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Abstract: Soil surveys are critical for maintaining sustainable use of natural resources while minimiz-
ing harmful impacts to the ecosystem. A key soil attribute for many environmental factors, such as
CO? budget, soil fertility and sustainability, is soil organic matter (SOM), as well as its sequestration.
Soil spectroscopy is a popular method to assess SOM content rapidly in both field and laboratory
domains. However, SOM source composition differs from soil to soil, and the use of spectral-based
models for quantifying SOM may present limited accuracy when applying a generic approach to
SOM assessment. We therefore examined the extent to which the generic approach can assess SOM
contents of different origin using spectral-based models. We created an artificial big dataset composed
of pure dune sand as a SOM-free background, which was artificially mixed with increasing amounts
of different organic matter (OM) sources obtained from commercial compost of different origins.
Dune sand has high albedo and yields optimal conditions for SOM detection. This study combined
two methods: partial least squares regression for the prediction of SOM content from reflectance
values across the 400-2500 nm region and a soil spectral detection limit (SSDL) to judge the prediction
accuracy. Spectral-based models to assess SOM content were evaluated with each OM source as
well as with a merged dataset that contained all of the generated samples (generic approach). The
latter was concluded to have limitations for assessing low amounts of SOM (<0.6%), even under
controlled conditions. Moreover, some of the OM sources were more difficult to monitor than others;
accordingly, caution is advised when different SOM sources are present in the examined population.

Keywords: organic matter; soil spectroscopy; hyperspectral remote sensing; detection limit

1. Introduction

Soil organic matter (SOM) is the product of the onsite biochemical decomposition of
dead tissues of flora and fauna. It controls the chemical and physical properties of the soil
and is responsible for its overall health [1,2]. In addition, the ongoing SOM sequestration
process is one of the main cost-effective climate change mitigation strategies for removing
carbon dioxide (CO;) from the atmosphere [3] in the fight against global warming.

The stage of SOM decomposition is determined by the activity of soil microorganisms,
which use fresh organic matter (OM) as an available energy source for reproduction. The
young stage in the OM decomposition process refers to the initial phase of the microor-
ganisms” activity, in which the C:N ratio should be over 26 [4]. The mature stage refers to
the final stage of microorganism activity, in which the C:N ratio is around 10-15 and new
complex compounds, often called humus, are formed [5]. Thus, the C:N ratio allows one to
evaluate the decomposition stage of OM in both natural soil and compost substances.

Sustainable soil utilization, management, and environmental protection require a more
precise understanding of SOM content and its spatial variability. The importance of SOM is
reflected in the approximately 2,330,000 papers related to this topic in Google Scholar alone
(as of February 2021). Soil spectroscopy is one of the most developed, rapid, and cost-free
practices to assess soil attributes in any domain, and it is most commonly used in remote
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sensing of soil. As a result, a large and growing body of literature on soil spectroscopy has
focused on spectral-based assessments of SOM using different wavelengths. Nevertheless,
it is interesting to note that there is no consensus regarding what wavelengths are the most
indicative for SOM assessment.

In general, increasing OM content darkens the soil in the visible (VIS) and near-
infrared (NIR) spectral regions. Unfortunately, other soil attributes may have a similar
effect, such as texture, structure, moisture, and mineralogy [6]. This calls for precaution
when assessing SOM content using spectral-based means, as demonstrated recently by
Heller Pearlshtien and Ben-Dor [7], who showed how the overlapping spectral signals of
SOM and iron oxides may affect one another in the VIS-NIR region.

The VIS region is widely used for soil and geological applications that require color
determinations [8]. In the VIS range, wavelengths at around 410, 570, 660 [9], 600 [10],
520, 540, 550 [11], 570 to 630 [12], and 623 nm [13] tend to be used to estimate SOM
content, because the OM reduces reflectance in the range of 350-700 nm. In the NIR and
shortwave infrared (SWIR) ranges, radiance at wavelengths of around 960, 1100 [14], 1400,
1900 [15], 1720, 2180, 2309 [16], 1744, 1870, 2052 [17], 1100, 1600, 1700, 1800 to 2000, and
2000 to 2400 nm [18] are more likely to be absorbed by SOM. Recently it was reported
by Bircher et al. [19] that microwave radiation using the L-band can produce a relative
permittivity that enables organic substrate detection. Therefore, the wide spectral range in
which SOM is active is affected by the diverse chemical composition of the OM sources, as
well as the degradation status of the OM in question [1].

Inbar and Chen published two studies showing that the OMs that they examined
were diverse in their spectroscopy and chemistry, based on stage of decomposition [20,21].
Another factor that affects the spectral feature extraction to predict SOM from spectral
measurements is the soil type and background [22]. Recently, Ogen et al. [23] suggested
using the soil spectral detection limit (SSDL) index, derived from the limit of detection
concept of Shrivastava and Gupta [24] and adapted to the discipline of soil spectroscopy,
to evaluate the detection limit of OM spectrally.

The objective of this study was to examine the performance of the generic and tradi-
tional approach (where the soil matrix is made up of different OM types) using spectral-
based models to estimate the SOM content in a selected bright soil analogue. The variability
of the SSDL using different sources of OM (composts) was evaluated and reported.

2. Materials and Methods
2.1. Laboratory Measurements

For this study, five different commercial composts were acquired from commercial
vendors. Each compost was air-dried and sieved through a 2 mm sieve. Then, the hygro-
scopic water was removed by heating at 105 °C for 24 h, and the OM content was calculated
following the loss on ignition (LOI) method at 405 °C for 8 h [23,25,26]. OM content was
calculated from the difference in weight.

Figure 1 illustrates the composts before and after the OM removal. This process was
also repeated with pure dune sand (B2) from the coast of Ashdod, Israel. The dune sand
texture was measured with a laser diffraction particle size analyzer (Mastersizer 2000,
www.malvernpanalytical.com, accessed on 8 April, 2021) that obtained 100% of sand with
no silt and clay fractions. Dry sieving confirmed that the dune sand grain size was <2 mm.
Table 1 lists the OM content and code of every compost.


www.malvernpanalytical.com
www.malvernpanalytical.com
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Figure 1. The different composts before (a) and after (b) heating at 405 °C.

Table 1. Organic matter (OM) content using the loss on ignition (LOI) method, codes, and description
of the composts and soils examined in this research.

Code Description OM Content (%)
Al Compost “Biocompost”: cow 17.36
dung compost
A2 Planting mix titanium: soil 70
with peat
Ad Compost “Garin”: 85% cow 2733

dung, 15% leaves
Compost “Aben Ari”: baltic

A5 peat, coconut fibers, 36.26
ventilation materials

A6 Worm humus “Green 4 Ever” 18.89

B2 Dune sand <0.01

Once the OM content in each of the composts was calculated, 122 soil samples were
artificially prepared by mixing dune sand with gradually increasing amounts of each
compost separately. This was carried out to assess how much OM was added to every
sand sample and what the total OM was (% content in every sample) under controlled
conditions. The result was 610 artificial soils with different (and known) OM types and
contents on the same background (dune sand).

For each OM source, the compost content of the sand—OM samples ranged between
0 and 12%, where two sand—OM samples were created with the same compost content,
obtaining an interval of 0.2% of added compost for each OM source. Thus, for each 0.2%
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interval, two independent replications were created. The calculation of the OM in the
artificial soil mixture took into account the OM fraction in each compost. The OM in
the dune sand was negligible (<0.01%) and was not taken into consideration in the OM
calculation. It is important to mention that although the LOI method has some limitations
in defining the exact OM content, it was used as it was found to be highly correlated with
the method of Walkley and Black [25]. For further corroboration of the LOI method, we
examined the correlation between the LOI and traditional dry combustion (ISO 10694:1995)
methods in the selected composts; where a high correlation (R?> = 0.96) was observed
(Figure 2). The organic carbon content of the composts is determined after dry combustion
(ISO 10694:1995) with a FLASH2000 Elemental Analyser (Thermo Scientific).

80
R-squared =0.96
70 - Standardized RMSE = 0.2

60 -
50 - y = 0.68x + 0.5
40 1 A2
30 -
20 -
10

A4

Measured OC (%) using ISO: 10694:1995

O 10 20 30 40 50 60 70 80
Measured OM (%) using LOI method

Figure 2. The LOI method versus the ISO 10694:1995 measurements of the OM sources used in this study.

Accordingly, the LOI method was proven to be a reliable method for determining
OM in this study and was selected to keep the discussion relevant with the study of
Ogen et al. [23], who examined different soil types and one compost using the LOI method.

The spectral measurements were carried out using an ASD spectrometer (Analytical
Spectral Devices, Boulder, CO, USA) following the internal soil standard protocol presented
in Ben Dor et al. [27] using a Lucky Bay sample as the reference soil. The ASD spectrometer
has three detectors with 1 nm interpolated spectral resolution which provides 2151 bands
in the VIS-NIR (350-1000 nm), SWIR1 (1000-1800 nm), and SWIR2 (1800-2500 nm) regions.

2.2. Data Analysis

We evaluated the OM detection limit by adopting the SSDL index of Ogen et al. [23].
The SSLD index is based on the relationship between the compost indicative wavelength
(CIW) and the soil indicative wavelength (SIW). According Ogen et al. [23], the CIW
presents the highest first-derivative value of the examined compost (OM) spectrum across
the 850-950 nm spectral range, and the SIW presents the highest first-derivative spectrum
of the background soil in the 500-650 nm spectral range. Ogen et al. [23] describes a detailed
protocol to determine the minimal detectable amount of a specific compost. In this study,
we evaluated this method but determined the minimal detectable amount of the added
OM content and not that of the added compost. This task consisted of the following stages:
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i Savitzky-Golay (SG) smoothing [28]: first-derivative and secondary SG smoothing
was applied to the reflectance data.

ii. The SIW of the background soil (dune sand) was identified, and the CIW was
identified in every examined series of OM source samples.

iii. The CIW /SIW ratio was calculated for each soil sample.

iv. The mean (¥) and standard deviation (SD) of the CIW /SIW ratio for the blank mea-
surements (dune sand) were calculated. The blank measurements were 20 spectral
measurements of the background soil (pure dune sand) with no addition of OM.

V. The first 10 samples with the lowest OM content in each compost series were chosen,
and a linear correlation curve was created between the CIW /SIW ratio and the
OM content.

vi. The coefficient of determination (R?) was calculated.

vii.  Additional samples were added, while the R?> was measured continuously until

the highest correlation between the CIW /SIW ratio and the added OM content
was obtained.
viii.  The linear equation for the highest correlation was selected.

Then, the SSDL was calculated using the following equation:
SSDLOM (wt%) = ﬂ(y - 30') <blunk> + b (1)

where SSDL is the soil spectral detection limit of OM, 2 and b are the designated constants,
and x and ¢ are the calculated mean and SD of the CIW /SIW ratio of the blank sample.
Further information about this method can be found in Ogen et al. [23].

To examine the effect of the remaining non-organic material in the compost, we
analyzed the spectral signature of the pure composts before and after the LOI procedure.
The spectral angle mapper (SAM) algorithm [29] was applied to the composts’ spectra
before and after the LOI method, where the endmember is a featureless spectrum in which
the reflectance value at every wavelength is 1. Thus, it became possible to determine the
impact of OM sources on the spectral-based estimation of different composts.

Next, the spectral-based estimation of OM content (wt.%) was carried out using partial
least squares regression (PLSR) analysis [30] through the scikit-learn package of Python [31].
Before application of the model, the spectral reflectance data were preprocessed by SG [28].
The entire dataset contained 610 samples in total, where 122 samples were for the sample
sequence of each compost. For the development of all spectral-based models, for every
sand-OM mixture and in the generic group (which included all sand—OM samples), 75%
of the samples were selected for the calibration stage, and the other 25% were used for the
validation stage. Moreover, all the spectral-based models were further validated through a
full leave-one-out-cross-validation (LOOCV) that was executed to the training groups to
assess the effect of the training set selection. To improve the performance of the spectral-
based models, some of the samples were omitted because they were considered outliers
following the method of Hawkes and Webb [32]. For this procedure, we removed all of
the samples that presented any reflectance or OM content values with an absolute z-score
value greater than 3 [32,33].

The evaluation of the models’ performance was based mainly on the results that
presented statistical parameters such as: coefficient of determination (R?), root mean
square error (RMSE), and ratio of performance to deviation (RPD) indices. The RMSE
values were evaluated in relation to the range of added OM for every sample. RMSE is
an indicator of the differences between values predicted by a model and those that are
actually observed [34], and RPD is the ratio between the SD of the reference method and
the RMSE [35]. To classify the performance of the models, we defined the reliability of
every model according to Chang et al. [36] using the following rules:

i. Excellent model, RPD > 2;
ii. Fair model, 1.4 < RPD < 2;
iii. Unreliable model, RPD < 1.4.
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3. Results

Figure 3a illustrates the diverse spectra of the composts that we evaluated and the
soil background (dune sand (B2)). Although the composition of each compost was varied
with dissimilar OM contents, all of the composts presented low reflectance in the VIS-NIR

spectral range (Figure 3).
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Figure 3. (a) Spectra of all composts used in this study and of pure dune sand. (b—f) Spectra of dune sand (B2) with

incre

asing amounts (1, 5, 10, and 100%) of the different composts.

Only compost A5 showed a higher reflectance than that of some sand—OM mixtures
between 1000 and 1300 nm, probably because of foliar remains that are characterized
by high reflectance values toward the NIR spectral region. It is clear that many spectral
features of the analogue soil will change when different sources of OM are added, and this
is shown in Figure 3b—f. Every compost material affected the sand-OM mixture spectrum
differently. Nonetheless, there were also some spectral features shared by all OM sources:
the water absorption features at approximately 1400 and 1900 nm and the low slope in
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the VIS range. All of the compost slopes showed a concave behavior until approximately
1250 nm, except A5, which presented an absorption at approximately 1200 nm. In general,
all of the composts shared some spectral properties that expert users could immediately
identify as OM, but not to the same extent. The water absorptions are very marked at 1400
and 1900 nm, suggesting that water molecules produce a masking effect that might hinder
many small but known features of dry OM [37,38]. Such spectral variability may affect the
performance of the quantitative spectral analysis in estimating the OM content through a
generic approach.

3.1. Validation of the Preparation Method for the Sand—OM Mixtures

To confirm that the sand—OM mixtures had the SOM content measured by the LOI
method, six samples that were not part of any analysis were generated from two sources
of OM (three from A2 and three from A5) in different amounts. Figure 4 shows the
methodology that we used to prepare the sand-OM mixtures during this study with a
correlative chart. The x-axis represents the OM content, assuming that the OM content
in each compost is stable as it is added to each sand—OM mixture (as we did in this
study). The y-axis represents the OM content measured by the LOI method in each sand-
OM mixture. This chart (Figure 4) shows satisfactory validation of the implemented
methodology (R? = 0.96).

2.5 -
;\32.0- //
215 oo
g
— .//

a 10 ///.
© P
0.5 '
® .7 guared =0.96
e E (%) =0.19
0. ,

0 '
0.0 0.5 1.0 1.5 2.0 2.5
Prepared OM (%)

Figure 4. Validation of the sand—-OM mixture preparations: The x-axis represents the calculated OM
content in the preparation of the soil-OM mixtures. The y-axis represents the OM content measured
by the LOI method in each sand-OM mixture after the preparation stage.

3.2. SSDL and SAM

Figures 5 and 6 illustrate the SSDL calculation, showing the first-derivative spectra of
the dune sand (B2) and of the different composts. In Figure 5, which illustrates the 500-650
nm spectral range, the first-derivative spectrum of the dune sand (B2) is exceptionally
high compared to the composts, whereas in the 800-950 nm spectral range (Figure 6), the
first-derivative spectrum of the dune sand (B2) is remarkably lower than the different
sources of OM. Figure 5 shows the SIW identified at 560 nm, and Figure 6 shows the CIW
determined for each of the composts. Although the chemical composition of the composts
is diverse, all of their spectra share similar features in this latter range (800-950 nm) that
contrast with those of the dune sand. Note that Ogen et al. [23] recommended identifying
the CIW in the 850-950 nm spectral range, but as seen in Figure 6, the CIW can be identified
below 850 nm.
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Figure 5. First-derivative preprocessing spectra of the different sources of OM (A1, A2, A4, A5, and A6) and dune sand (B2)
in the range of 500-650 nm. Arrow—soil indicative wavelength (SIW).
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Figure 6. First-derivative preprocessing spectra of the different sources of OM (A1, A2, A4, A5, and A6) and dune sand (B2)
in the range of 800-950 nm. The selected compost indicative wavelength (CIW) values are marked.
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As seen in Figure 7, the SSDL of the OM in the examined composts shows no correla-
tion with their respective OM contents (R? = 0). This is probably because the SSDL is not

affected by the OM content in the composts but, rather, by both the OM and the mineral
residual composition (see Table 1).

0.7
0.6 1 ° R-squared =0.00
Standardized RMSE = 1.39
=05
o~
5' 0.4 .
V)
0.3
[
0.2
0-1 ° T i T T T

10 20 30 40 50 60 70 80
Measured OM (%)

Figure 7. Soil spectral detection limit (SSDL) vs. measured OM content (%) in the initial composts.

Figure 8 shows to what extent the identified CIW can determine the squared SSDL.
Although this analysis was carried out using only five composts and it is therefore not
possible to draw any conclusions that might be relevant for all existing sources of OM, there
is a marked trend between these variables (R = 0.59). This might lead to the understanding
that the quantitative detection of OM content is not only manifested by all of the VIS—
NIR reflectance value bands but can also be determined by the extent of the OM slope.

As the CIW is identified at longer wavelengths, the OM content may be detected in
lower amounts.

0.40

0.35{ oAb
R-squared =0.59
0.30 - Standardized RMSE = 1.88

0.25
0.20
0.15 A2

0.10 A4

“ 0.05 1 AS o
' . Al

0.00

800 820 840 860 880 900
CIW (nm)

quared SSDL (%)

Figure 8. Squared soil spectral detection limit (SSDL) values vs. selected compost indicative wave-
lengths (CIW).

To prove that the spectral-based detection of SOM can be biased not only by the
organic composition but also by the residual minerals in the compost, we extracted the
compost spectra after the LOI procedure, representing the mineral portion in each compost
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(a)
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(Figure 9a). Extracting the mineral fraction from the organic soil (Figure 9b) yielded the
spectral signal of OM (at around 650 mm) and hygroscopic moisture loss (at around 1400
and 1900 nm), as well as enhancement of the clay mineral features (around 2200 mm) due
to the removal of the masking volatile component by the heating. As seen, both the mineral
part and the organic part of the composts (representing organic soils) varied.
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0.7

e e
n )

After LOI Reflectance
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Figure 9. Composts’ spectra after LOI. (a) After LOI reflectance; (b) reflectance after LOI minus reflectance before LOIL

Accordingly, both CIW (representing the organic part of the compost) and SIW (repre-
senting the mineral (residual) part of the compost) are varied and cannot maintain stable
SSDL values in any of the cases.

As dune sand is considered a mineral soil, for the sand—OM mixtures used in this
study, the SSDL might be considered a reasonable parameter because the influence of the
mineral component of the OM sources may be negligible in the spectral-based detection.
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As seen in Table 2, the spectral signatures of the analyzed composts after the LOI
method present SAM values ranging from 0.13 to 0.2. Note that the endmember was
a featureless spectrum in which the reflectance value at every wavelength was 1 (see
Section 2.2). These results again indicate that the spectra of varied sources of OM are
also affected by their mineralogy, because the OM influence is annulled through the LOI
method. Nevertheless, the SAM values of the composts before the LOI method also varied,
ranging from 0.31 to 0.51 (also shown in Table 2).

Table 2. The spectral angle mapper (SAM) value of every compost before and after the LOI procedure.
The endmember to which the SAM was applied was a featureless spectrum.

Code SAM (before LOI) SAM (after LOI) OM Content (%)
Al 0.41 0.20 17.36
A2 0.40 0.13 70
A4 0.40 0.19 27.33
A5 0.51 0.16 36.26
A6 0.31 0.20 18.89

These observations may explain why we obtained a varied range of SSDL values (from
0.13 to 0.59), as well as why the CIW was identified at different wavelengths in all of the
examined composts.

3.3. PLSR Models

We executed PLSR spectral-based models between the spectra and the OM content
as calculated for each sand-OM mixture (soil analogue). This was carried out for every
compost group as well as for the merged (all sand—OM mixtures) group. The statistical
parameters of all of the models are presented in Table 3, and the performances of the
spectral-based models with their correlograms are presented in Figure 10. The correlogram
is a chart that presents the R? between a property of interest (OM content in this case) and
every wavelength. As shown in Figure 10, the correlative spectral properties presented by
the correlograms are varied, but all of them have their highest values across the VIS-NIR
range and tend to decrease at wavelengths neighboring the water absorptions at 1400 and

1900 nm.

Table 3. The statistical parameters of all models prepared for the estimation of OM (wt.%), including SSDL and CIW.

Parameter Al A2 A4 A5 A6 Generic Model
RPD (ca) 2.54 3.72 2.87 3.98 291 2.76
RPD (1egy) 217 3.28 24 2.6 2.46 3
R? (Cal) 0.92 0.90 0.91 0.96 091 0.85
R? (Test) 0.79 0.90 0.79 0.85 0.80 0.89
RMSE (%) (car 0.18 0.79 0.28 0.25 0.21 0.7
RMSE (%) (Test) 0.23 0.62 0.32 0.36 0.22 0.6
No. of samples (total) 120 120 120 119 119 589
No. of samples (cqy) 90 90 90 89 89 442
No. of samples (resy) 30 30 30 30 30 147
SSDL (%) 0.13 0.36 0.24 0.12 0.59 -
CIW (nm) 889 870 890 843 808 -
OM range (%) (0.03-2.08) (0.14-8.4) (0.05-3.28) (0.07—4.35) (0.04-2.27) (0.00-8.4)

Cal, calibration; Test, validation; no, number; no, number.
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Figure 10. Partial least squares regression (PLSR) models with their predictions in the calibration (a,d,g,j,m,p) and validation
(b,e,h,k,n,q) stages, and their correlograms (c,f,i,1,0,r).
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Spectral-based predictions of SOM are mostly reported from the VIS-NIR region [37,38]
and can also be well observed in the compost spectra. The generic model (consisting of all
compost mixture groups) was developed using all of the artificially prepared samples after
removing outliers (589 out of 610 sand—OM mixtures).

The results of this analysis show that the higher the variation in OM sources, the lower
the predictive capacity of the models. All of the spectral-based models presented excellent
RPD values (over 2), including the generic one. Nevertheless, it should be noted that the
generic model showed the second highest RMSE (0.6), after compost A6 (RMSE = 0.62).
This indicates that there are some cases in which the estimation of OM could be lower
than in the generic approach and the latter is probably affected by the OM species that do
not have fair performance in the spectral analysis. Compost A6 consisted of pure worm
humus (Table 1) and thus represented an OM source that is drifting away from the spectral
model accuracy. However, the mineralogical residual of compost A6 also presented a
spectral response that differed from that of the other composts (Figure 9a). Therefore, the
non-organic composition of the OM sources may contribute to biases in the spectral-based
assessment of the OM content adopting a generic approach.

Another problem with the generic model is that among 610 samples, 21 were identified
as outliers and accordingly removed from the analysis. Thus, the generic model had to
ignore 3.44% of the dataset, which is relatively more samples than all of the other models.
The models that were created for composts Al, A2, and A4 ignored only two samples
(1.63% of the samples), and the models created for A5 and A6 ignored three samples
(2.46%). Still, the performance of the generic model at the validation stage was fairly good
(R? = 0.89, RMSE = 0.6, RPD = 3) and appeared to present no problems.

The highest SSDL found in this study was 0.59, in compost A6. Thus, a new generic
model was developed that considered only the samples with measured OM content below
0.6 (rounding 0.59) in order to focus on this problematic range (see Figure 11 and Table 4).
In this case, the performance of the generic model decreased considerably in the validation
stage (from R? = 0.89 to R? = 0.59 and from RPD = 3 to RPD = 1.55). These results coincide
with the conclusions that emerged from the SSDL analysis, again suggesting that low
amounts of SOM are difficult to quantify (or detect) by the generic approach.

Generic model (low amounts): Calibration Generic model (low amounts): Test Generic model (low OM): Correlogram
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Figure 11. Generic model for samples with low OM content. Its predictions in the calibration (a) and validation (b) stages,
and the correlogram (c).

Then, a full LOOCYV analysis was conducted on all of the spectral-based models.
In this stage, despite the fact that all of the models presented very high accuracies, the
generic model that contained all the samples presented the lowest performances (R? = 0.85;
RMSE = 0.73) when compared with all of the individual composts. Nevertheless, the per-
formance of the generic model that used samples with low OM content (<0.6%) decreased
considerably (R2 =0.68; RMSE = 0.11) in relation to the generic model that used all of the
sand—-OM samples. The results of the LOOCV analysis reaffirm the conclusions that were
obtained in the previous validation stage. All of these results are summarized in Table 5.
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Table 4. The statistical parameters of the generic model for samples with low (<0.6%) OM content.

Parameter Generic Model (Low Amounts)
RPD (cay 1.59
RPD (Testy 1.55
R? (can 0.77
R% (Test) 0.59
RMSE (%) (caly 0.09
RMSE (%) (Test) 0.1
No. of samples (ryta) 110
No. of samples (cay 82
No. of samples (res) 28
OM range (%) (0-0.6)

Cal, calibration; Test, validation; no, number.

Table 5. The statistical parameters of all models prepared for the estimation of OM (wt.%), including SSDL and CIW.

Generic Generic Model
Parameter Al A2 A4 A5 A6 Model (Low Amounts)
RPD roocvy 3.07 2.64 2.85 4.38 2.75 2.51 1.75
R? (LOOCY) 0.89 0.86 0.88 0.95 0.87 0.85 0.68
RMSE (%) oocv) 0.2 0.94 0.34 0.29 0.25 0.73 0.11
No. of samples (car 90 90 90 89 89 442 82
OM range (%) (0.03-2.08) (0.14-8.4) (0.05-3.28) (0.07-4.35) (0.04-2.27) (0.00-8.4) (0-0.6)

Cal, calibration; Test, validation; no, number.

4. Discussion

The important differences presented in the different composts’ spectra, once the
LOI procedure had been performed, indicate that the OM, as well as the mineralogical
composition of the composts, varied. The spectra of the composts were measured before
and after the LOI method to calculate the SAM values, considering a featureless spectrum
with the same values in all bands as the endmember. This analysis suggested that the varied
mineralogical composition of the composts can affect the generic approach. Nevertheless,
the varied OM content (and composition) may be even more unfavorable for the spectral-
based assessment of SOM. Therefore, precaution is needed when predicting SOM with a
generic model (i.e., using soils of different origin and with different OM sources).

The results of the SSDL analysis showed that low amounts of OM are difficult to
distinguish using VIS-NIR-SWIR spectroscopy, even if the soil background is very bright
(e.g., dune sand). This is because the SSDL values of the OM sources that were evaluated
range between 0.12 and 0.59%, and OM estimation through a generic approach may not be
precise in this range. Accordingly, SOM estimation using a generic approach may not be
precise in the lower SOM range that meets the above (lower than 0.6%). Moreover, Figure 7
reveals that the OM content of the examined composts is not correlated to the SSDL (R? = 0).
Accordingly, SOM estimation through a generic approach may not be precise in the lower
SOM range that is found mostly in arid—mineral soils. This supports the notion that the
spectral-based detection of OM can be affected by the mineralogical composition of the
OM sources, because the composition of the composts is varied and they are not totally
pure organic components (see Table 2).

On the other hand, the CIWs could be an important parameter for evaluating the
detectable characteristics of the OM of interest: the longer the wavelength at which the
CIW is identified, the lower the amount of OM necessary for the spectral-based detection
(Figure 8). However, this trend was identified in the evaluation of only five composts.
Nonetheless, the fair correlation (R? = 0.59) found between the square of the SSDL and the
CIW (representing different OM sources) led us to assume that this trend could be relevant
for many other OM sources. This conclusion requires further investigation with more than
five sources of OM and other soil types as background.
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The CIWs for each compost varied, but all of them were in the 800-900 nm spectral
region (Table 3). In composts A5 and A6, the CIW was identified at 843 and 808 nm, respec-
tively, so in some cases, the CIW could be found in spectral bands below the 850-950 nm
spectral range recommended by Ogen et al. [23]. These variations in the identification of
the CIW can be considered further proof of different OM sources having different spectral
assignments as well as different chemistry.

All individual spectral-based models showed excellent performance, and almost no
samples were ignored in regard to their development. The performance of the generic
model was fairly good when we considered all of the samples for calibration and validation
(without the outliers). However, when we generated a new generic model using samples
with low OM content (below 0.6%), its accuracy decreased considerably. This finding
strengthens the conclusions that arose from the other examinations (SAM and SSDL). The
study suggests that spectral-based detection (or estimation) for OM monitoring should
be performed with caution, especially with mineral soils that are poor in OM content and
contain different OM sources and minerals.

It should be borne in mind that our soil mixtures were prepared with a high-albedo soil
(dune sand), thus providing optimal conditions for the detection of SOM [23]. Accordingly,
it is assumed that the lower limit that we found in this study may be higher for other
(lower-albedo) mineral soils.

To create a generic model based on soil samples from a specific farm, OM from different
sources that are added to the field should be distributed homogeneously. Moreover, some
species of OM require special attention, because they may present worse quantitative
spectral features than the generic approach.

We believe that variations due to the type of chemical analysis will not change the
conclusions of the spectral based variation in this study, as exists a high correlation between
the LOI and Walkley and Black methods [25], as well as between the former and the ISO
10694:1995 method (Figure 2). Checking the effect of the “wet analytical” methods on the
spectral assessment is beyond the scope of this paper and requires a new study.

5. Conclusions

The purpose of this research was to evaluate the quantitative performance of spectral-
based models in estimating OM from different sources in an optimal way. To this end,
we created a robust and artificial dataset with several samples, mixing different OM
sources in increasing amounts with pure dune sand. This enabled generating an optimal
scenario characterized by good contrast between the added OM sources and the chosen
soil (dune sand). All of the PLSR models presented excellent results, including the generic
model. Nevertheless, when a new generic model was created using samples with low
OM content (<0.6%), the accuracy decreased considerably. The SSDL method was also
examined, and it was concluded that the detection of a given class of OM is not necessarily
affected only by its OM content but also by the non-organic components of the OM source,
which change the signals accordingly. This observation coincides with the results of the
SAM analysis that was applied to the spectral signatures of the composts after the LOI
procedure. In that analysis, we found that different sources of OM may contain not only
varied OM content but also varied mineralogy. We also found that different sources of
OM may present different SSDL values, ranging between 0.13% and 0.59% at least. Thus,
the PLSR and the SSDL analyses showed that the estimation of SOM through a generic
approach is problematic, especially for samples with OM content below 0.6%. In the
analyzed composts, the CIW was identified at different wavelengths, indicating important
differences in their chemical compositions. Thus, the estimation of OM using reflectance
spectroscopy be may inaccurate, especially for samples with low OM content (<0.6%). In
the future, similar work should be conducted using more OM sources at different stages of
decomposition (e.g., different C:N ratio). This is essential to check the robustness of the
SOM determination process. This study used analog soil mixtures that were composed
of an optimal soil background (bright sand) and different OM sources (composts). The
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idea was to demonstrate the complexity of the spectral-based assessment to provide a solid
generic OM model.

As a high correlation exists between the LOI and dry combustion (ISO 10694:1995)
methods, similar conclusions may be obtained with other traditional laboratory methods.
Nonetheless, based on this controlled study which examined a simulated soil system,
another, more complex study should be planned to assess the SSDL variation in different
natural soil types with varying SOM origin and content.
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