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A B S T R A C T   

Scanning electron microscopy coupled with microanalysis (SEM-EDX) is an important analytical tool for the 
morphological and chemical characterization of different types of materials. In many applications, SEM-EDX 
elemental maps are usually used and processed as images, thus flattening and reducing the spectroscopic in
formation contained in EDX hyperspectral data cubes. The exploitation of the full hyperspectral dataset could be 
indeed very useful for the study of complex matrices like soil. In order to maximize the information attainable by 
SEM-EDX data cubes analysis, the software package “Datamuncher Gamma” was implemented and applied to 
study soil aggregates. By using this approach, different phases (silicates, aluminosilicates, Ca-carbonates, Ca- 
phosphates, organic matter, iron oxides) inside soil aggregates were successfully identified and segmented. The 
advantages of this method over the common ROI imaging approach are presented. Finally, this method was used 
to compare different aggregates in a Cr-polluted soil and understand their possible pedological history. The 
present method can be used for the analysis of every type of SEM-EDX data cubes, allowing its application to 
different types of samples and fields of study.   

1. Introduction 

Scanning electron microscopy (SEM) is an important analytical tool 
for the micro and nano characterization of many types of samples, and is 
nowadays widely used in several scientific and industrial fields, from 
biology to material science (Goldstein et al., 2018). The interaction 
between the electron beam and the sample produces different types of 
electrons (i.e. secondary, backscattered and Auger electrons) and pho
tons (i.e. x-rays, visible light) that allow to study the topography, 
morphology, microstructure and chemical composition of the sample 
(Goldstein et al., 2018; Wells, 2001). X-rays can be analyzed by either 
energy dispersive (EDX) or wavelength dispersive (WDX) detectors in 
order to obtain qualitative and quantitative information about the 
elemental composition of the sample (Newbury and Ritchie, 2015). The 
capability of EDX detectors to acquire the full x-ray spectrum emitted by 
the sample, and the improvement of the signal processing speed, have 
contributed to develop new analytical strategies capable to acquire data 
cubes where, at each pixel of a SEM image, an EDX spectrum is 

associated. Nevertheless, the technological progress of SEM-EDX in
struments has not been followed by the development of adequate soft
ware allowing the full exploitation of the information contained in the 
hyperspectral data cubes. Maps showing the qualitative and quantitative 
distribution of individual chemical elements are usually created by 
integrating the number of x-ray photons (counts) recorded in a spectral 
region of interest (ROI) of the EDX or WDX spectrum over the mapped 
area. Then, for a given mapped area, correlations between elements as 
well as identification of phases or features are usually obtained by 
simply treating the different elemental maps as images, by super 
imposing a certain number of them according to the preformed hy
potheses (Carlton, 2010). Other strategies have been also developed to 
manage elemental maps. Kenda et al. (1999) applied the concentration 
histogram image approach to SEM-EDX elemental maps, in order to 
perform phase analysis on superconducting tapes. Vazquez et al. (2013) 
converted SEM-EDX maps to binary images and processed them with 
Boolean operators to evaluate salt crystallization in walls. In all these 
cases, the use of ROI images may lead to three main problems: i) ROI 
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mapping does not consider the net intensity of the spectrum, meaning 
that background and overlapping fluorescence lines are not subtracted 
from the spectrum, resulting in an incorrect or biased presentation of the 
data; ii) the image preprocessing can alter the map representation, often 
on a subjective basis, hence affecting the identification of element cor
relations; iii) the color depth in such files is commonly limited to 8-bit, 
considerably compressing the dynamic range. 

The analytical information contained in the SEM-EDX data cubes can 
be maximized performing hyperspectral data analysis by spectral 
deconvolution, which is commonly used for x-ray fluorescence mapping 
(Allegretta et al., 2016, 2018; Astolfi et al., 2018; Legrand et al., 2019; 
Porfido et al., 2019; Van der Snickt et al., 2016). A hyperspectral data 
cube is composed of the pixel position along the x and y axis and the EDX 
spectrum. Hyperspectral data analysis consists of the processing of all 
the spectral information via performing a least squares fit of the spec
trum to a mathematical model. Conversely, ROI imaging and multi
spectral analysis choose single portions of the spectrum (Germinario 
et al., 2016). One of the advantages of using hyperspectral data instead 
of ROI images is that correlations and comparisons between elements 
are based on objective spectral information rather than on subjectively 
filtered maps. Despite the hyperspectral dataset of SEM-EDX is similar to 
that of micro/macro focused x-ray fluorescence (XRF), this approach is 
not usually applied to SEM-EDX data analysis. To the Authors’ knowl
edge, there are only few cases reported in the literature about phase 
analysis performed using multivariate statistical analysis on SEM-EDX 
hyperspectral datasets (Burdet et al., 2015; Kotula et al., 2003). How
ever, these studies were carried out on relatively simple materials 
(metal-ceramic materials, alloys and particulate), where all the phases 
have a very different elemental composition. No published work is 
available on the application of hyperspectral SEM-EDX data analysis of 
more complex matrices like soil. 

The increasing interest for the study and modelling of soil processes 
at the microscale (Baveye et al., 2018) has led to the development of 
different analytical strategies combining the microstructural and 
chemical information obtainable by SEM-EDX, in order to perform soil 
phase reconstruction (Hapca et al., 2011; 2015; Schlüter et al., 2019). 
Nevertheless, also in these cases, SEM-EDX chemical maps were 
extracted as ROI images and part of the spectral information was lost. 

In the present work, hyperspectral data analysis by spectral decon
volution is applied to SEM-EDX datasets collected from soil thin sections 
in order to identify the different soil phases. In particular, the phase 
analysis was carried out on single soil aggregates containing a complex 
mixture of organic and inorganic materials. Studying soil aggregates is 
important for understanding soil properties (Lu et al., 2017) and soil 
processes, such as pedogenesis (Falsone et al., 2012; Lin, 2011; Zhong 
et al., 2020) and microbial activity (Rillig et al., 2017; Schlüter et al., 
2019), and for studying mobility and stabilization of toxic elements 
(Cagno et al., 2020; Gattullo et al., 2018, 2020; Li et al., 2020). To 
investigate the soil samples, “Datamuncher Gamma” software, recently 
developed to analyse macroscopic x-ray fluorescence scanning datasets 
(Alfeld and Janssens, 2015) and already used to study soil thin sections 
by µXRF (Allegretta et al., 2018; Gattullo et al., 2018, 2020), was 
adapted to analyse the SEM-EDX data cubes by spectral deconvolution. 
Results obtained were compared with ROI imaging, which is the stan
dard procedure for SEM-EDX mapping. The proposed approach allowed 
the segmentation and quantification of different phases in a single soil 
aggregate, as well as the comparison of different aggregates within a Cr- 
polluted soil sample. This methodology ultimately enabled the study of 
microstructural features and identification of the origin of soil pollution 
and related processes. 

2. Materials and methods 

2.1. Soil characteristics and sample preparation 

Soil samples were collected at 0–20 cm depth from an agricultural 

site near the town of Altamura (Bari, Southern Italy). The soil is silt loam 
with a high content of organic matter (234 g/kg) and a weakly alkaline 
pH (7.5). Calcium, Al, Si, Fe, K, P and S are the major elements detected 
in the soil. The investigated soil shows also a very high concentration of 
Cr (5160 mg/kg), as a consequence of amendment with tannery waste- 
derived material, as reported by Gattullo et al. (2020). From a miner
alogical point of view, it is characterized mainly by the presence of 
calcite, illite, kaolinite, plagioclase and quartz. Further information on 
the soil characteristics is available in Gattullo et al. (2020). 

The soil was air dried, sieved at 2 mm and impregnated under vac
uum with an epoxy resin (L.R. White Resin, Polyscience Europe GmbH, 
Germany). Then, the resin-embedded sample (20 × 30 mm2) was cut, 
glued to a glass slide and lapped in a first step with a silicon carbide 
paste, and then with a diamond paste to reach a thickness of 32 µm. 
Finally, the thin section was carbon coated using a sputter coater. 

2.2. SEM-EDX analyses 

Analyses were carried out with a field emission gun scanning elec
tron microscope (FEG-SEM, Zeiss Σigma SUPRA 300 VP, Carl Zeiss NTS 
GmbH, Germany), equipped with a backscattered electron detector 
(BSED) and an EDX C-MaxN SDD spectrometer with an active area of 20 
mm2 (Oxford Instruments, England). Analyses were performed using a 
working distance of 7.5 mm, an aperture of 60 µm and a beam voltage of 
15 kV. The acquisition time and dwell time were set at 5 s/cycle and 100 
µs/px, respectively. In order to identify the best acquisition conditions, 
chemical maps were acquired using 100, 200, 500 and 1000 cycles 
(corresponding to a total acquisition time of 8, 16, 33 and 67 min, 
respectively), and calculating the signal-to-noise ratio (S/N) for each 
detected element according to Ernst et al. (2014). 

For the phase identification, point analyses were performed on the 
segmented features. Point analyses were measured for 60 s using the 
same working distance, aperture and beam tension reported above. 
Three points per recognized phase were analyzed. 

2.3. Standard method for SEM-EDX mapping: ROI imaging 

After the collection of SEM-EDX data cubes, the region of interest 
(ROI) of each element was identified. A ROI is the portion of the EDX 
spectrum containing the most intense characteristic emission line of an 
element (usually K-alpha lines). The element distribution maps were 
produced displaying the number of photon counts of the element ROI in 
each pixel of the image. Binary scatterplots based on the photon counts 
recorded for the characteristic ROIs of two selected elements were 
produced to find the correlations between elements and identify the soil 
phases. 

2.4. Hyperspectral data analysis by spectral deconvolution with 
Datamuncher Gamma 

A hyperspectral data cube has two lateral and one spectral di
mensions, with several hundreds to thousands of entries in each 
dimension. Compressing these data sets into an easily legible graphical 
representation is required for an interpretation of the acquired data. 

The process underlying how the shape of a peak forms in a spectrum 
is well understood and can be mathematically modelled (Van Espen, 
2002). Each peak can be approximated with a Gaussian like shape, and 
can be described by three parameters: position of its maximum, width 
and area. The energy resolution of a detector is dependent on the energy 
of the detected photon. The relative peak position is known from the 
energy of fluorescence lines in spectral libraries. Consequently, a 
mathematical model can be built using the detector calibration and 
response function as non-linear parameters, and the peak areas as linear 
dependent parameters. This model can be fitted to a spectrum to 
calculate the non-linear parameters and the peak areas. The continuum 
under the peaks can be addressed either as a polynomial function in the 
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model or by filtering the spectrum before. The area of such a peak ap
proximates the number of photons detected for the given fluorescence 
lines, and can be used for the calculation of elemental distribution 
images. 

The non-linear parameters can be determined by fitting the model to 
a spectrum. Doing this for each spectrum of the dataset is possible but 
not recommended, as the non-linear parameters related to the detector 
are expected to be constant throughout the scan. Further, as the statistics 
of individual spectra are limited, the uncertainty of the yielded non- 
linear parameters would also be relevant. Another possibility is to 
determine all non-linear parameters on a sum spectrum of all pixels, and 
then fit each spectrum of the data set with the non-linear parameters set 
to fixed values. This method is essentially a linear regression of the 
spectrum with pre-determined peak profiles. The two approaches 
described are currently based on matrix multiplication (“Dynamic 
Analysis”), developed for GeoPIXE (Ryan and Jamieson, 1993) and 
implemented in Datamuncher Gamma (Alfeld and Janssens, 2015), or 
the usage of non-negative least squares fitting, as in PyMCA (Solé et al., 
2007). 

Independently from the method used, the acquired elemental infor
mation commonly has a dynamic range beyond the classical 8-bit limit 
of greyscale images, so that information is lost if it is directly transferred 
into such an image. In order to highlight the relevant features and obtain 
legible images, it is recommended to interpret the yielded data without 
compression in a dedicated computer program and carefully select the 
conversion into 8-bit greyscale. This was one of the concepts behind the 
development of Datamuncher Gamma. The software was written in the 
Interactive Data Language (IDL) and was published on sourceforge (htt 
ps://sourceforge.net/projects/datamuncher/). 

The processing of the datasets starts with the calculation of sum and 
maximum pixel spectra in Datamuncher. The sum spectrum is obtained 
by summing up all the EDX spectra acquired in each single pixel of the 
map, and the maximum pixel spectrum features the maximum intensity 
of each channel recorded anywhere in the map. The sum spectrum is 
fitted with a non-negative least squares fitting model by using the soft
ware PyMCA (Solé et al., 2007). The maximum pixel spectrum is used to 
identify elements that are encountered only in few points of the sample 
surface. Then, the obtained elemental profiles are imported in “Data
muncher Gamma” to perform the fitting of the spectrum contained in 
each pixel of the map, using the average spectral background to describe 
the background in individual spectra. Based on the fitted spectra, a new 
spectral data cube is created, which contains the net intensities of the 
element fluorescence lines in each pixel. Further information on 

Datamuncher can be found in Alfeld and Janssens (2015). 

2.5. Applications of SEM-EDX analysis 

The first part of this work dealt with the identification of different 
phases and features inside a soil aggregate (Fig. 1A), chosen because of 
its very complex microstructure. More specifically, this aggregate was 
characterized by several inclusions and a matrix composed of two re
gions of different color and, hence, composition (the two regions are 
separated by a red dashed line in Fig. 1A). Such complex aggregate 
allowed to determine the optimal acquisition conditions and evaluate 
the performance of the analysis. In order to perform the phase analysis, 
scatterplots based on the fitted net-intensities of two different elemental 
lines (i.e., two elements) were considered, and existing correlations (e.g. 
belonging to different minerals or soil features) were visually projected 
by the software on the sample surface image. The segmentation and 
quantification of the different phases was performed with JMicroVision 
v1.2.7 (Roduit, 2007). 

Furthermore, SEM-EDX hyperspectral data analysis was performed 
on 18 different aggregates of a Cr-polluted soil, having a size between 
500 and 2000 µm. They were chosen in order to have specimens 
representative of different microstructures which could be related to 
different origins or pedological histories. To compare the data acquired 
on the different soil aggregates, the 18 fitted net-intensity data cubes 
were merged and elements correlations were found. 

3. Results and discussion 

3.1. Determination of optimal data acquisition conditions 

The best data acquisition conditions were selected based on the 
quality of the EDX spectrum collected on the soil aggregate shown in 
Fig. 1A. In particular, the signal-to-noise ratio (S/N) for each element 
detected in the aggregate was monitored. This parameter usually im
proves by increasing the acquisition time and, in fact, the quality of the 
EDX spectrum improved by increasing the number of acquisition cycles. 
The sum spectra obtained with the four different conditions (100, 200, 
500 and 1000 cycles) are reported in Fig. 1B. These spectra reveal the 
presence of the K-lines of C, O, Na, Mg, Al, Si, P, S, Cl, K, Ca, Ti, Cr, Mn 
and Fe and the L-lines of Fe. Looking at Fig. 1B, Cr-Kα and Mn-Kα peaks 
are very weak in all the four sum spectra. Since this soil is characterized 
by Cr-pollution (Gattullo et al., 2020), a particular attention was given 
to the S/N of Cr-Kα. This parameter increased with the number of cycles 

Fig. 1. Backscattered micrograph of a soil aggregate in a thin section (A) and EDX sum spectra (B) of the four maps acquired on the same aggregate after 100 (black), 
200 (red), 500 (blue) and 1000 (green) cycles. The red dashed line shows the separation between two different regions in the aggregate. 
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and accounted to 8, 9, 14 and 25 using 100, 200, 500 and 1000 cycles, 
respectively. An S/N ≥ 3 is sufficient for qualitative analyses, while an 
S/N ≥ 10 should be achieved for semiquantitative and quantitative 
analyses. In fact, at S/N = 10 a theoretical uncertainty of 30% is still 
associated to the element quantification at 99.7% of confidence level 
(Ernst et al., 2014). Since an accurate quantitative analysis was not the 
purpose of this study and phase identification needs reliable intensities 
of the fluorescence peaks, 500 cycles were considered sufficient, as they 
allowed an S/N ≥ 10 for most of the elements. In the case of Mn, the S/N 
was always lower than 10 (reaching a level of 7 after 1000 acquisition 
cycles). This was due to the low Mn concentration in the sample (<800 
ppm). The use of 500 acquisition cycles allowed to obtain an S/N = 4 for 
Mn, which was considered sufficient since identification of Mn-bearing 
phases was not relevant for this study. 

3.2. Phase analysis on single soil aggregate 

3.2.1. Comparison of elemental maps 
The backscattered electron (BSE) micrograph reported in Fig. 1A 

shows the complex microstructure of the studied soil aggregate. The 
brighter objects are associated with denser phases, while the darker 
parts are attributable to less dense materials, like soil organic matter and 
the epoxy resin that surrounds the aggregate and fills the pores. For each 
element detected in the sum spectrum (Fig. 1B), elemental maps were 
produced using both the full spectral deconvolution approach with 
Datamuncher Gamma and ROI mapping (Fig. S1). In order to compare 
the elemental maps obtained with the two methods, the number of 
counts was scaled for each element. As a first evidence, SEM-EDX maps 
produced after spectral deconvolution (SD, Fig. S1) appear brighter than 
ROI maps (ROI, Fig. S1). In fact, with spectral deconvolution, a 20% 
higher number of counts were recorded in each pixel respect to ROIs. 
With the use of ROIs, only the photons recorded at the main EDX line of 
the element within a narrow window of channels are considered while, 
with spectral fitting, the whole peak is integrated (Fig. S2). Moreover, 
just one line per element is considered using ROIs, while more lines are 
fitted with performing the spectral deconvolution (e.g. Kα and Kβ of K, 
Ca and Ti in Fig. S2). Finally, using ROIs it is not possible to discriminate 
among overlapping peaks (for instance, the overlapping of K-Kβ and Ca- 
Kα shown in Fig. S2), as well as to detect and subtract other spectral 
contributions (i.e. bremsstrahlung continuum and detector artefacts, 
such as escape or pile-up peaks). Nevertheless, the refined ROI imaging 
can be implemented to include corrections for the continuum intensity 
at the edge of ROI. Moreover, spectral overlapping of the signals of 
different elements may be partially resolved by digitally subtracting the 
distribution images of different elements from one another. This pro
cedure has some drawbacks, as it requires data manipulation, is partly 
subjective and the subtraction of ROI images may result in noise 
enhancement. 

For the most concentrated elements, both the data elaborations allow 
the identification of two regions in the aggregate: a core part with a 
relatively high O, Si and Al signals (below the red dashed line in the BSE 
micrograph of Fig. 1A), and a border part (above the red dashed line) 
where their intensity is much lower (Fig. S1). The difference in bright
ness of these two regions could be ascribed to two main reasons: a real 
decrease in O, Al and Si concentration in the border portion, or an 
increased porosity (i.e., a lower total amount of these elements per unit 
volume). The increase of the C signal in the border part can be attributed 
to both an increase in organic matter and the presence of epoxy resin 
filling the pores of the aggregate. 

For the less concentrated elements (such as Na, Mg, K, Cr and Fe), the 
spectral fitting allows to identify more regions where the element is 
present. This is especially the case of K, where further bright pixels are 
visible after the spectral fitting (Fig. S1) revealing the presence of this 
element both in small domains, with high K concentration, and in the 
aggregate matrix. Some more intense spots can be seen also in the Na, 
Mg and Ca maps after spectral deconvolution. The use of spectral 

deconvolution also allows to improve the information about Fe in the 
whole aggregate matrix, and Cr in the small domain at the bottom part of 
the map. However, looking just at Fig. S1, both ROI images and 
elemental maps after spectral deconvolution do not allow the identifi
cation of different phases in the aggregate. Only in one case, the strong 
overlapping of Ca and P maps clearly suggests the presence of calcium 
phosphate phases. 

3.2.2. Phase identification using elements correlations 
Another approach, based on the comparison of the net fluorescence 

signal intensity of two different elements, was useful to recognize 
additional features and to identify different phases within the aggregate. 
By using spectral deconvolution data, the C vs O scatterplot reported in 
Fig. 2A discriminates three different regions in the micrograph with 
different C/O signal ratios: (i) the resin both inside (in pores) and 
outside the aggregate (in blue, with a high C content), (ii) the border 
portion of the aggregate (in green, as already recognized in the BSE 
micrograph in Fig. 1A), and (iii) the C-poor inner part of the aggregate 
(in red). Hapca et al. (2015) suggested that once soil is analyzed as thin 
section with SEM-EDX, resin and organic matter can be segmented based 
on the C/O ratio. However, segmentation becomes more difficult if the 
sample contains large amounts of calcium carbonate, as in the soil under 
investigation, which contains 17% of calcite (Gattullo et al., 2020). 
Indeed, the points of the map having a green-labelled C/O ratio are also 
characterized by an intense Ca signal (Fig. S1), thus suggesting the 
occurrence of Ca-carbonate. In order to discriminate between organic 
matter and Ca-carbonate, the C vs Ca scatterplot was considered 
(Fig. 2B). The latter allowed to distinguish a portion with a high Ca/C 
ration (in red), ascribable to Ca-carbonates and phosphates, and a 
portion (in white) attributable to organic matter. The strong correlation 
between Ca and C in the organic fraction of this soil is due to soil 
amendment with tannery sludge, which typically contain large amounts 
of Ca (deriving from the leather liming process) besides organic material 
from leather residues (Gattullo et al., 2020; Silva et al. 2014). Identi
fying organic matter in soil aggregates is very important since it strongly 
affects the soil physical–chemical properties, such as the structure, 
porosity, and cation exchange capacity. The preliminary determination 
of calcium carbonate content in soil can thus help to correctly segment 
the organic matter areas based on SEM-EDX data cubes. 

The Al vs Si scatterplot (Fig. S3) shows the presence of four different 
pixel groups with different Al/Si ratios: the aggregate matrix (in red), 
two regions with high (green) and low (pink) Al content, and a region 
belonging to silicates, where no Al is detected (blue). 

The correlation maps are very useful to obtain a general idea of the 
composition of the aggregate. To improve the quality of the phase 
analysis, the emission signals from additional elements were considered. 
A discrimination of silicates and aluminosilicates was performed by 
comparing the EDX signals of Si, Al, K, Na, Mg and Ca (Fig. 3). Table 1 
reports the results of point analyses for each of the phases identified in 
Fig. 3. 

The Si-rich domains shown in Fig. 3A (in pink) correspond to quartz, 
since they contain only Si and O (Table 1). Feldspars and plagioclase 
were identified using the Al vs K (Fig. 3B) and Na vs Si (Fig. 3C) scat
terplots, respectively. No overlapping was found between the K-feldspar 
(in red) and Na-plagioclase (in blue) domains. Chemical composition by 
microanalysis (Table 1) confirmed the two phases and excluded the co- 
presence of K and Na in the feldspar and that of Na and Ca in the 
plagioclase. The combination of these two areas (labelled red and blue) 
overlaps perfectly with the green-labelled area in Fig. S3, meaning that 
almost all the aluminosilicate phases were identified. A correlation be
tween the EDX signals of Mg and Si was found (in green, Fig. 3D), but not 
between those of Mg and Al (data not shown). The same green-labelled 
areas could be identified in the scatterplot of Ca vs Si (in green, Fig. 3E). 
The chemical point analysis reveals a very low concentration of Al in 
these areas, thus explaining the correspondence between the green- 
labelled areas in Fig. 3D and the pink domains in Fig. S3. The 
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chemical composition of these domains can be ascribed to an alumino
silicate of Mg and Ca, probably juanite (Ca10Mg4Al2Si11O39⋅4H2O). Ca- 
rich domains are also found both inside and outside the soil aggregate 
(cyan, Fig. 3E). Ca-rich domains can be ascribed both to carbonates and 
phosphates, and Ca/C ratio cannot help in their discrimination (Fig. 2B). 
Nevertheless, the Ca vs P scatterplot clearly points out the phosphate 
domains in the aggregate (yellow, Fig. 3F). For this reason, the Ca- 
carbonate domains can be obtained simply by subtracting the yellow- 
labelled phosphate areas from the cyan-labelled ones. Finally, Fe and 
Si EDX signals were compared (Fig. 3G) and, excluding the Si-rich do
mains, two additional groups were found: a Fe-rich domain associated to 
iron oxides and/or hydroxides (orange), and a domain showing the co- 
presence of Si and Fe, mainly associated to the matrix of the aggregate 
(grey). All these pieces of information allowed the final segmentation of 
the different phases present in the soil aggregate. Such final segmenta
tion, representing a phase model of the soil aggregate (Fig. 4), was ob
tained by first performing a thresholding on the BSE micrograph to 
isolate the entire aggregate from the background (Fig. 3H), and then by 
over imposing all the domains identified by the scatterplot correlations 
on the aggregate shadow. Organic matter and pores were also included 
in the model, and labelled in white and gray, respectively. By per
forming image analysis on the phase model obtained, quantitative re
sults for the recognized phases could also be derived (Table 2). The 
largest part of the aggregate is represented by the matrix (70.4 %) which 
is mainly composed of a mixture of clay minerals (such as illite and 
kaolinite), as well as cryptocrystalline and amorphous phases (Gattullo 
et al., 2020). Quartz (3.7 %), K-feldspar (3.1 %), plagioclase (3.1 %) and 
CaMg-aluminosilicate (0.8 %) are mainly present in the core part of the 
aggregate, while organic matter (7.0 %), Ca-carbonates (1.3 %), Ca- 
phosphates (4.9 %) and Fe-oxides (1.9 %) are mainly located in the 
border part. The porosity is about 3.7 %. Excluding the Ca-phosphates 
(for which only one large particle was identified), all the other phases 
have a median equivalent circle diameter (ECD) comprised between 15 
and 20 µm. The maximum ECD is in the range 49–90 µm, while the 
minimum ECD ranges between 12 and 14 µm. 

For comparison, phase identification was also performed using the 
ROI maps of the detected elements, as usually done in standard SEM- 
EDX analysis. The ROI of O, Al, Si, P, Na, Mg, K, Ca and Fe were 
considered and scatterplots comparing two elements are shown in 
Fig. S4. The clouds of points in the scatterplots (Fig. S4) do not allow the 
identification of all the phases recognized after performing spectra 
deconvolution. Some correlations were found between Si and Na 
(Fig. S4C), Si and Mg (Fig. S4E), Si and Ca (Fig. S4F), and Ca and P 
(Fig. S4G). These led to the identification of some phases like plagio
clases, CaMg-aluminosilicates and Ca-phosphates but no other phases 
can be recognized. K-feldspars cannot be identified since no correlation 
between K and Al was found (Fig. S4D). This comparison clearly shows 
the advantage of applying spectral deconvolution rather than simple 
ROI for phase identification using SEM-EDX data. This approach can be 

used to provide the chemical and/or mineralogical information required 
for the chemical modelling of the soil (Hapca et al., 2011; 2015; Schlüter 
et al., 2019). However, depending on the scale at which a 3D-model 
should be developed, different kind of thin sectioning could be used in 
order to obtain a good correspondence between microstructural data 
(usually X-ray computed tomography dataset) and the results of the 
phase analysis. Alternatively, for modelling the soil at the sub
micrometer and nanometer scale, another and more precise soil 
sectioning procedure, such as focused ion beam (FIB), should be used 
(Gerke et al., 2021). 

3.3. Comparison of different soil aggregates 

Soil aggregates microstructure and composition affect the physical, 
chemical and biological properties of the soil and, therefore, soil func
tioning. The aggregate microstructure and composition can change ac
cording to events and reactions taking place during pedogenesis, as well 
as a consequence of anthropic activities such as agricultural practices 
(Chadwick and Chorover 2001; Falsone et al 2012; Lin 2011). The 
analysis of aggregate microstructure is therefore extremely important to 
assess the impact on soil structure of agricultural practices, such as 
tillage, cover cropping, green manuring, or soil amendments other than 
to study the soil–plant-microorganism interactions occurring in the 
rhizosphere. This analytical approach could also be useful to investigate 
the origin of adverse anthropic effects on soil, including soil pollution. In 
this perspective, the chemical information obtained by SEM-EDX 
hyperspectral data analysis can be very useful to identify, in a 
polluted soil, the aggregates of anthropogenic origin (deriving, for 
instance, from the disposal of wastes or contaminated matrices on soil), 
and to make hypotheses on the origin and source of pollution. As an 
example of this application, the analysis of selected 18 representative 
aggregates of a heavily Cr-polluted soil collected in the South of Italy 
(Gattullo et al., 2020) is reported. The related BSD micrographs of the 
aggregates are shown in Fig. S5. 

The microstructure analysis revealed that all the aggregates show a 
uniform matrix, excluding P15 where a darker border is observed (see 
also section 3.2.1), and P16, characterized by a brighter region on the 
top-right portion. Some aggregates show cracks (P01) or fractures (P06, 
P07, P10, P12, P13 and P14) probably due to swelling and shrinkage 
produced by water fluctuations, or contain subrounded pores (P05, P16, 
P17 and P18). Mineral inclusions were observed almost in all the ag
gregates (brighter areas). Beside these visual differences, a further dif
ferentiation of the aggregates can be done based on the chemical data. In 
particular, the matrix of the different aggregates can be compared and 
distinguished based on its chemical composition. The C vs O scatterplot 
(Fig. 5) allowed performing a first discrimination of the different 
aggregate matrices. 

Excluding the blue-labelled areas with low O content (resin in Fig. 5), 
which evidence the presence of cracks, fractures and large pores, two 

Fig. 2. C vs O scatterplot and relative false-color map, revealing the presence of three C/O ratios belonging to the matrix of the aggregate (red), the resin (blue) and 
organic matter/Ca-carbonates (green) (A). C vs Ca scatterplot and relative false-color map revealing the presence of two Ca/C ratios belonging to Ca-carbonates and 
phosphates (red) and organic matter (white) (B). The fitted net EDX intensities in the scatter biplots are expressed in counts. 
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different matrices could be distinguished: i) an organic based matrix 
(green) with an intermediate C/O ratio, and ii) an inorganic matrix (red) 
where C concentration is very low. Aggregates P15 and P18, charac
terized by an inorganic matrix, are surrounded by a green-labelled layer 
(organic layer), while in the case of P16 a rounded organic grain (green) 
is visible in the upper-right portion of the aggregate. 

The Al vs Si scatterplot (Fig. 6) further allows to highlight the dif
ferences between the two matrices, showing that the inorganic matrix 
(P11, P15-P18) is mainly composed of aluminosilicates (yellow). 
Observing the aggregates from P01 to P10 and from P12 to P14, it is 
evident that a thin aluminosilicate layer covers the border of the organic 
matrix. This evidence suggested that aluminosilicate materials with a 
composition similar to the matrix of inorganic aggregates (P11, P15- 
P18) possibly deposited over time on the organic aggregates. It is 
interesting to notice that Cr K-lines were observed only in the aggregates 

characterized by an organic matrix. This behavior was associated to the 
cause of the soil pollution, as already evidenced by Gattullo et al. (2020) 
using µXRF hyperspectral data analysis on the same soil. 

However, some differences can be observed among all the organic 
aggregates based on their Cr content. Fig. 7 shows the differences among 
the aggregates based on the Fe vs Cr scatterplot. 

In conclusion, five different types of aggregates were recognized: 
Group I: P11, P15, P16, P17 and P18 - Aggregates with an alumi

nosilicate matrix (yellow-labelled Al/Si ratio in Fig. 6) with no Cr in the 
matrix (blue-labelled Fe/Cr ratio in Fig. 7). This type of aggregates 
shows a uniform matrix containing angular-subangular mineral in
clusions and subrounded pores. An organic rounded area is also visible 
at the top-right part of P16, but it cannot be considered part of the 
aggregate as the shape and position suggest. 

Group II: P06, P07, P10, P12, P13 and P14 - Aggregates with an 

Fig. 3. Identification of different phases inside the soil aggregate: quartz (A, pink), K-feldspars (B, red), plagioclase (C, blue,), CaMg aluminosilicate (D and E, green), 
Ca-carbonates (E, cyan), Ca-phosphates (F, yellow), Fe oxides (orange) and matrix (G, grey). The aggregate shadow was segmented from the BSD micrograph (H). The 
fitted net EDX intensities in the scatter biplots are expressed in counts. 
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organic matrix having a high Cr/Fe ratio (labelled in red in Fig. 7). These 
aggregates have a fractured matrix containing subangular mineral in
clusions (Fig. S5). 

Group III: P03 and P04 - Aggregates with an organic matrix and 
spotted areas of high Cr/Fe ratio (Fig. 7) evidencing the presence of 
small hotspots of Cr and a heterogeneous distribution of the pollutant. 
They are characterized by a uniform matrix and do not contain 
inclusions. 

Group IV: P05, P08 and P09 - Aggregates with an organic matrix 
showing a medium Cr/Fe ratio (green in Fig. 7). They have an elliptical 
shape and contain subrounded mineral inclusions and pores that 
orientate along the major axis of the aggregate (Fig. S5). Some areas in 
the inner part of the aggregates show a high Cr/Fe ratio. 

Group V: P01 and P02 - Aggregates with an organic matrix and a low 
Cr/Fe ratio. Different portions of these aggregates belong either to the 
green or blue-labelled groups (Fig. 7). Their matrix has a uniform 
microstructure characterized by cracks produced by swelling-shrinkage 
phenomena. 

The first group of aggregates (aluminosilicate matrix) was found also 
in an adjacent non-polluted soil that was used as control sample in a 
previous study (Gattullo et al., 2020). For this reason, these Cr-free 

aggregates could be considered as autochthone soil aggregates, pre
sent in soil before the pollution events. Conversely, the other aggregates 
should be considered allochthones, since Cr-containing aggregates were 
not found in the control sample. The differences among the four types of 
Cr-bearing aggregates could be imputed to three main reasons: i) 
disposal on the soil of different types of Cr-containing wastes (i.e., tan
nery byproducts, sewage sludge, chromite-ore processing residues and 
many others), or ii) disposal of the same type of wastes (for instance, 
tannery sludge) differently treated according to production process and 
origin (for instance, wastes deriving from different companies), or (iii) 
disposal of wastes at different times. The fact that all these aggregates 
contain large amounts of organic matter (Fig. 5) suggests that their 
possible provenance is the leather industry, since tannery wastes contain 
from 65% to 90% of organic matter (Fela et al., 2011). Moreover, small 
intact leather residues were found in some of the aggregates (Gattullo 
et al., 2020). During the leather production cycle and wastewaters 
treatment, sludge having different Cr/Fe ratio can be produced owing to 
the addition of different kinds of flocculants, such as ferric chloride 
(Ozgunay et al. 2007). This would explain the different Cr/Fe ratio 
observed in the aggregates. Tannery wastes are also rich in water (up to 
50–60%) and its loss could be the cause of the cracking of the aggregates 

Table 1 
Elements concentrations in the coloured areas of Fig. 3 (pink, red, blue, green, cyan, yellow and orange) and Fig. 4 (white and black) as identified by the phase analysis.  

Element Pink Red Blue Green Cyan Yellow Orange White Black  
Mean SD* Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD  

wt. % 
O 51.5  1.6  45.1  3.0  54.1  2.1  45.2  2.2  44.3  1.7  37.4  4.5  25.5  20.1  28.9  2.5  50.5  2.8 
Al    9.9  0.2  9.6  0.1  3.1  0.5        2.1  1.0  15.3  2.1 
Si 48.5  1.6  29.7  0.7  27.3  2.4  23.2  0.3        2.6  1.3  22.3  2.7 
Na    0.3  <0.1  8.4  0.1            0.6  0.5 
K    15.1  2.6            0.3  0.2  2.8  0.7 
Mg        8.2  0.7          0.9  0.6 
Ca      0.5  0.5  20.4  2.0  43.7  1.7  43.2  4.5    6.4  2.4  2.3  0.7 
Cr                0.5  0.1   
Fe              73.8  20.8  3.0  1.3  5.4  1.4 
P            17.0  <0.1       
S              0.7  0.7  1.0  0.3   
F            2.5  <0.1       
C          12.0**  –      56.4  3.0   

* SD = standard deviation 
** Value taken from www.webmineral.com 

Fig. 4. Aggregate reconstruction on the basis of the elements’ correlations shown in Fig. 2 and Fig. 3. The phases represented are: quartz (pink), K-feldspars (red), 
plagioclase (blue), CaMg-aluminosilicate (green), Ca-carbonates (cyan), Ca-phosphates (yellow), Fe oxides (orange), organic matrix (white), pores (grey) and ma
trix (black). 

Table 2 
Volume percentage and particle dimension expressed as equivalent circle diameter (ECD) calculated for each segmented phase obtained after the fitting.   

Quartz K-Feldspar Plagioclase CaMg-aluminosilicate Ca-phosphates* Ca-carbonates Fe-oxides Organic matter Pores Matrix 

Volume (%) 3.7 3.1 3.1 0.8 4.9 1.3 1.9 7.0 3.7  70.4 
ECD Median (µm) 17 17 16 18 160 15 20 17 17  – 
ECD Max (µm) 84 49 90 56 160 71 94 51 61  – 
ECD Min (µm) 12 12 12 13 160 12 15 12 12  –  

* Only one feature was detected in the soil aggregate. 
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(Fela et al., 2011). Some hypotheses can be done based on the Cr vs Fe 
biplot (Fig. 7). Fe2+ solutions are often used for the treatment of tannery 
wastes in order to reduce Cr(VI) to Cr(III) (Kannaujiya et al., 2019). 
Aggregates of group IV and V, which have a medium and low Cr/Fe 
ratio, could result from a stabilization process with Fe2+ solutions. 
Probably, the same process was not applied (or not to the same extent) to 
the aggregates of group II, as proved by the very high Cr/Fe ratio. 
However, aggregates of group IV and V are rounded or elliptical, 
meaning that they probably underwent a mixing/mingling process 
differently from the aggregates of group II, which have sharp bound
aries. Aggregates of group III have just some spots of high Cr/Fe ratio, 
meaning that they are probably organic matter particles adsorbing Cr, 
due to the high binding affinity of organic matter for Cr(III) (Tokunaga 
et al., 2003; Tokunaga et al., 2001). 

The same conclusions cannot be drawn with the use of simple ROI 
images. In fact, the comparison of Cr and Fe signal in the 18 aggregates 
(Fig. S6) shows a different grouping. In particular, aggregates previously 
belonging to group II and IV show now the same Cr/Fe ratio (red). The 
zoning of P09 (visible in Fig. 7) is also lost. Additionally, the C vs O 
biplot does not give information about the matrix since organic and 
aluminosilicate aggregates show the same C/O ratio (red), even if the 
density of red points is higher in aluminosilicate aggregates than in 
organic ones (Fig. S7). On the contrary, Al vs Si scatterplot (Fig. S8) 
discriminates between organic and aluminosilicate aggregates even if 
the region of the scatterplot connected with the matrix of group I ag
gregates (yellow) is more spread than the one in Fig. 6, and the infor
mation about the third Al/Si ratio is lost. 

It is remarkable that the application of spectral deconvolution in 

Fig. 5. Identification of three different regions on the base of C vs O scatterplot (right graph) and their visualization in the studied soil aggregates (small panels). The 
net EDX intensities in the scatter biplots are expressed in counts. 

Fig. 6. Identification of three different regions on the basis of Al vs Si scatterplot (right graph) and their visualization in the studied soil aggregates (small panels). 
The fitted net EDX intensities in the scatter biplots are expressed in counts. 
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hyperspectral data analysis of SEM-EDX data cubes allowed the identi
fication of so many different features which, in turn, allowed the dif
ferentiation of soil aggregates having different chemical composition 
and origin. All this information, together with additional bulk soil an
alyses (e.g, determination of mineralogical composition, texture, soil 
chemical composition, basic soil chemical-physical properties, etc.) 
could contribute to identify the sources/causes of soil pollution and 
study related transformation processes that may occur over time. 

4. Conclusions 

The use of hyperspectral data analysis of SEM-EDX datacubes was 
applied to the characterization of soil aggregates by using a modified 
version of the software “Datamuncher Gamma”. Datamuncher Gamma 
allows to get elemental distribution maps from hyperspectral datasets 
and compare the characteristic net EDX lines intensities of all the ele
ments found in the sample. On top of this, it allows to create scatter 
biplots, based on the fitted net-intensities of two elemental lines. The 
visual recognition of correlations between elements allows the identi
fication of specific mineral phases and soil features. Applying this 
method to the study of a single aggregate, a total of 9 phases were 
recognized (aluminosilicate matrix, quartz, K-feldspar, plagioclase, 
CaMg-aluminosilicate, Ca-carbonates, Ca-phosphates, Fe oxides and 
organic matter) and quantified. Of course, the precise mineralogical 
phase cannot be defined in the case of polymorph minerals (e.g. ortho
clase, sanidine, microcline for K-feldspars) since the discrimination is 
done only on the basis of the elemental composition. In a second step, 
the method was used for the discrimination among soil aggregates with 
different composition, as well as to hypothesize the soil pedological 
history. Autochthone soil aggregates were mainly characterized by an 
aluminosilicate composition, while Cr-containing aggregates were of 
anthropic origin, mainly deriving from the disposal of organic tannery 
wastes on the studied site. However, among these allochthonous ag
gregates, differences were found according to their Cr/Fe ratio which 
might be due to different contamination sources or to the spreading of 
different wastes coming from the same production process or in different 
periods. This method, here applied to soil samples, can be used for SEM- 
EDX data analysis of any kind of sample characterized by both simple 
and complex matrixes. The main limit of this approach consists of the 
comparison of only two elements per time and, for this reason, a 

principal components analysis (PCA) could be implemented in the 
software in order to consider more than two elements for a better and 
faster phase identification. 
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