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ABSTRACT

The main objective of the present work is to develop a general methodology devoted to the
semi-automatic production of urban land-use land-cover (LULC) classifications for major
North American cities, in order to represent the spatial distribution and diversity of urban
areas in numerical atmospheric models. The method is based on the joint analysis of satel-
lite imagery and digital elevation models (DEMs) in order to take into account the surface
properties and the geometric characteristics of the urban canopy. A 15-m unsupervised clas-
sification is performed using data from the Advanced Spaceborne Thermal Emission and Re-
flection (ASTER) and Landsat-7 satellites. Building heights are estimated using DEMs from
the Shuttle Radar Topography Mission (SRTM-DEM), National Elevation Dataset (NED),
and Canadian Digital Elevation Data level 1 (CDED1). The unsupervised classification is
aggregated on a 60-m grid and merged with the lower-resolution building height database.
A decision-tree is then applied to allow the identification of twelve urban classes. One major
advantage of this approach is the availability and low-cost of the above data, which makes
possible the production of LULC classifications for all major North American cities. In this
study, two application cases are presented, one for Oklahoma City (OK, United States) and
another for Montreal (QC, Canada). The building heights and the LULC classification pro-
duced for Montreal are evaluated using a detailed three-dimensional building database and
aerial photographs, respectively. Evaluation of the classification using aerial photographs of
Montreal indicates that the LULC resulting from this approach is able to capture the main

urban cover types observed in this city.



1. Introduction

In order to realistically represent surface fluxes of heat, humidity, and momemtum
over cities, new urban surface schemes have recently been developed and implemented
in mesoscale atmospheric models (Mills 1997; Kondo and Liu 1998; Masson 2000;
Kusaka et al. 2001; Martilli et al. 2002). These schemes represent with varying degree
of complexity the three-dimensional geometry of the urban canopy. The radiative and
energetic exchanges are resolved by taking into account shadow effects and radiation
trapping inside the streets, as well as thermal and radiative properties of the different
urban facets. For instance, the Town Energy Balance scheme (TEB; Masson 2000)
was recently implemented in the Global Environmental Multiscale (GEM) and the
Mesoscale Compressible Community (MC2) Canadian models (Mailhot et al. 2006).
The TEB specifically resolves surface energy and water exchanges over built-up areas
(i.e., roads, walls, and roofs). In mixed urban environments composed of built-up (or
impervious) and vegetated elements, such as residential districts, the TEB is coupled
with the Interaction Soil-Biosphere-Atmosphere (ISBA; Noilhan and Planton 1989;
Bélair et al. 2003) land surface scheme.

The urban canopy and land surface models require specific input data (depending
on the model parameterizations) describing the built-up cover characteristics for TEB
and the vegetated cover properties for ISBA. In meteorological models, they are usually
defined as constant parameters associated with different classes of land use and land
covers (LULC) defined in databases that are used by the models for surface mapping.

Table 1 lists the TEB input parameters related to the surface characterization and to



the built-up and vegetation coverage fractions.

Currently, the GEM and MC2 atmospheric models use the 1-km grid-size global
land-cover characteristics (GLCC) database (Loveland et al. 2000) consisting of twenty-
six classes including water bodies, ice, and various kinds of soils and vegetation covers.
Like most of the global databases (Hansen et al. 2000; Friedl et al. 2002), the GLCC
database only considers one urban class, deduced from populated areas provided by the
digital chart of the world (DCW; Danko 1992). In most atmospheric models, which do
not include urban schemes, this single urban class is simply represented as sandy areas
with large roughness. Nevertheless, more detailed urban characteristics, provided by
databases with several classes, are necessary to represent the spatial variability of the
landscapes at the city scale.

The environments or covers commonly referred as urban usually correspond to a
heterogeneous arrangement of built-up elements, such as buildings, roads, or parking
lots, and of vegetated covers, such as parks, trees, or courtyards. Classification of
urban areas using remote sensing presents several difficulties, mostly linked to pixel
mixing. For instance, mixing of various built-up elements is observed because the
size of these elements is often smaller than the satellite image pixels (Ridd 1995; Lu
and Weng 2004). For the same reason, there is also mixing of built-up land use and
natural covers. Furthermore, urban covers as a whole have a complex three-dimensional
geometry, which should be taken into account by the classification strategy. Building
heights and density, as well as buildings arrangement, exhibit considerable variability
and determine the dynamical roughness field (Grimmond and Oke 1999). Besides,

heat storage is strongly influenced by the quantity of available surfaces (both vertical



and horizontal), which depends on the shape and density of the buildings. It is worth
emphasizing, however, that the current urban LULC classifications do not consider the
three-dimensional characteristics of the urban canopy.

Some LULC products already exist over Canada, such as the Canada Land Inventory
(CLI), the Canadian Urban Land Use Survey (CUrLUS) and the Canada Land Use
Mapping Programs (CLUMP) I and II (Guindon et al. 2004; Zhang and Guindon
2005). CUrLUS is the most recent and precise of these classifications, and includes
four urban classes, i.e., Residential, Commercial/Industrial, Urban recreational, and
Transportation. These classes are very similar to those found in the 30-m national
land-cover data (NLCD) (Vogelmann et al. 2001) for the United States (US), derived
using Landsat thematic mapper (TM) images and ancillary spatial data. Unfortunately,
these urban LULC classifications do not meet TEB’s requirements for urban modeling
applications. The number of thematic classes is not sufficient to illustrate the urban
landscape variability, in contrast for instance with what is available in Europe with the
COoRdination and INformation on the Environment (CORINE) land-cover database
(Heymann et al. 1993). This database provides eleven urban classes at a resolution of
100 m by coupling numerous data sources (Landsat TM and SPOT satellite images,
topographic maps and aerial photographs).

Our objective in this study is thus to develop a general methodology for producing
urban LULC classifications with sufficient thematic classes that can be used in atmo-
spheric models. Because such classifications are needed for all major North American
cities, a semi-automatic approach is presented, following four main steps:

1. Produce, with the best possible spatial resolution, an unsupervised classification of



built and vegetated elements, i.e., for which each pixel is associated with one dominant
element.

2. Generate a database of building heights, on the same grid as 1.

3. Compute on a coarser grid (compared with the grids used in the two previous steps)
the fractions of built and vegetated elements, as well as the mean building height.

4. Identify a manageable and reasonable number of urban classes (Table 2) by applying
a decision tree model.

To illustrate and evaluate this methodology, two application cases are conducted for
Oklahoma City (OKC) (OK, US) and Montreal (MTL, Canada). Both of these cities
are representative of several North American cities: OKC is similar in size and con-
figuration to Calgary, Winnipeg and Edmonton, i.e., cities with population of several
hundreds of thousands consisting of a small central business district with skyscrap-
ers surrounded by far-reaching residential areas, whereas MTL is similar to Toronto,
Boston, Chicago, and Philadelphia, which are much larger cities with wider central
business districts, which include several industrial districts, and which are surrounded
by considerable residential areas.

The next section presents the source data that are used and the pre-processing
applied in order to produce the unsupervised classification and the building height
database. Section 3 describes the steps leading to the identification of the urban classes

and Section 4 presents an evaluation of this approach against aerial photographs.



2.  Source data pre-processing

a.  Choice and evaluation of the source data

To speed-up the generation of urban LULC classifications for all major North
American cities, the methodology should be as automatic as possible, and use the
same kind of data (available for each city). Furthermore, mesoscale modeling requires
urban LULC databases covering entire cities, which usually cannot easily be done with
very high resolution databases such as aerial photographs (Grimmond and Souch 1994)
or airborne lidar data (Burian et al. 2004) which often only cover fractions of cities.
Therefore, for the present study, we chose medium-resolution satellite imagery and
DEMs, which are available at low or no cost and cover large spatial areas. All the data
sources used in the methodology are presented in Table 3.

The medium-resolution panchromatic and multispectral images from the Advanced
Spaceborne Thermal Emission and Reflection (ASTER) and Landsat satellites, with
spatial resolutions of 15-30 m, are used for the characterization of surface properties.
Several examples of urban area mapping with such data have been presented for specific
cities: Landsat-7 ETM+ (Stefanov et al. 2001; Lu and Weng 2004), ASTER (Ramsey
2003), Earth Observing 1 (EO-1) Advanced Land Imager (ALI), SPOT 5 HGR (De
Jong et al. 2000). Even if the future of EO satellites is uncertain, it is reasonable to
believe that sensors similar to those for ASTER and Landsat-7 will provide continuous
data for the coming decades allowing the continuous update of the classifications.

On the other hand, the source data used in this study for the DEMs represent-

ing the Earth’s topography are: (a) the Shuttle Radar Topography Mission DEM



(SRTM-DEM), a near-global database of total elevation data produced at 1 arc-second
resolution (about 30 m depending on latitude) for the US and 3 arc-seconds (~ 90
m) for the rest of the world; (b) the US Geological Survey (USGS) National Elevation
Dataset (NED), which provides the bald Earth’s elevation for a large part of the US
with a 1/3 arc second (=~ 10 m) resolution; and (c) the Canadian Digital Elevation
Data level 1 (CDED1), developed by the National Topographic DataBase (NTDB),
which provides data similar to NED but at 0.75-3.00 arc-second of resolution for all
Canada. Gamba et al. (2002) used SRTM-DEM minus digital terrain model data to
identify buildings. When compared with classical building extraction algorithm ap-
plied to airborne TOPSAR sensor data (5-m resolution), this method was shown to be
relatively successful for tall and large buildings, even though the spatial resolution is

rather coarse and building heights are generally underestimated.

b. ASTER and Landsat-7 imagery processing

In order to allow an unsupervised classification of impervious and natural elements
of cities, the ASTER satellite image of OKC (35.63 ° N - 37.28 " N; 97.37 " W - 97.66 ° W)
with the least cloud coverage was chosen during a relatively recent summertime period
(21 July 2001). The ASTER sensor consists of three separate instrument subsystems
providing (a) three visible and near infrared (VNIR) bands at 15-m resolution, (b)
six shortwave infrared (SWIR) bands at 30-m resolution, and (c) five thermal infrared
(TIR) bands at 90-m resolution. In the current approach, only the VNIR and SWIR
bands are used. Moreover, the SWIR bands are resampled (nearest neighbor) on the

VNIR 15-m grid.



For Montreal, unfortunately, no recent ASTER images of acceptable quality was
found, due to clouds. For this reason, the Landsat-7 image of 8 June 2001 (Table 3)
is used for Montreal and its surroundings (45.33 “N - 45.75 " N; 74.00 ° W - 73.33 "W).
The ETM+ instrument on the Landsat-7 spacecraft contains sensors detecting: (a) six
VNIR bands including one panchromatic (Pan) band, (b) two SWIR bands, and (c)
one TIR band. The spatial resolutions are 15 m, 30 m and 60 m for Pan, VNIR-SWIR
and TIR bands, respectively. A Gram-Schmidt (GSSS) pan-sharpening algorithm is
applied to the VNIR-SWIR bands of the Landsat-7 image to resample the multispectral
data at 15-m resolution. It should be noted that many other pan-sharpening techniques
have been evaluated.

Both images are processed to produce an unsupervised ISODATA classification (It-
erative Self-Organizing Data Analysis Technique, Jensen 1996) on a 15-m grid. Surface
emission and radiative properties are used to identify a predetermined number of sur-
face types, referred to as elements in this study. Here, 30 and 40 elements are considered
for OKC and MTL, respectively. These numbers differ for the two cities because the
analysis is done with ASTER for OKC and Landsat-7 for MTL. Several problems were
encountered during the data analysis. Indeed, the presence of clouds (with high re-
flectivity) complicates the identification of bright roofs. Moreover, it is difficult to
distinguish between pixels with shallow water and shadows (related to clouds or tall
buildings). Thus, in order to mitigate these problems, a partially manual processing
was performed to identify the clouds and their shadows. Outside the city business
center, these pixels are classified as excluded covers, because they are not used in the

unsupervised classification. In the city business center, the tall buildings shadows are



easily extracted by using building heights information (presented in the next section).
The pixels affected by this shadow problems are classified as roof if building heights
are greater than 10 m.

In addition to these efforts to identify urban elements such as buildings and roads,
urban green areas are also required to be reasonably well captured in the unsupervised
classification process. For natural covers, our objective is to identify the main types
of natural soils and vegetation in the city. Outside the city, the classification of natu-
ral soils and vegetation types is already available in the global 1-km LULC database
currently used in GEM and MC2.

In all, 30 and 40 elements are identified for OKC and MTL, respectively. Some of
these elements are grouped together when their spectral signatures are subjectively
determined to be nearly identical and when they exhibit similar and coherent spatial
distributions (according to ground truthing comparisons). Elements are finally defined,
i.e., (1) excluded covers, (2) water, (3) trees, (4) low vegetation, (5) grass, (6) bare soil
and rocks, (7) roofs, (8) concrete, (9) asphalt, (10) vegetation and built miz 1, and (11)
vegetation and built miz 2 (Fig. 1, first panel). The three different vegetated elements
trees, low vegetation, and grass allow the differentiation of the green areas found in
urban environments, i.e., tall trees (e.g., in the parks), mixed vegetation (composed of
small trees, shrubs, and grass), and lawns (e.g., in the courtyards), respectively. By
construction, the last two elements, i.e., vegetation and built mixz 1 and vegetation and
built mix 2, are essentially mixed pixels including both impervious and natural covers.
Comparison of the ASTER and Landsat-7 unsupervised classifications with aerial pho-

tographs indicates that the vegetation and built miz 1 element is strongly correlated
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with residential areas (i.e., areas composed of single-family houses) with vegetation
covers (typically lawns and few trees), small roads, alleys, and individual houses. Scat-
tered pixels of the wvegetation and built miz 2 element are located in residential areas
as well, but are also observed in other urban areas. It is thus appropriate not to group
these two elements together because of their distinct spatial signatures, which adds
useful information for the classification.

The ASTER unsupervised classification for OKC is shown in Fig. 2. Already at this
point in the classification process, the main aspects of OKC are evident in the spatial
distribution of the elements. For instance, the city center (center of the study area),
the two airports (south-east and south-west of the city center), the industrial districts
(along the river), and the main roads are outstanding features in Fig. 2. As compared
with aerial photographs, the asphalt category tends however to be overestimated be-
cause the classification associates most of the dark roofs with asphalt (because of the
roofing materials or because they are wet). The impact of this confusion on the LULC
classification can be reduced by using the building height database discussed in Section
2.c. As expected, Fig. 2 shows that mixing of built and vegetated elements is observed
in residential areas. In these districts, the fractions and types of vegetated elements
spatially vary and depend on the building density. In residential areas with large build-
ing density, grass is the dominant vegetation element, whereas low vegetation and trees

are mainly observed in residential areas with lower building density.
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c.  Building height database

In this methodology, the difference between total elevation and bald Earth’s to-
pography is computed in order to obtain an estimation of the height of above-ground
obstacles (i.e., the height of trees and buildings). The total elevation for OKC and
MTL is obtained from the STRM-DEM database (Table 3). The bald Earth’s topog-
raphy comes from NED for OKC, and from CDEDI1 for MTL (see Table 3). Since
SRTM-DEM’s spatial resolution is lower than that of NED and CDED1, the SRTM-
DEM database has to be resampled on NED and CDED1 grids, for OKC and MTL
respectively. The grid size is 0.33 arc-second for NED and 1:50000 for CDED1. The
resampling is simply done using a cubic convolution. The height of above-ground ob-
stacles is then determined using the difference between SRTM-DEM and either NED
or CDED1. And the final result, i.e., the above-ground obstacles or building heights, is
interpolated using a bi-linear interpolation on the 15-m grid used for the unsupervised
classification. Information on vegetation height for non-urban pixels is discarded, since
our goal in this present study is to produce a strictly urban LULC database. These non-
urban pixels are identified using the unsupervised classification obtained with ASTER
and Landsat-7 data.

A few corrections must be applied to the resulting height field. Kellndorfer et al.
(2004), in their estimation of vegetation height from SRTM-DEM and NED, observed
a systematic vertical offset J, between the datasets. This offset can be corrected by
computing the mean difference between both fields for very flat bare surfaces, i.e.,

without obstacles. Using about 4000 pixels for OKC and 1500 pixels for MTL, the
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mean elevation difference ¢, is found to be +1.4 m for OKC and -3.0 m for MTL,
with an associated standard deviation of 1.6 and 1.0 m, respectively. These offsets
are subtracted from the obstacle elevations for both OKC and MTL. Moreover, all
elevations smaller than a threshold value of 3 m are ignored, since they are comparable
to measurement noise. This threshold also removes pixels with ”obstacles” having
negative elevation, such as quarries.

As shown in Fig. 3, most of the building heights are lower than 10 m, due to
predominance in OKC of residential areas composed of single- or multi-family housings
that do not exceed three storeys. Encouragingly, very large building heights (reaching
60 m) are found in the city center, corresponding to densely built-up areas identified
by the unsupervised classification. Large values of building heights are also observed
in other areas, e.g., at the airports and north as well as north-east of the city center.

It is important to realise that our objective with using this building height database
is not to retrieve the height of individual buildings, but rather to assess a mean value
of the urban canopy height over a larger area (i.e., about 100 m). The building-
height database instead provides additional information that can be combined with the
higher-resolution unsupervised classification to achieve a more realistic urban LULC
classification, which is then used to initialized high-resolution atmospheric models. The
enhancement resulting from the use of this building-height database is more significant
for areas with tall and large buildings where building heights errors are relatively small.
In low-density residential areas, however, building heights do not add much information
to the classification because both vertical and horizontal resolutions are insufficient to

identify low and scattered buildings.

13



3. Urban classification

Similarly to existing urban LULC classifications which follow the strategy outlined
in Anderson et al. (1976), classes are defined in the present study based on the func-
tionality of the urban land use types, e.g., commercial areas, housing and transporta-
tion utilities. In the next step of the classification (see Fig. 1) surface characteristics
obtained from the unsupervised classification are combined with building heights to
produce a final urban LULC classification. This is done following a decision tree, as

described below.

a. Aggregation process

An important requirement of this study is that the urban classification must be
applicable to mesoscale modeling and more specifically to urban modeling using the
TEB model. The basic strategy of TEB is to parameterize urban surface processes
using the concept of urban street-canyon (Oke, 1987). At each grid point of TEB’s
modeling domain, the ensemble of streets is represented by a single urban street canyon
characterized by a set of average geometric parameters (given in Table 1, also see details
in Masson, 2000).

If the urban land cover type databases are at very high resolution (i.e., with grid
size small enough to resolve individual elements such as roads, buildings and parks,
e.g., about 1 meter), TEB’s input data could be computed for each street and each
building and averaged according to the model grid resolution. Unfortunately, data used

in the current study do not have sufficient horizontal resolution to achieve this. A lower
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resolution database is produced here, in which a set of predetermined urban classes
are defined to represent the spatial variability of the urban landscape. In this case,
TEB’s input data are specified by simply associating mean geometrical and physical
properties to each urban class.

It is important to realise, then, that the urban classes do not represent simple
elements such as roads, roofs, and lawns, but rather larger-scale urban landscapes such
as residential areas, business city centers, and industrial areas. As a result, the elements
obtained on the 15-m grid from the unsupervised classification, as well as the building
height, have to be aggregated on a lower-resolution grid in order to identify LULC
classes relevant to meteorological modeling. This aggregation step is conducted for
three different target grid sizes, i.e., 60 m (4 x4 pixels of the unsupervised classification),
105 m (7x7 pixels) and 195 m (13x13 pixels). The resolution of the target grid has to
be determined with some care. On one hand, the aggregation process is not possible if
the target grid size is too small. For instance, in the extreme case, urban landscapes
can not be defined using a single 15-m element like a road or a roof. On the other
hand, the classification becomes less accurate if the target grid size is too large, e.g.,
several urban landscapes could be present in a single pixel of the final classification.

The first step of the aggregation process is to compute the fractions of the eleven
elements of the unsupervised classification for the new target grid. The first two ele-
ments (see second panel of Fig. 1), excluded covers and water, are only used as a mask
to determine the coverage area of ground (natural and impervious covers), needed to
calculate the relative fractions of the other nine elements (from 3 to 11). Following this

procedure, the coverage fraction of excluded covers is calculated relative to the total
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area of the pixels. Then, the coverage fraction of water is obtained only considering
the fraction of pixels not containing ezcluded covers. Relative coverage fraction for
elements 3 to 11 are computed using the total fraction of ground.

In addition to these coverage fractions of the elements of the unsupervised classifi-
cation, a fraction of total built-up areas (referred to as built in Fig. 1) is calculated
as the sum of roofs, concrete, asphalt, vegetation and built miz 1, and vegetation and
built miz 2. Finally, building heights obtained from SRTM-DEM and NED/CDED1
are aggregated on the same target grid. This aggregation is performed only including
pixels with built-up areas and elevation greater then the predetermined noise threshold
(see Section 2.c), which is referred to as coverage fraction built2. The mean building
height, on the other hand, is referred to as height in Fig. 1.

Thus, the aggregation results lead to fourteen classification criteria (c.f., second
panel of Fig. 1): the first criteria (1 to 12 in Fig. 1) are coverage fractions directly
derived from the unsupervised classification; the last two criteria (height and built2) are

related to building height and density deduced using SRTM-DEM minus NED/CDEDI.

b.  Decision tree model

Our objective is to define urban classes that allow the representation of urban
landscapes spatial variability required for urban modeling. To achieve this, a decision
tree model is run using as inputs the coverage fractions and mean building height
discussed in the previous section. In this decision tree, a sequence of logical tests
is used to allocate each pixel to a specific urban class. The logical tests, given in

Fig. 4, sequentially compare the coverage fractions and mean building height with
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thresholds subjectively defined. Appropriate values for these thresholds are obtained
in an iterative process by qualitatively evaluating results from each level of the decision
tree using aerial photographs of the study domain.

The first three logical tests in the decision tree (left end of Fig. 4) isolate the pixels
corresponding to excluded covers, water, and purely vegetated areas. In the lower
branch of Fig. 4, natural covers are partitioned into eight vegetation classes. These
include four classes for trees, low vegetation, grass, and bare soil and rocks, obtained
by applying a threshold of 80% on the coverage fractions for each of these elements.
For the remaining vegetation pixels that do not meet these criteria, four mixed classes
are defined as combinations of vegetation types, i.e., grass and bare soil, low vegetation
and trees, low vegetation and grass, and trees, low vegetation and grass.

The remaining pixels having more than 10% of built-up areas are considered as urban
(upper branch of the decision tree in Fig. 4). The first identified urban class is the
roads and parking lots class which is mainly associated with a high fraction of asphalt
as well as a low fraction of built2. For pixels including buildings, with coverage fractions
greater than 20% for either built2 or roofs, mean building height (i.e., height) is tested
using thresholds of 30, 20 and 10 m to identify four urban classes called high buildings,
mad-high buildings, low buildings, and very low buildings. Based on comparison with
aerial photographs, it is found that these four classes mainly correspond to urban
landscapes with large commercial buildings or multi-family housings. Moreover, the
city business center is represented by the high buildings class. These tests on building
heights are relevant for urban modeling since urban geometric parameters vary with

building height. Notably, the built-up surface areas (including both horizontal and
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vertical surfaces, used for the \. parameter in Table 1) increases with building height
and thus directly influences the heat storage process in TEB.

The decision tree model does not include any test on the coverage fraction of con-
crete, because very few pixels in either OKC or MTL include this element. It could
however be useful for other cities in which the number of pixels with concrete is greater.

As shown in Section 2.b, the wvegetation and built miz 1 and vegetation and built
miz 2 elements are both representative of residential areas. The sum of their coverage
fractions is tested in the decision tree. Beyond a cumulative fraction of 40%, the
aggregated pixels are assumed to correspond to residential districts. According to the
built-up density, they are subdivided in dense residential and mid-density residential.

Finally, some aggregated pixels do not correspond to any previous standard classes
because of substantial mixing, which leads to some additional classes: road miz, cor-
responding to small roads mixed with vegetation or bare ground; sparse buildings and
low-density residential, associated with small coverage fractions of impervious areas
and buildings; and miz of nature and built, characterized by similar coverage fractions
of vegetation and impervious areas.

Based on OKC’s aerial photographs, industrial areas display very low building
heights with large roof fractions. Thus, the industrial areas class is treated as a sub-
class of very low buildings in the decision tree (see Fig. 4). This approach is not
suitable for MTL, however, since the roof signature is quite different due to the differ-
ent building materials typically used in each city. Consequently, the industrial areas
class is not generalized in the decision tree. A more advanced analysis, possibly using

additional criteria, is thus required to identify this class in other cities.
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c.  New LULC classification

In summary, twelve new classes of urban areas (described in Table 2 and in the
right panel of Fig. 1) are identified in the final classification. The 60-m resolution
classifications for OKC and MTL are shown in Figs. 5 and 6, respectively. The first
three urban classes listed in Table 2, corresponding to OKC and MTL city cores, exhibit
similar spatial patterns. The high buildings class is directly associated with the central
business district, which is mostly composed of skyscrapers. This class is surrounded
by mid-high buildings and by low buildings.

The rest of the classification, however, is very different for the two cities. For
OKC, industrial and commercial areas (associated with mid-high buildings, very-low
buildings, and industrial areas classes) are concentrated along the main roads, whereas
residential districts largely dominate elsewhere. On the other hand, MTL is much more
densely built up. A large portion of the MTL northeast section and of the southeast
shore is occupied by low buildings corresponding to contiguous multi-family housings.
Elsewhere, the dense residential districts are predominant, whereas the mid-density
residential and low-density residential classes are negligible.

As mentioned in Section 3.a, the decision tree model, initially developed by using
the 60-m aggregation data, has also been tested at 105 and 195-m pixel size. The three
classifications produce consistent results, in the sense that specific urban structures
such as the city center, airports, or large parking lots are well identified for the three
resolutions. Obviously, the elements tend to mix as the resolution decreases, which

reduces the number of pixels only containing a single urban element. Not surprisingly,
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the main roads are less well defined at 105 and 195-m resolution, and the building
height variance is reduced (influencing the urban geometric parameters). Following
this, we proceeded with the assumption that an aggregation grid of 4x4 of 15-m pixels
is sufficiently large to provide realistic combinations of built and vegetated elements

leading to the identification of urban classes.

d.  Composition of the urban classes

The mean building height and mean composition of each urban class are shown
in Fig. 7, along with the standard deviation each classification rule. The first five
urban classes are associated with high cumulative fractions of roofs, and asphalt since
they are mostly located in city centers and in commercial or industrial districts. The
classification rule based on building height is of crucial importance for these classes, as
it reduces confusion between roofs and asphalt. The sparse buildings is an intermediate
class with a large fraction of vegetation (about 60%) and some individual buildings.

Roads is a very densely built class essentially composed of the asphalt element
associated with a small fraction of buildings (built2 less than 20%). The road mix
class is much less pure than the previous one with an asphalt fraction of 43% and
a total vegetation fraction of 38%. The composition also displays non zero fractions
of vegetation and bwilt mix 1 and wvegetation and built miz 2, indicating a mixing of
vegetation and asphalt for some pixels. As for the roads class, the building heights are
Zero.

The built-up (or partially built-up) elements characterizing the dense residential,

mid-density residential and low-density residential classes are mainly wvegetation and
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built miz 1 and wvegetation and built miz 2. Fractional coverage areas of vegetation
differ for each type of residential type. Quantitative assessments indicate that it is
essentially the low vegetation element which varies the most for these classes. Lastly,
the miz of nature and built class is only composed of 24% built-up covers (asphalt,
vegetation and built miz 1 and vegetation and built miz 2). The remaining portion of

these pixels is mainly composed of grass and soil and rocks.

4. Objective evaluation of the urban land cover types

The ultimate objective of this work is to improve the representation of urban areas
in atmospheric models. Unfortunately, evaluating the impact that the methodology
presented here would have on surface and near-surface processes, as well as on the
urban boundary layer simulated in mesoscale atmospheric models, is beyond the scope
of this work and will in fact be the subject of upcoming publications.

It is expected that the accuracy of urban processes in atmospheric models strongly
depends on the physical parameters that are used to initialize physical models such as
TEB. Indeed, evaluating the truthfulness of parameters that describe cover fractions,
geometry, as well as radiative and thermal properties of urban areas is what we seek.
But as shown in Table 1, there are a large number of such parameters, even for a simple
urban scheme such as TEB, and clearly systematic evaluation of these parameters over
a large number of points is out of reach with the current state of knowledge (even very
detailed field experiments in urban environment do not provide measurements for most

of these parameters).
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As explained in the Introduction, the surface physical parameters used in current
atmospheric models (listed in Table 1 for TEB) are not directly based on observations
(e.g., photographs, remote sensing), but are mainly obtained by association or look-up
tables that provide typical values of these parameters for a certain number of land
cover types. Although this is arguably not the best possible approach to specify these
parameters, this represents the state of the art for high-resolution mesoscale modeling
in urban environments. Therefore, the evaluation presented in this study is related
to the performance of the classification methodology to identify the dominant urban
cover type in single pixels, which is the final product of the approach.

To evaluate the methodology’s ability to identify the main urban cover types, a set
of 903 pixels from MTL’s 60-m urban cover type classification was compared with high-
resolution Quickbird images (60-cm pixel size, valid in Summer 2007), from which the
dominant urban cover type was obtained based on photo-interpretation. The selected
pixels are located on a regular grid, except for a few that were added in order to properly
sample the central business district. Photo-interpretation was done by a remote-sensing
specialist, using criteria similar to those depicted in Fig. 4’s decision tree.

The results of this evaluation are presented in Table 4, which shows a contingency ta-
ble with percentage of pixels that were correctly identified by the classification method-
ology. In this table, all the elements in a column add up to 100%. For example, num-
bers in the first column indicate that of all the pixels identified as high buildings in the
ground truthing process with Quickbird data, 46.15% of those are indeed classified as
high buildings, whereas 7.69% are classified as mid-high buildings, 38.46% are classified

as low buildings, and 7.69% are classified as very low buildings.
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In general, the methodology is able to capture the main urban cover types. Overall,
404 of the 903 pixels were correctly classified (i.e., about 45% of the pixels). The
most significant classification confusions in this approach, apart for the one already
mentioned between high and low buildings, are the following: (i) 26.67% of mid-high
buildings pixels are classified as low buildings, another 26.67% are classified as very low
buildings; (ii) 45.71% of low buildings are classified as very low buildings; (iii) 47.69%
of dense residential pixels are classified as very low buildings, and iv) 23.81% of miz of
nature and built pixels are classified as very low buildings, another 14.29% are classified
as dense residential.

Based on these results, it seems the classification has a tendency to underestimate
the building height, a fact that was directly verified by comparing mean building height
retrieved from SRTM-DEM minus CDEDI1 against mean building heights retrieved
from three-dimensional vectorial data (using 3277 pixels from MTL’s urban cover type
classification). These results, presented in Table 5, clearly shows the bias for building
height retrievals. For instance, nearly 75% of 10-20 m buildings, 43.5% of 20-30 m
buildings, and 27% of 30 m and taller buildings, are retrieved as very low buildings
(which should be less than 10-m tall). Similarly, 53% of 20-30 m buildings, and 54%
of 30 m and taller buildings are classified as low buidlings (which should be 10-20 m
high).

Not surprisingly, this indicates that building height is a crucial parameter in this
classification to discriminate between low and high buildings, and that the classification
could be easily improved by adjusting the criteria related to height in Fig. 4’s decision

tree.
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5. Summary and conclusions

Considering the modeling objectives and constraints that are the basis of this work,
the methodology presented in this study has the advantage of using a limited number
of databases readily available for the entire North America. The originality of this
approach, aimed at providing descriptive urban parameters for mesoscale atmospheric
models, rests on the joint analysis of satellite imagery (Landsat ETM+ and ASTER)
and DEMs in order to take into account both the surface properties and the three-
dimensional characteristics of the urban canopy. The application of a decision tree
model results in the identification of twelve urban LULC classes and eight vegetation
cover classes.

The ASTER and Landsat-7 medium-resolution satellite imagery covers large spatial
areas and is available free of charge or at low cost in addition of providing consistent el-
ement classifications. Obviously, the method is not perfect and has several weaknesses.
For instance, the roofs are sometimes poorly retrieved. Also, the vegetation signa-
ture strongly depends on the season when the satellite image was collected. During
summertime, the trees can obstruct the observation of houses and roads in residential
areas, leading to an underestimation of built-up covers.

The other databases used in the methodology, related to building height and bald
Earth topography, have relatively low spatial resolution. Their horizontal and vertical
resolutions are insufficient to extract the individual buildings and to identify one-storey
buildings. Nevertheless, different types of districts can be distinguished according to

the mean building height retrievals from SRTM-DEM and NED/CDEDI1 databases.
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Notably, the business city center is always very well identified using this technique,
in spite of the significant underestimation of building height which was evidenced by
comparison against detailed three-dimensional vector data over MTL. This bias was
shown to lead to some confusion between low buildings, mid-high buildings, and high
buildings.

Even though each type of data has its limitations, their coupling in the decision
tree makes it possible to improve the quality of the analysis results and to better
characterize the urban land cover types. The methodology is automated as much as
possible but some manual processing is still necessary. Indeed, manual intervention
is still required regarding problems related to shadow and cloud cover effects in the
ASTER and Landsat-7 imagery and to the systematic offset observed between SRTM-
DEM and NED/CDEDI.

The study of OKC, MTL and more recently Vancouver (BC, Canada) (not presented
here) allowed the refinement and standardization of the decision tree. The general and
robust approach has been found to lead to a satisfying identification of the major urban
landscapes of North American cities. It is worth noting that the three chosen cities
are quite different in terms of size, arrangement of districts, types of buildings, and
materials. The spatial resolution and the number of urban classes are well adapted to
microscale (~ 200 m) and mesoscale (~ 1 km) modeling and provide an appropriate
representation of the spatial urban land cover type variability.

It should be noted, to conclude, that future studies should aim at directly retrieving
urban parameters required for urban modeling. Although not simple, this may be pos-

sible for geometric parameters (street width, building height) and fractional coverage
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areas (e.g., built versus vegetated areas). Other parameters related to radiative and
thermal properties of urban materials are certainly more difficult to obtain, at least us-
ing remote sensing approaches. Effort in this direction is nevertheless necessary, since
these parameters have a considerable impact on the urban microclimate and on the
local meteorology. The development of new approaches and new methods, based on
analysis of high resolution satellite images and ancillary data, will represent a major

field of research for the next years.
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Fia. 2. : Unsupervised classification of ASTER satellite imagery for OKC.
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3 5 10 60 m

Fic. 3. : Estimation of building heights resulting from SRTM-DEM minus
NED/CDED1 databases for OKC. White areas correspond to the pixels not considered
as built-up pixels or where the difference field is less than the threshold (i.e., 3 m).
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Fig. 4. : Decision tree model applied to the 60-m element databases by using the

fourteen selection criteria defined in Section 3.a.
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Fic. 5. : Final LULC 60-m classification of OKC including the twelve new urban
classes and five classes of natural covers already defined in the global classification.
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Industrial areas Mix of nature and built Water

Fic. 6. : Final LULC 60-m classification of MTL including the twelve new urban
classes and five classes of natural covers already defined in the global classification.
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Fic. 7. : Composition of the twelve urban classes showing the averaged values of each
classification criterion and the associated standard deviations. Except for the mean
building height (last criterion) expressed in m, all the criteria correspond to fractions.
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TABLE 1. : Cover fractions and TEB input parameters (see Masson, 2000) required
for modelling applications.

Parameters Description Unit
Cover fractions
Sowitt Built-up cover fraction -
frrees Tree fraction _
forass Grass fraction _
fsoil Bare soil fraction -

TEB input parameters
Geometric parameters

foia Building fraction -

Zbld Mean height of buildings m

Zom Aerodynamic roughness length m

Ac Wall/horizontal area ratio -

2bld / %74 Canyon aspect ratio -
Radiative properties

Qlroof Roof albedo -

Qroad Road albedo -

Cwall Wall albedo -

€roof Roof emissivity -

€road Road emissivity -

Ewall Wall emissivity -

Thermal properties

droof Roof layer thickness m

oo Thermal conductivity of roof layers W m~! K1
Croof Heat capacity of roof layers Jm™3 Kt
Aroad Thickness of road layers m

Aroad Thermal conductivity of road layers W m~! K1
Croad Heat capacity of road layers Jm™3 K!
Awall Thickness of wall layers m

Awall Thermal conductivity of wall layers W m~ K~!
Cpall Heat capacity of wall layers Jm™3 K!
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TABLE 2. :

Description of the twelve urban classes derived from the decision tree

classification. The last column presents the relation between the urban classes, defined
here, and the urban climate zones (UCZs) proposed by Oke (2004).

Urban classes Characteristics ucCZz
1. High buildings Clity business center; high-rise buildings 1
2. Mid-high buildings Commercial buildings and multi-family housings 2
3.  Low buildings Commercial buildings and multi-family housings 2
4. Very low buildings Commercial buildings and multi-family housings 3
5. Industrial areas Majority of large warehouses 4
6. Sparse buildings Large individual buildings -
7. Roads and parking lots  Main roads and large parking lots -
8. Road mix Mizx of roads and vegetation -
9. Dense residential Contiguous single-family housings )
10. Mid-density residential  Single-family housings with lawns 6
11. Low-density residential  Single-family housings with large lawns 7
12.  Mix of nature and built Mix of various urban types -
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TABLE 3. : References and characteristics of the various source data.

Type Spatial Resolution Source Date

Aerial photos 0.3 m USGs! 2002-03-26 (OKC)
ASTER L1B 15 m (VNIR), 30 m (SWIR), 90-m (TIR) USGS 2001-07-21 (OKC)
Landsat-7 15 m (Pan), 30 m (VNIR-SWIR), 60 m (TIR) UMD’s GLCF? 2001-06-08 (MTL)
NED 1/3 arc-sec over US USGS 1998 and 2001
CDED1 1:50000 over Canada NRCan? 1995-1999
SRTM-DEM 1 arc-sec (US), 3 arc-sec (World) UMD’s GLCF  February 2000

1 US Geological Survey
2 University of Maryland’s Global Land Cover Facility

3 National Resources Canada
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TABLE 4. : Contingency table presenting the percentage of pixels that are correctly
identified by the classification methodology after comparison against high-resolution
Quickbird images for MTL.
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oy 0. | o |28]091| 0. | o |500| 0. | o |1.03|2000|6.35|19.43|1333|1053]56.41] o.
| waer ooloflolo|lo]lolo]lo|lo]|lol|lo]o|ol|ol]o]o |
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TABLE 5. : Contingency table presenting the percentage of pixels of the urban classes
high buildings, mid-high buildings, low buildings, and very low buildings for which build-
ing heights are correctly retrieved by STRM-DEM minus CDED1 after comparison
against three-dimensional vectorial data for MTL.

GROUND
TRUTH
el e
e|ls| sl
8 N N —
¥ Rl 2| o
High 690 | 1.16 | 0.16 | 0.09
buildings
o —
(| Mid-high 1203] 255|047 | 0.
A buildings
< | Low
-
3 | buildings 53.90 | 52.78] 24.39] 8.39
Very low 27.17 | 4352| 74.98) 0153
buildings
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