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Highlights 

 

 GWR has a better model performance than OLS in urban energy demand 

modeling 

 UMIs and neighboring land-use together can best explain the energy demand 

model 

 Neighboring land-use composition is important to energy demand modeling in a 

city 

 Gas demand is more influenced by UMIs and N450 compared with electricity 

demand  

 The higher buildings density configurations lead to greater heat-energy 

efficiency 

 

 

Abstract 

 

Considering climate change and energy resource depletion under rapid urbanization trends 

in the urban environment, the relation between land-use, climate change, and urban energy 

demand is gaining attention. However, a limited number of studies are focusing on the 

effect of microclimate change, and more specifically, temperature change on energy 

demand at an urban scale. This study includes empirical spatial and temporal modeling to 

identify how urban morphology indicators (UMIs), land surface temperature (LST), and 

neighboring land-use compositions affect urban energy demand using an extensive data set 

for the case study of Eindhoven, the Netherlands. For this purpose, the ordinary least square 

regression (OLS) and geographically weighted regression (GWR) models are employed. 
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The results show, there is a significant spatial relation between UMIs, neighboring land-

use compositions, and urban energy demand. Furthermore, the impact of dwelling types on 

urban energy demand is discussed. The results can be applied to sustainable urban planning 

targeting energy reduction, climate adaptation, and help local authorities for implementing 

energy management strategies.  

Keywords: 

Urban energy system, urban morphology, Land surface temperature (LST), Geographical 

weighted regression (GWR), Spatial analysis  

1. Introduction 

Many current cities are facing the challenges of sustainable environment planning 

(Pelorosso, 2020). There are several key research areas on sustainable energy planning: 

building design, urban climate, system design, technology design, and policy assessment 

(Keirstead et al., 2012; Pérez-Lombard et al., 2008; Y. Toparlar et al., 2017). However, 

urban climate and building design’s impact on urban energy demand is not systematically 

investigated in existing studies (Zhai & Helman, 2019). Thus, this study focuses on the 

spatial-temporal relation between urban climate and building design to urban energy 

demand. What is more, previous research also reveals that the neighboring area can have 

heating or cooling effect on land surface temperature (LST) (Qiu & Jia, 2020). To study 

the interaction between urban morphology (UMIs), land surface temperature (LST), and 

urban energy demand, existing urban energy modeling methods are employed, which are 

extended with UMIs, LST, and neighboring land-use compositions to allow for spatial 

analyses. 

Studies of urban energy models can be divided into three types: supply, storage, 

and demand models (Kavgic et al., 2010; Keirstead et al., 2012). Among these three 

models, there is a growing interest in reducing energy demand in the built environment 

(Swan & Ugursal, 2009). This study aims at the energy demand on an urban scale. 

Nowadays, approaches to study urban energy demand modeling are grouped into two main 

categories: top-down and bottom-up approaches (Hargreaves, 2015; Howard et al., 2012; 

Jo
ur

na
l P

re
-p

ro
of



| 4 
 

Swan & Ugursal, 2009). The bottom-up approach is applied in this study on the urban level, 

and the energy demand of individual buildings is calculated for different land-use types 

and dwelling types.  

The bottom-up research for urban energy demand modeling contains three research 

methods: statistical, engineering, and spatial analysis. This study includes both statistical 

and spatial analyses. This study contributes to the existing studies of literature on urban 

energy modeling by providing insight into the impact of UMIs at the neighborhood scale 

(6-digit postcode), whereas studies focus either on the building scale or the regional scale 

(Koopmans et al., 2014). The UMIs consist of building height, building area, and 

Normalized Difference Vegetation Index (NDVI). Besides, the composition of neighboring 

land-use types in a 450m radius (N450) is included in the urban energy demand model. 

Finally, different dwelling functions are compared in the ordinary least square (OLS) and 

geographically weighted regression (GWR) model.  

This study is organized as follows. In the first section, the studies of urban energy 

modeling are reviewed. In Section 2, the urban geometry of the study area of Eindhoven 

and the data aggregation methods for UMIs, LST, N450, and energy demand are outlined. 

Section 3 presents the most significant factors for estimating the urban energy demand 

model in a spatial context, utilizing ordinary least square (OLS) and geographically 

weighted regression (GWR). Furthermore, the results from OLS and GWR are compared, 

and the urban energy model performance for different types of dwellings are discussed. 

Finally, the study concludes with Section 4, how the presented research contributes to the 

academic field, and how it can be used in sustainable planning for urban energy 

management.  

2. Description of the study area and data aggregation 

After reviewing the previous studies on various types of urban energy models, a 

novel urban demand model that can capture the interaction between microclimate and 

neighboring land-use is presented in this study. First, the details of the study area are 

presented, followed by a data aggregation method to construct an urban energy demand 
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model, and finally, statistical information about the model included land-use functions and 

dwelling types that are used in the analyses. 

2.1 Study area 

The city of Eindhoven (Figure 1) is the fifth-largest city in the Southeast 

Netherlands (51◦26’N, 5◦28’E), with 231,469 inhabitants covering 88.87 km2 (CBS, 2019). 

Eindhoven has a temperate oceanic climate with more significant temperature variations 

between the seasons than the coastal areas of the Netherlands (Albert Klein Tank et al., 

2014). Eindhoven is a Brainport city, which attracts skilled immigrants, resulting in rapid 

urbanization and increased urban density (Agency, 2016; CBS, 2017b). Such phenomena 

result in multiple environmental issues, such as land-use functions change, urban 

microclimate influence, and energy demand effect (Gemeente Eindhoven, 2013). To 

actively deal with these issues, this study investigates the urban form and microclimate 

with a particular focus on the energy demand of the compact city. Geographical 

information system (GIS)-based tools in the microscale (building and six-digit zip-code) 

are applied for spatial analysis in the Eindhoven region of the Netherlands.  
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Figure 1: Terrain surrounding the modeled urban area with a radius of 9 km from 

Eindhoven train station, the Netherlands in 2015. 

2.2 Urban energy demand modeling 

Figure 2 presents the data aggregation process for the construction of the urban 

energy demand model. The datasets used in this study are from the period of 2013 to 2015. 

However, most of the datasets are from 2014. In this study, natural gas and electricity 

demand are used as dependent variables in the urban energy demand model. Energy 

demand datasets are retrieved in the neighborhood scale (6-digit postcode) from Public 

Services On the Map (PDOK) in 2014. The urban morphology indicators (UMIs) contains 

the following indicators: building height, building plot area, and NDVI. Building height 

and plot area were retrieved in the building scale from Top10NL-AHN2 in 2014. NDVI is 

calculated by the raw datasets of satellite images, which are retrieved in the neighborhood 

scale in 30m-resolution from Earth Explorer in 2014. UMIs are discussed in more detail in 

Section 3.2.1. The neighboring land-use in 450m radius (N450) is calculated based on the 

neighborhood scale (6-digit postcode) land-use maps from the Dutch Central Bureau of 

Statistics (CBS) in 2015. N450 land-use is discussed in more detail in Section 3.2.2. Land 

surface temperature (LST) is calculated by the raw datasets of satellite images, which are 

retrieved in the neighborhood scale in 30m-resolution from Earth Explorer during summer 

and winter in 2014. LST calculation is discussed in more detail in Section 2.2.3. All the 

datasets mentioned above are aggregated into the same geometric scale on the energy 

demand map using the tools ArcGIS Pro, Excel 2013, Spatialite-Gui 1.7.1, Netlogo 5.3.1, 

and Python 3.7.4.  
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Figure 2: Flow chart of data aggregation for the urban energy demand model. 

Table 1: The land-use classification of the Land-Use File (BBG) 2015 in the study area. 

Land-use  BBG Description Land-use  BBG Description 
U_O  10 Rail area G   40 Park 
  11 Road area     41 Sport 
  12 Airport    42 Community garden 
U_R  20 Residential area    43 Leisure area short stay 
U_C  21 Retail and bars    44 Leisure area long stay 
  22 Public facilities    50 Greenhouse cultivation 
  23 facilities    51 Other agricultural  
U_I  24 Industrial areas V   60 Forest 
O  30 Dump    61 Natural area, dry 
  31 Wreck storage place    62 Natural area, wet 
  32 Cemetery W   70-78 Water 
  33 Mineral production       
  34 Construction area       
  35 Other       

 

The original land-use types retrieved from CBS (CBS, 2017a) has more than twenty 

categories (Table 1), which were clustered into eight types (Figure 3) based on the 

similarity of land-use functions in this study: U_O (rail, road, and airport), U_R (residential 

area), U_C (commercial area and public facilities), U_I (industrial areas), O (open space 

and construction area), G (park, artificial green, and agricultural areas), V (natural green 

areas), and W (water body).  
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Figure 3: Spatial distribution of (a) land-use type; (b) building height; (c) plot area; (d) 

NDVI; (e) LST summer; (f) LST winter; (g) gas demand; (h) electricity demand. 

Finally, the spatial relation between UMIs, N450, and LST to energy demand are 

analyzed and compared by OLS and GWR regression models. Furthermore, urban energy 

demand for different dwelling types is examined and discussed. 

2.2.1 Urban morphology indicators (UMIs) 

Urban morphology indicators (UMIs) are a series of variables that can be used for 

expressing urban layouts and urban geometry (Morganti et al., 2017; Wate & Saran, 2015). 

Chen et al. (2020) reported a set of UMIs that show high explanatory power for the energy 

demand, including building information (building height and plot area) and NDVI. 

Similarly, the following paragraphs introduce the aggregation method applied in this 

research to determine these UMIs. 

Building information  

To create an accurate geometrical model of the Eindhoven area, official drawings 

and documents of land-use types were retrieved from CBS (2017a). The building height 

data was acquired from the Current Dutch Elevation File (AHN, 2015). Equation (1) for 

building height (BH) and Equation (2) for building plot area (BA) are as follows:  

 (1)

	  (2)

Where BH denotes the actual building height, Hmed denotes the lowest point of the 

gabled roof, and Hmin denotes the lowest point of the house.  

NDVI 

Normalized Difference Vegetation Index (NDVI) is an often-used worldwide 

remote sensing index for vegetation parameterization (Bechtel, 2015; Echevarria Icaza et 

al., 2016). The vegetation’s absorption and reflectivity are influenced by structure, 

emissivity, and physiological condition (Vancutsem et al., 2010). The values of NDVI vary 

between -1 and 1, which can be applied for defining the different land-use types (Zhou & 

Wang, 2010). High values indicate a high vegetation density and relatively large biomass, 

such as forest areas and lush vegetation. The default equation for NDVI is as follows:  
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(3)

where NIR denotes near-infrared band, and Red is the red band. For this study, the 

raw TIFF images from Earth explorer product, Landsat 8, were used to create the spatial 

NDVI indices in ArcGIS pro (USGS, 2015). Equation (3) is used to calculate NDVI for six 

cloud-free imageries at 30m-resolution from 2014 (09/03/2014, 19/04/2014, 06/06/2014, 

31/07/2014, 17/09/2014, and 03/10/2014). The final average NDVI from these eight days 

is applied for constructing the urban energy demand modeling. 

2.2.2 Neighboring land-use composition (N450) 

For this study, different scales and aggregation methods were tested. In the end, 

also based upon the previous research (Yasin Toparlar, 2018), a neighboring distance of 

land-use within 450m radius (N450) is applied as explainers into the urban energy demand 

model. Figure 4 illustrates the workflow for aggregating the N450 data. Firstly, all building 

data from PDOK (2019) are applied as input, and the neighboring distance of land-use 

within 450m distance of the buildings is clipped based on the land-use map from CBS 

(2017a). The land-use map of the city is extended by 1km to ensure that buildings on the 

edge of the research area can be surrounded by a 450m circle of the neighboring land-use. 

Secondly, the land-use composition within 450m distance of each building is composed of 

eight land-use types (Table 1): U_O, U_R, U_C, U_I, O, G, V, and W. The percentage (%) 

for each type of land-use is calculated using Equation (4). Finally, the data of each 

building’s land-use composition within 450m and the energy demand are joined in the 

spatial table inside ArcGIS Pro.  

	 %
100 ∗ Area of one type of land use
The total area of circle 450m

 
(4)
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Figure 4: Flow chart of N450 data aggregation. 

2.2.3 Dwelling types 

In the EU, residential buildings are responsible for 22% of the total energy demand 

(International Energy Agency (IEA), 2019). Thus, it is important to investigate more about 

the dwelling's energy demand. According to Kadaster (2019), five different dwelling types 

can be distinguished: apartment, corner house, semi-detached house, row house 

(intermediate), and detached house.  Because the corner house often comes in the end side 

of row houses, so this study combined the corner house into row house category.  

The map layer with the classification of housing types based on the Addresses and 

Buildings key register (BAG) (2019) contains the information of the type of dwellings per 

property, such as apartment, row house, semi-detached, and detached house. These datasets 

are retrieved from ArcGIS Online groups named Esri Nederland (Esri_NL_Content, 2019; 

PDOK, 2019). The research area of this study in Eindhoven contains 7,835 building 

polygons in total. 

2.2.4 Land surface temperature (LST) 

LST is an essential environmental variable to research issues related to energy and 

water at a local scale (Ahmed, Zhu, Rahman, & Choi, 2013; Khorchani et al., 2018), and 

it has been widely used during the last decades in a variety of environmental process 

research including climate change (Azevedo et al., 2016; Gallo & Xian, 2014; 

Youneszadeh et al., 2015; Zhou & Wang, 2010), and urban expansion (Voogt & Oke, 
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2003). In this study, the LST calculation method presented by Chen et al. (2016) is applied. 

There are eight cloud-free LST imageries for the Eindhoven region from 2013 to 2015, 

which contains six summer days images (21/07/2013, 06/06/2014, 31/07/2014, 

02/07/2015, 11/07/2015, and 03/08/2015) and two winter days images (06/12/2014, and 

07/01/2015). The calculated average LST in summer (LSTS) and winter (LSTw) are 

mapped in Figure 3.   

2.2.5 Energy demand 

CBS (2018) reported that more than 90 % of the energy demand in dwellings are 

contributed by gas and electricity (Table 2). In the future, CBS estimated that due to the 

increasing number of dwellings, an average annual increase of 1.1% in electricity 

consumption, and 1.0% in household natural gas consumption would be expected based on 

population effect (CBS, 2018). The natural gas and electricity demand data in the gigajoule 

(GJ), which equals 109 joules from 2014, are applied in the analysis (Fig. 3). Equation (5) 

and Equation (6) present the method for calculating energy demand to the same unit (GJ). 

Table 2: Energy demand by dwellings from 2012 to 2016. 

Year Natural gas  Electricity   Renewable energy  Warmth   Total  
  PJ % PJ % PJ % PJ % PJ 
2012 337.90 74.35 84.30 18.55 18.40 4.05 12.10 2.66 454.50 
2013 358.90 75.13 84.40 17.67 18.80 3.94 13.60 2.85 477.70 
2014 267.70 70.10 82.40 21.58 19.30 5.05 10.90 2.85 381.90 
2015 285.30 71.31 81.70 20.42 19.50 4.87 12.10 3.02 400.10 
2016 297.20 72.03 81.60 19.78 20.00 4.85 12.30 2.98 412.60 

*PJ is equal to one quadrillion (1015) joules 

	
38750

10
 

(5)

	
3600

10
 

(6)

2.3 Statistical information of different land-use functions and dwelling types 

In this study, the statistical information of different land-use functions and dwelling 

types are compared. Firstly, Table 3 presents the basic statistics for energy demand (gas 

and electricity), UMIs (plot area, building height, and NDVI), N450 (N_UO, N_UR, 

N_UC, N_UI, U_O, N_G, N_V, and N_W), and LST in different types of land-use (U_O, 

U_R, U_C, U_I, O, G, and V).  Figure 5 illustrates Table 3 into the standardized score (z-

score), which is a standardized value that is broadly used for comparing data with different 

units. 
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Table 3: Basic statistics for explainers by different land-use types in Eindhoven areas. 

Land- 
use 

Build 
(%) 

Energy(GJ) UMIs   N450 LST( ) 
Gas  Ele  Area 

(m2) 
Height 
(m) 

NDVI N_UO N_UR N_UC N_UI N_O N_G N_V N_W LSTs LSTw 

U_O 1.391 2,199 1,241 4,360 8.101 0.185 6.724 50.928 11.182 5.636 1.113 21.237 2.533 0.647 43.573 -1.891 

U_R 89.853 1,088 331 1,604 8.218 0.186 5.380 64.603 5.822 5.543 1.832 13.699 2.499 0.622 43.841 -1.644 

U_C 4.454 2,632 2,098 3,684 12.441 0.119 7.233 45.092 28.681 7.341 1.353 8.307 1.187 0.807 45.903 -1.899 

U_I 2.821 6,228 5,101 14,520 7.977 0.148 8.027 28.869 4.540 33.121 3.456 16.533 4.117 1.337 46.041 -1.107 

O 0.102 807 452 2,560 7.361 0.300 4.042 27.159 3.649 2.420 16.766 41.059 4.042 0.863 41.023 -1.323 

G 1.149 1,407 776 5,029 6.636 0.301 3.826 18.727 0.440 1.369 1.058 63.150 10.859 0.571 38.533 -1.571 

V 0.230 1,344 361 1,343 11.555 0.268 2.875 16.904 2.085 1.151 0.516 24.712 50.566 1.192 36.347 -2.316 

 

 

 

 

Figure 5: The z-score of energy demand, UMIs, LST, and neighboring land-use (N450) 

by land-use types. 

Based on Figure 5, it can be concluded that: 1) compared to other land-use function, 

the industrial areas (U_I) consume the most gas and electricity, followed by the commercial 

areas (U_C), and then, the rail, road, and airport (U_O); 2) the neighboring land-use (N450) 

have the same function as the central buildings land-use. For example, when the central 

building is used for commercial function (U_C), its neighboring land-use proportion of 

commercial function (N_UC) is also the highest one. This might lead to a high spatial 

clustered pattern; 3) the natural green areas (V) have the lowest LST value, while industrial 

areas (U_I) have the highest LST value in average; 4) comparing land-use types by UMIs, 

industrial areas (U_I) have the largest plot area in average, commercial area (U_C) have 
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the largest building height in average, and artificial green areas (G) have the largest NDVI 

in average. 

Table 4 presents the different dwelling types’ basic statistics and a standard 

deviation of explainers. It shows that 1) apartments have a high deviation on gas demand, 

electricity demand, plot area, building height, N_UC, and N_UI; 2) detached houses have 

a low deviation on the electricity demand and building height. This implies that detached 

houses have a similar building structure, this can lead to higher fitness for the explainers 

to electricity demand; 3) the overall gas and electricity demand in apartments have the 

highest value while the row houses have the lowest one. For gas and electricity demand, 

deviation value in apartments buildings are the highest one, while the row houses have the 

lowest value for electricity demand’s deviation. When the deviation is larger, this may lead 

to the nonstationary spatial distribution of the data. In this case, it is appropriate to apply 

the GWR regression model.  

Table 4: The basic statistics and standard deviation of explainers by dwelling types. 

 

Dwelling type Energy (GJ) UMIs N450 (%) LST (°C)  

  Gas Ele Area (m2) Height (m) NDVI N_UO N_UR N_UC N_UI N_O N_G N_V N_W LSTs LSTw B
asic statistic

All  1,322 562 2,139 8.39 0.18 5.53 61.86 6.81 6.34 1.85 14.27 2.70 0.65 43.91 -1.64 
Apartment 1,633 858 2,225 10.51 0.16 6.09 62.15 11.52 6.94 1.77 9.82 1.11 0.60 44.77 -1.81 
Detached 1,448 461 2,683 7.46 0.22 5.09 55.19 5.32 5.54 2.03 20.96 5.21 0.66 42.72 -1.65 
Row house 1,115 348 1,620 7.73 0.18 5.36 65.10 6.18 5.72 1.71 13.19 2.13 0.61 44.10 -1.63 
Semi-detached 1,415 473 2,452 7.56 0.20 5.31 59.09 5.96 5.80 1.52 18.19 3.60 0.53 43.35 -1.67 S

tandard 
deviation 

All  2,355 2,570 4,640 3.57 0.07 3.46 18.79 9.70 10.15 3.99 14.26 7.03 1.51 2.71 0.69 
Apartment 3,011 3,619 3,762 5.53 0.07 3.41 18.44 13.68 9.63 3.21 11.45 4.68 1.12 2.51 0.67 
Detached 1,599 1,186 3,165 1.32 0.08 3.30 20.96 6.86 9.50 5.22 19.74 10.35 1.71 3.07 0.64 
Row house 917 1,585 1,320 1.55 0.06 3.22 15.36 8.18 8.73 3.36 12.15 5.16 1.44 2.34 0.68 
Semi-detached 1,554 2,152 2,974 1.33 0.07 3.53 19.00 7.20 9.25 3.38 17.70 7.64 1.27 2.78 0.63 

 

 
(7 ) 

Figure 6 illustrates the standard score (Z-score) of variables by UMIs and LST by 

dwelling types. Equation (7) shows the calculation method of z-score, where x denotes the 

raw value of the datasets, μ denotes the mean value of the datasets, and σ denotes the 

standard deviation of the datasets. It can be concluded that: 1) apartments buildings have 

the most substantial average building height and LSTS, whereas they have the lowest 

average NDVI and LSTW; 2) the average plot area and NDVI in the detached houses are 
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the highest, whereas the average building height and LSTS  in the detached houses are the 

lowest.  

 

Figure 6: Z-score of UMIs and LST by dwelling types. 

Figure 7 illustrates the neighboring composition within 450m radius (N450) by 

dwelling types. It can be concluded that: 1) apartments buildings have the highest N_UO, 

N_UC, and N_UI percentage in the neighboring compare with other types of dwellings; 2) 

detached houses have the highest N_O, N_G, N_V, and N_W in their neighborhood 

compared to different types of dwellings; 3) majority of row houses are surrounded by 

residential areas.  

 

Figure 7: The neighboring land-use composition by dwelling types.  

3. Method and result 

The research method in this study has two-part: the statistical and spatial analysis. 

The statistical analysis is based on data applied in the OLS method for energy demand (gas 

and electricity demand), UMIs (building height, plot area, and NDVI), N450, and LST 

(LSTS, and LSTW). The spatial analysis based on GWR regression, which investigates the 
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spatial relation of different explainers to energy demand. Before performing the analysis 

of OLS in SPSS and GWR in ArcGIS, the geoprocessing tool Exploratory Regression of 

ArcGIS pro is executed. Exploratory Regression evaluates all possible combinations of the 

explainers (UMIs, N450, and LST) and finds the best combination of explainers to energy 

demand. 

3.1 Impact of UMIs, N450, and LST on energy demand  

The ordinary least square (OLS) regression model and geographically weighted 

regression (GWR) model are applied to investigate the relationships between UMIs, N450, 

and LST to energy demand.  

Table 5 shows the correlation between two variables, which are significant at the 

0.05 confidence level. The correlation from high to low value is gradually colored with red 

to green color. It can be concluded that: 1) NDVI and N_UR are explainers that have a 

negative influence on energy demand; 2) plot area, building height, N_UO, N_UC, N_UI, 

N_O, N_V, N_W, and LSTS have a positive influence on energy demand. Based on Table 

5, a hypothesis can be constructed that when a building has a higher NDVI value or the 

neighboring area composition has higher residential land-use (N_UR), then the energy 

demand might be lower.  

Table 5: The Pearson correlation between the energy demand explainers. 

 Gas Electricity Plot area Height NDVI N_UO N_UR N_UC N_UI N_O N_G N_V N_W LSTS 
 

Electricity 0.588 
             

High 

Plot area 0.584 0.432 
            

  

Height 0.035 0.056 -0.031 
           

  

NDVI -0.093 -0.095 -0.032 -0.113 
          

Low 

N_UO 0.098 0.094 0.111 0.154 -0.126 
          

N_UR -0.245 -0.234 -0.3 -0.074 -0.095 -0.24 
         

N_UC 0.088 0.078 NS 0.283 -0.294 0.214 -0.243 
        

N_UI 0.277 0.296 0.328 NS -0.152 0.228 -0.438 -0.039 
       

N_O 0.039 0.037 0.092 NS NS 0.026 -0.129 -0.105 0.079 
      

N_G NS NS 0.083 -0.113 0.351 -0.200 -0.544 -0.279 -0.15 -0.101 
     

N_V 0.041 NS 0.062 NS 0.223 -0.085 -0.350 -0.157 -0.097 NS 0.154 
    

N_W 0.059 0.075 0.07 NS NS NS -0.279 NS 0.110 NS 0.134 0.081 
   

LSTS 0.084 0.096 0.052 0.054 -0.505 0.167 0.146 0.281 0.301 0.037 -0.425 -0.431 -0.098 
  

LSTW 
NS NS 

0.077 -0.135 0.034 0.024 0.048 -0.161 NS NS 0.096 -0.108 -0.042 0.162 
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* NS is non-significant 

Based on the result of exploratory regression in ArcGIS Pro, there are two best 

combinations of explainers for energy demand: 1) building height, plot area, NDVI, N_UR, 

N_UC, and N_UI; 2) building height, plot area, NDVI, LSTS, and LSTW. The best 

combinations of explainers can be concluded as Equation (8) to Equation (11). 

	 _ _ _ _ _ _  (8) 

	 _ _ _ _ _ _  (9) 

	 _ _ _ _  (10) 

	 _ _ _ _  (11) 

To investigate the urban energy demand modeling, the best combinations of 

explainers are applied to the OLS and GWR analysis for the next step. OLS is a commonly 

used global modeling technique to evaluate relationships between two or more variables 

without spatial variation and relationships within geographic entitles (Nkeki & Osirike, 

2013). GWR is a location-dependent method to investigate the spatial relationship between 

explanatory variables (explainers) and a dependent variable, such as energy demand (Zhou 

& Wang, 2010). For the preparation step of the GWR model, a properly specified OLS 

model is investigated, and the same explainers are used to run the GWR model. 

3.2 Comparison of OLS and GWR modeling on energy demand 

3.2.1 Energy demand modeling in Eindhoven 

Based on Equation (8) to Equation (11), the regression results of standardized 

coefficients (SC) and adjusted R-squared for energy demand are presented in Table 6. It 

can be concluded that for the Eindhoven city, the plot area, building height, NDVI, 

neighboring with residential land-use (N_UR), commercial land-use (N_UC), and 

industrial land-use (N_UI) are the most influential explainers’ combination to urban energy 

demand. While comparing the explainers by categories to energy demand, the neighboring 

land-use functions are more important than LST. For the research method, GWR is better 

than OLS models to investigate urban energy demand. 

Table 6: Regression result of SC and adjusted R-squared for energy demand. 

    UMIs N450   LST Adjusted R2 
    Area Height NDVI N_UR N_UC N_UI LSTS LSTW   G

as  

GWR v v v v v v     0.524 
  v v v       v v 0.513 
OLS 0.550*** 0.026** -0.041*** -0.028* 0.074*** 0.082***     0.361 
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    UMIs N450   LST Adjusted R2 
    Area Height NDVI N_UR N_UC N_UI LSTS LSTW   

  0.584*** 0.042*** -0.055***       0.027* -0.022* 0.349 E
lectricity 

GWR v v v v v v     0.323 
  v v v       v v 0.304 

OLS 0.369*** 0.047*** -0.043*** 
-
0.044*** 

0.054*** 0.152*** 
    

0.225 

  0.172*** 0.024* -0.051***       0.062*** -0.016ns 0.043 
***p ≤ 0.001.; **p ≤ 0.01; *p ≤ 0.05 (two-tailed test). 

The model fitness between OLS and GWR regression models are compared by 

adjusted R-squared, corrected Akaike Information Criterion (AICc) and spatial 

autocorrelation (Global Moran’s I) in Table 7. AICc has a correction for out-of-sample 

prediction error in a small sample size, which is computed from a measure of the 

divergence between the observed and fitted values and the complexity of the model (Kim 

& Guldmann, 2014). Besides, AICc is a relative regression quality estimator. Comparing 

both GWR and OLS models with the AICc, the value is reduced for the GWR model (for 

both gas and electricity demand). It implies that GWR has better model fitness when 

explaining spatial datasets such as energy demand. The Global Moran’s I is calculated by 

residual of GWR and OLS regression in ArcGIS Pro, which evaluates the robustness of the 

spatial regression of the residuals. The Global Moran’s indicates perfect negative (Global 

Moran’s I = -1) to perfect positive autocorrelation (Global Moran’s I = 1)  (Zhou & Wang, 

2010). In this study, the Global Moran’s I range from 0.011 to 0.020, which indicates the 

models have a positive autocorrelation. A positive autocorrelation indicates the 

neighboring land-use has a high possibility of being the same land-use that type as the 

central one. These are in line with the results from Figure 5. 

Table 7: Model fitness comparison between OLS and GWR regression model.  

Coefficient Gas Electricity 
  OLS GWR OLS GWR 
Adjusted R2 0.361 0.524 0.225 0.323 
AICc 140397.796 138166.903 143282.829 142294.918 
Global Moran’s I 0.012 0.011 0.020 0.015 

 

The local coefficient estimates of GWR models for each explanatory variable 

(explainer) are presented in Figure 8. The color ramp is graduated from green (low value) 

to red (high value). The influential degree of explainers (plot area, building height, NDVI, 

N_UR, N_UC, and N_UI) based on Table 6 are visualized in Figure 8. The result can be 

concluded ad 1) the explainers with a positive influence on energy demand lined up by 
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impact degree are plot area, N_UI, N_UC, and building height. On the contrary, the 

explainers with a negative influence on energy demand lined up by impact degree are 

NDVI and N_UR. These results are in line with the correlation analysis of explainers 

presented in Table 5; 2) this is confirmed by the local coefficient in which the central 

(commercial area), south-west (industrial area), and east areas in Eindhoven show non-

average influences on the dependent variable (gas and electricity demand); 3) comparing 

the spatial relation of explainers, plot area, NDVI, and N_UR have higher non-stationary 

spatial relation to energy demand than building height, N_UC, and N_UI; 4) comparing 

the impact degree of explainers to gas and electricity demand, the building height is the 

best explainer. It can be expected that a taller building with a larger volume consumes more 

energy for space heating. In the EU, 64% of energy consumption by households was for 

space heating (Bertoldi et al., 2018). These results are in line with previous studies (Kavgic 

et al., 2010; Mavrogianni et al., 2009).  

Figure 9 shows the spatial mapping of the standardized residual and local R-squared 

for the GWR models. The color map varies from green (low value) to red (high value). 

Firstly, based on the residual maps of GWR, they indicate that it is typically distributed in 

most of the area and only lower in some industrial areas on south-west and south-east. The 

result denotes the model is specified correctly. The results can be verified with Global 

Moran’s I (Table 7), which returns a clustered distributed residual for both gas and 

electricity demand: z-score=5.353 and Global Moran’s I=0.011 for gas demand; z-

score=7.016 and Global Moran’s I=0.015 for electricity demand. Secondly, Figure 9 

displays the local R-squared value of the GWR model showing the buildings where the 

model’s prediction and strength of relation are more influenced by the explainers (plot area, 

building height, NDVI, N_UR, N_UC, and N_UI). Importantly, there exists the spatial 

variation in the study area where the model’s R-squared value in the south-west industrial 

area is slightly higher than in other areas. Overall, it can be concluded that the study area 

(Eindhoven region) has a significant relationship between explainers (plot area, building 

height, NDVI, N_UR, N_UC, and N_UI) and energy demand (gas and electricity demand). 
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Figure 8: Local coefficients of GWR for gas and electricity demand. 
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Figure 9: Spatial mapping of standardized residual and local R-squared for the GWR 

model. 

3.2.2 Energy demand modeling based on dwelling types 

Both OLS and GWR models can detect the explainers (UMIs, N450, and LST) that 

influence the energy demand in Eindhoven. However, only influential combinations of 

explainers are presented and compared in Figure 10 a), Figure 10 b), Figure 11 a), Figure 

11 b), and Appendix A by dwelling types. From the results as the following conclusions 

can be drawn 1) when comparing the dwelling type by gas demand, the apartment building 

is more influenced whereas detached house is less influenced by the explainers; when 

comparing the dwelling type by electricity demand, detached house is more influenced 

whereas the semi-detached house is less influenced by the explainers; 2) for all types of 

dwellings, the explainers combination of the plot area, building height, NDVI, N_UR, 

N_UC, and N_UI are most influential in both gas and electricity demand; 3) for all types 

of dwellings, plot area, building height, N_UC, N_UI, and LSTS have a positive influence 

to energy demand, whereas NDVI, N_UR, LSTW  have negative influence to energy 

demand. These results are in line with the hypothesis introduced in section 3.1 that when a 
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building has a higher NDVI value or the neighboring area composition has a higher 

residential land-use (N_UR), then the energy demand might be lower. 

a) 

b) 

Figure 10: Adjusted R2 of GWR and OLS model for gas and electricity with the variables 

a) area, height, NDVI, N_UR, N_UC, and N_UI; and b) area, height, NDVI, LSTS, and LSTw. 
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a) 

 

b) 

 

Figure 11: Standardized coefficient of OLS model for gas and electricity with the 

variables a) area, height, NDVI, N_UR, N_UC, and N_UI; and b) area, height, NDVI, 

LSTS , and LSTw. 

The dwelling types are subcategorized into the apartment, row house, semi-

detached, and detached house to investigate the residential area comprehensively 

(Kadaster, 2019). Based on Equation (8) and Equation (9), the same combination of 

explanatory is tested in the urban energy demand. The combination explanatory variables 

of the plot area, building height, NDVI, neighboring residential land-use (N_UR), 

neighboring commercial land-use (N_UC), and neighboring industrial land-use (N_UI) are 

applied to the urban energy demand. 

Table 8 presents the model performance of the OLS models and GWR models by 

different dwelling types. The result implies that 1) based on the adjusted R-squared, the 

overall model performance of GWR models has better fitness than OLS models; 2) for all 

types of dwellings, the gas demand is more influenced by the explainers than electricity 

‐0.2
‐0.1

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7

A
ll

A
p
ar
tm

en
t

R
o
w
 h
o
u
se

Se
m
i‐
d
et
ac
h
ed

D
e
ta
ch
e
d

A
ll

A
p
ar
tm

en
t

R
o
w
 h
o
u
se

Se
m
i‐
d
et
ac
h
ed

D
e
ta
ch
e
d

gas ele

St
an
d
ar
d
iz
ed

 c
o
ef
fi
ci
en

t

Area

Height

NDVI

N_UR

N_UC

N_UI

‐0.2
‐0.1

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7

A
ll

A
p
ar
tm

en
t

R
o
w
 h
o
u
se

Se
m
i‐
d
et
ac
h
ed

D
e
ta
ch
e
d

A
ll

A
p
ar
tm

en
t

R
o
w
 h
o
u
se

Se
m
i‐
d
et
ac
h
ed

D
e
ta
ch
e
d

gas ele

St
an
d
ar
d
iz
ed

 c
o
ef
fi
ci
en

t

Area

Height

NDVI

LST_S

LST_W

Jo
ur

na
l P

re
-p

ro
of



| 24 
 

demand; 3) the model’s AICc and Global Moran’s I indicate GWR has better model fitness 

than OLS. Besides, all the Global Moran’s I are positive value except the electricity 

demand’s GWR model in a detached house.  

Table 8: Parameter of the coefficient from OLS and GWR regression model. 

Coefficient Dwelling type Gas Electricity 
    OLS GWR OLS GWR 
Adjusted R2 All 0.361 0.524 0.225 0.323 
 Apartment 0.404 0.610 0.169 0.265 
  Row house 0.394 0.477 0.111 0.198 
  Semi-detached 0.270 0.435 0.074 0.087 
  Detached 0.298 0.431 0.284 0.370 
AICc All 140397.796 138166.903 143282.829 142294.918 
 Apartment 43915.235 42937.300 45592.092 45337.328 
  Row house 93255.342 92469.866 101869.818 101349.506 
  Semi-detached 28629.035 28278.014 30105.993 30089.373 
  Detached 32243.930 31914.831 31161.910 30985.936 
Global Moran’s I All 0.012 0.011 0.020 0.015 
 Apartment 0.056 0.086 0.065 0.066 
  Row house 0.129 0.107 0.027 0.021 
  Semi-detached 0.028 0.015 0.015 0.001 
  Detached 0.013 0.005 0.018 -0.008 

 

4. Discussion and conclusion 

This study compares the research model of GWR and OLS, the combination of 

explanatory variables (explainers) to energy demand, and the model performance of gas 

and electricity demand. Furthermore, dwellings in residential areas are subcategorized into 

four types (apartment, row house, semi-detached, and detached house), and their energy 

demand model are investigated and discussed in the following paragraph.  

This explanatory analysis compares the model performance for energy demand (gas 

and electricity) by explainers on three categories: UMIs (plot area, building height, and 

NDVI), neighboring land-use composition in 450m radius (N_UO, N_UR, N_UC, N_UI, 

N_O, N_G, N_V, and N_W), and LST (LSTS and LSTW) using GIS-based tools. It can be 

concluded that the model performance of spatial based GWR is better than traditional 

statistical analysis by OLS. It indicates that 1) GWR has a better model fitness for the urban 

energy modeling; 2) the model captures the non-stationary of relationship in spatial urban 

energy modeling, and 3) GWR is a significant improvement on the global model because 

GWR assumes that relationships across space are non-static.  
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This performance of urban energy demand model is investigated by a different 

combination of explainers by UMIs (plot area, building height, and NDVI), neighboring 

land-use composition in 450m radius (N_UO, N_UR, N_UC, N_UI, N_O, N_G, N_V, and 

N_W), and LST (LSTS and LSTW). The model performance with variables from high to 

low is 1) UMIs and N450 perform the best; 2) followed by UMIs combines with LST; 3) 

the lowest one is using the explainers from only UMIs. The best explanatory variables for 

both gas and electricity demand are plot area, building height, NDVI, N_UR, N_UC, and 

N_UI.  It is worth to notice that while analyzing the combination of explainers, N450 and 

LST cannot be put together as explainers, which indicates that they have a high correlation; 

this result is in line with the previous research (Chen, deVries, & Han, 2016). Based on the 

result, it denotes that neighboring land-use composition (N450) is important to energy 

demand modeling, which is important for policymakers and urban planners to consider 

while making the decisions of urban management.  

In this study, the gas and electricity demand model are compared. The model 

performance of gas demand is better than electricity demand. This might be due to the gas 

demand, which is more influenced by the space heating, which reflects on building area 

and building height, and the neighboring composition. By contrast, electricity demand is 

more general, which is less influenced by UMIs and N450. 

The GWR and OLS models denote the overall trend and influence from different 

explainers to energy demand. It can be concluded that 1) for all types of dwellings, plot 

area, building height, N_UC, N_UI, and LSTS have a positive influence on energy demand 

while NDVI, N_UR, LSTW have negative influence to energy demand. This means the 

larger plot area and building height, neighboring with commercial land-use (N_UC), 

industrial land-use (N_UI), or higher LST in summer (LSTS) will increase the energy 

demand of a building. While a building with higher NDVI, close to residential areas 

(N_UR), or have higher LST in winter (LSTW) can help to reduce the energy demand. 

The dwelling in residential areas is composed of four building types apartment, row 

house, semi-detached, and detached house, and their energy demand model can be 

concluded as 1) the model performance of apartment is better than row houses, followed 

by the detached house, and least one is a semi-detached house. It denotes that the apartment 
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is built in a more standard way, in which the semi-detached house is the least standard. 

This can be proven by the Z-score of each dwelling type and the standard deviation of it in 

Table 4 and Figure 6; 2) comparing the urban energy demand model for gas demand by 

dwelling types, the apartment is the best, which means the higher density configurations 

lead to greater heat-energy efficiency (Bourdeau et al., 2019); 3) comparing the urban 

energy demand model for electricity demand by dwelling types, detached house is the best, 

which is in line with expectation form Table 4 and Figure 6. 

Overall, the newly developed and constructed areas can take advantage of the 

findings by this study while planning a sustainable city concerning energy and climate. For 

instance, while planning a new district in a city, the policymakers can consider placing the 

proper proportion of different land-use functions in the neighborhood suggested by this 

study. This new design can help lower the fluctuation of the microclimate and decrease 

energy demand. Besides, the result of this study can be applied to sustainable urban 

planning targeting energy reduction and climate adaptation. The developed model can be 

applied to cities with similar climate conditions like Eindhoven, the Netherlands, with a 

special focus on land-use mix and urban morphology. For example, the existing 

neighborhoods which suffer from urban heat island effect can be adapted and help the local 

authorities for implementing energy management strategies. Besides, the results should 

help local authorities to implement energy management strategies in the urban areas 

(Groppi, de Santoli, Cumo, &Astiaso Garcia, 2018). Furthermore, urban energy demand 

modeling and forecasting are crucial for overcoming the current challenges of human 

comfort, urbanization, and consequent energy demand growth (Bourdeau et al., 2019).  
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Appendix 

Appendix A: OLS and GWR regression results of urban energy demand modeling. 

      UMIs N450 LST Adjusted R2  

      Area Height NDVI N_UR N_UC N_UI LSTS LSTW   G
as 

  

GWR All v v v v v v   0.524 
GWR Apartment v v v v v v   0.610 
GWR Row house v v v v v v   0.477 
GWR Semi-detached v v v v v v   0.435 
GWR Detached v v v v v v   0.431 
GWR All v v v    v v 0.513 
GWR Apartment v v v    v v 0.594 
GWR Row house v v v    v v 0.461 
GWR Semi-detached v v v    v v 0.419 
GWR Detached v v v    v v 0.436 
OLS All 0.550*** 0.026** -0.041*** -0.028* 0.074*** 0.082***   0.361 
OLS Apartment 0.620*** 0.02ns -0.028 ns 0.061* 0.144*** 0.058**   0.404  

OLS Row house 0.570*** 0.112*** -0.072*** 0.008 ns 0.150*** 0.046***   0.394  

OLS Semi-detached 0.468*** 0.066** -0.052* -0.044 ns 0.05* 0.108***   0.27  

OLS Detached 0.515*** 0.058** -0.015 ns -0.012 ns 0.069*** 0.094***   0.298  

OLS All 0.584*** 0.042*** -0.055***    0.027* -0.022* 0.349  

OLS Apartment 0.628*** 0.037* -0.033 ns    0.084*** -0.048** 0.4  

OLS Row house 0.583*** 0.141*** -0.077***    0.064*** -0.050*** 0.379  

OLS Semi-detached 0.509*** 0.074*** -0.069**    0.007 ns -0.026 ns 0.255   

OLS Detached 0.541*** 0.066*** -0.043 ns    0.011 ns -0.02 ns 0.287 
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      UMIs N450 LST Adjusted R2  

      Area Height NDVI N_UR N_UC N_UI LSTS LSTW   E
lectricity 

  

GWR All v v v v v v   0.323 
GWR Apartment v v v v v v   0.265 
GWR Row house v v v v v v   0.198 
GWR Semi-detached v v v v v v   0.087 
GWR Detached v v v v v v   0.370 
GWR All v v v    v v 0.304 
GWR Apartment v v v    v v 0.241 
GWR Row house v v v    v v 0.187 
GWR Semi-detached v v v    v v 0.068 
GWR Detached v v v    v v 0.345 
OLS All 0.369*** 0.047*** -0.043*** -0.044*** 0.054*** 0.152***   0.225 
OLS Apartment 0.308*** 0.043* -0.036 ns 0.021 ns 0.094*** 0.184***   0.169 
OLS Row house 0.286*** 0.061*** -0.048*** 0.003 ns 0.057*** 0.096***   0.111 
OLS Semi-detached 0.181*** 0.032 ns -0.049 ns -0.047 ns -0.009 ns 0.139***   0.074 
OLS Detached 0.484*** 0.053** -0.034 -0.047* 0.056** 0.107***   0.284  

OLS All 0.432*** 0.056*** -0.046***    0.055*** -0.044*** 0.199  

OLS Apartment 0.369*** 0.051** -0.033       0.097*** -0.056** 0.147  

OLS Row house 0.301*** 0.071*** -0.050***       0.042** -0.035** 0.103  

OLS Semi-detached 0.232*** 0.025 ns -0.060*       0.003 ns -0.037 ns 0.053   

OLS Detached 0.052*** 0.060** -0.042 ns       0.028 ns 0.001 ns 0.269 
***p ≤ 0.001.; **p ≤ 0.01; *p ≤ 0.05 (two-tailed test). 

Appendix B: List of abbreviations and symbols 

Abreviations Descriptions 
AHN Current Dutch Elevation File (Actueel Hoogtebestand Nederland) 
AICc Akaike information criterion 
BA Building plot area  
BAG Addresses and Buildings key register (Basisregistratie Adressen en Gebouwen) 
BBG Land Use File (Bestand Bodemgebruik)  
BH Building height 
CBS Dutch Central Bureau of Statistics (Centraal Bureau van Statistiek) 
G Artificial green areas 
GIS Geographical information system  
Global Moran's I Spatial Autocorrelation  
GWR Geographically weighted regression 
Hmed Medium building height 
Hmin Minimum building height 
IEA International Energy Agency 
LST Land surface temperature 
LSTS Land surface temperature in summer 
LSTW Land surface temperature in winter 
N_G Neighboring land-use functions is artificial green area 
N_O Neighboring land-use functions is open space 
N_UC Neighboring land-use functions is commercial   
N_UI Neighboring land-use functions is industrial 
N_UO Neighboring land-use functions are road areas, rail areas, and airport  
N_UR Neighboring land-use functions is residential land use 
N_V Neighboring land-use functions is natural green area 
N_W Neighboring land-use functions is water body 
N450 Neighboring land-use composition in 450m radius  
NDVI Normalized Difference Vegetation Index  
NIR Near-infrared band 
O Open space 
OLS Ordinary least squares regression 
PDOK Public Services On the Map 
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Red Red band 
SC Standardized coefficients 
U_C Commercial buildings and public facilities 
U_I Industrial warehouses 
U_O Road areas, rail areas, and airport as other urban functions 
U_R Residential buildings 
UMIs Urban morphology indicators 
USGS United States Geological Survey 
V Natural green areas 
W Water body 
Z-score Standard score 
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