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This paper describes a knowledge-based system for the non-destructive diagnostics of fac�ade isolation.
The system uses the fusion of information extracted from images obtained from two electromagnetic
wavebands: from low-resolution IR images (320 � 240 pixels; 7.5–13 lm wavelength), and from high-
resolution visual RGB images (3264 � 2448 pixels; 0.39–0.75 lm wavelength). The fusion of the informa-
tion is a perquisite for the design of an efficient knowledge-based system for non-destructive testing and
fac�ade diagnostics. In the paper, special attention is devoted to the following knowledge-based system
components: system-core components (the database, the knowledge base, the inference engine, and
the user interface) and application-specific components (image acquisition, the resolution pyramid,
image pre-processing and feature extraction, image registration, object segmentation, fusion, and data
analysis). Examples of the non-destructive testing and the fac�ade diagnostics obtained with the system
are presented.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Infrared (IR) thermography is commonly used for the detection
of building defects, such as thermal bridges (i.e., heat losses from a
heated indoor space) (Balaras & Argiriou, 2002), air leakage, or
damp spots, particularly in the context of energy conservation
(Tavukc�uoğlu, Düzgünes�, Caner-Saltik, & Demirci, 2005). IR ther-
mography can be used as proof of a problem or to support other
data and information collected during an inspection; it can also
be a powerful tool for fast and accurate building and/or fac�ade
diagnostics (Balaras & Argiriou, 2002; Haralambopouluos & Papar-
senos, 1998; Ocana, Guerrero, & Requena, 2004). In general, the
main advantages of using IR thermography are as follows (Clark,
McCann, & Forde, 2003): (i) remote sensing, i.e., no direct contact
between the sensor and the object under investigation; (ii) large
monitoring capacity, i.e., thermal imaging cameras are capable of
monitoring the temperature at many different points within the
scene simultaneously; (iii) range of measurement, i.e., wide tem-
perature ranges of the order of �20 to 1600 �C (or more); (iv) vis-
ibility, i.e., thermal radiation penetrates smog and/or fog, and
thermal images can be taken in the dark; (v) fast response rate
and high accuracy (±0.08 �C); and (vi) portability and easy data
manipulation.
ll rights reserved.

).
Balaras and Argiriou (2002) give an excellent overview of the
use of thermal infrared imaging for inspecting and performing
non-destructive tests on building elements, and detecting where
and how the energy is leaking from a building’s envelope (e.g.,
roofs, walls and openings). They also describe the possibility of
using IR thermography for electrical and mechanical inspections
of electrical installations, pipe elbows, under-floor hot-water sup-
plies, air-supply diffusers, etc.

Ocana et al. (2004) used IR thermography to inspect two rural
buildings in Spain, one was constructed in the 19th century,
whereas the second was a modern rural building constructed just
22 years ago. Also, as additional information they used visual
images, and these images were combined with IR images taken
at a different time of the day.

Haralambopouluos and Paparsenos (1998) describe a method-
ology for determining the level of thermal insulation in old build-
ings through spot measurements of the thermal resistance and
planar IR thermography. They used fusion at the sensor level, i.e.,
resistance thermometers and an IR camera. The thermal bridges
and other points with thermal leaks were determined and the
whole building envelope was scanned in order to obtain an accu-
rate picture of its thermal profile.

Usually, human experts combine RGB images with their coun-
terpart IR images in order to identify objects that are often unrec-
ognisable on the IR image and vice versa. Interpreting fac�ade
isolation using only IR images is very difficult, impractical, and in
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many cases almost impossible. For example, in IR images it is dif-
ficult or even impossible to distinguish between heat losses caused
by material defects and those caused by ventilation openings,
which are clearly visible on high-resolution RGB images. In the sys-
tems described in Balaras and Argiriou (2002), Clark et al. (2003)
and Tavukc�uoğlu et al. (2005) all the images of the fac�ades ana-
lysed by a human expert were captured with both an IR camera
and an RGB or grey-level high-resolution camera from nearly the
same position and at the same time. In general, the interpretation
of IR images assumes a good understanding of various principles,
like heat transfer, thermodynamics, optics, fluid physics, electron-
ics, and the structure of materials. As a result, this technology may
be too complex, so limiting its applicability. However, if it is prop-
erly used by qualified personnel it can provide unique information
that reveals problems that can be solved with a proper analysis
(Balaras & Argiriou, 2002). In many situations it is difficult, imprac-
tical and expensive to bring together a group of experts from the
relevant fields for every evaluation, and such a group would need
time (and money) to make a judgment about the status of the ob-
jects in the scene. One solution to the problems related to a group
of experts is a knowledge-based system (an expert system) for
non-destructive testing and diagnostics based on IR–RGB image
pairs. For example, Sasaki, Uematsu, Yamada, and Saeki (1997) de-
scribed the application of a knowledge-based system that uses IR
thermography to evaluate the pedestrian-level wind environment
around buildings.

According to our approach, the main hypothesis is that it is pos-
sible, with the use of data fusion and a knowledge-based system, to
avoid the need for human experts and reduce the time per evalu-
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ation from hours and days to just minutes, and still obtain results
of comparable quality.

The paper is organized as follows: the overview of the architec-
ture of the proposed knowledge-based system for the analysis and
diagnostics of a fac�ade is given in Section 2. The image acquisition,
the resolution pyramid of the RGB images, the pre-processing
(both visual and IR images), the feature extraction, the image reg-
istration technique, the object segmentation, the fusion, and the
data analysis are described in Section 3. The knowledge-based sys-
tem’s core components, i.e., the database, the knowledge base, the
inference engine, and the user interface, are described in Section 4.
Examples of fac�ade isolation diagnostics are illustrated in Section
5. Some concluding remarks and the future direction for our re-
search are presented in Section 6.

2. An overview of the architecture of a knowledge-based
system for the analysis and diagnostics of a facade

Fig. 1 shows the architecture of the proposed knowledge-based
system for the analysis and diagnostics of a fac�ade. The system is
functionally divided into two sets of components: the knowl-
edge-based system application-specific components and the
knowledge-based system-core components. The main components
of the system are as follows:

the knowledge-based system application-specific components:

(i) the image acquisition module;
(ii) the resolution pyramid module;

(iii) the image-pre-processing and feature extraction module;
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Table 1
Technical characteristics of the IR camera

Camera manufacturer, model FLIR Systems, ThermaCAM PM 695

Detector type Focal plane array (FPA), uncooled
microbolometer, 320 � 240 pixels

Temperature range �40–2000 �C
Thermal sensitivity 0.08 �C at 30 �C
Accuracy +/�2%
Spectral range 7.5 to 13 lm
Spatial resolution (IFOV) 1.3 mrad
Field of view/min focus distance 24� � 18�/0.3 m
Image frequency 50 Hz
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(iv) the image registration module;
(v) the object segmentation module;

(vi) the fusion and data analysis module;

and
the knowledge-based system-core components:

(vii) the database;
(viii) the knowledge base;

(ix) the inference engine;
(x) the user interface.

The image acquisition module consists of a low-resolution ther-
mal IR camera and a high-resolution visual RGB camera. The sen-
sors are used for the image acquisition of a fac�ade in such a way
that both images are taken at the same time from nearly the same
viewpoint.

The image-pre-processing and feature extraction module sup-
ports the image-pre-processing, enhancement and feature extrac-
tion processes. The image-pre-processing and feature extraction
consist of a collection of techniques that seek to improve the visual
appearance of the images and to convert the images into a form
better suited for analysis by a machine and/or by a human. The fea-
ture extraction process is oriented to the requirements defined by
the selected-image registration technique (see Section 3.4). The
most important component in the system is the module for image
registration, which establishes the correspondence between the IR
and RGB images and enables the efficient fusion of data obtained
from the IR–RGB image pair. In order to support image registration,
as well as the interpretation of the results at different representa-
tion levels (in the sense of details), the resolution pyramid of the
visual RGB images is used. Based on image registration, the object
segmentation module segments both images (the IR and RGB) into
regions that correspond to objects of interest (e.g., windows, walls
and doors). The fusion and data analysis module automatically
generates data, which are then stored in the database and used
for the fac�ade diagnostics.

Experts’ knowledge is stored in the knowledge base in the form
of a set of linguistic production rules. The inference machine sup-
ports fuzzy rule-based reasoning. The user’s inquiries and the re-
sults of the fac�ade analysis and diagnostics are controlled and
presented by the system using a graphical user interface.

3. Knowledge-based system application-specific components

In this section we will describe in detail the knowledge-based
system application-specific components of the proposed knowl-
edge-based system for the analysis and diagnostics of fac�ades.
Fig. 2. A typical IR–RGB pair of fac�ade images: (a) IR image (320 �
3.1. Image acquisition

Two images of the same building fac�ade are taken at the same
time, from nearly the same viewpoints, but using different sensors.
One sensor is a digital photo camera that gives high-resolution,
visual RGB images (resolution 3264 � 2448 pixels; wavelength
0.39–0.75 lm) and the second one is a low-resolution IR camera
(resolution 320 � 240 pixels; long-wave IR: 7.5–13 lm). In addi-
tion, the outdoor temperature, the distance from the object to
the IR camera, the time and date of acquisition, as well as a subjec-
tive estimation of the wind’s direction and strength and the level of
direct sunlight exposure are additional information that go with
every IR–RGB image pair. For successful picture taking with the
high-resolution RGB visual digital camera it is necessary for the
fac�ade to be well lit, but with a little shade on it, so that all the sur-
face elements are visible. In general, the total surface thermal
emission depends mainly on the difference between the indoor
and the outdoor temperatures, and the thermal resistance of the
wall, when the image acquisition process is made with no direct
sunlight exposure on the fac�ade surface. The quality of the wall’s
isolation can be best estimated if the indoor–outdoor temperature
difference is sufficiently high, and if the infrared emission caused
by surface reflection and the emission from the air are minimal
(Haralambopouluos & Paparsenos, 1998). Because of the low-reso-
lution of the IR camera, to obtain a satisfactory level of detail in the
IR images of a fac�ade it is not advisable that the captured area of
the fac�ade be too large (no greater than 15 m for each dimension
of the fac�ade). If there is a requirement to capture larger areas of
the fac�ade, it is better to take a series of IR images of smaller areas
of the fac�ade at the same time and join them into a single IR image
of the fac�ade (i.e., a panoramic image). With the RGB visual digital
camera there is no such problem because the resolution is high and
it is possible to capture a large area of fac�ade (larger than 30 m in
each dimension) and still have a satisfactory level of detail. Images
with both sensors (the IR camera and the RGB high-resolution
240 pixels); (b) interpolated RGB image (320 � 240 pixels).
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camera) were taken approximately perpendicular to the fac�ade
surface at a distance of approximately 5–25 m. Fig. 2 shows a typ-
ical IR–RGB pair of fac�ade images. Table 1 gives the technical char-
acteristics for the IR camera used in these series of experiments.

3.2. Resolution pyramid of the visual RGB images

The visual RGB camera has a high-resolution (8 M pixels) allow-
ing a detailed visual inspection of the surface of fac�ades that is
indicated by information obtained from the IR camera. We have
introduced the resolution pyramid of the visual RGB images to en-
able a detailed visual inspection, as well as to prepare a visual RGB
image for the process of feature extraction and image registration.
Fig. 3 illustrates the ability of the pyramid to provide a detailed vi-
sual inspection. The high-resolution visual RGB image is organized
as an image pyramid that consists of a stack of interrelated images
with decreasing resolution (each higher-level image has a resolu-
tion half that of the preceding image in both dimensions). The
inherent properties of such pyramids are as follows: a reduction
of the noise and the computational cost, resolution-independent
Fig. 3. An example of the level of detail present in the image at different resolutions: (a) v
interest (red dotted border); level of detail present at a resolution of: (b) 408 � 306
1632 � 1224 pixels (1st level); and (e) 3264 � 2448 pixels (0 level).

Fig. 4. Process of pre-processing and feature extraction: (a) original IR image (320 � 2
segment image (obtained by the Hough polarized transform); (d) interpolated RGB image
edge image; and (f) RGB line segment image.
processing, and processing with local and global features within
the same frame. Two examples of well-known pyramids are the
Gaussian and the Laplacian (Rosenfeld, 1984). In our approach
we have used the Gaussian pyramid for the high-resolution visual
RGB images consisting of the low-pass-filtered, down-sampled
images of the preceding level of the pyramid, where the base is de-
fined as the original image (Ribarić, Marčetić, & Samaržija, 2006).
The visual RGB image with the same resolution as the IR image
used in the pre-processing and registration is obtained by a bicubic
interpolation of the image at the third level of the image pyramid
(resolution 408 � 306).

3.3. Pre-processing and feature extraction

After the image acquisition, the quality of both images (the IR
and RGB) is improved by using a collection of standard image-
pre-processing and enhancement techniques, such as low-pass
filtering based on image averaging, Gaussian blurring, median fil-
tering, and histogram manipulation (Jain, 1989; Pratt, 2001). The
experiments presented in Corias, Santamaria, and Miravet (2000)
isual RGB image of the fac�ade (resolution 320 � 240 pixels) with the selected area of
pixels (3rd level of the resolution pyramid); (c) 816 � 612 pixels (2nd level); (d)

40 pixels); (b) IR edge image obtained by applying the Canny operator; (c) IR line
(320 � 240 pixels) obtained from the third level of the resolution pyramid; (e) RGB
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and Krüger (2001) showed that the edges of the objects (i.e., the
boundary between two regions with a significant step in the
change of image intensity) present in images are the most promis-
ing features that preserve the relevant information in both the IR
images and the visual RGB images, and can be used for robust im-
age registration. On the basis of the above, we decided to use the
edges as the features extracted from the images. To obtain edge
images the Canny operator (Canny, 1986; Jain, 1989) was applied
to both images: the IR image and the visual RGB image. The subset
of elements from the edge images, such as line segments, corners
and curves, might be used for the image registration. We experi-
mented with corners and line segments and we selected the line
segments as features for matching in the registration process, be-
cause the corner detectors are very sensitive to scale and skew
(Corias et al., 2000). On the other hand, the line segments were
shown to be the dominant geometric shapes, present on most fac�-
ades, and they were chosen as a feature for the image registration.
The edge elements grouped into line segments significantly re-
duced the number of features, as well as the number of hypotheses
of possible correspondences in the image registration. For example,
registration based on ‘‘raw” edge elements requires several mil-
lions of possible correspondences between the edge elements in
the IR and RGB edge image pair, whereas line segments require less
than one thousand possible correspondences. For feature selection
the polarized Hough transform (Illingworth & Kittler, 1988) was
applied to both edge images (visual RGB and IR image) to extract
line segments. Fig. 4a–f illustrate the process of pre-processing
and feature extraction from the original images, edge detection
using the Canny operator, and line segmentation based on the
polarized Hough transform.

3.4. Image registration

In general, image registration as a precondition for data fusion
is a process of overlaying two or more images of the same scene,
taken at different times by different sensors and/or from different
viewpoints (Brown, 1992). Formally, image registration can be de-
fined as the problem of finding the optimal spatial and intensity
transformations so that the points in one image (called the ob-
served or sensed image) can be related to their corresponding points
in the other (called the reference image).

In our system the registration technique used is based on the
assumption that the transformation is a global affine one. The
transformation is given by the following matrix:

T ¼
m0 m1 m2

m3 m4 m5

0 0 1

2
64

3
75; ð1Þ

where m0–m5 are parameters of the affine transformation. Each pixel
at position (xi, yi) in the sensed image (IR image) is transformed to a
pixel at position ðx0i; y0iÞ in the reference image (RGB visual image) by:
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where based on the parameters m0–m5, the following relations are
determined: (i) translations tx = m2 and ty = m5, (ii) rotation angle
a = tan�1 (m3/m0), (iii) skew sk = (m0m1 + m3m4)/(m0m4 �m1m3),
(iv) scales sx ¼ sqrtðm2

0 þm2
3Þ, and (v) sy ¼ ðm0m4 �m1m3Þ=

sqrtðm2
0 þm2

3Þ.
To solve the matrix equation with six unknown parameters of

transformation, three points (pixels) (Fig. 5) in the sensed image
and a corresponding three points in the reference image that are
linearly independent are needed, giving a total minimum of six
equations needed to find the parameters of transformation m0–
m5. For every three correspondence points the parameters m0–m5

are obtained. Three pairs of corresponding points are taken from
a set of four pairs of corresponding points (Fig. 5). The points are
taken as starting and ending points from the corresponding IR–
RGB segment line pairs. In the registration process the typical
number of line segments detected in the sensed images (IR images)
was between 5 and 40. The number of detected line segments in
the reference images (visual RGB images) was between 10 and
200. The potential number of possible matching combinations
(i.e., hypotheses) for IR–RGB images is very high. To reduce the
number of hypotheses we introduced the following constraints:
the angular direction between potentially matching line segment
pairs must not exceed the limit values for the rotation (�10� to
+10�), the scaling (0.8–1.2) and the translation (20–30 pixels).
The typical number of matching candidates was between 1 and 6
for each line segment. For each hypothesis the parameters of trans-
formation were obtained. The optimal transformation is obtained
on the basis of the objective function, depending on all a-priori-
possible feature correspondences (Krüger, 2001). The optimal
parameters (m0–m5) are estimated by optimising an objective
function. The objective function has a maximum for the parame-
ters of the transformation with the best global alignment, and they
are the most likely to register the pair of images. The objective
function is evaluated on the basis of the set of corresponding line
segments extracted from the edge IR image and from the visual
RGB image. The Nelder and Mead (1965) direct search method is
used to optimise the objective function. An example of the results
of the registration based on optimal parameters is shown in Fig. 6.

3.5. Object segmentation

In order to analyse and diagnose the fac�ade’s thermal isolation,
the structural components (doors, windows, ventilation openings,
etc.) in the RGB image have to be detected and labelled in a process
called object segmentation. Every structural component can be fur-
ther divided, more precisely, based on user knowledge about the
analysed fac�ade and the available classification of objects’ informa-
tion stored in the knowledge base. For example, the structural
RGB 
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Fig. 6. Experimental results of the image registration method: (a) overlap of edge images before registration (red edge elements are from the IR image and the blue edge
elements are from the visual RGB image); (b) registered IR to RGB edge image; (c) optimal transformation matrix T.
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component ‘‘wall” can be specified as a wall made from bricks and
mortar, wood, polystyrene, etc. The structural component ‘‘win-
dow” consists of the following subclasses: single-pane window,
double-pane window and vacuum double-pane window, etc. This
process is performed manually in our knowledge-based system:
with the graphical user interface, mouse and computer display a
user can select different areas of the fac�ade in the visual RGB image
and mark them with a class of objects, i.e., structural components.
The task of interactively selecting areas of fac�ades and classifying
the objects regarding their function did not prove to be a problem
for the user, and the level of accuracy was satisfactory. Users do not
need to undergo any special training, because the recognition of
windows or walls, for example, in visual images is an intuitive skill,
and can be successfully done even if the objects have a complex
Fig. 7. An example of object segmentation: (a) RGB visual image with marked and labe
heating exhaust in visual RGB image with the level of detail present in the image with

Fig. 8. An example of data retrieval: (a) RGB image with line of interest mar
shape or unusual colour patterns. After the structural components’
segmentation in the visual RGB image the corresponding structural
component segmentation in the IR image is obtained automatically
because the pixel-to-pixel correspondence is known from the pro-
cess of image registration. An example of visual RGB and IR object
segmentation is shown in Fig. 7.

3.6. Fusion and data analysis

Multi-sensor fusion refers to the use of two or more different
sensors to infer a single piece of information. In general, the fusion
of data from multiple sensors results in both qualitative and quan-
titative benefits. A detailed overview of multi-sensor data fusion is
given in (Hall & Llinas, 2001). In our system three types of informa-
lled structural components after the object segmentation (dotted red border); (b)
a resolution of 3264 � 2448 pixels; (c) corresponding IR image segmentation.

ked with a red line; (b) temperature distribution along the marked line.



3818 S. Ribarić et al. / Expert Systems with Applications 36 (2009) 3812–3823
tion are fused: the information obtained from the registered visual
RGB image (spatial relationships), the registered IR image (spatial
and thermal, i.e., information about the temperature distributions
of structural components), and information about the structural
components obtained from the segmented, visual RGB image. After
data fusion, every pixel of the fac�ade is represented by its RGB va-
lue, obtained from the RGB image, the temperature, obtained from
the IR image, and information about the type of structural compo-
nent, obtained from the user. The knowledge-based system offers
interactive data retrieval and data analysis. For example, a user
can select through the graphical user interface (GUI) a line on the
visual RGB image and the system returns an estimated tempera-
ture distribution along the line (see Fig. 8). Also, the closed region
representing the component or the region between two structural
Fig. 9. An example of data retrieval: (a) RGB image with closed area of interest representi
red dotted line; (b) histogram of temperature for selected region in the fac�ade.

Fig. 10. The fac�ade’s structural components’ segmentation as a base for data fusion and
(red dotted line) and labelled; (b) corresponding IR image’s structural components’ segm

Table 2
Data obtained after fusion for structural components (fac�ade depicted in Fig. 10)

Structural components P5 (�C) P95 (�C) �T (�C) rT (�C)

Wall �14.10 2.71 �5.58 3.23
Window 1 �4.47 2.70 �2.93 1.81
Window 2 �4.47 2.71 �3.10 1.85
Window 3 �2.71 2.71 �0.02 1.59
Window 4 �4.24 2.71 �0.25 2.47
Window 5 �4.47 2.12 �0.62 1.43
Window 6 �4.45 2.10 �0.60 1.33

Outdoor temperature �14.1 �C
components (e.g., a wall and a window) can be selected and the
system returns a histogram of the temperature in this region (see
Fig. 9). On the basis of the above, fused information, statistical
methods can now be used to express the isolation properties of
the (structural) components. Based on an expert’s recommenda-
tion, the following statistical parameters were selected: the aver-
age temperature, the standard deviation of the temperature, the
temperature of the 5th and 95th percentiles, the percentage of
the area of the structural component of the total fac�ade area, the
percentage of the total emission for a structural component (the
relative thermal loss per m2). An example of the results of the data
analysis for the segmented fac�ade (Fig. 10) is given in Table 2. Note
that the total emission is estimated on the basis of the coefficient
of thermal conductivity, the percentage of the surface area of the
ng the region between two structural components (window and wall) marked with a

data analysis (see Table 2): (a) RGB visual image with structural component marked
entation.

Percentage of the total
fac�ade area (%)

Percentage of total
emission (%)

Relative thermal
loss per m2

82.74 78.41 0.90
4.06 4.53 1.12
3.86 4.24 1.10
3.51 4.93 1.41
4.21 5.82 1.38
0.79 1.06 1.34
0.82 1.00 1.22

Indoor temperature 23.2 �C
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structural component, and the difference between the indoor and
outdoor temperatures.

4. Knowledge-based system-core components

4.1. Database

The thermal properties of all the structural components stored
in the database are described by a set of numerical data, gathered
from the fusion and data analysis module (average value of the
temperature, deviation of the surface temperature, temperature
of the 5th and 95th percentiles, and different statistical indexes).
The user or a human expert has access to the database through
the graphical user interface and can retrieve all the data for every
object. Queries to the database are generated by the user through
the GUI, whereas during the process of fac�ade diagnostics the que-
ries come from the inference engine (Fig. 1).

4.2. Knowledge base

A knowledge base, in general, contains all the relevant domain-
specific problem-solving knowledge that has been gathered by the
knowledge engineer from experts from different fields (heat trans-
fer, thermodynamics, etc.) and various other available sources
(handbooks, standards and journals). The main components of
the knowledge base in our system are the functions for fuzzifica-
tion, linguistic production rules, and defuzzification functions.

4.2.1. Linguistic variables and fuzzification functions
The experts’ knowledge in the system is represented by linguis-

tic variables, whereas reasoning is supported by means of a set of
linguistic production rules. A linguistic variable is characterised by
the name of the variable, a set of terms, i.e., a collection of its lin-
guistic values, a universe of discourse, syntactic rules, and seman-
tic rules (Zadeh, 1975). The values of a linguistic variable constitute
its finite term-set, which is obtained by the syntactic rule for a gi-
ven linguistic variable. For example, the term-set of the linguistic
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Fig. 11. Fuzzification functions for the linguistic variables and their values for the str
temperature difference and its values: negative large, negative medium, negative small,
perature difference and its values negative large, negative medium, negative small, positiv
values low, medium, high, critical; (d) relative thermal loss per m2 and its values small,
variable deviation of surface temperature is {low, medium, high,
critical} and the elements of the universe of discourse are temper-
atures expressed in �C (base variable), see Fig. 11c. The semantic
rule associates with every value of the linguistic variable its mean-
ing, denoted as a fuzzy subset of the universe of discourse (the
meaning is characterised by a compatibility function or member-
ship function). The meaning of a linguistic value is generated by
way of a fuzzification function, which associates with each element
of the universe of discourse its compatibility with linguistic va-
lue(s) expressed as a number from an interval [0, 1]. For example,
if the standard deviation of the surface temperature is rT = 1.75 �C,
then the fuzzification function (see Fig. 11c) for the linguistic var-
iable deviation of surface temperature gives the following values
for the compatibly: (low, 0.19), (medium, 1.0), (high, 0.5), (critical,
0.0). In our system the fuzzification functions are defined for the
following base variables: the temperature and the different ratios
(ratio of areas, ratio of thermal losses, etc.). The linguistic variables
(denoted bold) and their values (denoted by cursive) used for the
structural components in the system are as follows: outdoor-to-
indoor temperature difference = {negative large, negative medium,
negative small, positive small, positive medium, positive large}, ob-
jects’ relative size={small, medium, large, dominant}, relative ther-
mal loss per m2 = {small, average, significant, critical}, deviation of
surface temperature = {low, medium, high, critical}, relative con-
tribution to the total thermal loss = {small, medium, significant,
critical}, outdoor-to-fac�ade surface temperature differ-
ence = {negative large, negative medium, negative small, positive
small, positive medium, positive large}, overall isolation effi-
ciency = {unsatisfactory, poor, good, very good, excellent}, isolation
leaks = {not present, small, significant, critical}, improvement in
the isolation = {not needed, recommended, necessary}, isolation-re-
lated cost = {very small, small, medium, large}. Each term is defined
over the basic base variable as follows: for outdoor-to-indoor
temperature difference the base variable is the difference be-
tween the outdoor and indoor temperatures in �C (Toutdoor �
Tindoor), for objects’ relative size it is the ratio Npixels (structural
component)/Npixels (fac�ade), for the relative thermal loss per m2
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uctural component ‘‘wall made from bricks and mortar”: (a) outdoor-to-indoor
positive small, positive medium, positive large; (b) outdoor-to-fac�ade surface tem-

e small, positive medium, positive large; (c) deviation of surface temperature and its
average, significant, critical.
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it is the ratio ( _q (structural component)/surface (structural compo-
nent))/(( _q (fac�ade)/surface (fac�ade))) where _q is the surface heat-
flux density defined by _q ¼ eSrðT4

S � T4
outdoorÞ, where eS is the surface

emissivity, r is the Stefan–Boltzmann constant (5.6704 � 10�8 W/
m2 K4), TS is the surface temperature in degrees Kelvin and Toutdoor

is the outdoor temperature in degrees Kelvin, for the deviation of
surface temperature it is rT (structural component) in �C, and for
the relative contribution to total thermal loss it is the ratio _q
(structural component)/ _q (fac�ade).

Fig. 11 illustrates the fuzzification functions for the linguistic
variables and their values for the structural component ‘‘wall made
from bricks and mortar”.

4.2.2. Linguistic production rules for decision making
The knowledge-based system contains more than 120 linguistic

production rules. The general form of a linguistic rule is:
Rule # number:
IF linguistic variable 1 IS value of the linguistic variable 1 AND

linguistic variable 2 IS value of the linguistic variable 2 AND . . .

AND linguistic variable n IS value of the linguistic variable n THEN
linguistic variable m IS value of the linguistic variable m.

An example of three rules for making a decision about the over-
all isolation efficiency for the structural component ‘‘wall made of
bricks and mortar” is as follows:

Rule 112:
IF outdoor-to-indoor temperature difference IS negative large

AND outdoor-to-fac�ade surface temperature difference IS nega-
tive small AND deviation of surface temperature IS medium

AND relative thermal loss per m2 IS small THEN overall isola-
tion efficiency IS very good.

Rule 113:
IF outdoor-to-indoor temperature difference IS negative large

AND outdoor-to-fac�ade surface temperature difference IS nega-
tive medium AND deviation of surface temperature IS high AND
relative thermal loss per m2 IS average THEN overall isolation
efficiency IS poor.

Rule 114:
IF outdoor-to-indoor temperature difference IS negative large

AND outdoor-to-fac�ade surface temperature difference IS nega-
tive large AND deviation of surface temperature IS critical AND
relative thermal loss per m2 IS significant THEN overall isolation
efficiency IS unsatisfactory.
Table 3
Example of three phases of the inference process for decision rules 112, 113 and 114

Numerical data after
data fusion

Fuzzification of numerical data

Rule number 112

Toutdoor � Tindoor �37.3 �C Linguistic variable
Value Negative l
Degree of membership 0.87

Toutdoor � Twall �8.52 �C Linguistic variable outdoor-t
Value Negative s
Degree of membership 0.15

rT (wall) 3.23 �C Linguistic variable deviation
Value Medium
Degree of membership 0.18

Relative thermal
loss per m2

0.90 Linguistic variable relative th
Value Small
Degree of membership 0.10
Results of inference
Linguistic variable overall is
Value Very good
Degree of membership 0.10
Results of defuzzification
Linguistic variable
Index 3
4.3. Inference engine

The inference engine interacts with the GUI, the database and
the knowledge base (see Fig. 1). The fac�ade’s thermal diagnostics
are based on the process of inference performed by the inference
engine. The inputs of the inference process are: numerical data
about the structural components fetched from the database, the
set of membership functions obtained from the knowledge base,
and the linguistic rules fetched from the knowledge base. The pro-
cess of inference consists of the following phases:

1. Fuzzification of the numerical input data.
2. Activation or firing of the corresponding linguistic rules.
3. Defuzzification of the results obtained by the fired rules.

The numerical data related to the structural component of
interest is fuzzified by means of a set of fuzzification functions.
The subset of linguistic rules that corresponds to the structural
component is selected and automatically fired. The results (repre-
sented by the fuzzy sets) obtained by the firing of each activated
rule are combined in such a way that the defuzzification is applied.
The result of the defuzzification is represented by an index value
from 1 to 10.

4.3.1. An example of inference
An example of the inference for the linguistic rules 112, 113,

114 for the structural component ‘‘wall made from bricks and
mortar” for the fac�ade depicted in Fig. 10 is given in this
subsection.

Results of the data fusion of the numerical data are presented in
Table 2. The component ‘‘wall made from bricks and mortar” de-
fines the following three linguistic rules: rule 112, rule 113 and
rule 114. These rules use the linguistic variables as follows: out-
door-to-indoor temperature difference, outdoor-to-fac�ade sur-
face temperature difference, deviation of surface temperature,
relative thermal loss per m2 and overall isolation efficiency.
The input data are fuzzified in the following manner: for Toutdoor �
Tindoor = � 37.3 �C (see Table 3) and for the membership functions
depicted in Fig. 11a, the linguistic variable outdoor-to-indoor
temperature difference is determined for a term negative large
with a degree of membership value equal to 0.87 (see Table 3),
and for a term negative medium it is 0.05, and for other terms the
Membership function

113 114

outdoor-to-indoor temperature difference Fig. 11a
arge Negative large Negative large

0.87 0.87
o-fac�ade surface temperature difference Fig. 11b
mall Negative medium Negative large

0.84 0.09
of surface temperature Fig. 11c

High Critical
1.0 0.55

ermal loss per m2 Fig. 11d
Average Significant
0.90 0.0

Defuzzification rule
olation efficiency Fig. 12d

Poor Unsatisfactory
0.84 0.0

overall isolation efficiency



Fig. 13. Visual appearance of the graphical user interface for the expert system.

S. Ribarić et al. / Expert Systems with Applications 36 (2009) 3812–3823 3821
degree of membership value is zero. For the remaining input data
the results of the fuzzification are depicted in Table 3, but only for
those used in the rules 112, 113 and 114. After phase of fuzzifica-
tion, the rules 112, 113 and 114 are automatically fired. Firing rule
112 returns the value for the linguistic variable overall isolation
efficiency as very good with a degree of membership function
equal to min (0.87, 0.15, 0.18, 0.10) = 0.10 (min is used because
the linguistic production rule has only AND connectives; min cor-
responds to AND in fuzzy logic), where the terms in brackets rep-
resent the degrees of membership values for terms negative large
(for outdoor-to-indoor temperature difference), negative small
(for outdoor-to-fac�ade surface temperature difference), medium
(for deviation of surface temperature,) small (for relative ther-
mal loss per m2). Fired rules 113 and 114 return the terms poor
and unsatisfactory for the linguistic variable overall isolation effi-
ciency, with the degree of membership function min (0.87, 0.84,
1.0, 0.90) = 0.84 and min (0.87, 0.09, 0.55, 0.0) = 0.0, respectively
(Table 3).

4.3.2. Defuzzification
The final phase of the inference process is the defuzzification of

the results obtained by the fired rules. We use the moment defuzz-
ification method, which returns a value of the index (from 1 to 10)
that corresponds to the centre of gravity of the resulting fuzzy set.
Indexes are used to compare the state of the analysed fac�ade to
some reference models (every reference model, defined by an ex-
pert, is represented by its index; where the index value 1 is asso-
ciated with the reference model of the structural component
with the worst thermal properties and 10 is related to the best
one). A process of defuzzification of the linguistic variable overall
isolation efficiency is depicted in Fig. 12d. It returns an index va-
lue equal to 3 (Fig. 12e). Table 3 summarizes the phases of the
inference: fuzzification, the results of the activation of the linguis-
tic rules (112, 113, and 114) and, finally, defuzzification.

4.4. Graphical user interface

A graphical user interface (GUI) is employed for a user-friendly
interaction with the knowledge-based system. It is important that
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Fig. 12. Results of the second and third phases of inference for the linguistic variable ov
mortar” based on three rules (112, 113, 114): (a) result for rule 112 (overall isolation effi
result for rule 114 (overall isolation efficiency IS unsatisfactory); (d) fuzzy sets for the lin
very good, excellent; (e) overall inference result for three rules, after the defuzzification;
the GUI is intuitive and simple to use. The GUI is also used to dis-
play the results of information fusion and it enables the manual
control of every step in the process of fac�ade isolation diagnostics.
The visual appearance of the GUI used in our system is shown in
Fig. 13.

5. Examples of facade isolation diagnostics

In this section we give two examples of fac�ade isolation diag-
nostics made using the knowledge-based system: for a modern
building (Faculty of EE and Computing, University of Zagreb; built
in 1989.) and for an old building (with visible surface damage, built
around 1900).

Fig. 14a and b show the RGB visible and IR images of the mod-
ern building, while Fig. 14c and d depict the old building. Each im-
age pair with the experimental setup data (Tables 4 and 5) is the
input for the knowledge-based system. The results of the fac�ade
isolation diagnostics for the structural components (wall and
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erall isolation efficiency for the structural component ‘‘wall made from bricks and
ciency IS very good); (b) result for rule 113 (overall isolation efficiency IS poor); (c)
guistic variable overall isolation efficiency and its values unsatisfactory, poor, good,
the return index value, defined as the centre of gravity, is 3.



Fig. 14. Two fac�ades used in the example of the fac�ade-isolation diagnostics: (a) visual RGB image of the modern fac�ade; (b) IR image of the modern fac�ade; (c) visual RGB
image of the old fac�ade; (d) IR image of the old fac�ade.

Table 6
Diagnostics for the structural components of the modern fac�ade depicted by the
image pair in Fig. 14a and b

Results of the fac�ade isolation diagnostics

Linguistic variable Overall isolation efficiency

Index for structural component Wall 7
Window 1 3
Window 2 4
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window) are given in Table 6 (modern building) and Table 7 (old
building). The quality of the thermal isolation, expressed by the
overall isolation efficiency, is given in terms of an index value.

6. Conclusion

In this paper we describe the design of a knowledge-based sys-
tem for the non-destructive diagnosis of fac�ade isolation using the
Table 4
The experimental setup for the acquisition of images of the modern fac�ade in Fig. 14a
and b

Experimental setup

Distance from fac�ade 22 m
Date 15.12.2006
Time 11:15
Outdoor temperature �14.1 �C
Indoor temperature 22.6 �C
Wind Acceptable
Sunlight Acceptable

Table 5
The experimental setup for the acquisition of images of the old fac�ade in Fig. 14c and
d

Experimental setup

Distance from fac�ade 24 m
Date 16.11.2006
Time 10:11
Outdoor temperature �2.5 �C
Indoor temperature 24.2 �C
Wind Acceptable
Sunlight Acceptable

Table 7
Diagnostics for the structural components of the old fac�ade depicted by the image
pair in Fig. 14c and d

Results of the fac�ade isolation diagnostics

Linguistic variable Overall isolation efficiency

Index for structural component Wall 4
Window 1 4
Window 2 4
Window 3 4
Window 4 3
Window 5 3
Window 6 4
information fusion of RGB visual and IR images. The two main
hypotheses of our approach were that the fusion of information
is a perquisite for the design of an efficient system for non-destruc-
tive testing and fac�ade diagnostics, and the interpretation of the
RGB–IR image pair requires the understanding of a variety of prin-
ciples, like heat transfer, thermodynamics, optics, fluid physics,
electronics, and the structure of materials. These lead to a new ap-
proach to the architecture of the system for non-destructive diag-
nostics based on the concepts of artificial intelligence. The
architecture of the system is represented by two main subsystems:
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application-specific and knowledge-based system-core compo-
nents. The application-specific components are: image acquisition
and pre-processing, the resolution pyramid, feature extraction, im-
age registration and data fusion. The knowledge-based system-
core components are: the database, the knowledge base, the infer-
ence engine and the user-friendly interface. All the above compo-
nents for both subsystems are described in detail. Examples of
the non-destructive testing and fac�ade diagnostics obtained with
the system are presented. Future work will be focused on develop-
ing and upgrading the linguistic rules in cooperation with experts
for heat transfer, thermodynamics, fluid physics, and the structure
of materials. Also, in the near future we plan to implement the
automatic segmentation of visual RGB and IR images in order to
find all the structural components without user intervention. The
system will be tested on a large visual RGB and IR image pair data-
base, collected over a long period of time and in different environ-
mental conditions.
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