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a b s t r a c t 

The impact of different global and local variables in urban development processes requires a systematic study to 

fully comprehend the underlying complexities in them. The interplay between such variables is crucial for mod- 

elling urban growth to closely reflects reality. Despite extensive research, ambiguity remains about how variations 

in these input variables influence urban densification. In this study, we conduct a global sensitivity analysis (SA) 

using a multinomial logistic regression (MNL) model to assess the model’s explanatory and predictive power. We 

examine the influence of global variables, including spatial resolution, neighborhood size, and density classes, 

under different input combinations at a provincial scale to understand their impact on densification. Addition- 

ally, we perform a stepwise regression to identify the significant explanatory variables that are important for 

understanding densification in the Brussels Metropolitan Area (BMA). Our results indicate that a finer spatial 

resolution of 50 m and 100 m, smaller neighborhood size of 5 × 5 and 3 × 3, and specific density classes —namely 

3 (non-built-up, low and high built-up) and 4 (non-built-up, low, medium and high built-up) —optimally ex- 

plain and predict urban densification. In line with the same, the stepwise regression reveals that models with 

a coarser resolution of 300 m lack significant variables, reflecting a lower explanatory power for densification. 

This approach aids in identifying optimal and significant global variables with higher explanatory power for un- 

derstanding and predicting urban densification. Furthermore, these findings are reproducible in a global urban 

context, offering valuable insights for planners, modelers and geographers in managing future urban growth and 

minimizing modelling. 
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. Introduction 

The 21st-century wave of urbanization presents significant chal-

enges and opportunities for sustainable development, with impacts

arkedly varying between the Global South, developing nations, and

eveloped countries ( UN-HABITAT, 2020 ). Rapid population growth in

ities of the Global South and developing countries, such as Mumbai

nd São Paulo, contrasts with efforts in developed regions of Europe

nd North America to retrofit urban centers to meet sustainability stan-

ards without compromising growth ( Waddell, 2002 ; Barredo et al.,

003 ; Seto et al., 2012 ; Wu et al., 2021 ). However, in developing coun-

ries, urbanization is a driver for economic growth, while also being

he case for strain on the already existing infrastructure, necessitating

nnovative solutions for sustainable urban development ( Todes, 2012 ).

his global demographic shift towards urban living necessitates an in-

epth understanding of urban densification, integrating socio-economic

ynamics, environmental considerations and spatial planning policies

o navigate the complexities of urban development across diverse

ontexts. 

Urban densification, characterized, in our study, by the intensifica-

ion of built-up for a given land unit, is a key focus in many urban mod-

lling studies ( Claassens et al., 2020 ; Chakraborty et al., 2022a ). Despite

he critical role of urban densification in shaping the future of sustain-

ble cities, our knowledge of the interplay between socio-economic fac-

ors, planning policies and environmental sustainability across varied

rban contexts remains minimal. A considerable gap exists in how mod-

ls handle the variability and sensitivity of urban systems with varying

nput factors, which is critical for accurate predictions and successful

olicy interventions ( Pijanowski et al., 2006 ; Franczyk, 2019 ). 

Seminal works have advanced our understanding of urban mod-

lling but revealed limitations. For instance, Dong et al. (2019) and

un et al. (2020) highlighted the importance of model parameter selec-

ion and optimization but did not fully address dynamic urban growth

r the interaction between local features and policies. Similarly, stud-

es by Crooks et al. (2008) , Shafizadeh-Moghadam et al. (2017) and

uellar and Perez (2023) examine the role of neighbourhood sizes and

patial resolution in land transformation and segregation models but

ack comprehensive consideration of multiple neighbourhood combina-

ions and their suitable application for studying urban resilience. While

uente-Sotomayor et al. (2021) explore sensitivity analysis in disas-

er risk contexts, broader applications in urban planning remain un-

erexplored. Despite these advances, gaps persist in comprehensively

nalysing the sensitivity of multi-input combinations in predictive ur-

an modelling. To address this, our study conducts an all-at-a-time

ensitivity analysis of global variables at a provincial scale, evaluat-

ng the strengths and weaknesses of different input combinations. Ad-

itionally, we include a multi-density approach, considering different

ensity class combination to leverage its capability in capturing urban

ensification. 

Multinomial logistic regression (MNL) is efficient at modelling cat-

gorical outcomes in urban areas including multi-level built-up density

lasses, enabling the estimation of outcome probabilities ( Cao et al.,

020 ; Kantakumar et al., 2020 ; Chakraborty et al., 2022a ). Our ap-

roach allows for a detailed examination of how various factors influ-

nce urban densification patterns ( Hu and Lo, 2007 ; Yang et al., 2023 ).

omplementing MNL, stepwise regression refines the model by selecting

ariables that significantly impact these outcomes, enhancing predictive

ccuracy by addressing multicollinearity and overfitting ( Wang et al.,

016 ; Cortés-Borda et al., 2022 ). This combination of MNL and stepwise

egression, in our study, systematically identifies and analyses key vari-

bles that drive urban land use changes. This strategy not only improves

odel reliability but also deepens our understanding of urban develop-

ent mechanisms, distinguishing our work from previous studies that

ave primarily relied on traditional regression techniques or machine

earning algorithms ( Hu and Lo, 2007 ; Kantakumar et al., 2020 ; Cortés-

orda et al., 2022 ). 
2

In contextualizing our study within a global framework, we scruti-

ize urban densification processes across a transboundary region in Bel-

ium, showcasing varied strategies to manage multi-density expansion.

herefore, our study aims to equip policymakers, urban planners, and

odellers with insights by elucidating the intricacies of complex urban

ensification. 

These strategies range from enhancing accessibility and transport

nfrastructure to emphasizing socio-economic development. Our inves-

igation, in line with the aforementioned aim, addresses the following

esearch questions which include: (a) the evolution of the relative im-

ortance of explanatory variables across different input combinations of

patial resolution, (b) variations in the model’s explanatory and predic-

ive capabilities with changes in input variable combinations, and (c)

ifferences in significant variables compared to those in the full model

nder various input criteria. 

. Materials and methods 

.1. Study area 

Belgium, Europe’s most urbanized nation with a population density

f 375 inhabitants/km2 , has experienced significant urban growth since

he 1820s ( Giovanni et al., 2020 ). The country comprises three distinct

egions —Flanders, Wallonia, and the Brussels Capital Region (BCR).

landers and the BCR are characterized by dense urban centers, while

allonia is dominated by rural and fragmented landscapes, creating a

nique “rurban ” mosaic. Our study focuses on the functional urban ar-

as surrounding Brussels, the capital city, which encompass the Brussels

apital Region (161 km2 ), the Flemish Brabant (2118 km2 ), and the Wal-

oon Brabant (1097 km2 ). This area serves as a compelling case study

ue to its diverse mix of urban and rural features, reflecting the broader

hallenges of urbanization and land use planning ( Deboosere et al.,

009 ; De Maesschalck et al., 2015 ; Guyot et al., 2021 ). Prominent cities

ithin this region include Brussels, with approximately 1.2 million in-

abitants; Leuven, with 103,009 inhabitants; and Nivelles, with 23,464

nhabitants ( Fig. 1 ). 

The region has witnessed a population shift from city centres to pe-

ipheral areas since the early 1960s, leading to urban sprawl and sig-

ificant land take proportions ( Seto et al., 2012 ). This phenomenon has

mplications for socio-economic development and environmental sus-

ainability, highlighting the importance of strategies such as urban den-

ification to mitigate adverse impact of expansion. The decentralization

olicies, characterized by significant autonomy at a regional and mu-

icipal level, have profoundly impacted urban development trajectories

nd are evidenced by rapid urban growth —for residential and commer-

ial use. In the region of Flemish Brabant, for instance, devolving the

lanning authority led to fragmented suburbanization and low-density

rban sprawl, as the regional government prioritized suburban develop-

ent through regulations that encourage low-density housing and the

xpansion of road infrastructure ( Boussauw and Boelens, 2015 ). On the

ther hand, the local authorities in the region of Walloon Brabant have

pted for a different route that goes hand in hand with environmen-

al conservation. They emphasize controlling urban sprawl by promot-

ng higher-density development by utilizing existing public transporta-

ion, particularly around university towns such as Louvain-la-Neuve,

here development is around a central urban core ( Halleux et al., 2012 ).

oming to the Brussels-Capital Region, coordinated efforts between re-

ional authorities and stakeholders have made it a success story for

ecentralization. Such diverse approaches by these regional govern-

ents showcase how regional development can be made to satisfy local

eeds ( Boussauw et al., 2013 ). On the contrary, despite decentraliza-

ion, parts of Belgium still suffer from sprawls requiring a more sophis-

icated planning strategy. Thus, our study contributes valuable insights

o urban planning and policy-making efforts for sustainable urbaniza-

ion ( Poelmans and Van Rompaey, 2009 ). 
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Fig. 1. Study area highlighting the three cross-border provinces of Belgium. 
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Table 1 

Class (row) to class (column) changes (% of the reference class). 

Years Class-0 Class-1 Class-2 Class-3 

2000–2010 Class-0 – 1469 (0.70 %) 1147 (0.54 %) 416 (0.20 %) 

Class-1 – – 2419 (8.10 %) 170 (0.57 %) 

Class-2 – – – 3363 (5.06 %) 

Class-3 – – – –

2010–2020 Class-0 – 1023 (0.49 %) 858 (0.41 %) 326 (0.16 %) 

Class-1 – – 2544 (5.37 %) 148 (0.52 %) 

Class-2 – – – 2734 (5.41 %) 

Class-3 – – – –

m  

s  

2

 

s  

c  

a  
.2. Built-up density mapping 

In the pursuit of comprehensive urban modelling for Brabant, the

ntegration of diverse datasets becomes imperative. Our approach in-

olves crafting urban built-up maps through meticulous exploration of

adastral data sourced from the Belgian Land Registry. Specifically, we

ocus on the attribute of “construction year ” to trace the evolution of

he urban landscape across three years: 2000, 2010, and 2020. The data

re then rasterized at a fine resolution of 2 m × 2 m per cell. This was

dopted following the study previously done by Mustafa et al. (2018a) .

ach raster cell is assigned a density value, indicating the number of

 m × 2 m cells enclosed within its boundary. This density value serves

s the Built-Up Density (BDC) index for each cell, aggregated at differ-

nt cell scaling factors of 25, 50, 150, 250, respectively. For instance,

o define built-up areas at a 100 m × 100 m resolution, we establish a

inimum density threshold of 25 cells —representing a building of 100
2 ( Mustafa et al., 2018b ; Chakraborty et al., 2023 ). This threshold has

een determined, aligning with the average size of residential build-

ngs in Belgium ( Poelmans and Van Rompaey, 2010 ; Chakraborty et al.,

022b ). However, the threshold changes while classifying for differ-

nt resolutions. Hereto, we derive the different combinations of den-

ity classes using the geometric interval classification method. This
 o  

3

ethod sets the ranges for density classes and works well with heavily

kewed data that are not normally distributed ( Arlinghaus and Kerski,

013 ). 

Table 1 provides insights into the actual built-up transitions ob-

erved over the modelled period, categorised into four density classes:

lass 0 (non-urban), class 1 (low density), class 2 (medium density),

nd class 3 (high density). These transitions underscore the dynamics

f urban development —particularly the emergence of low-density and
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Fig. 2. Parts of Brussels classified under different urban built up density classes. 
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f  
edium-density areas, which represent the predominant built-up pat-

erns. Comparing our density classification with previous studies, such

s Mustafa et al. (2018b) reveals the significance of transitions from

lass 1 to 2 and class 2 to 3 in understanding the built-up processes

ithin the study area. We gather valuable insights into the evolving

rban landscape by scrutinising transitions from non-built-up to high-

ensity classes. 

In this study, we keenly analyse what happens if we shift from tra-

itionally used four density classes and further divide our datasets into

ifferent density classes with three, four, five and seven density classes,

s shown in Fig. 2 . This is because data classification techniques impact

odelling outcomes ( Shu et al., 2020 ; Chakraborty et al., 2023 ). 

.3. Potential explanatory variables 

The explanatory variables influencing urban growth are presented in

able 2 . The average number of built-up cells in the neighbourhood is

ncluded in our study to consider local interaction effects. We compute

he statistical measure, i.e., the average for input cells within overlap-

ing neighbourhood sizes. Socio-economic indicators such as number
4

f households, job density, average household income and mean house-

old size, are sourced from the Belgian Statistical Institute. Slope, de-

ived from a 1 m × 1 m resolution Digital Elevation Model (DEM), is

hosen for its relevance and collinearity with the DEM itself. The dis-

ance to different road categories, including motorways, primary roads,

econdary roads, residential roads, and local roads, are extracted from

penStreetMap (OSM) data ( Chakraborty et al., 2023 ). Within the urban

abric, it is important to note that local roads typically connect neigh-

ourhood areas, facilitating intra-community mobility. On the other

and, residential roads primarily provide access to residential proper-

ies. Furthermore, proximity to cities and urban green spaces, which

re crucial for enhancing livability and environmental sustainability,

re considered. These distance-based factors are calculated based on Eu-

lidean distance, a commonly utilised metric in land-use change models

 Mustafa et al., 2018b ). 

Unlike most studies on land-use modelling ( Achmad et al., 2015 ;

ao et al., 2020 ; Karimi et al., 2021 ), we include cost path distance

nstead of Euclidean distance for the point vector datatype of bus and

rain stops. While Euclidean distance is simpler and computationally ef-

ective, it fails to capture the various factors associated with accessibility
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Table 2 

List of selected explanatory variables. 

Variable Name Type x Unit Resolution y Source z 

D1 Slope 1 % a DEM 

D2 Euclidean distance to 

Motorways 

1 m a OSM 

D3 Euclidean distance to 

Primary Roads 

1 m a OSM 

D4 Euclidean distance to 

Secondary Roads 

1 m a OSM 

D5 Euclidean distance to 

Residential Roads 

1 m a OSM 

D6 Euclidean distance to 

Local Roads 

1 m a OSM 

D7 Euclidean distance to 

Major Cities 

1 m a OSM 

D8 Euclidean distance to 

Urban Green Space 

1 m a OSM 

D9 Cost Distance to 

Railways Stations 

1 m a OSM 

D10 Cost Distance to Bus 

Stops 

1 m a OSM 

D11 Total Number of 

Households 

1 Number c SI 

D12 Average size of housing 1 Number c SI 

D13 Population Density 1 Inh/km2 d SI 

D14 Jobs density 1 Num/100m2 b SI 

D15 Net taxable household 

income 

1 € c SI 

D16 Zoning status 2 Binary a SI 

D17 Average number of 

urban built-up cells in 

the neighbourhood 

1 Number a CD 

x 1, Continuous; 2, Categorical. 
y a, Cell level; b, Municipal level; c, Statistical level; d, Grid level = 1 km × 1 

km. 
z DEM, Calculated from Digital Elevation Model; OSM, Open Street Maps; SI, 

Self-calculation based on Belgian Statistical Institute; CD, Self-calculation based 

on built-up Cadastral data. 
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rom one point to another. On the other hand, cost path distance con-

iders the heterogeneity of the surface between two points representing

 near-realistic scenario. Though computationally complex, cost path

istance fulfils our study requirement —where the surrounding travel

ehaviour influences densification. 

Zoning areas, obtained from the regional zoning plan for all respec-

ive regions, serve as a binary variable distinguishing between urbanis-

ble (1) and non-urbanisable areas (0), offering insights into land use

egulations and urban growth boundaries. 

.4. Preliminary exploratory data analysis 

Our methodology begins with thorough data preparation and pre-

iminary analysis to ensure the reliability and validity of our subse-

uent regression analysis. As seen from Table 2 , all the explanatory

ariables are measured in different units. Thus, we initiate the process

f standardising all the variables by employing the z -score normalisa-

ion/standardisation technique. This ensures that each variable is trans-

ormed to have a mean ( 𝜇) of 0 and a standard deviation ( 𝜎) of 1, fa-

ilitating comparability and reducing the influence of scale variations.

his technique is used when the data that needs to be compared have

ifferent scales or units. 

For each element i , in a given data, the z -score standardisation fol-

ows the below equation: 

𝑖 =
𝑥𝑖 − 𝜇

𝜎
(1) 

With this transformation to xi , it can be easily proven that the re-

uired data is now in the standardised form. In our context, having

on-comparable data produces biased models, as each data does not

ontribute to the model equally. Moreover, since logistic regression is a
5

ikelihood optimisation problem, it uses iterative algorithms that, with-

ut normalised data, can undergo numerical instability. 

Furthermore, we conducted a Moran’s I analysis ( Wang et al., 2023 )

o examine the effects of aggregation in the context of Modifiable Areal

nit Problem (MAUP) across multiple spatial resolutions: 50 m, 100 m,

00 m and 500 m. In essence, Moran’s I compares the value of a variable

t one location to the values at neighbouring locations. Nearby areas

ith similar values indicate spatial clustering of urban patches, while

issimilar values suggest a scattered distribution ( Wang et al., 2021a ).

oran’s I can be defined as: 

oran’ s 𝐼 =
𝑛
∑𝑛 

𝑖 =1 
∑𝑛 

𝑗=1 𝑤ij 

(
𝑦𝑖 − 𝑦 

)(
𝑦𝑗 − 𝑦 

)

𝑊
∑𝑛 

𝑖 +1 
(
𝑦𝑖 − 𝑦 

)2 (2) 

here n is the total number of elements in the calculation, wij is the

patial weight between elements i and j , ( yi − 𝑦̄ ) is the deviation of the

ttributes of element i from the average value, and W is the sum of all

patial weights. 

A result of the sensitivity analysis indicates a strong autocorrela-

ion at higher resolutions as it is more predominant in the proximity

f already urbanised cells ( Kantakumar et al., 2020 ). Moran’s I values

re lower for 500 m and 300 m, showing the lowest value at 500 m

f 0.70, as seen in Fig. 3 . To ensure the robustness of our model, the

00 m cell size is discarded from the scope of our analysis as it shows

 steep fall from Moran’s I of the highest resolution of 50 m. It is also a

ommon practice for land use studies to use spatial resolution between

0 m and 300 m ( Hu and Lo, 2007 ; Liu et al., 2008 ; Feng et al., 2011 ;

ermeiren et al., 2012 ; Hao et al., 2013 ). A subset of our study area un-

er different spatial resolution ranging from 2 m to aggregated 300 m

s demonstrated in Fig. 4 . 

.5. Conceptual framework of sensitivity analysis 

Sensitivity analysis (SA) is a fundamental pillar enabling a system-

tic approach to determine the influence of explanatory variables on

he model’s outcome ( Cuellar and Perez, 2023 ). SA uses two common

pproaches —one-at-a-time (OAT) and all-at-a-time (AAT). The OAT ap-

roach involves varying one model parameter while leaving the others

onstant, allowing researchers to isolate the effects of individual pa-

ameters on model outcomes. Conversely, AAT considers simultaneous

ariations in multiple parameters, providing a systematic perspective

n their combined influence. Both approaches offer unique insights into

he sensitivity of urban models and are often used in tandem to compre-

ensively assess model behaviour ( Saltelli et al., 2019 ; Razavi et al.,

021 ; Gamboa et al., 2022 ). By using this analytical framework, re-

earchers may better understand the relative importance of various char-

cteristics and how they affect the complex dynamics of urban growth

 Chakraborty et al., 2023 ). By adopting the AAT approach, we seek to

apture the interdependent nature of model parameters. This method-

logical framework enables an all-encompassing investigation of the

nteractions between variables. It offers a thorough comprehension of

heir combined influence on the process of urban densification. A total

f 48 permutations, including various combinations of spatial resolu-

ions, density classes, and neighbourhood sizes, were created ( Fig. 5 ). 

The selection of spatial resolutions, including 50 m, 100 m and

00 m, allows us to examine the variation of urban built-up density at

ifferent levels of detail, from fine-grained local variations to broader

egional trends ( Fig. 4 ). Our multi-resolution approach enhances the ro-

ustness of our sensitivity study, ensuring thorough and applicable con-

lusions across varying spatial scales ( Kocabas and Dragicevic, 2006 ;

ang et al., 2021b ). Including different density classes is essential

o comprehend the effect of multi-level densities on urban modelling.

rawing inspiration from influential studies such as Wang et al. (2021b ),

ur research explores the complex interactions between varying de-

rees of urban density and the resulting spatial resolutions. Spanning

lasses 3 to 7, our research encapsulates a broad spectrum of urban land-

capes, ranging from sprawling suburbs to compact urban cores. While
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Fig. 3. Effects of spatial autocorrelation on data aggregation based on Moran’s I . 

Fig. 4. Area of Brussels Capital Region at four spatial resolutions: (a) 2 m, (b) 50 m, (c) 100 m and (d) 300 m. 
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Fig. 5. Illustration of the input combinations used for Sensitivity Analysis. 
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igh-density metropolitan regions struggle with difficulties, including

vercrowded public services and infrastructure, low-density places fre-

uently represent unrestrained expansion and resource-intensive devel-

pment ( Shu et al., 2020 ). This empirical investigation clarifies the com-

lex interactions between density gradients and environmental, socio-

conomic, and behavioural dynamics. It thus provides important in-

ormation for the development of evidence-based policies, which are

eeded for resilient and liveable urban futures. 

The neighbourhood parameter refers to the spatial window size used

o analyse urban growth patterns. It is key in capturing spatial relation-

hips and dependencies within a given area. In urban growth models,

he choice of neighbourhood size significantly impacts the detection of

patial patterns and variations in urban densities. Our model calculates

he neighbourhood as the average of the total density classes present in

he given window size as a model variable at a meso scale. The influence

f neighbourhood size on urban growth models has been extensively ex-

lored in the literature ( Wu, 2002 ; Poelmans and Van Rompaey, 2009 ;

hen et al., 2014 ). Smaller neighbourhood sizes are adept at capturing

ocalised variations in urban densities, while larger sizes offer a broader

erspective on regional dynamics ( Roodposhti et al., 2020 ). While many

tudies debate using weighted regression for studying neighbourhood

ffects at a local scale ( Harris et al., 2010 ; Lu et al., 2014 ), understand-

ng neighbourhood dynamics at a global level can be a vantage point to

ain a broader perspective of meso ‑scale trends of urban development.

rawing from the insights from prior research by ( Poelmans and Van

ompaey, 2010 ; Mustafa et al., 2018c ; Chakraborty et al., 2022a ), it is

bserved that among various window sizes analysed, the model utilis-

ng a 3 × 3 neighbourhood size yielded a land-use pattern that closely

esembled the actual pattern. Thus, our study employs a neighbourhood

ize centred around the central cell incorporating varied sizes, specifi-

ally 3 × 3, 5 × 5, 7 × 7, and 9 × 9, to explore their influence on urban

rowth and densification patterns. Unlike previous studies, which of-

en focus on a single neighbourhood size, our approach encompasses

 range of spatial scales to comprehensively capture local interactions

nd spatial dependencies within a compact spatial extent. The weighted

um value for a given cell is calculated using: 

w =
𝑁 ∑

𝑖 =1 
𝑤𝑖 𝑥𝑖 (3) 

here, 𝑆w is the weighted sum value for the processing block, N is the

umber of cells in the neighbourhood, 𝑤𝑖 represents the weight param-

ter assigned to cells with different classes at distinct positions and dis-

ances, and 𝑥𝑖 is the input cell value. 

Fig. 6 illustrates the application of a 3 × 3 neighbourhood size cen-

red around the highlighted central cell. This approach enables the ex-

mination of the effect of the neighbourhood on the model outcome, i.e.,
7

ndicating the extent of the model’s capability to analyse the impact of

eighbourhood dynamics on the probability of new urban development.

hrough this analysis, we aim to elucidate the spatial relationships be-

ween neighbourhood size and urban growth, thereby contributing to a

eeper understanding of urban development processes. 

.6. Statement of model 

Our study employs an MNL model to examine the relationship

etween explanatory variables and dependent variables of urban

ensity class with the different input combinations. Even though

ur dependent variable exhibits natural ordering, we choose an

NL model because the proportional odds assumption test was vi-

lated. Prior to modelling, we perform a Variance Inflation Factor

VIF) test for multicollinearity, as using collinear variables in MNL

an distort the relationships between predictors and the outcome

ariable ( Getu and Gangadhara Bhat, 2024 ). Thus far, the model

as been evaluated using multiple input combinations, incorporat-

ng spatial resolution, density class, and neighbourhood size, to as-

ess its sensitivity to the model’s output ( Abolhasani et al., 2016 ;

nputhas et al., 2016 ; Calka et al., 2017 ). The general form of MNL

an be represented as: 

og 
(
𝑘1 
)
= 𝛼𝑘1 + 𝛽𝑘11 

𝑋1 + 𝛽𝑘12 
𝑋2 + ⋯ + 𝛽𝑘1𝑣 

𝑋𝑣 

⋮ ⋮ 
og 

(
𝑘𝑛 
)
= 𝛼𝑘𝑛 + 𝛽𝑘

𝑛1 
𝑋1 + 𝛽𝑘

𝑛2 
𝑋2 + ⋯ + 𝛽𝑘𝑛𝑣 

𝑋𝑣 

(4) 

here log( kn ) is the natural logarithm of class kn versus the reference

lass k0 , X is a set of explanatory variables ( X1 , X2 , …, Xv ), 𝛼kn is the

ntercept term for class kn versus the reference class, and 𝛽 is the slopes

or the classes (the coefficient vector). Thus, the probabilities of each

lass are obtained using the following formula: 

𝑃𝑐 

)
ij ,𝑌 = 𝑘0 

= 

1 
1 + exp 

(
log 

(
𝑘1 
))

+ exp 
(
log 

(
𝑘2 
))

+ ⋯ + exp 
(
log 

(
𝑘𝑛 
))

𝑃𝑐 

)
ij ,𝑌 = 𝑘1 

= 

exp 
(
log 

(
𝑘1 
))

1 + exp 
(
log 

(
𝑘1 
))

+ exp 
(
log 

(
𝑘2 
))

+ ⋯ + exp 
(
log 

(
𝑘𝑛 
))

⋮ ⋮ 

𝑃𝑐 

)
ij ,𝑌 = 𝑘𝑛 

= 

exp 
(
log 

(
𝑘𝑛 
))

1 + exp 
(
log 

(
𝑘1 
))

+ exp 
(
log 

(
𝑘2 
))

+ ⋯ + exp 
(
log 

(
𝑘𝑛 
))

(5) 

here 
(
𝑃𝑐 

)
ij ,𝑌 = 𝑘𝑛 

is the probability of change from the reference class to

lass kn occurring in cell ij. 

MNL outcomes consist of coefficients indicating the relative contri-

ution of each factor to the built-up process ( Cao et al., 2020 ). These

oefficients quantify the influence of explanatory variables on transi-

ioning between density classes. Additionally, MNL probability maps
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Fig. 6. Example of 3 × 3 neighbourhood size where the highlighted central cell is a result of the average of its neighbourhood cells. 
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or each density class offer spatial representations of built-up likelihood

 Mustafa et al., 2018a ). 

.7. Sampling strategy for MNL 

While effective in many contexts, the logistic regression method does

ot inherently account for spatial dependence, crucial in analysing phe-

omena such as urban growth. Urban growth often exhibits strong spa-

ial autocorrelation, with new urban areas tending to develop within

roximity to existing ones. This underscores the importance of carefully

esigning the sampling scheme when repeatedly applying our model in

patial contexts ( Cheng and Masser, 2003 ; Li et al., 2013 ). To mitigate

otential issues arising from spatial autocorrelation among model resid-

als, we adopt a hybrid sampling approach, drawing inspiration from

he systematic-random sampling technique similar to the one used by

ustafa et al. (2018a) . 

We employ a random sampling strategy to address potential biases

esulting from an imbalanced sample size, where transitions from non-

rban to urban categories are relatively infrequent compared to the per-

istence of non-urban pixels. Initially, we select systematic samples, en-

uring an equal number of samples of class 0 with the rest of the density

lasses. This is done to ensure that the sample accurately reflects land

se distribution across the study area. The selection of samples is based

n 200 runs of MNL with different random samples for varied density

lasses. 

.8. Assessment of model performance 

In assessing the effectiveness and reliability of our model for pre-

icting urban growth patterns, we utilise a rigorous validation process

ncompassing multiple metrics ( Overmars et al., 2003 ; Pontius et al.,

004 ). We randomly select 200 samples from the test data for each den-

ity class for the periods of 2000–2010 and 2010–2020. We avoid plac-

ng class 0 test samples in order to avoid biases and over-fitting with

he samples used in the training process. Overall, the testing sample ac-

ounts for 30 % of the total dataset, whereas 70 % is considered the

raining sample size. The model’s Overall Accuracy (OA) is calculated

o assess its performance in correctly classifying instances across differ-

nt density classes. The OA is calculated as the ratio of the sum of True

ositives (TP) and True Negatives (TN) to the total number of instances

n the test dataset: 

A = TP + TN 

TP + TN + FP + FN 

(6) 

here FP and FN are False Positives and False Negatives, respectively. 

While overall accuracy provides a comprehensive measure of the

odel’s performance across all classes, it may not adequately capture

he performance of the model for each individual class, especially in sit-

ations where one class significantly outweighs the others. Hence, we
 T  

8

mploy the F1 score, which combines precision and recall into a sin-

le metric, offering a balanced assessment of the model’s performance

cross different classes. A higher F1 score indicates a better balance

etween precision and recall, suggesting the model performs well in

orrectly classifying instances across different classes while minimising

alse positives and false negatives. The F1 score is calculated as the har-

onic mean of precision and recall: 

1 = 2 × TP 
2 × TP + FP + FN 

(7) 

.9. Model validation using ROC 

Relative Operating Characteristic (ROC) is used to validate the MNL

odel. By plotting the true positive rate against the false positive rate

t various threshold values, the ROC curve allows planners to assess the

odel’s ability to accurately classify urban and non-urban areas across

ifferent settings. This analysis aids planners in understanding the trade-

ffs between sensitivity and specificity, guiding decisions on the optimal

hreshold for classifying urban growth patterns. In our study, the imple-

entation of the ROC method serves as a statistical tool to address a

ey question: “How effectively does urban growth align with locations

haracterised by elevated suitability for urban development? ”. 

To conduct model validation, we generate urban growth probabil-

ty maps by plugging in the coefficients of the MNL model. This is then

ompared with the observed map of 2020 to validate the model’s abil-

ty to specify the location of change, independently from the predicted

mount of change ( Fawcett, 2006 ). The ROC value above 0.5 can refer to

 better fit than random, while an ROC value equal to 0.5 represents ran-

om fit and below 0.5 is worse ( Hu and Lo, 2007 ). Amongst the multiple

uns of MNL, the model with the highest ROC for each spatial resolu-

ion comes out as the optimal choice for further analysis. This selection

riterion ensures that the chosen model demonstrates the highest accu-

acy in delineating density class and neighbourhood size ( Mustafa et al.,

018c ). 

.10. Sequential variable selection for MNL 

Stepwise regression serves as a robust methodology for variable se-

ection, especially in scenarios where the number of explanatory vari-

bles is large, and their relative importance is uncertain. However, not

ll variables may significantly contribute to the predictive probability

f MNL ( Liu et al., 2021 ). The rationale for choosing Forward Stepwise

egression (FSR) over Backward Stepwise Regression in our methodol-

gy lies in its systematic approach to variable selection, especially when

ealing with many explanatory variables. FSR starts with an empty

odel, which is unbiased in nature and incrementally adds variables

ased on their statistical significance, as indicated by their p -values.

his method ensures that only variables contributing significantly to
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Fig. 7. Variation Inflation Factor (VIF) values are plotted for (a) different density class for spatial resolution of 50 m, 100 m and 300 m, and (b) and for the sixteen 

model’s parameters selected for modelling. 
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Table 3 

Performance metrics indicated by overall accuracy (OA) and F1 scores. 

Spatial resolution 50 m 100 m 300 m 

Accuracy metric OA F1 OA F1 OA F1 

3 density classes 0.880 0.663 0.868 0.652 0.669 0.594 

4 density classes 0.875 0.671 0.827 0.627 0.675 0.565 

5 density classes 0.871 0.658 0.819 0.602 0.643 0.532 

7 density classes 0.811 0.597 0.805 0.594 0.629 0.519 
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he predictive probability of the model are retained, enhancing its ex-

lanatory power. In contrast, Backward Stepwise Regression begins with

ll variables included and removes them iteratively, which may lead to

he exclusion of potentially important variables early in the process.

herefore, we opt for FSR to systematically identify the subset of vari-

bles that best explain the variability across different density classes,

patial resolutions, and neighbourhoods for urban growth prediction/

odelling. 

. Results 

.1. Multicollinearity analysis 

The results of the VIF test for different spatial resolutions are outlined

n Fig. 7 . As mentioned earlier, this is conducted to understand the exis-

ence of multicollinearity between the independent variables in Table 2 .

hile the conventional threshold of VIF is debatable ( James et al.,

021 ), we opt for a more stringent limit —setting VIF < 4 based on

tudies for better efficiency ( Saganeiti et al., 2021 ; Chakraborty et al.,

022a ). It is important to note that variables such as total number of

ouseholds (D11) and population density (D13) exhibit a high VIF of

pproximately 2.8 and 3.5, respectively ( Fig. 7(a) ). Moreover, we also

bserve the VIF values across different combinations of spatial resolu-

ion, density class and neighbourhood sizes, considered as input vari-

bles in our model. Furthermore, it is important to note that there is a

teep increase in the VIF value for 50 m resolution, reaching its peak at

pproximately 1.2 for seven density classes and a 5 × 5 neighbourhood

ize. On the contrary, for 100 m, a decline is observed in VIF values with

n increase in density class and neighbourhood size, while the VIF for

00 m shows a constant value across the density class and neighbour-

ood combinations. 

.2. Performance metrics assessment for density class and spatial resolution

Accuracy metrices comprehensively evaluate our model’s perfor-

ance across a spectrum of spatial resolutions and density classes. Over-

ll Accuracy (OA) and F1 score serve as indicators of the model’s pre-

ictive accuracy and ability to capture built-up patterns accurately for

he calibration period of 2000–2010, as seen in Table 3 . 
9

Our model exhibits notable performance at a spatial resolution of

0 m, for 3 and 4 density classes, where it achieves an OA of 0.880 and

.875, respectively. Although marginal, as the density class increases

o 5 and 7 classes, a decline in OA is observed, with values of 0.871

nd 0.811. On the other hand, the F1 score for 3 and 4 density class is

.663 and 0.671, which subsequently drops to 0.597 at 7 density classes.

kin to that, upon transitioning to coarser spatial resolutions of 100 m

nd 300 m, there is a decrease in OA and F1 scores across all density

lasses. For instance, at 100 m, the OA for 3 density classes decreases

o 0.868, while for 7 classes it falls to 0. 805. Similarly, the F1 scores

ecline from 0.652 to 0.594 with increased density classes from 3 to

. At 300 m resolution with 7 density classes, both OA and F1 score

eteriorate to a value of 0.629 and 0.519, respectively. 

.3. Relative importance of spatial parameters on model performance 

To evaluate the efficacy and stability of our model, we carry out

n extensive analysis that made use of all explanatory variables. We

stimate urban development probabilities for varying neighbourhood

izes by using calibrated models for the 2000–2010 period. As a part

f our validation process, we then compare the observed 2020 urban

uilt-up map with the projected probability maps of 2020 to estimate

OC. 

The result, elucidated in Fig. 8 , shows that a spatial resolution of

0 m produces a high ROC value across different density classes and

eighbourhood sizes. As seen in Fig. 8(a) , in density class 3, the ROC

alues ranged from 0.8823 to 0.8890 across different neighbourhood

izes, with the highest value observed for a 5 × 5 neighbourhood size.
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Fig. 8. Accuracy metrics for the model, using multiple inputs to find the best combination. Plotted are the Relative Operating Characteristic (ROC) values for different 

resolutions of (a) 50 m, (b) 100 m, and (c) 300 m. 
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onversely, as the spatial resolution increases to 100 m, we observe

 slight decline in overall predictive performance, particularly in ar-

as with lower urban density. Our model produces the highest ROC of

.8724 with 4 density classes and 3 × 3 neighbourhood size. Further-

ore, the coarser resolution of 300 m exhibits pronounced limitations

cross all density classes and neighbourhood sizes ( Fig. 8(c) ). A res-

lution of 300 m poorly captures the densification scenario, which is

ighly dependent on existing urban development in its vicinity. With

hree density classes, for instance, the ROC values range from 0.734

o 0.737, indicating a moderate level of predictive accuracy. However,

hen compared to the ROC values obtained at 50 m and 100 m, the

ecrease in performance is obvious. 

.4. Refinement of model complexity based on p -values 

In the previous subsection, we observed the result for the MNL fitted

ith all explanatory variables for different input combinations. These

ariables are further used to fit the model with a stepwise selection to

ssess AAT sensitivity. For the stepwise selection of explanatory vari-

bles, we adopt a sequential addition of variables having p -values <
10
.05 at each step. Examining the outcomes of our stepwise regression,

e find that non-significant predictor variables are most yielded at a

patial resolution of 300 m. 

Multiple explanatory variables emerge as common variables in both

0 m and 100 m, as seen in Table 4 . The presence of these variables

nderscores their relevance in shaping urban growth patterns for high

esolutions. Our results show a correlation between residential roads

D5) and bus stops (D10) at finer spatial resolutions (50 m and 100 m)

eflecting the significance of transportation infrastructure in urban de-

elopment. D11 and D13 indicate that areas with a dense population

ill increase the demand for housing, driving increased urban growth.

16 and D17 reflect the significance of zoning policies for urban devel-

pment along all spatial scale and density classes. 

Some explanatory variables appear to be scale dependent. For in-

tance, in 100 m calculations, D5 (like cost distance to railway stations

D9)), plays a more dominant role for lower density classes to further

evelop to medium density. On the other hand, D12 and D14 becomes

oticeable especially in 50 m, however, remains not so significant in

00 m. This suggests that the provision of large average size housing

ill stimulate further densification. The inclusion of D14 in 50 m in-
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Table 4 

Summary of selected significant explanatory variables based on p -values < 0.05. 

Variable Name 50 m, 3 density classes, 

5 × 5 neighbourhood 

100 m, 4 density classes, 

3 × 3 neighbourhood 

Class 1: 

Low density 

Class 2: 

High density 

Class 1: 

Low 

density 

Class 2: 

Medium 

density 

Class 3: 

High 

density 

D1 Slope 

D2 Euclidean 

distance to 

Motorways 

D3 Euclidean 

distance to 

Primary Roads 

D4 Euclidean 

distance to 

Secondary 

Roads 

D5 Euclidean 

distance to 

Residential 

Roads 

× × × ×

D6 Euclidean 

distance to Local 

Roads 

× ×

D7 Euclidean 

distance to 

Major Cities 

D8 Euclidean 

distance to 

Urban Green 

Space 

D9 Cost Distance to 

Railways 

Stations 

×

D10 Cost Distance to 

Bus Stops 

× × ×

D11 Total Number of 

Households 

× × × × ×

D12 Average size of 

housing 

×

D13 Population 

Density 

× × ×

D14 Jobs density × ×
D15 Net taxable 

household 

income 

D16 Zoning status × × × × ×
D17 Average number 

of urban built-up 

cells in the 

neighbourhood 

× × × × ×
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h  
icated the importance of employment opportunities in driving urban

rowth at a fine spatial scale. 

. Discussion 

.1. Contribution of variables in modelling 

The VIF values (presented in Section 3.1 ) of the independent vari-

bles indicate a moderate level of multicollinearity. However, inclusion

f these variables is important for their contribution to study urban den-

ification. These variables reflect the interplay between population dis-

ribution and its impact on household formation, pivotal for determin-

ng the built-up density of an urban core like Brussels Metropolitan Area.

dditionally, for neighborhood size, the values remain lower than the

hreshold, across all the scenarios investigated, with the majority falling

nder 4 ( Fig. 7(b) ). It demonstrates that the model captures more lo-

alized effects in higher resolutions, leading to increased dependencies

mongst the variables. This also suggests the importance of considering
11
ensity class and neighborhood size in analyzing input interactions dur-

ng urban densification modelling. The decline observed in VIF values at

 coarser resolutions reflects the model’s capability to effectively capture

rban built-up variability without having significant multicollinearity.

his could be attributed to the smoothening effect at large spatial res-

lutions, where localized variations are attenuated, resulting in weaker

orrelations between the variables. 

.2. Performance accuracy of model under multiple input combinations 

The overall accuracy and F1 score calculated for model’s validation

nderscores its superior performance in delineating built-up patterns,

specially in lower-density regions. This aligns with previous research

mphasizing the challenges posed by high-density classes ( Mustafa et al.,

018a ). Though every model’s accuracy is dependent on various param-

ters like sample sizes or the training versus testing ratio, an F1 score of

.6 is widely considered to be precise. Since the F1 score shows model’s

bility to perform a multiclass prediction, a poor F1 score could be due to

navailability of enough samples, resulting in imbalanced data distribu-

ion, common for increase in density classes. Interestingly, as observed

rom Table 3 , a constant declining trend emerges across all spatial reso-

utions, where high-density classes exhibit inferior model performance

ompared to their lower-density counterparts. This disparity stresses the

ormidable challenges associated with accurately classifying built-up ar-

as in densely populated urban environments. Moreover, our study area

s an amalgamation of rural and urban regions, making it difficult to

apture fragmented growth at a coarser resolution. The decline in the

odel accuracy can also result from model overfitting, where the testing

et tends to reflect a pattern too similar to that of the training set. This

esults in poor prediction between observed maps and simulated maps.

.3. Delineating model’s predictive ability 

A model’s sensitivity to the change in its variables can be well cap-

ured through its performance accuracy. This study employs the ROC

alue, a metric widely used to ascertain model’s ability to capture spa-

ial dependencies and interactions between explanatory variables in

tudying urban land use patterns. Our results, in Fig. 8 , indicate that

he model’s predictive accuracy depends largely on resolution, density

lasses and neighborhood size. A high resolution (50 m) complimented

ith lower density class (3) and small neighborhood size (5 × 5) effec-

ively identifies areas undergoing urban growth, including expanding

rban centers and new residential or commercial areas. The model main-

ains a relatively strong predictive accuracy, suggesting that it can still

ffectively capture growth patterns, albeit with slightly reduced preci-

ion at 100 m. Previous studies by Poelmans and Van Rompaey (2009) ,

ustafa et al. (2018a) , Chakraborty et al. (2022a) also concluded that a

patial resolution of 100 m proves to be efficient at capturing fine-scale

rban features and reducing computational complexity. Moreover, in

he context of Belgium, 100 m has been a standard resolution for land

se and planning studies. 

Besides, both 50 m and 100 m resolutions outperform 300 m spa-

ial resolution. The ROC values obtained at 300 m resolution indicate

 decrease in predictive accuracy compared to higher resolutions, sug-

esting that the model struggles to capture urban growth dynamics ef-

ectively at this resolution in our study area. Interestingly, the class size

s proportional to neighborhood size, i.e., lower-class density captures

rban densification better at smaller neighborhood sizes and vice versa,

s given in Fig. 8(b) . This evinces an observation that a high-resolution

mage helps to understand different multiclass densification scenarios

here the development depends on existing built-up. Furthermore, a

eighborhood distance of around 100 m radius is well adept to studying

rban densification. However, it is also possible that these models work

ell at coarser resolutions like 300 m while capturing urban sprawl in

ural areas with built-up situated far from one another. This section thus

elps us conclude that in our study, considering a resolution of 50 m
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nd 5 neighborhood classes (which creates a 250 m radius for captur-

ng densification) is the best selection for studying a process like urban

ulti-density expansion or densification. Similarly, 100 m works best

ith 3 neighborhood classes, i.e., with a 300 m radius. Since densifica-

ion is highly dependent on the existing built-up’s proximity, a drop in

odel accuracy at 300 m shows that a broader search area is not helpful

or studying compact phenomena like densification at a provincial scale.

.4. Impact of model parameters on urban densification 

This stepwise selection strategy ensures that our model offers insight-

ul information into the multifaceted factors driving urbanization pro-

ess. Consequently, as indicated by its decreased discriminatory power

n terms of ROC values, the 300 m spatial resolution does not pro-

ide any meaningful contribution to the prediction performance of our

odel. A previous study by Hu and Lo (2007 ) considered a spatial res-

lution of 225 m with an ROC of 0.850, but, in contrast, our goal is to

heck both the predicted accuracy and explanatory robustness. Thus, we

o not include this resolution in our final model definition. The necessity

o prioritize spatial resolutions that demonstrate statistically significant

orrelations with the dynamics of urban expansion drove this conclu-

ion. 

Our result is consistent with the concept of accessibility-driven devel-

pment, where areas with better transportation links are more attractive

or residential and commercial activities, leading to increased urban de-

elopment. Medium-density regions typically exhibit a balanced mix of

rban and suburban characteristics, where access to transportation net-

orks plays a critical role in facilitating connectivity and accessibility.

n higher resolutions, the influence of these factors becomes apparent,

apturing their influence more intensely. A coarser resolution dilutes the

elation as it broadens to capture larger areas and explain their effect

n initial growth and further urban development. Bus stops have con-

ected roads from dense residential areas with main city centers and

ther connectivity points like railway stations. They also tie the exteri-

rs of a region to its central urban parts. Hence, traffic variables, like

eneral road congestion or average traffic flow, might be less directly

ied to the initial phases of urban expansion and more relevant to the

roader functioning of already developed areas. It is also derived that

ulti-density expansion or densification, is largely impacted by zon-

ng policies and that urban built-up development is largely governed by

olicies. Areas with a high density of urban built-up cells in the neigh-

ourhood encourage further development due to the presence of robust

rban infrastructure and amenities ( Poelmans and Van Rompaey, 2009 ;

ustafa et al., 2018a , 2018b ). In regions with low population density,

ousing attributes such as size and type play a crucial role in attracting

ew residents and driving development activities. Larger housing units

re often associated with suburban or peri ‑urban developments, where

and availability allows for the construction of spacious dwellings and

menities. It is also a representation of the resident’s preferences against

igh density development seeking spacious living environments forming

lose knit community interactions. However, higher job density suggests

reas with thriving economic activity, likely attracting development and

opulation influx can influence existing urban expansion patterns. This

tudy of variables underscores the need for an AAT approach of sensitiv-

ty study emphasizing the importance of land use planning and regula-

ion in managing urban growth and ensuring sustainable development. 

.5. Global perspective for policy implications 

Our study goes beyond its current applicability to our specific re-

ion. It can provide insightful information for similar cross-border ur-

an planning scenarios and for large scale studies. Since cadastral data

s not widely available for its innate administrative confidentiality and

ata privacy ( Zevenbergen, 2002 ; Bennett et al., 2008 ), several coun-

ries across the globe do not have access to such data. Therefore, to
12
eproduce similar studies, use of widely available remote sensing im-

ges like Sentinel, Landsat or Aerial orthophotos would be beneficial.

hey are also available for multiple dates and can be resampled and

ncorporated using the adapted methodology of 100 m × 100 m. Addi-

ionally, this study can lay a foundation for planners and modelers, en-

bling them to apply these methods in similar cross-border case studies

s can be seen for areas like the Greater Toronto-Hamilton region in the

nited States and Canada, or the Greater Mekong region of Southeast

sia ( Krongkaew, 2004 ; Moos and Mendez, 2015 ). Hence, we conclude

hat greater emphasis should be placed on research like this to better

nderstand a model’s performance in response to changes in input and

he variation in its ability to produce efficient results. This will be help-

ul in informed urban planning and modelling in a global context - as a

tep towards sustainable urban development. 

. Conclusions 

Our study conducts a global sensitivity analysis in three cross-border

rovinces of Belgium, investigating the effect of various input combina-

ions on the model’s performance. We examine 48 combinations of var-

ed spatial resolutions, urban density classes, and neighbourhood sizes.

he aim is to study urban densification by highlighting the sensitivity of

 range of spatial parameters in an AAT approach, which were missing

n earlier research. Our results clearly show that high-resolution data is

rucial for understanding the densification dynamics of our study area,

hile coarser resolutions limit explanatory power. Changes in neighbor-

ood size affect urban densification due to the influence of surrounding

ocal agents. However, considering neighborhood as an implicit variable

n our MNL models can limit its full potential. Explicit and dynamic

odelling approaches like cellular automata can be an efficient alter-

ative to capture neighborhood effects on densification. Results show

hat the model’s performance enhances at high resolutions of 50 m and

00 m and deteriorates with coarser resolution of 300 m. The combi-

ations which best work for capturing urban densification are (i) 50 m,

 density classes with 5 × 5 neighborhoods, and (ii) 100 m, 4 density

lasses with 3 × 3 neighborhoods. These findings inform tailored policies

equired for managing urban development, emphasizing that studying

ensification or existing built-up development in Belgium requires spa-

ial resolution with a coverage of a maximum of 300 m (i.e., 50 m × 5

r 100 m × 3 neighbourhoods). However, it can be contextually varying

nd dependent on built-up density classes and areas. 

On the other hand, stepwise feature selection helps assess the vari-

ble significance in modelling. Our findings reveal similar observations

n line with MNL models, where 50 m and 100 m resolutions demon-

trate superior explanatory ability compared to 300 m resolution. A

 × 3 neighborhood captures densification better. It can be concluded,

hat even though spatial resolution has proven to be a key parameter

hroughout the study, variation in density classes hold an equal sensi-

ivity especially for densification or multi-density expansion. The result

f stepwise regression shows that along with residential roads and popu-

ation density, zoning policies largely impact the process of densification

n Belgium across all the density classes. However, policy intervention

s one of our study’s bottlenecks, especially because it involves three dif-

erent regions with separate federal governances. Since these authorities

ehave according to their respective rules and regulations, it is recom-

ended that a decentralized manner of management is implemented to

ncourage urban densification, which is not yet very conspicuous. Thus,

e strongly recommend a transition from conservative zoning practices

o decentralisation as a new instrument for sustainable urbanization in

elgium, preventing adverse expansion. 
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