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

ANNOUNCEMENTS

The George F. Walker Memorial Scholarship Fund is proud 
to announce the awarding of scholarships to nine deserving 
students of surveying and mapping this year. The awards to-
tal value was $15,500.  Recipients were individually notified.  
For those students able to attend, awards were presented 
in person at the Land Surveyors Association of Washington 
Annual Conference in Vancouver, WA in March 2022.

 ¼½¼½ 

URISA’s Leadership Development Committee recently 
presented its recommended slate of candidates to the URISA 
Board of Directors. The Board unanimously approved the 
slate, listed below, for its 2022 election. URISA is pleased 
to present the following list of candidates for URISA Presi-
dent-Elect and for Directors on the Board. 

Approved Slate for URISA 2022 Election:

For President-Elect:
 y Thomas Fisher, GISP, AICP,GIS Administrator, 
Cuyahoga County, Cleveland, Ohio

 y John Nolte, GISP, GIS Manager, Denver Water, Denver, 
Colorado

For Board of Directors (to fill 3 positions):
 y Ghermay Araya, GISP, CSM, CEO/Senior Business 
Technology Consultant, New Light Technologies Inc., 
Washington, DC

 y Josiah Burkett, Geographic Information Systems Ana-
lyst /Geospatial Team Lead, GeoTechVision, Kingston, 
Jamaica

 y Bernadette de Leon, GISP, Director of School of Public 
Health Bloomington IT Services, Indiana University, 
Bloomington, Indiana

 y Matthew Gerike, GISP, Geospatial Program Manag-
er, Virginia Geographic Information Network (VGIN), 
Virginia Department of Emergency Management 
(VDEM), Richmond, Virginia

 y Clinton Johnson, Solution Architect and Racial Equity & 
Social Justice Team Lead, Esri, Chesterbrook, Pennsyl-
vania

 y Hillary Palmer, Project Manager – Geospatial & Tech-
nology Solutions, Dewberry, Palmer, Alaska

The official ballots will be distributed electronically to the 
entire membership on or by July 5. Those elected will begin 
their three-year Board terms following GIS-Pro 2022 in Boi-
se. We thank these individuals for their dedication to URISA 
and willingness to serve in a leadership capacity.

 ¼½¼½ 

Presagis is releasing the 3D Environments Add-In applica-
tion for Esri’s ArcGIS Pro. 3D Environments allows ArcGIS 
users to rapidly transform 3D Tiles Next data formats, such 

as One World Terrain, into ArcGIS Pro projects to create 3D 
scenes from 2D vector data and 3D models. 

The 3D Environments Add-In leverages Presagis’ building 
templates and texture libraries that analysts can use to 
create enhanced 3D visualizations of GIS environments, 
thus helping increase collaboration across the enterprise. 
The Presagis 3D Environments Add-In contains tools to 
create, transform, and extract a wide variety of 3D formats 
to provide seamless interoperability between ArcGIS Pro and 
modeling & simulation applications.  

“The 3D Environments Add-In is the result of the close 
relationship we have built with Esri. We are excited to bring 
our modelling and simulation expertise to the Esri Market-
place and the ArcGIS community,” said Jean-Michel Briere, 
President of Presagis, “the convergence of GIS data and 
simulation is critical to create accurate and realistic digital 
twins – and Presagis can help lead the way.”

“The Presagis 3D Environments Add-in for ArcGIS Pro 
extends 3D workflow interoperability between ArcGIS and 
ModSim 3D data formats such as CDB,” said Jamon John-
son, Product Leader for the Esri 3D Core Team. “Analysts 
can now fully integrate CDB into their ArcGIS Pro projects 
as well as leverage OpenFlight Models into 3D visualization 
applications.”

The ability to create and implement detailed and realistic 
3D content in ArcGIS Pro is available now. To learn more 
and sign up for a 30-day free trial, please visit https://www.
presagis.com/en/product/3denvironments-addin/ or, visit the 
Esri ArcGIS Marketplace.

 ¼½¼½ 

Terradepth and The Nippon Foundation-GEBCO Seabed 
2030 project have announced a new partnership which will 
utilize Terradepth’s geospatial data portal known as Abso-
lute Ocean. Seabed 2030 will use Absolute Ocean as a data 
visualization and exploration tool as part of the international 
effort to map the entire ocean floor. The announcement was 
made on the heels of the 2022 United Nations Ocean Confer-
ence in Lisbon, Portugal.

Seabed 2030 is a collaborative project between The Nippon 
Foundation in Japan and the General Bathymetric Chart 
of the Oceans (GEBCO) with the mission of inspiring 100% 
mapping of the ocean floor and making it freely available to 
all by 2030. GEBCO is a joint program of the International 
Hydrographic Organization (IHO) and the Intergovernmen-
tal Oceanographic Commission of UNESCO (IOC-UNESCO). 
Seabed 2030 comprises five Data Centers – four Regional 
Centers and one Global Center – which are responsible for 
coordinating and assembling mapping data.

mailto:rkelley@asprs.org
https://www.urisa.org/gis-pro
https://www.presagis.com/en/product/3denvironments-addin/
https://www.presagis.com/en/product/3denvironments-addin/
https://www.esri.com/en-us/arcgis-marketplace/listing/products/167ac3421d5d46588c8f238d699afd51
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INDUSTRYNEWS
In addition to producing and delivering global GEBCO prod-
ucts, the Seabed 2030 Global Center is also a Trusted Node 
for receipt of citizen-sourced data in support of IHO’s Crowd-
sourced Bathymetry (CSB) initiative which encourages gov-
ernment, academic and privately owned vessels, including 
superyachts and fishing boats, to participate in increasing 
our knowledge of the ocean by sharing depth measurements 
from navigation instruments.

Terradepth’s Absolute Ocean portal will provide Seabed 2030 
with a secure platform to allow data contributors to visualize 
their contributions in an interactive way and explore how 
they relate to other open-source data in the platform.

“Our Absolute Ocean platform will enable Seabed 2030 to 
expand their ocean data management and outreach efforts 
to a global audience of explorers, researchers, educators, and 
ocean enthusiasts, without requiring subject matter exper-
tise to explore or interpret the data” said Jason Schwartz, 
Terradepth Vice President of Corporate Development.

Seabed 2030 will process CSB data for onward contribu-
tion to IHO’s Data Center for Digital Bathymetry (DCDB). 
Seabed 2030’s recent partnership with the International Sea-
Keepers Society will provide some of the first potential users 
of the platform with custom data loggers being operated by 
ocean-going vessels to capture georeferenced bathymetric 
points during their travels.

“Our partnership with Terradepth will greatly enhance 
the work we do to support IHO’s CSB initiative, which is a 
fundamental strand of Seabed 2030’s mission,” commented 
Dr Helen Snaith, Head of Seabed 2030’s Global Center. “The 
Global Center are excited to use the Absolute Ocean platform 
as an invaluable tool bringing us one step closer to complet-
ing the puzzle of the world’s seabed.”

Absolute Ocean is a browser-based portal for the storage, 
discovery, and sharing of Trusted Node data as well as 
data collected by other third parties. Terradepth developed 

Absolute Ocean as a cloud-based ocean information manage-
ment platform where layers of marine data can be studied 
using the power of Machine Learning technology. Powerful 
visualization and analysis functions allow users to examine 
seafloor data in 2D and 3D from a variety of perspectives, 
scales, and time periods, increasing operational efficiency 
and the quality control process.

“For applications spanning environmental monitoring, coast-
al development, and offshore energy production, Absolute 
Ocean gives stakeholders across organizations the tools nec-
essary to make sense of their associated underwater environ-
ments,” said Terradepth’s Schwartz.

Terradepth will roll out the commercial version of Absolute 
Ocean in summer 2022 with multiple subscription levels. 
Clients will be able to load their own geospatial marine data 
sets onto the secure platform as well as access the thousands 
of ocean data files currently included in the platform data-
base – side-scan sonar, synthetic aperture sonar, multibeam 
bathymetry, satellite-derived bathymetry, lidar, sub-bottom 
profiles, magnetometer readings, and satellite imagery.

Absolute Ocean also serves as the data delivery platform 
for the geophysical and hydrographic survey solutions 
Terradepth offers to a rapidly growing client base in the 
Environmental, Telecommunications, Construction, Energy, 
and Maritime industries. To capture seafloor data for these 
commercial clients, Terradepth operates a fleet of Autono-
mous Undersea Vehicles (AUVs), which can be configured 
with multiple sensors for seabed site verification, pre-con-
struction surveys, pipeline/cable inspection, dredging/trench-
ing support, habitat mapping, mineral exploration, hazard 
identification, and unexploded munitions detection.

To learn more about Terradepth services and Absolute 
Ocean, please visit www.terradepth.com.

CALENDAR

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

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

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

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

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

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

http://www.terradepth.com/
http://www.terradepth.com/
https://www.urisa.org/gis-pro
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507 Incorporation of Digital Elevation Model, Normalized Difference 
Vegetation Index, and Landsat-8 Data for Land Use Land Cover Mapping
Jwan Al-Doski, Faez M. Hassan, Hussein Abdelwahab Mossa, and Aus A. Najim

Ancillary data are crucial in land use land cover (LULC) mapping process. This article’s 
goal is to investigate if adding Normalized Difference Vegetation Index (NDVI) and digital 
elevation model (DEM) data as ancillary data to the Landsat-8 spectral imagery in the 
support vector machine (SVM) classification process improves LULC mapping accuracy in 
GuaMusang, Malaysia.

517 Monitoring Environment Transformation Along the BTIC Railway 
Based on Remote Sensing by Utilizing the R_RSEI
Zhihua Zhang, Xiaowen Wu, Yikun Li, Kun Yan, Fan Zhang, Shuwen Yang, and Jun Yang

High-speed railway offers an opportunity to address the disparity between economic 
development and transportation capacity. With the large-scale running of the high-
speed railway, initial activities will impact the surrounding ecological environment. 
Ecological environment monitoring along the railway is very important. However, the 
current research focuses mainly on a single ecological index evaluation of ecological 
problems and mostly on the ecological evaluation along the highway, with less research 
on ecological monitoring along the high-speed railway. Moreover, the studies have 
not considered the comprehensive effects of multiple remote sensing indexes. Given 
the above scientific issues, taking the Beijing–Tianjin Intercity (BTIC) railway as the 
study area, we used the revised remote sensing–based ecological index (R_RSEI) to 
comprehensively analyze and evaluate the ecological environment quality along the BTIC 
railway from 2008 to 2020.

527 A Matching Optimization Algorithm About Low-Altitude Remote 
Sensing Images Based on Geometrical Constraint and Convolutional 
Neural Network
Yaping Zhang, Nan Yang, and Qian Luo

This article presents a novel matching optimization algorithm for low-altitude remote 
sensing images based on a geometrical constraint and a convolutional neural network 
(CNN). The proposed method was designed to be effective in enhancing the integrity and 
accuracy of point clouds generated by stereo matching. 

535 TPPI: A Novel Network Framework and Model for Efficient 
Hyperspectral Image Classification
Hao Chen, Xiaohua Li, Jiliu Zhou, and Yuan Wang

Hyperspectral image (HSI) classification is the most vibrant research field in the 
hyperspectral community, aiming to assign each pixel in the image to one certain land 
cover category based on its spectral or spectral-spatial characteristics. Recently, some 
spectral-spatial–feature deep learning–based convolutional neural networks have been 
proposed and demonstrated remarkable classification performance. However, these 
networks are time consuming when facing a real HSI in practical application. The trained 
model must be forwarded independently across m × m crops of the image in strides of 1 
pixel. In this article, an efficient and practical network was proposed for HSI classification 
that can take an HSI as an input instance and directly output a dense pixel-level 
classification map. 
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The chain of hundreds of low-lying islands, also called cays or keys, that extend 
from southern Florida are relics of a time when global sea levels were higher 
than today. About 125,000 years ago, during a warm interglacial period, water 
covered the area.

However, the sea was shallow enough that big communities of coral flourished 
just below the surface and built up reefs. As time passed and an ice age took 
hold, sea levels dropped and the tops of some reefs—as well as some sand 
bars—began to poke above the water surface. Over time, material from these 
exposed reefs and sand bars hardened and fossilized, forming the sedimentary 
rocks that make up the modern Florida Keys.

On March 30, 2022, the Operational Land Imager (OLI) on Landsat 8 captured 
these natural-color views of the islands. North and west of the island chain, 
light passing through shallow waters and reflecting off the sea grass beds and 
sandy bottoms of Florida Bay gives this part of the scene a green-yellow hue. 
The light blue line south and east of the islands is a living coral reef system—
among the largest in the world. Deeper water beyond the edge of the Florida 
platform appears dark blue.

Many of the Florida Keys fall within the boundaries of national parks. Biscayne 
National Park includes several of the northernmost keys. Most of those within 
Florida Bay are part of Everglades National Park. The westernmost keys fall 
within Dry Tortugas National Park. The Florida Keys National Marine Sanctuary 
protects many of the keys as well.

More than 80,000 people live on 30 populated islands, and several million 
people visit the Florida Keys each year. Still, some parts of Big Pine Key and 
several other islands retain patches of pine rockland, an unusual ecosystem 
found exclusively in southern Florida. In these areas, scattered slash pine soars 
over an understory of palms, palmettos, berries, grasses, and several types of 
herbaceous plants.

While falling sea levels brought the Florida Keys into existence, rising seas now 
pose a threat to their long-term existence. Sea level rise projections from the In-
teragency Sea Level Rise Scenario Tool (published by NASA’s Sea Level Change 
Team) indicate that Key West could experience between 0.45 and 2.16 meters (1 
and 7 feet) of sea level rise by 2100.

For more information and to see the complete image, visit https://landsat.
visibleearth.nasa.gov/view.php?id=149886. 

NASA Earth Observatory images by Lauren Dauphin, using Landsat data from 
the U.S. Geological Survey. Caption by Adam Voiland.

www.facebook.com/ASPRS.org
www.twitter.com/ASPRSorg
www.youtube.com/user/ASPRS
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Question: I have a few questions related to the use of the ASPRS 
Positional Accuracy Standards for Digital Geospatial Data of 2014:

1. If a project in which lidar and imagery were acquired for the 
same client under the same contract consists of two or more 
distinctly separate, non-contiguous blocks, can they or should 
they be combined when considering the recommended number 
of ground control points (GCPs) and checkpoints required for 
non-vegetated vertical accuracy (NVA) and vegetated vertical 
accuracy (VVA) testing?

2. Can you elaborate on accuracy thresholds in the current 
standard for surveyed ground control and checkpoints? Do you 
think it is practical on a regular basis to provide GCPs that are 
four times more accurate and checkpoints that are three times 
more accurate than the desired quality level for the aerial data?

3. In some cases, it is impossible or not practical to establish 
ground control in locations that are ideal for the even distribution 
of GCPs and checkpoints throughout a project. When it is not 
possible due to limited access or other issues, what do you 
suggest?

4. Would you elaborate on the minimum number of NVAs and VVAs 
for vertical verification?

5. Please discuss the use of standard deviation as a measure of 
the “accuracy” or “precision” evaluator for individual ground 
surveyed GCPs and checkpoints. 

Jim Gillis, Survey Manager, VeriDaaS Corporation 

Dr. Abdullah: Thanks for your questions, Jim. You bring up 
important topics that others in the industry have expressed 
concern about. I will address your questions in the order 
asked: 
1. Should you combine GCPs and checkpoints for non-contiguous 

areas? That depends on the way the data were pro-
cessed. For the photogrammetric processing of imagery, 
if an entire project area is processed as a single entity 
in one aerial triangulation block, and each of these sub-
areas contains at least one ground control point, then 
I do not see why you can’t use the minimum number of 
GCPs or checkpoints recommended by the standard for 
the project. This also applies to lidar data. If the calibra-
tion and boresighting of the data for the entire project 
area were performed in one session using a single set of 

calibration, then my previous suggestion for the imag-
ery can be used. However, if each subarea of the project 
is processed individually, then a data accuracy assess-
ment should be performed for each subarea as if it was 
a separate project. In the latter example, you would 
then combine the results from testing all subareas to 
achieve project-wide accuracy statistics.

2. GCP and checkpoint accuracy thresholds: As you referenced, 
the current edition of the standard calls for GCPs 
used for photogrammetric processing to be four times 
more accurate than the derived mapping product and 
for the accuracy of checkpoints to be three times more 
accurate than the tested product. It is worth mention-
ing here that the current standard does not provide 
guidance on the accuracy of ground control points used 
for Lidar data processing, but we do plan to add such 
a requirement to the coming revised edition. Anyhow, 
user experience tells us that these requirements are a 
little aggressive and can be difficult to meet—especially 
when dealing with products that require to meet an 
accuracy of 5cm or better. These accuracy thresholds 
were put in place to provide a reasonable product safety 
measure that was in line with the best practices and 
mapping technologies used at that time. However, since 
that standard was published, our processes and sensor 
technologies have become more refined, and the mar-
gin for error has diminished. Additionally, the demand 
for highly accurate products has increased. This has 
strained our surveying techniques in an attempt to meet 

“The RMSE value models random error and 
biases, while the standard deviation represents 
only random error and does not indicate the 
presence of biases in the data”
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this tight product accuracy requirement for the ground 
control network. For example, we started seeing more 
demand for lidar data that meet U.S. Geological Sur-
vey Quality Level 0 (QL0) accuracy of 5cm (as RMSEz). 
According to the current standard, you need checkpoints 
that are three times more accurate than the 5cm to 
verify the vertical accuracy of that product. That means 
the survey network of checkpoints need to achieve a 
vertical accuracy of 1.67cm. We all know that this tight 
vertical accuracy is difficult, if not impossible, to achieve 
using the popular RTK surveying techniques. To survey 
checkpoints with a vertical accuracy of 1.67cm, you need 
to use more expensive field surveying techniques that 
make the project extremely cost-prohibitive, especially 
for larger survey areas. To remedy the situation and ad-
dress how processes and technologies that have evolved, 
ASPRS is revising the standard. Work is underway and, 
hopefully by the end of this year, ASPRS will publish a 
new standard that includes a less stringent requirement 
for GCP and checkpoint accuracy. 

3. Even distribution of GCPs and checkpoints: Being able to 
evenly distribute GCPs and checkpoints throughout a 
project area on a regular basis is a common and valid 
concern. Although the ASPRS standard and the Nation-
al Standard for Spatial Data Accuracy guidelines call 
for an even distribution of the ground control network, 
it is widely acknowledged that this requirement cannot 
always be met for multiple reasons, including ground 
cover and site access restrictions. In the coming edition 
of the ASPRS standard, we will note that under these 
circumstances, the data provider, in consultation with 
the data user, will distribute the ground control network 
based on site circumstances to the best of their ability.   

4. The minimum number of checkpoints for NVA and VVA accuracy 
verification: In a scientifically sound test, the size of the 
sample, which is the number of checkpoints in our case, 
needs to be large enough to represent the population, 
which is the geospatial data we are testing. The standard 
in Table C.1, provides recommendations for the number 
of checkpoints necessary to assess NVA and VVA. The 
recommended number of checkpoints is a function of the 
project size, and that number grows as the project area 
increases. As provided in that table, the minimum num-
ber of checkpoints for any project is 20 for NVA testing 
and 25 for NVA and VVA testing (20 for NVA and 5 for 

VVA). This is another area in which you will see a major 
change in the recommended number of checkpoints when 
the new edition of the standard is published.

5. The use of standard deviation as a measure of the “accuracy” or 
“precision” evaluator for the individual ground surveyed GCPs 
and checkpoints: When we authored the first edition of 
the standard in 2014, there were discussions on whether 
we should use the standard deviation instead of the root 
mean square error (RMSE). We ended up adopting the 
use of root-mean-square (RMS) instead for the reasons 
explained in the next few paragraphs. When the data is 
free of systematic error or biases and only random error 
exists in the data, the standard deviation and RMSE 
values are almost identical. However, using the RMSE 
has an advantage, and it provides a safeguard for the 
industry, especially when the data contains biases. The 
RMSE value models random error and biases, while the 
standard deviation represents only random error and 
does not indicate the presence of biases in the data. A 
technician who is evaluating product accuracy may not 
have the necessary statistical understanding of errors 
theory and may only be trained to watch for the accuracy 
threshold. For this technician, the same dataset in the 
presence of biases will present them with two accuracy 
numbers; for example, a standard deviation value of 5cm 
and an RMSE value 9cm. If the product needs to meet 
an accuracy of 5cm, looking at the standard deviation 
alone, the technician will pass the quality and certify 
the data as meeting the promised specifications. While if 
the technician is presented with RMSE only, they would 
declare that the data does not meet the specification. 
This is a broad explanation to clarify this question. If the 
technician has the necessary education and can evaluate 
the mean of the statistics, which in most cases reveals 
the presence of biases, the technician may realize that 
there are systematic errors, or biases, in the data that 
need to be dealt with despite the fact that the data 
accuracy represented by the standard deviation is within 
the project specifications. To illustrate the problem of 
using the standard deviation versus RMSE, Table 1 lists 
details of actual vertical accuracy assessment of a point 
cloud from a UAS using 28 checkpoints. The vertical 
accuracy threshold for the project was set to be 0.10 ft. 
as RMSEz. 

The results of the computations presented in the last few 
rows of Table 1 are highlighted in Table 2.

“the current edition of the standard calls for GCPs 
used for photogrammetric processing to be four 
times more accurate than the derived mapping 
product and for the accuracy of checkpoints to 
be three times more accurate than the tested 
product.”

“In a scientifically sound test, the size of the 
sample, which is the number of checkpoints in 
our case, needs to be large enough to represent 
the population, which is the geospatial data we 
are testing”
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Table 1.

Point ID Surveyed Elevation UAS Elevation Residual Values (ft.) Delta Z after Z-bias 
Removed (ft.)Easting (ft.) Northing (ft.) Elevation (ft.) Elevation (ft.) Error in Elevation (ft.)

CP_1 2447813.6658 320999.2773 1091.2897 1091.0405 0.2492 0.0033

CP_2 2447783.7307 321113.7985 1095.1525 1094.9447 0.2078 -0.0381

CP_3 2447759.1650 321215.2972 1098.3978 1098.1479 0.2499 0.0040

CP_4 2447733.0793 321308.6243 1101.5030 1101.2323 0.2707 0.0248

CP_5 2447700.7566 321419.0448 1105.1964 1104.9249 0.2715 0.0256

CP_6 2447674.8168 321511.8570 1108.2950 1108.0041 0.2909 0.0450

CP_7 2447653.6632 321604.4581 1111.2501 1110.8518 0.3983 0.1524

CP_8 2447626.2922 321705.3985 1114.6540 1114.3570 0.2970 0.0511

CP_9 2447596.3534 321793.1424 1117.6797 1117.3404 0.3393 0.0934

CP_10 2447571.4603 321890.3933 1120.9124 1120.8596 0.0528 -0.1931

CP_11 2447546.6611 321995.9759 1124.4512 1124.1878 0.2634 0.0175

CP_12 2447526.5566 322083.3588 1127.2359 1126.9793 0.2566 0.0107

CP_13 2447500.2614 322166.6011 1130.1904 1129.8961 0.2943 0.0484

CP_14 2447466.4229 322281.2289 1134.0343 1133.8363 0.1980 -0.0479

CP_15 2447308.6649 322248.5215 1138.2702 1138.0751 0.1951 -0.0508

CP_16 2447344.7171 322148.4501 1134.5498 1134.3433 0.2065 -0.0394

CP_17 2447365.3790 322069.0943 1131.7290 1131.6055 0.1235 -0.1224

CP_18 2447397.6980 321961.4341 1127.9513 1127.8022 0.1491 -0.0968

CP_19 2447432.4695 321852.6548 1124.1650 1124.0704 0.0946 -0.1513

CP_20 2447461.1104 321756.1124 1120.7587 1120.4909 0.2678 0.0219

CP_21 2447488.2891 321668.7552 1117.6552 1117.3064 0.3488 0.1029

CP_22 2447517.8379 321559.0553 1113.8186 1113.5437 0.2749 0.0290

CP_23 2447551.4267 321449.0224 1110.0430 1109.8008 0.2422 -0.0037

CP_24 2447574.2564 321367.1508 1107.0800 1106.8535 0.2265 -0.0194

CP_25 2447603.1840 321268.4371 1103.5923 1103.2865 0.3058 0.0599

CP_26 2447630.6428 321182.1303 1100.5619 1100.2992 0.2627 0.0168

CP_27 2447658.1476 321084.4832 1097.1436 1096.9267 0.2169 -0.0290

CP_28 2447691.2635 320973.0090 1093.2373 1092.9071 0.3302 0.0843

Number of checkpoints 28 28

Mean error 0.246 0.000

Standard deviation (StDEV) 0.076 0.076

Root mean square error (RMSEz) 0.257 0.075

NSSDA vert accuracy at 95% accuracy level 0.504 0.147

NSSDA vert accuracy at 95% accuracy level after  
Z-bias removal 0.147  

Table 2.

Number of Checkpoints 28 28

Mean error 0.246 0.000

Standard deviation (StDEV) 0.076 0.076

Root mean square error (RMSEz) 0.257 0.075

NSSDA vert accuracy at 95% accuracy level 0.504 0.147

NSSDA vert accuracy at 95% accuracy level after  
Z-bias removal 0.147  

“For the photogrammetric processing of imagery, 
if an entire project area is processed as a single 
entity in one aerial triangulation block, and each 
of these subareas contains at least one ground 
control point, then I do not see why you can’t use 
the minimum number of GCPs or checkpoints 
recommended by the standard for the project.”
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As you may notice, the computed standard deviation val-
ue of 0.076 ft. is well within the accuracy requirement 
for the project of 0.10 ft. A technician looking only at the 
standard deviation will qualify the data as meeting spec-
ifications. While looking at the RMSEz value, it clearly 
indicates that the data fails the accuracy test. Unlike 
the standard deviation value of 0.076 ft., the value of 
RMSEz = 0.257 ft. will trigger an alarm for the techni-
cian. If we look at the mean error of 0.246 ft., it indicates 
a bias in the data and most of the bias can be removed 
if we Z-bumped the data by 0.246 ft. Once the data are 
raised or lowered by the amount of the bias of 0.246 ft. 

and the test is repeated, the RMSE value comes down to 
0.075 ft. as illustrated in the far right column of the ta-
ble. Once we removed the bias from the data, the RMSE 
value becomes very close to the standard deviation 
value. This example highlights the importance of using 
RMSE when evaluating accuracy of geospatial data. 

**Dr. Abdullah is Vice President and Chief Scientist at 
Woolpert, Inc. He is also adjunct professor at Penn State and 
the University of Maryland Baltimore County. Dr. Abdullah 
is ASPRS fellow and the recipient of the ASPRS Life Time 
Achievement Award and the Fairchild Photogrammetric Award.

The contents of this column reflect the views of the 
author, who is responsible for the facts and accura-
cy of the data presented herein. The contents do not 
necessarily reflect the official views or policies of the 
American Society for Photogrammetry and Remote 
Sensing, Woolpert, Inc., NOAA Hydrographic Services 
Review Panel (HSRP), Penn State, and/or the Univer-
sity of Maryland Baltimore County.

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

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

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

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

* Plus shipping

LANDSAT’S ENDURING LEGACY

Pioneering Global Land Observations from Space

Landsat Legacy Project Team

Landsat’s Enduring LEgacy
Pioneering global land observations from sPace

Order online at 
www.asprs.org/landsat
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The Esri GIS suite, both ArcGIS Desktop and ArcGIS Pro 
have a variety of incredible tools available to the user com-
munity. Most of the power-GIS users look for those special-
ized geoprocessing tools and Python code snipets to make 
their lives easier. Some are more obvious, while others may 
be hidden features, that when discovered will make a world 
of difference to everyday life for both a casual user and to 
someone who is a daily software user. 

This month’s tip highlights the ArcMap (Desktop and Pro) 
Effects Toolbar, but similar tools are also available in Global 
Mapper (the Image Swipe Tool) and in QGIS (Map Swipe), 
although not quite as tightly bundled as in ArcMap. The 
Effects Toolbar offers someone working with ArcMap the 
ability to toggle between two different layers without switch-
ing them on or off. The SWIPE tool provides the functional-
ity of being able to compare the two layers by letting the user 
“swipe” across their map, either horizontally (left to right) or 
vertically (top to bottom) in order to reveal the layer under-
neath the “swipe” layer. One benefit is that the “swipe layer” 
can be either a vector or raster layer.

Once the ArcGIS Effects Toolbar (Figure 1) is activated (in 
ArcGIS Desktop open the Customize | Toolbars and scroll 
down to “Effects”) and a layer is loaded into the tool using the 
dropdown arrow, you will see that the Effects Toolbar has four 
“bundled” tools, including (from left to right) a contrast (black/
white circle), brightness (sun icon), a transparency slider(-
see-through map icon), and a basemap dim slider (dimmed 
out icon). The bundled tools activate depending on the type 
(raster/vector/basemap) loaded. The SWIPE tool (highlighted 
in Figure 1) is activated regardless of the layer type. 

One of the many ways that we use the tool on an everyday 
basis is when using orthoimagery to provide spatial context 
to an area while trying to understand the area’s complex 
topography. With this tool, both digital ortho-imagery and 
a Digital Elevation Model (DEM) raster can be visualized to 
slide across each other, either vertically or horizontally, on 
the map under the control of the user.

In the example below, we are trying to understand the 
placement of a USGS National Hydrography Dataset (NHD) 
flowline relative to a recent ortho-image and a lidar-derived 
DEM. The NHD flowline is symbolized as a thick blue line 
(topmost layer), followed by the ortho-imagery (from ArcGIS 
On-line), the lidar-derived 1m DEM (set to 45% transparen-
cy) and a 5X exaggerated Hillshaded version of that DEM.

Using the SWIPE function of the toolbar is very easy, just 

1. Select and load the ortho-image into the toolbar with the 
Drop-down arrow (Figure 2),

2. Select (click on) on the SWIPE tool on the toolbar  
(Figure 3),

3. Left-click, hold and drag the mouse on the ArcGIS can-
vas, either horizontally or vertically

And the ortho-image will reveal the hillshaded-DEM as you 
move the mouse.

The workflow in ArcGIS Pro is, of course, “Ribbon”-based 
rather than toolbar- based as in ArcGIS Desktop, but the 

Visualizing Two Raster Layers Simultaneously is Just A Swipe Away

Sebastian Khidhayir-Greco & Al Karlin, 
Ph.D., CMS-L, GISP 

Photogrammetric Engineering & Remote Sensing
Vol. 88, No. 8, August 2022, pp. 498-499.

0099-1112/22/498-499
© 2022 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.88.8.498

Figure 1. The Effects Toolbar in ArcGIS Desktop.

GIS &Tips     Tricks

Figure 2. Loading a raster layer into the Effects Toolbar

Figure 3. Selecting the SWIPE tool on the Effects Toolbar
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same tools are bundled, and a similar work can be easily 
followed. Instead of loading a layer into a toolbar, simply 
position/order the layers in the Contents panel, select (left-
click on) the layer that you want to SWIPE. Then use the 
Appearance Tab on the ribbon (Figure 5) to activate the 
SWIPE tool and swipe away!

It is really that easy.

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

Sebastian Khidhayir-Greco is a Solution Engineer with 
Esri.  He has a both a scientific and technical background 
and has worked on a variety of lidar and mapping projects. 
Al Karlin, Ph.D., CMS-L, GISP is with Dewberry’s Geospa-
tial and Technology Services group in Tampa, FL. As a se-
nior geospatial scientist, Al works with all aspects of Lidar, 
remote sensing, photogrammetry, and GIS-related projects. 

Figure 4. Swiping from left to right the ortho-image layer (loaded into the Effects Toolbar) to reveal the DEM

Figure 5. The ArcGIS Pro Ribbon showing the Swipe tool on the “Appearance Tab”.

ASPRS WORKSHOP 
SERIES

It’s not too late to 
earn Professional 
Development Hours

Miss an ASPRS Workshop or 
GeoByte? Don’t worry! Many 
ASPRS events are available 
through our online learning 
catalog.

https://asprs.prolearn.io/catalog
Image Priscilla Du Preez on Unsplash.
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by Clifford J. Mugnier, CP, CMS, FASPRS

Iceland’s first inhabitants were Irish monks 
who regarded the island as a hermitage until 
the early 9th century. “Lyoveldio Island” was 

permanently settled mainly by Norwegians and 
by some British Isles Vikings in 874 AD. The 
National Assembly or “Althing,” was the world’s 
first parliamentary system in 930. Christianity 
was adopted (under threat of sword!) in 999, 
and Iceland united with Norway in 1262. Leif 
Eiriksson was born in Iceland, and he sailed from 
Greenland to become the first European to reach 
North America (Vinland the Good) in 1000. In 
1380, Iceland united with Denmark, and by Act of 
Union in 1918, became an independent kingdom 
in personal union with Denmark. Iceland became 
a constitutional republic and independent from 
Denmark on 17 June 1944.
The terrain is mostly plateau interspersed with mountain 
peaks and ice fields. The coast is deeply indented by bays 
and fiords. With a coastline of 4,988 km, the highest point 
is Hvannadalshnúkur (2,119 m). The land area of Iceland is 
slightly smaller than Kentucky. The maritime claim is 200 
nautical miles or to the edge of the continental margin, and 
the territorial sea claim is 12 nautical miles. Iceland’s mar-
itime claims use the “straight baseline system,” which are 
ellipsoidal loxodromes (rhumb lines) that connect 31 points 
on the coastline perimeter.

According to the National Land Survey of Iceland or Land-
mælingar Íslands (LMÍ), “It is believed that Guðbrandur 
Þorláksson, the bishop at Hólar, was the first Icelander to 
be involved in mapmaking. Guðbrandur lived from 1541 
to 1627 and measured the global position of Hólar with 
amazing precision. A map named after him was published 
in 1590. Björn Gunnlaugsson, a teacher at Bessastaðaskóli 
School, made a map of Iceland in 1844. The map was named 
after him and used for the next 100 years!”

The Reykjavík Datum of 1900 was established by the 
Danish Army General Staff and published in the Geodætisk 
Instituts Publikationer VII, Island Kortlægning where: Φo = 
64º 08´ 31.88˝ N and Λo = 34º 30´ 31.5˝ West of Københavns 
(Copenhagen) or Λo = 21º 55´ 51.15˝ West of Greenwich. 
The ellipsoid of reference was the Danish (Andræ) 1876 
where a = 6,377,019.25666 m and 1/f = 300. The classical 
triangulation was initially used for planetable mapping at 
the scale of 1:50,000, but the publication scale was changed 
to 1:100,000 seven years later. Thirty years thereafter, 
the first oblique aerial photography was flown in Iceland. 
The original grid system used for the Reykjavík Datum of 
1900 was the Islandic Conformal Conic where: the latitude 
of origin, jo = 65º 00´ N, the central meridian, lo = 19º 01´ 
19.65˝ West of Greenwich, and the scale factor at origin, mo 
= 1.0 (tangent conic). There was no false origin used with 
the grid associated with the Reykjavík Datum of 1900. How-
ever, since the conformal conic projection used in Denmark 
at the time was termed the “Buchwaldt projection,” that 
term might have been also used in Iceland. Colonel Frants 
Andræs Buchwaldt (1874-1923) was the director of the 

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

REPUBLIC OF 

ICELAND

Photogrammetric Engineering & Remote Sensing
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Army Map Service Memo on old WWII-era Maps 
of Iceland and their Cartometric Evaluation 

As of 20 December 1946, a cartometric analysis of Islandic source material by William W. Baird of Army Map Service 
stated:

“SUBJECT: Geodetic investigation of source material for 
AMS 1:50,000 series of Iceland (40045-3, 4, 4) 

1. Map series investigated:
a. S30-DGS-50 
b. S30-GSGS-50 (Grid Shown) 
c. 3-30-37003-100 
d. S30-GI-100 
e. S30-GSGS-100 
f. S30-AMS-100 

2. 1:50,000 
The two sets of 1:50,000’s have only partial coverage 
of Iceland. The 50’s are quarters of the 100’s - detail, 
features and elevations agree. Both sets of 50’s 
carry a projection based on Copenhagen. To convert 
to Greenwich a correction of –12o 34´ 40.35˝ must be 
applied to the meridians. 

a. S30-DGS-50 
The mean differences (control-scaled) were 
Longitude 1.6˝ and Latitude 1.0˝. Maximum 
differences were Longitude from +12.0˝ to –2.2˝ 
and Latitude from +2.3˝ to –0.7˝. 

b. S30-GSGS-50 
The mean differences (control-scaled) were 
Latitude 1.4˝ and Longitude 1.4˝. Maximum 
differences were Latitude from –2.8˝ to +0.3˝ and 
Longitude from –3.3˝ to +0.3˝. 
At the scale of 1:50,000, one second of Latitude 
equals .024 inches and one second of Longitude 
equals .010 inches. 

3. 1:100,000 
The 1:100,000 series has almost complete coverage 
of Iceland and on most of the sheets the projection is 
based on Greenwich, but a few sheets carry meridi-
ans based on Copenhagen. To convert to Greenwich, 
use the same correction as was given for the 50’s. 

a. 3-30-37003-100 and S30-GI-100 are original 
Danish map work. S30-GSGS-100 is a British 
G.S.G.S. War Office series and S30-AMS-100 is 
an A.M.S. redraft of the G.S.G.S. series. All four 
series seem equally reliable for most areas, but 
the original Danish maps have a few spots which 
do not agree with the control values by several 
seconds, mostly in the vicinity of Akureyri. 

b. About fifty points were scaled from the various 
1:100,000 series and the mean differences (con-
trol-scaled) were Longitude 3.7˝ and Latitude 
1.5˝. Maximum differences were Longitude –0.5˝ 
to +28.1˝ and Latitude from –1.4˝ to +3.4˝. 

4. Horizontal Datum 
The horizontal datum appears to be based on the 
astronomical station of Reykjavik. 

Latitude. 64º 08´ 31.88˝ N. 
Longitude 34º 30´ 31.5˝ W. –

Meridian of Observatory at Copenhagen 
Longitude. 21º 55´ 51.15˝ W. – Greenwich 

5. Vertical Datum – Mean Sea Level 
To determine the altitude of certain convenient 
points a levelling was carried to them starting from 
mean sea level and ending on trigonometric stations 
near the coast and from these points the height of 
all other points was determined by trigonometric 
leveling. 

6. Recommendations 

a. The 1:50,000 maps appear to be sufficiently accu-
rate to be used for position in the contemplated 
new 1:50,000 series of Iceland. 

b. The 1:100,000 series is not as accurate as the 
50 series. The position of control points is fairly 
reliable but the detail between control stations 
is generalized and does not agree exactly with 
multiplex compilations made in a stereo test for 
portions of two sheets.”
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Geodetic Service of Denmark. (I have noticed that one ref-
erence published by LMÍ includes a Danish paper authored 
by another Buchwaldt in 1976.) The datum shift parameters 
(in standard military “3-parameter Molodensky” form) from 
the Reykjavík Datum of 1900 to the WGS 84 Datum are: ∆a 
= –1118 m, ∆f = –0.0000195, ∆X = –636 m, ∆Y = +21 m, ∆Z 
= –934 m. An official notice states, “All maps on a scale of 
1:100,000 published by Landmælingar Íslands are currently 
provided in Reykjavík 1900 datum. In the available map 
scales Reykjavík 1900 differs significantly from WGS84. … 
In case of the 1:50,000 map scale the available maps are pro-
vided in two different series first published before and after 
1955. For those published after 1955 the horizontal datum is 
Hjörsey55 as indicated in the map legend. For those pub-
lished before this threshold the phrase Horizontal Datum is 
based on the Astronomic Station of Reykjavík; 21°55´51.15˝ 
West of Greenwich, 64°08´31.88˝ indicates the Reykjavík 
1900 datum. For a variety of technical reasons it is impossi-
ble to obtain transformation parameters with high accuracy 
and nationwide validity. However, for navigational purposes 
(e.g. hiking) a set of transformation parameters has been 
derived from graphical comparisons. Although they proofed 
(sic) to be useful for orientation with the LMÍ maps they do 
NOT provide geodetic accuracy! In average, from WGS84 
towards Reykjavík 1900, a point requires a horizontal shift 
of approx. 200m westwards resp. 25m southwards (±25m).”

The same document that originally listed the Reykjavík 
Datum of 1900 included another, the Akureyri Datum of 
1900. Thanks to John W. Hager: “For Akureyri I have lati-
tude (Φo) = 65º 40´ 15.2˝ N ±0.2˝ or 15.8˝ N ±0.1˝ and longi-
tude (Λo) = 18º 05´ 12.6˝ W ±09.0˝. … I was in Akureyri ear-
lier this year and tried, using my GPS, to locate the position 
but was not able to do so. Time was very limited. Suspect 
that the point is in the area of the botanical gardens and the 
hospital.” Although this apparent “astro” station represents 
an obsolete local datum, the U.S. Army Map Service (AMS) 
noticed that several 1:100,000 scale maps in the region of the 
town of Akureyri “did not agree with the control values by 
several seconds (of arc – Ed.).” This notation was dated 20 
December 1946 by William W. Baird, AMS.

When Denmark was occupied during WWII, Iceland peti-
tioned for independence. That was granted in 1944 as 
mentioned above, and the United Kingdom and the United 
States subsequently moved in because of wartime concern 
for the island’s vulnerability. An interim datum was com-
puted apparently for cartometric purposes and is locally 
termed the Reykjavík 1945 datum referenced to the Hayford 
1909 (International 1924) ellipsoid. In 1955, a new classical 
triangulation and geodetic survey was initiated by Denmark 
and the United States. The following year, the LMÍ was 
founded. The new survey established the Hjörsey Datum of 
1955 where: Φo = 64º 31´ 29.26˝ N and Λo = 22º 22´ 05.84˝ 
West of Greenwich and the ellipsoid of reference is the 
Hayford 1909 (International 1924) where: a = 6,378,388 m 

and 1/f = 297. The grid system devised by AMS for the new 
datum was the Icelandic Gauss-Krüger Transverse Mercator 
with four belts (1-4) where the central meridians, lo = 15ºW, 
18ºW, 21ºW, and 24ºW, the scale factor at origin, mo = 1.0, 
and the False Easting of each belt = 500 km. However, it 
appears that LMÍ ignored the Transverse Mercator devised 
by AMS and instead utilized another Lambert Conformal 
Conic zone where: the latitude of origin, jo = 65º 00´ N, the 
central meridian, lo = 18º West of Greenwich, and the scale 
factor at origin, mo = 1.0 (another tangent conic), and the 
False Easting = False Northing = 500 km. The datum shift 
parameters published by NGA in TR8350.2 from the Hjörsey 
Datum of 1955 to the WGS 84 Datum are: ∆a = –251 m, ∆f = 
–0.14192702, ∆X = –73 m ±3 m, ∆Y = +46 m ±3 m, ∆Z = –86 
m ±6 m, and this solution is based on 6 points. A 7-param-
eter Bursa-Wolfe transformation published by LMÍ from 
the Reykjavík Datum of 1900 to the Hjörsey Datum of 1955 
(rotations changed to the U.S. Standard –Ed.) is where: ∆X 
= +629.020 m, ∆Y = –214.701 m, ∆Z = +1028.364 m, Rx = 
–4.154˝, Ry = +0.269˝, Rz = +2.279˝, ∆s = –3.729.

A geodetic surveying campaign was carried out by “Icelan-
dic and German agencies for the purpose of establishing a 
new horizontal geodetic datum in Iceland. The work cul-
minated in a GPS-campaign named ISNET93 during 3-13 
August 1993. The associated new geodetic datum is named 
ISN93. It will replace the Hjörsey-1955 datum established 
by terrestrial observations in 1955-56.” (GPS-mælingar í 
grunnstöðvaneti 1993). A 7-parameter Bursa-Wolfe trans-
formation published by LMÍ from the Reykjavík Datum of 
1900 to the ISN93 (rotations changed to the U.S. Standard 
– Ed.) is where: ∆X = +556.020 m, ∆Y = –168.701 m, ∆Z = 
+942.364 m, Rx = –4.154˝, Ry = +0.269˝, Rz = +2.279˝, ∆s = 
–3.729, and the ellipsoid of reference is the GRS 1980 where 
a = 6,378,137 m, and 1/f = 298.257222101. LMÍ does offer a 
free interactive coordinate transformation service (cocodati) 
through the Internet. The new grid system adopted is the 
secant Lambert Conformal Conic projection with standard 
parallels 65º 45´ N and 64º 15´ N, and central meridian 19º 
W. False Eastings = False Northings = 500 km at 65º N and 
19º W. The GPS network consists of 119 stations, of which 
63 are pillars and the remainder are benchmarks in bedrock. 
Thanks to Gunnar Þorbergsson for his historical accounts of 
the Icelandic datum relations recorded in exquisite detail.

Republic of Iceland Update
“In the summer of 2016, the National Land Survey of Iceland 
(NSLI) re-measured the national geodetic reference sys-
tem. The Icelandic Geodetic Reference System is the basis 
for all other surveys in Iceland and is used for example in 
construction, detailed mapping or monitoring volcanoes. In 
addition to data from about 100 permanent stations, the 
NLSI surveyed 150 benchmarks during the campaign. The 
initial results of these surveys were available at the end of 
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December and revealed that the country continues to drift 
apart at a very steady rate of about 1 cm per year in each 
direction. This is though not always the case in the most 
active geological areas in Iceland where this movement is 
not as homogenous in speed or direction. Movements north 
of Vatnaj kull glacier stand out as a result of the Holuhraun 
eruption in 2014-2015. Significant elevation changes are also 
seen in that 12-year period. The greatest land uplift was sur-
veyed in J kulheimar on Vatnaj kull glacier, about 40 cm. It 
can be presumed that the reasons are thinning of the icecap 
and there is also evidence of increased magma in the magma 
chambers underneath the glacier. In comparison, the uplift 
in the period 1993 to 2004 was 20 cm. It is also interesting 
to note that around the geothermal power plants in Hengill 
and Reykjanes there is a subsidence of 1.5 cm per year, or 18 
cm since 2004. Elevation changes along the beach are also 
important as they can either work with or against the effects 
of rising sea level. It is very important that the new datum is 
made available as soon as possible because it can be assumed 
that the distortion in the current datum (ISN2004) is 20-60 
cm and distortion of ISN93 is 40-90 cm.

“The IceCORS Network at the NLSI will play a key in 
making it possible to have a semi-dynamic datum in Iceland. 
The permanent stations are essential to improve the quality 
of geodetic work, whether it is for construction or for moni-
toring natural hazards such as volcanos. Users can use the 

data from the permanent stations, free of charge, to correct 
their own data, either in real time or for post-processing. 
Two stations were added to the IceCORS Network in 2016. 
Both stations are operated by the Icelandic Meteorological 
Office, one is at Selfoss airport and the other at Nýlenda 
farm in Reykjanes. In total, the network now has 18 stations 
connected, but to ensure demands for accuracy 13 more are 
planned for a network with 31 permanent stations in service.

“Rising temperatures and melting of the Arctic icecap is 
something which will inevitably contribute to sea level rise 
in the world. In order to monitor sea level, it is important 
to have a network of tide gauges in the country and connect 
it to the Icelandic Vertical Reference System ISH2004. The 
NLSI has emphasis on determining the mean sea level of 
Iceland and that an accurate coastline will be calculated. 
Functioning and calibrated network of sea level gauges 
around the whole country is one of the prerequisites for that 
to be possible.” National Land Survey of Iceland Annual 
Report 2016 – UN-GGIM.

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

This column was previously published in PE&RS.
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ALLEN CORAL ATLAS: 
A NEW TECHNOLOGY FOR CORAL REEF CONSERVATION
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Coral reef managers and decision makers at multiple scales need 
information, in near real time, to react to the increasing threats facing reefs. 
However, more than three quarters of the world’s coral reefs have never 
been mapped and lack monitoring. To address this knowledge gap and to 
support, inform, and inspire critical actions to manage and protect coral 
reefs, the Allen Coral Atlas combines high resolution satellite imagery, 
machine learning, and field data to produce globally consistent benthic and 
geomorphic maps and monitoring systems of the world’s coral reefs. The 
initiative’s goal is to help stakeholders ranging from local communities to 
regional and national governments reach their conservation targets and 
improve their coastal resilience. The multi-disciplinary partnership is led 
by Arizona State University, in collaboration with Planet, University of 
Queensland, and the Coral Reef Alliance.

Baseline maps have multiple uses, including: sustainable coastal 
development, site selection of marine protected areas, planning of restoration 
activities, and reef fisheries management. In this presentation, we will 
demonstrate how the Allen Coral Atlas supports data-driven management, 
conservation, and restoration of coral reefs at local, national, regional, and 
global scales. We have developed online courses to facilitate increased use 
and impact of the Atlas, and are collaborating with networks of individuals 
and institutions who can be alerted when changes are detected (e.g., large-
scale bleaching or sedimentation events).

Presenter: Brianna Bambic, National Geographic Society and Arizona State 
University

Brianna Bambic leads the Allen Coral Atlas Field Engagement team at the 
National Geographic Society and Arizona State University. With a coral 
reef biology and resource management background, she was an Independent 
Researcher for 7 years that culminated in a virtual reality experience of Half 
Moon Caye National Monument, Belize with a National Geographic Explorer 
Grant, helping communicate science to the public. Brianna received her MS 
in natural resource management from the University of Akureyri, Iceland 
in 2019. Her expertise includes coastal and marine management, global 
science communication, and developing capacity around remote sensing and 
mapping. With countless hours underwater and >700 logged dives, she loves 
spending time exploring the ocean.

All GeoBytes are complimentary for ASPRS and CaGIS members and $25 for 
non-members. Visit https://www.asprs.org/geobytes.html.
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ASPRS SEEKS PUBLIC 
CONTRIBUTION FOR DRAFTING 
BEST PRACTICES AND GUIDELINES 

ASPRS is in the process of revising the 
Positional Accuracy Standards for 

Digital Geospatial Data of 2014 (https://www.
asprs.org/news-resources/asprs-positional-
accuracy-standards-for-digital-geospatial-
data) and is seeking public contributions for 
drafting best practices and guidelines on the 
following topics:

1. Photogrammetric Mapping
2. Lidar Mapping:

a. Aerial Lidar survey
b. Mobile Lidar survey
c. Bathymetric Lidar survey

3. UAS-based Mapping:
4. Imagery
5. Lidar
6. Field surveying techniques 

The society invites public agencies, private companies, 
academia, and individuals to share their experience and 
existing best practices and guidelines to be included as 
addendums in the coming version of the accuracy standards. 
If interested, please contact the revision working group at 
accuracystandards@asprs.org.
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• Protecting the Places We Love: Conservation Strategies 
for Entrusted Lands and Parks

• Remote Sensing of Soils

• Spatial Analysis for Radar Remote Sensing of Tropical 
Forests

• Remote Sensing Applications in Environmental and 
Earth System Sciences

• Fundamentals of Capturing and Processing Drone 
Imagery and Data

• Remote Sensing of Turbulence

• GIS Automated Delineation of Hospital Service Areas

• Fundamentals of Spatial Analysis and Modelling

• Global Navigation Satellite Systems

Reviewers will receive a complimentary e-copy of the 
publication. In exchange, we ask that the reviewer write 
a 500-1000 word review. Visit http://www.asprs.org/wp-
content/uploads/2020/07/PERSBookReviewerGuidelines00.
pdf  to review the guidelines for writing a book review for 
PE&RS. Contact Dr. Sagar Deshpande at sagard79@gmail.
com if you have any questions. Who at ASPRS Do I Contact for…
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Incorporation of Digital Elevation Model, 
Normalized Difference Vegetation Index, and 

Landsat-8 Data for Land Use Land Cover Mapping
Jwan Al-Doski, Faez M. Hassan, Hussein Abdelwahab Mossa, and Aus A. Najim

Abstract
Ancillary data are crucial in land use land cover (LULC) mapping pro-
cess. This study goal is to investigate if adding Normalized Difference 
Vegetation Index (NDVI) and digital elevation model (DEM) data as 
ancillary data to the Landsat-8 spectral imagery (acquired on 14 
April 2016) in the support vector machine (SVM) classification process 
improves LULC mapping accuracy in GuaMusang, Malaysia. ENVI 
software was used to preprocess a single Landsat-8 image, convert 
it to reflectance, and calculate NDVI. ASTER-GDEM data were used to 
generate the DEM. The logical channel method was used to combine 
NDVI and DEM with Landsat-8 bands and limit the impact of shadows 
during SVM classification. The SVM accuracy was tested and evaluated 
on ancillary data and Landsat-8 spectral-based collection. The results 
revealed that the user’s accuracy and producer’s accuracy improved 
by 15.1% and 2.1%, for primary forest and by 17.93% and 28.86% 
for secondary forest, respectively. The classification reliability of the 
majority of LULC categories has increased significantly. Compared to 
SVM spectral-based set, the overall accuracy and kappa coefficient 
of the SVM ancillary-based set improved by 8.77% and 0.12, respec-
tively. In conclusion, this article demonstrated that integrating DEM 
and NDVI data improves Landsat-8 image classification precision.

Introduction
The district of GuaMusang is a mountainous province in southeast-
ern Kelantan, where major deforestation peaked in the early 1980s 
(Hossain et al. 2015). At the end of the 1980s and the beginning of the 
1990s, forest land cover in the area accounted for only 45%, and its de-
cline was due mainly to the demand for crops to feed the growing pop-
ulation (Pour and Hashim 2017). Natural forest still exists on land only 
at high altitudes due to access difficulties, while barren hills at lower 
altitudes have usually been reforested (Satyanarayana et al. 2011; Pour 
and Hashim 2017). The Malaysian forestry sector conducts surveys ev-
ery 10 years to evaluate the efficiency of the various reforestation pro-
grams utilizing several techniques besides satellite imaging assessment, 
such as forest inventory data or surveys and allometric techniques 
(Jusoff and Senthavy, 2003). While the latest satellite launches with 
increased spatial resolutions (e.g., Sentinel in 2017 and Landsat-8 in 
2013) give the opportunity for further comprehensive and precise land 
use land cover (LULC) mapping, because of their lower price and im-
mediate access, Landsat data are often preferred (Forkuor et al. 2018). 
However, when only spectral data are being used, the precision of LULC 

class identification is typically not high through image processing (Saha 
et al. 2005; Alsaaideh et al. 2013). Shadows are the major factors in 
mountainous terrain regions (Shahtahmassebi et al. 2013; Aboutalebi 
et al. 2019), such as GuaMusang, and these cause confusion around the 
classification of LULC based on satellite imagery. Although there is an 
absence of a technique for eliminating the impacts of shadows, there 
are some methods that can mitigate their effect and increase LULC class 
identification and mapping accuracy (Saha et al. 2005).

The common approach for improving LULC mapping accuracy is 
applying advance image classification algorithms. There are numer-
ous image classifiers available for LULC mapping, such as neural 
networks, decision tree classifiers, support vector machines (SVM), 
random forests, object-based approaches, subpixel-based models, and 
contextual algorithms. The SVM classifier is the most regularly utilized 
nonparametric statistical learning classifier without instability about the 
fundamental distribution of data (Trebar et al. 2008; Xie and Li 2014). 
Mostly, SVM technique performs better in terms of LULC classification 
and mapping (Foody et al. 2004; Petropoulos et al. 2010; Kavzoglu and 
Colkesen 2013; Xie and Li 2014). The SVM algorithm claims in aspects 
of the statement error to achieve the ideal separation hyperplane for a 
training data set. An extensive explanation of the SVM algorithm can be 
found in the literature (Burges 1998). Another way of reducing the im-
pacts of shadow and topographic on image classification and to improve 
mapping accuracy is by applying multisource data classification with 
the help of ancillary data  (Saha et al. 2005; Qiu et al. 2020). Ancillary 
data play a vital role in improving the LULC mapping process (Zhou 
2016), which is a common classification scheme based on differences 
in the NDVI, integrating ancillary data and/or information other than the 
remote sensing data that improves the classification accuracy (De Souza 
et al. 2013). The essential ancillary data that are applied to enhance the 
classification accuracy are the digital elevation model (DEM) and the 
Normalized Difference Vegetation Index (NDVI). The DEM and NDVI 
are incorporated into the classification system, leading to an increase of 
10% to 20% in the classification accuracy (Eiumnoh et al. 2000).

There are many approaches available for ancillary data integration 
in the image classification process. The ancillary data rule in improv-
ing the LULC mapping process is classified based on their procedure 
into three processes: before, during, and after the classification process. 
Integrating the so-called stratification once it is classified involves 
the splitting of the image into smaller scenes before classification in 
order to deliver spectrally alike categories to be separately classify. 
Integration after classification is focused on the issue that a single 
class of objects can be allocated to even more than one class due to 
the distinct spectral features of a specific class. There are two methods 
of integration of ancillary data during the classification. The first, the 
logical channel method, was introduced by Strahler et al. (1978) to 
improve the amount of data characteristics or channels used in the clas-
sification. The second is classifier alteration, which includes an a priori 
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change of probabilities based on a true structure of the anticipated item 
in accordance with image statistics, ancillary information, or a known 
connection between classes and ancillary information data (Mesev 
1998).

Vegetation indexes and terrain characteristics, such as elevation, 
slope, and dimension, were suggested as ancillary data because the im-
age band combinations could partly invalidate the impacts of shadows 
(Watanachaturaporn et al. 2008). For example, the study by Nguyen 
and Pham (2016) concluded that the integration of DEM and NDVI data 
improved the accuracy of Landsat-8 image classification. In this study, 
the DEM and NDVI were employed effectively to reduce the number 
of image segmentation objects and improve the segmentation effects 
for the same land covers. Compared to spectral image outcomes, the 
overall accuracy (OA) precision is increased by 5.23% (from 84.51% 
to 89.74%). Furthermore, an earlier study has shown the use of DEM 
information to improve the precision of the classification focused on 
Landsat MSS imagery from 58 %to 79% (Franklin 1987). However, the 
inclusion of other geomorphic elements, such as convexity, relief, slope, 
and incidence, improves the MSS data classification accuracy by up 
to 87% (Cibula and Nyquist 1987). Other studies have discovered that 
combining Landsat TM imagery with elevation and slope information 
increased classification accuracy by about 7.66% (Guneriussen et al. 
1996; Zheng and Geo 2011). In Darjeeling, India, when creating a LULC 
map of a landslide risk, the combination of IRS-LISS-III images with 
an NDVI and a DEM yielded results in which the OA was 91.7% and the 
producer’s accuracy (PA) was 90.0% for most LULC classes (Kanungo 
and Sarkar 2012). Alternative work successfully separated mangrove 
forest from other vegetation in southern Japan based on the synthesis 
of NDVI, topographical data, Normalized Water Difference Index, and 
Landsat ETM+5/4 ratio information, indicating an improvement from 
89.3% to 93.6% in classification accuracy (Alsaaideh et al. 2013). Most 
of these studies used an approach based on the geographic informa-
tion system (GIS) for ancillary data integration. Lu and Weng (2007) 
reported that terrain characteristics, such as elevation, slope, and dimen-
sion, can enhance the precision of vegetation classification, particularly 
in mountainous areas, where vegetation is strongly linked to topogra-
phy; however, terrain characteristics are not frequently used in tropical 
area studies, such as the GuaMusang test area. Furthermore, SVM-based 
radial basis function (RBF) as advanced image classification algorithms 
and a logical channel method as ancillary data integration have not been 
used typically with using new Landsat data. The present study evalu-
ates the SVM precision improvements linked to ancillary data (DEM and 
NDVI) being included in the Landsat-8 image classification method 
using a logical channel integration method. This research had three 
specific goals: (1) to differentiate natural and secondary forest at distinct 
altitudes by incorporating DEM information; (2) to check whether the 
combination of DEM, NDVI, and Landsat-8 spectral bands improves the 
precision of the identification of LULC; and (3) to produce a map of the 
GuaMusang district’s LULC to promote national forest inventories.

Materials and Methods
Study Area
GuaMusang is a southern Kelantan, Malaysia, district and parliamen-
tary constituency. It is the largest district in Kelantan. It is conducted 
by the district council of GuaMusang and surrounded on the south by 
the state of Pahang, on the east by Terengganu, on the west by Perak, 
and on the north by the Kuala Krai and Jeli districts of Kelantan (Pour 
and Hashim 2017). It is about 140 km south of the state’s capital, 
Kota Bharu, a tiny railway town. The study area situates within the 
longitude and latitude of 20°19′ to 21° 08′N, 104°48′ to 105°40′E in 
GuaMusang district, northwestern Malaysia (Figure 1). It covers an 
area of 4600 km2, with a wide altitude range (121 to 1770 m amsl). 
The study region can be divided into three groups based on study area 
topography, mountains (>500 m amsl), hills (200 to 500 m amsl), 
and deltas or valleys (<200 m amsl). The terrain elevation reduces 
from northwest to southeast, and about 35% of the research region is 
mountainous terrain. The land use/cover is composed mainly of forest, 

oil palm, rubber, cleared land, mixed horticulture, homestead gardens, 
and villages (Jusoff and Senthavy 2003). GuaMusang was chosen as a 
study area due to the rapid conversion of forest to agricultural land in 
the region before the 1990s but recently has been reforested because of 
government policies (Jusoff and Senthavy 2003; Aung et al. 2011).

Data Used
Landsat-8 Satellite Imagery
The Landsat-8 satellite data (path 127, row 57) used in this study were 
acquired on 14 April 2016 at level L1T with cloud cover 10.19%, sun 
azimuth 77.374, and sun elevation 63.243. Generally, the Landsat-8 
device consists of two detectors: the Operational Land Imager (OLI) 
and Thermal Infrared Sensor (TIRS) (Forkuor et al. 2018). More infor-
mation on Landsat-8 data can be found in a previous study (Roy et al. 
2016). The history utilizes sophisticated legacy bands but through a 
satellite using three imaginary bands: a proposed deep blue band for 
marine exploration, an infrared shortwave band for cirrus identifica-
tion, and a band for quality assessment to provide sensor, atmosphere, 
and surface conditions (Roy et al. 2016; Runge and Grosse 2018). The 
TIRS supplies two thermal bands that provide further precise surface 
temperature monitoring (Sinha et al. 2015). Both sensors have im-
proved radiometric signal-to-noise quality compared to the previous-
version instruments that provide better location and LULC status detec-
tion (Roy et al. 2014). In parallel to this, Landsat-8 frames, quantified 
up to 16 bits, correspond to 55 000 gray-scales (Roy et al. 2016; Runge 
and Grosse 2018).

ASTER Global Digital Elevation Data (ASTER-GDEM)
ASTER-GDEM data were accessed for free at https://lpdaac.usgs.gov/
products/astgtmv003. It is one of ASTER’s normal data product suites 
(Tachikawa et al. 2011). In 2011, GDEM was produced from stereo-
pair images extracted over the same region with ASTER’s nadir and 
backward images (Urai 2012). There was no precise date available for 
the purchase of ASTER stereo-pair information. ASTER GDEM’s standard 
data items are produced with 30-m posts, and Z accuracies are typi-
cally between 10- and 25-m root mean square error (Tachikawa et al. 
2011; Urai et al. 2012). This information was used to produce the layer 
of DEM. ASTER-GDEM version 2 is used in this article because the SRTM3 
DEM has a large single-point elevation error in mountainous areas and 
a higher degree of description of landform morphology and elevation 
variation.

Methodology
The methodology used in this study is summarized in Figure 2.

Figure 1. Study area location.
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Image Preprocessing
A sequence of preprocessing activities, such as radiometric and geo-
metric corrections, were performed previous to the SVM classification 
system (Petropoulos et al. 2012; Kamavisdar 2013; Xie and Li 2014). 
In the first step of preprocessing, radiometric correction, Landsat-8 
images receive both geometric and radiometric calibration before 
release (Yang 2011; Forkuor et al. 2018); however, digital number 
(DN) matrices with 55 000 gray levels are included in such images. 
The input images should be based on reflectance values to measure the 
NDVI, so transforming the DNs into reflectance is essential (Xie et al. 
2008; Parente 2013). In this research, two stages are used to transform 
the DNs to reflectance. Initially, DN and the OLI data were converted to 
radiance within the ENVI image processing setting, and the image was 
converted into ENVI format documents. The file covered data on wave-
lengths, bands, radiance/reflectance conversion of DN, and atmospheric 
corrections. Using OLI’s metadata file spectral radiance scaling factor, 
Equation 1 transforms DN values into spectral radiance (Guide 2008):

  Lλ = ML Qcal + AL (1)

where Lλ is the radiance (W/m2μm sr), ML is the multiplicative scaling 
factor for each band, Qcal is the pixel value in DN for level 1, and AL 
is the additive scaling factor for each band. The image was saved in 
standard ENVI format and transformed to the in-line data format of the 
bit and then followed by radiance-to-reflectance conversion. One of the 
common techniques for atmospheric correction of OLI data is the Fast 
Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) 
model utilized to convert radiance values to the top of the atmospheric 
correction (TOA) (Wang et al. 2019). FLAASH offers ancillary scene 
information with fast computing speed and is used in further process-
ing steps to improve results and accuracy. In the ENVI software, the 
radiance image was entered into the FLAASH model with a metadata file 
containing OLI sensor data in relation to the OLI sensor setup param-
eters (Guide 2008). The parameters for FLAASH as an atmospheric cor-
rection technique are set on the basis of the study by Dewi andTrisakti 
(2017). These parameters are troposphere region model to estimate the 
contribution of aerosols, tropical as atmospheric model and Kaufman 
as multispectral conditions over water (Matthew et al. 2000; Bernstein 
et al. 2005). The information was then redeemed in the normal ENVI 
format, and a single scale factor value (1000) was used to convert the 
[(W/m2μm sr) × 100] input radiance image to normal FLAASH input 
radiance units (μW/cm2nm sr) for all bands. Reflectance values in 
FLAASH images doubled by 10 000, so the resulting value ranged from 
0 to 1. Once this process has been completed, the next phase is the 

correction of geometry. Equation 2 has been used to directly transform 
DN values to TOA reflection:

  ρ′λ = Mρ + Qcal + Aρ (2)

where ρ′λ is spectral reflectance (unitless) without image angle correc-
tion, Mρ is the multiplicative scaling factor per each band, Qcal is the 
pixel value in DN (level 1), and Aρ is the scaling additive for each band. 
Equation 3 has been used to transform TOA reflectance with solar angle:

  ρλ = ρ′λ sin θ (3)

where ρλ is the reflection of the TOA (unitless) and θ is the angle of 
solar elevation.

The second step in preprocessing is geometric correction and reg-
istration. Utilizing the WGS 84 reference ellipsoid, Landsat-8 images 
acquired in UTM prediction depend on the USGS. Landsat images were 
reregistered geometrically to the WGS 84 reference system with zone 
47 to guarantee uniform projection and are both resampled to 30-m 
spatial resolution using 24 equally localized ground control points 
(GCPs), and the Landsat image was projected geometrically onto the 
SPOT image register. Such GCPs were based primarily on image charac-
teristics that were well defined, reliable, and distinct. Using a bilinear 
transformation, the reregistration was carried out with a precision of 
0.5 pixels. During geometric registration, subsetting was conducted 
utilizing a layer-stacking tool to get a part of a large image file into a 
low file. This is useful in reducing the image file size, yet we could 
concentrate only on the area of concern. This not only removes the ex-
tra data in the file but also speeds up the delivery time, which is much 
needed in SVM classification cases (Storey et al. 2014). Utilizing the 
subset tool, the study area imports as a vector file, and it was masked 
from the layer file. To minimize the bias induced by using various 
combinations of bands for SVM classification, bands 3, 4, and 5 were 
used (see Figure 3).

NDVI Calculation
The justifications for merging the NDVI into the classification system 
are to improve the separability of different LULC classes and reduce 
shadow impacts due to topographical variation (Shahtahmassebi et al. 
2013; Salah 2017). The NDVI strongly reduces the impact of varying 
illumination conditions and shadowing effects caused by variations 
in solar and viewing angle (Sotomayor 2002). Thus, the use of NDVI 
imagery as an additional layer has been recommended since the band 
ratio derivatives may help in nullifying the topographic component 
to some extent (Kanungo and Sarkar 2012). Several studies (e.g., 
Eiumnoh et al. 2000; Saha et al. 2005; Yacouba et al. 2009) exploited 
the advantages of incorporating NDVI into the classification process and 

Figure 2. Methodology of the study.

Figure 3. Landsat-8 imager RGB band combination.
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showed an improvement in the classification accuracy on the order of 
10% to 20%. The index was measured utilizing Equation 4 mostly on 
the basis of near-infrared and red bands (Jensen 2009):

  
NDVI NIRband REDband

NIRband REDband
= −

+  
(4)

where RED and NIR were used for red and near-infrared Landsat-8 
spectral bands, respectively.

The calculated NDVI values for the study region range from −0.69 to 
+ 1 as seen in the color scale image (Figure 4), where dense vegetation 
cover is presented in dark green. In order to measure each LULC class, 
NDVI range value and training and validation samples data are saved 
as point feature classes (SHP file format) containing specific x, y, and z 
coordinate locations on a map in ArcGIS software. The NDVI layer is 
opened and overlaid by a point feature file. Using the Extract Values 
to Points Tool in ArcGIS software, the NDVI values were imported to a 
point feature for each LULC class, and the values were recorded in the 
attribute table. Then the table of attributes was exported to an Excel file 
and opened in Excel for statistical analysis to determine an NDVI value 
range for each LULC class. Water bodies, such as rivers and tiny ponds, 
have the smallest NDVI values (−0.69 to almost −0.17). The values of 
urban, highways and barren land are near 0.1. Grasslands have values 
of 0.1 to 0.32, and croplands, such as rice, have values of 0.5 to 0.7. Oil 
palm values vary from 0.72 to 0.78, while rubber values vary from 0.78 
to 0.84. Secondary value of forest with limited canopy ranges from 
0.78 to 0.81, while primary forest has the highest value of 0.81 to 1.

DEM Generation
The topographical shadowing effect is caused by spectral variability 
due to solar orientation and azimuth and the slope and aspect of the 
landscape (França et al. 2018). Due to important variations in pixel 
DNs, the existence of shadows in elevated altitude and mountainous 
terrain can cause confusion in image classification (Gerçek 2004; 
Moreira and Valeriano 2014). In the classification operation, the input 
of the DEM layer is designed to decrease mistakes in shadowed areas. 
Therefore, elevation information gained from a DEM may also play a 
major role as a logical principle in deciding whether a pixel belongs to 
a specific class within an elevation range. Natural forests, for example, 
are spread across elevated mountains, while secondary forests are gen-
erally not exposed at greater altitudes. Consequently, misclassification 
could be minimized by incorporating a DEM in the satellite imagery 
classification method (Nguyen and Pham 2016). Preprocessing ASTER-
GDEM information was introduced in a GIS setting to guarantee precise 
and reliable elevation navigation. Utilizing ILWIS software, a fill-sink 

method was introduced as a primary preprocessing for DEM creation. 
Then information was used in a GIS setting to obtain DEM (elevation in 
m) for surface analysis techniques. A raster DEM was developed in a 
spatial resolution of 30 m (correlated to the Landsat-8 imagery in a GIS 
setting using nearest-neighbor resampling technique) to achieve resolu-
tion adherence and for easy accessibility and comparison (Figure 5).

Figure 5. Study area DEM layer.

Image Classification
The image classification process in this study involves many steps to gen-
erate LULC maps by utilizing Landsat-8 spectral and ancillary data sets.

LULC classification system: The classification system of 
Anderson (1976) is modified and proposed for this study. Descriptions 
of the 10 LULC classes within this scheme are presented in Table 1.

Collecting training samples: The collection of training data in a 
supervised classification method like SVM is a crucial phase. Training 
data from relatively homogeneous regions of the field of research relat-
ing to the chosen categories of LULC were randomly selected by using 
region-of-interest (ROI) tools provided by ENVI version 5.1, as in Table 
2. LULC and forest-type cover maps were acquired from the Ministry 
of Agriculture and Forestry, Malaysia, for 2013 and Google Earth 
software to identify LULC categories. These separated sample regions 
were readily visually recognized in the OLI and Google Earth pictures. 

Figure 4. NDVI and NDVI density of the study area.
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This software has a temporal bar. The imagery of the same region used 
to the near time of satellite acquisition date.

The number of training samples obviously has a significant impact 
on the LULC mapping process (Chen and Stow 2002). Too big a sample 
involves resource wastage, and too small a sample reduces the useful-
ness of the outcomes. Several findings revealed a number of formulas 
and recommendations for selecting a suitable training sample size. 
For example, Mather and Koch (2011) recommended a minimum 
sample of 30 times as many characteristics as possible appropriate for 
each class, whereas Congalton and Green (2002) proposed at least 50 
samples per LC category. Thus, the pixel numbers and distribution for 
the training samples and validation samples in this study were reason-
able and represented the whole study region well (Figure 6). Seventy 
percent of the training pixels were randomly assigned as training 
samples, and the remaining 30% were utilized as validation sample 
data to examine classification accuracy. Validation of ROI samples is 
obtained at low altitude because at high altitudes, only one category 
of LULC exists: natural forest. In addition, high-altitude exposure is a 
risk as a result of dense vegetation cover. From each spectral class, the 
number of training fields (pixels) should be sufficient to obtain an ac-
curate classification. Campbell and Wynne (2011) suggested 10n pixels 
for each class, where n is the number of bands, and 10n to 30n pixels 

for other investigations, such as those of Richards (1999) and Mather 
and Koch (2011). The number of pixels per each class surpassed by 
far the 10n in our research. Furthermore, a set of autonomous training 
fields were recognized for validation reasons for each LULC class.

Assessing quality of training data: For purpose the spectral 
separability among LULC types, M-statistics (Richards and Richards 
1999; Campbell and Wynne 2011) with Jeffries–Matusita (J-M) dis-
tance methods (Richards 1999) were applied. The M-statistic defines 
class separability by mean and standard deviation values between 
two Landsat-8 sensor bands from two taster category distributions. 
M-statistics (Equation 5) used in this research are provided as

  
M = −

+
μ μ
σ σ

1 2

1 2 
(5)

where μ1 is the mean reflectance value of LULC class 1, μ2 is the mean 
reflectance value of LULC class 2, σ1 is the standard deviation value of 
class 1, and σ2 is the standard deviation value of class 2. The value of 
M < 1 demonstrates that there is a considerable difference in classes 
and a poor capability to separate areas (Kumar et al. 2017). On the 
other hand, the value of M > 1 shows that the histogram methods are 
well isolated, and distinguishing between regions is relatively simple 
(Kumar et al. 2017). For six Landsat-8 spectral bands, M-statistics for 
each pair of LULC groupings were compared. The calculation of J-M is 
premised on distance from Bhattacharya. It shows how a pair of spec-
tral classes is statistically selected. The J-M distance between groups a 
and b is given as
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where μa and μb are implied values for groups a and b, ca and cb are co-
variance matrices for classes a and b, and T indicates vector transposi-
tion. The J-M variety is an index ranging from 0.0 to 2.0. Its values of 
>1.7 demonstrate very good segregation of the classes. A J-M distance 
<1.0 shows bad separability between class pairs (Kumar et al. 2017). 
In this research, the separability for chosen training sites of all classes 
was investigated by calculating their spectral separability in ENVI soft-
ware, and the J-M distance values were calculated among LULC classes 
ranging from 1.7 to 2.

SVM classification: The RBF is generally a sensible option in 
many studies, as shown in previous literature (Kavzoglu and Colkesen 

Table 1. Classification scheme.

No. 
LULC 
Class Description

1 Natural 
forest

Primary forests: tall, dense trees

2 Secondary 
forest

Planted trees

3 Oil palm Areas with oil palm trees

4 Rubber Areas with rubber trees

5 Cropland Land used mostly to grow food plants like maize, green 
grams, beans, cassava, mangoes (cultivation of crops in this 
territory is either irrigated or rain fed)

6 Grassland Describes grass as the primary cover of vegetation

7 Barren 
land

Depicts the vegetation-free land remaining

8 Built-up 
area

Addressed by rural and urban structures (involves 
infrastructures for commercial, residential, industrial, and 
transportation)

9 Water 
bodies

Regions covered either by the riverbed or by man-made 
earth dams, sand dams filled, streams, lakes, reservoirs, and 
ponds

10 Others Not given in the categories from 1 to 9

LULC = land use land cover.

Table 2. Training and validation areas (regions of interest) used.
No. LULC Class Training Validation Total Pixels/Class

1 Natural forest 1196 512 1708

2 Secondary forest 953 409 1362

3 Oil palm 2225 935 3160

4 Rubber 718 308 1026

5 Cropland 238 102 340

6 Grassland 538 230 768

7 Barren land 1696 727 2423

8 Built-up area 590 253 843

9 Water bodies 1539 660 2199

10 Others 845 362 1207

Total pixels used 10 538 4498 15 036

LULC = land use land cover.

Figure 6. Distribution of the training sample pixels.
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2013; Xie and Li 2014; Kumar et al. 2015). It was selected as the SVM 
classifier kernel function in this study. This is because, first, the RBF 
kernel projected samples nonlinearly into a higher-dimensional domain 
so that when the interaction between the class types and qualities 
was not linear, the RBF was able to handle the case. Second, the RBF 
kernel had fewer computational problems (Kavzoglu and Colkesen 
2009; Petropoulos et al. 2010; Xie and Li 2014). The penalty value C 
and the kernel parameter γ were the two parameters affecting the RBF 
kernel results. The γ was calculated as the inverse of the spectral band 
OLI ortho-imagery, and a value of 0.167 was assigned. The maximum 
penalty parameter value of 100 was allocated, requiring the assignment 
of all training pixels to a certain group. A zero value was allocated to 
the pyramid parameter to process the OLI ortho-imagery at complete 
resolution. A zero value was selected to the classification probability 
threshold so that a specific class would be allocated to the entire pixel, 
rendering no pixels unclassified in the image. To achieve better results 
than using various kernels (e.g., linear, polynomial, and sigmoid) pro-
vided as indicated in the ENVI User Manual, the RBF has been chosen 
as the kernel for the SVM classifier (Guide 2008). Equation 7 demon-
strates the form of the internal function of the RBF product as

  
K x y exp

x y
,( ) = − 2

22σ  
(7)

where x and y are two samples in some input space that are represented 
as feature vectors and σ is variance. Use of ancillary data during clas-
sification is followed by the logical channel approach. The first and 
most important consideration is to increase the number of attributes or 
channels of information used in the classification process (Hutchinson 
1982; Ricchetti 2000). Thus, instead of three bands (bands 3, 4, and 5) 
of Landsat-8, spectral data n bands of spectral and ancillary data are 
combined (bands 3, 4, and 5 and the NDVI and DEM layers) and used 
for SVM-based RBF classification. Finally, two input data sent in the 
SVM-based RBF classification process are the spectral data set (bands 3, 
4, and 5 of Landsat-8) and the ancillary data set (bands 3, 4, and 5 of 
Landsat 8 and the NDVI and DEM layers).

Accuracy Assessment
In this research, error matrix statistics with validation samples were con-
ducted. Error metrics is a prevalent technique of evaluating classification 
precision (Congalton and Green 1999, 2008) from which OA, PA, user’s 
accuracy (UA), and the kappa coefficient (Kc) have been measured as
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where nii is the sample size of pixels classified accurately in the catego-
ry, N is the total number of pixels in the confusion matrix, r is the num-
ber of rows, nicol is the total number of columns, and nirow is the total 
number of rows. Through dividing the amount of correctly categorized 
pixels to the overall number of test pixels utilized for categorization, 
the OA is assessed. The UA is a commission error metric and indicates 
the likelihood that a class categorized on the map will truly represent 
the ground class (Congalton and Green 1999, 2008). Likewise, PA is 
a metric of the error of omission and suggests the likelihood that real 
areas will be properly classified (Foody 2002; Olofsson et al. 2014). 
The Kc was determined to differentiate the actual contract between both 
the categories that literally took place on the ground versus defined 
by the incentive classifiers (Cohen 1960). The Kc analysis was indeed 
performed to determine if a particular classification was significantly 
better than a random classification and whether there were two separate 
classifications. A Kc value of 0 corresponds to a complete random clas-
sification, while a Kc value of 1 correlates precisely to the classification 
and reference data (Congalton and Green 1999).

Results
The LULC maps created in this study are shown in Figure 7. The maps 
show that natural (green) forest is spread mainly at higher altitudes 

Figure 7. LULC maps using multisource (right) and spectral (left) data sets. Blue circles indicate correct classification, and red circles indicate 
incorrect classification.
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(≥1000 m) of secondary forest at lower altitudes (200 to 900 m) 
and lower slopes. Figure 7 explains several classic field verification 
regions: blue and red circles imply regions with correct and incorrect 
classification, respectively. Three of four locations have been properly 
categorized applying the spectral data set, whereas five of six regions 
have been categorized utilizing the multisource data set exactly.

Confidence of the classification results based on the ancillary and 
spectral data sets must be calculated. The UA and PA accuracies were 
measured to assess the precision of every LULC category. The findings 
show a significant increase in the reliability of LULC category defined 
on the basis of the ancillary data set over using the spectral data set 
(Table 3). UA and PA performance is improved from 77.58% to 92.68% 
and from 90.58% to 92.68%, respectively, for primary forest. For 
secondary forest, UA and PA significantly improved from 60.50% to 
78.43% and from 63.55% to 92.41%, respectively. The built-up area 
identification accuracy in both the UA and the PA increased by 29% and 
20%, respectively. The red areas are assigned for built-up areas; they 
are quite hard to discern on the screen due to the spatial resolution of 
the satellite imagery as well as the size of the area occupied by this 
class. The accuracy of the LULC categories—barren, cropland, rubber, 
water bodies, and other—improved significantly with an average of 
4%. Overall, once spectral data were combined with ancillary data dur-
ing the classification process, the OA and Kc increased by 8.77% (from 
81.44% to 90.21%) and 0.12 (from 0.79 to 0.87), respectively.

Table 4 shows the area of LULC categories findings from classified 
maps. The study region maps based on the spectral data set, dominated 
differently by LULC categories such as primary forest and oil palm, 
were higher than 30% ,while secondary forest, rubber, cotton, grass-
land, barren land, built-up area, water bodies, and other LULC catego-
ries were less than 5%. On the other hand, the LULC categories of study 
region maps based on the ancillary data set covered about 59% of the 
area for primary forest against 1.2% for secondary forest, whereas oil 
palm, rubber, cropland, grassland, barren land, built-up area, water 
bodies, and other LULC categories were occupied around 24%.

Differences in LULC map accuracy can be ascribed to various 
causes. First, while using spectral information alone, natural forest was 
significantly misclassified about 2% and secondary forest about 1.1% 
(see Table 4) into other LULC classes. Since only natural forests occur 
at greater altitudes, the differentiation between natural forest and other 
land uses might appear more reliable if the DEM layer is linked to the 
input classification data. Second, shadows can cause confusion once 
classification is based simply on spectral data (e.g., the same LULC 
classes on two hillsides, detected by field validation, can be assigned to 
separate classes utilizing spectral information); thus, combining both 
NDVI and DEM is beneficial in rationalizing shadow effects and promot-
ing improved classification accuracy. Visual analysis of the false-color 
image (Figure 3) and the classified image (Figure 7) reveals that almost 
all shadow areas are labeled correctly when the classification depends 
on the DEM and NDVI data sets. This research thus has given concrete 
proof of a significant enhancement in precision when Landsat-8 picture 
spectral bands are combined during the classification phase with a DEM 
and NDVI because of reduce shadowing in the images.

Discussion
The purpose of this study is to get highly accurate maps using SVM-
based RBF for image classification and the logical channel method for 
Landsat-8 imagery and ancillary data (NDVI and DEM) integration to 
reduce the possible effects of misclassification that comes from shadow 
effects. However, the slope, elevation, and aspect maps are incorpo-
rated mainly as ancillary data with spectral data during classification. 
In this study, it is shown that DEM and NDVI data as ancillary data in-
corporated with Landsat-8 spectral data significantly improve the SVM-
based RBF classification accuracy by 8.77% (from 81.44% to 90.21%). 
These observations are similar to those examined by other researchers 
(Guneriussen et al. 1996; Zheng and Geo 2011). It was discovered that 
combining Landsat TM imagery with elevation and slope informa-
tion increased LULC classification accuracy by 7.66%. Furthermore, 

the earlier study by Nguyen and  Pham (2016) demonstrated that the 
integration of DEM and NDVI data improved the accuracy of Landsat-8 
image classification using a maximum likelihood classifier. OA im-
proved by 5.23% (from 84.51% to 89.74%), and the Kc of the spectral 
classification was 0.72 compared with 0.86 for the ancillary classifica-
tion. However, this research differs from the previous study. First, the 
DEM layer was generated using ASTER-GDEM data, whereas it was gen-
erated from 1:50 000 topographic maps with 40-m contour intervals in 
the previous study. Second, the classification algorithm used was the 
SVM classifier, whereas the maximum likelihood classifier was used in 
the previous analysis. Another study by Franklin (1987) showed the 
use of DEM information to improve the precision of the classification 
focused on Landsat MSS imagery from 58% to 79 %. The findings in 
this study showed that the DEM and NDVI were effectively employed to 
enhance natural forest differentiation from other LULC categories. This 
result is in line with other studies. For example, Alsaaideh et al. (2013) 
successfully studied separation of the mangrove forest from other veg-
etation in southern Japan based on the synthesis of NDVI, topographi-
cal data, Normalized Water Difference Index, and Landsat ETM+ 5/4 
ratio information. The result indicated an improvement from 89.3% to 
93.6% in classification accuracy. In another study Lu and Weng (2007) 
noted that terrain characteristics, such as elevation, slope, and dimen-
sion, enhance the precision of vegetation classification, particularly 
in mountainous areas where vegetation is strongly linked to topog-
raphy. Another finding from this study is the performance of UA and 
PA, which significantly improves the different LULC classes by up to 

Table 3. LULC mapping accuracy assessment.

No. LULC Class

Spectral Data Set Ancillary Data Set

PA% UA% PA% UA%

1 Natural forest 90.58 77.58 94.44 92.68

2 Secondary forest 63.55 60.50 92.41 78.43

3 Oil palm 87.09 77.35 94.25 90.51

4 Rubber 84.42 89.35 84.20 88.95

5 Cropland 72.55 69.16 85.33 78.05

6 Grassland 86.96 91.32 86.12 89.36

7 Barren land 83.22 92.51 89.77 92.47

8 Built-up area 64.03. 62.11 84.23 91.12

9 Water bodies 75 94.29 100 100

10 Others 100 100 100 100

OA 81.44% 90.21%

Kc 0.79 0.87

LULC = land use land cover; PA = producer’s accuracy; UA = user’s accuracy.

Table 4. Area in percentage of each LULC.

No. LULC Class

Area in %

Spectral Data Set Ancillary Data Set 

1 Natural forest 57.0 59.0

2 Secondary forest 0.1 1.2

3 Oil palm 31.1 24.4

4 Rubber 0.6 0.6

5 Cropland 4.8 4.7

6 Grassland 0.5 0.8

7 Barren land 5.0 5.1

8 Built-up area 0.5 1.4

9 Water bodies 0.1 0.2

10 Others 0.3 2.7

LULC = land use land cover.
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78.05% using Landsat-8. Fahsi et al. (2000) evaluated the contribution 
and quantified the effectiveness of DEM in improving LULC classifica-
tion accuracies of the different classes by up to 60% using Landsat TM 
data over a rugged area in the Atlas Mountains, Morocco.

The SVM provided more reliable overall accuracy in terms of 
algorithm stability when Landsat-8 imagery with ancillary data was 
used. The extra data (ancillary data) enhanced land class discrimina-
tion. However, SVM based on ancillary data was slower and more time 
consuming than the SVM based on the Landsat-8 spectral data set for 
creating LULC maps. The SVM’s greater accuracies is ascribed to its ca-
pacity to find an optimum separating hyperplane. Statistically, the SVM 
algorithm’s ideal separating hyperplane extended to invisible samples 
with smarter decisions than any other separating hyperplane discovered 
by another classifier.

Conclusions
Landsat-8 data are valuable for detecting LULC changes and LULC map-
ping, particularly in restricted areas, such as mountainous terrain areas. 
However, numerous variables affect the accuracy of digital image clas-
sification outcomes and thus affect the LULC mapping accuracy. The 
region examined in this research, the district of GuaMusang, has hilly 
terrain similar mountainous areas. The results revealed that the SVM-
based RBF classification technique of Landsat satellite images exclu-
sively on DNs in these areas is useless due to the impact of topographic 
shadowing, and therefore it is highly recommended that an ancillary 
data set, such as DEM, be included. The addition of ancillary data to the 
classification system substantially reduced misclassifications due the 
topographical impacts of certain LULC classes as well as specific spec-
tral similarities. This finding showed that by integrating DEM and NDVI 
into the classification, the accuracy of differentiation between natural 
and secondary forest at distinct altitudes was enhanced. Furthermore, 
the finding confirms that substantial improvements in LULC classifica-
tion accuracy can be achieved by integrating DEM and NDVI data sets 
with Landsat-8 spectral imagery with an average improved accuracy 
of 8.77%. In summary, this study showed the advantages of integrating 
DEM and NDVI data sets with Landsat-8 satellite imagery, thereby help-
ing to enhance the accuracy of Landsat-8 products and their applica-
tion, such as LULC mapping for supporting national forest inventories.
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Monitoring Environment Transformation Along 
the BTIC Railway Based on Remote Sensing  

by Utilizing the R_RSEI
Zhihua Zhang, Xiaowen Wu, Yikun Li, Kun Yan, Fan Zhang, Shuwen Yang, and Jun Yang

Abstract
High-speed railway offers an opportunity to address the disparity 
between economic development and transportation capacity. It can 
improve transportation capacity and reduce transportation costs. With 
the large-scale running of the high-speed railway, initial activities will 
impact the surrounding ecological environment. Ecological environ-
ment monitoring along the railway is very important. However, the 
current research focuses mainly on a single ecological index evalua-
tion of ecological problems and mostly on the ecological evaluation 
along the highway, with less research on ecological monitoring along 
the high-speed railway. Moreover, the studies have not considered 
the comprehensive effects of multiple remote sensing indexes. Given 
the above scientific issues, taking the Beijing–Tianjin Intercity (BTIC) 
railway as the study area, we selected the Landsat satellite images 
from 2008, 2011, 2014, 2017, and 2020 as the research data. We 
used the revised remote sensing–based ecological index (R_RSEI) to 
comprehensively analyze and evaluate the ecological environment 
quality along the BTIC railway from 2008 to 2020. After extracting 
the greenness, dryness, humidity, and heat indices, we determined the 
weights of four indices using principal component analysis. According 
to the ecological environment assessment index model, we monitored 
and analyzed the ecological environment along the BTIC railway. The 
results showed that the ecological environment quality along the BTIC 
railway generally increased from 2008 to 2011 and then generally 
decreased from 2014 to 2020. The ecological and environmental qual-
ity of the study area generally was ranked as “poor” and “worse.” 
Therefore, the trend of environmental pollution along the BTIC railway 
was not optimistic and thus led to many problems in the ecological 
environment. The proposed method is expected to solve the lack or the 
single problem of ecological evaluation index along the railway line.

Introduction
In constructing and operating a high-speed railway, the surrounding 
area will have related economic activities, and the population will con-
centrate along the railway. These activities may significantly change 
the ecological environment around the railway. The major impacts on 
the railway environment include changes in land properties and air 
pollution, increased pollutants, and decreased vegetation. Therefore, 
monitoring the environment along the railway will play a critical role 
in environmental protection and enhancement. Moreover, the environ-
mental monitoring data can provide the basis for relevant environmen-
tal protection measures. By analyzing environmental quality, we can 

better understand its changes and development trends and eventually 
may solve the problems related to environmental changes.

In recent years, advanced remote sensing (RS) techniques have 
become a potentially powerful ecosystem management tool that can 
give a robust indication of ecosystem status from local to global scales 
(Ellis et al. 2006; Williams et al. 2009). Thus, they have been used 
widely to investigate the ecological environment (Kennedy et al. 
2014). Wu et al. (2020) evaluated the ecological environment of the 
Greater Mekong Subregion and analyzed the driving factors, including 
the digital elevation model, temperature, evapotranspiration, land cover 
dynamic change, and land use degree. The satellite data can be used to 
measure different components of an ecosystem and hence can identify 
a wide range of ecological attributes. These data can reflect radiation of 
ground targets and thus can estimate properties on the Earth’s surface, 
such as land cover type, urban heat islands (UHIs), water, leaf area in-
dex, and biomass from image pixels (Mohammad et al. 2011; Hansen 
et al. 2013; De Araujo Barbosa et al. 2015; Hu et al. 2016). It has been 
verified that RS is an effective method to rapidly recognize spatial-
temporal changes in the eco-environment (Hu et al. 2018).

Various RS-based ecological indicators have played an important 
role in quantifying and mapping ecosystem properties and func-
tions. The normalized difference vegetation index (NDVI) is the most 
commonly used single indicator that characterizes vegetated areas in 
various ecological studies (Tilt et al. 2007; Ochoa-Gaona et al. 2010; 
White et al. 2016). RS-derived land surface temperature (LST) has also 
been used to characterize UHIs (Nichol 2009; Coutts et al. 2016; Xu et 
al. 2017). Schwarz et al. (2012) used air temperature and LST to quan-
tify UHIs in the city of Leipzig and found that RS-derived LST was more 
reliable in identifying heat islands. Ecological indicators also have 
been applied in the spatially explicit assessment of complex environ-
mental conditions based on RS. Tiner formulated a composite indica-
tor that provided an overall numeric value for natural habitat within 
Delaware’s Nanticoke River watershed (Tiner et al. 2004). A forest 
disturbance index, which is a combination of three rescaled compo-
nents (brightness, greenness, and wetness), could reveal disturbances 
in forest (Healey et al. 2005). Xu (2013) integrated four indicators 
(greenness, wetness, dryness, and heat) to generate a completely RS-
based ecological index (RSEI) and applied it in an ecological condition 
assessment. It was shown that RSEI could effectively indicate regional 
ecological quality. According to research on the ecological environ-
ment of the Yanqi Basin (Muhadaisi et al. 2020), RSEI had a certain 
rationality and superiority in assessing the ecological environment, but 
it is not detailed enough on the weight classification.

With the rapid development of RS technology, the acquired data are 
increasingly diversified. Although some RS data are an effective source 
for scientific research in various fields (Cong et al. 2019; Mu et al. 
2019; Peng et al. 2019; Xing et al. 2019), its application potential in 
RSEI has not been explored (Hanqiu Xua et al. 2018; Hu and Xu 2019; 
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Li et al. 2019). Among the many natural factors reflecting ecologi-
cal quality, greenness, humidity, heat, and dryness are four important 
indicators closely related to human survival and important factors 
for humans to intuitively feel the advantages and disadvantages of 
ecological conditions. Therefore, they are often used to evaluate the 
ecosystem (Gupta et al. 2012). At present, it is still a challenge to use 
RS indicators to predict the impact of ecological environment quality 
because many important economic indicators cannot be effectively 
evaluated by RS alone (Roy 2021). Since there is no attempt to predict 
future ecological changes by using the indicators derived from RS 
data, we proposed an improved R_RSEI, which can reflect the ecologi-
cal environment of the study area. The improved RSEI can reflect the 
ecological environment of the study area because it combines NDVI, a 
humidity component (Wet), LST, and a building dryness index (NDSI), 
which are crucial for the analysis of the ecological environment quality 
of the study area.

Based on the proposed RSEI, we obtained the multitemporal vegeta-
tion ecological environment quality index in 2008, 2011, 2014, 2017, 
and 2020 and comprehensively analyzed and evaluated the ecological 
environment quality along the Beijing–Tianjin Intercity (BTIC) railway 
in five different periods.

Study Materials
The BTIC railway is an intercity railway connecting Beijing and 
Tianjin. We chose the 20-km buffer range on both sides of the railway 
as the research area (Figure 1); it is about 166 km long and officially 
opened on 1 August 2008 with a design speed of 350 km/h. Close to 
Bohai Bay, the study area belongs to the mainland monsoon climate. 
Its four seasons are clearly divided, and its terrain is flat. With the 
running of the BTIC railway and the influence of human activities along 
the railway, the local ecological environment has been increasingly 
deteriorating in recent years.

Data Resource and Processing
In this work, we had to select suitable RS images to monitor and 

evaluate the ecological environment along the line. The selection prin-
ciple required comprehensive consideration of the spectral resolution, 
spatial resolution, and temporal resolution of RS images. Moreover, it 
was necessary to quantitatively extract the vegetation ecological envi-
ronment quality information along the BTIC railway and to dynamically 
monitor and analyze the internal vegetation ecological environment. 
It was imperative that we extracted information from the study areas 
in five time periods in this process. Because Landsat imagery has rich 
spectral information and high spatial resolution, it met the research 
requirements.

We selected Enhanced Thematic Mapper (ETM) and Operational 
Land Imager (OLI) data images from five periods shown in Table 1. 
We captured data from July to September because the vegetation in the 
study area was relatively thriving during this period. Furthermore, the 
research results were more credible because we acquired images under 
similar conditions. The selected image data are shown in Figure 2.

As shown in Figure 2, five-phase images were occupied primarily 
by brown-green areas that reflected high vegetation coverage surround-
ing the railway. In addition, the gray-white areas in the images repre-
sented the bare land and the urban construction area. In the images, we 
observed that the grayish-white area was increasing and that the green 
area was decreasing from 2011 to 2020, which reflected a continuous 
decline in woodland, grassland, and fields and a persistent spreading 
of bare land and construction land. Although in the images of 2011 
the clouds cover mainly the main urban area of Tianjin and the urban 
vegetation coverage is less, the impact on the ecological evaluation 
research results along the BTIC can be ignored. Therefore, we reason-
ably inferred that rapid urban development, acceleration of urbaniza-
tion, and the spread of construction land were happening in the study 
area and thus could lead to the continuous decline of its ecological 
environment quality.

RS Image Preprocessing
Because of the severe failure of the Landsat 7 ETM+ airborne scan line 
corrector in 2003, data were lost in the collected images. Therefore, to 

carry out the follow-up experiments smoothly, we calibrated the im-
ages by radiation and atmospheric correction after they were destriped 
by using ENVI software. We cropped the images according to the 
established buffer boundary to obtain the research area.

Each Exponential Normalization Process
Once we extracted the index, we normalized each index to the range 
[0, 1]. The aim was to use these indicators for comparison and reduce 
the RS image processing error. The formulas for the normalization of 
each index are as follows:

  NIi = (Ii – Imin) / (Imax – Imin) (1)

where NIi is the index value of normalizing, Ii is the index value at 
pixel I, Imax is the maximum value, and Imin is the minimum value.

Methods
RSEI
Based on natural factors, RSEI can quickly monitor and evaluate the 
ecological status of cities. Among the many natural factors reflecting 
the quality of the ecological environment are NDVI, Wet, NDSI, and LST. 
RSEI is also an important factor in evaluating the ecological environ-
ment intuitively. As a result, it is often used to assess ecosystem qual-
ity. The RSEI index is based on NDVI, Wet, NDSI, and LST, representing 
green, humidity, dryness, and heat in the natural environment. The 
classification is not detailed enough when using the conventional RSEI 
to detect the ecological environment along the railway. To avoid un-
even weights caused by human factors, we employed principal compo-
nent analysis (PCA) to determine the corresponding weights automati-
cally. The mathematic model of the RSEI is formulated as follows:

Figure 1. Research area. In the figure, the star represents Beijing, and the 
dot represents Tianjin. The curve connecting Beijing and Tianjin is the 
BTIC railway. With the BTIC railway line as the center, a 20-km buffer 
zone on both sides is opened up and is treated as the research object.

Table 1. Date of image acquisition.
Year Date Source

2008 11 September Landsat 7 ETM+

2011 8 June Landsat 5 TM

2014 19 August Landsat 8 OLI

2017 10 July Landsat 8 OLI

2020 20 September Landsat 8 OLI
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  RSEI = F(Wet, NDVI, NDSI, LST) (2)

The corresponding thematic map is made based on RSEI and can 
facilitate the intuitive understanding and evaluation of the results as 
well as its dynamic changes analysis.

NDVI
The NDVI is usually used in the research of vegetation coverage, 
vegetation growth state, and partial error of radiation elimination. 
Therefore, we selected NDVI to represent the green index as follows:

  
NDVI nir red

nir red

= −
+

ρ ρ
ρ ρ  

(3)

where ρnir and ρred represent the reflectance of the near-infrared band 
and the red band corresponding to each image, respectively.

Wet
We used the Wet component to represent the humidity index. Because 
various Landsat sensors produce different data, the humidity index has 
multiple expressions, as follows:

ETM+ data:

Wet = 0.2626ρblue + 0.2142ρgreen + 0.0926ρred + 0.0656ρnir − 0.7629ρswir1 − 0.5388ρswir2 (4)

OLI data:

Wet = 0.1511ρblue + 0.1973ρgreen + 0.3283ρred + 0.3407ρnir − 0.7117ρswir1 − 0.4559ρswir2 (5)

where ρblue, ρgreen, ρred, ρnir, ρswir1, and ρswir2 are the reflectivity of the blue 
band, green band, red band, near-infrared band, short infrared band 1, 
and short infrared band 2, respectively.

LST
Surface-specific emissivity is one of the basic parameters of surface-
temperature inversion. In Landsat images, surface-specific emissivity 
depends mainly on the image band corresponding to surface materials. 
For most geological entities, such as water body, vegetation, rock, soil, 
and minerals, their reflectivity is generally [0.93, 0.99]. Despite the 
high complexity of the ground situation, the surface can be divided into 
vegetation, water, and residential areas. The vegetation includes mainly 
forest lands, grasslands, and fields, and residential areas include mainly 
urban areas and rural areas and are composed primarily of roads, build-
ings, and houses. Equation 6 calculates vegetation coverage,

  
Pv = −

+
NDVI NDVI
NDVI NDVI

soil

veg soil  
(6)

where NDVIsoil represents NDVI value in bare soil and NDVIveg 
represents the NDVI value of complete vegetation coverage. Based on 
relevant data, the empirical value shall be taken as NDVIveg = 0.7 and 
NDVIsoil = 0.05.

According to a study (Hofmann et al. 2020), the surface can be 
divided into water, natural surface, and urban area, in which the 
specific emissivity of the water pixel is 0.995, the specific emissivity 
of the vegetation pixel is 0.986, and the specific emissivity of bare soil 
and construction land is close to 0.970. The specific emissivity of the 
surface is as follows:

  ε = 0.985 × Pv – 0.960 × (1 – Pv) + 0.06 × Pv × (1 – Pv) (7)

The atmospheric correction method is used to calculate the LST as 
follows:

  Lλ = [εB(LST)+(1 – ε)L↓]τ + L↑ (8)

Figure 2. Landsat image data in the study area. The five images are the original images of the study area in 2008, 2011, 2014, 2017, and 2020, respectively.
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Then the radiance B(LST) of the black body with temperature T in 
the thermal infrared band is calculated as follows:

  
B

L L L
( )

( )
LST =

− − −↓                               ↓λ τ ε
τε
1

 
(9)

  Lλ = gain × DN + bias (10)

According to Equation 10, LST can be obtained with Planck units:

  

LST

LST

=
+

K
K

B

2

1 1ln(
( )

)
 

(11)

The surface-specific emissivity, B(LST), is the black-body thermal 
radiation brightness, LST is the real surface temperature (k), and K1 
and K2 are calibration parameters. For Landsat 5 TM data, K1 = 607.76, 
and K2 = 1260.56 K. For Landsat 7 ETM+ data, K1 = 666.09, and K2 = 
1282.71 K. For Landsat 8 OLI data, K1 = 607.76, and K2 = 1321.0789K; 
gain and bias can be obtained according to the parameters of different 
images at http://atmcorr.gsfc.nasa.gov. τ is the transmittance of the 
atmosphere in the thermal infrared band, and L↑ and L↓ are the radiance 
of the atmosphere upward and downward, respectively. Its value can be 
obtained according to the image acquisition time, the center longitude, 
and latitude provided by NASA (http://atmcorr.gsfc.nasa.gov) to query 
the relevant atmospheric profile parameters.

NDSI
As buildings are an important part of the artificial ecosystem, a large 
number of impervious surfaces of buildings replace the original natural 
ecosystem on the surface, resulting in the “drying” of the surface, and 
the bare soil is also one of the reasons for the drying of the surface. 
Therefore, dryness can be represented by the index of buildings and bare 
soil. Dry soil has caused severe pollution to the ecological environment 
of the whole region. It damages vegetation and has a serious adverse 
impact on the local hydrological environment. Rocks, sand, bare soil, 
and construction land all cause soil dryness. Therefore, the NDSI can be 
synthesized by the bare soil index (SI) and the building index (IBI):

  NDSI = (SI + IBI) / 2 (12)

  
SI swir red nir bule

swir red nir bule

=
+( ) − +( )
+( ) + +( )

ρ          ρ ρ       ρ
ρ          ρ ρ       ρ

1

1  
(13)
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PCA and R_RSEI
PCA is a statistical method of dimension reduction. It can be used to in-
tegrate the index and guarantee that the index information significantly 
reflects the characteristics of the original data. Using the PCA method, 
we significantly eliminated the human interference factors to simply 
and conveniently obtain more accurate results.

We combined the four extracted and normalized indices into a new 
image, which we then processed by the PCA. In particular, the ecologi-
cal environment index was the first principal component. To facilitate 
comparison and analysis, however, we transformed the resulting 
index into the initial ecological environment index RSEI0 according to 
Equation 15, which was normalized based on Equation 16:

 RSEI0 = 1 – PC(f(NDVI, Wet, NDSI, LST)) (15)

 R_RSEI = (RSEI0 – RSEI0min)/ (RSEI0max – RSEI0min) (16)

After normalization, R_RSEI was within the range [0, 1]. In fact, the 
ecological environment index was positively correlated with the eco-
logical environment quality of the study area. The experimental flow is 
shown in Figure 3.

Results
The Results of PCA with Each Index
We synthesized and analyzed the index extracted from the study area 
and then obtained the R_RSEI by the principal component transfor-
mation. As shown in Table 2, the summation of the first and second 
principal component eigenvalues after principal component transfor-
mation was more than 90%, which indicated that the first and second 
principal components contained most of the information related to 
the quality of the ecological environment. It also was evident that 
the contribution rate of the characteristic value at the first principal 
component was 74.065% in 2008, 79.562% in 2011, 72.712% in 2014, 
77.772% in 2017, and 78.68% in 2020. Each contribution rate of the 
first principal component exceeded 70%, which indicated that the first 
principal component contained most of the information of the ecologi-
cal environment quality index and thus could be used as the ecological 
environment index. We then analyzed the ecological environment qual-
ity along the BTIC railway.

As shown in Table 3, most NDVI and Wet were positive, and most 
NDSI and LST were negative. Therefore, we determined that the NDVI 
and Wet were positively correlated with the ecological environment 
quality of the study area, whereas the NDSI and LST had an inverse cor-
relation with the ecological environment.

The Results of R_RSEI
We extracted the indices for the 5 years from the RS images. In par-
ticular, we obtained and synthesized the NDVI, Wet, NDSI, and LST into 

the ecological environment index. 
Through RSEI, we were able to 
identify changes in the ecological 
environment along the BTIC railway 
from 2008 to 2020. According to 
the R_RSEI, we analyzed which 
factors affected the quality of 
the ecological environment and 
made the R_RSEI into a thematic 

Figure 3. The research flowchart.

Table 2. Results of principal component analysis.
Year 2008 2011 2014 2017 2020

Principal Component Eigenvalue (%) Eigenvalue (%) Eigenvalue (%) Eigenvalue (%) Eigenvalue (%)
1 0.2203 74.065 0.2482 79.562 0.2136 72.712 0.2389 77.772 0.2405 78.68
2 0.1978 19.565 0.1998 17.93 0.1971 19.423 0.1983 19.66 0.1992 17.3
3 0.0673 5.709 0.0400 2.204 0.0756 6.122 0.0515 1.95 0.0625 5.40
4 0.0135 0.495 0.0122 0.392 0.0127 1.553 0.0097 0.607 0.0126 1.551
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map, which we then could use to analyze and identify environmental 
changes throughout the study area.

As shown in Table 4, the R_RSEI was 0.3657 in 2008, 0.5023 in 
2011, 0.4829 in 2014, 0.2508 in 2017, and 0.2832 in 2020. The results 
showed that from 2008 to 2020, the R_RSEI along the BTIC railway 
generally decreased, with a temporary increase from 2008 to 2011, 
which indicated that the overall environmental quality was deteriorat-
ing. Compared with 2008, the R_RSEI in 2020 decreased by 0.0825, 
indicating that the quality of the ecological environment along the BTIC 
railway declined, which was consistent with the actual situation.

Greenness of Each Phase
As shown in Table 5, the average NDVI was 0.4707 in 2008, 0.6136 in 
2011, 0.5678 in 2014, 0.3955 in 2017, and 0.2922 in 2020. The chang-
ing trend initially increased and eventually decreased, generally exhibit-
ing a downward trend. As shown in Figure 4, the increase in vegetation 
was obvious from 2008 to 2011, whereas vegetation coverage in the 

next 9 years decreased. This decrease may have been due to the increase 
in vegetation planted during the 2008 Beijing Olympic Games by the 
local government. After that, because of increased urbanization and 
transformation of cultivated land or green space to construction land, 
the NDVI was constantly declining, in particular between 2014 and 2020. 
In 2020, the NDVI profile was occupied mostly by the blue area, which 
indicated severe vegetation degradation in the corresponding areas.

Wetness of Each Phase
Because of the absence of the large water body, we could calculate the 
Wet index directly without interference. As shown in Table 6, the mean 
Wet was 0.0803 in 2008, 0.0853 in 2011, 0.0385 in 2014, 0.0406 in 
2017, and 0.0375 in 2020. In addition, the relative humidity was low, 
and the overall trend was decreasing. This indicated that the soil and 
vegetation in the study area were not high in humidity, and their water 
content was relatively small. Thus, the vegetation and the water body 
also were relatively small.

Table 3. Principal component (PC) analysis of each index.
Year 2008 2011 2014 2017 2020

PCA PC1 PC2 PC3 PC1 PC2 PC3 PC1 PC2 PC3 PC1 PC2 PC3 PC1 PC2 PC3
NDVI 0.247 0.213 0.208 0.142 0.228 0.145 0.175 0.054 0.237 0.214 0.186 0.233 0.257 0.116 0.213
Wet 0.123 0.127 0.225 0.079 0.553 0.227 0.161 0.131 0.047 0.175 0.354 0.213 0.124 0.073 0.136

NDSI −0.084 −0.314 −0.157 −0.180 −0.067 −0.367 −0.234 −0.045 −0.132 −0.177 −0.184 −0.061 −0.107 −0.277 −0.214
LST −0.112 −0.504 −0.128 −0.080 −0.248 −0.150 −0.052 −0.218 −0.179 −0.144 −0.123 −0.098 −0.083 −0.217 −0.097

PCA = principal component analysis; NDVI = normalized difference vegetation index; Wet = humidity component; NDSI = building dryness index; LST = land 
surface temperature.

Table 4. Remote sensing–based ecological index (R_RSEI) of each phase.
Year/R_RSEI Minimum Maximum Mean Standard Deviation

2008 0.000 1.000 0.3657 0.0065
2011 0.000 1.000 0.5023 0.0048
2014 0.000 1.000 0.4829 0.0079
2017 0.000 1.000 0.2508 0.0014
2020 0.000 1.000 0.2832 0.0032

Table 5. Normalized difference vegetation index (NDVI) statistics.
Year/NDVI Minimum Maximum Mean Standard Deviation

2008 0.000 1.000 0.4707 0.1091
2011 0.000 1.000 0.6136 0.1082
2014 0.000 1.000 0.5678 0.1567
2017 0.000 1.000 0.3955 0.0878
2020 0.000 1.000 0.2922 0.0659

Figure 4. Normalized difference vegetation 
index (NDVI) distribution map in each period 
of the study area. These five images are 
the NDVI values in the study area in 2008, 
2011, 2014, 2017, and 2020, respectively. 
The greater the color value in the legend, 
the greater the NDVI value and the greater 
the vegetation coverage; conversely, the 
smaller the NDVI value, the less the vegetation 
coverage. In both cities, the vegetation 
coverage is significantly lower than that in the 
middle suburbs.
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Table 6. Wet statistics.
Year/Wet Minimum Maximum Mean Standard Deviation

2008 0.000 1.000 0.0803 0.1099
2011 0.000 1.000 0.0853 0.1171
2014 0.000 1.000 0.0385 0.0531
2017 0.000 1.000 0.0406 0.0562
2020 0.000 1.000 0.0375 0.0784

Figure 5. Humidity index distribution in 
each period. The images are the study area’s 
humidity values in 2008, 2011, 2014, 2017, and 
2020, respectively. The color value is closer to 
1 in the legend; the greater the humidity value, 
conversely, the lower the humidity. The urban 
humidity on both sides is significantly lower 
than the humidity in the suburbs.

Figure 6. Land surface temperature (LST) 
distribution in each period. This figure shows 
the LST values in the study area in 2008, 2011, 
2014, 2017, and 2020. The color value is the 
closer to 1 in the legend; the greater the LST 
value, the higher the temperature. The urban 
temperature on both sides is significantly 
higher than in the suburbs because the city has 
a heat island effect.

Table 7. Land surface temperature (LST) statistics.
Year/LST Minimum Maximum Mean Standard Deviation

2008 0.000 1.000 0.3658 0.0026
2011 0.000 1.000 0.4687 0.0023
2014 0.000 1.000 0.4829 0.0031
2017 0.000 1.000 0.5508 0.0042
2020 0.000 1.000 0.6437 0.0032
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The gray area in Figure 5 shows that the humidity change was 
small because the study area is located in the north, with less precipita-
tion. Moreover, the involved RS image had less cloud coverage, leading 
to the nonobvious humidity response. Consequently, the subtle change 
in humidity could not be observed. From Table 6, however, it may be 
reasonable to infer that the ecological environment has been deteriorat-
ing since the humidity has been declining.

LST of Each Phase
As shown in Table 7 and Figure 6, the surface heat was gradually ris-
ing. According to the 2020 TS distribution map (Figure 6), the red col-
or occupies most of the map, indicating that the temperature was very 
high in the study area, especially in Beijing and Tianjin. According to 
the temperature data of the Beijing–Tianjin area, the average maximum 
temperature for each month between August and September from 2008 
to 2020 was 28°C, 32°C, 31°C, 35°C, and 33°C.

NDSI of Each Phase
As shown in Table 8, the average dryness index was 0.2748 in 2008, 
0.3874 in 2011, 0.3042 in 2014, 0.3953 in 2017, and 0.2764 in 2020, 
exhibiting an overall upward trend. As shown in Figure 7, the dryness 
index generally increased in the past 13 years, which indicates that 
the bare soil and construction land gradually increased. Because the 
population in Beijing and Tianjin has been increasing with the continu-
ous mobility of the population, the speed of urban construction also has 
been gradually accelerating, which has led to the rapid expansion of the 
construction area and a continuous increase of the annual dryness index.

R_RSEI Classification
To display the resulting R_RSEI more objectively and vividly, we classi-
fied the R_RSEI into five grades. Because the R_RSEI was normalized, its 
range was within [0, 1]. The classification criteria were as follows: [0, 
0.2] was “worse,” [0.2, 0.4] was “poor,” [0.4, 0.6] was “general,” [0.6, 
0.8] was “good,” and [0.8, 1.0] was “preferable.” Table 9 maps each 
grade to its corresponding ecological environment situation.

The high R_RSEI indicated a good ecological environment quality. 
As shown in Figure 8, the area with the ecological environment quality 
index close to 1 was diminishing annually. In particular, from 2011 
to 2020, the R_RSEI declined linearly. The R_RSEI from 2008 to 2011 
was relatively stable, indicating the relative successful of the environ-
ment protection during this period. By 2011, because of the economic 
development of the region peripheral to the study area, the ecological 
environment coefficient was reduced significantly.

Change Analysis of the Ecological Environment
In this study, we ranked the ecological environment index according to 
five different grades (obvious improvement, improvement, no signifi-
cant change, deterioration, and obvious deterioration), making the pre-
sentation of ecological quality change in the study area more intuitive.

As shown in Figure 9, the areas ranked “deterioration” and “no 
significant change” occupy most of the map, whereas the obviously de-
teriorated areas are farmland or woodland close to the high-speed rail-
way. These areas were significantly transformed into construction and 
industrial land, which led to a severe decline in the ecological index.

Conclusion
We selected five periods of Landsat RS to produce four indexes that 
we synthesized into the RSEI of the ecological environment index us-
ing PCA. We then classified the RSEI to yield the index change results, 
which provided the basis for the ecological environment protection and 
construction suggestions in the study area:
1. We synthesized and normalized the selected green index, humidity 

index, dryness index, and heat index to create the R_RSEI image, 

Table 8. Building dryness index (NDSI) statistics.
Year/NDSI Minimum Maximum Mean Standard Deviation

2008 0.000 1.000 0.2748 0.1085

2011 0.000 1.000 0.3874 0.1254

2014 0.000 1.000 0.3042 0.1283

2017 0.000 1.000 0.3953 0.1147

2020 0.000 1.000 0.2764 0.1175

Figure 7. Building dryness index (NDSI) 
distribution in each period. The images show 
the NDSI values in the study area in 2008, 
2011, 2014, 2017, and 2020, respectively. 
The higher the color value, the larger the dry 
value, and thus the air is dry. The urban NDSI 
is significantly higher than the suburbs.
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which we then used to evaluate the environmental quality of the 
study area. This procedure significantly eliminated the human in-
terference factors so that we could more objectively assign weights 
to the environmental quality evaluation index and thus support a 
more accurate evaluation result.

2. Through the complete processing and analysis, we found that the 
ecological quality decreased annually. Moreover, the value of the 

ecological index was becoming lower. Therefore, we concluded 
that the ecological environment quality has been deteriorating.

3. According to the five phases of the R_RSEI, after the launch of the 
BTIC railway, the quality of the surrounding ecological environment 
began to decline. Although the launch of the BTIC railway may not 
have been the main adverse factor, it might have had a specific 
undesirable impact on the environment along the railway line.

4. Based on this analysis, we conclude that the ecological environ-
ment along the BTIC railway has been deteriorating annually. 
Notably, the agricultural land area along the line has been decreas-
ing because of the vigorous urbanization and construction, which 
has led to a gradual decline in the ecological environment index. 
Therefore, we strongly suggest that local departments pay attention 
to environmental protection when developing the economy.
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A Matching Optimization Algorithm About  
Low-Altitude Remote Sensing Images  
Based on Geometrical Constraint and 

Convolutional Neural Network
Yaping Zhang, Nan Yang, and Qian Luo

Abstract
This article presents a novel matching optimization algorithm for low-
altitude remote sensing images based on a geometrical constraint and 
a convolutional neural network (CNN). The proposed method was de-
signed to be effective in enhancing the integrity and accuracy of point 
clouds generated by stereo matching. To overcome the limitations of 
stereo matching, we trained a CNN to predict how well image patches 
match and used it in patch optimization. The main advantage of this 
approach is that the proposed algorithm can decrease the mismatch-
ing and errors caused by noise, deep discontinuity, and weak texture in 
low-altitude remote sensing images and can reconstruct an integrated 
and accurate point cloud. Comparative studies and experimental 
results validate the accuracy of the proposed algorithm when used 
for dense point generation from low-altitude remote sensing images.

Introduction
With the acceleration of urbanization, the study of spatial location 
information has elicited general interest in remote sensing, photogram-
metry, computer vision, and machine intelligence. The reconstruction 
of fine-detailed 3D city models from multi-view image stereo matching 
is one of the focal topics in the research on spatial information achieve-
ment and has gained considerable attention in the past decade (Bagheri 
et al. 2019; Koch et al. 2019; Shao et al. 2020; Li and Wu 2021; Liao 
et al. 2021; Yan et al. 2021; Zeng et al. 2020).

Marr and Poggio (1976) introduced stereo disparity to image 
processing. Their research proved that a pair of corresponding pixels 
in two different images can be used to calculate the stereo disparity 
between the two images. They reconstruct the projection relationship 
between the images and the object they captured in 3D space. This 
work followed nearly half a century of research on stereo matching, 
during which researchers devoted their efforts to the automatic search 
for accurate corresponding pixels from 2D overlap images and recon-
struction of the 3D digital model of objects or scenes. This is one of 
the main ideas in photogrammetry and computer vision. Most methods 
use matching optimization algorithms to improve the accuracy of ini-
tial matching because the accuracy of initial matching is considerably 

affected by noise, poor texture, occlusions, and deep discontinui-
ties. Nearly all matching optimization algorithms are based on pixel 
intensity and the spatial projection relationship between images and the 
objects and scenes they captured. Least-squares matching (LSM), which 
was proposed by Ackerman, was one of the most successful methods 
before 2015, having sub-pixel accuracy (Ackerman 1983, 1984) in ac-
curate single-point image matching optimization. It was soon extended 
to multi-point and multi-image matching methods due to its flexibility, 
reliability, and high precision, and it is currently widely used in image 
matching, automatic generation of digital elevation models, motion 
analysis, 3D object reconstruction, and many other fields (Hamed et 
al. 2017; Hu and Wu 2017; Wan and Zhang 2017; Zhang et al. 2018). 
In the past decades, many researchers have aimed to improve the LSM 
method to achieve matching optimization in different objects or scenes. 
For example, the multi-photo geometrically constrained matching 
algorithm (MPGC) (Baltsavias 1991, 1996) introduces the parameters of 
images in 3D space so that an accurate 3D coordinate can be calcu-
lated during the matching optimization process. Least squares B-spline 
snakes (Zhang 2005; Zhang and Gruen 2006) improve image matching 
in deep discontinuities. Traditional LSM and its related algorithms work 
by building error equations through a spatial geometric relationship 
and by employing least-squares adjustment to find the optimum corre-
sponding pixels. Given that error equations are nonlinear, the matching 
process has to use extremely complex procedures and several iterative 
calculations to solve them. In 2010, Furukawa and Ponce proposed 
the patch-based multi-view stereo method (Furukawa and Ponce 2007, 
2010), which uses a conjugate gradient method (Hestenes and Stiefel 
1952; Naylor and Chapman 2021) to solve the optimum parameters 
and calculate the final 3D coordinate of the object point cloud. This ap-
proach simplifies the term-by-term differentiation of error equations in 
the LSM method, but the speed of the convergence is not as high as the 
traditional LSM method. Thus, the number of iteration times is larger 
than that of traditional LSM, which might lead to error matching when 
the initial matching is far from the optimum matching.

Although optimization algorithms based on pixel intensity and the 
projection relationship achieve good results in 3D reconstruction, they 
have certain shortcomings that limit the accuracy of image matching. 
One of the main issues is that these algorithms assume that the target 
pixel pair and the surrounding pixels are located on a continuous curved 
surface such that the tangent patch of the surface can be adjusted by the 
geometry relationship and intensity of the pixels to achieve optimum 
matching. However, the surfaces of objects or scenes are not always 
continuous, especially for building edges in urban images; the tangent 
patch does not exist in deep continuous areas, leading to error matching 
or optimization failure. Figure 1 compares the optimization results of 
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a patch-based LSM algorithm with the matching pixel window in 7×7, 
11×11, 21×21, and 51×51 pixels. According to the results illustrated 
in the figure, the more that pixels participate in the matching process, 
the lower the percentage of error matching. This is because abundant 
information participates in the process, thus increasing the robustness of 
image matching. However, the resulting point cloud distortion become 
serious when the matching window is enlarged. This is because too 
many pixels participating in matching optimization will enlarge the size 
of the tangent patch and make the feature indistinct. After 2010, deep 
learning became one of the main interests in the computer field, and 
an increasing number of researchers investigated how deep informa-
tion can improve the accuracy of image matching. Žbontar and LeCun 
(2015) used a convolutional neural network (CNN) in the matching 
optimization step in dense stereo matching. They introduced the deep 
learning method to the study of image matching and achieved the 
lowest error rate on the test stereo data set at that time. Consequently, 
many researchers have begun to focus on the methods of extracting 
deep information to predict the performance of image patch matching 
in recent years (Hu et al. 2019; Shao et al. 2019; Xu et al. 2019; Zhang 
et al. 2019; Song et al. 2020). The idea of a deep learning–related 
method is based on image classification. These algorithms suppose an 
image window with only several pixels as a unit and use convolutional 
calculation to extract the deep information of the unit and then search 
for the most similar information in search images. When this similar 
information is found in the search image, the corresponding center pixel 
is probably the supreme matching pixel. The deep information that is 
filtered through several convolutional layers is robust to noise, deep 
discontinuous, and projective distortion. Thus, stereo matching methods 
associated with deep learning are currently superior in terms of perfor-
mance in stereo matching on the KITTI data set (KITTI 2021). However, 
the efficiency of CNN algorithms is not as high as that of traditional 
algorithms because the speed of convolutional calculation about the 
matrix is low. This limits the application of CNN-related algorithms.

To improve the matching accuracy of points and to test the ef-
fectiveness of the deep learning method in general low-altitude image 
matching optimization, this study develops a matching optimization 
algorithm based on a geometrical constraint and CNN. The proposed 
algorithm takes advantage of the spatial geometrical relationship to 
constrain the corresponding range in search images and then uses CNN 
to find the ideal corresponding pixel.

The remainder of this article is structured as follows. The proposed 
method is introduced in the next section. Then experiments are con-
ducted to verify the feasibility of the algorithm in terms of reliability 
and matching accuracy, and conclusions follow.

Method
The matching optimization algorithm is developed here. The proposed 
method uses three steps to optimize image matching and calculate the 
coordinates of object points for deriving the reconstructed point cloud: 
(1) search image window determination, (2) accurate matching based 
on CNN, and (3) object point calculation.

Search Image Window Determination
In the first step, a collinear equation constraint is used to limit the 
range of image windows in search images. According to the spatial 
projective relationship, in the object coordinate system, the projection 
center of the image S(Xs0, Ys0, Zs0), object point P(X, Y, Z), and image 
point p(x, y) is located on a line. The projection relationship is repre-
sented by the collinear equation
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where (x0, y0, f) is the inner parameter of the image and 
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is the rotation matrix of the image.

The proposed algorithm uses the projective image point (x, y) as 
the center pixel and adopts 11×11 pixels surrounding the center pixel 
as the search image window. The purpose of limiting the range of the 
search window is to speed up the matching process and reduce the pos-
sibility of error matching, which is caused by repetitive texture.

Accurate Matching Based on CNN
The CNN architecture we used is depicted in Figure 2. The network 
consists of six layers, L1 through L6. The first three layers are con-
volutional, and each layer consists of 16 kernels with a dimension of 
3×3×1. L4 is the pooling layer, which consists of 3×3 kernels. L5 is 
a fully connected layer with 200 neurons. The final layer, L6, which 
consists of 64 classes, projects the similarity of the reference and 
search image windows. The class that achieves the highest level of 
similarity (the corresponding center pixel in the search image window) 
most likely matches the pixel of the center pixel of the reference image 
window.

Object Point Calculation
3D reconstruction from every single pixel matching is the ultimate 
purpose of matching optimization. Thus, the third step of the proposed 
method is object point calculation from the results of matching optimi-
zation. The proposed method uses space intersection to calculate the 
object point through the corresponding image pixel pairs. In the object 
coordinate system, according to collinear Equation 1, the coordinates 
of the object point P(X, Y, Z) are unknown parameters, and the others 
are image parameters or coordinates of image pixels we can obtain 
from image matching. The collinear equation can be presented as
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Assume that l1–l6 are the coefficients of unknown parameters and 
that lx and ly are constant terms. Equation 2 can be simplified as
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With Equation 2, l1–l6 and lx and ly in Equation 3 can be represented as

Figure 1. Point cloud reconstructed by the MPGC method; the 
matching optimization window contains 7×7, 11×11, 21×21, and 
51×51 pixels, respectively.

528 August  2022 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING



 

l fa x x a

l fb x x b

l fc x x c

l fa X fbYx s

1 1 0 3

2 1 0 3

3 1 0 3

1 1

= + −( )
= + −( )
= + −( )
= + ss s s s sfc Z x x a X x x b Y x x c Z

l fa y y a

l

+ + −( ) + −( ) + −( )
= + −( )

1 0 3 0 3 0 3

4 2 0 3

5 == + −( )
= + −( )
= + + + −( )

fb y y b

l fc y y c

l fa X fb Y fc Z y y ay s s s

2 0 3

6 2 0 3

2 2 2 0 3XX y y b Y y y c Zs s s+ −( ) + −( )0 3 0 3  

(4)

According to Equation 3, an object point can be represented by an 
image parameter that includes inner elements (x0, y0, f), 3D coordinate 
of the image projection center S(Xs0, Ys0, Zs0), rotation matrix 

R
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, and the corresponding image point p(x, y). Hence,

for each image point, we can build a pair equation, such as Equation 
3. A pair of matching pixels and their image parameters can build four 
equations. If one object point can be captured by n cameras (n≥2), 2n 
equations can be built. Given that Equation 3 has only three unknown 
parameters, least-squares adjustment is used to calculate the object 
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equations used to calculate the coordinates of the object point can be 
presented as
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Given that L is not a square matrix, a transposed matrix of L is used 
to solve the equation
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Thus, the coordinates of the object point can be calculated as
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When numerous single object points are calculated by Equation 7, 
the point cloud of the 3D digital surface model can be reconstructed 
from 2D images.

Experiments and Results
The experiments used two pairs of images from Yangjiang (oblique 
aerial image captured at nadir), which is a city in Guangdong Province, 
China, and the Northwestern University Campus (unmanned aerial 
vehicle [UAV] images), which is located in Xi’an, Shanxi Province, 
China. The interior and exterior orientation parameters of the images 
were known. The detailed information of the data sets is illustrated 
in Table 1 and Figure 3. Given that nearly all matching optimization 
processes related to the spatial geometric relationship adopt the LSM 
method to obtain the optimum result, to evaluate the performance of 
the algorithm, the experiments compared the matching pixels and point 
cloud accuracy of the proposed algorithm with those of an epipolar 
constrained LSM method, namely, MPGC in general matching opti-
mization. Aside from the matching accuracy comparison with MPGC 
algorithm, a vertical patch-based LSM algorithm (Yang et al. 2016) 
was compared with the proposed algorithm to evaluate the methods’ 
performance in edge area matching optimization.

General Matching Optimization
Experiments were conducted to compare the matching optimization 
results of initial general matching points optimized by the MPGC algo-
rithm and the proposed algorithm. The performance results are shown 
in Tables 2 and 3. The tables compare the results of the two algorithms 
on the basis of (1) the number and percentage of successful matching 
instances, which means a pair of corresponding pixels can be found in 
the reference image and the search image; (2) the number and percent-
age of effective matching instances, which means the final object points 
calculated by optimized matching are located within a reasonable 

Figure 2. The architecture of our convolutional neural network.
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range; and (3) the average normalized correlation coefficient (NCC) 
between the reference image window and the search image window.

The experiment on the Yangjiang data set attempted to optimize 
165 353 points. As indicated by the results in Table 2, through the 
MPGC algorithm, 147 754 pair pixels were successfully optimized, 
and 134 365 object points were located in the range of the 3D model 
after space intersection calculation. The percentages of successful and 

effective matching were 89.36% and 81.26%, respectively, and the 
average NCC between the reference and search image windows was 
0.887. Meanwhile, with the proposed method, 163 625 points were 
successfully optimized, and 163 538 3D coordinates of the object point 
results were reasonable. The percentages of successful and effective 
matching were 98.95% and 98.90%, respectively, and the average NCC 
between the reference and search image windows was 0.973.

In the experiments on the Northwestern University Campus data 
set, because the texture of the images is simpler and the number of 
pixels is smaller than that for the Yangjiang data set, we attempted to 
optimize 58 014 general points. As indicated by the results in Table 3, 
MPGC successfully matched 48 540 pairs, the proposed method suc-
cessfully matched 57 615 pairs, the percentages of successful match-
ing were 83.67% and 99.31%, respectively. MPGC and the proposed 
algorithm achieved 38 410 (66.21%) and 53 878 (92.87%) reasonably 
optimized object points, respectively. The average NCCs between two 
corresponding image windows for MPGC and the proposed algorithm 
were 0.867 and 0.976, respectively.

According to the comparison results, the proposed method achieved 
more successful corresponding pixel pairs and more effective object 
3D points than MPGC. The corresponding pixel pairs and their sur-
rounding pixels also had higher similarity. Thus, the proposed algo-
rithm is robust and superior to MPGC.

The point cloud results calculated by effective matching in Equation 
7 and the point cloud details are illustrated in Figures 3 and 4. Every 
object point in the point cloud is theoretically located on the surface of 
the 3D object or scene for the purpose of the 3D reconstruction; thus, 
the separated object points in the point cloud have low accuracy and 
are in danger of error matching. As the detailed comparison in Figures 
4 and 5 shows, the point cloud optimized by the proposed method had 
fewer separated points. The number of points is much more than that 

Figure 3. Experiment image pairs: (a) Yangjiang. (b) Northwestern University Campus.

Table 1. Detailed information of the experiment images.

Data Size (Pixels) Image Collections
General 
Points

Edge 
Points

Yangjiang 8206×6078 Oblique aerial image 
captured at nadir 165 353 147 555

Northwestern 
University Campus 3888×2592 UAV images 58 014 105 619

Table 2. Matching optimization result of Yangjiang (165 353 points).

Method
Successful 
Matching

Effective 
Matching 

Average 
NCC

MPGC 147 754 (89.36%) 134 365 (81.26%) 0.887

Proposed method 163 625 (98.95%) 163 538 (98.90%) 0.973

Table 3. Matching optimization result of Northwestern University 
Campus (58 014 points).

Method
Successful 
Matching Effective Matching

Average 
NCC

MPGC 48 540 (83.67%) 38 410 (66.21%) 0.867

Proposed method 57 615 (99.31%) 53 878 (92.87%) 0.976
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Figure 4. Optimization result of point cloud for Yangjiang shown in FugroViewer. (a) and (c) are the point clouds matched by MPGC and the 
proposed algorithm. (b) and (d) are details of (a) and (c), respectively.

Figure 5. Optimization result of point cloud about Yangjiang shown in FugroViewer. (a) and (c) are the point clouds matched by and the 
proposed algorithm. (b) and (d) are details of (a) and (c), respectively.
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for the MPGC point cloud, as demonstrated in Tables 2 and 3. This re-
sult proves that the point cloud reconstructed by the proposed method 
has higher accuracy and integrity than that reconstructed by MPGC, 
indicating that the proposed algorithm has higher matching accuracy.

Edge Point Optimization
One of the key problems in 3D reconstruction is accurate stereo match-
ing in deep discontinuous areas because the traditional method uses 
the spatial projection relationship between local image windows to 
calculate and optimize stereo matching. One of the important features 
of this method is that the corresponding image windows that project 
to the object space coordinate system are the local tangent patch in the 
object surface model. However, the local tangent patch does not exist 
in deep discontinuous areas. As a result, many matching optimization 
methods based on spatial geometry projection of image windows face 
mismatching or erroneous matching in deep discontinuous areas. In 
this study, two sets of points located in a deep discontinuous area were 
optimized with MPGC: the vertical patch-based LSM algorithm (which 
was developed to improve the matching accuracy for deep discontinu-
ous areas) and the proposed algorithm. The distribution of the initial 
edge points was determined and is shown in red in Figure 6. The 
comparison results are demonstrated in Tables 4 and 5.

As illustrated by the matching optimization results in Tables 4 
and 5, the percentages of successful matching for the two data sets 
were 88.15% and 86.61% in MPGC, and the percentages of effective 
matching were 78.12% and 54.47% in the same method. Notably, deep 
discontinuous area lead to mismatching or erroneous matching in the 
process of optimization. When the vertical patch-based LSM algorithm 
was used for matching optimization, the successful matching rate for 
the two data sets decreased by 1.22% and 5.29%, but the effective 
matching rate increased to 86.27% and 64.48%. This proved that the 
vertical patch-based LSM　algorithm could improve the robustness 
of the edge point matching. Although the vertical patch-based LSM 
algorithm improved the robustness of image matching, these numbers 
are also lower than those of general points matching. However, the 
successful matching rate of the proposed algorithm for the two data 
sets increased to 99.03% and 98.70%, and the effective matching rate 
increased to 98.99% and 98.63%. These values are slightly higher 
than those for general matching optimization. This result is obtained 
because the proposed method strengthens the deep information of local 
image texture, and the image texture information in the discontinu-
ous area is richer than that in other areas. Thus, the proposed method 
is more robust than the LSM method, especially in edge matching 
optimization. The average NCC of the two data sets optimized with the 
proposed algorithm stabilized at 0.976 and 0.973. These values are as 
good as those for general matching optimization.

The final point cloud after optimization and its details are shown in 
Figures 7 and 8, respectively. The point cloud optimized by the pro-
posed algorithm had fewer separated points and richer details. These 
results verify that the proposed algorithm is superior to the MPGC and 
the vertical patch-based LSM algorithm in terms of matching accuracy 
and point cloud integrity.

Conclusion
We developed a novel algorithm for improving the accuracy of point 
cloud reconstruction from low-altitude remote sensing images. The 
proposed algorithm trains a CNN to find the supreme corresponding 
pixels in reference and search images and calculates accurate object 
points via space intersection. The method aims to improve the accu-
racy and integrity of point cloud data reconstructed by image match-
ing. The optimization results and detailed performance were validated 
experimentally.

The optimization result demonstrated that the proposed approach is 
superior to the traditional LSM-relative algorithms in terms of match-
ing accuracy and reconstructed point cloud integrity. The point clouds 
showed that the proposed algorithm reconstructed a point cloud with 
higher integrity and fewer separated points, especially in the deep 
discontinuous area. Notably, the model of CNN contains a large number 

of matrices, so the speed of the process cannot be as high as that of the 
traditional method in the C++ program. The program of the proposed 
approach should be built with mixed languages, such as C++ and 
Python/Matlab. A possible direction for future work is to improve the 
efficiency of matching optimization and extend this method to 3D 
reconstruction of multiple images and larger scenes.
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TPPI: A Novel Network Framework and Model for 
Efficient Hyperspectral Image Classification

Hao Chen, Xiaohua Li, Jiliu Zhou, and Yuan Wang

Abstract
Hyperspectral image (HSI) classification is the most vibrant research 
field in the hyperspectral community, aiming to assign each pixel in 
the image to one certain land cover category based on its spectral or 
spectral-spatial characteristics. Recently, some spectral-spatial–fea-
ture deep learning–based convolutional neural networks have been 
proposed and demonstrated remarkable classification performance. 
However, these networks are time consuming when facing a real HSI in 
practical application. The trained model must be forwarded indepen-
dently across m × m crops of the image in strides of 1 pixel. In this 
article, an efficient and practical network was proposed for HSI classi-
fication that can take an HSI as an input instance and directly output a 
dense pixel-level classification map. First, a novel mechanism, training 
based on pixels and prediction based on images (TPPI), is proposed and 
formulated. Second, some basic rules that should be obeyed during net-
work design and implementation are given. Finally, following the basic 
rules, three TPPI-Nets are derived and demonstrated based on state-of-
the-art classification networks. Experimental results on three public 
data sets show that the proposed TPPI-Net can not only obtain higher 
classification accuracy than the existing DCNN-based methods but also 
greatly reduce the computational complexity of HSI classification.

Introduction
A hyperspectral image consists of hundreds of narrow contiguous 
wavelength bands carrying a wealth of spectral information. Taking 
advantage of the rich spectral information, hyperspectral data are 
extremely useful in a wide range of applications in remote sensing, 
such as urban monitoring (Fauvel et al. 2008), agriculture (Lanthier et 
al. 2008), and change or target detection (Mercier and Girard-Ardhuin 
2006; Bovolo 2009). Hyperspectral image classification (HSIC), aimed 
at assigning each hyperspectral pixel to one certain land cover category 
based on its spectral or spectral-spatial characteristics, is the most 
vibrant research field in the hyperspectral community and has drawn 
broad attention in the remote sensing field (Li et al. 2019).

HSIC methods can be divided into spectral-feature–based methods 
and spectral-spatial-feature–based methods according to the input 
information. In early research attempts (Chen et al. 2014; Li et al. 
2017; Liu et al. 2017), the spectral vector of the hyperspectral pixel 
was intuitively used for HSIC to take advantage of abundant spectral 
bands. With the development of imaging technology, hyperspectral 
sensors can provide good spatial resolution. As a result, detailed spatial 
information has become available. It has been found that spectral-
spatial–based methods can provide good improvement in terms of 
classification performance (He et al. 2018). An increasing number of 
spectral-spatial–based classification frameworks have been developed 
(Fang et al. 2015, 2018, 2017).

Recently, some spectral-spatial-feature–based deep learning¬–
based convolutional neural networks (DCNN) have been proposed and 
demonstrated remarkable classification performance in HSIC (Paoletti et 
al. 2018, 2019; Song et al. 2018; Yang et al. 2018; Zhong et al. 2018; 
Cao et al. 2020; Han et al. 2020). Using DCNN, the joint deep spectral-
spatial feature was directly extracted from the cropped HSI cube, and 
the land cover label of the center pixel in the cube was output simul-
taneously. According to the definition of HSIC, two existing network 
structures can be applied: the semantic segmentation network and the 
traditional classification network. The semantic segmentation network 
considers the entire image as an instance and directly outputs the dense 
pixel-level classification map; in the training phase, it requires a large 
set of fully annotated images to supervise the learning of the model 
parameters. However, the existing public HSI data sets, which usually 
cannot provide the ground truth covering all pixels of the image, limit 
the usability of the semantic segmentation networks in HSIC. Therefore, 
the traditional classification network, which takes a cropped HSI cube 
as input and outputs the class label of the center pixel, is the most 
common network structure for HSIC. Paoletti et al. (2018) use 2D CNN 
for extracting both spectral and spatial information for HSIC. Yang et 
al. (2018) advocated a 2D CNN model to exploit the spatial context and 
a 3D CNN model to exploit both the spatial and the spectral context. 
Inspired by ResNet (He et al. 2016), Song et al. (2018) built a very 
deep network to extract more discriminative features of HSI for clas-
sification. Zhong et al. (2018) designed an end-to-end spectral-spatial 
residual network (SSRN) that can take a raw 3D cube as input without 
feature engineering for HSIC. Paoletti et al. (2019) designed a pyramid 
bottleneck-based architecture (pResNet) in which the output layer is 
larger than the input layer so that more features can be extracted as the 
residual unit becomes deeper. Cao et al. (2020) integrated both active 
learning and CNN into a unified framework to alleviate the issue of 
insufficient labeled samples in HSIC. Han et al. (2020) designed a two-
stream convolutional network is designed to learn the spatial-spectral 
features at different scales and use a spatial enhancement strategy to ob-
tain more comprehensive spatial features with limited training samples.

Although the classification networks mentioned above have dem-
onstrated remarkable performance in terms of classification accuracy, 
they are time consuming when facing a real HSI in practical applica-
tions because the trained model must be forwarded independently 
across  crops of the image in strides of 1 pixel. In fact, there are many 
repeated computations using this pixel-wise processing method.

In contrast, the semantic segmentation network, which consid-
ers an image as an instance and directly outputs the dense pixel-level 
classification map, is much more efficient. However, as mentioned 
above, there is a conflict between the requirement of semantic seg-
mentation networks for training data and the existing HSI data set: the 
semantic segmentation network requires a large set of fully annotated 
training images, while it is impossible for the HSI data set to provide 
ground truth that covers all pixels. The reasons are as follows: (1) it 
takes experts much time to annotate, (2) the corresponding category 
of some pixels is pointless, and the experts are reluctant to annotate 
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them. To apply the semantic segmentation network in HSIC, Sun et al. 
(2021) recently proposed a supervised segmentation network in which 
pseudo–finely labeled HSI cubes are generated by arranging the ran-
domly selected training pixels in horizontal or zigzag mode and used to 
train the segmentation network. Although it realized efficient HSIC, the 
classification accuracy is significantly inferior (approximately 10%) to 
the existing classification networks because the spatial distribution of 
the pseudocubes does not conform to the real distribution.

In this article, we focus on designing a sort of network for HSIC 
that can successfully balance the efficiency and the restriction of data 
sets. In the training phase, the network could take a cropped HSI cube 
as input and output the land cover class of the center pixel so that the 
loss could be computed between the output and the ground truth. In the 
prediction phase, the network could take the entire image or nonover-
lapped subimage as an input instance and directly output the dense 
pixel-level classification result. In this article, this sort of network is 
called training based on pixels and prediction based on images (TPPI-
Net), while the existing spectral-spatial-feature–based classification 
CNN is referred to as training based on pixels and prediction based on 
pixels (TPPP-Net).

Training based on pixels makes TPPI-Net compatible with the exist-
ing hyperspectral data set, while prediction based on images can avoid 
redundant calculations between adjacent pixels. The experimental 
results on three public data sets show that the proposed TPPI-Net can not 
only obtain higher classification accuracy than the state-of-the-art clas-
sification networks but also greatly improve the prediction speed.

The main contributions are as follows:
• We proposed and formulated a novel network design mechanism, 

TPPI, which could solve the inefficiency problem of traditional HSI 
classification networks.

• Some basic rules that should be followed during TPPI-Net design and 
implementation are given. Following these basic rules, three new 
TPPI-Nets are derived based on the state-of-the-art TPPP-Nets.

• Rigorous experiments, as well as detailed analysis, are performed to 
fully demonstrate the effectiveness of the proposed method.

Problem Analysis
In real-world applications, a classification network–based HSIC method 
may include three phases: training, testing, and prediction, as shown in 
Figure 2b. In the training phase, the training set consisting of labeled 
pixels is used to learn the network model that transforms the spectral-
spatial information of the pixel to the land cover class of the pixel. In 
the testing phase, the test set that does not intersect with the training 
set is used to test the effectiveness of the model. In the prediction 
phase, a real HSI is predicted by feeding the pixels in the HSI into the 
model one by one. It is obvious that when facing a real HSI, the method 
of pixel-wise processing has low efficiency since there are many 
repetitive computations between adjacent pixels. In fact, if the HSI data 

set is matched with the requirement for training samples, the semantic 
segmentation network that has received much attention recently is 
more suitable for HSIC because forwarding the semantic segmentation 
network one time gives an identical result to evaluating the current 
classification network independently across m×m crops of an HSI image 
in strides of 1 pixel.

Semantic Segmentation Networks
Semantic segmentation aims to cluster the pixels in an image together 
if they belong to the same class. It is a form of pixel-level dense 
classification because it assigns each pixel in an image to one certain 
category. Although semantic segmentation has been an important 
branch in computer vision, there was virtually no great breakthrough 
until Long et al. (2015) first used a fully convolutional network (FCN) 
to achieve end-to-end natural image segmentation. Prior to FCN, the 
usual approach for dense prediction of a natural image was to predict 
pixel-wise by using a classification network, which is the same idea as 
the current HSIC. After that, researchers proposed various supervised 
segmentation networks, such as U-Net (Ronneberger et al. 2015), 
SegNet (Badrinarayanan et al. 2017), FC-DenseNet (Jégou et al. 2017), 
E-Net (Paszke et al. 2016), Link-Net (Chaurasia and Culurciello 
2017), RefineNet (Lin et al. 2017), PSPNet (Zhao et al. 2017), and 
Mask-RCNN (He et al. 2017), and some semisupervised methods, such 
as DecoupledNet (Hong et al. 2015). Figure 1 shows the architecture 
of SegNet. As shown in Figure 1, the semantic segmentation network 
is an image-to-image architecture. That is, if the training sample is an 
image with size w×h, its segmentation result should also be an image 
with the same size w×h. Let sx be the spatial size of the input and sy be 
the spatial size of the output. For semantic segmentation networks, the 
relationship between sx and sy can be described as

  sy = sx (1)

Limitation of the Existing HSI Data Set
For the HSIC, the ground truth on the existing public data sets covers 
only partial pixels (no more than 50%), which form many isolated land 
cover regions. For example, the white regions in Figure 3c are uncov-
ered by the ground truth. Therefore, the existing HSI data set should 
be regarded as the sets of HSI patches with a single annotation, which 
refers to the land cover label of the central pixel rather than the sets 
of fully annotated patches that are required by a typical semantic seg-
mentation network. Consider a hyperspectral data set with M labeled 
pixels, which is denoted as

  X = {xi , yi}M
i=1 (2)

where xi∈Zm×m×B  is the spectral-spatial cube corresponding to the ith 
pixel with annotation, yi∈{1, 2, …, C} is the land cover label of the ith 

Figure 1. Structure of SegNet (Badrinarayanan et al. 2017).
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Figure 2. Flowchart of HSI classification. (a) TPPI-Net; (b) TPPP-Net.

Figure 3. Example of the classification map of TPPI-Net: (a) classification map with size trimming; (b) classification map with the original size; 
(c) ground truth.
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pixel, B represents the number of bands, C represents the number of 
classes, and m is the spatial size of neighborhood.

Similarly, let sx be the spatial size of the spectral-spatial cube and sy be 
the spatial size of the center pixel. We can deduce that sy is unrelated to sx:

  sy = 1 (3)

Clearly, the traditional classification network is well matched with 
set X. That is, X can provide a perfect training set for the traditional 
classification network. Therefore, the HSIC methods based on clas-
sification networks usually can acquire higher classification accuracy. 
However, it demands much more time cost when predicting a real image 
because the model has to be forwarded independently across m×m crops 
of the image in strides of 1 pixel. In contrast, the semantic segmentation 
network is more efficient, but it is unmatched with the given set X.

The mismatching holds back the direct employment of seman-
tic segmentation networks for the HSIC. Sun et al. (2021) attempted 
to overcome the mismatch. They presented a method to generate 
pseudo–fully labeled HSI cubes and then train the FCN based on the 

pseudo–fully annotated HSI cubes. Although it realized efficient HSI 
classification, the classification accuracy is significantly inferior to 
that of the existing classification networks. This is because the spatial 
distribution of the pseudocubes usually does not conform to the real 
distribution.

To realize the efficiency and high accuracy of HSIC under existing 
conditions, in the next section, TPPI is proposed and formulated, and 
then some basic rules that should be obeyed during network design and 
implementation are given. Finally, following the basic rules, three TPPI-
Nets are derived and demonstrated based on state-of-the-art classifica-
tion networks.

Methods
Overview Flowchart of HSI Classification Based on TPPI-Net
Figure 2a illustrates the flowchart of the HSIC based on the proposed 
TPPI mechanism. Figure 2b shows the flowchart of HSI classification 
based on the existing classification framework TPPP. As shown in Figure 
2, during the training phase, the processing procedures of the two 
mechanisms are exactly the same. That is, the input is a cropped HSI 
cube with spatial size m×m, and the output is a single value: the land 
cover class of the central pixel. However, in the prediction phase, that 
is, the actual application phase, the two methods are totally different. 
The input of TPPI-Net could be a hyperspectral image with any size, and 
the output is the pixel-level dense classification map of the original HSI. 
For TPPP-Net, the input must be a cropped HSI cube with the same size as 
the training samples, and the output is still a single value: the land cover 
class of the central pixel. TPPP-Net focuses mainly on the accurate classi-
fication of individual hyperspectral pixels and ignores the computation-
al complexity in the prediction phase. The proposed TPPI mechanism 
not only takes into account the nature of the existing HSI data set but 
also pursues efficient HSI classification in practical applications.

Formulation and Basic Rules of TPPI-Net
A TPPI-Net attempts to fulfill both criteria: (1) be well matched with 
set X in the training phase and (2) be forwarded only one time when 
handling a hyperspectral image in practical application.

To meet the two criteria simultaneously, we declare that the spatial 
sizes of network input and output should have the following relationship:

Table 1. Hyperparameters of SSRN-TPPI and SSRN. The bold text 
signifies that these hyperparameters are different with those in the baseline.

Layer 
Name

Kernel 
Size Stride Padding

Padding 
Mode

SSRN

C1 (1, 1 ,7) (1, 1, 2) — —

C2–C5 (1, 1, 7) (1, 1, 1) (0, 0, 3) zero

C6 (1, 1, 97) (1, 1, 1) — —

C7–C11 (3, 3) (1, 1) (1, 1) zero

P1 — — — —

FC — — — —

SSRN-TPPI

C1 (1, 1, 7) (1, 1, 2) — —

C2–C5 (1, 1, 7) (1, 1, 1) (0, 0, 3) zero

C6 (1, 1, 97) (1, 1, 1) — —

C7–C11 (3, 3) (1, 1) (1, 1) replication

P1 (7, 7) (1, 1) — —

C12 (1, 1) (1, 1) — —

Figure 4. Architectures of SSRN-TPPI and its baseline. (a) SSRN; (b) SSRN-TPPI.
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  sy =  sx – (m – 1) (4)

where sx denotes the spatial size of the input, sy is the spatial size of the 
output, and m is the spatial size of the spectral-spatial cube in X.

In the training phase, make sx = m. Then sy = m – (m – 1) . 
Therefore, the original training set X can be used to train TPPI-Net 
directly. During the prediction phase, given that w is the spatial size 
of the image to be processed, the output, the pixel-level classification 
map, will be slightly smaller than the original image with size w – w 
– (m – 1). In general, m is much smaller than w, so the size-trimmed 
classification result is totally acceptable. As an example, Figure 3a 
shows the classification map (139×139) of the IP data set (145×145) 
using SSRN-TPPI (m = 7). To obtain a classification map with the 
same size as the original input, one can expand the original image to 
151×151 by reflection padding before feeding it into the TPPI-Net. The 
corresponding classification map (145×145) is shown in Figure 3b.

Building and implementing TPPI-Net is straightforward if we comply 
with the following two basic technical rules: (1) Use no Spatial global 
operation, such as fully connected layers, spatial global averaging, 
and so on. This rule ensures that the network can take variable-size 
instances as input as well as better classification accuracy. (2) Set the 
parameter stride = 1 in all spatial local operations, such as the convolu-
tion layer and pooling layer. At the same time, no padding is set in 
some spatial local operations. This rule ensures a unified relation (see 
Equation 4). between the spatial sizes of the input and output.

Architectures of the Proposed TPPI-Nets
To better understand TPPI mechanics, three TPPI-Nets are derived based 
on the state-of-the-art TPPP-Nets. It must be noted that the modification 
to the baseline should be as small as possible for the sake of fairness. 
That means our primary goal is making the TPPI come true rather than 
plentiful modification. For this reason, we modify only the layers that 
hold back the implementation of TPPI.

SSRN-TPPI
Taking 7×7 input as an example, Figure 4 illustrates the architectures 
of SSRN-TPPI and its baseline SSRN (Zhong et al. 2018). The hyperpa-
rameters of the two architectures are listed in Table 1. From Figure 
4 and Table 1, we note that there are two layers in the SSRN, FC and 
global average pooling, which break our TPPI rules. First, the FC layer 
makes it impossible to take an image that has different size with the 
training patch as input. Second, global average pooling is totally unrea-
sonable for TPPI-Net because it means that all pixels in the HSI will be 
assigned the same label in the prediction phase even though the model 

can accept an image with a larger size than the training patch as input. 
As mentioned above, for the sake of fairness, we propose that only the 
FC layer and global average pooling layer are modified to meet the TPPI 
rules. Specifically, in SSRN-TPPI, we use the local average pooling layer 
to replace the global average pooling layer and a 2D convolutional lay-
er with a 1×1 kernel size to replace the FC layer. Although the outputs 
of the two nets look similar, there is a fundamental moral difference 
between them. The output of SSRN-TPPI is a size-trimmed classification 
map, while the output of SSRN is a single label.

pResNet-TPPI
Figure 5 illustrates the architectures of pResNet-TPPI and its base-
line pResNet (Paoletti et al. 2019). The hyperparameters of the two 
architectures are listed in Table 2. From Figure 5 and Table 2, we can 
notice that in the pResNet, in addition to the FC layer and global aver-
age pooling layer, some convolutional layers, such as C2 and C3, also 
break the TPPI rules because they have stride of 2. This makes the func-
tion described in Equation 4 impossible. Therefore, the convolutional 

Figure 5. Architectures of pResNet-TPPI and its baseline. (a) pResNet; (c) pResNet-TPPI; (b) pyramid bottleNeck block (B1–B6 in (a) and (c)).

Table 2. Hyperparameters of pResNet-TPPI and pResNet.
Layer 
Name

Kernel 
Size Stride Padding

Padding 
Mode

pResNet

C1 (1, 1) (1, 1) — —

C2–C3 (3, 3) (2, 2) (1, 1) zero

P1 — — — —

FC — — — —

BottleNeck

BC1 (1, 1) (1, 1) — —

BC2 (3, 3) (1, 1) (1, 1) zero

BC3 (1, 1) (1, 1) — —

pResNet-TPPI

C1 (1, 1) (1, 1) — —

C2–C3 (3, 3) (1, 1) (1, 1) replication

P1 (3, 3) (1, 1) — —

C4 (1, 1) (1, 1) — —

BottleNeck

BC1 (1, 1) (1, 1) — —

BC2 (3, 3) (1, 1) (1, 1) replication

BC3 (1, 1) (1, 1) — —
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layers C2 and C3, FC layer, and pooling layer P1 are modified to obtain 
our pResNet-TPPI.

HybridSN-TPPI
Figure 6 illustrates the architectures of HybridSN-TPPI and its baseline 
HybridSN (Roy et al. 2020). The hyperparameters of the two archi-
tectures are listed in Table 3. Similar to SSRN-TPPI, three FC layers in 
HybridSN are replaced with 2D convolutional layers with a   kernel. 
In addition, an average pooling layer with an m×m kernel is added to 
replace the reshape operation before FC.

Fine-Tuning of TPPI-Net
In our study, we found that the padding mode of convolution layers 
is a crucial factor for TPPI-Net. ZeroPad is widely used in TPPP-Nets. 
However, for our TPPI-Nets, ZeroPad is unsuitable. In the predic-
tion phase, the input is no longer the cropped patch but a real image. 
Therefore, the actual receptive field of most pixels is quite different 
from that of the training pixel if ZeroPad mode is used and may lead to 
inferior classification accuracy. To fill this gap, ReplicationPad mode 
is used in our TPPI-Nets for all convolution layers with padding. Figure 
7 visualizes the real feature map before and after padding in TPPI-Net 
using the two different modes. When using ZeroPad mode, the feature 
map in the prediction phase corresponding to an internal pixel is quite 
different from that of the training samples, as shown in Figure 7a and 
7b. Conversely, using ReplicationPad mode, the feature map in the 
prediction phase corresponding to an internal pixel is similar to that of 
the training samples, as shown in Figure 7c and d.

Complexity Analysis of TPPI-Net
Compared with TPPP-Net, TPPI-Net can avoid abundant repeated calcula-
tions in the prediction phase and obtain a much faster speed. Here, we 
take SSRN and SSRN-TPPI as examples to analyze the computational 
complexity. Although the two networks, as shown in Figure 4, seem 
similar, the FLOPs of SSRN-TPPI are much smaller than those of SSRN 
when processing a real HSI. Given that the size of the HSI to be pro-
cessed is 145×145, the spatial size of the training cube is 7×7.

1. Taking C2 as an example:
For SSRN-TPPI, the FLOPs of predicting the entire image is 
145×145×97×7×24 = 342 M.
For the SSRN, the FLOPs of predicting one pixel is 7×7×97×7×7×24 
= 978.5 K, and the FLOPs of predicting the entire image is 
145×145×978.5 K = 16.8 G.

2. Taking C8 as an example:
For SSRN-TPPI, the FLOPs of predicting the entire image is 
145×145×24×3×3×24 = 109 M, For the SSRN, the FLOPs of pre-
dicting one pixel is 7×7×24×3×3×24 = 254 K, and the FLOPs of 
predicting the entire image is 145×145×254 K = 5.34 G.

Table 3. Hyperparameters of HybridSN-TPPI and HybridSN.
Layer 
Name

Kernel 
Size Stride Padding

Padding 
Mode

HybridSN

C1 (1, 1) (1, 1) — —
C2 (3, 3, 7) (1, 1, 1) (1, 1, 0) zero
C3 (3, 3, 5) (1, 1, 1) (1, 1, 0) zero
C4 (3, 3, 3) (1, 1, 1) (1, 1, 0) zero
C5 (3, 3) (1, 1) (1, 1) zero
F1 — — — —
F2 — — — —
F3 — — — —

HybridSN-TPPI

C1 (1, 1) (1, 1) — —
C2 (3, 3, 7) (1, 1, 1) (1, 1, 0) replication
C3 (3, 3, 5) (1, 1, 1) (1, 1, 0) replication
C4 (3, 3, 3) (1, 1, 1) (1, 1, 0) replication
C5 (3, 3) (1, 1) (1, 1) replication
P1 (7, 7) (1, 1) — —
C6 (1, 1) (1, 1) — —
C7 (1, 1) (1, 1) — —
C8 (1, 1) (1, 1) — —

Figure 6. Architectures of HybridSN-TPPI and its baseline. (a) HybridSN; (b) HybridSN-TPPI.
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It can be seen that the FLOPs of SSRN are 49 times as much as that 
of SSRN-TPPI for processing a real HSI. In addition, from the analysis 
above, we note that given a real HSI, with the increase in the training 
cube spatial size m, the FLOPs of SSRN-TPPI will remain unchanged, 
while the FLOPs of SSRN will grow dramatically (O(m2)).

Experiment and Result Analysis
Data Set Description
To validate the effectiveness of the proposed TPPI-Nets, three well-
known hyperspectral data sets were employed in the experiment.

IP
This scene was gathered by an AVIRIS sensor over the Indian Pines 
test site in northwestern Indiana and consists of 145×145 pixels and 
224 spectral reflectance bands in the wavelength range 400–2500 
nm, although the image contains 21 025 pixels, of which only 10 249 
are labeled into 16 classes in the ground truth. The number of bands 
is reduced to 200 by removing bands covering the region of water 
absorption.

PU
This scene was acquired by the ROSIS sensor during a flight campaign 
over Pavia in northern Italy. The number of spectral bands is 103 for 
Pavia University. Pavia University concludes a 610×340 image, and 
only 42 776 pixels of the total 207 400 pixels are labeled into nine 
classes in the ground truth.

SV
This scene was collected by the 224-band AVIRIS sensor over Salinas 
Valley, California, and is characterized by high spatial resolution (3.7-
m pixels). As with the Indian Pines scene, the bands of Salinas Valley 
are reduced to 203 after removing bands covering the region of water 
absorption. Salinas’s ground truth contains 16 classes. This data set 
contains 111 104 pixels, and only 54 129 pixels are labeled.

Experiment Configuration
The experiments were run on a computer with an Intel Core i5-9400 
CPU, 2.90 GHz, 16 GB RAM, and Nvidia GeForce RTX3090, 24.0 GB 
VRAM. The platform is Python 3.6 of the Pytorch framework. During 
the training phase, the AdaDelta optimizer was used for backpropaga-
tion. The size of the minibatch was 100, the learning rate was 0.01, the 
momentum was 0.9, the weight decay was 0.0001, and the number of 
training epochs was 200.

The performance is evaluated in terms of the classification accuracy 
of the test set and prediction time on the GPU and CPU for a whole HSI. 
In addition, the overall accuracy (OA), average accuracy (AA), and 
kappa coefficient (kappa) are also used. It is worth mentioning that the 
test accuracy of TPPI-Net is computed from the prediction result based 
on the image. In addition to SSRN, pResNet, and HybridSN, we also 
compare our TPPI-Net models with three typical TPPP-Net models: 2D 
CNN (Chen et al. 2016), 3D CNN (Chen et al. 2016), and SSAN (Sun et 
al. 2019). Each execution of all the methods was performed five times, 
and the classification accuracy and run time reported were averaged by 
the results.

Results and Analysis
The training sample percentage is set to 10% for the IP data set. The 
spatial size of the training cube is fixed as 5×5. Figure 8 illustrates the 
classification maps of the IP data set with each model. The perfor-
mance of the proposed TPPI-Nets is better than that of the compared 
TPPP-Nets. They can provide spatially consistent classification outputs 
with well-delineated object borders and very few classification interfer-
ences. Moreover, the accuracy of each class is demonstrated individu-
ally in Table 4, and the OA, AA, kappa, CPU run time, and GPU run time 
are shown in the last five rows. According to the listed value, it can be 
observed that the proposed pResNet-TPPI achieved the best accuracy, 
with an OA of 98.18%, AA of 97.49%, and kappa of 97.92%, and the 
second was implemented by our HybridSN-TPPI, with an OA of 98.13%, 
AA of 97.62%, and kappa of 97.87%. Compared with the baseline 
HybridSN and pResNet, the much better accuracy of TPPI-Net is obtained 
such that ReplicationPad mode has an important positive effect on the 
feature extraction under the same conditions of other network structure 
parameters. Additionally, it can also be seen that the proposed TPPI-Nets 
generate the best accuracy of more classes. In addition, we can also 
observe that the accuracy of each class of the proposed TPPI models 
is relatively high. It can be concluded that the overall classification 
performance is more stable in the proposed TPPI framework, and there 
is no case where the accuracy is much higher or lower for different 
classes.

Regarding run time, the proposed TPPI-Net has a significant advantage 
in all compared methods. pResNet-TPPI achieved the shortest CPU run 
time of 1.13 seconds, and the second (2.03 seconds) was implemented 
by our HybridSN-TPPI. pResNet-TPPI is 11 times faster than its baseline 
pResNet, and HybridSN-TPPI is also 11 times faster than its baseline 
HybridSN. Our HybridSN-TPPI achieved the shortest GPU run time of 2.32 

Figure 7. Illustration of feature maps using different padding modes. (a) ZeroPad in the training phase; (b) ZeroPad in the prediction phase; (c) 
ReplicationPad in the training phase; (d) ReplicationPad in the prediction phase.
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seconds, and the second (2.36 seconds) was implemented by our SSRN-
TPPI. It is 2.02 times faster than its baseline HybridSN and 2.91 times 
faster than the 3D CNN model. It is worth noting that the CPU run time 
of 2D CNN, HybridSN-TPPI, and pResNet-TPPI is shorter than the GPU run 
time; we think the reason may be that the memory deployment time is 
dominant when these three models are implemented on the GPU since the 
memory deployment time is approximately constant for most models.

The colorful classification maps of each method for the PU and SV 
data sets are illustrated in Figures 9 and 10, respectively. In this experi-
ment, the training sample percentage is set to 5%. The spatial size of 
the training cube is still fixed at 5×5. Tables 5 and 6 list the accuracy 

and run time of the PU and SV data sets, respectively. As the PU and 
SV data sets have a richer sample size, almost all models generate 
good classification performance with almost the same overall accuracy. 
Objectively, it is clear that our SSRN-TPPI obtained the best classifica-
tion results with OAs of 99.56% and 99.06% for the PU and SV data 
sets, respectively.

Regarding run time, similar to the IP data set, the proposed TPPI-Nets 
has a significant advantage compared with the TPPP-Nets. pResNet-
TPPI achieved the shortest CPU run time of 11.25 and 5.84 seconds, 
and HybridSN-TPPI achieved the shortest GPU run time of 3.40 and 3.54 
seconds for the PU and SV data sets, respectively. Objectively, the 

Figure 8. Classification maps of the different models on the IP data set. (a) 2D CNN; (b) 3D CNN; (c) HybridSN; (d) pResNet; (e) SSRN; (f) SSAN; 
(g) HybridSN-TPPI; (h) pResNet-TPPI; (i) SSRN-TPPI; (j) ground truth.

Table 4. Classification accuracy and inference time on the IP data set. The bold text indicates the best score in all compared method.

2D CNN 3D CNN HybridSN pResNet SSRN SSAN
HybridSN-

TPPI
pResNet-

TPPI SSRN-TPPI

1 26.11 83.89 72.78 89.44 90.74 83.89 95.37 90.28 93.06

2 90.50 91.42 92.92 93.39 97.03 90.81 97.35 98.27 97.97

3 83.42 87.41 91.79 87.95 96.97 94.94 96.87 94.94 97.40

4 81.68 86.91 85.24 80.00 94.59 89.53 96.68 92.94 95.03

5 96.77 95.28 97.03 95.28 98.20 95.33 97.35 99.49 98.08

6 98.65 98.98 99.53 99.02 100.00 98.38 98.70 99.07 100.00

7 30.91 59.09 64.55 77.27 75.76 89.09 90.91 95.46 75.00

8 100.00 99.74 99.59 99.74 100.00 99.43 99.91 100.00 100.00

9 3.75 80.00 97.50 97.50 100.00 82.50 100.00 100.00 93.75

10 89.95 88.50 91.48 90.94 95.89 95.52 94.61 96.57 96.95

11 92.39 94.30 94.93 94.34 96.70 96.46 99.48 98.84 97.46

12 87.18 89.98 89.35 80.87 98.88 90.61 96.66 98.85 99.27

13 99.64 99.76 99.88 99.15 99.60 99.51 100.00 99.40 99.39

14 98.44 97.75 98.71 98.07 99.54 98.81 99.61 98.88 99.51

15 81.35 82.56 79.04 80.51 96.47 88.33 99.79 99.52 97.12

16 98.65 98.92 99.19 98.92 97.75 94.87 98.65 97.30 99.33

OA (%) 9 1.5 ± 0.563 92.9 ± 0.71 94.00 ± 0.68 92.90 ± 0.61 97.56 ± 0.35 95.12 ± 0.66 98.13 ± 0.07 98.18 ± 0.12 98.07 ± 0.05

AA (%) 78.7 ± 1.15 89.6 ± 2.27 90.84 ± 1.62 91.40 ± 0.35 96.13 ± 1.68 93.00 ± 1.34 97.62 ± 0.76 97.49 ± 0.09 96.21 ± 0.98

Kappa 90.3 ± 0.64 91.9 ± 0.83 93.15 ± 0.78 91.90 ± 0.69 97.22 ± 0.40 94.43 ± 0.74 97.87 ± 0.08 97.92 ± 0.14 97.79 ± 0.05

CPU run time (seconds) 3.05 ± 0.04 208.58 ± 0.08 22.60 ± 0.25 12.80 ± 0.04 89.66 ± 0.25 27.72 ± 0.07 2.03 ± 0.02 1.13 ± 0.01 3.09 ± 0.03

GPU run time (seconds) 4.24 ± 0.03 6.76 ± 0.07 4.68 ± 0.07 6.33 ±0.11 5.33 ± 0.02 5.19 ± 0.07 2.32 ± 0.05 2.41±0.04 2.36 ± 0.02

OA = overall accuracy; AA = average accuracy; kappa = kappa coefficient.

542 August  2022 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING



Figure 9. Classification maps of the different models on the PU data set. (a) 2D CNN; (b) 3D CNN; (c) HybridSN; (d) pResNet; (e) SSRN; (f) SSAN; 
(g) HybridSN-TPPI; (h) pResNet-TPPI; (i) SSRN-TPPI; (j) ground truth.

Figure 10. Classification maps of the different models on the SV data set. (a) 2D CNN; (b) 3D CNN; (c) HybridSN; (d) pResNet; (e) SSRN; (f) 
SSAN; (g) HybridSN-TPPI; (h) pResNet-TPPI; (i)SSRN-TPPI; (j) ground truth.
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Table 5. Classification accuracy and inference time on the PU data set.

2D CNN 3D CNN HybridSN pResNet SSRN SSAN
HybridSN-

TPPI
pResNet-

TPPI 
SSRN 
-TPPI

1 98.40 97.96 98.07 98.53 99.60 99.07 99.76 99.57 99.61

2 99.78 99.27 99.72 99.76 99.90 99.78 99.86 99.88 99.94

3 90.98 91.93 92.99 95.33 96.89 96.96 94.63 96.71 96.69

4 97.68 97.41 98.08 97.86 98.86 97.31 98.27 98.64 99.02

5 100.00 100.00 100.00 99.69 100.00 99.98 100.00 100.00 100.00

6 98.33 94.89 98.66 99.69 99.67 99.28 99.93 99.93 99.94

7 95.71 92.14 93.94 95.90 99.65 97.53 98.02 98.36 99.69

8 95.31 94.65 96.83 96.18 97.68 97.62 99.04 98.37 98.77

9 99.95 99.91 99.84 99.98 99.94 99.11 99.88 99.96 99.94

OA (%) 98.31 ± 0.15 97.48 ± 0.19 98.48 ± 0.12 98.78 ± 0.16 99.41 ± 0.03 99.03 ± 0.09 99.36 ± 0.11 99.42 ± 0.03 99.56 ± 0.06

AA (%) 97.35 ± 0.26 96.46 ± 0.16 97.57 ± 0.33 98.10 ± 0.31 99.13 ± 0.04 98.51 ± 0.19 98.82 ± 0.24 99.05 ± 0.05 99.29 ± 0.12

Kappa 97.76 ± 0.20 96.65 ± 0.25 97.98 ± 0.15 98.38 ± 0.21 99.22 ± 0.03 98.72 ± 0.12 99.15 ± 0.14 99.23 ± 0.03 99.41 ± 0.08

CPU run time (seconds) 18.32 ± 0.06 722.09 ± 0.74 214.60 ± 0.57 114.04 ± 0.39 437.47 ± 1.36 160.57 ± 0.54 18.83 ± 0.12 11.25 ± 0.23 15.61 ± 0.11

GPU run time (seconds) 8.76 ± 0.05 16.8 ± 0.07 14.22 ± 0.11 14.10 ± 0.27 12.28 ± 0.13 11.61 ± 0.11 3.40 ± 0.04 3.80 ± 0.01 3.58 ± 0.04

OA = overall accuracy; AA = average accuracy; kappa = kappa coefficient.

Table 6. Classification accuracy and inference time on the SV data set.

2D CNN 3D CNN HybridSN pResNet SSRN SSAN
HybridSN-

TPPI
pResNet-

TPPI SSRN-TPPI

1 98.23 98.78 99.46 99.83 100.00 99.91 99.82 99.91 99.98

2 100.00 100.00 99.99 100.00 100.00 99.98 100.00 100.00 100.00

3 99.65 99.14 99.33 100.00 99.99 99.89 100.00 99.92 100.00

4 99.84 99.47 99.57 99.76 99.90 99.84 99.84 99.44 99.63

5 98.65 98.49 98.90 99.37 99.35 98.35 98.69 99.81 99.31

6 99.98 99.99 100.00 100.00 100.00 99.98 100.00 100.00 100.00

7 99.79 99.96 99.84 99.91 99.98 99.90 99.99 99.91 99.94

8 90.29 87.62 94.10 95.26 96.92 95.21 97.33 94.82 97.80

9 99.97 99.87 99.98 99.95 100.00 99.90 100.00 100.00 99.99

10 96.73 96.81 98.21 97.37 99.38 98.19 99.30 98.24 99.40

11 99.11 99.09 99.34 98.37 99.71 98.71 98.82 97.40 99.58

12 99.85 100.00 99.93 99.98 100.00 99.92 100.00 99.94 100.00

13 99.88 99.69 99.69 99.96 99.83 99.56 99.96 100.00 99.83

14 98.11 98.05 98.82 98.34 98.80 98.67 99.41 99.48 98.76

15 87.47 84.73 90.85 90.62 95.98 93.34 97.70 97.50 97.52

16 98.43 98.60 98.82 98.79 99.18 99.36 99.41 98.03 99.22

OA (%) 95.82 ± 0.14 94.89 ± 0.24 97.23 ± 0.19 97.43 ± 0.16 98.69 ± 0.10 97.80 ± 0.20 98.96 ± 0.17 98.31 ± 0.03 99.06 ± 0.15

AA (%) 97.88 ± 0.15 97.52 ± 0.10 98.55 ± 0.09 98.60 ± 0.08 99.31 ± 0.06 98.79 ± 0.15 99.39 ± 0.16 99.03 ± 0.05 99.43 ± 0.09

Kappa 95.34 ± 0.16 94.31 ± 0.27 96.91 ± 0.22 97.14 ± 0.18 98.54 ± 0.11 97.55 ± 0.22 98.84 ± 0.19 98.13 ± 0.03 98.96 ± 0.17

CPU run time (seconds) 17.07 ± 0.04 1137.07 ± 1.95 116.30 ± 0.20 75.15 ± 0.12 475.40 ± 0.71 143.78 ± 0.68 10.79 ± 0.10 5.84 ± 0.04 16.47 ± 0.16

GPU run time (seconds) 9.02 ± 0.09 22.76 ± 0.07 10.77 ± 0.09 14.63 ± 0.22 12.57 ± 0.25 11.34 ± 0.06 3.54 ± 0.02 3.75 ± 0.06 3.84 ± 0.07

OA = overall accuracy; AA = average accuracy; kappa = kappa coefficient.

CPU run time is much closer to the complexity analysis done in the 
“Methods” section; we think this is because the parallel processing 
strategy is commonly adopted in GPU.

The experimental results listed above demonstrated the feasibility 
of TPPI-Net; that is, the image-to-image semantic segmentation network 
can be effectively applied in HSIC only if we ensure the elaborated 
implementation of the unified formulation between the spatial sizes of 
input and output. In fact, unlike RGB image semantic segmentation, 
whose discriminable features are concerned mainly with contours and 

shapes, HSIC, whose discriminable features are concerned mainly with 
texture, such as repeated patterns, does not call for multi-scale contex-
tual reasoning. Such texture features can usually be extracted from a 
smaller receptive field at the original scale. In fact, the spatial resolu-
tion of HSI is usually low; the 7×7 neighborhood has already covered a 
large region in the real scene, where enough contextual information has 
been included. Therefore, it is not necessary or appropriate to further 
enlarge the receptive field by using down sampling. In other words, 
removing the down-sampling operation has no effect on the accuracy.
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Comparison of the Different Size of the Training Sample
In this section, the impact of different training sizes of the IP data set 
on the accuracy and run time is evaluated with the proposed HybridSN-
TPPI and the baseline HybridSN. The patch size m of the input data is 
set to 3×3, 5×5×, 7×7, 9×9, and 11×11. Figure 11 shows the OA and 
GPU run time expression with the histogram obtained by HybridSN and 
HybridSN-TPPI on the IP data sets. From Figure 11a, it can be observed 
that OA varies as the size of the training sample varies. The accuracy 
generally shows an increasing trend with increasing spatial size in 
both models. However, it tends to be stable after 5×5 in HybridSN-TPPI 
and 7×7 in HybridSN. This proved that the discriminable features for 
HSIC can be extracted in a smaller receptive field in TPPI-Net. From 
Figure 11b, one can note that the GPU run time of HybridSN-TPPI remains 
almost unchanged with the spatial size increase but that of HybridSN in-
creases rapidly. This is reasonable since the FLOPs and memory access 
for processing a pixel will increase with the increase of cube size.

Comparison of the Different Padding Modes
In this section, the impact of different padding modes on classification 
accuracy is evaluated with the proposed pResNet-TPPI and its baseline 
pResNet. The experiment is implemented on the SV data set. Table 
7 lists the classification accuracy of pResNet-TPPI and pResNet with 
ZeroPad and ReplicationPad, respectively. From Table 7, we note that 
pResNet has little relationship to the padding mode used in the convo-
lution layers, while pResNet-TPPI prefers ReplicationPad mode.

Conclusion
In this work, we proposed a type of pixel-level dense classification net-
work named TPPI-Net for fast HSI classification. The proposed TPPI-Net 
takes both network training and real image prediction into account and 
therefore successfully bridges the gap between the existing HSI data 
set and the semantic segmentation network. The experimental results 
demonstrated that the proposed TPPI-Net can achieve a much faster 
prediction speed and higher classification accuracy than the state-of-
the-art HSI classification method based on DCNN.
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MANUAL OF REMOTE SENSING
Fourth Edition

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

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

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

The 4th Edition of the Manual of Remote Sensing!
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