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INDUSTRYNEWSTo have your press release published in PE&RS, 
contact Rae Kelley, rkelley@asprs.org.

ANNOUNCEMENTS

The National Oceanic and Atmospheric Administration 
has signed Woolpert to a $7 million contract to perform 
hydrographic surveying and collect bathymetric data 
in and around Nome, Alaska. These data will support 
commercial fishing, shipping channels, coastal resilience, 
scientific research, and Seabed 2030, a collaborative 
project that aims to map the world’s ocean floor by 2030.

Woolpert will collect data over 1,874 square nautical miles 
in Northern Norton Sound, which stretches from Golovin 
Bay through Nome to Cape Woolley on the eastern edge 
of Alaska. Nome is adjacent to the Bering Strait and 
central to America’s marine presence in the Arctic. The 
region serves as a major transit route for shipping traffic 
to the Port of Nome, which has supplied food, construction 
materials, equipment, and other goods for over 60 Alaskan 
communities for more than a century.

Regional hydrographic data was most recently collected in 
the 1930s. This project will update National Ocean Service 
nautical charting products and services and will support 
the Seabed 2030 Project. This collaborative effort between 
the Nippon Foundation and the General Bathymetric 
Chart of the Oceans aims to integrate and share all 
available bathymetric data to produce a definitive map of 
the world’s ocean floor by 2030.

Woolpert has collected topographic, bathymetric, and 
hydrographic data in and around Alaska for decades and 
has an office in Wasilla. Multiple hydrographic survey 
vessels will be used to collect these data, including two 
large live-aboard ships and two Wave Adaptive Modular 
Vessels (WAM-Vs). The WAM-Vs will be used primarily 
in a force multiplication strategy in coordination with the 
larger vessels performing this work. A combination of the 
right tools and experience are critical for this contract.

“Hydrographic surveying in Alaska can be logistically 
challenging, and moving equipment requires a range of 
vehicles and aircraft,” Woolpert Certified Hydrographer 
Dave Neff said. “Local knowledge and relationships are 
highly beneficial for any project in Alaska. Our work 
over the years both as Woolpert and eTrac, a Woolpert 
Company, has given us the scope and confidence to cost-
effectively execute, while managing inherent regional risk. 
We’re at home in Alaska, and we are excited to provide 
these needed data for Nome and all who rely on the region 
for goods and services.”

This project will get underway in June and is expected to 
conclude in September.

¼½¼½

NV5 Geospatial announced it has completed lidar 
data collection across 5,125 square miles of Eastern 
Massachusetts. The detailed data – collected as part of 
the U.S. Geological Survey (USGS) 3D Elevation Program 
(3DEP) and now publicly available from Massachusetts 
Bureau of Geographic Information (MassGIS) – uncovered 
1,000 primary addresses and over 10,000 structures 
previously unidentified by imagery alone, offering insights 
the Commonwealth can use to support emergency services, 
property tax assessment and boundary infringement 
inquiries, and saving time and money required for 
additional boots-on-the-ground examinations.

The collection also provides useful elevation data to support 
infrastructure, transportation and utility projects; improve 
the accuracy and precision of hydrologic network mapping; 
and classify and manage structures and vegetation.

“This new lidar survey replaces data from about 10 
existing ad hoc elevation mapping projects completed 
over the last 25 years by various public agencies, each 
with differences in coverage, accuracy and point density,” 
said Peter Grace, GIS Analyst and 911 Team Lead for the 
Massachusetts Executive Office of Technology Services 
and Security (EOTSS). 

In Spring 2021, the USGS, on behalf of MassGIS, 
contracted with NV5 Geospatial to acquire the  eastern 
portion of Massachusetts at a QL 1 lidar specification, 
which is four times more detailed than previous 
specifications. As part of 3DEP, federal grant funds for 
the project were provided to a partnership coordinated 
by MassGIS, between the Massachusetts Department 
of Transportation, the Executive Office of Energy and 
Environmental Affairs (EEA), the Executive Office of 
Technology Services and Security (EOTSS), and the Cape 
Cod Commission.

“Our collaboration with the USGS and NV5 enabled us 
to deliver valuable data that can be applied in numerous 
ways,” said Neil MacGaffey, retired director of MassGIS, 
who initially led the project. “This freely available data 
can help municipalities and state agencies improve 
infrastructure designs and gain a better understanding of 
structures in their jurisdiction, make communities more 
resilient, model stormwater volume and areas at risk 
from flooding more accurately, and ultimately minimize 
the spend for all interested parties valuable through 
economies of scale in data acquisition.”

For more information about the MassGIS project and NV5 
3DEP work, contact Drew Meren, Drew.Meren@nv5.com.

mailto:rkelley@asprs.org
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INDUSTRYNEWS

ACCOMPLISHMENTS

This March at its inaugural Tech Summit, Liberty Latin 
America recognized Esri with an Innovative Small 
Suppliers Award at the summit’s 2023 Vendor Awards. 
The telecommunications company serving Latin America 
and the Caribbean honored Esri, the global leader in 
geographic information system (GIS) technology at the 
event which showcased the contributions made by key 
vendor partners.

The Summit focused on the critical importance of 
innovation in driving business opportunities and economic 
development across the region, as well as how Liberty 
Latin America is improving customer experience through 
automated tools, developing new products, growing fixed-
mobile convergence, and providing next generation B2B 
solutions.

Esri’s GIS software is used by Liberty Latin America to 
improve the operations of its various regional departments 
which are spread out across the region as well as in the 
Caribbean. The company was able to expand service at 
scale, while increasing collaboration. Deploying the Esri 
apps, ArcGIS Survey123 and ArcGIS Collector, they were 
able to solve complex business challenges related to mobile 
data gathering in new and innovative ways. All these 
new implementations saved Liberty Latin America time 
and money for customers, while also establishing them 
as a leader in the industry, providing service where it is 
needed most.

“This first Tech Summit aligns perfectly with our 
company’s purpose of connecting communities and 
changing lives,” said Aamir Hussain, Liberty Latin 
America’s Chief Technology and Product Officer. “Our 
focus on driving growth through innovation is essential 
to stay ahead in today’s fast-paced world. We are thrilled 
to showcase our cutting-edge products and solutions and 
learn from industry-leading speakers. With the collective 
wisdom and insights gained from this event, we look 
forward to driving innovation that will create a positive 
impact across our region.”

Liberty Latin America showcased its products and 
services at the summit, including Hybrid Cloud, Private 
Networks, Always On connectivity, Next-Gen Unified 
Communications, Video Analytics, its portfolio of 5G 
Handsets, and how e-SIM will be deployed across 
the region. In addition, the company shared how it is 
preparing its fixed networks to deliver higher speeds, 
enhancing mobile performance through a new wireless 
core, and enabling IT transformation.

Esri was one of five suppliers to be recognized for their 
contributions to Liberty Latin America’s telecom service 
innovations.

ASPRS & GEO WEEK — STRONGER TOGETHER IN 2024
ONE CONFERENCE PASS. A WORLD OF GEOSPATIAL EDUCATION.
FEBRUARY 11-13, 2024 | DENVER, COLORADO

Exciting News! For the first time in 2024, Geo Week will offer attendees a single 
comprehensive conference pass that provides access to Geo Week conference 

sessions and ASPRS conference sessions. 

By uniting these two premier conferences, Geo Week offers 
an unprecedented opportunity for professionals engaged in 
photogrammetry, remote sensing, GIS, and related technol-
ogies to extract maximum value from attending. You’ll gain 
insights through technical deep-dives, stay informed with 
the latest project updates, delve into real-world case studies, 
explore cutting-edge hardware and software applications, 
acquire essential workflow best practices, and more.

The conference pass includes entry to the Exhibit Floor, select 
networking events, the Geo Week Awards Ceremony, and the 

new Student Hub featuring student presentations and post-
ers. In addition to the main conference programming, ASPRS 
will host pre-show workshops for an additional fee.  

As always, ASPRS members will receive a member 
discount that will be available on the ASPRS website when 
registration opens in October.  The Conference Program will 
be posted in late October. Find all event updates at www.
geo-week.com. 

SAVE THE DATE!
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413	 A Lightweight Conditional Convolutional Neural Network for Hyperspectral Image 
Classification
Linfeng Wu, Huajun Wang, and Huiqing Wang

Deep learning (DL), especially convolutional neural networks (CNNs), has been proven to be an excellent feature 
extractor and widely applied to hyperspectral image (HSI) classification. However, DL is a computationally 
demanding algorithm with many parameters and a high computational burden, which seriously restricts the 
deployment of DL-based HSI classification algorithms on mobile and embedded systems. In this article, we propose 
an extremely lightweight conditional three-dimensional (3D) HSI with a double-branch structure to solve these 
problems. 

427	 Multi-Level Perceptual Network for  Urban Building Extraction from  High-Resolution 
Remote Sensing Images
Yueming Sun, Jinlong Chen, Xiao Huang, and Hongsheng Zhang

Building extraction from high-resolution remote sensing images benefits various practical applications. However, 
automation of this process is challenging due to the variety of building surface coverings, com-plex spatial layouts, 
different types of structures, and tree occlusion. In this article, we propose a multilayer perception network for 
building extraction from high-resolution remote sensing images. 

437	 Classifying Building Roof Damage Using High Resolution Imagery for Disaster Recovery
Elaina Gonsoroski, Yoonjung Ahn, Emily W. Harville, Nathaniel Countess, Maureen Y. Lichtveld, Ke Pan, 
Leslie Beitsch, Samendra P. Sherchan, and Christopher K. Uejio

Post-hurricane damage assessments are often costly and time-consuming. Remotely sensed data provides a 
complementary method of data collection that can be completed comparatively quickly and at relatively low cost. 
This study focused on 15 Florida counties impacted by Hurricane Michael (2018), which had category 5 strength 
winds at landfall. This article evaluates the ability of aerial imagery collected to cost-effectively measure blue tarps 
on buildings for disaster impact and recovery.

445	 Estimation of the Forest Stand Biomass and Greenhouse Gas Emissions Using Lidar 
Surveys
Rida Sultanova and Radik Mustafin

Difference Vegetation and Normalized Green Red Difference indices is characterized by a determination coefficient 
equal to 0.52. The estimation of the emission of carbon dioxide and nitrogen oxide in the forest air at an altitude 
of 40 m above the level of the soil cover during the growing season showed differences in their values during the 
daytime and at night. The results helped determine promising methods of inventory of the carbon landfill forest 
area for aboveground woody biomass assessment based on data obtained from several sources and land forest 
estimation research.
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Perched on the Qinghai-Tibetan Plateau in western China, Qinghai Lake is a 
biodiverse outpost within the arid steppe—and a sensitive indicator of the region’s 
climatic shifts. The lake’s fluctuating water level serves as a de facto gauge of 
climate change in this high-altitude watershed.

Recent changes in the lake level are apparent in this pair of satellite images, 
captured by the Thematic Mapper (TM) on Landsat 5 on July 29, 2010 (above), and 
by the Operational Land Imager-2 (OLI-2) on Landsat 9 on July 22, 2022 (cover). Sand 
spits stretching nearly 25 kilometers (15 miles) once cleared the water’s surface and 
cordoned off lakes within the lake. However, they were mostly submerged by 2022.

Researchers measuring water levels in Qinghai Lake reported that the level declined 
steadily at an average rate of 8 centimeters (3 inches) per year from 1961 to 2004. At 
that point, the trend reversed, and the lake started rising at 18 centimeters (7 inches) 
per year through the end of the study period in 2019.

The striking turnaround coincided with trends of warming and wetting, according 
to the authors. Lake levels declined prior to 2004 primarily due to decreased river 
runoff. The subsequent rise in lake levels was driven by increasing precipitation and 
river runoff, as well as decreasing evaporation. (There is no outflow from the lake.) 
Though less evaporation doesn’t intuitively track with warming temperatures, the 
researchers note that temperature increases were more significant in winter months, 
when the lake was covered with ice, than in summer months. Summers saw more 
precipitation, which meant more cloudy days, higher humidity, and therefore less 
evaporation.

The evolution of the sand spit is one of the more dynamic effects of the lake’s 
fluctuations. When water levels were lower, more lakebed sediments were exposed 
to the prevailing westerly winds, which swept the sediments to the eastern shore of 
the lake. As dunes built up there, they divided Qinghai Lake into several sub-lakes, 
including Shadao Lake (centered in the top-left image) and Haiyan Bay (toward the 
bottom-right of the wider view). These lakes appear isolated from Qinghai Lake in 
the 2010 image but were mostly reincorporated in 2022.

The importance of Qinghai Lake and its wetlands goes beyond its climate signals. 
Many species are endemic to the plateau, and the endangered Przewalski’s gazelle 
lives only around Qinghai Lake. The ecosystem also plays a critical role as a breeding 
and stopover site for many migratory waterbirds along the Central Asian and East 
Asian Flyways.

The full version of both images can be downloaded from https://landsat.visibleearth.
nasa.gov/view.php?id=151316.

NASA Earth Observatory images by Allison Nussbaum, using Landsat data from the 
U.S. Geological Survey. Story by Lindsey Doermann.

http://www.asprs.org
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SECTORINSIGHT:.com
Education and Professional Development in the Geospatial Information Science and Technology Community .com
At the start of my doctoral studies, I wasn’t sure whether I 
would remain in academia or transition to a career in the 
forestry industry. I had a foot in each door, with an applied 
research project on the use of airborne lidar to map forests 
funded by both academic and industry sources. Ultimate-
ly, my entrepreneurial side prevailed. I spent the final two 
years of my PhD working in industry and, upon graduation 
in 2006, decided to take my work to market. A common view 
among my peers was that there was a great deal of innova-
tion “locked in academia”: student research that unfortu-
nately never left campus, despite its potential industry ben-
efits. I had always been curious to find out why this might 
be so, and I reasoned that by using my own work as a test 
case, I would get a crash course in facing the challenges of 
transforming promising research into a profitable business. 
While I can now safely call it a success story–Lim Geomatics 
has pioneered numerous forestry technology solutions and is 
one of Canada’s fastest growing companies—the climb has, 
at times, been steep.

In the start-up phase, I discovered an ironic disconnect 
between business training and real life. The former centres 
on creating ideal situations and analyzing them to the last 
detail: skills ill-suited to navigating the quick, unpredictable 
flow of life as an entrepreneur. Spending a month pains-
takingly creating a business plan doesn’t keep things from 
veering off in an unpredictable direction the minute you 
make your first sale. As a self-taught CEO, I believe entre-
preneurship is more a matter of character than education. 
Mental agility is key to maintaining momentum in the face 
of uncertainties, and keeping a level head allows you to gain 
wisdom from failure rather than dwelling on it. You have to 
blow yourself up, you have to trip a million times; otherwise, 
you’re not going to learn.

Looking back, like many other new grads, I entered the busi-
ness world wearing rose-coloured glasses, hopeful that pro-
spective clients would be as enthusiastic about my work as I 
was and would see its value as clearly as I did. Often, fresh 
science graduates are so focused on their product or solution, 
the technical magic they’ve brought to life, that they lose 
sight of what it really takes to go to market. Unfortunately, 
hope is not a viable business strategy. Value is determined 
by the customer, not by how technologically impressive the 
product is or how strongly its creator believes in it–and being 

a business means actually selling something. As an example, 
I once attended a conference and met a scientist who had 
developed some new technology. Although I wasn’t inter-
ested in acquiring the entire product, I saw that one small 
element of it would be beneficial in a range of contexts at my 
company. I was eager to discuss buying just that piece, but 
the scientist was unwilling to consider it, instead attempting 
unsuccessfully to convince me that the true value was in the 
product as a whole. That all-or-nothing approach, the insis-
tence on keeping one’s work intact and “perfect,” may serve 
a researcher well in academia, but it proves self-defeating 
in business. A piece of the work, if it comes at the right time 
and solves the right problems, may be of greater value than 
the whole from the customer’s standpoint. 

Working in forestry 
also brings some 
industry-specific 
challenges. At Lim 
Geomatics, we’re still 
trying to commercial-
ize, to some extent, 
what we’ve had for 
16 years. Even after 
demonstrating to a 
prospective client 
exactly how adopting 
our technology would 
streamline their 
processes or reduce 
their costs, there’s no 
guarantee of buy-
in. No matter how 
many success stories 
we have from forestry companies that have chosen to work 
with us, others still aren’t ready to go out on a “lim(b.)” I’m 
confident that the quality of the technology isn’t the problem, 
and I don’t think money is the deciding factor either: many 

Kevin Lim, Ph.D.

The Journey from a Ph.D. to a Successful Company

Photogrammetric Engineering & Remote Sensing
Vol. 89, No. 7, July 2023, pp. 401-403.
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of the companies that are hesitant to permanently adopt new 
technology are happy to fund any number of pilots. The main 
obstacle, as I see it, is resistance to change. For the client, 
adoption of new technology requires a solid change-manage-
ment strategy. Although the transition will ultimately result 
in smoother workflow and decreased costs, it does come 
with a degree of uncertainty in its early stages, and adapta-
tion to new tools and procedures may temporarily increase 
the workload of employees who are already stretched thin. 
Another major factor of change-resistance is that the forestry 
industry often takes a “traditional” approach to business 
relationships, preferring to work with familiar companies 
and revisit past connections over trying something—or some-
one—new. 

How, then, does a new player compete? For one thing, I 
recommend that novice entrepreneurs consider partner-
ing with more established companies, a strategy I myself 

unwisely resisted in my company’s early days. One person 
competing against a small business, let alone a large and 
well-established company, is a David vs. Goliath situation 
that rarely has the same positive outcome as the story. While 
collaboration must be undertaken carefully due to the risk 
of intellectual property being appropriated, it also comes 
with advantages, such as network connections and greater 
industry visibility. A second and more important strategy is 
establishing trust. “People aren’t buying you, they’re buy-
ing the brand” is a saying I have come to understand in the 
process of building my company—and for me, trust is the 
foundation of every partnership. Companies that sign with 
Lim Geomatics trust us to deliver, to do the right thing, 
based on our brand.  

When it comes to building a business, I don’t think there is a 
“right path.” Mine has entailed tremendous personal and pro-
fessional growth, from bootstrapping as a new entrepreneur to 

These are screenshots 
of feller buncher 
machine tracks 
(yellow) and the areas 
harvested (green 
buffer). The harvested 
areas are referred to 
as depletion areas or 
as-builts. Our mobile 
technology is installed 
in the cabs of forestry 
machines so we can 
track and report on 
productivity, specifical-
ly productive machine 
hours (PMH). The 
lower image shows a 
hillshade derived from 
airborne lidar. Both 
images are delivered 
through the Op Tracker 
web application. In 
this example, lidar 
remote sensing data, 
telematics, and GIS 
are merged together 
to provide insights 
into timber harvesting 
operations.



PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING	 July  2023 	 403

SECTORINSIGHT:.com
These are screen-
shots from AFRIDS 
(Advanced Forest 
Inventory Decision 
Support), a solution 
that allows foresters 
to interact with forest 
inventory information 
products derived from 
airborne lidar. The up-
per image shows RGB 
imagery blended with 
a canopy height model 
derived from lidar. A 
user can draw a block 
and, within seconds, 
receive analytics on 
it: for example, area, 
volume, height and 
basal area data. The 
graph in the lower 
image is an expanded 
view of the top pop-
up. It presents forest 
inventory data derived 
from airborne lidar in 
addition to diameter 
distribution data by 
volume and density. 

scaling the operations of a nearly 20-year-old company. Along 
the way, mentors have been instrumental, providing both op-
portunities and inspiration. I would highlight the influence of 
my father, who also built a successful career in computer sci-
ence; my doctoral supervisor Dr. Paul Treitz, who was always 
great in enabling my curiosity; Dr. Bob Ryerson, who (after 
a briefly tense exchange over pizza about similar-sounding 
company names) entrusted me with door-opening technical 
work in the Maldives; and now the other CEOs who comprise 
TEC Canada, notably Pascal St-Jean. I am optimistic that the 
forestry technology industry is on an upswing. One can cite 
a current wave of long-standing, more traditional companies 
that have built up more technical capacity or bought some in-
tellectual property. Innovation remains a key interest of mine: 
I’m always on the lookout for ideas with commercial potential, 
and in the future I hope to start a “uni bootcamp” for scien-
tists seeking to market their work. Commercializing academic 
research is hard—but it shouldn’t be!
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Pickett provides aerial LiDAR, aerial mapping 
and imaging, land surveying, hydrographic 
surveying and engineering services to clients 
throughout the US and Caribbean. Pickett 
specializes in offering the simultaneous 
collection of high resolution Aerial Imagery 
combined with engineering-grade airborne 
LiDAR, allowing us to turn around baseline 
imagery and LiDAR-derived data quickly and 
effi ciently. We deliver CADD and GIS-ready 
products to meet unique client specifi cations. 
Our clients come to us for the most complex 
projects because of our proven track record 
of producing deliverables effi ciently, safely, 
cost-effectively and on schedule. With over 
60 years of experience, we have established 
ourselves as leaders and innovators in the 
surveying and geospatial industry. Contact 
us today to see how our geospatial services 
can benefi t next your project. 

The Teledyne Optech G2 LiDAR System and Optech Galaxy T2000 
LiDAR sensor are some of the many tools we use for a myriad of 
LiDAR applications. When used in conjunction with our Phase 
One iXU-RS 1000 and iXM-RS150F medium-format cameras, these 
systems produce a complete picture of site conditions.

The Optech G2 LiDAR System and Optech Galaxy PRIME LiDAR 
sensor are some of the many tools we use for a myriad of LiDAR 
applications with point densities up to 150 points per square 
meter. When used in conjunction with our iXU-RS 1000 medium-
format camera, this system produces a complete picture of site 
conditions.

In the energy sector, we perform aerial surveys of corridors with 
lengths of 1 mile to 100 miles, with a point density of 50 points per 
square meter, or more. For the mining sector, we provide aerial 
surveys ranging in size from 1-acre stockpiles to several thousand 
acres, using the data to create digital surfaces and compute high-
accuracy volumes for accounting purposes. Land development 
projects range in size from 20 acres to 100 square miles, and 
occasionally more, fi nalizing into a detailed topographic survey.

We utilize a RIEGL terrestrial scanner for smaller projects where high-
resolution, high-accuracy LiDAR data is required. In combination 
with the top-mounted DSLR camera, we can create photo-
realistic point clouds to survey and document as-built conditions 
of almost any feature.

Our aerial platform consists of a 2015 Cessna T-206H Turbo Station 
Air and a 1981 Cessna T-210N Turbo Centurion, both modifi ed 
with FAA approved camera ports for aerial surveys. Pickett has 
multiple Unmanned Aerial Systems, and complies with FAA Part 
107 regulations, to provide UAS services commercially

ADVERTORIAL

Pickett and Associates, LLC
5010 West Nassau Street

Tampa, FL 33607
(813) 877-7770  І  Info@PickettUSA.com

www.pickettusa.com

GEOSPATIAL SOLUTIONS 
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BOOKREVIEW

The editors have compiled a tremendous tome that includes 
contributions from a multitude of authors have met their 
reported goal for this book to be accessible to someone with 
little or no training in collecting and processing drone imag-
ery and data. The editors, Frazier and Singh, have organized 
the contents of the book in two parts. The Introduction in 
Part I lays out the contents of the book in tantalizing detail 
to support picking and choosing the topic(s) of interest. Part 
I goes on to outline drone terminology and a variety of their 
real-world applications, as well as an introduction to the con-
cepts of remote sensing and photogrammetry as they pertain 
specifically to drones. It then presents the specifics for sensor 
selection, flight planning, drone regulations, and imagery 
processing using structure from motion (SfM). 

The second part of the book provides users with twelve 
real-world applications written with learning objectives, de-
tailed instructions, and discussion and synthesis questions, 
making this book a valuable source for students and educa-
tors. Data for the hands-on exercises are provided through 
a web link in the book’s introduction. However, the first file 
to “load” for Chapter 8 is not included in the data set but 
using the next data set works. The software utilized for the 
exercises is either free or trial downloads are available, and 
the links to access them are in the instructions. As the au-
thors noted, every publication that provides links to external 
websites is prone to broken links and this book is no excep-
tion. For example, the Chapter 8 link to the Mission Planner 
software is not correct, it directs you to the main ArudPilot 
page and there is no menu panel on the left.  However, a 
quick Google search for Mission Planner ArduPilot will take 
you to the menu panel. In addition, the ArduPilot site has 
changed the menu item for First Time Setup. It has been 
removed and will take some technical savvy to get to the 
right place. Most instructors know that published computer 
exercises need to be tested so that minor changes like these 
can be debugged before giving them to students.

The editors and contributing authors do an excellent job of 
synthesizing a variety of topics within the context of drone 
captured imagery and data that are supported with plenty of 
references for those who want to dig in deeper. Synthesizing 
the art and science for drone applications was not an easy 
task, as each topic has a variety of applications other than 
drones, (e.g., electromagnetic energy, sensor technology, and 
structure from motion). Instructors and students alike will 
recognize the basic concepts from other course work and be 
able to expand their knowledge into the use of drones.

The twelve Hands-On Applications provide enough content 
for a typical college semester of 15 weeks. Each chapter 
provides a real-world application from the foundational 
chapters: Planning Unoccupied Aircraft Systems (UAS) Mis-

sions and Aligning and Stitching Drone-Capture Images, to 
utilization of data from specific sensors, including RGB and 
multispectral, point cloud from SfM, as well as sensors to 
measure atmospheric parameters. Recognizing the expense 
of lidar equipment and the issue with payload mentioned 
by the authors, this reviewer wanted to see an example that 
utilized lidar data obtained using a UAS. Finally, there is a 
variety of discipline specific applications including wildlife 
management (Chapter 10), vegetation assessment (Chap-
ters 11 & 13), geomorphology (Chapters 14 & 15), cultural 
resource management (Chapters 16 & 17), and atmospheric 
monitoring (Chapters 18 & 19), providing something for 

Fundamentals of Capturing and 
Processing Drone Imagery and Data
Amy E. Frazier and Kunwar K. Singh, Eds. 
CRC Press: Boca Raton, FL. 2021. Xxiii and 361 pp., diagrams, 
maps, photos, images, index. Electronic copy. $130.00(hbk), 
$91.00(ebk) ISBN: 978-0-367-24572-6 (hbk), 978-1-032-02249-9 
(pbk), 978-0-429-28323-9 (ebk).

Reviewed by  M.Kathryn Rocheford, PhD, Research 
Archaeologist, Minnesota Historical Society, Saint 
Paul, Minnesota.  
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MAPPING MATTERS
YOUR QUESTIONS ANSWERED
by Qassim Abdullah, Ph.D., PLS, CP 
 Woolpert Vice President  and Chief Scientist

The layman's perspective on technical theory and practical applications of mapping and GIS

Have you ever wondered  
about what can and can’t 
be achieved with geospatial 
technologies and processes?

Would you like to understand 
the geospatial industry in 
layman’s terms?

Have you been intimidated 
by formulas or equations in 
scientific journal articles and 
published reports?

Do you have a challenging 
technical question that no 
one you know can answer?

If you answered “YES” to any of these questions, 
then you need to read Dr. Qassim Abdullah’s 
column, Mapping Matters. 
In it, he answers all geospatial questions—no matter 
how challenging—and offers accessible solutions.

Send your questions to Mapping_Matters@asprs.org

To browse previous articles of Mapping Matters,  
visit http://www.asprs.org/Mapping-Matters.html

“Your mapping matters 
publications have helped us a lot in 

refining our knowledge on the world of 
Photogrammetry. I always admire what you 
are doing to the science of Photogrammetry. 

Thank You Very much! the world wants 
more of enthusiast scientists like you."

“I read through your comments 
and calculations twice. It is very clear 

understandable. I am Honored there are 
experienced professionals like you, willing to 

help fellow members and promote knowledge 
in the Geo-Spatial Sciences.”

YOUR COMPANION TO SUCCESS
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GIS &Tips     Tricks By

File Navigation is Easier than You Think

By Al Karlin, Ph.D. CMS-L, GISP

For novices entering into the Esri GIS world 
from an Apple-iOS™ environment, which 
is a common occurrence for my beginning 
GIS students, they have to overcome not 
only the intricacy’s and complexities of the 
GIS software, but also navigating through a 
MicroSoft™ Windows filing system, maybe 
for the first time.  For many beginners these 
are both daunting tasks but even more so 
for those trying to access GIS data either on 
their local disks or on a network.  Fortunate-
ly, the ArcGIS Pro interface provides several 
tools to construct shortcuts to often-used data 
paths.  The Add Folder Connections tools are 
available in ArcGIS Pro, and similar tools in 
ArcGIS Desktop, make short work to finding 
data in a challenging file system. 

Adding a Folder from the 
Insert Tab in ArcGIS Pro
When starting an ArcGIS Pro project (.aprx) 
the Map tab opens with a basemap and the 
ribbon starts on the “Insert” tab as in Figure 1.

In the Project group, clicking on the “Add 
Folder” icon will start a standard Windows™ 
file navigator (Figure 2) that you can use to 
navigate to a folder for quick repeat naviga-
tion.  The target folder may contain images, 
GIS data, or other useful files to your project.   
Simply navigate through the file system to 
your desired target folder.

When you find the folder that you want to 
connect to your project, as in this example, I 
navigated through my Professional\GISData 
folders to find the \Alaska folder, then I select 
it (left-click) and clicked OK (Figure 3).

This will place the \Alaska folder in my project’s “Folder” file 
so that when I use the “Add Data” tool on the Map | Layer 
group, the desired folder will appear (Figure 4, right pane) 
ready for use; no additional file navigation necessary.

Figure 1.  The ArcGIS Pro starting ribbon showing the Insert Tab and the Add Folder tool. 

Figure 2.  The Add Folder Connection file navigation dialog box activated from the Add 
Folder tool.

Figure 3.  Navigating to and selecting a windows file folder to add to the project Folder.

Photogrammetric Engineering & Remote Sensing
Vol. 89, No. 7, July 2023, pp. 407-409.

0099-1112/22/407-409
© 2023 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.89.7.407
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TIP #1 — You can add multiple paths (Figure 5) 
to your project’s “Folder” by holding the SHIFT 
key while you Select (left-click) on folders to add.  
In this case, I added the \boro_manhattan_sp18, 
\Canada, \CensusBureau and \CMECS_Sea-
grass folders using the Shift+Select combina-
tion.

Adding folders from the 
Catalog Pane to ArcGIS Pro
If you are like me, you are accustomed to having 
a Catalog pane (what used to be ArcCatalog) 
handy to manage your files.  I strongly encour-
age my students to follow this practice.  

TIP #2 — From the View tab (Figure 6) on the 
ribbon, in the Windows group, open a Catalog 
Pane and dock the Catalog pane (or float it) as 
you like.  (I generally dock it on the right-hand 
side of the canvas.)

When you open the Catalog pane, you see the 
“Folders” (Figure 7).  Right-clicking on the “Fold-
ers” starts the “Add Folder Connection” (Figure 
8) which will open a Windows File navigator as 
in Figure 2.  Of course, you can use the Shift + 
Select combination to choose multiple folders.

TIP #3 — Right-clicking on any individual folder 
icon, gives you additional options for managing 
that connected folder (Figure 9).

Figure 4.  The ArcGIS Pro project Folder, as accessed from the Add Data tool, showing the 
folder previously attached to the project from Figure 3.

Figure 5.  The ArcGIS Pro project Folder, as accessed from the Add Data tool, showing the 
multiple folders attached to the project by using the Shift + Select tip.

Figure 6. The ArcGIS Pro ribbon showing the View Tab and the Catalog Pane in the 
Windows group.

Figure 7.  Opening the Catalog pane 
shows the project’s Folders icon with an 
expand arrow to the left of the folder.

Figure 8.  Adding a 
Folder Connection 
using the Catalog 
pane. Figure 9.  Right-clicking on a folder from the Catalog pane 

reveals additional file management options.



PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING	 July  2023 	 409

Adding a Folder in ArcGIS Desktop
For those using ArcGIS Desktop, Connect to Folder from the 
ArcMap interface is a bit different.  The Connect to Folder 
tool is available only from the “Add Data” button.  After 
the “Add Data” button is pressed, the Windows file naviga-
tor displays several optional icons along the top of the file 
browser, including the “Connect to Folder” icon.  When this 
icon is selected (Figure 10), the Connect to Folder (Figure 
11) will allow you to navigate and connect to a folder.

Unfortunately, if you need to connect to multiple folders, you 
will need to navigate to each separately; the Shift + Select 
combination does not work.

Finally, from ArcCatalog or a Catalog Window in ArcMap, 
you can also right-click on the “Folder Connections” to 
Connect to Folder (Figure 12) in much the same way as in 
ArcGIS Pro (Figure 8).

Figure 11. The 
Connect to Folder 
dialog box and 
navigator in ArcMap 
Desktop

Figure 12.  The Connect to Folder tool in ArcCatalog or a 
Catalog Window in ArcMap Desktop.  

Figure 10.  In ArcMap Desktop, the Connect to Folder icon is located on 
the Add Data dialog box. 

While learning to navigate through a Windows™ file system 
may initially be a challenge to iOS™ (and other) users, con-
nection to folders in the ArcGIS environment certainly helps 
overcome some of those difficulties.

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

Al Karlin, Ph.D., CMS-L, GISP is a senior geospatial scientist with Dewberry’s Geospatial and Technology Services group in 
Tampa, FL. Al works with all aspects of lidar, remote sensing, photogrammetry, and GIS-related projects. Al also teaches Map-
making for the Social Sciences at the University of Tampa.

cultural and natural science disciplines. While there are ad-
ditional sensors (e.g., lidar, thermal infrared) and discipline 
specific applications that are not included in this tome (e.g., 
fire and emergency response, civil engineering, and forensic 
investigations), the array of sensor technologies across disci-
plines is impressive. In addition, the foundations provided in 
this book would support incorporation of additional sensors 

and would be portable to other disciplines. This book is one 
of the best foundational books providing enough theoretical 
background that is accessible to a novice and exemplary 
hands-on applications for users to gain experience with re-
al-world data. I highly recommend this book for independent 
learners, as well as educators for incorporation as a text/lab 
book. 

BOOKREVIEW continued from page 405
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STAND OUT FROM THE REST
earn asprs certification

ASPRS congratulates these recently Certified and Re-certified individuals:

RECERTIFIED MAPPING SCIENTIST LIDAR

Azadeh Koohzare, Certification #R019L
Effective February 14, 2023, expires February 14, 2028

Susan Hessefort, Certification #R022L
Effective January 31, 2023, expires January 31, 2028

Bartley Wade Estes, Certification #R027L
Effective June 20, 2023, expires June 20, 2028

Terry J. Keeton, Certification #R028L
Effective August 4, 2023, expires August 4, 2028

RECERTIFIED PHOTOGRAMMETRIST

Thomas R. Freeman, Certification #R1360CP
Effective June 23, 2023, expires June 23, 2028

Paul Kokes, Certification #R1194CP
Effective December 5, 2020, expires December 5, 2025

Luiz H. Cortes, Certification #R1546CP
Effective March 21, 2023, expires March 21, 2028

Daniel Rorrer, Certification #R1047CP
Effective February 19, 2023, expires February 19, 2028

Mark Safran, Certification #R1350CP
Effective March 7, 2023, expires March 7, 2028

CERTIFIED MAPPING SCIENTIST LIDAR

Gregory Stamnes, Certification #L078
Effective March 10, 2023, expires March 10, 2028

RECERTIFIED MAPPING SCIENTIST RS

Raymond A. Miller, Certification #R208RS
Effective October 26, 2022, expires October 26, 2027

CERTIFIED UAS TECHNOLOGIST

Alex Olsen-Mikitowicz, Certification #UAS-T041
Effective April 3, 2023, expires April 3, 2026

RECERTIFIED LIDAR TECHNOLOGIST

Andrew Verville, Certification #R049LT
Effective April 1, 2023, expires April 1, 2026

CERTIFIED LIDAR TECHNOLOGIST

Brett Allen Cox, Certification #LT079
Effective April 17, 2023, expires April 17, 2026

Brock Riebe, Certification #LT080
Effective May 10, 2023, expires May 10, 2026

Hans Knoepfel, Certification #LT081
Effective May 13, 2023, expires May 13, 2026

RECERTIFIED GIS/LIS TECHNOLOGIST

Taylor Moore, Certification #R302GST
Effective May 19, 2023, expires May 19, 2026

   ASPRS Certification validates your professional practice and experience. It differentiates you from others in the profession. For more information 
on the ASPRS Certification program: contact certification@asprs.org, visit https://www.asprs.org/general/asprs-certification-program.html.
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ASPRS PARTICIPATING IN 		
GEO WEEK — FEBRUARY 2024!
Geo Week is the premier event for increased integration between the built 
environment, advanced airborne/terrestrial technologies, and commercial 
3D technologies, bringing together former stand-alone events AEC Next 
Technology Expo & Conference, International Lidar Mapping Forum, and 
SPAR 3D Expo & Conference, and powerful partnership events including 
ASPRS Annual Conference.

Geo Week was created as a response to the changing needs of built world 
and geospatial professionals, and to acknowledge the convergence of tech-
nology taking place currently. New technological innovations, the need for 
remote workflows, and hardware breakthroughs are redefining expectations 
across teams, organizations, and entire industries. Geo Week is at the cen-
ter of it all.

The ASPRS program at Geo Week 2024 will include technical sessions, con-
tinuing education workshops, committee meetings, and a student-focused 
Academic Hub.
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ASPRS is changing the subscription model of our monthly journal, 
PE&RS. ASPRS is waiving open-access fees for primary authors 
from subscribing institutions. Additionally, primary authors who are 
Individual Members of ASPRS will be able to publish one open-access 
article per year at no cost and will receive a 50% discount on open-
access fees for additional articles. 

• Open Access matters! By providing 
unrestricted access to research 
we can advance the geospatial 
industry and provide research 
that is available to everyone.

• Institutions and authors receive more 
recognition! Giving permission to 
everyone to read, share, reuse the 
research without asking for permission, 
as long as the author is credited.  

• Reputation matters! Known for its 
high standards, PE&RS is the industry 
leading peer-review journal. Adding 
open access increases authors' visibility 
and reputation for quality research.

• Fostering the geospatial industry! 
Open access allows for sharing without 
restriction.  Research is freely available 
to everyone without an embargo period. 

Under the previous subscription model, authors and institutions paid $1500 
or more in open-access fees per article. This will represent a significant cost 
savings. Open-access publications benefit authors through greater visibility of 
their work and conformance with open science mandates of funding agencies.

Subscriptions asprs.org/subscribe
Membership asprs.org/membership



A Lightweight Conditional Convolutional Neural 
Network for Hyperspectral Image Classification

Linfeng Wu, Huajun Wang, and Huiqing Wang

Abstract
Deep learning (dl), especially convolutional neural networks (cnns), 
has been proven to be an excellent feature extractor and widely ap-
plied to hyperspectral image (hsi) classification. However, dl is a 
computationally demanding algorithm with many parameters and a 
high computational burden, which seriously restricts the deployment 
of dl-based hsi classification algorithms on mobile and embedded 
systems. In this paper, we propose an extremely lightweight condi-
tional three-dimensional (3D) hsi with a double-branch structure 
to solve these problems. Specifically, we introduce a lightweight 
conditional 3D convolution to replace the conventional 3D convolu-
tion to reduce the computational and memory cost of the network 
and achieve flexible hsi feature extraction. Then, based on light-
weight conditional 3D convolution, we build two parallel paths to 
independently exploit and optimize the diverse spatial and spectral 
features. Furthermore, to precisely locate the key information, which 
is conducive to classification, a lightweight attention mechanism is 
carefully designed to refine extracted spatial and spectral features, 
and improve the classification accuracy with less computation and 
memory costs. Experiments on three public hsi data sets show that 
the proposed model can effectively reduce the cost of computation 
and memory, achieve high execution speed, and better classifica-
tion performance compared with several recent dl-based models.

Introduction
With the development of hyperspectral sensors, the spatial resolu-
tion and the number of spectral bands in the hyperspectral image 
(hsi) have greatly increased. Compared with multispectral and natural 
Red-Green-Blue images, the abundant spatial and spectral information 
provided by hsi can be used to more accurately identify ground objects 
containing different materials. Therefore, hyperspectral image clas-
sification, which classifies each image pixel into specific labels, has at-
tracted great attention in many real applications around the world, such 
as vegetation ecology (Liang et al. 2015), atmospheric science (Liu 
et al. 2022), geology and mineral resources (Jain and Sharma 2019; 
Peyghambari and Zhang 2021), marine research (Serranti et al. 2018) 
and precision agriculture (He et al. 2018). However, high-dimensional 
HSIs have few training samples and large spatial variability of spectral 
features, which brings great difficulties to hyperspectral classification.

In the past decades, many traditional machine learning algorithms 
have been proposed to classify hsi, such as support vector machine 
(svm) (Tarabalka et al. 2010), random forest (Abdel-Rahman et al. 
2013) and k-nearest neighbor (Ma et al. 2010). These methods usually 
only consider spectral information, and feature extraction is not suf-
ficient. Therefore, other traditional machine learning algorithms also 
consider spatial information, such as extended morphological profiles 

(Quesada-Barriuso et al. 2014), composite kernels (Zhou et al. 2015), 
and sparse representation (Wang et al. 2015), and the results are more 
satisfactory. However, traditional machine learning algorithms use 
hand-crafted features, which are relied heavily on expert knowledge. 
In addition, the hand-crafted features are not enough to discriminate 
subtle variation, which restricts the classification performance.

In recent years, inspired by the successful application of deep learn-
ing in image classification (Krizhevsky et al. 2012), object detection 
(Girshick et al. 2014), and natural language processing (nlp) (Bordes 
et al. 2012), deep learning (dl) has also been applied to hsi classifica-
tion and achieved good performance. Compared with machine learning 
algorithms, deep learning can effectively extract hierarchical and non-
linear features via a series of hierarchical layers. For example, lower 
layers can extract shallow and simple features, and the deeper layers 
can represent more abstract features. In addition, different networks 
focus on extracting different feature types, which makes deep learn-
ing more suitable for dealing with various situations. In the remote 
sense community, dl-based methods demonstrate extremely promis-
ing results. For example, a stackable auto-encoder network introduced 
the concept of deep learning into hyperspectral data classification for 
the first time (Chen et al. 2014). To avoid loss of detailed information 
caused by dimension reduction methods such as principal component 
analysis and negative matrix factorization, the restricted Boltzmann 
machine and deep belief networks (Li et al. 2014) are introduced in to 
realize the feature extraction and classification. With the development 
of dl, many advanced networks have been effectively used to solve 
hsi classification tasks (Ahmad et al. 2022) with different degrees 
of success. For example, a spectral-spatial residual network (ssrn) 
(Zhong et al. 2018) is proposed to jointly extract spectral and spatial 
features. An integration of multiple convolutional neural networks 
(cnn) (Sikakollu and Dash 2021) is proposed to generate more reliable 
and robust prediction results. To highlight the most critical spectral and 
spatial information, a double-branch dual-attention mechanism three-
dimensional (3D)-cnn (Li et al. 2020) is proposed, and satisfactory 
results are obtained in a small number of training samples. However, in 
terms of the visual invariance of cnn’s fixed-size convolution kernel, 
the visual transformation of the input image will lead to the instabil-
ity of the network performance. To overcome this problem, some 
methods introduced the concept of nlp to explain the process of image 
classification from a new perspective. Motivated by the self-attention 
mechanism (Vaswani et al. 2017) and recurrent neural network 
(Paoletti et al. 2020), vision transformers (vit) (Hong et al. 2021) 
reconsideration of the input image as a sequence of tokens to capture 
long-range dependence, have also become popular. In addition, genera-
tive adversarial network (Zhan et al. 2018; Zhong et al. 2020) create 
artificial instances from data sets, while retaining features similar to the 
original set, which alleviates the problems of class imbalance and the 
limited number of labeled samples.

However, most existing work tends to improve classification ac-
curacy at the cost of complex models and many training samples. For 
computationally intensive deep learning algorithms, the complexity 
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of the models increases, making them difficult to deploy on embedded 
systems for mobile and airborne devices, with low power, memory, 
and computational resources. The characteristics of these embedded 
systems pose new challenges to the design of dl algorithms and pro-
mote the development of more efficient algorithms with fewer sample 
requirements. In general, lightweight neural network design methods 
can be divided into three directions: neural architecture search (Wu et 
al. 2019; Liu et al. 2021), neural network compression (Choudhary 
et al. 2020; Deng et al. 2020), tight architecture design (Huang et al. 
2018; Wang et al. 2020). Among them, tight architecture design is a 
structured improvement scheme, which focuses on reducing the con-
nection between feature mapping channels by changing the standard 
convolution and fully connected layer, to reduce the parameters and 
computation. The neural network designed by this method can conve-
niently and effectively cooperate with other strategies to improve the 
overall expression ability of the model, so it has great development 
potential. In ShuffleNet (Zhang et al. 2018), group convolution divides 
the output feature maps of the previous layer into several groups, and 
each group performs convolution operations respectively, to reduce 
the computation of convolution. To overcome the problem of informa-
tion flow between different groups, ShuffleNet-V2 (Ma et al. 2018) 
scrambles the feature map of each channel after group convolution, so 
that each group can obtain the feature information extracted by other 
groups. The strategy of grouping and shuffling the standard convolu-
tion is equivalent to decomposing the global channel feature extraction 
into two stages: local channel feature extraction and channel shuffling. 
This strategy promotes the study of more efficient convolution meth-
ods. The depth-wise separable (dws) convolution (Sandler et al. 2018) 
separates the standard convolution operation into depth-wise (dw) 
convolution and point-wise (pw) convolution, thus reducing many 
parameters and computation brought by the standard convolution. 
Furthermore, to improve the efficiency of feature extraction, the ghost 
network (Han et al. 2020) uses a series of linear transformations with 
low cost to generate more feature maps.

Based on the above-mentioned knowledge, several hsi classification 
methods have been proposed to overcome these difficulties to increase 
computational efficiency and reduce the number of parameters. In 
lightweight convolutional neural network (lwcnn) (Jia et al. 2021), 
a spatial-spectral Schroedinger eigenmaps is introduced to compress 
the spectral dimension to significantly reduce the number of param-
eters. However, the dimensionality reduction method leads to the loss 
of some details of the raw hsi data. To address the issue, some works 
use dws convolution (Zhang et al. 2019; Wang et al. 2022) to extract 
features directly from raw hsi data. In Ghostnet (Paoletti et al. 2021), 
the ghost module composed of a significantly lighter convolution and 
a cheap linear layer replaces standard convolution to extract spectral-
spatial features to reduce the computing cost. However, the simple 
decomposition of standard convolutions (such as ghost module and 
dws convolution) has two drawbacks.

First, the standard one-step convolution is decomposed into smaller 
multistep convolutions, which leads to a significant increase in net-
work depth. With the increase of network depth, the extracted features 
gradually disappear in the transmission process, resulting in gradient 
disappearance and model degradation.

Second, blindly reducing the number of parameters and model size 
will easily lead to the performance degradation of the model, which is 
contrary to the purpose of lightweight design.

To provide appropriate answers to the above problems, this work 
proposes a new hyper-light model for hsi classification. First, to 
reduce the complexity of the model, a two branch shallow network is 
constructed, where the two-branch structure extracts rich spatial and 
spectral features independently to ensure the diversity of features and 
reduce the loss of information. Second, dense connection (Huang et al. 
2017), which connects each convolution layer to every other layer in 
a feedforward manner, is used to enhance the transmission of features 
and alleviate gradient vanishing. Third, we developed a lightweight 
dws conditional convolution unit to replace the standard convolu-
tion, which improves the representation capability of the model with 

fewer parameters and higher computational efficiency. Furthermore, to 
extract more valuable spatial and spectral information and reduce the 
interference of useless information, a lightweight attention mechanism, 
which we called merge attention, is proposed to refine features and 
improve classification accuracy.

The rest of this paper is organized as follows: In the section 
“Methods”, we will introduce the proposed method, including dws 
conditional convolution, merging attention mechanism, and the imple-
mentation details of the dual branch network. To verify the effective-
ness of our work, the experimental results and necessary analysis 
are presented in the section “Experimental Results”, and the section 
“Discussion”. Finally, we summarize our work in the “Conclusion” 
section.

Methods
DWS Conditional 3D Convolution
hsi raw data is usually represented as a cube containing one-dimension-
al spectral information and two-dimensional (2D) spatial information, 
so it is natural to use 3D convolution to express the relationship between 
objects in 3D space. Recently, many hsi classification frameworks have 
applied 3D convolution to jointly extract rich spectral and spatial infor-
mation (Jia et al. 2021; Paoletti et al. 2021). Given n1 input data x, the ith 

output of the l + ith 3D convolution layer can be formulated as:

	 	
(1)

where xj
l represents the jth output feature map of the lth 3D convolution 

layer. Wi
l+1 and bi

l+1 stand for the weights and biases of the l + 1th 3D 
convolution layer, respectively. In addition, Data Normalization (dn) 
(Ioffe and Szegedy 2015) layer and Gaussian error linear units (dn) 
(Hendrycks and Gimpel 2016) layer are added after each 3D convolu-
tion layer. dn makes the distribution of features at each layer of the 
network as stable as possible. dn learns the nonlinear relationship of 
data. dn and gelu are represented as follows:

	 	
(2)

	 	
(3)

where x is the input data of the dn layer, and x̂ is the output data of the 
dn layer.

Based on the above knowledge, we can observe that simply stack-
ing standard convolution units and expanding the size of the convolu-
tion kernel will generate many learnable parameters and bring a lot of 
computational burdens. In addition, in the standard convolution, the 
same convolution kernel parameters are used for all input samples, 
which limits the representation capability of the model. Recently, a 
conditional convolution (CondConv) (Yang et al. 2019) is proposed to 
improve the expression ability of the model, in which multiple parallel 
convolution kernels are aggregated into a dynamic kernel, and weights 
are adaptively combined according to the input features. Figure 1a and 
1b show the structure of conditional convolution and standard convolu-
tion, respectively. In standard convolution, the convolution kernel 
parameters are determined by training and treating all input samples 
equally, while in conditional convolution, the convolution kernel pa-
rameters are obtained by calculating the weighted convolution kernel 
of the input image by multiple experts. Therefore, conditional convolu-
tion can adaptively adjust the convolution parameters according to the 
input image. In addition, the improvement of standard convolution 
capacity depends on the expansion of convolution kernel size and 
channel number, which will further increase the computational burden 
of the model. However, conditional convolution only needs to increase 
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the number of experts before performing the convolution operation. 
Motivated by it, we developed a lightweight- and attention-assisted 
dws conditional convolution unit to replace the standard convolution, 
which improves the representation capability of the model with fewer 
parameters and higher computational efficiency.

The structure of the dws conditional convolution is shown in Figure 
1c. To achieve a lightweight structure for easy deployment on embed-
ded systems, we separate the standard conditional convolution into 
two steps: dw convolution and pw convolution. First, dw convolution 
applies a convolution kernel in each channel of the input data, and then 
splices the outputs of all convolution kernels to obtain its final output. 
In dw convolution, each channel of the input cube is assigned one con-
volution kernel. Therefore, numerous parameters are reduced. Second, 
multiple cheap pw convolutions with the size of 1×1×1 to realize 
single-channel-level fusion for the output data from the dw convolu-
tion to further decompose and refine the standard conditional convolu-
tion. In addition, compared to the standard conditional convolution, 
multiple parallel convolutions select different parameters to extract 
features, which can effectively improve the representation capability of 
the model and achieve flexible hsi feature extraction. The output y of 
dws conditional convolution can be expressed mathematically as:

	 	
(4)

where x is the input of dws conditional convolution, n is the number 
of convolution kernels, and * is the convolution operation. W0 and b0 
are the bias and weights for dw convolution operation, respectively.  
Wi and bi are the bias and weights for pw convolution operation, 
respectively.

We can estimate the floating-point operations per second (flops) 
theoretically reduced by the dws conditional convolution unit. Assume 
standard 3D convolution Ws∈RCin×K×K×K×Cout, the dws conditional convo-
lution composed by dw convolution Wd∈RCin×K×K×K, and the n pw con-
volution Wp∈RCin×1×1×1×Cout, the reduced flops can be written as follows:

	 	
(5)

where P is the size of input cube, K represents the size of the convolu-
tion kernel. Cin and Cout represent the number of channels of the input 
and output data, respectively.

Let us consider a practical example, a standard 3×3×3 convolution 
applied to 12, 9×9×9 input cubes to generate 24, 9×9×9 output cubes, 
required 12×3×3×3×24 = 7776 parameters (assume that the padding 

size is 1). For CondConv with three kernels, required 12×3×3×3×24×3 
= 23 328 parameters. For dws conditional convolution composed 
by the 3×3×3 dw convolution with group size 12 and the 1×1×1 pw 
convolution with three kernels, only required 12×3×3×3+12×3 = 
1188 parameters. Figure 2 provides a graphical representation of the 
entire process. In addition, according to Equation 5, theoretically, dws 
conditional convolution can reduce the flops consumed by standard 
convolution by about nine times.

Merge Attention Mechanism
The attention mechanism (am) enables the model to focus on impor-
tant information and ignore irrelevant information, which has been 
widely proven to effectively improve the performance of cnn (Fu et al. 
2019; Huang et al. 2019). However, most existing methods focus on 
developing more complex ams to achieve better performance, which 
will inevitably increase the complexity of the model. To balance the 
performance and complexity, we designed a lightweight merge am, 
which is embedded in the dws conditional convolution unit to improve 
the performance with fewer parameters. The structure is shown in 
Figure 3.

The merge am mainly includes five steps: first, sum the output xi of 
n pw convolutions to generate the fused data xf. Second, compressed xf 
by the global average pool operation to generate channel descriptor zc, 
which can be expressed by Equation 6. Third, a special one-dimension-
al (1D) convolution is used to efficiently realize local cross-channel 
interaction and extract the dependencies between channels. In addition, 
a nonlinear activation (Sigmoid) function σ is included to learn the 
nonlinear relationship between channels, which can be expressed by 
Equation 7. Fourth, calculate the adaptive importance ai(s) for each 
input feature using the Softmax function, which can be expressed by 
Equation 8. Finally, refine the features of each pw convolution output 
according to the ai(s), and then the refined features xo are fused by 
element-wise sum operation, which can be expressed by Equation 9.

	 	
(6)

	 s = σ(W*zc + b)	 (7)

	 	
(8)

(a) (b) (c)

Figure 1. Structures of: (a) standard convolution, (b) conditional convolution with three kernels, and (c) proposed depth-wise separable (dws) 
conditional convolution with three kernels. dn = Data Normalization; gelu = Gaussian error linear units.
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(9)

where B and P represent the spectral and spatial dimensions of the in-
put data, and xf(i, j, k) represents the data value of the xf at position (i, j, 
k). * is the convolution operation, and W and b are the bias and weights 
of convolution kernel, respectively.

The Framework of the Proposed Model for hsi Classification
Take the Indian Pines (ip) data set as an example, the framework of the 
proposed network is shown in Figure 4. First, a small cube is randomly 
selected from the hsi raw data as the input. Then, each small cube is 
fed into the dual branch network to extract the spatial and spectral fea-
tures, respectively. Finally, the fused spectral and spatial features are 
input into a fully connected layer to generate the classification results.

The size of input data in spatial branch is (9×9×200). Before feed 
into the dws conditional convolution unit, a standard convolution 
with the kernel size of (24, 1×1×200) and the stride size of (1×1×1) to 
reduce the spectral dimension, to generate the feature maps X11 of size  
(24, 9×9×1). Then, the feature maps X11 are feed into three dws con-
ditional convolution units to fully capture spatial features. To enhance 
the transmission of features and alleviate gradient vanishing problem, 
we apply dense connection, which connect each convolution layer to 
every other layer in a feedforward manner, and the out feature maps 
X12 with size of (60, 9×9×1) can be obtained. The size of the convolu-
tion kernel in each dws conditional convolution is (12, 3×3×1), the 
stride size is (1×1×1), and the padding is (1×1×0). The implementation 
details of the spatial branch are reported in Table 1.

The size of input data in spectral branch is (9×9×200). Before feed 
into the dws conditional convolution, a standard convolution with the 
kernel size of (24, 1×1×7) and the stride size of (1×1×2) to reduce 
the spectral dimension, to generate the feature maps X21 of size (24, 
9×9×97). Then, the feature maps X21 are sent to three dws conditional 
convolution units to fully capture spectral features, and the out feature 
maps X22 with size of (60, 9×9×97) can be obtained. The size of the 
convolution kernel in each dws conditional convolution is (12, 1×1×7), 

(a)

(b)

Figure 2. Graphical visualization of: (a) standard three-dimensional (3D) convolution and (b) depth-wise separable (dws) conditional 3D 
convolution (assume that the padding size is K/2).

Figure 3. Structure of the proposed merge attention mechanism. 1D 
= one-dimensional; pw = point-wise.
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the stride size is (1×1×1), the padding is (0×0×3). Finally, after the in-
put feature maps X22 passes through the last layer, the out feature maps  
X23 with size of (60, 9×9×1) can be obtained. The last layer consists 
of a standard 3D convolution with size of (60, 1×1×97) and the stride 
size is (1×1×1). The implementation details of the spectral branch are 
reported in Table 2.

To obtain fused spatial and spectral features, we concatenate the 
feature maps X12 and X23 to generate the feature maps X4 with size of 
(120, 9×9×1). Then, after the feature maps X4 through the average 

pooling layer, the 1D vector X5 with the dimension of 120 can be 
obtained. Finally, a fully connected layer to generate the probabilities 
of the 16 categories. The total loss for training our model is defined as 
follows:

	 	
(10)

where S represents the number of samples in the mini-batch, yi is the 
real labels, and ŷi is the predicted labels of the model. The implementa-
tion details of the final prediction are reported in Table 3.

Experimental Results
Hyperspectral Data Sets
The experiment was conducted on three real hsi data sets used to 
evaluate hsi classification algorithms, including ip, Salinas Valley (sv), 
and Xu Zhou (xz). The ip data set was collected by am sensor over 
North Western India, containing 145 × 145 pixels and 200 bands, with 
a spatial resolution of 20 m per pixel. This scene has 10 249 labeled 
pixels and 16 different ground-truth classes, including one-third forest 
and two-thirds agriculture. Figure 5 shows the false color image and 
the corresponding ground truth image of the ip data set.

The sv data set was collected by am sensor over Salinas Valley, 
California, containing 512 × 217 pixels and 204 bands, with a spatial 
resolution of 3.7 m per pixel. This scene has 54 129 labeled pixels and 
16 different ground-truth classes, including vegetables, bare soils, and 
vineyard fields. Figure 6 shows the false color image and the corre-
sponding ground truth image of the sv data set.

The xz data set was collected by Hyperion sensor (HySpex swir-
384, HySpex vnir-1600) over Xu Zhou, China, containing 500 × 260 
pixels and 436 bands. This scene has 68 877 labeled pixels and nine 
different ground-truth classes. Figure 7 shows the false color image 
and the corresponding ground truth image of the xz data set.

Experimental Settings
In the experimental data sets, each class randomly selects five labeled 
samples as the training set, five labeled samples as the validation set, 
and the rest as the test set. For a fair comparison, all experiments are in 
the same experimental environment and hyperparameters. The number 
of training iterations is set to 300 and the batch size is set to 64. In 
addition, to prevent the model from falling into a local minimum, we 
the use cosine annealing (Konar et al. 2020) method to dynamically 
adjust the learning rate, and the initial value of the learning rate is set 
to 0.0005.

The hardware environment used in the experiment is an Intel Core 
i7-8750h cpu, nvidia Geforce gtx 1070 max-q gpu, and 16 gb of 
memory. The software environment was cuda 10.2, Python 3.6.8, and 
PyTorch 1.6.

Figure 4. Flowchart of the proposed lightweight conditional convolutional network for hyperspectral image (hsi) classification. 3D = three-
dimensional; dws = depth-wise separable; dn = Data Normalization; gelu = Gaussian error linear units.

Table 1. The implementation details of the spatial branch.

Layer Name
Kernel 

Size
Stride 
Size

Output 
Size DN GELU

3D Conv (24, 3×3×200) (1×1×1) (24, 9×9×1) Yes Yes

DWS Cond 3D Conv (12, 3×3×1) (1×1×1) (24, 9×9×1) Yes Yes

DWS Cond 3D Conv (12, 3×3×1) (1×1×1) (24, 9×9×1) Yes Yes

DWS Cond 3D Conv (12, 3×3×1) (1×1×1) (24, 9×9×1) Yes Yes

Concatenation — — (60, 9×9×1) No No

3D = three-dimensional; DWS = depth-wise separable; DN = Data 
Normalization; GELU = Gaussian error linear units.

Table 2. The implementation details of the spectral branch.

Layer Name
Kernel 

Size
Stride 
Size

Output 
Size DN GELU

3D Conv (24, 1×1×7) (1×1×2) (24, 9×9×97) Yes Yes

DWS Cond 3D Conv (12, 1×1×7) (1×1×1) (24, 9×9×97) Yes Yes

DWS Cond 3D Conv (12, 1×1×7) (1×1×1) (24, 9×9×97) Yes Yes

DWS Cond 3D Conv (12, 1×1×7) (1×1×1) (24, 9×9×97) Yes Yes

Concatenation — — (60, 9×9×97) No No

3D Conv (60, 1×1×97) (1×1×1) (60, 9×9×1) Yes Yes

3D = three-dimensional; DWS = depth-wise separable; DN = Data 
Normalization; GELU = Gaussian error linear units.

Table 3. The implementation details of the final prediction.

Layer Name
Kernel 

Size
Stride
 Size

Output 
Size DN GELU

Concatenation — — (120, 9×9×1) No No

Global Average 
Pooling (9×9×1) (1×1×1) (120, 1×1×1) No No

Flatten — — (120) No No

Fully Connected (120) — (16) No No

DN = Data Normalization; GELU = Gaussian error linear units.
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(a) (b) (c)

Figure 5. Indian Pines (ip) data set: (a) false color image (r = 28, g = 8, b = 99), (b) ground truth map, (c) land-cover classes. rgb = red, green, blue.

(a) (b) (c)

Figure 6. Salinas Valley (sv) data set: (a) false color image (r = 23, g = 11, b = 7), (b) ground truth map, (c) land-cover classes. rgb = red, 
green, blue.

(a) (b) (c)

Figure 7. Xu Zhou (xz) data set: (a) false color image (r = 38, g = 56, b = 23), (b) ground truth map, (c) land-cover classes. rgb = red, green, blue.
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Comparison with Different Methods
To illustrate the advantage of the proposed model for hy-
perspectral image classification, this section compares the 
proposed model with the classical machine learning method 
svm (Tarabalka et al. 2010) and several recently proposed 
deep learning methods, contextual deep convolutional neural 
network (cdcnn) (Lee and Kwon 2017), ssrn (Zhong et al. 
2018), lightweight multi-attention fusion network (lmafn) 
(Wang et al. 2021), SpectralFormer (Hong et al. 2021), 
spectral-spatial multilayer perceptrons (ss-mlp) (Meng et 
al. 2021). The cdcnn is a typical deep network, mainly 
composed of 11 2D convolution layers and one fully con-
nected layer. The ssrn uses 3D convolution with the residual 
structure to exploit the joint spatial-spectral information. The 
lmafn is a lightweight 2D cnn to achieve accurate clas-
sification under small training samples. The SpectralFormer 
(sf) is a vit-based model that converts images into sequences 
to capture long-term dependency information from hsi. The 
ss-mlp is a new multi-layer perceptron architecture for hsi 
classification. The experiment was repeated 10 times, and the 
cube size of hsi was 9×9×B, where B represents the number 
of bands in the hsi data set. The quantitative experimental 
results of different methods are shown in Tables 4–6, and the 
best results for each class are highlighted in boldface. The 
metrics include overall accuracy (oa), average accuracy (aa), 
and Kappa coefficient were used to evaluate the classifica-
tion accuracy. In addition, the model size (Size), the number 
of parameters (nop), flops, training time (Train (s)), and 
test time (Test (s)) are used to evaluate the complexity and 
execution efficiency of the model.

From Tables 4–6, the following conclusions can be drawn:
(1)	 The results of hsi classification based on the deep learn-

ing method is better than the traditional classification 
method. Traditional classification methods use hand-
crafted features. When dealing with complex samples, 
these methods quickly fall into a bottleneck. However, 
the classification methods based on deep learning can 
automatically learn the abstract features of images 
through the hierarchical structure, so they have stronger 
feature extraction ability than the traditional classifica-
tion methods.

(2)	 Although sf and ss-mlp perform well on large-scale data 
sets, too many parameters become a burden, leading to 
serious overfitting problems in hsi data sets with very 
limited labeled samples. Therefore, their performance is 
significantly worse than cnn based model in the experi-
ment. In addition, the high computational burden and 
memory consumption bring challenges for deployment 
to mobile systems.

(3)	 Among all cnn classification methods, cdcnn has the 
worst performance. Compared with ssrn on the ip data 
set, the values of oa, aa, and Kappa drop by –9.76%, 
–8.36%, and –11.17%, respectively. In addition, 
although lmafn adopts a lightweight design, compared 
with our network on the ip data set, the oa, aa, and 
Kappa values decreased by 5.41%, 6.28%, and 6.20%, 
respectively. The reason is that the pure 2D cnn cannot 
jointly extract spectral and spatial features in hsi, and 
the deep network structure also leads to the degradation 
of the model.

(4)	 On three real hsi data sets, the proposed method 
achieved the highest oa, aa, and Kappa values. On the 
one hand, the two-branch shallow network architecture 
and dense connection structure enhance the transmis-
sion and reuse of features, to overcome the gradient 
vanishing and model degradation. On the other hand, 
dws conditional 3D convolution can effectively improve 
the representation ability of the model, and the merge 
attention mechanism can adaptively focus on important 

Table 4. Classification results on the Indian Pines (IP) data set (five labeled 
samples per class).

Color Train SVM CDCNN SSRN LMAFN SF
SS-

MLP Proposed
■ 5 29.30 32.26 38.68 91.62 57.97 37.27 93.18
■ 5 44. 09 29.77 43.64 79.65 62.98 85.42 81.11
■ 5 44.51 40.17 59.06 69.42 74.15 52.28 55.14
■ 5 16.75 52.44 35.64 59.07 29.17 44.04 80.71
■ 5 35.35 71 72.87 98.73 74.15 54.47 99.46
■ 5 83.66 78.49 93.58 95.00 90.79 77.74 96.43
■ 5 21.57 12.64 26.14 16.55 12.23 53.66 28.95
■ 5 91.92 93.69 99.76 100 100 89.94 100
■ 5 15.06 22.39 15.46 23.73 25.00 10.49 21.21
■ 5 44.16 63.06 82.75 65.50 55.68 60.94 66.55
■ 5 59.40 69.89 74.95 67.89 62.98 76.83 69.84
■ 5 24.86 23.01 36.54 29.58 60.33 24.42 83.10
■ 5 80.70 73.83 90.57 80.49 69.50 61.80 87.50
■ 5 77.69 86.11 96.87 92.27 94.86 83.79 98.33
■ 5 39.81 66.43 76.50 88.31 75.86 64.29 94.63
■ 5 98.67 55.70 61.60 65.19 33.72 38.91 75.44
OA 50.62 58.51 68.27 73.93 66.97 65.56 79.34
AA 50.47 54.43 62.79 70.70 61.21 57.27 76.98
Kappa 44.52 53.20 64.37 70.30 62.37 61.29 76.50
Size (KB) - 4,170 1,451 766 27,906 52,943 195
NOP (K) - 1,064 310 161 7,129 13,546 41
FLOPs (M) - 29.57 158.00 7.37 582.72 123.91 6.21
Train (s) 1.92 31.84 189.25 49.72 437.35 132.55 45.60
Test (s) 0.94 1.04 4.18 3.85 17.02 11.71 3.49
SVM = support vector machine; CDCNN = contextual deep convolutional neural network; 
SSRN = spectral-spatial residual network; LMAFN = lightweight multi-attention fusion 
network; SF = SpectralFormer; SS-MLP = spectral-spatial multilayer perceptrons; OA = 
overall accuracy; AA = average accuracy; NOP = number of parameters; FLOPs = floating-
point operations per second.

Table 5. Classification results on Salinas Valley (SV) data set (five labeled 
samples per class).

Color Train SVM CDCNN SSRN LMAFN SF
SS-

MLP Proposed
■ 5 96.03 89.69 58.65 99.85 98.98 99.75 100
■ 5 98.55 98.30 99.87 99.47 95.99 99.22 100
■ 5 77.12 93.92 91.65 93.36 89.18 94.97 95.22
■ 5 97.38 92.31 99.00 85.73 76.00 88.07 93.64
■ 5 88.14 94.32 99.80 99.53 85.88 90.28 99.84
■ 5 99.85 99.85 100 99.62 99.90 99.77 99.77
■ 5 97.77 97.87 100 100 99.62 98.78 100
■ 5 69.98 83.80 85.20 92.28 83.86 84.67 88.28
■ 5 99.50 96.23 99.29 96.91 99.11 99.16 98.55
■ 5 76.99 81.78 91.59 90.86 80.24 93.29 96.76
■ 5 75.97 86.12 95.03 85.38 70.53 76.03 94.40
■ 5 97.63 98.24 93.74 99.69 88.91 99.58 99.12
■ 5 54.52 88.29 91.44 96.84 98.71 97.09 99.56
■ 5 69.12 91.47 100 95.52 98.02 90.20 97.79
■ 5 64.90 85.63 64.60 75.91 65.14 66.05 75.17
■ 5 85.95 60.49 97.47 100 97.97 97.31 100

OA 83.07 89.40 87.19 90.50 86.83 89.20 93.11
AA 84.43 89.89 91.71 93.47 89.33 92.13 96.13
Kappa 81.14 88.26 85.80 90.89 85.40 88.02 92.34
Size (KB) - 4,240 1,475 770 27,908 53,015 195
NOP (K) - 1,064 310 162 7,129 13,564 41
FLOPs (M) - 29.57 161.21 7.38 582.76 124.08 6.34
Train (s) 2.28 34.56 219.72 64.83 492.35 150.01 58.27
Test (s) 5.33 5.68 23.40 22.52 82.54 57.43 19.95
SVM = support vector machine; CDCNN = contextual deep convolutional neural network; 
SSRN = spectral-spatial residual network; LMAFN = lightweight multi-attention fusion 
network; SF = SpectralFormer; SS-MLP = spectral-spatial multilayer perceptrons; OA = 
overall accuracy; AA = average accuracy; NOP = number of parameters; FLOPs = floating-
point operations per second.
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information that is conducive to classification. Therefore, the 
proposed method avoids the knowledge degradation caused by 
blindly reducing parameters and enhances the performance of clas-
sification. Compared with other deep learning models, our model 
has the lowest memory consumption, number of parameters, and 
computational complexity, so it is friendly to embedded systems.

The visual comparison of classification maps of seven methods is 
shown in Figures 8–10. As we expected, the classification maps pre-
dicted by svm on the three data sets contain the most noise because the 
traditional methods are difficult to extract more discriminant features. 
Focusing on the ip data set, the high similarity and significant class im-
balance between classes bring challenges to classification. Nevertheless, 
compared with other comparison methods, the classification maps gen-
erated by the proposed method have the least noise and are most consis-
tent with the ground-truth map. For sv and xz data sets, the classifica-
tion results have been significantly improved compared with the ip data 
set due to sufficient samples of each category and more regular land 
cover. These results further prove that, compared with other classifica-
tion methods, our method can achieve more satisfactory results even in 
the case of small training samples. In addition, it has fewer parameters, 
lower computational complexity, and less memory consumption.

Discussion
In this section, we investigate the proposed method in three aspects: 
First, an ablation study verifies the effectiveness of the merge attention 

mechanism, the dense connection structure, and the con-
ditional convolution. Second, we evaluate the impact of 
different numbers of convolution kernels in dw convolution 
on classification performance. Third, we evaluate the clas-
sification performance of different methods in the different 
numbers of training samples.

Ablation Study
We conduct an ablation study by removing different compo-
nents to understand the contribution of different components 
in the proposed model.

Effectiveness analysis of the merge attention mechanism: 
In the proposed model, the merge attention mechanism can 
adaptively focus on sensitive locations and spectral informa-
tion that is conducive to classification and boost the perfor-
mance of the model. To evaluate the effectiveness of the pro-
posed attention mechanism, we remove it and check how the 
oa, aa, and Kappa change. Specifically, we remove the merge 
attention mechanism from each dws conditional convolution 
unit. In dws conditional convolution, the output features of 
multiple convolution kernels are no longer enhanced by the 
merge attention mechanism, but directly perform the element-
wise sum operation as the final output. As can be seen from 
Table 7, the oa, aa, and Kappa of the model with the merge 
attention mechanism are higher than those of the model 
without the merge attention mechanism on the three data sets. 
This experiment proves the advantages of the merge attention 
mechanism.

Effectiveness analysis of the dense connection struc-
ture: to optimize the transmission and reuse of features, the proposed 
two-branch model adopts a dense connection structure. Therefore, we 
compare the performance by removing dense connections from the 
model to prove the effectiveness of the structure. As can be seen from 
Table 8, when the dense connection is removed, the oa, aa, and Kappa 
of the model are reduced. It can be concluded that dense connections 
can improve classification performance.

Effectiveness analysis of the conditional convolution: we further 
evaluate the effectiveness of the conditional convolution to improve 
the performance of the model. The benchmark model is the whole 
model proposed, while the comparison model is the version after 
removing the conditional convolution from the benchmark model. 
Therefore, the comparison model can be regarded as a pure dws 3D 
convolution model. The experiment was conducted on ip, sv, and xz 
data sets. In addition, five samples are selected for each class in the 
data set to train the model, and the remaining samples are used for test-
ing the model. Table 9 reports the classification results of the experi-
ment. It can be observed that the simple use of pure dws 3D convolu-
tion reduces the parameters of the model but leads to obvious model 
degradation. Therefore, on the hsi data set lacking training samples, the 
classification performance has been significantly affected. In addition, 
compared with the pure DSW convolution model, conditional convolu-
tion significantly improves the performance of the model.

Table 6. Classification results on Xu Zhou (xz) data set (five labeled samples per class).

Color Train SVM CDCNN SSRN LMAFN SF
SS-

MLP Proposed
■ 5 78.69 99.42 96.09 97.49 96.95 98.47 99.92
■ 5 99.11 76.45 100 96.52 89.38 95.01 100
■ 5 67.36 84.56 48.41 91.78 91.43 85.30 98.14
■ 5 97.65 74.04 99.55 90.09 92.27 86.46 95.39
■ 5 59.82 94.20 97.95 89.33 93.15 92.60 93.23
■ 5 26.17 64.74 66.94 96.55 41.93 85.20 79.00
■ 5 21.43 69.57 73.31 82.73 92.83 78.38 76.83
■ 5 95.08 83.84 93.68 93.21 96.39 96.41 97.86
■ 5 63.72 88.65 84.19 84.89 77.60 68.34 82.30
OA 77.00 86.82 87.93 92.55 88.85 90.86 94.93
AA 73.34 81.72 84.50 91.73 86.10 87.35 94.13
Kappa 71.70 83.60 84.81 90.59 87.17 88.52 93.63
Size (KB) - 8,296 2,866 1,249 28,020 57,177 247
NOP (K) - 2,120 726 346 7,158 14,630 53
FLOPs (M) - 64.21 347.05 15.78 585.17 133.69 13.67
Train (s) 2.86 39.62 259.20 76.10 525.30 163.58 69.16
Test (s) 6.51 18.75 62.09 60.57 93.74 65.08 57.40
SVM = support vector machine; CDCNN = contextual deep convolutional neural network; 
SSRN = spectral-spatial residual network; LMAFN = lightweight multi-attention fusion 
network; SF = SpectralFormer; SS-MLP = spectral-spatial multilayer perceptrons; OA = 
overall accuracy; AA = average accuracy; NOP = number of parameters; FLOPs = floating-
point operations per second.

Table 9. Ablation study of the conditional 
convolution on the three data sets.

Data Set
Conditional 
Convolution OA AA Kappa

IP
√ 79.34 76.98 76.50

— 77.16 74.88 74.69

SV
√ 93.11 96.13 92.34

— 91.27 94.36 90.52

XZ
√ 94.93 94.13 93.63

— 92.22 91.30 91.29

OA = overall accuracy; AA = average accuracy; IP = 
Indian Pines; SV = Salinas Valley; XZ = Xu Zhou.

Table 7. Ablation study of the merge 
attention mechanism on the three data sets.
Data Set Merge AM OA AA Kappa

IP
√ 79.34 76.98 76.50

— 77.87 75.46 75.61

SV
√ 93.11 96.13 92.34

— 91.75 94.82 91.05

XZ
√ 94.93 94.13 93.63

— 92.67 91.88 91.85

AM = attention mechanism; OA = overall 
accuracy; AA = average accuracy; IP = Indian 
Pines; SV = Salinas Valley; XZ = Xu Zhou.

Table 8. Ablation study of the dense 
connection on the three data sets.

Data Set
Dense 

Connection OA AA Kappa

IP
√ 79.34 76.98 76.50

— 78.27 75.70 75.35

SV
√ 93.11 96.13 92.34

— 92.32 94.88 91.40

XZ
√ 94.93 94.13 93.63

— 93.83 93.22 92.76

OA = overall accuracy; AA = average accuracy; IP = 
Indian Pines; SV = Salinas Valley; XZ = Xu Zhou.
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Figure 8. Classification maps on the Indian Pines (ip) data set: (a) ground-truth, (b) support vector machine (svm), (c) contextual deep 
convolutional neural network (cdcnn), (d) spectral-spatial residual network (ssrn), (e) lightweight multi-attention fusion network (lmafn), (f) 
SpectralFormer (sf), (g) spectral-spatial multilayer perceptrons (ss-mlp), and (h) Proposed.

(a) (b) (c) (d) (e) (f) (g) (h)

Figure 9. Classification maps on the Salinas Valley (sv) data set: (a) ground-truth, (b) support vector machine (svm), (c) contextual deep 
convolutional neural network (cdcnn), (d) spectral-spatial residual network (ssrn), (e) lightweight multi-attention fusion network (lmafn), (f) 
vision transformers (vit), (g) spectral-spatial multilayer perceptrons (ss-mlp), and (h) Proposed.

(a) (b) (c) (d) (e) (f) (g) (h)

Figure 10. Classification maps on the Xu Zhou (xz) data set: (a) ground-truth, (b) support vector machine (svm), (c) contextual deep 
convolutional neural network (cdcnn), (d) spectral-spatial residual network (ssrn), (e) lightweight multi-attention fusion network (lmafn), (f) 
SpectralFormer (sf), (g) spectral-spatial multilayer perceptrons (ss-mlp), and (h) Proposed.
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Investigation of the Number of Convolution Kernels
In this paper, dws conditional convolution is used to replace the stan-
dard convolution to improve the spatial and spectral feature extraction 
ability of the model. Therefore, this section discusses the impact of the 
number of convolution kernels used in dws conditional convolution 
on classification accuracy. Specifically, 1, 2, 4, 8, and 16 convolution 
kernels are set for experiments. Figure 11 shows the oa values of the 
different numbers of convolution kernels on ip, sv, and xz data sets. 
Each class randomly selects five labeled samples as the training set, five 
labeled samples as the validation set, and the rest as the test set. In ad-
dition, Table 10 reports the number of parameters of different numbers 
of convolution kernels on the three data sets. In general, the more con-
volution kernels used in dws conditional convolution, the higher the oa 
value can be obtained. However, with limited training samples, the in-
crease of oa value slows down when the number of convolution kernels 
reaches 4. To obtain the best performance and efficiency, the number of 
convolution kernels used in dws conditional convolution is 4.

Investigation of the Number of Training Samples
Because deep learning is a data-driven algorithm, to explore the 
sensitivity of the model to the number of training samples, we used 
different numbers of training samples to conduct experiments on ip, sv, 
and xz data sets. Specifically, in each category, 5, 10, and 15 samples 
are chosen to train the model. Figure 12 shows the impact of different 
numbers of training samples on classification results in three data sets. 
In our expectation, more training samples can significantly improve the 

classification accuracy of the model. In addition, compared with svm, 
the classification method based on deep learning can get more benefits 
from increasing training samples. Our method has strong robustness and 
can get satisfactory results under a different number of training samples.

Conclusions
Recently, in mobile and embedded systems, real-time hsi classification 
methods must show good performance in terms of classification accura-
cy, training set size, model efficiency, and memory consumption. To this 
end, we build a new extremely lightweight and computational efficiency 
3D cnn for hsi classification. Specifically, the proposed model adopts a 
shallow dual branch and dense connection structure to effectively over-
come the model degradation caused by the deep network. Meanwhile, 
the dws conditional convolution module is carefully designed to ensure 
the discriminative ability of the extracted features without too many 
parameters and computational burdens. Furthermore, the merge atten-
tion mechanism can adaptively focus on important information that is 
conducive to classification, thus further improving the performance of 
the model. We conducted experiments on three benchmark hsi data sets. 
The experimental results show that our model achieves higher execu-
tion speed and better classification performance compared with several 
state-of-the-art hsi classification models, highlighting the effectiveness 
of the proposed model in reducing computing and memory costs.
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Ushering a New Era of Hyperspectral Remote Sensing to Advance 

Remote Sensing Science in the Twenty-first Century
Great advances are taking place in remote sensing with the 
advent of new generation of hyperspectral sensors. These 
include data from, already in orbit sensors such as: 1. Germa-
ny’s Deutsches Zentrum fur Luftund Raumfahrt (DLR’s) Earth 
Sensing Imaging Spectrometer (DESIS) sensor onboard the 
International Space Station (ISS), 2. Italian Space Agency’s 
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Multi-Level Perceptual Network for  
Urban Building Extraction from  

High-Resolution Remote Sensing Images
Yueming Sun, Jinlong Chen, Xiao Huang, and Hongsheng Zhang

Abstract
Building extraction from high-resolution remote sensing images bene-
fits various practical applications. However, automation of this process 
is challenging due to the variety of building surface coverings, com-
plex spatial layouts, different types of structures, and tree occlusion. 
In this study, we propose a multilayer perception network for building 
extraction from high-resolution remote sensing images. By construct-
ing parallel networks at different levels, the proposed network retains 
spatial information of varying feature resolutions and uses the parsing 
module to perceive the prominent features of buildings, thus enhanc-
ing the model’s parsing ability to target scale changes and complex 
urban scenes. Further, a structure-guided loss function is constructed 
to optimize building extraction edges. Experiments on multi-source 
remote sensing data sets show that our proposed multi-level perception 
network presents a superior performance in building extraction tasks.

Introduction
Urban buildings are an essential element in urban environments and 
serve as an important indicator of the state and scope of urban develop-
ment. A city building map depicts the distribution, shape, and size 
of city structures (Zhou et al. 2021), which plays a significant role 
in a variety of city projects (Wang et al. 2022). With the continuous 
development of remote sensing science and technology, the resolu-
tion of remote sensing images has been continuously improved (Shao 
et al. 2021). As high-resolution remote sensing images contain rich 
ground object information such as color, spectrum, texture, shape, and 
context (Guo et al. 2021), they have become an important data source 
for urban building extraction. The extraction of urban buildings from 
high-resolution satellite images benefits a variety of fields and tasks, 
including detecting urban changes, analyzing land use, inspecting and 
remediating housing safety problems, drawing and updating maps, ur-
ban digital three-dimensional modeling, urban planning and construc-
tion, to list a few (Alshehhi et al. 2017; Zhu et al. 2021).

In recent years, with the rapid advancement of deep learning, auto-
mated building extraction from high-resolution remote sensing images 
has become a common practice (Cheng and Han 2016; Luo et al. 2021; 
Shen et al. 2022). Convolutional neural networks (CNN)-based deep 
learning models are widely used in natural image categorization, object 
identification, and semantic segmentation (Ma et al. 2019). The superior 
performance of CNNs has been demonstrated in automated building 

extraction from high-resolution remote sensing images (Guo et al. 2021; 
Liu et al. 2018). However, CNN retains many notable issues, such as lim-
ited perceptual area, erroneous edge segmentation, and spatial informa-
tion loss (Zhu et al. 2021). Following its proposal in 2017 (Shelhamer 
et al. 2017), the fully convolutional network (FCN) has achieved great 
success in semantic segmentation (Sun et al. 2022; Zhuang et al. 
2019). Marcos et al. (2018) propose Rotation Equivariant Vector Field 
Network (RotEgNet) to encode rotation equivariance in the network it-
self. Rotation equivariance reduces the model size and runtime memory 
requirements while keeping most of the orientation information. 

It is important to apply deep learning well to building extraction 
from high-resolution remote sensing images. Shao et al. (2020) pro-
posed the Building Residual Refinement Network (BRRNet), which con-
sists of two parts: a prediction module and a residual refinement module. 
The prediction module is based on an encoder-decoder structure that 
introduces unordered convolutions with different expansion rates to 
extract more global features. The residual refinement module refines the 
residuals between the results of the prediction module and the actual 
results in one step, thus improving the accuracy of building extraction. 

DR-Net uses deeplabv3+ encoder/decoder backbone, combined 
with densely connected convolutional neural network and residual net-
work structure to greatly reduce the number of parameters in the build-
ing extraction model (Chen et al. 2018; Yang et al. 2020). Combine 
a grid-based attention gate and a trackless spatial pyramidal pooling 
module on top of the encoder-decoder architecture to capture and 
restore building features progressively and efficiently to distinguish 
buildings from their complex surroundings (Deng et al. 2021). 

PolygonCNN first performs coarse segmentation to extract the ini-
tial building outline (Chen et al. 2020), then uses a modified PointNet 
to learn the shape prior and predicts the deformation of polygon ver-
tices to generate fine-grained building vector results. Xu et al. (2022) 
proposed a gated spatial memory module (GSM) and a centroid-aware 
head (CH). The GSM transmits semantic information from top down to 
enhance important features and complement missing information. The 
CH is used to regress the geometric center of each building to facilitate 
complete recognition of irregularly shaped buildings. To enhance the 
boundary extraction of buildings, holistic nested edge detection is used 
to first extract edge features at the encoder, and then in the boundary 
enhancement module, the extracted edges and segmentation masks are 
combined to share mutual information (Jung et al. 2022). 

CFENet uses the spatial fusion module, the focus enhancement 
module, and the feature decoder module to perform level-by-level 
refinement extraction of buildings (Chen et al. 2022). A coarse-to-fine 
boundary refinement network is proposed to extract buildings from 
remote sensing images accurately (Guo et al. 2022). The result of 
refinement is used as a pseudo-label in the self-supervised process, 
which increases the robustness of the model against noisy labels or 
obstacles. Kokila and Jayachandran (2023) proposed a convolutional 
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neural network input layer, three hidden layers, and shifted variation of 
output layer for accurate detection of buildings from satellite images.

Although the above methods can extract buildings from high-reso-
lution images effectively, issues remain for existing deep learning tech-
niques. In high-resolution remote sensing images, buildings have very 
complex features with diverse sizes and shapes. The traditional fully 
convolutional neural networks have a short apparent field of vision and 
is often insufficient to encompass massive structures and the surround-
ing background, leading to its poor performance in building extraction 
(Huang et al. 2019). The capability of FCN in extracting building edges 
is relatively poor when dealing with buildings with complicated edges. 
Furthermore, current high-resolution remote sensing picture building 
extraction algorithms suffer from issues such as building shadows, 
tree occlusions, and incomplete building extraction (Xu et al. 2018). 
In urban areas with complex scenes, there exist many different types 
of building surface coatings, complicated spatial layouts, and various 
building shapes and structures. These factors bring great challenges 
to the automatic extraction of buildings from high-resolution remote 
sensing images (Huang et al. 2019).

In this study, we propose a multi-layer perceptual network-based 
method for building extraction from high-resolution remote sensing 
images, aiming to mitigate some of the issues of existing methods, 
such as differences in building scale, occlusion by trees and shadows, 
and low accuracy of building edge extraction, and to better parse com-
plex visual environment scenes. The main contributions of this work 
include: 1) a multi-layer perception network for building extraction 
from high-resolution remote sensing images. The purpose is to obtain 
rich, multi-scale features and perceive the outstanding characteristics 
of buildings, thereby enhancing the model’s ability to analyze building 
scale changes and complex urban scenes in high-resolution remote 
sensing images. 2) We apply the attention mechanism to the network, 
aiming to construct a parsing module to enhance the connection of pix-
els inside buildings and an understanding of their surroundings in the 
channel and spatial dimensions. As a result, the robustness of building 
feature extraction under complex backgrounds, shadows, and tree oc-
clusions is improved. 3) We construct a structure-guided loss function 
to solve the problem of sample imbalance in the building extraction 
task, where a higher weight is given to the fuzzy boundary to optimize 
the edge of building extraction.

The remainder of this article is structured as follows. The section 
“Related Work” presents relevant studies on building extraction using 
deep learning. The section “Multi-Level Perception Network” explains 
the proposed multi-layer perceptron network. The “Experimental 
Results” section describes the experiments and findings. The last sec-
tion concludes this study.

Related Work
This section compares deep learning-based building extraction ap-
proaches to classic high-scoring image building extraction methods 
and provides an overview of relevant work on building extraction from 
high-resolution remote sensing images.

Methods for automatically extracting buildings from remote 
sensing images can be categorized into two groups, i.e., traditional 
algorithms and deep learning-based techniques (Huang et al. 2016). 
Traditional algorithms are approaches based on artificially designed 
features, such as building colors, forms, and textures (Shao et al. 
2020; Zhou and Zhou 2014), which mostly rely on human observation, 
comprehension, and induction of building attributes (Deng et al. 2021). 
Traditional algorithms can be classified into three types, i.e., edge and 
vertex detection methods (Sirmacek and Unsalan 2009), region seg-
mentation methods (Lee et al. 2003), and multi-source data fusion ap-
proaches (Haala and Brenner 1999). However, the extraction results of 
traditional algorithms often have insufficient accuracy, missing edges, 
fail to solve the problem of building scale disparities, and fail to match 
the demands of actual scenes (Liu et al. 2022). In comparison, deep 
learning approaches are characterized by their high extraction accu-
racy, quick extraction speed, low operating cost, and great repeatability 

over traditional approaches that rely on artificially constructed features 
(Gong et al. 2020).

Alshehhi et al. (2017) proposed a single, patch-based Convolutional 
Neural Network (CNN) architecture for the extraction of roads and 
buildings from high-resolution remote sensing data. Liu et al. (2018) 
proposed a multi-level learning framework for building detection from 
remote sensing images based on CNNs, which can extract the features 
of buildings at different scales and spatial resolutions. Li et al. (2019) 
proposed a U-Net-based semantic segmentation method for the extrac-
tion of building from high-resolution, multispectral satellite images. 
Guo et al. (2021) proposed a new arrangement of a deep learning 
network named multi-task parallel attention network (MTPA-Net) that 
considers the scene prior. Hu et al. (2021) proposed a novel method 
called Deep Automatic Building Extraction Network (DABE-Net) for 
automatic building extraction from remote sensing images. Wang et 
al. (2022) proposed an urban building extraction method based on a 
multi-scale recurrent conditional generative adversarial network (MSR-
cGAN). The extraction accuracy and efficiency of the model have been 
greatly improved via deep learning, as the area, distribution, number, 
and position information of building objects can be acquired in a rapid 
and effective manner.

Multi-Level Perception Network
In this section, we describe the multi-level perception network’s funda-
mental structure and present the key network components, such as the 
feature extraction module, feature fusion module, and parser module, 
respectively.

CNN-extracted shallow features are often rich with detailed infor-
mation, while deep features are rich with semantic information. The 
traditional building extraction network faces information loss issues 
due to the multiple pooling process. In this article, we use multi-level 
network parallelism and feature fusion to connect high-resolution and 
low-resolution image features, as well as parsing modules, to build a 
multi-level perception network that effectively improves the extraction 
accuracy of building information. On one hand, the multi-level parallel 
structure can simultaneously integrate and interact with multi-level 
feature information to obtain multi-scale feature perception fields and 
better capture buildings of various scales, while also effectively retain-
ing the feature information of different resolutions and minimizing 
the loss of spatial information. On the other hand, the parser module 
uses spatial attention to direct the network’s attention to pixels that 
correspond to buildings, with channel attention benefiting the discrimi-
nation among pixel categories. In this manner, the proposed network is 
able to suppress non-building information, while giving more weight 
to building information.

The network structure proposed in this study is shown in Figure 1. 
After the original image enters the network, 3 × 3 convolution down-
sampling with a stride of 2 is used to reduce the size of the feature 
map, leading to reduced computational demand. Then, we use four 
bottleneck blocks or basic blocks for feature extraction. After each set 
of features is extracted, the feature fusion module is used to gener-
ate and interact with high- and low-resolution features. A total of four 
levels are generated, that is, four features with different resolutions, 
and each level mains an unchanged feature resolution, i.e., the length 
and width of the feature map are constant. 

Further, we input the feature map of the deeper level into the pars-
ing module, restore the scale of the feature information, and continu-
ously upsample the feature map of other levels to the feature map size 
of the first level. Finally, the feature maps of the four levels are merged 
and upsampled to the original image size, and the final building predic-
tion map is generated via the softmax function.

Feature Extraction Module
This study is inspired by the residual connection design in the ResNet 
network module (He et al. 2016). The bottleneck module first reduces 
the dimension of the feature image through 1 × 1 convolution and 
then performs a 3 × 3 convolution operation. Then, the dimension is 
restored by 1 × 1 convolution, followed by batch normalization and 
ReLU layers, with a residual connection to the input. The basic module 
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contains two 3 × 3 convolution operations and one residual connection, 
as shown in Figure 2.

 Feature Fusion Module
The feature fusion module constructed in this paper is shown in Figure 
3, which is used to strengthen the combination and use of deep and 
shallow features between different layers of networks. For each level 
of the feature fusion module, we keep the feature map obtained by this 
level of feature extraction unchanged. For the feature maps obtained 
from other levels of feature extraction, the low-resolution feature map 
is passed through a 1 × 1 convolution to keep the number of chan-
nels in the same dimension as the feature map of this level. Then, the 
low-resolution feature map is changed to the same size as the feature 
map of this level using upsampling interpolation. The high-resolution 
feature map is passed through a convolution kernel of size 3 × 3 with 
a step size of 2. The convolution with the same number of channels as 
the feature map of this level is down-sampled to the size of the feature 
map of this level. Further, the channels of the feature maps at each 
level are superimposed to achieve feature fusion.

Parser Module
The parsing module constructed in this paper is shown in Figure 4. 
The parsing module recalibrates the input features in both spatial and 
channel dimensions, allowing the network to learn more meaningful 
feature maps.

We set U = [u1,1, u1,2, ui,j, …, uH,W] as input feature, where ui,j∈R1×1×C 
represents the channel characteristics of each spatial location, i∈{1, 
2, …, H}, j∈{1, 2, …, W}. H, W, and C are the height, width, and 
number of input channels, respectively. In the spatial attention cell, 
the input features are first convolved by a 1 × 1 kernel to produce their 
two-dimensional spatial attention maps q(q∈RH×W). We activate the ob-
tained q by the sigmoid function σ. The obtained spatial weight values 
set more attention to the building-related spatial locations to obtain the 
calibrated spatial feature map Û.

 	 Û = [σ(q1,1)u1,1, …, σ(qi,j)ui,j, …, σ(qH,W)uH,W]	 (1)

In the channel attention cell, each channel of the spatial feature map 
is weighted to indicate the correlation between the channel and the key 
information. Global average pooling is used to generate the channel 
global feature S vectors, S∈R1×1×C,

	 	
(2)

Then a bottleneck structure with two fully connected (FC) lay-
ers used, where the first FC layer is dimensionally reduced and the 
second FC layer restores the original dimensionality. Then, the channel 
weights are obtained via the sigmoid layer,

 	 Ŝ = σ(W2(ζ (W1S)))	 (3)

where ζ denotes the ReLU activation function, W1∈RC×  and W2∈R ×C 
represent the FC layers, and σ denotes the sigmoid activation function. 
The obtained channel weights recalibrate the feature map Ü:

 	 Ü = [ŝ1û1, ŝiûi,…, ŝC ûC]	 (4)

Figure 1. The diagram of the proposed multi-level perception network structure.

Figure 2. The feature extraction module of the proposed multi-level 
perception network.

Figure 3. The feature fusion module of the proposed multi-level 
perception network.
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Loss Function
The focus loss function introduces a focus parameter γ for constructing 
the modulation coefficient (1 – gi)γ, where γ≥0. The modulation factors 
allow the model to focus more on a smaller number of categories (Lin 
et al. 2017). Multi-scale structural similarity (MS-SSIM) is a measure of 
the similarity of two images (Wang et al. 2004, 2003). MS-SSIM takes 
into account the local domain of pixels and assigns a higher weight 
to the boundary, even if the predicted probability on the boundary is 
the same as the rest of the foreground, with the loss near the bound-
ary relatively higher. Therefore, in order to get higher quality area 
segmentation effect and clearer boundary, we construct a hybrid loss 
function for building extraction, aiming to obtain clear boundaries of 
multi-scale targets and address the imbalance issue in building and 
background information.

	 	
(5)

	 	
(6)

	 Lbuilding = Lfl + Lms-ssim	 (7)

where p is the sample and g is the network output label. μp, μg and σp, 
σg  are the mean and variance of p and g. σpg represents their covari-
ance. βm and γm define the relative importance of the two components 
in each scale. m stands for different scales and is five in total. β1 = γ1 
= 0.0448, β2 = γ2 = 0.2856, β3 = γ3 = 0.3001, β4 = γ4 = 0.2363, β5 = γ5 = 
0.1333. C1 = 0.012  and C2 = 0.032 aim to avoid zero division.

Experimental Results
In order to evaluate the performance of the proposed network in 
the building extraction task, experimental analysis is performed in 
this section. The next section, “Training and Testing” introduces the 
data set used for the experiments. The section “Evaluation” presents 
the objective metrics used to evaluate the experimental results. The 
“Implementation” section shows the results of the comparative experi-
ments of the proposed method on the Fujian building intelligence cen-
sus data set, and evaluates the results qualitatively and quantitatively. 
The section “Generalization” shows the results of the proposed method 
on the Quanzhou high-resolution building data set. It fully illustrates 
the superiority and generalizability of multi-level perceptual network 
in the extraction of buildings from high resolution remote sensing 
images.

Training and Testing
To test the effectiveness of the multi-level perception network, we use 
a publicly available Fujian building intelligence census data set (Fujian 
building intelligence census (Fbic) data set: https://tianchi.aliyun.com/
competition/entrance/231767/information). The Fbic data set contains 
0.8 m resolution Gaofen-2 satellite images from eight representative 
experimental areas, each covering an area of about 12 square kilome-
ters. We randomly crop a total of 10 000 small patches (512 × 512) 
from the data set without overlapping, of which 8000 are used as the 
training set, 1000 as the validation set, and 1000 as the test set. Some 
examples of this data set are presented in Figure 5.

In addition, in order to verify the reliability and generalization of 
the model, we construct a Quanzhou high-resolution building data set 
(Quanzhou high-resolution building (Qhrb) data set) with high-view 
satellite remote sensing images of a resolution of 0.5 m. We select 
high-resolution remote sensing images that cover cities, towns, and 
rural areas and label them manually by drawing vectors of building 
rooftop outlines. The data set includes a total of 1494 high-resolution 
remote sensing images with a size of 512 × 512 pixels, covering 
buildings with different structures, roofing forms, and materials. Some 
examples in the Qhrb data set are presented in Figure 6.

Evaluation
We apply pixel-level evaluation metrics that include Intersection over 
Union (IoU), F1 score, mean Intersection over Union (MIoU), and mean 
Pixel Accuracy (MPA).

IoU refers to the ratio of the intersection and union of the prediction 
result of a certain category and the true value of the model:

	 	
(8)

where TP means true positive, FP means false positive, FN means false 
negative.

The F1 score is equivalent to the harmonic mean of the precision 
and recall, with 1 being the best value and 0 being the worst:

	 	
(9)

	 	
(10)

	 	
(11)

Figure 4. The parsing module of the proposed multi-level perception network.
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MIoU refers to the ratio of the intersection and union of the result of 
the model’s prediction for each category and the true value. The calcu-
lation formula of the summed and averaged results is as follows:

	 	
(12)

where i represents the true value, j represents the predicted value, and 
pij represents the prediction of i as j.

MPA refers to the average pixel accuracy of the category:

	 	
(13)

where Pi is the pixel accuracy of each category and N is the number of 
categories.

Implementation
We implement our model in Tensorflow. All experiments run on a desk-
top computer with two CPUs, 64 GB of memory, and four NVIDIA Quadro 
K620 GPUs under the Ubuntu 16.04 OS. The model uses the Adam opti-
mizer for gradient descent. The learning rate reduces to half, if the loss 
of the validation set fails to drop in three epochs. We set the batch size 
to 16, the initial learning rate to 1e-4, and the total epoch to 300.

In the same training environment, we conduct a comparative 
analysis with three widely used deep learning models, i.e., U-Net 
(Ronneberger et al. 2015), Pspnet (Zhao et al. 2017), and Deeplabv3+ 
(Chen et al. 2018). Table 1 shows comparative test results of the 

Figure 5. Examples of Fujian building intelligence census (Fbic) data set.

Figure 6. Examples of the Quanzhou high-resolution building (Qhrb) data set.
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proposed model again the other three competing methods. It can be 
seen that the overall extraction accuracy of our proposed method is 
better than that of U-Net, Pspnet, and Deeplabv3+. For the IOU, our 
method achieves 92.44% and 98.98% accuracy in building extrac-
tion and background identification, respectively, 8.29% and 1.18% 
higher than the second-best performing U-Net network. For F1, our 
method achieves 96.07% and 99.48% accuracy in building extraction 
and background identification, respectively, 4.68% and 0.59% higher 
than the second-best performing U-Net. The accuracy of our method 
reaches 95.71% and 97.64% in MIoU and MPA metrics, respectively, 
4.73% and 2.86% higher than the second-best performing U-Net. The 
above results suggest that our proposed method is very effective in 
extracting buildings from high-resolution remote sensing images.

Selected building extraction results on the Fbic data set using 
U-Net, Pspnet, Deeplabv3+, and the proposed method are shown in 
Figure 7. As shown in Figure 7a, we notice that U-Net, Pspnet, and 
Deeplabv3+ have notable insufficiency identified building extrac-
tion results. Compared with other methods, the red part represent-
ing underclassification and the blue part representing misclassifica-
tion are much less in the extraction results of our method, which 
fully demonstrates that the buildings extracted by our method are 
more accurate. The highlighted yellow boxes suggest regions where 
our method outperforms other competing methods, as it demon-
strates the completeness of building details. As shown in Figures 7b 
and 7c, we notice that U-Net, Pspnet, and Deeplabv3+ fail to iden-
tify small building targets in complex backgrounds, as they have 
insufficient background analysis for dense building areas. In com-
parison, our method outperforms the other three methods in both 

complex background parsing and small object recognition. As shown 
in Figure 7d, for the scale change problem of automatic building ex-
traction from high-resolution remote sensing images, our method also 
achieves satisfactory performance in large-scale target recognition and 
building boundary extraction. As shown in Figure 7e, the other three 
methods are prone to the problem of blurred boundaries when dealing 
with irregular targets. However, the proposed model outperforms the 
competing models in terms of identifying irregular objects. The above 
quantitative and qualitative evidence demonstrates the superiority of 
our proposed model well in extracting buildings.

Generalization
Generalizability refers to the ability of a model to be trained to apply to 
new data and make accurate predictions (Ji et al. 2019). In this study, the 
generalizability of the multi-level perception network is verified using 
the Qhrb data set with a higher spatial resolution. The validation results 

Table 1. Comparison of building extraction accuracy between our method 
and U-Net, Pspnet, and Deeplabv3+ deep learning network models.

Methods
IoU (%) F1 (%) MIoU 

(%)
MPA 
(%)Building Background Building Background

U-net 84.15 97.8 91.39 98.89 90.98 94.78
Pspnet 77.71 96.78 87.45 98.36 87.24 92.74
Deeplabv3+ 80.59 97.14 89.25 98.55 88.86 93.45
Ours 92.44 98.98 96.07 99.48 95.71 97.64
IoU = Intersection over Union; F1 = F1 score; MIoU = mean Intersection over 
Union; MPA = mean Pixel Accuracy. 

Figure 7. Building extraction results on the Fujian building intelligence census (Fbic) data set with U-Net, Pspnet, Deeplabv3+, and the 
proposed model.
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are shown in Table 2, and selected building extraction results are shown 
in Figure 8. It can be found that the method proposed in this study 
maintains great extraction results in different regions using data sources, 
suggesting its superior generalizability. The test results on the high-view 
satellite image of Quanzhou City suggest that the MIoU reaches 88.47% 
and MPA reaches 97.89%. As can be seen in Figure 8, most of the build-
ings are accurately recognized, with complete edges and satisfactory 
detection for dense small/large buildings and irregular buildings.

Conclusions
In this paper, we propose a multi-layer perception network for building 
extraction from high-resolution remote sensing images, which ef-
fectively improves the accuracy of building extraction. By constructing 
parallel networks at different levels, we extract deep semantic features 
while retaining shallow detail information, at the same time, fusing 
multi-level feature information to obtain multi-scale feature recep-
tive fields. To improve the detection in complex urban environments, 
the analysis module is used to recognize the important features of the 
structure and suppress the importance of irrelevant elements, thus 
improving the performance and adaptability of the model in practical 
applications of large-scale, high-resolution image building extraction 
with complex scenes. Additionally, the concept of multi-scale struc-
tural similarity is introduced to construct a loss function that facilitates 
the generation of clear boundaries. The efficacy and efficiency of the 
suggested strategy for various building extraction tasks in complex 
visual environments are demonstrated by a comparative study using 
multi-source, high-resolution remote sensing image building data sets. 
Compared with other deep learning algorithms, the proposed method 
can effectively solve the problems of large changes in target scale, 
complex building background, severe tree and shadow occlusion, and 
irregular building edge extraction. In future work, we will perform a 
lightweight design of the model and find more suitable attention mod-
ules and multi-scale feature fusion mechanisms.
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Classifying Building Roof Damage Using High 
Resolution Imagery for Disaster Recovery

Elaina Gonsoroski, Yoonjung Ahn, Emily W. Harville, Nathaniel Countess, Maureen Y. Lichtveld,  
Ke Pan, Leslie Beitsch, Samendra P. Sherchan, and Christopher K. Uejio

Abstract
Post-hurricane damage assessments are often costly and time-con-
suming. Remotely sensed data provides a complementary method of 
data collection that can be completed comparatively quickly and at 
relatively low cost. This study focuses on 15 Florida counties im-
pacted by Hurricane Michael (2018), which had category 5 strength 
winds at landfall. The present study evaluates the ability of aerial 
imagery collected to cost-effectively measure blue tarps on buildings 
for disaster impact and recovery. A support vector machine model 
classified blue tarp, and parcels received a damage indicator based 
on the model’s prediction. The model had an overall accuracy of 
85.3% with a sensitivity of 74% and a specificity of 96.7%. The model 
results indicated approximately 7% of all parcels (27 926 residen-
tial and 4431 commercial parcels) in the study area as having blue 
tarp present. The study results may benefit jurisdictions that lacked 
financial resources to conduct on-the-ground damage assessments.

Introduction
In the United States, hurricanes cause substantial economic damage 
and are responsible for nearly 7000 deaths since 1980 (NOAA 2023). 
In response to hurricanes and other disasters, the Federal Emergency 
Management Agency (FEMA) provides aid to qualified communities. 
FEMA’s Public Assistance (PA) Program provides grants to governments 
and nonprofits after disasters to aid community recovery (FEMA 2023). 
The Individual Assistance (IA) Program is meant to supplement indi-
viduals’ insurance, providing funds for basic needs and recovery costs 
(FEMA 2022). IA has been found to be one of the most vital programs 
for recovery in the immediate aftermath of a disaster (Lamba-Nieves 
and Santiago-Bartolomei 2022). In addition, FEMA and the Army Corps 
of Engineers may offer the Blue Roof Operation after a disaster. The 
goal of this collaboration is to install blue tarpaulin (tarp) at no-cost 
on roofs of eligible homes to temporarily prevent further damage 
of homes until permanent repairs can be completed (FEMA 2017). 
While they are meant to be short-term solutions, blue tarps have been 
observed for years after an event (Rowan and Kwiatkowski 2020). 

Although tarps will not be used for severely damaged buildings, the 
presence of blue tarps still gives insight into how much damage com-
munities experienced and how they are recovering (Miller et al. 2013; 
Miura et al. 2020; Naito et al. 2020; Rathfon et al. 2012).

The present study has two main objectives. First, we seek to quantify 
the number of parcels with blue tarp present in counties designated by 
FEMA for individual and public assistance (Area A) versus just public 
assistance (Area B) after Hurricane Michael (October 2018). Unlike 
previous work, the current study seeks to classify damage over a large 
geographical area, including severely and relatively minimally affected 
counties. We investigated whether accurate results could be obtained 
across diverse environments. Blue tarps are an indicator of post-hurri-
cane destruction that are also relatively spectrally distinguishable from 
other infrastructure (Rathfon et al. 2012; Miura et al. 2020). Second, 
while multiple short- and medium-term recovery programs are based on 
county-level damage assessments, few studies have actually quantified 
the number of buildings impacted by severe conditions within all disas-
ter affected counties (Gurley and Masters 2011; Walker 2011; Tomiczek 
et al. 2014). We determined whether there are small pockets of damage 
to households outside of counties eligible for IA. The results of the study 
provide a finer scale to evaluate damage and quantify how many house-
holds may be missed when relying on county-level damage assessments.

High-resolution remotely sensed data is capable of identifying blue 
tarps over the entire affected area. Ground-based damage surveys are 
accurate and reliable but frequently focus on a specific municipality with 
a limited sample size (Gurley and Masters 2011). Furthermore, many 
communities lack the resources needed to even conduct such surveys 
(FEMA 2016). Alternatively, remotely sensed data collection can aid in 
disaster response (e.g., routing relief supplies) and recovery efforts. Such 
data can assess damage over a wide area relatively quickly and cost-ef-
fectively when compared to ground-based surveys (Jiang and Friedland 
2016). For this study, we used high spatial resolution (<0.5 ft2) optical 
imagery to detect blue tarps as indicators of small areas of damage after 
Hurricane Michael. While high-resolution imagery provides superior 
ability to detect small areas of damage, it has drawbacks in terms of the 
data size and expertise needed to use the data (e.g., access and skill to 
use high-performance computing clusters) (Sun et al. 2020).

High-performance computing has contributed to a growing body 
of work using machine learning and deep learning methods to classify 
imagery and study disaster impacts. One such method includes the sup-
port vector machine (SVM) classifier. SVMs have been applied to assess 
disaster damage and recovery with comparable results to deep learning 
methods such as convolutional neural networks (CNNs) (Hasan et al. 
2019). Using SVM, researchers have accurately identified collapsed 
buildings after disasters demonstrating the method’s suitability in urban 
and rural contexts (Moya et al. 2018; Sheykhmousa et al. 2019). CNNs 
have produced highly accurate results, as well detecting different levels 
of damage (none, minor, major, and destroyed) with improvement over 
an SVM in Bay County, Florida and portions of its neighboring counties 
after Hurricane Michael (Berezina and Liu 2022). However, this study 
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chose an SVM over deep learning methods since it is relatively accurate 
with smaller training data and shallow data structures (Wang et al. 
2021). We relied on publicly available optical imagery with only three 
bands to detect blue tarps after Hurricane Michael.

The results of the classification were used to determine whether 
blue tarps were located in counties ineligible for IA. In response to 
environmental disasters such as hurricanes, governors of affected states 
can request a Major Disaster Declaration based on a variety of factors, 
including damage severity and state funds available. If accepted, feder-
al programs including IA, PA, and/or Hazard Mitigation Assistance may 
be available based on the request and preliminary damage assessments 
(FEMA 2022). Recent evidence has shown that certain vulnerable popu-
lations are more likely to be denied aid even if located in an eligible 
area (García 2022; Lamba-Nieves and Santiago-Bartolomei 2022). 
After Hurricane Maria struck Puerto Rico in 2017, large numbers of 
homeowners were denied aid for reasons such as being unable to prove 
homeownership and scheduling inspections (García 2022). In addition, 
areas with higher populations of foreign-born individuals were found 
to have lower damage estimates and therefore less aid (Grube et al. 
2018). However, when looking at social vulnerability factors and dam-
age at the county level, damage severity is still the largest predictor of 
IA aid (Emrich et al. 2022). This is expected and gives credibility to the 
way the program is operating, but county-level assessments still leave 
opportunity for households to be missed.

Methods
Study Area and Event
Hurricane Michael made landfall in Bay County, Florida on October 
10, 2018. The storm contributed to 45 fatalities and over $25 billion 
in damages (NOAA 2023). Power outages spanned six US states and 
included 1.7 million customers (Woodward and Marcy 2018). The 
hurricane was the strongest on record to hit the Florida panhandle 
and, as a result, federal disasters were declared for counties across the 
area. This study covered 15 of those counties located in the Florida 
panhandle: Bay, Calhoun, Franklin, Gadsden, Gulf, Hamilton, Holmes, 
Jackson, Jefferson, Liberty, Madison, Taylor, Wakulla, Walton, and 
Washington. These counties generally had higher rates of poverty 
(12.2–29.9%) and populations without health insurance coverage 
(8.9–18.3%) than national rates (11.8% and 8.8%, respectively). In ad-
dition, these counties had lower rates of employment than the national 
average as well as lower average educational attainment (US Census 
Bureau 2018). For the purpose of quantifying damage at a building 
level, we relied on parcel data. Parcels are legally owned areas of 
land with a defined location, boundary, and a specific type of usage or 
development designation. In total, the data included 461 106 parcels 

located within the study area. Of this total, 101 596 of the parcels were 
commercial, with the remaining 359 510 parcels (78%) classified as 
residential. FEMA designated these 15 counties eligible for assistance 
following Hurricane Michael. The most severely impacted counties 
qualified for IA and PA from FEMA. These included Bay, Calhoun, 
Franklin, Gadsden, Gulf, Holmes, Jackson, Liberty, Taylor, Wakulla, 
and Washington counties. The remaining four counties qualified for PA 
alone (Figure 1) (FEMA 2018).

Data Sources
The post-Hurricane Michael imagery used in this study were sourced 
from aerial photographs taken through the Florida Department of 
Revenue and stored in the Florida Department of Environmental 
Protection’s Land Boundary Information System (LABINS) (LABINS 
2019). The images were captured between December 2018 and 
February 2019, and have 0.5-foot spatial resolution with red, green, 
and blue spectral bands. Each image tile covers one square mile and in 
total the data required 5 terabytes of storage.

Parcel Data
Parcel data were sourced from the University of Florida’s GeoPlan 
Center and contain the Florida Department of Revenue’s tax roll 
information from 2018 (FGDL 2019). In addition to information about 
the property (e.g., year the structure was built, value, use), these data 
contain spatial polygon information. When matched by location in 
a Geographic Information Systems software, these data can be used 
to determine how many households had blue tarps present within the 
study area. These parcel data are publicly available.

Image Classification
The study area includes a variety of landcover types. However, the 
class of interest only included blue tarps to indicate whether a struc-
ture was damaged or not. Therefore, the final classification result 
was obtained through two steps: first, a multi-class classification and 
second, a binary classification distinguishing blue tarps from all other 
classes. The multi-class schema contained seven training classes: Blue 
Tarp, Pool Water, Impervious Surface, Vegetation, Bare Soil, Roof, and 
Large Waterbody. These training classes are created by taking samples 
of pixels belonging to these different classes from different areas in the 
image. Researchers then created a signature file in ESRI ArcMap soft-
ware using these training samples. We manually entered the mean val-
ues from the signature file to train the “Train Support Vector Machine 
(SVM) Classifier” in Python 3 using the scikit-learn package (Pedregosa 
et al. 2011). SVM classifiers distinguish classes by creating a linear hy-
perplane to separate the data. While SVM was originally used for binary 
classifications, the Support Vector Classification tool in scikit-learn 
implements a “one-versus-one” approach for multi-class problems. 
This approach reduces the problem to a collection of binary problems 

Figure 1. Map of the Florida panhandle showing counties that were affected by Hurricane Michael. Federal Emergency Management Agency 
(FEMA) A indicates a county was eligible for both individual and public assistance. FEMA B counties were only eligible for public assistance.
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(Foody et al. 2006). SVM models are commonly applied to classification 
problems and perform relatively well compared to other deep learning 
methods even with limited training samples (Jozdani et al. 2019).

Batch processing tools were required to not only classify the aerial 
photographs (raster tiles), but also to convert the output into vector data 
for intersection with parcel information. A scripted batch code handled 
data classification and processing. The Rasterio package (GitHub 2019) 
read in the imagery as three-dimensional Numpy arrays (Harris et al. 
2020). Each image was flattened to a two-dimensional array and run 
through the SVM classifier. The results were recoded to a binary clas-
sification (tarp or not tarp) and then converted to polygons using the 
Fiona package (GitHub 2019) to compare to the parcel information. We 
separately assessed the accuracy of the 1) multispectral classification 
and 2) multispectral classification with a spatial filter which excluded 
tarp polygons less than 200 square feet to reduce noise in the classifica-
tion. Sensitivity testing filtering smaller polygons (50 and 100 square 
feet) did not reduce the noise while removing areas larger than 200 feet 
resulted in more false negatives and reduced the overall accuracy.

The accuracy assessments were based on a separate validation 
sample of 300 randomly positioned points (150 points per class). The 
points were placed within parcels with a minimum of 328 feet (100 
meters) between points. Each point was manually checked for correct 
classification by looking for the presence or absence of visible blue 
tarps within a parcel in the aerial imagery. Researchers then calculated 
the overall and target class accuracies for the multispectral classifica-
tion and multispectral classification with a spatial filter.

Results
The results of the classification accuracy assessment are reported in a 
confusion matrix (Table 1). The accuracy assessment was conducted 
for both the spatially filtered and unfiltered results. Before the ap-
plication of the spatial filter, the overall accuracy was 78%. The final 
filtered results indicated an overall accuracy of 85.3% with a kappa 
coefficient of approximately 0.71, indicating an improvement over the 
result that was not filtered. The user’s accuracies of the blue tarp class 
and non-tarp class in the filtered result were 95.7% and 78.8%, and 
producer’s accuracies were 74% and 96.7%, respectively. Pools and 
roofs, which were highly reflective, were more commonly confused 
with blue tarp than impervious surfaces, vegetation, or darker roofs. 
The spatial filter by polygon area improved the specificity of the tarp 
classification from 82% to 96.7%.

The presence of any blue tarps indicated whether a parcel had been 
damaged by the hurricane and received a damage designation in the 
classification (Figure 2). Within the study area, blue tarps were located 
in approximately 7% of all parcels (27 926 residential and 4431 com-
mercial). Examining just residential parcels by county, results showed 
Calhoun County had the largest proportion of all parcels with blue 
tarps at approximately 22.6%, followed by Bay County at 20.5% and 
Jackson and Gulf Counties at 16.9% and 13.9%, respectively (Table 
2). In general, the counties in Area B including Hamilton, Jefferson, 
Madison, and Walton had relatively lower percentages of parcels 
(0.3–2.9%) with tarps, which is in agreement with the FEMA aid clas-
sification. These counties were all located farther from the hurricane 
track (Figure 3).

Discussion
Main Findings
The results of this study demonstrated that we could determine 
individual building damage across a large disaster-affected area at rela-
tively low cost and time. Other studies using various methods, includ-
ing CNNs and combinations of remote sensing and survey data, have 
resulted in higher accuracies. However, these studies generally focused 
on a smaller area or on just one or more urban centers (Berezina and 
Liu 2022; Gurley and Masters 2011; Miura et al. 2020; Naito et al. 
2020). However, the present study covered a much wider geographical 
area with more variability in environment (urban versus rural, coastal 

versus inland) and included photographs taken on different days, which 
may result in differences in reflectance of blue tarps. Despite these 
challenges, the SVM model used still resulted in an acceptable accuracy 
(85.3%) when identifying buildings that had blue tarps present on 
their roofs. Common confusion with the blue tarp class included high 
reflectance surfaces (e.g., metal roofs) and pools. Further refinement 
of the model could improve the accuracy and the introduction of other 
machine learning and/or object oriented classification methods may 
allow for detection of damage beyond tarps (Miura et al. 2020).

Filtering polygons by removing those with an area under 200 
square feet did successfully reduce the noise in the model output. 
Researchers compared the accuracy between the spatially filtered 
and unfiltered results using the same methodology. The spatial filter 
improved the overall accuracy by approximately 7% and had a large 
impact on improving the model specificity. Previous studies have used 
object size to reduce classification errors (Jiménez-Jiménez et al. 2020; 
Palmer et al. 2018). Similar to the current study, these studies reduced 

Table 1. Two class accuracy assessment of 300 independent and 
randomly distributed points. The spatially filtered results (bottom) 
show improvement in the overall accuracy and specificity over the 
unfiltered results (top).

Unfiltered

Class Tarp Other Total
User’s 

Accuracy:
Tarp 111 27 138 80.4%

Other 39 123 162 75.9%
Total 150 150 300
Producer’s 
Accuracy: 74% 82% Overall Accuracy: 78%

Spatially Filtered

Class Tarp Other Total
User’s 

Accuracy:
Tarp 111 5 116 95.7%
Other 39 145 184 78.8%
Total 150 150 300
Producer’s 
Accuracy: 74% 96.7% Overall Accuracy: 

85.3%

Table 2. The proportion of residential parcels in each county where 
the model detected blue tarps as a percentage of all residential parcels 
within that county.
County Parcels with Tarps (%)

Area A

Bay 20.5

Calhoun 22.6

Franklin 3.5

Gadsden 7.0

Gulf 13.9

Holmes 4.8

Jackson 16.9

Liberty 9.3

Taylor 1.2

Wakulla 1.1

Washington 7.3

Area B

Hamilton 0.7

Jefferson 0.9

Madison 0.8

Walton 3.5
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Figure 2. The unaltered aerial photograph is shown (top left) followed by the results of the classification overlayed in orange (top right). The 
model classified tarps in all counties which had imagery available and were disaster designated by Federal Emergency Management Agency 
(FEMA) (bottom).

Figure 3. The map shows the percentage of residential parcels with tarps by county with high proportions located in counties nearer to the 
hurricane track.
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noise by eliminating areas too small to be the roof in a primary struc-
ture. The improvement indicates the filter was appropriate for reducing 
the number of false positives in the final model results.

In addition, our results did indicate that some damaged homes were 
located in counties not eligible for individual assistance from FEMA. 
While the proportion was small (0.3–2.9%), the results still suggest 
there are households with damaged structures located in areas ineli-
gible for assistance. To further investigate the pre-hurricane blue tarp 
prevalence, we counted the number of blue tarps present in Bay (FEMA 
A) and Jefferson (FEMA B) counties using data from the National 
Agriculture Imagery Program (NAIP). The NAIP images were collected 
in 2017 for Florida, approximately one year before the hurricane. The 
results showed low percentages of tarp in Bay (0.07%) and Jefferson 
(0.02%) counties, which are significantly less than after the hurricane 
(Bay 20.5% and Jefferson 0.9%). These findings show that while 
there may be blue tarps present before the storm, it is likely most were 
installed post-storm. In addition, the results provide evidence that there 
are areas in FEMA B that sustained damage. Media reports suggest that 
FEMA may be more likely to deny aid requests in rural areas struck by 
local disasters. Yet, aid is approved in statewide disasters, even if the 
damage they cause is less severe (Harris and Eaton 2022). This study 
provides an objective way for FEMA to target IA to sub-county areas 
that suffered infrastructure damage. If there is no state aid available, 
homeowners have few ways to seek financial aid.

Furthermore, there is evidence that communities that were eco-
nomically disadvantaged and/or hosted a higher proportion of people 
of color were more likely to have aid requests rejected, which further 
compounds existing inequalities (Grube et al. 2018; Domingue and 
Emrich 2019). Previous studies have found evidence of pre-storm 
inequalities in that racial/ethnic minorities and populations with lower 
socioeconomic status are more exposed to inland flooding (Collins et 
al. 2019). Furthermore, these same populations are often living in areas 
with more poorly maintained infrastructure, older housing that may be 
built to less stringent building code requirements, and face lengthier re-
covery times (Peacock 2014; Wyczalkowski et al. 2019). Future work 
monitoring damage at the household level may provide further insight 
into inequities in storm damage and recovery and the impacts living in 
more severely damaged areas may have on health (Pan et al. 2021).

Blue tarps are distributed to qualified homeowners to provide 
temporary covering, protecting structures from further damage while 
repairs are being made. While the tarps are only meant to last a few 
months, studies have found the coverings are present from two to three 
months to over two years after a disaster (Rathfon et al. 2012; Rowan 
and Kwiatkowski 2020). There are various reasons why individuals 
are unable to repair their homes within the timeframe blue tarps are 
designed to last and for the most part, the most vulnerable face the 
greatest challenges. For example, although federal aid is available, it 
may be denied for failure to prove home ownership or issues during 
the home inspection process. In addition, even if approved for funds, 
in some cases the monetary amount can be insufficient to repair the 
home (García 2022). Failure to repair or have the home covered in the 
interim can result in further damage to the home (Allen 2007).

The study results have implications for health and indoor environ-
ments and methods can be applied for investigating these environments 
after disasters. Unsafe housing has a number of negative implica-
tions, including towards human health such as exposure to mold, 
mental health impacts, and chemical exposure. Studies conducted 
after Hurricane Katrina have examined the effects of dampness in the 
home on human health. Researchers found respiratory symptoms were 
associated with exposure to water damaged homes during clean-up 
activities in New Orleans following Katrina (Chulada et al. 2012; 
Cummings et al. 2008; Grimsley et al. 2012; Mitchell et al. 2012). 
In addition, flooding from hurricanes and debris removal can expose 
residents to harmful chemicals. After Hurricane Katrina residents were 
concerned about chemical exposures in air, soil, and water (Picou 
2009). Lastly, studies have consistently found worsened mental health 
associated with disasters (Goldmann and Galea 2014). Although 
these health effects are linked to direct exposures such as injury, the 

long-term impacts of the disaster, such as loss of property, can lead 
to high levels of stress. Prolonged stress is associated with some of 
the most common mental health conditions after disasters, including 
posttraumatic stress disorder and major depressive disorder (Foa et al. 
2006; Nillni et al. 2013; North and Baron 2021). Therefore, alleviat-
ing the stress associated with damaged housing has implications for 
improving mental health.

Limitations
This study has some limitations. First, we did not account for blue 
tarps in the entire study area that may have been present before 
Hurricane Michael struck Florida. However, we did provide estimates 
in two counties using NAIP imagery taken before the hurricane. Second, 
the images used to classify blue tarps were taken between two and 
four months after the hurricane made landfall. Some homes may have 
been repaired within this timeframe. In addition, for blue tarps to be 
installed by the Army Corps of Engineers, the roof must have less than 
50% structural damage (FEMA 2017). Therefore, any residences too 
heavily damaged to install blue tarps are not considered through this 
classification. Third, blue tarps not located on roofs (e.g., blue tarps 
used to cover sheds or vehicles) would also be identified by the model. 
These tarps were largely excluded by the spatial filter that removed 
any areas under 200 square feet. Additionally, by limiting the analysis 
to occupied residential parcels, we excluded parcel land use codes 
without homes such as common areas and vacant residential proper-
ties. While we excluded these properties in an effort to limit inclusion 
of non-residences, it is difficult to distinguish multi-building damage 
within a parcel; for instance, if the non-primary structure on the prop-
erty was damaged. Object-based classifiers may improve the accuracy 
of detecting blue tarp and other forms of roof damage.

Lastly, the study results did not include the severity of the damage. 
With building footprint data, it may be possible to provide the propor-
tion of the damage for each structure. However, by relying on blue 
tarp presence alone, it is not possible to assess the severity of damage. 
Instead, blue tarp presence provides a practical assessment of damage 
to help frontline responders direct resources efficiently and effectively. 
Introducing a CNN and additional data (e.g., building footprints) may 
improve the accuracy as well as provide additional information about 
the damage sustained (Berezina and Liu 2022). CNN could also make 
use of spatial information and account for information in nearby pixels 
(Hasan et al. 2019). In addition, using image segmentation methods 
may help to improve the accuracy of the classification particularly 
when using such high-resolution data. Deep learning methods that can 
make use of the rich spatial information in the data may improve the 
accuracy of the model and eliminate some of the class confusion (e.g., 
confusion between blue tarps and pools) (Qi et al. 2020).

Conclusion
This study presents evidence that high resolution imagery provides a 
feasible method to detect post-disaster damage and recovery. Remotely 
sensed imagery has the advantage of being able to cover a wide area 
relatively quickly at relatively low cost compared to ground surveys. 
However, computing abilities and storage may limit the applicability 
of high-resolution data. Spatially filtering the model output improved 
the overall model accuracy and specificity. While this study focused 
on identifying blue tarps in counties affected by Hurricane Michael, 
future studies could expand this methodology to include more frequent 
data collection and deep learning methods to detect roof damage more 
generally and track recovery over time. Detection of damage in areas 
outside of those eligible for individual assistance also has the poten-
tial to provide further evidence of inequitable aid distribution. Safe 
housing is a basic need for disaster survivors and denying or providing 
inadequate aid has long-term implications for community resilience 
and recovery (He et al. 2021; Lichtveld et al. 2020; Shultz and Galea 
2017). Remote sensing provides a means to assess damage quickly and 
monitor recovery in the months after a disaster to understand where 
disaster effects persist.
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ASPRS 
CODE OF ETHICS
Honesty, justice, and courtesy form a moral 
philosophy which associated with mutual interest 
among people should be the principles on which 
ethics are founded.

Each person who is engaged in the use 
development and improvement of the mapping 
sciences (Photogrammetry Remote Sensing 
Geographic Information Systems and related 
disciplines) should accept those principles as a 
set of dynamic guides for conduct and a way of 
life rather than merely for passive observance. It 
is an inherent obligation to apply oneself to one’s 
profession with all diligence and in so doing to be 
guided by this Code of Ethics.

Accordingly, each person in the mapping 
sciences profession shall have full regard for 
achieving excellence in the practice of the 
profession and the essentiality of maintaining 
the highest standards of ethical conduct in 
responsibilities and work for an employer all 
clients colleagues and associates and society at 
large and shall…

1. Be guided in all professional activities by the highest 
standards and be a faithful trustee or agent in all matters 
for each client or employer.

2. At all times, function in such a manner as will bring credit 
and dignity to the mapping sciences profession.

3. Not compete unfairly with anyone who is engaged in the 
mapping sciences profession by:
a. Advertising in a self-laudatory manner;
b. Monetarily exploiting one’s own or another’s 

employment position;
c. Publicly criticizing other persons working in or having 

an interest in the mapping sciences;
d. Exercising undue influence or pressure or soliciting 

favors through offering monetary inducements.

4. Work to strengthen the profession of mapping sciences by:
a. Personal effort directed toward improving personal 

skills and knowledge;
b. Interchange of information and experience with other 

persons interested in and using a mapping science 
with other professions and with students and the 
public;

c. Seeking to provide opportunities for professional 
development and advancement of persons working 
under his or her supervision;

d. Promoting the principle of appropriate compensation 
for work done by person in their employ..

5. Undertake only such assignments in the use of mapping 
sciences for which one is qualified by education training 
and experience and employ or advise the employment 
of experts and specialists when and whenever clients’ or 
employers’ interests will be best served thereby.

6. Give appropriate credit to other persons and/or firms for 
their professional contributions.

7. Recognize the proprietary privacy legal and ethical 
interests and rights of others. This not only refers to the 
adoption of these principles in the general conduct of 
business and professional activities but also as they relate 
specifically to the appropriate and honest application of 
photogrammetry remote sensing geographic information 
systems and related spatial technologies. Subscribers 
to this code shall not condone promote advocate or 
tolerate any organization’s or individual’s use of these 
technologies in a manner that knowingly contributes to:
a. deception through data alteration;
b. circumvention of the law;
c. transgression of reasonable and legitimate expectation 

of privacy.

8. Promote equity, inclusion and intellectual diversity in 
the mapping sciences. Encourage participation without 
regard to race, religion, gender, disability, age, national 
origin, political affiliation, sexual orientation, gender 
identity, or gender expression.

www.asprs.org



Estimation of the Forest Stand Biomass and 
Greenhouse Gas Emissions Using Lidar Surveys

Rida Sultanova and Radik Mustafin

Abstract
At the research points, the relationship between the Normalized 
Difference Vegetation and Normalized Green Red Difference indices 
is characterized by a determination coefficient equal to 0.52. The 
estimation of the emission of carbon dioxide and nitrogen oxide in 
the forest air at an altitude of 40 m above the level of the soil cover 
during the growing season showed differences in their values dur-
ing the daytime and at night. The results helped determine promising 
methods of inventory of the carbon landfill forest area for aboveg-
round woody biomass assessment based on data obtained from several 
sources and land forest estimation research. The research involved: 
1) integration of an unmanned aerial vehicle -based digital camera 
and lidar sensors in order to optimize the efficiency and cost of data 
collection; 2) taking advantage of high-resolution aerial photo-
graphs and sparse lidar point clouds using an information fusion 
approach and the ability to compensate for their shortcomings.

Introduction
The strategic approach to the use of forests is estimated by its produc-
tivity and an increase in the sustainability of forest ecosystems (iufro 
2020). The problems of urbanized territories, including pollution of 
the atmosphere, soil, water bodies, increased greenhouse effect, and 
others, cannot be solved without the participation of forest ecosystems. 
When forest resources are limited and forest development is intensive, 
the improvement of forest management methods assumes a greater 
scientific and economic importance. Climate change, the degradation 
of the environment with the growth of the world’s urban population, 
and a resource-intensive lifestyle challenges the forest industry to find 
the most effective methods of forest monitoring. Anthropogenic trans-
formation of natural ecosystems significantly reduces carbon seques-
tration, leading to the predominance of emission processes over the 
absorption of greenhouse gases. Natural ecosystems of the Republic 
of Bashkortostan changed by people occupy the main areas including 
forests and agricultural lands. Therefore, the main task of managing 
previously disturbed natural ecosystems involves carbon sequestration 
during progressive successions.

Aboveground woody biomass (agb) is one of the major elements of 
the global carbon cycle (Chan et al. 2021; Shoot et al. 2021), providing 
the organic carbon deposition (sequestration and storage). According 
to the research of Pugh et al. (2019), the maximum amount of carbon 
is concentrated in the aboveground woody biomass of the stand, while 
the maximal proportion of carbon deposited in the dead soil cover 
(woody detritus) is 4%. agb monitoring and mapping allow estimating 
the carbon budget in forests, which contributes to solving scientific 
and practical problems in the strategy of forest adaptation to climate 
change and forest management regulation by developing intensive 
forest assessment methods (Hein et al. 2018; Abzhanova et al. 2018; 
Togisbayeva et al. 2022). Highly accurate assessment of aboveground 
woody biomass requires detailed land forest estimation, which is still a 

basic method. However, field research requires a lot of time and effort 
(Machar et al. 2016; Mukhametov et al. 2018; Sakharova et al. 2022). 

Methods based on obtaining image data using remote sensing 
(multispectral or radar methods) demonstrate significant potential for 
rapid and up-to-date determination of plant biomass. They are afford-
able methods for determining vegetation cover indicators in remote 
areas (Wiggins et al. 2019). In the last two decades, studies based on 
a combination of field measurements and Landsat remote sensing data 
have become widespread, including studies on long-term dynamics of 
forest area and biomass density (Deo et al. 2017; Matasci et al. 2018). 
Landsat is especially popular in estimating forest biomass and sample 
sites since the images have an average spatial (30 m × 30 m) and 
temporal (16 days) resolution and wide coverage (Li et al. 2020). This 
spatial resolution of Landsat is similar to the size of sample plots in the 
national forest inventories of many countries, which reduces spatial 
errors when comparing pixels and sample plots (Nguyen et al. 2020). 

Aerial laser scanning or laser altimetry is a method of active remote 
sensing that determines the topography of the Earth’s surface by 
measuring the duration of the passage of the emitted laser pulse. The 
method involves the use of a photodiode that registers the echo reflect-
ed by a laser emitting short, infrared pulses to the Earth’s surface. The 
photodiode allows for obtaining high-accuracy, three-dimensional data 
from large areas of forest plots, which are important for the manage-
ment of forest resources. The spectral information provided by optical 
images can be used to identify tree species necessary for an accurate 
biomass assessment. 

However, satellite images usually have a rough spatial resolution. 
In addition, because of exposure to aerosols and water vapor, remote 
sensing images require calibration and correction. An unmanned aerial 
system with multiple sensors may be relevant for collecting ultra-high 
spatial resolution data. As an alternative to optical remote sensors, light 
identification detection and ranging (lidar) can provide accurate struc-
tural information on forests for biomass assessment (Tijerín-Triviño et 
al. 2022). Wiggins et al. (2019) note that lidar survey is a cost-effective 
alternative to monitoring, which can provide high-resolution character-
ization of variations in forest structure depending on the type of terrain. 
The study on the forests of the Sierra de San Pedro Martir National 
Park (Baja California, Mexico) estimated the error of the processed 
lidar surveys data on trees of various height classes. The study also 
involved assessment of the total number of trees and the evaluation of 
the structure and spatial distribution in comparison with the results of 
forest estimation measurements. The consistency between lidar and 
field estimates of the forest structure, density, and spatial distribution 
was maximized by removing trees less than 12 m high. 

Guo et al. (2017) used lidar to obtain data on woodlands of natural 
subregions of boreal and foothill forests of Alberta (Canada). Based on 
the data obtained, they note that lidar can accurately measure the three-
dimensional structure of vegetation and can be widely used in the wild 
for habitat mapping, species distribution modeling, and for guiding bio-
diversity monitoring and species conservation assessment at the regional 
level (Gamoń et al. 2022). In addition, according to Ruiz et al. (2018), 
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mapping of Mediterranean forest structure variables using object-ori-
ented classification methods based on lidar data with low density (0.5 
m-2.), and nationally available multispectral Sentinel images, provides 
important information for assessing woody biomass, carbon stocks, 
and pasture suitability for forest fires prevention and control.

The study aims to test methods for monitoring current green-
house gas levels of a representative forest landscape of a carbon 
polygon, obtain and process data of terrestrial woody biomass using 
lidar surveys, and to assess carbon dioxide (CO2) and nitrogen oxide 
(NO2) emissions in the air in a forest area.

Materials and Methods
The object of studies were plantings of the reserves of the for-
est–steppe region of the European part of Russia on the territory of 
the Republic of Bashkortostan with an area of 90 hectares (com-
partments 19 and 20 of the Ufa forestry of the Dmitrievsky district 
representing the “urban green belt” around Ufa city industrial 
center (Table 1)). The above plantings are homogeneous in climatic, 
edaphic, phytocenotic conditions, relief, and hydrology. The altitude 
in the area varies between 215 and 211 m; the elevation difference 
is 4 m. The area has a temperate continental climate with average 
temperatures of +19 ℃ in July and –15 ℃ in January. The maximum 
amount of precipitation is up to 500–600 mm, the minimum is 400–
500 mm. The coordinates of the polygon are between north–west 
54.763901 N, 55.711393 W, north–east 54.763881 N, 55.716268 W, 
south–east 54.762258 N, 55.716150 W, and south–west 54.762091 
N, 55.710022 W.

The study used the last version of the Normalized Difference 
Vegetation Index (ndvi) data set, NDVI3g.v1. The data were 
obtained using noaa’s advanced Very High Resolution Radiometer 
(avhrr) sensors as part of the Global Inventory Monitoring and 
Modeling System (gimms) (Tucker et al. 2005). The data were 
processed by the gimms team using an adaptive decomposition of 
the empirical model to solve problems related to calibration, sen-
sor degradation, survey geometry, orbit drift, atmospheric pollu-
tion, and sampling associated with the avhrr sensor (Pinzón et 
al. 2005). Pixels with average annual ndvi values of less than 0.1 
were removed from satellite images (Zhou et al. 2001). The annual 
ndvi trend was calculated. Using delta interpolation and Hermite 
interpolation polynomial methods, the Climatic Research Unit data 
were scaled down from 0.5 degrees to a spatial resolution of 8 km to 
provide a similar resolution with ndvi data (Mosier et al. 2014). 

The choice of ndvi was conditioned by the most commonly used 
indicators for predicting and evaluating various biophysical param-
eters, such as forest canopy, biomass, volume, and carbon (Vafaei et 
al. 2018). Normalized Green Red Difference Index (ngrdi), which 
evaluates the greening of the surface and is used to approximate 
green biomass at any stage of plant development, was obtained by 
calculating the reflection coefficient of the green and red zones of the 
electromagnetic spectrum, which are obtained from the true color 
image. This index can be used for phenological monitoring, which 
makes it possible to assess the surface greening and can be used to 
approximate green biomass at any stage of development. However, 
visual vegetation indices are not used as often as near-infrared indices 
due to the difference in digital numbers between the green and red 
stripes for vegetation and soil compared to the near-infrared and red 
stripes. Vegetation data were analyzed using allometric equations 
with a determination coefficient (R2) of 0.85 (Malimbwi et al. 2016). 
Aboveground carbon was converted to carbon using a coefficient of 
0.49 (IPCC Good Practice Guidance). The biomass was calculated for 
mixed coniferous-deciduous trees.

Aerial photography of the experimental forest plot of the car-
bon landfill was carried out. High-precision point cloud data for the 
study area were obtained using the dji zenmuse l1 lidar created on 
the basis of a high-tech livox avia solid-state laser sensor with triple 
reflection registration, a 70-degree view, a scanning frequency of 720 
points per second, and a measurement range over s200 m. Test flights 
were conducted strictly along the same route at a speed of 5 m/s at 
an altitude of 45 meters; the wind speed in the flight echelon of the 
aircraft was 3–4 m/s. Lidar was installed on board dji matrice 300 

rtk. A permanent EFT network was used as a reference station. dji 
zenmuse l1 laser scanning data processing was performed in dji terra 
software.

The plot is a square measuring 800 × 800 m, divided into 20 small 
squares measuring 40 × 40 m. The inventory of 11 203 trees was 
made. Ground measurements were synchronized with hyperspectral 
data using the WorldView-3 satellite. WorldView-3 (WV-3) launched 
in 2014 is a commercial high-resolution imaging satellite operated 
by DigitalGlobe. Currently, the satellite is controlled from the United 
States by Maxar Technologies. The WV-3 thermal imager provides one 
of the highest commercial data transmission solutions, with a resolu-
tion of only 30 cm. Such high performance allowed the creation of 
new applications for processing satellite data, including counting bird 
populations in remote areas. The satellite covers a ground swath of 
13.1 km, and also allows getting images with multiple bands to create 
mosaic images and stereo images. The WV-3 has a predicted absolute 
geolocation accuracy of less than 3.5 m CE90 (90% circular error) 
without ground control. The satellite is in a sun-synchronous orbit, 
at an altitude of 617 km and an inclination of 98 °. Local time on the 
descending node (ltdn) is 1330 hours and the period is 97 minutes. 
Spectral range is 60 nm, spectral resolution –3 nm at 700 nm, and 10 
nm at 1400/2100 nm; sampling interval of 1.4 nm at 350 nm to 1050 
nm and 2 nm at a wavelength from 1000 to 2500 nm and a scanning 
interval of 0.1 seconds. Bright, dark, and some typical ground objects 
were measured for atmospheric correction of the hyperspectral image. 
High-density aerial photography data were obtained in August 2022. 
The lidar livox system included a Zenmuse l1 laser scanner. Zenmuse 
l1 gives a complete waveform analysis that provides a detailed vertical 
structure of the forest. Zenmuse l1 parameters are given in Table 2.

Table 1. Brief characteristic of sample areas.

No
Area, 

ha
Age, 
Years Composition

Diameter, 
cm

Height, 
m Density

Volume, 
Cubic Meters

1 0.8 45
6 lindens 16.0 19.0

0.7
130.0

4 birches 24.0 21.0 90.0
2 57.5 95 10 lindens 36.0 24.0 0.6 290.0

3 1.0 35

4 lindens 12.0 12.0

0.5

30.0
3 elms 8.0 10.0 20.0

2 maples 8.0 8.0 10.0
1 aspen 18.0 19.0 10.0

4 1.7 35
7 birches 14.0 19.0

0.8
180.0

3 lindens 12.0 13.0 80.0

5 3.7 45

5 birches 18.0 21.0

0.7

280.0
3 lindens 14.0 17.0 170.0
1 aspen 20.0 21.0 60.0

1elm 16.0 15.0 30.0

6 4.4 95
8 birches 30.0 24.0

0.6
770.0

1 birch 28.0 24.0 100.0
1 linden 26,0 21.0 100.0

7 0.9 45
7 lindens 12.0 17.0

0.8
160.0

2 birches 18.0 19.0 50.0
1 maple 22.0 19.0 20.0

Table 2. Zenmuse L1technical parameters.
Parameter Value
Pulse repetition rate 100 kHz
Laser wavelength 1550 nm
Pulse duration 3.5 ns
Laser beam divergence ≤0.5 millirad
Separation of multiple  
targets with one shot 0.6 m

Width-pulse returned resolution 0.15 m
Scan template parallel scanning
Range of scanning angles 30°
Ground sample spot diameter 0.5 m (at a flight altitude of 1000 m)
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The flight covered an area of 2 km2 with a flight height of 150–170 
m, which corresponds to a relative flight height above the crown of 
about 100 m. Eight runways with a side overlap of 90% were obtained. 
The points density was approximately 12 points/m2. The classification 
of points, the generation of a digital surface model (dsm) and a digital 
terrain model (dtm, Figure 1) were carried out using the TerraScan 
software (TerraSolid, Helsinki, Finland).

The crown height model (Figure 2a) was calculated using the differ-
ence between the dsm and the dtm with a resolution of 0.5 m. A digital 
orthophoto with a resolution of 0.2 m was generated based on dsm and 
dtm images obtained using lidar and TerraPhoto software (TerraSolid, 
Helsinki, Finland).

Hyperspectral data were also obtained in August 2022 (Figure 2b). 
The data were being collected from 10:00 A.M. to 2:00 p.m. The spec-
tral mode provides up to 288 spectral bands. The spatial mode applied 
during the experiment provided a spatial resolution of 0.5 m when 
using 23 spectral bands of 1484 pixels. First, radiometric and geo-
metric corrections of raw hyperspectral images were made using Itres 
V1.2 (itres, Calgary, ab, Canada). As a result, brightness images with 
a ground sampling distance of 1 m were obtained. Then an empirical 
calibration of the line was used for atmospheric correction to calibrate 

the emissions according to the reflection coefficient of the surface. 
After that, the empirical line calibration method assumes that there 
is a linear relationship between the brightness recorded by the sensor 
and the corresponding spectral reflectivity measured locally, which 
requires two or more bright and dark targets in the image coverage 
area. In this study, a power line pole acted as dark and bright targets, 
respectively. The field spectra of dark and bright targets were measured 
simultaneously.

dji zenmuse l1 equipment was used together with a professional 
visualized analytical software Sniffer4D Mapper gas analyzer to make 
a survey of the same territory. Sniffer4D Mapper quickly transmits air 
sampling data, displays gas concentration in real time, takes pictures, 
and records a video. We used the method of direct carbon measure-
ment. Measurements of carbon dioxide (CO2) and nitrogen oxide 
(NO2) emissions in the air at a height of 100, 150, 200 в 250 и 300 м in 
the Tilia cordata Mill plantation were carried out using a Sniffer4D gas 
analyzer. Sniffer4D can scan specific areas in two-dimensional/three-
dimensional formats and generate intuitive and maximally accurate 
data. Sniffer4D is installed on drones and cars and used for searching, 
mapping, monitoring gases, and air pollution control. Other stationary 
monitoring stations are much more low-functioning. Compared to a 

Figure 1. Digital surface model, (dsm) (a) and digital terrain model, (dtm) (b).

Figure 2. Processed images of the study area.
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scientific-level monitoring station, the correlation of long-term data 
(R2) ranges from 0.81 to 0.95; long-term root-mean-square errors after 
calibration are <±10%.

Statistical Analysis
The measurements of trees obtained using lidar were processed using 
regression models and cross-validation to estimate the crown diameter 
and biomass of trees within the site.

Results
For three-dimensional visualization of contours and surface analysis, 
a digital relief model was obtained. The model demonstrates the shape 
of the surface between points at a given level and interpolation of the 
elevations’ data obtained during remote sensing. Each lidar point is a 
reverse pulse, color-mapping its location and altitude above sea level. 
The technology of the tree segmentation by splitting one crown layer 
at a time, removing it from the point cloud, and segmenting the crowns 
inside it allows outlining individual trees, and automatically get their 
relative height (Figure 3). Processing of laser scanning indicators al-
lows obtaining the object geometry.

The dji zenmuse l1 aerial laser scanning system has proven to be 
simple and easy to use when planning flights and processing data. It 
allows getting a detailed point cloud and use it for further work on the 
ground, to solve operational monitoring tasks and create three-dimen-
sional terrain models. Using this equipment in forest taxation becomes 
possible tanks to the quality and detail degree of data recording of 
laser scanning of the structure of trees, trunks, and branches. Using 
a remote-sensing technique in the study of a carbon landfill allowed 
obtaining accurate data on the location of trees and their height. 
However, the survey was carried out during the most active vegetation 
period when the canopy density was high, which affected the accuracy 
of measurements of the diameter of trees obtained using lidar filming. 
This fact is confirmed by the survey results. The diameter indicators 
turned out to be less than the diameters obtained during ground-based 
forest studies. Thus, the taxation indicators obtained by lidar filming 
should be supplemented by ground-based studies.

Extensive experience has been accumulated in the successful 

Figure 3. Mapping of a forest compartment: (a) vertical profile; (b) 
horizontal profile; (c) contours of individual trees.

Figure 4. Normalized Difference Vegetation Index (ndvi) map of the carbon landfill forest compartment.
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application of vegetation indices for the diagnosis of vegetation condi-
tions at different phenological stages.

The research estimated the relationship between the biomass of the 
studied area with the ndvi (Figure 4), which reflects the chlorophyll 
content in plants, and approximates biomass, and the ngrdi (Figure 5), 
which assesses the surface greening and is used to approximate green 
biomass at any stage of plant development.

Figure 6 shows the distribution of terrestrial biomass based on 
lidar-shooting indicators: tree heights, crown diameter and area, num-
ber of trees, etc. (indicators: TreeID, TreeLocationX, TreeLocationY, 
TreeHeight, diameter breast height (dbh), CrownDiameter, 
CrownArea, CrownVolume, OldID).

The assessment and correlation of the above-ground biomass of 
the studied area with ndvi and ngrdi were performed by randomly 
selecting 15 points and using point sampling. According to the values 
of ndvi, and ngrdi indices of above-ground biomass for each selected 
point, the vegetation indices values are compared to the values of 
above-ground mass (Figure 7).

Figure 5. Normalized Green Red Difference Index (ngrdi) map of the carbon landfill forest compartment.

Figure 7. Graphs of the interdependence of vegetation indices (ndvi, 
ngrdi) (a) and their dependence on the volume of above-ground 
biomass (b, c). ndvi = Normalized Difference Vegetation Index; 
ngrdi = Normalized Green Red Difference Index.Figure 6. Above-ground biomass of the forest compartment under study.
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The determination coefficient between ndvi and ngrdi is 0.52, 
which indicates the interchangeability of these vegetation indices. This 
fact is confirmed by the close values of R2 of the relationship between 
the volume of above-ground biomass and the vegetation index ndvi 
(R2 = 0.10), and between the volume of biomass and ngrdi index (R2 
= 0.13). The increase in ndvi and ngrdi values is associated with the 
presence of forest vegetation. The close relationship between indices 
and biomass indicates that infrared images allow better determination 
of biomass, allowing the mapping of the soil and vegetation cover class 
based on a multispectral classification of satellite images in the studied 
area. This is due to the near infrared (nir) bands, which provide more 
information about the characteristics of trees and their biophysical 
parameters, such as the leaf area index, than visual stripes.

 Land cover change is one of the factors of carbon sequestration 
(Deo et al. 2017). The main methods of field research are forest esti-
mation, the use of stand development tables and a vortex covariance 
method based on direct measurement of the CO2 flux in small areas 
(Zhang et al. 2012).

The average carbon stock and the ndvi index value for each site 
were obtained during the research. Fifty percent of carbon stocks were 
compared with ndvi and the resulting training samples (Table 3). It was 
ensured that the training samples covered all the layers observed in the 
image. Before making any classification, a pair-wise correlation was per-
formed to find out the degree of relationship between the carbon stocks 
and ndvi. In 2021, the average carbon stock in the studied area was 
11.89 t/ha, with an annual carbon absorption rate of 0.10 t/ha. During the 
growing season from May to June, CO2 emissions reached 333.4 ppm at 

the daytime and 101.7 ppm at night, which is due to different tempera-
ture conditions and humidity during the daytime and at night.

Measurements made at the forest site in 2022 showed that the 
concentration of CO2 decreases with increasing altitude. The maximum 
concentration of CO2 is 651.38 mg/m3 at an altitude of 100 m, which 
is 7.0% higher than at 300 m. On a forest plot near the industrial zone 
of an oil refinery, the concentration of carbon dioxide is 30% higher 
compared to the height of 300 m at an altitude of 100 m. A data table 
has been compiled using the Sniffer4D Mapper software (Tables 4 and 
5; Figure 8).

The box plot of the concentration of CO2 shows the median (mean 
value), lower and upper quartiles, minimum and maximum sampling 
values, and outliers (Figure 9). Some similar diagrams can be placed 
side by side horizontally or vertically to visually compare one distribu-
tion with another. The distances between different parts of the diagram 
allow determining the degree of dispersion (variance) and asymmetry 
of the data to identify outliers.

The concentration of CO2 is closely correlated with the values of 
temperature and humidity. The linear regression curve (red line) shows 
the dependence of the carbon dioxide concentration R2 = 0.388 on tem-
perature, and R2 = 0.667 on humidity. r = 0.807 (Figures 10 and 11).

Discussion
Many researchers have reported methods for obtaining various forest 
variables based on lidar measurements (Magnussen et al. 2018). Lidar 
point clouds are often used particularly in a wide range of forestry 
applications as a data source for obtaining forest estimation indicators 

Table 3. Values of above-ground biomass, vegetation indices, and greenhouse gas emissions in the carbon landfill forest area.

Inventory 
Point

Biomass, 
tonn

Vegetation Indices Greenhouse Gas Emissions

NGRDI NDVI CO2, t/year NO2, g/cm2
CO2, ppm NO2, mcg/m3

daytime night daytime night
1 223.26 0.25512 0.79129 22.84873 1.261553 333.4 102.6 25.5 27.3
2 212.02 0.27831 0.81407 12.1079 1.261553 331.1 101.7 26.0 26.3
3 46.28 0.2576 0.76938 8.918 1.261553 330.4 103.8 24.6 27.5
4 203.68 0.29479 0.78416 4.0474 1.261553 332.7 103.1 26.5 27.9
5 235.71 0.3131 0.84039 17.9242 1.265326 329.6 103.0 26.9 28.8
6 215.57 0.29884 0.81729 13.3329 1.265326 330.9 102.6 27.4 27.5
7 93.84 0.27529 0.79789 10.4615 1.265326 330.4 102.2 28.4 28.8
8 68.52 0.28775 0.81037 1.5876 1.261553 330.8 103.4 27.9 28.8
9 178.52 0.28311 0.77886 13.0634 1.261553 329.7 103.6 31.6 27.3
10 265.25 0.29341 0.80737 16.2876 1.261553 329.6 103.1 30.7 28.8
11 194.24 0.30862 0.78822 4.7432 1.261553 331.9 102.2 32.1 28.4
12 211.52 0.32448 0.83251 15.1312 1.261553 331.1 102.9 31.2 27.3
13 207.52 0.27813 0.78271 7.0413 1.261553 330.4 101.8 31.6 27.3
14 159.45 0.27444 0.78609 6.8747 1.261553 330.8 102.1 32.1 24.9
15 208.42 0.25798 0.76901 24.0345 1.261553 331.9 103.4 31.2 28.4
NDVI = Normalized Difference Vegetation Index; NGRDI = Normalized Green Red Difference Index.

Table 4. Measurement data obtained using a gas analyzer on a forest plot.
Timing Mark Distance, m Air Temperature, ℃ Air Humidity, % Air Pressure, Pa Concentration of CO2 mg/m3 

10:20:05 100 11.11 86 98.611 651.38
11:32:15 150 13.52 83 98.596 649.76
12:36:25 200 13.52 80 95.660 644.76
13:15:35 250 15.43 76 94.606 630.51
14:40:45 300 16.24 651.72 92.630 606.65

Table 5. Carbon dioxide (CO2) concentration.
The Object 
of the Study

Measurement 
Height, m

Maximum Concentration 
of CO2 mg/m3

Minimum Concentration of 
CO2 mg/m3

Average Value of 
CO2, mg/m3

Average Value of 
CO2, ppm

Forest 100 655.90 646.85 651.38 355.8

Industrial zone 100 909.89 852.93 879.98 480.7
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Figure 8. Concentration of carbon dioxide (CO2) mg/m3 in a forest area.

Figure 9. Diagram of the range of concentration of carbon dioxide (CO2).

such as trunk density (Knapp et al. 2018), tree height, species 
composition, crown size, wood volume (Silva et al. 2018), and agb 

(Strîmbu et al. 2017). For example, on-board laser scanning data can 
be used to obtain three-dimensional tree structures, thus contributing 

Figure 10. Linear regression of the dependence of carbon dioxide 
concentration on air temperature.

Figure 11. Linear regression of the dependence of carbon dioxide 
concentration on air humidity.
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to an effective large-scale three-dimensional forest inventory (Silva et 
al. 2018) and providing practical solutions to problems arising from 
large-scale estimates of biomass in forests. As mentioned in many 
sources, the accuracy of the biomass estimate corresponds to the ac-
curacy of measuring the height of trees. agb assessment can be carried 
out using two main methods (Yan et al. 2021). First, a method where 
individual trees are detected, isolated, and segmented from measured 
point clouds. Subsequently, the tree biomass is modeled by calculating 
the volume of branches and tree trunks through a three-dimensional 
geometric reconstruction of the tree structure. 

Some researchers use crown segmentation of individual trees 
(Jarron et al. 2020) and classification of tree species (Xu et al. 2020). 
According to researchers, the simplest method of modeling a tree 
is an inventory within a compartment using predefined regression 
models such as dbh and height (Pourshamsi et al. 2021). In addition, 
several researchers have focused on developing automated modeling 
methods or algorithms to create a detailed representation of individual 
trees. Günlü et al. (2014) determined a close relationship between 
agb, the values of the reflection coefficient of individual bands, and 
10 vegetation indices (vis) obtained from the Landsat satellite image 
for pine forests in northwestern Turkey. The vis give a better estimate 
of agb (R2 = 0.606) compared with the reflection values of individual 
bands tm 1 and tm 2 (R2 = 0.465). One method involves fitting regular 
geometric models, such as circles (Bienert et al. 2007) and cylinders 
(Thies et al. 2004), using voxel-based representations (Jupp et al. 
2009) or grids (Antonarakis et al. 2009). A method based on model se-
lection using conventional geometric models, in particular a parametric 
model, can be used directly to estimate the volume of the tree, which 
makes this method a simple solution. However, real treelike structures 
are formed randomly. The difference between conventional geometric 
models and real forms of tree structures affects the accuracy of the 
volume estimate (Li and Liu 2019). Second, methods based on plots 
in which, instead of detecting individual trees, measuring the height of 
the crown surface using lidar surveys can be compared with tree inven-
tory plots measured in the field with a known biomass. Thus, a predic-
tive model can be developed based on biomass reference estimates and 
applied to large-scale areas (Asner and Mascaro 2014). In the work 
of Matasci et al. (2018), various structural indicators based on lidar 
measurements were extracted for large-scale mapping of Canadian 
boreal forest biomass. Lidar point clouds obtained using high-speed 
UAVs cannot provide high-precision measurements of tree structures 
and obtaining lidar data of the same quality is a difficult task requiring 
precise control of the flight route since some flight parameters must be 
adapted to the relief of the measured area. However, the present study 
has confirmed the possibility of using structural and spectral attributes 
obtained from multispectral images, which allowed developing a pre-
dictive model for estimating agb biomass and applying it to the area of 
interest, including the CO2 flux calculation. In addition, lidar surveys 
are effective for local landscape forecasting.

The methods used to estimate carbon stocks also differ depending 
on the scale used. They include methods for local plots (Marziliano et 
al. 2017), a combination of measurement data and allometric equa-
tions for local and semi-regional scales, and remote sensing methods 
on a regional, national, or global scale (Avitabile et al. 2012; Ponce-
Hernandez et al. 2004) described in detail the principle of tree allom-
etry connected with changes in carbon in biomass. Situmorang et al. 
(2016) got similar results in Indonesia. They noted a high dependence 
between the ndvi index and carbon stocks (determination coefficient 
R2 = 0.728, average carbon value 46.32 t/ha). When using large-scale 
biomass mapping, differences in expert data and the allometric equa-
tions, both empirical (Jenkins 2004) and modeled (Fehrmann and 
Kleinn 2006), can lead to large uncertainties (Stephenson et al. 2014). 
Productivity models use biomass expansion coefficients, which are 
another source of uncertainty in carbon accounting at the national level 
(Schöne and Schulte 1999). Studies comparing above-ground forest 
biomass using two or more estimation methods show some variabil-
ity in the results (Pechanec et al. 2017). Soil carbon estimation has 
also shown variability (Liebens and VanMolle 2003). In this regard, 

calibration and verification of remote sensing data based on accurate 
ground (site) reference measurements of biomass is recommended 
(Valbuena et al. 2017).

Conclusions
Research on a forest site with a relief, the vegetation structure, and soil 
cover representative of the territory of the Republic of Bashkortostan, 
is aimed at enhancing scientific potential for development and testing 
of technologies for controlling the balance of climatically active gases 
of natural ecosystems. Measurements of greenhouse gas emissions 
and uptake are carried out at the carbon polygon to assess the spatial 
and temporal variability of the flows of climatically active gases and 
carbon balance. Methods in the field of environmental control are be-
ing tested.

Considering the rate of change of forest ecosystems and the time 
required for their ground-based monitoring, it is advisable to use 
remote sensing methods that provide important advantages (speed, 
repeatability, coverage width, non-destructive approach) (Féret and 
De Boissieu 2020; Pechanec et al. 2022). The research involved the 
estimation of the volume of agb in the carbon landfill forest area of the 
broad-leaved forests of the Republic of Bashkortostan. The estimation 
was performed using the crown diameter index of trees obtained by 
lidar survey and by calculating ndvi and ngrdi vegetation indices. The 
research revealed the interchangeability of ndvi and ngrdi vegetation 
indices when assessing agb and the reliability of biomass determining 
using radar classification of lidar images in the studied area, together 
with vegetation indices, since the nir bands provide more informa-
tion about the characteristics of trees and biophysical parameters, 
such as the leaf area index, than the Red Green Blue visual bands. The 
relationship between the ndvi and ngrdi indices at the research points 
is characterized by a determination coefficient equal to 0.52. Above-
ground biomass reserves closely correlate with the values of ndvi 
and ngrdi vegetation indices. The research established close values 
of R2 at the points of studies of the relationship between the above-
ground biomass volume and the vegetation index ndvi (R2 = 0.10), 
and between the biomass volume and the index ngrdi (R2 =0.13). An 
increase in the values of ngrdi from 0.25 to 0.31 and of ndvi from 
0.76 to 0.83 is associated with an increase in the density of forest 
vegetation. The assessment of the emission of CO2 and NO2 during 
the growing season in the forest air cover level revealed differences 
in values in the daytime and at night. The value of CO2 reached 333.4 
ppm during the daytime and 101.7 ppm at night, which is associated 
with different temperature conditions and humidity in the daytime and 
at night. Measurements made in 2022 at the forest site showed that the 
concentration of CO2 decreases with increasing altitude and closely 
correlates with the values of temperature and humidity.

The results determined promising methods of inventory of the car-
bon landfill forest area for the assessment and mapping of agb based 
on data obtained from several sources, including ground-based forest 
estimation.

These methods involve: 
(1)	 integration of a uav-based digital camera and lidar sensors in 

order to optimize the efficiency and cost of data collection;
(2)	 taking advantage of high-resolution aerial photographs and sparse 

lidar point clouds using an information fusion approach and the 
ability to compensate for their shortcomings.

The research was carried out as part of the Program for the creation 
and operation of a carbon landfill on the territory of the Republic of 
Bashkortostan “Eurasian Carbon Landfill” for 2022–2023.
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CONNECT WITH YOUR AUDIENCE, CONNECT WITH YOUR CUSTOMERS!

ADVERTISE IN PE&RS

CONTACT
Bill Spilman 
ASPRS Advertising, Exhibit Sales & Sponsorships
320 W. Chestnut St.
P.O. Box 399
Oneida, IL 61467
(877) 878-3260 toll-free
(309) 483-6467 direct
(309) 483-2371 fax
bill@innovativemediasolutions.com

*Limitations apply. Contact Bill Spilman for full details

OTHER ADVERTISING OPPORTUNITIES

PE&RS
• Covers 2–4
• Full Page
• Classified Ad
• 2/3 Page**

• 1/2 Page**
• 1/3 Page**
• 1/4 Page**
• 1/8 Page**

**horizontal or vertical format supported

Digital Ads
Employment Promotion

Email Blast
Newsletter Display Ads

Nearly 60% of PE&RS readers select, authorize, or 
approve the purchase of products and services

PE&RS regularly ranks in the Top 20 out of over 11,000 
journals for full-text downloads with Ingenta Connect. 

FRONT COVER SPONSORSHIP
A PE&RS cover sponsorship is a unique opportunity to 
capture the undivided attention of your target market 
through three premium points of contact.

PE&RS FRONT COVER
(Only twelve available, first-come, first-served)
PE&RS is world-renowned for the outstanding imagery 
displayed monthly on its front cover—and readers have 
told us they eagerly anticipate every issue. This is a 
premium opportunity for any company, government 
agency, university or non-profit organization to provide 
a strong image that demonstrates their expertise in the 
geospatial information industry

FREE ACCOMPANYING “HIGHLIGHT” ARTICLE
A detailed article to enhance your cover image is 
welcome but not a condition of placing an image. 
Many readers have asked for more information about 
the covers and your article is a highly visible way to 
tell your story in more depth for an audience keenly 
interested in your products and services.*

FREE TABLE OF CONTENTS COVER DESCRIPTION
Use this highly visible position to showcase your 
organization by featuring highlights of the technology 
used in capturing the front cover imagery.*
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Special Advertising Opportunities
FRONT COVER SPONSORSHIP
A PE&RS cover sponsorship is a unique opportunity to capture the undivided 

attention of your target market through three premium points of contact.

1— PE&RS FRONT COVER
(Only twelve available, first-come, first-served)
PE&RS is world-renowned for the outstanding imagery displayed monthly 
on its front cover—and readers have told us they eagerly anticipate every 
issue. This is a premium opportunity for any company, government agency, 
university or non-profit organization to provide a strong image that 
demonstrates their expertise in the geospatial information industry.

2— FREE ACCOMPANYING “HIGHLIGHT” ARTICLE
A detailed article to enhance your cover image is welcome but not a condition 
of placing an image. Many readers have asked for more information about the 
covers and your article is a highly visible way to tell your story in more depth 
for an audience keenly interested in your products and services. No article 
is guaranteed publication, as it must pass ASPRS editorial review. For more 
information, contact Rae Kelley at rkelley@asprs.org.

3— FREE TABLE OF CONTENTS COVER DESCRIPTION
Use this highly visible position to showcase your organization by featuring 
highlights of the technology used in capturing the front cover imagery. Limit 
200-word description.

Terms: Fifty percent nonrefundable deposit with space reservation and 
payment of balance on or before materials closing deadline.

Cover Specifications: Bleed size: 8 5/8” × 11 1/4”,  Trim: 8 3/8” × 10 7/8”

PRICING
Sustaining Member  
Exhibiting at a 2023  
ASPRS Conference

Sustaining 
Member

Exhibitor Non Member

Cover 1 $1,850 $2,000 $2,350 $2,500

Belly Bands, Inserts, Outserts & More!
Make your material the first impression readers have  
when they get their copy of PE&RS. Contact Bill Spilman  
at bill@innovativemediasolutions.com
VENDOR SEMINARS
ASPRS Sustaining Members now have the opportunity to hold a 1-hour 
informational session as a Virtual Vendor Seminar that will be free to all 
ASPRS Members wishing to attend.  There will be one opportunity per 
month to reach out to all ASPRS Members with a demonstration of a new 
product, service, or other information.  ASPRS will promote the Seminar 
through a blast email to all members, a notice on the ASPRS web site home 
page, and ads in the print and digital editions of PE&RS.

The Virtual Seminar will be hosted by ASPRS through its Zoom capability 
and has the capacity to accommodate 500 attendees.    

Vendor Seminars

Fee $2,500 (no discounts)

DIGITAL ADVERTISING 
OPPORTUNITIES

EMPLOYMENT PROMOTION
When you need to fill a position right away, use this direct, right-to-
the-desktop approach to announce your employment opportunity. The 
employment opportunity will be sent once to all ASPRS members in our 
regular Wednesday email newsletter to members, and will be posted on 
the ASPRS Web site for one month. This type of advertising gets results 
when you provide a web link with your text. 

Employment 
Opportunity

Net Rate

30-Day Web + 1 email $500/opportunity

Web-only (no email) $300/opportunity
Do you have multiple vacancies that need to be filled? Contact us 
for pricing details for multiple listings.

NEWSLETTER DISPLAY ADVERTISING
Your vertical ad will show up in the right hand column of our weekly 
newsletter, which is sent to more than 3,000 people, including our 
membership and interested parties. Open Rate: 32.9%

Newsletter vertical 
banner ad

Net Rate

180 pixels x 240 pixels max $500/opportunity

DEDICATED CONTENT EMAIL BLAST
Send a dedicated email blast to the ASPRS email list. Advertiser supplies 
HTML (including images). Lead time: 14 days. 

Materials Net Rate
Advertiser supplies HTML, 

including images. 
$3000/

opportunity

PE&RS Digital Edition
Digital Edition Announcement E-Mail: 5,800+
PE&RS is available online in both a public version that is available to 
anyone but does not include the peer-reviewed articles, and a full version 
that is available to ASPRS members only upon login.

The enhanced version of PE&RS contains hot links for all ASPRS 
Sustaining Member Companies, as well as hot links on advertisements, 
ASPRS Who’s Who, and internet references.

Become a sponsor today! 
The e-mail blast sponsorship opportunity includes a 180 x 240 pixel ad in 
the email announcement that goes out to our membership announcing the 
availability of the electronic issue.

Digital Edition Opportunities Net Rate
E-mail Blast Sponsorship* $1,000



The ASPRS Foundation 
was established to advance 
the understanding and 
use of spatial data for the 
betterment of humankind. 

The Foundation provides grants, 
scholarships, loans and other forms of aid 
to individuals or organizations pursuing 
knowledge of imaging and geospatial 
information science and technology, and 
their applications across the scientific, 
governmental, and commercial sectors. 

Support the foundation, so when 
they are ready, we are too.

asprsfoundation.org/donate

Too young to drive 
the car? Perhaps! 
But not too young 
to be curious about 
geospatial sciences.
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