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 After more than 15 years of research and writing, the Landsat Legacy 
Project Team published, in collaboration with the American Society for 
Photogrammetry and Remote Sensing (ASPRS), a seminal work on the 
nearly half-century of monitoring the Earth’s lands with Landsat. Born of 
technologies that evolved from the Second World War, Landsat not only 
pioneered global land monitoring but in the process drove innovation in 
digital imaging technologies and encouraged development of global 
imagery archives. Access to this imagery led to early breakthroughs in 
natural resources assessments, particularly for agriculture, forestry, and 
geology. The technical Landsat remote sensing revolution was not 
simple or straightforward. Early conflicts between civilian and defense 
satellite remote sensing users gave way to disagreements over whether 
the Landsat system should be a public service or a private enterprise. 
The failed attempts to privatize Landsat nearly led to its demise. Only 
the combined engagement of civilian and defense organizations 
ultimately saved this pioneer satellite land monitoring program. 
With the emergence of 21st century Earth system science research, 
the full value of the Landsat concept and its continuous 45-year 
global archive has been recognized and embraced. Discussion of 
Landsat’s future continues but its heritage will not be forgotten. 

The pioneering satellite system’s vital history is captured in this 
notable volume on Landsat’s Enduring Legacy.  

Landsat Legacy Project Team
Samuel N. Goward
Darrel L. Williams
Terry Arvidson
Laura E. P. Rocchio
James R. Irons
Carol A. Russell
Shaida S. Johnston

Landsat’s Enduring Legacy
Hardback. 2017,  ISBN 1-57083-101-7   
Student  $36*
Member  $48*
Non-member  $60*

* Plus shipping

LANDSAT’S ENDURING LEGACY

Pioneering Global Land Observations from Space

Landsat Legacy Project Team

Landsat’s Enduring LEgacy
Pioneering global land observations from sPace

Order online at 
www.asprs.org/landsat
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INDUSTRYNEWSTo have your press release published in PE&RS, 
contact Rae Kelley, rkelley@asprs.org.

ANNOUNCEMENTS

URISA is pleased to invite applications for its Vanguard 
Cabinet. The Vanguard Cabinet (VC), a URISA initiative, is 
an advisory board made up of passionate, young (35 years of 
age or younger) geospatial professionals who strive to engage 
young practitioners, increase their numbers in the organiza-
tion, and better understand the concerns facing these future 
leaders of the geospatial community. The VC’s mission is to 
collaborate with URISA’s Board of Directors and URISA com-
mittees in creating and promoting programs and policies of 
benefit to young professionals and to enhance overall innova-
tion, collaboration, networking, and professional development 
opportunities.

From managing a mentoring program and supporting stu-
dent competitions to serving as committee leaders, confer-
ence chairs, and even being elected to the URISA Board of 
Directors, these professionals  are the next generation of GIS 
leaders, providing valuable direction and enthusiasm to the 
community.

Applications are due on or before July 22, 2022 and will be 
reviewed by URISA’s Leadership Development Committee. 
Each accepted applicant will serve a three-year term.  

Learn more about URISA Vanguard Cabinet activities and 
access the application here: https://www.urisa.org/vanguard-
cabinet.

 ¼½¼½ 

Phase One, a leading developer of digital imaging technol-
ogies, announced its next-generation aerial mapping solu-
tions. The Phase One PAS 880 oblique and PAS 280 nadir 
systems have been enhanced with 150MP near-infrared 
(NIR) sensors and the most productive workflow with the 
launch of the latest iX Suite SW solution.

The new PAS 880i offers the same outstanding image quality 
and unsurpassed image capture rate (2 frames/second) that 
gained its forerunner a reputation for reliability and produc-
tivity. The PAS 880i covers a wide swath across-track: more 
than 20,000 pixels in nadir and 14,000 pixels in each of the 
obliques, operated at a variety of airspeeds, altitudes, and 
lighting conditions.

“Already the most productive large-format aerial solution, 
the PAS 880i is now also the most versatile,” said Anthony 
Garetto, VP, Phase One Geospatial. “Users have the op-
tion of operating the PAS 880i in full nadir/oblique mode 
for wide-area mapping and 3D city modeling projects, or 
nadir-only mode for photogrammetric applications. The en-
hanced PAS 880i now includes a 150MP near-infrared sensor 
with 50mm lens, adding simultaneous data capture of the 
near-infrared band for a complete 4-band solution.”

Image sensors are one of the fastest developing technologies. 
Modern Bayer sensors are incredibly efficient and demosaic-
ing algorithms have made huge progress over the last decade.

Phase One has been the leading developer of high-end Bayer 
processing algorithms and software for almost 30 years and 
has made it a business priority to keep pushing the limit of 
Bayer processing quality.

“In aerial mapping, Pan Sharpening is a complicated and 
cumbersome approach where multiple cameras must be 
pointed at the same areas on the ground to collect both lumi-
nance and color information. With the Bayer pattern sensors 
that we use at Phase One, this is not necessary resulting in 
much simpler and more compact systems for the same cover-
age. Bayer pattern technology provides a much better GSD/
Coverage for any given pod size,” said Lau Nørgaard, CTO at 
Phase One

With over 20,000 RGB pixels across flight direction, the PAS 
280i is an effective large format aerial solution of 280MP 
combined with a 150MP NIR camera. This ensures a higher 
return on investment than other large-format systems. PAS 
880i is based on the PAS 280i solution, enabling a seamless 
upgrade to a full oblique system, ensuring a future-proof and 
effective investment and flexibility in service offering.

The addition of the NIR sensor to the PAS 880 and PAS 280 
solutions expands their utility in applications related to ag-
ricultural monitoring, environmental preservation, and land 
use/land cover programs

Learn more at https://geospatial.phaseone.com/aerial-systems/.

 ¼½¼½ 

TCarta Marine, a global provider of hydrospatial products 
and services, has announced the formation of TCarta Can-
ada based in Ottawa, Ontario. Offering the complete line 
of TCarta satellite-derived bathymetry (SDB) services and 
Trident SDB Toolbox software, the affiliate office is a part-
nership between TCarta Marine and Prof. Anders Knudby, a 
well-known marine geospatial researcher and consultant in 
Canada.

TCarta made the announcement at the Canadian Hydro-
graphic Conference 2022 in Gatineau (Ottawa), Ontario, 
Canada. 

TCarta Canada announced its first contract – a pilot project 
to update bathymetric navigation charts for Baffin Island’s 
Cape Hooper and Kangok Fjord with SDB technology. The 
contract is administered by the Canadian Hydrographic 
Services, which has previously purchased SDB maps from 
TCarta. 
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INDUSTRYNEWS
The partnership between TCarta Marine and Knudby is an 
ideal merger of complementary technologies. Knudby, who 
will serve as Managing Partner for the new office, has pio-
neered development of SDB algorithms for Canada’s coastal 
waters as a consultant and associate professor at University 
of Ottawa. TCarta has recently focused on expanding its 
SDB techniques for application in Arctic regions. Knudby’s 
algorithms are being incorporated into the TCarta Project 
Trident SDB workflow. 

“TCarta Canada will accelerate our research and push the 
boundaries for how we deliver marine geospatial products. 
The Canadian Arctic is an enormous area, difficult to access, 
often covered in cloud, ice, and darkness, and poorly chart-
ed,” said Knudby. “But maritime traffic is increasing as the 
Arctic Sea ice recedes, and mariners crossing these waters 
need up-to-date information for safe navigation. TCarta 
Canada will play an important role here, turning satellite 
imagery into the information products that mariners need.”

At the heart of TCarta Canada’s offerings will be the new 
Trident (SDB) Toolbox, now available as a software-as-a-ser-
vice product. The Toolbox is a series of software applications 
that operate within Esri ArcGIS Pro and allow organizations 
to perform their own extraction of bathymetric measure-
ments from satellite, aerial, and UAV imagery.

With offices in the United States and Jamaica, TCarta has 
built an international business on cost-effectively and safely 
deriving onshore and offshore data sets using multispectral 
imagery captured by Earth observation satellites – without 
negative impact on the natural habitat. TCarta products and 
services are relied upon by governmental, insurance, oil & 
gas, environmental, and infrastructure development clients 
in applications as diverse as natural resource monitoring, 
tsunami modeling, disaster & hazard response, and hydro-
logic studies.

For more information, visit www.tcarta.com.

EVENTS

CaGIS proudly presents AutoCarto 2022— Ethics in Map-
ping: Integrity, Inclusion, and Empathy, the 24th Interna-
tional Research Symposium on cartography and GIScience, 
with its focus on the intersection of the two. AutoCarto 2022 
will take place November 2–4, 2022, with workshops oc-
curing on November 1st), at the Esri Campus in Redlands, 
California.

AutoCarto 2022 brings attention to the ethical responsibil-
ities we face in all aspects of our practice, provides a forum 
for discussion on the power of maps and spatial analyses, 
and highlights opportunities for discussions of integrity, 
inclusion, and empathy in cartography and GIScience. 

For more information, visit https://cartogis.org/autocarto/
autocarto-2022/. 

CALENDAR

• 8-12 August, URISA GIS Leadership Academy, Philadelphia, Pennsylvania. For more information, visit www.urisa.org/
education-events/urisa-gis-leadership-academy/.

• 23 September, ASPRS GeoByte — Allen Coral Atlas: A New Technology for Coral Reef Conservation. For more 
information, visit https://www.asprs.org/geobytes.html.

• 3-6 October, GIS-PRO 2022, Boise, Idaho. For more information, visit https://www.urisa.org/gis-pro.

• 23-27 October, Pecora 22, Denver, Colorado. For more information, visit https://pecora22.org/.

• 31 October - 4 November, URISA GIS Leadership Academy, Santa Rosa, California. For more information, visit www.
urisa.org/education-events/urisa-gis-leadership-academy/.

• 2-4 November, AutoCarto 2022— Ethics in Mapping: Integrity, Inclusion, and Empathy, Redlands, California. For 
more information, visit https://cartogis.org/autocarto/autocarto-2022/.

https://www.urisa.org/gis-pro
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439 Hydrological Topography Data Set (HTD)— The Data Set for High 
Resolution 2D Urban Flood Modeling
Che-Hao Chang, Chih-Hung Hsu, Chih-Tsung Hsu, Shiang-Jen Wu, and Po-Hsien 
Chung

This article discusses the demand for better high resolution two-dimensional (2D) 
hydraulic modeling data and proposes a data set named “Hydrological Topography Data 
Set” (HTD). 

451 Improving Land Cover Classification over a Large Coastal City 
Through Stacked Generalization with Filtered Training Samples
Feilin Lai and Xiaojun Yang

To improve remote sensing-based land cover mapping over heterogenous landscapes, we 
developed an ensemble classifier based on stacked generalization with a new training 
sample refinement technique for the combiner.

461 Evaluation of Urban Vegetation Phenology Using 250 m MODIS 
Vegetation Indices
Hongxin Zhang, Xiaoyue Wang, and Dailiang Peng

The dynamics of urban vegetation phenology play an important role in influencing human 
activities. Previous studies have shown high-resolution remote sensing as a tool for 
urban vegetation mapping, but the low temporal resolution of these data limits their use 
for phenological modeling. Therefore, it is of great significance to evaluate Moderate 
Resolution Imaging Spectroradiometer (MODIS) imagery for urban vegetation phenology 
monitoring. 

469 Monocular Video Frame Optimization Through Feature-Based 
Parallax Analysis for 3D Pipe Reconstruction
Zhihua Xu, Xingzheng Lu, Wenliang Wang, Ershaui Xu, Rongjun Qin, Yiru Niu, Xu 
Qiao, Feng Yang, and Rui Yan

Structure-from-motion (SfM) techniques have been widely used for three-dimensional 
(3D) scene reconstruction from sequential video frames. However, for reconstructing 
narrow and confined spaces such as the interior of drainage pipes, selecting 
geometrically optimal frames is a major challenge, not only to reduce the number of 
needed frames but also to yield better geometry. This article introduces a coarse-to-
fine method to optimize the selection of monocular video frames based on a geometric 
criterion called feature-based parallax analysis for 3D pipe reconstruction

479 Monitoring and Analysis of Urban Sprawl Based on Road Network 
Data and High-Resolution Remote Sensing Imagery: A Case Study of 
China’s Provincial Capitals
Lin Ding, Hanchao Zhang, and Deren Li

The primary prerequisite for sustainable urban development is to accurately grasp the 
development of the city. The dynamic changes in the urban area can reflect the urban 
expansion process and spatial development model. Carrying out urban expansion 
monitoring and extracting urban areas is of great importance for grasping the law of 
urban development and promoting the sustainable development of cities. However, 
the related research reveals several problems such as insufficient accuracy and low 
intelligence of urban boundary extraction. In response to these problems, this article 
proposes a new method for urban area extraction based on the progressive learning 
model. 
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If you could speed up time and see the changes in a fast-growing city like Las Vegas, 
what would the future look like? Landsat satellite imagery reveals a stunning view of 
this type of urban growth. The two Landsat images on this month’s front cover were 
captured nearly 50 years apart. The top image was one of the earliest to come from 
the first Landsat satellite, then called Earth Resources Technology Satellite (ERTS), 
which launched as an experiment on July 23, 1972. The bottom image came from the 
most recent satellite in the series, Landsat 9, which launched September 27, 2021.

Both images use the satellites’ color infrared band combinations, with near-infrared, 
red, and green bands. Because chlorophyll reflects near-infrared light, this band 
composition is useful for analyzing vegetation. Areas in bright red depict vegetation; 
urban areas are white or gray; and the darkest areas depict water. A plot of very light 
tan, indicating land clearing, can sometimes be seen right before a new residential 
area is built. 

Brightly reflected areas outside of the city indicate the presence of salts, minerals, 
and clays in the sediment. Water once settled in these flat, lower-elevation areas, 
and the minerals remained. The brown-tan regions surrounding the city are likely 
steeper slopes where flowing water rinsed out minerals.  

Lake Mead, the large body of water to the right in each image, is the largest 
reservoir in the United States. Lake Mead is part of a system that supplies water to 
at least 40 million people across seven states and northern Mexico, but it currently 
stands at its lowest level in almost 80 years.  As a result, water will be allocated in 
much lower amounts to some states this year and possibly into the near future.  

The Landsat Program changed the world in 1972, just by looking at it. Early discover-
ies ranged from mineral deposits and remote fires to unknown islands. Discoveries 
continue today in new imagery as well as the study of changes in the invaluable 
and unparalleled 50-year record of Earth surface data. Landsat and its archive will 
continue to deliver answers about the Earth’s resources, their influence on humanity 
and ecosystems, and humanity’s influence on them well into the future. 

For more information, please visit https://www.usgs.gov/landsat-missions.

www.facebook.com/ASPRS.org
www.twitter.com/ASPRSorg
www.youtube.com/user/ASPRS
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What is AmericaView
AmericaView, a 501(c) (3) non-profit 
education and research organization, 
is a nationally organized, state-
based consortium with more than 
20 years of experience advancing 
the availability, timely distribution, 
education, and widespread use of 
remote sensing data and technol-
ogy. AmericaView is divided into 
individual StateView members, 
with each hosted by a university in 
the corresponding state. Currently, 
there are 41 StateViews (see Figure 
1) each led by a StateView Director 
who facilitates their state-based 
consortia. Combined, the StateViews 
consist of more than 300 local, state, 
and regional members with a direc-
tive of advancing the widespread 
use of remote sensing data and 
technology through education and 
outreach, workforce development, 
applied research, and technology 
transfer. Each StateView delivers 
remote sensing related educational, research, and opera-
tional products and services that meet the needs of the local, 
state, and regional communities that it serves. The success 
of AmericaView is a direct result of the power of collegiality 
and of the power of the AmericaView network.

amEricaViEw and its 
Landsat connEction
By Russell G. Congalton, Roberta Lenczowski, Lisa Wirth, 
and Christopher McGinty

Figure 1. Distribution of StateViews as part of the AmericaView national consortium. Associate 
members are recent additions that are currently building their state consortium.

Photogrammetric Engineering & Remote Sensing
Vol. 88, No. 7, July 2022, pp. 421-424.

0099-1112/22/421-424
© 2022 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.88.7.421
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A Brief History
The concept of a national consortium to advance the adoption 
and use of remote sensing technologies and products at the 
state level was conceived in 1998 with the establishment of 
OhioView. One of the goals of OhioView was a partnership 
with the USGS Earth Resources Observation and Science 
(EROS) Data Center to ingest Landsat imagery and distribute 
it widely and effectively to the member institutions and to 
all the citizens of Ohio. Given the early success of OhioView, 
expansion to the national level was authorized by the United 
States Congress and achieved through the creation of Ameri-
caView. Funding for AmericaView has since then been provid-
ed through the USGS National Land Imaging (NLI) Program 
National Land Remote Sensing Education Outreach and Re-
search Activity (NLRSEORA). AmericaView was incorporated 
as a non-profit in 2003 beginning with 10 founding members 
(Arkansas, Georgia, Kansas, Mississippi, Ohio, South Dakota, 
Texas, West Virginia, Wyoming, and Nebraska). 

From the outset of the consortium’s incorporation, its pursuit 
of extending appreciation for and use of remote sensing has 
intentionally been inclusive of all. Provisioning access to and 
distribution of public domain Landsat imagery underpinned the 
earliest memorandum of understanding in 2002 between USGS 
and AmericaView. AmericaView, through its StateView mem-
bers, has persistently sought and collaboratively nourished last-
ing education and research partnerships, networking their dis-
tributed academic perspectives. As a result of these activities, 
today an ever-expanding spectrum of users can properly apply 
remotely sensed imagery and its analysis to a wide variety of 
challenging issues. In an era focused on diversity, equity, and 
inclusion with belonging as an outcome, the last twenty years of 
AmericaView’s active presence has bridged a time when only a 
privileged-few were using Landsat to a time when the “free and 
open” policy and effective academicians’ training continue to 
overcome barriers to imagery access and use. All can belong to 
the community of contributors and benefactors.

Today, AmericaView is a locally facilitated and nationally 
coordinated consortium that has grown to 41 StateView mem-
bers (see Figure 2). AmericaView StateView directors include 

some of the foremost remote sensing scientists and educators 
in the nation, editors of major journals, authors of key remote 
sensing textbooks, and directors of major research laboratories. 
These remote sensing professionals impact the Earth science 
community in a wide variety of areas including, but not limited 
to, environmental monitoring; water quality, quantity, and 
utility studies; plant-phenology studies; natural resource man-
agement; traditional and precision agriculture; and disaster 
response and risk reduction. Collectively, the AmericaView 
directors are responsible for millions of dollars of competitive 
grants, lead quality research programs nationally and inter-
nationally, and have successfully disseminated their research 
outcomes through publications, presentations, and the Internet.

AmericaView powerfully facilitates the sharing of educational 
materials and research results through its national website, 
AmericaView.org , which shares remote sensing resources 
openly and freely to anyone who has interest. AmericaView’s 
social media presence, including Twitter, LinkedIn, and You-
Tube, reach thousands of educators, students, decision makers 
and scientists across the nation and around the world. Metrics 
collected over the past decade indicate a broad interest base 
with hundreds of thousands of visits and revisits, from the 
merely curious to the sophisticated user. The volume of imagery 
and other geospatial data, training tutorials, StoryMaps, and 
articles that are viewed and/or downloaded through the website 
underscores the value of this information and the contribu-
tion AmericaView is making to the geospatial community and 
beyond. 
AmericaView’s national organization includes three commit-
tees: Education/Outreach, Strategic Planning, and Earth Sen-
sors and Research. Each committee is chaired by a StateView 
member and composed of StateView consortium members. 
These committees align closely with key objectives of the USGS 
NLI NLRSEORA program. Through the committees, Ameri-
caView has established working groups that have the ability 
to respond rapidly to specific topics of interest or organiza-
tional needs. For example, the Education/Outreach committee 
organized a STEAM (Science, Technology, Engineering, Arts, 
and Math) event reaching out to Baltimore County, MD middle 
schools to learn about remote sensing (Figure 3).

Figure 2. The AmericaView national consortium during the 2022 Annual Meeting in Fort Collins, Colorado (May 4, 2022)

http://www.americaview.org/
https://twitter.com/americaview
https://www.linkedin.com/company/americaview
https://www.youtube.com/channel/UCl_qxh5rpBq9iggWEGBDWgw
https://www.youtube.com/channel/UCl_qxh5rpBq9iggWEGBDWgw


PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING July 2022 423

The Landsat Connection
Members of AmericaView have been part of the Landsat com-
munity since the very beginning. To list a few examples, Indi-
anaView Director Emeritus, Larry Biehl, along with Dr. David 
Landgrebe, from the Laboratory of Applications of Remote 
Sensing (LARS) at Purdue University, has been the driving 
force of the MultiSpec image processing software. Dr. James 
Merchant, KansasView Director Emeritus, of the Kansas 
Applications of Remote Sensing (KARS) lab was also an early 
Landsat researcher. South Dakota State University (home of 
SouthDakotaView) has had a synergistic relationship with the 
USGS EROS Center since the creation of this Landsat facility. 
Dr. Marvin Bauer, MinnesotaView Director Emeritus, was a 
research agronomist from 1970 – 1983 with LARS at Purdue 
University where he had key roles in the design, implementa-
tion, and data analysis of major agricultural remote sensing 
experiments with NASA and USDA. Dr. James Campbell, 
VirginiaView Director Emeritus, is the author of Introduction 
to Remote Sensing (Guilford Press), a leading remote sensing 
textbook. NewHampshireView Director Dr. Russell G. Congal-
ton was a pioneer in assessing the accuracy of maps derived 
from Landsat imagery and continues this work to this day.

The connection between AmericaView and Landsat remains 
strong today as evidenced by the efforts made by StateView 
members in the areas of education, outreach, and applied 
research:

Education
StateView’s have educated thousands of under-
graduate students in the use of remote sensing and 
other geospatial technologies. In addition, hundreds 
of graduate students have conducted research 
projects using remote sensed imagery including 
Landsat that have been presented at conferences, 
published in scientific journals, and documented as 
theses and dissertations. Finally, tens of thousands 
of K-12 students have been introduced to Landsat 
and other remotely sensed imagery by hundreds of 
teachers trained by AmericaView members. Figure 
4 shows the number of participants in activities over 
just the last 3 years ending in September of 2021. 
Most of these activities were accomplished while the 
Covid-19 pandemic was raging.

In addition, there are a large number of specif-
ic projects conducted by each state that clearly 
demonstrate AmericaView’s impact on geospatial 
education. For example, Dr. Ramesh Sivanpillai, 
WyomingView Director, has worked with students 
and local ranchers using Landsat imagery on family lands, 
https://bit.ly/WYViewLandsat. MontanaView has worked 
with Native American students to use remotely sensed 
imagery to study the impacts of invasive grass species on 
tribal lands. Finally, the Education Committee has worked 
to identify places that remote sensing and other geospatial 
activities can be inserted into state earth science curriculum 
requirements which will ease the burden on teachers.

Outreach
Each year many AmericaView members participate in Earth 
Observation Day, an ongoing event as part of the American 
Geosciences Institute’s Earth Science Week. Partnering with 
USGS and NASA, AmericaView members work to create a 
poster that demonstrates some themes related to earth ob-
servation from Landsat imagery. The back of the poster has 
a game that is designed to be fun while introducing learners 
of all ages to remote sensing.

Figure 3. Middle school students from Baltimore County, MD work-
ing on a giant floor puzzle during a STEAM event held in Baltimore, 
MD.  AmericaView Executive Director Chris McGinty can be seen 
kneeling over the puzzle to help while WyomingView Director Ra-
mesh Sivanpillai helps in the background.
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Figure 4. The numbers of individuals educated by various StateView activities over 
the last three year periods (October 2018-September 2019, October 2019-Sep-
tember 2020, October 2020-September 2021).

https://nam12.safelinks.protection.outlook.com/?url=https%3A%2F%2Fbit.ly%2FWYViewLandsat&data=05%7C01%7Cruss.congalton%40unh.edu%7Cea2f185c2c2c40631e7b08da31cb71c0%7Cd6241893512d46dc8d2bbe47e25f5666%7C0%7C0%7C637877047241478539%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000%7C%7C%7C&sdata=jv6fBGqT8WJjCLakyrxWB5nsI2bgMuArUEy1ikzwejI%3D&reserved=0
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Other outreach projects include a recent Google Earth Tour 
of the History of Landsat developed by UtahView State Co-
ordinator, Ellie Leydsman McGinty. This history of Landsat 
was also presented as a GeoBytes Seminar through the 
American Society for Photogrammetry and Remote Sensing.

Developed by an increasing number of StateView’s, a particu-
larly effective outreach activity that has become increasingly 
popular with the public is Earth as Art. Figure 5 shows the 
Earth as Art exhibit that was presented at the Lompoc Library, 
California as part of the Landsat 9 launch events in September 
of 2021. In addition to the imagery shown on the easels is the 
large Earth as Art floor puzzle of Santa Barbara County.

Applied Research
AmericaView StateView’s are very active in applied research 
that benefits their state or region. Some projects have been 
conducted jointly between universities within a state or 
sometimes in conjunction with other interested StateView’s 
while others have been performed by a single university. One 
example of a StateView creating information that has become 
increasingly valuable and popular for local groups within the 
state of Georgia is a series of atlases generated from Landsat 
imagery that have various themes including forest change, 
croplands, and land cover https://gaview.org/drupal893/.

StateView applied research is extremely diverse based on the 
needs of that state. For example, OregonView has conducted 
research on shallow bathymetric mapping using Landsat 8 
and ICESat-2 and the creation of the DEMs by fusing Land-
sat 8/Sentinel-2 and ICESat-2. ColoradoView has worked 
on missing pixel reconstruction using Landsat 8 ARD LST 
products. AmericaView’s Program Director, Lisa Wirth, used 
Landsat 7 data to identify groundwater upwelling within 
an Interior Alaska glacially-fed river. These areas serve as 
prime spawning habitat for fall chum salmon, an import-
ant salmon species for subsistence. Recently, HawaiiView 
completed the first ever cloud-free mosaic of the state. Given 
cloud issues in Hawaii producing a cloud-free image is a 
major and extremely useful accomplishment.

Recently, the Earth Sensors and Research Committee coor-
dinated an effort to produce a StoryMap showing the various 

sensor capabilities and expertise of each StateView https://bit.
ly/AVSensors . In addition, a second StoryMap was created 
to demonstrate research expertise of each StateView  https://
bit.ly/AVResearch .Together, these StoryMaps demonstrate 
the diversity of research being conducted within AmericaView 
while providing a plethora of information for those who want 
to know more about the uses of remotely sensed imagery.

Final Thoughts
As we celebrate the 50th anniversary of Landsat, it is worth 
looking back and seeing how far we have come. It is easy to 
be impressed by the overwhelming number of technological 
advances that have occurred since Landsat 1 was launched 
back in 1972. In many ways, computers were still in their 
infancy and our ability to process the amazing imagery 
acquired was extremely limited. There is no doubt that the 
AmericaView consortium has played a significant role in 
not only remotely sensed research, but perhaps even more 
importantly, in providing the imagery and the knowledge 
of how to use this imagery to an ever-expanding audience 
of school children, college students, professionals, local and 
state agencies, and the public.

As we look to the future (see Figure 6), more than ever we 
need remotely sensed imagery to aid in increasing awareness 
of the many environmental issues that are threatening the 
planet we call home. Our ability to map and monitor the 
Earth in real time with efficiency and accuracy has nev-
er been more important. AmericaView and the synergies 
created by the collegial consortium of StateViews will and 
must continue to bring remote sensing and other geospatial 
technologies, education, outreach, and research to everyone, 
especially the younger generations. 

Russell G. Congalton is professor of remote sensing and GIS, 
University of New Hampshire and NewHampshireView 
Director; Roberta Lenczowski is secretary of the AmericaView 
Board of Directors and Deputy Chair of the Landsat Advisory 
Group; Lisa Wirth is the AmericaView Program Director; and 
Christopher McGinty is the AmericaView Executive Director.

Figure 5. An example of Earth as Art. Kevin Gallagher (near the 
center of the picture with the sports coat and one foot on the 
puzzle) USGS Core Science Systems Associate Director and other 
USGS and local participants assemble a floor puzzle, part of the 
AmericaView Earth as Art traveling exhibit. Figure 6. Looking to the future.

https://bit.ly/UtahView_HistoryLandsat
https://bit.ly/UtahView_HistoryLandsat
https://nam12.safelinks.protection.outlook.com/?url=https%3A%2F%2Fgaview.org%2Fdrupal893%2F&data=04%7C01%7Cruss.congalton%40unh.edu%7Cc471f3d382184422927d08da1e19143b%7Cd6241893512d46dc8d2bbe47e25f5666%7C0%7C0%7C637855391691816817%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000&sdata=gHW5Vneh72Wtb61EoZNYDgmZ4%2Fq3EKlcFJNi3LkUqJI%3D&reserved=0
https://nam12.safelinks.protection.outlook.com/?url=https%3A%2F%2Fbit.ly%2FAVSensors&data=05%7C01%7Cruss.congalton%40unh.edu%7Cea2f185c2c2c40631e7b08da31cb71c0%7Cd6241893512d46dc8d2bbe47e25f5666%7C0%7C0%7C637877047241478539%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000%7C%7C%7C&sdata=s1eIBT9hCpwZNYl2C4LtwjsNL8AqMdKfEtPuHLhGosg%3D&reserved=0
https://nam12.safelinks.protection.outlook.com/?url=https%3A%2F%2Fbit.ly%2FAVSensors&data=05%7C01%7Cruss.congalton%40unh.edu%7Cea2f185c2c2c40631e7b08da31cb71c0%7Cd6241893512d46dc8d2bbe47e25f5666%7C0%7C0%7C637877047241478539%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000%7C%7C%7C&sdata=s1eIBT9hCpwZNYl2C4LtwjsNL8AqMdKfEtPuHLhGosg%3D&reserved=0
https://nam12.safelinks.protection.outlook.com/?url=https%3A%2F%2Fbit.ly%2FAVResearch&data=05%7C01%7Cruss.congalton%40unh.edu%7Cea2f185c2c2c40631e7b08da31cb71c0%7Cd6241893512d46dc8d2bbe47e25f5666%7C0%7C0%7C637877047241478539%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000%7C%7C%7C&sdata=wxZbQYZlPR%2B1ys7by6Lh9MSeqQtXsi1%2FHdEoa08Zgiw%3D&reserved=0
https://nam12.safelinks.protection.outlook.com/?url=https%3A%2F%2Fbit.ly%2FAVResearch&data=05%7C01%7Cruss.congalton%40unh.edu%7Cea2f185c2c2c40631e7b08da31cb71c0%7Cd6241893512d46dc8d2bbe47e25f5666%7C0%7C0%7C637877047241478539%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000%7C%7C%7C&sdata=wxZbQYZlPR%2B1ys7by6Lh9MSeqQtXsi1%2FHdEoa08Zgiw%3D&reserved=0
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GIS &Tips     Tricks By

Mobile apps are powerful communication tools, especially 
when it comes to sharing geographies of businesses, events, 
or other organizational needs. While most of us focus on 
setting up the back end of these apps, there are also front 
end design functions that need to be prioritized to keep your 
users’ attention,  such as the graphic user interface (GUI). 
Developing the GUI for mobile apps is a process that in-
volves several moving parts, or in this case—several moving 
files. This can be a daunting task when trying to keep track 
of every linked design element 
and colors that match your app’s 
brand.  However, one easy way 
to save yourself time in applying 
your color scheme to your ele-
ments is to save them all to one 
style sheet, this month’s “tip”.

In Android Studio, an integrated 
development environment that 
is used to develop mobile apps 
for android and iOS devices, you 
can save your styling sheets and 
active codes to linked project 
folders. The style sheet files that 
are primarily used for this are 
the colors.xml and themes.xml 
files that are automatically cre-
ated under your app’s resources 
(res) folder. 

1. In Android Studio, locate 
and open the colors.xml file 
in the project folder (app/res/
values/colors.xml). In this 
template, there are a series 
of colors listed with HEX 
(hexadecimal) values and 
string values saved to each 
name variable, E.g.:

<tag variable = “string”> HEX value </tag>

<color name = “purple_200”> #FFBB86FC </color>.  

The column to the left in Figure 1 previews each chosen color.

2. Click the Run button to generate an app preview in the emu-
lator to see how the current color scheme appears (Figure 1).

3. Open the themes.xml file in the project folder (app/res/
values/themes/themes.xml). Based on the template, de-
fault primary and secondary colors were applied for the 
app where each name variable is linked to the colors.xml 
file by calling @color and the string name of the variable 
(Figure 2), E.g.:

<item name = “colorPrimary”> @color/purple_500 </item> 
in the themes.xml is directly linked to <color name = 
“purple_500”>  #FFBB86FC </color> in the colors.xml.

Designing Color Style Sheets for your Mobile App — Easier Than You Think

YoLani Martin & Al Karlin, Ph.D. 
CMS-L, GISP

Figure 1: Default HEX values in colors.xml file and app preview.
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Figure 2: Set primary and secondary color schemes linked to themes.xml. 
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4. In the colors.xml file, replace the 
default HEX values with new val-
ues and replace the default string 
with another descriptor (Figure 3) 
E.g.:

<color name= “peach”> #D2506B </
color>

5. In the themes.xml file, update the 
primary and secondary HEX val-
ues with the new reference colors 
(Figure 4), E.g.:

<item name = “colorPrimary”> @
color/purple_500 </item>  is now  
<item name = “colorPrimary”> @
color/peach </item>

6. Click the Run button to generate a 
new app preview in the emulator to 
see changes (Figure 5)

And voila! 

Your updated style sheet can now 
be called upon for unique interface 
features or any additional theme you 
might create later on. If you encounter 
issues with calling colors from the style 
sheet, some quick ways to trouble shoot 
the issue can include:

• Check if you are updating the right 
xml file

• Make sure the string name you 
save the HEX value to is concise 
and easy to remember

• Check if you are calling the right 
variable (E.G. are you calling a 
secondary color from the themes.
xml or a particular color from the 
colors.xml?)

• Run the emulator to refresh and 
see if your changes are applied to 
the right sections of the app

For more information on styling themes and color design 
management, visit the additional resources below. 

Send your questions, comments, and tips to GISTT@ASPRS.org.

Source
Adobe Color [Web application]. (n.d.). Adobe. https://color.

adobe.com/create/color-wheel. 
“Styles and Themes.” (n.d.) Android Developers Documen-

tation. Android. https://developer.android.com/guide/
topics/ui/look-and-feel/themes.

YoLani Martin is a Geospatial Analyst with Dewberry’s 
Fairfax, VA office.  She is a resource for open source tools 
and Python scripting.  Al Karlin, Ph.D., CMS-L, GISP is 
with Dewberry’s Geospatial and Technology Services group 
in Tampa, FL.  As a senior geospatial scientist, Al works 
with all aspects of Lidar, remote sensing, photogrammetry, 
and GIS-related projects.  

Figure 3: Colors.xml file with new HEX values.

Figure 4: Primary and secondary color schemes linked to updated colors.xml file.

Figure 5: Updated app preview with new HEX values applied.

https://color.adobe.com/create/color-wheel
https://color.adobe.com/create/color-wheel
https://developer.android.com/guide/topics/ui/look-and-feel/themes
https://developer.android.com/guide/topics/ui/look-and-feel/themes
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by Clifford J. Mugnier, CP, CMS, FASPRS

continued on page 437

Evidence has been found north of Lusaka at 
Kabwe of human habitation that dates back 
100,000 years. About 1000 AD, Swahili-

Arab slave traders began intrusions into the area 
from the east. Between the 14th and 16th centuries, 
the Bantu-speaking Maravi migrated from the 
area presently know as Zaïre, and established 
kingdoms in eastern and southeastern Zambia. 
The region came under the jurisdiction of the 
British South Africa Company in 1889, in 1911 it 
became Northern Rhodesia, and in 1924 it became 
a British Protectorate. From 1953 to 1963, it was 
part of the Federation of Rhodesia and Nyasaland 
(Malawi) and achieved independence as a 
republic, 58 years ago on 24 October 1964. Zambia 
is bordered by Angola (1,110 km) (PE&RS, March 
2001), Democratic Republic of the Congo (1,930 
km), Malawi (837 km), Moçambique (419 km) 
(PE&RS, September 1999), Namibia (233 km), 
Tanzania (338 km), and Zimbabwe (813 km) 
(PE&RS, November 2003). The climate is tropical, 
modified by the altitude of the mostly high plateau 
with some hills and mountains. The lowest point 
is the Zambezi River (329 m), and the highest 
point is in the Mafinga Hills (2,301 m).
Lake Tanganyika extends into a small portion of northern 
Zambia, and the Zambezi River (used as the origin of the 
country’s name) forms the eastern border with Malawi. The 
famous Arc of the 30th Meridian follows the eastern shore 
of Lake Tanganyika and spans the Zambezi River. The Arc 
of the 30th Meridian is referenced to the Cape Datum of 
1950 where the astronomic coordinates of the initial point 
of the Cape Datum near Port Elizabeth are for Buffelsfon-
tein where Φo = 33º 59´ 32.000˝ S and Λo = 25º 30´ 44.622˝ 
E. The ellipsoid of reference is the Clarke 1880, where a = 
6,378,249.145 m and 1/f = 293.4663077.

The northwestern border of Zambia is common with the 
Democratic Republic of the Congo (Zaïre), once known as the 
Belgian Congo. Zambia is adjacent to the Katanga province 
of the Congo, where a boundary commission published the 
results of a classical triangulation in 1954, Comité Spécial 
du Katanga, Les Travaux Géodésiques du Service Géo-
graphique et Géologique. The origin of the triangulation 
of Katanga (Le Point Fondamental) is the “A” end of the 
Tshinsenda baseline in Zambia where: Φo = 12º 20´ 31.568˝ 
S and Λo = 28º 01´ 02.971˝ E. The altitude of the point was 
1,331.31 m, as determined by trigonometric leveling from 
the 30th Arc triangulation performed in 1911. Subsequent 
double-run precise levels performed by then Major and later 
Brigadier Martin Hotine from Dar es Salaam in Tanzania 
necessitated a correction of +47 feet to the elevations in 
Zambia. Presumably, that correction was applied to the 
value published by the Belgians in 1954. The Tshinsenda 
Baseline was measured in 1912 with a length of 4,152.9912 

The Grids & Datums column has completed an exploration of 
every country on the Earth. For those who did not get to enjoy 
this world tour the first time, PE&RS is reprinting prior articles 
from the column. This month’s article on the Republic of 
Zambia was originally printed in 2004 but contains updates to 
their coordinate system since then.

REPUBLIC OF 

ZAMBIA
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ASPRS SAC: A YEAR IN REVIEW

This month we are delighted to highlight the role ASPRS SAC has played in 
strengthening the skills of our students through multiple virtual and in-person 

events. The following is a snapshot of each event and its impact. 
ASPRS Webinar: Why Join ASPRS? September 15, 2021
A panel of ASPRS members from SAC, Early Career 
Professionals Council (ECPC), student chapters, and ASPRS 
Executive Director, Karen Schuckman discussed how ASPRS 
impacted their careers. 
Impact: Students received an insight 
into the role of ASPRS in academia 
and beyond.

ASPRS Webinar: Scholarship Tips! 
October 4, 2021
Featured speakers, Dr. Lindi 
Quackenbush and Innocensia Owuor, 
answered prewritten questions on 
the ASPRS Awards and Scholarships 
Program.
Impact: Presenters answered 
questions and encouraged students to 
apply for scholarships. 

SAC GIS Day Map Contest, November 
18, 2021
ASPRS members were encouraged 
to create and submit a map to the 
contest. Submissions were judged 
by their peers and six winners were 
selected. 
Impact: Participants got a chance 
to showcase their work. Additionally, the winners received a 
free one-year ArcGIS for Personal Use licenses from Esri and 
the opportunity to present their work at the ASPRS Annual 
Conference. 

ASPRS Conference @ Geo Week February 5 - 7, 2022
Three of the SAC board members volunteered at the ASPRS 
Conference at Geo Week. 
Impact: This was a great opportunity for SAC members to 
meet each other in person and to assist in the success of the 
conference. 

ASPRS Virtual Conference Focus on Career Development: 
Spotlight on ASPRS Councils, March 22, 2022
The SAC provided a short presentation discussing its members, 
broad goals, and events as well as how to get involved. SAC 

helped coordinate and plan the 
ASPRS Leadership Panel. SAC 
Communications Council Chair, 
Rabia Munsaf Khan, represented 
SAC on the panel. 
Impact: This event yielded many 
interesting questions from the 
audience and provided valuable 
insight into why becoming an 
ASPRS member can and will 
enhance your personal and 
professional success.

ASPRS Pilot Mentorship Program, 
Ongoing
With six matched pairs, our mentor-
mentee program is in full swing. 
Refer to our Signatures Column in 
the June 2022 issue of PE&RS for 
details about this program. 
Impact: Both mentors and 
mentees are enjoying the program 
and calling it a two-way learning/

conversation experience. This learning environment will help 
mentees gain personalized advice and shape their career path. 

All in all, the goal of ASPRS SAC is to provide a support system 
for our ASPRS family. 

If you are interested in participating in SAC activities:
• Join us every other Thursday from 10-11 am PST!
• Join us via this zoom link: https://tinyurl.com/

SACASPRSMeeting
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sEEing our PLanEt anEw: 
FiFty yEars oF Landsat

Thomas R. Loveland, Martha C. Anderson, Justin L. Huntington, James R. Irons, David M. Johnson, 
Laura E. P. Rocchio, Curtis E. Woodcock, and Michael A. Wulder

Introduction
The July 23, 1972 launch of the Earth Resources Technology 
Satellite (ERTS), later renamed Landsat 1, marks the first 
milepost of the Landsat journey. While the inception of the 
Landsat program began several years earlier (Goward et al. 
2017), that first launch and the subsequent launches of eight 
more Landsat satellites define a timeline that leads us to cele-
brate the 50th anniversary of an ongoing satellite program with 
profound impacts on our observation and understanding of the 
Earth. Prior histories have addressed technical, programmatic, 
and scientific aspects of the Landsat program in a more-or-less 
chronological order (Mack 1990; Goward et al. 2017). Here, we 
briefly address the cumulative impacts of the Landsat program 
on key Earth science and environmental topics.

We attempt to address the “so what” questions. What do we 
know now about the Earth that we did not know 50 years ago 
due the Landsat data record? What are we able to do to protect, 
preserve, and wisely use our natural 
resources that we would not be able to do 
without Landsat data? The brevity of a 
feature article prevents comprehensive, 
exhaustive answers to these questions. In-
stead, we provide synopses of the impacts 
in four areas: land use and land cover 
change, agriculture, forestry and forest 
ecology, and water resources. Landsat 
data are employed for many other areas of 
research and application; we have chosen 
these four critical and representative 
topics to illustrate the value of the 50-year 
Landsat program.

Land Use and Land Cover Change
Land use and land cover characterize the 
land surface and how it is being managed, 
and maps of land cover and land use 
are foundational information for local to 
regional planning. One of the first uses of 
Landsat’s synoptic coverage was map-
ping land cover and land use, something that continues today 
and has improved through time. While projects that focus on 
local and regional land cover remain common, over time there 
has been steady progress toward maps that cover larger areas 
and multiple time periods. The first global land cover products 
were based on sensors with coarser spatial resolution: first at 
1 km from AVHRR (Loveland et al. 2001) and then MODIS at 

500 m (Friedl et al. 2002) and MERIS at 300 m (Arino et al. 
2007). Following an extremely important change in data policy 
in 2008 enabling free and open access to the Landsat archive 
(Ryan and Freilich 2008; Woodcock et al. 2008), there has been 
an explosion in the scope of studies based on Landsat, including 
efforts that provided global land cover maps at 30 m (Chen et 
al. 2011; Gong et al. 2012; Zhu et al. 2019). Recently, an even 
finer spatial resolution (10 m) global map was released by ESA 
(Karra et al. 2021) based on Sentinel-2 and Sentinel-1 data. 

While the role of Landsat in land cover and land use map-
ping has been important for decades, it is in the domain of 
land cover change that Landsat’s contribution is unique and 
its importance cannot be overstated. Landsat is the only 
program that has provided high quality satellite observa-
tions at spatial resolutions that capture human activity over 
many decades (Figure 1). Due to the wisdom and foresight 
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Figure 1.  A NASA research team has made land cover maps of Liberia for every year in the 
last two decades using images from the joint NASA and United States Geological Survey’s 
Landsat mission. The team then refined the classifications using very high-resolution com-
mercial satellite data and tree height information from the Global Ecosystem Dynamics 
Investigation (GEDI) lidar altimeter aboard the International Space Station. Source: NASA’s 
Science Visualization Studio; de Sousa et al. 2020.



430 July 2022 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

within the Landsat Program (Wulder et al. 2012), there 
is now a truly global archive populated with observations 
across seasons and years that contain a historical record 
of the Earth surface in the satellite era. As such, the data 
from Landsat continue to be mined to reveal how, when, and 
where land cover has been changing. And if maps of land 
cover are useful, maps of land cover change are dramatically 
more valuable as they document trends in surface conditions 
and the location and extent of human activities. At the U.S. 
national level, examples include the USGS National Land 
Cover Database (NLCD) (Wickham et al., 2020) and the 
USGS Land Change Monitoring, Assessment, and Projection 
(LCMAP) (Brown et al., 2020). 

The availability of Landsat data has enabled mapping of 
the shifting extents of cities, forests, grasslands, savannas, 
agricultural fields, deserts, and glaciers, chronicling how each 
has changed over the past half century—a time period that 
has seen incredible modification of the surface of Earth as the 
world’s population has grown from 4 billion to almost 8 billion.

Agriculture
Agriculture constitutes the largest anthropogenic impact on 
the Earth’s terrestrial surface. Over one third of the global 
land surface is currently dedicated to growing food and fiber, 
or managing livestock. Of that, intensive cropping makes up 
about a third and the rest is comprised of pastures and range-
lands used for forage and grazing (FAO 2022). The physical 
agricultural extent, and the practices within it, are rapidly 
evolving, growing, and shifting to meet the needs of the in-
creasing global population (Godfray et al. 2010; UN 2019).

Ideally, society can transparently monitor and forecast the con-
dition and productivity of agricultural areas in real time. Detail-
ing the supply of commodities can allow for efficient allocation 
and ultimately improved food security (See et al. 2015). This 
is particularly important during times of widespread weather 
anomalies or civil unrest which 
often dramatically reduce the 
food supply in a region. Further-
more, given the large and dy-
namic footprint of agriculture, 
it is also important to track be-
cause of the profound influences 
on surrounding ecosystems and 
the sustainability of the broader 
environment globally (Raman-
kutty et al. 2008).

Mapping and monitoring of 
short- and long-term trends 
in agriculture are difficult due 
to the wide geographies and 
ephemeral seasonalities. This 
was recognized over a half cen-
tury ago and the initial design 
of Landsat was in many aspects 

tailored to observing agriculture over broad regions down to 
the field-level several times a season. Upon the initial Land-
sat launches in the early 1970s, two large agriculture-specific 
research field campaigns, coined the Large Area Crop Inven-
tory Experiment (LACIE) and the Agricultural and Resources 
Inventory Surveys Through Aerospace Remote Sensing (AgRIS-
TARS) (MacDonald et al. 1975; Caudill and McArdle 1979), 
were established from the onset with goals of leveraging the 
Landsat imagery to objectively identify crop types and estimate 
harvest production. The success of these campaigns fostered 
decades worth of follow-on research and applications develop-
ments, both in the public and private sectors (MacDonald 1980; 
Doraiswamy et al. 2004; Gitelson et al. 2012; Gao et al. 2017; 
Thenkabail et al. 2017). Earth observation satellites with addi-
tional capabilities have been developed since, but the Landsat 
series has continued to remain a core data source for crop and 
rangelands monitoring systems (Figure 2 ).

Earth system science questions regarding the impact of 
agriculture on the environment have come to the forefront 
more recently (Crist et al. 2017; Vijay and Armsworth 2021). 
This is of major concern because of the continued expansion 
and pressuring of agriculture into surrounding ecosystems 
– many of which are vastly shrinking and threatened (Foley 
et al. 2005; Potapov et al. 2022). In particular, South Ameri-
ca’s Amazon Basin has undergone remarkable change and is 
being heavily monitored (Gibbs et al. 2010; Song et al. 2021; 
Zalles et al. 2021). Intensification of croplands has also in-
creased, creating pressures on the ability for food production 
systems to maintain sustainability (Tilman et al. 2011; Zabel 
et al. 2019). Finally, climate changes are impacting, and 
being impacted by, agriculture through the feedbacks within 
the system complex (Wolf et al. 2015).

The 50-year Landsat archive has provided unparalleled and 
objective documentation of these changes across agricultural 
landscapes around the globe over a time when the population 

Figure 2.  Landsat data help the USDA document the dramatic increase of soybean plantings north-
east of Minot, North Dakota occurring in recent years. The left image is from Landsat 5 mid-summer 
2008 and the right from Landsat 8 mid-summer 2021. Areas in red were identified from the imagery as 
soybean fields.
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has doubled. Landsat will continue to be an imperative tool 
for monitoring agriculture and understanding the interactions 
with Earth’s natural resources into the next half century.

Forestry and Forest Ecology
Access to Landsat data has had a profound impact upon 
forestry and forest ecology, using scientific underpinnings 
to improve forest management and the understanding of 
forest ecosystems and how they function. Early investiga-
tions using Landsat typically focused upon single images 
to provide land cover information on the location of forests. 
Demonstrated soon after was the ability to difference images 
to capture forest change (Nelson 1983; Goward et al. 2017) 
ultimately enabling categorization of change type, such as 
wildfire, harvesting, or land use conversion (Cohen et al. 
2010). The ability to detect change in forest ecosystems is 
highly valued from both economic and ecological points of 
view (Kennedy et al. 2014). Forest management is informed 
by up-to-date knowledge of where and when harvesting has 
occurred, as well as the subsequent regeneration of trees 
(White et al. 2022). Landsat has enabled detailed mapping 
of global forest dynamics (Masek et al. 2008; Hansen et 
al. 2013), exposing illegally cleared forests along the way 
(Kuemmerle et al. 2009). Landsat has been used to identify 
locations reported as protected parks, that in reality, are 
suffering from human-induced degradation (Liu et al. 2001).

Forest removals impact how land functions in relation to 
both the terrestrial ecosystem and the atmosphere. Forest 
biomass has a known relationship to carbon (Houghton et al. 
2009). Through a knowledge of photosynthesis, scientists can 
determine the nature of exchange of 
atmospheric carbon with conversion 
to long-term storage in trees (Goward 
and Williams 1997). Losses of long-
term tree-based carbon storage can be 
calculated using Landsat-derived maps 
of forest change, and further refined 
when combined with lidar measure-
ments (Goward and Williams 1997; 
Coops et al. 2021; Harris et al. 2021) . 
The long Landsat data record enables 
cause of forest loss to be determined, 
and long-term carbon stock implica-
tions realized (Wulder et al. 2020). 

The 50-year history of Landsat’s 
borderless observations provides a 
reliable global baseline as well as 
the capacity to derive trends using 
time-series approaches. Using Land-
sat, national (Figure 3) and inter-
national agencies can define mea-
surements and monitoring criteria 
to underpin agreements with robust 
and actionable information (Wulder 
et al. 2022-In review). The for-

ward-going commitment to data continuity, as demonstrated 
by Landsat 9 and forthcoming Landsat Next (Masek et al. 
2020), provides the required assurance to build programs 
around Landsat. Landsat time series data show the rate, 
magnitude, and persistence of forest change (Kennedy et 
al. 2010) and provide ecological insights into the causes and 
effects of these changes (Cohen et al. 2016). Both within- and 
between-year Landsat time-series analyses enable the cap-
ture of vegetation phenology (Bolton et al. 2020), exposing 
impacts of climate change. The understanding that humani-
ty has of Earth’s forested ecosystems status and function has 
been unreservedly enriched by Landsat observations.

Water Management and Hydrology
Evapotranspiration (ET) is a key component of the hydrologic 
cycle, representing the amount of water consumed by crops 
and natural vegetation in the process of growth. The ability to 
accurately quantify ET over landscapes is critical for planning 
toward a sustainable water supply supporting agriculture, 
urban use, and natural ecosystem services. Deficits in ET rela-
tive to long-term norms may signal incipient vegetative stress 
due to soil moisture depletion, disease, or disturbance (Yang 
et al. 2020; Yang et al. 2021a; Yang et al. 2021b).

Landsat has provided a unique opportunity to measure ET at 
the scale of human influence in the water cycle (Anderson et 
al. 2012). The thermal infrared bands, available since Land-
sat 4, enable retrieval of ET through energy balance model-
ing, which considers impacts of evaporative cooling on the 
land-surface temperature. Landsat surface reflectance bands 
additionally allow quantification of albedo, landcover type, 

Figure 3.  Landsat data underpins national and international forest monitoring and reporting 
programs. Both status and change in important forest attributes can be mapped and mon-
itored, including land cover, change location, type, and timing, as well as forest structural 
attributes such as biomass and canopy cover. These attributes can be relayed as maps or as 
temporal trends to inform forest management or ecological studies, such as detailed infor-
mation on rates of change by disturbance type by jurisdiction or ecologically meaningful unit 
(Hermosilla et al. 2016).
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and fractional vegetation cover—also important in governing 
water and energy partitioning. Unlike moderate resolution 
sensors like AVHRR, MODIS, and VIIRS, the 30-120-m 
resolution of Landsat allows discrimination of water use by 
individual fields and crop types, and therefore Landsat has 
become increasingly used for decision-making and water use 
accounting at field to basin scales.

The need for accurate water-use information at the critical 
Landsat scale continues to grow with increasing population, 
agricultural needs, drought, and atmospheric thirst for water 
in the U.S. and globally (Quinteiro et al. 2018; Hoffmann et al. 
2021; Albano et al. 2022; Schumacher et al. 2022). For example, 
water rights compliance assessment in some western states 
has evolved from costly and inaccurate methods involving site 
visits or analyses of pumping electricity bills to quantitative 
assessment via Landsat ET map timeseries (Kramber et al. 
2010). The ability to quantify seasonal water use by land-use or 
crop-type enables development of long-term groundwater and 
water demand plans accommodating projected changes in land-
use (Morse et al. 2003; Anderson et al. 2018). Landsat-based 
irrigation withdrawals are planned to be used for the U.S. 
National Water Census and next generation national hydrology 
modeling initiatives as part of the SECURE Water Act (Even-
son et al. 2018; Marston et al., 2022). The Landsat archive has 
also greatly advanced our ability to monitor and understand 
how groundwater-dependent ecosystems, which serve as critical 
climate refugia for many sensitive species (Cartwright et al. 
2020), are responding to changes in climate and water and 
rangeland management (Huntington et al. 2016; Fesenmyer et 
al. 2018; Meyers et al. 2021). Having the unmatched combina-
tion of a 50-year history, continuity, and optimal spatial scale 
– Landsat 9 and Landsat Next 
will allow for the kind of next 
generation research and appli-
cations required to help address 
the growing water challenges 
in the coming decades.

With the advancements in 
Landsat ET retrieval made 
over the past decades, there 
remains the challenge of opera-
tionally generating information 
over large areas and getting 
these satellite-based water use 
data into the hands of decision 
makers to help inform water 
resource management. With 
the advent of cloud computing 
(Huntington et al. 2017) and 
distribution of higher-level 
Landsat land-surface tempera-
ture and surface reflectance 
products, routine wall-to-wall 
mapping and delivery of robust 
ET information is becoming a 

reality. Under the OpenET project, for example, an ensemble 
of ET modeling systems runs in near-real-time, suppling daily 
to seasonal 30-m resolution ET data over the western United 
States (Figure 4 ), with plans for expansion to full CONUS and 
global coverage (Melton et al. 2021). Free and open access to 
a shared set of trusted Landsat ET data can provide a critical 
baseline in consensus planning for sustainable water futures.

Landsat’s long archive has also been harnessed to create 
global maps at 30 m resolution tracing how the location and 
persistence of surface water bodies have shifted over the past 
four decades. These maps give us a salient perspective on the 
scope of climate change and human activities on fresh water 
supplies, while providing valuable information for water and 
ecosystem managers (Pekel et al. 2016). Landsat measure-
ments have also been used together with data from Aqua, 
Terra, and ESA’s Copernicus Sentinel-2 and -3 satellites to 
detect harmful algal blooms that can have profound impacts 
on human health and safety. Knowledge gleaned from these 
studies has informed sensor specifications for Landsat Next 
which will expand this capability (Pahlevan et al. 2019). 

Conclusion
The discussion above touches on several common themes 
across the four key areas of study. Fifty years ago, the anal-
yses and applications of Landsat data began with the use of 
single scenes to provide maps and information across large, 
circa 180 km square regions at the scale of human impact. 
Each scene provided a snapshot of time. At that time and 
until the mid-1980’s, the Landsat satellites provided the only 
source of such data from space. As the acquisition of Landsat 
data began to repeat, pairwise comparisons of scenes collected 

Figure 4.  Spatial distribution of ensemble-average annual ET for 2021 from OpenET for an agricultural 
area near Grand Valley, Colorado, within the Upper Colorado River Basin (UCRB), as well as cumula-
tive monthly ET time series for 2016 through 2021 for a selected field. The highlighted field participated 
in a water conservation study in 2017 and 2018 with full and partial irrigation forbearance, respectively. 
Cumulative time series of ET for each year clearly show the ET response due to reduced irrigation and 
can serve as the basis for estimating conserved consumptive water use for potential water conserva-
tion programs within the UCRB and other areas in the Western U.S.
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over the same area were performed to observe change between 
two points of time. As more time passed, technical capabilities 
evolved to allow mosaics of Landsat scenes covering increas-
ing areas to the continental and global extent. In parallel, the 
repeated capture of Landsat data with increasing frequency 
of global coverage facilitated the development of time series 
analyses both within years and across years. These advance-
ments towards the use of large volumes of Landsat data 
over space and time were made possible by the evolution of 
computing technologies, by careful attention to sensor cali-
bration, and, perhaps most importantly, by the 2008 decision 
by the USGS to distribute Landsat data at no cost to request-
ors. After 2008, researchers and resource managers could 
use all the Landsat data they needed, and not just the data 
they could afford. Further, as other satellite systems were 
launched, Landsat data are increasingly used in conjunction 
with data from other national government, international, and 
commercial sources of data. These common themes apply to 
many other realms of Landsat data analyses and applications 
such as glaciology and cryospheric science, the changing state 
of coral reefs, the annual snowpack, urban development, and a 
host of other Earth science and application topics.

What do we know about the Earth that we did not know fifty 
years ago thanks to Landsat? We know where and when land 
cover and land use are changing. We know which crops are 
being grown where on an annual basis and that knowledge sup-
ports commodity investments and food security. We know the 
extent of global forest disturbance and the impact on ecosys-
tems. We know where and how much water is used for irriga-
tion to increase food production with improved management of 
that invaluable resource. The continuous improvement of the 
Landsat data stream, from single-scene observations through to 
analysis ready data products (Dwyer et al. 2018) for time series 
analyses, has enabled continuing advancements in application 
development and science investigations. We look forward to a 
future with further advancements in Earth observations but-
tressed by the continuing progress of the Landsat program.
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Grids & Datum, continued from page 427

m with the final value being adjusted with the base at 
Nyanza, both surveyed by the Katanga-Rhodesia Boundary 
Commission. The deflection of the vertical was constrained to 
zero at point “A”. The projection adopted for the general map 
of Katanga was the Lambert Conical Orthomorphic with two 
standard parallels at jN = 6º 30´ S and jS = 11º 30´ S and a 
central meridian, λo = 26º E.
Thanks to a paper in Survey Review, April 1997 by Dare and 
Mutale, a brief history of geodetic surveys in Zambia were 
detailed: “Between 1949 and 1964, the Directorate of Colonial 
Surveys, Federal Surveys, and the Directorate of Overseas 
Surveys, established 12 triangulation nets and three traverse 
loops. The main areas of primary control may be grouped 
as follows: Part of Arc of the 30th Meridian; Fort Jameson 
(Chipata)/Malawi Network; Isoka Network; Zambia Main 
Network; Copperbelt Network; Solwezi/Kasama/Mumbwa 
Loop; Fort Rosebury (Mansa) – Congo (Zaire) link; Livingstone 
Memorial Area – Mansa Loop; Mwinilunga Loop Traverse; 
Luwingu series and Mansa loop; Mankoya loop Traverse; 
Kalomo Livingstone loop Traverse. The network configuration 
consists of a series of (a) Triangles; (b) Braced quadrilaterals; 
(c) Centre point polygons; (d) Double centred polygons; (e) Tra-
verse legs. As a rule of thumb, the orientation was controlled 
by azimuth observations every 10 stations and the allowable 
misclosure was not to exceed 2”√ n, where n is the number 
of intervening legs between astronomical stations. The side 
lengths in primary traverse are approximately 30 km; in other 
cases the lengths of sides are approximately 60 km. For (a)-(d) 
a deliberate effort was made to have well conditioned trian-
gles by avoiding angles less than 40 degrees.”
The Tshinsenda baseline is located in the Copperbelt 
Province of Zambia. Since the world market in copper has 
plummeted, the economy of Zambia has suffered and great 
efforts are being expended to convert the economy to an 
agricultural base. The majority of papers on surveying and 
mapping topics published on Zambia are now addressed to 
the establishment of a national cadastre for a land registra-
tion system. Land tenure through 99-year leases is a current 
topic thought to be the country’s economic salvation. Profes-
sor Peter Nsombo published a paper with L. Combrinck of 
the Hartebeeshoek Radio Astronomy Observatory regarding 
the establishment of a continuously observing reference 
station in Lusaka (ZAMB). The transformation parameters 
expressed in the standard American convention sign for 
rotations from Arc Datum 1950 to WGS84 Datum for all of 
Zambia are: ∆X = –152 m ±0.4 m, ∆Y = –60 m ±0.4 m, ∆Z = 
–297 m ±0.4 m, Rx = –12˝ ±0.4˝, Ry = 1˝ ±0.8˝, Rz = 8˝ ±1˝, 
∆s = –8.328 ±1.773 ppm, and this solution was based on 11 
observed points. A pilot project was undertaken in an area of 
Lusaka that developed transformation parameters that were 
different from the above parameters in excess of 10 meters 
per translation component. As a basis of comparison, NGA 
lists the 3 parameter transformation from Arc 1950 to WGS 
84 as: ∆X = –147 m ±21 m, ∆Y = –74m ±21 m, ∆Z = –283 m 
±21m, and this solution was based on 5 points.
Thanks to Malcolm A. B. Jones of Perth, Australia for the 
Katanga data.

Zambia Update
In 2019, Mr. Andrew M. Silwembe, a government employee 
of Zambia, earned a Master’s degree in Engineering in Geod-
esy and Geo-Informatics by collocating at two networks that 
comprised points common to the international boundaries 
between Zambia and Malawi as well as between Zambia and 
Moçambique with GPS observations.  Mr. Silwembe used 
the Leica Ski software as well as the U.S. National Geodetic 
Survey’s OPUS software for his analysis.  The math model 
employed was the classical Molodensky-Badekas 7-parame-
ter transformation, but with a curious twist.  
The classical 7-parameter Molodensky model uses the 
geocentric coordinates of the classical datum origin as the 
origin point for the rotation of the classical coordinates 
(Arc50) to the inertial coordinates (WGS84).  Silwembe 
instead chose the geometric center of the Arc50 Datum of 
Malawi and the geometric center of the Tete 1960 Datum of 
Moçambique!  I think this is a non-sensical approach, since 
using a rotation origin inside of the network of points used 
will have a negligible affect to the transformation scalar and 
to the magnitude of the translation components.  Decades 
ago, when I was developing the relation among the classical 
datums of Trinidad and of Venezuela, the datum origins 
were within the population samples of the datums affected, 
so I used a simple 7-parameter Bursa Wolf transformation 
model.  Conversely, when I developed the relation of the 
classical datum of Guayaquil, Ecuador and of the PSAD56 
datum, I used the full 7-parameter Molodensky transfor-
mation model to significantly decrease the magnitude of the 
translation parameters by using a larger scalar.  Neverthe-
less, Silwembe’s transformation parameters along with his 
rotation origin (in Malawi) are as follows for Zambia-Malawi 
to WGS84: Xo = 5,209,545.197 m, Yo = 3,385,668.285 m, Zo 
= –1,441,109.365 m. ∆X = 166.705 m ± 0.103 m, ∆Y = 75.034 
m ± 0.103 m, ∆Z = 307.072 m ± 0.103 m, Rx = –11.267585″ ± 
0.3862″, Ry = –3.557593″ ± 0.5159″, Rz = 2.429121″ ± 0.9193″, 
∆s = 2.429121 ppm ±1.8187 ppm.  Note that the σ a posteriori 
is ± 0.3560 m, based on 12 collocated points.
Silwembe’s transformation parameters along with his rotation 
origin (in Moçambique) are as follows for Zambia-Moçambique 
to WGS84: Xo = 5,260,391.453 m, Yo = 3,239,199.932 m, Zo = 
–1,580,682.477 m. ∆X = 161.159 m ± 0.081 m, ∆Y = 82.201 m ± 
0.081 m, ∆Z = 298.851 m ± 0.081 m, Rx = –11.2863″ ± 0.8161″, 
Ry = –2.0981″ ± 1.5582″, Rz = 5.8898″ ± 0.5399″, ∆s = –5.3155 
ppm ±0.8584 ppm.  Note that the σ a posteriori is ± 0.2724 m, 
based on 13 collocated points.
Finally, note that the sense of the SKI rotations are opposite 
standard American/Australian convention.

The contents of this column reflect the views of the author, who is 
responsible for the facts and accuracy of the data presented herein. 
The contents do not necessarily reflect the official views or policies of 
the American Society for Photogrammetry and Remote Sensing and/
or the Louisiana State University Center for GeoInformatics (C4G).

This column was previously published in PE&RS.
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Landsat’s Enduring Legacy — Pioneering Global 
Land Observations from Space is Now Open 
Access in Available PDF Format

After more than 15 years of research and writing, the Landsat 
Legacy Project Team, in collaboration with the American Society for 

Photogrammetry and Remote Sensing (ASPRS), published an account 
of monitoring the Earth’s lands for a half-century with Landsat. Born of 
technologies that evolved from the Second World War, Landsat not only 
pioneered global land monitoring but, in the process, drove innovation in 
digital imaging technologies and encouraged the development of global 
imagery archives. Access to this imagery led to early breakthroughs in 
natural resources assessments, particularly for agriculture, forestry, and 
geology. The technical Landsat remote sensing revolution was not simple or 
straightforward. Early conflicts between civilian and defense satellite remote 
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Enduring Legacy.

Download the open access PDF from ASPRS at https://my.asprs.org/landsat.

The hardcover version can be purchased directly from ASPRS 

by visiting www.asprs.org/landsat

mailto:PERSeditor@asprs.org
mailto:jshan@ecn.purdue.edu
mailto:cjmce@lsu.edu
mailto:bookreview@asprs.org
mailto:Mapping_Matters@asprs.org
mailto:rkelley@asprs.org
mailto:maustin@asprs.org
http://
http://www.asprs.org/Join-Now


Hydrological Topography Data Set (HTD)— 
The Data Set for High Resolution 2D  

Urban Flood Modeling
Che-Hao Chang, Chih-Hung Hsu, Chih-Tsung Hsu, Shiang-Jen Wu, and Po-Hsien Chung

Abstract
This study investigated the demand of data for better high resolu-
tion two-dimensional (2D) hydraulic modeling and proposes a 
data set named “Hydrological Topography Data Set” (HTD for 
short) for this purpose. Derived from airborne lidar point cloud, the 
HTD comprises three parts: (1) High Resolution Hydraulic Three-
Dimensional Features: high resolution three-dimensional vector 
data that preserves the locations and elevations of topography 
breaklines, (2) Hydraulic Digital Elevation Model: high resolution 
(1 × 1 m) DEM enhanced by the terrain breaklines to preserve the 
landscape characteristics, and (3) Hydraulic Digital Surface Model: 
high resolution (1 × 1 m) DSM conditioned by removing the height 
of vegetation and temporary objects. With HTD, hydraulic features 
such as drainages with 10 m of width can be identified and properly 
set up in numerical models, thus can help simulating and access-
ing the flood in urban area more in detail. Through case studies we 
demonstrate how HTD can affect the results of hydraulic modeling. 
The results show that HTD can help modelers to construct proper 
mesh (or computational grids) for 2D hydraulic modeling, and pre-
serve topography characteristics (i.e., shape and elevation), which 
improves the modeling results in terms of spatial resolution and 
physical rationality, while still keeping the computation efficient.

Introduction
The Need of Data for High Resolution Modeling
According to the records of the past 100 years, Taiwan suffers from 
3–4 typhoons every year, and the accompanying flooding is always a 
huge threat. To respond to the climate change and increasing frequency 
and intensity of rainfall event, Taiwan Water Resources Agency has 
developed a framework that creates a potential flooding map accord-
ing to various rainfall scenarios. This framework has become the main 
basis for current flooding-related disaster prevention and response 
decision making.

Due to the dense population and urban development in Taiwan, 
the demand for flood area mapping has gradually increased from the 
township level to the village level, and even at the community level. 
With this high-precision requirement, it is necessary to consider the 
use of higher-resolution spatial data to show the detailed physical 
characteristics of the flooding process. In particular, the technologi-
cal advancement in the production of numerical terrain models, using 
airborne lidar technology, has produced island-wide Digital Elevation 
Model (DEM) and Digital Surface Model (DSM) with a resolution of 
1 m × 1 m across Taiwan in the past 10 years. If we can make good 
use of this high-precision spatial information, there will be a great 
opportunity to improve the results of flooding simulation, especially 
in the urban areas. However, the current DEM product contains only 
bare-earth elevation. If the elevation of buildings is not included, the 
simulation result will not show the effects from the buildings. On the 
other hand, the DSM contains the elevation of features such as vegeta-
tion, buildings, and other man-made structures. In practice, the surface 
elevation of vegetation, most likely the trees, behave like “blocks” for 
water flow in hydraulic modeling. Hence, DSM is not applicable for 
two-dimensional (2D) hydraulic modeling. To overcome the shortcom-
ings of current available data, more information is required for high 
resolution (HR) modeling.

Review of DEM Data for Hydrologic and Hydraulic Modeling
Delineating desirable watersheds is essential for most of the hydrologic 
and hydraulic modeling applications. The most well-known watershed-
delineation algorithm is the D8 algorithm, which is introduced by 
O’Callaghan and Mark (1987). The D8 algorithm is commonly used due 
to its simplicity; however, to perform the D8 algorithm, the raw DEM has 
to be modified by filling the sinks and sometimes needs to be recondi-
tioned by burn-in the stream into the original DEM. The “sink filling” and 
“stream burning” approaches altered the raw DEM and may not be suit-
able in some applications. Studies have come up with different algorithms 
to avoid the alteration of raw DEM, such as Zhang et al. (2020) and Kenny 
et al. (2008). In some cases, the delineated watershed may not align with 
real topography. Kenny and Matthews (2005) develop an algorithm that 
take not only the channel network vector, but also the waterbody polygon 
into account, to delineate a more accurate and desirable watershed.

In the current flood simulation applications, there have been many 
cases of applying lidar data. Medeiros et al. (2011) applied lidar DEM 
on typhoon-induced huge wave simulation; Kain et al. (2019) used 
lidar DEM on tsunami simulation; Bodoque et al. (2016) produced 
high-precision DEM, combined with river water depth measurement 
and Triangulated Irregular Network (TIN) data derived from lidar point 
cloud, and performed a 500-year frequency flood simulation. Al-Suhili 
et al. (2019) discussed the difficulty of integrating flood modeling 
and high-precision spatial data and proposed a framework for rainfall 

Che-Hao Chang is with the Dept. of Civil Engineering, National Taipei 
University of Technology, Taiwan 1, Sec. 3, Zhongxiao E. Rd., Taipei 
City 10608, Taiwan.

Chih-Hung Hsu is with the G T International Engineering Consultants, 
Ltd., Taiwan 2F., No.215, Sec.3, Nanjing E. Road, Taipei City 104, 
Taiwan (aaronhsu219@gmail.com).

Chih-Tsung Hsu is with the National Applied Research Laboratories 
National Center for High-performance Computing, Taiwan No. 7, 
R&D 6th Rd., Hsinchu Science Park, Hsinchu City, Taiwan.

Shiang-Jen Wu is with the Dept. of Civil and Disaster Prevention 
Engineering, National United University, Taiwan No.1, Lienda, Miaoli 
County 360301, Taiwan.

Po-Hsien Chung is with the Water Resources Planning Institute, Water 
Resources Agency, Ministry of Economic Affairs No.1340, Jhong-
jheng Rd., Wu-fong, Taichung City 413, Taiwan.

Contributed by Zhenfeng Shao, November 14, 2020 (sent for review October 8, 
2021; reviewed by Cheng Zhong, Hongping Zhang, Nan Yang).

Photogrammetric Engineering & Remote Sensing
Vol. 88, No. 7, July 2022, pp. 439–450.

0099-1112/22/439–450
© 2022 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.20-00115R2

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING July 2022 439



forecasting and flood early warning system. Luppichini et al. (2019) 
proposed high-precision topographic data, which can show the char-
acteristics of hydraulic structures, and improve the accuracy of flood 
simulation. Dhungel et al. (2019) used lidar-derived digital terrain 
models (DTMs) in one dimensional (1D) and 2D flood modeling in ur-
ban areas. Pinos et al. (2019) compared modeling results from multiple 
1D river models, along with cross-section data from different sources.

Ding et al. (2021) combined Multi-Temporal Interferometric 
Synthetic Aperture Radar (MT-InSAR), geo-detector, and Long Short-
Term Memory (LSTM) for monitoring, analysis, and prediction of 
surface subsidence in the main urban districts of Wuhan. Shao et 
al. (2021) propose an ecological evaluation standard framework by 
designing an ecosystem service value monitoring workflow based 
on the establishment of multi-level grids. Shao et al. (2019) ana-
lyze multi-temporal Landsat data and run-off data derived from the 
INFOWORKS model to determine the relations between impervious area 
ratio and run-off patten in urban area and discovered that accurate 
DEM is needed for detailed multi-scale monitoring, especially for flat 
areas such as most urban areas. Annis et al. (2020) compared the DEM 
with resolution of 10 m, 1 m, and 0.25 m, and applied them to flood 
modeling. The results show that high-precision DEM provided by UAV 
is applicable in the case of small catchment and rapid run-off response. 
The above articles show that applying high-resolution lidar DEM has 
become a trend in urban flood modeling. However, due to the large size 
of high-resolution data and the required computing resources, flooding 
simulation in large areas is still difficult. To perform high-resolution 
modeling at the community level, small-scale drainage such as drain-
age with width less than 10 m in urban areas must be considered in 
the model. However, such small-scale drainage cannot be presented 
as 2D features when using DEM with resolution of 40 m. Solving this 
problem requires improvement of the spatial resolution, but this will 
also significantly increase the amount of calculation resources, which 
is not available in most of the cases.

High-resolution DEM is not necessary for making high-resolution 
flood simulation. In fact, using DEM along with line features such as a 
breakline in hydraulic models has been implemented for a long time. 
For example, Scarlatos (1989), Liu (2008), Liu and Zhang (2013), 
and Rutzinger et al. (2016) have all verified that combining coarse 
resolution DEM and three-dimensional (3D) breaklines, the geographic 
accuracy of spatial features can still be maintained. High-density point 
cloud of airborne lidar provides pixel-wide breakline acquisition ca-
pabilities, such as Brugelmann (2000) and Hingee et al. (2019). Yang 
et al. (2016) developed an algorithm to extract Terrain characteristics. 
Dhungel et al. (2019) used airborne lidar data to determine the hydro-
flatten area.

Typical DEM excludes the building elevation from the terrain. 
However, when performing urban flood modeling, the presence of 
the building will block the water flow, and the simulation needs to 
be considered. Studies that consider the impact of buildings in flood 
modeling are as follows. Alivio et al. (2017) applied aerial telemetry 
in hydrodynamic simulation. Li et al. (2019) developed high-perfor-
mance algorithms to evaluate flood extent using DEM and Morphology. 

Rong et al. (2020) propose a high-precision simulation that combines 
digital city model and flood simulation under the concept of Building 
Information Modelling. Shen (2020) discusses the influence of DEM 
and the roughness on two-dimensional flood modeling in the building 
treatment method. Sholichin and Qadri (2020) retrieve multiple types 
of data, such as buildings, DEM, land use, etc. from a hydrology data-
base for constructing models to predict the flow rate and calculate the 
flood risk. Some studies also have discussed buildings’ impact on flood 
modeling, such as Afifi et al. (2019), Kurniyaningrum et al. (2019), 
and Bove et al. (2020).

Based on the demand of high-resolution flood modeling in urban 
areas, spatial features such as small drainage and buildings need to be 
considered in the digital terrain model production process. With refer-
ence to the National Hydrography Dataset (NHD) and NHDPlus HR’s data 
concepts for national channels proposed by United States Geological 
Survey (USGS), this paper proposes the Hydrologic Topography Dataset 
(HTD), which includes the Hydraulic Digital Elevation Model (HyDEM), 
the Hydraulic Digital Surface Model (HyDSM), and High Resolution 
Hydraulic 3D features.

The HyDEM is used to highlight, but is not limited in the channel 
details in DEM on the three-dimensional model. Spatial features like 
waterbody, dikes, and buildings are also considered. To achieve this, the 
terrain breaklines, which preserve the channel and building characteris-
tics, are used to interpolate into the DEM to create a format of data that 
allows users to display and measure channel parameters at resolution of 
1 m. The High Resolution Hydraulic 3D features aim at the spatial fea-
tures that need to be emphasized in the hydraulic model, such as drain-
age channels, buildings, etc., and is created as breaklines on the terrain 
to preserve its three-dimensional spatial accuracy as much as possible.

HTD as Part of the Taiwan 3D National Basemap (3DNB) Program
In Taiwan, nationwide systemic terrain survey using lidar was conducted 
after Typhon Morakot in 2009, which was a devastating event that caused 
the loss of many lives and a loss to the economy. In the beginning, the lidar 
is used to produce high resolution (1 m × 1 m and 5 m × 5 m) of DEM and 
DSM for the purposes of monitoring and investigating the change of the 
landscape to help researchers identify the locations of potential hazards. 
Since then, more and more applications using the lidar-derived data have 
emerged from different research areas, such as sociology, forestry, etc.

In 2017, the Taiwan government initiated the 3D National Basemap 
(3DNB) Program, which aims to build a compressive database of survey 
products that facilitate the development of infrastructure and many as-
pects of research. From 2018, the Department of Land Administration 
(DoLA) begin to cooperate with Water Resources Planning Institute 
(WRPI) on the topic of HTD, which is one of the subprograms of the 
3DNB Program. In the 2018 DoLA-WRPI join project, “Application 
of Hydro Digital Elevation Model on High Resolution Inundation 
Modeling”, we proposed a set of survey products for performing 
higher quality hydraulic modeling. The proposed data sets and their 
definitions are shown in Table 1.

Table 1. The Hydrological Topography Data Set (HTD) and their descriptions,
Data (Sets) Definition

High Resolution 
Hydraulic 3D Features

(1) Building Layer 3D polygon that preserves the plan view shape and elevation of buildings

(2) Bank Layer 3D vector polygon that stores the bank top paths and their elevation at vertices

(3) Waterbody Layer 3D polygon that stores the waterbody edges and the water surface elevation at edge vertices

(4) Boundary Layer 2D polyline that store the boundary line of the elevation data

(5) Sea-Dike Layer 3D polyline that stores the sea-dike top paths and their elevation at their vertices

Hydraulic DEM (HyDEM) High resolution (1 m × 1 m) DEM with enhancement by imposing topography breaklines on the raster grids such as Layers (2)–(5). 

Hydraulic DSM (HyDSM) High resolution (1 m × 1 m) DSM in addition to HyDEM with enhancement of the Building Layers at topography breaklines but with 
conditioning by removing the height of vegetation and temporary objects. 

3D = three-dimensional; 2D = two-dimensional; DEM = Digital Elevation Model; DSM = Digital Surface Model.
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All the HTD components are derived from the same lidar point cloud 
with density of at least two points per square meter. The five layers of 
High Resolution Hydraulic 3D Features, in the format of polygon or 
polyline, are created by a series of automatic and manual digitizing 
processes. Extra information such as ortho images are typically used 
to help identify the object and digitize the data. The HyDEM is created 
by resampling the point clouds to regular raster grids with 1 m × 1 m 
resolution, then burn-in the elevation value from the above-mentioned 
Bank Layer and Sea-Dike layer, to keep the elevation at these break-
lines correct. The HyDSM is created by the same way as the HyDEM but 
with an extra burn-in process using building elevation. In terms of data 
accuracy, the current requirements for HTD data quality assurance and 
quality control (QA/QC) are as follows: (1) the average difference of 
field examination on a horizontal control system is lower than 10 cm, 
and the vertical one is lower than 20 cm; (2) the maximum allowable 
vertical difference of field examination to result HyDEM is less than 35 
cm, for which the root-mean-square error is around 15 cm.

As shown in Figure 1, when the plane position (x, y) of the bankline 
is identified, then the corresponding elevation z can be obtained from 
the point cloud, hence the three-dimensional position (x, y, z) of the en-
tire bankline can be defined. Similarly, the three-dimensional breaklines 
of buildings, waterbody boundaries, and sea-dikes can be obtained. 
Figure 2 shows an example of HyDEM development. Before the burn-in 
process, the elevation of the DEM along the bankline is relatively lower. 
After burn-in of the bankline information, the DEM elevation along the 
bankline is raised to the correct elevation of the true topography.

Preliminary Concepts of HTD Components and Their Usage
The current Digital Terrain Models (DTMs) provided by LoSA has two 
types – Digital Elevation Model (DEM) and Digital Surface Model 
(DSM). The most significant difference between DEM and DSM is that 
DEM has no information of building elevation; therefore, when using 
it, the effect of a building could be overlooked. On the other hand, the 
DSM contains too much information for flood modeling.

For example, the elevation of treetops on the raster could become 
the obstructions of water, but in the real world only tree trunks affect 

the flow but cannot actually “block” the water flow. For high resolution 
urban flood modeling, we will need data that is different from currently 
available DTM products. Following are the concepts of HTD compo-
nents and the purpose of their usage.

The Building Layer
In USGS defined “pure lidar DEM”, there are artifacts at water surface 
or manmade structures which make the data not suitable for mapping 
purposes or creation of topographic contours. To resolve this, USGS 
defines ”Hydro-Flattened DEM” and “Enhanced Hydro-Flattened DEM” 
that use breaklines to derive higher quality surface for waterbodies and 
manmade structures such as single-line drainage, ridges, bridge cross-
ings, and buildings (USGS, 2020). For modeling floods in an urban area, 
well-delineated boundaries of buildings are important when we want to 
simulate how the water is flowing on the streets and between buildings. 
Hence in the proposed HTD we intend to include the Building Layer, 
which is defined as polygon layers that depicts the boundary of build-
ings and preserve the elevation of buildings in their attribute tables.

The Sea-Dike Layer
In 2D flood modeling, the sea-dike elevation is essential information 
for the coastal area, because in some cases the ocean waves could 
overtop the sea dike. If the location and elevation of the dike is wrong, 
the modeling results will be incorrect. In the current DoLA-provided 
Taiwan e-map, “sea-dike” layers are available with the horizontal loca-
tion only. Besides, the line is not always at the top of the dike (Figure 
3). In the proposed HTD, we include the Sea-Dike Layer as 3D break-
lines along the top of the sea dikes and preserve the elevation at the 
line vertices. Similar to the Building Layer, this Sea-Dike Layer can be 
used to delineate higher quality DEM, and also enhance the quality and 
correctness of 2D flood modeling at costal area.

The Bank Layer
In different DTMs (i.e., DEM, DSM, HyDEM, and HyDSM), the elevation of 
each raster grid is averaged in some way, hence it becomes harder to 
preserve the elevation of a specific location as the grid size increases. 
In 2D hydraulic modeling, the elevation of a channel bank is essential. 

(a) (b)

Figure 1. High Resolution Hydraulic Three-Dimensional (3D) feature digitization.

(a) Raw DEM (b) DEM with bankline burnt-in

Figure 2. Example of Hydraulic DEM (HyDEM) development. DEM = Digital Elevation Model; DSM = Digital Surface Model.
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It affects how the water exchange between the channel within bank 
lines and the area outside the bank lines.

Figure 4 shows the profiles of a channel cross-section from different 
resolutions of DEM. We can tell from the figure that the bank elevation 
decreases as the DEM grid size increases. Moreover, the location (on 
the “Cross Section Distance” axis) of banktop also shifts when using 
DEM of different resolutions. Another use of the bankline is to help the 
modeler to generate adequate mesh for modeling. In many applica-
tions of 2D hydraulic modeling, the bankline is used as the boundary 
for generating computation grid. For example, Figure 5 demonstrates 
typical 2D flood model computing mesh, which is derived using the 
bankline to determine the boundary of channels.

The Boundary Layer and Waterbody Layer
In the current DEM provided by LoSA, the sea area is defined as an area 
outside the data boundary, which means there is no data value stored 
(no raster grids exist) at the sea area (Figure 6). On the other hand, the 
rivers and waterbodies inland are inaccurate, because in current data 

(a) (b)

Figure 3. Illustration of current sea dike breakline data and proposed Sea-Dike Layer data.

Figure 4. Channel cross-sections derived from DEM of different resolutions.

(a)

(b)

Figure 5. Example of bankline used for two-dimensional (2D) mesh generation.
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processing to the lidar points clouds, inland rivers and waterbodies are 
removed. In the derived DEM, the elevation at those areas is interpo-
lated from the point cloud nearby, hence often times it has artifacts 
(Figure 6) and is not suitable for hydraulic modeling. For 2D hydraulic 
modeling, the two issues mentioned above could pose problems. In 
such a case, the proposed Boundary Layer and Waterbody Layer can 
be used for modifying or replacing data within the area with incorrect 
or missing data.

The HyDEM and HyDSM
We define the HyDEM as “enhanced” 1 m × 1 m DEM, which uses the li-
dar-derived bank lines to delineate the elevation of channel banks. This 
is to keep the elevation of channel banks, because in some cases the 
bank elevation in DEM is discontinuous due to the resampling process 
that averages out the elevation of lidar point cloud within each grid 
along the bank line. The discontinuity usually occurs when the DEM 
resolution is coarser than the man-made structure along the bank lines, 
such as river dikes or thin flood walls. On the other hand, we define the 
term HyDEM as “conditioned” 1 m × 1 m DSM with building elevation, 
which is the DEM data but with building elevation adding upon it, or 
it can be seen as the DSM data with vegetation and temporary objects, 
such as cars, removed.

Conceptually, the building elevation should be considered in the 
flood modeling because it’s part of the physical world, and it should 
affect the water flow during flood event. However, most of the current 

implementations of hydraulic modeling leave out the information of 
building elevation, because they use DEM data with resolution of 10 × 
10 m or even coarser resolution, such as 20 × 20 or 40 × 40 m. The rea-
son of using coarse resolution of DEM is that most of the current model 
require heavy computation resource to perform the calculation when 
using high resolution DEM. Another reason for using the DEM without 
building elevation is when resampling DEM from high resolution (e.g., 
1 m × 1 m) to coarser resolutions (e.g., 5 m × 5 m or 10 m × 10 m), the 
resample process will aggregate the elevations within each resampled 
grid, regardless the numerical methods (e.g., bilinear, cubic, etc.) being 
used. This will result in improper data for hydraulic modeling, because 
when the elevation of ground and buildings “merged” together, the 
resampled elevation can neither represent the ground elevation, nor the 
building elevation. Figure 7 shows the example of resampling 1 m × 1 
m DEM and HyDEM to 5 m × 5 m, 10 m × 10 m, and 20 m × 20 m. As 
the grid size increases, the edges of buildings become more blur and it 
is harder to identify the man-made structures from the data.

Moreover, when conducting urban flood modeling, we often use 
gauge-measured water elevation to validate modeling results. When 
using different resolutions of HyDEM, the elevation where water level 
gauge locates are affected. Figure 8 shows the elevation of the An-
Chung water level gauge in the Sanyei catchment in Tainan City. It 
observed that coarser resolution HyDEM affect the elevation more than 
high resolution HyDEM. The subfigure 5 and 6 of Figure 8 depicts that 

Figure 6. Example of artifacts and missing data in typical digital elevation model (DEM).

Figure 7. Compare digital terrain models (DTMs) in different resolutions.
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when the grid size is 5 m × 5 m, the road feature is still recognizable, 
but not when the grid size is 10 m × 10 m, and 20 m × 20 m. When 
the HyDEM grid covers the area that contains roads and buildings, the 
elevation of the grid becomes unreliable. Hence, to model urban flood-
ing with consideration of buildings’ block effect, the 1 m × 1 m HyDSM 
is required.

In summary, if 1 m × 1 m resolution of HyDSM can be obtained, and 
modeling software can handle the size of the data, then high-resolution 
data is preferred. However, there are cases that modeling software can-
not handle high resolution and large size of data; therefore, the HyDEM 
is needed. When the modeling tool requires coarser resolution of data, 
the 1 m × 1 m HyDEM can be resampled to coarser resolution HyDEM 
without being affect by the buildings’ elevation in the data.

Materials and Methods
Acquired Data Set
The LoSA provides digital map products of Taiwan by multiple 1:5000 
scale map frames, which cover the Taiwan main island and offshore 
islands. Each frame covers an area of roughly 2.5 km by 2.5 km square 
and the area covered by these frames are mutually exclusive (Figure 

9). For this study, we acquire the Hydro Topography Data Set of frame 
no. 94184010 and no. 94193088 from LoSA for examination. The 
proposed Sea-Dike Layer and Land Boundary Layer were not avail-
able in the sample data set at the time when this study is conducted; 
therefore, they are not discussed in this paper. The major part of frame 
no. 94193088 falls within the Yanshuei Drainage System, whereas the 
major part of frame no. 94184010 falls in the Sanyei Drainage System. 
Both frames are inside the Tainan City administration area.

The sample HTD is shown in Figure 10. In the HyDSM data, the 
building (in white to light gray color) can be clearly distinguished, 
whereas in HyDEM the buildings are removed. The HTD in both frames 
contain bank lines. Only a small portion of frame no. 94184010 
has a Waterbody Line, whereas in frame no. 94193088, a couple of 
Waterbody Lines are derived. Most of the Waterbody Lines in frame 
no. 94193088 are the edge lines of inland fish farms.

The bank elevation in the Bank Layer is preserved at the edge 
vertices (Figure 11a).

The values of the vertices elevation can be extracted by 
Geographical Information System (GIS) tool such as QGIS. Figure 11b 
shows the bank elevation in frame no. 94193088 in well-known text 
(wkt) representation, which is a common data format used in various 
GIS software.

Figure 8. Digital elevation model’s (DEM’s) resolution effects on elevation at gage location. HyDEM = hydraulic digital elevation model.

Figure 9. Taiwan LoSA’s 1:5000 scale map frames for acquired data set.

444 Ju ly  2022 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING



Data Examination Approaches
To inspect the acquired data set, the data examination approaches are 
designed as following modeling scenarios:
1. To examine the HyDEM data, we model a historical flood event in 

the domain of frame no. 94184010, using DEM and HyDEM and 
compare the results.

2. To examine the HyDSM data, we assume a designed rainfall-instant 
0.5 m of water, drops on a circled area with diameter of 1000 meter 
within the domain of frame no. 94184010, and modeling the over-
land flow using DEM and HyDSM.

3. To examine the Bank Line data, we assume a discharge of 2 cm 
enter the channel at a designed location in the domain of frame no. 
94193088, and model the overbank flow using different quad-tree 
grid specifications in 3Di model and compare the results.

4. To examine the Waterbody Line data, we compare the waterline 
data set of frame no. 94193088 with the satellite image, to check 
whether the edge of waterbody is appropriately derived from the 
lidar point cloud.
The hydraulic model used for data examination is 3Di, which is 

developed by the 3Di consortium consisting of Deltares, the Delft 
University of Technology, Nelen & Schuurmans consultancy, and 
regional water authorities, and now a commercial software owned and 
maintained by Nelen & Schuurmans consultancy. The flowchart of the 
data examination approach is shown in Figure 12.

3Di as the Modeling Tool
The 3Di model was developed by Professor Stelling from TU Delft, 
Netherlands in 2010 (Dahm et al. 2014). The 3Di model combines four 
numerical methods, including (1) subgrid method, (2) bottom friction 
based on the concepts of roughness depth, (3) staggered-grid finite-vol-
ume method for shallow water equations with rapidly varying flows, 
and (4) quad-tree technique (Stelling 2012). Among these numerical 
methods, the subgrid and quad-tree methods are designed for handling 
a large number of computational grids with high resolution topographic 
data (Meesuk 2017). 3Di’s numerical method is based on finite volume 
scheme, which works by solving the 2D shallow water equations. By 
using the quad-tree method, 3Di can increase the density of compu-
tational cells in important areas where the topography is complicated 
and the detail of water flow process is of interest, such as urban areas, 
levees, and roads. A properly designed quad-tree structure in the model 
can ensure that the flow field to perform smoothly and reduces errors 
affected by the terrains.

The quad-tree method increases the flexibility of simulation cells 
and is efficient in terms of grid generation. By assigning breaklines of 

the terrain and associated refinement level, the simulation cells can be 
automatically generated for various types of terrain. On the other hand, 
the subgrid method generates a series of temporary tables which con-
tain the water volume–level relationship of each simulation cell before 
the simulation starts. Then during the simulation, these tables serve as 
the link between water volume and solved water level. Thus, we can 
determine the change of water volume between two adjacent cells in a 
vary computational efficient way.

Approach 1: Historical Flood Event Modeling
To investigate the utilities of HyDEM, we use a historical rainfall event 
at location within frame no. 94184010, and observe the resulting flood-
ing around the marked rectangle as shown in Figure 13.

HyDEM HyDSM Bank Layer Waterbody Layer

Figure 10. The sample Hydrologic Topography Data Set. HyDEM = hydraulic digital elevation model; HyDSM = Hydraulic Digital Surface Model.

Figure 11. Bankline Vertices Data.

Figure 12. The data examination approaches for acquired HTD data. 
HyDEM = hydraulic digital elevation model; HyDSM = Hydraulic 
Digital Surface Model.
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Approach 2: Hypothetical Overland Flow Modeling
To investigate the utilities of HyDSM, the overland flow modeling is 
implemented on the HyDSM and DEM of frame no. 94184010, to com-
pare the difference of modeling results between HyDSM and DEM. The 
designed rainfall has depth of 0.5 m and diameter of 1000 m with the 
center located at top center of frame no. 94184010 (see Figure 14). The 
amount of water enters the system immediately at the beginning of the 
simulation, and last for 60 minutes.

Approach 3: Hypothetical Overbank Flow Modeling
To investigate the utilities of the Bank Layer, the overbank flow mod-
eling is implemented on the HyDEM along with the Bank Layer data 
in frame no. 94193088. In the simulation, the Bank Layer is used for 
two purposes: (1) as the Grid Refinement Line; (2) as the Levee Line, 
in a 3Di model. The “Grid Refinement Line” and “Levee Line” are 
the terminologies used in 3Di. In 3Di, the “Grid Refinement Line” is 
used for local quad-tree grid refinement. The quad-tree grid refinement 
technique allows the model to generate finer 2D quad-tree grids to cal-
culate water flow in one area with more detail while maintaining larger 
quad-tree grids in other areas. The “Levee Line” is used to model the 
levee effect by preserving the levee (or bank) elevation in the Levee 
Line attributes, which is one of the 3Di model settings.

In the 3Di subgrid technique, the mechanism of flow from one 
quad-tree grid to the next is determined on the edge of each cell and 

depends on the raster grid values along the edge. In the case that 
a levee with a width smaller than a quad-tree, chances are that the 
highest rater grid values of the levee does not align with the edge 
of the calculation cell; therefore, they affect the modeling results. 
Although the quad-tree grid refinement technique can create fine grids 
that improve the detail in areas where high variability of topography 
elevation is expected, more quad-tree grids will need more calculation 
resources to simulate. In this scenario, we will discuss different model-
ling approaches that facilitate the Refinement Line and Levee Line, to 
generate different resolutions of quad-tree grid, and compare the effects 
of grid settings on the simulation results.

The designed modeling cases are as follows:
Case (1):  Fine quad-tree grids along the bankline without levee eleva-
tion value in the Levee Line.
Case (2):  Coarse quad-tree grids along the bankline without levee 
elevation value in the Levee Line.
Case (3):  Coarse quad-tree grids along the bankline with levee eleva-
tion value in the Levee Line.

The use of different quad-tree grids specification, and bankline 
elevation adjustment are illustrated in Figure 15. In Figure 15b, the 
Bank Layer is used as the Refinement Line for generating fine grids 
alone the levee. The size of the finest grid is set to 2 m to ensure the 
elevation of bankline raster grids contains some quad-tree grids. On the 

Figure 13. Modeling area and flood observing area. Figure 14. Area of input rainfall.

(a) (b) (c)

Figure 15. Comparison of quad-tree specifications and use of Bank Layer.
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other hand, in Figure 15c, the Bank Layer is used as the Levee Line, 
which the bank elevation is adjusted by the z values of the vertices in 
the Bank Layer, for the quad-tree grids alone the levee to pick up the 
correct height of the bank.

The location of the designed inflow is shown in Figure 16. In this 
modeling scenario, the discharge of 2 cm enters the system immedi-
ately at the beginning of the simulation, and last for 60 minutes.

Approach 4: Data Comparison with Aerial Images
The Waterbody Layer is inspected by comparing the aerial image of 
the data set in frame no. 94193088, with focus on the inland fish farms. 
The aerial image is taken at the same time as the lidar points is taken, 
therefore the accuracy of the delineated waterbody edgeline can be 
examined by comparing aerial photo and the vector data side by side.

Results
The HyDEM
The results of examination Approach 1 are shown in Figure 17 and 
Figure 18. It’s seen that in Figure 17 that part of the channel is not well 
delineated, so that the water seems to “overflow” the channel at top-
right corner in the figure. On the other hand, in Figure 18 the channel 
is well delineated, and the boundary between channel and land surface 
can be clearly distinguished, therefore during the simulation, the water 
is confined in the channel instead overflow the channel.

The HyDSM
The results of examination Approach 2 are shown in Figure 19 and 
Figure 20, which are the snapshot at 60 minutes since the beginning of 
the simulation. In Figure 19, it’s observed that for both data sets (DEM 
and HyDEM), part of the water flow to the upper left of the domain, 
whereas port of the water flow to the east of the domain. However, for 
the result using DEM, the east side of the water concentrated at bottom 
right of the domain, whereas for the result using HyDEM, the east side 
of the water concentrate at upper right of the domain. A more detailed 
comparison is shown in Figure 20. It’s observed that the inundation 
area is on the streets, instead of scattering around the surface. The 
comparison shows that the use of DEM and HyDEM leads to signifi-
cantly different results, which means for 2D inundation modeling at 
resolution of 1 m × 1 m, the existence of building elevation plays an 

important role. From physical perspective of view, DEM with elevation 
of buildings is a better representation of the real world. From the data 
examination, we can conclude that when conducting 2D urban flood 
modeling at resolution of 1 m × 1 m, HyDEM is more suitable than 
traditional DEM.

The Bank Layer
The results from examination Approach 3 are shown in Figure 21, 
which shows the snapshot of the results at 32 minutes since beginning 
of the simulation for the three cases that defined the “Materials and 
Methods” section. It’s observed that the flow pattern of Case (2) is sig-
nificantly different than the other two cases. In Case (2), much of the 
water overflow is on the south side levee and inundates almost half of 
the streets at south side of the domain. On the other hand, in Case (1) 

Figure 16. Location of discharge input.

Figure 17. Historical food event modeling using the digital elevation model (DEM).

Figure 18. Historical food event modeling using hydraulic digital elevation model (HyDEM).
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and Case (3), water overflow on the south side levee at west and east 
side of the domain, while in Case (1), water overflow the north side 
levee at location near the middle section of the channel, but in Case (2) 
not much water overflow is at the same location.

The comparison of the flow pattern of the three cases shows that 
flow patterns in Case (1) and Case (3) are similar. The waterflow pat-
tern in Case (2) is different than the others because using coarse grids 

without adjustment of levee elevation makes the model fail to simulate 
the effect of obstacle for water flow. Another difference of the three 
cases is the calculation time. As illustrated in Figure 15, to match the 
scale of the levee width, the quad-tree grid size is set to 2 m, which 
significantly increases the number of grids; hence it requires more 
time for calculation. For the three cases, the number of calculation 
cells is 21 593, 2949, and 2949, respectively, and the corresponding 

Figure 19. Comparison of the digital elevation model (DEM) and hydraulic digital elevation model (HyDEM) modeling results—large scale.

Figure 20. Comparison of the digital elevation model (DEM) and hydraulic digital elevation model (HyDEM) modeling results—small scale.

Case (1) Case (2) Case (3)

Figure 21. Comparison of modeling results from different quad-tree configurations and the digital elevation model (DEM).
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computation time using a PC with six core CPU and 32 GB ram, are 
approximately 4 minutes 30 seconds, 30 seconds, and 30 seconds, 
respectively (see Table 2). The ratio of computation time for fine grids 
and coarse grids are approximate 9:1. From the data examination we 
can conclude that the use of 3D bankline can enhance the quality of 
2D flood modeling, as it can be used to create fine quad-tree grids at 
locations with high elevation variation. Moreover, the elevation of 
vertices in the 3D Bankline allows the model to simulation the effect of 
obstacles even using coarse quad-tree grids.

The Waterbody Layer
The results from examination Approach 4 are shown in Figure 22. The 
comparison of aerial image and the acquired Waterbody Edgeline data 
shows that the Waterbody Edgeline aligns with the edge of waterbody 
with high accuracy. With the high accuracy, the Waterline data set is 
suitable for defining the area of waterbody and used for DEM replace-
ment when the elevation in the original data set is not correct.

Discussion
Based on the preliminary discussion, a sample of HTD is created and 
provided by LoSA upon request. For each of the data in the HTD, we ap-
ply different modeling scenarios to examine the utilities of the proposed 
HTD. The examination results show that the three data sets provide 
their functionalities to improve the quality of 2D flood modeling. In the 
overland flow scenario, water flow is limited on the streets instead of 
scattering around a land surface without being obstructed, which is not 
physically realistic, since buildings do exit and affect the flow of water. 
In the overbank scenario, the Bank Layer serves for two purposes: as a 
“Refinement Line” or a “Levee Line”. The Refinement Line is for the 
model to generate fine mesh grids along the levee, whereas the Levee 
Line is for the model to preserve the elevation of the dike during mod-
eling when the quad-tree grids are larger than the width of a levee.

In the data comparison scenario, the acquired Waterbody Layer is 
compared with aerial images and the result indicates the waterbody 
edges in the aerial image align well with the Waterbody Edgeline data. 
It can be argued that in data examination Approach 2, there are still 
difference between Case (1) and Case (2). Although the approaches of 
using finer quad-tree grids and using the Bank Layer as the Levee Line 
both seek to preserve the elevation of the levee in the simulation, the 
differences are due to that they are different numerical representations. 
The grid refinement approach creates fine quad-tree grids alone the 
levee. As long as the quad-tree grid size is smaller than the raster size 
of the levee, the elevation of the levee can be catch by the grid. On the 
other hand, the in the Levee Line approach, only a value represents the 
elevation of a levee segment between two vertices. In other words, one 
levee segment can only have one elevation value. This is usually not 
correct when a levee segment is much longer than the DEM grid size, 
and the elevation of the DEM varies along the levee.

If the correctness of numerical representation in the model is 
considered, the quad-tree grid refinement approach is the best approach 
for model setting. However, if the computation time is the concern, the 
Levee Line approach is the better choice.

The error caused by the Levee Line can be adjusted by creating 
Bank Layer with more vertices distributed on the edge. This study aims 
to investigate the need and the format of the HTD as specific data set 
for high resolution 2D urban flood modeling. However, the discussion, 
based on designed data examination approaches, are limited because of 
the following reasons: (1) Due to the data availability, this study uses 
data sets within the 1:5000 scale, 2.5 km × 2.5 km map frame, instead 
of a complete drainage area; (2) The models are not calibrated and 
validated by real event data; (3) The data examination processes only 
use one software package for modeling, which is lack of variability; 
(4) In this study, we only use pure 2D modeling for data examination. 
However, 1D–2D coupling modeling is also commonly implemented 
in modern applications. (5) The proposed Sea-Dike Layer and Land 
Boundary Layer were not available in the sample data set when we ac-
quired the data; therefore, their usability cannot be investigated within 
this paper. For further investigation and more complete discussions on 
the use and format of HTD. We suggest using complete HTD data set 
and modeling a complete drainage area and use real events data for 
model calibration and validation. Furthermore, conducting modeling 
using different software packages and considering 1D–2D coupling can 
also help us understand the pros and cons of the proposed data format.

Conclusion
The purpose of this paper is to discuss and investigate the Hydrological 
Topography Data Set (HTD) for high resolution urban flood modeling. 
The HTD comprises three types of data: (1) High Resolution Hydraulic 
3D Features; (2) Hydraulic DEM (HyDEM); and (3) Hydraulic DSM 
(HyDSM). High Resolution Hydraulic 3D Features are high resolution, 

Figure 22. Waterbody Edgeline examples.

Table 2. Tabulated modeling results based on different quad-tree 
configurations.

Case No. Model Configuration
No. of Quad-Tree 
Grids

Computation 
Time

Case (1)
Fine quad-tree grids

21 593 4 min 30 secWithout bank elevation 
adjustment using Bank Layer

Case (2)
Coarse quad-tree grids

2949 30 secWithout bank elevation 
adjustment using Bank Layer

Case (3)
Coarse quad-tree grids

2949 30 secWith bank elevation 
adjustment using Bank Layer
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three-dimensional vector data that preserve the locations and eleva-
tions of topography breaklines. HyDEM is high resolution (1 m × 1 m) 
DEM enhanced by the topography breaklines to preserve the landscape 
characteristics, and HyDSM is high resolution (1 m × 1 m) DSM condi-
tioned by removing the height of vegetation and temporary objects, 
also enhanced by the topography breaklines to preserve the landscape 
characteristics.

From the data examination results we conclude that:
(1) HyDEM performs better then DEM in 2D flood modeling when using 

HyDEM topography breaklines to enhance the raster grid, which 
preserves the shape and elevation of some landscape characteristics 
such as channel bank elevation.

(2) HyDSM is a better representation of the topography for 2D modeling 
at resolution of 1 m × 1 m, because in such resolution the phenom-
enon of water flow being blocked by buildings during a flood event 
can be modeled.

(3) Bank Layer provides spatial information (i.e., the 2D location and 
elevation at vertices of a riverbank) for the model to generate fine 
calculation cells along the levee, or to preserve the levee eleva-
tion when using coarse calculation cell for simulation. The two 
approaches both intend to model the effect of the levee on water 
flow; however, in the latter case, the computation time can be 
significantly reduced.

(4) The Waterbody Layer can be used to replace elevation data within 
the area of a waterbody, which is useful when the elevation in a 
waterbody is not correct or when data is missing.

For further investigation of the HTD, we suggest: (1) testing all the pro-
posed HTD data in hydraulic modeling; (2) using a complete drainage 
area for modeling; (3) using a more complicated model such as 1D–2D 
coupling models; and (4) using different numerical models to explore 
the data set’s performance in different implementations.
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Improving Land Cover Classification over a Large 
Coastal City Through Stacked Generalization with 

Filtered Training Samples
Feilin Lai and Xiaojun Yang

Abstract
To improve remote sensing-based land cover mapping over heter-
ogenous landscapes, we developed an ensemble classifier based 
on stacked generalization with a new training sample refinement 
technique for the combiner. Specifically, a group of individual clas-
sifiers were identified and trained to derive land cover information 
from a satellite image covering a large complex coastal city. The 
mapping accuracy was quantitatively assessed with an independent 
reference data set, and several class probability measures were 
derived for each classifier. Meanwhile, various subsets were derived 
from the original training data set using the times of being cor-
rectly labeled by the individual classifiers as the thresholds, which 
were further used to train a random forest model as the combiner 
in generating the final class predictions. While outperforming each 
individual classifier, the combiner performed better when using the 
class probabilities rather than the class predictions as the meta-
feature layers and performed significantly better when trained with a 
carefully selected subset rather than with the entire sample set. The 
novelties of this work are with the insight into the impact of differ-
ent training sample subsets on the performance of stacked gener-
alization and the filtering technique developed to prepare training 
samples for the combiner leading to a large accuracy improvement.

Introduction
Research Background
While the importance of land cover information for environmental 
sustainability and the role of remote sensing in deriving this critical 
information have been discussed elsewhere (e.g., Turner et al. 2007; 
Wulder et al. 2018), the remote sensing community has been enthu-
siastic in developing different strategies and methodologies towards 
thematic mapping accuracy improvement (e.g., Zhu et al. 2019). 
While comprehensive reviews on the progress of the subject can be 
found elsewhere (e.g., Khatami et al. 2016), this research focuses on 
ensemble classification, which has rapidly gained the popularity in 
pattern recognition and machine learning communities (Ho et al. 1994; 
Ho 2000; Jain et al. 2000; Ranawana and Palade 2006; Wozniak et al. 
2014; Shi and Yang 2017a).

Ensemble classification can potentially achieve high performance 
in pattern recognition due to the capability of capturing diverse 
characteristics of a feature space when using a combination of clas-
sifiers with different feature descriptors and classification procedures 
simultaneously (Xu et al. 1992). Moreover, it can flexibly deal with 
multisensor data, multifeature extraction, and multiple algorithm fu-
sion (Benediktsson et al. 2007), which may be critical for complex sce-
narios like heterogeneous landscape mapping (e.g., Zhu et al. 2019). 
Nevertheless, the success of a classifier ensemble method depends 
upon not only the individual classifiers and the combination techniques 
but also other factors such as input data, feature attributes, and training 

data (Dara 2007). Current efforts made by the remote sensing com-
munity, however, have been overly unbalanced with the overwhelming 
attention on the two major issues, i.e., the selection of individual clas-
sifiers and the design of various combination methods (e.g., Pal 2008; 
Du et al. 2012; Shi and Yang 2017a; Bian et al. 2019).

There have been some classifier ensemble methods proposed over 
the years (see Jain et al. 2000; Wozniak et al. 2014), most of which 
can fall within either cascading, parallel, or hierarchical in terms of 
the topology (Lu 1996). Note that ensemble learning methods, such 
as bagging, boosting, and random forests (e.g., Chan et al. 2001) are 
considered as single classifiers rather than the ensemble results of mul-
tiple classifiers (Jain et al. 2000). In the cascading topology, individual 
classifiers are sequentially invoked to reduce the number of possible 
identities for the input data so that the decision can gradually become 
more focused. The major drawback is that later classifiers are not able 
to correct the errors from earlier classification. In the parallel topology, 
individual classifiers are executed independently, and their results are 
combined through different methods ranging from simple ones, such 
as majority voting, to complex ones, such as weighted average and lo-
gistical regression. The hierarchical topology uses a tree-like structure 
combining cascading and parallel configurations to obtain the optimal 
performance (Ranawana and Palade 2006). Despite the rich pool of 
topologies, most of the classifier ensemble methods developed for 
task-specific applications have been structured in the parallel topology 
(Wozniak et al. 2014).

There have been some efforts modifying the classic cascading 
topology towards improving the performance of remote sensor image 
classification. For example, Waske and Benediktsson (2007) proposed 
a modified cascading topology by executing a support vector machine 
(SVM) classification over the two maps generated by an SVM from syn-
thetic aperture radar (SAR) and optical multispectral data, respectively. 
Their method outperformed a single SVM model with the input from 
the fusion of SAR and optical data and the parallel combination of the 
SVM output from each data set through majority vote or absolute maxi-
mum. Du et al. (2012) proposed a topology by conducting a SVM clas-
sification over a set of class probability layers generated by multilayer 
perceptron (MLP) neural networks, SVM, radial basis function neural 
networks, decision tree, and minimum Mahalanobis distance from a 
very-high-resolution multispectral image. Their method outperformed 
the parallel combination using strategies such as Bayesian average, 
logarithmic consensus, linear consensus, majority vote, evidence 
theory, or fuzzy integral, although the latter included a slightly differ-
ent set of individual classifiers. Chen et al. (2017) designed a classifier 
ensemble topology with a boosted classifier as the combiner of the land 
cover maps derived from medium-resolution satellite images using 
three individual classifiers, i.e., SVM, C4.5 decision tree, and MLP neu-
ral networks. Their method surpassed the three individual classifiers in 
terms of the thematic accuracy.
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Evaluation of Urban Vegetation Phenology Using 
250 m MODIS Vegetation Indices

Hongxin Zhang, Xiaoyue Wang, and Dailiang Peng

Abstract
The dynamics of urban vegetation phenology play an important role 
in influencing human activities. Previous studies have shown high-
resolution remote sensing as a tool for urban vegetation mapping, but 
the low temporal resolution of these data limits their use for pheno-
logical modeling. Therefore, it is of great significance to evaluate 
Moderate Resolution Imaging Spectroradiometer (MODIS) imagery 
for urban vegetation phenology monitoring. Here, we extracted the 
start and end of growing season (SOS and EOS) in urban ecosystems 
based on both the Normalized Difference Vegetation Index (NDVI) and 
the Enhanced Vegetation Index (EVI) from the 250 m MODIS vegeta-
tion indices product (MOD13Q1). Then the accuracies of the satellite-
derived SOS and EOS were evaluated through comparing phenological 
observations at 18 ground sites. Results showed that SOS was most 
consistent with the prime of leaf unfolding date and EOS was most 
consistent with the beginning of leaf coloring date. Overall, EVI was 
found to have stronger predictive strength than NDVI in detecting 
urban vegetation phenology in terms of both higher correlation coef-
ficients and lower root-mean-square errors. In addition, the dynamic 
threshold method was more accurate in deriving SOS, while the double 
logistic method had relatively higher accuracy in deriving EOS.

Introduction
Vegetation is an important link in ecosystems because it plays a signifi-
cant role in regulating climate, surface radiation balance, carbon bud-
get, and emissions by virtue of its own characteristics (Piao et al. 2008; 
Wan and Gao 2020). By 2050, more than half of the world’s population 
will live in urban areas, and many cities in Asia and Africa are already 
vulnerable to climate change and hazards caused by urbanization (Ding 
et al. 2021; Kabano et al. 2021; Tang et al. 2021). Urban vegetation, 
which is the ecological guarantee of the urban environment, effectively 
alleviates the urban heat island effect (Li et al. 2019a) and regulates 
the local climate (Clinton and Gong 2013; Cong et al. 2012; Qiu et 
al. 2020; Wang et al. 2020). The urban environment is regarded as a 
natural laboratory for understanding the impact of global future climate 
warming and related factors (i.e., atmospheric carbon dioxide (CO2) 
and nitrogen (N) deposition, human activities, light pollution) on veg-
etation phenology (Guo et al. 2021; Jia et al. 2018; Yao et al. 2019). 
Studies on urban phenology can be used for the assessment of global 
warming impacts on phenology due to the urban heat island effect 

(Jochner and Menzel 2015). Furthermore, the change in urban vegeta-
tion phenology affects the start and duration of the pollen season in 
urban domains, which has become a major influence on public health 
due to the potential risks of pollen-induced respiratory allergies (e.g., 
asthma) (Li et al. 2017b; Li et al. 2019b). Therefore, with the accelera-
tion of urbanization, studying the changes in urban vegetation phenol-
ogy will provide a decision-making basis for relevant departments in 
urban planning and design and public health safety management.

Remote sensing technology provides an efficient way to monitor 
seasonal changes in terrestrial vegetation on a regional to global scale 
using satellite-mounted synoptic sensors (Wu et al. 2016; Wu et al. 
2017). Different types of remote sensing data and vegetation indices 
were used to determine the phenological phases of vegetation (e.g., start 
of growing season (SOS), end of growing season (EOS)) through differ-
ent phenological identification methods for the large-scale research area 
(Cong et al. 2012; Helman 2018; Kosmala et al. 2016; Piao et al. 2006; 
Yang et al. 2019). Moreover, some studies have shown that the random 
combination of different types of remote sensing data and algorithms 
will lead to various phenological results (Fisher and Mustard 2007; Hou 
et al. 2014; Misra et al. 2016; Peng et al. 2021; Piao et al. 2019; Studer 
et al. 2007; Wu et al. 2014; Zhang et al. 2018). Previous studies found 
that the SOS dates estimated from different methods show similar spatial 
patterns along latitudinal or altitudinal gradients but with significant 
variances in the dates (Cong et al. 2012; Ding et al. 2015). In addition, 
the regional mean satellite-derived growing season clearly started ear-
lier and terminated slightly later than the regional mean ground-based 
growing season in China (Chen et al. 2013).

Ground phenology data are often used to evaluate the accuracy 
of vegetation phenology, which is extracted by remote sensing data. 
However, the validation of remote sensing-based urban vegetation 
phenology has not been well documented. In addition, ground observa-
tions usually record a series of specific events during the growing 
season, such as leaf-out, flowering, leaf coloring, etc. Nevertheless, 
which event is the best indicator to validate remote sensing-based SOS 
and EOS of urban vegetation has not been well investigated. To date, 
most studies have focused on the spatiotemporal variation in urban 
vegetation and its influencing factors. For example, Li et al. (2020) 
used Landsat Thematic Mapper (TM) to study the impact of urbaniza-
tion and climate change on urban vegetation dynamics in China and 
concluded that the contribution of urbanization to vegetation in urban 
fringe areas is greater than that in urban core areas, while the contri-
bution of climate change to vegetation in urban core areas is greater. 
Zipper et al. (2016) found that the effect of urban heat islands on 
vegetation phenology was related to land cover composition. Liang et 
al. (2016) used MOD13A2 to analyze the relationship between urban SOS 
and land surface temperature (LST), precipitation, and sunshine dura-
tion in middle temperate cities of China and found that the spatial dif-
ferences of temperature and altitude will lead to spatial heterogeneity 
of urban SOS. Zhang et al. (2021) explored the response of vegetation 
phenology to urbanization in Beijing and found that the change rates 
of vegetation phenology in urban areas were 1.3 and 1.1 days per year 
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Monocular Video Frame Optimization  
Through Feature-Based Parallax Analysis for  

3D Pipe Reconstruction
Zhihua Xu, Xingzheng Lu, Wenliang Wang, Ershaui Xu, Rongjun Qin, Yiru Niu, Xu Qiao, Feng Yang, and Rui Yan

Abstract
Structure-from-motion (SfM) techniques have been widely used 
for three-dimensional (3D) scene reconstruction from sequential 
video frames. However, for reconstructing narrow and confined 
spaces such as the interior of drainage pipes, selecting geometri-
cally optimal frames is a major challenge, not only to reduce the 
number of needed frames but also to yield better geometry. This 
paper introduces a coarse-to-fine method to optimize the selection 
of monocular video frames based on a geometric criterion called 
feature-based parallax analysis for 3D pipe reconstruction. The 
proposed method was applied in two experiments with a monocu-
lar camera fixed on a customized robot. Experimental results show 
that our approach only requires respectively 9.66% and 3.15% 
of the number of frames. The spatial distribution of the retrieved 
frames was uniform and reasonable, enabling the successful SfM 
process to achieve a complete reconstruction of the pipe geometry.

Introduction
Drainage pipes are critical infrastructures for urban water supply 
and sewage, as a basis of the sustainable development of cities and 
residents’ daily life (Sinha and Karray 2002; Jung and Kim 2017). It 
is essential to inspect these drainage pipes frequently to identify dete-
riorations due to aging and rupture to ensure their function properly. 
Traditional visual inspection is labor-intensive with low efficiency, 
which does not meet daily maintenance needs. With the rapid develop-
ment of various sensor levels, measurements from lasers (Zheng and 
Krys 2012; Lepo et al. 2017), ultrasonic (Carballini and Viana 2015; 
Teixeira et al. 2016), and cameras (Su et al. 2011; Huang et al. 2010) 
have been used for pipe inspection. Nevertheless, each of these meth-
ods comes with varying advantages and drawbacks, either in terms of 
the sensor cost or computational complexity or robustness. 

Structure-from-motion (SfM)-based three-dimensional (3D) recon-
struction techniques (Westoby et al. 2012) can obtain an accurate and 
textured geometry of drainage pipes, which provides detailed 3D mod-
els for evaluating pipe quality or operational status. Good examples 
of such work can be found in (Qin and Gruen 2020; Tian et al. 2017; 
Zhang et al. 2019). Nevertheless, for drainage pipes within narrow 
and confined spaces, the collecting geometry through video record-
ing is usually not optimal, such as short baseline, motion blur, and the 
excessive number of redundant frames from the video. Therefore, a 
significant challenge is to optimally identify a subset of keyframes for 
efficient and accurate 3D reconstruction. The optimization is viewed 
as a decision-making process that considers multiple factors (e.g., con-
junction matrix among frames, degree of blur), which are difficult for 
3D reconstruction (Dong et al. 2014). Existing methods on frame op-
timization can mainly be classified into three categories, each focusing 
on different aspects of the optimal data collection: path planning, model 
prediction, and topological analysis. The path planning method initially 
uses a “three-step” strategy that collects new images, tests the model 
accuracy, and then adjusts the camera pose for further image collection 
(Sakane et al. 1991; Yi et al. 1995). With a small number of collected 
images with optimal poses, new images are gradually added to the im-
age set to enhance the completeness and accuracy of the reconstructed 
point cloud. To this end, genetic algorithm (Olague and Mohr 2002) 
and fuzzy logic inference methods (Saadatseresht et al. 2005) have 
generally been used. The latter is highly reliable but poorly generalized, 
resulting in difficulties in formulating the optimization models. 

Alternatively, there exist the public availability of data sets (e.g., 
Karlsruhe Institute of Technology and Toyota Technological Institute 
(KITTI) (Geiger et al. 2013), Densely Annotated VIdeo Segmentation 
(DAVIS) (Barranco et al. 2016), and Carnegie Mellon University 
(CMU)-MUCC (Fernando et al. 2008)) labeled with a large amount of a 
priori information, and prediction methods which make use of these as 
examples to learn knowledge from, are increasingly used for keyframe 
optimization in image-based reconstruction. In this category, Zhao 
et al. (2017) and Rupnik et al. (2018) used the matching quality of 
image features as the loss function for model training to achieve key 
image preferences with and without the aid of topographic data. Li et 
al. (2020) extracted video keyframes from the first-person view, which 
projects the multi-modal sensor signals on common space, leading to a 
set of keyframes with low noise and a significant amount of informa-
tion, thus improving the coverage of the video sequences. 

The topological analysis methods aim to analyze the geometric 
configurations between conjunct image pairs, e.g., baseline, overlap (Xu 
et al. 2017), intersection angle (Qin 2019), and feature distributions. 
Gharbi et al. (2019) successfully selected keyframes from videos by ex-
tracting interest points on candidate frames and then calculated the re-
peatability values between frames in the form of a directed graph. They 
performed the keyframe selection by graphical clustering, successfully 
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Monitoring and Analysis of Urban Sprawl Based 
on Road Network Data and High-Resolution 
Remote Sensing Imagery: A Case Study of 

China’s Provincial Capitals
Lin Ding, Hanchao Zhang, and Deren Li

Abstract
The primary prerequisite for sustainable urban development is to 
accurately grasp the development of the city. The dynamic changes 
in the urban area can reflect the urban expansion process and spatial 
development model. Carrying out urban expansion monitoring and 
extracting urban areas is of great importance for grasping the law 
of urban development and promoting the sustainable development of 
cities. However, the related research reveals several problems such as 
insufficient accuracy and low intelligence of urban boundary extrac-
tion. In response to these problems, this paper proposes a new method 
for urban area extraction based on the progressive learning model. By 
combining prior knowledge and image features, the number of training 
samples required for machine learning is reduced, and the problem 
of using high-level semantic information expression in the process of 
urban areas is avoided by using the classification method, and thus the 
accuracy of urban area extraction is improved. The method uses urban 
road network data to divide the city into blocks. It applies the scene 
classification method to extract the urban areas and uses the pyramid 
layer-by-layer to carry out the space constraint method to integrate the 
urban extraction principle into the machine learning process, which 
can be obtained and kept artificial under a small sample condition. 
Extracting the effect of the urban area is very close, greatly reduc-
ing the workload and providing a new solution for high-precision 
automatic extraction of urban areas. Through the analysis of urban 
expansion, the following results were obtained: (1) from 2000 to 2015, 
China’s provincial capital cities maintained a high-speed growth 
trend with a total area increased by 90%; (2) urban expansion showed 
significant regional differences. The eastern expansion rate gradu-
ally slowed down, the western and northeast regions accelerated their 
expansion, and the central region expanded steadily; (3) 61% of the 
provincial capital cities expanded exponentially; (4) the development 
of China’s provincial capital cities was highly correlated with national 
urban development policies and regional development strategies.

Introduction
Rapidly developing cities have caused dramatic changes in the sur-
rounding environment by transforming ecological land into living and 
production land. How to quickly and accurately monitor urban expan-
sion is of great significance for future urban planning, land manage-
ment, and ecological environmental protection. The emergence of sat-
ellite technology in the 1960s made the use of remote sensing data for 

urban expansion monitoring and research. Satellite remote sensing data 
become the main information source for urban expansion research.

In the early days, Moderate Resolution Imaging Spectroradiometer 
(MODIS) (Bartholome and Belward 2005; Costa et al. 2016; Friedl 
et al. 2002; Wan et al. 2015) and Landsat series imagery (Angiuli and 
Trianni, 2013; Bagan and Yamagata, 2012; Gao et al. 2012; Guindon et 
al. 2004; Son and Chen 2012; Sun et al. 2017; Wang et al. 2012; Shao 
et al. 2019a; Shao et al. 2019b) were the main data sources in urban-
ization monitoring. However, there are some problems, such as pixel 
mixture and precision validation (Bicheron et al. 2011; Deng and Wu 
2013; Li et al. 2015; Mayaux et al. 2006). With the rapid development 
of remote sensing technology, the spatial resolution of remote sensing 
images continues to increase, and many scholars have begun to study 
how to use high-resolution images to automatically extract urban areas 
(Chao et al. 2010; Chen et al. 2013; Lin and Ning 2017; Ni et al. 2017; 
Ning and Lin 2017). However, most of the methods are not suitable for 
application; they are mainly in the experimental stage at the city scale. 
The existing urban area extraction based on a high spatial resolution 
remote sensing image adopts the object-oriented image processing 
method; that is, the image is first segmented to obtain the unit object, 
and then the classification criterion is established according to the 
object (Lu et al. 2011). A multi-agent segmentation and classification 
algorithm is proposed to introduce the shape information of the object 
and improve the extraction precision (Zhou et al. 2010). Hu and Weng 
use the fuzzy classification method and the high-resolution remote 
sensing images to extract the object-level urban area, and high extrac-
tion precision is obtained (Hu and Weng 2011). The idea of hierarchi-
cal classification is adopted for urban extraction (Li et al. 2011; Liu 
et al. 2013). Sirmacek and Unsalan propose an unsupervised urban 
automatic extraction method (Sirmacek and Unsalan 2010). In this 
method, the local feature points are extracted by Gabor filtering, and 
then the urban area is obtained by spatial voting. A method of bottom-
up and top-down integration iteration for urban land cover and func-
tional area extraction is proposed by Zhang et al. (Zhang et al. 2018). 
The method integrates the hierarchical semantic cognitive model and 
the reverse hierarchical semantic cognitive model through low levels. 
The combination of spectral, textural, and geometrical features with 
high-level regional categories, spatial patterns, and other human prior 
knowledge, first makes multi-level segmentation, uses the hierarchical 
semantic cognitive model for bottom-up classification, and then makes 
the reverse segmentation. The layer-based semantic cognition model 
performs top-down classification and then iterative optimization, which 
significantly improves the extraction precision. It proves the effective-
ness of combining top-level human prior knowledge with the underly-
ing image features to improve the accuracy of urban extraction.
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Most of the methods are based on artificial features. However, the 
design of artificial features is difficult, which is hard to cope with in the 
complicated situations in urban areas. In recent years, more and more 
scholars have begun to use deep learning methods for urban extraction 
(Taha and Sharawi 2018; Cheng et al. 2021; Wang et al. 2022). Khelifa 
et al. proposed a new method (Khelifa et al. 2017). Firstly, the image 
is subpixel segmented, and then the pretrained Convolutional Neural 
Networks (CNN) are used to extract the depth features. Finally, the 
random forest is used to classify the urban and nonurban areas, and the 
results are obtained. He et al. used night-time lighting data, normalized 
difference vegetation index (NDVI), surface temperature, and other data 
and a full convolutional neural network to monitor the global urban ex-
pansion. The overall accuracy reached 90.9% and the kappa coefficient 
was 0.47, which achieved good results (He et al. 2019).

The use of deep learning for urban extraction is accurate and ef-
fective but requires a large number of labeled samples for training to 
have a good effect. Small, sample machine learning methods based on 
fine-tuning networks, based on distance metrics such as twin networks, 
matching network (Snell et al. 2017; Vinyals et al. 2016), prototype 
network (Snell et al. 2017), graph-based neural networks (Garcia 
and Bruna 2017), recursive memory models based on meta-learning 
(Santoro et al. 2016), and optimizer learning and model independent 
adaptation (Finn et al. 2017). However, these models do not include 
prior knowledge information, and are difficult apply in urban extrac-
tion, and the accuracy is low. The best of the five categories and 
five samples is 68.2%. Therefore, a deep learning method that can 

be operated under the conditions of a small number of samples is 
developed, and it is an urgent need to further improve the accuracy by 
adding prior knowledge and artificial features.

In this paper, a semi-automated extraction methods of urban areas 
with computer automatic recognition and manual interpretation based 
on road network data and high-resolution imagery was proposed. The 
urban boundaries of China’s 31 provincial capitals in year 2000, 2005, 
2010, and 2015 were extracted by using high-resolution images under 
the unified standard. Then the results of the urban areas were compared 
with other products to assess the accuracy. At last, urban areas were 
used as the representation of “land” urbanization to carry out the urban 
spatiotemporal sprawl analysis.

Study Area and Data
Study Area
In this study, 31 provincial capitals, including municipalities directly 
under the central government, were selected. The provincial capital cit-
ies are the aggregation of resource in provinces and play a leading role 
in the development of the whole province, which has certain representa-
tiveness in the national urban development in recent years. The distribu-
tion of provincial capitals in the four major regions is shown in Figure 1.

Data Preparation
High-resolution remote sensing images and China’s first national geo-
information survey data were collected for urban area extraction and 

Figure 1. Study area.
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urban sprawl analysis. Remote sensing images with the resolution bet-
ter than 2 meters were geometrically corrected and projected onto the 
CGCS2000 coordinate system, which were obtained from the Surveying 
and Mapping Department. China’s first national geo-information sur-
vey data includes urban road network data, geographical name and ad-
dress data, township-level, and county-level administrative divisions. 
This data provides an important reference for urban area extraction. 
Table 1 shows remote sensing data used in this research.

The Definition of Urban Area
Based on many previous studies, the concept of “urban area” is pro-
posed in this paper. The urban area is a concentrated and contiguous 
spatial range within the administrative boundary, based on the loca-
tion of the government, with urban functions and landscape features 
(including housing construction areas, structures, urban roads, urban 
green spaces, urban water areas, etc.), including the central area of the 
city: residential areas with urban public facilities and urban landscape 
characteristics, as well as large communities, colleges and universities, 
scientific research institutions, high-tech development zones, industrial 
and mining land, etc.

Compared with the urban area defined under the condition of 
medium-resolution and low-resolution remote sensing images, this pa-
per takes into account more urban landscape and functional character-
istics. Compared with the built-up area, it focuses more on objectively 
reflecting the development of the city from the perspective of remote 
sensing monitoring.

Method
A new method of urban area extraction based on the progressive 
learning model is proposed. By combining prior knowledge and image 
features, the number of training samples required for machine learning 
is reduced. The method uses urban road network data to divide the city 
into blocks, the scene classification method to extract the urban area, 
and the layer-by-layer pyramid to apply the space constraint method 
in integrating the urban extraction principle into the machine learning 
process, which can be obtained artificially under a small sample condi-
tion. The workflow of the proposed method is shown in Figure 2.

Image Segmentation and Refinement Based on Road Network Data
The image data is segmented according to the road network data to 
generate an image for machine learning scene classification. For the 
mixed elements of urban fringe areas that are difficult to be distin-
guished between urban and nonurban areas, the watershed algorithm is 
used to segment the images to form multiple image blocks containing 
only urban or nonurban features.

The basic idea is to treat the image as DEM. The size of the gray 
scale on the image represents the elevation of the point. The image is 
segmented by simulating the water harvesting process. The watershed 
algorithm is generally divided into two steps of sorting and submerg-
ing, which is an iterative process. The watershed algorithm can deal 
with various image segmentation problems, but it is more prone to 
over-segmentation. In practice, the gradient image is often limited by 
the threshold to achieve excessive segmentation caused by small chang-
es in gray value, and an appropriate segmentation region is obtained.

Initial Urban Sample Selection
The selection of the initial samples of the urban area mainly refers 
to the point geography unit data BUCP, the planar geographic unit 

data BUCA layer, the BERA layer, the LCTL layer in the national 
first national census results, and the 2016 basic geographical situation 
monitoring results data. The scope of the government agency and the 
development zone is obtained, and the images obtained by the segmen-
tation of the road network are spatially superimposed to obtain initial 
urban samples.

CNN Scene Classification with Artificial Features
Convolutional neural network is a kind of deep learning method that 
has been developed in recent years and has attracted extensive atten-
tion. It is most commonly used for visual image analysis, and it has a 
good performance for the recognition and classification of large im-
ages. This article uses the basic LeCun-Net5.

The convolutional neural network can automatically extract ma-
chine features from images, convert artificial features into image distri-
bution rules, generate artificial feature, add images, and input them as 
convolutional neural network training samples, which can achieve the 
combination of the two. The specific method is as follows:
1. Calculate artificial features of the samples. Some features require 

road network data in the calculation. Some features were obtained 

Table 1. The remote sensing data.
Year Type of the Data (Resolution Unit: Meter)

1 2000 Aerial images (1), IKONOS (1)

2 2005 Quickbird (0.61), Aerial images (1), IKONOS (1), SPOT5 (2.5)

3 2010 Worldview-1 (0.5), Worldview-2 (0.5), Quickbird (0.61), Aerial images (1), SPOT5 (2.5), ALOS (2.5), CIRS-P5 (2.2)

4 2015 Worldview-1 (0.5), Worldview-2 (0.5), Pleiades (0.5), Aerial images (0.5), SPOT-6 (1.5), SPOT-7 (1.5), Mapping Satellite-I (2), ZY-3 (2.1)

Ratio Worldview-1/2 (26.52%), Aerial images (22.34%), IKONOS (18.87%), Others (32.37%)

Figure 2. The workflow of urban area extraction.
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separately for each band and normalized. The normalization 
method selects the maximum and minimum values.

2. Generate a single-band image of the same size as the image 
sample.

3. The generated single-band image is evenly divided into blocks. 
Each block needs to be square, and the number of blocks needs to 
exceed the number of artificial features.

4. The calculated artificial features are sequentially filled into the 
respective blocks of the newly generated single-band image.

5. Add the single-band image containing artificial features to the 
original image and input as a new image.

6. Perform conventional convolutional neural network training and 
classification.

Pyramid Grid Space Constraint
The traditional urban extraction method ignores the spatial distribution 
information between the urban interior features, making the extraction 
results fragmented and scattered. In order to overcome its shortcom-
ings, this paper proposes a pyramid grid space constraint method, 
which further verifies and constrains the classification results by 
judging the patches and grid classification results around the patches in 
the urban area, and successfully determines the most critical concentra-
tion in urban judgment. The contiguous principle is integrated into it. 
Specifically, it can be divided into the following steps:
1. The city is divided by the method of space pyramid. The level of 

the pyramid is recorded as 1 = B, B – 1, B – 2, …, U – 2, U – 1, U. 
(B is the bottom of the pyramid, which is the lowest layer; U is the 
top of the pyramid, which is the highest layer.) The pyramid needs 
to cover the entire administrative division of the city. The size 
of the grid can be set to a specific value according to the specific 
conditions of the city. The setting of the highest layer is generally 
less than one third of the urban area.

2. After determining the pyramid structure, according to the coordi-
nates of the middle point of the block image segmented by the road 
network, it is distributed to the specific grid unit of each layer to 
store the information.

3. Mark the category of the pyramid grid from the upper layer to the 
bottom layer according to the classification result of the image. 
First, mark the top grid type of the pyramid. If the image catego-
ries accessed by the pyramid grid are all urban, mark the category 
of the grid as urban, and vice versa; if there are mixed categories, 
record as uncertain; then for the already marked grid, the catego-
ries of all the lower level of the grid needs to be consistent with the 
upper layer; the mixed area is further refined according to the rules 
of the mark.

4. Correct the marking result according to the principle of centralized 
contiguous images. Judging from the upper level to the bottom 
level, if a grid is a nonurban area and the surrounding grid is all 
urban areas, the grid is considered to be incorrectly marked and 
corrected; otherwise, if the grid is an urban area, it is first deter-
mined whether it contains the initial urban area samples. If it is 
included, it will not be corrected. If it is not, it will be corrected 
to a nonurban area according to the rules. If there is both nonur-
ban grid and urban grid around it, calculate and record its label 

probability by quantity, and the labels of the surrounding meshes 
that are undefined are recorded as unknown meshes, and the mesh 
categories of all the edges of the lower layer are updated according 
to the correction results.

5. Make confidence evaluation and sample screening. The mark of the 
samples belonging to the inside of the mesh is updated according 
to the markup result of the mesh, and the internal sample mark 
of the mesh of the undetermined mark is unchanged. The inner 
samples of the mesh surrounded by the same type of mesh are 
added to the training samples set as high confidence samples and 
final tagged results. The others are low-confidence samples, and 
the samples with similar probability of two categories in the un-
known grid are screened out and provided to the experts for further 
confirmation of the labels.

6. Iterative training and classification until all the sample categories 
are determined.

Accuracy Evaluation
The artificially extracted high-precision urban boundary is selected as 
the true value, and the accuracy of the quantitative extraction of the 
extraction results is verified. The accuracy of the overall classification 
accuracy, misclassification error, missing error, and Kappa coefficient 
based on the confusion matrix is mainly used for accuracy evaluation. 
In addition, in the classification experiment of the municipal area, 
because the nonurban area is often much larger than the urban area, the 
imbalance of sample distribution and the low misclassification rate of 
nonurban areas can easily lead to the high overall classification accu-
racy. In order to objectively reflect the results of urban extraction, this 
paper adds relative error as an indicator of the accuracy.

Result and Discussion
Accuracy Assessment of Results
The accuracy evaluation results of Beijing, Xining, Lanzhou, and 
Kunming are shown in Table 2. Using the high-resolution remote 
sensing image and the national survey results in the above experimen-
tal areas, the urban vector is extracted as the true value by artificial 
delineation. Comparing the two results for qualitative analysis, Figure 
3 shows the results of this method and the true value of the urban area. 
It can be seen from the results in the figure that the extraction results 
of this method are highly consistent with the spatial shape of the 
artificial extraction results. The extracted urban areas are concentrated 
and contiguous without obvious scattered areas. The initial results of 
urban areas only using segmentation results by the road network are 
slightly larger than the manual extraction results. The main reason is 
that many houses around the urban area are built on both sides of the 
road, while the outer edge of the houses has no road network data. The 
results of the road network segmentation include both urban building 
information and nonurban areas such as cultivated land, forest land, 
and grassland, which are equivalent to mixed pixels in remote sens-
ing classification. However, there are some unavoidable errors in the 
rough classification results by giving a label in progressive learning 
scene classification. The solution is to perform “de-mixing” on the 
object scale; that is, using the segmentation algorithm to segment the 

Table 2. Experimental result accuracy evaluation.
City Result Training Samples Total Samples OA Commission Errors Omission Errors Kappa Relative Error

Beijing
Initial extraction

974
10 738 98.54% 18.23% 0.87% 0.89 21.23%

Refinement 10 847 98.59% 17.73% 0.72% 0.89 20.68%

Kunming
Initial extraction

897
9678 97.03% 16.87% 7.02% 0.86. 11.85%

Refinement 10 926 97.41% 14.61% 6.65% 0.88 9.33%

Lanzhou
Initial extraction

645
1082 95.05% 19.69% 10.88% 0.82 10.97%

Refinement 1118 95.45% 19.38% 7.99% 0.83 14.12%

Xining
Initial extraction

574
1990 94.61% 14.98% 9.84% 0.84 6.05%

Refinement 2023 96.46% 12.15% 3.56% 0.90 9.77%
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road network unit with both urban and nonurban features, and obtain 
the unit containing only urban or nonurban features, and then pro-
ceed scene classification, and finally get the urban extraction results. 
According to the results of this idea, the segmentation of the hybrid 
road network unit in the urban area can further improve the urban 
extraction results, and the degree of improvement is closely related to 
the detailed level of the road network.

The evaluation results in Table 2 show that the accuracy of the ur-
ban area extracted by the method is accurate. The average overall clas-
sification accuracy is above 95%, the misclassification error is less than 
20%, the omission error is less than 10%, and the Kappa coefficient is 
above 0.8, indicating that the results of this paper are highly consistent 
with the artificial extraction results, and the relative errors are also 
kept below 15%, except Beijing. Compared with the initial extraction 
results, the refined results have a certain degree of improvement, and 
the relative reduction of the omission error is relatively helpful. The 
main reason is to reduce the probability of missing buildings in urban 
fringe. Table 2 shows that the results of the initial extraction in Beijing 
are the least improved. The reason is that the road network system in 
Beijing is very precise, and the proportion of mixed road network units 
is small, so the improvement effect is the least obvious.

Urban Spatiotemporal Sprawl Process Analysis
In the past 15 years, the average expansion area of China's provincial 
capital cities was 189.62 km2. The average expansion area of the three 
periods is 54.76 km2, 69.14 km2, and 65.72 km2, respectively. The 
expansion speed generally shows a trend of increasing first and then 
decreasing. Overall, the provincial capital city in the eastern part of 
China has the largest average area, followed by the northeast and the 
western region, indicating that the provincial capital of eastern China 

has the highest level of development, and the western region needs 
further development. The expansion rate and the expansion strength 
are calculated by time-sharing, subcity, and subregion, and the specific 
expansion of each provincial capital is obtained and combined with the 
analysis of the area distribution of the provincial capital cities.

From the perspective of expansion speed, the average expansion 
rate of the provincial capital cities in the eastern region is the fast-
est, but the expansion speed is gradually decreasing; in the west, the 
average expansion rate is slowing down, but the expansion speed is 
on the rise; the northeast region is similar to the west, and the expan-
sion speed is also rising; while the central region shows a trend of 
rising first and then decreasing, and the expansion speed is the smallest 
among the four regions. In terms of cities, Shanghai has the fastest 
expansion, with an expansion area of 760.44 km2. Six of the top ten 
cities in the expanded area are located in the eastern region, namely 
Shanghai (760.44 km2), Tianjin (594.52 km2), Hangzhou (368.2 km2), 
Nanjing (258.8 km2), Guangzhou (255.19 km2), and Beijing (241.89 
km2), indicating that the eastern cities are developing rapidly. There 
are Chongqing (447.47 km2) and Chengdu (415.92 km2) in the western 
region, Xi’an (324.75 km2) in the central region, and Shenyang (253.05 
km2) in the northeast. In contrast, cities in the eastern region are the 
fastest growing, and other regions need further development.

Table 3 shows the urban expansion result of China’s provincial cities 
from 2000 to 2015. From the perspective of expansion intensity, from 
2000 to 2015, the expansion intensity of the western region was the 
largest. In 2015, the expansion ratio was 136.87% compared with that 
of 2000. The expansion intensity in the eastern region was the smallest, 
and the expansion ratio was only 75.76%. The expansion strength of 
the northeast region and the central region has not changed too much, 
but the central region’s expansion ratio is only 74.69%. In terms of 

Figure 3. The urban areas of Beijing, Xining, Lanzhou, and Kunming.
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cities, Yinchuan is the most expanding city in China’s capital cities, with 
15.41%, among the top ten provincial capital cities in terms of expan-
sion intensity, Yinchuan, Chengdu, Chongqing, Xining, and Nanning in 
the west, Hangzhou and Nanjing in the east, Xi’an, Hefei, and Nanchang 
in the central region, and no cities in the eastern region. Overall, be-
tween 2000 and 2015, urban development in the western region were 
at a low level, but the relative growth was the fastest, while the eastern 
region had the highest starting point, but the relative growth was the 
slowest, with the central region and the northeast region being centered.

In summary, the average expansion area of the provincial capital 
cities in the eastern region is the largest, but the expansion intensity is 
the smallest. and the expansion speed is decreasing; the western region 
is just the opposite, the expansion intensity is the largest, and the aver-
age expansion area is the smallest, and the expansion speed is rising; 
the northeast region with the type of western region, the expansion 
speed is gradually increasing, and the expansion strength ranks second. 
The expansion speed of the central region is first rising and then 
decreasing, and the average expansion intensity and expansion area are 
the smallest. The above situation shows that between 2000 and 2015, 
the eastern part of China has the highest starting point for urban de-
velopment, but the urban space expansion is gradually slowing down, 

gradually shifting to intensive conservation, while the western region 
has the lowest starting point and is currently accelerating development. 
The northeast region is in the same type with western region, while the 
provincial capital cities in the central region have encountered certain 
bottlenecks in the development process.

Relationship between Urban Sprawl and Regional Development Policies
To a certain extent, the research results reflect the implementation of ma-
jor strategies such as the country’s coastal economic development strat-
egy, the development of the western region, the rise of the central region, 
the revitalization of the northeast, and the national central city planning.

The economic development strategy of coastal areas was proposed 
during the period of reform and opening up and was one of the earliest 
regional strategies to be implemented. Under the influence of the eco-
nomic development strategy of the coastal areas, the eastern region of 
China has taken the lead in accelerating development and has become 
the earliest and best-developed region among the four major regions of 
China. The analysis results show that the average urban area and ex-
pansion area of the provincial capital cities in the eastern region far ex-
ceed those of other regions, indicating that the economic development 
strategy of the coastal areas has achieved extremely significant results. 
At the same time, with the implementation of other regional strategies 

Table 3. The urban expansion result of China’s provincial cities from 2000 to 2015.

City

Urban Sprawl Speed Urban Sprawl Intensity, %

2000–2005 2005–2010 2010–2015 2000–2015 2000–2005 2005–2010 2010–2015 2000–2015

Beijing 16.00 23.25 9.13 16.13 2.02 2.67 0.92 2.04

Shanghai 58.20 59.03 34.85 50.70 7.39 5.47 2.54 6.44

Tianjin 55.30 29.01 34.60 39.63 10.53 3.62 3.66 7.55

Guangzhou 27.46 16.95 6.62 17.01 6.14 2.90 0.99 3.80

Wuhan 12.40 14.33 12.31 13.01 3.79 3.68 2.67 3.97

Shenyang 14.69 14.75 21.17 16.87 5.15 4.11 4.90 5.91

Chongqing 20.26 33.52 35.72 29.83 8.52 9.89 7.05 12.55

Nanjing 18.18 15.90 17.68 17.25 8.33 5.14 4.55 7.91

Chengdu 11.13 16.08 55.98 27.73 5.40 6.14 16.36 13.46

Urumqi 2.53 11.27 21.00 11.60 1.26 5.27 7.77 5.76

Xi’an 13.66 20.91 30.38 21.65 6.92 7.88 8.21 10.97

Jinan 4.16 4.12 5.83 4.70 2.12 1.90 2.45 2.39

Hangzhou 20.91 39.60 13.14 24.55 10.72 13.22 2.64 12.59

Changchun 7.83 10.56 11.26 9.88 4.29 4.76 4.10 5.42

Shijiazhuang 2.60 0.75 2.45 1.93 1.44 0.39 1.24 1.07

Taiyuan 4.88 4.97 3.43 4.43 2.72 2.44 1.50 2.47

Zhengzhou 3.11 13.42 6.59 7.71 1.87 7.36 2.64 4.62

Harbin 6.87 10.08 12.62 9.86 4.57 5.46 5.37 6.56

Changsha 0.83 10.79 3.78 5.13 0.65 8.13 2.02 3.99

Kunming 2.13 15.50 6.81 8.15 1.85 12.33 3.35 7.08

Lanzhou 1.57 1.80 3.91 2.43 1.59 1.68 3.38 2.45

Hefei 11.65 10.70 8.98 10.44 11.85 6.84 4.27 10.63

Nanning 2.35 13.53 8.75 8.21 2.53 12.94 5.08 8.84

Fuzhou 2.48 2.98 2.32 2.59 2.76 2.91 1.98 2.88

Hohhot 4.74 4.45 4.99 4.73 5.45 4.02 3.75 5.43

Haikou 1.50 4.00 2.31 2.60 1.99 4.84 2.25 3.46

Nanchang 3.21 10.86 9.32 7.80 4.32 12.03 6.44 10.50

Guiyang 0.93 4.78 2.97 2.89 1.70 8.08 3.58 5.31

Yinchuan 4.17 6.34 12.42 7.65 8.41 9.00 12.15 15.41

Xining 3.61 3.38 5.64 4.21 8.74 5.70 7.40 10.20

Lhasa 0.16 1.07 0.49 0.57 0.41 2.67 1.07 1.46
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and the improvement of the development of eastern cities, after 2005, 
the expansion of provincial capital cities in the eastern region gradually 
slowed down and began to develop towards intensive conservation.

The strategy for the development of the western region began in 
2000. Since 2000, the expansion rate of the western provincial capitals 
has been steadily rising. The expansion rate in 2010–2015 is the larg-
est, which is consistent with the strategic development stage of the 
western development.

The strategy for the rise of Central China was proposed and 
implemented in 2004.The analysis results in this chapter show that 
from 2005 to 2010, the speed of urban expansion in central China has 
increased significantly compared to 2000–2005, indicating that the im-
plementation of the strategy for the rise of Central China has achieved 
remarkable results. At the same time, however, there has been a certain 
decline since 2010, indicating that there are still some difficulties in the 
rise of the central region that need to be further resolved (Table 4).

The strategy of revitalizing the Northeast and the strategy of the 
rise of the Central China were almost simultaneously proposed. After 
that, the expansion rate of the capital cities in the Northeast region with 
regional and resource advantages has also been greatly improved, indi-
cating that the strategy of revitalizing the Northeast has also achieved 
good results.

The first five central cities in China are Beijing, Shanghai, Tianjin, 
Guangzhou, and Chongqing. Among the five cities, Beijing, Shanghai, 
Tianjin, and Guangzhou have been the four largest provincial capital 
cities in China. Chongqing closely follows. Later, in 2010, it surpassed 
Wuhan to become the fifth largest provincial capital city in China. This 
result is highly consistent with the names of the five national central 
cities initially identified in China. Among the four national central 
cities that have been added, Zhengzhou is also ranked in the top ten, 
which confirms that the results of this study can play an important 
reference role in national urban system planning.

Conclusion
In this study, a semi-automated method of urban area extraction with 
automatic recognition and manual interpretation by using high-resolu-
tion images was proposed. A series of standard rules and processes was 
proposed to guarantee the consistent and comparative result of urban 
area. Using this method, a set of consistent and high-precision urban 
boundaries of China’s provincial capitals in year 2000, 2005, 2010, 
2015 were obtained. Compared with other urban area products, the 
results in this study have the highest accuracy.

Based on the urban area and other reference data, urban sprawl was 
measured with analysis indicators. The results can be concluded as follows:

1. In 2015, the total urban area of China’s provincial capitals was 12 
398.3 km2. From year 2000 to 2015, the total urban area increased 
by 90.0%. Urban sprawl intensity of provincial capitals in West 
China was higher than that in other regions, and East China had the 
lowest urban sprawl intensity.

2. Beijing, Shanghai, Tianjin, and Guangzhou have consistently been 
the top four of urban areas from 2000 to 2015. In 2015, Chongqing 
became the fifth largest city. The result reaches a high degree of 
consistency with the first five national central cities.

3. From year 2000 to 2015, China’s provincial capitals tended to be 
intensive from aspects of gross domestic product per urban area 
and urban morphology change.

4. From year 2000 to 2015, China’s provincial capitals faced the 
double disharmony between urban sprawl rate and urban popula-
tion growth rate. Provincial capitals in East China lagged behind 
urban population growth rate generally. Provincial capitals in 
Northeast China and Central China were ahead of urban population 
growth rate generally.

5. From year 2000 to 2015, cultivated land, which occupied 60.6% of 
the total urban sprawl areas of China’s provincial capitals, was the 
major source of urban sprawl areas. Construction land, which oc-
cupied 27.1% of the total urban sprawl area, was the second major 
source of urban sprawl areas.
The future work will include: 1) the optimization of the algorithms, 

and the transformation of manual interpretation rules into a machine 
learning algorithm to improve the efficiency of urban area extraction; 
and 2) the application of the high precision urban area product of 
China’s provincial capitals to government and public areas by integrat-
ing thematic data.
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MANUAL OF REMOTE SENSING
Fourth Edition

edited by: Stanley A. Morain,
Michael S. Renslow and Amelia M. Budge

The Manual of Remote Sensing, 4th Ed. (MRS-4) is an “enhanced” electronic publication available 
online from ASPRS. This edition expands its scope from previous editions, focusing on new and up-
dated material since the turn of the 21st Century. Stanley Morain (Editor-in-Chief), and co-editors 
Michael Renslow and Amelia Budge have compiled material provided by numerous contributors who 
are experts in various aspects of remote sensing technologies, data preservation practices, data access 
mechanisms, data processing and modeling techniques, societal benefits, and legal aspects such as 
space policies and space law. These topics are organized into nine chapters. MRS4 is unique from previ-
ous editions in that it is a “living” document that can be updated easily in years to come as new tech-
nologies and practices evolve. It also is designed to include animated illustrations and videos to further 
enhance the reader’s experience.

MRS-4 is available to ASPRS Members as a member benefit or can be purchased
by non-members. To access MRS-4, visit https://my.asprs.org/mrs4. 

The 4th Edition of the Manual of Remote Sensing!
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