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Abstract

The biocultural heritage of historical landscapes is an expression of intertwined ecological
and socio-cultural dynamics at different temporal and spatial scales. Such a legacy is what
confers high nature value on agricultural systems worldwide. Today there is an urgent need
to develop approaches that may allow a more integrated study of biocultural heritage in
order to better direct future endeavours for the sustainable management on such
agricultural systems. Here, a methodological approach to unpack space-time complexity in
the land-use dynamics of historic and current-day agrosystems is presented, based on the
use of contextual and spatial-relational segmentation techniques within the research
framework of historical ecology.

With reference to work done in a case study area in Sicily, the authors first extract
geographic contextual configurations and develop a spatial-relational ontology for their
semantic interpretation, before using these spatial objects as temporal proxies to
disentangle the spatial and temporal dynamics of land use. The result is a cross-disciplinary
approach in which perspectives from historical ecology can be used to achieve a deeper
understanding of evidence exiracted from remotely sensed images. At the same time,
advanced spatial analysis techniques may provide a further interpretative tool for scientific
inquiry intfo biocultural heritage.
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1 Introduction

In the face of massive environmental, societal and cultural changes, research on historic
agricultural landscapes and their biocultural heritage is crucial. Intercropping and agroforestry
systems worldwide are all part of high nature value landscapes maintained through customary
practices of management, protection and living heritage. These complex systems result from
entwined dynamics occurring at different temporal and spatial scales. Thus cross-disciplinary
approaches may allow a more integrated study of the systems’ past, to direct future endeavours
for their sustainable management (Manzano et al., 2020).
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Here, a methodological approach to unpack space-time complexity in the land-use dynamics
of historic agrosystems is presented. The approach is step-wise: (a) application of contextual
and spatial-relational analysis to segment different land-use arrangements into spatial objects;
(b) development of a spatial-relational ontology allowing a deeper semantic interpretation of
the different spatial arrangements in terms of land-use strategies and human intentions; (c) the
use of these spatial objects as temporal proxies to extract timescales of use dynamics.

With roots in archaeology and anthropology, historical ecology is a cross-disciplinary approach
fostering the in-depth study of human-environmental heterarchical interactions happening at
multiple spatial and temporal scales (Ray and Fernandez-G6tz, 2019). The use of remote
sensing to analyse past human-nature systems (Pricope et al., 2019) and the application of
object-based image analysis with geographic components (Hay and Castilla, 2008; Blaschke et
al., 2014; Lang et al., 2019) in archaeology and related disciplines (Davis, 2019; Agapiou, 2020;
Luo et al.,, 2019; Tapete, 2018) have focused so far on the semi-automatic digitalization of
heritage maps (Gobbi et al., 2019), the extraction of information from remotely sensed data,
mainly for feature detection (Sevara et al., 2016, Lasaponara and Masini, 2014), and the
identification of surface and sub-surface remains (Lambers and Traviglia, 2016; Traviglia and
Torsello, 2017). In many applications, a pre-defined ontology (Schuurman, 2006) of the image-
objects detected is used as a tool to model real-world objects (Blaschke et al., 2014). In
archaeology, in the course of the development of the GEOBIA ontology (Magnini and
Bettineschi, 2019; Lombardo et al., 2020), the need to consider the spatial context and the
temporal dimensions has been progressively highlichted (Calafiore et al., 2017; Sevara et al.,
2016; Mathian and Sanders, 2015), accompanied by a call for attention to be paid to systems
of related entities in the landscape, not single separate semantic objects (Traviglia and Torsello,
2017).

Thanks to its unique position in the Mediterranean, the island of Sicily has been a cross-roads
of cultures for millennia, representing a special case of long-term human-nature inter-
relationships and presenting high biological diversity of endemic species. The persistence of
certain biocultural refugia in the landscape (Barthel et al., 2013) can be seen as the non-
discursive result of a long-term cultural negotiation between humans and nature. In previous
work (Ferrara et al., 2019), the authors demonstrated that the different spatial patterns resulting
from the cultivation of Olea Eurgpea var. sativa in the island (the olive tree, well known for its
longevity) are related to a variety of land-use practices which differ over time. As such (spatial)
biocultural continuities in the landscape are the expression of human—nature dynamics over
time, contextual and spatial-relational analysis (Gurney and Townshend, 1983; Ahlqvist et al.,
2012; Malmberg et al., 2014) can be applied to extract useful information. When integrated
with other sources of evidence (i.e. from fieldwork), this information may allow a temporal
categorization of the spatial patterns extracted. Such historical disentangling of landscape
features may provide useful insights into centuries or even millennia of human—nature
processes, allowing a better understanding of the foundational ecological and social dynamics
underpinning biocultural heritage and present-day biodiversity (Crumley, 2019; Wistfelt,
2021).

The work presented here aims to contribute in this direction. The authors first describe in
detail the methodology developed and the data used, with reference to work carried out in a
case study area from 2016 onwards, and then present the results obtained. The results are
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discussed, limitations pointed out, and the potential contributions of the approach for other
disciplinary investigations in landscape and land-use studies are highlighted.

2 Study area and Methods

2.1 Study area

The study site, which had already been the subject of previous work (Ferrara et al., 2019), is
located in the municipality of Villarosa, in central Sicily (Italy). The study area, a mosaic of
olive orchards that are apparently homogeneous in terms of land cover and land use, covers
an area 1,943 km? and rises to approximately 550 metres AMSL (Figure 1).

Figure 1: RGB orthophoto of the study area, Urbanistic and Environmental Department of the Sicilian
Region, 2007, resolution 0.25 m.

2.2 Methods

The approach presented here is based on three steps:

a. application of contextual and spatial-relational analysis, with the aim of segmenting
into separate objects the different spatial cultivation arrangements of the olive trees present
in the study area;
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b. development of a spatial-relational ontology allowing a deeper semantic interpretation
and classification of the different spatial arrangements into classes, in terms of land-use
strategies and human intentions;

c. use of these spatial classes as temporal proxies from which to semantically extract
temporal classes (as expressions of different time scales in the land-use dynamics).

Contextual and spatial-relational analysis

As a first step, a contextual and spatial-relational analysis was performed on an RGB
orthophoto of the study area from 2007. With a spatial resolution of 0.25 metres, the image
comes from the most recent freely available dataset provided by the Urbanistic and
Environmental Department of the Sicilian Region.

The orthophoto was segmented and classified using a 3-step, semi-automated classification
method developed by Malmberg et al. (2014) (Figure 2). This method uses both spectral and
contextual relational criteria for the classification, allowing the user to decide a priori the
number of classes to extract and the segmentation radius. In this case, the authors chose to
use a segmentation radius of 55 pixels and to classify the image into 11 classes. The three steps
of Malmberg et al.’s (2014) method are:

1. Initial classification using k-means clustering;

2. The calculation of the largest nearest-neighbour distance between each pixel and each pixel
belonging to each class from step 1;

3. Asecond classification (again using k-means), performed on the basis of the largest nearest-
neighbour distances calculated in step 2.

[ ® \ First classification
e $e k-means

S l

Largest nearest-neighbour distance
Each pixel <-- > each pixel from each class extracted above

 J

Second classification
k-means
on the distances calculated above

Possibility of separating

pixels of the same spectral class

according to their different spatial context

Figure 2: Workflow of the method developed by Malmberg et al. (2014) for semi-automatic
classification of image information.
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After these steps had been executed, a new composite image was obtained (Figure 3c). The
use of the largest nearest-neighbour distance as a geometric criterion for the second
classification allows the separation of pixels originally belonging to the same object and their
classification into two or more different objects, depending on similarities identified in their
spatial contexts (Figure 3b and 3d). From the visual interpretation of this processed image and
its comparison with the initial raw orthophoto (Figure 3a), it emerged that the semi-automated
classification method had been able to identify and group into objects a number of
homogeneous areas. The local configurations of these areas correspond to specific spatial
arrangements of their main vegetation features (olive trees) in relationship with other relevant
features (i.e. vegetation, topographic and human-made elements) (Figure 3d). In other words,
in the processed image, pixels were grouped into objects that should not be interpreted as
representing the spectral reflectance of different items on the ground (vegetation, concrete,
watet, etc.), but rather as their geographical contextual configuration. The authors believe that
this opens up a higher level of semantic abstraction in assigning meanings to these spatial
objects.

Figure 3a: Initial raw RGB orthophoto. Figure 3b: Spatial context of trees in part of
The red square indicates a section of the fieldwork the study site; view from the ground.
areq, detailed in Figures 3b and 3d.

LI

Figure 3c: New composite image showing the spatial objects  Figure 3d: Olive trees
extracted using the method developed by Malberg et al. (2014).  segmented and classified into
spatial objects according to
their spatial contexts. Section of
the study site, view from above.
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Development of ontology, in-field validation and classification of spatial objects

Seen from above, at first sight the study area appears to be a homogeneous landscape of olive
orchards. Nonetheless, the different spatial objects extracted show that each is characterized
by a unique contextual configuration of the image elements (pixels), corresponding to unique
characteristics resulting from different spatial arrangements. These spatial arrangements are
the expression of diverse human land-use strategies over time. The interpretation of these local
configurations cannot be done directly from the images and requires expert knowledge of the
local farming systems (Wistfelt, 2015).

To proceed with the interpretation of the objects extracted, the authors adopted abductive
logic (Couclelis, 2009; Khazraee and Khoo, 2011), associating expert knowledge (Ferrara et al.,
2019) with the low-level information obtained from the image objects by visual interpretation.
It was thus possible to perceive these objects, conceptually, as being embedded within an
(apparent) hierarchy of spatial complexity. Deconstructing this complexity level by level made
it possible to uncover the meanings of the spatial arrangements that these land-use
configurations represent.

The authors developed a spatial-relational ontology (Figure 4) which was used to semantically
interpret these spatial objects. There followed field validation of the interpretation and the
final classification (see Rajbhandari et al, 2017; Argyridis and Argialas, 2019). Methods
combining spatial and thematic semantics have only recently started to be developed to address
complex geospatial features (Blaschke et al., 2014). A spatial-relational ontology is an ontology
that highlights the relational aspects of space (sens# Grauer, 2019; Kokla and Guilbert, 2020)
and the human intentions in the use of space. Configurations of space are the expression of
human-—nature relationships, co-constituting themselves and creating the relational historical
process, which unfolds in space, and has primacy over single discrete entities (Ferrara et al.,
forthcoming).

v owlThing
v Land_with_trees
A Trees_&_other_crops_andior_vegetation
v Trees_&_open_land
Almost_absent_trees_&_open_land
Less_dense_concentration_of_trees_&_open_land
v Trees_&_other_trees_and/or_vegetation
Higher_trees_ y_&_other_veg
Other_intercropped_trees
v Trees_without_other_crops_and/or_vegetation
Stand-alone_trees

v Trees_on_managed_soil
Trees_on_manageditilled_soil_1
Trees_on_managedHtilled_soil_2

v Land_without_trees . .
T e Spatial-relational ontology developed

Open_land_&_other_cover_cfops to interpret semantically the spatial

Open_land_1 objects extracted as described in the

Open_land_2 chapter "Development of ontology,
in-field validation and classification of
spatfial objects”.

Figure 4:
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In the spatial-relational ontology, on the first level of spatial complexity, a conceptual
distinction is made according to the presence or absence of trees. The main classes are simply
‘Land without trees’” and ‘Land with trees’, which are super-objects in ontological terms (sensu
Huang et al., 2017).

The two super-objects are then further classified, on a second level of spatial complexity,
according to differences in each spatial arrangement of land-use:

a) Within the super-object ‘Land without trees’, four different configurations can be
distinguished:
‘Open land #1° (open land type 1)
‘Open land #2’ (open land type 2)
Bare soil and water’ (bare soil, rocks, water)
‘Open land & other cover crops’

b) Within the super-object ‘Land with trees’, there are two different spatial
configurations:
Trees & other crops and)/ or vegetation’
Trees without other crops and)/ or vegetation’

At a third, deeper, level of spatial complexity, the super-object ‘Land with trees’ can be further
sub-divided.

Within the object “Ttrees & other crops and/or vegetation’, a distinction can be made between

o Sub-object “Trees and open land’ (grassland) (trees intercropped with grasslands,
pastures, etc.)
and
o Sub-object ‘Trees & other trees and/or vegetation’ (trees intercropped with other
trees, cover crops and/or in plots where there are other significant vegetation features)

Within the object ‘Ttrees without other crops and/or vegetation’, a distinction can be made
between

o Sub-object Trees on managed soil’ (trees on land which has been heavily worked by
removing all vegetation apart from the trees)
and
o Sub-object ‘Stand-alone trees’ (trees scattered widely, or used as markers, or groups
of trees used for fences).

At the final level of spatial complexity extracted, further divisions are made.
Within the object “Trees & other crops and/or vegetation’,

o the sub-object “Trees and open land’ (grassland) is further distinguished according to
the density of the trees into:
- ‘Less dense concentration of trees and open land’
- ‘Almost absent trees and open land’

o the sub-object “Trees & other trees and/or vegetation’ is also further distinguished
according to tree density into:
- ‘Higher tree density & other vegetation’
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- ‘Other intercropped trees’
Within the object “Trees without other crops and/or vegetation’,

o the sub-object ‘Trees on managed soil’ is further distinguished into:
- “Trees on managed/tilled soil #1” (trees on land which has been heavily worked by
removing all other vegetation and cover crops)
- “T'rees on managed/tilled soil #2’ (trees and bare soil, rock, concrete, etc.).

To cross-validate the semantic interpretation of the spatial objects extracted, fieldwork was
carried out in the study site from June to November 2020. Three sampling units per class were
taken (total: 33 samplings), in order to:

1) explore and confirm the local spatial configuration assigned to each class;

2) explore and confirm the content of each class in terms of vegetation composition and other
existing relevant features;

3) collect further complementary data (e.g. size of tree trunks).

The spatial objects extracted from the orthophoto were classified according to the validated
ontology; the resulting classes are shown in Figure 6.

Extraction of temporalities

In the final step of the methodology, the spatial classes extracted as described in chapter
“Development of ontology, in-field validation and classification of spatial objects” are used as
temporal proxies to determine the different temporalities of the olive cultivation arrangements
in the study site.

Spatial classes as temporal proxies

In the past, olive groves were mostly agro-forestry systems. The logic behind their spatial
arrangements was to maximize the use of the empty spaces between the sparsely-planted trees
by growing other crops (e.g. vegetables or fruit trees). Originally, local spatial configurations
of olives are thought to have been scattered and sparse (Ruhl et al., 2011; Marchetti et al.,
2002). Starting from this assumption, the authors referred to this configuration (sparse
scattered olive trees) as T1 (time 1).

At a later stage, T2, more ‘structured’ orchards and groves began to appear, corresponding to
intensified/optimized land use: instead of cultivating between widely spaced trees, land users
preferred to focus on a single crop (the olive) and intensified its cultivation either by reducing
the spaces between trees, or by removing competition from other crops (Ruhl et al., 2011;
Barbera and Cullotta, 20106).

These temporal dynamics of land use and their intensification thus have spatial dimensions as
well. These ate relational in the sense that they are expressions of both cultural/social and
natural/ecological processes.

Temporal interpretation, and re-classification of spatial classes as temporalities
Following these assumptions about changes in olive cultivation over time, the authors
developed a temporal interpretation of the spatial classes extracted. The spatial classes were
re-classified as temporalities:

115



Ferrara et al

* Within the Class “Trees & other crops and/or vegetation’, Class “Trees and open land’ is
older than Class “Trees & other trees and/or vegetation’, since more widespread trees implies
an older spatial arrangement for planting and land use.

With reference to the final class taxonomy described in chapter “Development of ontology,
in-field validation and classification of spatial objects” (see Figure 6), the temporal progression
is:

Class 2-1-1 (and relevant subclasses) = T1_t&v (time 1— trees and vegetation) > Class 2-1-2
(and relevant subclasses) = T2_t&v (time 2 — trees and vegetation) (see Table 1).

* Within the Class “Trees without other crops and/or vegetation’, a temporal distinction is
possible at the 4th level of classification:

- Class “Trees on managed/tilled soil #1” represents spatial patterns of trees that are older than
Class “Trees on managed/tilled soil #2’ and Class ‘Stand-alone trees’, because it comprises
widely-spaced and scattered trees, and because ‘Trees on managed/tilled soil #2’ also
incorporates more recent objects, such as bare soil or concrete.

- Class ‘Stand-alone trees’ comprises trees which are scattered, and trees that in some cases
look like borders, markers or fences. Such spatial configurations are probably older when
found on worked land, but less old when associated with Class “Trees on managed/tilled soil
#2’ (bare soil, concrete, road, etc.). The authors decided therefore that Class ‘Stand alone trees’
is less old than Class “Trees on managed/tilled soil #1’, but older than Class ‘Trees on
managed/tlled soil #2”.

The temporal progression is thus: Class 2-2-1-1 = T1_t&ms (trees and managed soil) > 2-2-
2-1 =T2_t&ms > 2-2-1-2 = T3_t&ms (Table 2).

Table 1: Temporal progression for Class ‘frees  Table 2: Temporal progression for Class ‘trees &

& vegetation’ (2-1). managed sail’ (2-2).
I ) ) I il )
Older T1_t&v T1_t&ms 2-2-1-1
T2_t&ms 2-2-2-1

paas

5
B o

Younger T2_t&v 2-1-2

3 Results: Unpacked layers of space-time complexity

Thanks to the methodological approach developed and presented here, the authors were able
to unpack the spatial and temporal complexity in the land-use dynamics of an apparently
homogeneous area.

Through contextual and spatial-relational analysis, it was possible to extract spatial classes
corresponding to different local configurations of olive trees (i.e. specific spatial arrangements
of their cultivation, and spatial relationships with other vegetation and manmade features).
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These classes are the expression of geographical contextual configurations, the result of
strategies employed by people dwelling in the landscape, and adapting to it for land-use
purposes: the classes correspond to different spatial logics in planting olive trees and, above
all, increasing degrees of complexity in the spatial arrangements (Figure 5).

Figure 5:

Different levels of relational complexity
in the spatial arrangements of the land-
use configurations extracted using the
method devised by Malberg et al.
(2014).

Supported by the development of a spatial-relational ontology, a higher level of semantic
abstraction was reached in assigning a meaning to these classes, moving from purely geometric
and spatial properties to the normative dimension of human land use. After validation in the
tield, the definitive classification of the spatial patterns extracted was finalized, as shown in
Figure 6.

CLASSIFICATION - LEVEL 4

Class 1 - land without trees Class 2 - land with trees Class 2-2 - trees without other crops and/or vegetation
Coseztel Class 2-1 - trees & other crops and/ or vegetation Ol 21~ treeson mameged sol
t el L Class 2-1-1 - trees and open land 7
Class_1-2 Chss 2-1-1-1 times on managedtilled soil £1
I open tand 22 I tess dence concantration of trees and open land Closs 2:2:1-2
Class_1-3 Class 2-1-1-2 trees on managedtilled soil £2
I weater

- "‘:"’;5“ et B aimost atsent trees and open fand Class 2-2-2 - stand-alone trees

55_1- p e
e Class 2-1-2 - trees & other trees and/or vegetation Q2221

Class 2-12-1 Il swnd-akne trees

I higher tree density & other vegetation
CInss 24122
W other inhercropped trecs.

Figure 6: Final classification taxonomy.

In the last step of the approach (see chapter “Extraction of temporalities”), a trans-temporal
representation of the geographical patterns of olive trees (Figure 7) was achieved, as the
authors were able to extract different temporal dimensions from the local spatial
configurations.
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_Today’slandscape

land-use
spatial layers

land-use
temporal layers

n Time 3

Time 2

Time 1

Class - trees & vegetation Class - trees & managed soil

Figure 7: Different temporal dimensions of spatial configurations of olive frees extracted for Class ‘trees
& vegetation’ and Class ‘trees & managed sail’.

The overall result is very far from traditional land-cover or land-use maps, since here it is
possible to visualize local contextual information corresponding to different human reasoning
over time, which resulted in the different spatial configurations of the land-use practices.

4  Concluding discussion

Results obtained from the application of the approach presented here show that, by moving
from the different reflectance levels of a remotely sensed image to meaningful categories of
land use as composite, socially determined, spatio-temporal concepts (Wistfelt, 2015), it is
possible to unpack the specific spatial configurations of land use during different periods.

By using evidence of biocultural heritage present in today’s landscape as a ‘bioindicator’ of past
land-use dynamics, and integrating methods from several different disciplines (historical
ecology, archaeology, GIScience, philosophy, remote sensing), the authors developed a cross-
disciplinary approach which is useful to inform analysis in deep time. Techniques for the
extraction of spatial-relational data from remotely sensed images had not before been used to
track land-use dynamics over the long term (i.e. over centuries or millennia) (Agapiou, 2020;
Davis, 2019). Nor had the identification of contextual relations been used before to
semantically uncover land-use categories and formally define them as conceptual spaces
(Ahlgvist et al., 2012) correlated to different time periods. The methodology presented here
may therefore be promising for transferability to, and applications in, human sciences and
other disciplines studying landscape and land-use dynamics.
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Of course, ground validation data must always substantiate the results from spatial analysis.
One limitation of the work presented here is the lack of validation of the final temporal
classification, which would require evidence provided by alternative dating methods (e.g.
dendrochronology, or isotope analysis of plant and soil remains). Moreover, although
described in a semi-formal notation, the spatial-relational ontology developed in this paper is
still missing a true formalization according to the standards (e.g. OWL). The reason for this
lies in the difficulties of developing formal ontologies when looking at landscape features in
the context of human sciences and social interactions (IKKhazraee and Khoo, 2011; Janowicz et
al., 2012). Nonetheless, perspectives found in the human sciences, such as historical ecology,
can be used to achieve deeper interpretations of remotely sensed datasets. At the same time,
advanced spatial analysis techniques may help as a further interpretative and directional tool.
The integration of these different approaches could open up a dialogue across disciplinary
boundaries and advance the scientific analysis of biocultural heritage.
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