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Summary

In an urbanized world, the management of forest resources in cities
is an important activity. Sustainable management requires consistent
information about the state and evolution of the urban forest. Such
information is especially needed by municipalities and organizations
that need to determine strategic and operational approaches to forest
management. Managers of urban forest need information on the status
as well as information on changes, trends, and multi-year development
of the urban forest. Monitoring the urban forest, however, is challenging
due to the rapid and unpredictable changes undergone by vegetation in
the urban environment. Remote sensing and specific image processing
methods for the identification and monitoring of trees in the urban
forest are still needed. There is a particular need for methods exploiting
the information captured by spaceborne and airborne optical sensors.
This dissertation investigated and developed advanced image analysis
methods as a solution to provide information for the sustainable management of urban forests. In particular, it considered very high resolution
(VHR) imagery (resolution <1 m) and residential areas in the Netherlands.
Moreover, given the multisource character of modern remote sensing, it
considered the integration of VHR images with varying radiometric, spectral and spatial characteristics for tree monitoring. Emphasis was given
to the identification of street trees and trees in parks. Both single-time
and multi-temporal identification of trees over a sequence of images was
considered. Attention was given to data quality and spatial uncertainty.
First, a geographic object-based image analysis method addressed
submeter multispectral images. Such an approach is suited to handle the
large amount of information and within-class variance characteristics of
VHR imagery. It considered the spectral, spatial and contextual characteristics of trees in the complex urban space. To do so, specific classification
rules exploited object features at multiple segmentation scales modifying
the labeling and shape of image-objects. Implementation on QuickBird
images acquired over the cities of Enschede and Delft (the Netherlands)
resulted in an identification rate of 70% and 82%, respectively. False
negative errors concentrated on small trees and false positive errors in
private gardens. The quality of crown boundaries was acceptable, with
an overall delineation error <0.24 outside of gardens and backyards.
Second, a contextual and probabilistic classification method for the
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identification of tree crowns exploiting both the multispectral and panchromatic resolution of satellite images was developed. This was done
by implementing a Markov random field based super resolution mapping
method in VHR satellite images, where the classification result has a finer
spatial resolution than the original image. The super resolution approach
targeted satellite products that offer insufficient spatial detail for tree
monitoring in multispectral mode but provide four times greater level
of detail in panchromatic mode, e.g, Geoeye, QuickBird or Ikonos. The
method defined an objective energy function in terms of the conditional
probabilities of panchromatic and multispectral images and it locally
optimized the labeling of tree crown pixels. In a Dutch residential area,
the method produced a consistent map of tree crowns (at 0.6 m) of a
higher accuracy than other pixel-based approaches.
Third, a change detection method based on the analysis of softclassification outputs derived from image having different characteristics
was developed. A “soft” classifier indicated to what extent a pixel resembled different classes, instead of attributing it to one single class. The
method approximated tree crown by ellipses derived after the iterative
fitting of a Gaussian function to crown membership images. Gradual and
abrupt changes were obtained, as well as a measure of change uncertainty
for the retrieved tree crowns. The method, implemented in two test sites,
permitted to integrate results from satellite and aerial VHR images. It
considered change both as a crisp and as a fuzzy process and recognized
the fuzziness of tree crowns from VHR images. It permitted to account
for uncertainty heterogeneities, as pixels with higher uncertainty values
contributed less in the determination of tree center location. The spatial
uncertainty reported per tree object provided valuable information that
can be used to prioritize operational tree management.
Fourth, active contours were used for the analysis of a sequence
of VHR images. This was based on ellipses, derived from the image
fitting technique, as the prior estimation of tree contours for the first
image in the sequence. Contours were optimized using a localized
active contours method which considered: (a) image intensity in the
proximity of the contour, (b) shape properties, and (c) the evolution
of adjacent contours. The method incorporated prior information into
the multitemporal analysis, as optimized contours were propagated
through the images in the sequence. Abrupt and gradual changes were
identified in two residential areas of the Netherlands using a set of VHR
images captured over a period of 5 years. Results were superior to an
alternative region growing segmentation approach. Optimized contours
facilitated tree crown monitoring and were suitable to update tree crown
spatial-databases in urban areas.
For the experiments on super resolution mapping, geographic object
based image analysis and change detection, the thematic and geometric
accuracy of the generated objects were evaluated. Indicators at the object
level, as well as the geometric quality of tree crown delineation were
reported. Uncertainty on the existence of the change of the tree crown
was modeled during the experiment on bitemporal change detection.
ii

Samenvatting

In een verstedelijkte wereld is het beheer van bomen in de steden een
belangrijke activiteit. Duurzaam beheer vereist consistente informatie
over de toestand en de ontwikkeling van het bomenbestand in de stad.
Dergelijke informatie is vooral nodig voor gemeentes en organisaties
die strategische en operationele benaderingen moeten ontwikkelen voor
beheer van het bomenbestand. Beheerders van stadsbomen hebben behoefte aan informatie over de huidige toestand, veranderingen, trends,
en meerjarige ontwikkeling van het bomenbestand. Monitoring van het
stadsbomen is echter een uitdaging vanwege de snelle en onvoorspelbare veranderingen die de vegetatie in de stedelijke omgeving ondergaat.
Aardobservatie en specifieke beeldverwerkingsmethoden voor de identificatie en monitoring van bomen in de stad zijn nog steeds nodig. Er is
vooral behoefte aan methoden die gebruik maken van de informatie uit
aardobservatie door optische sensoren vanuit de lucht en vanuit satellieten. Dit proefschrift onderzocht en ontwikkelde geavanceerde beeldanalyse methoden voor het verstrekken van informatie voor het duurzaam
beheer van stadsbomen. Het richtte zich in het bijzonder op beelden
met een zeer hoge resolutie (<1 m) en woonwijken in Nederland. Omdat
moderne aardobservatie gewoonlijk gebruik maakt van verschillende
bronnen, werden beelden met verschillende radiometrische, spectrale en
ruimtelijke eigenschappen in aanmerking genomen voor de monitoring
van bomen. De nadruk lag op de identificatie van bomen in straten en
parken, zowel op één bepaald moment als in een tijdserie van beelden
met aandacht voor data kwaliteit en ruimtelijke onzekerheid.
Ten eerste werd een object gerichte beeldanalyse methode ontwikkeld
voor multi-spectrale beelden met een ruimtelijke resolutie van minder
dan één meter. Deze benadering is geschikt om de grote hoeveelheid
informatie en variatie binnen klassen te verwerken, die kenmerkend zijn
voor hoge resolutie beelden en is gebaseerd de spectrale, ruimtelijke
en contextuele kenmerken van bomen in de complexe stedelijke ruimte.
Specifieke classificatie regels maakten gebruikt van object eigenschappen
voor segmentatie op verschillende schaalniveaus, met aanpassing van
de klasse en de vorm van de beeld objecten. Toepassing op QuickBird
beelden van de steden Enschede en Delft (Nederland) resulteerde in
een identificatie van respectievelijk 70% en 82% van de bomen. Gemiste boomkronen (vals negatieve fouten) waren vooral die van kleine
iii

bomen en over-detectie (valse positieve fouten) vond vooral plaats in
privé tuinen. De kwaliteit van de afbakening van de grenzen van de
kronen was aanvaardbaar, met een totale fout < 0.24 buiten de tuinen en
achtertuinen.
Ten tweede werd een contextuele probabilistische classificatie methode ontwikkeld voor de identificatie van de boomkronen, die gebruik
maakt van zowel de multi-spectrale en panchromatische resolutie van
satellietbeelden. Dit werd gedaan door middel van superresolutie kartering gebaseerd op "Markov Random Fields", hierbij heeft de classificatie een hogere ruimtelijke resolutie dan het oorspronkelijke beeld.
De superresolutie benadering richtte zich op satellietbeelden die voor
monitoring van bomen niet genoeg ruimtelijke resolutie hadden in de
multi-spectrale banden, maar een vier keer zo gedetailleerde informatie
in de panchromatische band, zoals Geoeye, QuickBird of IKONOS. De
methode beschrijft een object gerichte energie functie in termen van de
conditionele kansen van panchromatische en multi-spectrale beelden en
optimaliseert de lokale classificatie van boomkroon pixels. In een Nederlandse woonwijk produceerde deze methode een consistente kaart van de
boomkronen met een resolutie van 0,6 m en een hogere nauwkeurigheid
dan andere op pixels gebaseerde benaderingen.
Ten derde, werd een methode ontwikkeld om veranderingen te detecteren op basis van de analyse van de resultaten van "zachte" classificatie, gebaseerd op beelden met verschillende eigenschappen. Een
"zachte" classificatie geeft aan in hoeverre een pixel op verschillende
klassen lijkt, in plaats van er één enkele klasse aan toe te kennen. De
methode benadert de boomkroon door ellipsen verkregen uit iteratieve
aanpassing (beeldfitting) van een Gaussische functie op een beeld met
de mate waarin pixels op de klasse "boomkroon" lijken. Hieruit werden
geleidelijke en abrupte veranderingen verkregen, evenals een maat voor
de onzekerheid van de verandering van de gekarteerde boomkronen. De
methode, toegepast op twee testlocaties, maakte het mogelijk om de
resultaten te integreren van hoge resolutie satellietbeelden en luchtfoto’s.
De methode beschouwde verandering als scherp en als een geleidelijk
(fuzzy) proces en herkende de vaagheid van de boomkronen op hoge resolutie beelden van stedelijke gebieden. De methode maakte het mogelijk
om rekening te houden met heterogeniteit van onzekerheid, doordat
pixels met een hogere onzekerheid minder bijdroegen aan de bepaling
van het centrum van de boomkroon. De ruimtelijke onzekerheid, gerapporteerd per boom object, leverde waardevolle informatie op die kan
worden gebruikt om prioriteiten te stellen bij het operationeel beheer.
Als vierde methode werden actieve contouren gebruikt voor de analyse van een sequentie hoge resolutie beelden. Dit was gebaseerd op
ellipsen, afgeleid van de beeldfitting techniek, zoals de a priori schatting
van de boomcontouren voor het eerste beeld in de reeks. Contouren werden geoptimaliseerd met behulp van een gelokaliseerde actieve contour
methode met inachtneming van: (a) de beeldintensiteit in de nabijheid
van de contour, (b) vormeigenschappen en (c) de evolutie van aangrenzende contouren. De methode betrok a priori informatie in de multiiv

temporele analyse door het propageren van geoptimaliseerde contouren
door de beelden in de reeks. Abrupte en geleidelijke veranderingen
werden geïdentificeerd in twee woonwijken in Nederland met behulp van
een set van hoge resolutie opnamen, gemaakt over een periode van 5
jaar. De resultaten waren beter dan bij een alternatieve segmentatie benadering gebaseerd op de groei van regio’s. Geoptimaliseerde contouren
maakten boomkroon monitoring gemakkelijker en waren geschikt voor
het bijwerken van ruimtelijke databanken van boomkronen in stedelijke
gebieden.
Voor de experimenten met superresolutie kartering, beeldanalyse
gebaseerd op geografische objecten en detectie van veranderingen werd
de thematische en geometrische juistheid van de gegenereerde beeld objecten geëvalueerd. Indicatoren van nauwkeurigheid op object niveau en
de geometrische kwaliteit van de boomkroon contouren werden vermeld.
Onzekerheid over het bestaan van de verandering van de boomkroon
werd gemodelleerd tijdens het experiment op bi-temporele detectie van
veranderingen.
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Introduction

This chapter motivates the scope of this work in terms of the importance of urban forests and the information demands to enable their
sustainable management. It defines the urban forest as “the collection of
all trees in stands and in groups as well as single trees within and close to
urban areas” and references a number of benefits derived from trees in
cities. It continues with a description of mainstream methods applied for
detailed tree identification using very high resolution images (considered
in this work as images providing submeter detail). This proceeds with
the introduction of the challenges constraining the identification of tree
crowns in very high resolution images as: (a) the limited spatial detail of
multispectral images, (b) the poor spectral separability of tree crowns,
(c) the large within class variance inherent to high resolution images,
(d) the complexity of the urban space and tree heterogeneity in cities and
(d) the rapid change of vegetation in urban centers. The chapter ends by
setting objectives and research questions to be addressed throughout
the rest of the thesis.
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1. Introduction

1.1 The need for urban trees
With half of the world population living in areas dominated by conurbations of asphalt, sealed surfaces and polluted air, the attention has been
centered on how to improve the living conditions of urban dwellers and
on how to reduce the environmental effects of urban sprawl. One way to
achieve this is through the management of urban forest in metropolitan
areas. According to Konijnendijk (2005), urban forest may be defined
as the collection of all trees in stands and in groups as well as single
trees within and close to urban areas. These include for example trees in
woods, parks, private gardens, streets, as well as trees planted around
factories, offices, hospitals and schools.
Successful urban forest management and decision making requires
timely, complete and accurate information. The management of urban
forest resources done by urban forestry organizations includes (Gustavsson et al., 2005):
 Strategic management: aiming to establish objectives, policies and
planning strategies on the long term.
 Operational management: aiming to set concrete forestry practices
to be implemented on a yearly basis.
Scientists and ecological organizations have recently highlighted the
importance of understanding ecological implications of urban areas and
the generation of solutions for sustainable development of green cities.
The importance of urban forests goes beyond their aesthetic aspect. In
fact, urban greenness is nowadays frequently used as an indicator of
well-being of citizens, and green spaces are regarded as key elements
improving the living conditions of urban dwellers.
Urban forests provide a large number of benefits and services as
defined and evaluated in the Chicago Urban Forest Project report (McPherson et al., 1994). To name a few, trees
 Reduce air pollution by intercepting particles and absorbing gaseous
pollutants
 Alleviate the heat island effect by means of their transpiration,
shading and heat absorption
 Help to reduce energy consumption in winter and summer in temperate areas
 Appreciate the economical value of real estate
 Provide space for recreation and leisure
 Have a positive psychological effect in citizens
So far, the potential of urban forests to store and avoid carbon dioxide
(CO2 ) emissions has been underestimated. According to the Chicago
project, the amount of carbon annually sequestered by one tree less than
8 cm in trunk diameter equals the amount emitted by one car driven
16 km. Trees in urban areas also reduce CO2 emissions by reducing
energy consumption. Nowak and Crane (2002) estimated that ten million
2
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urban trees strategically planted over a period of ten years would store
77 million tons of carbon and avoid emissions of 286 tons of CO2 .
Considering the psychological impact of urban trees, a green city reduces the stress levels of urban dwellers and provides inviting spaces for
community interaction. Urban trees in Europe have had largely a recreational associated function (Konijnendijk, 2005). Urban trees represent
aesthetical objects that beautify the city and can screen functional street
features. They allow citizens to interact with nature in everyday life and
represent the most immediate escape from the gray urban infrastructure.

1.2 Monitoring urban trees
Urban trees are in the interest and attention of city planners and stake
holders concerned with their management and conservation. Urban
forestry departments in many cities have adopted policies and regulations regarding the development of green areas. If involved authorities
and municipalities want to quantify the impact of urban trees and to
establish adequate policies on tree conservation and planting, accurate
and timely information is needed. For instance, authorities need to establish suitable areas for planting trees and to obtain reports on the
growing conditions and development of existing green areas in the urban
environment. That is, they need information that lets them quantify the
impact of their previous interventions and determine the best policies
and strategies towards desired scenarios.
The urban environment is generally a harsh habitat for trees. Environmentally induced stress reduces the vigor of many tree species and increases their susceptibility to disease and pest infestation (Kuchelmeister
and Braatz, 1993). In an urban environment, trees grow in compacted
and toxic soils, with poor air conditions, in limited growing space for
roots and canopy, and affected by the presence of urban infrastructure.
The increased demand for functional facilities claims the remnant space
for urban green areas. Moreover, the urban heat island effect creates
microclimates with varying temperature and with low humidity.
Several authors have indicated how these limiting conditions reduce
the expected life of urban trees. Nowak et al. (2004) found an annual
average mortality rate for the city of Baltimore of 6.6%, a loss of 325,000
trees in a lapse of 3 years. Mortality rates of young urban trees have
been found to vary between 6% and 20%, according to several studies in
the United States (Bond, 2005).
Information on urban trees may be required at varying levels of detail. Coarse scale inventories try to determine tree canopy cover and
their extension. Mid-scale projects need information on types, condition
and extension of the urban forest. On the other extreme, fine scale
inventories, needed for strategic planning and decision systems, pursue
the acquisition of information at individual tree level. Detailed inventories often require physical parameters such as location, specie, age,
health condition, diameter at breast height (dbh), crown size, tree height
3
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and volume. The multitemporal acquisition and management of this
information represents a challenge difficult to address with the present
solutions.
Traditionally, urban trees inventories have been done using ground
survey techniques by means of tools and techniques implemented in
forestry plantation inventories (USDA, 2002). This involves the implementation of sampling techniques and field survey measurements. Nevertheless, the sampling approach cannot reproduce the amount of information needed for detailed inventories. For individual tree inventories “a
wide range of methods have been developed, including Global Positioning
Systems (GPS), hand held data recorders, bar code readers, electronic
telemetry and advanced surveying instruments” (USDA, 2002). A drawback of single tree inventories is their high production cost (Holmstrom,
2002). Factors such as: the extent of urban areas, tree age, tree diversity,
the restricted access to private areas, the dynamic growing conditions
and the need for timely monitoring, make the ground survey forestry
techniques considerably expensive and largely inapplicable.
Managers of urban forest do not only need information on the status
quo, they also need information on changes, trends, and multi-year development of the urban forest. Having up-to date information on the state
of the urban forest is challenging, given the rapid variation of the urban
landscape and the constant modification of growth resources like water,
light and soil. Urban forest monitoring requires the integration of diverse
information sources and understanding the dynamics of vegetation in
urban areas.

1.3 Monitoring urban trees in the Netherlands: the
Boom en Beeld project
In the Netherlands, where more than 80% of the population live in urban
areas (World Bank, 2011) and only about 11% of the territory is covered
by forests (Ministry of Agriculture, Nature and Food Quality, 2004),
authorities have made important progress towards the development
of forestry policies and management of trees in urban areas. Urban
forestry activities started early in the country (Gerhold et al., 1983) and
currently outdoor recreation is the most important active use of forest
areas (Duuren, L van et al., 2003). About 14% of the Dutch forests are
owned by municipalities and 35% by the state (PROBOS, 2000).
Nowadays, every municipality functions as an autonomous entity
in charge of dictating and implementing policies regulating landscape
planning and management of urban green areas. The municipality of
Enschede, for instance, adopted a tree policy in 1997, setting specific regulations on the planting and felling of trees (Gemeente Enschede, 2010).
An environmental permit is required to fell a tree larger than 30 cm
dbh in a private parcel. Citizens need permission as well for thinning
trees which are in public or private areas. Permits for felling trees are
4
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Figure 1.1 Information needs of Enschede and Venray municipalities: tree
position (XY), crown diameter (CD), crown height (CH), tree height (TH), trunk
diameter (DBH), crown base height (CBH), age, vitality and species.

examined for a period up to eight weeks and can cost around e63. In
addition, fines for transgression to the urban forestry structure can go
up to e2268 or an imprisonment of two months. About 400 trees have
been declared monumental trees and are specially protected.
In response to recent developments, the private and scientific community have become interested in the identification of strategies providing relevant information on the state of tree resources in cities. This research, being a government sponsored collaborative effort of the academy
and industry sectors within the frame of the Boom en Beeld (Tree and
Image) project, is a manifestation of such interest (van der Sande, 2010).
The Boom en Beeld project was executed between 2007 and 2010, and its
results are reported in NEO, ITC, Alterra (2010).
Meetings with end-users permitted to identify information needs at
the municipal level. The project’s report identifies basic tree information
required by municipalities to monitor their trees as shown in Figure 1.1.
Municipalities identified tree height, crown diameter, crown base height
and crown height, as relevant information to determine tree growth,
estimate pruning requirements, determine potential damage to urban
infrastructure and identify trees limiting vehicular or pedestrian traffic.
Tree vitality was noted as an important variable to assess growing conditions and identify outbreaks of tree diseases.
Moreover, several facts presented in the document manifest a need
to update and maintain spatial databases. As of 2008, the municipality
of Enschede had identified and registered 65,000 public trees. Nearly
5
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13,000 trees, mainly located in the country side, were not inventoried.
The municipality had a geospatial tree database, although most of the
tree information was stored in analog format. An estimate of 1,500
trees were planted each year, with loses being around the same number.
The report states that having access to updated tree inventories would
facilitate:
 The issuing of timely and specific maintenance contracts
 The detection of trees lost after storms
 The detection of transgressions to felling regulations
 The early identification of tree diseases
 The monitoring of monumental trees
 The implementation of tree maintenance

1.4 Geospatial approach for tree monitoring
The notion of urban forest has transformed from the traditional street
tree management to an urban ecosystem management (Ward and Johnson, 2007). Urban foresters and authorities have adopted geospatial
technologies to cope with the information demands attached to the
urban environment. In particular, geographic information systems (GIS)
and remote sensing techniques have received a lot of attention. While
the GIS approach to urban forestry has been to a large extent defined,
the use of remote sensing is still incipient and matter of research for
efficient data acquisition and processing.
Individual tree inventories and information on urban forest can effectively be handled with GIS systems. A GIS system assists in the storage,
update, management and visualization of data acquired during individual
tree inventories. GIS data can be effectively used to visualize, monitor
and manage urban forest resources. With the incorporation of statistical
and spatial models to the GIS, the impact of transformations of the
public infrastructure or transportation networks on the forest resources
can be foreseen and visualized (Ward and Johnson, 2007). GIS inventories of individual urban trees have been implemented successfully by
the USDA department in the United States (Bloniarz et al., 2003) and
several Chinese cities have already implemented some sort of forestry
inventories with GIS tools (Zhang et al., 2007). Note, however, that while
GIS enables the analysis and management of data, it does not provide or
gather primary forestry information on the land surface.
Urban authorities and foresters have considered remote sensing solutions to provide timely, cost effective and periodic information on the
urban vegetation state. When remote sensing methods were introduced in
forestry, practitioners saw the possibility of replacing the costly field data
collection methods with data derived from imagery. Around 1940, the
first aerial photographs were used for forestry inventories (Holmstrom,
2002). The main advantage of remote sensing images is the synoptic
6
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view they provide over large areas, whereas field survey methods need
considerable time and effort to acquire an equivalent amount of information.
The use of remote sensing in urban inventories has been mainly limited to the fast acquisition of information for urban forest inventories in
large scale projects. Remote sensing images—mainly aerial images—have
been used to measure the extent of urban forest or to produce canopy
cover maps. For instance, in Jina, China, and Boston, USA, spaceborne
and airborne images have been used to estimate canopy cover, forest
composition and quantify street trees (Zhang et al., 2007; Institute of
Urban Ecology, 2008).
Considering the semi-automatic inventory of individual trees, however, remote sensing has been applied experimentally and modest results
have been reported. Urban foresters have adopted aerial photographs
as a tool to identify sampling areas (Gann, 2003) and their analysis has
been mainly restricted to the visual interpretation. Satellite imagery
has been more enthusiastically adopted in studies of natural forest and
plantations (Hirschmugl et al., 2007; Leckie et al., 2005; Wolf and Heipke,
2007). The incipient use of remote sensing in detailed tree inventories is
largely due to the limited spatial resolution in relation to the size of trees
on the ground. While most street trees are smaller than 20 m in crown
diameter, the most traditional, accessible and reliable space programs
have specialized on providing information in the range of 10 to 30 m.
Just recently, with developments in technology and data policies, very
high resolution (VHR) images have become an alternative data source to
remote sensing applications. VHR images, considered here as imaging
products offering submeter detail, are a valuable tool for monitoring
urban forests as it permits the identification of elements of the urban
environment and improves the level of mapping detail (Thomas et al.,
2003). The commercial cost of VHR imagery has sharply decreased over
the last years (Jacobsen, 2005), as more commercial imaging satellites
are deployed in space, e.g., Ikonos, QuickBird, Orbview and WorldView.
Similarly, with the introduction of digital photogrammetric cameras,
VHR images are providing potential information for detailed tree inventories. Digital commercial cameras such as the ADS40 or the DMC Z/I,
have already mapped large areas of the world. Depending on flying
height and sensor sensitivity, aerial cameras capture images with spatial
detail ranging from a few meters to a few centimeters. An overview of
specifications of VHR spaceborne and airborne sensors can be found
in Ehlers (2005).
With the profusion of airborne and spaceborne sensors, imaging
products with their own particular spectral, spatial and temporal resolution have become available. This is significant as multitemporal
observations can be used to increase the accuracy of the individual inventory by adding information of previous dates. This, however, also
challenges the consistency and applicability of image analysis methods
for information extraction. Image processing methods applied to the
monitoring of urban features have to be flexible enough to accommodate
7
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the wide range of image characteristics provided by modern sensors.
Methods, moreover, should allow the integration of multiple data sources
and should permit the inter-comparison of multi-temporal results.

1.5 Image analysis methods for tree extraction on
VHR images
A review of methods for identification of individual tree in optical images
permit to identify four main approaches as described below.

1.5.1 Local maxima
This method has been by far the most intensively investigated image
analysis approach for tree top detection in VHR images (Pouliot et al.,
2002). It assists in the detection of individual tree locations considering
that tops of tree crowns generate intensity peaks in optical images. This
can be explained by the sun illumination and the position of the sensor
with respect to the imaged tree. Under most conditions, the tree crown
top is more likely to be directly illuminated by the sun and therefore to
appear brighter than any other part of the tree on the image (Culvenor,
2002).
Assuming that the local maximum is located near or at the center of
the tree crown, a local maximum filter with specific kernel is applied on
the image to detect tree locations. Finding an appropriate size for the
moving window is crucial for the performance of the method; several
authors have conducted research in order to identity suitable window
sizes (Wulder et al., 2004; Popescu and Wynne, 2004). Unfortunately,
local maxima for tree crowns are mainly observed in coniferous trees and
do not occur equally clear in deciduous trees (Gougeon and Leckie, 2006;
Pouliot et al., 2002). In particular, this often leads to false detections
when the method is applied to spatially heterogeneous areas or to images
with large spectral variance.

1.5.2 Valley following
This method is used to delineate tree crowns. It considers image intensity as the elevation of a topographic surface. Ideally, trees create blobs or hills, where the tree top is the highest part of the hill—
brightest digital value—and crown boundaries form valleys or shady
rings—darker values—. These valleys are created by shadows under
appropriate sun illuminating conditions and tree structure. The valley
following algorithm defines a set of semantic rules to enclose valleys
and enhance the separation of individual crowns. The method has become operational under the Canadian Forest Service for tree inventories
in forest plantations (Gougeon and Leckie, 2006; Leckie et al., 2005;
Gougeon, 1995; Leckie et al., 2003). An interesting extension combining
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local maxima, valley following and probabilistic rules in infrared VHR
imagery is presented in Culvenor (2002).

1.5.3 Tree modeling and image templates
In this approach geometric templates are constructed and matched to
the image according to the physical structure of the trees in the study
area. Several works have investigated this approach (Gong et al., 2002;
Sheng et al., 2001; Korpela et al., 2007; Larsen and Rudemo, 1998; Pollock,
1996; Wolf and Heipke, 2007). In these works, geometric attributes of tree
crowns are ideally modeled, considering specific test sites and species.
Shape parameters such as tree height, crown diameter and convexity are
investigated and often modeled by means of a generalized ellipsoid. The
aim is to ignore the fine scale details of the crown and to find a match
between generalized crown models and radiometric image values. As
in the case of local maxima, the radiometric values of the images form
a continuous field which is conceptually analogous to a topographic
surface where the spectral values represent the vertical component. This
approach has been used with VHR imagery as well as digital surface
models derived from laser scanner data observations.

1.5.4 Segmentation methods
Image segmentation is the division of an image into regions which correspond to objects or part of objects. Those segments are meaningful if they represent objects of interest or real world objects on the
image—complete segmentation—. They can also correspond to part of
objects that can be further processed and merged using higher level
information—partial segmentation—(Sonka et al., 2008). Resembling
concepts of human perception, image segmentation techniques permit
to work with significant regions in the image rather than with individual
pixels. There are three approaches to image segmentation, namely: image thresholding, edge-based and region based (Glasbey and Horgan,
1995). Region based segmentation has been more widely used for tree
detection. This method seeks to construct regions on the image using
a homogeneity criterion. The homogeneity criterion may be based on
image brightness, texture, shape, size, etc. In a more advanced approach,
semantic information can be involved during segmentation. Several
works have implemented image segmentation in VHR imagery in order
to identify individual trees in homogeneous landscapes (Erikson, 2004;
Hirschmugl et al., 2007).

1.6 Data quality and accuracy of remote sensing
classification products
Several sources of uncertainty hamper the identification and spatio
temporal monitoring of urban trees using remote sensing. Uncertainty
9
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arises as the urban space is sampled in a “snapshot” at a given time,
which is then processed and analyzed to extract urban tree objects that
are later stored in a spatial database. Uncertainty further increases
as multitemporal “snapshots” are combined in the analysis. As stated
in Gahegan and Ehlers (2000), uncertainty propagates as we move from a
sequence of conceptual models, namely: the field, image, thematic and
object model. Next to the consistency and completeness of image data,
uncertainty of an image dataset is attached to its radiometry, spatial
extent and temporal extent.
The most investigated source of uncertainty in the remote sensing
process is that of the land cover classification algorithms. In remote
sensing, the term accuracy is generally used to express the degree of
correctness of a classification map. The classification map is accurate if
it matches with the reality on the ground. Hence, a classification error is
a discrepancy between what is predicted on the image and what can be
found on the ground. Common tools to evaluate classification accuracy
are the error matrix and the kappa index (Foody and Atkinson, 2002;
Richards and Jia, 2006).
Quantifying the accuracy of feature identification is challenging as
often the errors are of different magnitude throughout the image space.
The error matrix has limitations in this sense, as it disregards the spatial
distribution of the classification errors. In fact, classification errors are
not randomly distributed over the output results but they occur most
likely with certain patterns arising from sensor’s properties or from the
characteristics of land cover classes (Steele et al., 1998). Considering
trees in images, the certainty and accuracy of identification is expected
to be lower towards the edge of the tree crown object than at the center
of the crown. Moreover, in the complexity of the urban space, accuracy
of tree identification spatially varies depending on the particular local
context conditions of trees.
Uncertainty of the predictions and uncertainty of the errors have to
be communicated to end-users. In this research, an honest disclosure of
accuracy of image processing derived products can support operational
management on the field. For instance, field checks can be prioritized
and information of areas where the method fails can be complemented
with other sources. To this aim, designed methods have to allow the
identification of the spatial distribution of errors and consider the objectbased accuracy rather than the pixel-based accuracy of derived results.

1.7 Problem statement
Although several image processing techniques can be considered for
vegetation mapping, it is still challenging to implement automatic or
semi-automatic inventories of individual trees using remote sensing
imagery. Urban tree inventories are still extracted through visual interpretation of aerial images and backed up with field work (Holmstrom,
2002; USDA, 2002). Eriksson et al. (2004), evaluated three mainstream
10
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techniques for individual tree identification in forest plantations and
found limitations in all of them, concluding that not any single method
performed equally well for different forest types. Currently, methods
implemented in commercial software applications do not exploit the
amount of information VHR images provide.
Tree inventories using remote sensing in the settings of the urban
environment are rare, let alone the implementation of a monitoring system. Most vegetation inventories using VHR imagery and image analysis
have been implemented in natural forest and tree plantations (Pouliot
et al., 2005). Efforts to map individual trees have been limited to specific
experimental conditions. VHR images have supported urban forest inventories at moderate scale, mainly trying to determine forest canopy
cover or construct urban greenness indicators (Ward and Johnson, 2007).
Issues constraining tree detection and monitoring of urban trees
using VHR remote sensing are:
1. The limited spatial resolution of multispectral spaceborne sensors.
Spaceborne satellites provide the most continuous and up to date
source of imagery for tree mapping and monitoring. Their multispectral mode is fundamental for identification of vegetation, however, their spatial resolution does not reach submeter detail. GeoEye,
the satellite providing the most detailed imagery commercially available, has a spatial resolution of 1.65 m at nadir. This resolution
is clearly insufficient to map a large number of small and medium
sized trees. For instance, out of 875 tree crowns digitized over a
VHR aerial image of Enschede in 2008, 24% had a crown diameter
below 4 m. Gougeon and Leckie (2006), stated that the limited
spatial resolution of present spaceborne sensors do not permit the
generation of true individual tree inventories and that their implementation is not realistic given the methods and spatial information
currently available.
Furthermore, the limited resolution of VHR satellite images and
the loose representation of the geographic space using a raster
structure leads to the mixed pixel problem. The problem arises as
the information given by a single pixel corresponds to the mixture
of reflecting surfaces located within its spatial support (Fisher,
1997). Given tree crown size and the resolution offered by VHR
multispectral images, few pixels correspond to the pure response of
canopy vegetation for a single tree. This issue is hardly addressed
by spectral classifiers that assign each pixel to a single land cover
class and leads to uncertain estimation of canopy areas depending
on the relation tree-pixel size.
2. The poor spectral separability between trees and other vegetated surfaces.
Most conventional classification methods rely on the statistical
clustering of pixels in a multi-dimensional feature space. A good
spectral separability leads to a better discrimination of features of
interest. Tree crown canopies, however, have poor spectral separ11
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ability respect to other vegetation life forms such as weeds, shrubs
and herbaceous vegetation in the optical and infrared spectral
range. These leads to a large number of commission and omission
errors in the classification of VHR imagery.
3. The large class variance of trees in VHR submeter imagery.
Tree crowns have a large spectral class variance in submeter detail
images. This is due to the fact that when the spatial resolution
is considerably finer than the feature of interest, the probability
that individual pixels of a class sampled at different sites of the
image have a different spectral value is high (Marceau et al., 1994a;
Thomas et al., 2003). In fact, when trees are imaged at fine resolution, a large number of pixels correspond to the mixed response
of canopy vegetation and structural elements such as branches,
leaves and trunks. This large within-crown spectral variance negatively affects tree detection and delineation (Hirschmugl et al., 2007;
Pouliot et al., 2002). It further complicates supervised classification approaches and the stage of training set definition, as several
spectral classes have to be defined to match the spectral variance
of tree crowns in VHR imagery.
4. The complexity of the urban space surrounding urban trees and
the heterogeneity of trees regarding their: size, specie, supporting surface and plantation pattern.
Particular conditions of trees in urban areas pose a challenge for
image processing feature extraction methods. Urban trees exhibit a
large variety of sizes and physical heterogeneity over short range.
In the Netherlands, urban trees may range in crown size diameter
from a few centimeters by the time they are planted up to 25 m (Philippona, 2008). Furthermore, tree species in urban areas are diverse,
specially in sites where arboriculture practices are intense and
strong attention to landscape design is given. Tree characteristics
are also diverse according to the presence of physical infrastructure
such as road lanes, parking lots, buildings or green open areas. All
this particular characteristics differ, for instance, from those of
trees in a plantation site, where there is less variation in tree size
and specie, and the physical characteristics of the landscape are
more homogenous. While a tree in a plantation is remarkably likely
to share similar characteristics with neighboring trees, nothing can
be said about trees in cities.
Contextual information could help to model the particular characteristics of tree crown identification in cities. Most image classification methods, however, ignore the spatial context and rely on
the exclusive labeling of image pixels according to their spectral
response. Although a number of classification methods involving
image context have been proposed, addressing the context of an
image classification task requires special attention to the specific
characteristics of the features being modeled. There are yet no
developments on how the contextual information of tree crowns
12
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can be used to facilitate tree crown identification in the particular
settings of an urban landscape.
5. The dynamic and unpredictable rate of change undergone by
urban trees
Trees in urban areas are subject to very dynamic and unpredictable
changes due to human intervention, constant modification of the
growing environment and harsh growing conditions. Apart from
the inherent dynamic of phenological cycles, urban vegetation is
subject to external variables imposed by the particular conditions
of the urban environment. Urban forest constantly transform due
to human intervention in the availability of resources such as soil,
light, air and water. For example, urban infrastructure and physical
expansion often leads to reduced growing space, limited illumination, soil compaction and higher air temperature. Direct human
interventions such as pruning, thinning, and planting are periodically implemented which lead to unexpected and sudden changes. In
consequence, tree information in urban areas dates with the pass
of a few months. Ultimately, the dynamic behavior of urban forest
emphasizes the need for timely information and solutions that can
be replicated over time.
6. The diverse range of spectral, spatial, radiometric and temporal
characteristics of VHR imagery available for multi-temporal image analysis
The modern geospatial market offers multiple sources of VHR imagery suitable for multitemporal change detection of urban vegetation. While this enhances the chances of a continuous monitoring
or urban trees, it also challenges image analysis methods. In this
sense, methods have to be flexible to accommodate the particular
characteristics of image sources and have to provide consistent
multi-temporal results that can be integrated. In particular, differences in spatial, radiometric and spectral resolution difficult
multi-temporal image analysis. Illumination conditions at time of
image acquisition, further complicate the integrability of multiple
image sources. In the presence of image variations, most multitemporal image analysis methods often confound changes due to
differences of input image with effective changes on the ground.

1.8 Research objectives and questions
This research focuses on the identification and monitoring of individual
trees and group of trees in urban areas by means of VHR images in
order to provide urban forestry authorities with timely and consistent
information to support management decisions and implementation of
urban trees policies. The project seeks to answer specific needs of
municipalities in the Netherlands in the frame of the Boom en Beeld
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workpackages 4 and 5 (NEO, et al., 2007). The objectives and questions
answered by this research are:
 Objective 1. Develop and implement advanced image analysis
methods to identify and delineate urban tree crown objects using
VHR airborne and spaceborne images.
Research question Can semantic knowledge classification methods
in an object oriented approach be used effectively to extract urban
tree objects in VHR imagery?
Research question Can contextual and Bayesian methods based on
MRF be used effectively to extract tree crowns in VHR imagery?
 Objective 2. Develop a method to facilitate spatio-temporal change
detection and monitoring of tree objects in urban areas.
Research question Can pixel- or object-based change detection
techniques be successfully used for spatio-temporal change detection
of tree objects in urban areas?
Research question Can the developed method be implemented to
semi-automate multitemporal tree crown detection?
 Objective 3. Determine the uncertainty of spatial and temporal
information on tree objects derived from image analysis methods
developed and implemented in objectives 1 and 2.
Research question How can the spatial uncertainty of the developed
and implemented methods in objectives 1 and 2 be modeled and
estimated?
Research question How can the spatial uncertainty of the developed
and implemented methods in objectives 1 and 2 be visualized?

1.9 Thesis outline
This thesis consists of six chapters. Chapter 2-5 correspond to the
scientific output of the research that has been already published by or
submitted to ISI-indexed journals. This is organized as follows:
Chapter 2. Proposes and implements an object-based image analysis
methodology for tree crown identification in VHR satellite images.
Chapter 3. Proposes and implements a super resolution mapping
algorithm based on Markov random fields for tree crown identification
in VHR satellite images.
Chapter 4. Describes and implements a tree crown change detection approach using VHR satellite images and focuses on the accuracy
of identification and quantification of spatial uncertainty of estimated
results.
Chapter 5. Proposes and implements a multitemporal change detection approach based on active contours using VHR aerial images.
Chapter 6. Summarizes the conclusions of this work and answers the
scientific questions. It describes the main contributions of this work to
the state of the art tree identification methods and gives outlook into
additional research aspects that can be considered in further studies.
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Context-sensitive extraction of
tree crown objects in urban areas
using VHR satellite images

Municipalities need accurate and updated inventories of urban vegetation in order
to manage green resources and estimate their return on investment in urban forestry
activities. Earlier studies have shown that semi-automatic tree detection using remote
sensing is a challenging task. This study aims to develop a reproducible geographic
object-based image analysis (GEOBIA) methodology to locate and delineate tree crowns in
urban areas using high resolution imagery. We propose a GEOBIA approach that considers
the spectral, spatial and contextual characteristics of tree objects in the urban space. The
study presents classification rules that exploit object features at multiple segmentation
scales modifying the labeling and shape of image-objects. The GEOBIA methodology
was implemented on QuickBird images acquired over the cities of Enschede and Delft
(the Netherlands), resulting in an identification rate of 70% and 82% respectively. False
negative errors concentrate on small trees and false positive errors in private gardens.
The quality of crown boundaries was acceptable, with an overall delineation error <0.24
outside of gardens and backyards.

The content of this chapter is based on the article published in the International
Journal of Applied Earth Observation and Geoinformation, volume 15 in 2011.
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2. Context-sensitive extraction of tree crown objects using VHR images

2.1 Introduction
Multiple benefits from the presence of urban trees have been described
extensively, mainly by forestry institutes and local authorities that are
aware of the balance that should exist between urban infrastructure
and green spaces (McPherson et al., 1994; Konijnendijk, 2005; McHale
et al., 2007). These studies have stressed the relevance of monitoring the
state of urban trees to quantify economic benefits and facilitate forestry
interventions. Since detailed inventories of the constantly changing
urban green ecosystem are costly and difficult to update with traditional
field survey methods, alternative solutions have been sought (Ward
and Johnson, 2007). Experience with remote sensing imagery in forest
plantations, however, has indicated a number of factors constraining
the semi-automatic identification of tree crowns. Such factors include:
(1) the limited spatial resolution of satellite images with respect to the
size of tree crowns, (2) the increase of within-crown spectral variance in
very high resolution (VHR) imagery, and (3) the low spectral separability
between tree crowns and other vegetated surfaces (Pouliot et al., 2002;
Gougeon and Leckie, 2006; Hirschmugl et al., 2007). Specific characteristics of urban areas also hinder the semi-automatic image identification
of trees. (1) In cities, trees spatially coexist with urban elements like
buildings, roads, sidewalks and canals, which results in a complex arrangement of the image space. (2) There is a large variation in tree
structural characteristics, such as height, crown shape, crown diameter
and canopy cover. (3) Depending on planting practices, trees may be
isolated, evenly spaced, in irregular spatial patterns or in groups of
interlocked trees.
As these factors limit the applicability of spectral classifiers for tree
identification, a promising solution is to address the complexity of the
urban space by using image context. Context, defined as any information
that can be used to characterize the situation of an entity, is an essential
element for feature recognition (Abowd et al., 1999; Oliva and Torralba,
2007). In the identification of trees from digital images, context can
foster better classification results by modeling conditions of the spatial
distribution of trees with respect to other urban elements. As such,
contextual rules can model the occurrence of trees along roads, in private
gardens or in green areas, and depending on sun illumination, image
shadows may be used to further improve tree identification.
Geographic object-based image analysis (GEOBIA) has been proposed
as a method to bridge the gap between the increasing amount of detailed
geospatial data and complex feature recognition problems (Blaschke,
2010). GEOBIA formulates the processing and analysis of homogeneous
regions, referred to as image-objects, which interact and evolve during
the classification process. Within a GEOBIA approach, context is modeled
through the topologic relations of neighboring image-objects which are
generated with a segmentation technique. This is an advantage over
pixel-based analysis, where context is limited to the local interaction of
16
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individual pixels within a window of an specific size (Blaschke, 2003).
In this work we consider VHR images those providing a spatial resolution better than one meter in the panchromatic mode (e.g., GeoEye,
WorldView-2, and QuickBird). Determining aspects that make GEOBIA an
attractive approach for the semiautomatic identification of urban tree
crowns in VHR satellite images are:
 There is not a unique scale for the analysis of geographic elements
in remote sensing (Hay et al., 1997). In fact, a multiscale approach
is needed for detection and analysis of vegetation (Marceau et al.,
1994b). In the context of this research, trees can stand alone,
forming regular patterns, or aggregate in groups of interlocked
trees. GEOBIA enables multiscale image analysis (Hay and Castilla,
2008).
 With increasing resolution so does the within-class spectral variance, which ultimately results in a low classification accuracy of
pixel based-classifiers (Woodcock and Strahler, 1987). An objectbased approach deals more efficiently with the high resolution
problem (Hay and Castilla, 2008).
 Image-objects offer a wide range of features for image analysis
not available when considering individual pixels (Blaschke, 2003).
Texture, shape and contextual features are key to the identification
of trees in urban scenes.
 End-users of tree inventories require products that quantify the
state of tree resources in terms of discrete units, e.g., individual
trees or tree groups. The GEOBIA approach provides a direct link
from image-objects to meaningful geographical objects (Hay and
Castilla, 2008).
This chapter proposes: (1) to develop a generic and reproducible
set of contextual GEOBIA methods for the identification of urban tree
crown objects in the Netherlands using VHR imagery and (2) to assess
the accuracy and suitability of this approach for tree identification. We
implement the GEOBIA methods on a pair of QuickBird (QB) scenes
captured over the cities of Enschede and Delft and address the quality
of identification of individual trees and tree groups with object-based
accuracy indicators.

2.2 Test sites and data
The Netherlands show significant urban forestry activities in their more
than 300 urban settlements. As horticulture and arboriculture are important economic activities, there is a great variety of tree species, including
many ornamental trees. Planting and maintenance of trees is controlled
by municipalities and land-owners in public and private areas respectively. In this research we selected two test areas, namely, the Bothoven
district in Enschede, and the downtown area in Delft (Figure 2.1). These
sites contain several tree species with a variation of distance between
17
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Table 2.1 Characteristics of QuickBird images used for GEOBIA identification
of tree crowns in Enschede and Delft sites

Acquisition date
Acquisition time (UTC)
Off-nadir angle (deg)
Sun elevation (deg)
Resolution (m)
Bands (µm)
Map projection
Test site area (ha)

Enschede
Delft
Sep 21, 2006
Apr 22–2003
11:00 am
10:37 am
3.0
8.5
35
56
multispectral 2.4; panchromatic 0.6
blue (0.4–0.5); green (0.5–0.6);
red (0.6–0.7); NIR (0.7–0.9)
UTM WGS 84
85
38

trees, crown size and surrounding elements, resulting in challenging
and realistic benchmarking cases for tree detection. In the study areas,
trees are mainly deciduous (> 80%), with trees planted along the roads,
water channels, in grassland areas, public spaces and in private gardens.
Depending on landscape design and urban space, trees exist in isolation,
in pairs, forming linear patterns or groups of interlocked trees. Crown
diameter ranges from 1 to 25 m.
For the study panchromatic and multispectral QB images were acquired in leaf-on conditions with acquisition dates and image characteristics as specified in Table 2.1. The images were obtained in standard
processing level, where a radiometric and geometric correction is applied by the image provider. GEOBIA methodology was implemented
on the digital values (DN) of the pan-sharpened images obtained after
enhancing the spatial resolution of the original QB images using a highpass filter (HPF) algorithm (Chavez et al., 1991). The HPF algorithm
used the panchromatic and multispectral information to produce a four
band image with 0.6 m resolution and similar spectral characteristics.
For information on urban infrastructure and landuse the digital topographic map of the Netherlands Top10NL (scale 1:10,000) was used. A
polygon reference layer of tree crowns was constructed as described in
Section 2.4.2. Figure 2.1 presents the pan-sharpened image windows of
the test areas together with the reference tree crown layer.
GEOBIA was implemented in eCognition Developer 8 software (Definiens, 2012), using the multiresolution segmentation algorithm to generate
image-objects (Baatz and Schäpe, 2000) with modifications to address
several object scales as explained below. Object features used in this
work are defined in the application user guide (Definiens, 2009). Training
areas were selected in subsets of the QB images with no overlap in respect to test areas and selected on the basis of specific image context for
the developed rules. The following section presents the general method
formulated for identification of tree crowns and Section 2.4 presents its
specific implementation in the test sites.
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Figure 2.1 Pan-sharpened QuickBird false color image and tree crown reference
polygons of: (a) Bothoven district test site in Enschede with a detailed area in
map inset and (b) Delft test site with a detailed area in the map inset.

2.3 GEOBIA approach for tree identification
Due to the complexity of the urban scenes and of several factors limiting
digital tree detection, we divide the tree crown GEOBIA methodology
into specific classification strategies depending on image characteristics
and the local context of the trees on the ground. Based on a visual
analysis of the scenes we propose a sequence of steps to: (1) identify
grassland areas; (2) generate tree crown object primitives using normalized difference vegetation index (NDVI) local contrast measurements;
(3) detect isolated trees which present a high contrast to the background;
(4) identify trees and tree groups in a multiscale approach; (5) identify
very small trees alongside the roads using local maxima and shadow
information; (6) separate adjoining trees using morphological operations
and (7) identify remaining trees using a local maxima and region growing
method. Lastly, we integrate the results of each GEOBIA step and report
on the individual trees and groups of tree-objects. Figure 2.2 presents a
diagram of the proposed workflow described in this section.
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Sec 2.3.1. Context: masking of
grassland areas using size and
object spectral variance

Sec. 2.3.2. Context: candidate tree
crown objects based on spectral
characteristics
aggregate adjacent pixels with
NDVI > threshold

Multiscale
segmentation

Vegetation objects
NIR segment
homogeneity
Refine object shape based on
local NDVI brightness

Grassland areas

Candidate tree crown objects

Sec. 2.3.4. Context: tree clusters
and large trees using size and
objects spectral variance

Multiscale
segmentation
NDVI segment homogeneity

Sec. 2.3.3. Context: individual trees
with high background contrast

Geometric (roundness, length/
width, compactness) + spectral
attributes (NIR)

Tree crown objects

Tree crown objects

Sec. 2.3.6. Context: interlocked
trees in linear and curvilinear
patterns

Sec. 2.3.7. Trees with low
background contrast

Morphological watershed
segmentation

Local maxima filtering (NIR)

Tree crown objects

Region growing based on
gradient descent (NIR, NDVI)
and shape conditions

Sec. 2.3.5. Small trees planted along roads using
sun illumination, shape and spectral
characteristics
Sun illumination + Spectral
(brightness) + Geometric
attributes (roundness)

Local maxima
filtering (NIR)

Shadow tree
crown

Tree crown
maxima

Tree crown objects

Relative position Shadow tree crown and crown
maxima + area of shadow

Tree crown objects

Figure 2.2 Workflow for context sensitive tree crown identification within a
GEOBIA approach.
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2.3.1 Masking of grassland areas
Tree crown identification is largely affected by the low spectral separability of tree crown pixels with respect to other elements of the image.
In particular, vegetated surfaces such as grasslands and shrubs hinder
the correct identification and delineation of tree crowns (Bunting and
Lucas, 2006). Hence, a first step is to identify grassland areas and exclude them prior to tree detection. We propose to base this identification
on the spectral properties and texture values of image-objects. Image
texture, considered as a measure of the spatial variation of image tone or
intensity (Haralick, 1979), is useful to identify grassland areas since the
spectral variance of grassland objects is smaller than that of tree crowns
in VHR imagery. Moreover, since grassland areas occur at different
scales, we formulate a multiscale segmentation approach where objects
are iteratively generated with varying segmentation scale parameter pseg
which decreases during each iteration step by multiplication with an
update factor pupd ∈ (0, 1). Thus, the size of image-objects, depending
on pseg , decreases with each segmentation step as long as pseg is higher
than a threshold pmin . This procedure is presented in Algorithm 1 in
Appendix A.1.
In this procedure, for each set of objects generated with pseg , unclassified objects are assigned to gr ass if their near-infrared (NIR) standard
deviation is below a threshold (stdthr ), or remain unclassified otherwise. In addition, we define a class (grass_neigh) to account for the edge
texture effect of grassland regions that occurs when there is a strong
contrast between the image texture of adjacent landcovers. This happens
for instance, in transition areas between grasslands and tree crowns
(Ferro and Warner, 2002).

2.3.2 Identification of tree crown primitives using an object-based
local contrast approach
Given the large variation in spectral response of trees across the image,
several spectral classes represent tree species in an urban scene. To
deal with this variation, we define object primitives for tree detection
(candidate_TC), which are candidates for later assignment to the crown
objects class (t_crown). Object primitives are created considering the
local contrast of pixels comprising vegetation objects, a measurement
derived according to the distribution of the NDVI pixel values inside
vegetation objects. This process is executed iteratively for each object
of the vegetation class as follows: (1) vegetation objects are created by
merging adjacent pixels of a thresholded NDVI image, with the NDVI
computed as in Equation 2.1. The threshold value is found using a
global thresholding technique (Gonzalez and Woods, 2002), where visual
interpretation of the NDVI image is used to select a single threshold
that allows the identification of pixels covering vegetation, like trees,
remaining grasslands and shrubs (Figures. 2.3a and 2.3b). (2) The mean
NDVI and NDVI data distribution of each vegetation object is computed
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Figure 2.3 Generation of local tree crown primitives using local NDVI contrast.
(a) Tree crown in false color composite RGB (4,3,2); (b) Pixels labeled as vegetation using NDVI threshold; (c) NDVI data distribution of pixels inside the
vegetation object with mean and left-hand tail threshold; (d) Tree crown object
primitive (yellow) after removing the pixels with NDVI values smaller than the
left-hand tail threshold.

(Figure 2.3c). The mean NDVI informs on the intensity level of each
object and assists to define an adaptive threshold for the left-hand tail
of the data distribution histogram. This threshold is set to vary with
the object NDVI, where a larger threshold is applied to objects with high
NDVI, and a smaller one to objects with lower NDVI. (3) Pixels with values
below this threshold are labeled as a background class (gray pixels in
Figure 2.3d), whereas the pixels above the NDVI threshold, which are
generally positioned in the geometric core of the vegetation object, are
labeled as candidate_TC.
The use of the NDVI to generate crown object primitives has the advantage that it is largely insensitive to within-crown brightness variation
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Figure 2.4 (a) Tree crown shown in false color composite RGB (4,3,2) with its
(b) near-infrared radiometric profile measured along the yellow line. (c) NDVI
image of a tree crown with its (d) radiometric profile measured along the yellow
line.

resulting from sun illumination and physical structure of tree canopy (Liang, 2004). Depending on the sun elevation angle at the time of image
acquisition, one side of the crown is illuminated, whereas the other is
shaded. This illumination effect is evident in a NIR radiometric profile
of a tree crown (Figures. 2.4a and 2.4b). In contrast, the NDVI profile
defines a convex curve, symmetric along the crown pixels (Figures. 2.4c
and 2.4d). This property permits the generation of candidate_TC objects
with a circular or compact shape.

2.3.3 Identification of medium and large trees with high
background contrast
The generation of candidate_TC objects facilitates the identification of
trees with a medium or good spectral separability from their background.
These tree objects, comprised by several pixels, appear as single indi23

2. Context-sensitive extraction of tree crown objects using VHR images
viduals that commonly stand in sealed surfaces such as pavement or
concrete (Figure 2.4a). During identification, candidate_TC objects are
assigned to tree_crown objects according to their geometric and spectral
properties. Geometric object properties such as roundness, length/width
ratio, elliptic fit, and compactness, are useful to test this assignment.
Thresholds are set allowing some deviation from the values for a circular
shape.
As trees in the image can slightly deviate from the thresholds of
geometric features defined for the tree_crown class, a further refinement
based on morphological opening is implemented (Dougherty, 1993). This
operation reshapes image objects by smoothing sharp corners or salient
edges based on how a structuring element (e.g., disk) fits the object. The
size of the structuring element is usually set small in relation to the size
of the object to avoid the risk of strongly modifying the original shape
which would induce false detections.

2.3.4 Identification of trees using a multiscale approach
As indicated in Hay et al. (2002, 2005), elements of forest landscapes
are organized in hierarchical levels emerging at specific scales, whereas
the spatial extent of those elements can be calculated by local similarity
measures of the image pixels. Likewise, in the urban environment trees
are often planted in clusters of individuals with a varying degree of
aggregation. As a consequence, a multiscale segmentation approach is
needed to address the wide range of group sizes, where the spectral
variance of image-objects can be used to separate group aggregates. In
this approach, successive segmentations are implemented according
to the value of a p parameter, related to homogeneity and size of the
object. For the set of objects generated at each segmentation step, the
assignment of image-objects to the tree_crown class is evaluated. This
approach is presented in Algorithm 2 (Appendix A.1).

2.3.5 Identification of very small trees planted along roads
Very small trees, e.g crown diameter < 3 m, are difficult to discriminate given the resolution cell size of VHR infrared satellite imagery
(Figure 2.5). To recognize those trees, we exploit the NIR local maxima
concept (Dralle and Rudemo, 1997; Gougeon and Leckie, 2006), in relation to the assumption that for each tree object there exists a shadow
object (shadow_tc) in a direction determined by the sun position at the
time of image acquisition.
Due to sun illumination and reflectance of vegetation, a local NIR peak
is found near the top of a tree crown. As a consequence, candidate tree
objects (TC_max) are found by applying a local maxima filter in the NIR
and further constraining their identification to the directional existence
of shadow_tc. In turn, shadow_tc objects are identified according to
their spectral and geometric properties, as they appear obscure in the
panchromatic band and define compact and elliptical objects depending
24

2.3. GEOBIA approach for tree identification
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Figure 2.5 Small trees planted along the roads shown in false color composite
RGB (4,3,2) (a,b). (c) Photograph of the corresponding tree shown in (b) (crown
diameter 2.6 m and height 5.9 m).

on sun illumination. Since a local maximum only informs on the approximate location of the tree, the size of each TC_max object is estimated
from an object variable (∆X), which is equivalent to the width of its
corresponding image shadow. Thus, each TC_max object is expanded to
a radial distance ∆X/2 and lastly labeled as a tree_crown object.

2.3.6 Identification of interlocked or adjoining trees
Trees in cities are often planted in linear or curvilinear patterns such
as those found along the roads and water channels (Figure 2.6a). When
these trees reach mature age their crowns often interlock and become
difficult to identify in the vertical perspective of the satellite image. Such
trees are separated in object space as follows: (1) using the local contrast
strategy described in Section 2.3.2, we identify object primitives (candidate_TC) containing adjoining trees (Figure 2.6b). (2) We separate the
crown objects from candidate_TC objects by implementing a binary morphological watershed segmentation of a distance transform (Dougherty,
1993). This morphological operation separates slightly overlapping objects by identifying local minima pixels which are farthest from the object
edge. Those minima serve as the source points for a region growing process using dilation operations in the distance transform that stops when
object borders meet (Figure 2.6c). (3) We refine the shape of the extracted objects with an opening morphological operation (Dougherty, 1993),
and evaluate their assignment to tree_crown according to geometric and
spectral object features (Figure 2.6d).
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Figure 2.6 Identification of adjoining trees. (a) False color composite RGB
(4,3,2) showing a group of adjoining trees planted along a water channel in
the Delft test site; (b) Tree crown object primitives; (c) distance transformed
watershed morphological segmentation; (d) Tree crowns (green) after class
evaluation and morphological reshape.

2.3.7 Identification of individual trees with low background
contrast
The previous strategies identify trees based on the shape of imageobjects. However, in cases of low spectral separability between tree and
background or the presence of shadows cast by adjacent trees or urban
infrastructure, trees may be difficult to identify by parameterizing their
crown shape in the image. As a solution, we implement a local maxima
and region growing method (Gougeon and Leckie, 2006) within a GEOBIA
environment. In this approach, local maxima pixels are used as seeds
of a region growing procedure aiming to delineate the tree crown. As
shown in the Algorithm 3 (Appendix A.1), we use a maxima filter to
identify local maxima seed in the NIR band subject to the directional
presence of image shadows. Next, for each seed object, we allow the
merging of adjacent candidate objects which are spectrally similar and
represent a small variation in NIR and NDVI values with respect to seed
objects (controlled by p, q, p 0 and q0 in Algorithm 3). At each iteration
new neighboring objects are merged to the tree crown provided that the
resulting crown object maintains a circular shape.

2.4 Experiment design and GEOBIA implementation
2.4.1 Implementation
Prior to grassland identification, we recognized that the Enschede site
had several grassland areas of varying size (0.01–2.5 ha), while the Delft
site had fewer and smaller grasslands areas (0.05–0.1 ha). Thus, three
segmentation steps were needed to capture this spatial variation in
Enschede and only one in Delft. Following Algorithm 1 (Appendix A.1),
we set pseg = 40, pmin = 15 and pupd = 0.8 in Enschede while pseg = 30
in Delft. The value of stdthr was estimated from training areas selected
in the images. Table 2.2 presents the class description used to evaluate
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Table 2.2 Class description for identification of grassland areas (Stdv: standard
deviation; GLCM: grey-level co-occurrence matrix)

Class
Grass

Grass_neigh

Feature
Stdv NIR
Red GLCM homogeneity
Area(m)
Stdv NIR
Area(m)
Relative border to Grass
Length/Width

Value
< 50
> 0.03
> 15/50
< 60/50
> 15
> 0.3
> 2.5

Table 2.3 Data distribution thresholds for generation of candidate_TC objects

Left-hand tail
25
20
15
10

%
%
%
%

Enschede
Mean NDVI
(148–200]
(140–148]
(135–140]
[133–135]

Delft
Mean NDVI
(140–200]
(135–40]
(130–135]
[123–30]

the assignment of objects to both grassland classes.
Following the procedure outlined to generate tree object primitives
(Section 2.3.2), we identified vegetation pixels as those with NDVI > 133
and NDVI > 123 for Enschede and Delft areas respectively, where a
rescaled NDVI [0–200] was computed using the DN values of the pansharpened bands as:

NDVI = 100


NIR − R
+1
NIR + R

(2.1)

After spatially merging adjacent vegetation pixels into vegetation
objects, we reshaped the latter according to their NDVI intensity values as introduced in Section 2.3.2. Four different quantiles from the
NDVI histogram were selected as shown in Table 2.3. Adjacent pixels obtained after thresholding each vegetation object were merged to generate
candidate_TC objects.
Tree crowns with a strong background contrast were identified from
the set of candidate_TC objects as defined in Section 2.3.3. The set of
geometric and spectral features as well as their values used to define
tree_crown objects were identified using the exploratory tools available
in eCognition (Table 2.4).
To identify large trees or tree groups we implemented a multiscale approach as outlined in Section 2.3.4. Values for Algorithm 2 (Appendix A.1)
were set as pseg = 50, pmin = 20 and pupd = 0.75. This produced
three segmentation steps where the assignment of the resulting objects
to tree_crown was evaluated according to the features presented in
Table 2.4.
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Table 2.4 Algorithms and class description for identification of tree crowns
with high background separability

Class

tree_crown

Feature
Area
Length/width
Roundness
Elliptic fit
Stdv. NIR

Value
> 6 m2
< 1.3
< 0.5
> 0.75
> 40

Table 2.5 Algorithms and class description for identification of very small trees
planted along the roads

Algorithm
Chessboard segm.
Classify
Merge region
Classify
Local maxima
Update variable

Object domain
Unclassified
Unclassified
Shadows
Shadows
Unclassfied
with roads=1
TC_max

Classify
Grow region

TC_max
small_tree_crown

Class
Shadows
Shadows_tc

Feature
Mean (Pan)
Area
Length/width
Roundness
Compactness
Mean (NDVI)
TC_width

TC_max
small_tree_crown

Parameters
Object size=1
Class: shadows
Class: shadows_tc
NDVI with kernel=6 m;
Class:TC_max
TC_width=
∆X(shadows_TC)@North
Class: small_tree_crown
Grow while
∆X ≤ TC_width
Value
< 200
> 60 m2
<3
< 0.8
<2
> 50
>0

Next, we used the strategy defined in Section 2.3.5 to identify very
small trees in Enschede. This was not required in Delft as trees with
the specific context of the ruleset developed in Section 2.3.5 were nonexistent. Table 2.5 presents the GEOBIA algorithms and features applied
for this purpose. In the image, shadows of an elongated shape were
located on the north-side of the tree crowns. These properties were
used to identify tree crown shadow objects (shadow_tc) while a NIR local
maxima filter was used to identify TC_max objects. As presented in
the table, the width of shadow_tc objects was stored in the ∆X object
variable, which was then used to estimate the tree crown diameter of
the corresponding TC_max object. Thus, for each TC_max with ∆X > 0,
adjacent image pixels located at a distance ≤ ∆X/2 were assigned to the
individual tree crown.
Both study areas had several tree groups planted in linear patterns.
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In Enschede, linear patterns were found mainly along the roads enclosing
the district, whereas the Delft area presented several rows of trees
along the channels. As this led to candidate_TC objects consisting of
adjoining crown objects, we used the strategy outlined in Section 2.3.6
to disaggregate them. Thus, in both areas, we implemented a binary
morphological segmentation on the remaining candidate_TC objects
having a length/width ratio > 2 and a width > 6 m. Next, an opening
operation with a disk of 5 × 5 was applied to reshape candidate_TC
objects. Resulting objects were assigned to tree_crown according to the
features in Table 2.4.
The local maxima and region growing method (Section 2.3.7) were
applied in Enschede using the following thresholds in the Algorithm 3
in Appendix A.1: m = 0.5, n = 1.5, p = 0, 9, q = 1.1, p 0 = 0.975,
q0 = 1.025.

2.4.2 Validation
To validate tree identification results we constructed a polygon reference
layer (Figure 2.1) from visual interpretation of ortho-rectified aerial photographs, oblique images, ground survey measurements and elevation
data acquired by the FLI-MAP LiDAR scanner instrument in 2007 (FLI-MAP,
2011). The aerial images, available at 40 cm resolution were acquired in
2006 as part of the Dutch aerial survey campaign (EUROSENSE, 2011).
They were coregistered to the QB images using a second order polynomial transformation with a RMSE of 0.81 m and 0.48 m for Enschede and
Delft areas respectively.
We implemented object-based accuracy assessment rather than pixelbased as this is more meaningful to the users and corresponds with
the GEOBIA results. We adopted accuracy indicators that inform on the
quality of the boundary extent of detected objects, namely, under- and
over-identification area errors. Although there are no standard methodologies for object based accuracy assessment, we borrowed error metrics
proposed for the assessment of delineation quality of image segmentation (Ragia and Winter, 2000; Möller et al., 2007; Clinton et al., 2010).
As shown in Figure 2.7, the delineation accuracy indicators quantify how
well the extent of an identified object Oi fits a reference object Rj in
terms of over- and under-identification as:
OverID(Oi ) = 1 −

area(Oi ∩ Rj )
area(Oi )

UnderID(Oi ) = 1 −

area(Oi ∩ Rj )
,
area(Rj )

(2.2)

(2.3)

where values of OverID(Oi ) and UnderID(Oi ) close to zero represent a
good match between classified and reference objects and values close
to 1 represent a large difference in extent between classification and
reference. Note that in case of one-to-many or many-to-many matches
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Identified crown O i
Identified crown R
Reference
Oj i
Reference crownR j

Agreement
Agreement
Over
identification
Over identification
Under
Under identification

Figure 2.7 Over-identification and under-identification for a reference object
Rj and an identified object Oi .

between classified and reference objects an average over- and underidentification value was computed for the object from the multiple
overlapping instances.
The total delineation error indicator in [0, 1] is:
s
total error(Oi ) =

OverID(Oi )2 + UnderID(Oi )2
2

(2.4)

Furthermore, we estimated the object accuracy indicators: (1) detection rate, corresponding to the ratio of trees present in the reference
layer that are properly identified, (2) Type I errors (false positives), corresponding to the improper identification of trees not present in the
reference layer, and (3) Type II errors (false negatives), corresponding to
the failure to identify trees present in the reference layer (Schuenemeyer
and Drew, 2010).
The set of delineation accuracy indicators were computed for all
identified objects overlapping reference objects. We also investigated
the delineation accuracy of detected crown objects according to their
location in private gardens and backyards. To estimate the detection
rate, reference objects having an UnderID(Rj ) < 0.75 were considered as
positively detected. We analyzed the identification accuracy of tree crown
in three size classes: small trees (< 15 m2 ), medium trees (15–78 m2 ) and
large trees or groups of trees (> 78 m2 ). This was done considering tree
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characteristics in the areas and corresponds to a tree crown diameter
less than 4.36 m for small trees, less than 10 m for average trees, and
larger than 10 m for large trees and groups of trees.

2.5 Results
As shown in Table 2.6 the proposed methodology permitted the identification of 818 crown objects out of 1183 reference objects in Enschede
(70%) and 467 crown objects out of 567 objects in Delft (82%). This
represents a Type II error rate of 30% and 18% for Enschede and Delft
areas respectively. Type I errors were similar in both areas (26%).
Table 2.6 Detection rate, Type I and type II errors for tree crown identification
in Enschede and Delft test sites

Area
Enschede
Delft

Detection
818 (70%)
467 (82%)

Type I error
296 (26%)
171 (26%)

Type II error
365 (30%)
100 (18%)

Figure 2.8 shows the detection rate, Type I, and Type II errors stratified by tree crown size. Most of the detected trees in both sites have an
area larger than 15 m2 . False negatives concentrate mainly in small tree
crowns (area < 15 m2 ). For instance, in the Delft site 86% of the Type II
errors are within this category. The large trees or tree groups category
(area > 78 m2 ) has the smallest share of both Type I and Type II errors
(< 14%).
Regarding the quality of object boundaries, the scatter plots in Figure 2.9 show the frequency distribution of under- and over-identification
errors for both areas. As shown in the figure, detected crown objects
tend to be larger as compared to the reference objects and the delineation error (Equation 2.4) of detected objects is in most cases lower
than 0.4.
False negatives and delineation errors concentrate in places where understory vegetation was not intensively managed and in areas with a large
variety of plants growing in small spaces. As shown in Figures. 2.10a2.10c image texture was high in those areas and the method failed to
identify grassland objects. This also produced a low NDVI contrast that
limited the chance to identify tree crowns. Meanwhile, managed areas
presented a distinct image texture that facilitated tree detection as seen
in Figures. 2.10d and 2.10e. Figure 2.11 shows the quality of delineation
errors according to their location in (a) gardens and backyards, and
(b) in the other areas. As observed in Table 2.7, the aggregated overidentification error for both areas was consistently higher in gardens and
backyards, while under-identification was similarly low throughout the
areas.
Figure 2.12 illustrates the total delineation error (Equation 2.4) for
the corresponding area shown in the map insets in Figure 2.1. Note
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Figure 2.9 Scatter plot of frequency distribution of over- and underidentification errors for positive tree crown identifications in (a) Enschede and
(b) Delft.
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Table 2.7 Tree crown mean delineation errors in gardens and backyards vs.
other areas

Other areas
Gardens

UnderID
0.17
0.12

OverID
0.30
0.48

Total error
0.24
0.35

10 m

¯

¯

a)

10 m

10 m

d)

¯

¯

b)

10 m

c)

e)

Figure 2.10 Tree crown detection in areas with shrubs in the understory shown
in the (a) QB image, (b) NDVI image and (c) the DKLN aerial image. Tree crown
detection in managed areas with grass in the understory shown in the (d) QB
image and (e) the DKLN aerial image.

that most of the errors are below 0.4 showing an acceptable agreement
between the classification and the reference layer.
Figure 2.13 illustrates instances of results obtained using the proposed GEOBIA strategies. Several areas of the test sites are presented to
illustrate the type of identification results obtained in different conditions of urban context.

2.6 Discussion
In this study we proposed a contextual GEOBIA work-flow for the detection and delineation of tree crowns in VHR images addressing the
spatial variability of urban trees and the complexity of urban scenes.
The GEOBIA work-flow formulated a set of specific methods and object
features designed to be generic, transferable and applicable depending
on specific and well-defined urban contexts. This included methods such
as segmentation at multiple scales, local contrast segmentation, tree
shadow analysis, local maxima filtering, morphological object reshaping
and region growing; alongside spectral and geometric features for class
definitions. This is a key contribution of this work, as the amount of
GEOBIA methods and features available to solve specific identification
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Figure 2.11 Density distribution of over-identification and under-identification
errors according to their location in private gardens and backyards in (a) Enschede and (b) Delft.
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Figure 2.12 Map of total delineation error for the areas shown in the maps
insets (Figure 2.1) of (a) Enschede and (b) Delft test sites.
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Figure 2.13 Instances of results (yellow polygons) obtained in the identification
of: (a) tree crowns in areas with good background contrast, (b) trees planted
along water channels, (c) individual tree crowns separated using morphology
operations, (d) large trees and tree groups, (e) very small trees using local
maxima, (f) groups of trees, (g) groups of strongly interlocked trees and (h) tree
crowns in backyards.
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problems might be daunting. Moreover, most of the object-based and
pixel-based approaches for tree identification have been proposed for
plantations or forest areas (Bunting and Lucas, 2006; Tiede et al., 2008),
where image context is less complex and a ‘one-fits-all’ solution is often
plausible.
Tree crown identification in two QB scenes of Dutch municipalities
permitted to assess the applicability, reproducibility and accuracy of
the GEOBIA method. Enschede had a large variability of tree crown
characteristics, green areas and urban infrastructure; whereas Delft
posed a case of a traditional and consolidated center of a Dutch city.
During the implementation, the sequence of used methods, strategies
and object features were consistent in the two areas. Geometric and
object relational thresholds were also consistent, whereas spectral and
NDVI thresholds were slightly different for each area. This can also be
expected if the proposed methodology is extended to other images or
study areas, provided that images are taken during leaf-on condition.
In Appendix A.2 we assessed the ease of implementation and sensitivity of the different strategic rulesets for crown detection based on
our experience. Note that the developed rulesets interplay according
to the specific context of the study area and the characteristics of the
input image. Thus, it is important to initially assess these characteristics
in the light of the conditions and assumptions of the defined rulesets.
Furthermore, we enhanced the spatial resolution of the QB multispectral
image using an HPF pan-sharpening method, which is known to fairly
preserve the original spectral information. In our experiment, the NDVI
computed on the pan-sharpened bands did not introduce anomalous
values in vegetation areas, yet this may be different depending on the
pre-processing or spectral characteristics of the used image.
The implemented GEOBIA approach identified most of the tree crowns
existing in the study area (70% and 82%). Type II errors heavily concentrated in the category of small trees (crown diameter < 4.8 m), a limitation associated with the spatial resolution of QB images, where such trees
cover less than two multispectral pixels. This corresponds with findings on tree detection using VHR images in plantation forests (Gougeon
and Leckie, 2006). Type II errors in Delft were also present due to the
fact that some trees species were not in full leaf-on conditions at time
of image acquisition. Despite these limitations, 20% of crown objects
were identified in this category for both sites, which can be positively
attributed to the use of spatial dependency between crown and shadow
objects. Considering the limitations of tree identification in cases where
adjacent trees are strongly interlocked, we opted to identify tree groups
in a multiscale analysis. This proved effective as most (85%) of the tree
groups were detected, yet, it would still be possible to estimate tree density within each group by using a local maxima method. GEOBIA facilitates
this solution, as the polygon layer of tree crowns may be attributed with
information of the estimated crown density within each group.
The relative large number of Type I errors (26%) could be reduced
by tightening feature thresholds during GEOBIA implementation, some36
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thing only attainable at the expense of the positive identification rate.
Moreover, these errors most frequently occur in backyard gardens because of the strong mixture of shrubs, plants and small trees. This may
be negligible for municipalities that are mainly interested in trees in
public areas. Indicators of the accuracy of delineation of crown objects
showed overall good agreement, with under- and over-identification errors being most frequently below 0.4. If trees in backyards and gardens
are ignored, delineation errors are considerably lower, i.e., 0.17 and 0.30
respectively.
With the developed GEOBIA method we recognized that no unique
scale is suitable for the identification of tree crowns in urban scenes, as
also indicated in studies of forest ecosystems (Hay et al., 1997, 2002).
We proposed a basic algorithm where the identification of tree crowns is
done after the image is segmented with varying scale parameter allowing
different amounts of object homogeneity. More refined implementations
of a multiscale object-based approach are possible within GEOBIA. In
particular, methods based on local variance, such as those proposed
by Hay et al. (2005) and Dragut et al. (2010) could be useful to identify
suitable segmentation scales of vegetation in urban scenes.
The GEOBIA methods proposed in this work represent a dedicated
approach for individual tree detection in urban areas that relies only
on the availability of VHR imagery. This is advantageous since satellite
imagery provides continuous and systematic coverage over large areas.
Images captured by airborne platforms are also a plausible alternative
as input dataset for tree detection, as it can provide higher spatial
resolution (e.g., < 0.5 m) allowing small tree detection. Aerial images
can be programmed with flexibility. For instance, they can be collected
at a convenient time considering sun elevation. Aerial images, however,
are traditionally taken during leaf-off conditions and are subject to
geometric distortions (Linder, 2009) that affect area estimates of tree
crowns. Alternatively, the accuracy of tree identification is likely to
improve with the combined use of LiDAR data and optical imagery (Tiede
et al., 2008), as the explicit height given by LiDAR datasets allows to
remove understory and other forms of vegetation. Unfortunately, these
data are too expensive for urban tree inventories.
This work, as part of the Boom and Beeld project in The Netherlands (van der Sande, 2010), aimed to explore the use of VHR imagery for
the study of urban forests in Dutch cities. The delineation of individual
trees and tree groups carried out in this study is specifically useful to
update tree inventories and spatial databases, quantify tree mortality
and tree survival rates, as well as prioritize areas requiring tree planting
and maintenance. The latter is fundamental, since many municipalities
outsource tree planting and maintenance to private firms. Furthermore,
results generated with the proposed GEOBIA approach could be used
for: mapping of vegetation areas, creation of tree canopy cover maps,
determination of tree phenological stress (Hagner and Rigina, 1998),
assessing and quantifying tree benefits (McPherson et al., 1994), and
estimation of carbon stocks in urban areas (McHale et al., 2007).
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Lastly, the implementation and use of urban tree inventories depends
on the information requirements of decision makers or end users. Hence,
with the defined tree crown detection strategy and the thorough assessment of its performance we aim to indicate the potential use of GEOBIA
methods within the urban forestry agenda.

2.7 Conclusions
With this work we proposed an effective workflow for the identification of
individual trees and tree groups in urban areas. This comprised specific
GEOBIA methods, classes, and features, and recognized the complexity
of the urban space and the image context. The GEOBIA approach proved
to be applicable in two QB scenes of urban areas without major modifications and producing acceptable results. Given the pressing situation
where urbanization leaves scarce space to green areas, the proposed GEOBIA method is a potential solution for applications in need of prompt
and fast determination of the state of urban trees.
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Markov-random-field-based
super-resolution mapping for
identification of urban trees in
VHR images

Identification of tree crowns from remote sensing requires detailed spectral information and submeter spatial resolution imagery. Traditional pixel-based classification
techniques do not fully exploit the spatial and spectral characteristics of remote sensing
datasets. We propose a contextual and probabilistic method for detection of tree crowns
in urban areas using a Markov random field based super resolution mapping (SRM)
approach in very high resolution images. Our method defines an objective energy function in terms of the conditional probabilities of panchromatic and multispectral images
and it locally optimizes the labeling of tree crown pixels. Energy and model parameter
values are estimated from multiple implementations of SRM in tuning areas and the
method is applied in QuickBird images to produce a 0.6 m tree crown map in a city of
the Netherlands. The SRM output shows an identification rate of 66% and commission
and omission errors in small trees and shrub areas. The method outperforms tree crown
identification results obtained with maximum likelihood, support vector machines and
SRM at nominal resolution (2.4 m) approaches.
The content of this chapter is based on the article published in the ISPRS Journal of
Photogrammetry and Remote Sensing, volume 6 in 2011.
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3.1 Introduction
Municipalities and landscape designers need detailed inventories of
urban vegetation to reach informed decisions about conservation, planting and maintenance of urban trees (McHale et al., 2007). Moreover,
this information is needed to quantify the benefits of trees and urban
forestry activities. Specific characteristics of cities such as the complexity
of the urban environment, the rapid changes occurring in urban infrastructure and the limited accessibility to private areas make difficult the
timely acquisition of urban forest information (Ward and Johnson, 2007;
McPherson et al., 1997).
With the increasing availability of color infrared (CIR) and very high
resolution (VHR) satellite imagery, vegetation in urban areas can be
continuously observed and monitored cost-effectively. As such, remote
sensing solutions have been sought for the quantification of urban forest
resources. Myeong et al. (2006) used NDVI series of Landsat images to
estimate carbon storage of urban trees; Walker and Briggs (2007) used
VHR aerial images to map the urban forest in Phoenix and Walton et al.
(2010) used a combination of aerial and satellite imagery to estimate the
canopy cover in urban areas.
Most of those studies, however, concentrate on the overall estimation
of vegetation extent at a metropolitan scale level, and only few have
focused on a detailed identification of tree crowns for urban forestry
inventories. Currently, determination of location and crown size of
individual trees is only possible with ground surveying or with the expensive combination of optical imagery and elevation data derived from
laser scanning (LiDAR) or overlapping photographs (Brandtberg, 2007).
Automated extraction of locations of individual trees from VHR imagery
remains a challenge even for homogeneous growing environments outside cities (Gougeon and Leckie, 2006; Hirschmugl et al., 2007; Ouma and
Tateishi, 2008; Daliakopoulos et al., 2009). This is a direct consequence
of the limited spatial resolution of VHR-CIR imagery and the low spectral
separability of tree crowns with respect to other vegetation surfaces in
the complex urban space.
In this work VHR images are those with a spatial resolution finer
than 1 meter in the panchromatic mode (e.g., GeoEye, WorldView-2, and
QuickBird). While infrared information is fundamental for detection
of vegetation in remote sensing, the current spatial resolution of VHR
imagery is insufficient to discriminate tree crowns from other vegetation
life-forms such as grasses and shrubs. For instance, the multispectral
image mode of QuickBird (QB), and WorldView-2 has a spatial resolution
about 2 meters for nadir observations, whereas small and young trees
have a crown diameter starting at nearly 0.5 m. Table 3.1 presents an
estimate of the number of image pixels representing a single tree in
commercially available VHR imagery. As shown in the table, a small tree
crown is captured by less than two pixels in the multispectral mode,
resulting in an L-resolution-case (Woodcock and Strahler, 1987) with a
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large proportion of mixed pixels. Meanwhile, the panchromatic image
mode, captured simultaneously and with a spatial resolution four times
finer than the multispectral mode, captures approximately 16 times more
pixels for a tree crown.
Alternatives have been sought to harness the spatial and spectral
attributes of panchromatic and multispectral image modes. For instance,
image fusion techniques such as pansharpening produce a synthetic
image where the multispectral information is brought to the spatial
resolution detail of the panchromatic mode. This, however, modifies
the spectral information and is known to produce image artifacts (Du
et al., 2007). Soft classifiers and sub-pixel methods have been used to
produce information on the class-fraction composition within individual
pixels, yet these methods do not inform on the actual spatial distribution
of class fractions and require an accurate characterization of the pure
spectral response of land cover classes (Richards and Jia, 2006).
Super resolution mapping (SRM) has been proposed as an image
classification method that produces hard classification maps at a finer
resolution than that of the original input image (Atkinson, 2009). It
usually involves the generation of class fractions with a sub-pixel or soft
classification method, followed by the generation of the fine resolution
map using spatial optimization models. These models define the local
spatial distribution of fine resolved pixels according to prior information
on the mapped features. SRM has been implemented using approaches
such as neural networks (Tatem et al., 2002), spatial optimization (Atkinson, 2005) and geostatistical techniques (Boucher et al., 2008). Another
SRM approach (Kasetkasem et al., 2005), tested on synthetic data, spatially optimized the class fractions using a Markov random field (MRF)
after the definition of an objective energy function. Few SRM studies,
however, have considered the potential contribution of panchromatic information for classification purposes. Moreover, SRM results are limited
by the quality of class fractions estimated from external sources or from
sub-pixel classification techniques such as linear unmixing (Tatem et al.,
2002; Atkinson, 2009). The applicability of linear unmixing for tree crown
detection is questionable because: (a) tree crowns are characterized by
large spectral variance in VHR images, (b) VHR images have a limited
number of spectral bands, and (c) tree crowns have a similar spectral
response with other understory surfaces e.g., shrubs and grasses.
MRF-based SRM is an attractive image analysis approach for the identification of tree crowns in urban areas as it addresses two main issues
constraining this task in VHR satellite images. First, since SRM produces
classification maps with a finer spatial detail than that of the input image,
trees not evident at the native image resolution could be identified, while
larger trees and group of trees should be better delineated and resolved
in the classification output. Second, incorporation of contextual information with an MRF approach results promising to overcome mixed pixel
effects and the large within-class spectral variance inherent to vegetation
in VHR images.
This work focuses on tree crown detection in VHR-CIR images under
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Table 3.1 Number of pixels representing a tree crown in multispectral modes
of Ikonos and QuickBird images

Crown diameter (m)
Small (3)
Medium (10)
Large (20)

Number of pixels
Ikonos
QuickBird
MS PAN MS PAN
<1
7
1
19
5
78
14
218
19
314 54
872

the scope of a practical implementation of detailed tree inventories in
urban areas. We aim to develop MRF-based SRM for identification of
tree crowns in VHR satellite images. With this approach, we exploit
the multispectral and panchromatic information of VHR imagery and
optimize the spatial correlation between pixels of a fine-classified map
that does not rely on linear unmixing or a pansharpening method. This
chapter extends the work of Kasetkasem et al. (2005) and developments
introduced by Tolpekin and Stein (2009). Furthermore, we apply the
MRF-based SRM model to a QuickBird image of a residential area in the
Netherlands and present a detailed study on energy minimization and
a thorough assessment of pixel-based and object-based performance
of the SRM method as compared with alternative pixel-based detection
methods.
In the rest of this chapter Section 3.2 presents the conceptual and
mathematical approach for MRF-based SRM, while Section 3.3 presents
the parameter optimization and implementation of the method in QuickBird images. Sections 3.4 examines the performance and accuracy of the
obtained results against alternative classifiers. The chapter ends with a
discussion of the proposed method, a short concluding section, and an
appendix describing the implemented energy minimization algorithm.

3.2 Super resolution mapping
We consider the classification of a multispectral image y that consists
of K spectral bands with spatial resolution R and pixel locations bi ∈ B,
where B is a M1 × M2 pixel matrix. In addition we assume a panchromatic
image z with finer spatial resolution r < R. The super-resolution map
(SR map) c is defined on the set of pixel locations A and covers the same
extent on the ground as y and z with spatial resolution r . The scale
factor S = R/r is an integer for common VHR images. Hence each pixel
bi corresponds to the area on the ground covered by S 2 finer resolution
pixels aj|i , j = 1, . . . , S 2 .
We assume the existence of a multispectral image x defined on the
set of pixels A with K spectral bands and fine spatial resolution r . Image
x is not observed directly while images y and z are considered as spatial
and spectral degraded observations of x respectively. Furthermore, we
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assume that each pixel in x can be assigned to a unique class: c aj|i =
α, with α ∈ 1, 2, . . . , L. The relationship between y and x, and z and x
are established by the degradation models:
2

S
1 X
yk (bi ) = 2
xk (aj|i ), k = 1, . . . , K
S j=1

z(aj|i ) =

K
1X
xk (aj|i )
K k

(3.1)

(3.2)

for bi ∈ B, aj|i ∈ A, and yk (bi ) being the feature vector for bi in
K-dimensional feature space. Note that Equations 3.1 and 3.2 cannot
be solved for x because
for K > 1 and S > 1 the number of equa
tions (M1 M2 K + S 2 ) is smaller than the number of unknown values
(M1 M2 KS 2 ). We therefore do not intend to estimate image x; instead we
aim to find the SR map c that corresponds to the maximum a posteriori
probability (MAP) solution P (c|y, z) for c given observed data y and z.
Note that this setup does not constrain the SR map c to the estimated
class fractions of a soft-classification method, but it rather optimizes
the c map regarding the spatial distribution of class labeled pixels and
the spectral properties of y and z images. Thus, according to Bayes’ theorem, P (c|y, z) is computed from prior probability P (c) and conditional
probabilities P (y|c) and P (z|c) as
P (c|y, z) ∝ P (c)P (y|c)P (z|c)

(3.3)

where we ignore the conditional dependance of y and z. We specify the
respective probabilities by introducing energy functions:

P (c) =



1
U(c)
exp −
A1
T

(3.4)

P (y|c) =



1
U (y|c)
exp −
A2
T

(3.5)

P (z|c) =



1
U (z|c)
exp −
A3
T

(3.6)

P (c|y, z) =



1
U (c|y, z)
exp −
A4
T

(3.7)

where T is a constant called the temperature, Ai , i = 1, . . . , 4 are normalization constants independent of c; U (c) is the prior energy, U (y|c) and
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U(z|c) are conditional energies and U (c|y, z) is the posterior energy
function. Expressing Equation 3.4 in terms of energy functions and
omitting terms independent of c we get


U(c|y, z) = λUc (c) + (1 − λ) λp U (z|c) + (1 − λp )U (y|c)

(3.8)

where 0 ≤ λ < 1, is a parameter that balances the contribution of prior
and conditional energy functions. In a similar way we introduce a parameter 0 ≤ λp ≤ 1 which balances contributions of the two conditional
energy functions based on panchromatic and multispectral observations,
respectively. Note that the energy terms presented in this chapter do not
have a direct physical meaning but rather a statistical physics connotation inherent to the terminology used in stochastic relaxation and energy
minimization problems (Geman and Geman, 1984).

3.2.1 Prior energy function
MRF is a mathematical tool that allows to model the global spatial context
in the image through local interactions of class labels in a neighborhood
system. A comprehensive introduction to MRF is given in Li (2009).
Assuming that the SR map has MRF properties and given the equivalence between a Gibbs random field and MRF we can specify the MRF
model (Equation 3.4) with
U(c) =

X


 X
U c(aj|i ) =

i,j

X



w(al )I c(aj|i ), c(al )

(3.9)

i,j l∈N(aj|i )

where N(aj|i ) is the neighborhood system, U (c(aj|i )) is the local contribution to the prior energy from pixel c(aj|i ), w(al ) is the weight of
the contribution from neighbor pixel al ∈ N(aj|i ) and I(α, β) takes the
value 0 if α = β and 1 otherwise. This prior model gives preference to a
smooth SR map c and penalizes the occurrence of pixels with different
class labels in the neighborhood system N. Thus spatial configurations
of adjacent pixels labeled as tree crowns are more likely to occur in
the SR map than isolated ones. The weights w(al ) are chosen inversely
proportional to the distance d(al ) between the central pixel aj|i and the
pixel al :

w(al ) ∝

1
d(aj|i , al )

(3.10)

3.2.2 Conditional energy functions
The conditional energies (Equations 3.4–3.7) consider the proximity of
observed pixel values y and z to each land cover class. We model spectral
values x of a class α with the Gaussian distribution. Further, we assume
that values x are spatially uncorrelated given their class association.
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In this case the spectral values in y and z also follow the Gaussian
distribution, see Equations 3.1 and 3.2. The conditional term U (y|c) for
the multispectral image is defined as:

U(y|c) =

X1
i

2

M(y(bi ), µi , Ci ) +


1
ln |det Ci | ,
2

(3.11)

where M(y(bi ), µi , Ci ) is the Mahalanobis distance between the feature
vector y(bi ) and the mean vector µi with the covariance matrix Ci . The
values µi and Ci are modeled as linear mixtures of mean vectors and
covariance matrices based on area proportions of respective land cover
classes c(aj|i ) inside the pixel bi .
The conditional energy of the panchromatic image z follows from a
normal distribution with mean να and standard deviation σα of class
α = c(aj|i ):


2
X 1  z(aj|i ) − να

U(z|c) =
+ ln σα2 

2
2
σ
α
i,j

(3.12)

The model formulated here introduces a spectrally degraded image z
with equivalent resolution to the image x. This is in addition to the consideration of a spatially degraded image y as presented in Tolpekin and
Stein (2009) and Kasetkasem et al. (2005) and is reflected in Equations 3.2,
3.6 and 3.12, with the corresponding modifications of Equations 3.3, 3.7
and 3.8. On the other hand, the multispectral and panchromatic energy
models (Equations 3.11 and 3.12) rely on spectral properties of tree
crowns that permit to differentiate them from background classes.

3.3 Implementation
Tree identification was implemented in a QuickBird image captured over
the Bothoven district (Figure 3.1), municipality of Enschede in The Netherlands, on September 21, 2006 in multi-spectral and panchromatic
modes with spatial resolutions of 2.4 m and 0.6 m respectively, so that
S = 4. For QuickBird images, the panchromatic mode captures surface reflectance between 0.4 and 0.9 µm, while the multi-spectral mode
provides spectral bands in the blue (0.4–0.5 µm), green (0.5–0.6 µm), red
(0.6–0.7 µm) and near-infrared (0.7–0.9 µm) parts of the electromagnetic
spectrum. The proposed SRM method requires accurate geometric registration between pixels of the panchromatic and the multi-spectral
datasets (see Equations 3.1 and 3.2). To avoid unwanted geometric and
radiometric distortions we did not resample the image. For the study
area a reference vector layer of tree crowns was constructed by digitization of tree crowns in a VHR aerial image captured in 2006 at 25 cm
resolution and field work verification. We divided the MRF-based SRM
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Figure 3.1 QuickBird false color multispectral band composition RGB(4,3,2) of
Bothoven area.

implementation into three phases as presented in the following sections
and illustrated in the workflow diagram in Figure 3.2.

3.3.1 Definition and construction of spectral classes
SRM implementation starts with the definition of spectral classes and
the computation of their spectral reflectance statistics. Following a
sampling strategy standard for spectral classifiers (e.g., maximum likelihood), sampling sites were selected over the full extent of image. For
each defined spectral class at least 1000 pixels were collected in multispectral mode and equivalently more than 16,000 in panchromatic mode.
Figure 3.3 shows the spatial distribution of selected training sites over
46

3.3. Implementation

Panchromatic band
QB (0.6 m)

SRM

Multispectral bands
QB (2.4 m)

based MRF tree detection
QB pansharpening (0.6 m)
Class training sites: tree
crown, grass, shrubs,
shadows and impervious

Estimation of class statistics
and class separability

Definition of tuning
areas

Alternative classification methods

MLC classification

SVM classification

SRM nominal (2.4 m)

SRM Parameter
optimization (λ, λp)

Energy minimization

SRM of tuning areas

Pixel and object-based
accuracy assessment

Pixel based accuracy

Optimal λ, λp

SRM of study area with
λ, λp

Figure 3.2 Workflow for identification of tree crowns in study area and its
assessment against pixel based classification methods.
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Figure 3.3 Location of training sites used for estimation of class statistics in
the city of Enschede.

the city on Enschede and the Bothoven district.
Even though we were interested exclusively in tree detection, eight
land cover classes were defined in order to handle spectral mixing in
the image y. Based on visual interpretation and analysis of the feature
space, spectral characteristics for tree crown, grassland, shrubs, shadow
and impervious areas were sampled. For each of these classes a training set was defined for estimation of class mean µ and covariance C
values for the image y, as well as mean ν and standard deviation σ
values for the image z. Two tree crown spectral classes were defined,
namely dark tree crown (d_tcrown) and bright tree crown (b_tcrown).
This was done considering the sun position at time of image acquisition,
which produces bright pixels on the side of the crown which is directly
illuminated, and darker pixels in the part which is partially obscured.
Several tree species are present in the area with a large variation of
spectral response in the image. We simplified the class definition and
included this heterogeneity into the two defined spectral crown classes.
The spectral separability of tree crown classes from the other classes
was evaluated using the Jeffreys-Matusita distance (J-M) measured in
multispectral and panchromatic mode (Table 3.2). As seen from the J-M
distance, tree crown spectral classes are highly confused with grasslands
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RED

Grassland
Grassland
Bright
trees
Dark
tree
Bright
tree
Dark trees

GREEN

Shrubs
Shrubs

NIR

Figure 3.4 Scatter plot feature space of vegetation classes: trees, grasslands,
and shrubs.

Table 3.2 Jeffreys-Matusita spectral distance of land cover classes in panchromatic and multispectral image modes

b_tcrown
d_tcrown
d_grass
b_grass
shadow
impervious
sh_veg
shrub

Panchromatic
b_tcrown d_tcrown
1.50
1.50
0.98
1.00
0.10
1.80
2.00
1.70
0.48
0.60
2.00
0.77
0.11
1.20

Multispectral
b_tcrown d_tcrown
1.86
1.86
1.74
1.74
0.92
1.96
1.99
1.96
1.99
1.99
1.99
1.60
0.71
1.75

and shrubs. The poor separability of vegetation classes is also evident
from the feature space plot and box plot in Figs. 3.4 and 3.5 respectively.

3.3.2 Parameter estimation in tuning subsets
The MAP solution for the SR map c can be found by minimizing Equation 3.8 with respect to c. This problem is computationally intractable
because of the large number of possible configurations in c. Therefore we
implemented simulated annealing (SA) for energy minimization (Geman
and Geman, 1984). For the initial estimate of c we took the downscaled
maximum likelihood classification (MLC) of multispectral image y, where
all subpixels aj|i corresponding to the pixel bi were assigned to the
same land cover class. MLC was computed using the class statistics as
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Figure 3.5 Box-plot for data distribution of sampled land cover classes in
panchromatic mode.

described above.
From the total energy expression (Equation 3.8), we have to set the
contribution of the smoothness term and the panchromatic information
in the objective function. Likewise, the cooling schedule of SA requires
parameter values for the initial temperature (T0 ) and the temperature
update (Tupd ). Values for these parameters were found by assessing the
SRM accuracy in four tuning subsets. Those tuning subsets, shown in
Figure 3.6, were identified as image areas where tree crown characteristics were representative of the study area in terms of tree structure and
mixture of land covers. Accuracy metrics are presented in Section 3.3.4.
Since SA is a stochastic method, we considered parameter optimization based on a constructed quality indicator, Q(λ, λp ), taking into
account the accuracy and reproducibility of several repetitions of SRM
results with varying λ and λp . To this end, for combinations of (λ, λp ),
with λ in the range [0.5 . . . 0.9] and λp in [0 . . . 0.4], we implemented 630
repetitions of SRM with 10 trials for each combination in each tuning
subset. The tree detection accuracy of SRM, denoted as κ̄(λ, λp ), was
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a

b

c

d

Figure 3.6 False color composite (left) and panchromatic (right) of tuning
subsets used for estimation of energy minimization. a) Group of separated
trees planted alongside a road; b) Tree crown planted in a grassland area
where the effect of sun illumination is clearly visible; c) Group of tree crowns
strongly interlocked with variation of crown size and strong presence of shadows;
d) Group of homogeneous small tree crowns planted in a green area with poor
multispectral discrimination.
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measured as the average κ of 10 SRM results, with κ defined as the
Cohen’s kappa statistic (Richards and Jia, 2006). The reproducibility of
SRM for a given (λ, λp ) combination, denoted as δ(λ, λp ), was computed
as the standard deviation of κ values for 10 SRM results of each combination. The detection quality of SRM for a given λ and λp values was then
defined as:


Q(λ, λp ) = κ̄(λ, λp ) 1 − δ(λ, λp ) ,

(3.13)

where values of Q(λ, λp ) may vary between zero and one, with values
close to one corresponding to an accurate and reproducible SRM classification for the given λ and λp values.
The model of attraction defined for prior energy in Section 3.2.1
penalizes occurrence of adjacent pixels assigned to different classes. As
this also penalizes the adjacency of bright and dark tree crown classes,
which in fact correspond to a single tree crown functional class, we set
for those two classes I(α, β) to 0.85. For the prior function we considered
the local pixel contributions within a square neighborhood system of
7 × 7 pixels as recommend in Tolpekin and Stein (2009).
The conditional energy functions for multispectral and panchromatic
modes were calculated from the class statistics obtained from the training set as modeled in Equations 3.11 and 3.12.

3.3.3 SRM in Bothoven district
Once suitable parameters for energy minimization λ and λp were found
from the experiments on tuning subsets, we implemented SRM on the
area of a residential district of the city on Enschede captured in the
QuickBird image (Figure 3.1). The area covers 87 ha and has about 1200
trees with crown diameter starting at 1.2 m. The processed image for
the selected area contains 2,400,000 pixels in panchromatic mode and
150,000 pixels in each multispectral band, respectively. SRM and SA
energy minimization was implemented in C++ code.
SA cooling schedule for energy minimization was implemented in
two stages. In the first stage, T0 was set to 0.8 and decreased using
a logarithmic schedule as Tl = T0 /ln(l + 1), where l is the iteration
number. For the second stage, initiated when T0 ≤ 0.09, we induced
a faster cooling using a power-law annealing schedule as Tl+1 = Tl ·
Tupd , with Tupd = 0.99. This dual cooling schedule strategy and its
respective temperature values was found as an acceptable compromise
between experimental accuracy obtained for the tuning subsets, and
computational time needed to produce a SRM classification output. Even
though SA allows any initial state for optimization (Li, 2009), we enforced
a faster convergence by choosing the MLC of the multispectral QB bands
as a starting point of the procedure. We stopped energy minimization if
the number of pixel updates nupd < 0.1% of the total number of pixels of
the image z during three iterations. A pseudo-code for the implemented
SA energy minimization is presented in the Appendix A.3.
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3.3.4 Validation
To estimate the accuracy of tree crown detection the two defined tree
crown spectral classes were merged into a single tree crown class and the
rest of the classes were aggregated into a background class. Pixel-based
and object-based approaches were used to test the performance of the
SRM results and alternative methods used for tree detection as explained
below.
3.3.4.1 Pixel-based accuracy assessment
Pixel-based accuracy assessment of the classification results was based
on the error matrix for the classes tree crown and background. From
this matrix we estimated the kappa accuracy and the user and producer accuracy, which are indicative of commission and omission errors
respectively.
Moreover, we compared the quality of SRM with respect to alternative
pixel-based detection approaches. Firstly, we classified the multispectral
bands using a MLC method, with this being the most common approach
for land cover mapping. Secondly, since context-based classifiers are
more suited to deal with the large within-class spectral variance of VHR
images, we implemented MRF contextual classification on the multispectral bands at nominal resolution (2.4 m). This was done by setting S = 1
in Equation 3.1, ignoring the panchromatic band (P (z|c) in Equation 3.3
and selecting a neighborhood system of 3 × 3 pixels. Thirdly, considering
that multispectral VHR datasets are often spatially enhanced to facilitate
feature discrimination, we produced a 0.6 m resolution pan-sharpened
image using the HPF method (Chavez et al., 1991) and implemented MLC.
Lastly, we implemented a support vector machine (SVM) classification on
the pan-sharpened image, considering that this method has reached a
mature state in image classification, and has been reported to consistently outperform most established techniques (Huang et al., 2002; Foody
and Mathur, 2004; Tso and Mather, 2009). SVM was implemented using
a radial basis kernel function while all classifications made use of the
training set areas defined in Section 3.3.1.
3.3.4.2 Object-based accuracy assessment
Since information at the object level is more meaningful to the end-users
we implemented object-based accuracy assessment. Although there are
not clear methodologies for object-based accuracy assessment we based
ours on recent works (Ragia and Winter, 2000; Möller et al., 2007; Clinton
et al., 2010) with some modifications. In consequence, adjacent pixels
classified as tree crown classes were grouped into tree crown objects. To
establish one-to-one comparison between the identified and the reference
objects we first partitioned all groups of trees in the classification as
well as in the reference data into individual objects. This partition was
performed with the use of reference data and aerial images. We report
object accuracy in terms of false positive detections (type I error) and
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false negative detections (type II error). In addition, we adopt accuracy
indicators related to the quality of tree crown delineation, defined as the
agreement of the extent between a classified object Oi and a reference
object Rj in terms of over- and under identification as:
P
Over_id(Oi ) = 1 −

j

area(Oi ∩ Rj )
area(Oj )

P
Under_id(Oi ) = 1 −

j

area(Oi ∩ Rj )
area(Ri )

(3.14)

(3.15)

where values of Over_id(Oi ) and Under_id(Oi ) close to zero represent a
good match between classified and reference objects and values close to 1
represent a large difference in extent between classification and reference.
The geometric quality of the identified trees was also measured by the
geometric error index (GE), that combines over and under identification
of each object in a distance measurement as:
q
GE(Oi ) = Over_id(Oi )2 + Under_id(Oi )2

(3.16)

√

where GE(Oi ) is in the range [0, 2] with a values of zero defining a
perfect topological match between reference and classified objects.

3.4 Results
Figure 3.7 presents the average detection quality Qλ,λp obtained from
the SRM trials performed over the space of λ and λp values for the
four tuning subsets. We found consistent and reproducible values of
Qλ,λp in the four areas, with the best quality obtained for λ in the range
[0.70–0.80] and λp in the range [0.20–0.30]. Based on this indicator, we
selected λ = 0.75 and λp = 0.30 as the optimal parameter values to
maximize the accuracy of tree detection with the given energy function.
Figure 3.8 presents the output of SRM results with λ = 0.75 and
λp = 0.30 for the four tuning subsets, together with outputs of MLC and
SVM of the pan-sharpened bands as well as SRM at nominal resolution.
In the image, MLC and SVM outputs of the pan-sharpened bands have
a salt and pepper effect with noise-like pixels labeled as tree crowns
whereas the SRM at nominal resolution, being a contextual classifier
offers a less noisy effect but with a resolution that is limited for tree
crown representation. SRM gives an adequate output in the subset 1
and 3, acceptable for subset 2 and poor for subset 4.
Table 3.3 presents the accuracy κ̄ and associated δ of the SRM implemented with the selected parameters alongside the κ accuracy of the
alternative classification methods tested. SRM achieves the highest κ
accuracy of crown identification in all cases. The SRM classification at
54

3.4. Results
Q

0.56

0.40

0.60
8

0.4

0.58

0.35

0.55
0.30

0.50

0.45

2
0.5

0.6

0.5

0.20

0.54

λp

0.

52

0.25

0.40

0.54

0.

48

0.10

0.38

0.15

0.35

0.46

0.50

0.55

0.60

4

0.4

0.65

0.70

0.75

0.80

0.3

0.4

0.36

0.

42

0.05

0.85

0.30

0.90

λ

Figure 3.7 Detection quality Qλ,λp for SRM classification of tuning subsets as
a function of λ and λp parameters.

nominal resolution presents a slight improvement over the accuracy of
MLC and SVM classifications. Overall, the lowest accuracy is obtained for
the MLC of the multispectral bands.
Figure 3.9 presents the SRM tree crown map implemented over the
Bothoven district using the parameter values estimated as optimal from
the classification of tuning subsets (λ = 0.75, λp = 0.3, T0 = 0.8). The
energy of the objective function was minimized over 7500 iterations and
executed within 20 h with an Intel-i5 processor at 2.67 GHz. The output
map presents an overall spatial agreement between the classified areas
and the polygons of reference tree crowns.
Table 3.4 presents the pixel-based accuracy assessment of tree identification in the Bothoven district using MLC of multispectral bands (2.4 m),
MLC and SVM of pan-sharpened bands (0.6 m), SRM at nominal resolution,
and SRM. The κ accuracy of SRM is higher than for the SRM at nominal
resolution, as well as MLC and SVM of multispectral and pan-sharpened
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Figure 3.8 Classification results for the four tuning subsets using: MLC of
pan-sharpened bands, SVM of pan-sharpened bands, SRM at nominal resolution
and SRM (λ = 0.75, λp = 0.30).
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Table 3.3 Pixel-based κ accuracy and reproducibility δ of tree detection in
tuning subsets using: MLC of multispectral bands, MLC of pan-sharpened bands,
SRM (λ = 0.75, λp = 0.30), and SRM (λ = 0.8) at nominal resolution

MLC Multispectral
MLC pansharpening
SVM pansharpening
SRM nominal
SRM

0

100

200 m

Subset 1
κ
δ
0.45
0.57
0.46
0.51 0.03
0.73 0.07

Subset 2
κ
δ
0.31
0.59
0.12
0.39 0.02
0.67 0.07

5HIHUHQFHWUHH

Subset 3
κ
δ
0.65
0.62
0.56
0.66 0.01
0.68 0.07

Subset 4
κ
δ
0.41
0.37
0.44
0.43 0.01
0.54 0.05

650 FODVVLILFDWLRQ

´

Figure 3.9 Reference tree crowns and SRM classification results of tree detection with λ = 0.75 and λp = 0.30 overlaid in panchromatic image of the
Bothoven district.
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Table 3.4 Pixel-based κ accuracy of tree detection in Bothoven district using:
MLC of multispectral bands, MLC of pan-sharpened bands, SRM (λ = 0.75, λp =
0.30), and SRM (λ = 0.8) at nominal resolution

MLC Multispectral
MLC pansharpening
SVM pansharpening
SRM nominal
SRM

κ
0.43
0.45
0.49
0.44
0.51

User
54.2
42.0
54.5
57.3
53.1

Producer
44.4
71.3
55.1
44.5
59.3

Table 3.5 Positive identification, type I error (false positives) and type II error
(false negatives) for tree crown identification using SRM and SRM nominal
resolution

Type
SRM nominal
SRM

Identification
796 (67%)
787 (66%)

Type I error
1176 (60%)
484 (38%)

Type II error
388 (33%)
397 (33%)

bands. The SRM output correctly classifies a larger number of tree crown
pixels (59%) without increasing the number of commission errors as seen
from the producer and user accuracies in the table. The κ accuracy of
SVM is close to the one achieved with the SRM method, with a slight
underestimation of tree crown area as seen from the producer accuracy. The results obtained with the SRM nominal classification, present
a slightly higher user accuracy but this is achieved at the expense of
the producer accuracy (44%), thus failing to identify a larger number of
tree crown pixels. In turn, results from the MLC of pan-sharpened bands
exhibit a low user accuracy due to the false identification of tree crown
pixels.
Implementation of the object-based accuracy assessment for SRM
and SRM nominal classification outputs led to the results shown in
Table 3.5. The SRM classification output identified 787 tree crowns
out of 1183 present in the area, which is equivalent to a detection
rate of 66%. A similar detection rate was found for the output of SRM
nominal classification, however, with a very high rate of false positive
detections (60%). Type I errors are considerably lower for the SRM
classification results (38%), while similar rates of type II errors are found
for both classifications (33%). In Figure 3.10 we stratify the distribution
of detection rate and type I and II errors according to tree crown size.
The largest share of type I and II errors is due to small tree crowns, with
this issue seriously affecting the results of SRM nominal classification.
To assess the accuracy of tree crown delineation we estimated under and over detection errors for the positive detected objects of SRM
classifications. The frequency distribution of those errors is shown in
Figure 3.11 for the SRM results. Furthermore, the overall geometric
error (GE), defined in Equation 3.16, was quantified for the total tree
crown positive detections of SRM and SRM at nominal resolution in the
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Figure 3.10 Detection rate, type I error (false positives) and type II error (false
negatives) for SRM and SRM at nominal resolution of tree crowns in the Bothoven
district.

Table 3.6 Average GE for the positive detected tree crown objects in Bothoven
district using SRM and SRM classification at nominal resolution

SRM nominal
SRM

Tree crown objects
787
796

Average GE
0.68
0.57

Bothoven district. As seen in Table 3.6, the delineation of tree crown
objects presents a better match with reference objects (0.57), than those
of the SRM nominal output (0.68). This is also illustrated in Figure 3.12,
which shows the overall GE and topological agreement of a set of crown
objects in three areas.

3.5 Discussion
In this chaper we address the identification of tree crowns in VHR satellite
imagery using MRF-based SRM. This is a challenging feature recognition
task regarding the available spatial resolution of satellite images and the
size of tree crowns in urban areas as mentioned before. Moreover, as
confirmed by the J-M spectral distance of defined classes, and exploration
of the feature in the study area, there is a poor spectral separability
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between tree crowns and other vegetated surfaces such as shrubs and
grassland. With these considerations this study proposed a SRM method
that exploits the multispectral information and spatial detail of the
panchromatic band available in sensors such as QuickBird and GeoEye
and that produces a map which is not constrained by the initial class
fractions estimation.
Note that degradation models in Equations 3.1 and 3.2 adopt certain
assumptions. First, point spread effects are ignored. Second, a linear
relationship between panchromatic band z and multispectral bands x
is assumed, with equal weights for all spectral bands. Both assumptions do not hold for real sensors (Thomas et al., 2008); however, they
allow to simplify modeling considerably and are often used in literature (Amolins et al., 2007; Kasetkasem et al., 2005; Tolpekin and Stein,
2009). Incorporation of these effects would require further research.
The objective function used for energy minimization, includes a prior
and a likelihood term, whose contributions are balanced in the energy
equation (Equation 3.8) by λ and λp . From the accuracy values obtained
in the four processed tuning subsets, we observe that optimal SRM
outputs are achieved for λ in [0.70–0.80] and λp in [0.20–0.30]. We
also note that the quality of results varied gradually and consistently
with the parameter values defining a region where SRM outputs are
accurate and reproducible. Note that the optimal value for λ agrees with
previous experiments under similar TD values (Tolpekin and Stein, 2009).
In addition, we note that for λp = 0, which is equivalent to ignoring
information from the panchromatic image z, we obtained suboptimal
classification results.
The pixel-based accuracy assessment for the tuning subsets and
Bothoven district showed superior crown identification results using
the proposed SRM as compared to the other tested alternatives. SRM
accuracy of tree detection was superior in all cases, with SRM results
most notably presenting an increase of approximately 6% in terms of
κ accuracy as compared with the MLC classification. As such, more
pixels were labeled correctly as tree crown as compared with the other
methods without compromising the user accuracy. SVM results were
competitive with those of SRM according to the quantitative assessment,
but a visual inspection of the output reveals that tree crowns shapes
are poorly represented and suffer from a noise-like effect. Furthermore,
assumptions of pansharpening algorithms are questionable (Thomas
et al., 2008) and their outputs often introduce a larger within-class
spectral variance as it becomes evident from the classification outputs
shown in Figure 3.8.
We also note that although the SRM κ accuracy of 0.51 is relatively
low, the Bothoven area presented a benchmarking case for tree detection
due to variation of tree species and spatial heterogeneity of trees planted
in parks and private gardens. Moreover the reference layer included tree
crowns that even with visual inspection were not evident in the QB image
due to their small crown size or the presence of image shadows. This
observation is also supported considering the average 0.65 κ accuracy
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achieved in the SRM of tuning subsets.
Object based accuracy assessment revealed that the SRM identified
66% of the trees in the area, while more than half of type I and type II
errors concentrated in the small trees category (crown diameter < 3 m).
Most of the medium and large trees (crown diameter > 3 m) could
be identified, which are most important for municipalities in terms of
maintenance and replacement costs, as well as being protected by law.
Trees in groups, with intersecting crowns, could not be separated and
were mapped as a single object. For SRM and SRM nominal, most of the
false positives are due to the miss identification of tree crowns with area
smaller than 15 m2 , while half of the false negatives concentrated also in
this category. Notice that a tree crown of 15 m2 is equivalent to a crown
radius equal to the spatial resolution of the QB multispectral mode. False
positive detections were particularly frequent for the small trees in the
SRM nominal resolution output, a strong indication that the nominal
resolution of 2.4 m is insufficient to map small tree crowns in urban
areas. This is also in agreement with previous experiences (Gougeon and
Leckie, 2006).
Regarding the quality of delineation of identified tree crowns, we
found acceptable results given the image resolution, with over-identification
in areas of poor spectral contrast between tree crown and background
surfaces, such as trees surrounded by shrubs. In a number of cases it
was even difficult in the field to accurately map the extent of tree crown
objects because of the large heterogeneity of the scene. Omission errors
were found mainly associated with trees in strong shadow areas and very
small trees. Such trees are characterized by different spectral values
and require separate treatment which is possible with our method. The
analysis of geometric error of tree crown objects shows that the SRM
produced more accurate objects which were topologically closer to the
reference data. Nominal SRM results at 2.4 m, although ranking very
close in terms of κ and positive detection, were suboptimal when visualized next to SRM outputs. Moreover, the SRM map presents spatially
compact regions that resemble tree crown objects.
SRM classification as implemented here, was used for tree crowns
identification even though other spectral classes were also mapped. This
study demonstrates a feasible application of SRM, which so far has
remained mainly experimental. The performance of the method was
evaluated on a QuickBird image. The implementation of SRM in the
Bothoven area, involved the energy minimization over a scene of 2.5
million pixels with eight spectral classes within 20 hours of processing
time. As computer processing power is constantly improving over time,
the proposed method can be seriously considered for operational image
classification. Moreover, the method might be used for tree crown identification from images of other sensors including visible, near-infrared
and panchromatic bands.
In this study we reported the SRM results as a crisp classification.
Tree canopy observed from above is in fact a vague object: it is partially
transparent, its boundary is difficult to precisely define and vegetation
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density decreases radially from the stem to the crown edge. We note
that the proposed method is based on posterior probability modeling
and therefore allows us to compute the posterior probabilities for all
land cover classes. Analysis of the posterior probability values allows
to convert the classification results into class memberships as demonstrated in Bijker et al. (2010). In this way, trees can be identified as vague
objects, which is a more suitable way to describe real trees compared to
a raster thematic map. This issue requires further research.
The method described in this study incorporated the panchromatic
band in the energy function. The contribution of this band in the total
energy function was found to be significant as expressed by the value of
the parameter λp = 0.20. As shown, this consideration led to improved
classification results compared to classification ignoring the panchromatic information, i.e., λp = 0. For application of the method to other
images and land cover classes the two parameters, λ and λp have to
be estimated. While there are some developments on the automatic determination of λ, the automatic setting of parameter λp requires further
research.
Several super resolution approaches have sought to produce a map by
spatially optimizing the spatial distribution of a class-fraction map (Tatem
et al., 2001; Muslim et al., 2006; Boucher et al., 2008). Fine class information derived from external sources is difficult to obtain for tree crown
inventories. Moreover, the spectral response of tree crowns have a large
variance and a low separability respect to other vegetated surfaces (see
Section 3.3.1) that a linear-unmixing classification results unpractical.
The consideration of an upscaled MLC classification as a starting point
of a SA and the optimization of conditional and prior energy functions
provided satisfactory results and permitted to increase the number of
positive detections as shown by the producer accuracy indicator. This
was possible as the SRM map was not constrained by an initial classfraction map.
SRM requires the definition of several land cover classes even if the
user is interested in only one class. Urban areas are challenging areas for
feature detection, and analysis of another city with our method might
require definition of distinct land cover classes in the image background.
Even though this study concentrates exclusively on mapping of tree
crowns, the proposed SRM is applicable to extraction of other features
and its use is recommended when the combined attributes of panchromatic and multispectral information provide a better discrimination of
the features of interest.
Tree identification in this work solely relied on the availability of
satellite VHR-CIR imagery. This is advantageous since satellite imagery
provides a continuous and systematic coverage over large areas. Images
captured by airborne platforms may serve as an alternative to input datasets for tree detection, as they can provide finer spatial resolution (e.g.,
< 0.5 m) allowing small tree detection.
Commission errors are likely to be lower with the combination of
LiDAR data and optical imagery, as the explicit height given by LiDAR
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datasets allows to remove understory and other forms of vegetation (Chen
et al., 2009; Tiede et al., 2008). The discrimination between trees and
shrubs and the identification of individual trees, however, is still a challenge in LiDAR applications. In Koch et al. (2006) and Solberg et al. (2006),
a segmentation of a canopy height model significantly underestimated
the number of deciduous trees due to undetected subdominant trees and
interlocked tree crowns. Moreover, the identification of tree crowns using
LiDAR data is commonly accomplished using a local maxima method,
which works mainly in homogenous forest environments and in coniferous trees (Hyyppä et al., 2008). Lastly, regular LiDAR campaigns
are normally flown in leaf-off conditions and are still too expensive for
dedicated inventories of urban trees.

3.6 Conclusions
The MRF-based SRM proposed in this chapter considered an energy function in terms of the spatial smoothness prior and conditional probability
of multispectral and panchromatic bands of QB images. The method
provided acceptable results for tree detection in a residential area of
the Netherlands and was found to be operational over real and large
data. This method outperformed results obtained with MLC and SVM
of multispectral and pan-sharpened products as well as contextual MRF
classification. Inclusion of the panchromatic band led to an improvement
of tree crown detection as compared to a model ignoring the panchromatic information. We estimated optimal parameter values for energy
minimization in tuning subsets which are in agreement with previous experiences. We conclude that the method introduced in this study reduces
the impact of insufficient spatial resolution as well as the large withinclass spectral variance of VHR images, and can thus be recommended
for urban tree inventories.
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Local authorities require a detailed report of the state of green resources in cities to
quantify the benefits of urban trees and determine urban forestry interventions. This
study uses bitemporal remote sensing data to monitor changes of urban trees over
time. It presents a fuzzy approach to recognize the fuzziness of tree crowns from high
resolution images in urban areas. The method identifies tree crown elliptical objects
after iterative fitting of a Gaussian function to crown membership images of two dates.
Gradual and abrupt changes are obtained, as well as a measure of change uncertainty
for the retrieved objects. The method allows a dual treatment of change both as a crisp
and as a fuzzy process. This is demonstrated in two residential areas in The Netherlands
using a set of QuickBird and aerial images. Results show that the proposed method
is informative of the changes at the object level, recognizes the fuzzy character and
mixed-pixel effect of tree crowns in images and it provides useful information to end
users on change uncertainty.

The content of this chapter is based on the article undergoing a minor revision in
the ISPRS Journal of Photogrammetry and Remote Sensing.
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4. Quantification of crown changes and change uncertainty of urban trees

4.1 Introduction
Recent studies have shown that tree inventories in cities are often incomplete and outdated (Brack, 2006; Rines et al., 2011; McPherson et al.,
1997). Conventional ground survey is often an inefficient source of
information due to the complexity of the urban ecosystem, landscape
dynamics, diversity of tree species and accessibility constraints to private
property (Ward and Johnson, 2007). The analysis of very high resolution (VHR) images can help to update these databases and to monitor
the existence and state of trees. Generally, a remote sensing inventory of
urban trees requires the implementation of a change detection method
that informs on the occurrence of both abrupt and gradual changes. An
abrupt change is for instance the planting, felling or death of a tree,
whereas a gradual change is the yearly growth in crown diameter and
tree height.
Image analysis methods such as change vector analysis, image regression and multivariate alteration detection have tried to identify change at
the image level. Bi-temporal change detection, however, has been mainly
implemented using a pixel based comparison of post-classification results of two images captured on different dates (Lu et al., 2004; Liu et al.,
2008; Im and Jensen, 2005). If conventional crisp classification methods
are used, where each pixel is assigned to a single landcover class, gradual
changes are disregarded, as only the change/no-change state of the pixel
is reported (Foody and Boyd, 1999; Fisher et al., 2006). Moreover, changes
observed from crisp classification methods do not account for the combined reflectance of landcovers present within the spatial support of a
single pixel and ignore point spread function effects (Fisher et al., 2006).
A fuzzy logic approach can be applied on remote sensing images
to accommodate consistently gradual landcover changes in space and
time. So far, a limited number of studies have adopted this approach to
study changes in natural and intergrade environments, such as forests,
ecotones, and wetlands (Hill et al., 2007; Kennedy et al., 2007; Fisher et al.,
2006). Even though tree crowns in remote sensing are usually regarded
as objects, one could argue that a fuzzy approach is appropriate for
tree crown change detection, as it addresses mixed-pixel effects and
gradual changes in vegetation. Depending on canopy transparency and
proportion of boundary pixels, the reflectance of a tree crown in an
image is the product of the combined contribution of tree elements,
within-crown shadows, and understory materials.
In this paper we propose a change detection method that accounts
for the fuzziness of tree crowns, allows to measure abrupt and gradual
changes for tree crown objects and reports change uncertainty at the
pixel level. The method integrates fuzzy membership images obtained
with different soft-classifiers and in this way accommodates for differences in spatial resolution or dynamic range of the input images. With
the integration of a fuzzy and crisp approach we aim to satisfy the
needs of those users that require tree inventories and reports of discrete
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changes, but who can also profit from the estimation of change uncertainty. The method is formulated to be applicable in VHR multispectral
images acquired in leaf-on conditions in urban areas. We show its implementation and performance in a change detection scenario in the cities
of Enschede and Delft, The Netherlands, using QuickBird and aerial images. Section 4.2 provides a general description of the proposed change
detection method while Section 4.3 demonstrates its implementation in
the two selected study sites.

4.2 Change detection method
4.2.1 General workflow
The change detection method developed in this paper aims to quantify
tree crown changes in terms of the crisp boundaries of change regions
and their associated uncertainty arising from the fuzzy characteristics
of vegetation. To this end, tree crowns are represented as elliptical
objects and change uncertainty is reported as a continuous field. The
method is formulated for a pair of fine-resolution images T1 and T2 , with
optical and near-infrared spectral sensitivity, and captured at two dates
t1 and t2 with leaf-on conditions. Figure 4.1 outlines the six steps of
the bi-temporal change detection scenario as described in Sections 4.2.2–
4.2.6, where: (1) images T1 and T2 are coregistered and atmospherically
corrected; (2) tree crown memberships are estimated from these images
according to a spectral and spatial parametric model defined in a softclassification method; (3) a region growing and surface fitting algorithm
is applied on the crown membership images to retrieve elliptical objects
representing tree crowns; (4) gradual and abrupt changes are estimated
by comparing the crown objects retrieved from T1 and T2 ; (5) a second
estimation of crown membership and object fitting is implemented for
areas detected as abrupt changes aiming to reduce potential omission
errors; and (6) change uncertainty is estimated for the set of crown
objects found in T1 and T2 .

4.2.2 Generation of crown probability images
Tree crowns can be conceptualized as fuzzy regions in remote sensing.
Figs. 4.2a–4.2d present examples of normalized difference vegetation
index (NDVI) transect profiles for tree crowns derived from VHR remotely
sensed images. The NDVI was computed as the difference/sum ratio
between near-infrared and red bands. NDVI values decrease from the
tree apex toward the crown edges, with a gradual transition between
the index value of the crown and that of the understory surface. Due to
canopy transparency and mixed-pixel effects, boundary pixels have NDVI
values resulting from the combined contribution of crown components
and understory materials, which generate regions without a definite
boundary. Within-crown profile values of the aerial image also appear
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Figure 4.1

Workflow developed for detection of tree crown changes.

noisier and present high variance due to the finer discrimination of
tree crown structure offered by the image. Ultimately, this affects the
estimation of changes derived from crisp classifiers (Figure 4.2e).
Uncertainty in image classification is commonly modeled using softclassification approaches based on fuzzy logic or probabilistic methods
that accommodate for gradual transitions of land cover classes and
mixed-pixel effects. Soft classifiers, following a fuzzy logic approach,
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Figure 4.2 The fuzziness of a tree crown in remotely sensed data. (a) NDVI
transect profile of (b) QuickBird image (2.4 m); (c) NDVI transect profile of
(d) aerial image (0.25 m); (e) Tree crowns at 25 cm resolution with overlaid
raster grids at 0.5 m and 2 m.

estimate class membership values that determine the uncertainty in
class assignment of a given pixel or alternatively, the area proportion of
landcover classes inside a pixel (Foody and Atkinson, 2002). This is in
contrast to crisp classifiers that assign a single class to each pixel. We
propose the use of a fuzzy approach for the identification of tree crowns,
which translates the spectral reflectance of the two images T1 and T2 into
respective tree crown membership values µt1 and µt2 , ranging between 0
and 1. Note that several fuzzy classification methods can be used for
this purpose according to specific characteristics of the used images,
such as spectral and spatial resolution.

4.2.3 Generation of tree crown objects
The reflectance characteristics of tree crowns in optical images may
be approximated by using mathematical models. Template matching
has been used for tree detection and delineation mainly of coniferous
forests (Hirschmugl et al., 2007; Wolf and Heipke, 2007; Gougeon and
Leckie, 2006). Trees have been modeled, for instance, using the general
equation of an ellipsoid of revolution (Larsen and Rudemo, 1998). The
underlying assumption for the extraction of tree crown objects in this
work is that trees in the image can be approximated by a two dimensional
Gaussian fitted to the crown membership. This assumption is reasonable
as tree crowns generate blob-like image features with local radiometric
maxima near the center of the tree crown region, which gradually decrease toward the crown edges (Figure 4.3). As shown in Section 4.2.3.3,
the computation of a goodness of fit (χ 2 ), helps to identify individual
blobs that are not perfectly described with a Gaussian surface and to
separate groups of interlocked Gaussian blobs.
Individual tree crowns are represented in the image space as ellipt69
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Figure 4.3 NDVI radiometric surface of an individual tree crown extracted from
(left) a QuickBird image (2.4 m resolution) and (right) a VHR image (0.25 m
resolution).

4.2.3.1 Definition of sampling regions
We define sampling regions R k , k = 1, . . . , n, as clusters of interconnected
pixels that determine the approximate spatial support of individual trees.
Regions R k are iteratively constructed by using a region growing process
similar to a watershed segmentation over a smoothed version of the tree
crown membership image (Fs). The definition of a particular region R k
starts with the identification of a global maximum seed location in Fs.
For each maximum seed with location (ik0 , j0k ), a region is constructed
where adjacent pixel locations are iteratively added to R k according to
a negative gradient criteria. Adjacent pixels to R k are defined within
a second order neighborhood. In each iteration, a particular pixel q
adjacent to a pixel r ⊂ R k is added to R k if Fsq /Fsr < 1, and Fsq > µthr .
These constraints ensure that R k is a connected and concave region with
membership values larger than a defined threshold µthr .
Once a region R k is generated, its pixel locations are passed to the
surface fitting procedure and the area is excluded from subsequent
region growing computations. The region growing process is used to
define new sampling regions as long as the remaining maxima values are
larger than a defined membership value (µpeak ).
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4.2.3.2 Surface fitting
Tree crowns are modeled as elliptical objects with parameters that are
computed by surface fitting of a Gaussian equation to crown membership
values confined within the extent of a region R k . The equation of the
elliptical Gaussian with rotated axes (x 0 , y 0 ), origin in the maximum location (ik0 , j0k ), fitted to crown membership values in the (x, y) locations
of the image Fs is:

Fs(x, y) = I exp −



2
1  x0
+
2
σx

y0
σy

!2 


(4.1)

where I is the height of the Gaussian; σ = (σx , σy ) quantifies the width
of the elliptical Gaussian; and the axes (x 0 , y 0 ), rotated by an angle θ in
counter-clockwise direction with respect to (x, y), are defined as:

x 0 = (x − ik0 ) cos θ − (y − j0k ) sin θ

(4.2a)

y 0 = (x − ik0 ) sin θ + (y − j0k ) cos θ

(4.2b)

The equivalence between tree crown diameter on the ground and
object parameters σ is found by establishing a relationship between
ground measurements of crown diameter and the respective values of σ .
This is expressed as the σ values times a calibration factor (cf ).
4.2.3.3 Assessment of overlapping objects
Following the generation of crown objects, instances of spatially overlapping objects are addressed. Overlapping occurs mainly when trees are
planted in interlocking groups, in gardens or when, due to within-crown
spectral variability, more than one ellipse is detected for a single tree
crown. For a pair of crown objects Ol and Om we develop criteria to
decide whether to keep them as separate objects or to generate a new
object through surface fitting as explained in the previous section. These
criteria verify the value of defined indices of geometric intersection and
the goodness of fit of Ol and Om to the data.
The first criterion computes the geometric overlap index (Govlap ) of
two elliptical objects Ol and Om as:

Govlap (Ol , Om ) =

Cl Plm + Cl Pml
Cl Cm

(4.3)

where Cl Plm and Cl Pml are the distance segments circumscribed inside
each object along the segment line connecting their centers Cl Cm as
shown in Figure 4.4. Note that Govlap (Ol , Om ) ≥ 1 if Ol ∩ Om ≠ 0 whereas
Govlap (Ol , Om ) < 1 if Ol ∩ Om = 0.
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Figure 4.4 Geometric elements of the Govlap criteria for tree crown objects
Om , On and Ol . Using Equation 4.3, Govlap (Ol , Om ) = 0.82, Govlap (Om , On ) =
1.24 and Govlap (Ol , On ) = 0.86.

The second criterion to assess overlapping objects is based on the
goodness of fit of the observed membership values in R k to the modeled
Gaussian surface as:

χR2 k =

1 X
b R k )2
(µ k − µ
i,j
NRk i,j Ri,j

(4.4)

where NRk represents the number of pixels inside R k , µRk denotes the
i,j

estimated crown membership value in the i, j position of the k region,
bRk the memberships estimated from the Gaussian model. The
and µ
i,j

convenience of merging Ol and Om is expressed by the fit overlap ratio
(Fovlap ), which compares the fit of Ol and Om against the goodness of fit
of an alternative crown object (Ol ∪ Om ) with extension Rl ∪ Rm . The
quality of the object fitting is estimated using a similar test as the one
defined for regions (Equation 4.4), but computed over the spatial support
of the assessed objects as follows:

Fovlap (Ol , Om ) =

2
χ(O
l ,Om )
2
χ(O
l ∪Om )

,

(4.5)

2
where χ(O
is the sum of χ 2 of each object normalized by their number
l ,Om )
of pixels (N) as:

2
χ(O
=
l ,Om )

2
Nl χl2 + Nm χm
Nl Nm

(4.6)

If Fovlap > 1 then the alternative crown object with pixels locations
Ol ∪ Om offers a better fit to the data than Ol and Om considered
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separately. Thus if both Govlap (Ol , Om ) and Fovlap (Ol , Om ) are larger
than one, a new region Ol ∪ Om is defined where Gaussian fitting is
implemented and hence a new tree crown object is generated which
supersedes the candidate overlapping objects.

4.2.4 Identification of abrupt and gradual changes
Change in ecosystems can be divided into three classes (Verbesselt et al.,
2010): (1) seasonal change, driven by annual temperature and rainfall
interactions with an impact on plant phenology; (2) gradual change,
such as gradual change in land management or land degradation; and
(3) abrupt change, caused by disturbances such as deforestation, floods,
and fires. This study focuses on the identification of abrupt and gradual
change of tree crown objects, where the former is driven by the planting,
felling or death of a tree and the latter by the natural canopy growth and
maintenance practices.
In the object domain changes can be formalized in terms of the dynamics of the topological relationships of a set of objects, as formulated
by Egenhofer and Al-Taha (1992) with the 9-intersection model. Following
this approach, an object identified in t1 , noted as Ot1 , with boundary
δOt1 , interior Ot◦1 and exterior Ot−1 , is compared with an object in t2 ,
noted as Ot2 , with boundary δOt2 , interior Ot◦2 and exterior Ot−2 . This
comparison defines the 9-intersection matrix as:


δOt1 ∩ δOt2

M =  Ot◦1 ∩ δOt2
Ot−1 ∩ δOt2

δOt1 ∩ Ot◦2
Ot◦1 ∩ Ot◦2
Ot−1 ∩ Ot◦2


δOt1 ∩ Ot−2

Ot◦1 ∩ Ot−2  ,
−
−
Ot1 ∩ Ot2

(4.7)

with intersections being either empty (∅) or non-empty (¬∅). Considering intersection values in the matrix the following topological relationships hold: disjoint, contains, inside, equal, meet, covers, covered
by, overlap, as shown in Figure 4.5. For the set of objects generated as
presented in Section 4.2.3, abrupt changes are defined for the disjoint
and meet relationships, where disjoint accounts for situations where
a tree object emerges or disappears. Meanwhile, gradual changes are
defined when any of the other six relationships holds.
Furthermore, gradual and abrupt changes can be both positive and
negative. A tree object present at t2 without corresponding object at t1
indicates a planted tree, namely a positive change. Meanwhile, an object
at t1 without corresponding object at t2 indicates a removed tree, namely
a negative change. Respectively, a positive gradual change corresponds
to an increase of tree crown size between t1 and t2 , whereas a negative
gradual change corresponds to a reduction of tree crown size between t1
and t2 . These categories of change are obtained using overlay operations
within a GIS environment.
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Figure 4.5 Topological relationships between two objects (Egenhofer and AlTaha, 1992).

4.2.5 Iterative verification of changes
Errors in image classification are very common and propagate in change
detection studies (Foody, 2010), generating commission and omission
errors which are not informative of real changes on the ground. To
counteract this effect, tree crown memberships for areas with abrupt
changes are iteratively verified. Thus, for a crown object missing in
T2 the tree crown membership for the corresponding extent of that
object in T1 is verified. Next, if recomputation of memberships indicates
the presence of a tree crown, a second radiometric fitting is applied
to retrieve the missing object. If memberships values still support an
abrupt crown change, a surface fitting is considered unnecessary and the
area is labeled as changed area (see Figure 4.1). This iterative verification
applies both to objects missing in T2 as compared to T1 , and vice versa.

4.2.6 Change uncertainty
Considering the magnitude of mixed-pixel effects of tree crown edges in
VHR images and the uncertainty propagated through the use of image
analysis methods, the confidence of the reported changes is estimated in
a continuous space bounded by the extent of images T1 and T2 . Areas of
positive or negative change are thus associated with continuous values
of change uncertainty, which denotes the confidence or assurance of the
reported change. To this aim, differences in NDVI values computed at
t1 and t2 are used as a proxy of certainty in crown change. This is a
reasonable approach, since the vegetation index is sensitive to structure
and biophysical parameters of vegetation (Liang, 2004). As a practical
consideration, to compare the NDVI between different dates, input images have to be calibrated and atmospherically corrected (Kaufman and
Tanre, 1992).
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Table 4.1 Characteristic of the images used for change detection.
Spectral bands
Resolution (m)
Radiometry (bits)
Acquisition date Enschede
Acquisition date Delft

Quickbird
R,G,B,NIR,Pan
0.6 (PAN)–2.4 (MS)
11
21/09/2006
22/04/2003

Ultracam XP
R,G,B,NIR
0.25
16
25/05/2009
12/05/2008

4.3 Change detection experiment
4.3.1 Study site and data
To implement the change detection method and assess its effectiveness
we selected two test sites in residential areas of The Netherlands. The
first one located in the city of Enschede, with an area of 6 ha and the
second in the center of Delft with an area of 11.8 ha. For the two sites
a set of images consisting of two QuickBird (QB) scenes and two DKLN
Ultracam aerial images was available. In the rest of this paper images
are noted according to their acquisition dates as QB06 and QB03 for the
QB images and as DKLN09 and DKLN08 for the aerial images of Enschede
and Delft, respectively. Image characteristics of the datasets are shown
in Table 4.1 and technical details of the camera sensor can be found in
Scholz and Gruber (2009) and EUROSENSE (2011).
For this study, trees were considered as woody plants having a definite
tree crown and a single main stem, with a diameter at breast height of at
least 3 cm and a height larger than 1.5 m. Figs 4.6 and 4.7 show the set
of images used in the study. The Enschede site had approximately 150
trees planted in public and private land. A large diversity was observed
in the area regarding supporting surfaces (e.g., bare ground, grassland,
sealed surface, pebbles), species and tree planting patterns (e.g., isolated,
cluster, linear). The Delft site had approximately 350 trees with a large
number of them planted in linear patterns along water channels, streets
and private gardens. There was also a large group of nearly 30 trees
planted in a park (grid cells A2 and A3 in Figure 4.7). A maximum crown
diameter of 12 m was observed in the sites. More than 90% of the trees
were deciduous. Trees in the Delft site were overall more clustered as the
average distance between trunks was 8.45 m whereas in the Enschede
site it was 9.36 m. Regarding acquisition dates of the processed images,
they were acquired in leaf-on conditions, however, in the Delft site, some
trees had still transparent canopies at the time of image acquisition in
2003.
A reference polygon layer of all tree crowns was constructed from
visual interpretation of VHR images recorded in 2003, 2006, 2008 and
2009 at a 25 cm resolution. Location and average crown diameter of
10 trees was measured in the field to calibrate elliptical parameters.
Reference tree crowns are shown in Figs 4.6-4.7. For change verification,
a reference layer of changes was constructed by intersection overlay of
the reference layers of each studied date.
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Figure 4.6 Enschede test site (a) QB06 false color composite; (b) DKLN09 false
color composite. Polygons of reference tree crowns for each year are shown in
black.

4.3.2 Image Preprocessing
The VHR aerial images were terrain-corrected and radiometrically calibrated according to the characteristics of the Ultracam XP camera by
the distributor of the images. The QuickBird images were coregistered
to the aerial images using a polynomial model with a root mean square
error of 0.81 m and 0.18 m for the Enschede and Delft site, respectively. Since atmospheric correction is important for direct comparison of
changes (Section 4.2.6), DN values were converted to reflectance values
and radiometrically and atmospherically corrected. A dark body subtraction correction was applied, which mainly removes aerosol scattering
effects in the shorter wavelengths and improves estimates of vegetation
indices (Myneni and Asrar, 1994; Kaufman and Tanre, 1992).
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Figure 4.7 Delft test site (a) QB03 false color composite; (b) DKLN08 false color
composite. Polygons of reference tree crowns for each year are shown in black.

4.3.3 Estimation of crown probability images
To address differences in radiometric and spatial properties of the available images (Table 4.1), we used two distinct methods to estimate tree
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crown membership values in QB images and aerial images. Recognizing
the limited spatial resolution of multispectral QuickBird images for individual tree crown identification, we implemented a super resolution
mapping (SRM) classification based on Markov random fields (MRF) to
produce a soft classification of tree crowns at 0.6 m resolution. The
SRM for tree detection, as formulated in Ardila et al. (2011b), followed
a Bayesian contextual classification approach that considered the spatial and spectral characteristics of image pixels for their assignment
to a tree crown class. Spectral parameters, mean and covariance, were
derived from a training set for the four classes: tree crown, grassland,
shrubs and sealed surface, in panchromatic and multispectral bands of
each test site. Respectively, spatial characteristics were embedded in
a prior model that favored the spatial aggregation of pixels within the
same thematic class. Following Ardila et al. (2011b) reporting on tree
crown crisp memberships, we extended the method to obtain fuzzy class
memberships.
The Ultracam aerial images, with 25 cm spatial resolution, offered
sufficient detail to discriminate individual tree crowns appearing as
fuzzy regions. In this case, however, the challenge was to address the
within-crown spectral variation and the several spectral classes corresponding to tree crowns in the image. This large spectral variability
originated from: (1) the increase in spatial detail (Woodcock and Strahler,
1987), (2) the varying illumination conditions over the captured scene,
(3) the large radiometric sensitivity of the camera sensor (16 bits), and
(4) the diversity in tree species found in the area. As a matter of fact,
class membership values derived from spectral classifiers, such as like
maximum likelihood, are highly sensitive to sampling design and class
definition (Tso and Mather, 2009). As a consequence, for the estimation of crown memberships in the aerial images we used the NDVI to
generate values that maintained the spatial fuzziness of tree crowns
while reducing illumination effects. With NDVI values in [−1, 1], crown
memberships were obtained as µ = (NDVI + 1)/2.

4.3.4 Surface fitting and generation of tree crown objects
We applied a Gaussian low-pass filter to smooth small scale variations of
tree crown membership values that developed due to large within-crown
spectral variance. The magnitude of the smoothing effect of the Gaussian
filter was controlled by a kernel window size. Considering the differences
in spatial resolution of the input satellite and aerial images, kernel sizes
of 9 × 9 and 15 × 15 pixels were used respectively.
The value of µthr used for the region growing procedure was defined
over the Fs image in a way that most tree crown pixels were included
above that threshold. Thus we set µthr to 0.2 and 0.6 for the membership images derived from the QB and aerial datasets respectively.
Regions were generated for maxima values larger than µpeak = 0.4 and
µpeak = 0.65 for QB and aerial images respectively. Region growing was
implemented in IDL 7.1 (IDL, 2011).
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To refine the shape of the sampled regions R and eliminate slivers or
noise-like artifacts we applied a binary closing followed by a morphological opening operation over the constructed regions. The morphological
operations modified the extent of sampled regions R according to how a
predefined structuring element fitted a binary representation of R (Shih,
2009). For regions R defined over the QB and aerial images a squared
element of 3 × 3 and 5 × 5 was used respectively. Figure 4.8 illustrates
the steps modifying a given region in the DKLN09 image. Surface fitting
was implemented using the GAUSS2DFIT procedure available in IDL. In
this implementation, the values of the line and column running through
the local maximum of each region are used to obtain an initial estimate
of the parameters of a two-dimensional Gaussian equation. Next the
array data of the region is fitted to the parameterized Gaussian using a
gradient-expansion algorithm to compute a non-linear least squares fit.
a)

b)

c)

d)

Figure 4.8 Construction of fitting regions for surface fitting. (a) Tree crown in
aerial image; (b) R k region generated with region growing; (c) R k region after
morphological refinement; (d) Membership pixels inside R k used for surface
fitting.

Crown diameter was obtained using a linear regression model between
the object parameters σx and σy , and ground measurements of crown
diameter. A total of 10 trees located outside the study area were used
for this calibration in the images. In early experiments we tested the
dependance of the calibration factor cf on tree crown size but we did
not find significant statistical differences proving this hypothesis. A
global calibration factor was thus used, with values of 1.7 and 1.6 for
the objects generated over the QB and aerial images respectively. The
coefficients of determination (r 2 ) of this relationship were 0.69 and 0.84
for diameters estimated over the QB and aerial images, respectively.
Object changes were estimated using vector overlay operations in
a GIS application, which produced a set of crisp regions labeled as
positive, negative or unchanged areas. Class probability values used
during the iterative verification were based on the maximum likelihood
classifier (Tso and Mather, 2009) and class statistics calculated from
training areas in the image.
Considering the characteristics of the input images used in this
study, we used the difference of the NDVI as a suitable indicator of
change confidence. Thus, certainty of change was computed as µchange =
(NDVIDKLN − NDVIQB )/2, where a value of µchange ≈ −1 indicates a strong
79

4. Quantification of crown changes and change uncertainty of urban trees
confidence in the reported negative change while µchange ≈ 1 corresponds
to a strong confidence in the reported positive change.

4.4 Experimental results and accuracy assessment
Tree crown membership images were obtained with the soft-classification
procedure outlined in Section 4.3.3 in both test sites. Figure 4.9a and
Figure 4.9b shows the membership images for the Enschede site. The
crown membership of QB06 consistently yielded high values in tree
crown locations (black outlines). Areas with very small trees (i.e., crown
diameter less than 4 m) presented low probabilities; e.g., Figure 4.9a
grid cells: A12, B12, C12, and D12. The tree membership image of
DKLN09 yielded high values for all the trees in the area including the
smaller trees; e.g., Figure 4.9b grid cells: A12, B12, C12, and D12. Other
vegetated surfaces, however had equally high membership values, such
as grasslands and shrubs; e.g., Figure 4.9b grid cells D6 and E6.
In the Delft site tree crown memberships were consistently computed
for both studied dates with a proper correspondence with the reference
data. We observed, however, several tree areas with low membership
values due to the early acquisition date of the QB03 (see Section 4.3.1).
Based on the tree membership images and following the procedure
outlined in Section 4.2.3 a total of 111 tree crown objects for QB06 and
192 for DKLN09 were initially identified in the Enschede site. After iterative verification of memberships for areas without corresponding objects
a total of 115 and 195 objects were identified for QB06 and DKLN09 respectively, as shown in Figure 4.10a and 4.10b. Overall, crown objects
showed a good agreement with the tree crowns in the reference dataset;
e.g., Figure 4.10a grid cells: E11, G2, H6, H7, and I8; and Figure 4.10b grid
cells: B11, C4, C12, E11, H7, and I8. In QB06 , several small tree crowns
were missed (e.g., Figure 4.10a grid cells: A12, B12, C12, and I9), while
in DKLN09 tree crowns were better identified with some over-detections
in private gardens (e.g., Figure 4.10b grid cells: D5 and D8). Notice that
high values of crown memberships in grassland areas did not trigger
false crown alarms since they largely deviated from the surface model
used in the fitting procedure (Figure 4.10b grid cells: D6 and E6).
Likewise, in the Delft site a total of 299 tree crown objects for QB03
and 413 for DKLN08 were initially identified. After iterative verification of
memberships for areas without corresponding objects a total of 308 and
414 objects were identified for QB03 and DKLN08 respectively, as shown
in Figure 4.11a and Figure 4.11b. In QB03 several trees were missed due
to the early acquisition date of the image (grid cells: A5, A6 and B1).
The Delft site permitted to test the change detection method in areas
of adjacent trees (i.e., along the water channels) and in tree clusters.
Trees in linear patterns were consistently identified in the two used
datasets, with some aggregation in instances of trees having strongly
interlocked canopies. The group of trees shown in grid cells A2, A3, B2
and B3 correspond to a group of trees planted in a city park. Although
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Figure 4.9 (a) Tree crown membership image of QB06 ; (b) Tree crown membership image of DKLN09 . Reference tree crowns are shown in black.

an equivalent number of crown objects were not detected, the spatial
extent of the ellipses correctly identified the spatial extent of trees in the
group for both dates.
Tree crown identification accuracy is shown in Table 4.2. In the
Enschede site identification rate was 70% and 90% in the QB06 and DKLN09
respectively. False positive errors (Type I) were in the order of 30% for
both years while false negatives were lower in 2009. In the Delft site
the identification rate was superior, with 91% and 96% for the QB03 and
DKLN08 respectively. Errors were lower in the Delft site, with a false
positive rate below 28% and false negatives under 9% in both years.
The overlay analysis between tree crown objects permitted to identify
abrupt changes as: (1) removed trees, corresponding to tree crowns
in the QB images without corresponding objects in the aerial images;
(2) planted trees, corresponding to crown objects in the aerial images
without corresponding objects in the QB images; (3) no change, corresponding to crown objects matching in the studied dates. Abrupt changes
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Figure 4.10 (a) QB06 false color composite image with corresponding tree
crown objects for 2006; (b) DKLN09 false color composite with corresponding
tree crown objects for 2009.

are shown in Table 4.3. Nine trees were found to be removed and 56
planted between the period 2006–2009 in the Enschede site, while 22
trees were found to be removed and 105 planted in the Delft site. In this
analysis, 37 reference trees which were not in full leaf-on conditions at
time of QB03 image acquisition were not considered.
Comparison with the reference layer of changes permitted to assess
the quality of detected abrupt changes. This is shown in Table 4.4 and
measured in terms of Type I errors (false positives) and Type II errors
(false negatives). Correct identifications of removed trees in the Enschede
site can be seen e.g., in Figure 4.10 grid cells: B14, E3, F11, G2, H2, and
H11. Correct identifications of newly planted trees between 2006 and
2009 can be seen e.g., in Figure 4.10 grid cells: C2, E2, G3, G4, G9, and
J8. These abrupt changes were checked in the field. Conversely, false
positive changes can be seen e.g in Figure 4.10 grid cells: A12, B12,
C12, and I9 while a false negative is seen in the grid cell F9 for a very
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Figure 4.11 (a) QB03 false color composite image with corresponding tree
crown objects for 2003; (b) DKLN08 false color composite with corresponding
tree crown objects for 2008.

small tree. In the Delft site abrupt changes were correctly detected in
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Table 4.2 Positive identification, type I error (false positives) and type II error
(false negatives) for tree crown identification in QuickBird images (QB06 and
QB03 ) and aerial images (DKLN09 and DKLN08 ).
Type
Enschede
QB06
DKLN09
Delft
QB03
DKLN08

Identification

Type I error

Type II error

70%
90%

30%
30%

30%
10%

91%
96%

22%
28%

9%
4%

Table 4.3 Abrupt changes of tree crown objects.
No-change
Removed trees
Planted trees

Enschede
125
9
56

Delft
309
19
68

Table 4.4 Accuracy assessment of abrupt measured changes.
Enschede
Positive detections
False positives
False negatives
Delft
Positive detections
False positives
False negatives

Removed trees
7
2
2
Removed trees
10
9
5

Planted trees
36
20
10
Planted trees
26
42
13

Figure 4.11 grid cells B2 and C2. These changes, shown in detail in
Figure 4.12, illustrate the conversion of a row of trees into a parking
area.
We compared the amount of gradual change in terms of the difference
in crown diameter between the studied dates. Figure 4.13a presents
results of this analysis for objects pairs with one-to-one cardinality,
that is, an object in the QB intersecting a single corresponding object
in the aerial image. In the figure points over the diagonal indicate
positive gradual change whereas points below the diagonal indicate
negative gradual change. We observe that about 64% of the assessed
trees exhibited a gradual positive change during the studied period. The
overall change in crown diameter in both sites was 1.5 m with a standard
deviation of 0.9 m.
The assessment of the reported gradual changes in crown diameter
is shown in Figure 4.13b. The figure illustrates the change in crown
diameter estimated from the proposed method against the change in
crown diameter measured from the manual delineation of crown objects.
In most cases, estimated changes are acceptable as they concentrate
in the diagonal line. There is a underestimation of change noted by
points below the diagonal line. Two extreme errors are observed in the
plot, which correspond to changes in cells B5 and D12 in Figure 4.10. A
coefficient of determination (r 2 ) of 0.56 and a root mean squared error
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Figure 4.12 Illustration of identified abrupt changes for a group of trees in
the Delft site (a) QB03 (pan-sharpened image used only for visualization) and
(b) DKLN08 (grid cells B2 and C2 in Figure 4.11).
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Figure 4.13 (a) Changes in tree crown diameter between the studied dates
for matching objects. Symbols above the diagonal line indicate positive change
whereas symbols below indicate negatives changes in tree crown size; (b) Assessment of directly measured changes against estimated changes in crown
diameter. Symbols on the diagonal line indicate correct estimation of change,
symbols above the diagonal indicate overestimation of change whereas symbols
below the diagonal indicate underestimation of change.
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The map in Figure 4.14a presents both abrupt and gradual changes in
tree crown as crisp regions with their associated certainty in Figure 4.14b
in Enschede. We observe a dynamic area in terms of measured changes
between 2006 and 2009. Losses in tree crown (in red) are reported mostly
with high certainty values (dark red). In turn, most of the positive changes
(blue) have associated high certainty values (dark blue). Exceptions to
this are the positive changes reported in grid cells: F1, F13, F14 and
I3, which have a very low associated certainty. Notice also that false
positive changes in grid cells: A12, B12, C12, and I9 have a low associated
certainty value.
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Figure 4.14 Analysis of changes and change uncertainty in the Enschede site.
(a) Tree crown changes between 2006 and 2009 represented as crisp regions;
(b) Certainty of tree crown changes measured between 2006 and 2009.
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4.5 Discussion
In this paper we described and implemented a change detection method
for tree crowns in urban areas which allowed to identify abrupt and
gradual changes at the object level and informed on change uncertainty
for pixel locations. We addressed two perspectives of uncertainty in
tree crown change detection: (1) the spatial and spectral uncertainty
inherent to vegetation in remotely sensed data originating from their
spatial characteristics and mixed-pixel effects, and (2) the uncertainty in
the reported changes originating from the specific implementation of the
developed change detection method. The first was addressed through
the estimation of tree crown memberships applying a soft-classification
method and the second was attained by independent comparison of
reported changes with the variations of vegetation indices between the
studied dates.
Until now, only few methods exist for object based change detection
and even less address uncertainty in object based change detection
(Johansen et al., 2007; Hagen, 2003; Stein, 2008). Comparison of the
set of objects retrieved for different dates permitted to identify abrupt
changes such as tree planting or tree removal. Meanwhile, gradual
changes, estimated for objects with one to one cardinality, were readily
obtained by comparing their areas on the analyzed dates.
The change detection workflow formulated here permits to integrate
soft classification outputs derived from different methods as long as
they are normalized to a common reference such as class probabilities
or membership values. In consequence, change can be measured with
certain independence of image characteristics used for t1 and t2 , like
spatial, spectral or radiometric resolution, as demonstrated in the implement experiment. This flexibility is very relevant for change detection
studies given the state and evolution of remote sensing technologies. As
characteristics of image products evolve and changes need to be tracked
over a span of several years, change detection methods that address
these variations are needed.
Several soft-classifier algorithms already exist, like fuzzy C-means,
neural networks, fuzzy sets, and Bayesian approaches (Tso and Mather,
2009). In the use of those classifiers, special care must be given to the
definition of classes in the training set. The training stage should focus
on capturing the spectral response of unmixed tree crown pixels and
surrounding elements. The sampling strategy should lead to class memberships or class probabilities that produce bell-shaped surfaces that can
be the input of the surface fitting procedure. In addition, these surfaces
should not be very rough or noisy. Although other techniques can be
used, contextual-soft classifiers are more convenient for surface fitting
as they produce smooth probabilities. In this sense, the SRM method
maximized the local spatial correlation of class labels. Furthermore, the
SRM mapping resolved tree crowns with 0.6 m ground-cell size, which
helped to reduce the impact of differences in spatial resolution between
the input images.
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The NDVI-based approach used to estimate crown memberships was
adequate given the characteristics of the aerial images, i.e., their large
amount of spatial detail resulting from 25 cm resolution and 16 bit
radiometric levels. Additional experiments with spectral classifiers
provided noisy and irregular membership values on the core and edges
of tree crowns which generated several local maxima and did not provide
a suitable surface for fitting. In contrast, the vegetation index, being a
measure correlated with the amount of vegetation, generates a crown
surface profile that holds a better correspondence with the fuzzy spatial
variation of vegetation in the geographic space. Moreover, vegetation
indices normalize to a large extent irregular illumination conditions
occurring at the time of image acquisition. This is a relevant consideration, as illumination conditions are more evident in airborne than in
spaceborne datasets.
The change detection method involves the generation of tree crown
objects by means of image fitting for T1 and T2 images. This shares
scope with template matching and other approaches proposed for tree
detection in plantation forests in previous works (Wolf and Heipke,
2007; Gougeon and Leckie, 2006). These works, however, concentrate
on the accurate location and delineation of tree crowns using refined
segmentation methods or radiometric analysis. We propose the simpler
fitting of a Gaussian function to the image in order to retrieve elliptical
objects defined by their center position, axis rotation, and length of minor
and major axis. We provided a conceptual model for the generation of
objects which was implemented successfully as shown in Figure 4.10
and 4.11.
The method was consistently applied in two different residential
test sites in The Netherlands. Although conditions at time of image
acquisition of satellite and aerial images varied, defined parameters
of the method were used equally in both test sites, which shows the
robustness of the method in the performed experiment. The only sitespecific procedure applied was the estimation of class statistics derived
from independent training sets in each test site. This was necessary given
the large number of tree species present in the Delft site. Although most
trees were in full leaf-on conditions in the images, seasonal effects and
yearly changes are likely to be confounded due to differences between
the acquisition dates of aerial and satellite images at t1 and t2. When
considering differences between images, differences between the imaging
sensors can also influence the estimation of uncertainty derived from
the direct comparison of NDVI.
Abrupt changes were reported with a detection rate of 77% and 78%
for removed and planted trees respectively in the Enschede site. A large
number of false positives (20) for planted trees in 2009 was found,
due mainly to omission errors in the classification of QB06 . This stems
mainly from the insufficient spatial resolution of the QuickBird image
to identify very small trees in the city, as trees not detected in the
QB06 were identified in the DKLN09 , and hence reported as false positive
changes. In the Delft site, overall, two out of three trees either planted or
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removed were detected. False positive detections were high due mainly
to the spatial heterogeneity and diversity of shrubby plants in private
gardens. The Delft area presented proportionally fewer changes between
the studied dates, as confirmed by 309 tree crowns detected in both
dates with and identification rate superior to 90%.
The analysis of gradual changes (Figure 4.13) permitted to identify the
amount and direction of gradual change in terms of crown extent between
the studied dates. This is especially useful when monitoring individual
trees planted along the roads or with regular tree inter-distance, as a
positive identification and 1 to 1 cardinality facilitates the provision of
accurate information to end users. The estimated gradual change in
tree crown area showed a good correlation with the observed change
in spite of the overall underestimation of measured area change. This
originates from the coarse resolution of the QB image that introduces
larger imprecisions in area as compared to the more precise estimate
provided by the 0.25 m resolution aerial image. Furthermore, we observe
that small changes in crown size are difficult to estimate as both positive
and negative change can be expected depending on seasonality, pruning
activities and tree health. Besides, geometric differences between images
due to sensor attitude and viewing geometry cannot be ignored. Image
orthorectification is usually applied to correct for terrain or building
displacements but rarely accounts for trees. We estimated an average
growth of crown diameter of 1.5 ± 0.9 m with an root mean squared error
of 0.82. Estimation of change of a few centimeters are thus not feasible
given the order of precision that both the proposed method and images
can provide.
Since image classification is reportedly affected by detection errors
which strongly propagate in change analysis, we introduced an iterative
verification step for areas indicating abrupt changes at first instance.
Abrupt change hypotheses are verified only for the extent where the
change is observed and recomputation of probabilities over the whole
image is not required. This illustrates the use of prior information in
change detection as recommended in remote sensing (Liu et al., 2008;
Bruzzone et al., 2004). In the implemented experiment several changes
were discarded after the iterative analysis of probabilities, which helped
to reduce the amount of false positive change detections in the final
report.
We estimated change uncertainty based on the differences of NDVI
derived from both images once calibration and atmospheric correction
was implemented. Note that this correction is not needed to obtain an
estimate of crown changes but to estimate the posterior uncertainty of
changes. NDVI has been commonly used as a measure of vegetation
biomass levels or photosynthetic activity (Soudani et al., 2006; Kodani
et al., 2002), we propose to use its variation over time as a measure
of change uncertainty. This is a reasonable approach considering that
abrupt changes produce strong variations of NDVI while gradual changes
such as crown growth or vegetation disturbance produce smaller NDVI
differences. This was confirmed by the experiment, and although it is
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difficult to directly validate measures of uncertainty (Foody and Atkinson,
2002), visual inspection of the results and field knowledge support this
observation. The independent approach used to identify crisp change
and change certainty allowed as well to indicate areas which might
require additional validation or where the soft classification method
could have failed. This is indicated for instance by areas of a negative
change where the uncertainty indicates a positive change.
The uncertainty addressed in Figure 4.14 corresponds to the existential uncertainty of the reported changes. It expresses how sure we
are that a change really occurred. A complete treatment of uncertainty
for the modeled objects, however, will have to deal with the extensional
uncertainty as well, which reflects the certainty of spatial extent of the
change regions (Molenaar and Cheng, 2000). This would require the
modeling of tree objects as vague regions following a similar approach
to those recently proposed in literature (Dilo et al., 2007; Pauly and
Schneider, 2010). In fact, the location, membership and σ parameters of
the modeled objects in this work may be used to represent tree crowns
as fuzzy regions with gradual transition boundaries. Under this setup,
points from the center to a given σ distance would represent the core
of the vague region, points where µ = 1, while points farther than the σ
distance would belong to the transition zone and define the support of
the region. This would lastly require the implementation of fuzzy operators to identify spatio-temporal changes of the vague regions (Schneider
and Behr, 2006; Schockaert and De Cock, 2009).
Considering the usability of change detection products, trees should
be treated as objects in mapping as well as in change detection. Information on spatial uncertainty can be more relevant if this is reported
at the object level rather than as a global indicator. The set of spatial
accuracy indicators proposed in this work can guide actions of end-users.
For instance, knowing the uncertainty in the detection per object will
help to prioritize field checks by the municipality. Field checks of tree
vitality could also be planned according to the amount of certainty in
changes and tree maintenance interventions could be identified by using a combination of the map of reported changes and their associated
uncertainty.

4.6 Conclusions
In this paper we have shown a change detection method for tree crowns
which accounts for their fuzzy and discrete character in remote sensing
images. The model permits to report abrupt and gradual changes at the
object level and presents the spatial distribution of change certainty for
detected crown objects. The approach allows to integrate fuzzy classification outputs of distinct classification methods, thus accommodating
differences in input images. Tree crowns were modeled as elliptical
objects and the number of false positive changes was reduced by an iterative verification of crown memberships. The method was successfully
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implemented in two residential areas in The Netherlands using a set of
satellite and aerial images. The spatial uncertainty reported per tree
object supports end users in management of tree resources.
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5

Multitemporal change detection
of urban trees using localized
region-based active contours in
VHR images

This chapter introduces active contours for multitemporal monitoring of urban trees
using fine resolution imagery. In our implementation active contours locally identify tree
crown image regions using a localized data energy term and competition of energy forces
between adjacent contours. The simultaneous evolution of n contours represents an
equivalent number of tree crowns which are initialized based on a fast and efficient image
fitting procedure. We incorporate prior information into the multitemporal analysis,
as optimized contours are propagated through a sequence of images. We demonstrate
the applicability of the method to monitor individual trees and tree groups in two
residential areas in the Netherlands using a time series of multispectral aerial images
acquired over a period of five years. The method allowed the identification of abrupt and
gradual tree crown changes in both areas and performed superior to an alternative region
growing segmentation approach. We conclude that the method extracts meaningful
image objects that facilitate tree crown monitoring and is effective to update tree crown
spatial-databases in urban areas.
The content of this chapter is based on the article accepted for publication in the
Journal of Remote Sensing of Environment.
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5.1 Introduction
As with the turn of the century more than half of the world population
is living in cities and urban centers, provision of quality of life and
ecological services to urban dwellers have become a priority in the agenda
of policy makers. Green spaces and urban trees represent key assets to
secure this provision. Among several benefits, urban trees filter pollutant
particles, isolate noise, contribute to carbon sequestration, alleviate the
heat island effect, increase the value of real-state and have a positive
psychological effect on citizens (Escobedo et al., 2011; Konijnendijk,
2005; McHale et al., 2007). Initiatives to quantify and monitor the state
of trees, however, are not yet efficient, as the application of traditional
forestry surveying techniques and ground survey fall short given the
complexity and continuous change of the urban environment.
Remotely sensed imagery acquired with sub-meter resolution by satellites and aerial cameras are promising for a detailed mapping and monitoring of urban trees. Considering that nowadays remote sensing provides
abundant information of the Earth, methods are needed to obtain spatial
indicators of the urban green environment. Efforts in this sense include
the mapping of urban canopy cover using spectral classifiers (Walton
et al., 2010; Zhang, 2001), the modeling of local-context in the classification process (Ardila et al., 2011b), and the use of object-based detection
techniques for tree detection (Ardila et al., 2011a; Walker and Briggs,
2007). Most initiatives have focused on tree detection for a single date
and little is known on tree monitoring and change detection in urban
areas.
In the field of computer vision, image segmentation using active contours has become a robust technique over the last decade thanks to
the developments in front evolution and level sets proposed initially
by Sethian (1999) and Osher and Fedkiw (2003). Implemented in image
processing to separate contrasting foreground objects from the background, active contours require the definition of an initial contour and
the modeling of an energy functional for its optimization. This energy
functional lets the contour evolve under the influence of external forces,
image properties such as intensity and gradients, and internal forces
such as contour length and curvature (Cremers et al., 2007; Mitiche and
Ben Ayed, 2010). Recent developments in computer vision have modeled
contour evolution based on local statistics, as a solution to overcome
image heterogeneity (Lankton and Tannenbaum, 2008; Li et al., 2008).
Studies have also introduced multi-phase active contours to identify
more than a single image object (Kaihua et al., 2010; Vese et al., 2002).
Active contours have been occasionally used in remote sensing. Parametric active contours were initially used to update the geometry of
vector layers, using as initialization, for instance, the existing maps and
coastlines that were to be updated, and a gray-level image to drive the
contour towards its updated state (see e.g. Agouris et al. (2001) and Mason and Davenport (1996)). Recently, Lin et al. (2011) used a parametric
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model to delineate tree crowns on a digital surface model (DSM). Parametric active contours, however, are often affected by local non-uniform
intensity which traps the contour in its evolution. Moreover, this model
lacks desired topological properties and is slow to converge (Chenyang
et al., 2000). Alternatively, geometric active contours with level set evolution have been applied in a few cases, e.g. to segment satellite images
using arbitrary contour initializations (Ayed et al., 2005).
The basic formulation of active contours seeks to find a closed contour C that separates a single band image I, defined on the domain
Ω ∈ R2 , into disjoint regions by maximizing the contrast between the
background and foreground. Chan and Vese (2001) proposed the following energy functional:

E CV (C, c1 , c2 ) = λ1

Z
Ω1

(I − c1 )2 dx + λ2

Z

(I − c2 )2 dx + ν|C|

(5.1)

Ω2

where Ω1 and Ω2 represent regions inside and outside the contour, and
c1 and c2 are constants that represent the approximate image intensities
in Ω1 and Ω2 weighted by the positive constants λ1 and λ2 . In the
third term, ν penalizes the contribution of the contour length |C| in
the functional. The CV functional, also known as piecewise constant
model (PC), assumes constant intensities in Ω1 and Ω2 . This, however, is
not a valid assumption in remote sensing images. As demonstrated in
Woodcock and Strahler (1987), with increasing resolution the within-class
variance also increases. Therefore, class heterogeneity has to be taken
into account when identifying features in remotely sensed images.
Most applications of active contours in computer vision have used
global image statistics to partition the image into distinct intensity regions. Global statistics are not appropriate for tree detection since the
spectral response and intensity of tree crowns change according to their
size, species, local context, and surface background. In this sense, the
characterization of tree crown intensity using a probability density function requires a localized adjustment of its parameters. Efforts to localize
the energy of active contours have been presented recently. Wang et al.
(2009) and Zhang et al. (2010) used a Gaussian kernel, while Lankton and
Tannenbaum (2008) proposed a user-defined neighborhood around the
contour.
Geometric active contours are promising for tree detection and monitoring. Firstly, active contours produce image objects, that, if adequately
extracted, correspond to geo-objects, i.e. regions that represent trees.
The derived information can then be directly integrated into geo-spatial
tree databases. Secondly, an initial estimation of a tree contour can
be forward- or back-propagated into a series of images to track tree
objects. This is possible without the implementation of a radiometric
normalization or atmospheric correction. Thirdly, active contours do not
lead to over-segmentation, which saves additional efforts on merging and
reshaping the image segments. Lastly, individual trees can be explicitly
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Table 5.1 Characteristics of VHR aerial images used in the study.
Site
Image
Acquisition date
Local time
Resolution (cm)
Sun elevation (deg)
Spectral bands (nm)
Map projection
Dynamic range

Enschede
Delft
2006
2008
2009
2011
2006
2008
13 Jun
31 Jul
25 May
24 Apr
9 Jun
12 May
12:10
9:40
13:40
10:50
11:50
10:20
50
25
25
25
40
25
60
40
56
44
59
46
(410 − 570), (480 − 630), (570 − 700), (690 − 1000)
Stereographic Dutch RD
16 bits

tracked with a definite spatial characterization of the objects at each
moment.
This paper contributes to multitemporal analysis of remote sensing
images using active contour techniques. We design and implement a
multi-temporal detection strategy based on active contours to monitor
urban tree crowns in a series of very high resolution (VHR) images, i.e.
images of sub-meter spatial resolution. We incorporate prior information
into the monitoring process as previously optimized contours define
the initial state of contour evolution in each image. To obtain the initial
contours, we propose a fast and efficient image fitting procedure that
approximates tree crowns by ellipses. We also allow the simultaneous
evolution of contours by using a local optimization of contour energy on
the basis of Gaussian distributions. The method can thus be replicated
over a series of images of the same area to identify abrupt and gradual
changes.
In the remainder of this paper Section 2 presents the study area and
data, and Section 3 the multiphase optimization of active contours and
its implementation in six multispectral VHR aerial images. In Section 4
the results and assessment of accuracy are presented. The paper ends
with the discussion and conclusions of our work.

5.2 Study area and data
We selected two residential test sites in the Netherlands where six submeter VHR multispectral images were available (Table 5.1). The first
one is in the city of Enschede, with four images acquired between 2006
and 2011 (Figure 5.1). The second one located in the center of Delft,
with two images from the summers of 2006 and 2008. The images were
pre-processed and orthorectified by the image distributor (EUROSENSE,
2011). Characteristics of the Ultracam XP digital frame camera can be
found in Scholz and Gruber (2009).
The Enschede and Delft test sites had approximately 120 and 180
trees, respectively, planted both on public and private land. These sites
were selected as challenging cases for tree detection because of: (1) the
presence of other vegetation surfaces (i.e. grasslands and shrubs), (2) the
wide range of tree sizes (crown diameter varying between 1.5 − 30 m),
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a)
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c)

d)
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Figure 5.1 VHR images of Enschede test site acquired in 2006, 2008, 2009,
2011 with image insets of their respective NDVIr .
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and (3) the mixture of coniferous and deciduous tree species. The areas
presented both single and inter-locked trees, with an average distance
between trunks of 9.5 m. The images of 2006, 2008 and 2009 were from
the summer season, whereas the image of 2011 was from the spring
season, when some tree species were not yet in full leaves-on condition.
Abrupt changes in tree presence were caused by the demolition and
reconstruction of a building in the Enschede site, whereas the rest of the
areas in Enschede and Delft exhibited subtle changes due to the natural
process of tree growth, seasonal change and maintenance practices.

5.3 Tree crown monitoring using active contours
and image fitting
Figure 5.2 presents a diagram of the tree crown monitoring workflow.
We conceive a semi-supervised strategy where tree crown objects are
identified in each instance of a set of VHR images and the information
retrieved at each moment is used to facilitate identification of tree crowns
in the following image. Specifically, given a sequence of red band and
near-infrared spatially overlapping and coregistered images, a series
of normalized difference vegetation index (NDVI) images is produced.
Tree crowns are approximated by ellipses in the first image by making
use of a multi-scale image surface fitting procedure as presented in
section 5.3.2. Next, the ellipses are simultaneously optimized using a
localized active contours method which considers: (1) image intensity in
the proximity of the contour, (2) shape properties, and (3) the evolution
of adjacent contours as explained in sections 5.3.3 and 5.3.4. The output
of each optimization procedure is a set of non-overlapping contours,
each representing a single tree or a group of trees. In subsequent images,
the preceding optimized contours are used as initialization of a new
optimization process, which is iteratively replicated in the same way
through all the images in the sequence. This approach allows to monitor
objects which are initially identified at the first image of the sequence.
To monitor newly planted trees or trees not evident at the initial moment
(T1 ), back-propagation is necessary starting at Tn on the set of newly
identified objects.

5.3.1 Image processing
An image-to-image registration was implemented for the images of the
two test sites. For ground-features, an average co-registration error of
0.5 m was found. Radiometric and geometric variations were observed
due to changes in sun illumination and height displacement inherent
to the perspective projection of aerial photographs. We computed a
rescaled normalized vegetation index NDVIr [0, 100] using the intensity
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Image T1
Image fitting

Initial contours T1

Time

Contour
optimization

Optimized contours T1
Image T2

Contour
optimization

Back-propagation

Image T1

Optimized contours T2

...
Contour
optimization

Image Tn

Image fitting

Optimized contours Tn

Figure 5.2 Schematic representation of a multitemporal change detection of
urban trees using localized region-based active contours.

image values as:
NDVIr = 50[(NIR − red)/(NIR + red) + 1]

(5.2)

Map insets shown in Figure 5.1 illustrate differences in the computed
NDVIr of the images of the Enschede site. The image of 2006 presented
a noisier NDVIr , reflected in a higher within-crown variance in Table 5.2.
Anomalous NDVIr values were found in the images of 2006 and 2009
in areas of tree crown shadows cast on vegetation. Due to the image
acquisition date, tree crowns in 2011 exhibited lower NDVIr intensity
values as compared with the rest of the images in the area. Image
contrast between tree crowns and background vegetation was also lower
in 2011. The images of the Delft site presented dissimilar NDVIr texture,
with the image of 2008 having a larger within-crown variance as shown
in the table. NDVIr values in shadow areas were consistent at the Delft
site.

5.3.2 Contour initialization
The implementation of active contours for tree detection required the
definition of an initial and approximate curve that was modified according to energy forces as presented below. We designed a semi99
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Table 5.2
study.

NDVIr statistics for tree crowns in VHR aerial images used in the

Image
2006
2008
2009
2011
2006
2008

Enschede
mean standard deviation
72.3
6.2
69.2
3.35
75.8
3.82
67.3
5.4
Delft
64.2
3.4
67.84
8.0

automatic initialization where tree crowns were represented as elliptical
curves. This was achieved by locally fitting a Gaussian surface model
to a smoothed version of the NDVIr image and was a sensible approach
considering that the NDVI of a tree crown in a VHR image is not uniform
and is better approximated by a bell shaped profile with a peak near the
tree center (see Figure 5.3 and Sheng et al. (2001)). The generation of
initial elliptical contours required the definition of localized sampling
regions in the NDVIr image (section 5.3.2.1) and the actual fitting of a
Gaussian model to the generated regions (section 5.3.2.2)
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Figure 5.3 Smoothed NDVI intensity surface profile of a deciduous tree crown
derived from a 50 cm resolution image.
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5.3. Tree crown monitoring using active contours and image fitting
5.3.2.1 Definition of sampling regions
To identify sampling regions of the image fitting process, we first implemented a smoothing filter operation of the NDVI image, where the
degree of generalization and simplification of the spatial structure of the
smoothed image depended on the size of a Gaussian kernel (Nw ) and the
value of a sigma parameter (σg ) (Russ, 2007). Recognizing that vegetation elements manifest at specific scales or aggregation levels (Hay et al.,
2002), these values were set to spatially vary according to the size of the
region under consideration. In the experiment, vegetation areas were
identified by aggregating connected regions having NDVIr > 50. The kernel size of the Gaussian filter (Nw ) and sigma (σg ) were set according to
the area of these regions Ar (m2 ) as Nw = 1/200Ar + 3 and σg = 0.5Nw ,
respectively. These values were found through linear regression in a way
that for small vegetation aggregates Nw and σg permitted to preserve
fine spatial structures, e.g. single tree crowns, while for larger vegetation
aggregates unnecessary spatial structure was removed, e.g. tree clusters.
We defined sampling regions R k , k = 1, . . . , n, as clusters of interconnected pixels that determined the approximate spatial support of
individual trees. Regions R k were iteratively constructed by a region
growing procedure on a smoothed NDVIr image (L). For each global maximum peak in L with location (ik0 , j0k ), a region was generated as adjacent
pixels were added to R k according to a negative gradient criterion. At
each iteration, a pixel q, adjacent to a pixel s ⊂ R k , was added to R k if
Lq /Ls < 1 and Lq was above an intensity threshold (µthr ). The first constraint ensured that the region R k was connected and concave and the
second that it included vegetation intensities. Region growing continued
until a global maximum peak was below an intensity threshold (µpeak ).
Once a region R k was generated, its pixel locations were passed to the
surface fitting procedure and the area was excluded from subsequent
region growing computations.
In the experiment a value of µthr = 52 was used in the region growing procedure so that most tree crown pixels were included above this
threshold. Regions were generated for maximum values above µpeak = 60
and µpeak = 55 for the Enschede and Delft site, respectively. The image
filtering, region growing and surface fitting procedures were implemented in IDL (2011) and provided the parameters of the elliptical regions
used as initial contours of the change detection method.

5.3.2.2 Surface fitting
Tree crowns were modeled as elliptical objects with parameters that
were computed by surface fitting of a Gaussian equation to NDVI values
confined within the extent of a region R k . The equation of the elliptical
Gaussian with rotated axes (i(p), j(q)), origin in the locations (ik0 , j0k ),
fitted to crown membership values in the (p, q) locations of the image L
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is:

!2
1
i(p)
L(p, q) = A exp − 
+
2
ψp


j(q)
ψq

!2 


(5.3)

where A is the height of the Gaussian; ψ = (ψp , ψq ) quantifies the width
of the elliptical Gaussian; and the axes i(p) and j(q), rotated by an angle
θ in counter-clockwise direction with respect to (p, q), are defined as:
i(p) = (p − ik0 ) cos θ − (q − j0k ) sin θ
j(q) = (p −

ik0 ) sin θ

+ (q −

(5.4a)

j0k ) cos θ

(5.4b)

5.3.3 Localization of the Gaussian data fitting energy
Let I be the observed gray level image defined on the domain Ω ∈ R2 and
C(Ω) a closed, smooth and regular contour that segments the image into
two non-overlapping regions, namely the interior Ω1 and the exterior Ω2 .
We consider x as a point in C, and y as the points in a neighborhood
Wx defined as Wx = ||x − y|| < r , with r being the localization radius
(Figure 5.4). Consequently, the neighborhood is divided into two regions,
i.e. {Ωi ∩ Wx }, i = {1, 2}, defining the local interior and the local exterior.
The optimal partitioning of Wx can be considered as the segmentation
that yields the maximum a posteriori probability according to Bayes’
theorem:

Ω2

Ω2∩WX

x
Ω1∩WX

Ω1
C

Figure 5.4 Local neighborhood of a point x in the curve C defined for the
interior Ω1 and the exterior Ω2 .

p(y ∈ Ωi ∩ Wx |I(y)) =
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where p(I(y)|y ∈ Ωi ∩ Wx ), denoted as pi,x (I(y)) is the conditional
probability of y belonging to the region Ωi ∩ Wx . Under a Bayesian
approach, the segmentation can be considered as the partition of the
input image into several regions by finding the maximum a posteriori
probability (MAP) of the generated regions. Assuming that all image partitions are equally possible and that all pixels intensities are independent,
the MAP can be expressed as the minimization of the energy

2
X

Ex =

Z
− log pi,x (I(y))dy.

(5.6)

i=1 Ω ∩W
x
i

We adopt a Gaussian parametric model to discriminate image regions
and to account for intensity heterogeneities following Kaihua et al. (2010),
Rousson and Deriche (2002) and Wang et al. (2009). Thus the conditional
probability pi,x (I(y)) equals
(I(y) − ui (x))2
1
exp −
pi,x (I(y)) = p
2σi (x)2
2π σi (x)2

!
(5.7)

where ui (x) and σi (x)2 are the spatially varying intensity mean and
variance respectively.
To localize the energy we introduce a characteristic function β defined
within a certain distance r from the point x such that

β(x, y) =

(
1,
0,

if ||x − y|| < r
otherwise.

(5.8)

The energy can then be expressed as:

2 Z
X

Ex =

−β(x, y) log pi,x (I(y))dy.

(5.9)

i=1 Ω

i

Since the energy of all the points x has to be minimized, a second
integral is introduced into the energy function:



2 Z
X


−β(x, y) log pi,x (I(y))dy  dx.


Z
E=
Ω

(5.10)

i=1 Ω

i

The probability (5.7) and data energy terms (5.6) are introduced into
the contour evolution as presented in the next section.
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5.3.4 Level set formulation
The general formulation of active contours is a two-phase segmentation,
where foreground objects are separated from a contrasting background
(see e.g. Vese et al. (2002)). We make use of a multiphase segmentation
that allows the simultaneous evolution of tree contours of proximate
trees, where n coupled evolution equations evolve an equal number of
competing regions, as proposed in Brox and Weickert (2006) and Lankton
and Tannenbaum (2008). In this multiphase model, isolated contours
evolve independently, while energy forces of adjacent contours are used
to prevent geometric overlap.
Let C be represented by the zero level set contour of a signed distance
function φ, C = {x|φ(x) = 0}. The interior of C is specified using a
smoothed version of the Heaviside function with a small constant  by
M1 (φ(x)) = H (φ(x)) as follows:
1 h


2 1 +
H (φ(x)) = 1,



0,

2
π

arctan



φ(x)


i

,

|φ(x)| ≤ 
(5.11)

if φ(x) > 
if φ(x) < −

Correspondingly, the exterior is defined as M2 (φ(x)) = 1−H (φ(x)).
The derivative of H defines the position of C and is given as the
smoothed version of the Dirac delta function:
1
δ (φ(x)) =
π

"

#



(5.12)

2 + φ (x)2

The variational evolution equation of φ(x) is expressed by two terms.
The first considers the interface evolution given the image and is formulated as the level set partial derivative (5φ(y) ) influenced by the external
energy or data fitting term F . Recall that F , modeled by (5.10), provides
an optimal partition given the intensity distribution of I. The second
term considers the contour length and favors smoother and shorter
contours depending of the magnitude of ν (Osher and Fedkiw, 2003;
Chan and Vese, 2001). The evolution equation is thus given by:
∂(φ)
(x) = δ (φ(x))
∂t

Z
ωy

β(x, y) 5φ(y) F (I(y), φ(y))dy
+νδ (φ(x))div

5φ(x)
|| 5 (φ(x)||

(5.13)

!
.

Note that the data fitting term is localized using β(x,y). In thelength
5φ(x)
5φ(x)
term, ||5(φ(x)|| represents the unit normal to φ and div ||5(φ(x)|| is the
curvature of the zero level set (Sethian, 1999).
The evolution equation of φ(x) can be formulated in terms of advancing forces (ea ) pulling the curve outwards, and retreat forces (er )
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pulling the curve inwards. The magnitude of these forces depends on
the image intensity inside and outside the contour within the localized
neighborhood as modeled in Equations 5.6 and 5.7 as well as the length
term. Taking the log of the probabilities, er and ea are expressed as:

"

(I(y) − µ1 (x))2
er =
β(x, y) log σ1 (x) +
2σ1 (x)2
Ω
Z

#

ν
dy+ div
2

5φ(x)
|| 5 (φ(x)||

!
,

(5.14)

"

(I(y) − µ2 (x))2
ea =
β(x, y) log σ2 (x) +
2σ2 (x)2
Ω
Z

#

ν
dy+ div
2

5φ(x)
|| 5 (φ(x)||

!
,

(5.15)
where the localized mean µi (x) and variance σi (x)2 are derived as:
R
µi (x) =

β(x, y)I(y)Mi (φ(y))dy

Ωy

R
Ωy

R
2

σi (x) =

Ωy

β(x, y)Mi (φ(y))dy

,

β(x, y)(µi (x) − I(x))2 Mi (φ(x))dy
R
.
Ωy β(x, y)Mi (φ(x))dy

(5.16)

(5.17)

The evolution of a given contour i considers the magnitude of advance
and retreat forces of adjacent contours j. The evolution of contour i
depends then on its own energy forces and the maximum and minimum
retreat and advanced forces of adjacent contours as:


∂φi
(x) = δ (φi (x)) max(eai , −erj ) + min(eri , −eaj ) .
∂t

(5.18)

Equation 5.18 was used to evolve the contour in each iteration, with
the advance and retreat forces of adjacent contours computed with 5.14
and 5.15 as specified in the next section.

5.3.5 Level set implementation
Figure 5.5 illustrates the implemented contour evolution workflow. A
first step in this process involved identification of contour groups or
individual contours according to their proximity. This was determined
using a dilation operation on the image of elliptical regions using a
square structuring element of 5 pixels. Contours within the same region
were aggregated into groups for either multiphase optimization or singlephase in the case of isolated contours. From this proximity analysis up
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Initial contours

Groups of proximate
contours

Proximity
analysis

FOR each group
C={ (x)1, (x)2... (x)i}

Distance
function (x)i

Narrow band
1.2< (x)i <1.2

Local

NDVIr

i

and i in a neighborhood
with = 30 pix.

IF (l,k) of (x)i =
with i≠j

Y

(x)i/ t
(equation 5.13)

Evolve

(x)i=

IF

FOR each iteration

/ t<

(x)j

(x)i

(x)i +

N

(x)i/ t
(equation 5.18)

(x)i/ t

Reinitialize

(x)i

count =count+1
N

IF iter= max_iterations OR count> 3
Y

Stop evolution

(x)i

Figure 5.5 Workflow implemented for multitemporal change detection of urban
trees using active contours.

to five adjacent contours simultaneously evolved. Contour optimization
was implemented in Matlab 7.1.
Each contour was defined as the zero level set of a distance function
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φ(x). We implemented the narrow band method for contour optimization (Osher and Fedkiw, 2003), which reduced the number of computations as only the locations around the zero level set were considered to
evolve φ. Parameters for contour evolution were first set according to the
range of values used in computer vision references and then heuristically
adjusted according to our own experiments in the images. Local mean
and variance for each pixel location in the narrow band were computed
using Equations 5.16 and 5.17 with a localization radius r = 7.5 m. The
ν parameter of the length term was set to 1.5. For two or more contours
evolving simultaneously over identical image locations, φ evolved using
Equation 5.18, whereas isolated contours evolved using the more simple
equation:

∂φi
(x) = δ (φi (x)) eai + eri
∂t

(5.19)

After each iteration, pixels of the interior were passed on to the
exterior of the zero level set and viceversa depending on the magnitude
of the advance and retreat forces. φ evolved until a maximum number
of iterations (max_iter ) was reached. We set max_iter = 30c, with c
being the average radius of the initial contour. Alternatively, contour
optimization stopped if ∂φ/∂t <  for more than 3 iterations, with
 = 1 × 10−4 . After each optimization, the optimized zero level set was
stored as a poly-line vector using the contouring algorithm of Matlab.
This vector layer was integrated with the rest of the information for
visualization and analysis. Lastly, the set of optimized level sets were
used to initialize contours in the subsequent image.

5.3.6 Validation
We constructed six polygon reference layers to validate the results of
the Enschede and Delft test sites. For each image, the complete set of
individual trees and tree groups were manually delineated based on the
visual interpretation of the aerial images. The manual delineation was
also supported by historical data available for the area. A total of 126
and 168 polygons were generated for the images of 2006 in Enschede
and Delft respectively. Tree crown reference polygons for the Enschede
site are shown in Figure 5.1.
We compared the performance of the proposed change detection
method against an object based tree detection approach. To this aim we
selected an image window containing a row of street trees planted along a
road in the city of Enschede in sealed and grassland surfaces. Optimized
active contours for the four years were generated following the workflow
previously described and a set of initial approximate contours derived
from image fitting on the NDVIr image of 2006. Object based detection
was carried out in the commercial software package eCognition Developer
8 (Definiens, 2012) using its multiresolution segmentation algorithm. The
scale segmentation parameter, related to the size and homogeneity of
107

5. Change detection using region-based active contours in VHR images
image objects in eCognition, was heuristically set to optimum values
of 30, 30, 35 and 35 for the images of 2006, 2008, 2009 and 2011,
respectively. A compactness value of 0.85 was used for segmentation
in all cases. The four available multispectral bands were used in the
segmentation task and segments corresponding to tree crowns were
manually classified.
The quality of object detection was estimated in terms of positive
tree crown detections, false positives (false alarms) and false negatives
(omissions). Furthermore, as presented in Ardila et al. (2011a), we computed the geometric quality of generated objects on the basis of how
well the extent of identified crown objects Oi fitted reference objects Rj
using over- and under-identification area errors indicators, respectively,
defined as:

Oid(Oi ) = 1 −

area(Oi ∩ Rj )
,
area(Oi )

(5.20)

Uid(Oi ) = 1 −

area(Oi ∩ Rj )
.
area(Rj )

(5.21)

with values of Oid(Oi ) and Uid(Oi ) close to zero representing a good
match between classified and reference objects and values close to 1
representing a large difference in extent between classification and reference. The total delineation error indicator in [0, 1] was thus given
by:
s
total error(Oi ) =

Oid(Oi )2 + Uid(Oi )2
.
2

(5.22)

5.4 Results and assessment of accuracy
The image fitting operation at the Enschede site produced 149 ellipses in
the image of 2006 with a crown diameter between 2 m and 26 m. From
these, 114 were positive identifications, which amount to a false positive
detection rate of 23%. At the Delft site, 168 ellipses were produced with
a false positive detection rate of 6%. The generated ellipses, shown in
Figure 5.6 for both sites, present an acceptable agreement with the trees
in the area. Over-detection is observed in private gardens and in shrubby
areas. At the Enschede site 12 trees were not detected, all of them due
to their small size (average crown diameter of 1.5 m) and the low NDVIr
contrast with respect to grasslands and shrubs. For contour optimization
only the ellipses corresponding to positive detections were used as initial
tree crowns.
Figure 5.7 presents the polygons obtained after contour optimization in the four processed images of the Enschede site. We observe a
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Figure 5.6 Initialization ellipses obtained in the image of 2006 and disaggregated into correct identifications and false positives in a) Enschede and
b) Delft.

considerable level of agreement between the images and the obtained
contours and a consistent representation of tree crowns that enable their
comparison and their monitoring through time. Notice that upon an appropriate initialization and due to the implemented evolution approach
contours evolve independently and do not overlap. The identification
was successful even in areas of poor contrast, e.g. where tree crowns
were surrounded by grassland or where shade was cast by buildings or
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tall trees. At the construction site (upper-left corner of the Enschede
site), four trees were removed in 2008, six in 2009, and 15 in 2011. These
abrupt changes were properly identified.
Figure 5.8 presents the optimized contours obtained in the images
of the Delft site. Small and large trees were successfully detected in
the area, and individual trees planted along the channels were properly
identified. Note that in the insets of Figure 5.8 some trees appearing
strongly aggregated in the image of 2006 were identified as tree clusters,
whereas they were adequately delineated as individuals in the image of
2008.
A convenient property of active contours is that initialization can
partially deviate from the desired image region and the contour can still
evolve towards an optimum state. Figure 5.9 illustrates instances of
successful convergence when the initial contour and tree crown region
largely mismatch. In Figure 5.9a the contours converge even though the
Gaussian fitting procedure overestimated the size of the initial ellipses.
Figure 5.9b shows two contours growing from a small initialization and
Figure 5.9c shows convergence when the initial contour is a few pixels
off due to geometric differences between the images.
Trees planted on sealed surface had a strong background contrast
in the NDVIr image. These trees also presented non-uniform intensity
depending on the image. The implemented change detection method
was efficient at tracking those trees and rapidly reached an optimal state.
This is shown in Figure 5.10, which illustrates NDVIr heterogeneity for
a set of trees on a parking lot in the four studied dates. The optimized
contours are presented in the bottom row of the figure. On the other
hand, the technique often failed to identify proper regions when tree
crowns were surrounded by areas with similar NDVIr and texture.
In Figure 5.11, a comparison of distribution of crown diameters
between the optimized contours of individual trees and the digitized
reference layers is established. An overall agreement is observed between
the measured and reference tree diameters, with R2 values equal to 0.88,
0.80, 0.87, and 0.91 between the crown diameters of the reference and
the output data in Enschede for the four studied years, respectively. At
the Delft site R2 values were equal to 0.88 and 0.95 for the images of
2006 and 2008, respectively.
Maps of tree crown change at the Delft site derived from the active
contours output and the reference crown layers are shown in Figure 5.12a
and Figure 5.12b, respectively. In both cases, polygons of tree crown
objects were coregistered using a per-polygon affine transformation in
ArcGIS to avoid minor displacement effects in the resulting map. As
can be seen from the figure, the output of the active contours method
shows both positive and negative change consistent with the reference
data. In particular, gradual changes are correctly estimated in the crown
edges of trees planted along the channels whereas some discrepancies
are observed in private gardens.
Figure 5.13 presents the outputs of the benchmarking test. Note
that the multiresolution segmentation performed a global partition of
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Figure 5.7 Optimized tree crown contours at the Enschede test site in the
images of (a) 2006, (b) 2008, (c) 2009, and (d) 2011.

the image with over-segmentation and under-segmentation in areas of
transition between grassland and tree canopy and for trees with large
within-crown spectral variation. In contrast, the active contours output
presents an optimal correspondence with tree crowns in the image.
Moreover, the optimized contours are meaningful and keep a one-to-one
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a)
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0

50

100 m

$FWLYHFRQWRXUVRXWSXW

´

Figure 5.8 Tree crown contours optimized in the images of (a) 2006 and
(b) 2008 at the Delft site. The insets illustrate changes in topology after contour
optimization.

relationship through time that facilitates change analysis. Figure 5.14
presents Oid and Uid values of the segments for the two outputs using a
layer of manually digitized tree crowns as reference. The magnitude of
the errors is consistently lower using the active contours as compared
to the object based classification. Furthermore, the average total error
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a)

b)

c)

Figure 5.9 Examples of initial contours (yellow) and optimized contours
(green).
a)

c)

e)

g)

b)

d)

f)

h)

Figure 5.10 NDVIr intensity heterogeneity (top row) together with optimized
contours (bottom row) for a set of trees planted on a parking lot.

of the active contours output is lower (0.21) as compared to that of the
manually classified segments (0.32).

5.5 Discussion
This study formulated a localized active contours segmentation strategy
for monitoring urban trees in VHR images. Using sub-meter resolution
images, urban trees were monitored for a period of 5 years in Enschede
and 2 years in Delft. The selected test sites had challenging characteristics that are to be found in most urban applications, given the differences
in sensor calibration, conditions of image acquisition and variability in
composition and context of trees in cities. At the Enschede site, gradual
changes were difficult to identify due to the small differences in tree
crown extent across the years, seasonal effects and pruning practices. We
observed negative and positive changes up to 1 m in crown diameter over
a year. We also notice that it is difficult to establish a direct interpretation
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Figure 5.11 Reference crown diameter (m) and crown diameter (m) derived
from active contours segmentation in the images of 2006, 2008, 2009 and 2011
in Enschede and Delft. The black line represents the one-to-one line.

of the multi-temporal segmentation results if images are not taken in
the same season, i.e. image of 2011. For the dataset of the Delft site,
acquired during the summer season, gradual change was consistently
mapped. This was observed in particular for individual trees planted
along the channels and indicates the special suitability of the method to
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Figure 5.12 Map of tree crown changes 2006-2008 estimated for the Delt test
site from: a) output of active contours b) reference layers. Insets illustrate
precise identification of gradual changes.

monitor changes of trees planted in open areas or in isolation.
Tree crown monitoring was successfully implemented in the study
sites. Most generated contours constituted meaningful image objects
that closely represented geographic objects (Castilla and Hay, 2008).
A comparison between crown diameters derived from reference data
and optimized contours revealed a high quality of identification, with
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a)

b)

c)

d)

Multiresolution segmentation

Initial ellipse tree crowns

Multiresolution segmentation
& manual classified tree crowns

Optimized active contours

Figure 5.13 Tree crowns identified in the images of (a) 2006, (b) 2008, (c) 2009
and (d) 2011. The left column illustrates contours derived after implementing a
multiresolution segmentation whereas the right column shows optimized active
contours.
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Figure 5.14 Accuracy of tree crown delineation expressed as over-identification
(Oid) and under-identification (Uid) for tree crowns derived from active contours
and the multiresolution segmentation approach.

an average R2 higher than 0.8. Likewise, abrupt changes due to tree
felling were correctly detected. The proposed active contour approach
performed superior to a multiresolution image segmentation method.
Specific characteristics of the proposed method determining the quality
of tree identification are analyzed below.
In this work we considered the red and near infrared bands to generate a series of NDVIr images. The NDVIr proved useful to first generate initial ellipses using a Gaussian fitting technique and second to
drive the contours towards the optimal state. Alternative approaches to
drive contour evolution could consider the energy of all multispectral
bands (Rousson and Deriche, 2002), principal components analysis or
the Bhattacharyya distance (Michailovich et al., 2007). We preferred the
use of a band ratio as this is easily computed over a series of images,
it has been extensively used in ecological studies, and holds a direct
relationship with vegetation structure (Soudani et al., 2006). Moreover, a
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vegetation index normalizes to a large extent variations in atmospheric
conditions and sun illumination, an important feature given that the sunlit illuminated area of tree crowns appear brighter in remotely sensed
observations (Ardila et al., 2011b).
Active contours segmentation requires the definition of initial contours approximating the extent of features of interest, which may discourage a wide range of applications in remote sensing. We proposed
a semi-automatic Gaussian fitting procedure to generate ellipses that
were used as the initial contours of the monitoring process. Posterior
optimizations were used to initialize contours in subsequent instances
of a series of multitemporal images. Although geometric active contours
are less sensitive to initialization as compared with their parametric
formulation (Zimmer and Olivo-Marin, 2005), an adequate initialization
leads to more consistent results and a faster convergence to an optimal
solution as shown in this study. With this setup, multitemporal images
can be analyzed fast and consistently, which facilitates change detection
and monitoring.
Initialization based on the NDVIr exploited the radiometric characteristics of tree crowns that permit to infer their location from local
maxima and their approximate extent from the size of radiometric blobs.
Moreover, image fitting permitted identification of tree crowns and tree
groups of diverse sizes thanks to the use of smoothing kernels. This
smoothing operation allowed to remove spurious details from the NDVIr
image, while preserving the radiometric structure of the smallest trees.
This multi-scale approach accommodated the range of crown sizes and
the within-crown spectral variance of vegetation patches. Accordingly,
small isolated trees were recovered as single ellipses, while large trees or
groups of trees generated larger ellipses.
Optimized contours delineated both individual trees and groups of
trees. Depending on tree species and tree association, the initialization
method based on local maxima permitted to identify individual trees
within tree groups and tree rows. This can be observed in the results of
both test sites, where trees planted next to each other were individually
tracked. Due to reflectance characteristics of strongly interlocked trees,
local maxima and blob detection were insufficient to delineate individual
tree crowns in all cases. For those areas we identified groups of trees.
An extension of our method would be the use of a local maxima count
to attribute to each tree group an estimate of the number of composing
trees. This may be acceptable considering the management units in
urban forestry, which often correspond to individual trees, tree rows and
tree groups.
The implemented strategy requires an initialization and back propagation starting at the final observation to identify newly planted trees or
trees that were initially not identified. Alternatively, in a one directional
propagation, initialization could be executed on each image of the series
to incorporate new objects to the set of objects being tracked.
The initialization produced a number of false positives in Enschede
and Delft, 23% and 6%, respectively. While we did not propagate those
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false alarms into the posterior analysis, some measures could be taken
to reduce the number of false positives. In a data driven approach,
statistics of NDVIr intensity or geometric thresholds from the set of
generated regions can be used to detect outliers and hence potential
errors. Alternatively, if false alarms are propagated into the analysis, a
verification of the evolution of the contours in terms of energy, geometric
properties or the presence of image shadows could indicate potential
errors. Although initialization as proposed here introduces a limited
number of errors due to the similar spatial and spectral characteristics
of tree crowns and shrubby vegetation, semi-automation is inevitable
given the volume of data involved in urban remote sensing applications.
The introduction of a localized data fitting term restricted contour
evolution to the image intensities around the evolving contour. Contrary
to most works based on global segmentation methods, factors such as
the radiometric variations of urban trees, differences in illumination
conditions, and the spatial heterogeneity of the urban space make a localized energy method necessary for contour optimization. We introduced
a Gaussian energy data fitting term, which considered the mean intensity
and standard deviation of values inside and outside the zero level set
within a localization radius of 7.5 m. Furthermore, the standard deviation
approximated the texture around the zero level set. This permitted the
separation of crown canopy from grassland areas, but it was insufficient
to separate shrubby vegetation from tree crowns due to their similar
radiometric variance. Alternatively, Gabor filters can be used to involve
texture in contour optimization (Rousson et al., 2003).
Thresholds of active contours parameters were initially set according
to values reported in literature (Li et al., 2008; Lankton and Tannenbaum,
2008). We further optimized these considering the data and characteristics of tree crown in the images. The length term, ν = 1.5, was
of particular importance. Larger values slowed the optimization and
made the contour more rigid during evolution, whereas smaller values
promoted more dynamic contours. Moreover, the chosen value of ν
permitted the contours to split. As shown in the results, the capacity
of active contours to experience topological changes during contour optimization was advantageous for tree monitoring. A localization radius
of 7.5 m followed from the characteristics of the study sites. In the
initialization process, the selected maximum threshold µpeak reflected
the differences in the NDVIr images of 2006. The robustness of the
method is underlined by the fact that it was not necessary to optimize
parameters separately for each test site and image to achieve satisfactory
results.
In general, change detection errors increase as a function of misregistration errors, landscape heterogeneity and change detection resolution (Wang and Ellis, 2005). Most pixel-based and feature-based change
detection methods rely on an accurate co-registration of input datasets.
This however, is notoriously difficult to achieve for VHR images. Although we observed geometric differences inherent to aerial photographs,
the proposed monitoring method was robust to geometric variations
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(Figure 5.9) as optimized contours were successfully propagated.
Even though terrain corrections are systematically applied to remote
sensing imagery, a true orthorectification is difficult to implement as
precise information on the height of trees is rarely available. A rigorous
implementation of the method would derive more precise area measurements if true ortho-photos are incorporated using a digital surface model
and overlapping images. An alternative is the use of VHR satellite imagery, which offers less geometric distortions at nadir observations. The
present resolution, however, of satellites such as GeoEye and WorldView
is insufficient to allow precise estimates of gradual tree crown changes.
This study formulated an active contours segmentation approach for
monitoring urban trees in VHR images. While significant development
has been reported in literature, geometric active contours have rarely
been applied in remote sensing. To the knowledge of the authors this is
the first attempt to formulate an active contour model based on series of
VHR multispectral images and implementing it in a concrete application.
Tree mapping using object-based image analysis in VHR imagery has
proved effective on recent studies (Ardila et al., 2011a; Hirschmugl et al.,
2007). Replicating a contextual object-based approach for multitemporal
monitoring, however, would be a laborious task as classification rules
have to be tuned and considerable effort is needed to reshape and aggregate spurious image segments. Although multitemporal methods for
tree detection have not been reported, several promising works have
been published on the use of LiDAR remote sensing for individual tree
detection on a single date (Koch et al., 2006; Dalponte et al., 2011). Considering the potential application of our method to alternative datasets,
a canopy height model constructed from the point cloud of LiDAR observations could be used as the intensity image driving contour evolution.
At the moment, however, the LiDAR processing workflow remains highly
supervised and there is insufficient temporal coverage for monitoring
purposes.

5.6 Conclusions
A multitemporal change detection workflow for tree crown monitoring based on active contours was successfully implemented in six VHR
images of two urban test sites in the Netherlands. Crown diameters
derived from reference data and optimized contours showed an average
R2 larger than 0.8. The method allowed to monitor meaningful tree
crowns and provided more accurate tree crown delineation as compared
to a multiresolution segmentation, with a total error of 0.21 and 0.32,
respectively. All abrupt changes due to tree removal were accurately
detected and gradual changes were consistently mapped. Attributes of
the proposed method leading to the observed results are: i) the initialization procedure, ii) the localization of a Gaussian data fitting energy
around the evolving contour, iii) a non-overlapping multiphase segmentation based on competition of energy forces of adjacent contours, and
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iv) the propagation of prior information into the multitemporal image
analysis. We conclude that the method is feasible for optical remote
sensing applications requiring the identification and monitoring of urban
trees.
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6

Synthesis

This Chapter provides the conclusions to the objectives and research
questions outlined in Chapter 1 based on the findings of Chapters 2
to 5. It also provides a reflection on the immediate contribution of
this thesis to urban forest management and its potential contribution
to other applications such as the quantification of tree services, the
documentation of climate change, the calibration of growth models and
estimation of data quality. It proceeds with a prospective view on the
expected developments of remote sensing products and their application
to urban forestry in the following years. As a synthesis it also presents
the information component for a concrete model scenario. Emphasis
is given to the integration of data inputs, methods and outputs of the
system. It finishes with recommendations for further research.
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6.1 Conclusions
 Objective 1. Develop and implement advanced image analysis
methods to identify and delineate urban tree crown objects using
VHR airborne and spaceborne images.
Research question Can semantic knowledge classification methods
in an object oriented approach be used effectively to extract urban
tree objects in VHR imagery?
In Chapter 2, I formulated and demonstrated an operational workflow for the identification of individual trees and tree groups in
urban areas. This comprised specific GEOBIA methods, classes,
rulesets and features for tree crown identification. The GEOBIA
approach considered the spectral, spatial and contextual characteristics of tree objects in the urban space. Tree crowns were
detected according to their size, projected shadow, location respect
to urban infrastructure and tree inter-distance. The GEOBIA approach proved to be applicable in two QuickBird scenes of urban
areas without major modifications and producing acceptable results. Given the pressing situation where urbanization leaves scarce
space to green areas, the proposed GEOBIA method is a potential
solution for applications in need of prompt and fast determination
of the state of urban trees.
Research question Can contextual and Bayesian methods based
on MRF be used effectively to extract urban tree objects in VHR
imagery?
The proposed MRF-based SRM proposed considered an energy function in terms of the spatial smoothness prior and conditional probability of multispectral and panchromatic bands of QuickBird images. The method provided acceptable results for tree detection
in a residential area of the Netherlands and was found to be operational over a large area. This method outperformed results
obtained with maximum likelihood and support vector machine
classification of multispectral and pan-sharpened products as well
as contextual MRF classification. Inclusion of the panchromatic
band led to an improvement of tree crown detection as compared to
a model ignoring the panchromatic information. Optimal parameter
values for energy minimization were estimated in tuning subsets
and were consistent with previous research. I conclude that the
method introduced in this study reduces the impact of insufficient
spatial resolution as well as the large within-class spectral variance
of trees in VHR images, and can thus be recommended for urban
tree inventories.
 Objective 2 Develop a method to facilitate spatio-temporal change
detection and monitoring of tree objects in urban areas.
Research question Can pixel- or object-based change detection
techniques be successfully used for spatio-temporal change detection
of tree objects in urban areas?
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In Chapter 4, I proposed and implemented a change detection
method for tree crowns which accounts for their fuzzy and discrete
character in remote sensing images. The model permitted to report
abrupt and gradual changes at the object level and presented the
spatial distribution of change certainty for detected crown objects.
The approach allowed to integrate soft classification outputs derived from different classification methods while accommodating
for differences in spatial resolution and radiometry of input images.
Tree crowns were modeled as elliptical objects and the number of
false positive changes was reduced by an iterative verification of
crown memberships. The method was successfully implemented in
two residential areas in the Netherlands using a set of satellite and
aerial images.
Research question Can the developed method be implemented to
semi-automate multitemporal tree crown detection?
A multitemporal change detection workflow based on active contours for tree crown monitoring was replicated in six VHR images of
two urban test sites in The Netherlands. Most generated contours
kept a significant correspondence with tree crown in the images.
Crown diameters derived from reference data and optimized contours showed an average R2 larger than 0.8. Abrupt changes were
readily detected and gradual changes were well mapped for isolated
trees. The method outperformed an alternative approach based on
the manual classification of image segments. Fundamental attributes of the proposed method leading to the observed results are:
i) the initialization of tree crown objects (based on the methods
presented in Chapter 4), ii) the localization of a Gaussian data fitting
energy around the evolving contour, iii) a multiphase segmentation
based on region competition, and iv) the propagation of prior information into the multitemporal image analysis. I conclude that
the method is a viable alternative for remote sensing applications
requiring the identification and monitoring of urban trees.
 Objective 3 Determine the uncertainty of spatial and temporal
information on tree objects derived from image analysis methods
developed and implemented in objectives 1 and 2.
Research question How can the spatial uncertainty of the developed
and implemented methods in objectives 1 and 2 be modeled and
estimated?
In Chapters 3 to 5, I quantified the spatial accuracy of tree detection.
The average global accuracy indicator κ was estimated for the methods tested in Chapter 2. In addition I estimated tree identification
errors, i.e., false positives (error Type I) and false negatives (error
Type II) for all the outputs presented in this work. Stating that
pixel based accuracy indicators are suboptimal for end-users, I developed and implemented indicators of the object-based geometric
quality of tree detection, i.e., over-detection, under-detection and
total geometric error.
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To model the spatial uncertainty within the tree crown change detection process, I presented in Chapter 4 a method that considered
the inherent fuzzy characteristics of tree crowns in satellite images. The method integrated membership values derived from a
contextual SRM classification of a QuickBird image and the NDVI
estimated from an aerial image. It this way, it permitted the analysis of images of different spatial and radiometric resolution. This
approach also permitted to account for uncertainty inhomogeneities, as pixels with higher uncertainty values contributed less in the
determination of tree center location. The image fitting of membership values procedure, permitted in several cases to identify the
position of individual trees in a group of interlocked tree crowns.
Uncertainty was also used to reduce the number of false positive
detected changes through the iterative verification of tree crown
memberships.
Research question How can the spatial uncertainty of the developed
and implemented methods in objectives 1 and 2 be visualized?
To visualize the quality of tree crown identification maps of total
geometric error were produced in Chapters 3 and 2. In Chapter 4, I
modeled the spatial uncertainty of reported tree crown changes. To
this aim, I used the normalized vegetation index as a proxy variable
to indicate the existential uncertainty of changes. The spatial
uncertainty reported per tree object supports end users to prioritize
forestry interventions in the field and the image analyst to identify
potential error locations and shortcomings of the algorithms being
applied. In Chapter 5 I represented the spatial accuracy of tree
crown change derived from the active contours method using the
reference and detected polygons for two dates.

6.2 Reflections
6.2.1 On sustainable forest management
This thesis aimed to contribute towards sustainable urban forest management through the development and implementation of a set of image
analysis methods designed to quantify and monitor trees in urban forests
using optical remote sensing. While remote sensing imagery alone is insufficient to meet the needs of urban forest management, the generation
of information through image analysis methods is a step forward towards the efficient use, development and conservation of tree resources.
To illustrate this, in Section 6.3, the methods developed in this work are
coupled as part of an urban forest monitoring system based on remote
sensing.
A monitoring system for sustainable urban forest provides concrete
information on the state of green resources that enables management at
the strategic and operational level. At the strategic management level,
the system may contribute to answer questions such as:
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Information components needed for sustainable forest manage-

 What is the extent and spatial distribution of the urban forest?
 Where should institutional resources available for urban forestry
development be spent?
 What are the economical benefits reported by the urban forest?
 What is the tree mortality rate in the city and does it show spatial
variation?
 How do urban land use and infrastructure affect the state of the
urban forest?
Methods developed in this thesis support operational management
by addressing specific questions such as:
 How many trees exist in a specific neighborhood?
 Which areas of the city need tree maintenance?
 Where should the growing state of a group of trees need to be
checked?
 Which trees have been removed/planted after the last check?
Urban forest management has to be integrative, and should consider
the range of relevant disciplines and approaches converging to it (Konijnendijk, 2005). As pointed by Schipperijn et al. (2005) and shown in
Figure 6.1, this requires the acquisition and integration of basic green
space, and of environmental, ecological, and socio-cultural information.
Environmental and socio-cultural components are well documented
in modern cities. This is the case thanks to developments in technology
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and progress in social sciences towards the understanding of society demands. Basic green space information, however, is as its best incomplete
or outdated in most metropolitan areas. As presented in Chapter 1, basic
green information is mainly supplied by means of ground surveys. Those
are often time consuming and difficult to replicate given the complexity
of the urban space. This thesis demonstrated the use of geo-spatial
technologies, geo-information and spatial science as the source of basic
green space information for sustainable management.
The developments presented here contribute to the quantitative component of forest management. This is reflected by not only in knowing
how many trees there are, but also in supporting the quantification of
the net effects of urban trees. In fact, the multiple benefits reported by
urban forests are easily listed (see Section 1.1) but are hard to quantify
without detailed information on the extent, composition, and spatial
distribution of the urban forest. For instance, the UFORE model (Nowak
and Crane, 2000), requires information on species composition, tree
height, dbh, crown size and tree health to compute carbon storage and
energy savings. This is relevant to local authorities that need to assess
and weigh the impact of their administration. If institutions are able
to demonstrate a positive outcome from their forestry interventions,
additional programs and resources may become more easily available
to further improve the state of natural resources in cities. For instance,
the Chicago urban forest project (McPherson et al., 1997), quantified the
multiple benefits of the urban forest and motivated other organizations
to undertake similar initiatives towards more livable cities.
Quantifiable basic data derived from methods presented in this work
are also necessary to promote the adoption of environmental regulations
and responsibilities of both municipalities and citizens. Several municipalities around the world have specific rules and objectives regarding
the provision and the use of green resources in private and public land.
In countries like the Netherlands and United Kingdom, for instance, a
license is needed to remove a tree even if planted in privately owned
land. Tree location, size and landuse designation are factors taken into
account to grant a felling license. Most American cities outline specific
requirements considering the minimum tree canopy area that needs to
be provided in accordance with the designed use of the areas in the
city. In this sense, a change detection method such as the one presented
in Chapters 4 and 5 can be used to identify transgressions to forestry
policies.

6.2.2 On the multitemporal dimension of urban forest management
In this work, I considered both the spatial and the temporal dimension
in the study of urban trees. To develop automatic methods to identify
changes of the urban forest ecosystem is challenging because of the
complexity of the urban space, characteristics of image time series
and the dynamics of urban vegetation. I have provided concrete semiautomated solutions for the identification and monitoring of trees over
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time. Chapters 3 and 2 presented methods for precise tree identification
at an specific moment, Chapter 4 dealt with bi-temporal change detection
and Chapter 5 addressed the semi-automatic identification of trees over
image time series.
The prime interest of the proposed monitoring methods was the
identification of abrupt and gradual changes. Abrupt changes reported
in this work informed on the gains and losses from tree planting and tree
removal. The identification of gradual changes is relevant, as the timely
identification of anomalies in tree growth can lead to the opportune
intervention and mitigation of disturbance factors. Equally important,
as presented in Chapter 4, is that the knowledge derived from multiple
images can be accumulated to improve or complement results derived at
a given time.
The methods developed in this thesis have potential applications to
the modeling and estimation of tree growth. Tree growth models project
the growth and development of forest ecosystems by increasing the size
of each simulated tree in the forest on an annual or greater periodic
basis (Dale et al., 1985). Most tree growth models require structural
tree data, tree location and growing habitat data (Porté and Bartelink,
2002; Le Roux et al., 2001). This information can be derived from remote
sensing sources as presented in this thesis and be used as the input of
growth models. As a matter of fact, a component of the Boom en Beeld
project sought to build an empirical model for tree growth in urban areas
as presented in Kramer and Oldengarm (2010). Furthermore, the data
derived from multitemporal observations can facilitate the calibration
and validation of tree growth models.
Although the management of physical and ecological development
is traditionally framed within a static or short term perspective, the
dynamics of urban growth demands a consideration of the temporal
dimension in urban planning (Borgström et al., 2006; Ramalho and Hobbs,
2011). The simplifying assumption that urban centers growth in a linear
gradient from the core to the city fringes no longer holds in contemporary
cities (Theobald, 2004). On the contrary, contemporary urbanization
is occurring in a rapid, complex, non linear, dispersed and expansive
manner (Batty, 2008). With this, protected areas and natural remnants
are being lost at a rate faster than conventional models predict. In this
sense, methods developed in this thesis are a concrete solution to get an
insight into the dynamics taking place in urban centers.

6.2.3 On data quality, an inconvenient truth revealed by remote
sensing
Along with the quantification of urban trees and tree changes, this work
emphasized on the importance of reporting the associated quality and
uncertainty of obtained results. The accuracy derived from remote
sensing analysis determines the fitness for use of the products, the
interest of organizations to invest on remote sensing solutions and
urban forest practices in the field. Independently of the technique or
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methods involved in their acquisition, end-users often demand the most
accurate and reliable products. Only if image analysis methods produce
consistent results over time, can remote sensing be seriously considered
as the backbone of a monitoring system for urban forest.
While there is still some resistance to the adoption of remote sensing solutions when they are outweighed against ground survey techniques (Borre et al., 2011), a honest recognition of uncertainty of urban
forestry information is necessary to enable integration of different data
sources. The main contribution of remote sensing to urban forestry is
the production of urban forest information, not by replacing, but by complementing ground survey verification. In the remote sensing process,
the quality of information derived from remote sensing data depends on
the ability of the image interpreter, the spatial phenomena under consideration, the input data and the methods used to produce information. In
turn, although generally not recognized, field data are not equivalent to
the ground truth as they are not free of error or uncertainties.
The spatial report of tree detection and tree change accuracy can
bring substantial benefits to remote sensing practitioners and end users.
Due to the large variety of native and exotic trees planted in cities, the
complex arrangement of the urban space and the anisotropic illumination conditions throughout the image space, accuracy of remote sensing
products is a local indicator that is heavily site dependent. This thesis
presented indicators of spatial distribution of errors and the category of
errors affecting tree detection according to the type of trees and image
context. This departed from a traditional view, where a global indicator
of accuracy is often reported. I envision this set of spatial accuracy
indicators as tools that allow end-users to prioritize their actions and determine where or when results can be trusted. As presented in Chapter 4,
even though the analytical methods may fail and provide uncertain information, actions of urban forestry practitioners can still be directed
according to the reported spatial accuracy and uncertainty.

6.2.4 On the prospective of urban trees as local laboratories of
climate change
The impact of global warming and climate change begins to be documented by observing large scale events that are modifying the environment. For instance, scientist are closely watching continental scale
phenomena such as the retreat of glaciers, the melting of the ice sheets,
and extreme weather events. But as these events receive large attention, trees growing in urban sites could provide scientist with significant
information at a relative ease.
Plants living under harsh conditions in the urban environment are important elements of study to infer possible changes and adaptation of vegetation ecosystems to the future conditions of the environment (George
et al., 2009). In fact, urban trees are living organism experiencing global
warming conditions projected for the mid-century. According to the
IPCC (Nakićenović et al., 2000), the scientific authority on climate change,
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temperatures will increase between 1.8 and 4.0◦ C in the 21st century.
Due to the urban heat island effect and sealing of urban surfaces, plants
in cities are growing in higher air temperatures and in higher concentrations of carbon dioxide as compared to the country side or non-populated
places.
Trees are home to so many organisms and life forms that the effects
of climate change can be already documented in cities and even in our
homes. Scientific observatories to document effects on climate change
can in fact materialize in our backyard or street. Furthermore, the
profusion of mobile devices and nanotechnology will stimulate trends
such as community-based monitoring programs and neo-geography to
inform in real-time the dynamics of systems in urban areas (Newman
et al., 2011). This information could complement and enhance the
observations provided by satellite and airborne sensors of the next
decades. The integration of in-situ observations and remote sensing is
thus a potential research frame to document effects of climate change in
urban areas.

6.2.5 On the prospective of remote sensing data for urban forest
inventories
Considering the actual state of Earth observation technology and expected developments over the next years, the provision to remote sensing
data for urban forestry applications seems to be secured. As pointed out
in Chapter 1, the challenge lies rather on how to extract useful information from the available data and on how to integrate diverse sources
of information to fulfill practical demands. Forthcoming developments,
however, will further encourage the application of remote sensing for
urban forestry and will provide information on forest variables that are
now difficult to obtain.
Considering their periodic data acquisition, multispectral images
captured by spaceborne satellites at half meter resolution are at the
moment the most suitable source of information to map the urban forest.
In this thesis I developed methods that relied on VHR satellite and aerial
imagery to produce tree crown maps at submeter resolution. Maps of
tree crowns and tree crown change up to 25 cm and 60 cm resolution
were respectively derived from airborne and spaceborne data sets. The
obtained results can be further extrapolated to other scales, for instance,
canopy coverage maps at the city-block level or neighborhood level.
While progress on the manufacturing of Earth observation satellites
seems unlimited, the interplay of industry, consumer demands, economy
and aerospace regulations are likely to set constraints to the rapid evolution of Earth observation data. Unlikely breakthroughs are unexpected
in sensor development but rather innovation in the way remote sensing data is used and is integrated with other information (Craglia et al.,
2011; Gail, 2007). Within the next decade, a large number of spaceborne
sensors are likely to specialize in the acquisition of imagery at about
25 cm resolution whereas airborne optical sensors will consolidate at
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acquiring information at about 10 cm (Eckardt et al., 2009). At these
resolutions, VHR images will provide sufficient detail to completely map
the urban forest. As indicated earlier, this will greatly challenge the
existing image analysis methods for tree detection.
Forthcoming developments in LiDAR and digital imagery will provide
the third dimension of the urban forest. While currently it is difficult to
estimate the three dimensional structure of the urban trees using satellite
images, several studies have estimated volume and crown diameter
using overlapping images, photogrametric techniques and statistical
relationships between image and ground observations. This is, however,
difficult to replicate, as empirical relationships between image analysis
and tree size are often site specific. LiDAR remote sensing is doubtlessly
rapidly evolving to add the third dimension to topographic mapping and
urban forestry (Kato et al., 2009; Dalponte et al., 2011). The combination
of optical data and LiDAR information is likely to supply most data
demands on the volume and structure of urban vegetation. Likewise,
developments in digital imagery will facilitate the extraction of surface
models (Eckardt et al., 2009). With tree volumetric information, the share
of trees as part of the urban forest and carbon stocks will be better
known.
Finally, the synergy between future missions of hyperspectral remote
sensing and optical data may be used to inform on the vitality of tree
resources. Next generation spaceborne hyperspectral missions are being
designed by NASA, and the German and Italian space agencies (ESA,
2010). They will enable the acquisition from space of hundreds of
spectral bands at about 20 m resolution. The integration with optical
and panchromatic data, should support a better discrimination of tree
species and vegetation state for urban forestry applications. This would
be an important contribution to urban forestry information, as nowadays,
a continuous assessment of the tree vitality is difficult to implement with
ground survey (Parkes et al., 2003).

6.3 A monitoring system for the city of the 21st
century
Effective managing of urban forest resources needs to integrate information from diverse sources and disciplines. Next to the basic urban
vegetation information derived from remote sensing, field data, social
and environmental information needs to be analyzed. For instance, the
creation and maintenance of spatial database of tree resources within a
geographic information system is in a necessary step towards efficient
urban forestry management. Only if this is implemented, the contribution of remote sensing to quantitative forest management can be
materialized.
This section outlines the implementation of a monitoring system for
the collection of basic urban tree information in a conceptualized city
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using a geospatial approach. The system is designed to take the set of
methods investigated in this thesis into account and the remote sensing
technological developments expected to occur in the course of a decade
(see Section 6.2.5). It thus reflects what I expect to be possible under the
frame of remote sensing for urban forest monitoring within a few years.
For the concrete design of an information system a medium size
municipality is presumed, with concrete characteristics and information
demands. The city is located in a temperate city in the northern hemisphere, with an area of 150 km2 , 300,000 inhabitants, and with a large
diversity of both coniferous and deciduous trees. Under these assumptions, the outlined monitoring system has to be tuned to the specifics
of the studied city and adjusted based on the generic formulation given
here.
The municipality is supposed to update, organize and store continuous information on the amount and state of trees growing in streets,
parks, and woodlands. Specific information that needs to be known is:
tree location, tree crown extent, tree height, tree vitality, diameter at
breast height and urban canopy cover.
A tree inventory and monitoring system should involve policies,
people, technological infrastructure and information. With focus on
the information component, urban forest variables are obtained thanks
to the continuous application of concrete image analysis methods to
remotely sensed data. These include: GEOBIA (Chapter 2), super resolution mapping (Chapter 3), and active contours (Chapter 5). Furthermore,
the systems reports on the spatial accuracy of the generated products
following the approach presented for each of the developed methods
in Chapters 3 to 5. The accuracy reports helps to improve the system
based on identified flaws and the spatial uncertainty helps to prioritize
actions in the field.
The system relies on satellite images, aerial images and LiDAR data.
Satellite images, captured monthly between March to October, are used
to continuously monitor tree size changes and identify tree health. Given
these requirements and the methods presented in this work, satellite
images with the following characteristics are needed:
 Spatial resolution: 1 m in multispectral mode and 0.25 m in panchromatic mode.
 Spectral bands: green, red, near infrared, red-edge and panchromatic.
 Acquisition: monthly images in March, April, June, August, September and October.
 Radiometry: 11 bits.
Aerial images of 10 cm detail are captured yearly in summer to
delineate tree crowns using a GEOBIA approach and complement the
identification done with the satellite data. Characteristics of the aerial
images are thus:
 Spatial resolution: 10 cm.
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 Spectral bands: green, red, near infrared.
 Acquisition: a yearly image in July.
 Radiometry: 11 bits.
In the first phase, a baseline is constructed to establish the state
of urban forest at the beginning of the monitoring process. Acquired
in the winter season, the LiDAR data are used to identify tree crown
locations, tree height and dbh. A formulation of methods for analysis
of vegetation using LiDAR data is beyond the scope of this work, but
several references demonstrate this (Hyyppä and Juha, 2008). Aerial
imagery is then acquired in spring and early summer. A GEOBIA analysis
uses the tree locations derived from the LiDAR data and delineates the
components of the urban forest, namely, street trees, trees in parks and
woodlands. This establishes the baseline of the monitoring system.
The monitoring phase begins in summer with the acquisition of four
monthly acquired satellite images. First, the SRM approach is used to
map the extent of woodlands and trees in parks taking advantage of
the multispectral and panchromatic information of the satellite images.
Second, NDVI is computed for each image and used as the input intensity
of an active contour method. This semi-automates the identification of
street trees and provides a continuous map of tree crown extent. Third,
the multispectral capabilities of the satellite images are used to infer
tree vitality and stress conditions of the urban forest. This completes
the first year of the implementation of the system, and new cycles of
monitoring phases follow, which alternate the acquisition of new LiDAR
data in winter, aerial images in June, and satellite images in spring and
late summer.
Central to the monitoring system is a report on the spatial accuracy
of the derived products. The following maps of the spatial distribution
of errors are to be produced:
 False positive (Error Type I) detections for street trees and trees in
parks.
 False negative (Error Type II) detections for street trees and trees in
parks.
 Geometric accuracy of delineation of street trees.
 Uncertainty of estimated changes for woodlands and trees in parks.
These maps are constructed based on a sampling design over the set
of trees locations identified from the LiDAR data. Reference layers are
derived from digitization of trees at sampling locations -over the optical
satellite and aerial images.
Figure 6.2 illustrates the schematic diagram of the monitoring system implemented in the conceived city. The figure shows the baseline
construction starting in January of 2013, and the monitoring phase extending until January of 2015. The first row presents the remote sensing
products, whereas the set of analytical methods used for their processing
are shown in the second row. Note that methods for LiDAR data and
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spectral analysis, required for tree height and tree vitality are not part
of this work. The third row defines end-products derived from each
analysis.
The system provides thus continuous information on the state of the
urban forest. The spatial accuracy of the reported products is shown
as an intermediate layer between the methods and the end-products.
This requires the incorporation of ground survey measurements into
the system to verify the quality of derived products. It also involves the
identification of change uncertainty between two dates as presented in
Chapter 4.
Note also that given the dependance of the system on optical images,
missing data is likely to occur depending on cloud coverage conditions.
The system is to an extent resilient to this as the active contours methods
can be back- and forward- propagated to verify results. Similarly, the
yearly LiDAR and aerial images assist to recover from omission and
commission errors.
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Figure 6.2 Acquisition of basic urban forestry information using a remote
sensing approach for the period January 2013- January 2015.
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6.4 Recommendations
Having investigated the use of optical remote sensing for urban forest
inventories in urban sites, the following recommendations are made in a
general scope and in the direction of future research:
 Image texture should be further explored in image classification as a
discriminative feature between tree crowns and shrubby vegetation.
Image texture can be included as part of the multiresolution segmentation method presented in Chapter 3 or in the energy fitting
function of the active contours method presented in Chapter 5.
 An integrated approach between multispectral remote sensing and
LiDAR data should be sought in order to derive information on
urban forest extent and forest structure.
 Research on the vitality of urban forest resources is necessary considering the difficulty to evaluate this on the field. While methods
formulated here can be used to direct and prioritize field checks of
tree vitality, the development of multispectral VHR remote sensing
technologies over the next years should facilitate the estimation of
tree vitality from images.
 Research on the identification of individual trees in woodlands
ecosystems within the urban periphery is still needed. Identification of individual trees within cluster of trees presenting a strong
social competition is still challenging for optical and active remote
sensing.
 Image shadows and illumination effects difficult the automatic
identification of tree crowns in VHR images. This difficulty is likely
to worsen as spatial resolution increases with forthcoming sensors.
Methods to compensate for these effects are needed.
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Appendices

A.1 GEOBIA algorithms for tree crown identification

In the following algorithms the symbol ‘◦’ is used to represent classes and
‘♦’ for image-objects. These algorithms were implemented in Definiens
(2012) and are provided here as a pseudo-code.

Algorithm 1: Segmentation at multiple scales for Grassland identification
input : pseg , pmin , pupd , stdthr
output : ♦(grass, grass_neigh)
while pseg > pmin do
segment ♦(unclassif ied) using (NIR,R) with parameter
(p) ← pseg ;
evaluate assignment of ♦(unclassif ied) to
◦(grass, grass_neigh);
aggregate ♦(unclassified);
pseg = pseg · pupd ;
end

Algorithm 2: Segmentation at multiple scales for Tree_crown identification
input : pseg , pmin , pupd , stdthr
output : ♦(Tree_crown)
while pseg > pmin do
segment ♦(candidate_TC) using NDVI with p ← pseg ;
evaluate assignment of ♦(candidate_TC) to ◦(tree_crown);
aggregate ♦(candidate_TC);
pseg = pseg · pupd ;
end
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Algorithm 3: Local maxima region growing algorithm
input : pseg , pmin , pupd , stdthr
output : ♦(Tree_crown)
forall the ♦( unclassified) do
chessboard ♦(unclassified) with tile size=1;
evaluate assignment of ♦(unclassified) to ◦(vegetation);
forall the ◦( vegetation) do
assign local maxima in NIR to ◦(seed)
end
end
while ( seed[roundness]< m and seed[length/width] < n) do
if border of ♦( unclassified) to ♦( seed)> 0 then
classify ♦(unclassified) as ◦(candidates);
end
if p <candidates[NIR]/ seed[NIR]< q and
p 0 <candidates[NDVI]/ seed[NDVI]< q0 then
merge ♦candidates to ◦seed
end
end

A.2 Assumptions, ease of implementation and
sensitivity of contextual rules for tree crown
extraction
Nomenclature: Detection target= DT; Assumptions= A; Threshold= T; Ease of implementation= EA [1=hard 5=easy]; sensitivity = S [1=high 5=low].
Context rules Section 2.3.1 DT= masking of grassland areas; A= grassland objects are
evident at multiple scales and present low spectral variance; T= (pseg , pmin , pupd , stdthr );
EA=4; S=3.
Context rules Section 2.3.2 DT= vegetation object primitives based on spectral characteristics; A= the brightest pixels of the NDVI define the support of candidate tree crown
objects. This support can be found with local brightness contrast measurement; T=
lef ttail , NDVI; EA=4; S=2.
Context rules Section 2.3.3 DT= individual trees with high background contrast. A=
individual tree objects have circular and compact shapes with large spectral variance; T=
geometric thresholds (area, length/width, roundness, elliptic fit), Stdv.NIR; EA=4; S=4.
Context rules Section 2.3.4 DT= tree clusters and large trees considering the object-based
spectral variance; A= tree groups have large sizes and are evident at several scales with a
varying spectral variance; T= pseg , pmin , pupd , std_NDV Ithr and geometric thresholds;
EA=3; S=3.
Context rules Section 2.3.5 DT= small trees planted along roads using sun illumination,
shape and spectral characteristics; A= there is a one-to-one relationship between shadows
and small tree crowns. Image shadows are evidence of presence and size of tree crowns;
T= spectral and geometric features of shadow objects (mean pan, area, roundness,
length/width), kernel size of local maxima filter; EA=2; S=3.
Context rules Section 2.3.6 DT= interlocked trees in linear and curvilinear patterns. A=
trees planted in rows exhibit similar structural characteristics (size) and are planted in
regular patterns; T= geometric features (length/width, width), size structuring morphological element; EA=4; S=4.
Context rules Section 2.3.7 DT= trees with low background contrast; A= a local maximum
defines crown positions and their extent is found according to radiometric values of
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neighbouring pixels; T= ratio(candidate/seed) in NDVI and NIR and geometric features
(length/width, roundness); EA=1; S=3.

A.3 Pseudo-code for SRM energy minimization
Generate initial SRM with class α, with α ∈ 1, 2, . . . , L
for iter ation = 1 to max_iter ation
for i = 1 to maxi
for j = 1 to maxj
f = get α from SRMij
U1 = compute energy U[i, j] (use Eq.8)
fnew = Generate a random class label αr and
SRMij = fnew
U2 = compute energy U(i, j) of SRMij (use Eq.8)
∆ = U2 − U1
while T > Tmin do (if not frozen)
Po = exp(−∆/T )
r = random number from 0 to 1
if r >= Po do
SRMij = f (do not update)
else
updcount++
endif
if updcount++ < 0.1 · maxi · maxj break
(STOP if number updates are very small)
Reduce T using logarithmic or power-law schedule
endwhile
endfor
endfor
endfor
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