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Highlights
What are the main findings?

e  Sentinel-2 spectral indices detected edge-related structural gradients in Semideciduous Seasonal
Forest fragments embedded in the Brazilian Cerrado.

¢  Pixel-level modeling revealed scale-dependent edge effects, ranging from shallow gradients in
smaller fragments to diffuse and heterogeneous patterns in larger fragments.

What are the implications of the main findings?

e  Edge effects should not be interpreted solely as fixed radial zones, especially in structurally
heterogeneous tropical forest fragments.

e Integrating field-based structural data with pixel-level remote sensing improves the spatial
interpretation of edge gradients and internal forest heterogeneity.

Abstract

Forest edge effects are commonly interpreted as radial gradients from the edge toward the interior,
but this assumption may oversimplify the spatial organization of heterogeneous tropical forest
fragments. Here, we integrated field-based phytosociological data with Sentinel-2 spectral indices to
evaluate whether edge-effect interpretation depends on analytical scale in Semideciduous Seasonal
Forest fragments embedded in the Brazilian Cerrado. Five fragments were analyzed using transect-
based plots and continuous pixel-level modeling. Basal area showed a strong positive correlation
with NDVI (r =0.95), supporting its use as the main spectral proxy for vegetation structure. Plot-level
segmented regression detected edge-to-interior transitions, with breakpoints ranging from
approximately 13 to 39 m. However, pixel-level modeling revealed scale-dependent responses,
including shallow gradients in IF and AC, an intermediate transition in CN, a deeper gradient in IP,
and high internal heterogeneity without a single dominant radial transition in Panga. The first two
PCA axes explained approximately 81% of the total variance, reinforcing the structural-spectral
correspondence. These findings show that edge effects are detectable but not adequately represented
by fixed radial zones alone. Pixel-level Sentinel-2 modeling improves the spatial interpretation of
fragmented tropical forests.
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1. Introduction

Forest fragmentation alters ecological processes by creating edges between native vegetation
and surrounding anthropogenic matrices. Studies on edge effects in forest ecosystems are largely
based on the premise that their ecological responses are organized along monotonic and radial
gradients from the edge towards the interior of the fragments [1-4]. This approach has been
fundamental to the conceptual advancement of fragmentation ecology, but it tends to oversimplify
the spatial complexity of natural systems, especially in heterogeneous tropical landscapes [5,6]. Forest
edges represent transition zones between natural vegetation and anthropogenic areas, and are
associated with microclimatic changes, reduced humidity, increased light incidence, and greater
exposure to disturbances [7-9].

These changes directly affect the structure, composition, and biodiversity of ecosystems [3,10],
favoring degradation processes, increasing the occurrence of fires, and limiting natural regeneration
[11]. On a global scale, it is estimated that approximately 70% of remaining forests are located less
than 1 km from an edge, which reinforces the centrality of these processes in the organization of
contemporary landscapes [10].

In the Brazilian Cerrado, this problem takes on particular relevance in the Semideciduous
Seasonal Forests (SSF), communities of Atlantic origin inserted in a context of intense agricultural
expansion [12-14]. In these systems, proximity to agricultural matrices increases exposure to
disturbances and imposes abrupt transitions between native vegetation and anthropogenicland uses,
making it essential to distinguish intrinsic structural variations in vegetation from those induced by
fragmentation [15]. Evidence suggests that fragmentation can reduce biodiversity, alter floristic
composition, and promote progressive declines in biomass and carbon stocks [3,5], but the way these
effects are spatially distributed within the fragments remains insufficiently understood.

Remote sensing offers a scalable approach to investigating spatial patterns of vegetation at
multiple scales [16,17]. Spectral indices derived from orbital images, such as NDVI, EVI, NDMI, and
vegetation fraction (VF), provide complementary metrics related to the structural and functional
condition of the canopy [18-21]. However, the isolated use of these indices may be limited, since their
responses are influenced by seasonality, spectral saturation, and the intrinsic heterogeneity of the
vegetation [22-24], requiring integrated approaches and validation with field data.

A recurring additional limitation in landscape ecology studies relates to the treatment of spatial
scale. Aggregating data into discrete units can introduce biases associated with the Modifiable Area
Unit Problem (MAUP), influencing the detection and interpretation of ecological patterns [25,26]. In
the case of the edge effect, this limitation is particularly critical, as the structure of the fragments may
not be adequately represented by average values or fixed distance classes. Instead, the edge effect
may emerge as a continuous gradient embedded in heterogeneous structural mosaics, in which the
distance to the edge is only one of the factors explaining the vegetation organization [6,27].

In this study, we integrated structural data obtained in the field with high-resolution spectral
information derived from Sentinel-2 images to investigate the edge effect in fragments of
Semideciduous Seasonal Forest in the Brazilian Cerrado. Through vegetation indices, principal
component analysis, segmented regression, bootstrap uncertainty estimation, and pixel-level spatial
modeling, we evaluated the ability of spectral responses to represent structural variations along the
edge-to-interior gradient. Unlike conventional approaches, this strategy allows us not only to
estimate the depth of the edge effect but also to characterize the internal structural heterogeneity of
the fragments, highlighting spatial patterns that do not necessarily follow a radial behavior.

We formulated the following hypotheses: (i) vegetation indices selected by multivariate criteria
show a strong correspondence with structural field metrics, especially basal area; (ii) the edge effect
manifests itself as a continuous and detectable spectral gradient; (iii) the integration of multiple

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.0879.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 May 2026 d0i:10.20944/preprints202605.0879.v1

3 of 23

indices expands the ability to discriminate structural and functional variations in vegetation; (iv) the
estimation of the depth of the edge effect is dependent on the scale of analysis, being influenced by
spatial aggregation processes; and (v) the internal heterogeneity of fragments plays a central role in
the spatial organization of vegetation, not being explained exclusively by the distance to the edge.
By explicitly integrating scale, spatial heterogeneity, and structural attributes of vegetation, this
study advances the understanding of the expression of the edge effect in fragmented landscapes,
proposing an approach that surpasses interpretation based exclusively on radial gradients and
contributes to the development of more robust metrics for assessing forest structural integrity.

2. Materials and Methods
2.1. Study Area

The study was conducted in five fragments of Semideciduous Seasonal Forest (55F) embedded
within the Cerrado biome in central Brazil. These formations represent forest enclaves of Atlantic
origin inserted in a predominantly agricultural matrix [28], where fragmentation imposes marked
environmental and structural gradients from the edge toward the forest interior.

Four fragments are located in the municipality of Ipameri, Goias, in a landscape dominated by
intensive agriculture: IP (15.2 ha), AC (21.5 ha), IF (8.8 ha), and CN (12.2 ha). These fragments are
relatively small and isolated, representing typical conditions of forest remnants in anthropogenic
areas of the Cerrado [29]. The fifth fragment corresponds to the Panga Private Natural Heritage
Reserve (Panga), located in Uberlandia, Minas Gerais, with an area of 403.85 ha.

The inclusion of Panga provides a structural reference due to its larger size, greater internal
continuity, and protection history since 1997. This contrast between small, more disturbed fragments
and a larger fragment allows us to evaluate how edge effects and internal heterogeneity are expressed
under different structural contexts.

The analyses were conducted at two complementary spatial scales: (i) a local scale, based on
sampling along the edge—interior gradient, and (ii) a continuous spatial scale, considering the entire
area of each fragment. The location of the study areas is shown in Figure 1, and their spatial
characteristics are summarized in Table 1.
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Figure 1. Location of the Semideciduous Seasonal Forest (SSF) fragments analyzed in the Brazilian Cerrado: IP
(Ipameri), IF (rural area of Ipameri), AC (Campo Alegre de Goias), CN (Caldas Novas), and Panga (Panga
Reserve, Uberlandia, Minas Gerais, Brazil). The inset shows the relative position of the study region within
Brazil. Projection: SIRGAS 2000 / UTM Zone 22S.

Table 1. Spatial characterization of the Semideciduous Seasonal Forest (SSF) fragments analyzed in the Brazilian

Cerrado.
Site code Location Area (ha)
IP UEG—Ipameri (GO) 15.2
AC Campo Alegre de Goias (GO) 21.5
IF Rural area of Ipameri (GO) 8.8
CN Caldas Novas (GO) 12.2
Panga Uberlandia (MG) 403.85

2.2. Sampling Design

In each fragment, three parallel transects were established perpendicular to the forest edge and
spaced 50 m apart. Each transect extended 100 m toward the interior of the fragment, starting at the
outer contact line with the adjacent matrix.

Along each transect, ten permanent 10 x 10 m plots were systematically established at 10 m
intervals, totaling 30 plots (3,000 m?) per fragment and 150 plots across the entire study. This design
allowed the edge-interior gradient to be represented from 0 to 100 m in a standardized manner
among fragments. The spatial arrangement of the plots was designed to ensure direct correspondence
between field sampling positions and spatial units used in remote sensing analyses, using the center
of each plot as the reference point for integrating structural and spectral data. The sampling design
is shown in Figure 2.
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Figure 2. Sampling design and integration between field and remote sensing data in Semideciduous Seasonal
Forest fragments in the Brazilian Cerrado. (A) Arrangement of transects and 10 x 10 m plots along the edge-to-
interior gradient within a forest fragment. (B) Conceptual representation of the spatial correspondence between

field plot centers and Sentinel-2 pixels (10 m), used to integrate structural and spectral data.

2.3. Vegetation Structural Data

Phytosociological surveys were conducted in the plots to characterize the structure of the tree
vegetation, following procedures widely adopted for seasonal tropical forests [13,28]. All live tree
individuals with circumference at breast height (CBH) > 15 cm were sampled.

For each individual, circumference at breast height and total height were recorded, allowing
structural metrics to be obtained at the plot level. Individual basal area was estimated assuming a
circular cross-section of the trunk and was subsequently aggregated by plot and standardized per
hectare.

Basal area per plot was adopted as the main structural metric of vegetation because it integrates
tree density and individual size, and is widely used as a proxy for canopy structure in ecological and
remote sensing studies [30].

2.4. Remote Sensing Data

Sentinel-2 Level-2A images acquired between 2016 and 2019 were used, selected with cloud
cover lower than 1%. The images have a spatial resolution of 10 m in the visible and near-infrared
bands, allowing detailed spatial analysis of vegetation in the studied fragments. From these images,
the following spectral indices were derived: Normalized Difference Vegetation Index (NDVI),
Enhanced Vegetation Index (EVI), Normalized Difference Moisture Index (NDMI), and vegetation
fraction (VF) [18,21,22,31].

NDVI and EVI were calculated from bands with 10 m spatial resolution, whereas NDMI was
derived from the shortwave infrared band (SWIR, B11), which has an original spatial resolution of 20
m. To allow spatial integration among indices and correspondence with the 10 x 10 m sample plots,
NDMI was resampled to 10 m. This step ensured geometric compatibility among datasets; however,
the effective resolution of NDMI remains conditioned by its original scale and should therefore be
interpreted as a complementary functional indicator of canopy structure.

Vegetation fraction (VF) was estimated from NDVI using linear normalization between
minimum and maximum reference values (NDVImax = 0.95 and NDVImin = 0.05), defined from the
empirical distribution of the sample set [18],

The resulting VF layer was kept at 10 m spatial resolution and geometrically compatible with
the other indices derived from higher-resolution bands. The centers of the sample plots were
georeferenced in the field and used as spatial references for extracting spectral values, ensuring direct
correspondence between vegetation structural measurements and observed spectral responses.
Spectral extraction was performed by spatial overlay between vector plot data and spectral-index
raster layers. The formulas used to calculate the spectral indices are provided in the Supplementary
Materials (Table S1).

2.5. Structural-Spectral Integration

The integration between vegetation structure and spectral response was performed by analyzing
the relationship between basal area per plot and vegetation indices derived from Sentinel-2 imagery.
Plots were considered independent sampling units, with basal area values associated with the
respective spectral values extracted from plot centers.

Pearson correlation coefficients were calculated to quantify the linear association between basal
area and the NDVI, EVI, NDMI, and VF indices. This approach allowed us to assess the ability of
each index to represent structural variation in vegetation along the edge—-interior gradient.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Based on the obtained coefficients, NDVI was selected as the index with the strongest
correspondence with vegetation structure and was therefore adopted as the main variable in
subsequent edge-effect analyses. Additionally, NDMI was used as a complementary metric to
characterize variation in canopy water condition, especially in pixel-level spatial analyses. This choice
is justified by the recognized sensitivity of NDVI to biomass and canopy structure, particularly in
studies integrating field data and remote sensing [16].

2.6. Local-Scale Structural Threshold Detection

Structural thresholds along the edge-interior gradient were detected using segmented
regression applied to mean basal area and NDVI values organized into distance classes from 0-10 m
to 90-100 m. Initially, simple linear models were fitted relating structural and spectral variables to
distance from the edge. Segmented regression was then applied to estimate the breakpoint,
representing the transition between zones under stronger edge influence and conditions closer to the
forest interior.

The models were fitted in the R environment using the segmented package, allowing estimation
of the breakpoint and its respective confidence intervals [32]. The analyses were conducted
considering the sampling extent corresponding to the transects (0-100 m), so that the estimated
values represent the depth of the edge effect at the discrete plot scale.

2.7. Continuous Pixel-Level Spatial Modeling

Continuous-scale edge-effect modeling was performed at the pixel level using Sentinel-2
imagery with 10 m spatial resolution. For each fragment, a distance-to-edge raster was generated
from the vector boundary of the forest area, considering only pixels located inside the fragments.

NDVI values were associated with each pixel and related to the respective distance from the
edge, forming a continuous spatial observation dataset. All spectral indices used in the analyses were
previously harmonized to 10 m spatial resolution, ensuring geometric consistency in the pixel-by-
pixel analysis. This approach allowed the edge-interior gradient to be analyzed continuously,
overcoming limitations associated with discretization into distance classes.

Based on this dataset, a segmented regression model was fitted to estimate the breakpoint along
the spatial gradient, using NDVI as the response variable and distance from the edge as the
explanatory variable. The models were fitted in the R environment using the segmented package [32],
considering a single breakpoint.

To evaluate the quality and uncertainty of the estimates, a bootstrap resampling procedure with
2000 iterations was applied, allowing the empirical distribution of breakpoints and their respective
confidence intervals to be obtained. This approach allows the edge effect to be represented as a
continuous spatial gradient, reducing potential biases associated with the aggregation of discrete
sampling units, known as the Modifiable Areal Unit Problem (MAUP).

2.8. Spatial Heterogeneity and Structural Classification

The internal structural heterogeneity of the fragments was evaluated by classifying NDVI values
at the pixel level, allowing the discrimination of different levels of vegetation vigor and density. Five
structural classes were defined based on fixed NDVI thresholds (<0.20; 0.20-0.35; 0.35-0.45; 0.45-0.55;
>0.55), representing degraded areas, herbaceous vegetation, intermediate vegetation, dense
vegetation, and vegetation with greater canopy structural development, respectively.

The definition of spectral classes based on NDVI thresholds is a widely used approach in remote
sensing studies applied to landscape ecology and vegetation monitoring [22,33,34]. The area occupied
by each class was estimated by pixel counting, considering the 10 m spatial resolution of Sentinel-2
imagery, followed by conversion to hectares.

To complement the structural interpretation provided by NDVI, NDMI was incorporated as an
indicator of the relative water condition of the canopy. The analysis was conditioned on the NDVI

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.0879.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 May 2026 d0i:10.20944/preprints202605.0879.v1

7 of 23

structural classes, allowing the identification of canopy moisture variation among pixels with similar
structural conditions. This approach made it possible to evaluate the internal organization of
fragments beyond the edge—interior gradient, revealing spatial heterogeneity patterns that are not
explained exclusively by distance from the edge.

3. Results
3.1. Tree Community Structure and Edge-to-Interior Gradient Detection

The similarity dendrograms showed a consistent organization of the tree community along the
edge-to-interior gradient in the analyzed fragments (Figures 3 and 4).

Jaccard index

00
—T10

Figure 3. Similarity dendrograms based on the Jaccard coefficient for four fragments of Semideciduous Seasonal
Forest in southeastern Goias. The clusters were generated from the presence/absence of species in the plots along
the edge-to-interior gradient, using the UPGMA clustering technique: (A) IP, (B) AC, (C) IF, and (D) CN.
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Figure 4. Similarity dendrograms based on the Morisita—Horn index for the same fragments shown in Figure 3.
The groupings consider the relative abundance of species in the plots, using the UPGMA technique: (A) IP, (B)
AC, () IF, and (D) CN.

Both the groupings based on the presence/absence of species, represented by the Jaccard
coefficient, and those based on relative abundance, represented by the Morisita-Horn index, showed
concordant patterns, indicating robustness in the detection of floristic structure.

In fragments IP, AC, IF, and CN, the formation of two main groups was observed, corresponding
to plots located near the edge and those located in the interior of the fragments (Figures 3A-D and
4A-D). The consistency between the coefficients used indicates that the separation is not only a result
of species composition, but also reflects differences in abundance structure, suggesting ecological
reorganization along the gradient. The position of the transition between groupings varied among
fragments. In fragments IP and AC, this change occurred approximately 30 m from the edge, whereas
in fragment IF the transition was observed between approximately 30 and 40 m. In fragment CN, the
separation occurred closer to the edge, around 20 m. In the control area, represented by the Panga
fragment, segregation between edge and interior plots was also observed (Figure 5).

e o ©° e e © o o © o =
° - N P hoa 9 ® b °
IS I — | | I [

Figure 5. Similarity dendrograms for the Panga fragment, located in the Panga Reserve, Uberlandia, Minas
Gerais. (A) Jaccard coefficient based on species presence/absence; (B) Morisita-Horn index based on relative
abundance.

The transition estimates were approximately 40 m based on the Jaccard coefficient and
approximately 30 m considering the Morisita-Horn index. The convergence between different
metrics reinforces the consistency of the identified pattern, even in a fragment with greater extent
and structural complexity.

In general, the results demonstrate that the structure of the tree community is organized along
a continuous spatial gradient associated with distance from the edge, with detectable transitions
predominantly within the first 20 to 50 m from the forest boundary. This pattern indicates that the

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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edge effect manifests as a zone of ecological reorganization, in which changes in species composition
and abundance reflect variations in environmental conditions imposed by the adjacent matrix.
3.2. Structural-Spectral Correspondence

The relationship between vegetation structure and spectral indices was evaluated through the
correlation between average basal area per plot (BA) and the NDVI, EVI, NDMI, and VF indices (n =
150 plots) (Table 2).

Table 2. Pearson correlation between average basal area per plot (BA) and spectral indices (n = 150).

Spectral Index r (BA x index) p-value
NDVI 0.950 <0.001
EVI 0.178 0.029
NDMI 0.803 <0.001
VF 0.728 <0.001

Note: Pearson correlation coefficients (r) were calculated for n = 150 plots. p-values refer to two-tailed tests.

NDMI = Normalized Difference Moisture Index; VF = vegetation fraction.

Basal area showed a very high positive correlation with NDVI (r = 0.950; p < 0.001), indicating a
strong correspondence between the structural variation of vegetation and the spectral response
captured by this index (Table 2). Positive correlations were also observed between BA and NDMI (r
=0.803; p < 0.001) and between BA and VF (r = 0.728; p < 0.001), although with lower magnitude. In
contrast, EVI showed a weak correlation with basal area (r = 0.178; p = 0.029), suggesting lower
sensitivity of this index to structural variation in the studied fragments (Table 2).

The observed pattern indicates that NDVI was the index that best represented structural
variation in vegetation along the edge-to-interior gradient and was therefore selected as the main
variable for subsequent edge-effect modeling analyses. Additionally, NDMI showed a high
correlation with basal area and was used as a complementary metric in spatial analyses, especially to
characterize variation in canopy water condition and internal heterogeneity of the fragments.

3.3. Multivariate Field—Remote Sensing Integration

The multivariate relationship between vegetation structure and spectral indices was evaluated
using Principal Component Analysis (PCA), employing a standardized correlation matrix
constructed from basal area values and NDVI, EVI, NDMI, and VF indices extracted from the centers
of the 150 plots (Figure 6).
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Figure 6. Biplot of the Principal Component Analysis (PCA) integrating basal area (BA) and spectral indices
(NDVI, EVI, NDM]J, and VF), calculated from a standardized correlation matrix (n = 150 plots). PC1 explains
56.0% and PC2 explains 25.4% of the total variance, totaling 81.4% cumulative variance. Points represent sample

plots classified phytosociologically as forest edge, transition zone, and forest interior.

The first two principal components explained most of the total variance in the data (81.4%), with
56.0% attributed to PC1 and 25.4% to PC2 (Figure 6). PC1 showed higher loadings associated with
NDVI, NDM], and VF, indicating that this component synthesizes structural variation in vegetation
related to green biomass and canopy cover. In contrast, PC2 was predominantly influenced by EVI,
suggesting greater sensitivity of this index to specific variations in reflectance in environments with
higher leaf density.

The projection of plots in multivariate space showed consistent separation along the edge-to-
interior gradient previously identified in the phytosociological analyses (Figure 6). Plots classified as
edge were concentrated in a distinct region of the ordination space, whereas interior plots showed
greater cohesion and association with higher values of the structural indices. Transition plots
occupied an intermediate position, indicating continuity of the gradient. This pattern demonstrates
that the combined variation of spectral indices reproduces the structural organization observed in
the field, reinforcing the consistency of the integration between field data and remote sensing and
indicating that vegetation structure can be captured in a multivariate space.

3.4. Plot-Scale Gradient Detection

Segmented regression applied to average profiles by distance classes from 0-10 m to 90-100 m
indicated the presence of breakpoints for both basal area (BA) and NDVI along the edge-to-interior
gradient (Table 3).

Table 3. Breakpoints estimated by segmented regression for basal area (BA) and NDVI at the plot level.

Fragment Variable BP (m) 95% CI (m)
AC BA 17.1 13.3-17.1
AC NDVI 15.8 14.1-15.8
CN BA 29.2 14.3-29.2
CN NDVI 29.1 14.4-29.1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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IF BA 20.1 15.8-21.0
IF NDVI 204 16.2-20.4
IP BA 35.0 13.1-35.0
IP NDVI 35.0 4.4-35.0
Panga BA 29.3 —42.2-29.3
Panga NDVI 19.2 —22.6-19.2

Note: BP = estimated breakpoint distance; 95% CI = 95% confidence interval. Negative lower confidence limits

reflect model uncertainty and should not be interpreted as ecologically meaningful distances.

Breakpoint estimates varied among fragments, with NDVI values ranging from 15.8 m to 35.0 m
and basal area values ranging from 17.1 m to 35.0 m (Table 3). Overall, the results indicate that the
structural transition associated with the edge effect occurs predominantly within the first 20 to 40 m
from the edge, in agreement with the patterns detected in the phytosociological analyses.

Despite the overall consistency of the estimated values, the 95% confidence intervals showed
wide variation among fragments, including, in some cases, values close to or below 0 m (Table 3).
This uncertainty reflects limitations inherent to the spatial discretization of plots and structural
variability along the transects. The comparison among fragments shows differences in the depth of
the edge effect, but with overlapping confidence intervals, indicating that the plot-based approach,
while informative for detecting the presence of the gradient, has limitations in accurately estimating
the position of the transition point at the fragment level.

These results indicate that, although plot-scale analysis can capture the occurrence of the edge
effect, the estimation of its depth is subject to uncertainty associated with sample resolution.
Therefore, continuous-scale modeling was performed to evaluate the edge-to-interior gradient with
greater spatial resolution and precision.

3.5. Pixel-Scale Gradient Detection

Pixel-scale segmented modeling revealed a continuous and spatially detailed edge-to-interior
gradient in the five fragments analyzed, overcoming the limitations associated with discretizing the
sampling into plots (Table 4).

Table 4. Pixel-by-pixel breakpoints estimated per fragment with 95% confidence intervals.

Fragment Original BP Bootstrap mean Standard Lower 95% Upper 95%

(m) (m) error CI CI
IF 13.57 13.05 4.40 4.78 21.66
AC 14.01 13.81 1.22 10.65 15.65
CN 22.10 21.63 1.73 18.43 24.38
IP 38.85 39.64 4.26 33.48 48.74
Panga 398.01 173.71 176.45 21.16 442.39

Note: BP = breakpoint. Values indicate the original breakpoint estimate, bootstrap mean, standard error, and
95% confidence interval obtained from 2000 bootstrap iterations. Breakpoints represent the estimated depth of

the edge effect from the outer forest edge in each fragment.

By representing NDVI variation continuously along the distance-to-edge gradient, the pixel-by-
pixel approach reduced spatial gaps and allowed breakpoint estimation with greater consistency,
including the quantification of uncertainty through bootstrap resampling (Table 4).

Breakpoint estimates varied among fragments, with lower values in smaller and more exposed
areas, such as IF and AC (~13-14 m), intermediate values in CN (~22 m), and higher values in IP (~39
m) (Table 4). In the Panga fragment, the point estimate was substantially higher and accompanied by
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a wide confidence interval, reflecting the greater spatial extent and internal structural heterogeneity
of this fragment.

The comparison between approaches highlights relevant differences in the estimation of edge-
effect depth. While the plot-based analysis indicated more restricted values with high uncertainty
(Table 3), continuous modeling revealed greater spatial variability and allowed more complex
gradients to be captured, especially in larger fragments. Overall, the pixel-scale estimates
differentiated fragments with shallow, intermediate, and deeper edge responses, while also revealing
that the Panga fragment does not conform to a single, well-defined transition pattern.

3.6. Fragments with Shallow Edge Effects: IF and AC

The IF and AC fragments presented the lowest breakpoint values in the pixel-scale modeling,
with estimates close to 13-14 m, indicating that the structural transition associated with the edge
effect occurs in the first few meters from the forest boundary (Table 4). In both fragments, the
relationship between NDVI and distance from the edge showed an initial increase in NDVI within
the first meters of the gradient, followed by stabilization after the breakpoint estimated by the
segmented model (Figures 7 and 8).

IF fragment
0.6 T 5
Breakpoint = 13.6 m

0.4

NDVI

02 |

&-f'g.-—_-____

0.0

Distance from edge (m)

Figure 7. Pixel-by-pixel segmented modeling of the relationship between NDVI and distance from the edge in
the IF fragment. Each point represents a 10 m pixel distributed along the edge-to-interior gradient. The solid line
corresponds to the segmented model fit, while the dashed vertical line indicates the estimated breakpoint (13.6

m), interpreted as the depth of the edge effect. NDVI values tend to stabilize beyond the estimated breakpoint.
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0.6 , AC fragment

Breakpoint = 14.0 m

NDVI

0 50 100 150
Distance from edge (m)

Figure 8. Pixel-by-pixel segmented modeling of the relationship between NDVI and distance from the edge in
the AC fragment. Each point represents a 10 m pixel distributed along the edge-to-interior gradient. The solid
line corresponds to the segmented model fit, while the dashed vertical line indicates the estimated breakpoint
(14.0 m), interpreted as the depth of the edge effect. NDVI values tend to stabilize beyond the estimated

breakpoint, characterizing a shallow edge-effect pattern.

This pattern indicates that edge influence is restricted to a relatively narrow band, beyond which
vegetation structure shows less variation along the gradient. In fragment IF, a reduction in the
variability of NDVI values was observed after the breakpoint, suggesting spectral stabilization in the
internal portions of the fragment (Figure 7). Similarly, fragment AC showed a consistent pattern of
stabilization after the breakpoint, with the distribution of NDVI values indicating lower structural
heterogeneity compared to fragments with more extensive gradients (Figure 8).

Taken together, these results characterize IF and AC as fragments with shallow edge effects, in
which the influence of the adjacent matrix dissipates rapidly, resulting in a spatially limited transition
zone and greater structural homogeneity within the fragments.

3.7. Fragment with Intermediate Edge Effect: CN

In fragment CN, the estimated breakpoint (~22 m) indicates a more extensive structural
transition compared to fragments with shallow edge effects, suggesting greater depth of edge
influence (Table 4). The relationship between NDVI and distance from the edge shows a less abrupt
pattern, with a gradual increase in index values along the gradient and greater dispersion of points
along the fitted curve (Figure 9).

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.0879.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 May 2026

14 of 23

CN fragment

0-6 | Breakpoint = 22.1 ml

0.5

0.4

NDVI

0.3

Distance from edge (m)

Figure 9. Pixel-by-pixel segmented modeling of the relationship between NDVI and distance from the edge in
the CN fragment. Each point represents a 10 m pixel distributed along the edge-to-interior gradient. The solid
line corresponds to the segmented model fit, while the dashed vertical line indicates the estimated breakpoint
(22.1 m), interpreted as the average depth of the edge effect. The broader dispersion of NDVI values indicates

an intermediate and more gradual edge-response pattern compared to IF and AC.

This behavior indicates greater structural variability along the fragment, in contrast to the faster
stabilization observed in IF and AC. In addition to the general transition pattern, local variations in
NDVI values were observed along the edge-to-interior gradient, suggesting the occurrence of internal
structural heterogeneity. This variability is expressed as dispersion of spectral values, indicating that
areas with similar structure may occur at different distances from the edge. Thus, CN occupies an
intermediate position along the edge-effect gradient, with a transition zone broader than those
observed in IF and AC but less prolonged than that detected in IP.

3.8. Fragment with the Deepest Edge Effect: IP

The IP fragment presented the highest breakpoint value among the Ipameri fragments, with an
estimate close to 39 m, indicating a more prolonged structural transition along the edge-to-interior
gradient (Table 4). The relationship between NDVI and distance from the edge reveals a gradual
transition pattern, with high dispersion of spectral values, especially in the first meters of the gradient
(Figure 10).
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IP fragment

Breakpoint = 38.9 m

Distance from edge (m)

Figure 10. Pixel-by-pixel segmented modeling of the relationship between NDVI and distance from the edge in
the IP fragment. Each point represents a 10 m pixel distributed along the edge-to-interior gradient. The solid line
corresponds to the segmented model fit, while the dashed vertical line indicates the estimated breakpoint (38.9
m), interpreted as the average depth of the edge effect. The distribution of points indicates a more gradual

structural transition along the edge-to-interior gradient compared to fragments with shallower edge effects.

Unlike fragments with shallow and intermediate edge effects, the increase in NDVI over distance
does not occur abruptly, but rather as a continuous process, with local variations throughout the
gradient.

The pixel distribution indicates greater structural variability, with contrasting NDVI values
throughout the fragment, suggesting the occurrence of internal vegetation mosaics associated with
different developmental stages and structural conditions. This pattern shows that, in fragments with
greater extent and complexity, the edge effect is not restricted to a well-defined strip, but manifests
as a more diffuse gradient, influenced both by distance from the edge and by the internal spatial
organization of vegetation.

3.9. Large and Highly Heterogeneous Fragment: Panga

The Panga fragment showed a distinct pattern compared to the other fragments, with a
substantially higher point estimate of the breakpoint and wide bootstrap uncertainty (Table 4). This
pattern reflects the greater spatial extent of the fragment and the higher structural heterogeneity
captured by continuous-scale modeling. The distribution of NDVI values as a function of distance
from the edge did not indicate a single, well-defined transition zone. Instead, high spectral variability
was observed along the gradient, with pixels showing different NDVI values distributed across
multiple positions within the fragment.

In this context, the single-breakpoint estimate for Panga carries greater uncertainty and should
be interpreted as an average synthesis of a more heterogeneous spatial pattern. Thus, unlike the
smaller fragments, in which the edge-to-interior transition was more clearly delimited, Panga showed
a more diffuse response, consistent with its larger area and internal structural complexity [3,17,35].
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3.10. Internal Structural Heterogeneity of Fragments beyond the Edge-to-Interior Gradient

Classification of NDVI values at the pixel scale allowed characterization of the internal structural
organization of the fragments, complementing the estimate of edge-effect depth obtained by
segmented modeling (Figure 11).

(A) . coe (B)

(A) NDVI - vegetation structure

Degraded area
Herbaceous vegetation
Intermediate vegetation
o Dense vegetation
e Mature vegetation

(B) NDMI - relative canopy moisture condition

s Drier
e Typical

A More humid

Figure 11. Internal structural heterogeneity in the CN fragment based on NDVI and NDMI pixel-level
classification. (A) NDVI-based vegetation structure classes: degraded area, herbaceous vegetation, intermediate
vegetation, dense vegetation, and mature vegetation. (B) NDMI-based relative canopy moisture conditions:

drier, typical, and wetter.

The spatial distribution of structural classes revealed intra-fragment heterogeneity patterns that
are not exclusively restricted to the edge-to-interior gradient. Areas with different levels of vegetation
vigor and density were observed throughout the fragment, including internal regions with reduced
NDVI values and areas near the edge with high values. In fragment CN, used as a representative
example of an intermediate pattern, there was a predominance of classes associated with intermediate
and dense vegetation, while classes with lower vegetation cover occurred in a more localized manner
(Figure 11A). The incorporation of NDMI as an indicator of canopy water condition revealed that
structurally similar pixels can present different states of relative humidity, evidencing a partial
dissociation between structure and functional condition of vegetation (Figure 11B).

Together, the NDVI and NDMI classifications show that spectral variability is expressed not
only along the edge-to-interior gradient but also as internal vegetation mosaics. This pattern suggests
that the structural organization of the fragments results from the interaction between edge influence
and internal processes associated with vegetation dynamics. Therefore, the pixel-level classification
complements the breakpoint analyses by showing where structural variation is spatially concentrated
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within the fragments. These results indicate that vegetation variation is not explained exclusively by
distance from the edge, but also by the internal arrangement of canopy structure and relative
moisture conditions.

4. Discussion
4.1. The Edge Effect as a Structural Gradient in Fragmented Forests

The results of this study demonstrate the occurrence of an edge-to-interior gradient in the
analyzed fragments, evidenced by the convergence between multiple independent approaches
[13,20,31,36]. The organization of the tree community into distinct edge and interior groups, detected
by similarity analyses based on presence/absence and abundance, associated with the separation
observed in the multivariate analysis and the strong correspondence between basal area and NDV],
consistently indicates that vegetation structure reorganizes along the spatial gradient. This pattern
converges with classic studies on fragmentation ecology, which demonstrate that forest edges modify
the structure, composition, and functioning of ecosystems through microclimatic and biotic changes
that propagate from the matrix to the interior of fragments [1,4,371.

NDVI modeling reinforced this evidence by identifying breakpoints along the edge-to-interior
gradient. The estimates obtained indicate that the structural transition occurs predominantly between
approximately 13 and 39 m from the edge, supporting the occurrence of detectable structural
transition zones among fragments. These values converge with studies that record microclimatic and
structural changes in the first tens of meters from the edge [38-40], as well as with evidence in tropical
and seasonal forests that point to structural responses concentrated in the first 20-50 m [13,41,42].

The variation observed among fragments reinforces the consistency of the pattern, while also
highlighting differences in gradient intensity. Smaller and more homogeneous fragments, such as IF
and AC, showed shallower gradients (~13-14 m), while CN (~22 m) and IP (~39 m) exhibited more
extensive transitions. This behavior is consistent with studies indicating that the magnitude of the
edge effect varies depending on fragment structure and landscape context [2,4,43].

The Panga fragment showed greater variability in the estimates, indicating a less abrupt
transition along the gradient, but still consistent with the occurrence of the edge effect. This pattern
is compatible with studies showing that larger and structurally complex fragments can exhibit greater
internal variation in vegetation response [3,35,44]. In this case, the observed variability does not
invalidate the gradient, but indicates greater complexity in its spatial expression. The agreement
among phytosociological, structural, and spectral metrics indicates that the detected pattern does not
depend on a single method, but represents a consistent property of vegetation organization along
space. Overall, the results support the hypothesis that the edge effect manifests as a continuous and
detectable gradient (hypothesis ii), while also indicating that its spatial expression varies among
fragments.

4.2. Limitations of the Radial Model and Evidence of Spatial Heterogeneity

Although analysis based on plots and phytosociological metrics identified an edge-to-interior
gradient consistent with the classic literature, pixel-level modeling demonstrated that this pattern
represents a simplification of the spatial organization of the fragments. This result indicates that the
radial model adequately describes average trends, but not necessarily the actual structure of
vegetation. Traditional approaches assume relatively well-defined zones along the gradient [1,4,39],
but this structure does not remain uniform at higher spatial resolution.

Pixel-by-pixel analysis showed that the organization of fragments does not follow a simple
radial pattern. In the more homogeneous fragments, such as IF and AC, there was convergence
between approaches, with well-defined gradients, consistent with the literature [13,38,40]. In contrast,
in CN and IP, the transition was more diffuse, indicating that distance to the edge does not explain
vegetation structure in isolation, but interacts with the internal heterogeneity of the system [5,10].
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This contrast is most evident in the Panga fragment. While the plot analysis indicates a
breakpoint consistent with classic studies, the pixel-level analysis reveals a more diffuse NDVI
distribution, without an abrupt transition. This result suggests that the observed radial pattern may
reflect the sampling design more than the ecological organization of the fragment. In larger
fragments, processes such as gap dynamics, edaphic variation, and disturbance history generate
internal mosaics that modulate structure independently of distance to the edge [3,9,10,35].

The spatial distribution of NDVI at the pixel level revealed areas with different levels of canopy
density throughout the fragment, including less dense regions and possible areas of disturbance both
at the edge and in the interior. This pattern indicates that the edge effect acts on an intrinsically
heterogeneous system, in which multiple ecological processes operate simultaneously. The results
indicate that the radial model, although useful for describing average trends, has limitations in
representing the spatial complexity of forest fragments. High-resolution modeling highlights this
limitation by revealing patterns that remain hidden in discrete approaches, demonstrating that
vegetation structure results from the overlap between the edge effect and processes internal to the
fragment.

4.3. Spectral Integration and Scale Effect

The analysis at different scales showed that the interpretation of the edge effect is strongly
dependent on the spatial unit considered. While the plot-based approach reproduced patterns
consistent with the classic radial model, pixel-level modeling revealed a more complex spatial
organization, in which structural variation is not distributed exclusively as a function of distance
from the edge, but as a continuous response along the fragment. In the more homogeneous
fragments, IF and AC, there was convergence between the approaches, with well-defined gradients
and relatively abrupt transitions. In contrast, in CN and, above all, in IP and Panga, the continuous
analysis indicated greater spatial dispersion of NDVI and the absence of a single dominant transition,
showing that distance to the edge explains only part of the structural variability. This pattern is
consistent with the idea that internal processes, such as gap dynamics, edaphic variation, and local
disturbances, modulate canopy structure independently of the relative position to the edge [9,10].

The difference between results obtained from plots and pixels reflects a classic scale effect.
Spatial aggregation tends to smooth internal variability and reinforce average gradients, potentially
shifting or simplifying the position of structural transitions—a behavior associated with the
Modifiable Areal Unit Problem (MAUP) [25,26]. Thus, the breakpoint estimated from plots represents
a spatial synthesis of the sampled system, while continuous modeling allows the representation of
the complete distribution of responses across the fragment.

These results converge with approaches in landscape ecology that emphasize scale dependence
and the nonlinear nature of ecological responses in heterogeneous systems [2,17,43,45]. From a
remote sensing perspective, the use of high-resolution spectral indices allows field—structure
relationships to be extended to the entire surface of the fragments, expanding the ability to detect fine
spatial patterns [8,16,21,33,46]. Together, the integration between field data and continuous spectral
modeling indicates that the edge effect should be interpreted as a scale-dependent response, in which
spatial aggregation and continuous modeling produce distinct readings of the same ecological
system. This approach allows the explicit incorporation of spatial variability into the interpretation
of edge effects, providing a more robust basis for analyzing fragmented landscapes.

4.4. Ecological Implications and Synthesis

The results indicate that the edge effect cannot be adequately described by radial models based
solely on distance to the edge. Although these approaches capture average trends, the integration
between field data and high-resolution spectral modeling shows that vegetation structure results
from the interaction between edge influences and processes internal to the fragment, confirming that
the edge-to-interior gradient is detectable, but dependent on analytical scale (hypotheses ii and iv).
The observed spatial heterogeneity, especially in more complex fragments, indicates that non-radial
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patterns are an intrinsic characteristic of fragmented systems, reflecting the overlap of multiple
ecological processes, such as gap dynamics, edaphic variation, and disturbance history, in addition
to microclimatic gradients [9,10,35,471. This pattern reinforces that distance to the edge does not, by
itself, explain the structural organization of vegetation, in agreement with the proposed scale
dependence (hypothesis iv).

From an analytical point of view, the correspondence between spectral indices and structural
field metrics, coupled with the greater capacity of continuous modeling to represent internal spatial
variations, highlights the informational gain from integrating remote sensing and field ecology
(hypotheses i and iii). The difference between discrete and continuous approaches indicates that
spatial aggregation simplifies internal variability, while continuous modeling allows the ecological
response to be represented as a heterogeneous surface [8,16,17,43].

Taken as a whole, our findings reposition the edge effect as a detectable but scale-dependent
spatial process, rather than as a fixed radial zone. By integrating different scales of analysis, this study
shows that the structural organization of vegetation results from the overlap between edge gradients
and internal heterogeneity, allowing a more robust, continuous, and ecologically realistic
interpretation of the structure and functioning of fragmented ecosystems.

5. Conclusions

This study demonstrates that edge effects, although detectable as edge-to-interior gradients, are
not adequately described by radial models based solely on distance from the forest edge. The
integration of field data and high-resolution remote sensing shows that vegetation structure results
from the overlap between edge influence and internal heterogeneity, whose expression depends on
the analytical scale. Continuous pixel-level modeling revealed spatial patterns that remain hidden in
discrete approaches, indicating that the gradient observed at the plot scale represents a simplification
of ecological reality. In this context, the radial model should be interpreted as a methodological
approximation rather than as a faithful representation of fragment organization.

These findings shift the interpretation of edge effects from a strictly radial perspective toward a
continuous, spatially explicit, and scale-dependent framework. By integrating phytosociological
data, Sentinel-2 spectral indices, and pixel-level modeling, this study contributes to the conceptual
and methodological advancement of landscape ecology and remote sensing applied to fragmented
tropical forests.
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The following abbreviations are used in this manuscript:

BA Basal area

BP Breakpoint

CAPES Coordenagdo de Aperfeicoamento de Pessoal de Nivel Superior
CBH Circumference at breast height

CI Confidence interval

EVI Enhanced Vegetation Index

L2A Level-2A

MAUP Modifiable Areal Unit Problem

NDMI Normalized Difference Moisture Index

NDVI Normalized Difference Vegetation Index

PCA Principal Component Analysis

PDPG-FAP Programa de Desenvolvimento da Pés-Graduagdo—Fundagdo de Amparo a Pesquisa
SSF Semideciduous Seasonal Forest

SWIR Shortwave infrared

UPGMA Unweighted Pair Group Method with Arithmetic Mean

VF Vegetation fraction
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