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Abstract: Urban Heat Island (UHI) effects and future climate change significantly impact building 

energy use but are often overlooked in widely used meteorological datasets like Typical 

Meteorological Years (TMYs). These datasets are collected at rural stations, such as airports, over long 

historical periods, failing to capture localized microclimates and climate shifts. This study integrates 

Urban Weather Generator (UWG)-based UHI simulation, future climate modeling, and 

neighborhood-scale data within an Urban Building Energy Modeling (UBEM) framework to assess 

residential energy demand in Des Moines, Iowa. Results show that UHI intensity rises from an annual 

average of 0.55 °C under current conditions to 0.60 °C by 2050 and 0.63 °C by 2080, with peak 

intensities in summer. UHI elevates cooling Energy Use Intensity (EUI) by 7% today, with projections 

indicating a sharp increase: 91% by 2050 and 154% by 2080. UHI further amplifies cooling demand 

by 2.3% and 6.2% in 2050 and 2080, respectively. Conversely, heating EUI declines by 20.0% by 2050 

and 40.1% by 2080, with UHI slightly reducing heating demand. Insulation mitigates cooling loads 

but becomes less effective for heating demand over time. These findings underscore the need for 

climate-adaptive energy policies, prioritizing retrofits, and passive design to manage future cooling 

burdens. 

Keywords: urban heat island (UHI); future climate projections; urban building energy modeling 

(UBEM); thermal resistance (R-value); low-income communities 

 

1. Introduction 

The current century has witnessed an unprecedented shift in the distribution of the global 

population, with urban populations expected to rise from 55% in 2018 to nearly 68% by 2050 [1]. This 

urban growth contributes significantly to global warming, not only through the reduction of 

vegetation, which is vital for carbon sequestration, but also through the emission of greenhouse gases 

and anthropogenic heat [2,3]. While urban density can improve energy efficiency in transportation 

and infrastructure, it also amplifies heat retention and anthropogenic warming. A major consequence 

of this urban expansion is the Urban Heat Island (UHI) effect, a phenomenon where urban areas 

experience higher temperatures than their rural counterparts [4,5]. UHI arises from human activities, 

urban morphology, and the extensive use of materials like asphalt and concrete that trap heat [6–10].  

The atmosphere above urban areas is significantly altered by exchanges at the surface, resulting 

in distinct radiative, thermal, and aerodynamic properties [11]. These changes lead to the 

development of the UHI effect, which describes how urban areas experience higher temperatures 

compared to their rural surroundings. The UHI effect can be classified into different types, primarily 

subsurface, surface, and atmospheric UHI [12,13].  Subsurface UHI refers to heat retention in the 
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ground beneath urban areas, though it is less studied. Surface UHI describes temperature differences 

between urban surfaces (like roads and buildings) and rural areas, with satellite imagery, such as 

Land Remote-Sensing Satellite (LANDSAT) or Moderate Resolution Imaging Spectroradiometer 

(MODIS), commonly used to analyze it [14]. Atmospheric UHI consists of two layers: the urban 

boundary layer (UBL) and the urban canopy layer (UCL). The UBL, extending up to 1-2 km, 

influences the city's microclimate, with its thickness affected by factors like urban surface albedo and 

waste heat emissions [13]. Below the boundary level lies the UCL (from ground level to building tops) 

which is shaped by microclimatic interactions like shading, vegetation and reduced airflow, with 

urban design significantly influencing this zone. UHI in the canopy layer affects both indoor and 

outdoor temperatures, with greater intensity in city centers, especially during calm windless nights 

when cooling is slower. Conversely, an Urban Cool Island (UCI) can form in the morning as cities 

warm more slowly than natural landscapes [15–17]. 

The UHI effect has widespread environmental and social consequences and has been observed 

in cities of all sizes and locations, including London, UK [18], Dublin, Ireland [19], Rome, Italy [20], 

Mexico City, Mexico [21], New York and New Jersey, U.S. [22], Chicago [23], Illinois, U.S., Tehran 

[24], Iran, Beijing-Tianjin [25], China, Tokyo [26], Japan, and various urban centers in South Africa 

[27]. The phenomenon contributes to higher outdoor temperatures, which negatively impact thermal 

comfort, degrade air quality, and increase the risk of heat-related illnesses, especially in densely 

populated urban areas [28–32]. The reciprocal relationship between UHI and building energy 

consumption is also significant. Elevated urban temperatures can lead to an increase in cooling loads 

by 10% to 120% during hot seasons and a reduction in heating loads by 3% to 45% during colder 

months [33]. However, the overall impact on building energy use is highly dependent on a 

combination of factors, including regional and local climate conditions as well as architectural and 

urban characteristics of the built environment. 

Addressing current UHI effects is essential for designing both major renovations and new 

construction, but it is equally important to account for the impacts of climate change and future 

weather conditions. According to the IPCC’s Sixth Assessment Report [34], global temperatures are 

projected to rise by 1.5 °C to 2 °C above pre-industrial levels in the coming decades, depending on 

the emission scenario followed. The Fourth US National Climate Assessment [35] projects a 

significant increase in extreme heat events, posing substantial risks to human health. Arul Babu et al 

[36] highlight the significant energy implications of such changes, reporting that rising temperatures 

in major Indian cities could lead to a 179% rise in residential cooling energy demand by the 2090s, 

while heating demand could decrease by up to 100% in certain areas.  

Understating the dual challenges of UHI effects and future climate change is essential for 

evaluating their impact on building energy consumption. These interconnected phenomena influence 

cooling and heating demands, posing challenges and opportunities for sustainable urban 

development. Building on this foundation, this study examines how UHI and future climate 

scenarios affect energy consumption in a low-income neighborhood in Des Moines, Iowa, U.S. which 

is located in the Cold-Humid (5A) climate zone. By leveraging detailed UHI simulations, Urban 

Building Energy Modeling (UBEM), and comprehensive assessor data for more than 270 buildings 

and 1,000 trees, this study emphasizes the importance of data-driven workflows in assessing the 

effects of microclimate and future climate change on energy performance.  

2. Literature Review 

2.1. Methods for Measuring and Modeling UHI Effects 

The common practice to assess a city’s heat island effect has been to compare air temperatures 

at naively described ‘urban’ and ‘rural’ sites using either fixed/stationary sites or mobile temperature 

surveys. Stationary measurements involve the use of fixed weather stations strategically placed at a 

height of 2-5 meters above the ground within urban and rural environments to continuously monitor 

temperature differences over time. This height places the measurement within the UCL, where the 

UHI effect is most pronounced due to the interactions between buildings, streets, and human 
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activities. In contrast, mobile surveys use temperature sensors mounted on vehicles or other mobile 

devices to collect data across different urban zones, providing a more comprehensive spatial 

understanding of UHI intensity [37]. 

While measuring UHI through direct observation is significant for understanding urban climate, 

it often requires extensive time and resources. To address this, various process-based models have 

been developed to simulate the canopy-level UHI. These models operate as standalone tools, such as 

the Surface Urban Energy and Water Balance Scheme (SUEWS)  [38], or as nested tools within larger-

scale models, such as the Single-Layer Urban Canopy Model (SLUCM) [39], which is linked to the 

Weather Research and Forecasting model (WRF) [40]. One widely used tool is the Town Energy 

Balance (TEB) model [41] that has been applied in various cities worldwide, including Paris, France 

[42], Mexico City, Mexico, and Vancouver, British Columbia, Canada [43]. It has been used to study 

the impacts of urbanization on the UHI effect and to evaluate the effectiveness of urban mitigation 

strategies, such as incorporating vegetation [44] and implementing cool pavements [45]. 

2.2. Enhanced Weather Data in Builing Energy Performance Simulations 

Building energy performance relies on two primary inputs: (1) detailed building-specific 

information, including size, envelope properties, Heating, Ventilation, and Air Conditioning (HVAC) 

system specifications, orientation, and occupancy schedules, and (2) weather data that represent both 

regional and local microclimatic conditions. Building-specific parameters provide critical details 

about the structure's physical and operational characteristics, while weather data capture the climatic 

and environmental factors affecting the building’s performance. Among the various weather datasets 

available, Typical Meteorological Year (TMY) datasets are the most widely used for simulating 

building energy performance. These datasets provide hourly weather parameters such as solar 

radiation, dry bulb temperature, and other meteorological elements (e.g., illuminance, precipitation, 

and snowfall). TMY datasets, including the latest version, TMY datasets, including the latest version, 

TMY3 [46], are statistically compiled from long-term data (typically over 10 years) to represent typical 

climatic conditions, standardizing microclimatic exposure and capturing regional weather patterns 

with measurements taken at stations located on short grass surfaces and air temperatures recorded 

in ventilated shelters at 2 meters above ground level [47]. They are freely available for over 1,000 U.S. 

locations and many more worldwide. Despite their widespread use, TMY datasets have notable 

shortcomings. First, the data are typically recorded at rural or suburban weather stations, such as 

airports. This setup does not account for urban microclimatic effects, such as UHI effects, potentially 

leading to inaccurate estimations of energy performance in urban environments. Second, TMY 

datasets are derived from historical records by selecting representative months, which means they 

exclude extreme weather events and do not incorporate future climate change scenarios—both of 

which are critical for assessing building performance under shifting climatic conditions. 

To address the first limitation, Bueno et al [48] developed the Urban Weather Generator (UWG), 

which couples the energy balance principles of the TEB model with local meteorological data and 

urban characteristics to create urbanized TMY datasets. The UWG transforms standard weather data 

into urban-specific files by factoring in building geometry, vegetation cover, and anthropogenic heat 

sources. The UWG algorithm comprises four modules: Rural Station Model, Vertical Diffusion 

Model, Urban Boundary-Layer, and Urban Canopy and Building Energy Model (UC-BEM). UC-BEM 

integrates local weather data and calculates urban air temperature and humidity by analyzing heat 

fluxes from urban elements like walls, roads, and HVAC systems. The main inputs include baseline 

rural meteorological data often derived from TMYs and urban characteristics such as building 

density, urban canyon geometry (height-to-width ratio), surface properties (albedo, thermal 

conductivity, heat capacity), and the ratio of pervious to impervious surfaces and vegetation cover. 

The model has been validated in cities like Toulouse, France [49], Athens, Greece [50] and Abu Dhabi 

[51], among others.  

Regarding the second limitation, several tools have been developed to generate future weather 

scenarios by modifying present-day weather data using climate projections. Notable examples 
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include WeatherShift [52], Meteonorm [53], and CCWorldWeatherGen [54], which are recognized for 

their ability to simulate future building performance. CCWorldWeatherGen, in particular, utilizes 

the Hadley Center Coupled Model 3 (HadCM3) A2 ensemble experiment, a high-emission scenario 

from the IPCC’s Third and Fourth Assessment Reports [55]. Although more recent IPCC reports 

provide updated projections, the scenarios used in CCWorldWeatherGen remain relevant due to 

their extensive validation and compatibility with established morphing methodologies. This tool 

modifies existing weather files (e.g., TMY) by incorporating climate projection-based adjustments to 

temperature, humidity, and solar radiation, enabling the generation of future weather files for time 

slices of 2041–2070 (referred as 2050s), and 2071–2100 (referred as 2080s). It creates future weather 

datasets while preserving the original weather file’s temporal structure, ensuring a realistic 

representation of localized conditions. 

2.3. Imapcts of UHI and Futre Cliamte on Building Energy Performance 

Existing literature employs various methodologies—measurement, simulation, or hybrid 

approaches—to quantify UHI effects at diverse spatial and temporal resolutions. These UHI impacts 

are subsequently integrated into Building Energy Models (BEM) to assess their influence on energy 

consumption, focusing on current urban climates and future scenarios under global climate change 

(GCC). One of the earliest efforts in this area was conducted by Matsuura [56] who provided a 

foundational analysis of UHI effects across seven U.S. cities, utilizing historical data from the 

National Climatic Data Center (NCDC)'s TD1440 (Surface Airways Hourly Observations dataset) and 

MOD1440 (Hourly US Cooperative Network dataset), a modified version of TD1440 spanning 1970 

to 1980. UHI intensities, calculated empirically using Oke’s equations [5], ranged from +2 °C in 

smaller cities like Casper, WY, to +6 °C in dense urban centers like Phoenix, AZ. Incorporating these 

UHI conditions into the Building Loads Analysis and System Thermodynamics (BLAST) model 

revealed substantial regional variability, with cooling load increases of up to +14.8 kWh daily in 

Phoenix office buildings, while townhouse heating loads in Duluth, Minnesota, decreased by −15.7 

kWh daily due to UHI-induced warming. Sun & Augenbroe [57] expanded on this by examining UHI 

effects on office buildings in 15 U.S. cities using the TEB and Interaction Soil-Biosphere-Atmosphere 

(ISBA) models. Their simulations showed urban temperatures averaging 2 °C higher than rural areas, 

with peak nighttime intensities reaching 3 °C due to slower cooling in urban environments. Using 

EnergyPlus, they demonstrated a 31.7% average reduction in Heating Degree Days (HDD) and a 

25.3% increase in Cooling Degree Days (CDD), with Miami, FL, and Fairbanks, AK, showing the 

largest respective changes in cooling and heating energy demand. More recently, Hashemi et al [58] 

investigated UHI impacts in seven U.S. cities by combining the UWG with Local Climate Zone (LCZ) 

classifications [59]. Each city was categorized by LCZ type, and TMY3 weather data were adjusted to 

reflect LCZ-specific parameters. The modified weather files were used in EnergyPlus to simulate 

residential building energy demands, including high-rise, mid-rise, multi-family, and single-family 

prototypes. UHI intensities varied by LCZ, ranging from +1.18 °C (Philadelphia, LCZ1) to +2.11 °C 

(Phoenix, LCZ1), and from +0.43 °C to +1.43 °C in LCZ6 of the same cities. CDD increased by 11–47%, 

with Portland experiencing the greatest rise, while HDD decreased by 3–26%, with the largest 

reductions observed in Phoenix. Among building typologies, high-rise buildings in compact LCZs 

exhibited the highest cooling energy increases, with Phoenix recording a 10% increase (82 GJ/year). 

At a finer temporal resolution, Ahmed et al [60] used the urban Weather Research and 

Forecasting (uWRF) model, a mesoscale atmospheric model, to study UHI effects in New York City 

during heatwave events. Their analysis, combining uWRF with EnergyPlus, found UHI intensities 

peaking at +4.5 °C, significantly affecting 51 archetypes of residential, commercial, and office 

buildings. High-rise residential buildings had the highest HVAC-driven cooling demands, 

consuming up to 52% of total energy during extreme heat events. Boudali Errebai et al [61] used the 

standard WRF model to study UHI impacts in Montreal, Canada and reported a UHI intensity of 1.1 

°C, with urban areas requiring 14% more cooling energy than rural areas. Simulations of three 
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residential typologies with varying insulation levels revealed that using standard weather datasets 

underestimated urban cooling energy demands by 25% to 34%. 

 Toparlar et al [62] employed Computational Fluid Dynamics (CFD) simulations and 

EnergyPlus to evaluate UHI impacts on cooling energy demands in Antwerp, Belgium. The study 

found urban-rural temperature differentials of up to 3.3 °C, with cooling demand increasing by up to 

90%. Proximity to urban parks reduced cooling loads by 13.9%, underscoring the effectiveness of 

greenery in mitigating UHI effects. Similarly,  Romano et al [63] analyzed UHI impacts on a mixed-

use district in Padua, Italy, using the UWG and the EUReCA platform. The study identified an 

average UHI intensity of 2.2°C, with evening temperatures showing the highest differentials. Cooling 

energy demand rose by 2.5% due to UHI, increasing to 3.1% with the inclusion of anthropogenic heat 

emissions in densely built areas. 

Shifting from current UHI conditions to future climate scenarios, Shen et al [64] coupled the 

UWG with downscaled global climate models under Representative Concentration Pathway (RCP) 

scenarios to project long-term UHI and energy demand changes in Shenzhen, China. The study 

reported UHI intensities of 2.77 °C, contributing to a 25.1% increase in CDD and a 57.5% decrease in 

HDD under the RCP8.5 scenario. Jalali et al [65] similarly integrated RCP 4.5 and RCP 8.5 scenarios 

to assess UHI impacts on building energy demand in Auckland, New Zealand. Their projections 

showed that cooling demand could rise to 20.23 kWh/m²/year by 2090 under the high-emission 

RCP8.5 scenario, emphasizing the importance of incorporating future climate conditions into urban 

energy planning. 

The reviewed studies collectively underscore the importance of incorporating localized UHI 

effects and future climate scenarios into energy modeling frameworks to accurately predict building 

performance in evolving urban and climatic conditions. However, significant gaps remain in the 

current literature. Many studies rely on standardized building typologies, such as those aligned with 

ASHRAE 90.1 or Department of Energy (DOE) prototypes, which account for approximately 70% of 

U.S. commercial buildings. This approach overlooks non-standardized typologies, including older, 

non-code-compliant buildings and mixed-use structures, which are often prevalent in vulnerable 

neighborhoods. Additionally, several studies simplify UHI impacts by applying a single 

representative value for entire cities, neglecting the intra-city variability driven by urban 

morphology, land use, and vegetation. Furthermore, the literature disproportionately focuses on 

cooling seasons and extreme heat events, often ignoring UHI’s potential to reduce heating demands 

during winter. 

2.4. Research Objectives and Contributions 

This study addresses the limitations of conventional weather datasets and urban energy 

modeling approaches by focusing on non-standardized residential buildings in a vulnerable 

neighborhood. Low-income housing, often overlooked in energy research, faces disproportionate 

risks from rising energy costs and climate-induced heat stress. Understanding UHI impacts in these 

contexts is critical for improving energy equity and enhancing climate resilience in under-resourced 

communities. In addition, a key shortcoming in the BEM studies is the isolation of buildings from 

their urban surroundings, ignoring shading effects from nearby structures and trees. This study 

overcomes these gaps by integrating canopy-level UHI simulations with future climate modeling, 

capturing neighborhood-wide energy demand fluctuations. By considering 1,142 trees and 272 

buildings across 14 typologies, this approach offers a more comprehensive representation of urban 

energy performance. 

3. Case Study and Methodology 

3.1. Case Study 

The city of Des Moines, located in the central part of Iowa, serves as the state capital. It falls 

within the Cold-Humid climate zone (5A) as defined by the International Energy Conservation Code 

(IECC), characterized by harsh winters and hot, humid summers (Figure 1). On the east side of Des 
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Moines (41.6 °N latitude and 93.6 °W longitude), the Capitol East neighborhood stands out due to its 

unique socio-economic characteristics and challenges, making it a representative case for many mid-

sized U.S. neighborhoods. Covering approximately 282,778 square meters, Capitol East primarily 

consists of single-family residences constructed in the early 1900s. Much of this aging housing stock 

lacks proper insulation, featuring poorly sealed building envelopes with low thermal resistance (R-

values) and older single-glazed windows, which contribute to inefficient energy performance. The 

neighborhood’s built environment, socio-economic context, and climatic extremes make it an ideal 

case for examining the intersection of urban heat effects and energy performance in resource-

constrained settings. The following section details the steps in the methodology. 

 

Figure 1. Geographical location of the case study. 

3.2. Future Weather Data Generation 

The first step in the workflow involves creating future weather scenarios using TMY datasets, 

with the latest version, TMY3, obtained from the Des Moines International Airport—the closest 

weather station to the Capitol East Neighborhood—serving as the baseline. Future weather files for 

the years 2050 and 2080 were generated by modifying the TMY3 data through a statistical 

downscaling approach using CCWorldWeatherGen, a free and open-source weather generator 

developed by the University of Southampton [66]. This Microsoft Excel-based tool employs the 

"morphing" technique, a widely used method initially introduced by [67], to modify historical 

weather data based on projected climate shifts. The morphing process involves two key adjustments: 

"shifting" and "stretching." The shifting process modifies the average monthly values of climate 

variables while maintaining their variability, whereas stretching adjusts the variability itself while 

keeping the average constant. When applied to temperature, this method alters not only the mean 

temperature values but also modifies the daily fluctuations by proportionally expanding or 

contracting diurnal variations [66]. 

CCWorldWeatherGen is based on the Hadley Centre Coupled Model, version 3 (HadCM3) [68], 

a global climate model widely used for long-term climate projections. For this study, the SRES A2 

scenario was chosen, as it aligns closely with the Representative Concentration Pathway (RCP) 8.5, 
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often considered a worst-case scenario in climate projections. RCP 8.5 represents a high-emission 

trajectory characterized by continued fossil fuel dependence, minimal climate mitigation, and an 

anticipated radiative forcing of 8.5 W/m² by 2100. The RCP framework serves as a critical tool for 

climate modeling, offering multiple greenhouse gas emission pathways to project future climate 

conditions and their potential implications [69]. 

3.3. Urban Heat Island Simulation 

At this step, a detailed 3D model of Capitol East, previously developed in [70,71], was integrated 

into the UWG environment using a plugin called Dragonfly, following the workflow described in 

Hashemi et al [72]. Developed by Ladybug Tools [73], the Dragonfly plugin for Grasshopper 3D 

enables the use of UWG within the Rhino 3D software. The model was created using a comprehensive 

inventory of 1,142 trees (including both yard and street trees) and 272 buildings in the neighborhood. 

Based on data obtained from the Polk County Assessor website [74], 87 buildings were identified as 

having active air conditioning, operating both cooling and heating systems year-round, while 185 

buildings relied on natural ventilation, equipped with heating systems only and no cooling. The 

assessor data includes key information about the neighborhood’s buildings, such as parcel numbers, 

construction materials, and the number of stories. Table 1 provides a summary of the main inputs 

used in the UWG simulation. 

Table 1. Urban morphology and surface characteristics used in the UWG model. 

 Parameter   Input value  

Average building height  5.1m  

Footprint density  0.15  

Facade-to-site ratio  0.19  

Tree coverage ratio  0.35  

Grass coverage ratio  0.43  

Traffic intensity (W/m2)   12.5 (Low-traffic residential areas [75]) 

Vegetation albedo    0.2  

Terrain albedo  0.18  

Daytime boundary-layer height (m)    600  

Buildings were further grouped according to their construction properties into 14 unique 

templates: 6 templates for air-conditioned buildings and 8 for naturally ventilated buildings. These 

templates represent varying numbers of buildings, ranging from a single building to a maximum of 

69 buildings per template (Table 2). The meteorological data were obtained from three sets of weather 

data: TMY3 (simply refer as current hereafter), and the future TMY scenarios for 2050 and 2080, 

created in the previous step. The resulting weather files, labeled ‘Current + UHI’, ‘2050 + UHI’, and 

‘2080 + UHI’, were formatted in EnergyPlus Weather (EPW) and served as key inputs for the 

subsequent phases of the workflow. 

Table 2. Material properties, thermal characteristics, and key building system parameters used in the UBEM. 

Category Layers d [m] λ [W/mK] R [m2K/W] 

Façade Materials Asbestos  Concrete  0.07 0.74 2.12 

  Polystyrene  0.05 0.03  

  Cement Plaster  0.2 0.72  

  Gypsum Board 0.013 0.16  

 Brick Brick  0.15 1.02 1.98 

  Polystyrene  0.05 0.03  

  Air Layer  0.02 0.139  

  Gypsum plaster 0.015 0.56  

 Composite Composite  0.07 0.85 2.00 
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  Polystyrene  0.05 0.03  

  Cement 0.2 1.15  

  Gypsum Board  0.013 0.16  

 Wood siding Hardwood  0.013 0.16 3.48 

  OSB Board  0.013 0.91  

  Hardwood  0.02 0.16  

  Polystyrene  0.05 0.03  

  Fiberglass  0.065 0.043  

  Gypsum Board  0.013 0.16  

 Metal siding Metal 0.002 45.3 2.78 

  Polystyrene  0.05 0.03  

  Hardboard  0.013 0.105  

  Steel 0.002 45.3  

  Fiberglass  0.039 0.043  

  Gypsum Board  0.013 0.16  

 PVC PVC  0.07 0.2 2.38 

  Polystyrene  0.05 0.03  

  Cement Plaster  0.2 0.72  

  Gypsum Board  0.013 0.16  

 Stucco Stucco 0.022 0.346 2.72 

  Steel  0.002 45.3  

  Polystyrene  0.05 0.03  

  Steel  0.002 45.3  

  Fiberglass  0.039 0.043  

  Gypsum Board 0.013 0.16  

 Cement  Cement plaster 0.02 0.72 2.05 

  Polystyrene  0.05 0.03  

  Cement plaster 0.2 0.72  

  Gypsum Board 0.013 0.16  

Roof Material 
Asphalt 

Shingle 
Asphalt shingle 

0.02 1.15 4.08 

  Plywood panels 0.02 0. 11  

  Fiberglass  0.15 0.043  

  Softwood  0.04 0.13  

  Gypsum board 0.013 0.16  

Exterior Floor Mass Floor Carpet  0.013 0.045 1.49 

  Concrete reinforced 0.15 2.15  

  Polystyrene 0.034 0.03  

Windows Window to Wall (WWR) Ratio 40%   

 Window Structure Single Glazing  

Building Systems Equipment Power Density 4.43 W/m²   

 Illuminance Target 350 lux   

 Lighting Power Density 3.28 W/m²   

DHW System Efficiency 70%, powered by natural gas 

 Water Supply Temperature 55°C   

 Water Inlet Temperature 10°C   

HVAC System Cooling Setpoint 26°C, powered by electricity 

 Heating Setpoint 20°C, powered by natural gas 

3.4. Urban Building Energy Modeling (UBEM) 

To simulate urban-scale energy performance, this study utilized the Urban Modelling Interface 

(UMI), a Rhinoceros-based urban energy modeling tool that integrates geometric, material, and 

environmental data to assess neighborhood-level energy demand [76]. UMI employs intricate urban 
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shadow calculations and an EnergyPlus simulation engine to predict thermal loads at the city scale. 

The modeling process involved multiple data sources and refinement steps to ensure a detailed and 

realistic representation of the built environment. 

The 3D geometry of the Capitol East neighborhood in Des Moines, Iowa, was developed in 

Rhinoceros 3D using GIS data from the City of Des Moines. Building footprints were extruded to roof 

elevations from GIS records, but due to variations in roof heights and partial second stories, floor 

plans from the Polk County Assessor’s database were used to refine individual structures. This step 

was critical, as UMI evaluates thermal loads based on a building’s total insulated volume, making 

precise height representation essential for accurate energy simulations. 

Beyond physical geometry, detailed building attributes were integrated to enhance thermal 

performance modeling. The assessor data provided essential inputs, including construction year, 

number of stories, insulation quality, HVAC system type, and number of residential units. An 

identification system based on parcel numbers allowed for seamless cross-referencing between the 

Rhino-UMI model and assessor records, ensuring that each building was assigned appropriate 

thermal and operational properties. To further refine the simulation, a high-resolution residential 

occupancy schedule was incorporated, addressing the limitations of static occupancy assumptions in 

traditional energy models. A Markov chain-based model combined with American Time-Use Survey 

(ATUS) data was used to generate stochastic, time-dependent occupancy schedules, which were 

further refined using local survey data to match the energy use patterns of the neighborhood [77]. 

Additionally, urban vegetation was modeled with detailed canopy and trunk characteristics, 

obtained from a comprehensive urban tree inventory conducted by the research team, capturing 

shading effects that influence cooling demand [71]. 

To align with the economic and historical characteristics of the study area, it was assumed that 

none of the air-conditioned buildings included energy economizers or heat recovery systems. This 

assumption was based on two key factors: first, the general economic conditions of the neighborhood, 

which suggest that such efficiency upgrades are unlikely; and second, the average retrofit age, which 

was around 1980 according to the assessor’s data.  

Among the 272 buildings modeled, 87 had air conditioning, meaning they were equipped with 

both heating and cooling systems, relied on mechanical ventilation (AC) and scheduled ventilation, 

and did not utilize natural ventilation. The remaining 185 buildings did not have air conditioning, 

meaning they lacked cooling capability entirely, had no mechanical or scheduled ventilation, and 

relied solely on natural ventilation. This assumption was made due to the lack of available data on 

potential alternative cooling systems in the assessor’s records, which did not specify whether 

occupants had installed other means of cooling. Regardless of cooling availability, all 272 buildings 

were equipped with heating systems fueled by natural gas, as indicated by the assessor’s records. 

Table 2 summarizes the building template specifications, with façade materials and window 

properties derived from assessor data, while other assumptions were adopted from ASHRAE 

Standard 90.1. Based on assessor data, the majority of residential buildings were initially categorized 

into primary façade materials of metal siding, mixed materials (36.18%), PVC (19.34%), and 

hardboard (17.29%). However, to improve the accuracy of thermal modeling, these classifications 

were refined into eight façade material clusters: asbestos, brick, composite, wood siding, metal siding, 

PVC, stucco, and cement. Each building in the model was assigned one of these façade templates 

based on its parcel ID, using a structured cross-referencing system. The parcel number served as a 

unique identifier that linked individual building records from the assessor database with the Rhino-

UMI model. This allowed for the seamless integration of façade classification, ensuring that each 

structure's thermal properties reflected its documented construction type. Given the lack of explicit 

insulation data in the assessor records, a standardized approach was adopted based on the dominant 

construction practices of the era. As most structures in the neighborhood were built before 1980, 

polystyrene insulation was applied uniformly across all templates, reflecting its widespread use in 

residential buildings of that period. The assumption was necessary to maintain model consistency 

and prevent excessive variation stemming from unverified retrofit data.  
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4. Results and Discussion 

4.1. Future Projected and UHI-Induced Temperature 

Using current data as a baseline, significant temperature shifts are projected for 2050 and 2080, 

highlighting a consistent warming trend over time. Each month’s average temperature shows a 

significant increase compared to the current baseline, with the warming trend becoming more 

pronounced by 2080 (Figure 2). January, the coldest month, has an average temperature of -6.04 °C 

in current conditions, rising to -3.68 °C in 2050 and further to -0.81 °C in 2080 (a total increase of 5.23 

°C). July, the warmest month, has an average temperature of 23.20 °C in current conditions, 

increasing to 27.61 °C in 2050 and to 30.79 °C in 2080, marking a total rise of 7.59 °C.  

Seasonal analysis reveals that summer (June–August) experiences greater absolute warming 

compared to winter (December–February). The winter average temperature increases from -5.16 °C 

in current conditions to -3.09 °C in 2050 and further to 0.62 °C in 2080, showing a total rise of 5.78 °C. 

By comparison, the summer average temperature increases from 23.20 °C in current conditions to 

27.61 °C in 2050 and further to 30.79 °C in 2080, a total rise of 7.59 °C. 

 

Figure 2. Average monthly temperature across six weather scenarios. 

Similar projections have been observed in Philadelphia’s urban climate modeling, where 

morphing techniques applied to future weather data indicated persistent warming across all months, 

with the highest absolute increases occurring during summer [66]. The elevated temperatures in 

warmer months intensify urban heat retention, compounding the risk of extreme heat events in cities 

with comparable climatic conditions. In addition, it reflects the increasing dominance of radiative 

forcing and the reduced efficiency of evaporative cooling in urban areas, a pattern observed in climate 

projections for Toronto, Canada, where morphing-based future climate files, including those 

generated through CCWorldWeatherGen, similarly indicated stronger warming in summer than in 

winter [78]. 

When UHI effects were added to current and future weather scenarios, additional warming was 

observed across all scenarios, averaged over the months. For instance, in January, the Current + UHI 

temperature registers -5.78 °C, which is 0.26 °C warmer than the current baseline of -6.04 °C. In the 

future scenarios, January temperatures under UHI effects rise to -3.43 °C in 2050 + UHI, an increase 

of 0.25 °C compared to the 2050 baseline, and to -0.58 °C in 2080 + UHI, which is 0.23 °C higher than 

the 2080 baseline. Warmer months show slightly larger UHI-induced increase. For example, the 

Current + UHI temperature in July is 23.91 °C, which is 0.71 °C warmer than the current baseline of 

23.20 °C. The corresponding UHI-adjusted temperatures for July in 2050 and 2080 are 28.46 °C, an 

increase of 0.85 °C compared to the 2050 baseline, and 31.79 °C, which is 0.99 °C higher than the 2080 

baseline.  

The UHI intensity, calculated as the temperature difference between “+ UHI” scenarios and their 

respective baselines using the below formula: 
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UHI Intensity = Tweather scenario +UHI – Tweather scenario (1) 

Figure 3 illustrates the monthly average intensities for three weather scenarios.  

 

Figure 3. Average monthly UHI intensity across six weather scenarios. 

The annual average UHI intensity demonstrates a clear progression across the three scenarios. 

In the current scenario, the annual average UHI intensity is approximately 0.55 °C, representing the 

baseline level of urban heating under existing conditions. By 2050, this value increases to 0.60 °C and 

reaches 0.63 °C in 2080. Seasonal analysis consistently indicates that UHI intensity is highest in the 

summer months, particularly in August, which shows the peak average in all scenarios.  

In the current scenario, August reaches 0.71°C, while the lowest UHI intensities occur in winter, 

with December averaging 0.24 °C. Spring and fall record average UHI intensities of 0.64 °C and 0.49 

°C, respectively. By 2050, UHI intensity increases slightly across all months, with August peaking at 

0.85 °C and December remaining the lowest at 0.23 °C. Spring and fall show average UHI intensities 

of 0.66 °C and 0.46 °C, respectively. By 2080, UHI intensities intensify further, with August reaching 

1.00 °C and December declining slightly to 0.21 °C. Spring and fall record averages of 0.65 °C and 

0.41 °C, respectively. These findings support the expectation that climate change will amplify urban 

heat stress, particularly during warm months, as UHI effects compound the impact of rising 

temperatures [78]. A similar warming pattern was observed in large-scale UHI analyses across North 

American cities, where daytime UHI intensities are more pronounced in humid regions like the 

Midwest and Eastern U.S. due to reduced convective cooling efficiency [79]. This is reflected in the 

projections, as the greater summer warming suggests that cities in humid regions will face increased 

heat stress from both climate change and urban heat retention. 

However, the interaction between climate change and UHI effects is complex and not a simple 

linear increase. Some projections indicate that rising atmospheric temperatures may weaken urban-

rural contrasts at night, leading to reduced nocturnal UHI intensities in future scenarios. Conversely, 

higher background temperatures during the day—particularly in summer—limit urban cooling 

efficiency, sustaining UHI effects despite overall warming [80]. The results presented here affirm this 

trend, with August UHI intensities increasing from 0.71 °C in the current scenario to 1.00 °C by 2080, 

highlighting the amplification of daytime heat retention in urban areas. However, some studies 

suggest a potential weakening of winter UHI due to a diminishing urban-rural temperature gradient. 

Despite this, the simulations indicate only a minor reduction in December UHI intensity, from 0.24 

°C (current) to 0.21 °C (2080). Although seasonal variations persist, the overall trajectory of UHI 

intensity remains upward—particularly in warm months—as climate change exacerbates urban heat 

stress. 

Shifting to a daily analysis, UHI intensity increases noticeably in the late afternoon as urban 

surfaces release the heat absorbed during the day. The intensities peak during nighttime, specifically 

around midnight, with the highest values recorded between 23:00 and 1:00 (Figure 4). These values 
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were calculated on a year-round basis. In the current scenario, the UHI intensity reaches a maximum 

of 1.23 °C at 1:00, slightly decreasing afterward. Similarly, in the 2050 and 2080 scenarios, the peak 

intensities occur at midnight, with values of 1.26 °C and 1.34 °C, respectively, reflecting the increasing 

impact of warming trends over time. 

 

Figure 4. Average hourly UHI intensity under current and future weather scenarios. 

During the early morning hours, UHI intensities begin to decline steadily, transitioning into UCI 

conditions shortly after sunrise. In all scenarios, the UCI effect becomes evident around 8:00, with the 

temperature difference between the weather scenarios and their UHI-induced conditions becoming 

negative. The lowest intensities are recorded between 9:00 and 11:00, with peak values of -0.39 °C, -

0.38 °C, and -0.41 °C in the current, 2050, and 2080 scenarios, respectively. As the day progresses, the 

intensity shifts back toward positive values as urban surfaces reheat. This transition occurs 

consistently at 15:00 across all scenarios, reflecting a balance between heat absorption and cooling 

throughout the day. The intensities continue to rise steadily through the evening, completing the 

daily UHI cycle. The presence of a morning UCI effect has been widely documented in various urban 

environments, where synoptic conditions and thermal storage differences between urban and rural 

areas influence cooling patterns. In Melbourne, Australia, early-morning UCI effects have been 

observed, attributed to lower heat retention in urban areas under specific atmospheric conditions 

[17]. Similarly, research in Hong Kong indicated that low-rise, low-density urban areas experienced 

a stronger UCI effect compared to high-density regions, largely due to lower thermal storage and 

reduced nighttime heat retention [81]. The findings here reflect a similar trend, suggesting that urban 

morphology and atmospheric factors influence early-morning cooling patterns, reinforcing the 

complexity of daily temperature dynamics in urban areas. 

4.2. Degree Days Change Due to Climate Change and UHI 

Degree-days are commonly utilized as a rough estimation of heating and cooling demands [82]. 

Heating Degree Days (HDD) and Cooling Degree Days (CDD) were calculated across six weather 

scenarios using the standard methodology outlined in ASHRAE (2017). HDD and CDD are calculated 

as the sum of the differences between daily average temperatures and the base 10 °C (50 °F) or 18.3 

°C (65 °F). When the outdoor temperature is below (or above) the base temperature, the heating (or 

cooling) systems are required to operate, and therefore deviations result in increased energy 

requirements. The formulas for HDD and CDD are as follows: 

𝐻𝐷𝐷 = ∑  𝑁
𝑖=1 (10.0 °C - Ti)+ (2) 

𝐶𝐷𝐷 = ∑  𝑁
𝑖=1  (Ti - 18.3 °C)+   (3) 

where N is the number of days in a year, 10 °C and 18.3 °C are the base temperatures for HDD 

and CDD calculations, respectively. Ti is the mean daily temperature, determined by averaging the 
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daily maximum and minimum temperatures. The + superscript indicates that only positive values 

within the bracketed expressions are summed. 

In the current scenario, the HDD is 1934 °C-days, while the CDD is 7120 °C-days, indicating that 

the baseline climate is heating-dominated (Figure 5). However, HDD show a clear decreasing trend 

from the current scenario to future scenarios, beginning with a 3.8% reduction when UHI effects are 

added to this scenario. In the 2050 scenario, HDD decreases further by 22.5% compared to the current 

scenario, while the inclusion of the UHI effect amplifies this reduction to 25.5%. By 2080, the decrease 

becomes even more pronounced, with a 42.9% reduction without UHI and a 45.3% reduction with 

UHI.  

 

Figure 5. HDD and CDD across six weather scenarios. 

In contrast, CDD exhibit a substantial increase over time, starting with a 9.3% rise when moving 

from the current scenario to the current scenario with UHI. In the 2050 scenario, CDD increases 

further by 71.1% relative to the current scenario, and the UHI effect intensifies this rise to 86.%. The 

trend becomes even more dramatic by 2080, with CDD increasing by 137% without UHI and 156.1% 

with UHI. Several studies support the observed trends in this research regarding HDD reductions 

and CDD increases due to UHI effects and future climate projections. Schatz & Kucharik [83] 

examined a densely built area in Madison, Wisconsin, where stronger UHI effects led to a 6% HDD 

decrease (260–302 fewer HDD) and a 23%–29% CDD increase compared to rural areas, underscoring 

the influence of urban density on energy demand. In contrast, this study focuses on a low-rise 

neighborhood with milder UHI effects, explaining the relatively smaller changes observed. Ramon 

et al [84] projected a 27% HDD decline (from 3189 to 2337 HDD) and a 2.4-fold CDD increase (from 

167 to 401 CDD) for 2070–2098 under the RCP 8.5 scenario in Belgium, highlighting substantial future 

climate impacts. Despite differences in urban form, background climate, and methodology, both 

studies reinforce the expectation of declining HDD and rising CDD due to microclimate and climate 

change. 

4.3. Impacts on Cooling and Heating Loads 

The analysis of cooling and heating loads under the baseline and UHI-influenced scenarios 

provides key insights into the impact of localized warming. Figure 6 (a) illustrates the cooling 
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demand of all buildings across the neighborhood in these two conditions (current and current + UHI). 

For cooling loads, the mean (median) demand increases from 2,551 kWh (2,127 kWh) in the baseline 

scenario to 2,733 kWh (2,151 kWh) in the UHI-influenced scenario, representing a 7.1% (1.1%) 

increase. This underscores the additional cooling burden imposed by urban heat effects on buildings 

when integrated into the current TMY3 dataset. 

 

Figure 6. Cooling and heating loads under the current and UHI-influenced weather scenarios. 

The minimum cooling load rises from 147 kWh in the baseline to 182 kWh under UHI conditions, 

marking a 23.8% increase. Even buildings with the lowest cooling requirements experience a 

substantial rise due to the added heat introduced by UHI. Similarly, the maximum cooling load 

(excluding outliers) increases from 6,500 kWh to 7,094 kWh, reflecting a 9.1% increase. Additionally, 

the interquartile range (IQR) expands from 2,500 kWh to 2,784 kWh, an 11.3% increase that highlights 

greater variability in cooling loads. This underestimation highlights the significant role of site-specific 

climatic conditions in driving cooling energy needs, particularly in urban neighborhoods where 

building arrangements and heat-retaining surfaces intensify thermal loads. 

Conversely, for heating loads (Figure 6b), the mean (median) demand decreases from 14,260 

kWh (11,793 kWh) in the baseline scenario to 13,877 kWh (11,225 kWh) in the UHI-influenced 

scenario, representing a 2.7% (4.8%) decrease. The minimum heating load drops from 724 kWh in the 

baseline to 702 kWh under UHI conditions, marking a 3.0% decrease. Similarly, the maximum heating 

load (excluding outliers) decreases from 37,682 kWh to 34,736 kWh, reflecting a 7.8% reduction. 

Additionally, the IQR decreases from 12,984 kWh to 12,157 kWh, a 6.4% drop that highlights reduced 

variability in heating loads across the neighborhood. UMI calculates heating loads in kWh using 

EnergyPlus, regardless of fuel type. If required, EnergyPlus separately calculates fuel consumption 

based on system efficiency, but UMI consistently reports heating demand in kWh to ensure 

uniformity across different energy sources. Overall, the UHI effect increased cooling energy 

requirements by 7.1% while reducing heating demands by 2.7% on average across the neighborhood. 

Expanding the analysis to future scenarios and their UHI-influenced counterparts, Figure 7 

illustrate the shifts in cooling (left) and heating (right) across four scenarios. In the 2050 scenario, the 

average cooling load increases to 4,894 kWh, a 91.8% rise from current conditions, and with UHI 

effects included, it further increases to 5,001 kWh, reflecting a total rise of 96.0%. By 2080, the average 

cooling load increases to 6,519 kWh (155.6%) compared to the baseline, peaking at 6,915 kWh (171.1%) 

in the UHI-influenced 2080 scenario. These results highlight the substantial increase in cooling 

demand driven by rising temperatures and the compounded effects of urban heat. Similarly, Deng et 

al [85] demonstrated that climate change could drive a substantial increase in cooling energy use, 

with projections ranging from 113% to 173% in urban residential neighborhoods by 2050 under high-

emission scenarios (SSP5-8.5, SSP3-7.0). Tootkaboni et al [78] reported even greater increases of up to 
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255.1% in residential buildings under extreme climate change scenarios (RCP 8.5, 2081–2099), 

particularly in single-family houses due to their high shape factor and exposure to outdoor 

temperature fluctuations. However, lower estimates have been reported under different climate 

projection frameworks. Shen et al [86] projected a more moderate increase in cooling demand, 

ranging from 2.6% to 24% across U.S. residential buildings for the period 2040–2069 under the SRES 

A2 and A1FI scenarios. The discrepancy is primarily due to differences in climate modeling 

frameworks. While the newer SSP and RCP scenarios (e.g., RCP 8.5, SSP5-8.5) account for higher 

greenhouse gas emissions and more severe warming trajectories, the SRES A2 and A1FI scenarios are 

based on older projections that assume different economic, technological, and emissions pathways. 

 

Figure 7. Cooling and heating load ranges across future weather and their UHI-induced scenarios. 

In contrast, heating loads exhibit a consistent decline across all future scenarios, reflecting 

reduced energy demand due to warming and the UHI effect. By 2050, the average heating load 

decreases to 11,433 kWh (-19.8%) compared to the baseline, and with UHI effects included, it further 

declines to 11,209 kWh (-21.4%). By 2080, the average heating load drops significantly to 9,182 kWh 

(-35.6%), reaching 8,885 kWh (-37.7%) under UHI conditions. This trend aligns with previous studies 

projecting reductions in heating demand. Tootkaboni et al [78] estimated a 30.9% decrease in heating 

demand across Milan’s residential buildings by 2081–2099 under RCP 4.5 and RCP 8.5. Similarly, 

Deng et al [85] projected a 22%–31% reduction in Geneva’s residential neighborhoods by 2050 under 

SSP1-2.6 to SSP5-8.5. Both studies attribute these declines to rising winter temperatures, which lessen 

the need for space heating.  

4.4. Impacts on Energy Use Intensity Changes (EUI) 

Energy Use Intensity (EUI) measures energy consumption per unit area (kWh/m²), allowing for 

direct comparisons across buildings of different sizes. Figure 8 illustrates heating and cooling EUI 

trends across the six weather scenarios, highlighting a sharp upward shift in cooling demand and an 

inverse trend for heating. Under current conditions, the mean cooling EUI across the neighborhood 

is 21.26 kWh/m², but incorporating UHI effects leads to a 6.85% increase, raising it to 22.72 kWh/m². 

Future climate projections indicate a dramatic rise, with cooling EUI reaching 40.61 kWh/m² by 2050, 

representing a 91.0% increase from current condition. When UHI effects are factored in, 2050 cooling 

EUI increases further to 41.55 kWh/m² (+2.3%). Deng et al., (2023) projected that cooling energy 

intensity in residential buildings could rise from 12 kWh/m² to 32 kWh/m² by 2050. By 2080, EUI 

reaches 54.03 kWh/m², marking a 33.0% jump from 2050 and a 154.1% increase from current 

conditions. 2080 + UHI cooling EUI increases further to 57.38 kWh/m² (+6.2% from 2080). Likewise, 

Berardi & Jafarpur [87] projected that cooling EUI could increase between 15% and 126% by 2070 and 

Jylhä et al [88] projected a 40–80% increase in cooling energy demand by 2100, depending on building 
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typology and climate conditions. They highlight that factors such as insulation levels, window-to-

wall ratios, and ventilation strategies significantly influence the extent of cooling demand increases. 

On the other hand, EUI for heating declines across all future scenarios as temperatures rise. 

Under current conditions, the mean heating EUI is 135.40 kWh/m², decreasing by 2.67% with UHI 

effects to 131.78 kWh/m². By 2050, heating EUI drops 20.0% to 108.28 kWh/m², with 2050+UHI further 

reducing it by 2.2% to 105.91 kWh/m². By 2080, heating EUI falls 20.0% more to 86.58 kWh/m², totaling 

a 40.1% reduction from current conditions. Factoring in UHI, 2080+UHI decreases it by 3.1%, reaching 

83.94 kWh/m². For heating EUI, Berardi & Jafarpur [87] reported heating EUI reductions of 18%–33% 

by 2070. Jylhä et al., (2015) projected heating EUI reductions of 20–40% by 2100. 

 

Figure 8. Energy Use Intensity for heating and cooling. 

4.4.1. R-Value Sensitivity Analysis Across Weather Scenarios 

To enable cross-comparison between building templates, the impact of R-value, which 

represents the thermal resistance of wall assemblies, is explored as it represents the most noticeable 
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difference between building templates in the dataset (see Table 2). The analysis clusters buildings by 

their thermal resistance (R-value) to provide a unified perspective across scenarios and building 

types. 

Wall assemblies in building templates show notable differences in R-value, ranging from slightly 

higher than 2.0 m²·K/W (11 ft²·h·°F/BTU) to 3.4 m²·K/W (19.5 ft²·h·°F/BTU). Despite these differences, 

all buildings assessed have relatively low thermal resistance compared to the International Energy 

Conservation Code (IECC) requirements. For Climate Zone 5A, the IECC mandates a minimum R-

value of 3.5 m²·K/W (R-20 ft²·h·°F/BTU) for cavity-only insulation or 2.3 m²·K/W (R-13 ft²·h·°F/BTU) 

cavity insulation plus 0.9 m²·K/W (R-5 ft²·h·°F/BTU) continuous insulation (c.i.). 

The coefficient of determination, denoted as R², is a statistical measure used to evaluate the 

strength and proportion of the variation in a dependent variable (here, cooling or heating EUI) that 

can be explained by an independent variable (here, R-value). It is derived from the formula: 

R2 = 1 - 
𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙

𝑆𝑆𝑡𝑜𝑎𝑙
  (4) 

where SSresidual represents the sum of squared residuals (the unexplained variance), and SStotal  

represents the total variance in the dependent variable.  

In the context of this dataset, R² quantifies how well variations in R-value explain the differences 

in cooling and heating EUI across buildings under different weather scenarios. For the current 

scenario, the relationship between R-value and cooling EUI (Figure 9) shows a negative slope of -

1.08, indicating that for every 1 m²·K/W increase in R-value, cooling EUI decreases by 1.08 kWh/m². 

Over the full range of R-values in the dataset, this results in a total reduction of 1.62 kWh/m². 

Incorporating UHI effects strengthens this negative correlation, with a steeper slope of -1.58, leading 

to a total reduction of 2.38 kWh/m² across the dataset's R-value range. The enhanced cooling demand 

due to UHI increases the potential impact of higher insulation levels. 
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Figure 9. Cooling EUI sensitivity to R-Value. 

Future climate projections further amplify this trend. By 2050, the cooling EUI sensitivity to R-

value is slightly lower than the present climate, with a slope of -0.99, resulting in a total reduction of 

1.49 kWh/m². However, under 2050 + UHI conditions, the slope becomes more pronounced at -3.51, 

yielding a total reduction of 5.27 kWh/m².  

By 2080, the influence of R-value intensifies, with a slope of -5.84, leading to a total cooling EUI 

reduction of 8.77 kWh/m² across the dataset's R-value ranges. The 2080 + UHI scenario exhibits the 

steepest decline, with a slope of -6.56, bringing the largest total reduction of 9.85 kWh/m². 

Although the role of R-value in reducing cooling EUI became more significant under future 

climate scenarios, its impact on heating EUI shows the opposite trend. As temperatures rise, the role 

of insulation in reducing heating demand becomes less significant, with diminishing returns in 

energy savings (Figure 10). For the current scenario, the relationship between R-value and heating 

EUI exhibits a negative slope, indicating that for every 1 m²·K/W increase in R-value, heating EUI 

decreases by 12.67 kWh/m². Over the full range of R-values in the dataset, this results in a total 
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reduction of 19.01 kWh/m². Adding UHI to the current scenario slightly reduces the sensitivity of 

heating EUI to R-value, with a slope of -12.60, leading to a total reduction of 18.90 kWh/m². 

 

Figure 10. Heating EUI sensitivity to R-Value. 

Under 2050 scenario, the magnitude of the impact decreases, with a slope of -10.54, resulting in 

a total heating EUI reduction of 15.80 kWh/m². With 2050 + UHI, the correlation weakens further, 

with a slope of -9.69, yielding a total reduction of 14.52 kWh/m². By 2080, the impact of insulation on 

heating EUI continues to diminish. The slope decreases to -9.0, bringing a total reduction of 13.51 

kWh/m². In the 2080+UHI scenario, the slope stabilizes at -9.164, leading to a total reduction of 13.75 

kWh/m². 

The findings indicate that R-value will play an increasingly critical role in managing cooling 

loads, especially under future high-temperature scenarios where UHI effects amplify urban 

overheating. Higher insulation levels have been shown to reduce peak cooling loads in high-UHI 

environments, though their effectiveness diminishes with rising temperatures [89,90]. However, the 

reduced effectiveness of insulation in lowering heating loads suggests that future energy efficiency 

policies should focus more on passive cooling measures rather than heating efficiency improvements.  
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5. Conclusion 

This study employed a multi-step modeling workflow that integrates canopy-level UHI 

simulation tools and future climate modeling to assess the impact of microclimate effects and climate 

change on urban building energy consumption. The analysis focused on low-income residential 

neighborhoods in Des Moines, Iowa, where energy affordability and efficiency are critical for long-

term sustainability. 

The results underscore the pressing need for climate adaptation strategies as cooling demand 

increases and heating requirements decline, regardless of the emission path. The growing reliance on 

cooling systems will not only elevate electricity consumption but may also strain peak energy supply, 

potentially leading to grid instability during high-demand periods. These findings of this study 

highlight the importance of integrated urban energy policies that promote energy efficiency, building 

retrofits, and demand-response strategies to balance future energy loads effectively. Moreover, high-

emission climate pathways could result in extreme cooling energy burdens, reinforcing the need for 

adaptive urban planning, passive design strategies, and energy-efficient retrofits to mitigate these 

challenges. 

Furthermore, this study highlights the evolving role of building envelope characteristics, 

particularly insulation performance, under future climate scenarios. While higher insulation levels 

effectively reduce heating demand under current climate conditions, their impact diminishes as 

temperatures rise, making them less effective in reducing heating energy use in future scenarios. 

Conversely, the role of insulation in mitigating cooling loads remains more consistent, becoming 

increasingly critical as high temperatures driven by climate change and UHI effects amplify cooling 

energy demands. This shift underscores the need for climate-adaptive building codes that balance 

insulation improvements with passive cooling strategies, such as reflective surfaces and enhanced 

shading, to address the growing reliance on cooling systems in urban environments. As cities 

increasingly face rising energy demand for cooling and declining heating needs, this study reinforces 

the necessity of integrated, data-driven energy planning approaches that account for both climate 

change projections and localized urban heat dynamics. 

6. Limitations and Future Work 

While this study provides valuable insights into urban energy demand under future climate 

conditions, several limitations must be acknowledged. The study relies on RCP 8.5, a high-emission 

scenario often considered a worst-case projection. While this ensures a conservative estimate of future 

warming impacts, it does not account for potential climate mitigation policies that may alter future 

emissions. Future work should incorporate multiple RCP scenarios (e.g., RCP 4.5, RCP 6.0) to assess 

a broader range of possible climate outcomes.  

Moreover, the UWG model provides a simplified representation of urban climate dynamics, and 

while it accounts for building typologies, vegetation, and urban morphology, it does not include 

dynamic land-use changes, anthropogenic heat flux variability through traffic, or localized wind 

effects. Future studies should explore higher-resolution urban climate models to capture finer-scale 

microclimate variations. 

The study assumes current urban configurations and building characteristics remain unchanged 

in future scenarios. However, urban policies, energy retrofitting programs, and passive cooling 

strategies (e.g., cool roofs, reflective surfaces, urban greening) could significantly alter energy 

demand trends. Future research should integrate building adaptation strategies to evaluate their 

effectiveness in mitigating UHI impacts and reducing cooling energy demand. 

While this study focuses on low-income neighborhoods, it does not explicitly model 

socioeconomic factors such as access to cooling technologies, energy affordability, or adaptive 

capacity. Future work should incorporate socioeconomic vulnerability assessments to evaluate how 

energy demand shifts may disproportionately impact disadvantaged communities. 
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