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FRACTAL ANALYSIS FOR 2D AND 3D BINARY IMAGES

Abstract: We present a unified, letter-coded framework for interpreting 2D and 3D binary
images that groups descriptors into a complementary triad: global complexity, fragmenta-
tion/disorder, and connectivity. Applied to the Banat Mountains, we analyze three layers:
tree cover (2000—2021), cumulative forest loss (2001—-2021), and annual forest loss (2001—
2021), using a parsimonious portfolio of fractal and non-fractal indices (box-counting and
related dimensions, the fragmentation family FFI/FFDI/FTI, lacunarity, and succolarity)
and their 3D analogues. The fragmentation family complements class-level FRAGSTATS
metrics (e.g., edge density, clumpiness) by isolating scaling-sensitive edge irregularity and
tentacularity. Results converge across dimensions: tree cover behaves as a compact, nearly
space-filling matrix with high, stable connectivity, low disorder, declining lacunarity, and
modest, non-systemwide gains in succolarity; annual loss shows episodic spikes in disorder
and transient connectivity with reduced anisotropy. In 3D, tree cover is nearly space-filling,
cumulative loss is intermediate and filamentary, and annual loss is sparse, with succolarity
meaningful only for the matrix. We conclude with a practical monitoring set that captures
the triad while minimizing redundancy and outline sensitivity and transferability to other
mountainous, heterogeneous regions in Southeastern Europe.

Keywords: fractal analysis, binary images, Banat Mountains, forest loss, tree cover, lacu-
narity, succolarity, fragmentation indices

Introduction

Fractal analysis has emerged over the past decades as a cornerstone methodology in geo-
graphic and ecological sciences, offering robust tools for quantifying and interpreting the
complexity of natural and anthropogenic landscapes. This mathematical framework is par-
ticularly effective in identifying self-similar structures and patterns across multiple scales,
making it indispensable for uncovering spatial hierarchies, fragmentation, and other intri-
cate features often overlooked by traditional methods (Milne, 1988; O’'Neill et al., 1988;
Halley et al., 2004; Gustafson, 2019).
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Its application becomes especially significant in heterogeneous regions like the Banat
Mountains, located in southwestern Romania. Characterized by a dynamic interplay of nat-
ural processes and human activities, this area presents diverse land use, vegetation pat-
terns, and geological formations. Understanding the spatial dynamics of such a multifac-
eted environment is critical for sustainable land management, biodiversity conservation,
and environmental risk assessment. This is particularly relevant for the complex and often
vulnerable mountainous landscapes of Southeastern Europe, such as the Banat Mountains,
which form part of the Carpathian arch at the interface with the lower Danube corridor and
the Dinaric ranges.

Fractal analysis bridges the gap between visual interpretation and quantitative preci-
sion, enabling researchers to extract meaningful insights from complex spatial datasets
(Mandelbrot, 1982).

Despite its potential, fractal analysis remains underutilized in geographic research,
particularly in the interpretation of binary images derived from geospatial data. Binary im-
ages - produced through remote sensing, digital elevation models (DEMs), and other tools
- offer a simplified yet powerful representation of spatial features. When coupled with frac-
tal methodologies, these images reveal nuanced patterns such as the distribution of forest
patches, water bodies, or geomorphological structures (Milne, 1991; Turcotte, 1997). How-
ever, the integration of fractal indices into routine geospatial analyses is still in its early
stages, underscoring the need for systematic approaches that combine theoretical innova-
tion with practical applicability.

The primary objective of this study is to advance the application of fractal analysis in
the interpretation of 2D and 3D binary images. The research focuses on both methodolog-
ical advancements and practical insights. Specifically, it aims to refine existing fractal meth-
odologies tailored to binary image analysis, apply these methods to case studies in the Banat
Mountains, and demonstrate their broader implications for understanding landscape com-
plexity and informing environmental decision-making.

Fractal analysis quantifies the delicate balance between order and chaos in natural sys-
tems, a dynamic reflected in the spatial arrangement of landscape features. By leveraging
these insights, the study contributes to advancing cross-disciplinary research, spanning ge-
ography, ecology, and environmental management. Additionally, the findings offer a foun-
dation for future studies to develop more sophisticated analytical tools, fostering a deeper
appreciation of the inherent complexity of our natural world (Turcotte, 1997; Schertzer &
Lovejoy, 2011; Newman et al., 2019).

By positioning fractal analysis as a pivotal approach to interpreting binary images, with
the Banat Mountains as a testing ground, this research bridges theoretical innovation with
practical implementation. It provides a methodological framework and actionable insights,
enhancing our ability to analyze and manage complex landscapes effectively.

Materials and Methods

The Banat Mountains present a dynamic and complex landscape where forested areas
and patterns of forest loss interact intricately over time. To effectively capture and analyze
these spatial dynamics, it is essential to employ robust geospatial and analytical methodol-
ogies. The framework outlined in this study integrates high-resolution satellite imagery
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with advanced geospatial tools, enabling a detailed examination of tree cover and forest loss
across the region. This section provides an overview of the data sources, preprocessing
steps, and analytical methods employed to extract meaningful insights into forest dynam-
ics, with a particular emphasis on reproducibility and applicability to similar landscapes.

Study Area: Banat Mountains

The Banat Mountains, situated in southwestern Romania, are an integral part of the
Western Carpathians and stand out as a region of ecological and environmental importance
(Figure 1). Renowned for their heterogeneous topography, diverse vegetation, and intricate
geological formations, these mountains span the counties of Caras-Severin and Timis. They
encompass notable subranges such as the Semenic, Anina, and Alm&j Mountains, each dis-
tinguished by its unique geomorphological characteristics and rich forest cover (Posea,
2005).
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Fig. 1. Geographic location of the Romanian Carpathian groups, showing: (a) Northern Eastern
Carpathians; (b) Central Eastern Carpathians; (c) Southern Eastern Carpathians; (d) Bucegi
Mountains Group; (e) Fagdaras Mountains Group; (f) Pardng Mountains Group; (g) Retezat—

Godeanu Mountains Group; (h) Banat Mountains; (i) Poiana Rusca Mountains; (j) Apuseni
Mountains.

Forests dominate the Banat Mountains, primarily consisting of extensive beech (Fagus
sylvatica) stands and mixed deciduous forests. These forests cover roughly 37% of the Banat
Mountains (Hansen et al., 2013) and serve as major carbon sinks supporting numerous
plant and animal species. They also contribute to soil stabilization, water regulation, and
climate moderation, underscoring their importance.

From a socio-economic perspective, the Banat Mountains have experienced a long his-
tory of human activities, including forestry, mining, and agriculture. While these industries
have been central to the local economy, they have also triggered significant deforestation
and land-use changes over the decades. Forest loss in this region arises from a combination
of natural disturbances, such as wind throws and pest outbreaks, as well as anthropogenic
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pressures, including logging, infrastructure development, and agricultural expansion
(Knorn et al., 2013; Janda et al., 2017; Ianas & Ivan, 2022; Cojocariu et al., 2024). Such
pressures underscore the need for robust studies on forest dynamics and conservation
strategies.

The Banat Mountains' forests have been the subject of numerous research efforts
aimed at understanding biodiversity, conservation, and sustainable land use (Ianis & Ivan,
2022; Petrisor et al., 2010; Iands, 2013; Artugyan, 2016). Given the region’s complex for-
ested landscape and its vulnerability to both natural and human-induced changes, it pro-
vides an ideal setting for applying advanced spatial analysis techniques. In particular, the
use of fractal analysis offers a powerful approach to investigating forest loss and fragmen-
tation patterns, facilitating a deeper understanding of the drivers and consequences of de-
forestation.

The Banat Mountains’ ecological value and ongoing anthropogenic pressures make the
region an ideal testbed for advanced spatial analysis. In this study, we quantify tree cover
and forest loss using high-resolution satellite data and reproducible geospatial workflows,
providing a framework applicable to Banat and transferable to similar mountainous land-
scapes. While biodiversity is acknowledged as an important ecological attribute of the Banat
Mountains, the present study focuses strictly on structural forest properties (extent, frag-
mentation, and connectivity) derived from binary remote-sensing layers and does not di-
rectly quantify species diversity.

Framework for Spatial Analysis of Tree Cover and Forest Loss

We used the Global Forest Change (GFC) dataset (30 m spatial resolution) for 2000—
2021 (Hansen et al., 2013). The 2000 layer provided baseline tree cover, while annual forest
loss layers were available for 2001—2021.

Source rasters were distributed in WGS 84 (EPSG: 4326) and were reprojected to
Dealul Piscului 1970 / Stereo 70 (EPSG: 31700) to match the study projection. We then
clipped all layers to the study-area mask.

To enable stratified summaries, loss rasters were retained as categorical data with 22
classes (class 0 = no loss within the study area, classes 1-21 = annual loss from 2001 to
2021). The tree-cover raster was represented by 101 classes (0-100), each denoting percent
tree cover at pixel level. All products preserve the native 30 m resolution.

Subsequent processing used ImageJ (Schneider et al., 2012) and standard GIS tools
(QGIS Development Team, 2024). For binary classification, GeoTIFFs were converted to
8-bit images and thresholded in ImageJ (lower bound = 1, upper bound = 255), then con-
verted to binary masks with o (background/non-forest) and 255 (foreground/forest) (Fig-
ure 2). This ensured compatibility with downstream fractal analyses.

Cumulative loss layers were generated by iterative summation of annual loss masks
(e.g., camulative 2002 = loss 2001 + loss 2002; ...; cumulative 2021 = X loss 2001-2021)
using ImageJ’s Process — Image Calculator (Add). Annual tree cover for 2001-2021 was
obtained by differencing the 2000 baseline with cumulative loss up to each year (Image
Calculator — Difference).
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Fig. 2. Binary inputs used in the analyses.
(a) Tree cover 2000; (b) Cumulative forest loss 2001-2021; (c) Tree cover 2021.

The resulting binary ensembles (tree cover, camulative loss) constitute a reproducible
and transferable workflow: given equivalent inputs, the same steps yield comparable prod-
ucts for other regions.

Fractal Methods for Binary Image Analysis

To analyze the complexity of spatial structures in binary images, robust mathematical
methods are required to capture geometric characteristics and spatial distributions across
multiple scales. Fractal methods provide a comprehensive set of tools that enable the quan-
tification of variability and fine structural details, contributing to a deeper understanding
of both natural and anthropogenic systems.

One of the most widely used techniques for estimating the fractal dimension of binary
structures is the box-counting method (Sasaki et al., 1994; TruSoft International, 1997;
Zmeskal et al., 2011; Karperien, 2015; Vuidel et al., 2022; Ahammer et al., 2023). This tech-
nique involves covering the image with square boxes of varying sizes (powers of 2) and
counting the number of boxes needed to cover the objects. The relationship between the
box count and box size is plotted on a log-log graph, where the slope determines the fractal
dimension (Sarkar & Chaudhuri, 1992; Jin et al., 1995). Raster box scanning ensures sys-
tematic image coverage, enabling assessments of structural complexity and fragmentation.

The pyramid dimension extends the box-counting method by iteratively reducing im-
age size, making it particularly suitable for non-uniform image dimensions. At each step,
the pixel count of the objects is recorded, and the log-log relationship between pixel count
and reduced image size estimates the fractal dimension (Ahammer & Mayrhofer-Rein-
hartshuber, 2012; Mayrhofer-Reinhartshuber et al., 2013). This method eliminates trunca-
tion errors associated with non-square images, providing precise evaluations of structural
fragmentation.

The correlation dimension evaluates the complexity of pixel distributions by analyzing
pairwise relationships at varying distances. The function calculates correlations at multiple
scales, and the log-log relationship between correlated pairs and their distances provides
the fractal dimension (Grassberger & Procaccia, 1983). Methods such as raster and sliding
box scanning facilitate both global and local distribution analyses. Radial analysis exam-
ines the spatial distribution of pixels relative to a central point, typically the object's center
of mass. Concentric circles with increasing radii are drawn, and the pixel count within each
circle is measured. The log-log relationship between pixel count and radius determines the
fractal dimension (Vuidel et al., 2022), making it ideal for analyzing radial behaviors and
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concentric distributions. The sandbox analysis method analyzes pixel distributions within
incrementally larger boxes centered on individual reference points. The log-log relationship
between box size and pixel count determines the fractal dimension (Vuidel et al., 2022),
offering valuable insights into spatial clusters and complex distributions.

To quantify irregularity and fragmentation, the Fractal Fragmentation Index (FFI)
plays a critical role. It is calculated as the difference between the fractal dimension of the
mass (spatial occupancy) and the fractal dimension of the perimeter (contour complexity)
(Andronache et al., 2016). Lower FFI values indicate highly fragmented structures, while
higher values suggest compact objects. The Fractal Fragmentation and Disorder Index
(FFDI) extends this concept by incorporating the informational dimension (D), offering a
broader perspective on heterogeneity and fragmentation (Peptenatu et al., 2023). The
Fractal Tentacularity Index (FTI) quantifies the branching and tentacular extensions of
binary objects. Calculated as the difference between the convex hull FFI and FFI, it provides
insights into the structural complexity of geometric forms (I. Andronache et al., 2024). Our
fragmentation family (FFI/FFDI/FTI) complements class-level FRAGSTATS metrics (e.g.,
edge density, clumpiness) by explicitly isolating scaling-sensitive edge irregularity (via
FFDI) and tentacularity (via FTT) (McGarigal et al., 2012a).

The perimeter-area dimension complements these analyses by evaluating contour
complexity and determining the degree of fragmentation through the relationship between
an object's perimeter and area (Mandelbrot, 1982). Similarly, the mass-radius dimension
analyzes pixel mass variation as a function of radial distance, employing concentric circles
to measure cumulative pixel mass (Landini & Rippin, 1993). The Minkowski dimension
uses morphological dilation, where objects expand iteratively by adding pixels at the edges,
and the total occupied area is measured. The log-log relationship between dilation size and
occupied area determines the fractal dimension (Dubuc et al., 1989).

The Tug of War dimension introduces a statistical perspective by analyzing surface
variations across scales. It is employed to identify fine details and assess spatial irregulari-
ties (Reiss et al., 2016).

Succolarity (o) estimates directional "permeability” of a binary image (black = travers-
able, white = barrier) by scanning the grid along a chosen direction under a virtual pressure
from the source edge; o€[0,1], higher means easier percolation. We report o for top—down,
bottom—top, left—right, right—left, plus their mean. Raster box scanning ensures system-
atic coverage and comparability across images (de Melo & Conci, 2013). Potential (reser-
voir) succolarity (o,) is the theoretical upper bound of percolation given by the global share
of traversable pixels, independent of direction, and serves as the reference ceiling against
which realized o is evaluated. Delta succolarity (Ao) is the unrealized connectivity margin
defined as Ao = 0, — o (per direction or mean); larger values indicate occluded mass, bot-
tlenecks, or disconnected lobes that would become active if barriers were removed or cor-
ridors added (Andronache, 2024).

For succolarity runs targeting patch-to-patch forest connectivity, binary masks were
inverted so that forest = black (traversable) and non-forest = white (barrier), ensuring that
o reflects connectivity among forest patches rather than void permeability. Reservoir and
A-succolarity were computed consistently with this convention.
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These methodologies used for analyzing 2D binary images have been directly extended
to 3D contexts, enabling researchers to explore volumetric structures with the same preci-
sion. The 3D fractal analysis methods (Andronache et al., 2024) include the 3D Box Count-
ing Dimension, 3D Correlation Dimension, 3D Fractal Fragmentation Indices, 3D Gener-
alised Fractal Dimensions, 3D Lacunarity, 3D Minkowski Dimension, 3D Succolarity, and
3D Tug of War Dimension. These approaches enable the quantification of volumetric com-
plexity, connectivity, and spatial variability in 3D binary datasets, making them indispen-
sable for analyzing geological formations, biological tissues, and spatial networks.

The Relevance of Fractal Indices in Spatial Analysis

Fractal analysis, with its diverse methodologies, offers profound insights into struc-
tural and spatial characteristics in binary images. The relevance of these methods spans
several primary directions, each addressing specific analytical needs.

For global image analysis, techniques like box-counting, Minkowski dimension, and
fragmentation indices (FFI and FFDI) are invaluable. They assess overall structural fea-
tures such as fragmentation and contour complexity, providing key indices of global spatial
organization.

For detailed analysis of textures and fragmentation, methods such as lacunarity, suc-
colarity, and the Fractal Tentacularity Index (FTI) excel. These indices capture distribution
heterogeneity and structural connectivity, especially in analyzing natural surface morphol-
ogies.

Contour characterization is another critical focus. Methods such as perimeter-area di-
mension, radial analysis, and Walking Divider quantify contour complexity and geometric
behaviors, highlighting structural irregularities.

Beyond 2D applications, the adaptation of fractal indices to 3D enhances their rele-
vance in volumetric analyses. 3D methods, including 3D Box Counting and 3D Generalised
Dimensions, are crucial for studying geological formations, 3D forest structures, and bio-
logical tissues. These tools bridge the gap between planar and volumetric datasets, provid-
ing continuity across dimensions.

Finally, multifractal analysis through generalized dimensions captures the variability
of complex distributions, making it particularly suitable for diverse systems like natural
landscapes and spatial networks.

By integrating these techniques, fractal analysis serves not only as a descriptive tool
but also as a powerful analytical framework. Its applications span environmental science,
ecology, and resource management, offering actionable insights and fostering data-driven
decision-making.

Reproducibility

All data, scripts, and parameter files (thresholds, structuring elements, box ladders,
fitting ranges) are provided in the supplementary material, together with a letter legend (a—
af) (Table 1). Given identical inputs, the workflow reproduces the reported figures and ta-
bles; progress logging, timing, and verbose reporting are enabled for auditability. Figures
3—5 that reference letters (a—af) use the common legend in Table 1.
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Table 1. Letter—metric legend used throughout the

figures 3-5 (a—af).

Family |Code |Metric (software) [Family Code |Metric (software)
Global |a Box-counting dimension (Comsys- Global com-|r Mass radius dimension (ComsystanJ
complex- tanJ 1.2.0) plexity 1.2.0)
ity b [Box-counting dimension (Harmonic § Mass dimension (Benoit 1.31)
and Fractal Image Analyzer 5.5.28 -
[White+BlackWhite)

c Box-counting dimension (Fractal It Perimeter-area dimension (Comsys-
Analysis System 3.4.7) tanJ 1.2.0)

d Box-counting dimension (Benoit u [Tug-of-war dimension (ComsystanJ
1.31) 1.2.0)

e Box-counting dimension (Frac- v Fractal anisotropy index (horizontal
talyse 3.0) and vertical direction) (ComsystanJ

1.2.0)

If [Box-counting dimension (Harmonic x Fractal anisotropy index (Mean of 4
and Fractal Image Analyzer 5.5.28 - radial directions [0-180°])
BlackWhite) (ComsystanJ 1.2.0)

g Box-counting dimension (Har-
monic and Fractal Image Analyzer
5.5.28 - Black+BlackWhite)

h Pyramid dimension (ComsystanJ [Fragmenta- [y Fractal Fragmentation Index (FFI)
1.2.0) tion/disor- (ComsystanJ 1.2.0)

der
i Dilation dimension (Fractalyse 3.0) Z Fractal Fragmentation and Disorder
Index (FFDI) (ComsystanJ 1.2.0)

j [Minkowski dimension (ComsystanJ aa Fractal Tentacularity Index (FTT)
1.2.0) (ComsystanJ 1.2.0)

[k Radial dimension (Fractalyse 3.0) Lacunar- [ab  |Lacunarity (Roy & Perfect) (Comsys-

lity/Succo- tanJ 1.2.0)

I Information dimension (ComsystanJ| [larity ac Lacunarity (Sengupta & Vinoy) (Com-
1.2.0) systanJ 1.2.0)

m Information dimension (Benoit 1.31) ad  [Succolarity (ComsystanJ 1.2.0)

In Correlation dimension (Fractalyse ae Succolarity (reservoir) (ComsystanJ
3.0) 1.2.0)

o Correlation dimension (ComsystanJ af Delta succolarity (A-succolarity)
1.2.0) (ComsystanJ 1.2.0)

p Directional correlation dimension
(horizontal and vertical direction)

(ComsystanJ 1.2.0)

q Directional correlation dimension
(Mean of 4 radial directions [0-
180°]) (ComsystanJ 1.2.0)

Note. Families and code ranges used across figures 3—5: Global complexity (a—x), Frag-
mentation/disorder (y—aa: FFI, FFDI, FTT), Heterogeneity—connectivity (ab—af: lacunarity
ab—ac; succolarity ad—ae; A-succolarity af).

Results

We analysed forest-cover dynamics in the Banat Mountains using three datasets: tree
cover (2000—2021), cumulative loss (2001—2021), and annual loss (2001—2021). We com-
puted a broad, but structured, set of indicators grouped into four families that capture the
complexity-fragmentation-connectivity triad.

*  Global structural complexity (fractal dimensions). Box-counting (using Comsystand,
HarFA W+BW, HarFA BW, HarFA B+BW, Benoit, Fractalyse, Fractal Analysis System
for Windows), Pyramid dimension, Dilation dimension, Minkowski dimension, Radial
dimension, Informational dimension (using ComsystanJ and Benoit), Correlation di-
mension (ComsystanJ and Fractalyse variants), Directional correlation dimensions
(horizontal/vertical and the mean of four radial directions), Mass radius, Mass, Perim-
eter—area, Tug-of-war, and the Fractal anisotropy indices.
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=  Fragmentation and disorder. Fractal Fragmentation Index (FFI), Fractal Fragmenta-
tion and Disorder Index (FFDI), Fractal Tentacularity Index (FTT).

= Lacunarity (Roy & Perfect; Sengupta & Vinoy) and Succolarity (reservoir variants and
Delta succolarity).

These indicators resolve complementary temporal behaviours: annual loss emphasises
event-like shocks, cumulative loss expresses long-term reorganisation, and tree cover pro-
vides the stable background against which both processes unfold.

General overview across datasets

Across datasets, the core 2D dimensions in tree cover (box-counting, pyramid, Minkowski)
remain very high and nearly constant at ~ 1.95, confirming a compact, continuous matrix; in
cumulative loss they increase steadily from =~ 0.94 (2001) to = 1.30 (2021), indicating progres-
sive complexification as yearly losses accumulate; in annual loss they fluctuate strongly, con-
sistent with episodic disturbance. Fragmentation indices (FFI, FFDI, FTI) rise monotonically
for cumulative loss, showing that accumulation is not only quantitative but also qualitative as
edges become more irregular and more tentacular; in annual loss they show pronounced peaks
in 2004, 2008, 2012, 2016, and 2020, captured more sharply by FFDI/FTI than by global di-
mensions; in tree cover, fragmentation remains low and stable with a subtle divergence - FFI
decreases slightly while FFDI/FTI increase slightly - revealing method-dependent sensitivities
under near-constancy. In practice, FFI/FFDI/FTI complement class-level summaries (edge
density, clumpiness) by targeting scaling-sensitive edge irregularity and tentacular extension.

Regarding heterogeneity and connectivity, lacunarity declines in cumulative loss (forest
gaps become fewer/smaller and less heterogeneous overall), while succolarity - interpreted as
connectivity among forest patches - increases modestly and remains below connectivity at the
landscape scale; in annual loss, lacunarity varies and succolarity shows transient increases in
peak years (2004, 2008, 2012, 2016, 2020); in tree cover, lacunarity remains low (low hetero-
geneity of gaps) and succolarity remains high and stable (strong and sustained patch connectiv-
ity), consistent with a largely continuous forest matrix.

Annual forest loss (2001—2021)

Fractal dimensions exhibit pronounced interannual oscillations, and direction-sensitive
metrics - Directional correlation (H/V) and fractal anisotropy indices (H/V; four-direction
mean) - decline in peak-loss years, indicating erosion of directional coherence as loss geometries
become less elongated or aligned; aggregated across the family, the overall linear trend is mildly
negative, punctuated by large deviations in shock years (2004, 2008, 2012, 2016, 2020). Frag-
mentation indices (FFIL, FFDI, FTT) peak in those same years, capturing episodic disorder and
tentacular outlines that global dimensions only partly reflect, underscoring their complementa-
rity.

Lacunarity is variable with a modest downward tendency - implying a slight overall de-
crease in the heterogeneity of forest-gap distribution - while succolarity shows transient in-
creases in the peak years, pointing to short-lived connectivity channels that momentarily trav-
erse the background matrix without consolidating into persistent networks. The correlation ar-
chitecture partitions into three loosely linked clusters - global complexity, fragmentation/disor-
der, and a third combining heterogeneity and connectivity (lacunarity/succolarity) - with cross-
family correlations that are heterogeneous and generally weaker than in the cuamulative regime,
consistent with event-driven dynamics; positive associations frequently pair Minkowski, Radial,
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or Informational (Benoit) dimensions with FFDI/FTI, whereas negative associations often link
lacunarity (Roy & Perfect or Sengupta & Vinoy) with box-counting (Benoit/Fractalyse) or Min-
kowski dimensions. Decoupling is most evident in shock years, when Directional correlation and
anisotropy indices diverge from the box-counting core, evidencing loss of anisotropy even as

global complexity remains elevated.
1.00
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Fig. 3. Annual forest loss (2001-2021): correlation heatmap.

Pairwise Pearson correlations among the letter-coded indices (Table 1). Three loose clusters
emerge, global complexity, fragmentation/disorder, and heterogeneity-connectivity (lacunarity-
succolarity), with cross-family links that strengthen episodically in disturbance years.

Annual loss — correlation heatmap (CSV column order)
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Figure 3 presents the annual forest-loss correlation heatmap, revealing a three-cluster
structure - global complexity, fragmentation/disorder, and heterogeneity-connectivity (lacunar-
ity—succolarity) - with cross-family links that strengthen episodically in disturbance years.

Cumulative forest loss (2001—2021): progressive complexification and tight-
ening relations

Fractal dimensions rise steadily from = 0.94 in 2001 to = 1.30 in 2021, with the strongest
positive trends for Radial, Informational (Benoit), Box-counting variants (Benoit, Fractalyse,
HarFA BW, HarFA W+BW), Dilation, and Minkowski, documenting sustained complexification
of the cumulative mosaic. Fragmentation metrics FFI, FFDI, and FTI also increase, indicating
progressively more irregular and tentacular edges in step with the rising global complexity. La-
cunarity declines clearly, meaning forest gaps become fewer or smaller and less heterogeneous
overall, while succolarity increases slightly and systematically, suggesting a modest rise in patch-
to-patch connectivity that remains below connectivity at the landscape scale.
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Relations tighten in this long-term regime, with within-family coherence near unity for la-
cunarity (= 0.997 agreement between Roy and Perfect and Sengupta and Vinoy), moderate for
fragmentation and disorder (= 0.58) and for fractal dimensions (= 0.42), while across families
global complexity correlates strongly and positively with fragmentation and strongly and nega-
tively with lacunarity with mean r = —0.87. Representative positive pairs link Radial, Informa-
tional (Benoit), Box-counting (Benoit and Fractalyse), and Dilation with FFDI and FTT, whereas
the strongest negative pairs link lacunarity from both estimators with Minkowski, Box-counting,
and Informational or Correlation dimensions and also with FFDI and FTT.

Cumulative loss — correlation heatmap (CSV column order)
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Fig. 4. Cumulative forest loss (2001-2021): correlation heatmap.

Pairwise Pearson correlations among the letter-coded indices (Table 1). Relations tighten: global
complexity positively couples with fragmentation/disorder, while both strongly oppose lacunarity;
internal agreement within lacunarity approaches unity.

Figure 4 presents the caumulative forest-loss correlation heatmap, highlighting near-unity
coherence within lacunarity, a strong positive coupling between global complexity and fragmen-
tation/disorder, and a strong negative coupling between global complexity and lacunarity.

Tree cover (2000/2001—2021): stable background and method-specific nu-
ances

Box-counting, Pyramid, and Minkowski remain very high and nearly constant (= 1.95),
consistent with a continuous forest matrix; fragmentation levels are low and stable, with a subtle
split in which FFI decreases slightly while FFDI and FTI increase slightly - reflecting distinct
fragmentation definitions in a low-variance background (FFI is more sensitive to the disappear-
ance/consolidation of larger patches, whereas FFDI/FTT emphasize fine-scale branching/irreg-
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ularity). Regarding heterogeneity and connectivity, lacunarity remains low and stable - indicat-
ing low and steady heterogeneity in the spatial distribution of forest gaps - while succolarity re-
mains high and largely stable, with a slight downward drift, consistent with strong patch-to-
patch connectivity in a mostly continuous forest matrix.

Low variance dampens coherence compared with cumulative loss: mean within-family r is
~ 0.20—0.30 for fractal dimensions and ~ 0.33 for lacunarity; between families, lacunarity ver-
sus global complexity is generally negative, and global complexity versus fragmentation is
weakly positive on family means but splits at the pair level because FFI often moves differently
from FFDI/FTT; under near-constancy, pairwise correlations can span a broad range (=
—0.99...1.00) due to method-specific sensitivities.

1.00

Tree cover — correlation heatmap (CSV column order)

Index (row)
Pearson r

N T R e e T A

Correlated with =

Fig. 5. Tree cover (2000-2021): correlation heatmap.

Pairwise Pearson correlations among the letter-coded indices (Table 1). Under low variance, corre-
lations are damped; global complexity remains negatively associated with lacunarity, and frag-
mentation metrics show method-dependent nuances (FFI vs. FFDI/FTI).

Figure 5 presents the tree-cover correlation heatmap, illustrating dampened correla-
tions under low variance, a persistent negative association between global complexity and
lacunarity, and method-dependent nuances among fragmentation metrics (FFI vs.

FFDI/FTI).

Integrated perspective and implications

The time-series interpretation and the correlation architecture converge on a single
process narrative in which, in the annual regime driven by events, disturbance shocks tran-

298



siently increase disorder and connectivity (succolarity) while eroding anisotropy, with clus-
ters remaining loose and cross-family links episodic; in the cumulative regime, relations
tighten and global complexity rises alongside fragmentation and disorder, while heteroge-
neity (lacunarity) declines and connectivity (succolarity) increases modestly without reach-
ing landscape-scale connectivity; in the tree-cover background, stability suppresses corre-
lations and makes method-specific differences among fragmentation indices most visible,
with FFI diverging subtly from FFDI and FTI.

For parsimonious monitoring, a representative box-counting implementation such as
Fractalyse or Benoit together with an informational or correlation dimension captures
global complexity robustly; FFDI serves as a reliable proxy for branching irregularity, FTT
emphasizes tentacular extension, lacunarity in the Roy and Perfect formulation compactly
summarizes heterogeneity in the spatial distribution of forest gaps, and a succolarity vari-
ant is valuable whenever patch-to-patch connectivity is of particular interest.

3D analysis of binary layers (Banat Mountains): tree cover, cumulative
loss, and annual loss

We quantified 3D structure on the three binary layers - tree cover, cumulative loss, and
annual loss - using a mixed set of volumetric complexity, fragmentation/disorder, tentacu-
larity, heterogeneity (lacunarity), morphology-derived, and connectivity (succolarity) de-
scriptors, and both the 3D box-counting dimension (ComsystanJ) and the 3D correlation
dimension yield the same ordering, tree cover > cumulative loss > annual loss, with tree
cover nearly space-filling (Box-counting 3.02629, Correlation 2.80701), cumulative loss
moderately complex (1.68721; 1.73301), and annual loss sparse (0.80838; 0.98797), con-
firming the dominance of the forest matrix in 3D while loss features remain comparatively
thin or discrete; fragmentation and disorder align with this picture, as 3D FFDI separates
cumulative loss (1.75119) and tree cover (1.71958) from annual loss (0.92367), whereas 3D
FTI peaks for cumulative loss (1.03279) and is lower for annual loss (0.80541) and tree
cover (0.56346), indicating that multi-year loss structures develop more elongated and
branching filaments than within-year loss or the compact matrix, and 3D FFI is near-zero
for cumulative (0.00313) and annual loss (0.00000) but clearly non-zero for tree cover
(0.41288), consistent with fragmentation expressed primarily in voids within the dominant
phase; heterogeneity assessed via 3D Roy & Perfect lacunarity is high for annual loss
(1.67938) and cumulative loss (1.58841) and low for tree cover (0.37186), so loss layers ex-
hibit patchy, clustered gap distributions whereas the forest matrix is comparatively homo-
geneous; a morphology-derived complexity score reported by the software as “3D Minkow-
ski dimension” is largest for annual loss (5.90569), followed by cumulative loss (4.60127),
and smallest for tree cover (1.57890), which we interpret as morphology-based complexity
rather than a classical fractal dimension since values exceed the embedding bound and we
document the computation in Methods; connectivity metrics based on succolarity are
meaningful for tree cover only and indicate robust, near-isotropic connectivity with Succo-
larity 0.63131, Reservoir 0.59748, ASuccolarity 0.03383, and Anisotropy of succolarity
0.04723, while for loss layers the values are NaN, consistent with non-connectivity, sub-
critical structures at the analyzed resolution; taken together, the Banat Mountains’ forest
behaves in 3D as a dense, nearly Euclidean matrix with high space-filling dimensions,
strong connectivity, low lacunarity, and low tentacularity, whereas loss layers are sparse
and heterogeneous - annual loss is the most lacunar and, under the tool’s Minkowski score,
the most morphologically intricate, cumulative loss shows the most filamentary organiza-
tion (highest FTI) and intermediate complexity, yet neither achieves bulk connectivity - and
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these outcomes mirror the 2D picture of a stable, connected forest background punctuated
by localized openings that, when aggregated across years, form more elongated conduits
without reaching system-spanning connectivity; we report NaN wherever succolarity de-
scriptors are undefined due to the absence of a spanning phase.

The organisation of the forest mosaic has changed more than the total amount of cover.
Loss patterns became more intricate and more irregular, gaps are on average less lacunar,
and void connectivity rises episodically without becoming pervasive at landscape scale. This
consolidated evidence strengthens the complexity-fragmentation-connectivity triad as a
unified framework for interpreting forest dynamics in the Banat Mountains.

Discussion

This study set out to understand how structural complexity, fragmentation/disorder,
and connectivity co-evolve in the Banat Mountains by analysing three complementary lay-
ers: tree cover (2000—2021), cumulative forest loss (2001—2021), and annual forest loss
(2001—2021). The results demonstrate that the three layers illuminate distinct but inter-
locking aspects of landscape dynamics, and that no single family of indices suffices to cap-
ture the full signal of change.

Complementarity of 2D index families across temporal regimes

The three temporal regimes express different processes and therefore privilege differ-
ent indicators. In the continuous tree-cover matrix, global fractal dimensions remain very
high and nearly constant (= 1.95), characteristic of a compact, near space-filling pattern.
Fragmentation/disorder metrics (FFI, FFDI, FTI) stay low but show small method-depend-
ent drifts: a slight decrease in FFI alongside slight increases in FFDI/FTI, consistent with
their different sensitivities under low variance (FFI tracking attrition of larger aggregates;
FFDI/FTI emphasizing fine-scale branching/irregularity).

In cumulative loss, the long-term signal is clear and coherent: global dimensions in-
crease steadily (~0.94 — ~1.30), FFI/FFDI/FTI rise in tandem, lacunarity (heterogeneity
of gaps) declines, and succolarity (connectivity among forest patches) increases modestly
without approaching a connecting network at landscape scale. These patterns indicate qual-
itative reorganisation, not only quantitative loss: edges become more intricate and tentac-
ular, while the traversable phase becomes slightly more connected.

In annual loss, event-driven variability dominates. Fragmentation/disorder metrics
spike in the disturbance years 2004, 2008, 2012, 2016, 2020, while directional metrics (Di-
rectional correlation, fractal anisotropy indices) drop, signalling erosion of anisotropy dur-
ing shocks. Lacunarity shows transient spikes in these years (on top of a slight overall down-
ward tendency), and succolarity increases transiently, pointing to short-lived connectivity
channels that puncture the matrix but do not persist. This asymmetry confirms that short-
term diagnostics must include connectivity-focused indices, not only global complexity
(Andronache et al., 2019).

Taken together, the indices form a complementary triad: global complexity summa-
rizes the backbone of spatial organisation; fragmentation/disorder isolates the geometry of
rupture; lacunarity quantifies the heterogeneity of forest gaps, while succolarity quantifies
connectivity among forest patches. This division of labour is visible in Figures 3-5 and
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matches prior reports on directional succolarity and A-succolarity as proxies for intermittency
of passage channels in fragmented matrices (Andronache, 2024; Diaconu et al., 2024).

Correlation architecture

In the cumulative-loss layer, heterogeneity (lacunarity; Roy & Perfect, Sengupta & Vinoy)
shows near-unity internal agreement (mean within-family r = 0.997), fragmentation/disor-
der exhibits moderate cohesion (= 0.58), and fractal dimensions cohere at a comparable,
moderate level (= 0.42). Between families, global complexity is strongly and positively cou-
pled with fragmentation/disorder, while its coupling with heterogeneity (lacunarity) is
strongly negative (mean r ~ —0.87). Together these relations crystallise a structural trade-off:
as accumulated loss becomes more space-filling and edge-rich, relative gap size/variance de-
clines, and connectivity (succolarity) increases only modestly - remaining below connectivity
at landscape scale.

In the annual-loss layer, three clusters recur - global complexity, fragmentation/disor-
der, and a heterogeneity-connectivity cluster - yet cross-family links are episodic. The strong-
est positive pairs often link Minkowski, Radial, or Informational (Benoit) to FFDI/FTI,
whereas the strongest negatives typically pit lacunarity (either estimator) against Box-count-
ing (Benoit/Fractalyse) or Minkowski. Crucially, Directional correlation and anisotropy indi-
ces decouple from the Box-counting core in shock years, quantifying directional breakdown
that global dimensions do not fully resolve; this echoes prior reports on the event sensitivity
of combined fractal-GLCM descriptors (Andronache et al., 2019).

In the tree-cover layer, near-constancy of the matrix damps correlations across the board
(e.g., mean r = 0.20—0.33 within families), making methodological contrasts more visible
than in dynamic regimes. Negative associations between heterogeneity (lacunarity) and
global complexity persist, as expected for compact patterns.

Overall, the correlation structure across layers reinforces the process interpretation: an-
nual shocks yield transient disorder and connectivity gains with loss of anisotropy; cumulative
reorganisation tightens the positive coupling of complexity with disorder and the negative
coupling with heterogeneity; the stable background exposes definition-level differences
among fragmentation metrics.

Added value and caveats of the 3D extension

Tree cover reaches very high 3D Box-counting (3.02629) and Correlation (2.80701)
values, confirming a dense, coherent volumetric structure. Cumulative loss sits at interme-
diate complexity (3D Box-counting = 1.68721; 3D Correlation = 1.73301) but with elevated
disorder (FFDI = 1.75119; FTI = 1.03279), suggesting irregular volumetric fragmentation.
Annual loss shows very low volumetric complexity (3D Box-counting = 0.80838; 3D Cor-
relation = 0.98797), consistent with episodic, structurally weak volumes. Notably, succo-
larity was undefined for loss volumes because no spanning phase was present at the ana-
lyzed resolution, reinforcing that surface-visible gaps often lack volumetric robustness to
support connectivity (Diaconu et al., 2024). The 3D extension therefore corroborates the
triad - complexity, fragmentation/disorder, lacunarity/succolarity - as a jointly necessary lens
on structural change (Andronache, 2024).

Fragmentation—connectivity interplay

The joint evolution of indices points to a dual process. In cumulative loss, edge prolif-
eration and tentacular outlines (rising FFDI/FTI) co-occur with declining lacunarity (lower
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heterogeneity of forest gaps) and modest increases in succolarity (patch-to-patch connec-
tivity), yielding a denser, more edge-rich loss mosaic that is only slightly more connected
and remains sub-connecting at landscape scale. At yearly scales, disturbance shocks gener-
ate temporary connectivity channels and reduce anisotropy; these effects dissipate as the
system relaxes toward background conditions. In 3D, both annual and cumulative losses
are sparse, which helps explain why 2D succolarity gains remain modest and non-con-
nected. This interpretation aligns with the use of directional succolarity and A-succolarity
to approximate connectivity and the intermittency of passage channels in fragmented forest
matrices (Andronache, 2024; Diaconu et al., 2024).

Relation to previous work

Regional studies have largely relied on 2D metrics - box-counting, lacunarity, and pe-
rimeter—area scaling - together with landscape-metric toolkits such as FRAGSTATS
(McGarigal et al., 2012a). Within this context, our fragmentation family (FFI/FFDI/FTI) is
designed to complement class-level FRAGSTATS metrics by explicitly isolating scaling-sen-
sitive edge irregularity (via FFDI) and tentacularity (via FTT). Our tree-cover results repro-
duce the expected stability of global fractal dimensions and the mixed inter-metric correla-
tions under low variance (mean r = 0.27; range —0.99...1.00), consistent with prior lacu-
narity work showing that heterogeneity can vary independently of fractal dimension and is
best assessed multi-scalar (Plotnick et al., 1993). For cumulative loss, we likewise observe
near-unity internal cohesion for lacunarity (= 0.997) and a strong negative coupling with
global complexity (= —0.87), alongside moderate cohesion among fragmentation/disorder
(= 0.58), in line with landscape-pattern theory and reviews warning about method choice
and interpretation in ecological fractal analysis (McGarigal et al., 2012b). At annual scales,
spikes in fragmentation and succolarity-based connectivity mirror the event sensitivity doc-
umented when combining fractal and texture descriptors (e.g., GLCM features) (Haralick
et al., 1973). Beyond replication, this study extends the literature by integrating newer in-
dicators (like FTI) and adding a 3D volumetric perspective that can be framed with integral-
geometry morphology (Minkowski dimension) alongside correlation-dimension analyses
(Michielsen & De Raedt, 2001). Finally, the connectivity interpretation resonates with con-
nection-based views of critical scales and network formation in fragmented landscapes
(Keitt et al., 1997). Our results align well with the cited literature. Turner (2010) empha-
sized that disturbance pulses can produce transient increases in landscape heterogeneity
and structural complexity, consistent with the fragmentation/disorder spikes we observe
in peak annual loss years. Likewise, our connectivity interpretation is conceptually con-
sistent with the scale-dependent connectivity framework of Urban and Keitt (2001) and
with the notion of critical scales in fragmented landscapes highlighted by Keitt et al. (1997).
Together, these links support the external validity of the triadic reading (complexity - frag-
mentation/disorder - heterogeneity/connectivity).

Geographical and ecological implications

The Romanian forest matrix in the Banat Mountains remains highly compact, yet the
accumulation of loss is reorganising the mosaic toward more intricate, edge-rich patch
boundaries and less lacunar gaps; such edge proliferation under fragmentation is well doc-
umented in landscape-metric frameworks and edge-effect syntheses (McGarigal et al.,
2012c¢). Ecologically, these changes can reconfigure habitat connectivity, with graph-theo-
retic analyses showing that small structural shifts can alter functional linkages among
patches (Urban & Keitt, 2001). They may also affect hydrological regulation by changing
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evapotranspiration, infiltration, and moisture recycling, with wide-ranging consequences
for flows and microclimate (Bruijnzeel, 2004). Disturbance resilience tends to decline as
fragmentation intensifies, and systems become more sensitive to shock events - consistent
with theory and syntheses on disturbance-driven thresholds in space and time (Turner,
2010). The identification of critical years in our series underscores this sensitivity to epi-
sodic pressures, while the volumetric sparseness of loss areas helps explain why connectiv-
ity gains remain modest and non-connecting; once certain fragmentation thresholds are
crossed, recovery pathways may narrow (With & King, 1999).

Beyond the Banat Mountains, the methodological framework and the observed cou-
pling—decoupling patterns are directly transferable to neighbouring regions such as the
Serbian Carpathians and the Dinaric Alps, where similar relief energy, lithological hetero-
geneity, and mixed-use forest economies shape fragmentation pressures. In practice, the
same letter-coded portfolio can be applied to Global Forest Change layers and national for-
est inventories to track (i) annual shock sensitivity, (ii) cumulative reorganisation of edges
and gaps, and (iii) background matrix stability-supporting harmonised, cross-border mon-
itoring.

Methodological considerations and indicator selection

Two methodological points merit emphasis. First, redundancy within the lacunarity
pair argues for a parsimonious choice (Roy & Perfect, 2014) in routine monitoring, while
retaining a succolarity reservoir variant when permeability matters. Second, global com-
plexity can be summarised efficiently by a representative Box-counting implementation
(TruSoft International, 1997; Vuidel et al., 2022; Ahammer et al., 2023) plus an Informa-
tional/Correlation dimension (Grassberger & Procaccia, 1983); FFDI is a robust proxy for
branching irregularity (Peptenatu et al., 2023) and FTI for tentacular extension (An-
dronache et al., 2024). These choices are consistent with the observed within- and between-
family correlations and with external reports (Andronache, 2024). Together, these indices
complement class-level FRAGSTATS metrics (edge density, clumpiness), adding scale-
aware diagnostics of edge irregularity and tentacular growth.

Limitations

Thresholding and spatial resolution influence several indices; 3D metrics additionally
depend on voxelization choices (e.g., voxel size and structuring kernels). Voxelization maps
the 2D raster grid into a 3D lattice; consequently, voxel dimensions (including any anisot-
ropy between horizontal and vertical resolution) directly affect the absolute magnitude of
volumetric indices. In this study, cubic voxels were employed (horizontal resolution equals
vertical voxel size), allowing 3D metrics to be interpreted comparatively across layers (tree
cover, cumulative loss, annual loss). Although absolute index values would rescale under
different voxel dimensions, the relative contrasts and ordering of metrics remain stable.
For very sparse volumes, succolarity cannot be computed and is therefore undefined. The
near-constancy (low variance) of the tree-cover matrix may amplify method-specific con-
trasts among fragmentation metrics. Machine-learning-based gap filling (e.g., 3D de-
noising or interpolation) could be explored as a preprocessing step, but it was not applied
here because it may alter fine-scale structure and connectivity. Any ML-based reconstruc-
tion would require dedicated validation of induced artifacts and uncertainty; therefore, we
note it only as an optional future enhancement. These caveats notwithstanding, the strong
convergence between 2D and 3D signals, and the stable correlation architecture across lay-
ers, support the robustness of the triadic interpretation and of the main conclusions.
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Synthesis

Across scales and indicators, the organisation of the forest mosaic has changed more
profoundly than its total area alone would suggest. As losses accumulate, the mosaic be-
comes more intricate and more disordered, gaps are less lacunar, and void connectivity
rises episodically without pervasive connectivity. At annual scales, shocks transiently in-
crease disorder and connectivity while eroding anisotropy. In the background matrix, sta-
bility attenuates correlations and exposes definition-level differences among fragmentation
metrics. This integrated reading consolidates the complexity - fragmentation - connectivity
triad as a unified framework for interpreting forest dynamics in the Banat Mountains and,
by extension, for designing parsimonious, yet sensitive, monitoring portfolios for structur-
ally dynamic landscapes.

Conclusion

This study advances the interpretation of 2D and 3D binary images for structurally
dynamic landscapes by organizing a broad set of fractal and non-fractal indices into a com-
plementary triad - global complexity, fragmentation/disorder, and heterogeneity - connec-
tivity (lacunarity-succolarity), applied to the Banat Mountains.

(i) Annual vs. cumulative dynamics. At annual scale, disturbance years show sharp,
transient increases in fragmentation/disorder (FFDI, FTT) and momentary gains in con-
nectivity (succolarity), accompanied by loss of directional coherence; global dimensions re-
spond only partially. At camulative scale, relations tighten: global complexity rises steadily,
edges become more irregular and tentacular, lacunarity (heterogeneity of gaps) declines,
and succolarity (patch-to-patch connectivity) increases modestly without reaching land-
scape-scale connectivity.

(ii) Stable matrix and method sensitivity. Tree cover behaves as a compact, nearly
space-filling matrix in 2D and 3D, with low and stable fragmentation and high, stable con-
nectivity; under low variance, definition-level differences among fragmentation metrics
(FFI vs. FFDI/FTI) become visible.

(iii) Convergence across dimensions. The 3D analysis corroborates the 2D reading: tree
cover is volumetrically dense and coherent; cumulative loss is intermediate and filamen-
tary; annual loss remains sparse. Succolarity is meaningful for the matrix but undefined for
very sparse loss volumes.

A compact monitoring portfolio includes one representative box-counting implemen-
tation + an Informational/Correlation dimension (global complexity); FFDI + FTI (frag-
mentation/disorder and tentacularity); Roy & Perfect lacunarity with a succolarity (reser-
voir) variant when connectivity is of specific interest; include directional descriptors where
shocks are expected.

Results may depend on thresholding, resolution, and voxelization; succolarity becomes
undefined in sparse volumes; anisotropy could be further resolved with full-azimuth (o-
360°) analyses. Priorities include uncertainty quantification, sensitivity analyses, general-
ized/multifractal spectra, and cross-site validation linking structure to ecological function.
More broadly, the multi-metric triad offers a practical basis for assessing forest-landscape
sustainability across Southeastern Europe, enabling consistent benchmarking, uncer-
tainty-aware reporting, and policy-relevant comparisons across jurisdictions.
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