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Abstract: Worldwide, about one in eight people live in slums. Empirical studies based on satellite1

data have identified that the size distributions of this type of settlement are similar in different cities2

of the Global South. Based on these results, we developed a model describing the formation of3

slums with a Turing mechanism, in which patterns are created by diffusion-driven instability and the4

inherent characteristic length of the system is independent of boundary conditions. We examine the5

model in this paper by critically reflecting its assumptions, comparing them with recent empirical6

observations and discussing possible adjustments and future extensions based on new methods of7

identifying pattern formation mechanisms.8
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1. Introduction10

Worldwide, about 1 billion people currently live in so-called slums or informal settlements.11

Settlement structures or households are defined by the United Nations as slums if they meet at least12

one of the following five characteristics: no security of tenure, no access to adequate sanitaiton,13

no easy access to safe water, no sufficient living space or non-durable housing [1]. Especially the14

latter characteristic is used in recent studies to distinguish settlements of urban poverty from other15

urban settlement structures by means of satellite images [2–4]. Since the methodology used in these16

studies can only capture the physical structure or morphology of this type of settlement, they are also17

referred to as morphological slums. This term is used to describe settlement forms that differ from their18

surroundings in their high density, low building heights and organic, complex structures. Although19

recent studies have shown that this form of settlement correlates with a special social group of low20

income and with urban poverty [5], there has been intensive discussion in recent years about an21

appropriate language and terminology, which on the one hand perceives the specific living conditions22

of the inhabitants of these settlements and their reality of life, but at the same time does not stigmatize23

them by using negatively connotated terms (cf. [6–8] for general considerations on the terminology24

and [9–11] for discussions in the context of concrete studies). Since in the following we examine in25

more detail a model for the emergence of these structures, we refer to the physical settlement structures26

as morphological slums and its inhabitants as morphological slum dwellers. We do this in the awareness27

that the realities of the inhabitants’ lives can differ greatly. The term slum is nevertheless included in28

our used term morphological slum, in relation to the many studies on slums and informal settlements29

that primarily examine the effects of urban inequality and deprivation.30

The main aim of studies on morphological slums is to reduce the currently still large gaps31

in knowledge about this type of settlement [12] and to be able to compare the different regional32

characteristics and their spatial characteristics with globally uniform methods. One step in this33

direction was done by Friesen et al. [13,14] who analyse the size distribution of morphological slums34

in eight different cities in the Global South. They find that morphological slums show similar size35

distributions with a similar geometric means. This leads to the conclusion that regardless of culture,36

country or continent, the size of most slums is between 10−3 and 10−1 km2 and thus shows no37
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dependence on the total number of morphological slums within the city. This information can be used38

as typical scale in other scientific domains such as infrastructural planning [15] or epidemiological39

analyses [16,17].40

These studies on the similar size of morphological slums were recently taken up by Pelz et al. [18]41

who put forward the hypothesis that the development of morphological slums could be described by42

a Turing mechanism [19]. This is inspired by the fact, that a characteristic scale can be observed in43

both Turing patterns and slums. The emergence of morphological slums is understood as a process of44

self-organization, in which morphological slums are the result of the interaction of two social groups.45

In this paper, we discuss the model in the context of current research results on different levels46

and elaborate possible future perspectives. To this end, we first present the original model and its47

basic assumptions and conclusions (sec. 2). In a further step, we discuss in detail the48

• model assumptions and ethnographic labels (sec. 3),49

• the spatial and temporal properties of the empirical data and the model (sec. 4),50

• possible model extensions and the possibility of parameter identification with regard to current51

research (sec. 5)52

and finally conclude this communication.53

2. Model54

In order to understand the development of morphological slums, different models have been55

presented in the literature [20], which often use a large number of parameters to depict the different56

socio-economic processes leading to the formation of morphological slums, especially in cities of the57

Global South. In contrast, Pelz et al. [18] presented a model in which the formation of slums results58

from the interaction of two social groups.59

Therefore, the population is divided into two groups “rich” and “poor” on the basis of income60

and the behaviour and interaction of both groups is described by two coupled partial differential61

equations62

∂ũ1

∂t̃
= ÛR f1(u1, u2) + D1∆ũ1,

∂ũ2

∂t̃
= ÛR f2(u1, u2) + D2∆ũ2, (1)

where ũi describes the density fields of both population groups (i = 1 represent “rich”, i = 263

represent “poor”), Û the popultion density and Di the diffusion coefficients. R has the dimenson of a64

rate and fi are the coupled reaction rates.65

These equations describe the change of the concentration of inhabitants as the sum of dwellers66

moving into, being born or dying within the city (reaction term) and moving accross the city borders67

(diffusion term).68

The equations are brought into a dimensionless form by using the following parameters t := Rt̃,
xj := x̃j

√
R/D1, ui := ũi/Û leading to

∂ui
∂t

= fi(uj) + dij
∂2uj

∂xk∂xk
,
(
dij
)
=

(
1 0
0 d

)
. (2)

Thus, instead of describing the behavior of the different inhabitants of the city separately (as is69

done, for example, in agent-based models [20]), their behavior is averaged and described by means of70

partial differential equations. The authors interprete the behavior of the two groups by using two basic71

phenomena: short distance migration and long distance migration.72
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While the short distance migration, which is represented by the diffusion term, depends only on73

the concentration of the respective population group at a specific location, the interaction of the two74

groups is represented in the coupled reaction terms, called long distance migration.75

The basic idea of the model is that a stable state of long-distance migration is assumed, in which76

the interaction between the two social groups leads to an even distribution. This corresponds to77

the analogy from the model of Turing, where the system is stable in the absence of diffusion. This78

stable initial state can be described by certain conditions, which are expressed in a special form of79

the Jacobian, called behavior matrix in the model. For detailed derivations and necessary as well as80

sufficient conditions for the formation of patterns please refer to the standard literature, e.g. [21].81

A necessary condition for a stable state is a negative trace and a positive determinant of the
Jacobian aij := ∂ fi

∂uj
. To fulfill this conditions, the Jacobian has to have one of the following four

proporties (
+ +

− −

)
,

(
− −
+ +

)
,

(
+ −
+ −

)
,

(
− +

− +

)
. (3)

While the first two Jacobians represent the activator-substrate models, the latter ones are82

activator-inhibitor models [22]. In the model of Pelz et al. [18] the self organization of morphological83

slums is interpreted as activator-substrate model, since in the model it is assumed that the courses of84

the population density are in opposite phases, i.e. that in places where many inhabitants of formal85

settlements live, few morphological slum dwellers live, and vice versa.86

However, due to different migration behaviour of the two groups, described by the diffusion87

terms in the equation, the system can be transformed from a stable to an unstable state in which the88

faster diffusion or mobility of the more wealthier population group leads to a regular pattern formation89

(cf. Figure 3).90

While other models usually take a people-centred view, the model of Pelz et al. [18] represents an91

empirically observed quantity, independent, of the city, country and culture the morphological slum92

are found in. In the model, this is the resultof the simple interaction of two groups, whose behaviour93

can be represented by partial differential equations and thus analytically investigated.94

Like every model, the presented model [18] is based on a number of assumptions, which we95

examine in more detail below. In a further step, we compare these assumptions in detail with current96

results from empirical research on morphological slums and with possible approaches to extend the97

model.98

3. Model assumptions99

3.1. Terminology and ethnographic labels100

We first start by analysing the terminology used in the model. The classification of rich and poor is101

used in various studies to designate population groups (e.g. [23]). Already Platon speaks of the fact102

that the city can be divided into a rich and a poor city [24]. This distinction is made in many further103

studies, sometimes however without a clear definition of the border (cf. [25]) and also in the presented104

model and needs a critical discussion.105

In the literature it is repeatedly mentioned that simply dichotomous classifications can be106

problematic and perceived as judgmental, because people, groups of people or whole states are107

often reduced to a single characteristic and categorized according to that characteristic [26].108

Furthermore, the question arises how to distinguish between the two population groups. That is,109

from which border on the population is classified as poor, from which as rich. This discussion is well110

known in poverty research, and leads to distinctions between relative and absolute poverty [27]. While111

relative poverty affects those parts of the population whose wealth is in a certain lower percentile of112
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the wealth distribution, absolute poverty is defined by the fact that the respective person or group has113

less than a certain amount of money available per day.114

In the model [18] the population is divided into two groups based on the respective income of the115

individuals. Since only two groups were studied, the model implies that the behavioural characteristics116

described in the behaviour matrix change due to monetary aspects. This means that if the whole117

population is divided into two groups and the wealth distribution in the city under consideration is118

continuous, the behaviour of a specific person close to the poverty level would change in dependence119

on the poverty threshold, what would be a strong assumption.120

Furthermore, the model describes the formation of morphological slums as a process in which121

the members of a mixed population consisting of two groups interact with each other. It draws on an122

analogy from chemistry or biology, in which the first empirical evidence for pattern formation by the123

Turing mechanism was presented. While in the chemical studies of pattern formation the morphogens124

are dissolved in a liquid and can thus interact with each other [28], it remain unknown what the analogy125

to such a liquid in the described model is. Also, self-reinforcing effects in an activator-substrate model126

assume an interaction between both morphogens, which then produce new activator morphogens.127

However, it is difficult to derive an analogy to this behavior in the proposed model, since the formal128

dwellers would be the substrate for the morphological slum dwellers.129

Lastly, it should be mentioned that easy allocation to two-part groups in terms of income is often130

difficult, as even small increases in income can have a significant impact on a person’s circumstances,131

which is why categorisations often have more than two classes [29]. The behaviour and interaction132

of different groups could be integrated into the model, but this would increase the complexity and133

raise questions about the advantages of the model over other approaches, such as agent-based models.134

Another way to deal with these challenges in the model would be a more abstract designation of135

morphogens, as postulated by Levashova [30], for example. However, this would only shift the136

underlying problem of defining morphogens to another level.137

3.2. Initial and boundary conditions138

The model implicitly states the assumption, that the process of pattern formation starts from a139

homogeneous area. This is a strong simplification of the real conditions, because groups of people build140

dwellings for shelter, even if they are only temporary. Even simple settlement structures like tents, are141

a physical barrier to the movement of the population groups and can affect the mobility leading to142

an anisotropic behaviour. Particularly in the Global South, the phenomenon of gated communities143

is a recurring phenomenon, in which more affluent population groups shield themselves from the144

rest of society, which can be interpreted as strong barriers to diffusion. This calls into question the145

assumption of isotropic diffusion stated in the model.146

Zero-flux boundary conditions were chosen. This assumption is based on the fact that the147

population traveling into the city can be mapped in the reaction term via long-distance migration, while148

within the city only short-distance migration takes place.149

The limitation of the system means that only certain wavelengths can be formed in one [21]. If150

the wavelengths caused by the Turing instability are greater than the area length, no patterns can151

form despite the necessary conditions for pattern formation being fulfilled. Furthermore it has to be152

considered that a change of the area size leads to a change of the wavelength forming in the system153

[21].154

3.3. Modelling of human behaviour155

Another central question in the discussion of the model presented is the representation of human156

decision making. The assumption is made in many models that human movement can be represented157

by a random walk and that the movement of a large number of people can thus be represented by158

diffusion coefficients.159
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Gonzalez et al. [31] investigate the movement behaviour on the basis of mobile phone data and160

conclude that the movement of people follows patterns with special spatial and linear characteristics.161

They show that movements of the people follow a random walk, with a the step size following a power162

law. [32]. Song et al. [33] further show that the mobility behavior of people follows regularities that163

can be predicted with a high probability. These limits have been investigated in more detail in further164

work [34].165

With regard to the model presented [18] it must be stated that the assumption that human166

behaviour can be modelled by means of random walk is possible, but that the approaches to the167

mobility of the different groups described there should be refined.168

4. Spatial and temporal properties169

In addition to the fundamental validity of the assumptions discussed above, it must also be170

examined whether the spatial arrangement and temporal development of morphological slums show171

similarities to Turing patterns.172

4.1. Spatial and size distribution of morphological slums and concentration peaks173

Comparing the pattern formation of morphological slums Figure 1 (c) with the Turing patterns in174

Figure 1 (a), clear differences are already noticeable visually. Besides shape and size, the morphological175

slums show an arrangement in which certain areas of the city are not covered with slums. In previous176

studies it was shown that slums are arranged in clusters [35]. Hartig et al. [36] confirmed and extended177

these findings by showing a tendency towards random spatially distribution of morphological slums178

within the clusters. Furthermore, it can be seen that morphological slums show a wider size distribution179

than the patterns in the RD equations.180

Figure 1. (a) Resulting pattern by homogeneous parameters of a common activator substrate model.
(b) Size distribution of concentration peaks from (a) with a threshold of 2. (c) Adapted empirical spatial
pattern of the slums of Dhaka (2010) from [37]. d) Size distribution of (c).

The above-mentioned studies have shown that the size distributions of morphological slums181

in different cities in the Global South are similar and have almost identical geometric means [13,14].182
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However, while these size distributions show a wide variance (Figure 1, (d)), size distributions of183

concentration peaks of Turing patterns are usually very narrow (Figure 1, (b)).184

4.2. Temporal development185

If the question is investigated whether morphological slums are Turing patterns, not only the186

spatial distribution of the resulting pattern should show the characteristics of a Turing system, but also187

its temporal development, as Kondo and Miura [38] have shown.188

The formation of Turing patterns in an RD system is based on the interaction of two morphogens,189

whose temporal development of the concentration curves are interrelated, as can be seen in Figure190

1, A. Due to the coupling in the differential equations, an increase in the activator concentration is191

automatically associated with a decrease in the substrate concentration.192

This behaviour is not generally present in the formation of morphological slums. Often193

morphological slums are built on open spaces within the city, [3], removed by external circumstances,194

such as floodinFigure 1g or politically motivated interventions, and rebuilt at a later time [39] (cf.195

Figure 1, B). The development of the two concentration processes of formal inhabitants and inhabitants196

morphoid is thus not always linked, which contradicts the model.197

Figure 2. A Representation of a self-reinforcing effect in an activator substrate model. The illustration
on the left side is inspired by Green and Sharpe [40] and Meinhardt [22]. B Schematic representation
of the temporal development of the settlement of a green space and resolution of the temporary
morphological slum.

As already mentioned, the model [18] describes an idealized theoretical process. In a simulation198

with spatially homogeneous parameters and initial conditions with clustered concentration peaks199

(Figure 3), the concentration peaks migrate away from each other over time and form a spatially evenly200

distributed pattern [21]. Individual concentration peaks split up and move away from each other [22].201
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Although studies have already shown that morphological slums can also shrink and thus split up, it is202

not usually the case that slums move.203

Figure 3. Qualitative illustration of a activator substrate model with clusters as initial condition and
homogeneous parameters. Initial condition (a) t = 0, (b) t = 0.16t = tend, (c) t = t = 0.27tend and end
(d) t = tend .

5. Model extensions and parameter identification204

In the model presented by Pelz et al. [18] the basic possibility of describing complex processes,205

such as the formation of morphological slums, with simple mathematical models was discussed. Since206

some discrepancies between the model and empirical results were pointed out in the last sections, we207

discuss below, on the basis of different studies, the possibilities of extending the model according to208

the empirical findings. Furthermore, with reference to more recent literature, we show how settlement209

maps could be used to map underlying mechanisms.210

5.1. Model extension211

In the presented model [18] the stability analysis is carried out with a simple model with spatially212

and temporally homogeneous parameters. However, as shown above, these assumptions lead to213

regular arrangements of the objects, which cannot be found in empirical analyses of morphological214

slums.215

In recent studies, however, it is repeatedly stated that the criteria for Turing patterns can be216

extended in different ways [41]. For example, the interaction could be extended from two to more217

social groups to address the problem of dichotomous views.218

Furthermore, the influence of spatially and temporally heterogeneous media and parameters219

on pattern formation is intensively discussed [42] . Kozak et al. [43] investigate spatially variable220

parameters using a Schnakenberg model, probably the best known activator-substrate model. They221

discuss, similarly to us above, that the strong regularity observed in theoretical or numerical analyses of222

RD models such as the Schnakenberg or the Gierer-Meinhardt model (one of the first activator-inhibitor223

models) is not found in real data. Older works show that jumps in kinetic parameters lead to pattern224

formation outside the Turing space [44]. On both sides of the discontinuity, the system shows locally225

restricted pattern formation, even if the parameters are outside the Turing space. The amplitudes226

become smaller with increasing distance from the discontinuity.227

Such locally restricted patterns are not only provoked by parameter jumps, but can also occur228

in systems with different boundary conditions [45]. Using an analytical method, Benson et al. [46]229

show that with piecewise constant parameters patterns occur which are restricted to a part of the230

considered area. However, this behavior is due to the fact that the diffusion coefficient on one side231

is greater than than the critical diffusion coefficient for a homogeneous area. Furthermore, spatially232

dependent diffusion coefficients were investigated and it was shown that the wavelengths imprinted233

on the system from outside can interact with those intrinsically present in the system [47].234

The strong topographic and spatially varying social structures in cities of the Global South235

could therefore be represented in an adapted model by spatially and possibly temporally dependent236
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parameters. Here, the cross-diffusion, which has been neglected up to now, could be included in the237

model in order to be able to reject the strong assumption of the independent mobilities of the two238

social groups. The influence of cross-diffusion on the Turing mechanism was also investigated [48,49].239

5.2. Parameter identification240

If it is assumed that the formation of morphological slums is based on a mechanism that can be241

described by partial differential equations, the question of (i) the underlying reaction kinetics and (ii)242

the corresponding parameters arises. With regard to these questions, enormous progress has been243

made in recent years. Rudy et al. [50] determined the relevant terms of an equation by determining244

spatial and temporal derivatives in images and image sequences and were thus able, for example, to245

deduce underlying dimenson-less parameters by analyzing images. Different groups have further246

shown how it is possible to determine the parameters of a Turing mechanism from images of contration247

curves using Bayesian statistics [51,52].248

An application of these and similar methods [53] to time-resolved settlement data could allow an249

identification of the underlying mechanisms and the related parameters. With these methods it would250

also be possible to cope with the increasing complexity caused by spatially or temporally varying251

model parameters, as described in Section 5.1.252

6. Conclusion253

In this paper we investigated the hypothesis of Pelz et al. [18], according to which the formation254

of slums can be described by a Turing mechanism. This relatively simple model [18] has the advantage255

over other models [20] of being able to map the characteristic size of slums identified in empirical256

studies [13,14] by means of a few equations and parameters.257

By analysing both, the model and empirical findings on morphological slums, we found258

differences in the spatial relations and development of both patterns. Using spatially and temporally259

homogeneous parameters, it is possible to map a characteristic size of morphological slums, but this260

also results in a spatially homogeneous pattern, which contradicts the empirical observations. These261

differences could be reduced by using parameters that vary in space and time. More critical in the262

comparison between model and empirical observation is the fact that the temporal development of263

morphological slums, in contrast to the development of interacting morphogens in Turing patterns, is264

partially independent of the development of the surrounding structures. One possibility to preserve265

the model taking this fact into account would be to assume an interaction of open or green spaces266

and built-up areas, whereby the open spaces could serve as a pre-pattern for the development of267

morphological slums.268

The increasing complexity caused by these or other adaptations can be countered by recent269

developments in the identification of mechanisms by Bayesian statistics, which allows to detect270

underlying mechanisms on the basis of settlement information. The main purpose of this work was to271

examine the limitations of the model [18] in more detail, to address possible points of criticism and to272

propose possible adjustments.273

Finally, it should be mentioned that any simplified modelling of human motivation or actions274

must always reflect and take into account the tension between vividness and adequate appreciation of275

the reality of life of the individuals described.276
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