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Abstract

Since the epoch of climate change, observation of forest post-disturbance regeneration by satellite remote
sensing has become a major research frontier. However, the monotonic saturation effects of specific reflectance
bands may hinder the interpretation of post-disturbance vegetation indexing. We examine how spectral
vegetation enhancement index limitations negate widespread implementation. The structural biases and
sensitivities of four vegetation indices with potential usefulness for observing post-disturbance forest
regeneration are assessed and clarified: the normalized difference vegetation index (NDVI), normalized burn
ratio (NBR), near-infrared vegetation index (VInir), and the infrared vegetation index (VIir). Index structures
are partitioned in calculation space to model every possible output. Simulated burned, unburned, and global
vegetation computational domains for each index are assessed using complex statistical visualizations. Cross-
comparison among indices shows that NDVI and NBR exhibit saturation given the upper range of simulated
near-infrared (NIR) reflectance inputs (> 0.30) while VInir and Vlir display increasing variability given lower
inputs in the Green (< 0.10) and Shortwave-infrared (SWIR) (< 0.20), regions of the electromagnetic spectrum.
NDVI and NBR display potential for vegetation class separability, while VInr and VI also display a linear
association with forest post-disturbance regeneration stages. Vinir and VIir display significant potential for

observing forest post-disturbance regeneration compared to traditional vegetation indices.
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1. Introduction

In the context of global change, the growing attention
on the impacts of climate change has exponentially
enhanced the interest in plant phenology over the past
two decades [1]. Primary research is focused on
agriculture, forestry, and classification or mapping,
in addition to assessing post-disturbance (e.g., timber
harvest and fires) regeneration. According to [2][3]
and [4], the collective impacts of both human-caused
(e.g., harvests and fires) and natural (e.g., lightning-
caused fires and blowdown) disturbances have
prompted investigation of forest landscape patterns
and regeneration over vast extents. For instance,
climate change is becoming more pronounced
throughout Canada, producing higher average
temperatures, longer and drier summers, and more
lightning storms [5]. Referencing [6] and [7], a forest
environment altered by climate change, as well as the
impact of more frequent and more intense fires, may
inherit modified post-disturbance regeneration
trajectories. Remote sensing spectral vegetation
indices, as reported by [1][8] and [9], are used
extensively to assess the instantaneous state and
change in the state of vegetation. In [10] and [11], this
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is seen extensively in forest monitoring and
assessment, particularly for tracking post-disturbance
regeneration. However, according to [11] [12] and
[13], commonly used indices saturate, prohibiting
correct interpretation of surface conditions, and are
influenced by multiple factors. This study seeks to
characterize the impacts of the structural
underpinning of the equations used and the input
values expected for specific land cover conditions.
From [10] and [11], the normalized difference
vegetation index (NDVI) is the most widely used
spectral enhancement vegetation index for post-
disturbance satellite remote sensing.

Vegetation index saturation occurs when a target
landscape is covered with vegetation and the specific
index is hindered from providing a view of vegetation
status or increasing fraction [14]. When viewed from
a satellite, index saturation attributed to vegetation’s
spatial configuration, specifically high leaf-area
index and/or high biomass, can affect the detection of
plant presence and health assessments by yielding
similar or identical values for entirely different

vegetation distributions.
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Monotonic index saturation primarily attributed to
high leaf-area index (LAI) and high biomass and can
affect plant presence and health assessments by
yielding similar or identical index values for entirely
different vegetation conditions, according to [15] and
[16]. Complex visual structural models of traditional
and advanced indices may be used to identify the
influence of saturation effects by simulating the
computational domains of spectral vegetation index
response across burned and unburned forest land
cover [17].

Remote sensing is an effective method for
extending field survey findings over a variety of
local, regional, or greater extents with the potential to
advance current knowledge of environmental
processes over the time-series of collected data and
beyond with predictive measures; [18][19][20] and
[21]. While many survey methods exist to monitor
the environment, field methods cannot typically
cover such vast extents on a routine basis since
remote and hard-to-access sites make field surveys
prohibitively expensive. Sensors mounted on orbital
satellite platforms record solar radiance reflected
from Earth’s surface. Reflectance, in the context of
this paper, is the percentage, or 0 — 1 ratio, of solar
radiance reflected through the atmosphere and
received by a remote sensor.

Vegetation indices are intended to characterize
greenness, a function of chlorophyll concentration
within an instantaneous field of view [22], and may
be correlated with things such as plant biophysical
properties and canopy structure according to [15] and
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properties of target features, often by taking the
difference of contrasting spectral responses from key
wavelength ranges within the electromagnetic
spectrum [24] and normalizing the result to obtain
values constrained to a specified range [8]. By
enhancing features that characterize vegetation
status, spectral vegetation indices assist in classifying
target features within a continuous gradient. They
assign a single value to each cell in an image, meant
to be interpreted as a status indicator of vegetation
presence and condition.

Referring to Figure 1, the typical multispectral
responses to green vegetation, according to [25] and
[26], as well as dry stressed vegetation, according to
[27] and [28], in addition to post-disturbance
charcoal and severe crown fire burns, according to
[29], are shown, superimposed upon the positions of
Landsat visible Blue, Green, and Red, Near-infrared
(NIR) and Shortwave-infrared (SWIR) bands [30].
Also shown is the typical response for bare soil,
according to [31] and [32], since soil can produce
“noisy” spectral returns in the absence of vegetation
canopies. For instance, [31] and [33] found that the
Red/NIR ratio is contingent on the biomass and
density of green (chlorophyll-containing) vegetation.
The typical signatures for each land cover class
indicate significant potential separability in the NIR,
SWIR2, and TIR bands. NDVI has been frequently
implemented to chronicle vegetation growth cycles
with time-series satellite data given its capacity to
compensate for sensor angles, lighting conditions,
and topographic variations as reported by [9] and

[23]. Spectral enhancement indices work by [36].
mathematically magnifying characteristic spectral
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Figure 1: Spectral signatures of typical disturbed and undisturbed land cover types. Modified from [27] [29]
[34] and [35]
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Chlorophyll absorbs Red and Blue light to drive
photosynthesis and therefore green light dominates
the reflected visible wavelengths; however, the NIR
wavelength is most substantially reflected. NDVI
works, as explained by [37] and [38], by calculating
the difference between reflectance in the visible Red
and invisible NIR and dividing the difference by their
sum to normalize the resulting value to a constrained
range as presented in equation 1.

NIR — Red

NDVT = IR+ Red

Equation 1

Vegetation indices incorporating the visible and NIR
bands are sensitive to changes in vegetation
condition, though they are likewise limited by the
presence of shorter vegetation typically covering less
area and having less biomass compared to forest trees
such as forbs, grasses, and non-woody pioneer flora,
which quickly regrow in post-disturbance landscapes
rapidly returning the index to pre-disturbance values
[11].

NDVI, according to the findings of [12] and [39],
is insensitive to variation in vegetation status given
NIR reflectance inputs > 0.30, especially with Red
inputs < 0.7. For instance, monotonic non-linear
saturation typically occurs given LAl > 2 and
vegetated fraction (VF) > 60% [12]. LAI is a unitless
ratio of two-sided leaf area (m?) divided by ground
area (m?). VF is the percentage of ground area
covered by the vertical projection of leaves, stems,
and branches. NDVI typically saturates at NIR >
0.30, meaning the maximum value of the dynamic
range levelled off and yielded similar values for
different vegetation classes and stages. Here, the
dynamic range of an index is defined as the numerical
difference between the highest and lowest values for
an index calculated for a theoretical remotely sensed
satellite scene. The normalized burn ratio (NBR)
presented in equation 2 has been used widely to
assess post-disturbance regeneration by comparing
time-series data; [2] and [10].

R— NIR —SWIR2

"~ NIR+SWIR2
Equation 2

Here, it is crucial to consider the sensitivities of each
band incorporated in a vegetation index when
selecting the best index for an application.
Chlorophyll-rich vegetation exhibits low Red and
high NIR reflectance, while burned areas provide low
NIR and high SWIR reflectance. SWIR has been
found to possess a significant inverse correlation with
soil moisture (R% > 0.80), according to [40] and [41],
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the presence of green vegetation, according to [42]
and [43], and specific post-fire soil conditions (e.g.,
ash and charcoal), according to [44] and [45]. NBR
has been found to possess a stronger correlation with
field survey data of burn severity than NDVI-based
methodology [45]. However, NBR has also suffered
from saturation during post-disturbance landscape
analyses [46]. For instance, comparing field survey
data from 289 burn sites in Alaska, USA, it was found
that the lowest NBR values did not match the lowest
field-assessed severity [47]. According to [15] and
[16], significant saturation occurs in the Red and
NIR, rendering studies of post-fire regeneration
conducted with NDVI and NBR less informative due
to reflectance values produced by dense vegetation
such as boreal forest stands. Saturation may hinder
the transmission of information about post-
disturbance regeneration to policymaking as the
information will potentially be inaccurate [48].

Previously, numerous indices incorporating both
SWIR and thermal-infrared (TIR) (10,400 — 12,500
nm) bands have been tested for observing post-
disturbance regeneration [23]. It has been found
widely, for instance in [49] [50] and [51], that canopy
structure, leaf orientation, leaf water content, and soil
moisture content are important factors that determine
TIR response. Further, research indicates primary
TIR absorption by polysaccharides such as cellulose
and leaf surface constituents such as waxes and hairs
[52]. Additionally, a strong inverse correlation (R? >
0.95) has been observed between visible Green (520
— 600 nm) reflectance and Chlorophyll a (Chl-a)
concentrations in global vegetation [53]. A stress-
related index incorporating the Green, SWIR, and
TIR was proposed by [23], effective for assessing
forest regeneration stages, and identifying the time
since deforestation. During a study of its usefulness
for separating land use and land cover (LULC) types,
[54] proposed the name VIir (infrared vegetation
index). Vlir is determined from equation 3.

_ TIRxGreen

" SWIR2
Equation 3

The premise of this index is that where dry (or
burned) vegetation will return higher SWIR
reflectance, healthier vegetation will return a smaller
SWIR denominator yielding higher index values. R?
= 0.26 (95% confidence) with NDVI compared to
0.93 (99% confidence) with VIir [23]. In addition to
Vlir, [23] proposed the Green, Red, and NIR bands
may be effective for regeneration assessments; useful
for older sensors onboard satellites that do not feature
SWIR or TIR, such as Landsat 1-5 MSS.
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We propose the name Vlir (near-infrared vegetation
index); as defined in equation 4 which may be useful
for assessing vegetation amount [55].

yp_ VIR x Red
NIR = GREEN
Equation 4
Comparing the index association with post-

deforestation regeneration stages, R = 0.50 (95%
confidence) [23]. The general premise of this index
is that where green reflectance has an inverse
relationship with chlorophyll content, healthy
vegetation will return a smaller green denominator,
yielding a higher index value. As a note of caution,
both VInr and VIir may flood to extremely high
values due to lower reflectance values resulting from
the presence of shadows [56]. Moreover, Vinir can
saturate sharply to extremely high values due to bare
soil features that typically possess both Red and NIR
reflectance higher than green reflectance values.
Vinir and Vg possess higher correlations with forest
regeneration stages and are expected to provide a
more sensitive view of the variability of post-
disturbance conditions compared to the traditional
NDVI and NBR indices. The intent was to clarify the
potential usefulness of NDVI, NBR, VInir, and Vlr
for assessing thestages of forest post-
disturbance regeneration by  assessing  their
structural biases and sensitivities with mathematical
models and producing an easily reproducible
methodology for predicting index response.
Structural biases define the expected outputs given
any set of inputs. Input band sensitivities define how
much variability an index will possess. Does the
structure of an equation for a given index bias the
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output value, for given inputs? How do index
limitations negate widespread implementation?

Vegetation index structures were partitioned into
an array-like calculation space to model every
possible output within values ranging within
established minimum and maximum multispectral
and thermal band limits of burned and unburned
forest land cover class domains. An inclusive global
domain, defined by the upper and lower band input
limits of both burned and unburned vegetation allows
the simulation of index association with stages of
forest regeneration, from burned to unburned. To
evaluate how an index equation structure and the
bands incorporated may limit the type of information
that can be gathered from remotely sensed data,
complex statistical visualizations characterize input
variables with output metric surfaces.

2. Methods

By defining a mathematical domain with theoretical
minimum and maximum response limits for the input
bands, each index can be simulated as a continuous
number line. Theoretically, this type of study could
be conducted without measuring satellite image
pixels, given a set of input values justified by a
significant body of background research identifying
expected electromagnetic band response for relevant
land cover types. The findings are considered
universally applicable to a wide variety of
environments where remotely sensed spectral
properties are expected to behave similarly. Table 1
shows simulated multispectral and thermal band
input limits, derived from the typical spectral
response signatures seen in Figure 1 and the forest
land surface temperature (LST) limits defined in [49]
and [50], used to define burned, unburned, and
inclusive global index domains.

Table 1: Statistical data of simulated bands

Lot Green Red NIR SWIR?2 (L;T'Ff, 0 XRNef'R § g';fen
Min

Burned 0.0300 0.0300  0.0600 0.0900 15 0.0018  0.4500

Unburned 0.0400 0.0300  0.3000 0.1500 15 0.0090  0.6000

Global 0.0300 0.0300  0.0600 0.0900 15 0.0018  0.4500
Max

Burned 0.0500 00700  0.1200 0.3000 38 0.0084  1.9000

Unburned 0.1200 0.1000  0.4000 0.2100 38 0.0400 45600

Global 0.1200 0.1000  0.4000 0.3000 38 0.0400 45600
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Model-fitting was performed by adjusting sampled
limits to produce theoretical band response
distributions and then simulating each index using
the continuous number lines. The value of the
multiplied inputs of Vinr and VIir were treated as
independent limits. To understand NDVI, NBR,
VInir, and VI structural biases and sensitivities,
each index was simulated within the theoretical
multispectral and thermal response domains of
burned and unburned forest land cover using array-
like structures, as detailed by [17] and [57]. That is,
calculations were performed with each index formula
using all possible input combinations within the
theoretical spectral domains. Simulated domains are
theoretical and may possess a significant number of
spectral response combinations that most likely will
not occur in the real world. Therefore, they provide a
limited view of the statistical range of a distribution
and variability while preserving an interpretation of
central tendency [58]. For instance, green vegetation
should not be modeled with the potential to produce
negative NDVI values since green vegetation will
always reflect more NIR than Red.

Principal Component Analysis (PCA) of mean
index response within each land cover class yields a
simultaneous comparison of joint sensitivity. Box
plots were created to examine potential index
variation across the simulated dynamic ranges of
simulated burned and unburned land cover classes as
well as both classes inclusively (global). Three-
dimensional plots, generated by cross-referencing
select input values on the x and y-axes for comparison
with the simulated index value on the z-axis, provide
a view of every possible global computational output
as a continuous surface. Global index cross-sections
are depicted as transects of box plots with index
values grouped by delta (A) or multiplier components
that define a value increase, which illustrate local
variability.
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A is commonly defined as the difference or expected
difference between two values.

3. Results

3.1 Principal Component Analysis

PCA measures the influence of predictor variables on
unit vectors expressed as linear angles. Table 2 shows
mean index values for each land cover class as
derived from simulated multispectral and thermal
input computational domains. Loadings are
correlation coefficients of the variables used to
calculate the principal components (Table 3). Values
towards 1 or -1 indicate the input variable strongly
influences the vector. Principal component 1 (PC1)
represents the axis with the most variation in the data
and principal component 2 (PC2) is the axis with the
second most variation in the data. Arrow lengths
approximate the variance and arrow points
correspond to observed scores on the two
components. Small angles indicate a correlation
between vectors. cos? indicates the quality of variable
representation (how much a variable is represented)
on the PCA for each index, considering the sum of
cos? values on the PCA is equal to one [59]. Figure 2
illustrates the strong correlation of all four vectors
across PC1 given they are known to possess
monotonic associations with vegetation status.
NDVI, known to have a significant correlation with
vegetation Chl-a concentrations, is shown to be
closely related to NBR, known to have a significant
correlation with post-fire burn severity. VInr and
Vg, both known to possess significant correlations
with stages of vegetation development, are shown to
be closely related stress-related indices. The position
of VInir and Vg on PC2 indicates they contribute
more variability in the direction of linear association
compared to NDVI and NBR which are known to
saturate, hence opposing vectors.

Table 2: The mean of simulated bands

Land cover NDVI NBR VInR VIir
Global 0.50 0.05 0.32 14.56

Burned 0.28 -0.34 0.14 7.95
Unburned 0.64 0.41 0.35 14.11

Table 3: Standardized PCA of simulated bands

Land cover NDVI NBR VInir AT
Global 0.1602 0.0319 0.4485 0.6372
Burned -1.0704 -1.0156 -1.1457 -1.1526
Unburned 0.9103 0.9840 0.6972 0.5153
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Figure 3: Violin and box plots of vegetation indices

3.2 Vegetation Index Response by Land Cover
Class Domain

Simulated global index domains, inclusive of both
burned and unburned vegetation, were visualized to
identify saturation biases and index similarities
and/or differences. Figure 3 shows NDVI, NBR,
VlInir, and VIr dynamic ranges rescaled to 0.00 —
1.00 to facilitate comparison. Violin plots show the
value probability density of all possible values
smoothed by a kernel density estimator in addition to
the elements of a box plot. The shapes of the violin
distributions indicate a bias towards higher NDVI
and NBR values compared to VInir and VIir. While
the empirical relationships between vegetation
indices may result in equally reliable outputs when

considering insignificant response differences,
functional equivalency is beyond the scope of this
paper [60]. Simulated computational domains for
NDVI and NBR display distributions that increase in
breadth given higher index values and taper off,
indicating saturation of higher values. The
mathematical structure of VInir and VIr differ from
NDVI and NBR. Their simulated domains display
distributions grouped towards the lower end of the
dynamic ranges. In the comparison of all dynamic
class ranges and considering central tendency as an
inverse measure of index sensitivity due to saturation
to higher values, NDVI and NBR were found to be
significantly less sensitive than Viyr and Vlig.
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Notched box plots for all simulated vegetation index
burned and unburned land cover value domains yield
a view of potential class separability and association
with forest status (Figures 4(a)-(d)). Notches are
approximated by the interquartile range of a
distribution, where non-overlapping notches indicate
a significant statistical difference between median
values. The notches on Figures 4(b)-(c) are minor,
thus barely perceptible, since the simulated domains
of Vinr and VIir do not possess multiple values at
each output level resulting in relatively small
confidence limits around the median. In all cases,
lower index values are associated with burned
vegetation.  Saturation characteristics can be
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determined from Figures 4(a)-(b), where the
tendency towards higher NDVI and NBR values and
the tapered shape of the distributions indicate
monotonic, non-linear association with forest stages
across the simulated value ranges having fewer
possible simulated outputs nearer the median value.
The distributions are approximately normal.
Conversely, Figures 4(c)-(d) do not display a
tendency towards higher index values and their
uniform shapes indicate a monotonic linear
association. Simulated index returns for unburned
forest are more skewed than burned. In both cases,
the distribution of lower values is greater than the tail
of higher values.
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Figure 4: Box plots of burned and unburned for (a) NDVI (b) NBR (c) Vinr (d) VIir
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Larger dynamic ranges are indicative of greater
variability of index response to class-specific
features. For instance, the large dynamic range of
NBR values for burned vegetation (-0.67 — 0.14)
corresponds with the fact that NBR is known to
enhance details related to burn severity. NDVI
displays different range sizes for burned and
unburned vegetation (-0.08 — 0.60 and 0.33 — 0.86)
with little class separability, while NBR displays a
smaller range for unburned (0.18 — 0.63) and
significant separability. In comparison, VInr and
VI display distributions grouped towards the lower
end of their dynamic ranges with similar ranges for
burned (0.04 — 0.28, 1.50 — 18.26) and unburned
(0.08 — 0.79, 2.14 — 30.40) vegetation. Simulated
unburned forest returns for Vinr and Vg extend
farther from the median towards higher values.

a)
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- 0.6
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0.0

Figure 5: 3D surface of vegetation indices
(@) NIR-RED-NDVI (b) NIR-SWIR2-NBR
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3.3 Three-Dimensional Continuous Surfaces and
Cross-Sectional Transects

The simulated global domains were summarized by
producing three-dimensional plots to visualize index
response as a continuous statistical surface (z) to
facilitate the interpretation of what combination(s) of
input values (x, y) will lead to the possible outputs
and the joint-variability among multiple indices
(Figures 5(a)—(b)) and Figures 6(a)—(b)). NDVI and
NBR display convex structures with increasing index
values given larger NIR inputs and decreasing given
larger Red or SWIR2 inputs. The output value slope
indicates rapid index saturation due to bias associated
with NIR > 0.30, in which case the index becomes
insensitive to Red < 0.05 and SWIR2 < 0.10. VInir
and VIir concave structures increase sharply across
multiplied values and decreasing Green or SWIR2
inputs. The slope of the output value indicates
gradual saturation towards higher values given
smaller denominators.
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Figure 6: 3D surface of vegetation indices
(a) Green-NIRxRed-VInr
(b) SWIR2-TIRxGreen -VIr
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Box plot transects illustrate local variability within
index values grouped by band difference, or A,
(NDVI and NBR) and multiplier (VInir and VIiRr)
components that define an increase in index values
(Figures 7(a)—(d)). Index denominators, shown on
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Figure 7: Cross-sectional transects of vegetation indices (a) NDVI (b) NBR (c) VInr (d) Vlir

the upper axis, define association with the target
surface. For example, referring to Figure 1, a
hypothetical soil target may return a numerator of
0.05 and a denominator of 0.45 (NDVI = 0.11)
compared to a hypothetical charcoal target which
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may return the same numerator of 0.05 with a
denominator of 0.15 (NDVI = 0.33). Here,
considering NDVI and NBR, for every range of
linearly increasing numerator values, the values of
the corresponding range of denominators increase
non-linearly, with each maximum value exceeding
that of the proceeding range. Moreover, the two NBR
denominator groups with the highest values have
maximum values lower than that of the previous
group, describing lower SWIR2 values compared to
previous groups. Conversely, the structure of Vinr
and VIR dictate the same denominator range for
every numerator group. In any case, the index
structure provides monotonic separation between
unburned and burned vegetation across the dynamic
range. NDVI and NBR values depend on the distance
between NIR and Red inputs. NDVI and NBR values
increase given higher NIR and lower Red inputs,
which produce higher A values. VInir values increase
linearly due to the inverse correlation of the Green
band denominator with Chl-a concentrations as
described in Figure 1. Likewise, to Vinr, VIir
increases linearly due to the inverse correlation of the
SWIR2 band with Chl-a concentrations, also
described in Figure 1.

The NDVI and NBR box plot transects display
monotonic non-linear trajectories across their
dynamic ranges as the A value increases, depicting
index saturation. Index transect comparison shows
that NDVI and NBR have similar variability across
all possible inputs, though NDVI displays the
greatest variability between A 0.10 — 0.40. Vinr and
VIr have increasing variability given higher inputs
in Red x NIR or SWIR x TIR respectively. The VInir
and VIir transects display increasing variability
within their dynamic ranges as the multiplied input
values increase. While the rate-of-change across
NDVI and NBR transects remains relatively
constant, the increasing variability across VInr and
VIr transects accelerates linearly from one group to
the next.

4. Discussion

This study utilized statistical visualizations to assess
simulated domains for four vegetation indices with
potential usefulness for observing forest post-
disturbance regeneration. Cross-comparison among
indices within simulations of typical multispectral
and thermal band response ranges for burned and
unburned vegetation showed that NDVI and NBR are
prone to monotonic non-linear saturation of their
dynamic ranges, especially NDVI. Conversely, VInir
and V1r were found to be much less likely to produce
higher index values. PCA measured the variance
among indices and showed that NDVI and NBR are
closely related compared to VInr and Vlig.
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Both pairs consistently displayed similar variation
during each simulation. The lower central tendency
of ViInir may be attributed to the incorporation of dry
unburned vegetation in the simulated domains.

Considering index sensitivity to a remotely
sensed target, there is a clear association with
numerator size on index variance and mean value.
The denominator defines feature separation.
Removing the denominator during calculation would
negate the structural association with the target. For
instance, simulations of NBR, VInir, and VIr display
significant differences between the dynamic ranges
of burned and unburned land cover; NBR displayed
a significantly smaller range for unburned in contrast
to VInr and VIr. The observed between-class
separation identifies all four indices as potentially
useful for applications of classification and mapping.
Used in tandem, land cover maps can be cross-
referenced with Vinr and VIr time-series data to
observe the health and regeneration trajectories of
undisturbed and disturbed forests.

NDVI and NBR surfaces exhibit rapid saturation
given NIR > 0.30 as well as Red < 0.05 and SWIR2
< 0.10 values, respectively, according to the
expectations of [12] and [39], while VIyr and Viir
surfaces exhibit more gradual saturation given Green
< 0.10 and SWIR2 < 0.20. VInr and VI flood
rapidly given low denominators (possibly
attributable to the theoretical presence of shadows or
significant moisture content, respectively, as reported
in [56] [61] and [62]). Increasing ranges of input
NDVI and NBR A values across the global domain of
forest vegetation, that is, from burned to unburned,
produce the expected non-linear saturation effect
widely captured in peer-reviewed research, [15] [16]
[46] and [47], while increasing input Vinir and Vg
multipliers produced the linear association expected
by [23]. NDVI and NBR display consistent
variability across all possible inputs, while VIyr and
VIir displayed increasing variability given higher
multiplier inputs.

5. Conclusion

The intention of this study was to produce an easily
replicable methodology for predicting remote
sensing spectral enhancement index response,
independent of physical study areas, that may be
integrated with efforts at any scale. An analysis was
made of two traditional spectral vegetation indices
(NDVI and NBR) and two advanced spectral
vegetation indices (VIir and Vinir) by simulating
domains based on typical multispectral and thermal
response signatures reported in peer-reviewed
scientific research. NBR and NDVI displayed little
variation across simulated domains since their
structural configurations and the bands they
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incorporate produce returns with an insensitive upper
range of index values when NIR reflectance exceeds
0.30. The results indicate that forest post-disturbance
regeneration might be more vividly assessed with
VInir and Vg since they express linear association
with forest stage, from burned to unburned, and
display more local variability when considering
higher input values compared to traditional
vegetation indices.

The mathematical structure of VIyr and Viir
possess  substantially different computational
domains than NDVI and NBR and exhibit greater
variability among simulated output ranges, indicating
increased sensitivity to vegetation status. It is
proposed that VInwr and VIir can be useful for
observing changes in vegetation status, given their
apparent linear associations with the biophysical
properties of forest post-disturbance regeneration.
NDVI and NBR may not be useful for detailed
assessments of post-disturbance landscapes; they
may be better suited for applications of classification
and mapping requiring significant separation
between land cover classes or studies examining only
vegetation that yield lower index returns.
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