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Assessing annual urban change and its impacts on evapotranspiration
Heng Wan
ABSTRACT
Land Use Land Cover Change (LULCC) is a major component of global environmental change,
which could result in huge impacts on biodiversity, water yield and quality, climate, soil
condition, food security and human welfare. Of all the LULCC types, urbanization is considered
to be the most impactful one. Monitoring past and current urbanization processes could provide
valuable information for ecosystem services evaluation and policy-making.
The National Land Cover Database (NLCD) provides land use land cover data covering the
entire United States, and it is widely used as land use land cover data input in numerous
environmental models. One major drawback of NLCD is that it is updated every five years,
which makes it unsatisfactory for some models requiring land use land cover data with a higher
temporal resolution. This dissertation integrated a rich time series of Landsat imagery and NLCD
to achieve annual urban change mapping in the Washington D.C. metropolitan area by using
time series data change point detection methods. Three different time series change point
detection methods were tested and compared to find out the optimal one.

One major limitation of using the above time series change point detection method for
annual urban mapping is that it relies heavily on NLCD, thus the method is not applicable to
near-real time monitoring of urban change. To achieve the near real-time urban change
identification, this research applied machine learning-based classification models, including
random forest and Artificial Neural Networks (ANN), to automatically detect urban changes by
using a rich time series of Landsat imagery as inputs.

Urban growth could result in a higher probability of flooding by reducing infiltration and



evapotranspiration (ET). ET plays an important role in stormwater mitigation and flood
reduction, thus assessing the changes of ET under different urban growth scenarios could yield
valuable information for urban planners and policy makers. In this study, spatial-explicit annual
ET data at 30-m resolution was generated for Virginia Beach by integrating daily ET data
derived from METRIC model and Landsat imagery. Annual ET rates across different major land
cover types were compared, and the results indicated that converting forests to urban could result
in a huge deduction in ET, thus increasing flood probability. Furthermore, we developed
statistical models to explain spatial ET variation using high resolution (1m) land cover data. The
results showed that annual ET will increase with the increase of the canopy cover, and it would

decrease with the increase of impervious cover and water table depth.
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GENERAL AUDIENCE ABSTRACT
Motoring past and current urbanization processes is of importance in terms of ecosystem services
evaluation and policy-making because urban growth has huge impacts on the environment. First,
this dissertation designed and compared three different methods for annual urban change
mapping in Washington D.C. metropolitan area by using a rich time series of Landsat imagery
and National Land Cover Database (NLCD). Then, machine-learning based classification
models were implemented to achieve near real-time urban change identification. Finally,
spatially-explicit evapotranspiration (ET; the sum of evaporation and transpiration, representing
water evaporated from the earth’s surface, and water transpired by plants, respectively) data for
Virginia Beach, a case study location, were generated and annual ET rates for major land cover

types were compared to assess the urbanization’s impacts on ET.
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Chapter 1. Introduction, literature review, and statement of purpose

1.1 BACKGROUND

Land use and land cover change (LULCC) is an essential element of global environmental
change and it has significant impacts on many aspects of ecosystem processes and functions at
local, regional, and global scales (Turner et al. 1994; Lambin et al. 2003; Wu et al. 2013). Over
the past several decades, agricultural extensification and intensification, deforestation, and
urbanization have been increasingly impacting over half of the ice-free Earth surface (Kates et al.
1990). Numerous published studies have suggested that LULCC has important implications for
biodiversity, water yield and quality, climate, soil condition, food security and human welfare
(DeFries et al. 2004; Deng et al. 2014; Messina & Walsh 2001; Mufioz-Rojas et al. 2015; Roy &
Srivastava 2012; Staudt et al. 2013; Yuan 2008). Although urban areas only constitute a small
portion of the global land surface, urbanization is widely considered as the most intensive and
important LULCC type (Mustard et al. 2004). Land transformations from forest and other natural
lands to urban are typically irreversible and may lead to many ecosystem service related
problems such as deterioration of water and air quality (Kalhay & Cai, 2003; Yuan 2008), loss of
biodiversity (McKinney 2002), spread of invasive species (Alston & Richardson 2006), and
habitat fragmentation (Radeloff et al. 2005). With the rapid migration of population to urban
areas, urbanization processes have been accelerating during the past decades (Chen et al. 2014).
Monitoring past and current urban extent and urbanization processes are of critical importance

for assessing ecosystem services and supporting policymaking.

The impacts of urbanization on the hydrologic cycle are of critical importance because
urbanization could cause more floods by reducing evapotranspiration (ET) and infiltration via

impervious surfaces, leading to huge economic losses and threatening people’s lives (De Roo et



al., 2001; Suriya and Mudgal, 2012). Urbanization at the sacrifice of urban forests is of major
concern in terms of stormwater management and flood control. Urban forests have higher
evapotranspiration rate compared to other major land cover types. They contribute to water
removal, thus reduce flood risk (Jim and Chen, 2009). Quantifying ET changes caused by
urbanization could provide valuable information for urban planners and policy-makers in regards

to stormwater management and flood control (Voyde et al., 2010).

1.2 AN OVERVIEW OF PAST URBAN MAPPING EFFORTS

Increasing awareness of the importance of urbanization leads to numerous efforts in urban
mapping using remote sensing data. Landsat imagery, along with many other satellite data, are
now routinely used in characterizing urban extents and spatial structures (Anderson 1976; Herold
et al. 2003; Taubenbdck et al. 2012). With the launch of the IKONOS-2 by Space Imaging in
1999, high resolution (e.g., meters or sub-meter) satellite imagery became available for urban
analysis (Sawaya et al., 2003). Such urban mapping efforts have been trending from local scale
to regional scale and many researchers focused their studies on monitoring urban dynamics
(Klein et al., 2012; Mishra et al. 2010; Lambin 1997). The global scale urban mapping is still a
significant challenge due to satellite data availability, computational cost, and data quality
concerns (Verburg et al., 2011; Yifang et al. 2015). Early global land cover products, mainly
those derived from Normalized Difference Vegetation Index (NDVI) of Advanced Very High-
Resolution Radiometer (AVHRR), have coarse spatial resolutions of 1km to 1° (DeFries and
Townshend 1994; Loveland & Belward 1997). More recently, several global urban map products

were generated at 300-m and 500-m resolution using satellite data from SPOT4, MODIS



(Moderate Resolution Imaging Spectroradiometer), and MEdium Resolution Imaging
Spectrometer (MERIS) (Bartholome & Belward 2005; Schneider et al. 2010; Arino et al. 2007).
In 2014, the spatial resolution was improved to 30 m by the release of a global land cover map

named GlobeLand30, focusing on 2000 and 2010 mapping years (Chen et al., 2015).

In the U.S., the National Land Cover Database (NLCD) serves as the major land use land cover
database. The products covering the conterminous United States are released every 5 years (e.g.,
2001, 2006, 2011, and 2016). Although NLCD are now routinely used in regional and national
land change studies (Ahlgvist 2008; Masek et al. 2008), the intrinsic 6-year time gap between the
image-capture date and the product-release date often makes NLCD out of date, especially for
those areas experiencing fast urbanization processes. Updating NLCD to the annual temporal
resolution and near real-time is appealing for a wide range of data users. One approach to update
NLCD is to compare and detect changes between the images acquired from the targeted dates
and the images from the previous NLCD mapping year (e.g., 2010) (Xian et al., 2009). However,
this snapshot change detection method may not be applicable in biologically-complex system
due to phenology-induced problems (Lunetta et al. 2002). Also, this method is flawed by its
intrinsic undersampling of the temporal series of the spectral information. Thus, multi-temporal
land change or time series remote sensing data analyses received increasing attention in both
remote sensing image analysis and land change science domains. New urban change detection
algorithms, including those based on Normalized Difference Vegetation Index (NDVI) time

series data analysis, are of particular interests (Lunetta et al. 2006).



1.3 TIME SERIES DATA ANALYSIS FOR ANNUAL URBAN MAPPING

Mapping annual urban change by updating the annual urban extent of NLCD is promising
because NLCD has a relatively high accuracy (overall accuracy greater than 80%) and the
resulted dataset could potentially serve a broader range of users since NLCD is the major land
use land cover dataset in the U.S. (Wickham et al., 2013). By using two NLCD datasets from
different years (e.g., NLCD 2001 and NLCD 2016), all urban change pixels between these two
years could be identified, and annual urban change detection can be achieved if specific urban

change year could be pinpointed for each urban change pixel.

For annual urban change mapping, Landsat-based NDVI time series data are particularly useful
(Liu et al., 2015). NDV1 is the indicator of vegetation greenness, with higher NDVI values
indicate healthier and denser vegetation conditions (Carlson and Ripley, 1997). Compared with
other vegetation index, such as Enhanced Vegetation Index (EVI), NDVI saturates in well-
vegetated areas, which is normally considered as a major limitation (Wang et al., 2003). EVI can
hardly saturate and is more sensitive to the canopy structural variations, including Leaf Area
Index (LAI), canopy type, plant physiognomy, and canopy archietecture (Huete et al., 2002).
These variations are considered as noises when talking about urban change detection. Therefore,
this saturation limitation of NDVI becomes a merit when dealing with urban change detection
problem. NDVI values can be calculated from satellite imagery (e.g., Landsat, MODIS) based on

the following equation:

(NIR—RED)
(NIR+ RED)

NDVI =

Where, NIR and RED represent spectral reflectance measurements from the near-infrared band
and the red band of the satellite imagery, respectively (Di et al., 1994). Urbanization often starts
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with clear cut of forests or removal of agricultural land, and subsequent impervious surface has a
low NDVI value, thus causing a huge drop in NDVI1 value (Esau et al., 2016). The dramatic
change of NDVI value linked with urbanization processes enables us to pinpoint urban change
year based on the statistical analysis of NDVI time series data (Lunetta et al., 20006; Verbesselt
et al., 2010). Accordingly, annual urban mapping can be treated as time series change point
detection problem, and various statistical metrics (e.g., mean, and standard deviation of the time
series signal) could be used for the detection of change point. For this research, Washington D.C.
metropolitan area (Figure 1) is chosen as the study site due to its diverse land cover types and

high urbanization rate during the past decades (Sexton et al., 2013).

Legend @g ]
B Open Water “

1 Developed, Open Space and Low Intens?ty 4
B Developed, medium and high intensity
= Barren Land (Rock/Sand/Clay)
B Forests
i Shrub/Scrub
W Grassland/Herbaceous
Agricultural Land
0 Wetlands

Location Map

Figure 1. Study area in Washington D.C. metropolitan area



1.4 MACHINE LEARNING

Annual urban mapping via NDVI time series change point detection method relies heavily on the
NLCD dataset to first identify all the urban change pixels. Currently, the most up-to-date version
of NLCD is for the year of 2016 (Yang et al., 2018), which means annual urban mapping by time
series change point detection is not applicable for the year after 2016 (e.g., 2017, 2018). New

methods should be explored to deal with this near real-time urban change detection problem.

Recently, machine learning algorithms (e.g., random forest, artificial neural networks) are
increasingly used to deal with classification/regression problems, and their performances are
often considered superior than traditional statistical methods (Breiman, 2001). The use of
machine learning algorithm in remote sensing community is quite common, especially for image
classification tasks (Mclver and Friedl, 2001; Shao et al., 2012; Vatsavai et al., 2011). For
remote sensing researchers, the most important task is to determine how to use one or more
machine learning algorithms to solve a problem or achieve higher accuracy. For example, to
achieve near real-time urban change detection, researchers should focus on the usage of available

data to automate training data development and optimum tuning of algorithms.

1.4.1 RANDOM FOREST CLASSIFIER

A decision tree is a classifier that recursively splits a dataset into smaller subdivisions based on
defined rules at each split node (e.g., maximize information gain; Friedl and Brodley, 1997). A
random forest classifier consists of various decision trees, where each tree is independent from
each other to produce its own classification outputs, and the final classification result is

generated by taking the votes of all the decision trees (Pal, 2005). There’s low correlation
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among trees in random forest because each tree is trained based on a different training dataset
randomly sampled with replacement and the features used for splitting data are also randomly
selected, thus trees can protect each other from their individual errors (Trawinski et al., 2011).
The use of random forest does not require the assumption of normal distribution and can deal

with nonlinear classification problems (Lai et al., 2018).

1.4.2 ARTIFICIAL NEURAL NETWORKS

Artificial Neural Networks (ANN) is designed to mimic the biological neural networks that
constitute the animal brain (Jain et al., 1996). It consists of numerous nodes (artificial neurons),
which form input layer, hidden layer, and output layer, and data signal could be transferred from
input layer to hidden layer, and then from hidden layer to output layer through the
interconnections between neurons in each layer as shown in figure 2 (Zou et al., 2008). Each
connection transfers the output of the previous node as the input of the next node, with a weight
to adjust its relative importance, and then the weighted sum could be further processed by the
nonlinear function of the next node (Sietsma and Dow, 1991).The training process of ANN is to
iteratively update those weights by minimizing the cost function (Majhi and Panda, 2011). ANN
is broadly implemented in classification problems due to its noise-tolerant, high learning and
generalization characteristics and its excellence in dealing with nonlinear problems (Basheer and

Hajmeer, 2000).
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Figure 2. ANN model

1.4.3 SUPPORT VECTOR MACHINE

Support Vector Machine (SVM) can be used for both regression and classification, but it is
mainly used for classification problems. SVM algorithm finds out the best hyperplane that
separates two data classes in the n-dimensional space (n equals to the number of features used for
classification) by using kernel function to reduce calculation intensity (Amari and Wu, 1999). It
can be used to deal with nonlinear classification problems and it is robust to outliers (Suykens,

2001.).



1.5 CONSEQUENCES OF URBANIZATION

Urban growth has direct impacts upon water yield and water quality. In this dissertation,
urbanization is defined as land cover changes from non-urban categories to urban categories
based on the NLCD. Large-scale conversion of forest/grassland to impervious surfaces can
drastically affect surface runoff, interception, evapotranspiration, percolation and soil water
storage (Weng et al., 2001; Lin et al., 2015). Highly urbanized areas can be more prone to
flooding (Weng et al., 2001; McDonald et al., 2011). Production of excess nutrient export
generated from urban expansion and intensification contributes to various water quality problems
including Harmful algal blooms (HABs) (Paerl et al., 2001). Impacts of urban growth on water
yield and water quality can be quantified using coupled urban change analysis and process-based
watershed models (e.g., Zhang et al. 2007; Kling et al. 2014). For example, the Soil Water
Assessment Tool (SWAT) has been extensively used to assess hydrologic and biogeochemical
responses to land use and climate change (Arnold et al. 1998; Neitsch et al. 2002).
Implementation of SWAT, or other process-based watershed models, can be challenging for
highly developed urban areas because some urban watersheds may have already been heavily
disturbed so they could not be fully calibrated. There is a pressing need for developing new
approaches to quantify impacts of urban growth on major components of the hydrologic cycle,
especially evapotranspiration, which serves as the major water removal agent from the earth’s

surface.

1.6 METRIC-DERIVED EVAPOTRANSPIRATION

Evapotranspiration (ET) data could be directly quantified through measurements, such as using

Eddy Covariance Tower observations (Liu et al., 2013). But ET data obtained from direct



measurement is limited in a relatively small spatial extent, and it is also quite expensive to
conduct such measurements (El-Baroudy et al., 2010). When considering about estimating ET
over a large area, remote sensing-based method is preferred rather than direct measurement
because it cost much less money and labor (Liou and Kar, 2014). Mapping Evapotranspiration at
High Resolution with Internalized Calibration (METRIC) is a mature surface energy balance-
based model which produces reliable ET estimation by using satellite imagery and ground
weather observation data (Allen et al., 2007). With 30-m resolution METRIC-derived daily ET
data readily available through Google Earth Engine, this relatively new geospatial data,
combined with high temporal resolution (e.g., annual) urban change maps or future urban change
simulations, could provide unprecedented opportunities for quantifying major impacts of urban
growth on evapotranspiration. In this dissertation, Virginia Beach (Figure 3) is chosen as a case

study for assessing urban growth’s impacts on evapotranspiration.
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Figure 3. Study area in Virginia Beach

1.7 CHALLENGES OF THE DISSERTATION

Annual urban mapping by analyzing a rich time series of Landsat imagery required dealing with
large spatio-temporal datasets. These data processing steps were quite computationally-intensive
and time-consuming. Once annual urban mapping was completed, conducting a thorough
accuracy assessment emerged as a new challenge because it was hard to find the real urban
change years as a reference dataset. The pinpoint of real urban change years required tremendous

amount of labor and time to manually monitor LULCC by comparing historic high-resolution

imagery from Google Earth.
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To quantify urban growth’s impacts on evapotranspiration, spatially-explicit annual ET data was
generated based on daily ET data from 2000 to 2018. The current Google Earth Engine
Evapotranspirtion Flux website does not support batch download of daily ET data, thus
downloading such huge dataset was labor-intensive and time-consuming. These daily ET data
also suffered from different extents of cloud contamination, and some of the data were flawed by
noise and outliers. Before using them to generate annual ET data, data cleaning was implemented

for this large dataset of daily ET, which required lots of computational capability and time.

1.8 STATEMENT OF PURPOSE AND SIGNIFICANT OF RESEARCH

Land use land cover data plays an important role in environmental modeling, such as ecological
models, climatic models, and hydrological models (Hepinstall-Cymerman et al., 2009; Miller et
al., 2007; Pielke et al., 2011). Currently, the broadly used NLCD is updated every five years,
which might not satisfy some environmental models requiring higher temporal resolution
(Foresman et al., 1997). Annual urban mapping based on NLCD could provide land use land
cover data with a higher temporal resolution, which could be beneficial for those environmental
models, and it can also help us have a better understanding about urbanization processes (Yin et

al., 2014).

Urbanization could increase the flood probability and severity mainly by decreasing
evapotranspiration and infiltration (De Roo et al., 2001; Suriya and Mudgal, 2012). Assessing
evapotranspiration changes under different urban growth scenarios could potentially provide

valuable information for urban planning and stormwater management.

The main goals for this project are to:
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e Develop annual urban change map using a rich time series of satellite imagery from 1988
to 2017 and NLCD products.

e Achieve near real-time urban change detection using NDVI time series data and machine
learning algorithms

e Use high spatial-temporal resolution geospatial data to assess impacts of urban growth on

evapotranspiration.

1.9 STRUCTURE OF THE DISSERTATION

This dissertation is organized into five chapters. Chapter 1 gives basic introduction and
literature review about LULCC and its impacts on the environment, and it also states the
purpose and challenges of this dissertation. Chapter 2 develops and compares three different
annual urban mapping algorithms by using a rich time series of Landsat imagery and NLCD.
Chapter 3 implements machine learning algorithms on a rich time series of Landsat imagery
to achieve near real-time urban change detection. Chapter 4 assesses the evapotranspiration
changes under different LULCC scenarios. Chapter 5 concludes all the previously stated

studies and identifies major limitations of this dissertation.

1.10 DATA SOURCES

All the data used in this dissertation have been listed in table 1, with their corresponding
sources given. For DEM and 0.5-m land cover data, they were directly obtained from
Virginia Information Technologies Agency and Tree Canopy Assessment for Virginia Beach,

respectively, thus there are no corresponding download links.
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Tablel. Data sources

Data Source
Multi-Resolution Land Characteristics Consortium
NLCDs (https://www.mrlc.gov/)
Landsat imagery Earth Explore (https://earthexplorer.usgs.gov/)
Google Earth Engine Evapotranspiration Flux (https://eeflux-
Daily ET data levell.appspot.com/)
DEM Virginia Information Technologies Agency
Ground water well
observations USGS (https://nwis.waterdata.usgs.gov/va/nwis/gwlevels)
0.5-m land cover data Tree Canopy Assessment for Virginia Beach
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Chapter 2. Mapping annual urban change using time series Landsat and NLCD

2.1 INTRODUCTION

In this chapter, we analyzed NLCD and a rich time series Landsat imagery from 1998 to 2017 to
achieve annual urban mapping in Washington D.C. metropolitan area. Three different algorithms
have been designed and compared, and the optimal algorithm can detect annual urban change

with a high overall accuracy of 89%.

2.2 PUBLICATION
Wan, H., Shao, Y., Campbell, J.B., Deng, X.W., 2019. Mapping annual urban change using
time-series Landsat data and NLCD. Photogrammetric Engineering and Remote Sensing, 85,

715-724.

The manuscript related to this chapter was published in Photogrammetric Engineering & Remote

Sensing journal and is shown below:
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Mapping annual urban change using time series Landsat and NLCD
Develop annual urban change map using a rich time series of satellite imagery from 1988 to
2017 and NLCD products.
Abstract
Annual urban change information is important for an improved understanding of urban dynamics
and continuous modelling of urban ecosystem processes. This study examined Landsat-derived
NDVI time series for characterizing annual urban change. To reduce impacts from cloud
contamination and missing data, USGS Landsat Analysis Ready Data were processed to derive
annual NDVI layers using a maximum value composite (MVC) algorithm. NLCD land cover
products from 2001 and 2011 were used as references for generating a decadal urban change
mask. Within the decadal urban change mask and using annual NDVI as input, we examined
three time-series change detection methods to pinpoint specific year of urban change: (a)
minimum-value method, (b) break-point detection, and (c) simple threshold identification. For
accuracy assessment, we divided change pixels into urbanization and urban-intensification pixel
groups, defined by initial land cover types. We used Google Earth's High-Resolution Imagery
Archive as primary reference data for detailed accuracy assessment. Overall, the urbanization
pixel group has good change detection accuracies of above 82.0% for all three change detection
algorithms. The break-point detection method resulted in the highest overall accuracy of 88.0%.
Overall accuracies for urban intensification pixel group were in the range of 35.0%-76.0%,
depending on choice of change detection algorithm, length of input time-series, and further

division of pixel subgroups.
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1. Introduction

Land use and land cover change (LULCC) has been recognized as a main driver of global
environmental change. Important consequences of LULCC span a wide range of interconnected
domains such as local-regional climate, air and water quality, hydrological cycle and
biogeochemical fluxes, biodiversity, and food production (Messina and Walsh, 2001; DeFries et
al., 2004; Foley et al., 2005; Yuan, 2008; Roy and Srivastava, 2012; Staudt et al., 2013; Deng et
al. 2014; Maimaitiyiming et al., 2014; Mufoz-Rojas et al., 2015). Although urban area only
covers a small percentage of the earth’s land surface, urbanization is probably the most intensive
type of LULCC to alter local and regional environments. Conversion from forest and other
natural landscapes to urban are typically irreversible and can lead to many ecological problems
including deterioration of water and air quality (Kalnay and Cai, 2003; Yuan, 2008), biodiversity
loss (McKinney 2002), introduction and spread of invasive species (Alston and Richardson,
2006), and habitat fragmentation (Radeloff et al., 2005).

Consequences of urban growth have traditionally been treated as local issues, but recent
studies suggest that impacts are far-reaching, with regional and global implications (Seto et al.,
2012). Currently, over half of the world’s population lives in urban environments, which are
expected to grow at an unprecedented rate in coming decades, especially in developing countries
(Cohen, J.E., 2003; Seto, et al., 2009). Monitoring urban dynamics is of critical importance for
ecosystem service assessment.

Increasing awareness of the impact of urbanization on a global scale has motivated
numerous urban mapping efforts using satellite remote sensing. Early satellite-based urban
mapping applied medium resolution data from Landsat Multi-spectral Scanner System (MSS,

79m), but its coarse spatial resolution presented a significant challenge for detailed urban studies
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(Welch, 1982; Barnsley et al., 2003). With the continuous improvement of sensor technology
and image processing capabilities, remote sensing data with higher spatial and spectral resolution,
such as those from Landsat (TM/ETM/OLI) and SPOT, are now routinely used for urban
mapping. The Landsat series of satellite imagery are among the most widely used because of its
rich archive and open access (Woodcock et al., 2008). Examples of applications include general
land cover mapping (Fung, 1992; Zha et al., 2003; Lo, 2004; Lu et al., 2011; Zhu et al., 2012;
Chen et al., 2015), study of urban dynamics (Masek et al., 2000; Yuan et al., 2005; Taubenbdck
et al., 2012; Zhang and Weng, 2016; Wu and Chin, 2016), urban spatial structure analysis
(Herold et al., 2002; Seto and Fragkias, 2005; Wang et al., 2014), and quantification of urban
thermal characteristics (Weng et al., 2004; Weng, 2009; Xian and Crane, 2006).

Most previous studies on urban mapping follow a "snapshot™ model using 5-10 year
mapping intervals. For example, in the U.S., regional- and national-scale urban mapping has
been routinely conducted every 5 years (e.g., 2001, 2006, and 2011), as part of the National Land
Cover Database (NLCD) development (Homer et al., 2007; Homer et al., 2015). The arbitrary
mapping interval, however, is limiting for certain applications requiring land cover data at a
higher temporal frequency (e.g., annual). For example, spatially distributed landscape process
models and system dynamic models typically favor high temporal frequency land cover map
products to support continuous modelling of ecosystem processes and functions (Lunetta et al.,
2006; Winz et al., 2009). Forecasting future land cover distributions can also benefit greatly from
understanding historical and ongoing urban changes, observed with high temporal frequency

(Pontius et al., 2008).

Annual urban map products can be derived using a number of image classification and change
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detection techniques. One approach is to conduct image classification for each mapping year.
Intrinsic image classification errors and their accumulations over all mapping years make this
one-classification-per year method less appealing (Chen et al., 2003). Xian et al. (2009)
developed a cost-effective change detection method for updating NLCD every 5 years.
Specifically, they first identified areas of land cover change between 2001 and 2006 using a
change vector analysis. The change pixels were subsequently classified into new land cover
types. Although this method is effective in updating national land cover products at 5-10 year
intervals, it is unclear whether it is directly applicable for an annual mapping interval because the
associated change vector analysis may not be fully automated. In addition, the use of bi-temporal
change detection focuses one image pair a time and does not make full use of rich temporal

information (Huang et al., 2010).

An alternative approach for annual urban mapping is to make full use of rich time series but
coarser resolution remote sensing data to conduct change detection. For example, using high-
temporal MODIS (Moderate Resolution Imaging Spectroradiometer) data as input, Lunetta et al.
(2006) examined annual integrated NDVI (Normalized Difference Vegetation Index) for each
250m MODIS pixel to identify newly urbanized area. Change pixels were determined by
applying NDVI change thresholds on a 1 year time-step. Through this approach, annual urban
mapping is simplified as an annual urban change detection problem. The main limitation of this
MODIS NDVI-based annual change detection is associated with MODIS 250m coarse spatial
resolution. Time series analysis with 30 m Landsat data can be challenging because Landsat
satellite has lower temporal resolution (i.e., 16 days). The U.S. Geological Survey's recent effort

in analysis-ready Landsat products significantly improved the potential of Landsat-based time
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series analyses by standardizing data from multiple Landsat satellites (TM, ETM, and OLI)
(Banskota et al., 2014). The dense Landsat time series stacks from multiple Landsat satellites,
combined with carefully designed analytical algorithms, are now increasingly used in
characterizing forest disturbance and land cover change at annual intervals (e.g., Huang et al.,
2009; Huang et al., 2010; Zhu et al., 2012). Few previously published studies, however, have
examined automated annual urban change mapping using the relatively longer Landsat time
series data. It is also appealing to develop annual urban maps that maintain an overall
consistency with the existing national/regional land cover data, especially when the existing
national/regional land cover products have acceptable classification accuracies (e.g., NLCD).
Significant resources have been used in generating national/regional products and it is generally
more cost-effective to update the existing data than develop a completely new urban map product

(Xian et al., 2009).

The purpose of this study is to evaluate annual urban mapping by combined use of time series
Landsat data and NLCD. Specifically, we first used decadal NLCD data to identify areas of
urban change from 2001-2011. Within the urban change mask, we analyzed NDVI time series
from Landsat data, pixel-by-pixel, to identify year of change. We compared three change
detection methods using Landsat-derived NDVI time series: (a) minimum-value method, (b)
break-point detection, and (c) simple threshold identification. We conducted detailed accuracy
assessments for our annual urban maps by visual interpretation of Google Earth's High-
Resolution Imagery Archive. In addition, we examined how map accuracies vary when the

length of input NDVI time series changes.
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2. Methods

2.1 Study Area

The study area (22,500 km?) covers the northwest portion of the Washington D.C. metropolitan
area, northern Virginia, and a small portion of West Virginia (Fig. 1). The Washington D.C.
metropolitan area and its suburbs (northern Virginia) are among the fastest growing regions in
the US, with an average urbanization rate of 11+2 km?/year (Sexton et al., 2013). Another reason
for choosing this study area is due to its diversity in land cover types, including 2.83% of water
body, 16.88% of urban and barren land, 49.05% of forest, 2.45% of shrub and grassland, 25.29%
of agriculture, and 3.48% of wetlands in 2001, based on 2001 NLCD data. The robustness of
annual urban mapping technique can be tested on varied land cover types. Finally, this study area
has a good collection of high spatial resolution images based on Google Earth's High-Resolution
Imagery Archive, thereby providing easier implementation of accuracy assessment at higher

temporal resolution.
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Fig 1. Study area covers the northwest portion of the Washington D.C. metropolitan area,

northern Virginia, and a small portion of West Virginia

2.2 Data
A total of 1,292 Landsat Analysis Ready Data (ARD) (h027v009, ARD tile) surface reflectance
images from 1988 to 2017 were downloaded from the USGS EarthExplorer

(https://earthexplorer.usgs.gov). Each image contains 5,000 x 5,000, 30-meter pixels. We

included imagery with substantial cloud/shadow cover as well as Landsat ETM+ SLC-off
imagery in our original time series dataset, since for a given image with heavy cloud cover,
cloud-free parts of the image can be used to enhance the temporal sampling frequency. A

significant number of high quality pixels in the Landsat SLC-off ETM imagery are also useful
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for time series data analysis. Therefore, all available Landsat 5, 7, and 8 ARD imagery were
obtained to develop a dense time series stack. We also downloaded two recent NLCD map
products (NLCD 2001 and NLCD 2011) from the Multi-Resolution Land Characteristics

Consortium (http://www.mrlc.gov/). Overall accuracies for NLCD are approximately 85% and

individual class accuracies ranged from 79% to 91% for Anderson Level | classes (Wickham et

al., 2010).

2.3 Data preprocessing

We derived NDVI for each Landsat image from 1988 to 2017 and stacked all NDVI layers to
develop a NDVI time series stack. No additional data preprocessing steps were needed before
NDVI calculation because Landsat ARD surface reflectance data come readily processed to the
highest scientific standards. The main reason to use NDVI time series for our annual urban
mapping was to reduce data dimensionality — one NDVI layer versus six surface reflectance
bands. In addition, NDVI is good indicator of vegetation condition and status; new urban
development typically involves vegetation clear-cut and NDVI change (Lunetta et al., 2006,

Shao et al., 2011).

To reduce cloud contamination, we applied a maximum value composite (MVC) algorithm to the
original NDVI time series to derive monthly NDVI layers. Each monthly NDVI layer is a
composite image representing the highest observed NDVI value for each pixel in a given
compositing month. The same MVC algorithm (Holben, 1986) was used as the compositing
algorithm in developing 16-day MODIS NDVI products (Huete et al., 2002); here, we applied it

to 30m Landsat time series. The monthly NDVI images appeared to be noisy, with a significant
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amount of missing data due to image availability and cloud impacts. Thus, to further reduce
cloud impacts and data volume, we applied the MVC algorithm to the NDVI time series to
derive annual NDVI layer from 1988 to 2017. The resultant annual NDV1 layers were stacked to
construct annual NDVI time series — each pixel has 30 NDVI values covering years from 1988 to
2017. We applied a Savitzky-Golay smoothing algorithm to remove pseudo hikes and drops from
the annual NDV1 time-series. The Savitzky-Golay filter is among the best performers with
respect to ease of implementation and robustness of results (Chen et al., 2004; Jia et al., 2014;

Shao et al., 2016). Fig. 2 shows the flowchart for the above-described data processing steps.
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Fig. 2. Flowchart of data preprocessing

2.4 Annual urban mapping

We used NLCD as our primary reference data to evaluate our annual urban mapping methods.
Starting with NLCD 2001, each release of NLCD divides urban areas into four classes: (a)
developed open space (< 20% impervious cover; class code 21), (b) low-intensity developed (20-

49% impervious cover; class code 22), (¢) medium-intensity developed (50-79% impervious
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cover; class code 23), and (d) high-intensity developed (> 80% impervious cover; class code 24)
(Homer et al., 2015). By comparing to higher resolution urban map, Irwin and Bockstael (2007)
stated that NLCD has relatively low classification accuracy for open space and low intensity
urban classes, mainly due to limitations of 30m Landsat resolution. Therefore, it is more realistic
to focus on medium-high intensity urban pixels (NLCD classes 23 and 24) for better mapping
accuracy. Using 2001 NLCD and 2011 NLCD as reference, we identified all pixels influenced by
urbanization processes (from non-urban land cover to medium-high intensity urban) and pixels
influenced by urban intensification processes (from open space/low intensity urban to medium-
high intensity urban) during the 10-year time period. These NLCD-derived urban change pixels

were principal targets for further detection of their corresponding urban change years.

In the following section, we describe three time series analyses used for identifying the specific
year of urban change. For each time series change detection method, we examined input data for
two time series, 1998-2014 and 1988-2017, to evaluate how length of input NDVI time series

affect mapping accuracy.

Minimum-value method

For the minimum-value method, our assumption was that the minimum NDVI value within each
NDVI time series should match well with specific urban change year. It is expected to see a
significant decrease of the NDVI value if a forest/agricultural pixel is converted to a medium-
high intensity urban pixel. Similarly, NDVI values typically decrease, probably with a smaller
amplitude, when an open space/low intensity urban pixel is further intensified to medium-high

intensity urban.
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We used 40 randomly selected urban change pixels (i.e., training data points) to conduct an
initial assessment of this minimum-value method, using Google Earth's High-Resolution
Imagery Archive as reference. It should be noted that urban change can be a multi-year process
from the beginning of clear-cutting to the completion of construction. We used beginning of
clear-cutting as ‘ground truth’ for urban change. We found that there was typically a three-year
time lag between the minimum-value year and the observed urban change year from Google
Earth. In other words, NDVI values may continue to decrease from beginning of clear-cutting
and reach its lowest value in the next 2-3 years, depending on duration of construction activities.
Therefore, we simply applied the 3-year adjustment to correct the time lag for the minimum-

value method.

Break-point method

For each MVVC NDVI time series, the specific urban change year could serve as a break point
dividing the whole time series into two segments. This break point should maximize the
difference between the mean values of the two segments. To be specific, the identified urban
change year should result in a maximum value of pi- P2, where [z is the mean of the time series
segment ranging from starting year to the year of urban change and p. is the mean of the time

series segment ranging from the urban change year to the ending year of time series.

Simple-threshold identification
Another approach to identify a specific change year in a time series NDVI1 is to specify a

threshold value. Scanning the annual MVC NDVI from the beginning of the time series, the year
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where NDVI value first dropped below the threshold value can be defined as the urban change

year.

We evaluated potential threshold values by examining the histogram plots of MVC NDVI values
for various NLCD 2001 land cover categories. Fig. 3(a) shows the distribution of MVC NDVI
(2001) values for medium-high intensity urban pixels. A large proportion of medium-high
intensity urban pixels have relatively low MVVC NDVI values (e.g., 0.1-0.7). Conversely, the
vegetation pixels (e.g., forest and agricultural lands) and open space pixels typically have high
MVC NDVI values greater than 0.6 (Fig. 3b and 3c). Therefore, it is reasonable to specify a
threshold value of 0.6 to separate medium-high intensity urban and the other land cover classes.
For a given NDVI time series, once the MVC NDVI value dropped below 0.6, it would imply an
urban change event in that year. We started with a 0.6 threshold, then evaluated different
threshold values ranging from 0.5 to 0.7 for sensitivity analysis. This simple threshold method
may not produce accurate results for detecting urban intensification processes that involve
changes from low intensity urban (NLCD class = 22) to medium-high intensity urban, because

low intensity urban class shows a largely scattered NDVI distribution (0.1-0.9) (Fig. 3d).
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Fig. 3. Histograms of NDV1 values for (a) medium/high intensity urban; (b) vegetation (forests

and agriculture); (c) low intensity urban; (d) developed open space

Detection of no-change pixels

NLCD data have relatively high accuracy for medium-high intensity urban class (Irwin and
Bockstael, 2007), but change pixels identified from NLCD 2001-2011 may still include false
positives. Each of the three NDVI change detection methods could potentially identify those

false detections from NLCD data. For the minimum-value method, if the NDVI-derived change
year located outside of the period of 2001-2011, we label the pixel as no-change. For the break-
point method, a negative value of ul1- p2 signals an increase of NDVI value in the time-series so
it is reasonable to label the corresponding pixel as no-change. For simple-threshold identification,
the no-change pixel can be determined based on a pre-defined threshold (e.g., 0.6). For a given
NDVI time-series, if all NDVI values within the 2001-2011 window are higher than the

threshold value of 0.6, the pixel could be labeled as no-change.
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2.5 Accuracy assessment

We conducted detailed accuracy assessments for two change pixel groups: (1) an urbanization
group that includes all pixels changed from non-urban land cover classes to medium-high
intensity urban, and (2) an urban intensification group that includes pixels changed from open
space or low intensity urban to medium-high intensity urban. We systematically selected a total
of 400 pixels for accuracy assessment: 200 for the urbanization group and 200 for the urban
intensification group. Within the urban intensification group, 100 pixels were selected for open
space to medium-high intensity urban change and low intensity to medium-high intensity urban

change, respectively.

Each selected change pixel was pinpointed on Google Earth and the actual urban change year
was recorded by visual interpretation of Google Earth's High-Resolution Imagery Archive. The
conversion of forest/agriculture cover to urban cover can be a multi-year process from the
beginning of clear-cutting to the completion of construction. We used beginning of clear-cutting
as the ‘ground truth’ of urban change. In some cases, it was difficult to detect the starting point
of clear-cutting due to limited availability of historical satellite images. For example, an ongoing
construction was observed in the March of 2005 Google imagery and the previous July 2003
Google image showing forest/agricultural cover, the middle temporal point (year 2004) was then
selected as the urban change year. For pixels without sufficient high-resolution imagery as
reference (i.e., imaging gap > 2 years), we simply excluded them from the accuracy assessment
because we could not define a ‘ground truth’ or observed urban change year. About 29 pixels
were removed because of their ineligibility for the accuracy assessment, and replenished pixels

were selected by simple random sampling. The same method was applied to the urban
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intensification pixel group for determining change years. The only difference is that there might
not be a clear-cutting event so the observed urban intensification year should be the year when

construction started.

The urban change years estimated from the NDVI time series analyses were compared with the
Google Earth-derived data, pixel-by-pixel. Due to image availability issues, the Google Earth-
derived urban change year could have a one-year deviation from the actual urban change year,
therefore, one-year difference between the NDVI-estimated change year and the Google Earth-
derived change year was considered as a ‘correct’ change detection. Overall accuracies were
computed to compare three change detection algorithms using such a one-year deviation

assessment. Additional two-year deviation assessments were conducted for thoroughness.

3. Results

3.1 Accuracy assessment for urbanization pixels

Table 1 shows the error matrix of accuracy assessment for change and no-change pixels using
Google Earth as reference. Note all 200 pixels were previously identified as change pixels (from
other land cover classes to medium-high intensity urban) by comparing NLCD 2001 and 2011.
Among the 200 selected pixels, 196 pixels were visually interpreted as change pixels using high
resolution Google Earth imagery, suggesting very high accuracy of NLCD in determining other
land cover classes (e.g., forest and agricultural lands) to medium-high intensity urban change.
Using 1998-2014 NDVI time-series data as input, all three time-series methods performed well
on the separation of change and no-change pixels, and the minimum-value method had the

highest overall accuracy of 98.5% (kappa=0.56). Simple-threshold identification performed
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worst by falsely identifying no-change pixels, leading to a high commission error of 71.4%. The
use of longer time-series NDVI (1988-2017) resulted in almost identical overall accuracy

(difference < 1%) so the detailed error matrix is not presented here.

Table 1. Error matrices of change and no-change for urbanization pixels using reference data
derived from Google Earth.

Time series 1998-2014

Reference from Google Earth

No change Change Total % Correct %Commission
Minimum-value
method
No change 2 1 3 66.7 32.3
Change 2 195 197 99.0 1.0
Total 4 196 200 98.5 (n=200)
%Correct 50.0 99.5
%Omission 50.0 0.5 Kappa=0.56
Break-point method
No change 2 6 8 25.0 75.0
Change 2 190 192 99.0 1.0
Total 4 196 200 96.0 (n=200)
%Correct 50.0 97.0
%Omission 50.0 3.0 Kappa=0.32
Simple-threshold
(t=0.6)
No change 4 14 18 22.2 77.8
Change 0 182 182 100.0 0
Total 4 196 200 92.2 (n=200)
%Correct 100.0 92.6
%Omission 0 7.4 Kappa=0.34

Table 1 summarizes general accuracy statistics for change and no-change pixels only. Fig. 4
shows a scatter plot comparing the NDVI-derived and the Google Earth-derived change year,

pixel-by-pixel. For simplicity, we used results from the break-point algorithm as an example to
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demonstrate the comparison. Among 200 randomly selected points, ten were interpreted as non-
change pixels either from Google Earth or from the algorithm. The remaining points were plotted
with different colors representing different frequencies of occurrence in the accuracy assessment.
One-year deviation from the observed urbanization year from Google Earth is colored in yellow.
It appears that a large majority of points (90.6%) lie within the one-year deviation zone,

indicating good overall accuracy (R?is 0.74 and RMSE value is 1.01 year).
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Fig. 4. Scatter plot of observed urbanization year v.s. estimated urbanization year for break-point

method using MVVC NDVI time series 1998 to 2014

Based on one-year deviation definition as well as the classification of change and non-change

pixels, pixels can be grouped into two categories of correct or wrong classification and overall
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accuracy can be calculated for each algorithm. Table 2 summarizes overall accuracies for three
change detection algorithms. Using 1998-2014 time series data as input, the break-point
algorithm generated the highest overall accuracy of 88.0% for the one-year deviation accuracy
assessment. The minimum-value and simple-threshold (threshold = 0.6) algorithms had the same
accuracy of 82.5%. For the simple-threshold algorithm, variation of threshold value to 0.5 and
0.7 led to reduced overall accuracy to 53.5% and 65.0%, respectively. Differences among three
change detection algorithms declined when the tolerance level increased to two years of
deviation. All three algorithms generated above 90% of overall accuracy; the break-point

algorithm had the highest overall accuracy of 94%.

Table 2. The overall accuracies for urbanization pixel group

Time series Time series
1998-2014 1988-2017
+1 year:
minimum-value 82.5% 85.0%
break-point 88.0% 83.5%
simple-threshold (t=0.6) 82.5% 82.0%
+2 year:
minimum-value 92.0% 88.5%
break-point 94.0% 91.5%
simple-threshold (t=0.6) 90.0% 89.0%

The accuracy of change detection generally decreased when the longer time series (1988-2017)
were used as input, except for the minimum-value algorithm in the one-year-deviation
assessment. For example, the overall accuracy for break-point algorithm decreased to 83.5%
compared to 88.0% resulted from 1998-2014 change detection. Longer time series data may be
associated with more complicated NDVI1 trends involving longer-term NDVI increase/decrease
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patterns. Our selected change detection algorithms thus can falsely identify change years located

beyond the 2001-2011 time period.

3.2 Accuracy assessment for urban-intensification pixels

The classification accuracy of NLCD for urban-intensification pixels was much lower than that

for urbanization pixels (Table 3). Among 200 randomly selected change pixels, only 168 pixels

(84%) appeared to be actual change pixels based on Google Earth imagery and the remaining 32

pixels (16%) should be labeled as no-change pixels. Among three change detection algorithms,

the break-point method achieved the highest overall accuracy of 86.5% (kappa = 0.49) while

simple-threshold method performed worst with an overall accuracy of 63.0% (kappa=0.25).

Table 3. Error matrices of change and no-change for urban-intensification pixels

Time series 1998-2014

Google Earth Reference

No-change Change Total

%Correct

%Commission

Minimum-value method

No change 7 5 12
Change 25 163 188
Total 32 168 200
%Correct 22 97
%Omission 78 3
Break-point method

No change 18 13 31
Change 14 155 169
Total 32 168 200
%Correct 56.3 92.3
%Omission 43.7 7.7

Simple-threshold

identification

No change 28 70 98
Change 4 98 102

58
87
85

58
91.7
86.5

28.6
96.1

42
13
(n=200)

kappa=0.25
42
8.3
(n=200)
Kappa=0.49

71.4
3.9
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Total 32 168 200 63 (n-200)
%Correct 87.5 58.3
%Omission 12.5 41.7 kappa=0.25

Fig. 5 shows scatter plots comparing the results from the break-point algorithm (best performing
one) and the visual interpretation of Google Earth imagery. A total of 45 pixels out of 200 were
identified as no-change pixels either from Google Earth or from the algorithm, so were not
displayed on the scatter plot. Compared to the urbanization pixel group, the distribution of the
scatterplot for urban intensification is more scattered. A much smaller portion of the points lies
within the correct zone (76.6%), and there are more outliers located further away from the
correct zone, indicating an inferior estimation of urban change year when compared with
urbanization pixel group. The R? (0.54) is much lower than that of urbanization pixel group

while the RMSE (1.47 year) here is higher.
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Fig. 5. Scatterplot of observed urban intensification year v.s. estimated urban intensification year
for break-point method using MVC NDV!I time series 1998 to 2014.

Overall accuracies of urban intensification for the three change detection methods are
shown in Table 4. Within the urban intensification group, we further divided the change pixels
into two sub-groups depending on initial 2001 land cover types: subgroup21 represents change
pixels with initial land cover class of open space (NLCD class 21) and subgroup22 represents
change pixels with initial land cover class of low intensity urban (NLCD class 22). Using 1998-
2014 time series data as input and one-year-deviation accuracy assessment, the break-point
algorithm resulted in the highest overall accuracy of 76% for subgroup21 change detection. The

other two algorithms generated relatively lower accuracies of 59% and 65%, respectively. For
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subgroup22, the minimum-value algorithm performed best (65.0%), although break-point
algorithm’s performance was only 4% lower. The simple-threshold identification (threshold=0.6)
performed worst on subgroup22 change detection. The overall accuracy of 35.0% for
subgroup22 using simple-threshold identification was substantially lower than accuracy statistics
derived from other algorithms. We did additional sensitivity analyses by varying threshold
values from 0.5 to 0.7, the best overall accuracy achieved was only around 55.0%. This result

suggested poor overall performance of this change detection algorithm.

Table 4. Overall accuracies for urban intensification pixel group

Subgroup21 Subgroup22
Time series Time series Time series Time series
1998-2014 1988-2017 1998-2014 1988-2017

+1 year:

minimum-value 59.0% 59.0% 65.0% 66.0%
break-point 76.0% 71.0% 61.0% 64.0%
simple-threshold 65.0% 73.0% 35.0% 38.0%
(t=0.6)

+2 year:

minimum-value 84.0% 85.0% 75.0% 77.0%
break-point 88.0% 83.0% 68.0% 71.0%
simple-threshold 71.0% 78.0% 38.0% 42.0%
(t=0.6)

Comparing overall accuracies for two subgroups suggests that the subgroup22 is more
challenging for annual change detection. This was expected because the initial land cover type
for subgroup22 is low intensity developed urban which has about 40-49% of impervious cover
within each 30m Landsat pixel. Although all pixels within the subgroup22 experienced urban

intensification during the 2001-2011 time period, it was difficult to pinpoint the specific year of
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intensification through time series NDVI analysis.

For both subgroup21 and subgroup22, overall accuracies generally increased when the length of
the time series was expanded to 1988-2017, with the exception of break-point algorithm for
subgropu21 change detection. This was the opposite of the result observed for urbanization
pixels (i.e., non-urban to NLCD 23/24). This may be explained by the fact that certain
algorithms’ ability to distinguish between non-change pixels from change pixels had a much
higher weight on the overall accuracy calculation. A significant portion (16%) of 200 randomly
selected pixels were actual non-change pixels (i.e., falsely identified by NLCD). When using
time series 1998 to 2014 as data input, the minimum-value method would falsely assign an urban
change year to a non-change pixel. By using a much longer time series as input data, more pixels
would be assigned an urban change year outside the study time period, thus potentially
increasing overall accuracy. A longer time series did not improve the performance of the break-
point method, because the break-point method detects the point where means of the time series
change the most, and is less sensitive to length of the time series when compared with other

methods.

3.3 Urban change maps

Urban change years for both urbanized pixels and urban-intensification pixels obtained from the
optimal method (break-point) are shown in Fig. 6. In this figure, we grouped pixels with similar
urban change years and assigned different colors to each group. To illustrate effects more clearly,
Fig. 6 shows only a subset of the study area. As we have expected, pixels with the same or closer
urban change years tend to be clustered together on the map. A part of the Washington

Dulles Airport development can be seen as the L-shaped structure in the center of figure. All the
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pixels for this airport have similar urban change years from 2005 to 2008. Figure 7 summarizes
total numbers of urban change pixels by year. It is clear that the urban change rate increased
from 1998 to 2003 and then slowly decreased year by year. Overall, a majority of urban

development in our study area occurred between 2002 and 2007.
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Fig. 6. Urban change years: pixels were grouped into 5 categories for better visualization
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3.4 Novelty and limitation

In our time series analysis, a maximum value composite (MVC) algorithm was applied to the
Landsat NDVI time series to develop the annual MVVC NDVI time series. The use of annual
MVC NDVI time series has greatly reduced data volume, and at the same time, removed most of
the noise in the original NDVI time series. For our accuracy assessment, we divided change
pixels into two groups, urbanization and urban intensification. Separation of the accuracy

assessment could provide more detailed information on the performance of our change detection
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algorithms.

Among three selected change detection algorithms, the break-point algorithm can be considered
as optimal, based on two main reasons. First, the break-point algorithm is fully automated
without user intervention while the simple-threshold identification and minimum-value

algorithm both need different levels of calibration or threshold tuning.

A fully automated method is much preferred when it is applied for a different study region or
time-period. Second, the break-point algorithm finds the point at which the mean of the NDVI
time-series changes the most significantly, thus it is less sensitive to data noise, contributing to

higher overall detection accuracies.

Our change detection methods, combined with the readily available NLCDs and Landsat
Analysis Ready Data, can be directly applied to other fast-growing urban regions in the US to
derive annual urban changes. The annual urban change maps contribute to NLCD impacts. More
importantly, the high temporal urban change information could potentially improve our
understanding of urban development patterns/trends. For example, the linkage between urban
development and population dynamics (or other socio-economic factors) could be examined in a

more continuous modelling framework.

The main limitation for our change detection algorithms is their poor performance in dealing
with subgroup22 (pixels changed from low intensity to medium-high intensity urban). However,
we note that the number of pixels in the subgroup22 pixels is much smaller than those of other

urban change categories, thus our change detection methods would maintain relatively high

52



overall accuracies when all change pixels are included for accuracy assessment. Future study
needs to focus on improving change detection accuracy for subgroup 22. Potential solution may
include exploring other spectral and spatial indices in addition to the commonly used NDVI
time-series. Newly developed change detection algorithms, especially those dealing with high
dimensional time-series data (e.g., Cho and Fryzlewicz 2015), could be explored in the future.
Another limitation for our analytical approach is that annual mapping of urban areas could not be
accomplished without the support from NLCD. For this study, NLCD 2001 and 2011 served as
the input data to derive urban change masks. In our future studies, we plan to update our annual
urban maps to include all study years from 1992 to 2016. The NLCD Retrofit data (1992-2001

change) and NLCD 2016 data will be used as references for the longer term time-series analysis.

4. Conclusion

This study was designed for characterizing annual urban changes using time series Landsat and
NLCD data. We examined both 17-year and 30-year Landsat-derived annual MVC NDVI time
series using three different change detection algorithms to determine optimal combinations for
annual urban change mapping. Using Google Earth’s high resolution imagery as reference,
detailed accuracy assessment was implemented for urbanization and urban-intensification pixel
groups, defined by the initial land cover types of change pixels. The result showed that the
combination of break-point algorithm with a time series of 1998-2014 reached the highest
overall accuracy for estimating both urbanization years (overall accuracy of 88%) and urban-
intensification years (overall accuracies of 76% and 61% for subgroup 21 and subgroup 22,
respectively). The relatively low overall accuracy for subgroup 22 suggests that it is particularly

challenging in determining urban intensification years for pixels labeled as low-intensity urban in

53



the NLCD data. Pixels with the same or close urban change years identified by the break-point
algorithm tend to be clustered together on the map, further validating the overall good
performance. In addition, the break-point algorithm is easy to implement and can be fully
automated without user adjustment. It could be generalized to other fast-growing urban regions

for annual urban change mapping across the US.
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Chapter 3. Near real-time urban change detection through machine learning

3.1 INTRODUCTION

In this chapter, we processed a decadal long Landsat-derived NDVI time series data by using
machine learning algorithms to achieve near real-time urban change detection. Different machine
learning algorithms, such as random forest and artificial neural networks, have been tested and

compared to find out the optimal method.

3.2 MANUSCRIPT

The manuscript for this chapter is in preparation for submission and is shown below:
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Near real-time urban change identification through machine learning

Abstract

Urbanization is the most intensive Land Use Land Cover Change (LULCC) type, resulting in
biodiversity loss, degradation of water and air quality, alteration of climate patterns, and changes
in hydrologic cycles. Monitoring past and current urban growth could help us have a better
understanding of urbanization processes, thus supporting ecosystem service evaluation, urban
planning, and policy making. In this study, machine learning-based classification models,
including the random forest classifier and Artificial Neural Networks (ANN), were tested and
compared to find out the optimal algorithm for near real-time urban change detection. Ten-year-
annual-maximum NDVI time series data were used as data inputs in the classification models.
Because the number of no-change pixels is much greater than that of urban change pixels, we are
dealing with an extremely imbalanced dataset, thus different ratios between the number of no-
change pixels and that of urban change pixels were tested. Cross validations determined that a
ratio of 1:200 between urban change pixels and no-change pixels worked best for urban change
detection, and ANN achieved higher overall classification accuracy and with a faster
computation speed than random forest classifier. By using high-resolution imagery archives in
Google Earth as reference, accuracy assessments for the optimal classification model were
conducted in three different sampling areas, including urban core, suburb area, and rural area.
The results indicate that our model works well in urban setting environment, with overall
accuracies of 95% and 92% for urban core and suburb area, respectively. However, its
performance is inferior in rural areas where forest clearing could be induced by both urban

change and forest harvest. Future research should seek to add more data inputs, such as distance
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to existing urban, elevation and slope in our classification model to better distinguish urban

change from forest harvest in rural areas.

1. Introduction

Land Use Land Cover Change (LULCC) causes huge impacts on the environment, including the
alteration of the hydrologic cycle, climate patterns, air and water quality, biodiversity, and
biogeochemical fluxes (Homdee et al., 2011; Lawrence et al., 2012; Mahmood et al., 2010;
Martinez et al., 2009; Wilson and Weng, 2010; Wu et al., 2012). Urbanization is considered to be
the most irreversible and human-dominated LULCC type, and likely the most intensive one,
given the resulting environment impacts at local, regional scales, and global scale (Seto et al.,
2011). In the past decades, urban areas have expanded at a fast rate due to rising population and
migration from rural to urban areas (Angel et al., 2005). Seto et al. (2011) reported a world-wide
urban growth of 58,000 km? from 1970 to 2000. The world’s urban population has surpassed its
rural counterpart since 2007, and it is predicted that over two-thirds of the world’s population
will be living in urban areas by 2050 (Dye, 2008; Kammen and Sunter, 2016). This dramatic
increase in urban population will continue boosting the expansion of urban growth in the

following decades.

Monitoring past and current urban extent could enable a better understanding of urban growth
processes, including urban growth rates and patterns, thus supporting ecosystem services
assessment, urban planning and policy-making (Harts et al., 2003). Numerous studies have
quantified urban growth at local, regional, and global scales using remote sensing data,

especially satellite imagery (Schneider et al., 2009; Trianni et al., 2015; Xian and Crane, 2005).
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Landsat imagery is widely used one for urban growth monitoring due to its high spatial
resolution (30m), high temporal resolution (approximately every 16 days), rich historic archives
and open access (Woodcock et al., 2008). In the U.S., Landsat imagery, together with a series of
ancillary datasets (e.g., topography, census and agricultural statistics, soil characteristics,
wetlands, and other land cover maps), are used to derive the National Land Cover Database
(NLCD), which provides land use land cover data for the entire U.S. (Homer et al., 2015). Due to
its high overall accuracy of around 85% and its broad coverage across the whole nation, NLCD
has been widely used for providing high spatial resolution (30-m) land use land cover data in
numerous models (Homer et al., 2015). However, the five-year time gap between each NLCD
product has limited its applications in some models requiring higher temporal resolution of land

use land cover data (Winz et al., 2009).

Image classification and change detection techniques are widely used for urban mapping and
urban change detection (Jensen, 1981; Thapa and Murayama, 2009). One commonly used
method is to conduct individual image classification for each satellite image obtained in each
mapping year, and then urban change areas could be simply derived based on comparisons. But
the intrinsic classification errors in each mapping year would accumulate through time, making
this mapping method a low accuracy approach (Chen et al., 2003). Another method for annual
urban mapping is to update the existing urban map products (e.g., NLCD) to an annual temporal
resolution. Using NLCD as baseline could ensure a relatively higher accuracy for the derived
annual urban map products, and these products could be utilized by a broader users since they
are the continuations of NLCD. Wan et al. (2019) has proposed one method for annual urban

mapping by using NLCD and Landsat-derived maximum annual Normalized Difference
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Vegetation Index (NDVI) time series data. Here, annual urban mapping is to find out the urban
change years for both urbanization pixels and urban intensification pixels, with the former one
represents pixels changing from non-urban categories to medium/high-intensity urban and the
latter one represents pixels changing from open space/low-intensity urban to medium/high-
intensity urban. The overall accuracy for detecting urban change years of urbanization pixels has
reached a high level of 89%. There are two major steps in this method: First, NLCD from two
different years (e.g., NLCD2001 and NLCD2011) are compared to identify all the urban change
pixels (both urbanization pixels and urban intensification pixels) during this time period; Then,
urban change year for each identified pixel is determined by analyzing Landsat-derived
maximum annual NDVI time series data. One major limitation of this method is that it relies
heavily on NLCD, and it could not be used for recent years where there’s no land cover data
support from NLCD. To be specific, currently, the most up-to-date version of NLCD is for the
year of 2016, and this method is not applicable for the years after 2016 (e.g., 2017, 2018, 2019)
because urban change pixels after 2016 could not be identified due to the lack of NLCD data.
Finding out pixels experienced with urbanization and urban intensification in recent years is

considered as near real-time urban change detection.

Urban change detection for recent years can be treated as a classification problem, where areas
that have experienced urban change are represented by urban change pixels that can be
distinguished from no-change pixels. Machine learning-based classification models, such as the
random forest classifier and Artificial Neural Networks (ANN), could be the solution for this
near real-time urban change detection problem (Feng et al., 2015; Liu and Lathrop, 2002). The

classification process of these machine learning-based classification models is a black box where
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classification mechanism is unknown, but these models normally outperform traditional

statistical models in terms of overall classification accuracy (Breiman, 2001).

The purpose of this study is to compare methods for achieving near real-time urban change
detection using machine learning-based classification models. Specifically, I tested and
compared random forest and ANN to determine the optimal method for urban change detection.
To test the optimal model’s prediction capability on different land cover settings, accuracy
assessments will be conducted for three different sapling areas, including urban core, suburb

area, and rural area.

2. Methods

2.1 Study area

Landsat scene (path: 27, row: 9) shown in figure 1 is selected as the study area. The study area
has a total area of 22,500 km?, and includes the northwestern part of the Washington D.C.
metropolitan area, northern Virginia, and a small portion of West Virginia. Washington D.C.
metropolitan area is considered as one of the fastest growing urban areas in U.S., with an average
urban growth rate of 11+2 km?/year (Sexton et al., 2013). The dramatic urban expansion
processes in the study area during the past decades is the prerequisite condition for testing our
near real-time urban change detection methods. Based on NLCD 2001, the study area consists of
2.83% water, 16.88% urban and barren land, 49.05% forest, 2.45% shrub and grassland, 25.29%
agriculture, and 3.48% wetlands. The diversity in land cover types in the study area is another
advantage of the selected scene because it allows us to test the classification accuracy of the

optimal method at different land cover settings. Finally, a rich time series of high-resolution
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images for the study area are available on Google Earth’s High-Resolution Imagery Archive,

which facilitated the accuracy assessment of our method.

- .
Legend @g &
. Open Water b

" Developed, Open Space and Low 1ntensl§ty
B Developed, medium and high intensity
= Barren Land (Rock/Sand/Clay)
W Forests
= Shrub/Scrub
= Grassland/Herbaceous
Agricultural Land
5 Wetlands

Location Map

Figurel. Study area and associated NLCD classes

2.2 Data

A total of 1,084 Landsat Analysis Ready Data (ARD) (h027v009, ARD tile) surface reflectance
imagery from 1994 to 2019 were downloaded from the USGS EarthExplorer

(https://earthexplorer.usgs.gov). The downloaded dataset included all the Landsat 5, 7, and 8

ARD imagery within the designated time domain regardless of its cloud-contamination
conditions since the cloud-free part of the image could still provide valuable information. Each
image is composed of 5,000 by 5,000 pixels of 30-m resolution. In addition to Landsat ARD
imagery, four NLCD map products (NLCD2001, NLCD2006, NLCD2011, and NLCD2016)

were also downloaded from the Multi-Resolution Land Characteristics Consortium

(http://www.mrlc.gov/). NLCD products have high overall accuracies of around 85%, with
individual class accuracies ranging from 79% to 91% for Anderson Level I classes (Wickham et

al., 2010).
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2.3 Data preprocessing

NDVI is commonly used as an index for the characterization of urban growth because
urbanization is always accompanied by a huge drop in NDVI1 value (Liu et al., 2010). Therefore,
NDVI was derived for each satellite image, forming a dense NDVI time series stack from 1994
to 2019. Converting Landsat imagery into NDVI1 could also reduce data dimensionality, which
better facilitated further data analytics. NDVI was directly calculated based on red band and
near-infrared band of the Landsat ARD imagery, and no additional data preprocessing steps were
needed before the calculation because ARD data has already been processed to the highest

scientific standards.

The resulted dense NDVI time series stack contained cloud contamination and noise, which
should be removed before proceeding to further data analysis. To reduce cloud contamination
and noise, Maximum Value Composite (MVC) algorithm was applied to the NDVI time series
stack at an annual interval (Holben, 1986). For each pixel in the study area, its maximum NDVI
value for each year from 1994 to 2019 was selected as the representation of the NDVI value for
that year, thus forming a 26 years of maximum NDVI time series stack. This MVC algorithm not
only reduced cloud contamination and noise, but also decreased data dimensionality, making
data analytics less computationally-intensive. This maximum annual NDVI time series stack
could be further used in machine learning-based classifier training and near real-time urban

change identification.

2.4 Preparing training samples

The basic idea of this research is to achieve near real-time urban change identification based on
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machine learning algorithms, including random forest and ANN. The constructed machine
learning-based models should automatically distinguish pixels experienced with urban change at
the targeted year from pixels of no-change by using ten-years-annual-maximum NDVI time
series (NDVI values from eight years before the mapping year, the mapping year, and the
following one year) as data inputs. For instance, if we want to identify all the urban change
pixels in 2015, ten annual maximum NDVI time series values from 2007 to 2016 shall be used as
the data inputs in the classification models. Figure 2 shows the annual maximum NDVI time
series examples for both urban change pixel and no-change pixel. It is rather simple to detect the

difference between these two time series.

The most important step for constructing a machine learning-based classifier is to obtain enough
training samples. Wan et al. (2019) proposed a method for detecting the specific year of urban
change based on NLCD and Landsat-derived annual maximum NDVI time series data. This
method could be applied to prepare training samples for urban change pixels. By the comparison
of NLCD 2001 and NLCD2011, all the urban change pixels in this time period were identified,
and Wan et al (2019) mapped out urban change year for each identified urban change pixel by
using annual maximum NDVI time series data from 1998 to 2014. Based on the histogram of the
urban change years, the majority of the urban changes happened in the middle portion of the time
period. This phenomenon may reflect the intrinsic urban growth reality in the study area, but it
may also be resulted from the intrinsic flaw of this method, which may omit some urban change
pixels towards two ends of the time series. To enhance data quality, urban change pixels from
the former three years (2001, 2002, and 2003) and the latter three years (2009, 2010, and 2011)

of the time series were excluded, and only the middle five years’ urban change pixels were
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selected. To increase training samples for urban change pixels, another annual maximum NDVI
time series data ranging from 2003 to 2019 were analyzed to pinpoint urban change years from
2006 to 2016. The incorporation of more urban change pixels from other years could contribute
to a classification model with better generalization capability over time. We also only take the
middle five years (2009, 2010, 2011, 2012, and 2013) of urban change pixels as training samples
for a better accuracy. By combining the two data sets, we now have identified all the urban
change pixels from 2004 to 2013 with their urban change years known. There are a total of
76,456 urban change pixels. For each identified urban change pixel, its corresponding 10-years-

annual-maximum NDVI time series values will be serving as data inputs in classification models.

The preparation for pixels of no-change is much easier, and we can simply identify all the no-
change pixels by the comparison of NLCD products. To exclude noises from other land cover
categories, we are only sampling no-change pixels from agricultural land and forests because the
majority of the urbanization in the study area is converted from agricultural land and forests. To
be compatible with the urban change pixels, all the no-change pixels shall be sampled from the
same Yyears, ranging from 2004 to 2013. There are a total of 183,346,290 no-change pixels. For
each no-change pixel, its corresponding 10 years-annual-maximum NDVI time series values will

be serving as data inputs in classification models.
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Figure 2. NDVI time series examples for: (a) pixel urbanized in 2015; (b) no-change pixel.

2.5 Training of machine learning-based classification models

Cross validation was implemented for parameter-tuning and model selection. The dataset
combing urban change pixels and no-change pixels was divided into a training dataset (80% of
total dataset) and a testing dataset (20% of total dataset). Different machine learning algorithms
have been tested and compared to find out the optima method, including random forest classifier
and ANN. The ratio between the number of urban change pixels and that of no-change pixels is
approximately 1:2400, indicating that we are dealing with an extremely imbalanced dataset
classification problem, thus different ratios shall be tested when training the classification model.
The change of ratio was accomplished by undersampling the no-change pixel group while

keeping all the urban change pixels.

2.6 Urban change identification for the year of 2017

The constructed optimal classification model could be used for the detection of urban change

pixels in the year of 2017 and 2018. In this study, we only used the constructed model for
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identifying urban changes in the year of 2017, which should be sufficient for the justification of
this proposed method. Annual maximum NDVI time series values from 2008 to 2018 were used
as data inputs in the classification model to automatically detect urban change pixels in 2017.
Atfter classification, NLCD 2016 was used to mask out all the medium and high-intensity urban
areas in 2016. All the identified urban change patches smaller than 4 pixels were also removed to

exclude potential classification errors.

2.7 Accuracy assessment

Historic high-resolution imagery on Google Earth was used for the accuracy assessment of this
study. We have designed three sampling squares (500 by 500 pixel; figure 3) representing urban
core, suburb area, and rural area in the study area to test the classification capability of the
optimal model under different land cover settings. Within each sampling square, we have
randomly sampled 50 pixels for urban change pixel and no-change pixel, respectively. The
selected sampling pixels were pinpointed on Google Earth, and its reference urban change year
was determined by observing the historic high-resolution imagery archive. The conversion from
agriculture/forest to urban can be a process which lasts for several years, and the reference urban
change year was defined as the year where the clear cut starts because clear cut can decrease
NDVI value instantly. Due to the lack of historic high-resolution imagery, the starting time of
clear cut for some pixels may not be observed, and the middle temporal time point shall be
estimated as the urban change year. For example, an ongoing construction was observed for the
targeted pixel on June, 2018 from the Google Imagery. The previous Google Imagery for this
pixel was obtained on September, 2016, showing this pixel was forest on that time. Under this

circumstance, we could not know the exact time of clear cut, thus the middle temporal time point
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(2017) was estimated as the reference urban change year. For pixels with insufficient historic
high-resolution imagery (i.e., imaging gap > 2 years), the middle temporal time point may not be
a good estimation of its true urban change year, thus we simply exclude those pixels in our
accuracy assessment. The reference urban change year estimated from the middle-temporal-time-
point method might have a one-year-deviation from its true urban change year, thus, one-year-
difference between the reference urban change year and the designated urban change year (2017)
shall be tolerated and treated as a ‘correct’ change detection. Exclusions are for those pixels with
abundant historic high-resolution imagery, which could be used to determine their accurate urban
change years. Under this circumstance, even if the difference between the reference urban
change year and the designated urban change year is one-year, it is still considered as ‘incorrect’
change detection since the obtained reference urban change year is accurate enough to reject the

classification result.
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3. Results

3.1 Model selection

In this study, ANN outperformed random forest classifier in terms of overall classification
accuracy and calculation speed, and the ratio of 1:200 between the number of urban change pixel
and the number of no-change pixel produced the best result. This ANN model was considered as
the optimal classification model and was then used for the urban change detection in 2017. Table
1 shows the confusion matrix for the validation result. The omission error for the detection of
urban change pixel is around 17% while the commission error is 64%. The high commission
error for detecting urban change pixels indicates that a large portion of no-change pixels (based
on NLCD) were classified incorrectly as urban change pixels. Detailed analysis on the NDVI
time series data of these misclassified pixels showed that they actually match the general pattern
of those urban change pixels (showing a dramatic drop of NDVI value in the final years). This
may indicate that these no-change pixels are actually mislabeled in the reference data, and the
high commission error is because of the inaccuracy of the referenc