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On the Spatio-Temporal End-
User Energy Demands of a
Dense Urban Environment
Buildings in major metropolitan centers face increased peak electrical load during the
warm season, especially during extreme heat events. City-wide, the increased demand for
space cooling can stress the grid, increasing generation costs. It is therefore imperative
to better understand building energy consumption profiles at the city scale. This under-
standing is not only paramount for users to avoid peak demand charges but also for util-
ities to improve load management. This study aims to develop a city-scale energy demand
forecasting tool using high resolution weather data interfaced with a single building
energy model. The forecasting tool was tested in New York City (NYC) due to the avail-
ability of building morphology data. We identified 51 building archetypes, based on the
building function (residential, educational, or office), the age of the building, and the
land use type. The single building simulation software used is ENERGYPLUS which was
coupled to an urbanized weather research and forecasting (uWRF) model for weather
forecast input. Individual buildings were linked to the archetypes and scaled using the
building total floor area. The single building energy model is coupled to the weather
model resulting in energy maps of the city. These maps provide an energy end-use profile
for NYC for total and individual components including lighting, equipment and heating,
ventilation, and air-conditioning (HVAC). The methodology was validated with single
building energy data for a particular location, and with city-scale electric load archives,
showing good agreements in both cases. [DOI: 10.1115/1.4036545]

1 Introduction

1.1 Why Cities Matter?. Cities play an important role in
addressing global climate change and in mitigating associated
risks. More than half of the world’s inhabitants live in urban areas,
where population growth is expected to continue through the 21st
century. Already, cities are responsible for more than 70% of
global energy-related carbon dioxide emissions [1]. This high rate
of urbanization impacts the environment, increasing pollution,
modifying the physical and chemical properties of the atmos-
phere, local climate and weather [2], and the covering of the soil
surface.

Moreover, as a result of a warming climate, the number of
extreme weather events is increasing (e.g., storms, high winds,
heavy downpours, and heatwaves). Heat waves, in particular,
affect both human health and energy use. Heat waves frequency is
projected to increase over the 21st century [3,4] as well as their
duration and severity [5,6]. Dense, urban environments may com-
pound these issues via urban heat islands (UHIs), defined as
higher temperatures in cities as compared to their rural surround-
ings. Buildings inhibit dissipation of heat due to the larger thermal
mass and reduce airflow. Waste heat from air conditioners,
vehicles, and other equipment also contributes to increase the
effect of urban heat island effect. Coupled with the lack of vegeta-
tion, the abundance of concrete, which represents a large reservoir
of heat while holding little moisture, contributes to the increase of
the temperature. Several studies have reported UHI as a local
environmental impact such as cases in Sacramento, CA [7], San
Juan, PR [8], and New York, NY [9]. As a result, the UHI contrib-
utes to increased energy demand during warm seasons. Recent
studies show energy demand will increase by 15% for cooling
over the 21st century [10], and summer loads will increase by
10% for most building in the U.S. [11]. High temperatures during

heat waves may lead to significant increases of energy demand
and consumption to a point where increasing costs and the likeli-
hood of electricity outages [12].

Although single building energy models are available, there is a
lack of tools to assess energy loads at the city scale. This lack of
information contributes to building of oversized power plant and
an increase of the energy prices due to those investments. At the
building scale, information is needed to identify areas of invest-
ment and cost-reduction (e.g., lighting, HVAC, equipment).

Comprehensive energy efficiency policies may come from an
understanding of a global view of a city’s energy consumption.
For instance, distributed and shared energy resources may lead to
significant efficiencies. Spatial proximity may allow for cost-
effective district cooling and heating solutions instead of having
individual energy systems. This article presents tools that may
enable to explore these options and to generate data for in-depth
analysis for city-scale energy demands.

The article is organized as follows; first, we rationalize why
New York City was chosen as a case study, this will be followed
by presenting the methodology with a focus on the energy model-
ing and the set of data collection used. Model validation is fol-
lowed by presenting the results for one building and for the entire
city. The article closes with the use of the tools to study the energy
end-use hourly distribution including spatial distributions or
energy maps for mean and extreme weather conditions.

1.2 Why New York City?. The abundant data already col-
lected by city agencies and a comprehensive sustainability plan
[13] at the city scale, makes New York City an ideal testbed of
multiscale energy technologies. In New York City, buildings
account for the majority of the energy use and carbon emissions
reaching 73% in 2014 [13]. After the devastating Sandy Storm
(2012), the city launched the 80X50 target in September 2014;
consisting in reducing 80% of greenhouse gas (GHG) emissions
by 2050. As part of this process, buildings have been identified as
a key target area where cost-effective reductions can be made
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[14]. Thus, the city has estimated that improvements in buildings
can reduce 60% the total greenhouse gas (GHG) emissions.

1.3 Problem Assessed. The main problem addressed by this
study is to evaluate building energy consumption at an accurate
spatio-temporal resolution for different categories of buildings.
The urban building energy modeling (UBEM) is a nascent
research field. Indeed, Reinhart and Davila [15] provided a review
of the simulation methods and the different techniques mainly
used: bottom–up and top–down approaches. The model developed
in this paper is a bottom–up model, because top–down models are
not that accurate when it comes to investigate a complex and
more integrated energy-supply scenario.

A UBEM requires the combination of several data sets includ-
ing: climate data, building information, and usage schedule. As
for the weather data, many studies used the typical meteorological
year (TMY) data [16,17] as input to the model. This 20–30 yr
weather records data does not take into account the urban-
microclimate and its specificities. Due to the lack of insulation in
NYC Buildings, the weather has a major impact on the energy
consumption of the buildings. A few reports have validated mod-
els’ values at the entire city scale. The most developed building
energy end-use intensity at large-scale model was created by
Howard et al. [18], coincidently for NYC. They used a linear
regression model calibrated using ZIP code level electricity data.
However, their model only considers annual energy use inten-
sities. On the contrary, the proposed model here provides hourly
data which may be useful to urban planners in identifying the
peaks over seasons and future needs.

1.4 Definition of a Heat Wave. According to the U.S.
National Weather Service (NWS) definition, a heatwave in the
Northeast of U.S. occurs when the surface temperature reaches 90 �F
for three consecutive days, while a heat advisory occurs when the
heat index (combination of temperature and relative humidity) is
greater than 102 �F (32.2 �C) for two consecutive days [19]. A heat
advisory indicates that the population maybe at risk of heat strokes
[20]. Figure 1 below shows the modeled heat index for a heat wave
event that took place in the 21st of July 2015. This figure shows the
gradient of heat index across NYC, result of the microclimate

induced by the diversity of density of buildings and the coastal envi-
ronment. Heat wave causes droughts, for instance, periods in which
cooling water shortages occurred in Europe in 2003. The lack of
water supply impacts negatively power plants and caused more than
30 nuclear power plant in Europe to reduce their production because
of limitations in the possibilities to discharge cooling water [21]. In
the meantime, the energy demand is at its peaks during those phe-
nomena causing blackouts, like the one that occurred in 2003 in
USA [12]. In short, energy demands peak during extreme heat
events, and they will be a focus scenario of this article.

2 Methodology

The development process for the building energy model is
divided into three main steps: data collection, energy modeling,
and results validation. The primary land use tax lot output
(PLUTO) data, launched by the New York City Department of
City planning, were used to identify the function of the building
considering its land use class and building class and the year of
built. For energy modeling, a set of building archetypes, i.e.,
building sample that characterizes a group of buildings with com-
parable properties was used [22–24]. A secondary academic
school building reference model was first developed as a test case;
the other archetypes were taken from the set of reference build-
ings issued by the U.S. Department of Energy (DOE) [25].

2.1 Data Collection

2.1.1 Weather Data (uWRF). Weather data to drive the single
building energy model (ENERGYPLUS) was taken from the urbanized
Weather Research Forecast Model (uWRF, 3.5.1) developed and
maintained by the National Center for Atmospheric Research
(NCAR). uWRF is a mesoscale atmospheric model that takes into
account the fluxes exchanged between buildings and the atmos-
phere. The urban model is composed of a building energy parame-
terization (BEP) and a building energy model (BEM) as described
in Salamanca and Martilli [26] and Martili et al. [27], respec-
tively. It computes the evolution of indoor temperature as a func-
tion of energy production and consumption in the building, the
radiation coming through the windows, and the fluxes of heat
exchanged through the walls and roofs as well as the impact of the

Fig. 1 Heat Index forecast for 4 am (top row) and 3 pm (bottom row) for July 21–23, 2015 (left; center; right)
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air conditioning system as shown in Fig. 2. For this study, we used
a spatial configuration of the model consisting of three nested grids,
9, 3, and 1 km, centered in NYC. The two nested domains use two-
way nesting, in which calculations from the finer resolution grid are
used to update coarser resolution grid points. All domains use 50
vertical levels, with 15 within the bottom 3 km. The model is ini-
tialized with North American Regional Reanalysis (NARR, 2006)
32 km resolution data. Further details of uWRF configuration used
for this study can be found in Ortiz et al. [28] (Fig. 3).

BEP and BEM parameterize the physical interactions between
the atmosphere and the building envelope, coupling urban
weather and energy demand. BEP takes into accounts the impacts
of horizontal and vertical building surfaces in the momentum,
heat, and turbulent kinetic energy equations. As for BEM, for
each building floor, it considers the diffusion of heat through
walls, roofs, and floor; radiation exchange between indoor surfa-
ces and the energy consumption due to air conditioning (AC)
systems.

Fig. 2 Conceptual representation of the BEP–BEM urban physics. BEP computes radiative
interactions between buildings including absorption and reflection, as well as dynamical inter-
actions with the atmosphere. BEM in turn, couples this information to account for building
heat gains and losses.

Fig. 3 New York City map: Spatial building type distribution by borough (Manhattan, Brooklyn, Bronx, Queens,
Staten Island) (Source: nycmap360.com; modified by the authors)
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2.1.2 PLUTO. The plant-area land-use tax-lot output
(PLUTO) has been made freely available by the NYC Planning
office since 2013. It consists of an extensive land use and geo-
graphic data at the tax lot level. PLUTO contains more than 70
fields derived from the data maintained by city agencies, ranging
from zip code location, coordinate of the lot, to the build year of
built. There are 1 million buildings distributed in 859,134 tax lots,
where the spatial distribution of the buildings is plotted in Fig. 3.
We notice a shift in buildings pattern between Manhattan (MN)
and the four other boroughs of New York. High rise buildings are
predominant in MN whereas in the rest of other area of New
York. This will induce a different consumption’s profile for MN
and the other boroughs which we discuss later in the article. This
work uses PLUTO version 15v1.

2.1.3 Additional Programming Tools Used

� ENERGYPLUS (version 8.5.0) is a public access building energy
simulation tool developed by the U.S. DOE. It is used by
engineers, architects, and researchers to model both energy
consumptions for heating, cooling, ventilation, lighting, and
plug and process loads and water use in buildings. Weather
files for ENERGYPLUS are provided by uWRF at the specific
locations of the individual buildings.

� PYTHON (version 2.7) is an interpreted, object-oriented, high-
level programming language with dynamic semantics.
Python supports modules and packages, which encourages
program modularity and code reuse. Python was used to
write scripts to automate the running of ENERGYPLUS for a
city-scale analysis.

� A geographic information system (QGIS 2.16.2) lets us visual-
ize, question, analyze, and interpret data to understand rela-
tionships, patterns, and trends. This tool was used to create
an interactive map of NY with the energy end use per
building.

2.2 Energy Modeling. Reference buildings used were devel-
oped by the U.S. DOE for use in studies that aim to characterize
70% of all the U.S. buildings Stock [25]. We used 16 types of
buildings ranging from hotel, restaurant, to school, hospital, mid-
rise apartment, for sixteen cities across the U.S. Relevant to our
study, the reference buildings of Baltimore city were taken as our
reference due to its proximity to NYC and the range of buildings
in both places are similar.

For the residential sector, if building’s land use is classified as a
one-two family building, this latter is linked to medium rise apart-
ment archetype, whereas if the residential building is classified as
multifamily walk-up buildings or multifamily elevator buildings,
it is identified as a high rise apartment. For the commercial sector,
if the building area is identified as an educational facility, then,
the building is classified as a secondary school. If the building is
classified as a hospital or health facility, then the building is clas-
sified as Hospital. Finally, for the office building type, we have
small/medium/large office building depending on the number of
floor per building.

For the commercial buildings, we have as archetypes: strip
mall, large/small hotel, stand alone retail. Last but not least, the
warehouse archetype was also considered in this preselection
because their end-use profile differs from all the previous types of
buildings that we mentioned.

In the classification table (cf Table 1), we see that residential
buildings account for almost 65% of the NYC total floor area,
mainly located in the Queens (QN), Brooklyn (BK), Bronx (BX),
and Staten Island (SI). Indeed, we notice in Fig. 4 that 44% of one
family buildings are located in QN and 28% in BK. However, the
majority of high rise buildings (40%) are situated in MN. The edu-
cation, hospital, warehouse represents only 11% of building floor
area while the stand-alone retail building comprise 14% and the
office encompass the 10% remaining.

2.3 System Implementation. To implement the multimodel
and multidimensional modeling strategy, first the PYTHON script
selects the corresponding uWRF weather data as inputs to the
ENERGYPLUS model corresponding to the closest location to the

Table 1 Total building floor area by building function from
PLUTO 2015 (m2)

Total floor area (m2) % Building floor area

One family apartmenta 96,483,572 18.8
High-rise apartment 133,850,279 27.0
Mid-rise apartment 97,694,009 19.0
Large office 38,672,838 7.0
Small office 19,752,847 3.5
Education 20,316,722 4.4
Warehouse 24,737,421 5.7
Stand alone retail 70,316,243 14.6

aOne family apartment represents one or two stories residential house.

Fig. 4 Spatial distribution of buildings type in New York City (in percentage)
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buildings. Then, it reads the PLUTO file to collect information
about a specific building. Knowing the class of the building, the
program will automatically select the corresponding archetype
and runs the ENERGYPLUS file with the uWRF weather file previ-
ously selected. The final step consists in the data visualization.
Using the output of ENERGYPLUS, we plot a map of the city or
region considered of energy-end use or energy demand. Figure 5
shows the whole flow process.

3 Results and Discussions

3.1 Validation

3.1.1 Case of City College of New York. To validate the mod-
eling strategy, we used building data from the City College of
New York which was considered as a secondary school reference
building archetype. We used a single building energy model to
model thermal loads and energy usage of the whole campus for
the duration of the simulation. We modeled one of the campus’
building of which we had its detail building parameters (architec-
ture data, and equipment data) and also its own consumption data
(power demand and fuel consumption). The next step consisted on
comparing and validating the result of the ENERGYPLUS simulated
model of that particular building with its own consumption data.
Due to the lack of meter per building (for instance, there were
only one HVAC meter for almost all the campus), we could not
repeat the previous process for each building. The previous one-
building model was scaled up using the total HVAC area to the
whole campus to get an image of the campus total consumption.
Figure 6 shows the comparison between simulation and actual data
for selected days for the month of July of 2015, which coincided
with a heat wave event as shown in the right-hand axis, showing
the heat index (gray line). The average error between campus data
and modeled results is about 15% of the total demand.

3.1.2 City-Scale Validation. An additional validation simula-
tion was conducted for the summer of 2015 (July 1–22) at the city
scale. Summer electricity energy data were used as these were
available for the whole city, while fuel consumption for the whole

city was not available. We compared the New York Independent
System Operator (NYISO2), Zone-J data to the total simulated
demand for three days (July 20–22, 2015), and the results are
shown in Fig. 7. The discrepancy between actual data shown can
be explained by the fact that NYISO reflects the demand of the
whole city not just the buildings. This demand includes the trans-
portation needs for electricity and many other services that con-
sume electricity. When the A/C demand is at its minimum (for
our case it was on May 7–8, 2015 when the weather was mild),
we make the assumption that the difference between the NYISO
real data curve and the total simulated demand provides an
approximation of all the other electricity needs that are not related
to building consumption. Through this method we find an average
demand for other forms of energy equal to 522 MW. Adjusting
the forecasted energy demand by this minimum value, our average
error for the whole city decreases from 29% to 10%. As Fig. 7
shows, our forecast is able to capture the diurnal variability of the
energy demand. Furthermore, the predicted values perform better
at night, when the cooling demand drops to close to 0 W/m2, and
the base electric equipment and lights are driving the demand.
However, when the cooling demand is driving the demand vari-
ability because of the high-summer temperatures, our forecast
tends to over-estimate. To further decrease the error, future work
may need to focus on adding more buildings type for Manhattan
Borough, because it is evident that is where the energy demand is
the highest and likely responsible for the over-estimation. This
discrepancy occurs mostly during the daytime which is when busi-
ness activity peaks. This indicates that the future focus maybe in
detailing office buildings.

Figure 8 shows the energy consumption intensities per building
type during the summer period. In the figure, “others” refers to the
energy end-use that is different from HVAC, base electric, and
interior Lights. This may include energy needed for the water
heating, and exterior lights. It can be noted that depending on the
function of the building, the uses differs. For instance, the office
building type uses more energy for the electric equipment (base

Fig. 5 Coupling uWRF and ENERGYPLUS for data processing and QGIS for data visualization

2http://www.nyiso.com/public/index.jsp
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Fig. 7 Validation of the city-scale model of New York City (July 20–22, 2015). City-wide
demand is simulated with (bottom panel) and without (top panel) nonbuilding demand.

Fig. 6 CCNY Validation model for the heat wave of July 2015. Real data were obtained from
the NYISO load archive for the NYC load zone (J) (Map obtained from Google Earth.).
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electric) than the residential sectors, while for small office, con-
sumption of 70% of the energy is used as base electric (electric
equipment). Whereas one family building and mid-rise building
uses only 29% and 23%, respectively, for electric equipment. The
HVAC represents the main driver of the consumption during the
summer in the residential sector. It consumes between 35% for
one family building to 52% for high-rise building.

3.2 Results for Heat Wave Versus Nonheat Wave Days.
Figure 9 shows the differences of energy demand for a heat wave
day (July 21, 2015) minus a nonheat day (June 13, 2015) for Man-
hattan. We noticed that the total demand presents some discrepan-
cies that vary depending on the type of the building. The causes of
those differences may be seen by zoom into the midrise buildings
of midtown, Manhattan as shown in Fig. 10, where energy demand
differences between a heat wave day and a non-heat wave day are
shown. The peak demand difference is 33 W/m2, and the average
difference is around 5 W/m2.

We further notice that the main discrepancies may occur for the
cooling demand. Indeed, the electricity gap differences represent

Fig. 8 Energy consumption distribution by end-use and building type for the summer period
(July 1–22)

Fig. 9 Heat wave versus nonheat wave (July 21 versus June
13, 2015): Energy demand (W/m2)

Fig. 10 Difference of energy demand between a heat wave case and a nonheat wave
case: zoom-in on the south of Manhattan
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only 2 W/m2, whereas the average HVAC Demand is 40 W/m2.
As for the building type, the residential buildings (one family,
mid-rise, high-rise) and some Small office buildings present the
highest rate of HVAC difference demand with an average of
25 W/m2 (Fig. 11). For residential buildings, the HVAC also rep-
resents the main driver of the consumption so it is normal to
notice these high differences. As for the small buildings, it could
be due to the fact that those type of buildings are not well insu-
lated compared to large office such that the impact of weather is
more significant in those buildings.

3.3 Spatial Distribution of Building Energy Consumption.
The outputs of the simulation were plotted into energy maps using
QGIS software (version 2.16.2) to get a more comprehensive view
of the spatial distribution of the energy consumption in New York
City, and the results are shown in Fig. 12. This energy map shows
the intensity per square meter of the energy consumption per type
of usage for each area. For better representation, we focus on one
section of Manhattan, in midtown. The daily base electric, space
cooling, and interior lights energy consumption for Manhattan
only are shown in this Fig. 12, where the main differences in the
magnitude of consumption and spatial variation within the pri-
mary end-use consumption of a typical summer day (June 15,
2016) are clearly shown. As expected the financial district is the
highest energy-consumption district in the whole section of the
city in all three categories. Across Manhattan, the space cooling
consumption is larger than any other end use, reflective of the
individual end-use breakdown since most building types consume
more energy for space cooling than any other end use. The largest
concentration of space cooling and base electric energy consump-
tion is located in the central business district. This pattern is

different for the interior lights energy demand, where the largest
concentration of energy consumption is located primarily in the
upper west side and east side. This difference is explained by the
large needs for space cooling and electric equipment in office
buildings as opposed to residential buildings.

3.4 Hourly Distribution of Building Energy Consumption.
The evolution of the consumption during the day is shown in
Fig. 13, where it is noticeable clearly a shift during the daytime
between the consumption. For instance, during the morning, at
around 7 am, the residential neighborhood consumes more than
the office area. During noon, we notice a shift in the consumption
with a peak demand that reaches its max in the financial district.
We can also notice that there is a shift of the demand between 7
am and 3 pm and again between 3 pm and 9 pm. First, in the morn-
ing, the maximum is reached for a residential area (downtown
Manhattan) with a peak demand of 350 W/m2. At 3 pm, the peak
is around 2000 W/m2 and finally at 9 pm this peak decreases to
reach 810 W/m2.

The previous energy maps can be useful to estimate the feasi-
bility of different energy generating systems depending on loca-
tion such as combined heat and power system, or combined solar
thermal and photovoltaic system. For instance, if we consider a
block located between 123rd and 121st street and 3rd and 2nd
avenue in Manhattan, which is a mixed-use block with 70% of
residential space and 25% of office and store space, the corre-
sponding power for base electric would be 1.5 MW and that for
domestic hot water would be 0.7 MW. This block, that is not cur-
rently served by the local steam system [29], could possibly be a
good location for a combined heat and power system. The spatial
proximity of these loads is also important in determining the

Fig. 11 Difference electricity (Right) and HVAC demand (Left) between heat wave versus nonheat wave and function of
the building type
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Fig. 12 Spatial distribution of peak energy demand by end use: top right base electricity, top left cooling,
down interior lights (for June 15, 2015) for Midtown, Manhattan, NY
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feasibility of combined heat and power systems and by providing
the energy model in conjunction with the spatial location such an
analysis can be performed.

4 Conclusions

In this study, we present the development of a city-scale
energy-demand forecasting tool using high resolution weather
data interfaced with a single building energy model. We focused
our work on New York City (NYC) which has a comprehensive
building dataset. We identified 51 building archetypes using
PLUTO data. A PYTHON script was developed to link each individ-
ual building to those archetypes and run the ENERGYPLUS file of
that particular archetypes using the corresponding weather file.
Weather data for ENERGYPLUS was provided by an urbanized
weather forecast model (uWRF). The methodology was validated
with single building energy data for a particular location, and with
city-scale energy demand profiles from records from the New
York System Operator (NYISO) showing good agreements in
both cases.

A case study was taken to illustrate the methodology which
consisted of the summer of 2015, which included a heat wave
event (July 19–22, 2015). The results for heat wave case indicate
peak demands of 2000 W/m2 reached at 3 PM on July 21, with
maximum values in the business district. Another case study con-
sisted on comparing the sensitivity of the demand between a heat
wave and a nonheat wave day. The results showed an average dif-
ference of 5 W/m2 with a peak demand 33 W/m2 for some residen-
tial area. The main driver of that difference was the HVAC.

The hourly energy consumption profile for NYC determined in
this analysis has many implications. First, it gives a better under-
standing to how energy is distributed during a day, and how it is
spatially distributed in a dense urban environment. It may also
assist facilities and urban planners to manage the electric grid and
the power generation. Indeed, knowing the spatial distribution of
loads will be very useful to identify ideal locations for the imple-
mentation of distributed energy generation or renewable energy
systems such as combined heat and power systems. Last but not
least, this method has the potential to inform urban planners and
policy makers of targeting localized energy efficiency and GHG
mitigation measures.

Acknowledgment

This research was supported by the NOAA-CREST Grant
(NA17AE1625), the National Science Foundation Grant Nos.
CNS-0958379, CNS-0855217, ACI-1126113 and the City

University of New York High Performance Computing Center at
the College of Staten Island, as well as the New York State
Energy Research and Development Authority (NYSERDA) under
the PowerBridgeNY program. Additional financial support was
provided by the Chaire “Energie Durable” EDF Foundation.

References
[1] UN-Habitat, 2013, “Planning and Design for Sustainable Urban Mobility:

Global Report on Human Settlements 2013,” UN-Habitat, Nairobi, Kenya,
Report No. 031/13E.

[2] Karl, T. R., Diaz, H. F., and Kukla, G., 1988, “Urbanization: Its Detection and
Effect in the United States Climate Record,” J. Clim., 1(11), pp. 1099–1123.

[3] Ebi, K., and Meehl., G., 2007, “The Heat is On: Climate Change and Heat
Waves in the Midwest,” Regional Impacts of Climate Change: Four Case Stud-
ies in the United States, Pew Center on Global Climate Change, Arlington, VA.

[4] Meehl, G. A., and Tebaldi, C., 2004, “More Intense, More Frequent, and Lon-
ger Lasting Heat Waves in the 21st Century,” Science, 305(5686), pp. 994–997.

[5] Vavrus, S., and van Dorn, J., 2008, “Projected Future Temperatures and Precipi-
tation Extremes in Chicago,” J. Great Lakes Res., 36(S2), pp. 22–32.

[6] Hayhoe, K., Cayan, D., Field, C. B., Frumhoff, P. C., Maurer, E. P., Miller, N. L.,
Moser, S. C., Schneider, S. H., Cahill, K. N., Cleland, E. E., Dale, L., Drapek, R.,
Hanemann, R. M., Kalkstein, L. S., Lenihan, J., Lunch, C. K., Neilson, R. P.,
Sheridan, S. C., and Verville, J. H., 2004, “Emissions Pathways, Climate Change,
and Impacts on California,” Proc. Natl. Acad. Sci., 101(34), pp. 12422–12427.

[7] Gutowski, W. J., Hegerl, G. C., Holland, G. J., Knutson, T. R., Mearns, L. O.,
Stouffer, R. J., Webster, P. J., Wehner, M. F., and Zwiers, F. W., 2008, “Weather
and Climate Extremes in a Changing Climate: Regions of Focus: North America,
Hawaii, Caribbean, and U.S. Pacific Islands,” Synthesis and Assessment Product
3.3, U.S. Climate Change Science Program, Washington, DC, pp. 81–116.

[8] Gaffin, S. R., Rosenzweig, C., Khanbilvardi, R., Parshall, L., Mahani, S., Glick-
man, H., Goldberg, R., Blake, R., Slosberg, R. B., and Hillel, D., 2008,
“Variations in New York City’s Urban Heat Island Strength Over Time and
Space,” Theor. Appl. Climatol., 94(1), pp. 1–11.

[9] Gedzelman, S. D., Austin, S., Cermak, R., Stefano, N., Partridge, S., Quesen-
berry, S., and Robinson, D. A., 2003, “Mesoscale Aspects of the Urban Heat
Island Around New York City,” Theor. Appl. Climatol., 75(1), pp. 29–42.

[10] Crawley, D., 2008, “Estimating the Impacts of Climate Change or Urbanization
on Building Performance,” J. Build. Perform. Simul., 1(2), pp. 91–115.

[11] Lu, N., Leung, L., Wong, P., Paget, M., Taylor, Z., Correia, J., Mackey, P., Jiang,
W., and Xie, Y., 2008, “Climate Change Impacts on Residential and Commercial
Loads in the Western U.S. Grid,” IEEE Trans. Power Syst., 25(1), pp. 480–488.

[12] CBC Digital Archives, 2003, “The Great North America Blackout,” Canadian
Broadcasting Corp., Ottawa, ON Canada, accessed Oct. 20, 2016, http://
www.cbc.ca/archives/categories/economy-business/energy/energy-general/the-
great- 2003-north-america-blackout.html

[13] Mayor’s Office of Recovery & Resiliency, 2007, “PlaNYC,” Mayor’s Office of
Long-Term Planning and Sustainability, New York, accessed Oct. 2, 2016, http://
www.nyc.gov/html/ planyc/html/about/about.shtml

[14] Mayor’s Office of Long-Term Planning and Sustainability, 2015, “One City
Built to Last,” Office of Mayor, New York, accessed Oct. 10, 2016, http://
www.nyc.gov/html/builttolast/pages/home/home.shtml

[15] Reinhart, C., and Davila, C., “Urban Building Energy Modeling—A Review of
a Nascent Field,” Build. Environ., 97, pp. 196–202.

[16] Hall, I., Prairie, R., Anderson, H., and Boes, E., 1978, “Generation of Typical
Meteorological Years for 26 SOLMET Stations,” Sandia National Laboratories,
Albuquerque, NM, Report No. SAND78-1601.

Fig. 13 Hourly energy demand: left (7 am), middle (3 pm), right (9 pm)

041005-10 / Vol. 139, AUGUST 2017 Transactions of the ASME

D
ow

nloaded from
 http://asm

edigitalcollection.asm
e.org/solarenergyengineering/article-pdf/139/4/041005/6409199/sol_139_04_041005.pdf by guest on 19 M

ay 2023

https://unhabitat.org/planning-and-design-for-sustainable-urban-mobility-global-report-on-human-settlements-2013/
http://dx.doi.org/10.1175/1520-0442(1988)001<1099:UIDAEI>2.0.CO;2
http://dx.doi.org/10.1126/science.1098704
http://dx.doi.org/10.1016/j.jglr.2009.09.005
http://dx.doi.org/10.1073/pnas.0404500101
http://dx.doi.org/10.1007/s00704-007-0368-3
http://dx.doi.org/10.1007/s00704-002-0724-2
http://dx.doi.org/10.1080/19401490802182079
http://dx.doi.org/10.1109/TPWRS.2009.2030387
http://www.cbc.ca/archives/categories/economy-business/energy/energy-general/thegreat-2003-north-america-blackout.html
http://www.cbc.ca/archives/categories/economy-business/energy/energy-general/thegreat-2003-north-america-blackout.html
http://www.cbc.ca/archives/categories/economy-business/energy/energy-general/thegreat-2003-north-america-blackout.html
http://www.nyc.gov/html/planyc/html/about/about.shtml
http://www.nyc.gov/html/planyc/html/about/about.shtml
http://www.nyc.gov/html/builttolast/pages/home/home.shtml
http://www.nyc.gov/html/builttolast/pages/home/home.shtml
http://dx.doi.org/10.1016/j.buildenv.2015.12.001


[17] Crawley, D., Hand, J., and Lawry, L., 1999, “Improving the Weather Informa-
tion Available to Simulation Programs,” Building Simulation Conference (BS
1999), Kyoto, Japan, Sept. 13–15, pp. 529–536.

[18] Howard, B., Parshall, L., Thompson, J., Hammer, S., Dickinson, J., and Modia,
V., 2011, “Spatial Distribution of Urban Building Energy Consumption by End
Use,” Energy Build., 45, pp. 141–151.

[19] National Weather Service, 1994, “Excessive Heat Watch, Warning and Advi-
sory Heat Index Criteria,” Regional Operations Manual Letter E-5-94, Eastern
Region, National Oceanic and Atmospheric Administration, Bohemia, NY, p. 3.

[20] National Weather Service, 2001, “Heat Watches, Warning and Advisory,”
National Oceanic and Atmospheric Administration, Silver Spring, MD,
accessed Apr. 28, 2017, http://www.nws.noaa.gov/om/heat/ww.shtml

[21] IAEA, 2003, “Operating Experience With Nuclear Power Stations in Member States
in 2003,” International Atomic Energy Agency, Vienna, Austria, accessed Nov. 15,
2016, http://www-pub.iaea.org/books/IAEABooks/7195/Operating-Experience-with-
Nuclear-Power-Stations-in-Member-States-in-2003##ctl00_cphRDBooksHomeMain_
FormViewBookDetails_rightsdivdiv

[22] Heiple, S., and Sailor, D. J., 2008, “Using Building Energy Simulation and
Geospatial Modeling Techniques to Determine High Resolution Building Sec-
tor Energy Consumption Profiles,” Energy Build, 40(8), pp. 1426–1436.

[23] Ascione, F., De Masi, R. F., De Rossi, F., Fistola, R., Sasso, M., and Vanoli, G.
P., 2013, “Analysis and Diagnosis of the Energy Performance of Buildings and

Districts: Methodology, Validation and Development of Urban Energy Maps,”
Cities, 35, pp. 270–283.

[24] Mastrucci, A., Baume, O., Stazi, F., Salvucci, S., and Leopold, U., 2014,
“A GIS-Based Approach to Estimate Energy Savings and Indoor Thermal
Comfort for Urban Housing Stock Retrofitting,” Fifth German-Austrian
IBPSA Conference (BauSIM 2014), Aachen, Germany, Sept. 22–24, pp.
190–197.

[25] Field, K., Deru, M., and Studer, D., 2010, “Using DOE Commercial Reference
Buildings for Simulation Studies,” Fourth National Conference of IBPSA-USA
(SimBuild 2010), New York, Aug. 11–13, Paper No. CP-550-48588.

[26] Salamanca, F., and Martilli, A., 2010, “A New Building Energy Model Coupled
With an Urban Canopy Parameterization for Urban Climate Simulations—Part
I: Formulation, Verification and a Sensitive Analysis of the Model,” Theor.
Appl. Climatol., 99, pp. 331–344.

[27] Martilli, A., Clappier, A., and Rotach, M. W., 2002, “An Urban Surface
Exchange Parameterization for Mesoscale Models,” Boundary Layer Meteorol.,
104(2), pp. 261–304.

[28] Ortiz, L., Gonzalez, J., Gutierrez, E., and Arend, M., 2017, “Forecasting Build-
ing Energy Demands With a Coupled Weather-Building Energy Model in a
Dense Urban Environment,” ASME J. Sol. Energy Eng., 139(1), p. 011002.

[29] ConEd, 2012, “Integrated Long Range Plan,” Consolidated Edison Co., New
York.

Journal of Solar Energy Engineering AUGUST 2017, Vol. 139 / 041005-11

D
ow

nloaded from
 http://asm

edigitalcollection.asm
e.org/solarenergyengineering/article-pdf/139/4/041005/6409199/sol_139_04_041005.pdf by guest on 19 M

ay 2023

http://www.ibpsa.org/proceedings/BS1999/BS99_P-03.pdf
http://www.ibpsa.org/proceedings/BS1999/BS99_P-03.pdf
http://dx.doi.org/10.1016/j.enbuild.2011.10.061
http://www.nws.noaa.gov/om/heat/ww.shtml
http://www-pub.iaea.org/books/IAEABooks/7195/Operating-Experience-with-Nuclear-Power-Stations-in-Member-States-in-2003##ctl00_cphRDBooksHomeMain_FormViewBookDetails_rightsdivdiv
http://www-pub.iaea.org/books/IAEABooks/7195/Operating-Experience-with-Nuclear-Power-Stations-in-Member-States-in-2003##ctl00_cphRDBooksHomeMain_FormViewBookDetails_rightsdivdiv
http://www-pub.iaea.org/books/IAEABooks/7195/Operating-Experience-with-Nuclear-Power-Stations-in-Member-States-in-2003##ctl00_cphRDBooksHomeMain_FormViewBookDetails_rightsdivdiv
http://dx.doi.org/10.1016/j.enbuild.2008.01.005
http://dx.doi.org/10.1016/j.cities.2013.04.012
http://www.ibpsa.org/proceedings/bausimPapers/2014/p1136_final.pdf
http://ibpsa-usa.org/index.php/ibpusa/article/view/275/264
http://dx.doi.org/10.1007/s00704-009-0142-9
http://dx.doi.org/10.1007/s00704-009-0142-9
http://dx.doi.org/10.1023/A:1016099921195
http://dx.doi.org/10.1115/1.4034909

	s1
	s1A
	s1B
	aff1
	l
	s1C
	s1D
	s2
	s2A
	s2A1
	1
	2
	3
	s2A2
	s2A3
	s2B
	s2C
	1
	T1n1
	4
	s3
	s3A
	s3A1
	s3A2
	5
	FN1
	7
	6
	s3B
	8
	9
	10
	s3C
	s3D
	11
	12
	s4
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11
	12
	13
	14
	15
	16
	13
	17
	18
	19
	20
	21
	22
	23
	24
	25
	26
	27
	28
	29

