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1 Data-driven approaches to derive parameters for lot-scale urban 

2 development models

3 Abstract

4 For assessing the performance of urban infrastructures over long time horizons of 

5 30-90 years, urban development models are desirable that explicitly represent the 

6 physical layout of the city, while confining model complexity to an appropriate 

7 level. Such models have recently appeared in the literature, but parameters were 

8 often defined ad-hoc or without documentation. This paper presents approaches 

9 to derive important parameters for such models based on commonly available 

10 data. We apply logit regression models considering four high-level characteristics 

11 of the urban landscape (distance from main station, accessibility to motorway, 

12 accessibility to marine and green spaces) to predict location of urban 

13 development for different building types, estimate characteristic building 

14 footprint and floor space areas for different building types depending on their 

15 location in the city, derive building coverage ratios using Voronoi polygons and 

16 estimate the number of buildings in new developments using hierarchical 

17 clustering. The applicability of all methods is demonstrated in a case study in 

18 Odense, Denmark. The derived parameters are case-specific, while the methods 

19 can easily be transferred to different case studies.

20 Keywords: building density; location choice; urban development size; urban 

21 hydrology; exploratory modelling

22 Current word count: 7177

23 1 Introduction

24 Projections of future performance of urban water infrastructures are frequently analysed 

25 by considering risks from climate change, while neglecting potential impacts from 

26 urban development. Recent work has demonstrated that both factors can have 

27 comparable impacts on the water system (Kaspersen et al., 2017), and simulation 

28 studies evaluating the impact of urban development on risk assessments for water 

29 infrastructures have started to appear (Löwe et al., 2017; Rauch et al., 2017). Urban 



30 development models are applied in this context to simulate projected changes of the 

31 urban form over the lifetime of the infrastructures, typically 30 to 90 years into the 

32 future (Rauch et al., 2017). Models for simulating urban development can roughly be 

33 divided into cellular-automata type approaches, which represent the urban landscape as 

34 a raster and simulate land-use change in raster cells (Clarke et al., 1997; Engelen et al., 

35 2007; Munshi et al., 2014), and agent-based approaches where urban development is 

36 simulated as a consequence of the choices of individual actors (Huang et al., 2014; 

37 Waddell, 2002; Wegener, 2011). 

38 Urban development modelling approaches applied in urban hydrology have 

39 focused on producing visually realistic representations of the urban space and creating 

40 models that allow simulating the urban configuration on the lot-scale. Models at this 

41 scale allow testing the feasibility of implementing localized water retention 

42 infrastructure, as well as larger structures such as water corridors. In addition, the 

43 immediate link to the urban configuration facilitates communication with stakeholders. 

44 The models either applied vector-based techniques (Mikovits et al., 2017; Urich and 

45 Rauch, 2014), or raster-based approaches where land-use variations within pixels are 

46 described with a high level of detail (Bach et al., 2018). These models are intended to be 

47 used for assessing urban water infrastructure in a combined urban development and 

48 hydrological simulation setup for a variety of scenarios, but similar applications 

49 focussing on, for example, energy consumption in different parts of the city or urban 

50 heat are possible (Amado et al., 2016; Broadbent et al., 2018).

51 Scenarios were previously applied in environmental assessments (Casal-Campos 

52 et al., 2015; Houet et al., 2016) and need to be defined in collaboration with the relevant 

53 stakeholders. With respect to simulating urban development, the scenarios need to 

54 define both overall population growth rates, and parameters of the urban layout that 



55 affect urban hydrology (e.g., building density, floorspace area, preferred locations for 

56 urban development, etc.). An informed starting point for these parameters is desirable 

57 when discussing with stakeholders. Parameter values were previously defined ad-hoc 

58 (Löwe et al., 2017), obtained in a manual model calibration (Bach et al., 2018), or from 

59 planning and zoning regulations (Bach et al., 2013), which, however, may not always 

60 coincide with reality and which frequently do not reach further than 10-15 years into the 

61 future.

62 The purpose of this paper is to present methods that can be used to identify and 

63 derive important parameters for urban development models used on the lot-scale. The 

64 methods are based on readily available local data. We suggest to use logistic regression 

65 methods that are also widely applied in combination with cellular automata (for 

66 example, Munshi et al. (2014) or Mustafa et al. (2018))  to define urban development 

67 locations. Other than previous works, we model where buildings of a certain type exist, 

68 rather than where developments have recently occurred. This approach allows for fitting 

69 the location choice models when historical data for the city layout are not available (as 

70 is often the case). While it is likely to have worse predictive performance than 

71 approaches modelling the locations where the city has changed, it is useful as a starting 

72 point for defining potential development locations in scenario simulations over long 

73 time horizons, where socio-economic changes are likely to lead to changing urban 

74 development patterns.  

75 To parameterize the urban configuration, we perform statistical assessments of 

76 the local building stock and analyse how building characteristics change between 

77 different parts of the city. We improve existing methods for defining building coverage 

78 ratios (BCR) from remote sensed data (Yu et al., 2010) with a robust approach that 

79 avoids problems with overlapping building and parcel boundaries. Finally, we develop a 



80 method to estimate how many properties an investor would typically develop based on 

81 existing city characteristics. To our knowledge, no approaches for solving this problem 

82 have been presented in the literature. We test our methods in a case study in Odense, 

83 Denmark and discuss how the identified parameters can be linked to simulations of 

84 urban development.

85 2 Materials and methods

86 2.1 Overview of urban development parameters

87 Figure 1 illustrates the exploratory modelling process in which our analysis is 

88 embedded. In each simulation time step (e.g., one year), the urban development model 

89 identifies areas that are currently available for development (areas that are not built up 

90 and where no policies prevent development), samples new development locations from 

91 these areas, and implements new developments for different building types. Scenarios, 

92 which are developed together with stakeholders, are used to define the population 

93 growth rate, the kind of urban layout that is developed, and possibly zoning policies that 

94 regulate locations where new developments are implemented or limit the types of 

95 development (Urich and Rauch, 2014).

96 In this process, from an urban water management perspective it is important to 

97 know where new developments occur and what kind of urban configuration is 

98 developed.  The number of residential units and floor space area per building determine 

99 the number of buildings developed for a given increase in population. Building densities 

100 determine how much open space is typically available around a building of a certain 

101 type and can, in combination with building dimensions, be used to predict how much 

102 impervious surface area and thus fast stormwater runoff should be expected in a 

103 developed area, as well as how much space is available for local water management. 



104 The amount of buildings (and their properties like height and type) determines the 

105 number of residents and commercial activities in an area, and hence the consumption of 

106 drinking water and the production of wastewater. 

107 To configure our urban development simulations in this respect, we need to 

108 quantify the parameters defined in Table 1. Different parameters need to be selected for 

109 different socio-economic scenarios, depending on what effects varying societal 

110 preferences are assumed to have. To provide an informed starting point for the 

111 definition of parameters, we can analyse data that characterize the existing urban layout. 

112 The identification of physically interpretable parameters for urban development models 

113 is the aim of this paper, while the actual simulation of urban development is not 

114 included. 

115

116 Figure 1. Application of urban development models in a scenario-based framework for assessing urban (water) 
117 infrastructure. The scope of this paper is to identify urban development parameters from data, as a starting point for 
118 the definition of scenarios. Urban development simulations and infrastructure assessments were performed, for 
119 example, in Löwe et al. (2017) and Rauch et al. (2017).

120



121

122 Table 1. Overview of parameters for configuring urban development simulation and methods to derive parameters 
123 from existing data.

Parameters of urban space Method to determine 
empirical data

Link to urban development 
model

Location of urban development Probability of development 
based on logit regression 
models fitted to accessibility 
measures

Development probabilities are 
applied to city blocks, i.e., 
polygons that delimit areas 
where development can occur. 
When simulating urban 
development, the city blocks 
where urban development 
should occur are sampled based 
on the assigned probabilities.

Size of building footprints

Number of residential units per 
building

Floorspace area per building

Mean building footprint area 
, mean number of 𝐴𝑏𝑓,𝑡𝑦𝑝𝑒

residential units and mean 
floorspace area per building. 
Each derived from the existing 
building stock for different 
building types (Section 2.4)

Implement buildings with the 
defined characteristics on 
newly developed parcels

Building density Mean building coverage ratio 
 for different building 𝐵𝐶𝑅𝑡𝑦𝑝𝑒

types. 
Determined from coverage 
ratios for individual buildings

, where 𝐵𝐶𝑅𝑖 = 𝐴𝑏𝑓,𝑖/𝐴𝑉𝑂𝑅,𝑖
 is the area of the Voronoi 𝐴𝑉𝑂𝑅,𝑖

polygon associated to building  𝑖
(Section 2.5)

Simulate parcels with varying 
sizes depending on the 
considered building type. Parcel 
size is determined as 𝐴𝑝,𝑡𝑦𝑝𝑒 
𝐴𝑝,𝑡𝑦𝑝𝑒 = 𝐴𝑏𝑓,𝑡𝑦𝑝𝑒/𝐵𝐶𝑅𝑡𝑦𝑝𝑒

Number of buildings per 
development project

Hierarchical clustering of the 
existing building stock, which 
yields a typical number of 
buildings  that are 𝑁𝐷𝐸𝑉𝑡𝑦𝑝𝑒
developed in a single project for 
a certain building type

When developing new land, the 
model inserts “clusters” of 
buildings containing the typical 
number of buildings for the 
considered building type. If 
sufficient space is not available 
in an area, a smaller cluster is 
inserted in accordance with the 
available space.

124 2.2 Data

125 We considered the city of Odense in Denmark as our case study. Odense has 

126 approximately 200,000 inhabitants and it is located in a typical moraine landscape close 

127 to the sea. Currently, the city is growing by approximately 1,400 persons per year. In 

128 our work, we considered parcel data for Odense (Agency for Data Supply and 



129 Efficiency, 2017a), a layer for protected natural areas (Agency for Data Supply and 

130 Efficiency, 2017b), a polygon layer for major roads provided by the utility Vandcenter 

131 Syd, and a building footprint layer with status 2017 provided by the municipality of 

132 Odense. Building data included information on building year and building use-type. We 

133 removed building attachments such as garages, sheds, garden houses, etc. from the 

134 dataset, as these would not be explicitly considered in an urban development model. In 

135 the following, we demonstrate our approaches for the building types residential block, 

136 residential rowhouse, detached residential, industrial and commercial. These are the 

137 dominant building types in the dataset and exhibit a range of different characteristics. In 

138 our dataset, commercial buildings include both office buildings and larger facilities such 

139 as warehouses, with no possibility to distinguish between the two.

140 Figure 2 shows the building footprints in our dataset, together with the areas that 

141 we have considered as developed in 2017. Only developed areas were considered in the 

142 identification of building properties. Developed areas were identified as parcels not 

143 located in marine areas, forest or protected natural areas based on the available zoning 

144 datasets. Similarly, major roads and railways were not considered as developed land, as 

145 these would either be considered constant or need to be explicitly addressed in an urban 

146 development model.  Finally, rural parcels were marked as not developed by manually 

147 identifying parcels that were dominated by open land, rather than settlements. The case 

148 study includes a total of 53,000 buildings with 89,000 residential units, of which 4,400 

149 and 7,200 were constructed after 1998, respectively.

150 For the analysis of building densities, footprint and floor-space areas, number of 

151 residential units and number of buildings that are typically developed in single project, 

152 we have considered those buildings that were constructed in the period 1998-2017, 

153 while the whole building dataset was considered for fitting models for probable 



154 locations of urban development. We refer to the discussion section for a review of these 

155 assumptions.

156

157 Figure 2. Illustration of areas in Odense that we considered developed in the 2017 status (green). Building footprints 
158 are coloured depending on the year of construction (before/after 1998). Buildings outside “developed areas” were 
159 considered to be located in rural areas. These were excluded from the analysis to avoid outliers in the computation of 
160 BCR and building sizes. 

161 2.3 Locations of urban development

162 To determine which locations should be selected for urban development, we 

163 suggest to borrow from methods applied in cellular automata (Arsanjani et al., 2012; 

164 Munshi et al., 2014; Mustafa et al., 2018; Poelmans and Van Rompaey, 2010), where 

165 the probability of land-use change in a raster cell is frequently modelled as a function of 



166 so-called causative factors. We considered a set of factors (see Table 2), which 

167 condition urban development on the accessibility to marine areas ( ), the accessibility 𝐴𝑀

168 of motorway junctions ( ), the accessibility of natural areas ( ), and the distance 𝐴𝐻 𝐴𝐺

169 from the existing city centre ( ). All factors are static, i.e., there is no feedback 𝐷𝑠𝑡

170 between the predicted development probabilities and the simulated urban development. 

171 We refer the reader to the discussion section for a review of this assumption.

172 Accessibility measures as described by Geurs and van Eck (2001) were applied. 

173 Note that the max operator was used in combination with a binary variable to compute 

174  and , instead of summing up over a land use area of a certain type. This ensures 𝐴𝑀 𝐴𝐻

175 that, for example, recreative space along long-stretched harbour areas has a similar 

176 influence as beaches by the open sea. The smoothing parameter  was determined such 𝜆

177 that the difference between the empirical distributions of accessibility for areas 

178 containing and not containing residential land-use was maximised when computing , 𝐴𝐺

179 while the difference between areas containing/not containing commercial land-use was 

180 considered for the computation of  and . We refer to Section 1.1 in the 𝐴𝐻 𝐴𝑀

181 supporting material for details. All variables were computed on a raster grid with a 

182 resolution of 200m and scaled by the standard deviation of the values computed for all 

183 pixels. The data resolution was chosen by evaluating how well hydrological 

184 characteristics of the city, in particular impervious areas, could be linked to observed 

185 building areas for different raster resolutions. Biased relationships between impervious 

186 areas and building areas were observed on scales finer than 200m.

187



188

189 Table 2. Causative factors considered to characterize locations of urban development

Causative factor for urban 
development

Computation

Distance from main station 
𝐷𝑠𝑡,𝑝𝑞

𝑑𝑠𝑡,𝑝𝑞/𝜎𝑑𝑠𝑡

Euclidean distance of pixel  from the main station, scaled (𝑝,𝑞)
by standard deviation  of the distances  𝜎𝑑𝑠𝑡 = 3532𝑚 𝑑𝑠𝑡,𝑝𝑞
computed for all pixels .(𝑝,𝑞)

Accessibility to marine areas 
𝐴𝑀𝑝,𝑞

𝑎𝑚𝑝𝑞 = 𝑀𝐴𝑋𝑗,𝑘(exp ( ‒ 𝜆𝑎𝑚 ⋅ 𝑑𝑝 + 𝑗,𝑞 + 𝑘 ⋅ ℎ𝑝 + 𝑗,𝑞 + 𝑘))/𝜎𝑎𝑚

Computed for each pixel  based on the binary variable (𝑝,𝑞)
 (taking the value 1 for pixels in the sea or harbour ℎ𝑝 + 𝑗,𝑞 + 𝑘

and 0 otherwise) in neighbouring pixels  with distance (𝑗,𝑘)
 in m to the central pixel. We considered 𝑑𝑝 + 𝑗,𝑞 + 𝑘 𝜆𝑎𝑚 =

 and scaled the computed values with the 5 ⋅ 10 ‒ 4𝑚 ‒ 1

standard deviation  of the values computed for all 𝜎𝑎𝑚 = 0.073
pixels .(𝑝,𝑞)

Accessibility to green space 
𝐴𝐺𝑝,𝑞

𝑎𝑔𝑝𝑞 = ∑
𝑗,𝑘

(exp ( ‒ 𝜆𝑎𝑔 ⋅ 𝑑𝑝 + 𝑗,𝑞 + 𝑘 ⋅ 𝑎𝑔𝑝 + 𝑗,𝑞 + 𝑘))/𝜎𝑎𝑔

Computed for each pixel  based on the amount of natural (𝑝,𝑞)
green area (excluding parks)  in m2 in neighbouring 𝑎𝑔𝑝 + 𝑗,𝑞 + 𝑘
pixels  with distance  in m to the central pixel. (𝑗,𝑘) 𝑑𝑝 + 𝑗,𝑞 + 𝑘
We considered  and scaled the computed 𝜆𝑎𝑔 = 5 ⋅ 10 ‒ 4𝑚 ‒ 1

values with the standard deviation  of the values 𝜎𝑎𝑔 = 106.4
computed for all pixels .(𝑝,𝑞)

Accessibility to motorway 
junctions 
𝐴𝐻𝑝,𝑞

𝑎ℎ𝑝𝑞 = 𝑀𝐴𝑋𝑗,𝑘(exp ( ‒ 𝜆𝑎ℎ ⋅ 𝑑𝑝 + 𝑗,𝑞 + 𝑘 ⋅ ℎℎ𝑝 + 𝑗,𝑞 + 𝑘))/𝜎𝑎ℎ

Computed for each pixel  based on the binary variable (𝑝,𝑞) ℎ
 (taking the value 1 for pixels containing motorway ℎ𝑝 + 𝑗,𝑞 + 𝑘

junctions and 0 otherwise) in neighbouring pixels  with (𝑗,𝑘)
distance  in m to the central pixel. We considered 𝑑𝑝 + 𝑗,𝑞 + 𝑘 𝜆𝑎ℎ

 and scaled the computed values with the = 1 ⋅ 10 ‒ 4𝑚 ‒ 1

standard deviation  of the values computed for 𝜎𝑎ℎ = 1.8 ⋅ 10 ‒ 6

all pixels .(𝑝,𝑞)

190

191 Logit regression models were fitted using the variables described in Table 2 as 

192 independent variables, and a binary variable which marks whether a certain building 

193 type occurs in a pixel or not was used as response variable (Arsanjani et al., 2012). The 

194 binary variable was defined as taking the value of 1 for pixels containing the considered 

195 building type and 0 for pixels not containing the considered building type but containing 



196 other buildings. Pixels that are not currently developed were not considered in model 

197 fitting. 

198 A separate regression model was fitted for each building type. We did not 

199 consider multinomial regression models, because the simulation setup in Figure 1 

200 permits that the same pixel is sampled multiple times for developments of varying 

201 building types. Wald-tests (Dunn and Smyth, 2018; R Core Team, 2018) were applied 

202 in each model to identify insignificant model parameters in a backward elimination 

203 procedure. 

204 We did not perform the assessment of development probabilities for industrial 

205 buildings, because in Denmark the location of such buildings is determined through 

206 municipal plans. In Odense, approximately 1,250 ha of free land are assigned for 

207 industrial developments, which is sufficient to cover space requirements for the next 

208 decades.

209 We assessed the fit of the logit models separately for each building type using a 

210 cross validation approach, where the model was fitted to 80% of the pixels and 

211 subsequently validated on the remaining 20% of the pixels. The validation was 

212 performed by predicting the probability of development for each pixel in the validation 

213 set. Subsequently, we sampled 106 times from the validation set with replacement, 

214 considering the predicted development probability for each pixel as a weighing factor, 

215 and counted how often the sampled pixels contained the desired building type. This 

216 process mimics the way the urban development model would proceed, and provides an 

217 indication whether locations where the considered building type was developed in 

218 reality would also be selected by the model. The entire procedure was repeated 1000 

219 times and we computed the average percentage of sampled pixels where the building 

220 type of interest was also observed. In addition, for each of the sampled pixels, we 



221 evaluated the distance to the nearest pixel where the building type of interest was 

222 observed. The average distance to the nearest correct pixel is provided as “Distance 

223 Index” (Kuhnert et al., 2013).

224 2.4 Building characteristics

225 To determine which typical values could be assumed for the footprint area, the floor-

226 space area and the number of residential units in newly developed buildings in the urban 

227 development model, we assessed average values for buildings with different use types 

228 in the existing building stock. We evaluated whether the three parameters varied 

229 substantially as a function of distance from the main station, and identified substantial 

230 variations for some building use types. In these cases, we determined different average 

231 values for the three parameters depending on whether a new development is located 

232 farther or closer to the station.

233 2.5 Building density

234 The ratio between building footprint area and the total developed land area is commonly 

235 denoted as building coverage ratio (BCR). The BCR should be expected to vary for 

236 different building use-types because, for example, commercial and public buildings 

237 require spaces for parking lots or storage area, which are not to the same extent needed 

238 in residential areas. Municipal plans often regulate building densities. However, this is 

239 commonly implemented in the form of requirements for minimum or maximum 

240 densities, which creates uncertainty about the BCR which is actually developed. In 

241 addition, regulations can vary in time and for different subareas of a city. Thus, there is 

242 value in a data-driven approach which, in a simple manner, allows us to derive BCR 

243 based on the observed characteristics of a city.



244 Yu et al. (2010) determined BCR for all parcels containing a certain building use-type 

245 and then derive an average BCR for each use-type. This approach is not feasible if, as in 

246 our dataset, parcels contain multiple buildings of different use-types, or if buildings 

247 extend over multiple parcels. The derived building to parcel area ratios would then no 

248 longer provide useful information on how far buildings should be spaced from each 

249 other in an urban development simulation. 

250 Our suggestion is to compute BCR for different building use-types by 

251 considering Voronoi polygons around each building polygon. The Voronoi polygons 

252 can then be used instead of the parcel geometries to mark the area belonging to each 

253 building, and thus to compute BCR for each building as the ratio between building 

254 footprint area and the area of the Voronoi polygon. The Voronoi polygons will include 

255 “empty areas” such as playgrounds or minor roads. The approach provides an idea on 

256 how much “non-building” space is typically connected to buildings of a certain type, 

257 and thus how far from each other buildings should be spaced in an urban development 

258 simulation where minor “empty areas” are not explicitly simulated. 

259 We have only considered buildings located inside the “developed” areas marked 

260 in Figure 2 to avoid overly large Voronoi polygons on the boundary between city and 

261 rural areas.

262 2.6 Typical number of buildings in urban development projects

263 Residential developments frequently occur in clusters where developers acquire larger 

264 areas and develop multiple buildings. To obtain an estimate of the number of buildings 

265 that is typically developed in a single project, we considered building data of the same 

266 use-type and performed hierarchical clustering with complete linkage (Murtagh, 1985; 

267 R Core Team, 2018) based on the Euclidean distance between buildings. Clusters were 

268 extracted for the cutting distance which, in a visual analysis, provided the best trade-off 



269 between not merging buildings that were developed in different projects into the same 

270 cluster, and not splitting buildings that were developed in the same project into separate 

271 clusters. 

272 Subsequently, we determined the typical number of buildings in new developments by 

273 assessing the number of buildings in the different clusters. In this process, we again 

274 considered the distance of clusters from the station as an explanatory variable, because 

275 we noticed substantial variations in the size of development projects between the city 

276 centre and peripheral areas. We excluded clusters containing only one building from the 

277 analysis, as these largely correspond to infill developments. In addition, we excluded 

278 clusters where the construction years of the buildings varied more than 10 years, to 

279 avoid influences from classification errors.

280 3 Results

281 3.1 Location of urban development

282 Figure 3 illustrates the causative factors described in Table 2. With the considered 

283 smoothing factors , the influence of marine areas is limited to an area in a distance of 𝜆

284 approximately 1 km from the harbour. Accessibility to the motorway peaks in an area of 

285 approximately 2 km around the motorway junctions in the south of the city, while 

286 natural areas would be assumed to have an impact on urban development in widespread 

287 parts of the city, but particularly in a belt around the city centre where forests and water 

288 bodies have not been replaced by buildings or farmland.



289

290 Figure 3. Causative factors considered as input for logit-regression modelling. Black overlays highlight marine areas 
291 (subfigures A and B), major road network (subfigure C) and natural areas (subfigure D). Values increase along the 
292 colour scale from green to red. 

293 Fitting a logistic regression model between the causative factors and the 

294 occurrence of a given building type in a pixel yields the parameter estimates and error 

295 measures shown in Table 3. The percentages for how often appropriate locations for 

296 development were selected during cross validation (cell-to-cell comparison) range 

297 between 37 and 65 % for different building types, which is similar to the performances 

298 reported for other models (see Mustafa et al. (2017)). On average, we were able to 

299 locate the building type of interest in the observed data within a distance of 330 to 780m 

300 from the sampled pixel.  



301 The percentage of correct samples was highest and the average distance to the 

302 nearest correct pixel was lowest for detached residential properties. At the same time, 

303 for this building type, we could not demonstrate any improvement over randomly 

304 sampling pixels from the dataset. The reason is that detached housing occurs spread 

305 throughout most of the city. For the other building types, we obtained substantially 

306 higher cell to cell agreement than what would be expected by randomly sampling pixels 

307 from the dataset (Table 3).

308 Considering the model parameter estimates, commercial facilities are clustered 

309 in the city centre, in the harbour area and around the motorway, but not in the green, 

310 residential areas in the west of Odense. This is reflected in the sign of the corresponding 

311 parameter estimates. Residential blocks cluster in the city centre, and not in suburban 

312 areas with access to green areas, leading to strong negative estimates for  and . 𝐷𝑠𝑡 𝐴𝐺

313 Detached houses and rowhouses, on the other hand, are located in areas with access to 

314 green space, leading to a positive influence of . Rowhouses tend to be located closer 𝐴𝐺

315 to the city centre, which is indicated by a negative parameter estimate for . Both of 𝐷𝑠𝑡

316 these building types, however, can be found quite widespread throughout the city, 

317 leading to parameter estimates which tend to be smaller than those for commercial 

318 properties and residential blocks. 

319 The residuals of the location choice models were auto-correlated over distances 

320 between 1 and 7 pixels (200 to 1,500m, see Section 1.2 in the supporting material). We 

321 verified our parameter estimates by

322 1. repeatedly fitting the location choice models to subsamples of the 

323 dataset, and



324 2. evaluating cell to cell agreement as shown in Table 3 for simplified 

325 regression models where input variables were removed one by one in a 

326 backward elimination procedure.

327 Both approaches are documented in Section 1.2 of the supporting material. Subsampling 

328 suggested similar parameter estimates as shown in Table 3. Evaluating the predictive 

329 performance of simplified models suggested that, other than indicated by the p-values in 

330 Table 3,  did not have a significant impact on model fit for all residential building 𝐴𝐻

331 types, and variable  was not an important input for the location of detached 𝐷𝑠𝑡

332 residential buildings. However, for these variables, the parameter estimates in Table 3 

333 are rather small as well, and the variables do not exert substantial influence on the 

334 model predictions (Figure 4b and d). As the overall trends were preserved in both 

335 verification steps, we proceeded with the models identified using the standard GLM 

336 procedure. This result is also supported by the simulation study of Dormann (2007), 

337 who concluded that spatial GLM did not provide improved parameter estimates over 

338 non-spatial GLM.

339 Collinearity of the input variables was checked using variance inflation factors 

340 (Fox and Weisberg, 2002). These ranged between 1.8 and 3.8 for the 4 driver variables 

341 in all models, suggesting that collinearity did not hamper the identification of our 

342 models. 

343



344

345 Table 3. Parameter estimates and predictive accuracy when fitting the logit models to the whole building dataset. 
346 Asterisks indicate p-values for the parameter estimates with intervals 0<p<0.001 (***), 0.001<p<0.01 (**) and 
347 0.01<p<0.05 (*). P-values can be misleading when model residuals are auto-correlated. See Section 1.2 of the 
348 supporting material for an assessment of the impact of each parameter on the predictive performance of the models. 

Attractor variable Commercial Residential 
block

Residential 
detached

Residential 
rowhouse

Estimate Estimate Estimate Estimate

Intercept Insignificant 5.70*** Insignificant Insignificant

Distance from main station ( )𝐷𝑠𝑡 -1.48*** -3.37*** 0.09* -1.00***

Accessibility marine ( )𝐴𝑀 0.32*** -0.54*** -0.29*** -0.31***

Accessibility motorway ( )𝐴𝐻 0.78*** 0.26*** -0.21*** Insignificant

Accessibility green space ( )𝐴𝐺 -0.77*** -1.17*** 0.59*** 0.39***

% Correct in cross validation (cell 
to cell comparison)

37% 45% 65% 39%

% Correct in random draw 25% 20% 65% 30%

Distance index - mean distance 
to nearest correct cell in meters

666 m 703 m 331 m 777 m

349

350 To verify the validity of the approach, Figure 4 illustrates the predicted 

351 probabilities of development for different building types and different locations in 

352 Odense. As suggested by the parameter estimates in Table 3, apartment blocks cluster 

353 around the city centre. Both rowhouses and commercial properties concentrate around 

354 the centre, but rowhouses spread into the suburban areas with access to green space, 

355 while commercial properties more frequently occur close to the highway. Detached 

356 houses are predicted to occur throughout the city area, but particularly in the green areas 

357 east and west of the city centre, and not in the harbour area where commercial activities 

358 dominate. The very simple location choice models in Table 3 thus allow us to create a 

359 reasonable representation of where new urban developments are likely to occur, which 



360 can subsequently be used as an informed starting point for where new urban 

361 developments should be simulated in the exploratory modelling workflow illustrated in 

362 Figure 1.

363

364 Figure 4. Predicted probability of development for the different building types. Existing building footprints for each 
365 of the considered building types are shown in black in each subfigure.

366 3.2 Typologies of new urban developments

367 As an example, Figure 5 shows for residential rowhouses in varying distances from the 

368 main station boxplots of building footprint and floor-space area and the number of 

369 residential units, together with a histogram of the BCR estimated for the considered 

370 buildings. We observe substantially smaller buildings within 2 km from the main 

371 station, and similar distributions of footprint area in the rest of the city. In the vector-



372 based urban development simulations, we would therefore consider a smaller mean 

373 footprint area of 192 m2 for developments of rowhouses which are located in the core of 

374 the city, and a larger area of 232 m2 otherwise. The floorspace area follows the same 

375 trends as the building footprint area, while the average number of residential units is 

376 constant at two throughout the city.

377 The BCR follows a gamma distribution, which is also the case for all the other 

378 considered building types. We considered the mean of the estimated coverage ratios as 

379 our parameter for the urban development model. Plots for other building types are 

380 shown in the supporting material (Section 2). The average building characteristics and 

381 coverage ratios are summarized in Table 4.

382

383 Figure 5. Building typologies for residential rowhouses built after 1998: A) boxplot of footprint area (top left), B) 
384 histogram of estimated BCR (top right), C) boxplot of floorspace area per building (bottom left), and D) boxplot of 
385 number of residential units per building (bottom right). Numbers above the boxplots indicate the number of buildings 
386 in the considered distance from the main station, while the total number of buildings used to derive the histogram of 
387 BCR is also shown (top right).



388 Figure 6 illustrates the average size of residential, commercial and industrial 

389 developments that was identified from hierarchical clustering for varying cutting 

390 distances. The cutting distance corresponds to the maximal diameter any cluster is 

391 allowed to have. Clearly, the average size of the clusters increases as a function of 

392 cutting distance, because neighbouring buildings are more likely considered part of the 

393 same development project. To assess which cutting distance should be applied for the 

394 different building types, we performed a visual analysis of the identified clusters. An 

395 example of this assessment is presented in Figure 7. As an additional guidance, we 

396 computed the number of clusters containing only a single building, and the number of 

397 clusters containing buildings that were constructed more than 10 years apart (Section 3 

398 of the supporting material). Vertical lines in Figure 6 illustrate the cutting distances 

399 identified in this assessment. For residential buildings, we considered varying cluster 

400 sizes closer to and farther from the station, while no such behaviour could be identified 

401 for commercial and industrial buildings.

402

403 Figure 6. Average size of new developments for different building use-types when considering varying cutting 
404 distances in hierarchical clustering. For residential buildings, two classes were considered to capture that larger 
405 development projects are implemented farther from the city centre. Vertical lines mark the cutting distance selected 
406 in a visual analysis of the clusters.



407

408 Figure 7. Clusters of detached residential developments identified using a cutting distance of 600m. Dots of different 
409 colours illustrate buildings which were grouped into separate clusters. The subfigure on the left provides an overview 
410 of Odense, while the subfigure on the right zooms into the area marked by the blue rectangle. The road network is 
411 illustrated using black lines.

412

413 Table 4. Summary of the identified typologies for different building types. For residential buildings, different 
414 footprint areas and numbers of buildings in a development are provided depending on the distance of the building 
415 from the main station.

Building type Average  
footprint size 
per building 
in m2 
(distance 
from station)

Average no. 
of 
residential 
units per 
building 
(distance 
from station)

Average  
floorspace 
area per 
building in m2 
(distance from 
station)

% 
built 
up 
area

Typical 
number of 
buildings in a 
development

block 480 (<=2km), 
370 (>2km)

18 (<=2km), 
11 (>2km)

1578 (<=2km), 
762 (>2km)

20.9 4.0 (<=2km), 
6.3 (>2km))

detached 233 
(<=10km), 
199 (>10km)

1 168 16.8 7.1 (<=4km), 
16.8 (>4km)Residential

rowhouse 192 (<=2km), 
232 (>2km)

2 193 (<=2km), 
223 (>2km)

20.9 7.3 (<=4km), 
20.2 (>4km)

Commercial 1159 0 1407 18.1 4.4

Industrial 1300 0 1413 17.6 3.3



416

417 4 Discussion

418 4.1 Recent trends vs. long-term evaluation

419 When predicting location choice based on models fitted to a reduced dataset with 

420 buildings constructed after 1998, urban development is predicted to occur in very 

421 narrow regions representing the specific trends of the considered data period. This is 

422 illustrated in the supporting material (1.3). Such predictions are too narrow to represent 

423 the uncertainties in the location of urban development over the lifetime of water 

424 infrastructures (30-90 years). We have therefore considered the full building dataset in 

425 our work, implicitly assuming that the varying location preferences represented by the 

426 existing building stock are representative for the future uncertainties in where urban 

427 development may occur. 

428 For modelling the urban configuration, on the other hand, we wish to use 

429 parameters which resemble recent developments and are familiar to stakeholders as a 

430 starting point. We have thus considered only buildings constructed after 1998 to 

431 estimate these. Parameters for the urban configuration are almost certain to vary over 

432 time. We assume that these parameters are modified depending on the socio-economic 

433 scenario considered, and our estimates should thus be seen as an informed starting point 

434 for discussions. 

435 Given the rather large variations of building characteristics throughout the city, 

436 it may be desirable to adopt a probabilistic approach where, for example, building and 

437 parcel sizes are sampled randomly. To our knowledge, it has not been studied whether 

438 such random variations of building configurations significantly impact, for example, 

439 infrastructure placements as compared to high-level drivers such as the rate of 



440 population growth. The probabilistic approach would potentially pose a computational 

441 challenge in vector-based urban development simulations.

442 4.2 Advantages and limitations of the modelling approach

443 The presented approaches for parameterizing a lot-scale urban development model lead 

444 to a model, which can be placed in between the established cellular automata (e.g., 

445 SLEUTH) and microsimulation (e.g., UrbanSim) approaches. Our approach for 

446 parameterizing the urban configuration builds on data that are frequently available from 

447 building registers (building year and building type) and, where necessary, can be 

448 combined with building footprint polygons obtained from remote sensing. In particular, 

449 we have excluded person-related data. These are readily available in Denmark but, for 

450 example, not accessible in Austria due to data-protection regulations.

451 The strength of the lot-scale urban development models developed for urban 

452 hydrology is that they allow for simulating both expansion and densification processes 

453 using an approach that more or less reflects physical reality (by either implementing 

454 new buildings in vector-form as in Löwe et al. (2017), Mikovits et al. (2017) and Urich 

455 and Rauch (2014), or by performing raster-based simulations where the urban 

456 configuration within each pixel is characterized in detail, e.g., amount of buildings, 

457 driveway area, no. of residential units (Bach et al., 2018)). This approach is applicable 

458 also in small-to-medium sized urban areas, because the aim is not to predict urban 

459 development, but to explore the impacts of possible changes of the urban layout on 

460 infrastructure. For this purpose, it is important that model parameters are physically 

461 interpretable, so stakeholders can contribute to the development of model scenarios. The 

462 methods in this paper provide a data-based starting point for the definition of scenarios.

463 Compared to microsimulation models, our approach simulates location choice in 

464 a much simpler manner. For example, the impact of transport is not explicitly 



465 considered and the economic rational of households and businesses is not represented. 

466 This implies that the modelling in its current form is not applicable when, for example, 

467 performing assessments of transport demands or spatial changes in the composition of 

468 households and urban economy. On the other hand, we do deem our approach sufficient 

469 to create scenario-based urban development simulations that can be used to test the 

470 vulnerability of water infrastructures and the feasibility of implementing surface water 

471 management over long time horizons. 

472 We emphasize that, while we here have presented a set of static factors to model 

473 location choice in urban development, it is possible to condition location choice on the 

474 simulated urban development by including, for example, residential unit density and 

475 commercial floor space, or the proximity to other land-use types as additional factors in 

476 the regression models. When simulating urban development, these factors can be 

477 updated in each time step to predict revised probabilities. The effect of such a dynamic 

478 coupling is difficult to validate against data, as historical data on urban development 

479 were not available in our case study. Compared to a model considering dynamic 

480 couplings, we would expect that simulations of urban development based on the 

481 probabilities derived in this paper will be subject to increased degrees of random 

482 variation of where urban development occurs. From our view, this effect may to some 

483 extent be desirable to evaluate potential vulnerabilities of water infrastructure. 

484 Finally, if locations of urban development are predicted based on the existing 

485 urban configuration, the uncertainty of the predictions will reflect the variability of 

486 historical developments. It may be desirable to condition predictions on anticipated 

487 future developments that are an indirect result of urban development, such as the 

488 construction of new public transport lines, new suburban centres, schools and similar 

489 supporting infrastructure. Such effects can be considered by including accessibility to 



490 urban centres and transit accessibility (Lin et al., 2014; Vliet et al., 2009) as 

491 independent variables in logit regression. When generating predictions, these variables 

492 can be updated with the foreseen developments.

493 5 Conclusions

494 We have presented an approach for predicting the location of urban development and 

495 for quantifying the physical characteristics of the urban configuration based on a set of 

496 limited, readily available data. Our approach can be used to parameterize lot-scale urban 

497 development models and thus allows to explicitly represent the physical layout of the 

498 urban configuration. This is an important feature for planning water infrastructures, 

499 which is not commonly found in existing cellular automata models. Our approach 

500 predicts locations of urban development in a much simpler manner than existing 

501 microsimulation models. It would therefore be expected to have lower accuracy of 

502 prediction and limited applicability to simulate, for example, spatial changes in 

503 demography or traffic demand, while it is much simpler to apply and useful to provide 

504 estimates on what degree of changes in imperviousness and number of residents should 

505 realistically be considered in different parts of a city when stress-testing water 

506 infrastructures. While different parameters would be expected in different case studies, 

507 the approach builds on readily available data and our estimation methods are easily 

508 transferred to other datasets.
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Data-driven approaches to derive parameters for lot-scale urban 

development models – Supporting Material

1 Details on the implementation of location choice models

1.1 Identification of smoothing parameters  for the computation of 𝝀

accessibility measures

The accessibility measures described in Table 2 in the paper require the identification of 

a smoothing parameter . Smaller values of lambda imply that the influence of the 𝜆

considered landscape feature extends farther in space, while larger values of lambda 

lead to accessibility values with high values in narrow areas around the landscape 

features and small values otherwise. As an example, Figure S 1 shows the computed  𝐴𝐺

values (without normalization by ), considering  and .𝜎𝑎𝑚 𝜆𝑎𝑔 = 5𝑒 ‒ 4 𝜆𝑎𝑔 = 1𝑒 ‒ 3

Figure S 1.  values computed for  (left) and  (right). The displayed values are not normalized 𝐴𝐺 𝜆 = 5𝑒 ‒ 4 𝜆 = 1𝑒 ‒ 3
by their standard deviation. X and Y axis labels indicate polar coordinates.

Clearly, the smoothing parameter strongly influences the accessibility values 

computed in different locations of the city, which subsequently affects the influence 

which these measures have in logit regression. We reason that a smoothing parameter  𝜆



is suitable for our analysis, if it leads to accessibility values which are distinctly 

different between locations where a certain building type exists, as compared to 

locations where this building type does not exist.

We assumed that accessibility to marine areas and highway junctions should be 

particularly distinct for commercial properties, as these in Odense are concentrated in 

the harbour area and around the motorway. Accessibility to green areas, on the other 

hand, was assumed to impact mostly low density residential development, and we 

selected rowhouses as a representative building type for this class.

Following the above reasoning, we computed accessibility values  and  𝐴𝑀 𝐴𝐻

for different smoothing values  and . Subsequently, we compared the empirical 𝜆𝑎𝑚 𝜆𝑎ℎ

distributions of accessibility values in locations with and without commercial buildings 

using the Kolmogorov-Smirnov test statistic (Arnold and Emerson, 2011) and the 

difference between the medians of the distributions. The same analysis was performed 

for the accessibility to green areas ( ), though considering locations with and without 𝐴𝐺

rowhouses in the comparison. The results of this assessment are summarized in Table S 

1. The two comparison statistics do not always align. In this case, we supplemented the 

analysis with a visual analysis of the accessibility values. For  this is illustrated in 𝐴𝐺

Figure S 1. We selected , because it leads to high accessibility values that 𝜆𝑎𝑔 = 5𝑒 ‒ 4

are slightly more spread out through the suburban areas, even though this smoothing 

parameter yields a smaller median difference than .𝜆𝑎𝑔 = 1𝑒 ‒ 3

Table S 1. Comparison of the empirical distribution of accessibility values computed in locations with / without 
commercial buildings ( , ) and with / without rowhouses ( ). The comparison is performed using the 𝐴𝑀 𝐴𝐻 𝐴𝐺
Kolmogorv Smirnov test statistic (ks) and the difference between the medians of the two empirical distributions. 
Values are shown for varying smoothing values .𝜆

𝜆 𝐴𝑀𝑝,𝑞 𝐴𝐺𝑝,𝑞 𝐴𝐻𝑝,𝑞

ks statistic Difference 
median

ks statistic Difference 
median

ks statistic Difference 
median

1e-05 0.1284 0.055 0.1117 0.041 0.1560 0.208

5e-05 0.1296 0.081 0.1137 0.096 0.1562 0.215

1e-04 0.1296 0.086 0.1325 0.114 0.1562 0.220

5e-04 0.1310 0.068 0.1409 0.140 0.1560 0.165

1e-03 0.1298 0.027 0.1405 0.220 0.1556 0.063

1e-02 0.0787 0 0.0758 0.204



1.2 Goodness of fit

Logistic regression relies on the assumption that residuals in the fitted models are 

independent. Figure S 2 illustrates the spatial correlation between residuals from the 

regression models fitted for the different building types in the article. Clearly, there are 

substantial degrees of autocorrelation between the model residuals. Auto-correlation can 

lead to over-confidence in the parameter estimates (too small p-values), and possibly 

bias in the estimates. 

Figure S 2. Spatial correlation between residuals for the logistic regression models described in Table 3 of the paper. 
The edge length of one pixel was 200m.

We applied two approaches to verify our location choice models:

1. We repeatedly subsampled the dataset and fitted the location choice models to 

the reduced dataset, to assess whether parameter estimates in the original models 

were biased compared to those obtained from reduced datasets.



2. We assessed cell-to-cell prediction accuracy (as described in the paper) for 

simplified models where input variables were removed one by one, thus 

evaluating which input variables significantly affected prediction accuracy.

1.2.1 Fitting location choice models to subsamples of the dataset

Frequently, sampling schemes are applied to minimize impacts from autocorrelations 

when fitting spatial logistic regression models (for example, Huang et al. (2009) or 

Mustafa et al. (2017)). In our dataset, we needed to apply a substantially reduced dataset 

(5% of the original number of data points) to obtain uncorrelated residuals, which is 

consistent with residual correlation distances in the order of 1000m (or 5 pixels when 

considering a resolution of 200m) (see Figure S 2). To evaluate the robustness of our 

parameter estimates, we implemented a stratified sampling scheme, where the case 

study area was divided into squares of 6x6 pixels (1200x1200m). Subsequently, we 

randomly sampled a single data point from each square and fitted the logistic regression 

models to the reduced dataset. This process was repeated 10,000 times for each building 

type. Histograms of the resulting parameter estimations are illustrated in Figure S 4 to 

Figure S 3. The geometric median (Cardot et al., 2013) of the sampled parameter 

estimates is generally close to the parameter estimates presented in Table 3 in the paper. 

We conclude that our parameter estimates are robust.



Figure S 3. Estimated model parameters in logistic regression model for locations commercial properties. Reduced 
datasets were applied during model fitting. These were created using the stratified sampling scheme. The process was 
repeated 10,000 times.



Figure S 4. Estimated model parameters in logistic regression model for locations of residential blocks. Reduced 
datasets were applied during model fitting. These were created using the stratified sampling scheme. The process was 
repeated 10,000 times.



Figure S 5. Estimated model parameters in logistic regression model for locations of detached residential houses. 
Reduced datasets were applied during model fitting. These were created using the stratified sampling scheme. The 
process was repeated 10,000 times.



Figure S 6. Estimated model parameters in logistic regression model for locations of residential rowhouses. Reduced 
datasets were applied during model fitting. These were created using the stratified sampling scheme. The process was 
repeated 10,000 times.

1.2.2 Impact of the input variables on prediction accuracy

Spatial auto-correlation affects the p-values of input variables and can lead to 

misconceptions of which variables are relevant to include in the regression model. To 

“bypass” this problem, we have assessed which input variables actually have a 

significant impact on the predictive capacity of the models. For this purpose, we 

adopted a backward model selection procedure:



1. For the full regression model, including intercept and all four input variables we 

assessed the percentage of correct samples obtained in cross validation (cell to 

cell agreement) as described in the paper.

2. Subsequently, we removed input variables from the regression model one-by-

one, and assessed how the percentage of correct samples was changed as 

compared to the full model.

3. If removing a variable did not affect the % of correct samples (here defined as 

changes <1%), we removed it from the model and repeated step 2 for the 

remaining variables.

Steps 2 and 3 were repeated until only significant variables were left in the model. The 

outcomes of the analysis are summarized in Table S 2. 
Table S 2. Percentage of correct samples obtained in cross validation for each building type when considering logit 
regression models with intercept and all four input variables (“Full Model”), and changes in percentage of correct 
samples when successively removing individual variables from the models. 

% correct samples 
full model 
(CTC agreement)

change in % of correct samples when 
removing individual variables from 
the model (compared to full model)

Intercept 𝐷𝑠𝑡 𝐴𝑀 𝐴𝐻 𝐴𝐺

Commercial buildings

Full model 37% 0% -10% -2% -11% -2%

Step 1. Intercept removed from model - -35% -2% -12% -6%

Residential Block

Full model 45% -5% -35% -1% 0% -3%

Step 1.  removed from model𝐴𝐻 -9% -36% -6% - -4%

Residential detached

Full model 65% 0% 0% 0% 0% -1%

Step 1. Intercept removed from model - 0% 0% 0% -1%

Step 2.  removed from model𝐷𝑠𝑡 - - 0% 0% -1%

Step 3.  removed from model𝐴𝐻 - - -1% - -1%

Residential Rowhouse

Full model 39% 0% -5% 0% 0% 0%

Step 1. Intercept removed from model - -17% 0% 0% -1%

Step 2.  removed from model𝐴𝐻 - -25% -1% - -8%

Comparing against Table 3 in the article, those variables that were identified as 



irrelevant based on their p-values, were also identified as irrelevant through the analysis 

shown in Table S 2. Several other variables with small p-values in Table 3 in the article 

turned out to have little or no impact on the predictive performance of the models. This 

is the case, for example, for  in the location choice model for residential blocks, or 𝐴𝐻

for variables  and  in the model for detached residential properties. However, for 𝐷𝑠𝑡 𝐴𝐻

these variables also the parameter estimates in Table 3 in the article are rather small and 

the variables do not exert substantial influence on the model predictions (Figure 4b and 

d in the paper). 

We concluded that spatial auto-correlation affected model fit in the sense that 

we obtained too high confidence in parameter estimates. However, the identified models 

did reflect the correct trends in the dataset and were therefore not modified any further.

1.3 Probability of urban development based on a reduced dataset

Table S 3 shows parameter estimates for logit models fitted to a dataset containing only 

buildings constructed after 1998, i.e., pixels not containing properties that were 

developed after 1998 were not considered in model fitting. Figure S 7 shows the 

development probabilities derived from these models. We note that areas with high 

probability of development are confined to the very core of the city for residential 

blocks and to narrow areas in the outskirts of the city for detached buildings. 

The percentage of correct samples is much lower than when considering the 

whole dataset (see Table 3 in the paper), because the number of locations where 

development occurred in the shorter time period is smaller and the simple GLM models 

cannot reflect the processes leading to the selection of a specific site for urban 

development. This effect also affects the distance index reported in Table S 3, which 

was computed considering only pixels where development occurred after 1998. 
Table S 3. Parameter estimates and predictive accuracy when fitting the logit models to a reduced dataset, containing 
only buildings constructed after 1998. Asterisks indicate p-values for the parameter estimates with intervals 
0<p<0.001 (***), 0.001<p<0.01 (**) and 0.01<p<0.05 (*). 

Attractor variable Commercial Residential 
Block

Residential 
Detached

Residential 
Rowhouse

Estimate Estimate Estimate Estimate

Intercept -4.42*** 4.78*** -3.44*** -4.58***

Distance from main station ( )𝐷𝑠𝑡 -0.54*** -3.10*** 0.95*** 0.71***



Accessibility marine ( )𝐴𝑀 0.61*** Insignificant Insignificant Insignificant

Accessibility motorway ( )𝐴𝐻 0.97*** 0.42** -0.44*** Insignificant

Accessibility green space ( )𝐴𝐺 Insignificant -1.85*** 1.07*** 0.58***

% Correct in cross validation 
(cell to cell comparison)

34% 28% 33% 14%

% Correct in random draw 25% 9% 30% 13%

Distance Index - mean distance 
to nearest correct cell in meters

1122m 2286m 1155m 3579m

Figure S 7. Predicted probability of development for the different building types. Existing building footprints for each 
of the considered building types are shown in black in each subfigure. Only buildings constructed after 1998 were 
considered during parameter estimation of the logit models.



2 Building characteristics and building coverage ratio

The figures in this section show boxplots of building footprint area, the number of 

residential units per building and the commercial floorspace area per building for all the 

considered building use-types in different distances from the station. In addition, 

histograms of the building coverage ratio estimated using the Thiessen-polygon 

approach described in the paper are shown.

Figure S 8. Building typologies for residential blocks built after 1998: boxplot of footprint area (top left), histogram 
of estimated BCR (top right), boxplot of floorspace area per building (bottom left), and boxplot of number of 
residential units per building (bottom right). Numbers above the boxplots indicate the number of buildings in the 
considered distance from the main station, while the total number of buildings used to derive the histogram of BCR is 
also shown (top right).



Figure S 9. Building typologies for residential rowhouses built after 1998: boxplot of footprint area (top left), 
histogram of estimated BCR (top right), boxplot of floorspace area per building (bottom left), and boxplot of number 
of residential units per building (bottom right). Numbers above the boxplots indicate the number of buildings in the 
considered distance from the main station, while the total number of buildings used to derive the histogram of BCR is 
also shown (top right).



Figure S 10. Building typologies for detached residential buildings built after 1998: boxplot of footprint area (top 
left), histogram of estimated BCR (top right), boxplot of floorspace area per building (bottom left), and boxplot of 
number of residential units per building (bottom right). Numbers above the boxplots indicate the number of buildings 
in the considered distance from the main station, while the total number of buildings used to derive the histogram of 
BCR is also shown (top right).



Figure S 11. Building typologies for commercial buildings built after 1998: boxplot of footprint area (top left), 
histogram of estimated BCR (top right), boxplot of floorspace area per building (bottom left), and boxplot of number 
of residential units per building (bottom right). Numbers above the boxplots indicate the number of buildings in the 
considered distance from the main station, while the total number of buildings used to derive the histogram of BCR is 
also shown (top right).



Figure S 12. Building typologies for industrial buildings built after 1998: boxplot of footprint area (top left), 
histogram of estimated BCR (top right), boxplot of floorspace area per building (bottom left), and boxplot of number 
of residential units per building (bottom right). Numbers above the boxplots indicate the number of buildings in the 
considered distance from the main station, while the total number of buildings used to derive the histogram of BCR is 
also shown (top right).

3 Estimation of the typical number of buildings in development projects

The following figures illustrate characteristics of the identified building clusters when 

considering different cutting distances in hierarchical clustering. We show

 Number of clusters containing only a single building – too small cutting distances 

prevent the clustering of buildings and thus lead to excessive numbers of clusters 

containing only single buildings

 Number of clusters containing buildings that were built over periods of more than 5 

and 10 years – too large cutting distances lead to the clustering of buildings that 

were developed in different projects, and often in different periods. 

The figures were used as an additional guidance when performing a visual inspection of 

the identified clusters in a map. A reasonable cutting distance will provide a trade-off 



between the number of small clusters and the number of clusters where buildings 

constructed in very different years are grouped together. Note that larger cutting 

distances generally imply that fewer clusters are identified, so both parameters decrease 

for large cutting distances.

Maps of the clusters identified for the building types not shown in the paper are shown 

in Figure S 18 to Figure S 19.

Figure S 13. Results for residential blocks: Number of clusters containing only a single building, or buildings built 
over periods of more than 5 and 10 years, shown as a function of the cutting distance applied in hierarchical 
clustering.



Figure S 14. Results for residential rowhouses: Number of clusters containing only a single building, or buildings 
built over periods of more than 5 and 10 years, shown as a function of the cutting distance applied in hierarchical 
clustering.



Figure S 15. Results for detached residential buildings: Number of clusters containing only a single building, or 
buildings built over periods of more than 5 and 10 years, shown as a function of the cutting distance applied in 
hierarchical clustering.



Figure S 16. Results for commercial buildings: Number of clusters containing only a single building, or buildings 
built over periods of more than 5 and 10 years, shown as a function of the cutting distance applied in hierarchical 
clustering.



Figure S 17. Results for industrial buildings: Number of clusters containing only a single building, or buildings built 
over periods of more than 5 and 10 years, shown as a function of the cutting distance applied in hierarchical 
clustering.



Figure S 18. Clusters of residential blocks identified using a cutting distance of 400m. Dots of different colours 
illustrate buildings which were grouped into separate clusters. The subfigure on the left provides an overview of 
Odense, while the subfigure on the right zooms into the area on the top right.

Figure S 19. Clusters of residential rowhouses identified using a cutting distance of 500m. Dots of different colours 
illustrate buildings which were grouped into separate clusters. The subfigure on the left provides an overview of 
Odense, while the subfigure on the right zooms into the area on the bottom left.



Figure S 20. Clusters of commercial buildings identified using a cutting distance of 600m. Dots of different colours 
illustrate buildings which were grouped into separate clusters. The subfigure on the left provides an overview of 
Odense, while the subfigure on the right zooms into the area on the bottom left.

Figure S 21. Clusters of industrial buildings identified using a cutting distance of 600m. Dots of different colours 
illustrate buildings which were grouped into separate clusters. The subfigure on the left provides an overview of 
Odense, while the subfigure on the right zooms into the area on the bottom left


