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Abstract: Geographical location and landforms of various types have strong effects on the 

developments of many cities and associated street networks. This study presents new 

results of landform effects, in particular the geometry of shorelines, on the grid street 

networks (a total of 10,442 streets) of three Brazilian coastal cities. The results are compared 

with the street networks of three coastal cities in Britain (a total of 22,002 streets) that have 

evolved through a more natural “bottom-up” process. Gibbs/Shannon entropy (a measure of 

dispersion) generally has a positive linear correlation with length ranges and the average 

lengths of the street, and for the power-law tails in particular. The geometry of the adjacent 

shorelines has great effect on the spatial orientation of streets in the Brazilian cities but less 

so for the networks of the British cities. More specifically, the more curved the shoreline, the 

greater is the dispersion in the street orientation and the greater the associated entropy. The 

results also show that the length-entropies of the outer parts of the Brazilian cities are 

generally lower than those of the inner parts, whereas the entropies of outer parts of the 

British cities are higher than those of the inner parts, indicating dispersion during street-

network growth in the British cities. 
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1. Introduction 

Street networks of a city primarily reflect the interplay of two sets of processes, one related to 

human decision making, the other related to natural or geographical constraints. With regard to 

anthropogenic factors, some cities, or parts thereof, have developed in an essentially “bottom-up” 

manner through the interaction of landowners, residents and local authorities over many years. The 

result is a “naturally growing” city [1–4]. Other cities bear the imprint of “top-down” planning by an 

authorized institute or agency [4,5]. Morphological features or landforms such as shorelines, hill slopes, 

mountain ranges, rivers, and valleys have strong effects on the development of many cities [1,6]. These 

effects are particularly evident in the geometry of their street networks [7–9]. Of the many natural 

landforms that provide constraints on the morphology of cities and their street networks, coasts are 

arguably the most common. This is unsurprising given the historical preference for coastal locations, 

which include a variety of morphological features such as fjords, bays, cliffs, islands, and peninsulas. 

Entropy studies have a long history in geology and geography. For example, entropy calculations 

have been used to model the evolution of river channels [10], transportation and trip distributions 

(using maximum entropy methods) [11,12], to assess city heterogeneity [13,14], to quantify urban 

sprawls [15–17], and as a part of “spatial entropy” measures [18]. The entropy approach used in the 

present paper, however, is somewhat different from those above. More specifically, entropy is used 

here as a measure of the probability distributions of the geometrical characteristics of two types of 

street networks, namely grid street networks and the more “irregular” street networks in relation to 

their geographical and geological constraints [9]. 

Brazil and Britain both provide a good opportunity for exploring the relations between shoreline 

morphology and the street networks of cities. More specifically, the grid street networks in Brazil and 

irregular networks in Britain are both constrained by the shoreline but developed as a result of 

completely different processes. The coastline of Brazil accommodates around 20% of the Brazilian 

population [19–21], a proportion that is rising rapidly because of the increasing pressure of 

urbanization, industrialization, and tourism [19,22]. The coastal zones of the states of Santa Catarina 

and Sao Paulo well illustrate the relations between fast growing coastal cities and the surrounding 

natural landscape [19,23]. By contrast, the three coastal cities in Britain date back to the 18th and 19th 

centuries and contain street networks that have thus developed over longer periods.  

Clearly, the street networks in both fast growing cities, such as in Brazil, and historical cities, such 

as in Britain, develop in relation to specific political and socio-economic factors as well as historical 

and geographical restrictions [2,24–26]. While all these factors are important, the main focus in the 

present study is on the effects of the geographical locations of the cities, particularly the associated 

shoreline geometries, on the grid and irregular street networks. This paper thus compares three  

fast-growing cities from the southeast coast of Brazil with three more slowly evolving coastal cities 

from the southern part of England. The principal aim is to analyse quantitatively, primarily using an 

entropy method, how the curved shapes of the adjacent bays affect the shapes of cities and the geometry of 

their street networks. More specifically, the geometry of the street networks are analysed through a 

quantitative assessment of various orientation and length scaling relations and entropy measures.  
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2. Study Area 

Of the 28 metropolitan areas in Brazil, 16 are located along the coast [21]. The coastal cities have 

highly concentrated populations and large infrastructures which have been much affected by the speed 

of urbanization and activity related to tourism. The Brazilian cities selected for this study are Ubatuba 

and Caraguatatuba on the east coast of the state of Sao Paulo, and the city of Balneario Camboriu on 

the east coast of the state of Santa Catarina (Figure 1). The three coastal British cities are Southend-on-Sea, 

Bournemouth (both strictly towns) and Brighton and Hove, located on the southeast and south coasts 

of England (Figure 2). The main reasons for the selection of these cities may be summarised as follows: 

 The three Brazilian cities have been growing rapidly in the last decades on account of their 

popularity for tourism. By contrast, the three British cities, historically very popular as resort 

cities, have developed over a much longer time and at different rates from the Brazilian cities. 

These differences, which are clearly reflected in the geometric properties of the street networks, 

provide unique opportunities to explore the mechanisms and constraints that affect the geometric 

properties of different street networks developing at different rates. 

 All the cities are located at the coast and have very clear boundaries in the form of curved 

shorelines and a mountainous hinterland that acts to constrain their geographical expansion 

(Figures 1,2). The curvature varies between the shorelines, as is reflected in the differences in 

their radii of curvature (Figure 3). 

 The availability of high quality Landsat images and Google-Earth views for Brazilian cities and 

geographic information data for British cities make it possible to digitize and carry out a detailed 

geographical analysis of street networks. 

As regards the Brazilian cities (Figures 1,3), the city of Ubatuba is located on the coast of the state 

of Sao Paulo and had a population of 78,801 in 2010 [27]. The city is located between the Atlantic 

Ocean and largely forested and mountainous terrain to the north (Figures 1a,b and c). The city of 

Caraguatatuba, located on the coast of the state of Sao Paulo, is similarly constrained by the coast and the 

Serra do Mar Mountains (Figures 1a,b and d). The city had a population of 100,840 in 2010 [27] and is 

the largest city on the coast of the state of Sao Paulo. Its economy is driven by agriculture and tourism. 

Balneário Camboriú is a major tourist city on the coast of the state of Santa Catarina (Figures 1a,b and e). 

Santa Catarina has one of the highest living standards in Brazil, and is a major industrial and agricultural 

state. The city is bounded by hills to the north, west, and south, and constrained by the sea to the east. 

In 2010, the population was 108,089 [27]. To the southeast, the city margin is at the Camboriú River, 

which reaches the ocean at the southern edge of the city. The coastal parts of the city are characterised 

by tall buildings. 

As regards the British cities (Figures 2,4), Southend-on-Sea is a seaside resort on southeast coast of 

England, on the north side of the Thames estuary. The city is one of the most popular touristic places 

in Britain and had a population 165,300 in 2010 [28]. The history of the city dates back to the 18th century; 

the city has gradually expanded since that time (Figures 2a,b). The city of Brighton and Hove is 

located on the south coast of England and is England’s most popular seaside destination. Its history as 

a resort dates back to the 18th century. It gradually expanded to its present size and had a population of 

258,800 in 2010 (Figures 2a,c) [28]. Bournemouth is a large resort city at the south coast of England 
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with a population of 168,100 in 2010 [28]. The city history dates back to 19th century. The city is 

constrained by the sea to the south and the River Stour forms a natural boundary for city, to the north 

and east (Figures 2a,d).  

Figure 1. (a) A detailed map of three coastal cities on the Atlantic coast of Brazil. Ubatuba 

and Caraguatuba are in the state of Sao Paulo, and Balneario Camboriu is in the state of 

Santa Catarina. (b) Locations of the three coastal Brazilian cities. (c) Location of Ubatuba, 

(d) location of Caraguatatuba, and (e) location of Balneario Camboriú (image courtesy of 

Google Earth) with the street networks overlaid. The rose diagrams summarise the 

weighted and unweighted orientations of all the streets in the networks (Section 3). Also shown 

are the variations in street orientation for several sub-populations. Here the sub-populations 

are the streets within the subareas marked by white dotted lines, namely 1–5 (Figure 1c),  

1–5 (Figure 1d), and 1–3 (Figure 1e).  
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Figure 2. (a) Location map of the three coastal cities in Britain, all located in the southern 

part of England. Also shown are the street networks and rose diagrams (Section 3) of  

(b) Southend-on-Sea, (c) Brighton & Hove, and (d) Bournemouth. 

 

Figure 3. (a) Distributions of street orientations (histograms), number of streets, and 

orientation entropies [S; Equation (2)]; (b) Rose diagrams use 10 degree intervals (the 

width of each sector) and 0–360 degree azimuth; (c) The shoreline radius of curvature, r 

(the arcs are indicated by red dotted lines) of the three Brazilian cities. Note that the 

histograms use 5 as a class limit (bin width) to show the orientations of streets. 
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Figure 4. (a) Distributions of street orientations (histograms, using 5 as a class limit for 

street trends), number of streets, and orientation entropies [S; Equation (2)]; (b) Rose 

diagrams, using 10 for the width of each sector; (c) The three British cities and their 

shoreline radius of curvature (the arcs indicated by red dotted lines). 

 

3. Data and Methods of Analysis 

3.1. Data 

Because of the lack of digital data, aerial photographs and high resolution satellite images were 

used to digitise street datasets of the three Brazilian cities. There are many websites that provide access 

to maps or satellite images of open source data depending on what information is needed. For the three 

Brazilian cities, Google Maps provide good coverage and completeness, particularly for street datasets, 

in comparison with other data sources such as OpenStreetMap. These can easily be compared by the 

visual inspection of the two data sources. There are, in addition, some studies that compare the quality 

of different open access data sources and their degree of accuracy [29]. As a source of the street 

datasets of the Brazilian cities used in this study, Google Maps are fairly accurate. Network analysis 

tools in a GIS environment have been used to build up the street-network datasets. The current GIS 

street-networks datasets and Integrated Transport Network (ITN) layers of three British cities were 

obtained from Ordnance Survey (OS) datasets in the UK [28] and the EDINA Digimap website [30]. 

Google Earth was also used for background images for each city region. 

The street networks analysed here are characterised by street segments that, by definition, extend 

from one intersection of streets to the next one. More specifically, we represent the street networks of 

these cities such that intersections are nodes and streets are links between two neighbouring nodes, that 

is, we use a primal representation [31–34]. The data are treated as an undirected network, that is, each 

pair of nodes can only be connected by at most one undirected link. The geometry of a street network 
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can be analysed using either the curved (real or physical) links or, alternatively, the Euclidean 

(straight-line) distances between the starting and end points of each street. A Euclidean analysis results 

in a systematic bias towards shorter link lengths [35]. In this paper, however, we use the physical links, 

that is, we treat curved links as curved, both as regards length and orientation. 

3.2. Directional Statistics 

Directional analysis, which is the main method for analysing the spatial orientation of streets, 

presents the street orientation as frequencies (Figures 3,4). The spatial orientation of a street is given as 

an azimuth, that is, as the angle measured clockwise between north (the reference axis) and the street. 

Street orientations can be represented through rose diagrams or histograms (using classes or bins). We 

can either use full (360 degrees) or half (180 degrees) rose diagrams for the ease of visualisation and 

clarity of presentation (Figures 1–4). Rose diagrams are used primarily in the earth sciences to analyse 

the orientation of lineaments or processes of various types [36–39]. These diagrams can be presented 

in various ways, but here the segments of the circles have radii that are proportional to the frequency. 

This presentation visually emphasises high-frequency orientation, which other presentations (such as 

kite roses) do not [38,40]. 

Lineaments can be presented either as directional or oriented data. In directional data we can 

distinguish one end of the lineament from the other, or north from south, or left from right, providing 

unidirectional or asymmetric roses. Streets, and many geological lineaments, are oriented data, that is, 

they have no directional distinction and yield bidirectional or symmetric roses (Figures 2–4) so that the 

opposite classes or sections (180° apart) have the same frequency [38]. The rose diagrams presented in 

this paper were created using the GEOrient software [41]. For each dataset, two types of analyses were 

undertaken. The first uses non-normalised or unweighted data, that is, azimuth data without considering the 

lengths of streets, and where short streets and long streets have equal weight in the diagrams. The second 

type uses azimuth data that are normalised or weighted by the length of the shortest street, in which case 

more weight is given to the long streets because they consist of many short segments. 

3.3. Street Length Distribution 

Numerous natural (both physical and biological) and anthropogenic phenomena have been 

modelled with reference to heavy-tailed or power-law distributions [32,42–44]. For a cumulative 

frequency distribution, a power law has the form: 

DCxxP  )(  (1)

where P( ≥ x) is the number of values larger than or equal to x, C is a constant of proportionality, and 

D is the scaling exponent (Figure 5). If the frequency distribution is transformed into a probability 

distribution, P(  x) indicates the probability of a random variable realising a value larger than or equal 

to x. Power laws are scale invariant. This means that there are no objects or processes described by a 

power law that are typical for the distribution as a whole. Power laws are widely thought to arise from 

“preferential attachment” or other forms of interdependence among objects in contrast to normal 

distributions [45,46], which are more common among independent objects. If plotting the logarithms 

of the value (x) and its probability P(x), namely log(P(x)) = log(C) – D log(x), known as a  
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bi-logarithmic or log-log plot, yields a straight line (Figure 5), the distribution is generally considered 

to fit a power law [44]. 

Figure 5. Frequency distributions of the lengths of all street segments measured in Ubatuba 

(N = 2,906), Carauatatuba (4,838), and Balneario Camboriú (2,698). (a) Ordinary cumulative 

length distribution; (b) log-log plots showing two different scaling regimes, that is, different 

scaling exponents, D1 and D2, indicating different (short and long) street populations. 

Minimum street lengths are 9 m for Ubatuba and Caragutatuba and 6 m for Balneario 

Camboriú (Table 1); because of the scale, these minimum lengths appear here as 0 m. 

 

We use a cumulative distribution function, rather than a probability density function (histogram), 

for the power-law models. This we do partly because the visual form of a cumulative distribution 

function is more robust—particularly against fluctuations related to finite-size samples in the tail of the 

distribution—than of a conventional probability density function [46]. 

More rigorous tests (beyond the scope of this paper) can be made to compare the power-law fit of 

the data distribution with its fit to other functions or models [46]; such tests have been applied to street 

populations by Mohajeri et al. [9]. Even if alternative models (log-normal, exponential, stretched 

exponential etc.) may statistically fit some of the street network datasets better than a power law, 

power-law fits are still useful in the present context because they provide a convenient basis for 

distinguishing between street populations (of different lengths and functionality) based on their length 

ranges and average lengths which, in turn, can be compared with calculated entropies. Also, when 

using methods such as the maximum likelihood estimate for testing the appropriateness of power-law 

models [32,46] it is generally difficult to decide between log-normal and the power-law models 

because, for realistic ranges of x, the two models are very similar. Commonly, the decision whether to 
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use a power law or an alternative model does not only depend on how well the models fit the data but 

also on the likely physical basis or theoretical factors that generate, or contribute to the generation of, 

the data and the scientific aims of the study [46–48]. 

There are commonly one or more breaks in the log-log plot, yielding multiple straight lines with 

different slopes, suggesting that the data can be divided into sub-populations rather than treated as a 

single population [49]. The straight-line slopes on the log-log plots represent different scaling regimes 

which may not necessarily follow power laws. However, they can be used to distinguish between the 

different street populations (Figure 5). 

3.4. Entropy Analysis 

Entropy is of fundamental importance in thermodynamics, statistical mechanics, engineering, 

biology, information theory, and many other fields [50–54]. The Gibbs/Shannon entropy S for a 

general probability distribution is given as: 

i
t
i i ppkS ln

1  (2)

where t is the number of classes or bins that contain streets (length or orientation) in the frequency 

distribution (the number of bins with nonzero probabilities of streets, the bins having a fixed width) 

and pi is the frequency or probability of streets belonging to or falling in the i-th bin, that is, the 

probability of the i-th class or bin. For Shannon’s entropy, used in information theory, the constant k in 

Equation (2) is given in units of bit or nat (depending on the base of the logarithm used) whereas for 

Gibbs (and, originally, for Clausius) entropy, used in statistical mechanics, k is given in J K−1 or other 

units suitable for Boltzmann’s constant, kB. When calculating entropy using Equation (2), only the bins 

with at least one measured (orientation or length of a) street are included. By definition, the sum of the 

probabilities of all the bins is equal to one, so that: 

1
1


t
i ip  (3)

Since the probabilities are always between 0 and 1 [Equation (3)], while the natural logarithms of 

numbers between 0 and 1 are negative, the minus sign in Equation (2) is to make sure that the entropy 

value is positive. Here the probabilities are a measure of the chance of the orientation or length of a 

randomly selected street from the population falling in a certain bin. Entropy is also directly connected 

with uncertainty: the greater the entropy, the greater the uncertainty. As discussed below, the entropy 

as calculated by Equation (2) reaches its maximum when the distribution is uniform; this distribution is 

also the one with the greatest uncertainty as to the likely outcome. 

4. Results 

The street networks of the six coastal cities show many similarities but also certain dissimilarities 

(Figures 1–4,6–7). The similarities include street numbers in the range of about 3,000–8,000, and city 

populations in the range of about 80,000–260,000 (Table 1). The Brazilian cites have grid-based street 

networks [55] whereas the British cities have irregular networks that are the results of more protracted 

natural or organic growth. The landscape constraints, in particular the radii of curvature of shorelines, 
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are also very different between the British and the Brazilian cities (Figures 3,4; Table 1). Here we 

analyse and compare all the six cities as regards street orientation, lengths, and associated entropies in 

relation to landscape constraints. 

Table 1. Number of streets, radius of curvature (km), scaling exponent, lower bound (xmin) 

at which the power law no longer applies based on the maximum likelihood estimation [9,46], 

orientation entropy, length range (m), average length (m) of all the street populations (and 

sub-populations, marked a and b) for the six cities, and length entropy. Sub-populations b 

(in bold) are the power-law tails. 

City 
Number 

of streets 

Radius of 

curvature 

Scaling 

exponent 
Xmin 

Orientation 

entropy 

Length 

range 

Average  

length 

Length 

entropy 

Ubatuba 2906 2.35 2.605 106 ± 6 3.546  9–624 (615) 92 2.237 

a – – 0.667 – –  9–100 (91) 61 1.721 

b – – 3.794 – –  
100–624 

(524) 
159 2.282 

Caraguatatuba 4838 9.3 2.583 146 ± 25 3.449  9–901 (892) 101 2.389 

a – – 0.838 – –  9–140 (131) 72 1.943 

b – – 3.539 – –  
140–901 

(761) 
217 2.523 

Balneario 

Camboriu 
2698 3.74 2.18 164 ± 57 3.218  6–794 (788) 109 2.632 

a – – 0.81 – –  6–160 (154) 68 2.041 

b – – 3.757 – –  
160–794 

(634) 
275 2.753 

Southend-on-

Sea 
6715 39 2.366 157 ± 63 3.425  

4–1651 

(1647) 
86 2.568 

a – – 0.872 – –  4–160 (156) 56 2.003 

b – – 2.875 – –  
160–1651 

(1491) 
273 2.969 

Brighton & 

Hove 
8173 30 2.15 150 ± 30 3.489  

4–1869 

(1865) 
87 2.658 

a – – 0.763 – –  4–120 (116) 48 1.814 

b – – 2.515 – –  
120–1869 

(1749) 
234 3.184 

Bournemouth 7114 12 2.515 142 ± 40 3.551  4–952 (948) 82 2.395 

a – – 0.881 – –  4–140 (136) 55 1.906 

b – – 3.518 – –  
140–952 

(812) 
230 2.658 

4.1. Street Trends  

As regards the Brazilian cities, Balneario Camboriú has a clear orthogonal orientation, whereas 

Caraguatatuba and, especially, Ubatuba exhibit greater directional dispersion or spread. Despite the 

imposed grid network, the landscape constraints, and in particular variation in shoreline alignment, 
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result in the orientations of the streets generally changing gradually—but in some parts somewhat 
abruptly—between different parts of the cities (Figure 1). 

For Balneario Camboriú one of the main street orientations is perpendicular to the shore, whereas 

the other main orientation is parallel to the shore (Figures 1e,3). Comparison of the weighted and 

unweighted street orientations (Figure 1e) shows that the shore-perpendicular streets tend to be longer 

than shore-parallel streets. Away from the shoreline, the street orientation follows the orientation of the 

valleys. The streets in the southernmost part of the city (sub-population 3) have orientations partly 

controlled by the shoreline and partly by a river. The main street orientation is highly oblique to the 

shoreline (and to the river) and is close to north-south. Interestingly, minor orientation in this area is 

not quite orthogonal to major one and is west-northwest. The dispersion in the orientation of streets in 

Caraguatatuba is greater than in Balneario Camboriú (Figure 1d), reflecting, again, primarily the 

planform of the shoreline. Streets follow the shoreline geometry, spread out from the shore into the wide 

valley while preserving their original grid configuration, and can be divided in five sub-populations. The 

spread in the orientation of streets in Ubatuba (Figure 1c) is even greater and, again, is largely due to 

the radius of curvature of shoreline but partly to the shape and orientation of the main valley within 

which the city is located. The shoreline is more indented and comprised of two adjacent bays, giving 

rise to five sub-populations. Also, the main valley within which a part of Utatuba is located changes its 

orientation abruptly from east-west to northwest, and the street orientations change accordingly. 

The directions of the orthogonal streets tend to vary gradually along the coast. This was explored in 

greater detail by dividing the cities into sub-populations and showing how the two orthogonal street 

orientations change along the city so that one of the orientations is always roughly perpendicular and the 

other roughly parallel to the crescent city axis (Figurea 1c,d and e). The sub-populations were chosen 

using the following criteria: (1) the number of streets should be similar in all the sub-populations 

within each city; (2) the sub-populations should cover similar areas; and (3) the sub-populations should 

reflect the variation in the alignment of the shoreline. 

The shorelines of the British cities have much larger radii of curvature than those of the Brazilian cities 

(Figures 1,2; Table 1). Yet, their orientation variations, as reflected in the rose diagrams (Figures 2,4), are 

generally similar to those of the Brazilian cities (Figures 1,3). The Brazilian streets are, on average, 

longer than the British streets (Table 1), but the great spread in spatial orientation of the streets of the 

Brazilian cities is mostly attributable to their highly curved shorelines (Figures 1,3). By contrast the 

shorelines of the British cities are comparatively straight (large radii of curvature), but there the 

variation in orientation due to their natural or organic style of development. 

Additional quantitative arguments supporting the effects of the curved shorelines on the dispersion 

in street orientations are provided through considerations of entropy. Equation (2) was used to calculate 

the orientation entropy, that is, the entropy of the street-orientation distribution. The probability pi in 

Equation (2) is then the likelihood of street orientations belonging to or falling in the i-th bin. The 

results (Figures 3,4; Table 1) show that, of the Brazilian cities, the entropy is lowest in the Balneario 

Camboriú, where the street patterns have the least spread, and higher in Caraguatatuba and Ubatuba, 

where spread is greater. The spread is partly inversely related to the radius of curvature of the shoreline 

(Figure 3). The British cities generally show similar orientation entropies as the Brazilian ones; the great 

dispersion of the street networks of the British cities being related to their natural growth. The variation in 
entropy is necessarily small—much smaller than for length distributions (Section 4.2)—because the 
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number of bins is fixed for all the distributions at (a maximum of) 36 (each bin having the class width 

of 5). What the results show very clearly, however, is that the greater the landform constraints, here 

primarily the curvature of the adjacent shoreline, the greater is the dispersion in orientation of streets, 

and the greater is the orientation entropy. 

These results can now be put into the context of general entropy considerations. When a statistical 

distribution becomes more uniform, the entropy associated with that distribution increases [50–54].  

In case the distribution is perfectly uniform, all the bins have the same frequency and the entropy  

reaches its maximum. For a perfectly uniform distribution Equation (2) reduces to the well-known 

Boltzmann’s equation: 

tkS ln  (4)

where t is the number of bins. How closely a statistical distribution approaches uniformity is readily 

visualised using histograms (Figures 3,4). Whereas Balneario Camboriú has a few clear orientation 

peaks, and very few streets that fall in bins between the main peaks, all the other five cities have much 

more uniform distributions. The most uniform distributions are for Ubatuba and Bournemouth, which 

also have the two highest orientation entropies. 

4.2. Street Lengths 

Log-log plots of the street-length data show that all the datasets are better fitted by two straight lines 

(Figure 5) with different slopes than with a single line. The different slopes indicate different scaling 

regimes (Equation 1) and represent different street populations; small scaling exponents represent short 

streets and large scaling exponents long streets. The crossing points for discriminating between short and 

long streets have been estimated in two different ways, namely (1) through visual inspection based on the 

line-fitting procedure, and (2) by using the maximum likelihood estimation for the exact point locations 

[9,46]—shown as Xmin in Table 1. Also, the ranges for the lower bounds (Xmin), namely the bounds at 

which the power law no longer applies, are given in Table 1 for all the studied cities. The calculated Xmin 

values are generally similar to those obtained from visual inspection (see the length ranges in Table 1). 

For each city, we distinguish between three main populations based on their scaling exponents. The 

first, marked by a (Table 1), contains short (local) streets and has a small scaling exponent. The 

second, marked by b (Table 1), contains long streets (collectors and arterials) and has a large scaling 

exponent. The third, unmarked, contains all the streets in the city, and has a scaling exponent 

somewhere between that of the short and the long streets taken separately. The street length range, the 

average length, and the length entropy were calculated for each sub-population for all the studied cities 

(Table 1). Equation (2) was used to calculate the length entropy, that is, the entropies of the cumulative 

distributions of street length. pi in Equation (2) is the probability of a street length belonging to the i-th 

bin. In order to compare the entropy between cities, all the bins used are of equal size (width), that is, 

20 m. The total population contains sub-populations a and b (Table 1). 

When plotting the entropies against the length ranges and average lengths within each city for  

sub-populations “a” and “b” (short and long streets), the result show generally strong linear 

correlations (Figures 6a–d). It follows that much of the variation in entropy between the street-length 

distributions can be explained in terms of variation in street length ranges and average lengths. More 
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specifically, from the values of the coefficient of determination, R2 (Figures 6a–d), it follows that some 

84%–97% of the variation in entropy can be explained in terms of variation in length range, and 91%–94% 

in terms of average length. The strong correlations, as well as the low p values, for the relations between 

entropy and length range, and between entropy and average length (Figures 6a–d) indicate that these 

findings are statistically significant [56,57]. 

Figure 6. (a,c) Entropy versus the length range, and entropy versus average length;  

(b,d) of the sub-populations marked by “a” and “b” in Table 1. p-values show the 

significance of R2 for each linear correlation; (e,f) Entropy versus the average length and 

length range only for sub-populations marked by “b”, that is power-law tails, in Table 1. 

 

While the correlations are clear and significant, the long and short streets belong to different scaling 

regimes and have different functionality. There may also be some doubt as to the shorter streets strictly 

following power-law distributions, given that their length ranges are small. To explore the above 

correlations further, we also tested the correlations only for the long streets, thereby avoiding the 

mixture (joint correlations) of short and long streets and potential “clustering” effects. When plotting 

the average lengths and the length ranges for long streets (sub-populations “b”) against entropy, we 

again get reasonable to high correlations (Figures 6e,f). In particular, there is a fair correlation between 

entropy and average length and a high correlation between entropy and length range. The results imply 

that 49%–82% of the variation in entropy of the long streets can be explained in terms of variation in 
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street length. The sample sizes, however, are small, and further exploration, using larger datasets, are 

needed to establish (or refute) these correlations as general rules. 

5. Discussion 

The results presented here show that shoreline geometry can have large effects on the general shape 

of a coastal city and the configuration of street networks [9]. In all the studied cities, street orientations 

and lengths are, to a large degree, controlled by the shoreline that functions as their boundary, but 

more so for the Brazilian than the British cities (Figures 1–4). The entropies of the street orientations 

show a clear correlation with the orientation distributions: where the orientation is peaked, as for 

Balneario Camboriú, the entropy is low, but as the orientation distribution becomes more uniform the 

entropy increases (Figures 3,4; Table 1). The landscape constraints, particularly the radius of curvature of 

the shorelines affect the orientation distributions or dispersion, particularly of the grid–based fast 

growing cities of Brazil (Figure 3). 

There are some important differences in the length ranges of the street populations. On log-log 

plots, all the street populations show breaks in the straight-line slopes, that is, abrupt changes in the 

scaling exponents at lengths from 100 to 160 m (Figure 5; Tables 1). The shorter streets are mainly 

local streets whereas the longer ones are collectors and arterials. The main exception as regards many 

of the correlations obtained here is Balnerio Comboriú (Figures 1,3). Its long streets extend into the 

main valley and are perpendicular to the shoreline, broadly similar to that of the other cities. The 

difference is, however, that in Balnerio Comboriú there are very few shore-parallel streets that 

intersect the shore-perpendicular streets. Since a street length is the distance from one intersection to 

the next one, it follows that the streets of Balnerio Comboriú, particularly the short ones, are unusually 

long (Table 1). To explore the relations between street lengths and street orientations, street orientation 

frequencies, and maximum street lengths were plotted against street orientations (Figure 7). 

As regards the Brazilian cities, the network of Ubatuba (Figure 7a) shows great variations in the 

maximum length of the streets between bins, but there is not much correlation between these and the 

orientation variations. In particular, the orientation is close to uniform, as is also seen in Figure 3. By 

contrast, both Caraguatatuba and Balnerio Comboriú show clear correlations between the maximum 

street lengths and the orientation frequencies (Figures 7b,c). For these two cities, it is clear that the 

orientation frequency distribution is much more peaked (and the entropy thus lower, Table 1) than in 

the case of Ubatuba, and also that the maximum lengths of the streets fall roughly in the peaked bins. 

For the British cities (Figures 7 d,e and f) the results do not show much correlation between the maximum 

street length and the orientation frequency, again reflecting the natural growth of these cities. 

For the grid-networks in Caraguatatuba and Balnerio Comboriú the results suggest that where the 

street orientation peaks (where the network has preferred (orthogonal) directions), the longest streets 

tend to coincide with the peaks. This means that only streets along the main orthogonal directions 

attain great lengths; streets with other orientations are primarily for forming interconnections between 

the longer streets and thus remain short. For irregular networks, such as those of the British cities, no 

such correlations are expected or, indeed, observed. 
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Figure 7. Relation between the maximum street lengths (upper curves marked in red) and 

the street orientations (lower curves marked in blue) for the six coastal cities. 

 

Entropy can be interpreted as a measure of “missing information” or “degree of uncertainty” [58–60]. 

Generally, for both Brazilian and British cities, the uncertainty as to the future development of the 

street network, as well as the length and orientation of a randomly selected street from the present network, 

is related to the entropies of the street lengths and orientations. In the studied cities, the greatest uncertainty 

as to the orientation of future streets is in the networks of Ubatuba and Bournemouth, whereas the greatest 

uncertainty as regards the length of future streets is in networks of Balneario Camboriú and Brighton 

and Hove, both uncertainties being reflected in the associated orientation and length entropies (Table 1). 

The effect of the curvature of the shorelines on the geometries of the street networks is very 

noticeable (Figures 1–4). It is clear that one of the main street orientations is mostly roughly 

perpendicular and the other roughly parallel to the shoreline. This applies to all the Brazilian cities and 

to the parts of the British cities that are close to the shore. More specifically, the correlation between 

shoreline curvature and the network geometries is particularly clear for Ubatuba, Caraguatatuba, and 
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Balneario Camboriú but also, to a lesser degree, for Southend-on-Sea and Brighton and Hove. 

Bournemouth extends far inland and, there, the directions of the hills and valleys affect street 

orientations. The same could be said of Balneario Camboriú, in that it extends quite far inland. 

However, Balneario Camboriú generally maintains similar street orientations inland as it does closer to 

the coast. This is primarily because the inland valleys and hills have orientations that are mostly either 

perpendicular or, more commonly, parallel with the shoreline. 

The importance of shoreline orientation as regards network geometry can be also related to the way 

that a city evolves. For some of the British cities, the street network gradually expanded inland from a 

nucleus, the initial village, which may be a natural harbour [9,61]. If the network remained unchanged 

as regards range in street length, then the scaling exponent of the long streets and the entropy would 

have remained the same [9,61]. If, however, the short streets maintained their lengths as the city 

expanded while the maximum lengths of the long streets (and thus their average lengths) increased, the 

entropy would have increased during the city evolution [9]. In some coastal cities [9,61], however, 

only the most “favourably oriented” (i.e. coast-parallel) streets, have a chance of becoming long as the 

city expands [61]. This can be related to many parameters including the street functionality within the 

city, the city shape, and the geographical location. 

To explore further the similarities and differences between the street networks, we calculated the 

street-length entropies of the inner part and selected outer parts for all the six cities and compared them 

with the corresponding average street lengths (Figure 8). For British cities, the inner part is defined 

primarily by its being older and commonly surrounded by “ring roads” (beltways or loops). For the 

Brazilian cities, the inner part constitutes the “downtown” part. The number of streets in the inner part 

varies between cities, simply because the cities themselves are different in size. Thus, for the present 

comparison, an outer part with roughly the same number of streets as in the inner part was selected as 

far from the city centre as possible. 

The results show that the length-entropies of street networks in the inner parts of the three cities in 

Brazil are higher than their outer parts [Figure 8(a)]. By contrast, the length-entropies of the inner parts 

of the British networks have either equal or significantly lower entropies than those of the outer parts. 

These differences, to a degree, reflect the geometric differences between the grid networks of the 

Brazilian cities and the irregular networks of the British cities. The differences between length-entropies of 

the streets in the inner and outer parts are also reflected in the different average lengths of the streets in 

these parts in relation to surrounding landscapes [Figure 8(b)]. While the inner parts of cities in Brazil 

have higher average lengths (from 103 to 111 m) than their outer parts (from 85 to 102 m), the inner 

parts of British cities have lower average lengths (from 59 to 70 m) than their outer parts (from 78 to 

89 m). As indicated above (Figure 6) the length entropies are directly related to the average street 

lengths; as the average length increases so does the entropy. 
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Figure 8. (a) Length-entropy and (b) average length for the inner and outer parts of six 

street networks in Brazil and Britain. 

 

The differences in entropy and average street length between the Brazilian and British cities can 

also be related to landscape constraints. The Brazilian cities are constrained by the shoreline on one 

side and by steep hills and mountains on the other side [cf. Figures 1(c,e)]. The hills and mountains (and 

associated valleys) restrict the growth of the Brazilian cities, and thereby the lengths (and length-entropies) 

of the street networks in the outer (here the inland) parts. The street networks in British cities are also 

controlled by the shoreline on one side, but they are essentially free to expand into the land since there are 

no significant mountains or valleys that restrict their inland growth. When the Brazilian cities grow inland, 

the space restrictions force the streets to become shorter so that their average length and length-entropy 

decrease. By contrast, the street networks of the British cities face no such morphological constraints, so that 

their networks tend to expand (increase their length-entropies, or disperse) as they grow inland [9]. 

6. Conclusions 

In this paper, the effects of shoreline geometry on the street networks of six coastal cities in Brazil 

and Britain are analysed. The results, at this stage and for these cities, indicate that the curvature of the 

shoreline is a major landscape feature that has strong control on the overall geometry of the street 

networks, particularly for grid networks and close to the shoreline. For naturally grown cities, such as 

the British ones, and for cities whose street networks extend far inland, where valleys and hills affect 

street orientations and lengths, the shoreline effects become less dominating. The results also suggest 
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that the street lengths and orientations and associated entropies of the studied cities are strongly 

affected by the surrounding landscape. Comparing the inner and outer parts of the cities shows that the 

length entropies are mostly controlled by the space available for the network growth. Thus, the networks of 

Brazilian cities, whose inland growth is restricted by morphological constrains such as hills, mountains, 

and valleys, have lower length-entropies and average lengths in their outer (inland) parts than in their inner 

(coastal) parts. By contrast, the networks of the British cities face no inland morphological constraints—are 

free to expand—and have larger length-entropies and average lengths in their outer (inland) parts. 

The results presented here, however, reflect the short-term state of the coastal cities and associated 

street networks. In a future development of the present work, the long-term evolution of the street 

network over hundreds of years will be explored, including the variation in parameters such as entropy, 

street-network density, and spacing as a function of time. Much more work needs to be done in this 

respect so as to be able to test and compare coastal cities with inland cities as well as to compare the effects 

of the various landscape factors on city development and that of the associated street-network. New 

and more extensive datasets, from a variety of cities and landscapes, should provide a rigorous test of 

the methods used here and offer the possibility of putting the present results in a wider context of the 

general interaction between cities and landscapes. 
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