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The assessment of the state of conservation of buildings is extremely important in urban rehabilitation. In
the case of historical towns or city centres, the pathological characterization using traditional methods is
a laborious and time consuming procedure. This study aims to show that Very High Spatial Resolution
(VHSR) multispectral images can be used to obtain information regarding the state of conservation of
roofs where, usually, building degradation starts. The study was performed with multispectral aerial
images with a spatial resolution of 0.5 m. To extract the required information, a hybrid classification
method was developed, that integrates pixel and object based classification methods, as well as informa-
tion regarding the classification uncertainty. The proposed method was tested on the classification of the
historical city centre of Coimbra, in Portugal, that includes over than 800 buildings. The results were then
validated with the data obtained from a study conducted during 2 years by a nine element team from the
University of Coimbra, using traditional methods. The study performed achieved a global classification
accuracy of 78%, which proves that the state of conservation of roofs can be obtained from VHSR multi-
spectral images using the described methodology with a fairly good accuracy.

� 2009 Published by Elsevier Ltd.
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1. Introduction

Before planning an urban intervention in historical towns or
city centres, it is necessary to characterize what exists by perform-
ing an architectural and structural survey of buildings within that
area [10]. This plays a crucial role in defining the required conser-
vation or rehabilitation operations. Traditional techniques used to
identify and map both structural and non-structural anomalies are
manually performed and require an individual on-site analysis of
each building. These techniques present major drawbacks as they
are work-intensive and time consuming [10]. Furthermore, fre-
quently some parts of the buildings such as roofs are inaccessible,
which makes the inspection process even more difficult. Therefore,
it is necessary to develop new methods, by exploring other possi-
ble sources of information, that can provide data on existing anom-
alies, such as durt, deterioration, cracking, biological colonization,
moss, and pioneer vegetation, overcoming the disadvantages of
traditional methods previously referred to.
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Some experimental tests, preformed mainly on stone monu-
ments and masonry walls, proved that it is possible to obtain accu-
rate information about materials and degradations on buildings
facades through an automatic classification from visible and near
infrared photographs (e.g. [10,12,13,15]). The study reported here
intends to evaluate the applicability of Very High Spatial Resolu-
tion (VHSR) multispectral aerial images, which have additional
problems due to geometric and atmospheric distortions when
compared to ground photographs, to detect damages on more than
800 building roofs situated in a historical city centre and to identify
their state of conservation. Multispectral aerial images, with a spa-
tial resolution of 0.5 m in four spectral wavebands, which has spa-
tial and spectral characteristics comparable to VHSR satellite
images, were used.

Although the VHSR multispectral images have great potential,
they also present drawbacks and limitations, such as, the increase
of the spectral variability and the amount of shadows, as well as
the enormous amounts of data [3]. In addition, although the num-
ber of pure pixels increases with the spatial resolution, this in-
crease is followed by the presence of classes that are mosaics of
single entities or a spatial arrangement of pixels, such as buildings.
There are several available techniques for the automatic extraction
f conservation of buildings through roof mapping using very high spatial
.03.002
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of information from these images. They can be performed on a pix-
el basis (e.g. [17,2,19,11]) object basis (e.g. [8,3]) or a combination
of both (e.g. [18,14]). This last approach has been named as per-
field classification when the objects are obtained from digital vec-
tor data or Geographic Information Systems (GIS) [1]. Even though,
some new approaches have been developed, the efficient extrac-
tion of information from VHSR images still remains to impose
new demands and the need to develop methodologies that incor-
porate shape and context, which are some of the main clues used
by a human interpreter, and a closer integration of remote sensing
and GIS [4,3].

In this study a hybrid classification method is developed to ob-
tain information about the buildings roof materials and their
pathologies. The method combines pixel and object classification
and incorporates uncertainty information in the soft automatic
classification of the images. This approach has similarities with
the per-field classification since the objects used in the classifica-
tion process were obtained from a vector cartographic map of
the region. The results are then compared with the ones obtained
with a traditional pathology survey, conducted during 2 years by
a nine element team from the University of Coimbra, and some
conclusions are drawn.
T
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2. Data set and case-study area

The case-study area selected is the historical city centre of
Coimbra, in Portugal, with an area of approximately 14.8 ha, that
includes over than 800 buildings, some of them are historical
buildings, colleges and monasteries, most of these from the 16th
century, innumerable alleyways and small squares (Fig. 1).

In the study herein described, we used multispectral aerial
images with a resolution of 0.5 m, which belongs to a set of ortho
rectified digital images covering the Portuguese mainland territory,
obtained by plane between 2005 and 2006 with an UltraCamTM sen-
sor of Vexcel by the Portuguese Geographic Institute (IGP) and the
Portuguese Forest Services (DGRF). The study was performed using
four multispectral bands (blue, green, red and near infrared) and
the pixels are recorded in eight bits. A vegetation index was also
computed for each data image, namely the Normalized Difference
Vegetation Index (NDVI, Eq. (1)) which was used as additional
band information to improve the detection of areas with chloro-
phyll (e.g. moss, lichen, moulds).

NDVI ¼ ðqnir � qredÞ=ðqnir þ qredÞ ð1Þ
U
N

C
O

R

Fig. 1. The data of the case-study area: (a) aerial images (RGB321);
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where qnir and qred represent the surface reflectance of near infra-
red and red bands, respectively.

A vector cartographic map, at the 1:1000 scale, was used to ob-
tain the polygons corresponding to the buildings of the case-study
area (Fig. 1). The buildings information was extracted from the car-
tography and imported to a GIS.

3. Proposed method

Multispectral classification methods are based on the fact that
the reflectance characteristics of the different land cover classes
depend upon the radiation wavelength. The representation of the
intensity values registered at each pixel for n image channels (cor-
responding to n different wavelengths) into an n-dimensional fea-
ture space generates a cluster, in this n-dimensional space, for each
class. In the supervised classification methods, reference areas are
used to identify and mark this clusters.

In this study, a previous analysis, by visual interpretation, of the
images were made to evaluate if it was possible to identify the
main materials existing in the area, the presence of pathologies
in the buildings roofs and, when present, the different kind of
pathologies. It was possible to conclude that, even though the
images have very high spatial resolution, these only enable the
identification of the roofs with pathologies and do not allow the
identification of their different types. Besides that, the majority
of roofs have several types of pathologies, which makes the defini-
tion of the reference (or training) areas, which are used to perform
the classification and validation, considerably difficult, even with
0.5 m pixel spatial resolution. This previous analysis was followed
by the definition of the method, the definition of classes and the
identification of reference areas.

The main roof materials in the case-study area are: ceramic
tiles; fibrocement corrugated sheets; and steel panels. The results
obtained by the survey performed by the University of Coimbra re-
vealed that, from the 681 buildings studied (82% of the buildings of
the case-study area), 90% have ceramic tile roof materials. For this
reason, the present study focuses only in the identification of
buildings with ceramic tile roof pathologies, to obtain a Building
Pathology Map (BPM). The extraction of this kind of information
from the image requires, not only the classification of the elemen-
tary entities (pixels in this case), but also the analysis of their dis-
tribution inside the buildings. To achieve this goal, an independent
identification of the roof materials, such as ceramic roof tile and
steel roof panel, was made, producing the information about the
(b) overlay of the vector buildings map and the aerial images.

f conservation of buildings through roof mapping using very high spatial
.03.002
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Surface Elements Material (SEM). The same approach was used to
identify the parts of buildings that present any kind of pathology,
producing the information about the Surface Elements Pathology
(SEP). The classification method developed is a hybrid approach
that includes two preliminary pixel classifications of the image,
constructing a Surface Elements Materials Map (SEMM) and a Sur-
face Elements Pathology Map (SEPM), based on a soft probabilistic
pixel classification. This classification method assigns, to each pix-
el, different degrees of probability to the several classes under con-
sideration. This extra data provided additional information at the
pixel level which allowed the assessment of the classification
uncertainty.

Since the survey used as reference information produced a clas-
sification of the buildings conservation level, to allow the compar-
ison of the results obtained with both approaches, it was crucial
that the results produced with this new approach would also be
at the building level. Therefore, the subsequent step was the iden-
tification of the Building Units (BU), which was obtained from the
vector cartographic map available at 1:1000 scale. This information
was converted to the raster format, generating a raster buildings
map, and was used as a mask, so that only the parts of the classified
image inside the buildings were processed to obtain the BPM. At
this stage, the BU becomes the basic units rather than the individ-
ual pixels. The pathologies identification within each BU was per-
formed considering a set of rules that included information about:
(1) the distribution of the classified pixels; (2) the probabilities as-
signed to the several classes for each pixel; (3) the degree of uncer-
tainty associated to these assignments. The introduction of
uncertainty information, associated to the pixel classification of
SEP and the SEM, was used to avoid the use of misclassified pixels
U
N

C
O

R
R

E
C

T

Fig. 2. Flowchart o
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in the transformation from the SEMM and the SEPM to the BPM,
since it was shown that this approach improves the land cover
classification [9].

The proposed method includes the following steps (see Fig. 2):
(1) soft pixel based classification of the multispectral aerial image
to obtain the SEMM and the SEPM; (2) evaluation of the classifica-
tion; (3) evaluation of the classification uncertainty; (4) pathology
classification of the buildings with ceramic tile material, based on
decision rules using the SEMM the SEPM and their uncertainty
information; (5) evaluation of the classification accuracy.

3.1. Training and testing data

The sampling design has an important role in the classification
and accuracy assessment. In this study five sampling protocols
were established. Two for training, respectively, the SEP and the
SEM pixel classification, two to evaluate these classifications and
another to evaluate the final building map classification. The train-
ing dataset consisted on a semi-random selection of sites (Fig. 3).
For each class, fifteen building polygons were selected manually
from the case-study area and a stratified random selection of 100
samples inside the chosen buildings was performed. To evaluate
the soft pixel classification accuracy a stratified random sample
of 100 pixels per class was made, spread over all buildings. This
number of pixels was used because it is recommended to obtain
a standard error of 0.05 for the estimated user’s accuracy of each
class [16]. The soft pixel classification was only evaluated inside
the building polygons. For the accuracy assessment of the final
BPM a stratified random selection of 100 samples was performed
considering all buildings. The accuracy assessment was made with
E

f the method.

f conservation of buildings through roof mapping using very high spatial
.03.002
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an error matrix. In this stage, the survey performed by the Univer-
sity of Coimbra regarding all buildings was used as reference infor-
mation to identify the ceramic building roofs with anomalies and
not deteriorated in the case-study area.

3.2. Spectral analysis

The information of the training data set was also used to study
the spectral separability of the classes at the pixel level. For this
purpose the Bhattacharya Distance (B-Distance) and a dimensional
scatter plot were used.

To visualize the results the red and the near infrared bands were
used as axis, since, due to the presence of vegetation and patches in
some roofs, these two bands are the ones that better allow the dif-
ferentiation between the classes. The B-Distance can serve as an
indicator to the final performance of the supervised classification.
A high B-Distance value means that classes are spectrally separa-
ble, therefore, the larger the B-Distance value the better the final
classification.

3.3. Classification

The classification method includes several steps. First, two soft
pixel classifications of the image were performed using a probabi-
listic classifier based on Bayesian modelling, for the identification
and mapping of the SEP and the SEM. This classifier was selected
because it has been used in other studies to derive accurate classi-
fications (e.g. [2,19,5]). The Bayesian classifier is similar to the
Maximum Likelihood Classifier (MLC), the most widely used image
classifier in remote sensing, but it has been mainly used in its crisp
version. However, the output may be derived in the form of poster-
ior class probabilities providing a soft classification (e.g. [17,6,7]).
Unlike traditional hard classifiers, the output is not a single classi-
fied map, but rather a set of images (one per class) that express the
probability that each pixel belongs to the class in question. This ex-
tra data also provided additional information at the pixel level
which allowed the assessment of the classification uncertainty.
The soft pixel classification of the SEM was driven using four mul-
tispectral bands and the SEP was performed also with the NDVI
vegetation index.

The surface elements classes used in this study for the SEMM
were ‘‘Dark Ceramic Roof Tile” (CT-D), ‘‘Bright Ceramic Roof Tile”
(CT-B) ‘‘Fibrocement Corrugated Roof Sheet” (FC), ‘‘Steel Roof
Panel” (SP) and ‘‘Roof Shadow” (RS). For the SEPM the classes were
‘‘Ceramic Roof Tile Anomalies” (C-A), ‘‘Ceramic Roof Tile Not Dete-
riorated” (C-ND) and Ceramic Roof tile with Shadow (C-S). The Roof
Shadow and Ceramic Roof tile with Shadow classes were consid-
Please cite this article in press as: Gonçalves L et al. Assessment of the state o
resolution images. Constr Build Mater (2009), doi:10.1016/j.conbuildmat.2009
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ered due to the significant amount of shadows that the VHSR mul-
tispectral aerial images presented. By considering these classes in
the development of classification rules it was possible to reduce
misclassification of roof materials and pathologies at the building
level.

Secondly, the uncertainty of the probabilistic classification was
evaluated using an indicator of the Classification Uncertainty (CU),
available in the commercial software IDRISIS, given by

CU ¼ 1�
max
i¼1;...;n

ðpiÞ �
Pn

i¼1
pi

n

1� 1
n

ð2Þ

where pi (i = 1, . . . , n) are the probabilities associated to the several
classes and n is the number of classes under consideration. This
indicator assumes values in the interval [0,1] and only depends
on: the maximum probability; the sum of all probabilities assigned
to the class; the total number of classes. CU evaluates until which
point the classification is dispersed over more than one class and
the degree of compatibility with the most probable class, providing
information regarding the classifier difficulty in assigning only one
class to each pixel.

The subsequent step was the construction of the BPM through
the combination of the SEPM, the SEMM, their uncertainty infor-
mation and the buildings polygons converted to the raster format
and used as a mask. This was achieved through a development of
rules that incorporate the arrangement of the previous soft pixel
based classifications within each BU, the information on the prob-
abilities assigned to the several classes at each pixel and the degree
of uncertainty associated to these assignments. The rules construc-
tion requires a preliminary analysis of the probabilities assigned to
the SEP and SEM classes and their uncertainty in order to choose
the appropriate thresholds. The BU classes used in this study are:
‘‘Buildings with Ceramic Roof Tile With Anomalies”(B-C-A), varying
from ‘‘State of Conservation 1” (SC1) to ‘‘State of Conservation 4”
(SC4); and ‘‘Buildings With Ceramic Roof Tile Not Deteriorated”
(B-C-ND), corresponding to ‘‘State of Conservation 5” (SC5).

The transformation of a SEPM and a SEMM into a BPM is similar
to a decision tree which, for geographical objects, is a hierarchical
structure consisting of several levels. At each level a test is applied
to one or more attribute values. Application of the rule results
either into a leaf, allocating an object to a class, or a new decision
node, specifying a further decision rule. Fig. 4 shows the BU classes
classification workflow and Table 1 shows the used rules. The aim
of rules 1–3 is to make a distinction between ‘Buildings With Cera-
mic Roof Tile’ (B-C) and ‘Buildings With No Ceramic Roof Tile’ (B-
NC). Rule 4–6 classifies the ‘Buildings With Ceramic Roof Tile’ into
‘‘Buildings With Ceramic Roof Tile With Anomalies” and ‘‘Buildings
With Ceramic Roof Tile Not Deteriorated”, corresponding to ‘‘State
of Conservation 5”. Rule 7 assigns the ‘‘Buildings With Ceramic
Roof Tile With Anomalies” (B-C-A) to one of four possible classes:
‘‘State of Conservation 1”, ‘‘State of Conservation 2”, ‘‘State of Con-
servation 3” and ‘‘State of Conservation 4”.

4. Results and discussion

4.1. Spectral analysis

Figs. 5 and 6 show the spectral separability of, respectively, the
SEM and SEP classes. It can be observed that, for the represented
wavelengths, the ellipses corresponding to all SEM and SEP classes
are almost completely separated. Only some minor overlap is ob-
served, mainly between Roof Shadows (RS) and the classes Fibroce-
ment Corrugated Roof Sheet (FC) and Dark Ceramic Roof Tile (CT-
D). Ceramic Roof Tile with Shadows (C-S) spectral signature also
presents a slight overlap with the class Ceramic Roof Tile with
f conservation of buildings through roof mapping using very high spatial
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Anomalies (C-A). The results given by the B-Distance reinforce the
results shown by the scatter plot. The average separability measure
of the SEMM classes is 1.87 and for the SEPM the average separa-
bility is 1.93 indicating a good performance of the supervised
classification.

4.2. Classification

The accuracy of the SEMM and SEPM produced is presented in
Table 2, expressed by the Global Accuracy (GA) and the Kappa coef-
U
N

C
O

R
R

Table 1
Classification rules.

Rule
Number

Rules

1 At least 50% of the pixels of the SEMM, located inside the BU, are classifie
and uncertainty less than 0.25.

2 If the percentage of ‘‘Ceramic Roof Tile”, with a probability higher than 0
than the percentage of ‘‘Fibrocement Corrugated Roof Sheet” and ‘‘Steel
Shadow”.

3 If the percentage of ‘‘Ceramic Roof Tile”, with a probability higher than 0
than the percentage of ‘‘Fibrocement Corrugated Roof Sheet” and ‘‘Steel
than 0,5.

4 At least 50% of the pixels of the SEPM inside the BU classified as ‘‘Build
Anomalies” with a probability higher than 0.75 and uncertainty less tha

5 If the percentage of ‘‘ Ceramic Roof Tile With Anomalies” inside the BU cla
the percentage of ‘‘Ceramic Roof Tile Not Deteriorated” and higher than

6 If the percentage of ‘‘ Ceramic Roof Tile With Anomalies” inside the BU cla
the percentage of ‘‘Ceramic Roof Tile Not Deteriorated” and the percent

7 Buildings classified as ‘‘Buildings with Ceramic Roof Tile With Anomalie
Tile With Anomalies” with a probability higher than 0.75 and uncertain
Buildings classified as ‘‘Buildings with Ceramic Roof Tile With Anomalies
Roof Tile with Anomalies” with a probability higher than 0.75 and unce
Buildings classified as ‘‘Buildings with Ceramic Roof Tile With Anomalies
Roof Tile With Anomalies” with a probability higher than 0.75 and unce
Buildings classified as ‘‘Buildings with Ceramic Roof Tile With Anomalies
Roof Tile With Anomalies” with a probability higher than 0.75 and unce

Please cite this article in press as: Gonçalves L et al. Assessment of the state o
resolution images. Constr Build Mater (2009), doi:10.1016/j.conbuildmat.2009
E

ficient. The accuracies of the SEMM and the SEPM obtained are very
similar, but the SEPM one is slightly better, which is consistent with
the B-Distance results. The User’s and Producer’s accuracy of the
SEMM and SEPM are presented, respectively, in Figs. 7 and 8.

The Useŕs and Producer’s accuracy values per class show that
the class Ceramic Roof Tile (CT) was very well identified. Some con-
fusion was observed between Fibrocement Corrugated Roof Sheet
(FC), Steel Roof Panel (SP) and Roof Shadow (RS), which lowered
the respective accuracy specific indices. This confusion was due
to the proximity of the corresponding spectral signatures.
If true

d as ‘‘Ceramic Roof Tile” with a probability higher than 0.75 Assign to class B-C

.75 and uncertainty less than 0.25, inside the BU, is higher
Roof Panel” and higher than the percentage of ‘‘Roof

Assign to class B-C

.75 and uncertainty less than 0.25, inside the BU, is higher
Roof Panel” and the percentage of ‘‘Roof Shadow is higher

Assign to class B-C

ings With Ceramic Roof Tile”, is ‘‘ Ceramic Roof Tile With
n 0.25.

Assign to class B-C-A

ssified as ‘‘Buildings With Ceramic Roof Tile” is higher than
the percentage of ‘‘Roof Shadow”.

Assign to class B-C-A

ssified as ‘‘Buildings With Ceramic Roof Tile” is higher than
age of ‘‘Roof Shadow” is higher than 0.5.

Assign to class B-C-A

s” have more than 75% of pixels classified as ‘‘Ceramic Roof
ty lower than 0.25.

SC1

” have between 50% and 75% of pixels classified as ‘‘Ceramic
rtainty lower than 0.25.

SC2

” have between 25% and 50% of pixels classified as ‘‘Ceramic
rtainty lower than 0.25.

SC3

” have between 0% and 25% of pixels classified as ‘‘Ceramic
rtainty lower than 0.25.

SC4

f conservation of buildings through roof mapping using very high spatial
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Fig. 5. Spectral separability of the Surface Elements Materials classes: Dark Ceramic
Roof Tile (CT-D); Bright Ceramic Roof Tile (CT-B); Fibrocement Corrugated Roof
Sheet” (FC); Steel Roof Panel (SP) and Roof Shadow (RS).

Fig. 6. Spectral separability of the Ceramic Roof Tile with Anomalies (C-A), Not
Deteriorated (C-ND) and Ceramic Roof Tile with Shadows (C-S).

Table 2
Classification accuracy indexes.

GA (%) Kappa (%)

SEMM 89 86
SEPM 94 92
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Fig. 7. User’s and Producer’s accuracy of the Surface Elements Material Map
(SEMM) classes: Ceramic Roof Tile (CT), Fibrocement Corrugated Roof Sheet (FC),
Steel Roof Panel (SP) and Roof Shadow (RS).
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Fig. 8. User’s and Producer’s accuracy of the Surface Elements Pathology Map
(SEPM) classes: Ceramic Roof Tile with Anomalies (C-A), Not Deteriorated (C-ND)
and Ceramic Roof Tile with Shadows (C-S).
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Fig. 9. Average classification uncertainty per class of the surface elements material
map.
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Fig. 10. Average classification uncertainty per class of the surface elements
pathology map.
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Fig. 11. The User’s and Producer’s accuracy of the BPM obtained with the hybrid
approach applied to the aerial images.
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Fig. 12. Comparison between the Building Pathology Map (BPM) and the map made with the traditional approach: (a) Pathology map generated with traditional methods; (b)
BPM; (c) difference between the two maps.
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than for the User’s accuracy while the opposite occurs for the Cera-
mic Roof Tile Not Deteriorated (C-ND), which means that the C-A
class presents more commission errors and the C-ND presents
more omission errors.

Figs. 9 and 10 show the average uncertainty per class of the
SEMM and SEPM, respectively. The comparison of these results
with Figs. 7 and 8 show that they are consistent. For example,
the classes Ceramic Roof Tile (CT) and Steel Roof Panel (RS) in
the SEMM present the lower values of uncertainty and the higher
values of accuracy, while the other two classes show higher uncer-
tainty and lower accuracy.

The global classification accuracy of the BPM was 78%. The
User’s and Producer’s accuracy are shown in Fig. 11. Since the class
Buildings With Ceramic Roof Tile With Anomalies (B-C-A) presents
lower User’s Accuracy it has more commission errors while the
class Buildings With Ceramic Roof Tile Not Deteriorated (B-C-ND)
has more omission errors (corresponding to lower Producer’s Accu-
racy). This means that some buildings, which were classified with
this approach as having anomalies, according to the reference
study do not present them.

The reference study analyzed 826 buildings within the case-
study area. With this traditional survey, 75% of the buildings were
identified as having ceramic roof tile while, with the new approach,
76% of the buildings were identified to have this type of roof, cor-
responding to a slight increase in the identification of this roof
material. The comparison between the two methods showed that
85% of the buildings with ceramic roof tile identified by the tradi-
U
N

C

Fig. 13. (a) Extract of the aerial images (RGB321) overlaid with the buildings with ceram
aerial images (RGB321) overlaid with the buildings with ceramic roof tile not deteriorated
were repaired or replaced by new ones and were correctly identified with the new clas

Please cite this article in press as: Gonçalves L et al. Assessment of the state o
resolution images. Constr Build Mater (2009), doi:10.1016/j.conbuildmat.2009
E
D

Ptional survey were also identified with this new approach. In addi-
tion, the comparison between the BPM and the map made with the
traditional method showed that 77% of the ceramic roof tile with
pathologies, identified with the traditional survey was also identi-
fied by this new approach (Fig. 12).

The analysis of the differences between the pathology map ob-
tained with the traditional methods and BPM leads to the conclu-
sion that they are mainly due to the presence of shadows in the
image, to the fact that the image and the vector cartographic
map do not match perfectly (as shown in Fig. 1) and mainly be-
cause the traditional survey was made between 2003 and 2004
and the aerial images were produced from aerial digital photos ob-
tained between 2005 and 2006.

Since the shadows spectral signature presents some overlap
with the class Ceramic Roof Tile With Anomalies (C-A), some build-
ings with a great amount of shadows may be wrongly classified as
presenting anomalies, which may explain the amount of commis-
sion and omission errors shown in the B-C-A and B-C-ND classes
(see Fig. 11). The mismatches between the buildings in the vector
cartographic map and the image have the consequence that some
pixels placed inside the regions corresponding to the buildings
actually do not represent parts of buildings and therefore may gen-
erate wrong conclusions. Since there is a temporal discrepancy be-
tween the data used in both studies some changes occurred in the
region, and therefore the different results obtained with both stud-
ies for some building may actually be both correct. For example,
between these two periods several roofs were repaired or replaced
ic roof tile not deteriorated obtained with the traditional methods. (b) Extract of the
classified by the new approach. The circles mark some of the buildings which roofs

sification approach.
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classification approach.
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with new ones, which therefore did not present any anomaly in the
aerial images and were well identified with the new classification
approach (see Fig. 13). On the other hand some roofs that did not
present anomalies in 2003–2004 may have developed some since
then, which became visible in 2005–2006.

The increase in VHSR multispectral images spatial resolution,
despite enabling the identification of ceramic tile material also al-
lows the identification of other features, such as regions with cera-
mic tiles that belong to the same roof but present different
brightness or shadows due to slope differences and sun orienta-
tion. This aspect is a major problem for this kind of application.
However, the proposed hybrid method of classification proved to
be adequate to solve this kind of difficulties, since it enabled a cor-
rect transformation of surface elements into building classification
units (see Fig. 14).

5. Conclusions

The obtained results show that the application of very high spa-
tial resolution (VHSR) multispectral images to heritage conserva-
tion, in particular to the extraction of information concerning
roof anomalies, is very promising. The VHSR image used in the
study, enabled a good identification of the different roof materials
and the presence of their damages. The use of a hybrid pixel-object
classification method integrating the surface elements classifica-
tion uncertainty proved to be valuable and adequate in the classi-
fication process to resolve some difficulties found along the study.
The global classification accuracy of the Building Pathology Map
(BPM) was 78%, and therefore further attention should be given
to this approach. From a methodological point of view, the hybrid
approach also proved to be adequate for the transformation of sur-
face elements into BPM with a format well suited to be integrated
in a GIS.
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