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Abstract

Floods are extreme events that can alter the land cover and land use
patterns in mountainous regions, with significant consequences for
biodiversity, ecosystem services, and human well-being. However, there
is a lack of comprehensive and integrated studies on the short-term
and long-term effects of floods on land cover dynamics in the Central
Zagros region, which is a climate change hotspot and a protected area
with rich flora and fauna. In this study, we aimed to assess the effects of
floods on land cover changes and transitions in the Sefid Kuh Protected
Area, Lorestan Province in Iran, using temporal satellite imagery from
Landsat 8, land-use/land-cover change detection and fragmentation
analysis, and landscape pattern indices. We also conducted fieldwork
and interviews to evaluate the impact of floods on land cover from the
ground and from the local people’s perspectives. Our results showed
that floods caused significant disturbances and shifts in different land
cover classes, such as Thin Woodlands, Thick Woodlands, Agriculture,
Rock, and Snow. For the landscape pattern indices the Shannon’s
Diversity Index (SHDI), Interspersion and Juxtaposition Index (lJI), Patch
Density (PD), Edge Density (ED), Largest Patch Index (LPI), Aggregation
Index (Al), Percentage of Land Area (PLAND), Number of Patches (NP),
Total Edge (TE), Landscape Shape Index (LSI), and Splitting Index (SPLIT)
have been used. Results revealed that floods reduced the diversity
and heterogeneity of the landscape, increased the fragmentation and
isolation of forest patches, and enhanced the aggregation and clumpiness
of bare soil patches. These changes have implications for the resilience
and adaptation of the study area to future flood hazards and climate
change.
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1 Introduction

Floods are extreme events that surpass the usual
range of natural variability due to climate change.
These events are exceptional in their intensity, du-
ration, or frequency, leading to abrupt and profound
environmental changes over short periods. Floods
can have significant consequences for land use and
land cover dynamics, often challenging the resil-
ience of ecosystems that are adapted to regular dis-
turbance regimes (Schaller et al., 2016). Floods, as
a natural component of river systems, play a crucial
role in maintaining the ecological integrity of flood-
plain habitats. They contribute to nutrient cycling,
groundwater recharge, and the creation of diverse
habitat mosaics (Whited et al., 2007). However,
severe floods can also cause extensive damage to
human infrastructure, agriculture, and natural re-
sources, posing significant challenges for land man-
agement and urban planning (Ward et al., 2020). It
is projected that global financial losses due to floods
will increase from 6 billion dollars in 2005 to 52 bil-
lion dollars by 2050 (Hallegatte 2016). Floods result
in damage to natural resources, loss of human life,
and global economic damage, and these effects
are to some extent inevitable and natural (Jonsson
et al., 2015). Several factors contribute to land use
deterioration and disruption to watershed hydrolog-
ical functions. These factors include deviations from
local or regional spatial plans, which are compre-
hensive frameworks designed to guide land use and
development within specific areas. Regional spatial
plans encompass broader geographic regions and
aim to coordinate land use policies across multiple
municipalities to ensure sustainable development
and environmental protection. Other contributing
factors include discrepancies between land use in
the watershed and land capacity, violations of soil
management standards in land treatment within the
watershed, and the absence of land and water man-
agement strategies that mandate appropriate soil
and water conservation practices in agricultural land
use (Chalid, 2020; Stolpe et al., 2022). Vegetation
mitigates the impact of floods by scattering Stream
Energy, and stabilizing margins, sides, and slopes
against erosion (Croke et al., 2017). It enhances soil
cohesion and infiltration, reducing runoff and flash
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floods. Plant roots anchor the soil, preventing ero-
sion, while vegetative cover slows water flow, pro-
moting sediment deposition and reducing kinetic en-
ergy (Anderson et al., 2006). Vegetation also boosts
biodiversity and ecosystem health, increasing resil-
ience to disturbances. Effective riparian vegetation
management is essential for maintaining riverbank
and coastal integrity, offering a natural, sustainable
approach to flood mitigation (Crossman et al., 2019;
Bolan et al., 2023; Birkeland et al., 1979). In a study
by Verbesselt et al. (2010), a general approach to
land use detection was proposed, utilizing seasonal
change detection, and analyzing various trends such
as deforestation, urbanization, and seasonal floods
through time series of the NDVI index. This meth-
od has proven effective in monitoring and detecting
land cover changes over time. Subsequent research
has expanded on this approach, incorporating addi-
tional techniques and datasets. For instance, Lin et
al. (2020) demonstrated the use of NDVI time series
for separating different types of land cover changes,
enhancing the precision of detection algorithms.

Additionally, Zhu (2022) noted a paradigm shift from
traditional two-point change detection to continuous
monitoring, which has enhanced the ability to track
and analyze land cover changes over time (Ayele, G.T
et al., 2018). This shift is crucial for understanding
the dynamic nature of land use and cover, especial-
ly in areas affected by environmental disturbances
such as floods. Further studies have highlighted the
significance of integrating various vegetation indices
for more accurate change detection. For example,
Liu et al. (2023) reviewed different methodologies
for land use change detection, emphasizing the
importance of using time-series datasets like NDVI
for effective monitoring. The integration of Landsat
time-series vegetation indices has further improved
the consistency and accuracy of change detection
models, as highlighted by recent studies (Waylen et
al., 2014; Gao et al., 2005).

There are a dearth of comprehensive research and
integrated approaches for assessing the extent of
harm to fragmented land cover categories. Consid-
ering that flash floods in mountainous regions yield
significant and devastating consequences, especially
within protected areas (Island et al., 2014; Biswas et
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al., 2023), itis imperative to investigate the resources
and disruption affecting vegetation and other land-
use groups within the Central Zagros region (Modrick
et al.,, 2015) Recent studies have shown that land-
use changes, such as increased urbanization and de-
forestation, exacerbate the frequency and intensity
of flash floods. For instance, in the Yesanpo scenic
national park, land-use changes have heightened
the risk dynamics associated with flash floods, lead-
ing to considerable property damage and disruption
of local ecosystems (Chen et al., 2020). In the Cen-
tral Zagros region, the interplay between vegetation
growth, land cover dynamics, and increasing water
scarcity further complicates the situation. Changes
in vegetation cover can either mitigate or exacerbate
the effects of flash floods depending on the nature
of the changes (Behling et al., 2022).

This study aims to examine the effects of floods on
land-use/land-cover (LULC) patterns and transitions
in the SPA, a biodiversity hotspot and a cultural her-
itage site in Central Zagros, Iran. Using fragmenta-
tion analysis and LULC change detection, and com-
paring them with landscape pattern indices, the
study investigates how floods affect the spatial char-
acteristics and processes of different LULC types in
the short term. Landscape measurement tools are
utilized to assess the spatial organization of patches,
land classes, or entire mosaics across a landscape.
The study evaluates the impact of floods on land
cover using fieldwork and interviews, which collect
data and information from the ground and the local
people. It hypothesizes that floods have a significant
negative effect on the LULC patterns and transitions,
especially on Farmlands and Barre lands, and that
the vulnerability and resilience of different LULC
types depend on their characteristics and processes.
The study provides valuable evidence for response
planning and mitigation of future flood events, en-
hancing the resilience and adaptation of the study
area to flood hazards and climate change. By under-
standing the interplay between flooding events and
land cover changes, we aim to inform better land
management practices and policy-making that can
mitigate the adverse effects of floods while leverag-
ing their ecological benefits.
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2 Materials and methods

2.1 Study area

This research focused on the Sefid Kuh Protected
Area (SPA), with an area of 70,031 hectares, which
is administered by the Department of Environment
(DoE) of Lorestan Province and covers parts of Khor-
ramabad and Selseleh in western Iran. It is between
latitudes 33°30'01.18" and 33°47'40.15"” N and lon-
gitudes 47°57'01.18" and 48°14'40.15"” E and has
an elevation that ranges between 1,120 meters
and 3,870 meters. For a temperate Mediterranean
area, the average annual precipitation and temper-
ature reach up to 600 mm and 11 °C, respectively
(Darvishsefat et al., 2006) The majority of the rural
population lives at lower elevations alongside rivers
(Firouz, 2005). The SPA, recognized as a protected
area in 1968 and upgraded to a fully protected area
in 1990, is characterized by its mountainous terrain,
including the Sefidkuh mountain range, part of the
larger Zagros Mountain system. These mountains
formed due to the collision of the Arabian and Eura-
sian tectonic plates, resulting in a complex geological
structure with steep slopes, deep valleys, fault lines,
and thrusts. Erosional forces, particularly water ero-
sion, have shaped the region into river valleys, gorg-
es, and alluvial fans. The hydrological network, com-
prising small rivers and streams, plays a crucial role
in shaping the area’s geomorphology.

The SPA, apart from its geological significance, is an
area that has the diversity of rich habitats and sup-
ports high numbers of plant and animal species (No-
roozi et al., 2020). Thirty-eight animal species from
the SPA have been recorded, including, but not lim-
ited to, the Persian squirrel, wild goat, brown bear,
Persian leopard, and wild cat, evidence of the rich
biodiversity of area (Darvishsefat et al., 2006). Field
visits showed great damage to land cover within the
boundaries of the SPA due to floods and further in-
creased the importance of this protected area as a
hotspot for biodiversity in the Central Zagros region
(Vaghefi et al., 2019).

Massive floods that hit Lorestan Province in March
2019 made a huge difference. They affected over
1,800 villages, 200 completely submerged and
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Figure 1. The study area is in Lorestan Province, western Iran, highlighting the protected area of SPA in the Zagros Mountains for

investigation and modelling.

about 15 people dead. Severely damaged infrastruc-
ture included coastal walls, roads, water lines, and
cut power. The flooding also had serious effects on
health services, agriculture, and cultural heritage
centers (SRCIF, 2019). The area faced two major
rainfall events: the first, which poured 141 mm from
March 23 to 26, 2019, and the latter drenched the
area with 181 mm from March 30 to April 1, 2019,
leading to 1.35 and 1.3 billion cubic meters of rain-
fall, respectively (Lorestan Regional Water Company,
2019). The town of Khorramabad incurred the great-
est damage to its socio-economic aspects. However,
the floods not only devasted Kashkan coastal wall in
the Poldokhtar but also resulted in the destruction
of residential and commercial areas under floodwa-
ters. Unfortunately, Sarab Durah city suffered sim-
ilarly with water flooding more than a third of its

residential and industrial houses thereby erratically
covering residential areas and protected commercial
zones (Lorestan Governorate, 2019).

2.2 Standardized Precipitation Index (SPI)

The Standardized Precipitation Index (SPI) is a widely
used meteorological drought index (Guttman et al.,
1999; Vicente et al., 2010) that quantifies observed
precipitation anomalies relative to a selected prob-
ability distribution function. It provides a standard-
ized departure from the long-term mean precipita-
tion, allowing comparisons across different regions
and climates The SPI values indicate increasingly
severe rainfall deficits (droughts) as SPI decreases
below -1.0 and excess rainfall as SPI increases above
1.0. Further the SPI represent the number of stand-
ard deviations by which the observed anomaly devi-
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ates from the mean. The formula for SPI calculation
is as follows:
P*

P

SPI=

P-
o

(P) represents the observed precipitation
(P*) is the mean precipitation
(op) is the standard deviation of precipitation

2.3. Data Collection

To assess the extent of damage incurred by five dis-
tinct land-use categories, specifically agriculture,
snow-covered areas, barre land, compact woodland,
and thin woodland, a total of 60 sampling points
were collected for each land cover type. The data
collection process encompassed 355 points acquired
in 2018 before the occurrence of the flood event,
with these pre-flood data points collected by envi-
ronmental experts from the natural resource organ-
ization of Lorestan. An additional 362 points were
collected post-event in 2019 through field work and
expert observations. In this study, a two-time series
of LANDSAT 8 satellite imagery from 2018 and 2019

SPI
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was employed to analyze the changes in land cover.
The bands of 4 (red) and 5 (near infrared) from the
Landsat 8 data were used to create an NDVI (Nor-
malized Difference Vegetation Index) map to further
assess the changes in vegetation. Both time series
of satellite imagery underwent an initial rectification
and geo-referencing process, aligning them to the
Universal Transverse Mercator (UTM) zone 39 pro-
jection system, utilizing the World Geodetic System
(WGS) 1984 datum. The primary objective of this
study was to quantify the variations in flood events
between the year of the flood (2019) and the preced-
ing year (2018). The satellite images were sourced
from the official website of the United States Geo-
logical Survey (USGS) at [earthexplorer.usgs.gov] (Ta-
ble 1). The acquired satellite images were utilized to
conduct a comprehensive analysis of the spatial and
temporal changes in land cover classifications with-
in the mountainous region under investigation. To
mitigate the potential influence of cloud cover and
seasonal variations on the accuracy of the classifica-
tion process, the images were deliberately captured
on dry and clear-sky days toward the conclusion of
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Figure 2. 36-monthly SPI (Standardized Precipitation Index) for SPA (2017-2020; (IRIMO 2018)). The blue bars represent positive
precipitation, while the red bars indicate negative precipitation values. The data reveals the seasonal variations in the local

climate.
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Table 1. This table provides the details of the Landsat 8 satellite imagery used in this study.

Scene Cloud No. of Bands Selected bands Spatial Resolution Acquired Date

Scene ID Sensor
LC81660372018271LGNOO Operational Land Imager/ 0.04
Thermal Infrared Sensor
LC81660372019290LGNOO Operational Land Imager/ 1.15

Thermal Infrared Sensor

11 B5, B4 30*30m 2018-09-28

11 B5,B4 30*30m 2019-10-17

the winter season. By employing this approach, the
study aimed to enhance the reliability and precision
of the land cover classification results.

The methodology employed in this study encom-
passed three primary stages: preprocessing, pro-
cessing, and post-processing of the satellite imag-
es. To facilitate the implementation of geographic
information system (GIS) and remote sensing (R.S.)
techniques, a range of software packages were uti-
lized, including ArcGIS 10.3, ERDAS Imagine 2015,
and ENVI Classic 2015. Specifically, ENVI Classic (5.3)
was utilized for the analysis phase. The acquisition of
satellite images was conducted during the autumn
season, as vegetation exhibits distinct characteristics
during this time, aiding in the differentiation of var-
ious ground cover types. While it is ideal to gather
images during the summer months (June to August)
for the temporal identification of vegetated regions,
as suggested by previous studies, the autumn sea-
son was chosen in this particular study (Wang et al.,
2017).

2.4 Data processing

The preprocessing of the two Landsat images in-
volved standard image processing techniques, in-
cluding extraction, layer stacking, re-projection,
radiometric enhancement, and topographic correc-
tion. Considering the temporal and multi-sensor na-
ture of the study, a radiometric adjustment protocol
was applied to account for variations in reflectance
caused by solar distance and angle differences, uti-
lizing three calibration measures to obtain accurate
bottom-of-atmosphere (BOA) reflectance values
(Dar et al., 2019; Prieto-Amparan et al., 2018). These
measures included the empirical line method (ELM)
(Song et al., 2001; Chavez, 1988), which establishes
a linear relationship between digital number (DN)
values and ground reflectance values by using two
reference targets with known reflectance (Ariza, A.
et al.,, 2018). The conversion to BOA reflectance is
crucial for minimizing atmospheric effects, thereby

providing more reliable data for land use analysis
in the SPA (Prieto-Amparan et al., 2018).The ELM
method was used for the radiometric correction of
the Landsat images, which aims to remove the ef-
fects of atmospheric scattering and absorption and
to convert the DN values to surface reflectance val-
ues. The results of the method were compared and
validated using the root mean square error (RMSE)
and the coefficient of determination (R2) statistics.
The ELM method was found to have the best per-
formance, with the lowest RMSE and the highest R2
values, and was therefore selected for the radiomet-
ric correction of the Landsat images.

The equations used (for measuring) the radiance of
the at-sensor in W/(m?2 * sr x um) are as follows:

Gain= (Lmax-Lmin)/(DNmax-DNmin)
Bias=Lmin-gainxDNmin
Radiance=gainxDN+bias

The calibration constants are Lmax and Lmin, DN is
the initial digital numbers of the images, and DN-
max and DNmin are the images’ digital numbers.
The understanding of the workflow for conducting
the modeling process is visually presented in Figure
3. through an explanatory flowchart. This diagram
illustrates the sequential steps involved in carrying
out the modeling tasks, providing a clear and concise
representation of the overall process.

2.5 Landcover Classification

The classification of land-use classes was conducted
using the Supervised Random Forests (RF) machine
learning algorithm after calibrating the two Landsat
images. The Supervised Random Forest algorithm,
chosen for its effectiveness in land-use classifica-
tion tasks, applies an ensemble learning approach
based on decision trees. It has been widely utilized
in remote sensing studies for accurate and efficient
classification of land cover (Balha et al., 2023; Talu-
kdar et al., 2020). RF is an ensemble-based classifier
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Establish Linear relationship
between DN values and
ground reflectance values

R[ELM method]

Radiometric Correction
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algorithm (RF)

Spectral Indices
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Figure 3. Explanatory flowchart illustrating the sequential steps involved in performing the modelling process. This flowchart
outlines the key steps in the methodology, including image processing, establishing DN-reflectance relationships, landscape
metrics calculation, classification, change detection, accuracy enhancement, and spectral index derivation to analyse land cover

changes.

consisting of randomized base regression trees. Each
random tree comprises a root node, internal nodes
(splits), and terminal nodes at different levels. The
root node incorporates all training samples and trav-
erses the tree to determine the optimal split at each
node, utilizing a randomly selected subset of input
variables. To ensure the representation of all classes
in the training data, additional criteria were estab-
lished to enhance the coherence of the classification
outcomes within our specific case study. Extensive
scrutiny and analysis were conducted to fulfill these
requirements. To facilitate this process, the Differ-
ential Vegetation Index of Normalization (NDVI) was
introduced, as proposed by previous studies (Huang
et al., 2021). NDVI serves as a valuable metric for as-
sessing vegetation dynamics and plays a crucial role
in our classification methodology (Ayanlade et al.,
2017). The utilization of NDVI within our methodol-
ogy is attributed to its capacity for discerning vegeta-
tion density and condition, rendering it particularly
effective for forested mountainous regions. Further-
more, the incorporation of a slope layer has demon-
strated a significant enhancement in the accuracy

of predictions pertaining to sparsely vegetated or
barre areas. Notably, the inclusion of an Euclidean
distance measurement to the area’s road network
layer has proven instrumental in identifying artificial
surface classes, as dense road networks are indica-
tive of intensive human activity and altered land use
patterns. Subsequently, the consolidation of class-
es is performed, with a particular emphasis on the
fragmentation of LULC. Initially, six distinct land use
groups were selected to encompass the diverse land
cover in the study area. Given the focus on LULC
fragmentation monitoring, the detection of shifts
primarily centers on transitions from woodland land
cover to sparsely vegetated areas, barre, or artificial
land uses (indicative of deforestation), and vice ver-
sa (indicating reforestation).

2.5.1 Ground Truthing for LULC Classification

To ensure the accuracy and reliability of the LULC
classification for the years 2018 and 2019, a com-
prehensive ground truthing process was conduct-
ed. This process involved generating random points
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within the study area using GIS software. A statisti-
cally significant number of points, typically around
300, were selected to cover various land cover cat-
egories, including Compact Woodland, Thin Wood-
land, Rock, Barren Land, Snow, and Farmland. Initial-
ly, satellite images and field samples were collected
for areas with increasing, decreasing, and constant
characteristics. Field data collection was performed
by navigating to each randomly generated point us-
ing GPS devices. At each location, the actual land
cover type was recorded, and photographs were
taken for visual documentation and verification pur-
poses. The collected ground truth data was then in-
tegrated into the GIS system to create a confusion
matrix, which is essential for assessing classification
accuracy. The matrix allowed for the calculation of
several key metrics:

2.5.2 Producer’s Accuracy

It is @ measure of omission error, indicating the like-
lihood that a reference pixel is correctly classified.
High Producer Accuracy means that few pixels of the
class are omitted from being correctly identified. In
mathematical terms, if N____is the total number of
classified points that match the reference data, and
N is the total number of reference points for that

total
class, the formula for Producer’s Accuracy is:

correct

PA=

total

2.5.3 User’s Accuracy

the User’s Accuracy, also known as the User’s Com-
mission, is a measure of the accuracy of a classifi-
cation map from the perspective of the map user.
It’s calculated as the number of correctly identified
pixels of a given class divided by the total number
of pixels that were classified as that class. In mathe-
matical terms, if N____is the total number of classi-
fied points that match the reference data, and N___
fed is the total number of points that were classified
as that class, the formula for User’s Accuracy is:

N
U A= correct

total
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2.5.4 Overall Accuracy

The recorded land cover types were matched against
the predefined classification categories to ensure
consistency. Subsequently, the images underwent
evaluation using overall accuracy indices and the
Kappa coefficient. The overall accuracy indices were
computed using a specific equation:

OA:%Zpﬁ

In operational contexts where classification accuracy
is compared, the Kappa coefficient index is frequent-
ly employed due to the presence of errors in overall
accuracy. The Kappa coefficient considers the sum of
the main diagonal elements of the error matrix, and
it specifically targets pixels that have been classified
incorrectly.

2.5.5 The Kappa Coefficient

The Kappa coefficient is a statistical measure used
to evaluate the agreement between two raters or
classifications while accounting for the agreement
occurring by chance. It is particularly useful in as-
sessing the accuracy of land cover classifications in
remote sensing and thematic mapping.

The Kappa coefficient (K) can be calculated using the
following formula (Rwanga et al., 2017):

Po: (Observed Agreement) is the proportion of in-
stances where the raters agree.

Pe: (Expected Agreement) is the proportion of in-
stances that would be expected to agree by chance.
P -P

1-P,

Ideally, the value of the Kappa coefficient is one. If
this value is equal to zero the classification is com-
pletely random and if a negative value is obtained,
there is an error in the classification.

To assess the land use and land cover changes be-
tween the two time periods, a random sampling ap-
proach was used to select 60 reference points, which
were then compared to the corresponding map clas-
sifications using the Kappa coefficient method.
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2.6 Change detection

The objective of this study is to obtain spatial and
guantitative information regarding LULC shifts. To
achieve this, a post-classification (P.C.) compari-
son technique, specifically cross-classification, is
employed. This analysis facilitates the quantita-
tive assessment of changes and, more importantly,
transitions in class information. The pixel-by-pixel
approach adopted in this shift analysis enables the
measurement of both the extent and spatial distri-
bution of modifications in land cover. By utilizing
this methodology, comprehensive insights into the
dynamics and patterns of LULC changes can be ob-
tained (Coppin et al., 2004). The P.C. contrast method
involves the analysis of two image sequences, each
spanning the intervals of 2018 and 2019 (Table S1).
The primary objective of this method is to visually
portray the LULC changes that took place during the
research period. Additionally, it seeks to provide a
concise overview of the assigned LULC changes cat-
egories and explore potential correlations with rel-
evant events. From a quantitative perspective, the
resulting transformation maps effectively illustrate
the periodic LULC changes that occurred during both
the flooded and non-flooded periods.

The WGS 84/UTM Zone 39N spatial reference meth-
od was employed to acquire precise GPS coordinates
within the protected area. These coordinates were
utilized in executing the Maximum Likelihood al-
gorithm, enhancing the accuracy of the monitored
classification. Furthermore, the obtained GPS coor-
dinates were instrumental in assessing the study’s
overall precision.

To quantify the changes that transpired after the
flood, the rate of change was calculated using a spe-
cific formula. This formula, based on the equation

[1]:

Y
[1] Rate of change (%) = I:(Z;) ! —1]X 100"

(FAO, 1995, Gregorio, 2005)
Al= Basic year data (previous)
A2= Last year’s data (new)

N= Number of years
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2.7 Landscape metrics

Landscape indices provide a valuable means of esti-
mating land elements and classes, with their inter-
pretation dependent on the scale and spatiotempo-
ral resolution (Walz, 2008; Herzog & Lausch, 2001).
In this study, the SHDI index, widely used to meas-
ure diversity in ecological communities (McGarigal,
2000), was employed to assess land use diversity in
the landscape before and after the flood. This index
examines the types and proportions of land use cat-
egories during the specified periods. The Shannon/
Weaver index, which ranges from 0 to 1, reflects the
level of diversity in the landscape. A value of 0 indi-
cates a landscape consisting of a single biotope type,
indicating no diversity.

H'’= -ani Inp,
i=1

where (n) is the number of elements in the system,
and (pi) is the proportion of the i-th element. The
proportion is calculated by dividing the frequency or
abundance of the element by the total frequency or
abundance of all elements.

As the number of different biotope types or the pro-
portional distribution of area among patch types in-
creases, the index value increases, signifying a great-
er degree of fairness or heterogeneity. However, it is
important to note that this index can be influenced
by natural events such as floods, which can alter
the distribution and composition of biotope types
(Bogaert, 2001). This study focuses on quantitative-
ly investigating the magnitude of land use changes
caused by such natural events, specifically examin-
ing whether these changes increase or decrease.
The Interdispersion and Juxtaposition Index (lJI)
(McGarigal & Marks, 1995) is utilized to assess the
heterogeneity of biotopes and patch types. In this
study, the 1JI was calculated at the landscape level.
This specification also applies to all the metrics in-
cluded in Tables 3 and 4, where each metric was cal-
culated at the landscape level. accordingly. The In-
terdispersion- and Juxtaposition-Index (lJ1) is utilized
to assess the heterogeneity of biotopes and patch
types. When the 1)l value approaches 0, it indicates
a less even distribution of patch adjacencies, imply-
ing less interspersion and juxtaposition within the
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biotope. Conversely, a value close to 100 suggests a
more even distribution of patch adjacencies, indicat-
ing higher interspersion and juxtaposition (Farina,
2000). These indicators were calculated using the
FRAGSTATS (McGarigal, 2000) network-based spa-
tial pattern analysis program. Several metrics were
used to calculate these landscape indices, including
class level measurement, area percentage, number
of patches, Total Edge, landform shape, largest spot,
average spot level, and average Euclidean distance.
The definitions and equations for each metric can be
found in Table S1 and Table S22 of this study. By in-
corporating landscape indices and their associated
metrics, this research aims to provide a comprehen-
sive understanding of the spatial patterns, diversi-
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ty, and heterogeneity of land use within the study
area. These analyses contribute to a more nuanced
assessment of the impacts of the flood and provide
insights for effective land management and planning
strategies.

3 Results

3.1. Comparing LULC change in two years

Both Figure 4-a. and Figure 4-b. illustrate the land-use
classificationin 2018 and 2019, showcasing the trend
of changes resulting from flood events on land-use
classes. In 2018, the compact and thick Woodland
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Figure 4. The Land Use and Land Cover Map of the Study Area. This thematic map shows the spatial distribution of land cover
types such as Thick Woodland, Thin Woodland, Rock, Barreland, Snow, Farmland, and Village, as well as the river network and
road infrastructure within the study region. (a: Land Use and Land Cover Map of 2018, b: Land Use and Land Cover Map of 2019).
C: land use and land cover (LULC) change detection between the years 2018 and 2019.
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encompassed 13,643 and 13,918 hectares respec-
tively. However, in 2019, these figures decreased to
14,473 and 11,115 hectares respectively, indicating
a rise in the proportion of compact Woodland as a
result of the flood, while thin Woodland decreased
after the flooding. This increase is primarily based on
the NDVI values indicating an increase in greenery
(Brown & Davis, 2021). Tables 2 and 3 demonstrate
the high accuracy of these findings, with an overall
accuracy of 90% for the points prepared by experts
in the 2018 classification, and approximately 91% in
2019. Focusing on changes in agriculture, there was
a significant decrease during the flooding period,
with this class declining from 303 hectares to 153
hectares. Other classes, such as snow, experienced
a sharp decrease from 10,242 hectares to 5,635 hec-
tares. The Rock class also exhibited a decline from
26,487 hectares to 25,634 hectares, possibly due
to woody debris flowing onto rocky areas. Another
notable change pertains to Barreland, which expe-
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rienced an increase from 5,430 hectares to 13,014
hectares during the given period. This increase can
be attributed to the transformation of other land
uses into Barreland (Mandala et al., 2024). A com-
parison of land-use classes in SPA reveals a signifi-
cant difference between the two years before and
after the flooding, as presented in Table 4. The high-
est amount of change is observed in the Barreland
class, which amounts to 10.83%. The map present-
ed in Figure 4-c. provides a comprehensive spatial
analysis of land cover changes within the study area
over the observed short period. The map delineates
various types of land cover changes, including con-
versions to and from Barreland, rock, farmland, thin
woodland, thick woodland, and snow cover.

The two-way diagram of land use changes from 2018
to 2019 revealed significant dynamics in our study
area. Notably, the most substantial change occurred
in barre regions, while snowy areas experienced the

Table 2. The confusion matrix and accuracy assessment metrics for the 2018 land cover classification. It shows the producer’s
and user’s accuracy for each land cover class, as well as the overall classification accuracy and the Kappa coefficient. The table
provides a detailed breakdown of the classification performance, including the commission and omission errors for each class.

Ground truth Total Commission  Omis-
Compact Thin Woodland Rock Barreland Snow Farmland error (%) sion
Woodland error (%)
Classification Compact Woodland 54 0 1 3 1 60 10 1.66
Thin woodland 0 57 1 0 0 60 5 10
Rock 0 3 57 0 0 60 5 10
Barreland 0 49 1 2 55 10.9 10.90
Snow 1 3 53 1 60 11.66 8.33
Farmland 0 3 1 55 60 8.33 6.66
Total 55 63 65 55 58 59
Producer accuracy 94 87 94 90 86 92 Kappa coefficient: 89.36
User accuracy 85.45 83.21 92.15 90 93.47 97.87  Overall accuracy: 0.90

Table 3. The confusion matrix and accuracy metrics for the 2019 land cover classification. It includes producer’s and user’s
accuracies for each class, as well as the overall accuracy and Kappa coefficient. The table details the commission and omission

errors for the different land cover types.

Ground truth Total Commission Omis-
Compact Thin Woodland Rock Barreland Snow Farmland error (%) sion
Woodland error (%)
Classification Compact Woodland 54 0 1 3 1 60 10 1.82
Thin woodland 0 57 1 0 0 61 6.56 12.31
Rock 0 3 56 1 0 60 6.67 11.11
Barreland 0 2 2 53 1 2 60 11.67 11.67
Snow 1 0 3 55 0 61 9.84 9.84
Farmland 0 3 0 1 55 60 8.33 5.17
Total 55 65 63 60 61 58
Producer accuracy 90 95 95 81.66 88.33 91.66 Kappa coefficient: 89.36
User accuracy 90 95 95 89.09 88.33 91.66  Overall accuracy: 0.90
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Table 4. The confusion matrix and accuracy metrics for the 2019 land cover classification. It includes producer’s and user’s

accuracies for each class, as well as the overall accuracy and Kappa coefficient. The table details the commission and omission

errors for the different land cover types.

Areain ha Area Change  AreainPercent Change (%) al/a2 a2/al Percentage of chang-
es

Name 2018 2019 2018 to 2019 2018 2019 2018 to 2019

Compact Woodland 13643 14473 830 19.48 20.66 1.18 -2.89774 2.98422 6.057495
Thin Woodland 13918 11115 -2803 19.87 15.87 -4 11.89495  -10.6305 -20.1309
Agriculture 303 153 -150 0.43 0.21 -0.22 43.09504 -30.1164 -51.1628
Snow 10242 5635 -4607 14.62 8.04 -6.58 34.84836  -25.8426 -45.0068
Rock 26487 25634 -853 37.82 36.60 -1.22 1.653005 -1.62612 -3.22581
Barreland 5430 13014 7584 7.75 18.58 10.83 -35.4155 54.83602 139.7419

largest decrease. These alterations were likely influ-
enced by various factors, including natural events
such as floods. (Table 4) provides further insights
into these land use changes. Specifically, agriculture
showed the lowest percentage of change, suggest-
ing relative stability in agricultural land cover. In con-
trast, barre land exhibited the highest percentage
of change, indicating significant alterations. Barre
regions may have been affected by flood-induced
erosion or other processes.

Considering downstream effects, sediment trans-
port plays a crucial role in shaping river systems. The
flood event likely mobilized sediments, leading to
downstream deposition. Understanding sediment
pathways and their impact on river ecosystems is
vital for sustainable land management. Sediment
deposition downstream can influence water quality,
aquatic habitats, and channel morphology. It may
contribute to the formation of new landforms (e.g.,
riverbanks, deltas) or affect existing ones. Benefits
include nutrient enrichment (essential for riparian
vegetation and aquatic ecosystems), land building
(fertile floodplains), and habitat creation. However,
challenges such as erosion control, navigation hin-
drance, and flood risk must be considered.

3.2 Landscape metrics

This analysis utilized multiple metrics, including LPI,
NP, CA, PLAND, ED, LSI, Split, and TE, to examine the
highly detrimental consequences of flood interfer-
ence on different land cover classes during the study
period. Landscape metrics were employed to pro-
vide insights into the spatial structure of the evolving
landscape (Brown et al., 2021). The CA and PLAND
values (Table 5) illustrate the proportion of different
land-use classes in hectares and percentages. Both

figures demonstrate that all classes, except compact
Woodland and Barreland, experienced decreases.

The NP metric indicates the number of patches of a
given class and measures the degree of class frag-
mentation. Values equal to or greater than 1 suggest
that the landscape consists of multiple patches. The
number of patches shown in Table 5 increased for
both woodland classes, with the Barreland class ex-
periencing the largestincrease in 2019, around 9,000
patches, while other classes such as Rock, White
area, and farmland exhibited decreasing trends. Ta-
ble 5 displays the patch density, where a lower den-
sity implies less fragmented classes. The Barreland
class demonstrated the most significant change in
density, with a value of 13.1308 per 100, while farm-
land had the lowest density at 0.7926 percent.

The LPI index (Table 5) measures the percentage of
total landscape area occupied by the largest-size
patch of a class. A higher value indicates a larger
margin length, measured in meters. The most no-
table change in the LPI index was observed in the
Rock class, increasing from 18.34 in 2018 to 26.24 in
2019. Additionally, the Total Edge (TE) metric, repre-
senting the absolute length of the entire margin of a
class, exhibited a substantial change in the Barreland
class. In 2018, it measured 2,306,970 meters, while
one year after the flooding, it doubled to 4,770,570
meters (Table 5). Conversely, the snow cover of the
region, classified as the White area, decreased from
3,618 hectares in 2018 to 2,332 hectares in 2019.

The Edge Density (ED) metric (Table 5) reflects the
shape complexity and spatial heterogeneity of a
class. Notable differences were observed after the
flooding, particularly in the Barreland class, which
increased from 32.98 in 2018 to 68.12 in 2019. In

Landscape Online — supported by the International Association for Landscape Ecology and its community



Moradi et al. Landscape Online 99 (2024) 1130 | Page 13

Table 5. Landscape metrics in 2018 and 2019.

Compact Woodland Thin Woodland Rock Barreland Snow Farmland
CA (ha) 2018 13.64 13.9 26.49 5.43 10.24 0.3
a
2019 14.47 11.12 25.63 13.01 5.64 0.15
2018 19.48 19.88 37.83 7.76 14.63 0.43
PLAND (%)
2019 20.67 15.87 36.61 18.58 8.05 0.22
NP 2018 5698 5711 6301 6545 6456 729
2019 6498 6911 5674 9195 5666 555
2018 8.14 8.16 9 9.35 9.22 1.04
PD (no./100 ha)
2019 9.28 9.87 8.1 13.13 8.09 0.79
2018 3.11 4.85 18.35 1.66 1.06 0.03
LPI (%)
2019 4.17 3.87 26.25 3.16 0.52 0.01
TE (m) 2018 3901500 4220250 5288490 2309670 3618870 185400
2019 4178430 4179510 4480380 4770570 2332620 116430
2018 55.72 60.27 75.52 32.98 51.68 2.65
ED (m/100 ha)
2019 59.67 59.69 63.98 68.13 33.31 1.66
LSt 2018 83.78 89.75 81.88 80.34 91.39 29.08
2019 87 99.46 70.33 106.23 80.78 24.67
Ul (%) 2018 74.42 80.92 85.06 87.47 83.34 91.83
) 2019 77.88 76.87 84.19 86.61 79.24 91.81
solit 2018 430.02 339.4 24.22 3139.57 3304.51 4077322.6
P 2019 357.06 621.55 14.44 722.79 11370.93 15176861
Al (%) 2018 78.68 77.36 85.06 67.52 73.11 50.36
) 2019 78.47 71.9 86.98 72.24 67.95 41.01
Shannon Diversity 2018 -0.32 -0.32 -0.37 -0.2 -0.28 -0.02
Index -0.33 -0.29 -0.37 -0.31 -0.2 -0.01

Correlation LULC and Fragmentation indices
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Figure 5. Correlation between LULC and Fragmentation Indices from 2018 to 2019. This graph illustrates the relationship
between various landscape metrics, including Contagion (CA), Patch Density (PD), Largest Patch Index (LPI1), Total Edge (TE),
Interspersion and Juxtaposition Index (1J1), and Splitting Index (SPLIT), across two time periods, 2018 and 2019. The correlation
values are plotted, allowing for the comparison of these spatial pattern indices and their changes over the one-year interval.
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contrast, the White area and farmland exhibited dif-
ferent trends, with values of approximately 51.67
and 2.64 in 2018, and 33.31 and 1.66 in 2019, re-
spectively. The LSl index (Table 5) measures the com-
plexity of a class based on the maximum aggregation
of patches within that class. Both woodland classes
demonstrated an increase (87.00 and 99.45, respec-
tively) following the flood event, while the Barreland
class exhibited the most substantial increase, from
80.33in 2018 to 106.23 in 2019. Conversely, classes
such as farmland, snow cover, and Rock showed de-
creases (24.67, 80.78, and 70.32, respectively).

The Splitting Index (Table 5) represents the number
of equal-sized patches of a particular class required
to produce a desired degree of the landscape frag-
mentation. Notably, significant changes occurred
in the farmland class, increasing from 4 hectares in
2018 to 15 hectares in 2019 (Table 5). The isolation
and compactness of classes are depicted in Table 5,
where lower values indicate higher fragmentation.
In this figure, the lowest values were observed for
farmland, snow cover, and thin Woodland in 2019
(41.00, 67.95, 71.89, respectively).

The Shannon diversity index values for different land
cover types across 2018 and 2019 demonstrate var-
ying diversity trends (Table 5). Compact Woodland
and Thin Woodland saw slight decreases in their
indices, from approximately 0.31 to 0.30 and 0.31
to 0.29, respectively. Rock experienced a minor de-
cline from 0.34 to 0.33, indicating relatively stable
yet slightly reduced diversity. Conversely, Barreland
significantly increased its index from about 0.19 to
0.29, suggesting improved biodiversity. Snow exhib-
ited a modest rise from 0.21 to 0.23, while Farmland,
despite remaining the least biodiverse category, saw
a small increase from approximately 0.02 to 0.03.
These results reflect diverse ecological dynamics,
with some habitats experiencing declines in species
diversity and others showing improvements.

The Pearson’s correlation coefficient test conducted
to compare the accuracy of estimates of both LULC
and Fragmentation methods in assessing land-use
changes caused by the flood revealed strong corre-
lations between the two methods in several indices.
Specifically, the test demonstrated that the esti-
mates of both methods in the following indices were
very similar and correlated with each other Figure 5.
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4 Discussion

This research focused on how the Random Forest
learning method was used to find land cover chang-
es in a short time in the central Zagros Mountains
area after the flood in 2019. Wing et al. (2017) are
a good example of this method which highlights LC
changes when the flood started and tracking them
for one year shows land uses that are sensitive right
after the flood happens. Zhao’s et al. (2020) men-
tioned how quick decisions are needed after natural
disasters also stating that using supervised classifi-
cation for quick reviews makes sense since it gives
clear and correct details about land cover changes
which matter for looking at things right after the
disaster occurs. An increase in the thick woodland
class, shown by higher NDVI values, and the growth
in bare lands values related natural changes after
floods. These shifts align with what Gabriels et al.
(2021) study, which showed land use changes after
floods. Goodarzi et al. (2019) reported that under-
going dieback because of stress makes trees more
vulnerable to pests and diseases. In places with wa-
terlogged lands and woodlands, this link between
stress from nature and insect outbreaks has been
shown by Coalson et al. (2021), highlighting the ne-
cessity of taking both short- and long-term ecologi-
cal effects into account when managing post-disas-
ter landscapes (Jones et al., 2022). Size-reduced and
fragmented habitats may lead to a decline in spe-
cies movement and genetic exchange, thus increas-
ing the likelihood of local extinction (Haddad et al.,
2015). Conversely, the greater aggregation and clus-
tering of exposed soil areas suggest an elevated risk
of erosion and a reduction in habitat availability for
native species. Such changes reflect broader shifts
in landscape integrity, which have implications for
ecological stability and the survival of species with-
in the impacted areas. This degradation aligns with
recent research that reports similar declines in eco-
system health and habitat diversity resulting from
alterations in land cover and occurrences of flooding
(Kayitesi et al., 2022).

Lower values in Shannon’s Habitat Diversity Index
(SHDI) imply increased habitat fragmentation and
degradation, reflecting a decreased complexity and
variety of land cover classes (Almenar et al., 2019).
The proliferation of fragmentation and isolation in
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woodland patches, as demonstrated by metrics such
as the Largest Patch Index (LPI) and Edge Density
(ED), corresponds with patterns identified in recent
research that underscore how habitat fragmentation
disrupts species connectivity and increases extinc-
tion risks (Liu et al., 2019). The aggregation and clus-
tering of bare soil patches suggest greater erosion
potential and diminished habitat availability, mirror-
ing broader impacts documented in recent studies
regarding land cover changes and their ecological
repercussions (Rane et al., 2023).The reduction of
dense forests leads to the disappearance of habitats
for numerous species that depend on these eco-
systems, including the brown bear (Ursus arctos),
wild goat (Capra aegagrus), Persian squirrel (Sciurus
anomalus), and wild boar (Sus scrofa) (Noroozi et al.,
2018), which may experience population declines or
even local extinction. Such changes also impede eco-
system services; for example, the removal of trees
and vegetation diminishes soil stability, making the
region more vulnerable to erosion and resulting in
sediment accumulation in adjacent water bodies.
Furthermore, the absence of tree roots, which func-
tion as natural water filtration systems, decreases
the area’s capacity to purify water, potentially lead-
ing to a deterioration in water quality. Additionally,
forests serve as carbon sinks, sequestering carbon
within their biomass and soils. The conversion of
these regions into desolate landscapes eliminates
this carbon storage capability, thereby increasing
atmospheric carbon levels and intensifying climate
change. As a result, shifts in land cover have signifi-
cant consequences for both biodiversity and critical
ecosystem functions. In light of these also future re-
search directions, it is essential to implement contin-
uous monitoring due to potential long-term effects;
by systematically tracking changes in land cover and
ecosystem health, a more comprehensive under-
standing of these transformations and their implica-
tions can be attained.

Ground-truth data, a critical deficiency combined
with satellite image temporal resolution, is a potent
influence conceivable, but inferring on LULC change
identification and scrutiny. Taken from satellites,
these images are set at intervals for analysis purpos-
es. Ground-truth data is also an impediment to our
LULC change detection, confounding and restrict-
ing classifications. In its absence, a bigger threat of
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misclassification surfaces; complex sceneries exac-
erbate the risk of varied landscapes. Regions with
scarce forest cover could categorically be misidenti-
fied as barren lands. Alternatively, drawing incorrect
conclusions on gradual degradation or the genuine
scale of deforestation is an opposite scenario. Re-
sults emerging from the study we originally carried
out have led us to propose several actions for im-
plementation. It would be crucial to establish mas-
sive re-planting initiatives as they might bolster the
canopy cover. In addition, rooting systems strength-
ened by such initiatives could maybe mitigate runoff
from the surface and help in soil erosion, decreasing
during floods, another point of significant import is
the application of techniques to reinforce the soil’s
structure such as planting vegetation possessing
long roots or attempting bioengineering methods.
These practices could have an impact on preventing
landslides. Approaches involving the construction
of mitigating zones on riverbanks, flood floodplains
are worth considering too. They serve as water
storage tanks of excess water, although they might
reduce flood pace and offer safety against destruc-
tion caused due to floods. A strategy of this nature,
particularly when it’s paired up with the aspect of
safeguarding nearby lands, holds the potential, and
could protect the penetrations of floodwater. This
kind of association would align with certain land
governance principles that advocate for sustainabil-
ity, as well as tampering down the financial burdens
resulting from natural catastrophes that happen re-
peatedly. The changing climate has resulted in an
upward shift in the frequency and severity of natural
disasters (IPCC, 2021). A proposal by (Banholzer et
al., 2014), recognized the pressing need for prag-
matic management strategies during times of crises.
A couple of methods were cited, they included the
integration of ground-observational data into the
assessments for crucial decision-making processes,
the bolstering of early warning systems, and the pro-
motion of inter-collaboration among various stake-
holders.

5 Conclusions

A thorough and detailed investigation was under-
taken to analyze changes in LULC by employing
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fragmentation indices specifically in mountainous
regions, focusing on the impactful period before
and after the catastrophic floods that struck Iran in
2019. These floods inflicted severe damage on vital
infrastructure and essential services, as well as sig-
nificantly altering various land cover classes in the
Zagros Mountain range. The alterations in land cover
were particularly striking in SPA, where the repercus-
sions of the flooding were both direct and notably
severe. In the aftermath of the flooding, several land
cover categories transitioned into barren land, lead-
ing to a marked decrease in snow-covered areas and
the devastation of delicate woodlands and agricul-
tural zones. Such findings underscore the immediate
and profound repercussions that the flooding event
had on the regional landscapes, bringing to light the
critical impact that natural disasters can impose on
the environment. By utilizing landscape pattern in-
dices to assess the structural characteristics of the
terrain during the flooding, researchers were able
to gain a more precise and nuanced understand-
ing of how various patches within the mountainous
landscape were distributed and organized. Among
the tools employed, the surface landscape pattern
index (LPI) played a pivotal role in quantifying how
topographic features influenced landscape patterns,
thereby offering a more in-depth comprehension of
the interplay between these patterns and the sur-
rounding topography. The significant discrepancies
noted between the two years of study lend cred-
ibility to the generalizability of the methodological
framework applied in this research, suggesting its
applicability for evaluating flooding events in similar
mountainous regions elsewhere. Furthermore, the
trend indicating an increase in agricultural land use
on steeper slopes characterized by lower normalized
difference vegetation index (NDVI) values points to
a widespread shift towards non-irrigated farming,
effectively replacing previously forested areas. No-
tably, the loss of forests exhibited a distinct pattern
concentrated on these steeper terrains, attributed
to escalating agricultural practices in such high-gra-
dient areas, which may also correlate with rising in-
stances of soil erosion. These intricate observations
carry important implications for the planning and
management of restoration efforts, emphasizing the
need to take into account various biophysical factors
inherent to the landscape. The findings from this re-
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search particularly highlight the effectiveness of the
Random Forest (RF) classification technique when
applied to studies focusing on landscape changes
in mountainous terrains. The RF method is recog-
nized for its robustness and reliability, being less in-
fluenced by the characteristics of different sensors,
thus providing a dependable means for accurately
analyzing changes in landscapes. As climate change
continues to intensify and the frequency and sever-
ity of floods increase, addressing the evolving land-
scape becomes ever more critical. Although native
flora and fauna may have historically adapted to
natural disturbances, the enhanced environmental
stressors resulting from contemporary climate chal-
lenges demand proactive intervention. Despite the
inherent resilience of these ecosystems, the nota-
ble rise in barren lands emphasizes the urgent need
for targeted efforts to protect and preserve vegeta-
tion. Such initiatives are essential not only for the
conservation of biodiversity but also for bolstering
the resilience of ecosystems against the backdrop of
escalating natural hazards. Acknowledging the shift-
ing dynamics of natural patterns, initiatives like tree
planting emerge as proactive strategies to mitigate
adverse impacts on both plant and animal species,
fostering a more sustainable relationship with the
environment.
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Supplementary material

Photos of impact of floods in Poldokhtar area
of Lorestan (Photograph of Soheyl Moradi) in
2019.08.27

Landscape Online — supported by the International Association for Landscape Ecology and its community



Moradi et al. Landscape Online 99 (2024) 1130 | Page 22

Landscape Online — supported by the International Association for Landscape Ecology and its community




Moradi et al. Landscape Online 99 (2024) 1130 | Page 23

Table S1. The descriptions explain the significance of each metric in characterizing the spatial patterns and changes in the land
cover classes.

Landscape Metrics (units) Abbreviation Description

Patch Density (Number PD Lower Density of patches indicates less fragmented classes

of patches/100 ha)

Edge Density (m/ha) ED Indicates the shape complexity and spatial heterogeneity of a class or a landscape class
Largest Patch Index (%) LPI Percentage of total landscape area occupied by the largest-size patch of a class

Aggregation Index(%) Al The ratio of the actual edge to the total amount of possible edge. Aggregation index (Al) is the

percentage of like adjacencies involving the corresponding patch type, relative to the maximum
possible number of like adjacencies. It is calculated by dividing the number of like adjacencies (n_ij)
by the maximum possible number of like adjacencies (n_max) and multiplying by 100. Al indicates
how clumped or dispersed the patches of the same type are in a landscape.

Percentage of land area PLAND Percentage of land occupied by a class. The values of this measure vary between 0 and 100, which
means zero, which means that the relevant class is increasingly scarce at the land level and one
hundred means that the land level consists of only one class

Number of Patches NP Indicates the number of patches in a given class and measures the degree of class fragmentation.
Its values are greater than or equal to 1. When this value is equal to 1, the landscape consists of
only one patch of that class

Total Edge TE The absolute size of the length of the entire margin of a given class. Larger values are equal to one,
and the unit is in meters. The total margin is zero when the landscape has no class margin, and the
user does not consider any boundary of the land as a margin to be treated.

Landscape Shape Index LSI Measures the complexity of a class relative to the maximum aggregation of patches of that class

Splitting Index Split The number of equal-sized patches of a particular class required to produce a desired degree of
the landscape fragmentation

Interdispersion- and ]} Measures the degree of aggregation or ‘clumpiness’ of a map based on the adjacency of patches of

Juxtaposition-index different classes

Shannon’s diversity index SDI Quantifies the diversity of species in a given community
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Table S2. The table outlines the mathematical equations, units, value ranges, and references for various landscape metrics used
in the analysis. The table provides the formulae and interpretations for these spatial pattern and fragmentation measures.

kjg;jr?é:s pe Unit Equation Range References
(PD): the number of patches of 0<PD<maximum .
NP
PD Nu;rz)%e; per — (ha‘l) a certain type per unit area total number of f\zﬂiﬁagggg‘
a TA landscape area (A) patches arks
(TE): the total landscape area (A)
TE (TCA): constant, usually 10,000 .
ED (m/ha) ED:H or 100, that converts the units ED>0 mcrisgggg‘
of ED to meters per hectare or
kilometers per square kilometer
L (a): the area of the largest patch
=1
LPI Percent LPI=(1 + x)" = w (100) of a class 0<LPI<1 (ZS()a(;J{)a S
A (A): the total landscape area
(e,,): the number of like
e adjacenues.lnvolvmg the (Bogaert
A.l Percent ma—x e corresponding patch type -1<A1.L1 2001)
2 (max): the maximum possible
number of like adjacencies
a; (a): total area of the patch type (McGarigal
% ) gal &
PLAND Percent 1 X (100) (A): the total landscape area 0<PLAND<1 Marks 1995)
o (n,): the number of patches of (Turner et
NP None NP = n;j a class NP EN al., 1989)
NP (e): the edge length of a patch (McGarigal
TE Meters Z e (km) TE>0 etal,, 1995)
1
0.25%7,6 (A): the total landscape area 0<LSI<higher
LSl None e — (8): the perimeter of a patch values for more (2\3/;.16? al.,
VA complex shapes
A% (A,): the total area of a class (Jaeger et
Split None ST (A): the area of a patch of a class Split>0 al., 2000)
n=14%
(e,): the number of adjacencies
e; e; i
" percent k=i+1 [(fk) * In (fk)] 100 ?Eitﬁe;r;?cz;;?rfnprf;;fgs ‘ 1<li<l (Bianchin et
In(0.5[m(m — D]) ( ) adjacencies. - al., 2011)
(m): is the total number of land
use or land cover categories
n (H’): Shannon Diversity Index
. . r_ ) ) (n) is the number of elements in - (McGarigal
SDI Dimensionless H = Z p; Inp; the system, (pi) is the proportion 0~In(s) etal., 2012)
i=1

of the i-th element
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