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The analysis time used for the diagnosis of soil fertility attributes using portable X-ray fluorescence spectroscopy
(XRF) sensors (between 30 and 90 s) is too long for in situ applications. The present study aimed at evaluating the
trade-off between dwell time and XRF performance for assessing soil fertility attributes. A total of 102 soil
samples acquired in two Brazilian agricultural fields were used, whose spectra were obtained using dwell times of
90, 60, 30, 15, 10, 7, 4, and 2 s to build and validate calibration models for clay, cation exchange capacity, and
extractable K and Ca. Results revealed that it is possible to make drastic reductions in the XRF dwell time (from
90 to 2 s), while keeping excellent prediction performance [ratio of performance to interquartile distance (RPIQ)
between 3.52 and 8.32] for all the studied attributes. A dwell time of only 2 s performed satisfactorily and is an
analysis time suitable for rapid in situ applications. In addition, it was shown that data from spectral databases
previously collected that used long dwell times (e.g., 30, 60, 90 s) can be extrapolated to fast applications with
shorter dwell times (e.g., 2 and 4 s), once standardization by the detector’s live time has been performed.
Anyhow, calibrations using a dwell time similar to the one of the validation set tended to show superior results
and are therefore recommended. This study addresses the need and provides guidelines for optimizing XRF
sensor analysis time for in situ applications in the context of precision agriculture.

1. Introduction robots (Bosco, 2013).

Portable XRF sensors have been applied manually for in situ analysis

The application of X-ray fluorescence (XRF) sensors for the analysis
of soil fertility related attributes has evolved rapidly in recent years
(Lima et al., 2019; Nawar et al., 2019; Tavares et al., 2020a). The
technique characterizes a wide range of soil elemental composition (e.g.,
Si, K, Ca, Ti, Fe, Cu, among others), providing complementary infor-
mation to other proximal soil sensing (PSS) techniques, e.g., apparent
electrical conductivity (EC,) and diffuse reflectance spectroscopy using
visible and near-infrared regions (VNIR) (Javadi et al., 2021; Molin and
Tavares, 2019; Xu et al., 2019). Today, XRF sensors have become
compact and are promising for integration onto mobile platforms and/or

for heavy metals determination in soils (Paulette et al., 2015; Weindorf
et al., 2013) and geochemical evaluations in soil trenches (Stockmann
etal., 2016; Weindorf et al., 2012). Although these in situ analyses have
shown good analytical performances, the XRF analysis time (or dwell
time) between 30 and 90 s, typically employed, is not compatible with
automated in situ analysis for soil fertility mapping (e.g., on-the-go
applications), which require faster measurements. For example, both
EC, and VNIR techniques have an almost instantaneous acquisition time
(one second per point) that allows on-the-go data acquisitions with high
spatial density (e.g., > 250 data points ha at operating speeds of
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Fig. 1. X-ray fluorescence (XRF) spectra of a soil same sample collected with different scanning times (90, 30 and 2 s), after being standardized by the detector’s live

time. Counts of photons per second was abbreviated as cps.

around 4 m s!) (Molin and Tavares, 2019). On the other hand, on-the-go
application using ion-selective electrodes (ISE) is of similar constrain to
that of XRF, since the ISE needs a relatively long dwell time to be in
contact with the sample to stabilize its reading (e.g., approximately
10-15s) (Adamchuk et al., 2007). Anyway, kinematic data acquisitions
using ISE systems usually measure about 15-30 data points ha'
(Schirrmann et al., 2011), a similar frequency of acquisition should be
expected for the XRF if it would be used for on-the-go measurement.
Different studies have shown good predictive performances (0.71 < R?
< 0.91) for key soil fertility attributes (e.g., clay, cation exchange ca-
pacity (CEC), base saturation, and exchangeable (ex-) nutrients) using
XRF sensors (Andrade et al., 2020; Lima et al., 2019; Tavares et al.,
2020b). However, to the best of our knowledge no research has evalu-
ated dwell times smaller than 30 s and neither has searched for an
optimal analysis time for rapid and accurate soil attributes predictions.

Reducing the dwell time, increases the noise in XRF spectrum and
thus reduces its analytical quality (Weindorf and Chakraborty, 2016).
However, despite reducing their accuracy, the spectrum does not have
its emission intensity, in counts of photons per second (cps), altered by
reducing the dwell time, as can be seen in Fig. 1. The intensity of an XRF
spectrum is analyzed in cps when its total count is standardized by the
detector’s operating time (so-called detector’s live time). This stan-
dardization should be applied to XRF data because small variations of
the detector’s live time (e.g., tenths of a second) are commonly observed
when analyzing multiple samples (Jenkins, 2012). Errors from this de-
tector variation are avoided by standardizing the XRF spectrum by the
live time the detector presented when reading that specific sample.
Modeling XRF data (entire spectra or specific emission lines) in cps is a
common procedure within the XRF community (Rodrigues et al., 2018;
Wolksa, 2005). However, such procedure is not widespread among users
from the soil science community, possibly due to the popularization of
using pre-programmed measurement packages for XRF soil analysis
(Andrade et al., 2021; Lima et al., 2019; Sharma et al., 2015; Silva et al.,
2019, 2017), which do not require the user to manipulate the spectral
data. Even though, it also does not permit optimizing the instrumental
(operational) conditions, such as reducing scanning time (Tavares et al.,
2020a).

XRF applications with reduced dwell time are common in analytical
chemistry laboratories that are specialized in this technique. The p-XRF
technique (a variant of the XRF technique) uses a micrometric X-ray
beam to map elements over the surface of a sample of interest. To cope
with the high spatial density of scans (e.g., > 300 spectrum per mm?2),
this approach uses a reduced dwell time (e.g., from <1-3 s) (Rodrigues
et al., 2018). Both the absence of studies in the literature that aim to
optimize dwell time for in situ applications, as well as the possibility of
analysis with this technique employing dwell times shorter than 5s,
were the motivations to evaluate the performance of the XRF sensor for
predicting soil fertility attributes using reduced dwell times. Thus, the
following hypothesis (designated as hypothesis 1) was tested in this
study: “although reduced dwell times degrade the precision of the XRF
prediction due to increasing noise in spectra, it is still possible to

drastically reduce the dwell time while maintaining satisfactory per-
formance for soil fertility prediction”.

Even though in situ applications require reduced analysis time, the
model calibration step — that are commonly conducted under labora-
tory conditions — does not present a time limitation for conducting its
data acquisition, which could allow the use of longer dwell times to
reduce the problem of increased noise. In this case, models calibrated
with longer dwell time would be extrapolated in in situ spectra acquired
with short dwell time (e.g., 2 s). Regarding this issue, it is possible to
raise the following question "what is the best dwell time for calibrating
predictive models that will be extrapolated in rapid XRF predictions
during in situ applications (e.g., 2 s)?" To answer this question, this
study attempts to address the following hypothesis (designated as hy-
pothesis 2): “calibrations with higher dwell times (e.g., 90, 60, or 30 s)
would promote an optimal predictive performance when extrapolating
models in spectra acquired using reduced dwell times (e.g., 25)".

This study aimed at evaluating the trade-off between the dwell time
reduction and the XRF performance for predicting chemical attributes
related to soil fertility (i.e., clay content, CEC, ex-K, and ex-Ca). In
addition, this research assessed the performance of models calibrated
with data collected at different dwell time scenarios when extrapolated
to fast analyzed data (i.e., dwell time of 2). This latter analyses provides
initial insights into the feasibility of using pre-existing databases and
spectral libraries for the calibration of soil fertility models that will be
extrapolated to fast XRF applications. These analyses will encourage
further research on the potential of XRF by users in the soil science and
precision agriculture community whose research is directed towards
rapid analyses, e.g., in situ applications with sensors embedded in
agricultural machines and robots for soil mapping.

2. Material and methods

The methodology applied in this study is schematically presented in
Fig. 2. The study can be divided into five steps: (i) soil sampling, (ii) soil
fertility analyses, (iii) XRF analysis using different dwell times, (iv)
characterization of the dwell time effect on the XRF spectra and its
predictive performance, and finally (v) definition of an optimized dwell
time for model calibration seeking rapid soil fertility analysis.

2.1. Soil samples and fertility analysis

A total of 102 soil samples from Brazilian tropical fields were chosen
for this study. These samples belong to the soil sample bank of the
Laboratory of Precision Agriculture (LAP — ESALQ/USP), where they are
stored after being air-dried and sieved at 2 mm. The chosen soil samples
have wide ranges of variability in studied fertility attributes, necessary
for the calibration of predictive models. Their texture classes vary
among sandy loam, sandy clay loam, and clayey.

The contents of clay, CEC, ex-K, and ex-Ca were determined
following the methods described by Van Raij et al. (2001), in which clay
content was quantified by the Bouyoucos hydrometer method
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Fig. 2. Framework of the methodology applied for assessing the effect of dwell time reduction in X-ray fluorescence sensor (XRF) for predicting clay, cation exchange

capacity (CEC), exchangeable potassium (ex-K), and exchangeable calcium (ex-Ca).

(Bouyoucos, 1951); extractable nutrients via ion exchange resin
extraction (van Raij et al., 1986); CEC was calculated as the sum of soil
potential acidity (H + Al) plus the sum of bases (ex-Ca + ex-Mg + ex-K);
and H + Al was quantified via pH in the buffer solution method (SMP)
(Quaggio et al., 1985). Contents of clay, CEC, ex-K, and ex-Ca were used
as reference (Y-variables) for establishing the XRF-spectral modeling.

2.2. XRF measurements and scenarios of dwell time

An amount of about 10 g of each sample was analyzed with a
portable XRF sensor. For this, soil samples were placed in a polyethylene
cup of 31 mm diameter sealed with a 4-pm thick polypropylene film
(model 3520, SPEX, USA). A Tracer III-SD model XRF instrument
(Bruker AXS, Madison, EUA) was used for data acquisition. It is a
portable device that is equipped with a 4 W Rh X-ray tube and an X-
Flash Peltier-cooled Silicon Drift Detector (Bruker AXS, Madison, USA)
with 2048 channels. This equipment scans an active area of 10 mm?.
During data acquisition, the X-ray tube was configured at 35 kV and at 7
pA, while spectra were recorded under atmospheric pressure and
without filters, as suggested by Tavares, Mouazen, et al. (2020). These
scanning conditions were applied to eight different scenarios of dwell
time (90, 60, 30, 15, 10, 7, 4, and 2 s). At each selected time, each
sample was scanned in triplicate by slightly moving the position of the
sample cup after each replicate. The acquired spectra were normalized
by the detector live time, so that net peak area intensity was expressed in
counts of photons per second. The replicates of each sample were
averaged for further analysis.

2.3. Data analysis

2.3.1. Effects of dwell time reduction on XRF’s data

The characterization of XRF data as a function of dwell time reduc-
tion was performed by observing the dispersion of signal-to-noise ratio
(SNR) in Al, Si, K, Ca, Ti, and Fe Ka-lines. These emission lines were

chosen because they emit fluorescence at different energies (1.5, 1.7,
3.3, 3.7, 4.5, and 6.4 keV for Al, Si, K, Ca, Ti, and Fe, respectively),
allowing to characterize the effect of dwell time on emission lines that
are likely to face different effects.

2.3.2. Effect of dwell time reduction on XRF’s prediction performance

The 102 soil samples were split into two subsets, one for calibration
(with 68 samples) and the other for validation (with 34 samples) using
the Kennard-Stone algorithm (Kennard and Stone, 1969) applied on the
measured soil fertility attributes (Y-variables). To evaluate the perfor-
mance of the prediction models as a function of dwell time reduction, a
calibration model obtained with dwell time "X" using the calibration set
was validated using its respective validation set obtained with the same
dwell time "X". In other words, models using XRF data acquired at 15 s
dwell time were validated on XRF data also acquired at 15s. The in-
tensity (using the net peak area) of nine fluorescence lines (Ko emission
lines of Al, Si, K, Ca, Ti, Mn, Fe, Ni, and Cu) and two Thomson scattering
peaks (Rh-Ka and Rh-La) were used as X-variables (Tavares et al.,
2020a). Multiple linear regression (MLR) analyses were applied for
different dwell times selected. All the calibration and validation steps
were performed using the Unscrambler software, version 10.5.1 (Camo
AS, Oslo, Norway). Lastly, it is worth emphasizing that all processed
spectra (in the different calibration scenarios and also in the validation
set) were normalized by the effective dwell time (i.e., detector live time),
hence, in all cases the intensity was modelled in counts of photons per
second.

The prediction performance was evaluated by means of the root
mean square error (RMSE) and the ratio of performance to interquartile
distance (RPIQ), the latter was calculated dividing the difference be-
tween the third and first quartiles of the laboratory measured soil
property by the RMSE of its prediction. Based on the RPIQ values, the
prediction quality of developed models were classified into four classes
adapted from Nawar and Mouazen (2017): very poor models (RPIQ <
1.40), fair models (1.70 > RPIQ > 1.40), good models (2.00 > RPIQ >
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1.70), very good models (2.5 > RPIQ > 2.0), and excellent models (RPIQ
> 2.50). The Tukey test was also applied to the residuals of the pre-
dictions performed with each dwell time (having a normal distribution)
to compare their performances.

2.3.3. Predictive performance of different dwell times for calibration of
models to be extrapolated in applications with short dwell time

In order to find best dwell time for calibrating predictive models that
will be extrapolated in rapid XRF predictions during in situ applications
(e.g., 2s), the validation set with spectra acquired with 2 s scanning
time were used to extrapolate predictive models calibrated using 90, 60,
30, 15, 10, 7, 4, and 2 s dwell times. The prediction performance of clay,
CEC, ex-K, and ex-Ca from the validation set was evaluated. This anal-
ysis was conducted because although in situ applications demand a
shorter analysis time, the model calibration step can be established
under a longer dwell time since it is usually performed under laboratory
conditions having less time constraint. The same strategies of data
modelling and evaluation of model's performance that were described in
the 2.3.2. Section were also applied to the present analysis. Again, the
Tukey test was applied to the residuals of the predictions performed with
each dwell time to contrast their performances.

3. Results
3.1. Soil fertility attributes

The chosen samples presented high variability of all fertility attri-
butes evaluated, with a coefficient of variation (CV) higher than 27%
(Table 1). The Kennard-Stone algorithm allowed to select group of
samples with comparable range and SD for both calibration and vali-
dation subsets (Table 1), which is essential to avoid undesirable in-
fluences on the prediction accuracy that are not related to the XRF
sensor (Stenberg et al., 2010).

3.2. Effect of dwell time reduction on XRF data and its predictive
performance

The noise was greater for this spectrum collected at a dwell time of
2's than that of 90 s (Fig. 3A), which reflects the reduction of mea-
surement precision when reducing the dwell time. The reduction of
dwell time increased the SNR dispersion for all XRF emission lines but
there is no change in the average value (Fig. 3B-G). The standard de-
viation of fluorescence emission decreases potentially as dwell time

Soil & Tillage Research 232 (2023) 105768

increases (Mondia et al., 2015), this relationship is represented by a
power function that was observed in the present data (Fig. Al). This
behaviour is influenced by the element concentration in the sample, as
well as by the energy of its fluorescence emission (Ravansari et al.,
2020), i.e., light elements suffer more interference than heavy ones.
Thus different elements show different response to dwell time reduction,
as seen in Fig. A1. Among the emission lines evaluated, K presented the
lowest SNR (< 4.5) with its CV varying between 7% and 25%. K was the
attribute that presented a greater variation of its signal at shorter
analysis times, with a CV of the SNR greater than 10% after 30 s. Only
the emission lines of Al and Ca showed a CV greater than 10%, which
happened only with a dwell time of 2 s. This instability in the sign of K
should influence the prediction models that rely on this emission line as
the most important predictive variable.

Fig. 4 shows the prediction performance of clay, CEC, ex-K, and ex-
Ca models at different dwell times for the same dwell time adopted for
the calibration and validation sets. Predictions of clay, CEC, and ex-Ca
had a smaller performance variation when reducing the dwell time
(with no statistical difference), showing an increase in RMSE ranging
from 1.1% to 29.7%. On the other hand, ex-K was the attribute that
showed a significant reduction in its prediction performance compared
to the best results obtained with 90 s dwell time model (with RMSE
increasing between 24.3% and 133.1%). It can be seen that even with
the observed RMSE variations, the prediction performances of all
fertility attributes remained excellent (RPIQ > 3.52) over the entire
dwell time reduction (from 90 to 2 s).

The different prediction behavior between clay, CEC, ex-K, and ex-Ca
models must be related to the SNR and the dispersion of the models’
most important variables. It is important to mention that the main
variable for the clay model was the Fe-Ka line, for the ex-K model the K-
Ka, and for the Ca and CEC models the Ca-Ka (Table A1). K-Ka presented
CV values greater than 10% from the 30 s dwell time on, while the K-
lines of Al and Ca only presented CV greater values than 10% at the
shortest dwell time (i.e., 2 s). In turn, K-lines of Ti, Fe, and Si showed CV
< 4.7% in all dwell times (Fig. 3). Notwithstanding, ex-K prediction still
showed an excellent performance (RPIQ = 3.57) with points closely
distributed around the 1:1 line (Fig. A2), even in the most reduced dwell
time scenario of 2 s

3.3. Effect of model calibration using data with different dwell times

Fig. 5 shows the performance of models calibrated using XRF data (of
the calibration set) acquired at different dwell times (90, 60, 30, 15, 10,

Table 1
Descriptive statistics of soil fertility attributes for the calibration and validation dataset.
Clay CEC” ex-K" ex-Ca”
g dm™ mmol, dm™
Calibration set (n = 68)
Min 175.00 37.50 0.90 8.00
Mean 352.00 81.75 3.41 35.69
Max 511.00 148.90 10.30 78.00
SD° 95.21 25.86 2.48 19.08
cve (%) 27.05 31.63 72.73 53.44
Validation set (n = 34)
Min 175.00 42.50 0.90 8.00
Mean 332.12 76.50 3.36 33.32
Max 463.00 138.40 7.90 75.00
SD 92.03 26.14 2.26 19.71
CV (%) 27.71 34.17 67.39 59.16

# Cation exchange capacity

b exchangeable (ex-) nutrients
¢ standart deviation

4 coefficient of variation.
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Fig. 3. Effect of dwell time reduction on XRF
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(n = 34) that was analyzed with 2 s of dwell time. The performance was evaluated via the ratio of performance to interquartile distance (RPIQ) and root-mean-square
error (RMSE). The percentage values represent the variation of RMSE in relation to the performance obtained with 90 s dwell time. Similar letters indicate no

statistical difference at P < 0.05 (Tukey test).
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7, 4, and 2 s) when they were extrapolated to data (of the validation set)
acquired at 2 s of dwell time, i.e., a dwell time simulating what would be
done in rapid applications. For all attributes, Tukey’s test indicated no
statistical difference in predictive performance when using calibration
sets with different dwell times. Despite the absence of statistical differ-
ence, it was observed that the ex-K models tends to perform better as the
dwell time of the calibration set comes closer to the dwell time of the
validation set. For example, the prediction of ex-K using the calibration
setat 7, 4, and 2 s has 22%, 31%, and 34% lower errors than when using
the models with 90 s dwell time. This behavior was not observed for
clay, whose prediction showed stable trend across the different dwell
times adopted in the calibration set (with RMSE ranging from
26.70 g dm™ at 90's to 29.4 g dm™ at 2 s, representing a variation of
10%). Although the predictions of CEC and ex-Ca showed the best per-
formance when calibrated and validated with the same dwell time of 2 s
(with RPIQ values of 3.52 and 5.50, respectively), this tendency, i.e.,
improve the predictive performance as the dwell time of the calibration
set approaches that of the validation set, cannot be clearly observed for
these attributes, as can be done for the ex-K.

The different prediction behavior among the models of clay, CEC, ex-
K, and ex-Ca must be related to the SNR and the dispersion of the
models’ most important variables (Table A1). Elements with a low SNR
emission line have a lower analytical precision, since external factors (e.
g., physical and chemical matrix effect) will affect their intensity to a
greater extent compared to a high SNR line (An et al., 2021) (this is
further discussed in Section 4). The Fe-Ka emission line, that is the main
variable contributing to clay model (Table A1), had SNR larger than
1500 and CV always smaller than 4% (Fig. 3). In turn, CEC and ex-Ca
models rely mainly on Ca-Ko emission line, whose SNR ranged be-
tween 13 and 21 and CV from 2.0% to 19.6% (with CV > 10% only for
2 s dwell time) (Fig. 3). Finally, the K-Ka emission line, main variable of
ex-K models, had the lowest SNR (< 5) and CV variation greater than
10% from 30 to 2 s of dwell time, which represents a larger variation
than that observed for the other emission lines (Fig. 3).

In summary, the results showed that there was no significant dif-
ference for clay, CEC, ex-Ca, and ex-K models, calibrated with 90, 60, 30,
15, 10, 7, 4 and 2 s data to predict these attributes on data acquired at
2's of dwell time. Nevertheless, the CEC, ex-Ca, and ex-K models,
especially the latter, showed a tendency to perform better as the dwell
time of the calibration set comes closer to the dwell time of the vali-
dation set. Finally, the same trend of prediction described above was
also verified when the models were applied to an independent validation
set collected with 4 s dwell time (Fig. A3, Appendix Section).

4. Discussion

The results evidenced that XRF readings lose precision as its dwell
time is reduced, which is explained by the increased noise at low dwell
times. This behaviour occurs mainly for light elements that are close to
the detection limit (Ravansari et al., 2020), as observed for K, which
showed a greater variation in its fluorescence emission and a lower SNR
(< 5). Obtaining stable measurements with reduced analysis time is also
related to the level of technology of the equipment’s detector. New
generations of detectors have delivered lower noise at shorter analysis
times, and these advances expand the applications with XRF sensors
(Bosco, 2013), such as the one discussed in this paper.

Even though readings taken with a short analysis time reduce the
precision compared to longer times, the XRF accuracy for predicting
fertility attributes does not degrade expressively. This trend was
observed even for the prediction of ex-K, whose models were based on
the K emission line, but achieved excellent prediction performances for
all evaluated dwell times, even for the most reduced dwell time scenario
of 2's (RPIQ = 3.57). Therefore, it is possible to drastically reduce the
sensor’s dwell time (e.g., from 90 to 2 s), while maintaining satisfactory
predictive performances (RPIQ > 3.52). Thus, the authors accept the
first hypothesis of this study that although low dwell times degrade the
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XRF prediction accuracy, it is still possible to drastically reduce the
dwell time while maintaining satisfactory performance for soil fertility
prediction (namely, clay, CEC, ex-K, and ex-Ca). No study in the liter-
ature has evaluated the prediction performance of soil fertility attributes
using scanning time as short as that presented in the current research.
Evaluating dwell time of 60, 120 and 180 s for P prediction in leaf
samples, Sapkota et al. (2019) observed that the time of analysis had no
significant influence on the performance of the models, having R?
ranging from 0.84 to 0.88. In tropical soils, some authors have reported
no significant differences in attribute predictions made with dwell times
of 30 and 60 s (Silva et al., 2019, 2018). Although the aforementioned
studies did not evaluate drastic reductions in analysis time, they don’t
notice any performance loss in XRF prediction when using contrasting
dwell times, which corroborates the results observed in the present
study.

The accuracy to measure a given element with XRF set at short dwell
times is linked to intrinsic aspects related to its fluorescence emission
line (i.e., lighter elements that have lower fluorescence emission and
lower energies are more affected), as well as to the concentration of this
element in the sample (Ravansari et al., 2020; Silva et al., 2021). That is,
light elements with low content in the analyzed soil sample (i.e., close to
their limit of detection and with a lower SNR) are more affected by the
loss of accuracy when reducing the scanning time. This behavior occurs
because the fluorescence emission of these elements have a lower SNR
and, therefore, any external interference (i.e., physical and chemical
matrix effects) will have a greater effect on its intensity (An et al., 2021;
Ernst et al., 2014). In this study, the lower SNR of the K emission line (<
10) caused a higher interference in the ex-K prediction model when
changing the dwell time. Similarly, the clay, CEC, and ex-Ca models that
were related to emission lines with higher SNR (i.e., Fe-Ka for clay
models and Ca-Ka for CEC and ex-Ca models), had a higher stability
when changing the dwell time. In addition, it is worth commenting that
SNR values lower than 10 are considered critical and lead to poor
modelling results (Danzer and Currie, 1998), indicating that the element
present concentrations are closer to the limit of detection for the
instrumental conditions adopted. Optimizing the instrumental condi-
tions to increase the K-Ka SNR may be a strategy to be considered in the
future to improve the performance of ex-K prediction under low dwell
time conditions.

Regarding the effect of dwell time for model calibration, the results
showed that, once the data are standardized by the detector’s live time,
the model can be calibrated with dwell times ranging from 90 to 2 s and
successfully extrapolated on data collected with dwell times of 4 and 2 s
(Fig. 5 and Fig. A3). So, spectral library data previously obtained with
longer dwell times (e.g., 30, 60, 90 s) can be used for XRF applications
with rapid measurements such that the predictive performance will not
significantly deteriorate due to different dwell times. Despite the
absence of a significant difference, models based on emission lines with
lower SNR (especially ex-K models in this study) showed a tendency to
perform better as the dwell time of the calibration set comes closer to the
dwell time of the validation set. In light of these results, it is suggested
that the calibration step should be performed with spectral data ac-
quired with the same dwell time as the one intended to be implemented
in the field. This can be suggested, because the prediction accuracy using
longer dwell times did not lead to a better performance of predictions
(Fig. 5 and Fig. A3), as raised by the second hypothesis of this study;
hence, it was rejected.

The findings show that XRF may be suitable for accurate in situ rapid
analysis of key soil fertility attributes. This knowledge is not widespread
among XRF users as it is quite common to use pre-programmed mea-
surement packages (Andrade et al., 2020; Horta et al., 2015; Lima et al.,
2019; Nawar et al., 2019; O’Rourke et al., 2016), which are factory
calibrations (for determining total elemental concentration), associated
with a pre-established dwell time, generally between 30 and 90 s
(Weindorf and Chakraborty, 2016). Based on the results presented in
this study, XRF users within the precision agriculture and soil science
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communities should be encouraged to use open systems that allow the
optimization of dwell time, since this will enable the expansion of XRF
applications in such context.

Unlike laboratory measurements that are mainly conducted on dried
and sieved samples, in field applications fresh unprocessed soils are
measured, which means that external factors, such as soil moisture and
roughness, will influence sensors’ output (Horta et al., 2015; Mouazen
and Al-Asadi, 2018; Nawar et al., 2020). To support future in situ ap-
plications of XRF sensors for soil mapping, further studies should eval-
uate the combination of rapid XRF analysis on fresh (wet) samples,
representing the soil conditions at the time of data acquisition directly in
the field. Evaluation of similar solutions to those adopted to mitigate
performance loss on the near infrared and mid infrared spectroscopy
sensors (Minasny et al., 2011; Nawar et al., 2020; Roger et al., 2003) due
to external factors, such as the moisture content, may be a next step to
consider for XRF analysis.

5. Conclusions

The results showed that reducing the dwell time of X-ray fluores-
cence (XRF) analysis decreases the precision of its data. In spite of that, it
was possible to achieve excellent prediction performance [ratio of per-
formance to interquartile distance (RPIQ) > 3.52] of soil fertility attri-
butes (clay, cation exchange capacity, and exchangeable K and Ca) even
after applying drastic reductions of XRF’s dwell time (from 90 to 2 s).

In addition, this study also evaluated and suggested an optimized
dwell time for model calibration (which is generally conducted in the
laboratory without time restriction) seeking rapid soil fertility analysis.
The results suggested that the best calibration models are those con-
ducted with the same dwell time as the validation set (e.g., calibrated
and validated using spectra acquired at 2 s of dwell time), refuting the
idea that a longer dwell time should guarantee a more accurate data for
model calibration. In any case, using longer dwell times for model
calibration did not lead to statistically significant differences in the
validation results. Therefore, this research also indicates that previously
existing spectral libraries can be used to calibrate models that will be
extrapolated on XRF data obtained from rapid measurements without
significant losses in performance.

These results allow bringing XRF closer to in site soil fertility mapping
in the precision agriculture context. Researches are encouraged to
combine reduced dwell times with the removal of other external factors
affecting in in situ data (e.g., soil moisture, soil roughness, etc) to
optimize the use of XRF directly in the field for soil fertility prediction.
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Appendix

Fig. A1 shows the exponential behavior of the standard deviation as a
function of dwell time for the K-lines of Al, Si, K, and Ca. Table A1 shows
the importance of the spectral variables used for the model calibration
for predicting clay, CEC, ex-K, and ex-Ca, using the dwell times of 90 and
2s
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Fig. Al. Scatter plots of dwell time versus standard deviation of Al-, Si-, K-, and
Ca-K lines obtained from five XRF measurements performed on the same soil
sample after moving the sample cup position.

Importance of X-ray fluorescence (XRF) variables for the prediction of clay, cation exchange capacity (CEC), (ex-) K and Ca, using the dwell times of 90 and 2 s. The
values presented correspond to the t-value for each standardized coefficient obtained in the fitted regressions. The emboldened values indicate a significant t-values at
the probability level of 0.05; significant values were presented on grayscale, with the most important variables having the darkest color and vice versa.
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Fig. A2 shows the scatter plots of predicted versus measured clay, the Fig. A3 shows the results for the dwell time optimization for cali-
CEC, ex-K, and ex-Ca, for the validations set (n = 34) of models that brating models seeking in situ applications, a similar analysis to the one
were calibrated and validated using dwell times of 90 and 2 s. Finally, detailed in Section 2.3.3., but now replicating all the evaluated dwell
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Fig. A2. Scatter plots of predicted versus measured clay (A), cation exchange capacity (CEC) (B), exchangeable (ex-) K (C) and Ca (D) using dwell times of 90 and 2 s.
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Fig. A3. Calibration performance using different dwell times (90, 60, 30, 15, 10, 7, and 4 s) for the calibration of models for the prediction of clay (A), cation
exchange capacity (CEC) (B), exchangeable (ex-) K (C) and Ca (D). The results represent the validation of these different calibration scenarios when replicated on the
validation set (n = 34) scanned with 4 s of dwell time. The performance was evaluated via the ratio of performance to interquartile distance (RPIQ) and root-mean-
square error (RMSE). The percentage values represent the variation of RMSE in relation to the performance obtained with 90 s dwell time. Similar letters indicate no
statistical difference at P < 0.05 (Tukey test).
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times (90, 60, 30, 15, 10, 7, 4, and 2 s) in spectra acquired with 4 s of
dwell time. The results (Fig. A3) show that the behavior was the same as
that observed for 2 s (described in Section 3.3.).
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