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Abstract

The urban spatial structure reflexes the local particularities produced during the historical
development of a city. Currently high spatial resolution imagery and LiDAR data are used to
derive numerical attributes to characterize the intra-urban structure and morphology. The urban-
block boundaries have been frequently used to define the units to extract metrics from the
remotely sensed data. In this paper, we propose to complement those metrics with a set of
descriptors of the streets surrounding the urban blocks that numerically characterize the
geometry, presence of vegetation, and relationship with buildings. To carry out this purpose we
also introduce a methodology to define the street area related with an urban block from which
derive the urban metrics referred to the street. The assessment of these metrics is fulfilled using
one-way ANOVA procedure and decision trees classifier. These results reveal that street

metrics, and particularly those describing the street geometry, are suitable to enhance the
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discrimination of complex urban typologies. Thus, the overall classification accuracy increases
from 72.7% to 81.1% when adding the street descriptors. The results of this study demonstrate
the usefulness of the metrics describing the street properties to complement the information
derived from the urban blocks and to improve the characterization of urban areas.

Highlights
We propose a set of urban metrics to describe the streets with remotely sensed data
A methodology to relate the street space to urban blocks is defined

Results show that street metrics are useful to improve the characterization of cities

Keywords:

Urban morphology; urban metrics; remote sensing; high-resolution imagery; LiDAR

1. Introduction

Landscape metrics were defined by McGarigal and Marks (1995) as measurements that enable
to numerically quantify and summarize the spatial patterns of the land-use/land-cover (LULC)
classes of a geographic area. The urban spatial structure reflects the processes that occur during
the historical development of a city, so urban districts constructed in different time periods show
significant differences in building density and structures (Anas et al., 1989; Yu et al., 2010).
The geometry of open spaces and built-up areas composing a city and their topological
relationships determine the appearance of urban environments, and display local particularities
related to a spatial identity (Laskari et al., 2008). Therefore, the various urban structural
typologies can be depicted through metric attributes quantifying characteristics such as shape,
land cover composition, spatial arrangement, or contextual relationships. The use of those urban
metrics has become a trend in a wide range of studies and applications (Ji et al., 2006), e.g.,
environmental monitoring (Robinson, 2006; Edussuriya et al., 2011), energy efficiency
assessment (Neidhart and Sester 2006; GeiB et al., 2011; Kellett et al., 2013; Tooke and Coops,
2013), socio-economic analysis (Patino and Duque, 2012; Tompalski and Wezyk, 2012; Gong
et al., 2013), hydrological studies (Canters et al., 2007), or, with significant importance, in
LULC mapping and change detection (Furberg and Ban 2008; Novack et al., 2010; Malinverni,
2011; Hermosilla et al., 2012a; Hermosilla et al., 2012b).

Remote sensing data have a relevant role to provide automatic and massive structural
descriptions of urban areas (Puissant et al., 2012). High spatial-resolution multi-spectral
information acquired from satellites or airborne sensors enable a detailed characterization of
urban areas. In addition, airborne LiDAR (Light Detection And Ranging) systems facilitate a

three-dimensional description of the landscape providing point clouds representing the height
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distribution of the observed terrain and the aboveground elements. When working with remotely
sensed data, urban characterization is commonly undertaken applying two stage approximation
methods (Bauer and Steinnocher, 2001). Initially, the principal LULC or the basic elements,
such as buildings or vegetation, are identified. Then this information is analyzed in a spatial
context to define urban metrics describing aspects such as the geometry, dimensions, or the area
covered by buildings, vegetation, or other construction materials. In this analysis of urban
morphology, remote sensing may take advantage of the physical explicitness represented by
urban blocks, since roads and/or cadastral maps incontrovertibly delimit them (Yoshida and
Omae, 2005). An urban block is defined as the group of private or public buildings and open
space composing an island surrounded by public roads or streets (Gil et al., 2012). Using urban
blocks would facilitate combining multiple datasets to analyze and characterize urban areas, and
also integrating the information derived from remotely sensed data into GIS (Geographic
Information Systems) (Gamba et al., 2005). As a consequence, numerous authors have
employed urban blocks — or occasionally parcels — to define units from which extract metrics
from high-spatial resolution images (Zhan et al., 2000; Kressler et al, 2001; Bauer and
Steinnocher, 2001; Wijnant and Steenberghen, 2004; Pan et al., 2008; Wu et al., 2009; Novack
et al., 2010; Vanderhaegen and Canters, 2010; Huck et al., 2011). These metrics are
complemented with height information and volumetric descriptor sets whether three-
dimensional information is available (Yoshida and Omae, 2005; Wu et al., 2009; Yu et al.,
2010; Hermosilla et al., 2012a; Heiden et al., 2012; Taubenbock et al., 2013).

In addition to bounding the blocks, urban-block cartography enables to delimitate as its
complementary area the public streets. Street properties such as shape and geometry, or the
presence of diverse vegetation are also factors determining the appearance of the urban space
(Lillebye, 1996). Hence, the characterization of the streets surrounding an urban-block may
provide a contextual frame to highlight the differences between urban structural typologies.
However, the discriminative potential of attributes based on the streets have been barely
explored in the literature, which have been mainly focused in the geometrical description of the
streets. In this sense, Louw and Sithole (2011) characterized urban blocks with a set of street-
based descriptors such as street width or building-street distances; Gil et al. (2012) used
properties such as dimensions, orientation, accessibility, or connectivity to describe the streets.
Both works considered the streets as linear features. We propose to complete and complement
the geometrical description of the streets with information computed from remote sensing data.
This would enable to describe deeper the urban landscape using additional characteristics
derived from the streets — considering these as polygon features —, such as the presence and

distribution of vegetation, or the relationships of street geometry with the surrounded buildings.
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This requires an initial process to partition the street space and to find its dependencies to the
urban-blocks.

This paper aims (i) to propose a methodology for partitioning the public street space and relate
it to each urban block; (ii) to define a set of urban metrics based on the streets surrounding the
urban blocks; and (iii) to perform a comprehensive statistical analysis of the usefulness of the
proposed metrics. This is done by studying the complementariness of the street metrics to urban
blocks metrics for discriminating among several urban typologies in the metropolitan area of
Valencia (Spain). The paper is structured as follows. In Section 2 the study area, the high-spatial
resolution images and the LiDAR data are described. Section 3 describes the methodology
followed: definition of urban typologies within the studied area, procedure to derive the street
area related to the urban block, the compilation of the urban-block based metrics and the
definition of street-based descriptors, and finally the methodology followed to assess the
metrics. The statistics and classification results are presented and discussed in Section 4. Section

5 provides the conclusions.

2. Study area, data and preprocessing

We performed this study in the city of Valencia, the third most populated city in Spain. The
demolition of the medieval wall and the subsequent processes of annexation of nearby villages
as own neighbourhoods in the second half of the nineteenth century leaded a process of urban
expansion relatively concentric to the historical city. The strong industrialization process
experienced in the 1950s-1960s and the rapid increase of population produced by the urban
exodus disturbed the planned urban model. The subsequent processes to connect the city to the
sea directed the urban sprawl eastwards, producing an absorption of satellite historical

settlements within the new city (Balsa-Barreiro and Lois-Gonzalez, 2009).

Remotely sensed data — high spatial-resolution imagery and LiDAR — were acquired in the
frame of the Spanish National Plan of Aerial Orthophotography (PNOA). The images were
collected in August 2008, with 0.5 m/pixel spatial resolution, 8 bits radiometric resolution, and
four spectral bands: infrared, red, green, and blue. The images are distributed orthorectified and
georreferenced, panchromatic and multispectral bands fused, and with mosaicking and
radiometric adjustments applied. LIiDAR data were collected in September 2009 using a RIEGL
LMS-Q680 laser scanner with a scan frequency of 46 Hz, 70 kHz of pulse repetition rate and a
scanning angle of 60°. The mean flying height was 1,300 meters, a nominal density of 0.5
points/m? and an average density value of 0.7 points/m® A normalized digital surface model
(nDSM), i.e., the difference between the digital surface model (DSM) and the digital terrain

model (DTM), representing the physical heights of the elements present over the terrain, was
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generated from LiDAR data. The DTM was computed using an algorithm that iteratively selects
minimum elevation points and eliminates points belonging to any aboveground elements, such

as vegetation or buildings (Estornell et al., 2011).

Urban block boundaries are provided in vector-format cadastral cartography with a scale of
1:1,000. These maps are produced by the Spanish General Directorate for Cadastre (Direccion

General de Catastro).

Numerous urban metrics defined are based on the building and vegetation covers, which were
obtained using an automatic building detection technique consisting of applying a multiple-
threshold based approach over the normalized difference vegetation index (NDVI) image and

the nDSM. This methodology is fully described and assessed in Hermosilla et al. (2011).

3. Methodology

3.1. Urban typologies

We defined eight urban typologies representing different historical periods of edification and
urban planning of Valencia, and selected samples based on the visual analysis of the urban
structure over the high-spatial resolution images. The urban typologies defined are:

e  Main historical town (historicall) which constitutes the historical core of the city. Their
irregular geometrical shape characterizes blocks, which are surrounded by very narrow
streets and few green zones. The buildings show a variety on their heights (Figure 1.a).

e Secondary historical town (historical?): it refers to minor historical settlements
integrated now within the city. Urban-blocks are spatially arranged with varied
regularity, and the buildings are usually lower than in the main historical town (Figure
1.b).

e Late XIX century expansion (rXIX) — denoted ensanche in Spanish — developed in
regular grid plan, with significant mid-block open spaces. Although initially the height
of the buildings was related to the adjacent streets, most these requirements were later
modified (Figure 1.c).

e Residential areas built in 1950 and 1960 decades (r1950-60): these neighbourhoods
were developed with hurry in order to shelter the displaced population due to the rural
flight. This typology is composed by average-height buildings placed in barely regular
urban-blocks, which are usually delimited by narrow streets (Figure 1.d).

e Residential areas from 1970 and 1980 decades (r7970-80): composed by especially tall

apartment towers and open public spaces like plazas and gardens (Figure 1.e).
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e Residential areas built-up during 2000 decade (#2000) present also high buildings and
abundance of gardens — both within public and private locations —, in urban-blocks
bounded by wide avenues (Figure 1.f).

e Single-family suburban areas (suburban): groups of detached and semi-detached
individual buildings, often surrounded by vegetation and located at certain distance of
the core of the city (Figure 1.9).

e Industrial areas (industrial): planed zones populated with buildings and structures for
manufacturing, transforming, repairing, storing, and distributing goods. Constructions

are usually extensive and arranged to the street network (Figure 1.h).

3.2. Urban block related street area (UBRSA) definition

We state public street as those areas in the city that are enclosed by no urban block. The urban-
block related street area (UBRSA) polygon is the specific public street surrounding each urban
block, and this is understood as the street area related by an urban block. We developed a
methodology to define spatially the UBRSA polygons by triangulating the public street and
detecting the intersections of the streets. As result, the street is divided in street segments, which
are afterwards merged producing the UBRSA polygons related to each urban-block, from which

the metrics are derived.

First, the contour of urban-blocks is simplified using the point remove algorithm, an enhanced
version of the Douglas-Peucker algorithm (Douglas and Peucker, 1973), in order to remove
unrelevant details and increase processing efficiency (Figure 2.a). Next, the public street

polygon is extracted as the complementary area of urban block polygons (Figure 2.b).

The street polygon is then partitioned in street segments delimited by the street crossing
boundaries. This process is based on the triangulation of the public street polygon, which is a
computational geometry process where for a set of points in a plane (the street polygon vertices)
produces a triangulated irregular network (TIN). These triangles represents a surface as a set of
non-overlapping contiguous triangular facets with irregular size and shape (Fowler and Little,
1979). That way, every triangle of the TIN within the street polygon (Figure 2.c) is analysed to
detect the street crossings. Thus, a triangle belongs to a street intersection area if none of its
edges is adjacent to an urban block. Once these triangles are detected, street crossing boundaries
are determined by drawing a line from its centroid to each of its vertices (Figure 2.d). If several
adjacent triangles are contained in a street intersection, the centroid computed is the one referred
to the polygon composed by all these triangles. Figure 3 shows examples of how street crossing
boundaries are defined for one (Figure 3.a), two (Figure 3.b), or three (Figure 3.c) triangles

contained within a street intersection. Next, the triangles are merged keeping the street crossing
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boundaries (Figure 2.e) and producing, as a result, the division of the street polygon in several

street segments (Figure 2.f).

The last step is the creation of the UBRSA polygons. Thus, the UBRSA polygon of an urban-
block is produced by merging every adjacent street segment to that block. Since a street segment
is likely adjacent to several urban-blocks, most UBRSA polygons of neighbouring blocks will

overlap among them, as shown in Figure 4.

3.3. Descriptive urban metrics

We defined two groups of urban metrics: urban-block-based metrics, and street-based metrics
derived from the UBRSA polygons. To characterize the urban-blocks three kinds of metrics
were used: (i) descriptors of the shape and geometrical properties of urban-block polygons, (ii)
geometric and volumetric attributes regarding buildings, and (iii) features describing vegetation
patches. Most of these urban-block metrics, or variations thereof, have been repeatedly used in
urban characterization (Boffet and Rocca-Serra, 2001; Yoshida and Omae, 2005; Neidhart and
Sester, 2006; Laskari et al., 2008; Goodwin et al., 2009; VVan de Voorde et al., 2009; Lu et al.,
2010; Yu et al., 2010; Tooke et al., 2011; Heiden et al., 2012; Hermosilla et al., 2012a; Peeters
and Etzion, 2012, Berger et al., 2013; Gonzalez-Aguilera et al., 2013). The geometry of the
urban-block polygons is described with the area and perimeter, meanwhile the contour
complexity is numerically quantified using the shape factors: compactness, shape index, and
fractal dimension. Compactness (or circularity) measures the degree to which the shape is close
to a circle (Bogaert et al., 2000). Shape index estimates how similar to a square a shape is.
Fractal dimension provides a numerical characterization of fractal patterns by computing their
complexity as a ratio of the change in detail to the change in scale (Krummel et al., 1987;
McGarigal and Marks, 1995). Buildings are described in terms number, area, height, and
volume. The built-up area is characterized by means of the building coverage area (BCA) and
the building covered ratio (BCR). BCR is obtained by normalizing the BCA by the area of the
urban block, expressing the result as percentage. The number of buildings within the urban
block (Ng) is also computed. The height of the buildings is characterized using the mean (BH),
maximum (maxBH), and standard deviation (sdBH) values obtained from the nDSM. Using this
model, the volumetric properties of the buildings are also derived. In addition to the built-up
volume (Volumeg), the mean built-up volume per building (Volumeg), and the built-up volume
normalized by the urban-block area (nVolumeg) are computed. Analogously, vegetation metrics
computed are vegetation covered area (VCA), vegetation covered ratio (VCR), vegetation
volume, and vegetation volume normalized by urban-block area. Table 1 compiles the equations

to compute the urban-block based metrics.
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The street-based urban metrics characterize the UBRSA in terms of four aspects: geometry,
neighbouring block connectivity, presence of vegetation, and relationship with the urban-block
buildings. The geometry of the streets is quantified by means of the area (Areaygrsa) and
descriptors of the width of the street segments composing the UBRSA of an urban block. The
width of each street segment is computed by initially enclosing an oriented bounding rectangle.
The major axe orientation is then used as guide to draw perpendicular transects separated apart
one metre, as it is shown in Figure 5.a. The median width of all transects is assigned as the
specific width of the street segment. Finally, the mean (SW), standard deviation (sdSW),
minimum (minSW), and maximum (maxSW) of the width of the adjacent street segments are
computed (see Figure 5.b). The number of neighbouring urban blocks (NNyg) of each UBRSA
polygon provides the degree of neighbouring block connectivity. The vegetation metrics
characterizing the streets are vegetation covered area (VCAugrsp), Vegetation covered ratio
(VCRugrsa), Vegetation volume (Volumeyygrsa), and vegetation volume normalized by UBRSA
area (nVolumeyygrsa). The last group of street-based metrics aims to relate the structure of the
buildings of an urban block to the geometry of the surrounding streets, and to exploit the
dependency relationships among them. The metrics computed are the ratio between the BCA of
a block and the area of its UBRSA (Ratiops), and the ratio between the built-up volume within
a block normalized by the UBRSA area (Ratioyoume). Table 2 summarizes the equations to

compute the street based metrics.

3.4. Assessment of the metrics

Initially, we studied the metrics independently by applying the one-way ANOVA procedure to
estimate the ability of each urban metric to describe the differences among the eight urban
typologies. The F-test in the ANOVA table, which is defined as the ratio of the between-group
variance estimate to the within-group variance estimate, evaluate whether there are any
significant differences amongst the means. In addition, the Fisher's least significant difference
(LSD) procedure (Milliken and Johnson 1992) is also employed to determine which means are
significantly different from which others in such a way that if two means are the same then their
intervals will overlap 95% of the time. To avoid the effects of outliers, we also have applied the

Kruskal-Wallis test to compare median instead of mean values.

To evaluate the performance of the proposed street urban metrics, we performed two
classifications: one considering the urban-block metrics, and other combining these with the
street metrics. We applied the C5.0 algorithm using See5.0 software (Quinlan, 1993). Preceding
the creation of the rules for each classification, an initial selection of the metrics was performed
in order to reduce number of descriptive attributes to be used into the classifier, in addition to

estimate their impact in the classification. This process, denoted winnow (Littlestone, 1988),
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numerically estimates the importance of the descriptive attributes for the particular classification
problem analyzed, enabling to choose the useful metrics among unhelpful ones. The selected
attributes are then ranked by importance, numerically showing for each attribute the percentage
increase in error rate if that attribute is excluded from the classification.

The C5.0 algorithm defines decision trees were constructed based on training samples. A
decision-tree is defined as a set of conditions organized in a hierarchical structure in such a way
that the class assigned to an object is determined following the conditions that are fulfilled from
the initial dataset to any of the assigned classes. A two-step pruning process was applied to the
decision trees to reach a better predictive accuracy by reducing the over-fitting. Initially, the
degree to which the initial tree fits the training data was constrained by fixing a minimum of
five training cases that each node must follow. Later, the parts of the decision trees predicted to
have a relatively high error rate were removed. This was first applied to every sub-tree to decide
if it should be replaced by a leaf or sub-branch or not, and then a global stage considers the

performance of the tree as a whole (Murthy, 1998).

Decision trees were applied in combination with the boosting technique, which allows for the
increase of the classifier accuracy by constructing multiple decision trees (Freund et al., 1999).
This technique relies on assigning weights to the training samples, so the greater the weight of a
sample, then the greater its influence on the classifier. After each tree construction, weights are
adjusted to show the model performance. Samples erroneously classified maintain their
assigned weights, whereas correctly classified samples reduce their weights. As result, the
model obtained in the subsequent iteration provides more relevance to the earlier incorrectly
classified samples. We used ten iterations to define the rules. After the construction of the
decision tree set, the class assigned to an object considers the estimated error produced in the
construction of each tree, being the weight assigned to a tree inversely proportional to the
estimated error. The summation of the weights of the trees predicting the same class is then

computed, and the class with the highest value is finally assigned.

The accuracy of the classification models was assessed using leave-one-out cross-validation
technique (Fukunaga, 1990). Both classifications were evaluated by analyzing the confusion
matrix (Congalton, 1991), which relates the class assigned to each test sample with its reference
class. We computed the overall accuracies of the classifications, and for each class, producer's

and user's accuracies, which respectively estimate the mission and commission errors.

4. Results and discussion
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The one-way ANOVA results show that the p-value of the F-test for all metrics is lower than
0.05, meaning that there are statistically significant differences between the mean values of the
urban typologies with 95% confidence level. In addition, the results of the Kruskal-Wallis test
show significant differences for all variables among the medians of the eight urban typologies
with 95% confidence. Table 3 identifies with letters (A, B, C, etc.) the resulting homogeneous
groups using the Fisher's LSD multiple comparison procedure to discriminate among the means.
Figure 6 visually shows examples of buildings and vegetation occupation and height
distribution for the various urban typologies defined. Finally, Figure 7 and Figure 8 illustrate the
relationship of the urban typologies with the urban block metrics and the street metrics,
respectively, using box-and-whisker plots showing median, interquartile range (IQ), and
extreme values. Circles indicate atypical outliers (values 1.5-3x1Q), and asterisk represents

extreme outliers (values >3x1Q).

As Table 3 shows, when only urban block metrics are considered, it is difficult to discriminate
among both historical-town typologies (historicall and historical2), since few urban metrics
enable to establish significant differences between them, i.e., mean built-up height, maximum
built-up height, vegetation covered ratio, and normalized vegetation volume. As seen in Figure
7.a, buildings from historical2 typology are lower than the ones from historicall, and also the
coverage and volume of vegetation inside the urban-blocks are lower. One of the most
noteworthy dissimilarities between both historical typologies is expressed by the street
geometry descriptors, as evidenced the statistically significant differences showed by the
metrics: mean street width, maximum street width, and minimum street width. Typically,
historicall and historical2 categories show narrower streets than the rest of urban typologies
(Figure 8.a and Figure 8.b). There is also a clear difference in mean and median values of both
historical-town typologies when taking into account the vegetation in the streets. Thus,
historical2 presents substantial lower values for UBRSA vegetation covered ratio metric, as

Figure 8.c shows.

The mean and median values of the metrics characterizing the urban-block area and perimeter
are significantly larger for industrial than for the rest of typologies (Figure7.d). Nevertheless,
those geometry-related metrics show similar values for r1950-60, r1970-80, r2000, and
suburban. Urban-block shape descriptors (compactness, shape index, and fractal dimension) do
distinguish among those urban typologies, as seen in Table 3, although in this case the mean
reached for industrial is not significantly different from that obtained in both historical
typologies. In this case, the public street area surrounding each urban block (Areaygrsa) enables

to discriminate among r1950-60, r1970-80, and r2000 urban typologies.
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The metrics describing the height of the buildings show that lowest heights are given for
suburban typology, followed by industrial and historical2 (Figure 7.a). The high variability
presented by r2000 typology on the mean built-up height values is especially noticeable (Figure
7.b). Building coverage area values are strongly linked to the attributes characterizing the urban
block dimensions, which determine the range of values that this metric can achieve. BCR avoids
that limitation and it allows to discriminate among r2000, suburban, and industrial, and these
from the rest of categories, since urban blocks containing these typologies are usually not
completely occupied by constructions. This is particularly remarkable for suburban typology
(Figure 7.e). Moreover, the ratio between the built-up coverage area and the UBRSA area
promote the distinction among rXIX, r1970-80, and r2000. That metric values decrease for these

typologies as more recent the constructions are (Figure 7.e and Figure 8.e).

The vegetation covered ratio inside urban blocks also significantly discriminates suburban
among the other typologies (Figure7.c). This metric, however, is not as efficient in
distinguishing the rest of classes, especially historicall, rXIX, and r1970-80 (Table 3). If we
consider the distribution of vegetation in the streets surrounding the urban blocks through the
UBRSA vegetation covered ratio metric, it is noticeable that r1950-60 lacks of green zones
(Figure 8.c). Accounting the vegetation volume in the streets, the normalized UBRSA
vegetation volume metric enables to discriminate rXIX from the rest of categories (Figure 8.d).
This typology, given in consolidated areas, has a profuse abundance of voluminous vegetation
in public spaces. Additionally, this metric permits to difference r2000 from rXIX, r1970-80, and
suburban, because vegetation in more recently built up neighbourhoods, though plentiful, is less
voluminous. Complementing the above mentioned metrics we found that the ratio between the
built-up coverage area within an urban block and the UBRSA area (Ratioa.,) enables to
separate most recent constructions (r2000 and suburban) from the oldest (historicall and rXI1X)
as is shown in Figure 8.d and Table 3. In turn, the ratio between the built-up volume and the
UBRSA metric (Ratioyeume) contribute to enhances the discrimination provided by the urban-
block metrics: built-up volume and mean built-up volume (Figure 7.f), by boosting the

differences concerning rXIX and suburban.

The results of applying the winnow algorithm show that the vegetation covered ratio is
determined as the most relevant classification attribute when only considering urban block
metrics, as shown in Table 5. This metric, as well as vegetation covered area, vegetation
volume, and normalized vegetation volume, enables to easily distinguish suburban from other
typologies (Figure 7.c). Furthermore, the vegetation covered ratio enables discriminate between
historical2 and historicall, and historicall with r2000 and suburban (Table 3). This metric

reaches the highest F-ratio value in the one-way ANOVA procedure among all analyzed

11
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metrics. The height of the buildings is also relevant being the mean built-up height ranked the
2" and the standard deviation of the buildings the 4™,

When urban-block and street metrics are combined the mean street-width value is ranked as the
most significant attribute. These findings are in line with the reported by Lotw and Sithole
(2011), who also stated the mean street-width as the most efficient attribute for classification.
Although the metrics characterizing aspects of the streets different to the geometry — such as
vegetation, or street geometry-buildings ratios — present a lower overall impact, they are still

suitable for discriminating some particular urban typologies, as shown in Table 3.

The addition of metrics describing the streets to the classification process substantially increases
the overall accuracy from 72.7% to 81.1%, which verifies that the combination of different
types and contextual levels of characteristics provides a multidimensional description that
significantly improves the characterization of urban structural typologies (Table 5). This
outcome is consistent with the results reported by several authors (\Wu et al., 2009; Gil et al.,
2012; Hermosilla et al., 2012a).

Analyzing the particular user’s and producer’s accuracies reached by the urban typologies
(Figure 9), suburban areas are better classified when only considering urban block metrics,
reaching 91% and 98% for the user’s and producer’s accuracies, respectively. That is because
this typology has a remarkably different appearance, featuring many vegetation and low
buildings, and also the metrics describing those features are listed as the most significant for the
classification (Table 4). The addition of the street metrics, however, has very limited effect on
the accuracy of suburban typology. On the other hand, although historicall reaches fair user’s
and producer’s accuracies, 76% and 80% respectively, with the urban block metrics. When the
description of streets is included in the classification model, both indices have significantly
increase up to 92%. The lowest accuracies are reached for r1950-60 and r1970-80, which are
transition typologies constructed between different eras. The addition of street metrics improves
the discrimination of these typologies. This is in part accomplished due the contribution of the
metrics: mean street width, vegetation covered ratio of UBRSA, and Ratioa .5, Which cause
notable accuracy increases for r1950-60, r1970-80, and also r2000. Additionally to these
accuracy increments, the street metrics remarkably help to diminish the confusion between
r1950-60 and r1970-80 with historicall, as well as r1950-60 and r2000 with r1970-80. Overall,
r1970-80 typology has the largest number of outliers in the metrics ranked as most significant in
by winnow algorithm (see Figure 7 and Figure 8), which limits the positive effects of adding
street metrics to eliminate the errors given between this class and rXIX and r1950-60,

respectively.
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5. Conclusions

This paper presents a set of urban metrics based on the description of the streets to quantify the
various spatial patterns of the neighbourhoods constructed in different periods. These street
metrics are proposed to complement the attributes derived from the urban blocks, providing a
contextual frame to account the dissimilarities between the various construction typologies. We
extract the urban metrics from high-spatial resolution multi-spectral images, airborne LiDAR
data, and cadastral cartography containing the urban block boundaries. The performance of the
street metrics is assessed for distinguishing among eight urban typologies within the

metropolitan area of Valencia (Spain).

The results of the one-way ANOVA test show how the proposed street metrics help to establish
statistically significant differences among some urban typologies where the urban block metrics
present particular limitations. In addition, when analysing the importance of the urban metrics
for the classification with the winnow algorithm, mean street width is revealed the most
significant attribute, along with vegetation covered ratio per block and mean height of the
buildings, and followed distantly by the building coverage ratio. Other street metrics
characterizing aspects such as the distribution of vegetation in the street, or relationships
between street geometry and buildings present a lower importance, but they are also appropriate
for distinguishing among some urban typologies. The combination of the urban block attributes
together with the street metrics causes an increase of the overall classification accuracy from
72.7% up to 81.1% with respects to use only urban block metrics. The addition of the street
metrics positively affects to all the urban typologies, being the most benefited classes the main

historical town, and residential areas constructed during 1950-1960 and 1970-1980.

This paper shows that use of metrics describing diverse properties of the streets provides a
further description of the cities that complements the attributes extracted from the urban blocks.
Thus, the outcomes of this study demonstrate the convenience of describing the street properties
in order to provide useful urban metrics for all those applications requiring a precise
characterization of the urban areas. This is important to note that the results achieved here show
the local significance of the defined metrics for the specific case and urban typologies studied.
Nevertheless, those descriptors may consistently be applied in diverse scenarios, the importance

of these metrics varying to highlight the particular structural differences of the analysed cities.
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Figure 1. Examples of the urban typologies defined in a colour infrared composition: (a) Main

historical town (historicall), (b) secondary historical town (historical?), (c) late XIX century
expansion (rXIX), (d) 1950-1960s residential areas (r1950-60), (¢) 1970-1980s residential areas
(r1970-80), (f) 2000s residential areas (r2000), (g) single-family suburban housing areas

(suburban), (h) industrial areas (industrial).
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Figure 2. Steps followed to segment the public street: (a) simplified urban-blocks; (b) street

polygon, computed as the complementary of the urban-blocks (in grey); (c) triangulated
irregular network (TIN) of the street polygon; (d) identification of triangles within street
crossings, computation of centroids, and delineation of street crossing boundaries (in red); (e)

combination of neighbouring triangles; (f) resulting street segments.
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.C Legend:
T? Triangle on street intersection
— — — Street crossing boundary
® Centroid

660

661 Figure 3. Definition of street crossing boundaries for street intersections composed by (a) one,
662 (b) two, and (c) three triangles.

663
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665 Figure 4. Example of overlapping urban-block related street area (UBRSA) polygons.
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Figure 5. (a) Scheme of transects extracted to compute the median width value characterizing a

street segment. (b) Street segments conforming a UBRSA used to derive street width metrics.
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Vegetation height: 0 20m

Figure 6. Details of buildings and vegetation height distribution for the urban typologies
defined: (a) Main historical town (historicall), (b) secondary historical town (historical?2), (c)
late XIX century expansion (rX1X), (d) 1950-1960s residential areas (71950-60), (e) 1970-1980s
residential areas (»1970-80), (f) 2000s residential areas (#2000), (g) single-family suburban

housing areas (suburban), (h) industrial areas (industrial).
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Figure 7. Relationship between urban typologies and urban-block metrics: (a) mean built-up

height, (b) standard deviation of the built-up heights, (c) vegetation covered ratio, (d) urban-

block area, (e) building covered ratio, and (f) mean built-up volume.
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Figure 9. (a) User’s and (b) producer’s accuracies reached for each urban typology when

considering only urban-block-based metrics or combining these with street-based metrics.
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694  Table 1. Metrics and equations extracted from urban blocks.

Metric (units) Equation
Area (m°) Areayp
Perimeter (m) Perimeteryg
Compactness - 4-m- Areayg
Perimeter,*
Shape index ] = Perimeteryg
4 - /Areayp
Fractal dimension FD = 2 log(Perimeteryg/4)
B log(Areayg)
Building coverage area (m?) b
BCA = Z 72
i=1
Building coverage ratio (% BCA
g coverage ratio (%) BCR = -100
ATeaUB
Mean built-up height (m) 1
L=
Maximum built-up height (m) maxBH = max{h;}

Standard deviation of building height (m)

b
1 -
— - . L 2
sdBH = |-— Z(hl BH)
i=

Number of buildings Ng

Built-up volume (m°) b
Volumeg = Z h;-r?

i=1

Mean built-up volume (m?) Volumeg
Volumep = ——
NB
Normalized built-up volume (m* m?) Volumepg
nVolumeg = ———
Areayp
Vegetation covered area (m?) v
Ve = Z r?
i=1
V ion covered ratio (% VCA
egetation covered ratio (%) VCR = . 100
reayp
Vegetation volume (m°) v
Volume, = Z h;-r?
i=1
Normalized vegetation volume (m*/ m?) Volumey,
nVolume, = ———
Areayp

695  b: total of pixels covered by buildings within the urba-block; r: spatial resolution; h;: relative
696  height obtained from the nDSM for the pixel i; v: total of pixels covered by vegetation.
697
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698

699
700
701
702

Table 2. Metrics computed from the UBRSA.

Metric (units)

Formula

UBRSA area (m°)

Areayppsa

Mean street width (m)

n
1
SW:_.ZWi
n .
=1

Standard deviation street width (m)

n
1 —
sdSW = —-Z(wi—SW)Z
n—1 ¢ 4
=

Maximum street width (m)

maxSW = max{w;}

Minimum street width (m)

minSW = min{w;}

Number of neighbouring urban blocks NNyg
UBRSA vegetation covered area (m?) v
VCAyprsa = Z r?
i=1
UBRSA vegetation covered ratio (m? VCA
g (m°) VCRyprsa = —2254 . 100
Areayprsa
UBRSA vegetation volume (m°) v
VOlumeVUBRSA = Z hl - TZ
i=1
Normalized UBRSA vegetation volume (m% m?) Vvusrsa
nVOlumeVUBRSA -
Areayprsa
Ratio between the area of the buildings in a urban block Rati _ BCA
and the area of the UBRSA ati0grea = ATeaynrsa
Ratio between the built-up volume and the area of the Rati B Volumeg
UBRSA (m* m?) R T —

n: number of adjacent street segments; w;: street width of adjacent street segment i; r: spatial

resolution; h;: relative height obtained from the nDSM for the pixel i; v: number of pixels

covered by vegetation within the UBRSA.
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Table 3. Statistically significant different groups determined with Fisher's least significant

difference procedure with a 95% of confidence level. Homogenous groups are identified using

the same capital letter and sorted according their magnitude.

r1950 r1970

Metric historicall historical2 rXIX -60 -80 r2000 suburban industrial
Areayg A C B B BC B D
Perimeteryg A A C B B B B D
Compactness B B D B A B C B
Shape index B B A B C C A B
Fractal Dim. C C A C D E AB BC
BCA A A D C C BC AB E
BCR E E E DE D B A C
BH D C E D F G A B
maxBH C B D C D E A B
sdBH AB B D C D E A A
Ng A AB AB AB BC C E D
Volumeg B AB D C C C A E
Volumeg B B E D D C A CD
nVolumeg CD BC CD BCD D E A AB
VCA A A AB AB B C E D
VCR BC A B AB BC D E C
Volumey AB A C ABC C BC D C
nVolumey BCD A BCD AB D CD E ABC
Areaygrsa A A C B Cc D B E
Sw A B D C E E B F
sdSw AB BC D C E E A E
maxSW A BC D C E E AB E
minSW A B F C DE EF CD G
NNyg E A DE CDE BCD BC B BCDE
VCAygrsa A A C AB C C B D
VCRygrsa B A E B D C E C
Volumeyyprsa A A C AB C B B B
nVolumeyygrsa C A F B D BC E AB
Ratiogyeq F D E DE B A AB D
Ratioyopume F C E D C BC A B
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710
711

Table 4. Attributes selected by the winnow algorithm ranked by their classification significance
considering only urban block metrics, or combining these with street metrics (identified with *)

Urban block metrics

Urban block & Street metrics

Metric Significance | Metric Significance
VCR 33% *SW 44%
BH 24% VCR 42%
Compactness 10% BH 40%
sdBH 10% BCR 9%
Perimeteryg 8% *RatiOarea 5%
BCR 8% *VCRuygrsa 3%
Areayg 4% Perimeteryg 1%
Volumey 3% nVolumey 1%
Fractal dimension 2% *maxSW 1%
maxBH 2% *nVolumeyygrsa 1%
BCA 1% Fractal dimension <1%
Volumeg 1% Volumeg <1%
Ng 1% *NNyg <1%
nVolumeg 1% *Areaygrsa <1%
Shape Index <1% *Ratiovoiume <1%
VCA <1%

nVolumey, <1%
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712 Table 5. Overall classification accuracy reached considering only urban block metrics or
713 combining these with street metrics.

Urban metrics Overall accuracy
Urban bock 72.7%
Urban block & Street  81.1%

714
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