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Highlights

What are the main findings?

e  The calibrated 313D algorithm detects forest change areas in Spain (2017-2019).
e The proposed two-step framework classifies forest changes into high- (wildfire, clear-
cut) and low-intensity disturbances (thinning, non-stand replacing events).

What is the implication of the main finding?

e  Disturbance classification with Random Forest model reached an overall accuracy of
72%, outperforming Support Vector Machine and Neural Network approaches.

e  The framework provides a scalable and operational method for annual forest distur-
bance characterization contributing to forest monitoring and management.

Abstract

In recent decades, forest disturbances have increased in both frequency and intensity, driven
by global warming and urbanization. Remote sensing, together with forest disturbance

M) Check for updates algorithms, offers broad opportunities for forest disturbance monitoring due to its high

temporal and spatial resolution. However, operational methods capable of predicting
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statistics remain scarce. The Three Indices Three Dimensions (313D) algorithm has proven
effective in identifying forest changes and providing area estimates in Mediterranean
ecosystems using Sentinel-2 imagery. Yet, while suitable for change detection, it does
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conditions. Second, detected changes are classified into four disturbance types: wildfire,
clear-cut, thinning, and non-stand replacing disturbance, using Sentinel-2 spectral bands,
3I3D-derived metrics, and geometric descriptors of disturbance patches. Three machine-
learning classifiers were compared: Support Vector Machine, Random Forest, and Neural
Network. The detection step reached an overall accuracy of 82%, estimating that 1.43%
of Spanish forests (264,900 ha) were disturbed in 2018. In the classification step, Random
Forest achieved the best performance, with an overall accuracy of 72%. Of the detected
disturbed area, 69% corresponded to non-stand replacing disturbances, while the remaining
area was classified as thinnings (19%), wildfires (26%), and clear-cuts (55%). By integrating
freely available Sentinel-2 imagery, remote sensing algorithms, and photo-interpreted
reference datasets, this study provides a scalable and operational approach capable of
producing annual disturbance maps that combine both detection and classification of
high- and low-intensity disturbances, supporting official national-scale estimates of forest
disturbance areas.

Keywords: machine learning; Google Earth Engine; Sentinel-2; forest disturbances

1. Introduction

Forests worldwide are shaped by a complex combination of natural and anthropogenic
disturbances that influence their dynamics and long-term resilience. At the global scale,
climate warming and land use changes have intensified the frequency and intensity of
natural forest disturbances worldwide [1,2], such as wildfire, pest outbreak, drought,
and windthrow, accelerating decline in marginal forest populations [3] and increasing
forest vulnerability to secondary pests and diseases [4,5]. These natural disturbances
create canopy gaps that trigger vegetation succession [6]. In Mediterranean regions, such
changes are projected to result in more extreme drought conditions and an increase in
severe wildfires [7,8]. On the other hand, human-induced disturbances, such as timber
harvesting and thinning, have historically shaped forest composition and structure in
anthropized ecosystems [9]. While many species have adapted to, or even depend on
these disturbance regimes, shifts in intensity, frequency or spatial patterns of disturbance
can undermine the role of forests as reservoirs of biodiversity and carbon [2,10,11], and
as providers of essential resources and services [12,13]. Integrating ecological forestry
practices into forest management can play a vital role in preserving forest biodiversity [14].
Consequently, a detailed and up-to-date understanding of forest disturbance processes at
the landscape scale is crucial to inform policy-making and restoration strategies [12,15]. In
this context, traditional National Forest Inventories (NFIs) provide accurate and essential
field-based information for assessing forest condition and disturbance. Remote-sensing-
based algorithms can complement NFIs by supporting spatially continuous and temporally
frequent assessments of forest disturbance, improving the characterization of their spatial
extent and temporal dynamics [16,17]. The increasing availability of remote sensing data,
together with its high spatial and temporal resolution and open accessibility, has made it
an essential tool for monitoring forest disturbance [18,19].

Numerous change detection algorithms have been developed and applied world-
wide, particularly using Landsat time series data. Among the most widely used are
LandTrendr [20], Composite to Change (C2C) [21], and Continuous Change Detection
and Classification (CCDC) [22]. Although the Sentinel missions are relatively recent, their
higher spatial and temporal resolution offers promising improvements over Landsat for
detecting small-scale disturbances. A variety of change detection algorithms have already
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been developed for the Sentinel-2 platform. For instance, Pacheco-Pascagaza et al. [23] de-
veloped and tested a near real-time change detection approach using Sentinel-2 in regions
of Mexico and Colombia. Similarly, Jiang et al. [24] introduced DSUNet, an approach that
integrates optical Sentinel-2 and SAR Sentinel-1 data to detect forest changes in southwest-
ern China. Other algorithms have been tailored to specific types of disturbance, such as
bark beetle infestations [25,26], pine tortoise scale outbreaks [27,28], phenology anoma-
lies [29] and urban expansion [30], among others. It is important to note, however, that
most of these algorithms and approaches have been primarily validated in boreal and
temperate forests, with relatively few studies focusing on Mediterranean ecosystems [31],
which are characterized by higher landscape fragmentation and distinct ecological dynam-
ics [32,33]. Moreover, many of these approaches do not offer a generalizable framework for
comprehensive disturbance monitoring.

The Three Indices Three Dimensions (3I3D) algorithm was specifically developed
to detect forest disturbance in Mediterranean ecosystems [34]. It has been successfully
employed to map forest disturbances in Italy from 2017 to 2020 [35], monitor growing
stock volume and carbon stock [36], and differentiate afforestation processes in previously
disturbed areas [37,38]. Additionally, when combined with GEDI data, 3I3D has been
used to quantify biomass loss associated with these disturbances [39]. To evaluate its
performance, 313D has been benchmarked against several other disturbance classification
algorithms, including LandTrendr [20], Global Forest Change Map [40], and the Two
Thresholds Method [41], the latter also developed for the Mediterranean contexts. However,
methods based on thresholds may be difficult to apply across different ecosystems, as
thresholds can vary depending on forest canopy cover [42].

While numerous algorithms and applications have been employed to map forest
disturbance, accurately classifying the type of disturbance remains a more complex chal-
lenge. Some efforts have been made in Canada, where Hermosilla et al. [43] and Morin-
Bernard et al. [44] classified four and two disturbance types, respectively. In Central
Europe, Oeser et al. [45] attempted to distinguish between disturbance agents such as
windthrow, beetle outbreaks, and logging. Similarly, in Australia, Nguyen et al. [46]
applied an intensity-based classification scheme that differentiated between high- and
low-intensity disturbances, including both wildfires and logging. However, significant
limitations persist, particularly in the classification of low-intensity disturbances such as se-
lective logging and thinning, which tend to leave subtler spectral signatures [47]. In Europe,
comprehensive efforts to classify forest disturbances remain limited. Most existing studies
have focused predominantly on high-intensity disturbances (e.g., [45,48]), while relatively
few have addressed low-intensity disturbances such as low-intensity thinning (e.g., [49,50]).
Expanding disturbance classification frameworks to better capture the full spectrum of
forest management and natural disturbance regimes remains a critical research priority.

The goal of this study is to develop a scalable and operational framework capable
of monitoring and characterizing both high- and low-intensity forest disturbances. We
propose an adaptive, two-step methodological framework that builds upon the 3I3D
algorithm. In the first step, we adapt the 3I3D algorithm for binary change detection
(change vs. no-change) across regions, incorporating ROC analysis to refine detection
thresholds and enhance transferability. This adaptation enhances the sensitivity of the
algorithm to subtle spectral changes, which are particularly relevant for forest management
applications. In the second step, the detected changes are classified into different types
of forest disturbances, enabling the identification of high-intensity (e.g., wildfires, clear-
cutting) and low-intensity disturbances (e.g., thinning) by assessing the performance of
various classification algorithms, including Support Vector Machine (SVM), Random Forest
(RF), and Neural Networks (NN). This hybrid approach enables the classification of forest
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disturbances with different intensity levels and ensures the applicability across different
regions and spatial extents within a specialized and operational framework.

2. Materials and Methods
2.1. Study Area

Forests cover a substantial portion of Spain, accounting for 56% of the national ter-
ritory, or 28.4 Mha. Of this total, 38% are classified as wooded forests (19.3 Mha), while
18% (9.1 Mha) consist of shrublands. In terms of species composition, broadleaf forests
dominate, representing 56% of forested areas, followed by conifers at 37%, and mixed
forests at 7%. Approximately 40% of Spanish forests are within protected areas, encom-
passing 1934 Protected Natural Areas and 16 National Parks [51]. In this study, we focused
exclusively on dense forests and plantations with a tree canopy cover of 20% or more,
covering an area of 18.5 Mha (Figure 1), based on the Spanish Forest Map 1:25,000 [52].
Open woodlands, primarily used for grazing or agriculture, were excluded due to their
sparse canopy cover and the resulting influence of ground reflectance on spectral analyses.
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Figure 1. Spanish forest study area comprising dense forests and plantations with canopy cover
>20%, excluding open woodlands (EPSG: 3035).

Among the various disturbances affecting Spain’s forested areas, wildfires stand
out as the most significant, impacting significantly larger areas than forest management
practices like clear-cutting or thinning. Clear-cutting typically occurs in plantations or
intensively managed forests with fast-growing species, where it is often followed by natural
regeneration or planting. In contrast, thinning is typically applied to smaller areas within
densely reforested or managed stands, aiming to improve forest structure and reduce
competition among trees.

2.2. Sentinel-2 Data

The 3I3D algorithm requires the creation of image composites for the change detection
year (t = 2018), as well as the preceding (t = 2017) and following (t = 2019) years. The
algorithm was implemented using Google Earth Engine (GEE), a cloud-based platform
offering an application programming interface (API) for processing large satellite image
datasets [53], over Sentinel-2 Level 2A images (2528 images for 2017, 3124 for 2018 and
2771 for 2019). Composites were generated for each year (2017-2019) using imagery
acquired between 15 June and 15 August, with cloud cover below 40% [54,55]. Clouds
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were masked using the Sentinel-2 cloud probability dataset, excluding pixels with a cloud
cover probability of 65% or higher [26,56]. Image composites were generated using the
median-based medoid compositing approach. Originally developed for Landsat data [57]
and later adapted for Sentinel-2 imagery (e.g., [35,58]), this approach assigns to each pixel
the surface reflectance values closest to the multidimensional median value among the
selected images, providing robustness against outliers and extreme values. For more
information on the medoid calculation, see Francini et al. [54]. Image compositing enables
the creation of representative data by combining multiple images acquired on different
dates, thus minimizing issues such as cloud cover and data gaps.

2.3. Step 1: 313D Change Detection

3I3D is an open-access, unsupervised method developed to detect forest change using
Sentinel-2 imagery. It evaluates three spectral indices—Normalized Difference Moisture
index (NDMI), Normalized Burn Ratio (NBR), and Moisture Stress Index (MSI)—across
three consecutive years: the year preceding the target year (t — 1), the target year (t),
and the year after (t + 1). For the 3I3D approach, these indices are computed as follows:
NDMI = (B8 — B11)/(B8 + B11), NBR = (B8 — B12)/(B8 + B12) and MSI = B11/B8.

For each pixel in the target median composite image, overall change is characterized
using two vectors—a and b—which connect the points between consecutive years in a
three-dimensional spectral index space defined by NBR, NDMI, and MSI, corresponding to
two consecutive years [34]. Vector a spans from t — 1 to t (2017-2018) and vector b from t to
t+1 (2018-2019). Six parameters are derived: the angles ¢, and ¢}, formed between each
vector and the MSI axis; the angles 6, and 6}, formed between the projection of each vector
onto the NDMI—NBR plane and the NBR axis, and the magnitudes of the two vectors (i.e.,

lal and 1b1). These parameters provide a multi-dimensional characterization of spectral

change at the pixel level. A key advantage of 3I3D is that it requires no input parameters or
prior calibration, making it a robust and fully automated approach for large-scale forest
change detection. Further details on the 3I3D methodology and its implementation in
GEE [59] can be found in the original paper by Francini et al. [34].

As a preliminary step before generating the final disturbance map, we applied the
3I3D algorithm to produce a pixel-level map containing the full set of change parameters:
angles ¢ and 6, as well as the modules of vectors a and b. Moreover, we derived the overall
change magnitude for each pixel ranging from 0 to 255, calculated as the sum of the two
vector modules [34]. Based on this information, a magnitude threshold was then defined to
classify pixels as either ‘change’ or ‘no change’, as detailed in the following section.

Photointerpretation-Based Reference Data and Threshold Calibration

To determine the magnitude threshold that minimized both commission and omission
errors, we conducted a sensitivity analysis on the 3I13D-derived change/no change map.
This analysis involved increasing the magnitude threshold in steps of 5 units. For each
threshold value, classification performance was assessed using a ROC curve, which plots
the relationship between sensitivity (True Positive Rate—TPR) and 1—specificity (False Pos-
itive Rate—FPR). The threshold optimizing both sensitivity and specificity was identified.

We conducted a photointerpretation of a stratified random sample of 7555 points. The
sampling design used different sampling rates for the no-change (0.00001) and change
classes (0.00010), with point locations randomly selected within each class. The photointer-
pretation followed a consensus-based protocol aligned with the good practices for visual
interpretation of remotely sensed data compiled in Jonckheere et al. [60], including the
participation of three independent photointerpreters, cross-interpretation of 20% of the
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sample, a calibration training at the start of photointerpretation and systematic discussion
of ambiguous cases.

To match the 20 m spatial resolution of Sentinel-2 imagery, a 10 m buffer was applied
around each sampled point. Each buffered point was manually classified as either 0
(no change) or 1 (change) (Figure 2) through visual comparison of orthophotos from the
years preceding and following the target year. Very high-resolution (VHR) imagery was
used from sources including the Spanish National Plan for Aerial Orthophotography [61]
and high-resolution satellite imagery from Google Earth™ [62]. When orthophotos were
unavailable for a specific point, Sentinel-2 composites from 2017 and 2019 were compared.

(A)

Disturbance

Figure 2. Example of photointerpretation process used for change detection. The left panels show
very-high resolution orthophotos (PNOA images) for (A) pre-disturbance—2017 and (B) post-
disturbance—2019. The right panels show corresponding Sentinel-2 medoid composites for the
same periods (visualized in False color [B8, B4, B3]). The red circle indicates the sampled plot with a
10 m buffer radius. Insets provide a zoomed view of the buffered area.

2.4. Step 2: Disturbance Classification

Building on the change/no-change map generated by the 313D algorithm, our objec-
tive was to produce a disturbance map that classified the pixel into one of the predom-
inant disturbance types commonly observed in Spain (Figure 3). We focused on major,
well-represented disturbances in the study area, excluding subtle changes like variations
in vegetation moisture or rare events like windthrow, which were insufficiently repre-
sented. The disturbance types included in this study are two high-intensity disturbances:
wildfires and clear-cutting, and two low-intensity disturbances: thinning and non-stand
replacing. The non-stand replacing class, as defined by Coops et al. [63], includes areas
flagged by 3I3D as changed but not attributable to the three specific disturbance types
during photointerpretation.

To achieve this, we evaluated the performance of three classification algorithms:
Support Vector Machine (SVM), Random Forest (RF) and Neural Network (NN).
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Non-stand replacing Wildfire Clear-cut Thinning

(A)

P 005 0.1k

Disturbance

(B)

Figure 3. Examples of forest disturbances for (A) pre-disturbance—2017 and (B) post-disturbance—
2019. Columns illustrate the disturbance types considered in the study: non-stand replacing, wildfire,
clear-cut, thinning.

2.4.1. Training Dataset and Variable Selection

For training, a dataset of 1524 polygons identified as ‘change’ in the first step was
randomly sampled and photointerpreted. Each polygon was assigned to one of four
categories: (0) non-stand replacing disturbance, (1) wildfire, (2) clear-cut or (3) thinning
(Table 1).

Table 1. Training data for classification of disturbance type. Number of polygons photointerpreted
for each class.

Change Class Number of Polygons Average Polygon Size (ha)
Non-stand replacing 792 22
Wildfire 70 219
Clear-cut 483 8
Thinning 179 16

We initially considered a comprehensive set of 47 variables, including spectral metrics,
3I3D change metrics [34], and geometrical metrics [43]. To ensure the robustness of our
final variable selection, we employed an iterative process in which uncorrelated variables
were progressively selected while evaluating the classification results at each iteration.
When two variables exhibited multicollinearity (Pearson correlation coefficient, R > 0.70)
expert criteria were used to select the one considered more relevant for the study regarding
ecological and spectral characteristics. The resulting single, consistent set of variables was
used throughout both the training and validation phases of the classification process.

2.4.2. Support Vector Machine Classification

SVM, first described by Boser et al. [64] and widely applied to forest land cover classifi-
cation [65], are binary classification algorithms that aim to find the optimal hyperplane that
maximizes the margin between classes—defined by the closest training samples, known as
support vectors. To handle non-linearly separable data, SVM utilizes Kernel functions to
project the data into a higher dimensional feature space where linear separation becomes
possible. For multiclass classification, we employed the fitcecoc function in Matlab® R2024b,
which implements the Error-Correcting Output Codes (ECOC) framework to decompose
the problem into multiple binary classification tasks. For each binary learner, the function
optimizes parameters such as the box constraint, Kernel function (e.g., Gaussian, linear, or
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polynomial) and Kernel scale. Given the class imbalance in our training dataset (Table 1),
we applied class weighting inversely proportional to class frequencies. This strategy miti-
gates the bias towards majority classes, helping to ensure balanced learning and improve
generalization across all classes.

2.4.3. Random Forest Classification

RE, depicted by Breiman et al. [66] is an ensemble learning method that constructs
multiple classification decision trees by resampling the training data for each classification
tree. Within each tree, the training observations are iteratively assigned labels through
a number of splits, ranging from 1 to n — 1, where n represents the total number of
observations in the training dataset. Specifically, at each node, the algorithm selects
the predictor that yields the greatest gain in the Gini diversity index across all possible
splits. To implement and optimize the ensemble of decision trees, we employed the
fitcensemble function in Matlab®, which applies the bagging technique. In this approach,
each tree is trained on a bootstrap sample of the data, and at each node, a random subset
of predictors is considered for splitting. The fitcensemble function allows fine-tuning of
key hyperparameters, such as the number of learning cycles (trees), learning rate, and
minimum leaf size (the minimum number of observations per terminal node). As with
SVM, we addressed class imbalance incorporating class weights during model training,
assigning weights inversely proportional to class frequencies to ensure fair representation
of all classes.

2.4.4. Neural Network Classification

Neural Networks have been widely used for analyzing remote sensing data [67]. In
this study we trained an NN classifier using Bayesian optimization via the fitcnet function
in Matlab®. This approach permitted the automatic tuning of several hyperparameters,
including the number and size of hidden layers, activation functions (e.g., Rectified Linear
Unit [ReLU], hyperbolic tangent, sigmoid, or none), weight initialization methods (such
as Glorot or He initializer) and the regularization strength (Lambda). The network archi-
tecture employed for classification consisted of up to three fully connected layers. In each
layer, the output from the preceding layer is transformed by a weight matrix and passed
through an activation function. The final layer applies a softmax activation to produce
class probabilities and predicted labels. The Glorot initializer samples weights from a
uniform distribution with a mean of 0 and variance of 2/ (1 + Noutput), while the He
initializer employs a variance of 2/, making it more suitable for ReLU activations.
The training process employed default settings: a maximum number of 1000 iterations, a
loss tolerance (1 x 107°), step tolerance (1 x 107%), and a validation patience of 6 iterations.
To address class imbalance in the training data, we incorporated class weights inversely
proportional to class frequencies, ensuring equitable representation across all classes during
learning [68].

2.4.5. Classification Accuracy Assessment

To evaluate the performance and robustness of each classification model, we performed
10-fold cross-validation for each learner, withholding 10% of the 1524 training samples
in each fold for validation [69,70]. Model performance was assessed using confusion
matrices, from which we derived omission and commission errors, overall accuracies
and class specific metrics including the Area Under the Curve for the Receiver Operating
Characteristic (AUCRroc), and Area Under the Precision-Recall Curve (AUCpgR).

The AUCRoc was computed by progressively adjusting the decision threshold based
on class scores, as described by Valavi et al. [71]. The AUCpr was obtained using the
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procedure outlined by Hughes-Oliver [72]. One per class AUCroc and AUCpr (one vs. all)
was applied in the case of disturbance classifications.

To address the effects of class imbalance, we computed the Matthews Correlation
Coefficient (MCC), which quantifies the correlation between the observed and predicted
binary classifications [73], and the Fl-score per class, which is the harmonic mean of
precision and recall:

TP-TN — FP-FN

MCC =
\/(TP + FP)-(TP + FN)-(TN + FP)-(TN + FN)

2(TP;/(TP; + FP;))(TP;/(TP; + FN;))
TDP;/(TP; + EP;) + TP;/ (TP; + FNj)

Flscore; =

where TP, TN, FP and FN refer to the sum of True Positives, True Negatives, False Positives
and False Negatives, respectively, across the disturbance classes, in the confusion matrix.
The MCC ranges from —1 to +1, where +1 represents a perfect prediction, 0 indicates a
random prediction, and —1 indicates a complete disagreement between the prediction and
the true label.

Following the methodology proposed by Olofsson et al. [74], overall and per-class
accuracies were computed by weighting the confusion matrices” accuracies by the propor-
tion of area mapped as each class. The proportion of area estimations, standard error and
confidence intervals (Table A3) are calculated as:

Pr= Zz‘q:1 W,k

i
i

S(ha) =31, (Wif’ik - ﬁ?k) /(ni —1)
CI; = +1.96 x S(px)

where W represents the proportion of area mapped as class i, 11 is the entry of the confusion
matrix in the i row and k column, and 7i is the number of sampling points in class i. S?(p ;)
is the proportion of area estimated for class k, where pj is calculated as n;/n;. Cl; is the
confidence interval of class i area estimate.

3. Results
3.1. 313D Change Detection

The results of the ROC analysis for change detection, based on varying magnitude
thresholds, are presented in Table Al. A threshold value of 205 was identified as optimal
for generating the change map, yielding an overall accuracy of 82%, a False Positive Rate
(FPR) of 0.17 and a True Positive Rate (TPR) of 0.73.

The confusion matrix (Table 2) shows a balanced distribution of producer accuracies
across classes. Low omission error rates can be observed, increasing Producer’s accuracy at
the expense of User’s accuracy. This pattern suggests a tendency toward over-detection in
ambiguous cases and, consequently, inflating commission errors.

These intermediate results were further processed to generate the final 313D change
map using a threshold value of 205. The total area identified as change was 264,900 ha,
accounting for 1.43% of the study area.
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(@)

Table 2. Confusion matrix based on 7555 sample points generated using the 3I3D algorithm with a
magnitude threshold of 205.

. Reference Change No Change User’s Commission
Predicted Accuracy Error
Change 804 1081 43% 57%
No change 301 5369 95% 5%
Producer’s accuracy 73% 83% Overall Accuracy
Omission error 27% 17% 82%

3.2. Classification Models

The initial pool of 47 variables was reduced to a final set of 16 (Table A2). Correlation
analysis showed that wildfires were well characterized by higher perimeter standard
deviation and higher shape index (Figure 4a,b). Clear-cuts were associated with lower
fractal dimension and higher SWIR1 standard deviation (Figure 4c,d). Thinnings were
characterized by a lower module b (Figure 4e), whereas other disturbances class were
associated with a lower module a (Figure 4f).
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Figure 4. Six out of the sixteen variables used are shown, selected for their capacity to discriminate
changes among disturbance types: non-stand replacing, wildfires, clear-cut, and thinning. (a) Stan-
dard deviation of perimeter, (b) Shape index, (c) Fractal dimension, (d) Standard deviation of SWIR 1,
(e) Module b, and (f) Module a.

Among the classifiers, RF achieved the highest performance, with an overall accuracy
of 72.0% and an MCC of 0.56. Hyperparameters were optimized resulting in a configuration
of 492 trees and a minimum leaf size of 3 samples. SVM ranked second, with an overall
accuracy of 71.0% and MCC of 0.52. The SVM was implemented using a Gaussian kernel
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with a box constraint value of 0.0034 and kernel scale of 5.24. NN followed with an overall
accuracy of 67.8% and MCC of 0.47; for NN the He initializer was used for the layer weights,
the hidden layer size was set to 13, and the lambda value was 0.0047. The corresponding
accuracies and confusion matrices for each classifier are presented in Tables 3 and 4.

Table 3. Overall accuracy, Area Under the Precision-Recall Curve (AUCpRr) and Area Under the Curve
for the Receiver Operating (AUCRroc). Value for Random Forest, Support Vector Machine and Neural
Network classification methods for non-stand replacing disturbances, wildfires, clear-cut and thinning,.

Random Forest Support Vector Machine Neural Network
Overall accuracy 72.0% 71.0% 67.8%
AUCpr  AUCRroc  AUCpr AUCRroc AUCpr AUCRroc

Non-stand 0.88 0.86 0.86 0.81 0.87 0.84
replacing

Wildfire 0.67 0.94 0.58 0.90 0.68 0.94

Clear-cut 0.66 0.84 0.66 0.79 0.64 0.83

Thinning 0.55 0.83 0.53 0.79 0.53 0.84

Table 4. Confusion matrix value for Random Forest, Support Vector Machine and Neural Network
classification methods for non-stand replacing disturbances (NSR), wildfires, clear-cut and thinning:
User’s accuracy (User’s acc), commission error (CE) and F1-score.

NSR Wildfire Clear-Cut Thinning User’s Acc CE F1
Random Forest

Non-stand replacing 594 9 72 33 83.9% 16.1% 0.79

Wildfire 16 49 18 2 57.6% 42.4% 0.63

Clear-cut 149 7 356 46 63.8% 36.2% 0.68

Thinning 33 5 37 98 56.6% 43.4% 0.56
Producer’s accuracy 75.0% 70.0% 73.7% 54.7%
Omission error 25.0% 30.0% 26.3% 45.5%

Support Vector Machine

Non-stand replacing 551 6 96 34 80.2% 19.8% 0.75

Wildfire 26 50 31 9 43.1% 56.9% 0.54

Clear-cut 142 5 294 34 61.9% 38.1% 0.61

Thinning 73 9 62 102 41.5% 58.5% 0.48
Producer’s accuracy 69.6% 71.4% 60.9% 57.0%
Omission error 30.4% 28.6% 39.1% 43.0%

Neural Network

Non-stand replacing 523 3 62 14 86.9% 13.1% 0.75

Wildfire 49 58 28 11 39.7% 60.3% 0.54

Clear-cut 147 3 336 37 64.2% 35.8% 0.67

Thinning 73 6 57 117 46.2% 53.8% 0.54
Producer’s accuracy 66.0% 82.9% 69.6% 65.4%
Omission error 34.0% 17.1% 30.4% 34.6%

The non-stand replacing disturbance class achieved the highest User’s accuracy across
all three classification techniques, particularly with RE. In contrast, wildfires showed the
highest Producer’s accuracy when classified with SVM and NN. Thinning was the most
challenging class to identify, exhibiting the highest commission and omission errors across
models—except in the case of NN, where wildfires had higher commission errors (Table 4).
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3.3. Forest Disturbance Classification Map

Based on the disturbance classification results, we generated a comprehensive clas-
sification map (Figure 5—Step 2) and classification probability map (Figure A1) of the
four-disturbance classes, modeled using the Random Forest algorithm: non-stand replacing
disturbance, wildfire, clear-cut, and thinning. Non-stand replacing disturbances accounted
for 69% of the total disturbed area. When excluding non-structural changes, the remaining
disturbed area was composed of 19% thinning, 26% wildfires, and 55% as clear-cut events.

Step 1-313D change detection map

Step 2-Disturbance classification map

-

LS
Clear-cut I
7] Thinning
Change 2 A
§ Wildfires [N
No change 2
& ; Non-stand replacing

Figure 5. Results of the two-step framework for national-scale forest disturbance monitoring in
mainland Spain and the Balearic Islands for the year 2018. Step 1: 3I3D change detection map.
Step 2: disturbance classification map derived from Random Forest algorithm including non-stand
re-placing disturbances, wildfires, clear-cuts, and thinning. The inset provides a zoom-in illustrating
the different disturbance classes (EPSG: 32629).

The non-stand-replacing disturbance class was the most frequent, comprising
1.36 million polygons. However, it had the smallest average polygon size (0.14 ha), result-
ing in a total area of 184,000 ha. In contrast, wildfires had the largest average polygon
size (105.86 ha), with a total affected area of 21,400 ha. Thinning disturbances averaged
1.52 ha per polygon and covered 15,300 ha in total, while clear-cuts had an average size of
1.44 ha, accounting for 44,200 ha overall (Table A3). Per class accuracies following Olofsson
et al. [74] are shown in Table A3, summing a weighted overall accuracy of 0.77.

4. Discussion

Mediterranean forests have long experienced ecosystem fragmentation, primarily
driven by historical human activities [75]. These forests exhibit distinctive disturbance
patterns and a faster recovery rate compared to boreal or temperate forests, resulting in a
distinctive post-disturbance spectral response [32]. Unfortunately, Mediterranean forests
are particularly vulnerable to degradation processes due to land abandonment and the
ongoing impacts of climate change, which exacerbate both the frequency and intensity
of forest disturbances [76]. Comprehensive research into these disturbance dynamics is
therefore imperative, given their far-reaching implications for biodiversity, as well as for
the economic, social, and ecological sustainability of forest ecosystems [1,2].

To address these needs, we implemented an adaptive two-step framework aimed
at producing a national-scale forest disturbance map for Spain. In the first step, we
applied the 3I3D algorithm across the national territory to generate a binary change/no-
change map based on spectral variables. An optimal threshold for change detection was
identified using ROC analysis, allowing us to differentiate between change and no-change
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pixels. Detected changes included both high-intensity (e.g., wildfire, clear-cutting) and low-
intensity disturbance (e.g., thinning) as well as subtle, non-stand replacing disturbances.
In the second step, we employed a Random Forest classifier to categorize the change
pixels into four distinct disturbance classes—wildfire, clear-cut, thinning, and non-stand
replacing—using a combination of spectral metrics, 313D change metrics, and geometrical
features as input variables.

4.1. Performance of Two-Step Framework

The use of summer composites in the 313D algorithm to detect inter-annual changes
benefits from reduced cloud cover in the Mediterranean region and from peak vegetation
photosynthetic activity during this period, which enhances spectral contrast between
disturbed and undisturbed areas. However, it also introduces variability related to the
timing of disturbance events. Disturbances occurring between acquisition dates may be
partially smoothed within a composite, while events spanning consecutive years may be
detected more than once. To account for this variability, the proposed two-step approach
incorporates detailed information from consecutive temporal intervals ((t — 1)—t and
t — (t + 1)) together with Sentinel-2 spectral reflectance features during the classification
step. This integration helps to stabilize disturbance attribution across years and reduces
ambiguity associated with the seasonal compositing strategy.

The proposed two-step framework demonstrated a robust capacity to detect forest
disturbances across heterogeneous Mediterranean landscapes. The change /no-change map
achieved an overall accuracy of 82%, consistent with previous applications of the 313D
algorithm in Mediterranean environments [34]. This accuracy is primarily supported by
the calibration of the change detection threshold through ROC curve analysis obtaining
relatively low omission error for change areas.

The high sensitivity in the change detection step increases the detection rate at the
expense of relatively low User’s accuracy, which is mitigated in the subsequent classification
step by reallocating many falsely detected change pixels to the non-structural disturbance
class, thereby reducing overall classification error.

Producer’s accuracy varied across disturbance classes, with the highest values ob-
served for clear-cut (74%), followed by wildfire (70%), and thinning (55%). These results
align with trends reported in previous studies. For instance, Pitkdnen et al. [77], working in
British Columbia, Canada, observed substantially lower Producer’s accuracy for thinning
(20.4%) compared to clear-cut areas (80.2%) when applying sensitivity-based thresholds.

The threshold calibration step enhances the robustness of the 313D method, improving
its adaptability to varying forest conditions and supporting its applicability across different
forest types. This step also reduces misclassifications in change areas during the subsequent
disturbance classification stage. In addition, threshold calibration provides flexibility to
adjust the balance between sensitivity and specificity according to the objectives of the
analysis and the characteristics of the disturbance regime. Li et al. [78] further demonstrated
that forest-type specific threshold methods can substantially improve disturbance detection
across contrasting forest types, reinforcing the importance of threshold calibration in large-
scale monitoring frameworks.

4.2. Influence of Spatial Resolution and Disturbance Size in Forest Disturbance Classification

Many change detection algorithms rely on Landsat time series data, which offers lower
spatial resolution (30 m) compared to Sentinel-2 (20 m). For example, Miguel et al. [31]
employed the CCDC-SMA method to monitor disturbance trends, including non-stand
replacing events, across climatic gradients in Spain, achieving a Producer’s accuracy of
85.6% for disturbed patches larger than 0.5 ha (2016-2020). Similarly, Nguyen et al. [46]
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applied a Random Forest model with LandTrendr predictors to a 30-year Landsat time
series in Australia, obtaining Producer’s accuracies of 69.4% for selective logging and 78.9%
for primary and secondary disturbances.

Accuracies can also vary depending on the size of the disturbances. Jarron et al. [79], us-
ing the C2C algorithm in British Columbia, Canada, assessed detection performance across
disturbance object of varying sizes: >5 ha, 2 ha, and <2 ha. They found that Producer’s
accuracy increased significantly for larger disturbances, reaching 93.0% for objects over
5 ha, compared to just 66.0% for both medium and small disturbances. This underscores
the inherent challenge of detecting small-scale disturbances using remote sensing.

Imbalance in the frequency and spatial extent of classes may lead to misclassification
or underestimation of rare disturbance classes. In our study, wildfires or thinnings are
less representative in terms of frequency. As noted by Altalhan et al. [80] algorithm-
level approaches such as class weighting can help address this issue. In addition, the
evaluation metrics used in this study such as AUCpr have proven useful for assessing
performance under imbalance data conditions [80,81]. Although this remains a limitation
and results should be interpreted as a simplified representation of reality, future studies
could further address class imbalance by integrating both data-level technics and algorithm
level techniques.

While lower spatial resolution imagery can limit the detection of small-scale distur-
bances, higher-resolution data—such as that provided by Sentinel-2—offers improved
sensitivity to finer spatial changes. Nevertheless, excluding disturbances below a certain
size threshold may enhance overall classification accuracy by minimizing noise introduced
by minor or ambiguous changes. This approach, while beneficial for reducing false posi-
tives, may also lead to the omission of low-intensity disturbances that affect smaller areas.

While smaller events may remain undetected, the algorithm effectively captures the overall
area affected by wildfire, supporting its utility for large-scale disturbance assessments.

4.3. Influence of Classification Algorithms and Input Features

In the final classification map, the effectiveness of RF for disturbance classification
is well established [82-85], particularly when incorporating spectral, temporal, and topo-
graphic metrics [43,45]. Although deep learning and other novel approaches are currently
gaining popularity for studying disturbances [86-88], numerous studies have demonstrated
that the algorithms evaluated in this study, RF, SVM and NN, perform reliably for distur-
bance classification [89,90]. Moreover, using more complex methods is not always necessary
when established algorithms sufficiently meet the research objectives [91].

Among spectral variables, the Shortwave Infrared (SWIR) and Near-Infrared (NIR)
bands, have been identified as key predictors for detecting forest disturbances [92]. Our
analysis utilized a combination of the Blue, NIR and two SWIR bands, along with geometric
and 313D change-detection metrics, as input features for the classification.

4.4. Low-Intensity Disturbance Characterization

Mediterranean regions exhibit greater variability in forest cover compared to tem-
perate and boreal forests [32]. This heterogeneity may impact the classification accuracy,
particularly for low-intensity disturbance classes such as thinning. Accurately detecting
low-intensity disturbances remains a significant challenge in satellite-based forest change
monitoring [44]. Furthermore, the fragmented nature of Mediterranean landscapes tends to
produce smaller, more localized disturbances, further complicating the detection of subtle
changes [32]. Many existing change detection algorithms are poorly suited for capturing
low-intensity disturbances [47], as they often prioritize abrupt, high-magnitude changes
over more gradual or diffuse alterations [93].
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In our study, the use of ROC curve analysis to define an optimal change threshold
enable the inclusion of subtle, non-stand replacing disturbances. These disturbances
included variations in reflectance that do not noticeably reduce forest cover, including
those caused by pests, drought, or differences in the phenological traits of the composites,
some of which may serve as important indicators of forest health and resilience. Further
analysis of changes classified as non-structural may require field data support. In addition,
our approach also captured high-intensity events such as wildfires or clear-cuts, and
low-intensity structural changes such as thinning.

Omission errors in the first step (pixels classified as no change where any disturbance
has occurred) are propagated through the two-step approach, reducing the User’s accuracy
of the global classification for wildfire, clear-cut and thinning classes. Depending on the
final purpose of the analysis, the magnitude threshold may be determined as the ROC
optimal or that which maximizes either the sensitivity or the specificity in the first step.

4.5. Comparison with Large-Scale EO Monitoring System

Recently released DIST-ALERT [94] tracks vegetation disturbances using 30m Harmo-
nized Landsat Sentinel-2 dataset obtaining Producer’s accuracies ranging from 60 to 75%
depending on the type of disturbance and biome considered. The Global Land Analysis &
Discovery (GLAD) in collaboration with Global Forest Watch (GFW) [40] provides informa-
tion for forest cover loss in a Google Earth Engine Application [95] from 2000 to 2024 based
on Landsat time series analysis. However, the product functions primarily as an indicator
of change rather than as a tool for precise area estimation.

For wildfire monitoring, several platforms are available, such as the Burnt Area maps
from the Copernicus Land Monitoring Service [96]. This platform gives daily updated
information for burnt areas worldwide from 2023 to 2025, and monthly updates from July
2018 onward, with a 300m spatial resolution. Similarly, Global Wildfire Information System
(GWIS) annual statistics for Spain [97], based on MODIS data, report a total of 47,076 ha
burned across 207 fires. Regarding National statistics, official records from MITECO [98]
indicate that approximately 2000 wildfires >1 ha occurred in Spain in 2018, substantially
more than the 202 wildfires identified in our study. However, the total burned area in our
results (21,400 ha) closely matches the 25,000 ha reported in the national statistics.

Overall, our results are closer to GWIS in terms of the number of detected fires,
whereas the total burned area is more consistent with official national statistics. The lower
number of wildfires identified in our study likely reflects the loss of small fires. Differences
in the minimum mapping unit (MMU) further affect these comparisons. Both GWIS and
our analysis rely on pixel-based detections (300 m and 20 m resolution, respectively), which
may overlook small events or aggregate multiple disturbances into a single fire polygon.
Additionally, GWIS estimates do not apply a forest mask and therefore include fires across
all land-cover types, whereas national statistics include fires occurring in open woodlands
that were masked out in our study.

4.6. Operational Implications, Limitations and Future Directions

In this study, open woodlands were excluded from the change detection analysis, as
spectral index variations in these areas primarily reflect changes in ground vegetation rather
than alterations in canopy structure. This limitation is inherent to the spatial resolution of
Sentinel-2 imagery, which also restricts the detection of damage at individual-tree level,
such as tree mortality caused by bark beetle attacks. Nevertheless, finer-resolution data
can enable the detection of canopy-level changes through image segmentation techniques
that identify individual tree crowns. For instance, Karlson et al. [99] used Worldview
imagery combined with GEOBIA (Geographic Object-Based Image Analysis) to delineate

https://doi.org/10.3390/1s18071038


https://doi.org/10.3390/rs18071038

Remote Sens. 2026, 18, 1038

16 of 22

individual tree crowns and clusters in open woodlands across West Africa. More recently,
Ji et al. [100] applied the BlendMask deep learning algorithm to Worldview-3 imagery,
successfully segmenting tree crowns across sites with varying tree densities. LIDAR data
has also proven effective for this purpose, as demonstrated by Sun et al. [101], who used
the YOLO-v4 deep learning model for individual tree crown detection.

From an operational perspective, this framework has strong potential to complement
National Forest Inventories by providing spatially explicit and temporally consistent in-
formation on forest disturbance dynamics. Future work should focus on extending the
framework to multi-year disturbance trajectories and thoroughly evaluating its transfer-
ability to other Mediterranean regions. Such developments would further enhance the
capacity of forest monitoring and management systems, which will support adaptive policy
implementation, and climate change mitigation strategies.

5. Conclusions

Five main conclusions can be drawn from this study.

First, the proposed two-step framework offers a scalable and tailored approach for
forest disturbance mapping by integrating the 313D algorithm for change detection with
Random Forest classification. This combination allows not only accurate detection but also
a meaningful reassignment of apparent false positives, as changes that do not substantially
alter stand density are reclassified as non-stand replacing disturbances.

Second, the use of photo-interpreted training samples, combined with geometric at-
tributes and 3I3D-derived metrics, enhances classification accuracy. The approach demon-
strates that leveraging complementary data sources strengthens the ability to discriminate
among disturbance types.

Third, among the tested classifiers, Random Forest achieved the best results, surpass-
ing both Support Vector Machine and Neural Networks. Its ability to reliably categorize
both high- and low-intensity disturbances, particularly thinning, underscores its robustness
in operational applications and confirms that it should be the first choice in similar studies.

Fourth, our method shows strong potential for generating annual disturbance maps
and supporting near-real-time monitoring, while also enabling long-term assessments
of disturbance extent, intensity, and frequency. In addition, the implementation of ROC
analysis in the first step enhances the scalability and adaptability of the framework to
different regions and objectives. By providing both detection and categorization in a
coherent framework, it delivers information directly usable in management and policy
contexts, forming a solid basis for evidence-based strategies that promote biodiversity
conservation and economic sustainability.

Crucially, our method confirms the importance of systematically integrating remote
sensing data into official forest monitoring programs, enabling more spatially detailed
information and more accurate aggregated estimates, thereby strengthening the Spanish
National Forest Inventory.
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Appendix A

Table A1. Curve ROC results. Magnitude cutoff value. FPR = False Positive Rate. TPR = True Positive
Rate. Gray presents the optimum magnitude cutoff.

Magnitude FPR TPR
180 0.52 0.87
185 0.44 0.83
190 0.40 0.82
195 0.34 0.80
200 0.24 0.76
205 0.17 0.73
210 0.13 0.67
215 0.11 0.62
220 0.10 0.57
225 0.07 0.48
230 0.06 0.40
235 0.04 0.33
240 0.03 0.28
245 0.03 0.24

Table A2. Final variables used for the classification of the polygons identified as change by the
313D algorithm.

Statistic Variables

Spectral metrics

Standard deviation B
Average, Standard deviation NIR
Standard deviation SWIR1
Average SWIR2
3I3D metrics
Average Magnitude
Average Module a
Average, Standard deviation Module b
Standard deviation p_9_a
Average p_d_a
Standard deviation p_¢_b
Geometrical metrics
Standard deviation Perimeter
Average Compactness
Average Fractal dimension
Average Shape index
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Table A3. Random Forest classification map results including class-level statistics and map accuracy
estimations. W represents the proportion of area mapped as class i, U; the estimated User’s accuracy
for class i, pi the estimated user’s accuracy for class i, CI (%) the 95% confidence interval of the
estimated proportion of area of class i, and Weighted OA is the estimated overall accuracy.

Change Class Polygons Class (ha) Standard w

Number Area per Polygon Size (ha)

S)

P, CI(%)

Average L. Minimum  Maximum
Deviation

Non-stand

. 1,360,000 184,000 0.14 24,190 0.04 1491 0.69 0.89 084 212
replacing

Wildfire 202 21,400 105.86 1.9 x 10° 0.12 1431 0.08 0.79 0.58 1.05
Clear-cut 30,641 44,200 1.44 27,321 0.6 x 1075 78 0.17 0.52 0.64 1.86
Thinning 10,083 15,300 1.52 50,924 0.17 x 107 205 0.06 0.41 057 125

Total area = 264,900 Weighted OA =0.77

Non-stand replacing Wildfire

Probability (%)

I o-o02
B o2-04
B os-06

et . 0.6-038
o T IR onllee - T 0.8-1

Clear-cut Thinning

0 100 200 300 km
— —

Figure A1. Random Forest classification probability maps for non-stand replacing disturbances,
wildfires, clear-cuts and thinnings (EPSG: 32629).
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