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ABSTRACT

Behind the scenes of a remote sensing mission there are
complex decision making and planning operations.
Streamlining these operations, with a quantitative scientific
value framework, aids efficient and optimized science data
collection. While there have been previous efforts to quantify
the science value for specific science scenarios, our work
aims to develop a general framework which can be applied
across different scenarios. We describe a pipeline of
processes which combines model forecast and observation
data, in computational forms, as dictated by the mission
objectives set forth by subject matter experts. The framework
is described with use cases involving the monitoring of
nitrogen dioxide (NO2) concentrations over the Gulf of
Mexico and methane concentrations over interior Alaska.

Index Terms— remote sensing, mission operations,
forecast, planning, UAV

1. INTRODUCTION

Earth science sensors are flown on numerous platforms, such
as aerial vehicles, balloons, and satellites. They are typically
expensive as they acquire science-quality (i.e., well
calibrated, stable) data, and, subsequently, a great deal of
effort is involved in planning their deployment. In particular,
field campaigns that involve aircraft platforms, including
uncrewed aerial vehicles (UAVs), require rapid target
selection based on environmental conditions. Traditionally,
these targets are manually chosen by subject matter experts.
This process is often tedious, slow, and relies on intuition
acquired over years of experience. The Intelligent Long
Endurance Observing System (ILEOS) project aims to
develop a science planning framework that leverages science
domain knowledge to fuse available data and identify high
value science targets [1][2]. These targets can then be
prioritized for observation.

There has been previous work in the context of
assigning priority and science value for specific applications.
For example, in [3] satellite observation locations were
prioritized with data from flood-forecast model, in situ stream
gauge and soil moisture sensors. Studies in [4][5][6]
prioritized satellite synthetic aperture radar observations
based on soil moisture uncertainty forecasts for effective
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Figure 1: Role of Targeter during remote-sensing
operations being developed for the Intelligent Long
Endurance Observing System (ILEOS) project [1][2]
which explores the planning of High Altitude Long
Endurance (HALE) UAV flights for Earth science.

global soil moisture monitoring. The study in [7] prioritized
Global  Navigation  Satellite  System-Reflectometry
measurements over area of high wildfire danger. In [8], the
authors combined historical snow water equivalent (SWE)
data from the Copernicus ERAS5-Land reanalysis dataset for
an effective snow observations mission design problem. Our
contribution is in the development of a generalized
framework which could be customized to different science
cases.

2. TARGETER OVERVIEW

Scheduling an observation consists of two primary
components: (1) characterization/quantification of the
science value (prioritization) of the observation, and (2)
planning the platform(s)/instrument(s) operations. In this
article we will focus on (1) which will be referred to as the
Targeter. (2) will be referred to as the Planner. Figure 1
illustrates the entire ILEOS system framework. The scientists
drive the system, with the Reporter as an interface to the
Targeter and the Planner [1][2]. The primary characteristics
to be considered in the Targeting framework are described
below.

2.1 Science Objective

The end-users of the collected data are either scientists who
focus on research and/or practitioners who apply the collected
data for practical applications. For example, measuring
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Figure 2: Targeter pipeline. The data-sources (left) are registered onto a common grid. ‘Features’ are built, and a
scalar Science Value (SV) term is calculated. Areas with common characteristics are clustered. Finally, the SV is
re-gridded to the resolution = scene dimension to give Targets. The Targets may be re-generated by tuning the

Targeter parameters, until satisfaction.

pollutants would help scientists in the development of air
quality models, and a practitioner in quantifying the
emissions from known high-intensity sources (e.g., oil rigs).
The science objective is provided by the scientists/ subject
matter experts (SMEs) in a computational form which is
based on numerical datasets (see below).

2.2 Numerical datasets

The basis of automated target prioritization is the use of
numerical datasets, upon which the computational form of the
use case objectives is evaluated. There are primarily two
types of datasets which need to be considered:

Model-based: Science models, such as numerical weather
prediction (NWP) models issue global/ regional forecasts of
geophysical quantities (e.g., cloud cover, precipitation) in a
comprehensive gridded format. These are essential to
prioritize/de-prioritize targets across space & time.
Observed/Estimated: These could be satellite observations
taken prior to the planned measurement campaign or data
from emissions inventories or land-cover datasets.

2.3 Iterative feedback

Through the use of tunable values known as ‘Targeter
parameters’, use case objective functions provide flexibility
to the user to adjust the science values. The parameters are
used to adjust the relative weights given to different inputs.
Further, by the introduction of conditional statements,
different computational forms itself can be chosen. This gives
users the opportunity to tweak the parameters in real time and
visualize the resulting prioritized targets through the Reporter
interface.

3. TARGETER PIPELINE

The pipeline of processes within the Targeter (Figure 2) is
described in this section with the aid of a science use-case
concerning monitoring concentrations of nitrogen oxides
(NOx: NO2, NO) over the Gulf of Mexico. A sample set of
target locations/times was developed for a hypothetical flight
campaign on 27" June 2023.

3.1 Science Objective
In this use case, users wanted to optimize data collection
using High Altitude Long Endurance (HALE) UAVs
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Figure 3: Gulf of Mexico NO2 case: Cloud-Total (top)
from GEOS-FP. Cloud-feature (bottom). (Table 1 rowl)

equipped with an instrument capable of measuring NO2, to
observe concentrations associated with oil and natural gas
activities in the Gulf of Mexico. Their objective is to use the
data to constrain emissions from these sources, which may be
used as input to air quality models, for instance.
3.2. Registration onto common grid/scale
The underlying numerical data comes from a variety of
sources and can potentially be at different coordinate frames,
resolutions, and grids. All the data are re-gridded to a
common grid by suitable interpolation schemes to ease
application of mathematical operations. The grid resolution is
chosen to match the finest resolution amongst the datasets.
However, if the data handling times (file transfers, loading,
etc.) become cumbersome, the resolution is made coarser, but
is constrained to be less than the swath size of the instrument.
In the NO2 use case in the Gulf of Mexico, we used
forecast data from chemical weather forecasts (GEOS-FP and
GOES-CF [9]), satellite sensors (TROPOMI [10]), and a
bottom-up emission inventory, which were all gridded within
a rectangular domain in the Gulf of Mexico at 1.125 km
resolution (<4.5km swath at 60k feet altitude for the NO2



Table 1: Features and data sources for the Gulf of Mexico NO2 use-case. A land-water mask based on GEOS-FP
inst3 3d _chm Np ‘LWT variable is applied to focus observations over water only. Targeter parameters are in bold-
green. The values used for the test scenario is given in brackets.

Feature

Data source

Description

ferqa = max (0,1 —cld/ )
cld is cloud cover
cld,y is threshold value (0.3)

GEOS-FP

tavgl 2d rad Nx;
CLDTOT variable

Prioritize areas with better visibility for the
instrument (Fig 3)
> Less/no-cloud areas.

faor = max (0,1 — AOT/
AOT is aerosol optical thickness
AOT, is threshold value (0.7)

) GEOS-FP

tavg3 2d aer Nx;
TOTEXTTAU variable

> Areas with less aerosol
Note the GEOS-FP forecasts are those
issued 0 UTC cycle of the day (of action).

Weighted sum of the normalized
emissions from inventory and satellite
(Tropomi) observations.

Wp, Wyp, Wryp are user set weights.

(1/3, 1/3, 1/3) nominally, and (1/2, 1/2, 0)
when there is large continental influence
over the Gulf of Mexico.

0.01km?2.
GEOS-CF

land.

fvo2 = PlatformEmis + Bottom up emissions
NonPlatformEms + mventory,
Tropomiyg,

xgc tavg lhr g1440x721 x
1; TROPCOL NO2
as measure of NO2 from

Prioritization across platform, non-
platform and Tropomi observations is

Vertical column NO2 data of | adjusted using the weights.
Tropomi downscaled to

The weight to the satellite observation data
can be set to ‘0’ where/when the GEOS-
CF forecast (12 UTC cycle of the previous
day) is above a user-set threshold set by
the parameter (4e15 molec
cm-2).

Resulting Science Value in terms of the features is: SV, = fyoz faor feud

sensor). TROPOMI tropospheric NO2 column densities [11]
were re-gridded to 0.01°x 0.01° using the technique described
by [12] and averaged over Mar 2018 through Apr 2022 by
Daniel L. Goldberg (George Washington University,
personal communication).
3.3. Feature Creation (from science objective)
The objective is given a mathematical representation in terms
of “parameterized features”, where each feature represents an
aspect of interest. These features are combined to yield a
“‘Science Value (SV)’ term. The features for the NO2 scenario
are given are given in Table 1 and the SVyy, =
fnoz faor fea- The Targeter parameters are indicated in bold.
Application of this equation to different forecast times results
in a time-series of feature values over the course of a day (Fig
4), resulting in time-dependent priority which allows for
collecting data at optimal times.
3.4. Clustering
Clustering can be applied on the vector of features to give
quick snapshot to the users, of areas which have an overall
common characteristic. It can also be used to provide
explainability to the users on why certain areas are a priority.
We use k-means clustering, (‘k’ is the # clusters, and
a Targeter parameter). Fig. 5 and Table 2¢, which show the
results of clustering (k=6) for the Gulf of Mexico NO2 case
feature data at 15:30ET (27" June 2023). The table entries
show the mean feature values of a particular cluster. Cluster
#6 has the best visibility since it has the best cloud and AOT
features. Cluster #4,5 have the best NO2 feature. From Table
2, we see that increasing k, results in decreased granularity.
k=2 results in 2 areas where the decision on which area to
observe is straightforward (i.e. cluster #2). k>2 results in
clusters where there is potentially a tradeoff in the features.
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Figure 4: Gulf of Mexico NO2 Case: Temporal
evolution of the Science Values (S¥) of the Targets on
27 June 2023. (top->9:30ET, middle->12:30ET and
bottom->15:30ET). High emission point-NO2 sources
are not easily visible, unless zoomed.
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Figure 5: Gulf of Mexico NO2 case: Clusters formed
(k=6) corresponding to the feature data of 15:30 ET, 27
June 2023. See mean cluster values in Table 2c.
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Table 2: Mean cluster values for different k&

(Targeter parameter)
(k=2
# Cloud NO2 AOT
1 0 0 0
2 0.54 0.10 0.78
(b)k=4
# Cloud NO2 AOT
1 0 0 0
2 0.84 0.10 0.81
3 0.46 0.11 0.77
4 0.01 0.09 0.74
(k=6
# Cloud NO2 AOT
1 0 0 0
2 0.62 0.09 0.81
3 0.01 0.09 0.74
4 0.80 0.11 0.80
5 0.38 0.11 0.76
6 0.96 0.10 0.81

3.5. Target Scene Generation

The gridded SV is re-gridded (with suitable interpolation) to
the resolution equal to the scene size (= swath size, 4.5 km
for the NO2 sensor). These values represent the priority of
the location. The users may then choose to select a subset of
the targets based on the clusters, depending on the use-case.
For example, if a high SNR (good visibility) observation was
desired irrespective of the NO2 feature, then cluster #6 (Table
2¢) would be chosen.

3.6. Methane concentrations at Interior Alaska

Another case study focused on monitoring for methane
concentrations from biogenic emissions in interior Alaska.
The users were interested in discovering new methane
sources by using satellite data and obtaining high resolution
HALE based imagery using AVIRIS-NG instrument [13]
over areas with landcover types that have high potential for
methane emissions. Figure 6 shows the different features built
based on cloud forecast, (sparse) GOSAT XCH4 Dry air mole
fraction data [14,15,16], and landcover [17,18].
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Figure 6. Feature data for the Methane Alaska case study.
Cloud feature is not shown, refer to Fig. 3 as an example.
GOSAT features are the normalized mean/variance of the
xCH4 dry air mole fraction measurements at the locations.
Land-cover feature is the fraction of grid square which has
one of the interesting landcover types: woody wetland,
emergent herbaceous  wetlands, sedge/herbaceous,
grassland/herbaceous.

4. DISCUSSION AND FUTURE WORK

The target prioritization framework can be expected to
provide an aid to decision making of target selection by
offering a quantitative estimate of the scientific benefits.
Multi-day missions could use forecasted information of the
days-ahead to further optimize target selection. Further,
targets for the subsequent day can be based on what was
observed on previous days. Generalizing Targeter parameters
to symbolic programming (e.g. Wolfram Alpha language
[19]), which can be entered by the users in real-time, would
offer more flexibility with reduced complexity. A limitation
in our examples is that the SV is built by combining disparate
data sources in a localized manner. Future work will explore
calculating SV at a location being dependent on data at other
nearby locations which may have some impact.
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