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Investigating Abiotic Sources of Spectral Variability
From Multitemporal Hyperspectral Airborne

Acquisitions Over the French Guyana Canopy
Colin Prieur , Antony Laybros , Giovanni Frati, Daniel Schläpfer , Jocelyn Chanussot , and Grégoire Vincent

Abstract—Classifiers trained on airborne hyperspectral imagery
are proficient in identifying tree species in hyperdiverse tropical
rainforests. However, spectral fluctuations, influenced by intrinsic
and environmental factors, such as the heterogeneity of individual
crown properties and atmospheric conditions, pose challenges for
large-scale mapping. This study proposes an approach to assess the
instability of airborne imaging spectroscopy reflectance in response
to environmental variability. Through repeated overflights of two
tropical forest sites in French Guiana, we explore factors that affect
the spectral similarity between dates and acquisitions. By decom-
posing acquisitions into subsets and analyzing different sources
of variability, we analyze the stability of reflectance and various
vegetation indices with respect to specific sources of variability.
Factors such as the variability of the viewing and sun angles or
the variability of the atmospheric state shed light on the impact of
sources of spectral instability, informing processing strategies. Our
experiments conclude that the environmental factors that affect
the canopy reflectance the most vary according to the considered
spectral domain. In the short wave infrared (SWIR) domain, solar
angle variation is the main source of variability, followed by atmo-
spheric and viewing angles. In the visible and near infrared (VNIR)
domain, atmospheric variability dominates, followed by solar angle
and viewing angle variabilities. Despite efforts to address these
variabilities, significant spectral instability persists, highlighting
the need for more robust representations and improved correction
methods for reliable species-specific signatures.

Index Terms—Hyperspectral imaging, reflectivity, spectroscopy,
vegetation mapping.

I. INTRODUCTION

TROPICAL forests and their biodiversity are key markers
for the climate change and are under critical threat be-

cause of an increased pressure stemming from human direct
or indirect influence. Effective high-throughput remote sensing
tools are hence crucial to document the floristic compositions of
inaccessible environments and their evolution [1], [2].

Field identifications, while fundamental, are expensive, la-
borious, slow, and even potentially detrimental to these areas.
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Road construction and survey trails, commonly required for
ground-based botanical identification, not only disturb forests
in their own right, but also improve the access of poachers and
illegal loggers [3], [4], [5]. Also, they do not scale up for the
repeated monitoring of large areas.

Data quality is key for the effectiveness of remote sensing
approaches in identifying plant species. RGB images show
promise in species discrimination, the very high spatial resolu-
tion compensating for the spectral limitations [6], [7]. However,
large-area mapping with very high-resolution drones also faces
challenges due to limited autonomy and computational costs.

In tropical forests, where tree species richness can exceed
300 species per hectare [8], [9], hyperspectral airborne imaging,
offering metric resolution imagery, is wellsuited for canopy
species mapping [10], [11], [12], [13].

However, challenges arise from sensor sensitivity to acqui-
sition context, which compromises the transferability of the
identification technique [12], [13], [14], [15].

The effects of bidirectional reflectance distribution function
(BRDF) on the classification performances of temperate tree
species were analyzed by [16], highlighting the importance of in-
corporating BRDF corrections [13], [15]. Furthermore, Laybros
et al. [12] reported a loss in species classification performances
of ca. 10 points when a classifier trained on one date was applied
to hyperspectral imagery collected the following day.

Failure to address spectral variability stemming from envi-
ronmental conditions can impede species identification efforts.
This variability poses a challenge in the implementation of large-
scale identification models, as classifiers struggle to maintain
performance across different acquisition contexts [16], even for
the same area imaged on different dates [12]. This necessitates
model retraining and in situ ground-truthing for each acquisition
and study area, contradicting the technology’s primary benefit.
However, different spectral signal representations may exhibit
differing levels of resilience to this variability [13], [16].

Two forms of spectral variability are commonly distin-
guished, [17], [18].

1) The “intrinsic” or biotic variability of vegetation reflects
differences in phenological stage, water and nutrient con-
tent, leaf size, density, and arrangement, influencing the
optical properties [17], [18], [19]. These characteristics
may change over time for an individual tree crown but
will also show variability within an individual tree crown
at any point in time. Previous research using models like
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Fig. 1. (a) Location of the pixels considered within one tree for a single
acquisition. (b) Spectra of the considered pixels.

MODTRAN [17], [18], [19] and the PROSPECT [20],
[21] and SAIL model [22] and their combination, PRO-
SAIL [23] has explored the effects of leaf and canopy
properties such as leaves chemical composition, leaf tissue
structure, and leaf spatial arrangement on species’ spectral
signatures [19], [24]. Despite its importance, the phenol-
ogy of tropical forests is poorly documented, which com-
plicates species identification [25]. Intrinsic variability is
evident within single tree crowns (see Fig. 1), largely due
to their 3-D nature and multiple scattering effects, which
challenge per-pixel modeling.

2) The “environmental” or abiotic variability refers to each
pixel’s spectrum sensitivity to acquisition conditions.
High-resolution airborne imagery’s radiance at the sensor
is affected by factors related to atmospheric conditions
(aerosols, water vapor, cloud cover), solar illumination
(irradiance angle, and diffuse illumination) [17], [26].
Remote sensing tool development is closely linked to
progress made in atmospheric correction routines [26],
[27], [28], aiming for calibrated spectral representations
validated with in situ acquisitions [26], [29].
However, atmospheric corrections aim at estimating the
in situ reflectance [29], which varies with illumination
conditions [30], reflectance anisotropy [14], [31], [32],
[33], [34], and adjacency effects [35]. The abiotic variabil-
ity, highlighted in studies [12], [16], and [36], emerges in

Fig. 2. Different acquisitions of the same area in RGB false color from an
hyperspectral acquisition.

Fig. 3. Several spectra of the same area (red dot in Fig. 2) given different
hyperspectral acquisitions.

spectral plots of the same pixel between acquisitions (see
Figs. 2 and 3).

The design of a scalable procedure for species identification
encounters two challenges.

The first challenge is related to intrinsic variability and per-
vades any species identification endeavor [11], [12], [37]. Uti-
lizing airborne hyperspectral technology alongside a represen-
tative ground-truth of tropical forest botanical variability offers
promise in overcoming this hurdle, with identification method
robustness evaluated across diverse test datasets [11], [12], [37].
The second challenge relates to spectral representation resilience
amid abiotic variability. Despite atmospheric correction address-
ing this variability, the performance of hyperspectral datasets
hinges on acquisition parameters [12], [16]. Vögtli et al. [36]
investigates spectral index and band sensitivity using the AT-
COR4 and BREFCOR methods [26], [31]. While atmospheric
correction extracts intrinsic pixel properties, correcting BRDF
effects in tree crowns remains problematic due to leaf and branch
orientation [38], [39]. Arguably, the correction of BRDF effects
in tree crowns is an ill-posed problem that cannot be solved at
high resolution due to the undefined orientation of leaves and
tree branches. Only the correction of illumination differences is
theoretically feasible on a per-pixel basis, provided an accurate
estimate of the illumination factors can be done, as demonstrated
by Carmon et al. [40].

Environmental variability has been addressed in different
contexts.
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1) Techniques for reducing spectral variability in material
identification, outlined in [17], involve encoding resilient
representations through physics-based corrections or sta-
tistical methods, and integrating a priori assumptions
about target variability.

2) Spectral unmixing methodologies [18] incorporate spec-
tral variability by employing freedom coefficients to ad-
dress spectral mixtures. Other approaches use simula-
tors [23], [41] to expand spectral libraries with multiple
iterations of the same material under diverse acquisi-
tion conditions, improving the robustness of unmixing
algorithms by capturing varied spectral responses across
environmental contexts.

This study evaluates the resilience of hyperspectral imagery
to abiotic variability in two sites of French Guiana. We con-
sider two response variables: 1) reflectance spectra produced
from the Atcor4 flat terrain algorithm; and 2) vegetation in-
dices derived from selected bands of the spectra: the normal-
ized vegetation difference index (NDVI) [42], [43], [44], the
chlorophyll index (CHL) [45], [46], the CARotenoid index
(CAR) [45], [46], and the equivalent water thickness (EWT)
index [45], [47]. We evaluate the relative importance of factors
such as viewing and solar angles, atmosphere, and illumination
variations.

Hyperspectral image strips are decomposed into pixel pairs
from identical coordinates. Spectral consistency is measured via
bandwise correlation coefficients and spectral indices. The in-
fluence of coregistration errors is investigated through synthetic
datasets, comparing their variability with real acquisitions.

In this study, we aim to test several hypotheses regarding
spectral variability in airborne hyperspectral imagery.

1) Specifically, we seek to determine whether spectral vari-
ability between acquisition dates surpasses spatial vari-
ability within a given species for one given acquisition.

2) Additionally, we aim to assess the superior importance of
solar angle variability compared to viewing angle variabil-
ity on the BRDF effects.

3) Lastly, we investigate whether vegetation indices exhibit
greater stability compared to raw reflectance, given their
design to capture biophysical canopy parameters that are
supposed constant across acquisitions.

The rest of this article is organized as follows. Section II
details the study sites, data sources, preprocessing operations,
spectral coherence metrics, and how the influence of the different
sources of variability is highlighted. Section III presents differ-
ent correlation per bands across subdatasets and the influence
of sources of variability over the spectral domain and spectral
indices. Section IV includes discussion and limitations of our
work. Finally, Section V concludes this article.

II. MATERIAL AND METHOD

A. Study Sites

Two natural forested landscapes in French Guiana were con-
sidered for this study: Paracou and Nouragues, respectively.

The Paracou research station is located in the north of French
Guiana (5◦16’ N, 52◦55’ W), about 15 km from the coast [48].

The annual average temperature is 26 ◦C with a variation of
± 1 ◦C. The rainfall is around, 2875 ± 510 mm per year [48].
The Paracou site is a hilly area, its altitude varies from 5 m to
about 45 m above sea level [48].

The Nouragues station is part of the Nouragues nature reserve
located in the center-east of French Guiana, 100 km from the
coast (4◦05’ N, 52◦40’ W) [49]. The average rainfall is 2990
mm per year [49]. The relief is made up of hills and plateaus.
The elevation of the site varies from 60 to 420 m at the top of an
inselberg.

B. Data Sources

Hyperspectral data were acquired by Hytech-Imaging us-
ing two sensors: Hyspex VNIR-1600 and Hyspex SWIR-
384me (Hyspex NEO, Norway), with a combined 17◦ field of
view (FOV). At the same time, a LiDAR laser scanner Riegl
LMSQ780 acquired data point clouds. The VNIR sensor covers
the range from 414 to 993 nm, discretized into 160 spectral
bands with a spectral sampling of 3.7 nm. The SWIR-384me
sensor covers the range from 976 to 2512 nm discretized into
288 spectral bands and 5.45 nm spectral sampling. The final
ground sampling distance (GSD) was 1 m for VNIR and 2 m for
SWIR data.

A NIR camera and an RGB camera, respectively, IXA-R 160
and iXU 180 from Phase One were added to the payload to
produce very high resolution imaging of the acquisition (10
cm GSD). The NIR acquisition resampled to the hyperspectral
VNIR resolution was later used to reproject flight lines into a
common mosaic (Section II-B3).

1) Date and Time of Acquisitions: Overflights of Nouragues
took place on 21 September 2016, and 22 September 2016.
The first acquisition started at 2:39 P.M. and finished at 4:38
P.M., equivalent to 1:59 P.M. and 3:59 P.M. in solar hour. A low
proportion of cloud shadows was present (see Table I). The
second acquisition started at 2:38 P.M. and finished at 4:38 P.M.,
equivalent to 1:58 P.M. and 3:58 P.M. in solar hour. A greater
proportion of shadows was present on the second day (see
Table I), flight geometry is presented in Fig. 4. The flight plans
were similar, but the first overflight of this area started in the
west and ended in the east, while the second flight started in the
east and ended in the west.

Overflights of the Paracou site took place on 19 September
2016 and 20 September 2016. The first acquisition started at 1:12
P.M. and finished at 3:38 P.M. local time, equivalent to 00:32 P.M.
and 2:58 P.M. in solar hour, starting on the western side of the
site (see Table I). The second acquisition started at 2:14 P.M. and
finished at 3:00 P.M., equivalent to 1:34 P.M. and 2:20 P.M. in
solar hour, covering a smaller area, about one third of the area
imaged on the first date; flight geometry is presented in Fig. 5
and Table I.

2) Corrections Applied: The hyperspectral images were ra-
diometrically corrected using static calibration parameters of the
manufacturer taking into account the dark signal, the bad pixels,
and the spectral response functions (SRF) depending on the field
of view (FOV).
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TABLE I
OVERFLIGHTS CHARACTERISTICS; THE PROPORTION OF CLOUD SHADOW IS BASED ON VISUAL DELINEATION OF SHADOWS ON THE HYPERSPECTRAL IMAGERY

Fig. 4. Flight schedule over an RGB mosaic (1 m GSD) of Nouragues for the
first date and second date of acquisition.

Fig. 5. Flight schedule over an RGB mosaic (1 m GSD) of Paracou for the
first date and second date of acquisition.

Hyperspectral radiance images were then orthorectified and
georeferenced at 1 m spatial resolution for the VNIR sensor
and at 2 m spatial resolution for the SWIR sensor with PARGE
software [50]. A 1 m-DSM (digital surface model) was produced
from the LiDAR point cloud by selecting the highest return per 1
m grid cell. The DSM was used for a refined orthorectification.
However, orthorectified flight lines still showed coregistration
errors between overlapping flight lines that were locally greater
than one pixel, inducing a coregistration error of more than 1 or
2 m for the VNIR and SWIR acquisitions, respectively. These
errors can be attributed to the intrinsic error of the Lidar surface
model created from the point cloud of a tree canopy, i.e., to
our knowledge there is no method available to determine the
radiometrically relevant surface from point clouds from a 3-D
canopy structure.

Each flight line was corrected using ATCOR-4 software as-
suming flat terrain to remove atmospheric perturbations [26].
The same atmospheric lookup table file considering rural aerosol
and the water vapor column was calculated automatically from
imagery using the 820 nm water vapor absorption band for each
study area and date.

As the aircraft flew between 920 and 1100 m altitude, the
water vapor column was estimated at an altitude of 1000 m.
Atmospheric correction yielded estimates globally consistent
with field measurements taken during the campaign, which are
accessible using the following link.1 Registered aerosol optical
thickness (AOT) from a Helio-photometer CIMEL located at the
drop zone north of the study area (Inselberg camp) in Nouragues
and on an open area in Paracou was below 0.2 for the 500 nm
band and equal to 0.143 on average for both days. The measured
daily average water column was 3.5 and 3.75 cm for the first
and second dates of acquisition, which suggests a high level of
perturbation due to water content [51].

According to [51], the amount of aerosol optical thickness
can be considered low on average (less than 0.18) at 500 nm
on both days at both study sites and low to moderate (less than
0.25) for the worst conditions, which showed an AOT of 0.2
for the 500 nm band. A constant rural AOT estimate per date
was considered for the atmospheric correction [26] (rather than
a spatially explicit version), [52].

3) Coregistration Operation: As mentioned in Sec-
tion II-B2, images projected onto the surface model still
suffered from a spatial registration error of about one pixel.

1[Online]. Available: https://aeronet.gsfc.nasa.gov/cgi-bin/draw_ map_
display_aod_v3

https://aeronet.gsfc.nasa.gov/cgi-bin/draw_
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Fig. 6. Recorded histogram of absolute shift errors detected by AROSICS [53]
between two VNIR flight-lines acquisitions of 1-day interval before (a) and after
(b) the coregistration correction, respectively.

To reduce this geolocation error, an additional registration
operation was conducted on all the acquired flight lines.

This coregistration error appears:
1) between acquisitions;
2) between the SWIR and the VNIR sensors (intersensor

offset).
This interacquisition and intersensor offset can arise from var-

ious sources and uncertainties in the PARGE projection process
(see Section II-B2). For each site, all flight lines of all VNIR
and SWIR acquisitions (see Section II-B) were coregistered
to a common orthorectified mosaic produced from the NIR
Phaseone camera. The images used were taken on the first
flight date on each site. The coregistration was conducted using
AROSICS [53] (see Appendix A). The residual coregistration
error between overlapping corrected flight lines was then also
estimated with AROSICS [53].

Errors between flight lines were similar whether they were
acquired on the same day or not, and each tie point estimation of
coregistration error was stored in a dictionary for the Nouragues
and Paracou area.

Coregistration accuracy of SWIR and VNIR acquisition dif-
fered slightly (the mean distance in pixels between identical
pixels from different flight lines was 0.4 pixel for the VNIR and
0.1 pixel for the SWIR, respectively).

4) Metadata of Condition of Acquisition: For each pixel of
every flight line, the following metadata was recovered.

1) Sensor viewing angles Azimuth and zenith viewing angles
were converted into raster format and incorporated into
the VNIR product prior to the coregistration process (see
Section II-B3). While minor artifacts may still be visible
at the center of each flight line due to the warping process
of coregistration correction, we consider these effects to
be negligible.

2) Solar angles, initially written in the descriptive flight-
line metadata supplied by Hytech-Imaging, azimuth, and
zenith solar angles were recovered and integrated during
the coacquisition dataset construction (see Section II-C).

3) Illumination coefficient (ILU), the indicator is calculated
over a radiometric estimation of the shadow fraction of
the pixel [52]. This coefficient is then clipped between 0
and 1 as a proxy for the percentage of direct illumination
(see Fig. 7).

5) Coacquisition Dataset: To retrieve common pixels cap-
tured by different overlapping flight lines, one could search
for each (x,y) coordinate of the mosaic, the corresponding

Fig. 7. (a) RGB false color representation of the studied canopy. (b) Illumi-
nation coefficient computed over the same area.

acquisitions in each flight line, but the search process would
be particularly time consuming.

All the pixels acquisitions were then regrouped by their coor-
dinates (Xmosaic, Ymosaic) in the NIR mosaic, defining a set E of
all possible available coacquisitions for each pixel. This subset
E is then later called coacquisitions in our study, as it contains
all hyperspectral acquisitions of a same location of the DSM
mosaic.

C. Spectral Coherence

Coacquisitions were grouped into pairs based on their meta-
data to study specific sources of variability (see Section II-B5).
The general decomposition flow chart is presented in Fig. 8,
where each dataset used for this study is the result of specific
subsets coming from the general dataset presented.

Only well-illuminated pixels (ILU ≥ 0.95) were considered.
In addition, nonforest pixels were carefully masked. These
corresponded to water bodies (river in Nouragues), a rocky
outcrop (inselberg in Nouragues), various bamboo thickets (in
Nouragues), a large clearing (Paracou), and tracks (Paracou) and
base camps in both sites. After this data cleansing operation, re-
maining coacquisitions were paired based on specific differences
in their acquisition condition.

The first comparison parameter is the acquisition date, as
indicated in Fig. 8.

1) When ΔDate == 0, there is no change of date between the
pairs of acquisition, which defines the intradate dataset.
These acquisitions result from overlapping cross-track
flight-lines captured the same day.

2) When ΔDate == 1, there is a change of date of one day
between the acquisition pairs, which defines the interdate
dataset.
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Fig. 8. Flowchart of the different dichotomies implemented for this study.

Other parameters considered when pairing pixels were the
difference in viewing and sun angle geometry, respectively
corresponding to ΔView and ΔSun.

Angle variation between acquisitions refers to the relative
angle between sun or viewing vectors in the two acquisitions.

To explore the influence of viewing angle variations between
a pair of coacquisition (see Section II-C), a first decomposition
of the intradate subdatasets is implemented, based on whether
pairs exhibit a high or low ΔView.

Pixels from neighboring flight-lines on the same date share
identical solar angle and atmospheric conditions, though their
ΔView differs from 0 due to the cross-track FOV. This assumption
is reexamined in Section II-D.

The opposed flight plans direction over the Nouragues area
between dates (see Fig. 4) results in significant ΔSun variability
for interdate coacquisitions (see Fig. 4). In contrast, in the Para-
cou area, interdate coacquisitions exhibit a low ΔSun variability
due to identical flight plan direction across dates (see Fig. 5).

This allows for decomposition into subdatasets showing coac-
quisitions with high and low ΔSun in Nouragues, unlike Paracou
(see Fig. 8).

Finally, to meaningfully compare responses across sites, we
reduced the discrepancy in solar illumination geometry between
the two study sites by restricting the solar zenith range of the
Nouragues acquisitions to [33, 45◦]. This constraint was relaxed
to study the influence of ΔSun for the Nouragues area.

A description of registered variability and the number of
coacquisition pairs screened for each dataset presented in Fig. 8
is provided in Tables II and III for Nouragues and Paracou.

From these different subdatasets, it is possible to apply dif-
ferent metrics expressing the amplitude of a spectral variability

TABLE II
DESCRIPTION OF SUBDATASETS OF PAIRED COACQUISITION USED FOR THIS

STUDY OVER THE NOURAGUES AREA

TABLE III
DESCRIPTION OF SUBDATASETS OF PAIRED COACQUISITION USED FOR THIS

STUDY OVER THE PARACOU AREA

(see Sections II-C1, II-C2, and II-C3). The comparison of these
metrics between the different subdatasets can then be interpreted
as the contribution of each source of variability mentioned above
and is presented in Section II-D.

1) Correlation Per Band: Given a dataset of paired acqui-
sitions, spectral variability per band is evaluated using Pear-
son correlation coefficient between corresponding bands of the
paired datasets. This provides a measure of similarity between
coacquisitions for each band of the hyperspectral signal.

Several cases of saturation occurred in the SWIR2 domain, see
Section II-C2, where vegetation pixels showed more than 20%
reflectance. Such spurious values were removed in the SWIR2
domain as they are implausible for vegetation pixels [11]. A
bootstrapping operation [54] was implemented for each esti-
mation of the correlation per band, with 200 iterations of the
considered dataset for this estimation.

2) Explained Variance: To summarize and present straight-
forward results on spectral instabilities within a given spectral
domain, the mean explained variance is computed based on the
correlation per band calculated in Section II-C1.

Spectral acquisition is decomposed into five different spectral
domains.

1) VNIR: Corresponds to the Hyspex VNIR camera, cover-
ing [414–993 nm].

2) SWIR0: Before the first atmospheric absorption band,
covering [977–1330 nm].

3) SWIR1: Between the two atmospheric absorption region,
covering [1498–1775 nm].
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TABLE IV
SPECTRAL INDEX DEFINITION TABLE

4) SWIR2: After the last atmospheric absorption region,
covering [1981–2361 nm].

5) The entire spectral domain provides a general expression
of the recorded spectral coherence across one dataset.

For each spectral domain and paired coacquisition datasets
outlined in Section II-C1, the mean correlation within the spec-
tral domain is computed and squared to derive the explained
variance of one coacquisition by the other

ExplainedV ariance = μ(PersonRBands[Domain]2). (1)

The result of (1) then provides information about the gen-
eral stability of the domain spectrum in different domains, or
different conditions of acquisition. A bootstrapping was also
implemented for each estimation with 200 different iterations of
the considered dataset.

3) Spectral Index Coherence: Many vegetation indices can
be derived from hyperspectral data, [24], [43], [44], [45]. Some
indices are considered to be closely related to particular con-
stituents or structural properties of tree crowns [24], [43], [44],
[45]. Indices are also used as first-level embedded spectral
attributes to extract physically interpretable values or to later
feed into more complex models.

Vegetation indices combining bands in a nonlinear fashion
may show a different level of consistency than spectral values.
Here, we examine a selection of indices responsive to leaf
pigments and water content. These indices are the NDVI, the
CHL, the CAR, and the EWT index. Their sensitivity and
formula are summarized in Table IV. Since the maximum time
between successive flights is 24 hours, this study assumes that
chemical and structural properties remained unchanged during
data collection.

The variability of each index presented in Table IV is then
evaluated by estimating the percentage of explained variance,
as shown in (1), of each computed index using the paired
coacquisition dataset presented in Section II-C1.

That way, the similarity and robustness of each index can
be assessed for different contexts of coacquisition (see Sec-
tion II-C1).

In the same way as for bands in the SWIR2 domain (see
Section II-C1), a few pixels indicating a CHL index not in [0,10]
or CAR index not in [0,11] and NDVI index not in [0,1] [55]
were filtered out.

4) Coregistration Influence: Despite efforts to achieve sub-
pixel precision, a residual error will persist even after local
coregistration with AROSICS [53] (see Fig. 6 in Section II-B3).

We examined the impact of coregistration uncertainty by
duplicating a flight line, gradually shifting the duplicated flight
line, and analyzing spectral consistency with the reference flight

line

∀(i, j) ∈ [NRows, NCols], Imshifted[i, j] =

fraction × Im[i± 1, j ± 1] + (1− fraction)× Im[i, j] (2)

where Im is the chosen flight line for our study, Im[i± 1, j ± 1]
is a random neighboring pixel of Im[i, j] and fraction is the
value of the subpixel coregistration error estimated for Imshifted.

This was conducted for both VNIR and SWIR images, each
at their native resolution of 1 m GSD and 2 m GSD, respectively
(see Section II-B). Thus, a 0.5 pixel error corresponds to 0.5 m
GSD and 1 GSD for VNIR and SWIR images. The spectrum
of each pixel of the shifted flight line was estimated using (2).
Spectra pairs extracted formed a paired coacquisition dataset
(see Section II-C1).

For various fractionvalues, the correlation per band between
the estimated shifted flight line spectrum Imshifted and the
reference Im is evaluated, as detailed in Section II-C1. We report
the percentage of explained variance of Imshifted by Im for
fraction values ranging from 0.1 to 0.9 pixel coregistration
error for different spectral domains (see Section II-C2). The
explained variance is given per spectral domain in Table XI (see
Section II-C2). Fixed values offractionwere used to provide an
order of magnitude of misregistration impact, aiding the discus-
sion on its influence on spectral variability (see Section IV-B1).
Additionally, a plot representing the correlation per band was
generated, mimicking actual estimated misregistration values
rather than fixed ones, as observed in this study. The coregistra-
tion error was simulated by replicating the observed geolocation
uncertainty across coregistered flight lines (Section II-B3).

D. Influence of Sources of Variability

Concerning single date coacquisitions, as two successive
flight lines of the same date are acquired 2 to 4 min apart,
the ΔSun and the atmospheric state can be considered as stable,
be it AOT [56], [57] or water vapor content [58]. Using single
date acquisitions, it is then possible to highlight the influence of
illumination and viewing angle.

1) By comparing the spectral coherence, between low ΔView

where ILU ∈ [0.95, 1] and the same ΔView conditions but
where ILU = 1.

2) By comparing the spectral coherence between low ΔView

and high ΔView.
Concerning mixed date coacquisitions, differences in atmo-

spheric conditions between days, detailed in Section II-B2,
allow us to assess their impact by contrasting spectral coherence
within intradate datasets with low ΔView to interdate datasets
exhibiting the same low ΔView and low ΔSun. The Nouragues
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Fig. 9. Band correlation between acquisitions across subdatasets presented in Section II-C for the Nouragues area.

site, characterized by opposing flight directions between dates,
facilitates the recording of coacquisitions with minimal solar
angle variation, enabling the generation of subdatasets with
low or no ΔSun variability. In contrast, in the Paracou site,
consistent flight direction but varying acquisition times result
in relatively constant registered ΔSun within a range of 12◦ to
17.5◦ (see Table III, between acquisitions, making it impossible
to separate the influence of solar angle and atmospheric state
when comparing dates.

Thus, only in the Nouragues area, comparing spectral coher-
ence metrics between interdate datasets with low and high ΔSun

while maintaining low ΔView emphasizes solar angle influence
under varying atmospheric conditions.

Concerning neglected factors that affect repeatability, unreg-
istered sources of variability may affect the spectral consistency
between different images. The loss of spectral consistency be-
tween two near-identical replications was evaluated by compar-
ing the closest acquisition pairs (ILU coefficient of 1 with low
ΔView) on each site (see Tables II and III).

While this study accounts for ILU threshold changes in sub-
dataset creation, it does not address substantial alterations in illu-
mination, such as shadows from nearby canopies or clouds [52].
Our focus is on minor variations in ILU values, analyzing if ILU
values of 0.95 still represent well-illuminated pixels compared
to pixels showing ILU values of 1. We do not examine significant
changes in illumination conditions, like shadows or cloud cast
shadows, which result in very low ILU coefficients.

The influence of adjacency effects, topography, canopy struc-
ture, and surface shape on spectral variability was considered
constant across repeated acquisitions.

A bootstrapping operation with 200 iterations was imple-
mented to evaluate the uncertainty level of the spectral corre-
lation, Figs. 9, 10, and the explained variance by spectral range

(see Tables XIV and XV, respectively, for the Nouragues and
Paracou area.

For the estimation of spectral coherence, we did not bootstrap
an estimate of the variability of the coregistration error as is effect
was negligible Figs. 9 and 10.

Table V summarizes which subdatasets are compared to ex-
press the influence of a given source of variability.

The sources of variability considered for each study site and
spectral product are presented in Table VI.

Results are presented for each subdataset in Appendix B,
reporting coherence of full spectra or coherence of spectral
indices. These are then compared with each other and their
relative influence on variability is discussed in Section IV.

III. RESULTS

A. Correlation Per Bands

As indicated in Section II-C, the correlation per band, is
computed over each subdataset presented in Section II-C and
plotted in Fig. 9 for the Nouragues area and in Fig. 10 for
the Paracou area. Specific characteristics of each subdataset is
recalled in each label of plotted correlation per band but is also
presented in Tables II and III for the Nouragues and Paracou
area, respectively.

In figures (see Figs. 9–11), the vertical bars show twice
the bootstrapped standard deviation centered around the
mean.

Additionally, as the Nouragues site showed greater variabil-
ity in solar angles (up to 65%), it was possible to study the
influence of large and small variability in solar angles be-
tween acquisitions, represented by subdatasets N◦4 and N◦5 (see
Table II). Correlation per band over of these subdatasets and their
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Fig. 10. Band correlation between acquisitions over subdatasets presented in Section II-C for the Paracou area.

TABLE V
COMPARISON TABLE EXPRESSING THE INFLUENCE OF SOURCES OF VARIABILITY OVER SPECTRAL VARIABILITY

corresponding explained variance per spectral domains are pre-
sented in Fig. 11 and Table XIV.

B. Influence of Sources of Variability

Detailed results per subdataset are presented in the appendix
(Section B) and regroup the recorded explained variance be-
tween pairs of acquisition across subdataset per spectral domains
(see Section II-C2) and for spectral indexes (see Section II-C3).

The influences of the various sources of variability per spectral
domain are presented in Tables VII and VIII for the Nouragues
and Paracou area, respectively. In this table, we report the drop
in the coefficient of determination of the relation between one
acquisition and another contrasting a particular factor. When
uncertainty reaches 1 point, it is reported as ±2σ, where σ is
estimated by bootstrap.

Influence of sources of variability given spectral indexes is
presented in Tables IX and X, respectively, for the Nouragues
and Paracou area.

Additionally, the influence of different values of coregistra-
tion error amplitude, utilizing synthetic data as a reference point,
is presented results in Table XI. These data provide insight
into the drop in explained variance that might be expected in
the different spectral domains (see Section II-C2) for a given
coregistration error.

IV. DISCUSSION

A. Influence of Major Sources of Variability

1) Influence of Viewing Angles: Comparing intradate
datasets with high and lowΔView provides insight into the impact
of viewing angle difference (see Table V). The loss of explained
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TABLE VI
HIGHLIGHTED SOURCES OF VARIABILITY GIVEN STUDY AREAS AND

CONSIDERED PRODUCT

Fig. 11. Band correlation between acquisitions over subdatasets presented in
Section II-C for the Nouragues area.

TABLE VII
INFLUENCE OF SOURCES OF VARIABILITY ON SPECTRAL COHERENCE FOR

DIFFERENT SPECTRAL DOMAINS OVER THE NOURAGUES AREA

TABLE VIII
INFLUENCE OF SOURCES OF VARIABILITY ON SPECTRAL COHERENCE FOR

DIFFERENT SPECTRAL DOMAINS OVER THE PARACOU AREA

TABLE IX
RECORDED DROP OF EXPLAINED VARIANCE OVER DIFFERENT SPECTRAL

INDEX GIVEN DIFFERENT IDENTIFIED SOURCES OF VARIABILITY OVER THE

PARACOU AREA

TABLE X
RECORDED DROP OF EXPLAINED VARIANCE OVER DIFFERENT SPECTRAL

INDEX GIVEN DIFFERENT IDENTIFIED SOURCES OF VARIABILITY OVER THE

NOURAGUES AREA

TABLE XI
PERCENTAGE EXPLANATION OF VARIABILITY IN EACH DOMAIN FOR

DIFFERENT TYPES OF COREGISTRATION ERRORS

variance due to viewing angle difference is 5 points and 12 points
for the Nouragues and Paracou sites, respectively (see Tables VII
and VIII). Although more pronounced in Paracou, this influence
remains relatively consistent across spectral domains. However,
bands from 415 to 700 nm in the VNIR domain are more affected
by viewing angle variability than those in the SWIR1 and
SWIR2 domains, as indicated by the correlation analysis (see
Figs. 9 and 10).

For the Nouragues site, NDVI and CAR indices exhibit
greater consistency in datasets with high angular variability (see
Table X). Conversely, all indices in Paracou show reduced coher-
ence (see Fig. 10). However, the influence of viewing angles on
indices is weaker than on spectral domains, as evidenced by the
EWT and CHL coherence loss across both sites and all indices
in Paracou. Vögtli et al. [36] observed similar trends, also noting
that while general albedo became more robust to viewing angle
after BRDF correction, NDVI did not, likely due to the nonlinear
nature of index computations.

2) Influence of Atmospheric State: The time difference be-
tween dataset n◦1 and n◦3 introduces variations in atmospheric
conditions, impacting the explained variance (see Table II). In
Nouragues, flying lines starting from opposite end on the two
dates led to low solar angle variability at the center of the
study area, whereas Paracou flight lines consistently exhibited
sun-angle differences exceeding 10◦ from one another due to
temporal shifts in the flight plan, see Section II-D. Consequently,
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the analysis of atmospheric influence in Paracou remains con-
ditional on sun angle variability.

Focusing on Nouragues (see Fig. 9) the correlation decline
between datasets n◦1 and n◦3 primarily impacts the [490 nm,
640 nm] region, with negligible effects observed within the [640
nm, 715 nm] range, gradually worsening toward the SWIR1
range. Overall, atmospheric variations emerge as the predomi-
nant source of spectral instability, resulting in a 19% and up to
34% decrease in explained variance in the VNIR and SWIR0
domains, see Table VII, respectively. Further, it is to be noted
that constant aerosol amounts have been assumed per day for
the correction. The influence of the atmosphere then appears to
decrease in the SWIR1 and SWIR2 domain.

The influence of the atmospheric state on the spectral indices
was assessed by comparing the explained variance of each
computed pair of the dataset n◦1 to the dataset n◦3 (see Table X).
The unexpected increase (negative drop) in explained coherence
for the NDVI and CAR index could be due to some of their bands
being located in the [640 nm,715 nm] area, which is not the case
for the CHL index. Overall, spectral indices seem less sensitive
to the influence of a date change than spectral bands.

3) Influence of Solar Angle & Atmospheric State: To assess
the impact of solar angle variability in Nouragues, contrasting
interdate datasets (n◦4 with low solar angle difference and n◦5
with high solar angle difference) revealed higher coherence
compared to dataset n◦3 (see Table II, Fig. 9, and Fig. 11).
Datasets n◦4 and n◦5 incorporated acquisitions with zenith solar
angles exceeding 60◦, deviating from the 33◦ to 45◦ range used
elsewhere to mimic Paracou’s solar conditions.

This relaxation likely introduced a different canopy illumina-
tion context, explaining the increased coherence. Solar angle’s
influence, highlighted in Table VII, emerges as the second most
significant variability source, particularly in SWIR1 and SWIR2,
diminishing in SWIR0, and minimal in VNIR (see Table X).
It induces a loss of explained variance of 1% in VNIR, 8%
in SWIR0, 25% in SWIR1, and 18% in SWIR2 domain (see
Table X), accounting for an 11% loss across the spectrum.

In the [415 nm, 630 nm] region, larger solar angle differences
resulted in greater coherence, possibly influenced by AOT (see
Table II). This suggests a more dominant atmospheric influence
due to lower vegetation reflectance in this region [11], [19], [24].

The flight paths of Nouragues from opposing starting points
for the same trajectory imply that central area acquisitions
had the closest time of day, unlike those further east or west.
Coacquisitions with low solar angle variation likely came from
central flight lines, while high variability acquisitions were from
off-centered areas (see Section II-B1). The coherence gain of
dataset n◦5 in the [415nm–500nm] range compared to n◦4 could
be attributed to spatial variability in aerosols across the study
area. Such effects might be significant if slight haze conditions
were present in the data, considering that the correction did not
account for spatial variations of aerosols (see Table II).

Canopy scattering, influenced by leaf orientation variations
also impacts spectral variability, notably after the red-edge area.
Solar angle variations may further affect scattering effects as
different solar angles induce different scattering paths [11], [19],
[24].

A large difference in sun angle during acquisition also means
varying times of day for data collection, potentially introduc-
ing diurnal sources of variability, including evapotranspiration
regime affecting the lower atmosphere and other atmospheric
changes, which may impact the spectrum [59], [60].

The combined impact of interdate atmospheric and solar angle
differences on spectral indices was evaluated by comparing
explained variance loss between datasets n◦4 and n◦5 (see
Tables V and X). Solar angle influences reduced NDVI, CHL,
CAR, and EWT explained variance by 7%, 19%, 54%, and 14%,
respectively. To this extent, solar angle variability seems to be the
most important source of variability affecting spectral indices.

The Paracou analysis involves comparing intradate datasets
with low ΔView (10◦–12.5◦) to interdate datasets with ΔView in
the same range and ΔSun from 12◦ to 17.5◦. Integrating solar
and atmospheric variability yields the most significant source of
variability in Paracou, reducing the overall explained variance
by 26% across the spectral range (see Table VIII).

Specific spectral domains impacted include a 27% drop in
SWIR1 and 32% in VNIR explained variance, mainly concen-
trated in the [415nm, 715nm] visible range. For indices, joint
atmospheric and viewing angle influence decreases NDVI, CHL,
CAR, and EWT explained variances by 30%, 40%, 25%, and
43%, respectively.

Initially, juxtaposing two datasets with significantly varying
acquisition (atmospheric and solar angle variability) conditions
between pairs might appear as an irrelevant approach to illustrate
hyperspectral acquisition sensitivity for each of those sources of
variability. However, it is important to acknowledge that this
comparison essentially equates to contrasting a standard over-
flight of an area, characterized by a slight disparity in acquisition
time and adherence to the same overflight plan.

4) Unregistered Sources of Variability: The decrease in ex-
plained variance not ascribable to coregistration errors V, varies
across the entire spectral domain see Figs. 9 and 10. The average
decrease also differs between different spectral regions (see
Tables VII and VIII).

The SWIR domain contains bands much affected by the
atmosphere absorption between 1350 to 1465 nm and between
1900 and 1950 nm, i.e., in strong water vapor absorbance re-
gions. A cross-talk between inaccurate modeling of atmospheric
scattering due to missing aerosol information and water vapor
absorption can amplify this effect. In the SWIR2, the drop in
sensitivity of the spectral sensor above 2380 nm can also impact
the overall explained variance in this domain. A slight drop in
coherence around 940 nm may result from the junction of the
VNIR and SWIR sensors (see Section II-B) and their reduced
sensitivity in this spectral region, compounded by highly vari-
able atmospheric compensation, leading to potential instability.

In the VNIR domain, the drop of coherence in the red-edge
region from 675 to 752 nm known to be a transitioning spectral
region between high reflectance bands in the NIR due to a
scattering phenomenon [24] is quite clear. The visible domain,
in which vegetation reflectance is low, appears to be the most
unstable region overall, especially in the green. The fairly low
coherence in the 490 to 640 nm region could be related to the
variability of viewing angles as the light trajectory through the
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TABLE XII
DESCRIPTION OF THE SPECTRAL RANGE DEFINED TO BUILD NIR PROXIES FOR

VNIR AND SWIR PRODUCTS

TABLE XIII
HYPERPARAMETERS USED FOR LOCAL AROSICS IMPLEMENTATION

TABLE XIV
PERCENTAGE OF EXPLANATION OF VARIABILITY FOR EACH SPECTRAL DOMAIN

OVER SUBDATASETS PRESENTED IN SECTION II-C OVER THE NOURAGUES

AREA

canopy is modified, resulting in a varying expression of leaves
pigments and less coherence across this spectral area [24].

Finally, it is worth noting a systematic dip in correlation at 900
nm, likely resulting from imperfect atmospheric compensation
of water absorption.

In addition to specific bands, Figs. 9 and 10 show a significant
overall coherence loss, likely due to varying viewing angles,
calibration, and atmospheric correction, as noted by [36].

Beyond coregistration errors, other sources of variability
should be considered. The potential impacts of spectral smile,
keystone effects, rotation effects, and striping [61], [62] were
evaluated on an internal study and were found negligible.

Spectral calibration techniques, [63], [64], could have been
useful in further reducing the spectral variability in our data.
However, in the tropical rainforest environment, it was not fea-
sible to implement this calibration due to the absence of appro-
priate reference surfaces. Without suitable and well-illuminated
openings in the rainforest canopy, in situ spectral calibration was
not possible.

As a result, the lack of calibration could contribute to the
unregistered variability in our results.

B. Influence of Proxies of Sources of Variability

1) Influence of Coregistration: Figs. 9, 10 and Tables XIV
and XV in the appendix suggest that residual coregistration
errors contribute little to the drop in spectral coherence observed
in the current study. The largest decrease in explained variance,

TABLE XV
PERCENTAGE OF EXPLANATION OF VARIABILITY FOR EACH SPECTRAL DOMAIN

OVER SUBDATASETS PRESENTED IN SECTION II-C OVER THE PARACOU AREA

less than 11% in the VNIR for Paracou acquisitions, is notably
smaller than declines observed in the most consistent coacquisi-
tions over Nouragues and Paracou (42% and 46%, respectively).

Results from Table XI emphasize the necessity of precise
coregistration before comparing pixel-to-pixel reflectance. Er-
rors exceeding 0.7 pixels (VNIR) and 0.9 pixels (SWIR) lead to
coherence reduction akin to variability in Tables VII and VIII.
This suggests that beyond these thresholds, the influence of
the spatial coregistration surpasses environmental variability.
Ensuring accurate coregistration is thus vital for maintaining
spectral coherence and reliable pixel-level comparisons.

2) Influence of Illumination Condition: The impact of illumi-
nation variability was assessed by comparing highly illuminated
(ILU =1) intradate subdatasets with less restrictive illumination
coefficients (ILU ∈ [0.95,1]) (see Table V). In the Nouragues
area, illumination had minimal impact, reducing explained vari-
ance by 2 points on average across bands and spectral do-
mains (see Table VII). In Paracou, less constrained illumination
coefficients resulted in 4 points less explained variance (see
Table VIII).

Consequently, the variability within the range [0.95,1] of ILU
appeared negligible, justifying the use of a less restrictive thresh-
old (ILU ≥ 0.95) for the creation of subdatasets (Section II-C).
This decision aligns with the observed behavior and addresses
potential limitations in the ILU coefficient’s accuracy.

C. Overall Discussion

1) Spectral Coherence: In summary, according to Tables VII
and VIII, the atmospheric state seems to be the most important
registered source of variability followed by sun angle varia-
tion, viewing angle variation, and then illumination condition
variation. Thus, quantifying the spatial variability of both the
water vapor absorption and the aerosol scattering is crucial in
the atmospheric correction process.

The strong impact of the remaining atmospheric perturbations
does not come as a surprise. Doxani et al. [65] highlighted the
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limitations of pure physical inversion methods in estimating
atmospheric parameters, with around 5% accuracy for water
vapor retrieval on hyperspectral images [66]. AOT retrieval
uncertainty is about 0.1 [65], and surface reflectance accuracy is
estimated at 5% relative difference [67]. While these estimates
are derived from satellite imagery, they generally apply under
more demanding conditions than clear-sky airborne acquisi-
tions. Interdate coacquisitions for atmospheric comparison (see
Tables II and V) also introduce sun angle variability, potentially
causing uncorrected BRDF effects.

For the SWIR1 and SWIR2 domains, variability of sun an-
gles is the most important source of variability, followed by
atmospheric state, viewing angle and illumination condition.
The VNIR and SWIR0 follow the same ranking as the overall
spectral domain.

2) Vegetation Indices Coherence: Although seemingly more
coherent than raw bands, some indices showed significant drops
in explained variance, up to 54% between subdatasets (see
Table X).

This indicates that although these indices are useful for char-
acterizing physicochemical properties from a vegetation spec-
trum, these proxies remain sensitive to changes in acquisition
conditions that are not related to the nature of the pixel zone that
the reflectance should represent, even at the meter scale [36],
[68], [69]. This variability could affect the robustness of methods
that take into account such vegetation indices [45], [70], and lead
to misleading results [71], [72].

Even normalized indices such as NDVI showed a reduc-
tion in coherence with changes in viewing angle, indicating
complexities that were not mitigated by normalization [36].
This highlights the challenges in interpreting vegetation indices,
urging caution in their application for accurate characterization
of vegetation properties.

3) Visible Spectral Area: The visible spectral range exhibits
high sensitivity to acquisition conditions, likely due to changes
in visibility and aerosol optical depth (AOD) during coac-
quisition [17]. This variability underscores the importance of
accurate aerosol correction. Such fluctuation and a lack of
proper spatialized AOT correction might explain the significant
coherence drops between dataset n◦1 and n◦3 in both Paracou
and Nouragues areas, as observed in Figs. 9 and 10, despite
contradictory findings for Nouragues in the [415 nm, 500 nm]
domain.

The significant influence is unexpected, considering the
recorded AOT levels below 0.2 between dates, classified as
low [51] (see Section II-B2). This differs notably from typical
AOT in rainforests [73].

D. Limitations

This study relies on different approximations to characterize
the differences in acquisition conditions, which almost certainly
limited our ability to accurately quantify their effects.

First, the coregistration process with AROSICS [53] involves
warping functions to reproject flight lines onto a common
geometry, reducing spatial resolution, which adds up to the
general spatial uncertainty due to rasterization [74]. Estimation

of residual coregistration errors is also an approximation [53],
contributing to uncertainty in the fraction value used for the
shifted spectrum estimation (2).

Second, the use of the ILU coefficient, central in this study, is
a useful oversimplification intended to give a proxy of the direct
illumination of an area on the ground. Despite this simplification,
this study assumed that only keeping indicators between 0.95
and 1 would imply using pixels unaffected by shadows cast
by the canopy or clouds, which remain the primary source of
illumination change. Finer variability of illumination could still
be represented within pruned subdatasets.

Third, in this study, BRDF effects were analyzed considering
solar and viewing angle variability independently, although solar
and viewing angle have a strongly related effect [31], [32], [75].
However, because of the complexities arising from their interac-
tion in the present interpretation of the results, mostly concerning
the different representation of solar angles between Nouragues
and Paracou, this study focuses on the independent influence of
viewing and solar angles on the reflectance sensibility.

Finally, considering atmospheric variability as a binary dif-
ference between dates warrants reconsideration. Per-pixel quan-
tification per scene is preferable, factoring in calibration and
weather nuances such as spatialized AOT [52].

Unstudied interactions with atmospheric correction
operations may contribute to the unaccounted variability.
Stable registered atmospheric state across dates and low
viewing angle variability in the study acquisition may affect
reflectance variability assessment as not all use cases were
explored. Resolution changes were not explored but could
mitigate coregistration errors.

V. CONCLUSION

A. Conclusion

Repeated acquisitions over a tropical forest canopy, followed
by atmospheric correction and coregistration, facilitated the
creation of subdatasets focusing on various sources of spectral
variability separately. Characterization encompassed bandwise,
spectral domain, and spectral index analyses. However, real
acquisitions cannot actually fully isolate individual sources of
variability, often intertwining with other mechanisms. Funda-
mentally, the study serves as a sensitivity analysis, exploring
an ATCOR4 flat terrain-corrected reflectance and a few derived
vegetation indices responses to known sources of variability.

We observed that even under relatively stable atmospheric
conditions, the sources of spectral variability could be ranked in
decreasing order of importance as follows for the VNIR domain:

1) state of atmosphere;
2) solar angles;
3) viewing angles.
And as follows for the SWIR domain:
1) solar angles;
2) state of atmosphere;
3) viewing angles.
Despite the low variability in atmospheric conditions, we

found that it still played a significant role in spectral variability,
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suggesting that it may be a major contributing factor to spectral
variability.

The influence of the registration error, the illumination con-
ditions as well as the residual unexplained variability were
also considered. Although the illumination variations recorded
remained very small, their influence was nonnegligible, confirm-
ing the importance of this source of variability on the reflectance
spectra. The registration error, in the context of a tropical forest
at a resolution of 1 m for VNIR and 2 m for SWIR, becomes a
major source of variability for an infra-pixel error of 0.7 pixels
for VNIR and 0.9 pixels for SWIR, implying that it is essential to
reach this coregistration rate to consider pixelwise comparison
across acquisitions.

Exploring these methods to assess the influence of environ-
mental spectral variability in airborne hyperspectral acquisitions
is expected to offer insights into correcting or integrating such
variability in real-world acquisitions, rather than simulated ones.

B. Perspectives

The present study, which characterizes the spectral variability
of a product in reflectivity as a function of different sources of
abiotic variability, opens-up several perspectives.

One avenue involves advanced diagnostics of spectral vari-
ability using radiative transfer simulations on 3-D forest scenes.
Experimental studies are inherently limited in exploring few
cases across which the various factors affecting the computed
reflectance will covary. A complementary study could aim
at highlighting the various sources of spectral variability in
a controlled environment and exploring more systematically
their interactions. The modeling of the canopy structure from
high-density LiDAR could inform in silico simulations like
DART [32] to better understand hyperspectral signal acquisition
mechanisms.

Second, this study clearly shows strong influences of at-
mospheric conditions after a standard atmospheric correction.
Thus, the atmospheric correction process has to be optimized
and further improved for application in tropical environments.
Strong intraday and interday differences may be present due to
local climate conditions, which are to be analyzed based on the
imagery. The aerosol optical thickness, but also aerosol type,
water vapor amount, and possible cross-talks between humidity
and aerosol sizes are to be taken into account to improve the
retrieved reflectance values.

Third, while this study focuses on tropical forests, future
research should assess whether our findings on atmospheric,
solar, and viewing angles apply to other ecosystems. The porous
structure of forest canopies limits direct comparisons with other
land covers, making it essential to extend similar studies to
different environments and atmospheric correction methods.

A final perspective would be to consider these various spectral
coherence tests over airborne acquisition as diagnostics and val-
idation operations for potential spectral representations resilient
to these sources of variability.

Not only would these different diagnostics help define the
resilience of any spectrum representation, they could also define

Fig. 12. Flowchart of AROSICS processing.

Fig. 13. Choice of VNIR and SWIR bands to produce NIR proxies.

the range of variability of the acquisition conditions, beyond
which:

1) either coherence of the recorded representation becomes
too low to consider the spectral representation as stable in
a given acquisition context;

2) either a dataset is not variable enough to identify whether
the spectral representation considered remains coherent.

APPENDIX A
COREGISTRATION OPERATION

The Arosics software [53] was used to realign all the flight
lines for each zone to the same mosaic for VNIR and SWIR,
using a mosaic constructed from the NIR PhaseOne camera
acquisitions (see Section II-B).

The advantage of the NIR spectral range is that it encompasses
spectral bands present in both VNIR and SWIR acquisitions.
Unfortunately, the spectral range sensitivity of the phase one
camera, IXA-R 160, has not been communicated, so the choice
of bands used to produce the NIR proxy for the VNIR and SWIR
products was based on the definition of the NIR spectral range.

As indicated in Fig. 12, for each flight line and for each sensor,
a proxy of the NIR reflectance of the flight line is estimated
across the bands, so that it correlates best with the reflectance
information in the NIR mosaic (see Fig. 13).

Finally, to calculate this NIR proxy, for each sensor, we aver-
aged the bands described in the interval presented in Table XII
to finally produce the reference band used by AROSICS to



PRIEUR et al.: INVESTIGATING ABIOTIC SOURCES OF SPECTRAL VARIABILITY 18765

Fig. 14. Percentage of explanation of variability for each spectral index over
subdatasets presented in Section II-C over the Nouragues area.

calculate the warping function that will apply to all the rest of
the product’s bands.

The Arosics software can be used in “local” mode. Such
approach involves warping the raster based on calculated phase
shifts per snap point, often requiring bilinear interpolation
and leading to resolution/contrast loss. Hyperparameters in
Table XIII are chosen to map coregistration functions detect-
ing spatial patterns between SWIR and VNIR products. Grid
resolution and window size are determined by SWIR and VNIR
resolutions during coregistration, aiming to map a 32 m estima-
tion window for both. The minimum reliability of 0 disregards
the indicator’s dependency on window size, prioritizing correc-
tion of refined-scale coregistration errors. The Max Shift value,
less critical due to the expected global one-pixel registration
error, mainly restrains tie point computation output using SSIM
and RANSAC criteria. Align grids and match gsd parameters
reproject flight lines onto the reference geo-grid to a 1 m (GSD)
resolution.

APPENDIX B
RESULTS PER SUBDATASETS

Tables presenting explained variance between pairs of acqui-
sition per subdataset, presented in Section II-C in Table II for the
Nouragues area and Table III for the Paracou area, accross spec-
tral domains, are presented in Tables XIV and XV, respectively,
for the Nouragues and Paracou. Recorded incertitude interval
defined as ±2 ∗ σ, where σ is the estimated standard deviation
from the bootstrapped estimations, the percentage precision was
not integrated in the presented table.

Additionally, figures of recorded explained variance between
computed pairs of spectral indexes between subdatasets as pre-
sented in Section II-C3 are provided in this appendix. Figs. 14
and 15 illustrate the recorded explained variance for the sub-
datasets likely in common between the Nouragues and Paracou.
The variability of explained variance estimation is observed
through bootstrapping and depicted in Figs. 14–16. In these
figures, the black bars represent twice the standard deviation
estimated from the bootstrap operation, centered around the
mean of the various bootstrap iterations.

As more solar angle variability was recorded in the Nouragues
acquisitions (see Table II) subdatasets illustrating solar angle
variability were constructed and the explained variance between

Fig. 15. Percentage of explanation of variability for each spectral index over
subdatasets presented in Section II-C over the Paracou area.

Fig. 16. Percentage of explanation of variability for each spectral index across
subdatasets N◦4 and N◦5 presented in Section II-C over the Nouragues area.

pairs of spectral indexes over those datasets is illustrated in
Fig. 16.
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