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Current spatial analyses of deforestation predominantly focus on quantification, often overlooking 
the geometric and topological configurations that are essential for formulating spatially concrete 
remedial actions. Skeletons and local connected fractal dimension (LCFD) are established techniques 
that have been used to summarise geometric features and capture connectivity patterns. The present 
study analysed deforested areas in the Sumaco Biosphere Reserve at three time points from 1990 
to 2018. The skeleton captured 62%, 44%, and 40% of the original deforested patches, respectively, 
and the complexity of connectivity patterns increased over time. A spatially explicit characterisation 
of the deforested patches was conducted by combining the LCFD and topological descriptors, which 
enabled the definition of five prioritisation levels for informed decision-making. In addition, we 
observed an increase in the complexity of pixel neighbourhood relationships over time. In conclusion, 
the spatial characterisation of the deforestation skeleton serves to further understand the dynamics of 
deforestation expansion from the local to the regional scale by highlighting complex connections that 
are significant for forest protection and mitigation efforts.

Deforestation is a global concern that impacts ecosystems, hydrologic and nutrient cycles, biodiversity, and 
climate. Extensive agriculture and urban growth are the main driving factors of this landscape change1–4 since 
they promote forest loss. Halting deforestation is a management and policymaking challenge5,6. International 
agreements call for multidisciplinary initiatives to address this threat. Within the framework of Agenda 2030 
and the Sustainable Development Goals (SDGs), especially SDG15 targets 15.2 and 15.b outline step for 
progress7,8. However, uncoordinated land management practices in tropical forests are exacerbating the process 
of deforestation.

Currently, the Amazon biome is worldwide recognised as a deforestation hotspot requiring immediate 
remedial action9–11. Patterns and complexity are common features of this process in time and space12,13. In the 
spatial sciences, the complexity of land processes deals with interactions between people and the environment 
resulting in land use and land cover (LULC) change14. Therefore, the study of LULC that has led to deforestation 
is crucial to understanding stakeholder land-use decisions15 across spatially linked scales.

Deforestation exhibits complex spatial patterns with scale hierarchies and unexpected shapes. The land 
mosaic resulting from deforestation is characterised by intricate and irregular geometries, resembling fishbones 
at local scales16,17, progressively expanding into regional patterns18. This cumulative process of deforestation19–21 
acts as a spatiotemporal disturbance event that modifies the geographic structure and composition of the 
ecosystem22,23. The sequence of spatial processes involved in land transformation, such as perforation, dissection, 
fragmentation, shrinkage, and attrition24,25, collectively configure deforestation in a spatially complex manner. 
Over time, the combined effect of these processes, along with the influence of neighbouring deforested patches26, 
promotes an exacerbated expansion of deforestation characterised by geometrically complex patterns.

The deforestation morphology configures several spatial patterns27,28 of a complex system, leading to 
the irreversible progress of landscape fragmentation. The conventional study of forest fragmentation and 
connectivity includes the analysis of forest patch morphology using basic landscape ecology metrics29–31 to 
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fractal26,32, particle33, and succolarity analysis34, among others. However, few studies focus on analysing vacant 
land once it has been deforested, termed deforested patches. These areas are subsequently occupied by other land 
uses, triggering adjacent land occupation effects. Similar to forest patches, deforested patches can be spatially 
characterised to understand their behavior in terms of fragmentation and connectivity.

Large-scale deforested areas can not be simply reforested due to contemporary socio-economic 
developments35,36. These areas are now complex land mosaics with different activities occurring concurrently. 
This situation necessitates an integrated restoration approach driven by local remedial actions37. Therefore, by 
using a spatial unit smaller than the entire deforested patch that aligns with LULC dynamics, an optimised 
trajectory can be developed to progressively restore landscape connectivity.

Remote sensing and image processing play a crucial role in supporting efforts to address environmental 
problems such as deforestation38–42. These technologies are being used to develop solutions that can assist 
decision-making and facilitate remedial actions43. In the context of deforestation, these tools have allowed 
studies from different disciplines44. However, significant gaps remain in our understanding of the underlying 
mechanisms driving the territorial expansion of deforestation. Diverse shape-analytical methods have focused 
on quantifying forest loss by analysing residual forest areas, neglecting the lost areas themselves. Mathematical 
morphology45,46 provides an alternative approach to analysing these lost areas. This technique gained importance 
in geomorphology and GIS sciences as a powerful tool for generating reliable solutions to geomorphological 
phenomena and processes.

Image analysis has been established as a versatile technique for analysing both morphology and spatial 
patterns47–49. Morphological analysis provides image-derived shape features that can support decision-making 
across a wide range of disciplines including medicine50, materials science51, biology52, geography53, hydrology54, 
soil science55,56, among others. Spatial patterns, also known as spatial structures, refer to quantifiable attributes 
of how shapes are arranged in a spatial context57, making them valuable for mapping and monitoring changes 
over time.

In binary image analysis, skeletonisation is a process that reduces shapes to a simplified, central structure 
while preserving their overall connectivity and topology. The skeleton is a thinned representation (i.e., one pixel 
wide) of an object’s external morphology, capturing its fundamental structural framework while remaining 
relatively stable despite natural contour variations58,59. Deforested patches have internal geometric structures, 
or skeletons, which contain information about the original deforested patches. These structures can be used 
in spatial and temporal analyses across various land science disciplines, providing valuable insights into 
deforestation dynamics and informing land management strategies.

From an ecological perspective, the skeleton of deforested areas provides critical insights into the fragmentation 
and connectivity of landscapes. Deforestation alters habitat networks by breaking down continuous forest cover 
into isolated patches, affecting species movement, resource availability, and ecosystem stability60. Skeletonisation 
allows for the identification of primary connectivity pathways within deforested regions, highlighting corridors 
that may still facilitate species dispersal or gene flow. Additionally, the skeletal representation can help assess 
whether deforestation follows a structured pattern, such as linear clearing along roads or rivers, or a more diffuse, 
patchy expansion. Understanding these patterns is essential for designing effective conservation strategies, as 
maintaining or restoring connectivity between fragmented habitats is crucial for biodiversity conservation and 
ecological resilience61. A detailed explanation of skeletonisation and its implementation in this study is provided 
in the Methods section.

In addition, shape analysis enables the extraction of topological properties used for global descriptions of 
objects in an image. One such topological property is the number of connected components. This, calculated 
from the skeleton, provides information about the pixel’s local neighbourhood relationships. Furthermore, the 
analysis of the complexity of the pixel local connectivity can be approached from fractal analysis, specifically 
using the LCFD26, which considers the pixel distribution in terms of local environments.

This study proposes a novel approach that combines skeletonisation, topological descriptors, and LCFD to 
capture the shape, size, orientation, and connectivity of deforested patches. This approach exploits self-similarity 
and scaling properties to achieve a more comprehensive characterisation. While previous studies have found a 
relationship between skeletons and fractals62, this work represents the first application of this combined approach 
to characterising deforestation. Our work builds on the paradox of complexity that arises from simplicity63 to 
characterise the local connectivity of the deforestation skeleton. We used three binary images of deforested 
patches from 1990 to 2018 to extract deforestation skeletons. Based on these skeletons, we investigated the 
potential of pixel neighbourhoods and fractals to identify deforestation hotspots with high spatial connectivity 
using topological descriptors and LCFD. We applied this analysis to assess the expansion of deforestation in the 
Sumaco Biosphere Reserve (SBR) in Ecuador, Fig. 1.

Results
Deforestation dynamics at patch and skeleton level
Deforestation in the SBR has followed a dynamic and accelerating trajectory over time, reshaping the landscape 
in profound ways. Figure 2 illustrates this transformation at both the patch level (Fig. 2a) and the skeleton level 
(Fig. 2b), providing insight into the evolving spatial structure of deforested areas.

Between 1990 and 2018, deforested patches expanded dramatically from 152 to 1810km2, illustrating the 
rapid pace of land cover change. This expansion is mirrored in the extracted skeletons, which capture the 
underlying connectivity and structural complexity of deforested areas. Over time, these skeletons have grown 
from 94 km2 in 1990 to 729 km2 in 2018, reflecting how isolated clearings have coalesced into larger, more 
intricate deforested regions.

A detailed analysis of the skeletons from 2005 to 2018 (Fig.  2b) reveals how deforestation patterns have 
evolved. What were once scattered patches have merged into consolidated deforested zones, creating increasingly 
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complex internal structures. The proportion of the deforested area captured by the skeletons decreased over time, 
from 62% in 1990 to 44% in 2005 and 40% in 2018. This suggests that as deforestation advances, its structural 
complexity increases, potentially influencing ecological connectivity and landscape fragmentation.

The skeleton of deforestation metrics
The structural evolution of deforested areas over time is reflected in the changing characteristics of their skeletons. 
As shown in Fig. 3, the number of skeletons varied significantly across the three time points, reaching its peak in 
2005. Compared to 1990, the number of skeletons increased by 204%, before declining by 64% in 2018.

Beyond the overall count, the branching patterns of skeletons reveal important shifts in deforestation 
structure. In 1990, nearly half (45%) of the skeletons had no branches, indicating a prevalence of small, isolated 
deforested patches. By 2005, this proportion decreased to 37%, and by 2018, only 32% of skeletons remained 
unbranched. This shift suggests that deforestation has become increasingly interconnected, forming larger and 
more complex patterns over time.

Additionally, the skeletons exhibited a growing number of branches, along with increases in both their mean 
and median lengths. These changes, reflected in rising standard deviation (SD) values, highlight the increasing 
structural complexity of deforested areas, which is likely indicative of the consolidation of patches and the 
expansion of clearing activities.

The local connectivity of the skeleton of deforestation
The evolution of deforestation over time is mirrored in the increasing complexity of its spatial structure. Each 
pixel within the skeletons plays a strategic role in shaping deforestation patterns, as reflected in the topological 
descriptors summarised in Table  1. These descriptors increased throughout the study period, reflectinghow 
deforestation progressed through patch expansion and merging, leading to skeletons with increasingly intricate 
neighbourhood relationships.

At the initial time point, the deforested landscape was characterised by a prevalence of numerous small, 
isolated patches, with endpoints outnumbering junctions and slabs. As deforestation intensified, previously 
disconnected patches began to merge, thereby increasing the prominence of slabs and concurrently reducing 
the proportion of skeletons without branches. By the final time point, this pattern had reversed, with junctions 
and slabs becoming dominant, while endpoints stabilised, thereby signaling the widespread consolidation of 
deforested areas.

The complexity of local pixel connections within the skeletons of the SBR is reflected in the differences in 
LCFD statistical distributions at each time point (Fig. 4). The mean LCFD values for the three time points were 
0.69, 0.97, and 1.17, respectively. In particular, the distributions for the two latter time points showed negative 
skewness. The LCFD spatial distribution of the skeletons (Fig. 5) showed an increase in local complexity over 
time. At the initial time point, the LCFD was lower, indicating an initial perforation of the forest landscape. The 

Fig. 1.  Sumaco Biosphere Reserve (SBR) located in the headwaters of the Amazon River Basin, showing the 
extent of native forest in 1985 and forest loss in 2018. The map was created using QGIS64 version 3.20, ​h​t​t​p​s​:​/​/​
w​w​w​.​q​g​i​s​.​o​r​g​/​​​​​.​​​​
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subsequent time point showed a consolidation of deforested areas, resulting in an increase in the complexity of 
local connections.

At the third time point, local pixel connections reached their maximum LCFD values, indicating that 
the fractal structure of deforestation had enhanced its capacity for expansion. This pattern suggests that the 
deforested skeletons reinforced their boundaries near forest patches, increasing their capacity to expand further 
by drawing from adjacent forested areas.

LCFD values (Fig. 5) highlight how spatial complexity evolved across the landscape. Initially, lower LCFD 
values indicated a perforation phase, where forest loss was scattered and relatively simple in structure. As 
deforested patches consolidated, the complexity of local connections increased, reaching its peak at the final 
time point.

The interpretation of LCFD values provides additional insight into these structural changes. Values between 0 
and 1 corresponded to isolated skeletons, indicative of early-stage deforestation with low complexity. Conversely, 
values exceeding 1.00 signified an increase in complexity and greater pixel connectivity, with complexity levels 
further categorised as medium (≤ 1.34), high (≤ 1.61), and very high (≤ 1.84). To enhance interpretability, forested 
and deforested patches were included as background, providing a clearer context for the observed patterns.

Mapping deforestation complexity: a composite characterisation
To better understand how deforestation evolves over time, we combined multiple layers of information into 
a single spatially explicit characterisation. This composite approach (Fig.  6) integrates forest and deforested 
patches in the background, while skeletons are overlaid with topological descriptors and LCFD categorisation in 
the foreground. Each skeleton pixel is colour-coded according to its topological properties, and small coloured 
circles indicate its LCFD category.

In the initial stages of deforestation, small and isolated patches produced simple skeletons, primarily 
characterised by endpoints and associated with low LCFD values. As deforested areas expanded, skeletons 

Fig. 2.  Binary images of (a) deforested patches and (b) the skeletons for 1990, 2005 and 2018. Red dots 
indicate the enlarged area shown in the lower left corner for each year. In the upper left corner, the number of 
deforested pixels is shown for both the deforested patches and the skeletons. The pixel size is 30 m. The map 
was created using QGIS64 version 3.20, https://www.qgis.org/.
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became more intricate, leading to more complex neighbourhood relationships and higher overall connectivity. 
This progression is illustrated by the enlarged sections of the SBR in Fig. 6.

In 1990, the configuration of skeletons was relatively simple, dominated by endpoints and slabs with low LCFD 
values. By 2005, the pattern shifted as deforestation intensified, with skeletons characterised by an increased 
presence of slabs and junctions exhibiting medium and high LCFD values. In 2018, the skeletons displayed a 
dominance of junctions, with very high LCFD values marking the most structurally complex deforested regions.

Although both LCFD values and topological descriptors reflect deforestation complexity, they do not have 
a direct linear relationship. LCFD values depend on the sampling window surrounding each pixel, thereby 
capturing the connectivity within its local neighbourhood. In contrast, topological descriptors classify skeleton 
pixels based only on the neighbouring pixels, making them independent of the overall skeleton geometry. This 
approach complements conventional methods for spatially prioritising reforestation pathways by integrating 
structural connectivity (topological descriptors) and local complexity (LCFD), providing a more detailed and 
spatially explicit understanding of deforestation patterns.

Prioritising reforestation efforts: Interpreting skeleton complexity
Understanding the spatial arrangement of skeleton pixels can facilitate the prioritisation of reforestation 
initiatives. The priority ranking is based on the potential impact of each structure on deforestation dynamics, 
taking into account both its topological role and its LCFD value.

•	 Junctions play a critical role in connectivity, and those with high LCFD represent active deforestation hot-
spots, warranting the highest priority.

Topological descriptors Neighbouring pixels

Time points % Increase

1990 2005 2018 (1990–2005) (2005–2018)

Endpoints < 2 53,265 133,123 133,582 150% 0.34%

Junctions > 2 13,592 145,446 331,597 970% 128%

Slabs = 2 38,279 214,817 344,895 461% 61%

Table 1.  Topological descriptors of the deforestation skeletons for 1990, 2005, and 2018.

 

Fig. 3.  Metrics of deforestation skeletons for 1990, 2005, and 2018. The dashed blue line in the distributions at 
the top represents the mean branch length. Branch length distributions were created using Rstudio65 version 
9.3.
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Fig. 5.  Spatial distribution of deforestation skeletons by Local Connected Fractal Dimensions (LCFD), colour-
coded using K-means. The circle is located in the Sumaco Biosphere Reserve (SBR) and shown for each year 
of analysis. Black circles are enlarged and detailed in Fig. 6. The map was created using QGIS64 version 3.20, 
https://www.qgis.org/.

 

Fig. 4.  Statistical distribution of local connected fractal dimension (LCFD) values of skeletons for 1990, 2005, 
and 2018. Distribution graphs were created using Rstudio65 version 9.3.
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•	 Slabs with high LCFD indicate areas of ongoing deforestation that could be strategically disrupted, while 
those with moderate LCFD require monitoring due to their potential transition to higher activity.

•	 Endpoints with high LCFD may seem less significant but are highly sensitive to neighbourhood changes, 
meaning that even minor expansions can disproportionately increase the complexity of deforestation.

Different combinations of LCFD categories and topological descriptors indicate varying levels of concern, with 
the following cases ranked in increasing order of urgency:

•	 A junction (light blue pixel) with high LCFD (red dot) represents an active deforestation hotspot where multi-
ple branches converge, making it a key structural connector. These pixels require urgent attention as they have 
the highest potential for further deforestation expansion. (Priority Level 1)

•	 A slab (yellow pixel) with high LCFD (red dot) is an active spot that could be targeted for intervention to 
disrupt deforestation patterns. (Priority Level 2)

•	 A slab (yellow pixel) with moderate LCFD (green dot) is a point that should be continuously monitored, as it 
may transition to a more active state. (Priority Level 3)

•	 A junction (light blue pixel) with moderate LCFD (green dot) is a low-complexity point that requires less 
immediate concern but still merits monitoring. (Priority Level 4)

•	 An endpoint (magenta pixel) with high LCFD (red dot) represents an active deforestation endpoint that, 
while seemingly minor, is highly sensitive to neighbourhood changes. Even minor expansions in surrounding 
pixels could substantially increase the overall deforestation complexity. (Priority Level 5)

Additionally, two cases are structurally impossible:

•	 An endpoint (magenta pixel) with low LCFD (blue dot) in an isolated skeleton of one or two pixels.
•	 An endpoint (magenta pixel) with high LCFD (red dot) in an isolated skeleton of one or two pixels.

Owing to the dynamic nature of the analysis, the skeletons in our study vary their original structure once 
additional deforested areas have altered the boundary shapes. While the structure is maintained in some 
instances, in most cases, it undergoes changes. This variability necessitates the implementation of a dynamic 
approach when calculating the percentage of junctions with high LCFD values that subsequently expanded 
the deforested area. The skeleton structure can shift slightly between stages, with the displacement typically 
confined to one or two pixels around the previously identified high LCFD junction. This highlights the necessity 
for prompt action, as such changes in the skeleton can compromise the accuracy of the analysis if not addressed 
in a timely manner.

This framework provides a structured approach to identifying critical intervention points within deforestation 
networks. By leveraging both topological descriptors and LCFD categories, this method offers a novel perspective 
for prioritising reforestation pathways and mitigating deforestation expansion in a spatially informed manner.

Discussion
The proposed method allowed the characterisation of deforestation connectivity and expansion patterns at the 
skeleton level. The method captured the complete geometry of each deforested patch by incorporating it into a 

Fig. 6.  Spatially explicit characterisation of the deforestation skeleton using Local Connected Fractal 
Dimensions (LCFD) and topological descriptors. The circle is located in the Sumaco biosphere reserve (SBR). 
This view is an enlarged area of Fig. 5. The map was created using QGIS64 version 3.20, https://www.qgis.org/.
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skeleton representation. LCFD and topological descriptors are then applied to this skeleton. Our method differs 
from other spatial metrics such as Moran’s I66–68, conventional landscape ecology metrics69,70, density maps 
and heat maps. The strengths are (i) the nature of the analysis which is cell-based, (ii) the robustness of the 
statistical sampling through a moving window71, (iii) the window scale sampling to account for neighbourhood 
connectivity, (iv) the scale or extent invariance due to the fractal nature of deforestation26, and iv) the absence of 
spatial correlation with other variables. The latter is a common limitation of conventional spatial metrics in the 
analysis of deforestation.

The applicability of the skeleton analysis was tested in the SBR, which is a representative site in the upper 
Amazon basin with high deforestation rates72–74 and complex spatial patterns75. In addition, this Biosphere 
Reserve shows high potential areas for effective reforestation76 as a model site for large-scale forest restoration 
in the Amazon. Three time points have been used to illustrate the expansion of deforestation. The difference 
between them is not homogeneous, as the analysis was carried out considering the availability of data and the 
year in which extensive agriculture was promoted in Ecuador.

The increase in LCFD from 1990 to 2018 was motivated by an accelerated expansion of the agricultural 
boundary, which was stimulated by government policy in 2000. This period was well known in Ecuador as the 
“inclusive agriculture” and “inclusive business” programs, financed by public and private institutions77. From 
this point onwards, the LCFD increased in a similar way to the increase in the number of skeleton branches 
(Fig. 3). Both corresponded to a remarkable increase in the number of topological descriptors, especially in 
the junctions and slabs (Table 1). The number of skeletons decreased from 2005 to 2018 due to attrition and 
shrinkage land processes. At the same time, the mean length of the skeleton branches increased, reflecting the 
potential of deforestation expansion structures because of the increasing number of endpoints with 150% in 
2005 (Table 1). However, it was not only an increase of endpoints that was associated with an increase in LCFD 
complexity. From 2005 to 2018, the endpoints remained stable, and junctions and slabs increased, implying 
that the structural pattern of deforestation was strengthened by increasing the skeleton branching and also by 
increasing internal connectivity.

The analysis of topological descriptors (Table  1) reveals distinct trends in deforestation dynamics. The 
number of junctions exhibited the highest rate of increase (970% from 1990 to 2005 and 128% from 2005 
to 2018), followed by slabs, while endpoints stabilised after an initial rise. This pattern suggests a transition 
from early fragmentation to increased connectivity in deforested areas over time. The spatial morphology of 
deforested patches further supports this structured progression. Skeleton analysis indicates that deforestation 
follows a complex spatial process interaction, with patches perforating, dissecting, fragmenting, shrinking, and 
merging in the landscape rather than being randomly distributed. The configuration of the skeletons highlights 
the formation of concentrated areas of deforestation, reflecting land-use decisions and spatial dependencies. The 
fractal nature of deforestation patterns underscores the influence of hierarchical organization, demonstrating 
that deforestation is not a purely stochastic phenomenon but a complex landscape process that evolves across 
multiple scales.

The composite characterisation for deforestation hotspots included the LCFD results and the topological 
descriptors of the skeletons (Fig.  6). Both allowed to simultaneously categorise the complexity of pixel 
connectivity and neighbourhood relationships. This is crucial for prioritising areas that can be considered for 
reforestation pathways that progressively contribute to the recovery of forest landscape connectivity. There is no 
direct relationship between LCFD values and topological descriptors of the skeleton, as it depends on the spatial 
arrangement of the skeletons and branches at the local scale. Therefore, coloured dots were used to identify the 
LCFD value range for each topological descriptor represented in each pixel of the skeleton.

Although this spatially explicit characterisation was developed to characterise the skeleton of deforestation, 
it is also valuable for representing the structure of any transformed landscape. Coloured dots for the LCFD and 
contrasting coloured pixels for the topological descriptors provided a quick and reliable tool for identifying 
the local complexity connectivity. This graphical characterisation of the structure can be applied to landscape 
modelling and route planning, such as reforestation corridors, as the results are georeferenced.

Successful ecosystem restoration takes into account ecological, economic, and social needs. Prior to 
implementing a restoration project or commencing restoration activities, a restoration assessment is mandatory. 
In the context of assessing forest restoration among a range of requirements, there is a need to provide a 
spatially explicit prioritisation of restoration across spatial scales78. Our work contributes to this requirement 
by providing a spatially explicit prioritisation tool based on the pixel categorisation of the basic structure of 
the deforested patch, the skeleton. This enables for identifying local hot spots that may be considered in fund 
investment programs for reforestation.

Reforestation funds are usually small and expectations of reforestation targets are high. Therefore, regardless 
of scale, reforestation is challenging in terms of prioritisation. A scale invariant spatial prioritisation is required 
to reforest as much as possible and ensure the long-term sustainability of forest patches at the landscape scale. 
Our work offers the possibility to define localised restoration actions in an area smaller than a patch through the 
skeleton. Through pixel categorisation based on LCFD, it is possible to maintain an invariant spatial prioritisation 
due to the self-similarity property of fractal objects. This pixel categorisation is also supported by topological 
descriptors.

A common goal in scenario definition and decision-making is to achieve connectivity in forest landscapes 
while halting deforestation. Behind this goal, there are a large number of factors and actors involved with 
different opinions, adding complexity to restoration initiatives. Although social discrepancies are not considered 
in this work, the results presented here could inspire the next deforestation strategies that also include social and 
economic criteria to regulate smart reforestation worldwide.

While the method provides a novel approach to characterising deforestation connectivity and expansion 
patterns, certain limitations should be acknowledged. First, the computational cost of calculating LCFD in 
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large areas is significant, requiring extensive processing time and limiting scalability. Furthermore, there is 
no single, direct computational framework to perform all calculations in a comprehensive manner. Instead, 
several intermediate steps require human intervention, particularly during the georeferencing process between 
ImageJ and GIS software, which requires user intervention and consequently slows down the processing. 
Second, the approach does not account for land-use constraints within the analysed area. Certain landscapes, 
such as urban areas, transportation infrastructure, and dams, are unlikely to revert to forest cover, which 
affects the feasibility of restoration planning. Furthermore, while the methodology provides a spatially explicit 
framework for deforestation prioritisation, a broader discussion with stakeholders is essential to ensure its 
practical implementation. Incorporating local perspectives and socio-economic considerations could enrich the 
applicability of composite LCFD analysis and topological descriptor-based prioritisation. Future research could 
focus on automating key computational processes, integrating machine learning for predictive modelling, and 
expanding the framework to consider socio-economic and institutional factors that influence deforestation and 
restoration potential. Additionally, exploring the interaction between LCFD and other ecological indicators, 
such as habitat fragmentation and biodiversity loss, could provide a more holistic understanding of landscape 
transformation and improve conservation strategies.

Methods
Case study
The SBR was chosen as a case study because it is considered to be one of the most biodiverse and culturally rich 
areas on the planet79, while at the same time being heavily impacted by human activities such as agriculture and 
livestock expansion68. The SBR contains a variety of drivers of deforestation in the Amazon region, making it an 
excellent location to investigate the impacts of land cover change, such as deforestation. Previous studies confirm 
the importance of the site in terms of ecosystem services80, biodiversity81, livelihoods82, carbon sequestration83, 
and traditional agricultural systems74. The Amazon region has undergone enormous landscape changes over the 
last three decades. However, the environmental impacts are more concerning when considering the ecological 
sensitivity of the headwaters of the Amazon River basin where SBR is located (Fig.  1). The SBR preserves 
extensive, intact, tropical humid forest, which is a hotspot for conservation and restoration. For the analysis, the 
entire SBR was considered without zoning to avoid truncating the deforested areas.

Skeleton of deforestation analysis
Extracting skeletons of deforestation and metrics
The binary images of deforested patches were used as input to obtain the deforestation skeleton, Fig. 7. These 
images were extracted by LULC change analysis, using QGIS (version 3.20, https://www.qgis.org/), between map 
pairs from the MAPBIOMAS project in 1990, 2005, and 2018 to analyse the expansion of deforestation five years 
before and after the promotion of “inclusive agriculture” and “inclusive business” programs, and its expansion 
until 2018. The MAPBIOMAS map set was developed based on LULC maps from the Ministry of Environment, 
Water and Ecological Transition of Ecuador, which were used to train classification algorithms and evaluate the 
quality of image classification84,85. The change from forest to agricultural land or urbanisation was referred to as 
deforestation.

Fig. 7.  Methodology workflow. The diagram was created in Microsoft PowerPoint 365 using ImageJ (version 
1.54 h). The outputs are an example of heart image analysis.
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The skeleton of deforestation was extracted using ImageJ software (version 1.54 h, https://imagej.net/)86, 
which applied a 1-pixel-width parallel thinning algorithm87 with a pixel resolution of 30 m. Each binary image 
of the skeletons contained values of 0 and 1, representing background and deforested pixels, respectively. The 
quantification of the skeletons and branches was followed by the calculation of topological descriptors to classify 
the skeleton pixels into three categories: endpoints, junctions, and slabs. This classification was based on the 
number of neighbouring pixels within the connectivity framework used by the AnalyzeSkeleton tool (version 
3.4.2, https://imagej.net/plugins/analyze-skeleton/)88. See Fig. S1 online in the supplementary information for a 
detailed overview of the process followed and the open-source tools used to perform the analysis.

In 2D images, the algorithm employs an 8-connected neighbourhood system. Accordingly, endpoints are 
defined as pixels with fewer than two neighbours, junctions as those with more than two neighbours, and slabs 
as those with exactly two neighbouring pixels. Skeleton metrics and topological descriptors were calculated for 
each time point in the analysis.

Local connected fractal dimension of skeletons
The local complexity of skeleton pixel connections was performed using the LCFD approach89 from FracLac 
(version 2.5, ​h​t​t​p​s​:​​​/​​/​i​m​a​g​e​​j​.​n​e​​t​/​​i​j​/​​p​l​u​g​i​​​n​s​/​f​r​a​​c​​l​a​c​/​F​​L​H​​e​l​​​p​/​t​4​.​h​t​m), Fig. 7. We categorised the LCFD values using 
the unsupervised K-means algorithm, using stats package of R (version 4.3.2, https://R-project.org/)90, to obtain 
four complexity thresholds of skeletons. Every threshold range was colour coded. The LCFD was calculated by 
the linear regression of the logarithm of the mass (pixels), (ε) in a box of size ε on the logarithm of ε. This scaling 
relation is expressed in the following equation:

	
LCF D = log [M (ε )]

logε

where M (ε) is the number of locally connected pixels (eight-neighbourhood connection) in a box of side size 
ε89. From Eq. 1, the LCFD = 2 if the object is completely filled, and therefore the object is two-dimensional. On 
the other hand, if the object is a straight line (one-dimensional), then the LCFD = 1. The LCFD results are more 
useful for values in the range 1.0 < LCFD ≤ 2.00, as these describe the local complexity of the set.

Data availability
The datasets used and/or analysed during the current study are available from Zenodo ​(​h​t​t​p​s​:​/​/​z​e​n​o​d​o​.​o​r​g​/​r​e​c​o​
r​d​s​/​1​4​8​4​1​7​1​0​)​. These data are provided for non-commercial purposes only. If you use this dataset for research, 
please be sure to cite this paper.
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