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Abstract. This paper presents a procedure for urban land use interpretation from a single high-resolution synthetic

aperture radar (SAR) image. The approach involves two semi-automatic steps: urban extent delineation and urban land

use mapping. In the first step, two general classes (urban and nonurban) are mapped using an existing method that

involves analysis of speckle characteristics and intensity information. In the second step, more detailed urban land use

classification is undertaken based on analysis of regional radar backscatter patterns in terms of density of dark linear

features, density of bright features, and urban contextual information. Density analysis was conducted at three levels:

individual building�road, urban block, and suburban commercial�industrial. Contextual information, including density,

building size, and distance between buildings and parking places, was used to quantify urban morphological patterns.

Tests were conducted for mapping Ottawa, Canada, using five Radarsat-2 images of different incidence angles and three

TerraSAR-X images of the same incidence angles but different dates. The results show that the proposed method could be

used to map five urban land uses including low-density residential, commercial�industrial, high-density urban, open land,

and nonurban with accuracies in the range from 74% to 82%.

Résumé. Dans cet article, on présente une procédure pour l’interprétation de l’utilisation du sol en milieu urbain à partir

d’une seule image radar à synthèse d‘ouverture (RSO) haute résolution. L’approche comprend deux étapes semi-

automatiques : la délimitation de l’étendue de l’espace urbain et la cartographie de l’utilisation du sol urbain. Dans la

première étape, deux classes générales (urbain et non urbain) sont cartographiées à l’aide d’une méthode existante basée

sur l’analyse des caractéristiques du chatoiement et de l’information sur l’intensité. Dans la deuxième étape, on effectue

une classification plus détaillée de l’utilisation du sol urbain basé sur l’analyse des patrons régionaux de rétrodiffusion

radar en termes de densité des caractéristiques linéaires sombres, de densité des caractéristiques claires et de l’information

contextuelle urbaine. L’analyse de densité est réalisée selon trois niveaux de détails : édifice individuel / route individuelle,

ı̂lot urbain et zone commerciale / industrielle de banlieue. L’information contextuelle, incluant la densité, la taille des

édifices et la distance entre les édifices et les places de stationnement, est utilisée pour quantifier les patrons de la

morphologie urbaine. Des essais ont été réalisés pour cartographier la ville d’Ottawa, Canada, en utilisant cinq images

Radarsat-2 à différents angles d’incidence et trois images TerraSAR-X ayant les mêmes angles d’incidence, mais acquises à

des dates différentes. Les résultats montrent que la méthode proposée pourrait être utilisée pour cartographier cinq

utilisations du sol urbain incluant le résidentiel à faible densité, les zones commerciales/industrielles, l’urbain à haute

densité, les espaces libres et les espaces non urbains, avec des précisions variant de 74 % à 82 %.

[Traduit par la Rédaction]

Introduction

Accurate mapping of urban environments and monitoring

urban growth are important for urban development and

environmental sustainability at the global level. The routine

availability of synthetic aperture radar (SAR) data has

rendered radar an option for timely urban environmental

monitoring and map updating. However, interpretation of

SAR data of urban or semi-urban areas remains difficult

due to geometric (foreshortening and lay-over) and radio-

metric (speckle and shadowing) characteristics of the

imagery (Tupin and Roux, 2003). Urban areas are complex,

being characterized by dense road networks, complicated

distributions of buildings with different uses, as well as

intervening open spaces of natural vegetation. Most urban

pixels in remote sensing data contain contributions from
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diverse covers (e.g., buildings, roads, grass, and trees), and

the relative proportions of these components can vary

widely within an urban pixel (Tupin et al., 2002). The

backscattering from an urban area containing buildings can

be complicated by the variation of orientation and structure

of buildings and sensor geometry. Therefore, backscatter

magnitude of urban areas in the SAR scene appears to have

a wide range, and separating targets of interest (e.g., roads

and buildings) from the background is very difficult if based

solely on a threshold intensity value. In this regard, multi-

temporal, multifrequency, and polarized SAR data have

proven to be useful in mapping land use classes (Pellizzeri

et al., 2003; Haack, 2007; Li et al., 2010; Niu and Ban, 2012;

Qi et al., 2012). The richness of texture in SAR images is

also exploited to improve the differentiation of different

land use classes (Dell’Acqua and Gamba, 2003; Pant et al.,

2010). An enhanced separation of urban land use classes

could be achieved by the combined optical and SAR data

(Jiang et al., 2009; Ban et al., 2010; Zhu et al., 2011).

One main application arises in acquiring immediate

information for rapid hazard response in urban regions hit

by disasters such as earthquakes, flooding, or landslides.

However, optical images are not always available depending

on weather conditions. Multitemporal, multimode, and

multipolarized SAR data have limitations when they are

used for frequent monitoring and fast mapping because of

the availability of the same orbit or mode (time requirement

for multiple acquisitions by programming may not be

practical for relief and rescue operations) and resolution

(multipolarization or full polarimetric data are only

available in reduced resolution). Even when available, the

application of combined datasets from different modes or

sensors can cause problems in registration and inconsistent

backscattering characteristics. In terms of a fast and cost-

efficient solution for the crisis situation, a single-polarized

SAR may provide necessary information if processed

properly. Efforts have been made to improve the accuracy

of specific feature extraction from a single SAR scene,

e.g., building detection (Stilla et al., 2003; Tison et al., 2007;

Wegner et al., 2009; Poulain et al., 2011; Sportouche

et al., 2011), and road detection (Tupin et al., 1998; Tupin

et al., 2002; Dell’Acqua et al., 2003; Negri et al., 2006;

Hedman et al., 2010). However, these feature extraction

techniques are highly specialized, thus they are limited in

their usefulness for operational mapping applications

(Dell’Acqua et al., 2009).

With the launch of TerraSAR-X, COSMO-SkyMed, and

Radarsat-2, very high-resolution SAR data are now avail-

able and sensitive enough to identify individual building

characteristics and road networks. Thus there is a need to

further explore the potential of radar for mapping more

detailed land use classes and for quickly providing the

needed information for the crisis situations. Recently, semi-

automatic and fully automatic methods for mapping urban

extent using a single-polarized scene of high-resolution SAR

have been developed based on adaptive and iterative

computation of local statistics (He et al., 2006), local

autocorrelation and morphological processing (Stasolla

and Gamba, 2008), and through analysis of local speckle

divergence and intensity information (Esch et al., 2010). In

the latter case, Esch et al. (2010) demonstrated that overall

accuracies reached from 76% to 96% in mapping 12 urban

areas around the world. However, these urban extent

mapping approaches did not develop linkages between

specific image features (e.g., lines, edges, etc.) to physical

objects (e.g., buildings and road networks) and thus

preclude refinement of interpretation to include urban

sub-classes.

In the same vein, land use classification using traditional

per-pixel classification methods based on statistics of

intensity will be of limited value because pixels from

different land cover types may have the same intensity

values, or different parts of the same structure may exhibit

differing levels of backscatter energy. For example, dark

roofs and bright vegetation may look similar and residential

areas may have the same brightness as commercial areas.

Therefore, no approach based on per-pixel analysis is likely

able to account for these subtleties (Stasolla and Gamba,

2008; Pamba and Aldrighi, 2011).

We argue, however, that analysis of regional radar back-

scatter patterns can be used to infer land use, as specific

urban land uses may exhibit unique image spatial patterns

of brightness. For example, attributes such as building size,

building shape, building height, road network layout, and

parking places are likely to differ among residential and

commercial areas and between low and high intensity

developments. However, areas of the same land use usually

show similar spatial patterns. We argue that it is not

necessary to accurately delineate relevant physical objects

in any comprehensive way. Rather, if diagnostic image

measures can be extracted (e.g., dark line segments being

an indicator of the presence of roads) they can be used to

infer land use in conjunction with other contextual informa-

tion. We note that in the past, researchers have applied

analogous principles to infer use from optical remote

sensing data (Karathanassi et al., 2000; Zhang et al., 2002;

Guindon and Zhang, 2009) and from SAR data (Tison et al.

2004; Niu and Ban, 2012).

Urban structural and contextual information from high-

resolution images can be analyzed at different scales

(Dell’Acqua and Gamba, 2006; Guidon and Zhang, 2009;

Pacifici et al., 2009). We view spatial characteristics of

an urban area as consisting of individual elements

(e.g., buildings, roads, and parking places), and grouping

these elements into features on a larger scale according to

land use functions. By grouping building, road, and parking

place elements into blocks, we can then infer the land use of

the block in question. We argue that it is the spatial scale of

the grouping of structural features that distinguishes uses

of interest (e.g., city block, rural area) (Guindon and Zhang,

2009). In SAR images, most buildings appear bright and can

be distinguished from the background. However, roads,
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building shadows, and parking places all appear dark and

are very hard to distinguish from each other. If bright

appearances of buildings and dark appearances of roads,

building shadows, and parking places are considered as
inherent features of land use represented by SAR, then its

distribution pattern will reflect the land use pattern.

By analyzing the bright features (components of buildings)

and dark linear features (composed of roads, building

shadows, and parking places), land use characteristics can

be described. The derived information on the density of

houses and the orientation of the streets are very important

for natural risk prevention or hazard mapping.
In this paper, we propose a semi-automated approach

toward the urban land use mapping based on a single

polarized SAR of very high resolution. The methodology

first followed a technique presented in Esch et al. (2010) to

map out the urban extent based on texture analysis. Then we

performed detailed land use mapping based on density and

contextual analysis of interested urban targets (building and

road) at different scales.

Study area and data preparation

Tests were conducted for mapping Ottawa, Canada.

Among the total urban land in the city of Ottawa,
residential areas account for 37.3% of the city land area;

transportation corridors occupy 21%; institutional, com-

mercial, and industrial areas occupy about 16.6%, and

recreation and open space about 20% (City of Ottawa,

2006). The city of Ottawa is one of the fastest growing

metropolitan areas in Canada. As the greenbelt in Ottawa

restricts the expansion of the urban core area, urban sprawl

occurred further away from the city center in major
suburban areas in the west, south, and east end. Among

these suburban areas exists a few planned communities with

a low density of residential areas and a mix of densities of

high technology industrial and commercial properties with

large building sizes and parking spaces. These communities

are also surrounded by large open spaces. Meanwhile

buildings in downtown areas and some main thoroughfares

are intensified with the high-rise blends of residential and
commercial use due to high cost and limited space.

Corresponding to the land use function and the density of

the buildings and road networks in a city, a classification

scheme that describes the urban sprawl containing low

density residential areas, commercial areas, high-density

areas, open land, and nonurban areas is adopted in this

paper. Similar classes for describing urban land use based on
density measures was also reported by Herold et al. (2002) in

mapping Santa Barbara, California, using high-resolution

digital aerial photographs.

To evaluate the robustness of our proposed methodolo-

gies, we conducted tests with a variety of radar sensors and

imaging conditions, including both Radarsat-2 and

TerraSAR-X. Our image data set includes five Radarsat-2

scenes of Spotlight mode with incidence angles from 24 to
48 degrees and three TerraSAR-X scenes acquired with the

same incidence angles (39.9 to 42.8 degrees) but in different

seasons (February, May, August) (Table 1). All data sets

were acquired in HH polarization and subsequently ortho-

rectified to a common projection and pixel spacing (1.5 m)

using PCI Geomatica software. Our semi-automatic map-

ping procedure was implemented using ERDAS Imagine

Modeler.

Methodology

Our urban mapping approach involves two semi-

automatic steps, namely urban extent delineation and urban
land use mapping. In the first step, two general classes

(urban vs. nonurban) are mapped out by exploiting texture

information from analyzing speckle characteristics and

intensity information. The purpose is to roughly classify

the urban scene to simplify procedures for a detailed map.

In the second step, more detailed urban land use classifica-

tion is conducted based on extraction of dark linear features

and bright features through density and contextual analysis.
Density of an attribute (e.g., linearity) is the proportion of

pixels in a specified area of interest that exhibits an attribute

response above a threshold. Density of a target feature

usually does not share the same level of homogeneity at the

same spatial scale. The urban regions can be extracted from

a hierarchy of features under multiple scales. Density

analysis is the process to determine the density of an

attribute given an urban context. Contextual information
including density, building size, and distance between

buildings and parking places are used to describe urban

morphological patterns.

Table 1. SAR Data used in this study.

Sensor Beam Date Look�pass direction Incidence angle (deg) Resolution (m)

Radarsat-2 SLA6 2009-03-24 Right�desc 34�35.3 2.7

Radarsat-2 SLA7 2010-01-30 Right�desc 34.8�36.1 2.7

Radarsat-2 SLA19 2010-01-29 Right�asc 43.6�44.6 2.2

Radarsat-2 SLA25 2010-01-27 Right�desc 47.4�48.3 2.1

Radarsat-2 SLA74 2009-06-14 Right�desc 24�25.5 3.7

TerraSAR-X Strip012 2008-02-03 Right�desc 39.9�42.28 3

TerraSAR-X Strip012 2008-08-19 Right�desc 39.9�42.28 3

TerraSAR-X Strip012 2009-05-21 Right�desc 39.9�42.28 3
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740 # 2013 CASI

C
an

ad
ia

n 
Jo

ur
na

l o
f 

R
em

ot
e 

Se
ns

in
g 

D
ow

nl
oa

de
d 

fr
om

 p
ub

s.
ca

si
.c

a 
by

 N
at

ur
al

 R
es

ou
rc

es
 C

an
ad

a 
on

 0
9/

10
/1

3
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 



In this study, density analysis was conducted at three

levels of spatial scale; (i) individual buildings and road

widths, (ii) urban block size, and (iii) suburban commercial�
industrial block size. The scale for the feature extraction has
to be large enough to cover the characteristic structures of

the feature elements. The maximum dimension of the

building and the maximum width of the road in the study

area were used as a scale to measure the density of buildings

and roads at the first level. The scale for measurement to

characterize the land use pattern at the second or third level

should contain a significant number of feature elements.

Thus the scale of urban block was chosen to match the
urban grid size, and the size of suburban commercial�
industrial block was chosen to cover a typical commercial

area. Threshold value of a target feature or a land use class

was determined based on the statistics of known samples

from ground observation and the minimum count number

of the target that can be represented in the SAR according

to its resolution. Figure 1 shows the principle processing

steps.

Delineation of urban extent

The urban extent mapping adopts the pixel-based algo-

rithm proposed in Esch et al. (2010). Assuming the noise in
a SAR image of urban areas have a unique and high level of

local speckle divergence Dx,y (Figure 2a), the difference

between the calculated local estimated coefficient of varia-

tion Cx,y and the estimated scene-specific coefficient of

variation C, are quantified by Esch et al. (2010) as

Dx;y ¼¼ Cx;y � C with Cx;y ¼
rx;y

lx;y

(1)

Cx,y is defined by the local standard deviation sx,y,
and the local mean mx,y , is calculated via the maximum-

likelihood estimators in a defined local neighbourhood.

For a specific SAR scene, C can be estimated based on the

inverse of the equivalent number of looks, which is provided

by the metadata file.

In the application of this paper, through texture analysis,

Dx,y, mx,y , and sx,y were calculated and used as input for the

urban extent classification procedure. By selecting thresh-
olds corresponding to the mean and standard deviation

texture measures, the urban extent is mapped. For more

details about this algorithm, refer to Esch et al. (2010). After

this semi-automated processing, two classes were mapped:

urban and nonurban (Figure 2b). These two classes were

used as basis for the following processing.

Due to the confusion of backscattering with other urban

objects, water bodies may not be separated directly using
this technique. In the case of calm conditions, water bodies

in SAR images appear darker than other features and thus

can be delineated through simple grey level thresholding.

In this study, water areas were first detected using indepen-

dent thresholds.

Urban land use mapping

Extraction of preliminary dark and bright features

To exploit contextual information for land use mapping,

we first located SAR image features that exhibit spatio-
radiometric attributes expected from reflection from build-

ings, roads, and parking places. For example, we anticipated

that buildings, bridges, and large foliated trees should

appear bright, the first two because of double and multiple

bounce effects and the latter due to ‘‘roughness’’ effects on

the scale of the SAR sensor wavelength. On the other hand,

smooth surfaces such as roads, parking places, and herbac-

eous vegetated surfaces should appear dark due to specular
reflection. These assumptions are in agreement with similar

observations made by other researchers, e.g., that bright

targets in urban scenes have been often considered as

indicative of man-made raised structures (Stasolla and

Gamba, 2008; Esch et al., 2010). In addition to radiometry,

roads should appear as dark line-like features. We therefore

assumed that the presence and distribution of bright

features in the SAR scene is indicative of the presence and
pattern of buildings in the real world in urban area. The

same assumption was applied to the dark linear features for

roads. Therefore, our subsequent analysis involved finding

and characterizing bright features and dark linear features.

Preliminary extraction of bright features and dark features

Figure 1. The principle processing steps applied for urban

mapping using high-resolution SAR data.
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from the background can be based on intensity. However,

due to the existence of speckle, man-made structures

(e.g. roads, buildings, parking places) and natural objects

(e.g., trees and grass) were indistinguishable.

Speckle filtering and sharpening techniques were used to

improve both the definition of individual targets of interest

and their local patterns. The SAR image was first smoothed

with a median filter of 9 pixels � 9 pixels. A sharpened

image was acquired by applying a mean filter with a window

size of 33 pixels � 33 pixels to the median filtered image

first, then adding the difference between the mean filtered

image and the median filtered image back to the median

filtered image. As a result of this pre-processing, each

individual element (e.g., building or road segment) was

more easily distinguished from the background than the

original image (Figures 2c and 3). For example, pixels from a

single building may have variations in brightness in original

SAR image, thus some parts of the building appear dark and

others bright. After this pre-processing, most pixels from a

single building appeared brighter than the surroundings.

Figure 2. Urban land use mapping from (a) original SAR data starting with (b) urban

footprint delineation and (c) sharpening the SAR, then followed by (d) the extraction of dark

linear feature, (e) extraction of bright feature before (f) locating large bright features,

(g) mapping out the commercial areas and high density areas, and (h) finishing with the

mapping of the rest land use classes.
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Figure 3 shows that the buildings and most roads are

distinguishable from the background in the processed image,

and a few regional backscatter patterns clearly show the

characteristics of land uses. For example, a residential area
shows the consistent linear distributions of small bright

features and dark linear features (Figure 3a); a commercial�
industrial area shows the distribution of large dark features

between large bright features (Figures 3b and 3c); and a high

urban density area is characterized by clustering of large

bright features with scattered dark features.

The maximum intensity value of the sample area of

known road segments was used as a threshold to separate
bright from dark features on the sharpened image. Due to

insufficient illumination and contrast in the image, it was

difficult to separate buildings from nearby trees and street

segments from grass or building shadows, and the detected

buildings and streets sometimes only showed incomplete

shapes or sizes. As a result, some tree areas were included in

the bright feature overlay, while some low vegetation areas

were included among dark features. The unwanted informa-
tion will be removed in the following refining procedures.

Refining of dark and bright features through density analysis

at a scale of individual target size

On dark features, we focused on extracting dark linear

features that were directly linked to road network and large

dark features that were linked to parking places. On bright

features, we further separated the large bright features that

were linked to large building and nonbuilding areas. The

refining process is based on the density analysis of dark

features and bright features within a given window of a size

equal to the maximum two dimensions of the target (road

segment or building) in the study area. This procedure

produces a local texture feature characterizing the properties

in small regions centered on sample positions. The advan-

tage of this window selection is that each component of the

local feature defines an image, which, as such, can be

displayed and processed using conventional methods.

In this study, the maximum width of a 35 pixel (50 m)

dark linear feature was found to characterize the highway in

the SAR scene, thus applying a window size of 35 pixels �
35 pixels to the dark features; density was calculated and

used to extract the dark linear features. Although 50 m is

much wider than typical roads, it was found to be an

effective scale to describe the existence of road segments

from the SAR image. Any SAR pixels with an assigned

density value less than 100% but more than 24.5% of the

total pixels within the window (the threshold is determined

from the known road samples) were considered as linear

feature candidates. Then by overlaying with the urban extent

layer, sieving out the linear feature candidate that is isolated

and with small area coverage (less than 180 m2 in size), dark

linear features were mapped out (Figure 2d). By doing this,

dark features of large size (parking lots, large vegetated

areas, and bare surfaces) and isolated features (small open

space, tree shadows, and building shadows) were masked

out. Only roads and parts of long features including

building shadows, linear parking lots, and open areas

between neighbouring buildings or along roads were kept

as linear features. This dark linear feature layer was used

for linear feature density analysis at block unit. The dark

Figure 3. Land use patterns observed in the study area. Row 1 shows the original SAR images, row 2 shows the

preprocessed SAR images (after sharpening and filtering), and row 3 shows the air photos.
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features with large density (100% covered within the

window) were kept as large dark feature layer (e.g., parking

lots, large vegetated areas, and bare surfaces) for the further

processing to derive the potential large parking places.
When applying the density analysis on bright features at a

window size of 25 � 25 (maximum residential house width

in the scene), if the density value of a pixel was more than

5% of the window the pixel was kept as part of the bright

features (Figure 2e), otherwise it was labelled as a nonbuild-

ing. This was to remove the trees and cars that have similar

radiometric characteristics as buildings but smaller spatial

sizes. Considering that the actual width (shorter side) of a
regular house is smaller than the commercial buildings,

analysis on the bright features at the individual building

width (maximum house width in the scene) will separate the

features representing regular residential buildings from

those of large buildings. If the density value of a pixel was

greater than 80% of the total pixels within the window

(i.e., individual building size over 1250 m2) and located

within an urban area mapped previously, the pixel was

labelled as a large bright feature (Figure 2f). After this step, a
binary layer of large bright feature and a binary layer of

nonbuildings were created.

Mapping out land use classes based on further density and

contextual analysis

Based on the extracted features, information about the

potential location and distribution pattern of buildings and

streets can be inferred. Assuming the extracted information

about the potential location and distribution of buildings

and roads can still generally reflect urban morphological

characteristics, we could then conduct the land use classi-
fication. In urban areas, road, parking places, and buildings

coexist naturally and form certain patterns depending on the

use of the building for residential areas or commercial areas.

Once these features were separated, the urban morphologi-

cal pattern was identified. Two scales were used for land use

mapping, including urban block size, and suburban

commercial�industrial block size. Residential areas and

high density areas were mapped at urban block size of

200 m � 200 m (a window size of 135 pixels � 135 pixels).
In many North American cities, urban development has

followed specific land use zoning. As a result, many

commercial and industrial buildings can be found clustering

in a suburban block bigger than a regular residential block.

In this study, commercial areas and industrial areas were

mapped at a suburban commercial�industrial block size of

300 m � 300 m (201 pixels � 201 pixels).

Suburban commercial�industrial areas exhibited two

spatial patterns in the study area. The first pattern involved
large buildings surrounded by parking lots that were usually

of urban block size and adjacent to residential areas.

This type typically comprised large shopping centres, gas

stations, office buildings, and institutional buildings.

The second pattern occurred on a larger spatial scale and

comprised mixes of large and small buildings surrounded by

parking infrastructure. Examples of this pattern type were

industrial plants and warehouses in suburban industrial

parks. In summary, commercial�industrial areas need to be

analyzed at two mapping scales. The principal steps in

commercial�industrial area mapping based on density

analysis and contextual information are described below.

First, density analysis at the urban block scale was

conducted to identify and discard nonbuilt-up areas. If an

area at this scale exhibited a dark linear feature density less

than 11% (based on the statistics from a typical urban block,

discussed later) and was part of the nonbuilding layer, it

was labelled as a nonbuilt-up candidate. Overlaying the

nonbuilt-up candidate layer with the large dark feature layer,

we derived a layer of potential parking areas. By subtracting

the potential parking places from nonbuilt-up candidates,

we generated a nonbuilt-up layer; then a built-up layer was

created that included all the area that was not included in

the nonbuilt-up area. The information from this density

analysis for built-up and nonbuilt-up areas was complemen-

tary to the previously mapped urban extent for urban and

nonurban area.

Second, commercial�industrial core mapping was done.

When calculating the distance to large bright features and

potential parking areas, if the areas were within 45 m to the

large bright feature or within 45 m from the large bright

feature to the potential parking area, they were considered

as commercial�industrial core area.
Third, commercial area mapping at the industrial�rural

block scale was done. When calculating the density of

commercial core pixels at the industrial�rural unit, if the

pixel had a density value in the commercial core area of

more than 45% of the unit area and was not located in a

nonbuilt-up area, it was then considered as a commercial�
industrial area (Figure 2g).

From the SAR, high-rise buildings in the dense urban

core appear very bright due to various corner and double-

bouncing reflections from the building walls, structures at

the rooftop, and neighbouring buildings. This makes it

possible to map out the high density urban areas in SAR.

In this study, high density areas were only mapped at block

scale following two steps. First, an appropriate intensity

threshold was selected, based on known sample areas in

median filtered SAR, and the pixels were retained with

intensity values in excess of the threshold (so-called bright

reflectors). Second, the density of the bright reflectors was

calculated resulting in the density of the large bright feature

at block size. A threshold for the density of the bright

reflectors and a threshold for the density of large bright

feature was selected based on the known sample areas, and

the pixels that exceeded the thresholds set for two layers

were retained. This procedure results in the high-density

urban area.

A low-density residential area includes single homes, town-

homes, and scattered multistory apartment buildings. Once

the built-up areas, the low-density commercial�industrial
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areas and the high-density urban areas were mapped, the

low-density residential area was mapped by subtracting the

low-density commercial�industrial areas and the high-density

urban areas from the built-up areas.
Open area refers to an area that has no man-made

structures and includes parks and vegetated area within a

city. Selecting a threshold value for the size of a nonbuilt-up

area in the nonbuilt-up layer, open areas were mapped as

nonbuilt-up areas with a smaller size than the threshold

value, and were surrounded by an urban area (based on the

calculation of distance to an urban area). Nonurban area

was the area with a size exceeding the threshold value.
When five individual classes were generated using the

outlined procedures, these classes and the water class were

then merged to generate a final land use map (Figure 2h).

Results and discussion

The proposed method was applied to the eight HH

polarized SAR scenes listed in Table 1. Although these

images were acquired from 2008�2010, we evaluated our

methods on urban test areas that did not undergo significant

change during this period. As a result, performance results

for the eight scenes can be compared with each other.

The large water body (Ottawa River) in the study area has

variations of brightness in the SAR images depending on the
seasons. It is hard to separate a snow and ice-covered water

area from other urban features due to similar brightness in a

SAR scene acquired in winter. Water area has the lowest

brightness value in a SAR scene acquired in summer.

However, the wind and waves may affect the local variations

of backscattering of the water. Thus two scenes of

TerraSAR-X images acquired in the summer were used to

make a complete water mask, and the derived water class
was not evaluated for its accuracy.

The mapping accuracy for five land use classes including

residential, commercial�industrial, high-density areas, open

land, and nonurban areas were evaluated using a stratified

random sampling strategy. The test samples were collected

across each scene. Due to the difference in coverage between

TerraSAR-X and Radarsat-2 scenes, a different number of

random samples were used. For three TerraSAR-X scenes,

690 random pixels were selected to evaluate the mapping

accuracy because of the same coverage. For Radarsat-2

data, 309 random samples for SLA6, 335 for SL7, 420 for

SLA19, 348 for SLA25, and 387 for SLA74 were used.

The classification categories of these samples were made

based on visual interpretation of airphotos, Google maps,

and ground visits. Table 2 shows the mapping results. As the

Radarsat-2 scenes do not cover the high-density urban

area that is located in the downtown area of the capital

region, there is no high-density urban area detected in five

Radarsat-2 scenes. One thing to note about the land use

mapping procedure proposed in this study is that it was

based on accurate mapping of urban extent. It was found

that nonurban area achieved the highest mapping accuracy

among all five classes, with producer accuracy ranging from

86% to 100% and user accuracy ranging from 75% to 91%.

Open land class achieved the lowest mapping accuracy, with

producer accuracy ranging from 24% to 60% and user

accuracy ranging from 79% to 100%. Low accuracy of open

areas was due to the application of a large size window for

texture analysis during the urban extent mapping, during

which, more urban areas were mapped at the sacrifice of the

open areas among the built-up areas. In general, higher

accuracy was achieved for the residential class than the

commercial�industrial class. Within commercial�industrial

areas, the areas around large buildings were mapped

successfully; however, areas around small buildings

could not be mapped efficiently because of the lack of

consideration of the contextual information for mapping

commercial�industrial areas with small buildings. As high-

density areas only exist in a limited area in the study area,

the results showed producer accuracy ranging from 47% to

65% and user accuracy ranging from 80% to 100%.

In this study, we found that contextual information is

very useful in improving urban land use classification.

The combination of bright feature and dark linear feature

density is useful to correctly characterize the urban features.

We found that the dark linear feature density and bright

feature density in the urban area in a typical block is greater

than 11%, which is selected as threshold to determine if the

Table 2. Results of urban land use mapping using high-resolution SAR based on analysis of linear feature and building density and

contextual information.

Producer’s accuracy (%) User’s accuracy (%)

Scene Residential Commercial

High

density

Open

land Nonurban Residential Commercial

High

density

Open

land Nonurban

Overall

(%) Kappa

TSX 20080203 88.6 60.9 64.7 59.4 95.2 78.5 67.9 100.0 90.1 85.3 81.3 0.74

TSX 20080819 82.0 63.2 47.1 52.8 99.0 82.3 65.5 80.0 97.0 74.9 78.7 0.7

TSX 20090521 83.1 56.3 64.7 49.6 98.6 78.8 63.6 84.6 95.3 76.8 78.0 0.69

RS2 20090324 86.3 51.4 na 24.3 85.7 58.6 67.9 na 100.0 90.9 74.4 0.61

RS2 20100130 74.8 89.8 na 68.8 95.8 84.1 73.3 na 88.0 81.3 81.8 0.75

RS2 20100129 85.7 91.5 na 29.9 95.2 82.2 69.1 na 88.5 76.7 78.1 0.69

RS2 20100127 86.3 65.9 na 36.5 87.1 75.0 67.5 na 79.2 82.1 76.7 0.66

RS2 20090614 88.1 51.0 na 50.8 100.0 82.9 92.9 na 91.4 75.6 80.9 0.72

Canadian Journal of Remote Sensing / Journal canadien de télédétection
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area is built-up or nonbuilt-up. However, the ranges of linear

feature density and bright feature density in residential

areas, commercial�industrial areas, and high-density areas

have overlaps, thus a single threshold value could not be

selected to determine the land use type (Figure 4).

As we can see in Figure 3 (air photo) and Figure 5a, in

residential areas buildings and roads are distributed with

relatively uniform size and space. Bright lines that represent

extracted bright features (mostly buildings) and linear

features (mostly roads) occur at a regular interval. However,

commercial�industrial areas are characterised with buildings

and parking spaces of different sizes. The extracted bright

features and dark linear features in commercial�industrial

areas do not occur at regular intervals like that in residential

areas. Extracted linear features close to big buildings also

include large parts of building shadows and parking places

(Figures 5b and 5c). In high-density urban areas, high-rise

buildings have a larger size than residential areas and roads

usually distribute regularly. However, the extracted shapes of

high-rise buildings and roads are irregular and incomplete

due to the layover and shadow effect (Figure 5d). Therefore,

in this study, we applied contextual information in addition

to the density information.

Density analysis is based on the accurate mapping of road

and building candidates that depend on the geometric and

sensor characteristics. Although the brightness of the same

object in five Radarsat-2 images is different due to different

incidence angles and look directions, the results suggest

that variation of incidence angles may not produce much

variation in mapping accuracy. This may be due to the

procedures applied for mapping ensured extraction of

consistent density information and contextual information.

However, more experiments need to be done to verify the

influence because scenes that were used in this study have

different coverage. Two scenes acquired in winter (RS2 of

20100130 and TSX of 20080203) produced better results

than those from summer because trees were distinguished

from buildings in winter.

The extraction of water bodies using threshold value may

only work for large and quiet water bodies, not for small

water bodies or large water bodies with torrents. Other

efficient algorithms may be studied for further application.

It was found that the extracted boundaries between the

different regions were not clear due to the use of a large

window size for describing land uses. It was also noted that

where the cardinal effects are pronounced in the scene,

identical objects may have different backscattering depend-

ing on their orientations. Thus, identification of targets in

those areas remains problematic. In future, the algorithms

used for building detection and linear feature detection may

be substituted by the methods proposed by other researchers

to achieve better overall results. Improvements for main-

taining the boundaries of different land uses should be

considered. Regularity of linear features may also be

explored as contextual information during the classification.
The window size and threshold value for mapping the

urban elements are set manually according to the knowledge

of the study area and SAR scene characteristics. This can be

one of the limitations of the proposed method when it is

used for other study areas. Scales of density measurement,

Figure 4. Histogram of bright feature density and dark linear feature density calculated at block unit of size

135 pixels � 135 pixels (200 m � 200 m). (a) urban area, (b) residential area, (c) commercial area, and (d) high

density area.
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size, and shape of urban forms may vary from one city to

another. The scales adopted in this study may not be

suitable for another city and may need to be adjusted

to suit the situation of the mapping area during the

application. The semi-automatic procedure allows the user

to adjust only a few parameters according to the scene at the

beginning of the data processing. It would speed up the

processing of large volumes of SAR data of the same area.

A dark linear feature layer and a bright feature layer that

were created during the mapping procedures may be used

for monitoring purposes and verification purposes.

Conclusion

Urban land use mapping using a single SAR scene has

been a challenge. A new semi-automatic procedure for

urban land use mapping based on analysis of regional radar

backscatter patterns in terms of density of dark linear

features, bright features, and contextual information was

developed and presented in this paper. The method was

tested using the high-resolution data from Radarsat-2 and

TerraSAR-X sensors for land use mapping at the city level.

Applying this method, urban land use mapping can achieve

up to 74�82% overall accuracy for five land use classes

including low-density residential, low-density commercial�
industrial, high-density urban areas, open land, and non-

urban ares. The results from this study suggest that the

knowledge of land use could be acquired from the con-

textual information by analysis of radar backscatter patterns

at three levels of details. By properly selecting the measure-

ment levels for density, the land use pattern can be revealed.

The developed method is complementary to existing meth-

ods for urban extent mapping.

The research shows that the method achieves higher

accuracy for the nonurban class but lower accuracy for the

open land class and needs more consideration. The test with

data from different incidence angles suggests that the

method may be used for mapping and monitoring, thus

allowing the exploitation of various SAR data sets from

Radarsat-2 and TerraSAR-X that provide images with a

wide range of incidence angles.
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# 2013 CASI 749

C
an

ad
ia

n 
Jo

ur
na

l o
f 

R
em

ot
e 

Se
ns

in
g 

D
ow

nl
oa

de
d 

fr
om

 p
ub

s.
ca

si
.c

a 
by

 N
at

ur
al

 R
es

ou
rc

es
 C

an
ad

a 
on

 0
9/

10
/1

3
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 30%)
  /CalRGBProfile (None)
  /CalCMYKProfile (U.S. Sheetfed Coated v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed false
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly true
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (Euroscale Coated v2)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /SyntheticBoldness 1.000000
  /Description <<
    /DEU <>
    /FRA <>
    /JPN <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <FEFF00530065007400740069006e0067007300200066006f00720020007400680065002000520061006d007000610067006500200077006f0072006b0066006c006f0077002e>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


