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Abstract: The detection and monitoring of burned areas is crucial for vegetation recovery, loss
assessment, and anomaly analysis. Although vegetation indices (VIs) have been widely used,
accurate vegetation detection is challenging due to potential confusion in the spectra of different
types of land cover and the interference of shadow effects caused by terrain. In this work, a novel
Vegetation Anomaly Spectral Texture Index (VASTI) is proposed, which leverages the merits of both
spectral and spatial texture features to identify abnormal pixels for extracting burned vegetation
areas. The performance of the VASTI and its components, the Global Environmental Monitoring
Index (GEMI), the Enhanced Vegetation Index (EVI), and the texture feature Autocorrelation (AC)
were assessed based on a global dataset previously established, which contains 1774 pairs of samples
from 10 different sites. The results illustrated that, compared with the GEMI and EVI, the VASTI
improved the user’s accuracy (UA), producer’s accuracy (PA), and kappa coefficient across the ten
study areas by approximately 5% to 10%. Compared to AC, the VASTI improved the accuracy of
abnormal vegetation detection by 13% to 25%. The improvements were mainly caused by the fact that
the incorporation of texture features can reduce spectral confusion between pixels. The innovation of
the VASTI is that it considers the relationship between anomalous pixels and surrounding pixels by
explicitly integrating spatial texture features with traditional spectral features.

Keywords: wildfire; vegetation; texture feature; spectral feature; VASTI

1. Introduction

Vegetation plays a crucial role in providing essential ecosystem services, including
biodiversity, climate regulation, economic development, and human well-being [1,2]. As
one of the most common natural catastrophes in the world, wildfires are characterized by
rapid spread, high levels of destruction, abrupt onset, and unpredictability [3]. In recent
decades, both the frequency and intensity of wildfires have noticeably increased. These
events have resulted in the significant destruction of global vegetation, disturbance of local
ecosystems, and even inconvenience of daily life for humans [4]. Therefore, timely and
accurate wildfire monitoring is necessary to reduce the impact of wildfires on humans and
the ecosystem and formulate effective response strategies.
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Over the past few decades, researchers have performed thorough investigations of
how to detect vegetation areas that have been burned by wildfires. Remote sensing meth-
ods were first applied in the 1980s to extract information on burned areas by digitally
processing Thematic Mapper (TM) data since there are significant physical changes in land
cover after a wildfire [5]. Traditional methods for detecting burned areas from remote sens-
ing images can be categorized as follows: image classification [6,7], image processing [8],
integrated methodologies [9,10], and spectral index methods [11,12]. The image classifica-
tion techniques for distinguishing burned areas before and after a fire based on spectral
differences include supervised classification, unsupervised classification [13], regression
tree classification [6], and object-oriented classification methods [7]. These methods can
yield spatiotemporally consistent results but can also lead to incorrect classification due
to spectral overlap or other complex conditions among different land cover types. Image
processing methods include the use of specific algorithms such as principal component
analysis (PCA) [14] and mixed spectral analysis methods [15] to extract targeted informa-
tion and improve the accurate detection of burned areas. Integrated methods increase
detection accuracy by using multisource data, including temperature [16] and fire point
data, as well as ground and remote sensing image data at varying resolutions [17]. The
spectral index method is commonly used for detecting forest fire areas based on changes in
reflectance characteristics in various spectral bands [18]. One of the most widely used VIs
for indicating the degree of burn is the Normalized Difference Vegetation Index (NDVI) [19].
Since the Normalized Burn Ratio (NBR) outperforms the NDVI in evaluating immediate
post-fire impacts, it has become increasingly popular [18]. Apart from the NDVI and
NBR, the Enhanced Vegetation Index (EVI) has been utilized to assess the severity of fires
in pine ecosystems [20], and the Global Environmental Monitoring Index (GEMI) has
been employed for the identification of fire disturbances in forests [21]. These techniques
mostly rely on sudden variations in spectral indices and reflectance caused by wildfires [22].
However, using threshold-based methods may introduce some false negatives for fire-
affected edge areas where the change characteristics are relatively subtle. Moreover, these
techniques mainly focus on spectral information and pay less attention to changes in the
spatial information that occurs in burned areas, such as texture, dimension, and perimeter
information.

Texture features, as spatial information, are widely used in remote sensing image
classification. However, the definition of texture is not precise. Several scientists have
characterized texture as a measure that enhances satellite classification capabilities, encom-
passing parameters such as roughness, contrast, orientation, linear similarity, regularity,
and coarseness [23]. The following four general categories can be used to classify early
texture feature extraction approaches: model-based methods, statistical analysis-based
methods, signal processing methods, and geometric feature-based methods [24]. The gray-
level co-occurrence matrix (GLCM) is recognized as the most popular and effective method
for extracting texture features among the previously mentioned methods, particularly in
the category of statistical analysis [25,26]. However, few scientists have applied the GLCM
to burned vegetation areas. For example, Smith et al. [27] extracted burned vegetation
texture features from radar satellite data using first-order GLCM, and the results showed
that GLCM improved the recognition of burned areas in low spatial resolution images.
Using Landsat satellite data, Mitri and Gitas [28] proposed a semi-automatic object-oriented
model for burnt vegetation; in this method, the inclusion of texture features helped to
differentiate regions with similar spectral means, reducing the impact of spectral confusion
among different objects. By optimizing the texture window conditions for land cover, it
was recently discovered that texture features could lessen errors brought on by surface
reflectance that are similar across various types [29]. All of the above studies demon-
strated that texture has an advantage in highlighting specific characteristics of burned areas,
assisting in the discrimination of complex land cover types.

Currently, the majority of existing studies consider texture features as implicit features
for algorithm learning and training, with only a minority of studies incorporating texture
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features in the explicit construction of detection indices [30,31]. To differentiate between
burned and unburned areas, local adaptive algorithms such as the Support Vector Machines
(SVM) [32], Maximum Likelihood (ML) [33], and Random Forest (RF) [34] algorithms have
been widely employed in mapping burnt areas. These algorithms operate by maximizing
interclass variation and minimizing intraclass variation. Multiple investigations have
shown that texture information can be beneficial for regional detection and classification,
proving that spatial texture features can be used to extract burned areas [35,36]. However,
despite the high accuracy of this method, it has several limitations, such as increased
computational complexity, intricate procedural steps, and extended computation time,
compared to those of explicit index applications. Therefore, constructing an explicit index
that incorporates texture features for detecting burned vegetation areas is crucial.

To solve the spectral confusion problem of pure spectral indices in the process of
ab-normal vegetation detection, and reduce the computation time of training machine
learning models with texture features as invisible indicators, a novel index method that
combines spectral indices and texture features for extracting burned vegetation areas was
developed in this study. Our main objectives were to (1) explicitly integrate texture features
with spectral indices to develop the Vegetation Anomaly Spectral Texture Index (VASTI);
(2) evaluate the VASTI on 10 samples from global sites.

2. Dataset and Preprocessing
2.1. Abnormal Vegetation Satellite Dataset

The Landsat-8 satellite consists of two sensors, the Thermal Infrared Sensor (TIRS) and
the Operational Land Imager (OLI). The OLI captures image data from nine spectral bands,
while the TIRS collects image information from two thermal bands [37]. The Landsat-8
OLI images used in this study were downloaded from the U.S. Geological Survey (USGS)
website (https://earthexplorer.usgs.gov/, accessed on 6 September 2022). Based on the
2016 fire point information from the Global Fire Atlas (GFA) [38], we chose ten research sites
worldwide including six different land cover types to create a burned vegetation dataset.
The distribution of these sites is illustrated in Figure 1. We systematically distinguished
and identified burned areas at each of the ten sites to produce a comprehensive dataset of
1772 samples. The dataset has 3554 images in total, and each sample pair comprises two
Landsat-8 optical images at a spatial resolution of 30 m. These images were captured before
and after a fire incident in the same region. Table 1 provides detailed information on the
ten research sites, including names, coordinates, land cover types, and sample sizes. To
find appropriate spectral and textural features for constructing the novel index, this dataset
was used to statistically examine the changes in spectral and textural features before and
after fires. The accuracy verification and performance assessment of the novel index were
conducted by using a representative subset selected from the samples of each site.

Table 1. Dataset site details.

Site Name Longitude Latitude Land Cover Type Number of
Samples

Sample
Size

EI Dorado 120.8235◦W 38.9682◦N Mixed forest 163 200 × 200

Los Gatos 121.8273◦W 37.1111◦N Evergreen
Needleleaf forest 52 200 × 200

Inyo 117.9242◦W 36.0431◦N Evergreen
Needleleaf forest 147 200 × 200

Apure 69.2507◦W 7.2310◦N Grasslands 186 200 × 200
Barh Azoum 21.3424◦E 11.5677◦N Savannas 223 200 × 200

Kahemba 18.8686◦E 7.2313◦S Woody savannas 217 200 × 200
Dirico 21.2766◦E 17.3446◦S Savannas 267 200 × 200
Mpika 31.8310◦E 11.5675◦S Woody savannas 236 200 × 200
Kusti 32.0963◦E 11.5679◦N Croplands 252 200 × 200

Liangshan 100.7287◦E 27.4312◦N Evergreen
Needleleaf forest 29 200 × 200

https://earthexplorer.usgs.gov/
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Figure 1. Distribution map of the sample sites in the burned vegetation dataset. Region (a–j) are
the representative study areas, namely, EI Dorado, Los Gatos, Inyo, Apure, Barh Azoum, Kahemba,
Dirico, Mpika, Kusti, and Liangshan, respectively, selected to validate the VASTI.

2.2. Data Processing

After choosing the study sites based on latitudinal and longitudinal coordinates and
along with the start and end times of large-scale fires in the GFA, we visually interpreted
the dual-temporal remote sensing images at each site and labeled the burned vegetation
areas. Both the images and the labels were then segmented into fixed-size 200 × 200 pixels.
These segments underwent an assessment procedure, where regions with more than 80%
mask coverage were designated as abnormal vegetation samples, to construct an abnormal
vegetation database. Using pre-fire photos, a matching database of normal vegetation
samples was concurrently generated for every abnormal vegetation segment. Based on this
supplemental dataset, we computed the alterations in texture features after a wildfire and
identified those texture features that exhibited outstanding discriminatory capabilities.

The processes of selecting data, analyzing images, identifying anomalies, and creating
databases for both normal and abnormal vegetation samples were included the initial
phases of the integrated data processing workflow. The dataset was used in further studies,
including calculating changes in textural and spectral features before and after fires and
identifying highly separable features.

3. Methodology
3.1. Selection of Texture Features
3.1.1. GLCM and Parameter Settings

In this study, we used the GLCM to calculate the texture features of vegetation samples.
The GLCM is a statistical tool for elucidating the relationship between pixel gray levels
within digital images [39]. The GLCM effectively captures the interplay among pixel pairs
within an image, with a specific focus on quantifying the probabilities of gray-level co-
occurrences among adjacent pixels along predefined directions. Principally, the GLCM
counts the frequency with which certain pixel brightness value combinations appear
in an image, serving as a fundamental method for extracting texture features, and has
widespread classification applications in satellite images [40,41], computer vision [42,43],
and other fields.

The computation of the GLCM involves four critical parameters: the orientation value,
the displacement value d, the sliding window size, and the gray level. In practical situations,
computational instability occurs from the significant manipulation of these four parameters
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in the GLCM. To illustrate the principles underlying GLCM computation, we employed a
6 × 6 image with eight gray levels as a demonstrative example. In this study, we out-
lined the methodology for calculating the GLCM, stipulating parameters such as distance
(d = 1) and direction (θ = 0◦). As shown in the sample image in Figure 2, pair (2,5), which is
highlighted in red, occurred twice within a distance of 1 in the 0◦ direction. Consequently,
the corresponding GLCM results are computed and depicted in Figure 3.
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Due to the irregular spatial distribution and unfixed growth orientation of anomalous
vegetation, we computed the average GLCM in four directions, 0◦, 45◦, 90◦, and 135◦, to
mitigate the impact of potential errors stemming from calculating texture features in a
single direction. Moreover, we set the window displacement step size of the GLCM to 1
to enable pixel-wise analysis of the relationships between each pixel and its surrounding
pixels. This approach facilitates a more precise exploration of texture distinctions between
normal and anomalous vegetation. The window size and gray levels for texture features
depend on the properties of the terrestrial object and the spatial resolution of the remote
sensing images. Hence, we conducted comparative experiments to identify the optimal
parameter combinations. Under fixed conditions (average of the GLCM in four directions
and step size of 1), we tested the performance of different sliding window sizes (3, 5, 7, 9,
11, 13, and 15) and different gray levels (16, 32, 64, 128, and 256).

Figure 4i presents the classification accuracies and kappa coefficients for normal and
abnormal samples under various sliding window sizes. It is evident that the classification
accuracy gradually improved as the sliding window size increased from 3 to 7. The
classification accuracy decreased as the window size increased from 7 to 15. Similarly, in
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Figure 4ii, the gray-level setting of 64 yielded the highest classification accuracy and kappa
coefficient, with lower values observed for the other four gray-level settings. According to
these experimental results, we established the following four parameter settings for GLCM
computation: a gray level of 64, a window displacement size of 7, a step size of 1, and the
average of the GLCM in four directions.
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3.1.2. Separability Analysis of Texture Features

Different texture features reflect different information in the image. Therefore, selecting
appropriate texture features in accordance with particular classification requirements is
essential. This selection guarantees that during the classification process, the texture
features effectively improve the separability between burned and normal vegetation.

Based on the GLCM, it is possible to calculate several attributes. Various GLCM
attributes have been developed for detecting certain similarities and differences [39,44].
Those texture features, which are based on the GLCM, can be categorized into three general
groups: contrast group, order group, and statistics group. In this study, we ultimately
computed 9 common textural features for the normal and abnormal vegetation samples,
including the mean, standard deviation, contrast, dissimilarity, homogeneity, energy, cor-
relation, autocorrelation (AC), and entropy. Table 2 displays the precise computation
formulas and detailed information.

We mapped the statistical distributions of the different texture features and calculated
the Bhattacharyya distance (B-distance) [45] to assess the separability of normal and ab-
normal vegetation. The B-distance is a metric for measuring the similarity between two
probability distributions. Specifically, a larger B-distance indicates greater dissimilarity
between two distributions. Figure 5 shows the kernel density of the nine texture features for
the normal and anomalous vegetation samples. A higher B-distance indicates a stronger sep-
arable capacity for that particular texture feature. It is evident that the results for six texture
features—contrast, dissimilarity, homogeneity, energy, correlation, and entropy—exhibit
significant overlap between the normal and anomalous vegetation samples. Conversely,
the B-distances for the mean, standard deviation, and AC are comparatively larger. Overall,
as shown in Figure 5, AC emerges as the strongest discriminative texture feature that can
separate abnormal areas from normal vegetation well. The selected AC texture feature is
calculated to mitigate the instability arising from individual textures in anomaly detection.
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Table 2. The formulas for the nine textures and their representative meanings.

Texture Formula Meaning

Mean NG−1
∑

i=0

NG−1
∑

j=0
i · f (i, j)

Reflects the degree of texture rules. The
more regular the texture is, the larger the
mean, and the less clutter there is, the
smaller the mean.

Standard Deviation NG−1
∑

i=0

NG−1
∑

j=0
(i − µ)2 f (i, j)

Reflects the mean deviation and the value
of each pixel in the image.

Contrast NG−1
∑

i=0

NG−1
∑

j=0
(i − j)2 f (i, j)

Reflects the depth of the textural groove
and the image sharpness. The visual
impact is more distinct when the texture
groove is deeper.

Dissimilarity NG−1
∑

i=0

NG−1
∑

j=0
|i − j| f (i, j)

Similar to the contrast, a higher local
contrast indicates a higher dissimilarity.

Homogeneity NG−1
∑

i=0

NG−1
∑

j=0

f (i,j)
1+(i−j)2

Reflects the uniformity of the local
grayscale of the image. The more
uniform the grayscale is, the larger the
cooperativity value.

Energy NG−1
∑

i=0

NG−1
∑

j=0
f (i, j)2

Reflects the uniformity of the image gray
distribution. The more uniform the gray
distribution of the image is, the larger the
energy value.

Correlation NG−1
∑

i=0

NG−1
∑

j=0

(i−µ)(j−µ) f (i,j)2

δ2
Reflects the local gray image correlation.

Autocorrelation NG−1
∑

i=0

NG−1
∑

j=0
(ij) f (i, j)

Reflects the consistency of the image
texture.

Entropy NG−1
∑

i=0

NG−1
∑

j=0
f (i, j)lg f (i, j)

Reflects the randomness of the image
texture. The information entropy is at its
maximum if all the values in the
symbiosis matrix are equal; if the values
are unequal, the information entropy is
small.

Note: NG is the number of gray levels, f (i, j) is the entry (i, j) in the GLCM, µ is the GLCM mean, and δ2 is the
GLCM variance.

3.2. Vegetation Indices Selection
3.2.1. Vegetation Indices Analysis

VIs are a crucial class of indicators that extract features from spectral reflectance data
by combining two or more wavelengths associated with the biophysical characteristics of
vegetation. These indices are widely applied in the field of vegetation to assess various
aspects of vegetation, including health status, growth patterns, and coverage [46]. Currently,
diverse kinds of VIs exist to accommodate distinct research requirements. In the domain
of anomaly vegetation detection, hyperspectral imaging techniques, spectral attributes,
various vegetation indices, and texture features have been comprehensively applied to
enable the early identification of strawberry leaf diseases [47]. Furthermore, Buras et al. [48]
quantified drought conditions across Europe in 2018 by specifically employing VIs such
as the NDVI and EVI derived from MODIS. Additionally, Tavush et al. [49] used VIs such
as the NDVI and MNDVI in conjunction with texture features from the GLCM for flood
damage assessment during the Sardoba Dam breach incident.

In this study, we meticulously selected twelve widely employed VIs and computed
them for individual research areas within twelve sample points from the dataset. Subse-
quently, we analyzed the separability of these computed results to identify the VIs that
exhibit superior performance in recognizing vegetation anomaly areas. This step serves
as a foundation for the subsequent development of a comprehensive spectral and textural
vegetation anomaly index. The twelve VIs are calculated in Table 3.
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Figure 5. Comparison map of nine texture features between normal vegetation and abnormal
vegetation samples.

Table 3. Formulas for the twelve VIs.

VIs Formula References

NDVI (ρNIR − ρRed)/(ρNIR + ρRed) [50]
EVI 2.5 × (ρNIR − ρRed)/(ρNIR + 6 × ρRed − 7.5 × ρBlue + 1) [51]
RVI ρNIR/ρRed [52]
GNDVI (ρNIR − ρGreen)/(ρNIR + ρGreen) [53]
TVI 60 × (ρNIR − ρGreen)− 100 × (ρRed − ρGreen) [54]
DVI ρNIR − ρRed [55]
DSWI (ρNIR + ρGreen)/(ρRed + ρSWIR1) [56]
MSAVI 0.5 × (2 × ρNIR + 1 −

√
(2 × ρNIR + 1)2 − 8 × (ρNIR − ρRed)) [57]

GCVI ρNIR/ρGreen − 1 [58]
MSR (ρNIR/ρRed − 1)/

√
ρNIR/ρRed + 1 [59]

PBI ρNIR/ρGreen [60]

GEMI η × (1 − 0.25 × η)− (ρRed − 0.125)/(1 − ρRed)
η = (2 × ρ2

NIR − ρ2
Red + 1.5 × ρNIR + 0.5 × ρRed)/(ρNIR + ρRed + 0.5) [61]

Note: In these formulas, ρBlue, ρGreen, ρRed, and ρNIR represent the reflectance of the corresponding bands.

The M-index [62] was used to analyze the separability of the 12 VIs. The separability
of the VIs depends on the variances of normal and abnormal vegetation areas. When
the calculated M value of a vegetation index is greater than 1, the vegetation index is
considered to have good separability. Conversely, a computed M-index of less than 1
indicates poor separability. Additionally, a higher M-index indicates better separability of
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the corresponding vegetation index for burned vegetation. The formula for the M-index is
as follows:

M =
|µ1 − µ2|
σ1 + σ2

(1)

where µ1 and µ2 represent the mean index values for abnormal vegetation areas and normal
vegetation areas, respectively, and σ1 and σ2 represent the standard deviations for the two
categories in an image.

3.2.2. Separability Analysis of VIs

The exceptional Vegetation Anomaly Spectral Texture Index (VASTI) is anticipated to
effectively reduce intraclass variations while maximizing interclass differences. In other
words, VASTI aims not only to highlight abnormal vegetation areas but also to significantly
enhance the contrast between abnormal vegetation areas and normal vegetation areas.
To achieve this objective, we analyzed the results from 12 different VIs calculated for
10 study regions. These ten study regions encompass a diverse range of vegetation cover
types, including mixed forest, evergreen needle leaf forest, grasslands, savannas, woody
savannas, and croplands. The study regions, which have diverse vegetation cover types,
were intentionally chosen to reduce the influence of vegetation types on the extraction
results of the VIs. To evaluate the quantitative separability between different VIs for
burned vegetation, we employed the M-index to measure the separability between the
histograms of two distinct vegetation states for the 10 selected study regions. The outcomes
are displayed in Figure 6.
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Figure 6. Statistical map of the calculation results for the different VIs in each study area. (a–j) is
consistent with the study area codes in Figure 1.

As shown in Figure 6, except for regions (e) and (f), the EVI exhibited the highest
M-index values, which were ranked first among the 12 VIs. On the other hand, the M-index
values of the GEMI ranked second in regions (a–d), and (j) while surpassing the EVI and
ranked first in regions (e) and (f). Although the GEMI ranked third in terms of separability
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in study area (g) and fourth in areas (h) and (i), the separability of the other VIs relative
to that of the GEMI in these regions was not stable and was even worse in some cases.
Consequently, considering the comprehensive analysis of the separability results for the
12 VIs, both the EVI and GEMI demonstrated the highest and most stable separability in
the 10 study regions. Additionally, the EVI highlighted the abnormal vegetation areas with
minimum values, while the GEMI accentuated them with maximum values. Hence, these
two VIs, which were selected by utilizing the concept of amplifying differences between
normal and anomalous vegetation, were employed in a composite calculation to construct
the Vegetation Amplitude Spectral Index (VASI). This index was subsequently incorporated
into the construction of the VASTI, thereby amplifying the distinctions between two distinct
states of vegetation and significantly enhancing the effectiveness of the VASTI in the
identification of anomalous vegetation regions.

3.3. Vegetation Anomaly Spectral Texture Index

Principally, we aimed to develop a novel index for extracting abnormal vegetation
areas. The principle behind developing this index is to amplify the differences between
normal and anomalous vegetation, thereby highlighting anomalies. We performed a ratio
operation between texture features and spectral features, explicitly integrating traditional
vegetation indices with spatial texture information.

VASTI =
VATI + 1
VASI + 1

(2)

The VATSI comprises the VASI and the Vegetation Anomaly Texture Index (VATI).
Nine texture features were computed in this study based on the GLCM, and the key feature
included in the composite index was determined to be AC. Utilizing AC texture features,
the VATI is computed by the following formula:

VATI =
ACNIR − ACRed
ACNIR + ACRed

(3)

where ACNIR represents the AC texture feature in the near-infrared band of the sample
image and ACRed represents the AC texture feature in the red band.

According to Figure 6, we eventually chose the GEMI and the EVI as the basis for con-
structing the VASI. The computation process involved amplifying the differences observed
in the study area images. Notably, the abnormal regions exhibited distinctively high values
of the GEMI and low values of the EVI. Thus, we performed computations on these two
VIs to enhance the differentiation between normal and abnormal regions, as represented by
the following formula:

VASI =
GEMI + 1

EVI + 1
(4)

The computation revealed that the VASI results exhibited a pronounced maximum in
the recognition of anomalous areas, meaning that the pixel values in regions of abnormal
vegetation were greater than those in normal vegetation areas. In contrast, the VATI results
exhibited a distinct minimum in the image, indicating that the pixel values in regions of
abnormal vegetation were much lower than those in normal vegetation areas. Following
these results, we employed the concept of accentuating differences and combined the VASI
and VATI through comprehensive operations to obtain the VASTI scores.

3.4. Validation Methods

Confusion matrices were used to validate the detection accuracy of the various anoma-
lous vegetation regions, and three metrics—user’s accuracy (UA), producer’s accuracy
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(PA), and the kappa coefficient—were ultimately selected to comprehensively evaluate the
extraction accuracy of the different indices. These metrics are calculated as follows:

UA =
TP

TP + FP
(5)

PA =
TP

TP + FN
(6)

Kappa =
po − pe

1 − pe
(7)

po =
TP + TN

TP + TN + FP + FN
(8)

pe =
(TP + FN)× (TP + FP) + (FN + TN)× (TN + FP)

N2 (9)

In the equations, TP represents the number of pixels where both the image truths (ITs)
and predictions are positive. TN refers to the number of pixels where both the ITs and
predictions are negative. FN represents the number of pixels where the ITs are positive but
are predicted to be negative. FP represents the number of pixels where the ITs are negative
but are predicted to be positive.

4. Evaluation of the VASTI
4.1. Mapping of the VASTI and Other Indices

The VATSI model was proposed for abnormal vegetation cover for further validation.
Unlike previous approaches that rely solely on spectral or textural information, the VASTI
preserves the universality of spectral indices while mitigating their instability when inte-
grated with textural features. To validate the superior performance of the composite index
VASTI in detecting anomalous vegetation over individual VIs or texture features, we com-
puted extraction results for ten study areas using the GEMI, EVI, AC, and VASTI, followed
by visual evaluation and accuracy comparisons for anomalous vegetation recognition in
each study area.

Figure 7i,ii, respectively, present false-color optical images of ten study regions under
normal and abnormal conditions. Figure 7iii–vi shows the GEMI, EVI, AC, and VASTI
results, with red regions indicating areas of anomalous vegetation. Figure 7ii–iv indicates
that two VIs exhibit excessively fragmented detection of anomalous regions, occasionally
misclassifying normal vegetation as anomalous vegetation. Moreover, variations or similar-
ities in reflectance across different land cover types may cause VIs to inaccurately identify
non-vegetated land surfaces as anomalous vegetation; this phenomenon is particularly
noticeable in study areas (a), (b), and (h). In Figure 7v, some minor anomalous vegetation
areas were overlooked, while the primary regions of anomaly occurrence were highlighted
because we employed a 7 × 7 sliding window instead of a pixelwise window for compu-
tation. Using texture features to detect abnormal vegetation may reduce false-positives
to some extent but may also result in missed anomalous regions. On the other hand, the
VASTI combines both spectral indices and textural features, effectively highlighting the
primary anomalous regions while retaining fine-scale details to mitigate the occurrence of
misclassification and omission.
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4.2. Validation of the VASTI
4.2.1. Comparison with the Components of VASTI

Figure 8 shows the recognition accuracy statistics for study regions (a)–(j) under the
four indices. Figures 6 and 8 indicate a notable increase in the recognition accuracy of the
VASTI for anomalous regions compared to that of the GEMI, EVI, and AC. The VASTI
exhibited a 1.7% to 4.4% increase in UA compared to that of the two spectral indices, with
a particularly notable improvement of 22% in the study area (b). Compared to that of
the AC, the VASTI demonstrated even more substantial UA improvement. Except for
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regions (a), (b), (d), and (f), where the improvement was less than 10%, improvements
ranging from 13.4% to 27.4% were noted in the remaining six study areas. The VASTI also
outperformed the three individual indices in terms of the PA, with most extraction results
showing an improvement of 5% to 8%. In study areas (b), (c), and (e), the VASTI achieved
improvements of 8% to 11%. Similarly, for most of the VASTI extraction results, the kappa
coefficient was 5% to 10% greater than that of individual VIs and up to 13% to 22% greater
than that of individual texture feature extraction results.
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4.2.2. Comparison with Other Spectral and Textural Features

To validate the superior performance of VASTI in identifying fire-affected areas, this
study not only contrasted it with three constituent indices but also conducted accuracy com-
parisons of VASTI with all VIs and texture features mentioned in Tables 2 and 3. In addition,
we considered another spectral index, Normalized Burn Ratio (NBR, (ρNIR − ρSWIR)/(ρNIR
+ ρSWIR)), which is commonly used to extract the burned region. Fornacca [63] has demon-
strated that NBR is one of the three best indicators for burn scar detection starting one
year after the fire. Therefore, to verify the accuracy and robustness of VASTI constructed
in this study, NBR was added to the subsequent accuracy verification and evaluation for
comparison.

Figure 9 presents a heatmap of the three accuracy indicators for VASTI and other
spectral and textural indices. Accuracy, depicted on the graph from low to high, is reflected
in a color bar ranging from red to blue, with deeper shades of blue indicating higher
accuracy. The left side of Figure 9 shows the accuracy of VIs for identifying anomalous
areas, while on the right side, the texture features are shown. Figure 9 illustrates that the
detection capability of VIs for anomalous areas is significantly higher than that of texture
features. It can be seen that NBR does show better performance in identifying burned
areas than the rest of the other VIs. However, VASTI integrates both types of indices, and
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apart from a slightly lower PA and Kappa for the region (b) compared to GCVI, VASTI
demonstrates superior performance in identifying burned areas compared to single spectral
and texture features.
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Figure 1.

5. Discussion
5.1. Improvement of Combining VIs and Texture Features

The use of VIs for burned area detection and mapping has a long history [64–66]. Using
spectral information at various wavelengths in images is necessary for the spectral analysis
of vegetation [67–69]. To improve the accuracy and stability of the VASTI in detecting
abnormal vegetation areas, we chose two of the twelve commonly used VIs for construction.
Although VIs are still widely used for studying vegetation fires, a single spectral index has
a lower accuracy in extracting abnormal areas than does the VASTI, which incorporates
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textural features in this study. There is a fundamental limitation to the spectral information
obtained from remote sensing images [70]. First, VIs rely entirely on spectral information in
images; therefore, they are easily affected by spectral confusion between unburned shadow
pixels caused by geographical shadow effects and burned non-shadow pixels, particularly
in areas with diverse terrains [71]. Second, spectral confusion may arise at the boundaries
of abnormal areas when unburned forest canopy vegetation masks the burnt surface area.
Texture information can help minimize errors caused by this factor [72].

The addition of texture information served as a complement to the spectral features [73–75].
Texture features reflect spatial correlations between a central pixel and other pixels within
a defined window and describe the co-occurrence relationships between pixels [76]. As
demonstrated in Figure 8, although texture features are primarily focused on spatial
information, they are not particularly good at detecting abnormal vegetation areas that
have been affected by fires. Compared to those of the single spectral indices and the
composite VASTI indices, the AC texture features used in this study exhibited greatly
decreased recognition accuracy for burned vegetation areas. Figure 5 shows that while
the AC exhibited the best separability for anomalous vegetation among the nine texture
features in this study, there was still some overlap in the AC value range between normal
and anomalous vegetation. This overlap may be attributed to the similarity in grayscale
co-occurrences among pixels. Furthermore, spatial information generally poses greater
challenges in quantitatively expressing variability, patterns, shapes, and sizes than spectral
information [77].

The purpose of creating the VASTI is to complement spectral features and texture
features as explicit parameters in the index construction. The presence of two VIs somewhat
lessened the instability of the texture features, and the VASTI guaranteed the accuracy
of spectral features in detecting burned vegetation areas. The integration of spectral
and textural features in plant species classification studies can increase the accuracy of
vegetation species classification by as much as 10% to 15% [78,79]. Based on the accuracy
statistics in Figure 8, it is evident that the three evaluation criteria for VASTI extraction
results showed an improvement of approximately 5% when compared to single spectral
or texture features in the majority of the study areas, with an improvement of up to 22%
in a few particular study areas. The results of the quantitative analysis showed that the
accuracy of detecting burnt vegetation was effectively increased by the VASTI.

5.2. Uncertainties of the VASTI

The VASTI has merits in terms of abnormal vegetation extraction, but it should be
noted that it still has some uncertainties due to the parameter setting of the GLCM and
the characteristics of the spectral indices. Different parameter settings of the GLCM can
result in different outcomes [42]. For example, any possible permutation or combination
of these four parameters could lead to thousands of different results, which then impacts
the numerical values and variations in texture features [80]. For this reason, the parameter
settings of the GLCM represent a major source of uncertainty in the VASTI. Therefore, we
gradually determined specific values for the four parameters to decrease the negative effect.
In addition, various land cover types react differently to varying textural features, which
means that the textural feature we chose is simply a relative characteristic of abnormal
vegetation with significant distinction rather than an absolute characteristic [81].

Spectral information also introduced uncertainties in the VASTI for the extraction of
burned areas. Atmospheric interference affects the spectral information obtained from
imagery, which can cause errors when spectral indices are subsequently computed from
band data [82]. Due to the inherent characteristics of vegetation, spectral indices must
consider seasonality and vegetation type, and these two aspects may result in different
GEMI and EVI values [83]. Moreover, a change in the VIs does not eliminate background
noise, snow cover, aging vegetation, or other factors, so the impact of non-fire factors on
the VASTI is impossible to control [84]. Additionally, when a burned region is hidden by
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an unburned canopy of forest vegetation, spectral confusion may occur at the margins of
aberrant areas [72].

5.3. Merits and Limitations of the VASTI

The experimental results indicated that the newly proposed VASTI performed bet-
ter than did current approaches that use only spectral or textural features. The primary
merits of the VASTI can be summarized as follows. First, the development of the VASTI
included spectral features together with spatial texture information. This comprehensive
approach enabled us to consider the impact of fires on vegetation from various perspectives
while reducing errors caused by spectral heterogeneity [85]. Second, the distinctiveness
of the VASTI lies in its utilization of both spectral and textural information, which not
only enhances the accuracy of identifying anomalous vegetation regions but also makes
it more adaptable to varying land covers and topographic conditions. In complex ter-
rain environments, the VASTI has demonstrated increased robustness in reducing the
occurrence of commission and omission errors when identifying anomalous features. This
comprehensive index added flexibility and diversity to the remote sensing image analysis,
providing robust support for the identification of anomalous vegetation in practical appli-
cations. Finally, the construction method of the VASTI is relatively intuitive and does not
require extensive computations. Compared to that of traditional machine learning methods,
VASTI has a lower computational load so that it can be efficient and scalable for anomaly
detection [34,86].

Despite the significant merits of the VASTI in the identification of anomalous vegeta-
tion areas, several limitations need to be noted. First, it should be acknowledged that the
value range of abnormal areas calculated by the VASTI is not fixed. This finding implies
that the performance of the VASTI may vary in different geographical contexts, which
poses a challenge that requires further research and resolution. Second, this study was
subject to specific conditions and time constraints, so the universality of the VASTI has not
been extensively validated. Therefore, future research will focus on conducting additional
experiments to comprehensively assess and validate the applicability of the VASTI in
different scenarios, aiming to improve its robustness and reliability.

6. Conclusions

Wildfire incidence rates have grown rapidly on a global scale. Despite vegetation
possessing some degree of self-regenerative capacity, the detection of fire-affected areas
and the implementation of appropriate human interventions for restoration are imperative.
The main research and conclusions are summarized as follows:

(1) We systematically investigated the response of different spatial texture features and
spectral features to vegetation fires, tested the separability of texture features and
spectral features for anomalous vegetation, and ultimately introduced a novel explicit
index (VASTI) that incorporates both texture and spectral information. Unlike conven-
tional spectral VIs, the VASTI considers the spatial connections between anomalous
pixels and surrounding areas.

(2) The UA, PA, and kappa coefficient of the VASTI improved by 5–10% compared to
those of the GEMI and EVI in terms of the recognition results for the majority of the
study areas. In some regions, the recognition accuracy of the VASTI was enhanced by
13–25% compared to that of a single texture feature.

Overall, the VASTI has demonstrated its capacity to detect the distribution of burned
vegetation in a timely and reliable manner on an extensive scale, and it presents a wealth
of opportunities for mapping and analyzing burned vegetation worldwide.
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