quantum numbers (Beckhoff, KanngieBer, Langhoff, Wedell, & Wolft, 2006; Jenkins, 1999).
Despite widespread use, doubt remains regarding the accuracy of complex soil matrices. Wavelength dispersive
systems show greater resolution than energy dispersive systems, potentially causing spectral interferences and matrix
effects (Potts, Webb, & Watson, 1985; Shackley, 2011). Soil moisture, surface roughness, particle size and
heterogeneity are the causes of systematic errors (Rouillon & Taylor, 2016; Tighe, Lockwood, Wilson, & Lisle, 2004).

Handheld XRF has been widely used for rapid soil contamination screening. Conventional validation against
laboratory reference methods remains limited, especially across extreme contamination gradients. Previous validation
studies for handheld X-ray fluorescence (XRF) exhibit inconsistent results, highlighting the gap in methodological
standardization. But some researchers like Weindorf, Zhu, Chakraborty, Bakr, and Huang (2012) found excellent
correlation (R2> 0.90) and substantial systematic bias, especially for lead quantification, while others have identified
significant technical difficulties (Weindorf et al., 2012). For example, Shuttleworth, Evans, Hutchinson, and Rothwell
(2014) reported a systematic overestimation of lead (Pb), and Rouillon and Taylor (2016) showed that accuracy is
highly dependent on matrix-matched calibrations. Despite the existence of USEPA guidelines for handheld XRF
validation, their inconsistent implementation across the field continues to produce varied results (United States
Environmental Protection Agency, 2007).

A critical knowledge gap exists in the magnitude and concentration dependency of measurement bias, the need
to use (Bland & Altman, 1986) analysis rather than correlation alone for quantitative method agreement assessment
and the development of validated experimental correction factors to improve field measurement accuracy. Also,
evidence-based decision frameworks are lacking to guide users on when handheld XRF screening is sufficient and
when laboratory investigation is required for identifying heavy metals and risk assessment in contaminated soil.

This study focuses on the validation of handheld XRF measurements against WDXRF reference standards across
a contamination gradient, quantifying systematic bias, developing empirical correction factors, analyzing method
agreement using (Bland & Altman, 1986) analysis and establishing a practical decision framework for handheld XRF

environmental site surveying.

2. LITERATURE REVIEW

Soil contamination by heavy metals is known to be a serious problem all around the world. Kabata-Pendias (2011)
has laid out the geochemical basis for trace elements including lead, copper, and zinc in the soils (Kabata-Pendias,
2011), whereas Wuana and Okieimen (2011) have provided a comprehensive review of anthropogenic sources, which
include mining, industrial activities, agricultural practices, and historical pollution together with the remediation
techniques (Wuana & Okieimen, 2011). Firing ranges are an acknowledged source of lead and copper pollution with
sharp spatial gradients that are different from the agricultural loading. Multivariate statistical tools including PCA
allow one to differentiate between geogenic and anthropogenic sources (Borfivka et al., 2005).

Laboratory analytical methods like WDXRIF and ICP provide very accurate results and have low detection limits,
but complex sample preparation procedures and the nature of laboratory work make them unsuitable for large scale

field application. That has motivated the development of handheld X-ray fluorescence (hXRF'). The works of Kalnicky
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and Singhvi (2001) can be named as one of the first systematic reviews of field portable XRF, and the GIS-based
contamination mapping was implemented by Carr et al. (2008). Handheld and laboratory XRF devices have a common
physical basis — Moseley's law; however, the detection architecture is quite different (Beckhoff et al., 2006; Jenkins,
1999).

A common problem is the lower spectral resolution in energy-dispersive handheld instruments compared to the
wavelength-dispersive laboratory instrumentation, making the latter more susceptible to overlapping peaks and
matrix effects. The higher resolution of WDXRF over EDDXRF was confirmed by Potts et al. (1985) in relation to
trace elements (Potts et al., 1985; Shackley, 2011), who observed matrix effects due to soil moisture, organic matter,
and mineral composition affecting handheld instruments Shackley (2011). Tighe et al. (2004) added that soil moisture,
surface roughness, and variability in particle sizes were sources of systematic errors in portable XRF (Tighe et al,,
2004).

The results of validation tests are mixed. Weindorf et al. (2012) obtained a very high correlation (R* > 0.90),
together with a significant bias (Weindorfet al., 2012), a hint at early recognition of the different nature of correlation
and accuracy. Shuttleworth et al. (2014) demonstrated a systematic overestimation of lead concentrations in peatland
soils Shuttleworth et al. (2014) and Rouillon and Taylor (2016) concluded that accuracy is dependent on matrix
matching in calibration. There is a clear evolution of the field towards accuracy over the emphasis on pattern tracking
in early studies. United States Environmental Protection Agency (2007) and its soil sampling SOP (U.S.
Environmental Protection Agency Environmental Response Team, 2000) tried to address that problem, but
implementation is still inconsistent among studies.

Much of the previous literature also uses correlation and R* as the sole means of assessing agreement. It was
demonstrated by Bland and Altman (1986) that correlation is inadequate in the presence of constant or proportional
bias and that difference vs mean plots along with limits of agreement should be used instead (Altman & Bland, 1983;
Bland & Altman, 1986, 1999). This technique is rarely utilized for the hXRF soil validation. In cases when any
attempts at correction were made, OLS regression is the typical calibration method employed (Draper & Smith, 1998);
leave-one-out cross-validation is suggested for avoiding overfitting in small field samples (Hastie, Tibshirani, &
Friedman, 2009; Stone, 1974).

In conclusion, literature sources indicate that hXRF can effectively define the boundaries of contamination;
however, the concentration- and matrix-specific bias is always present in hXRF validation and cannot be quantified
with the help of correlation. The firing range soils, which include extreme concentrations and Pb-Cu-Sb mixtures are
poorly represented in the literature and there are very few cases when both (Bland & Altman, 1999) analysis and

cross-validated correction have been applied.

3. MATERIALS AND METHODS

The soil samples are collected from a contamination gradient within the Mirpur Cantonment firing range, with
three sampling points (S;, Sz, S3). The sampling points are taken in a manner of increasing distance from the primary
contamination target to capture the spatial distribution of ballistic residues (Figure 1). This sampling design is taken
to analyze the attenuation of heavy metals from high-impact firing zones to peripheral areas. Following the U.S.
Environmental Protection Agency (2002) protocol, three replicate samples were prepared from each site (n=9) at a
0-15 cm depth using stainless steel trowels (U.S. Environmental Protection Agency Environmental Response Team,
2000). The collected soil samples were air dried, sieved through 1.18 mm mesh. The cone and quartering technique
was followed to achieve homogenization. Sample characteristics and site-level Pb concentrations are summarized in
Table 1.
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Three Sampling Sites

Sample 1 Sample 2

Normal Moderate
Contamination

Dual Analysis Methods

WDXRF Handheld XRF
(Lab Standard) (Portable)
Figure 1. Study design showing three sampling sites with different contamination levels and dual
analysis methods (WDXRF and Handheld XRF).

Table 1. Sample characteristics showing site groups, locations, contamination levels, and lead concentrations measured by both methods.

Grp Sample ID Pb Level WDXRFypy, (%) Handheldp, (%)
S, S11 Clean 0 0.08
S, Clean 0 0.06
S, Clean 0 0.05
S, Sz, Moderate 12.39 33.62
S,22 Moderate 11.63 16.69
523 Moderate 11.87 17.81
S, Ss, High 27.54 54.51
532 High 28.67 60.16
S, High 28.87 46.46

For laboratory analysis, an X-ray fluorescence spectrometer, XRF-1800 wavelength-dispersive XRF from
Shimadzu, available in the Department of Nuclear Science and Engineering, Military Institute of Science and
Technology, was used for this study. To minimize size effects on X-ray attenuation, approximately 10 grams of soil
per sample were ground to <75 micrometers using a mortar and pestle. The samples were then pressed into 82-mm-
diameter pellets at 15-ton pressure with boric acid backing. WDXRF measurements were standardized using
established protocols, with calibration verified using certified reference materials. Detection limits ranged from
0.001-0.1%, depending on the element and matrix.

Handheld XRF of the Olympus Vanta C series available in the Department of Nuclear Science and Engineering,
Military Institute of Science and Technology has been used for this study. This instrument was operated in Alloy
Plus mode instead of Geochem mode, as preliminary testing has indicated superior performance for heavy metal
concentrations, which is typical for contaminated industrial soils. Alloy Plus mode provides enhanced accuracy for
lead, copper and other metals of concern in this study (Olympus Scientific Solutions Americas Inc, 2019). At 40 kV
and 35 kV excitation energies, measurements have been taken with automatic beam switching to optimize sensitivity
across the elemental range. Analysis time was 50 seconds per sample with triplicate measurements assessing
precision. Certified reference material was used for quality control every five samples.

To evaluate the agreement between handheld XRF and WDXRF measurements, statistical analysis was
performed to quantify systematic bias and develop empirical correction models. All analyses were performed using
Python 3.9 with SciPy, Scikit-learn and Statsmodels libraries (Pedregosa et al., 2011; Seabold & Perktold, 2010;

Virtanen et al., 2020). Following conventional practice in analytical chemistry and environmental science, statistical
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significance was defined as o = 0.05 for all tests, representing a 5% probability of Type I error (Miller, Miller, &
Miller, 2018).

To analyse the strength and direction of linear relationships between WDXRF and handheld XRF
measurements, Pearson correlation coefficients (r) were determined for each element. The Pearson correlation
coefficient is defined by:

500 - D0 - ) )
VIE (=02 - X (i = »)?]

Where Xx; represents the WDXRF concentrations, ¥; represents the handheld XRF concentrations, X and y

are their respective means and the summation is over all n samples (Pearson, 1896). It ranges from —1 to +1, with 0
indicating no linear relationship. Using a two-tailed t-test with n-2 degrees of freedom the statistical significance of

correlation was assessed (Rodgers & Nicewander, 1988). The test statistic is:

_ rvn-2 .
e (%)

Which follows Student’s t-distribution under the null hypothesis of no correlation. Correlation strength was

interpreted using established guidelines: |r| < 0.3 as weak, 0.3 < |r| < 0.7 as moderated and |r| = 0.7 as strong
(Cohen, 1988).

To establish calibration relationships between the two measurement methods, ordinary least squares (OLS) linear
regression models were developed. WDXRF concentration was defined as the dependent variable (y) and handheld
XRF concentration as the independent variable (x), following the principle that the reference method should be
predicted from the test method:

Cwoxrr = Bo+ B1 - Chxrr T € (%)

Where Cyypxgr is the predicted WDXRF concentration, Cpxgrr is the determined handheld XRF concentration,

Po is the intercept, f; is the slope and €is the residual error (Altman & Bland, 1983). The regression coefficients were

determined by Draper and Smith (1998).

_ Z2=0)@i-y)
:81 - Z(xi_y)z (5)
Bo=Yy—PBr-X (6)

The coefficient of determination (R?) demonstrates the proportion of variance in WDXRF measurements
explained by handheld XRI measurements.
2 i-9)?
RZ=1-(22)=1-22% 7
(5 sooy
Where S,sis the residual sum of the squares and Sy, is the total sum of the squares (Nagelkerke, 1991). This R?
value ranges from 0 to 1; the higher the value the more fitted model.

Using root mean square error (RMSE) and mean absolute error (MAE), prediction accuracy was measured.

RMSE is defined as:
RMSE = /—(y i9)* (8)
n

Where Y;is the observed WDXRF values, ¥,is the values predicted by the regression model and n is the number
of samples (Willmott & Matsuura, 2005). RMSE is sensitive to large errors due to the squaring operation. MAE

provides a metric less sensitive to outliers (Willmott & Matsuura, 2005).
MAE =¥ (9)
n

Relative error metrics were also calculated to evaluate the comparison with different concentration ranges.
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Relative Bias (%) y)”l% - 100 (10)
WDXRF

To assess the model's robustness and prevent overfitting, Leave-one-out cross-validation (LOOCV) was
deployed. This is particularly important for the given limited sample size (Hastie et al., 2009). In this process, each
sample is iteratively held back, and a model is trained on the remaining n-1 samples. Then the prediction error is
calculated for the held-back sample. This process is iterated n times, and the overall prediction error is the average of
all the iterations (Stone, 1974). The LOOCV R? is determined as:

T i-y)?
Ry =1-=—"—=5 11
& ) (}’i—i)z ()
Where y, is the predicted value for sample i when it is removed from the training set? A substantial difference

between R? and R%, depicts overfitting. Similarly, LOOCV RMSE was determined using:

RMSE,, = /—E g (12)

Using Bland-Altman analysis, Method agreement was determined. This is the recommended approach for
assessing the agreement between two measurement methods. Bland-Altman analysis technique involves plotting the
difference between methods (handheld XRF - WDXRF) against their mean, allowing visualization of systematic bias
and assessment of proportional bias (concentration-dependent error) (Bland & Altman, 1986, 1999). For each element,

the mean difference (bias) was determined as:

. 1
Bias =—-% (Vinxre = Yiwpxrr) (13)

Where y; nxrr and ¥; wpxgrr represents the paired measurements from handheld XRI and WDXRF, respectively.
A positive bias means that handheld XRF systematically overestimates concentrations relative to WDXRF, while
negative bias indicates underestimation.

The standard deviation of the differences (SD) was determined as:

SD = \/[ﬁ X Z{(yi,hXRF - yi,WDXRF) — Bias}? (14)

The 95% limits of agreement (LOA) were determined as Bland and Altman (1986).
UpperLOA = Bias + 1.96 - SD (15)
LowerLOA = Bias —1.96 - SD (16)

These limits define the range of the two methods that are expected to fall within 95% of differences, assuming
normal distribution of differences. Wide limits suggest substantial measurement variability, while narrow limits
demonstrate good agreement. Proportional bias was assessed by linear regression of the differences against the mean
concentrations (Bland & Altman, 1999). A significant non-zero slope depicts that the bias changes with concentration
level, meaning that matrix effects or calibration issues vary across the measurement range.

To determine whether systematic bias exists between methods, paired t-tests were performed. The null
hypothesis was that the mean difference between paired measurements equals zero (Hy: iz = 0). The test hypothesis
is:

t= % (17)
Vn
Where d is the mean difference, SD is the standard deviation of the differences and n is the sample size (Gosset,

1908). With n-1 degrees of freedom, the test statistic follows a Student’s t-distribution. Statistical significance was

evaluated at a = 0.05, which is two-tailed.
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To test statistically significant differences in elemental concentrations among the three sampling sites, one-way
analysis of variance (ANOVA) was performed. The null hypothesis was that all group means are equal (Hy: iy = fl; =
U3). The F-statistic is calculated as:

SShetween
F = MSpetween - k-1 (18)
MSwithin ~ >within

Where MSyetween represents the mean square value of between groups, MS,,;¢pin represents the mean square
value within groups, n is the total sample size and k is the number of sample groups (Fisher, 1925). The F-statistic is
followed by an F-distribution with (k-1, n-k) degrees of freedom. Using Tukey (1949) Honest Significant Difference
(HSD) test, post-hoc pairwise comparisons were performed when ANOVA indicated significant differences (Tukey,
1949), controlling the family-wise error rate at o0 = 0.05.

Using the Shapiro and Wilk (1965) test and visual inspection of Q-Q plots, normality of residuals was assessed
(Shapiro & Wilk, 1965). Residual plots were used to evaluate homoscedasticity (constant variance of residuals). For
Bland and Altman (1999) analysis, normality of the differences was verified. When assumptions were violated, non-
parametric alternatives (Spearman correlation, Wilcoxon signed-rank test) were considered, though parametric tests
remained robust for the sample sizes examined (Norman, 2010). Residual diagnostic analysis was used to assure the
validity of the linear regression model. Normality of residuals was verified using (Shapiro & Wilk, 1965) tests and
visual inspection of Normal Q-Q plots. Homoscedasticity was evaluated via Residuals vs. Fitted plots, utilizing

LOWESS smoothing via the statsmodels library to identify any non-linear bias.

4. RESULT AND DISCUSSION

A distinct contamination gradient is confirmed via WDXRF analysis across the sampling sites. The sampling
site 1 (S), sampling site 2 (S;) and sampling site 3 (S3) showed minimal heavy metal contamination, with lead below
detection limit (0.00 £ 0.00%), intermediate levels (Pb: 11.80 £ 0.38%, Cu: 1.07 + 0.02%) of heavy metals and severe
contamination (Pb: 28.36 £ 0.56%, Cu: 1.42 + 0.17%), respectively (Table 2).
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Table 2. WDXRF elemental concentrations (mean + SD) by site group for key elements.

Grp | N | Pb (%) Cu (%) Fe (%) Si (%) Al (%) Zn (%) Mn (%) Ti (%) Ca (%) K (%)
S1 3 ND ND 21.79 £ 0.95 | 47.48 £ 1.08 10.97 £0.88 | 0.12 £ 0.02 | 0.38 £ 0.06 | 2.20 + 0.08 4.83 £ 1.48 11.84 + 1.02
SZ 3 11.80%+0.53 1.07 £ 0.02 19.562 £ 0.18 | 389.44 + 0.30 6.62 + 0.06 0.16 £ 0.01 0.30 £ 0.01 1.69 £ 0.15 10.83 £ 0.12 7.67 £0.12
S3 3 28.3610.72 1.42 £ 0.18 | 20.18 £ 0.30 | 383.66 = 0.73 7.16 £ 0.31 0.19 £ 0.01 0.21 £ 0.01 1.86 + 0.44 2.09 + 0.04 4.16 £ 0.19

© 2026 Conscientia Beam. All Rights Reserved.
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The Lead (Pb) and Copper (Cu) plots highlight the distinct contamination gradient at the firing range, while Iron
(Fe) and Manganese (Mn) reflect geogenic baseline concentrations and anthropogenic dilution effects, respectively.
The Lead (Pb) and Copper (Cu) plots highlight the distinct contamination gradient at the firing range. The wider
interquartile range observed in Site 3 (S3) for lead suggests effectively capturing the heterogeneous nature of ballistic
contamination, where particulate distribution is less uniform than in background soils. Corresponding handheld XRF

measurements by site are presented in Table 3, showing the same qualitative gradient with higher absolute values.

Table 3. Handheld XRF elemental concentrations (mean + SD) by site group for key elements.

Grp | N Pb (%) Cu (%) Fe (%) Si (%) Al (%) Zn (%)
S1 3 0.06 £ 0.02 0.06 = 0.00 31.756 £ 5.27 51.07 £ 0.14 10.93 £ 2.69 0.19 % 0.04
S2 3 22.71 £ 9.47 1.383 £ 0.51 23.20 + 4.73 | 43.27 + 12.77 6.38 + 2.66 0.20 £ 0.10
S3 3 53.71 £ 6.88 1.81 £ 0.66 21.15 £ 0.87 17.85 £ 6.11 3.49 + 2.50 0.561 £ 0.53

Pb Distribution by Site Cu Distribution by Site 225 Fe Distribution by Site

P =
15 22.0
25
1.4 21.5
2 9 9
<20 13 £21.0
K- 3 (] T
[ 1%} - 20.5
12 *
15 20.0
= 11 = 19.5 Jj‘
52 53 52 5.3 s1 5.2 53
Zn Distribution by Site Mn Distribution by Site 2.4 Ti Distribution by Site
0.18 T 0.40 T
22 W
~0.16 = ~0.35 _ |
= 8 ®20
£0.14 £ 0.30 = =
=
N z 1.8 T
0.12 # 0.25 ‘IJ
1.6
0.10 0.20 CY
S1 S 2 S 3 S1 S 2 S 3 s1 S?2 S_3

Figure 2. Box-and-whisker plots illustrating the elemental distribution across the three sampling sites
(S1: Green/Normal; Sp: Yellow/Intermediate; S3: Red/Severe) as determined by WDXRF.

Iron concentrations showed less variation (S;: 21.79 £ 0.97%, Sp: 19.52 £ 0.18%, S3: 20.18 £ 0.30%), consistent
with natural geogenic sources. Silicon concentrations decreased with increasing contamination (S;: 47.48 + 1.08%,

S,: 89.44 £ 0.30%, S3: 33.66 £ 0.67%), likely reflecting dilution due to anthropogenic additions (Figure 2).

ANOVA for Lead (Pb) Concentrations (p < 0.001)

——

27.5
25.0
22.5
20.0
17.5
15.0

12 . 5 i

S 2 S 3

Figure 3. One-way ANOVA results for Lead (Pb) concentration indicating statistically significant
differences (p < 0.001) among the stratified sampling sites.
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OVA test demonstrated a statistically significant difference in lead concentrations (F = 14:37.8, p < 0.0001)

while validating the stratified sampling design. Figure 8 visually confirms the distinct stratification of the sampling

design,

with no overlap between the confidence intervals of the Clean (S1), Moderate (S2), and High (S3) groups,

validating the distinct contamination zones.

Correlation analysis showed variable agreement between handheld XRF and WDXRF depending on the element.

Lead (Pb) showed the strongest correlation (r = 0.972, p < 0.0001, n = 9), indicating handheld XRF reliably identified

lead concentration trends despite systematic bias. Also, silicon showed a strong correlation (r = 0.836, p = 0.0049),

while a

correlat

moderate correlation (r = 0.800, p = 0.0096) was seen with iron. But copper showed a weaker positive

ion (r = 0.741, p = 0.0566, n = 7), not reaching statistical significance at & = 0.05 (Table 4).

Table 4. Method validation statistics showing correlation coefficients, error metrics (RMSE, MAE), bias, and statistical significance for each
element.

Element N | Pearsonr P-value | RMSE MAE Bias Bias t- t Significant

(abs) (%) statistic | p-value

Pb 9 0.972 <0.0001 16.818 12.107 12.107 275.7 2.933 0.0189 Yes*

Cu 7 0.741 0.0566 0.568 0.434% 0.285 107.1 1.426 0.2039 No

Fe 9 0.8 0.0096 6.884 4.953 4.868 23 2.829 0.0222 Yes*

Si 9 0.836 0.0049 11.683 10.085 -2.799 -9.9 -0.698 0.5049 No

Al 9 0.669 0.0486 3.61 3.012 -1.706 -238.7 -1.517 0.1677 No

Zn 9 0.276 0.4721 0.324 0.184 0.157 246.9 1.56 0.1575 No

Mn 9 0.546 0.1281 0.164 0.123 0.096 34.5 2.051 0.0744 No

Ti 9 0.153 0.6934 0.689 0.505 -0.049 -1.2 -0.202 0.8448 No
Note: N = number of paired handheld XRF=WDXRF measurements; r = Pearson correlation coefficient; RMSE = root mean square error; MAE = mean

absolute error. RMSE, MAE and Bias (abs) are expressed in absolute concentration units (weight %), whereas Bias (%) is the relative bias with respect
to the corresponding WDXRF value. Bias is calculated as the mean of (handheld XRF — WDXRF); positive values indicate overestimation and negative
values indicate underestimation by the handheld instrument relative to WDXRF. The t-statistic and t p-value are obtained from a paired-samples t-test
of the null hypothesis of zero mean difference between the two methods; the “Significant?” column therefore refers to the significance of the systematic
bias between the two methods and not to the significance of the correlation coefficient. * Denotes a statistically significant systematic bias at a = 0.05
(two-tailed t p-value < 0.05), i.e., for Pb and Fe the handheld XRF values differ significantly from the WDXRF reference values. N = 7 for Cu because
two sample pairs were excluded in which the concentration reported by one of the methods fell below the corresponding detection limit.

e S1 e S2 e 53 e 1:1line —— Regression
Pb 25 Cu
60 [r=po72 ‘ ® - : [r = 0741 I ®
3 |R® = 0.945] g R, (R=0549)
240 S1s
) 2
() 210
5 20 5
] o5
T T
0 0.0
0 20 40 60 1 2
WDXRF Pb (%) WDXRF Cu (%)
Si

r = 0.800 36
- i o -
530 |R? = 0.640| < .700
E G 40
o 20 b
o ]
£ S20
T10 z
m o
T - T

[ 0
Q 10 20 30 0 20 40
WDXRF Fe (%) WDXRF Si (%)

Figure 4. Method validation scatter plots comparing WDXRF and
Handheld XRF measurements for Pb, Cu, Fe, and Si, showing 1:1 lines,
regression lines, and correlation statistics.

As illustrated in Figure 4, the data points for Lead (Pb) consistently fall below the 1:1 identity line, visually

confirmi

ng the systematic overestimation by the handheld XRF device prior to correction. Linear regression models

provided correction equations for converting portable XRF readings to WDXRIF-equivalent values.

PbWDXRF = 0524 . thXRF + 0473 (19)
(R*=0.945, LOOCV R?=0.920)
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This equation indicates handheld XRF systematically overestimates Lead concentration approximately twofold
(slope < 1), with small positive interception. Cross-validation results (LOOCV R? = 0.920) confirmed model potency
despite limited sample size. Regression parameters and correction equations for all elements are given in Table 5.
The LOOCV R2 value for lead (-2.33) indicated moderate overfitting, where copper, iron and silicon show severely
negative LOOCV R2 values (-169.4, -60.9, and -16.9, respectively), indicating extreme overfitting and poor
generalization capability. Negative cross-validation R2 values occur when the model performs worse than simply

predicting the mean values.

Table 5. Linear regression parameters (slope, intercept, R?>, LOOCV R?) and correction equations for key elements.

Element | Slope | Intercept R? LOOCV R? | Equation Correction

Pb 0.4992 0.6588 0.9454 -2.3305 WDXRF = 0.499 x | Handheld x 0.499 + 0.659
Handheld + 0.659

Cu 0.4852 0.4102 0.5495 -169.447 WDXRF = 0.485 X | Handheld X 0.485 + 0.410
Handheld + 0.410

Fe 0.15 16.6919 0.6403 -60.8854 WDXRF =0.150 X | Handheld X 0.150 + 16.692
Handheld + 16.692

Si 0.3044 28.8108 0.6997 -16.8818 WDXRF = 0.304 X | Handheld X 0.304 + 28.811
Handheld + 28.811

Zn 0.0537 0.1262 0.0762 -0.9327 WDXRF = 0.054 X | Handheld X 0.054 + 0.126
Handheld + 0.126

This is a reflection that means these correlation equations should not be applied to new samples without further
validation. Despite the slightly negative LOOCV R? of the lead correlation model, this showed the strongest
predictive performance in this study (R2=0.945) and attained significant error reduction (83.8% improvement in
RMSE). Larger sample size or more sophisticated modelling may help in enhancing the other correlation models.
This finding shows the element-specific nature of correction factors and the need for cross-validation before deploying
empirical calibration models in practice.

Element-specific patterns had been seen in the systematic bias analysis. Lead analysis showed substantial positive
bias (mean difference = +12.11%, relative bias = +275.7%), with RMSE of 16.82% and MAE of 12.11%. Paired t-test
confirmed statistical significance (t = 2.933, p = 0.0189). Iron showed moderate positive bias (+4.87%, +23.0%), which
is statistically significant (t = 2.829, p = 0.0222). Silicon showed a small negative bias (-2.80%, -9.9%), which was not

statistically significant (p = 0.5049).
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Figure 5. Bland-Altman plot for lead showing mean bias (12.11%) and limits of agreement
(£1.96 SD), illustrating systematic positive bias in handheld XRF measurements.
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Figure 5 reveals that most data points fall within the 95% limits of agreement. The positive mean bias line (solid
line) being significantly above zero further corroborates the systematic overestimation identified in the regression
analysis. Bland-Altman analysis for lead showed a mean bias of 12.11% with limits of agreement ranging from -
12.16% to +36.37%, indicating wide variability in individual measurement differences. The proportional bias pattern
suggested errors increase with concentration, likely due to matrix effects and spectral interferences at higher
contamination levels. Application of regression-based correction factors significantly improved measurement
accuracy (Table 6, Figure 6). For lead, uncorrected handheld XRF showed RMSE of 16.82% and MAE of 12.11%.
RMSE decreased to 2.73% and MAE to 2.17% after applying the linear correction model, which represents an 83.8%
improvement in RMSE. Correction reduced RMSE from 0.57% to 0.38% (83.7% improvement) for copper and iron
showed RMSE reduction from 6.88% to 4.12% (40.2% improvement). These improvements show that empirical

calibration can substantially enhance handheld XRF performance.

Table 6. Correction factor performance showing MAE and RMSE before and after correction, with percent improvement (reduction in RMSE)
for Pb, Cu, and Fe.

Element MAE MAE RMSE RMSE Improvement Recommended
(Original) | (Corrected) | (Original) | (Corrected) (%) Use
Pb 12.107 2.106 16.818 2.72 88.8 With correction
Cu 0.434 0.265 0.568 0.318 43.9 Screening only
Fe 4.953 0.46 6.884 0.638 90.7 Screening only
Pb: Before Correction Pb: After Correction
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Figure 6. Comparison of lead measurements before (Blue) and after (Green) correction, demonstrating 83.8%
improvement in RMSE and better agreement with the 1:1 line.

Model diagnostics (Figure 7) confirmed the suitability of the linear framework. The Residuals vs. Fitted plot

exhibited a random distribution around the zero-line with no significant non-linear trends identified by the LOWESS

smoothing.
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Figure 7. Residual diagnostic plots for the Lead (Pb) regression model: (a) Residuals vs. Fitted values with LOWESS
smoothing to check homoscedasticity; (b) Normal Q-Q plot to verify normality of errors.
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The systematic positive bias found in this study in handheld XRF lead measurements can happen due to several
factors, despite the operation being done in Alloy Plus mode. While Alloy Plus mode works efficiently for metallic
element quantification and provides better accuracy than geochem mode for highly contaminated samples, it does not
remove all sources of bias. Firstly, complex soil composition causes a matrix effect that influences X-ray attenuation
according to the Beer-Lambert law.

I =1y -e™#P* (20)

Where I represents transmitted intensity, Iy is incident intensity, fis the mass attenuation coefficient, pis
density, and x is the path length (Jenkins, 1999). Effective path length gets changed due to variation in soil density,
moisture content, and elemental composition. Elemental interdependencies supporting this interpretation are shown

in Figure 8.

1.00
1.00 0.92 F0:55-0.98-0.74 0.75 -0.92

Pb

0.92 1.00 -0.77-0.97-0.93 0.82 -0.85-0.56{X0pd-0.95 0.75

Cu

0.50

Fe

-0.55-0.77 1.00 0.71 0.91 0.67 0.71 -0.54 0.55

-0.98-0.97/0.71 1.00 0.86 -0.75 0.94 (E:¥YANEY 0.97

Si

0.25
F4-0.74-0.93 0.91 0.86 1.00 -0.73 0.73 0.62 XoJey/ 0.78

0.00
i 0.75 0.82 -0.75-0.73 yM1]-0.49-0.48-0.06 M0K:V;
19-0.92-0.85/0.67 0.94 0.73 LIE] 1.00 [EZNWP] 0.84 —0.25
= -0.39 o . . : . . . . . —0.50

§§-0.350.02 "¢/ 0.15 -0.37-0.06 0.22 -0.39 M6} 0.27
-0.75

94-0.98-0.95/0:551 0.97 0.78 -0.87 0.84 LE:ENF¥A 1.00

Pb Cu Fe Si Al Zn Mn Ti Ca K

Figure 8. Elemental correlation matrix (WDXRF data) showing strong positive correlations
between Pb-Cu (0.92), Si-K (0.97), and negative correlations between Pb-Si (-0.98).

Secondly, spectral interferences from overlapping characteristic X-ray lines may cause overestimation. Lead La(
10.55 keV) can overlap with arsenic kaa (10.54 keV) in arsenical soils. Also Lf lines may interfere with other
elements (Shackley, 2011). Lastly, particle size influences effective sampling volume and analysis depth. The handheld
XRF measurement depth for lead in soil matrices is around 1-2 mm, whereas WDXRF samples the entire pellet
uniformly (Lemiere, 2018). Thus, the samples of surface heterogeneity can bias the handheld XRF measurements.

This study demonstrates that handheld XRF can effectively screen for contamination gradients despite
systematic bias. The strong correlation for lead exhibits excellent relative accuracy and the instrument correctly
ranks samples by contamination level even though the concentrations are biased. This allows the handheld XRF to
be identified as suitable for preliminary site assessment, delineating contamination boundaries, and guiding sampling
strategies. But uncorrected handheld XRF data may lead to errored results for quantitative risk assessment or
regulatory compliance. From the study, we got a 275.7% positive bias for lead, which would significantly overestimate
exposure risks and remediation costs. Our correction model provides site-specific calibration enabling more accurate
quantification, with an 83.8% reduction in RMSE demonstrating correction effectiveness.

The choice of Alloy Plus mode in this study requires discussion. While handheld XRF instruments typically offer
multiple operating modes (e.g., Geochem mode, Alloy mode, Alloy Plus mode, etc), mode selection significantly

impacts measurement accuracy and bias characteristics. Alloy Plus mode was selected for this study because
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preliminary testing shows effective performance for high-concentration heavy metal measurements, which are typical
of industrial contaminated sites. This mode uses more measurement times and calibration algorithms optimized for
metallic elements, providing better sensitivity and accuracy for lead, copper, zinc, and other heavy metals (Olympus
Scientific Solutions Americas Inc, 2019). However, this mode of selection may influence bias patterns differently than
conventional geochem mode, and the correction factors developed in this study are more specific. Future validation
studies should compare performance across different operating modes to establish comprehensive guidance for
practitioners.

The results of this study align with and extend previous comparative studies. Weindorf et al. (2012) reported R*
> 0.90 for lead in agricultural soils with moderate contamination in their study, which aligns with our R? = 0.945
(Weindorf et al., 2012). However, they observed less severe systematic bias, likely due to more sampling, lower
contamination levels and different soil matrices. Shuttleworth et al. (2014) reported systematic lead overestimation
in urban soils, particularly at high concentrations, directly supporting our observations. Our bias quantification
(275.7%) exceeds their reported values, possibly reflecting more severe contamination gradients (up to 28.9% Pb).
Rouillon and Taylor (2016) showed matrix-matched calibration importance; showing factory calibrations can produce
biased results. Our site-specific correction models support this conclusion, showing significant accuracy
improvements by empirical calibration. A key difference between this study and other validation work is the
implementation of rigorous cross-validation (LOOCYV) to assess the model generalizability. While high R? values
mean model quality, our study shows that the R? value is insufficient, as cross-validation revealed that only the lead
model generalizes adequately while other models show severe overfitting despite good R? values. This finding
suggests that many published correction factors may be overoptimistic and require re-evaluation using proper cross-
validation techniques.

Based on these findings, we propose a tiered decision framework for handheld XRF environmental site
assessment (Figure 9). Handheld XRF provides rapid contamination mapping without correction factors for initial
screening, which identifies high-risk areas requiring focused investigation. If the handheld XRF measurement crosses

a threshold (e.g., >10% Pb), confirmatory WDXRF analysis is mandatory for regulatory decisions.

Start: Field Soil Analysis Needed

'

Use Handheld XRF for
Initial Screening

|

Is Pb > 10%
(Handheld reading?

MANDATORY: Confirm Apply Correction: True
with WDXRF (Lab) Pb = 0.52 X Handeld

~_

End: Make Management Decision

Figure 9. Proposed decision framework for appropriate use of
portable XRF in field soil analysis, showing when to use screening,
correction factors, or confirmatory WDXRF analysis.
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For sites with moderate contamination where rapid decisions are needed, corrected handheld XRF values using
site-specific regression models may be acceptable for preliminary risk assessment, though laboratory confirmation
remains advisable. This framework balances cost-effectiveness and analytical difficulties, maximizing handheld XRF
utility while maintaining data quality standards.

Several limitations required consideration. First, limited sample size (n = 9) limits the power of statistics and
regression model generalizability. Although LOOCYV partially addresses overfitting concerns, larger sample sets
would strengthen conclusions. Second, the study focused on three sites in a specific geographic region; soil
mineralogy, texture, and contamination source variations may affect handheld XRF performance differently
elsewhere. Third, we examined only one handheld XRF model operated exclusively in Alloy Plus mode; different
instruments with varying detector technologies or different operating modes (e.g., Geochem mode) may show
different bias patterns. The correction factors developed here are specific to Alloy Plus mode and may not be directly
applicable to other modes. Fourth, we analyzed dried, sieved samples rather than in-situ measurements. Field
measurements may show additional variability from soil moisture and surface roughness. Finally, our correction

models are element-specific and site-specific; extrapolation to other elements or sites should be validated.

5. CONCLUSION

This study provides systematic proof that handheld XRF operated in Alloy Plus mode can be used as an effective
preliminary screening tool for heavy metal contamination assessment coupled with appropriate calibration protocols.
We evaluated the analytical agreement between handheld XRF and WDXRF for assessing heavy metal
contamination in firing range soils. Our findings confirm that while hXRF provides excellent relative accuracy,
evidenced by the strong correlation for Lead, it is subjected to significant systematic positive bias when operated in
Alloy Plus mode on highly contaminated samples. The observed 275.7% overestimation of lead highlights the risks
of relying on raw field data for regulatory compliance or quantitative risk modeling.

However, the research successfully showed that site-specific empirical correction factors for lead can fill the gap
between field screening and laboratory precision. By applying linear regression models, we achieved an 83.8%
reduction in measurement error for Lead, proving that hXRF can be a reliable quantitative tool for this critical
contaminant when properly calibrated against a reference subset. Moreover, models for copper, iron, and silicon
showed severely negative cross-validation R” values (-169.4, -60.9, -16.9, respectively), indicating that these elements
require other calibration approaches, larger training datasets, or more sophisticated modeling techniques (e.g., non-
linear regression, machine learning) for reliable field quantification. This finding indicates that correction factor
validity is highly element-specific and that cross-validation is absolutely essential before deploying any empirical
calibration model in environmental practice.

Future research should examine larger sample sets across different soil types, compare performance across
different handheld XRF operating modes, compare with different handheld XRIF's with the same mode, test alternative
correction algorithms including machine learning approaches, and validate in-situ field measurements against
controlled laboratory conditions, using other parameters like humidity, pH, etc to get more clear idea of the reasons
for biases. To enhance handheld XRF reliability for environmental applications, investigating moisture correction
factors, mode-specific bias characterization and standardized quality assurance protocols are required. Doing all these

may enhance the reliability of in-situ nuclear analytical techniques in environmental science.
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