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ABSTRACT Detection of buried archaeological remains based on identification of archaeological proxies,
such as cropmarks, has been widely used. Nevertheless, physically-based models for such archaeological
prospection surveys are still missing from the literature. In this work we present a spectral classification
criterion procedure for the detection of buried archaeological remains (cropmarks) using remote sensing
techniques, in particular top-of-canopy hyperspectral data. The criterion is built by using (1) the radiative
transfer model PROSAIL in inverse and forward mode to produce physically-based simulations of spectral
signatures of an observed cropmark dataset captured from an artificial test-field, and (2) machine-learning
methods (decision trees) to identify the highest importance wavelengths and the associated classification
thresholds. This is done by statistically analyzing different simulated dataset size (synthetic hyperspectral
image size) and different contents in signatures affected by buried ‘remains’ relatively to healthy crop
signatures. The analysis of the results does indeed allow the formulation of a well-performing criterion,
with above 70% detection rate in test synthetic datasets. Our findings show that the physical reduction of the
degrees of freedom forming cropmarks plays a significant role in their modelling and successful detection.
The underlying hypotheses and issues, as well as the generalizability potential of the method in different
conditions are discussed.

INDEX TERMS Archaeological prospection, archaeological proxies, cropmarks, decision trees, hybrid
method, hyperspectral image, inverse modelling, machine learning, PROSAIL, radiative transfer models.

I. INTRODUCTION
The detection of buried archaeological remains using remote
sensing methods has become an integral part of current
archaeo-landscape projects and archaeological prospection
surveys [1], [2]. One of the most widely adopted methods
for the identification of archaeological proxies is the detec-
tion of the so-called ‘‘cropmarks’’, which can -indirectly-
indicate the presence of hidden archaeological remains [3],
[4], [5]. Cropmarks appear when healthy vegetation, like
those of barley or other cereal crops, is cultivated on
top of buried archaeological remains. Consequently, crops
might either be stressed (negative cropmarks phenomenon)
or enhanced (positive cropmarks phenomenon) due to the
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different context [6]. This observation can be utilized
as a first indication (proxy) of the existence of buried
remains.

Archaeology is referred to as one of the earliest scientific
disciplines that has adopted the use of remote sensing sen-
sors [7]. In the recent past several studies have indicated the
promising added value of the detection of cropmarks for dif-
ferent archaeological field surveys. For instance, in Scotland,
annual programs of airborne surveys have been conducted
by a variety of agencies since 1945 and continued under the
auspices of Historic Environment Scotland till today [8], [9].
In general, the use of multispectral and sometimes hyperspec-
tral sensors, sensitive in the visible and near-infrared part of
the spectrum, is used for capturing ‘‘anomalies’’ of crops’
spectral profiles that are cultivated on top of archaeological
remains.
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Indeed, until today a detailed understanding of the for-
mation of cropmarks from a theoretical perspective is still
missing in the literature. A better understanding of how crop-
marks are formed, and which (physical) parameters affect
their development still needs to be addressed by the scientific
community. Despite the technological advancements of the
space sector (i.e., higher spatial and spectral resolution sen-
sors) and automation in image processing (i.e., deep learning
algorithms), the establishment of theoretical models is not
met.

To overcome this gap, the study initiates exploring the
use of theoretical radiative transfer models, widely used
for agriculture and forestry applications, based on a previ-
ously obtained ground ‘‘truth’’ spectral dataset cube. The
findings of this study aim to establish, for the first time,
theoretical models and spectral indices that can have regional
applicability in the future.

From technical point of view, the radiative transfer model
PROSAIL [19], is used to associate the observed signature
dataset to a leaf and canopy physical parameters dataset.
This way the spectral information is transcribed to biophys-
ical and biochemical information. That is, the degrees of
freedom forming the signatures are sought in the physical
and geometric characteristics of crop canopy, at least the
ones modelled in PROSAIL. The idea is that these degrees
of freedom carry the information about the type of spec-
tral signature they are associated with, i.e. affected by the
buried ‘remains’ (denoted by A) or not (denoted by H). The
statistics of the physical parameter dataset allows generating
simulated physical parameters in such a way that carry the
associated spectral signatures can be characterized as A or H
beforehand; the signatures are obtained by running PROSAIL
forward. Therefore large, synthetic (simulated) datasets of
spectral signatures can be produced and analyzed.

In the first steps, our analysis proceeds following a
previous publication of the authors [20]. In particular, we pro-
cessed spectral signatures obtained from an experiment
that took place in Alambra test field in Cyprus between
2011–2012 [21]. A small test field, measuring 5 × 5 meters,
was constructed to simulate archaeological features below
the surface. Ground spectroradiometric measurements were
taken during the period October 2011 until April 2012. For
each of the sixteen different campaigns organized during this
period, spectral signatures were collected over the ‘‘archaeo-
logical’’ and non-archaeological areas. A calibrated handheld
GER 1500 spectroradiometer was used for this purpose, that
was able to record the electromagnetic radiation between the
visible to the near-infrared spectrum. The signatures were
calibrated using a Lambertian spectralon panel.

The signatures for the purposes of this study, are then
transformed to the unit interval between their minimum in the
deep blue (∼400nm) and their maximum in the near infrared
(∼850 nm) and suitably averaged over a dataset represent-
ing synthetic signatures over a test field. This essentially
defines a new index, which runs over different wavelengths
with nanometer resolution. Then machine learning methods

(decision tree algorithms) are used to identify the highest
importance wavelengths in classifying a given signature as
type A or H, according to the definition of type given above,
along with the associated one-dimensional decision bound-
aries (thresholds). Our findings allow us the formulation
of a simple and effective classification procedure (crite-
rion) which allows us to identify the type A signatures
in ‘unknown’ synthetic datasets with a success rate above
70%. The simplicity of the procedure rests mainly on the
use of one-dimensional decision boundaries of the highest
importance wavelengths and not the full multi-dimensional
boundaries of the decision trees, and a crude use of the
deduced distributions of highest importance wavelengths
across the spectrum (being essentially replaced by uniform
distributions).

In summary, in this paper we put forward cropmark detec-
tion criteria, given in terms of hyperspectral information,
which are (1) physically-based, i.e. using a natural reduc-
tion of degrees of freedom in a hyperspectral signature, and
(2) simply structured, requiring comparison with a threshold
curve for a certain index. These features present significant
potential for usability and generalizability across various
archaeological context and crop – soil conditions.

The paper is organized as follows. Section II describes
the construction of physically-based simulation of spectral
signatures. Section III presents the decision tree analysis
of synthetic analysis of synthetic datasets of different sizes
and different content in type A signatures introducing our
classification criterion. Section IV presents the assessment
applied to the test synthetic dataset of different sizes and type
A content. Finally, in section V a general discussion is given
summarizing our findings and conclusions as well as pointing
out important avenues of progress for future work are drawn.

II. PHYSICALLY-BASED SIMULATION OF SIGNATURES
Radiative transfer models describe the spectral and direc-
tional reflectance of plant canopies taking into account the
geometric and biochemical leaf characteristics, the canopy
architecture properties, background soil characteristics and
the direction of observation, based on the physical laws of
light transport within vegetation. These properties we will
collectively call ‘physical parameters’ (of leaf and canopy),
which we shall list and discuss below. The conceptual and
physical basis of radiative transfer modelling of canopy
reflectance has been reviewed e.g. in [22].
PROSAIL [19] is a widely applied canopy reflectance

model due to its simplicity and strong overall performance,
see e.g. [23] and references therein. Important geometric
assumptions underlying PROSAIL is that canopy is mod-
elled as an infinite turbid medium i.e., a homogeneous and
dense layer of very small reflectors (leaves), and it is one-
dimensional, in the sense that -by horizontal homogeneity-
radiation transfer occurs in the direction across the canopy
thickness [22], [24], as opposed to 3D or other types of
radiative transfer modelling, see e.g. [25]. For a thorough
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comparison of various radiative transfer models see the
RAMI exercises [26], [27].

Although PROSAIL has been used in the forward mode,
e.g. for sensitivity analysis related to vegetation indices [28],
the estimation (retrieval) of physical parameter values from
observed reflectance data is the primary application of the
model [23] by a variety of inversion techniques. The general
problem of the retrieval of the biophysical and biochemical
parameters from spectral data involves a variety of meth-
ods which have been combined with the physically-based
techniques [29]. Common inversion methods applicable to
radiative transfer models include: iterative optimization algo-
rithms, Look-Up-Tables (LUTs) and hybrid inversion [30, 23,
31]. The classical optimization algorithms are regarded as
computationally demanding and susceptible to being trapped
in local minima of the cost function [32]. The widely used
LUT-based inversion is computationally faster although it
may be affected by the ill-posed-ness of the inverse prob-
lem and low estimation accuracy [25]. A variety of methods
improving the robustness and accuracy of the LUT-based
algorithms have been used, such as incorporating prior
knowledge; see e.g. [30] and references therein. A major
drawback of the LUT approach is that the cost function
is an open issue because the structure of the parameter
uncertainties is in general not known [33].

In hybrid inversion [30, 34, 23, 31] one uses LUTs, that
is, simulated synthetic data, and a certain method in the
realm of machine learning to model the non-trivial map:
reflectance signature space → physical parameter space.
Vegetation indices (VIs), or other transformations of the spec-
tral data, may also be used in the place of the reflectance
signatures, and most often modelling is oriented towards
the retrieval of specific biophysical variables, such as leaf
chlorophyll content or leaf area index; for a recent review of
various approaches and objectives in the context of the hybrid
method see e.g. [31]. Machine learning methods employed in
the hybrid approach range from relatively simple statistical
methods such partial least square regression (PLSR) and
decision trees, to more complex methods such as kernel-
based algorithms, random forests and ensemble methods, and
neural networks; the subject is covered in an already quite
extensive and rich literature, see e.g. [30], [31], and [33].
It should bementioned that the use of the hybridmethod (with
neural networks combined with PROSAIL) has reached the
operational level e.g. through the algorithm implemented in
Sentinel Application Platform (SNAP) biophysical processor
tool [35]. Additionally, the application of neural networks has
progressed well into the deep learning approaches, such as
convolution neural networks [36]; interesting recent works
include [37], [38].

A. THE GENERAL PROCEDURE
In this work we adopt a pragmatic approach while applying
the hybrid method. Given a dataset of observed reflectance
signatures but without direct measurements of biochemical

and biophysical variables of the crop being available, we use
PROSAIL to reduce the degrees of freedom of the prob-
lem in a physically plausible way, in order to generate
(physically-based) simulations of the original dataset. The
physical reduction is a rather necessary step because of the
multicollinearity present in the hyperspectral data, a feature
which has been very well analyzed and discussed in efforts
to statistically retrieve the values of, or model, the physical
variables, see e.g. [33] and [39]. It has also been shown that
using a statistical method for dimensionality reduction before
the radiative model inversion in the context of the hybrid
method, improves the accuracy of the physical parameter
retrieval [40]. In this work, we shall apply inversion directly
to the hyperspectral data.

Given the dataset of the 106 observed signatures,
PROSAIL model inversion is done by the iterative optimiza-
tion method using standard Python language [41] optimizers
to obtain the group of values of the physical parameters asso-
ciated with each signature. Stability of the inversion has been
checked by perturbing the initial conditions of the estimated
physical variables (discussed below) within their adopted
range. PROSAIL is implemented using the Python language
bindings. Hence, we obtained a dataset of 106 groups of phys-
ical parameters. Each group is labelled as A or H, depending
on the signature is associated with.

The statistics of this dataset allows us to generate simula-
tions of the A and H groups of physical parameters. By run-
ning PROSAIL forwardly we then generate physically-based
reflectance signatures. Due to the (relatively small) size
of the original dataset, we treat the entire period January-
February-March as a single period, therefore values of the
physical parameters from anytime in the period may be used
to produce any single simulated signature. Therefore, the
simulated signatures cannot have a time-label. On the other
hand, we know by construction whether any given simulated
signature is an A or a H one.

B. PROSAIL INVERSION
The PROSAIL physical parameter values and range used in
the inversion process are generic for grain crops [23] and they
are given in Table 1. The seven quantities indicated in bold
are varied in the given intervals and they form the group of
the physical parameters on which our simulation procedure
is based. The values chosen for certain fixed parameters and
the choice of the estimated parameters rest on their expected
importance, see e.g. [19] and [42] and numerical experimen-
tation aiming at plausible distributions of estimated values.

Figure 1 shows the top and lower 10% percentile ordered
by the value of Pearson R2 parameter of the fitted curves
with respect to the original signatures. It should be noted that
the characteristic pattern of the signatures on the right is not
exhibited by the signatures below the lower 10% percentile
of fit (not shown here), pertaining more to the signatures on
the left. The overall performance of the fitting process can
be seen in the histograms shown in Figure 2, showing the
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TABLE 1. The values and the ranges of the PROSAIL input parameters
used in this study.

distribution of values of the root-mean-squared (RMSE) of
the reflectance expressed in percentage (on the left) and of the
Pearson R2 values (on the right). It is worth to note that these
RMSE values are smaller than the radiometric uncertainty of
widely used satellite sensors.

FIGURE 1. The observed and fitted reflectance curves for upper and lower
10% of the R2 distribution.

FIGURE 2. The observed and fitted reflectance curves for upper and lower
10% of the R2 distribution.

The estimated parameters are plotted in Figure 3. They are
organized according to the date of the associated signature
and the label A or H. The mean value of each parameter
per day of observation is shown in dashed lines. The first
thing one may observe is that there is a noticeable difference
between the estimated parameters for the A and H observa-
tions, for all parameters except, perhaps, the hot-spot size
parameter (hspot). There is therefore an imprint of the type of
signature (A or H), which, as we have explained, we wish to
utilize in generating simulations of these types of signatures.

The leaf average angle (lidfa) is a canopy structure param-
eter quantifying the average inclination of the leaves. The
leaf average angle is an important parameter from the point
of view of PROSAIL inversion, as it affects the estimation

of other physical parameters such as the leaf chlorophyll
content or the leaf area index [23]. The lidfa curves in Figure 3
indicate erectophile leaves, as expected for barley plants. The
downward trend of the curve i.e. the leaves turning toward
horizontal, and the steep upward trend in the last interval, are
consistent with the growth cycle of the plant. One may note
that the leaves of the A observations have quite smaller angles
than the H ones. One may also note that lidfa curves trend
suggests that this parameter is negatively correlated with Cab
and Car, as it will be verified below.

The leaf area index (LAI) is another canopy architecture
parameter which is defined as the total one-sided green area
of leaves per unit horizontal area of the ground [47]. It is
a key parameter for modeling mass and energy exchange
between vegetation and the atmosphere, and hence plays an
important role in the fields of agriculture (for crop growth
and yield), forestry, and ecology, as well as a global climate
variable [48], [49]. As opposed to the leaf inclination angle,
the leaf area index can be measured by numerous methods,
direct (more or less destructive) or indirect methods, see e.g.
[50], thereby allowing validation of canopy modelling. For
these reasons, LAI estimation is the most primary example
in parameter retrieval applications using PROSAIL [23]. The
magnitude of estimated LAI values is rather typical for grain
crops, see e.g. [48], [51], and [52] and barley in particular,
see e.g. [53], [54], [55], and [56]. LAI is expected to increase
with time, see e.g. [57], [58], and [59]. The nearly constant
trend exhibited by the LAI curves in Figure 3 suggests that we
observe essentially the maximum value of LAI in the given
phenophases. We also observe that the A observations tend to
have lower LAI than the H ones.

The soil reflectance (psoil) parameter (range 0 to 1), which
quantifies soil brightness and is used as interpolation param-
eter between to two (wet and dry) reference soil reflectance
spectra, starts at low reflectance and increases with a gentle
slope reaching roughly 20% in the final date. This is consis-
tent with the growth stage of the plant and the calendar time
as the soil moisture is expected to decrease from mid-winter
to mid-spring.

The important parameter hspot quantifies the effect of
reflectance enhancement in the case where the direction of
observation coincides with the direction of sunlight. This is
known as hotspot or opposition effect and may be explained
by the fact that, when observations are made from other
directions, the scattered light has a higher probability of being
scattered away by intervening particles (leaves), see e.g. the
discussion in [60], [61], and [62]. Given that all observa-
tions in the dataset under consideration were obtained from
approximately solar zenith view, the hot spot effect plays
a significant role. The hspot is interpreted geometrically as
the ratio of leaf (horizontal) size to the canopy height [62].
The barley plant has long but very curved leaves and it is
not obvious how to attribute a specific number for the hspot
parameter. For these reasons, we let it vary between the
values from 0.25 to 0.75 (see Table 1). The result, shown
in Figure 3, is an essentially random distribution of hspot
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FIGURE 3. The estimated physical parameters by PROSAIL inversion for the A and H observed signatures group according to the date of
observation. Their mean values per day are shown in dashed lines.

between the extreme values. (It should also be noted that
numerical experimentation showed that the distribution of
the other physical parameters is not affected by the specific
values of the extreme values of hspot.) This statement will be
further supported below by the fact that the parameter hspot
is essentially uncorrelated with the other parameters and its
variation may be attributed to -primarily- random effects of
the measuring procedure.

C. PHYSICAL PARAMETER STATISTICS
Asmentioned above, each signature and hence every group of
estimated physical parameters is labeled as A or H. The latter
are understood as qualitatively different states of the plant and
canopy for which we would like to find a quantitative classifi-
cation algorithm. Hence, the seven estimated physical param-
eters (Cab, Car, lidfa, hspot, LAI, psoil, ant) corresponding
to A or H should be treated a priori independent variables
whose statistics should be quantified. That is, we have totally
fourteen variables, denoted by adding an index A or H to the
physical parameter symbols, e.g. Cab_A or psoil_H. Recall-
ing that the original dataset of observed signatures consists of
53 A and 53 H signatures, we have to analyze a dataset of

53 fourteen-parameter groups. Calculating the mean value
of each parameter across this dataset, we may define the
fluctuations of the parameters: fluctuation = parameter value
– parameter mean. The 14 × 14 correlation matrix of the
parameter fluctuations in the dataset is visually given in
Figure 4. The color-bar indicates the magnitude and sign of
the correlation between any two variables.

As expected, there is a strong positive correlation between
the chlorophyll and carotenoid content of leaves (correla-
tion coefficient 0.92), as is well known in the literature, see
e.g. [42]. The strong correlation holds only between same
type of observations, A or H. A relatively significant neg-
ative correlation (with coefficient –0.48) holds between the
leaf chlorophyll content and leaf average angle. Similarly,
anthocyanins are also correlated with chlorophyll content
with coefficient –0.53 for the A observations and –0.39 for
the H observations. These correlations are consistent with
our previous observations regarding the time-evolution of
parameters shown in Figure 3. Finally, the hot-spot parameter
shows a low correlation with the other parameters roughly at
0.1 on average. Hence, we shall treat this parameter as varying
independently of the other.
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FIGURE 4. Chromatic representation of the correlation between the
14 estimated parameters (seven physical parameters for each of A and H
observations).

A different overview of the physical parameters’ dataset
is given by the histogram representations of Figure 5, where
we plot seven-bin histograms of the values of each physical
parameter for the A and H observations. We observe that
the values for the chlorophyll content, carotenoid content,
average leaf angle and leaf area index are more or less sym-
metrically distributed around their mean; one, also observes
the higher variance in the values of the A observations rel-
atively to the H observations, a fact not clearly visible in
the timeline graphs of Figure 3. On the other hand, the soil
reflectance coefficient and anthocyanins are skewed to the
low values. Finally, the hot-spot parameter appears to vary
randomly between the extreme values 0.25 and 0.75 with
nearly equal probability (and as mentioned above, practically
uncorrelated with the other parameters). For completeness,
the mean and standard deviation values for all parameters
expect the hspot ones are explicitly given in Table 2.

D. PHYSICALLY-BASED SIMULATIONS OF REFLECTANCE
SIGNATURES
The information contained in the histograms and the correla-
tion matrix is now used to model the statistics of the dataset
in order to generate simulations of the physical parameters
corresponding to A and H events. The procedure employed
is realized by standard routines of Python 3.9 and may be
described as follows: (1) The (empirical) correlation matrix
is Cholesky decomposed. (2) Generate a number of normal
multivariate simulations of the twelve variables given in
Table 2 using the mean values and empirical correlation
matrix. The hspot parameters are simulated separately as we
discuss below. (3) For each variable, the generated data are
sorted (ranked) and transformed to the unit interval [0,1]. The
scaled data are regarded as (unit) uniform random variables.
(4) The cumulative distribution functions associated with the

empirical histograms are then used (by percentile matching)
to generate simulations of physical parameters. These steps
were implemented in code using the functions of Python 3.9.
The hspot parameters (hspot_A and hspot_H) are modelled
and simulated as independent binomial variables with val-
ues 0.25 and 0.75 with equal probabilities of occurrence.
Hence, we obtain a synthetic dataset of physical parameter
simulations. Finally, we run PROSAIL forward to obtain a
synthetic dataset of simulated reflectance signatures. Figure 6
shows the flowchart of the computations for the generation of
physically-based simulations of signatures.

III. DECISION TREES AND CLASSIFICATION CRITERIA
A. DEFINITION OF AN INDEX
Given this assumption, we generate samples of simulated
signatures, which we think of as synthetic hyperspectral
‘images’ i.e. a (synthetic) data cube. Any element of the
sample we may think of as a ‘pixel’. (These pixels will
not have a spatial meaning.) Therefore, each pixel carries a
simulated signature ρ(λ). The entire image is described by a
single function ρ(pixel, λ). We generate a simulation batch,
that is, a number of simulations of the synthetic hyperspectral
image.

First, we rescale as we did in a previous publication [20] the
signature of each pixel (independently) to produce a function
ρrescaled(pixel, λ) which takes values in the interval [0,1]. The
rescaled reflectance is defined by

ρrescaled(pixel, λ) =
ρ(pixel, λ) − min(ρ(pixel,λ))

max(ρ(pixel,λ)) − min(ρ(pixel,λ))
(1)

For each pixel, this function has a minimum value 0 (near
deep blue) and a maximum value 1 (in the NIR). In order to
visualize the effect of rescaling consider a synthetic image
of 1000 pixels, containing 15% of pixels A. In Figure 7 we
plot the histograms of values for the measured and rescaled
reflectances at the wavelength λ = 571 nm, which is a simple
useful choice for classification purposes [20]. One observes
that rescaling reduces significantly the overlap between the A
and H observations facilitating classification.

Now for each pixel we construct our index for every
wavelength defined by

index(pixel, λ) =

〈
1

ρrescaled(pixel, λ)

〉
ρrescaled(pixel, λ)

(2)

where the symbol <. . .> denotes an average over the entire
image and is defined by (3):〈

1
ρrescaled(pixel, λ)

〉
=

1
N − 1

∑
all pixels̸= pixel

(
1

ρrescaled(pixel, λ)

)
(3)

where N is the size of the sample (image). This aver-
age depends on the wavelength and (weakly) on the pixel.
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FIGURE 5. Histograms of the seven physical parameters estimated value for the A and H observations.

TABLE 2. Mean values and standard deviations of the physical parameters (in units given in Table 1).

FIGURE 6. Flowchart of computation for generating physically-based
synthetic signature.

Essentially, the definition of the index is a way to introduce a
dimensionless signature using the mean value of the inverse
signature over the image as a scale (that is, as a unit).

FIGURE 7. Histograms of the values of reflectance (left) and rescaled
reflectance (right) for 571 nm.

B. DECISION TREES AND CLASSIFICATION CRITERIA
On each synthetic hyperspectral image, which is a sample of
signatures, we applymachine learning, and in particular, deci-
sion trees [63], [64], to find the decision boundary separating
the A and H signatures. The simplicity of the decision tree
algorithm, and its natural affinity with classification prob-
lems, makes it a most suitable method for our purposes i.e.
the formulation of explicit and simple classification criteria.
A priori, the decision boundary is a 500-dimensional surface
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in the space of the index values for the wavelengths 400 nm to
900 nm. As before [20] we find that there is almost always a
single feature (wavelength or the corresponding index value)
that dominates. Therefore, we shall treat the decision bound-
ary as 0-dimensional, although with a lower degree of success
than the actual higher dimensional boundary. That is, we may
think in terms of a simple threshold for the index at the
dominant wavelength that separates the A and H signatures.
Such an approach allows us indeed to formulate classification
criteria which are explicit as well as simple. More formally,
on a given image we find a classification criterion of the
following form: If, for any given pixel on the image, we have
that

index(pixel, λ = dominant wavelength) < threshold (4)

then this pixel is a (simulated) A observation. Details of the
application of the decision trees algorithm in this problem
will be given shortly. First, we explain further the specifics
of the simulations we shall run and analyze.

The dominant wavelength (and the associated threshold) is
not the same for all images in the simulation batch. Therefore,
we obtain a distribution of dominant wavelengths and associ-
ated values of threshold. Of course, certain nmwill repeatedly
arise and some of those will arise more frequently. Also, for
a given wavelength arising as dominant, the threshold value
changes from image to image. To visualize this information,
we start by presenting unique value histograms (i.e. the bin
width is exactly 1 nm) and the associated mean value of
the threshold for each bin (wavelength). Figure 8 shows the
flowchart of this analysis.

To generate a specific synthetic image two additional
parameters are required: its size, that is, the number of pix-
els (simulated signatures) and the number or the percentage
of these pixels which are type A. In order to acquire an
understanding of the influence of these parameters on the
classification analysis at the basic level of 1 nm bands,
we investigate two cases of the image size, 100 and 500 pix-
els, containing 2, 5, 10 and 20 % pixels of type A. The
simulation batch contains 5000 synthetic images for case
of the 100 pixels image, and 1000 synthetic images for the
500 pixels image. For ease of reference, we summarize the
image and simulation batch size in Table 3.
Now, for each case of image size and content in A pixels,

we create an image twice the size, that is, containing twice
as many A pixels, using each half as a training and validation
set, respectively. Using gini impurity as the default measure
of the quality of tree splits in Python scikit-learn decision tree
classifier, and maximum node depth equal to fixed 4, beyond
which themodels do not further improve, we run decision tree
classification for every image in a simulation batch (the size
of the batch is given in Table 3 ).

An understanding of the performance of these decision
tree models in the various cases can be acquired by plotting
the histograms of classification score values for an entire
batch. In Figure 9 we present the histograms of the recall
and precision score values, for both image sizes and for ‘few’

FIGURE 8. Steps of analysis of the synthetic image dataset to deduce
classification information (highest importance wavelengths and
associated thresholds).

TABLE 3. Number of simulations for each image size.

(e.g. 5) and ‘many’ (e.g. 50) A pixels. From these results we
conclude that the scores values are always fairly high but get
lower as the proportion of theA pixels in an image gets higher.
For example, one observes that both precision and recall are
really high in the large image case with few A pixels, while
the scores spread to lower values in the case of many A pixels
in a small image.

From the obtained decision tree models, we are interested
in keeping only minimal information: as we explained above,
we keep only the wavelength and the corresponding thresh-
old value (for the index given by equation 2) of highest
importance. The models allow us to see that these domi-
nant wavelengths, arising from the first split, are indeed of
high importance: The distribution of feature importance val-
ues in the simulation batches corresponding also the results
of Figure 9 are presented in Figure 10. The results show
that importance is essentially always higher than 70%, with
median values above 80%. We also see, same as with the
score value distributions (Figure 9) that dominant feature
importance is more widely distributed as the proportion of
the A pixels in the image gets higher.

We may now summarize our procedure of feature and
threshold extraction given a simulation batch: (1) for every
image in the batch, which is an index (eq. 2) data cube, we run
a decision tree algorithm to extract the highest importance
(dominant) wavelength and the associated 0-dimensional
decision boundary (threshold); (2) across the batch, we sum-
marize these threshold values for every dominant feature
occurrence. The results of this analysis are shown in the
Figures 11 and 12 for the 100 and 500 pixels image, respec-
tively. In these figures, the primary vertical axis corresponds
to the relative frequency (counts fraction) of appearance of
given wavelength as dominant. The secondary axis corre-
sponds to the mean threshold value for the events (images)
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FIGURE 9. Distributions of classification score values in the indicated
cases.

FIGURE 10. Distributions of dominant wavelength importance values in
the indicated cases.

for the given wavelength as dominant. For the case of the
smaller image of 100 pixels, all histograms in Figure 11
indicate that primarily two wavelengths, 571 and 693 nm,
arise as dominant. Moreover, for low values of A of pixels,
the 693 nm wavelength is more important for classification
than the 571 nm, but that is reversed as the number of A
pixels increases. The threshold for both these important wave-
lengths increases with the number of A pixels, remaining
always below the value 1.0.We also observe that the threshold
has a peculiar behavior in the neighborhood of 670 – 680 nm.
This is due to the physical characteristic of the reflectance
signatures attaining a local minimum and exhibiting a very
low value at those wavelengths in the red-edge part of the
spectrum (see Figure 1). Figure 12 tells a similar story for
the 500 pixels image. When the A pixels are a few, these
two wavelengths are the important ones. We observe though
that, same as with the 100 pixels image, other wavelengths
visibly arise as dominant in the vicinity of 571 and 693 nm

FIGURE 11. Distribution of dominant wavelengths for the 100 pixels
image containing different percentages of A pixels.

FIGURE 12. Distribution of dominant wavelengths for the 500 pixels
image containing different percentages of A pixels.

as the percentage of A pixels increases. Moreover, one finds
similarities upon comparing e.g. the 10% A histogram for the
100 pixels image with the 2% A histogram for the 500 pixels
image, which both contain the same number of A pixels
(10 pixels). This suggests that the absolute number of A
pixels, and not their percentage in the image, shapes the fre-
quency pattern. This is indeed the case, as we shall explicitly
show below.

The fact that many different wavelengths arise as domi-
nant, even with somewhat low but not insignificant counts,
suggests that it is more pertinent to think in terms of suitable
bands with widths fairly larger than 1 nm. Then we may
study in more detail the influence of the number of the A
pixels on the classification criteria, defined by the dominant
wavelength (band) and the associated mean threshold. That
will provide the means by which one may discover the A
pixels in unknown image, or more precisely, assess the ability
of the formulated classification criteria to identify the A
pixels in a given synthetic hyperspectral image.

In the light of the previous observations, we empirically
aggregate the wavelengths into bands around the two impor-
tant wavelengths, which we designate as ‘visible band’ and
‘red edge band’ and given in Table 4:
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TABLE 4. Defined band range.

Then, the counts are added for all wavelengths within each
band and the associated thresholds are averaged uniformly
within that band. It is important to emphasize that that deci-
sion trees algorithms are not run again in a multispectral
fashion. This was attempted and failed to give anymeaningful
results, thereby showing that multispectral information is too
aggregate for our purposes. Instead, the classification analysis
should be done entirely at the level of hyperspectral resolu-
tion, and then smooth out the final results by aggregating into
bands.

In terms of these bands, we turn now to quantify in detail
the influence on the classification of having different numbers
and percentages of A pixels present in an image. Figures 13
and 14 summarize the results of our analysis for the images
of 100 and 500 pixels, respectively. In particular, both fig-
ures show: (1) the fraction of cases in the simulation batch
where the each band in Table 4 as dominant (counts fraction),
presented in vertical bars and labelled in the primary vertical
axis of the figures as function of the number of A pixels in
the synthetic hyperspectral images, and (2) the associated
mean threshold for the given spectral band and for every
given number of A pixels in the images, presented as lines
with bullet markers. In both Figures 13 and 14 the horizontal
axis refers to the number of A pixels in the images, which
corresponds to different percentage of A pixels in the two
different image sizes. We observe that counts fraction is
nearly the same for the two image sizes, when understood
as a function of number of A pixels. We also observe for very
low numbers of A pixels the band 680 nm – 700 nm (which
we have called the red edge band) arises far more frequently
than the visible band (550 nm – 650 nm), and the visible band
becomes more important for 7 or more A pixels in the image
for both image sizes, and gradually becomes the dominant
spectral band. We also observe that both bands together are
dominant in the 85% or more of the synthetic images in the
simulation batch.

This is so because other bands play a role in the classifica-
tion by small percentages. Nonetheless, we shall regard the
chosen two-band system, whose members apparently behave
in a complimentary way, as adequately covering the dominant
wavelengths for our purposes. We observed that threshold
curves are quite different for the two image sizes. For the
small images (Figure 13) the curves exhibit larger values
than the threshold curves for the larger images (Figure 14).
Additionally, the curves for the smaller images are nearly
straight lines, and they have a specific point where they cross
each other.

FIGURE 13. Mean value of the threshold and percentage (counts fraction)
of dominant wavelengths in the visible band (green color) and red-edge
band (red color) of Table 4 for the 100 pixels image as a function of the
number of A pixels in the image.

FIGURE 14. Mean value of the threshold and percentage (counts fraction)
of dominant wavelengths in the visible band (green color) and red-edge
band (red color) of Table 4 for the 500 pixels image as a function of the
number of A pixels in the image.

The behavior of the threshold curves is clarified in
Figure 15 where we plot the mean thresholds alone against
the percentage of A pixels in the image for both spectral
bands and images sizes. We observe that, for each band, the
curves for the small and larger image (given in continuous and
dashed lines, respectively) do not differ significantly when
plotted against the percentage variable. The color coding for
the spectral bands is the same as above.

A difference arises with the curve for the red edge band
for the larger image, which behaves erratically beyond 8%,
which corresponds to 40 A pixels in the image. The reason
for that is the low count fraction, that is a smaller sample to
calculate the mean threshold from, for those high numbers
of A pixels. This becomes clear by introducing an ‘overall
mean threshold’ curve, shown in blue line with cross markers,
which is the mean value thresholds over both bands (where
V = visible band and RE = red-edge band, as defined in
Table 4), (5), as shown at the bottom of the next page, in order
to provide a single number for the threshold that takes into
account the statistical relative weight of each spectral band.
We observe immediately that the overall mean threshold
curve for the larger image coincides with visible band curve

197226 VOLUME 12, 2024



E. Gravanis, A. Agapiou: Physically-Based Detection Algorithm of Buried Archaeological Remains

FIGURE 15. Mean value of the threshold and percentage (counts fraction)
of dominant wavelengths in the visible band (green color) and red-edge
band (red color) of Table 4 for the 500 pixels image as a function of the
number of A pixels in the image.

beyond 8%, which means that the count fraction of the red
edge band is negligible for those percentages. We addition-
ally observed that the weighted threshold curve is strongly
curve in the low percentages, as opposed to the curve for
smaller image. Moreover, the latter curve does not exhibit
the asymptotic coincidence with visible band curve in this
range of percentages (up to 20%). Overall, we conclude that
(1) the image size does have a significant effect on the overall
thresholds, (2) nonetheless, when counts and thresholds are
looked at with respect to the pertinent variables, i.e. number
and percentage of A pixels, respectively, the effect of image
size exhibits a certain predictability. In particular, only the
threshold curve of the visible band (550 nm– 650 nm) appears
to be visibly affected: that curve appears to be well approxi-
mated by a straight line, whose slope and intercept change by
the image size. In what follows, the overall mean threshold
will be regarded as defining the classification criteria. The
performance of these criteria is assessed by applying them to
test synthetic images in the next section.

IV. ASSESSMENT OF CLASSIFICATION CRITERIA
A. A SIMPLE CLASSIFICATION CRITERION
We would like now to turn the mean threshold curves over
both bands, shown in blue in Figure 15, into practical classi-
fication criteria, and assess their performance.

To this end, consider a synthetic hyperspectral image of
100 or 500 pixels, generated for testing purposes, andwe shall
call it a test image. That is, the type (H or A) of each one of
its pixels is known, but this information will not be used at
first. Then, we proceed as follows.

• Step 1. For each pixel, we calculate the average value
of the function index(pixel, λ), defined in equation (2),

over the both the visible (V) and red-edge bands (RE),
defined in Table 4 as the intervals 550-650 nm and 680-
700 nm, respectively. This mean value will be denoted
as index(pixel):

index(pixel) =
1
120

∑
λ∈V∪RE

index(pixel,λ) (6)

These bands contain a total of 120 wavelengths, hence
the factor in equation (6).

• Step 2. We order the numbers index(pixel) in an increas-
ing order, keeping track of the pixel each of these
numbers is associated with.

• Step 3. We plot the ordered values of the index, that
is, essentially a rank-order plot, together with mean
threshold overall curve (blue curves in Figure 15) corre-
sponding to image size we have chosen. Given that the
number of the A pixels in the test image is regarded as
unknown at this stage, the horizontal axis is a rank-order
label.

• Step 4. We find where the rank-order curve of the test
image crosses first the (theoretical) overall mean thresh-
old curve (to the nearest integer value of the horizontal
axis). We introduce the following empirical criterion:
We regard all points of the rank-order curve up and
including the crossing point as being associated with A
pixels. Put differently, we regard all index values below
the theoretical curve as being associated with A pixels.

Given that the theoretical (overall mean threshold) curves
have been constructed beforehand for any given image size,
it is straightforward to apply this procedure to any given test
image and identify certain pixels as A type. Also, given that
we keep track of A or H type of pixels, we can assess the
performance of the proposed criterion.

The flow of work that implements our methodology,
once the physically-based simulations datasets have been
produced, is present in Figure 16.

B. QUANTITATIVE ASSESSMENT OF THE PROPOSED
CRITERION
We start off by generating test images for both image size
of 100 and 500 pixels, with different numbers of A pixels.
To obtain representative results, we generate small batches of
20 test images for each case of image size and number of A
pixels, in order to be able to average fluctuating quantities,
such as the number of predicted A pixels, for images of the
same size and A pixels content.

Figures 17 and 18 show the rank-order curves for the index
of the test images together with the theoretical mean thresh-
old curves for the two image sizes of 100 and 500 pixels,
respectively. The different rank-order curves (in dashed lines)
correspond to different numbers of A pixels in the image.

overall mean threshold =
(threshold for V) × (counts of V) + (threshold for RE) × (counts of RE)

(counts of V) + (counts of RE)
(5)
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FIGURE 16. Flowchart of the proposed methodology once the synthetic
datasets are produced.

Specifically, we plot the average of the rank-order curves
of the 20-image batch for each given number of A pixels.
As suggested above, the point where each one of these curves
(to the nearest integer number of pixels) the theoretical curves
(blue lines) correspond to the predicted number of A pixels in
the test image: all points up and including the crossing point
are labelled as A pixels. These plots illustrate in a visual man-
ner the way the synthetic hyperspectral images index values
behave. The crossing, or better the nearest point, between the
rank-order and theoretical curves can also be found algorith-
mically. Table 5 shows these results for the 100 pixels image
case. The second column shows the number of predicted A
pixels according to the crossing point, for every given number
of A pixels in the image, while the third column is percentage
of the predicted to the actual number of A. The fourth column
provides an assessment score: The mean number of pixels
predicted as A which are actually A, for the different cases of

FIGURE 17. Rank-order curves (dashed lines) for the 100 pixels images
with 2 to 20 type A pixels plotted together with the (theoretical) overall
mean threshold curve.

numbers of A pixels in the image. The fifth column shows the
proportion of the correctly predicted (detected) to the actual
number of A. The second column shows that, as the image
contains more A pixels, the criterion has a decreasing rate of
success, albeit fairly high. On the other hand, as it is shown in
the fourth column of Table 5, it does have a consistently fairly
high degree of success in correctly identifying the A pixels.
For example, for 20 A pixels in the image of 100 pixels, the
method successfully identifies 14.8 of them on average, that
is 75%.

The results of Table 5 show that there are limits to the
performance of the method. That can be attributed, in part,
to the assumption that we have looked for a one-dimensional
decision boundary in the decision-tree classification process,
i.e. a mere threshold for a single dominant wavelength every
time, while the actual decision boundary is certainly higher
dimensional. Another reason is that the averaging of thresh-
olds over each band is done in a uniform manner for all
different numbers of A pixels, and not using the detailed
information of the distributions of the dominant wavelengths
(such as the ones shown in Figures 11 and 12) within the
bands, which are different for different numbers of A pixels.

In Figure 18 the rank-order curves refer to cases of test
images (20-image batches) with a range from 2 to 50 A pixels
in the 500 pixels of each image. The rank-order curves for
these larger images exhibit a similar pattern between them-
selves as well as relative to the theoretical curve (overall mean
threshold curve) of the 500 pixels image. We observe, for
example, that the 2 A rank-order curve crosses for a second
time the theoretical curve at 55 pixels, i.e. at 11% of the
image size, while in the case of the 100 pixels image, the 2 A
rank-order curve crosses for a second time the theoretical
curve at 13 pixels, i.e. 13% of the image size.

Table 6 summarizes the predicted and mean value of the
correctly predicted A pixels for each case from the 2 to 50 A
pixels in the 500 pixels images. As in the case of smaller
image, we observe that the rate of successful identification
of the A pixels is consistently quite high, in the neighbor-
hood of 75%. A common feature of the performance of
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FIGURE 18. Rank-order curves (dashed lines) for the 500 pixels images
with 2 to 50 type A pixels plotted together with the (theoretical) overall
mean threshold curve.

TABLE 5. Assessment results for the 100 pixels test image.

TABLE 6. Assessment results for the 500 pixels test image.

the classification criterion for both image sizes, is that the
detection rate decreases slowly with the number of A pixels
in the image, but in a way that for realistic proportions of A
pixels in the image remains relatively high.

V. SUMMARY AND CONCLUSION
In this work we extend previous research of the authors
which proposed an algorithm to identify the imprint on

hyperspectral signatures of crops from buried archaeological
remains (cropmarks) analyzing a dataset of roughly a hundred
measured signatures from an artificial test site. In that work,
we introduced a new index and classification (identification)
criteria for cropmarks, analyzing the dataset through machine
learning (decision-trees), by which one-dimensional decision
boundaries (thresholds) for pertinent wavelength ranges were
found.

The present work aims at introducing a simple classifi-
cation, expressed in terms of spectral information based on
hyperspectral data, that could be easily transferred, tested
and assessed in different conditions (crop type, soil proper-
ties, climatic conditions, period of observation, etc) in the
future. This can have a major impact on existing archaeo-
logical prospection practices as it will establish, for the first
time, regional remote sensing physically-based models for
the detection of cropmarks (and therefore, archaeological
proxies). To this end, we extend the previously obtained
results in several ways.

• We enlarge the dataset by physically-based simulations
of the observed signatures. This is done by using canopy
radiative transfer model (PROSAIL) inversion to reduce
the observed signatures to a few biophysical and bio-
chemical parameter values. Inversion was done using
iterative optimization by standard Python language opti-
mizers. The statistics of the physical parameters dataset
for stressed (A) and healthy (H) signatures (that is,
marginal p.d.f.s and covariance matrix) allow generating
-arbitrarily many- simulations of this dataset. Running
PROSAIL in the forward mode we may generate any
desired number of physically-based simulations, whose
type, A or H, is known. Given that no ground-truth data
were available for validation of our PROSAIL inversion
results, our analysis should be understood as a plausible
physical reduction of degrees of freedom underlying the
observed signatures.

• Designating, in a rather descriptive manner, a simulated
hyperspectral signature as a ‘pixel’ and a collection of
them as a ‘synthetic image’, we investigate the influence
of (1) the image size, and (2) the number of type A
pixels present in it, on the threshold values that allow
classifying a given pixel as A or H. This is done by
following the steps of the previous work, applying deci-
sion tree algorithms to identify dominant wavelengths
and the associated one-dimensional decision boundaries
(thresholds). This analysis produces a suitable range of
dominant wavelengths, 550 – 650 nm and 680 – 700 nm,
over which the mean value of threshold is found and
recorded for given image size and number of type A
pixels in it. For a given image size, these results form
a (theoretical) threshold curve against the number of A
pixels. This is done for image sizes of 100 and 500 pixels
for a range of different numbers of A pixels.

• A classification criterion is proposed that allows the
identification of type A pixels in any given synthetic
image (a physically-based simulation called a test

VOLUME 12, 2024 197229



E. Gravanis, A. Agapiou: Physically-Based Detection Algorithm of Buried Archaeological Remains

image) whose A pixels are previously unknown. This is
done by calculating for every pixel the mean value of our
index over all wavelengths in the ranges 550 – 650 nm
and 680 – 700 nm, putting these values in an increas-
ing order (rank-order curve), and finding the crossing
point of this curve with the theoretical threshold curve,
for the given image size. Then we regard all pixels
below and including the crossing point as type pixels.
An assessment analysis for both image sizes shows that
this criterion successfully identifies the A pixels with a
rate above 70%.

Within the context of this work, a main limitation of the
proposed procedure is that the decision boundary has been
reduced to one dimension, i.e. identifying the wavelength
with the highest importance and its threshold, ignoring other
wavelengths with much lower but not negligible importances.
Nonetheless, this simplification appears to work rather well,
and it allows us to identify the stressed signatures by very
simple rules: one merely needs a threshold curve for a given
image size. Given that the aim is to deduce criteria general-
izable to different conditions, this simplicity might indeed be
an advantage.

The last observation justifies our specific use of decision-
trees, and machine learning in general, in the present work.
Regarding interpretability, decision-trees are classified as
white box models, because the algorithm is intuitively intel-
ligible, and the feature importance is explicitly calculable.
Even in the context of these algorithms, a higher dimensional
decision boundary is not easy to describe explicitly, and it is
far more susceptible to being case specific. These observa-
tions hold more strongly for lower transparency algorithms,
such as random forests or artificial neural networks. From
the standpoint of machine learning, the aim of the present
analysis may be viewed as putting forward an objective for
the advanced algorithms: one should search for threshold
curves for a certain index, as explained in previous sections.
One should bear in mind that, in the cropmark detection
research, the original (ground-truth) datasets are never quite
large enough for brute force application of machine learning
algorithms to naturally produce generalizable results. In the
present work we have explored the characteristics of the orig-
inal dataset by physically-based simulations. The synthetic
datasets obtained, are rich enough in information for finding
simple detection criteria, but not obviously rich enough to
usefully apply powerful classification algorithms.

An aspect of the implementation of the method that
requires some discussion is the waywe average the thresholds
values over the empirically chosen bands. This is done in a
uniform manner within each band, for all different numbers
of A pixels. Another choice would be to use the theoretical
histograms of the dominant wavelengths distributions as fil-
ters. These histograms are different for different numbers of
A pixels. Using a uniform filter, the only information used
in the calculation of the overall mean value of the threshold
is the total number of counts corresponding to each band.
This choice, which is done for the sake of simplicity and

potentially greater applicability of the proposed classification
criterion, led indeed to a simple but effective method.

Another important point is that the classification analy-
sis and the statement of the criterion is done in terms of
spectral information. Given that, there is always a set of
physical parameters associated with each pixel (physically-
based simulation of signature), both the analysis and the
criterion statement could very well be done in terms of
the physical parameters. The difference is that while the
signatures are measurable quantities, by various means, the
PROSAIL parameters are not all measurable, and in most
cases, there is no information even about themeasurable ones.
Hence, as mentioned above, they are merely treated here as a
physically-based way to reduce the degrees of freedom gov-
erning the hyperspectral data. Nonetheless, it should be noted
that specific physical information, such as known ranges and
correlations of parameters, as well as consistency with the
growth stage of the crop, has been taken into account in the
inversion process.

Finally, we may note that our analysis and results are based
on the index introduced in the previous work of the authors
mentioned above, which is a fraction of differences, and
amounts to transforming an observed or simulated signature
in the unit interval in the wavelengths between the deep
blue and the near-infrared. This is presumably the reason
why the near-infrared does not arise as a significant range
of wavelengths in our results. It should be clear that other
indices, of similar or entirely different kind, could be used and
be also at least as effective. Such investigations will be left
for future work. Moreover, part of the definition of the index,
involves an averaging over the entire image. This part of the
definition is similar to defining and working with dimension-
less quantities instead of dimensionful ones, which in general
allow obtaining results with enormous generality. At the same
time, this averaging over the image tacitly assumes a certain
degree of homogeneity present in the pixels of the image, e.g.
same crop, as was the case with the studied test field.

Assessment of generalizability of the proposed methodol-
ogy involves studying the sensitivity of the threshold curves
to different archaeological contexts and crop-soil conditions,
perhaps refining also the band filter definitions. will nec-
essarily be left for future work. The fact that the different
conditions are encoded in a few physical parameters is rather
reassuring. The detailed work needed for this assessment will
necessarily be left for future research.
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