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Abstract

During the last few decades, satellite remote sensing has proven to be an important non-
invasive method for archaeological research in order to detect ancient sites and manage
exposed architectural remains. Furthermore, multi-spectral satellite images, by offering
bands that cover a wide range in the electromagnetic spectrum, can also help
archaeologists to identify potential sub-surface remains, at depths from few centimeters
to up a meter. However, their implementation usually takes place in a rural setting while
there are often difficulties in validating the results. The site of Ancient Corinth and its
rich archaeological record gives us the opportunity to apply some established image
processing techniques, like vegetation indices and classification, in a semi-rural
environment and compare them with known excavated features. This can help us test
and evaluate the application of established image processing techniques for this purpose

and potentially add more information to the archaeological background of the region.
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1. INTRODUCTION

Archaeology is the discipline that helps us understand past cultures through the study
of the physical remains of the human past, ranging from small objects to large buildings
(Gamble, 2004). The main approach for collecting data in archaeological research is
through excavation, a process that has been largely considered as intrusive and
unrepeatable but also as the only source of actual evidence (Barker, 1993; Champion,
1980). During this process, large quantities of soil are removed while unearthed data
(objects, structures, strata) can only be properly recorded once. Even though excavation
still is the primary investigation tool, archaeologists have tried in the recent past to
embed other methods and tools in their research, such as Geographic Information
Systems (GIS), image processing techniques and geophysical methods, as non-
destructive approaches that can allow a wider perception of archaeological landscapes,

predict past behaviors as well as limit the need for excavations (Chapman, 2006).

During the last few decades, satellite remote sensing has been increasingly used in
archaeology as a major, non-invasive method for not only detecting but also managing
archaeological sites (Agapiou & Lysandrou, 2015). Adding to traditional means of
visually identifying archaeological features from satellite and aerial imagery, like the
detection of soil and crop marks, multi-spectral satellite images offer bands that cover
a wide range of the electromagnetic spectrum and can help archaeologists identify
potential sites at depths of few centimeters to up a meter (Lasaponara & Masini, 2011).
Through the application of vegetation indices, archaeologists are using differentiations
in spectral signatures, usually described as “anomalies” (Gren et al., 2011), in order to
find if there are any man-made structures beneath soil and vegetation that cannot
otherwise be seen with the naked eye (Luo et al., 2019; Pan et al., 2017). Furthermore,
classification techniques have been employed, to a lesser extent, for the study of above
ground features. Supervised and unsupervised classifications have been used for the
mapping and monitoring of exposed archaeological remains and excavation areas
(Agapiou, 2020; Lasaponara & Masini, 2012b; Laet et al., 2009) and less for the
detection of buried features (Ciminale et al., 2009). In Greece, satellite images and the
application of the above methods have helped before to detect exposed and sub-surface
remains (Rowland & Sarris 2007)), to analyze ancient urban development (Donati &

Sarris 2016) and to manage archaeological sites (Liu et al 2003). However, all the



aforementioned methods seem to have two characteristics in common. Firstly, their
implementation, usually, takes place in a rural setting and secondly there are often

difficulties in validating the results.

The modern village of Ancient Corinth, in southern Greece, has been almost
continuously inhabited since antiquity and is a product of constant development and
changes in the surrounding landscape. At the same time, it has captured the attention of
archaeologists from early on, resulting in an archaeological record that has been
continuously expanding for more than a century. However, until today, no analysis of
multispectral satellite imagery has been conducted in this region in order to identify or
map either buried or exposed archaeological features. Furthermore, any aerial
reconnaissance of possible features that has been conducted in the past, for the study of
the ancient urban planning, has been based solely on the visual examination of satellite
and aerial imagery, and no further image processing (Romano & Shoenbrun, 1993). As
a result, this thesis aims at bridging this gap in the digital survey of the area and try to
detect both visible and invisible parts of the ancient city. There will be an examination
of the effectiveness of different satellite remote sensing techniques in the archaeological
survey of this semi-rural region, including the detection of buried features through
vegetation indices and unsupervised classification as well as the mapping of existing
remains through different classification methods. It is anticipated that through this study
we will not only be able to confirm the results of previous research but will also
investigate new areas and possibly add new information about the archaeological
background of the region. The archaeological record of Corinth gives us the opportunity
to apply the aforementioned techniques and compare them with known features that
have been excavated and investigated in the last decades. This can potentially help us
understand better how these techniques work and possibly the extent to which they can

be trusted.

Consequently, the overall aim of this thesis is to use satellite imagery as an
archaeological tool for the detection and mapping of buried and exposed archaeological
features while at the same time to test and evaluate the application of established image

processing techniques for this purpose, in a semi-rural environment.

The main research questions of this thesis are:



How can multispectral imagery contribute to the identification of past human-
made structures in a semi-rural environment?
How can different processing techniques and classification methods be used in

an archaeological research context?

More specifically:

Which vegetation indices seem to be more useful in the investigation of buried
archaeological features?

How may unsupervised classification be useful for the investigation of buried
archaeological features?

Are unsupervised or supervised classification techniques more useful when

mapping exposed archaeological remains?






2. THEORETICAL BACKGROUND

2.1 Basic Principles in Remote Sensing

In a broader sense, remote sensing (RS) is the science of obtaining information about
an object, area or a phenomenon by analyzing data that was acquired through a sensor
and without coming into direct contact with the object under investigation (Lillesand et
al., 2015). This can include the use of sensors, radars, lasers or scanners mounted on
devices and measuring different physical aspects of an object or area (measuring the
magnetic field, electric resistivity, electromagnetic energy etc.). Aerial photography or
geophysics can be also be considered as a form of remote sensing. Usually, the data
acquired from these sensors, is translated to images, which can afterwards be processed

and analyzed.

Some scholars give a more specific definition of remote sensing, as the measuring,
analysis and interpretation of electromagnetic radiation that is reflected or emitted from
the Earth’s surface and the atmosphere (Campbell & Wynne, 2011). This is related to
Earth observation and is achieved via the use of satellite- or air-borne sensors (Mather
& Koch, 1999). Today, this is the most common definition when we discuss remote

sensing and this method is the one associated with this thesis.

The main principle behind remote sensing is that different objects on the Earth’s surface
reflect electromagnetic energy at varying wavelengths of the electromagnetic spectrum,
thus creating a distinctive spectral signature. Consequently, these differences may allow
us to identify different objects.

The complete range of electromagnetic waves with different wavelengths constitutes
the electromagnetic spectrum (ITC, 2001). This spectrum extends from below 1nm
wavelengths (gamma rays) up to several hundred meters (radio waves). As an example,
the visible spectrum is approximately between 0.4-0.7um, the near infrared (NIR) can
be found at 0.7-1.2um and the ultraviolet at 0.01-0.4um. Two different materials may
have similar spectral signatures in one wavelength and differ greatly in other areas of
the spectrum (Lillesand et al., 2015). All objects or material on Earth’s surface reflect
or emit energy differently at different wavelengths, thus defining its characteristic
spectral signature. Radiance is a measurable unit, expressed in W/m? and it is the

variable that is measured by remote sensing sensors. Reflectance is a property,



described as the ratio of the reflected radiance from the target to the incoming radiance
reaching the target (Lillesand et al., 2015). As an example, healthy vegetation has high
reflectance in the near IR part of the spectrum while water reflects mostly in the blue
wavelengths (0.4-0.5um) (ITC, 2001). Healthy leaves strongly reflect energy in the near
infrared and more moderately in the green portion of the spectrum but since green is in
the visible spectrum, we see vegetation as green (Limp, 1993). However, even in the
same material class, the spectral reflectance may still vary considerably (Campbell &
Wynne, 2011) (Figure 1).
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Figure 1: Reflectance of different types of green vegetation (Smith, 2001).

2.2 Sensors and Image Processing

The measurement of radiance by sensors can be conducted either passively or actively.
Passive sensors depend on the reflected solar radiation or the emitted terrestrial
radiation (e.g., multispectral scanner, thermal scanner) while active sensors generate
their own source of electromagnetic radiation (e.g., laser scanner) (Barnsley, 1999).
Here, we are concerned with the former category of sensors and more specifically with
those mounted on satellites, thus constituting what is called satellite or space-borne

remote sensing.

The part of the electromagnetic spectrum that is most commonly used in remote sensing
is between the ultraviolet (UV) and micro and radio waves (Lillesand et al., 2015),

which can help researchers retrieve information otherwise not perceptible to the human



eye. In remote sensing imagery, several types of resolution are critical in order to assess
the usefulness of an image for a specific purpose or project. Resolution is defined as
“the ability of the system to render the information at the smallest discretely separable
quantity in terms of distance (spatial), wavelength band of electromagnetic radiation

(spectral), time (temporal) and/or radiation quantity (radiometric)” (Aggarwal 2004b).

Spatial resolution indicates the smallest unit area that can be measured (ITC 2001). It
defines, in practical terms, how big a pixel is sized and how much detail you can get on
ground level. The finer the spatial resolution is the higher the ability to recognize
different features on the Earth’s surface. Nowadays, sensors can be differentiated, based
on spatial resolution, in low resolutions systems (approx. >1km, e.g., NOAA-AVHRR),
medium resolution systems (approx. 100m — 1km, e.g., Terra-MODIS), high resolution
systems (approx. 5 —100m, e.g., Landsat TM/ETM+) and very-high resolution systems
(approx. <bm, e.g., GeoEye, WorldView) (Liew, 2001).

Spectral resolution describes the range of the electromagnetic spectrum measured by a
sensor (ITC 2001), meaning how many bands or channels a sensor has and how broad
those are (Limp 1993). Based on the number of spectral bands, optical imaging systems
can be further categorized to monospectral (a single wavelength band), multispectral
(several broad spectral bands, normally >10nm wide) and hyperspectral (spectral bands,
normally defined as <10nm wide) (Giardino & Haley, 2006; Liew, 2001).

Temporal resolution describes the ability of a sensor to take images of the same area
and at the same viewing angle, at different moments in time (Aggarwal 2004b). For
example, Landsat-7 has a temporal resolution (or return period) of 16 days and
IKONOS 14 days. Finally, radiometric resolution measures the levels of energy that
can be observed by a sensor (ITC 2001) and its ability to distinguish between values of
an acquired image. The finer the radiometric resolution the better the sensor is to detect

small differences in reflected energy.

Multispectral sensors store electromagnetic radiance measurements as digital number
(DN) values (ITC 2001). In a multispectral image, each pixel includes multiple DN
values, each one corresponding to a different spectral band. The characteristics of an
image define the quality of a captured scene, as related to the different kinds of
resolution described above. Furthermore, different methods and techniques can be

employed to improve image quality for further analysis and interpretation. These



methods are applied on pixel level, using predefined equations and usually resulting in
a new raster image that can be further manipulated. Band combinations are probably
the most basic form of spectral enhancement and refers to the assignment of different
colors in order to represent brightness in different regions of the spectrum (Campbell
& Wynne, 2011).

2.3 Remote Sensing methods in archaeological research
Pan sharpening

Pan-sharpening or image fusion is a technique used to combine the high spatial
resolution of a panchromatic band (a single-band grayscale image) with the spectral
information of other multispectral bands, which usually have a lower spatial resolution.
The result can be a composite multispectral image with very high spatial resolution,
which can be very helpful in the investigation of sub-meter archaeological marks. For
this to be achieved, usually, the set of multispectral and panchromatic images to be
fused should not have discrete differences in ground cover, sun illumination or viewing
angle. This means that most commonly they should be acquired by the same sensor
even though there can be cases that images from different sensors can be combined
(Agapiou, 2020). Over the years, a number of algorithms have been developed and
evaluated for pan-sharpening, such as the Intensity-Hue-Saturation sharpening (HIS),
Brovey transformation, Gram-Schmidt (GS) and Principal Component Analysis (PCA)
(Sarp, 2014; Lasaponara & Masini, 2012c).

The Gram-Schmidt (GS) method is based on an orthogonalization process. Initially, a
panchromatic simulation takes place by computing a weighted average of the
multispectral bands. Next, a GS transformation is performed for the simulated higher-
resolution band and the multispectral bands, where the panchromatic is employed as
the first band. Finally, the panchromatic band is replaced with the first GS component
and an inverse GS transform is applied to create the higher resolution multispectral
image (Sarp, 2014; Laben & Brower, 2000).

Vegetation Indices

Vegetation indices are well-established in archaeological research and have been
widely used for the observation of changes in vegetation growth and the possible

existence of underlying archaeological features (Kalayci et al., 2019; Donati & Sarris,
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2016; Agapiou et al., 2014; Sarris et al., 2013; Lasaponara & Masini, 2012a). By using
equations that combine two or more bands, we can differentiate green vegetation as
compared to brown and other materials. Even though most of the indices used are
closely correlated, usually they are all included as different indices are more sensitive
in different ranges of biomass and groundcover (Prabhakara & Hively, 2015). The most

common indices used in archaeology are the following:

DVI (Difference Vegetation Index)

This index follows a simple equation for distinguishing vegetation and soil (Naji, 2018).
However, it is sensitive to the amount of vegetation and it cannot handle differences
between reflectance and radiance caused by atmospheric effects.

1. DVI = PNIR — PreD

NDVI (Normalized Difference Vegetation Index)

This is the most typical vegetation index, useful for distinguishing vegetation from soil
and indicating the amount of vegetation (Tucker, 1979). When executed, resulting
values range from -1 (unhealthy/no vegetation) to 1 (healthy). Through NDVI, we can
monitor the greenness in plants. However, it can be sensitive to atmospheric effects and

soil brightness, and saturates at high biomass levels (Mutanga & Skidmore, 2004):

2. NDVI = (PNIR — Prep) / (PNIR + PRreD)

EVI (Enhanced Vegetation Index)

The EVI index was conceived to avoid the issue of saturation of the NDVI at high
biomass loads and was originally developed for MODIS data (Matsushita et al., 2007).
Hence, it can be useful for areas with dense vegetation and high amount of chlorophyll.
In EVI, coefficients C1 and C2 have been added, for the correction of aerosol scattering
in the atmosphere, and L to adjust soil noises. Usually, this corresponds to C1=6,

C2=7.5 and L=1. Resulting values should range between -1 to 1.

EVI=25* ((PniR — Preb) / ((PNIR) + (C1 * Prep) — (C2 * PeLUE) + L))



ARVI (Atmospherically Resistant Vegetation Index)

The ARVI index can be relatively insensitive to atmospheric effects and it can be useful
for regions with high atmospheric aerosol concentrations, high amount of rain, fog or
air pollution (Kaufman & Tanre, 1992). It follows the structure of the NDV1 index with

the addition of the blue wavelength in the equation:

4. ARVI = (PNIR — (2 [Prep — PeLuE])) / (PNIR + (2 [PrRep — PBLUE]))

SAVI (Soil Adjusted Vegetation Index)

The SAVI index is useful for mitigating the impact of soil brightness (Huete, 1988). It
is based on NDVI, with the addition of a soil adjustment factor L in order to correct soil
noises (like soil moisture and color). Resulted values can range from -1 to 1. The L
factor equals O for areas with high green vegetation and 1 for those with low vegetation.

5. SAVI = ((PNIR — Prep) / (PNIR + Prep + L)) * (1 + L)

MSAVI (Modified Adjusted Vegetation Index)

The MSAVI index follows the SAVI index, using the L factor. It can be useful in areas
with low vegetation, minimizing the effect of bare soil.

6. SAVI = ((PniR —Prep) / (PNIR + Prep - L)) * (1 + L)

SR (Simple Ratio)
Also known as Ratio Vegetation Index (RVI), it appears with high reflection for
vegetation and low for soil and other materials, indicating the amount of vegetation

(Jordan, 1969). As the amount of green vegetation increases in a pixel, the SR increases:

7. SR = PNIr / PReD

SQRT SR (Squared-root Simple Ratio)

This index follows the SR logic but it helps in decreasing the saturation issue at high

biomass levels (Mutanga & Skidmore, 2004).

8. SQRT SR = SQRT (Pnir / Prep)

10



MSR (Modified Simple Ratio)

The Modified Simple Ratio is a modification of SR and NDVI and it is considered to
be more sensitive to biophysical parameters of vegetation (Chen, 1996).

9. MSR = (PnIR/Prep — 1)/((Pnir/Prep)Y? + 1

Land cover classification

The overall objective through classification is to, automatically or semi-automatically,
categorize all pixels into land cover classes or themes. This can take place through a
spectral pattern (pixel spectral information) or a spatial pattern recognition (pixel spatial
relationship) (Lillesand, 2015).

Through supervised classification, a stronger user interaction is expected and a relevant
knowledge of the study area and the possible classes under investigation is required.
The two basic steps are a) the training session, in which we identify representative areas
that share similar spectral characteristics and may belong to the same land cover type
and b) the classification stage, in which the image pixels are categorized into classes,
by comparing their spectral signatures. When creating the training samples, the
intention is to “teach” the computer to recognize pixels of same value. The spectral

signatures of these samples are used to classify the image (Lillesand, 2015).

In unsupervised classification, the process is fully automated and all pixels are
categorized in a pre-defined number of classes, based on their reflectance values
(Lillesand, 2015). User interaction is more limited, compared with the supervised
method, and a prior knowledge of the area and of potential classes is not really required,
since the identity of spectral classes is not really known. Based on the pixel values of
the available bands, the computer is trying to statistically generate clusters and create

groups of land cover classes.

Accuracy assessment constitutes an integral part of land cover classification, in order
to determine how accurate, the information depicted in the derived maps is. During this
process, data from the remote sensing-based classes is compared with data
corresponding to the actual land cover. This validation data is usually gathered in the
field, through different sampling methods, such as random or systematic sampling and
is often called “ground-truth” data. However, it is not uncommon that this data can be

collected through the use of satellite imagery; this is more often the case when

11



inaccessible landscapes are involved (Kumar, 2019; Ramzi, 2015). After the validation
and map data are co-registered, they are compared on a class-by-class basis, by creating
an “error” or “confusion matrix”, which results into measuring different accuracy
levels, like overall, “producer” or “user” accuracy (Lillesand et al. 2015; Campbell &
Wynne, 2011). A further statistic that is usually calculated following the accuracy
assessment is the kappa (k) coefficient. This indicates the extent to which the
percentage correct values of an error matrix are due to “true” agreement versus
“chance” agreement. Kappa ranges from -1, meaning the mapped classes do not
correspond to validation data at all, to 1, meaning there is absolute agreement. A kappa
of 0 suggests that a given classification is no better than a random assignment of pixels
(Lillesand et al., 2015).

2.4 Remote Sensing in Archaeology and Cultural Resources Management

Compared to other remote sensing and image analysis techniques (geophysics, aerial
imagery, GIS analysis), satellite remote sensing offers the extra advantage to
archaeologists of being able to see an entire landscape at different resolutions and scales
as well as covering unreachable areas or areas of great extent (Parcak, 2009). Through
remote sensing, researchers can detect new sites and observe features that would
otherwise be difficult to see at ground level as well as establish spatial relationships and
connections with neighboring sites and areas of archaeological interest (Giardino &
Haley, 2006; Agapiou et al., 2013; Lasaponara & Mansini, 2007). At the same time,
satellite images constitute a major non-invasive method not only for mapping but also
for managing archaeological sites, monitoring changes through long periods of time
and preventing destruction from urbanization, looting and environmental changes
(Parcak et al., 2017; Agapiou et al., 2015; Hadjimitsis et al., 2013; Parcak, 2007).

The use of remote sensing in archaeology for the detection of sites of archeological
interest started as early as in the 1920s, after WWI, with the use of aerial photography.
The first satellite images to be used by archaeologists were those taken by the
CORONA spy satellites (Casana, 2020). After their declassification, US (CORONA —
Key Hole program) and former Soviet Union (KV-1000) spy satellite photography were
used due to their high spatial resolution, of up to 2m and their broad time span (1959-
1972); thus, allowing the monitoring of gradual changes in land use and land cover over
the past century (Luo et al., 2019).

12



The earliest multispectral satellite system that was used for archaeological research was
Landsat, providing long time series of multispectral data, at moderate to high spatial
resolution (Luo et al., 2019; Dorsett et al., 1984), followed by SPOT in the 1980’s.
Since 1972, Landsat has been used in various projects across Europe (Hadjimitsis et al.,
2013). In 1999, the launch of IKONOS, the first commercial, very high-resolution
satellite, was a major improvement for archaeological research applications, rendering
remote sensing technologies as pivotal in archaeological research and initiating a
significant rise in related studies (Agapiou & Lysandrou, 2015).

Today a wide range of high and very high-resolution (VHR) images is used from
different satellites, such as IKONOS, SPOT, Quickbird, WorldView and GeoEye.
These commercial satellites even though they may be lacking in the range of spectral
information compared to Landsat (for example) are preferred due to the higher spatial
resolution they can offer (Gennaro et al. 2019; Zanni & De Rosa, 2019; Donati & Sarris,
2016; Morehart & Millhauser, 2016; Ross et al. 2009; Garrison et al. 2008) (Table 1).

Even though very-high spatial resolution multispectral imagery has been considered as
the most appropriate for detecting submeter land cover changes, open access and high-
resolution imagery, like Google Earth applications, Landsat and Sentinel-2, either
combined with each other or standalone, has also been proved useful for archaeological

survey and heritage management (Luo et al., 2018, Agapiou et al., 2014).

Satellite Launch Date | Channels Spatial Resolution
SPOT 6/7 2012/2014 5 (PAN, VIS, NIR) 1.5m (PAN)
Ikonos 2 1999 5 (PAN, VIS, NIR) 1.0m (PAN)
Quickbird 2 | 2001 5 (PAN, VIS, NIR) 0.61m (PAN)
Worldview 2 | 2009 9 (PAN, VIS, NIR) 0.46m (PAN)
Geoeye 1 2008 5 (PAN, VIS, NIR) 0.41m (PAN)
Worldview 3 | 2014 29 (PAN, VIS, NIR, MIR) | 0.31m (PAN)
Worldview 4 | 2016 5 (PAN, VIS, NIR) 0.31m (PAN)

Table 2: Selected satellites ordered by spatial resolution (after Lambers, 2018).

Traditional ways for visually identifying archaeological features from remote sensing
imagery include the detection of variations in shadowing, soil color, crop marks,
moisture patterning and thermal differences (Lasaponara & Masini, 2011; Giardino &
Haley, 2006). Multi-spectral satellite images, by offering bands that cover a wide range
of the electromagnetic spectrum (beyond visible bands and to the thermal infrared and

radio microwaves), can further help archaeologists in this respect. Buried
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archaeological remains are expected to alter the chemical, physical and biological
properties of the soil, which in turn can be expressed by the phenological differences in
the spectral reflectance of vegetation (Luo et al., 2019). Additionally, buried structures
may produce an inhomogeneous distribution of humidity in the soil, which in turn can
affect parameters, such as the density of the vegetation as well as the color and thermal
properties of the soil (Orlando & Villa, 2011).

The detection of buried archaeological remains is usually performed by the application
of different vegetation indices, such as the NDVI, in an effort to enhance possible crop
marks while NIR to IR (Agapiou et al., 2012) and False Color Composites (FCC) have
also been employed for the discovery of archaeological marks (Alexakis et al., 2009).
The application of these indices is mostly based on visual interpretation and association
with other known features and data in order to determine whether they could indicate
buried archaeological remains while the validation of results is usually absent (Gennaro
et al., 2019; Pan et al., 2017; Donati & Sarris, 2016). As it happens with other earth
observation and cartography related disciplines, the processing of remotely sensed data
in archaeology follows a somewhat standard procedure, encompassing image
correction, radiometric and spectral enhancements, transformation and registration
while analysis often entails classification methods, which can further assist to feature
interpretation (Lambers, 2018; Lasaponara & Masini, 2012a).

Classification techniques, have been mainly used for the monitoring of known and
above ground archaeological remains and a bit less for the detection of unknown
features (Lasaponara & Masini, 2012b). Supervised pixel classification has been used
to classify land cover of archaeological interest (Siart et al., 2008) and a combination
of unsupervised and object-based classification in order to classify known remains and
excavated areas (Laet et al., 2009). Unsupervised pixel classification has been applied
for the detection of buried features through the spectral differences apparent in crop-
and soil marks but with validation of results being again a limitation (Ciminale et al.,
2009).
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3.STUDY AREA AND PREVIOUS RESEARCH

The ancient city of Corinth was located where the modern village of Ancient Corinth
stands today, about 80km southwest of Athens and at a distance of approximately 3km
from the Corinthian Gulf, at a mean elevation of 76m above sea level. Corinth has
always been a center for commercial activity, from early antiquity through medieval
times. Its place on the north coast of the Peloponnesus peninsula, at a point that allowed
the control of maritime routes from east to west and the main land traffic from mainland
Greece toward south, rendered Corinth a center of communications and travels (Figure
2).

Map of Greece v

Figure 2: Greece and location of Corinth.

The local geology of Corinth consists mostly of marine sediments, marl clay, overlaid
by layers of porous sandy or pebbly limestone (Sanders et al., 2018). The region has a
complex geological history, comprising of several uplifts and changes in relative sea
level, which have occurred during the last 300 000 years. This activity has resulted in

the creation of a series of prominent flat terraces that run approximately parallel to the
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coast of the Corinthian Gulf. They present steplike topographic features and scarps of
various heights at their northern edges. (Hayworth, 2003). The core of the ancient city
seems to have been extended on two of those terraces, one at approximately 90m and
the other at about 60m above sea level. To the south of the city, the massive limestone

rock of Acrocorinth rises at a maximum elevation of 579m above sea level.

There are traces of constant occupation in Corinth since the Neolithic times, ca. 6500
B.C. However, the city reached its acme from mid-8th to late 6th century B.C. During
that time, temples and roadways were built while the city was enclosed with a ca. 10km
long wall, having the top of Acrocorinth as its citadel. In the next years, from 5th to 2nd
century B.C., a more thorough urban planning of the city was developed (Sanders et
al., 2018). The Greek city was sacked by the Romans in 146 B.C. and Julius Caesar re-
founded Corinth as a new colony, in 44 B.C., under the name of Colonia Laus loulia
Corinthiensis, establishing a new urban plan. In the next five centuries, Corinth
acquired organized public spaces, with a forum and public buildings, such as baths,
temples and shops (Sanders et al., 2018; Romano, 1993). In the 6th century, the
decreased population relocated into a smaller walled area (Late Roman wall), east of
the Roman Forum (Gregory, 1979). Corinth survived in the medieval times as a small

lively town, but ended up as a small village.

In 1858, after a major earthquake, the new city of Corinth was created a few kilometers
to the north and the village of Ancient Corinth was inhabited by migrants from other
nearby mountainous areas. During the 1950s and 1960s, the village’s-built area
expanded greatly and the cultivation of the area was intensified. Today, Ancient Corinth
is a large sized village, having a population of ca. 3000 people. It is surrounded by
fields, consisting mostly of olive groves and citrus fruits and secondarily of vineyards
and other orchards. From the ancient Greek and Roman cities, the main areas that can
be observed today are those of the forum, about the center of the village and the castle

of Acrocorinth to the south.

Since 1896, the American School of Classical Studies at Athens (ASCSA) has been
excavating at Corinth and they are responsible for the large volume of the recorded and
published monuments of the region. The Greek Archaeological Service has also been
conducting fieldwork and studying the area since the first decades of the 20th century.

In 1987, the so called “Corinth Computer Project” was launched, having as its main
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target the study of the city during the Roman period as well as the production of digital
maps. During this project all excavated roads in the region were digitally recorded and
incorporated with previous excavation state plans, while aerial photographs, coming
from an early 1960s survey, conducted by the Hellenic Air Force, were used to identify
“shadow lines” or crop marks, covering an area of more than 40km? (Romano & Tolba,
1995; Romano & Shoenbrun, 1993).

In the end, a suggested grid plan of the Roman city was produced, which followed the
general rule of ancient urban planning, based on a grid-like system of roads with a
central square (forum). The proposed plan covered an area of approximately
2265x1062m., with a primary roadway, the cardo maximus, running N-S and dividing
the city in two nearly equal east-west segments and a major E-W road, the decumanus
maximus, dividing the city in two also nearly equal north-south segments. Several other
streets would run parallel to these N-S (cardi) and E-W (decumani) axes. This
arrangement would have created buildings blocks (insulae) of varying lengths but of a
steadier width of about 35.5m (1 roman actus) (Romano, 2003).

In 2001, an extended geophysical survey was conducted by the ASCSA, using electric
resistivity. During this survey, large areas at the east and north of the village were
covered, and the results, part of which will be used later, provided some further

evidence for the potential course of the Late Roman wall.

In this project, research was limited in the region inside the ancient Greek circuit wall
and the immediate outside environment, covering an approximate area of 6.5km?
(Figure 3). This is a diverse area including the modern village of Ancient Corinth with
the uncovered antiquities and archaeological sites, modern roads, cultivated fields and
trees of different kinds. The features that are expected to be traced may belong to walls,
which size usually varies between 0.50m and a couple of meters and streets, which
originally could have a width of up to 3-4m but today would appear more reduced due

to destructions and later alterations.
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Figure 3: Study area.
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4. MATERIALS AND METHODS

4.1 Data
Satellite data

In archaeological satellite remote sensing, VHR imagery seems to be the most
appropriate as it proves to be more helpful in identifying subtle differences on the
ground, compared with other, high to medium resolution imagery, such as that from
Landsat or Sentinel. Since most of the features that we seek to find as anomalies in
vegetation indices and map in classification can be from about 1-2m down to 0.50m
wide, this project required data of very high spatial resolution. The spectral
characteristics should cover the visible and infrared spectrum and have minimum cloud
cover and a close-to-nadir angle in order to avoid shadows casted from other features,

like modern buildings, as much as possible.

Two GeoEye-1 images, acquired on April 19, 2012, form the basis for the processing
in this project. A panchromatic image, which comes at a resolution of 0.50m and a
multispectral one (visible, NIR), which comes at a spatial resolution of 1.87m. GeoEye-
1 was launched on September 2008, at an orbit height of 681km. The satellite follows
a sun-synchronous orbit having a swath width of 15.2km with a revisit time at 1.7 days
and descending node at 10.30am. The spectral bands of GeoEye-1 are limited to the
visible and near infrared wavelengths (Hadjimitsis et al., 2013,
https://earth.esa.int/eogateway/ missions/geoeye-1). The image was downloaded from

DigitalGlobe.com and had already been geometrically and radiometrically corrected.
Archaeological features

Shapefiles of the uncovered archaeological features in the study area were used in order
to compare and associate anomalies from the satellite imagery processing with known
archaeological features (Figure 4). These shapefiles represent not only the visible
remains but also their potential continuation in the landscape. The shapefiles were
acquired by the American School of Classical Studies — Corinth Excavations and can
also be viewed at ASCSA’s webpage, at GIS section (ASCSA, 2022).
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Figure 4: Detail of shapefile of known archaeological remains from the center of the archaeological
site.

Validation data

Finally, further data sets were used at the accuracy assessment stage of this study. This
included GPS points, which were taken in the field with a handheld Garmin Montana
650 device and where later extracted in a CSV file. A total of 63 points was collected
along walls that were discovered in an area excavated in 2020 by the Greek
Archaeological Service and which were used in this research in order to validate some
vegetation indices anomalies that were observed in the 2012 Geoeye-1 image. For
simplicity, we shall call this area here as “west of soccer field”. In order to visualize
these points and current state of the area, an image (screen dump) was downloaded by
using Google Earth Pro, at 1m resolution, in JPEG format. This image was taken on
June 6, 2021 (Figure 5).

Additionally, part of the geophysical data, from the 2001 survey, was used to validate
anomalies that were observed during this study and which could be associated with part
of the Late Roman wall. For that survey, electric resistivity was conducted, at 0.50
intervals sampling. This data was acquired as simple TIFF images, at a 0.20m spatial

resolution.
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The Geoeye-1 image was delivered in the geographic coordinate system WGS84. The

GPS points were collected in the same reference system. The shapefiles of the known

archaeological features and excavated areas of the study area as well as the geophysics

data follow a local grid system that has been created by ASCSA for the needs of the

excavations. Lastly, the Google Earth image was missing spatial reference information

(Table 2).

Data

Type

Details

Source

GeoEye-1

raster

Panchromatic: 0.50m resolution
GSD. Spectral range: 0.45-0.9um
Multispectral: 1.87m resolution
GSD. Spectral range: [blue] 0.45-
0.51um, [green] 0.52-0.58um, [red]
0.65-0.69um, [NIR] 0.78-0.92um
Format: GeoTIFF, 16-bit.

Angle: 9.1° off-nadir angle.

CRS: WGS84.

Extracted 19 April, 2012.

Digitalglobe.com /

Provided by Prof. Apostolos

Sarris (University
Cyprus)

of

“West of
soccer field”
GPS points

table

Format: CSV.
CRS: WGS84.
Collected 10 September, 2022.

Field survey

Google Earth
image

raster

CRS: -
Format: JPEG, 8-hit.
Taken on June 6, 2021.

Google Earth Pro
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Geophysics raster CRS: Local Corinth Grid. American School

data Format: TIFF, 8-bit. Classical Studies — Corinth
Collected in 2001. Excavations

Known vector | Data for walls, temples, excavation | American School

archaeological sites, graves etc. Classical Studies — Corinth

features Format: ESRI shapefile Excavations

CRS: Local Corinth Grid

Table 2: Summary of data used in the study.

4.2 Methodology

The general methodology to identify and classify possible and visible archaeological
features, consisted of the pre-processing and processing procedures, followed by the
identification of anomalies, the validation of results and the production of land cover
maps (Figure 6). All processing steps took place in ESRI’s ArcGIS environment, using

ArcMap 10.3 and the available tools for geoprocessing, spatial analysis and raster

calculations.
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Figure 6: Methodology outline, showing the different processing stages.
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4.2.1 Pre-processing

Pre-processing was focused mostly on the geometric correction and reprojection of
raster and vector datasets as well as the pan-sharpening of the satellite panchromatic

and multispectral images.

Georeferencing

As all datasets had a different origin, the first step was to reproject and georeference
them in order to achieve an accurate overlap and measures. All data, rasters and
shapefiles, were reprojected to the Universal Transverse Mercator (UTM) projected
coordinate system zone 34N using a bilinear transformation method, and pixel values
were resampled using Nearest Neighbor, as this option does not affect cell values. The
CSV file of GPS points was imported as X, Y data and then saved as shapefile and
reprojected in UTM 34N.

The Google Earth screen dump was georeferenced, using the reprojected GeoEye-1
image as reference. Known features in the landscape, such as the soccer field, buildings
and roads were used as Ground Control Points. In total, 10 Ground Control Points were
used, with a total Root Mean Square error of 0.97m. The image was then rectified and

pixel values were resampled using the Nearest Neighbor option.

Pan-sharpening

Transformations were executed by using the available ArcGIS tool, Create Pan-
sharpened Raster. The goal was to use the GeoEye panchromatic image in order to
improve spatial resolution of the four GeoEye multispectral band images. The result is
four multispectral images that retain their spectral information and acquire the spatial
resolution of the panchromatic one, combined in a composite image. In this project, the
Gram-Schmidt transformation was chosen as the preferred method in similar studies,
when compared and evaluated with other pan-sharpening techniques (Agapiou, 2020;
Sarp, 2014; Lasaponara & Masini 2012c). For the transformation, the weights
suggested by ESRI for the GeoEye sensor were used (R, G, B, NIR: 0.6, 0.85, 0.75,
0.3). New images were exported as geoTIFFs. The Gram-Schmidt transformation did
not show any significant distortions while the observation of known archaeological

features was distinctive.
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4.2.2 Processing procedures

Main processing consisted of the image enhancement techniques and the different
classification methods. Image enhancement included the creation of a False Color
Composite and the calculation of several vegetation indices and was focused on the
investigation of possible buried archaeological features. The shapefiles of known
archaeological features were examined along with the identified anomalies for further
interpretation and cross-examination of results. Classification methods included
supervised and unsupervised classification, in order to map exposed archaeological
features and test their potential for further mapping/identifying possible buried remains

and validating vegetation indices results.
Image enhancement

The first enhancement technique included the creation of a False Color Composite
(FCC) in order to emphasize specific attributes of the pan-sharpened, multispectral
image. A False Color Composite, which is commonly used for the evaluation of
vegetation health and density, follows the combination NIR-R-G (4-3-2). With this
combination, vegetation appears in different hues of red, water as black and soil and
built areas in different hues of grey or tan/brown (Lillesand et al., 2015).

The second enhancement technique was to calculate the vegetation indices. More
specifically, the following indices were calculated: NDVI, DVI, SAVI, MSAVI, SR,
SQRT SR, MSR, ARVI and EVI (see theoretical background for further information).
For estimating SAVI, L was set to 0.5 since the study area contains a mixture of

vegetation and bare soil.
Classification

Both supervised and unsupervised classifications were employed so as to examine their
potential for mapping visible archaeological features. Unsupervised classification was
further used for detecting anomalies in vegetation that could indicate buried features.
For the buried features, it was decided to only use unsupervised classification as a
further automated method since the spectral characteristics of these archaeological

features cannot be known a priori as we did not have enough reliable training samples.
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Supervised classification for excavated features

For the supervised classification process, the Image Classification toolbar was used.

With the aid of the Training Sample Manager, the training samples were created, based

on visual interpretation (Figure 7).

After taking a look at the dendrogram and scatterplots (see results, p. 28) it was decided

to create five classes (Table 3):

ID Class name

1 Vegetation

2 Soil / Sparse vegetation

3 Tile roofs

4 Impervious surfaces / Roads
5 Archaeology / Stone features

Table 3: List of supervised classification classes.

Since land cover classification, at this stage, was focused on exposed architectural
remains, further classification details of vegetation, were not needed. Thus training
samples covered all vegetation areas without distinguishing, for example, between
types of trees. After the training samples were defined, signature files were created,
based on the pan-sharpened, composite Geoeye image, the pan-sharpened NIR, blue
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and red bands and the NDVI. The blue band was included because it was observed as
having higher reflectance for rock features in the composite image. The NDVI was
included for detecting the vegetation. These signatures files were used in the final
classification step. For this, the Maximum Likelihood Classification tool was used.
Maximum Likelihood Classifier (MLC) is one of the most commonly used
classification algorithms. It is based on the evaluation of variance and co-variance for
each class in order to assign a pixel to one of them, according to highest probability
(Lasaponara & Masini, 2012b). It calculates the probability of a pixel belonging to a
class of those created, based on its spectral attributes, and the cell is assigned to that

class that is most likely to belong to.
Unsupervised classification for excavated features

For unsupervised classification, the Iso Cluster Unsupervised Classification tool was
used, again on the composite image, the blue, red and NIR bands and NDVI. The
ISODATA (Iterative Self-Organizing Data Analysis Technique) algorithm is trying to
create meaningful groups from computer-generated spectrally similar clusters. It
merges or splits clusters if their centers are within a certain threshold or if a number of
pixels are less or more of a certain threshold. In order to map exposed archaeological
features, when running the tool, a different combination of number of defined classes,
class size (number of cells in the class) and sample intervals (interval used for sampling)
was used. It was observed that more accurate results were presented with the definition
of 7 classes, an 18 pixels minimum class size and a 10-pixel sampling interval. The
more the number of classes the more accurate the unsupervised classification gets but
also more detailed. To further examine the results, and since the three classes were
related to vegetation, results were reclassified, using the Reclassify tool, to four new

classes (Table 4):

ID Class name

1 Vegetation

2 Soil / Sparse vegetation

3 Archaeology /Rock

4 Impervious surface / Roads

Table 4: List of unsupervised classification classes.
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Unsupervised classification for possible buried features

For testing the potential of unsupervised classification for investigating possible buried
features, a different approach was followed. For this classification, the ISODATA
algorithm was used again and the resulted vegetation indices were used as input data,
namely NDVI, DVI, SAVI, MSAVI, SR, SQRT SR, MSR, ARVI and EVI. The
classification of the vegetation indices results was executed entirely on vegetation fields
S0 as to minimize variability of the clustered material. In order to achieve this, polygons
were created from the vegetation classes from the previous supervised classification.
Then, the resulted shapefile was used as a mask to extract the necessary areas from the

different vegetation indices images.

The extracted fields were finally classified, using 2 classes, with an 18 pixels minimum
class size and a 10-pixel sampling interval. The reason behind this experimentation was
that by using two classes it would be easier to track changes in vegetation, since
healthier areas would appear in one class and more apparent, unhealthy areas, as
“anomalies” in the other class. The two classes were called “vegetation” and

“anomalies”.

4.2.3 Interpretation and validation

After the processing stage was completed, the interpretation and validation of the

processed images followed.
Anomaly assessment

Following the most common method of interpretation in similar studies (e.g., Gennaro
et al., 2019; Donati & Sarris, 2016), the derived vegetation indices were visually
examined for the detection of linear or rectangular anomalies that could suggest the
possible existence of archaeological features. These anomalies are expressed as
differences in the general surrounding. For example, indications of stressed vegetation
in a field with generally green plants. Possible anomalies were digitized as polylines
and saved as new shapefiles, with an id number assigned and information added,
regarding the indices where those features were more evident. After cross-examination
with the existing dataset of known archaeological features in the area and modern fields,
more information was added with regard to the potential nature of these anomalies,

resulting to a narrower number of anomalies of possible archaeological nature.
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Accuracy assessment

This process can be largely divided into three parts and entailed the creation of

confusion matrices (see Appendices I-V).

For the mapping of exposed archaeological remains, an accuracy assessment was
conducted for the supervised and the unsupervised classifications of the pansharpened
composite image, the blue, red and NIR bands and the NDVI. As mentioned earlier, the
Geoeye image, on which all processing was based, was acquired in 2012, which comes
with the inability to be evaluated on the basis of up-to-date ground truth data collected
in the field. For this reason, validation points were created on the same Geoeye image,
based on visual interpretation, the cross-examination with the archaeological features
shapefile and personal knowledge of the area. In total, 50 validation points for each
class were randomly created. During the accuracy assessment, overall, producer and
user accuracies were calculated. The validation points that were created had a class and
land cover type assigned. Then values from the classified images were extracted to
points and overlapped with the validation point shapefiles. Overall accuracy was
calculated by dividing the sum of the correctly mapped points with the total number of
validation points. Producer accuracy was calculated by dividing the sum of correctly
mapped points with the total number of validation points. User accuracy was calculated
by dividing the sum of correctly mapped points with the sum of map data points. For
all the above accuracy assessments, the kappa coefficient was also calculated, using the

following equation:
k=Nd-q/N?—q

where N is the total number of validation points, d is the sum of correctly mapped points
and q is the sum of products between the number of validation points and the number

of map data points for each class.

The unsupervised classification of the vegetation fields, for tracking possible buried
remains, was initially evaluated in accordance with the possible archaeological
anomalies’ shapefile, derived during the anomalies assessment. The possible
archaeological anomalies polylines were turned into points and used as validation data.
This resulted in 397 points that were used in the accuracy assessment of the two classes.
Even though overall, user and producer accuracies were to be calculated, only overall

accuracy can be taken into account because we have only two classes and points
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concern only the “anomalies” class, user accuracy is always the same as overall and
producer is always one. Through this approach, it was anticipated to observe not only
the potential of unsupervised classification for monitoring possible buried features but
also at what extent the visual interpretation process can be trusted, for the same purpose.

In two areas from those examined in the previous steps, there was the option to conduct
an accuracy assessment of the unsupervised classification for possible buried features,
by using more trustworthy reference data. One case was the “west of soccer field” area,
for which the 63 GPS points that were collected along recently excavated walls were
used as validation data. In the other case, for the Late Roman wall area, 53 validation
points were created on the map, based on the georeferenced data from the 2001
geophysical survey. As was the case in the previous part of the analysis, only the overall

accuracy was taken into account.
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5. RESULTS

Classification for exposed features

Supervised and unsupervised classification were used for mapping exposed
archaeological remains. Additionally, supervised classification was used as the basis
for separating vegetation-only fields that were used later in the unsupervised
classification of vegetation indices. Generally, both classification methods seem to
provide fairly good results, regarding the production of land classes that involve
exposed archaeological features, even if in many instances the spectral signatures are

not very distinct.

Supervised classification

During supervised classification, spectral differences between remains of
archaeological interest and other classes, apart from vegetation, prove to be very small.
As mentioned earlier, five classes were created at this stage. The classification of the
composite image, provided the best results (Figure 9). Usually, we can get the general
outline of archaeological features but in many cases, these are confused with other
classes. A look at the dendrogram and the spectral signatures (Figs. 8,10), shows that
apart from vegetation, which is well separated, all other classes have quite short spectral

distances.

DISTANCE

(4} 0.4909 0.9818 1.4727 1.9636 2.4544 2.9453 3.4362 3.9271 4.4180

nwunrron

%] 0.4909 0.9818 1.4727 1.9636 2.4544 2.9453 3.4362 3.9271 4.4180

Figure 8: Dendrogram of classes created showing distance among values (1: vegetation, 2: soil/sparse
vegetation, 3: tile roofs, 4: impervious surfaces, 5: archaeology/rock).
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Figure 9: Supervised classification of composite image.
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Spectral Signatures
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Figure 10: Spectral signatures of classes.

This is more apparent differences in the spectral signature between soil and tiled roofs
and impervious surfaces, like concrete. Archaeological features, can be confused with
soil and impervious surfaces and that can be normal since the material used and exposed
is, almost always, stone or bricks. Through the confusion matrix, it can be observed that
overall accuracy was very high at 92.4%, with vegetation being the most accurate class
mapped with user accuracy at 100% and producer at 98.04%. Also, the kappa was at
0.9. Archaeology or rock features mapping provided also good results with user
accuracy at 98% and producer at 76.56%. The rest of the classifications did not provide
very good results, with only the blue band being comparatively better, with overall
accuracy 58.8% and archaeology features user and producer accuracies at 62% and
42.47% respectively (Appendix V).

Unsupervised classification

Unsupervised classification was used by defining 7 classes, which were later
reclassified in four classes (see p.25). In many cases, this type of classification was
successful in two ways: a) separating archaeological remains from other surrounding
classes, which may cause confusion and b) in mapping with better detail at wall width.
As in the supervised classification, the composite image yielded the best results (Figure
12). At one instance, it was possible to identify remains of some walls that were proved
to belong to an excavation, taking place back in 2012, and which was not noticed before,
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when examining the RGB image (Figure 11). After examining the error matrix, there
was a 54.4% overall accuracy with vegetation being again the most accurately mapped
class with 100% user accuracy and 98.04% producer. The rest of the classes were less
accurately mapped, compared with supervised classification while the kappa was at
0.43. Archaeology and rock features provided 64% user accuracy and 39.51% producer.
This class was quite mixed with the impervious surfaces and soil classes while the most
distinct difference was the inability to map roof tiles separately as they were mixed with
impervious and rock surfaces (Figure 13).

Figure 11: Detail of unsupervised classification, showing how the walls from excavation
trenches were classified. Note also more south the detail of the classification of a Late
Antique church in contrast with the surrounding vegetation.
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Figure 12: Unsupervised classification of composite image.
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Figure 13: Dendrogram of classes created showing distance among values (1,3,5,6: vegetation, 2:
soil/sparse vegetation, 4: archaeology/rock, 7: impervious surfaces).

The classification of the blue band provided a better overall accuracy of 55.6% but a
less good user and producer accuracy of the archaeology features at 44% and 0.14%,
respectively. The least good results were provided by NDVI, with overall accuracy
31.2% and archaeology features user and producer accuracies at 34% and 25.76%

respectively (Appendix V).

Vegetation Indices

The photointerpretation, which followed the calculation of vegetation indices, was
focused on the visual identification of anomalies that could indicate possible unknown,
buried archaeological features. In an effort for an interpretation as unbiased as possible,
those anomalies were firstly identified through close inspection of the enhanced images
and were later examined in relation with the surrounding environment and juxtaposed
with the shapefile of archaeological remains. Initially, there were 60 anomalies
identified (Figure 16).

As all indices provide different results, not all of the anomalies were visible in every
index. Most of the anomalies were able to be detected in a certain number of indices or
through a combination. In general, NDVI seemed to be the most useful index during
the interpretation process, providing help in observing 78% of the identified anomalies.
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SAVI, DVI and MSAVI were also helpful in 45%, 45% and 42% of the detected
anomalies respectfully. At the other end, ARVI and SQRT SR had the least satisfactory
results, contributing to the detection of just 2% and 8% of the anomalies, respectively
(Figure 14).

From all the anomalies detected, 11 could be more securely associated with features of
archaeological interest, which may indicate buried walls or roads, based on the
interpretation along with the archaeological features shapefile. At this stage, NDVI was
proved to be the most useful index, contributing to the identification of ten of these 11
anomalies. These usually appear in linear or rectangular shapes and in some cases, they
could be related to known archaeological remains or their potential extension in the

landscape, as observed in the archaeological record (Figure 15).
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Figure 14: Number of anomalies identified per vegetation index.
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Figure 15: Number of possible archaeology anomalies identified per vegetation index.
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Figure 16: Detected anomalies.
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More specifically, some anomalies (ID: 10, 50 and 51) are suspiciously aligning with
the projected extension of an E-W road (decumanus). A closer look around anomalies
50 and 51 reveals a larger area of stressed vegetation, which could possibly lead to a
more extended area of archaeological interest (Figure 17). West of the soccer field,
anomaly 3 was identified, as a combination of linear and orthogonal lines. It was later
noticed, that this anomaly appears in a field excavated in 2018 and so this area, after it
was classified, was further evaluated with the GPS points gathered along the today
exposed walls.

-

Fiéure 17: DVI index with Anomalies 3, 10, 50 and 51.

Another good candidate for a road feature could be anomaly 60, located south of the
forum, extending 100m with a N-S direction (cardo) and almost parallel to another
verified N-S road to its west. One of the more secure archaeological remains detected
was anomaly 56, a long, zig-zag feature, extending for 386m, with a N-S direction. This
anomaly falls directly on the supposed course of the Late Roman wall and part of it was
also detected during the geophysical survey of 2001. For this reason, it was further
evaluated with the geophysics data (Figure 18). Finally, anomaly 57, also had a very
high probability of belonging to a building complex due to its location, directly among
other known remains, comprised of a temple and a stoa (a covered walkway).
Additionally, it seems to follow the orientation of the stoa, with a total length of

approximately 61m (Figure 19).
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Figure 19: NDVI index with Anomaly 57 and archaeo)ogicalfeatures (purple).

Considering the rest of the anomalies, one could be associated with a hydrological
feature, based on its shape and length. As Corinth was known for its dense hydrological
network, comprising of rivers, streams and springs, this might be part of a paleochannel,
meaning an old, now nonexistent river, which was filled with sedimentary deposits after
it dried up (Upadhyay et al., 2021). Another 13 anomalies could be related to
agricultural activity. This can include paths between fields, plough lines or former field
borders. Anomaly 5 is a very conspicuous one but could not be inferred with certainty

if it belongs to a possible wall complex or to paths being created in this particular field.
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The remaining 35 anomalies are of unknown nature but without excluding the
possibility of belonging to archaeological remains as well, even if they are not
immediately related to known archaeological features. This is because some of these
linear, unknown anomalies, as well as some of the agricultural ones, seem to follow a
pattern that could indicate some relation to past activity. A short study of their
alignment shows that many of them follow a W-E or N-S orientation (85°-95° and 175°-
185° angle respectively), corresponding to the ancient urban planning of the city, which
was dictated by the cardinal points. Moreover, some of those anomalies run parallel to
others nearby, in some places at equal intervals, indicating possible traces of buried

streets or other remnants of the ancient grid system.

Unsupervised classification for possible buried features

In order to examine the potential of automated classification techniques for the
identification of possible buried features, unsupervised classification was conducted for
the eight vegetation indices. After the classification was finished, two classes were
created, one indicating healthy vegetation and one changes in vegetation (anomalies),
which, in some cases, could be related with possible, buried archaeological remains.
During the accuracy assessment, the classification was used in conjunction with the 11
possible archaeological anomalies identified in the previous step. Even though overall,
user and producer accuracies were to be calculated, only overall accuracy can be taken
into account. Because we have only two classes and the validation points extracted from
the 11 anomalies concern only the “anomalies” class, user accuracy is always the same
as overall and producer is always one (Appendix I). According to the error matrix, the
classified changes in vegetation cannot be securely associated with the anomalies,
visually identified from the vegetation indices. The best association between them and
the classification, was when using NDVI (Figure 21), with an overall accuracy of
41.06% and MSAVI, with 38.29%. On the opposite end, MSR provided the poorest
accuracy, with 7.05% (Figure 20).
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Figure 21: Unsupervised classification of NDVI.
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As mentioned earlier, in two cases, there was the opportunity to test the classification
results with more up to date ground truth data from two areas. In both those areas,
possible archaeological anomalies had been visually identified from the vegetation
indices. In the first case, the accuracy assessment was conducted for the area west of
the soccer field, where anomaly 3 was identified (Appendix I1). The confusion matrix
showed a very low overall accuracy for all classified images. Most of the classified
maps showed a 12.7% overall accuracy, with only DVI providing better results, with
23.81% accuracy (Figure 22).
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Figure 22: Overall accuracy per vegetation index for “west of soccer field” area.

In the second case, the accuracy assessment was conducted at the possible course of the
Late Roman wall, which was also identified as anomaly 56. In this case, the accuracy
results were slightly more promising (Appendix I11). Overall accuracy was improved
for all classified indices, with NDVI and MSAVI providing the best accuracy with
47.17%. The poorest overall accuracy was provided by MSR, with 15.09% (Figures
23,24).
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Figure 24: Late Roman wall aea, NDVI classcaion with validation points.
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6. DISCUSSION AND FUTURE RESEARCH

Visual image interpretation has long been a common method within archeology for
retrieving information from remotely sensed imagery (Lasaponara & Masini, 2012d).
Based on the subjective perspective of the interpreter, which can be shaped by their
training, experience and knowledge of an area, a number of on-surface features or
phenomena can be recognized, at the time of data acquisition. Subsequently,
characteristics, such as size, shape, pattern or texture, can indicate the presence of
certain features. However, most of the times, and in particular when investigating

targets of archaeological interest, interpretation results cannot be fully evaluated.

The site of Ancient Corinth, has been under investigation and excavation for over a
century now, and this gives us the opportunity to exploit an established archaeological
record in order to evaluate techniques that have been widely used in archaeological
remote sensing. The photointerpretation results, based on vegetation indices and the
classification methods, were thereby possible to be compared with the already existing
archaeological record in order to test their validity.

It is shown through the results that, to some extent, this was possible. In many similar
studies, the observation of anomalies in spectral signatures, in relation with the
surrounding areas, cannot be evaluated (e.g., Gennaro et al., 2019; Donati & Sarris,
2016). The manipulation of vegetation indices may reveal some discrepancies in
spectral signatures, which can only be inferred to belong to archaeological features
through the examination of their characteristics, as mentioned above, and the
archaeological history of the region. However, in the case of Ancient Corinth, the
juxtaposition of the detected anomalies with known features helped in narrowing down
potential archaeology candidates and the use of unsupervised classification provided a
way to evaluate them, regarding at least a number of them. As a result, some of the
anomalies did correspond to archaeological features, known and in some cases attested

through excavations and surveys.

During the visual interpretation process, some indices appeared to provide more
promising results compared to others, making the identification of anomalies easier.
NDVI was particularly helpful for discerning subtle details in vegetation and in some

cases, it was enough by itself for the recognition of those anomalies. Nevertheless, the
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observation of two or more indices, usually including MSAVI, SAVI and DVI, was
helpful in identifying features that were either partly or not visible in other indices and
cross-checking those, which could be observed in more than one index. This could be
potentially caused by the fact that some indices, like EV1, perform better in regions with
higher biomass (Luz et al., 2022) while Ancient Corinth is more scarcely vegetated.
The identification of anomalies though does not come without drawbacks and

limitations.

Firstly, the varied vegetation and density of trees renders difficult to discern differences
at ground level. During the last 60 years, the intensification of agriculture has led to the
planting of different kinds of trees, which cover much of the unexplored areas and share
different phenological cycles. Signs of stress caused by buried features are prone to be
more apparent in the examination of low and more uniform vegetation, such as wheat
fields or natural weeds, rather than in tree canopies. In this respect, it is worth
mentioning that all of the anomalies detected during this study were placed in fields
with low vegetation. Furthermore, the cultivation practice of planting trees at regular
intervals may create a false “grid” effect, between green vegetation and exposed soil,

which can be amplified by tracks for modern transport between the trees and give the

impression of anomalies (Figure 25).
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Figure 25: Example of "grid effect” between vegetation and exposed soil, due to trees arrangement.
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Secondly, the site of Ancient Corinth has been continuously inhabited for many
centuries and grown into a semi-urban area, leading to disruption of archaeological
evidence. Buildings and roads have been altered before getting destroyed and the grid
plan of the city has been modified and possibly, in certain places, being in use until
today. This situation seems to be particularly present in some of the field boundaries
observed, which may cause a confusion in the identification of anomalies. As a result,
this further limits our ability to associate anomalies in vegetation signatures with
archaeological features. In contrast with sites that may have not experienced continuous
occupation and where a clear assumption on the nature of the possible archaeological
features could be made, in Corinth, it proves more difficult to identify if the anomalies
may belong, for example, to a road or wall, let alone to determine their chronological
phase.

Unsupervised classification, due to its ability to automatically distinguish spectral
differences, can be used in a complementary way in order to cross check visually
interpreted anomalies from vegetation indices and to track changes in vegetation, which
could be promising for future archaeological research. However, this process should
not be followed without caution. In some cases, there was an overlap of the identified
anomalies with classified areas of “stressed” vegetation but according to the accuracy
assessment results, not at an extent that can be fully trusted, meaning an accuracy of at
least 70%-80%. When assessing the classification results with data collected from
known features again the accuracy was at low level (Appendices Il, I11) However, in
both cases, there was indication of stress in the vegetation that was captured during the
unsupervised classification process. More interestingly, the results were better
regarding the Late Roman wall. That may happen since in this case the wall width is
expected to be larger (approx. 1-3m), compared with the walls that were excavated west
of the soccer field (approx. 0.7-1m.). A larger wall width should cause bigger stress on
the vegetation above and also less detail is needed when mapped, because of its extent.
Comparatively, the NDVI and MSAVI seemed to be the more promising indices for

similar, future studies.

In general, supervised and unsupervised classifications proved helpful in mapping
exposed architectural remains. However, only the composite images, in both cases,
provided satisfactory results. The single bands (blue, red, NIR) did not prove very

useful while the experimentation with the NDVI showed that probably vegetation
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indices are also not suitable for exposed built features. Supervised classification offered
very high overall accuracy and at the archaeology class. Unsupervised classification
was less accurate but at an acceptable level to be advised. On one hand, supervised
classification offers the ability to differentiate between classes that share similar
characteristics in order to create more accurate clusters. This, for example, was the case
of the differentiation between soil and tiled roofs. The control in defining classes
through training samples can, in some cases, guarantee the correct assignment of a class
on certain features but not throughout the whole mapped area. On the other hand,
unsupervised classification seems to have an advantage in revealing discriminable
objects even at smaller sizes. As a result, walls and archaeological features were
differentiated in a more satisfactory way. This advantage helped in the identification of
exposed features that had not been earlier observed, thus, rendering unsupervised
classification, a promising technique for the detection of unknown aboveground
features that are difficult to notice in the first place, especially when there is a sharp

difference in spectral signatures (e.g., a wall among wild vegetation).

Classification methods and pattern recognition, using satellite data, for archaeology and
cultural heritage is a quite recent research topic and the available classification
techniques, offered in a GIS environment, may not be fully adequate for the
classification of very-high resolution images. Our goal was to map not general areas of
archaeological interest, where standing features are present but specific remains that
can have sub- or around-meter width. These usually blend with surrounding features
that could be grown vegetation, soil or rocks. Even more, the material, which
archaeological structures are made of or that is used for their restoration, is almost
always rock or bricks. This condition causes a blend that appears as an overlap of
spectral signatures, which in turn can impose an extra difficulty level in the
classification process. During supervised classification, MLC depends on the
assumption that pixels are “pure”, meaning representing only one class but this is not
always the case, depended on spatial resolution. Similarly, in unsupervised
classification, some spectral clusters may be related to mixed classes of material and
therefore being physically meaningless in research that demands a high spatial

resolution.

During this thesis, a number of limitations were present since the beginning and

mistakes were noticed while progressing. These can fuel further discussion related to
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the future of research and pertaining to not only the methods used but also the study

approach to Corinth and areas with similar physical characteristics.

The use of very-high resolution satellite imagery for the detection of subtle anomalies
in vegetation indices and classification is indispensable. However, the high cost of their
acquisition can be restrictive for small scale studies, such as this current one. This was
the reason only one such imagery set was used here. For a more complete study of the
phenological cycles, imagery with a higher temporal resolution is needed in order to
cover more seasons. Moreover, depending on the climatic conditions of each year, some
features may be better discernible on one year but not the other. A complete record of
available archaeological and other ancillary data (DEMs, soil maps, contours, previous
surveys etc.) will always be useful to in order to validate results, monitor changes or, in
case of predictions, to narrow down the possibilities. In order for this study to be more
complete and to fully evaluate the potential of these processes for identifying buried
features, a more complete record of excavated and investigated remains should be
available so that is employed in an accuracy assessment.

Next to this, we need to consider the extensive tree coverage of the unexplored areas
and the utilization of other methods and techniques. Synthetic Aperture Radar (SAR)
has been used before in cases where the vegetation canopy is denser, since microwave
wavelengths can allow deeper penetration and be more sensitive to surface morphology
(Lasaponara & Masini, 2013). Light Detection and Radar (LiDAR) is another popular
method, which can be used for mapping vegetation height and surface morphology for
the detection of subsurface features, through the transmission of laser light at varied
wavelengths (Raun et al., 2018; AOC, 2015).

The need for more recent very-high resolution imagery is also imperative for the
classification process of exposed archaeological remains. When using classification for
buried features, time acquisition of the image may be not that important. In some cases,
it can even prove to be beneficial. However, for the classification of exposed remains,
this can create difficulties during the validation process and the creation of an error
matrix, based on up-to-date ground truth data. Since the imagery used here was
extracted in 2012, an actual accuracy assessment, including sample points in the field,
was not possible. In the last decade, land cover has changed, more areas have been

excavated and architectural remains exposed while excavated areas, which appear
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cleaned in the 2012 image, they have been now covered with vegetation or backfilled.
So, even though an earlier image can be an advantage for the validation of results,
regarding buried features, it also constitutes a major drawback for the accuracy
assessment of classification of exposed remains. The alternative, which was followed
here, is to create validation points, based on the 2012, Geoeye image but in this case
validation and study data are the same. So, even though this is a method that has been
used before (Ramzi, 2015), it is generally not suggested. Another alternative could be
the use of other, more recent satellite imagery, which can be acquired free of charge.
However, available, freely-distributed satellite images do not comply with the spatial
resolution needed for classification at wall level (e.g., Landsat can offer a maximum
15m resolution and Sentinel 10m resolution). Consequently, only the purchase of a

recent VHR image would be an appropriate solution.

The use of GIS for the collection, analysis and interpretation of spatial digital data is a
growing trend in archaeological practices. The accessibility to a wide selection of GIS
and image processing software (e.g., ArcGIS, ERDAS Imagine, ENVI) has given
archaeologists the ability to integrate diverse data in order to predict locations of
archaeological interest, manage existing excavations, monuments and future
development works and monitor changes in the landscape. For all these purposes,
satellite remote sensing is becoming more and more useful as a non-destructive,

research tool.
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7. CONCLUSION

In this study, there was an effort to evaluate different processing methods of VHR
multispectral imagery for archaeology and cultural resources management and at the
same time to contribute to the archaeological research of Ancient Corinth. It was shown
that established techniques and processes can enhance the investigation and mapping
of undiscovered, buried and exposed archaeological remains. However, results should
always be treated with caution and further validation is always necessary, when

possible.

Through the manipulation of different vegetation indices, based on the visible and NIR
spectra, it was possible to detect subtle changes on the vegetation cover of the study
area. Regarding which indices can be more helpful in this respect, even though a
combination of indices was preferred, acting complementary to each other, NDVI was
the most consistent one for detecting these anomalies. However, to what extent
someone can be certain about their nature and whether they belong to buried
archaeological features, it depends on further validation of data and association with
other known features. For this purpose, unsupervised classification, could provide some
further guidance, through accuracy assessment, but results should always be validated

in order to reach concrete conclusions.

In the case of Ancient Corinth, it was possible to associate some of these anomalies
with known remains and archaeological data in order to increase the possibility of
identifying some of them as of archaeological nature. Most of these anomalies seem to
belong to roads, with a few of them being part of a major E-W road, while others were
identified as parts of a Late Roman wall. Nevertheless, it should be noted that no matter
how detailed a validation can be, the only way to actually verify these sorts of results
would be through further archaeological investigation, meaning excavations or
geophysical surveys (Gron et. Al, 2011). At the very least, here, we get a good
impression of the density and location of possible archaeological features.

Regarding their effectiveness in mapping features, supervised and unsupervised
classifications, proved effective for mapping exposed archaeological features with
certain limitations. These lie with the material of the features itself and the inability to
differentiate from surrounding material that shares similar spectral properties, such as

rocks and soils. However, archaeology related clusters may be more distinctive when
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surrounded by vegetation, where spectral overlap can be smaller and, in these cases, we
can map archaeological remains even at wall width. In particular, unsupervised
classification, when setting appropriate parameters (number of bands, pixel size), can
be a promising technique for identifying remains that would probably not be noticed in
a regular RGB image. Moreover, through the juxtaposition with the anomalies
discovered in vegetation indices, unsupervised techniques showed promising potential

for the use of mapping buried features as well.

All in all, when using the methods and techniques presented in this study, one has to
bear in mind the challenges related to the study of regions like Ancient Corinth,
stemming from their diverse environment, product of continuous occupation and in
relation with the nature of archaeological material. A lot depends on the visual ability,
training and knowledge of the interpreter while any remote sensing technique should
always be supplemented by field observations and adequate field surveys and ground
truth data.
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Appendix |

Error matrix for vegetation indices unsupervised classification. General study area.
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Overall accuracy 10.33%

Overall accuracy 41.06%

Overall accuracy 36.78%
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Overall accuracy 7.05%

Overall accuracy 38.29%




Appendix Il

Error matrix for vegetation indices unsupervised classification. West of soccer field area.
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Appendix Il

Error matrix for vegetation indices unsupervised classification. Late Roman wall area.
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Appendix IV

Error matrix for supervised classification of study area.

Composite Image

Class Vegetation  Soil/Sparse vegetation Tile roofs
Vegetation 50 0 0
Soil/Sparse vegetation 0 41 2
Tile roofs 0 1 49
Roads/Impervious

Archaeology/Rocks

Total 51 42 51

Overall accuracy 92.4% K =0.9

Vegetation: User Accuracy 100% / Producer Accuracy 98.04%
Soil/Sparse vegetation: User accuracy 82% / Producer accuracy 97.62%
Tile roofs: User accuracy 98% / Producer accuracy 96.08%
Roads/Impervious: User accuracy 84% / Producer accuracy 100%
Archaeology/Rocks: User accuracy 98% Producer accuracy 76.56%

Blue band

Class Vegetation  Soil/Sparse vegetation Tile roofs
Vegetation 48 2 0
Soil/Sparse vegetation 1 20 23
Tile roofs 3 13 26
Roads/Impervious 0 0 0
Archaeology/Rocks 0 2 13
Total 52 37 62

Overall accuracy 58.8% k =0.49

Vegetation: User Accuracy 96% / Producer Accuracy 92.31%
Soil/Sparse vegetation: User accuracy 40% / Producer accuracy 54.05%
Tile roofs: User accuracy 52% / Producer accuracy 41.94%
Roads/Impervious: User accuracy 44% / Producer accuracy 84.62%
Archaeology/Rocks: User accuracy 62% Producer accuracy 42.47%

Red band

Class Vegetation  Soil/Sparse vegetation Tile roofs
Vegetation 50 0

Soil/Sparse vegetation 0 34 5
Tile roofs 0 5 39
Roads/Impervious 0 5 26
Archaeology/Rocks 0 25 13
Total 50 69 83

Overall accuracy 55.2% « =0.44

Vegetation: User Accuracy 100% / Producer Accuracy 100%
Soil/Sparse vegetation: User accuracy 68% / Producer accuracy 49.28%
Tile roofs: User accuracy 78% / Producer accuracy 46.99%
Roads/Impervious: User accuracy 8% / Producer accuracy 36.36%
Archaeology/Rocks: User accuracy 22% Producer accuracy 29.73%
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50
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NIR band

Class Vegetation  Soil/Sparse vegetation Tile roofs Roads/Impervious Archaeology/Rocks Total

Vegetation 33 2 6 0 9 50
Soil/Sparse vegetation 1 28 3 3 15 50
Tile roofs 15 5 13 2 15 50
Roads/Impervious 10 12 9 4 15 50
Archaeology/Rocks 6 17 8 0 19 50
Total 65 64 39 9 73 250

Overall accuracy 38.8% K =0.23

Vegetation: User Accuracy 66% / Producer Accuracy 50.77%
Soil/Sparse vegetation: User accuracy 56% / Producer accuracy 43.75%
Tile roofs: User accuracy 26% / Producer accuracy 33.33%
Roads/Impervious: User accuracy 8% / Producer accuracy 44.44%
Archaeology/Rocks: User accuracy 38% Producer accuracy 26.03%

NDVI

Class Vegetation  Soil/Sparse vegetation Tile roofs Roads/Impervious Archaeology/Rocks Total
Vegetation 50 0 0 0 0 50
Soil/Sparse vegetation 0 10 15 4 21 50
Tile roofs 0 0 43 3 50
Roads/Impervious 0 0 45 4 1 50
Archaeology/Rocks 0 7 19 7 17 50
Total 50 17 122 18 43 250

Overall accuracy 49.6% K =0.37

Vegetation: User Accuracy 100% / Producer Accuracy 100%
Soil/Sparse vegetation: User accuracy 20% / Producer accuracy 58.82%
Tile roofs: User accuracy 86% / Producer accuracy 35.25%
Roads/Impervious: User accuracy 8% / Producer accuracy 22.22%
Archaeology/Rocks: User accuracy 34% Producer accuracy 39.53%
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Appendix V

Error matrix for unsupervised classification of study area.

Composite image

Class Vegetation Soil/Sparse vegetation Tileroofs Roads/Impervious Archaeology/Rocks Total

Vegetation 50 0 0 0 0 50
Soil/Sparse vegetation 0 8 0 4 38 50
Tile roofs 0 1 0 42 7 50
Roads/Impervious 0 0 46 4 50
Archaeology/Rocks 1 1 0 16 32 50
Total 51 10 0 108 81 250

Overall accuracy 54.4% k=0.43

Vegetation: User Accuracy 100% / Producer Accuracy 98.04%
Soil/Sparse vegetation: User accuracy 16% / Producer accuracy 80%

Tile roofs: User accuracy 0 / Producer accuracy 0
Roads/Impervious: User accuracy 92% / Producer accuracy 42.59%
Archaeology/Rocks: User accuracy 64% Producer accuracy 39.51%

Blue band

Class Vegetation Soil/Sparse vegetation Tile roofs Roads/Impervious Archaeology/Rocks Total
Vegetation 50 0 0 0 50
Soil/Sparse vegetation 6 18 0 3 23 50
Tile roofs 4 16 0 3 27 50
Roads/Impervious 0 0 0 49 1 50
Archaeology/Rocks 0 2 0 26 22 50
Total 60 36 0 81 73 250
Overall accuracy 55.6% K =0.45

Vegetation: User Accuracy 100% / Producer Accuracy 83.33%

Soil/Sparse vegetation: User accuracy 36% / Producer accuracy 50%

Tile roofs: User accuracy 0 / Producer accuracy 0

Roads/Impervious: User accuracy 98% / Producer accuracy 60.49%

Archaeology/Rocks: User accuracy 44% Producer accuracy 30.14%

Red band

Class Vegetation Soil/Sparse vegetation Tile roofs Roads/Impervious Archaeology/Rocks Total
Vegetation 50 0 0 0 0 50
Soil/Sparse vegetation 1 8 0 28 13 50
Tile roofs 0 2 0 29 19 50
Roads/Impervious 0 0 0 24 26 50
Archaeology/Rocks 0 5 0 24 21 50
Total 51 15 0 105 79 250

Overall accuracy 41.2% « =0.27

Vegetation: User Accuracy 100% / Producer Accuracy 98.04%
Soil/Sparse vegetation: User accuracy 16% / Producer accuracy 53.33%
Tile roofs: User accuracy 0 / Producer accuracy 0

Roads/Impervious: User accuracy 48% / Producer accuracy 22.86%
Archaeology/Rocks: User accuracy 42% Producer accuracy 26.58%
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NIR band

Class Vegetation Soil/Sparse vegetation

Vegetation 50 0
Soil/Sparse vegetation 0 20
Tile roofs 0 3
Roads/Impervious 0 0
Archaeology/Rocks 0 17
Total 50 40

Overall accuracy 50.4% k =0.38

Vegetation: User Accuracy 100% / Producer Accuracy 100%

Tile roofs

Soil/Sparse vegetation: User accuracy 40% / Producer accuracy 50%

Tile roofs: User accuracy 0 / Producer accuracy 0

Roads/Impervious: User accuracy 100% / Producer accuracy 32.68%

Archaeology/Rocks: User accuracy 12% Producer accuracy 85.71%

NDVI

Class Vegetation Soil/Sparse vegetation
Vegetation 35 6
Soil/Sparse vegetation 3 16
Tile roofs 18 6
Roads/Impervious 14 13
Archaeology/Rocks 7 16
Total 77 57

Overall accuracy 31.2% k=0.14

Vegetation: User Accuracy 70% / Producer Accuracy 46.45%

Soil/Sparse vegetation: User accuracy 32% / Producer accuracy 28.07%

Tile roofs

Tile roofs: User accuracy 0/ Producer accuracy 0
Roads/Impervious: User accuracy 20% / Producer accuracy 20%

Archaeology/Rocks: User accuracy 34% Producer accuracy 25.76%
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