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Abstract: Wildfires increasingly threaten ecosystems and infrastructure, making accurate burn severity
mapping (BSM) essential for effective disaster response and environmental management. Machine learning
(ML) models utilizing satellite-derived vegetation indices are crucial for assessing wildfire damage; however,
incorporating many indices can lead to multicollinearity, reducing classification accuracy. While Principal
component analysis (PCA) is commonly used to address this issue, its effectiveness relative to other feature
extraction (FE) methods in BSM remains underexplored. This study aims to enhance ML classifier accuracy in
BSM by evaluating various FE techniques that mitigate multicollinearity among vegetation indices. Using
composite burn index (CBI) data from the 2014 Carlton Complex fire in the United States as a case study, we
extracted 118 vegetation indices from seven Landsat-8 spectral bands. We applied and compared 13 different
FE techniques—including linear and nonlinear methods such as PCA, t-distributed stochastic neighbor
embedding (t-SNE), linear discriminant analysis (LDA), Isomap, uniform manifold approximation and
projection (UMAP), factor analysis (FA), independent component analysis (ICA), multidimensional scaling
(MDS), truncated singular value decomposition (TSVD), non-negative matrix factorization (NMF), locally
linear embedding (LLE), spectral embedding (SE), and neighborhood components analysis (NCA). The
performance of these techniques was benchmarked against six ML classifiers to determine their effectiveness
in improving BSM accuracy. Our results show that alternative FE techniques can outperform PCA, improving
classification accuracy and computational efficiency. Techniques like LDA effectively captured nonlinear
relationships critical for accurate BSM. The study contributes to the existing literature by providing a
comprehensive comparison of FE methods, highlighting the potential benefits of underutilized techniques in
BSM.

Keywords: burn severity mapping; landsat; machine learning; feature extraction

1. Introduction

Wildfires are a recurring and increasingly severe threat to ecosystems, human infrastructure,
and water resources. Accurate burn severity mapping (BSM) is essential for effective disaster
response [1], ecological restoration [2], and long-term water quality management [3]. Machine
learning (ML) combined with satellite remote sensing data, particularly those leveraging optical
satellites, has become a critical tool in wildfire severity assessment [4].

Reflectance changes are a key indicator used in BSM to distinguish between burnt and unburnt
areas. When a wildfire occurs, the vegetation and soil undergo physical and chemical changes, which
alter how they reflect light across different parts of the electromagnetic spectrum [5]. Burnt vegetation
absorbs more visible light and reflects less in the near-infrared (NIR) spectrum than healthy,
unburned vegetation [6]. These changes in reflectance can be captured by optical satellite sensors and
are used to identify and map burnt areas. Indices like the Normalized Burn Ratio (NBR) utilize these
reflectance differences to assess the severity of the burn [7] and help monitor ecosystem recovery
following a wildfire [8].

Implementing ML techniques has revolutionized remote sensing and environmental
monitoring. ML models can handle vast volumes of data and identify complex patterns that
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traditional empirical methods might overlook. For instance, these models have enhanced satellite-
based precipitation estimation and correction, leading to more accurate rainfall data — essential for
weather forecasting and climate studies [9-12]. Furthermore, ML has significantly improved
streamflow predictions, resulting in more reliable water flow forecasts, crucial for flood management,
water resource planning, and reservoir operations [13-16]. In BSM studies, ML applications have
demonstrated superior accuracy [17-22].

Vegetation indices, commonly calculated from combinations of spectral bands, are crucial
predictors in assessing the extent and intensity of wildfire damage. Incorporating more indices
typically improves the classification of burn severity levels. However, when too many indices derived
from the same spectral bands are included in ML models, multicollinearity—a condition where
predictors are highly correlated —can arise. This leads to redundant information and a subsequent
reduction in classification accuracy. To address this issue, techniques such as feature reduction (FR),
which involves selecting a subset of the original variables, and feature extraction (FE), which
transforms data into a lower-dimensional space while preserving essential characteristics, are
commonly employed. Van et al. (2024) introduced a novel FR approach to BSM using mono-temporal
Sentinel-2 satellite data within an eXplainable Al (XAI) framework [23]. Their methodology
incorporates qualitative and quantitative feature selection, a crucial step in the broader feature
extraction process, to improve the accuracy and interpretability of ML models. By applying a
Random Forest (RF) algorithm optimized through SHapley Additive exPlanation (SHAP) and
forward stepwise selection, the study narrowed down 235 potential predictors to the 12 most critical.
While effective, Van et al. (2024) face a key limitation: the high computational complexity and
resource demands of the XAI techniques. These constraints may restrict the approach's accessibility
to research teams without advanced computational resources, making it challenging for broader
adoption.

Principal component analysis (PCA) is one of the most widely used FE methods due to its ability
to transform large sets of correlated variables into smaller, uncorrelated components. By reducing
dimensionality, PCA enhances the performance of ML classifiers and other predictive models.
Numerous studies have demonstrated its effectiveness, particularly in improving the accuracy of
models used in burn severity assessments, where datasets often contain complex, interrelated
features [24-26]. For instance, Koutsias et al. (2009) applied PCA to enhance the visibility of burned
areas in Landsat-7 imagery [27]. By transforming the multivariate data, they demonstrated that PCA
effectively distinguishes burnt surfaces by reducing the dimensionality of the dataset, which in turn
highlights the most significant changes pertinent to identifying burned areas. Chen et al. (2015)
employed PCA to streamline the handling of extensive spectral data from high spectral resolution
MASTER airborne images by reducing the number of spectral bands from 50 to a smaller number of
principal components, reducing the computational load and enhancing the efficiency of the analysis
process [28]. Similarly, in the recent study by Kulinan et al. (2024), PCA was used as a critical step to
enhance classification efficiency [20]. PCA was applied after extracting textural features from
Sentinel-2 imagery to identify the most relevant features for burned area classification. In many of
these studies, PCA has demonstrated its usefulness in reducing noise and improving computational
efficiency and model accuracy, particularly when working with high-dimensional satellite data.

Despite the widespread use of principal component analysis (PCA) as a dimensionality
reduction technique in BSM, very few studies have critically evaluated its performance relative to
other FE methods. Most research has defaulted to PCA due to its simplicity and well-established
status in the field. However, this narrow focus overlooks the potential benefits that alternative
methods could offer. As advances in ML and remote sensing continue to evolve, techniques such as
t-distributed stochastic neighbor embedding (t-SNE) [29], uniform manifold approximation and
projection (UMAP) [30], and linear discriminant analysis (LDA) [31] have shown promise in other
areas of environmental modeling but remain underexplored in the context of wildfire mapping. The
lack of comparative studies examining a broader array of FE techniques suggests a gap in the
literature.
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This study seeks to enhance the accuracy of ML classifiers in BSM by evaluating FE techniques
that mitigate multicollinearity in vegetation indices. Using composite burn index (CBI) data from the
2014 Carlton Complex fire in the United States as a case study, we used 112 vegetation indices from
seven Landsat-8 bands. We then applied and compared 13 different FE techniques, including linear
and nonlinear methods such as PCA, t-SNE, LDA, Isomap, UMAP, Factor analysis (FA), Independent
component analysis (ICA), Multidimensional scaling (MDS), Truncated singular value
decomposition (TSVD), Non-negative matrix factorization (NMF), Locally linear embedding (LLE),
Spectral embedding (SE), and Neighborhood components analysis (NCA). The performance of these
techniques was benchmarked against six ML classifiers.

In the following sections, we will provide a detailed description of our methodology, present
the results of our comparative analysis, and discuss the implications of our findings for future BSM
and management practices.

2. Methodology
2.1. Feature Extraction Methods

2.1.1. Principal Component Analysis (PCA)

PCA is a linear dimensionality reduction technique that transforms the original data into a set
of linearly uncorrelated components called principal components [32]. These components maximize
the variance in the data. The transformation is defined as:

Z=XW (1)
where X is the data matrix of shape nxp, with n samples (CBI data) and p features (vegetation indices),
and W is the matrix of eigenvectors corresponding to the k largest eigenvalues of the covariance
matrix of X.

2.1.2. Linear Discriminant Analysis (LDA)

LDA is a supervised linear method that maximizes the ratio of between-class variance to within-
class variance, providing optimal class separability [33]. It projects the data into a lower-dimensional
space using the following criterion:

WTSgW

W, = arg maXy ———
LDA g WAL Sy W

2)
where Sg is the between-class scatter matrix, and Sy, is the within-class scatter matrix. Wipa
represents the projection matrix.

2.1.3. t-DISTRIBUTED STOCHASTIC NEIGHBOR EMBEDDING (t-SNE)

t-SNE is a nonlinear technique that embeds high-dimensional data into a lower-dimensional
space by minimizing the divergence between probability distributions of pairwise point distances in
high- and low-dimensional spaces [34]. Given the pairwise similarities Pijin high-dimensional space
and Qijin the lower-dimensional space, t-SNE minimizes:

C= z z Pijlogg (3)
T i

2.1.4. Isomap

Isomap is a nonlinear extension of classical Multidimensional Scaling (MDS) that seeks to
preserve the geodesic distances between points on a manifold [35]. The geodesic distance dg(, j) is
computed as the shortest path between points in the neighborhood graph. The final embedding is
found by applying classical MDS to the geodesic distance matrix.
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2.1.5. Uniform Manifold Approximation and Projection (UMAP)

UMAP is a manifold learning technique that optimizes a fuzzy set representation of the local
neighborhood in high-dimensional space and attempts to preserve local and global data structures
[36]. UMAP seeks to minimize the cross-entropy between the fuzzy simplicial sets in high- and low-
dimensional spaces:

C= cross-entropy( A(high)’B(low)) @

where A%8" and B are the high- and low-dimensional fuzzy simplicial sets, respectively.

2.1.6. Independent Component Analysis (ICA)

ICA is a linear method that separates a multivariate signal into additive, independent
components [37]. Unlike PCA, which focuses on variance, ICA assumes that the source components
are non-Gaussian and statistically independent. The mixing model is defined as:

X=AS (5)

where A is the mixing matrix, and S is the source matrix of independent components.

2.1.7. Factor Analysis (FA)

FA is a statistical method that assumes the observed data are generated by fewer unobserved
latent variables (factors) plus some noise [38]. The model is represented as:

X=LF+e 6)

where L is the loading matrix, F is the latent factors, and € is the noise.

2.1.8. Multidimensional Scaling (MDS)

MDS aims to preserve pairwise Euclidean distances in the low-dimensional embedding [39]. It
minimizes the stress function:

Stress(X', X) = \/Z (dij (X) - dij (X))z (7)

]

where dij(X,) is the distance between points i and j in the lower-dimensional space, and d;;(X) is
the distance in the original space.

2.1.9. Spectral Embedding (SE)

SE, or Laplacian Eigenmaps, is a nonlinear method that uses the eigenvectors of the graph
Laplacian to embed the data in a lower-dimensional space [40]. The graph Laplacian L is constructed
from the adjacency matrix of the nearest-neighbor graph and the embedding is derived by solving
the generalized eigenvalue problem:

Ly = ADy 8)
where D is the degree matrix, L=D-A is the graph Laplacian, and y are the embedding coordinates.

2.1.10. Locally Linear Embedding (LLE)

LLE is a nonlinear dimensionality reduction technique that preserves the local structure of the
data [41]. It computes weights Wi that best reconstruct each data point from its neighbors, and then
minimizes the reconstruction error in the lower-dimensional space:

2
i j

where X; is the i-th data point, and W;; are the reconstruction weights.
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2.1.11. Non-Negative Matrix Factorization (NMF)

NMEF is a linear method that decomposes the data matrix X into two non-negative matrices W
and H, such that:

X ~ WH (10)

where W represents the basis vectors and H the coefficients. This method is useful when the data
components, such as spectral indices, are expected to be non-negative.

2.1.12. Truncated Singular Value Decomposition (TSVD)

TSVD is a variant of PCA where only the top k singular values and corresponding vectors are
retained [42]. The data matrix X is decomposed as:

X=Uzv! (11)

where U and V are orthogonal matrices, and Z is the diagonal matrix of singular values. Only the top
k singular values are used to reconstruct the data.

2.1.13. Neighborhood Components Analysis (NCA)

NCA is a supervised, nonlinear method that learns a linear transformation that maximizes the
accuracy of nearest neighbor classification [43]. The transformation matrix A is learned by
minimizing the stochastic loss function:

L(A) = —Zlog 2 exp (~[Jax; - Axi/f ) (12)
i it

where xi and x; are data points, and A is the learned transformation.

2.2. Satellite Data Acquisition and Preprocessing

Landsat-8 is a satellite in the Landsat program that captures Earth observation data, specifically
designed for monitoring changes in the environment and land use. Launched in 2013, it carries two
key instruments: the Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS). OLI
captures images in nine spectral bands, including visible, NIR, and SWIR, allowing for detailed
analysis of vegetation, water bodies, and urban areas. TIRS measures thermal radiation in two bands,
particularly useful for monitoring surface temperatures, heat patterns, and water stress. Landsat-8’s
data, with a spatial resolution of 30 meters for most bands and 100 meters for thermal bands, offers
high-quality imagery used in various applications such as disaster monitoring, agriculture, forestry,
and climate change research. With a revisit time of 16 days, Landsat-8 provides consistent, repeatable
coverage of Earth's surface, making it an essential tool for long-term environmental monitoring.

We used Google Earth Engine to acquire and pre-process Landsat-8 data due to its
comprehensive tools and datasets [44]. To mitigate seasonal variations and accurately represent post-
wildfire conditions, we utilized a mono-temporal approach, selecting images from one month before
and one month after the field survey date. We chose atmospherically corrected surface reflectance
products for their precision in measuring ground reflectance, unaffected by atmospheric distortions
such as scattering and absorption [45]. We only considered images with a maximum cloud coverage
of 25%, resulting in five viable scenes. Finally, to generate a composite image that incorporates seven
high-resolution bands (Ultra blue, Red, Green, Blue, NIR, SWIR1, and SWIR2), we systematically
applied the median filter and band selection functions across the entire dataset.

2.3. Data Structuring

We organized our input data into a numerical matrix format for pixel-based classification. In
this structure, each column represents a different feature, such as an optical index, while the rows
correspond to labeled data.
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2.3.1. Optical Index Generation

The selection of optical indices was based on the premise that the distinctive characteristics of
burned areas differ from those of unburned sites. We selected nine commonly used indices from BSM
research (Table 1). Additionally, we generated synthetic optical indices through custom calculations
that combined various spectral bands to emphasize wildfire-related features, such as vegetation loss,
soil exposure, and burned areas. These formulations included normalized difference (a-b)/(at+b) and
ratio-based a/b calculations, where a and b represent any two of the seven Landsat-8 bands. As a
result, 118 indices, including the seven original bands, were used in this study.

Table 1. Lists of nine established indices were used in this study. Acronyms: BAI —Burn Area Index,
SAVI—Soil-Adjusted Vegetation Index, EVI—Enhanced Vegetation Index, GEMI—Global
Environment Monitoring Index, NIRv—Near-Infrared Reflectance of Vegetation, VARI—Visible
Atmospherically Resistant Index, NDVI—Normalized Difference Vegetation Index, and CSI—Char

Soil Index.
No. Index Formula References
1 BAI ! 46
(0.1 — Red)? + (0.06 — NIR)? [46]
IR — SWIR2
2 NBR u [47]
NIR + SWIR2
3 SAVI 1.5%X(NIR — Red) (48]
NIR +Red + 0.5
4 BVI 2.5%(NIR — Red) [49]
NIR + 6xRed — 7.5xBlue + 1
etax(1 — 0.25xeta) — (%), where
5 GEMI eta [50]
_ 2><(NIR2 - Redz) + 1.5xNIR + 0.5xRed
a NIR +Red +0.5
6 NIRv NIRxNDVI [51]
7 NDVI NIR — Red [52]
NIR + Red
8 VARI Green — Red (53]
Green + Red — Blue
NIR
9 CSI [54]
SWIR1

2.3.2. Data Labeling: Composite burn Index (CBI)

The CBI method, developed by Key and Benson (2006), is a widely used technique to assess the
severity of wildfires across different vegetation strata [47]. The method evaluates fire effects in five
distinct layers: substrate (soil and ground cover), herbaceous vegetation, shrubs, intermediate tree
layers, and canopy trees. For each layer, a trained observer assigns a burn severity rating based on
criteria, such as vegetation mortality, scorch height, and changes in surface fuels. CBI is typically
applied within predefined plots, allowing for calculating an overall burn severity score by averaging
the ratings across strata. This method provides a standardized and comprehensive approach to
quantify fire impacts, aiding in ecological recovery assessments and landscape-level fire management
strategies.
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In our study, we used the dataset titled ‘Composite Burn Index (CBI) Data for the Conterminous
US, Burned Areas Boundaries, Collected Between 1994 and 2018 because it provides a
comprehensive and standardized assessment of wildfire burn severity across a wide geographical
and temporal range. The dataset is published by the U.S. Geological Survey, labeling might involve
categorizing various burn severity levels across different regions of the U.S. using satellite imagery
and ground measurements. This dataset spans over two decades and provides valuable information
on the extent of burned areas, aiding in analyzing fire impact on ecosystems. The 2014 Carlton
Complex Fire was selected for this study because it is the largest wildfire in Washington State's
history, burning approximately 256,108 acres. Its scale presents a unique opportunity to study
various burn severities across diverse vegetation types and landscapes, making it an ideal case for
advancing BSM techniques. Additionally, the fire contains the highest number of CBI
measurements—a total of 328 plots—offering a rich and comprehensive dataset for ML modeling
(Table 2) [55].

Table 2. Burn severity category definition used in this study, proposed by Miller & Thode (2009)

[56].
Severity category CBI values Number of data
No burn 0.00-0.1 110
Low 0.1-1.24 105
Moderate 1.25-2.24 54
High 2.25-3.00 59

2.4. Machine Learning

Six different ML models were selected to ensure the robustness and generalization of data
classification. Each model has unique strengths and weaknesses, enhancing our ability to test our
methodology comprehensively. Additionally, employing multiple models facilitates the validation
of results, with consistent findings across different models improving the reliability of the research.
This section briefly outlines three ML models chosen for their prominence in literature and practical
BSM applications.

2.4.1. Random Forest (RF)

RF is an ensemble learning method that constructs multiple decision trees during training and
outputs the mode of the classes from individual trees [57]. Each tree is trained on a bootstrap sample
from the dataset, and at each node, only a random subset of features is considered for splitting,
reducing overfitting. Given a set of decision trees T1, T2, ..., Twm, the final predicted class § for an input
x is determined by majority voting:

§ = mode(T;(x), T,(X), ..., Ti(X)) (13)
The individual decision trees T; are built by recursively splitting the data based on feature values to
maximize a certain criterion, such as Gini impurity or information gain.
2.4.2. Support Vector Machine (SVM)

SVM is a supervised learning model that aims to find the hyperplane that best separates classes
in the feature space [58]. For linearly separable data, the hyperplane is defined by:

wix+b=0 (14)

where w is the weight vector, x is the input vector, and b is the bias term. SVM seeks to maximize the
margin v, the distance between the hyperplane and the closest data points (support vectors). This is
achieved by solving the optimization problem:

1
min,, = ||w]|? subject to yi(wai +b) =1 (15)
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where y. represents the class labels and x; the feature vectors. For non-linearly separable data, SVM
can apply kernel functions K(x;, Xj) to transform the input space into a higher-dimensional feature
space, allowing for a more flexible decision boundary.

2.4.3. K-Nearest Neighbors (KNN)

KNN is a simple, non-parametric classifier that assigns a class to an input x based on the majority
class of its k-nearest neighbors in the feature space [59]. The distance metric, typically Euclidean
distance, is used to find the k closest data points to x. The predicted class 7 is:

V= mode({yi|xi € Nk(x)}) (16)

where Ny (x) presents the set of the k-nearest neighbors of x in the training data and y, is the label
of neighbor i. The number of neighbors k is a hyperparameter that controls the classifier's behavior,
balancing local sensitivity (low k) and global generalization (high k).

2.4.4. Logistic Regression (LR)

Logistic Regression is a linear classifier used for binary or multiclass classification problems [60].
It models the probability of a sample belonging to a particular class using the logistic sigmoid
function. For binary classification, the probability P(y=1|x) is given by:

PO=1) = = (17)

where w is the weight vector, and x is the input feature vector. The decision rule for classification is:
{1 if P(y=1|x) =05
0if P(y=1|x) <05

(18)

The model parameters w are estimated by maximizing the log-likelihood function:

LL(w) = Z [yilogP(yilxi)

+ (1= ylog (1 = P(y,|x))]

(19)

2.4.5. Multi-Layer Perceptron (MLP)

MLP is an artificial neural network (ANN) consisting of layers of multiple neurons (nodes) [61].
Each neuron in a layer receives input from the previous layer, applies a weighted sum followed by a
nonlinear activation function, and passes the result to the next layer. For a single hidden layer MLP,
the output of the network is:

¥ =FfWof (Wix +Dby) +by) (20)

where W; and W, are weight matrices, b; and b, are bias vectors, and fis the activation function,
commonly the sigmoid function or rectified linear unit (ReLU). The MLP is trained using
backpropagation to minimize a loss function, such as cross-entropy, for classification tasks.

2.4.6. Adaptive Boosting (AB)

AB is an ensemble method that combines weak classifiers to create a strong classifier [62].
AdaBoost trains a series of weak learners (e.g., decision stumps) iteratively, giving more weight to
misclassified samples at each step. The final prediction is a weighted sum of the weak classifiers'

T
V = sign (Z atht(x)> (21)

t=1

predictions:
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where h;(x) is the #-th weak classifier, and « is its corresponding weight based on its accuracy. The
weights oy are updated at each iteration according to the classification error of h;. Samples
misclassified by h; receive higher weights in the next iteration, forcing the subsequent classifier to
focus on difficult examples.

2.4.7. Particle Swarm Optimization (PSO)

PSO, a hyper-parameter optimization technique inspired by the social behavior of birds flocking,
is used in this study (Table 3). In PSO, a group of particles (candidate solutions) explore the search
space, where each particle adjusts its position based on its own experience (personal best) and the
experience of the entire swarm (global best) [63]. The velocity of each particle is updated using a
combination of inertia, cognitive influence (how close the particle is to its own best solution), and
social influence (how close it is to the swarm's best solution). Mathematically, the velocity update is
given by:

Vit = wvi + oy (p! — x}) + e (gt — xf) (22)

where w is the inertia, ¢; and c, are the cognitive and social coefficients, and r;, r, are random
factors. The particle's position is then updated based on the new velocity. The process repeats
iteratively until a stopping criterion is met, to converge on an optimal solution by exploiting the
shared knowledge of the swarm.

Table 3. Optimal values of hyperparameters of six ML models using the PSO method.

Models Hyper-parameters Optimal values
C 1.261
kernel ‘poly’
SVM gamma ‘scale’
degree 2
coef( 5.846
n_estimators 199
max_depth 25
min_samples_split 12
RF .
min_samples_leaf 2
max_features ‘sqrt’
criterion ‘log_loss’
hidden_layer_sizes (100, 100)
activation ‘tanh’
MLP solver ‘adam’
alpha 0.00342
learning_rate ‘constant’
max_depth 8
min_samples_split 10
AB min_sar'nples_leaf 2
n_estimators 168
learning_rate 0.623
algorithm ‘SAMME’
LR C 2.437
solver Ibfgs
n_neighbors 12
KNN weights “uniform’
algorithm ‘auto’

2.5. Validation Metrics
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This study evaluates model accuracy using a set of comprehensive metrics, including Overall
accuracy (OA), Precision, Recall, and F1-score (Table 4). OA generally measures how well the model
correctly classifies instances across all categories. Precision focuses on the model's ability to correctly
identify positive instances without misclassifying negative ones, while Recall assesses how well the
model captures all relevant positive instances in the dataset. The Fl-score, a harmonic mean of
Precision and Recall, offers a balanced assessment of the model's performance by considering both
false positives and false negatives, making it especially useful in cases of an imbalance between
classes. These metrics together provide a robust evaluation of the model’s effectiveness in the study.

Table 4. Statistical metrics used in this study. Acronyms: TP—True positives, TN—True negatives,
FP —False positives, and FN —False negatives.

Metrics Formula Range Optimal value
OA ﬂ 0.0-1.0 1.0
TP+TN+FP+FN

Precision P 0.0-1.0 1.0
TP+FP

Recall P 0.0-1.0 1.0
TP+FN

Fl-score PrecisionxRecall 0.0-1.0 1.0

X
Precison+Recall

2.6. Case Study

The Carlton Complex Fire (Figure 1), which ignited in July 2014 due to lightning strikes amidst
severe drought conditions, became the largest and one of the most destructive wildfires in
Washington State's history [64]. Located in north-central Washington's Okanogan County, the fire
began as four blazes—the Stokes, Gold Hikes, French Creek, and Cougar Flat fires—merged into a
massive inferno fueled by high temperatures and strong winds. Over its duration, the fire scorched
approximately 256,108 acres of land, destroyed over 300 homes and numerous other structures, and
caused an estimated $98 million in damages. Thousands of residents were forced to evacuate as the
fire damaged infrastructure, including power lines and communication networks. Despite the efforts
of over 3,000 firefighters from various agencies, the fire was not fully contained until late August
2014. The Carlton Complex Fire left lasting scars on the landscape, leading to environmental issues
like soil erosion and habitat loss, and profoundly impacted local communities, underscoring the
challenges of wildfire management and the need for improved preparedness in the face of changing
climate conditions.
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Figure 1. Location of the 2014 Carlton Complex wildfire used in this study.

3. Results

We benchmark 13 feature extraction methods using six ML models to evaluate their performance
comprehensively. The evaluation process is outlined as follows.

. Step 1: We automatically select 54 training points of each fire severity level (Table 2),
ensuring a robust balance sample size [55].

] Step 2: We subsequently employ a 70/30 split ratio to divide the training and testing
datasets—a standard practice that optimally balances training and validation needs.

] Step 3: To enhance our results' reliability and statistical robustness, steps 1 and 2 are
repeated 1000 times, mitigating any anomalies that might influence the outcomes due to variability
in data splits.

3.1. Comparative Performance Analysis of Feature Extraction Methods

This analysis compares 13 feature extraction (FE) methods to determine which performs best
across multiple classifiers. The primary goal is identifying the methods that help classifiers maintain
high burn severity mapping (BSM) performance, as measured by Overall accuracy (OA), Precision,
Recall, and F1-Score. Each FE method is evaluated using three components to ensure a fair and
comprehensive comparison. This choice is driven by the limitations of certain methods like t-SNE
and LDA, which constrain the maximum number of components to the number of classes minus one.
That limit is three, in this case, ensuring all methods are evaluated on equal terms. Figure 2 presents
3D scatter plots showing the results of FE methods applied to our BSM dataset with four burn severity
levels: no burn, low, moderate, and high severity. Each scatter plot represents the first three
components derived from a given feature reduction method, and the goal is to visually assess how
well the methods separate the burn severity classes.
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Figure 2. Visualization of dimensionality reduction techniques. Each plot represents a 3D data

projection using three main components.

Figure 3 presents the classification results by different ML models when applied to various RF
methods. Overall, LDA consistently emerges as the top-performing RF method across various
classifiers and performance metrics. When evaluating the OA, LDA achieves superior results with
high values across all classifiers, reaching 0.84 with SVM, RF, and MLP; and 0.82 for AB. Notably,
even for the weaker classifiers like KNN and LR, LDA still delivers a relatively strong accuracy of
0.85, outperforming most other methods. Regarding Precision, LDA also excels, showing a high
precision value of 0.84 with SVM and 0.85 with RF, MLP, LR, and KNN, indicating its ability to
effectively minimize false positives. LDA’s Recall performance follows a similar trend, maintaining
consistently high recall values, such as 0.84 with SVM and RF, and 0.85 with MLP, RF, and KNN,
showecasing its ability to capture relevant instances effectively. The F1-score heatmap further cements
LDA's dominance, with high Fl-scores across classifiers, including 0.84 for KNN and 0.85 for LR,
reflecting its balanced strength between precision and recall.
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Figure 3. Heatmaps representing the performance of 13 feature extraction (FE) methods on four
different metrics: (a) Overall accuracy (OA), (b) Precision, (c) Recall, and (d) Fl-score, across six
machine learning classifiers. The x-axis of each heatmap lists the FR methods, while the y-axis lists
the classifiers. The color intensity in each heatmap indicates the mean performance score of 1,000
simulations.

While LDA leads overall, NCA closely follows, occasionally surpassing LDA in specific cases,
especially with the AB model. For instance, when using AB, NCA achieves a slightly higher F1-score
of 0.83 compared to LDA’s 0.82 and achieves the same 0.83 for OA, Precision, and Recall. This
demonstrates NCA's ability to enhance performance slightly with this classifier, even though it tends
to be less effective than LDA in most other scenarios. In other cases, such as with SVM, MLP, and LR,
NCA performs closely to LDA but doesn’t surpass it, typically trailing by only a small margin, such
as achieving 0.84 in F1-score for SVM, just slightly lower than LDA’s value. These small differences
highlight that, while NCA is a robust dimensionality reduction method, particularly for AB, LDA
remains the most reliable and high-performing method across different classifiers, making it the
optimal choice for dimensionality reduction in this context.

3.2. Impact of Feature Extraction Components on Classifier Performance

This analysis explores the relationship between the number of components used in various FE
methods and their impact on OA (Figure 4). To approach this analysis more effectively, we group the
FE methods based on their behavior as the number of components increases and then analyze each
group. This allows for a more structured and insightful analysis by focusing on methods that share
similar patterns in performance. The methods can be grouped into three main groups based on their
behavior. Understanding these groupings allows for more informed decisions when selecting the
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number of components for each feature reduction method, maximizing classification performance
across models.

Group 1 (G1) consists of methods that exhibit a steady increase in performance as the number of
components increases. PCA, t-SNE, LDA, ICA, and TSVD into this category. PCA shows a clear
improvement as components increase, with the OA rising from approximately 0.6 at one component
to nearly 0.7 or more by 10 components. This behavior suggests that more components allow PCA to
retain more variance and preserve critical information, which improves classification performance.
For example, classifiers like RF, LR, and MLP perform consistently better with 10 components,
reaching accuracy levels close to 0.7. Similarly, t-SNE and LDA demonstrate a gradual increase in
accuracy as the number of components increases. From around 0.75 at one component, LDA reaches
approximately 0.85 at three components, indicating that more components help capture more
independent features that improve classification accuracy. ICA and TSVD also follow this trend, with
accuracy increasing steadily from 0.6 at one component to over 0.65 at 10 components for classifiers
like SVM and LR. This suggests that those methods benefit from additional components as more of
the original feature space is retained, helping to maintain or improve classifier performance.

G2 includes methods that reach peak performance at a certain number of components and then
either plateau or show a decline in accuracy with further increases in components. NMF, FA, MDS,
and LLE exhibit this behavior. NMF shows a significant increase in accuracy up to around seven
components, reaching 0.70 for most classifiers, but beyond this point, accuracy starts to decline,
dropping back to around 0.63 at 10 components. This indicates that NMF performs best with seven
components, and increasing beyond this introduces unnecessary complexity, leading to decreased
performance. This pattern highlights the risk of overfitting with too many components. FA also peaks
around seven components, where accuracy reaches approximately 0.68 across classifiers, and then
plateaus or slightly declines with further increases. MDS and LLE behave similarly, with accuracy
gradually improving to about eight components, reaching 0.65, but then plateaus or slightly declines
as the number of components increases. For methods in this group, selecting an optimal number of
components (around seven) is advisable, as adding more components beyond this point does not
yield significant performance improvements and may even degrade accuracy.

The final group, G3, consists of methods that show little to no sensitivity to the number of
components, meaning their performance remains stable, improves minimally, or decreases as
components increase. Isomap, UMAP, SE, and NCA fall into this category. Isomap and UMAP show
stable performance across most classifiers, with accuracy hovering between 0.60 and 0.62 regardless
of the number of components. This suggests that those models capture most of the important
structures with very few components, and adding more components does not significantly impact
classification performance. SE shows a small increase in accuracy as the number of components
increases, but the improvement is minimal, with accuracy hovering around 0.60 to 0.63. This suggests
that MDS captures the relevant information with a few components and does not benefit significantly
from increasing the dimensionality. In contrast to the other methods, NCA shows a slight decline in
performance as the number of components increases. Accuracy starts around 0.8 with one component
but drops to around 0.75 as the number of components increases. This indicates that NCA performs
best with fewer components, and adding more introduces noise or irrelevant features, reducing
classifier performance. In conclusion, for methods in this group, there is little benefit to increasing
the number of components beyond three, as performance remains relatively stable. In the case of
NCA, limiting the number of components is crucial to avoid performance degradation.
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Figure 4. Relationship between the number of components used in 13 feature reduction methods and
the performance (Overall accuracy, OA) of six classifiers—RF, LR, KNN, SVM, AB, and MLP. The x-
axis in each plot shows the number of components, while the y-axis represents the OA. Each line
corresponds to one of the classifiers fitted by quadratic polynomial regression models.

4. Discussion

This study aimed to evaluate the effectiveness of various FE techniques in improving the
accuracy of ML classifiers for BSM. Our results indicate that LDA consistently outperforms other FE
methods across various classifiers and performance metrics (Figure 3). LDA achieved the highest OA,
reaching 0.84 with SVM, RF, and MLP classifiers and 0.82 with AB. Even with less robust classifiers
like KNN and LR, LDA maintained strong accuracies of 0.85, surpassing other methods. Regarding
precision, LDA demonstrated high values (0.84-0.85), effectively minimizing false positives.
Similarly, LDA's recall values remained consistently high (0.84-0.85), indicating its proficiency in
correctly identifying burnt areas. The F1-scores underscore LDA's balanced performance between
precision and recall, with values up to 0.85 across different classifiers. NCA emerged as a close second
to LDA, occasionally surpassing it in specific instances, particularly with the AB classifier. For
example, NCA achieved a slightly higher F1-score of 0.83 compared to LDA's 0.82 with AB, and
matched LDA's OA, precision, and recall at 0.83.

However, an intriguing observation emerged when using NCA with the AB classifier and when
the number of components was limited to one (Figure 4). Under these specific conditions, NCA
slightly outperformed LDA. For instance, with the AB classifier, NCA achieved a marginally higher
F1-score of 0.83 compared to LDA's 0.82 and matched or exceeded LDA in OA, precision, and recall.
Additionally, when reducing the dimensionality to a single component, NCA yielded better results
than LDA. The superior performance of NCA under these specific conditions suggests that certain
classifier-FE method combinations can yield better results in BSM when tailored appropriately. NCA
is a supervised, nonlinear FE technique that learns a linear transformation of the input data to
improve the accuracy of nearest neighbor classification. Its ability to directly optimize classification
performance may offer advantages when the feature space is constrained to a single dimension.
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These findings align with prior research emphasizing the effectiveness of LDA in dimensionality
reduction and classification tasks, such as groundwater [65,66], storm deposits [67], Natura 2000
habitats [68], forest-tree species [69] and fruit-tree crop classification [70]. Unlike unsupervised
methods like PCA, LDA is a supervised technique that considers class labels to maximize class
separability, which is crucial in BSM, where distinguishing between different burn severity levels is
essential. Previous studies have predominantly utilized PCA due to its simplicity and widespread
adoption [20,24-28], but our results suggest that LDA may offer superior performance in BSM
contexts where class discrimination is critical. The performance of NCA, while notable, has been less
explored in BSM applications. NCA focuses on learning a distance metric that improves the
performance of nearest neighbor classifiers, which may explain its occasional superiority with the AB
classifier. However, its slightly lower performance compared to LDA indicates that it may not
consistently capture the most discriminative features necessary for optimal classification in BSM.

The implications of this study extend beyond the immediate context of BSM. Improved burn
severity classification can inform better post-disaster management strategies, from prioritizing
reforestation areas to assessing water quality risks. Furthermore, this research underscores the
potential of ML and advanced dimensionality reduction techniques to address complex
environmental monitoring problems, potentially improving decision-making in other areas, such as
flood mapping or biodiversity assessments. Despite the promising results, several limitations should
be acknowledged. First, the study focused on a single fire event (the 2014 Carlton Complex fire),
limiting the generalizability of the findings to other fire events or regions. Additionally, the
vegetation indices generated were based solely on Landsat-8 data, which, while widely used, might
not capture the full spectral information necessary for optimal classifier performance. Other data
sources like Sentinel-2 or hyperspectral sensors may offer additional insights.

Future research could address these limitations by testing the effectiveness of LDA and other
dimensionality reduction techniques across a broader range of fire events and regions. Furthermore,
integrating additional satellite data could improve classifier accuracy even further. Another avenue
of investigation could involve ensemble methods that combine multiple feature extraction techniques
to handle multicollinearity and non-linear relationships simultaneously. Finally, expanding this
research to include real-time monitoring applications could significantly enhance the utility of BSM
for on-the-ground disaster management efforts.

5. Conclusions

This study evaluated various feature extraction (FE) techniques to enhance machine learning
(ML) classifiers for burn severity mapping (BSM) by mitigating multicollinearity among vegetation
indices. Using data from the 2014 Carlton Complex fire and 118 vegetation indices from Landsat-8,
we found that Linear discriminant analysis (LDA) consistently outperformed other FE methods
across multiple classifiers, making it a reliable choice for dimensionality reduction in BSM. Notably,
Neighborhood components analysis (NCA) occasionally surpassed LDA under specific conditions—
particularly with the Adaptive boosting (AB) classifier and when using only one component—
highlighting the importance of tailoring FE methods to the classifier and data characteristics. The
number of components significantly impacted classifier performance, with different FE methods
exhibiting varying behaviors as components increased. These findings underscore the need for
careful selection and tuning of FE methods and the number of components to optimize BSM models,
ultimately contributing to more accurate and efficient wildfire management strategies.
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