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Highlights

What are the main findings?

e A ResNet-50-based deep learning framework (ResNet-IST) was successfully developed
to integrate spectral and spatial features from satellite imagery for the precise detection
and classification of wildfire-affected vegetation.

e  When evaluated across ten global sites, the ResNet-IST model demonstrated superior
performance in identifying burned areas compared to the established VASTI and
NBR indices.

What is the implication of the main finding?

e Itintroduces a superior, intelligent method for global environmental monitoring. The

ResNet-IST model represents a paradigm shift from traditional, fixed-formula indices
to an adaptive deep learning approach, enabling more accurate and reliable detection
of burned vegetation on a global scale.
It enables more effective disaster assessment and ecological recovery. By significantly
improving detection accuracy over current methods (VASTI and NBR), the model
provides crucial data for precise post-fire evaluation, which is fundamental for coordi-
nating restoration efforts and managing ecosystem health.

Abstract

Timely and accurate detection of burned areas is crucial for assessing fire damage and
contributing to ecosystem recovery efforts. In this study, we propose a framework for
detecting fire-affected vegetation anomalies on the basis of a ResNet deep learning (DL)
algorithm by merging spectral and textural features (ResNet-IST) and the vegetation abnor-
mal spectral texture index (VASTI). To train the ResNet-IST, a vegetation anomaly dataset
was constructed on high-resolution 30 m fire-affected remote sensing images selected from
the Global Fire Atlas (GFA) to extract the spectral and textural features. We tested the model
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to detect fire-affected vegetation in ten study areas across four continents. The experimen-
tal results demonstrated that the ResNet-IST outperformed the VASTI by approximately
3% in terms of anomaly detection accuracy and achieved a 5-15% improvement in the
detection of the normalized burn ratio (NBR). Furthermore, the accuracy of the VASTI was
significantly greater than that of NBR for burn detection, indicating that the merging of
spectral and textural features provides complementary advantages, leading to stronger
classification performance than the use of SFs alone. Our results suggest that deep learning
outperforms traditional mathematical models in burned vegetation anomaly detection
tasks. Nevertheless, the scope and applicability of this study are somewhat limited, which
also provides directions for future research.

Keywords: fire-affected vegetation; spectral feature; texture feature; VASTI; ResNet-IST

1. Introduction

Forests are intricate ecosystems that serve as habitats for countless species. These nat-
ural environments are integral to maintaining the balance of the Earth’s systems, providing
numerous benefits such as regulating atmospheric conditions, enhancing the economy;,
and ensuring the quality of life for people [1,2]. Wildfires, as major natural disasters, are
among the most challenging disturbances faced by forests and can lead to the destruction
of biomass and biodiversity, changes in continuous patterns of vegetation, and severe
threats to society, the economy, and even human life [3-5]. Therefore, more studies should
aim at accurately detecting fire-damaged vegetation for fire response strategies, guiding
effective restoration efforts, and even preventing deadly threats [6,7]. The use of remote
sensing for forest fire detection and mapping originated in the 1960s, setting the stage
for its subsequent development in fire monitoring [8]. With the advancement of satellite
imaging technology, an increasing amount of remote sensing data has since been used for
fire detection and burn scar mapping, thus reducing labor and resource costs of studying
vegetation fires and offering an efficient and accurate research approach [5,9,10].

Satellite spectral indices are the most commonly used methods for detecting burned
areas. These spectral indices can effectively represent different plant health conditions
and reflect the impact of fires, which rely on the loss of vegetation caused by various
disturbances [11]. Specifically, two main categories of spectral indices are useful for iden-
tifying burned vegetation: vegetation indices (VIs) and fire indices (FIs). Since forest
fires can cause vegetation changes, the differences between normal and anomalous areas
can be distinguished by several VIs, such as the normalized difference vegetation index
(NDVI) [12,13], the enhanced vegetation index (EVI) [14], and the global environmental
monitoring index (GEMI) [15,16], among others. In recent years, remarkable results have
been produced in vegetation damage detection using VIs [17]. The development of numer-
ous FIs has been driven by dramatic shifts in reflectance values from the near-infrared (NIR)
to shortwave infrared (SWIR) bands. Theoretically, the normalized burn ratio (NBR) [18],
the normalized difference SWIR (NDSWIR) [19], and the burning area index (BAI) [20] were
specifically proposed to detect burned areas. However, although spectral indices have been
proven to be capable of detecting burned areas, spectral information limitations frequently
cause confusion at the boundaries of fire-affected areas, increasing the susceptibility of
these indices to misclassification. These shortcomings limit their robustness and generaliz-
ability across diverse ecosystems. Furthermore, many existing studies have overlooked the
relationship between spatial information and forest fires.
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Texture features (TFs) within the two-dimensional spatial attributes of satellite images
contain the variation in burned vegetation. TFs describe the spatial relationship between
the central pixel and surrounding pixels, reflecting the appearance characteristics of fire-
affected vegetation in imagery, such as texture, color, and shape. In recent years, several
researchers have proposed enhancing satellite classification capabilities by incorporating
spatial TFs [21,22]. For example, Mitri and Gitas introduced a novel model that utilized
a semiautomatic object-oriented method for fire-affected plants [23]. This model incorpo-
rates TFs to differentiate regions with comparable spectral values, helping to minimize
spectral overlap between various objects. Shama et al. utilized polarization and TFs from
Sentinel-1A images to extract burned areas [24]. They integrated multiple changes in SAR
features resulting from forest fires into a random forest (RF) model. The results showed
high agreement, with an accuracy of 87.12%, a commission error of 20.44%, and an omission
error of 12.88%. These studies show that the use of spatial features to detect burned vegeta-
tion is feasible, but the combination of spectral features (SFs) and TFs has not been given
much consideration. Therefore, we conducted comparative tests on SFs and TFs, selecting
several with high separability for explicit integration, resulting in the development of
the vegetation abnormal spectral texture index (VASTI). The results indicate that VASTI
significantly improves the accuracy of burned vegetation extraction compared with the
use of SFs or TFs alone [25]. Nevertheless, as a purely mathematical model, VASTI lacks
the capacity to capture nonlinear interactions between features and remains constrained in
terms of generalization across different fire intensities and vegetation types. This limitation
underscores the need for more advanced approaches capable of learning complex spectral—
textural relationships. Therefore, to address the limitations of studies that rely solely on
SFs, TFs, or their explicit combinations, we propose the introduction of a deep learning
(DL) approach at the forefront of current research. Specifically, we develop a DL-based
feature integration model that harnesses the advantages of contemporary algorithms to
transcend the inherent shortcomings of conventional feature fusion techniques.

Recently, DL approaches have seen considerable progress, becoming highly effec-
tive and accurate solutions for various computer vision challenges, such as classify-
ing images [26-28], semantic segmentation [29-31], and target detection [32,33]. Var-
ious deep neural networks (DNNs) have been proposed. DNNs can be categorized
into three types: feed-forward deep networks (FFDNSs) [34,35], feed-back deep networks
(FBDNSs) [36,37], and bi-directional deep networks (BDDNSs) [38,39]. Among these, ResNet,
a well-established and widely used convolutional neural network (CNN) architecture,
was introduced by He et al., effectively addresses the issues of vanishing and exploding
gradients that are common in traditional network structures [32]. Its efficiency is further
enhanced by its minimal parameterization and the use of basic backpropagation to re-
duce computational costs. It leverages a deep residual learning architecture that increases
network depth by employing multiple residual blocks and allows model layers to learn
residual functions concerning the layer inputs. ResNets improve upon traditional neural
networks by using skip connections, making them significantly smaller than conventional
CNNs while maintaining comparable performance, effectively solving the problem of
gradient vanishing or exploding [40]. Owing to these advantages, deep residual learning
has been demonstrated to be a powerful instrument in various remote sensing applications.
In particular, ResNet has been introduced for high-resolution satellite imagery classification
tasks and has achieved excellent accuracy [41—43]. ResNet also shows great potential in
anomaly detection for forest fires. For example, Zhang et al. proposed a transfer learning-
based FT-ResNet50 model, which was first trained on ImageNet and then tailored for
forest fire detection using UAV-based imagery [44]. By fine-tuning the model to the unique
features of the forest fire dataset, the FT-ResNet50 model was enhanced to better capture
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deep semantic features from fire images, improving its efficiency in the process. This
finding demonstrates that FT-ResNet50 delivers excellent accuracy in forest fire detec-
tion tasks. In addition, numerous studies have demonstrated that ResNet has achieved
a series of breakthroughs in fire detection tasks and has the ability to identify abnormal
vegetation accurately [45—47]. Nevertheless, limited attention has been given to utilizing
ResNet in combination with spectral and texture features for the abnormal monitoring of
fire-affected forests.

In this study, we specifically propose the ResNet-IST model, which is a deep ResNet50-
based, combined spectral and textural feature method for detecting anomalous burned
vegetation areas. Our primary objectives are to (1) develop a DL framework based on
ResNet50 (ResNet-IST) to extract spectral and spatial information from satellite images of
normal and abnormal vegetation samples and perform feature fusion. This model is then
employed to detect and classify abnormal vegetation areas affected by wildfires. (2) The
performance of the ResNet-IST framework is evaluated on the basis of abnormal detection
results across study areas from ten sites worldwide, and its performance is compared with
that of other burned area detection indices, the VASTI and NBR.

2. Study Area and Data
2.1. Satellite Dataset of Anomalous Vegetation

Based on the 2016 fire point information from the Global Fire Atlas (GFA) [48], we
selected ten research locations worldwide, each representing one of six distinct landcover
types, to construct a burned vegetation dataset. The selected sites were chosen to cover
diverse climatic zones and vegetation types while ensuring clear fire boundaries and
minimal cloud interference, thereby maximizing representativeness and data quality. The
images in this dataset were captured by the Landsat-8 satellite, which has a thermal
infrared sensor (TIRS) and an operational land imager (OLI) [49]. The Landsat-8 OLI
images employed in this research were retrieved from the official platform of the U.S.
Geological Survey (USGS) (https:/ /earthexplorer.usgs.gov/ (accessed on 18 July 2023)).
Figure 1 displays the locations of these sites. We meticulously identified and annotated the
burned regions at each site, creating a detailed dataset consisting of 1772 samples. This
dataset comprises 3554 images, with each sample consisting of two optical images ata 30 m
resolution taken before and after the fire events in the same regions. Detailed information
about the ten study locations, including names, coordinates, land cover types, and sample
sizes, is provided in Table 1. It should be noted that the number of samples varies across
sites, reflecting differences in fire size and image quality. For instance, smaller fires or areas
with cloud contamination yielded fewer valid samples (e.g., site (h), 29), whereas larger
and clearer events provided more samples (e.g., site (j), 267). The dataset was constructed
to compare the variations in the spectral and textural features before and after the fire
disturbance, aiming to identify features appropriate for constructing a new index. To verify
the effectiveness of the novel index, its accuracy and performance were tested through
a representative subset of samples from each site.
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Figure 1. Distribution of the sample sites in the burned vegetation dataset. Ten study area images
showing bands 5, 4, and 3 false color combinations from Landsat 8: (a) Los Gatos, (b) EI Dorado,

(c) Inyo, (d) Apure, (e) Kahemba, (f) Barh Azoum, (g) Kusti, (h) Liangshan, (i) Mpika, and (j) Dirico.

Table 1. Summary of the selected sites in this study. The sites’ names, longitudes (lon), latitudes (lat),
land cover types, number of samples, and sample size were included.

Region Site Name Longitude Latitude Land Cover Type Number of Samples  Sample Size
(a) Los Gatos 121.8273°W 37.1111°N Evergreen Needleleaf forest 52
(b) EI Dorado 120.8235°W 38.9682°N Mixed forest 163
(c) Inyo 117.9242°W 36.0431°N Evergreen Needleleaf forest 147
(d) Apure 69.2507°W 7.2310°N Grasslands 186
(e) Kahemba 18.8686°E 7.2313°S Woody savannas 217 200 x 200
) Barh Azoum 21.3424°E 11.5677°N Savannas 223
(g) Kusti 32.0963°E 11.5679°N Croplands 252
(h) Liangshan 100.7287°E 27.4312°N Evergreen Needleleaf forest 29
(1) Mpika 31.8310°E 11.5675°S Woody savannas 236
G) Dirico 21.2766°E 17.3446°S Savannas 267

2.2. Data Processing

This study selected ten globally distributed sites suitable for postfire burn scar ex-

traction research using fire point information provided by the GFA, which includes fire

occurrence and end times, affected areas, and fire point coordinates. The site selection

criteria included minimal cloud cover and clear anomaly boundaries to ensure the ac-

curacy of model training. The site selection aimed to capture a representative range of

ecosystems and fire scenarios while ensuring clear anomaly boundaries and minimal cloud

contamination. For each site, bi-temporal remote sensing images were collected, capturing
both pre-fire and post-fire conditions, and the fire-affected areas were identified through
visual interpretation. The images and their corresponding labels were then divided into
200 x 200 pixel segments. Each segment was assessed, and those with more than 80% mask
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coverage were designated as abnormal vegetation samples, contributing to a database for
abnormal vegetation. Moreover, we established a matching normal vegetation database
for each abnormal segment using the pre-fire images. This auxiliary dataset enabled us
to calculate the changes in TFs following a wildfire and identify those with significant
discriminatory power.

The processes of selecting normal and abnormal vegetation samples, image analysis,
anomaly identification, and database creation form the initial stage of our data process-
ing workflow. This step is essential, as the effectiveness of data processing significantly
influences the performance of the dataset in subsequent research. In future studies, this
dataset will be used primarily to investigate changes in texture and spectral properties
before and after fire events, with the aim of identifying the most distinguishable features in
both domains. These features will then be used to construct composite indices and extract
and validate vegetation burn areas.

3. Methodology
3.1. ResNet-IST Framework

Our ResNet-based merged SFs and TFs (ResNet-IST) framework was designed to
extract different kinds of image features using a deep residual convolutional network
ResNet50 algorithm (Figure 2). First, Landsat images at a 30 m spatial resolution were
selected to construct a dataset comprising two classes of samples: normal vegetation and
abnormal vegetation, 70% of which were used for model training and 30% for testing.
Second, this study utilizes a ResNet50-based framework that integrates SFs, TFs, and
VASTI to learn and train the characteristics of normal and abnormal vegetation samples.
Third, after network construction, we applied fire-affected anomaly forest detection in
ten study areas of different sites via ResNet-IST and the comparable models VASTI and
NBR. Finally, we conducted a visual evaluation and accuracy calculation on the results of
the ResNet-IST model, comparing them with those obtained from VASTI and the widely
used NBR index. The findings highlighted that the application of the DL method notably
enhances the accuracy in identifying areas impacted by fire.

3.2. Extraction of the Input Features

This study uses the ResNet50 network to identify and classify burned vegetation
regions in remote sensing images. In DL models, the input features are crucial for classi-
fication accuracy and performance [50]. Therefore, effectively integrating these features
is highly important. In this study, three types of features are used for ResNet50: 12 SFs,
which represent various SFs; 9 TFs; and a combined spectral-texture index, VASTI. When
extracting TFs, factors such as the gray level, step size, window size, and direction of the
gray-level co-occurrence matrix (GLCM) need to be considered. Each type of feature is
described below.

3.2.1. Spectral Indices

VIs are crucial measures obtained from spectral reflectance data by combining multiple
wavelengths that correspond to the biophysical characteristics of vegetation, which can
reflect different types of information on the basis of variations in the spectral data from
remote sensing imagery [51]. These indices are extensively utilized in vegetation studies
to evaluate different aspects, such as health conditions, growth dynamics, and coverage
extent. Numerous studies have demonstrated that VIs are also effective in identifying
anomalous vegetation [52]. Based on previous research, this study selects 12 VIs as spectral
input features for the ResNet-IST model. The detailed information of the twelve VIs are
shown in Table 2.



Remote Sens. 2025, 17, 3665

7 of 27

Kappa coefficient

| Data Processing
: Sample example
| Fire Information Bi-temporz:ll Visual Fire-effe.cted
| (Global Fire Atlas)m’ 1'em?te sensing interpretation vegetation
| images samples
|
N et e e ——— ] _____________________
e e —
| Feature Extraction
I Spectral Feature
| Spectral data analysis —— Vegetation indices 5 — Significant VIs
| (Vis) weight ranking
| | ResNet50
| Texture data analysis Texture features | Selection of TFs .
| (GLCM) (TFs) Effective TFs
. 1__ ____________________
- - """ """ "¥">"¥"‘>¥"¥>°”>/"”"~“"~“"=-"-~"~"“~"“~“~"~"~" "~ ‘"~ ‘-~ ‘-~ ‘-~ ‘-~ ‘~ ‘~ ‘~ ‘“~ “‘~ “~‘“~‘“~- - = \
: Abnormal Detection I
|
: Comparable models |
| based intear at , '
I ResNet-based integrated Vegetation Abnormal Normalized Burn Ratio |
spectral-texture model Spectral Texture Index I
I (ResNet-IST) (VASTI) (NBR) |
|
\ _________________________________________ l
it kil —
| Validation |
| User’s accuracy |
| (UA) :
| s g acy
| |Visual evaluation }—‘ Accuracy calculation I’roduce(rpf;)lccuracy Model comparison H Application |l
I I
I |
)

Figure 2. Architectural framework and procedures of this research. It is generally divided into

four parts: data processing, feature input, modeling, verification, and application.

Table 2. Details for the 12 vegetation indices, including the name, formula, and the references.

Vis Formula Ref
NDVI ﬁz;’;iﬁg?ﬂ =
Ryir—Rge
EVI 2.5 X R ok Rae—7 xRy T [54]
RVI %ﬁ:: o
GNDVI ﬁzfﬁlim o
TVI 60 X (RNIR — Rgreen) — 100 X (RRed — RGreen) [57]
v RNIR — RRed 551
R +R reemn
DSWI m o
05X (2% RNr +1—
MSAVI ( 2 .
\/(2 % Ry +1)% =8 x (Ry1R — Ryed))
GCVI % . o
RI\LIIR _
MSR L5 "
PBI % .
7% (1-025 x ) — R 21
GEMI _ 2><(R%\”R7R%{9d)+1'5XRNIR+O.5><RRed [15]
_ RNIR+Rreg +0.5

Note: In this table, Rged, RGreen, Rnir, and Rgyyig1 represent the reflectance of the red, green, blue, near-infrared
and shortwave infrared bands, respectively.
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3.2.2. Texture Features

Texture is a visual characteristic that reflects homogeneity in an image, which is
expressed through the distribution of pixel intensities and their surrounding spatial neigh-
borhoods [64]. Unlike SFs, TFs are not influenced by reflectance changes and instead focus
on representing the spatial relationships between the central pixel and its neighboring
pixels [65]. This study employs the statistical technique of GLCM calculation to obtain the
TFs of different samples. This method, introduced by Haralick et al. in the early 1970s, is
a widely used approach in texture analysis [66]. The core idea is to quantify the frequency
of different pixel pair combinations. To quantify and describe these TFs, statistical attributes
are computed from the GLCM [67]. The GLCM can be calculated as follows:

P, jld,w) = #{(x,y)|f(x,y) =i f(x +dx,y +dy) = j;x,y =0,1,2--- , L =1} (1)

where d represents the relative distance of the pixel count, which corresponds to the
step size; w denotes the co-occurrence direction, with values of 0°, 45°, 90°, and 135°;
# represents the set; and (x, y) refers to the coordinates of the pixels, with L representing
gray levels in the image.

However, while the GLCM provides information about the direction, distance, and
variation in pixel intensities, it does not directly distinguish TFs. Ultimately, we selected
nine commonly used TFs as inputs for the model, and the formulas of these TFs are shown
in Table 3.

Table 3. The formulas for the nine textures.

Texture Formula
L-1L-1
Mean Y Yi-f(ij)
i=0 j=0
L L-1L-1
Standard Deviation Y ¥ (i— ‘11)2 (@i, )
i=0 j=0
L-1L-1
Contrast ¥ (i—)*f())
i=0 j=0
Dissimilarity S i —jlf(i,j)
i=0 j=0
Homogeneity Lil Lil f(ij)
=0 j=0 1+ (i — j)°
L-1L-1
Energy £(i,j)?
i=0 j=0
Correlation Lil Lil (i—mw(— V)f(i/j)Z
i=0 j=0 o
Autocorrelation Lil Lil (i) f(i, )
i=0 j=0
E t L_l L_l . . . .
ntropy L ,EOf(w)lgf(l,J)
i=0 j=

Note: L is the number of gray levels, f(i,f) is the entry (i, j) in the GLCM, y is the GLCM mean, and is the
GLCM variance.

3.2.3. Vegetation Anomaly Spectral Texture Index

To achieve a complementary advantage between SFs and TFs, we previously proposed
an integrated index VASTI. This index applies the principle of maximizing differences,
explicitly combining SFs and TFs that have a high discriminative ability between normal
and anomalous vegetation, using a specific calculation formula [25]. In the present study,
VASTI plays a dual role with clearly separated protocols: (i) as one input channel among
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all spectral-textural features to provide a compact, physics-based prior for ResNet-IST;
and (ii) as an independent benchmark computed strictly following its original formulation
in [25], without any learning components. Although VASTT has demonstrated a significant
improvement in fire-affected anomaly detection accuracy compared with the use of either
SFs or TFs alone, the purely mathematical model still has certain limitations. These include
computational constraints and the challenges of feature selection attribution, which hinder
the generalizability and robustness of the model. Accordingly, using VASTI both as an input
and as a standalone comparator is intended to quantify the incremental benefit brought
by deep learning over the physical index, while avoiding methodological circularity by
ensuring that the benchmark is evaluated independently from the network.

The VASTI is a comprehensive index that integrates the VIs GEMI and EVI with the
texture index Auto_cor and is composed of the VASI and VATI. The calculation process is

as follows: VATI+1
ACNIR — ACReg
VAT] = —m————— 3
ACni T ACpas ©
GEMI +1
VASL= pvrit @)

This index uses the concept of amplified difference, leveraging the spectral and pixel
value differences between normal and anomalous vegetation to maximize their distinc-
tion, thereby improving the differentiation between the two vegetation states. Therefore,
integrating TFs with SFs can effectively compensate for the shortcomings of SFs while
accounting for the spatial characteristics of the images, thus increasing the accuracy of
identifying anomalous vegetation [68].

3.3. ResNet Algorithm

ResNet represents a breakthrough in CNN architecture, effectively resolving the com-
mon problems of vanishing and exploding gradients. This framework was first introduced
during the 2015 ImageNet Large Scale Visual Recognition Challenge (ILSVRC), enabling
the successful training of much deeper models [28]. Owing to its outstanding performance,
ResNet has achieved leading results in several computer vision challenges and has been
widely implemented across various tasks, including image classification [69,70], object
detection [71,72], and semantic segmentation [73,74]. In ResNet, the initial input is directly
linked to the next layer of neurons, reducing the residual (difference) between the input and
the output. When the input x is passed directly to the output of the network, the learning
objective is adjusted, as expressed by:

F(x) =H(x) —x )

where F(x) is the final output, x is the original input, and H(x) is the expected output.
The core innovation of ResNet lies in its residual blocks, which serve as the fundamental
building units of the entire network. The residual blocks optimize the network architec-
ture, requiring fewer parameter adjustments, enabling quicker training, and achieving
performance that surpasses human capabilities. Figure 3 shows the principle of residual
learning in ResNet. A residual block primarily consists of two components: one or more
convolutional layers and a shortcut connection. The residual structures are divided into
two types: Figure 3a is optimized for networks with fewer layers, such as ResNet18 and
ResNet34, whereas the structure shown in Figure 3b is tailored for deeper models such
as ResNet50, ResNet101, and ResNet152, as it reduces the number of parameters and
computational demands [28].
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Figure 3. Schematic diagram of two types of residual blocks. (a) is the residual block of networks
with fewer layers such as ResNet18 and ResNet34; (b) is the residual block of deeper models such as
ResNet50, ResNet101, and ResNet152.

Ultimately, we selected ResNet50 to serve as the core network in our model to extract
various types of spectral and textural information from forest fire images (Table 4). The
ResNet-50 framework consists of 49 convolutional layers, including a 3 x 3 convolution,
along with an average pooling layer and a fully connected layer. This typical ResNet-50
setup has a total of 25.56 million parameters. In the “bottle-neck” block, each convo-
lution is followed by a ReLU activation function and batch normalization. At the final
fully connected layer, the Softmax function is employed for classification. ResNet-50 was
specifically chosen over lighter versions such as ResNet-18 because its deeper architecture
and additional residual blocks enable more comprehensive hierarchical feature extraction,
which is crucial for capturing subtle spectral and textural differences between normal and
burned vegetation that may be missed by shallower networks. While ResNet-50 has more
parameters than ResNet-18, it maintains a reasonable balance between representational ca-
pacity and computational efficiency, ensuring robust performance in detecting anomalous
vegetation without incurring prohibitive training costs.

Table 4. The network configuration of ResNet50.

Layer Name Output Size ResNet50

Conv 1 112 x 112 7 x 7,64, stride 2
3 x 3 max pool, stride 2
[1x1, 64]
3x3,64| x3
|1 x1, 256]
[1x 1, 128]
3x3,128| x4
|1x1, 512]
[1x1, 256 ]
3x3,256 | X6
11 x1, 1024 ]
[1x1, 5127
3x3,512 | x3
11 x 1, 2048]
1x1 Average pool, 1000 d fc, softmax

Conv 2_x 56 x 56

Conv 3_x 28 x 28

Conv 4_x 14 x 14

Conv 5_x 7x7

FLOPs 3.8 x 10°
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Figure 4 illustrates the workflow of the ResNet-IST model for identifying abnormal
vegetation. Initially, normal and abnormal vegetation samples are fed into a pre-trained
ResNet architecture. In this study, we adopted a leave-one-site-out cross-validation (LOSO-
CV) strategy for model training and evaluation. Specifically, in each iteration, the data
from one site were entirely reserved as the validation set, while the remaining nine sites
were used for model training, allowing us to rigorously assess the model’s generalization
capability on independent sites. This approach effectively prevents information leakage
from the training data and provides a strict evaluation across spatially heterogeneous
regions. Furthermore, to evaluate the spatial performance of the model, a representative
sample from the held-out site was selected in each iteration for spatial mapping and accu-
racy assessment, thereby verifying the model’s predictive accuracy in unseen areas. This
strategy ensures both the independence of training and validation and a comprehensive
assessment of the model’s robustness in detecting anomalous vegetation across diverse
geographic locations. The model leverages its convolutional layers, enhanced with residual
connections, to extract deep and hierarchical features from the input samples. Subsequently,
these features undergo dimensionality reduction and aggregation in the pooling layers.
The pooled features are then mapped to the classification space through a series of fully
connected layers. During the training, we adopted the Adam optimizer with an initial
learning rate of 0.001. To ensure stable and efficient learning, we implemented a learning
rate decay strategy, reducing the learning rate to 10% of its original value every 10 epochs.
The batch size was set to 32 to balance computation efficiency and model performance.
To prevent overfitting, we incorporated Dropout layers within the network architecture
and applied L2 regularization to the model’s weights. Additionally, an early stopping
strategy was employed to halt training when the validation loss no longer decreased, thus
avoiding unnecessary computation and potential overfitting. After computing the loss
function, the model’s parameters are updated based on the gradients obtained through
backpropagation. Once training is complete, the model is deployed to identify regions
of abnormal vegetation in new samples. The accuracy of the detection results is then
evaluated to assess the model’s performance.

3.4. Comparison of the Normalized Burn Ratio Index

To compare the performance of the VASTI and ResNet-IST models in extracting
anomalous vegetation, this study separately calculates the NBR for the extraction results of
burned vegetation regions. The extraction results of these three methods in the study area
are then validated and comparatively evaluated for accuracy.

The NBR is a commonly used index that helps identify areas where vegetation has
changed due to fire disturbances [18]. By computing the ratio of the NIR to SWIR bands,
the distinctive features of burned regions can be strengthened. By definition, the NBR
highlights burned areas following a fire. The equation of NBR incorporates measurements
of NIR and SWIR wavelengths: healthy vegetation exhibits high reflectance in the NIR
spectrum, whereas recently burned areas show high reflectance in the SWIR spectrum. The
calculation formula for NBR is as follows:

Rnir — Rswir
NBR = ————=>——~— 6
RNiIR + Rswir ©)

where Ryjr represents the reflectance of the near-infrared band and where Rgyy g repre-
sents the reflectance of the shortwave infrared band.

NBR was selected as a baseline index because of its simplicity, widespread use, and
proven effectiveness in burned area detection. However, it is acknowledged that NBR does
not fully represent the spectrum of traditional mathematical models, and its role in this
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study is to provide a reference benchmark for evaluating improvements achieved by the

proposed method.
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Figure 4. Block diagram of the progress of the ResNet-IST model.

3.5. Evaluation Method

We employed confusion matrices to verify the detection precision for diverse abnormal
vegetation areas. Eventually, three evaluation metrics—user accuracy (UA), producer’s
accuracy (PA), and the kappa coefficient—were chosen to provide a thorough assessment
of the accuracy in extracting data from the different indices. The calculation methods for

these metrics are outlined below:

TP
uA = TP+ FP

TP
PA = TP+ FN
Kappa = Po — Pe

1—-pe
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where B TP + TN 1)
Po= TP Y TN+ FP+ EN
- (TP + EN) x (TP + FP) 4+ (EN + TN) x (TN + FP) a
=

NZ

3.6. Deep Learning Model Interpretability Analysis

In this study, to elucidate the impact of different spectral and texture features on the
ResNet-IST model, we employed SHAP (SHapley Additive exPlanations) [75] values to
determine the predictive contribution of each input feature. The SHAP value, originating
from cooperative game theory [76], aims to fairly allocate the overall outcome based on the
marginal contributions of individual participants within a collaborative process. In recent
years, SHAP values have been introduced into the field of machine learning as an effective
model interpretability method, enabling the decomposition of complex black-box model
predictions into the sum of contributions from individual features [77]. This approach not
only possesses theoretical advantages such as efficiency, fairness, nullity, and additivity but
also provides a solid theoretical foundation for enhancing model transparency.

For a given sample M;;, its features are denoted as M;;. The model’s predicted value
for this sample is N;, while the baseline value of the model (typically the mean of the target
variable across all samples) is represented as Np,;.. The relationship among these variables
can be expressed as:

N; = Npgse +f(Mi1) +f(Mi2) +- f(Ml]) (12)

where f (Mij) is the SHAP value of M;;. The calculation of SHAP values can be imple-
mented using Python Version 3.14.0 (https://www.python.org/).

4. Results
4.1. Parameters Setting of GLCM

It is necessary to preprocess the spectral and texture features of the samples before
constructing the ResNet-IST model. While the calculation of SFs is relatively straightfor-
ward, the computation of TFs requires careful consideration of the parameter settings for
the GLCM. GLCM involves four parameters: orientation, displacement (distance), sliding
window size, and gray levels. Variations in these parameters can significantly influence
the resulting texture features. To minimize uncertainties arising from parameter selec-
tion, we conducted comparative experiments to determine the optimal GLCM settings for
vegetation anomaly detection. Given that vegetation anomalies often manifest as subtle
changes without consistent horizontal or vertical patterns, we fixed the displacement to
1 and averaged the GLCM calculations across four directions (0°, 45°, 90°, and 135°) to
capture comprehensive spatial relationships. Commonly used gray levels in GLCM com-
putations are 16, 32, 64, 128, and 256. With the displacement and directional averaging
fixed, we initially employed a 3 x 3 window size to assess the impact of varying gray
levels. As depicted in Figure 5a, the highest accuracy was achieved with a gray level of 64.
Subsequently, fixing the gray level at 64, we evaluated different window sizes. Figure 5b
indicates that a 7 x 7 window size yielded the highest overall accuracy.
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Figure 5. Comparison of GLCM parameter settings: sliding window size and gray-level configura-
tion. The left ordinate indicates the producer accuracy (PA), while the right ordinate displays the
corresponding kappa coefficient. Panel (a) illustrates these trends of PA and kappa coefficients for
a given texture feature across varying gray-level settings, whereas panel (b) depicts the different
trends of sliding window sizes.

4.2. Performance of the ResNet-IST Model

To ensure the capacity of the merged DL model, we conducted an accuracy and loss
assessment of ResNet-IST based on the dual-temporal fire-affected vegetation sample
set. The performance of the ResNet-IST model was assessed using a direct parameter
(accuracy) and an indirect metric (loss). Accuracy is a critical direct metric for evaluating
model performance and is derived from the calculation of the confusion matrix. The
loss function is a mathematical concept in machine learning that quantifies the disparity
between the predicted outputs and the actual values produced by the model. During
training and validation, the loss function provides feedback to monitor the learning progress
and generalization. A lower loss value indicates greater accuracy in the predictions of
the model.

Figures 6 and 7 illustrate the convergence of the loss function and the changes in
recognition accuracy for one iteration of the leave-one-site-out validation, where the sam-
ples from site (a) were used as the validation set and those from sites (b)—(j) were used
for training. For the remaining nine iterations, the models similarly stabilized after ap-
proximately 35 epochs. As illustrated, the classification accuracy of the network tends to
improve as the number of iterations increases. During the validation process, the accuracy
curve fluctuated greatly in the early stage but eventually stabilized at approximately 97%.
The loss function curve follows a trend opposite to the accuracy curve, while the loss
function value gradually decreases and stabilizes at approximately 0.25. Ultimately, the
validation accuracy of the model is greater than the training accuracy, and the validation
loss value is lower than the training loss value. The improvement in performance on
the validation set is evident, indicating that the proposed network demonstrates fairly
dependable generalization capabilities.
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Figure 6. The change curve of deep learning training and verification accuracy with the number of
epochs based on the modified ResNet structure.
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Figure 7. The change curve of deep learning training and verification loss with the number of epochs
based on the modified ResNet structure.

4.3. Visual Evaluation Results of ResNet-1ST, VASTI, and NBR

To validate that the integration of features is superior to using SFs alone in detecting
vegetation anomalies, we calculated and mapped the anomalous vegetation classifications
for ten study areas via the ResNet-IST model, VASTI, and NBR. Figure 8LII present false-
color images (Band 5, Band 4, and Band 3) of the ten study areas before and after the
fire. In this band combination, the colors of the ground features are intuitive, with red
for vegetation—the healthier the vegetation is, the brighter the red. Figure 8III-V display
the anomalous vegetation extraction results of the ResNet-IST model, VASTI, and NBR,
respectively. In these images, black areas represent healthy vegetation unaffected by fire,
whereas red areas indicate postfire anomalies.
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Figure 8. Mapping of the study areas in normal and abnormal situations visual results of VASTI,
ResNet-IST, and NBR. (a—j) represent the labels of the ten study sites. Column (I) shows the false-
color remote sensing images of the validation areas before the fire, while Column (II) presents the
false-color images after the fire. Columns (III), (IV), and (V) display the burned area extraction results
obtained by the ResNet-IST model, the VASTI index, and the NBR index, respectively.
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A comparison between Figure 8ILIII reveals that the detection results from the ResNet-
IST model largely align with the fire-affected vegetation areas, demonstrating its ability to
handle this anomaly detection task effectively. Additionally, the results of ResNet-IST show
a high degree of consistency with those of VASTIL. However, in study areas (b), (e), and
(j), the abnormal vegetation detected by ResNet-IST is significantly more precise than that
identified by VASTIL. In this study, although both the ResNet-IST framework and VASTI
merge SFs and TFs, the methods of feature fusion differ significantly between the two
approaches. Although the ResNet-IST model performs an implicit fusion of spectral and
texture information without a predefined mathematical formula, deep learning is renowned
for its superior computational capabilities. In contrast, VASTI emphasizes explicit fusion of
different feature types, creating a new index model by combining features that show high
differentiation between pre- and postfire vegetation via a specific mathematical formula.
As a purely physical model, its information extraction capabilities are somewhat limited.
NBR is one of the most commonly used indices for identifying fire-affected vegetation;
it is based only on the spectral changes before and after a fire. Compared with the two
comprehensive models, in certain study areas, such as region (a) and region (i), NBR extracts
significantly smaller anomalous areas. This discrepancy may be due to the influence of
shadows in complex terrains, where the spectral index alone causes spectral confusion at
the edges, leading to misclassification. Additionally, in the study area (b), NBR mistakenly
classifies the river as an anomalous vegetation area, likely because the reflectance changes
or similarities between various land cover types cause NBR to erroneously categorize
nonvegetative surfaces as anomalous vegetation.

4.4. Validation and Comparison of ResNet-IST, VASTI, and NBR

Owing to the limitations of visual interpretation for accuracy comparison, this study
calculates three different accuracy metrics—UA, PA, and the kappa coefficient—for the
ten study areas. Figure 9 compares these metrics across the three anomaly detection
models. In summary, the ResNet-IST yielded superior performance among the other
methods, as evidenced by the highest accuracy. The UA of the ResNet-IST classification
results consistently remain at approximately 0.9, peaking at 0.96; the PA is near 0.92,
with a maximum of 0.97; and the kappa coefficient ranges from a minimum of 0.76 to
approximately 0.9 in most cases, reaching a peak of 0.95. These values are significantly
superior to those of the other models. A comparison between the ResNet-IST model and
VASTI shows a slight improvement of approximately 0.5% in UA for study areas (e), (f),
and (g), whereas the other regions exhibit increases ranging from 1.1% to 3.8%. In terms
of the PA, apart from study area (b), which only improved by 0.46%, the other regions
exhibited a 1% to 4% enhancement. The improvement in the kappa coefficient is more
noticeable, with the primary study areas demonstrating an accuracy increase of 2% to
8%. However, in areas (d), (f), and (g), the improvement was minimal. The difference
between the ResNet-IST model and NBR is even more pronounced, particularly in study
areas (a), (b), (h), (i), and (j). Compared with NBR, the ResNet-IST model improved the
UA and kappa coefficients for fire-affected abnormal vegetation extraction by 10-20%,
whereas the increase in PA, although slightly lower than the other two metrics, remained
stable at approximately 5-10%. The results indicate that DL techniques offer a marked
improvement in identifying burned vegetation, delivering superior performance compared
with conventional physical models.

When comparing the results of VASTI and NBR, apart from study areas (c), (e), and
(f), VASTI's UA is generally 6-10% higher than that of NBR. The improvement in PA
fluctuated more, with most study areas showing an increase of 5-10%, whereas a few areas
presented an improvement of approximately 2%. The increase in the kappa coefficient is
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also notable, with most regions exhibiting an approximate 10% increase. Notably, in study
area (a), both the VASTI and ResNet-IST models achieved significant improvements in
all three evaluation metrics compared with NBR, with the lowest increase reaching 37.4%
and the highest at 58.3%. The data indicate that over half of the study areas demonstrated
substantial improvements in accuracy. This finding demonstrates that the integration of
texture and spectral features significantly enhances the accuracy of anomaly detection.
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Figure 9. Statistical maps of the UA, PA, and kappa coefficient of the three models for extracting
vegetation anomaly regions. (a—j) illustrate the extraction accuracy maps of burned anomaly areas in
the ten validation regions obtained using the ResNet-IST, VASTI, and NBR models, respectively.

5. Discussion
5.1. Impact of Different Kinds of Input Features on ResNet-1ST

To elucidate the impact of different input features on ResNet-IST, we employed SHAP
values to quantify the contribution of each feature to the model. Figure 10 presents a visual
analysis of the SHAP values for each feature, where SFs are represented in green, TFs in
blue, and the integrated feature VASTI in yellow.

The results indicate that SFs dominate the model, collectively accounting for 68.0%
of the total contribution. Among them, NDVI, DSWI, and GEMI exhibit the highest con-
tributions, consistent with their widespread application in assessing vegetation health,
making them particularly responsive to burned vegetation. The nine TFs contribute 23.9%
to the model, serving as auxiliary information. Among these, autocorrelation ranked first,
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followed by contrast and dissimilarity. The remaining six TFs make relatively minor contri-
butions, collectively accounting for only 3.1%. Notably, the integrated VASTI contributes
only 8.1% to the model, lower than certain individual spectral and texture features. This
lower contribution may be attributed to feature redundancy, as VASTI inherently incorpo-
rates multiple VIs and TFs. Otherwise, composite features involve multiple component
parameters, which may lead to gradient direction conflicts during backpropagation. This
can result in unstable weight updates within the model, ultimately causing the contribu-
tion of composite features to be significantly weaker than that of individual dominant
features [78]. However, this explanation remains tentative and would require further
experimental validation before being confirmed.

Auto_correlation
10.2%

NDVI 13.7% DSWI 12.8%

Dissimilarty
- Contrast | Others
EVI 9.8% S:it¢ 3.1%

Others
GEMI 11.2% |GNDVI 7.0% |8.0%

B Spectral features 68.0% [l Texture features 23.9%  VASTI 8.1%

Figure 10. Feature contribution analysis of inputs in ResNet-IST, categorized into three groups:
spectral features, texture features, and comprehensive features.

Overall, although SFs remain the dominant contributors due to the intrinsic charac-
teristics of the target being identified, TFs provide a certain degree of improvement to
the model. When vegetation suffers disasters, spectral differences are significantly more
pronounced than texture variations, which explains their higher contribution to the model.
However, SHAP contribution values only reflect the influence of features in the current
model but do not directly measure their classification accuracy or predictive capability [79].
Therefore, a high SHAP value indicates that the feature has a significant influence on
the model’s decision-making but does not imply that the feature itself can independently
achieve accurate classification or prediction.

5.2. Capability of the ResNet-IST Framework for Detecting Fire-Affected Vegetation

The visual evaluations of vegetation anomaly detection for the ten study areas demon-
strated that the ResNet-IST model can reliably classify the fire-affected areas at a 30 m
spatial resolution (Figure 8). Moreover, the accuracy of burned area detection when the
ResNet-IST framework is used is significantly better than that when single-physical indices
(VASTI and NBR) are used (Figure 9), with a UA of approximately 0.93 in most regions.
The PA remained stable at 0.92, peaking at 0.97. The kappa coefficient fluctuated around
0.9, reaching as high as 0.95. However, the ResNet-IST algorithm exhibited significant
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terrain variability, performing well in study areas (a), (c), (h), (i), and (j), with accuracies
notably higher than those of VASTI. In contrast, the accuracy improvements in study areas
(d), (f), and (g) were minimal. Figure 8i shows that the terrain in these areas is relatively
flat compared with that in other areas, where simple physical models are sufficient for
anomaly detection. Previous research on ResNet architectures for image recognition has
shown that ResNets often outperform more complex networks because of their strong
generalization performance, allowing them to extract more detailed feature information in
complex terrains such as those in areas (a) and (c) [80]. The shortcut connections between
layers significantly reduce the training time and computational resources. In addition to
the enhancements and optimizations provided by the architecture itself, the inclusion of DL
algorithms also benefits the feature fusion process [81]. Thus, the ResNet-IST algorithm for
merging various spectral and textural features improves the detection of burned vegetation.
Our study revealed that the use of the ResNet-IST model for abnormal forest detection
not only provides superior results to those of VASTI but also performs better than the single
spectral index (NBR). The outcomes from the ResNet-IST models were significantly greater
than those of NBR, with a general accuracy improvement of 10%, which demonstrates that
the ResNet-IST model notably improves performance in abnormal vegetation extraction,
both in terms of computational principles and feature fusion capabilities [82]. For NBR,
its ability to detect burned vegetation relies solely on abrupt changes in the NIR and
SWIR bands during vegetation anomalies. Although spectral changes provide a direct
indication of vegetation status, they inevitably lead to spectral confusion at the boundaries
of burned areas [83]. While VASTI addresses this issue by incorporating spatial texture
information, the computational power of its physical model remains limited. The skip
connections in ResNet effectively address the issues of vanishing and exploding gradients
in deep networks. This allows ResNet to extract more comprehensive image features
while reducing training time and maximizing the utilization of information within the
imagery [28]. Therefore, the ResNet-IST framework makes the best use of the spectral and
spatial information of the sample inputs in the process of merging the SFs and TFs.

5.3. The Uncertainties of the ResNet-1ST Model

While the ResNet-IST model demonstrates certain advantages in anomalous vege-
tation extraction, it should be emphasized that some uncertainties remain owing to the
nontransparent nature of network iterations. First, the data quality and variability may
influence the capability of the model. The precision of a model is significantly influenced by
the quality of the input data [84]. Variations in samples caused by atmospheric fluctuations,
seasonal shifts, and lighting differences may lead to inconsistencies. These discrepancies
can contribute to uncertainties in the predictions of the model. Although we preprocessed
the images before constructing the dataset to minimize the adverse impact of the images on
the model, some imperfect samples were still inevitable. Second, different feature combina-
tions lead to different results. While integrating SFs and TFs is highly excellent for anomaly
detection, achieving optimal fusion of these features remains challenging [85]. Uncertainties
may arise in how effectively the model weights each feature, as the significance of spectral
information can vary with vegetation type and environmental conditions [86]. Additionally,
when burned areas are obscured by unburned forest canopies, spectral confusion may arise
at the boundaries of these anomalous regions, so VIs may provide false information. There-
fore, determining the dominant role of SFs and TFs in combination is critical. Third, the
parameter settings of the GLCM can influence the extracted TFs, and different combinations
may introduce uncertainty. GLCM is defined by four main parameters: direction, step size,
window size, and gray levels. Variations in these parameters affect the numerical values
and spatial patterns of TFs. For example, step size and window size control the spatial
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scale captured, while direction and gray levels affect feature sensitivity and detail repre-
sentation. Since any permutation of these parameters can produce numerous outcomes,
GLCM-derived features inherently carry a degree of uncertainty, which may impact model
stability and transferability across regions or datasets.

The characteristics of the ResNet-IST model also introduce a certain degree of un-
certainty. The DL models are frequently described as “black boxes” because it is difficult
to trace how specific inputs (such as spectral and texture features) are transformed into
outputs (such as predictions of abnormal vegetation) [87]. Therefore, interpreting the
decision-making process involving complex layers of mathematical operations is challeng-
ing. The lack of interpretability introduces significant uncertainty in understanding the
model’s reliability, especially in critical applications such as environmental monitoring
or disaster response [88]. For example, if ResNet were to predict the presence of burned
vegetation, it may be unclear which features contributed the most to the decision. This
uncertainty can undermine trust in the model’s predictions and make it harder to identify
errors or biases. Without interpretability, it becomes difficult to explain why a model fails
or succeeds in certain cases, limiting its practical application and reducing the ability to
improve or troubleshoot the model effectively [89].

5.4. Merits and Limitations of the ResNet-IST Model

The experimental results indicate that the ResNet-IST model employed in this study
outperforms the explicit texture-spectral composite feature model, VASTI, developed in
previous research. The primary advantages of the ResNet-IST model can be summarized
as follows: First, the incorporation of a deep residual learning network enhances the ro-
bustness of the final classification. Through iterative training, the model converges to
a relatively stable outcome, with each iteration providing feedback for subsequent itera-
tions, progressively optimizing performance to achieve the best results of the model [41].
Compared with other DL algorithms, ResNet is more robust to variations in data distribu-
tion and model parameters [90]. Second, the algorithmic model used in this study requires
less computational power. The deep residual network demands fewer computational
resources than do other models [91]. For example, although the VGG network is much
shallower than that of ResNet, both have a similar number of parameters. This is because
ResNet eliminates the need for fully connected layers and utilizes a bottleneck structure. It
should also be noted that ResNet-IST is built upon the ResNet50 backbone, but extends it
by incorporating both spectral and texture features in an implicit manner. While ResNet50
alone primarily captures spectral information, ResNet-IST integrates complementary tex-
ture features, enabling it to achieve higher anomaly detection accuracy. This design allows
ResNet-IST to outperform the baseline ResNet50 in terms of robustness and generalization.

Although the ResNet-IST model has significant advantages in identifying anomalous
vegetation areas, some limitations should be noted. First, there is a higher memory re-
quirement during the computational process. Deep residual networks are generally more
memory efficient during inference; however, their memory usage increases significantly
during the training process [92]. Second, the generalizability of the model has not been
validated. Although the model may perform well on training and validation datasets, there
is uncertainty in its ability to generalize to unseen data [93]. Differences in vegetation types,
environmental conditions, and geographic regions not represented in the training data
could impact the robustness and accuracy of the model. Third, the selection of dataset
samples introduces certain limitations to the experimental results of this study. Although
ten research sites were selected from around the world, these sites represent only six types
of vegetation cover, leaving many other types unconsidered. Additionally, this study did
not account for the influences of topography and terrain, nor was classification validation
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conducted under varying conditions. Therefore, dataset selection imposes some limitations
on the model. It is important to note that these limitations extend beyond vegetation types
and topographic factors to the representativeness of the fire events themselves. While
the ten sites were chosen based on physical separation, habitat diversity, the availabil-
ity of high-quality Landsat-8 imagery, and clear fire boundaries, there is a substantial
imbalance in sample sizes across sites (e.g., 29 samples in site (h) versus 267 in site (j)),
which may affect the robustness and generalizability of the model. Consequently, the
current results primarily reflect the conditions of the selected sites and fire events, rather
than being broadly generalizable to all fire types and ecosystems. Nevertheless, these
sites provide a standardized dataset that enables the comparative evaluation of different
feature extraction methods and the assessment of the ResNet-IST model’s performance.
Future work will aim to expand the dataset to include additional fire events independent
of the training set, encompassing a wider range of vegetation types, fire intensities, and
environmental conditions, thereby improving statistical rigor, model generalizability, and
robustness across diverse scenarios.

Furthermore, the applicability of the ResNet-IST model in broader contexts requires
careful consideration. While the model shows promising results on Landsat-8 imagery, its
performance on other satellite sensors, such as Sentinel-2, MODIS, or SAR platforms, may
vary due to differences in spectral resolution, revisit time, and radiometric characteristics.
Environmental heterogeneity, including variations in climate, soil type, and vegetation
structure, could also influence model performance, potentially reducing accuracy in ecosys-
tems not represented in the current training dataset. In near-real-time monitoring scenarios,
computational costs, data latency, and preprocessing requirements must be addressed to
ensure timely anomaly detection. Therefore, while the ResNet-IST model is robust within
the scope of this study, careful calibration and validation are necessary before applying
it to other sensors, regions, or operational settings. These considerations highlight both
the potential and the current limitations of the model for general-purpose fire-affected
vegetation detection. In future research, we aim to consider a wider range of factors to
improve the robustness and generalizability of the model.

6. Conclusions

Forest fires reduce the ecosystem services and biodiversity of vegetation. Accurate
extraction of burned areas is crucial for post-disaster assessment and restoration efforts.
Although existing fire indices can effectively identify anomalous vegetation areas, they still
have certain limitations. Our new method, ResNet-IST, represents a significant advance-
ment in detecting anomalous vegetation areas. This method leverages the DL capabilities
of ResNet50 to capture complex spatial and spectral variations, enabling more precise
identification of burned or damaged vegetation. This approach allows for an implicit,
adaptive combination of features, enhancing detection accuracy and reducing sensitivity
to environmental variations such as lighting or seasonal changes. The main findings and
contributions of this study are summarized as follows:

(1) We developed a potential vegetation anomaly detection model named the ResNet-IST
by merging spectral and texture features using a DL algorithm based on the ResNet50
architecture. Unlike traditional mathematical models, the performance of ResNet-IST
significantly increases the computational capacity, and the iterative nature of the
model improves its robustness.

(2) In most study areas, the ResNet-IST model showed significant improvement in
validation, with accuracies that were mostly 3% higher than those of VASTI and
5-15% higher than those of NBR. The results demonstrate its superior performance
in anomaly detection tasks. Additionally, the recognition accuracy of VASTI is no-
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tably superior to that of NBR, indicating that incorporating TFs compensates for the
limitations of SFs.

In conclusion, the ResNet-IST model developed in this study has proven its ability
to accurately detect fire-induced anomalous vegetation areas on a global scale, offering
new methods and insights for the extraction and analysis of burned areas worldwide.
Nevertheless, this study also has limitations. For instance, the model has only been tested
on a limited number of sites and has not yet been systematically validated across different
fire intensities, vegetation types, or ecological regions. Future research should aim to
expand the evaluation to broader contexts, including the application of the model to
Sentinel-2 data with higher spatial resolution, integration with SAR sensors to enhance
performance under cloudy or smoke-covered conditions, and testing in tropical biomes
where vegetation complexity and fire dynamics differ significantly from the current study
sites. These directions will help further improve the robustness, generalizability, and
practical applicability of the proposed model.
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