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Executive Summary
Quantification and verification of soil carbon sequestration is a significant barrier to widespread
adoption of climate-friendly agricultural practices. To overcome these challenges and enable payments
for sequestered carbon, scalable technologies must be put in place that accurately and cost-effectively
quantify changes in soil organic carbon (SOC) stocks. Remote sensing (RS) is a promising tool for
measuring SOC stocks at the field or parcel scale. In this report, we assess the accuracy and efficacy of
multiple remote sensing technologies for measuring SOC. Specifically, we detail the methodology for our
search process, give an overview of the tools and statistical methods used in the literature, provide an
uncertainty analysis framework for this and other tiers, outline our general findings, and provide broad
recommendations for ESMC.
We reviewed more than 100 papers and technologies, of which 43 met our specific criteria for in-depth
evaluation. Our analysis revealed an overall lack of consistency between study methodologies, with
varying ranges of cost-efficiency and accuracy, making comparisons across studies difficult. Generally,
satellite platforms compared similarly to aerial/UAV, while providing an overall lower cost. Thus, the use
of satellite imagery is recommended for initial estimation of SOC.
To advance the ability for RS technologies to be used for reliable SOC quantification, we recommend
development of a systematic, statistically robust sampling campaign that is implemented in a variety of
bioclimatic contexts. If infrastructure is developed to automatically gather, filter, and statistically
analyze satellite imagery in conjunction with soil samples, the incremental cost of improved
understanding of the strengths and weaknesses of RS technologies will be minor. Meanwhile, if, over
time, it is determined that uncertainty in SOC is not a major contributor to the overall uncertainty of
SOC stock and SOC stock change estimates, then investment will not have been unnecessarily spent on
expensive remote sensing technologies.
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Search Process Methodology
In order to collect a comprehensive list of remote sensing tools and methodologies, we performed a
comprehensive literature search within the Scopus and Web of Science databases using the search
terms outlined in Appendix A. The primary search was limited to papers published from 2010 - 2020,
however we also included first-order references cited by the initial set of publications to ensure that
influential and foundational literature was not missed. Papers were required to adhere to the following
inclusion criteria:
●
●
●
●
●

Focused on cropland, pasture, or grazing land
Focused on measuring SOC, SOC stocks, or SOC stock changes
Used a remotely sensed data source (could be in combination with other data sources)
Sampled to a depth of at least 5 cm
Spatial resolution less than or equal to 30 m

The resulting set of literature consisted of 62 papers, which was reduced to 43 after reading and filtering
the full text of each article. Due to overlap with the modeling and stratification tier of this project,
literature that did not include data from remote sensing sources was omitted from this section and
report. For the final set of literature, we extracted detailed information on study location, sensors,
methods, and accuracy. A full list of post classification parameters is detailed in Appendix A.
Commercial tools or sensors were surveyed using a snowball sampling procedure, whereby we
conducted web searches and surveyed group contacts for recommendations on tools to evaluate. The
ESMC WG1 is being queried in July to add to this list of tools, after which this report and any conclusions
may be revised as necessary. Tools and sensors which had not been tested for their ability to estimate
SOC, SOC stocks, or SOC stock changes were omitted from this analysis.

Literature Overview and Statistics
Of the 43 papers that were reviewed, the largest concentration of studies was located in the US, with
the second-largest aggregated in Northern Europe (Table 1). Eight of the published studies were review
papers, therefore were not associated with a specific country or region. Excluding the review papers, 19
used satellite imagery for prediction, 14 used aerial imagery, and two studies used both satellite and
aerial imagery. Most studies were focused on predicting SOC or SOC stocks in cropping systems, and
only a small minority aimed to quantify sub-field variability. Below are additional summary statistics for
the evaluated literature:
●
●
●

26 estimated SOC or SOM; 9 estimated SOC stocks
22 used multispectral sensors; 11 used hyperspectral sensors, and 2 used both
The most used satellite-based sensors were Landsat 7 ETM+, Sentinel-2, and Landsat-8

To date, accuracy statistics have not been provided by any of the commercial tool or aerial platform
providers, therefore they were not included in this analysis. As conversations with vendors continue and
if accuracy statistics are provided, the results will be integrated and summarized in the final report.
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Table 1. Study locations of reviewed RS/GIS literature.

Country

# Studies

US/Canada

10

N Europe

9

China

4

Australia

4

S Europe

3

Africa

2

Brazil

2

Iran

1

The most commonly used metrics for evaluating the performance of remote sensing tools and
methodologies from the literature were R2, the root-mean-squared-error (RMSE), and the ratio of
performance to deviation (RPD). Generally, R2 measures the proportion of variance of the dependent
variable (in this case SOC or SOC stocks) that is explained by the predictor variables, with a value of 0
equal to a complete inability to explain, and 1 equal to perfect explanation. Independent variables in this
tier include the bands from specific sensors, combinations of the bands (e.g., NDVI), and other
geospatial layers.
RMSE is a metric that describes average deviation of the predictions from actual observations
(technically the square root of the average squared deviations), with lower values (reported in units
equal to the units for SOC measurements; g kg-1) equal to better predictions. Finally, the ratio of
performance to deviation (RPD) is yet another metric for performance, where values >2 correspond to
excellent predictions, values from 1.4 - 2 correspond to intermediate predictions, and values < 1.4
correspond to unreliable predictions 1. Where RMSE and SOC standard deviation values were reported,
we also calculated the Normalized RMSE (NRMSE = RMSE / σ) as a means of accounting for differing
variances of soil carbon at each study site.

Uncertainty Analysis Framework
We contextualize the results from this tier and the other project tiers using the framework of
uncertainty developed by Goidts et al. (2009) 2 and detailed in Appendix B. Briefly, this framework
provides a means of incorporating uncertainty from SOC, BD, depth of measurement, and coarse

1
2

Chang et al., 2001
Goidts et al., 2009

5

fragment estimates into the overall uncertainty of SOC stock estimates. While seemingly simplistic, the
suggested method enables assessment of the relative importance of the various contributors to
uncertainty.
From the field data also collected by Goidts et al. (2009), it is notable that SOC is not one of the primary
contributors to overall SOC stock uncertainty at the field scale. The corresponding implication for RS
technologies is that, while all uncertainty should be minimized, other SOC stock parameter inputs (BD,
measurement depth and coarse fragment %) may warrant more focus in terms of reducing overall
uncertainty. The support for this shift in attention is only supported by one study (Goidts et al., 2009),
but it will nevertheless be important to remember during analysis of the subsequent project tiers.
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Results
Estimation Methods

Most (n = 26) of the studies attempted to directly estimate SOC or SOC stocks using only remotely
sensed data. A smaller number (n = 8) used additional ancillary data to estimate SOC. Ancillary data
sources most often included elevation and elevation derivatives (slope, aspect, curvature, topographic
water index, etc.), and less frequently included solar radiation, climatic data, soil maps, soil electrical
conductivity, geology, land use/management, other soil properties, and fractional land cover.

Accuracy

In all of the reviewed literature, satellite and ground-truth soils data (in one instance a soil library) were
first aggregated into a combined dataset upon which statistical calculations were performed. In 24 of
the studies, data were then separated into distinct datasets for calibrating and validating the statistical
algorithms. In 12 of these, the calibration and validation process used was k-fold cross-validation, where
1/k-th of the dataset was used for validation and the rest was used for calibration. In another four
studies, accuracy metrics were only reported on the initial statistical regressions; no calibration and
validation process was performed.
Accuracy metrics were most frequently reported on comparisons between the predictions and the
validation datasets (preferred), but in a large subset of cases they were only reported on the statistical
measures for the calibration datasets. These distinctions are reported in the supplementary table for
this report but were not used as the basis for filtering accuracy metrics (reported below) due to the
already small size of the output dataset.
The RMSE of SOC predictions ranged from 0.21 g kg-1 to 16.9 g kg-1, with a median of 2.3 g kg-1 (Figure 4).
NRMSE values for cropping systems (n = 13 studies for which this could be calculated) ranged from 0.03
to 1.5 (unitless), with a median of 0.63. R2 values displayed a wider level of variability, ranging from 0.39
to 0.95. RPD values were inconsistently reported, however they were highly variable, ranging from 1.0
to 3.15 (with most in the 1.4 - 2 range).
Estimates of SOC stocks (RMSE values provided by 6 studies) ranged from 1.26 to 25.9 Mg ha-1. For a soil
with 2% SOC and BD of 1.3 g/cc, this represents total SOC stock errors of between 1.6 and 33.2%.
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Figure 4. Accuracy of evaluated studies (n = 18) based on RMSE and R2. Multiple values from
single studies (due to multiple locations or multiple tested algorithms) were averaged.

Hyperspectral vs Multispectral Sensors, Aerial Versus Satellite Platforms

Hyperspectral sensors did not appear to perform noticeably better than multispectral sensors on the
basis of either RMSE (Figure 5) or NRSME metrics (median = .635 and .655, respectively), and there was
also no discernible difference between aerial versus satellite-based sensors (median RMSE of 2 and 2.71
g kg-1 SOC, respectively, median NRMSE of 0.7 and 0.64). The R2 and RPD values parallel differences in
RMSE and do not indicate a significant advantage for aerial-based sensors.

Figure 5. Distribution of multi- and hyper-spectral RMSE from all studies (n=14, and n=9,
respectively).
8

It was not possible to definitively determine if any specific sensors were superior to others based on
reported metrics including resolution or NRMSE (Figure 6). Of the studies that analyzed primary data
(i.e., not reviews), two compared multiple multi- and hyperspectral sensors to assess relative
capabilities 3,. Due to low signal-to-noise (SNR) ratios inherent to satellite-borne hyperspectral sensors,
hyperspectral performance was not significantly better than multispectral performance despite having a
better spectral resolution. This is not expected to improve significantly even with the new generation of
satellite hyperspectral sensors4. Aerial hyperspectral sensors may offer moderately better performance,
but it is not clear whether the improvement is worth the added expense5.

Figure 6. Comparison between resolution and normalized RMSE (NRMSE), color-coded by sensor.
Multiple algorithms used in a single study are represented as unique points (13 studies, 58 algorithmstudy combinations).

Algorithms and Statistical Analyses

A variety of algorithms were used for calibrating sensors, selecting appropriate bands (or other
geospatial inputs), and estimating regression coefficients. Many were often compared in performance
against the same dataset. Partial-least-squares regression (PLSR) was most commonly used for
dimensionality reduction (especially with hyperspectral data), followed by stepwise multiple linear
regression (SMLR) as the second most-common regression technique. Other common methods included
Random Forest (RF) and Support Vector Machines (SVM), and various geostatistical methods. Due to the

3

Castaldi et al., 2016
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diversity of algorithms and statistical methods used to analyze the remote sensing data, it was not
possible to draw any generalizable conclusions on performance across studies, and with the raw data,
no algorithms were clearly superior (Figure 7).
Within an individual study focused on the N China plain, Zhang (2019) 4 found that artificial neural
networks (ANNs) outperformed SVM and PLSR, although only Landsat-based NDVI were used as
remotely sensed data. In eastern Australia, Wang (2018) 5 determined that RF and boosted regression
trees (BRT) performed better than SVM. Forkuor (2018) 6 used Landsat 8 data and found that multiple
linear regression was superior to RF, stochastic gradient boosting, and SVM for estimating SOC, although
it did not predict SOC values at unsampled locations as well due to its inability to handle non-linear
relationships between variables.

Figure 7. Boxplot of NRMSE results achieved by different algorithms.

Scale and Agricultural Context

Scales of evaluation ranged from small fields (< 1 ha) to large landscapes (25,286 km2), with 21 focused
on areas less than 5,000 ha. Given the inconsistency in reported accuracy metrics it was not possible to
determine any association between scale and RMSE.
For studies that gathered data from cropping systems (22), a subset of 19 selected, collected, or filtered
remotely sensed imagery to eliminate pixels associated with vegetation. The purpose of filtering was to

4

Zhang et al., 2019
Wang (2018)
6
Forkuor et al., 2018
5
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remove the confounding influence of vegetation on the spectral signature of the soil. All of the other
three studies were focused on larger landscapes with mixed land cover types.
For the studies that gathered data from grasslands, pasture, or other mixed land-use situations, eight
used imagery that included vegetation and four used imagery that only included bare soil. The primary
reason for allowing vegetation was because the system of interest was a perennial grassland or mixed
use. In such situations, the spectral signature was expected to be correlated with biomass or leaf-areaindex, which in turn was hoped to be correlated with SOC.

Discussion
The accuracy statistics presented in the previous section correspond to studies completed in a wide
range of geographies, using a wide range of sensors, and applying a significant diversity of field and
analytical methods. The publications include the following variances:
●
●
●

●
●

13 of the studies sampled to a soil depth of at least 30 cm; others sampled at shallower depths
or did not provide any information on the depths at all
Laboratory analysis of SOC was performed using loss-on-ignition, dry combustion, WalkleyBlack, and unspecified methods
For some analyses, no regression covariates were used, whereas for others, climate,
topography, gamma radiometrics, land cover, geology, and other spatial covariates were
incorporated
Most of the research was situated within Koppen climatic types Aw/As (2), Bsh (3), Bsk (2), Cfa
(6), Cfb (6), Csa (5), Dfa (5), and Dfb (2), but this leaves a number of climate types unexplored
Cropping systems and validation methods (or lack thereof) were highly variable as well

Due to these and other inconsistencies, it is very difficult to generalize between studies or build
confidence in specific remote sensing platforms or sensors. Relative benefits and drawbacks of current
remote sensing options may be compared 7 (Figure 8) and may guide practitioners towards specific
platforms. However, quantitative, accuracy and precision-based comparisons cannot be made with
confidence.

7

Angelopoulou et al., 2019
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Figure 8. General comparison of RS platforms (Reproduced from Angelopelou et al., 201911).

Future Sensors
In the near future, several satellites equipped with hyperspectral imagers are due to be launched: the
U.S. NASA Hyperspectral Infrared Imager (HyspIRI) in 2021 (NASA report 2018) and the Spaceborne
Hyperspectral Applicative Land and Ocean Mission (SHALOM) — a joint mission by the Israel Space
Agency (ISA) and the Italian Space Agency (ASI) — is also developing a hyperspectral imager with 241
bands between 400 and 2500 nm and a spectral resolution of about 10 nm 8, to be launched presumably
in 2022. The forthcoming hyperspectral sensor EnMAP (Environmental Mapping and Analysis Program),
will also launch soon (planned for 2021) and provide unprecedented data streams (high spatial, spectral
and temporal resolution) for the retrieval and hence monitoring of SOC, across the VNIR–SWIR spectral
range11. Issues with low signal-to-noise ratios may persist4, but this cannot be fully determined until
actual data are available. Figure 9 details the number of future satellites countries will be launching by
2035.

8

Ben-Dor, Kafri, & Varacalli, 2013
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Figure 9. Global launch plans for Earth observation satellites by 2035 (Source: Fu et al., 2019 9).

Commercial Tools
Information for commercial tools is still forthcoming. A final assessment of commercial remote sensing
tools will be included in the final report. Of the commercial tools that have been researched, most do
not measure SOC, SOC stocks, or SOC stock changes, but instead focus on soil moisture and soil
fertilization.
Thus far, only two commercial tools have been found to estimate SOC: Vultus and Platfarm. Located in
Sweden, Vultus uses the Sentinel-2 soil library database, without any direct soil calibration and
validation measurements but has reported high accuracy measurements. However, due to pending
patents, Vultus cannot disclose their statistical methodology, only that they measure accuracy with R2
and RSME values. Platfarm, located in Australia, is still in the testing phase and had low accuracy
measurements for SOC and bulk density. The process is also potentially cost-prohibitive for producers,
as the Australian government recently enacted a carbon-credit policy program and now requires a
standardized testing procedure and soil lab analysis to qualify for the program, even if remote sensing
methodologies are used.

Persistent Challenges with Satellite-Based Imagery
In Appendix C, we briefly describe challenges inherent to satellite-based RS platforms, including low
signal-to-noise ratios, atmospheric distortion, geometric distortion, bi-directional reflectance, cloud
cover, and obtaining bare-earth imagery (most of the evaluated studies selected RS imagery during

9

Fu et al., 2019
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periods when there was high bare-earth cover). Any RS-based solution will need to minimize and/or
correct for these issues to provide accurate assessments of SOC.

Recommendations
Two aspects of this analysis remain to be completed: a more comprehensive analysis of commercial
tools if possible, and an analysis of the potential for aerial radiometric data to be used for predicting
SOC. Nevertheless, several recommendations can be made with currently available knowledge.
Most importantly, as previously mentioned, the results of remote sensing-based SOC and SOC stock
estimation metrics are promising but are not sufficiently consistent within or across bioclimatic contexts
to be used exclusively for quantifying soil carbon. However, the increasing availability of free or low-cost
satellite imagery suggests that remote sensing-based tools should be incorporated into pilot project
work. Specifically, if the data collection, imagery correction, and analysis process can be automated,
then the marginal cost of building evidence for use of these tools will be minor. Expensive soil sampling
and standardized data collection procedures across a carefully chosen sample space (i.e., intentionally
choosing climate, soils, cropping system, etc.) will still be required, but these data will need to be
collected for verification regardless thus should be used for remote sensing evaluation as well.
Second, the ability of remote sensing to contribute to estimating SOC stocks should be cautiously
evaluated. RS tools are promising for estimating SOC itself, but SOC is only one component of the
overall SOC stock equation and may not be a significant contributor to SOC stock estimate uncertainties
(Appendix B). Bulk Density appears to be a much larger contributor to overall uncertainties, but there is
no physical justification for using RS to estimate BD. Furthermore, when estimating SOC stock changes,
equivalent soil mass (ESM) procedures are required and necessitate either direct soil sampling or soil
penetration technology.
To summarize, we recommend that ESMC develop a standardized set of procedures for evaluating the
ability of freely available remote sensing products to estimate SOC values which are measured in the
pilot projects, as this will allow ESMC and others to compare across studies. The most prominent remote
sensing product that has sufficient spectral and spatial resolution is Sentinel-2, but a number of other
new satellites and data streams will become available over the next few years. As this literature and
tool review progresses, we may discover that SOC is a more significant contributor to SOC stock
uncertainties than expected. As more information is gathered, the conclusions of this report will be
updated and included in the final comprehensive tool assessment.
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Appendix A: Search Terms and Classification
Search Terms
Method / Tool
Satellite

Property
AND

“Soil carbon”

OR

OR

“Remote Sensing”

“Soil organic carbon”
OR
SOC

Post Classification
Method / Tool

Property

Spatial Scale

Landscape System

Satellite

Soil organic carbon

Field/Parcel

Cropping

UAS

Bulk density

Local

Rangeland

Review

Carbon sequestration

Regional

Grazing

Carbon stocks

Multiscale

Pasture

Carbon density
Soil organic matter
Soil organic carbon density
Total carbon
Region

Data Input

Temporal Scale Climate

Open ended

Open ended

One point in time

Arid

Change over time

Semi-arid
Tropical
Semi-tropical
Continental
Temperate
Multiple
15

Statistical Methods

Validation Set

Calibration Set Sampling Technique

Open ended

Open ended

Open ended

Accuracy Definition

Accuracy Relation

Accuracy Outcome

Open ended

Pixel

High

Point

Medium

Pixel and point

Low

Open ended
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Appendix B: Uncertainty Analysis Framework
Uncertainty in SOC stocks can arise from four primary sources including the soil sampling depth (where
soil sampling is performed), the SOC concentration, estimates of bulk density, and the mass proportion
of rock fragment content (Figure 10). To estimate uncertainty, one can either use Markov-Chain MonteCarlo (MCMC) sampling to simulate joint uncertainty from all of the components, or one can use the
statistical differentials / delta method to propagate errors 10 as shown in Figure 11.

Figure 10. SOC stock calculations forming the basis for uncertainty estimates (reproduced from
Goidts 2009).

Figure 11. Parameter contributions to SOC stock estimate uncertainties (reproduced from
Goidts 2009).
In their study of four Spatial Landscape Units (LSUs) in Belgium with nested scales of sampling, Goidts
(2009) concluded that, at the field scale, the relative contribution to overall SOC stock uncertainty from
primary sources of uncertainty depended on the prevalence of coarse fragments and on whether the
field was used for cropping or permanent grassland (Figure 12). For non-stony LSUs, the sampling depth

10

Goodman, 1960; Ku, 1966; Wells & Krakiwsky, 1971; Mardia et al., 1979 in Goidts et al., 2009
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was a primary contributor to uncertainty, with bulk density (BD) playing a significant role in the cropped
fields. In stony LSUs, estimates of rock fragments were a large component of overall uncertainty for both
cropped fields and permanent grassland.

Figure 12. Contribution of individual SOC stock parameters to overall SOC stock uncertainty, as
measured in Belgian agricultural settings (reproduced from Goidts 2009).
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We use the findings displayed in Figure 12 to inform our initial understanding of the parameters that
drive SOC stock uncertainty while acknowledging that the parameters will vary depending on site- and
study-specific conditions. Nevertheless, at the field scale it is notable that estimates of SOC are not one
of the primary contributors to SOC stock uncertainties in this study. This suggests that, while all the
sources of uncertainty should be minimized where possible, the parameter of SOC stock calculations
(SOC) most likely to be affected by remote sensing technologies may not be the parameter that needs to
be prioritized for uncertainty reduction.
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Appendix C: Remote Sensing Drawbacks and Current
Trends
Spatial Resolution
The spatial resolution of satellite imagery is coarse when compared to that of ground-truth
measurements gathered during field campaigns. Within individual pixels, different land cover types and
artifacts can be mixed, causing a distortion in the resultant spectral signal. Nonetheless, in recent
decades, the spatial resolution of satellite sensors has increased dramatically (Figure 13). This, coupled
with the ability to map the gridded spatial variability of soil properties within larger areas (instead of just
isolated points), is helping overcome the initial limitations of this technology.

Figure 13. Source: Karl et al. 2017.
The general increase in the spatial resolution has been also accompanied by an increase in the
resolution of images from free and open data sources. For instance, NASA launched the Moderate
Resolution Imaging Spectroradiometer (MODIS) multi-spectral instrument two decades ago, with a 250
m pixel resolution. The Landsat program (NASA) has been providing open and free multispectral imagery
since 2008 with spatial resolutions as low as 30 m (for some bands). The Sentinel constellation (ESA),
with a relatively high spectral resolution, became available in 2015 and also provided a spatial resolution
of 10 to 20 m, depending on the bands. The availability of free and open-source imagery with global
coverage with less than a 30 m Ground Sampling Distance (GSD) has opened the door to an exponential
increase in the research of soil and land cover variables at the field scale for agriculture during the past
decade (Figure 14).
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Source: Weiss et al 2020.

Figure 14. Growth of publications related to RS and agriculture.

Spectral Resolution
Quantitative estimation of soil variables using imagery acquired from multispectral remote imagers has
been generally hampered by inadequate spectral resolution, particularly by the absence of narrow
bands in the short wave infra-red (SWIR) region (1100–2400 nm)4.
After the termination of the Hyperion mission on EO-1 satellite, only the CHRIS hyperspectral satellite
imager remained active with a sufficient spatial resolution (i.e., ground sampling distance ≤ 30 m) for
soil applications 11. This sensor has considerable limitations in quantitative soil estimation applications
due to its restricted spectral range (415–1050 nm) that lacks bands in the SWIR region 12. For this reason,
the use of satellite hyperspectral data in quantitative soil estimation is still challenging and consequently
the number of published studies in which this type of data are used is still small.
Nonetheless, several recent studies show moderate to highly accurate estimations of SOC
concentrations at the field scale based on multispectral and hyperspectral satellite sensors (e.g., Wang
2018 13, Meng et al., 2020 14, Zizala et al., 2019 15, Thaler et al., 2019 16). This is driven in part due to the

Qian 2020
Casa et al. 2014
13
Wang et al. 2018
14
Meng et al. 2020
15
Zizala et al. 2019
16
Thaler et al. 2019
11
12
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availability of free imagery from Landsat-8 and Sentinel-2 multispectral/ super-spectral sensors, that
have bands in the SWIR region, which can be exploited for soil property estimation, and also a high
global revisit frequency of around 16 and 5 days, respectively. Also, the recent launch of the newgeneration satellite hyperspectral sensor PRISMA with relatively high Signal-to-Noise Ratio (SNR) and
high spatial resolution can make progress in this regard. Recent studies have demonstrated its potential
for SOC prediction based on simulated data from point hyperspectral measurements4.

Signal-to-Noise Ratio (SNR)
The signal-to-noise ratio (SNR), the ratio of signal power to the noise power, is a key parameter of
satellite sensors. It quantifies how much the signal has been corrupted by noise. Users require data and
images with high SNRs to better serve their analysis needs 17. In other words, the SNR of satellite sensors
affects their prediction ability17. Large noise interference in the acquired data seems to be an issue
especially when data are scanned in narrow spectral bands and with high spatial resolution (e.g.,
Hyperion hyperspectral satellite sensor). Hyperspectral imagers generally have a lower SNR than
multispectral ones as a result of the reduced energy collected by the sensor in narrow spectral bands.
This effect, coupled with the low solar irradiance in the SWIR region, produces a consistent decrease of
the SNR. For example, Castaldi et al. (2014) 18 compared the soil estimation performance of two sensors
mounted on EO-1 satellite using both Hyperion (Hyperspectral) and ALI (multispectral) data. The authors
did not observe any apparent advantages when using hyperspectral instead of multispectral data. This
was explained by the low SNR of Hyperion at the wavelengths of characteristic spectral features of clay
minerals.
Forthcoming hyperspectral imagers will have higher spectral resolution in the SWIR spectral region,
which will presumably permit accurate estimation of soil variables like soil texture and SOC. However,
the soil properties estimation accuracy of these imagers will depend on their SNR, particularly around
2200 nm4.

Cloud Detection
The detection and removal of clouds from satellite images are an important preprocessing step on most
of the applications in remote sensing. Cloud detection in optical remote sensing images is a crucial
problem because undetected clouds can produce misleading results in the analyses of surface and
atmospheric parameters.
Clouds usually cover large portions of the Earth's surface: globally cirrus clouds, the most difficult to be
detected, are thought to cover on average about 17% of the surface with >50% in the Intertropical
Convergence Zone. Clouds largely affect the transmission of radiation between the satellite sensors and
surface targets, providing misleading information on monitored surfaces. The multiple types of clouds
and the complexity of land structures further complicate their detection due to the frequent difficulty in

17
18

Qian 2011
Castaldi et al. 2014
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distinguishing clouds from the underlying landscape, even at high resolution (Coluzzi et al., 2018 19, and
references therein).
In parallel to traditional approaches for cloud removal, data-driven methods using deep learning have
been gaining attention recently. Based on a review of recent literature (2004–2018) on cloud detection,
Mahajan and Fataniya (2019) 20 concluded that the accuracy of cloud detection can be improved by
implementing a hybrid approach using machine learning, physical parameter retrieval, and groundbased validation.
Satellite products have increasingly started to include cloud masks that identify cloudy pixels in order to
simplify the user's work. For instance, Sentinel-2 images are among the first high resolution data
distributed with associated cloud masks. They include both dense clouds and cirrus clouds, by specifying
the cloud type with an indicator. Moreover, statistical information about the percentage of dense cloud
and cirrus pixels is enclosed. Sentinel-2 cloud masks are currently adjusted to minimize underdetections,
and seem to be working across different bioregions, with an average overall accuracy of 86.5%22. But
two extreme environments in peculiar atmospheric conditions seem to be particularly critical for a
correct detection: Rainforests, with complex clouds and high atmospheric water vapor content, with the
highest under-detection error (~89%); and high mountain orography patterns in dry atmosphere, with
the highest over-detection error (~8%)22.

Geometric Distortion and Misregistration
Geometrical distortion is an error on an image between actual image acquisition (sensor) coordinate
data and ideal image coordinate data. The geometric distortion forms because of the difference
between the actual and ideal image coordinate system. Geometric distortion correction is vital in any
satellite image for accurate measurement and analysis.
All remote sensing images are subject to some form of geometric distortions, as they represent a
simplification of the 3D real world. These distortions are caused by variations in platform stability
including changes in their speed, altitude, and attitude (angular orientation with respect to the ground)
during data acquisition. These effects are most pronounced when using aircraft platforms and are
alleviated to a large degree with the use of satellite platforms, as their orbits are relatively stable,
particularly in relation to their distance from the Earth. However, the eastward rotation of the Earth
during a satellite orbit, causes the sweep of scanning systems to cover an area slightly to the west of
each previous scan. The resultant imagery is thus skewed across the image. This is known as skew
distortion and is common in imagery obtained from satellite multispectral scanners 21.
Co-registration problems caused by geometric distortion of overlaid images add errors when using time
series, or when comparing different dates between overlying images. Depending on the data source,
this type of error could significantly increase the inaccuracy when comparing results from different
dates, for instance, changes in carbon stocks.
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Recently, it became apparent that when multi-temporal Sentinel-2A tile acquisitions are compared, they
can be misregistered by more than one 10 m pixel 22. But given the wide use of these products, there
have been several successful attempts to reduce these misregistration problems. For instance, Yan et al
(2018) 23 demonstrated an orbit-based registration methodology that uses a least-squares adjustment,
achieving a registration precision higher than 0.15 10 m -pixels (standard deviation 0.06 pixels),
providing Sentinel-2 multi-temporal data with no visually obvious misregistration at 10 m resolution.
Different algorithms are constantly being developed and upgraded, improving a lot these types of
errors, especially for those satellite data sources that are most widely used (e.g. sentinel-2, landsat-8).
The sources of geometric distortion and positional error vary with each specific situation but are
inherent in remote sensing imagery. In most instances, we may be able to remove, or at least reduce
these errors but they must be taken into account in each instance before attempting to make
measurements or extract further information.

Atmospheric Distortion
This is an issue that lab samples don't deal with. The contribution of atmospheric path radiance in the
visible spectrum is predominantly due to molecular and aerosol scattering in the atmosphere by water
vapor, ozone, oxygen and carbon dioxide. These components of the signal must be removed so that the
remaining signal can be attributed to the surface reflectance. Atmospheric correction attempts to
account for these effects.
While it is not always necessary to atmospherically correct satellite data to surface values, there are
instances where this level of correction is needed. In general, absolute atmospheric corrections are
needed when (1) an empirical model is being created for application beyond the data used to develop it,
(2) there is a comparison being made to ground reflectance data such as a field-based
spectroradiometer, or (3) as an alternative to relative correction when comparisons are being made
across multiple images 24.
There are numerous atmospheric correction methods available, ranging from simple approaches that
use only within-image information, to more complex and data-intensive approaches. The complex
methods are generally more accurate than simpler methods; however, they often require ancillary data
about atmospheric conditions at the time of image collection and can be difficult to implement,
especially for non- remote sensing experts. Further, these corrections can introduce additional errors 25.
In general, it is recommended to not perform atmospheric correction unless necessary, and to use freely
available high-level products when needed27.
Numerous atmospheric correction methods exist nowadays, as most satellite data providers distribute
their own (e.g., the atmospheric correction processor Sen2Cor developed by Telespazio VEGA
Deutschland GmbH on behalf of ESA, and LaSRC and LEDAPS corrections for the Landsat satellite mission
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by NASA). There´s been increasing research on the improvement of these algorithms (e.g., Main-Knorn
et al 2017 26), as the use of satellite imagery becomes more widespread.

Other Perceived Problems, for Further Consideration:
●

●

●

Scales: It is difficult to extrapolate to large scales when models are calibrated at small scales.
Simply extrapolating local models to similar areas may lack accuracy due to differences in the
behavior and weight of the explanatory variables between different areas. Challenges also exist
with downscaling if calibrations are performed over very large areas, as there could be incorrect
interpretations of statistical relationships at the field level due to a lack of resolution in the
training data. Scientific research has been increasing exponentially in the subject during the past
5 years 27. In addition, meta-analyses based on the aggregation of local data coupled with
machine learning are powerful but nascent tools that are useful to improve the predictive
models and map out the weight of the variables that affect the spatial variability of SOC across
the different scales, systems, and ecoregions. Increasing the number of surveys, the availability
of data for calibration, along with the creation of federal programs involving observatory farms
should be prioritized in order to allow for overcoming scaling problems.
Bidirectional Reflectance: The hyperspectral data need correction for bidirectional reflectance
distribution function effects. The derived surface reflectance is generally directional, and as such
depends upon the incident solar and receiving detector angles. This fact is rarely taken into
account. The bidirectional reflectance distribution function (BRDF) may be used to compensate
for the anisotropic reflectance of a material. However, quantification and employment of BRDF
in remote sensing is challenging 28.
Bare-Soil Availability: In order to get accurate estimations of SOC from satellite imagery, there´s
no clear consensus around whether it can be done beyond bare soil land cover, which would
constrain a lot the applicability of this approach.
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