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ABSTRACT 

The estimation of the seismic vulnerability of buildings at an urban scale, a crucial element in 
any risk assessment, is an expensive, time consuming and complicated task, especially in moderate-to-
low seismic hazard regions. In this paper, we propose a way to perform a quick estimation using 
convenient, reliable building data that is readily available regionally instead of the information usually 
required by traditional methods. Using a dataset of existing buildings in Grenoble (France) and by 
means of a data mining technique - Support Vector Machine - we developed a seismic vulnerability 
proxy. Information from national databases (census information) and data derived from the processing 
of satellite images and aerial photographs were used to produce a nation-wide vulnerability map. This 
macro-scale method to assess vulnerability is easily applicable in case of a paucity of information 
regarding the structural characteristics and construction details of the building stock.  

Damage estimations were compared with a historic earthquake that caused moderate-to-strong 
damage in France. We show that due to the evolution of vulnerability in cities, the number of seriously 
damaged buildings can be expected to double or triple if a historic earthquake were to occur today. 

INTRODUCTION 

The extensive damage observed after the latest moderate-to-strong earthquakes together with 
population growth and the urbanization of megacities have considerably increased awareness 
regarding natural disasters over recent decades (Jackson 2006). There is also an increasing demand for 
detailed seismic risk analysis, to furnish adequate information for the insurance and reinsurance 
industry (Spence et al. 2008). Reducing this risk has become a priority for local authorities in order to 
ensure the well-being and safety of local populations as well as for economic and social security. One 
of the areas contributing to the reduction of earthquake fatalities and losses, is the anticipation and 
simulation of earthquake effects for crisis management. This simulation requires a representation of 
the structures’ capacity to withstand the seismic ground motion: this is the objective of seismic 
vulnerability assessments. 

Over the last two decades, many empirical methods have been published to assess the seismic 
vulnerability of buildings at a large scale, most of them calibrated using post-event damage 
information (e.g. GNDT 1993, Hazus 1997, Spence and Lebrun 2006). These methods share great 
challenges and difficulties (Gueguen, 2013), which introduce significant epistemic uncertainty into 
seismic vulnerability assessment and therefore into seismic risk analysis (Spence et al., 2008).  
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These difficulties are even more critical in moderate-to-low seismic hazard regions, where the 
mobilization of resources for seismic evaluation is rather limited even if the seismic risk is not 
negligible. For example, France is fairly considered as a moderate seismic hazard country. However, a 
major historic earthquake hit France in the 20th century with an estimated magnitude of more than 6 
and major effects in the (at that time rural) region of Aix-en-Provence (south-eastern France), causing 
42 fatalities, many more injuries and severe economic losses.  

The application of traditional empirical methods requires so much information that the 
evaluation struggles to find sufficient political motivation and financial resources to complete the 
seismic inventory of buildings. 

To overcome the lack of building information at the macro scale, we propose in this paper to 
assess vulnerability not considering the information required for a conventional analysis, but the sole 
information already available in a region or country. A data mining method, Support Vector Machine 
(SVM), is applied to define a vulnerability proxy between the elementary characteristics of buildings 
and the vulnerability classes of the European Macroseismic Scale EMS98 (Grunthal and Levret, 
2001). This is a two-step procedure: the first step (the learning phase) consists in defining the proxy 
using a sample of buildings for which elementary structural characteristics (or attributes) and 
vulnerability classes are available. The second step (the application phase) is to apply the proxy to a 
target region for which vulnerability classes are not available, but elementary attributes are.  

GRENOBLE TEST-BED AREA 

As described in Riedel et al. (2014), a simplified empirical method based on the Italian GNDT 
was proposed and tested in Grenoble as part of the VULNERALP project (Guéguen et al. 2007). 
Experts associated a type of building according to the EMS98 typology with the most likely 
vulnerability class (Grunthal and Levret, 2001). They collected attributes which are elementary since 
they are considered as reliable (no uncertainty in their definition) and can be obtained relatively easily 
on a large scale. For example, the information about the number of storeys and period of construction 
is available in the INSEE database (French national statistical institute, www.insee.fr), grouped by 
geo-localised cells called IRIS2000. 

Furthermore, during the NERA project (Network of European Research Infrastructures for 
Earthquake Risk Assessment and Mitigation – www.nera-eu.org), a building-by-building field survey 
was carried out in a small area of Grenoble (about 950 by 700m) including all buildings within the 
surveyed area (Spence et al. 2012). 560 residential buildings were characterised and classified 
according to EMS98. This sub-area test (Grenoble NERA sub-set) was chosen because it shows a mix 
of building typologies representative of the Grenoble metropolitan area. Finally, remote sensing data 
are available in Grenoble, including a very high resolution (VHR) orthorectified panchromatic image 
(airborne data, 25cm resolution), a digital elevation model (DEM) (airborne acquisition, 1m resolution 
in three dimensions) and building footprints from cadastral data. With this information, the Urbasis 
project (ANR-09-RISK-009) characterised the urban area based on building footprints and the 
surrounding open spaces within the NERA zone. Fifteen morphological indicators were computed 
according to Hamaina et al. (2012) for the characterisation of urban fabric.  However, only a few were 
used for the vulnerability classification, as described later.  

DATA MINING METHODS - SUPPORT VECTOR MACHINE 

Data mining are a set of processes at the intersection of computer science and statistics which 
attempts to discover patterns in large data sets and establish relationships. In particular, Support 
Vector Machine (SVM) is a state-of-the-art classification method (Boser et al., 1992; Cortes and 
Vapnik, 1995). A supervised classification task usually involves dividing data into training and testing 
sets. Each instance in the training set has one “target value” (i.e. the class label) and several 
“attributes” (i.e. the features or observed variables). The goal of SVM is to produce a model (based on 
the training data) that predicts target values for the test data (a set of patterns with a known label not 
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considered in the training but used to evaluate the accuracy of the classification). The formal definition 
of the method and its principal aspects can be found in Riedel et al (2014b).  

Within a supervised classification framework, a support vector machine statistical learning 
algorithm is used on the Grenoble dataset to label the buildings according to the desired EMS98 
standard for seismic vulnerability classes. 

First phase: learning 

In the first phase, the elements of the dataset that form the training set are selected randomly 
each time the classifier is run (but respecting the distribution of classes). This introduces variability 
that has a slight effect on accuracy. To take this variability into account, 2000 calculations were run 
and an accuracy histogram was created. The histogram shows a Gaussian-like distribution (Figure 1). 
The median and the 15 and 75 percentiles can be estimated as a measurement of deviation. Figure 1a 
shows the histogram of accuracy for a training set of 30% of Grenoble dataset and considering 3 
attributes (i.e. construction period, number of floors and shape of the roof).  
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Figure 1. a) Histogram of accuracy for 30% training set and 2000 runs. b) Evolution of accuracy and dispersion 
for different training set sizes. The lower-limit is the accuracy obtained if all classes are simply assigned to the 
most probable class (bottom green line). The maximum possible accuracy is obtained using 100% of data for 

training and testing on the same set (upper-limit red line). 

Furthermore, accuracy will depend on the size of the training set (as a percentage of the total 
set). Figure 1b shows the evolution of median accuracy for growing sizes of training sets including 
dispersion (15 and 75 percentiles). The evolution shown in Figure 1b is independent of the attributes 
included in the classification, and the same trend – regarding training set size – is found regardless of 
the dataset studied. Above 20 and 30% of training set size, maximum attainable accuracy is reached, 
and the influence of increasing size is lessened. A training size of 30% is therefore used for the 
calculations hereafter. 

Finally, mean accuracy will depend on the building information (attributes) incorporated to train 
the machine. Keeping this idea in mind, the method was run on the Grenoble NERA sub-set, for which 
several building features are available including those obtained by processing remote sensing data. 
Each test involved different attributes, different numbers of attributes and their combinations. In order 
to capture only the individual influence of these attributes on the accuracy of the estimation, exactly 
the same NERA building dataset and training set size (30%) were used throughout.  

The characteristics obtained by the NERA survey (i.e. Construction Period and Number of 
Floors) proved to be the basis of a relatively good classification and should always be included to 
achieve acceptable accuracy of 62.4% in the estimation of EMS98 vulnerability class (buildings 
correctly classified) (Figure 2a). By adding roof shape, a parameter obtained by processing aerial 
images, accuracy is improved slightly to 63.5%. The shape of the roof is indirectly related to 
construction material. Accuracy is not enhanced drastically, since indirect construction material 
information might be also included in the other two attributes. In other words, the added information is 
not completely independent (Figure 2b). Note that many features can be extracted from remotely 
sensed data, but not all are independent and therefore add no new information for the classifier to work 
with. Out of the fifteen image-processing attributes available in NERA sub-set, only three produced a 
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significant improvement of accuracy: width of the mean area-enclosing rectangle of the building 
footprint, shared-wall ratio (ratio between the length of perimeter walls shared with other buildings 
and the whole perimeter) and finally, average distance to nearest buildings (average distance between 
building footprints of neighbouring cells). These three features represent the shape of urbanisation. By 
adding these pieces of information to the process, mean accuracy reaches 71.2% of correctly classified 
buildings (Figure 2c). 
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Figure 2. Effects of different attributes on the accuracy. a) Only two attributes; construction period and number 

of floors. b) Three attributes; after adding shape of the roof. c) Six attributes; after adding three parameters 
obtained from cadastral data processing: width of buildings, shared-wall ratio and distance to nearest building 
(an indication of urban environment density). d) Six attributes, but merging vulnerability classes into only 3 

classes (A-B); (C-D); (E-F). Note change of x-axis range in Fig. 2 d). 

Figure 2 shows a general trend: the addition of more (independent) information on buildings 
improves the accuracy of the method. In all cases, the dispersion regarding the random selection of the 
training set elements is slight. Furthermore, 80% of the misclassified buildings are labelled with a 
vulnerability class neighbouring the correct one. Since the classifier struggles to “differentiate” nearby 
classes clearly, the effect of merging them was studied by reducing the multi-class problem from six to 
only three classes. Classes A and B were joined to make class 1, C and D form class 2 and E and F 
class 3. Classifier accuracy increased drastically, reaching 94% of correctly assigned buildings. 
(Figure 2d). 

Second Phase: Application 

The second phase is then implemented to obtain the geo-localised distribution of vulnerability 
classes in each IRIS, knowing some attributes for the whole French territory. Since INSEE data only 
gives information on two building features (per IRIS unit), the SVM was trained only with the 
“number of floors” and “construction period” attributes for the Grenoble dataset, and then used at the 
scale of an IRIS unit.  

As seen in Riedel et al 2014b, the classification using SVM is not always clear and in any case, 
the method assigns the value with the highest confidence percentage. The process allows viewing of 
the “confidence” at each decision it makes. Once the machine has been trained and to take this 
confidence into account, twelve points representing all the possible combinations of the two attributes 
(i.e., four categories of Construction Period and three ranges of Number of Floors) were added to the 
classification.  
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A Grenoble Vulnerability Matrix (GVM) was created with the confidence distribution provided 
by the SVM considering each combination (Table 1). Seeing the values of Table 1 as conditional 
probabilities to be in an EMS98 class knowing the building attributes, we calculate (equation 1): 

 

𝑁𝑁 (𝑋𝑋) =    𝑁𝑁    𝑃𝑃 𝑋𝑋 𝑌𝑌                         (1) 

 
Where Nj(X) is the number of buildings of vulnerability class Xi = {A, B, C, D, E} in each j 

IRIS cell, Nji the number of buildings with attributes Yi in j, and P(X|Yi) the value of the probability 
given by the GVM proxy for the X→Yi association (Table. 1). 

 
Table 1. GVM Proxy. “Confidence” values for the classification of each combination of attributes in 

EMS98 vulnerability classes. Obtained by SVM applied to the Grenoble database. *fl. (Floors) 

INSEE Atributtes (A) (B) (C) (D) (E) 

<1945 & ≤ 3 fl. 0.221 0.636 0.103 0.031 0.009 
[1945-1970] & ≤ 3 fl. 0.074 0.672 0.184 0.054 0.016 
[1970-2000] & ≤ 3 fl. 0.019 0.205 0.043 0.691 0.041 
>2000 & ≤ 3 fl. 0.013 0.207 0.021 0.014 0.746 
<1945 & [4-5] fl. 0.119 0.660 0.175 0.037 0.009 
[1945-1970] & [4-5] fl. 0.011 0.022 0.779 0.163 0.025 
[1970-2000] & [4-5] fl. 0.010 0.055 0.069 0.793 0.075 
>2000 & [4-5] fl. 0.009 0.065 0.026 0.030 0.871 
<1945 & ≥ 6 fl. 0.043 0.058 0.802 0.084 0.013 
[1945_1970] & ≥ 6 fl. 0.013 0.020 0.245 0.685 0.038 
[1970-2000] & ≥ 6 fl. 0.010 0.026 0.096 0.606 0.261 
>2000 & ≥ 6 fl. 0.025 0.068 0.101 0.281 0.526 

 
Since IRIS cells are geo-localised throughout France, a vulnerability map of the whole country 

can be produced, based on the GVM proxy, considering [number of floors] and [construction period] 
since they are the only attributes available nation-wide for this study (Figure 3). Application of the 
proxy to the entire country assumes a Grenoble-like urbanisation countrywide. 

HISTORIC EARTHQUAKE SIMULATIONS 

The historic Lambesc earthquake, which hit south-eastern France in June 1909 is probably the 
strongest earthquake in the recent history of France. This earthquake produced macroseismic 
intensities MSK between VIII and IX in the epicentral area, 30km from Marseille, France’s second 
city in terms of population and economic activity. Its magnitude was recently re-appraised and 
estimated at around 6.0 (Baroux et al. 2003). Because of its shallow depth (less than 10km), it was felt 
more than 300km from the epicentre. 46 casualties and about 250 injured were reported after the event 
and referenced in the SisFrance database (Scotti et al., 2004). In term of losses, Lambert (1997) 
reported serious damage to buildings in different cities within the region affected. 

Using the GVM proxy calculated using SVM, the vulnerability class distribution was computed 
from INSEE data. Since the INSEE database gives the distribution of buildings present in 2008 
according to period of construction, and no information on the inventory of past --and now non-
existent-- buildings, we assume that the number of buildings per IRIS corresponds to the buildings that 
were present in each period. We thus accept a slow rate of replacement and are able to provide an 
approximate simulation of the damage produced by the 1909 Lambesc earthquake, assuming that the 
buildings present in 1915 and still existing in 2008 were those present in 1909.  
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Figure 3. Estimated distribution of vulnerability classes EMS-98 per IRIS unit in France based on the GVM 

obtained using SVM. Estimated distribution nation-wide. 

The evolution of the number of buildings for the considered region is significant, with more 
than 160,000 new constructions between 1945 and 2008. The number of buildings for each EMS98 
damage grade D0 to D5 (or damage probability) is computed by crossing the GVM proxy applied to the 
INSEE attributes and using the 1909 macroseismic intensity curves as seismic demand, as follows 
(equation 2): 

 

N , =    N    P D i, I                                   (2) 

 
Where N , is the number of buildings with damage grade Dk (k=0 to 5) for each j IRIS cell 

and intensity IEMS98. Nji the number of buildings of vulnerability class i (i = A to F) for IRIS j, and 
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P D i, I  the probability of damage grade Dk of a vulnerability class i building for a given 
macroseismic intensity EMS98.  

The estimated number of buildings in each damage grade is displayed on Figure 4. They are 
grouped into three classes according to the EMS98 scale: slight damage (D1), moderate damage 
(D2+D3) and serious damage (D4+D5). Figure 4a represent the number of buildings in each class of 
damage for the 1909 earthquake affecting dwellings built before 1915. About 170 buildings suffer 
heavy damage, while 2,600 are estimated as suffering moderate damage. 

 
a) Lambesc scenario in 1909 

 
 
b) Lambesc scenario in 2008 

 
 

 
Figure 4. Evaluation of the level of damage for the Lambesc earthquake scenario considering (a) 1909 

urbanisation and (b) 2008 urbanisation, using the GVM proxy obtained from SVM. Damage is grouped by D1 
(top-left). D2+D3 (top-right) and D4+D5 (bottom-left) according to the EMS98 damage scale. 

Table 2 compares the number of buildings damaged according to historic information (from 
SisFrance archives) and the number simulated using GVM proxies from SVM methods using the 1915 
catalogue of buildings. Slight differences exist, which may reflect especially the differences between 
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the 2008 inventory of buildings built before 1915 and the actual state of urbanisation in 1909. 
Nevertheless, we can assume that the damage obtained is appropriate in terms of damage estimation at 
the macro scale. The lack of more accurate descriptions of historic damage and information on 
urbanisation at the time prevents better comparison. 

Finally, the simulation can be continued by forecasting the impact of a future earthquake with 
the same characteristics as the 1909 Lambesc earthquake on the state of urbanisation in 2008 (Figure 
4b). In 2008, the region suffering macroseismic intensity V or higher during the 1909 earthquake had 
more than 1.10 million buildings and a population of more than five million. If the 1909 earthquake 
re-occurred in 2008, about 48,000 buildings would be affected with different levels of severity, i.e. 
approximately 5% of the total number of buildings. The small epicentral area (intensity VII and VIII) 
includes more than 14,000 damaged buildings, representing 44% of the buildings present in this area. 

All the buildings suffering heavy damage and 81% of those suffering moderate damage are 
within this area. Overall, if the same earthquake occurred again, it would cause more damage in terms 
of number of buildings for any damage type, closely linked to the urbanisation growth between 1909 
and 2008. 

As shown in Figure 4b, the probable number of heavily damaged buildings doubles, reaching 
around 400 constructions (only a few buildings are completely destroyed (D5)), and the number 
suffering moderate damage triples, with 8,000 buildings affected for the entire region. 39,000 
buildings are expected to suffer slight damage, characterised by hair-line cracks in very few walls, 
falling chimneys or small pieces of plaster, according to the EMS98 damage description. 

 
Table 2. Comparison between damage observed during the 1909 Lambesc earthquake (historic records 

SisFrance) and simulated damaged using the GVM proxy obtained by SVM methods. D1+2+3 total 
number of buildings with damage grade D1, D2 or D3. 

City or Town Observed Simulated 
(SVM) 

Lambesc            
(Repic = 5 Km) 

600 damaged 376 D1+2+3 
50 destroyed 58 D4+5 

Rognes        
(Repic = 3 Km) 250 damaged 

173D1+2+3 
14 D4+5 

Saint-Canat   
(Repic = 4 Km) 

310 damaged 152 D1+2+3 
50 heavy 
damaged 21 D4+5 

La R. d'Anthéon 
(Repic = 7 Km) 

110 heavy 
damaged 

124 D1+2+3 
2 D4+5 

Aix-en-Provence 
(Repic = 20 Km) 

1500          
damaged 

1433 D1+2+3 
18 D4+5 

CONCLUSIONS 

The aim of this paper was to validate a macro-scale methodology for seismic vulnerability 
assessment, in a situation where only a poor description of construction characteristics (with respect to 
those necessary for and ad hoc analysis) is available for a large number of buildings. In a moderate 
seismic prone region, where it is often difficult to mobilize resources for the reduction of seismic risk, 
the idea of using readily available data to expand the assessment to any given region is obviously of 
interest. Using the information available in Grenoble, we propose a vulnerability proxy (GVM proxy) 
defined using the Support Vector Machine method. This proxy create a relationship between two 
building characteristics (present in the French national census database) and their most probable 
EMS98 vulnerability class. Since INSEE data are available for the whole of the French territory, it is 
possible to apply the GVM proxy to simulate the impact of historic earthquakes on present-day 
urbanisation and/or to forecast damage levels in the impacted zone a few seconds after the occurrence 
of an earthquake. Even though the proxies were created for France-like environments, their application 
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to other European cities should be tested. Furthermore, the INSEE dataset provides information on 
residential buildings only. No commercial buildings were included in our damage estimations.  

The flexibility and adaptability of the method is one of its main advantages. If the information 
available is on the scale of a building, the estimation of vulnerability and damage can obviously be 
carried out on this same scale. This method can easily be applied anywhere provided basic information 
on the buildings is available. We show the adaptability of the method regarding the information 
available. Having more (or more detailed) independent attributes during the training phase increases 
the accuracy of the vulnerability class estimation. For example, national census information, satellite 
or airborne photographs and cadastral data are cheap sources of information available over a large 
scale. 

The technique was tested for a historic earthquake that caused damage in France. Although the 
attributes describing the buildings are very basic, the analyses provide results that confirm the 
suitability of our solution, providing reliable estimates of damage for earthquake scenarios.  

Because of the lack of elements of comparison and the shortage of details about historic 
damage, it is difficult to quantify the assessment errors that might be obtained for a given earthquake. 
However, the data mining method, which consists in defining the best relationship between attributes 
and vulnerability class during the learning phase, appears to be well suited to the large-scale 
assessment of seismic vulnerability and thus to the simulation of seismic damage. We were able to 
highlight and quantify the increasing effects of earthquakes in terms of damage, mainly due to the 
explosion of urbanisation and urban concentrations in certain areas prone to seismic hazard. It is clear 
that with a smaller information sample (attributes / vulnerability classes), a particular machine or 
proxy may be developed for any location to estimate regional damage. These elements are essential to 
enable the evaluation of economic and human losses. Once the distribution of vulnerability classes is 
known, the consequences in terms of damage can be simulated rapidly after an earthquake, providing 
an additional element to the simulation of ground motion via ShakemapTM for a seismic warning 
system. 
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