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Preface

Remote sensing research focuses heavily on calibration and validation (CAL/VAL) to ensure
instrument reliability. Studies include absolute radiometric calibration of GF-7 and SDGSAT-1, and
SkySat data quality assessment (SNR/MTF). The methodologies introduced are the RCRII model
for vicarious calibration that corrects the adjacency effect, a Quadrifocal Tensor SFM technique for
HOFS sensors, MaxCor gap-filling for ETa, and high-accuracy Solar Diffuser BRDF measurement
using the reciprocity theorem. Validation efforts cover Permafrost Active Layer estimates and HRL

IMD accuracy via within-pixel sampling.
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Abstract: In permafrost regions, active layer thickness (ALT) observations measure the effects of
climate change and predict hydrologic and elemental cycling. Often, ALT is measured through
direct ground-based measurements. Recently, synthetic aperture radar (SAR) measurements from
airborne platforms have emerged as a method for observing seasonal thaw subsidence, soil moisture,
and ALT in permafrost regions. This study validates airborne SAR-derived ALT estimates in three
regions of Alaska, USA using calibrated ground penetrating radar (GPR) geophysical data. The
remotely sensed ALT estimates matched the field observations within uncertainty for 79% of
locations. The average uncertainty for the GPR-derived ALT validation dataset was 0.14 m while
the average uncertainty for the SAR-derived ALT in pixels coincident with GPR data was 0.19 m. In
the region near Utqiagvik, the remotely sensed ALT appeared slightly larger than field observations
while in the Yukon-Kuskokwim Delta region, the remotely sensed ALT appeared slightly smaller
than field observations. In the northern foothills of the Brooks Range, near Toolik Lake, there was
minimal bias between the field data and remotely sensed estimates. These findings suggest that
airborne SAR-derived ALT estimates compare well with in situ probing and GPR, making SAR an
effective tool to monitor permafrost measurements.

Keywords: active layer; permafrost; ground penetrating radar; synthetic aperture radar

1. Introduction

Warming of the Arctic is leading to intensification of hydrologic cycles, changes to
vegetation, increased river discharge, and elevated permafrost temperatures [1]. The
permafrost active layer—the near-surface portion of the soil column that thaws annually
in the summer—is at the nexus of change in the terrestrial Arctic system because it is a
key zone for lateral groundwater flow, hosts ecological communities, and serves as the
upper boundary of the permafrost [2]. Multi-scale quantification of the maximum depth
that suprapermafrost soil thaws annually—the active layer thickness (ALT), primarily
controlled by the maximum temperature achieved at a given location during the summer—
serves as a robust indicator of climate change impacts on the Arctic [3], at many scales
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across Arctic landscapes. Furthermore, the high spatial heterogeneity of ALT [4] is a
motivation to map ALT at high spatial resolution. This has inspired the development of a
variety of tools, based on remote sensing datasets or statistical relationships, to map ALT.

The Circumpolar Active Layer Monitoring (CALM) network has acquired ALT
data since the 1990s at over 200 sites in both hemispheres on 1 km? or 1 ha grids using
direct manual push probe measurements [5]. However, the locations of CALM sites are
biased towards accessible places, and there is a need to estimate ALT across the vast
remote expanses of the Arctic. Other efforts have focused on making more spatially
extensive maps of ALT. Statistically and physically driven models have been used to
produce catchment and regional ALT maps [6,7]. Others have used statistical correlations
in conjunction with regional scale measurements to map ALT [8]. Recent approaches
based entirely on remote sensing measurements have shown that satellite Interferometric
Synthetic Aperture Radar (InNSAR) data can be used to generate maps of ALT based on the
seasonal subsidence of the land surface due to freeze-thaw cycles in the active layer [9].
Alternative SAR-based methods have used backscatter signals to estimate ALT [10,11].

Recently, the possibility has arisen of using aircraft-mounted SAR systems to ac-
quire datasets for ALT estimation similar to what had previously been observed using
satellites [12]. Although airborne SAR deployments have the disadvantage that they
are not placed into Earth orbit, whereas satellites in orbit for long durations can repeat
temporal measurements up to every 12 days in the Arctic [13]. On the other hand, aircraft
deployments have the positive characteristic that they can be tasked to meet specific
time-over-target objectives, and aircraft-mounted sensors can often achieve finer ground
resolution than spaceborne SAR platforms. Furthermore, aircraft missions are far less
costly than satellite missions and indeed may be more cost efficient on a per-square-meter
basis than field surveys for measuring ALT on the catchment- or regional-scales. In 2017,
as a part of NASA’s Arctic-Boreal Vulnerability Experiment (ABoVE) project, an airborne
SAR dataset was acquired using the L-band Uninhabited Aerial Vehicle Synthetic Aper-
ture Radar (UAVSAR) over Alaska and Western Canada with measurements collected
in spring (April to June) and fall (September to November). The objective of ABoVE
was to reveal environmental changes over large scales in the Arctic and boreal regions of
North America. The airborne campaign included collection of UAVSAR data and P-band
Airborne Microwave Observatory of Subcanopy and Subsurface (AirMOSS) polarimetric
synthetic aperture radar (PolSAR) on 66 total flight lines covering >4 million km? [14].

Our purpose is to validate airborne SAR-derived ALT measurements using cali-
brated field geophysical data. We also present a limited comparison between remotely
sensed soil volumetric water content (VWC) estimates and VWC measured in the field.
Specifically, our objective is to show quantitative statistical validation of these remotely
sensed products in three characteristically different permafrost regions of Alaska. This
validation demonstrates the ability of the remotely sensed ALT measurements to match
field-based observations within uncertainty, enabling end users to have confidence in the
utility of the airborne SAR ALT product. We use probe-calibrated ground penetrating
radar (GPR) data as a well-established ground truth measurement of thaw depth that can
efficiently acquire data on km-scales needed to validate the remote sensing results. While
the maximum seasonal thaw, i.e., ALT, is not achieved until September or October each
year, there is only a slight additional downward advancement of the thaw front between
late August and October [11,15], and therefore, we treat GPR- and probe-measured thaw
depth as a proxy for ALT.

2. Materials and Methods

The Permafrost Dynamics Observatory (PDO) data product [16] estimates seasonal
subsidence, ALT, soil moisture, and uncertainties at 30-m resolution for 66 airborne flight
lines across the ABoVE domain [17] in Alaska and northwest Canada. Throughout the
rest of the text, we refer to the SAR-derived ALT product as “the PDO product”. The PDO
retrieval uses L-band Synthetic Aperture Radar (SAR) data acquired by UAVSAR and
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P-band SAR backscatter acquired by AirMOSS. As part of the ABoVE airborne campaign,
NASA flew all 66 lines in June and again in August 2017 [14]. The PDO product estimates
seasonal subsidence due to thawing of the active layer using InSAR of the two L-band
images acquired in June and August 2017. The PDO product estimates the vertical profile
of soil volumetric water content (VWC) from the seasonal subsidence and the P-band
backscatter from the August flights.

We focus on three SAR swaths in Alaska across a latitudinal gradient for this val-
idation: Utqgiagvik/Barrow (BRW), Toolik (TOO), and the Yukon-Kuskokwim Delta
(YKD) (Figure 1). The abbreviations indicated in parentheses are consistent with naming
schemes used in the SAR dataset (i.e., barrow, toolik, and ykdelt) [16]. The BRW swath
includes a lowland coastal plain underlain by continuous permafrost and has a mean
annual air temperature (MAAT) of —11 °C and <200 mm of precipitation. The TOO
swath includes the rolling topography of the foothills of the Brooks Range underlain
by continuous permafrost and a MAAT of —7 °C and <400 mm precipitation. The YKD
swath includes delta plain lowlands underlain by discontinuous permafrost and a MAAT
of —1 °C and <480 mm of precipitation. The surface environmental conditions at all
swaths are similar, being dominated by moss, lichen, and forbs, and sporadic shrubs
adjacent to surface water. The mechanical probing and GPR validation datasets described
below for BRW and TOO are described by [18,19].

Utqiagvik (Barrow) M Continuous

[ Discontinuous
Isolated
Sporadic

I Absent

Figure 1. Airborne SAR swaths (black patches) and the permafrost classification across Alaska,
USA [20].

ALT was measured using GPR calibrated to mechanical thaw probe observations.
Thaw probing was done using a 1.5 m long, graduated steel rod that was inserted vertically
into the active layer until refusal at the ice-bonded permafrost table, following the CALM
protocol. The operator judged if the contact was permafrost or rock based on the feeling
and sound of the impact. Depending on the site, thaw probe measurements were made
sporadically (e.g., >100 m between probe locations) along the GPR transect to capture the
large-scale spatial variability in ALT and soil characteristics; however, in some cases, high-
density transects of probing at 1 m intervals were also measured to capture small-scale
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variability. Repeatability—the measurement of mechanical probing uncertainty—was
measured occasionally by measuring in triplicate within a 0.3 m diameter circle.

All GPR data used for validation were measured using the instrumentation, settings,
and protocol described by [19] with a Mald ProEx (GuidelineGeo, Stockholm, Sweden).
Data were processed using ReflexW (Sandmeier Geophysical Research, Karlsruhe, Ger-
many). The GPR transmits a radio-frequency electromagnetic (EM) pulse at a 500 MHz
center frequency that propagates downward into the ground. At the permafrost table,
where there is a contrast in dielectric permittivity between frozen and unfrozen materials,
the EM wave is reflected back towards the instrument, and the total travel time of the
wave is recorded as a waveform or ‘trace’. The resulting radargram images composed of
many adjacent traces are processed to remove low frequency noise and enhance late-time
arrivals before being manually interpreted to extract—or ‘pick’—the GPS-tagged reflec-
tion arrivals. The GPR data was acquired in ‘tracks” of semi-continuous measurements
automatically triggered every 0.3 s at walking speed resulting in a total of 1.9 x 10°
data points across all swaths (Figure 2). The approximate spatial measurement footprint
is 0.3 m?, based on the material properties and distance to the permafrost table. If the
velocity is known, travel time can be converted to ALT. Probe measurements of ALT
co-located with GPR observations of travel time allow for calculation of velocity. We
calculated a velocity for each co-located probe and GPR measurement within a swath
and then used the average velocity for that swath to perform the time-depth-conversion
for all other points in that swath. Uncertainty on ALT observations derived from GPR
was estimated using the standard deviation of GPR velocity (oy) for each swath, i.e.,
supposing oy = 0.006 m ns !, that would correspond to ALT uncertainty of 0.065 m for a
0.5m ALT. GPR data were measured 10-15 August 2013 for the BRW swath, 11-14 August
2014 for the TOO swath, and 13-16 August 2016 for the YKD swath. At locations where
collocated GPR and thaw probe measurements were available, the calculated velocity was
converted to depth-integrated VWC using an empirical equation calibrated for permafrost
soils in AK [21]. We employed the depth-integrated VWC because the GPR is sensitive
to the total water content throughout the active layer depth profile, in comparison to
conventional soil moisture probes, e.g., time-domain reflectometry (TDR), that is limited
to measurement over the length of the probe’s waveguides (10 to 20 cm).

GPR tracks

Takslesluk
Lake ,

3
=3
b
o

)
il
T

Figure 2. Ground penetrating radar (GPR) tracks displayed over the PDO product for the (a) BRW,
(b) TOO, and (c) YKD swaths. The locations of these swaths are indicated in Figure 1. White boxes
indicate locations shown in Figure 9. Latitude and longitude tick marks are in 5" intervals. Dark
patches within the terrestrial landscape are water bodies.

Airborne SAR data were collected using UAVSAR and AirMOSS radars, with two
flights acquired along each swath during 2017: one near the onset of thaw, and another
towards the end of the thaw season. The subsidence estimated across each swath between
the L-band UAVSAR acquisitions is used to estimate ALT based on the principle that the
ground surface subsides when the water in the soil melts, resulting in a decrease in the
pore water volume [9]. The P-band AirMOSS backscatter is sensitive to soil dielectric
properties down to ~60 cm depth. The PDO product uses both L-band InSAR and P-
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band backscatter to estimate seasonal subsidence, ALT, and soil volumetric water content
product at 30 m pixel resolution. By estimating the water content, and assuming a typical
subsurface porosity profile, the required ALT to produce the measured subsidence is
calculated in a joint inversion framework [12]. Given that the SAR acquisitions are not
precisely at the beginning and end of the thaw period, an accumulated degree days of
thaw (ADDT) correction is applied to extrapolate the total seasonal subsidence (and
therefore ALT) from the measured subsidence, based on the ADDT experienced at each
swath. Full details of the postprocessing and joint retrieval can be found in [12]. The ALT
product is masked to eliminate pixels with heavy forest cover and InNSAR coherence <
0.35[12].

Given the approximate two orders of magnitude scale difference between the foot-
print of the GPR and SAR pixel size, we averaged the GPR data in each PDO pixel. We
used the same 30 m grid that the SAR results are presented on [17] and calculated the
mean, standard deviation, and count of the GPR data within each pixel. Uncertainty
on the averaged pixels is estimated using Gaussian error propagation where the GPR
measurement error described above is added in quadrature to the scaling error (stan-
dard deviation of GPR measurements in each pixel), and representation error accounting
for the difference in time between the SAR acquisition and the fieldwork, estimated
as 0.045 m based on the average observed interannual variability at all three swaths (
https:/ /www2.gwu.edu/~calm/, accessed on 25 June 2021). Given the tortuous path of
the GPR track across the landscape, some pixels have hundreds of ALT measurements,
while others may have fewer than ten (the median count was 74 GPR points per 30 m x
30 m pixel across all sites). To ensure a representative ALT value for each validation pixel,
we rejected any pixels that had fewer than 30 ALT measurements, following the Central
Limit Theorem. Once the GPR dataset is calibrated for local wave velocity, upscaled to
a 30 m grid, and reduced to eliminate pixels with low data count, we refer to the final
product as the “ALT validation dataset’. As detailed in [18], we use the x> statistic that
accounts for observational uncertainty to compare the remotely sensed product to the
validation dataset. x? at each pixel is calculated as:

2
2 _ [ Tn
Xn = (%,n) (1)

where 7, is the residual between the PDO product and ALT validation dataset at pixel
n, and g, is the uncertainty in the validation dataset at pixel n. Ideal matches occur if
both estimated values are within the uncertainty of each other. This means the difference
between the remotely sensed and GPR ALT is smaller than uncertainty, implying the two
are statistically identical. Good matches occur if the estimated ground measured value
is only within the uncertainty of the SAR measurement, a marginal match is when only
the uncertainties overlap, and all others are classified as ‘no match’. The overall x? is
calculated as:

2148,
) 2
X'=xN - Xn 2)
where N is the total number of pixels where ALT is observed.

3. Results
3.1. Calibrated GPR Dataset

Here, we focus on the dataset measured within the YKD swath as a representative
example. This dataset was referred to by [22]; however, the details are first reported
here. The calibrated GPR datasets measured within the BRW and TOO swaths are
detailed in [19,23], respectively, and therefore we direct the reader to those publications
for comprehensive explanations of those datasets. The example processed radargram
(Figure 3a) shows the undulating, semi-discontinuous reflection from the permafrost
table. The GPR pulse reflects at any boundary with a dielectric contrast, such as the
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thawed-frozen boundary at the bottom of the active layer. This is a typical image where
the reflection is clearly visible along most of the line, though there are intermittent
segments where no obvious reflection is present (e.g., near trace 1450) perhaps due
to poor coupling or variations in the dielectric permittivity contrast [19]. Above the
permafrost table reflection, there are moderately continuous to discontinuous subparallel
reflections. The earliest time reflections < 10 ns may be associated with an interface
between peat and mineral soil. The more horizontal arrivals above the permafrost table
may also be associated with instrument noise or antenna ringing. Figure 3b shows a
comparison between the probe data and GPR data after calibration to the local average
wave velocity, where probe uncertainties are calculated as the standard deviation of three
replicate probe measurements at the same location. A perfect match between the probe
and GPR data would fall exactly along a one-to-one line, and deviation of points from
the one-to-one line is primarily a result of spatial variability in soil moisture that is not
accounted for when using a site-wide velocity. The average site-wide velocities for all
swaths are shown in Table 1.

(a) TRACE NUMBER
1480

AR [4313W) HLd3a

TWO WAY TRAVEL TIME [ns]

[suler0 0

(b)
‘.

1
5 A
5 0.8
E
= 0.6
<
x 04
(V]

0.2 rmse =0.09 meters
ok
0O 02 04 06 08 1

probe ALT, meters

Figure 3. GPR results from within the YKD swath. (a) Processed radargram with time-depth-
conversion applied using site-calibrated wave velocity. The interpreted reflection from the per-
mafrost table is indicated in red. (b) Comparison between GPR-measured ALT and thaw probe data
with one-to-one line. (c) Location where the radargram in (a) was measured (white arrow), also
showing the SAR ALT product overlain on aerial imagery. The GPR track is shown in the southeast
corner of Figure 2c.

Table 1. Average (x) and standard deviation (o) for the SAR and validation (VAL) datasets and for

the GPR wave velocity, v.
X ALT(SAR) X ALT(VAL) O ALT(SAR) O ALT(VAL) ;v Oy
Meters Meters Meters Meters mns—1 mns—1
all 0.50 0.50 0.14 0.15 0.046 0.006
BRW 0.48 0.38 0.14 0.07 0.042 0.006
TOO 0.43 0.47 0.09 0.09 0.048 0.005
YKD 0.56 0.67 0.13 0.08 0.049 0.006
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3.2. Comparison of Validation Dataset to Airborne SAR

A direct comparison of the validation dataset with the PDO product (Figure 4a)
shows BRW to have the thinnest active layer, TOO intermediate, and YKD as thickest.
The TOO result falls approximately around the one-to-one line, while the BRW results
indicate that the SAR product slightly overestimates ALT on average, while at YKD the
SAR result slightly underestimates ALT on average. Despite these small biases, the error
bars on the average SAR results do overlap the one-to-one line. Visualizing the same
data as a 2D histogram (Figure 4b) illustrates that the relationship is somewhat linear
when considering the more frequent occurrence of points close to the one-to-one line. The
overall root mean squared error (RMSE) between the PDO product and validation dataset
is 0.176 m, which translates to 20-70% ALT uncertainty.

(a) (b)

30

1 r 1 25

T 08 0.8 20
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ALTy, [meter] ALTy [meter]

Figure 4. (a) ALT validation data compared against the collocated SAR result. Grey bars are
individual estimated uncertainties (vertical error bars indicate posterior uncertainty for the PDO
product; horizontal error bars indicate validation uncertainty from error propagation of the GPR
errors, scaling errors, and representation errors); large colored markers are the average and standard
deviations for each swath. (b) A 2D histogram, where grayscale indicates count, displaying the
same data as in panel (a). Black, BRW; red, TOO; blue, YKD.

3.3. Validation Results Based on Airborne SAR Coherence

Including only the highest quality pixels in the validation reduces the RMSE (Figure
5). In Figure 4, we used all SAR pixels above the coherence threshold of 0.35. The
magnitude of the correlation is referred to as the “coherence” [24]. As coherence increases,
the uncertainty in the estimated ALT decreases, making it more difficult to reach the
ideal match criteria in the x? statistic. Nevertheless, the higher quality pixels with high
coherence show reduced RMSE. Setting a higher coherence threshold reduces the number
of pixels in the validation statistics. For example, if we set the coherence threshold
to 0.65, the RMSE decreases to 0.09 m, 0.16 m, and 0.17 m for TOO, BRW, and YKD
respectively, while reducing the number of usable pixels in the validation statistics to
about 300. Depending on the application, a user of the PDO dataset could define their own
coherence threshold to focus on the highest quality pixels with the lowest uncertainties,
at the cost of fewer usable pixels per swath and less spatially continuous data coverage.

These results indicate that noise in the data influences the accuracy of the results,
as opposed to a problem with the retrieval. Coherence loss is driven by noise in the
interferogram, which in turn results from small differences in surface scattering between
the two scenes. The pixels with the least amount of noise tend to converge towards the
validation data, resulting in lower RMSE.
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Figure 5. The relationship between the number of pixels used for validation and the resulting
RMSE, showing that when SAR pixels are culled by coherence, a smaller RMSE can be achieved at
the expense of a smaller statistical population.

3.4. Uncertainty Assessment

Here we address the uncertainty of each measurement method. For probing measure-
ments, the only site where we have estimates of measurement repeatability is YKD. Given
that these distributions appear to be skewed (Figure 6), particularly the SAR, we report
the median rather than the mean. The probe measurements have the lowest uncertainty,
likely because the primary sources of error are simply the operators” judgment of the
ground surface and the ability to read the 0.01 m graduations marked on the probe. The
scaled GPR data has around double the uncertainty of the probe data, due to both velocity
uncertainty and scaling. SAR uncertainty is two to three times larger than GPR due
to errors both in the measurement (as a result of having infrequent acquisitions from
airborne platforms), as well as assumptions in the conversion from subsidence to ALT.
Please refer to [12] for more details on SAR uncertainties.
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Figure 6. Frequency distributions of ALT uncertainty for the (a) BRW, (b) TOO, and (c) YKD swaths.
Median values (M) are reported for each frequency distribution.

3.5. Evaluation of ALT Observations across Measurement Methods

Next, we illustrate a comparison of the ALT frequency distributions of each mea-
surement for each swath. Histograms indicate the SAR and GPR data are visually similar,
though statistically different (Figure 7). Although we do not expect the populations to
have equivalent distributions or even to exhibit Gaussian shape, we nonetheless tested
this possibility statistically using the nonparametric Kruskal-Wallis test [25]. This non-
parametric one-way analysis of variance (ANOVA) test on ranks compares whether all
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four populations originate from the same distribution. Resulting p-values > 0.05 would
indicate that they are not significantly different, however we found that the p-values
were <0.05 in all cases: pprw = <107°, proo = 0.0025, pykp = <107°. This mismatch is
attributed to the contrasting sampling area of each measurement: ~0.01 m? for probing,
~0.3 m? for GPR and 900 m? for SAR that each have the capacity to detect variability in
ALT on different spatial scales. At BRW (Figure 7a) there are notable shifts in the peaks of
the histograms between the total GPR dataset and the 30 m scaled validation GPR dataset.
Although this may seem counterintuitive given that both were derived from the same
population, this difference arises because many of the GPR points were not included in
the scaled validation product due to either failing to meet the 30 point-per-pixel threshold
or because the GPR measurement was in a location that was masked out of the SAR swath
due to low SAR coherence. In contrast, the frequency distributions for each measurement
population with the TOO and YKD swaths are approximately coincident.
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Figure 7. Histograms of ALT for the (a) BRW, (b) TOO, and (c) YKD swaths.

3.6. Volumetric Water Content Comparison

While our primary focus is the validation of ALT estimates, here we provide a basic
comparison of VWC estimates from the joint retrieval against field measurements. We are
restricted to a limited comparison for VWC because our field measurements only observe
depth-integrated VWC when there are collocated probe and GPR measurements, and
this only occurs sporadically every few hundred meters along each GPR track. Therefore,
a single depth-integrated VWC observation that may not be representative of the local
average conditions would be compared to a 30 m SAR pixel. Furthermore, at BRW where
there are more probe data available, they are distributed across only 11 pixels, which is too
few to make a statistical argument. The histograms at BRW (Figure 8a) are different from
the SAR-estimated values substantially underestimating field measurements. Comparison
of the VWC histograms at TOO and YKD (Figure 8b,c) reveals that the populations are
similar with median differences of 0.03 m® m~3 and 0.08 m>® m 3 respectively, suggesting
a close match between SAR-derived VWC and field conditions.
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Figure 8. Frequency distributions of VWC for the (a) BRW, (b) TOO, and (c) YKD swaths. Population counts, 7, indicate the
total number of individual depth-integrated VWC observations and the number of pixels for the field and SAR datasets
respectively. M indicates median.
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3.7. x* Classification Results

The x? classification quantifies how well SAR pixels match the field data within
uncertainty. These results are summarized in Table 2 for all observations and grouped by
swath. The positive bias at BRW indicates SAR overestimated ALT, while the negative
biases at the other swaths indicate SAR underestimated ALT. In total, 79% of all pixels
were either an ideal match or a good match with the validation dataset—ideal matches
being statistically identical. TOO had the highest percentage of good match or better
(82%), while YKD had the smallest percentage in those categories (77%).

Table 2. Results of x? classification. RMSE indicated root mean squared error, ngag is the number
of SAR pixels available for validation.

Ideal Good Marginal No

2 .
X RMSE bias NSAR Match Match Match Match

- Meters Meters - - - - -

all 9.93 0.176 0.00 829 25% 54% 10% 11%
BRW 11.86 0.176 0.10 354 16% 64% 11% 9%
TOO 6.89 0.144 —0.04 181 43% 39% 9% 9%
YKD 9.49 0.194 —0.11 294 26% 52% 9% 14%

To illustrate how the x? classified pixels are distributed across the landscape, we
present pixels along representative GPR tracks from each swath in Figure 9a—c. The tracks
do not appear spatially continuous for two reasons: (1) we rejected SAR pixels with less
than 30 validation ALT measurements, and (2) SAR pixels with coherence less than 0.35
are not used in the validation. Residuals are plotted spatially in Figure 9d—f. There are no
obvious spatial patterns in either the classifications or the residuals (i.e., spatial patterns
X? are approximately random), except that the residuals appear to be more positive in
BRW and more negative in YKD, corresponding to the overall observed bias (Table 2).
The approximate randomness of x? spatial patterns suggests that cases of marginal match
or no march likely result from random noise than a systematic bias or problems with the
PDO retrieval.
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Figure 9. x? classifications for (a) BRW, (b) TOO, and (c¢) YKD with corresponding residuals (d—f).

4. Discussion
4.1. Evaluation of Validation Data

ALT may vary substantially even over short distances on the scale of meters (e.g.,
Figure 3a). Using the minimum threshold of 30 GPR-measurements-per-pixel produces
a statistically representative ALT observation for each pixel, corresponding to a data
density of 3 measurements per 100 m?. The median point density across all of our sites
is 8 measurements per 100 m2, and the maximum is 54 measurements per 100 m?2. For

11
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comparison, the data density at a 1 km? CALM grid is around 0.01 measurement per
100 m?.

We found the median uncertainty on the direct manual thaw probe measurements in
the YKD swath to be 0.03 m (Figure 7c) based on triplicate measurements within a 0.3 m
radius. This is equivalent to the 0.03 m uncertainty reported within the BRW swath [18],
and similar to the 0.04 m uncertainty reported for sandy arctic soils [10]. Given this
consistency in mechanical probe uncertainty, we judge this level of uncertainty to be
appropriate to apply to probing data for all of our study areas.

The direct comparison of probe measurements to coincident calibrated GPR obser-
vations (Figure 3b) highlights the effectiveness of GPR for noninvasively measuring an
interface between thawed and frozen soil. Similar comparisons have been made [18,19]
illustrating the overall linearity of the relationship, but also some expected spread of the
data away from the one-to-one line due to spatial variation in VWC. While the variation
in VWC (i.e., proportional to permittivity or wave velocity) is clear from Figure 3b, across
the datasets from all three sites, there is relatively low variation in the mean wave velocity
(Table 1). This may be useful information for other studies that cannot perform detailed
calibrations.

Obtaining coincident measurements in time remains a substantial challenge, par-
ticularly when coordinating aircraft and ground teams. The aircraft may acquire data
across the whole state of Alaska in the time it takes the field team to acquire validation
measurements at a single site. There are related restrictions when attempting to coordinate
the measurement timing with natural processes such as the maximum depth of thaw
corresponding with ALT. As described, it was impossible to acquire contemporaneous
field validation datasets, and indeed our field measurements were in some cases years
different from the aircraft flights. Based on available timeseries data, we accounted for
this representation error to the best of our ability, however, we nonetheless acknowledge
that ALT experiences interannual variability that cannot entirely be accounted for in our
approach, which may have resulted in some false positives and false negatives in our x?
classification.

While our field ALT measurements were made in August rather than the end of
the thaw season in September or October, we assume these measurements approximate
maximum thaw due to the deceleration of the thaw front late in the season. While we do
not have detailed models or timeseries data exactly at our swaths, we consider previously
presented modeling results [11,15] that modeled active layer thaw dynamics at 70°N
latitude. The results of these studies indicated that between August 14 (approximately
the time of measurement of our field data) and the onset of freezing, the permafrost table
only advanced 0.01-0.03 m, which is within the uncertainty of both our probing and GPR
data. Therefore, we judge the seasonal timing of our data collection to have a negligible
effect on the validation results.

Although our VWC validation is limited due to the low data density of field measure-
ments, we nonetheless highlight the importance of using depth-integrated VWC obtained
from GPR observations. For typical soil moisture probes—e.g., TDR and similar dielectric
approaches—the VWC is measured as an average along the length of the waveguides.
While there is nothing physically incorrect about this, if a user is attempting to make
minimally invasive observations (i.e., not digging a pit) by inserting the waveguides
vertically into the ground surface this will only sample the top, partially saturated portion
of the soil column. Such measurements are not representative of the soil water content
throughout the active layer as demonstrated by the lack of correlation between depth-
integrated VWC measurements and TDR probes [26]. In contrast, time-consuming soil
pits disturb the tundra sufficiently to prevent future re-measurement, and soil pits likely
influence the in situ soil moisture distribution. Furthermore, it is impractical to dig a large
enough number of soil pits to achieve the spatial representativeness we seek herein.

12
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4.2. Comparison of Large-Scale ALT Estimates

Two general approaches for making large scale maps of ALT are (1) remotely sensed
observations of active layer properties and processes, or (2) discrete or indirect observa-
tions extended to large scales using spatial statistics. The first group is further divided into
observations from either airborne or spaceborne sensor platforms. Given that satellites
in orbit are continuously acquiring images at the same location on an approximately 12
day interval, ALT estimates from spaceborne SAR sensors have an advantage of long
duration continuous deployment, meaning that ALT estimates may be derived from data
measured multiple times per thaw season for several consecutive years [9]. In contrast,
airborne platforms have the potential flexibility to target specific observation times and
provide measurements at finer spatial resolution and possibly at multiple radar frequency
bands.

Previously calculated satellite-based ALT estimates within the BRW swath were
found to underestimate ALT by 0.02 m compared to field data [18], which is smaller than
the 0.10 m overestimate in the PDO product we found using airborne measurements
(Table 2) at similar pixel size. The difference in native spatial resolution (i.e., the intrinsic
instrument resolution before spatial averaging) between airborne and spaceborne SAR
could be responsible for this observed bias [12]. Furthermore, the spaceborne InNSAR
dataset was composed of many more SAR scenes than the airborne dataset [18]. The
bias (0.10 m) observed in the airborne dataset is similar to the airborne-ALT uncertainty
(+/—0.14 m), the validation dataset uncertainty (+/—0.07 m) (Table 1), and the spaceborne-
ALT uncertainty (+/—0.19 m) [18]. The spaceborne-ALT results within the BRW swath
were found to achieve a x? category of either ideal match or good match at 74% of
validation pixels, similar to the 80% of pixels in the same category for the airborne-
ALT measurement (Table 2). Within the YKD swath, previously calculated satellite-ALT
observations revealed that 66% of pixels were either ideal or good matches [22], compared
to 78% in the same categories for the airborne-ALT observations (Table 2).

An example of a large-scale ALT estimate made using spatial statistics is available
in the Yukon Flats region [8]. This area is closest to the TOO swath, although the Yukon
Flats region is on the border between continuous and discontinuous permafrost and has
different geologic substrate and landscape history, so we do not intend to draw a direct
comparison between these two sites. Nonetheless, we observe that statistically predicted
ALT around Ft. Yukon had a bias of approximately —0.09 m for a 30 m x 30 m pixel
size [8], similar to the bias of —0.04 m we observed at the TOO swath (Table 2). A different
statistical ALT estimate approach of the 26,000 km? Kuparuk River basin which partially
includes the TOO swath found a bias of 0.02 m for estimates on a 300 m x 300 m pixel
size, though the validation set was limited to 12 points scaled up from the 121-point
CALM grids [6]. Even larger scale estimates of ALT have been attempted on the Russian
Arctic drainage basin using climate inputs as drivers and assumptions about soil variables
in a Stefan equation framework [7]; however, the extremely sparse direct observations
make this scale of ALT product challenging to compare with our validation, though the
modeled ALT is reported to be underestimated. SAR Backscatter-derived ALT estimates
on the Yamal peninsula, Russia, achieved an RMSE of 0.2 m for ALT ranging from 0.8 to
1.4, or uncertainty of 14-25% [10].

4.3. Value and Limitations of Airborne SAR Estimates of ALT and VIWC

There are several potential areas where airborne-SAR estimates of ALT may provide
particular advantages compared to other large-scale ALT mapping methods. Perhaps
most notable is the potential to retrieve subsurface VWC estimates concurrently with ALT
due to the implications for developing a more complete understanding of hydrology and
energy balance if both parameters are available [26]. Our present validation of VWC is
limited, though it suggests promise for the accuracy of the VWC parameter (Figure 8).
Currently, it is not possible to directly estimate VWC from spaceborne-ALT measurements
for the whole active layer depth from spaceborne microwave instruments due to limited
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penetration depth, and existing spatial statistical models have not attempted to include
this property directly. Another potential value of airborne-derived ALT estimates is the
possibility of recovering finer-scale ALT variability. Although in this study we used 30
x 30 m pixels, this was a choice driven by the objective of using a standardized grid
to enable different science datasets to be integrated and analyzed easily [17]. Using a
different flight plan and a more frequent intra-seasonal measurement interval could allow
for ALT and VWC retrieval at 10 m resolution.

One limitation of airborne-estimated ALT is that measurements can only be acquired
when flights are tasked to do so. Therefore, SAR analysis may need to be conducted on
fewer datasets than might be available from spaceborne platforms, resulting in the need
to use spatial averaging and upscaling from the native resolution to achieve an acceptable
signal-to-noise ratio in the SAR data. While 30 m pixel resolution may be acceptable when
considering a swath that covers nearly 2500 km?, it is also important to recognize that
ALT varies substantially on the meter-scale (Figure 3a).

Although our comparison is limited to three swaths, the data (Figure 4) may suggest
that airborne SAR may overestimate ALT when the true value is thinner (northern latitude)
and underestimate ALT when the true value is thicker (southern latitude). While the three
swaths detailed herein do represent a wide range of latitude, a detailed examination of
more swaths within the latitude gradient would help to reveal if this bias is limited to
BRW, TOO, and YKD or if it is systematic and linked to some aspect of the data acquisition
or processing [12]. Additionally, based on the field VWC measurements (Figure 8), soil
moisture is greatest in BRW and least at YKD, raising the possibility that limitations in
the ability to retrieve ALT VWC may be partially responsible for the bias in Figure 4. The
surface characteristics of all sites are similar, with low typical tundra vegetation and no
trees, and therefore we anticipate this is not a key factor in the bias shown in Figure 4.

4.4. Future Research on Validating Remotely Sensed Active Layer Products

GPR-derived ALT datasets [19,23] have been successfully demonstrated as a field
survey technique for validating SAR-estimated ALT products [18,22] due to the capability
of GPR to acquire tens of thousands of ALT data points in large scale transects at acceptable
uncertainty levels. Here we have further bolstered confidence in this approach and
added important details related to scaling such as a minimum validation point density
threshold and propagation of scaling uncertainty to the validation product. llluminating
the linkages and correspondence between SAR, GPR, and probe-measured ALT and study
sites features is a key future research task. There are additional refinements that could be
made to improve future validations.

First, it would be valuable to have more spatially extensive VWC field data to validate
the VWC component of the joint retrieval. This is particularly challenging because each
point where VWC is estimated requires 1-2 min of measurement and recording time
at a minimum to complete the direct probing. So-called ‘high-density” transects of 100
m total length and 1 m spacing between VWC measurements have been explored [23]
with the objective of capturing some of the fine-scale spatial variability in ALT and VWC.
However, in the best case, one high-density transect only could be used to validate up to
three 30 m SAR pixels. Although this approach would approximately meet our criteria
of validating SAR pixels only if there are >30 field data points within the pixels, the
high-density surveys are a large time investment for a limited amount of validation. It
would be useful to explore the spatial correlation length scales for VWC that may help
to justify tolerance of <30 field data points per pixel. Furthermore, soil pits would be
useful for characterizing the porosity profile [11] to allow for saturation calculations,
and improved site-specific dielectric-VWC transforms may enable higher precision VWC
estimates. To that end, we also emphasize the importance of acquiring depth-integrated
VWC measurements, either in addition to or instead of conventional soil moisture probe
(waveguide) measurements because depth-integrated VWC has been demonstrated to
have the strongest correlation with active layer physical processes [27].
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Another area of work would be the extension of the continuous multi-offset GPR
approach for measuring ALT [27]. This simultaneously retrieves velocity and travel time,
thereby eliminating the need for probe measurements beyond quality assurance/quality
control. This multi-offset approach would have the additional advantage of resolving the
challenge of spatially sporadic VWC measurements described above. Past efforts at this
approach have been limited to simple, flat surface microtopography due to complications
that arise with GPR antenna positioning on rough surfaces, and distinct subsurface
layering (e.g., peat over mineral soil). It is possible that coupling a multi-layer GPR
inversion [28] with the multi-offset acquisition scheme and using a ridged antenna sled
that slides across the tundra vegetation may help to overcome these limitations.

4.5. Implications for Monitoring Thaw, Mapping ALT and Model Parameterizations

Monitoring ALT is valuable for understanding how permafrost landscapes are chang-
ing in response to climate warming—currently, this is primarily achieved through the
network of CALM sites [4]. While this network of sites is extremely valuable for per-
mafrost monitoring, the 1 km? manually-probed site scale cannot capture the dynamics
of all landscape features. Therefore, the PDO product validated herein provides a useful
baseline against which future observations may be compared. While it may not be possi-
ble to re-fly all swaths annually, a decadal resurvey of the measured swaths may reveal
landscape-scale patchiness or other changes to ALT outside the resolution of the CALM
grids.

Permafrost hydrology modeling relies on ALT because this is the primary zone for
water dynamics—e.g., lateral flow—in continuous permafrost landscapes. Distributed
hydrologic models use ALT as an input parameter that defines the depth to the impervious
layer [29]. ALT is similarly important to permafrost carbon (C) modeling because this
depth defines the boundary between bioavailable C and permafrost-sequestered C that
may be released to the atmosphere under future warmer climate scenarios [30]. The
validated PDO product is at an ideal scale for watershed hydrology or C cycling models—
either as input parameters or to validate the results if ALT is calculated physically within
the model [15,31].

5. Conclusions

We have demonstrated that 79% of the airborne-derived ALT values PDO product
pixels are either an ideal match or good match x? classes in comparison with the field
validation dataset. Overall, the RMSE between the PDO product and validation dataset
is 0.176 m, which equates to a deviation in ALT between the two datasets of 20-70%.
Considering the x> and RMSE results together, the airborne SAR-derived ALT products
exhibit accuracies similar to previously-reported large-scale ALT estimation methods,
and therefore we conclude that the airborne SAR-derived ALT products are successfully
validated within uncertainty.

Author Contributions: Conceptualization, A.D.P. and K.S.; methodology, A.D.P., TD.S., K.S,,
R.H.C,, R]J.M,; formal analysis, A.D.P,; writing—original draft preparation, A.D.P.; writing—review
and editing, K.S.,, RH.C,RJ M., TDS,LKC, LH, Y.Z,EW., MM, H.Z; project administration,
K.S.; funding acquisition, K.S., M.M., H.Z., A.D.P. All authors have read and agreed to the published
version of the manuscript.

Funding: This research was funded by NASA, grant numbers NNX13AM25G, NNX14A154G,
NNX16AH36A, and NNX17AC59A.

Data Availability Statement: The data used in the manuscript are available at: https://doi.org/
10.3334/ornldaac/1355, https:/ /doi.org/10.3334/ORNLDAAC /1796, http:/ /dx.doi.org/10.333
4/0ORNLDAAC/1265, and https://doi.org/10.3334/ORNLDAAC /1903 (all accessed on 25 June
2021).

15



Remote Sens. 2021, 13, 2876

Acknowledgments: We thank S. Schaefer, S. Ludwig, and S. Natali for assistance in the field
acquiring data in the Yukon-Kuskokwim Delta. We thank the US Fish and Wildlife Service for
permitting fieldwork in the Yukon-Kuskokwim Delta.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Box, J.; Colgan, W.T.; Christensen, T.R.; Schmidt, N.M.; Lund, M.; Parmentier, E.-].W.; Brown, R.; Bhatt, U.S.; Euskirchen, E.S.;
Romanovsky, V.E; et al. Key indicators of Arctic climate change: 1971-2017. Environ. Res. Lett. 2019, 14, 045010. [CrossRef]
Hinzman, L.D.; Kane, D.L.; Gieck, R.E.; Everett, KR. Hydrologic and thermal properties of the active layer in the Alas-kan Arctic.
Cold Reg. Sci. Technol. 1991, 19, 95-110. [CrossRef]

Van Everdinger, R. Multi-Language Glossary of Permafrost and Related Ground-Ice Terms (Revised 2005); National Snow and Ice Data
Center/World Data Center for Glaciology: Boulder, CO, USA, 1998.

Hinkel, K.M. Spatial and temporal patterns of active layer thickness at Circumpolar Active Layer Monitoring (CALM) sites in
northern Alaska, 1995-2000. J. Geophys. Res. Space Phys. 2003, 108. [CrossRef]

Abramov, A.; Davydov, S.; Ivashchenko, A.; Karelin, D.; Kholodov, A.; Kraev, G.; Lupachev, A.; Maslakov, A.; Ostroumov, V.;
Rivkina, E.; et al. Two decades of active layer thickness monitoring in northeastern Asia. Polar Geogr. 2019, 1-17. [CrossRef]
Nelson, EE.; Shiklomanov, N.I.; Mueller, G.R.; Hinkel, K.M.; Walker, D.A.; Bockheim, ].G. Estimating Active-Layer Thickness
over a Large Region: Kuparuk River Basin, Alaska, U.S.A. Arct. Alp. Res. 1997, 29, 367. [CrossRef]

Zhang, T.; Frauenfeld, O.W,; Serreze, M.C.; Etringer, A.; Oelke, C.; McCreight, J.L.; Barry, R.; A Gilichinsky, D.; Yang, D.; Ye, H.;
et al. Spatial and temporal variability in active layer thickness over the Russian Arctic drainage basin. J. Geophys. Res. Space Phys.
2005, 110, 1-14. [CrossRef]

Pastick, N.J.; Jorgenson, M.T.; Wylie, B.K.; Minsley, B.J.; Ji, L.; Walvoord, M.A.; Smith, B.D.; Abraham, J.D.; Rose, ].R. Extending
Airborne Electromagnetic Surveys for Regional Active Layer and Permafrost Mapping with Remote Sensing and Ancillary Data,
Yukon Flats Ecoregion, Central Alaska. Permafr. Periglac. Process. 2013, 24, 184-199. [CrossRef]

Liu, L.; Schaefer, K.; Zhang, T.; Wahr, ]J. Estimating 1992-2000 average active layer thickness on the Alaskan North Slope from
remotely sensed surface subsidence. |. Geophys. Res. Space Phys. 2012, 117. [CrossRef]

Widhalm, B.; Bartsch, A.; Leibman, M.; Khomutov, A. Active-layer thickness estimation from X-band SAR backscatter intensity.
Cryosphere 2017, 11, 483-496. [CrossRef]

Chen, R.H.; Tabatabaeenejad, A.; Moghaddam, M. Retrieval of Permafrost Active Layer Properties Using Time-Series P-Band
Radar Observations. IEEE Trans. Geosci. Remote. Sens. 2019, 57, 6037-6054. [CrossRef]

Michaelides, R.J.; Chen, R.H.; Zhao, Y.; Schaefer, K.; Parsekian, A.D.; Sullivan, T.; Moghaddam, M.; Zebker, H.A.; Liu, L.; Xu, X.;
et al. Permafrost Dynamics Observatory (PDO)—Part I: Postprocessing and Calibration Methods of UAVSAR L-band InSAR Data
for Seasonal Subsidence Estimation. Earth Space Sci. 2021. [CrossRef]

Chen, J.; Glinther, F,; Grosse, G.; Liu, L.; Lin, H. Sentinel-1 InNSAR Measurements of Elevation Changes over Yedoma Uplands on
Sobo-Sise Island, Lena Delta. Remote Sens. 2018, 10, 1152. [CrossRef]

Miller, C.E.; Griffith, P.C.; Goetz, S.J.; Hoy, E.E.; Pinto, N.; McCubbin, L.B.; Thorpe, A.K.; Hofton, M.M.; Hodkinson, D.J.; Hansen,
C.; et al. An overview of ABoVE airborne campaign data acquisitions and science opportunities. Environ. Res. Lett. 2019,
14, 080201. [CrossRef]

Swenson, S.C.; Lawrence, D.; Lee, H. Improved simulation of the terrestrial hydrological cycle in permafrost regions by the
Community Land Model. ]. Adv. Model. Earth Syst. 2012, 4. [CrossRef]

Schaefer, K.; Michaelides, R.J.; Chen, R.H.; Sullivan, T.D.; Parsekian, A.D.; Zhao, Y.; Bakian-Dogaheh, K.; Tabatabaeenejad, A.;
Moghaddam, M.; Chen, J.; et al. ABoVE: Active Layer Thickness Derived from Airborne L-and P-band SAR, Alaska, 2017; ORNL DAAC:
Oak Ridge, TN, USA, 2021. [CrossRef]

Loboda, T.V.; Hoy, E.E.; Carroll, M.L. ABoVE: Study Domain and Standard Reference Grids, Version 2; ORNL DAAC: Oak Ridge, TN,
USA, 2019. [CrossRef]

Schaefer, K.; Liu, L.; Parsekian, A.; Jafarov, E.; Chen, A.; Zhang, T.; Gusmeroli, A.; Panda, S.; Zebker, H.A.; Schaefer, T. Remotely
Sensed Active Layer Thickness (ReSALT) at Barrow, Alaska Using Interferometric Synthetic Aperture Radar. Remote Sens. 2015, 7,
3735-3759. [CrossRef]

Chen, A.; Parsekian, A.D.; Schaefer, K.; Jafarov, E.; Panda, S.; Liu, L.; Zhang, T.; Zebker, H. Ground-penetrating ra-dar-derived
measurements of active-layer thickness on the landscape scale with sparse calibration at Toolik and Happy Valley, Alaska.
Geophysics 2016, 81, H9-H19. [CrossRef]

Jorgenson, M.T.; Yoshikawa, K.; Kanevskiy, M.; Shur, Y.; Romanovsky, V.; Marchenko, S.; Grosse, G.; Brown, J.; Jones, B. Permafrost
characteristics of Alaska. In Proceedings of the Ninth International Conference on Permafrost, University of Alaska, Fairbanks,
AK, USA, 29 June-3 July 2008; Volume 3, pp. 121-122.

Engstrom, R.; Hope, A.; Kwon, H.; Stow, D.; Zamolodchikov, D. Spatial distribution of near surface soil moisture and its
relationship to microtopography in the Alaskan Arctic coastal plain. Hydrol. Res. 2005, 36, 219-234. [CrossRef]

Michaelides, R.J.; Schaefer, K.; Zebker, H.A.; Parsekian, A.; Liu, L.; Chen, J.; Natali, S.M.; Ludwig, S.; Schaefer, S.R. Inference of
the impact of wildfire on permafrost and active layer thickness in a discontinuous permafrost region using the remotely sensed
active layer thickness (ReSALT) algorithm. Environ. Res. Lett. 2018, 14, 035007. [CrossRef]

16



Remote Sens. 2021, 13, 2876

23.

24.

25.

26.

27.

28.

29.

30.

31.

Jafarov, E.E.; Parsekian, A.D.; Schaefer, K.; Liu, L.; Chen, A.C.; Panda, S.K.; Zhang, T. Estimating active layer thickness and
volumetric water content from ground penetrating radar measurements in Barrow, Alaska. Geosci. Data ]. 2017, 4, 72-79.
[CrossRef]

Rosen, P.A.; Hensley, S.; Joughin, LR.; Li, EK.; Madsen, S.N.; Rodriguez, E.; Goldstein, R.M. Synthetic aperture radar interferome-
try. Proc. IEEE 2000, 88, 333-380. [CrossRef]

Breslow, N. A generalized Kruskal-Wallis test for comparing K samples subject to unequal patterns of censorship. Biometrika 1970,
57,579-594. [CrossRef]

Clayton, L.K.; Schaefer, K.; Battaglia, M.].; Bourgeau-Chavez, L.; Chen, J.; Chen, R.H.; Chen, A.; Bakian-Dogaheh, K.; Grelik, S.;
Jafarov, E.; et al. Active layer thickness as a function of soil water content. Environ. Res. Lett. 2021, 16, 055028. [CrossRef]
Gerhards, H.; Wollschlager, U.; Yu, Q.; Schiwek, P.; Pan, X.; Roth, K. Continuous and simultaneous measurement of reflector
depth and average soil-water content with multichannel ground-penetrating radar. Geophysics 2008, 73, J15-]23. [CrossRef]
Parsekian, A.D. Inverse Methods to Improve Accuracy of Water Content Estimates from Multi-offset GPR. |. Environ. Eng.
Geophys. 2018, 23, 349-361. [CrossRef]

Fabre, C.; Sauvage, S.; Tananaev, N.; Srinivasan, R.; Teisserenc, R.; Pérez, ].M.S. Using Modeling Tools to Better Understand
Permafrost Hydrology. Water 2017, 9, 418. [CrossRef]

Chaefer, K.; Zhang, T.; Bruhwiler, L.; Barrett, A.P. Amount and timing of permafrost carbon release in response to climate
warming. Tellus B Chem. Phys. Meteorol. 2011, 63, 168-180. [CrossRef]

Painter, S.L.; Coon, E.T.; Atchley, A.L.; Berndt, M.; Garimella, R.; Moulton, J.D.; Svyatskiy, D.; Wilson, C.J. Integrated sur-
face/subsurface permafrost thermal hydrology: Model formulation and proof-of-concept simulations. Water Resour. Res. 2016, 52,
6062—-6077. [CrossRef]

17



remote sensing

Article

A Quick Band-to-Band Mis-Registration Detection Method for
Sentinel-2 MSI Images

Tianxin Chen ! and Yongxue Liu 12*

School of Geography and Ocean Science, Nanjing University, Nanjing 210046, China;
chentianxin001@outlook.com

Jiangsu Center for Collaborative Innovation in Geographical Information Resource Development
and Application, Nanjing 210046, China

*  Correspondence: yongxue@nju.edu.cn

Abstract: A band-to-band mis-registration (BBMR) error often occurs in remote sensing (RS) images
acquired by multi-spectral push broom spectrometers such as the Sentinel-2 Multi-spectral Instru-
ment (MSI), leading to adverse impacts on the reliability of further RS applications. Although the
systematic band-to-band registration conducted during the image production process corrects most
BBMR errors, there are still quite a few images being observed with discernible BBMR. Thus, a quick
BBMR detection method is needed to assess the quality of online RS products. We here propose a
hybrid framework for detecting BBMR between the visible bands in MSI images. This framework
comprises three main steps: first, candidate chips are captured based on Google Earth Engine (GEE)
spatial analysis functions to shrink the valid areas inside image scenes as potential target chips. The
redundant data pertaining to the local operation process are thus narrowed down. Second, spectral
abnormal areas are precisely extracted from inside every single chip, excluding the influences of
clouds and water surfaces. Finally, the abnormal areas are matched pixel by pixel between bands,
and the best-fit coordinates are then determined to compare with tolerance. Here, the proposed
method was applied to 71,493 scenes of MSI Level-1C images covering China and its surrounding
areas on the GEE platform. From these images, 4356 chips from 442 scenes were detected with
inter-band offsets among the visible bands. Further manual visual inspection revealed that the
proposed method had an accuracy of 98.07% at the chip scale and 88.46% at the scene scale.

Keywords: band-to-band mis-registration (BBMR); spectral anomaly detection; multi-spectral
instrument (MSI); Google Earth Engine (GEE); hybrid computation

1. Introduction

The band-to-band mis-registration (BBMR) of multi-spectral remote sensing (RS)
images refers to the misalignment between bands caused by differences in the imaging
time or angle between detection elements [1]. BBMR has an adverse impact on the
reliability of RS applications [2,3], such as target recognition, land-cover classification,
and change detection [4]. In particular, appreciably more false information is generated if
BBMR occurs over areas with higher spectral complexity. For multi-spectral push broom
spectrometers without a beam splitter, e.g., the Sentinel-2 Multi-spectral Instrument (MSI),
different spectral band stripe filters are mounted on every single detector. This imposes
a slight time offset between each spectral channel sensor during imaging [5], where
long-track displacement is approximately 14 km for MSI images [6]. After systematic
band-to-band registration (BBR), the inter-band geometric displacement of MSI images
should be under 0.3 pixels at 99.7% confidence [7]. However, the pre-processing routine
does not necessarily correct all of the displacements, as evidenced by the fact that images
with visible inter-band displacement have been observed [8] and have been reported in
the Sentinel-2 data quality reports [9]. MSI images have been widely used in a broad
range of earth observation applications due to their high revisit frequency (five days at the
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equator with Sentinel-2A /B), spatial resolution (10 m for visible bands), and radiometric
performance [10,11]. Therefore, a robust method is needed to identify MSI images with
obvious BBMR errors.

The Sentinel-2 system is designed for high geometrical and spectral measuring
performance with ongoing multi-spectral images: approximately 10,000 MSI images can
be acquired daily with its twin-satellite capability, and as of July 2020, ~20 million products
have been made available. With the support of Google Earth Engine (GEE)—a cloud
platform that hosts petabyte-scale geospatial datasets—MSI images and their derivatives
have played a crucial role in the global environment and security monitoring [12-15].
Some BBMR detection methods have been promoted targeting different types of platforms.
Therefore, determining whether or not a single MSI image has obvious BBMR may not
be especially difficult. However, determining the presence of BBMR in large numbers of
MSI images from the Sentinel-2 archives still represents a great challenge because time
efficiency and the elimination of redundant information both need to be considered due
to the rapid expansion of the MSI dataset. With more than 800 embedded functions, the
GEE platform offers an effective way to handle “big data.” Its extensive spatial analysis
functions provide an opportunity that may fulfill the lack of effective methods designed
specifically for quickly detecting BBMR in a series of MSI images. Thus, the main aim of
this study was to use the convenience of GEE to improve BBMR detection efficiency.

This study proposes a GEE-based algorithm to efficiently detect MSI images with
mis-registration between the visible bands. The paper is organized as follows: First, we
describe the spectral features of BBMR in MSI images and detail the proposed procedure
in Section 2; we then present the experimental results in Section 3; and finally, we discuss
the limitations and potential applications of the proposed method in Section 4.

2. Materials and Methods
2.1. Characteristics of BBMR in MSI Images

The MSI onboard Sentinel-2A /B satellites are designed for high geometrical and spec-
tral measuring performance in a large swath with 13 spectral bands in the visible /near-
infrared (VNIR) and short-wave infrared (SWIR) spectral ranges [16]. To cover the 290 km
swath width, 12 MSI detectors are arranged in a staggered position on the focal planes,
each with 13 spectral channel sensors, introducing along-track parallax both between
detectors and between bands. In addition to the internal distortion of sensor detection
elements, the relative offsets between bands can also be caused by platform jitters or
terrain [17]. While it is difficult to determine the exact source of error, it is practical to
detect and correct inter-band offsets based on each image’s abnormal spectral features.

In MSI true-color images (TCI, R: Band 4; G: Band 3; B: Band 2, 10 m resolution), an
inter-band displacement over one pixel can be discernable, creating a “rainbow” effect [18].
This usually comprises a bright-green stripe on one side of the geo-feature’s edge and a
magenta stripe on the other side (Figure 1c). The parallax can be useful in some cases;
for example, the “rainbow” effect of objects moving at high speed caused by inter-band
parallax can be used to capture small targets such as vehicles, ships, and planes in high-
spatial-resolution images. It can also track the motion of moving clouds and water [19,20].
Meanwhile, the blurring of object boundaries may lead to geometric deviations in target
recognition or land-cover misclassifications, which affect the reliability of RS applications.
As shown in Figure 1c1-c3, the green stripes show relatively high values in the differences
between Bands 3 and 4, whereas the magenta stripes appear to show relatively low values.
This indicates the existence of an offset between Bands 3 and 4. The offset between
Bands 2 and 3 can also be observed in the same way. However, the difference between
Bands 2 and 4 only displays the features of geo-objects, rather than the “rainbow” stripe,
which implies there are no apparent offsets between them. According to the analysis, the
displacement of Band 3 is, therefore, the leading cause of the “rainbow” effect.
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Figure 1. MSI images with and without discernible BBMR in the visible bands (Bands 2-4). (a) A
subset of an MSI true-color image (48QZ]J) acquired on 18 December 2015, without BBMR; (c) a
subset of an MSI true-color image acquired on 20 August 2015, with BBMR in the same area as (a);
and (b—d) the correlation between the reflectance of Bands 2-3 and Bands 4-3 inside three square
image chips in (a—c). (Note that the reflectance values in (b,d) were scaled by 10,000.) (c1-¢3) The
true-color image and difference value between the visible bands of the three chips.

Comparing MSI images with and without BBMR over the same area, we found that
the relationships among the visible bands differed significantly (Figure 1a—d). Figure 1b
clearly shows a higher correlation among the visible bands’ reflectance compared to that
in the image without BBMR. This suggested that the inter-band offset could be captured
by the bright-color feature (i.e., bright green: pg3 — ppp > 0.05 and pp3 — ppsa > 0.05 in
most images, p stands for the reflectance value) and could be determined by the high
correlation between the visible bands. The following method was therefore proposed
based on this core idea. Note that this study only focuses on the offset between the green
band and the other two visible bands.
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2.2. Inter-Band Mis-Registration Detection Method

There are two types of most commonly used methods for BBMR detection: sensor
based and feature based. The former focuses on building a mathematical model between
the interference factors during imaging and the inter-band offset, such as reproducing the
imaging process in a laboratory to calibrate the interior of the camera and relative orienta-
tion parameters [17]. The latter analyzes the spectral features of images, mostly based on
the cross-correlations between bands [21,22] and processed with phase correlation or the
quantile matching method [23]. The detailed procedure varies depending on the method
used to locate feature points. For example, image processing methods such as quad-tree
decomposition [24] and singular value decomposition [25] have been used to calculate
the BBMR inside an image chip. Meanwhile, other methods have been used to select the
region of interest based on entropy [26] or to construct triangulation methods [27]. For the
optimal results of band-to-band registration, height difference displacement analysis [28],
cloud masks, and low-rank analysis [29] have been used to provide different levels of
strategies for registration. The methods mentioned above mostly targeted charge-coupled
devices (CCDs) and some sensors carried on an unmanned aerial system (UAS). Note that
there are few BBMR detection methods for MSI images, and a known one is processed
with phase correlation calculation on a sliding window basis for a whole image [18].
However, to be applied to a series of spatiotemporal multi-spectral images, the BBMR
detection method requires a more efficient determination strategy and a larger storage
space. Moreover, the spectral characteristics of surface objects in RS images cannot be
effectively expressed over a large spatial scale (~110 x 110 km? for each scene). Therefore,
filtering redundant data in the image and narrowing the size of the image participating in
a single operation process are both priorities. We propose the following hybrid framework
to detect the BBMR in MSI images, and it comprises three main steps (Figure 2): candidate
chip detection based on GEE, spectral abnormal areas extraction, and feature matching.
The first step shrinks the valid areas inside image scenes as potential targets to download,
the second step precisely extracts pixels with spectral abnormal features inside every
single chip, and the third step determines the best-fit coordinates in the accumulation
cross-correlation matrix of all abnormal areas.

2.2.1. Candidate Chip Detection Based on GEE

The computation priority on GEE is distributed by the geometrical range and com-
plexity of the operation to guarantee efficiency in general, which means that it is not
realistic to conduct the complete data calculation process online. Our strategy, which max-
imizes the advantages of the analysis functions of GEE, involves simplifying the online
spectral abnormal area detection process and downloading all image chips containing
valid spectral information from a whole scene as candidates for further determination
in a local computation environment. This approach could narrow the size of an image
to approximately one-thousandth that of the original scene and thus could significantly
reduce local data storage requirements.

First, as described in Section 2.1, the abnormal spectral feature can be used to
capture inter-band mis-registration candidates. In this experiment, our aim was to detect
anomalies in Band 3 (i.e., pg3 — pp2 > 0.05 and ppz — pps > 0.05) that presented bright-
green features in true-color images. Then, a rough filtering of false reflectance anomalies
in Band 3 needed to be conducted before downloading the image chips to minimize
excessive network transferring. False anomalies along the seam-lines of two adjacent
granules (caused by moving clouds) and those inside traffic networks (caused by moving
vehicles) can be effectively excluded using a similar method to that used in a previous
study [8]. The M-estimator sample and consensus method is used to find the linear-
distributed candidates in every scene. Moving vehicles can be frequently observed along
roads (especially along highways). Therefore, a frequency image is used to better exclude
them in a time series of MSI images. Moreover, the sun-glint noise that appears on
water surfaces with high reflectance or moving ships may also lead to false detections.

21



Remote Sens. 2021, 13, 3351

Here, we use a global water map provided by the Environmental Systems Research
Institute (ESRI) to filter chips that are fully covered by water surfaces as invalid data.
After filtering the false positives, the detected abnormal spectral pixels are divided into
different areas according to connectivity. The centroids of every area are calculated and
saved as candidates in coordinate files. Finally, visible band chips (301 x 301 pixels) of MSI
images centering on each candidate (pixel) with a 150-pixel extension in 4 neighborhoods
could then be downloaded from the Sentinel-2 Collection on GEE.

(1) Candidate chips detection based on GEE
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Figure 2. The hybrid framework of BBMR detection in an MSI image chip. The valid candidate
chips (301 x 301 pixels) were selected after spectral anomaly detection and water masks. With
the filtration of clouds, the abnormal areas inside the chips were extracted to calculate the best-fit
location in the correlation matrix between visible bands. (The sample chip used in this figure was
subsetted from scene 20150810_T48QXE.).

2.2.2. Spectral Abnormal Area Extraction

The abnormal area detection methods used in image registration can be divided
into two main types: area based and feature based. To obtain a more solid result while
also reducing algorithm complexity, we chose the latter to locate the inter-band mis-
registration points inside the chip, depending on the spectral difference between bands.
The specific steps are as follows:
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(i)  Spectral feature extraction. Inside each image chip, the threshold of the abnormal
spectral point needs to be expanded to extract more features in areas with relatively
low heterogeneity. The spectral reflectance peak around the green light band that
vegetation has may lead to false positives if we simply narrow the threshold using
the same criterion as that applied during the detection of candidate chips. Instead,
we focus on bright-magenta features (ops — pp3 > 0.04) that appear in pairs with
green ones in order to avoid vegetation interference. Only focusing on the BBR of
the surface objects in the experiment, the “rainbow” effect appearing at the edge of
moving clouds also needs to be excluded to obtain more convincing candidate points.
Our primary choice of cloud mask is the cloud probability product (10 m resolution)
processed by the s2cloudless open-source algorithm on GEE, because it ensures data
coverage, avoids image resampling, and has significant high confidence compared to
Band QA60. In this experiment, points with cloud probability of >20% were removed
from the candidates. Note that the thresholds were the optimal choices determined
by trial-and-error analysis and succeeded in extracting reflectance anomalies in
Band 3 of MSI images covering different backgrounds. Although the performance
was supported by the experiment result, the transfer to other datasets may still need
more tests for adjustment.

(ii) A random sampling of abnormal spectral points. If the number of candidate points
inside a chip is less than three, it will be filtered as an accidental error or a flying
airplane; if the number is more than 24, the chip will be divided into a 3 x 4 grid for
random sampling inside each grid in order to obtain a roughly geometrical uniform
distribution of 24 points inside the chip. As the chips are downloaded centering
on every abnormal area, we considered that the potential mis-registration inside a
chip is spatial continuous in most cases. Therefore, this shrinks the computation
complexity, while maintaining the main spectral feature.

2.2.3. Feature Matching and Result Verification

The high relativity among visible bands makes it possible to assess inter-band mis-
registration by cross-correlation. In this case, we only evaluate the correlation between
Bands 3 and 4 because as the bright-green and red stripes appear symmetrically, the
existing offset patterns between Bands 34 and Bands 3-2 in the experimental images are
essentially the same. With each abnormal spectral point, a small window (21 x 21 pixels)
is built to calculate the statistical best-fit position between Bands 3 and 4. The window
is centered on the abnormal spectral pixel with a 10-pixel extension in 4 neighborhoods.
The window size is designed to meet the demand of surface feature representation and
reduce the number of pixels participating in every single operation at the same time.
Taking the Band 3 window as the reference image and moving the Band 4 window as
the sensed image in the range of 10 x 10 pixels, the image correlation is calculated at
every position to establish a 21 x 21 cross-correlation matrix. This matrix is resampled
into 105 x 105, and the maximum correlation value position is calculated as the best-fit
position at the improved accuracy of 0.2 pixels. To enhance the abnormal spectral feature
detected in different areas and reduce the error caused by object texture, we accumulate
all of the cross-correlation matrices and obtain a general best-fit position of all of the
candidate windows. Meanwhile, we use a k-means clustering result of all the best-fit
positions to ensure reliability, because based on the assumption that the inter-band offsets
are similar inside the chip, the offset at each point should also have a similar direction. If
the accumulation position and the clustering position are both outside of the 0.37 x 0.37
window, with a distance within 0.75 pixels between each position, then this image chip
will be considered with inter-band mis-registration. For the mis-registration result, all
three bands are resampled to 0.1 pixels and Band 3 is moved back to the best-fit position
for manual visual inspection to check the result. The improvement in the true-color image
composition is used to verify the effect.
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3. Results
3.1. Detection Results

The proposed method was applied to 71,493 scenes of MSI Level-1C top of atmosphere
(TOA) reflectance images covering China and its surrounding areas (58°43'37""N-0°2315"S,
142°29'40"E—67°8'44"E) acquired from 21 July 2015 to 28 February 2016, the first few
months after the launch of Sentinel-2A. We use the candidate chip products provided by
a former study into airplane detection [8], as the detection method for this experiment
shares similarities in spectral features with the flying airplane detection method based on
the parallax between MSI visible bands. After the reflectance anomaly detection and false-
positive filter, a total of 130,784 MSI image chips from 19,842 scenes were downloaded
from GEE. In the local environment, 4356 chips from 442 scenes were detected with BBMR.
From this, 4272 chips from 391 scenes were confirmed with existing mis-registration by
manual visual inspection with an accuracy up to 98.07% at the chip scale and 88.46% at
the scene scale. The average number of downloaded chips per image was 6.59, and it only
accounted for 0.49% of the total pixels in an image. The reduction of downloaded images
significantly improved the computation performance. According to the test statistic of
15,388 chips from 25 July 2015 to 15 August 2015, the average operation time for a chip
was 0.76 s. Therefore, the method could be considered efficient for application on a
sizeable set of image data. However, the limitation of the dataset brings possibilities of
more chips with BBMR that may have remained undetected, because some areas with
clustered abnormal points were filtered before being downloaded. Thus, this result only
presents the temporal and spatial distribution of images with BBMR to a certain extent.

As shown in Figure 3, the chips with confirmed BBMR mainly appeared across
12 days from 29 July to 3 September 2015, during the early period following the launch
of Sentinel-2A. Later in the study interval, BBMR only showed up occasionally on four
days (24 November, 25 November, 11 December 2015, and 3 February 2016), and other
detection results were mostly determined as false positives (53 chips from 41 scenes in
27 days). The confirmed mis-registrations not only showed up in multiple chips inside a
single day but often in multiple scenes as well. The peak appeared on 10 August 2015,
when there were 1431 chips with BBMR captured from 123 scenes, followed by 20 August
and 3 September 2015 with 56 scenes and 15 August 2015 with 52 scenes. Although there
was no apparent temporal pattern regarding the repetitive spatial appearances of BBMR,
they did occur on some of the scenes over several days: scenes TS0TML, T50TLL, and
T50TLK were each detected to have BBMR four times, with 9 scenes detected three times
and 40 scenes detected twice. Most offset distances were in the range of 0.37-3, with
77.40% of chips under 1.5 pixels, 90.67% of chips under 2.0 pixels, and 95.25% of chips
under 2.5 pixels. The proportion of these images is not quite high due to the fine quality
of the Sentinel-2 product; hence mis-registration could be an easily neglected problem.
Therefore, we believe this method is essential and necessary for further remote sensing
applications.

The BBMR distances and directions not only varied between different chips acquired
on the same day (Figure 3) but also varied between different chips inside the same
scene. For example, 10 chips detected to have confirmed BBMR (Figure 4b) in scene
20150810_T48RZP showed different offset distances and directions (Figure 4e) without
representing a distinct spatial clustering pattern. This indicates that the offset was not
homogeneous inside the range of the scene. Therefore, images need to be defined into
smaller units for more precise BBMR detection and correction. In this research, we
only focused on quick BBMR detection. The discontinuity between different chips will
not affect the reliability of the result, because the detection will not accurately extract
the boundary of the mis-registration area. However, based on the detection result, the
requirement of fine registration for further application may need a continuous area border.
The other method mentioned in Section 4.3 may provide a potential support to solve this
problem with a flexible window.

24



Remote Sens. 2021, 13, 3351

20

40

o
oao o

60

180

Offset distance of chips (pixel)
(=)
anomapo GO
Number of scenes

0 8 o |
E ° 8 ® 120
° ;
b o o e o , © 0 o C 4
g Q ) e 4 © 8o

coom

‘ 6 8 °
0 | L 5 L L
20150721 20150810 20150830 20150919 20151009 20151029 20151118 20151208 20151228 20160117 20160206 zmsozzo*

VnL‘r*

d(e

Figure 3. Temporal distribution of chips and scenes with an inter-band offset. The chips are represented with blue circles by
the offset distance (pixel); the orange line represents the trend of scenes.

(b) Areas with band-to-band mis-registration

c) Areas after band-to- band reglstratlon

10 04t
n

02
° Ax/pixel n ﬂ n E
a 8] (9 10

(e) Band-to-band njis-registration directions s (d) Correlation accumulation matrix

Ay/pixel

-1 1 2

-0.4} 4

Figure 4. Inter-band offset directions and distances of different chips inside one scene. (a) Positions of 10 chips in scene
20150810_T48RZP, (b) original true-color images of these chips, (c) BBR results of these chips, and (d,e) different offset
directions and distances of these chips. Note that image chips in (b,c) were zoomed in (40 x 40 pixels) to better present the
spectral feature.

To analyze the performance of this method, a test area from scene T48PYC (10,000 x
10,000 m?, centered on 15.5157°N, 107.8083°S) was tracked from 21 July 2015 to 28 February 2016
with manual visual inspection to check the detection result. From 45 scenes acquired from
18 days during this period (including all versions of images with different processing
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dates), the image acquired on 20 August 2015, processed on 26 April 2016, was detected
and confirmed with BBMR. In the rest of the negative images, 24 were confirmed without
BBMR and 20 were fully covered by clouds. This could support the reliability of the
proposed method with a low probability of mis-detection.

3.2. Spatial Distribution of Detected MSI Chips with BBMR

To better analyze the spatial distribution of the detection results, all of the geograph-
ical positions were plotted on a map in Figure 5a. The images acquired on 10 August,
20 August, 23 August, 27 August, and 3 September 2015 appeared in two relative orbits
across mid-eastern China, making up the main clustering area. The detections from
other days showed up sporadically in other areas. Furthermore, the inter-band offset
distance did not show a clear spatial pattern related to the trajectory of the satellite or to
the geographical location of the image. To further analyze the inter-band offset direction
pattern, a rectangular coordinate was established, as shown in Figure 5b. Based on the
random sample consensus algorithm, we constructed a fitting straight line through the
origin (y = —0.1784x) to represent the general trend of the clustering offsets in the second
and fourth quadrants; 96.06% of offsets were inside the boundary of an ellipse centering
on the origin with the same orientation angle as this fitting line (major axis: 8, minor axis:
2). The spatial distribution of the inter-band offset directions along the fitting line shows
a possible connection between the offset direction and the orbital motion direction of the
satellite, because the angle between the minor axis of the ellipse and x-axis (100.11°) is
close to the orbit inclination of Sentinel-2A (98.62°).
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Figure 5. Spatial distribution of image chips with detectable BBMR. (a) Distribution of chips around China and its
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candidate chips were represented by gray circles. (b) Sets the offset position of 4356 detected chips to a rectangular
coordinate with a fitting ellipse (covered 96.06% chips) centered on the origin.
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4. Discussion
4.1. Limitations
4.1.1. Limitations of Introducing Additional Data

Noticeable spectral differences between visible bands can be widely observed near

objects with high reflectivity features, such as water surfaces or clouds, leading to a large
amount of false detection. Due to the limitation of spectral features provided by visible
bands, it is challenging to filter this kind of error solely by analyzing the texture features
of each chip. Therefore, we introduced additional data into the experiment to create both
water masks and cloud masks to reduce these particular false detections. However, the
practical data and method both still have some flaws.

(i)

Cloud masks. The machine-learning-based cloud detection product achieves much
higher accuracy in cloud filtering than Band QA60 (Figure 6b,c). In some cases,
however (Figure 6(b3)), it might show a false high probability in areas without clouds.
This could lead to the omission of some significant abnormal spectral points, which
in turn may affect the BBR accuracy. To guarantee the filtration of clouds in most
chips, the threshold of the cloud probability cannot be set too low. Thus, we adjusted
the threshold while eroding the edge of the logical operation matrix to lessen the mis-
filtering of ground objects. For comparison, we used chips acquired on 15 August, 20
August (with multiple confirmed BBMRs), and 1 December 2015 (without BBMRs) as
experimental data to test the effect of introducing the s2cloudless product (Table 1).
While a few mis-detections appeared on 15 August and 20 August 2015, the number
of false detections increased significantly, leading to a significant drop in accuracy
from ~90% to ~40%. Meanwhile, all of the newly added detections were confirmed
as false positives on 1 December 2015. This indicates that introducing a cloud mask
leads to some mis-detections on days when images with known BBMR appear.
However, in most cases (especially on days without confirmed BBMR images), the
increment in detection accuracy was notable. Considering that BBMR is known to
occur regularly (it tends to appear in multiple chips and scenes inside one day),
missed detections will not greatly affect the general temporal tendency compared to
the significant number of false positives that would be detected without the cloud
mask. The crucial role that the mask plays in the filtration of moving clouds cannot
currently be substituted. Thus, we regard this error as acceptable in the context of
our experiment.

Water masks. Although the movements of seam-lines and the edges of lakes and
rivers did not represent notable differences in kilometer-scale TOA images, the
global water map still could not filter all of the chips that were capturing water
surfaces, as there were some inevitable errors during the process of rasterization and
the resampling of the water shapefile data; these errors may affect the accuracy of
water masking. If using the Sentinel water surface classification product, additional
errors may also be caused by interpretations such as the cloud mask, which may
bring about new problems. According to the results, the proportion of false-positive
detections caused by water was extremely low (5 of 4363 chips, 0.11%), and we
consider that it is of no great significance to introduce the water surface classification
product to optimize the result.
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Figure 6. Influence of detection results with the introduction of cloud masks. (al-b4) Compares the accuracy of the

s2cloudless product and Band QA60 in two scenes with BBMR. The s2cloudless product identifies the range of the cloud

more precisely than Band QA60 in most cases like (a3,a4), but sometimes also presents a false high value in areas like (b3),

leading to the mis-detection of BBMR.

Table 1. Influence of introducing a cloud mask on detection results.

Image Acquired Date 2015/08/15 2015/08/20 2015/12/01
Image scale Chip Scene Chip Scene Chip Scene
Image quantity 3335 165 2925 160 2940 158
Detected 285 52 372 56 0 0
With cloud masks Confirmed 281 49 370 54 0 0
Accuracy (%) 98.60% 94.23% 99.46% 96.43% 100% 100%
Detected 1598 127 1220 111 368 72
Without cloud masks Confirmed 392 59 490 67 0 0
Accuracy (%) 24.53% 46.46% 40.16% 60.36% 0% 0%

4.1.2. The Limitation of Application in Exceptional Cases

(i) Homogeneous areas. The main limitation of the proposed method is that it is based
on the assumption that there is sufficient variance inside each chip and that there
will be a unique and clear maximum in every correlation matrix, corresponding to
the offsets between bands. However, areas such as deserts and grasslands, which
have repetitive or almost homogeneous textures may have a rather low variance in
a small image chip. This homogeneity could lead to an inaccurate offset direction.
In our experiment, there were few image chips in which we could not distinguish
the difference before and after BBR visually, due to a lack of discernable features
outstanding from the image background. This indicates that the accumulation
correlation matrix can mitigate the influence of homogeneous areas in most cases,
and the false-positive results that arise occasionally will only have a slight impact

on the detection accuracy.

(i) Areas with complex inter-band offsets. Our method assumes that the feature of mis-
registration between bands shows spatial consistency within the scale of one chip
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(301 x 301 pixels). However, the situation is much more complicated in practical
terms. We found out that in some chips, both the range and the spatial features of
the mis-registration could not fit the previously expected ideal state. These kinds
of cases often show up in areas with obvious topographic relief in the experiment
images. As shown in Figure 7a, although mis-registration was successfully detected
and corrected in part of the chip (Figure 7(a2)), some areas (Figure 7(al)) without
visual errors showed new mis-registrations after registration. Segmenting chips into
smaller regions or re-performing a spectral anomaly detection on the image after

BBR may filter this kind of error.

(a) 20150810 T48RZP

(al) Original image

(al) BBR result

(a2) Original image

(a2) BBR result
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Figure 7. Examples of areas with complex inter-band offset. (a) The inter-band offset only appeared
in part of the chip of 20150810_T48RZP, and the BBR of (a2) leads to a new error in (al). (b1-c3)
Some complex offset acquired on 3 February 2016; the offset in (b1-b3) can be detected, but the

registration effect is limited; the offset in (¢1-¢3) cannot be detected.

In few cases, mis-registration can become dramatically complicated (Figure 7b,c):
chips represent more than two types of inter-band offset errors, including translation,
rotation, and mirror symmetry, and offsets can sometimes occur between three bands
at the same time (Figure 7(b2),(c2)). Due to the spatial and spectral limitation of this
method, although some chips can be captured (Figure 7(b1)—(b3)), a small number of
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chips still cannot be effectively detected (Figure 7(c1)—(c3)). These cases indicate that rigid
registration methods, such as the simple translation provided, cannot fix complicated
instances of BBMR within the scale of the chip. This demonstrates the need for better BBR
strategies to apply to broader contexts. Nonetheless, this kind of rare abnormal situation
only occurred on one day during our experiment. Therefore, considering the primary
purpose of identifying mis-registrations, we consider it to be an accidental situation.

4.1.3. Limitations of the Image Dataset

The method for capturing candidate chips shares similarities in spectral features
with a previously published airplane detection method based on the parallax between
MSI visible bands [8]; the latter differs in that it focuses more on the separate single target.
Actually, many BBMRs observed in the image chips during the parallax research inspired
us to propose a method to trace the inter-band mis-registration over time. GEE keeps
updating image data with more accurate registration results, meaning that much fewer
inter-band offsets could be observed in the images that were re-downloaded in 2019
for the purposes of this study. Thus, considering the unity and integrity of the original
features, we decided to use the existing data products downloaded from 21 May 2019
to 27 June 2019 for this experiment. The limitations of the experimental image dataset
may therefore have caused some mis-detections due to filtering of the clustered spectral
abnormal area. However, the detection result could still be valuable as a reference to
reveal the general tendency of MSI BBR accuracy development during the early period
following the launch of Sentinel-2A.

4.2. Transferability to Other MSI Bands

The MSI visible bands were used in this experiment, but the core of this method
could be applied to other MSI bands or satellite data based on GEE. Taking Bands 8A
(NIR), 11 (near-SWIR), and 12 (far-SWIR) of the MSI images as an example, in scene
20180816_T10SE], the true-color image did not represent an apparent inter-band offset
among the visible bands (Figure 8a). However, in a false-color image (R: 12, G: 11, B: 8A)
with 20 m spatial resolution, there was a nearly 11-pixel dislocation around the edge of
the lake (Figure 8b). These bands could be used to build a spectral thermal anomaly index
to detect high-temperature thermal anomalies. Therefore, the inter-band mis-registration
may have led to many false positives during thermal anomaly detection and could have
introduced unreliability in subsequent work. This dislocation was determined to appear
between Band 8A and the other bands, following difference analysis among the three
bands. By performing a procedure similar to that carried out during BBMR detection
for visible bands, the anomaly pixels in this scene could also be captured by a particular
feature (ppga > 0.21, pp12 < 0.01, pp11 < 0.01) and ameliorated to a certain extent, as shown
in Figure 8(c1),(c2).

Due to the complexities of the spectral features in these bands, the establishment of a
generally applicable extraction method for anomalies requires further research. Similarly,
the abnormal spectrum area can also be captured by the spectrum differences between
other target bands, while discriminant conditions might be more complicated depending
on their inter-band spectrum covariance. Thus, the method proposed here might exhibit
a certain generality and superiority regarding the detection of long-term inter-band
mis-registration.

4.3. Comparison with Existed BBMR Detection Method

In comparison to another existed BBMR detection method promoted by Skakun et al.
(2017) [18] for MSI images, the main improvement in this paper is the change in calcula-
tion objects. Differentiating from a calculation traversing the whole image, the method
promoted in this paper is target originated, which considerably reduces the number of
pixels that participate in the operation.
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Figure 8. Apparent BBMR exists among MSI Band 8A and SWIR bands (Bands 11 and 12), while there is hardly discernible
BBMR among visible bands (Band 2-4) of the same acquisition. (a) A subset of true-color MSI image (10SE]) acquired on 16
August 2018, (b) false-color image (Bands 8A, 11, and 12) of the same extent as (a), and (c1,¢2) examples of a rough BBR
process in two image chips (Bands 12, 11, 8A; size: 168 x 168 pixels) cut from scene 10SE].

The method promoted by Skakun et al. was based on the phase correlation calcula-
tion on a sliding window basis. With the adjustment of window size and step length, this
method could be applied to detect moving targets such as planes or clouds. However, this
paper is focused on the BBMR detection of static objects, which fail to meet the required
threshold of multispectral band registration. Therefore, moving targets such as airplanes,
ships, and clouds need to be eliminated from detecting objects. The potential application
of Skakun et al.’s method does not quite match our needs. In this case, the sliding window
is more suitable for further spatial analyzation of BBMR in a detected area to refine the
result. For example, in some cases, the BBMR did not show spatial consistency within
the scale of one chip (301 x 301 pixels), as we discussed in Section 4.1, and therefore, a
fine boundary of BBMR area is needed to avoid the occurrence of new mis-registration
in other areas after the correction. It could also be used in areas with complex BBMR to
determine different directions of offsets between bands in the adjacent parts inside an
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image chip. Moreover, this method may also have potential application in the analysis for
spatially continuously changing events such as cloud motion or hydrological events.

As shown in Figure 9, scene 20150820_48PZC (processed on 26 April 2016) was
detected with serious BBMR. The mis-registration areas were widely distributed inside
this image. We used a sliding window basis (window size: 16 x 16 pixels, step length:
9 pixels) for BBMR detection, and the result is shown as a contour (Figure 9b). Targeting
the detection of the BBMR area, the result is effective on land (Figure 9c1) but still has
trouble filtering the water surface with sun-glint (Figure 9c2) or other noise (Figure 9c3).
Moreover, in many other images, BBMR only showed up in the local area with a small
proportion of pixels. Therefore, if we use a sliding window to scan the whole image,
the invalid calculation times will tremendously increase in each determination process.
Although the efficiency can be improved by the adjustment of the size and step length
of a sliding window, it still requires considerable operations to acquire a subpixel level
offset result. With the introduction of a pre-processing procedure to cut the original image
into chips, the method promoted in this paper diminishes the image data involved in the
calculation. The conditional random sampling step to choose feature points inside each
image chip makes a further data reduction.

{2) 20150820_48PZC B(4,3,2)

o e &

"or

Figure 9. A true-color image with BBMR and the detection result using the phase correlation calculation on a sliding
window basis (window size: 16 x 16 pixels, step length: 9 pixels). The result is presented as a grid with a colored border,
divided by the inter-band offset distance (pixels) in (b). (c1-¢3) The zoom-in image clips (150 x 150 pixels) from the marked
areas in the image (a) with a contour result overlay.
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To summarize, the method promoted in this paper is more suitable for quick BBMR
detection in a large number of images due to the improved computing model based on
chips. The existed BBMR method could acquire a more accurate BBMR boundary, and it
could be applied to optimize our results in some cases.

5. Conclusions

The recent development of cloud sharing and computing technology has made it
easier for researchers to access massive amounts of geographic image data. Though
this provides convenience, it also brings higher demands on retrieval methods and
data quality to ensure the reliability and efficiency of further applications. As for MSI
images, determining unqualified image with band-to-band mis-registration is crucial
for subsequent RS application. It is more challenging because time efficiency and the
elimination of redundant information both need to be carefully considered to handle the
ever-increasing MSI images. Here, we proposed a hybrid framework for detecting BBMR
between the visible bands in MSI images, including rough GEE online pre-processing
and a precise local operation. To enhance the efficiency of handling massive MSI images,
we adopted online feature filtration to extract spectral abnormal areas in the MSI images,
potentially caused by the band-to-band mis-registration; and to guarantee the robustness,
we conducted band correlation to determine the presence of BBMR, only based on image
chips containing spectral abnormal areas derived from the online operation.

The proposed BBMR detection framework was applied to 71,493 scenes, and the
results were used to reproduce the spatial and temporal distributions of images with
BBMR during a seven-month period at both chip and scene scales. Although limitations
remained, leading to some mis-detections, the results were still able to reveal trends in BBR
accuracy during the early period after the launch of Sentinel-2A. The hybrid computation
framework proposed here may also be transferable to BBMR detection in other bands or
with other satellite data. This process would demand the adjustment of spatial features
and the optimization of the geometry registration to address more complicated situations.
Moreover, by combining both online and local computation advantages, this method
provides an efficient perspective for users to conveniently evaluate image quality when
dealing with a large amount of data. This idea may have further potential applications in
other image-processing problems.
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Abstract: China’s first civilian, sub-meter, high-resolution stereo mapping satellite, GF-7, launched on
3 November 2019. Radiometric characterization of GF-7 multispectral imagery has been performed
in this study. A relative radiometric accuracy evaluation of the GF-7 multispectral imagery was
performed using several large uniform scenes, and the results showed that the accuracy is better than
2%. The absolute radiometric evaluation of the GF-7 satellite sensor was conducted at the Baotou
and Dunhuang calibration sites, using the reflectance-based vicarious approach. The synchronous
measurements of surface reflectance and atmospheric parameters were collected as the input for the
radiative transfer model. The official radiometrically calibrated coefficient of the GF-7 multispectral
imagery was evaluated with the predicted top-of-atmosphere (TOA) radiance from the radiative
transfer model. The results indicated that the absolute radiometric accuracy of GF-7 multispectral
imagery is better than 5%. In order to monitor the radiometric stability of the GF-7 satellite multispec-
tral sensor, a relative and absolute radiometric accuracy assessment campaign should be performed
several times a year.

Keywords: GF-7 satellite; radiometric performance; multispectral sensor; reflectance-based

1. Introduction

The Gao-Fen 7 (GF-7) satellite is China’s first civilian, sub-meter, high-resolution stereo
mapping satellite, and has the highest mapping accuracy standard of China’s Gao-Fen
series of satellites [1]. The GF-7 satellite was launched into orbit on 3 November 2019.
The GF-7 satellite carried two optical cameras, which can obtain high-spatial-resolution
optical stereo imagery pointing at forward and backward angles. The inclination angle
of the forward-looking camera is +26° and the backward-looking camera is —5° from the
nadir. The GF-7 satellite was designed to satisfy China’s need for sub-meter, high-resolution
satellite imageries, which were primarily used for 1:10,000 scale mapping. The GF-7 satellite
can not only obtain accurate geometric information and structural information of ground
features, but also multispectral information of features, when combined with the high-
resolution multi-spectral camera, which plays a great role in China’s natural resource and
other industrial applications.

Most studies have focused on geometric calibration of the GF-7 satellite, and far less
attention has been paid to radiometric calibration and validation [2]. Since the launch of
the GF-7 satellite, GF-7 products have successfully played an important role in China’s
environmental, agricultural, and other quantitative applications, which require accurate
and reliable radiometric information. The radiometric calibration accuracy of the GF-7
satellite is critical in these studies. The Land Satellite Remote Sensing Application Center
(LASAC) of the Chinese Ministry of Natural Resources delivered the radiometrically
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corrected and georectified images (the standard level 1A products) of the GF-7 satellite to
government and industry users. The radiometric calibration accuracy of the GF-7 satellite
standard products must be evaluated.

The GF-7 satellite was designed to meet uniform relative radiometric responses across
the scene. The pixel-to-pixel variation in the detector response of the GF-7 satellite sensor
was eliminated by relative radiometric correction. LASAC performed a relative radiometric
accuracy evaluation of the GF-7 imagery, using several large uniform scenes, such as a
uniform ocean scene and the Libya invariant test site. The nonuniform variations in the
GEF-7 imagery could be detected in this study.

The absolute radiometric calibration of the GF-7 multispectral imagery is critical for
providing highly accurate quantitative measurements of the Earth’s surface. LASAC per-
formed an absolute radiometric assessment of the GE-7 satellite sensor using the following
two calibration sites: Dunhuang and Baotou. Reflectance-based vicarious radiometric
calibration was commonly recognized as one of the most reliable approaches for on-orbit
calibration and validation of an optical satellite sensor. Two independent absolute ra-
diometric assessment campaigns of the GF-7 satellite, at different calibration sites, both
used this reflectance-based approach. The surface reflectance and atmospheric parameters
of the calibration sites were synchronously measured at the GF-7 satellite overpass time.
These synchronous measurements were taken as the inputs of the radiative transfer model
(such as MODTRAN 6.0), to predict the top-of-atmosphere (TOA) radiance, which was
used to evaluate the GF-7 satellite sensor radiometric calibration. In order to ensure the
accuracy and reliability of the GF-7 satellite multispectral imagery, the on-orbit radiometric
performance must be regularly evaluated every year.

2. GF-7 Satellite Background

The GF-7 satellite is positioned on a 500 km sun-synchronous orbit, and covers the
global region every 59 days. The designed life expectancy of this satellite is 5 years. It can
survey the Earth at £84° latitude, with a 5-day revisit time. Table 1 shows the technical
specification of the GF-7 satellite. The GF-7 satellite carries two optical cameras (DLC) that
point forward and backward, as shown in Figure 1. These two cameras are arranged at
inclinations of +26° (forward-looking camera, FWD) and —5° (backward-looking camera,
BWD) from the nadir. The FWD is a panchromatic camera, while the BWD is a multispectral
imager with five bands, which include a panchromatic band and four multi-spectral bands
(blue, green, red, and near infrared). The GF-7 DLC has about 20 km of ground swath. The
GF-7 satellite is mainly used for mapping 1:10,000-scale topographic maps and geographic
information products.

Table 1. The technical specification of the GF-7 satellite.

GF-7 Satellite Technical Specification
Launch date 3 November 2019
Mission duration 5 Years
Orbit 500 km sun-synchronous orbit
Equator crossing time 10:30 AM
Repeat cycle time 59 days
Revisit cycle time 5 days
Panchromatic band: FWD: 0.80 m (GSD)
Spatial resolution of DLC BWD: 0.65 m (GSD)
Multispectral band: BWD:2.60 m (GSD)
Swath width of DLC 20 km
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Figure 1. The DLC (forward-looking and backward-looking cameras) of the GF7 satellite.

2.1. GF-7 Multispectral Sensor

The GF-7 satellite carried two optical cameras (FWD and BWD), which can obtain
high-spatial-resolution optical stereo imagery, pointing at forward and backward ang]es.
The inclination angle of FWD is +26° and BWD is —5° from the nadir. The FWD is a
panchromatic camera with a spatial resolution of 0.8 m, and the BWD is an imager that
provides the repetitive acquisition of panchromatic (BWD-PAN, 450-920 nm) imagery with
a spatial resolution of 0.65 m, and four-band multispectral imagery (BWD-MUX) of blue
(460-530 nm), green (510-590 nm), red (620-690 nm), and near infrared (750-890 nm) with
a spatial resolution of 2.6 m. Each camera has its own lens and consists of three single CCD
lines located in an across-track dimension.

The spectral response function (SRF) of the GF-7 BWD is shown in Figure 2. Several of
the spectral response properties of the GF-7 BWD are listed in Table 2.

Relative Spectral Response of GF-7 Satellite BWD
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Figure 2. Normalized spectral response function of the GF-7 backward-looking camera.
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Table 2. The spectral response properties of the GF-7 BWD.

Description Band Spectral Range Center Wavelength Specified !.Spectral R.ange at50%  Bandwidth
(nm) (nm) Transmittance Points (nm) (nm)
BWDPAN PAN 450-920 746 556.2-912.5 470
Blue 460-530 490 462.3-512.2 70
Green 510-590 563 515.7-587.1 80
BWDMUX Red 620-690 676 625.8-693.0 70
NIR 750-890 807 763.9-885.4 140

2.2. LASAC GF-7 Data Products

Several types of GF-7 data products are delivered by LASAC to China’s government
and different industrial users. The standard level 1A products were both radiometrically
and geometrically corrected (without using ground control points (GCPs)) and projected
to a CGCS2000 datum. The standard level 1A products were orthorectified to improve
the spatial accuracy with GCPs using Geomatica-PCI software [3]. In this study, all the
radiometric analysis was performed on the standard level 1A products. The two cameras
of the GF-7 satellite are formed by several time-delayed integral imaging (TDI) CCD
linear arrays; the GF-7 imagery needs to be stitched in accordance with the geometric and
radiometric characteristics. Evaluation and verification of the radiometric accuracy of the
GEF-7 imagery is essential for the application of satellite-retrieved data.

3. Relative Radiometric Accuracy Assessment

The GF-7 satellite BWD multispectral imager is a typical push-broom sensor, which
consists of three single CCD arrays located in an across-track dimension. The linear detector

array of the GF-7 BWD constructs an image one row at a time as the satellite moves [4,5].

Each CCD array of the BWD has 3072 detectors. There are two overlap regions between
three CCD arrays, and each overlap region contains 108 detectors. Figure 3 shows the three
CCD arrays of the GF-7 satellite multispectral sensor and the corresponding overlap region
when imaging. Variations between the detectors of the GF-7 BWD always appear in the
along-track scanning direction. Noise was apparent in the GF-7 satellite raw data before
the relative radiometric correction. The radiometric nonuniformity always caused banding
and striping, or dark lines, in the along-track scanning direction on the imagery [6-8]. The
on-orbit detector-to-detector radiometric variation of the GF-7 multispectral imagery was
corrected using relative radiometric calibration coefficients.

A relative radiometric accuracy evaluation of the GF-7 satellite multispectral imagery,
using uniform scenes (such as desert and ocean), was performed in this study. Several
large uniform scenes, including the Libya and Algeria pseudo-invariant calibration sites
(PICs), have been used for evaluating the relative radiometric uniformity. The nonuniform
variations in the GF-7 imagery could be detected using these large uniform scenes. Table 3
shows the worldwide uniform sites chosen for the relative radiometric accuracy assessment
in this study.

Table 3. The uniform sites for relative radiometric accuracy assessment.

Num Site Latitude Longitude Area
1 Saharan 25.9° N 14.4° W 60 km x 60 km
2 Algeria 5.86° N 31.1°E 23 km x 20 km
3 Libya 4 28.52° N 23.39° E 23 km x 24 km

Figure 4 shows the GF-7 BWD-MUX blue band imagery of the uniform Libya 4 PICs.
The columns of each detector (pixel) in the uniform imagery were summed and normalized.
Figure 5 shows the mean normalized DN value curve of each detector in the uniform Libya
4 PICs on the GF-7 multispectral imagery, indicating that the relative differences in all the
detectors are less than 2% for each band. We can observe that the array transitions between
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the different CCD arrays appear as step discontinuities in Figure 5. The largest relative
difference appears in the array transition region. Similar results were obtained from the
GF-7 multispectral imagery of the other larger uniform scenes in this study. The relative
radiometric accuracy of the GF-7 multispectral imagery is better than 2% for all the bands.

Three CCD arrays of GF-7 Satellite multispectral sensor

Left CCD \ Right CCD
Array L Array
Middle CCD

Array |
Array transition Array transition

Raw Data before relative radiometrical correction

Left Right
CCD CCD
Z. i 1
a 11 il
i i
i | i
Middle
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Detector
After relative radiometrical correction
é(e:f; 11 11 Right
i i CCD
bl Ll i
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Figure 3. The three CCD arrays of the GF-7 satellite multispectral sensor.
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Figure 4. GF-7 BWD-MUX blue band imagery of the uniform Libya 4 PICs (8 August 2020).
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Figure 5. The normalized DN in the along-track direction of the uniform Libya 4 PICs.
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4. Absolute Radiometric Accuracy Assessment
4.1. Reflectance-Based Radiometric Calibration Approach

Two independent absolute radiometric assessment campaigns of the GF-7 satellite at
different calibration sites were performed by LASAC, using a reflectance-based approach.
Reflectance-based radiometric calibration was commonly recognized as one of the most
reliable approaches [9-12]. The surface spectral reflectance and atmospheric parameters
of the calibration sites were synchronously measured during the GF-7 satellite overpass
time. A radiative transfer model, such as MODTRAN, is commonly used for radiometric
calibration and validation [13,14]. The predicted TOA radiance of the target was computed
by MODTRAN using these synchronous measurements, and the sensor-measured TOA
radiance was radiometrically calibrated from DN with absolute radiometric calibration co-
efficients. The relative difference between the predicted TOA radiance and sensor-measured
TOA radiance was recognized as the accuracy of the radiometric calibration [15-19].
Figure 6 shows a detailed flow chart of the reflectance-based absolute radiometric evalua-
tion approach.

synchronous reflectance

atmospheric characteristic water vapor and

measurment parameters measurement Ozone
> data processing < GPS GF-7 Satellite Imagery
sensor—target—solar l
acquisition Radiative Transfer
geometries Model - spectral response
MODTRAN function 1
l Digital Number (DN) of
predicted top of target
atmosphere radiance absolute radiometric
calibration coefficient
(Gain, Bias)
sensor-measured TOA
radiance
A 4
relative difference
(accuracy of the <

radiometric calibration)

Figure 6. Detailed flow chart of the reflectance-based approach.

The TOA reflectance (known as apparent reflectance) of the GF-7 satellite multispectral
imager p* (its, ¢s; Mo, Po) can be expressed as:

0 s o s = 90) = alN) + 7, To. (N T, (3) M
The predicted TOA radiance Lpredicted(esl ¢s; 0y, ¢p) can be determined as follows:
L(6, 9380, 90) = P00 = BT ) 4 - BTy (0T, (1) @
A 7d? 7td? 1—-S(A)p ™ v
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where 6; is the solar zenith angle, 8, is the viewing zenith angle, ¢; is the solar azimuth an-
gle, and ¢, is the viewing azimuth angle. ys = cos 6s and p, = cos 6, are the cosine values.
Ty, (A7) is the total transmittance from the solar to the Earth, and Ty, (A) is the total transmit-
tance from the Earth to the satellite sensor. p,(A) is the atmospheric path reflectance, S(A)
is the atmospheric spherical albedo, E; is the exoatmospheric solar irradiance (ESUN), and
d is the solar-Earth distance factor [20].

The average DN values of the targets were extracted from the GF-7 satellite multispec-
tral imagery. The sensor-measured TOA radiance L5, Was radiometrically calibrated
from DN with absolute calibration coefficients.

Lieasureda = Gain x DN + Bias 3)

where L;005ureq i the sensor-measured TOA radiance, expressed in units of W x m=2 x

sr~1 x um~1. Gain and Bias are the absolute radiometric calibration coefficients. DN is the
digital number from the satellite imagery.

AL% is the relative difference between the predicted TOA radiance and the sensor-
measured TOA radiance, and this relative difference is recognized as the accuracy of the
absolute radiometric calibration.

Lineasured — Lpredicted

AL% =

3 x 100% (4)
predicted

4.2. Baotou Site Absolute Radiometric Calibration
4.2.1. Baotou Calibration Site

In 2013, the Committee on Earth Observation Satellites (CEOS) Working Group on
Calibration and Validation (WGCV) Infrared and Visible Optical Sensors Subgroup (IVOS)
established the radiometric calibration network (RadCalNet), which consists of four interna-
tional calibration and validation sites located in the USA, France, Namibia, and China. The
RadCalNet provides the automated in situ measurements of surface spectral reflectance,
atmospheric parameters, and the corresponding nadir-viewing TOA reflectance using the
radiative transfer model [21-23]. The Baotou site is located in the center of Inner Mongolia,
China, and is currently operated by the Aerospace Information Research Institute, Chinese
Academy of Science [24,25]. The Baotou site covers a flat area of 300 km?, dominated by
sand and bare soil. A series of targets and infrastructure have been built in the Baotou site to
provide effective supports for the radiometric calibration and validation of high-resolution
satellite optical sensors. Figure 7 shows the gray-scale permanent artificial targets in the
Baotou site. The gray-scale permanent artificial targets are composed of four uniform gravel
square targets (one black, one gray, and two white). The white, gray, and black targets,
with known spectral reflectance [56%, 18% and 7%], have fairly flat spectral reflectance.

4.2.2. Surface Reflectance

The reflectance measurements of the targets were collected within about 30 min before
and after the overpass time of the GF-7 satellite. The reflectance was measured by an SVC
HR-1024i spectroradiometer, which covered the wavelength range from 350 nm to 2500 nm.
SVC HR-1024i is a high-resolution, field-portable spectroradiometer, and the spectral
resolution in the 400-1000 nm wavelength range is 1.5 nm. The reflectance measurement
was interpolated at 1 nm intervals in the 350-2500 nm wavelength range by the SVC
software. The size of each gray-scale permanent artificial target is 48 m x 48 m; it covers
about 15 cross-track pixels and 15 along-track pixels of the GF-7 multispectral imagery.
We took 3 x 3 pixels as one sample, and 25 samples were collected in each single target.
The parameters of the SVC spectroradiometer were configured to measure five spectra per
sample, and then a total of 100 samples and more than 500 spectra were collected. Figure 8
shows the averaged reflectance measurement from the gray-scale permanent artificial
targets in the range of 400-1000 nm.
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Figure 7. The gray-scale permanent artificial targets at the Baotou site of GF-7 BWD imagery
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Figure 8. Spectral reflectance measurement data of gray-scale permanent targets.
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In this study, a multi-angle bidirectional reflectance distribution function (BRDF)
measurement instrument was used to quantify the bidirectional reflectance effect of the
gray-scale permanent targets, as shown in Figure 9. The BRDF characteristics of the
gray-scale permanent targets were measured according to the angle of incidence and
reflection, using the SVC spectroradiometer with the multi-angle instrument [26]. The
measured BRDF values of the targets were interpolated at 1 nm intervals in the 400-1000 nm
wavelength range.

’ Sun SVC

Figure 9. The BRDF measurement instrument.

The anisotropy factor (ANIF) was used to interpret the BRDF effects of elevation and
azimuth direction in this study [27,28].

_ BRDE(8, ¢i, 6y, ¢v, A)
BRDFy (6;, ¢, On, ¢v, A)

ANIFE(6;, ¢;, 0y, oy, A) ©)

where BRDE(6;, ¢;, 0y, ¢y, A) is the BRDF for the reflected radiance in the azimuth (¢y)
and zenith (6,) directions at wavelength (1), which comes from the incident radiance in
the azimuth (¢;) and zenith (6;) directions. BRDFy(6;, ¢, 0N, ¢v, A) is measured in the
nadir direction (fy = 0°). Figure 10 shows the ANIF values of the gray target from the
BRDF measurement.
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Figure 10. The ANIF values of gray target from BRDF measurement.
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These ANIF values are used to better understand the BRDF effects of the gray-scale
permanent targets for the GF-7 radiometric calibration. The SVC reflectance measurement
in the nadir direction p(6;, ¢i, 0N, ¢v, A) of the gray-scale permanent targets was modified
by Formula (6), where p*(6;, ¢;, 0y, ¢y, A) is the reflectance of the GF-7 for the relative
sensor—target—solar geometry condition [29].

_ p(gi/ Pi, On, Pv, /\) (6)
ANIF(GI/ q)i/ 9\// (Pv/ /\)

P* (eir @i, QVI Py, )\)

4.2.3. Atmospheric Measurements

The atmospheric parameters at the Baotou site were measured by a Cimel CE318
sun photometer. The aerosol optical depth (AOD), aerosol microphysical information,
and column amounts of water vapor can be collected automatically every day at this site.
Figure 11 shows the synchronous measurement of aerosol optical depth at the Baotou site
during the overpass of the GF-7 satellite on 23 July 2020. These atmospheric parameter
measurements serve as inputs in MODTRAN, to predict the TOA radiance.
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Figure 11. Synchronous measurement of the atmospheric parameters of the Baotou site on
23 July 2020.

4.2.4. Reflectance-Based Radiometric Calibration Campaign

Vicarious reflectance-based radiometric calibration and evaluation campaigns were
performed at the Baotou site on the following four separate days: 23 July, 28 July, 15 Septem-
ber, and 20 September 2020. There was no cloud cover on any of the days. Table 4 shows the
solar—target—satellite acquisition geometric conditions of the GF7 satellite at the Baotou site.
The GF-7 satellite acquired imagery on 23 June at 03:46 (UTC time) at a viewing elevation
angle of 84.484° and a viewing azimuth angle of 177.117°, as shown in Figure 12. The
viewing elevation angles of the other three imageries acquired on 28 July, 15 September,
and 20 September are all more than 82°. Tables 5 and 6 summarize the absolute radiometric
calibration result of the GF-7 satellite at the Baotou site on 23 and 28 July, and 15 and
20 September 2020. The comparison between the sensor-measured TOA radiance and the
predicted TOA radiance in Tables 5 and 6 showed that the relative difference is less than
5% for all the bands of the GF-7 multispectral imagery, indicating that the accuracy of the
absolute radiometric calibration is better than 5%.
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Table 4. Solar-target—satellite acquisition geometric conditions of the GF7 satellite at the Baotou site.

Date Tg::l;%a;sc ) Solar Elevation (°) Viewing( OE)levation Solar :(Atiimuth Viewing(o?zimuth
23 July 2020 03:46:26 65.412 84.484 143.097 177.117
28 July 2020 03:44:57 64.285 82.554 143.641 146.680
15 September 2020 03:48:11 50.564 84.614 160.732 191.945
20 September 2020 03:47:13 48.724 83.789 161.678 160.266
0 0

180

Baotou,9/15/20 Baotou,9/20/20

Figure 12. The GF-7 satellite Baotou site acquisition geometry.
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Table 5. The absolute radiometric calibration result of the GF-7 satellite at the Baotou site on 23 and

28 July 2020.
Date Band Target Loeasured Lyredictd AL%
Wx m™2 x st~ x pm=1
Black 58.588 56.472 3.61%
Blue Gray 90.581 87.675 3.21%
White 233.324 221.986 4.86%
Black 45.366 43.142 4.90%
Green Gray 85.648 82.794 3.33%
White 211.256 217.673 —3.04%
23 July 2020
Black 34.575 35.878 —3.77%
Red Gray 72.852 75.672 —3.87%
White 180.602 188.231 —4.22%
Black 21.524 22.004 —2.23%
NIR Gray 51.116 53.168 —4.01%
White 124.943 127.552 —2.09%
Black 58.002 55.789 3.97%
Blue Gray 89.675 86.614 3.53%
White 230.734 219.766 4.99%
Black 44912 43.051 4.32%
Green Gray 84.792 81.792 3.67%
28 July 2020 White 209.143 215.039 —2.74%
Black 34.229 35.444 —3.43%
Red Gray 72.123 74.756 —3.52%
White 178.796 185.953 —3.85%
Black 21.309 21.738 —1.97%
NIR Gray 50.605 52.525 —3.66%
White 123.694 126.009 —1.84%

Table 6. The absolute radiometric calibration result of the GF-7 satellite at the Baotou site on 15 and

20 September 2020.
Date Band Target Emeasured Lpredicted AL%
Wx m=2x sr— ! x um=1
Black 50.438 51.879 —2.78%
Blue Gray 76.954 79.030 —2.63%
White 179.236 185.092 —3.16%
Black 40.598 39.558 2.63%
Green Gray 70.735 73.713 —4.04%
15 September 2020 White 165.577 160.149 3.39%
Black 30.954 29.991 3.21%
Red Gray 65.673 62.680 4.78%
White 138.312 134.854 2.56%
Black 19.338 18.627 3.82%
NIR Gray 45292 44.029 2.87%
White 98.884 94.357 4.80%
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Table 6. Cont.

Lineasured Lpredicted
Date Band Target " " AL%
WX m=2 X sr—1 X ym~
Black 49.934 51.251 —2.57%
Blue Gray 76.184 78.074 —2.42%
White 177 444 182.852 —2.96%
Black 40.192 39.079 2.85%
Green Gray 70.028 72.821 —3.84%
White 163.921 158.211 3.61%
20 September 2020
Black 30.644 29.628 3.43%
Red Gray 65.016 62.040 4.80%
White 136.929 133.222 2.78%
Black 19.145 18.402 4.04%
NIR Gray 44.839 43.496 3.09%
White 97.895 93.394 4.82%

4.3. Dunhuang Site Absolute Radiometric Calibration

The Dunhuang site was China’s national radiometric calibration site, which has been
used to calibrate China’s satellites (such as the Feng-Yun series, Zi-Yuan series, and Gao-
Fen series of satellites) since the 1990s. The Dunhuang site was selected as one of the
“instrumented sites” (LandNet) by CEOS WGCYV [30,31]. The Gobi Desert at the Dunhuang
calibration site is large, spatially uniform, and homogeneous. The spectral reflectance of
the Gobi Desert is stable, with an annual variation of less than 2%. Figure 13 shows the
Gobi Desert at the Dunhuang site.

Figure 13. The Dunhuang calibration site.

The Dunhuang site is located about 25 km west of Dunhuang city, Gansu Province,
China. The central region of the Gobi Desert is located at the coordinates 94.41° E,
40.09° N, with an elevation of 1280 m above sea level. The size of the central region
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Reflectance

is 1000 m x 1000 m; it covers more than 360 cross-track pixels and 360 along-track pixels
of the GF-7 multispectral imagery.

The methodology took 30 x 30 pixels as one sample, and more than 150 samples were
collected in the central region of the Gobi Desert and more than 600 spectra were collected
at the Dunhuang calibration site. Figure 14 shows the average and standard deviations of
the surface reflectance measurement of the Gobi Desert in the range of 400-1000 nm. Since
the Gobi Desert is stable and homogeneous, the standard deviation of more than 600 spectra
is less than 1%, as shown in Figure 14. The atmospheric parameters at the Dunhuang site
were measured by a Cimel CE318 sun photometer. The daily AOD at 550 nm varied from
0.11 to 0.18 during the campaigns at the Dunhuang test site, and the synchronous AOD
measurements at the GF-7 satellite overpass time were less than 0.15.
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Figure 14. Surface reflectance and standard deviation of the Gobi Desert at the Dunhuang test site.

The BRDF effect of the Gobi Desert at the Dunhuang test site was also measured by
the multi-angle measurement instrument, which was exactly the same as described in
Section 4.2.

The vicarious radiometric calibration campaign was performed at the Dunhuang test
site on the following two separate days: 10 July and 25 July 2020. There was also no
cloud cover on either day. Table 7 shows the solar—target—satellite acquisition geometric
conditions of the GF7 satellite at the Dunhuang test site. The GF-7 satellite acquired
imagery on 10 June at 03:46 (UTC time) at a viewing elevation angle of 84.622° and a
viewing azimuth angle of 187.648°, as shown in Figure 15. The other imagery was acquired
on 25 July 2020 at a viewing elevation angle of 77.835° and a azimuth angle of 126.181°, as
shown in Figure 15. The viewing elevation angle of the other imagery acquired on 25 July
was less than 80°. Table 8 summarizes the absolute radiometric calibration result of the
GEF-7 satellite at the Dunhuang test site on 10 July and 25 July 2020. The comparisons
between the measured TOA radiance and the predicted TOA radiance in Table 8 showed
the relative differences on July 10 for the blue band (4.43%), green band (2.02%), red band
(1.17%), and NIR band (2.22%), as well as the relative differences on 25 July for the blue
band (4.68%), green band (3.88%), red band (3.78%), and NIR band (3.26%), which were
less than 5% in all the bands. The calibration results of the Dunhuang site agreed well with
the results at the Baotou site.
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Table 7. Solar—target-satellite acquisition geometric conditions of the GF7 satellite at the Dunhuang site.

Date Overpass Solar Viewing Solar Viewing
Time (UTC) Elevation (°)  Elevation (°)  Azimuth (°) Azimuth (°)
10 July 2020 04:47:03 67.835 84.622 139.761 187.648
25 July 2020 04:42:11 65.128 77.835 140.366 126.181

B s

Dunhuang,7/10/20 Dunhuang,7/25/20

Figure 15. The GF-7 satellite Dunhuang test site acquisition geometry.

Table 8. The absolute radiometric calibration result of the GF-7 satellite at the Baotou site.

Date Band Target Eoncasured Lpredicted AL%
WX m=2 X sr1 x pm™1

Blue Gobi 75.490 72.143 4.43%

Green Gobi 82.732 81.060 2.02%

10July 2020 Red Gobi 88.205 87.171 1.17%
NIR Gobi 72.180 70.580 2.22%

Blue Gobi 76.399 72.822 4.68%

Green Gobi 86.290 82.945 3.88%

25 July 2020 Red Gobi 90.273 86.861 3.78%
NIR Gobi 73.906 71.499 3.26%

5. Conclusions

The relative and absolute radiometric accuracy of GF-7 satellite imagery is critical
for the quantitative applications of natural resources, environment, agriculture, and other
industries. In this study, a relative radiometric accuracy evaluation of GF-7 multispectral
imagery, using several uniform scenes (such as the uniform Libya, Algeria, and Saharan
pseudo-invariant calibration test sites), was performed by LASAC. Nonuniform variations
in the original GF-7 imagery were detected before relative radiometric calibration, and
the relative radiometric accuracy of the GF-7 multispectral imagery is better than 2%
in these large uniform scenes. The evaluation of the absolute radiometric accuracy of
the GF-7 satellite sensor at Baotou and Dunhuang, two different calibration sites, was
performed by a reflectance-based approach. The BRDF of the targets was measured by a
multi-angle instrument with an SVC spectroradiometer. The synchronous measurement
of the surface spectral reflectance was modified by the surface BRDF model, and the
atmospheric parameters were coupled with the exoatmospheric solar irradiance spectrum
and relative spectral response of the sensor as inputs in MODTRAN, to predict the TOA
radiance. The predicted TOA radiance was compared with the sensor-measured TOA
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radiance to evaluate the absolute radiometric accuracy of the GF-7 multispectral imagery.
The two independent absolute radiometric assessment campaigns of the GF-7 satellite at
the Baotou and Dunhuang sites were performed by LASAC. The radiometrically calibrated
accuracy of the GF-7 multispectral imagery was evaluated using different targets at two
different calibration sites. The results at the two calibration sites showed that the absolute
radiometric accuracy is better than 5%. Considering the results shown in this study, the
relative and absolute radiometric accuracy assessment campaign should be performed
several times a year, to monitor the radiometric stability of the GF-7 satellite multispectral
sensor. This study can also supply a reference to the on-orbit radiometric performance of
Chinese high-resolution satellites.
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Abstract: Missing data and low data quality are common issues in field observations of actual
evapotranspiration (ET,) from eddy-covariance systems, which necessitates the need for gap-filling
techniques to improve data quality and utility for further analyses. A number of models have
been proposed to fill temporal gaps in ET, or latent heat flux observations. However, existing gap-
filling approaches often use multi-variate models that rely on relationships between ET, and other
meteorological and flux variables, highlighting a critical lack of parsimonious gap-filling models. This
study aims to develop and evaluate parsimonious approaches to fill gaps in ET, observations. We
adapted three gap-filling models previously used for other meteorological variables but never applied
to infill sub-daily ET, or flux observations from eddy-covariance systems before. All three models are
solely based on the observed diurnal patterns in the ET, data, which infill gaps in sub-daily data with
sinusoidal functions (Sinusoidal), smoothing functions (Smoothing) and pattern matching (MaxCor)
approaches, respectively. We presented a systematic approach for model evaluation, considering
multiple patterns of data gaps during different times of the day. The three gap-filling models were
evaluated together with another benchmarking gap-filling model, mean diurnal variation (MDV)
that has been commonly used and has similar data requirement. We used a case study with field
measurements from an EC system over summer 2020-2021, at a maize field in southeastern Australia.
We identified the MaxCor model as the best gap-filling model, which informs the diurnal pattern of
the day to infill by using another day with similar temporal patterns and complete data. Following
the MaxCor model, the MDV and the Sinusoidal models show comparable performances. We further
discussed the infilling models in terms of their dependence on data availability and their suitability
for different practical situations. The MaxCor model relies on high data availability for both days
with complete data and the available records within each day to infill. The Sinusoidal model does
not rely on any day with complete data, which makes it the ideal choice in situations where days
with complete records are limited.

Keywords: actual evapotranspiration; latent heat; infill; data-driven; missing data; flux tower; data
quality; maize field

1. Introduction

Actual evapotranspiration (ET;) is an important component of the global water bal-
ance, accounting for about 62% of global precipitation over land [1]. Understanding and
measuring ET, can provide useful information for various water resources management
applications, such as for catchment water yield, urban water supply and irrigation manage-
ment [2]. In the context of irrigated fields, ET, consists of both the evapotranspiration from
crop surface and soil evaporation, which can take a total of 50-95% of surface irrigation
water [3].
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The eddy-covariance (EC) technique is considered to be one of the best techniques to
obtain continuous, high-frequency field measurements of ET, [4]. The technique measures
sensible heat and latent heat fluxes, H and AE, where the latter corresponds to ET,. However,
missing and low-quality data are commonly seen in EC-based measurements due to
instrument malfunctions, power failures and unfavorable weather conditions [4-7]. These
data gaps limit the utility of these datasets when complete ET, records are necessary, such
as for water balance calculations. Therefore, effective gap-filling techniques are important
to improve the completeness of ET, data obtained from EC systems.

Several approaches have been developed to infill gaps in the AE flux observations or the
ET, observations directly, which have also been tested over a large range of field conditions
including various climates zones and land cover types. Table 51.1 in the Supplementary
provides a detailed summary of existing literature in these infilling approaches. These
approaches largely rely on meteorological and/or other flux variables measured at the
same location and over the same period as the variable to infill [7]. These gap-filling
methods can be categorized into: (1) infilling AE (or ET,) gaps with available records from
neighboring time steps or with similar meteorological conditions [4,8-10], (2) building
regression models between AE (or ET,) and meteorological data, which sometimes also
require further monitoring data for soil moisture and vegetation conditions such as leaf
area index (LAI) [4,11-14]; and (3) predicting AE (or ET,) with complex statistical models
such as Kalman filter, multiple imputation or machine-learning algorithms developed
based on meteorological conditions [11,12,14,15].

Although numerous gap-filling models were developed for AE flux and ETj,, they share
a common limitation in the high model complexity and data requirement, highlighting
a critical lack of parsimonious gap-filling models that operate only with the variable to
infill itself. With the exception of two models, all other existing gap-filling approaches are
dependent on relationships between AE flux or ET, and other driving variables, such as
additional flux and meteorological variables. The two exceptions are the mean diurnal
variation (MDV) [10] and the analogue period (AP) [16] methods in which gap-filling
relies solely on the variable to infill itself. Thus, the applicability and performances of
most of these gap-filling methods are highly dependent on the quality and availability of
those additional variables. For example, the feasibility of such methods is limited when
the required meteorological/flux data are also missing [7,16]. Further, the infilling may
be affected by spurious relationships produced from changing meteorological conditions
and/or outliers and low-quality records within the meteorological observations [4].

This study therefore aims to develop and evaluate parsimonious models to infill gaps
in ET, observations derived from EC systems; we focus on parsimonious models that
require only ET, itself, and thus having no reliance on data for other variables. Compared
to the wide range of existing methods to fill data gaps in ET, and AE flux, the models
presented here are easier to implement and are more applicable in data-limited situations.
The simpler model structures also remove the dependence on the quality of measurements
other than ET, (e.g., flux variables and meteorological data), which are often used as model
predictors in existing infilling models. We adapt three parsimonious models that have
never been used to infill sub-daily ET, data before. Two models are fitted to the observed
diurnal patterns of ET, data in days with gaps, and one model utilizes days with complete
ET, records to identify a matching temporal pattern to infill each day with gaps. These
new models were compared with the mean diurnal variation (MDV) model, which is an
existing parsimonious model that fills gaps in sub-daily data by averaging values recorded
at the same time step within a short time window around the gap [10]. The MDV model
has been widely used to infill gaps in flux variables [4,8,14,17].

We present a systematic approach to evaluate different infilling models considering
multiple patterns of data gaps during different times of the day. We used a case study
using field measurements from an EC system over summer 2020-2021 at a maize field in
southeastern Australia. We discuss the relative performances of the four models along with
their dependence on data availability, from which recommendations are made for different

54



Remote Sens. 2022, 14, 1286

practical conditions. These gap-filling models and model recommendations presented will
be highly valuable for improving the completeness and utility of ET, measurements from
EC systems in future studies. We made the R codes of all models evaluated in this study
publicly available on GitHub https://github.com/DanluGuo/ETinfilling /blob/main/4_
ETinfilling Models_V2.R (accessed on 1 February 2022) along with example data.

2. Materials and Methods

The three new parsimonious gap-filling models, along with the existing model, MDYV,
were evaluated with field monitoring data from an EC system. The monitoring site and
instrumentation is introduced in Section 2.1. The gap-filling models are introduced in
Section 2.2. Section 2.3 describes the evaluation process, including (1) data resampling to
represent typical missing/erroneous data at different times in a day; and (2) performance
assessment and comparison for the four infilling models.

2.1. Monitoring Site for the Eddy-Covariance System and Data

To evaluate different ET, gap-filling models, we used monitoring data from an eddy-
covariance system installed at a maize field over the 2020-2021 summer cropping season.
The study field was within the Goulburn-Murray Irrigation District in southeast Australia
(field centered at —36.18S, 145.04E). The typical cropping season for summer maize in this
region spans from November to May, while the study field was sown on 11 December
2020 and harvested on 23 April 2021. The field is located between temperate and arid
steppe climate regions [18], with an annual mean rainfall of 447 mm, based on records at
the closest public weather station (Kyabram, Australian Bureau of Meteorology #80091,
19 km away), from 1964 to 2021.

We continuously monitor the in-field weather condition alongside CO,, H,O and
sensible heat fluxes using an eddy-covariance system, between 19 December 2020 and 12
April 2021. We monitored the air temperature, solar radiation, relative humidity and wind
speed at 2 meters” height from a standing weather station. The CO, and H,O fluxes were
measured using an open path infrared gas analyser (LI-7500, Lincoln, NE. LI-COR, Inc.)
and a three-dimensional (3D) sonic anemometer (CSATS3, Campbell Scientific Australia)
as the core of the eddy-covariance system. All flux variables were monitored and recorded
at 20 Hz frequency and subsequently processed and aggregated to 30-min interval with
EddyPro® Software (Version 7.0) [19].

Figure 1 shows a photograph of the set of full monitoring equipment in field. The
EddyPro® Software processes raw eddy covariance data to compute biospheric/atmosphereic
fluxes of CO,, H>O and sensible heat including applying raw data filtering, calibration, and
other algorithms for calculating and correcting fluxes [20]. The remaining energy balance
components were monitored with Kipp and Zonen CNR-1 radiometer, HFT3-L REBS soil
heat flux plates and TCAV soil temperature thermocouples. The solar radiation was moni-
tored at a 30-min interval, while air temperature, wind speed and relative humidity were
monitored every 5-min; therefore, the ET, observations processed by EddyPro® was in a
30-min time step. The maize field is rectangular with cropping rows along the east-west
gradient. Within the field, the weather station and the flux tower were placed next to each
other at 10 m away from the northern field boundary and over 100 m away from the other
three boundaries. Therefore, the vast majority of the target footprint was located at the
southern side of the monitoring stations.
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Figure 1. The eddy-covariance system and the weather station for monitoring fluxes and weather
conditions at the study field. The purposes for different parts of the monitoring stations are labelled.
Note that the CSAT 3D anemometer was measuring the 3D wind speed and direction, while the
wind speed sensor on the top provided a second set of wind speed measures and the dominant
direction within the horizontal plane for validation. The soil moisture down to 90 cm and the canopy
temperature and NDVI were also monitored but observations were not used in this study.

Thirty-minute ET, data were estimated with EddyPro using the observations from the
EC systems. The reference evapotranspiration (ET) data at corresponding time steps was
estimated using the weather observations and the FAO-56 Penman—-Monteith model [21].
The key quality issue for the ET, data occurred during periods when the wind was blow-
ing from the north due to the limited fetch across the crop and a flux source footprint
unrepresentative of the crop; therefore, the corresponding flux measurements may not be
representative of the field, leading to inaccurate ET, estimates and poor energy balance
closures. When wind was from southerly directions between 112.5 and 247.5 degrees (i.e.,
ESE to WSW), the sum of sensible and latent heat fluxes accounted for a median of 90% of
available energy, suggesting a good energy closure (Figure 2). The gaps and potential errors
in the ET, measurements prompted the need to develop effective gap-filling approaches.
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Figure 2. When wind directions are between 112.5 and 247.5 degrees (i.e., ESE to WSW), the heat
fluxes (the sum of sensible and latent heat fluxes) accounted for a median of 90% of available energy,
suggesting a good energy closure.

2.2. Three Gap-Filling Models for Sub-Daily ET,

We adapted three models to infill gaps in sub-daily ET, and evaluated their perfor-
mance along with a benchmarking model using our field observations. Suppose that each
day within the observation period can be categorized by data availability as either a full
day (FUL), a partial day (PAR), or a sparse day (SPA) as follows:

Full day (FUL)—where data within the day is complete or mostly (>80%) complete;
Partial day (PAR)—where part of the data within the day is missing but a substantial
portion (30-80%) is still available;

e  Sparse day (SPA)—where data within the day is mostly (>70%) missing/erroneous.

None of the three gap-filling models that we adapted and evaluated require data
other than ET, records themselves. The models use the available records differently
to fill gaps in the daytime 30-min ET, records within each PAR day (i.e., day to infill).
The Sinusoidal model (Daily sinusoidal functions of ET,) describes the diurnal patterns of
ET, with a sinusoidal function of the time in a day, which have been widely applied
to fill gaps in time-series of meteorological data, soil heat flux data, and even gaps in
daily evapotranspiration [22-24]. The Smoothing model (Daily smoothing functions of ET,)
describes the diurnal patterns of ET, with polynomial functions of the time in a day, which
is adapted from a common gap-filling approach for meteorological time-series [25]. The
MaxCor model (Daily temporal pattern matching for ET,) fills gaps in a day based on another
day with complete records that is selected as having the most similar diurnal pattern with
the day to infill. This model is conceptually similar to the analogue period (AP) model
which fills a gap by searching the full dataset for an ‘analogue period’ that that has similar
temporal patterns with the data surrounding the gap [16]. However, the implementation
of MaxCor is much simplified as the search is based on a daily time-step, rather than the
more flexible, user-defined time step as implemented in AP; specifically, MaxCor searches
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for an ‘analogue day’, while AP allows any length of analogue period and recommends
case-specific investigation to determine the optimal length. None of the three models have
been used to infill sub-daily ET, data to our knowledge.

As a benchmark to the three abovementioned new models, we also included the
mean diurnal variation (MDV) model in our evaluation, as this has been a widely used
parsimonious gap-filling model for AE and carbon fluxes [4,8,14,17]. Similar to the three
models introduced in this study, MDV requires the variable to infill as the only input. The
MDYV model was originally developed to fill gaps in laten heat flux observations [10]. The
model fills any gap in sub-daily records by averaging values measured at the same time
step on days adjacent to (both before and after) the gap, within a time window usually
between 4 and 15 days. A shorter averaging period is considered insufficient to determine
a reasonable mean value, while a longer average period might introduce errors due to
potential non-linear impacts from other environmental variables. More details on the MDV
model are included in its original paper [10]. For the model evaluation in this study, we
implement MDYV to infill any missing 30-min ET, records by the average of all values
recorded at the identical 30-min time slot, within the adjacent 14 days (i.e., 7 days before
and 7 days after the day where gap presents).

Common to all infilling models, a specific daytime period is defined for each day to
infill, based on solar time angles estimated with the latitude and longitude of the study
site and the ordinal dates within the record period, following Chapter 3 of the FAO-56
guidelines [21]. Across the season, the ranges of sunrise and sunset times are between
5:30 a.m. and 6:30 a.m. and 5:30 p.m. and 7 p.m., respectively; solar noon is between 12 p.m.
and 12:15 p.m. Any ET, for times outside of daytime is treated as night-time ET, and
assumed negligible. Any day that belongs to the SPA set is not filled because the available
data is considered insufficient to be filled reliably. The threshold chosen to define the SPA
set (having >70% of the 30-min ET, data missing) implies that a day can be infilled with
a minimum of 15 out of 48 records available. This is a relatively low data requirement
which could lead to unreliable gap filling. However, since our primary aim is to present
and evaluate gap-filling models, a more important consideration in choosing the threshold
was to enable a reasonable number of days remaining to be used for model evaluation (see
Figure S1.1 in the Supplementary Materials for an assessment of data availability across
the season). Details on how the FUL and PAR datasets were used for model evaluation is
included in Section 2.3.

The three infilling models are detailed subsequently:

e  Sinusoidal—Daily sinusoidal functions of ET,: This model uses all available daytime
30-min ET, records on the day to be infilled (each day in the PAR set) to fit a sinusoidal
function between ET, and time of the day, which has a period specific to that day. The
fitted sinusoidal curve is then used to estimate all 30-min daytime ET, while infilling
the missing time steps. We chose the sinusoidal function because of its simplicity
and ability to represent the overall diurnal patterns of ET,, which we concluded from
a visual assessment of ET, for the FUL days within our records (days with >80%
complete data, see details in Section 2.3.1). The sinusoidal function used takes the
form of:

ET,n = Amp x sin<271T)H) (1)

Equation (1) describes the diurnal pattern of daytime 30-min ET, with the positive
half of a sine curve. H is the time since sunrise in decimal hours at the start of each 30-min
slot (e.g., 1, 1.5, 2 h, and H = 0 at sunrise). Ideally, the full period of the sinusoidal curve, P,
should be equal to twice of the daytime length (time between sunrise and sunset) of each
day, which enables the representation of all daytime 30-min ET, with half of the sine curve
where the daily peak occurs halfway between the sunrise and sunset. However, we found
via a preliminary analysis on all FUL days that the daytime ET, peaks around 1:30 p.m.,
and the ET, diurnal patterns seem to follow only part of the half-sine curve (Figure 3). To
represent these diurnal patterns in daytime ET, more accurately, the period P in Equation
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(1) is defined for each day as four times the hour difference between the sunrise and the
hour of peak daytime ET, (1:30 p.m.), and the modelled ET, from Equation (1) after sunset
of each day is zeroed; this adjustment of the sinusoidal function ensures that the model
best resembles the observed asymmetrical diurnal patterns in ET,. Amp is the only model
parameter to be calibrated, which represents the amplitude of the sine curve; it is fitted by
minimizing the sum of squared residuals from the available data on the day to be infilled.
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Figure 3. The diurnal patterns of 30-min daytime ET, across all days in the season with complete

data (FUL days). The values of 30-min ET, generally peak around 1:30 p.m. and follow the shape of

an incomplete half-sine curve.

Smoothing—Daily smoothing functions of ET,: This model uses all available daytime ET,
data on the day to be infilled to fit a second-order polynomial smoothing function
between ET, and time of the day. The fitted smoothing function is then used to infill
ET, for the missing time steps. The second-order polynomial smoothing function
takes the form of:

ET,y = AH*> +BH +C 2)

In Equation (2), H is the time since sunrise in decimal hours at the start of each 30-min

slot; A, B and C are the model parameters to be calibrated.

MaxCor—Daily temporal pattern matching for ET,: For each day in the PAR set, this model
first calculates the linear correlation (i.e., Pearson correlation coefficient) between the
daytime ET, records in the current day and each day in the FUL set. The correlation
calculation only considers the common timeslots where data are available in both the
current day and each FUL day. Based on these correlations, the FUL day that has the
maximum correlation with the day to infill is selected. Within this ‘matching FUL
day’, all individual 30-min daytime ET, values (ET,_FUL) are divided by their sum
(ET,_tot_FUL) to calculate the proportions of 30-min ETj, to the daily total, ET;_prop-
This is described in Equation (3), where H =0, 0.5, 1, ... ,24, denoting the time since
sunrise in decimal hours:
ET, FULy ET, FULy

“=propH T ET, tot_FUL — Y24 ET, FULy ©)

To infill the data gaps in the PAR day, we first estimate the daily total ET, of this day

(ET,_tot_complete_PAR) by dividing the sum of all available ET, records (ETa_tot_avail_PAR)
by the sum of ET,_prp values corresponding to these timeslots with available data. This
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is described in Equation (4), where Hpar are the time since sunrise (decimal hours) for all
timeslots with available records in the PAR day:

ET,_tot_avail_PAR Zierar ET,_PAR;

ET, tot_complete_PAR = =
! P ZiEHpar ET, —prop,i Zierar ET, —prop,i

4)

We can then estimate each 30-min ET, value for the PAR day (ET,_PAR) with the
estimated total ET, for the day (ET,_tot_complete_PAR) and all proportions of 30-min ETa,
ETqa_prop, which enables us to fill the ET, gaps (Equation (5)).

ET,_PARy = ET,_tot_complete_PAR x ET, _prop,H 5)

We made the R codes which implement all four abovementioned models available on
GitHub https:/ /github.com/DanluGuo/ETinfilling /blob/main/4_ETinfilling Models_
V2.R (accessed on 1 February 2022) along with the data used in this study.

2.3. Model Evaluation Process

Although the ultimate goal of the above-mentioned gap-filling models is to infill sub-
daily data for days with partially missing data (i.e., the PAR set, as detailed in Section 2.2),
our model evaluation was based on days within the FUL set only to understand the
performance of individual infilling models. Specifically, we divided days within the FUL
set into training and evaluation sets. We added artificial gaps to data (i.e., assign an NA
value to some of the data) in the evaluation set to represent typical types of missing data
from the field observations.

2.3.1. Classifying Daily Data Completeness

We first classified all days in our monitoring period into the FUL, PAR, or SPA sets by
the completeness of data in each day, as highlighted by different colors in Figure 4.
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Figure 4. Classification of the completeness of 30-min ET, data for each day within the observation
period. The colors differentiate days within the FUL, PAR and SPA sets. See the below text for the
explanation of individual categories and their utility.
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The data were then used as follows.

1.  The FUL set (green in Figure 4) contains days with complete /near complete (>80%)
records. These data will be further divided for training and evaluation of the four
infilling models (Section 2.3.2).

2. The PAR set (orange in Figure 4) contains days with partially complete (30-80%)
records. These data were then used to summarize the typical patterns of missing data.
We identified three typical patterns of missing data as:

e A:with most missing data in the morning (sunrise to 10 a.m.);
e  B: with most missing during mid-day (10 a.m. to 3 p.m.);
e  C: with most missing during afternoon (3 p.m. to sunset).

The days highlighted in red in Figure 4 are classified into the SPA set, where data
for most (>70%) of the day were missing. As discussed in Section 2.2, these days are not
recommended to be infilled because of significant lack of ‘ground truth’.

2.3.2. Building the Training and Evaluation Datasets
Figure 4 identified 32 days within the FUL set, which were then randomly divided into:

1. A training set (60%, 19 days); and
2. Anevaluation set (40%, 13 days).

The training dataset was used to represent days with complete data (the FUL set).
Within the evaluation set, we added artificial gaps to each day to mimic each of the three
typical patterns of missing data (A, B and C, Section 2.3.1). This led to three separate
evaluation sets representing each type of missing data to be infilled with the four models.
For each day in each evaluation set, data points corresponding to the gaps were held off
(assigned as NA) and used for evaluating the performance of infilling models. For example,
Figure 5 shows the training and evaluation sets that represent missing data Type A (missing
morning, where red points are artificial gaps), in which all data between sunrise and 10 a.m.
in the evaluation set were held off. Data splits for the other two types of missing data (B
and C) are shown in Figures 51.2 and S1.3 in the Supplementary Materials.
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Figure 5. Split of the training and evaluation subsets to represent missing data Type A, i.e., miss-
ing morning.

2.3.3. Comparing the Model Infilling Performances

With the training and evaluation datasets created following Section 2.3.2, the four
gap-filling models (three proposed models and MDYV, see Section 2.2) were compared by
their evaluation performance on infilling the missing 30-min ET, data. The root-mean-
squared-error (RMSE) and the r-sqaured (R?) were used to assess the model performance
against the evaluation data; the former represents the average error in infilling the 30-min
ET, relative to true observations and the latter represents the proportion of variance in
infilling the 30-min ET, observations that can be explained by the model. As a further
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reference to infilling performances, the RMSE values for the daily total ET, were also
calculated for days that contain missing data.

3. Results

Figure 6 summarizes the RMSE of 30-min ET, for the four infilling models for the three
types of missing data (A: missing morning; B: missing mid-day; C: missing afternoon),
respectively. The MaxCor model consistently has the lowest model errors across all three
situations, with RMSE values between 0.03 and 0.07. Following MaxCor, the next best
models are the MDV (with RMSE ranging from 0.04 to 0.1) and the Sinusoidal (with RMSE
ranging from 0.05 to 0.1) models, which have comparable magnitudes of errors. The
Smoothing model has the worst performance with the highest errors for both Type A
(missing morning, RMSE = 0.18) and Type C (missing afternoon, RMSE = 0.2). Considering
the variance explained, the Sinusoidal and the MaxCor have higher ability to explain the
observed variance, with R? values ranging from 0.7 to 0.87 and 0.68 to 0.82, respectively.
The MDV model struggles to explain variance for Type B (missing mid-day, R? = 0.25)
while the Smoothing model again shows limited performance for Types A and C (missing
morning and afternoon, R? = 0.45 and 0.37, respectively).
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Figure 6. (a) RMSE and (b) R? of the 30-min ET, (in mm) for the infilled gaps, obtained from the
four infilling models for each evaluation dataset that represents typical patterns of missing data:
A—missing morning; B—missing mid-day; and C—missing afternoon.

With the above summary of performance of the four infilling models for the 30-min ET,
data, we further aggregate infilling performance for days with missing data to understand
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the expected accuracy at the scale of daily ET,. Figure 7 summarizes the daily RMSE of four
infilling models for the three types of missing data. The best-performing model, MaxCor,
has mean errors of 0.26-0.62 mm in daily total ET,.
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Figure 7. RMSE of daily ET, (in mm) for the infilled days with gaps, obtained from four infilling
models for each evaluation dataset that represents typical patterns of missing data: A—missing
morning; B—missing mid-day; and C—missing afternoon.

4. Discussion
4.1. Performances of Gap-Filling Models

Within the four infilling models that we evaluated, we see better performance for two
models, which both perform gap filling for a day based on other ‘similar’ days and another
model based on fitting functions to diurnal pattern of each day with gaps. Specifically,
the MaxCor model identifies another day that has a complete record, while also having a
similar diurnal pattern in the 30-min ETj, to the existing records of the day to infill. The
MDYV model estimates missing records using the mean value of the specific time step in a
day from neighboring days. The Sinusoidal model fits a sinusoidal function to the existing
records within each day to infill and then uses the sinusoidal function for gap filling. The
performances of all these three models are relatively stable across different missing data
types, with less than 0.06 difference in the RMSE of 30-min ETj, across different types of
missing data.

In contrast, we see lower and more variable performances for the infilling model that
uses smoothing functions to fill each day with gaps (Smoothing), where the maximum
difference of RMSE of 30-min ET, across different missing data types is 0.11. This suggests
a potential limitation of infilling performance due to the model structure. Specifically,
the second-degree polynomial which is used as the smoothing function introduces more
flexibility in the diurnal patterns of the 30-min ET, compared to either the MaxCor or the
Sinusoidal models in which the diurnal pattern for the day to infill is bounded by either a
similar temporal pattern in the actual records of the other day or by a sinusoidal function.
Consequently, the fitted smoothing functions can be highly sensitive to fluctuations and
outliers in the existing data, which can lead to spurious diurnal patterns and thus large
errors in the infilled records.

There is no systematic pattern of how model performance varies across different
types of missing data, suggesting that these variations are likely a result of individual
model structures. For examples, the Sinusoidal and the MaxCor models show the worst
performances for missing data Type B (missing mid-day), which may indicate the critical
role of mid-day records. For the Sinusoidal model, these mid-day records generally consist
of higher absolute values of ET, and thus have large impact on the calibration of the
sinusoidal infilling function. For the MaxCor model, this low performance for missing
mid-day records could be a result of the relatively high day-to-day variation of the temporal
patterns in mid-day ET, (Figures 2 and 3), which leads to difficulties to infill missing records
reliably using the temporal pattern within another day.
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This study focuses on parsimonious gap-filling models for ET,, which do not rely on
any input variables other than ET, itself. Thus, they do not explicitly take into account any
impact of weather conditions (e.g., solar radiation, cloudiness, rainfall, temperature), which
are often considered important driving variables for ET. As such, all these parsimonious
models share a common and natural caveat in maintaining robust performance on days
when the influence of weather conditions on ET, is strong, and when weather conditions
change abruptly. The infilling errors would be greatest when the data gap falls across a
period of abrupt change in weather conditions. This is a fundamental limitation of all
parsimonious gap-filling models that solely rely on ET, data.

To further understand the impact of this general limitation of parsimonious infilling
models, we performed an additional analysis on the performance of the four gap-filling
models under various cloud cover and solar conditions. Specifically, we plot the daily RMSE
of each gap-filling model under the three types of data gaps against the daily ratio of actual
solar radiation to clear-sky solar radiation (Figure 51.4 in the Supplementary Materials).
We found that none of the four models are systematically influenced in performance by
various cloud cover conditions within our dataset. This is likely due to the relatively limited
variation in cloud cover conditions within our dataset to comprehensively characterize
the effects of clouds on the accuracy of these gap filling approaches. Another plausible
hypothesis is that these parsimonious gap-filling models, by considering the temporal
patterns of sub-daily ET,, have already effectively represented variation due to changes
in cloud cover conditions (since solar radiation is an input when estimating ET, from
EC-systems). However, this could only be the case if the cloud cover is relatively stable
throughout the day; under situations where the amount of cloud cover is highly variable
within a day, the diurnal variations of ET, would be much more difficult to be predicted
from a simple smooth curve and/or averaging values from another day(s). This analysis
illustrates the potential limitation of the infilling approaches under highly variable weather
conditions, which is a general limitation to all parsimonious infilling models as discussed
above. Similarly, we can expect much higher influence of the weather conditions on model
performance when the weather is more highly variable throughout a day. Therefore, we
strongly recommend individual investigation of this limitation when testing these (and
potential other) parsimonious models to new datasets.

4.2. Recommendations for Practical Situations with Different Data Availability

In addition to the above comparison of model performances, we discuss the data
requirement of individual infilling models to provide recommendations for different practi-
cal situations.

While the MaxCor and the MDV models are the best-performing models, both models
also have higher data requirements for both days with complete data and the available
data within each day to infill. Higher data availability on each day to infill enables a better
understanding and thus a more reliable match of that day to the appropriate day with
complete records. Large numbers of days with complete records are also critical for both
the MaxCor and the MDV models: for the former, these provide a diverse set of diurnal
patterns to match with the data in the day to infill; for the latter, more days with complete
records can provide reliable mean estimates for each time step to infill.

Both the Sinusoidal and the Smoothing models use infilling functions that are fitted to
the existing 30-min ET, records within the day with missing data. Therefore, neither require
any day with complete data. Considering this together with the model performances in
Section 3, the Sinusoidal model becomes the best choice to infill a dataset with limited
complete days of record. An example for this situation is where the monitoring location
experiences regular unfavorable wind direction that occurs for part of most days, leading
to low-quality data (i.e., effective gaps) on most days of the eddy-covariance observations.
Such a data quality issue is likely a result of inappropriate selection for the location of the
eddy-covariance system, which may be due to practical constraints in many cases (e.g., to
avoid conflict with machinery access to cropping fields, sites with naturally unfavorable
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conditions in certain upwind directions). It is also worth noting that both the Sinusoidal
and the Smoothing models do require a reasonable amount of data available in each day to
infill, to enable a reliable infilling function to be developed. This data requirement is less
strict for the Sinusoidal model, as the sinusoidal functions pose greater constraint on the
diurnal patterns of 30-min ET,. We encourage individual model evaluation in further case
studies to obtain a specific and precise understanding of the impacts of data availability on
model performance.

5. Conclusions

We adapted three parsimonious data-driven models to infill gaps in sub-daily ET,
observations from eddy-covariance systems and evaluated these models together with
another commonly used benchmarking model of similar data requirement. We applied
these models to infill gaps in the 30-min ET, data collected from an eddy-covariance
monitoring station installed in a maize field in southeastern Australia, over the 2020-21
summer season. We identified the best gap-filling model as a pattern-matching model to
inform the diurnal pattern of the day to infill by another day with complete data (MaxCor).
The second-best model is the benchmarking model, mean diurnal variation (MDV), closely
followed by another proposed model which performs gap filling with sinusoidal functions
fitted to the diurnal pattern of each day with gaps (Sinusoidal).

Further recommendations on model choice were made considering practical data
availability. The best-performing MaxCor model relies on high data availability for both
days with complete data and the available records within each day to infill. The Sinusoidal
model does not rely on days with complete data while also offering reasonable performance,
which makes it the best choice in situations where complete days of records are limited.
We acknowledge that the performance of individual infilling models assessed may be
specific to our study site and monitoring period, and results may differ across different
climatic conditions, evaporative surfaces (i.e., crop type) and data availability. Therefore,
local evaluation is highly recommended for future studies aiming to apply these infilling
techniques. The strategies to allocate available records—to be used for calibration and
evaluation of the infilling models and to be excluded from infilling due to data scarcity—
should also be tailored for individual case studies, based on specific assessments of data
availability (e.g., Figure S1.1). To facilitate further applications, we made the R codes of
all four models evaluated in this study publicly available on GitHub https:/ /github.com/
DanluGuo/ETinfilling /blob/main/4_ETinfilling_Models_V2.R (accessed on 1 February
2022) along with the data we used to facilitate further applications.

Supplementary Materials: The following are available online at https:/ /www.mdpi.com/article/10
.3390/1s14051286 /51, Figure S1.1: Percentage 30-min ETa data availability within each day, sorted
from the lowest to highest across the full monitoring dataset. Figure S1.2: Split of the training and
evaluation subsets to represent missing data Types B i.e., missing mid-day.. Figure S1.3: Split of the
training and evaluation subsets to represent missing data Types C i.e., missing afternoon. Figure S1.4:
Daily RMSE of the four gap-filling models under the three typical patterns of missing data (A—
missing morning; B—missing mid-day; and C—missing afternoon), plotted against the daily ratio of
actual solar radiation to clear-sky solar radiation. Each panel shows one gap-filling model where
the three missing data types are differentiated by colours. Table S1.1: Existing approaches to infill
gaps in latent heat flux, carbon flux or directly for ETa. Orange cells highlight models that rely on
additional input variable other than the variable to infill. Green cells highlight the only two existing
parsimonious gap-filling models, the mean diurnal variation (MDV) and the analogue period (AP).
Reference [26] is cited in the Supplementary Materials.
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Abstract: Cal/Val activities within the Earthnet Data Assessment Pilot (EDAP) Project of the Euro-
pean Space Agency (ESA) cover several Earth Observation (EO) satellite sensors, including Third-
Party Missions (TPMs). As part of the validation studies of very-high-resolution (VHR) sensor
data, the geometric and radiometric quality of the images and the mission compliance of the SkySat
satellites owned by Planet were evaluated in this study. The SkySat constellation provides optical
images with a nominal spatial resolution of 50 cm, and has the capacity for multiple visits of any
place on Earth each day. The evaluations performed over several test sites for the purpose of the
EDAP Maturity Matrix generation show that the high resolution requirement is fulfilled with high
geometric accuracy, although various systematic and random errors could be observed. The 2D
and 3D information extracted from SkySat data conform to the quality expectations for the given
resolution, although improvements to the vendor-provided rational polynomial coefficients (RPCs)
are essential. The results show that the SkySat constellation is compliant with the specifications
and the accuracy results are within the ranges claimed by the vendor. The signal-to-noise ratio
assessments revealed that the quality is high, but variations occur between the different sensors.

Keywords: Earth Observation; data quality; SkySat; geometric validation; radiometric validation;
maturity matrix

1. Introduction

The increasing number and diversity of Earth Observation (EO) satellite missions
operated by various agencies and commercial bodies has led to the requirement of a
platform to enable communication between providers. In order to ensure the coherence of
the missions and their integration into the overall EO strategy, a coordination framework
was defined by European Space Agency (ESA) for Third-Party Missions (TPM) within
the Earthnet Programme, which has contributed to the Global Earth Observation System
of Systems (GEOSS) for over 40 years [1]. The Earthnet Data Assessment Pilot (EDAP)
project aimed to validate the data quality for various missions [2]. The calibration and
validation (Cal/ Val) tasks in the EDAP were defined in a sensor-specific manner [3]. One
of the main outcomes of the project was the Maturity Matrix (MM) framework, which was
initially developed within the EDAP and advanced jointly with National Aeronautics and
Space Administration (NASA), Washington, DC, USA. The MM provides clear guidelines
on the Cal/Val activities of the product and outputs reports on the quality and the

Remote Sens. 2022, 14, 1646. https:/ /doi.org/10.3390/rs14071646 68 https:/ /www.mdpi.com/journal /remotesensing



Remote Sens. 2022, 14, 1646

suitability of satellite missions on the basis of their mission specifications and potential
applications [4].

The SkySat constellation from Planet, CA, USA, is composed of 21 satellite missions
operating in orbit at the time of writing. After the launch of the SkySat A and B generations
in 2013 and 2014, respectively, the first SkySat C-generation satellite was launched in 2016.
SkySat was the first commercial microsatellite with sub-meter accuracy [5]. All SkySat C-
generation sensors have similar electro-optics, with a focal length of 3.6 m and 5.5 megapixel
Complementary Metal Oxide Semiconductor (CMOS) detectors [6] that facilitate the provi-
sion of continuous EO data with a small temporal interval and high consistency. Besides
the 4 band multispectral (MS) imagery, the pushframe sensor structure enable the High-
Definition (HD) full-frame rate panchromatic video acquisition with a 1 m ground sample
distance (GSD) [6]. The main objectives of the mission include the acquisition of very high
spatial resolution (i.e., enhanced 50 cm spatial resolution) MS images and video data with
rapid revisit time (multiple revisits per day).

The SkySat Cal/Val tasks defined within the EDAP aimed at the fulfillment of the
MM analysis requirements. The EDAP Best Practice Guidelines [7] and EDAP Optical
Mission Quality Assessment Guidelines [8] were in principle followed for the requirement
analysis and MM preparation. For this purpose, besides a review of the documentation
(e.g., the review in [6] and the Planet L1 Data Quality Report Q3 [9]), extensive data
(including metadata) investigations were carried out with the aim of assessing the image
radiometric and geometric quality over various test sites. In addition to the Cal/Val reports
provided by the vendor [9] and the collaborators (e.g., [10-12]), the results reported in the
literature [13-17] were analyzed as well. On the other hand, mission specific assessments,
e.g., stereoscopic capability in the case of SkySat data, were also performed using state-of-
the-art processing methods.

Consequently, the main aims of this study are (a) to investigate the geometric and
radiometric quality of SkySat products acquired over several EDAP test sites and at
different product levels; (b) to discuss the issues related to the data and metadata with
respect to the instrument specifications and the literature; and (c) to present the EDAP
MM assessment results and potential improvements to the sensor data. Although several
studies in the literature (i.e., [13-17]) have analyzed the radiometric and geometric quality
of different SkySat products for various purposes, such as surface reconstruction from
still and video images, resolution improvement methods, etc., using data acquired over
one or two sites, this is the first comprehensive assessment of the SkySat constellation
covering various Cal/Val aspects (i.e., radiometry, geometry, visual interpretation) at
the same time using data acquired from multiple satellites and over multiple sites. In
addition, the concept of MM developed as part of the EDAP is explained in detail and the
SkySat MM is presented.

The image quality assessment efforts included the determination of the General
Image Quality Equation (GIQE) parameters, which were developed for the quantitative
measurement of the quality of raw or processed aerial imagery [18]. A scale consisting of
ten levels has been developed by the National Image Interpretability Rating Scale (NIIRS)
for detecting and interpreting objects contained in visible, radar, infrared, and multispectral
imagery [19]. The GIQE parameters allow these scale values to be calculated quantitatively.
The Signal-to-Noise Ratio (SNR), Signal-Difference-to-Noise Ratio (SDNR), Relative Edge
Response (RER), Ground Sample Distance (GSD), and Modulation Transfer Function (MTF)
are among the main GIQE parameters [20]. In this study, the SNR, RER and MTF values
were analyzed over an artificial target. In addition, visual checks were performed over
multiple test sites.

The geometric quality assessments include absolute and temporal geolocation accu-
racy, band-to-band registration (BBR) accuracy, and the quality of digital surface model
(DSM) generation. The geometric quality aspects evaluated here were selected on the basis
of their importance to users and their significance in the literature (e.g., see [21,22]). The
methods were determined on the basis of the data format, data availability, and product
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levels (e.g., geometrically raw or rectified, provision of sensor model parameters or rational
functional model coefficients, etc.).

The absolute radiometric calibration quality was also assessed using one of the Pseudo-
Invariant Calibration Sites (PICS), i.e., the Libya-4 site, that were employed by the Commit-
tee on Earth Observation Satellite (CEOS) for radiometric Cal/Val activities. The site was
first utilized for calibration of the Satellite Pour 1’Observation de la Terre (SPOT) [23], and
has demonstrated proven potential for acquiring optical visible and near-infrared (NIR)
images with various resolutions [24-27]. The average SNR and the SDNR values were also
computed over this site and evaluated in comparison with the results of the vendor.

The article is organized as follows. The detailed sensor specifications, the test site
and data characteristics, and the methods are given in the next section. The results are
presented in Section 3. The discussion and conclusion are provided in the final section.

2. Materials and Methods
2.1. The SkySat Constellation

Among the satellite constellations of Planet, SkySat provides very-high-resolution
(VHR) imagery. The satellites belonging to the SKS-C family (60 x 60 x 95 cm) acquire
VHR data with the capacity for data collection over large areas, e.g., thousands of square
kilometers. The satellites are stabilized in three axes and have the agility to observe different
regions of interest (ROI) [6]. In addition, they are equipped with systems for orbital and
attitude control [28] and Cassegrain telescopes [6]. In accordance with the principles of
push broom imaging, the frame images (scenes) are acquired continuously in five bands,
namely blue, green, red, NIR, and panchromatic (Table 1). The SkySat constellation has
three cameras per satellite with identical focal plane arrangements and acquires images as
overlapping strips. Half of the detector takes images in the panchromatic (Pan) channel,
while the other half is split into the four multispectral (MS) bands. In accordance with the
principles of pushframe imaging, every pixel is composed of up to 20 acquisitions, and a
virtual time-delayed integration (TDI) method is implemented for image registration and
fusion [15].

Table 1. The main characteristics of the SkySat constellation and the sensors [5,29].

Parameter Value
Number of satellites 21
Orbit/Altitude Polar sun-synchronous/400-600 km
Sensor/Size Frame CMOS with TDI/5.5 megapixel
Number of sensor 3
Sensor type Pushframe

Panchromatic: 0.450-0.900 pm
Blue: 0.450-0.515 um
Bands Green: 0.515-0.595 pm
Red: 0.605-0.695 um
NIR: 0.740-0.900 pm

Focal length 3.6m
Image capacity 400 km? /per day
Swath width 5.5-5.9-8 km at nadir
Image strip length (max.) 200 km
Data collection GSD 0.6-1m
Radiometric resolution 11 bit [5]
P Basic Analytic Scene (BAS), Ortho Scene (OS), Ortho Collect
roducts .
(OC), Video

The GSD of the images at data collection depend on the spectral band and on the
acquisition configuration. The recent SkySat products have been acquired in Push-broom
High Dynamic Range (PBHDR) mode, which enabled higher GSDs. The PBHDR mode
alters the acquisition configuration of the platform and the optical system, and is not a
post-processing approach for resolution enhancement. The approach artificially reduces
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the scan rate with camera vibration according to the platform velocity and the frame rate.
The method also improves the SNR of the images. Thus, the resolution can be increased to
50 cm for ortho products (both MS and Pan).

The SkySat images are provided at different processing levels, such as basic analytic
scene (BAS), various ortho scene (OS) products (e.g., panchromatic, visual, pan-sharpened,
analytic), and ortho collect (OC) products [6]. The latter product type is a mosaic formed
from individual OSs. The BAS products are suitable for DSM generation, and rational
polynomial coefficient (RPC) files are provided together with the images. An orthorectifica-
tion process is performed by Planet to obtain OS products by using ground control points
(GCPs) and digital elevation models (DEMs) with 30 m or 90 m resolution, depending on
the area [6].

2.2. Test Site Characterization and Data

In this study, the Level 1A (BAS), Level 1C (OS), and Level 1C_C (OC data formed with
20 OS from each of the three cameras) products of different SkySat satellites were evaluated
with respect to their radiometric and geometric quality. The GSDs of the employed products
varied depending on the satellite altitude. The collected GSDs ranged from 0.6 m and
0.7 m for the BAS, and the OC products had a resolution of 0.5 m. The test sites were
selected on the basis of the land use/land cover (LULC) characteristics and the availability
of the equipment (i.e., MTF target, GCPs, etc.). The geographical distribution of the test
sites, which were located in Turkey, Libya and France, is presented in Figure 1. The main
characteristics of the data analyzed here are summarized in Table 2. In the table, acronyms
were used as test site identifiers. Multiple acquisitions from different SkySat (SKS) missions
over each site were used for the evaluations. The levels of the products analyzed over each
site are also given in the table, together with the type of assessment performed for each
product. The assessment types include geometric validation (GeoVal), visual checks (Vis),
MTF, SNR, RER, and radiometric validation (RadVal), as presented in Figure 1. The Libya-4
PICS test site (called Libya) used here is categorized as a “bright” site characterized by a
highly reflective surface [30].

The GeoVal activities were performed over the Ankara test site. The GCP distri-
bution, along with a schematic representation of the SkySat scene footprints on the
OC products at this site, is presented in Figure 2. This site was used extensively for
GeoVal, including stereoscopic capability assessment. A reference DSM obtained from
unmanned aerial vehicle (UAV) images with 3 cm GSD was used for the comparison
with the SkySat DSM.

On the other hand, the SkySat image quality was compared with pan-sharpened
Pleiades images acquired over the Salon de Provence test site, France. The Pleiades
images were acquired on 25 September 2014. Furthermore, Sentinel-2A MS image products
acquired over Libya were employed as a reference for the RadVal activities. The Sentinel-2
satellite products were acquired on forty different dates in 2019 and 2020.

Table 2. The main features of the SkySat data used in the study.

Test Location Acquisition Satellite GSD Product Assessment
Site ID Date (m) Level Type
Ankara, Turkey 18 Jul 2020 SKS4 0.71 OC & BAS! GeoVal & Vis

ANK (Lat: 39.160°N, 23 Sep 2020 SKS7 0.66 OC&BAS! GeoVal & Vis

Lon: 33.472°E) 27 Sep 2020 SKS12 0.71 BAS! GeoVal & Vis
Salon de
Provence, OS pan- Vis
SAL France ;3 11\)/[:5 ;8223 SSKKssl47 ggg sharpened  MTF & SNR &
(Lat: 44.010°N, : BAS! RER

Lon: 4.197°F)
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Table 2. Cont.

Test Location Acquisition Satellite GSD Product Assessment
Site ID Date (m) Level Type
5 Sep 2020 SKS10 0.70 BAS! RadVal
Libya 11 Sep 2020 SKS1 0.73 BAS! RadVal
LIB (Lat: 30.341°N 17 Sep 2020 SKS7 0.67 BAS! RadVal
Lon: 22.805°E) 25 Sep 2020 SKS7 0.67 BAS! RadVal
26Sep2020  SKS10  0.72 BAS! RadVal

1 OC: Ortho Collect; OS: Ortho Scene; BAS: Basic Analytic Scene.

Legend 0 500 1000Km
2 I T |
c
£ o Y Salon-de-Provence A Libya @ Ankara
§ E Visual )
ﬁ MTE & SNR & RER RadVal GeoVal & Vis

Figure 1. The locations of the EDAP test sites used in this study.

2.3. The EDAP Maturity Matrix

The overall EDAP framework covers optical, synthetic aperture radar (SAR), and
atmospheric instruments [7]. While the Cal/Val MMs produced within the framework of
the EDAP assignments aim at providing a high-level summary, the sub matrices generated
through the validation activities present the detailed analysis results to the users for the
selected missions and associated tasks, depending on the mission objectives. The Optical
Mission Quality Assessment Guidelines [8] are followed for the production of high-level
Cal/Val MM, and these include categories related to product and ancillary information,
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product generation, uncertainty characterization, and validation. Each category is graded
depending on the compliance with the FAIR (findable, accessible, interoperable, reusable)
principles by means of six different grades: Not Assessed (outside the scope), Not Assess-
able (information not available), Basic (does not follow the FAIR principles), Intermediate
(partially follows the FAIR principles), Good (largely follows the FAIR principles), and
Excellent (fully FAIR compliant) [8].

32 32 33 2
1 L 1 f . L 1

40
y

40
i

33
f

39
f

38
'

39
f

Legend
® GCPs

[Juavsite

I:I Basic Scene Frames

0 25 5Km
S —

38
'

Figure 2. An overview of the SkySat Collect data acquired over the Ankara test site on 18 July 2020
with the GCP distribution (left); and the reference UAV DSM and a GCP located on the SkySat Collect
image and on the ground (right).

Due to the innovative and challenging technology represented by SkySat data, the
detailed quality assessments were performed on the basis of a product documentation and
format evaluation, image quality, and geometric and radiometric calibration. Evaluations
of the product documentation and the format were carried out by means of document and
metadata reviews. Detailed assessments of image quality and geometric and radiometric
calibration were carried out via visual checks, comparison with external reference data,
and by using various radiometric and geometric image processing methods, as explained
in the following sections.
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2.4. Image Quality Assessment Approaches

The approaches for assessing image quality include visual inspection, MTF, SNR, Full
Width at Half Maximum (FWHM), and RER analyses. The visual inspection addresses the
unusable data mask (UDM) content and the image interpretability components. The UDM
provided by the vendor often includes image backfill, cloud, and missing data information.
The interpretability was analyzed in selected image sub-areas with respect to an external
reference, i.e., Pleiades top of atmosphere (TOA) images. The assessments were carried
out for the detection and identification of both objects and textural content. The object
delineation and interpretation performances using pan-sharpened SkySat and Pleiades
data were anticipated to be similar due to their identical spatial resolution (0.5 m). The
selected features (points of interest) included an MTF target and different LULC types,
such as transportation elements, large construction sites, forests, airports, crop fields,
buildings and other urban structures, etc. Further details on the methods are provided in
the following subsections.

2.4.1. SNR Computation

The SNR is an important image quality indicator [20]. Although a high SNR may not
affect visual interpretation, it is an important parameter for reducing uncertainty in image
measurement. The SNR is a mean value, and two types of SNR, i.e., temporal and spatial,
are typically analyzed in the literature. The basic formulation of the SNR used here is given
in Equation (1).

_ K
SNR == 1)

where

e u—mean signal; and
e ¢—standard deviation of the signal.

Here, the spatial SNR over the Libya site was computed via image patches with a
size of 9 x 9 pixels. The average (i) and the o of the intensity values within the patches
were calculated for each spectral band (radiances). This method was first developed by
Zanoni [31], and was adapted by performing patch selection in homogeneous and flat areas.
As this method was applied over the Libya site, which high spatial image frequencies
(e.g., desert dune summits) exist, a Sobel operator was applied to detect and eliminate
the high-frequency content. Thus, patches with low-frequency content could be filtered
and used. To fulfill both conditions, the proposed algorithm employed the Sobel-filtered
edge image and a DEM. After eliminating unsuitable windows, the frequency distribution
(histogram) of the remaining ones was used for histogram analysis. The peak value and
the mean radiance value are reported for system SNR, and are presented with graphics as
a function.

Although high SNR values are expected from Libya due to its bright surface, a noise
model could not be obtained from a single site. On the other hand, the differential SNR
(gSNR) [9], also referred to as Signal-Difference-to-Noise Ratio (SDNR) [18], was docu-
mented by the vendor. The SDNR is the ratio of the signal difference between two Lam-
bertian surfaces and its noise (Equation (2)). The noise is often computed for the highest
reflectance by using high (p») and low (p;) reflectance values.

~ S(p2) = S(p1)
SDNR—A—TWEJ—— )

where

e S(p)—signal;
e N(p)—noise; and
e  p1, po—reflectance values of the Lambertian targets.
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The SNR value can also be defined using the approach presented in Equation (3). An ap-
proximation between gSNR and SNR is proposed by [18] and presented in Equation (4).

_ S
SNR = o) ®3)
SDNR =~ SNR(p) - _ 008 4

/015 p

2.4.2. MTF Computation

Although the spatial resolution of a sensor can be associated with the GSD or Instan-
taneous Field of View (IFOV), its determination can be challenging for imaging sensor
systems. The MTF and SNR are often assessed together as image quality metrics. As a
measure of image sharpness, MTF needs to be analyzed separately for the data taken from
each orbit to ensure that the quality is not degraded through vibration, medium changes
(air to vacuum), or thermal alterations [32]. Although several different approaches exist,
the slanted edge method [32], which analyzes the MTF, the RER and the FWHM values,
was used here with a specifically designed MTF target at the Salon de Provence test site.
The evaluations were carried out for the MS channels. To obtain the MTF, the Edge Spread
Function (ESF) and Line Spread Function (LSF) were computed first in a direction normal
to the edge. In the case of a slanted edge (with a slope in the image), the mean values of
several sample patches were used, as shown in Figure 3.
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Figure 3. Slant-edge method—edge modeling output: (a) the MTF target and the selected image area
(red rectangle) for the ESF analysis; (b) the line fitting output; and (c) the interpolated edges.

Assuming that the point spread function (PSF) is separable, it is possible to characterize
the sensor behavior by using a 1D LSF model associated with each detector dimension
(i.e., in the along-track direction and across-track direction). Considering a satellite with
a sun-synchronous descending orbit, the objectives was to measure the MTF (i) in the
along-track direction (AL MTF), assessed using a nearly horizontal (H) edge, and (ii) in
the across-track direction (AC MTF), assessed using a nearly vertical (V) edge. Since a
checkboard target was used, the values of AL and AC MTF were computed twice depending

75



Remote Sens. 2022, 14, 1646

on the location of the region of interest in the checkboard, and in particular, contrast due to
the change from high to low sensor response (i.e., the ‘I’ configuration) or from low to high
sensor response (the "h” configuration). The purpose was to reflect either the transition
from high to low sensor response values or from low to high sensor response values. The
along-track (AL)/across-track (AC) directions were also assessed separately with respect
to their spatial resolution. The four directions of assessment can briefly be summarized
as (i) VI-AL (vertical) edge from high to low; (ii) Vh—AL (vertical) edge from low to high;
(iii) HI-AC (horizontal) edge from high to low; and (iv) Hh-AC (horizontal) edge from low
to high sensor response.

Several parameters drive the selection of the window for performing the MTF calcula-
tions. The window parameters are presented in Figure 4 [33]. The parameter descriptions
are as follows:

AL—the differential radiance between the dark and bright part of the target.
Lw—the width of the target in the direction of the MTF profile.

a—the orientation angle « with respect to the direction of the MTF profile.
Lyy—the height of the target in the orthogonal direction of the MTF profile.

i
MTF profile

Figure 4. Schematic representation of the parameters for edge target selection (image courtesy [33]).

The ESF calculation proposed by Kohm [34] uses the measurements for both orienta-
tions (AL and AC). As an example, edge interpolation was performed for every line for the
area shown with a red rectangle in Figure 3a. Afterwards, parametric functions were fitted
in order to estimte the bottom of the inflection point, and least squares fitting was used to
obtain the rotation (Figure 3b). The edge functions (Figure 3c) were finally analyzed, and
noisy measurements were eliminated.

Because the MTF approach can be affected by noise, aliasing, and phase effects, and
the edge rotation angle needs to be calculated with high accuracy, to this end, multiple
image lines were analyzed. Each sample was projected on a line normal to the edge by
using the angle with a bin size of 0.25 pixels (upsampled). To avoid empty bins, the
selection of the right rotation angle is important. On the other hand, due to the empty
bins, the distribution of the samples for ESF can be irregular. The LOcally WEighted
Scatter-plot Smoother (LOESS) curve-fitting algorithm with a second-order polynomial
was employed for resampling to obtain a regular distribution. It must be noted that the
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proposed approach is non-parametric, which makes it possible to obtain results that are
closer to system behavior by including the noise.

The LSF was computed from the ESF. To eliminate outliers, a smoothing approach via
fourth-order Savitsky Golay filtering with a window size of 11 bins and a Hann window
was performed. Sample ESF, LSF, ESF, and MTF graphs obtained from the analysis are
presented in Figure 5. Further details on the application of the approach can be found
in [32,35,36].
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Figure 5. The output graphs of the MTF processing.

On the other hand, the SNR was also computed using the MTF target at the Salon de
Provence test site. This approach uses ESF, and the mathematical expression used for this
purpose is given in Equation (5).

SNR Xhigh — Xiow 5
o U(Xhigll)+‘7( Xiow ) ( )
2

where:

e Xpign is the statistical variable of the ESF high-intensity (radiance) values;
e X,y is the statistical variable of the ESF low-intensity (radiance) values; and
e (X, 0(X)) are the corresponding statistics.

The high- and low-intensity regions are averaged from three pixels from the inflexion
point of the curve, and the cardinality of high- and low-intensity samples is the same.

2.5. Radiometric Calibration Quality Assessment Approach

The radiometric calibration quality of SkySat data was assessed by comparing the
reference data obtained from Sentinel-2 satellites, as they possess high accuracy, i.e., a low
level of uncertainty (<3%). The TOA measurements simulated from the reference data
(Figure 6) were compared for the assessment. The bottom of atmosphere (BOA) data
were processed to obtain the TOA values by (i) estimating the Bidirectional Reflectance
Distribution Function (BRDF) model; (ii) generating the spectrum over spectral interval;
(iii) computing the TOA values by using the Second Simulation of the Satellite Signal
in the Solar Spectrum (6S) Radiative Transfer (RT) [37]; and (iv) interpolating the TOA
spectrum with SkySat relative spectral response (RSR—spectral convolution). The BOA

77

140



Remote Sens. 2022, 14, 1646

reference spectra were employed to simulate TOA references in consideration of the image
acquisition conditions (observation geometry) and the spectral properties of the sensor.
The Sentinel-2 BOA time series data were from a two-year period (2019 and 2020) and the
SkySat RSRs were provided freely by Planet. After the visual inspections, the RSR data of
SkySat-10 were employed for all missions.

PICS ROI : to Top of
DEFINITION 1. Observation date/time | - - .-...ooo-. ,( Atmosphere TOA Reflectance
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Figure 6. The workflow of absolute radiometric calibration using PICS data.

The radiometric calibration quality assessment procedure presented in Figure 6 includes:

e  Surface reflectance estimation from Sentinel-2 data for the ROIs (one per SkySat
camera) (Figure 7).

e Estimation of Sentinel-2 BRDF model and correction. Here, the BRDF varies lin-
early against scattering angle, a linear relationship between the reflectance data and
scattering angle is expressed, and this is used to normalize the data.

e  BOA values for each Sentinel-2 channel are estimated on the basis of the SkySat image
acquisition geometries.

BOA spectrum computation by interpolating with an interval of 2 nm.
Atmospheric parameters are obtained at the time of image acquisition from Copernicus
Atmospheric Monitoring Service (CAMS).

e  Generation the TOA Spectrum using the observation geometry, atmospheric parame-

ters and the BOA spectrum.

Image merge per observation date, camera, and band.

Estimation of the MS TOA values from the merged images (TOA_Measured).
Production of simulated TOA values at SkySat band central wavelength (TOA_Simulated)
by convolving the TOA Spectrum using SkySat spectral response.

e  Computation of the calibration ratio (Q) and the percent difference between simulated
and measured TOA values using Equation (6).

o) 100 * (TOA_Simulated — TOA_Measured)
leDif ference = TOA_Simulated ©)
where:

o TOA_Measure is the measurement processed from the SkySat product;

TOA_Simulated is the measurement obtained from the Sentinel-2 PICS data.
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Figure 7. The SkySat scene footprint over the Libya site and the ROIs per SkySat (sks) camera.

Image data numbers (DNs) were transformed into TOA values using the coefficients
given in the metadata, and the coefficients were compared with the results by using the
DN-to-TOA reflectance equations. The in-band solar irradiance data were also given by the
vendor (Thuillier spectrum). The Sentinel-2A (52A) BOA values with respect to scattering
angle are presented in Figure 8. The scattering angle was calculated using Equation (7).
The linear correspondence between the scattering angles and the BOA measurements was
used to compute the expected S2A BOA measurements for a given SkySat scattering angle.
The spectral model used here is shown in Figure 9. One set of ROIs with footprints within
the SkySat frame images was selected for this purpose.

cos ¢ = cos f cos ¢ + sinf sin ¥ cos ¢ )

where:

e 0,0 are solar/view zenith angle;
e  (is the phase or scattering angle related to conventional angles; and
e ¢ isthe “view-sun” relative azimuth angle.
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Figure 8. Input data for the BRDF modeling of Sentinel-2A time series.
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SKS Spectral Response with BOA / TOA Spectrum (Libya 4)
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Figure 9. Simulation of TOA reflectance values for SkySat central wavelength.

2.6. Geometric Calibration Quality Assessment Approach

The geometric calibration quality was assessed using SkySat BAS and OC data from
the Ankara test site (see Table 2). The BAS and OC data used for the geolocation assessments
were acquired on 18 July 2020 and 23 September 2020 (Table 2) with collection GSDs of
73 cm and 66 cm, respectively. The spatial resolution of ortho products was 50 cm. The GCP
distribution is given in Figure 2. The assessments were performed in terms of absolute and
temporal geolocation accuracy, as well as BBR accuracy. The methods used for assessing
the different accuracy assessment types were selected on the basis of the data product level
(BAS or OS), the availability of georeferencing data and their format (RPC or GeoTiff),
and the availability of the reference information (GCPs and dense DSMs). The methods
employed here have also been used in previous scientific publications (e.g., [21,38,39]) and
technical reports [22], in which further details can be found.

The absolute geolocation accuracy was assessed using a total of 44 GCPs selected on
OC images and surveyed by using Global Navigation Satellite System (GNSS) instruments
in the field. The assessment approaches were different for the BAS products, which were
provided together with RPCs and the OC products. A ground-to-image backprojection
approach was applied to the BAS products (pan only) using the GCP ground coordinates
and the provided RPCs [40]. The outputs of the backprojection function were the image co-
ordinates of the GCPs. A comparison was performed between the computed and measured
image coordinates. Statistical metrics (i.e., mean, absolute mean, median, o, and root mean
square error (RMSE)) were derived from all GCPs in the x (row) and y (column) directions.
The OC products were assessed by comparing the GCP ground coordinates obtained from
the GNSS measurements and those obtained from the orthorectified images by manual
measurements. The image measurement accuracy was assumed to be 0.5 pixels due to
the manual selection of the points. The georeferencing of the OC data was defined in the
Universal Transverse Mercator (UTM) Zone 36 projection system on the World Geodetic
System 1984 (WGS84) datum. Similar to the BAS products, the statistical metrics were
derived in the X (East-West) and Y (North-South) directions.

The temporal geolocation accuracy was obtained on the basis of a comparison of GCP
coordinates measured on the OC data over Ankara. Furthermore, a dense image matching
approach was applied to the two datasets. This method is based on the Kanade-Lucas-
Tomas (KLT) tracker [41], with an expected measurement accuracy of 0.1 pixel, and has
been successfully applied in the assessment of lower-resolution satellite images in previous
studies (e.g., [39,42,43]). The assessment was performed on the red band images, since this
band has good contrast and a higher SNR.
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Regarding the BBR accuracy, the KLT tracker was again employed by using the blue
band as reference and the other MS bands as the search image. The discrepancies between
the image coordinates in the reference and the search images of the matched keypoints
were evaluated statistically to assess the BBR errors. Again, the MS BAS images acquired
on 18 July 2020 and 23 September 2020 over Ankara were assessed for this purpose.

The stereoscopic capability of SkySat data was assessed by DSM generation, and the
output was compared with a reference DSM obtained from the UAV data. The Catalyst
software package, by PCI Geomatics, Ontario, Canada, was used for the RPC adjustment,
using a total of six GCPs. Three different acquisitions over Ankara, given in Table 2, were
used for this purpose. The DSM comparison was performed with the LS3D software from
4Dixplorer AG, Switzerland, and assessed in terms of the height differences between the
DSMs. This approach is based on the co-registration of 3D surfaces and computation of the
Euclidian distances between them as discrepancy values [44].

3. Results and Discussions

The assessment results for the SkySat maturity matrix, and the radiometric, geometric
and image quality are presented and discussed in this section.

3.1. Image QA Results

The image QA assessments were performed on the basis of SNR and MTF evalua-
tions and by means of visual inspection. With respect to the SNR measurements, more
than 50 images acquired over the Libya-4 site were processed. The average SNR/SDNR
(Equation (4)) results for blue, green, red and NIR bands are listed in Table 3, together
with Planet’s results (last column). It is worth noting that the minimal SNR requirement
disclosed by Planet is 30.

Table 3. SkySat averaged SNR results for products acquired over the Libya-4 test site.

Spectral Mean SDNR o Reference P No. of Planet’s

Bands SNR (p) Equation (4) SNR Radiance (TOA) Images Results
Blue 134.04 57 7.78 118.33 0.23 52 34
Green 174.32 65 8.73 141.44 0.30 53 43
Red 203.98 68 7.84 158.35 0.38 53 45
NIR 190.55 58 7.40 134.48 0.46 53 41

The high reflectance of the Libya-4 site is not appropriate for assessing image SNR over
the full sensor dynamic range. This limitation does not prevent performing a comparison
between the EDAP and Planet results. Additionally, for all bands, the results were found
to be within the SNR accuracy specification claimed by the data provider. For the same
observation date, the accuracy does not vary significantly between the cameras. However,
the accuracy varies depending on the satellite involved, as shown in Figure 10. The image
quality of the SkySat-1 (sscl) products is degraded compared to the image quality of the
SkySat-7 (ssc7) and SkySat 10 (ssc10) products, which remain consistent.

As shown in Figure 10, a linear relationship between the SNR values and the in-band
radiances exists, with a coefficient of determination (linear model estimate) reaching 0.6 for
SkySat-1 products and 0.8 for SkySat-7 and SkySat-10 products, as listed in Table 4. The
SNR analysis demonstrated that the image quality varies within the constellation. In this
case, the accuracy loss might be due to satellite ageing, with SkySat-1 being launched in
the year 2014, while SkySat-7 and SkySat-10 were launched in the year 2017.

This latter observation was also confirmed during the visual inspection. The older
SkySat-1 images had a higher degree of noise than the other satellite images, and this could
not be attributed to the atmosphere, which was stable during the observation period [36].
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Figure 10. The mean SNR values obtained from three SkySat satellites (ssc1, ssc7, ssc10) as a function
of in-band radiance and linear representation.

Table 4. The SNR and in-band radiance linear model estimate: slope (a), offset (b), and coefficients
of determination.

Satellite sscl ssc7 ssc10
Number of products 12 27 14
a 1.3655 1.6633 1.7235
b —54.337 —43.45 —39.865
R? 0.5985 0.8386 0.8288

The RER was calculated for the MS and Pan bands using edges from 5000 airports
worldwide, supplied by the data provider. According to the results, the RER values were
(i) blue: 0.28; (ii) green: 0.30; (iii) red: 0.34; and (iv) NIR: 0.26; Pan: 0.30. The other image
quality parameters, such as FWHM and MTF value at Nyquist frequency were not shared by
the provider. The results obtained here indicate that the image contrast in the MS channels
at a resolution of 0.5 m was degraded, and image blurring was observed (e.g., see building
rooftops in Figure 11). The pan-sharpening process applied to SkySat imagery is useful for
restoring the high-frequency content, especially for urban structures (motorways, bridges,
roundabouts, buildings, etc.), and performed well, resulting in the data being comparable
with Pleiades images (Figure 12). Yet, as can be seen in Figures 11 and 12, the 0.5 m
resolution of SkySat data is not equivalent to Pleiades in terms of image interpretability.
Important drawbacks of the pan-sharpening method are that it does not preserve physical
quantities in areas with low texture. Thus, these areas are smoother than the original
images, resulting in a loss of image content, such as trees, crop fields, etc. In addition, on
the basis of visual inspections, artefacts such as edge jitter and saturation in panchromatic
images acquired over the Ankara test site were occasionally observed (Figure 13).
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Figure 11. Examples of parts of images from the SkySat green band (left), the pan-sharpened green
band (middle), and Pleiades (right) used for visual inspection.

Figure 12. Examples of parts of images from SkySat RGB (left), pan-sharpened RGB (middle), and
Pleiades (right), used for visual inspection.

The MTF results obtained from the target in Salon de Provence site (Figure 14) showed
that the image sharpness had decreased. The image product was at the BAS level, and was
acquired on 29 December 2020. Although haze was observed in the images, this information
was not available in the metadata. As can be observed from Figure 14, the dark and bright
image regions were not homogeneous, and thus it cannot be considered to be a Lambertian
surface, and not all artefacts can be related to the SkySat sensor. The MTF results presented
in Table 5 were found to be stable in all directions. The FWHM values were larger than
2 pixels, and confirmed the blurring on the basis of reference criteria [45], which is a similar
outcome to the visual inspection results. The RER values were a little worse for red and
NIR channels when compared with the above-mentioned vendor results. The image quality
of the different channels, in the order of best to worst, was blue, green, red, and NIR. Since
the RER remained stable for all bands in different directions, the approach applied here is
considered to be consistent. However, the compatibility between the RER values obtained
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here and those provided by the vendor is low. In addition, the MTF results confirm a loss of
contrast at the Nyquist frequency. A comparison with a true 0.5 m GSD image shows that

the information content (contrast) of the SkySat image was lower, and the image sharpness
decreased with 0.5 m upsampling.

Figure 13. Examples of edge jitter (above) and saturation (below) artefacts in SkySat data.

MTF Target - Blue Band (SKS - 20201229)

20 40 60 80

MTF Target - GREEN Band (SKS - 20201229)

20 40 60 80

MTF Target - RED Band (SKS - 20201229)

MTF Target - NIR Band (SKS - 20201229)

7 100

Figure 14. The SkySat image parts (29 December 2021) from the MTF target in Salon de Provence
Airport and some visible degradations (blue circles). The axes are given in pixels. The legend is

provided in radiance.

84




Remote Sens. 2022, 14, 1646

Table 5. The MTF results obtained from SkySat-17 BAS data acquired on 29 Dec 2020 over the Salon
test site with 57 em collection GSD and 50 cm pixel spacing. Satellite inclination angle: 53.0°.

Spectral MTF MTF
Band and Along Track Across Track
Rotation
Direction of MTF
Angle Profile Hh Hl Vh V1
SNR 21 15 10 12
FWHM 25 2.25 2 25
RER 0.30 ~031 0.29 —027
Blue MTF@Nyquist 0.05 0.04 0.06 0.05
246 L_w (pixel) 14.00 19.00 16.00 16.00
L_H (pixel) 12.75 12.75 2025 2275
Delta_L * 59.74 51.49 53.01 56.61
SNR 25 15 11 12
FWHM 2.5 25 2.25 25
RER 0.28 ~0.29 0.27 026
Green MTF@Nyquist 0.035 0.034 0.045 0.035
2.60 L_w (pixel) 14.00 19.00 16.00 16.00
L_H (pixel) 12.75 12.75 20.25 22.75
Delta_L * 66.61 59.61 60.36 63.77
SNR 21 13 12 10
FWHM 25 25 2 2.25
RER 0.26 026 0.26 —025
Red MTF@Nyquist 0.04 0.025 0.035 0.031
249 L_w (pixel) 14.00 19.00 16.00 17.00
L_H (pixel) 12.75 12.75 2025 2275
Delta_L * 61.44 57.32 56.71 59.54
SNR 17 12 12 10
FWHM 2.5 2.75 2.5 2.25
RER 0.24 ~023 0.24 023
NIR MTF@Nyquist 0.03 0.03 0.02 0.04
2.68 L_w (pixel) 12.75 12.75 20.25 2275
L_H (pixel) 14.00 19.00 16.00 17.00
Delta_L * 52.62 52.83 51.05 5237

*Delta_L=W.m Zstr ! pm~1L

3.2. Radiometric Calibration QA Results

The radiometric QA results obtained here were found to be within the vendor spec-
ifications [6], and varied among the different bands (Table 6). It must be noted that the
assessments performed by Planet used RadCalNet data as reference data source. By using
RadCalNet measurements, a better uncertainty (2%) was expected compared to the PICS
measurements (5%). Furthermore, the RadCalNet measurements were almost suitable
for calibration purposes, while PICS measurements required preprocessing (simulated
values). The results are the statistics of percentage difference values computed on the basis
of Equation (8). The uncertainty, precision and accuracy values in Table 6 were calculated
using Equations (9)-(12). It was observed that the Planet results were strongly dependent
on the spectral band. The red band results were within 3%, while for the other bands, the
accuracy was above 8%. However, the precision values of the Planet results remained
above 20%, independently of the selected spectral bands. The mean accuracy obtained in
this study was mostly below 10%, which is in accordance with the Planet results. However,
it was observed that the o value was very high. The precision values obtained (below 7%)
were better than the results reported by the vendor (<<28%). Regarding the mean accuracy,
the Planet and the EDAP results were similar (below 11%), except for the red band, for
which the Planet results were significantly better (2.5%). The overall uncertainty reached
here was about 12%, which was also significantly better than the Planet results (25%).
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Table 6. The absolute radiometric calibration uncertainty results acquired over the Libya site.

Source Band Accuracy Precision Uncertainty
Blue 10.72% 5.69% 12.14%

EDAP Green 8.18% 6.53% 10.46%
Red 11.23% 4.55% 12.11%
NIR 9.70% 4.71% 10.78%
Blue 8.58% 26.77% 28.11%

Planet Green 11.83% 26.42% 28.95%
Red 2.55% 22.94% 23.08%
NIR 8.33% 23.68% 25.10%

Percent_dif ference = 100 % (Rhojpage — RhORagcaiNet) / RNORadcaiNet

_ Scenereﬂecttmce - Sltereflecmnfe

i

Sitereflectunce
n A
Accuracy = Liz1 Ai
n
. (A —p)?
Precision = 1*7

Uncertainty = y/u? + o2

where

e A, isnormalized reflectance difference;

e  Accuracy is the mean A;;

e  Precision is the standard deviation of A;; and
[ )

Uncertainty is the root of squared sum of accuracy and precision values.
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©)

(10)
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(12)

As a result of the small number of products, the test data set is not fully representative
of the calibration accuracy of the constellation. Nonetheless, considering the average ROI
values for a single date, it was observed that the radiometric calibration varied depending
on the satellite involved, as shown in Figure 15. The strong variability between the
different dates was mainly due to the satellite involved. When considering a single satellite
(e.g., SkySat-7, SkySat-10), date-to-date results were in agreement with each other to within
2%, which is within the uncertainty budget of the method.

Percent Differences
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Figure 15. The SkySat radiometric calibration stability (September 2020) given as average results

over ROIs.

86



Remote Sens. 2022, 14, 1646

The detailed results for the absolute radiometric calibration of SkySat given in Table 7
are listed with respect to observation date, depending on the ROl identifier and the detector
number. As mentioned previously, the SkySat instrument embeds three independent
detectors. An equivalent calibration accuracy among these three detectors is expected.
The calibration accuracy of these detectors with respect to the satellite and observation
dates is listed in Table 7. In most cases, even when the absolute calibration was degraded
(above 10%), there were no significant differences in the results between the three different
detectors. Only the SkySat-7 results exhibited large differences between detectors, and this
is true for the two dates 17 September 2020 and 20 September 2020, where variability across
the detectors exceed 5% in the blue and NIR bands. The calibration was stable among
the detectors for SkySat-1, SkySat-10. However, it was not stable among the detectors for
SkySat-7, in particular the blue band and the NIR band.

Table 7. Detailed absolute radiometric calibration results over the Libya site.

Observation Date ROIID SkyS?t CCD Percent Difference
Satellite Number Blue Green Red NIR

5 September 2020 1 10 d3 16.61% 1451% 14.67% 11.42%
5 September 2020 2 10 d2 15.91% 14.81% 16.56% 14.88%
11 September 2020 1 1 d3 0.53%  —2.63% 3.05% 3.58%
11 September 2020 2 1 d2 0.34%  —4.18% 3.60% 2.34%
11 September 2020 3 1 di1 2.39%  —2.00% 5.03% 3.76%
17 September 2020 1 7 di1 13.01% 8.85% 10.81%  5.96%
17 September 2020 2 7 d2 13.67% 11.41% 14.41% 13.31%
17 September 2020 3 7 d3 11.19% 7.23% 10.29%  12.02%
25 September 2020 1 7 d1 16.66% 11.01% 11.34%  5.40%
25 September 2020 2 7 d2 8.74% 7.54% 9.32% 7.63%
25 September 2020 3 7 d3 10.51%  8.42%  12.70%  14.83%
26 September 2020 1 10 d3 14.24%  13.42% 14.22% 11.98%
26 September 2020 2 10 d2 12.45% 12.11% 14.64% 13.34%
26 September 2020 3 10 di1 13.86% 13.98% 16.51% 15.39%

It must be noted that the results presented here omit the daily variation, which requires
further investigation in order to identify the sources of the differences (e.g., meteorological
or sensor behavior). Furthermore, the calibration accuracy of the cameras may be different
for different dates/times and within one image. The differences between simulated and
actual TOA measurements for every product, every band and every camera show that the
radiometric calibration accuracy varies among SkySat missions. The results show that the
calibration of SkySat-1 (sscl) is below 5%, irrespective of the camera. The ssc7 is temporally
stable for the first (d1) and the third (d3) cameras, but unstable for the second camera (d2).
Variations between the different bands were also observed for ssc7 (e.g., blue was 15% and
NIR was 5.5%). The calibration results of ssc10 were temporally stable, and the results of all
of the cameras were compatible (i.e., above 12% for all channels). In addition, correlations
between the observation geometry properties (sun, viewing angles) and calibration results
were also found.

3.3. Geometric Calibration QA Results

Here, the geometric accuracy of the absolute, relative (temporal), BBR and stereoscopic
capabilities was validated. According to the vendor [6], the georeferencing accuracy
specification is better than 10 m RMSE for OC products and better than 50 m for BAS
products. In addition, the accuracy report provided by Planet [9] demonstrated a mean of
3.4 m mean and a o of 2.6 m, computed from the RMSE values obtained from the absolute
geolocation assessments of 50,139 ortho products. Similarly, the RMSE values obtained from
the temporal geolocation assessment of 55,496 orthoimages had a mean of 3.1 m and a o of
5.7 m. The BBR accuracy obtained on the basis of 63,900 products and expressed in mean
and o values between the different bands was also high (i.e., blue—green: 0.11 m/0.06 m;
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blue-red: 0.13 m/0.08 m; blue-NIR: 0.22 m/0.14 m; green—red: 0.09 m/0.05 m; green-NIR:
0.20 m/0.12 m; red-NIR: 0.18 m/0.12 m).

The planimetric absolute geolocation accuracy values of BAS products over the Ankara
test site were 1.7 m/1.3 m/1.7 m (Mean/ o /RMSE), which were determined on the basis
of two BAS products and were found to be within specifications. For the OC products,
the absolute geolocation accuracy values were 1.4 m/1.1 m/1.2 m (Mean/o/RMSE). The
temporal geolocation accuracy between the two OC products was 1.8 m/1.4 m/1.5 m
(Mean/o/RMSE). The relative accuracy results obtained on the basis of the image matching
of 1193 points exhibited comparable accuracy to the results obtained from the GCPs for
the matched scenes within the uncertainty threshold of the techniques, that is, the manual
measurements had lower precision compared to the image matching method used here.
The BBR results defined as Mean/o/RMSE values were 0.03 m/0.02 m for blue-green,
0.07 m/0.05 m for blue-red, and 0.12 m/0.05 m for blue-NIR image pairs. The values were
computed from six BAS products. All results were within the Planet specifications given
above. A summary of all geolocation accuracy assessment results is presented in Table 8.

Table 8. SkySat geolocation uncertainty results. All results are in meters.

BBR (mean/o)
m

Blue-green: 0.04/0.01
EDAP Results Blue-red: 0.07/0.02
Blue-NIR: 0.11/0.03
Blue-green: 0.11/0.06
Blue-red: 0.13/0.08 3.4/2.6 3.1/5.7
Blue-NIR: 0.22/0.14

Absolute (mean/o) m  Temporal (mean/o) m

1.45/0.18 (BAS) )

1.14/0.24 (OC) OC: 1.51/N.A.

SkySat Q3 quality
report [9]

The DSM accuracy obtained from the SkySat triplet indicated a 0.55 mean shift in Z,
with a o of 2.2 m, on the basis of the comparison with the UAV DSM. The discrepancies
between the SkySat and UAV DSMs are presented in Figure 16. The results obtained
here indicate that the accuracy of DSM generation is affected by the temporal differences
between the acquisitions, image geometry (stereo or multi-view configuration), and RPC
quality. RPC improvement prior to the DSM generation is essential due to the epipolar
image requirement of most dense image matching methods, e.g., semi-global matching. In
this study, six GCPs were used for the selected area in order to apply a six-parameter affine
correction to the RPCs of a total of eight BAS images. The global shift (0.55 m) between the
SkySat and the UAV DSMs remained within the boundaries of RPC adjustment accuracy.
The larger errors in the discrepancy map (Figure 16) were the result of image artefacts,
cloud coverage, shadows of larger buildings, and surface changes between the acquisition
dates of the SkySat dataset as well as the UAV data.

3.4. SkySat Maturity Matrix

The maturity matrix obtained from the analyses in the EDAP study is presented in
Figure 17. The validation task in Figure 17 can be analyzed in terms of image quality and
radiometric and geometric Cal/Val. Regarding the product information, it was observed
that although the mission, products, and product format were well documented and the
data were easily accessible; the algorithms used for data processing were not provided.
In addition, the measurement data quality was not provided in the product format, and
the traceability chain was not given. The documentation of the product generation stages
included limited details. Although the documentation on the pre-flight activities was not
provided, a number of documents showed that appropriate community infrastructure was
used to undertake these activities. It was expected that these documents would be updated
more regularly. With respect to ancillary information, we observed that useful ancillary
information—including product flags with UDM set per pixel—was available. However,
the product includes little information in general on ancillary data origin, ancillary data
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type, uncertainties, etc. In terms of uncertainty characterization, the quality of the products
is regularly monitored, and the results are reported along with a comprehensive assessment
of the performances [9]. Moreover, there is a quarterly report prioritizing the documentation
of image artefacts, such as parallax effects, over-sharpening, saturation, and problems in
the processing chain.

Figure 16. Discrepancy map between the SkySat and the UAV DSMs over the Ankara test site
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The visual inspections yielded evidence of image artefacts or anomalies that could be
detected via visual checks. The SNR evaluations over the bright uniform site indicated
that this parameter was stable and compliant with the Planet specification. With the MTF
evaluations, the spatial resolution of the 0.5 m data was confirmed, as the processing did
not alter the physical measurements of the image, and did not introduce edge overshooting,
as classically observed with pan-sharpening/MTF compensation. The geometric Cal/Val
assessments under the categories of absolute, temporal, BBR and stereoscopic capability
showed that the results were in line with the Planet specifications [6]. The radiometric
Cal/ Val results obtained from the absolute calibration methodology applied to the Libya
data showed that the results were heterogeneous, but remained within the specifications [6].

4. Conclusions

The analyses carried out as part of the EDAP and the results presented here show
that the maturity matrix concept is valuable for the development of quality assessment
standards for satellite missions and the presentation of the outcomes to users. The SkySat
maturity matrix shows that the products have strengths in terms of providing product
information and the characterization of uncertainty. The validation results within the EDAP
also show that the products are in line with the mission specifications.

The image quality assessments were performed through radiometric calibration as-
sessments, selected GIQE parameters, and visual inspections. The radiometric calibration
assessments showed that the accuracy of the SkySat products was compliant with the
specifications, and the results were within the range (< 10%) given by Planet. However, the
calibration accuracy was inconsistent within the constellation, and further assessments are
required using more data and possibly different external references (e.g., RadCalNet data).

The visual checks showed that the feature interpretability in the original and the
pan-sharpened SkySat imagery was slightly deteriorated (blurring and smoothing were
observed) in comparison to Pleiades data with similar spatial resolution. The SNR results
were confirmed here for all bands and the SkySat sensors, indicating that the radiometric
equalization between the cameras had been correctly performed for all configurations.
On the other hand, the variation between the different sensors of the constellation can be
interpreted as the aging of the platform, and must be monitored. Regarding the active
PBHDR mode, the spatial resolution and the SNR and the gSNR results were upgraded
using this method. It must be noted that improving SNR is an essential task for upscaling
the GSD to 0.5 m. The MTF results were in accordance with the visual checks of the
original MS images (without pan-sharpening), and the upsampling procedure degrades
the image sharpness.

The geometric validation activities performed here involved the BBR, temporal, and
absolute georeferencing accuracy, as well as stereoscopic capability (i.e., DSM generation).
The BBR accuracy specification given by Planet was described in terms of band pairs.
When considering the assessed bands, they were found to be within specifications [6].
The georeferencing accuracy of the BAS and OC products from two different dates was
considered as well as the temporal accuracy between them, and they were also compliant
with the specifications (1A: <50 m, 1C: <10 m). On the other hand, the stereoscopic capability
is usually not a specification provided by vendors, and, similar to many other potential
validation subjects (e.g., suitability for various application fields, minimum detectable
object size, etc.), only custom assessments can be made. As future work, further validation
metrics could be developed and integrated to the current scheme.

The DSM generation exercise performed here showed that the product accuracy
is related to the temporal differences between the SkySat images, the image off-nadir
configuration, and the RPC quality (or possibility of RPC corrections). The DSM produced
from eight SkySat BAS images acquired at three different dates and off-nadir angles was
compared with a UAV DSM. The global mean shift between the two DSMs was 0.55 m, with
a 0 of 2.4 m. The accuracy results obtained by Aati and Avouac [13] using SkySat triplets
were 4 m (0) and 5.3 m (normalized median absolute deviation), when compared with light
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detection and ranging (LiDAR) data. The larger errors could be explained by the long time
interval between the acquisitions of the SkySat data and the reference DSM. d”Angelo et al.
(2014) obtained 1-2 m relative and 2-3 m height accuracy from a triplet using data from
SkySat 1&2. The results obtained here were also in line with Bhushan et al. [14]. The DSM
generation can be improved by eliminating the invalid pixels given in UDM based on the
assumption that it is correct.

The main challenge in DSM validation is the correction of RPCs using GCPs, since
DSMs cannot be produced without applying this procedure. A total of six GCPs were
used for the dataset composed of eight BAS data with a commercial software package (PCI
Catalyst). As the footprint of each BAS image is much smaller than that of push broom
sensors, and one set of RPCs is provided with each, a large number GCPs is required to
cover the same area as that which can be covered using Pleiades triplets. Thus, new methods
and tools may be required to reduce the GCP requirement for the same area size. The SkySat
image quality and the artefacts that are also affected the DSM quality, such as saturation
and repetitive patterns caused by compression or noise, lead to false or no matches. Thus,
larger errors were observed in such regions. As future work, radiometric preprocessing
methods and image filters can be applied to improve the quality of DSM generation.

It is also considered that employing different satellite data for the EDAP would guide
the development of maturity matrix standards, leading to new conclusions and future work.
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Abstract: Nowadays, the integration between photogrammetry and structure from motion (SFM) has
become much closer, and many attempts have been made to combine the two approaches to realize
the positioning, calibration, and 3D reconstruction of a large number of images. For the positioning
and calibration of high oblique frame sweep (HOFS) aerial cameras, a quadrifocal tensor SFM
photogrammetry technique is proposed to resolve the positioning and calibration task of such cameras.
It adopts the quadrifocal tensor idea into the OpenMVG SEM pipeline to solve the complexity
problem caused by the small single-viewing imaging area and the high image overlapping ratio. It
also integrates the photogrammetry iteration idea into the OpenMVG SEM pipeline to enhance the
positioning and calibration accuracy, which includes a coarse to fine three-stage Bundle Adjustment
(BA) processing approach. In this paper, the overall workflow of the proposed technique was first
introduced in detail, from feature extraction and image matching, relative rotation and translation
estimation, global rotation and translation estimation, and the quadrifocal tensor model construction
to the three-stage BA process and calibration. Then, experiments were carried out in the Zhengzhou
area, implementing four types of adjustment methods. The results suggest that the proposed
quadrifocal tensor SFM photogrammetry is suitable for large tilt frame sweep camera positioning
and calibration without prior information on detailed camera intrinsic parameters and structure. The
modifications made to the OpenMVG SEM pipeline enhanced the precision of image positioning and
calibration and provided the precision level of professional photogrammetry software.

Keywords: a quadrifocal tensor; SFM photogrammetry; oblique photogrammetry; frame sweep
aerial sensor; VisionMap A3 edge sensor

1. Introduction

Given its high spatial resolution and great flexibility, digital frame cameras are widely
used in aerial photogrammetry and remote sensing for topographic mapping, archae-
ological discoveries, forestry and agricultural assessment, natural disaster monitoring,
and ecosystem restoration [1-6]. To obtain broader ground coverage, frame digital cam-
eras usually adopt the following technologies: super-wide frame cameras (e.g., Z/1 DMC
system [4,7]), multi-splicing frame cameras (e.g., Microsoft Ultracam system [4,8], Le-
ica Citymapper system [9], and SWDC-4 cameras [10]), and frame sweep cameras. The
representative aerial frame sweep cameras include the EOLOROP [11], DB-110 [12], and
VisionMap A3 [13-16].

Most of these cameras are equipped with Position Orientation System (POS) equip-
ment (including Global Navigation Satellite Systems (GNSS) and Inertial Measurement
Units (IMU)) to provide initial camera poses and orientation. Due to significant imaging
principles and camera inner structures, the specific camera imagery is always processed
through corresponding professional software, such as Ultramap software for Microsoft
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Ultracam cameras, HxMap software for Leica Citymapper cameras, and LightSpeed for
VisionMap A3 cameras [16].

For super-wide and multi-splicing frame cameras, the geometric imaging relationship
is relatively simple in nearly vertical photography. Even though the Leica Citymapper
camera adopts an oblique photography approach, the angular relationship between dif-
ferent views is fixed. Thus, an accurate geometric imaging model can be established,
and high-precision open-source positioning and calibration software can be developed,
breaking the limitations of professional software.

In contrast, the frame sweep camera swings along the vertical direction of the flight
swiftly for imaging, such as VisionMap A3. It achieves true high-tilt photogrammetry
with a long focal length and an ultra-wide sweep angle up to 104 degrees. It can obtain
a wide range of clear images at high altitudes, which is particularly useful for surveying,
monitoring, and reconnaissance. The obtained multi-angle images are excellent for 3D
reconstruction compared to high-resolution satellite images. However, the camera tilt angle
varies considerably in dynamic imaging, causing complex geometric imaging relationships
and inconsistent imaging scales within one sweep cycle. Moreover, the VisionMap A3 cam-
era is not equipped with an IMU installment, providing no camera orientation information.
These increase the difficulty in image positioning processing.

To realize the geometric processing for the VisionMap A3 camera in a more general
and simplified way, the research project was implemented, and the performance of the
proposed technique was comprehensively analyzed. The rest of the paper is organized
as follows. The related works are discussed in the next section, and the VisionMap A3
system is introduced in Section 3. Section 4 presents the methods, including the ideas and
workflow. The experimental results and the discussion are provided in Section 5, and a
brief conclusion is presented in the last section.

2. Related Work

Photogrammetric techniques have been used to achieve open-source positioning
and calibration of the VisionMap A3 camera, but the results have largely been unsta-
ble. The main goal of photogrammetry is to generate accurate camera poses (i.e., po-
sitions and orientations), intrinsic camera parameters, and 3D points. The processing
approach includes matching, aero-triangulation (also called bundle adjustment), orthoim-
age generation, and digital elevation model (DEM) generation [1-5,17]. Complex geometric
imaging relationships and inconsistent imaging scales make it difficult to set up accurate
geometric imaging models; thus, many problems occur in processing A3 images by the
photogrammetry scheme.

Aside from photogrammetry, SFM has become a common approach in aerial imagery
processing. Photogrammetry and SFM approaches have many similarities in feature and
bundle adjustment. SFM also computes camera poses, intrinsic parameters, and 3D points
cloud [18-20]. SFM methods can be categorized into five types: global SFM, incremental
SEM, hierarchical SFM, hybrid SEM, and semantic SFM. Global SFM processes all images
simultaneously, first solving global camera rotation using the rotation consistency, then
calculating camera displacement, and finally applying BA optimization. While the global
strategy significantly improves processing efficiency, it is extremely sensitive to external
points. Its performance is unstable in many applications, and its reconstruction accuracy is
largely unsatisfactory [21-28].

Incremental SFM starts with two or three view reconstructions, gradually adds new
views, and then applies BA operation after each addition. This processing method is
robust with high reconstruction accuracy, and most popular SEM pipelines employ incre-
mental approaches. However, incremental SFM has drift risk due to the accumulation
of errors [29-37]. Hierarchical SFM is the revision of the traditional incremental SFM. It
divides the large-scale datasets into N interrelated sub-datasets, and then parallel incre-
mental SEM processing is performed on the sub-datasets. Finally, the sub-datasets are
merged [38-41]. Hybrid SFM combines the advantages of global SFM and incremental
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SEM. It solves camera rotation using the global approach and then calculates camera
displacement incrementally [42—44]. Semantic SFM uses the semantic label to detect the
corresponding models and facilitate image matching and camera calibration. Scene seg-
mentation can be realized in SFM reconstruction [45-47].

The well-known SEM pipelines include Bundler [31,32], VisualSEM [35], COLMAP [34,37],
and OpenMVG [29,36]. The properties of these pipelines are summarized in Table 1.

Table 1. Popular SFM Pipelines Analysis.

Pipeline Properties
An early incremental SEM pipeline originated from Photo Tourism Project. The time complexity is
Bundler 4 . . .
O(n*), the output is sparse point clouds, and the operation is complex.
. A revision on Bundler and the time complexity reaches O(n'), the output is dense point clouds with
VisualSFM . . -
higher accuracy, and the operation is much simpler.
COLMAP improves scene graph verification, next best view selection, sampling-based triangulation,
COLMAP and bundle adjustment; it performs better in terms of completeness and robustness. Its efficiency
outperforms OpenMVG but does not support POS data input.
OpenMVG adds an efficient contrario trifocal tensor estimation method and translation registration
OpenMVG technique into the original SFM pipeline. It outperforms many incremental and global pipelines in

terms of accuracy and running times. The reprojection error and the drift are smaller than COLMAP,
and it supports POS data input.

Notes: n is the number of images.

At present, the integration between photogrammetry and SFM has become more
pronounced. SFM photogrammetry combines the two approaches to realize the positioning,
calibration, and 3D reconstruction of a large number of ordered and disordered images [48].

Photogrammetry often relies on initial POS data and intrinsic camera parameters and
can reach higher accuracy through iterative least-squares adjustment, condition adjustment,
or indirect adjustment. SFM takes homogeneous coordinates in expression and does not
require specific initial values of POS data and intrinsic camera parameters. In image
pose recovery and 3D reconstruction, SFM uses the R matrix to model the attitude angle
system, which does not involve selecting a specific angle rotation system; thus, it can
overcome challenges caused by the swift change of the sweep angle in the ultra-wide
imaging range. It also avoids conversion among different coordinate systems, resulting in
much simpler operations and faster convergence. Thus, the SEM pipeline was chosen to
solve the positioning and calibration task of the VisionMap A3 camera.

By analyzing Table 1 it can be determined that the OpenMVG pipeline has smaller
reprojection and drift errors and supports POS data input, which is especially advantageous
for remote sensing imagery. Thus, the OpenMVG pipeline was chosen for the geomet-
ric processing of VisionMap A3 images, addressing the limitations of the professional
LightSpeed software.

Wau et al. [35] introduced a novel BA strategy that provides a good balance between
SFM reconstruction speed and accuracy and maintains high accuracy by regularly re-
triangulating feature matches that fail to triangulate. Wu’s feature detection and descrip-
tion algorithm was adopted into the OpenMVG pipeline. Moulon et al. [36] proposed a
new global calibration approach based on the fusion of relative motions between image
pairs, presenting an efficient contrario trifocal tensor estimation method and translation
registration technique for accurate camera positions recovery in OpenMVG. We followed
the tensor cluster idea and designed the quadrifocal tensor-based BA method.

Two main improvements were introduced to the original OpenMVG pipeline. First,
the VisionMap A3 frame sweep camera has a small single-viewing imaging area. The high
image overlapping ratio and the high number of images enhance the processing complexity.
To reduce the complexity and strengthen the robustness, the quadrifocal tensor was added
to the OpenMVG pipeline, which deals with the images in the quadrifocal tensor model
cluster. The quadrifocal tensor model performs high oblique frame sweep camera posi-
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tioning and calibration processing as an independent unit. Second, the photogrammetry
iteration idea was introduced into the OpenMVG pipeline to enhance the positioning and
calibration accuracy. A coarse to fine three-stage BA processing approach was proposed to
deal with the pose parameters and the intrinsic parameters.

The quadrifocal tensor-based positioning and calibration method first carries out
feature extraction and image matching. Relative rotation and translation estimation and
global rotation and translation are performed before establishing the quadrifocal tensor
model. The three-dimensional coordinates of matching points in each quadrifocal tensor
model are calculated, and the BA cost function is finally set up with the quadrifocal tensor
model as the independent unit. Real VisionMap A3 data is then used to evaluate whether
the proposed approach can solve the high oblique frame sweep camera position and
calibration problem in a more general and simplified way.

3. VisionMap A3 System Introduction

The VisionMap A3 system is a fully automated mapping system established in 2004.
The system consists of an airborne digital step-framing double lens metric camera and a
ground processing system. The airborne system consists of dual CCDs with two 300 mm
lenses (Figures 1 and 2), a fast compression and storage unit, and a dual-frequency GPS.
The long focal length yields comparatively high ground resolution when flying at high
altitudes, enabling efficient photography of large areas in high resolution.

Figure 2. Dual Lenses of VisionMap A3.

During the flight, a sequence of frames is exposed in a cross-track direction at a very
high speed to provide a very wide angular coverage of the ground. The two lenses of
the camera simultaneously sweep across the flight direction from one side to the opposite
side, with each CCD capturing about 27 frames (54 frames for two CCDs) and having a
maximum sweep angle of 104 degrees. After completing the first sweep, the lenses return
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to the start position in preparation for the next sweep. The sweep back time is 0.5 s. Each
CCD captures seven frames per second (one frame in 0.142 s); therefore, a single sweep is
completed in approximately 3.6 s. The time between sweeps depends largely on the aircraft
speed, flight altitude, and the required overlap between two consecutive sweeps. For more
details on the technical parameters, refer to Pechatnikov et al. [13].

Two adjacent single frames along the flight form a double frame (Figures 3 and 4).
The overlap between two adjacent single frames is about 2% (~100 pix), while the overlap
between two adjacent double frames across the flight direction is about 15%. The overlap
between two consecutive sweeps along the flight direction is typically 56%, but this value
may vary depending on the defined specifications of the aerial survey. Between two
consecutive flight lines, the overlap is generally 50% to enable stereo photogrammetric
mapping. All overlaps are determined during flight planning and may be altered during
the flight. VisionMap A3 camera provides orthogonal coverage of the nadir area and
oblique coverage of the remainder of the sweep image. As all images participate in all
stages of the analytical computations, after performing matching and block adjustment,
accurate solutions for all images, including the oblique images, can be obtained. The
generation of accurately solved oblique images simultaneously with regular verticals is a
unique and highly important feature of the A3 system.

Sweep Direction Flight|Direction

Figure 3. Flights with VisionMap A3. Number 0 represents images captured by lenses 0, number 1
represents images captured by lenses 1.
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Figure 4. Relationship among Consecutive Swap. Number 0 represents images captured by lenses 0,
number 1 represents images captured by lenses 1.

4. The Proposed Quadrifocal Tensor SFM Photogrammetry Positioning and
Calibration Technique

The proposed quadrifocal tensor SFM photogrammetry positioning and calibration
technique include the following steps. First, all aerial images are sorted by flight route
according to imaging time, and the sorting relationship is established. The scale-invariant
feature transform (SIFT) algorithm is then used to extract feature points on each view
and build corresponding feature descriptors according to the image sorting relationship.
The iterative feature matching process is then carried out under the Hamming distance
criterion. The RANSAC algorithm is used to eliminate mismatches in the matching results,
and the feature point correspondences on the pairwise overlapping images are determined.
The pinhole imaging model is then established based on the unknown camera geometric
distortion parameters, and the essential matrices between each pairwise overlapping
view are calculated using the successful matching point correspondences and redundant

98



Remote Sens. 2022, 14, 3521

constraints. The relative spatial rotation and the translation relationship, i.e., the rotation
matrix R and the translation vector t, are derived from the essential matrices.

After performing the Bayesian inferences, the initial global rotations are computed for
each view in a global coordinate system, while the initial global translations are generated
using the initial POS data or from the translation registration. The quadrifocal tensor model
can then be established, and the initial three-dimensional coordinates of the matching
point correspondences in each quadrifocal tensor model are calculated. Finally, the BA
cost function based on the quadrifocal tensor model is constructed and used in the BA
processing. The global rotation matrix and the translation vector for each view are updated,
and the intrinsic parameters are calibrated simultaneously. The general workflow is listed
in Figure 5.

Establish images sorting
relationship

|

Extract feature points and build
corresponding feature descriptors

A 4

Image Matching and
calculate the essential matrices

y

Derive the relative rotation
and translation

|

Calculate the global rotation
and translation

|

Set up the quadrifocal tensor
model and calculate point
correspondences’ 3D coordinates

A

BA processing and update the
global rotation and translation, and
the intrinsic camera parameters

Figure 5. Workflow of the proposed quadrifocal tensor SFM photogrammetry positioning and
calibration technique.

4.1. Feature Extraction and Image Matching

The SIFT algorithm is used to extract the feature points on each view and build
corresponding feature descriptors simultaneously according to the image sorting relation-
ship [49]. The Hamming distance is taken as the criterion for iterative image matching,
and the RANSAC algorithm is adopted to eliminate a large number of mismatches in the
matching results.
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4.2. Relative Rotation and Translation Estimation

The pinhole camera model is used to describe the frame sweep aerial camera. The
three-dimensional point P(X, Y, Z) in the ground object space is projected onto the image
plane and forms an image point p(x, y, —f) through the pinhole projection. The geometric
relationship between the object point and the image point can be described with the
following model:

x = PX = K[R|t]X (1)

where R is the rotation matrix, a 3 x 3 orientation matrix representing the direction of
the camera coordinate system; t is the position vector; R and t are the camera exterior
parameters; K is the camera intrinsic parameter matrix (also called the camera calibration
matrix). The frame sweep camera positioning and calibration determine the R, t, and K
matrices; the camera projection matrix is provided by P = K[R | t].

The general form of the calibration matrix for a CCD camera is:

Kx X0
K= ay Yol- ()
1

To increase generality, the skew parameter s can be added,

Xy S X
K= ay Yo 3)
1

Based on the successful matching point correspondences obtained in Section 4.1,
the relative spatial rotation and translation between any two overlapping images can
be calculated. The pairwise point correspondence p;, p» meets the following epipolar
constraint:

P K TEK 'p; =0 (4)

In Equation (4), the points O, P, and O, are coplanar. E is the essential matrix, which
is the outer product of t and R and is perpendicular to t and R. Both translation and rotation
are included in the epipolar plane constraint, and the essential matrix E is calculated
from the point correspondences. After obtaining the essential matrix E, singular value
decomposition (SVD) is performed on the matrix E matrix to obtain R. Thus, the relative
rotation and translation of the two overlapping images can be determined [18,29,36].

4.3. Global Rotation and Translation Estimation

Assuming that in the global coordinate system, the global rotation matrix of image i

is R;, that of image j is Rj, and the relative rotation is Ri]-, which is obtained in Section 4.2.

Three rotation matrices meet the consistency Equation (5), which is the basis for solving the
global rotation.

R; = RyR;. ®)

Rj is orthonormal, forj=1, ..., m.

While the RANSAC algorithm can remove most mismatches, there are remaining
mismatches that cause deviations in the relative rotation estimation. As relative R;; esti-
mates may contain outliers, the global rotation estimation must be robust in identifying the
global rotations and the inconsistent/outlier edges (false essential geometry). Moulon’s
method [36] is used in determining inconsistent relative rotations in Bayesian inference.
The iterative use of the Bayesian inference, adjusted with the cycle length weighting, can re-
move most outliers, check all the triplets of the graph, and reject those with cycle deviations
larger than 2°.

When the relative rotations are known, they form a tree graph with the views as
vertices connected by an edge. Equation (5) can be solved by least-squares while satisfying
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the orthonormality conditions, R can be expressed in quaternions [50], and Equation (5) is
transformed into ‘ o
H =i (6)

where 7/ and 7' are the unknown quaternions of the ith and jth view rotation, respectively,

and 7 is the known relative rotation between views i and j. Each quaternion can be
considered a four-vector. Using known manipulations with quaternions, each equation in
(6) can be rewritten as

o ro —rx —ry —rz| [T
rﬂ'c _ |t oo o1y Iy @
r]y ry 1z ro  —rx rly
TJZ' rz =ty Ty 0 L

where i = rh +irl + ]rly + krl, with i, j, and k as imaginary units. There are 4m unknowns
7(1), r,lc, r;, r%, SRR O U rgﬂ rI* with constraints (7) for each view pair ij with a known rota-
tion. After the solution, the quaternions can be easily made into units by dividing each by
its Euclidean length.

After deciding on the global rotations, the next step is determining the global trans-
lations. Given a set of relative motion pairs (Rj;, t;;) (rotations and translation directions
solved in Section 4.2), the global location (T, - - - , Ty,) of all views can be obtained. The
different translation directions are reconciled in the global coordinates system.

| Ty = Ry T = Ayjtyjl| =0, Vi,j ®)

To solve m global translations and scale factors A;;, the solution for Equation (7) is
optimized using the least-squares method or Moulon’s approach [36] under the [, norm.
For the VisionMap A3 edge camera, the GPS equipment provides the camera with position
information in the world coordinate system, so the processed GPS information can be taken
as initial values (Ty, - -+, T)-

4.4. Set up the Quadrifocal Tensor Model and Calculate Initial 3D Ground Point

Subsequently, the quadrifocal tensor model would be established, and the global
translations and three-dimensional coordinates of the point correspondences would then
be determined based on the quadrifocal tensor model. For the VisionMap camera, at a
certain sweep angle, the cam0 and cam1 lenses obtain images I and I’, the corresponding
projection planes are IT and I, and the projection centers are C and C'. The sweep angle
changes swiftly. At the next imaging moment, the cam0 and cam1 lenses obtain images I”
and I", with the corresponding projection planes II” and II"” and projection centers C"” and
C'". The straight line L in the object space is reflected on four image views (see Figure 6).

L.

Figure 6. The Quadrifocal Tensor Model.
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When the camera projection matrices of the four image views are A, B, C, and D, a
three-dimensional ground point X projects onto the four image views, and there is a set of
corresponding points x <+ x' <> x” <> X across the four views. The four image views
constitute a quadrifocal tensor model, and the projection relationship among the four views

is provided by:
A x X
B x' _k,
C N -k} =0 9)
D " _k”
_ku/

where k, k’, k", and k" represent uncertain scale constants, and al, b, ¢!, and d’ are the row
vectors of matrices A, B, C and D, respectively. The rank-4 tensor Q"7 is defined by

al

q
QPI"s = det E, . (10)
dS

From Equation (9), the quadrilinear relationship can be derived in the following form

for the quadrifocal tensor:

xix/]x,/kxmlgipngqxskryslszqurs = Owxyz (11)
where Oyyy; is a zero tensor with four indices w, x,y and z; EipwEjgx/Ekry and ¢4, represent
the product between the different vectors. Based on the global rotation and translation
computed in Section 4.3, the camera projection matrices A, B, C, and D are determined, and
the quadrifocal tensor model can then be established.

The next step is realizing 3D reconstruction for point correspondences in the quadrifo-
cal tensor model. The ground point X projects across four views and forms the correspond-
ing image points x <> X' +> X" «> x”’. The geometric projection relationship between the
ground point and the corresponding image point is listed as follows:

x = AX

x/ = BX

X// — CX (12)
X" = DX

The plane coordinate of the image point x is (x, y). Taking the first expression in
Equation (12) as an example, when the cross product is applied, and the homogeneous
scalar factor is eliminated, the following equations can be obtained:

x(A¥TX)—(ATX)=0
y(ATX)—(A?TX)=0. (13)
2(AZTX)—y (AlTx) =0

Taking the first two equations, which are linearly independent, the four image points
x <> X' < X" <> X" develop into eight equations
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r xA3T o AlT 7
yA3T _ AZT
BT _ BIT
/R3T 2T

NX —L =0N = ;{,]én _]én (14)

y// C3T o C2T
X" D3T _ DlT
y/// D3T o DZT

Solving Equation (14) by the least-squares approach, the 3D coordinates for ground
point X are generated.

4.5. Bundle Adjustment Based on the Quadrifocal Tensor Model

The BA processing is performed to update the rotation and translation and simultane-
ously calibrate the intrinsic matrix. The BA cost function based on the quadrifocal tensor
model is defined in the form as

B x‘_R}X—i—t} RIX + ¢ 15)
ST R T R

where (x;,y;),i € (1,2,3,4) is the observation value corresponding to the four image points
x> X' & X" xX";R;,i € (1,2,3,4) is the corresponding rotation matrix to each view;

RIX+t! R¥XA4-£2
X KXH ) s the calculation

RIX+t] 7 RIX+t
value of the image point; z is the unknown parameter vector comprising the camera pose
and calibration parameters (i.e., unknowns in rotation and translation) and the 3D ground
point coordinates X.

The differences between the observed values and the calculation values of the image
points are the reprojection error of the ground point, representing the errors contained in the
rotation, translation, and camera calibration parameters and the ground point coordinates.
When the cost function reaches the minimum value, the optimal solution is obtained for
the pose parameters, calibration parameters, and 3D coordinates of ground points.

The BA process optimizes the following nonlinear least-squares BA cost function

t;, i € (1,2,3,4) is the corresponding translation vector; <

2" = argmin )| fi(2)||*. (16)
k=1

The BA cost function is optimized by the Levenberg-Marquardt (LM) approach.
The LM algorithm decomposes the original nonlinear cost function (Equation (16)) into
approximations of a series of regularized linear functions and J(z) is the Jacobian matrix
of f(z). In each loop, the LM approach updates the linear least squares problem in the
following form:

5" = argmin||J(2)3 + £(2)|* + A D(2)3]]. a7

If || f(z+6%)|| < ||f(2)], then the unknown parameter is updated as z — z + §*. D(z)
is the square root matrix of the matrix J(z)TJ(z) and A is the regularization parameter,
which can be adjusted according to the approximation between J(z) and f(z). Solving
Equation (17) is equivalent to solving the standard equation:

(]T]+/\DTD)5 = J'f (18)
where ( JI+ ADTD) is the extended Hessian matrix. In the BA process, the unknown

parameter z includes two parts: the camera pose and calibration parameters (z.) and the
3D ground point coordinates (z;). Similarly, D, J, | can also be divided into two parts. Let
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U=]]e,V=7T5Jp, Uy = U+ ADID., Vy =V +AD,; Dy, W = ]! ],; Equation (18) can
then be rewritten as the block structure linear system:

i 2t

Applying the Gaussian elimination method to Equation (19), the 3D coordinates of the
ground points can be eliminated, and a linear equation containing just the camera pose
and calibration parameters can be obtained:

(un =Wy wh)ee = —JTf + Wy £, (20)

Therefore, J. can be determined by solving Equation (20) and 6, can then be solved by
reverse substitution.
5, =~V (]; f+ WT56>. 21)

The variables J. and ¢, are obtained using an iterative solution; after two loops, both
can reach high precision. The quadrifocal tensor SFM positioning and calibration process
for the frame sweep aerial camera is therefore completed.

To obtain better positioning and calibration precision, the OpenMVG SEM pipeline is
improved according to the photogrammetry processing mode. In photogrammetric process-
ing, position deviation is mostly caused by pose errors, while the intrinsic camera param-
eters generate minor systematic errors for both aerial and satellite-borne cameras [51,52].
So in the photogrammetry BA implementation, BA is always carried out in several stages.
Pose parameters are dealt with first, while the intrinsic parameters are processed last. Here,
three-stage BA processing is put forward. In the first stage, the intrinsic matrix K is set to
E (identity matrix), the rotation R remains unchanged, and only the translation T and the
3D coordinates of ground points X are involved. In the second stage, the intrinsic matrix
K remains as E, but the translation T, the rotation T, and the 3D coordinates of ground
points X are involved in the BA process. In the last stage, all the unknowns, the intrinsic
parameter K, the translation T, the rotation T, and the 3D coordinates of ground points X
are adjusted.

5. Experiments and Analysis
5.1. Test Data

The VisionMap Edge A3 camera was used to photograph the Zhengzhou area in
January 2020, with a total flight area of about 1000 square kilometers. Two flight missions
were carried out at 2300 m flight altitude, generating a ground resolution of about 5 cm.
Six routes (L_44, L_45,L_46,L_1, L_2, and L_3), located in the middle region and covering
about 120 square kilometers, were used for the experiment (see Figure 7).

The upper half is selected for analysis, comprising 7928 images and covering a total
area of 64 square kilometers. The study area (shown in Figure 8) includes plain regions and
urban areas.
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Figure 7. VisionMap Flight Coverage.
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Figure 8. Ground Coverage of Test Field.

Four different calibration approaches were designed to evaluate and compare the
proposed quadrifocal tensor SFM photogrammetry method with the original OpenMVG
SFM pipeline. The proposed method is tested under different conditions: no Ground
Control Point (GCP) support, with GCP support without considering camera intrinsic
parameters, and with GCP support considering camera intrinsic parameters.

I.  The proposed method with no GCP support

The whole procedure in Figure 5 was implemented using POS. All unknowns, rota-
tion, translation, intrinsic parameters, and 3D ground point coordinates were involved in
this process.

II.  The proposed method with GCP support, but not considering camera intrinsic parameters

The proposed method with GCP support was evaluated. All the unknowns were
employed in the BA procedure except the intrinsic camera parameters. The whole flow
was similar to the first test, but the intrinsic parameter matrix remained an identity matrix.

II.  The proposed method with GCP support and considering camera intrinsic parameters

The same group of GCPs takes part in the test. All the unknowns, including the
intrinsic parameters, are involved in the BA procedure. The intrinsic parameter model
adopted Model (4), and the variables a, and &, each absorbed two distortion parameters.
In the adjustment process, the weight value of the ground control points was 20 times that
of the point correspondences.

IV. The original OpenMVG SFM pipeline with GCP support

The same group of GCPs and checkpoints (CHK) was used to evaluate the performance
of the original OpenMVG pipeline.

5.2. The Proposed Method with No GCP Support

A total of 7916 images were used in the experiment, and 6,856,633 pairwise point
correspondences were extracted from matching. Thirteen ground CHKs were used to
measure the discrepancies (i.e., ground point residuals) between the 3D observation values
and the calculated estimates. The statistical results of residuals are shown in Table 2, and
the root mean squares error (RMSE) is presented in the last row.
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Table 2. Statistical Values for CHKSs after the First Experiment (Unit: meter).

ID of CHK X-Axis Y-Axis Z-Axis
CHK 1 0.7285 —0.7146 —17.6891
CHK 2 1.3723 —0.5638 —19.4138
CHK 3 0.2392 —0.5449 —16.8526
CHK 4 0.5169 —0.1780 —17.2758
CHK 5 0.2371 —0.5560 —16.6415
CHK 6 —0.0221 —0.3999 —16.5177
CHK7 1.0317 0.5181 —16.6787
CHK 8 0.6388 0.8845 —16.2159
CHK9 —1.8655 0.4107 —17.0058
CHK 10 —0.2723 0.1838 —16.7048
CHK 11 0.0234 0.8457 —16.6783
CHK 12 —0.2252 1.3395 —17.2606
CHK 13 —0.6135 0.9441 —17.7322

RMSE 0.7966 0.6950 17.14631

After BA processing, the sparse point cloud of the corresponding area is constructed.
The ground point cloud and the corresponding camera projection center are shown in
Figure 9. The yellow dashed lines illustrates the position of camera projection centers, and
the white form is the ground point cloud.

Figure 9. Sparse Point Cloud After the First Experiment.

As presented in Table 1, significant systematic errors were generated when without
GCP support, particularly in the Z-axis. From Figure 9, the proposed method can produce
a robust sparse, dense cloud.

5.3. The Proposed Method with GCP Support, but Not Considering Camera Intrinsic Parameters

The second experiment was carried out with the same set of images. Four ground
control points contributed to the BA process, and the same checkpoints were used to
evaluate the adjustment accuracy. A total of 3,091,007 pairwise point correspondences were
extracted from matching. The statistical differences and RMSE are shown in Table 3.
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Table 3. Statistical Values for CHKS after the Second Experiment (Unit: meter).

ID of CHK X-Axis Y-Axis Z-Axis
CHK 1 — — —
CHK 2 — — —
CHK 3 — — —
CHK 4 — — —
CHK 5 0.4117 1.0145 —1.6682
CHK 6 0.0062 0.0014 0.0068
CHK7 — — —
CHK 8 — — —
CHK9 —0.0573 0.0133 0.1149
CHK 10 —1.0118 —0.4301 0.0030
CHK 11 —0.0322 —0.0154 —0.0750
CHK 12 — — —
CHK 13 —0.0009 0.0054 —0.0014
RMSE 0.3035 0.3057 0.4642

After BA adjustment with GCPs, the pairwise point correspondences were used to
construct the sparse ground point cloud, as presented in Figure 10.

Figure 10. Sparse Point Cloud After the Second Experiment.

Since the intrinsic camera parameters were not adopted in the BA process, not all
distortion sources were fully considered, and some images did not meet the consistency
constraint. Therefore, image leaks occurred in the BA processing during the adjustment
process; only 4567 images passed through the BA process. Since image leaks transpired in
the BA process, some CHKSs had no statistical residuals (see Table 3), and the sparse point
cloud in Figure 10 lacks completeness and robustness.

5.4. The Proposed Method with GCP Support and Considering Camera Intrinsic Parameters

In the third experiment, a total of 6,884,305 pairwise point correspondences were
extracted from matching. The residuals between the 3D observation and calculation values
are summarized in Table 4. The sparse point cloud is shown in Figure 11. The intrinsic
parameters before and after calibration are presented in Table 5.
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Table 4. Statistical Values for CHKS after the Third Experiment.

ID of CHK X-Axis Y-Axis Z-Axis
CHK 1 —0.0081 —0.0001 0.0037
CHK 2 0.0035 0.0034 0.0028
CHK 3 —0.0089 —0.0529 —0.0722
CHK 4 0.0401 —0.0213 —0.0754
CHK 5 0.0571 —0.0411 0.0472
CHK 6 —0.0011 —0.0040 0.0107
CHK7 —0.0364 —0.0023 —0.0755
CHK 8 —0.0157 —0.0030 —0.0250
CHK9 —0.1061 0.0232 0.2133
CHK 10 —0.0450 0.0122 0.0258
CHK 11 —0.0034 0.0162 0.0015
CHK 12 0.0076 —0.0027 —0.0047
CHK 13 0.0005 —0.0035 —0.0001
RMSE 0.0392 0.0214 0.0711

Figure 11. Sparse Point Cloud After the Third Experiment.

Table 5. The intrinsic parameters before and after calibration.

Parameter Before Calibration After Calibration
Principal Point xj (pixel) 2432.0 2423.1399460647876
Principal Point yq (pixel) 1616.0 1603.9860816155979
Calibration parameter 1 0 —0.14123671990384698
Calibration parameter 2 —27.234841758167391
Calibration parameter 3 3807.0519745535798

—0.00018113363239831057
—0.00069940821735464372

Calibration parameter 4
Calibration parameter 5

(=R en N )

Table 3 show that the RMSE values for the 13 CHKs were below one pixel in the X and
Y directions and below two pixels in the Z direction, equivalent to the precision obtained by
the professional LightSpeed software [12-15]. The sparse point cloud shown in Figure 11 is
much more complete and robust.

5.5. The Original OpenMVG SFM Pipeline with GCP Support

The fourth experiment was carried out using the original OpenMVG pipeline. All
unknowns were considered, and the same group of GCPs and CHKSs were used in the
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adjustment. A total of 6,797,129 pairwise point correspondences were extracted from
matching. The statistical results are shown in Table 6. The sparse point cloud is displayed
in Figure 12.

Table 6. Statistical Values for CHKS after the Fourth Experiment (Unit: meter).

ID of CHK X-Axis Y-Axis 7Z-Axis
CHK 1 0.2285 —0.2146 0.3560
CHK 2 0.2223 —0.2655 —0.2265
CHK 3 0.2393 —0.2149 —0.2078
CHK 4 0.2362 —0.1163 0.2652
CHK 5 —0.1373 —0.2316 —0.1682
CHK 6 —0.0895 —0.1930 0.3068
CHK 7 0.2187 0.2328 0.1032
CHK 8 0.2167 0.2855 —0.1176
CHK 9 —0.2655 0.2211 0.2149
CHK 10 —0.2353 0.1838 0.2030
CHK 11 0.0215 0.2046 —0.1750
CHK 12 —0.2624 0.2395 0.1582
CHK 13 —0.2297 0.2441 —0.1014
RMSE 0.2998 0.3148 0.3017

Figure 12. Sparse Point Cloud After the Fourth Experiment.

Table 6 show that the accuracy of the original OpenMVG SEM pipeline is far better
than that of the first experiment and that no systematic errors remained in the result.
However, the results were still not as good as those of the third experiment.

To better compare and analyze the different test results, the residuals from
Tables 2—4 and 6 were plotted. Figure 13 present the residuals at each CHK in the X-
direction, Figure 14 show the residuals in the Y-direction, and Figure 15 provide the
residuals in the Z-direction. Figure 16 present a more detailed comparison of residuals in
the Z-direction.
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Figure 16. Residuals Plot of CHKSs in Z-direction in Detail.

The results show that the largest errors were found in the first experiment. While the
first experiment deals with all the unknowns (e.g., rotation, translation, intrinsic parameters,
and 3D ground point coordinates) in the overall flow and constructs a robust sparse point
cloud, it does not eliminate the systematic errors in the pose data, especially in the Z
direction. Due to the lack of ground truth guidance, even with GPS support, significant
deviations could be found between the resulting 3D model and the ground truth.

For the second experiment, significant image leaks occurred due to the lack of intrinsic
parameters in the adjustment. This means that for high oblique frame sweep images,
intrinsic parameters are indispensable in adjustment. For normal vertical photogrammetric
images, although the BA process is unable to attain the highest precision when intrinsic
parameters are ignored, the robust bundle block can still be obtained.

In the third experiment, the highest precision is reached with a robust sparse point
cloud. In the fourth experiment, with GPS and GCP data, the original OpenMVG pipeline
can achieve high positioning accuracy in three directions with a robust sparse point cloud.
However, its accuracy is not as high as that of the proposed quadrifocal tensor SFM
photogrammetry method.

In the third and fourth experiments, while all the unknowns (e.g., rotation, translation,
intrinsic parameters, and 3D ground point coordinates) are considered in the BA process,
the proposed method achieves much higher accuracy. The proposed approach introduces
the iterative photogrammetry idea into the original OpenMVG SFM pipeline following an
aerial and satellite photogrammetry processing approach, focusing more on the imaging
geometric principle and camera characteristics. Using iterative BA adjustment, the distor-
tion sources are dealt with from a coarse to fine approach, enhancing the BA accuracy step
by step.

Figures 17 and 18 show the digital orthophoto map (DOM) and digital elevation model
(DEM) products after the BA positioning and calibration process in the third experiment.
The ground resolution of the DOM and the DEM was set to 7 cm. Fifteen points were
randomly selected from the DOM and DEM products. Measurements were then taken from
the two products, and observation values were made in the field test. After comparing the
values, the accuracy of the DOM was found to be from 1 to 3 pixels. The largest difference
was 2.72 pixels, the smallest difference was 1.01 pixels, and the RMSE was 1.32 pixels. The
DEM accuracy ranged from 2 to 5 pixels. The largest difference was 4.23 pixels, the smallest
difference was 2.05 pixels, and the RMSE was 2.91 pixels.
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Figure 17. DOM Product After Positioning and Calibration.

LightSpeed software was then used for the given dataset, implementing the entire
photogrammetry procedure and generating the DOM and DEM products. The photogram-
metry results and the DOM and DEM products obtained using the two methods were
compared and evaluated. The BA results and the DOM and DEM products obtained by the
two approaches were at the same accuracy level, which suggests that our proposed method
reaches the precision level of professional photogrammetry software.
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Figure 18. DEM Product After Positioning and Calibration.

6. Conclusions

Sweeping along the flight’s vertical direction for imaging, the frame sweep camera is
characterized by a large field of view, a wide observation range, and a multi-angle imaging
mode. While these characteristics can be useful for 3D reconstruction, they also increase
the difficulty of image positioning. For large tilt oblique photogrammetry, the image
positioning and calibration process becomes much more complex. Additionally, with the
increasing integration between photogrammetry and SFM, more attempts have been made
to combine these approaches to realize the positioning, calibration, and 3D reconstruction
of large amounts of ordered or disordered images. After an extensive literature review
and research, the OpenMVG pipeline was found to be most suitable for VisionMap A3
positioning and calibration.

Using the OpenMVG pipeline, a quadrifocal tensor-based positioning and calibration
method was developed for high oblique frame sweep aerial cameras according to the
imaging characteristics of VisionMap A3. We comprehensively analyzed the entire pro-
cessing flow, from feature extraction and image matching, relative rotation and translation
estimation, global rotation and translation estimation, and the quadrifocal tensor model
construction to the BA process and calibration. Focusing on the imaging character of the Vi-
sionMap A3 camera, the quadrifocal tensor was put forward as the basis for BA adjustment.
For the BA process and calibration, a coarse to fine three-stage BA processing modification
was introduced in the OpenMVG pipeline following photogrammetric processing. Based
on the experimental results, our main conclusions are as follows:

First, the SFM photogrammetric approach is suitable for large tilt oblique photogram-
metry. When considering the rotation, translation, 3D ground coordinates, and the cam-
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era’s intrinsic parameters, the SFM pipeline, as OpenMVG, can generate a robust sparse
point cloud.

Second, GPS data can only provide an initial value for the BA process. We found
significant deviations between the processed bundle block and the ground control points.
The results suggest that ground truth is still indispensable in positioning and calibration.

Third, the intrinsic parameters cannot be ignored in the BA process. The lack of
intrinsic parameters resulted in image leaks in the bundle block and the sparse point cloud.
The results indicate that the intrinsic parameters play an important role in dealing with
inner and outer positioning errors.

Fourth, the coarse to fine processing approach in classical photogrammetry is still ad-
visable in SFM photogrammetry. Processing the rotation (R) and translation (T) parameters
eliminates most gross positioning errors while processing the intrinsic parameters propels
the positioning precision to a higher level.

The experimental results on multiple overlapping routes of VisionMap A3 edge images
suggest that our proposed method could achieve a robust bundle block and sparse point
cloud and generate accurate DOM and DEM products. However, for the single route, the
proposed method generated a bundle block with only contours, and the inner images were
mostly considered outliers and excluded from the calculations. Subsequent studies are
required to explore how to retain more images and effectively exclude outliers.
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Abstract: The Copernicus high-resolution layer imperviousness density (HRL IMD) for 2018 is
a 10 m resolution raster showing the degree of soil sealing across Europe. The imperviousness
gradation (0-100%) per pixel is determined by semi-automated classification of remote sensing
imagery and based on calibrated NDVI. The product was assessed using a within-pixel point sample
of ground truth examined on very high-resolution orthophoto for the section of the product covering
Norway. The results show a high overall accuracy, due to the large tracts of natural surfaces correctly
portrayed as permeable (0% imperviousness). The total sealed area in Norway is underestimated
by approximately 33% by HRL IMD. Point sampling within pixels was found to be suitable for
verification of remote sensing products where the measurement is a binomial proportion (e.g., soil
sealing or canopy coverage) when high-resolution aerial imagery is available as ground truth. The
method is, however, vulnerable to inaccuracies due to geometrical inconsistency, sampling errors and
mistaken interpretation of the ground truth. Systematic sampling inside each pixel is easy to work
with and is known to produce more accurate estimates than a simple random sample when spatial
autocorrelation is present, but this improvement goes unnoticed unless the status and location of
each sample point inside the pixel is recorded and an appropriate method is applied to estimate the
within-pixel sampling accuracy.

Keywords: land cover; soil sealing; imperviousness; land monitoring; accuracy; verification; systematic
sampling; within-pixel sampling

1. Introduction

Population growth and economic development are driving forces behind land use
change [1]. A growing population customize their surroundings by replacing natural
surfaces with a solid covering consisting of concrete surfaces, buildings, paved roads, and
other constructions that create an impervious land cover [2]. This process, known as soil
sealing, separates the soils from the atmosphere by one or more impermeable layers [3].
The result is, among other effects, a loss of area available for plant production, reduced
biodiversity, and an increase in run-off of surface water [4-6]. Soil sealing is therefore
considered as an example of land degradation [7] and imperviousness is frequently used
as an indicator of land take in environmental monitoring [8].

There has been an increasing interest in mapping soil sealing and imperviousness over
the last 30 years [9]. Around the turn of the century, USGS derived a measurement of soil
sealing from Landsat imagery for the 2001 National Land Cover database for the United
States, using the degree of imperviousness as their indicator [10,11]. In Europe, statistics
of sealed surfaces over larger zones were first generated using the SPOT VEGETATION
imagery from 2001, with a spatial resolution of 1 km [12]. Better spatial resolution was
achieved in 2005, by mapping soil sealing using the normalized difference vegetation index
(NDVI) calculated from QuickBird imagery [13].
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A systematic comparison of different approaches to measure soil sealing using air
photo interpretation showed an average overall agreement between existing products at
92% [14]. A comprehensive review of techniques using medium resolution (10-100 m)
imagery was published in 2012, describing trends in remote sensing of impervious sur-
faces [15]. These include pixelwise estimation of imperviousness degree, classification of
surface material or and mapping land cover or land use features (e.g., buildings or roads) in
order to infer imperviousness from land cover/use. A variety of new attempts to develop
automated methods for detecting soil sealing and measure the degree of imperviousness
have later been published, employing new and improved remote sensing imagery and
classification techniques [16-18]. The most recent review of research on soil sealing, land
take and impervious surfaces lists eleven different mapping methods currently in use [19].

The European Union’s Earth observation program, Copernicus, conducts projects to
monitor land cover and land use in order to serve urban and environmental planning and
policy making. One outcome from this program is the high-resolution layer imperviousness
density (HRL IMD). This is a service provided through the Copernicus land monitoring
service (CLMS, https://land.copernicus.eu/, last accessed on 7 June 2022) implemented
by the European Environment Agency (EEA). HRL IMD is a raster product estimating the
degree of imperviousness within each pixel.

The environmental indicator mapped by HRL IMD is defined as “human-produced
surfaces that are essentially impenetrable by rainfall” [20]. This is a binary phenomenon
since a location on a surface is either sealed or not sealed. When used as an indicator,
imperviousness is reported as the proportion of the land surface covered by a pixel that
is impenetrable to water and therefore creates increased surface runoff [11,21], leading
to a gradation on the scale 0-100%. The variable is a binomial proportion reported as
a percentage.

The HRL IMD product covers the entire European continent and has so far been
produced for the reference years 2006, 2009, 2012, 2015 and 2018. The 2018 product has
10 m resolution, while the older products have 20 m resolution. The first updates relied
on a semi-automated approach (mainly due to the limited availability of input data). The
level of automation of the production has steadily increased due to the availability of better
reference data and improved resolution of remote sensing imagery [22].

Data from the Copernicus land monitoring service are used, or are proposed to be used,
in studies and reports from Eurostat and the European Environmental Agency [23,24]. It is
also a goal to serve urban and environmental planning and policy making at the national
and local level. Detailed knowledge of the content and accuracy of the product is, however,
a prerequisite for the broader user-uptake of the service. Users need to understand the
content of the product to interpret and use the data correctly. Verification has been carried
out in several countries, often using a qualitative “look and feel” approach [25] and a
technical validation of the 2015 version of HRL IMD is also available [26].

A study of the accuracy of the US National Land Cover Data for 2006 found that
the ideal accuracy assessment of imperviousness data would require estimation of the
impervious surface for each sample pixel from reference data, but the cost to obtain the
required data was considered prohibitive [27]. New technology and high-resolution aerial
photography have changed this situation and detailed information about the content of
pixels can now be used as reference data. The cost of a complete inventory of the pixel
using analytical photogrammetry is, however, still exorbitant. Instead, we may attempt a
sampling approach by obtaining a random sample of points inside each control pixel.

The objective of the current study was to examine the content and accuracy of the
HRL IMD product for 2018 using a within-pixel sampling approach. Norway was used as a
study area due to the availability of high-resolution and geometrically accurate orthophoto
acquired through an established and regular national image acquisition program. The goal
was to examine the potential and limitations of the within-pixel sampling approach to
verification, but also to improve the interpretation and understanding of the HRL IMD
product and thus enhance the value of the product for the end-users.

119



Remote Sens. 2022, 14, 3589

2. Materials and Methods

The high-resolution layer imperviousness density (HRL IMD) 2018 for Norway was
downloaded from the Copernicus land monitoring service (CLMS) web site https://land.
copernicus.eu, accessed on 6 January 2021. The tiles covering Norway were combined to
create a raster with national coverage. The projection of the map was ETRS89-LAEAS89
(EPSG: 3035, https:/ /epsg.io, last accessed on 7 June 2022). The dataset is a 10 m raster
where each pixel is coded in the range 0-100, representing the degree of imperviousness
in percent.

Two web map services (wms) were used to obtain ground truth: the Norwegian
national topographic maps at scales ranging between 1:1000 and 1:5000 provided by the
National Mapping Authority and the national orthophoto database (Norge i bilder) provided
by the Norwegian Spatial Data Infrastructure Norge digitalt. Data from these sources
have national coverage and could be linked directly to the QGIS software used in the
study. The imagery and other data that were used as ground truth can be inspected at
https:/ /kilden.nibio.no/, last accessed on 7 June 2022.

A two-stage random sample was collected to examine the accuracy of the HRL IMD
layer. Stratification was employed in the first stage because most pixels (99.4%) had no
reported imperviousness (0%). Only 0.6% of the pixels had imperviousness density in the
range 1 to 100%.

The data were divided into twelve strata according to the reported imperviousness
(0%, 1-9%, 10-19% { . . . } 90-99% and 100%, see also Table 1), providing a basis for stratified
random sampling. The two strata “0%” and “100%” represent the extremes. “0%" also
constitute a very large part of the population and should therefore be given special attention
since a relatively large sample is required to detect small anomalies in large strata. The
number and size of the ten remaining strata was a compromise between the need for detail
(requiring many strata) and available resources.

Table 1. Imperviousness in Norway as reported by HRL IMD and as estimated by sampling. The
total land area (32,380,900 hectares) is divided into strata according to the degree of imperviousness
reported by HRL IMD. Mean imperviousness and the corresponding sealed area were calculated for
each stratum, as well as for a subtotal of all strata with reported imperviousness (according to HRL
IMD) and for the whole country.

Stratum Area High-Resolution Layer Estimated from Aerial
(HRL IMD) (HRL IMD) Photographs
Sealed Sealed
o, o, V)
(%) (Hectare) Mean (%) (Ha) Mean (%) (Ha)
100 24,273 100.00 24,273 86.72 21,050
90-99 7647 94.27 7209 68.41 5231
80-89 8358 84.33 7048 56.77 4745
70-79 10,818 74.53 8063 49.01 5302
60-69 12,685 64.65 8201 47.47 6022
50-59 17,071 53.97 9213 48.33 8251
40-49 31,535 44.29 13,967 35.11 11,072
30-39 38,588 34.34 13,250 35.63 13,749
20-29 33,105 24.78 8204 26.23 8684
10-19 15,204 15.60 2373 12.02 1828
1-9 2430 6.56 159 12.24 298
Subtotal 201,715 50.55 101,961 42.75 86,229
0% 32,179,185 0.00 0 0.21 67,576
Total 32,380,900 0.31 101,961 0.47 153,805

The sampling procedure selected (randomly) 1000 points from the stratum where
the reported imperviousness was 0% and attempted to select (randomly) 100 points from
each of the remaining strata. The stratum with imperviousness in the range 1 to 9% was,

120



Remote Sens. 2022, 14, 3589

however, so rare that we only managed to find 82 sample points in this stratum. The final,
stratified random sample consisted of 2082 sample points. This sample size is pragmatic,
mainly linked to available funding and acceptable sampling cost. Various aspects of the
sampling strategy are discussed in the Section 4 below.

A sampling tool was developed in Python for QGIS. The tool starts from a sample
point in the stratified random sample and locates the corresponding 10 m pixel in HRL IMD.
A border is drawn around the pixel and a new, systematic random sample of 100 points is
placed inside the pixel. The first point is placed 0.5 m north and 0.5 m east of the lower
left corner of the pixel. The remaining points are spaced along a regular lattice, one meter
apart, throughout the pixel (Figure 1). The observed imperviousness was calculated by
counting the number of points (0-100) that fell on impenetrable surfaces as defined in the
HRL IMD technical documentation [28].

Figure 1. A 10 m pixel in HRL IMD with 100 sample points (red dots). The yellow dot shows the
original random sample point used to detect and include this pixel. Photo obtained during the
summer of 2017. Data source: © Norge i bilder/Norge digitalt.

Formally, the population examined using this approach consists of all N pixels in the
HRL IMD layer divided into M strata with N; pixels in each stratum. A simple random
sample of n; pixels is drawn from each stratum, resulting in a total sample size of

n= Zf\il i

(where 1 is 2082). Notice that the sample is not proportional, that is 71 # % mainly due to
the very large number of pixels in the stratum where imperviousness was 0%.

Let x;; represent the imperviousness estimated by HRL IMD and y;; represent the
observed imperviousness of pixel j in stratum i. Provided that y;; is an exact measurement,
the mean imperviousness of a stratum, a set of strata and the entire sample can be calculated
using textbook equations for simple random and stratified sampling [29]. The mean

imperviousness of a stratum i is
1
. — ‘1 .o
Yi 1 E:]:l Yij
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with variance

and standard error

2
Si
n;

while the mean imperviousness across all strata is

with

and standard error

Mean difference (x;; — y;;) between x;; and y;; in each stratum (d;) and for the entire
population(d) can be calculated using the same approach.

Unfortunately, y;; is an estimate and not an exact measurement. y;; is calculated
from the proportion p of the 100 systematically distributed sample points inside the pixel.
Consequently, Var (y;;) is in the range {0-2500} and highest when y;j is 50%. The result is a
standard error for y;; itself in the range 0-5% under the assumption that the sample is a
simple random sample and the pixelwise population is large compared to the size of the
sample inside the pixel.

This is a conservative estimate since the sample inside the pixel is a systematic (and
not a simple) random sample, and a systematic sample of this kind is known to provide
more accurate estimates than a simple random sample of the same size [30]. An elaboration
on this argument is found in the Section 4 below.

With 100 sample points inside a 10 m pixel we acknowledge that the sampling error
inside the pixel is present but undetermined. Instead of attempting to estimate this un-
certainty, a conservative approach was used for the statistical tests involving the standard
error. This was performed by setting the required confidence interval to 99% (instead of
the usual 95%).

3. Results

A summary of descriptive statistics based on HRL IMD is found in Table 1. Imper-
viousness above 0% was found on 0.63% of the pixels in HRL IMD. This is the estimated
“built-up land” including a combination of grey and green areas. Weighted with the specific
degree of imperviousness for each pixel, the extent of the sealed surfaces (according to
HRL IMD) is 101,961 hectares, corresponding to 0.31% of the total land surface. Notice
that the term land surface here also includes rivers and lakes (inland water). The mean
imperviousness for pixels where imperviousness was present was 50.55% according to
HRL IMD.

The areas where HRL IMD reports imperviousness greater than 0% was divided
into eleven strata. The mean imperviousness was calculated for each stratum (Table 1).
The difference between the reported (HRL IMD) and the observed (from aerial photo)
imperviousness is listed in Table 2, together with the standard error and 99% confidence
interval of the mean difference in imperviousness (disregarding within-pixel sampling
errors). Strata where the difference was statistically significant (different from 0%) at the
99% confidence level are flagged with a double asterisk (**) in the table.
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Table 2. Difference (Diff) between the imperviousness reported by HRL IMD (HRL %) and observed
on orthophotos (OBS %) calculated by stratum. SErr is the standard error of the difference, and the
99% Cl is the confidence interval for the difference. Sign shows the result of the test of the hypothesis
Diff # 0. The null-hypothesis (Diff = 0) is either not rejected (-) or rejected with 99% confidence (**).

99% CI

(%) HRL % OBS % Diff Serr Lower Upper Sign
100 100.00 86.72 13.28 3.06 5.40 21.16 **
90-99 94.27 68.41 25.86 3.92 15.76 35.96 **
80-89 84.33 56.77 27.56 4.07 17.08 38.04 **
70-79 74.53 49.01 25.52 3.93 15.40 35.64 **
60-69 64.65 47.47 17.18 3.27 8.76 25.60 **
50-59 53.97 48.33 5.64 3.51 —3.40 14.68 -
40-49 44.29 35.11 9.18 2.85 1.84 16.52 **
30-39 34.34 35.63 -1.29 2.75 —8.37 5.79 -
20-29 24.78 26.23 —1.45 2.76 —8.56 5.66 -
10-19 15.60 12.02 3.58 2.04 —1.68 8.84 -
1-9 6.56 12.24 —5.68 2.58 —12.33 0.97 -
Subtotal 50.55 42.75 7.80 0.95 5.35 10.25 w*
0% 0.00 0.21 —0.21 0.09 —0.44 0.02 -
Total 0.31 0.47 —0.16 1.09 —2.97 2.65 -

The reference data obtained by sampling from aerial photographs showed that im-
perviousness was present in 0.8% of the pixels classified as non-impervious (0%) by HRL
IMD. The corresponding area covered by these pixels is approximately 257,433 hectares
built-up land neglected by HRL IMD. The mean imperviousness in these pixels was 26%.
This corresponds to 67,576 hectares of sealed land omitted by HRL IMD (Table 1).

The results from the interpretation of aerial photographs in the strata found to be im-
pervious by HRL IMD showed generally lower imperviousness than reported by HRL IMD.
Weighted by the degree of imperviousness, HRL IMD estimated the sealed surface in these
areas to 101,961 hectares, while the estimate from aerial photographs was 86,229 hectares
(Table 1).

The observed imperviousness degree in areas mapped as impervious by HRL IMD
was 42.75%. This is lower than the imperviousness degree of 50.55% reported by HRL IMD.

There is a degree of reciprocity in the material. HRL IMD is underestimating impervi-
ousness in some areas and overestimating imperviousness in other areas and the errors are
to some extent counterbalanced. This can be seen from the fact that there were impervious
pixels in the “0%” stratum and non-impervious pixels in the other strata. During the
sampling we also noticed that the difference between the HRL values and the observations
could be positive as well as negative. The overall result is, however, an underestimation
of the total sealed surface for the whole country (0.31% in HRL IMD against 0.47% based
on sampling from orthophoto (Table 1). The corresponding absolute figures are 101,961
hectares sealed land based on HRL IMD against 153,805 hectares sealed land based on the
orthophoto. The difference is, however, not statistically significant at the 99% CI (Table 2).

Figure 2 is a graphical representation of Table 2, showing the mean difference between
imperviousness reported by IMD and imperviousness observed in orthophoto by stratum.
The figure also shows the 99% CI of these mean differences. The imperviousness reported
by IMD is on average larger than the imperviousness observed in the orthophoto when the
mean difference is positive (above the 0% line). The differences are statistically significant
(at the 99% confidence level) when the entire bar is above or below the 0% line, as in the
strata 0% and 40-49%, and for all strata where IMD reports more than 60% imperviousness.
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Figure 2. Mean difference between imperviousness reported by IMD and observed in orthophoto
together with the 99% CI of these mean differences.

Figure 2 reveals a small but statistically significant neglect of sealed surfaces in areas
where HRL IMD reports no imperviousness. The results show good accuracy for land
with imperviousness above 0% and up to 40%. The imperviousness on land where the
imperviousness is above 40% is often overestimated in HRL IMD, and the error is increasing
as the imperviousness increases. The overestimation is high but stable for land where the
imperviousness is in the range 70-99%. The estimate is better again, although still high, for
land assessed as 100% impervious by HRL IMD.

4. Discussion

This discussion covers four topics. The first topic is the accuracy assessment of HRL
IMD. This is followed by a discussion of the within-pixel sampling approach. The third
part of the discussion is concerned with alternatives to the within-pixel sampling approach.
The final topic is the applicability of the within-pixel sampling approach to other remote
sensing products.

4.1. The Accuracy Assessment of HRL IMD

According to Statistics Norway (https://www.ssb.no/statbank/table/10781/, last ac-
cessed on 7 June 2022), the physically sealed areas in Norway in 2018 were 167,818 hectares
(54,866 hectare covered with buildings or similar constructions and 112,952 hectares road
surface). Our survey estimate is around 10% below the figure provided by Statistics Nor-
way. The figure provided by Statistics Norway and the survey estimate both indicate that
the figure given by HRL IMD is too low. The estimate provided by HRL IMD is almost 40%
below the figure given by Statistics Norway and 33% below the estimate based on aerial
photographs.

The data from Statistics Norway are based on official records and are reliable. The
two most important sources are the national building register and the roads register. The
building register is a complete inventory of buildings in Norway, including information
about the ground area of each building. The register is maintained by municipal authorities.
The roads register is maintained by the national roads authority and include information
about the length, width, and surface material of all roads except logging roads, but logging
roads are not paved. The information from these registers is completed with data from
municipal authorities documenting parking lots, sports facilities, and other constructions.

Buildings and paved roads in rural areas were frequently classified as non-impervious
(0%). There was no obvious pattern behind the omission of these sealed constructions. Part
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of a road could be marked as impervious, another part as non-impervious. The buildings
on one farm could show up as impervious, while the entire farmstead of the next farm
was marked as non-impervious. Neither the width of the roads nor the size or substance
covering the roof of buildings could explain this variation.

Impervious surfaces below overhanging trees were occasionally mapped as non-
impervious in HRL IMD. Examples are smaller buildings (cabins) inside forests and roads
running through densely forested areas. This was also sometimes seen in residential
neighborhoods with large gardens, where old trees developed an overhanging canopy
partially covering constructions underneath.

The inclusion errors could be grouped into (a) permeable areas wrongly classified
as impervious, and (b) situations where the size of the area sealed by constructions was
overestimated. The latter situation appeared to be an extrapolation of sealed surfaces due
to shadows cast by buildings and roadcuts.

Logged timber is stockpiled next to logging roads, awaiting transport to terminals,
sawmills and industrial sites where large amounts of logs are stowed while waiting for fur-
ther transport or processing. These stacks of lumber are frequently registered as impervious
land in HRL IMD.

A similar effect is seen in places producing firewood used for heating houses during
the cold season. Many farmers produce large quantities of firewood which is sold to
house-owners with no private forest of their own. Production of firewood requires that
logs transported from the forest are stockpiled (equivalent to the stacks used in ordinary
logging operations, but on a smaller scale). The firewood is stored for drying. The process
usually takes a year, and the storage can cover substantial areas which occasionally were
mapped as impervious in HRL IMD.

Both natural and artificial gravel surfaces were frequently classified as impervious by
HRL IMD. This included areas inside gravel pits and quarries as well as natural gravel, e.g.,
along riverbeds where gravel and boulders are exposed during the dry part of the summer,
and along the edge of reservoirs where bedrock is exposed due to low water level part of
the year. Artificial gravel surfaces such as parking spaces, playgrounds and sports fields
covered with subbus or pebbles of variable grain size were also occasionally mapped as
impervious in HRL IMD.

A particular phenomenon were floating docks found in marinas for yachts and smaller
boats. They are hard surfaces and registered as impervious in HRL IMD.

According to the technical documentation of HRL IMD [28] railway tracks associated
to other impervious surfaces (i.e., inside built-up areas) are impervious while railway tracks
not associated to other impervious surfaces (i.e., outside built-up area) are non-impervious.
Railway tracks were often represented as impervious in HRL IMD, irrespective of the
surrounding environment. Sleepers do represent a perceptible impervious element along
the railway track, and the technical documentation should probably be revised accordingly.

Other permeable features frequently reported as impervious are hydropower dams,
road cuts, junkyards, parked cars, and silage balls. Dams and road cuts are examples of
exposed rock and gravel erroneously classified as impervious. Junkyards, parked cars,
and silage are hard surfaces observed by the satellite imagery but should probably not be
counted as impervious areas. Junkyards are found in urban as well as rural areas. It can be
abandoned industrial sites or farmyards littered with old cars, containers, and other junk.
It is probably impossible to classify these areas correctly using satellite imagery.

Parked cars have the same effect as junk. They are interpreted as impervious surfaces.
This is not a problem when the cars are parked on an otherwise sealed surface, but parking
lots can also be covered by penetrable materials, e.g., gravel.

The silage produced by farmers when meadows are mowed is packed in large balls
and wrapped in plastic. The balls are typically assembled in one part of the field and left
there until the fodder is needed. The plastic cover around these balls is impenetrable and
stacks of silage balls can be seen as impervious areas in HRL IMD.
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A final source of error is the deep and dark shadows between or next to buildings
and roadcuts. These are sometimes also interpreted as impervious land and inflates the
reported imperviousness degree of built-up land.

These results are largely in agreement with results found in other countries. Two
studies of HRL IMD products for Poland found that sealed surfaces were omitted in rural
areas while imperviousness was overestimated in built-up areas. The omissions were
identified as small buildings, narrow roads, etc., which were treated as natural surfaces.
Trodden and ridden areas, on the other hand, could appear as impervious. These studies list
industrial areas, dirt-roads or dirt-courtyards and areas covered with bare soil as examples
of land wrongly assigned an imperviousness above 0% [31,32].

A similar study of the HRL IMD product for Slovakia describes the overall accuracy
as acceptable but found that imperviousness tended to be overestimated in areas where
soil sealing was regular and underestimated in areas where soil sealing was sporadic. As a
result, the proportion of impervious surfaces could be overestimated in urban areas and
underestimated or neglected among rural settlements [33].

The interpretation of errors or mistakes in HRL IMD in the current study is based on
observations made during the within-pixel sampling. This is an unsystematic approach
with respect to errors but may still provide useful information about the data. Systematic
studies of the suspected mistakes can be designed based on these observations.

The two most important findings from the accuracy assessment are the apparently
unsystematic omission of sealed land in rural areas and the systematic overestimation
of imperviousness degree in the most densely built-up areas. Both observations comply
with results from other studies, and both indicate that there are challenges regarding the
calibration of the model used in the production of HRL IMD. Dedicated studies are needed
to quantify these problems and improve the model.

4.2. The Sampling Methodology

This study employed a two-stage sampling strategy to examine HRL IMD. The first
stage was a stratified random sample of pixels. The second stage was a systematic point
sample within each of the pixels selected at the first stage. Within-pixel sampling will
always require two stages, since pixels must be selected for examination before the within-
pixel sample can be established, but a simple random sample will usually be sufficient at
the first stage.

The decision to use a stratified approach at the first stage was related to the data
distribution. The situation with 99.4% of the pixels having 0% imperviousness required
special treatment. This skewed distribution of imperviousness data is not unique for
Norway, but has also been reported for other countries, among them Poland [31].

The sample of pixels with 0% imperviousness had to be large enough to detect mistakes
inside this group. The sample from the remaining pixels (1-100% imperviousness) had
to cover the entire range of values and be large enough to represent variation inside each
stratum. Finally, the sampling strategy had to be realistic within the available budget.
Stratified sampling met these requirements, but only by using an unbalanced sample.

A stratified sample should preferably be a balanced sample. A balanced sample is a
sample where the sample size in each stratum is proportional to the size of the stratum, i.e.,
n;/n = N;j/N. This was not possible within the constraints of a realistic sample size.

With 99.4% of the pixels in a single stratum, a balanced sample of 2000 pixels implies
that 1988 sample points should be drawn from this stratum alone and only twelve sample
points from the pixels with imperviousness > 0%. An unbalanced sample was therefore
necessary. A balanced sample would have been preferred if the distribution (of impervi-
ousness values) had been more uniform across the entire range from 0% to 100%. Stratified
sampling as well as the unbalanced configuration of strata used in this study are choices
justified by the properties of the data being examined and should not be interpreted as
general recommendations.
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Each pixel selected in the first stage was examined using a systematic sample of
100 sample points inside the pixel (Figure 1). The preconditions for this methodology
are the availability of high-resolution orthophoto geometrically aligned with the raster
and GIS software that allows for efficient and accurate data collection. The approach was
efficient and did provide interesting results, but there were also obvious shortcomings and
questions that need to be resolved.

The sample size was set to 100 sample points per pixel. The sample size was chosen
due to convenience. The 100 sample points allowed the sample points to be placed one
meter apart. This appeared to be a dense sample inside a single 10 m pixel. Proportions
could also be calculated without effort. Any sample size could have been used, but smaller
samples inside each pixel would weaken the statistical support of the analysis.

The number of pixels examined could have been increased by reducing the sample
size inside each pixel. The number of pixels could probably have been increased from
2082 to approximately 8000 by cutting the number of sample points inside pixels from
100 down to 25 (points two meters apart). The effect in terms of accuracy has not been
examined. This should be performed to provide better advice about the optimum balance
between sample sizes in the first and the second sampling stage.

A systematic random sample was used for sampling inside each pixel. A systematic
sample is known to provide more accurate estimates than a simple random sample of the
same size when spatial autocorrelation is present in the material [30]. Spatial autocorrelation
with respect to imperviousness implies that the sealed area tends to be clustered in certain
parts of the pixel rather than distributed randomly over the surface of the pixel. The
assumption is justified because soil sealing is caused by constructions.

There is, however, no exact method to calculate the statistical accuracy of a systematic
sample. The accuracy must be determined by estimation [34]. A conservative estimate of the
uncertainty in a systematic sample can be found by treating the sample as a simple random
sample, but the result is that the improved accuracy achieved by the systematic approach
goes unnoticed. Trials with forestry data has shown that a systematic sample can reduce
uncertainty with as much as 30% when autocorrelation is present [35]. This improvement
should be documented. Several estimation methods have been published [36,37] and could
be applied to within-pixel sampling. A common requirement is, however, that the (relative)
location of each sample point in the systematic sample must be recorded.

The systematic sample within pixels could have been replaced by a simple random
sample. The disadvantage, apart from the assumed lower precision, is that a simple random
sample may be more difficult to observe when the sample size is large. This assumption
has not been tested, but it seems more challenging to work with a completely random
distribution of points than counting along a regular lattice with the same number of points.

Finally, by experience, even the resolution of high quality orthophoto is insufficient
to allow exact interpretation of impervious vs. permeable parts of the pixel surface. The
pixel shown in Figure 1 contains a road, a roadside ditch, and part of an agricultural field.
The edge between the solid and the permeable surface is somewhere along the white line
painted beside the road, but it is not possible to tell exactly where the edge is. Consequently,
the accuracy of the data obtained by sampling within pixels also depend on the quality of
the orthophoto and the experience of the analyst [38].

Within-pixel sampling was found to be suitable for accuracy assessment of HRL IMD,
but more work is clearly needed to improve the methodology. Geometrical inconsistencies
between the raster and the aerial imagery used as ground truth will make the results
uncertain or even meaningless, as will interpretation errors with respect to ground truth.
The sampling accuracy at stage two was disregarded in this study and replaced by a
conservative interpretation of the sampling error at stage one. Better tools are needed to
handle the systematic sample and estimate the sampling accuracy inside each pixel.
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4.3. Alternative Approaches

A complete inventory of each control pixel is an alternative to the within-pixel sam-
pling approach. Such an inventory could be carried out as a ground survey, but the cost
would be excessive. Digitizing from orthophoto or by photogrammetric construction using
stereo photography are manageable, but still expensive alternatives. A complete inventory
will eliminate the sampling error generated by the second stage of the survey.

Another alternative is a simplified accuracy assessment using a classified version of the
dataset. This approach has been used in several unpublished, national verification reports
commissioned by EEA. HRL IMD is reclassified into three classes (“0%”, “1-29%" and
“30-100%"). A stratified sample of control pixels is selected, and a qualitative assessment
(based on available imagery) is used to assign the pixels to one of the three simplified
classes. The approach allows for calculation of omission and commission errors between
the three classes using standard methodology [39,40].

None of these alternatives will remove the observation error and inaccuracies stem-
ming from geometrical misalignment between the data sources, but both alternatives
eliminate the sampling error of the within-pixel sampling approach. The complete in-
ventory is probably expensive, even with on-screen digitizing, while the assessment of a
simplified version of the product results in drastic reduction in the information obtained
from the accuracy assessment.

4.4. Applicability to Other Remote Sensing Products

The within-pixel sampling strategy used in the present study is suitable for assess-
ment of a remote sensing product that represents a binomial proportion. Examples are
imperviousness and canopy coverage. Within-pixel sampling may be less suitable for other
remote sensing products.

Binary remote sensing products show the presence or absence of a particular feature.
An example is the Copernicus high-resolution layer grassland [41] showing the presence or
absence of grassland. A binary remote sensing product is essentially a simplified version of
a binomial proportion. Sampling within pixels is suitable for assessment of these products
provided that the decision rules used in the classification of the pixel are clearly expressed.
Examples of decision rules can be that the feature must be present in the pixel, cover a
defined proportion of the pixel surface, or dominate the pixel. Correct classification can
then be assessed by within-pixel sampling.

Within-pixel sampling is less suitable for assessment of categorical remote sens-
ing products (e.g., land cover maps and crop type maps) unless the classes are scale-
independent, pure land cover classes and the decision rules used to classify pixels are
known (e.g., crop type determined by the dominant crop type in the pixel). Scale-dependent
classifications and classifications involving elements of land use will be difficult to assess
by within-pixel sampling.

Within-pixel sampling can, on the other hand, be used for descriptive analysis aiming
to improve the explanation of the classes used in a categorical remote sensing product.
Descriptive analysis does not assess accuracy but describes the content of classes in terms
of more detailed data. An example is the analysis of the content of the European CORINE
Land Cover Map by populating the classes with data from more detailed map sources [42].
Within-pixel sampling of pure land cover elements can be used for this purpose.

5. Conclusions

One objective of the current study was to examine the content and accuracy of the
high-resolution layer imperviousness density (HRL IMD) product for 2018. Norway was
used as the study area. There was a noteworthy neglection of buildings and roads in rural
areas. The effect of these omissions was to some extent reduced by overestimation of the
imperviousness density in built-up areas. Overall, the amount of sealed surface estimated
from HRL IMD was 33% below the amount estimated using high-resolution orthophoto
and 40% below the official figure on sealed surface published by Statistics Norway.
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The results indicate that the statistics provided by HRL IMD is biased because the
omissions of sealed surfaces in rural areas were larger (in absolute terms) than the inclusion
errors in built-up areas. It is reasonable to expect that the ratio between built-up and natural
land, along with the zoning structure has an impact on the bias and that the errors may be
more balanced in regions with more built-up land. Still, bias is present and further work
is needed to improve the model used in the production of HRL IMD, aiming to reduce or
even eliminate the bias.

The Copernicus land monitoring services (CLMS), including HRL IMD, are stan-
dardized products covering all of Europe, but the quality and accuracy are likely to vary
across the continent. The products can still be valuable for comparative studies. Time
series can provide useful information on changes, provided that the errors are randomly
distributed [43]. Authors have also found the products useful for comparing locations, as
in the comparative study of suburban patterns in the Barcelona and Milan [44] and as a
tool to decompose less detailed data sets, such as CORINE Land Cover [45,46].

The findings from the current study can be used to improve the interpretation and
understanding of the product. The user should be aware that bias is present in the material
and understand how the errors are distributed between land systems when the results
are interpreted. Accuracy assessment and verification studies from various subregions of
Europe are therefore needed to establish product credibility when HRL IMD and other
CLMS data are incorporated into decision systems, especially at local administrative
levels [47]. Interpretative studies of the data provided by the Copernicus land monitoring
services should therefore be an integral part of the program.

The within-pixel sampling strategy used in the study was found suitable for assess-
ment of imperviousness. It is probably also appropriate for assessment of other binomial
proportions. The study did, however, reveal challenges that require further methodological
studies and development. This was linked to the use of systematic random sampling
within pixels.

A systematic sample inside each pixel is easy to work with and is known to produce
more accurate estimates than a simple random sample when spatial autocorrelation is
present. The improvement in accuracy does, however, go unnoticed unless the status
and location of each sample point inside the pixel is recorded and an appropriate method
is applied to estimate the accuracy. These methods exist but functional tools must be
developed. Further research is also needed to help determine the optimal sample sizes at
the different stages of a survey.
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Abstract: Vicarious calibration is a well-developed method for electro-optical (EO) sensor calibration
that has been used since the early 1980s. The radiometric calibration of reflectance solar band is mainly
applied to reflection inversion. In this paper, a radiometric calibration-reflectance inversion (RCRII)
model is proposed as an improved vicarious calibration method. Taking the reflectance of grayscale
targets with constant spectrum, suitable uniformity, and near-Lambertian characteristics as the known
information, the grayscale target calibration is realized, and the initial value of calibration coefficient
and offset are calculated. Then, the adjacency effect is evaluated and corrected by reflectance inversion,
and the results are fed back to the calibration process to realize the iterative process of calibration
inversion rescaling. The results indicate that the absolute difference between the reflectance calculated
with the RCRII model and measured reflectance is less than 0.01. By comparing with Sentinel-2A
images, it is cross-verified that the difference of radiance between them is within 4%, and the absolute
reflectance difference is less than 0.01, in the range of 0.1~0.3 reflectance.

Keywords: remote sensing; radiometric calibration; vicarious calibration

1. Introduction

On-orbit calibration has the advantage of being performed under true flight conditions,
rather than simulated flight-like conditions. The goals of on-orbit calibration are to measure
parameters that cannot be measured on the ground, maintain calibration throughout
a sensor’s operational lifetime, quantify calibration uncertainty, and update calibration
coefficients, if necessary, to meet measurement requirements [1]. It has been proven that the
sensor response is affected by long-term attenuation and short-term fluctuation, particularly
in the orbital environment during the on-orbit periods; if the calibration results are not
continuously updated, it may lead to large errors [2,3]. On-orbit calibration includes
onboard calibration, vicarious calibration, and other methods. Vicarious calibration can
accomplish radiometric calibration based on actual Earth scenes, in order to realize a series
of applications, such as reflectance inversion.

In recent years, scientists have developed a variety of solutions to effectively improve
the calibration frequency and accuracy. For example, the Working Group on Calibration and
Validation of the Committee on Earth Observation Satellites (CEOS-WGCV) has worked
to establish a radiometric calibration network (RadCalNet). RadCalNet is a network of
sites that can be used to compare different satellite sensors to each other and a common
reference. It is based on the reflectance-based approach, with continuous deployment of
automated instrumentation that is calibrated traceably to SI, as well as with known and
peer-reviewed uncertainties [4,5].
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In addition, pseudo-invariant site calibration realizes the high-frequency calibration
of optical satellite sensors through the cross-calibration of MODIS, VIIRS, Landsat 8, and
Sentinel 2 equipped with on-board calibration components. Due to the high reflectance
of the on-board calibration diffuser, on-board calibration is usually realized at the high
end of the sensor response, which is difficult for achieving high-precision calibration in
the full dynamic range, and the low end of the response is a lack of verification. For
example, although Landsat satellites have good consistency in at-sensor radiance/apparent
reflectance, there are great differences in surface reflectance [6]. In addition to the influence
of atmospheric aerosols, the sensor radiation response model (possibly with sensor offset)
will be another potential reason. Therefore, full dynamic range high-frequency radiometric
calibration is particularly urgent and important [7]. Based on the above reasons, full
dynamic range and high-frequency calibration method based on grayscale targets are
studied in this paper.

Continuous improvement of the spatial resolution of optical remote sensors enables
on-orbit radiometric calibration based on grayscale targets. Robert E. Ryan of the NASA
Stennis Space Center proposed a simplified approach to radiometric calibration. This new
technique uses two neighboring uniform ground target areas with different reflectance val-
ues. For each target area, the radiance leaving the ground in the direction of the satellite is
measured with a radiometrically calibrated spectroradiometer. Using the radiance measure-
ments from the two targets, atmospheric adjacency and scattering effects can be subtracted.
However, offsets, such as the dark current, atmospheric path radiation, and environmental
radiation, are deducted as a whole, and each item cannot be separately determined.

In contrast, with remote sensor spatial resolution improvement, the adjacency effect
has increasingly become one of the influencing factors that cannot be ignored. The adjacency
effect is the image blur phenomenon caused by the entrance pupil of the remote sensor after
atmospheric multiple scattering. The higher the remote sensor spatial resolution and larger
the aerosol optical thickness are, the more serious the adjacency effect [8]. To date, the
common adjacency effect correction methods include the Monte Carlo method and Fourier
transform of the modulation transfer function (MTF) method [9], which are mostly used
in atmospheric correction models. In addition, there has been much research regarding
the adjacency effect based on three-dimensional radiative transfer. However, due to the
massive computational efforts required to run three-dimensional radiative transfer codes,
sophisticated atmospheric correction algorithms have not been pursued extensively [9].
Additionally, assuming that the surface and atmosphere are uniform in space, as well as
only the vertical changes of atmospheric optical properties, the one-dimensional radiative
transfer method implicitly explains the modeling of adjacency effect [10].

Based on the above, a radiometric calibration reflectance inversion iteration (RCRII)
model is proposed in this paper. Firstly, the calibration coefficient and offset of the sen-
sor can be calculated by using the multi-grayscale target calibration method. Then, the
calculated parameters are substituted into the image for reflectance inversion, in order to
evaluate the influence of adjacency effect. Finally, the results are fed back to the calibration
process, so as to realize the radiometric calibration-reflectance inversion iteration method,
which provides a new method for vicarious calibration.

The article is organized as follows: in Section 2, the RCRII model and data processing
flow are introduced. Choosing the Pakistan remote sensing satellite (PRSS-1) as an example,
the experimental data processing method is introduced in Section 3. In Section 4, PRSS-1
and Sentinel 2A are cross-verified and reflectance inversion verified, respectively, and their
differences are compared. Finally, conclusions are provided in Section 5 and 6.

2. Radiometric Calibration-Reflectance Inversion Iterative Model
2.1. Radiometric Calibration Model

According to the atmospheric radiative transfer model, radiation information at the
entrance pupil of the satellite sensor is shown in Figure 1, which mainly comprises the
intrinsic atmospheric radiance, solar radiation reflected by the surface and directly transmit-
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ted from the surface toward the sensor, and contribution of the environment, which reflects
the total (direct and diffuse) downward flux. Photons reach the sensor via scattering.

Sun

Atmospheric
Path
Radiation

—_——_—— — —_—— = —_—— — —

—— e — = —— — — — —Atmosphere

Environment
Radiation

Radiation

Diffuse
Sky
Radiation

Multiple
Scattering,

Surface

Figure 1. Schematic diagram of sun, target and sensor’s reciprocity.

Assuming that the surface is uniform, the apparent reflectance collected by the optical
sensor can be expressed as:

p* = Tyloa + 72— T(0:)T(6)] M
—sp
where p is the surface reflectance, T is the gaseous absorption transmittance, p, is the
path reflectance resulting from photons that never interact with the surface, s is the
spherical albedo of the atmosphere, T(6;) is the sun-to-ground total transmittance, i.e.,
T(6s) = e /M 4 ty(6s), T(6,) is the ground-to-sensor total transmittance, i.e.,
T(68,) = e /¥ + t4(6,), e ™/Fs is the sun-to-ground direct transmittance, t;(6s) is the
sun-to-ground diffuse transmittance, e~7/#* is the ground-to-sensor direct transmittance,
and t4(6y) is the ground-to-sensor diffuse transmittance.
When placing grayscale targets with different reflectance values as reference tar-
gets, considering that the target reflectance is inconsistent with that of the background,
Equation (1) can be rewritten as:

6) .
p" = Te{pa + 1 7(6.) le™ ™Moo, +t4(8,) < p >} ()

—s<p>
where p; is the target reflectance, and < p > is not only the background reflectance but
also the equivalent environmental reflectance affected by atmospheric multiple scattering,
related to both the environmental and target reflectance. In the second simulation of the
satellite signal in the solar spectrum (6S) radiative transfer model [11], the environmen-
tal function F(r) is used to characterize the contribution of the target reflectance to the
background, which can be calculated as:

<p>=F(r)ot + (1 —F(r))pe 3)

where p. is the environmental reflectance, r is the target radius.
Combined with the camera radiometric calibration model DN = A - p* + DNj, where
DN is the camera digital number, DNj is the camera offset, and A is the reflectance
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calibration coefficient, it can be seen that the equation between the target reflectance and
camera digital number is as follows:

DN = ATS%

_ T(65)
/o AT s
<0 Se ot + ATglpa + 1

?Dtd(gv) <p>]+DNo (4

Then, based on the linear regression between the target reflectance and digital value,
the slope and intercept of the regression equation can be expressed as follows:

_ T(GS) —7/ o
K—ATgl_s<p>e : (5)
T(6s)
b= ATg[ps + ﬁtd(%) < p>]+ DN (6)

where K is the slope of the linear regression, and b is the intercept of the linear regression.

Another consideration here is that, as mentioned above, the equivalent environmental
reflectance is related to the target reflectance. Then, for different reflectance targets, the
equivalent environmental reflectance cannot be regarded as a constant, which may lead to
nonlinear error. This phenomenon will be analyzed later.

When comparing the grayscale target calibration method to the traditional vicarious
calibration method, the following two points should be considered:

(1) When the calibration experiment is conducted at a uniform site, it is necessary to
mark the position of the measurement area to obtain the digital number of the correspond-
ing area in the image [12]. The grayscale target is small, easy to identify, and exhibits a
suitable uniformity. This approach reduces the random measurement error in the process
of reflectance linear regression, and the measurement accuracy is, thus, generally higher
than that of the traditional vicarious calibration method.

(2) When the sensor observes the Earth, there may occur nonlinear, stray light, or
dark current issues. The single-point calibration method can hardly eliminate this factor.
Assuming that the offset is 0, the site with low reflectance will lead to a large error in the
calculated calibration coefficient. Based on grayscale targets, the calibration coefficient and
offset can be calculated according to the slope and intercept equation.

2.2. Reflectance Inversion Model

Based on Equations (5) and (6), the initial values of the reflectance calibration coeffi-
cient A and offset DNy can be obtained. When these values are applied to the image, the
apparent reflectance of the whole image can be obtained. The surface reflectance of the
image area can be determined through reflectance inversion. Based on the 6S atmospheric
correction model and adjacency effect analysis, a reflectance inversion model is proposed
in this paper. The inversion steps are as follows:

(1) Inregard to atmospheric absorption and atmospheric path radiation correction of the
apparent reflectance image, Equation (2) can be rewritten as:

pj _ _ T(GS) —T/ 1o T(QS)
T, P T s<pst Pt ptal®) <e> @)
g
(2) Choosing any pixel as the target, the reflectance of each pixel can be calculated
as follows:

p* 1 p* s ta(6y)
— (£ S <p> 8
pt (Tg pu)T(Qs)e_T/V” [(Tg pﬂ)T(gs)e_T/‘uv e_T/]/lv] p ( )

where the target reflectance p; and equivalent environmental reflectance < p > are un-
known parameters.
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Assuming that the selected area is a uniform region, the initial reflectance value can
be computed according to Equation (1):

ox
o T, ~ Fa
Puniform T(05)T(8) + (% ~pa)s

©)

where ;i form is the initial environmental reflectance value of each pixel.
Then, the target reflectance of each pixel can be calculated according to Equation (8):

p* 0%

T, ~ Pa (T —pa)s t4(6,)
0_ _Ts o\ (6, ' "
t T(Qs)e*l’/}lv [T(Bs)efr//"v + eiT/yv]pumform (10)

where pgo) is the initial value of the target reflectance of each pixel.

However, in reality, most of the images are not uniform, that is, p; # p.. In the above
assumption, each pixel is calculated as a uniform scene, that is, p; = p,, which will make the
initial value of high reflectance higher and initial value of low reflectance lower, providing
a basis for the next step.

The equivalent environmental reflectance can be regarded as the mean of all reflectance
within a certain range around the target reflectance. Therefore, the equivalent environmen-
tal reflectance can be estimated as the average reflectance of the area:

<l 0= L T T 0 an
0,10 =— ,
(N+1)% e N/2 neno N /2 '

where (1, ng) is the target pixel coordinate, < p(myp, ng) >(0) is the initial value of equiv-
alent environmental reflectance, (1, 1) is the coordinate of any pixel within the area of

(N+1) x (N+1),and p(m, n)fo) is the initial value of target reflectance corresponding to

(m, n), that is, t(o) is calculated by Equation (10).
P y Eq

In the previous step, it was mentioned that the assumption of uniform background
will lead to the calculation error of reflectance. In this step, the average calculation of
equivalent environmental reflectance will effectively eliminate this error and make the
calculated equivalent environmental reflectance close to the real value.

Then, we use the equivalent environmental reflectance obtained in the previous step
and substitute it into the calculation equation of the target reflectance (Equation (10)), in
order to obtain a more accurate target reflectance, and then substitute the target reflectance
into Equation (11) to obtain the equivalent environmental reflectance. After g repetitions,
the equation can be expressed as follows:

T(0s)e~ "/

(% B Pa)S td(ev)
T(0s)e /1o~ e~ T/Mo

plm,m)) = - | < plmm >0 2)
The principle of this step is that all pixels in the region are not only targets, but also
components of the environment. Each pixel is involved in the calculation of both the target

and equivalent environment reflectance.
When ‘ p(m,n) & _ p(m, n) €~V | < 0.001 is satisfied, the iteration process is stopped

to obtain the reflectance of each pixel.

In the above process, there is still a problem. Inversion is for all pixels in the area.
When the (N + 1) x (N + 1) area is selected as the inversion object, as described above,
Equation (11) can be applied to calculate the central pixel when calculating the equivalent
environmental reflectance. However, when other pixels are used as the target pixels, a
large enough environment cannot be selected to calculate the equivalent environmental
reflectance. This means that, for the inversion area, it needs to be at least doubled to meet
the demand of reflectance calculation accuracy of each pixel in the (N + 1) x (N + 1) area.
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This problem needs to be viewed in combination with the adjacency effect. For most land
surfaces, the effective horizontal range of adjacency effects is approximately 100~500 m [13-15].
Based on this range, the effective influence distance of the adjacency effect is selected as
N pixels (the distance is N multiplied by the ground sampling distance (GSD)), which is
expanded once, namely, the (2N + 1) x (2N + 1) area centered on the target pixel is selected
in the image to calculate the reflectance of the (N + 1) x (N + 1) area.

(3) Calculation of the equivalent environmental reflectance

After calculating the reflectance of each pixel according to the above steps, it is still
necessary to quantitatively analyze the influence of adjacency effect. As described in
Section 2.1, the 65 radiative transfer model proposes to characterize the contribution of the
target pixel to the environment by the environment function F(r), which means the sum of
the environment weighting factors of each pixel in the surrounding area is relative to the
target pixel [11]. The equivalent environment reflectance is the sum of the product of the
reflectance of all surrounding pixels and their corresponding weighting factors.

If the selected inversion area is large enough to cover all the environmental pixels
affected by the target, the sum of the environmental weighting factors should be 1. However,
in fact, this condition is often difficult to achieve, so it is necessary to evaluate the total
weight of the region, in order to calculate the equivalent environmental reflectance.

Therefore, in this step, the weighting factor corresponding to each pixel in the region
is calculated (Equation (13)) and combined with the environmental reflectance obtained in
the previous step to calculate the equivalent environmental reflectance (Equation (15)).

The sum of weighting factors q(m, n) in the (N + 1) x (N + 1) area is:

mo+N/2  ng+N/2
qimmn) =Yy, Y. (AF(n) (13)

m=my—N/2n=ny—N/2

where AF(r) is the weighting factor of the pixel (m, n) at ¥ km from the central pixel (1,
np), and its functions are derived from the environmental function F(r) in the 6S radiative
transfer model (subroutine ENVIRO):

_ GSD AFRiR + AFALY
- ' R A
271\/(711 —mg)? + (n —ng)? t Tt

(14)

where AFR is the Rayleigh weighting factor, tX is the Rayleigh upward diffuse transmittance,
AFA is the aerosol weighting factor, and #4 is the aerosol upward diffuse transmittance.
In the 6S radiative transfer model, F(r) is integrated by the weighting factor of the
circle at the distance from the target r km. Considering the weighting factor corresponding
to a pixel at the distance from the target r km, the weighting factor of this pixel is the

product of its proportion in the circle (i.e., Py — )E2)+(n no)z) and the circle weight factor

Qe APth+APAtd)
T B

Thus, the equivalent environmental reflectance can be expressed as follows:

1 mo+N/2  ng+N/2

(o(m,n) - AF(r)) (15)

m=my—N/2n=nyg—N/2

<P == Gy

Then, the surface reflectance can be obtained as:

~ Pa (% — Pa)s t1(60)
p(mo, o) = T(0s)e—/Fo [T(es)efr/uv — ) < plmo o) e (16)

Finally, the reflectance of each pixel can be calculated.
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2.3. Radiometric Calibration-Reflectance Inversion Iterative Model

In the above process of reflectance inversion, it is worth noting that the equivalent
environmental reflectance is obtained by analyzing the adjacency effect of the inversion
region. In the calibration process, this is difficult to achieve, because it is impossible to
measure a large area point by point. Based on this, this paper proposes a RCRII model
that combines radiometric calibration and reflectance inversion in overall iteration. The
iteration steps are as follows:

(1) Radiometric calibration is conducted for the grayscale target area, and initial values
of the calibration coefficient and dark current are calculated.

(2)  The reflectance inversion model described in the above section is applied to the same
image to obtain the surface reflectance.

(3) The equivalent environmental reflectance of the target area is determined with the
retrieved surface reflectance and substituted into the calibration equation. The cali-
bration coefficient and dark current are again calculated, and reflectance inversion is
again performed. The iteration process is repeated a certain number of times until
the relative difference between the calibration coefficient and previous iteration result

is less than 1%.. Notably, for ’A(g ) — Alg ’”’ < 0.001 - A®), the iteration process is
terminated. A model flow chart is shown in Figure 2.

In the calibration experiment, when the grayscale target placement site is a uniform site
or relatively uniform background, the approximate value of the environmental reflectance
can be obtained via site measurement. However, when the experimental area is a complex
environment, the environmental reflectance cannot be acquired. Only the image count
value near the target area can be used to estimate the environmental reflectance; the
diffuse-to-global irradiance ratio can be obtained with the irradiance-based method to
calculate the calibration parameters. The calibration inversion iterative model adopts the
calculated calibration coefficient as the initial value, combined with multiple iterations of
the reflectance inversion model, to increase the calibration accuracy.
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Figure 2. RCRII model flow chart.

3. Experiment and Data Analysis

Pakistan remote sensing satellite (PRSS-1) was successfully launched at China Jiuquan
Satellite Launch Center on 9 July 2018. PRSS-1 is equipped with two panchromatic multi-
spectral high-resolution cameras (PMS cameras), with pixel resolutions of 1 m panchromatic
and 3 m multispectral, respectively. The camera type is TDICCD push broom type, and the
imaging method is linear array push broom imaging, with a single width of about 30 km.
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The width of two cameras after splicing is better than 60 km. The design life is 7 years [16].
The spectral response function of the multispectral camera is shown in Figure 3.
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Figure 3. Relative spectral response of PRSS-1 multispectral camera.

3.1. Experimental Data Measurement

The Dunhuang radiometric calibration site is located 15 km west of Dunhuang City,
Gansu Province, China. The surface reflectance at this site is stable, and the atmosphere is
dry and clean. In August 2018, grayscale targets with reflectance levels of 5%, 20%, 40%,
and 60% were placed at the site, and a calibration test was performed in regard to the
high-spatial resolution multispectral camera of PRSS-1. The target placement area at the
site is greater than 10 x 10 pixels, and an average value of 3 x 3 pixels at the center was
chosen for calibration calculation to avoid the influence of the camera modulation transfer
function (MTF). Recorded on 18 August 2018, the site test photo, obtained images, and site
measurement parameters are as follows (Figures 4-6).

Figure 4. Site test photo.
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Figure 5. Multispectral image of the target area on 18 August 2018 (band 1).
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Figure 6. (a) Measured ground reflectance of the multi-grayscale targets on 18 August 2018 (overpass
time: 12:28). (b) Aerosol optical depth on 18 August 2018.

The acquired image has been relatively calibrated, so the response inconsistency will

not be discussed in this paper.

The spectral reflectance of the target and Gobi areas was measured with an ASD spec-
troradiometer and calibration panel at the time of satellite overpass. With the calibration
panel, the bidirectional reflectance factor (BRF) and directional hemispherical reflectance
(DHR) were determined in the laboratory, which were used to correct the solar illumination

angle of the measured reflectance.
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3.2. Calibration Calculation and Reflectance Inversion

Based on the calibration slope and intercept equation mentioned in the previous
section, the measured ground reflectance of the emplaced targets was linearly regressed

with the corresponding image digital numbers, as shown in Figure 7.
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Figure 7. Linear regression curve between the measured ground reflectance of the multi-grayscale
targets, and the corresponding image digital numbers on 18 August 2018; (a—d) show blue, green,
red, and NIR bands.

Based on the measured data, the downward direct transmittance calculated with the
65 radiative transfer model was compared to the measured result of the solar photometer,
and the transmittance difference remained within 0.015, as shown in Figure 8.

Combined with the above data and Equations (5) and (6), initial values of the cali-
bration coefficient and offset could be obtained. According to Equation (6), the offset in
the four bands ranged from 30~50 counts. If this parameter was not deducted and the
calibration coefficient directly calculated with the uniform site calculation Equation (2), this
may lead to a large difference in the calibration coefficient, which is also related to the low
reflectance of the Gobi.

As described in the above section, the RCRII model was used in the test area. Consider-
ing the spatial resolution of the camera and influence of adjacency effect, 1023 x 1023 pixels
(corresponding to the (2N + 1) x (2N + 1) area, mentioned in the previous section, i.e.,
N = 511) area with 60% of the target center as the central pixel is selected. After applying
the RCRII model, the calculated equivalent environmental reflectance was substituted
into the calibration equation for calculation purposes. After multiple iterations, the final
calibration coefficient, offset, and surface reflectance results could be obtained.
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Figure 8. Comparison of transmittance between sun photometer measurement and 6S calculation on
18 August 2018.

The measured reflectance (that is, the reflectance measured with ASD during calibra-
tion mentioned in “Experimental Data Measurement” in Section 3.1), reflectance obtained
by directly applying the initial value of the calibration coefficient (i.e., the constant cali-
bration method), and reflectance obtained by applying the RCRII model of 60% target are
compared, respectively. The results are as follows (Table 1).

Table 1. Comparison of the 60% target reflectance results.

No Model Used RCRII Model Used
Measured : .
Reflectance Inversion Absolute Inversion Absolute
Reflectance Difference Reflectance Difference

Band 1 0.599 0.591 0.00756 0.597 0.00220
Band 2 0.626 0.619 0.00657 0.623 0.00224
Band 3 0.629 0.623 0.00654 0.626 0.00356
Band 4 0.606 0.598 0.00737 0.600 0.00560

In Table 1, “No modal used” means that the calibration coefficient calculated by
linear regression (i.e., the initial value of the calibration coefficient in the model) is directly
used in the reflectance inversion model without the radiometric calibration-reflectance
inversion iteration.

In summary, the absolute difference between the inversion results and measured data
remained within 0.01. Additionally, it is worth emphasizing that the adjacency effect was
greater at the short wavelength and smaller at the long wavelength, which is consistent
with the inversion results. In band 4, due to the decrease of adjacency effect, there was
almost no difference before and after the application of the model.

4. Method Application

In the previous section, by comparing the measured reflectance with the inversion
reflectance before and after the application of the model, it can be proven that the calibration
coefficient obtained by the application of the model can correct the adjacency effect. The
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apparent reflectance image can be obtained by applying the calibration coefficient obtained
in the previous section to PRSS-1.

In this section, it is planned to cross-verify PRSS-1 and Sentinel-2 satellites, compare the
difference of their at-sensor radiance, and compare the difference of ground reflectance through
the application of reflectance inversion model, so as to evaluate the calibration accuracy.

Sentinel-2 is an Earth observation mission of the Copernicus Programme that system-
atically acquires optical imagery at a high spatial resolution over both land and coastal
waters [17-19]. To achieve the goal of observation missions and improve the timeliness of
observation data, Sentinel-2 comprises the Sentinel-2A and Sentinel-2B satellites. Through
networking and collaborative observation, Sentinel-2 can realize high-frequency Earth
observation with a revisit cycle of five days. Sentinel-2 provides 13 spectral channels,
covering visible near-infrared to shortwave infrared bands. Visible near-infrared mainly
includes four bands, namely, B2, B3, B4, and B8, with a spatial resolution of 10 m. The
spectral response function is shown in Figure 9.
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Figure 9. Sentinel-2A relative spectral response.

To verify the reliability of the proposed model, cross-validation and reflectance
inversion were conducted with the Sentinel-2A and PRSS-1 image data obtained on
18 August 2018. The imaging time difference between these satellites was less than 10 min,
and the weather was good on that day. The aerosol optical depth for 550 nm was 0.0936.
The observed zenith angle was lower than 10 degrees.

The central wavelengths of the Sentinel-2A and PRSS-1 visible near-infrared bands
are as follows (Table 2).

Table 2. PRSS-1 and Sentinel-2A band center wavelength (nm).

PRSS-1 Band/Sentinel-2A Band PRSS-1 Sentinel-2A
Band1/Band2 496.165 492.437
Band2/Band3 557.375 559.849
Band3/Band4 664.622 664.622
Band4/Band8 823.127 832.794
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4.1. Top-of-Atmosphere Radiance Cross-Validation

The Gobi near the target is selected as the cross-validation object. Since the spectral
response functions of the two satellites are inconsistent, it is necessary to calculate the
spectral matching factor before cross-validation. The process is as follows:

(1) Using 6S radiative transfer model and field measurement parameters, the at-sensor
radiance of the two satellites Lgs_ g, Lgs—prssi is calculated, respectively; then, the
spectral matching factor can be obtained as the ratio of the two.

(2) Take the Gobi on the east side of the target as the crossing object; the PRSS-1 calibration
coefficient and offset obtained in the above section is used to calculate the at-sensor
radiance by Lprgs1 = ””—755 M. The at-sensor radiance of Sentinel-2A Lg, is
directly obtained from the L1C level image.

(3) The at-sensor radiance of PRSS-1 Lprssi—cross is converted by spectral matching factor

and compared with Sentinel-2A.

According to the above process, the results are as follows (Table 3).

Table 3. Cross-validation results of PRSS-1 and Sentinel-2A.

PRSS-1 Spectral Matching L L Relative
Band/Sentinel-2A Band Factor PRSS1-cross 52 Deviation (%)
Band1/Band2 1.019 101.945 101.040 0.892
Band2/Band3 1.028 103.742 100.241 3.432
Band3/Band4 1.038 97.504 94.385 3.251
Band4/Band8 1.000 67.611 65.427 3.283

The results of cross-validation show that the difference in radiance between PRSS-1
and Sentinel-2A is within 3.5%.

4.2. Reflectance Inversion Verification

It can be seen from Table 2 that the spectrum and bandwidth of these two satellites are
inconsistent, but the central wavelengths are similar. Theoretically, it is necessary to reconstruct
the reflectance obtained via inversion and then compare the results. However, according to the
spectra of the selected three areas (Gobi, grassland, and water areas), the absolute difference in
reflectance, due to the inconsistency in spectral response functions between Sentinel-2A and
PRSS-1, should occur within 0.005. Therefore, the reflectance inversion results were directly
compared here. A water/Gobi area with the Dunhuang Gobi as a uniform background and
water/grassland area with Dunhuang City, as a complex environmental background was
selected. The selected area images (from PRSS-1) are as follows (Figures 10-13).

(a) (b)

Figure 10. (a) Select Water1 area (in the red box) and its surrounding environment (Gobi background);
(b) enlarged Water1 area (the area is about (76.48 x 128.06) m?).
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(a) (b)

Figure 11. (a) Select Gobi area (in the red box) and its surrounding environment; (b) enlarged Gobi
area (near the target).

(a) (b)

Figure 12. (a) Select Grassland area (in the red box) and its surrounding environment (urban
background); (b) enlarged Grassland area (the area is about (63.57 x 112.09) m?).

(a)

Figure 13. (a) Select Water2 area (in the red box) and its surrounding environment (urban back-

ground); (b) enlarged Water2 area.
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Using the Sentinel-2 L1C level image, the obtained apparent reflectance was input
into the reflectance inversion model proposed in this paper, so as to obtain the ground
reflectance results. It was compared with the ground reflectance results of PRSS-1, which
was directly applied to the RCRII model. These results are shown in Figures 14 and 15.
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Figure 14. Comparison of ground reflectance in different areas obtained by PRSS-1 using RCRII
model and Sentinel-2 using reflectance inversion model; (a-d) show blue, green, red, and NIR bands.

The inversion results of the Gobi area were compared to the measured values. It can
be seen from Figure 16 that the ground Gobi reflectance measured by ASD is compared
with the results of PRSS-1 using the RCRII model and reflectance inversion results of
Sentinel-2A. The result of PRSS-1 is closer to the measured reflectance. For reflectance
inversion, it should be more convincing to take the actual measured reflectance of the
site as the standard; however, due to the lack of measured data, only the comparison of
Gobi reflectance is given here. Considering that the difference of the inversion results of
Sentinel-2A is greater than PRSS-1, it is only for comparison and reference in the follow-up,
and quantitative analysis will not be carried out.

According to the above results, the reflectance retrieved by Sentinel-2A and PRSS-1 was
close in the Gobi and grassland areas, and the difference remained within 0.01. However,
there occurred a large reflectance difference in the two selected water areas. The reflectance
retrieved by Sentinel-2A in the water area was obviously high, and a 3~4% reflectance
was obtained in the near-infrared band. Inversion of PRSS-1 in the Water] area yielded
a negative value in the near-infrared band. There are many possible reasons for this
phenomenon, i.e., the model error of reflectance inversion, estimation error of offset, and so
on. Most importantly, too little data makes it difficult to obtain statistical results. Therefore,
the specific reason still needs further analysis and the determination of more data.
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Figure 15. Comparison of absolute difference of ground reflectance in different areas obtained by
PRSS-1 using RCRII model and Sentinel-2 using reflectance inversion model; (a-d) show blue, green,
red, and NIR bands.
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Figure 16. Comparison between the Gobi ground reflectance obtained by PRSS-1 using RCRII model
and Sentinel-2 using the reflectance inversion model and measured Gobi reflectance by ASD.
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5. Discussion

The RCRII model is mainly composed of two parts: radiometric calibration and re-
flectance inversion. For the radiometric calibration method, the grayscale target calibration
method is selected because the camera may have offset, which will lead to large errors
in the calibration of uniform site with low reflectance. The linear regression of multiple
reflectance targets can separate the target radiation from the non-target radiation (i.e.,
atmospheric path and environmental radiation), calculate the calibration coefficient with
the target radiation, and calculate the offset with the non-target radiation. However, the
multi-grayscale target calibration method needs to consider the influence of adjacency
effect. The actual measurement obviously cannot meet the requirements of adjacency
effect range, and it is difficult to measure point by point to quantify its influence. There-
fore, on this basis, the reflectance inversion model is introduced to form the radiometric
calibration-reflectance inversion iterative model in this paper. In addition, there are still
several problems to discuss.

In the third section, the selected area is centered on the 60% target, and the inversion
results of the 60% target are also discussed. However, for the multi-grayscale target method,
the most appropriate method should be to evaluate the combined errors of four targets
(60%, 40%, 20%, and 5%). The reason this is not achieved is due to the adjacency effect.
The influence of adjacency effect on target method is reflected in the variable of equivalent
environmental reflectance, which can be divided into two parts: the influence on the
linearity and nonlinearity of the target. This can be seen in Equations (5) and (6) in Section 2.
When we use the linear regression method to realize the target calibration, the influence
of adjacency effect on nonlinearity has been ignored. However, in fact, for targets with
different reflectance, the equivalent environmental reflectance is a variable. Back to the
original problem, in the application of the model centered on the 60% target, the evaluation
of the equivalent environmental reflectance is completely determined by the 60% target.
This assumption may lead to unexpected errors in other reflectance targets. Fortunately,
when the aerosol optical thickness is small, the error caused by this factor can be ignored
(this can be seen from the inversion error, but the difference can still be observed in the
model). However, when the aerosol optical thickness is large and adjacency effect is more
obvious, this error is difficult to ignore. Therefore, the model may need to improve this
part. However, it should be emphasized that, even if such errors exist in the model, it can
still effectively eliminate the adjacency effect.

Another problem is that, in the example provided in this paper, the target was de-
ployed under the background of a uniform site. In fact, in the principles described in
Section 2, there are no special requirements for the environment. In other words, this
model should be able to be implemented, even in complex environments. The difficulty of
complex environment lies in how to obtain the initial value of environmental reflectance to
calculate the initial value of calibration coefficient. This problem can be substituted into the
model by calculating the initial value of reflectance by selecting the mean value of the area
or obtaining the ratio of diffuse-to-global by irradiance-based method. Unfortunately, due
to the lack of data, it is difficult to prove this point at present. Try to substitute 0.5 and 0.01
as the initial values of environmental reflectance into the model, and still get good inversion
results; however, this fact is still difficult to prove its universality in complex environments.

In regard to the grayscale target calibration method, the uncertainty mainly originates
from two sources: (1) the target reflectance-image digital number fitting error, which can be
divided into the nonlinear error of the camera sensor, reflectance measurement uncertainty,
and uncertainty due to the inconsistent influence of the adjacency effect attributed to
varying target reflectance values; (2) the error in the radiative transfer model during
atmospheric parameter calculation.

Therefore, in addition to the above two factors and the measurement error of the
instrument, the influencing factors can be summarized as the calculation of the total
ground irradiance, measurement of the bidirectional reflection distribution function (BRDF)
of the target, calculation of the upward atmospheric transmittance, and adjacency effect.
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The uncertainty of the total ground irradiance mainly comes from the radiative transfer
model, and the uncertainty of the radiative transfer model mainly comes from the assump-
tions of the aerosol model and calculation of the solar irradiance. Therefore, it is considered
that the uncertainty is less than 3%. The grayscale target has the characteristics of constant
spectrum and near-Lambertian. Therefore, it is considered that the BRDF measurement
uncertainty is less than 2%. The uncertainty of upward atmospheric transmittance mainly
comes from aerosol scattering. The parameters in radiation transmission can be calculated
by using the Langley method to calculate the atmospheric optical thickness measured by
the sun photometer. The uncertainty of atmospheric optical thickness measurement mainly
comes from the calibration of the sun photometer, and the measurement uncertainty is less
than 2%.

To sum up, compared with the conventional calibration methods, we expect to use the
RCRII model to calculate sensor offset, improve the reflectance measurement accuracy, and
quantitatively analyze the impact of adjacency effect, so as to improve calibration accuracy.
A preliminary assessment of the uncertainty of this method is made, as shown in Table 4.
This part will be further analyzed later.

Table 4. Uncertainty analysis for the vicarious calibration using RCRII model.

Uncertainty Factors Relative Uncertainty (%)
Calculation of total ground irradiance 3.0
Target BRDF measurement 2.0
Calculation of upward transmittance 2.0
Adjacency effect calculation 1.0
Others (geometric factors, etc.) 1.0
Comprehensive uncertainty 44

6. Conclusions

Radiometric calibration and reflectance inversion are usually independent processes.
Generally, calibration is followed by reflectance inversion. In this paper, a general iterative
model for radiometric calibration-reflectance inversion, based on the 6S radiative transfer
method, was proposed. The two processes of radiometric calibration and reflectance in-
version were combined, and calibration and inversion of the same image were repeated
in an iterative process to improve the accuracy. The equivalent environmental reflectance
calculated with the inversion model was applied in calibration, and the calibration results
were again used for inversion. Via a comparison to the measured values in the calibration
experiment, calibration and inversion integration was achieved, and quantitative remote
sensing was preliminarily realized. With the use of the proposed model against the back-
ground of the Dunhuang uniform site, the results indicated that the difference between
the reflectance obtained with the established method and measured reflectance was less
than 0.01. By comparing with Sentinel-2a image, it is cross-verified that the radiance
difference was within 4%, and the difference between the inversion value and measured
value remained below 0.01 in the range of 0.1~0.3 reflectance, and the reason for the large
difference at a low reflectance was analyzed.

In fact, this model is more inclined to be applied in complex environments or situations
with large adjacency effects. However, due to the lack of data, it is difficult to prove this
now. The follow-up work will focus on this part.
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Abstract: The hyperspectral (HSR) sensors Earth Surface Mineral Dust Source Investigation (EMIT)
of the National Aeronautics and Space Administration (NASA) and Environmental Mapping and
Analysis Program (EnMAP) of the German Aerospace Center (DLR) were recently launched. These
state-of-the-art sensors have joined the already operational HSR sensors DESIS (DLR), PRISMA
(Italian Space Agency), and HISUI (developed by the Japanese Ministry of Economy, Trade, and
Industry METI and Japan Aerospace Exploration Agency JAXA). The launching of more HSR sensors
is being planned for the near future (e.g., SBG of NASA, and CHIME of the European Space Agency),
and the challenge of monitoring and maintaining their calibration accuracy is becoming more relevant.
We proposed two test sites: Amiaz Plain (AP) and Makhtesh Ramon (MR) for spectral, radiometric,
and geometric calibration/validation (CAL/VAL). The sites are situated in the arid environment of
southern Israel and are in the same overpass coverage. Both test sites have already demonstrated
favorable results in assessing an HSR sensor’s performance and were chosen to participate in the
EMIT and EnMAP validation stage. We first evaluated the feasibility of using AP and MR as
CAL/VAL test sites with extensive datasets and sensors, such as the multispectral sensor Landsat
(Landsat5 TM and Landsat8 OLI), the airborne HSR sensor AisaFENIX 1K, and the spaceborne HSR
sensors DESIS and PRISMA. Field measurements were taken over time. The suggested methodology
integrates reflectance and radiometric CAL/VAL test sites into one operational protocol. The method
can highlight degradation in the spectral domain early on, help maintain quantitative applications,
adjust the sensor’s radiometric calibration during its mission lifetime, and minimize uncertainties of
calibration parameters. A PRISMA sensor case study demonstrates the complete operational protocol,
i.e., performance evaluation, quality assessment, and cross-calibration between HSR sensors. These
CAL/VAL sites are ready to serve as operational sites for other HSR sensors.

Keywords: vicarious calibration; validation; cross-calibration

1. Introduction

Sensors, in general, and hyperspectral (HSR) sensors in particular, require periodic
radiometric and spectral calibration. Both the calibration and validation of orbital sensors
are critical processes in keeping their data reliable for thematic mapping during their
operational lifetime, which is especially important in the challenging space environment [1].
Moreover, both the spectral calibration and the sensor’s optics can degrade over time,
affecting the sensor’s spectral profile [2]. Thus, monitoring the spectral performance and
radiometric stability periodically throughout the sensor’s lifetime is important to ensure
accurate products [3].

With the recent launch of HSR sensors such as the Earth Surface Mineral Dust Source
Investigation (EMIT) of the National Aeronautics and Space Administration (NASA) [4]
and the Environmental Mapping and Analysis Program (EnMAP) of the German Aerospace
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Center (DLR) [5] into space, and the increasing number of HSR sensors already in orbit,
calibration of the following advanced sensors is vital for the high spectral resolution that
they provide: DLR Earth Sensing Imaging Spectrometer (DESIS); PRecursore IperSpettrale
della Missione Applicativa (PRISMA) of the Italian Space Agency (ASI); the spaceborne
hyperspectral earth imaging system (HISUI) developed by the Japanese Ministry of Econ-
omy, Trade and Industry and installed on the International Space Station (ISS) with the
collaboration of the Japan Aerospace Exploration Agency (JAXA) module; India’s Hyper
Spectral Imager (HySIS); and China’s Advanced Hyperspectral Imager (AHSI).

Technological advances have been made in the last decade, and the number of spectral
bands and spectral ranges has increased to cover most of the sun’s radiation. Yet, separating
the signals from noise to retrieve reliable physical data remains a complex procedure
and requires the maintenance of an accurate sensor and post-calibration process, which
is an ongoing challenge [6]. Aside from onboard calibration routines (such as partial-
aperture calibrators, standard lamps, and solar diffuser panels [7]), vicarious calibration
(VC) practices are important for examining and rectifying the sensor’s radiometric and
spectral response, and checking its geometric performance [8]. VC comprises techniques
that use natural or artificial sites for the post-launch calibration of sensors. It is a significant
part of any satellite’s lifetime, and space agencies and groups worldwide (e.g., the IEEE
P4001, the GEO, CAL/VAL Working Groups of Surface Biology and Geology (SBG) [9], and
the RadCalNet [3,10]) are investing much effort in the calibration/validation (CAL/VAL)
mission.

There are a few methods to apply VC using lunar views and bright stars, e.g., [11-14].
However, such targets are relatively low radiation sources [15], and they require high-risk
spacecraft-platform maneuvers [7]. Other VC methods use non-land earth targets, includ-
ing atmospheric Rayleigh scattering and gas absorption [16-19], and ocean sunglint [20].
However, the most common way to carry out VC is to use natural ground targets on earth,
such as a uniform bright playa [21], and snow and ice fields [22-24]. The VC is applied over
a well-known ground site that is stable in space and time. The measurement is conducted
during or close to the sensor’s overpass time, estimating the top of the atmosphere (TOA)
radiance at-sensor.

Aside from examining, and, in some cases, also rectifying a given sensor’s radiometric
performance, another important practice at VC sites is the cross-calibration of two sensors.
Cross-calibration uses data from a well-calibrated sensor to harmonize the information of
a less-well-calibrated sensor [25-27]. Cross-calibration is performed on a stable test site
(spatially, temporally, and spectrally) that is captured by the sensors at near-simultaneous
times [21]. The test sites are referred to as pseudo-invariant calibration test sites (PICS). The
main constraint of the cross-calibration approach is to find pairs of scenes for the calibration
between two sensors. This is not easy with multispectral sensors, and it is extremely
difficult with HSR sensors. Each HSR sensor has its own revisit cycle, and both need to
capture the test site without cloud coverage at approximately the same time (usually, up to
3 days apart [21], but for very stable targets, up to 6 days are considered [28]).

There are specific criteria to establish an area as a reliable CAL/VAL site. Radiometric
test sites must be uniform in terms of the spectral signal with nearly Lambertian reflectance
of the bright surface, have temporal stability over a large area, and be arid regions with
a low probability of clouds, scarce vegetation coverage, and a high spectral reflectance
(>0.3 for all bands) [24,29]. Spectral and thematic test sites need to have large pure tar-
gets with significant spectral signatures across the optical range, which are temporally
stable and monitored with frequent ground measurements. There are several radiometric
calibration sites worldwide that are recognized by the Committee on Earth Observation
Satellites (CEOS)/Working Group on Calibration & Validation (WGCV), and the Infrared
and Visible Optical Sensors subgroup (IVOS); six sites are located in the Sahara from Cos-
nefroy’s pseudo-invariant calibration sites’ list [30,31]. The four “RadlCalNet” radiometric
calibration test sites equipped with automated ground instrumentation that provides con-
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tinuous measurements of both surface reflectance and local atmospheric conditions for the
derivation of TOA reflectance are located in the USA, France, China, and Namibia [3].

Twenty-six years ago, Cosnefroy et al. [31] identified 20 desert sites in North Africa
and Saudi Arabia as the PICS for cross-calibration. In 2019, Bacour et al. [30] showed
that they are still relevant. However, the six Saharan sites (Algeria 3, Algeria 5, Libya 1,
Libya 4, Mauritania 1, and Mauritania 2) have one crucial disadvantage: they are logistically
difficult to reach, hindering ground-truth characterization [30].

Satellite images undergo a geometric correction process to connect the image to the
ground coordinates. There are various empirical and physically based approaches, and
each satellite platform implements its preferred method [32]. Geolocation accuracy affects
the quality of the final thematic product; as such, inspection and reporting on the spatial
accuracy are strongly needed.

One way to rectify distorted images is to measure ground control points (GCPs) in the
field from well-defined targets or high-resolution satellite images [33]. A few geometric
calibrations fields are dispersed worldwide, such as the Tsukuba test field in Japan, the
Finnish Geodetic Institute test field in Sjokulla, La Crau in France, and more. As with the
satellite platforms, each space organization uses its own preferred method. Zheng et al. [34]
suggested standardizing the geometric validation process and creating a unified test site
for all agencies. To that end, they evaluated the geometric accuracy of the SPOT-6, Pleiades,
ALOS, ZY-3, and TH sensors on the Xianning test field in China.

CAL/VAL test sites satisfying all of the calibration and inspection requirements are
highly needed, especially for the high-quality HSR sensors. We, therefore, proposed
two test sites that fulfill the CAL/VAL criteria to enable spectral, radiometric, geometric,
and thematic evaluations. The Amiaz Plain (AP) is a homogeneous bright-surface playa
(5 x 5 km) with high reflectance values (>0.4). Because vegetation is scarce and it is stable
in space and time, it is proposed for sensors’ radiometric evaluation and cross-calibration
(31°04'20.98"N, 35°22'14.83"E). Makhtesh Ramon (MR) is a unique site that is known for its
geological formations, and its abundance of many different minerals with distinct spectral
features across the 400-2500 nm region (30°36'35.23"N, 34°51'15.22"E). This area is perfect
for spectral and thematic validation. The test sites are close to each other (50 km) and very
easy to access using well-built roads for routine field measurements. They are situated in
the Israeli desert, with a dry climate. Since they are both nature reserves, the landscape
is undisturbed and preserved by park rangers. Furthermore, NASA’s AErosol RObotic
NETwork (AERONET) [35] station is located in”SEDE-BOKER”, 20 km from MR and about
45 km from AP.

In this study, we evaluated the characteristics of both test sites using recent HSR data
from airborne [36,37] and orbital sensors, accompanied by comprehensive ground-truth
and field studies, toward the development of a protocol to monitor the quality assurance
(QA) of the HSR data and their related processing chain from space.

2. Materials and Methods
2.1. Test Sites AP and MR

Two areas were selected for the VC sites: AP and MR, located in the south of Israel
(Figure 1a). AP is part of the Judean Desert Nature Reserve, and is located within a down-
faulted block of the western segment of the Dead Sea fault system that bounds it from the
west, and Mount Sodom bounds it from the east [38,39]. AP consists of a homogeneous
silty carbonate plain with an elevation of about ~260 m below mean sea level. MR is an
anticline formation with an eroded central valley occupying about 200 km?. The surface
valley elevation is about ~500 m above mean sea level, with steep walls that bound it. Itis a
natural geological park consisting of different geological formations with vast mineralogical
exposures, such as dolomite, calcite, kaolinite, hematite, gypsum, montmorillonite, and
more. Vegetation is scarce, and it has been widely documented in many geological and
ecological studies.
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Figure 1. Amiaz Plain (AP) and Makhtesh Ramon (MR) calibration/validation (CAL/VAL) test sites.
(a) AP and MR locations in Israel. (b) Work protocol flowchart.

2.2. Stability of the Test Sites

The most critical CAL/VAL site parameters are spatial and spectral stability over time.
To evaluate these parameters for AP and MR, we gathered time-series analyses of Landsat
images (Landsat-5 TM (TM5) and Landsat-8 OLI (OLI8)) over 20 and 25 years for AP and
MR, respectively. We checked that no rain events had taken place at least 4 weeks before
the overpass (this criterion was easily fulfilled due to the test sites” arid climate). For a fair
spectral comparison between the 2 different sensors (TM5 and OLI8), only 6 optical bands
were used in the analysis (TM5—bands 1-5, 7 and OLI8—bands 2-7). All images were
acquired during the summer season under dry conditions and clear skies. The spectral
angle mapper (SAM; Equation (2)) [40], an algorithm that determines the spectral similarity
between two spectra by calculating the angle between the spectra and treating them as
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vectors in a space with dimensionality equal to the number of bands; root mean square error
(RMSE; Equation (3)); and the average sum of deviations squared (ASDS; Equation (4)) [41]
were calculated between the t(0) and t(n) images, where n is the number of years after t(0).
Lower values indicate higher spectral similarity.

Ry = II;ttrz M)

SAM = cos ™! ( i1 RbniRIry; ) P)
\/Z?:l Rty? \/2?21 Rtry;?

RMSE — \/Z?_l(Rtt:iRtni)z, 3)

ASDS = w €Y

n

where Rr;, represents the ratio between the examined and reference spectra, Rt; is the
examined reflectance spectrum, Rtr, is the reference reflectance spectrum, and # is the
number of wavelengths used.

For the spatial examination, we used the “Change Detection Difference Map” method
in the ENVI 5.6 program to produce a change-classification image. The difference was
computed by subtracting the initial-state image from the final-state image, and the red
band (0.66 um) was selected for the analysis. For AP, t(0) = the year 2000 and t(n) = 2021,
and for MR, t(0) = 1996, and t(n) = 2021 (see Section 3.1).

2.3. CAL/VAL Protocol Flowchart

The AP test site was selected to evaluate the sensor’s radiance performance and conduct
the VC/cross-calibration. The sensor’s radiance calibration was evaluated by observing
the wavelengths of atmospheric water vapor and trace gases at the sensor’s TOA radiance
signal. The main absorbances for water vapor (H,O) are: 720, 820, 940, 1150, 1380, and
1870 nm; for oxygen (Oy): 680 and 760 nm; for ozone (O3): 550 and 650 nm; for carbon
dioxide (CO5): 2005 and 2060 nm; and for methane: 1660 nm and 2300 nm [30,42,43]. In
this study, the simulated TOA radiance transfer signal was obtained using the MODTRAN®
version 4 code [42,43], surface reflectance, and the precise atmospheric conditions measured
at the AERONET station in Sede Boker. The sensor’s TOA signal was compared to the
TOA radiance transfer model. Empirical indices—at-sensor radiance-to-reflectance ratio
(RAD/REF) and radiance-to-reflectance difference factor (RRDF) [44]—can also be operated
as QA indicators for radiance quality (see elaboration in our previous work [36]). We also used
this test site for cross-calibration between HSR sensors DESIS, PRISMA, and AisaFENIX (see
Sections 3.2.3 and 3.2.4).

MR was used for the spectral QA, validation of atmospheric correction, cross-calibration,
and geometric accuracy. The validation process was conducted on MR’s online database
obtained from comprehensive field measurements and precise airborne HSR AisaFENIX flight
products. It included thematic mineral maps of kaolinite, bentonite, hematite, goethite, calcite,
and gypsum, and auxiliary MR data, such as geology/geomorphology maps of the area,
slope, aspect maps, and a 3D elevation model (created from the SRTM 30 m resolution image
of NASA-JPL at a resolution of 1 arc [45]). All of the thematic information, including updated
field measurements, is uploaded into the cloud to be utilized by interested parties. Examples
of using this database to examine the mapping performance of HSR sensors DESIS and
PRISMA are demonstrated in our previous work [36,37]. The MR database is available at the
following link: https:/ /storymaps.arcgis.com/stories /bb5bf09ec7414454a012bfe9bf4b8545
(accessed on 11 October 2022) [46].

The main requirement for the reflectance validation test site is that the spectral response
be stable in space and time. Accordingly, 6 homogeneous test sites with unique spectral
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features across the sensor’s optical spectral range were used to evaluate the sensor’s spectral
calibration and to validate the sensor’s radiometric re-calibration. The test sites encompassed
targets with different spectral ranges: in the visible-near infrared (VNIR) spectral range of
400-1000 nm (Test Sites 1 and 2): 1. Brown questa, a sandstone enriched with iron oxides
such as hematite and goethite, with main spectral features at 420-600 nm and 900-1000 nm
(30°37'14.26"N, 34°50'32.13"E); 2. Laccolite mineral over a gypsum deposit, a gabbro mineral
of plutonic rock, and the laccolite is a very dark target with small absorbance between 800 and
900 nm, a low albedo value (<0.20), and a mostly monotonous signal from 1000 to 2500 nm
(30°36'12.23""N, 34°53'42.80"E); in the shortwave infrared (SWIR) 1 spectral range of 1450—
1800 nm (Test Sites 3 and 4): 3. Gypsum old mine with sulfate mineral deposits, and a
distinctive absorbance of gypsum in that range (30°35'42.24"N, 34°52'21.13"E,); 4. Soil
fans, also rich in gypsum (30°36/7.45"”"N, 34°53'37.08"E); for the SWIR2 spectral range of
2000-2500 nm (Test Sites 5 and 6): 5. Kaolinite old mine (clay mineral), main spectral feature
at 2200 nm (30°37'19.85"N, 34°510.77"E); 6. Calcite (carbonate) layer, main spectral feature
at 2340 nm (30°36/19.72"'N, 34°51'49.18"E). Figure 2 shows the average spectral signature
and photos of each MR validation test site.

1. Brown questa (BQ) -VNIR

400 600 800 10001200 1400 1600 180020002200 2400
Wavelength (nm)

4. Gypsum soil fans -SWIR1 —Calcite Gypsum mine— Brown questa

—Laccolite —Gypsum soil —Kaolinite

5. Kaolinite mine - SWIR2 6. Calcite - SWIR2

Figure 2. MR test sites. Different mineralogies and spectral signatures characterize the 6 test sites.
Spectral signatures are from the spectral library acquired using an Analytical Spectral Devices (ASD)
spectroradiometer.

To examine the sensor’s spectral accuracy, we compared the orbital sensor’s spectra
to those of the airborne AisaFENIX and the field ground-truth spectra measured by an
Analytical Spectral Devices (ASD) spectroradiometer at each test site. We considered
the highly accurate AisaFENIX data to be our benchmark in the validation routine. For
that purpose, we resized the AisaFENIX data cube to the sensors” spatial and spectral
configuration. The spectral similarity was calculated using SAM (Equation (2)) [40], RMSE
(Equation (3)), and ASDS (Equation (4)) [41]. Lower values indicated higher spectral
similarity, and the threshold values for good spectral calibration deduced from this study
were SAM < 0.1, RMSE < 0.05, and ASDS < 0.1.

In addition, the sensor’s geometric accuracy was evaluated by looking at time-series
images on well-formed geology targets and roads in MR images (200 points) along with
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field GPS measurements (see Section 3.2.5). The overall CAL/VAL protocol flowchart for
radiometric, spectral, geometric, and thematic assessment is given in Figure 1b.

2.4. Field Measurements

Ongoing field measurements have been carried out at both the MR and AP sites
since 2019. We followed the same field protocol at each test site, i.e., 6 MR VAL test sites
(Figure 3a) and the CAL test site in AP (Figure 3b), including GPS, spectral measurements,
soil sampling, and digital photos. An ASD FieldSpec® model FSP 350-2500 nm spectro-
radiometer was used for the spectral measurements in the field. The idea of the field
protocol was to simulate a pure 1 pixel of a 30 m spatial resolution sensor. At each test site,
approximately 32 points were taken along 30 m? (CAL and VAL), measuring the reflectance
and/or radiance. An X-shaped grid was used (Figure 3c), with 10 measurements for each
30 m line, and then another 12 randomly added measurements around this X shape. The
average of all 32 points represented the test site spectral signal (an example for AP is shown
in Figure 3d). The GPS coordinates were measured at both ends and the center of each line.

MR Test Sites LR
‘Lwdeadescmhonlofyoumap
. R
R, |

1 0.05

e
)

. 0.04
i i 0.03
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Reflectance

0.01

Standard Deviation

0 0
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Wavelength (nm)

Figure 3. Location of test sites in (a) MR, and (b) AP. (c) Field spectral measurement protocol; example
from the AP test site. (d) Average spectral signal (AVG, solid blue line) and standard deviation (SD,
dashed black line) for AP 30 x 30 cube.

In the case of a satellite with lower spatial resolution (for example, NASA’s EMIT
with 60 m resolution), we adjusted the grid measurements to simulate a larger pixel:
60 x 60, 90 x 90, etc. It is important to mention that the selected area for the ground-truth

158



Remote Sens. 2023, 15,771

measurement covered the most homogeneous flat terrain in the area to minimize any effect
of bidirectional reflectance distribution function (BRDF), and the standard deviation of the
average spectral reflectance was less than 5%. Table 1 summarizes the general information
for each test site (Figure 3(a,b)).

Table 1. Test site information.

. Altitude Area
Test Site Number (Meters Above Sea Level) (Square Meters)
MR Brown questa 1 521 28,241
MR Laccolite 2 469 17,262
MR Gypsum—old mine 3 498 81,473
MR Gypsum—soil fans 4 469 27,857
MR Kaolinite—old mine 5 502 356,531
MR Calcite 6 503 48,578
AP 7 —258 1,757,943

2.5. Cross-Calibration of HSR Orbital Sensors Using AP Site

Cross-calibration transfers the calibration of a well-calibrated sensor, referred to (in this
study) as the motherhood sensor, to a less-well-calibrated sensor. Radiometric calibration
is performed using the TOA radiance or TOA reflectance signal. The advantage of using
the reflectance values lies in reducing image-to-image variability; it removes the effect of
different solar zenith angles and solar irradiance due to the time difference between data
acquisitions. Each sensor has a different relative spectral response (RSR), which needs to
be normalized by a factor so that the reflectance can be compared. The simulated TOA
reflectance is calculated for each sensor by integrating the hyperspectral profile of the
surface with the sensor’s RSR at each wavelength, weighted by the RSR of the respective
sensor. The integral in the numerator calculates the amount of in-band reflectance acquired
in the respective RSR and is divided by the integral of the RSR of the sensor, so that
there is no gain/loss due to the filter response function. The spectral band adjustment
factor (SBAF) is computed from the ratio of the 2 respective simulated sensors’ reflectances
(Equation (5)). The SBAF is applied to the sensor’s original TOA reflectance for calibration
(Equation (6)) [21,26,28]. The HSR sensors used in the study were well-calibrated for
radiance, as determined by a prior examination conducted by both the space agencies and
the authors [36,37]. Moreover, the cross-calibration result (SBAF method) of PRISMA with
DESIS using the TOA reflectance did not result in any significant changes for PRISMA
(3.2% standard deviation between the original to calibrated PRISMA signal). This led us to
our next step, in which the SBAF method was applied on the surface reflectance (obtained
from ASI and DLR products) in a cross-calibration exercise for the atmospheric models
using AP as a PICS. Both PRISMA and DESIS level 2 atmospheric processors convert TOA
spectral radiance into spectral reflectance by using a multidimensional look-up table (LUT)
approach with MODTRAN code (6 for PRISMA and 5.4 DESIS). This stage is important for
judging the quality of the L2 products over two adjacent sites (AP and MR) spectrally and
thematically, to estimate how these two sensors perform together. For the purpose of this
exercise, the following parameters were applied to Equation (5):

| oXh RSR(M)dXx
P (M) _ JRSR(M)dx 5
P (a) " [ pXh RSR(A)dX ’ ®)
JRSR(A)dx

SBAF =

where RSR (M) and RSR (A) are the relative spectral responses for the reference (mother-
hood) sensor and the sensor to be calibrated; p (A) is the simulated reflectance for sensor A
to be calibrated; p (M) is the simulated reflectance for the well-calibrated sensor M; and
pAh is the accurate hyperspectral reflectance profile of the surface.
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()

where P’ (A) is the new reflectance for sensor A using the SBAF to match the reflectance of

sensor M.

We examined the AP site for cross-calibration, calibrating the PRISMA sensor with
DESIS and the AisaFENIX (see Sections 3.2.3 and 3.2.4). The “reflectance” used in this
study consisted of the average reflectance values of the AP scene obtained directly from

the sensor’s atmospherically corrected products.

2.6. Sensors’ Image Data

A list of the sensor images used in this study is summarized in Table 2. It includes
sensor parameters, the number of images, and the purpose of using the selected image.

Table 2. Sensors and images used in the study.

Sensor

Information

Number of Images

Purpose

Landsat 5 Thematic Mapper 5
(NASA /USGS)

Landsat 8 Operational Land
Imager (NASA /USGS)

PRISMA
PRecursore IperSpettrale della
Missione Applicativa
Italian Space Agency (ASI)

DESIS
DLR Earth Sensing Imaging
Spectrometer
German Aerospace Center
(DLR)

AisaFenix 1K

(HSR sensor
AisaFENIX—Specim, Spectral

Imaging Ltd.)

ASD FieldSpec
model FSP 350-2500 nm
(Model 3 and Model 4)

The Shuttle Radar
Topography Mission (SRTM)

7 bands, spectral range visible
(VIS)-SWIR 0.45-2.35 pm, 30 m
GSD (ground sample distance);

thermal infrared (TIR)
10.40-12.50 pm, 120 m GSD
11 bands, spectral range VIS-SWIR
0.43-2.29 um, 30 m GSD; TIR
10.60-12.51 um, 100 m GSD;
panchromatic 0.5-0.68 um
234 bands, range of 400-2500 nm,
30 m GSD; full-width half
maximum (FWHM) <12 nm, swath

30 km, sensor altitude 615 km

L1 TOA radiometric image, L2B
ground radiometric image, and L2D
atmosphere- corrected data cube.
Acquired from PRISMA’s website
235 bands, spectral range
400-1000 nm, 30 m GSD; FWHM
~3.5 nm, swath 30 km, sensor
altitude 400 km. L1C radiometric
georectified image and L2A
atmosphere- corrected data cube.
Acquired from DESIS EOweb
GeoPortal.

An airborne campaign using the

AisaFENIX 1K over MR and AP

was carried out on April 5, 2017,

covering the entire MR (200 km?)

area and AP (5 km?). 420 bands,
spectral range 375-2500 nm, 1.5 m

GSD; FWHM: VIS 3.4 (nm),

NIR-SWIR, 6.2 (nm), swath 1.8 km
Spectral range of 350-2500 nm with

2151 bands, with 3 nm and 8 nm
resolution for the VNIR and SWIR

regions

NASA-JPL at a resolution of 1 arc-s
(approximately 30 m) [45]

15

25 lines on MR
1 line on AP

Ongoing

Evaluation of spectral and
spatial stability of MR and AP
for years 1996-2011

Evaluation of spectral and
spatial stability of MR and AP
for years 20152021

Validation of CAL/VAL
research protocols for AP and
MR. Image dates: 2019-2022

Validation of CAL/VAL
research protocols for AP and
MR. Image dates: 20202021

Establishing high-accuracy
reference data for AP and MR,
mapping MR main minerals,
and summarizing in an online
database.
Benchmark data for the
CAL/VAL protocol [36,46]

In-situ field measurements of
radiance and reflectance for
validation. Years 2019-2022

Creating 3D elevation models
of MR.
Slope and aspect maps
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3. Results
3.1. AP and MR Stability

Spatial and spectral change detection offers a straightforward approach to measuring
changes between a pair of images that represent an initial and final state. The test sites’
spectral stability and spatial stability were examined using USGS Landsat Collection level
2 surface reflectance for Landsat TM5 and OLI8. Seven time-series images from 2000 to
2021 for AP and eight from 1996 to 2021 for MR were selected as representations of that
time, all in the summer season. For AP, t(0) = 2000 and t(n) = 2021; for MR, t(0) = 1996, and
t(n) = 2021.

Figure 4 shows the spatial change detected from 2000 to 2021 (green pixels); the red
box indicates the AP calibration test site area. The Dead Sea area had low anthropogenic
activity and is situated in an extreme desert environment; the only significant changes
detected were structural and in the water levels of the evaporated ponds of the Dead Sea
salt factory. Most of the terrestrial area in general, and the AP area in particular, did not
change, remaining stable over 21 years.

AP Center cord:
m G 31°4'4.18"N
¥

35°22'32.76"E

Change detected [I]

Landsat TM5-2000 Change detected Landsat OLI8- 2021
Landsat TM5 2000 VS.

OLI8 2021

Figure 4. Spatial change detection result for AP, 2000 vs. 2021. Test site is marked in a red box;
detected changed pixels are colored in green (center image).

Figure 5a shows a comparison of the mean Landsat reflectance spectra for the years
2000-2021. An average of 200 pixels in each year were used for the comparison. The SAM,
ASDS, and RMSE were calculated against the year 2000 (t0) to examine possible spectral
reflectance changes. The results are summarized in Figure 5b. The average values of SAM,
ASDS, and RMSE were very low (Figure 5a), and these low values were maintained across
the years: SAM 0.01-0.04, ASDS 0.0004-0.005, and RMSE 0.008-0.04. Although the spectral
resolution was relatively low (six bands), it could be concluded that the spectral reflectance
across the 21 years was very stable.

The change detection applied to AP was also applied to MR. In Figure 6, the result
of the spatial changes detected in MR for the years 1996-2021 (red pixels) is provided. A
significant change was detected over the town of Mizpe Ramon, situated on MR’s northern
cliff (marked in a dashed green circle). This was mainly due to the massive urban buildup
activity in the town in those years. Within the MR crater itself, there were a few changed
areas (marked in a turquoise dashed circle). Those changes were part of the Natural Reserve
Authority’s restoration activities (mostly between 1998 and 2000) to make MR accessible to
the public as a touristic National Reserve park. Two camping areas were built, equipment
was evacuated from the old mines, and new roads were constructed. The six spectral VAL
test sites (marked by yellow Xs) and most of the crater remained stable over 20 years and
are expected to remain so in the future.
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To examine possible changes in the spectral reflectance of the six test sites at MR,
a comparison of the mean Landsat reflectance for the years 1996-2021 was conducted
(Figure 7). The SAM, ASDS, and RMSE values were calculated against the year 1996 (t0) at
each test site, and the results are shown in Figure 8.
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Figure 5. Examination of spectral change in AP. (a) Mean Landsat reflectance signal for each year
(2000-2021). (b) SAM, ASDS, and RMSE for each year against the year 2000 (t0).

Change detected Landsat TM5 1996 VS. OLI8 2021

Landsat OLI8- 2021

Figure 6. Spatial change detection result for MR, 1996 vs. 2021. Spectral test sites are marked by
yellow Xs, detected changed pixels are colored in red.
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Figure 7. Examination of spectral changes at MR VAL test sites: LANDSAT reflectance signal for each
year (1996-2021): (a) brown questa; (b) laccolite; (c) gypsum mine; (d) gypsum fans; (e) kaolinite;
(f) calcite. The mean value is marked by black dashed lines.

A very good match was obtained between all spectra in all MR VAL test sites, pre-
senting very low average values of SAM, ASDS, and RMSE: 0.025-0.05, 0.001-0.01, and
0.009-0.018, respectively. The lowest values were obtained for the brown questa and gyp-
sum fans, and the highest values for the kaolinite and laccolite sites. The changes in the
laccolite (darkest test site) were mainly in the blue band. However, there was a small
variation in the reflectance spectra within the test sites over the years. This may be a result
of using different sensors in the calculations (TM5 and OLI8 (from 2015)), where a dark
test site is more susceptible to the change (e.g.light dust). Nevertheless, the values are
below the significance threshold for good data quality (i.e., SAM < 0.1, ASDS < 0.1, and
RMSE < 0.05), indicating high spectral similarity and stability of the reflectance signal over

the years.

3.2. AP and MR CAL/VAL Protocol: A Case Study Using the PRISMA HSR Sensor

The working protocol from Figure 1b is described in the following section with the
PRISMA sensor as a case study. We used the 15 collected PRISMA images of AP and MR
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(2019-2022) in the case study analysis. A field campaign accompanied the November 2021
overpass images; therefore, some of the examples focus on those images.

SAM, ASDS, and RMSE for MR Sites
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Figure 8. Spectral change examination. SAM, ASDS, and RMSE for each year against the year
1996 (t0).

3.2.1. Evaluate Radiance Performance

On 11 and 24 November 2021, images of AP and MR were acquired by PRISMA and
transferred to us by ASI. Field spectral (radiance and reflectance) measurements were taken
on 16 November, 2021.

We compared the L1 TOA PRISMA product to a radiance transfer model to evaluate
the radiance performance. The TOA radiance model for AP was generated with the
MODTRAN4 radiance transfer code and the ASD field reflectance spectrum. Atmospheric
and solar radiation was generated to yield simulated TOA radiance values for the PRISMA
spectral configuration overpass information (11 November, 2021, azimuth angle 160.8°,
zenith angle 50.8°, day of the year 315, desert aerosol, sensor height 615 km); sky conditions,
optical depth, and water vapor content were taken from the “SEDE BOKER” AERONET
station (water vapor 1.27, angstrom exponent 0.997, ozone 0.2, and coarse /fine AOD in
total 0.169). A comparison of the simulated radiance signal (mW m~2 sr~! nm~') and the
real PRISMA L1 product signal is shown in Figure 9.

Figure 9 presents the TOA radiance signal of PRISMA (L1) and the simulated TOA
radiance using the MODTRAN4 code. In both spectra, the absorbance positions of several
gases well-matched their position in the MODTRAN radiance: O; at 680 and 760 nm; O3 at
651 nm; HyO at 823, 940, and 1131 nm; and CO, at 2010 and 2061 nm. There was a slight
albedo offset between the PRISMA (L1) and MODTRAN radiance spectra of about 20 mW
m~2 st~ nm~! in the visible (VIS) spectral range (400-700 nm). This may be caused by
the overfitting of the model when we tried to compensate for AP’s topographic elevation
of 260 m below mean sea level (the MODTRAN code cannot calculate height below zeroin
the model). Regardless, the overall shape and signals were mostly similar.

3.2.2. Evaluate Spectral Performance—PRISMA L2 Product

The PRISMA L2D (atmospherically corrected surface reflectance product) was eval-
uated at MR in six VAL test sites (Table 1) to determine PRISMA’s spectral calibration
performance. A comparison of the sensor signal against the ground truth is an early warn-
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ing step in identifying possible spectral calibration problems. “Problematic” bands were
flagged for further examination.

TOAMODTRAN VS. PRISMA L1
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Figure 9. Radiance comparisons. TOA radiance from PRISMA L1 vs. MODTRAN simulation.

It is important to mention that before generating the field-measurement protocol
(Section 2.4), a homogeneous examination of the test sites was conducted. Different points
(50-100) were randomly measured with a field ASD spectrometer at each test site. The
average standard deviation (SD) was calculated for all of the spectral bands (excluding
water vapor and the end of the sensor bands, i.e., 2450-2500 nm) and for each spectral
range: VNIR, SWIR1, and SWIR2. Table 3 summarizes the results and shows less than
5% deviation when looking at the average result for all bands (350-2450 nm). Moreover,
deviation results for the specific spectral ranges showed the lowest SD values for the specific
mineral connected to that site’s evaluation, i.e., brown questa and laccolite VNIR SD < 0.02,
gypsum mine and fans SWIR1 SD < 0.05, and kaolinite and calcite SWIR2 SD < 0.03. For the
general evaluation, a comparison between the PRISMA reflectance and the average ASD
ground truth was applied (Figure 10). Since PRISMA’s L2 atmospheric processor algorithm
has changed many times since 2019, we used only five images (years 2021-2022) in the
spectral evaluation. The mean reflectance for each MR VAL test site was calculated from
the five images of PRISMA; in each image, 10 pixels from the six test sites were obtained
from the location at which the field measurements were taken.

Table 3. Homogenous evaluation of each test site for ASD field measurments (SD for each point set).

Test Site Number of ASD Points SD VNIR SD SWIR1 SD SWIR2 SD All Bands
Brown questa 62 0.0161 0.0250 0.0218 0.0180
Laccolite 58 0.0117 0.0173 0.0161 0.0129
Gypsum—mine 61 0.0352 0.0540 0.0627 0.0374
Gypsum—soil fans 50 0.0207 0.0242 0.0318 0.0217
Kaolinite 70 0.0226 0.0363 0.0339 0.0254
Calcite 109 0.0205 0.0222 0.0223 0.0224

The flagged areas of concern (marked in black boxes, Figure 10) from the initial exam-
ination of PRISMA were in the VNIR range wavelengths, 920-970 nm, and 1100-1163 nm.
This was probably caused by residual atmospheric absorbance (water vapor), which was not
entirely removed in the atmospheric correction of the L2D product [47]. The exchange of
PRISMA’s VNIR to SWIR sensor, which was in this range, may also have contributed. The
SWIR2 range above 2320 nm showed a high deviation from the ASD signal; there was a sharp
decrease in the spectra, and the calcite absorbance at 2340 nm shifted. This indicates that the
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performance of the atmospheric correction algorithm applied by the standard L2D processor
for the SWIR2 bands is questionable.

Spectra PRISMA VS. ASD
0.7

o6 1t | e ASD-BQ
I ASD-Calcite
: j\/ ------ ASD Kaolinite
s —PRI-BQ
; v —PRIL
—PRI-GM
—PRI-GF
PRI-Calcite
—PRI_Kaolinite

Reflectance

0 L1 L]
400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
Wavelength(nm)

Figure 10. Evaluation of PRISMA L2D spectra (PRI) vs. ASD at the six test sites (PRISMA—solid
line, ASD ground truth—dashed line). BQ, brown questa; L, laccolite; GM, gypsum—mine; GF,
gypsum—fans.

For a deeper evaluation of the spectral calibration, the MR test sites were divided into
specific spectral ranges: VNIR, SWIR1, and SWIR?2, according to the major mineral at each VAL
site (VNIR—brown questa (iron oxide) and laccolite; SWIR1—gypsum; SWIR2—kaolinite,
and calcite). The spectral similarity between PRISMA and AisaFENIX was determined by
calculating the SAM, RMSE, and ASDS separately for each range. For that purpose, the
AisaFENIX data cube was resized to the 30 m spatial resolution and re-sampled to PRISMA'’s
spectral configuration. It should be noted that the use of AisaFENIX as a benchmark to
examine the HSR performance from MR was already established and demonstrated by Heller-
Pearlshtien et al. [36].

Table 4 summarizes the results for SAM, ASDS, and RMSE between the PRISMA
and AisaFENIX spectra, for each VAL test site-specific spectral range (VNIR, SWIR1,
and SWIR?2), where PRISMA was the examined reflectance spectrum, and AisaFENIX the
reference reflectance spectrum. Lower SAM, ASDS, and RMSE values indicate the similarity
between the PRISMA and AisaFENIX spectral signatures. The highest values obtained
were for the SWIR2 range (i.e., Test Sites 5 and 6, kaolinite and calcite), which were higher
than the threshold for good spectral calibration (SAM and ASDS < 0.1, RMSE < 0.05). They
were also considerably higher than the VNIR and SWIR1 test site results (Table 4). We
also included the SAM, ASDS, and RMSE results for the entire spectral range (VNIR-SWIR
(VSWIR) 400-2400 nm) in Table 4. The spectra differed from VNIR to SWIR, and were
much larger at certain test sites. Hence, the potentially problematic spectral bands may be
masked by the well-calibrated ones. For example, the result for the calcite test site does not
reflect the deterioration after 2300 nm. Therefore, separation into specific spectral ranges
in the evaluation is critical. This result and the initial spectral inspection strengthen the
suspicion that the PRISMA’s SWIR2 spectral bands are less well-calibrated and should be
used with caution [47].
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Table 4. SAM, ASDS, and RMSE values for each test site.

Test Site Spectral Range Wavelength (nm) SAM ASDS RMSE
Brown questa VNIR 402-998 0.089 0.050 0.032
Laccolite VNIR 402-998 0.060 0.020 0.020
Gypsum—mine SWIR1 1480-1794 0.067 0.071 0.027
Gypsum—soil fans SWIR1 1480-1794 0.066 0.073 0.042
Kaolinite SWIR2 2001-2400 0.144 0.300 0.103
Calcite SWIR2 2001-2400 0.155 0.280 0.098
Brown questa VSWIR 400-2400 0.128 0.220 0.048
Laccolite VSWIR 400-2400 0.103 0.207 0.026
Gypsum—mine VSWIR 400-2400 0.089 0.109 0.038
Gypsum—soil fans VSWIR 400-2400 0.092 0.123 0.075
Kaolinite VSWIR 400-2400 0.131 0.180 0.083
Calcite VSWIR 400-2400 0.101 0.123 0.042

It is important to mention that an entire article was dedicated to examining PRISMA'’s
mineral mapping capability (i.e., goethite, hematite, gypsum, kaolinite, and calcite) and
validated against the airborne AisaFENIX database [36]. It was concluded that the sensor
provides a very accurate spectral-based mapping of minerals over the MR site (excluding
a poor result for the calcite mineral). Therefore, this step in the CAL/VAL protocol was
excluded from the current paper.

3.2.3. Cross-Calibration and Validation between PRISMA and DESIS Level-2 Products

Cross-calibration between spaceborne sensors can be achieved by using PICS. These
sites are chosen for their high surface homogeneity and spectral, spatial, and temporal
stability [30]. AP was found to be a very stable area over 20 years (Section 3.1); therefore, it
can be used as a vicarious calibration test site and for cross-calibration as a PICS. In this
section, we conducted a cross-calibration between PRISMA and DESIS on the atmospheric-
correction models obtained from their products (i.e., PRISMA L2D, DESIS L2A) using their
shared spectral region, i.e., the VNIR range. The images were captured over AP 3 days
apart (PRISMA 3 June, 2021, 8:26 UTC, and DESIS 30 May, 2021, 8:53 UTC). The DESIS
sensor had 235 bands in the VNIR spectral range (400-1000 nm) and 30 m ground sampling
distance (GSD), and was found in previous work to perform well (above 450 nm) [37]. The
PRISMA sensor had 63 bands (450-998 nm) and 30 m GSD. The simulated reflectance for
each sensor was obtained by integrating the AisaFENIX hyperspecral profile of the AP
surface with the sensor’s RSR. Beforehand, the DESIS and AisaFENIX spectral signals were
converted to PRISMA’s VNIR 63-band configuration. The SBAF was obtained by dividing
the sensor’s simulated reflectance (Equation (5)), which was then operated on PRISMA’s
original L2D signal, to create a new reflectance (Equation (6)). The calculation was created
by implementing the following data into Equations (5) and (6):

p (sensor A)—simulated reflectance for the sensor to be calibrated (PRISMA);
p (sensor M)—simulated reflectance for the well-calibrated (motherhood) DESIS sensor;
pAh—AisaFENIX’s accurate hyperspectral reflectance profile of the surface.

The result of the PRISMA cross-calibration in AP (VNIR bands) is shown in Figure 11:
the original (before cross-calibration) PRISMA L2D spectral signal (black line) against the
newly calibrated signal (blue line), and the ground-truth field ASD reflectance (dashed red
line).

We calculated the RMSE of PRISMA’s VNIR signal to validate our result. The RMSE
decreased from 8% to 3% after the cross-calibration (Figure 11a), thereby improving the
reflectance signal accuracy for PRISMA’s VNIR bands.

To further validate the cross-calibration result, we applied the AP’s SBAF to PRISMA’s
image of MR (taken at the same time as the AP image). MR’s brown questa test site had
the most pronounced spectral signature in the VNIR range due to the rich iron-oxide
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composition. Figure 11b shows the result of applying AP’s SBAF on PRISMA’s brown
questa signal after calibration (blue line) against the original signal (black line), and the
ground-truth ASD spectrum (dashed red line). Though the brown questa spectra from the
original PRISMA signal, the calibrated signal, and the ASD spectra were similar, it can be
seen that the noticeable artifacts in the original L2D signal (before calibration, black line) at
900-1000 nm were less pronounced after the cross-calibration (blue line).
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Figure 11. (a) AP cross-calibration results for PRISMA (PRI); original (before calibration; black line),
after SBAF cross-calibration (Cal, blue line) against ASD ground truth (red dotted line), ratio of
original (ORI) to calibrated (green triangle). (b) Validation of AP SBAF on MR VNIR test site using
brown questa (BQ).

Uncertainty Analysis

Different sources of uncertainty influence the cross-calibration accuracy, including
the inherent variability of the sensors, and the process and techniques involved in the
measurement [21]. In this study, the SBAF was calculated with only one pair of images
(not a dataset), showing the potential of the cross-calibration method using PRISMA and
DESIS over the AP CAL site. Consequently, the calculation of uncertainty was limited. We
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considered the following parameters as the main sources of uncertainty: the site’s spatial
variability (non-uniformity), the sensors’” temporal drift (when capturing the site area), and
the calibration model error. The site’s spatial variability uncertainty (o2 spatial) manifested
both the spatial and temporal drift components and was obtained by calculating the mean
of the standard deviation of each sensor’s region of interest (AP test site area) reflectance
(i.e., PRISMA, DESIS, and AisaFENIX, Equation (7)). The calibration model uncertainty
(02 calibration) was calculated by the RMSE of the model to predict the surface reflectance,
which is the predicted reflectance against the measured ASD ground-truth reflectance at
each wavelength (Equation (8)). The obtained total uncertainty for the cross-calibration
model (Equation (9)), combined from the above, was 0.047.

Uncertaintyo spatial = \/(stpatial(A) + o2spatial (M) + o%spatial (ph)) , (7)

" | (ASDy;_ Predicty;)’
Uncertaintyo calibration :\/ i ni— Predicty) / ®)

n

Uncertainty o total = \/ o2spatial 4+ o?calibration, )

Uncertainty o total = \/(spatial(0.0152 +0.023% + 0.0242) + calibration(0.03)%2) = 0.047

where n is 63, the number of wavelengths used for the cross-calibration; A is PRISMA; M is
DESIS; and ph is AisaFENIX.

3.2.4. Cross-Calibration against a Fixed High-Quality Sensor Image

The main constraint of classical cross-calibration is finding pairs of scenes that have
been captured within a short time interval (up to 6 days in a stable PICS). This is easier
with multispectral sensors, but enormously difficult with HSR sensors. Each HSR sensor
has its own revisit cycle, and both need to capture the test site with no cloud cover. It may
take a long time to accumulate dozens of datasets.

A potential solution to this is to perform an empirical cross-calibration process with
a fixed high-quality motherhood sensor, where the HSR images are not captured simul-
taneously, and to use reflectance to reduce the effect of the different time acquisitions
(such as solar irradiance, solar zenith angles, and variation in the earth-sun distance).
Accurate ground-truth measurements of the test site, to be integrated into the calculation
of the sensors” simulated reflectance (motherhood and the sensor to be calibrated), can help
normalize the signals for the time difference. Needless to say, the areas should not undergo
surface changes in each overpass.

Accordingly, we performed a cross-calibration of PRISMA’s sensor with the well-
calibrated AisaFENIX HSR airborne data as the motherhood (calibrated) sensor, using four
PRISMA images of AP. The field ASD measurements provided an accurate spectral profile
of the test site.

We re-sampled the AisaFENIX and ASD spectral signals to PRISMA’s 220-band con-
figuration (400-2500 nm, excluding water vapor bands), and re-sized AisaFENIX to a 30 m
spatial resolution. The SBAF (Equation (5)) was calculated for four different PRISMA AP
images dated April, June, November, and December 2021, implementing the following:

p (sensor A)—simulated reflectance for PRISMA (to be calibrated);
p (sensor M)—simulated reflectance for the well-calibrated (motherhood) sensor AisaFENIX;
pAh—ASD field hyperspectral profile of the surface (resampled to PRISMA bands).

The simulated reflectance for each sensor (PRISMA and AisaFENIX) was obtained
by integrating the ASD profile with their RSRs. The SBAF was obtained by dividing the
sensor’s simulated reflectance.

The SBAFs for each band, resulting from the cross-calibration of PRISMA with
AisaFENIX, are shown in Figure 12. The averaged SBAF is indicated by a black line,
the gain factors ranged between 0.97 and 1.78 up to wavelength 2350 nm, and the values
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increased above this wavelength. The average standard deviation for all bands” SBAFs was
13%. The high variation implies that the dataset is not large enough to create a generic
SBAF for PRISMA’s images; more images are needed. Still, the SBAF for each month can be
used to calibrate PRISMA’s images near their timeline.

Spectral bands adjust factors

3 &
AVG STDV=0.13

X

400 900 1400 1900 2400
Wavelength (nm)

+ SBAF April o SBAF June » SBAF Nov x SBAF Dec - AVG

Figure 12. The spectral band adjustment factors (SBAFs) for PRISMA in different acquisition months
(April—blue; June—orange; November—red; December—green; average SBAF—Dblack).

To validate the concept of this method, we applied the November AP SBAF on the
original PRISMA AP image. Figure 13 shows the result for the November image: the
original PRISMA L2D (before calibration) signal (black line) against the calibrated SBAF
(blue line), and the ground-truth ASD (dashed red line). The artifacts in the VNIR bands
(900-1000 nm) were removed, and the absorbance at 2340 nm (carbonates) was better
obtained in the PRISMA signal after the calibration. The RMSE of the calibrated November
signal against the ASD reflectance was 0.05 vs. the original (L2D product before calibration)
0.15. The total o uncertainty for the model was calculated from Equations (7)—(9), where n
is 220, the number of wavelengths used for the cross-calibration; A is PRISMA (sensor to
be calibrated); M is AisaFENIX (well-calibrated sensor); and ph is ASD, and was 0.06.

Uncertainty total o = /o2Spatial + o2calibration
= \/Spatial[(PRISMA(0.015)2 + ASD(0.020)% + AISA(0.023)2)] + calibration(0.05)2 = 0.060

To further validate the SBAF model, the AP’s November SBAF was applied to the
MR’s November PRISMA image (acquired at the same time). The SAM, ASDS, and RMSE
of the calibrated PRISMA reflectance (blue line, Figure 14) against the field ASD reflectance
(dashed black line, Figure 14) were calculated. The results for the six MR VAL test sites are
presented in Figure 14.

After applying the SBAF, the corrected reflectance well-matched the field ASD spectra
in most test sites. The SAM results in all test sites had values <0.1 (the threshold for good
spectral calibration). For the ASDS and RMSE, all test site results were below the threshold
(ASDS < 0.1, RMSE < 0.05) except for Test Sites 2 (laccolite) and 6 (calcite) (Figure 14b,f),
and the ASDS value for Test Site 1 (Figure 14a) was slightly higher from the thresholds
(value of 0.107). This is because even though the signals for Test Sites 1, 2, and 6 were
similar to the ASD, the RMSE and ASDS were more susceptible to albedo differences than
the SAM.

Overall, the calibrated results for the model were good; the artifacts in the PRISMA’s
original VNIR signal (around 900-1000 nm) decreased, especially in Test Site 1 (brown
questa; Figure 14a, marked by box). Another significant impact of the SBAF correction
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can be seen in the calcite (Test Site 6; Figure 14f, marked by box), where the significant
deterioration across the end of SWIR2 of PRISMA was well-corrected and the calcite main
absorbance feature at 2340 nm was back to its theoretical position.

Cross Calibration PRISMA with AisaFENIX

0.8
o T i eseeeeest aeseeeeeen,
2 0.6 —
3
= 0.4
~ RMSE

0.2 Original=0.15

Cal=0.05
0
400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
Wavelength (nm)

CalNOV PRI eeeeee ASD
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Figure 13. The AP cross-calibration result for PRISMA (PRI) with well-calibrated AisaFENIX; original
reflectance (before calibration, black line), after SBAF calibration (blue line) against ASD ground truth

(red dotted line).
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Figure 14. The MR test sites of PRISMA original (before calibration) reflectance (black line) against
corrected reflectance (after applying the SBAF, blue line), and the field ASD spectra (dashed black
line); (a) brown questa (BQ), (b) laccolite, (c) gypsum mine, (d) gypsum fans, (e) kaolinite, (f) calcite.

3.2.5. Evaluate Sensor’s Thematic Stability

The geometric rectification of an image is an essential stage in geolocating surface
targets and generating an accurate thematic map. The performance of the sensor’s geo-
metric correction is crucial when time-series images are used, either from the same sensor
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or when different sensors are integrated. MR’s unique geological formations are stable
in time, visually well-defined, and can be exploited to evaluate the geometric accuracy of
an image. Accordingly, we examined the geometric precision performance of PRISMA’s
sensor over 4 years of operation (2019-2022). In general, PRISMA declares a geolocation
accuracy of 200 m [32], whereas ASI is intended to provide a better-rectified product of up
to 15 m using well-defined GCPs.

Four PRISMA MR images (one per year) were used. In each image, 200 randomly
spread GCPs were selected across the image, and their location coordinates were compared
to the previous year’s image. In addition, the initial and final years (2019, 2022) were
examined for any drifts in the rectification process over 4 years of operation. The results
are summarized in Table 5. Figures 15 and 16 show examples of the geometric drift in the
PRISMA image. Figure 15 shows the thematic change between the years 2019 and 2022 at
MR. There was a shift of about 8 pixels (238 m) in the longitudinal direction and 3 pixels
(95 m) in the latitudinal one. Several places are marked with red arrows to emphasize the
drifts in 2019 (solid line) vs. 2022 (dashed line), such as the main road around the crater,
basalt deposit, and dirt road. Figure 16 zooms in on three of our VAL test sites: kaolinite
(top panels), gypsum soil fans, and laccolite (bottom panels). The red cross indicates the
same coordinate position.

PRISMA's Image 2019

PRISMA's Image 2022
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Figure 15. Comparison of PRISMA’s 2019 and 2022 geometric corrections: (a) 2019 MR image; (b)
2022 MR image; (c) 2022 image overlaid on 2019 image. Several drifts in the geolocation are marked
with red arrows (2019—solid; 2022—dashed).
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It can be seen that the highest drift occured between 2019 and 2022, and the least
change in position was noticed between images 2019 and 2020. Still, the maximum drift
stayed around PRISMA’s expected 200 m accuracy.

Table 5. Shifts in longitudinal (X) and latitudinal (Y) location for 200 GCPs at MR, between years
2019 and 2022. Average error and standard deviation were calculated.

Years Compared X Error (m) Y Error (m) SD X SDY
2019-2020 16.8 19.7 0.69 0.37
2020-2021 243.1 66.9 0.75 1.13
2021-2022 16.9 18.3 0.43 0.23
2019-2022 238.6 95.1 0.51 1.18

2019 2020 2021 2022

Figure 16. Comparison of the same coordinates (red cross) for the years 2019-2022 at three MR test

sites: kaolinite (top panels), gypsum soil fans, and laccolite (bottom panels). There is a slight shift in
the locations.

4. Discussion

The primary requirement for CAL/VAL test sites is that they be stable spectrally and
spatially in space and time. We demonstrated that AP and MR fulfill this requirement using
Landsat time-series images over 20 and 25 years, respectively. No spatial changes were
detected across the years 2000-2021 at the AP CAL site (Figure 4). Furthermore, the spectral
signals were stable in time as judged by the low values for SAM, ASDS, and RMSE (0.029,
0.002, and 0.023, respectively; Figure 5). At MR (VAL site), during the years 1996-2021,
small spatial changes were observed due to restoration work toward establishing MR as
a touristic nature park (Figure 6). However, this activity did not affect the geology or
landscape of the six selected VAL test sites, as evidenced by the low values of SAM, ASDS,
and RMSE (Figures 7 and 8). It should be remembered that both AP and MR are located in
desert areas where the sky is clear most of the year, vegetation is scarce, and precipitation
is very limited (25 mm annually). Since both areas have been declared nature reserves,
vigorous enforcement by rangers to keep the park’s landscape undisturbed means that
only designated paths are available to tourists. Researchers require special permits to
work in the park. This action will maintain the stability of the parks in the coming years.
Other advantages are that both CAL/VAL sites can be captured in the same acquisition
overpass, access to the sites is simple, and the distance between AP and MR is abouta 1 h
drive, enabling ground-truth measurements during or close to the overpasses. In addition,
NASA’s AERONET station, which collects daily atmospheric aerosol data, is located at
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Sede Boker, close to both MR (20 km) and AP (45 km). These make AP and MR ideal areas
for CAL/VAL sites: spectrally, spatially, and thematically.

We demonstrated the use of AP as a cross-calibration PICS between HSR sensors.
Figure 11 shows the reflectance cross-calibration results between DESIS and the PRISMA
VNIR bands, with an uncertainty of 0.047. After applying the SBAF calibration, the RMSE
of the ground-truth ASD measurements against the original PRISMA L2D reflectance signal
decreased from 8% to 3%.

It is important to note that in practice, TOA radiance or TOA reflectance information
is used for cross-calibration between sensors. Our “cross-calibration” (SBAF method) was
conducted using surface reflectance-calibrated products to demonstrate the advantages
of using two adjacent sites: AP for reflectance cross-calibration examination, and MR for
spectral cross-validation, which is actually a QA procedure of space agencies’ products and
is vital to ensuring that the data from multiple sensors can be used to provide a consistent
set of measurements. Still, in the operational process, dozens of pairs of images are used
to create a generic SBAF between two sensors, and not just one pair, as done in this study:.
Gathering a dataset of HSR image pairs can be challenging and time-consuming. The
images must be taken almost simultaneously with no clouds, while synchronizing the HSR
sensors’ revisit cycle.

Therefore, a new potential approach for cross-calibration against a fixed high-quality
sensor when the images are not taken at the same time was presented. We used the well-
calibrated AisaFENIX AP image as the benchmark and calibrated PRISMA’s AP images at
different times. The SBAF was applied and validated on six MR (VAL) test sites, showing an
improvement in the PRISMA’s calibrated signal: the artifacts in the original L2D PRISMA
signal (900-1000 nm) were quite markedly diminished at the brown questa site (Figure 14a).
Moreover, at the calcite site, the mineral spectral signature returned to its accurate position
at 2340 nm (Figure 14f). PRISMA’s longer wavelength (SWIR2) demonstrated a significant
variation from the field ASD measurement, suggesting that the PRISMA L2D performance
in this spectral region should be regarded with caution. This is in accordance with the
results of [47,48]. We showed only a primary result of this empirical fixed high-quality
sensor cross-calibration method; further study and examination with different sensors and
timelines are needed.

The geometric correction accuracy of HSR images is a fundamental parameter affecting
the quality of the products. Scientists worldwide put effort into finding new validation
methods for sensor geometric correction and increased precision. Because the HSR images
are used for quantitative applications, their geometric accuracy is critical. For time-series
applications, precision is crucial. MR’s stability with time enables the selecting of GCPs
to check the geometric accuracy and rectify it. PRISMA'’s images from 2019-2022 were
examined, and the drifts between the geometric locations were calculated (Table 4). The
highest shift was approximately 8 pixels (238 m) in the longitudinal direction and 3 pixels
(95 m) in the latitudinal one (2019 to 2022), which is within the expected PRISMA accuracy
of about 200 m. In the near future, ASI plans to improve the geometric precision to half a
pixel by implementing GCPs in the geometric correction [32].

With this new era of launching sophisticated HSR sensors (e.g., EMIT, EnMAP, and
DESIS), the demand for more accurate and challenging applications has increased. The
HSR sensors need to provide high-end products that are strongly related to the quality of
the retrieved reflectance and the radiance calibration of the sensors.

We performed a case study on ASI’s PRISMA sensor, demonstrating the unique combi-
nation of radiance (AP CAL site), reflectance, and thematics (MR VAL site) for monitoring,
calibrating, and then validating sensor performance. Using these ideal CAL/VAL sites may
improve the day-to-day utilization of HSR sensors while identifying problems first-hand,
such as the deterioration of specific spectral wavelengths and radiance calibration, and
rectifying them accordingly.
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5. Conclusions

This research demonstrated that AP and MR are excellent sites for radiometric, spec-
tral, and geometric/thematic validation and calibration. Both sites are very stable spectrally
and spatially and can be used as CAL/VAL sites. AP is ideal for the vicarious radiometric
calibration or pseudo-invariant calibration for cross-calibration between sensors. MR’s
unique geological features, encompassing various minerals, are ideal for spectral assess-
ment across the 400-2500 nm optical range. Six VAL test sites were found for the validation
process, and the MR web database can be used to evaluate and validate the HSR sensor’s
mapping performance. The advantage of using MR for determining the sensors’ geometric
accuracy and stability was also established.

Using these dual test sites simultaneously can improve the assessment of HSR sensor
radiance, and spectral and thematic performance. The suggested generic CAL/VAL proto-
col can help maintain a precise, accurate signal during the sensor’s mission lifetime, thus
assisting in the challenge of maintaining the sensor’s high-end products.
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Abstract: The multispectral imager (MII), onboard the Sustainable Development Science Satellite
1 (SDGSAT-1), performs detailed terrestrial change detection and coastal monitoring. SDGSAT-1
was launched at 2:19 UTC on 5 November 2021, as the world’s first Earth science satellite to serve
the United Nations 2030 Sustainable Development Agenda. A vicarious radiometric calibration
experiment was conducted at the Dunhuang calibration site (Gobi Desert, China) on 14 December
2021. In-situ measurements of ground reflectance, aerosol optical depth (AOD), total columnar water
vapor, radiosonde data, and diffuse-to-global irradiance (DG) ratio were performed to predict the
top-of-atmosphere radiance by the reflectance-, irradiance-, and improved irradiance-based methods
using the moderate resolution atmospheric transmission model. The MII calibration coefficients were
calculated by dividing the top-of-atmosphere radiance by the average digital number value of the
image. The radiometric calibration coefficients calculated by the three calibration methods were
reliable (average relative differences: 2.20% (reflectance-based vs. irradiance-based method) and
1.43% (reflectance-based vs. improved irradiance-based method)). The total calibration uncertainties
of the reflectance-, irradiance-, and improved irradiance-based methods were 2.77-5.23%, 3.62-5.79%,
and 3.50-5.23%, respectively. The extra DG ratio measurements in the latter two methods did not
improve the calibration accuracy for AODs < 0.1. The calibrated MII images were verified using
Landsat-8 Operational Land Imager (OLI) and Sentinel-2A MultiSpectral Instrument (MSI) images.
The retrieved ground reflectances of the MII over different surface types were cross-compared with
those of OLI and MSI using the FAST Line-of-sight Atmospheric Analysis of Hypercubes software.
The MII retrievals differed by <0.0075 (7.13%) from OLI retrievals and <0.0084 (7.47%) from MSI
retrievals for calibration coefficients from the reflectance-based method; <0.0089 (7.57%) from OLI re-
trievals and <0.0111 (8.65%) from MSI retrievals for the irradiance-based method; and <0.0082 (7.33%)
from OLI retrievals and <0.0101 (8.59%) from MSI retrievals for the improved irradiance-based
method. Thus, our findings support the application of SDGSAT-1 data.

Keywords: vicarious calibration; reflectance-based method; irradiance-based method; Dunhuang site;
SDGSAT-1

1. Introduction

The Sustainable Development Science Satellite 1 (SDGSAT-1) is the world’s first Earth
science satellite specifically dedicated to collecting data related to the Sustainable Devel-
opment Goals (SDGs) by 2030 [1]. It is also the first Earth science satellite of the Chinese
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Academy of Sciences (CAS). The satellite was developed by the Earth Big Data Science
and Engineering Project of the CAS and is the first satellite planned by the International
Research Center of Big Data for Sustainable Development Goals. It carries three main pay-
loads: the multispectral imager (MII), the glimmer imager (GLI), and the thermal infrared
spectrometer (TIS), which are aimed at meeting the needs for monitoring, evaluation, and
research of the global SDGs. Through the joint and continuous observation by the three
imagers, SDGSAT-1 provides ample data support for the study of indicators representing
human-nature interactions, the fine characterization of “traces of human activities”, and
the implementation of the global SDGs. SDGSAT-1 is expected to lead in reducing the
global imbalance in sustainable development and the digital divide between regions. Most
importantly, all SDGSAT-1 data are shared globally and freely, and they can be downloaded
from the SDGSAT-1 Data Open System (http://124.16.184.48:6008, accessed on 9 June
2022).

Radiometric calibration is an essential assurance for the quantitative application of
remote sensing data. Although the performance specifications of the satellite sensors
were precisely evaluated in the laboratory before launch, the spectral and radiometric
performance of the sensors are affected by post-launch changes, including space environ-
ment effects and the radiometric degradation of calibration equipment and the imaging
sensor. To guarantee the MII's radiometric precision, vicarious radiometric calibration
in the post-launch stage is required [2]. Vicarious radiometric calibration is most widely
performed using in-situ experiments [3]. The reflectance-, irradiance-, and radiance-based
methods, which were first proposed and applied in radiometric calibration tests conducted
by the Remote Sensing Group of the University of Arizona, are three representative in-situ
vicarious radiometric calibration methods [4]. According to data published by the United
States, France, and other countries, the accuracy of absolute radiometric calibration us-
ing the current vicarious radiometric calibration methods in the visible and near-infrared
bands is 3-5% [5]. The reflectance-based method depends on ground-based measurements,
including ground reflectance measurements and atmospheric parameters. In addition, the
top-of-atmosphere (TOA) radiance is obtained by entering these parameters into a radiative
transfer model. The irradiance-based method is similar to the reflectance-based method; the
main difference is the addition of the diffuse-to-global irradiance (DG) ratio measurement
to reduce errors introduced by aerosol model assumption. The radiance-based method
requires a strictly calibrated radiometer onboard the airplane and an uncalibrated sensor
to obtain the radiance of the target under nearly simultaneous and consistent observation
conditions. The measured radiance is corrected according to the atmospheric influence
between the radiometer and the sensor.

Since the 1980s, numerous satellite radiometric calibration sites have been constructed
in many different nations, consisting of White Sands Missile Range [3], Railroad Val-
ley Playa [6], Lunar Lake Playa [7], Rogers Dry Lake [8], and Ivanpah Playa [9] in the
United States; La Crau [10] in France; Newell Country [11] in Canada; Tinga Tingana [12],
Uardry [13], and Lake Frome [14] in Australia; and Dunhuang [15], Qinghai Lake [16],
and Baotou [17] in China. These calibration sites have provided solid support for the
radiometric calibration of numerous optical sensors, including the thermal mapper [18,19],
the enhanced thermal mapper plus [20,21], and the operational land imager (OLI) [22-24]
onboard Landsat; the high-resolution visible onboard SPOT [25]; the moderate resolution
imaging spectroradiometer onboard Terra and Aqua [26,27]; the multispectral sensor on-
board the ZY satellite [28]; and the hyperspectral imager onboard the HJ-1A satellite [29].
Calibration results have shown that the radiance-based method has the maximum radio-
metric calibration accuracy among the three methods and that the higher the airplane’s
altitude, the higher the accuracy of this method. Nevertheless, the high cost of manpower
and material resources, the strictly simultaneous measurements between the airplane and
the satellite, the high accuracy of the radiometer, and the low success rate greatly limit
the application of the radiance-based method. The irradiance-based method has lower
accuracy than the radiance-based method but is superior to the reflectance-based method,
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particularly under poor atmospheric conditions with large aerosol optical depth (AOD). To
solve the problem of low calibration accuracy under unstable atmospheric conditions, novel
methods have been put forward in the past years, including the supervised vicarious [30]
and the improved irradiance-based [31] methods, which have been effectively used for the
vicarious radiometric calibration of an unmanned aerial vehicle hyperspectral sensor [31],
airborne hyperspectral sensors [32], and the SPARK-01/02 satellites [33].

To further validate these methods, an experiment was performed at the Dunhuang
calibration site in China on 14 December 2021, to calibrate the MII. This was the first in-situ
calibration experiment of the MII and is expected to provide reliable radiometric calibration
coefficients. Calibration uncertainty analysis is discussed in detail in this article. Two
reference sensors, i.e., the OLI onboard Landsat-8 and the MSI onboard Sentinel-2A, were
selected to cross-validate the results of the vicarious radiometric calibration.

The remainder of this article is divided into the following sections: the data, measure-
ments, and vicarious radiometric calibration methods employed in this investigation are
thoroughly described in Section 2. The MII calibration results are listed in Section 3. Finally,
in Section 5, we summarize the key findings of our research.

2. Materials and Methods
2.1. Materials
2.1.1. Overview of SDGSAT-1

SDGSAT-1, developed jointly by the Aerospace Information Research Institute,
Changchun Institute of Optics, Fine Mechanics and Physics, the Shanghai Institute of
Technical Physics, and the Innovation Academy for Microsatellites (CAS, China), was
successfully launched by the CZ-6 rocket at the Taiyuan Satellite Launch Center at 2:19
UTC on 5 November 2021. SDGSAT-1 carries three sensors (MII, GLI, and TIS) to observe
the Earth’s surface continuously during the day and night. The MIl is anticipated to deliver
multispectral data over inland water bodies and terrestrial surfaces. The GLI and TIS were
designed to acquire global night data and thermal infrared data, respectively. Table 1 lists
the specific parameters of SDGSAT-1. For detailed information on SDGSAT-1, please visit
http:/ /www.sdgsat.ac.cn/ (accessed on 29 July 2022).

Table 1. Major technical parameters of SDGSAT-1.

SDGSAT-1 Parameters
Payloads MlII, GLI, TIS
MII: 7 bands ranging from 374 to 911 nm
Spectral bands GLI: 4 bands ranging from 424 to 910 nm
TIS: 3 bands ranging from 8 to 12.5 um
Swath 300 km
Type: sun-synchronous orbit
Orbit Altitude: 505 km

Inclination: 97.5°
MII: 10 m @ 505 km

Spatial resolution GLI: 10 m @ 505 km (PAN), 40 m @ 505 km (B, G, R)
TIS: 30 m @ 505 km
Revisit period 11 days

2.1.2. SDGSAT-1 MII

The MII instrument, designed by the Changchun Institute of Optics, Fine Mechanics
and Physics and the Aerospace Information Research Institute CAS, comprises two cameras,
A and B, with eight detectors per camera. Seven spectral bands are set in the visible and
near-infrared bands: B1 (coastal/aerosol 1), B2 (coastal/aerosol 2), B3 (blue), B4 (green),
B5 (red), B6 (red edge), and B7 (near infrared). The MII instrument was designed to have
a large swath width of 300 km at a nominal altitude of 505 km. The spatial resolution is
approximately 10 m in all seven bands, providing high-resolution data support for SDGs
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2,6,11,13, 14, and 15 [34]. Figure 1 depicts the relative spectral response function of the
SDGSAT-1 MII, while Table 2 displays the major technical parameters.
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Figure 1. Relative spectral response function of the SDGSAT-1 MIL

Table 2. Major technical parameters of the SDGSAT-1 MII.

SDGSAT-1 MII Description Technical Parameters
Bl 374-427 nm
B2 410-467 nm
B3 457-529 nm
Spectral range B4 510-597 nm
B5 618-696 nm
B6 744-813 nm
B7 798-911 nm
Spatial resolution B1-B7 10 m @ 505 km
Signal-to-noise ratio Bl =130
B2-B7 >150
Swath width B1-B7 300 km
Modulation transfer Static >0.23
function Dynamic >0.10
Dynamic range B1-B7 >60 dB
Digitalizing bits B1-B7 12 bits

2.1.3. Calibration Site and Image Data Acquisition

The Dunhuang calibration site, established at the end of the 20th century, is one
of the China Radiometric Calibration Sites for the vicarious radiometric calibration of
satellite sensors, as well as an internationally recognized radiometric calibration site with
flat terrain, uniform surface, stable and measurable ground objects, and good directional
characteristics [2]. The Dunhuang calibration site is located in northwest China on the
regeneration alluvial fan of the Danghe River more than 20 km northwest of Dunhuang
City. The calibration site has a total area of approximately 30 km x 30 km; its geographical
coordinates are 40.04—40.28°N and 94.17-94.5°E; and its altitude is 1160 m. As shown
in Figure 2, the region utilized for vicarious radiometric calibration tests of high- and
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medium-spatial resolution sensors is roughly 500 m x 500 m and is located in the middle
of the alluvial fan. The entire alluvial fan is fairly flat, and the surface is mainly evenly
distributed gravel with diameters of 0.2-8 cm [35]. The ground surface of the Dunhuang site
is relatively flat, with low vegetation coverage and high spectral stability. The atmosphere
is dry and clean, with a low AOD (in the absence of sandstorms, the local AOD is 0.1-0.2)
and low total columnar water vapor (CWV). The sunshine duration is long. Therefore, the
Dunhuang site is conducive for calibration experiments. Vicarious radiometric calibration
of multiple domestic satellites, including BJ-1 [36], FY-1C [37], HJ-1A [29], CBERS-02 [38],
and SPARK-01/02 [33], was carried out at the Dunhuang calibration site. The SDGSAT-1
MII data over the Dunhuang calibration site were acquired at 03:45:17 UTC on 14 December
2021. Table 3 lists the observation geometries on the SDGSAT-1 overpass date.

o

Figure 2. Sentinel-2A /MSI image of the Dunhuang calibration site acquired on 17 December 2021.

Table 3. Information on the capture of SDGSAT-1 MII image at the Dunhuang calibration site.

Overpass Time Solar Zenith Solar Azimuth View Zenith View Azimuth

Date (UTO) ) ©) ) ©)

14 December 2021 03:45:17 68.5554 152.2536 18.1581 304.6388

2.1.4. Simultaneous Measurement of Ground Reflectance

The internationally popular FieldSpec-4 ASD spectroradiometer (ASD Inc., Longmont,
CO, USA), with a wavelength range of 350-2500 nm, was used for simultaneous ground
reflectance measurements. The calibration site was a 500 m x 500 m square region, with
SDGSAT-1 MII coverage of approximately 50 cross-track pixels and 50 along-track pixels.
Ground reflectance measurements were performed in the square region (Figure 2) from
10:30 to 12:30 UTC + 8. Ground reflectance was measured along a designed route, as
shown in Figure 3b. Adjacent measurement points were ~20 m apart. Five measurements
were taken around each point, and five spectra were collected for each measurement. The
total measured data exceeded 400 groups, with nearly 2000 spectral data points of the
Dunhuang calibration site. After removing abnormal and erroneous measurements, all
valid measurements were averaged to represent the final reflectance of the Dunhuang
calibration site (Figure 4).
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(b)

Figure 3. (a) Photograph of the in-situ ground reflectance measurement at Dunhuang calibration site.
(b) Scheme of the ground surface measurement route.
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Figure 4. Simultaneous ground reflectance measurements performed over the Dunhuang calibration
site on 14 December 2021, using FieldSpec-4 ASD spectroradiometer.

2.1.5. Simultaneous Measurement of Atmospheric Parameters

Simultaneous atmospheric parameters (AOD, CWYV, the DG ratio, and the atmospheric
vertical profile) were acquired on 14 December 2021. Total AOD and CWV were measured
using an automated CIMEL CE318 sun photometer (Cimel Electronique, Paris, France) and
retrieved using an improved Beer—Lambert-Bouguer method [39] and a four-parameter
method [40]. The AOD values at the 440 nm and 670 nm channels were employed to derive
the AOD at the 550 nm channel via logarithmic interpolation, using Equation (1). Figure 5
shows the 550 nm AOD and CWYV on the SDGSAT-1 overpass date.

T (A) =B A" )
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e e
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where 7, (A) is the AOD at wavelength A (in um), « is the Angstrom wavelength exponent,
and B is the atmospheric turbidity coefficient.
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Figure 5. The 550 nm AOD and CWYV retrieved from the CE318 sun photometer on 14 December 2021.

Data retrieved from the CE318 sun photometer within 5 min before and after the over-
pass time were averaged to obtain the 550 nm AOD and CWYV at the overpass time. A level-3
ozone data product (https://acdisc.gsfc.nasa.gov/data/Aura_OMI_Level3/OMDOAQO3e.
003/2021/, accessed on 21 December 2021) retrieved from the ozone monitoring instru-
ment onboard the Aura satellite was used as the columnar ozone content at the overpass
time. Table 4 presents the simultaneous measurements of atmospheric parameters at the
SDGSAT-1 overpass time.

Table 4. Simultaneous measurements of atmospheric parameters.

Atmospheric Parameters Simultaneous Measurements at Overpass Time
550 nm AOD 0.1045
CWvV 0.3114 g/cm?
Columnar ozone content 301.6 DU

An automated spectral radiometer was used to measure the DG ratio within the
Dunhuang calibration site. The DG ratio was recorded at 6 min intervals during the
daytime. Figure 6a,b show the DG ratios at 550 nm throughout the day of the SDGSAT-1
overpass and the entire spectrum at the SDGSAT-1 overpass time, respectively. Abnormal
data were eliminated to derive a smoothed DG ratio curve, which indicated a stable
atmospheric condition most of the time, with some exceptions (e.g., at around 2:17 and 7:48
UTC), on 14 December 2021.
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Figure 6. Measured DG ratios (a) at 550 nm on the date of the SDGSAT-1 overpass and (b) the entire
spectrum at the time of the SDGSAT-1 overpass.

A radiosonde balloon was used to obtain the atmospheric vertical profiles of pressure,
temperature, and humidity on the SDGSAT-1 overpass date. The balloon was released
from the Dunhuang National Reference Climate Station at 07:15 a.m. (Beijing time) on 14
December 2021. Figure 7 shows the measured atmospheric vertical profiles of pressure,

temperature, and relative humidity, which varied with altitude, on 14 December 2021.
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Figure 7. Atmospheric vertical profiles of (a) pressure, (b) temperature, and (c) relative humidity
obtained by the radiosonde balloon released on 14 December 2021.
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2.2. Methods
2.2.1. Radiometric Calibration Method

The widely used reflectance- [4], irradiance- [18], and improved irradiance-based [31,33]
methods were adopted to predict the TOA radiance. All three methods rely on the accurate
simultaneous measurements of the ground reflectance and atmospheric parameters. The
reflectance-based method for radiometric calibration is generally used in clear and cloud-
less weather conditions. It requires fewer surface observations and less labour input than
the other methods and is easy to operate. However, the reflectance-based method requires
high visibility and a stable atmosphere to diminish the calibration uncertainty caused by
aerosol model assumptions. The total calibration uncertainty significantly increases in the
case of a high AOD [33]. The irradiance-based method is an enhanced reflectance-based
method that requires simultaneous measurements of the ground reflectance and the
DG ratio. The latter parameter is utilized to replace the aerosol model assumption in
the reflectance-based method. The aerosol model assumption in the irradiance-based
method only affects path radiance and the hemisphere albedo in Equation (7), while large
uncertainties in the upward and downward scattering transmittance are minimized by
using the measured DG ratio. The reflectance-based method has a total uncertainty of
4.9% [41], and the simultaneous ground reflectance in in-situ measurements and the aerosol
model assumption in the radiative transfer calculation are its main sources of uncertainty.
The irradiance-based method generally outperforms the reflectance-based method with an
uncertainty of 3.5% [41], and the DG ratio in in-situ measurements is its main source of un-
certainty. However, in the case of sunny weather and a low AOD, the calibration accuracy
of the reflectance-based method is comparable to that of the irradiance-based method [31].
The vicarious radiometric calibration equations for the reflectance- and irradiance-based
methods used for the satellite sensors are Equations (4) and (7), respectively. The TOA
radiance can be converted using Equation (8) [33]. Equations (9) and (10) were used to
determine the spectral radiometric calibration coefficients on the assumption that the
sensor response was linear.

p* (Gs/ 0,, qovfs) = Pa(es/ 0., (Pvfs) + % X T(Os) X T(Gv) (4)
e—T/Hs
T(0s) = Tgir(6s) + Tdif(QS) =(1—prxs)x 1—a ®)
S
e~ /Mo
T(0y) = T4y (00) + Tdif(ev) =(1—prxs)x 1—uay ©
o/l e~ "/t
p*(es/ev/(PU*S):pﬂ(95/90’§00*5)+1_‘X Xth(lfptxs)X 11—« (7)
L= p* x cos(8) x Eo/ (¢ x ) ®)
. JL(A)RSR;(A)dA
) = T RSR Y
L; = DN;-Gain; + Bias; (10)

where 65 and 0, are the sun zenith angle and the view zenith angle, respectively; ¢,
is known as the relative azimuth angle between the view azimuth angle and the sun
azimuth angle. p; is the measured ground reflectance, and p, is the atmospheric intrinsic
reflectance. s is the atmospheric hemisphere reflectance. T(6s) and T(6,) are the total
transmittances of both the downward direction (solar path) and the upward direction (view
path), respectively; Ty;,(65) and Ty;¢(0s) are the direct and diffuse transmittances in the
downward direction, and Ty;,(6,) and Ty;f(6,) are the direct and diffuse transmittances in
the upward direction. p* and L are the TOA reflectance and TOA radiance of the surface
target, respectively. ys and i, refer to the values of cos(6;) and cos(6,), respectively; as
and «, represent the DG ratios of the solar direction and viewing direction, respectively.
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d is the Sun—Earth distance in astronomical units and Ey is the TOA solar irradiance. L;
represents the TOA radiance for the i-th band. RSR; is the relative spectral response for the
i-th band. DN; is the digital number (DN) derived from the L1A image for the i-th band,
and Gain; and Bias; are the calibration coefficients for the i-th band.

Even though the measured DG ratio used in the irradiance-based method would
greatly reduce the uncertainty error caused by the aerosol model assumption, it is difficult
to directly measure the DG ratio in the observation direction (0° of view zenith angle in
most cases) in in-situ experiments. Therefore, it has to be extrapolated by fitting the values
at different solar zenith angles. There is a linear relationship if the atmospheric conditions
are stable, as shown in Equation (11) [4].

n(1—was) =In(1—ps) — (1—b)tm (11)

where m is the relative optical air mass (i.e., the inverse of the cosine of solar zenith, 1/ )
and —(1 —b)7t and In(1 — pss) are the slope and intercept of the linear fitting equation,
respectively.

Ideal stable atmospheric conditions are not guaranteed in in-situ experiments. There-
fore, when the atmospheric condition is unstable, but DG ratio data are used for satellite
vicarious radiometric calibration, only «; is employed to substitute for the scattering effect
in the reflectance-based method, as shown in Equation (12) [31], which is the improved
irradiance-based method. This method has been used for vicarious calibration of the
SPARK-01/-02 satellites [33] and an unmanned aerial vehicle hyperspectral sensor [31].

Or X e/l

P*(Gs/ o, (Pv—s) = pH(GS/ 6, (Pv—s) + X T(Gv) (12)

1— o

The relationship between the ratio of In(1 — «;) and the relative optical air mass (1)
at 550 nm measured on 14 December 2021 is represented by a scatter plot (Figure 8), and
it revealed a nearly linear relationship of the measurements, with an R? value of 0.9965,
indicating a relatively stable atmospheric condition on this date. Figure 9 shows goodness-
of-fit (R?) statistics for the DG ratio measurements in the entire visible to near infrared
spectral range. The DG ratios in both the solar and viewing directions at the SDGSAT-1
overpass time are shown in Figure 10.

0.0
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Figure 8. Scatter plot of In(1 — as) versus m at 550 nm.
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Figure 9. Goodness-of-fit statistics for DG ratio measurements according to Equation (11).
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Figure 10. DG ratios in solar and viewing directions during the SDGSAT-1 overpass.

2.2.2. Radiative Transfer Calculations

The moderate resolution atmospheric transmission (MODTRAN) model is currently
one of the most frequently used radiative transfer models for radiometric calibration. The
spectral range of MODTRAN is 0.3-100 pm, which allows the calculation of atmospheric
radiative transfer from the visible, near-infrared, mid-infrared, and far-infrared bands [42].
The measured ground reflectance, spectral response function of the SDGSAT-1 MII sensor,
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550 nm AOD, CWYV, ozone content, image geometric parameters, and other parameters
were input into MODTRAN v.5.2.1 software. The Angstrom index was used to constrain the
band scattering characteristics of the default aerosol type in the original radiative transfer
model, and then the band-equivalent TOA spectral radiance of the MII sensor was obtained.
Assuming that each MII channel had a linear response and that the bias was zero because
of the low dark current of the instrument (Figure 11), the TOA radiance and the average
DN value of the image of each channel were substituted into Equation (13) to obtain the
calibration coefficient Gain; of each channel.

Gain; = Li (13)

DN

i

where L; is the band-equivalent TOA spectral radiance (W - m2.sr 1. um’l), DN; is the
average DN of the selected area of the satellite image in band 7, and Gain; is the radiometric
calibration coefficient Gain in band i.

15
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Figure 11. The column mean value of dark current acquired by imaging the ocean at night on 14
December 2021.

2.2.3. Calibration Uncertainty Estimation

The relative difference is used to represent the vicarious radiometric calibration un-
certainty, and the uncertainty of each factor on the calibration coefficient ¢; is calculated
according to Equation (14). Loyiginal; is the reference spectral TOA radiance, and Ly, is
the spectral TOA radiance after changing the input conditions. The final total uncertainty
is expressed as the square root of the sum of the squares of each error uncertainty [31], as
described by Equation (15).

LNewl- - LOriginali

g = % 100% (14)

LOriginal,-

ETotal = VE12 + €22 + 32 + ... +e,2 (15)
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2.2.4. Cross Validation

Given that the relative spectral response of each band differs among sensors, the
ground reflectance of the “reference sensor” has to be transferred to the “target sensor”
using a spectral band adjustment factor (SBAF). The divergences in the relative spectral
response between various satellite sensors were computed by the SBAF using Equation (16):

. fpin—.fitu ()\)RSRREference()‘)d)‘
PReference j RSRReference(/\)d/\ (16)

pTarget n fPin—situ(A)RSRTarget(/\)d/\
f RSRTurger (/\)d/\

SBAF =

where pj, i, (A) is the per-wavelength in-situ ground reflectance at the Dunhuang cali-
bration site, RSReference and RSRrareet are the per-wavelength relative spectral response
curves from the “reference sensor” and the “target sensor,” and pg, Ference and Pgrger are
the in-situ ground reflectance values based on the integration of the “reference sensor” and
“target sensor” values. The ground reflectance of the “reference sensor” was transferred to
the “target sensor” using the SBAF according to Equation (17):

plTarget = PTarget X SBAF (17)

3. Results

The SDGSAT-1 TOA radiance simulated by MODTRAN 5.2.1 according to the
reflectance-, irradiance-, and improved irradiance-based methods for the SDGSAT-1 MII is
shown in Figure 12. Slight differences in the TOA spectral radiance were observed among
the three methods.
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Figure 12. MODTRAN-simulated TOA spectral radiances for the SDGSAT-1 MII calculated by the
reflectance-, irradiance-, and improved irradiance-based methods.

Table 5 lists the relative differences in TOA spectral radiances simulated by MOD-
TRAN between the reflectance-based method and the irradiance- and improved irradiance-
based methods. The relative differences between the reflectance- and irradiance-based
methods varied from 0.12% to 4.61% in different bands, while differing from 0.73% to 2.31%
between reflectance- and improved irradiance-based methods. In addition, the relative
differences for Bl to B3 were larger than that of B4 to B7, indicating a higher radiometric
calibration accuracy for B4 to B7 compared with that of Bl to B3. As expected, the strong
aerosol scattering effects in the shorter spectral range cause much larger calibration un-
certainty in the first three bands than in the other bands. In general, the reflectance-based
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method has a similar accuracy with the irradiance- and improved irradiance-based meth-
ods when the AOD is small. However, the maximum difference between the reflectance-
and irradiance-based methods can reach up to 4.61%, which was attributed either to the
measurement uncertainties of the DG ratio in the solar direction or the extrapolation un-
certainties in the viewing direction. Such kind of difference was seldom mentioned in the
previous literature and will be discussed in later sections. As a comparison, the difference
between reflectance- and improved irradiance-based methods was lower because only the
DG ratio in the solar direction was used in the latter method. The average relative difference
between the reflectance- and improved irradiance-based methods (1.43%) was lower than
that between the reflectance- and irradiance-based methods (2.20%) because only the DG
ratio in the solar direction was used in the improved irradiance-based method. In addition,
the relative differences for Bl to B3 were larger than those for B4 to B7, indicating a higher
radiometric calibration accuracy for the latter bands.

Table 5. Relative differences in TOA spectral radiances between the reflectance-based method and
the irradiance- and improved irradiance-based methods.

. . Relative Difference between
Relative Difference between Reflectance-
Band . Reflectance- and Improved
and Irradiance-Based Methods .
Irradiance-Based Methods

Bl 4.61% 2.31%
B2 3.44% 1.41%
B3 3.00% 0.99%
B4 2.54% 0.73%
B5 0.63% 1.35%
B6 0.12% 1.18%
B7 1.09% 2.04%
Average relative difference 2.20% 1.43%

The calibration coefficients of the MII were calculated by dividing the TOA radiance
by the average DN of the 40 x 40 pixels. Table 6 lists the vicarious radiometric calibration
coefficients derived by the three different methods.

Table 6. Vicarious radiometric calibration coefficients for the SDGSAT-1 MII (unit: W-m~2-sr 1 -

um~1.DN™D).
Band Reflectance-Based Method Irradiance-Based Method Improved Irradiance-Based Method
Bl 0.051616908 0.049237722 0.050422238
B2 0.036291910 0.035042783 0.035781749
B3 0.023327113 0.022627800 0.023095942
B4 0.015849453 0.015446672 0.015733488
B5 0.016096157 0.016197140 0.016314004
B6 0.019731394 0.019754163 0.019963674
B7 0.013811256 0.013961794 0.014092721

4. Discussion
4.1. Uncertainty Analysis

The uncertainty errors associated with in-situ simultaneous measurements, data
processing, and calibration method selection can be directly or indirectly attributed to
the total uncertainty in the satellite sensor calibration calculation results [35,43,44]. In
this section, we mainly focus on the uncertainties caused by aerosol model assumption,
atmospheric model assumption, AOD retrieval, water vapor retrieval, ground reflectance
measurements, viewing geometry error, radiative transfer model-inherent errors, and
DG ratio measurement. The calibration uncertainty contributed by each parameter was
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estimated from the difference between the TOA radiance predicted when errors were added
to each parameter and the original measurement (Equation (14)).

4.1.1. Uncertainty Analysis of Aerosol Model Assumptions

A previous study revealed that the natural aerosol type at the Dunhuang calibration
site is similar to the rural and desert types in MODTRAN [33]. To estimate the uncertainty
caused by different aerosol types, desert, urban, and maritime aerosol types were input in
sequence while other parameters remained unchanged during the MODTRAN calculation,
and the TOA spectral radiance of the output for the three aerosol types was compared
with that of the rural type. The Angstrom exponent coefficients determined by multiband
aerosol optical thickness derived from CE318 measurement data can be used as input
to constrain the band scattering characteristics of the default aerosol type in the original
radiative transfer model to improve the calculation accuracy of aerosol scattering in each
band [41]. The Angstrom index of SDGSAT-1 is 0.7938. The relative differences in the TOA
spectral radiance for different aerosol types for the reflectance-, irradiance-, and improved
irradiance-based methods are exhibited in Figure 13. The average relative differences are
provided in Table 7.
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Figure 13. Calibration uncertainty caused by the assumption of different aerosol types for SDGSAT-1
MII calibration on 24 December 2021, utilizing the (a) reflectance-, (b) irradiance-, and (c) improved
irradiance-based methods.

Table 7. Average relative differences in TOA radiance for the SDGSAT-1 MIL

Method Rural vs. Desert Rural vs. Urban Rural vs. Maritime
Reflectance-based method 1.17% 3.74% 0.25%
Irradiance-based method 0.72% 1.52% 0.37%
Improved irradiance-based method 0.86% 2.23% 0.23%
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As shown in Figure 13 and Table 7, the urban aerosol type had the largest average rela-
tive difference from the rural aerosol type (3.74%), whereas the average relative differences
for desert and maritime aerosol model assumptions were relatively minor, particularly for
the maritime type (<0.54% in all seven bands). For the reflectance-based method, aerosol
model assumption was the largest error source affecting the calibration accuracy, with the
largest uncertainty of 3.74%. Both the irradiance- and improved irradiance-based methods
adopt the DG ratio to reduce the uncertainty associated with aerosol model assumptions,
and their uncertainties were significantly reduced to within 1.52% and 2.23%, respectively.

We further analysed the relative differences between the rural and the other three
aerosol types for the reflectance-, irradiance-, and improved irradiance-based methods
under different AOD conditions (550 nm AOD = 0.05, 0.1, 0.2, 0.3, 0.4, and 0.5) (Figure 14).
The results confirmed that aerosol model assumption is the major factor affecting the
calibration accuracy of the reflectance-based method under different AOD conditions. The
urban aerosol type had the largest uncertainty when compared with the rural aerosol type
under different AOD conditions, leading to the large uncertainty of the reflectance-based
method. The irradiance-based method is the first choice for in-situ experiments for the
desert and urban aerosol types. In contrast, the improved irradiance-based method is
preferred for the rural and maritime aerosol types.

—— .
—@— reflectance-based method reflectance-based method

--@-+ irradiance-based method ++*®-+ irradiance-based method

improved irradiance-based method

improved irradiance-based method

Relat
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Figure 14. Relative differences between the (a) rural and desert aerosol types, (b) rural and urban
aerosol types, and (c) rural and maritime aerosol types for the reflectance-, irradiance-, and improved
irradiance-based methods under different AOD conditions (AOD = 0.05, 0.1, 0.2, 0.3, 0.4, and 0.5).

4.1.2. Uncertainty Analysis of Atmospheric Profile Measurements

Temperature, altitude, relative humidity, and air pressure data combined with other

atmospheric components are utilized to obtain the TOA radiance in MODTRAN v.5.2.1.

In this study, a radiosonde balloon was used to acquire the vertical atmospheric profile
parameters as inputs for MODTRAN to simulate the TOA radiance. It should be noted
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that there was a time difference of approximately 4 h between the radiosonde balloon
release time (around 07:15 Beijing time) and the actual overpass time (around 11:45 Beijing
time). To explore the uncertainty caused by atmospheric measurements, three MODTRAN-
embedded atmospheric models (mid-latitude summer [MLS], mid-latitude winter, [MLW],
and 1976 US standard atmosphere [US]) were used to simulate TOA radiances, which were
compared with the results obtained by using the atmospheric profile measured by the
radiosonde, as shown in Figure 15.
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Band
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Figure 15. Calibration uncertainty caused by atmospheric profile measurements for SDGSAT-1 MII
calibration on 24 December 2021, utilizing the (a) reflectance-, (b) irradiance-, and (c) improved
irradiance-based methods.

In comparison to the reflectance-based method, the irradiance- and improved
irradiance-based methods usually produced slightly higher uncertainties due to the
atmospheric profile; however, the uncertainties in all bands of the two methods were
below 0.81%. For the reflectance-based method, the predicted TOA using the MLS model
appeared to be the closest to that obtained using the radiosonde measurements. In contrast,
for the irradiance- and improved irradiance-based methods, the MLW model appeared to
better reflect the radiosonde measurements and actual conditions. Therefore, we adopted
the largest relative differences, derived from replacing the radiosonde measurements with
the US and MLS models, as the vicarious radiometric calibration uncertainty caused by
different atmospheric model assumptions.

4.1.3. Uncertainty Analysis of AOD Retrieval

The total uncertainty for the AOD, which is retrieved from CE318 data, is 0.01-0.02 [44].
In this experiment, the AOD at 550 nm was interpolated from CE318 measurements at
440 and 670 nm. As shown in Figure 5, the AOD at 550 nm at the Dunhuang radiometric
calibration site varied from 0.096 to 0.155. To predict the calibration uncertainty owing to
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variation in the AOD at 550 nm, the original AOD at 550 nm value of 0.1045 was replaced
with values of 0.1245 and 0.0845 in radiative transfer simulation. The calibration uncertainty
due to variation in the AOD at 550 nm was estimated by comparing the predicted TOA
radiance at different levels with the base value set to 0.02. Figure 16 exhibits the calibration
uncertainty owing to AOD measurements.
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Figure 16. Calibration uncertainty caused by AOD retrieval for SDGSAT-1 MII calibration on 24
December 2021, utilizing the (a) reflectance-, (b) irradiance-, and (c) improved irradiance-based
methods.

As shown in Figure 16, although the same difference was considered in the AOD
measurements, the relative differences differed for the three methods. For the reflectance-
based method, a variation of £0.02 in the AOD added little uncertainty in the simulated
TOA radiance, with a maximum value of 1.00%. In addition, when the AOD changed by
+0.02, the calibration uncertainty decreased with increasing wavelength. However, for
the other two methods, a variation of +0.02 in the AOD introduced significantly larger
uncertainties in the simulated TOA radiance than for the reflectance-based method, with
maximum values of 4.15% and 2.83%, respectively. Moreover, when the AOD changed by
+0.02, the calibration uncertainty became larger with increasing wavelength, which was
the opposite of the uncertainty trend for the reflectance-based method.

A change in the AOD led to opposite trends for direct and diffuse transmittances,
revealing an inverse relationship, and, as the same difference was considered in AOD
retrieval, the relative difference was symmetrical (Figure 17). For the reflectance-based
method (Equation (4)), both the direct transmittance and the diffuse transmittance (T};, (6s),
Taif(65), Tair(00), and Tyif(0,)) were affected by AOD errors according to Equations (5)
and (6). The direct transmittance increased or decreased with a change in the AOD, while
the diffuse transmittance changed in the opposite direction, revealing a “when one falls,
another rises” relation. This is why the calibration uncertainty caused by AOD errors
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was relatively low when using the reflectance-based method, in which the variation in
the direct transmittance partially compensates that of the diffuse transmittance in both
downward and upward directions. As a comparison, the AOD variation mainly affected
the direct transmittance in both downward and upward directions (e~ 7/#s and e~ /1, that
is Ty (05) and Ty;,(8,)) in the irradiance-based method. With increasing wavelength, direct
transmittances in both downward and upward directions also increased. The improved
irradiance-based method is optimal for downward diffuse transmittance, as an additional
compensating factor is included in the TOA radiance calculation. Consequently, the
calibration uncertainty introduced by AOD errors is small for the reflectance-based method
and large for the irradiance-based method compared to the improved irradiance-based

method.
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Figure 17. Changes in direct and diffuse transmittances for both downward and upward directions
under different 550 nm AOD.

From Figure 17, we can infer that when the AOD is small, the irradiance- and improved
irradiance-based methods are inferior to the reflectance-based method. To verify this,
various AOD values (0.1, 0.2, 0.3, 0.4, and 0.5) were input into MODTRAN to obtain
transmittance values (Figure 18). As expected, the direct transmittance decreased, while the
diffuse transmittance increased with increasing AOD. The larger the AOD was, the smaller
the direct transmittance and the larger the diffuse transmittance were. In addition, we
calculated the corresponding transmittance errors when the AOD changed by £0.02 under
the different AOD conditions for the three methods, and the results (Table 8) confirmed our
hypothesis. For the reflectance-based method, the transmittance error caused by an AOD
change was significantly smaller than those for the irradiance- and the improved irradiance-
based methods under different AOD conditions. Based on these findings, we concluded
that when the AOD is low (<0.1), the calibration accuracy of the reflectance-based method
is higher than that of the irradiance- and improved irradiance-based methods.
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Figure 18. Changes in direct transmittance and transmittances under different 550 nm AOD condi-
tions, including direct and diffuse transmittances in (a) downward and (b) upward directions.
Table 8. Transmittance errors when the AOD changes by +0.02 under different AOD conditions for
the reflectance-, irradiance-, and improved irradiance-based methods.
AOD Reflectance-Based Method  Irradiance-Based Method  Improved Irradiance-Based Method
(T(6s) x T(0,)) (T3i(0s) < Tg;(05)) (T3;,(05) x T(6))
AQOD + 0.02 1.90% 7.40% 5.80%
AOD =01 sop _ 002 1.97% 8.05% 6.20%
AOD + 0.02 1.77% 7.33% 5.75%
AOD=02 " Aop - 0.02 1.83% 7.95% 6.12%
AOD +0.02 1.62% 6.93% 5.44%
AOD=03 " Aop - 0.02 1.65% 7.39% 5.72%
AQOD + 0.02 1.59% 7.15% 5.62%
AOD =04 2op _ 002 1.62% 7.68% 5.94%
AOD + 0.02 1.55% 7.29% 5.74%
AOD =05 20D - 0.02 1.58% 7.86% 6.08%

4.1.4. Uncertainty Analysis of Water Vapor Measurement

Like the AOD at 550 nm, the CWV is retrieved from CE318 data, and the error of CWV
retrieval is within 10% [33]. Therefore, an uncertainty of £10% was replaced with the CWV
measured by CE318 in MODTRAN 5.2.1. As shown in Figure 19, the effect of a change
in CWYV on calibration uncertainty was nearly negligible in all bands, with a maximum
value of 0.32%. Given that the Dunhuang calibration site is located in an arid area with
dry atmospheric conditions, the water vapor measurement errors have little impact on the
calibration uncertainty.
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Figure 19. Calibration uncertainty caused by CWYV retrieval for SDGSAT-1 MII calibration on 24
December 2021, utilizing the (a) reflectance-, (b) irradiance-, and (c) improved irradiance-based methods.

4.1.5. Uncertainty Analysis of Simultaneous Ground Reflectance Measurements

The Dunhuang calibration site is one of China’s main radiometric calibration sites for
satellites with visible to near-infrared band sensors [2]. The stable ground reflectance of the
site guarantees high radiometric calibration accuracy. Both the reflectance- and irradiance-
based methods rely on simultaneous ground reflectance measurements. The accuracy
of the simultaneous ground reflectance measurement, as MODTRAN simulation input,
directly affects the radiative transfer accuracy. Multiple calibration studies have indicated
that the error of ground reflectance measurement is approximately 2% [33,43,45,46]. The
ground reflectance at the Dunhuang calibration site fluctuated by £1.5% in the last 15 years,
showing good stability [47]. In addition, the measurement procedure and instrument
specifications meet the requirements of in-situ calibration experiments; therefore, the
calibration uncertainty caused by ground reflectance errors was set to 1.5% in this study.

4.1.6. Uncertainty Analysis of Viewing Geometry

The solar zenith angle, solar azimuth angle, view zenith angle, and view azimuth
angle are all parts of the satellite viewing geometry. They determine the amount of energy
reflected from the ground and the energy received by the sensor entrance pupil. The
solar angles can be calculated according to the satellite transit time and the longitude and
latitude of the calibration site with relatively high accuracy. The viewing angles can be
obtained from information in the image itself. To assess the uncertainty brought by the
viewing geometry, we assumed that the calculation errors of the solar angles were 0.1°
because of high calculation precision, whereas those of the viewing angles were set to
1° [42]. By sequentially changing the solar and viewing angles, the TOA radiance under
the new viewing geometry was obtained and compared with the actual observation results.
The relative differences between the simulated results under different angles and the
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actual observation results, calculated using Equation (14), were regarded as the calibration
uncertainty caused by a variation in the viewing geometry (Figure 20).
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Figure 20. Calibration uncertainty caused by viewing geometry errors for SDGSAT-1 MII cal-
ibration on 24 December 2021, utilizing the (a) reflectance-, (b) irradiance-, and (c¢) improved
irradiance-based methods.

Changes in the solar and viewing angles had little impact on the TOA radiance. When
the solar angles increased by 0.1°, the variation in the TOA radiance was below 0.44%.
When the viewing angles increased by 1°, the variation in the TOA radiance was below
0.50%. Therefore, the calibration uncertainty caused by viewing geometry errors was set
to 0.50%.

4.1.7. Total Calibration Uncertainty Estimation

Previous studies have demonstrated that the calibration uncertainties that come from
other sources are relatively stable [29,31,33,48,49]. The calibration uncertainties caused by
the ozone measurement [49,50], BRDF error [36], image misregistration errors, radiative
transfer code accuracy [51,52], and DG ratio measurement [48] were estimated to be 0.6%,
2.0%, 0.2%, 1.0%, and 2.0%, respectively. The total vicarious radiometric calibration uncer-
tainty caused by all of the above factors was calculated according to Equation (12). The
total calibration uncertainties for the three methods are presented in Table 9.

According to previous studies, the accuracy of the irradiance- and improved irradiance-
based methods is generally better than that of the reflectance-based method in the case
of large AOD. However, the data in Table 9 makes it abundantly evident that the total
uncertainties of both the irradiance- and improved irradiance-based methods were slightly
higher than that of the reflectance-based method. This is because the DG ratio is an
indispensable parameter in the former methods. In addition to the same parameters as
the reflectance-based method, the irradiance-based method also uses DG ratios in both the
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solar and viewing directions. However, it is difficult to directly measure the DG ratio in
the viewing direction, which has to be extrapolated by fitting the values under different
solar zenith angles. During the calibration experiment on 14 December 2021, because
of the small variation range of the solar zenith angle within the effective observation
time, it was difficult to obtain a relatively accurate DG ratio in the viewing direction after
linear extrapolation, which is one of the main reasons why the total uncertainty of the
irradiance-based method was higher than that of the reflectance-based method in this
study. In the improved irradiance-based method, only the DG ratio measured in the solar
direction is included in the calculation to avoid the error introduced by linear extrapolation.
Therefore, this method is more accurate than the irradiance-based method. Overall, the
irradiance- and improved irradiance-based methods strongly rely on the precision of
the direct transmittance measurements and the DG ratios; consequently, improving their
measurement accuracy is key to high-precision calibration.

Table 9. Absolute calibration uncertainties of reflectance-, irradiance-, and improved irradiance-based

methods.
Source of Uncertainty Reflectance-Based Irradiance-Based Improved Irradiance-Based
Method (%) Method (%) Method (%)
Assumption of aerosol type 0.11-4.23 0.16-1.91 0.09-2.63
Assumption of atmospheric model 0.01-0.71 0.04-0.81 0.09-0.66
550 nm AOD retrieval 0.03-1.00 1.20-4.15 0.77-2.83
Water vapor retrieval 0.01-0.32 0.01-0.31 0.01-0.31
Ozone measurement 0.6 0.6 0.6
Ground reflectance measurement 15 15 15
BRDF error 2.0 2.0 2.0
Viewing geometries 0.18-0.50 0.10-0.45 0.10-0.49
Image misregistration errors 0.2 0.2 0.2
Radiative transfer code accuracy 1.0 1.0 1.0
DG ratio measurement / 2.0 2.0
Total uncerfainty 2.77-5.23 3.62-5.79 3.50-5.23

(Root sum of squares)

The above results were obtained under a low AOD, and we concluded that the
largest calibration uncertainty in the reflectance-based method stemmed from the aerosol
model assumption, whereas the retrieval uncertainty of the 550 nm AOD was the primary
calibration uncertainty for the other two methods. We analysed and discussed the reasons
for this conclusion in Sections 4.1.1 and 4.1.3, respectively. The actual aerosol type in
Dunhuang is similar to the rural and desert types, and the uncertainty of the aerosol model
assumption was expected to not lead to such a significant relative discrepancy between
the urban and rural aerosol types. Therefore, we adopted the relative difference between
the rural and desert aerosol types as the uncertainty of the aerosol model assumption. The
total uncertainties of the three methods under different AOD conditions are provided in
Table 10. When the AOD was 0.1, the reflectance-based method performed better than
the other two methods, with a total uncertainty of 3.10%. When the AOD was 0.2, the
irradiance-based method performed slightly better than the other two methods, with a
total uncertainty of 3.84%, and the accuracy of the reflectance-based method was basically
the same as that of the improved irradiance-based method. The irradiance-based method
performed best when the AOD was 0.3, 0.4, or 0.5.
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Table 10. The total uncertainties of reflectance-, irradiance-, and improved irradiance-based methods
under different AOD conditions.

Total Uncertainty Reflectance-Based Irradiance-Based Improved Irradiance-Based
Method (%) Method (%) Method (%)
AOD =0.1 3.10 3.55 3.58
AOD=0.2 3.96 3.84 4.00
AOD=0.3 528 4.37 476
AOD =04 7.24 5.35 6.03
AOD =05 9.21 6.47 7.42

The three methods each have their advantages and applicable conditions. Our research
results suggest that when the 550 nm AOD is low (<0.1), the calibration accuracy of the
reflectance-based method may be higher than that of the other two methods, but when
the 550 nm AOD becomes higher (>0.1), the irradiance-based method is the first choice.
Therefore, it is essential to use multiple separate methods to calibrate a sensor in a vicarious
calibration experiment, to mutually verify the results and detect possible errors caused
by a single method. Furthermore, if conditions permit, calibration experiments should be
repeated as often as possible to reduce the uncertainty of calibration accuracy.

4.2. Validation

Validation, i.e., testing and affirming the calibration results, is an important step in
calibration experiments. Only after radiometric calibration and validation research can
data products obtained from remote sensing inversion be credible and used in quantitative
applications. In this section, we first compare the reflectance retrieved using the FLAASH
atmospheric correction software with the in-situ measured reflectance over the Dunhuang
calibration site. Then we utilize the well-calibrated Landsat-8 OLI and Sentinel-2A MSI as
reference sensors to cross-validate the SDGSAT-1 MII results over different surface types.
Finally, we calculate the relative difference in the retrieved ground reflectance between MII
and the other two sensors.

4.2.1. Comparison with Measured Reflectance over the Dunhuang Calibration Site

We used the reflectance inversion method [53] to verify the rationality of the radio-
metric calibration methods in this paper. The calibration coefficients obtained in Section 3
were used in conjunction with FLAASH to obtain the inverse reflectance, which was then
compared with the measured reflectance over the Dunhuang calibration site. A comparison
of the reflectance inversion results is shown in Table 11. The inversed reflectance was
largely consistent with the measured reflectance, and the absolute difference between them
was within 0.001, demonstrating the rationality of the calibration methods.

Table 11. Comparison of reflectance inversion results.

Band Inversion Measurement Absolute Difference
Bl 0.136456 0.136229 0.00023
B2 0.155277 0.154839 0.00044
B3 0.175996 0.177304 0.00131
B4 0.206255 0.207094 0.00084
B5 0.233118 0.233125 0.00001
B6 0.236585 0.236509 0.00008
B7 0.233967 0.233836 0.00013
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4.2.2. Ground Reflectance Validation Cross-Compared with Landsat-8 OLI and Sentinel-2A
MSI over Different Surface Types

Because of the lack of spectral measurements of typical features, we utilized remote
sensors with high radiometric calibration accuracy as references to cross-validate the sensor
to be calibrated. We selected the Landsat-8 OLI and Sentinel-2A MSI as reference sensors
to cross-validate the SDGSAT-1 MII. The details of the near-coincident Landsat-8 OLI and
Sentinel-2A MSI images are provided in Table 12. The MII, OLI, and MSI overpass times
over the Dunhuang calibration site differ. Therefore, we had to consider the influence
of atmospheric conditions. The retrieved ground reflectance was obtained using the
atmospheric parameters measured at the Dunhuang calibration site and the FLAASH
atmospheric model according to the different radiometric calibration coefficients.

Table 12. Near-coincident Landsat-8 OLI and Sentinel-2A MSI data used in this study.

Sensor Data Acquisition Center Solar Solar 550 nm CWV
Time (UTC + 8) Coordinate Zenith Azimuth AOD (g/cm?)
SDGSAT-1 40.0913°N, o o
MII 14 December 2021, 11:45:17 94.3938°F 68.5021 152.2956 0.1045 0.3114
Landsat-8 40.3329°N, 5 5
OLI 14 December 2021, 12:20:23 95.0782°F 65.8780 161.3918 0.1199 0.2899
Sentinel-2A 40.1419°N, o o
MSI 17 December 2021, 12:32:11 94 8185°F 65.0575 164.5149 0.1229 0.2880

Figure 21 shows the relative spectral response curves of comparable bands for SDGSAT-
1 MII, Landsat-8 OLI, and Sentinel-2A MSI. Table 13 shows the visible and near-infrared
band information for the three sensors. To directly compare the spectral ground reflectance
retrieved by FLAASH between SDGSAT-1 MII, Landsat-8 OLI, and Sentinel-2A MSI, the
spectral band differences must be accounted for according to Equations (16) and (17).
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Figure 21. Relative spectral responses of corresponding bands for SDGSAT-1 MII, Landsat-8 OLI,
and Sentinel-2A MSI.
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Table 13. Spectral ranges of SDGSAT-1 MII, Landsat-8 OLI, and Sentinel-2A MSI.

SDGSAT-1 MII Landsat-8 OLI Sentinel-2A MSI
Center Spectral Center Spectral Center Spectral
Band Wavelength Range Band Wavelength Range Band Wavelength Range
(nm) (nm) (nm) (nm) (nm) (nm)
B2 462 410-467 Bl 445 435-451 Bl 443 431-454
B3 506 457-529 B2 509 452-512 B2 520 458-527
B4 571 510-597 B3 550 533-590 B3 560 504-602
B5 666 618-696 B4 656 636-673 B4 654 649-680
B7 814 798911 B5 859 851-879 BSA 871 855-875

Different surface types, including water, bare land, desert, and dry farmland, around
Dunhuang City in Gansu Province, China, were selected to evaluate the vicarious calibra-
tion coefficients according to the reflectance-, irradiance-, and improved irradiance-based
methods. Figure 22 shows the water, bare land, desert, and dry farmland sites selected for
measurements on 14 December 2021. The ground reflectance in the regions of interest was
calculated based on the different calibration coefficients, measured atmospheric parameters,
and FLAASH. Using this approach, the vicarious radiometric calibration coefficients of
SDGSAT-1 MII were validated for all selected surface types, as shown in the scatter plots

and curve fits in Figure 23.

Figure 22. Different surface types selected for validation.
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Figure 23. Comparison of retrieved ground reflectances obtained by the indicated sensors according
to the (a) reflectance-, (b) irradiance-, and (c) improved irradiance-based methods.

Figure 23 shows the cross-comparison results of the reflectances for the selected surface
types obtained using the different satellite sensors and the reflectance-, irradiance-, and
improved irradiance-based methods. y = x is the reference line; the closer the data points
are to y = X, the closer the retrieved ground reflectance of MII is to that of OLI and MSI
and, thus, the higher accuracy of the calibration method. All data points were linearly

fitted, and the linear fitting equation expression and goodness-of-fit (R?) were obtained.

The larger the R? value, the higher the degree of fit. In addition, the root mean square error
(RMSE) of each calibration method was calculated. The smaller the RMSE, the higher the
accuracy of the calibration method.

Overall, the retrieved ground reflectance of the MII was in good agreement with that

of the OLI and MSI sensors for all three methods (R? > 97%, p < 0.02, RMSE < 0.013).

The results revealed that the calibrated SDGSAT-1 MII image was highly consistent with
the Landsat-8 OLI and Sentinel-2A MSI images. Interestingly, the calibration accuracy of
the three methods was also reflected by the R? values (reflectance-based, 0.9854, p <0.01;
improved irradiance-based, 0.9768, p < 0.02; and irradiance-based, 0.9727, p < 0.02) and
RMSE values (0.0124, 0.0113, and 0.0099, respectively). The cross-comparison results agreed
with the results exhibited in Section 4.1, with the reflectance-based method having a slightly
higher accuracy than the other two methods.

To quantitatively verify the calibration accuracy of the different methods, the absolute
and relative differences between MII and OLI/MSI were calculated. Table 14 lists the
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results. The absolute (relative) differences in most bands were below 0.009 (5%). The
average absolute (relative) differences between MII and OLI and between MII and MSI
were all within 0.01 (10%). This demonstrated that the calibration accuracy of the MII
coincides with that of the OLI and MSI sensors, which is consistent with the above results.

Table 14. Average absolute (relative) differences in retrieved reflectances over different surface types
between MII and OLI/MSI utilizing the reflectance-, irradiance-, and improved irradiance-based

methods.
Absolute (Relative) Absolute (Relative)
Method Band Difference between Difference between

MII and OLI MII and MSI
Coastal/aerosol 0.0111 (14.04%) 0.0086 (12.84%)

Blue 0.0133 (13.76%) 0.0099 (7.12%)

Green 0.0081 (4.46%) 0.0041 (2.78%)

Reflectance-based method Red 0.0033 (1.83%) 0.0103 (8.82%)
Near infrared 0.0016 (1.57%) 0.0091 (5.81%)

Average difference 0.0075 (7.13%) 0.0084 (7.47%)
Coastal/aerosol 0.0165 (18.45%) 0.0101 (13.56%)

Blue 0.0078 (8.86%) 0.0137 (9.10%)

Irradi based hod Green 0.0046 (3.16%) 0.0076 (3.92%)
rradiance-based metho Red 0.0082 (4.09%) 0.0129 (10.28%)
Near infrared 0.0074 (3.31%) 0.0111(6.38%)

Average difference 0.0089 (7.57%) 0.0111 (8.65%)
Coastal/aerosol 0.0097 (15.54%) 0.0110 (15.04%)

Blue 0.0101 (10.12%) 0.0113 (8.13%)

Improved irradiance-based Green 0.0068 (4.09%) 0.0052 (2.78%)
method Red 0.0062 (2.95%) 0.0126 (10.54%)

Near infrared 0.0082 (3.94%) 0.0106 (6.48%)

Average difference 0.0082 (7.33%) 0.0101 (8.59%)

The average absolute (relative) differences between MII and OLI were in the order
reflectance-based method (0.0075 (7.13%)) < improved irradiance-based method (0.0082
(7.33%)) < irradiance-based method (0.0089 (7.57%)); those between MII and MSI were in
the order reflectance-based method (0.0084 (7.47%)) < improved irradiance-based method
(0.0101 (8.59%)) < irradiance-based method (0.0111 (8.65%)). The absolute (relative) dif-
ferences in the retrieved ground reflectance between MII and OLI/MSI provided strong
evidence that the calibration accuracy of the reflectance-based method is basically the same
as that of irradiance- and improved irradiance-based methods, and it is even better when
the AOD is low (<0.1).

Notably, the relative differences were the largest in the coastal/aerosol and blue bands
for all three methods (all > 10%). This is partly attributed to the low reflectance of water
and the low response of the blue channel; therefore, a small difference will be amplified.
Moreover, the relative difference in the red band was approximately 10% due to the low
reflectance of water, which introduces a large error, resulting in a large difference over all
surface types in the red band.

Overall, our research revealed that the calibration accuracy of the SDGSAT-1 MII is
highly consistent with that of the Landsat-8 OLI and Sentinel-2A MSI, and we demonstrated
that the calibration coefficients for the SDGSAT-1 MII are reliable and highly accurate. The
different calibration methods were found to have different calibration accuracy; when the
AOD is low (<£0.1), the calibration accuracy of the reflectance-based method is similar to or
even higher than that of the irradiance- and improved irradiance-based methods.

5. Conclusions

We comprehensively described the first in-situ vicarious radiometric calibration exper-
iment of the SDGSAT-1 MII at the Dunhuang calibration site on 14 December 2021. In-situ
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measurements, including ground reflectance, atmospheric parameters, and radiosonde
data, were acquired during the satellite overpass date. Reflectance-, irradiance-, and im-
proved irradiance-based calibration methods were utilized to predict the TOA spectral
radiances using MODTRAN v.5.2.1 software. The vicarious radiometric calibration co-
efficients for the SDGSAT-1 MII were directly determined by dividing the TOA spectral
radiances by the averaged DN over the 500 x 500 m calibration site. The calibration
uncertainties were analysed in detail in this paper. The key findings are summarized as
follows:

(1) The radiometric calibration coefficients obtained by the three vicarious calibration
methods were reliable, with average relative differences of 2.20% (between the
reflectance- and irradiance-based methods) and 1.43% (between the reflectance-
and improved irradiance-based methods). The total calibration uncertainties of the
reflectance-, irradiance-, and improved irradiance-based methods were 2.77-5.23%,
3.62-5.79%, and 3.50-5.23%, respectively. The largest calibration uncertainty in the
reflectance-based method stemmed from the aerosol model assumption, while the
retrieval uncertainty of the AOD at 550 nm was the primary calibration uncertainty in
the other two methods.

(2) To verity the calibration accuracy of SDGSAT-1 MII, we utilized well-calibrated sen-
sors, Landsat-8 OLI and Sentinel-2A MSI, as reference sensors for cross-comparison
with the SDGSAT-1 MII over different surface types. MII retrievals differed less than
0.0075 (7.13%) from OLI retrievals and less than 0.0084 (7.47%) from MSI retrievals
when applying calibration coefficients from the reflectance-based method; less than
0.0089 (7.57%) from OLI retrievals and less than 0.0111 (8.65%) from MSI retrievals for
the irradiance-based method; and less than 0.0082 (7.33%) from OLI retrievals and less
than 0.0101 (8.59%) from MSI retrievals for the improved irradiance-based method.
The cross-comparison results showed that the SDGSAT-1 MII calibration accuracy
was consistent with those of Landsat-8 OLI and Sentinel-2A MSI, and they showed
that the calibration coefficients for the SDGSAT-1 MII are reliable and highly accurate.

(3) Unexpected calibration errors caused by measurement uncertainties in in-situ calibra-
tion experiments are hard to detect. Therefore, using different calibration methods
and cross-comparing their results is important. In the case of a low AOD (<0.1), the
irradiance- and improved irradiance-based methods showed no obvious advantage
over the reflectance-based method, which is therefore recommended under such
conditions due to its superiorities of easy operations, low cost, and high accuracy. If
DG ratios are not measured, using only the reflectance-based method for calibration
under ideal weather conditions is reliable.

(4) The performances of the three calibration methods varied for different aerosol types
under different AOD conditions. For calibration sites with ground and atmospheric
conditions similar to the Dunhuang calibration site, we suggest using the rural and
desert aerosol types. When the AOD was 0.1, the reflectance-based method was the
best choice, with a total uncertainty of 3.10%, whereas when the AOD was 0.2, 0.3, 0.4,
or 0.5, the irradiance-based method had a higher accuracy, with total uncertainties
of 3.84%, 4.37%, 5.35%, and 6.47%, than the other two methods. The improved
irradiance-based method is recommended when the DG ratio cannot be obtained
under a wide-angle measurement (for example, in winter, the range of angle variation
is small) or when the atmospheric condition is unstable.

The vicarious absolute radiometric calibration coefficients of SDGSAT-1 MII obtained
based on this experiment have been provided to users at http:/ /www.sdgsat.ac.cn/, (ac-
cessed on 9 June 2022). This research needs to be extended to other radiometric calibration
sites, especially, the Radiometric Calibration Network (RadCalNet). Furthermore, exten-
sive evaluation and validation campaigns should be performed to monitor the long-term
radiometric performance of SDGSAT-1 MIL
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Abstract: In the solar reflective band, an on-board calibration method based on a solar diffuser
(SD) can realize full aperture, full field of view, and end-to-end absolute radiometric calibration
of optical remote sensors. The SD’s bidirectional reflectance distribution function (BRDF) is a key
parameter that affects the accuracy of the on-board calibration. High-accuracy measurement of the
SD BRDF is required in the laboratory before launch. Due to the uncertainty of the goniometer
system, polarization effects, and other factors, the measurement uncertainty of the SD BRDF at
large incident angles is much higher than that at a 0° incident zenith angle and 45° reflection zenith
angle. In this paper, an absolute BRDF measurement facility is reported. The goniometric system
consists of a high-brightness integrating sphere as a radiation source, a six-axis robot arm, and a
large rotation stage. The measurement wavelength range was from 350 nm to 2400 nm. An improved
data processing method based on the reciprocity theorem was proposed to reduce the measurement
uncertainty of the SD BRDF at large incident angles. At an incident zenith angle of 75°, the improved
data processing method reduced the measurement uncertainty of the SD BRDF by 52% at 410 nm
to 480 nm, by 70% at 480 nm to 1000 nm, and by 20% at other bands compared to the absolute
measurement method. The influence of the radiation source, goniometer system, detection system,
and other factors on the measurement uncertainty are analyzed in this paper. The results show that
the measurement uncertainty (coverage factor k = 2) of the SD BRDF was better than 1.04% at 350 nm
to 410 nm, 0.60% at 410 nm to 480 nm, 0.43% at 480 nm to 1000 nm, and 0.86% at 1000 nm to 2400 nm.

Keywords: remote sensing; on-board calibration; BRDF measurement; reciprocity theorem;
uncertainty budget

1. Introduction

An optical remote sensor requires absolute radiometric calibration to quantify the
sensor’s response to a known radiometric input [1]. Although a remote sensor has been
calibrated with high accuracy before launch, its performance inevitably changes during
its transportation, launch, and on-orbit operation. Therefore, on-orbit calibration is neces-
sary [2,3]. Among the various on-orbit calibration methods, an on-board calibration method
based on a solar diffuser (SD) has the advantages of high frequency, full aperture, a full field
of view, and end-to-end characteristics. This is currently the dominant on-board calibration
method in the solar reflective band. In this calibration method, the solar radiance reflected
from an SD is used as a high radiance source. The radiance at the sensor aperture when
viewing the SD is directly influenced by the SD BRDF [4-9]. Therefore, the SD BRDF is a
key parameter that determines the uncertainty of on-board calibration.

The BRDF can accurately describe the spatial and spectral characteristics of an object.
It is defined as the ratio of irradiance falling on the object’s surface from a given direction,
and its contribution, to the radiance that is reflected in another direction. The initial SD
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BRDF for an on-board calibration can only be measured in a laboratory before launch [10].
After entering orbit, the stability of the BRDF can be monitored through an SD stability
monitor or a backup SD [11,12].

In recent years, many institutions have conducted research on absolute BRDF mea-
surement. The Robotic Optical Scattering Instrument (ROSI) developed by the National
Institute of Standards and Technology (NIST) realized a high-accuracy BRDF measurement
in the range of 250 nm to 2400 nm. In the range of 250 nm to 1050 nm, the uncertainty
(coverage factor k = 2) of a BRDF measurement at standard in-plane geometry (0°/45°),
i.e., with an incident zenith angle of 0° and a reflected zenith angle of 45°, was less than
0.82% and increased to 1.92% for 1050 nm to 2400 nm [13,14]. The Physikalisch-Technische
Bundesanstalt (PTB) developed a gonioreflectomter based on a five-axis robot. The wave-
length range covered 250 nm to 1700 nm. The uncertainty (k = 2) of the BRDF measurement
in standard geometry was less than 0.5% at 400 nm to 1700 nm and 1.5% at 250 nm to
400 nm [15-17]. The National Research Council (NRC, Canada) gonioreflectometer applied
an array spectroradiometer as the radiation measurement device to achieve high-accuracy
BRDF measurement at 250 nm to 1700 nm. The k = 2 uncertainty in the standard geom-
etry was less than 0.5% in the range of 400 nm to 900 nm [18]. The Consejo Superior de
Investigaciones Cientificas (CSIC) Research Institute developed a measurement facility
named Gonio-EspectroFétometro Espafol (GEFE), which could measure the BRDF and
bidirectional transmittance distribution function (BTDF) of samples. The wavelength range
covered 380 nm to 780 nm. The overall BRDF measurement uncertainty was less than
1% [17,19]. All uncertainties above are the measurement uncertainties for a BRDF of a
nearly perfect diffuser.

The measurement facilities of the above national metrology laboratories are mainly
used for standard transfer, rather than SD BRDF measurement for on-board calibration. At
present, most SD BRDF measurement facilities achieve measurements that are traceable to
a reflectance standard, i.e., a reference sample. The reflectance of the reference is known for
the specified geometry and wavelength range. The facility is first calibrated with reference
to the standard, and then the sample is substituted for the standard. For example, two
scatterometers at NASA GSFC’s Diffuser Calibration Lab (DCL) were used to effect NIST
traceable BRDF scale transfers and enable the prelaunch testing of large-area solar diffuser
flight unit panels in their on-orbit configurations [20]. The relative measurement method is
simple and convenient. However, the disadvantages are obvious. The standard transfer is
needed in this method. The major uncertainty then lies in the BRDF of the standard. The
reference sample can easily be contaminated, which affects the measurement results [10].

To further reduce measurement uncertainty, some laboratories have developed abso-
lute BRDF measurement facilities, such as the Polarization and Scatter Characterization
Analysis of Lambertian materials (PASCAL) at Raytheon [21]. An absolute measurement
means that the BRDF is obtained by measuring the incident and reflected radiation accord-
ing to the definition of the BRDF. Additionally, no reference standard is introduced into
the absolute measurement. Compared to relative measurement, an absolute measurement
system needs a linear receiver over a sufficiently wide dynamic range [10].

In the on-board calibration process, the relative geometric relationship with respect
to the SD between the incident direction of the sunlight and the observed direction of a
remote sensor determines the incident and reflected angles of the SD BRDF measurement
in the laboratory. Due to the limitations of satellite orbits, on-board calibration times, and
other factors, it is necessary to measure SD BRDF with high accuracy at in- and out-of-plane
and large angle geometries. In this case, the BRDF measurement’s uncertainty increases
compared to measuring in the standard geometry. There are many reasons for this problem,
such as angle uncertainty and polarization [22].

An SD is often made of polytetrafluoroethylene (PTFE), sand-blasted aluminum,
etc. [23]. According to the spatial and spectral characteristics of the SD, an improved data
processing method could be designed based on the reciprocity theorem. This method
could reduce the dependence of the measurement uncertainty on the angular accuracy
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of the goniometer system. An integrating sphere radiator was used as a source to ensure
high-irradiance uniform illumination while reducing the influence of polarization on the
measurement results.

This article is organized as follows. In Section 2, the principle of absolute BRDF mea-
surement is introduced. In Section 3, an absolute BRDF measurement facility is introduced,
including the configuration, calibration methods, and results of each part. The workflow of
the facility is also presented. In Section 4, the determination of the SD BRDF measurement
angle and the causes of large-angle incidence and detection in on-board calibration are
discussed. An improved data processing method based on the reciprocity theorem is also
introduced. The uncertainty of the SD BRDF measurement is analyzed based on the system
calibration results from the overall facility in Section 5. The measurement results of the SD
BRDF for on-board calibration are provided in Section 6. Finally, conclusions are given in
Section 7.

2. Absolute BRDF Measurement Principle
The BRDF can be defined as [24]

. D _ dLr(ei/ Pi, 0, Pr, /\)
JrOi @i 6rs 1, 1) = dE;(0;, @i, A) 1)

where dL, represents the radiance reflected in a given direction by an infinitesimal element;
dE; represents the irradiance from the incident direction that falls on this infinitesimal
surface element; 6;, ; represent the zenith angle and azimuth angle in the incident direction;
0;, pr represent the zenith angle and azimuth angle in the reflected direction; and A stands
for the wavelength. The geometric relationship of 6;, ¢;, 6, ¢, is shown in Figure 1.

Z
A

Figure 1. Geometry of incident and reflected beams.
According to the definition of radiance and irradiance,
dE;(0;, @i, A) = cos0;dE | (A) = cos6;L (A)dQ}, 2)

where dE | (A) and dL, (A) represent the radiance and irradiance, respectively, when the
direction of incidence is perpendicular to the sample, and () represents the illumination
solid angle.

Equation (2) can be substituted into Equation (1), integrating both sides at the same time:

/f(Gi, @i;0r, r; A) cosO;L | (A)dQ) = /dLr(Gi/ Pi;0r, 9r; A). (3)

These measurements can be made at narrow solid angles and on small surfaces; the
output of the radiation source is uniform (in spatial direction). The SD for on-board
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calibration is a nearly perfect diffuser. Therefore, f(6;, ¢;;0;, ¢;;A) and L, (A) can be
considered constants. Then

[ dL:(6i, 9556, 9r;A) _ Lr(0:, 9i;0r, 9riA) R
0, 90y, pri \) = =
f (0 95561, 91 1) cosb;L; (A) [dQ Li(A) " Acos 0;’

4)

where R represents the distance from the radiation source opening to the center of the
sample, and A represents the area of the radiation source opening. Equation (4) shows
that the required SD BRDF could be obtained by measuring the incident radiance, the
illumination solid angle, and the reflected radiance.

The incident and reflected radiance are measured using the same detection system,
and the final BRDF calculation requires only the ratio of the incident radiance to reflected
radiance; therefore, it is not necessary to know the absolute value of the measured radiance.
Thus, Equation (4) can be expressed as

N . _ DNT’<9i/ Pi; 0, Pr; /\) R2
f(el/ (Pll 97‘/ (Pr/ )\) — DNL (A) k A o8 91, p (5)

where DN, (6;, ¢;;6;, ¢r; A) and DN (A) represent the digital number (DN) of the detector
for the reflected and incident radiance, respectively. To simplify the expression, DN was
subtracted from the dark currents in this paper.

3. Description and Calibration of the Facility

An absolute BRDF measurement facility is shown in Figure 2. It consists of three
parts: an irradiation system, a goniometer system, and a detection system. All devices are
connected to the same industrial control computer. The required BRDF of a sample can be
automatically measured by the control software.

Movable radiator

Fourier Transform
Infrared Spectrometer

six-axis robot-arm

front optical path

large rotation stage

optical path g _ :
switching device y ,
| o

monochromator with
interchangeable detectors

Figure 2. Absolute BRDF measurement facility.

3.1. Irradiation System

An integrating sphere was chosen as the radiation source to ensure that the brightness
and uniformity requirements of the irradiation system were met. It also reduced the effect
of polarization on the measurement results.

The inner coating of the sphere radiator is shown in Figure 3. It was made of pressed
PTFE with a reflectivity above 99%. The inner diameter of the sphere was 150 mm, and
three 400 W halogen lamps were built in. The sphere was equipped with hydrocooling and
air-cooling systems. The power supply was set to 1000 W (approximately 80% of the rated
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power) when the sphere radiator operated. A stray light hood was added in front of the
sphere radiator opening to reduce the influence of stray light during measurement.

Figure 3. Integrating sphere radiator.

To verify the homogeneity of the sphere radiator, a special homogeneity measurement
facility was built. Imaging optics for radiation at a 1:1 reproduction scale were chosen and
mounted on a two-dimensional xy-translation stage. The step interval was set to 2 mm,
and the scanning area covered the whole opening of the sphere radiator. The results show
that the nonuniformity of the opening was less than 0.5%.

The stability of the sphere radiator could be detected by the facility’s detection system.
The facility was adjusted to the position for measuring incident radiation. The output power
of the high-precision current source was set to 1000 W, and the measurement wavelength
was 350 nm. After 30 min of preheating, the measurement lasted 80 min with a sampling
interval of 20 ms. The results are shown in Figure 4. Stability was expressed as relative
standard deviation, and the instability of the light source was less than 0.06% (80 min).
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Figure 4. Stability test results of the sphere radiator.

3.2. Goniometer System

A six-axis robot arm and a large rotation stage from the goniometer system of the
facility are shown in Figure 5. The robot arm held the sample for three-dimensional rotation,
and the rotation stage loaded the irradiation system for one-dimensional rotation. The
detection system was fixed to ensure high-accuracy radiation measurement.
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Figure 5. Goniometer system.

The angle ranges for BRDF measurement at the facility are shown in Table 1.

Table 1. Angle ranges for BRDF measurement.

Angle Parameter Range (°) Notes
Incident zenith angle (6;) 0-75 Due to obstruction of the
Incident azimuth angle (¢;) 0-360 radiation source, the angle
Reflection zenith angle (6;) 0-75 between the incident and
Reflection azimuth angle (¢;) 0-360 reflected rays is greater than 10°

Two coordinate systems were defined on the surface of the SD: the robot tool coordinate
system XYZ and the BRDF coordinate system xyz. They both shared a common coordinate
origin, which was located at the center of the sample. This point was also the intersection
point of the rotation axis during the rotation stage and the centerline of the opening of the
sphere radiator. The relative positions of the two coordinate systems are shown in Figure 5.

The angle of rotation of the robot arm around the XYZ axis of the robot tool coordinate
system could be defined as «, B,, and the rotation angle of the rotation stage was J.
According to the different expression relationships between the incident vector, the reflected
vector and the sample normal in the two coordinate systems, the relationship between
0i, ¢i,6;,  and «, B, v, 6 could be established as follows:

cos & = cos B; cos 0, + sin 6; sin 6, cos(¢, — ¢;) (6)

cos 0; cos § — cos b,
t = 7
an cos 0;sin @)

sin(@r — ¢;) sin6; sin 6,
sin é

®)

sinff =

tany — sin 6; cos 6, cos @; — sin 6, cos 8; cos ¢ ©)
= sin 6; cos 6, sin ¢; — sin 6, cos 6; sin ¢,

For a given BRDF angle (6;, ¢;, 0r, ¢r), the rotational angle of the robot arm and rotation
stage («, B, 7, 6) could be calculated using Equations (6)-(9). The goniometer system was
rotated based on the calculated «, 3, 7, ¢ to achieve the geometric relationships required for
the measurement.
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3.3. Detection System

An SD can reflect the incident radiation into the hemisphere so that only a small
portion of the incident radiation is collected during measurement. The detection solid
angle of the facility was very small, approximately 0.003 sr, and depending on the different
incident angles of the radiation source, there were approximately four orders of magnitude
of difference between the incident radiation and the reflected radiation. For different
measurement wavelengths, the difference could even exceed four orders of magnitude. In
this large dynamic range, non-linearity in the detection system needed to be determined
and corrected.

The detection system had two configurations. One was a combination of a monochro-
mator, detectors, and a picoamperemeter. The other was a Fourier transform infrared (FTIR)
spectrometer. These two detection devices shared the same front optical path systems.
Depending on the wavelength required, a combination of a plane reflector and an electric
translation platform was used to switch the optical path.

The front optical path is shown in Figure 6. It was composed of five plane mirrors,
three concave mirrors and one electric translation platform. The radiation reflected from
the sample was parallel to the optical platform plane after being reflected by plane mirror
1 and plane mirror 2 and then converging on concave mirror 1. It was then reflected by
plane mirror 3 to the optical path-switching device, which was composed of an electric
translation platform and a plane mirror. After passing through the optical path-switching
device, the concave mirror converged the light to the optical inlet of the monochromator or
FTIR spectrometer.

Reflected light : Plane mirror 1
of sample \

Vertical plane

. 5 Parallel plane of
1760 Plane mirror 2 : aptical platform

Plane myirror 3 Y Optical platform

Monochromator

1500

Concave mirror 2
F=3.8

Concgve minor 3

Fourier spectrometer

840

850

3000

Figure 6. Optical path diagram of the detection system.
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The electric translation platform controlled the back-and-forth movement of the plane
mirror. From Figure 2, when the plane mirror was in the red dashed box position on the
optical path-switching device, it reflected the radiation to the optical inlet of the FTIR
spectrometer. Additionally, when it was completely removed (in the yellow dashed box
position), the radiation entered the optical inlet of the monochromator.

The performance of the detection devices in these two configurations was as follows:

1. Monochromator, detector and picoamperemeter: The monochromator had a spectral
resolution of approximately 3 nm at 350 nm to 600 nm and 6 nm at 600 nm to 1700 nm.
Depending on the different measurement wavelengths, two types of detectors were
equipped: Si (350 nm to 1000 nm) and InGaAs (1000 nm to 1700 nm, two-stage TE
cooled, —40 °C) detectors. All photoelectric signals were detected by the picoam-
peremeter, and the measurement results were transmitted to a computer for data
storage and calculation.

2. FTIR spectrometer: The FTIR spectrometer was a VERTEXS80 [25] from the BRUKER
company. In the measurement facility, the InGaAs detector was selected as the detector
for the VERTEX80. The measurement spectral range was set at 11,764 cm ! (850 nm)
to 4148 cm~! (2410 nm), and the spectral resolution was set at 64 cm ! (4.6 nm
to 36.6 nm). This resolution was selected because of the spectral characteristics of
the SD’s reflectivity (spectral flatness) and the improvement in the signal-to-noise
(SNR) ratio when measuring the reflected radiation. In the process of inverse Fourier
transform, the Blackman Harris 4-Term was used as the apodization function; the
zero filling factor was 2; the power spectrum mode was selected for phase correction;
and the absolute largest value was selected for the peak position retrieval mode.

When measuring the reflected radiation, the circuit amplification coefficient used by
the FTIR spectrometer was different from that used for the incident radiation to ensure a
sufficiently high SNR. The calculation method for scaling factor 77 was as follows:

g = DN,rrir(0°,45°;A)/ DNiprir (M)
DNrInGaAs(OO;450;)\)/DNiInGaAs()‘)

(10)

where DN,rrr(0°;45°; 1) and DN;rrir(A) represent the DN of the FTIR spectrometer
for the reflected radiation at 0°/45° and incident radiation, respectively, and DN, ,Ga4s
(0°;45°; 1) and DNjj,Gaas(A) represent the DN of the InGaAs detector for reflected radia-
tion at 0°/45° and incident radiation, respectively.

The DN ratio of the incident radiation and reflected radiation from the InGaAs detector
at 0°/45° was compared with the DN ratio from the FTIR spectrometer under the same
conditions. Data at the 1200 nm and 1300 nm bands were selected for calculation. The
average scaling factor was 99.10.

3.4. System Calibration
3.4.1. Geometric Calibration

The geometric calibration of the facility was divided into two main aspects: determin-
ing the initial position (the rotation center of the robot arm and the origin of the rotation
stage) of the BRDF measurement and verifying the uncertainty of the rotation angle.

The rotation center of the robot arm was located at the intersection point of the rotation
axis of the rotation stage and the normal to the center of the sphere radiator opening. Before
measuring, the initial position of the sample needed to be determined.

With the laser beam emitted from the sphere radiator opening as the indicator and
the robot arm as the measuring tool (the measuring principle is shown in Figure 7a), the
space linear equation of the rotation stage was obtained by measuring the beam emitted
from the sphere radiator opening at different angles (the measuring schematic is shown in
Figure 7b), and the transformation relationship between the robot’s base coordinate system
and the laboratory coordinate system was preliminarily established. Then, the laser beam
was adjusted perpendicular to the rotation axis of the rotation stage, and the position of the
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a)

laboratory coordinate origin and the changing relationship between the two coordinate
systems were determined according to the position of the incident laser beam on the Y-axis
of the tool coordinate system and the axis equation. A calibration model of the instrument
was established. The position and attitude of the rotation center in space were calculated,
and the initial position of the sample was determined. This calibration method is described
in great detail in the literature [26].

ratary indexing table’axis b)

Figure 7. (a) Principle of measuring the beam. (b) Principle of determining the rotation axis by
measuring the beam.

The origin of the rotation stage (red points marked in Figure 8) was corrected using
a coordination measurement with the overall system. The radiation source was placed
at the origin before correction, and the sample held by the robot arm was placed at the
initial position determined and described in the previous paragraph. The radiation source
was rotated counterclockwise by 30° to a starting point. Then, the reflected radiation was
collected at 5° intervals. The measuring schematic is shown in Figure 8a. After acquisition
was complete, the radiation source was returned to the origin, and the sample was rotated
180° around the z-axis by the robot arm. The radiation source was rotated clockwise 30°
to the starting point. Then, the reflected radiation was collected again at 5° intervals. The
measuring schematic is shown in Figure 8b. A schematic diagram of the whole correction
operation follows:

Sample
(Rotate 180 ° around Z axis)

\

The origin of the ” Integrating sphere
X light source
rotation stage
- Collect reflected 2 Collect reflected
signal radiance signal radiance
(a) (b)

Figure 8. (a) Rotating the radiation source counterclockwise and collecting the reflected radiation.
(b) Rotating the radiation source clockwise and collecting the reflected radiation.
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If the angle of counterclockwise rotation was 6,1,6,2 - - - 0,19, the angle of clockwise
rotation was 0y1, 0y - - - Op19, and the origin angle before correction was A6, then,

DN(6i) _  DN(6)
cos(0,; — AB)  cos(6p; + AB)

(11)

The correction value at the origin of the rotation stage could be calculated using
Equation (11). After correction, the reflected radiation is shown in Figure 9. The relative
DN (04i) DN (6);)
cos(6,;) cos ()

deviation of and was less than 0.2%.

—— DN(6,)/cos 8,
—— DN(6,)/cos 6,

0.38

0.37 A

0.36

0.35

0.34 4

Reflected signal(nA)

0.33 4

Angle(®)
Figure 9. Reflected radiation at different incident angles of the incident after correction.

A detection method based on the principle of specular reflection was used to verify
the angular uncertainty of the goniometer system. The origin of the coordinate paper was
placed at the center spot of the incident light beam after rotating the radiation source 180°
counterclockwise. Assuming that the counterclockwise rotation angle of the radiation
source was AJ, the robot was adjusted so that the reflector rotated Ad/2 about the Y-axis,
and the position of the center spot of the reflected light beam was recorded at this time.
The experimental diagram is shown in Figure 10.

laser

Plane reflector
g

coordinate coordinate

paper L paper

(@ (b)

Figure 10. (a) Determining the origin of the coordinate paper. (b) Specular reflection test.
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The range of Ad was set to 6°-75°, and measurements were taken every 3°. The dis-
tance between the coordinate paper and the rotation center was 1900 mm. The experimental
results are shown in Figure 11, and the incident angle when measuring the spot is marked
beside each point.
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Figure 11. Measurement of reflected spot position data based on mirror reflection (incident angles
are marked beside the points).

The angle error Af could be expressed as

/me + ymZ

AO = arctan i ,

(12)
where x,,, ¥, represent the horizontal and vertical coordinates, respectively, of the reflected
light spot on the coordinate paper at the current angle; I represents the distance between
the coordinate paper and the rotation center. Calculating the results based on Figure 11
and using Equation (12), the maximum deviation angle was 0.0769°; this means that the
angular accuracy of the goniometer system was less than 0.1°.

3.4.2. Nonlinear Calibration of the Detection System

e 350 nm to 1000 nm: A method based on the flux addition of two light-emitting
diodes (LEDs) in an integrating sphere was used to detect nonlinearity in the detector
system [27]. The measurement range was from 12 pA to 364 nA, which matched the
dynamic range of the facility. The measurement results are shown in Figure 12.
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Figure 12. Measurement results for detector nonlinearity.
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e 1000 nm to 2400 nm:

The linear uncertainty of the FTIR spectrometer as measured by the manufacturer
was 0.02%.

3.5. Absolute Measurement Workflow for the Facility

The measurement steps for the facility are outlined as follows.

First, the robot held the sample and moved it to the avoidance position, and the radia-
tion source was rotated 180° counterclockwise from the origin of the rotation stage. The
incident radiation at the required wavelength was measured. Then, the software controlled
the radiation source and the sample to the position required for measurement and mea-
sured the reflected radiation from the sample. After the reflected radiation measurements
were complete, the facility returned to measure the incident radiation again. The software
could control the acquisition frequency of the incident radiation by setting the number of
reflected radiation acquisitions. Generally, the number of reflected radiation acquisitions
was set to 10 to ensure that the incident radiation measurement interval did not exceed
15 min. Photos of the measurement process are shown in Figure 13a,b.

Figure 13. (a) Measurement of the radiation of the radiation source. (b) Measurement of the reflected
radiation of the sample.

4. BRDF Measurement by the SD for On-Board Calibration
4.1. Determination of the SD BRDF Measurement Angle

On-board calibration is generally conducted after satellite lighting and before subsatel-
lite point lighting (Figure 14). Based on the analysis of observations from hyperspectral
instruments on international satellites, on-board calibration is susceptible to scattered
and reflected stray light from the Earth and the atmosphere. The appropriate Sun—-Earth—
satellite (SES) angle at on-board calibration times is selected to reduce this influence. For
example, the SES angle for on-board calibration was just above 105° on the Greenhouse
Gases Observing Satellite (GOSAT) [28].

After determining the calibration time on the satellite and the satellite orbital param-
eters, the elevation angle and azimuth angle of the incident beam were also determined.
According to the design requirements of an on-board calibration facility based on an SD,
the direction of the central axis of the payload (the observation direction) could also be
determined at the calibration time.

The attitude of the SD was determined from the vectors of the incident and observation
directions. It was required that the zenith angles of the incident and observation directions
be as small as possible, and mirror positions of the incident and observation azimuth angles
should be avoided.
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Figure 14. Schematic diagram of the on-board calibration time.

However, if the angle between the incident and observation vectors was large, the
zenith angles of the incidence and observation directions could not be reduced, no matter
how the SD was placed. If the zenith angle in the observation direction was too large,
the size of the optical surface of the SD would increase in order to ensure that the whole
detector could be covered. An oversized SD takes up a large space, which affects the design
of other systems in the satellite. Therefore, it is common to prepare a design for a large
observation zenith angle and a small reflection zenith angle.

4.2. Improved Data Processing Method Based on Reciprocity Theorem for Measuring Large
Angle BRDF

According to Equation (5), the uncertainty of an absolute BRDF measurement could be
related to the uncertainty of the incident angle, and the relative uncertainty [29] component
associated with the incident angle (uy,) was

9
Shreu ()
Ug. =

= (a’géj’DLM —i—tan@i) w 1(6;).

(13)

Assuming that u(6;) = 0.1°, the trend of tan 6; * u(6;) and %DLM « 1(0;) with 6;
could be calculated as shown in Figure 15. Note that the results here are for pressed or
sintered PTFE. DN, (6;) was obtained by fitting data from a 10° to 75° (5° interval) incident
zenith angle and 0° reflected zenith angle. It was obvious that the greater the incident angle,

the greater tan6; * u(6;) and agg’ DLN, *u(0;) were. At an 80° incident angle, ug, > 1%

when u(6;) = 0.1°, which caused a significant impact on BRDF measurement.

For pressed PTEE, the angle had a small effect on DN, (6;, ¢;; 6, ¢r; A). In the extreme
case of large incident and reflected angles, the relative uncertainty of the reflected radiation
component associated with the angle was less than 0.15% when u(f) = 0.1°. At large
incident angles, the effect of the angle’s uncertainty on DN, (6;, ¢;; 0;, ¢;; A) was much
smaller than that on cos 6;. Therefore, an improved data processing method for measuring
the BRDF at a large angle was designed. This method was based on the reciprocity theorem.
The principle of this method was that, with vertical detection as a reference, the BRDF
of a tilted observation could be obtained by comparing tilted observation and vertical

222



Remote Sens. 2023, 15, 3783

observation at the same illumination. This improved method could reduce the dependence
of the measurement uncertainty on the angular accuracy of the goniometer system.
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Figure 15. Relative uncertainty component associated with the incident angle.

The reciprocity theorem describes the reversibility of an optical path. It refers to the
concept that the energy emitted by a light beam after arbitrary reflection or refraction on
a surface or in a passive medium is equal to the energy emitted by the beam along the
opposite path. When applied to the BRDF, BRDF remained unchanged when the incident
angle and reflection angle were interchanged:

f(6i, 95501, 9r; A) = f(6r, @15 0;, @i; A). (14)

Compared with tilted illumination (6; # 0°), the influence of 1y, on Equation (12) was
the least when vertically illuminated (6; = 0°). Therefore, the BRDF measured at 0° /45°
was used as a reference to obtain the BRDF for other angles at the same irradiance. Then

_ DN,(0°;45°; 1) R?

°.45% A - 1
F0%45°50) = = (15)
o, . o DNV(O/G'H/\) o, o,

£(0%6,;,7) = DNr(O°;45°;/\)f(O ;45°%; 1), (16)
where DN; represents the DN of the incident radiance.
From (14),
f(O} Or, Pr; )\) = f(er/ Pr; 0; )\) (17)
For other nonvertical irradiance conditions,
DNy (0;,9i;0r,¢r,A -0-
_ DN(6;,9i6r. ;) -0
= DN ) (00 P ) (1)

_ DN (0i,i:6r,¢r;A) DN, (0,6;,9i;A) 0./AEO.
" DNy(6;,9:0;A) DN,(O°;45°;/\)f(O 745 ’A)
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The measurement process for the improved data processing method is shown in

DNy (6;,¢i; 0°)

DN, (61': ©;; Oy, ‘Pr)

Figure 16.
DN; DN,.(0°; 45°)
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1
3 DN, (0% 6;, ;) :
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165, @;; 6y, ) Second measure

Figure 16. Measurement process of improved data processing method.

5. Uncertainty Budget
5.1. Relative Uncertainty Budget for Absolute Measurement of the SD BRDF at 0°/45°

According to Equation (15), the relative uncertainty of the BRDF at 0°/45° could be
given by

Up(0o50) = \/uRz Fua?+up? +u? +up? + ug? + upn,? + upn,? + uy? 4+ up? + us?, (19)

where ur and u 4 represent the relative uncertainty components associated with the mea-
surement geometric factor; uy, represents the relative uncertainty component associated
with the stability of the light source; u;, upy;, upn,, uy represent the relative uncertainty
components associated with the detection system, which correspond to the linearity and re-
peatability of the incident and reflected radiation detection and solution of the amplification
factor; u) represents the relative uncertainty component associated with the wavelength;
ug represents the relative uncertainty component associated with the incident angle; uy,
represents the relative uncertainty component associated with the polarization; and ug
represents the relative uncertainty component associated with stray light.

5.1.1. Measurement Geometric Factors

Distance R was measured using a 1000 mm Vernier caliper, a dial gauge, and a
connecting rod. Area A of the opening was measured using an inner diameter ruler. The
R and A were obtained from the average of multiple measurements. The measurement
accuracy was 0.01 mm. The measurement process is shown in Figure 17.

The measurement uncertainties of the distance and area were described by the stan-
dard deviation of multiple measurements. The relative uncertainty components associated
with R and A, respectively, were as follows:

Uug = (?}Z/ﬁ) «u(R) = 0.083%, (20)

up = (gg/fr) «u(D) = 0.048%. (1)
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Figure 17. (a) Measuring the distance from the integrating sphere opening to the sample surface.
(b) Measuring the area of the light opening.

5.1.2. Stability of the Light Source

According to the description in Section 3.1, the measurement interval of the incident
radiation did not exceed 15 min. According to Figure 3, uy, < 0.015%.

5.1.3. Linearity

The linear uncertainty could be expressed as

11— Cyl
€= <, (22)

where C;, represents the nth order corresponding to the nonlinear correction factor and ¢
represents the nonlinearity uncertainty. The calculation steps for C;; are described in detail
in [30].

According to the results in Section 3.4.2, the relative uncertainty component associated
with the Si detector could be calculated to be u;(s;) = 0.033%.

From the factory test report of the FTIR spectrometer, the linearity of the spectrometer
was better than 0.02%, that is, ujprr) = 0.02%.

5.1.4. Wavelength

From the characteristics of PTFE, the reflectance of the SD was flat along the spectrum
(excluding the absorption band near 2200 nm); therefore, (1/f;) - (9f;/9A) x u(A) =~ 0.

5.1.5. Angle

According to Figure 11, the angle uncertainty (0.1°) had little impact on the reflected
signal at 0°/45°. Therefore, (1/f;) - (9f+/00) - u(6) ~ 0.

5.1.6. Repeatability of Incident and Reflected Signal Detection

The DN at the detection system was obtained from an average of 36 repeated mea-
surements. The uncertainty calculation method for n repeated measurements of the DN
was as follows:

UpDN = * 1000/0, (23)

where x; represents the DN for the i-th measurement and X represents the average of
n measurements.

The relative uncertainty component associated with the DN of the picoamperemeter
is shown in Tables 2—4, and the relative uncertainty was the maximum value within the
band range.
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Table 2. Uncertainty (k = 1) of the incident radiation of the detectors.

Detector
Incident Angle Si InGaAs
350-410 nm 410-480 nm 480-1000 nm 1000-1600 nm
0° <0.01% <0.01% <0.01% <0.01%

Table 3. Uncertainty (k = 1) of the SD reflected radiation of the detectors at 0° reflection.

Detector
Incident Zenith Si InGaAs
Angle
350-410 nm 410-480 nm 480-1000 nm 1000-1600 nm
15° 0.10% 0.03% 0.01% 0.04%
30° 0.12% 0.04% 0.02% 0.05%
45° 0.16% 0.05% 0.02% 0.05%
60° 0.22% 0.07% 0.02% 0.06%
75° 0.31% 0.15% 0.04% 0.16%

Table 4. Uncertainty (k = 1) of the SD reflected radiation of the detectors at 0° incident.

Detector
Incident Zenith Si InGaAs
Angle
350-410 nm 410-480 nm 480-1000 nm 1000-1600 nm
15° 0.10% 0.02% 0.01% 0.02%
30° 0.11% 0.03% 0.01% 0.03%
45° 0.11% 0.03% 0.01% 0.03%
60° 0.11% 0.04% 0.01% 0.04%
75° 0.12% 0.04% 0.01% 0.04%

The relative uncertainty component associated with the DN data collected by the FTIR
spectrometer is shown in Figures 18-20.
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Figure 18. Uncertainty (k = 1) of the incident radiation of the FTIR spectrometer.
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Figure 19. Uncertainty (k = 1) of the reflected radiation of the FTIR spectrometer at 0° reflection.
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Figure 20. Uncertainty (k = 1) of the reflected radiation of the FTIR spectrometer at 0° incidence.

5.1.7. Scaling Factor

ACCOI‘ding to (5), Mﬂ = \/u2DNr1nGaAs(00}450;12007"”’) =+ ”2DNi1nG,,AS(1200nm) = 0.028(%).

5.1.8. Stray Light

The transfer coefficient could be calculated as

fr(A) 1+4qi()
where g;(A) represents the signal ratio of the stray light to the incident flux and g,(A)
represents the signal ratio of the stray light to the reflected flux [31]. The relative uncer-
tainty component associated with the stray light was estimated to be 0.1% based on an
actual condition.
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The uncertainty (k = 2) of the absolute measurement of the SD BRDF at 0°/45° was

calculated as shown in Table 5 [1].

Table 5. Absolute measurement uncertainty (k = 2) of the SD BRDF at 0° /45°.

Component of Uncertainty Type Relative Uncertainty (%)
Distance A 0.166%
Aperture area A 0.096%
Source stability A 0.03%
. . 0.066%(350-1000 nm)
Detector linearity B 0.04%(1000-2500 nm)
Wavelength B <0.01%
Rotation angle B <0.01%
Incident radiation A <0.01%
0.22% (350-410 nm)
. 0.06% (410-480 nm)
Reflected radiation A 0.02% (480-1000 nm)
0.24% (1000-2500 nm)
Scaling factor B 0.056% (1000-2500 nm)
Stray light B 0.2%
0.36% (350410 nm)
0.29% (410-480 nm)
Total

0.29% (480-1000 nm)
0.37% (10002500 nm)

5.2. Relative Uncertainty Budget for SD BRDF Measurement at Large Angles
According to Equation (18), the relative uncertainty budget for SD BRDF measurement

at a large angle was

_ |2 2 2 2 2 2
us = \/” DNy (8;,9:8r,9rA) T DN, (0°38;,9:54) T U DN, (6,9::0°0) T U DN, (0°,45%:0) + U7 f(0°,45°,0) + U0, (25)

2
where u DN, (6;,9::0,,9r:1)

represents the relative uncertainty component associated with

the r.epeatabilit.y of the reflected racl'iation ?t i, @i; Or, @r; ”.2.DNV(0°;91',¢I‘; A) represenfcs tthe
relative uncertainty component associated with the repeatability of the reflected radiation
at 0°;6;, ¢;; u’p N, (6;,9::0°;1) Tepresents the relative uncertainty component associated with

the repeatability of the reflected radiation at ;, ¢;; 0°; u?p, N, (0°:45°;1) Tepresents the relative
uncertainty component associated with the repeatability of the reflected radiation at 0°/45°;
u? F(0°:45°;1) Tepresents the relative uncertainty of the absolute measurement of the SD BRDF

at 0°/45°; u? represents the relative uncertainty component associated with the angle.
From the figure and table in Section 5.1.6, the relative uncertainty of the radiation at
a 0° incident angle with different reflection angles was basically the same as that of the
radiation at 0°/45°. At a large incident angle, the relative uncertainty of the radiation with
different reflection angles was also the same as that of the signal with a 0° reflection angle.

That is,

UDN,(0°,0;,¢:;A) = UDN, (0°;45°;1)

UDN; (6;,9:1:0r,9::1) — HDN(6;,9:,0%A)-

(26)
(27)

When u(6) = 0.1°, the relative uncertainty component of the reflected radiation at
a 0° incident angle or 0° reflection angles (DN, (0°; 6,, ¢,; A), DN,(6;, ¢;;0°; A)) was small
and could be ignored. In the extreme case of large angles of incidence and reflection, this
relative uncertainty of reflected radiation (DN, (6;, ¢;; 6, ¢,; A)) was less than 0.15% with

the same angular uncertainty.

According to Equation (25), the uncertainty of the improved method based on the

reciprocity theorem is shown in Table 6.
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Table 6. Uncertainty (k = 2) of measurement of the SD BRDF using the improved method.

Component of Relative Uncertainty (k = 2) (x100%)

Uncertainty 350-410 nm 410-480 nm 480-1000 nm 1000-2500 nm
DN;(6;, ¢i;0r, ¢1; A) 0.62 0.30 0.08 0.45
DN, (8;, ¢i;0; A) 0.62 0.30 0.08 0.45
DN, (0°;6;, p;; 1) 0.22 0.06 0.02 0.24
DN;,(0°;45%; ) 0.22 0.06 0.02 0.24

£(0°;45°%A) 0.36 0.29 0.29 0.37

0; 0.30 0.30 0.30 0.30
Total 1.04 0.60 0.43 0.86

5.3. Comparison of the Measurement Uncertainty at Large Angles between Improved Method and
Absolute Measurement Method

The uncertainty of the SD BRDF measured by the two methods in Sections 2 and 4.2
for a large incident angle (75°) is shown in Figure 21. The uncertainty budget for the
absolute measurement method was similar to that given in Section 5.1. It differed only in
Section 5.1.5. The absolute BRDF measurement of an SD at a 75° incident angle (incident
zenith angle is 75°) was

(E)DN, 1
0, =

30, DN, +tan9i) % 1(6;) = 0.8%. (28)

- Improved method
Absolute measurement method
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Figure 21. Uncertainty (k = 2) of the two methods at a 75° incident angle.

The uncertainty of the absolute BRDF measurement method could be obtained accord-
ing to Equation (20).

In the range of 410 nm to 1000 nm, the improved method based on the reciprocity the-
orem reduced the measurement uncertainty by more than 50%. The measurement accuracy
was significantly improved because the dependence of the measurement uncertainty on the
angular accuracy of the goniometer system was reduced by the comparison measurement.
However, in the 350 nm to 410 nm and 1000 nm to 2500 nm ranges, improvement in the
measurement accuracy was limited. The reason for this was that the SNR of the reflected
radiation in the current band was low.
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6. Results

The SD BRDF at 0°/45° was measured in the range of 350 nm to 2400 nm. The results

are shown in Figure 22.
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Figure 22. SD BRDF at 0°/45°.
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With the angle of incidence or reflection fixed at 0°, the SD BRDF (at 650 nm) was
measured, and the result is shown in Figure 23.
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Figure 23. (a) SD BRDF for different reflected angles at 0° incidence. (b) SD BRDF for different

incident angles at 0° reflection.

Some measurement results of the SD BRDF that were obtained using improved data
processing based on the reciprocity theorem are shown in Figure 24. The angles of incidence
and reflection come from the on-board calibration system in HY-1C.
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Figure 24. SD BRDF for different incident azimuth angles and incident zenith angles when the
reflection zenith angle was 41.4° and azimuth angle was 117° at 565 nm.

7. Conclusions

Measurement of the SD BRDF at in- and out-of-plane and large angle geometries
for on-board calibration is inevitable under the restrictions of the satellite orbit, the on-
board calibration time, and other factors. An improved data processing method based
on the reciprocity theorem to realize the SD BRDF at in- and out-of-plane and large angle
geometries for on-board calibration in the solar reflective band was suggested. The results
show that the measurement uncertainty (k = 2) was better than 1.04% at 350 nm to 410 nm,
0.60% at 410 nm to 480 nm, 0.43% at 480 nm to 1000 nm, and 0.86% at 1000 nm to 2400 nm.

Compared with the absolute measurement method, at 410 nm to 1000 nm, the measure-
ment accuracy of the improved method was significantly improved, and the measurement
uncertainty was reduced by 1/2. In the ultraviolet and near-infrared bands, improvement
was limited because the improved method transferred the dependence of the uncertainty of
the absolute measurement method on the angle to a dependence on the radiation detection
accuracy. Similarly, this was the reason for the high uncertainty of measurement in the
ultraviolet and near-infrared bands. Different lamps could be used to improve the incident
radiation. We aim to explore this to improve the measurement accuracy of the reflected
radiation in future work.

The literature [19] suggests that the effect of polarization on the measurement results
may be negligible if the radiation source is an unpolarized source. However, some devices
in the detection system, such as the grating monochromator, could be polarization-sensitive
in the near infrared band, which may affect the measurement results. It is hoped that
further research will be carried out in this area.
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