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IEEE Geoscience and Remote Sensing Magazine (GRSM) will 
inform readers of activities in the IEEE Geoscience and 
Remote Sensing Society, its technical committees, 
and chapters. GRSM will also inform and educate 
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BY JAMES L. GARRISON

FROM THE EDITOR

W elcome to the September 2020 issue of IEEE Geo-
science and Remote Sensing Magazine (GRSM)! I 

start off with some very good news. Clarivate Analyt-
ics has released the 2019 Journal Citation Reports, Sci-
ence Edition. The impact factor of GRSM has again 
increased substantially, to 13, placing us first in both 
the Remote Sensing and the Imaging Science and Pho-
tographic Technology categories. The magazine’s im-
pact factor also ranks third in the Geochemistry and 
Geophysics category.

Following on the heels of our extensive two-part 
special issue on interferometric synthetic aperture radar 
(SAR), the features in this issue have a much broader 
scope, covering nearly the full range of interests in re-
mote sensing. We start with the satellite platform and 
the instruments that produce raw observations, and we 
then move on to the infrastructure needed for calibrat-
ing and validating these measurements. We next review 
important examples demonstrating the types of valu-
able products that can be generated from these mea-
surements and conclude with a tutorial focused on the 
algorithms involved in generating such products.

Our first feature describes ZiYuan3-0 (ZY3-03), the 
third satellite in China’s civilian stereo surveying and 
mapping satellite series. It is designed to provide high-
resolution stereo images, multispectral images, and 
auxiliary data over Chinese territory and will be funda-
mental for establishing a geospatial framework and up-
dating national geographic information. ZY3 products 
are applicable to many different fields, including land 
resource management, forestry protection, agriculture 
monitoring, and natural disaster reduction.

The article reviews many of the satellite system’s 
design considerations, including the precise time syn-
chronization attitude and orbit determination required 
to meet demands of the mapping mission. It also de-

scribes the three principal instruments—panchromatic 
camera, multispectral camera, and laser altimeter—and 
introduces the data products, which should be widely 
distributed in the near future. ZY3-03 was successfully 
launched on 25 July 2020. At the time of this writing, it 
is undergoing on-orbit testing.  

Moving from spaceborne instruments back down to 
Earth, our second feature reviews the Tibetan Plateau 
Integrated MultiScale Moisture and Temperature Ob-
servatory (TP-IMSO), a large network of ground-based 
instrumentation to deepen our understanding of how 
multiple satellite products can support studies on cli-
mate and land surface process models, the water cycle, 
and the soil–atmosphere interface. The TP-IMSO col-
lects atmospheric, soil, and vegetation variables using 
a wireless network and an advanced data management 
system with an open data policy.

Field data at different scales matching those of sat-
ellite pixels are of profound significance in validation 
and algorithm improvement for satellite remote sensing 
products. It has been difficult to obtain such compre-
hensive field observation data on the Tibetan Plateau be-
cause of spatiotemporal variation and complex topogra-
phy. Conventional meteorological stations are also scare 
in the western Tibetan Plateau. The TP-IMSO, therefore, 
provides an important capability in that region.

Data products provided by remote sensing are only 
of value if they can be used to provide some societal 
benefit. Our third feature addresses an important ex-
ample of such a benefit, with a review of utilizing re-
mote sensing in the Prevention and Recovery of Forest 
Fires Emergency in the Mediterranean Area (PREFER) 
project. PREFER, supported by the Seventh Frame-
work Programme (FP7) of the European Union, de-
veloped products to reduce the damage caused by 
forest fires by improving preparedness for and pre-
vention of new fires as well as post-fire recovery and 
reconstruction. These products utilize optical data, 
high-resolution SAR, and digital elevation maps and 

Welcome to the September Issue
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also account for human intervention (93% of fires are 
caused by human activities).

Our fourth feature is a tutorial on algorithms for tar-
get classification and recognition in high-resolution im-
ages. The authors use parallel processing to improve the 
eff iciency of Cross-model Neural Cognitive Com-
puting algorithms without loss of recognition preci-
sion. Three pseudocode examples are provided for the 
algorithms along with demonstrations based on the 
visual images of ships taken from Google Ear th and 
X-band SAR images of military vehicles obtained from 
a public database.

We have two very interesting “Software and Data Sets” 
columns in this issue. The first describes the Signals of Op-
portunity Coherent Bistatic Scattering Simulator (SCoBi). 
Signals of opportunity (SoOp) is an exciting new technique 
that has the potential to offer cost-effective global remote 
sensing for land applications.

SCoBi is a fully polarimetric simulator for coher-
ent SoOp scattering from bare or vegetated terrains, in 
which soil is modeled as a single- or multilayered dielec-
tric medium. It takes into account important antenna 
characteristics and enables interferometric analysis by 
providing the complex field quantities. The SCoBi sim-
ulator framework is released under the GNU General 
Public License. A user’s manual, developer’s manual, 
and set of tutorial videos are provided to optimize the 
time and effort spent by Earth science researchers on bi-
static forward modeling.

The second “Software and Data Sets” column article in-
troduces So2Sat LCZ42, a benchmark data set for global 
local-climate-zone (LCZ) classification. Access to labeled 
reference data is a challenge in any supervised machine 
learning endeavors, especially for an automated analysis 
of remote sensing images on a global scale. So2Sat LCZ42 
was created to meet this need in urban research. The data 
set consists of LCZ labels for approximately half a mil-
lion Sentinel-1 and Sentinel-2 image patches in 42 urban 
agglomerations (plus 10 additional smaller areas) around 
the world, produced by a group of domain experts follow-
ing a carefully designed workflow and evaluation process. 
A human evaluation procedure with independent voting 
by 10 experts showed an average class confidence of 85%. 
Open access to this high-quality data set is provided to the 
research community.

Our first of two “Technical Committees” columns pres-
ents the results of a member survey conducted at the start of 
the year to assess how familiar members are with the activities 
of their technical committees (TCs), get opinions on missing 
topics, and solicit suggestions for improvements. These sug-
gestions will be used to improve operation of the seven IEEE 
Geoscience and Remote Sensing Society (GRSS) TCs.

The GRSS Standards for Earth Observations TC is the 
subject of the second “Technical Committees” column. 
This TC was created in 2017 to address the need for tech-
nical standards to support the processing, management, 
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analysis, and quality assessment of remote sensing data. At 
the present time, five standards are in development.

The “Education” column in this issue honors IEEE 
Fellow, Prof. Sebastiano Bruno Serpico, full professor 
of telecommunications at the Polytechnic School of the 
University of Genoa, who was recently presented with the 
prestigious GRSS Education Award. Congratulations to 
Prof. Serpico!

The University of New South Wales Canberra Student 
Chapter is the subject of our “Chapters” column in this is-
sue. Established in 2018, it is the first IEEE GRSS Student 
Chapter in Australia and has already accumulated an im-
pressive record of seminars and conference presentations.

Concluding this issue, the “Women in GRSS” column dis-
cusses the challenges the organizers encountered in adapting 
activities for a virtual conference at IGARSS 2020. (Please see 
the “President’s Message” for more details on how our flag-
ship conference and general Society operations have been 
readjusted in response to the COVID-19 global pandemic.) 
In short, the IDEA committee has done an excellent job in 
transitioning the planned content to the online format.

We continue to seek submissions in all areas of geo-
science and remote sensing but wish to remind potential 

authors that GRSM is not a forum for first presentation of 
original research. Tutorial and feature articles intended 
to inform and educate readers in the broad remote sens-
ing community are welcome. Manuscripts presenting new 
research, however, should be directed to one of the three 
GRSS journals.

To provide potential authors with more timely feed-
back, GRSM will implement a two-stage review process, 
starting in January 2021. A short white paper (five pages 
or fewer) should be submitted first, for review by associ-
ate editors or members of the editorial board. Following a 
positive review of the white paper, authors may be invited 
to submit a full manuscript, which will then undergo a com-
plete peer review.

Contributions to our regular columns—”Chapters,” 
“Space Agencies,” “Women in GRSS,” “Education,” “Soft-
ware and Data Sets,” and “Conference Reports”—are also 
welcome. White papers, columns, and invited manuscripts 
should be submitted through ScholarOne Manuscripts at 
http://mc.manuscriptcentral.com/grsm. Proposals for spe-
cial issues should be sent to me directly at jlg@ieee.org.

Please stay safe!
� GRS
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Traditionally, the September “President’s Message” is 
dedicated to highlighting the International Geosci-

ence and Remote Sensing Symposium (IGARSS), nor-
mally held in July. However, this year, as of this writ-
ing, we are still waiting to attend the first-ever virtual 
IGARSS, to be held from 26 September to 2 October 
2020 (see https://www.igarss2020.org). This is one of 
the challenges we are facing due to the COVID-19 pan-
demic that has changed our lifestyle so much and is go-
ing to have an impact on the way we, as IEEE Geoscience 
and Remote Sensing Society (GRSS) members, interact 
and work together for quite a while.

The virtual IGARSS 2020 is going to be a different event 
from our traditional IGARSS—but not all that different 
with regard to opportunities to interact and connect. We 
are forced to replace the in-person connection and meet-
ings with virtual meetings and electronic connections. 
However, the content will be the same, and the attitude 
of our membership toward sharing and discussing inter-
esting scientific and technical results is and always will 
be the same. We are members of this Society because we 
believe that there is an advantage in working together to 
achieve greater scientific and technical goals and we un-
derstand that only by sharing and working together can 
we achieve them. As a matter of fact, IGARSS will pro-
vide the same opportunities, via presentations and live 
discussions, from which we benefit during traditional 
in-person conferences (https://s3.amazonaws.com/video 
.igarss2020.org/IGARSS2020_in_a_nutshell.mp4).

Of course, since there may be issues with some elec-
tronic connections, we have put into place a lot of “redun-
dancy” in the form of prerecorded presentations as well 
as additional people available to manage the sessions. 
We will have both session chairs and session managers, 
with different yet complementary tasks, to help sessions 
run smoothly and be useful to every attendee. Equally 
important to the many members who are involved in 

our seven technical communities (TCs; see http://www 
.grss-ieee.org/community/technical-committees/), 
there will be opportunities to interact even without the 
traditional TC and Chapters dinner.

The same is true for our Chapter chairs, who have 
traditionally met in person each year, beginning with 
IGARSS 2015 in Beijing, to discuss their activities as 
well as share best practices and good ideas for projects 
and ChapNet initiatives. Instead of the traditional in-
person meeting, this year there have been and will 
continue to be webinars and online meetings that pro-
vide the same opportunities to interact and connect. 
Please stay tuned and look for the multiple emails (and 
social media posts!) you have received or will be re-
ceiving from IGARSS about the Technology, Industry, 
and Education (TIE) Forum events. All TIE events, in-
cluding the links to webinar videos already offered as 
well as registration links for future ones, are available 
on the IGARSS 2020 website at https://igarss2020.org/
TIEEvents.asp.

I encourage you to take a look and share the links and 
other resources with your local and technical communi-
ties because these stable sources of information will be 
useful to anyone who would like to better understand 
our Society’s TIE and Chapter activities and how to par-
ticipate in them. There are many advantages to being a 
GRSS member, but an invaluable one for many of us is 
the opportunity to become part of one of our techni-
cal or geographical communities. This is something you 
may wish to consider starting in your own country or 
topic of interest!

Another challenge we have had to face due to COV-
ID-19 is the implementation of some of the educational 
activities planned in connection with (or as a comple-
ment to) IGARSS. This is the case for the GRSS Sum-
mer School (GR4S), typically held just before IGARSS 
(https://hilo.hawaii.edu/depts/geography/igarss-2020/). 
However, during the past two years the GRSS has begun 
organizing similar events in other parts of the world, 
including experiential training activities for students 

Facing Challenges, Creating Opportunities
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and (young) professionals. To meet this objective, I have 
appointed an ad hoc committee, the GR4S Team, to co-
ordinate activities among existing schools and foster new 
ones. The GR4S Team, led by Jun Li for the first months 
of this year and by Andrea Marinoni starting in April, has 
faced the challenge of organizing these events in an unprec-
edented situation. In spite of this, they were very successful, 
and two GR4Ss have already been organized and delivered 
virtually in July (in Hawaii and in P.R. China). One more 
GR4S is planned for September in Norway, and there are 
contacts with CONAE, the Argentinian Space Agency, for 
their Spring School in December, typically cosponsored by 
the GRSS. These virtual educational events have been at-
tended by thousands of students and allowed the GRSS to 
reach a large number of young people interested in study-
ing remote sensing topics and doing research in an area of 
interest to the GRSS. This is a great way to expand the reach 
of our community and engage new people, inviting them to 
become part of our membership.

Another challenge that has been successfully tackled 
during the first six months of 2020 is an update to the 
status of our IEEE Journal of Selected Topics in Applied Earth 
Observations and Remote Sensing (J-STARS; http://www.grss 
-ieee.org/publication-category/jstars/). J-STARS became an 
open access journal in January 2020 and has a very com-
petitive and subsidized article processing charge (APC) 
of US$1,250. This APC will stay the same in 2021, allow-
ing GRSS members to publish their papers at a reason-
able cost in a fully open access journal with a recently 
released impact factor for 2019 of 3.827, a nearly 13% 
increase since 2018. As a matter of fact, moving J-STARS 
to open access has increased the number of submissions 
(more than 950 in 2020 to date, with a forecast total of 

1,600 submissions by the end of 2020), demonstrating the 
interest by our membership in this opportunity. We are 
glad that the GRSS Administrative Committee’s decision 
in March 2019 to move J-STARS to open access has met 
the needs of our membership. We would further like to 
thank both current Editor-in-Chief Jenny Du and incom-
ing Editor-in-Chief Jun Li (starting in January 2021) for 
their work. Currently, there are more than 30 open calls 
for J-STARS special sections on very important topics, 
ranging from machine learning-based remote sensing to 
big data processing to superresolution of remotely sensed 
images. Please check the website at http://www.grss-ieee 
.org/jstars-special-issues/ to find out if there is a topic of 
interest to you. Remember, however, that submissions to 
J-STARS beyond these designated special topics are also 
welcome because J-STARS accepts papers in all areas of in-
terest to GRSS members.

All in all, 2020 has been, and will likely remain, a chal-
lenging year. However, the Society has coped very well and 
adapted to the multiple challenges we have faced. We have 
had to cancel some events that were carefully planned to 
increase our regional presence (in Latin America and in 
India); however, these activities have been rescheduled for 
2021 or 2022. Nevertheless, some of the larger goals have 
been achieved, and the GRSS has successfully met some of 
the principal challenges before us. I believe that the imple-
mentation of IGARSS 2020 is one of these situations, and 
I look forward to meeting you virtually during the confer-
ence all of us are awaiting at the end of September!

Kind regards, and stay safe!

� GRS

Announcing Revamped Technology, Industry,  
and Education Activities for 2020

The TIE (technology, industry, and education) activities that are part of the annual IGARSS conference are 
being conducted in a new format this year. These activities will be presented as a series of free webinars 
distributed during the summer and autumn of 2020. We are in the process of finalizing the activities, but they 
will include educational seminars, code workshops, panels, and a virtual mixer! These activities are being 
brought to you by a number of GRSS groups including Young Professionals, IDEA, Educational Activities, 
and the industry outreach team. Watch your inbox, the IGARSS 2020 TIE page on igarss2020.org, and the 
GRSS social media channels for more information. We look forward to seeing you virtually this year!  No 
conference registration needed!
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T he ZiYuan3 (ZY3) is a civilian stereo surveying and 
mapping satellite from China operating under the 

framework of the Earth resources satellite series, and its 
objective is to fulfill 1:50,000 mapping and update larger-
scale fundamental geographic information products. This 
article introduces the ZY3-03 satellite’s mission and payload 
specifications as well as its data utilization and distribution 
policy. In the future, the ZY3-03 will realize the demands 
of China’s national economic and social development and 
play an important role in the fields of Earth observation 
and environmental protection.

The China ZY3-03 Mission
Surveying and mapping technology for  
high-resolution remote sensing satellites

XINMING TANG, XIAOMING GAO,  
HAIYI CAO, FAN MO, ZHENMING WANG,  
WENXIA XU, GUANGBIN ZHU,  
QINGXING YUE, FEN HU, HONG ZHU,  
AND JING LU
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HISTORY 
In the past 30 years, China has developed several satellite series, such as the meteorological series 
Fengyun (“Wind and Cloud”); ocean series Haiyang (“Ocean”); Earth resources series Ziyuan (ZY) (“Re-
source”); high-resolution Earth observation series Gaofen (GF) (“High Resolution”); environment- and 
disaster-monitoring small satellite constellation (“Environment and Disaster”); and experimental se-
ries Shijian (“Experiment”) for new technological exploration [1]. China’s national Earth Observation 
System contributes not only to rapid economic and social development but also to the international 
Earth Observation System.

With the rapid development of China’s resource series satellites, an Earth observation system with 
medium and high resolution, wide coverage, and multitemporal capabilities has been established [2]. 
The derived data products from in-orbit satellites, including the ZY02C, ZY3-01, ZY3-02, GF1-A, GF1-
B, GF1-C, GF1-D, GF2, and GF6, have been applied comprehensively and are mainly used in the fields 
of land and forestry monitoring, agriculture management, environmental protection, surveying, and 
mapping, among others.

The ZY3 is China’s civilian stereo surveying and mapping satellite series operating under the frame-
work of the Earth resources series and is included in the medium- and long-term development plan 
for China’s Civil Space Infrastructure (2015–2025). Compared with other similar satellites, such as 
the SPOT 5 [3] and ALOS-1 [4] series, the ZY3 has better geolocation accuracy without ground control 
points (GCPs) of up to 10 m.

The ZY3 has been used for 1:50,000 stereo mapping or even larger-scale national fundamen-
tal geographic product updates. The surveying and mapping technology of high-resolution remote 
sensing satellites is fundamental for the establishment of China’s geospatial framework and infor-
mationized mapping system, and it has become an indispensable part of updating national geo-
graphic information. 

DEMANDS

FUNDAMENTAL SURVEYING AND MAPPING
Topographic maps at the 1:50,000 scale were first developed in China in the 1970s. Since then, fre-
quent revisions have been required due to rapid changes in land utilization. Increasing numbers of 
high-resolution remote sensing satellites have been used for 1:50,000-scale surveying and mapping in 
China. The objective of the ZY3 series is to provide data for fulfilling 1:50,000 mapping and updating 
1:25,000 or even larger-scale topographic maps.

GEOGRAPHICAL SITUATION MONITORING
Geographical situation monitoring is an important aspect of the geographic information field. 
High-resolution remote sensing images can provide data support and are helpful for quanti-
tative monitoring and statistical analysis. By accelerating the development of surveying and 
mapping satellite application systems, satellite data can provide strong support for geographical 
situation monitoring.

GEOSPATIAL INFORMATION INDUSTRY
With the development of geographic information system (GIS) software technology, the appli-
cation of technical exploration is no longer a problem for GIS, and data resources have become the 
key factor in the success of geographic application systems. The lack of fundamental geographic 
data is currently a bottleneck that limits the development of the geospatial information indus-
try in China, and data products still cannot fulfill the demands of the data industry. Although 
there have been great achievements in the geographic data production industry, data availability, 
quality, and updates still do not meet the requirements of applications. High-resolution mapping 
satellite data will become an important supplement for these applications.

EMERGENCY SURVEYING AND MAPPING SUPPORT
Natural disasters occur frequently in China; therefore, we need to obtain the latest geographic data 
and information in disaster areas to support emergency services. For public emergencies (such as 
natural disasters and accidents), public health, and social security, surveying and mapping satellites 
can provide geographic information products and establish a database for emergency services.

The China ZY3-03 Mission
Surveying and mapping technology for  
high-resolution remote sensing satellites
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GLOBAL GEOSPATIAL INFORMATION  
ACQUISITION AND SERVICES
In the mainstream of economic globalization, the Belt and 
Road Initiative (B&R), which covers more than 60 countries 
and regions around the world, has been proposed as part of 
China’s national development strategy. With their continuous 
and direct observation capability, remote sensing satellite tech-
nologies can provide strong support for the B&R initiative and 
promote economic structures and international cooperation.

ZY3 SERIES OVERVIEW
The ZY3 series comprises the first civilian stereo surveying 
and mapping satellites in China. The first satellite in the 
series, the ZY3-01, was successfully launched on 9 Janu-
ary 2012 and includes three high-resolution panchromatic 
cameras and one multispectral camera. The panchromatic 
camera is assembled in time-delay-integration charge-cou-
pled-device (TDI CCD) mode. The front-view and back-view 
cameras both have a 3.5-m spatial resolution and 51-km 

ground swath, whereas the nadir-view and multispectral 
cameras can provide spatial resolutions of 2.1 and 5.8 m, 
respectively, each with a ground swath of 51 km.

The ZY3-02 is the second satellite in the ZY3 series. It 
was successfully launched on 30 May 2016. Compared with 
the ZY3-01, some technical improvements were made in 
the ZY3-02. First, without altering the optical camera lens, 
the resolution of the front-view and back-view cameras 
was improved from 3.5 to 2.7 m by replacing the 7-μm TDI 
CCD. Second, the multispectral camera installation was 
redesigned to better realize the fusion effects of the pan-
chromatic and multispectral images. Third, the software 
system onboard was updated, greatly improving the conve-
nience and efficiency of the satellite ground control system. 
Fourth, in addition to the optical payloads, the ZY3-02 is 
equipped with an experimental laser altimeter, used to im-
prove the vertical accuracy.

To maintain the service continuity of the ZY3 series, the 
ZY3-03 satellite will be ready for launch in the middle of 
2020. The in-orbit duration of the ZY3-03 will be extended 
to eight years, compared with five years for the ZY3-02, and 
the system performance will be improved with the inclusion 
of a laser altimeter for stereo surveying and mapping, signifi-
cantly enhancing the vertical accuracy. Furthermore, the 
ZY3-04 is expected to be launched two years after the ZY3-
03. The ZY3 series development plan is shown in Figure 1.

Real-time data from the ZY3 series are mostly received 
by three fixed ground stations located in Miyun, Kashi, 
and Sanya, China, and one mobile ground station located 
in southwestern China. In addition to real-time satellite 
data, other data are stored in the solid-state memory of 
the satellite and, later, downlinked to the ground stations. 
The ZY3 series receiving system is shown in Figure 2.

FIGURE 2. The ZY3 satellite series receiving system.

2010 2012 2014 2016 2018 2020 2022 2024

ZY3-01

ZY3-02

ZY3-03

ZY3-04
Development
Normal Operation
Extended Operation

FIGURE 1. The ZY3 satellite series development plan.
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The ZY3-03 is designed to provide high-resolution ste-
reo images, multispectral images, and auxiliary data over 
China’s territory in a long-term, stable, and efficient man-
ner. The dual-satellite operation mode will be enabled after 
the launch of the ZY3-03, reducing the revisit cycle time to 
fewer than three days, compared with five days for one op-
erational satellite. In addition, the global coverage time will 
be reduced significantly.

THE ZY3-03 PLATFORM
The ZY3-03 is a three-axis-stabilized Earth observation sat-
ellite that is being manufactured by the China Academy of 
Space Technology (Figure 3). The platform, although based 
on upgraded avionics, retains the architecture of the ZY3-
01 and ZY3-02.

The satellite consists of payloads and service systems. 
The payloads mainly include a three-line-array camera, a 
multispectral camera, a laser altimeter, a digital-transmis-
sion subsystem, digital antennas, and an image-recording 
subsystem. The service systems comprise the power supply, 
control, propulsion, and data and thermal management 
subsystems, which provide support services, such as instal-
lation, power, control, and temperature maintenance for 
the payloads.

The ZY3-03 runs in a sun-synchronous orbit at an alti-
tude of approximately 505 km and is capable of producing 
seamless imagery covering Earth’s surface from latitudes 
of 84° south to 84° north. The spacecraft designed for the  
ZY3-03 mission is a three-axis-stabilized satellite di-
rectly placed into Earth orbit by the launcher. The plat-
form provides high pointing accuracy (approximately 0.1° 
on each axis), and the weight of the spacecraft is approximate-
ly 2,650 kg.

The main characteristics of the ZY3-03 spacecraft are 
shown in Table 1. It uses a mature ZY3 satellite platform 
with a stable structure. To fulfill the demands of the map-
ping mission, the ZY3-03 service system fully inherits the 
fine state of the ZY3 series platform, which is designed with 
improvements in precise attitude determination (PAD), 
precise orbit determination, and time synchronization. The 
main technical specifications of the service system are 
shown in Table 2.

PRECISE ATTITUDE DETERMINATION
To enhance attitude accuracy and stability, star sensors 
and gyroscopes are always equipped with state-of-the-art 
satellites. Star sensors are used to determine the absolute 
inertial attitude without drift at low frequencies to reach 
the highest accuracy possible, and gyroscopes are used to 
measure the angular velocity at high frequencies.

The PAD system (PADS) is designed to fulfill 1:50,000-scale 
surveying and mapping requirements. The attitude deter-
mination accuracy of the ZY3-03 is 1 arc-second, surpass-
ing other satellites with similar specifications. The ZY3-03 
is equipped with three star trackers and four groups of gy-
roscopes to acquire the attitude data. The raw data of the 

star trackers and gyroscopes are processed onboard with 
an extend Kalman filter to realize real-time attitude deter-
mination, followed by a forward–backward Kalman filter 
for high-precision attitude postprocessing. To ensure that 
the time is consistent and uniform in the satellite, time 
synchronization of all subsystems is controlled by the 
timing system.

TABLE 1. THE ZY3-03 SPACECRAFT CHARACTERISTICS.

FEATURES SPECIFICATIONS

Orbit Sun-synchronous at 505 km
59-day repeat cycle

Mean local solar time 10:30 a.m.

Orbital period 97 min

Attitude stabilization Three-axis stabilized

Weight 2,650 kg

Mission duration Eight years

Swath width 51 km

TABLE 2. THE ZY3-03 SERVICE SYSTEM CHARACTERISTICS.

FEATURES SPECIFICATIONS

Attitude control system Pointing accuracy: ≤0.02° (three-axis, 3 v)
Stability: ≤5 × 10–4°/s (three-axis, 3 v)
Drift angle correction: 0.02° (3 v, calcu-
lated based on nadir-view camera)

Time-synchronization 
accuracy

≤50 µs

Time reference system Universal time coordinated, Beijing

Satellite laser ranging Corner reflector equipped on platform

Remote observe and 
control

Method: USB
Mode: plain code transmission

Star tracker Inertial attitude determination accuracy:
≤5” (xy-plane, 3v)
Sampling frequency: 4 Hz

Gyroscope Drift error: 0.02°/h
Sampling frequency: 4 Hz

GPS signal receiver Type: dual band
Location accuracy: 10 m (real time, 1 v)

FIGURE 3. An artist’s interpretation of the ZY3-03. 
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The PADS performance of the ZY3-01 and ZY3-02 satis-
fies the design specifications and operation requirements 
[5]; therefore, the PADS will be applied to the ZY3-03 with 
inherent high-accuracy attitude determination and fine 
control capabilities. The ZY3-03 attitude determination 
simulations on three axes (roll, pitch, and yaw) in orbit co-
ordination are shown in Figure 4.

PRECISE ORBIT DETERMINATION
The satellite’s orbit position is an exterior orientation ele-
ment for space photogrammetry, and it directly affects 
the surveying and mapping precision. The ZY3-03 will be 
equipped with both dual-frequency GPS receivers and a la-
ser reflector array (LRA) to improve the satellite’s precise 
orbit-determination capability.

GPS signals are obtained and the signal carrier phase 
and pseudo-range are measured to form the original in-
formation for the dual-frequency GPS receivers. The GPS 
information is stored in the data storage unit of the sat-
ellite and is sent down to the ground receiving station 
via the digital transmission subsystem. The ground ap-
plication system processes and classifies the raw data 
to complete the satellite’s precise orbit determination. 
Meanwhile, the LRA uses satellite laser range technology 
to verify the orbit measurement results derived from the 
GPS receiver.

Due to the performance of the precise orbit deter-
mination, with an accuracy of 5 to 7 cm for the three 
axes of the ZY3-01 and ZY3-02 [6], the dual-frequency 
GPS receivers and LRA will be applied on the ZY3-03 
to guarantee high-precision orbit determination. The 
ZY3-03 orbit determination simulations are shown 
in Figure 5.

TIME SYNCHRONIZATION
To ensure accuracy of the geolocation imagery, all of the 
satellite subsystems need to work within the same time 
reference, and the time synchronization accuracy must be 
better than 50 μs. The time synchronization system is de-
signed such that all satellite subsystems work with the uni-
fied timing resource [7].

The dual-frequency GPS system is used as the refer-
ence clock source for the ZY3-03 time synchronization 
system. Utilizing the entire second characteristic of the 
GPS signal, the normal working receiver will generate 
a second pulse signal per second with a precision of 
1 μs. The signal is processed, amplified, and sent to 
the other subsystems of the satellite. These subsys-
tems then adjust their own time system with the received 
second pulse signal as the reference to realize the over-
all time synchronization within the satellite. While 
the GPS receiver transmits the second pulse signal, the 
receiver also broadcasts the time data corresponding 
to the second pulse signal through the bus. Each sub-
system obtains the specific t ime information corre-
sponding to the received second pulse signal through 
the bus in time. The matching of the second pulse sig-
nal and the time data through internal data processing 
enables complete and effective time synchronization 
of the satellite. The time synchronization accuracies 
of the ZY3-01 and ZY3-02 are both better than 20 μs, 
and the ZY3-03 time synchronization accuracy is also 
expected to reach this level, fulfilling the satellite de-
sign requirements.
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SATELLITE OPERATING MODE
The ZY3-03 prov ides three operat ing modes: real-
t ime transmission, record and playback, and transfer 
while recording.

◗◗ Real-time-transmission mode: Within the receiving range 
of the ground station, the satellite downlinks to 
the ground receiving station the real-time, nadir-view 
panchromatic image; forward- and backward-view 
panchromatic images; multispectral image; star 

charts; gyroscope; and GPS receiver data as well as 
other data.

◗◗ Record-and-playback mode: The satellite records the re-
al-time, nadir-view panchromatic image; forward- and 
backward-view panchromatic images; multispectral 
image; GPS receiver data; star charts; and gyroscope 
data as well as other data to the solid-state memory 
when outside the receiving range of the ground receiv-
ing station and downlinks the recorded data when the 
satellite is within the receiving range.

◗◗ Transfer-while-recording mode: Within the receiving range 
of the ground station, the satellite downlinks to the 
ground receiving station the real-time, nadir-view pan-
chromatic image; forward- and backward-view pan-
chromatic images; multispectral image; star charts; 
gyroscope; and GPS receiver data as well as other data. 
Meanwhile, all data are recorded to the solid-state 
memory of the satellite. When within the receiving 
range of China’s ground station, the satellite down-
links the recorded data.

THE ZY3-03 PAYLOAD
The payload of the ZY3-03 includes the three-line-
array panchromatic camera, multispectral camera, laser 
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TABLE 3. THE ZY3-03 SENSOR SPECIFICATIONS.

FEATURES SPECIFICATIONS

Camera and ground 
sample distance (GSD)

Panchromatic (nadir view): 2.1 m 
Panchromatic (forward/backward view): 2.7 m
Multispectral: 5.8 m

Swath width Panchromatic (nadir/forward/backward): 
51 km 
Multispectral: 51 km

Data-acquisition capacity Panchromatic: 2,000,000 km2/day
Multispectral: 2,000,000 km2/day

TABLE 4. THE CHARACTERISTICS OF THE ZY3-03  
THREE-LINE-ARRAY CAMERA.

FEATURES SPECIFICATIONS

Number of cameras Three (nadir, forward, and  
backward views)

Wavelength 0.5–0.8 μm

GSD 2.1 m (nadir view)
2.7 m (forward and backward views)

Focal length 1,700 mm

Modulation transfer function >0.2

Swath width 51 km (nadir plane image)

Pixel size 7 µm

Field angle 6°

Bit number 10 b
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altimeter, digital transmission subsystem, digital antennas, 
and image data-recording subsystem. The ZY3-03 sensor 
specifications are shown in Table 3.

THREE-LINE-ARRAY CAMERA
The three-line-array camera of the ZY3-03 consists of 
three high-resolution panchromatic cameras that capture 
the nadir, front, and back views. The spatial resolutions 
of the front- and back-view cameras are both 2.7 m, with 
ground swaths of 51 km, whereas the nadir-view camera 
provides a spatial resolution of 2.1 m and a ground swath 
of 51 km. The ZY3-03 is an optical satellite assembled with 
a linear-array CCD in push-broom imaging mode [8]. The 
pixel size of the nadir camera is 7 µm. The nadir camera 
is stitched by three pieces of the TDI CCD sensors, which 
have 8,192 pixels. The front- and back-view cameras are 

(a) (b) (c)

FIGURE 7. The ZY3-03 simulated panchromatic images for the (a) forward, (b) nadir, and (c) backward images.

TABLE 5. THE CHARACTERISTICS OF THE ZY3-03  
MULTISPECTRAL CAMERA.

FEATURES SPECIFICATIONS

Number of bands Four

Wavelength Blue: 450–520 nm
Green: 520–590 nm
Red: 630–690 nm
Infrared: 770–890 nm

GSD 5.8 m

Focal length 1,750 mm

Modulation transfer function >0.25

Swath width 51 km

Pixel size 20 µm

Bit number 10 b

Backward View

Backward View

Nadir View

Nadir View

Forward View

Forward View

West

South

Fl
ig

ht
 D

ire
ct

io
n

y

z

CCD1

CCD1

CCD3

CCD3

CCD2

CCD2

CCD4

CCD1 CCD3CCD2 CCD4

FIGURE 6. The relationship between the panchromatic camera focal and data output of the ZY3-03.



SEPTEMBER 2020    IEEE GEOSCIENCE AND REMOTE SENSING MAGAZINE                                                        15 

stitched by four pieces of the TDI 
CCD sensors, with 4,096 pixels.

The three-line-array camera con-
sists of three panchromatic cameras 
to obtain along-track data simulta-
neously at three different perspec-
tives. To achieve high elevation ac-
curacy, the forward and backward 
cameras are inclined at ±22° from 
the nadir camera, which corresponds 
to a base-to-height ratio of 0.89 at an 
altitude of 505 km. The character-
istics of the ZY3-03 three-line-array 
camera are shown in Table 4. The 
relationship between the ZY3-03 
panchromatic camera focal and data 
output is shown in Figure 6, and the 
ZY3-03 simulated panchromatic im-
ages for the three-line-array camera 
are shown in Figure 7.

MULTISPECTRAL CAMERA
The multispectral camera is an off-
axis optical system with the advantages of uncovering with-
out color aberration, a high-modulation transfer function, 
and a large viewing field. The multispectral camera has 
blue, green, red, and infrared spectral bands and provides a 
multispectral image with a spatial resolution of 5.8 m and 
a 51-km ground swath. The characteristics of the ZY3-03 
multispectral camera are shown in Table 5.

The multispectral camera is assembled from the three 
TDI CCD sensors, which have 3,072 pixels. The relationship 
between the ZY3-03 multispectral camera focal and data 
output is shown in Figure 8, and the ZY3-03 simulated mul-
tispectral image with 5.8-m resolution is shown in Figure 9.

LASER ALTIMETER
The ZY3-03 is equipped with a laser altimeter, which is used 
to improve vertical accuracy for stereo surveying and map-
ping. The characteristics of the ZY3-03 laser altimeter are 
shown in Table 6.

OTHER CONTENTS
The ZY3-03 digital transmission subsystem is composed of 
data processing and a ground digital-transmission channel. 
The subsystem is configured with two X-band data-trans-
mission channels at 450 Mb/s. The panchromatic camera 
image is designed with two optional compression ratios of 
2:1 and 4:1, whereas the multispectral camera image is de-
signed with a 3:1 compression ratio or lossless compression. 
The data-recording subsystem is configured with two pieces 
of solid storage of 500 Gb, which is used to record images 
and other raw data. The digital antenna subsystem includes 
two mechanical point beam antennas and servo control-
lers to enable data transmission from the satellite to the 
ground station.

DATA PRODUCTS AND POLICY

DATA PRODUCTS
All ZY3-03 products are classified into three types: im-
age, digital terrain, and thematic. The image products 
include sensor-corrected, geocoded ellipsoid-corrected, 
enhanced geocoded ellipsoid-corrected, and geocoded 
terrain-corrected products and the digital orthophoto 
map. The digital-terrain products include digital surface 
modeling, digital elevation modeling, and the digital 
line graph. The thematic products include the reflectiv-
ity product, normalized-difference vegetation index, 
leaf-area index, aspect, and slope, among others. A series 
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of accessorial files is attached with the ZY3-03 products 
to support further data processing [9]. The ZY3-03 data 
products are shown in Table 7.

With the successful launch of the ZY3-01 and ZY3-02, 
China’s comprehensive civil satellite surveying and map-
ping technical framework was established, and the space 
information can be accessed by users worldwide. The im-
age planimetric accuracy of the ZY3 series is better than 
10 m, and the vertical accuracy is better than 6 m. With a 
small number of GCPs, the planimetric accuracy and ver-
tical accuracy can reach 3–4 m and 2–3 m, respectively. 
The images from the ZY3 satellites have been mainly used 
for 1:50,000-scale basic geographic information product, 
map revision, and national geographical condition sur-
veillance. China’s government divisions also actively ap-
ply ZY3 products in relevant fields, such as land resource 
investigation, forestry protection, agriculture monitoring, 
and natural disaster reduction.

DATA DISTRIBUTION
A cloud service platform was constructed for the ZY3 and 
other satellite series data distributions and services. It is 
operated by the Land Satellite Remote Sensing Applica-
tion Center (LASAC), Ministry of Natural Resources of the 
People’s Republic of China. Network distribution nodes 
of the ZY3 cloud service platform were established in all 
provinces of China. International network nodes were 
also successfully deployed in Britain, Austria, Thailand, 
Laos, Norway, Mongolia, Ghana, and Uganda, thereby 
greatly promoting the global distribution and application 
of ZY3 products.

ZY3-03 data will be integrated into the cloud service 
platform in the future. LASAC emphasizes actively car-
rying out multilevel and multiform cooperation in satel-
lite mapping technologies and data sharing in China and 
worldwide. If you are interested in ZY3 data, you can log 
onto the website for information (http://www.sasclouds 
.com/). LASAC is dedicated to promoting ZY3 data utiliza-
tion and global distribution and applications. LASAC plans 
in the future to publish the ZY3 Research Announcement 
to conduct data utilization analysis, scientific research, cali-
bration, and validation (http://www.lasac.cn/).

CONCLUSIONS
The ZY3-03 mission requirements, platform, payloads, data 
products, and policy were discussed in this article. The 
ZY3-03 satellite will acquire many Earth observation im-
ages and meet the national requirement of 1:50,000-scale 
topographic maps. The mission will ensure the continu-
ity of the ZY3 series data and product services. The com-
bination of advanced and conventional technologies will 
improve the mission parameters of the ZY3-03 so that it 

TABLE 7. THE ZY3-03 PRODUCTS.

PRODUCT TYPE NAME PLANE/STEREOSCOPIC APPLICATIONS

Image Sensor corrected Plane/stereoscopic Stereoscopic observation and surveying

Geocoded ellipsoid-corrected Plane/stereoscopic Spatial information interpretation

Enhanced geocoded ellipsoid-corrected Plane/stereoscopic High-accuracy positioning

Geocoded terrain-corrected Plane High-accuracy positioning and change 
detection

Digital orthophoto map Plane Digital mapping

Digital terrain Digital surface model Plane/stereoscopic Slope and aspect analyses, among 
others

Digital elevation model Plane/stereoscopic Intervisibility analyses, among others

Digital line graph Plane Route planning, among others

Thematic Reflectivity product Plane Thematic application

Normalized-difference vegetation index Plane Thematic application

Leaf-area index Plane Thematic application

Aspect and slope Plane Thematic application

Etc. Plane Thematic application

TABLE 6. THE CHARACTERISTICS OF THE ZY3-03 LASER ALTIMETER.

FEATURES SPECIFICATIONS

Footprint size 70 m

Wavelength 1,064 nm

Repeated frequency ≥2 Hz

Pulse width ≤8 ns

Number of transmissions 1 × 108

Effect distance 500 ± 20 km

Ranging precision 1 m
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achieves high performance, low cost, and high reliability 
and meets the requirements of cartography, regional ob-
servation, disaster monitoring, and resource exploration, 
among other applications. In the near future, ZY3-03 data 
will be available widely via LASAC.
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Scarce in situ data in the western and central Tibetan Pla-
teau (TP) hinder scientific research on physical process 

representation in climate models. Satellite remote sensing 
and climate models are effective data sources in complex 
topography and harsh environments, but they have not 
been effectively validated or improved for lack of multiscale 
observations matching their pixel or grid scales. Therefore, 
it is necessary to develop an integrated, multiscale obser-
vatory. With the support of the Third Tibetan Plateau At-
mospheric Scientific Experiment (TIPEX-III), a satellite 
pixel-oriented TP Integrated MultiScale Moisture and Tem-
perature Observatory (TP-IMSO) was initiated to obtain 
a long-term, multiscale soil temperature and moisture data 

set that integrates site point, regional line, and spatial sur-
face observation designs.

 The TP-IMSO is composed of two automatic wireless 
transmission networks (spatial surface) over the Naqu 
and A’li regions, the Geographical Flow Observatory 
(GFO) of soil and vegetation features (regional line), and 
atmospheric and soil temperature and humidity vertical 
profile observations (site point) in the soil–atmosphere 
interface layer. This article introduces the project’s moti-
vation, scientific objectives, integrated experiment design, 
implementation, and data management and shows some 
initial results. 

It was found that the elements of the TP-IMSO networks 
have a highly variable character. The soil moisture (SM) in 
the top layer (0–3 cm) is more variable than in other lay-
ers, and the largest standard deviation of all of the five lay-
ers occurs in July. According to the preliminary validation, 
the root-mean-square error (RMSE) of the remote sensing 
products ranges from 0.038 to ;0.177 cm cm3 3$ -  and for 
the European Centre for Medium-Range Weather interim 
re-analysis data and National Centers for Environmental 
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Prediction (NCEP) re-analysis data, the RMSE spans from 
0.038 to .0810. cm cm3 3$ -

THE NEED FOR A MULTISCALE SOIL MOISTURE  
AND TEMPERATURE NETWORK 
As a primary heat source in summer for Central Asia [36], [37], 
the TP directly affects regional weather and global climate 
patterns. SM is one of the key elements in the global wa-
ter cycle and multispherical surface energy balance and 
exchange [2], [33]. Jung et al. [14] found that evapotrans-
piration has decreased since 1998 because of the limited 
moisture supply, which was determined based on avail-
able in situ data and remote sensing products. Land sur-
face hydrometeorological data  [17] and remote sensing 
products are also necessary in the calibration of climate 
and weather prediction models. However, the TP is in a 
widespread permafrost area. Hence, it is difficult to col-
lect sufficient in situ data from the TP for modeling ef-
forts, especially in the midwestern portion of the plateau. 
Conventional meteorological stations in the western and 
central TP are scarce. The number of national and regional 
meteorological stations in the TP is only 23.8% and 5.4% 
of the country’s total stations, respectively. And there are 
few in situ observations of soil and atmospheric moisture 
and temperature profiles. 

Recently, several experiments were carried out in the 
TP. The Multiscale Soil Temperature and Moisture Ob-
servation Network (TP-SMTMN) was established and de-
scribed by [35]. The Heihe Watershed Allied Telemetry Ex-
perimental Research (HiWATER) project [16] was initiated 
on a smaller watershed to understand the processes and 
mechanisms of the ecohydrological system in an inland 
river basin. Three satellite validation sites on the plateau 
(Tibet-Obs) were established, namely, Maqu, Naqu, and 
Ngari, for validating microwave SM products [28]. The Ti-
bet Observation and Research Platform (TORP), which fo-
cuses on atmosphere monitoring, was originally developed 
in 2005, covering SM and soil temperature in its parameter 
suite [19]. Unfortunately, except for TP-SMTMN and HiWA-
TER, these measurements were not regularly collected at 
multiple scales but were sparsely distributed to provide a 
passive microwave remote sensing validation site (~25 km 
in average dimension). 

The Tibet-Obs sample points were distributed random-
ly, as were the SM sites in HiWATER. The TP-SMTMN con-
sisted of 56 sample sites, which were randomly distributed 
along the road layout at three observational scales: large 
network (1°), medium network (0.3°), and small network 
(0.1°)  [35]. These observations, however, did not directly 
match the 25-km passive microwave SM products. 

These four experiments were mainly conducted in 
complex landscapes. For example, the topographic effect 
was more significant in the TP-SMTMN; the land surface 
types in the Tibet-Obs included desert, vegetation, river, 
and other complex types; and in the TORP, a large propor-
tion of surface water and a terrain transition from north 

to south can be found in the region. The HiWATER land 
surface types included crop, forest, scrubland, grasslands, 
urban and built up, barren and sparsely vegetated, snow 
and ice, and water bodies. Hence, a multiscale SM and tem-
perature network is needed to support product validation 
and algorithm development for a homogeneous landscape 
(uniform surface characteristics) with well-matched pixels 
or grids. 

Laterally, these in situ SM stations are point-scale measure-
ments distributed across mesoscale footprints (~25  km), 
which is the approximate scale of most satellite microwave 
sensors. Vertically, the sensing depths of these satellite sen-
sors are shallow, no more than 5 cm below the surface for 
an L-band radiometer. The absence of true SM values at the 
representative layer (~ <3.75 cm) of an X-band radiometer 
fundamentally limits the capacity to assess the quality of 
satellite SM products. The scientific observations for the soil 
dielectric character at the pixel scale are insufficient, as are 
the atmospheric measurements above the surface, includ-
ing infrared skin temperature, air temperature, and relative 
humidity. These parameters are essential to understand the 
soil–atmosphere interface in the western TP.

Uncertainties in land surface models can be attrib-
uted to atmospheric forcing and surface parameter er-
rors [9], [21]. There is no conclusion from the results of 
the Project for Intercomparison of Land Surface Param-
eterization Schemes and the Global Soil Wetness Project 
regarding which model is the most appropriate for simu-
lating SM and other variables at the land surface. Shao 
et al. [29] and Henderson-Sellers [10] found that simu-
lated SM results under different land surface parameter-
ization schemes were significantly different. Srinivasan 
et al. [30] determined that no model among those par-
ticipating in the Atmospheric Model Intercomparison 
Project can reproduce the interannual changes of the 
observed SM. Zhu et al. [40] established the calibration 
of several cosmic-ray SM sensors, although large-scale 
comparisons with remote sensing products require more 
numerous sensor networks than those available via 
these systems.

After validation of the products within the domain, sat-
ellite remote sensing provides a relatively reliable approach 
for observations of remote areas like the TP. SM has been 
retrieved from microwave remote sensing satellite plat-
forms, as shown in Fujii and Koike and van der Velde et al. 
[31]. The past and present satellite sensors include 

◗◗ the Scanning Multichannel Microwave Radiometer, 
launched in 1978

◗◗ the Special Sensor Microwave/Image, orbited in 1987
◗◗ the Tropical Rainfall Measuring Mission’s (TRMM’s) 

Microwave Imager, launched in 1997 by NASA and the 
Japan Aerospace Exploration Agency (JAXA)

◗◗ the Advanced Microwave Scanning Radiometer (AMSR-E) 
of the Earth Observation System, orbited in 2002

◗◗ the Microwave Radiometer Imager onboard the first sat-
ellite of China’s Fengyun-3 (FY-3), launched in 2008
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◗◗ the L-band Soil Moisture Ocean Salinity (SMOS) satellite, 
orbited in 2009 by the European Space Agency (ESA)

◗◗ the Soil Moisture Active Passive (SMAP) satellite, launched 
in 2015 by NASA. 

These missions and their satellite microwave radiometers 
can provide SM products at various spatial resolutions and 
can offer up long time-series SM products for studies on 
global climate change, water cycles, and multispherical ex-
change. However, the accuracy of the SM estimated from 
satellite sensors needs to be evaluated before practical ap-
plication. Wagner et al. [32] and Rüdiger et al. [26] assessed 
satellite SM products through intercomparisons. Dorigo 
et al.  [5] and Scipal et al.  [27] also evaluated the error of 
global microwave SM data sets. Polcher et al. [25] compared 
the SM data retrieved from the ESA’s SMOS with the output 
of the ORCHIDEE land surface model. Albergel et  al.  [1] 
studied the SM products of the Advanced Scatterometer 
(ASCAT) and SMOS against global ground-based in situ ob-
servations. Paulik et al. [24] validated the ASCAT soil wet-
ness index products using the field data of the International 
Soil Moisture Network (ISMN) [12]. 

Dente et al. [4] examined the AMSR-E SM products and 
ASCAT soil wetness index products using the Maqu net-
work. Chen et al. [3] also validated four SM products based 
on the AMSR-E data using the Naqu network, i.e., the NASA 
product [20], the JAXA product [8], [15], and the land pa-
rameter retrieval model C-band and X-band products based 
on a land surface parameter inversion model  [22]. Zhao 
et al. [38] evaluated the accuracy of SMOS SM products on 
the TP. Zeng et al. [39] validated five SM products (AMSR-E,  
AMSR-2, ASCAT, EVC, and SMOS) using the Coordinated 
Enhanced Observing Period Asia–Australia Monsoon 
Project on the TP, Maqu, and Naqu network data. Dorigo 
et al.  [6] evaluated the ESA Climate Change Initiative SM 
product using ISMN data. These results show that no prod-
uct can meet the accuracy requirements on the TP without a 
local verification demonstration. The best method is to es-
tablish validation sites, including a dense network of repre-
sentative locations, on the order of the interested scales [13].

To address these issues and provide a resource for fu-
ture modeling and monitoring, a satellite pixel-oriented 
TP-IMSO was established to provide an integrated, long-
term observation of the land surface and boundary layer 
by ground-based remote sensing facilities over the central 
and western TP. The TP-IMSO mainly aims to deepen un-
derstanding of how multiple satellite products on the TP 
can support studies on climate and land surface process 
models, the water cycle, the multispherical surface energy 
balance, and the exchange between the land surface and 
soil–atmosphere interface layer.

EXPERIMENTAL AREAS
The experimental areas are in the central and western TP, 
including two fixed automatic observation experimental 
areas with a wireless transmission network and two GFO 
experimental regions.

The first locality is in Nierong County, Naqu, with an 
area of 75km 75km,#  on the Qiangtang grassland in the 
central TP, referred to as the Naqu Soil Observatory (NSO). 
The second site is in Geji county, A’li, with an area of 

   ,50 50km km#  on the semiarid grassland in the western 
TP, referred to as the A’li Soil Observatory (ASO), as shown 
in Figure 1. Both are instrumented with wireless trans-
mission networks in land surface areas with different 
characteristics. The NSO area is unique alpine meadow 
grassland, without water bodies or urban areas, and is 
generally flat, with some rolling hills. The ASO location is 
characterized by a semiarid or desert grassland, wetlands, 
and one small water body and is also generally flat, with 
only some rolling hills. The elevation is between 4,400 
and 5,200 m, with seasonal frozen soil. The soil surface 
starts its diurnal soil freeze/thaw cycle in November 
(Naqu) or October (A’li) and becomes fully frozen from 
December to February. 

The A’li area is within the subcold arid climate zone and 
has an annual average rainfall of approximately 69  mm, 
with an average of 19 days of rain and snow. It has an an-
nual average temperature of −2 °C, with a minimum tem-
perature of −40 °C. Nierong county in Naqu is in the South 
Asian summer monsoon climate zone, and most precipi-
tation occurs between June and September. With high el-
evation and low temperatures, the growing season is short, 
and the grass height can reach 10–15 cm. Therefore, the SM 
shows a remarkable seasonal variation [34].

In addition, two GFO experiments were initiated along 
the Lasa–Naqu–Changdu–Linzhi–Lasa and Linzhi–Lasa–
Naqu–A’li routes in August, including many types of land 
cover, such as forest, shrubs, grassland, alpine meadow, 
desert, water bodies, snow and ice, and bare land.

NETWORK DESIGN

TIBETAN PLATEAU INTEGRATED MULTISCALE 
MOISTURE AND TEMPERATURE OBSERVATORY 
COMPOSITION AND DETERMINATION BASIS

THE INTEGRATED OBSERVATORY’S COMPOSITION
The TP-IMSO network is composed of the NSO, ASO, and 
GFO, the Naqu Climate Station (NCS), and an automatic 
weather station that is available and operated by the Geji 
Weather Bureau in the center of the ASO. The NCS was es-
tablished in 2015 in the middle of the NSO, offering base-
line reference data. To provide multipoint background in-
formation in wider regions for microwave SM validation, 
the GFO was conducted in the first few years after the de-
ployment of the observatory.

DETERMINATION BASIS
The TP-IMSO network is designed according to the site 
point–regional line–spatial surface pattern. For example, 
the NCS and each site belong to a site point pattern, the GFO 
to a regional line pattern, and the NSO and ASO to a spatial 
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FIGURE 1. The location and environmental conditions of the TP-IMSO. DEM: digital elevation model. 
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surface pattern. The three patterns are integrated through 
the organic combination of observational elements.

Since microwave SM algorithms are greatly influenced 
by the optical thickness of vegetation and the dielectric 
constant of the soil, the NSO experimental area was se-
lected and established in the typical seasonal frozen soil 
regions. Throughout Tibet, the vegetation cover is rela-
tively uniform, and the terrain is relatively flat. The NSO 
region was chosen not only for the validation of multiple 
products but also, importantly, for the improvement of 
the product algorithm in evaluating the influence of the 
vegetation optical thickness and frozen soil.

To ensure that each site falls into 2 2#  pure pixels, the 
SM product is first geocorrected, and four corner latitudes 
and longitudes of each pixel in the 25 25-km -km#  scale are 
directly determined on the image. Then, the sites on other 
scales (1 km, 5 km, 15 km, and 75 km) are determined one 
by one, according to their distance from the four-corner site. A 
nested and satellite pixel-oriented site layout was established 
to use fewer sites to represent the actual situation of larger ar-
eas and scale down the SM products step by step. Hence, these 
characteristics are different from past experimental protocols.

The ASO experimental area is a mixed-pixel zone, with 
wetland and desertification grassland. To ensure the repre-
sentativeness of the sites, they were established from wet-
land to desert grassland, centered on the wetland. And the 
density of the site is changed from dense to sparse.

Since the microwave SM product corresponding to the 
NSO experimental territory has a large pixel, there are few 
areas in Tibet that can meet the conditions of good vegeta-
tion and flat terrain. As for the A’li area in the western TP, 
the soil conditions around the wetlands are better, but they 
are relatively scattered. Hence, large-scale test sites are rare. 
Therefore, the two test areas (NSO and ASO) are easily de-
termined by geostatistical methods from topographic, veg-
etation, and land use maps.

OBSERVED VARIABLES
Three categories of variables/parameters are observed: at-
mospheric, soil, and vegetation. The atmospheric state vari-
ables include air temperature and humidity at 2 m, wind 
direction and speed at 2 m, and precipitation at 3.5 m. The 
soil state variables include skin surface infrared radiation 
temperature and emissivity, 0-cm skin surface tempera-
ture, soil temperature and moisture at different depths, soil 
dielectric constant, soil texture, and soil organic carbon 
(SOC). As an important factor in passive microwave SM in-
version in vegetated areas [11], SOC was considered in the 
design of this experiment. The vegetation state variables in-
clude vegetation type, vegetation coverage, surface infrared 
temperature, and emissivity. All of the observed variables 
are closely related to the inversion and inversion analysis 
of the SM. The sensors associated with these observed vari-
ables are listed in Table 1.

OBSERVED VARIABLES PHOTO INSTRUMENT MAJOR INSTRUMENT CHARACTERISTICS

Soil temperature and 
moisture (depth: 0–3 cm, 
5 cm, 10 cm, 20 cm,  
30 cm)

Soil Temperature 
and Moisture 
Sensor Decagon 
ECH2O 5TM

Accuracy: apparent dielectric permittivity (fa): ±1 fa from  
1 to 40 (soil range); ±15% from 40 to 80 (soil)
Volumetric water content (VWC): using the Topps equation: 
±0.03 cm3 · cm–3, typical in mineral soils that have an electrical 
conductivity <10 dS/m; using allocation-specific calibration: 
±0.02 cm3 · cm–3 
Temperature: ±1 °C

Resolution: VWC: 0.0008 cm3 · cm–3 (0.08% VWC) from  
0 to 50% VWC 
Temperature: 0.1 °C

Range: VWC: 0 to 1 cm3 · cm–3; temperature: –40–50 °C 

Measurement time: 150 ms 

0-cm surface temperature Campbell Scientific 
109 temperature 
probe

Sensor: BetaTherm 10K3A1 thermistor

Measurement range: –50°–70 °C

Accuracy: thermistor interchangeability error: <±0.36 °C over 
–25–50 °C, <±0.6 °C over –50–70 °C

Survival range: −55–100 °C

Linearization error: Steinhart and Hart equation used to calcu-
late temperature; maximum error: 0.03 °C over –50–70 °C

Infrared radiation  
temperature (band:  
8–14 μm)

Apogee infrared 
radiometer (SI-111)

Mean of differences from target: 0.002 °C 

Target temperature uncertainty (95% confidence) from  
–30–65 °C: 0.122 °C 

Maximum differences from target: 0.14 °C 

Minimum differences from target: –0.106 °C

TABLE 1. THE OBSERVED VARIABLES AND SENSORS IN THE TP-IMSO.

(Continued)
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OBSERVED VARIABLES PHOTO INSTRUMENT MAJOR INSTRUMENT CHARACTERISTICS

Infrared emissivity  
(five band)

Five-band thermal 
infrared radiometer 
(CE312)

France CIMEL 

Sensed temperature range: –80–50 °C (193.15–323.15K)
Field of view: 10° or 7°, 3° 

Spectral band passes: 5 band: 8–14, 11.5–12.5, 10.5–11.5,  
and 8.2–9.2 μm 

Operating environment: –20–50 °C

Precipitation Texas Electronics 
rain guage  
(TE525-MM)

Sensor type: tipping bucket/magnetic reed switch

Material: anodized aluminum

Temperature: 0–50 °C

Resolution: 1 tip

Volume per tip: 4.73 ml/tip (0.16 fl oz/tip)

Rainfall per tip: 0.1 mm (0.004 in)

Accuracy: up to 10 mm/h: ±1%; 10–20 mm/h: ±3%;  
20–30 mm/h: ±5%

Funnel collector diameter: 24.5 cm (9.66 in)

Height: 29.21 cm (11.5 in)

Air temperature and 
humidity (instrument 
height: 2 m)

Campbell Scientific 
air temperature and 
humidity (HM-
P155A)

Relative humidity:

Sensor: HUMICAP 180R 

Measurement range: 0.8–100% relative humidity

Accuracy: ±1–1.7%, depending on relative humidity 

Temperature: 

Sensor: PT100 RTD measurement range: −80–60 °C
Accuracy: ±(0.055–0.0057 × temperature) °C

Wind speed and direction 
(instrument height: 2 m)

Campbell Scientific 
wind speed and 
direction (034b)

Wind speed: 

Range: 0–167 mi/h (0–75 m/s)
Starting threshold: 0.9 mi/h (0.4 m/s)
Accuracy: <22.7 mi/h: 0.25 mi/h (0.1 m/s)

Accuracy >22.7 mi/h: ±1.1% of true

Wind direction: 

Range: mechanical: 0–360°; electrical: 0–356°;  
starting threshold: 0.9 mi/h (0.4 m/s)
Accuracy: ±4°
Damping ratio: 0.25 standard (0.4–0.6 optional)
Resolution: <0.5°

Soil dielectric constant Keysight 
Technologies 
network  
analyzer (electrical)

Frequency range: 10–8.5/13.5/26.5 MHz; 43.5/50/67 GHz;  
up to 1.1 THz with extenders

Best trace noise at 10 kHz 1 intermediate frequency bandwidth 
(IFBW) signal amplitude (decibel root mean square)/phase 
(degree root mean square): 0.0063/0.047

Best speed at 201 point 1 sweep, correction off: 5 ms  
(600 kHz IFBW)

SOC Total organic 
carbon analyzer 
(Shimadzu TOC-
VCPH)

Shimadzu Corporation

Accuracy: the relative standard deviation of total carbon (TC), 
inorganic carbon (IC), and nonpurge organic carbon in liquid 
samples <1.5%, total nitrogen <3%

Solid sample TC, IC <1%

Soil mechanical composi-
tion/soil texture

Laser particle size 
analyzer (Microtrac 
Inc. S3500)

Laser wavelength: 780 nm

Particle size range: 2,000–0.02 μm

Theoretical model: Mie scattering and nonspherical particle 
correction factor

Precision:

Spherical glass beads D50 = 642 μm, 0.7%

Spherical glass beads D50 = 56 μm, 1.0%

Spherical latex beads D50 = 0.4 μm, 0.6%

TABLE 1. THE OBSERVED VARIABLES AND SENSORS IN THE TP-IMSO. (CONTINUED)
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NAQU SOIL OBSERVATORY AND A’LI SOIL 
OBSERVATORY EXPERIMENTS
An array of base stations was established to collect the 
primary variables necessary for product validation and 
improvement.

MULTISCALE DEPLOYMENT
With 50 sites, the NSO and ASO were deployed over four 
successive summers, from 2014 to 2017. The latitudes and 
longitudes of all sites and background information are 
shown in Tables 2 and 3, respectively. Different deployment 
schemes were adopted by different land cover types in the 
NSO and ASO (Figure 2). For the NSO, the land cover and 
satellite pixel orientation required a nested, multiscale net-
working scheme in pure pixels. However, for the ASO, with 
a more diverse landscape, the random networking scheme 
was used.

The NSO experimental area [Figure 2(a)] is in the Qiang-
tang grassland and characterized by flat terrain, homoge-
neous grassland types, higher vegetation biomass, a gentle 
SM dynamic range, and a typical freeze/thaw cycle. De-
ployment of the sites began in August 2014, and the full 
set of 33 stations was completed by August 2015. The SM 
and temperature are measured across four spatial scales in 
the   2 2pixel pixel#  arrangement. These scales are at 1, 5, 
15, and 25 km. They extend to 75 km, with around five 
pixels. These data can be organized for land surface esti-
mates matching a variety of hydrological modeling and mi-
crowave products for different purposes. The 1- and 5-km-
scale data can match the resolutions of polar-orbiting and 
geostationary satellites, respectively. Currently, the 1- and 
2-km-scale data are appropriate only for radar-based satel-
lite products or aircraft/drone systems. A key feature of the 
NSO is that the alignment of multiple satellite SM products 
was considered to optimize nested intercomparisons be-
tween those products.

The ASO experimental area  [Figure 2(b)] is in the A’li 
area of the western TP and characterized by complex ter-
rain, multiple land cover types (desertification grassland, 
wetlands, and a small water body), and low vegetation 
biomass. It has a limited SM dynamic range and a typical 
freeze/thaw cycle. There was a total of 17 sites as of October 
2016. The SM and temperature are measured at four spa-
tial scales (3, 5, 10, and 25 km), with random deployment. 
These data also match the different scales of land hydrolog-
ical modeling and passive and active microwave products. 
The 3-km-scale data are specifically developed to address 
the active–passive resolutions of such missions as SMAP.

At the 33 NSO sites, in addition to soil temperature and 
moisture measurements, many auxiliary parameters are 
measured, including infrared radiation temperature, emis-
sivity, soil texture, soil dielectric constant, vegetation cover-
age, and vegetation type. The soil texture and organic mat-
ter content in 0 to 5 cm of soil at each site are measured by a 
laser particle-size analyzer and a total organic-carbon ana-
lyzer in the laboratory and are available in the observatory’s 

metadata. These parameters can help to analyze the fea-
tures of multiscale SM and temperature on the TP.

INSTRUMENT INSTALLATION AND DATA  
TRANSMISSION
SM and temperature are measured at five soil depths. One 
or two sensors are installed in the top layer, in 0–3 cm of 
soil, inserted from the surface at a 45° angle. The other 
sensors are inserted vertically at depths of 5, 10, 20, and 
30 cm at each of the 33 stations. The installation is de-
signed to match the sensing depths of most X-, C-, and L-
band-based radiometers currently deployed, such as the 
FY, SMOS, SMAP, and ASCAT instruments. The data are 
recorded every 10–30 min, representing the prior 10–30-
min average.

For the data transmission, each data logger is mounted 
in an enclosure box at a height of 1.5 m [Figure 3(a)], and 
data records are sent via wireless transmission network. 
To limit the damage to the installation from livestock and 
wildlife and interference from the public, a 1.5-m steel 
fence is installed around each site, which helps to provide a 
long-term, continuous data record.

The wireless transmission system aims for real-time 
remote monitoring of soil, vegetation, and meteorologi-
cal changes distributed across the soil observatories. The 
sensor nodes communicate with the base station through 
wireless transmission techniques, i.e., general packet radio 
service (GPRS). To solve the problem of field instrument 
power supply in this cold area, a dual power-supply system 
was designed that contains a solar panel system and three 
parallel rechargeable battery systems [Figure 3(b)]. In the 
daytime, the solar panel charges the batteries and supplies 
power to the system. One of the three parallel recharge-
able batteries works at night. Another five rechargeable 
batteries in the EM50 logger can also support continuous 
data measurement. 

To ensure that the instrument can work normally in the 
winter, the dual power-supply system is used, which can 
channel some thermal energy to increase the surrounding 
temperature of the data logger so the internal temperature 
is maintained above 0 °C. The instrument status can be ob-
tained through a cellular phone signal, including the status 
of the solar circuit, battery power, signal strength, instru-
ment temperature, instrument working state, GPS position-
ing, and so forth. Two software platforms (see the “Data 
Management” section) for the wireless transmission system 
were developed and are able to automatically transmit and 
archive observed data and remotely access updates and 
alterations to the logger system, if necessary.

THE NAQU CLIMATE STATION
The NCS (Figure 4) is an automated climate and weather 
station to conduct a temperature and humidity vertical 
profile observation of a section from 30 cm underground 
to 3.5 m aboveground, defined in this article as the soil–
atmosphere interface layer. This station provides valuable 



SEPTEMBER 2020    IEEE GEOSCIENCE AND REMOTE SENSING MAGAZINE                                                        25 

SCALE SITE ID
LONGITUDE/
LATITUDE

ELEVATION 
(m)

DEPTH 
(cm) TPG LAND COVER TYPE

SOC 
CONTENT 
(%)

SOIL TEXTURE

START 
DATE

CLAY 
(%)

SILT  
(%)

SAND 
(%)

1 km A1 92.12/31.8 5,043 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 4.33 3.77 52.35 43.88 August 
2015

A2 92.14/31.8 5,107 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 9.25 3.97 58.99 37.04 August 
2015

A3 94.14/31.82 5,009 0 to 3, 5, 
10, 20, 30

Plain Boundary between 
wetland and grassland

25.40 1.38 47.90 50.71 August 
2015

A4 92.12/31.82 4,969 0 to 3, 5, 
10, 20, 30

Plain Wetland 21.86 3.65 70.16 26.13 August 
2015

5 km B1 92.07/31.77 4,779 0 to 3, 5, 
10, 20, 30

Plain River wetland 2.77 1.77 41.57 56.66 August 
2015

B2 92.07/31.81 4,779 0 to 3, 5, 
10, 20, 30

Plain Boundary between 
wetland and grassland

20.22 3.48 66.90 29.62 August 
2015

B3 92.06/31.88 4,989 0 to 3, 5, 
10, 20, 30

Plain Wetland 9.65 3.85 45.00 50.45 August 
2015

B4 92.13/31.86 5,000 0 to 3, 5, 
10, 20, 30

Slope Boundary between 
wetland and grassland

10.89 1.58 34.70 63.72 August 
2015

B5 92.13/31.76 4,703 0 to 3, 5, 
10, 20, 30

Plain Wetland 19.31 2.53 60.14 37.32 August 
2015

B6 92.20/31.76 4,775 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 13.67 2.27 52.74 44.99 August 
2015

B7 92.20/31.82 5,074 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 12.18 2.94 57.57 39.50 August 
2015

B8 92.18/31.86 5,034 0 to 3, 5, 
10, 20, 30

Plain Wetland 13.28 3.60 63.51 32.89 August 
2015

15 km C1 91.97/31.72 4,703 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 16.08 3.85 56.46 39.69 August 
2014

C2 92.00/31.81 5,000 0 to 3, 5, 
10, 20, 30

Plain Grassland 22.09 3.94 57.77 38.22 August 
2015

C3 91.99/31.96 5,060 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 25.68 1.61 48.95 49.44 August 
2015

C4 92.12/31.68 4,779 0 to 3, 5, 
10, 20, 30

Plain Wetland 20.08 5.50 68.06 26.44 August 
2015

C5 92.13/31.94 4,880 0 to 3, 5, 
10, 20, 30

Slope Grassland 6.35 2.86 41.15 55.99 August 
2015

C6 92.23/31.71 N/A 0 to 3, 5, 
10, 20, 30

Plain Boundary between 
wetland and grassland

11.84 3.79 59.81 36.40 August 
2014

C7 92.26/31.8 4,991 0 to 3, 5, 
10, 20, 30

Plain Grassland 8.72 3.23 45.03 51.75 August 
2015

C8 0 to 3, 5, 
10, 20, 30

Valley Grassland 7.70 3.40 45.38 51.21 August 
2014

25 km D1 91.88/31.58 4,636 0 to 3, 5, 
10, 20, 30

Plain Grassland 5.22 10.3 76.61 13.08 August 
2015

D2 91.87/31.81 5,000 0 to 3, 5, 
10, 20, 30

Plain Grassland 4.08 1.77 20.57 77.66 August 
2015

D3 91.88/32.06 4,865 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 12.53 3.14 38.13 58.73 August 
2015

D4 92.13/32.07 4,952 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 22.20 2.25 42.75 54.81 August 
2015

D5 92.12/31.57 5,000 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 5.42 5.62 46.27 48.02 August 
2015

D6 92.34/31.62 4,464 0 to 3, 5, 
10, 20, 30

Plain Meadow grassland 3.80 4.67 55.00 40.32 August 
2015

D7 92.38/31.82 4,769 0 to 3, 5, 
10, 20, 30

Plain Boundary between 
wetland and grassland

26.60 1.97 55.54 42.50 August 
2015

D8 92.38/32.04 4,866 0 to 3, 5, 
10, 20, 30

Plain Grassland 10.12 3.40 41.83 54.77 August 
2015

TABLE 2. THE SITE INFORMATION FOR THE NAQU MULTISCALE OBSERVATORY NETWORK. 

(Continued)
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representative atmospheric and soil temperature and hu-
midity profile data for the study of water and energy recy-
cling in the soil–atmosphere interface layer. As there is no 
weather station in Nierong county, these data also help to 
develop and test retrieval models and determine appropri-
ate climate parameterization in this region.

The NCS measures precipitation, wind speed and direc-
tion, air temperature and humidity at 2 m above the soil 
surface, five SM and temperature estimates (at 3, 5, 10, 20, 
and 30 cm below the soil surface), and the 0-cm surface 
temperature. The infrared radiation temperature (8–14 µm) 

is measured at 2 m (nadir) and 3.5 m, with 45° and a nadir 
angle. These parameters have a high correlation with SM 
and are helpful to analyze the factors that influence SM 
temporal variation.

GEOGRAPHICAL FLOW OBSERVATORY EXPERIMENT
The GFO experiment was conducted (Figure 5) during 
the summers of 2014–2016. It aimed to provide a unique 
data set in this harsh environment, capturing soil texture, 
SOC, soil dielectric constant, ground surface emissivity, 
and vegetation coverage, among other parameters. In the 

SCALE SITE ID
LONGITUDE/
LATITUDE

ELEVATION 
(m)

DEPTH 
(cm) TPG LAND COVER TYPE

SOC 
CONTENT 
(%)

SOIL TEXTURE

START 
DATE

CLAY 
(%)

SILT  
(%)

SAND 
(%)

75 km ELU 91.97/32.15 4,779 0–3, 5,  
10, 20, 30

Plain Meadow grassland 10.72 6.05 63.42 30.4 August 
2014

EMU 92.26/32.15 4,656 0–3, 5,  
10, 20, 30

Slope Meadow grassland 4.22 6.85 69.21 23.94 August 
2014

ERU 92.49/32.16 4,764 0–3, 5,  
10, 20, 30

Plain Boundary between 
wetland and grassland

16.44 2.74 46.64 50.61 August 
2014

ERM 92.47/31.92 4,746 0–3, 5,  
10, 20, 30

Slope Meadow grassland 7.12 4.76 49.18 46.06 August 
2014

ERD 92.46/31.7 4,600 0–3, 5,  
10, 20, 30

Plain Meadow grassland 5.68 3.34 43.45 52.96 August 
2014

Elevation: elevation above mean sea level; TPG: location topography; clay: <2 μm: silt: 2–20 μm; sand: 20–2,000 μm.

TABLE 2. THE SITE INFORMATION FOR THE NAQU MULTISCALE OBSERVATORY NETWORK. (CONTINUED)

SCALE SITE ID
LONGITUDE/
LATITUDE

ELEVATION 
(m) DEPTH (cm) TPG LAND COVER TYPE START DATE

3 km A’li06 81.92/32.05 4,599 0 to 3, 5, 10, 20, 30 Plain Wetland November 2016

A’li07 81.93/32.05 4,591 0 to 3, 5, 10, 20, 30 Plain Wetland November 2016

A’li08 81.93/32.06 4,590 0 to 3, 5, 10, 20, 30 Plain Junction between wetland  
and desert grassland

November 2016

A’li09 81.95/32.06 4,589 Wetland November 2016

A’li12 81.95/32.04 4,596 0 to 3, 5, 10, 20, 30 Plain Junction between wetland  
and desert grassland

November 2016

5 km A’li10 81.97/32.06 4,590 0 to 3, 5, 10, 20, 30 Plain Wetland November 2016

A’li11 81.97/32.05 4,585 0 to 3, 5, 10, 20, 30 Plain Wetland November 2016

A’li13 81.96/32.03 4,597 0 to 3, 5, 10, 20, 30 Plain Junction between wetland  
and grassland

November 2016

A’li14 81.96/32.01 4,600 0 to 3, 5, 10, 20, 30 Plain Junction between wetland  
and grassland

November 2016

10 km A’li15 81.99/31.98 4,592 0 to 3, 5, 10, 20, 30 Plain Desert grassland November 2016

A’li16 82.02/32.08 4,632 0 to 3, 5, 10, 20, 30 Plain Desert grassland November 2016

25 km A’li02 81.78/32.10 4,641 0 to 3, 5, 10, 20, 30 Plain Desert grassland November 2016

A’li03 82. 00/32.04 4,606 0 to 3, 5, 10, 20, 30 Plain Desert grassland, fenced pasture November 2016

A’li04 81.91/32.03 4,604 0 to 3, 5, 10, 20, 30 Plain Desert grassland, fenced pasture November 2016

A’li05 81.92/32.01 4,613 0 to 3, 5, 10, 20, 30 Plain Desert grassland November 2016

50 km A’li01 81.68/32.14 4,811 0 to 3, 5, 10, 20, 30 Plain Desert grassland November 2016

A’li17 82.09/32.12 4,687 0 to 3, 5, 10, 20, 30 Slope Desert grassland November 2016

TABLE 3. THE SITE INFORMATION FOR THE A’LI MULTISCALE OBSERVATORY NETWORK.
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larger experimental region, the main tasks included soil 
sampling, land cover surveying, vegetation mapping, and 
infrared emissivity measurement collection. Soil texture 
and organic matter content were also determined at each 
soil sample site with laboratory analyses.

The GFO experiment proceeded in three stages: 1) 28 July–
5 August 2014, 2) 25 July–20 August 2015, 3) 14 August–2 
September 2016. In the first and third stages, the soil 

sampling was conducted every 25–30  km. At the same 
time, the land cover type and vegetation coverage observa-
tions were conducted. Samples were also collected to deter-
mine soil texture, SOC, and the dielectric constant. In addi-
tion, the background data, such as slope, GPS position, and 
weather condition, were recorded. In the second and third 
stages, the emissivity measurement of different ground ob-
jects was added to the experiment.

FIGURE 2. The multiscale site deployment of (a) the NSO and (b) the ASO.
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FIGURE 4. (a) A diagram and (b) a field photo of the instrument installation at the NCS. 
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CALIBRATION OF SOIL SENSORS
The TP-IMSO uses 5TM capacitance probes manufactured 
by Decagon (http://www.decagon.com/). To accurately 
calibrate these sensors, an experiment was conducted that 
included both the effect of SOC and a correction based 
on gravimetrically collected soil samples, which is com-
mon for satellite validation programs. First, the SOC and 
soil properties (component and particle size) at each site 
were obtained for the organic carbon content VSOC  and the 
gravel content Vg  in a unit volume calculation. The SM was 
calculated using the following [18]:

	 . . . .
. . .K

7 17 1 18 7 17 1 18
0 819 0 168 0 159
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Second, SM is measured by the gravimetric method 
(converted to volumetric SM with bulk density) at varying 

SM conditions. The sensors are inserted into the soil and 
then dried by air in a laboratory to develop a calibration 
curve. Figure 6 shows the calibration equation, with an av-
erage RMSE of 0370. cm cm3 3$ -  and R2 of 0.999.

DURATION AND FUTURE OF THE TIBETAN PLATEAU 
INTEGRATED OBSERVATORY
The TP-IMSO initially was deployed for four years, from 
2014 to 2017, during which time an intensive observation 
campaign was conducted as a part of the GFO experiment. 
Intensive observation field work started in July 2014. Per-
sistent in situ observation over the whole area would have 
lasted longer if funding had been available. Intensive ob-
servation periods are typically limited to the summer due 
to accessibility issues, and frozen soil limits the reliability 
of SM information.

DATA MANAGEMENT
Two software management systems were developed and 
copyrighted to effectively manage the TP-IMSO data 
(Figure 7). One is a multiscale network observation data 
remote management and real-time analysis system, i.e., 
the TP-IMSO Data Management System (DMAS). The 
other, the TP-IMSO Data Surveillance System (DSS), 

FIGURE 5. A diagram of the GFO experiment. 
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provided real-time surveillance of the incoming data 
and instrument working status. The DMAS involves re-
mote data collection, standardization, quality control, 
processing, warehousing, real-time analysis, and display. 
Quality control includes the elimination of invalid data 
and implementation of the calibration equations on the 
raw data.

The DSS provides real-time monitoring of the vari-
ous apparatus, including the solar circuit, battery power, 
signal strength, GPRS online state, instrument tempera-
ture, instrument working status, GPS positioning, and 
so on. The online status of the instrument is obtained in 

FIGURE 6. (a) The measurement and (b) a scatterplot of the sensor calibration by the gravimetric method with different soil water content samples.
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real time by the wireless network. To 
quickly respond to abnormal condi-
tions at the station, such as a power 
drop, an opening of the instrument 
box door, or the device temperature 
falling below a set value, an alert is 
sent via short message service to the 
instrument management personnel 
in a few seconds. The instruments’ 
collection interval can be controlled 
by mobile phone short message com-
mand. For example, the acquisition 
time (10 min) can be easily changed 
to 5 or 30  min. This allows the in 
situ data to adapt to different time 
resolutions of the satellite data or 
assimilation systems and interest-
ing weather events, which require 
higher-resolution data.

The TP-IMSO open data policy 
ensures that the experimental data 
are timely and adequately utilized. 
At the end of 2018, the protection 
period when observers can have pri-
ority in using original data lapsed. 
At that time, the TP-IMSO data were submitted to the data 
management and sharing platform constructed by TIPEX-
III (http://data.cma.cn/tipex).

PRELIMINARY RESULTS

THE CHARACTERISTICS OF SEASONAL VARIATION
Figure 8 shows the variations of the average SM in multiple 
sites at different depths from May to November 2016 and 
the average soil temperature at 3 cm and 30 cm from De-
cember 2015 to November 2016 in the NSO. It can be seen 
that the soil temperature in the top layer started to reach 
0 °C beginning on 27 March and, in the total layer (from 
0 to 30 cm), completely reached 0 °C or more from 1 May. 
Hence, the 0–3-cm soil layer thawed from 27 March, and 
the total layer completely defrosted from 1 May. Due to the 
soil freezing before 1 May, the SM value from the sensors 
at different depths was no longer valid, and the data were 
removed. Due to the problem of GPRS wireless signals in 
some areas, some sites’ data were temporarily unavailable 
for this analysis, but there were still 29 sites’ data at hand 
for analysis and verification.

It can also be seen that the SM in the top layer is more 
variable than that at other depths. In April, soil water con-
tent starts to increase and then stabilizes for the short term. 
The main reason is that the ice in the soil melts during the 
daytime and freezes again at night during the freezing and 
thawing period (from late March to early May). Since the 
frozen soil maintains a large amount of water, the soil water 
content is high when it thaws. Hence, as the temperature 
rises continuously from early May, the SM of all layers rises 

very quickly since the ice completely melts and precipita-
tion begins to increase. Therefore, the greatest SM recharge 
occurs in April and May. The SM gradient in the top layer 
first reverses in early May because of soil thawing. Through 
evaporation, the soil water turns to atmospheric vapor, 
which excites the conditions for the onset of the summer 
monsoon and plays an important role in the seasonal tran-
sition of the TP.

Three-quarters of the annual average precipitation on 
the TP is concentrated in the main flood season, from June 
to August, under the influence of the South Asian sum-
mer monsoon. With the arrival of the rainy season and 
the snow melting, the water content of the top soil stratum 

FIGURE 8. The variations of the averaged SM and soil temperature of multiple sites at differ-
ent depths in the NSO. ST: soil temperature.
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FIGURE 9. A cross section of the averaged SM at different depths 
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increases rapidly. From Figures 8 and 9, it can be seen that 
the SM decreases with depth in summer and autumn. The 
moisture is between 0.2 and 420. cm cm3 3$ -  in each layer, 
and the difference between the top soil layer and deep soil 
is 20. cm cm3 3$ -  in midsummer.

The average SM variations of multiple sites in each 
soil layer show two peaks, occurring in mid-July and 
mid-September. The maximum SM occurs in July (above 

).30. cm cm3 3$ -  In late August, it suddenly drops below 
250. cm cm3 3$ -  in all layers. The main reasons are that the 

TP precipitation falls to fewer than 5 mm per day and the 
air temperature and soil evapotranspiration rise. The SM 
in late August is slightly lower than that of mid-July (Fig-
ures 8 and 9). With the increase of precipitation at the end 
of August, the SM rises again in early September. In mid-
October, the precipitation and SM decrease significantly 
and simultaneously.

VARIABILITY ACROSS THE NETWORKS
The networks of the TP-IMSO demonstrate the highly vari-
able character of elements on the TP. Although some sta-
tions are relatively close in distance, they present different 
time series. From Figure 10, it can be seen that the top SM in 
sites B1 and A4 are the largest (above )60. cm cm3 3$ -  in sum-
mer. In addition to B1 and A4, the SM at the 10-cm depth 
in site B5 is also greater. At 20-cm and 30-cm depths, the 
SM in B1 is much greater than that in other sites in sum-
mer. The largest SM difference among different sites reaches  

60. cm cm3 3$ -  or more, due to different land types. For ex-
ample, the B1 land type is a river wetland, and A4 is a typi-
cal wetland. For each layer, the SM at several sites could not 
represent the overall SM status in the area because of the 
large differences. In the climate system model, SM-related 
freezing and thawing processes and sensible heat calcula-
tions play an important role in model design and simulation 
results. The differences among various sites also indicated 
that it is necessary to use high-resolution grids in accurate 
climate simulation.

In Table 4, the standard deviation is used to represent 
the monthly variability among these sites. It can be seen 
that the largest standard deviation of all five depths appears 
in July, consistent with the results in Figure 10. In July, the 
SM is affected by precipitation and soil water permeability, 
and the largest difference among these sites appears. It is 
worth noting that the standard deviations at the 0–3-cm 
depth in October are larger than those in August, which 
might be related to the daily variations of the surface soil 
freeze/thaw process among different sites.

EVALUATION OF SOIL MOISTURE PRODUCTS  
AT COARSE SCALES
The TP-IMSO data set can be used for validating remote 
sensing products, climate models, and re-analysis prod-
ucts. For instance, the ERA-Interim re-analysis from the 
European Center for Medium-Range Weather Forecasts 
and the NCEP re-analysis outputs can be evaluated 

with the NSO’s large- and medium-scale networks. Mi-
crowave SM products retrieved from AMSR-2, SMOS, 
TRMM, and FY-3B/C can be assessed with the medium-
scale network data.

First, measurements at eight sites (ELU, EMU, ERU, 
ERM, ERD, C1, C6, and C8) of the NSO network estab-
lished in 2014 are arithmetically averaged. And the re-
mote sensing products at the 25  km # 25  km scale are 
validated by the averaged value of the SM in the top 3 cm 
of soil. The ascending and descending passes of satellite 
remote sensing data are evaluated separately. The average 
bias, maximum bias, RMSE, variance, mean relative er-
ror, squared correlation coefficient, and relative standard 
deviation are calculated, as shown in Table 5. The assimi-
lation and re-analysis data were obtained on a daily basis 
from July to December 2014. The SM from the ERA-Inter-
im analysis was evaluated by using the SM observations 
at 0–10 cm and 10–28 cm (the average of values at 10 and 
30 cm), respectively.

Table 5 shows the preliminary results of comparing 
seven SM products derived from AMSR-2, SMOS, TRMM, 
and FY-3B/C ascending and descending signals, and ERA-
Interim and NCEP re-analysis data from July to De-
cember 2014. Large biases between the five satellite 
products and the field observations can be detected. The 
RMSE ranges from 0.038 to approximately 0.177 cm3·cm−3 
during the monsoon season, similar to previous study 
results [28], [35]. For ERA-Interim and NCEP re-analysis 
data, the RMSE spans from 0.038 to approximately 0.081 

.cm cm3 3$ -  There are high-value coefficients of determi-
nation ( )R2  for these sites, indicating that these remote 
sensing platforms capture hydrologic dynamics and just 
need a refinement of retrieval algorithms for the unique 
circumstances of this environment. Future work should 
consider the high SOC impact on the soil dielectric per-
mittivity and estimate the SM more accurately in the pla-
teau environment.

DISCUSSION AND CONCLUSIONS

DISCUSSION
It is difficult to obtain comprehensive field observa-
tion data on the TP because of the spatiotemporal varia-
tion of SM and temperature and the complex topographic 
conditions. Obtaining the multiscale field data matching 
different satellite pixels is of profound significance to the 
technology, validation methods, and algorithm improve-
ment of satellite remote sensing products. The multiscale 
observation strategy in this article is a new way to verify 
satellite and model products. According to comprehensive 
analysis of satellite remote sensing products, geographic in-
formation data, and the complex surface features of the TP, 
the observation layout is more suitable for the validation of 
satellite inversion and model products. The representative 
problem between site (point) and pixel (spatial) of satellite 
products is solved.
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The acquisition, monitoring, and transmission of field 
data on the TP were specially designed based on the ex-
perience and lessons of past experiments. The TP-IMSO 
network has high automation and precision, and it is an 
important resource for hydrologic parameter observations 
on the plateau. Adding the SM and temperature observa-
tions on the 0-to-3-cm top soil layer can reduce errors and 
uncertainties of verifying the SM and temperature products 
using 5-cm field data. Comprehensive observation of hori-
zontal and vertical scales can not only help to validate the 
products but also be beneficial for improving product algo-
rithms and analyzing influencing factors.

Of course, there are also some uncertainties in the TP-
IMSO data. For example, in long-term observations, irregu-
lar calibration of the instrument is required. Consistency 
between different probes also needs to be considered. Un-
stable wireless signals and artificial damage can also lead 
to data loss. However, the TP-IMSO implements the cur-
rent standards of the international community to enrich 

our knowledge in the harsh environmental conditions of 
the TP, meeting the needs of long-term, continuous, auto-
matic observation.

CONCLUSIONS
A satellite pixel-oriented integrated, multiscale moisture 
and temperature observation experiment in the western 
and central TP was carried out for remote sensing and 
climate model application studies. The TP-IMSO is com-
posed of two dense networks (the NSO and ASO) and a 
long-term climate station (the NCS). These studies were 
initiated for SM algorithm improvement and validation 
on the TP. The NSO and ASO constitute the core mission 
of the TP-IMSO. Data from the GFO experiment will 
contribute to algorithm improvement, and the NCS data 
will contribute to analysis of the factors that influence 
the land surface and atmosphere boundary layer.

Compared with other experiments on the TP, the TP-IM-
SO aims to answer scientific questions with more informa-
tion integration at multiple satellite resolutions. It can provide 
a testbed for multisatellite products’ validation and algorithm 
improvement and also support climate modeling or assimila-
tion and land surface process studies, as it can capture multi-
scale soil properties in different land surface types.

By providing high-quality data, the TP-IMSO can great-
ly contribute to the international community in quanti-
fying the roles of moisture and temperature in the mul-
tisphere interactions of the TP. The NSO, ASO, and NCS 
are run on a long-term basis, and more data are expected 
to become available in the near future. Scientists from all 
countries are welcome to participate in the field campaigns 
and use the data.

PRODUCTS BIAS_AVE BIAS_MAX RMSE VARIANCE MRE R2 RSD NUMBER

Im
ag

e 
pr

o
du

ct
s FY-3C-ASC 0.082 0.167 0.118 0.014 0.292 0.741 0.204 76

FY-3C-DES 0.017 0.181 0.143 0.02 0.066 0.801 0.562 80

FY-3B-ASC 0.044 0.496 0.135 0.018 0.129 0.734 0.534 78

AMSR-2-ASC −0.094 0.327 0.174 0.03 0.315 0.61 0.58 84

AMSR-2-DES −0.189 0.376 0.177 0.032 0.927 0.493 0.873 81

TRMM-DY 0.036 0.168 0.128 0.016 0.086 0.891 0.302 87

TRMM-NT 0.01 0.146 0.125 0.016 0.025 0.851 0.324 77

SMOS-DY 0.014 0.294 0.145 0.021 0.053 0.483 0.533 31

SMOS-NT 0.074 0.213 0.115 0.017 0.219 0.507 0.391 17

R
e-

an
al

ys
is

 
pr

o
du

ct
s ERA_L07 0.005 0.135 0.038 0.001 0.014 0.713 0.117 380

ERA_L10 0.047 0.133 0.038 0.001 0.143 0.786 0.117 380

NCEP 0.116 0.317 0.081 0.007 0.318 0.309 0.222 124

Bias_Ave: average bias; Bias_Max: maximum bias; MRE: mean relative error; R2: squared correlation coefficient; RSD: relative standard deviation.

TABLE 5. AN EVALUATION OF SM PRODUCTS (cm3 · cm–3).

DEPTH 

MONTH 0–3 cm 5 cm 10 cm 20 cm 30 cm

May 0.0675 0.066 0.0825 0.0558 0.0466

June 0.0697 0.0793 0.0891 0.0977 0.0977

July 0.0845 0.0995 0.1149 0.1178 0.1446

August 0.0822 0.0825 0.0979 0.1007 0.1043

September 0.075 0.0603 0.0945 0.0948 0.0946

October 0.0833 0.0622 0.0977 0.0977 0.1005

TABLE 4. THE STANDARD DEVIATIONS OF SM (cm3 · cm–3)  
AT DIFFERENT DEPTHS IN DIFFERENT MONTHS.
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The results show that the elements of the TP-IMSO net-
work demonstrate a highly variable character. The SM in 
the top layer is more variable than that in other layers, and 
the largest standard deviation of all five depths appears 
in July. Through preliminary validation, the RMSE ranges 
from 0.038 to approximately 0.177  cm cm3 3$ -  in remote 
sensing products, and, in ERA-Interim and NCEP reanaly-
sis data, the RMSE extends from 0.038 to approximately 
0.081  .cm cm3 3$ -
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T he t hree-year Space-Based Information Support for the 
Prevention and Recovery of Forest Fires Emergency in 

the Mediterranean Area (PREFER) project was devoted to 
creating a satellite-based service infrastructure capable of 
providing up-to-date information to support the prepared-
ness, prevention, recovery, and reconstruction phases of 

the forest fires emergency cycle in the European Mediterra-
nean region. The project, an initiative of the 7th Framework 
Programme for Research and Technological Development, 
was successfully completed at the end of 2015. However, 
the project’s products were also made available to engaged 
users for the 2016 summer season. 

The present article presents the initiative’s achievements, 
emphasizing the most innovative information products de-
veloped in PREFER’s framework. For these products, the 
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methodology and validation results are introduced and dis-
cussed. The PREFER project was largely associated with the 
European Copernicus program (http://www.copernicus.eu/), 
the goal of which is to develop operational information 
services on a global scale, using both space- and ground-
based monitoring systems, in support of environmental 
and security policy needs. This program aims to provide an 
increasingly broad user community with accurate, timely, 
and easily accessible information collected from satellites 
and in situ sensors, establishing a European capacity for 
Earth observation (EO). Copernicus delivers services in six 
main thematic areas: land, marine, atmosphere, climate 
change, emergency management, and security. A main 
objective of the PREFER project is to ensure and foster the 
complementarity of the EO information products portfolio 
with the EO products delivered by other ongoing Coperni-
cus operational land and emergency services.

The project focuses its activities on the European Union 
(EU) Mediterranean region, namely, the five most fire-af-
fected countries in southern Europe: France, Greece, Italy, 
Portugal, and Spain [1]. Every year in these countries, hun-
dreds of thousands of hectares of forest are burned by fires. 
Approximately 500,000 ha per year are incinerated as a 
consequence of some 65,000 fires. Several conditions over-
lap that explain such a high fire incidence: 

◗◗ the coincidence of the driest with the hottest season 
and the occurrence of wet and dry weather extremes 
throughout the year

◗◗ the coexistence of urban settlements, infrastructure 
networks, and vegetated areas (forest, agricultural, and 
uncultivated areas) in a complex, dense, and intimately 
interconnected patchwork

◗◗ diminished control over traditional practices involv-
ing fire as an instrument for land management and 
sanitization 

◗◗ changes in land use that have occurred in recent decades 
[2], [3]. 

This article is devoted to intro-
ducing three products developed in 
the framework of project PREFER, 
namely, the Seasonal Fire Hazard 
Map (SFHM), Fuel Reduction Map 
(FRM), and Prescribed Burning Map 
(PBM). The computing methodology 
and validation results are described 
and discussed for each of these prod-
ucts, which belong to the group of 
innovations devoted to supporting 
the wildfire preparedness and pre-
vention phases.

DATA AND METHODS
PREFER information products are 
available to stakeholders through 
the GeoServer project (http://www 
.prefer-copernicus.eu/). GeoServer 

allows users to consult the catalog, display available 
products on a virtual map, and select a part (region) of 
a layer on the map and download it through standard 
protocols and formats. A list of products presently avail-
able for the test areas (Figure 1), located in France (Cor-
sica), Greece (Peloponnesus), Italy (Sardinia), Portugal 
(Minho), and Spain (Andalusia), is given in Table 1.

The project foresees the utilization of satellite optical 
images at medium, high, and very high spatial resolution 
(respectively, MODIS/Terra and Aqua; Landsat and Spot; and 
Kompsat, RapidEye, Pleiades, and so forth) and at a product 
refresh rate varying from high (days) to low (twice a month) 
to very low (once a year). Synthetic aperture radar images at 
very high spatial resolution (Cosmo-SkyMed, TanDEM-X, 
and the TerraSAR-X add-on for digital elevation measure-
ment) are used in computing burned areas and digital 
elevation models (DEMs).

Table 1 provides a summary of the products that have 
been delivered by the project, according to each of the two 
project services [4]:
1)	 information support for the preparedness/prevention 

phase
2)	 information support for the recovery/reconstruction 

phase.
In this article, we focus on the following innovative prod-
ucts developed in the framework of the PREFER project:

◗◗ FRM: This is a high-spatial-resolution raster-format map 
of the areas where it would be useful to apply the prac-
tice of fuel reduction as a preventative treatment to miti-
gate the effects of a potential fire.

◗◗ PBM: This item provides a daily map of the areas where 
it would be useful to apply, under safe conditions, the 
prescribed fire practice as a preventative treatment to 
mitigate the effects of a potential fire.

◗◗ SFHM: This map provides a medium-resolution danger 
index with a temporal resolution of two to four weeks 
(updated during the fire season).

Scale 1:11,000,000
WGS84 Web Mercator Auxiliary Sphere
WKID: 3857  Authority:EPSG

N

0

0 250 500 km

250 500 mi

Countries With Test Areas

Test Areas

FIGURE 1. The countries where PREFER project partners are located and the project test areas. 
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FUEL REDUCTION MAP 
Regardless of the recognition that most fires in southern 
Europe are human caused (by accident, negligence, or 
arson) [5]—and that, therefore, awareness activities are 
required in this regard—it is known that particular en-
vironmental and meteoro-climatic conditions favor the 
spread of fire to areas away from the ignition point. The 
main ideas that have inspired the development of this 
map consist of defining factors that promote fire spread 
and identifying territorial units that have a higher prob-
ability of being affected by a fire. That is, the goal is to 
define a fire propagation probability (FPP) in the study 
area from which to extrapolate the territorial units more 
prone to be affected by fires. Based on these defined ter-
ritorial units, an appropriate program can be planned for 
reducing the fuel load to lessen the dangerous effects of 
any future fire.

Initially, the purpose of the FRM was to develop a prod-
uct capable of providing multitemporal maps of areas to 
apply vegetation fuel reduction through prescribed burn-
ing practices. However, after meetings with representatives 
of fire management agencies, it became clear that confin-
ing fuel load reduction techniques to prescribed burning 
only was limiting and even conceptually misleading. In 
fact, if we take into consideration the rules governing the 
use of prescribed burning [6], [7], we note that, in several 
European countries, laws restrict or prohibit its use. Fur-
thermore, some preliminary tests made during the devel-
opment of the methodology indicated that, in some cases, 
the meteoro-climatic conditions for prescribed burning 
would occur for only a few days within the allowed time 

window (winter season), thus making it impossible to plan 
a prevention action based on intentional burning. Thus, we 
decided to develop an information product suitable to all 
techniques for reducing vegetation fuel load. These meth-
ods comprise those practices used in the field for reducing 
excessive and dangerous accumulation of natural fuel. They 
include [8]–[15]

◗◗ Prescribed burning: the deliberate use of fire in a given 
area under well-defined meteorological conditions

◗◗ Mechanical treatment: the modification or manual or 
mechanical removal of natural fuels, such as by cutting, 
crushing, or stacking

◗◗ Other treatment: the application of herbicides, introduc-
tion of biological controls, and pasturage.
The methodology introduced takes into account, first of all, 

geospatial elements, that is, all factors related to the territory 
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FIGURE 2. The workflow for the computation of the FRM. AOI: area of interest; FIP: fire ignition probability.

TABLE 1. THE PRODUCTS DELIVERED BY THE PREFER PROJECT.

INFORMATION SUPPORT  
FOR THE PREPAREDNESS/
PREVENTION PHASE

INFORMATION SUPPORT  
FOR THE RECOVERY/
RECONSTRUCTION PHASE

Fuel Map Burn Scar Map: High Resolution

Daily Fire Hazard Index Burn Scar Map: Very High 
Resolution Optical

Fire Vulnerability Map Postfire Vegetation Recovery

Seasonal Risk Map Damage Severity Map

SFHM 3D Fire Damage Assessment Map

FRM 

PBM 
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that may affect the onset and spread of fire (Figure 2). Four 
types were taken into account, grouped as follows:

◗◗ Topographic factors: altitude, slope, and aspect
◗◗ Environmental factors: fuel type and climate

◗◗ Factors depending on fire incidence: areas burned in the last 
five years (or later)

◗◗ Land-use factors: natural parks, forests, roads, urban ar-
eas, and agricultural areas.
Topographic and environmental conditions are com-

bined to compute a series of homogeneous territorial 
classes (HTCs), a kind of landscape classification in which 
each class represents a distinctive combination of the four 
factor groupings (Figure 3). Then, it is possible to calculate 
the FPP as

	 ,
TC

Cb
FPPi

i

k

N
ik

1
tot

i

= =
/

� (1)

where Cbik  is the burned area of the kth fire within the ith 
HTC in hectares, T  is the time range (five years or longer), 
Ni  is the number of fires in the time range T  in the type, 
and Ci

tot  is the total area of the ith HTC.
The geospatial hazard (GSH) is obtained by reclassify-

ing the FPPi  (that is, the FPP computed for the ith HTC) 
values into six classes, according to the ranges shown in 
Table 2. The values indicate the priority classes in terms of 
fuel reduction intervention.

The last step needed to obtain the final product (the 
FRM) consists of inserting protection buffer zones over the 
GSH around vulnerable areas (urban districts, agricultural 
areas, woodlands, parks and protected sites, roads, and so 
on) (Figure 3). This product is provided at the end of the 
fire season.

PRESCRIBED BURNING MAP 
As already stated, the required fuel load reduction can 
be obtained using several techniques [8], [10]–[12]. If 
local statutes allow prescribed burning, it can be applied 
only under certain environmental conditions, ensuring 
that fuel reduction is achieved through a controlled, 
low-intensity fire. It needs to take place within specif-
ic ranges of some meteorological variables (Table 3), 
among which are wind speed, air temperature, relative 
humidity, number of days without rain, and moisture 
content of fine fuels. For European countries, these 
constraints have been defined in the framework of the 
Fire Paradox project [7], [13]–[15]. 

Then, the methodology must take into account the re-
strictions for the prescribed burning and develop a specific 
forecasting module. In this case, the analysis of the time 
factor predicts the optimum days for the prescribed burn-
ing. In other words, the technology should be able to fore-
tell when the conditions expressed by the meteorological 
variables are all satisfied. Therefore, the output is a daily 
forecast map for the current and two following days of the 
areas where all the conditions that need to be satisfied are 
met (Figure 4).

For this purpose, an automatic procedure was imple-
mented to generate daily maps using meteorological data 
provided by the forecasting model (COSMO-ME–Corsa 00) 

(a) (b)

(c)

Very High
High

Moderate
Low
Very Low
Null

FIGURE 3. (a) A map of the HTCs computed for southwest Sardinia 
on the basis of environmental characteristics (topography, vegeta-
tion fuel type, and climatology). Each color corresponds to a differ-
ent HTC. (b) The GSH derived by calculating the FPP for each HTC. 
(c) An FRM. The colors indicate the priority classes in terms of fuel 
reduction intervention (see legend).

TABLE 2. THE GSH CLASSES BASED ON THE FPP VALUES.

FPP VALUES CLASS GSH 

> 0.1 5 Very high

0.1–0.01 4 High

0.01–0.001 3 Moderate

0.001–0.0001 2 Low

0.0001–0 1 Very low

0 0 Null
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of the Italian Air Force’s Meteorology and Climatology Cen-
ter. This procedure carries out several actions every day, the 
main ones being

◗◗ downloading meteorological data via FTP
◗◗ resizing these data for each area of interest (AOI)
◗◗ converting data from Gridded Binary to GeoTIFF format
◗◗ resampling from 7 km to 250 m using a DEM
◗◗ computing the range values of temperature, humidity, 

wind, and total precipitation required for the applica-
tion of the prescribed fire

◗◗ computing daily masks where the prescribed fire condi-
tions are satisfied (GeoTIFF format)

◗◗ uploading maps via FTP and publishing them on the 
PREFER GeoServer.
The total processing time takes approximately 2 h. The 

starting time was set at 9 a.m. These maps are integrated 
with the product obtained from the geospatial computa-
tion module. In fact, only after overlapping and intersec-
tion of the time module (Figure 4) and geospatial module 
(Figure 3) is it possible to obtain full information about 
where and when to plan a prescribed burning intervention 
according to the prescription elements and the intervention 
priority (Figure 4).

SEASONAL FIRE HAZARD MAPS
Wildfires require effective prevention efforts and sup-
pression preparation, based on a deep knowledge of the 
territory, fire behavior, and suppression system resources. 
When a fire has been ignited negligently or deliberately, its 
propagation depends on the vegetation status (in terms of 
both the dead and living fractions), meteorological condi-
tions, and environmental factors. This is why daily fire haz-
ard indices were developed.

Considering that a fire almost never occurs without hu-
man intervention in a given area, except under extreme 
weather conditions, it is necessary to account for the human 
factor in the definition of fire hazard [16]. This is normally 
done with the static (long-term) Fire Hazard Map, which 
usually takes into account the statistical spatial distribution 
of fires in the previous five to 10 years [16]–[19]. Of course, 
a statistical analysis based on previous fire seasons cannot 
consider the present season’s weather conditions, which 
can differ from one year to another, or short-term (annual) 
changes in human behavior.

The methodology illustrated here aims to factor in the 
actual human and meteorological elements by developing 
a new index able to describe the conditions that may deter-
mine the onset and spread of a fire. Called the Seasonal Fire 
Hazard Index (see Figure 5), it results from the combination 
of the following information:

◗◗ Natural factors: These are further distinguishable as 
static elements (fuel map, slope, aspect, and climatic 
zone) and dynamic features (vegetation index, e.g., the 
Normalized Difference Vegetation Index; meteorologi-
cal data; updated Fuel Map with burned areas; and the 
Daily Fire Hazard Index, or DFHI).

◗◗ Human factors: These are further distinguishable as 
static elements (urban areas, roads, fire statistics, and 
cultural factors) and dynamic components (actual fire 
season statistics).
The natural factors take into account the morpho-

logical characteristics (slope and aspect) and vegetation 
stress (based on a daily hazard index, averaged every 
15 days). The DFHI is described in [20]–[23]. The human 
factors relate to accessibility, culture, and season. The 
accessibility element evalu-
ates the number of people 
who are able to enter a zone 
(the more the possible peo-
ple, the higher the probability 
of an accidental fire). The cul-
tural determinant is based on 
fire occurrences during the 
last five to 10 years; it models 
a site’s security. The seasonal 
factor is based on the actual 
fire trend in a season with 
respect to the average of the 
previous five to 10 years. At 
present, the actual fire trend 
can be evaluated using satellite-based active fire detection 
approaches like the Fire Information for Resource Man-
agement System [24], European Forest Fire Information 
System (EFFIS) [3], and System for Fire Detection [25]. In 
the near future, information on the actual wildfire trend 
could be provided directly by the fire management agencies 
if a near-real-time collection of active fires is implemented.

The approach for the computation of this SFHM fore-
sees the computation of an HTC following a procedure very 
similar to that used for an FRM (see previous discussion 
and Figure 2). In this case, data on fire ignition points in-
stead of burned areas are used in the computation. In fact, 
a fire ignition probability ( )FIP0  is obtained by combining 
the fire ignition points of the last five to 10 years with the 
morphologic (elevation, slope, and aspect), fuel, and cli-
matic characteristics, as in the following:
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TABLE 3. THE TEMPORAL WINDOWS AND WEATHER 
CONDITION RANGES REGULATING THE APPLICATION OF 
PRESCRIBED BURNING FOR THE ITALIAN TEST AOI.

PRESCRIPTION ELEMENTS* RANGE OPTIMUM

Burn season October–April November–February

Wind speed 1–15 km/h 2–8 km/h

Air temperature 4–20 °C 6–15 °C

Relative humidity 30–80% 40%

Number of days since rain Two to 10 Four to five

*According to the Fire Paradox.

THE PROJECT FOCUSES ITS 

ACTIVITIES ON THE 

EUROPEAN UNION 

MEDITERRANEAN REGION, 

NAMELY, THE FIVE MOST 

FIRE-AFFECTED COUNTRIES 

IN SOUTHERN EUROPE: 

FRANCE, GREECE, ITALY, 

PORTUGAL, AND SPAIN.
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FIGURE 4. The forecasting of meteorological variables (rainfall, humidity, temperature, and wind speed) used daily to extract the condi-
tions required for the prescribed burning. The overlap and intersection of the daily masks and FRM (lower left) provide the spatiotemporal 
information to know where (red, green, and blue areas) and when—present day (red area), the following day (green area), and the day after 
that (blue area)—it will be possible to plan the prescribed burning intervention. 
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where FIPi  is the FIP of the ith HTC, 
Fik  is the kth fire occurrence within 
the ith HTC, Atot  is the total area of 
the AOI, N  is the total number of 
fires that occurred in the time range 
T  (five years or longer) considered 
for computing the FIP map at the 
start of the season, and Ci

tot  is the to-
tal area of the ith HTC.

Then, the FIP values are grouped 
into five classes, number 1 being 
very low probability and number 5 
very high (see Figure 6). This map 
is provided at the start of the fire 
season (1 June, in our case). During 
the fire season, the map is updated 
considering the fire events that oc-
curred in the AOI during the preceding two weeks of the 
current season (i.e., fire events that occurred between 1 and 
15  June). The updated version of FIP0 ( )FIPi  is calculated 
using (2), where the time range T  is set to two weeks and 
N  is the number of fires that occurred in the previous two 
weeks. The updating of the FIP map is computed by com-
paring the FIPi with the FIP0 map provided at the start of 
the season. The final output indicates the trend or the shift 
of the current fire season with respect to average long-term 
behavior (see Figure 6).

The factor related to vegetation and meteorologi-
cal conditions is introduced using the DFHI [20], [21], 
which takes into account vegetation status and actu-
al weather conditions. The average DFHI (DFHI )av  is 
computed daily. How the actual average meteorologi-
cal conditions (every two weeks), measured through 
the ,DFHIav  enter into the seasonal hazard index com-
putation is described later in the article. The averaged 
DFHI values for the AOI are computed for every cou-
ple of weeks, from 1 June to 31 October of, for instance, 
the previous eight years.

On the basis of these values, a long-term average 
DFHI ,ilong  and standard deviation iv  are computed for each 
couple of weeks using the following:
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where i  is the ith two weeks of the fire season, defined as 
starting on 1 June and ending on 31 October; k  is the kth 
year of the eight previous years considered; DFHIav  is the 
daily DFHI value averaged every two weeks; and DFHIlong  
is the DFHI value averaged on the two weeks of the previ-
ous eight years.

Now, the map of the FIP0 is updated (SFHM )i  on the 
basis of the actual ,DFHIav  following this rule:

◗◗ if the DFHIav  computed in the two weeks of the present 
year is higher than ,DFHI ,ilong  then,

◗◗ if ( , ) ( ( , ) ( , )) ( , )x y x y x y x yDFHI DFHI SIFH,i i iav long (2 v+ = 
( , ) ;x y 1IF Pi +

◗◗ if the DFHIav  is lower than DFHI ,ilong  and the FPIi  value 
in that pixel is higher than two, then, 

1–Very Low 2–Low 3–Moderate

4–High 5–Very High

(a) (b)

(c) (d)

FIGURE 6. (a) The FIP computed at the start of the season (1 June) 
using eight years of fire data. Then, the FIP is computed every two 
weeks [(b) 28 June, (c) 12 July, and (d) 26 July] using the fire  
occurrences of the 2015 fire season.
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FIGURE 5. The forecasting workflow for the computation of the SFHM.



                                           IEEE GEOSCIENCE AND REMOTE SENSING MAGAZINE    SEPTEMBER 202044 

◗◗ if ( )DFHI DFHI ,i iav long1 v-  and ( , )x y 2FPIi (2  
( , ) ( , ) ,x y FIP x y 1SFHMi i= -

where ( , )x y  define the coordinates of the pixel in the map.

RESULTS
These products were validated and demonstrated in 2015. 
In particular, the validation consisted of comparing the 
maps produced in 2014 with ground data provided by local 
authorities. The demonstration activity consisted of provid-
ing SFHMs, FRMs, and PBMs to potential users through the 
project’s web server during the 2015 EU Mediterranean fire 
season (SFHMs) and the autumn/winter seasons (PBMs 
and FRMs), when the prescribed fire practice is allowed.

VALIDATION OF THE FUEL REDUCTION AND 
PRESCRIBED BURNING MAPS
The FRMs and PBMs were validated on the Italian and 
Portuguese AOIs using two approaches:

1)	 analysis of the spatial distribution of the fire events 
(burned areas) that occurred in the year following the 
publication of the product

2)	 using a fire behavior simulator (FARSITE) [26] to as-
sess the fuel reduction effectiveness in ameliorating 
fire effects.
As noted previously, the GSH is calculated considering 

a reference period equal to or greater than the last eight fire 
seasons. For the two AOIs, the reference period was from 
2005 to 2013. In the first approach, the distribution of the 
areas burned in 2014 was used to evaluate the spatial accor-
dance between them and the GSH. The validation results are 
shown in Table 4. In both of the AOIs, 64% of the burned 
areas fell in class 4 (high GSH) and 33% in class 3 (Italy) or 
class 5 (Portugal).

Some fires that occurred in the 2014 fire season were 
considered to apply the second approach. In particular, 
two scenarios were simulated and the fire parameters re-
trieved. The first replicated the fire behavior in the actual 
situation without the application of any fuel reduction; 
the second simulated the same fire event, but assuming 
an environmental context corresponding to three differ-
ent levels of fuel reduction treatment (low, moderate, 
and full).

The comparison between these two scenarios pro-
vides an estimate of the fuel reduction effectiveness in 
terms of fireline intensity, f lame length, total burned 
area, and so forth. As an example, Table 5 shows some 
results, in terms of land cover burned, obtained by FAR-
SITE simulations of a fire that occurred on 3 July 2014 
in the Italian AOI.

In particular, Table 5 shows how, according to the simu-
lation carried out using FARSITE, the burned area could be 
reduced by applying different grades of fuel reduction in 
the areas defined by the FRM, from 485 ha (corresponding 
to the actual case) to 13 ha, if the maximum grade of fuel 
load reduction was applied. The figures in Table 5 show the 
simulated polygons of the burned area for different levels 
of fuel reduction.

Portugal is the only country out of those involved 
in the PREFER project that systematically adopts the 
prescribed burning technique to reduce fuel load as a 
method to mitigate fire hazard. The Instituto da Con-
servação da Natureza e das Florestas (ICNF) provided 
the polygons where the prescribed burning was per-
formed in 2014 and 2015. Such polygons very well fit 
the GSH classes described by the FRM map. In fact, 
more than 97% of their surfaces fall into areas classi-
fied as high or very high GSH values (Figure 7). These 
results suggest the possibility of mitigating fire effects/
damage through a policy of fire prevention based on 
fuel load reduction before the fire season. According 
to the ICNF, PBMs will be needed when it plans con-
trolled burning on areas larger than those on which it 
is presently using the technique. In fact, the applica-
tion of prescribed fires on small areas, as is now done, 

TABLE 4. THE VALIDATION RESULTS FOR THE FRM.*

CLASS GSH

ITALY PORTUGAL

HA % HA %

5 Very high 1 0 7,572 33 

4 High 3,388 64 14,524 64 

3 Moderate 1,751 33 580 3 

2 Low 35 1 33 0 

1 Very low 5 0 0.5 0 

0 Null 153 3 103 0 

*Courtesy of the local users involved in the project: the Civil Protection of the Regione 
Sardegna and the Instituto da Conservação da Natureza e das Florestas of Portugal.

10 Km 500 m

FIGURE 7. The prescribed burning areas superimposed on the FRM 
computed for the Minho region (Portugal).
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is not very effective in reducing the incidence of wild-
fires in Portugal. 

The first version of the FRMs was distributed at the end 
of the 2014 summer season for three demonstration areas 
(Andalusia, Minho, and Sardinia). A second version was re-
leased at the end of the 2015 summer season only for the 
Italian test area. This last product showed no significant 
changes over the previous version, only a slight increase in 
the areas with a high hazard, thus confirming the stability 
and the reliability of the product.

The PBMs were computed on the same three PREFER 
demonstration areas (Andalusia, Minho, and Sardinia). 
In particular, until 31 March 2016 (182 days after 1 Octo-
ber 2015), the demonstration phase produced 1,413 maps 
(three per day), 471 maps for each area over 157 days, that 
is, 86% of the total demonstration period. Maps were miss-
ing mainly because of some unexpected failures during the 
initial phase, the unavailability of meteorological data, and, 
in a few cases, a failure of the local Internet connection at the 
University of Rome.

VALIDATION OF SEASONAL FIRE HAZARD MAPS
Regarding SFHMs, their validation was carried out on 
test sites in Portugal and Sardinia using the fire occur-
rences of 2014. That year, in Portugal only, the number 
of fires was sufficient to achieve statistically significant 
results. Nine SFHMs were computed during the fire sea-
son. Table 6 shows the results, indicating that more than 
half of the hot spots are in areas corresponding to a very 
high hazard. According to the cumulative total number 

of hot spots, 90% correspond to high or very high haz-
ard values.

Then, the SFHM product was also computed during the 
summer of 2015. The computation was carried out every 
two weeks in parallel with the generation of the DFHI, 
which is one of the dynamic inputs for the SFHM. The SFHM 
covers the period from 24 June to 30 September 2015. The 
SFHMs were computed on the same three project test sites: 
Andalusia, Sardinia, and Minho, as shown in Figure 8.

Figure 9 shows the products generated in the Minho 
region during the summer of 2015. A mere visual analy-
sis of the results allows one to observe the spatiotemporal 

TABLE 6. THE HOT SPOT DISTRIBUTION FOR EACH UPDATED 
MAP ACCORDING TO THE FIRE HAZARD INDEX (MINHO 
REGION, PORTUGAL).

WEEK/HAZARD VERY HIGH HIGH MEDIUM LOW VERY LOW

1 0 0 0 0 0

2 1 0 0 0 0

3 6 1 0 0 0

4 0 1 0 0 0

5 0 0 6 0 0

6 0 97 7 2 0

7 294 38 51 6 0

8 118 28 3 1 0

9 23 87 1 0 0

Total hot spots 57.33% 32.68% 8.82% 1.17% 0%

Cumulative total 57.33% 90.01% 98.83% 100%

TABLE 5. THE BURNED LAND COVER AFTER FARSITE SIMULATIONS.

LAND COVER
EFFECTIVE BURNED  
SURFACE (HA)

SIMULATED BURNED SURFACE (HA)

LOW FUEL  
REDUCTION

MODERATE FUEL 
REDUCTION

FULL REDUCTION 
OF FUEL LOAD

Garigue 165 136 136 0

Maquis shrubland 143 143 143 0

Agricultural land 114 59 24 13

Transitional woodland-shrub 20 10 10 0

Agro-forestry areas 20 19 9 0

Nonirrigated arable land 9 3 3 0

Natural grasslands 9 0 0 0

Vineyards 5 0 0 0

Total 485 370 353 13

The time duration of the simulation corresponds to 4 h, 30 min. The colored lines (red, violet, green, and cyan) indicate the fire propagation for each simulation; the time step is 30 min. 
The orange and red bands indicate the buffer zones for the application of fuel load reduction.
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dynamics of the SFHM values, which proved to be a useful 
source of information for assessing fire hazard. A brief dem-
onstration of the potential utility of this product is reported 
in Figure 10. In fact, this figure shows how, during the 2015 

fire season, the distribution 
of the areas defined as high 
or very high hazard changed 
with respect to the statistical 
map provided at the start of 
the season based on histori-
cal data (the map of 1 June 
2015 in Figure 9). This infor-
mation could be very useful 
for adjusting the distribu-
tion of human resources and 
equipment in the territory. It 
should be recalled that, of the 
47 fire occurrences reported 

by EFFIS in 2015 (from 4 April to 9 September) for the Min-
ho region, 17 (36%) occurred 8–9 August.

Figure 10 shows how the number of pixels classified 
as high or very high hazard reduces from 47% (that is, 
47% of the Minho region) of the SFHM produced at the 
start of the season to 5–15% at the end of the fire sea-
son. Using the fire hazard map produced on the basis of 
a statistical analysis of the fire distribution in the previ-
ous 10 years, as has generally done up to now in several 
countries, the agencies involved in fire prevention activ-
ity are obliged to monitor 47% of the region. The new in-
dex updates this map by taking into account the actual 
distribution of fire (based on human behavior) and the 
specific meteorological conditions of the current year (the 
averaged DFHI). Doing so allows, in the particular case 
of the Minho region shown in Figure 10, the reduction of 
the area defined as high or very high hazard. This means 
that the area needing to be patrolled or monitored can be 

significantly reduced, allowing for saving money, person-
nel, and equipment.

In the other two test sites (in Italy and Spain), the re-
sults are less evident. In particular, in Spain (Andalusia), 
the fire hazard maintains a low level (a few pixels) dur-
ing the entire period, whereas, in Italy (Sardinia), it os-
cillates between 25 and 5% during the fire season. Since 
the demonstration phase mainly aims at proving the 
capability of the PREFER infrastructure to provide this 
information in a timely and proper manner, this phase is 
not described in this article, which is devoted to a techni-
cal description of the innovative information for wildfire 
prevention management developed in the framework of 
this project.

CONCLUSIONS
The SFHM, FRM, and PBM products were developed dur-
ing extensive research activity started several years ago and 
brought to an end in the framework of the PREFER project. 
Some brief conclusions on the activity devoted to validating 
and demonstrating the PREFER products described previ-
ously are reported now.

CONCLUSIONS ON SEASONAL FIRE HAZARD MAPS
The SFHM product responds to the need to take into ac-
count the human factor in the development of an effec-
tive fire hazard map (in Mediterranean Europe, more than 
93% of fires are due to human intervention). Fire hazard 
maps based on statistical analysis of the fire distribution 
in the previous 10 or more years are capable of capturing, 
on average, the areas where the incidence of these phenom-
ena is higher. However, long-term statistics do not allow 
the capture of the yearly fluctuation of meteorological 
conditions and human behavior changes due to, for in-
stance, enforcement actions. The new index developed in 
the framework of the PREFER project does allow this, by 

AOI Andalusia AOI Sardinia AOI Minho

Five Hot Spots

(a) (b) (c)

23 Hot Spots 378 Hot Spots

FIGURE 8. The geographic areas covered by the SFHM product overlaid by Fire Information for Resource Management System hot spots 
detected during the 2015 summer fire season: (a) Andalusia (Spain), (b) Sardinia (Italy), and (c) Minho (Portugal). 

LONG-TERM STATISTICS DO 

NOT ALLOW THE CAPTURE 

OF THE YEARLY 
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METEOROLOGICAL 

CONDITIONS AND HUMAN 

BEHAVIOR CHANGES.
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introducing short-term dynamics driven by actual fire oc-
currences (considering the fire events that occurred within 
a time span of two weeks) and the actual meteorological 
conditions (performing two-week averages of the daily 
weather situation). We can conclude the following from 
the demonstration activity:

◗◗ This innovative index exploits the recent increase in lo-
cal authorities’ speed in providing fire occurrence data 
and/or the high time frequency of hot spot information 
based on satellite images. In fact, such information can 

be used, together with meteorological data, to assess the 
actual characteristics of the present fire season with re-
spect to previous ones from the point of view of human 
and climatic behavior.

◗◗ A brief demonstration of this is given in Figures 9 
and 10. In fact, these figures show how, during the last 
fire season (2015), the distribution of the areas defined 
as high or very high hazard changes with respect to the 
static map provided at the start of the fire season based 
on historical data. This information could be very useful 
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FIGURE 9. A 2015 SFHM time series for the Minho (Portugal) AOI.
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for adjusting the distribution of human resources and 
equipment in the territory.

CONCLUSIONS ON FUEL REDUCTION MAPS
Comparing the FRMs computed for the Italian AOI in Sar-
dinia in 2015 and 2014, no remarkable changes were evi-
dent, except for a slight increase in the areas with a high 
hazard, thus confirming the stability and the reliability of 
the product.

The polygons of the prescribed burning performed in 
2014 and 2015 in the Portuguese test area fit the GSH class-
es described by the FRM very well. In fact, over 97% of their 
surface falls into areas classified as having high or very high 
GSH values (Figure 7).

CONCLUSIONS ON PRESCRIBED BURNING MAPS
From the validation activities, we can conclude that the 
effectiveness of using prescribed burning to reduce fire 
incidence and large-fire risk was assessed starting from 
real fires and simulating the change in their behavior 
as different intensities of fuel reduction were applied 
(Table 5).
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satellite-based fuel mapping , bur ned areas detec-
tion and time-series analysis, fire behavior modeling, 
implementation of meteorology- and satellite-based for-
est fire hazard indices, and investigation of fire impacts 
on ecosystems.
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 Target classification and recog-
nition (TCR) are important 

information-extraction techniques 
for high-resolution remote sensing 
images (HRIs). However, because 
methods with high accuracy usual-
ly have higher time complexity, the 
massive remote sensing image has 
brought great difficulties for real-
time application. In this article, we 
propose a hybrid, heterogeneous parallel processing algo-
rithm to improve the efficiency TCR based on the Cross-
model Neural Cognitive Computing (CNCC) algorithm 
[parallel TCR based on MapReduce of hierarchical CNCC 
(PTCR-C)]. Parallel programming technologies used in this 
article include Open Multiprocessing (OpenMP), Com-
pute Unified Device Architecture (CUDA), and the mes-
sage passing interface (MPI). Experiments on public remote 
sensing image data sets show that the PTCR-C algorithm 
can effectively improve the efficiency of the original TCR 

algorithm. The PTCR-C algorithm has better augmented 
ability and provides the reference for further real-time TCR 
of remote sensing applications.

REDUCING TIME WITHOUT SACRIFICING ACCURACY
With the development of remote sensing technology, more 
HRIs are becoming available. HRIs have high spatial reso-
lution, high spectral resolution, and high temporal reso-
lution. However, information extraction algorithms from 
HRIs usually have high complexity [1].

Generally, target recognition of an HRI includes three 
target levels: category classification, type recognition, and 
model identification. These levels are determined by the 
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resolution of the images, and the algorithms for each are 
essentially the same. Here, we do not distinguish among 
the three levels, which are collectively referred to as TCR. 
Meanwhile, more remote sensing applications use real-time 
TCR algorithms [2], [3].

The performance of the TCR algorithm must be im-
proved, especially for HRI processing. High-performance 
parallel computing is a very effective tool for meeting the 
real-time requirements of TCR applications. The TCR al-

gorithm of HRI is also very suitable for use with the data 
parallel method. TCR algorithms based on the CNCC 
framework deliver highly precise HRIs. The CNCC frame-
work is a hierarchical multimedia neural cognitive comput-
ing model [4]. However, it also is highly complex and has 
high parallelism [5]. This article mainly focuses on how to 
improve the time efficiency of the CNCC-based TCR algo-
rithm without sacrificing accuracy.

RELATED WORK
Parallel algorithms are grouped into three kinds of mod-
els, depending on structure: the data parallel model, mes-
sage passing model, and shared variable model. From the 

perspective of algorithm design, parallel computing is 
often divided into data parallelism and task parallelism. 
In data parallelism, data are split into blocks and distrib-
uted to parallel computing nodes. The complex and time-
consuming task is decomposed into a number of identical 
subtasks. In task parallelism, tasks are divided into some 
subtasks, which are assigned to parallel computing nodes 
for processing. Generally, the design of parallel algorithms 
includes four steps: partitioning, communication, agglom-
eration, and mapping.

Currently, many researchers studying HRIs focus on 
preprocessing algorithms. Yang et al. [6] presented a paral-
lel computing paradigm based on multicore, parallel com-
puting, pan-sharpening algorithms. Parallel processing is 
implemented on a workstation with two central processing 
units (CPUs) which can perform these processes up to 13.9 
times faster than is possible with serial execution. 

As for the problem of long training time for the convo-
lutional neural network (CNN) on the Moving and Stationary 
Target Acquisition and Recognition (MSTAR) data set, Li et al. 
[7] proposed a fast method for the CNN using synthetic 
aperture radar (SAR) auto-
matic target recognition. Tu 
et al. [8] proposed fast and 
accurate methods for target 
detection based on a multi-
scale saliency and active con-
tour model, which can detect 
the small-scale target in HR 
SAR imagery. Meanwhile, 
Williams [9] proposed a fast, 
unsupervised algorithm for the detection of underwater 
targets in synthetic aperture sonar imagery. In recent years, 
object-based segmentation methods have been widely in-
tegrated for remote sensing image segmentation. Pan et al. 
proposed an object-based and heterogeneous segment filter 
CNN for HRI classification [10].

TCR is an important intelligent technology in research 
on HRI information extraction. Some researchers have 
 applied artificial intelligent algorithms to TCR. Guo et al. 
[11] found that deep learning is actually everywhere in 
remote sensing big data analysis, which can learn repre-
sentative and discriminative hierarchical features from 
HRIs. Dong et al. [12] proposed target recognition in SAR 
images using unsupervised feature learning from an auto-
encoder and its variants based on NN architecture. Mou et 
al. [13] proposed an end-to-end, fully convolutional–de-
convolutional network for unsupervised spectral–spatial 
feature learning of hyperspectral images. This network ac-
commodates training in an end-to-end manner. Maggiori 
et al. [14] proposed an end-to-end framework for the dense, 
pixelwise classification of satellite imagery by CNNs. 
However, due to the complexity of the algorithm and the 
abundance of remote sensing data, high-performance al-
gorithms must be used to intelligently extract remote sens-
ing information to improve the speed of the algorithm. 
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Furthermore, spiking NNs and faster region-based CNNs 
are also used for HRI target [15] and change detection [16], 
respectively, and can achieve higher accuracy.

In general, HRI parallel processing can employ three 
modes: 1) MPI for multimachine parallel systems, 2) 
OpenMP for multicore parallel systems, and 3) CUDA for 
graphics processing unit (GPU) parallel systems. Guo et al. 
[17] proposed parallel computation of aerial target reflec-
tion of background infrared radiation, based on OpenMP, 
OpenACC, and CUDA, that can run on a multicore CPU 
or a many-core GPU platform. Some scholars have applied 
GPU technology to realize TCR for HRIs. Timchenko et 
al. [18] presented a method of parallel-hierarchical trans-
formations for rapid recognition of dynamic images using 

GPU technology. Lokman 
et al. [19] proposed a CUDA-
based platform method that 
can perform anomaly detec-
tion and target recognition 
gradually with hyperspectral 
images. Zhao et al. [20] pro-
posed a fast framework of au-
tomatic recognition based on 
the visual attention model 

and bag of features for an airport target of a low-resolu-
tion remote sensing image in a complicated environment. 
A gradient-boosting random CNN for scene classification 
of remote sensing images was proposed by Zhang et al. 
[11]. This technique can effectively combine many deep 
NNs. In addition, fast field-programmable gate arrays are 
employed to implement computation of the pixel purity 
index of hyperspectral images [21]. In the future, high-
performance parallel computing will become essential for 
remote sensing applications [22], [23]. 

The design of the software structure for HRI process-
ing should be carefully considered. Wang et al. [24] in-
troduced an architecture of parallel HRI processing soft-
ware that includes MPI, the Geospatial Data Abstraction 
Library, and OpenCV. Due to the matrix structure of the 
image, high-resolution remote sensing imaging easily ac-
commodates the use of Hadoop MapReduce technology 
for parallel processing. Recently, Hadoop was applied to 
the parallel analysis of HR remote sensing imaging [25]. It 
can effectively speed up for remote sensing applications. 
A proposed storage and processing scheme for HR remote 
sensing imaging based on Hadoop can be found in the lit-
erature [25], [26]. A parallel supervised land-cover classifi-
cation system for hyperspectral and multispectral images 
was proposed by Garcia-Salgado et al. [27]. This system 
is highly accurate for classifying land and requires little 
image-processing time.

The size and number of remote sensing images are 
constantly increasing as resolutions of remote sensing 
images rise. As memory consumption increases, the per-
formance of the multicore parallel processing algorithm 
falls. Communication among multimachines, multicores, 

GPUs, and CPUs is rather difficult. Data exchange and 
communications are classic issues that have been studied 
for a long time. Some researchers have proposed excellent 
solutions for exchanging data in parallel and distributed 
systems [28], [29]. However, data exchange and communi-
cation seriously affects the speedup and efficiency of paral-
lel algorithms for HR remote sensing imaging. Therefore, it 
is important to determine how to split tasks and allocations 
in parallel TCR algorithms.

PARALLEL ANALYSIS OF CNCC-BASED TCR MODEL
In [5], we proposed a CNCC-based TCR algorithm. This al-
gorithm has high TCR accuracy for HRIs, but it runs very 
slowly. We show here how the efficiency of the CNCC-based 
TCR algorithm for category classification, type recognition, 
and model identification can be improved. The CNCC-
based TCR algorithm includes three major parts:
1)	 Neural computing (NC) driven by bottom-up data: This is a 

large matrix operation process of NC.
2)	 Cognitive computing driven by top-down events: This is a 

multitask process of cognitive computing.
3)	 Reinforcement learning and model ensemble driven by goals: 

This is the information-integration process of global 
computing.
The algorithm extracts the temporal–spatial sensation 

features using a deep-spiking convolutional neural net-
work (DSCN) and extracts the temporal–spatial percep-
tion features using hierarchical latent Dirichlet allocation 
(HLDA). As showed in Figure 1, mapping DSCN and HLDA 
learning is the most time-consuming process. Both HLDA 
and DSCN need many iterations. Bottlenecks in the algo-
rithm stem from such processes as back propagation (BP), 
DSCN conversion in DSCN training, and Gibbs sampling 
in HLDA training.

The heterogeneous parallel based on the GPU can be 
used to increase computing speed for large-scale matrix op-
eration of NC. Multicore parallel techniques can be used to 
speed up the calculation for multitask processes of cogni-
tive computing. For the information integration process of 
global computing, multimachine data parallel techniques 
can be used to speed up the calculation.

In the training of the DSCN, many components be 
processed in parallel, including neuron node activation, 
weight updating of the node, feature map computing, and 
message propagation. Both HLDA and DSCN have model 
parallelism. In addition, there is data parallelism in DSCN 
training and in the HLDA approximate algorithm of HLDA. 
We can use the GPU to accelerate BP for the convolution, 
subsampling, and Gibbs sampling of forward propagation 
in the DSCN.

Here, we use parallel computing to accelerate the pro-
cess of temporal–spatial sensing and perception features, 
such as the parallel BP algorithm of the GPU-based DSCN, 
the parallel Gibbs sampling algorithm of OpenMP-based 
HLDA, and the parallel TCR algorithm of the hierarchical 
CNCC model based on MapReduce.

THE PERFORMANCE OF THE 

TCR ALGORITHM MUST BE 

IMPROVED, ESPECIALLY FOR 

HRI PROCESSING.
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CNCC-BASED TCR ALGORITHM FOR  
HETEROGENEOUS PARALLEL PROCESSING
High-performance parallel computing is an important 
tool for improving the performance of HRI information 
extraction. Data parallel modeling and image segmen-
tation are effective methods to realize the classification 
and recognition of HRIs. Image partitioning has only a 
small impact on classification and recognition for small-
scale targets. In the worst case, a target may be split into 

four subblock images. Image partitioning can efficiently 
reduce false-detection rates and missed detection rates us-
ing a reasonable subblock image size and blocking over-
lapping for larger targets. For complex HRI processing 
algorithms, the task parallelism of the algorithm can be 
further considered.

The MPI+OpenMP+CUDA hybrid programming mod-
el [30] is a new hybrid multimachine, multicore, multi-
thread, and multi-GPU parallel architecture. It offers the 
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FIGURE 1. A diagram showing a parallel analysis of the hierarchical CNCC-based TCR model training. SNN: spiking NN; SVM: support  
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advantages of high performance at low cost and low con-
sumption of energy. It has become the mainstream tech-

nology of new high-perfor-
mance computing platforms. 
According to parallel analy-
sis of the CNCC-based TCR 
algorithm, Figure 2 shows 
the parallel TCR of HR re-
mote sensing imaging based 
on hybrid heterogeneous 
implementat ion. We use 
MPI+OpenMP+CUDA to de-
sign the parallel architecture. 
The algorithm is improved 

by the parallel method from three aspects, as follows:
1)	 The training data are split and stored in a distributed 

environment. The CNCC framework is trained using 
the MapReduce method in a multimachine parallel 
schema.

2)	 The DSCN model algorithm is improved through the 
use of a GPU and multicore to speed training in the com-
puting node.

3)	 The hierarchical topic parameters are distributed into 
multiple machines, and, within each machine, Gibbs 
sampling is paralleled using OpenMP.

PARALLEL BP ALGORITHM OF GPU-BASED DSCN
Over the past few years, the field of GPU-based high-
performance computing in radiotherapy has experienced 
rapid developments. A new research area, general-purpose 
GPU (GPGPU) [31], [32], has emerged in large-scale par-
allel computing. With this technology, multiple single 
instructions on multiple threads are composed of multiple 
stream processors in the GPU. GPGPU programming gen-
erally considers the data as an image. It packages data into 
a “texture,” and computing tasks are mapped to a texture-
rendering process [33].

For the stochastic gradient descent algorithm of large-
scale deep NNs, the model can be copied and distributed 
on multiple servers. Both models and data are processed 
by a parameter’s server [34]. It has a very good performance 
on the nonconvex optimization problem with the self-
adaptive learning rate Adagrad [35] and momentum [36]. 
We split the parallel part of the DSCN model and improve 
the training speed of convolution by using a GPU. The 
pseudocode for this variant is presented in Algorithm 1.

PARALLEL GIBBS SAMPLING ALGORITHM  
OF OPENMP-BASED HLDA
According to the basic architecture of parallel computing, 
some technologies are used to improve computing efficiency 

ALGORITHM 1. DPB-G PSEUDOCODE.

Input: Training data {M,Y}
Output: DSCN parameters

(1)

(2)

(3)

split data {M,Y} to k parts (k is the number of GPUs) and distribute {Mk,Yk} to k GPUs, respectively

Initial spiking neural network0 and the parameters are distributed to k GPUs.

Repeat 

(4) Parfor parallel Do on GPU

// Forward propagation of GPU message

(5) Select sample {Mk,Yk}, according to the leaky integrate and fire neuron model, generate the spike image Sk, and convert to the GPU 
matrix as network input: Sg = gpuArray(Sk)

(6) For each layer of the network Do

(7) In the convolution layer, each W # H patch is transformed with 1D row vector to input Sg,l – 1. The matrix [W # H, K # K # D] is com-
posed by row vector. The D convolution kernel of K # K dimensions transforms 1D column vector, and matrix [M, K # K # D] is com-
posed by column vector. The convolution of the 3D matrix is replaced by GPU multiplication of the 2D matrix, then feature maps 
outMapg,l are generated.

(8) In the pooling layer, each feature map outMapg, l is downsampled to compute Sg,l + 1 by GPU matrix.

(9) End For

(10) The output Og is computed, minimum-variance d  is computed by Og minus real values Yk.

(11) Weights are calculated layer by layer in the GPU and converted to conventional matrix TWk,l = gather(TWg,l), sent TWk,l to main process.

(12) End Parfor

// DSCN model synchronization: backpropagation (BP) residual and updating the global DSCN model

(13) According to the minimizing the residual, weights matrix are adjusted by BP method.

(14) Updating weights: Wl!Wk,l + h! k(TWk,l)/K, and new iterative model DSCNp is generated.

(15) Distribute weight Wl and new model DSCNp

(16) Until error meets demand

Return DSCN model and parameters

THE SIZE AND NUMBER OF 

REMOTE SENSING IMAGES 

ARE CONSTANTLY 

INCREASING AS 

RESOLUTIONS OF REMOTE 

SENSING IMAGES RISE.
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in the single-machine environment, such as multicore com-
puting based on OpenMP [17] and heterogeneous comput-
ing based on GPU [18]. The multimachine message passing 
mechanism is often considered for distributed clusters, 
such as MPI [30] and others. Meanwhile, the OpenMP, 
the most popular standard for homogeneous computing, 
is unsuitable for nonshared memory systems in the mul-
timachine cluster. In the multithread environment, the 
MPI is needed to solve synchronization and mutex among 
the processes.

Gibbs sampling, a Markov-chain Monte Carlo meth-
od to perform inference, is a CPU computing-inten-
sive algorithm [37]. The Gibbs sampling algorithm for 
HLDA can be accelerated by OpenMP. In Gibbs sam-
pling of HLDA training, the training samples, doc-top-
ic matrix, and word-topic matrix are stored in shared 
memory. The performance of the sampling algorithm is 
improved by multicore technology based on static load 
balancing. The pseudocode for this variant is presented 
in Algorithm 2.

PARALLEL TCR ALGORITHM OF THE HIERARCHICAL 
CNCC MODEL BASED ON MAPREDUCE
At present, heterogeneous platforms have many computing 
platforms, such as MPI, OpenMP, Open Computing Lan-
guage (OpenCL), Hadoop, and Spark. Generally, Hadoop 
is a distributed system framework, which is suitable for of-
fline and large-scale data batch processing. Spark is a kind 
of computing framework based on memory and iteration. 
In addition, MATLAB has multiprocess processing ability 
based on MPI, GPU, Parfor, and MapReduce technology. It 

has a parallel computing tool box and can easily verify the 
parallel algorithm.

As a fast-growing parallel programming model, MapRe-
duce has a well-defined interface and runtime library. It 
hides low-level details and reduces the difficulty of paral-
lel programming. MapReduce 
can easily realize automatic 
large-scale parallel computing 
tasks. MapReduce provides a 
good solution for HRI paral-
lel processing [38], [39]. HR 
remote sensing imaging is a 
big data consumer not only 
in terms of storage volume. 
Key problems of HRI parallel 
research are data storage, par-
allel processing, and system 
management. Hadoop-distributed file systems store very 
large files by stream data access mode [40]. Hadoop pro-
vides solutions for distributed storage of HRIs, because it has 
high throughput and strong fault tolerance.

The Hadoop platform was employed to improve the 
TCR algorithm of the hierarchical CNCC framework by 
MapReduce. First, the parallel part of the hierarchical 
CNCC framework and training sample was split for a 
distributed computing environment. Second, each da-
tum and model was distributed to multiple nodes by 
a mapping process based on dynamic load balance. 
The local model was trained using the local multicore 
heterogeneous computing environment in each node. 
Finally, the results were combined by key-value pairs 

ALGORITHM 2. HLDA PARALLEL GIBBS SAMPLE BASED ON OPENMP (HPGS-O) PSEUDOCODE.

Input: Training image M and the visual word clustering center A of the sensation features of the training image M
Output: HLDA parameters

//Data and HLDA model parameter’s distribution

(1) The visual word A is divided into p parts Ap according to the layer of the DSCN
(2) Ap, topic-image matrix Nkjp, visual word-topic matrix Nwkp, akp, and initial parameter b, c and h of HLDA model are distributed 

to p process.

(3) Repeat

(4) #pragma omp parallel for each subprocess p

(5) Sampling local topic Zp: iterate local DPB-Gibbs (Ap, Zp, Nkjp, Nwkp, akp, b, c, h) 

(6) Send Nwkp and akp to main process
(7) endfor

// HLDA model synchronization: merging global topic, updating global statistics matrix
(8) Update: Nwk#Nwk + Rp(Nwkp−Nwk)
(9) Update: ak#(Rpakp)/P
(10) Sampling: ak, c, h
(11) Distribute: Nwk, ak, c, h

(12) Until meet iteration conditions

Return HLDA model and parameters.
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with the reducer process. In this way, the fast iterative 
training of the hierarchical CNCC framework is real-
ized. Mainly pseudocode steps of this phase are out-
lined in Algorithm 3.

PARALLEL TCR EXPERIMENT AND ANALYSIS 

EXPERIMENTAL ENVIRONMENT AND PARAMETERS
The Sugon high-performance cluster system was employed 
for a parallel experiment. Table 1 describes the software 
and hardware environment of the experiment. The main 
parameters of the NN include network depth (number of 
hidden layers), network width (number of hidden layer 
neurons), network topology structure, and activation 
function of neurons. The training emphasis of the NN 
is the adjustment of weight. For general NNs, the model 
structure is as follows: input layer × hidden layer × out-
put layer, where the number of nodes in the input layer is 
equal to the feature dimension of input data, and the num-
ber of nodes in the output layer is equal to the number of 

classification categories. Given training samples and se-
mantic labels, the number of nodes in the input and out-
put layers has been determined, so the key point of the 
structural design of the NN is to determine the number of 
layers and nodes in hidden layers. However, the structural 
design of the DSCN lacks theoretical support at present 
and is mostly based on experience.

For the design of network depth, it is generally consid-
ered that the depth of network is related to the level of fea-
ture abstraction. The more hidden layers designed for the 
network, the stronger the fitting, the lower the model error, 
and the higher the accuracy. However, too many hidden 
layers easily complicate the network and make it difficult 
to train.

For the design of network width, it is generally consid-
ered that the network width is related to the number of fea-
tures in each layer. The larger the number of hidden layer 
nodes, the stronger the fitting ability of the network, but 
this easily leads to poor generalization ability of the model; 
the smaller the number of hidden layer nodes, the worse 

ALGORITHM 3. PARALLEL TCR BASED ON MAPREDUCE OF HIERARCHICAL CNCC (PTCR-C) PSEUDOCODE

Input: Media {M, Y}

Output: CNCC model and parameters

(1) Initialize CNCC0 model and parameters

(2) Split process: training data M is divided into n parts {Mn, Yn}.

(3) Initialization CNCC0, parameters, and training data {Mn, Yn} are distributed to n nodes in the cluster.

(4) While (Epochs<MaxNum || er < f) 

(5) Repeat parallel Do in n nodes 

//DSCN mapper process:

(6) In the computing node, call Algorithm 1 DSCN parallel BP based on GPU: local {Mn, Yn}$local DSCN parameters DSCNn

(7) The key-value pairs <Keys,n, Vals,n> are generated by DSCNn ,weight Wn, and so on.

(8) Until meet DSCN iteration conditions

// DSCN reducer process

(9) Receive key-value pairs <Keys,n, Vals,n> of DSCNn

(10) Iterative and update global network weights W#Wn + h/n(DWn)/K, update global DSCN

(11) Distribute new network weight W and iterative model DSCNs

(12) Call K-means algorithm, then visual word clustering center is parallel computed: DSCNn$local visual word An

(13) The topic-image matrix Nkjn, visual word-topic matrix Nwkn, akn, and initial parameter b, c and h of HLDA model are distributed to 
n process.

(14) Repeat parallel Do in n process

// HLDP mapper process

(15) On computing node, call Algorithm 2 HPGS-O: An$local Nwkn, topic of visual word Zn, akn, c, h

(16) The key-value pairs <Keyh,n, Valh,n> are generated HLDAn model Nwkn, topic of visual word Zn, akn, c, h, and so on

// HLDP reducer process: HLDA model synchronization, merging global topics, and updating global statistics matrix

(17) Receive HLDAn key-value pairs <Keyh,n, Valh,n>

(18) Update: Nwk#Nwk + n(Nwkn−Nwk)

(19) Update: ak#(/ nakn)/N

(20) Sampling: ak, c, h

(21) Distribute: Nwk, ak, c, h

(22) Until meet HLDA iteration conditions

(23) Call parallel training algorithm of SVM:topic of visual words Zn$SVMn

(24) End While

Return CNCC model (DSCN, HLDA, SVM) based on DSCN_HTM integration.
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the ability to obtain information, which cannot reflect the 
rules of data sets.

Considering the types of classification and recogni-
tion, the size of data set images, the number of different 
types of images, and the size of the data set, according to 
the experimental results, the DSCN was designed with a 
different structure on the three data sets. Table 2 shows 
the data set parameter information of the DSCN. Here, 
I@28 # 28 indicates that the input layer’s size is 28 # 28, 
O@5 indicates that the output layer size is 7, 16C5@24 # 
24 indicates the conventional layer size has 16 kernels 
with size 5 # 5, and 16S2@12 # 12 indicates that the 
pooling layer has 16 filters with size 2 # 2, and so on. 
The DSCN includes an HR ship TCR (HSTCR) data set 
and an MSTAR data set. Both the HSTCR and MSTAR 
data sets are augmented by the object-oriented and 
multiscale target data augmentation algorithm [5] and 
Alex’s algorithm.

The HSTCR data set was made up of our establishment 
ship’s visible light images from Google Earth, which most-
ly comprise HR satellite imagery from Landsat-7, Land-
sat-8, Wordview-II, and the DigitalGlobe Quickbird, which 
is roughly 65-cm pan-sharpened (65-cm panchromatic at 
nadir, 2.62-m multispectral at nadir). The targets of HST-
CR data set types include military and civilian ships. Mili-
tary ships include destroyers and aircraft carriers, while 
civilian ships include oil tankers, bulk carriers, and con-
tainer ships. The image size is 256 # 256. The number of 
samples is 10,500 in the train data set, and the number of 
samples is 2,100 in test data set. Figure 3 illustrates some 
examples of HSTCR images.

The MSTAR data set was obtained by the X-band  
(9.6-GHz) HH-polarization SAR sensor with spatial reso-
lution of 0.3 × 0.3 m in support of the DARPA-sponsored 
MSTAR program. The MSTAR data consist of three classes 
and seven types of vehicles: the BMP2 (9563, 9566, c21), 
BTR70 (c71), and T72 (132, 812, s7) with several configu-
ration variations for each class. The original image size is  
128 # 128. The vehicle’s image is taken in spotlight mode at 
15° and 17° depression angles over 360° of aspect angles. 
Figure 4 shows one subset of the MSTAR data that consists of 
three classes and seven types of military targets. The num-
ber of samples is 30,287 in the 15° Alex augmentation train 
data set, and the number of samples is 1,622 in the 17° Alex 
augmentation test data set.

PARALLEL EXPERIMENTS OF GPU-BASED  
DSCN ALGORITHM
Since GPU memory capacity and the size of the registra-
tion matrix have a great influence on acceleration, the 
three data sets are used with different batch sizes to vali-
date the DSCN parallel backpropagation based on GPU 
(DPB-G) algorithm efficiency. Table 3 shows the average 
running time of the GPU-based DSCN iterations in dif-
ferent batch sizes. The relationship between the single it-
eration of batch size and the speedup on the GPU-based 

DSCN algorithm is shown in Figure 5. The algorithm has 
the fastest speed on the MSTAR data set and the slowest 
speed on the HSTCR data set. This is because the DSCN 
structure is different on each of the three data sets. Among 
the two data sets, the MSTAR data set has the smallest im-
age size and the least storage for model training, while the 
HSTCR data set has the largest image size and the largest 
storage for model training. The limitations of GPU mem-
ory, larger demand on GPU memory, and more frequent 
data exchanges between system memory (random-access 

TABLE 1. THE SOFTWARE AND HARDWARE ENVIRONMENT 
FOR PARALLEL ALGORITHM.

NAME PARAMETER

Master node Xeon E5-2620v2 × 2, 12 core, 2.1 GHz,  
64-GB DDR3

Compute node 1–9 Xeon E5-2680v2 × 2, 20 cores, 2.8 GHz, 
128-GB DDR3, Nvida Tesla K20 × 2, 5 GB × 2, 
CUDA core 2,496 × 2

Storage node 20 TB, 7,200 rpm, 32-GB cache

Switch of cluster InfiniBand FDR, 56 G, 4.032 Tb/s

Switch of disk array Storage area network 8-Gb fiber channel 

Switch of network Ethernet 1,000 M

Operating system Red Hat Enterprise Linux server release  
6.5 (Santiago)

Input–output man-
agement software

Sugon cluster monitoring and management 
system Gridview 3.0

Compute node 
software

MATLAB 8.5.0.197613 (R2015a), MATLAB par-
allel computing toolbox (MPCT) 6.6, MATLAB 
distributed computing server (MDCS) 6.6, 
ComputeCapability 3.5

TABLE 2. THE MODEL PARAMETER OF THE EXPERIMENT 
FOR PARALLEL EXPERIMENTS. 

PARAMETER NAME PARAMETER VALUES

DSCN structure in MSTAR data set I@64 × 64-16C5@60 × 60-16S6@ 
10 × 10-32C7@4 × 4-32S4@ 
1 × 1-O@5

DSCN structure in HSTCR data set I@128 × 128-16C5@124 ×124-
16S4@31 × 31-32C7@25 × 25-
32S5@5 × 5-O@7

HSTCR data set batch size of the 
sample 

1,000

Number of new samples per time 500

Maximum iterative number epochs 
of incremental

100

Maximum iterative number epochs 
of reinforcement

100

Minimum error f  of reinforcement 0.01
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memory) and GPU memory cause the algorithm to slow 
down. The reduction in absolute time is substantial. For 
example, CPU processing needs to spend 168.393 s on the 
HSTCR data set when the batch size equals 4,096. Howev-
er, it spends only 40.831 s on the GPU. So, GPU operation 
can significantly enhance training efficiency of the DSCN.

PARALLEL EXPERIMENTS OF OPENMP-BASED  
HLDA ALGORITHM
Considering such factors as task allocation and process 
communication, the HLDA parallel Gibbs sample based 
on the OpenMP (HPGS-O) algorithm was tested with 
the process numbers and the sizes of the training sample. 

TABLE 3. THE TRAINING RESULTS OF DSCN ON GPU IN DIFFERENT BATCH SIZES. 

BATCH SIZE 64 128 256 512 1,024 2,048 4,096

MSTAR-CPU time (s) 0.296 0.518 1.001 2.114 5.015 14.597 44.629

MSTAR-GPU time (s) 0.452 0.769 1.403 2.63 5.117 10.194 19.958

MSTAR speedup 0.66 0.67 0.71 0.8 0.98 1.43 2.24

HSTCR-CPU time (s) 2.179 4.225 8.427 17.032 34.946 74.764 168.393

HSTCR-GPU time (s) 3.344 3.74 6.739 11.191 19.287 27.598 40.831

HSTCR speedup 0.65 1.13 1.25 1.52 1.81 2.71 4.12

Classes BMP-2 BTR-70 T-72

SAR

Optics

Type 9563 9566 c21 c71 132 812 s7

FIGURE 4. Seven tactical target vehicles in the MSTAR data set. 

(a) (b) (c) (d) (e)

A06 H04 O04 J06 C10

A12 H13 O16 J20 C19

FIGURE 3. Optical images of five ships in the HSTCR data set: (a) destroyers, (b) aircraft carriers, (c) oil tankers, (d) bulk carriers, and  
(e) container ships. 
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Table 4 shows the process average running time in the pro-
cess number of Gibbs sampling of HLDA in the multicore 
algorithm. Here the number of batch training samples 
is 1,024. Figure 6 shows the increasing speed of parallel 
HLDA when data sets are split. The highest speed of the 
algorithm can be increased by 12 times on the HSTCR data 
set. But, for MSTAR data sets, the increased speed of the 
algorithm remains constant when data sets are distributed 
on seven cores because of the large communication over-
head between processes. 

PARALLEL TCR EXPERIMENT OF HIERARCHICAL  
CNCC FRAMEWORK BASED ON MAPREDUCE
To verify the efficiency of the parallel hierarchical CNCC-
based TCR algorithm, the PTCR-C algorithm is tested 
with the iteration number, the core numbers in the single 
host, and the node number on three data sets. Table 5 
shows the relationship between the node’s number of 
CNCC framework distributions and the average training 
time on the multimachine. Here the number of the itera-
tion’s epoch is 10, the batch size of training is 4,096, and 
the number of processes in single-node kernels is 16. The 
algorithm spends about 10 h on the MSTAR data set and 
more than 12 h on the HSTCR data set. Figure 7 shows 
the relationship between the number of nodes and the 
increase in speed. The experiment demonstrated that, for 
the HSTCR and MSTAR data sets, the TCR parallel algo-
rithm achieved speeds 39.49 and 65.58 times faster than 
the base speed when nodes are assigned to 16 and 28, 
respectively. With the increase of communication over-
head between nodes, the speed of the algorithm does not 
increase as much. 

For 10 iterations, the recognition accuracy of TCR is 
improved by 0.25% on the MSTAR data set. However, the 
recognition accuracy of TCR is reduced by 12.28% on the 
HSTCR data set. This may be because the model has not yet 
been trained to be optimal on the HSTCR data set.

THE RECOGNITION PRECISION OF THE PARALLEL 
CNCC-BASED TCR ALGORITHM
To verify the influence of parallel TCR algorithms on preci-
sion, the original sequential algorithm and the improved 
parallel algorithm were tested on the three data sets. Table 6 
shows the experimental results’ iteration number and aver-
age precision (AP) of recognition. Here the number of itera-
tions is set in epochs from one to 10 times, respectively. Fig-
ure 8 shows the relationship between the iteration number 
and the AP of parallel TCR.

The results show that the parallel acceleration effect has a 
greater impact on the HSTCR and MSTAR data sets. After 10 
iterations, the precision of parallel TCR is basically sequential 
running time on the MSTAR data set. However, the precision 
of parallel TCR shows an upward trend with the increase in 
the iteration number on the HSTCR data set. This is because 
some factors tremendously affect recognition, including data 
set size, object complexity, and target resolution. Generally, 

the parallel algorithm can effectively improve the efficiency 
of the hierarchical CNCC-based TCR algorithm.

CONCLUSIONS
This article analyzed and summarized the progress of the HRI 
parallel processing algorithms and makes a parallel analysis 
of the CNCC-based TCR algorithm. Aiming at the bottleneck 
problem of the TCR algorithm, we propose the DPB-G, HP-
GS-O, and PTCR-C algorithms. These adapt a multimachine, 
multicore, and GPU heterogeneous parallel technique. The 
experimental results show that our algorithms can greatly 
improve efficiency without loss of recognition precision.

To realize the higher speeds for the TCR algorithm, the 
parameters need careful selection and reasonable configu-
ration. This is especially true for the structure design of the 
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FIGURE 5. A graph showing the relationship of batch size and 
speedup on the DPB-G algorithm.
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FIGURE 6. A graph showing increases in HPGS-O algorithm 
speedup on different data sets.

TABLE 4. THE GIBBS SAMPLING OF HLDA ON  
A MULTICORE ENVIRONMENT.

KERNELS/PROCESS 1 2 4 6 8 16

MSTAR time (min) 3.888 1.469 0.705 0.559 0.536 0.641

MSTAR speedup — 2.65 5.51 6.96 7.25 6.06

HSTCR time (min) 3.834 1.403 0.616 0.441 0.39 0.314

HSTCR speedup — 2.73 6.22 8.69 9.83 12.2
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deep NN and the selection of training parameters. For the 
DPB-G algorithm, the main factors that affect the speed in-
crease are image size, GPU performance (such as the available 

memory of GPU, MaxThread-
sPerBlock), and the number of 
GPU threads. For the HPGS-
O algorithm, the main factors 
affecting speed are image size 
and node performance, such 
as the total memory capac-
ity, the number of threads of 
the CPU, and the capacity of 
the cache. For the PTCR-C 
algorithm, the main factors 
affecting speed are image 

size, communication bandwidth of the network, and node 
performance. This is because the parallel TCR algorithm is 

limited by the problem of scale, size, and hardware environ-
ment and the overhead of process communication.

The iterations have little effect in terms of the AP of the 
parallel TCR algorithm on the data sets with the large num-
ber of the train samples, and it has more effect on the train-
ing data sets with the small number of train samples and 
large image size. Overall, under the premise of ensuring 
high recognition accuracy, our proposed parallel algorithm 
can greatly improve the speed of TCR.

Fast TCR is also an important focus of research for au-
tomatic or semiautomatic remote sensing image interpre-
tation of HR Earth-observing systems. Both the fast paral-
lel and high precision of TCR methods have significant 
value for theoretical and practical applications in military 
and civilian fields. Due to the limited length of this ar-
ticle, only optical image and the SAR image experiments 
were presented. To improve the robustness of the TCR 
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FIGURE 7. A graph showing the relationship of the parallel nodes 
and speedup in the PTCR-C algorithm.
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TABLE 5. MULTIMACHINE EXECUTION TIME OF CNCC-BASED TCR TRAINING ON DIFFERENT DATA SETS.

NODES/WORKS 1 2 4 8 16 32 64 128 216

MSTAR time (h) 10.237 2.292 0.726 0.274 0.157 0.14 0.202 0.362 0.59

MSTAR speedup — 4.47 14.1 37.4 65.39 73.28 50.57 28.3 17.34

HSTCR time (h) 12.342 2.846 0.983 0.446 0.313 0.377 0.624 1.177 1.944

HSTCR speedup — 4.34 12.55 27.7 39.49 32.7 19.78 10.49 6.35

TABLE 6. THE ITERATIONS AND AVERAGE PRECISION AP OF RECOGNITION OF PARALLEL CNCC-BASED TCR.

EPOCHS 1 2 3 4 5 6 7 8 9 10

Sequential AP in MSTAR (%) 15.25 30.75 66.25 82.5 80 81 82 90.5 89 90

Parallel AP in MSTAR (%) 7 15.25 15.25 34.5 45.5 53.25 55.5 86 87.5 89.75

Sequential AP in HSTCR (%) 38.14 36.84 38.25 37.51 37.98 37.19 54.93 54.43 57.9 59.86

Parallel AP in HSTCR (%) 29.5 41.18 52.96 48.82 55.21 57.43 57.96 73.62 76.81 72.14

GENERALLY, THE PARALLEL 

ALGORITHM CAN 

EFFECTIVELY IMPROVE THE 

EFFICIENCY OF THE 

HIERARCHICAL CNCC-BASED 

TCR ALGORITHM.
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algorithm, it is necessary to explore the TCR performance 
of the algorithm in applications involving hyperspectral 
and infrared remote sensing images.
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Signals of opportunity (SoOp) has the potential to 
offer cost-effective global remote sensing for land 

applications. Because of the complexity of SoOp scat-
tering over land, comprehensive bistatic scattering 
models and simulators can help demonstrate its feasi-
bility. To investigate this potential, we have developed 
a generalized, fully polarimetric forward model: the 
SoOp Coherent Bistatic Scattering (SCoBi) model. We 
have also developed a simulator framework, employ-
ing the SCoBi model to create an analysis environment 
for a community of researchers, scientists, and users 
with little or no electromagnetic background. We aim 
to enable studying and analyzing new SoOp methods 
with varying configurations; determining the optimal 
cases for specific missions; and generating, visualiz-
ing, and analyzing test data with the help of SCoBi.

The SCoBi framework currently implements SoOp 
analyses over bare or vegetated terrains, where soil can 
be modeled as a single-layered or multilayered dielec-
tric medium. The software is free and open source un-
der the GNU General Public License (GPL) and is com-
patible with the MATLAB development environment. 
It obtains several inputs for bistatic configuration, 
such as bistatic geometry, transmitter and receiver an-
tenna characteristics, ground structure, and user pref-
erences, through a set of user-friendly graphical user 
interface (GUI) windows. It generates the simulated 
direct received field and power as well as the specular 
reflection coefficient and reflectivity outputs. It also 
provides basic analysis functions, such as plotting re-
flectivity as a function of simulation parameters, in-
cluding a transmitter’s elevation angle and the volu-
metric soil moisture (VSM). This article describes the 
SCoBi simulator in detail and provides case studies for 
the Earth science community.

DEVELOPMENT OF THE SCOBI MODEL
The SoOp approach has emerged in recent years because 
of its potential for global-scale microwave remote sens-
ing in Earth science applications. This approach is based 
on receiving the reflected signals of existing transmitters 
such as navigation or communication satellites scattered 
along the Earth’s surface in a bistatic geometry. Because 
a dedicated transmitter is not needed, SoOp enables 
high spatiotemporal microwave remote sensing through 
the use of small satellite constellations. Depending on 
the geolocation of the specular point between the trans-
mitter and the receiver, SoOp receivers can collect valu-
able information for both land- and ocean-based geo-
physical properties, realizable through comprehensive 
inverse retrievals.

Advances over the past two decades in SoOp appli-
cations for remote sensing of the ocean have resulted 
in the launch of a few satellite missions. For instance, 
the first dedicated spaceborne Global Navigation Satel-
lite System Reflectometry (GNSS-R) receiver was a sec-
ondary payload on board the U.K. Disaster Monitoring 
Constellation [1]. It has demonstrated the potentiality of 
GNSS-R for remote sensing of ocean, ice, and land geo-
physical parameters [2]. The United Kingdom’s Technolo-
gy Demonstration Satellite-1 was launched in 2014 with an 
improved secondary GNSS-R payload to demonstrate 
SoOp’s ocean remote sensing feasibility [3]. NASA’s 
Cyclone Global Navigation Satellite System (CYGNSS) 
mission was launched in December 2016 to improve 
weather predictions by estimating ocean winds between 
38° S and 38° N latitudes [4]–[6]. CYGNSS has eight 
small satellites each with four channels in orbit, and it 
has a mean revisit time of 7 h. The constellation records 
a considerable amount of land observation data as well, 
which are publicly available. Nevertheless, SoOp land 
remote sensing has yet to demonstrate the same technol-
ogy readiness as ocean remote sensing. The major rea-
son is the lack of bistatic land models that sufficiently 
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account for the effects of many land geophysical parame-
ters (for example, surface and root-zone soil moisture, veg-
etation biomass, surface roughness, topography, and snow 
water equivalent) on SoOp observables.

Only a few studies have introduced forward models to 
deal with bistatic geometries over bare soil or vegetated 
terrains. These models can be grouped into two categories 
based on their method: radiative transfer theory (origi-
nating from the law of energy conservation) or analytical 
wave theory (in conjunction with distorted Born approxi-
mation). The known radiative transfer models are as fol-
lows: Bistatic–Michigan Microwave Canopy Scattering (Bi-
MIMICS) [7]; an extension of the Tor Vergata model [8]; the 
Soil and Vegetation Reflection Simulator, which is another 
model employing Tor Vergata [9]; and an extension of Bi-
MIMICS [10], [11]. The Coherent Bistatic Scattering Model 
[12], on the other hand, is based on analtyical wave theory. 
Some of these studies utilize a previously developed mono-
static model and extend it to the bistatic geometry [7], [10], 
[11]. Another exploits a monostatic coherent model [12] 
(the others are intrinsically bistatic).

Each of these studies considers diverse ground condi-
tions and covers some microwave spectrum bands and po-
larizations. For instance, Liang et al. applied their model to 
tree canopies at the L, C, and X bands with linear polariza-
tion [7]. Ferrazzoli et al. performed forest biomass analysis 
at the L band (GNSS-R) with circular polarization [8]. Pier-
dicca et al. studied bare soil and vegetated terrains at the L 
band with circular polarization [9]. Two studies were ap-
plied to the L band (GNSS-R) with combinations of linear 
and circular polarizations [10], [11]. Thirion-Lefevre et al. 
performed a P-band analysis with linear polarization [12]. 
In addition to these models, an open source GPS multipath 
simulator [13] based on a coherent forward multipath mod-

el is used for near-surface reflectometry and positioning ap-
plications [14]. It is a comprehensive GPS analysis toolbox 
that can produce signal-to-noise ratio, carrier phase, and 
code pseudorange observables.

We have recently developed a generalized, fully polari-
metric bistatic forward model for the purpose of creating a 
comprehensive SoOp analysis environment. The model was 
originally called the SCoBi for Vegetated Terrains (SCoBi-Veg) 
[15], [16]; however, it is now applicable for vegetated and bare 
soil terrains, where the ground structure can be single- or 
multilayered in either case. Hence, the model will be referred 
as SCoBi starting with this study. As its name suggests, it is a 
coherent model based on analytical wave theory.

The SCoBi model, as shown in Table 1, considers the an-
tenna characteristics, polarimetric effects, and configura-
tion influences, in particular, because such models are com-
monly used for ground-based and low-altitude airborne 
simulations, where these factors significantly impact bistat-
ic deliverables. For instance, it takes into account any com-
bination of polarizations (linear and circular) in conjunc-
tion with antenna effects, such as polarization mismatch 
and crosstalk. It also incorporates the antenna altitude, 
orientation, and voltage pattern as well as interferometric 
effects, such as complex voltage and beamforming. The 
SCoBi model applies analytical wave theory in conjunction 
with the distorted Born approximation to account for the 
vegetation layer. Hence, it allows users to analyze the phase 
as well as the amplitude information through a single scat-
tering assumption. The model is capable of simulating the 
complex field and received power (modified Stokes vectors 
converted from the complex field quantities) constructed 
by three contributions: direct (the line-of-sight distance 
between the transmitter and the receiver), coherent (the 
shortest multipath distance in the specular direction), and 
diffuse (scattered waves from the entire scene due to the 
vegetation scatterers). The diffuse term is acquired through 
a Monte Carlo scheme that generates a sufficient number of 
realizations for canonical scatterers within the vegetation 
canopy. One can refer to [16] for an exhaustively theoretical 
explanation of the SCoBi model. SCoBi was recently vali-
dated by P-band SoOp reflectometry measurements over 
land, through simulations of measured field data collected 
at Purdue University’s Agronomy Center for Research and 
Education during the 2017 growth season [17]. Bare soil 
measurements during this season showed consistent results 
between the measured and simulated reflectivity values. In 
the near future, the SCoBi model will be employed to cross-
validate the measurements obtained by drone- and tower-
based multifrequency receievers built in-house as well as 
small satellite missions such as CYGNSS [4] and SoOp  
P-band Investigation (SNoOPI) [18].

This article describes the free and open source SCoBi 
simulator framework, which we have further developed by 
employing the SCoBi model. The principal motivation for 
open sourcing such a simulator is to create a medium for 
the Earth science community, including researchers, scientists, 

TABLE 1. THE SCoBi IN A NUTSHELL.

EFFECTS CHARACTERISTICS

Polarimetric Fully polarimetric

Combination of linear/circular polarizations

Antenna Custom antenna patterns

Cross-polarization coupling

Beam divergence

Polarization mixing

Orientation

Configuration Altitude

Spreading loss over vegetation layer

Interferometric Complex voltage

Orientation

Beamforming

Multilayer Complex dielectric media

Stratified layer division

Vegetation and subsurface scattering

Vegetation Mix vegetation

Seasonal effects
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and even end users with little to no electromagnetic back-
ground, for the following reasons:
1)	 to study new SoOp methods under changing configu-

rations
2)	 to analyze existing or newly developed methods in detail
3)	 to determine optimal cases for specific applications/

missions
4)	 to generate, visualize, and analyze test data.

From this point, SCoBi has the potential to contribute to 
the reproducibility of scientific efforts, technology valida-
tions, and replicability of our simulation studies. SCoBi is 
also intended to optimize the time and effort spent by Earth 
science researchers on bistatic forward modeling needs. To 
acquire these objectives, the SCoBi simulator framework is 
released under the GPL.

THE SCOBI MODEL SIMULATOR FRAMEWORK
The distribution package of the SCoBi release can be ac-
cessed through GitHub [19] and is shown in Figure 1. The 
package consists of design, docs, and source folders as 
well as the license file (COPYING.txt) 
and brief introduction (README.
md) documentation. The design 
folder includes the architectural de-
sign of the SCoBi framework created 
by using the Sparx Systems’ Enter-
prise Architect tool. The docs folder 
currently contains only the manuals 
folder, which includes the SCoBi us-
er’s manual [20], developer’s manual 
[21], and a quick-start guide [22]. The 
source folder contains both the in-
put and lib folders. The input folder 
includes the system, configuration, 
Rx_antenna_pattern, and vegetation 
folders. Each of these folders includes 
some number of default input files 
with the distribution. The details of 
these files are discussed in the section 
“Input Files.”

This section describes the features, 
available analysis types, inputs, and 
outputs of the SCoBi simulator framework. The simulator 
predicts fully polarimetric reflections over vegetated or bare 
terrains, where the ground is assumed to be flat and have 
a smooth-to-moderate surface roughness level. The ground 
structure can be modeled as single-layered or multilayered 
slabs of dielectric constants for surface or root-zone analy-
sis, respectively. Therefore, the framework currently provides 
bistatic analyses over vegetated and bare soil terrains with 
surface-only (single-layered) or multilayered ground struc-
tures. A major difference between the current simulator and 
the original SCoBi-Veg model [16] is that diffuse scattering is 
not included in the current simulator. We decided to open-
source the simulator without methods for calculating diffuse 
scattering because of significant findings based on recent 

simulation studies [16], [23] that demonstrated the domi-
nance of coherent contributions over incoherent scattering 
even for ground-based configurations in the case of for-
ested or agricultural terrain over a flat, smooth surface. For 
instance, terrains with a root-mean-square height (RMSH) 
roughness below 2.5 cm for the L band could generate coher-
ent reflections with respect to the Rayleigh roughness crite-
rion, and the SCoBi model is still capable of calculating the 
diffuse term despite this feature not being implemented in 
the current simulator. The diffuse-scattering feature will be 
added to the existing simulator in a future update for the pur-
pose of applying SCoBi for terrains with topographic relief 
and high roughness levels.

The simulator calculates bistatic scattering for the most-
common SoOp configuration, which consists of a transmit-
ter far away from Earth. The receiver model is a ground-based 
or low-altitude passive instrument that acts as a reflectometer 
for the transmitted signals from long distances. A general bi-
static geometry considered by SCoBi is depicted in Figure 2. The 
figure shows a satellite transmitter, a ground-based receiver, 

design docs source LICENSE README

UML-EA manuals PDF

PDF

Presentation input lib

Design File
User’s Manual
Developer’s Manual
Quick Start Guide

System (.mat)

Configuration

Rx_antenna_pattern

Vegetation

Source (.m)

FIGURE 1. The SCoBi distribution package. The icons represent individual files, and the 
folder-enclosed icons represent folder names with several files. UML-EA: Unified Modeling 
Language–Enterprise Architect.
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FIGURE 2. The general bistatic geometry. U: up; N: north; E: east.
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a multilayer soil profile, and a vegetation layer. The local east-
north-up coordinate system is depicted. In the figure, S rep-
resents the specular reflection point, and hr  and ht  represent 
the receiver and transmitter altitudes, respectively. In fact, hr  
is not required for reflectivity analysis, but it can be given as 
an input for received power calculations. Bt  and Br  represent 
the boresight (main beam) directions of the transmitter and 
receiver, respectively. The transmitter incidence angle ( )t0i  is 
defined as the angle between the transmitter’s boresight di-
rection and the nadir. Although this angle is used for bistatic 
geometry computations, SCoBi prompts the user to input the 
transmitter’s elevation angle, which is a complement of the 
incidence angle to 90°.

The transmitter azimuth angle ( )t0{  is defined as the 
angle between the transmitter’s local x-axis and local north. 
The receiver zenith observation ( )r0i  and azimuth observa-
tion ( )r0{  angles are defined in a way similar to the inci-
dence and azimuth angles, respectively, of the transmitter. 
The defined azimuthal angles of the transmitter and receiv-
er are converted into Cartesian coordinates to use in com-
putations after input acquisition. The range term rd  denotes 
the line-of-sight distance between the transmitter and the 
receiver, rst  is the distance between the specular point and 
the transmitter, and rsr  stands for the distance between the 
specular point and the receiver.

The SCoBi simulator gets several inputs for the analysis 
type of interest and simulation specifications through a set of 
user-friendly GUI windows. It is applicable over a wide range 
of the microwave spectrum with any combination of linear 
and circular polarizations between the transmitter and receiv-
er. It has a few constraints on the other hand. For instance, veg-
etation analysis is applicable from the P- to S-bands due to the 
employment of the distorted Born approximation [16]. The 
application domain of the SCoBi simulator can be explained 
considering the analysis types and input sets as follows.

SCOBI MODEL ANALYSIS TYPES
The SCoBi simulator was developed as a framework to make 
it easily expandable for new analysis types. Currently, it 
provides vegetation or bare soil analyses over single-layered 
or multilayered ground structures. In addition, the ground 
model assumes a flat, smooth surface without topographic 

relief. SCoBi can be extended by adding other capabilities, 
such as snow, topography, permafrost, and wetlands. Fig-
ure 3 shows the analysis selection window of the SCoBi 
simulator, the initial window that welcomes the user when 
SCoBi is accessed by running the runSCoBi.m file under 
the /source/lib folder of the distribution package. This win-
dow has eight buttons representing analysis types. The first 
four of these are currently ready to use; the next four show 
how this framework can be extended in the future.

For instance, as a further development, the SCoBi model 
could be enabled to account for snow cover in conjunction 
with vegetation cover. In addition, the smooth-ground as-
sumption of the current model will be revised to consider 
diffuse scattering over highly rough ground, making pos-
sible a topography analysis. The currently active selection 
buttons (forest, agriculture, soil, and root zone) provide an 
easy way to select the SoOp analysis of interest and prepare 
the simulator with default inputs (provided for each analy-
sis type in the software release) or recently used inputs of 
that analysis type. In other words, the choice made in the 
analysis selection window does not make any change in 
the use of SCoBi other than filling entries with default or 
recently used input values; the user should determine the 
appropriate input set for the analysis type selected.

SCoBi opens the simulation inputs window after one of 
the analysis types is selected, as displayed in Figure 4. This 
GUI window maintains the same layout for all analysis types. 
However, the visibility of the GUI elements is managed based 
on the corresponding default or recently used inputs.

SCOBI MODEL INPUTS
SCoBi allows the user to determine a large number of in-
put parameters to specify the bistatic geometry, scene 
characteristics, transmitter and receiver antenna specifica-
tions and orientations, and dynamic scene conditions. The 
simulator receives the simulation inputs with the help of 
a GUI window, called the simulation inputs window, as seen 
in Figure 4. In fact, we have created a SCoBi user’s manual 
[20] and a set of tutorial videos [24] to help visualize what 
the parameters within the simulation inputs window repre-
sent and how changing these parameters affects the input 
structure of the configuration inputs, antenna pattern, and 
vegetation input files discussed later in this article. In addi-
tion, we briefly describe the separate input groups on the 
simulation inputs window in the following.

ANALYSIS SELECTION BUTTONS
These buttons are included for the sake of allowing users 
to load the default or recently used inputs for the different 
analysis types at any time without returning to the analysis 
selection window.

SIMULATION SETTINGS
The simulation settings panel includes the main setting pa-
rameters that determine the output directory name, simu-
lation mode, ground cover, and preferences. The campaign FIGURE 3. The SCoBi analysis selection window.
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field expects any character input and is combined with 
the time stamp of the simulation to generate the simula-
tion output name. One of the most significant features of 
the SCoBi simulator, the simulation mode enables snap-
shot and time-series analyses. The former simulates every 
combination of varying configurations and scene dynam-
ics, such as transmitter elevation and azimuth angles, VSM, 
and RMSH, to easily generate large numbers of simulated 
data sets. The latter allows the user to run temporal analy-
ses, with every simulation iteration considering a corre-
sponding set of dynamic parameters in conjunction with 
time stamps. The default input files use a day-of-year (DoY) 
numbering system.

The simulation mode selection affects the content of the 
configuration inputs file, as described in the section “Input 
Files.” Ground cover allows the user to perform an analy-
sis over a vegetated or bare soil terrain. If having vegetation 
cover is selected, then SCoBi requires a vegetation inputs file 
from the user, which is described later. The SCoBi user can 
also select among a few preferences, such as including a sim-
ulation in a master logging option or performing it as tempo-
rary as well as writing vegetation attenuation to an Excel file.

ACTION BUTTONS
The simulation inputs window houses three action buttons: 
load inputs, save inputs, and run SCoBi. The first is used for 

loading an existing system input (.mat extension) into the 
simulation inputs window. The second can be used to save 
the current input parameter values on the simulation inputs 
window as a SCoBi system input file with the .mat exten-
sion. The run SCoBi button allows the user to run a simula-
tion with the inputs given in the simulation inputs window.

TRANSMITTER INPUTS
This panel consists of editable text fields and pop-up 
menus to determine the transmitter characteristics and 
orientation of the SCoBi simulations. The user can input 
the transmitter’s operating frequency, range to Earth’s cen-
ter, and effective isotropic radiated power (EIRP) from this 
panel. The operating frequency should be chosen appro-
priately from the microwave spectrum based on the analy-
sis requirements. The range should be determined taking 
into account  the SCoBi simulator’s assumption that the 
transmitter is a satellite far away from Earth. The EIRP is 
included in the inputs to account for its offset effect on the 
received power.

The transmitter can be chosen for right-hand circu-
lar polarization (RHCP), left-hand circular polarization,  
X-polarized, or Y-polarized. In the SCoBi model, the y-axes 
of the antennas are considered parallel to the ground plane; 
thus, Y-polarization stands for H-polarization (horizontal). 
X-polarization accounts for the V-polarization (vertical) 

FIGURE 4. The SCoBi simulation inputs window.
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because the x-axes of the antennas are complementary- 
perpendicular to their y-axes. The orientation of the trans-
mitter allows the user to include either a geostationary or 
variable-orientation satellite. The orientation selection also 
makes changes in the preparation of the configuration in-
puts file such that the elevation and azimuth angles of a 
variable-orientation transmitter should be given in that file. 
On the other hand, the angles of a geostationary transmitter 
can be directly given in the simulation inputs window. The 
transmitter’s boresight and specular directions are assumed 
to be the same in the SCoBi model because the transmitter 
is far away from Earth and these directions differ by a small 
angular difference. However, in the future, the system can 
be extended to input the real transmitter orbit dynamics. 
Another potential future extension to SCoBi could account 
for geosynchronous transmitter orientation as well.

RECEIVER INPUTS
The content and purpose of this panel are similar to those  
of the transmitter inputs. The receiver altitude and gain are 
given as inputs for the power calculations. The polarization 
of the receiver can be chosen in the same way as the transmit-
ter. The receiver orientation can be specular facing or fixed. 
For specular-facing orientation, the main beam axis of the 
receiving antenna always faces the specular reflection point; 
thus, the receiver’s zenith observation and azimuth obser-
vation angles are equal to the transmitter’s incidence and 
azimuth angles, respectively. This orientation is aimed at di-
rectly analyzing any SoOp configuration’s angular sensitiv-
ity for varying incidence angles by minimizing the antenna 
pattern effects and polarization mismatch, which might sig-
nificantly dominate the ground-based observations.

The fixed orientation makes the receiver boresight di-
rection always look at a fixed point, and fixed orientation 
angles (zenith and azimuth observation) can be given 
directly in the simulation inputs window. These receiver 
orientations enable ground-based analysis; however, the 
SCoBi simulator can be extended for low-altitude airborne 
instruments by adding a variable receiver orientation just as 
the transmitter inputs panel allows. In this case, the vary-
ing receiver orientation angles can be given in the configu-
ration inputs files like the transmitter so that, for example, 
time-series analysis from the observation of an airborne re-
ceiver with variable roll, pitch, and yaw can be performed.

The final receiver input parameter is antenna pattern 
selection. SCoBi currently provides two different antenna 
pattern specification methods: user defined and generalized 
Gaussian. The user-defined antenna pattern definition is a 
powerful feature that allows users to employ both simulat
ed and measured antenna radiation patterns by simply 
providing the normalized voltage pattern values to the system 
[such that theta ( )i  angles span 180°, while phi ( )z  angles 
span 360°]. The normalized voltage pattern of the antenna 
(copolarization and cross polarization for dual ports) may 
be measured in an anechoic chamber or generated in any 
antenna modeling tool and fed into SCoBi as the antenna 

pattern file (described in section “Input Files.”) The second 
option for defining the antenna pattern, the generalized 
Gaussian, simply generates a 3D-symmetrical antenna pattern 
with side lobes. This option allows inputs, i.e., half-power 
beamwidth, side-lobe levels, and cross-polarization levels, to 
be provided directly on the GUI window.

GROUND INPUTS
This panel is used for deciding on the ground dielectric mod-
el and layer structure. The SCoBi simulator offers the option 
of using the dielectric models proposed by Dobson et al. 
[25], Mironov and Fomin [26], or Wang and Schmugge [27]. 
The ground can be modeled as single- or multilayered. The 
former provides a ground surface analysis only, whereas the 
latter is especially useful for root-zone analyses. The selec-
tion of the ground structure changes the content of the con-
figuration inputs file, as described in the following section. 
SCoBi offers unprecedented strength because it allows both 
vegetation and bare soil analysis to be run over either single-
layered or multilayered ground structures. The remaining 
ground inputs, such as soil texture or multilayer discretiza-
tion, are provided through the configuration inputs file.

The simulation inputs window shows four different di-
electric profile generation methods when the ground struc-
ture is multilayered. The user can choose from one to all 
of these methods when generating dielectric profiles and 
simulating GNSS-R observables (such as reflectivity) for 
these profiles. The discrete slab option can be selected to 
make SCoBi calculate the midpoint between each pair of 
VSM measurements within the soil layer. The user-defined 
soil moisture is then assumed to represent the soil moisture 
for the entire layer. For instance, for a VSM profile defined 
at points 5, 10, 20, and 40 cm within the soil moisture pro-
file, the VSM at 5 cm will be representative of the calculated 
layer extending from 0 to 7.5 cm, the VSM value at 10 cm 
will represent values from 7.5 to 15 cm, the VSM value at 20 
cm will represent values from 15 to 30 cm and the VSM val-
ue at 40 cm will represent the VSM from 30 cm to (40 cm + 
the bottom layer size). The bottom layer size (zB) is defined 
on the ground sheet of the configuration inputs file, which 
is described in the section “Input Files.” The other available 
fit functions include second-order polynomial, third-order 
polynomial, and logistic regression fit. When any of these 
are selected, the value for delZ, defined on the ground sheet 
of the configuration inputs file, is used to generate a series 
of points from the top of the soil moisture profile (z = 0) to 
the bottom.

INPUT FILES
The SCoBi simulator runs the simulations through the simu-
lation inputs window. The input parameters within this win-
dow are saved as a system input file with a .mat extension 
whenever a simulation is run or the user saves the input. The 
default system input files (forest, agriculture, soil, and root 
zone) are stored in the directory .\source\input\system\. (also 
shown in Figure 1).
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Additional input files fed into the simulations are Mi-
crosoft Excel files. The need for these files and their con-
tents may differ depending on the given inputs through the 
simulation inputs window. A comprehensive visualization 
and explanation of these Excel input files and their interac-
tions with SCoBi can be found in the user’s manual [17] and 
tutorial videos [20] and are described as follows.

CONFIGURATION INPUTS FILE
This file is required in every simulation and consists of two 
Excel spreadsheets: dynamic and ground. The dynamic 
spreadsheet defines the variable parameters, which may 
be given changing values with every simulation. The vari-
able parameters include time stamps (DoYs), azimuth and 
elevation angles of the transmitter, RMSH roughness, and 
VSM. The ground spreadsheet includes the parameters 
defining ground texture and multilayering. The simula-
tion mode, transmitter orientation, and ground structure 
selections determine the preparation of the content of this 
file. For example, the multilayered soil moisture profile is 
defined using both the dynamic and ground sheets of the 
configuration inputs file. On the ground sheet, values for 
soil bulk density, sand ratio, and clay ratio at multiple lo-
cations within the soil profile should be given; the single-
layered ground case requires only one value for each of 
these parameters. Values for the air layer size (zA), bottom 
layer size (zB), and layer discretization (delZ) are also de-
fined; these are not included in a single-layered simulation. 
Similar to values recorded by soil moisture data loggers, the 
dynamic sheet lists the VSM at different layer depths for a 
multilayered ground structure. When a time-series analysis 
is performed, each row is a different point in time, as de-
noted by the DoY column. Thus, the dynamic sheet lists the 
different VSM measurements as a function of time. Further 
advanced details are provided in the user’s manual [20]. 
In addition, a number of default configuration inputs files 
accompany the SCoBi software distribution to help users 
understand the configurations needed to prepare this file 
for different analysis types in the following directory of the 
SCoBi download package: .\source\input\configuration\.

ANTENNA PATTERN FILE
This file is required only if the receiver antenna pattern is 
selected as user defined. Otherwise, the simulation inputs 
window disables the corresponding parts that allow input 
to this file. It consists of four spreadsheets—gnXX, gnXY, 
gnYX, and gnYY—that hold the normalized voltage pattern 
values for copolarization and cross polarizations for dual 
ports. The default antenna pattern file that comes with the 
SCoBi software distribution can be found in the follow-
ing directory of the downloaded package: .\source\input\
Rx_antenna_pattern\.

VEGETATION INPUTS FILE
This file is required only if the ground cover is selected as 
vegetation. Otherwise, the simulation inputs window dis-

ables the corresponding parts that allow the user to input 
this file. It consists of two spreadsheets: layers and kinds. 
The layers spreadsheet should provide detailed information 
about the vegetation layer thicknesses and the content of 
each individual layer. Vegetation cover can be divided into 
a number of layers by defining separate layer thicknesses 
for the purpose of placing scatterers, called kinds (leaf, 
branch, trunk, or needle), into different layers. For each 
vegetation layer row, the subsequent columns following the 
thickness column should define the content (involved con-
stituent kinds) of the layer specified by the row. Detailed 
information about these kinds, such as the dimensions, 
densities, orientation, and dielectric constants, should be 
given in the kinds spreadsheet. New vegetation inputs files 
other than the default ones can be prepared following the 
user’s manual [20]. Default files for forest and agricultural 
analysis come with the SCoBi release under the directory .\
source\input\vegetation\.

SCoBi MODEL OUTPUTS
The basic relationship among the inputs, the SCoBi source-
code (lib folder), and the outputs is, from the user’s perspec-
tive, similar to the use of a black-box tool, as presented in Fig-
ure 5. In other words, the SCoBi user prepares the inputs and 
runs the simulator interacting with only the runSCoBi.m 
function. SCoBi, then, uses the inputs (both system input 
and Excel inputs) and generates the corresponding simula-
tion outputs under the ./source/sims directory. It generates 
the complex field and real-valued power results for the di-
rectly received signals as well as reflection coefficient and 
reflectivity values for the specular reflection contribution. 
The SCoBi outputs can also be used to calculate the received 
power due to the specular reflection contribution. The sizes 
of the resulting matrices depend on the simulation inputs 
(snapshot or time-series simulation) and the number of 
varying values for dynamic system parameters.

The current SCoBi simulator version has a limited num-
ber of analysis functions, such as plotting reflectivity as a 
function of transmitter elevation angle or VSM. These initial 
plotting functions are provided to help users easily visualize 
the reflectivity; however, the simulator outputs are ready to 
be analyzed for phase or amplitude as well. Further details 
about the SCoBi outputs and analysis features can be found 
in the user’s manual [20] and the tutorial videos [24].

CASE STUDIES
The default inputs of the system are aimed at allowing the 
user to easily learn the use of the SCoBi system and the 

input lib sims

FIGURE 5. The black-box relationship between the input, lib, and 
output folders from the user’s perspective.
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differences between analyses. They enable performing four 
different case studies with the initial distribution package as 
well: forest, agriculture, soil, and root zone. In this section, 
the case studies are given with only the reflectivity results. 
However, advanced users can further analyze the bistatic 
phase, interferometry, reflection coefficient, or received 
power. Moreover, the effects of varying custom antenna 
patterns and specifications (polarization, polarization mis-
match and crosstalk, orientation, and altitude) as well as dif-
ferent vegetation statistics on the reflectivity can be studied.

FOREST
The default input for the forest analysis, as seen in Figure 4, 
allows for a P-band simulation over a forested terrain of 

deciduous Paulownia trees. It considers a geostationary 
communication satellite operating at the P-band (370 MHz). 
It simulates a ground-based, X-polarized receiver that has 
an altitude of 20 m. A single-layered ground structure is 
modeled in this forest case. The vegetation layer is designed 
to resemble a Paulownia forest and so includes trunks, 
branches, and leaves along with statistics of dimensions, 
densities, orientation, and dielectric characteristics coming 
from in situ measurement data [28]. This example is de-
scribed comprehensively in the SCoBi user’s manual [20]. 
The simulated reflectivity as a function of VSM values used 
in these simulations is shown in Figure 6.

AGRICULTURE
The default input for the agriculture analysis considers an 
agricultural field, where vegetation inputs enable modeling 
of the corn constituents. The transmitter is a GNSS satel-
lite that operates at L1A band (1,575.42 MHz). The ground 
structure and receiver are similar to those of the forest de-
faults except that an RHCP antenna is assumed. The veg-
etation layer inputs are prepared considering the real-world 
statistics of the corn stalks, leaves, and cobs. This agricul-
ture input configuration has been exploited in a corn simu-
lation study, where GNSS-R responses to dynamic scene 
conditions are quantified [23]. This example is explored in 
greater detail in the SCoBi user’s manual [20]. The simu-
lated reflectivity as a function of the transmitter elevation 
angle is illustrated in Figure 7.

SOIL
The default input for the soil analysis allows the simulation 
of a P-band SoOp configuration over bare soil. The ground 
is considered to be single layered; hence, this analysis covers 
a surface reflection scenario. This setup employs the same 
transmitter as the default agriculture input and the same re-
ceiver as the forest input. The main purpose of the default 
soil inputs is to enable the performance of an L-band time-
series analysis over a bare soil terrain. Further details about 
this example are included in the SCoBi user’s manual [20].

ROOT ZONE
The default input for the root-zone analysis is quite differ-
ent from that for the previous analyses because it represents 
a multilayered soil profile. A multilayered bare soil terrain 
is considered in this default input for the sake of simplicity. 
However, any root-zone analysis may include vegetation 
cover as well. The default input uses the same transmitter 
satellite as the forest analysis. It considers a similar receiver 
as well, but the receiver now has a set of fixed orientation 
angles. A detailed example is explored in the SCoBi user’s 
manual [20].

SCoBi MODEL ARCHITECTURE
The SCoBi simulator framework was developed by an itera-
tive and incremental development process, including re-
quirements analysis, design, implementation, testing, and 
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deployment. For instance, the requirements analysis took 
place mostly during the creation of the SCoBi model [16] 
over several years, and then the simulator framework was 
designed, implemented, and tested with increments. How-
ever, many iterations have been performed on the require-
ments, design, and implementation based on the results of 
the tests and findings of the studies [16], [23] undertaken  
for the preliminary SCoBi versions. Our tests demonstrat-
ed the verification of the SCoBi simulator framework. In 
other words, tests show that the simulator meets the re-
quirements of the SCoBi model. The validation of SCoBi 
is mature, to some degree, because the simulated results 
are compared and shown to be in agreement with several 
experimental studies [16], [23]. The multilayered ground 
simulations for bare soil and vegetated terrains are current-
ly being used for validation purposes [17] for the SNoOPI 
project [18]. CYGNSS-based reflectivity derivations [4] 
over homogenous and known terrain conditions, such as 
agricultural fields, are currently being compared to SCoBi-
generated reflectivity values during our ongoing research 
[29]. Moreover, airborne and tower data collection cam-
paigns are planned for further experimental validation in 
the near future. For this purpose, observatory data are cur-
rently being collected over several terrains using in-house-
built drone-based receivers. We will handle the mainte-
nance of the SCoBi product for scheduled improvements 
(such as improving exception-handling mechanisms or 
adding new SoOp analysis types), user requests, and pos-
sible scientific collaborations.

The SCoBi source code was implemented in the MAT-
LAB R2017a environment; however, it is compatible with 
the versions above MATLAB R2015a (the oldest version that 
SCoBi was tested with) within the MS Windows Operating 
System (64-bit Windows 10). SCoBi does not require addi-
tional MATLAB toolboxes or plugins. MATLAB was chosen 
for the development because of its common use among re-
searchers, efficient handling of the matrices, simple script-
ing features, and plotting capabilities. Both the structural 
and behavioral design models of the SCoBi software can be 
found in the Sparx Systems’ Enterprise Architect design file 
shown in Figure 1. However, the SCoBi design details can 
be explained as follows.

STRUCTURAL DESIGN
The SCoBi architectural design is mainly achieved us-
ing the procedural programming principles MATLAB 
intrinsically supports. However, object-oriented pro-
gramming (OOP) design and implementation principles 
are also utilized, as needed, for advanced design, data 
encapsulation, manipulation, code organization and 
readability, and maintenance purposes. Combining two 
design approaches offers the enumerated advantages of 
the OOP design while exploiting MATLAB’s procedural 
scripting capabilities. For instance, the simulation en-
gine (runSCoBi.m) is operated only by a MATLAB proce-
dure (function) implementation, whereas the dynamic 

and static system parameters are handled with the help 
of several classes with singleton pattern features.

The software packages within the source code are de-
termined with respect to the relational hierarchy between 
each software entity (MATLAB functions or classes). Each 
package consists of several functions and/or classes. 
The Unified Modeling Language (UML) package dia-
gram for the SCoBi source code (/source/lib/) packages 
is represented in Figure 8. The runSCoBi.m function is 
directly beneath the lib package. It uses several packages 
to perform specific tasks to compute the model’s output; 
for instance, the gui package obtains the user inputs for 
simulations, the init and param packages initialize the 
simulation parameters using the information (inputs) 
from the gui package, and the main package performs 
every simulation iteration. The main package uses the 
param package to manipulate parameters-related tasks, 
the bistatic package to handle the bistatic geometry, the 
ground package to account for ground operations (dielec-
tric calculation and specular reflection), the multilayer 
and vegetation packages (if involved in a simulation), 
and the products package to create and store simulation 
outputs. There are information flows from the bistatic, 
ground, multilayer (if included), and vegetation (if in-
cluded) packages to the products package.

The SCoBi design file (created in Enterprise Architect) 
also includes the UML class model of the software (lib 
package). In fact, class models are dedicated to the class 
instances in the OOP designs; however, this model is em-
ployed to depict the entire structural relations (usage, in-
formation flow, or inheritance) between the source code 
entities (MATLAB functions and classes). Although this is 
not a valid use of the class model, it can help developers un-
derstand the general structure of SCoBi. Because the overall 
SCoBi class model is highly complicated, class models are 
also provided for the runSCoBi.m and mainSCoBi.m func-
tions, which are the simulation engine and simulation it-
erator functions, respectively. These two models show only 
the dedicated function and its first-degree relations with 
the other source code entities.

BEHAVIORAL DESIGN
UML behavioral diagrams, such as sequence and activity 
diagrams, are specialized to demonstrate the dynamic as-
pects of software programs. The UML activity diagrams are 
used to show the temporal flow of the SCoBi simulator. The 
SCoBi design file contains activity diagrams for both the 
simulation engine and simulation iterator because these 
two deal with the overall flow. The SCoBi simulator frame-
work always starts by running the runSCoBi.m function. 
The activities and the decisions performed as part of this 
function are pictured in Figure 9. In summary, the simula-
tion engine receives the user inputs, initializes the param-
eters and simulation by using these inputs (with the help of 
input validation controls), and calls the simulation iterator 
(mainSCoBi.m) after writing the simulation reports.
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The runSCoBi.m determines the required number of simu-
lation iterations for a chosen simulation using the parameters 
manager class. This is because the simulation mode, whether 
snapshot or time-series, in conjunction with the system and 
configuration inputs may change the number of total simula-
tion iterations. Details of this phenomenon are described in 
both the user’s manual [20] and the tutorial videos [24]. The 
simulation engine then runs the simulation iteration func-
tion (mainSCoBi.m) for the number of simulations.

The simulation iteration function, mainSCoBi.m, is al-
ways the same regardless of the analysis type. However, the 
analysis type and input selections affect the package usage 
and procedure calls within mainSCoBi.m. For instance, a 
vegetation analysis requires SCoBi to use the software pack-
age called vegetation and to call several related procedures, 
such as the propagation calculation.

The flow of the mainSCoBi.m function is shown with 
the help of a UML activity diagram in Figure 10. Because 

FIGURE 8. The SCoBi lib package diagram.
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this function is called for in every iteration of the simula-
tion engine, it handles the updates and calculations related 
to the iterative steps. For instance, it starts by updating the 
dynamic parameters for the bistatic geometry and ground 
surface. These updates are needed in each iteration because 
the simulation inputs may contain changing transmit-
ter orientation angles and land geophysical parameters, 
such as VSM and RMSH. If the ground structure is multi-
layered, the multilayer dielectric profiles are computed. If 
the ground cover is vegetation, the vegetation propagation 
is calculated; furthermore, the vegetation attenuation val-
ues are written into an Excel file if chosen by the user. The 
polarization rotation matrices for the local antenna coor-
dinate systems must also be updated due to changes in the 
bistatic geometry during each iteration. Finally, the current 
iteration prepares to generate the SoOp deliverables (the di-
rect and specular contributions) for the parameters in the 
iteration and stores the calculations incrementally to the 
simulation outputs.

FUTURE DEVELOPMENTS
The SCoBi simulator was designed with the intention to 
foster a community of developers who may advance the 

modeling and simulation capabilities for SoOp over land 
applications. The framework is designed to simplify the 
implementation of new features for the simulator. A devel-
oper’s manual is included as part of the SCoBi distribution 
package to encourage and assist developers in extending  
this SoOp simulator.

Potential future extensions to the SCoBi framework are 
twofold: improvements made by its initial developers and 
improvements made by the community for specific needs. 
We aim to organize future extensions in two directions: 
improving the structure of the SCoBi framework and add-
ing new capabilities. Implementing advanced exception-
handling mechanisms is one potential major structural im-
provement to strengthen the current architecture, although 
the current SCoBi provides several handling techniques, 
such as input manipulation (regulation) and use of man-
agement classes. Batch running without any GUI window 
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could be another objective to make SCoBi more flexible for 
fast-analysis purposes.

The second class of improvements we aim to include in 
future versions involves enlarging SCoBi’s features. For in-
stance, the visualization capabilities are as significant as the 
generation of the simulated observables. We plan to release 
the plotting options for time-series analysis over multilay-
ered grounds as well as provide user-friendly GUI windows 
for visualization purposes.

SCoBi can also be extended in response to the Earth sci-
ence community’s needs. Such extensions can be made by 
us at the request of users, through collaborations, or based 
on future users’ and developers’ own initiatives. To illus-
trate, diffuse scattering, which is already handled by the 
SCoBi model [16], might be added to the simulator if any 
specific need arises, although we believe diffuse contribu-
tion is far from dominating SoOp land observables. In addi-
tion, the SCoBi forward model possesses many capabilities 
not yet utilized by the SCoBi simulator, although the cur-
rent distribution contains many novel tools and features. 
For instance, the model supports the use of new antenna 
pattern methods; thus, a new antenna pattern generation, 
such as cosine to power n, can be added to the framework. 
Similarly, geosynchronous transmitters, a new ground di-
electric model, or a new plotting function can be incor-
porated into the framework. For those who try to extend  
SCoBi alone, the SCoBi developer’s manual and UML designs 
can help. A major extension could be the implementation of 
one of the unimplemented analysis types. For example, snow 
cover on the ground, topographic relief to the current scatter-
ing calculations, permafrost analysis within the root zone, or 
wetland analysis can be introduced to the model.

CONCLUSIONS
A new fully polarimetric coherent SoOp simulator was in-
troduced for the Earth science community. It has unprec-
edented capabilities, such as supporting any combination 
of polarizations, taking into account significant antenna 
characteristics (polarization crosstalk and mismatch, dif-
ferent antenna pattern methods, and so forth), handling 
vegetation and multilayered soil analysis simultaneously, 
supporting multiple models for soil dielectric calcula-
tions, and enabling interferometric analysis by provid-
ing the complex field quantities. It simulates direct and 
specular reflection contributions on bistatically received 
signals. It is released with a set of built-in plotting func-
tions. Furthermore, it has a user-friendly GUI, it is free 
and open source, and it offers a user’s manual [20] and 
developer’s manual [21] together with a set of tutorial 
videos [24].

The SCoBi simulator framework is aimed at creating 
an environment wherein both lifelong researchers and 
newcomers to SoOp reflectometry can investigate new 
methods for SoOp Earth science applications. It can be 
exploited by researchers, scientists, and even end users 
with little to no electromagnetic background. SCoBi has 

the potential to allow users to study new SoOp techniques, 
make analyzing SoOp methods in detail possible, help de-
termine optimal configurations for directed use, and en-
able generating, visualizing, and analyzing large amount 
of simulated test data.
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Gaining access to labeled reference data is one of the 
great challenges in supervised machine-learning 

endeavors. This is especially true for an automated 
analysis of remote sensing images on a global scale, 
which enables us to address global challenges, such as 
urbanization and climate change, using state-of-the-art 
machine-learning techniques. To meet these pressing 
needs, especially in urban research, we provide open ac-
cess to a valuable benchmark data set, So2Sat LCZ42, 
which consists of local-climate-zone (LCZ) labels of ap-
proximately half a million Sentinel-1 and Sentinel-2 im-
age patches in 42 urban agglomerations (plus 10 ad-
ditional smaller areas) across the globe. 

This data set was labeled by a group of domain experts 
following a carefully designed workflow and evaluation 
process. We conducted rigorous quality assessment with in-
dependent label voting by domain experts, which is rarely 
done in other labeled remote sensing data sets. The data set 
achieved an overall confidence of 85%. We believe this is 
a first step toward an unbiased, globally distributed data 
set for urban growth monitoring using machine-learning 
methods, because LCZ analysis provides a rather objective 
measure compared with many other semantic land-use and 
land-cover classification systems. It measures morphology, 
compactness, and height of urban areas, which are less de-
pendent on human activity and culture. Furthermore, such 
large-scale labeled data with uncertainty measures can 
serve as a benchmark for cutting-edge machine-learning 
research specific to Earth observation (EO), such as auto-
matic topology learning, data fusion, modeling uncertain-
ties in machine learning, and many more. This data set can 
be accessed at http://doi.org/10.14459/2018mp1483140.

THE NEED FOR LOCAL-CLIMATE-ZONE LABELS
The production of land-use/land-cover (LULC) maps at 
large or even global scales is an essential task in the field 

of remote sensing. These maps can provide valuable input 
for many societal questions, such as understanding human 
poverty or climate change, supporting the conservation of 
biodiversity and ecosystems, and providing stakeholder in-
formation for disaster management and sustainable urban 
development [1]. 

Urbanization is undoubtedly the most important 
megatrend in the 21st century after climate change. Cur-
rently, half of humanity—3.5 billion people—lives in cities. 
Shockingly, one billion of them still live in slums. There-
fore, sustainable urban development has become one of the 
17 sustainable development goals of the United Nations. 
Today, sustainable development increasingly depends on 
the successful management of urban growth, especially 
in developing countries, where the pace of urbanization is 
projected to be the fastest, according to World Urbanization 
Prospects: The 2018 Revision [2]. LULC maps enable us to de-
scribe, track, and manage urban growth in an objective and 
consistent manner.

Examples of global LULC products created by the remote 
sensing community include the Global Urban Footprint [3], 
[4], produced from synthetic aperture radar (SAR) data ac-
quired by the TanDEM-X mission; the Global Human Set-
tlement Layer, created from global, multitemporal archives 
of fine-scale satellite imagery, census data, and volunteered 
geographic information [5]; and the Finer Resolution Ob-
servation and Monitoring of Global Land Cover and Globe-
Land30 data sets, generated from 30-m-resolution Landsat 
data [6]. This list is not exhaustive; however, these prod-
ucts all provide semantic labels of urban and nonurban or 
even more specific classes. These semantic labels are often 
subjective (to human interpretation) and culture-depen-
dent. For example, the definitions of urban and nonurban  
areas might be drastically different in Europe and Africa 
and from person to person.

LOCAL CLIMATE ZONES IN GLOBAL URBAN MAPPING
For consistent analysis across the globe, an objective and 
culture-independent classification scheme for urban areas 
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is pressingly needed. After extensive research, we turned to 
LCZs, which were originally developed for metadata com-
munication of observational urban heat island studies [7]. 
There are 17 classes in the LCZ classification scheme; 10 are 
built classes and seven are natural classes. They are based 
on climate-relevant surface properties on the local scale, 
which are mainly related to 3D surface structures (e.g., the 
height and density of buildings and trees), surface cover 
(e.g., vegetation or paving), and anthropogenic parameters 
(such as human-based heat output). 

A schematic drawing of the 17 classes is shown in 
Figure 1(a). The 10 urban classes describe the morphol-
ogy of the area, including the density and height of the 
buildings as well as the percentage of impervious sur-
face. The urban classes are mostly shown in red, with 
decreasing intensities as the building density and height 
decrease from compact high-rise to open low-rise. Fig-
ure 1(b) shows the LCZ classification of Vancouver, Can-
ada, created by the authors. The dark red part marked 
by the yellow rectangle is downtown Vancouver, where 
most of Vancouver’s high-rise buildings are located. The 
light red part of the classification map is mostly low-rise 
residential houses. As a reference, the Google image of 
this area in Figure 1(c).

Because the LCZ classes are defined by their physical 
properties, they are generic and applicable to cities across 
the world, offering the potential to compare different ar-
eas of various cities with trenchant distinctions represent-
ing the heterogeneous thermal behavior within an urban 
environment [8]. In addition to the increasing impact on 
worldwide climatological studies, such as the cooling effect 
of green infrastructure and microclimatic effects on town 
peripheries [9]–[18], researchers have recently started to use 
the LCZ approach to classify the internal structure of urban 
areas, providing promising information for various applica-
tions, such as infrastructure planning, disaster mitigation, 

health and green-space planning, and population assess-
ment [19], [20]. The remote sensing community also ad-
dressed this topic by organizing the 2017 IEEE Geoscience 
and Remote Sensing Society Data Fusion Contest, which 
had the goal of LCZ classification [21].

RELATED WORK IN LOCAL-CLIMATE-ZONE 
CLASSIFICATION

COMMUNITY-BASED LOCAL-CLIMATE-ZONE MAPPING
A significant part of the existing development of LCZ clas-
sification is community-based, large-scale LCZ mapping 
using freely available Landsat data and software [23]–[25]. 
The World Urban Database and Portal (WUDAPT) [22], a 
community-driven initiative, was organized by research-
ers to map high-quality LCZ maps worldwide. Within this 
framework, currently, almost 100 cities worldwide have 
been mapped with moderate quality, providing sufficient 
detail for certain model applications [26]. LCZ maps of 
tens of cities, after undergoing quality assessment and 
generation of metadata, are now openly available at the 
WUDAPT portal. More recently, LCZs of Europe are being 
mapped as part of the WUDAPT project, with data from 
Sentinel-1, Sentinel-2, and the Defense Meteorological 
Program Operational Linescan System Nighttime Lights 
product [27].

These community-based efforts mark the first step to-
ward a more synergetic cooperation among researchers. 
However, multiple studies have reported that the quality 
of the produced LCZ maps is inconsistent [28], [29], as the 
procedures strongly rely on the knowledge of individual 
volunteers. For example, the methods of community-based 
LCZ mapping mainly consist of 1) labeling of reference data 
in Google Earth and 2) classification using shallow learn-
ing algorithms, such as random forest (RF) in geographic 
information system software, a process detailed in [8].
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FIGURE 1. (a) A schematic drawing of the 17 LCZ classes. (Source: modified from the World Urban Database and Portal [22].) (b) An LCZ 
classification map of Vancouver, Canada, created by the authors. (c) A Google image of downtown Vancouver, where most of the high-
rise buildings are located. The yellow rectangle in (b) map marks the downtown areas. (a) was modified from the WUDAPT [22]. 
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ALGORITHMIC DEVELOPMENT
Therefore, significant development is still needed to achieve 
global LCZ mapping because of the lack of high-quality la-
bels and transferable classifiers for worldwide deployment. 
There are various promising classifiers for LCZ recently pro-
posed by different research groups, including RF, support 
vector machines (SVMs) [30], canonical correlation forests 
[31], [32], rotation forests [21], gradient-boosting machines 
[33], and ensembles of multiple classifiers [34]. The data 
used are mainly satellite data in the optical and microwave 
ranges, such as Landsat, Sentinel-1, and Sentinel-2 images. 

Recently, fusing of multisource data, such as satellite 
images and Google Street View, has also been investigated 
for LCZ classification [35]. Deep learning certainly played 
an important role in LULC using remote sensing data [36]. 
Multiple algorithms based on convolutional neural net-
works, such as residual neural network and ResNeXt, [35], 
[37]–[42] have been developed. These approaches provide 
satisfying results for specific areas. However, according to 
[8], [26], and [43], regional variations in vegetation and ar-
tificial materials as well as significant variations in cultural 
and physical environmental factors cause large intraclass 
variability of spectral signatures. One existing effort to fur-
ther improve LCZ classification results is developing more 
robust machine-learning models with high generalization 
ability to facilitate efficient upscaling in a reasonable time 
frame [27], [43]. Deep-learning-based models have been 
shown to have better generalization ability; thus, they can 
be better exploited for LCZ classification [36], [40].

Despite active algorithmic development, the global 
transferability of a machine-learning LCZ model requires a 
large quantity of globally distributed and reliable reference 
data as a first step. Such a data set is nonexistent in the com-
munity; this task is addressed in this article.

CONTRIBUTIONS OF THIS ARTICLE

THE DATA SET
To answer the pressing need for LCZ training data sets, we 
carefully selected and labeled 42 urban agglomerations 
plus 10 additional smaller areas across all of the continents 
(except Antarctica) around the globe. Their geographic dis-
tribution can be seen in Figure 2. Many polygons in those 
cities were manually labeled by the authors. By projecting 
these labels to the corresponding coregistered Sentinel-1 
and Sentinel-2 images, we obtained 400,673 pairs of cor-
responding Sentinel-1 SAR and Sentinel-2 multispectral im-
age patches with LCZ labels. An impression of the Sentinel 
image patch pairs in the data set can be seen in Figure 3. 
However, the actual patches in the data set have a dimen-
sion of 320 × 320 m, which is smaller than the visualization 
in Figure 3. Accompanying  this article, we provide open 
access to this high-quality So2Sat LCZ42 data set to the re-
search community. This is meant to foster the development 
of fully automatic classification pipelines based on modern 
machine-learning approaches and support the accelerated 
use of LCZ mapping at global scale.

IMPROVED LABELING WORKFLOW
We found that merely following the definition of LCZs in 
[9] and the labeling process mentioned in WUDAPT is not 
optimal for a joint labeling activity by a group of people be-
cause of the vague definitions of some LCZ classes. To en-
sure the highest possible quality of the result, we designed 
a rigorous labeling workflow and decision rules, shown 
in Figure 4 and “Decision Rule of Local-Climate-Zone La-
beling,” respectively. Meetings were conducted before and 
during the labeling process to calibrate our understanding 
of the definitions of the 17 classes. Afterward, the labeling 

FIGURE 2. The locations of the 42 main cities (green dots) and 10 additional cities (orange dots) included in the So2Sat LCZ42 data set. 
(Source: Microsoft Bing Maps.)
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results from each member of the labeling crew were visu-
ally inspected by a different person to spot obvious errors. 
Finally, we conducted a quantitative evaluation of the label 
quality. The entire rigorous labeling processing took ap-
proximately 15 person-months.

RIGOROUS LABEL-QUALITY ASSESSMENT
Similar to any remote sensing product, reference labels 
must have error bars to indicate their trustworthiness, but 
such a quality measure rarely appears in data sets of remote 
sensing image labels. As mentioned previously, we conduct-
ed a rigorous quantitative evaluation of 10 cities in the data 
set by having a group of remote sensing experts cast 10 in-
dependent votes on each labeled polygon, to identify pos-

sible errors and assess human labeling accuracy. “Human 
confusion matrices” per polygon and per pixel were creat-
ed, where the confidence of individual classes can be seen. 
In general, our human labels achieve 85% confidence. This 
confidence number can serve as a reference accuracy for the 
machine-learning models trained on this data set.

So2Sat LCZ42 DATA SET CREATION
A four-phase labeling process was designed to maximize label 
consistency and minimize human error, consisting of learn-
ing, labeling, visual validation, and quantitative validation 
phases (Figure 4). The detailed procedures for each phase 
are introduced in this section. We also prepared the corre-
sponding Sentinel-1 and Sentinel-2 images of the 52 areas, and 
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FIGURE 3. Examples of Sentinel-1 and Sentinel-2 image scenes of the 17 LCZ classes. In each LCZ, the upper image is the intensity (in 
decibels) of the Sentinel-1 scene; the middle image is the corresponding Sentinel-2 scene in red, green, blue; and the lower image is the 
high-resolution aerial image from Google as a reference. This figure shows the typical urban morphology of each LCZ class and the content 
observable by Sentinel-1 and Sentinel-2. For visualization purposes, the image scenes are much larger than the actual patches (32 × 32 
pixels) in the So2Sat LCZ42 data set.
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proper preprocessing procedures were performed on the 
two types of images.

CREATING THE LABELS

LEARNING PHASE
The learning phase aims at creating a standard for team 
members who conduct the labeling (referred to as the la-
beling crew). The reasons are twofold. First, the definition 
of LCZ classes (given in [9] and listed in Table 1) are not 
mutually disjoint (e.g., class 3, compact low-rise, and class 
8, large low-rise), and their union does not describe the 
entirety of Earth’s surface. That is, that some areas do not 
fall into any of the LCZ classes, and some can be catego-
rized according to multiple classes. Second, interpreta-
tions of the definitions by different individuals still differ 
from each other.

The labeling crew started by building a visual impres-
sion of different LCZ classes by viewing aerial images on 
Google Earth and then moved toward a quantitative un-
derstanding of each class. As a result, we constructed a 
quantitative-labeling decision rule according to the literal 
definition. This is shown in Figure S1. An examination of 
the labeling learning course was conducted before actual 
labeling began, for which everyone in the labeling crew cast 
a vote on many selected scenes. Ambiguous scenes were se-
lected and discussed to calibrate everyone’s understanding.

LABELING PHASE
The labeling phase followed a standard procedure defined 
in the WUDAPT project [22]. First, each member of the la-
beling crew claimed a few cities among the 52 cities and 
defined a region of interest (ROI) within each selected city 
by drawing a rectangle of approximately 50 × 50 km around 

the city center in Google Earth. Second, polygons enclosing 
different LCZ classes were manually delineated in Google 
Earth. These polygons are the preliminary labels. After-
ward, Landsat 8 images covering the ROI were prepared.

After this preparation, an RF classifier was trained us-
ing the Landsat 8 images and the preliminary LCZ labels 
to produce an LCZ classification map of the specific city. 
This classification map and the satellite image on Google 
Earth served as auxiliary data for cross-checking the cor-
rectness and completeness of the LCZ labels. The details are 
explained as follows.

◗◗ Correctness: The crew visually inspected discrepancies 
between the classification maps and the labels of the 
polygons. If a mismatch was found for a labeled poly-
gon, the crew inspected the satellite image on Google 
Earth and corrected the given label if necessary. This 
process was repeated until no noticeable discrepancy 
between the classification map and label was found.

◗◗ Completeness: The labeling crew cross-checked the clas-
sification result with the satellite image on Google 
Earth in unlabeled areas to find negative samples. 
For example, dense forest might be classified as water 
because of the  lack of a dense forest label.  The label-
ing crew then labeled those negative samples of dense 
forest and included them in the whole label data set. 
This hard-negative mining procedure was carried out it-
eratively until no noticeable discrepancies between the 
classification maps and Google Earth images in unla-
beled areas were found.

The classification maps produced during the manual label-
ing process were employed only to provide guidance to the 
labeling crew and were not used in the final data. All LCZ 
labels in the final provided reference data fully relied on 
manual human annotation.

FIGURE 4. The four-phase labeling project, showing the (a) learning, (b) labeling, (c) first validation, and (d) second validation phases.
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VISUAL QUALITY-CONTROL PHASE
Despite a clear quantitative definition that was agreed on by 
the labeling crew in the learning phase, personal bias and 
outliers still existed in the labeling result. Therefore, a man-
ual inspection was required before quantitative validation 
to adjust personal biases and decrease the inevitable hu-
man mistakes. After the labeling phase, two persons other 
than the individual who labeled the polygons sequentially 
and independently validated the labels, as demonstrated in 
step C of Figure S1. These two persons were responsible for 
visually inspecting two types of signals in the classification 
map: 1) obvious outliers, such as water being classified as 
a dense high-rise building, and 2) a normal compactness-
centric pattern of urban areas, that is, the compactness 
of urban buildings decreases from the city center toward 
the suburbs. If the obvious outliers cover a comparatively 

large area, a polygon with the correct label must be added. If 
an abnormal compactness pattern appears, the validation 
requires a detailed inspection, which often leads to add-
ing polygons or correcting labels of existing polygons. We 
found that visual validation gave us a significant indication 
of label quality.

LABEL POSTPROCESSING
After obtaining labeled LCZ polygons, we discovered that 
the following postprocessing procedures were necessary.

◗◗ Polygon shrinking: Although all of the polygons were cor-
rectly labeled, some polygons in a given LCZ class were 
drawn in close proximity to another LCZ class. This 
might cause erroneous labels on the pixels close to the 
borders of the polygon when the polygon is rasterized, 
especially when using a large ground-sampling distance 

Decision Rule of Local-Climate-Zone Labeling
The decision rule consists of seven hierarchical questions:

A)	 Is it homogeneous for at least five pixels of 100 × 100 m? 

B)	 Is the building footprint large? 

C)	 Does any obvious industrial feature exist (such as oil tanks, cranes, or con-

veyor belts)? 

D)	 What is the building height?
◗◗ D1. Up to three floors
◗◗ D2. Three to 10 floors
◗◗ D3. Ten floors and higher.

E)	 For D1, what is the building surface fraction?
◗◗ E1. Between 20% and 40%
◗◗ E2. Smaller than 20% 
◗◗ E3. Between 40% and 70%.
◗◗ E4. Light material built with a surface fraction of larger than 60%

F)	 For D2, is the building surface fraction larger than 40%? 
G)	 For D3, is the building surface fraction larger than 40%? 
The percentage is estimated by experts with a 100 × 100-m polygon 
drawn on Google Earth. The building height is decided by experts using 
any available information, such as a 3D model, satellite images, or photos 
(Figure S1). 

FIGURE S1. A flowchart of the labeling decision rule, which identifies one scene with seven decisions.
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(GSD). For example, the GSD of an LCZ-label map de-
fined in our research is 100 m. A pixel in the label map 
that is too close to the boundary of two LCZs may cov-
er both LCZ classes. To avoid this, the polygons of all 
nonurban LCZ classes except water (that is, classes A–F) 
were shrunk by 160 m. We chose a distance of 160 m be-
cause this corresponds to half of the patch size (16 pix-
els) of the Sentinel-1 and Sentinel-2 image patches in the 
So2Sat LCZ42 data set. For class G (water), the shrinking 
distance is only 10 m, given that the width of many riv-
ers is on the order of hundreds of meters.

◗◗ Class balancing: For those vector-format polygon labels 
in machine learning of EO images to be used, they must 
be rasterized into image format in certain geographic 
coordinate systems. We used GeoTIFF format and lo-
cal Universal Transverse Mercator (UTM) coordinates. 
However, the polygons of nonurban LCZ classes (i.e., 
classes A–G) tend to be much larger in area than those of  
urban classes, because the percentage of nonurban areas 
is naturally larger and they are much easier for humans 
to label. This results in many more pixels (samples) for 
nonurban classes. To balance the number of samples 
among all of the LCZ classes, for each city, we reduced 
the number of samples of each of the nonurban classes 
(A–G) to ,Nm  where Nm  is the maximum number of 
samples from the urban classes (i.e., classes 1–10). If the 
number of samples of certain nonurban classes was less 
than ,Nm  those classes remained untouched. The sam-

ples of the urban classes were not reduced because they 
are difficult to label. In this way, we were able to balance 
the different LCZ classes.

QUANTITATIVE QUALITY CONTROL  
AND VALIDATION PHASE
The maximum accuracy achievable by any supervised 
learning procedure depends not only on the chosen algo-
rithm but also on the quality of the training data. There-
fore, we conducted quantitative evaluation on 10 European 
cities in the data set by having a group of remote sensing 
experts cast 10 independent votes on each labeled polygon  
to assess human labeling accuracy and identify possible re-
maining errors. Despite the huge labor cost, we believe this 
is essential for EO data and products to provide an error 
bar to users. This label evaluation procedure is discussed in 
detail in the “Label Evaluation” section.

PREPARING THE SENTINEL-1 DATA
The Sentinel-1 mission provides an open access global SAR 
data set. We used the Sentinel-1 VV–VH dual-Pol single-look 
complex (SLC) level 1 data via the Copernicus Open Access 
Hub [50] employing an automatic script developed by the 
authors based on SentinelSat [51].

A series of preprocessing steps was applied to the Senti-
nel-1 data using the graph processing tool in the European 
Space Agency’s Sentinel Application Platform (SNAP) tool-
box. The detailed configurations of the preprocessing are 

listed as follows.
◗◗ Apply orbit profile: This module down-

loads the latest released orbit profile so 
that a precisely geocoded product can be 
achieved.

◗◗ Radiometric calibration: Radiometry is em-
ployed to compute the backscatter intensi-
ty using sensor calibration parameters in 
the metadata. The output is set to a com-
plex-valued image to preserve the relative 
phase between VV and VH channels.

◗◗ TOPSAR deburst: For each polarization 
channel, the Sentinel-1 IW product has 
three swaths. Each swath image consists 
of a series of bursts. The TOPSAR deburst 
merges all of these bursts and swaths 
into a single SLC image.

◗◗ Polarimetric speckle reduction: Speckle re-
duction was conducted by using the 
SNAP-integrated refined Lee filter. An 
unfiltered version is also included in the 
data set.

◗◗ Terrain correction: Terrain correction 
eliminates the distortion introduced by 
topographical variations. To accomplish 
the correction, the SRTM digital eleva-
tion model was used to provide height 
information. The data were resampled

TABLE 1. THE BUILDING TOTAL, PERVIOUS, AND IMPERVIOUS SURFACES OF 
EACH CLASS [9] AND THE HEIGHT ABOVE THE GROUND.

CLASS 
BUILDING  
SURFACE (%)

PERVIOUS  
SURFACE (%)

IMPERVIOUS 
SURFACE (%)

HEIGHT  
ABOVE 
GROUND (M)

1. Compact, high rise 40–60 0–10 40–60 >25

2. Compact, mid rise 40–70 0–20 30–50 10–25 

3. Compact, low rise 40–70 0–30 20–50 2–10 

4. Open, high rise 20–40 30–40 30–40 >25

5. Open, mid rise 20–40 20–40 30–50 10–25 

6. Open, low rise 20–40 30–60 20–50 2–10 

7. Lightweight, low rise 60–90 0–30 0–20 2–10 

8. Large, low rise 30–50 0–20 40–50 2–10 

9. Sparsely built 10–20 60–80 0–20 2–10 

10. Heavy industry 20–30 40–50 20–40 2–10 

A. Dense trees 0–10 90–100 0–10 >3 

B. Scattered tree 0–10 90–100 0–10 >3 

C. Bush, scrub 0–10 90–100 0–10 1–2 

D. Low plants 0–10 90–100 0–10 <1 

E. Bare rock or paved 0–10 0–10 90–100 0 

F. Bare soil or sand 0–10 90–100 0–10 0 

G. Water 0–10 90–100 0–10 0 
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	 to a 10-m GSD by nearest-neighbor interpolation. The 
data were geocoded into the WGS84/UTM coordinate 
system of the corresponding city with a GSD of 10 m.
To summarize, the Sentinel-1 data in the So2Sat LCZ42 

data set contain the following eight real-valued bands:
◗◗ real part of the unfiltered VH channel
◗◗ imaginary part of the unfiltered VH channel
◗◗ real part of the unfiltered VV channel
◗◗ imaginary part of the unfiltered VV channel
◗◗ intensity of the refined Lee-filtered VH channel
◗◗ intensity of the refined Lee-filtered VV channel
◗◗ real part of the refined Lee-filtered covariance matrix 

off-diagonal element 
◗◗ imaginary part of the refined Lee-filtered covariance 

matrix off-diagonal element.

PREPARING THE SENTINEL-2 DATA
We employed Google Earth Engine (GEE) to create cloud-
free Sentinel-2 images [44]. The overall workflow, based on 
the GEE Python application programming interface, con-
sisted of the following three main steps.

◗◗ Querying step: loading Sentinel-2 images from the cata-
logue

◗◗ Scoring step: calculating a cloud-related quality score for 
each loaded image

◗◗ Mosaicking step: mosaicking the selected images based on 
the meta-information generated in the preceding modules.

More details can be found in [45].
Sentinel-2 images contain bands B2, B3, B4, and B8 with 

10-m GSD; bands B5, B6, B7, B8a, B11, and B12 with 20-m 
GSD; and bands B1, B9, and B10 with 60-m GSD. In the 
So2Sat LCZ42 data set, the 20-m bands were upsampled 
to 10-m GSD, and bands B1, B9, and B10 were discarded 
because they mostly contain data related to the atmosphere 
and, thus, bear little relevance to LCZ classification. To 
summarize, the Sentinel-2 data in the So2Sat LCZ42 data 
set contain the following 10 real-valued bands:

◗◗ band B2, 10-m GSD
◗◗ band B3, 10-m GSD
◗◗ band B4, 10-m GSD
◗◗ band B5, upsampled to 10 m from 20-m GSD
◗◗ band B6, upsampled to 10 m from 20-m GSD
◗◗ band B7, upsampled to 10 m from 20-m GSD
◗◗ band B8, 10-m GSD
◗◗ band B8a, upsampled to 10 m from 20-m GSD
◗◗ band B11, upsampled to 10 m from 20-m GSD
◗◗ band B12, upsampled to 10 m from 20-m GSD.

CONTENT OF THE So2Sat LCZ42 DATA SET 
By projecting the labels to the coregistered Sentinel-1 and 
Sentinel-2 images, we can extract Sentinel-1 and Sentinel-2 
image patch pairs with the corresponding LCZ labels. We 
define the dimension of the image patches in the So2Sat 
LCZ42 data set as 32 × 32 pixels, which corresponds to a 
physical dimension of 320 × 320 m. To create nonover-
lapping patches, we sampled the labeled polygons with a  

320 × 320-m grid, where the grid nodes are the center of 
each image patch. We obtained 400,673 pairs of Sentinel 
image patches. The volume of the whole data set is ap-
proximately 56 GB.

For machine-learning purposes, the data set was split into 
a training set, a testing set, and a validation set, which con-
sist of 352,366; 24,188; and 24,119 pairs of image patches, re-
spectively. The training set comprises all of the image patches 
of 32 cities plus the 10 add-on areas in the city list. See “City 
List of the So2Sat LCZ42 Data Set” for the full list of cit-
ies). The remaining 10 cities are distributed across all of the 
continents and culture regions of the world. For each, we 
split the labels of each LCZ class into the western and east-
ern halves of a city to form the testing and validation sets, 
respectively. Therefore, all three data subsets are geographi-
cally separated from each other, despite our having drawn 
the testing and validation sets from the same list of cities.

LABEL EVALUATION
The maximum accuracy achievable by any supervised learn-
ing procedure depends not only on the chosen algorithm but 
also on the quality of the training data [46]. In the Human 
Influence Experiment (HUMINEX), Bechtel et al. [28] re-
cently showed the difficulties associated with having human 
experts assign LCZ classes. Therefore, evaluating the labels 
that are the result of human expert knowledge is of vital im-
portance for further use of the data set in the training of clas-
sification algorithms for large-scale automatic LCZ mapping.

THE EVALUATION SET
For the evaluation, we chose a subset of 10 European cities 
(Table 2) from the group of cities we labeled. The choice was 
based on the following three rationales:

◗◗ All of our labeling experts have lived in Europe for a sig-
nificant number of years. This ensures familiarity with 
the general morphological appearance of European  
cities.

◗◗ Google Earth provides detailed 3D models for the 10 
cities, which is of great help in determining the approxi-
mate heights of urban objects. This is necessary to be 
able to distinguish among the low-rise, mid-rise, and 
high-rise classes.

City List of the So2Sat LCZ42 Data Set 
Cities used for training: Amsterdam, Beijing, Berlin, Bogota (added on), Buenos 

Aires (added on), Cairo, Cape Town, Caracas (added on), Changsha, Chicago 

(added on), Cologne, Dhaka (added on), Dongying, Hong Kong, Islamabad, 

Istanbul, Karachi (added on), Kyoto, Lima (added on), Lisbon, London, Los 

Angeles, Madrid, Manila (added on), Melbourne, Milan, Nanjing, New York, 

Paris, Philadelphia (added on), Qingdao, Rio de Janeiro, Rome, Salvador (added 

on), São Paulo, Shanghai, Shenzhen, Tokyo, Vancouver, Washington (D.C.), 

Wuhan, Zurich.

Cities used for testing and validation: Guangzhou, Jakarta, Moscow, 

Mumbai, Munich, Nairobi, San Francisco, Santiago de Chile, Sydney, Tehran.
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◗◗ As previously mentioned, LCZ labeling is very labor in-
tensive. Reducing the evaluation set to 10 cities allowed 
us to generate more individual votes per polygon for bet-
ter statistics.

Unfortunately, few European cities contain LCZ class 7 
(lightweight, low rise), which mostly describes informal 
settlements (e.g., slums). Therefore, we included the poly-
gons of class 7 for an additional nine cities that are repre-
sentative of the nine major non-European geographical re-
gions of the world (Table 3).

EVALUATION STRATEGY AND RESULTS
For the evaluation experiment, 10 remote sensing experts 
(hereafter referred to as the label validation crew), who were 
already trained in applying the LCZ scheme to annotate 
urban areas, were provided with .kml files containing the 
polygons of the original So2Sat LCZ42 data set, but with-
out labels. They were then asked to reassign an LCZ class to 
every polygon, using Google Earth as the labeling environ-
ment. After all of the relabeled .kml files were submitted, 
both polygon-wise and pixel-wise evaluations between the 

original labels and the votes newly cast by the label valida-
tion crew were carried out in the form of confusion matri-
ces, which combine the validation results of the 10 Europe-
an cities (Table 2) and the slum areas of the additional nine 
non-European cities (Table 3). These confusion matrices are 
displayed in Figure 5(a) and (b).

In addition, majority voting was carried out for each 
polygon; that is, each polygon was reassigned to the class 
for which a majority of the label validation crew had voted, 
although we kept the original label in case there was a draw 
between this original class and another major class. The 
polygon-wise and pixel-wise confusion matrices between 
these final labels and the votes of the label validation crew 
can be seen in Figure 5(c) and (d).

INTERPRETATION OF THE EVALUATION RESULTS
The confusion matrices in Figure 5 show the following.

◗◗ There is no significant difference between the polygon-
wise and pixel-wise results, which indicates that the 
polygons are evenly distributed with respect to size.

◗◗ The majority voting step helped slightly improve the la-
bel confidences. Before the refinement, 11 of the 17 LCZ 
classes provided a confidence of more than 80%; after 
the refinement, this confidence level held for 13 classes.

◗◗ In general, confusion among the urban classes is slightly 
higher than among the nonurban classes.

◗◗ The classes with the most confidence are 8 (large, low 
rise), A (dense trees), D (low plants), and G (water), with 
classes 2 (compact, mid rise) and E (bare rock/paved) 
following close behind.

◗◗ The classes with the least confidence are 3 (compact, 
low rise), 7 (lightweight, low rise), and C (bush, scrub), 
with classes 4 (open, high rise) and 9 (sparsely built) fol-
lowing behind. The main sources of confusion for these 
classes are summarized in Table 4.
These experiences go hand in hand with the findings 

of Bechtel et al. [28], who also found that LCZ classes A 
(dense trees), D (low plants), G (water), 2 (compact, mid 
rise), 6 (open, low rise), and 8 (large, low rise) were rec-
ognized consistently well by all operators, whereas classes 9 
(sparsely built) and B (scattered trees) were reported as dif-
ficult to classify. Classes 1 (compact, high rise), 4 (open, 
high rise), 7 (lightweight, low-rise), and C (bush, scrub) 
were not present in most of their study cities and, thus, not 
discussed in detail.

Based on the major sources of confusion summarized 
in Table 4, all of these discrepancies appear fairly reason-
able: apparently, it is difficult even for human experts to 
distinguish the vaguely defined characteristics “open” and 
“compact” as well as “mid rise” and “high rise.” In addition, 
sparsely built environments are understandably frequently 
confused with open low-rise neighborhoods, as is bush/
scrubland with scattered trees and low plants.

Given the accordance with the findings of Bechtel et al. 
[28], the semantic subtleties of the LCZ classification scheme 
as well as a mean class confidence of approximately 80% 

TABLE 2. THE 10 EUROPEAN CITIES SELECTED FOR QUANTI-
TATIVE LABEL EVALUATION.

CITY COUNTRY 

Amsterdam The Netherlands

Berlin Germany

Cologne Germany 

London United Kingdom

Madrid Spain 

Milan Italy 

Munich Germany 

Paris France 

Rome Italy 

Zurich Switzerland 

TABLE 3. THE ADDITIONAL NINE CITIES WHOSE POLYGONS 
OF CLASS 7 (LIGHTWEIGHT, LOW RISE) WERE USED FOR THE 
EVALUATION.

CITY GEOGRAPHIC REGION 

Guangzhou, China East Asia 

Islamabad, Pakistan Middle East 

Jakarta, Indonesia Southeast Asia 

Los Angeles, United States North America 

Melbourne, Australia Oceania 

Moscow, Russia Eastern Europe 

Mumbai, India Indian subcontinent

Nairobi, Kenya Sub-Saharan Africa 

Rio de Janeiro, Brazil Latin America 
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before refinement by majority voting and 85% after refine-
ment, the So2Sat LCZ42 data set can be considered a reliable 
source of labels for the training of machine-learning proce-
dures aimed at automated LCZ mapping on a larger scale.

BASELINE CLASSIFICATION ACCURACY
To provide a baseline for achievable LCZ classification ac-
curacy, we performed classification on the So2Sat LCZ42 
data set using popular classifiers, including classical RFs, 
SVMs [30], and an attention-based ResNeXt, as proposed in 
[47] and [48]. The employed RF consists of 200 trees, and 
the max_depth is set to 10, with the other parameters set 
to the default. A radial basis function kernel is chosen for 
the SVM in the experiment. The depth of the ResNeXt is 

29 layers, and the convolutional block attention module is 
plugged into each of the residual blocks. For RF and SVM, 
the pixel values of the patches are converted into vectors, 
using the statistical measures (maximum, minimum, stan-
dard deviations, and mean) of each band. All of the clas-
sifiers are trained using the training set and tested on the 
validation set.

The resulting accuracy based on the Sentinel-2 images in 
the So2Sat LCZ42 data set can be seen in Table 5. The accu-
racy measures include overall accuracy, averaged accuracy, 
and the kappa coefficient. In addition, weighted accuracy, 
introduced in [28], is considered, because it gives user-
defined weights to confusions between different classes. 
For example, misclassifying compact high rise as compact 
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FIGURE 5. The confusion matrices (values as percentages) of the original and final labels (refined by majority voting) versus the votes cast by 
the label validation crew for the polygons of the evaluation cities selected in Tables 2 and 3: (a) polygon-wise assessment of the original labels, 
(b) pixel-wise assessment of the original labels, (c) polygon-wise assessment of the final labels, and (d) pixel-wise assessment of final labels.
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middle rise is less critical than mistaking compact high rise 
for water and, thus, should be penalized less.

DISCUSSION
The goal of this article is to provide documentation about 
a large benchmark data set for LCZ classification from Sen-
tinel-1 and Sentinel-2 satellite data. Since the Sentinel data 
are openly available for the whole globe, the main inten-
tion of the data set is to enable the training of models that 
can be generalized to any unseen areas of the world. This is 
ensured by sampling the data from 52 cities located on all 
inhabited continents. In spite of these promising character-
istics, two major challenges must be noted.

First, LCZs are sometimes hard to distinguish. As the 
label validation results shown in the “Label Evaluation sec-
tion” illustrate, it is extremely difficult to distinguish some 
LCZ classes, even if human experts investigate several data 
sources (such as high-resolution optical imagery and 3D 
building models like those available in Google Earth). This 
especially holds for the distinction of different height levels in 
compact areas, but it is also true for open areas, which com-
prise both open land/vegetation and building structures. This 
must be acknowledged as a natural limitation when tackling 
LCZ mapping with remote sensing data. The limitation can 
be solved only by combining remote sensing data with other 
data sources, such as information from social media data.

Second, learning a generic LCZ prediction model is chal-
lenging. As described in the “Content of the So2Sat LCZ42 
Data Set” section, the test and training sets are completely 
disjunct, with the test cities being distributed across the 10 

major cultural regions of the inhabited world. Therefore, 
results achieved on this data set can be considered a good 
measure of how well the trained model would generalize 
to completely unseen data. In this regard, overall accura-
cies between 50% and 60% can already be considered 
promising—especially for a target scheme comprising 17 
difficult-to-distinguish classes. Nevertheless, there is still 
room for improvement, as usually an accuracy of at least 
approximately 85% to 90% is required for land-cover map-
ping purposes, according to Anderson [49].

We hope that the community is eager to tackle these 
challenges and puts the So2Sat LCZ42 data set to good use 
to achieve significant progress in the global mapping of cit-
ies into LCZs.

CONCLUSIONS AND OUTLOOK
This article introduced a unique data set that contains man-
ually labeled LCZ reference data as well as coregistered Senti-
nel-1 and Sentinel-2 image patch pairs for more than 42 cities 
and 10 smaller areas across the six inhabited continents on 
Earth. The article described the carefully designed labeling 
process and a rigorous evaluation procedure that ensures the 
quality of the data set. Despite the fact that each LCZ class is 
quantitatively defined in the original article,  we discovered 
that several LCZ classes can be easily confused with each 
other, because the height and percentage of pervious surface 
of these classes cannot be easily distinguished by the hu-
man eye from aerial images during labeling. This renders 
the entire labeling process highly labor intensive. 

Still, we were able to achieve an average class confidence 
of 85% through our human evaluation procedure with inde-
pendent voting by 10 experts. Hence, this data set is a reli-
able source for the training of machine-learning procedures, 
and it can be considered a challenging and large-scale data 
fusion and classification benchmark data set for cutting-edge 
machine-learning methodological developments. Examples 
for possible research directions include the following.

◗◗ Since we have provided the label confusion matrix, the 
question of how to introduce such prior knowledge into 
machine learning, deep learning models in particular, is 
an interesting direction.

◗◗ Due to culture-induced diversity existing in the data, 
transferability of the models will be a key to achieving 
good classification results on a global scale.

◗◗ Radar and optical data have completely different yet par-
tially complementary characteristics. Developing meth-
ods to fuse them in an optimal way or select appro-
priate features from such diverse data sources is of general 
interest to the remote sensing community.

◗◗ Thanks to the large scale of the proposed benchmark 
data set, it can serve as a test bed for the development of 
efficient training techniques.
Our vision in the near future is to produce a global 

LCZ classification map using multisensory remote sensing 
images, which will be made available to the community. 
Such geographic information seems trivial for developed 

TABLE 4. THE MAIN SOURCES OF CONFUSION FOR THE LCZ 
CLASSES WITH LESS CONFIDENCE.

LOW CONFIDENCE CLASS MAJOR CONFUSION CLASSES

3. Compact, low rise 2. Compact, mid rise

6. Open, low rise

4. Open, high rise 5. Open, mid rise

7. Lightweight, low rise 3. Compact, low rise

9. Sparsely built 6. Open, low rise

C. Bush, scrub B. Scattered trees

D. Low plants

TABLE 5. THE CLASSIFICATION ACCURACY FROM THREE 
BASELINE METHODS, WITH SENTINEL-2 IMAGES IN THE 
PROPOSED DATA SET.

METHOD OA WA AA KAPPA

RF 51% 87% 31% 0.46 

SVM 54% 88% 36% 0.49 

ResNeXt-CBAM 61% 92% 51% 0.58 

AA: averaged accuracy; CBAM: convolutional block attention module OA: overall accuracy; 
WA: weighted accuracy.
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countries, but it is still very scarce on the global scale. For 
example, the city of Lagos, Nigeria (population: 21 million), 
does not have a quality 3D city model. Therefore, a quality 
LCZ classification map will become the firsthand information 
source for urban building volume and distribution. A global 
LCZ map will strongly boost urban geographic research and 
help us develop a better understanding of global urbanization. 
For this purpose, we invite everyone to contribute by using this 
data set and developing new, sophisticated algorithms.
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Technical Committees Survey Results

T he IEEE Geoscience and Remote Sensing Society 
(GRSS) has established a number of technical com-

mittees (TCs) to actively promote discussion and advanc-
es in areas of members’ technical interests. Activities of 
the TCs include networking within their respective sci-
entific topic, organizing thematic workshops, educating 
young professionals, and organizing special sessions at 
the IEEE International Geoscience and Remote Sens-
ing Symposium (IGARSS) as well as hosting committee 
meetings open to all IGARSS participants.

To improve networking activities and reconsider the 
scientific topics covered by our TCs, a member survey 
was performed at the beginning of 2020. The survey was 
based on three main questions: 1) asking how familiar 
TC members are with its activities and the technical 
topic, 2) getting members’ opinions concerning poten-
tial topics not currently covered by a TC, and 3) inquir-
ing about suggestions for possible improvements with 
regard to activities and technical content.

The following offers a brief summary of the main out-
comes of the survey, presented separately for each TC.

EARTH SCIENCE INFORMATICS
Manil Maskey, NASA Marshall Space Flight Center, United 
States
Peter Baumann, Jacobs University, Germany
Weiguo Han, University Corporation for Atmospheric Re-
search/NOAA, United States

The GRSS Earth Science Informatics (ESI) TC pro-
vides a venue for informatics professionals to exchange 
ideas and share knowledge. It aims at advancing the ap-
plication of informatics to geosciences and remote sens-
ing, assessing technology to support data stewardship 
and management, and promoting best practices and les-
sons learned.

The main technical areas supported by the ESI TC 
include cloud computing, big data, machine learning, 
visualization, data search and discovery, web services, 
standards, data cubes, the semantic web, data steward-
ship, and geographic information systems. The survey 
results (Figure 1) show that TC members are familiar 
with the ESI TC technical areas; however, data cubes 
and the semantic web are seen as areas that can 
be improved.

The survey also showed that TC members are in-
terested in other, relatively new concepts, including 
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FIGURE 1. Survey findings for the ESI TC.
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analysis-ready data, 3D vision, machine learning on 
synthetic aperture radar (SAR), spatial data science, and 
LiDAR point clouds. TC members are willing to contrib-
ute toward broadening the ESI TC technical areas with 
these concepts.

Additionally, members suggested that the TC should 
communicate more often via webinars and newslet-
ters. The ESI TC looks forward to member suggestions 
for improving activities and member engagement go-
ing forward.

FREQUENCY ALLOCATIONS IN REMOTE SENSING
Paolo de Matthaeis, NASA Goddard Space Flight Center, 
United States
Roger Oliva Balague, Zenithal Blue Technologies, Spain
Tobias Bollian, German Aerospace Center (DLR), Oberp-
faffenhofen

The main objective of the GRSS Fre-
quency Allocations in Remote Sensing 
(FARS) TC is to interface between the GRSS 
community and the radio frequency (RF) 
regulatory world.

Approximately one quarter of FARS TC 
members participated in the survey. The 
interest of TC members is almost evenly 
spread across all frequency bands, with 
particular emphasis on the L, C, and X 
bands (Figure 2).

As for field of expertise (Figure 3), FARS 
TC members are more expert in RF inter-
ference (RFI) algorithms for passive instru-
ments than for active. Most members are 
quite familiar with airborne instruments 
and data but not as much with unmanned 
aerial vehicles (UAVs). As expected, mem-
bers’ knowledge is focused on hardware 
and scientific data and applications rather 
than on telecommunications or data links. 
A good number have a basic understanding 
of spectrum management.

Other fields proposed by our mem-
bers to be covered by the FARS TC in-
clude Global Navigation Satellite System 
ref lectometry (GNSS-R), antenna engi-
neering, and government policy. Interest-
ing suggestions for future activities were 
also given such as providing more public 
outreach with media engagement or even 
YouTube videos and assisting in educating 
policy makers about the impact of RFI for 
passive sensing.

Finally, it is encouraging to see that more 
than half of survey participants are interest-
ed in joining a FARS First Responders group 
established to respond to frequency regula-
tory proposals.

INSTRUMENTATION AND FUTURE TECHNOLOGIES
Jose Marquez Martinez, Airbus Defense, United Kingdom
Delwyn Moller, University of Auckland, New Zealand
Marwan Younis, DLR, Oberpfaffenhofen
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The GRSS Instrumentation and Future Technologies 
(IFT) TC has established as its goal “to foster internation-
al cooperation in advancing the state of the art in geosci-
ence remote sensing instrumentation and technologies to 
improve knowledge for the betterment of society and the 
global environment”.

The main objectives of the IFT TC are as follows:
◗◗ assess the current state of the art in remote sensing in-

struments and technology

◗◗ identify new instrument concepts and relevant technol-
ogy trends

◗◗ recognize enabling technologies for future instruments.
The committee also actively promotes and provides insight 
into institutions and industry involved in remote sensing 
instrument and technology development.

The results of the survey (Figure 4) show that IFT TC 
members are primarily familiar with microwave systems 
and small satellites. It is also significant to note that >55% 
express no familiarity at all with optical systems—a point 
to address and improve in the future.

The survey also revealed that IFT TC members are 
mainly involved in new instrument concepts (65%) and 
that we are not properly reaching members with experience 
on hardware technology (Figure 5). Our members pointed 
out that cognitive sensing and low-cost, real time systems 
should be considered as topics relevant to the IFT TC.

The IFT TC survey had a response rate of around 15%. It 
also revealed that the engagement of our members is vari-
able, with similar results for members who want to con-
tribute significantly and those just interested in receiving 
the newsletter.

IMAGE ANALYSIS AND DATA FUSION
Naoto Yokoya, RIKEN, Japan
Ronny Hänsch, DLR, Oberpfaffenhofen
Pedram Ghamisi, HZDR Dresden, Germany

The GRSS Image Analysis and Data Fusion (IADF) TC 
serves as a global, multidisciplinary 
network for geospatial image analysis 
(e.g., machine learning, deep learn-
ing, image and signal processing, and 
big data) and data fusion (e.g., multi-
sensor, multiscale, and multitemporal 
data integration). It aims at connecting 
people and resources, educating stu-
dents and professionals, and promot-
ing theoretical advances and best prac-
tices in image analysis and data fusion.

Examples of the main technical 
activities of the IADF TC are the GRSS 
Data and Algorithm Standard Evalu-
ation (DASE) website, organization 
of the Data Fusion Contest (a scien-
tific challenge held annually since 
2006), and organization of EarthVi-
sion (a workshop on large-sc a le 
computer vision for remote sensing 
imagery held in conjunction with the 
Conference on Computer Vision and 
Pattern Recognition, one of the ma-
jor computer vision conferences). The 
survey results show that TC members 
are quite familiar with all these activi-
ties and, at least to some extent, active-
ly participate in them (Figure 6).

FIGURE 4. IFT TC member’s familiarity with technical areas. SoOP: 
signals of opportunity.
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The survey also showed that TC members are very well 
acquainted with the core topics of machine learning (e.g., 
deep learning, object detection, and semantic segmenta-
tion) as well as high-level image processing (e.g., segmen-
tation, feature extraction, and restoration), while there is 
only medium familiarity with low-level image processing 
topics (e.g., compression and quantization). This illustrates 
that the majority of IADF TC members come from ma-
chine learning and computer vision topics, which are very 
well represented by current IADF activities.

However, TC members also feel that sensor-specific 
topics as well as the regression of bio/geophysical param-
eters are underrepresented. Further suggestions were to 
increase the relevance of TC activities for industry, further 
encourage code and data sharing, and increase outreach 
to other scientific communities. As a result, the IADF TC 
established three working groups to diversify the topics ad-
dressed by the TC, increased the information content of the 
monthly newsletter, established an industry sponsorship 
for EarthVision, and initiated a redesign of the DASE web-
site to address the most current developments in the ma-
chine learning-based analysis of remotely sensed images.

GEOSCIENCE SPACEBORNE IMAGING SPECTROSCOPY
Uta Heiden, DLR, Oberpfaffenhofen
Cindy Ong, CSIRO, Australia
Jens Nieke, European Space Agency, The Netherlands

The mission of the GRSS Geoscience Spaceborne Imag-
ing Spectroscopy (GSIS) TC is to share information about 
operating and future spaceborne imaging spectroscopy  
missions as a means of initiating new partnerships 
among national space agenc ies, commerc ia l space-
borne imaging spectroscopy data providers, research 
institutions, and the user community. One of the main 
tasks is to build the knowledge base required for imaging 
spectroscopy missions and enable the uptake of space-
borne imaging spectroscopy by the geoscientific com-
munity. With an increasing number of missions going 
operational, coordinating calibration and validation to 
ensure interoperability among missions, best practice 
mission implementation, and mass data management 
challenges are required.

To provide a vivid and informative platform for knowl-
edge and news exchange, a short member question-
naire was developed. It started with the question “how 
familiar are you with the TC’s major technical activities?” 
to learn about the current effectiveness of the GSIS TC. In 
summary, 7.4% of members replied, representing a bal-
anced share of expertise. Additionally, a variety of applica-
tions are covered (Figure 7), including classical fields such 
as geology, mineralogic mapping, and mine-face imaging; 
terrestrial environmental fields such as vegetation produc-
tivity, forestry, biodiversity, and soils; atmospheric fields; ur-
ban applications; aquatic environmental applications such 
as research on detection of pollution; and issues related to 
space and security.

Several pertinent fields of interest that have not yet 
been considered a focus of the GSIS TC were also iden-
tified, such as the development of lab and/or in situ 
spectral databases for sensor calibration and validation, 
astronomy, the large field of target anomaly and change 
detection, and spectral-based detection of surfaces. Mem-
bers also considered the more methodological fields of 
hyperspectral pan-sharpening and unmixing, which are 
of high interest.

Further suggestions include bringing different applica-
tion fields together, since data sets and methodological 
strategies are very similar and exchange of experiences can 
be mutually beneficial. These suggestions strengthen the 
path taken by the GSIS TC to invest in data harmonization 
and calibration activities and motivate expansion of ac-
tivities toward various geoscientific application domains. 
Another suggestion was to strengthen links with other rel-
evant networks such as the Committee on Earth Obser-
vation Satellites Working Group on Calibration and Vali-
dation and the IEEE P4000 initiative. In fact, this link is 
already well established but may need more visibility and 
communication. Finally, continuing with the organization 
of workshops, sessions, and courses was emphasized.

In summary, the TC determined to follow the path of 
data calibration/validation to ensure better data harmoni-
zation and thus provide the basis for bringing different ap-
plications together.

MODELING IN REMOTE SENSING
Sharmila Padmanabhan, Jet Propulsion Laboratory, NASA, 
United States
Rob Sundberg, Spectral Sciences Inc., United States
Jean Phillippe Gastellu-Etchegorry, CESBIO, France

The mission of the GRSS Modeling in Remote Sensing 
(MIRS) TC is to serve as a technical and professional forum for 
advancing the science of predicting remotely sensed observa-
tions from first principles theory. The MIRS TC addresses the 
technical space between basic EM theory and data collected 
by remote sensing instruments. It focuses on models and tech-
niques used to make geometric, volumetric, and material com-
position descriptions of a scene along with their EM attributes 
(e.g., scattering, absorption, emission, optical bidirectional 
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reflectance distribution function, dielectric properties, etc.) 
and then predict for a given remote sensing instrument the 
resulting observation.

The survey indicated that MIRS TC members are most famil-
iar with forward modeling, followed by EM, SAR, radiative trans-
fer, and optical modeling (Figure 8). Members suggested that 
consideration be given to adding the following modeling topics:

◗◗ soil modeling
◗◗ geology and mineralogy modeling
◗◗ vegetation fluorescence

◗◗ land surface modeling
◗◗ water resources management (hydrological modeling)
◗◗ GNSS-R bistatic modeling.

In general, the responses showed the need for more 
member interaction, including the exchange of field cam-
paign results for testing different models, which can then 
be generalized so that members may cooperate and pub-
lish together. Moreover, a database can be established for 
committee members, in addition to an open blog or even 
a Github devoted to exchanging ideas among working 
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groups focused on a few major fields. There were sugges-
tions to 1) organize webinars for better communication, 
2) initiate panel discussions during professional confer-
ences for the promotion of remote sensing science, 3) ex-
tend applications of radiative transfer modeling to other 
fields such as Earth system modeling, 4) advance multi-
model intercomparison projects, and 5) have regular as 
well as frequent special sessions during IGARSS as well 
as special issues involving the Joint Surveillance and Tar-
get Attack Radar System. Publishing a newsletter to keep 
members informed about TC activities was supported by 
most members who filled out the survey.

SUMMARY
Each survey to gather feedback from GRSS TC members 
about improving TC activities and getting more members 
involved was a very valuable action for the TC chairs. Many 
suggestions have been received on how to improve the TCs’ 
operation and extend their profile portfolio.

The feedback can be grouped into four categories:

◗◗ Education: develop educational courses for members, 
and also nonmembers, to make the TCs more visible

◗◗ Communication: have more sustained reporting on activi-
ties and international boards

◗◗ Networking: increase platforms to provide opportunities 
for member exchanges

◗◗ Participation: generate contests on wider topics to involve 
TC members and nonmembers.
Out of the collected suggestions, actions have been for-

mulated and will be taken into account to improve the TCs’ 
operation. On this point, we thank all participants for their 
contribution and valuable inputs. For more information 
about the GRSS TCs, please visit http://www.grss-ieee.org/
community/technical-committees/.

AUTHOR INFORMATION
Irena Hajnsek (irena.hajnsek@dlr.de) is with ETH Zürich, 
Switzerland, and the German Aerospace Center, Oberp-
faffenhofen, Germany. Hajnsek is vice-president of GRSS 
Technical Activities

T he rapid development and deployment of new remote 
sensing instrumentation is transforming the way we 

acquire and interpret information on all aspects of envi-
ronmental and human activity. This is driving the need for 
technical standards that support the processing, manage-
ment, analysis, and quality assessment of data from these 
sources. The IEEE Geoscience and Remote Sensing Society 
(GRSS) Standards for Earth Observations (SEO) Technical 
Committee (TC) was created in 2017 to support this need. 
To date, it has sponsored four standards development proj-
ects, with two new projects starting soon. This article high-
lights the scope of each and looks at future directions.

CREATING STANDARDS
A standards development organization (SDO) exists to pro-
vide the environment, rules, and governance necessary to facil-

itate the fair and equitable development of standards and to 
assist in the distribution and maintenance of the resulting 
standards. SDOs such as the IEEE Standards Association 
(IEEE-SA), the International Electrotechnical Commission, 
the International Organization for Standardization (ISO), the 
European Machine Vision Association (EMVA), and the Open 
Geospatial Consortium all operate in a similar fashion, but 
each has its own policies and procedures that help ensure the 
integrity of the standards development process.

The motivation for developing a standard begins with a spe-
cific challenge such as the need for consolidation (there are too 
many options), the need for interoperability among systems, or 
the need for consistency to allow comparison among options. 
These can originate from industry, government, or academia.

The development of a new standard is typically trig-
gered by a formal request submitted to an SDO for review 
and evaluation. Once approved, the sponsor recruits and 
assembles a collaborative team, or working group, to be-
gin the standards development process. working groups 

Progress on Standards Development for  
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comprise individuals and/or entities (people, companies, 
organizations, nonprofits, and government agencies) who 
volunteer to support the development of standards.

Each participant in a working group typically brings spe-
cific interests as a producer, consumer, or regulator of a par-
ticular material, product, process, or service. Working group 
officers oversee the standards development project in adher-
ence to SDO rules and procedures [1]. The GRSS SEO (GSEO) 
TC initiated the IEEE-SA GRSS Standards Committee, which 
is overseeing the following projects.

CHARACTERIZING AND CALIBRATING 
HYPERSPECTRAL IMAGERS (P4001)

CHAIR: CHRIS DURELL, LABSPHERE, INC.
This project seeks to define procedures and terminology 
for the absolute characterization of hyperspectral imagers 
to ensure proper performance for the intended application. 
The focus is on visible, near-infrared (IR), and short-wave 
IR sensors (a wavelength range of 300–2,500 nm) using 

silicon-, indium gallium arsenide-, or mercury cadmium 
telluride-based focal plane arrays in pushbroom or scan-
ning configurations. The standard will be applicable to in-
struments deployed on spaceborne, airborne, handheld, or 
benchtop platforms (see Figure 1). The P4001 project has 
three subgroups working on terminology, testing and char-
acterization, and data structures.

TERMINOLOGY ACTIVITIES
The current working draft of terminology includes terms in the 
following categories: spectral, spatial, signal/radiometric, and 
system/operational. Where possible, each term references the 
existing definitions from ISO, IEEE, and EMVA standards. An 
extended discussion on the definition of hyperspectral conclud-
ed that it should not include a minimum-wavelength range in 
the definition. However, a maximum spectral-sampling inter-
val and a minimum number of bands were considered impor-
tant to the definition of what a hyperspectral imager is.

CHARACTERIZATION ACTIVITIES
The radiometric characteristics deemed important to specify 
in the standard include properties such as noise, saturation, 
spectral responsivity, and geometric variation (vignetting and 
so on). The subgroup is currently discussing two alternatives 
for predicting signal-to-noise ratio and saturation as well as 
the scaling/invariance properties of the various characteristics 
to make direct comparison of hyperspectral imagers easier.

DATA STRUCTURES ACTIVITIES
This subgroup is looking at requirements coming from 
these communities of interest: geoscience and remote 

FIGURE 1. The setup for the measurement of point spread function 
to characterize coregistration and resolution. (Photo courtesy of 
David Allen.) 
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sensing, laboratories, industry, defense, and security. The 
subgroup is proposing to develop at least two profiles of 
a metadata schema: one for a remote sensing application, 
which would leverage existing ISO/TC211 standards, and 
a simpler one having high market pressure, perhaps for 
hyperspectral images in industrial applications. A spectral 
National Imagery Transmission Format (NITF) implemen-
tation profile might be considered as an additional profile 
for the geointelligence community.

A METADATA MODEL FOR SYNTHETIC APERTURE 
RADAR DATA (P4002)

CHAIR: LELAND PIERCE, THE UNIVERSITY  
OF MICHIGAN
The P4002 group is working on a common data model 
for synthetic aperture radar (SAR) data, driven by the 
need for generic SAR processing tools that can work 
with data from multiple sensors having different for-
mats (see Figure 2). This is timely, as the number of 
SAR data providers is growing, e.g., Sentinel and NA-
SA-ISRO SAR, as well as ICEYE, Capella, and similar 
small satellite (sat) constellations. The initial focus is 
on single-look complex data, the base data level for 

most SAR products. The project began by looking at 
elements of the ISO 19115 and 19159-3 standards and 
then at the sensor-independent complex data (SICD) 
specification from the U.S. National Geospatial-Intel-
ligence Agency. The latter is perhaps the most mod-
ern, complete standard for SAR metadata; thus, the  
current effort is aimed at aligning SICD with ISO/
TC211 elements.

DESCRIBING GNSS REFLECTOMETRY  
DATA SETS (P4003)

CHAIR: HUGO CARREÑO-LUENGO, THE UNIVERSITY 
OF MICHIGAN
This effort seeks to develop a standard for data and meta-
data content arising from spaceborne GNSS-reflectometry 
(GNSS-R) missions (see Figure 3). Within the scope are

◗◗ the terminology used to describe GNSS-R data and de-
rived products

◗◗ the structure and content of the data products, such as 
units of measure, data organization, data encoding, and 
data storage format

◗◗ metadata describing the lineage, methods, and algo-
rithms applied to the data; parameters related to the 

FIGURE 3. NASA’s CyGNSS reflectometry constellation. (Image courtesy of Chris Ruf.) 
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algorithms, citation information, instrument calibra-
tion, and characterization; and description of the 
input signals.
A user guide will also be part of this standard, which 

will be particularly useful for first-time users of GNSS-
R data. The standard should prove valuable to GNSS-R 
payload and sensor developers, the producers of GNSS-
R data, the facilities that archive and distribute GNSS-R 
data, and the developers of data-processing software.

A secondary goal is to provide guidance on the design of 
level-2 data products to a degree of uniformity across dif-
ferent GNSS-R data sets. It is hoped that this will help solve 
problems related to products having different data termi-
nologies, units of measures, encodings, and so on, which 
often require writing new software to deal with each par-
ticular data set.

CALIBRATION PROCEDURES FOR MICROWAVE 
RADIOMETERS (P4004)

CHAIR: DEREK HOUTZ, THE SWISS FEDERAL 
RESEARCH INSTITUTE WSL
Due to the weak signals typically encountered in micro-
wave remote sensing, the instruments used employ high-
gain receiver chains requiring frequent calibration. The 
P4004 group is working on a standard describing calibra-
tion procedures for the microwave radiometers used in 
geoscience remote sensing applications (see Figure 4). The 
frequency range being addressed encompasses 300 MHz–
1 THz. The standard will not address radiometer calibra-
tion for use in other fields, such as radio astronomy, medi-
cine, or security.

The intent is to publish the standard as an IEEE Recom-
mended Practice. It will address

◗◗ the terminology in use in the field of radiometer calibra-
tion, such as absolute uncertainty, traceable, intercalibration, 
vicarious calibration, and so on

◗◗ ground, airborne, and spaceborne radiometers and their 
respective calibration techniques

◗◗ free-space calibration and single-mode (e.g., guided-
wave) calibrations

◗◗ the calibration of total-power, Dicke-switched, and dif-
ferential radiometer architectures

◗◗ the calibration of polarized radiometers, including full 
Stoke’s radiometers

◗◗ the referencing of brightness temperature units to the 
fundamental constants and the unit Kelvin.
Absolute calibration requirements will vary depending 

on the application and platform, e.g., short-life CubeSats 
and operational weather missions versus measurements for 
climate data records, where detector stability, frequency drift, 
solar intrusion, and so forth must be considered. Also, differ-
ent architectures (Dicke, total power, differential correlating, 
and interferometric), detector types (diode and bolometer), 
detection types (heterodyne, direct-detect, and digital), po-
larizations, calibration methods, load/reference types, and 
scan geometry will be considered. Full end-to-end calibration 
as well as partial calibration procedures will be addressed.

STANDARD PROTOCOL AND SCHEME FOR 
MEASURING SOIL SPECTROSCOPY (P4005)

CHAIR: EYAL BEN-DOR
The newest GRSS-sponsored standards project seeks to de-
fine protocols and schemes for sensors and measurement 
methods in creating, comparing, and utilizing soil spectral 
libraries derived from hyperspectral data (see Figure 5). The 
goal is to improve how soils are monitored and mapped 
worldwide. Such a standard will improve the process of 
merging, comparing, and utilizing soil-spectral libraries 
from different sources. The standard will also help in evalu-
ating the scheme used in generating soil spectra, which is 
necessary before performing quantitative analyses based 
on hyperspectral data.

FIGURE 4. A microwave blackbody. (Photo courtesy of Derek 
Houtz.) 
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NEW PROJECT

CHAIR: ROGER OLIVA
The Frequency Allocation in Remote Sensing TC of the GRSS 
is consulting with stakeholders in the microwave remote 
sensing community to determine the best approach and opti-
mal content for a standard that Earth-observing sat missions 
could follow in assessing, mitigating, and reporting radio-fre-
quency interference (RFI) in bands dedicated to remote sens-
ing (Figure 6). The TC received a seed grant from the Com-
mittee on Standards of the IEEE Technical Activities Board.

VOLUNTEER EFFORT
The standards development projects described previously 
are supported by experts from remote sensing companies, 
instrument manufacturers, research institutions, and na-
tional standards institutes and are developed through a 
transparent, consensus-based process that relies on volun-
teer efforts. Manufacturers have an interest in working on 
standards so as to have well-defined requirements to which 
they can claim conformance. Individuals are willing to 
dedicate their time and expertise to developing standards 
in a desire to shape the direction of an emerging technol-
ogy, improve the quality and availability of remote sensing 

products, stay current on the state of the art, and network 
with others working on a particular problem. There is a 
common, overarching motivation that volunteers share, 
which is to advance the utilization of Earth-observation 
data for the betterment of humanity by helping to make 
those data more consistent, accessible, and applicable for all 
those who can benefit from their use.

To become engaged with any of these projects, contact 
the chairs. To learn more about what the GSEO TC does 
and how it operates, visit the committee webpage at https://
www.grss-ieee.org/community/technical-committees/
standards-for-earth-observations/ and/or sign up to the 
mailing list at https://www.grss-ieee.org/tc_lists/tclist 
_signup.html?tc=SEO.

AUTHOR INFORMATION
Siri Jodha S. Khalsa (sjsk@nsidc.org) is a research associ-
ate at the National Snow and Ice Data Center, University of 
Colorado, Boulder.
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EDUCATION

Selected by an independent major awards committee 
and approved by IEEE Geoscience and Remote Sens-

ing Society (GRSS) President Prof. Paolo Gamba and 
the GRSS Administrative Committee, the GRSS Edu-
cation Award was presented to IEEE Fellow Sebastiano 
Bruno Serpico (Figure 1). “Congratulations to Professor 
Serpico on this well-deserved award, which recognizes 
his outstanding contribution to the teaching of remote 
sensing,” said Josée Lévesque, chair of the GRSS Educa-
tion Committee.

Prof. Serpico epitomizes the important impact of 
research on education. His work has provided learning 

and publication opportunities 
for dozens of students (Figure 2). 
As the head of Image Process-
ing and Pattern Recognition for 
the Polytechnic School of the 
University of Genoa Remote 
Sensing for Environment and 
Sustainability Lab, he has host-
ed several visiting professors in 
addition to working with mas-
ters, Ph.D., and postdoctoral 
students. He has supervised 
more than 70 M.Sc. degree stu-
dents and many Ph.D. students, 

some of whom have continued their research activities 
in remote sensing and become well-known experts in 
the scientific community. 

Prof. Serpico received his laurea (M.S.) degree in 
electronic engineering and his Ph.D. degree in telecom-
munications from the University of Genoa, Italy. He is 
a full professor of telecommunications at the Polytech-
nic School of the University of Genoa and a member of 
the university’s Academic Senate. He teaches courses in 
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FIGURE 1. Prof. Sebastiano Serpico (right) receives the GRSS 
Education Award from GRSS President Prof. Paola Gamba. 

FIGURE 2. Prof. Serpico instructs his students. 
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the areas of remote sensing, pattern recognition, and tele-
communications (Figure 3). He has also taught courses at 
the University of Cagliari and the University of Trento. His 
current research interests focus mainly on pattern recog-
nition for remote sensing image analysis.

Prof. Serpico provided strategic contributions for the 
foundation and management of two engineering pro-
grams: one in telecommunications engineering and the 
other in engineering for natural risk management. From 
May 2003 to April 2019, he was chair of the Institute of 
Advanced Studies in Information and Communication 
Technologies. Other important roles include project man-
ager for numerous research projects and evaluator of proj-
ect proposals for various European Union, Italian Space 
Agency, and Italian Ministry of Education and Research 
programs. He is the author (or coauthor) of more than 
250 scientific articles published in journals and confer-
ence proceedings. He received the Best Paper Award at the 
2010 IEEE Workshop on Hyperspectral Image and Signal 
Processing and the Interactive Symposium Paper Award 
at the 2016 IEEE Geoscience and Remote Sensing Sympo-
sium (IGARSS). He is an associate editor of IEEE Transac-
tions on Geoscience and Remote Sensing (TGRS) and was a 
guest editor of two special issues of TGRS and one special 
issue of Proceedings of the IEEE. From 1998 to 2002, he was 
chair of the Society of Photo-Optical Instrumentation 
Engineers/EUROPTO conferences on signal and image 
processing for remote sensing, and he served as cochair of 
IGARSS 2015 in Milan, Italy.

GRSS EDUCATION AWARD
The GRSS Education Award was established to recognize an 
individual who has made significant educational contribu-

tions to the field of geoscience and remote sensing. In se-
lecting an individual, factors considered are the significance 
and innovativeness of the educational contribution and the 
extent of its overall impact. The contribution can be made 
at any level, including K–12, undergraduate and graduate 
teaching, professional development, and public outreach. It 
can also be in any form (e.g., textbooks,  curriculum devel-
opment, or education program initiatives). GRSS member-
ship or affiliation is required. The awardee receives a certifi-
cate and plaque.

The 2019 GRSS Education Award certificate presented 
to Prof. Serpico included the citation “in recognition of his 
outstanding educational contributions to geoscience and 
remote sensing.” Educators agree that, through research, 
students develop critical thinking expertise as well as ef-
fective analytical and communication skills that are in de-
mand worldwide.

AUTHOR INFORMATION
Linda Bailey Hayden (lbhayden@ecsu.edu) is with Eliza-
beth City State University, North Carolina.
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FIGURE 3. Prof. Serpico delivers a lecture. 
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The IEEE Geoscience and Remote Sensing Society 
(GRSS) University of New South Wales (UNSW) 

Canberra Student Chapter is young and vibrant. It was 
formally established in December 2018 and was the 
first IEEE GRSS Student Chapter in Australia. Dr. Yiqing 
Guo served as the inaugural chair and was succeeded 
by Adnan Farooq Awan. Currently, Junpeng Zhang and 
Xiaolin Chen serve as the chair and vice chair, respec-
tively. Dr. Xiuping Jia has served as the advisor since the 
Student Chapter was established.

Based at UNSW Canberra, the Student Chapter brings 
together students from the university who share a com-
mon interest in geoscience and remote sensing. It pro-
vides a platform where members can exchange ideas 
and discuss potential opportunities. It also aims to pro-
mote geoscience and remote sensing activities by reach-
ing out to nonmember students on campus.

ACTIVITIES DURING 2019
To better promote the GRSS UNSW Canberra Student 
Chapter, an official website has been created, and Chap-
ter news and activities are regularly posted on the site. 
In addition, a social media webpage has been set up 
on Facebook. An official logo designed for the Student 
Chapter by Vice Chair Chen and approved by the GRSS 
combines elements of the UNSW Canberra logo with 
the GRSS logo (Figure 1). The logo has been posted on 
the Student Chapter’s official website and social media 
pages, with the purpose of promoting public identifica-
tion and recognition.

On 22 May 2019, a seminar was organized, with 
Chapter Chair Awan, a Ph.D. candidate at UNSW Can-
berra, presenting a talk on weed classification using deep 
learning and hyperspectral imagery (Figure 2). Based on 
his research, Awan showed the potential of advanced re-

mote sensing and machine learning techniques in em-
powering the traditional task of weed management.

Throughout 2019, Student Chapter members col-
laborated on their Student Grand Challenge project, “A 
Drone-based Sensing System to Support Satellite Image 
Analysis for Rice Farm Mapping.” With financial support 
from the GRSS, scientific equipment was purchased, and 
three field experiments were conducted collaboratively 
among Student Chapter members (Figure 3).

Activities of the IEEE GRSS University of  
New South Wales Canberra Student Chapter
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FIGURE 1. The official logo of the IEEE GRSS UNSW Student 
Chapter.

FIGURE 2. Adnan Farooq Awan gives a talk.
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From 28 July to 2 August 2019, four Student Chapter mem-
bers, along with Student Chapter advisor Dr. Jia and UNSW 
Canberra professor and IEEE Fellow Scott Tyo, attended the 
2019 IEEE International Geoscience and Remote Sensing Sym-
posium (IGARSS) in Yokohama, Japan (Figure 4), and present-
ed five research papers. During a special session, Dr. Guo re-
ported the activities of the Student Chapter as of July 2019. Kien 
Nguyen gave an oral presentation at the Student Paper Contest 
session as one of the finalists selected, and he was also a winner 
of the IGARSS 2019 Three Minute Thesis contest.

On 1 and 8 November 2019, members attended two 
seminars organized by the IEEE Australian Capital Terri-
tory Section and the UNSW Student Chapter. The first sem-
inar, presented by Prof. Alfredo Huete from the University 
of Technology Sydney, covered multi- and hypertemporal 
satellite applications for phenology and pollen forecasting. 
The second seminar, led by Prof. John P. Kerekes from the 
Rochester Institute of Technology, focused on remote sens-
ing system engineering research.

PLANS FOR 2020
The following activities were planned for the coming year.

◗◗ The New Student Welcoming Morning/Afternoon Tea, 
which seeks to encourage more new students to join the 

GRSS and increase its membership. This will be an 
opportunity to introduce the GRSS and the UNSW 
Canberra Chapter and encourage involvement in 
GRSS activities.

◗◗ The GRSS in Science and Industry Seminar Series, 
which helps GRSS student members connect with peo-
ple from industry and research institutions. Speakers 
from commercial companies and governmental bodies 
will be invited. Seminars given by the speakers help 
GRSS student members understand how geoscience 
and remote sensing technologies are being applied for 
practical use.

◗◗ The Student High-Impact Publication Seminar Series, 
which is part of the UNSW Canberra School of Engineer-
ing’s research student activities. The series invites stu-
dents who have published in top GRSS journals to pres-
ent their research, with the hope of encouraging other 
student members to attend GRSS conferences and pub-
lish papers in GRSS journals.
The UNSW Canberra Student Chapter has been and will 

continue to be a community where geoscience and remote 
sensing students can learn and share. With enormous sup-
port from the IEEE and GRSS, we are confident that the Stu-
dent Chapter will achieve more in the future.

AUTHOR INFORMATION
Yiqing Guo (yiqing.guo@student.adfa.edu.au) is with the 
University of New South Wales, Canberra, Australia.

Junpeng Zhang (junpeng.zhang@student.adfa.edu.au) is 
with the University of New South Wales, Canberra, Australia.

Adnan Farooq Awan (a.awan@student.adfa.edu.au) is with 
the University of New South Wales, Canberra, Australia.

Xiaolin Chen (xiaolin.chen1@student.adfa.edu.au) is with 
the University of New South Wales, Canberra, Australia.

Xiuping Jia (x.jia@adfa.edu.au) is with the University of 
New South Wales, Canberra, Australia. � GRS

FIGURE 4. Student members and colleagues of UNSW Canberra gather at IGARSS 2019. From left to right: Kien Nguyen, Xiaolin Chen, Meng 
Xu, Xiuping Jia, Scott Tyo, Liz Ritchie-Tyo, Clair Stark, Dr. Yiqing Guo, and Junpeng Zhang.

FIGURE 3. Dr. Yiqing Guo operates a drone during a field experiment. 
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The year 2020 has brought a different kind of diver-
sity to us all: a diversity of challenges as we shift our 

work and lifestyles to cope with the continuing COV-
ID-19 pandemic. More than ever, this global pandemic 
has brought issues of equality, diversity, equity, and in-
clusion to the forefront of public view. Large-scale social 
demonstrations and protests have unfolded across the 

United States and other coun-
tries in support of policy changes 
to ensure law enforcement’s eq-
uitable treatment of all individu-
als. As learning has moved to a 
virtual online setting, working 
families have taken on new roles 
as educators, all while trying to 
balance this with their day jobs. 
Millions of people who work in 
essential jobs have braved the 

risk of infection to continue to earn a paycheck and to 
provide necessary services.

The IEEE Geoscience and Remote Sensing Society 
(GRSS) has also adapted to overcome the challenges 
of 2020 while ensuring that our mission and the com-
munity we provide for our members remain strong. For 
the first time, the IEEE International Geoscience and 
Remote Sensing Symposium (IGARSS) will be fully 
virtual, a shift made possible by many dedicated GRSS 

members. The Inspire, Develop, Empower, Advance 
(IDEA) Committee has also made the shift. Our confer-
ence events, part of the Technology, Industry, and Edu-
cation track at IGARSS, will also be in a virtual format 
this year.

We are excited to share that our Women in GRSS fo-
rum this year, the “IDEA and WISE-E Inspire and Em-
power” panel, will be held Friday, 25 September, at 12–
1:30 p.m. Eastern time. This event will be co-organized 
with the Women in Science, Engineering, and the Envi-
ronment (WISE-E) group, and we will take you on a tour 
of women scientists and engineers working in the geo-
sciences and remote sensing. We will also be holding a 
photo contest to encourage members to share their stories 
and experiences as a diverse group of technical research-
ers in our discipline, with the winner announced during 
the event. In lieu of our Women in GRSS luncheon, we 
will hold a GRSS Diversity and Inclusion Fireside Chat 
(Wednesday, 21 October, at 12–1:30 p.m. Eastern time). 
This event will include our annual IDEA Committee ac-
tivities update and will subsequently kick off a moder-
ated discussion around how our committee can 1) bet-
ter assess diversity and inclusion within the GRSS and  
2) design and launch initiatives that have a high impact 
on the Society. The panelists will focus on different types 
of diversity and inclusion initiatives, how to measure 
their success, and what barriers they address. We hope 
you are well, and we look forward to engaging with you 
during our 2020 IGARSS events!

� GRS

Adapting to COVID-19 Challenges and  
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Remote Sensing Code Library (RSCL)

What is RSCL?
RSCL is a publication of IEEE GRSS, just like the GRSS Transactions and the GRSS Newsletter, but distributes com-
puter codes associated with geoscience remote sensing.

What types of codes?
a) Instrument-Related:  Processing, calibration, deconvolution, etc.
b) Application: Relating scene geophysical parameters to sensor output (direct problems) or vice versa (inverse prob-

lems)

The codes are organized by:
a) Wavelength range (microwave, visible, IR)
b) Sensor type (active, passive, GPS, etc.)
c) Application area (ocean salinity, topography, ocean winds, atmospheric temperature profile, etc.)

Where do the codes come from?
The RSCL codes are developed by members of the GRSS community.  All codes undergo a thorough review process be-
fore they are accepted and published.

Who can use the codes?
Anyone interested in geoscience remote sensing.

Are the codes citable?
Absolutely.  Published codes are assigned DOI numbers, just like journal articles.  When journal article authors use a 
code in support of their article, they are expected to cite that code, thereby giving the code author credit for developing 
it and making it available for use by other members of the GRSS community.

What does it cost?
There are no publication fees.

How do I submit a code?
The instructions are available at:  https://rscl-grss.org/index.php

What are examples of recently published RSCL codes?
[DOI: 10.21982/pzj2-fm81] Optimized Twin Dictionaries (OTD) for Hyperspectral and Multispectral Image Fusion 
Han, Xiaolin; Xue, Jing-Hao; Sun, Weidong 

[DOI: 10.21982/4vaf-b861 _target:] QMOD4 QuikSCAT v4 geophysical model function Long, David 

[DOI: 10.21982/2q1x-5x14] Pansharpening Toolbox Vivone, Gemine; Alparone, Luciano; Chanussot, Jocelyn; Dalla 
Mura, Mauro; Garzelli, Andrea; Restaino, Rocco

[DOI: 10.21982/dpp9-e397] SCoBi bistatic radar simulator Eroglu, Orhan; Boyd, Dylan; Kurum, Mehmet

[DOI: 10.21982/M8M05W] RelDielConst_Vegetation.m Ulaby, Fawwaz

For more information, contact the RSCL Editor in Chief, 
Prof. David Long at long@byu.edu
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