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Abstract
Urban evapotranspiration is a complex physical process. It depends on various critical
drivers, including the land surface temperature (LST), surface albedo, landscape types, and
building orientations. All of these factors create difficulties in the estimation of
evapotranspiration (ET) by changing the microclimate conditions. The literature has
oversimplified microclimate conditions by considering temperature difference as the only
variable defining climate. The physical process depends on land-use changes, building
proximities, and landscape types. This study devised three objectives to understand the
microclimate effects on ET.
In the first objective, land-use change effects on LST, surface albedo, and ET were
analyzed over a period of twenty-seven years in the Las Vegas Valley. The analysis
employed trends and shifts using Mann Kendal's test and Pettit's test, respectively. Land use
encompassed four prominent urban surfaces, including residential, commercial, asphalt, and
turf grass surfaces. The commercial and asphalt surfaces proved to be the main contributors
to increased LST and decreased surface albedo. However, the increase in LST was lower than
the rural surface increase, illustrating overall cooling in the summertime due to development.
The removal of turf grass over the study period showed a significant increase in LST, while
turf grass development showed an overall increase in ET. This study can help water managers
and urban planners to understand the role of land-use change in irrigation water demand and
urban thermal comfort. This study has been submitted to the Urban Climate Journal.
The second objective was devised to understand the surface energy budget due to the
presence and proximity of buildings. The study analyzed net radiation and soil heat flux, as
well as the surface temperatures of canyons, rooftops, and turf grass, to understand day-time
and nighttime warming. A 68 sq. km parcel in Phoenix, AZ was studied for the analysis. The
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findings suggest that canyons' land surface temperatures (LST) were lower than rooftop
surfaces, while turf grass surfaces were cooler than canyon surfaces. Moreover, north and
south (N-S) oriented canyons were cooler than east and west (E-W) oriented canyons. No
significant changes were observed in the net radiation for rooftop, turf grass, and canyon
surfaces. However, the soil heat flux, warranting nighttime warming, showed higher
absorption on rooftop surfaces than in canyons. The turf grass reported nighttime cooling, as
the heat absorption was lower than the rooftop surfaces and the canyons. Additionally, a
significant difference in heat absorption was observed between N-S oriented canyons and EW oriented canyons. The study concluded that canyons and their orientations are major
causes of daytime cooling and nighttime warming. For Phoenix, the N-S oriented streets are
cooler than the E-W oriented streets. This study recommends studying canyons' local
municipalities, and developing a master plan for cities' construction accordingly. This study
has been submitted to the International Journal of Remote Sensing.
The third objective investigated the microclimate effects and irrigation water
requirements of three landscape types in an arid region of Phoenix, AZ. The microclimate
effect encompassed surface temperature, air temperature, and wind speed. The three
landscapes include mesic, oasis, and xeric. The simulation was conducted using ENVI-met
software for the hottest day of the year (23rd June 2011). The simulated model was validated
using ground data. The results showed that the mesic landscape induced cooling effects, both
in the day-time and nighttime, by reducing the surface temperature, air temperature, and wind
speed. However, the mesic landscape showed high-water consumption because of high leaf
area density. The oasis landscape showed more day-time cooling than the mesic landscape,
but the nighttime warming was like a xeric landscape. However, the potential irrigation water
requirement was lower than the mesic landscape. Moreover, the surfaces between buildings
showed varying microclimate conditions. In the case of mesic landscape, the surfaces showed
iv

high wind speeds and higher temperatures. The xeric landscape showed lower wind speeds
and air temperatures between the buildings. Overall, the oasis landscape proved to be the
most efficient of the three landscapes for water consumption and day-time cooling. This
study will be submitted to the Journal of Advances in Modeling Earth Systems (JAMES),
AGU.
To sum up, both surface properties (land use) and orientation (canyons) affect the
surface energy budget. Landscape type also contributes to air temperature and surface
temperature changes, while air temperature changes related to wind speed. Changes in the
surface energy budget affect ET rates in arid regions (Las Vegas Valley and Phoenix).
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Chapter 1. Introduction
1.1.

Background

In standard dictionaries, the word Urban is defined as “relating, characterizing, or forming a
city, parcel …or part of such,” with a city being explained as a cluster of dwellings or
buildings interwoven by roads and fashioned with vegetated surfaces. The definition of rural,
in contrast, pertains to the pastoral area far from the cities and with fewer buildings. While
definitions of urban and rural are seemingly inch-perfect, their descriptions are vague in
scientific analysis. For instance, micrometeorological scientists address urban as an area with
a combination of surfaces: the metropolitan parcel of Los Angeles, USA (Vahmani & Hogue,
2013; Vahmani & Jones, 2017); the asymmetric and overhanging facades and hedged in
streets of Ghardaia, Algeria (Ali-Toudert & Mayer, 2006); the dense city center of London,
UK (Kotthaus & Grimmond, 2014); the gardens and parks in Adelaide, Australia (Nouri,
2014); the lawns and backyard gardens of Tel Aviv-Yafo, Israel (Shashua-Bar & Hoffman,
2002); the shaded lawns and rooftops of Salt Lake City, USA (Litvak & Pataki, 2016); and
the wide and narrow streets of New York City, USA (Small, 2001). Almost anything present
in the cities is classified as urban.
There being no objective meaning connected with the word urban is perhaps why it
lacks climatological relevance (Stewart & Oke, 2012). It was not until its connection with the
landscape that the urban phenomena became pronounced (Yan et al., 2014). In literature,
urban landscapes are defined as the combination of environment and human phenomena in
coexistence (Kjelgren et al., 2000). The cohabitation of the environment and humans is what
creates diverse and complex phenomena.
The complexity of urban landscapes stems from the incident radiation (Frietze et al.,
2018; Grimmond, 2006; Oke, 1981). Think of the behavior of incident radiation over the
1

urban landscape as light over a kaleidoscope. Like the mirrors in a kaleidoscope, urban
landscapes are surfaces that transmit, emit, and absorb radiation based on their geometry and
material properties (Oke, 1988). A single ray of sunlight exposed to a cluster of buildings
jumps from one surface to the next as shown in Figure 1-1. The solar radiation absorbs as soil
heat flux in the surfaces. The emittance and reflectance is accounted as sensible heat flux and
surface albedo. The residual energy after absorption and reflection used for vapor phase
change is known as latent heat of evaporation. Based on the specific heat capacity of the
material, the surface absorbs, radiates, and/or emits the energy, causing surface and air
temperature changes (Arnfield, 2003).
The phenomena is further complicated with the presence of wind speed and
anthropogenic activities (Chen et al., 2011; Taha, 1997). Increased wind speeds between
buildings reduces air temperature, while anthropogenic activities like increased population,
deforestation, and transportation complicate the radiation behavior of urban landscapes.
Literature has labeled the interaction of an urban landscape with incident radiation as
a microclimate (Shashua-Bar et al., 2010). The behavior of incident radiation changes with
the transition of barren lands to urban surfaces (Oke, 1988). The diversity of urban surfaces
including the size, shape, arrangement, and composition of the surfaces causes heat trapping,
and therefore, increased long wave radiation (Toudert and Mayer, 2006). Consequently, the
temperatures of urban surfaces are, in general, relatively higher than barren surfaces
(Stephen, 2018). This process is known as the microclimate effect and affects the irrigation
water requirements in urban areas. Figure 1-2 illustrates the microclimate effects as a
function of geometry and surface properties.
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Figure 1-1 Evapotranspiration and Radiative Transfer in an Urban Patch

Figure 1-2 Microclimate Effects in an Urban Patch
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Recent studies have reported the microclimate effect to be crucial in estimating urban
irrigation water requirements. Litvak and Pataki (2016) reported between 40% and 70%
under irrigation in the metropolitan area of Los Angeles from not considering the
microclimate effects. Similarly, Nouri et al. (2013) reported 7% under irrigation in Adelaide,
Australia. Snyder et al. (2015) reported a 10% under estimation of evapotranspiration (ET) in
six different residential lawns in Davis, California, leading to over irrigation by not
considering the microclimate. While these studies highlight the importance of the
microclimate in urban irrigation models, they lack in reporting the key drivers of the
microclimate effects in different urban landscapes, which are responsible for the changes in
potential irrigation water requirements. This realization has led to the motivation for this
study.
Few studies have incorporated microclimate effects in an irrigation model. These
studies have mostly utilized remote sensing datasets to quantify the spatial heterogeneity of
the surfaces. Farag et al., (2011) used airborne multispectral images to estimate the irrigation
water requirements of two cities, Layton and West Jordan, Utah. The study reported that the
irrigation water requirement is correlated to the proximity of buildings and their shades.
Nouri et al (2013) compared three different approaches of irrigation estimation and reported
the remote sensing based approach as a potential candidate for accurate urban irrigation
estimation. Additionally, the study reported the under estimation of ET due to the absence of
seasonal fluctuations in microclimate effects. In a similar way, Snyder et al (2015) used
worldview multispectral remote sensing datasets to estimate irrigation water requirements
and reported 50% over irrigation with traditional methods of ET estimation. All of these
studies have estimated the irrigation water requirement as a function of evapotranspiration
(ET). ET has been estimated using two approaches including the landscape coefficient and
surface energy balance approaches. The landscape coefficient approach estimates the ET as a
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function of reference evapotranspiration and three adjustment factors, accounting for
microclimate, vegetation density, and species diversity. The surface energy balance approach
estimates ET as the latent heat of vegetation surfaces. Both approaches address the
microclimate effects. However, the approaches stint the definition of microclimate to the
proximity of buildings within the landscape, which is only one dimension of microclimate.
Other dimensions include the morphology of surface and choice of landscapes, as well as
socio-economic factors including the homeowners’ income, preference, and awareness of
landscapes.
This study aims to better understand the microclimate effects of urban features in
order to improve on current irrigation models using remote sensing datasets. While there are
countless features making urban landscapes, the study is limited to understanding the thermal
effects of a few prominent urban surfaces, including residential, commercial, asphalt, and
vegetated surfaces. The author also considered street canyons, as a result of a cluster of
buildings, in the analysis. The landscape types include xeric (shrubs and native species) and
mesic (tree-turf landscape). The remote sensing datasets, along with a surface energy budget
algorithm and numerical modeling approach were considered to understand the microclimate
effects. The main approach and the objectives are reported in Section 1.3.
1.2. Description of Problem
Evapotranspiration is a complex physical process which dependent on the climate of the
region and leaf area of the plant. The process becomes more complicated in urban areas
because of microclimate effects induced by various buildings and pavements. The urban
microclimate effects vary for range of reasons including the development of rural to urban
surfaces, orientation and geometry of buildings creating street canyons, the landscape type
and the homeowner’s choice of landscape and awareness. The current status quo of urban ET
neglects these effects. Consequently, recent research by Litvak et al, (2017), Litvak et al,
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(2014), and Litvak et al, (2012) have reported an overestimate of 40%-50% ET rates in
urban vegetated landscapes.
In the light of recent findings, this study aims to address three glaring problems. The first
problem is the intertwining response of land use change on temperature and
evapotranspiration rates. The second problem is the changes in surface energy budget
because of presence and proximity of the buildings. The third problem is the microclimate
effects of the landscape type on ET rates.
In arid regions, surface partitioning governed by urbanization changes ET rates and
temperatures, which contributes to outdoor water demand. Urban surfaces, having inherently
high radiation absorption capacity than rural surfaces, increase the surface temperature and
evaporative demand by increasing heat absorption capacity (Rizwan et al., 2008; Schwarz et
al., 2012; Taha, 1997). This further exacerbates in arid regions, with limited vegetation cover,
followed by hot and dry climate conditions, which contribute to increases in sensible heat
flux instead of latent heat (Templeton et al., 2018). Three parameters are of direct relevance
in determining the partitioning of surface energy fluxes, including surface albedo, land
surface temperature (LST), and ET rates (Middel et al., 2014; Oke, 1988; Oke et al., 2017).
Surface albedo estimates the solar energy absorbed. Typically, the albedo of a city is lower
than rural areas because of low reflective building materials. Land surface temperature
defines urban thermal comforts in a city, especially in the summertime (Akbari, 2002). ET
rates fluctuate because of turf grass removal, temperature change, and surface albedo (Litvak
and Pataki, 2016). Consequently, all these parameters play key roles in determining present
and future irrigation water requirements. To explicitly understand such effects in arid regions,
the first objective has been devised.
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Recent studies have reported 50% over irrigation because of not considering
microclimate effects in irrigation water requirements. The microclimate is one key driver in
the irrigation water requirements of landscapes, but it has not been analyzed in arid regions.
The microclimate changes with the presence and proximity of hardscapes, including
buildings, pavements, and roads. The literature has reported controversial findings for the
relationship between microclimate and irrigation water requirements. For example, Ferguson
(1987) reported that shade over a landscape for a significant amount of time reduces its
irrigation water requirement by 50%. However, recent studies by Shashua-Bar and Hoffman
(2002), (2003), and Shashua-Bar, Hoffman, and Tzamir (2006) reported that the presence of
buildings over shade increases the irrigation water requirement because of the thermal effects
of building surfaces, including walls and roofs. In addition, these effects have not been
explicitly addressed for arid regions.
The estimation approach of ET in urban areas is still in its infancy and requires further
development. The literature has highlighted the modeling limitations of surface energy
budgets, due to the spatial heterogeneity of surfaces. An overview of this research field was
provided by Arnfield (2003) in a review of the advances in modelling the energy and water
exchange processes, in terms of the scale and spatial heterogeneity of urban surfaces. Another
review paper by Grimmond et al. (2010) discussed 33 international urban land surface
schemes to model urban surface-atmosphere exchanges. The study concluded that models
that do not consider the urban morphology, especially vegetation, perform poorly for daytime
fluxes. In addition, the study concluded that the performance of modeling is dependent on
seven characteristics, including vegetation, morphology, orientations, reflection, albedo,
emissivity, anthropogenic heat flux, and net heat storage flux. A recent review paper by Saher
et al. (2020) suggested a computational fluid dynamics approach to estimate ET in urban
areas. Therefore, the third objective is devised to estimate the ET rates, along with the
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microclimate effects, for the three typical landscapes including mesic, oasis, and xeric
landscapes.
1.3. Research Objectives and Research Questions

The overarching goal of the study is to understand the effects of urban characteristics on
outdoor water consumption. In this research, outdoor water consumption is linked to the
potential irrigation water requirements of urban landscapes. It is hypothesized that urban
characteristics, including the presence of buildings and types of landscape, change the
potential irrigation water requirements in arid regions.

Three primary questions were addressed in this research, which are as follows:

I.

How does land use change affect the optical properties (albedo) and thermal
properties (surface temperature) of urban surfaces, and subsequently, impact the daily
evapotranspiration of urban vegetation in arid regions (Las Vegas valley, NV)?

II.

How do the orientation and proximity of urban canyons affect the surface
temperature, net radiation, and soil heat flux density in an arid environment (Phoenix,
AZ)?

III.

How does the landscape type (mesic, oasis, and xeric) affect the urban landscape
water consumption in arid regions (Phoenix, AZ)?

To answer the research questions, this study devised three objectives as listed below:
1. To determine the trends of surface albedo, LST, and ET due to land use change in
Las Vegas Valley, NV
2. To determine the day-time and night-time warming in terms of LST, net radiation,
and soil heat flux in North-South (N-S) and East-West (E-W) canyons, turf grass,
and rooftops of Phoenix, AZ
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3. To simulate the mesic, oasis, and xeric landscapes to determine the microclimate
effects and potential irrigation water requirements for the arid climate of Phoenix,
AZ
1.4. Research Approach
The overall approach of the study involves the utilization of remote sensing datasets and
numerical modeling to estimate the surface energy fluxes, including the net radiation, ground
heat flux, sensible heat flux, and latent heat of evaporation. These fluxes are estimated for
different urban surfaces by delineating small regions of interest and modeling the landscapes.
The variance analysis was carried out on regions to decide the size of ROI. The rest of this
section furthers the discussion by explaining the individual approach for each of the
objectives.
The first objective investigates the effect of urbanization on the surface energy budget.
Urbanization is quantified in terms of land-use change from barren to urban surfaces,
including residential, commercial, asphalt, and turfgrass between 1990 and 2017. To achieve
this objective, remote sensing data and well-established remote sensing algorithms are
utilized. The study was conducted in the summer months of June, July, and August. The
summer months were chosen, as the thermodynamic effects on the surface energy budget are
more prominent in the hot season. Additionally, the study employs a systematic validation
approach by comparing the ET model results with a MODIS-Landsat ET product. The
analysis is validated with observed data.
The second objective addresses the surface energy exchanges of canyons, turf grass,
and rooftop surfaces. To achieve this objective, the study employed fine resolution datasets,
including Operational Land Imager (OLI) derived datasets and LiDAR data, along with
remote sensing algorithms. The variables, including LST, Rn, and G, were computed using
OLI-derived datasets and algorithms provided by Allen et al. (2007). The algorithms were
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scripted in Matlab. The characterization of the surface was done using a well-known image
processing technique: ROI delineation. The study was conducted between the years between
2014 and 2018 for Phoenix, AZ.
In the third objective, the study investigates the microclimate effects and potential
irrigation water requirements of three landscapes in the arid climate of Phoenix. The
microclimate effects include the diurnal variations of air temperature, wind speed, and
surface temperature. The study employed three landscapes including mesic, oasis, and xeric.
The landscapes were surrounded by single story houses including shades within the
landscape. To simulate the ground conditions, the study employed an ENVI-met tool.
1.5. Research Contribution
This research contributes to numerous intellectual and broad contributions through the
literature review and the findings of three objectives. The contributions were focused on
considering the various surface features and their response to surface energy exchanges.
The first intellectual contribution involves identifying the key advancements,
limitations, and potential opportunities for the estimation of ET. Two approaches encompass
the ET estimation, including the landscape coefficient method and surface energy balance.
This study highlighted the advancements in both approaches in standardizing the calibration
factors and addressing the microclimate effects using various approaches. The study also
highlighted the limitations of the models in terms of limited spatial and temporal frequency
and oversimplification of advective effects. The study looked at multidisciplinary literature,
including plant science, building physics, computer science, and irrigation water
management, to devise the potential opportunities. A few of the opportunities were
considered in this study. These opportunities include the consideration of numerical models
like ENVI-met to understand the microclimate effects. The details are explained in Chapter 2.
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The second intellectual contribution involves an in-depth understanding of surface
energy exchanges due to individual land-use changes. The in-depth understanding was gained
by analyzing the trends of surface energy exchanges for twenty seven years. The surface
energy exchanges were addressed in surface temperature, surface albedo, net radiation, soil
heat flux density, and sky view factor. Also, the study developed time series frameworks
through trend analysis. The trends were developed for the surfaces transitioning from rural to
commercial, residential, asphalt, and turfgrass surfaces.
Another contribution was to introduce height dimension to surface energy analysis
using LiDAR. This was achieved by developing a LiDAR-OLI infused framework to
determine the relationship of sky view factor, surface albedo, and surface temperature. The
sky view factor relationship was developed to highlight building heights and orientation in
determining the surface energy exchanges. The surface albedo and surface relationships
showed the importance of the surface material in addressing the microclimate effects.
Additionally, the study also contributed in evaluating the surface characterization using sky
view factor.
The fourth contribution was the simulation and comparison of evapotranspiration and
evapotranspiration effects for the mesic, oasis, and xeric landscape. The study contributed in
understanding the microclimate effects of urban vegetation in arid neighborhoods. This
provided a simulated spatial and temporal model with surface energy fluxes at a 1-meter
resolution. The model provided the net radiation, soil heat flux, sensible heat flux, latent
vaporization, and ET every 20 minutes for 24 hours. It was modeled based on 26 species.
A broader contribution of the study is in improving the current state of ET modeling
in urban areas. This study highlights the importance of thermal effects based on surface
property and geometry and landscape type in estimating ET. The urban climate scientists can
build on the findings to improve the modeling approaches.

11

1.5. Structure of the Dissertation

The rest of the dissertation is organized into six chapters. Chapter 2 provides the status quo of
the evapotranspiration modeling approach, along with pertaining advancements and
limitations, as well as potential opportunities. Chapter 3 provides analysis regarding the
effects of development on surface temperature in an arid region, using surface albedo and
temperature as the measuring factors. Chapter 4 determines the effects of canyon, rooftop,
and turf grass surfaces in Phoenix, AZ. In Chapter 5, the microclimate conditions and
irrigation water requirement of the mesic, oasis, and xeric landscapes were analyzed. Chapter
6 states the conclusions and limitations of Chapters 2 through 5. Chapter 7 provides the
recommendation of the study. Chapter 8 lists the references used in the study.
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Chapter 2: Literature Review
Urban evapotranspiration of Green Spaces in Arid Regions through Two
Established Approaches: A Review of Key Drivers, Advancements,
Limitations, and Potential Opportunities

2.1. Introduction
Urban ET is linked with the water demand of green spaces surrounded by heterogeneous land
covers and is crucial to improving cities’ thermal comfort. Questions like how sensitive the
storm water modelling approach is to urban ET (Fletcher et al. 2013) and the effects of urban
design and planning on irrigation water demand of green spaces (Shashua-Bar et al. 2006)
have motivated many researchers to understand the physical processes of ET in urban areas.
Understanding ET’s physical process is stinted because of inherent complexities
related to types of landscapes and thermal effects. These two parameters are crucial in
differentiating the physical process of ET from urban to agricultural areas. In urban areas, the
land covers’ spatial variability induces the aberrant microclimate conditions, including
changes in surface heat flux and complex wind profiles, while various landscapes, including
xeric and mesic, create oasis-type advection (Pataki et al. 2011; Litvak et al. 2012; Nouri et
al. 2013; Nouri et al. 2015). All of these parameters create complexity in understanding and
modelling the urban ET process.
The lack of Urban ET estimation approaches furthers the gap between irrigation water
application and irrigation water demand by 30% and 40% (Litvak et al. 2017; Show et al.
2013). Researchers have highlighted a limited blue water supply as the main challenge for
maintaining green space all year round in arid and semi-arid regions. Consequently, recent
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studies have reported water scarcity within cities (Litvak et al. 2017; Nouri et al. 2013a),
leading to a trade-off between greener spaces and reduced blue water consumption in terms
of rebate programs (Brelsford & Abbott, 2018) and turfgrass removal (Hilaire et al. 2008),
along with the replacement of mesic landscapes with xeriscaping to reduce irrigation water
consumption (Mitchell, 2014). If ET estimation models could be improved in arid regions,
irrigation wastage could be reduced by a significant amount (Romero & Dukes, 2007).
Estimation of urban ET has been extensively done by climatologists, in terms of
partitioning between sensible and latent heat, while hydrologists are primarily reliant on
approximation approaches. The climatologists have explored the knowledge of urban ET in
terms of surface energy budgets in relation to urban morphology. This exploration has
highlighted the modelling limitations due to the spatial heterogeneity of the surfaces
(Arnfield, 2003; Grimmond et al. 2010). However, from a hydrological perspective,
researchers and water managers are still reliant on the approximation approach of ET, using
the techniques designed for rural areas. One of these well-known techniques is the crop
coefficient method, which has been used for decades (Fisher et al. 2011). The technique
estimates the reference ET of a hypothetical alfalfa grass and calibrates the crop’s water
requirement using a factor based on the plant’s growth stage. These techniques, considered as
the most accurate by various researchers (Nouri et al. 2013d, 2013e), were primarily designed
for agricultural fields. Therefore, their scope is limited to climate effects, soil characteristics,
and plant properties, and they are incapable of addressing landscapes’ and surfaces’ spatial
heterogeneity.
The urban ET techniques can be potentially classified in to two main approaches,
including surface energy budget and landscape coefficient. Recent review papers on the
estimation of ET in urban areas have highlighted two approaches as a way forward to
quantify ET in urban areas. A review paper by Nouri et al. (2013d) has concluded that the
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landscape coefficient method (LCM) is a potential technique to estimate urban ET, due to its
consideration of microclimates and mixed landscapes for irrigation water requirements.
Another review paper by Nouri et al. (2015) compared the different estimation
approaches of ET in an urban landscape, and highlighted the complexity of urban landscapes
due to spatially unique and discontinuous surfaces. The study concluded that remote sensingbased approaches were a way forward to estimate urban ET. This underlying principle is the
surface energy budget principle.
The two approaches have narrowed the gap between the estimation of urban ET from
climatological and hydrological perspectives by highlighting the urban surfaces’ and
landscapes’ spatial heterogeneity as a crucial parameter to estimate ET. The surface energy
budget has been used at a regional scale. Since urban green spaces are mostly at the
neighborhood scale, its suitability requires major advancements. Similarly, the LCM
proposes a theoretically sound method for ET estimation in urban areas. However, the
method lacks the standardized technique required to estimate the ET in urban areas, and its
state of the art needs further advancements. The authors speculate that this is one of the
reasons that only a few studies have considered the two approaches for ET estimation in
urban areas. In addition, based on the search criteria, no study has estimated ET in UGS using
a surface energy budget method. However, the SEB method has potential for various reasons
(discussed in section 2.4.2). Therefore, further research is required in order to test the
appropriateness of the aforementioned methods.
The advancements and potential opportunities for the two approaches have led to the
motivation of this study. The recent review papers have helped in exploring the estimation
approaches of ET. However, their underlying limitations, as well as their performance in
different urban settings, along with opportunities to improve the approaches, have not been
discussed by any review paper yet.
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Based on the recent review paper findings, this study extends exploring the two
recommended approaches in terms of their applicability, limitations, and potential
opportunities for urban ET. This review paper discusses the advancements, limitations, and
potential opportunities of the most practiced methods. These methods are classified into two
potential approaches to urban ET. The study is limited to irrigated UGS in arid regions
because both approaches have largely been applied to irrigated green spaces. In this review
paper, urban green spaces are limited to land covered with vegetated surfaces in urban areas.
The UGS include urban parks, playgrounds, golf courses, and residential lawns. The
underlying assumption for the methods is that all urban green spaces are well watered. The
LCM approach is designed and tested on the irrigated lawns (Elizaveta Litvak & Pataki,
2016). Most of the approaches discussed in this paper have been borrowed from the
agricultural field. Therefore, the paper addresses the potential approaches.
Additionally, the study highlights the key drivers of urban ET. The literature review
considered studies from 1993-2019 and evaluated four major scientific databases. The criteria
for advancement was based on modifications in the fundamental models for indirect ET
estimation. The limitations and opportunities are reported based on the results and
discussions of relevant papers.
2.2. Methodology
This section provides information about the search databases, subject areas, relevancy
criteria, and screening benchmarks, as well as the number of articles adopted in the study.
The literature search involved four databases, including Google Scholar, Scopus, Wiley
Online Library, and Web of Science. The search was conducted within the subject areas of
plant science, arid irrigation management, horticulture, landscape planning,
hydrometeorology, water engineering, urban water management, and urban hydrology. The
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literature review considered articles written in English. The relevancy of each article was
determined using three criteria:
1. The study must have used one or more irrigation technique in urban areas;
2. The study must have contributed to the theoretical development of urban
evapotranspiration approaches;
3. The study must have contributed to improving the estimation approach for the drivers
of urban evapotranspiration.
The screening criteria involve three stages: (i) title and abstract; (ii) contribution of the
study; and (iii) limitation and discussion. Overall, 210 papers were potentially relevant, to the
title and abstract screening process. The screening was continued using relevancy criteria two
and three. Fifty studies were irrelevant and/or redundant. The major irrelevancy was
associated with irrigation techniques. The techniques relevant to irrigation applications like
NDVI surplus (Johnson & Belitz, 2012) have been omitted for the assessment from this
study. This yielded 160 studies for full text review, out of which 105 met all three of the
study’s criteria. Four studies were excluded based on citation error and/or full text
availability.
Figure 2-1 presents the key terms discussed in the retrieved ET literature. The studies
with relevant literature ranged between 2008 and 2015. Each circle represents the key terms
of the literature. The sizes and colors of the circles represent the frequency and publication
years of the key terms. The lines connecting the circles represent the relationships between
the circles. Figure 2-1 shows that the most frequent literature terms are evapotranspiration,
model, approach, effects, and estimation; however the interconnection of these terms is weak.
Additionally, terms like an urban canyon, outdoor thermal comfort, private urban landscapes,
hyperspectral vegetation indices, and semi-arid environment are not well connected to
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evapotranspiration, model, and approach. Therefore, few studies have considered
microclimate effects for the estimation of urban ET. Based on the frequency and
interconnection of the terms, it is evident that the literature regarding evapotranspiration in
urban areas is limited.
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Figure 2-1 Key terms discussed in urban ET literature; the size of the circle shows the frequency of the term; lines between the terms show the
relationships between key terms; distance between the key terms shows the relatedness.
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Table 2-1 Comparisons of potential methods in urban ET modeling.
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A brief overview of the limitations, advancements, and opportunities of two approaches along with the key studies are presented in Table 2-1.
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Three sections encompass the remainder of the review paper. In section three, key drivers
of the urban ET process are explained. Section four describes the two approaches to estimate
urban ET in terms of theories, advancements, limitations, and potential opportunities. Section
five presents the conclusion of urban ET approaches.
2.3. Key Drivers of Urban Evapotranspiration of Urban Green Spaces
In general, ET accounts for the transfer of water vapor through plant stomata to the
atmosphere. The transfer of water from a plant’s stomata to the atmosphere requires a
certain amount of energy to break the bond between the water molecules. This energy is
dependent on the leaf area, green space type, vegetation density, and surrounding thermal
effects in terms of microclimate. Moreover, regardless of the energy, the region’s climate
plays a key role in the physical process of ET, since the water molecules originating
from green space may not enter the atmosphere because of high moisture saturation and
a low vapor pressure deficit (humidity), or in cases of no wind. All of these key drivers
are imperative in improving the performance of existing ET models, and are discussed in
the subsequent subsections.

2.3.1. Type and Size of Green Spaces effect on Urban ET
Leaf area and green space type are key contributors in the physical process of
transpiration. Green spaces with small crown cover reduce ET by 47% (Al-ajlouni and
Vanleeuwen, 2014); however, the rate is low in cases of agriculture (5%) (Nouri et al.
2019), as the type of landscape affects ET. Typically, xeriscape reduces ET by half
compared to turf-tree landscapes (here on addressed as mesic landscape). In the desert
environment of Las Vegas, Nevada, Sovocool (2005) reported that converting traditional
landscaping to xeriscaping could save up to 76% of irrigation water. In Florida, Haley et
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al. (2005) reported that the conversion of the mesic landscape to xeriscaping saved 39%
of irrigation water. In Phoenix, Arizona, Volo et al. (2015) determined the response of
seasonal irrigation and the ET of xeric and mesic landscapes, reporting that xeric
landscapes could withstand moisture deficiencies under small, frequent irrigation events,
resulting in reduced ET, which saved one-fifth of the annual irrigation. However, the
study noted that small amounts of water stress in plants induced high risks of plant
mortality; consequently, seasonal irrigation as a conservation strategy was ineffective in
mesic landscapes.
The sizes and shapes of green spaces play a key role in changing the surface
energy budget. Maimaitiyiming et al. (2014) reported a strong negative correlation
between the number of green spaces and LST in China’s oasis landscape. Another study
conducted in Phoenix, Arizona, reported a decrease in air temperature at a local scale by
1-2oC due to clustered green spaces, and a 0.5oC decrease in air temperature at a regional
scale because of dispersed green spaces (Zhang et al. 2017). Estoque et al. (2017)
highlighted the impact of green spaces’ sizes and shapes on land surface temperature
(LST) in Bangkok, Jakarta, and Manila. The study reported an overall negative
correlation between LST and green space density. Li et al. (2012) reported similar
negative trends in Beijing, China.

2.3.2. Microclimate and Climate effects on Urban ET
The microclimate surrounding urban green spaces is another major driver of ET, and is
related to the radiative shade of tree canopies, as well as street orientation, along with the
presence of hardscapes including buildings, pavements, and roads. All of these parameters
change the surface and air temperature of landscape, and hence, rates of ET (Qiu et al. 2017).
In general, plant stomata close at high land surface temperatures (LST); consequently,
transpiration rates decrease (Zou et al. 2019). In arid and semi-arid regions, air temperature
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and ET have a strong relationship, especially in the summer-season (Salvador et al. 2011).
The radiative shade induced by the tree canopy cover reduces ET by 40% (Litvak et al.
2014) by reducing walls’ surface temperatures (~9oC) and air temperature (~1oC) (Berry et al.
2013). In subtropical regions, the relationship weakens due to air advection (Lowry et al.
2011). Further, inland regions show a weak relationship between air temperature and ET
(Vahmani and Hogue 2015).
The ET process is sensitive to the orientation of streets and the aspect ratio of
surrounding buildings, since these change the surface and air temperatures of a city. In broad
streets, with aspect ratios of 0.5, surface temperature is negligible, while narrow streets, with
aspect ratios of 2 to 4, dramatically change surface temperature (Ali-Toudert & Mayer,
2006). In addition, subtropical latitudes, having wide streets with aspect ratios of 0.5, possess
high land surface temperatures. In summer, a N-S street orientation with a high aspect ratio
has a lower surface temperature than an E-W orientation. Similarly, a NE-SW or NW-SE
orientation with the same aspect ratio has relatively less surface temperature than a N-S street
orientation, due to the longer shade of walls. In the case of a hot, arid climate, a N-S street
orientation increases the land surface temperature, while E-W oriented street canyons have
negligible effects on surface temperature (Pearlmutter et al. 2007). Conversely, in arid
regions, N-S oriented streets reduce the surface temperature, while E-W street canyons
increase surface temperature (Ali-Toudert, and Mayer, 2006; Shishegar, 2013).
The thermal emissions of hardscape materials largely govern the partition of latent
and sensible heat flux. Hardscapes increase the longwave emissions of an urban area, which
increases the surface temperature, causing an increase in ET. This effect is essentially
opposite in arid and semi-arid regions, where urban surfaces reduce the temperature and
irrigation demand (Shashua-Bar and Hoffman 2002). Depending on building density, urban
areas create a cooling or heating effect to their surroundings. Buildings tend to trap heat; thus,
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they accumulate heat in the daytime and release it in the night-time. This process is known as
the heat island effect, and results in a dramatic fluctuation of surface and air temperature.
Since the temperature is directly linked with the vapor phase change, it changes the ET.
ET also depends on geographic location and prevailing climate conditions. Typically,
in mid- and high-latitude cities, ET rates are relatively high because of higher urban air
temperatures than rural areas (Taha, 1997). The relative humidity, solar radiation, wind
speed, and air temperature define the climate conditions. Typically, in arid and semi-arid
regions, ET is sensitive to humidity, as well as surface and air temperatures (Pouya Vahmani
& Jones, 2017). Huo et al. (2013) investigated the temporal variations of ET in arid northwest
China using 23 meteorological stations. The study reported a decreasing trend of ET (~3 mm
per year) due to the increasing trend of humidity and temperature. In tropical regions, ET is
sensitive to solar radiation. Qiu et al. (2017) investigated the characteristics of urban ET in
tropical regions and reported a strong correlation between humidity and ET.
2.4. Urban Evapotranspiration Approaches
The estimation of urban ET is categorized into the landscape coefficient and surface energy
balance approaches. The landscape coefficient approach accounts for microclimate and
mixed landscape, while the surface energy balance approach addresses the landscape and
surface spatial heterogeneity. This section discusses the advancements, limitations, and
opportunities of the two approaches.
2.4.1. Landscape Coefficient Approach
The landscape coefficient approach involves reference ET adjusted according to landscape
water requirements, using a landscape coefficient. This approach is different than traditional
ET approaches since it captures the spatial heterogeneity of urban land covers by quantifying
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the effects of microclimate, and considers the impacts of a mixed landscape by quantifying
the canopy cover and species.
Costello and Romero (1998) introduced the landscape coefficient method (LCM) to
determine irrigation water, based on the microclimate of the surroundings, percentage of
canopy cover, and water requirement of the species. The landscape coefficient (KL) involves
three factors, including microclimate, plant density, and species. These factors are further
classified into three categories (high, medium, and low water requirement), and range
between 0 -1 based on the surface conditions. The numeric values are assigned based on the
proximity of a landscape to hardscapes (i.e., buildings, pavements, and roads), percentage of
canopy cover of the landscape, and type of species in the landscape. The microclimate factor
(Kmc) considers the proximity of hardscapes to the landscape, and assigns them accordingly.
The plant density factor weighs the canopy cover of the landscape to assign the numeric
values. The species factor depends on the water requirements of the species in the landscape.
LCM was introduced to devise an irrigation schedule for an urban landscape. Since then,
applications of LCM have expanded from determining the seasonal plant water demand of
turf grass (Lewis et al. 2014) and drought-tolerant species (Al-kofahi et al. 2012), to devising
a water budget calculator (Haley et al. 2007).
LCM’s main challenge is the subjective selection of numerical values for the
landscape coefficient, causing both over-irrigation and under-estimation of ET. Nouri et al.
(2013c) has reported 26% under-estimation in a mixed landscape in an urban park of
Adelaide, Australia. Litvak and Pataki (2016) have reported 67% over-estimation because of
the expert-based selection criteria of KL. Snyder et al. (2015) employed LIMP and LCM to
demonstrate the importance of a site-specific microclimate coefficient in a semi-arid region
and reported 46% under-irrigation due to incorrect estimation Kmc using LCM.
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2.4.1.1. Advancements
The literature shows two pathways in the theoretical development of LCM. The first includes
devising a scientific approach for the microclimate and plant density factor; the second
includes using sophisticated algorithms, coupled with remote sensing datasets. Advancements
in these areas have been recent (between 2003 and 2017), led by Hof and Wolf (2014), Nouri
et al. (2015), Nouri et al. (2013b), Nouri at al. (2013c), Snyder and Eching (2003), Snyder et
al. (2015), and Štrbac at al. (2017). The studies have contributed to devising a scientific
approach to quantifying landscape factors and improving spectral classification, using
different algorithms to estimate the plant density factor.
The landscape irrigation-water management program (LIMP) has been the major
advancement to devise a scientific approach for LCM, to remove the subjectivity. LIMP has
improved LCM’s performance by introducing specific mean ratios of ET in different
scenarios for landscape coefficients, including microclimate, plant density, and species
factors. It has also introduced a water stress management factor that compensates for ET
reductions due to water stress. The water stress management factor is an empirical
coefficient, and is the ratio between water-stressed to non-stressed vegetation. The approach
estimates the microclimate factor using the rate of local and regional reference ET. Plant
density is quantified as a fraction of the vegetation with less than 70% ground shading. The
species factor is quantified using the ET of water with more than 70% ground shade. LIMP is
a derivative of ECOWAT model, a modified agricultural crop coefficient method (Spano et
al. 2009). Shojaei et al. (2018) investigated LCM’s and LIMP’s utility in estimating
landscape water demand. The study reported that LIMP improved the estimation of irrigation
water requirements by 17%. However, both models’ performances were poor in cases of
mixed-species landscape, especially in the case of deciduous vegetation.
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Another major advancement involves the estimation of ET using remote sensing
datasets, along with spectral classification, in order to quantify mixed landscape and surface
characteristics. The studies employed different classification techniques to address the spatial
heterogeneity of mixed landscapes. The most adopted classification technique was objectoriented classification, used for different remote sensing datasets, including QuickBird
(Štrbac et al. 2017), Landsat (McPherson et al. 2008), and World-View 2 (Nouri et al.
2013a). Other classification techniques adopted were Support Vector Machine (SVM and
SMT), Decision Tree (DT), Bagging (BAG), and Random Forest (RF) (Wolf & Hof, 2012).

2.4.1.2. Limitations
LCM is limited in capturing the seasonal variation effect of ET in the landscape coefficient,
which causes fluctuation in irrigation water use. Typically, KL fluctuates from 0.5 to 0.7 in
arid regions, creating a 40-50% overestimation of irrigation water. Litvak and Pataki (2016)
reported the LCM technique’s inability to recognize the seasonal changes of urban
microclimatic conditions, which results in the over-irrigation of urban landscapes. In
addition, limited research is present related to quantifying the effects of
ET fluctuations in different climates.
LCM limits the understanding of the microclimate to the extent of shade, and the
underlying assumption is that the areas with more shade have relatively lower irrigation water
requirements (Kjelgren et al. 2016; Litvak et al. 2012; Pittenger, 2014; Pittenger & Henry,
2005). This assumption is supported by some well-established studies reporting a ~50%
reduction in irrigation demand if landscapes are under buildings with high aspect ratios, thus
having prolonged shade and low surface heat (Ferguson 1987). However, recent studies have
questioned this assumption by highlighting the ineffectiveness of aspect ratio on the
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irradiance at a canyon top, which is responsible for surface (wall and ground) heating
(Shashua-Bar et al. 2011; Shahrestani et al. 2015; Shashua-Bar & Hoffman, 2003).

2.4.1.3. Opportunities
Based on the above-mentioned limitations, the authors believe that the inclusion of aspect
ratio effects, in terms of shade dynamics, can provide an opportunity to improve the
performance of LCM. Most of the studies have quantified aspect ratio using Sky View Factor
(SVF), representing the fraction of an area within shade throughout the day. This factor has
been a representation of shade dynamics. It has shown a high correlation (R2=0.5-0.60)
between the night-time surface temperature and SVF of well-defined land use, including
urban dense, multi-family, and single houses (Svensson, 2004). A high SVF (0.4-0.8), with a
landscape in closer proximity to road pavements, reduces the LST by 10oC in the morning
and 13oC in the afternoon (Tan et al. 2016), while an area completely covered with trees,
having an SVF of 0.1, reduces the temperature by 27oC. An area with same number of trees,
but with an SVF between 0.1 and 0.4, reduces LST by 15oC in the afternoon and 5oC in the
evening. However, de Morais et al. (2018) reported a contradictory finding, highlighting an
increase in daytime temperature by 1oC, due to high urban density and SVF <0.4.
Another opportunity to improve the LCM approach involves utilizing well-established
urban climate models to remove LCM’s subjectivity. One such tool is an ENVI-met model,
which investigates the effects of buildings and street orientations on microclimates. ENVImet is used to model the building-air-vegetation relationships within urban areas, with spatial
resolutions of 0.5 to 10 meters in space, and time steps of 10 seconds. The tool is employed
in various fields, including urban climatology (Huttner et al. 2009), architecture
(Spangenberg et al. 2008), building design (Gusson & Duarte, 2016), and energetic (Berardi,
2016) and environmental planning (Razzaghmanesh et al. 2016). It considers the heat flux
around and between buildings, heat exchange in walls and soil, and atmospheric turbulence
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within streets and buildings. The program’s prognostic variables are the wind speed and
direction, humidity, air temperature, turbulence, radiative fluxes, and bioclimatology and
particle dispersion.
There was no literature found that investigated the effects of microclimate on ET
using ENVI-met. The authors propose that incorporation of ENVI-met in LCM will
standardize the calibration factors, and help address the approach’s limitations. Until now, the
LCM approach has only been based on a surface model, and has not included buildings’
thermal effects. In addition, the strategy of incorporating the ENVI-met model with LCM has
the potential to quantify the spatial heterogeneity of surfaces on a fine scale. Recent review
papers by Nouri et al. (2013d) and Nouri et al. (2015) have stated that spatial heterogeneity is
the main hurdle in quantifying the ET in urban regions. Spatial heterogeneity is quantified in
different disciplines by studying the urban forms that describe the urban canopy parameters
(UCP). The simplest UCP is SVF, which captures the three-dimensional form. The limitation
of SVF is to scale-up from mesoscale to global coverage. A few studies have addressed the
limitation by introducing a Big-Data approach (Middel et al. 2018); however, more work is
required. Regardless of the limitations, SVF can be a candidate in addressing the spatial
heterogeneity of urban ET.
2.4.2. Surface Energy Balance Approach
The surface energy balance (SEB) approach estimates ET from three fluxes, i.e., net
radiation, soil heat, and sensible heat. SEB algorithms have been widely adopted in
agricultural fields (Allen et al. 2011; Bastiaanssen et al. 2012 ), and have been applied to
various crops ( Allen et al. 2007). The studies have shown satisfactory algorithm performance
for the ET of a complete growing season, using at least one image per month, i.e.  5%
errors when validated with traditional techniques. However, in urban areas, these algorithms
perform poorly, mainly because of building heat fluxes, as well as discontinuous surfaces
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surrounded by landscapes, creating biases (~5%) (Cuenca, 2009). Recent studies have tried to
improve performance in urban areas by incorporating anthropogenic heat (Sun et al. 2017)
and diurnal advection effects (Kim & Hogue, 2008), which improved the performance of
models by 13%.
Although SEB has been extensively used in the agricultural field, its implications in
urban areas have been untapped. However, its ability to estimate potential ET for a wide
range of species makes it a candidate for urban ET modelling. Urban green spaces include a
range of species, having different transpiration values. The SEB approach, along with remote
sensing datasets, can capture the physiological phenomena of different plants using the leaf
area index, soil-adjusted vegetation index, and normalized difference vegetation index.
Moreover, the ability of remote sensing datasets to separate different mixed species,
including object-oriented classification, support vector machine, and random forest
classifications gives SEB and advantage over the traditional landscape coefficient techniques.
The SEB approach’s main challenges include the subjectivity in determining the
temperature gradient, infrequent remote sensing coverage over the study period, and inability
to quantify the spatial variability of atmospheric advection. Typically an error of 1oC in a
temperature gradient, due to subjective selection of extreme pixels, creates between 8 and 87
W/m2 error in latent heat rates (Norman et al. 1995). The trade-offs between sensor designs
are the causes of the infrequent availability of remote sensing datasets. Typically, sensors
with high spatial resolutions are handicapped with temporal frequency. An extensively used
input is Landsat, a polar satellite with 30-meters of multi-spectral resolution, along with a
185 km swath width, with the temporal frequency of an image per 16 days, per sensor. The
presence of cloud cover within the scenes further limits the temporal frequency. The spatial
variability of atmospheric advection is critical to understanding land surface parameters’
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response to atmosphere; however, this attribute has been ignored for decades, having only
gained attention recently (Courault et al. 2005).

2.4.2.1. Advancements
The SEB approach’s advancements include improvement in the spatial variability of the
atmospheric parameters and temporal frequency of datasets. The former is governed by the
improvement of selection criteria for wet and dry pixels, and incorporating the scheme to
capture the spatial variability of wind speed and meteorological variables; the latter involves
the inception of a MODIS-Landsat fused algorithm to improve the temporal frequency.
For decades, the infrequent coverage of images has limited the application of the SEB
approach (Kim & Hogue, 2008). Consequently, recent studies have focused on improving the
temporal frequency of remote sensing datasets. Kim and Hogue (2012) devised an algorithm
to improve the temporal frequency by generating the datasets at every 8 days, instead of 15
days, using Landsat and MODIS sensors. Landsat has an advantage of yielding highresolution images, while MODIS gives a better representation of temporal variability. The
study merged two datasets using the subtraction method and predicted an image for a future
date, improving the mean absolute error of ET by 5oC at heterogeneous sites, relative to
original satellite products. Hazaymeh and Hassan (2015) developed a spatiotemporal image
fusion model (STI-FM) to enhance Landsat-8 TIR images’ temporal resolutions. The study
fused both LST and MODIS thermal bands, and found high correlations (r2 =0.93-0.94)
between two consecutive MODIS LST images. Both studies reported satisfactory
relationships between fused datasets and ground-based data, except in monsoon seasons.
Internal calibration of the algorithms has been one of the major advancements in
addressing the SEB approach’s uncertainties. The first algorithm was devised by
Bastiaanssen et al. (1998) using remote sensing datasets, and is called the surface energy
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balance algorithm (SEBAL). The key aspect of SEBAL is the model’s parameterization using
the subjective selection of wet and dry pixels within the scene. The procedure calculates the
surface fluxes at two extreme conditions, i.e., dry and wet. The dry condition is represented
by selecting a pixel with no ET, and the wet condition is simulated by selecting a pixel with
maximum ET. The procedure for extreme pixel selection is subjective.
To address the problem, Allen et al. (2007) introduced a modified version of SEBAL,
namely the mapping of evapotranspiration using internal calibration (METRIC). The daily
surface soil water balance is used to determine the sensible heat flux density and ET in
extreme conditions. Typically, for wet pixel selection, sensible heat flux and ET are taken
from agricultural fields, while dry pixels are selected from a barren surface. Both wet and dry
pixels are calibrated using the reference ET and surface soil water balance, respectively
(Allen et al. 1998).
The introduction of the spatial variability of atmospheric advection in the existing
SEB algorithm is another significant advancement. Land surface parameters’ response to
atmospheric advection is improved by introducing wind run and aerodynamic resistance to
the existing algorithm. SEBAL estimates the ET by extrapolating the evaporative fraction as
a function of radiative fluxes. Consequently, several biases were reported in the literature
(Allen et al. 2007; Bastiaanssen et al. 1998); the primary concern was reliance only on the
temperature relationship. METRIC addressed this limitation by introducing wind run and
aerodynamic resistance through the extrapolation of reference ET.

2.4.2.2. Limitations
The main limitation regarding the SEB approach, in terms of application in urban areas, is the
scale. The SEB approach has been devised at a regional scale, whereas urban green space
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ranges between field and local scales. The feasibility of the method has not been tested in
urban green spaces.
The METRIC algorithm is limited in incorporating the spatial variations of the
temperature gradient to ET (Tasumi et al. 2005b). The primary reason is the algorithm’s
inability to consider the spatial variability of wind speeds. Elhaddad and Garcia (2008)
accounted for spatial variability in weather parameters by developing a scheme to incorporate
various climate stations. The model is known as the Remote Sensing of Evapotranspiration
(ReSET), and its underlying principle is based on SEBAL. ReSET generates a grid surface to
introduce the spatial variability of weather conditions over a targeted area. The model has
reduced errors by 20%. ReSET considers a single weather station for internal calibration,
which assumes only one wind run in the targeted area. Wind run is used to estimate the
aerodynamic resistance to heat transport. Considering that the wind run is constant, the
spatial variability in aerodynamic heat resistance is impossible.
In a later study by Elhaddad (2011), a raster approach of ReSET was devised to
incorporate the spatial variability of heat transport. The model was known as ReSET-Raster.
To address the problem, ReSET-Raster generated a raster grid of reference ET. For internal
calibration, two pixels were selected to approximate the temperature gradient using the Raster
approach. The reference ET was estimated to calibrate the model. This practice reduced the
ET biases between two climate stations from 13% to 0.7%. The ReSET-raster model was
computationally cumbersome; therefore, Ouyang et al. (2009) developed a simple ReSET
model (Sim-ReSET). The model performed well in an arid region with an RMSE of 0.30
mm/day on cloudless days.
Literature reports the poor performance of SEB algorithms in urban areas because of
their inability to quantify the atmospheric effects of mixed landscapes surrounded by
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discontinuous urban surfaces (Cuenca, 2009). The SEB approach was created to monitor crop
yield; therefore, the algorithm relies on the physical process of one species.
All of the aforementioned methods use NDVI as an LAI estimator and for the
parameterization of LST, and radiative fluxes. NDVI is a key (and undisputed) indicator of
ET fluxes. However, the performance of NDVI as a leaf area index (LAI) estimator is highly
sensitive to soil background, and is a major factor in creating the uncertainties ( Huete, 1998;
2012). Broge and Leblanc, (2001) compared the prediction power of broadband and
hyperspectral vegetation indices (VI) for the green leaf area index (LAI) and chlorophyll
density. The study reported that for sparse vegetation cover, with an LAI less than or equal to
4, the performance of NDVI was good; however, for dense canopies, with an LAI greater
than 4, a second, modified soil area vegetated index (MSAVI2) showed better results as an
LAI estimator. Opportunities to improve the performance of vegetation indices for the SEB
approach exist in the literature regarding different principles and techniques to quantify LAI.

2.4.2.3. Opportunities
Three major opportunities exist to improve the performance of the SEB approach in urban
areas. The first opportunity includes the determination of mixed landscape, using a multidisciplinary LAI estimation approach. The second opportunity involves the coupling of urban
canopy models in existing SEB algorithms to address the spatial heterogeneity in terms of
discontinuous land covers. The third opportunity involves unmanned aerial vehicles’ (UAV)
high-resolution technology for ET estimation.
In the literature, mixed landscapes are quantified using transmission and reflection
incident light from plants. Both principles are used to estimate LAI. The transmission of light
involves gap fraction technique, hemispherical photography, and different threshold schemes.
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In contrast, reflection of incident light is quantified using vegetation indices captured from
the red and near-infrared NIR spectrum of remote sensing datasets (Weiss et al. 2004).
Gap fraction captures leaves using hemispherical photography and thresholds to
estimate the amount of foliage. The underlying assumption is that leaves absorb all of the
sunlight, and therefore, on the ground, shadows can be observed. It is dependent on the angle
of view and the orientation of leaves. SVF is used to capture the extent of the shadows on the
ground, which depend on the position of the leaves; if all of the leaves in the canopy are
vertical, then SVF and gap fraction are low, and the LAI is between 0-4 (Tan et al., 2016).
Conversely, if the leaves are horizontal, SVF is high, and therefore, LAI ranges from 6 to 7.
This makes the gap fraction an essential tool to quantify the canopy architecture. The
photographs are taken with a 10o equidistant projection lens beneath the canopy. This
technique is most effective in cases of high contrast between the leaves and sky. A variety of
software is commercially available to measure the LAI using the gap fraction, including
Demon, TRAC, ceptometers, SUNSCA, AccuPAR, and LAI-2000 (Kobayashi et al. 2013;
Nouri et al. 2013b; Welles and Cohen, 1996).
The reflection of incident light from the plant canopy is another approach to quantify
LAI. The variables used to estimate LAI are known as vegetation indices, and are broadly
classified into two categories. The first category involves broadband indices; the second
category involves the hyperspectral indices. Broadband indices are retrieved from
multispectral satellite images. The most-addressed indices include the simple ratio (SR),
enhanced vegetation index (EVI), and carotenoid reflectance index (CRI) (Nagler et al.
2013). The second category involves the hyperspectral vegetation indices, including the
chlorophyll index (CI), red-edge chlorophyll index (CIred), structure insensitive pigment
index (SIPI), and photochemical reflective index (PRI) (Haboudane et al. 2004; le Maire et
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al. 2008; Goerner et al. 2009). PRI is useful to determine the diurnal changes in plants due to
shade and irrigation changes (Chianucci & Cutini, 2013).
The measurement of plant-water-stress has had little evaluation, since the
measurement of PRI over the long-term is relatively difficult. Studies have found that a plant
is sensitive to PRI over a prolonged period of time, as well as the carotenoid to chlorophyll
ratio, an index to represent plant stress (Gilardelli et al. 2018). It has not been clarified yet as
to whether the PRI is responding to total chlorophyll or just the xanthophyll cycle; further
research might answer that question. The relationship between LUE (fluorescence) and PRI,
regardless of the time series, has been found to vary among species. However, there is a
strong correlation between PRI and the carotenoid to chlorophyll ratio. Numerous studies
have combined NDVI and PRI to estimate photosynthesis in non-destructive ways ( Rahman
et al. 2004). The most basic model used is the Montieth Light Use Efficiency Model
(Equation 1):
 ܲܲܩൌ ܲ ܴܣൈ ݂ܲ ܴܣൈ ܧܷܮ

(1)

where GPP is the gross primary productivity, PAR is the photosynthetically active radiation,
fPAR is the fraction of PAR absorbed, and LUE is the light use efficiency. This simple model
led to the spectral Montieth light use efficiency model, which replaced fPAR with NDVI, and
LUE with PRI, with an R2 of 0.88 (Hilker et al. 2008). Consequently, the spatial
heterogeneity of urban canopy modeling was captured.
Another significant opportunity is the coupling of UCM with SEB algorithms. The
SEB algorithms work on a regional scale. Additionally, the algorithms only consider the
atmospheric condition at 2 m height. The underlying assumption is that the surface is covered
with grass, limiting the application of algorithms to agricultural areas only. However, the
algorithm can be expanded by incorporating the UCM, which estimates the energy and
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momentum exchange within an urban surface and atmosphere. UCM models can be classified
into two basic models: the first model is the Single-Layer Urban Canopy Model (SLUCM)
(Chen et al. 2011; Kusaka and Kumara, 2004); the second model is the Multi-layer urban
canopy model (Martilli et al. 2002).
Both models consider the energy and momentum exchange within an urban surface
and atmosphere, the three-dimensional nature of the surfaces, and the trapping of radiation
from buildings and pavements, as well as shadows and reflections. The models work on the
assumption that infinitely long urban street canyons represent the urban geometry, and then
estimate the surface temperatures of roof, wall, and road from the SEB (Equation 2), as well
as the individual fluxes from various surfaces:
ܴǡ ൌ ሺ ܪ  ܧܮ ܩሻ

(2)

where Rn is the net radiation, H is the sensible heat flux density, G is the soil heat flux
density, and LE is the latent heat fluxes from the surface and heat flux into the ground. The
subscript i indicates the type of surface, including roof, wall, or road. Surface sensible heat
flux is estimated through the Monin-Obhukov Similarity Theory (MOST) and the Jurges
formula. Net radiation is estimated from the radiation budget, involving shortwave and
longwave radiation. Finally, the latent heat flux density is estimated from a single-layer
vegetation model. The only difference between the models is that the Multi-layer Urban
Canopy Model, also known as Building Effect Parameterization (BEP), takes into account the
horizontal (including walls) and vertical (like streets and roofs) effects on drag force
approach, turbulent kinetic energy, and potential temperature, while SLUCM only considers
the vertical effects of drag force approach. BEP recognizes the thermodynamic effects of
vertically distributed sources and building heat sinks, as well as their crucial effects on the
urban roughness sub-layer, which ultimately affect the lower part of the urban canopy layer.
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UCMs have recently gained attention in urban irrigation estimation by coupling UCM
models with weather research and forecasting (WRF) to understand the atmospheric
boundary layer process and urban climate changes. The WRF model is a mesoscale weather
simulation system, which is broadly used for atmospheric research and operational weather
prediction. UCM has been coupled with different land surface models (LSM) and
atmospheric models to develop a numerical model, quantifying the surface heat. The
atmospheric model that is used most often is the weather research and forecast (WRF) model.
The integrated model is called the WRF/Urban model. Another central model in LSM that is
primarily used for coupling is Noah, which is based on a diurnally dependent penman
potential evaporation approach. It is used to estimate the surface fluxes and temperature for
vegetated urban areas, including surface sensible and latent heat fluxes, as well as surface
skin temperature. The outputs from Noah LSM and UCM are coupled through urban surface
fractions. The coupled model is known as Noah LSM-UCM. Vahmani and Jones (2017)
devised a novel irrigation module using Noah LSM and UCM in the metropolitan area of Los
Angeles, California, and reported a 55 to 95% increase in urban irrigation water demand. The
study’s only limitation was the utilization of static data for the surface characteristics;
however, Vahmni (2015) addressed this limitation by utilizing remote sensing datasets to
ensure the spatial and temporal variability of surface characteristics.
Recent literature has highlighted that UAV-based technologies can help precision
irrigation using the crop water stress index (CSWI) principle. Unmanned aerial vehicles
(UAV) are a high-resolution technology that estimate the ET at high resolution. UAV
technology encompass the applications of thermal and multispectral UAV imagery to
estimate the stomatal conductance. Gaitani et al. (2017) analyzed the surface characteristics
of material and surface temperature distributions using airborne multispectral image sensors.
The resulting maps of albedo, temperature, and vegetation improved the SEB model by 10%.
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Vulova et al. (2019) conducted UAV-based urban ET estimates and compared them with
Penman-Monteith, eddy covariance, and sap flow. However, the project is ongoing;
therefore, the results are inconclusive. Montibeller (2017) integrated traditional and
unmanned aircraft systems to estimate the surface energy fluxes of corn and soybean fields
near Iowa. On-board multispectral and thermal cameras were used to collect imagery. The ET
was estimated using the SEBAL algorithm. The study reported a strong correlation (R2=0.80)
between observed and estimated ET.
Overall, the algorithms of SEB can quantify the spatial, as well as temporal,
variability of urban areas. However, the algorithms lack the ability to quantify urban land
covers’ thermal heat effects, including buildings, walls, and roofs. Moreover, the SEB
approach is designed to quantify species’ specific latent heat, which primarily makes the SEB
approach ineffective in urban areas. These limitations can be addressed by utilizing
hemispherical photography and various vegetation indices that effectively quantify LAI in a
variety of landscapes. Recent UAV-based ET estimation approaches also provide highresolution thermal images that can be utilized for surface energy budget algorithms. In
addition, these techniques are helpful in the micro-scale quantification of effects, like
hemispherical photography and coupled UCM. The authors believe that the coupling of
existing SEB algorithms with numerical models, and the incorporation of new vegetation
indices, can significantly improve the performance of the existing agricultural-based SEB
models.
2.5. Conclusions
In this paper, estimation approaches of urban ET have been reviewed in terms of
advancements, limitations, and potential opportunities for green spaces in arid regions over
17 years. Urban ET is a complex physical process that depends on various key drivers,
including air temperature, solar radiation, land cover types, building and street orientations,
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and radiative shade dynamics, along with landscape type, end-user aesthetical preference, and
landscape affordability.
Over the review period, advancements in the approaches include devising remotesensing algorithms for LC and SEB approaches, improving the frequency of remote sensing
datasets using MODIS-Landsat fused algorithms, introducing the spatial variability of
atmospheric advection, and standardizing the selection criteria of landscape factors and the
estimation of temperature gradients by using dry and wet pixels in SEB-algorithms.
Despite many advancements, existing models are still subjective, have a coarse scale,
and cannot detect mixed landscapes with unique irrigation requirements, which has created
over-irrigation. Besides, neither LCM nor SEB approaches can quantify the atmospheric and
thermal effects of urban surfaces around the landscape, i.e., buildings and pavements. The
existing techniques have over-simplified microclimate concepts by stating that areas under
shade have reduced air temperatures and urban ET. Inadequate schemes to quantify
microclimate have resulted in ET’s seasonal fluctuation (Litvak et al. 2017).
Opportunities like the coupling of urban canopy models to existing remote sensing
algorithms, using numerical modelling tools like ENVI-met, and adapting UAV-based
technologies for ET estimation have the potential to address the thermal effects of urban
surfaces. Hemispherical photography is another tool that can detect the sky view factor and
estimate the LAI of a landscape. Mixed landscapes can be detected using broad-band and
narrow-band VI, including PRI, SAVI, M-SAVI, and GPP.
In conclusion, existing models have the potential to improve the estimation of urban
ET. However, the status quo of existing model use primarily requires improvement in
addressing the urban surfaces’ thermal effects on the landscape and water requirements of
mixed landscapes.
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Chapter 3
Determining the Effects of Land Use Change on Surface Albedo, Land
Surface Temperature, and Evapotranspiration Rates
3.1. Introduction
The development of urban surfaces changes land surface temperatures (LST), albedo, and
evapotranspiration (ET) (Fisher et al., 2011; Kotthaus & Grimmond, 2014; Saher et al., 2019;
Upreti et al., 2017). This change is because of the surface incident radiation being affected by
the reflection and absorption properties of the surface. The albedo of a surface accounts for a
fraction of the incident radiation reflected, whereas LST is linked to the amount of incident
radiation absorbed by the surface. Together, these two factors affect the phase change of
water to vapor (evapotranspiration). Urban surfaces have a high tendency to absorb radiation,
and therefore, have low albedo. The absorbed radiation contributes to an increase in surface
temperature, which can increase the evaporative demand (Rizwan et al., 2008; Schwarz et al.,
2012; Taha, 1997). This process is more pronounced in arid regions, due to limited vegetation
cover, resulting in increased sensible heat, instead of latent heat (Templeton et al., 2018).
The questions of how development affects the surface energy budget, and what land
use types contribute to this effect, have remained understudied. There is a myriad of literature
highlighting the impacts of geometry and material properties on surface temperature and
evapotranspiration (Battista et al., 2016; Trlica et al., 2017; Vahmani & Hogue, 2014).
Vahmani and Jones, (2017) reported that by increasing the average albedo of a metropolitan
city, the LST and ET can be decreased by 1.0oC and 20%, respectively. Another study by
Yang and Li, (2015) investigated the impact of urban geometry on average urban albedo and
street surface temperature. The study reported that medium-density high rise buildings
contribute to street surface temperature by absorbing most of the solar radiation. These

studies highlight the impact of geometry and material properties on the surface temperature
and ET. These effects were determined on existing urban surfaces.
The spatial resolution of remote sensing datasets is a key factor in determining the
trends of surface albedo and LST over different land cover types. The spatial resolution
determines the number of available pure pixels of various classes in a remote sensing image.
Two image spatial resolutions including 30 m and 500 m have been widely adopted to
determine the trends. A recent study by Trlica et al., (2017) compared these two spatial
resolutions and reported no trends of albedo or LST in different land cover types. The
problem is the prevalence of mixed pixels in each class at lower resolutions. To address this
problem, this study has considered small polygons, having pure pixels of urban surfaces
throughout the Valley, at 30 m resolution. The pure pixels are used to extract the data points
for LST, albedo, and ET of the land use, including residential, commercial, asphalt, turf
grass, and barren surfaces.
This study determined the trends of surface albedo, LST, and ET due to land use
change. The trends were analyzed using Mann Kendall’s test, while the shift in trends was
quantified using Pettit’s test. Four major land use classes were considered for this study,
including residential areas, commercial areas, road infrastructure, and turf grass. The
geophysical parameters of interest were derived from Operational Land Imager (OLI) and
Thematic Mapper (TM) sensor images for summer seasons between 1990 and 2017. Red,
green, near-infrared (NIR), infrared (IR), and thermal infrared (TIR) bands of OLI and TM
sensors were used to estimate albedo and LST. The model, namely Mapping of
Evapotranspiration using Internal Calibration (METRIC), was used to estimate ET. The
model was calibrated using ground measurements obtained from the McCarran International
Airport weather station, available from the National Oceanic and Atmospheric
Administration (NOAA) database.
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The Las Vegas Valley (LVV) was chosen as a study area because of the recent
development in four major land uses, including residential areas, commercial areas, road
infrastructure, and turf grass. The valley climate is classified as a hot subtropical desert
(Kopen climate classification: BWh) and is characterized by short chilly winters and long hot
summers. In this valley, July is the warmest month, with an average temperature of 40.1oC.
The valley receives 4.17 inches (106 mm) annual average precipitation (U.S. Climate Data,
2017).
The expansion of the LVV is illustrated in Figure 3-1, comparing images from the
summers of 1990 and 2017. Three bands, including red, blue, and green, were merged into a
false-color composite image. The red shades present the vegetation surface, while the grey
and black represent the built (residential and commercial surfaces) and road infrastructures,
respectively.
Figure 3-1 represents the study area with overlaid rectangular ROIs. The delineated
ROIs represent the urban surfaces before (Figure 3-1(a)) and after (Figure 3-1(b))
development activities. The urban expansion was triggered by the development of the Bruce
Woodbury Beltway, leading to an increase in development. Consequently, the rural surfaces
were replaced by residential, accompanied by commercial and turf grass surfaces. The
development within the valley can be interpreted as changes in the surface energy budget
because of introducing new surface materials. For instance, the transition of barren to asphalt
surfaces evidently decreases the surface albedo and increases the land surface temperature.
Similarly, the residential and commercial surfaces have reportedly shown surface albedo
changes. To analyze the changes, various regions of interest (ROI) were delineated,
illustrating the transition from rural to specified urban surfaces.
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Figure 3-1 Study area map of the Las Vegas Valley corresponding to the overall development
between 1990 and 2017; regions of interest are overlaid to demonstrate the transition from (a)
rural surfaces to (b) residential (green), commercial (cyan), roads (blue), and turf grass
(yellow). The baseline regions of interest with no land use change (black) are also shown.

3.2. Data
This section is divided into two sub-sections: the first section discusses the remote sensing
datasets used, including the sensor details and regions considered for the study; the second
section reports the meteorological datasets considered in the study.
3.2.1. Remote sensing datasets
Space-borne imagery from the Landsat 5 Thematic Mapper and Landsat 8 Operational Land
Imager were used to detect land use change,, as well as quantify the spatiotemporal
variability of LST, albedo, and ET rate. Both sensors are multi-spectral scanning radiometers
and operate in the visible infra-red region of the electromagnetic spectrum. Other
investigators have used this data for land cover change detection (Trlica et al., 2017); water
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quality modeling (Wang et al., 2004); quantifying surface energy balance for urban and
agricultural land (Saher et al., 2019; Saher et al., 2020; Allen et al., 2011); determining urban
heat island intensity (Guha et al., 2018); and trend analysis of development (Stephen, 2018).
Landsat 5 was launched in March 1984 and decommissioned in June 2013 because of
solar array failure. The Thematic Mapper (TM) multispectral scanning sensor aboard Landsat
5 was designed to achieve surface reflectance in spectral bands ranging between 0.45 and
12.5 mm. The TM sensor has seven spectral bands, including three visible bands and four
infrared wavelength spectrums. The resolution of the TM sensor for bands 1-5 is 30mൈ30m,
while band 6 has 120mൈ120m. Landsat 5 was operational for 29 years and collected more
than 2.5 million TM scenes.
Landsat 8 was launched in February 2013 and has been operational ever since. The
acquired datasets have the longest record, in terms of coverage, detail, and quality of Earth’s
continental surface from space. Landsat 8 has an Operational Land Imager (OLI) sensor
aboard it, which is an advanced sensor with a “push-broom” design that gives improved land
surface information by removing the signal-to-noise ratio. The OLI measures surface
reflectance in nine bands, with seven bands that are the same as the TM sensor, and an
additional two bands for atmospheric information. The IFOV of OLI bands 1 through 7 and 9
is 30mൈ30m, whereas bands 10 and 11 have 100mൈ100m, and band 8 is panchromatic with
a resolution of 15mൈ15m.
The relevant bands of TM and OLI retrieved include blue, green, red, near infrared
(NIR), shortwave infrared 1 and 2, and thermal infrared (TIR). Landsat satellites are polar
orbiters. The satellite revisits the same path every 16 days; therefore, only one image per 16
days can be achieved using one sensor. This frequency is further decreased by clouds. The
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scenes with more than 5% cloud cover were omitted from the study period. Because of the
limited image frequency, 96 scenes were selected for the analysis.
In order to represent summer season values, the average values of May, June, July,
and August were computed. Summer season months between 1990 and 2017 were analyzed.
The summer season scenes for the study period were acquired for Path 39 and Row 35. Table
2-1 lists the dates for years (rows) and months (columns) for which TM or OLI data were
used in this research. There were a total of 79 TM and 17 OLI scenes used for the analysis.
All the acquired scenes have a cloud cover of less than 5%.
A Digital Elevation Model (DEM) was used to estimate the surface fluxes, and was
acquired from the national map viewer database provided by the United States Geological
Survey (USGS). The DEM resolution was at 10 meters, which was resampled to 30 m to
match with TM and OLI imagery, in order to estimate the emissivity and transmissivity for
the analysis.
The Earth Engine Evapotranspiration Fluxes (EEFLUX) database was used to
compare the values of LST and ET received in this study. The EEFLUX database is an earth
engine for processing Landsat and MODIS imagery to estimate ET using the METRIC
algorithm. The model calibration is done using gridded weather data, by estimating the
reference ET. The gridded weather data was obtained from the Northern American land data
assimilation system (NLDAS), with hourly weather data at a 12-km resolution. The algorithm
has been validated in many climate regions using in-situ data acquired from lysimetric
experiments and eddy covariance flux towers. Studies have reported the RMSE of this data at
less than 0.1 mm/day.
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3.2.2. Meteorological datasets
Meteorological datasets were used to calibrate the model. The McCarran International
Airport weather station (ID: USW00023169) was used to retrieve meteorological data,
including air temperature and wind speed. The station has been operational since 1948, and
has a hygro-thermometer to measure the air temperature, and a sonic anemometer for wind
speed. The station has both daily normal and hourly data available. This study employed the
measurements with time stamps closest to the scene times of the selected Landsat imagery.
The study employed air temperature values in Kelvin and wind speed values in meter per
hour.
3.3.Methods
The methodology section is divided into five sub-sections. The first section discusses the
details of dataset acquisition, including their path and row, spatial scale, and time period. This
section also reports the pre-processing techniques, including radiometric calibration and
atmospheric correction performed for the raw images. The second section discusses the land
use change, and the third section describes the methods used to estimate the surface albedo,
LST, NDVI, and ET. The fourth section explains the approach taken for change detection and
trend analysis. The fifth section describes the data quality assessment approach, including the
validation of estimated values with the EEFLUX database. Figure 3-2 shows a flowchart of
methodology.
3.3.1. Data Acquisition and Preprocessing
TM and OLI datasets were acquired from the USGS Earth Explorer as listed in Table 3-1.
Each scene was processed to create spatial maps of albedo, LST, and ET. The study used
DEM data for the estimation of emissivity and transmissivity.
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The retrieved datasets were processed for radiometric calibration and atmospheric correction.
The radiometric calibration was performed using a linear interpolation, with calibration
constants for TM and OLI sensors. The algorithm for the radiance measurement and
reflectance calculation was adopted from Bastiaanssen et al. (1998) and Giannini et al.
(2015). Since the radiometric calibration does not involve atmospheric effects, specific
correction methods were applied. A dark object subtraction (DOS) technique was applied for
atmospheric correction. The technique is an image-based atmospheric correction approach
that is applied to multispectral image data only. The main advantage of the DOS model is that
the process is strictly image-based; therefore, ground-truthing is not required. The DOS
model assumes that only some pixels in each image are in complete shadow, and their atsensor radiances are because of atmospheric scattering. Another advantage is that the model
corrects for atmospheric additive scattering components, which are attributed to path
radiance.

Figure 3-2 Framework of study showing the computational steps for the analysis.
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Figure 3-3 Flow Chart of the computational steps for Mapping of Evapotranspiration using
Internal Calibration (METRIC) algorithm.

3.3.2. Land use change analysis
The identification of land use change was done by delineating 30 x 30 rectangular ROIs over
the true color composite images. The reason for delineating the ROIs is to extract specific
information about the surface with known land use change. The ROIs were delineated in two
images of summer, i.e., 1990 and 2017, illustrating pre- and post-development of the valley.
Ten ROIs for each land use were delineated, including commercial areas, residential areas,
roadway infrastructure, turf grass, and barren surface, as shown using various colors (cyan,
green, blue, yellow, and black, respectively) in Figure 3-1.
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The ROIs for the barren surfaces in both images depict unchanged land use. The
reason for the delineation of ROIs on the barren surface was to quantify the effects of
seasonal changes and sun azimuth angles. The barren surfaces are the rural pixels,
representing no urban development over time. Therefore, these ROIs are delineated to
quantify the LST and albedo effects of a no-change scenario.
Land use change is detected by trend analysis and petite’s change detection. Overall
changes in the Las Vegas Valley are reported using the five-year summer averages of preand post-development.

Table 3-1 Dates for the acquired TM and OLI images with <5% cloud cover.
Year

May

June

July

August

3

20

TM
1990

10, 26

1991

4, 20

1992

14, 30

1993

7, 23

24

1994

9, 23

4, 11

11, 2

12, 18

15

1995

1

1996
1997

24

7, 19
3

18
4, 20

20

1998

23

25

1999

26

14

2000

12

7
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26

Year
2001

May

June

July

August

15

17

10, 26

4

13, 21, 29

2002
2003

5, 21

21

2004

7

9, 25

10, 26

2005

10, 26

3

20

2006

29

15, 31

16

2007

16

2, 18

3

2008

3, 9, 17

2009

21

2010

24

2011

11, 27

22
2, 18

11, 27

2012
2013

3

13

30

2, 18

3

21

6, 22

N/A*
16
OLI

2013
2014

3, 19

2015

24

2016

10, 26

6, 24

13

14

2017

11, 27

*scenes were not available with >5% cloud cover;
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3.3.3. Estimation of LST, Albedo, NDVI, and ET
The land surface temperature was estimated using the thermal infrared band, which is band 6
(10.40-12.50 mm) in the case of the Landsat TM sensor, and bands 10 and 11 (10.60-11.19
mm) in the case of the OLI. The reflectance and radiance, extracted using Giannini et al.’s
(2015) approach, were converted to the at-sensor brightness temperature using Chander et
al.’s (2008) approach given as:

ܶ ൌ

݈݊ሺܮ

ܭଶ
ܭଵ

ሺǡଵሻ

 ܶܵܮൌ

(i)
 ͳሻ

ܶ
ߣܶ
ͳ   ݈݊ሺߝሻ
ܿݎ

(ii)

where Tb is the top of atmosphere temperature computed from the metadata of the Landsat
datasets, using the thermal constants K1 and K2 of TIR; λ is the central thermal band
wavelength, i.e., 11.45 mm; rc = hc/s, h is the Planck’s constant (6.626 x 10-34 Js), s is the
Boltzman constant (1.3 x10-23 J/K), c is the light velocity (2.99 x108 m/s) and ε is the surface
emissivity, which is estimated using Giannini et al.’s (2015) algorithm.
The surface albedo was computed from the blue, green, red, near infrared, shortwave
infrared 1, and shortwave infrared 2 bands of the OLI and TM sensors as illustrated in Table
3-2. The albedo was estimated after atmospheric correction, and using the linear combination
of the monochromatic reflectance of bands 2 to 7 for the OLI, and bands 1 to 5, and 7 for the
TM. The reflectance and radiance are converted to broadband surface albedo using following
equation given by Silva et al. (2016):
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(iii)

 ௌௐூோଶ ݎௌௐூோଶ
where r represents the reflectance of each band; and p represents the weight of each spectral
band, and is the function of the solar constant and radiance associated with each band. The
details of the algorithm are explained by Allen et al. (2007), Bastiaanssen et al. (2010), and
Silva et al. (2016).
The NDVI was estimated using the reflectance of the red and near infrared bands.
The NDVI was estimated using:


ି

ܰ ܫܸܦൌ ሺಿೃାೃ ሻ.
ಿೃ

(iv)

ೃ

The METRIC model algorithm, used to calculate ET, estimates three fluxes in order
to compute the latent heat of evaporation. The fluxes include net radiation, soil heat flux, and
sensible heat flux density. The three fluxes are functions of the albedo, NDVI, LST, and Leaf
Area Index (LAI). A detailed description of the algorithm and parameterization process is
explained by Allen et al. (2007) and Allen et al. (2011). The basic equation to estimate ET is:

ߣܶܧ௦௧ ൌ ܴ െ  ܩെ ܪ

(v)

where λETinst is the latent heat of evaporation at imaging time (W/m2), Rn is net radiation
(W/m2), G is the soil and water heat flux (W/m2), and H is the sensible heat flux (W/m2) to
the air.
The four variables, including LST, albedo, NDVI, and ET, were masked to ROIs to
extract data relevant to areas where land use changed. To reduce the variability in datasets,
the masked ROIs for each scene were averaged for a complete summer season for each year.
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Consequently, 10 data points for each land use type were delineated. The study considered
five land use types including residential, commercial, asphalt, turf grass, and barren surfaces.
The spatial variability of each land use was quantified by delineating 10 ROIs. The delineated
ROIs were masked at retrieved images, presented in Table 3-1. To extract the data points for
the trend analysis, each ROI was averaged over the summer period, which includes the
images of the months May, June, July, and August.
3.3.4. Trend and Change Analysis
The trend analysis was conducted using Mann Kendall’s (MK) test. The MK test is a nonparametric test that depends on Z statistics and Sen’s slope (Huo et al., 2013), and detects
monotonic changes in the data. Hobbins and Ramirez (2001) noted that the MK test is nondimensional, and does not quantify the scale or magnitude of the trend, but the direction. To
estimate the true slope of an existing trend, the Sen’s non-parametric method was used. The
test statistic Z is given as:
ݏെͳ
ۓ
ۖ ඥߪ ଶ ሺܵሻ
ܼ ൌ 
Ͳ
ݏ ۔ͳ
ۖ
ەඥߪ ଶ ሺܵሻ

If S > 0
If S = 0

(vi)

If S < 0

Sen’s slope (S) is used to determine the monotonic trends of the data. The MK test’s
statistics, S, are given by:
ିଵ
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(vii)

where n is the number of observations in the time series: xi…xn; x is the ROI; sgn is a sign
function; and xj and xk are the values of ROI in years j and k, respectively.
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Table 3-2 Details of spectral bands used in the study
Sensor

Band

Wavelength

Resolution (meters)

(mm)
TM

OLI

Band 1-Blue

0.45-0.52

30

Band 2-Green

0.52-0.60

30

Band 3-Red

0.63-0.69

30

Band 4-Near Infrared (NIR)

0.76-0.90

30

Band 5-Near Infrared (NIR)

1.55-1.75

30

Band 6- Thermal

10.40-12.50

120

Band 2- Blue

0.45-0.51

30

Band 3- Green

0.53-0.59

Band 4- Red

0.64-0.67

Band 5- Near Infrared

0.85-0.88

(NIR)
Band 6- SWIR 1

1.57-1.65

Band 7- SWIR 2

2.11-2.29

Band 10- Thermal Infrared

10.6-11.19

(TIRS) 1
Band 11- Thermal Infrared
(TIRS) 2

60

11.50-12.51

100

3.3.5. Data Quality Assessment
Albedo, LST, and ET were computed as the median values of May, June, July, and August of
each pixel. The assumption was that the data variability arises from atmospheric effects, land
cover change, and instrument noise. These variabilities can be addressed either by comparing
the data with an in-situ ground measurement, or by providing the standard deviation, standard
error, and error in the distribution at a 95% confidence interval. The former is a more robust
approach; however, due to the absence of measurements, the latter approach was adopted.
To assess the dispersion, the EEFLUX database was utilized to validate the LST,
albedo, and ET. The EEFLUX database is an earth engine for processing Landsat and
MODIS imagery to estimate ET using the METRIC algorithm. Gridded weather data is used
to calibrate the model by estimating the reference ET. The meteorological data considers the
North American Land Data Assimilation System (NLDAS) with hourly weather data at 12
km resolution.
In this study, the measure of error is the deviation from EEFLUX datasets. Validation
of LST, albedo, and ET was done using the scenes available in both datasets in Table 3-3.
3.4.Results and Discussion
This section is divided into three subsections: The first section provides the statistics of
changes to LST and albedo due to various land use types. In the second section, the effects of
land use change on LST, albedo, NDVI, and ET are discussed. The third section provides the
trend analysis.
3.4.1. Median Albedo and LST of land use types
The highest median values of albedo were observed on commercial surfaces (0.22), as
presented in Figure 3-4. The boxplots include 900 pixels of land use, averaged over the study
period. The high median values are because of the heat absorption capacity of the commercial
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surfaces. According to the United States’ Built-Up Roofing (BUR) system, commercial roof
surfaces are built of concrete coated with asphalt membranes, reflecting high-incident solar
radiation. Moreover, the whiskers of the boxplots show high variability in surface, mainly
because of the surface texture, as well as the variety of shadowing effects and presence of
small tree-filled areas, along with grass plantings integrated into a single pixel of 30m. These
variabilities were mostly observed in the ROIs delineated in downtown Las Vegas, having
high-rise buildings and various wall surfaces, inducing shadow effects and different surface
textures. Since the albedo of vegetated surfaces is lower than the residential and commercial
surfaces, pixels having shrubs, trees, and turf grass caused the variabilities within the pixels.
The next highest value was observed for barren surfaces (0.18) because of the
presence of dry expansive clayey soil. The difference in the two land uses, i.e., commercial
and barren, is the reflectivity. Typically, expansive clayey soils have higher reflectivity than
residential and commercial surfaces; however, they are lower than commercial surfaces
because of the presence of highly reflective materials, for instance, shingles. The median
value of the asphalt surface was observed as 0.16, while the median albedo of residential
surfaces was averaged as 0.17. Both values were comparable and counter-intuitive because of
the size of the residential lots and residential lots' connectivity to asphalt surfaces. The sizes
of the residential lots ranges between 800 and 4000 sq. meters, while each pixel area is 900
sq. m. Consequently, small residential lot pixels are potentially contaminated by asphalt
surfaces. The turf grass land use has the lowest median values of albedo, with the smallest
variability.
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Table 3-3 Validation Datasets
S#

Sensor

Scene Date for
Validation

1

TM

1990-07-03

2

TM

1991-06-20

3

TM

1992-07-24

4

TM

1994-06-28

5

TM

1995-07-01

6

TM

2013-06-16

7

OLI

2014-07-21

8

OLI

2015-06-08

9

OLI

2016-07-26

10

OLI

2017-07-13

The values of median albedo for different land use types is consistent with those
reported in the literature. The calculated median albedo values are comparable to 1 km albedo
of urban surfaces (0.12-0.18) extracted from Advanced Very High-Resolution Radiometer
(Strugnell et al., 2001), and 0.25 for building diurnal average rooftop albedo using a threedimensional model, namely the Model for Urban Surface Temperature (MUST), with 0.1 m
resolution (Yang & Li, 2015). Additionally, the median albedo values of existing surfaces
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were comparable to aerial measurements over arid cities, like Los Angeles, California (0.120.20); Vancouver, British Columbia (0.13-0.15); and Munich, Germany (0.16) (Taha, 1997).

Figure 3-4 Albedo of existing land use including barren (yellow), residential (cyan),
commercial (purple), asphalt (green), turf grass (red); the lines in the middle of the boxplot
show the median value and the whiskers represent the maximum and minimum values

The highest median values of LST were observed in barren surfaces (315 K), as
shown in Figure 3-5. Table 3-4 presents the median values of different land use types. In
general, the construction of urban surfaces inherently increases the LST because of high
specific heat materials. However, in arid regions, urban surfaces evidently decrease LST
(Kim & Hogue, 2012; Saher et al., 2019) because of shade and venturi wind speeds induced
by buildings (Oke, 1988; Shashua-Bar & Hoffman, 2002), as well as increased transpiration
rates due to the introduction of vegetated surfaces.
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The asphalt surfaces showed the second-highest median LST value (313 K), followed
by commercial surfaces (314 K). The residential surfaces observed a median value of 312 K.
The difference in the median LST values of different land use types is primarily because of
the unique heat capacities of the materials. The built surfaces, including residential,
commercial, and asphalt, are constructed from bricks, concrete, and bitumen, respectively,
and absorb relatively more heat than clay during the daytime, resulting in an increase in LST
by warming the surfaces due to convection.
The turf grass surface reported low LST values (305 K). The whiskers of the turf
grass in Figure 3-5 showed significant variability. The primary reason is the Southern Nevada
Water Authority (SNWA) rebate program, which converted the landscape of 52,571
households with water smart plants (Brelsford & Abbott, 2017, 2018). The LST findings are
consistent with the past studies Black and Stephen (2014) and Stephen (2018).
3.4.2. Effects of land use change to Albedo, LST, NDVI, and ET
This section presents the albedo, LST, and NDVI values of the land use change process for
the study period. Five-year average spatial maps are provided, as well as the average values
of LST, albedo, and NDVI.
Figure 3-6 presents the spatial maps of the LVV for the summer. For simplicity, the averages
of the five years at the start and end of the study period were considered to quantify the land
use change, Figure 3-6 (a, b, d, e, g, and h). As evident from Figure 3-6, the land use change
happened substantially at the outskirts of the valley. The LST showed no significant changes
due to land use change, as evident from box A, representing the residential, commercial,
asphalt land use changes in Figure 3-6 (a). However, the surface albedo reduced to 0.1
because of changes in urban surface properties (Figure 3-6 (f)). Additionally, the NDVI
increased by 0.4 because of changes in pervious surfaces (Figure 3-6 (i)).
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On the other hand, the turf grass land use change showed a ~ 5 to 10 K decrease in
LST, 0.1 decrease in albedo, and 0.4 increase in NDVI, as is illustrated from boxes B, C, and
D of Figure 3-6. However, the new development, evident from box a, showed no change in
LST, but a decrease in both albedo and NDVI. Increases in LST values were observed for
existing development.

Table 3-4 An overall land use change in LVV.
Existing

Median

Median

New Development

D Albedo DLST

Development (26

Albedo

LST

Residential

0.17

312

Rural – Residential ↓0.04

↑5.7

Commercial

0.21

313

Rural –

↑0.02

↑7.56

years average)

Commercial
Asphalt

0.16

314

Rural – Asphalt

↓0.051

↑6.19

Turf grass

0.13

305

Rural – Turf Grass

↓0.09

↑0.23 K

Barren surface

0.23

315

Turf grass-Rural

↑0.1

↑20K
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Figure 3-5 LST of existing land use including barren (yellow), residential (cyan), commercial
(purple), asphalt (green), turf grass (red).

The removal of turf grass was a major land use change because of rebate program
activities between the years 2002 and 2014, as a Colorado River drought state emergency
remedy measure. The program removed between 600 and 800 acres of turf grass throughout
the Valley, saving 18% of outdoor irrigation water (Brelsford & Abbott, 2017). Together,
these changes have induced additional surface radiative and absorption capacities, affecting
the ET. Figure 3-7 shows the ET (mm/day) for vegetation cover of the valley, having a fiveyear average of the summer start (a) and end (b) study period, along with the difference (c).
The Valley’s ET has shown an increase of 1 mm/day, even though the turf grass has been
removed (white boxes, namely i, j, and k). The increase in ET is potentially because of
increased surface and air temperatures throughout the Valley because of high numbers of
built surfaces and low amounts of vegetated surfaces.

67

3.4.3. Quality Assessment of Albedo, LST, NDVI, and ET
To understand the accuracy per land use type, the albedo and LST scenes were masked with
10 ROIs, and the root mean square error was considered for assessment. In order to
compensate for the seasonal weather discrepancy in the datasets, the LST and albedo of the
existing barren surface is reported throughout the study period at each scene. The assumption
in this study is that the thermal effects in the existing surfaces are because of seasonal
weather changes.
Overall, OLI sensor datasets showed less RMSE than the TM sensor, an approximate
error value of 0.02 in surface albedo per scene (Table 3-5), 2 K in LST per scene (Table 3-5),
and 0.01 mm/day per scene error in ET (Table 3-6). The ROI with pure pixels were
considered by analyzing the standard deviation and standard error of the mean, at a 95%
confidence interval of data for each land use. The dispersion in the datasets indicates the
precision of the albedo, LST, and ET retrieval. The data retrieved from EEFLUX are not a
direct measure of accuracy; however, they can provide a sense of consistency in retrieval
against the analysis.
Table 3-5 provides the variability within the pixels of ROI for surface albedo, along
with the accuracy in estimation against the EEFLUX datasets. To assess pixel dispersion, the
10 delineated ROIs for analysis, for each land use type, were assessed based on the standard
deviation, standard error mean, and median with 95% confidence interval. The assessment
was conducted for each of the land use types for the dates specified in Table 3-3. The
commercial and asphalt surfaces showed high variability, with standard deviations of 0.04
and a standard error means of 0.007. The spread of pixels for both land uses showed an error
of 0.01 at a 95% confidence interval. The residential, turf grass, and barren surfaces showed
relatively less variation within pixels, having standard deviations of 0.01 and standard error
means of 0.002.
68

(a)

(b)

(c)

D

G
E
F
A
B

(d)

(e)

(f)

C

D

G
E
F
A
B

(g)

(i)

(h)

C

D

G
E
F

A
B

C

Figure 3-6 Comparison of five annual summer averages of LST (a, b), albedo (d, e), and
NDVI (g, h) during 1990-1995 and 2013-2017. The differences for LST, albedo, and NDVI
are shown as (c), (f), and (i); the black boxes show the development.

In addition, the RMSE of the TM derived dataset for all the land use types was
relatively higher than the OLI-derived datasets. The highest value of RMSEfor TM-derived
surface albedo was observed in commercial surfaces (0.6), while the lowest RMSE values
were noticed for residential and barren surfaces (0.03). The asphalt and turf grass showed
RMSEs of 0.04 and 0.05, respectively. In the case of OLI-derived datasets, the highest RMSE
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for surface albedo was reported for the commercial surfaces (0.04), and the lowest values
were observed in residential, commercial, and barren surfaces with RMSEs of 0.2. The
RMSE of turf grass showed an RMSE of 0.3.

(a)

(b)

(c)
K

I
J

Figure 3-7 Comparison of five annual summer averages of ET (a, b). The differences for the
ET (c).
Table 3-6 presents the within-pixel variability of the LST, and the estimation accuracy
against the EEFLUX datasets. The highest variation was observed in asphalt surfaces, having
a standard deviation of 1.5 and a standard error of 0.27. The second highest variation was
present in barren surfaces, with a standard deviation of 0.95 and a standard error mean of
0.17. The turf grass surface showed a variation of 0.8, with a standard error mean of 0.15.
The commercial and residential surfaces have comparable variations, with a standard
deviation of 0.5 and a standard error of 0.1. The distribution spread of LST for each pixel was
high for asphalt surfaces (0.53) followed by turf grass (0.3), barren (0.17), residential (0.17),
and commercial (0.19) surfaces, at a 95% confidence interval. The RMSE values of LST for
the residential, commercial, asphalt, and barren surfaces were comparable with ignoble
variation (±0.1).
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Table 3-5 Within pixel measures of variability (median±95% confidence interval) in surface
albedo based on 10 ROI having ~ 900 pixels each per land use category, and RMSE of
estimated and retrieved data, for 25th May 2017, depicting the accuracy of variables.
Land Use

# ROIs

Standard

Standard

Median Albedo

RMSE of

RMSE of

Deviation

error

± 95%

Estimated

Estimated

Mean

confidence

and retrieved and

interval

data

retrieved

(EEFlux

data

portal) (TM)

(EEFlux
portal)
(OLI)

Residential

10

0.01

0.002

0.167(± 0.003)

0.03

0.02

Commercial

10

0.04

0.007

0.23(± 0.01)

0.06

0.04

Asphalt

10

0.04

0.007

0.174 (± 0.01)

0.04

0.02

Turf Grass

10

0.01

0.002

0.12 (± 0.003)

0.05

0.03

Barren

10

0.01

0.002

0.176 (± 0.003)

0.031

0.02

Surface

In a similar way, Table 3-7 provides the variations in the NDVI and ET of turf grass
and their estimation accuracy against the EEFLUX database as RMSE for the TM and OLI
datasets. The standard deviation of NDVI and ET were observed as 0.7 and 0.2, respectively.
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The standard error for NDVI and ET were 0.002 and 0.037, respectively. The RMSE of ET
for the OLI dataset was 0.009 mm/day lower than the TM datasets. The RMSE of NDVI is
not reported, as the EEFLUX dataset does not provide NDVI spatial maps.

Table 3-6 Within pixel measures of variability (median±95% confidence interval) in surface
LST based on 29 ROI, having 900 pixels each per land use category, and RMSE of estimated
and retrieved data, for 25th May 2017, depicting the accuracy of variables.
Land Use

# ROIs

Standard

Standard

Median LST ±

RMSE of

RMSE of

Deviation

error

95% confidence Estimated

Estimated

Mean

interval

(K)

(K)

and retrieved and
data

retrieved

(EEFlux

data

portal)

(EEFlux

(K) (TM)

portal)
(K) (OLI)

Residential

10

0.58

0.10

313.4(± 0.19)

5.1

2

Commercial

10

0.5

0.09

314.5(± 0.176)

5.13

2

Asphalt

10

1.5

0.27

315 (± 0.53)

5.36

2.5

Turf Grass

10

0.8

0.15

307.3 (± 0.3)

3.18

1.1

Barren

10

0.95

0.17

315.57 (± 0.33)

5.14

2

Surface
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3.4.4. Trend Analysis of Albedo, LST, NDVI, and ET
This section presents the trends of various land use changes. The time series, Z statistics, and
Sen’s slope values are reported for the LST, albedo, NDVI, and ET values. Each data point
represents the average of the summer season for the respective ROI. The change points for
the land use are reported using Pettit’s test for LST, NDVI, and ET. The variable albedo was
not considered for the Petitt’s test because of its behavior. Generally, the albedo values are
high during the periods of development because of disturbed soil, as well as the reflectivity of
wet concrete (Edalat & Stephen, 2017).
An overall decrease in albedo was noticed due to development, as presented in Figure
3-8. Overall, the values of albedo were observed to be relatively high during the development
of residential, commercial, and asphalt surfaces. However, the albedo values decreased after
construction. The residential surfaces decreased albedo by 0.1 (Figure 3-8(a)). In a similar
way, an albedo decrease of 0.15 was observed in the commercial surfaces (Figure 3-8(b)),
while the asphalt and turf grass surfaces showed no major changes in albedo (Figure 3-8 (c)
& (d)). The barren surface showed no change in albedo, as illustrated in Figure 3-8 (e).
The trends of land use change are presented in Figure 3-9 through MK Z statistics for
albedo, illustrating the changes in monotonic trends. An overall decrease in albedo trends for
residential, commercial, asphalt, and golf course surfaces were reported. The decrease in
albedo was significant for all the ROIs of residential and golf course surfaces, along with
seven ROIs of commercial and asphalt surfaces. An increasing trend of albedo was observed
for barren surface, reflecting no change (Figure 3-9 (e)).
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Table 3-7 Within pixel measures of variability (median±95% confidence interval) in ET,
based on 29 ROI having ~ 200 pixels each per land use category, and RMSE of estimated and
retrieved data, for 25th May 2017, depicting the accuracy of variables.
Land

Variable

Use

Turf

NDVI

#

Standard

ROIs

10

Median ±

RMSE of

RMSE of

Deviation error

95%

Estimated

Estimated

(mm/day) Mean

confidence

and

and

(mm/day

interval

retrieved

retrieved

)

(mm/day)

data

data

(EEFlux

(EEFlux

portal)

portal)

(TM)

(OLI)

(mm/day)

(mm/day)

NA

NA

0.01

0.001

0.7

Standard

0.002

Grass
Turf

1.45(±
0.0025)

ET

10

0.2

0.037

Grass
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1.27(±0.07)

(a)

(b)

(c)

(d)

(e)

Figure 3-8 Time series of ROI # 1, showing the albedo for the surface transitioning from
barren to residential (a), commercial (b), asphalt (c), turf grass (d), and barren surface (e).
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(a)

(d)

(b)

(c)

(e)

Figure 3-9 MK Test analysis of albedo for (a) residential, (b) commercial, (c) asphalt, (d) turf
grass, and (d) barren surface of 10 ROI.

Figure 3-10 shows the changes in albedo per summer each year for all of the land uses.
For residential surfaces, the albedo decreased between 0.001/year-Summer and 0.002/yearSummer. The commercial surfaces showed both decreases and increases of albedo. The
increases in albedo were not statistically significant, as shown in Table 3-8. The decrease of
albedo for commercial surfaces ranged between 0.001/summer/year and 0.003/summer/year.
Similarly, asphalt and golf course surfaces showed decreased albedo between 0.001/yearSummer and 0.003/year-Summer, and 0.001/year-Summer and 0.005/year-Summer,
respectively. The decreasing trends of both asphalt and golf course surfaces were statistically
significant. The trends of barren surfaces were not statistically significant (Table 3-8).
The time series of land use changes, including residential, commercial, asphalt, and
turf grass surfaces, are presented in Figure 3-11, which also includes the time series of barren
surfaces to corroborate the land use change effects. Each boxplot in Figure 3-11 presents the
variability of 900 pixels of each land use type, with the mean illustrated as a blue line, and
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outliers as green points. The outliers above the upper quartile are the pixels having barren
surfaces. In contrast, the data points below the upper quartile are mostly the mixed pixels of
residential lawns and swimming pools. The development in each land use is reported in Table
3-9.
Overall, an increasing trend in the median LST was observed (Figure 3-8). The
development of residential (Figure 3-11(a)) and commercial surfaces (Figure 3-11(b))
happened in 2003 (table 3-7), increasing the LST by 15 K and 20 K, respectively. The asphalt
surfaces showed 15 K increase in the median LST (Figure 3-11(c)), while turf grass showed a
decrease of 10 K (Figure 3-11(d)). An overall 15 K increase in LST was observed on the
barren surfaces. The increase in LST without development activities depicts the seasonal
effects (Figure 3-11(e)), implying that even though the LST has increased due to land use
change, the valley's overall temperature has reduced compared to the barren surfaces (Figure
3-11(e)).
Figure 3-12 illustrates the trends of the LST for 10 ROIs, showing five land use
changes between 1990 and 2017. The trends reveal an overall increase in the LST for
residential, commercial, and asphalt surfaces. Figure 3-13 presents the increase in LST each
year. High values of Sen’s Slope were reported for commercial and asphalt surfaces, ranging
between 0.002 K/year-Summer to 0.004 K /year-Summer, and 0.002 K/year-Summer to
0.008 K/year-Summer, respectively. This increase was significant at 95% confidence, as
shown in Table 3-8. The LST of turf grass showed both increases and decreases in the trend;
however, the change was not statistically significant, at a 95% confidence interval (Table 39).
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(a)

(d)

(b)

(c)

(e)

Figure 3-10 Sen’s slope of changes in albedo/year-Summer for (a) residential, (b)
commercial, (c) asphalt, (d) turf grass, and (d) barren surfaces of 10 ROI.

An increasing trend in ET was reported because of the development of turf grass.
Figure 3-14 presents the NDVI and ET trends of 10 ROI delineated on the turf grass. For
each ROI, NDVI showed an increasing trend (Figure 3-14 (a)), implying the change from
barren surface to turf grass between 2001 and 2002 (Table 3-10). The increase in NDVI was
between 0.01/year-Summer and 0.02/year-Summer, as presented in Figure 3-14(c). Similarly,
ET showed an increasing trend (Figure 3-14(b)). The trend change happened in 2003 after the
development of turf grass (Table 3-10). ET, on average, increased between 0.04 mm/yearSummer and 0.08 mm/year-Summer. Both the NDVI and ET trends of turf grass were
statistically significant at a 95% confidence interval.
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Table 3-8 Significance level of MK analysis
ROI #

Residential

Commercial

Asphalt

Turf Grass

Barren

Albedo

LST

Albedo

LST

Albedo

LST

Albedo

LST

Albedo

LST

1

*

*

*

*

**

*

*

**

**

*

2

*

*

*

*

**

*

*

**

**

*

3

*

*

*

*

*

*

*

**

**

*

4

*

*

*

*

*

*

*

**

**

*

5

*

*

**

*

*

*

*

**

**

*

6

*

*

*

*

*

*

*

**

**

*

7

*

*

*

*

*

*

*

**

**

*

8

*

*

**

*

*

*

*

*

*

*

9

*

*

**

*

*

*

*

*

**

**

10

*

*

**

*

**

*

*

*

*

*

*Trend is statistically significant at a 95% confidence interval; **Trend is statistically not
significant at a 95% confidence interval
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(a)

(b)

(c)

(d)

(e)

Figure 3-11 Time series of ROI # 1 showing the LST for the surface transitioning from barren
to residential (a), commercial (b), asphalt (c), turf grass (d), and barren surfaces (e).
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Table 3-9 Step change year for LST using Pettit’s test.
ROI #

Residential

Commercial

Asphalt

1

2000

2003

2004

2000

2003

2

2000

2003

2004

1999

2003

3

2010

2003

2004

1999

2003

4

2004

2003

2003

1997

2003

5

2004

2003

2003

1997

2004

6

2004

2004

2004

2010

2003

7

2006

2004

2004

1996

2003

8

2006

2003

2003

1997

2003

9

2003

2003

2004

1997

2003

10

2004

2003

2004

2003

2003
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Turf Grass

Barren

(a)

(d)

(b)

(c)

(e)

Figure 3-12 MK Test analysis of LST for (a) residential, (b) commercial, (c) asphalt, (d) turf
grass, and (e) barren surfaces of 10 ROI.

(a)

(b)

(d)

(e)

(c)

Figure 3-13 Sen’s slope of changes in albedo/year-Summer for (a) residential, (b)
commercial, (c) asphalt, (d) turf grass, and (d) barren surfaces of 10 ROI.
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(a)

(b)

(c)

(d)

Figure 3-14 MK test analysis of NDVI (a) and ET (b), along with Sen’s Slope of changes in
NDVI (c) and ET/year-Summer (d)for golf courses.

Table 3-10 Step change year for NDVI and ET of golf courses using Pettit’s test
ROI #

NDVI

ET

1

2001

2003

2

2002

2003

3

2002

2003

4

2002

2003

5

2001

2003

6

2002

2003

7

2001

2003
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8

2001

2003

9

2001

2003

10

2001

2003

3.5. Conclusions
The objective of this study was to determine the effects of land use change on LST, albedo,
and ET in arid regions. The study delineated small ROIs around the Las Vegas Valley,
distinguished by new and existing development showing distinct surfaces, including
residential, commercial, asphalt, and turf grass. Mann Kendall’s trend analysis test was used
to quantify the changes and trends. The Pettit’s test was carried out on LST to understand the
step changes in temperature due to development. The study analyzed the effect of land use
change on the spatial and temporal variability of LST, albedo, and ET.
Findings suggest that the development of urban surfaces changes the albedo, LST, and
ET. During the study period, a significant increase in LST was observed for all land uses,
except for turf grass. The decreasing trend in LST for turf grass is potentially because of an
increase in NDVI (0.01-0.02/year-Summer) and ET (0.04 to 0.08 mm/year-Summer). A
significant increasing trend of LST was observed because of residential, commercial, asphalt,
and turf grass surfaces.
Commercial and asphalt surfaces have been the main contributors to increase LST and
decrease albedo. Both surfaces showed a higher Sen’s slope increases per year, ranging
between 0.2 K/year-Summer and 0.8 K/year-Summer, and decreased albedo, ranging between
0.001 /year-Summer and 0.003/year-Summer. However, the LST trend increase was lower
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than the constantly increasing trend (Sen’s slope 0.3 K/year-Summer ) of barren surfaces due
to other effects (such as seasonal weather trends), while no significant trends in albedo were
noticed. The trend shifts were observed for their respective years of development. This
indicates that the development of urban surfaces highly influences the changes in albedo,
LST, and ET.
Overall, higher albedo changes, governed by turf grass development and increased
ET, have shown a cooling effect in the valley. Increased LST and ET, in the long run, can
induce stress in an already dwindling water supply. In addition to new development, this
study reports an overall increase in LST, albedo, and ET due to existing development. This
increase is significantly higher than the new development. There could be a variety of
reasons, ranging from the preference of high-income homeowners to reside in suburbs with
lush lawns rather residing than downtown, to the terrain of the valley. Further studies on
these two possible causes are required.
This research adopted a remote sensing approach to estimate surface albedo. An ideal
condition would have been to estimate the effective albedo, which considers enhanced
radiation absorption because of multiple reflections between urban structures, like the
impacts of angular reflectance from glass surfaces on residential and commercial roofs
(Fortuniak, 2008). Remote sensing is not able to quantify multiple reflections alone, since
such reflections depend on the urban geometry and street orientations. A way forward could
be to understand the effects of urban geometry on surface fluxes and ET in arid regions.
Studies have employed a Monte Carlo-style simulation to estimate the effective canyon
albedo (Kondo et al., 2001).
This study employed remote sensing datasets for the optical and thermal properties of
urban surfaces. The methodology can be used in numerical studies employed for urban
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canopy models to simulate surface energy fluxes' dynamics. The inherent effects of surface
albedo changes on increased LST and ET underscore the urgency to better understand the key
drivers of urban surface energy fluxes. Additionally, the study is useful to urban water
managers in understanding the effects of development on outdoor water demand and
temperature.
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Chapter 4
Understanding Night-Time and Daytime Warming in Canyons and Noncanyon Surfaces
4.1. Introduction
Urban landscapes create complex atmospheric effects due to the orientation, geometry, and
density of buildings. This is largely because of the obstructed sky (Battista et al., 2016)
responsible for the surface energy changes, causing the night-time and daytime warming
(Arnfield, 2003).
The literature labels the obstructed urban surfaces as street canyons, and divides them into
two classes, including narrow and broad street canyons, based on the aspect ratios of buildings
(Res & Unger, 2004). The narrow canyons, having aspect ratios between 2 and 4, increase the
daytime surface temperature by 2oC, altering the surface energy budget (Shashua-Bar &
Hoffman, 2002, 2003; Shashua-Bar et al., 2006). The orientations of the canyons also influence
the surface energy budget (Res et al., 2010). In summer, the north and south (N-S) street
orientations, having high aspect ratios, reported lower surface temperatures than the east and
west (E-W) orientations. With the same aspect ratio, northeast and southwest orientations
reported lower surface temperatures than N-S oriented streets. In a hot arid climate, N-S
oriented streets increase the land surface temperature, while E-W-oriented streets have a
negligible effect (Pearlmutter et al., 2007). A significant amount of literature has addressed the
surface temperature response to street orientation and building geometry (Battista et al., 2016;
Salata et al., 2016; Scarano & Sobrino, 2015). However, their response to radiative fluxes has
remained understudied.
There are three key variables to understand the surface energy budget, including Land
Surface Temperature (LST), net radiation (Rn), and ground heat flux (G) (Oke, 1988). The LST
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accounts for surface radiative conditions (Middel et al., 2014), while net radiation accounts for
the total of incoming and outgoing radiation (Ma et al., 2014). It is the unreflected incident
radiation that contributes to daytime temperature change, through conductive sensible heat
flux, along with the latent heat of evaporation (Sun & Chen, 2012). In contrast, the ground heat
flux represents the energy absorbed by the surface per unit area (Masson, 2000). The net
radiation relates to daytime warming, while surface heat flux density accounts for night-time
warming (Kotthaus & Grimmond, 2014). Buildings and pavements increase the longwave
emissions, increasing daytime surface temperature (Martilli et al., 2002). This effect is opposite
in arid and semi-arid regions, where the urban surfaces reduce the daytime surface temperature
and irrigation demand (Ratti et al., 2003; Shashua-Bar & Hoffman, 2002). Depending on
building density, urban areas create a cooling or heating effects on their surroundings.
Buildings tend to trap heat, thus accumulating heat in the daytime and releasing it in the nighttime. This process is known as the heat island effect, and it results in a dramatic fluctuation of
surface and air temperature (Saher et al., 2019). Since temperature is directly linked with heat
capacity, it depends on the net radiation and ground heat flux (Grimmond et al., 2010).
A small parcel of Phoenix was studied for two reasons. The first reason is its climate. The
city is located in the arid southwest of the United States (33o29’ N, 112o4’ W), in Maricopa
County, AZ, with an average annual precipitation of 208 mm. The maximum temperatures are
observed in the month of June and August (average 40oC). Figure 4-1 (a) represents the
administrative boundary of Phoenix. The yellow box in Figure 4-1 represents the area of
interest for the study. Figure 4-1 (b) shows the magnified version of the area of interest. The
area of the parcel is 58 sq.km. The reason for selecting this parcel is the presence of major land
cover, causing asymmetric canyons. The major land covers include residential, commercial,
and road infrastructure, along with vegetated and barren surfaces. The commercial surfaces
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include buildings of varying heights, which in conjunction with residential lots, create
asymmetric urban canyons. This study considers the thermal effects of these urban canyons.
The second reason for choosing Phoenix is the lack of research in understanding urban
canyons. The city has been proactive in heat mitigation measures by introducing reflective
urban surfaces and increasing the tree cover. A few prominent initiatives include collaboration
with Arizona State University to devise policies corroborating the city’s sustainability goals,
based on UHI research findings (Middel et al., 2015; Middel et al., 2014). One such project is
the Downtown Phoenix Urban Form project, which conducted a study to investigate the
outdoor water use efficiency of urban greening scenarios. The project's findings informed
zoning ordinances to mitigate the UHI effect through the optimized arrangement and design of
urban features. Another project, namely the Green Construction Code, adopted reflective roofs
on city-owned buildings as a heat mitigation measure (City of Phoenix, 2006). This adoption
triggered the Phoenix cool roof initiative in October 2012, which would coat 70,000 square
feet of the city’s existing rooftops with reflective paint. By January 2014, approximately 52,000
square feet of public rooftops had been coated, excluding private and residential rooftops.
Another major initiative is the Tree and Shade Management task force, which is a crossdepartmental committee led by the City of Phoenix Parks and Recreation Department (City of
Phoenix, 2008). The project developed a master plan to increase the tree cover by 25% of the
entire city by 2030. The other objectives include educating the public on the benefits of trees,
and improving planting and irrigation practices. The project successfully increased the tree
cover throughout Phoenix by 8 to 10% (Middel et al., 2015). However, little research has been
conducted in understanding the heat-trapping due to canyons with unique numbers and building
orientations.
This study determines the day-time and night-time warming in three types of surfaces using
surface energy fluxes and surface temperature. The surfaces include rooftops, turf grass, and
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canyons. The surface energy fluxes employed are net radiation and soil heat flux. The study
relies on a remote sensing-based modeling framework. This study is also unique because it
adapts multi-disciplinary techniques to understand the radiative effects. For instance, we have
adapted the region of interest, a well-known technique in the field of functional magnetic
resonance imaging (fMRI) and computer science, for object characterization (Nieto-castanon
et al., 2003; Poldrack, 2007). In addition, the surface obstruction was observed using Sky View
Factor (SVF), an index which has recently gained attention in urban climate (He et al., 2015;
Li et al., 2020).

Figure 4-1 Study area showing (a) the administrative boundary of the city of Phoenix; and (b)
the study region as a subset of the city, along with the LiDAR tiles considered in the study.
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4.2. Methods
This section discusses the methodological framework, and is divided into four subsections.
The first section discusses the algorithms employed for the estimation of SVF, LST, and
radiative fluxes. The second section illustrates the surface characterization in the study. The
section is further divided into two sub-sections. The first subsection discusses the selection
criteria of the ROI, and the second explains the surfaces undertaken for the sampling. The
data extraction from the spatial maps prepared in the first step was done in the third section.
The section consists of two subsections to explain the spatial coherence process, and
normality check in the data. Finally, the fourth section provides the variance analysis on the
extracted dataset.
The major computational steps and tools involved in the study are provided in Figure 4-2.
Four main tools were considered for data pre-processing, computation, and analysis. The SVF
was computed by pre-processing the LiDAR data in ArcMap. The pre-processed data was then
converted to surface models in QGIS to compute the SVF. The variables, including LST, R n,
and G, were computed using OLI-derived datasets and algorithms provided by Allen et al.
(2007). The algorithms were scripted in Matlab. The surface characterization was done using
a well-known image processing technique: ROI delineation. As illustrated in Figure 4-2, the
delineation involved overlaying rectangles of 20 x 20 pixels over the red, green, and blue bands
of the OLI-derived datasets.
4.2.1 Estimation of Sky View Factor (SVF), Land Surface Temperature (LST), and
Radiative Fluxes
This section discusses the estimation approaches of SVF, LST, Rn, and G. The SVF maps
were retrieved by merging light detection and ranging (LiDAR) tiles. LiDAR is point cloud
data that generates 150,000 pulses per second. The resulting product is a densely spaced
network of georeferenced elevation points. LiDAR operates in the near-infrared region of an
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electromagnetic spectrum, except for the green band in the case of water. The discussion
encompasses the algorithms adopted for the estimation, tools, and bands.

Figure 4-2 Computational steps for the analysis using four major tools i.e. ArcMap, QGIS,
Matlab, and R studio.

Operational Land Imager (OLI) sensor dataset was used for the estimation of LST, Rn, and
G. The OLI sensor was launched as a Landsat 8 mission, and is an advanced multispectral
sensor that has a “push-broom” design, which gives improved land surface information by
removing the signal-to-noise ratio. OLI retrieves nine bands; seven are consistent with TM
sensors, and the additional two bands collect aerosol and shortwave infrared cirrus information
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at a 30-meter resolution. The satellite was launched in February 2013, and has been operational
since then. The acquired datasets have the longest record in terms of the coverage, detail, and
quality of the Earth's continental surface from space. The datasets were retrieved for the years
2015 through 2019, for the months of May, June, July, and August. The months cover the
summer season in the study area.
SVF was calculated using the Bohner and Antonic model (Bernard, 2018). This study
employed 56 tiles of LiDAR data to map the aspect ratio of the buildings and estimate the
SVF. The data was retrieved from the Arizona State University (ASU) database (ASU, 2020).
The model uses a solid angle at each point, representing the maximum amount of sky visible
from the ground and roofs. Lindberg et al. (2017) introduced the model as a plug-in in
Quantum Geographical information system (QGIS) software. This study used the plug-in to
calculate the SVF. The first input for the calculation involved the digital surface model
(DSM). The LiDAR dataset was used to extract the DSM (Priestnall, Jaafar, & Duncan,
2000).
The extraction of DSM was a two-step process. The first step involved extracting the
Digital Terrain Model (DTM), which was done by querying the first return (elevated
surfaces) from the LiDAR data. In the second step, the Digital Elevation Model (DEM) was
extracted by querying the second returns (ground points). The DSM was the residual
elevation of DTM and DEM (Tooke et al. 2011). The second input for the calculation was the
DTM, which was retrieved from the Open Street Map (OSM) database present in QGIS
(Sehra et al. 2017). The output of the SVF calculation was a spatial map showing the SVF
values at 1 m resolution. This process was repeated on each of 56 tiles. The resulting tiles
were merged and resampled. The details are discussed in Section 4.2.3. The merged map is
present in Figure 4-1.
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The LST algorithm converts the digital number to at sensor brightness temperature
(Tb), which is converted to LST using the following equation (Prata et al., 1995):
 ܶܵܮൌ

ܶ
ߣߪܶ
ͳሾ
ሿሺߝሻ
݄ܿ

(i)

where λ is the effective band wavelength (10.9 mm for band 10), s is Boltzmann constant
(1.38 x10-23 J/K), h is Planck’s constant (6.624 x 10-34 Js), c is the velocity of light in a
vacuum (3 x 10-8 m/sec), and ε is the surface emissivity. An explicit formula for the
aforementioned variables is given by Guha et al. (2018). The LST was converted into
Celsius.
Rn was computed by subtracting the outgoing radiant fluxes from the incoming
radiant fluxes using the following equation:

ܴ ൌ ܴௌ՝ െ ߙܴௌ՝  ܴ՝ െ ܴ՛ െ ሺͳ െ ߝை ሻܴ՝

(ii)

where ࡾࡿ՝ and ࡾࡸ՝ are the incoming radiant fluxes; while ࡾࡸ՛ is the outgoing radiant fluxes;
ࡾࡿ՝ represents the incoming shortwave radiation (W/m2); ࢻ denotes the surface albedo
(dimensionless); ࡾࡸ՝ stands for incoming longwave radiation (W/m2); ࡾࡸ՛ is the outgoing
longwave radiation (W/m2); and ࢿࡻ indicates the broadband surface thermal emissivity
(dimensionless). The variable ࡾࡿ՝ െ ࢻࡾࡿ՝ represents the fraction of incoming shortwave
radiation absorbed by the surfaces; and ሺ െ ࢿࡻ ሻࡾࡸ՝ accounts for a fraction of incoming
longwave radiation reflected from the surface. A detailed description of the variables and
their algorithms is provided by Allen et al. (2011) and Allen et al. (2007).
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In Equation iii, G is the function of net radiation, surface albedo, and LST. The
detailed description of the algorithm is well documented by Bastiaanssen et al. (1998). G is
computed using the following equation:
 ܩൌ ሺ ܶܵܮെ ʹ͵ǤͳͷሻሺͲǤͲͲ͵ͺ  ͲǤͲͲͶߙሻሺͳ െ ͲǤͻͺߙሻሺܴ ሻ

(iii)

The outcomes of LST, Rn, and G estimation involve the spatial maps for the summer seasons
of four years (2015-2019) at a resolution of 30 meters. The spatial maps were averaged for
each season to compensate for weather discrepancies like prior rainfall events.
4.2.2 Surface Characterization

This section is divided into two subsections. The first subsection provides a brief rationale for
choosing ROI and the selection of ROI size. The second subsection discusses the sampling of
urban surfaces on the parcel.
4.2.2 Surface Characterization
This section is divided into two subsections. The first subsection provides a brief rationale for
choosing ROI and the selection of ROI size. The second subsection discusses the sampling of
urban surfaces on the parcel.

4.2.2.1 ROI Analysis
The size of ROI plays a crucial part in the analysis. The selection of ROI size is challenging
in urban areas, as the surfaces are a combination of land use types, including residential,
commercial, asphalt, water, and lawns. The combined surfaces cause variations based on the
size of the ROI. Therefore, the variance of the ROI was selected as a decision variable. ROI
having less sensitivity of variance, in relation to size, was considered for the analysis. The
variance of ROI was tested for the sizes ranging between 5 and 50 pixels with 5-pixel

95

increments. Figure 4-3 (a) represents the various sizes of the ROI. A parcel having
asymmetric buildings was considered to calculate the sensitivity of the variance at different
sizes. Figure 4-3 (b) represents the average values of the variance for each ROI for SVF and
LST. As presented in Figure 4-3, the variance stabilized at the size of 20 pixels; therefore, it
was chosen for the analysis.

4.2.2.2 Random Sampling
Both the canyon and non-canyon surfaces were detected using polygons having 20 pixels.
Twenty polygons were delineated randomly for each surface. Three different types of
surfaces were considered, including rooftop, turf grass, and canyons. The rooftop and turf
grass surfaces were classified as non-canyon surfaces.
The sampling of roof surfaces involved both commercial and residential rooftops. In
theory, rooftops of different land use types impose different radiative patterns (Vahmani et
al., 2016; Vahmani & Jones, 2017). For instance, commercial rooftops, having low albedo,
have ~2oC higher temperatures than residential surfaces (Trlica et al., 2017). However, such
effects are beyond the scope of the study. The sampling of turf grass included the visible
pixels over the study area, including the golf courses and residential lawns. For simplicity’s
sake, the study assumes that the sampled turf grass has the same type.
Figure 4-4 is provided to illustrate the canyon surfaces included in each canyon. In a
plan view (Figure 4-4(a)), the size of ROI seems ignoble. However, as can be seen through
the street view (Figure 4-4(b)) and fisheye perspectives (Figure 4-4(c)), each canyon carries
two or more buildings in each ROI.
Figure 4-5 illustrates the behaviour of delineated ROIs in non-canyon surfaces. The ROI
in Figures 4-5 (b) and (f) are present as black rectangular boxes. Figures 4-5 (c) and (d)
present the delineated ROI for the roof surfaces in SVF and LST, respectively. Since the ROIs
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considered are under an open sky, the values of SVF are between 0.8 and 1. In a similar way,
Figures 4-5 (g) and (h) present the data distribution of turf grass surfaces in SVF and LST,
respectively. The LST values of turf grass are ~10oC lower than roof surfaces.

(a)

(b)

(c)

Figure 4-3 (a) RGB image of ROI having pixels between 5 and 50 with an increment of 5
pixels; (b) variance of LST and SVF; (c) coefficient of variance of LST and SVF with
different size of ROI.
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(a)

(b)

(c)

Figure 4-4 (a) Building height map extracted from the LiDAR dataset; (b) street view of
canyon and (c) fisheye view of the canyon.

(a)

(b)

(e)

(f)

(c)

(g)

(d)

(h)

Figure 4-5 (a) High-Resolution SVF (1m); (b) Building height map for the study area
overlaid with 20 ROIs; (c) SVF boxplots for ROI presenting roof surfaces; (d) LST boxplots
of ROI presenting roof surfaces; (e) Spatial map of LST with 30 m resolution; (f) Building
height spatial map with 20 ROI overlaid representing the E-W canyons; (g) Boxplots of SVF
presenting turf grass surfaces; (h) Boxplots of LST illustrating the turf grass surfaces.

4.2.3 Data Extraction
In this section, the process of retrieving the data from the spatial map using ROI is discussed.
Two subsections encompass the discussion: the first discusses the spatial coherence required
to extract the data; in the second subsection, a normality check is applied to the data to
determine the variance test.
The 80 ROIs are overlaid on the summer season spatial maps, explained in section 4.2.2,
to generate the data for the analysis. The extracted data includes 20 pixels for each ROI;
hence, 1600 pixels for all the ROIs for one summer season. These pixels are present in
Figures 4-5 and 6 (c), (d), (g), (h) in the form of boxplots. To simplify the analysis, the mean
value of each ROI has been considered for the analysis.

(a)

(b)

(c)

(e)

(f)

(g)

(d)

(h)

Figure 4-6 (a) High-Resolution SVF(1m); (b) Building height map for the study area overlaid
with 20 ROIs; (c) SVF boxplots for ROI; (d) LST boxplots of ROI; (e) Spatial map of LST
with 30 m resolution; (f) Building height spatial map with 20 ROI overlaid representing the
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E-W canyons; (g) Boxplots of SVF showing the distribution of overlaid ROI; (h) Boxplots of
LST showing the distribution of overlaid ROI.

4.2.3.1 Spatial Consistency of Variables
The variables, including SVF, Rn, G, and LST data, have the same extent but different spatial
resolutions. This is because of the different sensor data employed for the estimation. The SVF
has 1 m resolution because of being extracted from LiDAR data, while the LST, Rn, and G,
retrieved from the OLI sensor, have 30 m resolutions. This creates spatial incoherency in the
data.
To address the problem, the SVF was resampled at 30-meter resolution. The bilinear
resampling technique was adopted. The technique assigns a number to the pixel based on the
weighted distance average of the four nearest pixels.

4.2.3.2 Normality Check
The Jarqua Bera test and normal probability plots of the data were employed to check if the
data was normally distributed. This is crucial for the last step of the analysis, i.e., variance
analysis. Based on the nature of the datasets, the variance tests are selected accordingly.
All of the extracted datasets (Section 4.2.3), including the LST, Rn, G, and LST values
extracted from ROIs, are plotted as normal probability plots to visually inspect the
normalization, as presented in Figure 4-7. As evident, the data is mostly normally distributed,
minutely distant from the solid line, which shows the theoretical normal distribution. The
skewness is mostly present in the turf grass data of LST and G. Similarly, E-W canyons show
skewness in the case of Rn.
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The Jarque-Bera normality test is a goodness to fit test. Its null hypothesis is that the data
is normally distributed. The significance level was set at 5%. Based on the test, all the
extracted datasets in the analysis were normally distributed.
4.2.4 Variance Analysis
Because the datasets were normally distributed, the analysis chose a one-way Analysis of
Variance (ANOVA) test. Two hypotheses were tested. These hypotheses were tested on the
80 ROIs and three surfaces. The first null hypothesis states that all the mean of datasets for
canyon and non-canyon surfaces are equal. The second hypothesis states that the means of
canyon surfaces are different. By testing these hypotheses, the study strived to understand the
effects of radiative fluxes, SVF, and LST within the canyon and non-canyon surfaces, to
answer the question stated in Section 4.1.
The F static is used to understand the variance of ANOVA test, and is estimated using the
following equations:

ܨൌ

݁ܿ݊ܽ݅ݎܽݒݑݎ݃݊݁݁ݓݐ݁ܤ
ܹ݅݁ܿ݊ܽ݅ݎܽݒݑݎ݄݃݊݅ݐ

ܨൌ

ܶܵܯ
ܧܵܯ

(4)

(5)

where MST is the mean squares of treatment, and MSE is the mean square error. MST is the
mean square due to treatments between the groups. MSE is the mean square due to error
within the group. Treatment is the factor levels being compared.
The other guiding principle for the ANOVA test involves the sums of squares, which is
calculated as the sum of SST and SSE. The resulting equation is as follows:
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where k is the number of treatments, and the bar over the y.. denotes the overall mean. Each
ni is the number of observations for treatment i.

(a)

(b)

(c)

(d)

Figure 4-7 Probability distribution plots of rooftops, turf grass, N-S and E-W canyons (a)
SVF); (b) LST; (c) Net radiation (Rn); (d) Ground heat flux (G).

4.3. Results and Discussion
This section explains the effects of LST, Rn, and G representing turfgrass, roof, E-W canyon,
and N-S canyon surfaces.
4.3.1 Canyon versus Non- Canyon Effects
This section is divided into two subsections. Each subsection discusses the individual
variable effect on both canyon and non-canyon surfaces. These variables include SVF, LST,
Rn, and G. The effects are quantified using the mean values, along with the variance within
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and between the datasets and pixels. A brief analysis regarding the geometry of the canyons
was provided before to illustrate the types of canyons. The sizes of ROI were selected based
on the variances test, as discussed in Section 4.2.2. The ROI with the least sensitive variance
was selected for the analysis. The delineated ROIs are presented in Figures 4-5 and 4-6. Each
ROI has between 2 and 4 buildings with various heights. The variation of height induces
different aspect ratios that change the wind flow within the canyons, thereby changing the
radiative and conductive fluxes and surface temperatures.
An aspect ratio between 0.1 and 1 was observed in the canyons. Literature addresses such
canyons with low aspect ratios as broad street canyons. These canyons reportedly contribute
negligibly in temperature changes compared to deep canyons (Ali-Toudert & Mayer, 2006).
However, this effect varies based on latitude, climate, and wind speed (Arnfield, 2003). The
variations of height induce a venturi effect of wind, followed by variations in surface albedo
and surface heat flux, causing changes in the surface energy budget.
Figure 4-8 reports the aspect ratios (H/W) of the canyons and the SVF values of the ROIs.
The E-W canyons (Figure 4-8(a)) reported higher aspect ratios than N-S canyons (Figure 48(b)). The average SVF values of the canyons with high aspect ratios were reportedly low
(see ROI#15), which can be interpreted as high-rise buildings with low exposure to the open
sky.

4.3.1.1 Effects of Canyon and non-canyon surfaces on SVF
Table 4-1 shows different values of SVF for canyon and non-canyon surfaces. The SVF of
canyon surfaces is lower than the non-canyon surfaces. The SVF values are within the
ballpark of the existing literature on the SVF (Bernard, 2018; Res, Lindberg, & Grimmond,
2010; Svensson, 2004a). The roof and turf grass surfaces possess SVFs closer to 0.9, while
canyon surfaces exhibit SVF values between 0.6 and 0.8. In the literature, the SVF values
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have been argued to be a proxy for surface characterizations. The observations of this study
conform to the literature, reinforcing the argument of them being a proxy for surface
characterization (Svensson, 2004b; Tan et al., 2016).
Additionally, different SVF values between E-W and N-S canyons were observed. The NS canyons were observed to have lower obstructions than E-W canyons.
4.3.2 Effects of Canyon and non-canyon surfaces on LST, Net Radiation, and Ground
heat flux
The average LST for the rooftops and E-W canyons was the same, while their SVF values
were different. The canyons showed high rise buildings having an average SVF of 0.7, while
the SVF of rooftops was 0.94. A 6oC difference in LST value was observed between the
rooftop and turf grass surfaces. However, the difference in SVF values of both surfaces was
ignoble (0.04). The N-S canyons, having a high SVF value (0.73), were 2oC cooler than the
N-S canyons. The findings question the theory stating a linear relationship between SVF and
LST (Scarano & Sobrino, 2015).
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(a)

(b)

Figure 4-8 Bar chart showing the average SVF and aspect ratio (H/W) of the (a) E-W
canyons and (b) N-S canyons, each with 20 ROI.
Table 4-1 Mean values of datasets extracted from ANOVA
Mean

Groups

SVF

LST

Rn

G

(oC)

(W/m2) (W/m2)

Turf Grass

0.89

44

1080

120

Rooftops

0.94

50

1120

330

N-S Canyon

0.73

48

1100

260

0.64

50

1070

310

E-W
Canyon
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Table 4-2 ANOVA table showing the variation within and between the groups for SVF, LST,
Rn, and G.
ANOVA Results
Variables Between-groups
Variation (df=3)

Within-groups

F

Variation

statistic

P-value

(df=76)
SS

MS

SS

MS

SVF

0.84

0.27

0.511

0.006 41.46

5.58 exp-16

LST

416.66

13.88

420.3

5.53

25.11

2.15 exp-11

Rn

13737.5 4579.2 171142.2 2252

2.03

0.12

G

286754

2

2.001 exp-12

95585

260500

3248

An overall increased LST value in non-canyon surfaces shows daytime warming, which is
further confirmed by high Rn values. The net radiation is the function of incoming and
outgoing incident radiation, which is affected by surface-emissions and albedo. High values
of net radiation were observed for rooftops (1120 Watts/m2). The second highest values were
observed for the N-S canyons (1100 Watts/m2), followed by the turf grass (1080 Watts/m2)
and E-W canyons (1070 Watts/m2). There is sparse literature on the Rn values of different
urban surfaces; therefore, the study was not able to corroborate values (Allen et al., 2007).
However, based on the radiation balance of crops, the surfaces with high visibility of sky
(SVF>0.85) have the same values of Rn.
The soil heat fluxes (G) of the rooftops and E-W canyons were higher than the other
surfaces. The average value of rooftop surfaces was 20 Watts/m2 higher than the E-W
canyons. The same surfaces showed high values of LST and Rn. Additionally, the turf grass
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surface showed low G values (120 Watts/m2), hinting at lower longwave emission, hence
the night-time cooling (Svensson, 2004b). The second-lowest values were observed in the
N-S canyons (260 Watts/m2), with an SVF value of 0.73. The ground heat flux values
corroborate well with the literature (Salata et al., 2016; Silberstein et al., 2003) .
Table 4-2 presents the variance between the groups and within the groups. Each group
represents the 20 ROI data randomly sampled for the associated surface. The between-group
statistics, having a degree of freedom as 3, represent the variations between four different
surfaces, including roofs, turf grass, E-W canyons, and N-S canyons. In contrast, the withingroup statistics represent the variations within the pixels of the datasets. Since the size of
each ROI was selected as 20 pixels, and there are a total of 4 groups, the sample data is 80
and df is 76. The F statistic is the ratio of between and within groups’ variations. Therefore,
the high number of F represents the variation between the groups.
The highest values of the F statistic were observed for the SVF (41.46) at a 5%
significance level, demonstrating a difference between the groups. This difference is because
of the building heights and orientations, as well as the unique obstructed surfaces between the
groups. The second highest F statistic was observed for the LST (25.11); the variance was
significant at a 95% confidence interval. The difference between the groups is because of the
changes in the surface albedo, and unequal distributions of incident radiation, due to building
heights and orientations.
The conductive and un-reflected energy was interpreted from G and Rn. The F statistic
values for both Rn and G were similar. However, the difference in the variance for Rn was not
significant at a 5% significance level. The result can be interpreted as the non-reflected
energy from the sun is almost the same in the four groups, including roof surfaces, turf grass,
E-W canyons, and N-S canyons.
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The mean G values of the canyon and non-canyon areas were significantly different, as
presented in Table 4-2. The roof surfaces showed high G values. This is because of the
surface material and direct solar irradiance. The surface heat flux, in the absence of reflective
surfaces within the proximity, is a function of the surface absorption capacity. Since the roof
surfaces are made of concrete and brick materials, they have higher heat storage capacity than
the asphalt surfaces. The E-W canyons exhibit the same behavior by being only 20 W/m2
lower than the mean G value of roof surfaces. Lastly, the turf grass surface has shown the
lowest mean G values, assuring night-time cooling. Additionally, the N-S canyons have G
less than roof surfaces and E-W canyons.
4.4. Conclusions
The objective of the study was to determine the summer effects of radiative fluxes in the
canyon and non-canyon surfaces. Two prominent surfaces, including rooftop and turf grass
were considered as non-canyon surfaces. The canyons considered were N-S and E-W oriented.
OLI and LiDAR data were used for the estimation of variables, including SVF, LST, Rn, and
G. The variables demonstrated the daytime and night-time surface energy changes. The
datasets were overlaid on ROI to compare the effects of the canyon and non-canyon surfaces
on the variables. The analysis was done for the summers between 2014 and 2019.
The findings suggest that orientation, building geometry, and sky visibility (SVF) to the
surface play key roles in reflective (Rn), conductive (G), and thermal energy (LST). The N-S
canyons, having SVF values of 0.7, were observed to be 2oC cooler than the E-W canyons,
with an SVF values of 0.6. Similarly, the rooftops, with an average SVF of 0.9, shared the same
LST value with E-W canyons. The turf grass, with an SVF value of 0.94, was 6oC cooler than
the rooftops and E-W canyons, and 4oC lower than N-S canyons. Furthermore, E-W canyons
were 2oC warmer than the N-S canyons. The study employed an ANOVA test to test the
significance level of the means, and reported the significance level within all four groups.
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No significant differences in the variance were noticed in the values of R n for the four
groups of surfaces. The values of G increased with the presence of buildings, illustrating the
night-time emissions and heat absorption. The G values of the E-W canyons were 40 Watts/m2
lower than N-S canyons, which can be inferred as night-time warming in N-S canyons.
This study is the first to illustrate the night-time and daytime thermal changes using SVF,
LST, Rn, and G. The findings are helpful in understanding the thermal behaviors of different
canyons and urban surfaces. In the case of Phoenix, AZ, the turf grass and N-S canyons show
both daytime and night-time cooling; therefore, the authors encourage urban planners to
develop accordingly.
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Chapter 5
Microclimate Effects and Irrigation Water Requirement of Mesic, Oasis, and
Xeric Landscapes
5.1. Introduction
Over the decades, communities in arid regions have devised policies, such as turf grass removal
or replacement and the introduction of synthetic turf grass, as a heat mitigation strategies (St.
Hilaire et al., 2008). These policies have been adopted in the southwestern United States as
mitigation to drought emergencies. Recent policies include the Southern Nevada Water
Authority’s Water Smart Landscapes program, in which turf grass lawns were removed for a
certain amount of money (2 USD/ft2). The program reduced outdoor water consumption by 50%
(Southwest, 2006). Another similar policy was adopted by the metropolitan water district of
southern California. The program replaced 15.3 million square meters of turf with native species
(Pincetl et al., 2019; Sovocool, 2005). While these strategies may seem to have immediate
benefits, like reduced per capita water consumption, their long-term benefits are questionable
(Brelsford & Abbott, 2018).
The removal of vegetated surfaces exacerbates temperatures, especially in arid regions,
because of reduced transpiration rates (Fisher et al., 2011). This results in night-time warming,
which has been long known as the heat island effect (Oke et al., 2017). In urban areas, the heat
island effect causes outdoor thermal warming due to increased temperatures in summer (Hilaire
et al., 2008). This discourages the outdoor activities for residents, causing detrimental impacts to
their mental and physical health (Wood et al., 2017). Therefore, alternative strategies like water
efficient landscapes have recently gained attention in arid regions (Chow & Brazel, 2012; Middel
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et al., 2015; Mitchell, 2014). Water efficient landscapes include a variety of plant species ranging
from rain fed to low water use (Overview, 2013). The plant species reduce the evapotranspiration
rates by ~40% (Sovocool, 2005).
More recently, horticulturists and water managers have adopted a design strategy known
as xeriscaping, to maximize water savings in backyards (Mitchell, 2014). By adopting
xeriscaping, landscapes in residential areas are designed with low water use plants. These
landscapes are known as xeric. In contrast, landscapes having relatively higher water use species
are known as mesic and oasis landscapes. The difference between mesic and oasis landscapes is
the choice of species. The mesic landscapes have tree and turf grass vegetation, whereas oasis
landscapes possess high and low water use plant species, having evapotranspiration between
20% and 70% of the hypothetical plant, namely alfalfa (Kjelgren et al, 2016; Sellami & Sifaoui,
2003).
Simulating vegetated landscapes on a finer scale has been a challenge, as neither remote
sensing datasets nor climate stations can interpret the ground conditions (Nouri et al., 2013;
Saher et al., 2020). The remote sensing datasets have coarse resolution, which cannot capture the
spatial variability of the plant species (Nouri et al., 2013). On the other hand, climate stations
involve point measurements that, again, do not include spatial variability (Litvak et al., 2017;
Litvak et al., 2014; Litvak & Pataki, 2016).
The computational fluid dynamics (CFD) approach has recently gained attention to
simulate the ground conditions of urban landscapes (Crank et al., 2020; Middel et al., 2014;
Vahmani et al., 2016; Vahmani & Hogue, 2014; Wang et al., 2018). The soil-atmosphere-plant
interaction has been studied using urban canopy models. Kusaka and Kumara (2004) coupled a
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single layer urban canopy model to simulate the air temperature between two buildings. Another
study by Chen et al. (2011) modeled a multi-layer urban canopy to understand the emissions and
heat trapping between two buildings. Both canopy models are limited to five-meter resolutions.
Recent studies have coupled the urban canopy models to Noah Land Surface Models (LSM) to
improve the spatial resolution (Long et al., 2014; Vahmani & Hogue, 2014). The Noah LSM
models vary between 30 m to 100 km in resolution, and are more suitable for a local scale. In
addition, these tools are computationally demanding and data intensive.
ENVI-met, developed by Michael Bruse, is gaining attention to understand the
neighborhood scale level effects of soil-atmosphere-plant interactions (Bruse, 2004). The
interactions are modeled in terms of surface temperature, shortwave and longwave emissions,
and evapotranspiration (Battista et al, 2016). The model also offers three databases, including
wall, soil, and plant, to customize the surface.
Developed originally for temperate climates zones, ENVI-met has recently been gaining
interest in arid climate zones (Toudert & Mayer, 2007; Yang et al, 2013). A study by Middel et
al. (2014) investigated the air temperature for various urban forms of five neighborhoods in
Phoenix, Arizona The study reported 95% accuracy between the simulated and observed models.
Another study compared the remote-sensing-derived land surface temperature with the modeled
surface temperature in ENVI-met to understand the surface temperature effects on the
composition and configuration of Phoenix, AZ (Li et al., 2016). Later, Crank et al. (2020)
validated the mean radiant temperature of ENVI-met simulations in five fields of Phoenix, AZ
between 2014 and 2017, with six-to-23-hour simulations. The results reported that the model
should not be used under micrometeorological or morphological extremes without ground
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validation. In addition, a recent review paper by Saher et al. (2020) suggested ENVI-met as a
microclimate evaluator for better estimation of irrigation water requirements.
This study investigated the diurnal surface temperature, air temperature, wind speed, and
potential irrigation water requirements of three landscapes in the arid climate of Phoenix. The
overarching goal was to understand the microclimate effects on potential irrigation water
requirements. In this study, the microclimate effects were captured through changes in surface
and air temperature and wind speed. These effects were analyzed between the buildings and the
open sky. The study employed three landscapes, including mesic, oasis, and xeric, to understand
the effects of low water use species. The landscapes used turf grass and a variety of plant species
for the analysis. A list of the species is provided in Table 5-1. The landscapes were surrounded
by single story houses, inducing shades within the landscapes. To simulate the ground
conditions, the study employed the ENVI-met for two reasons. The first is its ability to model the
ground conditions at a resolution as low as one meter. The second reason is that it illustrates the
behavior of wind, temperature, and radiative fluxes within and over the buildings, trees, and
various surfaces.
5.2. Study Domain
The North Desert Village (NDV) was used as study area. It is located at Arizona State
University’s Polytechnic campus. It has three experimental sites, having mesic, oasis, and xeric
landscapes, as shown in Figure 1. The experimental sites were established in 2004. The
experimental sites were designed to provide the Central Arizona-Phoenix Long-Term Ecological
Research (CAP LTER) group a platform to study the plant-soil-water impacts in terms of thermal
and anthropogenic effects (Martin et al., 2007).
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The mesic landscape site included the mix of non-native, high water-use plants, trees, and
turf grass, as shown in Figure 1 (green pixels). The oasis and xeric landscapes used non-native
species. Table 5-1 lists the species. Figure 1 shows a 3D map of the experimental sites, with two
prominent surface features: buildings and vegetation. The landscapes are in proximity to each
other; therefore, their local climate zone is the same. The mesic landscape site is mostly covered
with turf grass and trees like Acacia stenophylla, Malus, and Myrtus communis, to name a few.
The oasis landscape encompassed a patch of turf grass, shrubs, and trees surrounded by singlestory residential buildings. Similarly, the xeric landscape was modeled with shrubs, vines, and
trees having sparse leaf area density. Each landscape had a micrometeorological station to
monitor the air temperature at 2 m height, and to monitor the surface temperature, soil heat flux,
and volumetric water content at 30 cm depth. The stations were installed in the middle area of
the landscapes, and are shown in Figure 1 with a red star. The micrometeorological stations are
used for the model evaluation.
5.3. Model Overview
ENVI-met is a three-dimensional dynamic model used to simulate the physical process of
surface-plant-air interaction. It can model the ground conditions at spatial resolutions ranging
between 0.5 and 10 meters. The model simulates the conditions for 24 to 48 hours with a -1 to 5second time step.
There are three databases needed for the model’s development. The databases include
soil, plants, and wall. The wall database is used for digitizing buildings. The database has a
variety of materials ranging from cement and concrete to glass and wood. The plant database has
a variety of species, including hedges and grass, along with palm, deciduous, and coniferous
trees. The species are classified into high- and low-leaf-area density. The ENVI-met allows the
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user to customize a species in case of its absence from the database. The customization is done in
an Albero tool of ENVI-met software, where the user can create a 3D-plant based on its
geometry, leaf area density, transmissivity, and biomass. The soil database includes both marbled
and natural soils including loamy sand, basalt, cement concrete, and many more. The limitation
of the current version is that it only supports uniform building materials. The profile database
models the ground layers having a combination of soil types. It models a 200 cm deep ground
layer. The profile database includes a range of surfaces, including loamy and sandy soil, as well
as different types of roads and pavements.

Xeric
Oasis

Mesic

Figure 5-1. Study area showing the mesic, oasis, and xeric landscape with their surface features;
red stars at each landscape shows the urban climate station used for the model evaluation.
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5.4. Data Preparations
This section is divided into three subsections. The first section provides details about the
customization of plant species in terms of input parameters for the landscapes. The second
section explains the material utilized to prepare the 3D buildings. The third subsection defines
the input parameters utilized for the soil types and their subsurface conditions.
5.4.1. Plant Database
The study customized a variety of species to model the three landscapes. The species include 18
shrub species and 25 tree species, as presented in Table 5-1. The customization was done in the
Albero tool. The xeric landscape included shrubs, native trees, and palm trees. The trees and
shrubs employed ranged between deciduous and coniferous plant types, as shown in Table 5-1.
The modeled trees were kept with low leaf area density, having, on average, a height of 15
meters. The mesic landscape involved 10 cm dense grass, along with a variety of deciduous trees
and shrubs, reported in Table 5-1. The modeled trees were classified as high leaf area density. A
high leaf area density has >50% canopy cover (McPherson, 2008). The height of the trees ranged
between 15 to 25 meters. The oasis landscape was modeled as a mix of high and low LAD, with
species like Lantana hybrid, Eucalyptus, and Nerium oleander. A detailed list of the species is
reported in Table 5-1.
The inventory of plant species and their physiological properties was retrieved from
various studies (Lalic & Mihailovic, 2004; Middel et al., 2015). These studies employed
regression models to determine the leaf area index (LAI) values for deciduous and coniferous
trees. The LAI is the product of the specific leaf area of the tree, and the total foliage biomass
based on the three diameters. The studies used a plant canopy analyzer namely LiCOR LAI-2000
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to determine the leaf area of the trees. The wall database was employed from the NDV study site.
The neighborhood employed is single-story residential structures with identical floor plans. The
building materials employed include stucco walls and asphalt shingle roofs. The thermal
properties of the materials were retrieved from (Fraunhofer, 2012).

Table 5-1 Trees, shrubs, and vines in the study area modeled using ENVI-met.
Species Biological Name

Mesic

Oasis

Xeric

Landscape

Landscape Landscape

Trees
Acacia salinica
Acacia stenophylla

•
•

•

•

Brachychiton populneus

•

Brahea armata

•

Corymbia papuana
Eucalyptus camaldulensis

•
•

•

Eucalyptus microtheca
Eucalyptus polyanthemos

•
•

Fraxinus uhdei

•

Fraxinus valutina

•

Malus (apple)

•

Melaleuca viminalis

•

•

Myrtus communis

•

•
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Species Biological Name

Mesic

Oasis

Landscape

Landscape Landscape

Parkinsonia hybrid

•

Phoenix dactylifera

•

•

Pinus eldarica

•

•

Pinus halepensis

•

•

Pistacia chinesis

•

Platanus wrightii

•

Platycladus orientalis

•

•

Prosopis hybrid

•
•

Prunus cerasifera
Ulmus parvifolia

Xeric

•
•

•

Washingtonia filifera

•
Shrubs and Vines

Bougainvillea hybrid

•

Caesalpinia pulcherrima

•

Caesalpinia gilliesii

•

Calliandra californica

•

Carissa macrocarpa

•

Chamaerops humilis

•

Encelia farinosa

•

Hesperaloe parviflora

•
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Species Biological Name

Mesic

Oasis

Landscape

Landscape Landscape

Lantana hybrid

•

Leucophyllum candidum

•

Leucophyllum frutescens

•

MacFadyena unguis-cati

•

Myrtus communis

•

Nerium oleander
Rosa hybrid

•
•

•

•

Ruellia brittoniana

•

Ruellia peninsularis
Tacoma capensis

Xeric

•
•

• modeled in the landscape

5.4.2. Soil Database
The soil database was retrieved from the NRCS database (NRCS, 2020). The soil at the study
sites are comprised of Mohall loam, consisting of clay loam, sandy loam, and loam (Adams,
1974). The soil input parameters include water content at saturation, water content at field
capacity, and water content at wilting point, as well as matrix potential, hydraulic conductivity,
volumetric heat capacity, and heat conductivity. All of these input parameters for soil type were
predefined in the ENVI-met soil database. To simulate the ground conditions, the study used
inorganic mulch (decomposing granite) for xeric and oasis neighborhoods. Mulch has a long
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history of being used in desert landscaping to reduce soil evaporation. Therefore, the non-turf
grass surfaces were covered with a 5 cm layer of mulch in order to preserve moisture. The soil
characteristics of decomposing granite were retrieved from Singer and Martin (2009).
In addition, the model requires the soil temperature and relative humidity data as input at
different depths, including 20 cm, 20-50 cm, and >50 cm layers. This data was retrieved from
NDV for different landscapes. Table 5-2 presents the input data of the soil temperature and
relative humidity for mesic, oasis, and xeric landscapes. Overall, the temperature ranged between
299.62 K and 308.4 K, while the relative humidity varied between 15% and 45%. The values of
relative humidity were higher for the mesic landscape because of the high soil moisture holding
capacity of turf grass, while higher values of surface temperature were reported for the xeric
landscape because of the high heat adsorption capacity of bare soil. Table 5-2 shows the ENVImet input parameters for the three landscapes.
5.4.3. Wall Database
The wall database was employed from the NDV study site. The neighborhood employed is
single-story residential structures with identical floor plans. The building materials employed
include stucco walls and asphalt shingle roofs. The thermal properties of the materials were
retrieved from Fraunhofer’s (2012) study. The properties include the surface albedo (walls and
roofs), transmissivity, emissivity, heat absorption capacity, and buildings’ inside temperature.
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Table 5-2 ENVI-met input parameters for three landscapes.
ENVI-met Input Parameters

Mesic

Oasis

Xeric

Landscape

Landscape Landscape

Soil Data
Initial Temperature (K)
Upper Layer (0-20 cm)

299.62

306.4

306.55

Middle Layer (20-50 cm)

300.62

307.4

307.55

Deep Layer (>50 cm)

301.62

308.4

308.55

Relative Humidity (%)
Upper Layer (0-20 cm)

99

99

99

Middle Layer (20-50 cm)

99

99

99

Deep Layer (>50 cm)

99

99

99

Meteorological Data
Wind speed, 10 m above ground

1.50

Wind direction (0:N, 90:E, 180:S, 270:W)

280

Roughness length at reference point

0.01

Initial temperature atmosphere

299

Specific humidity in 2500 m [water/air]

2.39

Relative humidity in 2m (%)

23

Cloud cover

0
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5.5. Methods
This section is divided into four subsections. The first section explains the model setup to
digitize the site and prepare the simulation file. The second section describes the model’s
evaluation, which was done by comparing the simulated datasets with the observed. The third
section illustrates the steps taken to extract the surface temperature, air temperature, and wind
speed datasets. The final subsection explains the data extraction, along with the estimation of
irrigation water requirements.
5.5.1. Model Setup
The model setup required five major steps, as shown in Figure 2. The first step was to digitize
the site. The second step was to prepare the simulations file. The third step involved the
preparation of meteorological data, while the fourth step involved preparing the simulation file.
The fifth step analyzed the outputs in terms of spatial maps.
The digitization of the site required a bitmap of the actual site, along with the database
for the surface characteristics. The digitization involved a bitmap image of the actual site, which
was used to define the surface characteristics. Additionally, the latitude and longitude
coordinates, model geometry, and soil type in grid cells was defined. This study classified the
site into eleven classes, including building, garage, patio, soil, street, grass, walkaway, tree,
shrubs, and succulents, as shown in Figure 2. The garage, patio, and walkway are grouped as
hardscape. The modeled residential buildings were single story; therefore, the building heights
were kept at 5 meters. The plants and soil types were introduced according to their ground
conditions. The surface albedo and emissions of different land covers ranged between 0.3 and
0.55, based on various literature (Middel et al., 2014). The xeric and oasis landscapes were
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allotted low-leaf-area density trees and shrubs, while the mesic landscape had high-leaf-area
density.
The second step involved the allotment of time steps and leaf area density. As ENVI-met
simulates ground conditions between 24 and 48 hours, the time step was set at 24 hours. This
was done to understand the diurnal effects. The time step for the simulation was set for 20
minutes. This means that the mode would generate the spatial data at 20-minute intervals for 24
hours.
The third step involved the preparation of meteorological data for the simulation. The
model required minimum and maximum air temperature and humidity data. It also required wind
direction and speed. Lastly, the model utilized the soil temperature data for 50 cm depth. The
hottest day of the year in 2011 was selected for the analysis, i.e., June 23, 2011.
The fourth step was to prepare a simulation file. The file required a digitized model and
meteorological data that was prepared in steps 1 through 3. The input parameters are listed in
Table 5-2. Once the simulation was prepared, the three landscapes, including mesic, oasis, and
xeric, were checked for errors before starting the simulations. Depending on the processors'
computational power, the simulation process could range from 24 to 60 hours.
The final step was to analyze the outcomes in the Leonardo interface. The interface provided 2D
and 3D options to visualize the model. It also allowed the time series analysis for each defined
cell. For this study, the interface was used to prepare the spatial 2D maps of air temperature and
surface temperature. The study also provided the 3D spatial maps of the landscape.
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5.5.2. Model Evaluation
The model was evaluated by comparing the simulated air temperature values with the observed.
The study followed the methodology suggested by Willmott (1981). The deviation between the
observed and simulated values was reported using root mean square error (RMSE) and mean
absolute error (MAE). The bias in the model was calculated using mean bias error. The index of
agreement between the observed and simulated data points was calculated to determine the
degree to which the model was error free. It ranged between 0 and 1; a value of d=1 indicated
that the simulated and observed values were error free.

Figure 5-1 Computational steps for modeling the three landscapes using the ENVI-met tool.
The simulated data was extracted through a receptor. The receptor was a grid cell
selected before the simulation run. The simulated data points were extracted by introducing a
receptor at the location where the climate station was present, as shown in Figure 5-1 (red stars).
124

This was done to have a dataset at that point for comparison. The model was validated by
comparing the time series of air temperature at 2 m with the simulated data points, as presented
in Figure 3. Because of model spin up time, the literature suggested using only the sunshine
hours for validation (Battista et al., 2016; Lin & Lin, 2016; Zhang et al., 2017). Therefore, the
validation was done for 15 hours.
5.5.3. Determination of Microclimate effects
Spatial maps and time series plots were created for the three landscapes in order to understand
the microclimate effects. In this study, the microclimate effects were limited to the potential air
temperature, surface temperature, and wind speed patterns between the three landscapes. These
effects were investigated in an open sky setting and between the buildings. Ten random cells of
shrubs, turf grass, and trees were considered. The sampling was done for the open sky plants and
between the buildings. The mean of the ten random samples was considered.
5.5.4. Determination of Potential Irrigation water requirement
The potential irrigation water requirement is the function of evapotranspiration and irrigation
efficiency. The evapotranspiration was estimated using the ENVI-met model. The values
considered were the average of the cells in the open sky, while the irrigation efficiency was
assigned based on the landscape type. The plant stomata in the model was assigned a zero value
for the hours of the sunset. The xeric landscapes used drip irrigation and its efficiency ranged
between 75% and 90%. Because of the application of reclaimed water and leaching factors, the
study considered a conservative approach and assigned 85% as irrigation efficiency. The mesic
landscape used sprinkler irrigation for the turf grass, with an irrigation efficiency of 75%. An
average of both the irrigation practices (80%) was assigned to the oasis landscape. Because the
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landscape utilized shrubs and trees, along with a small parcels of turf grass; therefore, it was
assigned a drip irrigation system.
The three landscapes were compared with a cool-season grass, namely tall fescue, and
Bermuda grass. The evapotranspiration of both grass is higher than the landscapes. The
landscapes were compared to the two types of grass in order to understand the difference because
of the mixed species.
The simulated data points were extracted by introducing a receptor at the location where
the climate station was present, as shown in Figure 5-1 (red stars). The model was validated by
comparing the time series of air temperature at 2 m with the simulated data points, as presented
in Figure 5-3. Because of model spin up time, the literature suggested using only the sunshine
hours for validation (Battista et al., 2016; Lin & Lin, 2016; Zhang et al., 2017). Therefore, the
validation was done for 15 hours. Overall, the three landscapes conform to the ground
conditions, as shown in Figure 5-3. The xeric landscape showed a high RMSE of 1.92oC. The
second highest value was observed for mesic landscape (1.50oC), followed by oasis landscape
(0.86oC). The ENVI-met tool reportedly performed poorly in areas with xeric landscape, as it
was designed for temperate climates (Chow & Brazel, 2012; Crank et al., 2020a).
5.6. Results and Discussion
This section is divided into three sections. The first section states the model evaluation variables
in the landscapes. The second section discusses the microclimate effects in the landscapes in
terms of surface temperature, air temperature, and wind speed. The third section explains the
irrigation water requirements in terms of evapotranspiration.
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5.6.1. Model Evaluation
The model was evaluated by comparing the simulated air temperature value with the observed.
The study followed the methodology suggested by Willmott (1981). The deviation between the
observed and simulated values was reported using root mean square error (RMSE) and mean
absolute error (MAE). The bias in the model was calculated using mean bias error. The index of
agreement between the observed and simulated data points was calculated to determine the
degree to which the model was error free. It ranged between 0 and 1; a value of d=1 indicated
that the simulated and observed values were error free.

Table 5-3 Model evaluation using basic statistics between observed and simulated air
temperatures at 2 meters.
Model Parameters

Mesic Oasis

Xeric

RMSE

1.50

0.86

1.92

MBE

0.91

0.21

1.69

MAE

1.33

0.56

1.70

d

0.98

1.00

1.00
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(a)

(b)

(c)

Figure 5-2 Model evaluations by comparing the observed and simulated air temperature at 2
meters height for mesic (a), oasis (b), and xeric (c) landscapes.
5.6.2. Microclimate effects of Landscapes
To explain the microclimate conditions, this section is divided in to three subsections. In the first
subsection, variations of surface temperature at noon in mesic, oasis, and xeric landscapes are
explained through spatial maps. The second subsection explains the spatial variations of wind
speeds through 3D spatial maps provided for the mesic, oasis, and xeric landscapes. The third
subsection provides the diurnal variation of air temperature and wind speed at two meter’s
height. An open sky vegetated surface, as well as the vegetated surface between the buildings
were considered for the diurnal effects. The diurnal variations are explained using a line graph.

5.6.1.1. Variation in Surface Temperature
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The building height, soil type, and soil profile were the same for the three landscapes. The three
landscapes were in the same local climate zone and less than one mile from one another.
Therefore, it is safe to assume that the diurnal surface temperature variations are because of the
surface energy exchanges. Figure 5-4 shows the surface temperature variations of the three types
of landscapes at noon. The blue color shows lower temperatures, while red and pink show higher
temperatures.
Figure 5-4 (a) shows the mesic landscape with eleven single story buildings, having a
five-meter height, surrounded by trees and turf grass. The highest temperature in the landscape
was reported as 66oC, visible at the outskirts of the neighborhood (pink spots), while the lowest
temperature reported was 26oC, observed for the shaded surfaces between the buildings. A
median value of 55.5oC was observed for the landscape. Additionally, the surfaces with tree
shade (orange pixels) showed 4oC lower surface temperature than the turf grass surfaces (red
pixels). The lowest temperature was observed for the surfaces having both building and tree
shade (cyan pixels). An 8oC difference in temperature was observed between the surfaces under
tree shade and surfaces under building and tree shade. In addition, a difference of 4oC was
observed between the turf grass surfaces with and without tree shade.
The average surface temperature of the oasis landscape was comparable to the mesic
landscape, as shown in Figure 5-4 (b). However, the lowest temperature observed in the
landscape was 5oC higher (31oC), and the maximum temperature was 1oC lower (65oC) than the
mesic landscape. The highest temperature was observed for the hardscapes (pink and red pixels)
at the outskirts, while the surfaces between the buildings and under the tree shade showed lower
temperatures (yellow and green pixels). In addition, the surfaces between the buildings were 49oC cooler than the open sky surfaces, as visible in Figure 5-4 (b).
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The xeric landscape was 1oC warmer than the mesic and oasis landscapes (Figure 5-4(c)).
The maximum surface temperature was observed at the outskirts of the neighborhood. The
maximum temperature was 1oC higher than the mesic landscape and 2oC lower than the oasis
landscape. The minimum surface temperature was 7oC higher than the mesic landscape and 3oC
higher than the oasis landscape.
Overall, the variations in minimum surface temperature could be inferred into cooling
due to landscape. The cooling effects were higher for the mesic landscape because of its tree/turf
landscape. The xeric landscape contributed relatively less in cooling the surface.
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Figure 5-3 Surface temperatures of the mesic (a), oasis (b), and xeric (c) landscapes at noon.

(c)

(b)

5.6.1.2. Spatial Variation in Wind Speed
A greater temperature difference induces increased wind speeds. As discussed in Section 4.1.1,
the temperature differences between the landscapes caused variations in wind speed. Figure 5-5
presents a 3D view of the landscapes with surface features and wind speed. The vegetation is
presented as trees with five different classes of leaf area density. The presence of buildings and
trees reportedly reduces the wind speed by breaking kinetic energy, causing turbulence (Fisher et
al., 2007).
In the mesic landscape, the maximum wind speed was reported as 1.20 m/s (pink and red
pixels), and the minimum wind speed was 0 m/s (cyan and yellow pixels), as shown in Figure 55 (a). The mesic landscape was modeled with high-leaf-area density shrubs and trees, ranging
between 15-25 meters. The increased wind speeds were observed at the outskirts of the
neighborhood, while the low wind speeds were observed surrounding the buildings and trees.
High wind speeds were observed in the northeast surfaces between the buildings. The author
suspects this to be due to a venture effect induced by the temperature gradient and exacerbated
by the presence of two obstructions, like buildings and trees.
In the case of the oasis landscape, the wind speed was higher for the surfaces between the
buildings and trees, as shown in Figure 5-5 (b). The landscape was modeled with spherical trees,
having crowns of 15 meter and depths of 20 m. The difference was 0.1 m/s between the surfaces
obstructed by the buildings and the open sky.
The xeric landscape was modeled with low-leaf-area density and spherical trees and
shrubs ranging between 5-15 meters (Figure 5-5 (c)). Relative to the two landscapes, the xeric
landscapes showed lower wind speeds. However, the wind speed within the buildings was 0.3
m/s higher than the oasis landscape and 0.1 m/s more than the mesic landscape.
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Figure 5-4 Wind speeds for mesic (a), oasis (b), and xeric (c) landscapes at noon.

5.6.1.3. Diurnal Variation in Air Temperature and Wind Speed
Figure 5-6 (a) shows the average behavior of the air temperature for mesic, oasis, and xeric
(a)landscapes. The turf grass surfaces were considered for (b)
the air temperature response. Turf grass
within open sky and surrounded by buildings and trees was reported. This was done to
understand the thermal effects of the presence of the buildings and trees. Overall, the Figure
shows the cyclic behavior of air temperature. The peak air temperature was observed at 15th
hour, at 48oC. The lowest air temperature was observed at the sixth hour of the day (25oC). A
temperature difference of 23oC throughout the day hints at increased wind speeds. Overall, no
dramatic difference was observed for the vegetated surfaces with open sky or between buildings.

Figure 5-5 (a) Diurnal variation of air temperatures for the landscapes; (b) diurnal variation of
wind speeds for the landscapes.
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Lower air temperature was observed for the mesic landscape. This behavior was
expected. However, the mesic landscape showed a 2oC higher air temperature during peak
daytime hours (11:00-13:00) for the surfaces between buildings. This effect could be induced by
the emissions of the wall surfaces, causing heat trapping.
The oasis landscape showed a similar pattern of air temperature variation as mesic
landscape. However, interestingly, the air temperature of an open sky surface between 11:0013:00 hours was 1oC lower than the mesic landscape. Furthermore, a dramatic drop in air
temperature (2oC) was observed for prolonged periods (10:00-16:00) in oasis landscape surfaces
between buildings. However, the nighttime air temperature was observed to be similar to the
xeric landscape.
The xeric landscape showed, on average, a 3oC higher temperature than the mesic and
oasis landscapes. The xeric landscape employed low water consuming plant species with sparseleaf-area density. This reduced the transpiration rates, and therefore, increased air temperatures.
The air temperatures of the xeric landscape in an open sky and between surfaces showed the
same behavior.
Figure 5-6 (b) shows the overall wind speeds of the landscapes. The mesic landscape
showed a lower range of wind speed, while the oasis and xeric landscapes showed a similar
range for wind speed. The wind speed of a landscape inherently depends on the temperature
gradient and surface obstructions. The modeled mesic landscape was comprised of 26 spherical
trees surrounded by 11 single story houses of five meter’s height. The presence of trees reduces
air temperature, and therefore, wind speeds. The presence of buildings further breaks the currents
of wind speeds. As a result, the wind speed was observed to be lower than the two other
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landscapes. This is further confirmed by the behavior of wind speed between buildings having
0.1 m/sec lower wind speed than open sky surface.
The surfaces of xeric and oasis landscapes between buildings showed higher wind speeds
than open sky. This is because of the presence of fewer trees. The literature has reported that the
presence of trees reduces wind speed (Chatzidimitriou & Yannas, 2016; Litvak et al., 2014;
Pataki, McCarthy et al., 2011). Both oasis and xeric landscapes were modeled with 10-15 trees,
which explains the low wind speeds in the open sky. In addition, in the absence of trees, the
buildings induce a venturi effect on the wind, inducing an increased speed.
The wind speed for the oasis landscape was higher than the xeric landscape. In the case
of open sky surfaces, the diurnal variation of the oasis landscape showed an increase in wind
speed, while the surfaces between buildings showed a steep decrease in wind speed.
5.6.2. Potential Irrigation Water Requirement of Landscapes
The irrigation water requirements of the landscapes were estimated as a function of
evapotranspiration and irrigation efficiency. The values of evapotranspiration are the average
over the landscape. Overall, the mesic landscape showed higher values of evapotranspiration,
followed by the oasis and xeric landscapes. The evapotranspiration rates were high between
11:00 and 12:00, followed by a steep drop in the afternoon (13-15). This diurnal effect was
uniform throughout the three landscapes. The oasis landscape showed lower evapotranspiration
rates (~0.3 mm/hr.) than the mesic landscape. The xeric landscape showed overall lower
evapotranspiration throughout the day, with, on average, a 0.5 mm/hr lower evapotranspiration
rate than the mesic landscape, and a 0.3 mm/hr lower than the oasis landscape.
The comparison of evapotranspiration with tall fescue showed a decrease in
evapotranspiration. The mesic landscape showed a 50% decrease evapotranspiration while the
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oasis and xeric landscapes showed 52% and 56% decrease in evapotranspiration. In a similar
way, the comparison of landscapes with short Bermuda grass showed a decrease of 43%. 46%,
and 53% in mesic, oasis, and xeric landscapes, respectively.
The potential irrigation water depths were determined using the irrigation depths. This
was estimated as a function of evapotranspiration and irrigation efficiency. The irrigation depth
of the mesic landscape was slightly higher than the oasis landscape (~0.1 mm/hr.). However, the
xeric landscape showed 0.5 mm/hr lower irrigation water depth than the xeric and mesic
landscapes. The irrigation water depth of landscapes in comparison with tall fescue was lower;
having 50%, 55%, and 64% decrease in mesic, oasis, and xeric landscape. In a similar way, the
comparison of irrigation water depth between short Bermuda grass and landscapes showed a
decrease of 43%, 49%, and 59% for mesic, oasis, and xeric landscapes.
(a)

(b)

Figure 5-6 (a) Evapotranspiration rates of the landscapes; (b) potential irrigation water depths of
the landscapes.
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5.7. Conclusions
The objective was to simulate three typical landscapes in an arid region to understand the
microclimate conditions and irrigation water requirements. The goal was to determine a
microclimate and irrigation water efficient landscape. The three landscapes include mesic, oasis,
and xeric. The microclimate effects were determined by analyzing the spatial maps and diurnal
plots of surface temperature, wind speed, and air temperature. The landscapes were modeled
using the North Desert Village plant data with an aid of an ENVI-met tool. The tool utilizes
building and atmospheric physics algorithms to determine the plant-soil-atmosphere interaction.
The landscapes were simulated for 24 hours for the hottest day of the year, i.e., June 23, 2011,
using Phoenix, AZ’s climate data.
The findings suggest oasis landscapes are 5oC warmer than mesic landscapes. However,
the surface temperatures at the hardscapes for both mesic and oasis landscapes were comparable.
The xeric landscape was 1oC warmer than the mesic and oasis landscapes over the hardscapes.
Additionally, the vegetated surfaces for the xeric landscape were 7oC warmer than the mesic and
oasis landscapes.
The presence of trees increased the wind speeds of the landscapes. This was evident from
the difference of wind speeds between the three landscapes. The mesic landscape, with tall trees
(height-15-25m), showed higher wind speeds, especially between buildings and trees, while the
xeric landscape, modeled with shrubs and sparse-leaf-area trees, having heights of 5 m, showed
low wind speeds. The increased wind speeds between buildings is known as the venturi effect,
which reportedly induces higher evaporation (Fisher et al., 2007b).
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Overall, the mesic landscape induced a cooling effect, in terms of lower surface
temperature and wind speeds. However, the surfaces between buildings were 2oC warmer than
the surrounding area at noon time, hinting towards heat trapping. On the other hand, the oasis
landscape showed 2oC lower air temperature than the mesic landscape at the peak daytime.
However, the oasis landscape showed nighttime air temperature similar to the xeric landscape.
The potential evapotranspiration of the mesic landscape was highest, followed by the
oasis and xeric landscapes. The oasis landscape showed, on average, a 0.1 m/sec reduction in the
depth of irrigation. The xeric landscape reported the lowest depth for irrigation.
The most efficient landscape is, perhaps, the oasis landscape, as it contributes to daytime
cooling, with a low irrigation water requirement, as compared to the mesic landscape. The xeric
landscape is the more water efficient landscape; however, it did not promise outdoor thermal
comfort, including reduced air temperature or wind speeds.
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Chapter 6. Conclusions and Limitations
This dissertation makes various theoretical and methodological contributions to urban
microclimate research. The theoretical contribution involves the review study on the state of the
art of urban evapotranspiration, including the advancements, limitations, and potential
opportunities. The methodological contribution involves devising the frameworks to understand
land-use change, street canyons, and landscape type on the surface energy budget and
evapotranspiration. The methodological contribution was divided into three objectives, while the
theoretical contribution was presented as a literature review.
The literature review concluded that ET is a complex physical process that lacks theoretical
development but can improve ET. It is complex because of its sensitivity to air temperature, solar
radiation, land cover types, building, and street orientations, and radiative shade dynamics, along
with landscape type. Two approaches, including the landscape coefficient method and surface
energy balance, were considered to estimate ET in urban areas. Over the 17 year review period,
the advancements include improving the frequency of remote sensing datasets using MODISLandsat fused algorithms, introducing the spatial variability of atmospheric advection, and
standardizing the selection criteria of landscape factors. It also highlights the models' inherent
limitations, including the over-simplified microclimate concepts, coarse resolutions to model the
ET, and exclusion of seasonal fluctuations in ET modeling. Also, the chapter provides potential
improvement opportunities, including the coupling of urban canopy models to existing remote
sensing algorithms using numerical modeling tools like ENVI-met, along with adapting UAVbased technologies for ET estimation.
The first objective evaluated the land-use change effects on LST, albedo, and ET in arid
regions. The land-use changes include residential, commercial, asphalt, and turf grass surfaces.
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The study provided a remote sensing framework using the ROI sampling technique, TM and OLI
datasets, and the METRIC algorithm. The key findings suggest an increasing trend in LST for all
the land uses except for the turf grass. The decreasing trend was noticed for the turf grass
because of increase in vegetated surface (NDVI = 0.01-0.02/year-Summer) which increased ET
by 0.04 to 0.08 mm/year-Summer. In addition the commercial and asphalt surface were the main
contributors in increasing the LST (0.2 K/year-Summer and 0.8 K/year-Summer). In addition,
the commercial surfaces decreased the surface albedo by 0.4± 0.01 with a Sen’s slope (S) of
0.001-0.003 units/year-Summer. Turf grass removal increased the temperature by 20±0.3 K,
while urbanization, in general, increased LST by 5± 0.3 K. Roadway surfaces, primarily covered
with asphalt, were the main contributor to temperature increase of LST 17± 0.1 K and S=0.2-0.8
K/year-Summer, while decreasing albedo by 0.3± 0.01 with S=0.001-0.003 /year-Summer. This
chapter highlights the importance of material properties using surface albedo in changing the
surface energy fluxes in terms of surface temperature and ET rates.
The second objective analyzed the LST, Rn, and G to determine the daytime and nighttime
warming. The nighttime and daytime warming were inferred using net radiation, soil heat flux,
and surface temperature. The analysis was conducted on three types of surfaces, including
rooftop, turf grass, and surface canyons. The framework was devised using high-resolution
datasets, including LiDAR and OLI-derived datasets. The presence and proximity of the
buildings are represented using SVF. The key findings suggest that the canyons’ land surface
temperature (LST) was 5oC lower than the rooftop surfaces. The turf grass surfaces were 4oC
cooler than the canyon surfaces. In addition, the orientation of canyons showed a significant
effect on the thermal changes of the city. The N-S oriented canyons were relatively cooler than
the E-W oriented canyons for Phoenix metropolitan area. The N-S canyons demonstrated lowest
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heat trapping both in day-time and night-time through Rn and G. A 50 watt/m2 higher value of G
was observed in E-W canyon compared to N-S canyon. Even though this study was helpful in
highlighting the canyons’ role in urban areas, it fell short in understand microclimate conditions
such as shade dynamics within the canyons. This led us to move towards numerical modeling
approach which is further explained in the next chapter.
The third objective determines the surface temperature, air temperature, wind speed,
evapotranspiration, and irrigation water requirement of three landscapes. The three landscapes
include the mesic, oasis, and xeric. To simulate the landscapes, 43 species were modeled using
ENVI-met. The surface temperature, air temperature, and wind speed explain the microclimate
effects of the landscapes. The key results show that the mesic landscape induced the cooling
effect both in the daytime and nighttime by reducing the surface temperature, air temperature,
and wind speed. However, the mesic landscape showed a high-water consumption because of
high leaf area density. The oasis landscape showed more daytime cooling than the mesic
landscape. However, the nighttime warming was xeric landscape. The oasis landscape’s potential
irrigation water requirement was lower than mesic landscape. In addition, the surfaces between
the buildings showed varying microclimate conditions. In the case of the mesic landscape, the
surfaces showed higher wind speeds and temperatures. In contrast, the xeric landscape showed
lower wind speeds and air temperatures between buildings. Overall, the oasis landscape was
predicted to be the most efficient of the three landscapes as it helped in inducing daytime cooling
and showed lower irrigation water requirement.
This study utilized a range of datasets and have observed that for urban areas OLI and TM
derived datasets may not be useful for understanding the microclimate conditions because of
three reasons. The first reason is the coarse resolutions. The OLI and TM derived datasets
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possess 30 meter resolution, and typically a residential lot in urban area is less than 900 sq.
Meter. This creates the potential for bias within a single pixel. Although many statistical
techniques exist to segregate the spectral signature within the pixels, their performance to date
have been rather weak. The second reason is the temporal frequency. The datasets are available
as a snapshot every 14 days, which stints the ability to understand diurnal thermal effects.
Although Landsat-MODIS fused algorithms have been able to provide the datasets every week,
this sample frequency is still too coarse to understand night-time warming effects (Jamshidi et
al., 2019). The third reason is the omission of building height and shade dynamics, which can be
quantified by the presence of three dimensional objects. In the third chapter we used LiDAR data
to understand the canyon effects; however, because of spatial variability we ended up resampling
the high resolution data to 30 meter. A high resolution models having 1 meter resolution are
available for the analysis. A few of the models include ENVI-met and RayMan to understand the
microclimate effects. However, these models be considered with caution as recent literature have
highlighted their inefficiency in terms of summertime and their sensitivity to calibration and
validation (Crank et al., 2020b). Also, it is worth to note that these models are highly dataintensive, which makes their applications limited (Battista et al., 2016).
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Chapter 7. Recommendations
Results of the study indicate that city planners could employ high albedo roofs, as they reduce
the surface temperature and heat absorption, ensuring both daytime temperature reduction and
better nighttime cooling. These roofs include white paint coats. Such efforts can reduce the
surface temperature by 2-4 K, ultimately reducing urban ET rates. Previous studies have also
reached the same recommendation for Los Angeles metropolitan area.
Urban water managers are also advised to consider the oasis landscape over the mesic
and xeric landscapes, especially in arid regions. The city planners have recently considered an
aggressive approach to convert the mesic landscape into a xeric landscape. Although the short
term benefits are convincing in terms of per capita water reduction, the long-term effects could
be an increase in air temperature, causing a pronounced urban heat island effect. This will create
long term stress on already dwindling water resources of arid regions. Oasis landscapes comprise
of mixed-species having low water use species surrounded by trees and turfgrass. The landscapes
require relatively less water than mesic landscape. However, they pose more cooling than mesic
landscape.
Lastly, urban climatologists are recommended to employ numerical modeling approaches
to model ET rates in urban areas. I found myself resampling a fine resolution dataset extracted
through LiDAR to match 30-meter resolution datasets along the course of this research. This not
only limited the spatial variability but created various biases. Therefore, to understand the
microclimate effects in urban areas, it is recommended to utilize fine-resolution numerical
models. However, these models are data-intensive and computationally cumbersome and may
not be applicable in the majority of cases.
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9. Saher, R., Rind, M. A., Devnani, R., (2017). “Required Friction Vulnerability Analysis of
Indus Highway (N-55), Sindh, Pakistan”, International Conference on Sustainable
Development in Civil Engineering, MUET, Pakistan.

National
1. Saher, R., Maqsood, H., Ali, M., Ghanghro, S., “Potential for Hydropower Generation in
Sindh- A Case Study of Lower Nara Canal & RD 26”, (2017). 1st National Young
Researcher’s Conference on Water and Environment, USPCAS-W,Mehran UET, Jamshoro,
Sindh.

Conference Presentations
International
1. Saher, R., Rind, M.A., Devnani, R., (2017).” Required Friction Vulnerability Analysis of
Indus Highway (N-55), Sindh”. International Conference on Sustainable Development,
Mehran UET, Jamshoro, Pakistan.

2. Rind M.A., Saher R, Ansari K., Ahmad S., (2018). “2D Flood Vulnerability Analysis of
Lower Indus River, Sindh: Past & Future”. World Environmental and Water Resources
Congress 2018, Mineapolis, MN, USA.

3. Saher, R., Ahmad, S., & Stephen, H. (2019). “Analysis of Changes in Surface Energy Fluxes
Due to Urbanization in Las Vegas”. World Environmental and Water Resources Congress
2019, Pittsburgh, PA, USA.
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4. Siyal, A. A., Bhatti, A. M., Babar, M. M., Ansari, K., Saher, R., & Ahmed, S. (2019).
“Environmental Impact of Conversion of Natural Wetland into Reservoir: A Case Study of
Chotiari Reservoir in Pakistan”. World Environmental and Water Resources Congress 2019,
Pittsburgh, PA, USA.

National
1. Saher, R., Stephen, H., & Ahmad, S. (2020). “Exploring the Science of Urban

Evapotranspiration: Bibliographical Analysis”. 2020 Nevada Water Resource Association
(NWRA) Annual Conference, Las Vegas, NV, USA.

2. Saher R., Dhanji M. Rind M., Aly U., (2017). “Rainfall-Runoff Harvesting of Karoonjhar
Mountains- Tharparkar, Sindh”. 2017 Watershed Symposium Salt Lake City, UT, USA.

Local
1. Saher, R., Maqsood, H., Ali, M., Ghanghro, S., (2017).” Potential for Hydropower
Generation in Sindh-A Case Study of Lower Nara Canal & RD 26”. 1st National Young
Researchr’s Conference on Water and Environment, United States Pakistan Center for
Advanced Studies in Water, Mehran UET, Jamshoro, Pakistan.

2. Saher, R., Ahmad, S., & Stephen, H. (2018). “Evapotranspiration of Las Vegas”. 8th
Graduate Celebration, College of engineering UNLV, NV, USA.
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3. Saher, R., Ahmad, S., & Stephen, H. (2018).” Study of Outdoor Water Demand using
Hydrological Modelling and Remote Sensing”. Southern Nevada Water Authority (SNWA)
Team, UNLV, NV, USA.

4. Saher, R., Ahmad, S., & Stephen, H. (2019). “Role of Urbanization in Changing Surface
Energy Fluxes”. 9th Graduate Celebration, College of engineering UNLV, NV, USA.

5. Saher, R., Stephen, H., & Ahmad, S. (2020). “Analyzing the Effects of Land Use Change on
Surface Temperature and Albedo in Las Vegas Valley”. : Student Research Forum, Graduate
and Professional Student Association, UNLV, NV, USA.

Professional Societies

x

Student Member of American Society of Civil Engineers (ASCE) (since 2019)

x

Mentor at Women Water Nexus, ASCE (since 2019)

x

Student Member Board of Directors, Nevada Water Resource Association (NWRA) (since
2018)

x

Registered Engineer with Pakistan Engineering Council (since 2015)

Teaching/Work Experience

x

Designed a course curriculum of Elementary Surveying for Department of Civil and
Environmental Engineering and Construction at University of Nevada, Las Vegas (08/2021)
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x

Organizer of 1st National Conference on Water and Environment, USPCA-W, Mehran UET.
Pakistan, 2017

x

Member of reviewing panel at International Conference on Sustainable Development in Civil
Engineering (ICSDS), Karachi, 2017

Community Service

x

Chair of Sah Foundation (since 2017)

Media Communications

x

Interview with USAID Pakistan
https://www.facebook.com/USAIDPakistan/posts/mypakistan-i-grew-up-in-a-small-town-of-matiariin-sindh-province-since-childhoo/1911666805520858/

x

Student Spotlight, Nevada Water Resource Association
http://www.nvwra.org/student-of-the-month

Modeling and Computer Skills

Geospatial & Climate Analysis Tools
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ArcGIS (Hydrodesktop)

Expert (Comfortable in performing variety of analysis including
watershed delineation, spatial analysis, thematic map generation,
LAS dataset analysis)

QGIS (SUEWS and

Expert (developed different terrain/vegetated models, estimation

LASTools,)

of radiation and Sky View Factor)

GRASS

Proficient (aware of the interface, can do simple spatial analysis)

SAGA GIS

Proficient (comfortable with the interface and basic spatial
analysis)

Cloud Compare

Proficient (familiar with the interface, fluent with LiDAR data
processing)

ENVI-met

Proficient (familiar with the interface, can digitize, simulate, and
perform advanced visual analysis using Leonardo)

Programming Tools
MATLAB

Expert (image processing including ROI analysis, clipping, and
extraction of matrix data points, coding of the algorithm, statistical
analysis)
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C ++

Novice (familiar with the interface and language, can write a basic
script, can read complex scripts)

Statistical Tools
R package

Proficient (familiar with the interface, scriptwriting, and
comfortable with various libraries for statistical analysis)

SPSS

Proficient (familiar with the interface, and comfortable with
performing various statistical analysis)

MiniTAB

Novice (familiar with interface, scriptwriting, qqlot and ggplot
generation)

Hydrological Tools
SWMM & PCSWMM

Proficient (familiar with the interface, can design and analyze the
water distribution system with different scenarios)

HECRAS

Proficient (familiar with the interface, can design and analyze
different hydraulic structures)

WATERCAD

Proficient
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HECHMS

Proficient (familiar with the interface, comfortable with rainfall
runoff analysis using different land cover change scenarios)

WEAP

Proficient (familiar with the interface, comfortable with various
analysis)

SIRMOD

Novice (familiar with the interface and basic applications)

MODFLOW

Novice (familiar with the interface and basic applications)

EPANET & EPANET 2

Novice (familiar with the interface and basic applications)
Resource Management Tools

STELLA

Novice(familiar with the interface; fluent in building the model
and running different scenarios)

LINGO

Proficient (can develop and run different optimization model;
fluent with the development of nonlinear objective function and
constraints)

LINDO

Proficient (can develop and run different optimization model;
fluent with the development of nonlinear objective function and
constraints)
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RETScreen

Proficient (familiar with interface, fluent in comparing different
renewable energy scenarios under different scenarios to
understand the technical feasibility)

Engineering Tools
Extended 3D Analysis of

Proficient (familiar with the interface and fluent in building

Building Systems

structural analysis)

(ETABS)
AutoCAD (Computer

Proficient (familiar with the interface and fluent in developing

Aided Design)

both 2 and 3 dimensional plans and cross sections)
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