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			Abstract

			Nowadays, techniques in digital image processing make it possible to detect damage, such as moisture or biological changes, on the surfaces of historical buildings. Digital classification techniques can be used to identify damages in construction materials in a non-destructive way. In this study, we evaluate the application of the object-oriented classification technique using photographs taken with a Fujifilm IS-Pro digital single lens reflex camera and the integration of the classified images in a three-dimensional model obtained through terrestrial laser scanning data in order to detect and locate damage affecting biocalcarenite stone employed in the construction of the Santa Marina Church (Córdoba, Spain). The Fujifilm IS-Pro camera captures spectral information in an extra-visible range, generating a wide spectral image with wavelengths ranging from ultraviolet to infrared. Techniques of object-oriented classification were applied, taking into account the shapes, textures, background information and spectral information in the image. This type of classification requires prior segmentation, defined as the search for homogeneous regions in an image. The second step is the classification process of these regions based on examples. The output data were classified according to the kind of damage that affects the biocalcarenite stone, reaching an overall classification accuracy of 92% and an excellent kappa statistic (85.7%). We have shown that multispectral classification with visible and near-infrared bands increased the degree of recognition among different damages. Post-analysis of these data integrated in a three-dimensional model allows us to obtain thematic maps with the size and position of the damage.
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			Introduction

			We present a case study combining three-dimensional measuring techniques, such as terrestrial laser scanning, and advanced digital classification techniques using multispectral images to yield thematic maps with the size and positions of damage that affects the biocalcarenite stone of the Santa Marina de Aguas Church located in the city of Córdoba (Spain). We introduce the techniques used, review the benefits and drawbacks of spectral classification methods and discuss how object-oriented classification can improve the analysis of complex surfaces.

			Throughout time, humans have built many unique landmark buildings of great historical, cultural and monetary value. But with time, the stone used to build them deteriorates as a result of natural processes, which are exacerbated and accelerated by conditions and circumstances attributable to human activity.1 Today there is notable concern regarding the need to conserve this heritage given its enormous value to humankind. Therefore, multidisciplinary studies are necessary to learn about the deterioration that affects the different materials from which monuments and historical buildings are composed.2, 3

			The documentation, preservation and restoration of historical buildings requires, first and foremost, knowledge of the state of their degradation before the appropriate reconstruction techniques can be applied to correct the problems detected.4 When determining the state of degradation of a unique building, samples must be taken from both the deteriorated area and another part of the building in good condition in order to compare the two degenerative states. It is precisely during sampling, traditionally performed using invasive techniques, that the most damage is caused to the building; hence, there is great interest in finding fast and economical non-invasive techniques to detect alterations in building materials.5

			Scientists have long used multispectral images for building diagnosis, especially in cultural heritage tasks.6 Strackenbrock et al.7 and Godding et al.8 used multispectral image classification for the analysis of different stones and damage types in architectural applications. The effect of atmospheric phenomena such as rainfall, cloud temperature and cloud water content is determined using false-colour photographs, i.e. photographs with an observation range greater than the visible spectrum (normally the infrared spectrum). Recently, image interpretation has been applied to characterise the façades of architectural buildings. The methodology of the spectral classification is based on the fact that those specific materials have wavelengths which are dependent on the reflection characteristics. By transferring the value of a pixel of an image into a feature space, a cluster for each object class is formed. Finally, classification techniques reduce the range of values of the image (digital number) to another level (classes) through a system of allocation statistics.9 Spectral classification methods can be differentiated into two groups: supervised and unsupervised classifications. Lerma10 studied the application of photogrammetry and remote sensing using cameras sensitive to the visible and infrared spectra, obtaining rectified images classified by automated methods and thus determining the structural elements and pathologies detected on the façades of different buildings. In the aforementioned study, Lerma applied supervised multispectral classifications on multiband images, which were within the visible and infrared range. 

			However, in spectral classifications, problems arise when the pixels which comprise individual objects are spectrally heterogeneous and when identical spectral features have got different image texture.11 There have been several studies with statistical supervised pattern classification on different monument façades under differing situations and external conditions. The overall accuracy of classification for mortars and paintings (among others) was 83.6%12; for limestones was 94.5%; for mortars was 90.8%13; and for mixed mortars, limestones, wood and glass was 90.1%14.

			New possibilities are given by the application of the object-oriented analysis of images, which takes into account, inter alia, the shapes, textures, background information and spectral information in the image.15

			Neusch and Grussenmeyer16 compared spectral classifications and the oriented-based classification in order to extract the elements comprising the half-timbered façades. The best results were achieved using the oriented-based classification.

			On the other hand, terrestrial laser scanning has been successfully applied in a number of different fields, such as architectural heritage, civil engineering, geology and documentation of heritage sites. It provides geometrical information used for the creation of realistic virtual three-dimensional models.17-21 One of the most important applications is the preservation and restoration of historical buildings.22-25

			Our case study applies to the Santa Marina de Aguas Santas Church in Córdoba (Spain). This church is a historical building dating back to the 13th century and is of great cultural heritage value. The monitoring of its conservation state is thus necessary.

			We proposed a new method to assess damage on the concrete surfaces of the church using multispectral images analysis. The main objectives of this study were:

			
					•	To evaluate the use of the object-oriented based classification using images taken with a single lens reflex camera recording non-visible light (ultraviolet and infrared), in order to detect damage affecting biocalcarenite stone employed in the construction of historical buildings, and other materials used in the restoration and its quantification.

					•	To integrate the results in a three-dimensional model obtained through terrestrial laser scanning data in order to yield thematic maps with the size and the position of damages that affect the biocalcarenite stone.
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			Experimental section

			Study site

			The study site was the Santa Marina Church, located in the city of Córdoba (Andalusia, Spain). The church is located in the city centre. The materials used in the construction of this building were Tortonian biocalcarenite with micritic carbonated cement (fine grain) and limestone fossils.26 Built in the 13th century, together with the Magdalena Church, Santa Marina de Aguas Santas is one of the oldest churches in Córdoba, and both buildings can be considered to be models for the other ‘Fernandina’ churches, built after Ferdinand’s reconquest of the city.27 The Santa Marina Church was declared a Historic-Artistic Monument on 3 June 1931. It is exposed to a large number of air contaminants.

			Equipment

			The realistic virtual three-dimensional model of the monument was obtained using a Leica HDS 6600 laser scanner based on terrestrial LiDAR technology and manufactured by Leica Geosystems AG (St. Gallen, Switzerland). This equipment has a maximum instantaneous scan speed of 50 000 points/s. Data post-processing following the site survey was performed using Leica Cyclone 7.1 software.

			The image analysis study to identify the construction materials and pathologies affecting these materials was performed using the Fujifilm IS-Pro digital single lens reflex camera (Fujifilm, Tokyo, Japan). This camera – designed for law enforcement, scientific, medical and fine art communities – was used in the study with a selection of filters for limiting the spectrum of certain wavelengths to the image. This 12.3-megapixel camera captured spectral information for the areas studied in an extra-visible range, generating a wide spectral image with wavelengths ranging from 300 nm (ultraviolet) to 1000 nm (near infrared). Thus, in addition to this camera, a specific visual target was used, an AF Nikkor 24mm f/2.8D (Nikon, Tokyo, Japan), with the characteristics required for coupling different filters, in order to screen the spectral information required.

			The choice of the filters to use in this study was based on previous results obtained by the working group.28 These filters, whose transmittance curves are shown in Figure 1, were characterised using a calibration sphere Li-Cor 1800-12.29 The filters were obtained from B+W (Berlin, Germany).

			[image: fig%202.tif]

			Figure 1: 	Transmittance curves of the B+W 099, 093 and 092 filters.

			B+W 099 filter, infracolour orange

			Figure 1 shows that the filter absorbs almost all light until a wavelength of approximately 550 nm and consequently filters all the spectral information corresponding to ultraviolet and the visible portion composed of blue and green. Part of red is also reflected; hence, the light passing through the filter will be formed by infrared and the orange area.

			B+W 092 filter, dark red 20–40X

			This filter has a transmittance curve characterised by an inflection point in the wavelength region of 690 nm. This curve indicates that the filter eliminates the ultraviolet response and practically the entire visible portion, except for dark red. As a result, the light beam will be characterised by an infrared and partly dark red spectrum.

			B+W 093 filter, infrared

			This filter eliminates ultraviolet and the entire visible portion as it screens the beam of light up to the area close to 830 nm, which is already in near infrared.
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			Data gathering and processing

			Characterisation of materials and alterations in the stone

			Figure 2 shows the four study areas selected for the characterisation of the materials and their alterations. These areas have important damage and they need to be restored. Four false colour photographs were taken of each area, using the camera with: (1) no filters, (2) a B+W 099 filter, (3) a B+W 092 filter and (4) a B+W 093 filter. 

			[image: Figure%202.TIF]

			Figure 2: 	The Santa Marina Church, Córdoba. Insets: Areas of the building that were studied.

			Image analysis techniques were applied to the captured images in order to obtain thematic information on the state of degradation of the building. These techniques require prior confirmation in situ regarding the existence of pathologies on the building’s façade. This information was taken from previous studies carried out on the church, in which the pathologies affecting the façade were plotted using traditional techniques.26 In Figure 3, a diagram shows the characterisation of materials and alterations in the stone obtained in the aforementioned research.

			Figure 4 shows a diagram of the methodology followed in this study to identify the pathologies from the classification of hyperspectral images taken. The object-oriented classification technique applied is described below.
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			Object-oriented classification of images

			Traditional remote sensing studies the level of response of each photographic pixel in the electromagnetic spectrum, completely ignoring the spatial structure of the image. In contrast, the new object-oriented classification technique takes into account shapes, textures and spectral information present in the image, among other aspects. Recent studies30-32 have demonstrated the superiority of the new concept with respect to traditional classifiers. Its basic principle is the use of information (shape, texture, contextual information, etc.), which is only present in significant objects in the image and in the relationships between them. The strategy is based on the spatial structure of images and consists of generating partitions of these images in which each region may be considered relatively homogeneous and different from the neighbouring regions. Each region corresponds to a segment, which, after classification, is added together with other neighbouring segments to form a larger region and thus to form an area with similar spectral characteristics. This process is called segmentation.

			In short, the division of the images into a variety of objects is a key procedure for successfully analysing images or for their automatic interpretation. In this sense, image segmentation is a critical step for subsequent image analysis and even for understanding these images in the future.

			Given the specific nature of the study, ENVI 4.7 software was selected. This software is used to process and analyse geospatial images.

			The process consisted of an initial composition of the four photographs taken on the same wall. The multispectral digital camera gives three bands of information for each of these photographs (with and without a filter); however, some of these bands contribute little information. Thus, a *.vsk file was then created consisting of four overlapping pictures, each with three RGB bands. 

			The object-oriented classification was performed according to the steps below:

			
					•	Information segmentation stage

					•	Compute attributes

					•	Legend selection stage

					•	Training stage

					•	Classification or assignation stage

					•	Classification evaluation stage
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			Information segmentation stage

			Segmentation is the process of partitioning an image into segments by grouping neighbouring pixels with similar feature values (brightness, texture, colour, etc.). These segments ideally correspond to real-world objects.33 Segmentation may be carried out using different procedures:

			
					•	Detection of grey levels: this consists of comparing the grey levels of the pixels and grouping them based on a gradient of variation in the grey level. When the grey-level variation gradient is substantially modified, it is stipulated as a boundary of the region.

					•	Edge detection: the composition of each pixel is studied and the images are grouped on that basis. When there is an abrupt change in the spectral response of the pixels, an edge is defined; thus, areas in which pixels have a similar spectral response are determined.

					•	Feature extraction: binarisation is performed based on thresholds of membership to textural and colour classes, whereby pixels with similar responses are gradually added.

					•	Multiresolution segmentation: this segmentation takes into account variability in both colour and shape, calculating a function of global variation. This parameter is compared with the homogeneity pre-established by the user, which will be the variability threshold for the formation of the object.

			

			In this study, the segmentation method based on Feature Extraction was applied using ENVI zoom 4.7 software with Feature Extraction module. This system is based on the watershed by immersion algorithm. The watershed transform is based on the concept of hydrological watersheds. Basins fill up with water starting at the lowest points, and dams are built where water coming from different basins meets. When the water level has reached the highest peak in the landscape, the process stops. The landscape is thus divided into regions separated by dams, called watersheds.34

			A similar process occurs in digital imagery. The darker a pixel, the lower its ‘elevation’; this type of pixel is called a minimum. The Vincent and Soille watershed algorithm sorts pixels by increasing greyscale value, then begins with the minimum pixels and ‘floods’ the image, partitioning the image into basins (regions with similar pixel intensities) based on the computed watersheds. The result is a segmentation image, in which each region is assigned the mean spectral value of all the pixels that belong to that region.35

			The Watershed algorithm requires the user to determine a series of parameters:

			
					•	Scale level (%): Determination of the level of homogeneity to be established when generating the different objects. During this step, the software starts image segmentation with the Feature Extraction module and requires a scale parameter. This parameter is a numerical value between 0 and 100 that controls the size and the complexity of the resulting segments. Values close to 0 produce fewer and bigger segments. In order to choose the right value, the software gives you the option of previewing the result.

					•	Merge (%): The next step is to merge the current segmentation for the determination of the restrictions when merging different objects with similar characteristics. This step eliminates errors produced during segmentation. The merge is also controlled by a numerical value between 0 and 100, where 0 means no merge at all and 100 means merge all.

					•	Thresholding: Union of adjacent groups, based on a comparison of pixel brightness.

			

			[image: fig%205.tif]

			Figure 5: 	Comparison between the segmented composition (upper) and the original composition (lower) of the main door of the Santa Marina Church, Córdoba.

			Table 1: 	Configuration parameters for segmentation in ENVI 4.7 software

			
				
					
					
					
					
				
				
					
							
							Areas of study

						
							
							Segment

						
							
							Merge

						
							
							Thresholding

						
					

					
							
							Main door

						
							
							50%

						
							
							72%

						
							
							7

						
					

					
							
							Rose window

						
							
							43%

						
							
							68%

						
							
							7

						
					

					
							
							North side of the left wall pillar

						
							
							40%

						
							
							76%

						
							
							7

						
					

					
							
							Left side of the façade, left small wall

						
							
							40%

						
							
							76%

						
							
							7

						
					

				
			

			

			Image segmentation requires the performance of numerous tests to obtain a result that provides the best fit with reality. To obtain adequate results, various segmentation tests were carried out on each wall analysed using different configuration parameters until the appropriate segmentation was found. Figure 5 shows a good segmentation of the main door of the Santa Marina Church. The settings chosen for each wall are outlined in Table 1.

			Compute attributes

			In this step, attributes are computed for each segment. These attributes are:

			
					•	Spectral: minimum, maximum, mean and standard deviation for each channel

					•	Spatial: area, length and shape of the segment

					•	Textural: range, mean, variance and entropy of the segment

					•	Custom: band ratio, hue, saturation and intensity
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			Legend selection stage

			Based on the characterisation of materials and changes in the stone shown in Figure 3, the legend defining the classes to be automatically differentiated was obtained. The different uses of the legend are listed in Table 2.

			[image: fig%203.tif]

			Figure 3: 	Characterisation of materials on the church façade.

			[image: fig%204.tif]

			Figure 4: 	Phases for the identification of stone pathologies.

			Table 2: 	General legend

			
				
					
				
				
					
							
							General legend

						
					

					
							
							Plaster and cement

						
					

					
							
							Patinas

						
					

					
							
							Cracks

						
					

					
							
							Stone degradation

						
					

					
							
							Pitting and alveolar erosion

						
					

					
							
							Upper vegetation

						
					

					
							
							Lichens

						
					

					
							
							Mosses

						
					

					
							
							Biocalcarenites
(non-degraded stony material)

						
					

				
			

			

			Training stage

			Training fields characteristic of each sample class were selected to correlate the statistical values of the spectral responses of the pixels corresponding to the selected object with the representative class to which it was assigned. Existing cartography of alterations was used to determine which areas were characteristic of each class type.26

			Classification or assignation stage

			The main goal of classification is to differentiate groups (informational classes) whose members have certain characteristics in common. The object-oriented classification is based on the fact that the semantic information, fundamental to interpreting an image, is not represented in pixels individually, but in representative objects of an image and their relationships. In this study, classifications were established using a class hierarchy procedure in which images are classified based on a list of available classes. 

			The k–nearest neighbour algorithm was used for the classification. The k–nearest neighbour classification method considers the Euclidean distance in n-dimensional space of the target to the elements in the training data, where n is defined by the number of object attributes used during classification. This method is generally more robust than a traditional nearest-neighbour classifier, as the k–nearest distances are used as a majority vote to determine to which class the target belongs. The k–nearest neighbour method is much less sensitive to outliers and noise in the data set and generally produces a more accurate classification result compared with traditional nearest-neighbour methods.30 This method also takes into account different parameters related to the objects (area, length, mean colour, brightness and texture).

			Classification evaluation stage

			For this classification, the overall accuracy, the kappa statistic and the producer’s and user’s accuracy were calculated. Kappa quantifies how superior a particular classification is in comparison to a random classification; the producer’s accuracy is a measure of omission error and indicates the percentage of pixels of a given land-cover type that is correctly classified; and the user’s accuracy is a measure of the commission error and indicates the probability that a pixel classified into a given class actually represents that class on the ground.15
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			Obtaining a realistic virtual three-dimensional model of the façade

			Scanning positions were selected according to technical specifications and by searching the front and the proximity of the studied area in order to minimise the influence of geometry during data acquisition, for example, by minimising hidden areas.

			After obtaining the three-dimensional model from the points cloud, the following metric information on the façade was extracted:

			
					•	CAD format plan

					•	orthophotographs

					•	virtual models of triangle meshes and solid surfaces.

			

			Figure 5 shows a virtual model of the principal façade.

			Figure 6 shows an orthophotograph of the façade based on a real colour photograph. This photograph was a high-resolution orthophotograph (3735 x 2610 pixels) in which measurements and annotations could be made, showing the three-dimensional structure of the morphological details found on the façade of the building.

			Finally, a map was prepared which summarised the pathologies affecting the monument. The map was obtained by combining the metric information obtained in the LiDAR survey and the thematic information prepared.

			[image: fig%206.tif]

			Figure 6: 	Virtual model of the façade (upper) and orthophotograph of the façade (lower) of the Santa Marina Church.
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			Results and discussion

			After segmentation of the composite images, the assignation of legends to each image and the next stage of training, the composites were classified.

			As expected in an object-oriented classification, the images obtained consisted of groups of homogeneous segments, characterised by their smooth texture, which did not allow us to appreciate any morphological forms. This aspect forced us to use the original image to analyse the components in this area. After a thorough analysis of the façade, the different pathologies in specific areas were observed.

			The ‘plaster and cement’ class was present almost entirely in the lower parts of the church. This distribution was because of remediation work carried out on the outside of the church to restore degraded areas.

			‘Patinas’ were located in areas in which, for morphological reasons, small deposits had gradually accumulated, forming a thin layer that gives original monuments a lighter colour.

			The cracks that appear between the ashlar blocks are because the bonding material between the ashlar blocks is less resistant to degradation than the stone of the blocks used to build the church. Therefore, the entire monument shows cracking, the largest proportion of which was found in the most severely degraded areas.

			Stone degradation, pitting and alveolar erosion are the most common pathologies on the outer surface of the building. Because these pathologies affecting the stone are caused by atmospheric weathering, degradation, pitting and alveolar erosion are more frequent in the areas in which wind and rain have a stronger impact. These areas are located on the northwest façade and the left side of the main façade.

			With regard to the pathologies resulting from the presence of living organisms, a distinction must be made between mosses and lichens. At first glance they may look similar. However, closer examination of their distribution shows that lichens prefer higher parts of the building where oxygenation and radiation are more abundant, and where adjacent buildings do not inhibit ventilation or lighting of their habitat. In contrast, mosses prefer moist and shady areas, which explains why these bryophytes were located in the lower parts of the monument and preferred more humid north-facing parts of the building.

			To conclude our findings on living organisms, upper vegetation usually is in areas with larger accumulations of sediment because they need more substrate for their roots to anchor and find support. The classification showed that upper vegetation was found on the edges of the roof, the small roof above the main door and the different projections on the outside of the building; there were no errors in the classification of this legend item.

			A confusion matrix was prepared to evaluate the reliability of the classification made based on the compositions of images taken of the monument (Table 3). The confusion matrix was prepared from the manual analysis of 1000 sample regions distributed homogeneously on the four photographic compositions. The matrix was constructed by determining whether each sample region actually belonged to the category in which it had been classified, and if not, in which of the other categories it had been classified erroneously.

			Table 3: 	Confusion matrix

			
				
					
					
					
					
					
					
					
					
					
					
					
					
				
				
					
							
							Confusion matrix

						
					

					
							
							Legend

						
							
							Biocalcarenites

						
							
							Plaster and cement

						
							
							Patinas

						
							
							Cracks

						
							
							Stone degradation

						
							
							Pitting and alveolar erosion

						
							
							Upper vegetation

						
							
							Lichens

						
							
							Mosses

						
							
							Total

						
							
							User accuracy

						
					

					
							
							Biocalcarenites

						
							
							610

						
							
							10

						
							
							10

						
							
							0

						
							
							10

						
							
							10

						
							
							0

						
							
							0

						
							
							0

						
							
							650

						
							
							0.94

						
					

					
							
							Plaster and cement

						
							
							10

						
							
							80

						
							
							10

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							100

						
							
							0.80

						
					

					
							
							Patinas

						
							
							10

						
							
							0

						
							
							40

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							50

						
							
							0.80

						
					

					
							
							Cracks

						
							
							0

						
							
							0

						
							
							0

						
							
							20

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							20

						
							
							1.00

						
					

					
							
							Stone degradation

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							60

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							60

						
							
							1.00

						
					

					
							
							Pitting and alveolar erosion

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							50

						
							
							0

						
							
							0

						
							
							0

						
							
							50

						
							
							1.00

						
					

					
							
							Upper vegetation

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							20

						
							
							0

						
							
							0

						
							
							20

						
							
							1.00

						
					

					
							
							Lichens

						
							
							10

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							20

						
							
							0

						
							
							30

						
							
							0.67

						
					

					
							
							Mosses

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							0

						
							
							20

						
							
							20

						
							
							1.00

						
					

					
							
							Total

						
							
							640

						
							
							90

						
							
							60

						
							
							20

						
							
							70

						
							
							60

						
							
							20

						
							
							20

						
							
							20

						
							
							100

						
							
							

						
					

					
							
							Producer accuracy

						
							
							0.95

						
							
							0.89

						
							
							0.67

						
							
							1.00

						
							
							0.86

						
							
							0.83

						
							
							1.00

						
							
							1.00

						
							
							1.00
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			As can be seen, most of the regions studied (65%) were classified as stone material in good condition. Of these 650 samples, 610 were classified correctly and 40 belonged to the plaster and cement, patinas, degradation and bryophytes categories. The analysis of the samples classified as plaster and cement (10% of the total) revealed that 20% of the samples classified in this class belonged to the stonework and patinas categories. When evaluating the categories belonging to degradation by atmospheric agents (13% of the total areas studied), most belonged to the stone degradation category (6% of the sample regions classified in this category) and all had been classified correctly (100% user accuracy). When studying the biological agents, it was observed that overall these accounted for 6% of the regions studied and all were correctly classified, i.e. 100% reliable detection (producer accuracy).

			Based on the data obtained in the confusion matrix, a statistical analysis was performed that yielded a total accuracy of 0.92 and a kappa statistic of 0.857. The total accuracy obtained showed that 92% of the regions generated had been classified correctly, with only 8% assigned to the wrong classes. The generation of a kappa statistic of 0.857 indicated that 85.7% of the errors that would have been committed with a random classification had been avoided. Considering a minimum kappa statistic value of 0.80 for the classification to be considered valid, it may be concluded that the classification obtained was acceptable.

			Finally, the corresponding orthophotographs were obtained based on the classified images and using the three-dimensional model of the façade obtained with the terrestrial LiDAR. These orthophotographs already had metric characteristics in which measurements could be taken, allowing the exact position of the detected pathologies to be determined and the exact surface area affected by these pathologies to be quantified (Figure 7). 

			[image: fig%207.tif]

			Figure 7: 	Object-oriented classifications of the rosette (left) and of the main door (right) of the Santa Marina Church.
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			Conclusions

			This study is a first approach to evaluate the applicability of the method­ology to map and measure pathology on concrete surfaces. The evaluation of the proposed methodology for the detection of alterations in the construction material of unique buildings based on the application of advanced object-oriented classification techniques on multispectral images proved to be very successful, with a total accuracy of 92%. 

			Through the combination of these classified images and the virtual three-dimensional model obtained with terrestrial LiDAR technology, a thematic map of the areas studied was obtained with a level of detail and accuracy that no other technology can provide. Additionally, the combined use of both technologies is useful for appreciating the relief and physiognomy of the monument, thus making it easier to determine the parts of the church affected by each pathology. This system for detecting alterations can therefore be used to lower the costs of restoring unique buildings and provides accurate results for surface areas affected by the different types of damage detected.
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