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A B S T R A C T   

This paper introduces a statistical method to identify spectral signatures of buried archaeological remains and 
distinguish them from spectra of the background soil in the visible to near infrared region. The proposed method 
is based on the Principal Component Analysis (PCA). The difference between an archaeological spectrum and 
non-archaeological soil spectra is quantified by a so-called R value. R values larger than 1 indicate that the 
spectrum represents an archaeological material. The method is successfully applied to samples from five study 
sites in Italy and Hungary with special conditions. The reflection spectra are taken in a time-efficient way with a 
field spectrometer. The method works best if background non-archaeological soil spectra are gathered from the 
same area, around the targeted archaeological site. Also, it can work without such local background spectra (but 
with lower accuracy) using background spectra from existing spectral libraries. This indicates that the method 
can, in principle, be applied to any archaeological site which is spectrally distinct from its surroundings. The 
paper highlights that this method does not require high spectral resolution and thus has the advantage of using 
low spectral resolution spectrometers which can eventually be applied for continuous 2D imaging applications 
with high temporal resolution. Additional studies are needed to further improve the method and to investigate 
under which conditions it works well or only with limited accuracy.   

1. Introduction 

Buried archaeological remains tend to be different from the adjacent 
soil. Visible to near infrared spectroscopic techniques can be a useful tool 
to analyze not only soil compounds but also soil properties, since they are 
indicative, rapid, non-destructive and low-cost analytical methods. They 
also stand out as among the few methods which can make use of an 
airborne or space-borne platform so that data can, at least in principle, be 
gathered very rapidly at high spatial resolution. Therefore, soil spectro
scopy has been widely used to investigate various soil properties (Ben- 
Dor and Banin, 1995; Clark et al., 1990, 2003; Viscarra Rossel et al., 
2011; Wetterlind et al., 2013), such as soil organic matter (Hong et al., 
2018), moisture content (Ben-Dor et al., 2008; Liu et al., 2003), soil 
texture (Stenberg et al., 2010). Also, soil compounds such as carbonates 
(Stenberg et al., 2010), clay minerals (Stenberg et al., 2010; Viscarra 
Rossel et al., 2011), and metals/metalloids (Ben Dor et al., 1999; Nocita 

et al, 2015) are also detectable using soil spectra. In many soils, espe
cially those of warm climates and oxidizing soil environments, the visible 
range of the soil spectra is mainly sensitive to the presence of ferrous and 
ferric iron oxides, and the electronic transition of the iron cations (Ben- 
Dor et al., 1997). In cooler and wetter regions, where the soil environ
ment is often less biologically active and less oxidizing, organic matter 
can accumulate and soil spectra are also strongly affected by absorption 
by these organic components (Angelopoulou et al., 2019). Ben-Dor et al. 
(2002), Viscarra Rossel and Behrens (2010), and Soriano-Disla et al. 
(2014) have published tables of absorption positions of soil spectra and 
the related soil components. 

Spectroscopic analysis of archaeological soils can provide useful 
information of the soil properties, but the link between soil chemistry, 
soil physics and archaeology is usually complex and not yet well un
derstood (Oonk et al., 2009). In geochemical studies, archaeological 
soils have been analyzed with respect to the contents of certain 
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elements (Oonk et al., 2009). For example, Ca, Cu, Mg, K, Na, P and Zn 
are sometimes found in archaeological soils in high concentrations 
(Cook and Heizer, 1964; Eidt, 1984; Haslam and Tibbett, 2004; 
Middleton and Price, 1996; Ottaway and Matthews, 1988), since these 
elements are often present in occupation waste (Greweling, 1962; Hao 
and Chang, 2003; Maly et al., 1999). Element abundance is often re
lated to distinct functional area but many of these elements may not be 
found uniformly in different archaeological soils (Oonk et al., 2009). 

In archaeology, vis-NIR spectroscopy has mostly been used to fur
ther enhance remote sensing capabilities (Grøn et al., 2011, Schmid 
et al., 2008). There have, to date, been only a few archaeological soil 
spectroscopy studies, even fewer using field spectrometers. For ex
ample, Buck et al. (2003) used vis-NIR spectra to identify pottery and 
showed that the concentration of pottery materials needed to be 85% or 
greater to be detected against background soils. Eckmeier and Gerlach 
(2012) compared the charred organic matter concentration to soil color 
using visible spectra and showed that charred organic matter influenced 
soil color more than total soil organic matter for pit fillings. Matney 
et al. (2014) presented in-situ subsurface reflectance spectroscopy of 

archaeological sites as tomographic maps. Araújo et al. (2015) used NIR 
spectra to study Amazonian Dark Earths to predict soil properties.  
Linderholm et al. (2019) used NIR spectra on archaeological soil pro
files to understand site development and soil formation. Despite the 
various use of vis–NIR spectra, the identification of archaeological soil 
horizons using the field spectrometer has not been studied widely yet. 

In this paper, instead of analyzing the specific chemical properties 
of the soils and archaeological materials from the reflectance spectra, 
the whole spectral range is used to identify specific spectral signatures 
representing archeological materials. The objective of our study is to 
test a new statistical methodology to identify buried archaeological 
remains using hand-held spectrometers. This method is based on the 
principal component analysis (PCA) and, thus, identifies any ‘unusual’ 
spectral behavior (in this case archaeological spectra) within the da
taset. To accomplish this, reflectance spectra of the archaeological re
mains and the surrounding soils are gathered during the excavation by 
a field spectrometer to develop and verify this methodology. Here, the 
soils from the archaeological strata are referred as ‘archaeological soil’. 
The surrounding background soils, which are the ‘non-archaeological’ 

Fig. 1. Schematic image (A) and photos (B to F) of soil profiles including archaeological features. The depth of most of the pits is approximately 1 m, below which the 
parent soil is observed. At least three point spectral measurements were taken at each soil horizon with the ASD contact probe. The selected archaeological sites are 
located on arable land and, therefore, they contain Ap horizons. Images B, D and F are soil profile including an archaeological stratum (red, black and yellow layer 
respectively). Images C and E are floor of the excavated archaeological pit at 100 cm and 60 cm depth. Each step on the scale bar corresponds to 20 cm. 
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soils, are referred to as ‘natural soils’ to distinguish them from the ar
chaeological materials in which we are interested. 

This method is non-destructive and quantitatively calculates specific 
values for any soil spectrum, which describes the probability of the 
tested material to be of anomalous anthropogenic, including archae
ological origin. Thus, it can be used to identify archaeological strata 
quickly and it has the potential to be applied to airborne images in 
order to prospect for archaeological soil marks. 

2. Material and methods 

2.1. Study sites 

Measurements were taken at five archaeological sites located on 
arable land where two sites are located in Calabria, Italy, and three sites 
are located in the Sárvíz Valley, Hungary. These sites were chosen to test 
the method in two contrasting environments. The two sites in Italy (sites 
1 and 2) are located in the Raganello Valley catchment. The area is 
characterized by intensive tectonic activity and a Mediterranean climate 
modified by the topography which ranges from lowland valley to high, 
rocky mountains. As a result, the soils and geology are very complex. The 
Hungarian sites (sites 3, 4 and 5) are located on the Great Hungarian 
Plain, a flat and relatively homogeneous landscape mainly covered by a 
thick layer of loess. The buried remains in all of the study sites showed 
clear color differences compared to the surrounding materials. Both sites 
1 and 2 (Italy) contain traces of prehistoric kitchen deposits with strong 
reddish archaeological strata including ceramic pieces and burned soil 
materials (Fig. 1B and C). Sites 3 and 5 are ditch formations, each filled 
with fallen wall fragments (Fig. 1D) and yellowish Hungarian loess 
(Fig. 1F), respectively. Site 4 is a pit feature interpreted as an ancient 
rubbish dump, which contained a high fraction of organic matter and, 
thus, has darker soil color than the surrounding soil (Fig. 1E). For every 
archaeological site, several soil pits (five soil pits for sites 1 and 2, and 
two soil pits for sites 3 to 5) were excavated around the site to collect 
background natural (non-archaeological) soil spectra. 

2.2. Laboratory soil analysis 

Soil samples were collected from each archaeological site for la
boratory analysis. These samples were air dried and sieved to a size 
fraction  <  2 mm. The soil samples were homogenized through 
grinding to analyze total carbon and nitrogen by dry combustion with 
an Elementar Vario EL cube (Elementar, Germany). The soil pH value 
was measured using filtrate of 10 g soil in 25 ml CaCl2 (Van Reeuwijk, 
2002) using glass electrodes (Minitrode, Hamilton Messetechnik GmbH, 
Höchst, Germany). The soil textural classes were estimated by a field 
estimation based on feeling the constituents of the soil (Jahn et al., 
2006). When the soil samples (< 2 mm) are in wet state, the con
stituents have the following feel: Clay is sticky and formable whereas 
silt is smooth, non-sticky and only weakly formable. Sand cannot be 
formed and feels grainy (Jahn et al., 2006). 

2.3. Spectrometer 

Reflectance spectra were measured during the archaeological ex
cavations using an ASD (Analytical Spectral Devices) FieldSpec Pro FR 
handheld spectrometer (Malvern Panalytical, Malvern, UK) which covers 
wavelengths from 350 to 2500 nm with a spectral sampling interval of 
1 nm. This spectrometer is composed of three internal spectrometers 
where each spectrometer covers wavelength ranges of 350 – 1000 nm, 
1000 – 1830 nm and 1830 – 2500 nm with spectral resolutions of 3, 10 
and 12 nm, respectively. However, this paper only uses the wavelength 
range from 400 to 1000 nm since preliminary sensitivity studies in
dicated that most of the characteristic spectral information of the ar
chaeological materials obtained in this study is found within this spectral 
range (Choi et al., 2015; Choi, 2018). Moreover, this range avoids the 

strong water absorption features in soil spectra around 1400, 1900 and 
2200 nm range (Choi et al., 2015; Choi, 2018). To measure the in-situ soil 
spectra, an ASD Contact Probe attachment with an artificial halogen light 
source was used to illuminate the soil surface with a spot size of 10 mm. 

2.4. Collection of the spectral dataset 

Soil spectra were measured at different depths in a soil profile, ex
tending from the surface (Ap horizon) to the bottom of the pit (C horizon, 
approximately 1 m depth) (Viscarra Rossel et al., 2009). For each point 
measurement of a soil horizon, the ASD spectrometer automatically 
measures and averages 35 spectra to improve the signal to noise ratio.  
Fig. 1A shows a schematic image of a soil profile with different soil hor
izons annotated. To cover the variations within each soil horizon, point 
spectra were measured at least three times within the same soil horizon. In 
total, 268 spectra were gathered from 16 soil profiles. For some sites, 
archaeological stratum was not observed on the soil profile, but rather 
observed at the floor of the pit (for sites 2 and 3). Therefore, in these sites, 
the soil spectra were also gathered from the floor of the excavated pits. 

Collected spectra were first divided by a (white) reference spectrum 
measured with an ASD Spectralon. Then the continuum removal 
method (Clark and Roush, 1984) was applied to the spectra. The con
tinuum removal normalizes the reflectance spectra and, therefore, ex
aggerates the individual absorption features by dividing each spectrum 
by the corresponding continuum line. Due to an increased instrumental 
noise observed in the low wavelength region of the soil spectra (Choi, 
2018), spectra from 400 to 450 nm were smoothed by a 10 nm Gaussian 
kernel. The original spectra were collected at intervals of 1 nm (yielding 
in total 2151 data points from 350 to 2500 nm), but these were re- 
gridded by selecting data points at ten-nanometer steps (resulting in 
only 216 data points) in order to be directly comparable to the dataset 
from the online soil spectral library (Garrity and Bindraban, 2004). 

3. Modified principal component analysis method 

3.1. Principal component analysis (PCA) 

In soil spectroscopy, PCA is a statistical data reduction method and is a 
well-known and powerful tool (Friedman et al., 2001; Hotelling, 1933; 
Jolliffe, 2002; Pearson, 1901) for revealing information in the near in
frared region (Martens and Naes, 1984; Stenberg et al., 1995; Wold et al., 
1987). It is widely used not only for soil analysis (Knadel et al., 2013; 
Linker et al., 2005; Reid and Spencer, 2009; Salehi and Zahedi Amiri, 
2005; Singh et al., 2011; Viscarra Rossel, 2008), but also for archae
ological applications (Aqdus et al., 2008; Doneus et al., 2014; Linderholm 
et al., 2019; Panishkan et al., 2012; Traviglia, 2006; Wells et al., 2007). 

In PCA, a group of soil spectra, the original dataset, is reoriented into a 
new set of variables called principal components (PC). These PCs depend 
on the dataset they are generated from and, therefore, the results are not 
unique properties of the individual samples, but are determined in the 
context of a larger dataset. The first PC accounts for the greatest variability 
in the dataset and the second PC accounts for the second greatest varia
bility in the dataset and so on. Therefore, the higher order principal 
components often represent noise, although they still might represent very 
rare soil spectral features (Doneus et al., 2014; Traviglia, 2006). Viscarra 
Rossel et al. (2006) showed that in soil spectroscopy, the first three prin
cipal components accounts for approximately 75% of the variation in the 
data. This indicates that spectroscopic soil properties are represented by 
only a few characteristic spectral features. A study by Viscarra Rossel et al. 
(2016), showed that in the cases they examined, the first PC is related to 
weathered soil mineralogy (iron oxides and kaolinite) and has the strongest 
positive correlations to silt, inorganic carbon, and iron. Therefore, this 
paper will only account for the first three principal component values since 
the first three principal components accounts for more the 97% (Fig. 2) of 
the variation. The results of this study show this to be an appropriate 
simplification since very little variation was due to higher-order PCs. 
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3.2. Modified PCA calculation: Nsoil 

Based on the concept of the PCA, this paper introduces a method 
which further develops the PCA calculation to identify reflectance 
spectra of buried archaeological remains. The method is based on the 
hypothesis that all non-archaeological soils in a particular soil 

landscape, i.e. soils without any archaeological artefacts or strata, have 
a specific, limited range of spectral signatures and these are mostly 
represented by the first three principal components. Therefore, any soil 
spectrum measured in the field should contain spectral characteristics 
(the first three principal components) of natural soils and, if not, then 
this spectrum represents an anomalous material, for example an 

Fig. 2. Variance plot (A, B and C) and the first three principal components (D, E and F) for a group of natural soils from Italy (A and D), Hungary (B and E) and global 
(C and F). 
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archaeological material. Based on this hypothesis, one needs to select a 
group of soil spectra to calculate the first three PCs representing “nat
ural soils”. This group of spectra of natural soils will be annotated as 
Nsoil in the following. 

This paper uses two types of Nsoil: local Nsoil, which represent of 
spectra of natural soils gathered around the archaeological site (soil 
spectra gathered in Italy or Hungary), or global Nsoil which represents 
soil spectra from the International Soil Reference and Information 
Centre (ICRAF-ISRIC, 2010). Fig. 2 shows the first three principal 
components and the variance of local (Italy and Hungary) and global 
Nsoil. Notice that, although the hypothesis assumes that natural soils 
have similar spectral behavior, the intensity plots of the local and global 
Nsoil illustrate that this is not completely true. The first PC of the Italian 
Nsoil and global Nsoil are similar to each other, but the first PC of the 
Hungarian Nsoil shows a rather different spectral feature. Also notice 
that the first PC of the Hungarian soils represents a rather high variance 
of 96% indicating that the corresponding soils are very similar to each 
other, at least in the spectral ranges used, although they are different 
from those of the other sites. PCs obtained from groups of natural soils 
will be named natural principal components (NPC) in this paper. 

3.3. Modified PCA calculation: D and R values 

After the selection of Nsoil, the next step is to represent the original 
spectra in terms of the characteristics (NPCs) of Nsoil. Thus, the original 
spectrum, S, is recalculated as spectrum S’ by following equation: 

= +
=

S S NT NPCm i

n
i i

'
1 (1)  

Here, Sm is the mean of Nsoil and NTi is the weight of the original 
spectrum calculated by using NPC. Since only the first three compo
nents are considered, n is either 2 or 3. 

This recalculated spectrum S’ contains only the spectral character
istics of the natural soils (Nsoil) and is, thus, similar to the original 
spectrum S only if that spectrum S represents a natural soil. The dif
ferences between the original (Sλ) and the recalculated (Sλ’) spectrum 
can be described by a so-called D-value, which is calculated using the 
Euclidean distance. 

=D S S( )' 2

(2)  

If the difference between the original and recalculated spectrum is 
small (D≈0), this indicates that the measured spectrum is similar to, 
and may represent, a natural soil. However, if the D value is large, then 
the spectrum more likely represents a non-natural soil, which may be an 
anthropogenic or specifically an archaeological material. Fig. 3 illus
trates the method and shows how a spectrum S is changed into S’ which 
contains the characteristic information of natural soils. Finally, the 
ratio, R, between the D value of the unknown sample (Darch, since we 
expect this to be an archaeological material) and the average of those 
representing natural soils (Dnat) is calculated. 

=R
D
D

arch

nat (3)  

If Darch represents an archaeological material, then the R value 
should be larger than 1. In the next step we apply this methodology to 
spectra taken at the study sites to test this hypothesis. 

4. Results 

4.1. Soil properties 

Table 1 summarizes some basic soil properties between the ar
chaeological and natural soils. The nitrogen content is around 0.1% for 
all sites, despite whether the spectra represent an archaeological ma
terial or natural soil. The pH varies between 7.3 and 7.9. Slight 

differences are observed for the total carbon content where site 2 has 
the highest and site 1 has the lowest values. The Hungarian sites have 
more consistent carbon contents than the Italian site (1.5 vs. 3.7%) 
which indicates the difference in their origins. One characteristic fea
ture is that, the carbon content tends to be higher for natural soils than 
for archaeological soils, except for site 1 and site 4 (pit features, for 
which the slightly high carbon content might be related to due to high 
fraction of organic matter). 

4.2. PCA 

Principal component analysis (PCA) was applied to the reflectance 
spectra measured at the different sites to get a first impression on 
whether the PCA can actually detect spectral features of archaeological 
materials. The intensity and score plots of the first three principal 
components of individual archaeological sites are present in Fig. 4. 
Clear differences between the archaeological materials and natural soils 
are found at site 1 (prehistoric kitchen formation) and site 4 (an ancient 
rubbish dump). One interesting point to notice is that in the PC2-PC3 
score plot of site 1, there is even a separation of different types of ar
chaeological materials within the site, where burned materials are on 
the left side of the natural soil cluster (negative PC2 values) and reddish 
archaeological soils are on the right side of the cluster (positive PC2 
values). At this site (site 1), natural soils tend to have PC2 value of 
approximately 0 indicating that PC2 mainly represents the spectral 
features of archaeological materials. For sites 2 and 3, some archae
ological soils are separated but around half of the archaeological ma
terials are mixed within the natural soil cluster. For site 5, it seems like 
the PCA method does not work although one could observe a clear color 
difference between the buried remain and the surrounding soils at this 
site. This might be related to the reason that the proposed method is not 
dependent on the soil color (Choi et al., 2015). In addition, the ditch is 
filled with the yellowish Hungarian loess which may not have large 
anthropogenic influence and thus more likely to be a natural soil. 

The PCA results showed that PCA has the potential to separate ar
chaeological materials from natural soils at sites where there has been a 
clear chemical alteration (such as burning at site 1 or organic decom
position at site 4). 

4.3. Modified PCA using local soils 

Fig. 5 shows the D and R values of the five archaeological sites when 
the modified PCA method is applied with the respective local and global 
Nsoil. Although the first two principal components already account for 
more than 90% of the variance, the PCA score plots in Fig. 4 (PC2 against 
PC3 plot of site 1) indicate that the third principal component can also 
contain useful information. Therefore, results for two cases are shown:  

1) Only the first two principal components ( PC1
2 ) are used for the 

calculation of D and R. 
2) The first three principal components ( PC1

3 ) are used for the cal
culation of D and R. 

Overall, for most of the study sites, R values are larger than 1, in
dicating that the method can identify spectral signatures of buried re
mains. One exception is site 5, for which the R value is smaller than 1 if 
the first two PCs ( PC1

2 ) are used. This result could be expected, be
cause for site 5, already the PCA score plot (Fig. 2) indicated that 
spectra for archeological materials and natural soils were not well se
parated. However, when PC1

3 is used for site 5, the R value exceeds 1 
indicating that, for our purpose, the introduced method works better 
than the original PCA. All Dnat values are below 0.05 indicating that 
natural soils are very similar for each of the considered sites. 

To further illustrate the detailed results of the method, Fig. 6 shows 
the score plots (PC1 versus PC2) for all sites using local and global Nsoil. 
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In these plots the R value of each spectrum is color coded where high R 
values are indicated by dark red color. For comparison, in the left 
column, the same score plots are shown, in which the archeological 
materials are indicated by red dots, while the data points for natural 
soils are indicated by open circles. It is found that in most cases, the R 
values for archaeological spectra are larger than 1. However, it should 
also be noted that there are also several natural soil spectra with R 
values larger than 1. Theses natural soil spectra, which have R values 
larger than 1, are not soil spectra measured below or nearby the ar
chaeological stratum, but are rather soil spectra from natural soil pits 
which are located around the archaeological remains and thus, are 
assumed to have not been influenced by any archaeological feature. 

This indicates that these large R values are not affected by any move
ment of the soil from the archaeological stratum, but rather represents 
the variability of the natural soil spectra. For most archaeological ma
terials the R values vary between 3 and 35, depending on the type of 
archaeological material where soils influenced by a heavy chemical 
transformation (e.g. effect of fire) tend to yield larger R values. 

4.4. Modified PCA using global soils 

Fig. 5 and Fig. 6 also present the D and R values when global Nsoil 

(from the ISRIC spectral library) is used in the calculation. In this case, 
the Dnat values are not as small as for the local Nsoil. Here, the Dnat 

values are mainly larger than 1, but at the same time the Darch values 
are also larger compared to the local Nsoil results. These findings in
dicate that both the spectra of local natural soils and archeological 
materials have rather large differences to the spectra of the spectral 
library. Fortunately, the R values are still greater than 1 for most cases 
indicating the method still works. For example, when global Nsoil is 
used the Darch value exceeds 0.5 (for PC1

2 ) while the Dnat value ex
ceeds 0.3. Therefore, the R value is still larger than 1, indicating that 
the differences of archaeological materials are larger than those of the 
natural soil spectra. 

Also note that from Fig. 4, the first three principal components of 
the Italian Nsoil and global Nsoil are similar to each other, while the 
principal components of the Hungarian Nsoil show rather different 
features. This finding is also represented by the Dnat values (Fig. 5), 
where the Italian sites (site 1 and 2) have fairly smaller Dnat value 
compared to the Hungarian sites (site 3 to 5). 

When the global Nsoil is used, the R value on average is much 
smaller than for local Nsoil but at the same time there are also less false 
detections of natural soil spectra (natural soil spectra with R values 
larger than 1, refer to Fig. 6). 

4.5. Spectral resolution 

In this section, it is investigated whether the rather high spectral 
resolution of the instrument used in this study is actually needed for the 
identification of archeological materials. For that purpose, the spectral 
resolution of the measured spectra is systematically degraded to lower 

Fig. 3. Spectra plot of the original spectrum S and modified spectrum S’. Left image is when S is a natural soil and right image is when S is an archaeological soil (both 
spectra where chosen from site 1). Notice that some of the absorption features in the archaeological spectrum (around 600 nm) are smoothed out and thus result in 
larger D values. 

Table 1 
Soil properties of five archaeological sites investigated in Italy (Calabria) and 
Hungary (Sárvíz Valley). Each archaeological site was identified either by 
geophysical methods or clear soil marks. Total carbon (C), nitrogen (N), pH and 
texture of the archaeological soils and non-archaeological soils were averaged 
for each site. The grey numbers indicate minimum and maximum values. For 
soil texture, the abbreviations stand for: SCL = sandy clay loam, SL = sandy 
loam, MS = intermediate coarse sand, SC = sandy clay, Si = silt, SiL = silt 
loam and L = Loam. N/a = data not available due to not enough soil samples 
for analysis.        

Country Italy Italy Hungary Hungary Hungary  

Site 1 2 3 4 5  
Natural soil 

N (%) 0.1 0.1 0.1 0.1 0.1  
0.1–0.1 0.1–0.2 0.0–0.2 0.1–0.1 0.0–0.3 

C (%) 0.7 5.2 2.3 1.5 3.7  
0.4–1.1 2.8–7.9 0.36–3.6 1.5–1.6 3.2–4.5 

pH 7.3 7.6 7.7 7.9 7.7  
6.4–7.6 7.4–7.7 7.6–7.8 7.8–8.0 7.4–7.9 

Texture SCL/L SL SiL MS/SL SiL  
Archaeological soil 

N (%) 0.1 0.1 0.1 0.1 0.1  
0.1–0.2 0.1–0.2 0.0–0.1 0.1–0.1 0.1–0.1 

C (%) 1.6 3.7 2.2 1.7 3.1  
0.7–3.2 1.3–5.1 0.8–3.2 1.7–1.7 2.8–3.5 

pH n/a 7.4 7.8 7.7 7.7   
7.4–7.5 7.6–7.9 7.6–7.8 7.6–7.7 

Texture n/a SiL/SCL/SC/SL L MS/SL L/Si 
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Fig. 4. Left: First three principal components for the spectra of all soils. Middle: Scatter plots of the first two principal component scores for archaeological soil 
(closed circles) and soils surrounding the archaeological site (natural soils, open circles). Right: Scatter plots of the second and third principal component scores. 
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spectral resolution by convolution with Gaussian kernels of different 
widths. Fig. 7 shows an original soil spectrum from site 1 together with 
smoothed versions of the same spectrum using different Gaussian ker
nels. After the smoothing the new method is applied in the same way as 
for the original spectra, and the resulting D and R values are compared 
with the results for the original spectra. 

It is found that the D and R values stay rather stable if the spectra are 
smoothed by kernels up to 20 nm. For smoothing with kernels ≥ 50 nm, 
the D and R values either decrease or increase. Interestingly, for some 
sites, the R values even increase with increasing smoothing kernel. 
However, for these cases, the Darch values stay rather constant and only 
the Dnat values decrease, which indicates that the increase of the R value 
is not necessarily an improvement compared to the original spectra. 

Overall, the results indicate that the high spectral resolution of the 
instrument used is not necessary for the application of the method within 
the range of wavelengths included in this study. In other words, spectral 
features relevant for the separation of these archaeological materials 
from natural soils around them are rather broad. Measurements with 

much lower spectral resolution of up to 20 nm will yield similar results. 
On the technical side, this finding can have rather important con
sequences because spectrometers with degraded spectral resolution 
might use simpler and thus cheaper set-ups. Also, higher optical 
throughputs and thus higher signal to noise ratios might be established, 
which in turn can result in shorter integration times. 

5. Discussion 

In this study, five buried archaeological sites were investigated from 
two environmentally different countries (Italy and Hungary). The sites 
in Italy contained complex soil compositions and the sites in Hungary 
had fairly homogenous soils (Hungarian loess). Thus, the initial ex
pectation was that it would be more difficult to identify and classify 
buried archaeological materials from the sites in Italy. However, the 
results derived in this paper suggest that the degree of variability of the 
natural background soils is not problematic as long as the collected 
natural soil spectra (Nsoil) cover this variability. 

Fig. 5. D and R values for the five archaeological sites for local and global Nsoil. The blue line represents a R value of 1. Besides the results for the first two PCs 
( PC1

2 ), also the results for the first three PCs ( PC1
3 ) are shown. The method distinguishes archaeological spectra for most of the sites when local Nsoil is used. The 

ability of the method to distinguish materials of different origins decreases when global Nsoil is used, but still gives positive values for some of the sites. 
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In addition, the soil properties analyzed through laboratory mea
surements showed that the soil properties are rather similar between 
the study sites. Among these results, the carbon content can be linked 

with the R value results: Sites 1 and 2 were formations including 
quantities of burnt material where R values were largest and, also for 
these sites, the difference in the carbon content was large between the 

Fig. 6. Score plots (PC1 versus PC2 for the PCA based on local Nsoil). Red colors in the left columns indicate archeological material, and open circles indicate natural 
soils. In the middle and right columns the colors represent the individual R values using either local or global Nsoil. R values below 1 are represented by white (empty) 
markers and high R values are represented in dark red color. 
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natural and archaeological soils. However, the link between carbon 
content and archaeology is clearly complex since site 1 has larger 
carbon content in archaeological soils but site 2 has higher carbon 
content in natural soils. The carbon content is also larger at site 4, 
which could have been the influence of the high organic matter of the 
pit feature and also a high R value is found for this site. Overall, just by 
looking at the carbon content, the new method allows a much better 
distinction between archeological materials and natural soils. This re
sult is similar to the study of Deotare and Kshirsagar (1980) where 
carbon and nitrogen are recognized in human occupations since they 
are often subjected to loss by oxidation and leaching. 

Soil spectra from the ISRIC spectral library (ICRAF-ISRIC, 2010) can 
also be used as Nsoil if there are no natural soil spectra gathered around 
the archaeological site. However, in this case the R values will be 
smaller and thus less accurate. This strengthens the point that it is 
important to gather not only the spectra of the remains but also those of 
the natural soils in order to reduce the uncertainties. In addition, the 

results presented emphasize that the R value depends on the type of 
buried remains. 

The introduced method works especially well with materials from burnt 
deposits, giving R values larger than 3, probably because of the exposure of 
the materials to fire (Arcenegui et al., 2008). The red soil color of the ar
chaeological stratum observed in site 1 and 2 might also be the result of fire 
(Matney et al., 2014). Spectra of pit features (site 4) also yield high R values 
(larger than 1.7), since pit features contain high amounts of organic carbon, 
nitrogen, or phosphorus compared to the adjacent natural soils (Lauer et al., 
2014; Slager and Van de Wetering, 1977). However, for ditch features (sites 
3 and 5), depending on what has fallen into the ditch (e.g. collapsed sur
rounding soil or walls which are still ‘natural’ soils) the identification might 
be difficult, despite the color difference to the surrounding natural soils. 
Such infilling of ditches through natural depositions are mainly slope de
posits (Mücher et al., 2018). One important additional factor, in particular 
on the pit-feature strata, is the probable effect of post-depositional pedo
genesis. In the Hungarian sites (sites 3 and 5), in particular, this is likely to 

Fig. 7. Change in the soil spectra and R values when the spectra are smoothed, for global Nsoil ( PC1
2 ). A: Continuum removed reflectance spectrum smoothed by 

convolution with kernels of 10, 20, 50 and 100 nm (spectrum from site 1). Many small features are smoothed away and the shape of the spectra starts to change as it 
is smoothed by kernels greater than 50 nm. B: D and R values when spectra are smoothed by convolution of 10, 20, 50 and 100 nm. Degradation of the spectral 
resolution to values up to about 50 nm does not worsen the results compared to the results for the original spectra. 
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have included the preservation of organic matter and periodic changes in 
general soil redox state as a result of water fluctuation – which is not likely 
to have been significant in the much drier Italian sites. 

One important point to notice is that, for archaeological applica
tions the spectral resolution can be reduced by a factor 3 to 6 without a 
significant loss of information. The R value did not change dramatically 
when the spectra were smoothed by convolution kernels of 10 to 20 nm. 
This indicates that the broadband features contain the main char
acteristic differences between natural and archaeological soils. This is 
an important result, because it provides the possibility to use spectro
meters with much lower spectral resolution than the ASD spectrometer 
and to reduce the integration time. For such spectrometers, either the 
temporal or spatial resolution (or both) of the measurements can be 
largely improved. This can even lead to the possibility of performing 
continuous 1D or 2D imaging measurements and even drone-based 
spectrometers with reduced acquisition times. Conceptually, this 
method can be applied to images of spectra collected by other instru
ments, such as from airborne hyperspectral multispectral images or 
even satellite images with sufficient spatial resolution where the spec
tral resolution is not as fine as that of the ground-based spectrometers. 

This method is applicable not only to archaeological remains but 
also to all anthropogenic materials, such as modern materials and soil 
alterations, on and in the ground. This paper specifically applied the 
methods to archaeological remains, but the method may be of wider 
interest because it can be applied to anthropogenic changes in soil 
spectral characteristics more generally. 

6. Conclusion 

This study presents a modified PCA method to identify spectral sig
natures of buried archaeological remains among adjacent soils. The in
troduced method yields a quantitative result by using spectral measure
ments from a handheld spectrometer in a non-destructive and time 
efficient way. The method can even be applied to data gathered by a low 
resolution spectrometer (spectral resolution of 20 nm and spectral range of 
400 to 1000 nm) despite the complexity of the background soils. This 
opens the possibility of performing measurements with short integration 
times and thus continuous imaging measurements such as drone or air
borne measurements. 

In this paper the method is successfully applied to five different 
archaeological sites, but the study also indicated that the effectiveness 
of the method greatly depends on the type of archaeological remains. 
Thus, by applying the method to various archaeological sites in dif
ferent environments the method could be extended and probably be 
made more specific. 
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