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ABSTRACT

There is a saying: "the new is well forgotten old". This paper revisits issues that, over the past 40 years, have
posed obstacles to studying physical processes at the land surface from space. These issues have been
continuously addressed by scientists working with remote sensing data over land, and many have been
largely resolved with improved methodologies and through advanced approaches. However, investigators
working with observations of land-atmosphere system may still face difficulties in identifying cloud
contamination, correcting for atmospheric effects or dealing with surface anisotropy. When analyzing
time series, investigators may find it challenging to distinguish between true physical trends and data
artifacts caused by instrument-related issues, such as sensor degradation and/or orbital drift. In addition,
the use of multiple land-imaging sources requires careful intercalibration among sensors. This paper
provides a brief overview of the data processing chain used to derive land surface variables, highlights
persistent and often treacherous residual errors in compositing procedures and applying smoothing
filters, and draw attention to key challenges that scientists may encounter when working with raw land
remote sensing data. The examples are based on the lessons learned from author’s own research in the
1990s. A review of recent publications, along with insights gained from presentations at recent RAQRS
conferences, suggests that some longstanding issues, encountered in earlier works, remain formidable
challenges today — despite the availability of advanced methods and significant improvements made in

the radiometric, temporal and spatial resolution of the observations.

1. Introduction

Studying physical processes at the land surface from space require careful
data processing to remove noise caused by atmospheric effects and artificial
trends caused by drifts in sensor sensitivity and satellite orbit. Although some
problems have been addressed, researchers handling long-term time series
still encounter difficulties throughout the processing chain. Those include
atmospheric effects and surface anisotropy, as well as distinguishing between
true physical trends and data artifacts caused by instrument-related issues.
This paper provides a brief overview of the data processing chain used to derive
land surface variables, highlight persistent and often treacherous residual
errors in compositing procedures and applying smoothing filters, and draw
attention to key challenges that scientists continue to encounter when working
with long-term time series of remote sensing data over land. The examples
are based on the lessons learned from author’s research in the 1990s.

Advanced methodologies including Machine Learning algorithms and Ar-
tificial Intelligence approaches further resolve processing issues. Nevertheless,
it is worth revisiting the traditional methods and analyze lessons learned
during the past 30 years that may contribute to the development of modern,
advanced algorithms.

2. Processing chain for deriving land surface
variables

Before deriving surface variables from visible, near-infrared, and infrared
observations, several essential steps are routinely performed.

2.1. Geo-correction
Registration is essentially the alignment of one image to another image of
the same area, while geo-referencing (or rectification) is the alignment of an

*Corresponding author
Garik_gutman@yahoo.com (G. Gutman)

https://doi.org/10.62880/rars26003

Received 24 May 2026; Revised 9 July 2026; Accepted 9 July 2026

Published 15 August 2026

© 2026 The Authors. Published by Recent Advances S.L. ISSN 3020-6448. This is an open access article
under the Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/).

image to a map so that the image is planimetric, like the map. Pixel-by-pixel
correction for topographic distortion is referred to as orthorectification.

2.2. Calibration

The response of a sensor (in digital numbers DNs) represents the
reflectance being measured at a particular wavelength and is the base
of calibration procedure. What is to be calibrated is essentially a system
of electronics that produces a signal to measure intensity variations of
incoming spectroradiance. Most instrument calibration is in a laboratory
setting. Calibration coefficients (to convert DNs to radiances) are usually
supplied with data. The trouble is that often these coefficients may be outdated
because of degradation of sensor sensitivity while onboard of a satellite (or
even prior to the launch). This has been the case with AVHRR instruments
onboard NOAA polar orbiting satellites that provide the basis of long-term
series starting early 1980s. Efforts to correct the calibration coefficients with
post-launch calibration, usually on bright surfaces, have been made. Reviews
can be found, e.g., in Molling et al. (2010); Kalluri et al. (2021); Dech et al.
(2021).

2.3. Cloud filtering

Traditional methods for screening clouds in land surface studies included:
thresholding of spectral ratios and differences; texture analysis (spatial
coherence); tests on continuity (temporal coherence); and compositing
(assuming that at least one observation is clear during the compositing period).
However, recent reviews highlight a massive shift in cloud screening for AVHRR
data away from static, rule-based threshold tests and toward probabilistic
models and Deep Learning. While computationally fast, the traditional
methods are highly sensitive to threshold settings and often misclassify
complex or sub-pixel cloud boundaries. Instead of binary "cloudy/clear" screen-
ing, recent frameworks utilize probabilistic masking, providing continuous
metrics to assess pixel-level confidence. Machine Learning, specifically Neural
Networks approach, dynamically extract features across massive time-series,
outperforming traditional multi-channel thresholds over bright land surfaces.
Description of traditional methods can be found, e.g., in Chen et al. (2002),
while advanced methods can be found in Karlsson et al. (2025) and Bulgin
et al. (2024).
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2.4. Atmospheric correction

This step consists of estimating atmospheric path radiance and view
path transmittance and then solving for at-surface radiance. Vermote and
Kotchenova (2008) provided detailed description of atmospheric corrections
required to obtain at-surface radiance, ultimately deriving surface spectral
reflectances. Briefly, the correction algorithm requires the knowledge of key
atmospheric parameters, the most important for the visible range being aerosol
optical thickness retrieved from data itself, and such aerosol characteristics
as single scattering albedo, particle size distribution, and refractive index,
prescribed by a selected aerosol model. For the infrared range, correction for
water vapor is most critical with the input either derived from data itself or
imported from independent sources.

2.5. Anisotropic correction

Typically, corrections rely on semi-empirical, kernel-driven bi-directional
reflectance distribution function (BRDF) modeling, as originally introduced
by Roujean et al. (1992). Model parameters are estimated from multiple
observations of the same pixel at different angles and include temporal
compositing, least-squares regression, and prior land-cover BRDF libraries.
Other early approaches involved fitting empirical polynomial functions to
aggregated observations across the available viewing geometries in the dataset
(see, e.g., Gutman et al. (1994)), or using an independent dataset or model,
such as in Gutman et al. (1989). Ultimately, in most methods observations
are normalized to a common geometry.

2.6. Derivation of reflectances and temperatures

Following geo-correction, calibration, cloud screening and atmospheric
and anisotropic corrections, spectral reflectances and brightness temperatures
are determined, and vegetation indices are calculated. The subsequent level
may involve the computation of surface physical variables such as albedo,
skin temperature, vegetation fraction, leaf area index, and others.

Conversion of at-surface radiance to reflectance requires 3 more parame-
ters: solar path atmospheric transmittance (from model or measurements),
exo-atmospheric solar spectral irradiance (known) and incident angle (from
Digital Elevation Models) (Vermote and Kotchenova, 2008).

Skin temperatures are commonly derived using split-window techniques
with surface emission either prescribed for observed land-cover or calculated
based on derived vegetation characteristics from data itself (Sobrino et al.,
1991; Sobrino and Raissouni, 2000).

3. Challenges of using composited images

In the 1990s (and sometimes even today), land surface studies have used
so-called composite datasets created by selecting one data point in a certain
time (compositing) period by employing an assumption that the clearest
observation occurs when observed vegetation index is at its maximum (e.g.
Holben, 1986). While the assumption that compositing provides cloud-free
observations holds true in some cases, it often fails, especially in persistently
cloudy regions. Residual cloud contamination in composite datasets poses
a significant challenge for non-remote sensing scientists, who may lack
awareness of these processing issues and are primarily focused on analyzing
the data to identify physical changes at the land surface.

Compositing procedures were developed in the early 1980s as a “quick
& dirty” screening for atmospheric effects, including clouds, and fast data
compression with much of the noise removed, which rendered a more “eye
pleasing” viewing of image sequence, represented by mosaics of pixels from
clearest cloud-free observations. Temporal pixel-by-pixel compositing were
based on selecting the greenest pixel (in time and/or in space) based on
a calculated ratio or difference between visible and near-infrared data or
sometimes selecting the darkest (lowest reflectance) and/or warmest (highest
temperature) pixel (see Sihlar et al. 1997).

Although atmospheric effects are largely reduced using, for example, the
maximum value compositing based on Normalized Difference Vegetation
Index (NDVI) (Holben, 1986) , quantitative results in many regions may be
inaccurate because of residual cloud contamination, temporal atmospheric
variability and varying sun-target-sensor geometry. Alternative methods to
reduce noise in NDVI time series and retain more realistic NDVI values in time
series included Best Index Slope Extraction algorithm (Viovy et al., 1992).

3.1. Improvement of composite imagery

If researchers use a composite dataset, additional screening of NDVI
composites can be based on a combined use of reflectance and temperature
data associated with the composite NDVI image pixels (Gutman et al., 1994).
A result of applying such a special post-composite screening algorithm is
shown in Fig. 1 over a 2 deg x 2 deg area in Thailand during 1988-
1989. The profiles of screened and unscreened NDVI are almost identical
during the dry season (December-April) when post-composite cloud filtering
does not introduce much improvement. Large discrepancies in the monthly
screened and unscreened averages, however, are clearly pronounced during
the monsoon season.
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Figure 1: Temporal variability of NDVI averaged over an area in Thailand for two
years: without screening (+) and with additional screening (o).
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Figure 2: Same as in Fig. 1 for visible reflectance without screening (+), with
additional screening (o), and temperature without screening (triangles) and with
additional screening (dots).

The NDVI discrepancies can be understood from Fig. 2, where the
associated cold (low temperature) and bright (high reflectance) values reveal
unscreened cloud contamination.
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3.2. Dangers of applying smoothing filters to a

cloud-contaminated data

Applying statistical filters, such as those described by van Dijk et al. (1987),
to composited data without proper cloud screening can lead to inaccurate
temporal profiles of vegetation indices. This occurs because the filter tends to
fit most data points—which may be cloud-contaminated—while disregarding
outliers. In regions with persistent cloud cover, such as during the monsoon
season in Thailand, these outliers often correspond to the few cloud-free
observations. Fig. 3 illustrates the impact of using a 5-point median filter on
the original weekly NDVI composites. The resulting profile is clearly incorrect,
as the filter relies on cloudy pixels for smoothing. Therefore, smoothing
filters should only be applied after thorough physical filtering—such as the
procedures described in section 3.1—to ensure data accuracy.

TIME SERIES OF GVI DATA FOR ONE MAP CELL
Central Thailand: 1988-89, weekly
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Figure 3: Variability of NDVI original data (squares), its fit by a 5-point median
filter (solid curve) and the corresponding brightness temperature (dashed curve) in
a 20 km x 20 km map cell in Thailand.

3.3. Potentially erroneous spatial distribution in the

composite

When observations are infrequent, such as those collected by a single Land-
sat sensor, compositing can risk producing an inaccurate spatial distribution
of pixels within a mosaic. For example, imagine two neighboring agricultural
areas during the growing season, with their NDVI values rising from 0.3 at the
start of the month to 0.7 by month’s end. Suppose the first area is cloud-free
only at the beginning of the month, while the second is cloud-free only at
the end. The composite NDVI for the first field would be 0.3, and for the
second, 0.7. Ideally, both areas should yield the same NDVI value by the end
of the month but the resulting mosaic would misrepresent the true spatial
distribution.

3.4. Sun-target-geometry effects

Even after screening for clouds, cloud-free data require additional correc-
tion to account for bidirectional effects caused by the anisotropic nature of the
land surface. This issue is less significant for sensors that consistently maintain
near-nadir viewing angles; however, it can lead to misinterpretations when
using scanning instruments with large orbital swaths, such as AVHRR, MODIS,
or the MSI onboard Sentinel-2. The periodic fluctuations in reflectance,
resulting from changes in sun-target-sensor geometry, were first observed in
the 1980s (Gutman 1987), and their underlying cause became clear once the
AVHRR scanning patterns were thoroughly understood.

Figure 4 illustrates the temporal variability of a cloud-free pixel in AVHRR
data over an area in Kansas. Both visible and near-infrared reflectances
fluctuate significantly, ranging from 60% to 100% relative variability, with a
distinct periodicity. In contrast, NDVI shows much less regularity in variation,
except for periodic spikes that occur at specific geometric configurations.

40
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Figure 4: Variability of AVHRR visible (0) and near-infrared (x) reflectances and
NDVI (*) for one map cell in Kansas after cloud screening.

Figure 5 helps interpret these effects: Panel 5a displays the 9-day saw-tooth
periodicity of the solar zenith and sensor viewing angles, which correspond
to the observations in Figure 4. Panel 5b provides a schematic view of the
9-day progression of these angles relative to the Earth’s surface target. The
sun-target-sensor geometry affects reflectances depending on whether the
area is viewed in the direction of the sun’s rays (backscatter) during one half
of the 9-day cycle, or against the sun (forward scatter) during the other half.
Typically, discontinuities appear at the seams between two stitched AVHRR
orbits across a large region (not shown).
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Figure 5: Left: (a) Periodicity of the viewing (x) and solar zenith (o) angles for one
map cell associated with the observations in Fig. 4. Right (b): A schematic diagram
of the 9-day periodicity in sun-target-sensor geometry of AVHRR scanner.

The origin of the 9-day cycle can be traced to the AVHRR’s orbital patterns,
as illustrated in Fig. 6. Each day, the sensor completes 14 scanning orbits that
cover the entire globe. However, these orbits are not perfectly in phase, so the
N+14th orbit is offset from the Nth orbit by one-ninth of the orbital swath.
This offset causes the orbits to realign (“get in phase”) every 9 days, resulting
in the observed periodicity.

The NDVI spikes (the upper jagged line marked by *) in Figure 4 can
be explained by transitions between extreme forward scatter and extreme
backscatter directions. These transitions occur when the difference between
visible and near-infrared reflectances becomes most pronounced, as illustrated
in Figure 7 (Gutman, 1991) for a region in Kansas. Interestingly, this
phenomenon sheds light on the extreme backscatter bias observed in weekly
composites in the NOAA Global Vegetation Index dataset. This bias arises
because compositing for that dataset relies on the maximum value of the
simple differences between near-infrared and visible counts. In contrast, the
NASA GIMMS NDVI dataset is constructed using the maximum NDVI value,
which introduces a subtle forward viewing bias (see histograms in Gutman
1991).

Mathematically, NDVI can be expressed as a function of r = §—2 s
“simple ratio”.

called
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Figure 6: Variability from back to forward scatter direction of visible and near-infrared
reflectance observations in Kansas area in July and their fit with polinomials (solid
lines): visible uncorrected (squares), visible corrected (x), near-IR uncorrected (+)
and corrected (triangles).
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Figure 7: Variability from back to forward scatter direction of visible and near-infrared
reflectance observations in Kansas area in July and their fit with polinomials (solid
lines): visible uncorrected (squares), visible corrected (x), near-IR uncorrected (+)
and corrected (triangles).

R,—R, r—1

NDVI = =—
R,+R; r+1

The simple difference between near-IR and visible reflectance, called
Difference Vegetation Index (DVI) can be expressed as follows:

DVI=R,—R; =R;(r—1)

Thus, the DVI is a function of two variables: the visible reflectance and
the ratio. The NDVI, on the other hand, is a function of one variable - the
ratio. As a result, the points at which the DVI reaches its maximum are not the
same as those for the NDVI. The DVI peaks in the extreme backscatter when
R1 is at its highest value. This distinction clarifies the differences observed
between the two composite datasets: the NOAA GVI and the NASA GIMMS
(see Gutman et al. (2021) ).

4. Long-term monitoring challenges

4.1. Satellite sensor degradation

Processing long-term data introduces additional challenges. Satellite
sensors frequently degrade over time, so either continuous onboard calibration
is conducted, or post-launch calibration coefficients are applied. Without these

measures, comparing derived variables across different time periods may
be unreliable. Moreover, long-term observations typically involve stitching
time series from multiple satellites, which can introduce uncertainty during
satellite replacement. Even after correcting each satellite’s time series for
sensor degradation, residual errors may cause discontinuities that could lead
researchers to incorrect interpretations. Fig. ?? shows time series of anomalies
of AVHRR visible and near-IR reflectances globally averaged over all points
classified as “deserts” (Gutman, 1999).
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Figure 8: Time series of anomalies of visible (dots) and near-IR (circles) for all
desert data lumped into one class and averaged (from Gutman (1999)).

0.18 —

o
=
m

CALIBRATION SLOPE (percent/count}
e
2

o010 MO voed . NOAA-T | NOAA-14)
B5S B6 &7 BE B9 90 & 92 93 G4 95 96 9F Q8
YEAR

Figure 9: Calibration slopes in time for NOAA-9, -11 and -14.

There have been numerous efforts to recalibrate all NOAA AVHRR data
and detrend the time series. Usually, bright area targets have been used
for vicarious post-launch calibration. Sometimes global approaches were
employed, e.g. Brest and Rossow (1992) or Gutman (1999). Molling et al.
(2010) reviewed most of the recalibration methodologies attempting to find a
consensus.

4.2. Satellite orbit drift

Orbital drift can cause apparent changes in reflectance and temperature
measurements, which may be mistakenly interpreted as actual shifts in Earth’s
surface conditions and lead to incorrect conclusions about environmental
trends. In fact, these top-of-atmosphere variations are the result of altered illu-
mination and increased downwelling path lengths, which progressively affect
atmospheric influences on AVHRR observations and produce discontinuities
(Gutman, 1999).

During the 1990s, observed trends in NOAA satellite data were largely
the result of satellites drifting to later equator crossing times. This drift
introduced trends and discontinuities in the solar zenith angle of observation
(see Fig. 10), affecting both reflectance and temperature measurements (due
to progressively later observation times). To ensure reliable land surface
monitoring, it is crucial to remove these spurious trends and discontinuities
occurring during satellite transitions.

Changes in illumination over time also introduce trends in anisotropic
effects, such as shadowing. Temperature time series are influenced not only
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Figure 10: Drift and discontinuity in observational local time (solid line) and solar
zenith angle (dashed line).

by shifts in the local observation time but also by variations in sunlit and
shaded conditions, posing a significant challenge for the long-term monitoring
of thermal observations. Figure 11 illustrates the time series of anomalies
in AVHRR-observed brightness temperatures, grouped into the “desert” and
“semi-arid” classes, during the NOAA-9 and NOAA-11 periods. Each period
exhibits an overall global “cooling” trend for each satellite observational
period, with a noticeable discontinuity corresponding to the satellite transition
from NOAA-9 to -11.
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Figure 11: Trends in brightness temperatures’ anomalies averaged over “desert” and
“semi-arid” classes for the NOAA-9 and -11 satellite time periods.

These artificial trends can confuse—or worse, mislead—physical scientists
who are unaware of underlying data issues. For this reason, remote sensing
specialists working with long-term datasets have a responsibility to remove
these distortions as thoroughly as possible, ensuring that genuine land surface

anomalies across various regions are accurately detected and monitored.

Below are prominent initiatives in Europe, the USA, and Asia dedicated to
reprocessing long-term AVHRR time series:

e The TIMELINE 1km AVHRR NDVI Product: DLR with contribution from
CESBIO

— Analysis of 30-year seasonal trends (spring, summer, autumn) for
European and North African land cover types.

* Land Long Term Data Record (LTDR) @ NASA, USA

- Reprocessing of 4 decades of Global Area Coverage (GAC) data
to produce consistent daily surface reflectance and vegetation
indices (NDVI/EVI2) at 0.05-degree resolution.

¢ The Global Land Surface Satellite (GLASS) AVHRR @ Center for Global
Change Data Processing and Analysis at Beijing Normal University,
China

— Generation of 8-day normalized reflectance and vegetation
products using refined reconstruction methods to reduce noise.

5. Conclusions

This paper revisited the pertinent issues in land remote sensing for proper
processing the available data before they are used in land surface applications.
Without thorough pre-processing, long-term data series from AVHRR and
its followers - MODIS and VIIRS - onboard polar-orbiting satellites would
suffer from inconsistencies, spatial inaccuracies, and atmospheric distortions.
Critical procedures, including calibration, geolocation, atmospheric correction,
cloud masking and harmonization, are essential for ensuring that reflectance
and temperature data are accurate, comparable, and reliable for scientific
analysis. These datasets provide unparalleled global coverage and continuity
spanning multiple decades, making them indispensable for analyzing and
interpreting environmental changes on a regional basis and applications in
forest, agriculture, and urban sectors, as well as Earth’s system modeling.

The primary aim of this paper is to let early to mid-career remote
scientists aware of the fundamental challenges inherent in data acquired
from passive optical sensors, particularly those with coarse spatial resolution.
This brief overview highlights critical issues and provides essential references
to comprehensive reviews of traditional methods and the latest, advanced
methods for processing these data.
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