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A B S T R A C T

Soil Spectral Libraries (SSL) and spectroscopy-based methods using varied regions of the electromagnetic 
spectrum for direct soil analysis are rapidly gaining traction in agricultural and environmental applications. 
However, the absence of standardized tests, specifically designed for these new methods, prompts concerns about 
performance consistency and transparency in the marketplace. This discussion paper underscores the critical 
factors that influence predictive performance and stresses the need for proficiency tests tailored to sensor-based 
techniques. It also highlights the significance of error metrics for accurate interpretation. Establishing robust 
proficiency tests is crucial for ensuring reliable soil analysis services and promoting the adoption of best practices 
in this technology.

1. Introduction

The term soil spectral libraries (SSL) refers to collections of soil 
samples that have undergone spectral and physical/chemical analyses, 
along with their metadata (e.g., geographic location and edaphic in
formation, sensors’ instrumental conditions, and reference analysis de
tails). In many cases, the samples are also stored in physical containers, 
allowing for potential reanalysis and additional sensor readings. Spec
troanalytical techniques for proximal soil sensing—such as Diffuse 
Reflectance Spectroscopy in the Visible and Near-Infrared (Vis-NIR) and 
Mid-Infrared (MIR), X-ray Fluorescence Spectroscopy (XRF), and Laser- 
Induced Breakdown Spectroscopy (LIBS)—combined with predictive 

models based on SSLs are revolutionizing soil analysis by providing a 
fast, cost-effective, and sustainable alternative to gather extensive soil 
information and accelerate soil analysis (Ng et al., 2022a; Peng et al., 
2025; Shepherd et al., 2022). This approach supports the growing de
mand for accurate, timely, and spatially detailed soil data, which is 
essential for monitoring soil changes over time and tackling global soil 
health and security challenges (Evangelista et al., 2024).

The portability of spectroanalytical sensors, their ease of use, and 
reagent-free operation, along with simple sample preparation re
quirements, offer innovative and practical solutions for soil analysis and 
monitoring. Spectroscopy-based sensing methods can significantly 
reduce the use of chemical reagents, making analyses more sustainable, 
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economical, and environmentally friendly (Bartsch et al., 2024). In 
addition, these technologies enable (i) extending diagnostics to agri
cultural frontiers, far from laboratory infrastructure, through online 
cloud-based services (Demattê et al., 2022); and (ii) performing real- 
time analyses during on-site inspections (Tavares et al., 2023). How
ever, despite the urgency of monitoring soil conditions using advanced 
technologies (Biswas, 2024), their adoption depends on users’ confi
dence in the accuracy and reliability of the results, requiring compre
hensive validation over time. Concerns about the quality of inferences 
via sensor-based methods (McBride, 2022) emphasize the need for 
rigorous and independent validation procedures and networks.

While laboratory wet chemistry soil analysis follows established 
standards, such as ISO 17025 and United States Department of Agri
culture (USDA) soil testing protocols, there are still no formal interna
tional guidelines for spectroscopy-based methods as alternatives for soil 
testing—although initiatives are underway (Ben Dor et al., 2024; Sten
berg et al., 2024). However, none of these efforts currently addresses 
proficiency testing—specifically for sensor-based methods. The absence 
of a methodology for proficiency testing in sensor-based estimation 
services —similar to those established for traditional soil testing (e.g., 
Quaggio et al., 1994)—allows service providers to overlook the imple
mentation of best practices in proximal soil spectroscopy. Therefore, 
without international guidelines for the standardization of sensor-based 
soil analysis and proficiency testing, public concerns and restrictions on 
the reliability of these methods are raised.

Undeniably, the robust development of sensor-based inference sys
tems requires mastering multidisciplinary skills, including data science 
for predictive modeling, spectroscopy for spectral acquisition, soil sci
ence for understanding agronomic complexities, and analytical chem
istry for high-quality reference data. Therefore, recognizing (i) the 
potential of optical sensor-based estimation services; (ii) the technical 
challenges of developing reliable and reproducible spectral data and 
predictive models; and (iii) the global expansion of these techniques, 
this discussion paper advocates for the implementation of regional 
proficiency testing, based on international guidelines, as a crucial next 
step to strengthen public confidence in sensor-based methods using 
proximal spectroscopy.

Additionally, this document highlights key factors that influence the 
performance of spectral sensor-based methods, which must be properly 
addressed by both commercial and scientific service providers, as well as 
core aspects of proficiency testing that should guide the development of 
regional procedures. Although service providers may use different 
sensing techniques, proficiency tests remain independent of these 
methodological variations, focusing on (i) evaluating their predictive 
results; (ii) comparing them against analytical tolerance limits; and (iii) 
issuing public quality certificates.

2. Key factors influencing spectral sensor-based methods

Each spectral technique has underlying physical and/or chemical 
principles that explain the relationship between the soil spectrum and its 
properties. These principles determine the strength of the correlation 
between a technique and a specific soil attribute and the predictive 
model’s potential for generalization. For instance, some techniques, 
such as near-infrared spectroscopy (NIR, 750–2500 nm) for plant- 
available nutrients in soils (e.g., available P, K, Ca, and Mg), show 
limited generalization due to variable attribute-spectra relationships 
(Stenberg et al., 2010). Plant-available nutrients in soils lack such sig
natures in NIR spectrum, which is primarily related to molecular vi
brations related to molecular vibrations associated with functional 
groups containing a relatively heavy atom (C, N, O, and S) bonded to a 
hydrogen (Pasquini, 2018). Successful regressions of these nutrients are 
often attributed to their covariations with primary parameters that 
exhibit direct spectral responses. Understanding these principles is 
essential for developing robust modeling strategies grounded in cause- 
effect relationships—a concept emphasized in Minasny et al. (2024), 

which advocated for soil science-informed machine learning.
Research related to the different techniques used for proximal soil 

sensing is still evolving, although it has been built on a robust founda
tion established over the past decades. For instance, the inference of 
spectrally active attributes, such as soil organic carbon or clay content 
using diffuse reflectance spectroscopy, has already demonstrated 
robustness at regional (Demattê et al., 2019), national (Seidel et al., 
2019), and continental scales (Padarian et al., 2019; Viscarra Rossel 
et al., 2016). The same applies for soil texture predictions from local to 
national and multinational scales using XRF technique (Chatterjee et al., 
2021; Mancini et al., 2024; Silva et al., 2020; Zhu et al., 2011). Beyond 
the relationship between spectral features and soil attributes, several 
practical factors critically influence the reliability and stability of 
sensor-based methods. The following factors should be carefully 
considered by sensor-based service providers, who must be up to date 
with advances in best practices for each of them: 

1. Sample preparation procedures: Drying and sieving reduce micro- 
heterogeneities and physical matrix effects, improving measurement 
consistency (Murray and Cowe, 2015). Spectroscopy is highly 
dependent on the particle-size distribution of the soil sample and 
may, therefore, be sensitive to micro aggregation during surface 
preparation for spectral measurements (Ben-Dor, 2002). Suitable 
preparation of the soil for measurement is a crucial step to obtaining 
reliable and reproducible results. Furthermore, since any spectros
copy technique is influenced by the water content in the soil 
analyzed, a suitable residual moisture state monitoring of the soil 
samples and soil standards used during spectral measurements is 
important to prevent minor variations that could subtly degrade SSLs 
performance (Chabrillat et al., 2019). The drying process must be 
standardized—especially for soils with divergent water retention (e. 
g., clayey vs. sandy)—and precautions should be taken to prevent 
moisture absorption from the air, ensuring consistent residual 
moisture levels and reliable spectra.

2. Sensor technique(s) employed: Each technique has its own po
tential and limitations for predicting different soil attributes, which 
must be carefully considered. The range of successfully inferred at
tributes can increase with the combination of techniques; for 
example, Vis-NIR spectroscopy has potential for texture and soil 
organic carbon (SOC) (Barra et al., 2021), while XRF or LIBS sensors 
have shown potential for inferring plant-available nutrients (Piikki 
et al., 2016). In addition, combining complementary sensors through 
data fusion approaches can further boost predictive accuracy of a 
single attribute, as observed for SOC when combining Vis-NIR and 
XRF techniques (Shi et al., 2023; Teixeira et al., 2022).

3. Hardware specifications: In general, the type and stability of the 
radiation source, as well as the range, resolution, and sensitivity of 
the detector, directly affect signal quality; however, each technique 
has specific requirements. For instance, in diffuse reflectance spec
troscopy (DRS) sensors, a stable and uniform radiation output across 
the required spectral range is essential. In contrast, in XRF sensors, 
radiation sources using Rh-anode X-ray tubes may perform differ
ently from Ag-anode tubes; likewise, voltage and current settings 
also influence performance (Tavares et al., 2020).
Technological advances that optimize these components can further 
enhance signal quality and, consequently, model performance. 
Additionally, any of the aforementioned radiation sources may 
degrade over time; therefore, their output should be routinely 
monitored and inspected to ensure consistent performance.

4. Spectral data acquisition procedures: Each sensor user must 
follow a spectral data acquisition protocol or establish its own one to 
standardize the intrinsic aspects of each technique that are funda
mental for obtaining temporally consistent and reproducible spectral 
measurements. Adopting international protocols is strongly recom
mended to ensure best practices, enhance comparability, and facili
tate data exchange. Protocols and standardizations for laboratory 
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measurements using DRS sensors have been discussed by Ben Dor 
et al. (2015), and a formal standardization and protocol for DRS 
sensors is currently under development (Ben Dor et al., 2024). For 
XRF analysis of soils, some procedures have been proposed (Silva 
et al., 2021; USEPA, 2007; Weindorf and Chakraborty, 2016). 
However, standardization efforts for soil analysis using other tech
niques, such as XRF and LIBS sensors, have yet to be formally 
established, and are strongly encouraged to be addressed by the 
scientific community.
In general, the best practices for spectral-analytic analysis include 
adjusting sensor-sample geometry, instrumental conditions (e.g., 
integration time for DRS sensors, and voltage, current, and scanning 
time for XRF sensors), choosing an optimal number of replicates or a 
spectral acquisition strategy that covers enough sample amount (e.g., 
schemes to rotate the sample during the reading), choosing an 
appropriate warm-up time for radiation source stabilization (for DRS 
sensors), procedures for verifying the stability of the source and 
detector, and controlling any variable that may influence spectral 
data, such as laboratory humidity and temperature (Chabrillat et al., 
2019).
Regarding sample measurement representativeness, it is important 
to maximize the area probed during spectral acquisition, as limited 
measurement points can lead to spectra that poorly represent the 
sample’s overall composition. Rotating or moving the sample rela
tive to the optical beam in NIR sensors, for instance, has been shown 
to enhance representativeness and improve SOC model’s perfor
mance (Fonseca et al., 2022).
Incorporating periodic measurements of an Internal Soil Standard 
(ISS) into routine analyses protocol is also important to track possible 
fluctuations due to changes in operation, technical incidents, and 
changes in the environment. An ISS can be also used to minimize 
systematic effects caused by divergences in laboratory conditions or 
measurement protocols (Ben Dor et al., 2015), as is proposed by the 
IEEE-SA Working Group P4005 Standards and Protocols in Soil 
Spectroscopy (Ben Dor et al., 2024). This concept is summarized in 
Fig. 1. The construction of SSL using an ISS for data standardization 
is key for the collaborative development of large-scale soil spectral 
libraries.

5. Reference analysis quality: The quality of the reference analysis 
used during the modeling process directly impacts the error of the 
sensor-based method, so it is always essential to use high-quality 
references. This need has already been evidenced in a recent 

regional study (Demattê et al., 2019), where analytical variability 
significantly affected the accuracy and reliability of spectral soil 
analysis.
It is worth highlighting that conventional wet chemistry analysis is 
susceptible to errors, particularly due to human error during the 
various steps into the established methodologies, reagent quality, 
and variation in equipment settings, as observed by Paiva et al. 
(2022) when compared 38 wet chemistry laboratories. Spectral ser
vice providers should be aware of the crucial importance of using 
good reference analyses, with known uncertainties, for calibrating 
their models.
Metrics to evaluate wet chemistry data are essential, such as un
derstanding the error of the reference method through replicate 
analyses. Models that rely on wet chemistry data from different 
laboratories and/or analytical methods (e.g., texture determined by 
the pipette or densimeter method) may suffer from reduced accu
racy, even if the spectral measurements themselves are precise.

6. Modeling strategy: Soil complexity requires advanced models that 
address matrix effects and capture specific contexts regarding the 
relationships between spectra and soil attributes (Ng et al., 2022b). 
Furthermore, the methods considered for spectral data preparation 
(e.g., averaging, smoothing, derivatives, and variable selection) are 
important in the modeling process to predict soil attributes, since 
they can remove physical effects in the spectra and improve pre
dictions (Rinnan et al., 2009).
After modeling, it is crucial to test the model with an external vali
dation set (i.e., samples not used in calibration) that reflects the 
target region. This ensures independent validation and provides an 
estimate of uncertainty relative to the reference method. Addition
ally, establishing a robust outlier detection procedure and contin
uous inputs of data into the library are highly recommended, in 
agreement with Poppiel et al. (2022).
Another essential step in the model validation process is to investi
gate and explain the spectral regions utilized by the model. Since 
random noise can sometimes be correlated with the analyte, it is 
crucial to ensure that the model’s reliance on specific spectral fea
tures is based on meaningful spectral properties rather than spurious 
correlations. When using models with limited interpretability (e.g., 
deep learning techniques), it is recommended it is essential to 
perform post-modeling analysis, such as Shapley value-based 
methods, to assess the contribution and relevance of different spec
tral regions, enhancing trust and understanding (Wadoux, 2023).

Fig. 1. Illustration of the variation in Vis-NIR spectral measurements from six different spectrometers analyzing the same soil sample. The observed discrepancies 
reflect issues of precision (random/non-systematic error) and accuracy (systematic error). The figure also demonstrates how the application of a shared internal 
standard—agreed upon by all six laboratories—can correct for both types of error, resulting in harmonized measurements with improved accuracy and precision.
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7. Geographical scope of the SSL: Calibration sets must represent the 
target regional scope in terms of both spectral and soil variations. 
While local libraries may require a few dozen to hundred samples to 
represent a specific area (Lucà et al., 2017; Ramirez-Lopez et al., 
2014; Wetterlind and Stenberg, 2010), regional or national libraries 
demand thousands of samples to capture the full extent of soil vari
ability. To cover the target regional scope, soil sampling location 
selection can be done using auxiliary data from remote sensing im
agery and/or soil property legacy maps (Castaldi et al., 2019). When 
dealing with the geographical challenge, the extra challenge to 
achieve a balanced dataset (i.e., same number of samples with low, 
medium, and high contents) will naturally occur and need to be 
managed, since the natural frequency distribution of soil attribute 
contents is unbalanced, tending to concentrate on low values (e.g., 
nutrient contents in tropical soils) or high values (e.g., sand content 
in agricultural soils).
Accordingly, one important aspect is ensuring that geographical 
coordinates are provided for every sample within the SSL. Including 
this information in the SSL allows not only for the evaluation of key 
soil-forming factors such as climate, topography, and parent mate
rial, but also for mapping soil types (classes) and attributes. This, in 
turn, facilitates the context-specific use of SSL data for any given area 
or use transfer learning strategies to improve local predictions 
(Viscarra Rossel et al., 2024).

8. Documentation: Although it does not directly affect model perfor
mance, documenting spectral metadata and modeling details is 
essential for transparency and data sharing in spectral services. This 
documentation should include sensor instrumental conditions, de
tails of the spectral data acquisition protocol, the wet chemistry 
method used as a reference in modeling, and details of the modeling 
process—such as modeling approach, validation procedures, per
formance metrics, and descriptive statistics of the modeled attribute 
(e.g., number, range, and distribution of sample contents used in 
calibration and validation), along with the geographic location of the 
samples.

All sensor users, including service providers, should consider these 
eight keys factors when building and maintaining their SSL. We highly 
recommend that service providers be transparent in reporting the pro
cedures used as well as metadata of instrumental conditions and refer
ence analysis, such as details of sensor configurations and wet chemistry 
analytical protocols. Additionally, providing quantitative outputs 
accompanied by uncertainty estimates enhances transparency and fos
ters greater trust in the technology.

Information on the content of the analyte in the calibration set and, 
when available, additional sample data (e.g., location, parent material, 
biome, and land use) is also important to identify potential model lim
itations and define the geographical scope of applicability. Transparency 
from service providers, combined with independent auditing via profi
ciency testing, is key to enhancing the credibility and adoption of this 
technology. Key aspects of proficiency testing and its importance are 
discussed in the following sections.

Finally, it is important to address that field analyses using spectros
copy require even more meticulous attention due to external factors 
such as moisture, aggregate size, noise due to vibrations in case of on- 
the-go measurement, radiation source, soil-to-sensor geometry, vibra
tion and foreign materials (e.g., straw, stones) (Mouazen et al., 2009). 
Extrapolating laboratory-calibrated models to in situ measurements de
mands separate strategies to address these external influences (Kuang 
et al., 2012). These considerations should be incorporated alongside the 
factors mentioned above; further details are discussed by Francos and 
Ben-Dor (2022).

3. Core aspects for proficiency testing

Proficiency tests adapted for spectroscopy-based methods are 

essential to ensure consistent performance and build user confidence 
(Nogueira, 2001). This concept mirrors the accreditation process for 
analytical laboratories, where their operational performance is regularly 
evaluated and benchmarked against other laboratories (see (Quaggio 
et al., 1994). However, proficiency tests for optical sensor-based tech
nologies must be tailored to address specific aspects inherent to 
analytical inference using predictive models and SSL, such as its 
geographical scope.

In general, a proficiency test is based on sending homogeneous 
samples (previously defined by specific criteria) to several participating 
laboratories, which return their results to the test provider, where the 
results are used to obtain the assigned value (target value, usually 
defined by a measure of average behavior) and the acceptance limits for 
the performance classification of the participants (Thompson et al., 
2006). A key advantage of sensor-based methods is that they are non- 
destructive, allowing the exact same sample to be analyzed by multi
ple laboratories, reducing the effects of micro-heterogeneities and 
increasing the robustness of comparisons. Additionally, some soil attri
butes, such as texture and organic carbon, maintain consistent content in 
the sample when properly stored. This feature enables the reuse of the 
same samples in proficiency tests conducted over consecutive years 
(Shepherd et al., 2025), facilitating the evaluation of temporal trends in 
model performance. Furthermore, this reduces maintenance costs for 
test providers, as the need for frequent sample updates is minimized.

It is important to note that ISO 17043 establishes general re
quirements for the competence and impartiality of proficiency testing 
providers, ensuring the consistent operation of proficiency testing 
schemes. The guidelines outlined below, focusing on the technical as
pects of sensor-based methods, should be considered in alignment with 
these international standards. Regional proficiency testing providers can 
be either public or private bodies recognized by an accreditation 
mechanism (e.g., International Laboratory Accreditation Cooperation, 
ILAC) to guarantee that the tests are conducted in a robust, standardized, 
and impartial manner.

Below, we highlight core aspects for the development of regional 
proficiency tests.

3.1. Delimiting a target region

Using spectral libraries to predict soil properties may perform well in 
one region but fail in others if the library does not adequately represent 
the pedological and environmental variability of the target area. 
Delimiting the coverage area of the proficiency test by carrying out 
regional evaluations (e.g., following country divisions) makes it possible 
to deal with this aspect and identify regions with high and low predictive 
performance. Therefore, we recommend that proficiency tests be 
regional, so that their samples represent the variability of soils 
(matrices) in the region of interest.

3.2. Sample selection and number of samples

Robust performance assessments require a selection of representa
tive data sets that capture the variability of the soil matrix (i.e., physical 
and chemical constituents) for the area in question, covering its full 
range of the analyte. Regions with greater soil variability demand more 
samples, as well as require advanced predictive modeling strategies. 
While determining the exact number of samples is challenging, pedo
genic maps ─ which defines homogeneous areas based on soil-forming 
factors ─ can effectively guide a proper sample selection that mini
mally covers the region of interest (Styc et al., 2025).

As an initial recommendation, we suggest selecting samples that are 
as varied as possible in terms of soil types, parent materials (as they 
drastically influence soil matrix), depth of sampling, management 
practices, land uses, and geographical position. It is essential to avoid 
using too few samples (e.g., a few dozen), which may overestimate 
performance if the soil matrix is similar to the spectral library or 
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underestimate it if the matrices differ significantly.

3.3. Determining the target value of the samples provided in the 
proficiency test

The homogeneous samples provided during proficiency testing 
should have a known target value for the evaluated attribute, along with 
its associated uncertainty. A rigorous approach to defining accurate and 
reliable target values with well-characterized uncertainties is crucial for 
the success of proficiency tests. This value can be determined either by 
procedures that use interlaboratory analysis results, as performed by 
Demattê et al. (2019), or by an independent and impartial laboratory 
with a recognized high standard of quality.

Obtaining the target value and its associated uncertainty from mul
tiple certified laboratories on the market is a practical approach to 
mitigate natural systematic errors inherent in wet chemistry soil data (e. 
g., influenced by small variations within batches, reagents, and ambient 
temperature and humidity, etc.). In this context, it is essential to 

rigorously quantify the uncertainty of the target value—employing 
methods such as linear mixed-effects models or probability distribution 
functions (van Leeuwen et al., 2022)—to distinguish true soil variability 
from measurement errors.

3.4. Quality indicators of the model determination

During the model development process, it is essential to characterize 
the quality indicators of the prediction results in both the calibration and 
validation sets (Dardenne, 2010). However, for evaluating prediction 
performance within the context of proficiency testing, we recommend 
prioritizing metrics that provide a clear understanding of the model’s 
accuracy profile on the selected sample set (Feinberg, 2007)—for 
example, calculated from the deviation of each sample’s prediction from 
the target value.

Relying solely on metrics, such as coefficient of determination (R2), 
ratio of performance deviations (RPD), concordance correlation coeffi
cient (CCC), and ratio of performance to interquartile range (RPIQ) can 

Table 1 
Comparison of metrics to measure the performance of models based in spectroanalytical sensors to predict soil attributes.

Metric Definition Strengths Weaknesses

Root Mean Square 
Error (RMSE)

Measures the average magnitude of prediction 
error, giving higher weight to larger errors.

Widely used, provides an intuitive measure of 
error magnitude.

Sensitive to large errors, may not differentiate 
between systematic and random errors. Does not 
allow comparisons with reference analyzes with 
different unit and magnitude.

Coefficient of 
Determination (R2)

Indicates the proportion of variance explained by 
the model; closer to 1 means better fit.

Useful for assessing overall model fit and 
comparing different models.

Can be misleading if the dataset has low variability; 
high R2 does not always mean good predictive 
performance.

Ratio of Performance 
to Deviation (RPD)

Ratio of standard deviation of reference data to 
the model RMSE. Suggested by Williams (1987).

Accounts for variability in the dataset, 
making it useful for performance comparison 
between models, even using different units.

Can be biased if the dataset is too homogeneous and 
lacks variability; low RPD does not always mean 
poor predictions; the same measure as R2.

Concordance 
Correlation 
Coefficient (CCC)

Measures the reproducibility of continuous 
measurements (Lin, 1989). It measures how much 
the fitted linear relationship deviates from the 
concordance line (accuracy) and how far each 
observation deviates from the fitted line 
(precision).

Accounts for both correlation and bias, 
making it more informative than Pearson’s 
correlation alone.

Sensitive to data dispersion; can be misleading if the 
data range is too narrow. Requires normally 
distributed data.

Ratio of Performance 
to Interquartile 
Range (RPIQ)

Ratio of interquartile range of reference data to 
the model RMSE. Suggested by Bellon-Maurel 
et al. (2010).

Similar to RPD, however, more robust to 
outliers, providing a more reliable 
assessment in skewed datasets.

Can also be biased if the dataset is too homogeneous 
and lacks variability; low RPIQ does not always 
mean poor predictions.

Bias Measures systematic error; a low absolute bias 
indicates a consistent model extrapolation.

Identifies systematic model bias, which is 
crucial for adjusting predictions.

Does not capture random error, only systematic bias. 
In addition, can produce a low value if the 
distribution of the residues (errors) are not random 
across the property predicted values.

Maximum Error Largest absolute difference between observed and 
predicted values (in modulus); it informs the 
model’s worst prediction.

Provides the model’s worst prediction, useful 
for applications where extreme errors are 
critical.

It can be influenced by a single extreme outlier, 
which may not be representative of the model’s 
overall performance.

Error Percentiles (e.g., 
75th, 90th)

Value below which a certain percentage of the 
errors (in modulus) are contained. For example, 
90 % of the samples had an error lower than that 
indicated by the 90th percentile.

It offers a more stable view of the distribution 
of errors, reducing the influence of outliers; it 
is useful for determining acceptable error 
limits in practical analyses.

It may not reflect the degree of extreme error and is 
inadequate for detecting serious faults; should be 
evaluated together with the average and maximum 
error.

Z-Score Ratio of the deviation between prediction and the 
standard deviation for proficiency testing. 
Detailed by ISO 13528.

Internationally accepted in quality control 
programs and aligned with standards such as 
ISO. Easy to calculate and interpret.

It does not differentiate between precision and 
accuracy, preventing the investigation of causal 
factors. Sensitive to a poorly defined standard 
deviation, which may result in misinterpretations.
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be misleading, as these metrics are influenced by the dataset’s range 
(Wadoux and Minasny, 2024). Therefore, we suggest prioritizing 
descriptive statistics of the absolute error (i.e., the modulus of predicted 
minus measured values) as the primary quality indicators, along with 
bias and root mean squared error (RMSE). Table 1 presents a compar
ative overview of these metrics, outlining their definitions, strengths, 
and limitations.

Descriptive statistics of absolute error, such as the maximum error 
and selected percentiles (e.g., 75th, 90th), provide valuable insights into 
error behavior and model stability across the assessed sample set. For 
example, a small gap between the mean and the maximum error in
dicates higher consistency, while larger gaps suggest greater variability. 
These values can also be compared with maximum acceptable error 
thresholds, allowing us to understand what percentage of the sample has 
acceptable error for a given analytical tolerance, helping to understand 
whether the sensor-based method is suitable for a specific application (e. 
g., for attributes where the method is not yet widely accepted) (see 
Section below).

It is worth noting that the main metric used in proficiency testing 
schemes for chemical measurement—though still rarely applied by the 
proximal soil sensing community—is the z-score (Z), which compares 
the error obtained with the standard deviation for proficiency testing 
(SP), using the following Eq. (1): 

Z =
(XP − XR)

SP
(1) 

where XP is the predicted value and XR is the reference value. Each 
sample, Z is interpreted as excellent (|Z| ≤ 1), good (1 < |Z| ≤ 2), 
questionable (2 < |Z| ≤ 3) or unsatisfactory (|Z| > 3). This metric could 
be used to rank and classify the confidence level of service providers.

It is also important to highlight that, unlike conventional analytical 
methods that often assume a uniform uncertainty across samples, 
multivariate models produce an individual uncertainty estimate for each 
sample. Reporting these uncertainties alongside the predicted values is 
essential for attributing confidence to sensor-based results. Recent ef
forts in the literature aim to quantify this uncertainty (Omondiagbe 
et al., 2024), which should be encouraged as a good practice in both 
model evaluation and service reporting.

Similar to what was described above regarding absolute error, 
descriptive statistics of Z-scores (e.g., mean, percentiles, and maximum 
values) can also be used to assess model quality across the entire sample 
set. However, we recommend that the SP be defined using the fitness-for- 
purpose criterion based on analytical tolerance (see ISO 13528), rather 
than being calculated from the results of that specific test round. The 
document published by (Analytical Methods Committee, 2015) outlines 
the main disadvantages of using an SP derived from participant results, 
including: 

(i) It allows most of the service providers to obtain a satisfactory 
score on most occasions, regardless of whether their uncertainties 
are sufficiently small to meet customer requirements;

(ii) It is unconsistent, since the observed standard deviation varies 
from round to round. This prevents individual participants from 
tracking performance over time, identifying trends, and deter
mining whether corrective actions—such as changes in equip
ment or procedures—have been effective.

In contrast, the fitness-for-purpose criterion defines a target SP based 
on the analytical tolerance (accuracy) required for decision-making (see 
Equation (2). 

SP = f × AT (2) 

where f is an empirical factor (e.g., 0.5 for high-precision analysis and 
1.0 for less rigorous applications), and AT is the analytical tolerance, i.e., 
the maximum acceptable error threshold.

3.5. Defining maximum error thresholds (analytical tolerance)

Establishing maximum acceptable error thresholds, referred to as 
analytical tolerance (AT), for specific applications helps users determine 
whether a sensor-based estimation service is suitable for a given appli
cation. This is a fitness-for-purpose validation strategy (Feinberg, 2007) 
that complements the information obtained from the model’s quality 
indicators.

The AT value is not arbitrary but rather depends on the objectives of 
the analytical procedure. These thresholds must be based on technical 
rationales that consider local attribute variations and the level of ac
curacy required for the application. For example, the AT for mapping 
clay content for soil fertility management may be broader than that 
required for pedological classification (e.g., 6 g kg− 1 and 10 g kg− 1, 
respectively).

Once AT for each application is defined, it can be used for SP 
calculation and then the Z-score, as described above. In addition, a 
suggested approach to evaluate the model consistency could be a clas
sification by comparing descriptive statistics of the absolute error with 
the AT. For instance, when evaluating soil texture for fertilizer recom
mendations, if the AT for predicting clay content is set at ’X,’ model 
consistency can be interpreted by comparing the descriptive statistics of 
the absolute error (e.g., 50th percentile, 75th percentile, 90th percentile, 
and maximum error, all observed in modulus) to this ’X’ value, as 
follows: 

● Inconsistent models: all errors (50th percentile, 75th percentile, 90th 
percentile, and maximum error) above the specified limit.

● Little consistent models: only 50th percentile below the limit.
● Reasonably consistent models: 50th percentile and 75th percentile 

below the limit.
● Consistent models: 50th percentile, 75th, and 90th percentiles below 

the limit.
● Very consistent models: all error metrics (50th percentile, 75th 

percentile, 90th percentile, and maximum error) below the limit.

This evaluation approach would consider samples with the most 
limiting errors, rather than relying solely on average values (e.g., 
RMSE). Those interpretations of consistency can be adjusted on the 
application. The key aspect is that this metric allows us to understand 
how many samples fall within or exceed the established limit, which 
helps dealing with the classic dilemma of model interpretation: “predict 
the average samples well or predict the extreme samples best”. Fig. 2
illustrates the idea behind the suggested interpretation of consistency.

Although promising, this type of evaluation approach is still rarely 
applied in soil spectroscopy. Establishing clear AT values and promoting 
their adoption by the community would be essential steps toward 
making sensor-based analysis outputs more interpretable and support
ing its broader adoption.

4. The importance of regional proficiency tests

The absence of standardized regional proficiency testing for sensor- 
based soil analysis threatens the reliability and credibility of these 
emerging technologies. Without independent certification of perfor
mance, service providers may lack proper quality control. Proficiency 
testing ensures measurements stay within acceptable error margins, 
enabling laboratories and service providers to detect and correct sys
tematic errors. Failing to implement such measures risks undetected 
biases, compromising the validity of soil assessments.

In addition to checking performance, laboratories can also use pro
ficiency testing as an opportunity to understand their uncertainties, 
improve internal protocols, and seek external support when needed. The 
network of participating laboratories and proficiency test providers can 
serve as a valuable source of information, for example through annual 
meetings for technical discussion. In this sense, proficiency testing 
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should not be seen merely as a compliance system, but rather as a 
constructive and collaborative environment that fosters continuous 
improvement and shared learning, which can also be supported by sci
entists developing joint research to overcome some possible perfor
mance issues.

If end users lose confidence in a sensing technology due to poor 
performance, it hinders adoption and creates skepticism toward future 
innovations, even those proven accurate and reliable. For this reason, it 
is also important to engage researchers, service providers, and sensor 
manufacturers in the implementation of proficiency testing. Their 
technical and financial contributions can strengthen the development of 
spectral libraries, standard samples, and training initiatives, helping to 
raise the overall quality and trustworthiness of the sensor-based ana
lyses. Therefore, implementing regional proficiency tests is crucial for 
sensor-based soil analysis to achieve the performance demonstrated in 
decades of scientific research, fostering stakeholder confidence.

5. Final considerations

Sensor-based soil analysis using spectroanalytical techniques has the 
potential to optimize and expand soil characterization and monitoring, 
offering faster, cost-effective, environmentally friendly and more sus
tainable alternatives to traditional methods. The global significance of 
this approach has been increasingly recognized, with a major milestone 
being the establishment of the Global Soil Analysis by Soil Spectroscopy 
(GLOSOLAN-Spec) in 2020 under the Food and Agriculture Organiza
tion (FAO). This initiative aims to advance the development and adop
tion of soil spectroscopy by fostering international collaboration (Peng 
et al., 2025).

Collaboration among researchers, policymakers, industry, and end 
users of the results will be essential in refining spectral libraries, 
improving calibration models, and developing global benchmarking 
systems. Cross-institutional partnerships will further facilitate data 
sharing and enhance predictive accuracy, ultimately improving the 
reliability of sensor-based methods (Safanelli et al., 2025).

To address the current lack of standardized procedures, Ben Dor et al. 
(2024) proposed an international protocol for soil analysis using sensors, 
titled Standardization and Protocol Development for Soil Spectral 
Reflectance in Laboratory and Field Settings, under the umbrella of the 
IEEE Standards Association (SA)─Working Group P4005, focusing on 
DRS sensors. For most other sensors with increasing adoption (e.g, XRF 
and LIBS), standardization procedures like this one are still needed. 
Establishing official standards and protocols through recognized legal 

Institutions is a critical step toward enhancing data quality and building 
credibility and strengthening user trust. Once these methods receive 
formal recognition, implementing proficiency testing will be an essential 
next step to ensure consistency and analytical accuracy across sensor- 
based service providers.

Although these measures will enhance the credibility of spectral soil 
analysis, challenges persist, particularly in defining tolerable error 
thresholds for each different application. A concerted effort and 
collaboration among the scientific community, regulatory bodies, and 
industry stakeholders is crucial to ensure that these technologies provide 
reliable, high-quality soil information to support decision making for 
sustainable land management.

Advances in proficiency testing for sensor-based soil analysis will 
also be fundamental to expanding the use of sensors and unlocking 
large-scale soil health and/or carbon farming programs (e.g., Cherubin 
et al., 2024) that require high-resolution data, either spatially or 
temporally. The cost of soil monitoring (using traditional wet chemistry 
methods) is one of the main barriers to these programs, since large 
amounts of samples are needed. Therefore, cost-effective methods, such 
as sensor-based soil analysis technologies that are accepted by interna
tional standards, have tremendous potential in the global marketplace 
over the coming decades.

Finally, to fully realize the potential of sensor-based soil analysis, it is 
important to maintain long-term engagement with end users, particu
larly farmers, by delivering reliable results for actionable, spatially 
explicit outputs such as soil maps, change detection, and diagnostic 
insights. Delivering such spatial products, rather than isolated point- 
based data, increases relevance in real-world decision-making. In par
allel, integrating data from laboratory, field-based, and remote sensing 
platforms will further expand the applicability and impact of sensor- 
based methods. This multidimensional approach not only enhances 
the quality of insights delivered to users but also supports broader 
acceptance, enabling informed and site-specific soil management 
decisions.
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