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Abstract – The aim of this paper is to present the
preliminary results obtained through a composite data
processing system using Multiple Correspondence
Analysis in order to perform data fusion and deduce rules
of spatial organisation. After having described a case
study on the cartography of Ambrosia artemisiifolia
(common ragweed), currently investigated on the Urban
Community of Montreal (Canada) territory, the authors
will present an overview of the methods implemented for
the digitalisation and interpolation of data and discuss on
methodological problems raised in the curse of the study.
Finally, avenues for future research will conclude this
paper.
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1 Introduction

Since 1997, Montreal’s Public Health Authority
(Direction de la santé publique – Montréal-Centre) is
conducting an experiment on the factors governing
location of Ambrosia artemisiifolia (common ragweed)
and is developing cartographic means in order to
effectively plan and manage eradication campaigns. In
order to produce a spatial location model, a very
heterogeneous data set was gathered in a composite data
processing system (fig. 1).

Early in the process appeared problems related to the
heterogeneous nature of the data. Part of the data came
from Canada’s Population Census, some came from
Experts’ Knowledge and had no precise spatial co-
ordinates, some were measured with remote sensing
instruments and finally others were derived from Land-
Use Maps. But the problem was not only regarding data
structure, it was also a geographical scale problem. Since
the data was represented at different geographical scales
(pixel, census tract, Land-Use polygon, mental maps) a
common representation had to be found.

Figure 1 : Overview of the data processing system
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This paper discuss in detail the methods implemented to
solve the problem raised by such heterogeneous structure
and spatial richness. Section 1 introduces Multiple
Correspondence Analysis (MCA), Urban Quality of Life
Assessment and the problematic of data fusion in
geographical information systems, section 2 describes the
study area and the data set, section 3 gives a mathematical
glimpse of MCA, section 4 shows the results and section
5 comments on the results and gives some avenues for
future research.

Background

Multiple Correspondence Analysis

Among the general methods based on Singular Value
Decomposition, Multiple Correspondence Analysis
(MCA) is one of the least used in the engineering
literature.
Correspondence Analysis (CA) is not new. Its roots reach
far back as the late 30’s/early 40’s with the works of
Hirschfeld, Eckart and Young, Fischer and Guttman, as
reported by Benzécri in [1]. CA was given a strong
theoretical basis by the French multidisciplinary teams led
by Benzécri from the early 60’s to early 80’s. While CA is
devoted to the analysis of homogeneous data assembled
into contingency tables, MCA has the great advantage of
being able to analyse the structure of heterogeneous data
sets assembled into disjunctive complete tables [2]. MCA
is simply a Correspondence Analysis on a disjunctive
complete table. These tables rely on the decomposition of
the raw data sets into binary variables. For instance,
instead of saying that this person has blue eyes, one can
say that this person has (0,0,0,1) eyes where the first
position of the array is dark, second is brown, third is
green and the fourth is blue. In the same manner,
quantitative data can be transformed into such arrays
following appropriate codification based on statistical
moments, shape of cumulative histograms, expert
knowledge or combinations of these methods.

Urban quality of life

Defining the concept of urban quality of life is very
difficult since authors in research areas such as
environmental psychology, social psychology, health
sciences, sociology, anthropology and social geography
give many interpretations [3] [4]. For example one can
define quality of life as the joy or satisfaction that life and
environment give to a person. The characterization of this
environment holds a primordial place in the evaluation of
the quality of life and corresponds to four distinct
dimensions: (1) the quality of the physical environment
(land-use, vegetation, air, water, odor and noise
pollution), (2) the quality of housing and habitat (habitat
types, urban density, size, comfort and standing of
housing), (3) the quality and access to collective
equipment (recreation and sports equipment, public
transportation, neighbourhood stores) and finally (4) the
quality of the social environment (criminality and
security, revenues, level of education) [5] [6].
Two types of indicators, often complementary, can be
used in order to measure the urban quality of life. On the
one hand, objective indicators are usually derived from

the national census and less often from land-use maps or
remote sensing images. On the other hand, subjective
indicators are obtained through surveys or interviews to
translate the population’s perceptions and feelings about
its neighborhood [7] [8] [9].
Census data are extensively used in the literature in order
to describe the social environment (demographic, socio-
economic and education variables), the habitat and the
level of equipment are studied at different geographical
scales ranging from the city block to the census division
(census tract in the USA, boroughs and wards in England
and "îlots" in France) or the historical quarter.

2 Study Area and Data

2.1 A Heterogeneous Data Set

A case study on a portion of the territory of the Montreal
Urban Community (figure 2) enables the use of an
extensive set of variables and indicators and more
important facilitates the verifications of intermediate
results since this study area is situated in the close
neighborhood of research centers the authors are affiliated
to.

Figure 2 : Study area

The dataset used in this paper is derived from three main
sources:
a) The Canadian National Census for 1996. Three types
of variables were selected from this source. (1) Life cycle
and demographic variables: total population (count),
density (population/sq.km), families of now-married
couples (count), families of common-law couples (count),
lone-parent families (count), lone-parent families (female
parent) (count), (2) Socio-economic variables:
participation rate (%), unemployment rate (%), average
employment income ($), census family income of all
families ($), average income of lone-parent families ($),
education less than grade 13 years (count), without
secondary school (count), graduation certificate (count),
other non-university education only (count), university
with certificate or diploma (count), with bachelor's degree
or higher (count), (3) Housing variables:  period of
construction before 1946 (count), period of construction
1946-1960 (count), period of construction (count), period
of construction 1961-1970 (count), period of construction
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1971-1980 (count), period of construction 1981-1990
(count), period of construction 1991-1996 (count), single-
detached house (count), semi-detached house (count),
row house (count), apartment (count), detached duplex
(count), apartment building (count), five or more storeys
(count), apartment building (count), less than five storeys
(count), other single attached house (count), average
gross rent ($), average value of dwelling ($).
b) Land-use map from the Urban Community of Montreal
(1996). On the 19 land-use classes found on this map for
the entire territory covered by the Urban Community of
Montreal, only 8 were represented in the area
investigated: medium density housing, high density
housing, retail stores, shopping malls, office buildings,
light industry, collective equipment, public utility
services and urban parks.
c) Panchromatic ortho-images (1996). The image used
was taken in early spring and the vegetation cover is low.
Scale is 1:40,000, pixel size is approximately 1.5 meters.

2.2 Low level fusion

This part describes the low level methods implemented in
order to combine our highly heterogeneous data. Figure 3
shows the data processing flow of the method
implemented. Three important steps of feature extraction,
interpolation and disjunctive codification are needed
before applying MCA to our dataset.
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Census tracts Land-use Ortho-image (1:40,000)

Objects from
the real world

DATA FUSION

INTERPRETATION

Multiple Correspondence
Analysis
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Figure 3 : Data processing flow chart

2.2.1 Multivalued mappings and segmenta-
tion

The first step (fig. 3) of our study was to produce a
multivalued mapping of the areas that share
characteristics with lands infested with Ambrosia
artemisiifolia. Those characteristics and their inter-
relationships are not very well known by the investigators
and are in all cases very complex to analyse. In fact, there
is no accepted model of the spatial location for this plant
and one of the goals of this study is to give such a model

to the scientific community. Among the very few things
sure about the spatial behaviour of Ambrosia
artemisiifolia populations is that they prefer disturbed,
compacted or polluted soils where no other plant will
enter in competition. In a first attempt to monitor these
populations with remote sensing means lets us define a
first class of land use where Ambrosia artemisiifolia
might be found. It is the class of bright objects that can be
found in panchromatic remotely sensed images. These
bright objects are mainly composed of concrete surfaces
gravel covered spaces and apparent ground along paths
crossing green spaces. Multivalued mappings of images
are obtained, in our study, through the definition of
triangular fuzzy numbers giving high membership grades
to pixels with high intensity values and low membership
grades to pixels with low intensity values
Usually the results of such mappings are very noisy and
some filtering is often needed. In order to respect as much
as possible the geometrical properties of the objects, the
result of the mapping is filtered using alternating
sequential filters by reconstruction [12].
The most important step of our study was to reduce the
size of the image dataset through an appropriate
segmentation method. This data reduction is necessary for
ease of subsequent computation but also in order to be
able to make a sound interpretation of the data fusion
results at the object level. In fact, instead of reasoning at
the pixel level the authors preferred to approach the
problem via the computation of the bright object’s
influence zones and further using these bright objects as
markers for the segmentation of the objects contained in
the influence zones. This method of segmentation, based
on the Beucher Automatic Segmentation Paradigm
(BASP) is described in depth by [10].
The 42 objects delimited through image segmentation will
serve as the geographical reference for the rest of the
study. In our sense, this is a more precise scheme than the
one consisting in using the census tracts boundaries as a
reference since the later do not reflect the real world
physical properties but are only an administrative
delineation. The next section will shortly explain by
which manner the census tracts and the land-use data are
interpolated to the newly obtained spatial structure.

2.2.2 Data aggregation

The chosen mean of data aggregation is very simple. It is
based on a weighted linear combination of census tracts
and the land-use map attributes overlapping the
segmented objects (targets) in the panchromatic image.
Three cases are possible in theory:

a) Inclusion of the segmented object in the census tracts
limits or particular land-use polygon.
b) Overlap of the segmented object with the census tracts
limits or particular land-use polygon.
c) Inclusion of the census tracts limits or particular land-
use polygon in the segmented object.

In case a) the ratio of the surfaces will serve as a weight
for the attribution of statistics to the target object. For
example, if object x covers 1/3 of census tract k, then 1/3
of the values of all variables attached to census tract k



will be attributed to object x. In case b), if object x covers
1/3 of census tract k and 4/5 of census tract m, then 1/3 of
the values of all variables attached to census tract k plus
4/5 of the values of all variables attached to census tract
m will be attributed to target object x. Finally in case c)
the entire value of all variables attached to census tract k
will be attributed to target object x.
This approach is strait forward, but one has to be very
careful not to provoke forbidden aggregations such as
those involving percentages (% of married couples, % of
dwellings built before 1946, etc.) or averages (average
income, average value of dwelling, etc.). In these cases it
is necessary to estimate the raw values used to compute
the percentages or averages (based on population counts
in overlapping regions).

2.2.3 Codification of data (data structure
fusion)

In order to perform a MCA on the interpolated dataset it
is necessary to codify the later in a disjunctive complete
table. Although it is possible to compute an automatic
partition of the cumulative histograms based on equal
intervals, equal counts, means, variance, geometric
progression, etc. It appeared that the most satisfying
approach consisted in visually partitioning the histograms.
This approach seems to better respects natural breaks in
data as well as the repartition of data inside the chosen
classes. Generally, the data is structured into a condensed
table organised with a column for each variable and a row
for each object (table 1). At the intersection of a row and
a column is the ordinal class attribute attached to an
object.

Table 1 Condensed table

Variable 1 Variable 2
Object 1        3        2
Object 2        1        2

Table 2 Example of a disjunctive complete table
(based on table 1)

Variable 1 Variable 2
Modality 1 2 3 1 2 3
Object 1 0 0 1 0 1 0
Object 2 1 0 0 0 1 0

Once the condensed table is obtained (Table 1), the data is
reorganised into a disjunctive complete table that will
serve as the input for MCA (Tab. 2). A total of 141 binary
modalities were generated over the complete dataset
consisting of 38 variables divided into 30 census tract
variables and 8 land-use classes.

 3 Multiple Correspondence Analysis
(high level fusion)
 
 Once the original dataset has been coded using the
proposed low level fusion procedure, MCA allows to
simplify furthermore the information contained in the

disjunctive complete table and to create a new set of
orthogonal variables called principal components.
 For more convenience the reader will find a ready-to-use
MCA code implemented in Matlab Programming
Language in the following section (Boxes 3.1-3.3) instead
of the complete mathematical description that can be
found in many textbooks such as [2]. Since there are no
loops or conditional statements this code is easy to
understand and resembles traditional pseudo-codes.
 The reader should also be aware that objects correspond
to the row dimension and variables as well as their
modalities correspond to the column dimension in all
calculations.
 Four steps are necessary to interpret the results of a MCA
and also to name the new variables: (1) selection of
relevant factorial axes, (2) analysis of the contributions,
(3) analysis of the squared cosines, (4) analysis of the
factorial co-ordinates.
 
3.1 Analysis of relative frequencies
 
 The particularity of MCA and CA in general, lies in the
transformation of the input contingency table (or
condensed table in our case) into two conditional
frequency matrix (one for objects and one for variables)
as shown in Box 3.1.

Box 3.1 Analysis of relative frequencies

relative_frequency = contingency_table / (number_objects *
number_variables) ;

horizontal_margins  = sum(relative_frequency,2) ;

vertical_margins = sum(relative_frequency,1) ;

conditional_frequency_objects = relative_frequency ./ repmat
(horizontal_margins,1, number_variables*number_classes) ;

conditional_frequency_variables = relative_frequency ./ repmat
(vertical_margins, number_objects,1) ;

% where % denotes a comment
% ( ,1) designates the row dimension
% ( ,2) designates the column dimension
% repmat is a replicate and tile array function
% ./ is a right array divide

These conditional frequencies can be seen as conditional
probabilities estimating the chances of a row element
being simultaneously encountered with a column element
and vice versa.

3.2 Principal Component Analysis

Principal components are new orthogonal variables
extracted from the inertia matrix computed using the
weighted conditional frequency matrix as shown in Box
3.2.
Principal components can thus be seen as abstract
versions of the complete dataset and thus are a data fusion
tool. This new presentation of the data is truly helpful not
only for data compression but for interpretation, in the
sense that this presentation of the information unfold the
hidden structure of the dataset.



Box 3.2 Principal Component Analysis

% Inertia Matrix calculations

centroid_individuals = sqrt  (vertical_margins) ;
c_i = repmat(centroid_individuals, number_objects,1) ;

weighted_cloud = conditional_frequency_objects ./ c_i;
centered_cloud = ind_pond - c_i;

weight_objects = diag (horizontal_margins) ;

weight_variables = diag (vertical_margins) ;

inertia_matrix = centered_cloud' * weight_objects * centered_cloud;

% Eigenvalues and Eigenvectors of Inertia Matrix

[eigenvec, eigenval] = eig (inertia_matrix) ;
eigenval = sum (eigenval) ;
[dummy,indexes] = sort(eigenval) ;
indexes = indexes (number_variables * number_classes: -1:1) ;
ordered_eigenval = eigenval (:,indexes) ;
ordered_eigenvec = eigenvec (:,indexes) ;

% where sqrt(.) is the square root of (.)
% diag(.) is the diagonal matrix of (.)
% ' is the transposed matrix

3.3 Factorial co-ordinates and ancillary
statistics for interpretation

Factorial co-ordinates for the objects and for the
modalities are calculated as seen in Box 3.3 (where they
are named principal_component_objects and principal_component_-
variables) and are give the most helpful results for data
representation and interpretation. The usual simultaneous
representation of the elements consists in the
superposition and joint analysis of the two dual analysis
performed on rows and columns of the inertia matrix.
Contribution to inertia Crα(.) tells in which proportion
each element (objects i, modalities j or variables q)
contributes to the inertia of a certain factorial axis . The
sum of the contributions is always equal to 1. The
mathematical formulation for a n by p disjunctive
complete table is given by [2]:

α
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iji zz

1
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where the eigenvalue λα  gives the inertia explained by
the α axis, the zi.’s are the row margins of the disjunctive
complete table and ψ2αi is the squared factorial co-
ordinate of the object i on the axis α. Each row margin is
also equal to the number of variables q.
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where the z.j’s are the column margins of the disjunctive
complete table. Each column margin is also equal to the
number of objects i and ϕ2αj is the squared factorial co-
ordinate of the modality j on the axis α.
The contribution of a variable q to the inertia of the α axis
is equal to the sum of the contributions of its modalities :

∑
∈

=
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The squared cosine gives the proximity between each
element and a certain factorial axis α, it is the cosine of
the angle between a factorial axis and elements i or j with
respect to the gravity center G of system. The squared
cosines estimates the quality of the representation of a
factorial element (object, modality or variable) by a given
factorial axis. The squared cosine is used to explain the
specificity of each object i or modality j. Its mathematical
formulation is given by :
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Usually, the first step of interpretation in MCA consists in
finding the elements with the highest contribution values,
search for clusters of data having similar contribution
values, and also search for oppositions between elements
(i.e. opposite signs on the factorial axes). The study of
contributions is essential in the interpretation of MCA
results because it helps to understand the signification of
the new variables created via factorial decomposition. The
squared cosines values tells if an element is well
represented in a given factorial sub-space and the sum of
all squared cosines for a given object, variable or
modality on all factorial axes is equal to 1.

Box 3.3 Factorial co-ordinates and ancillary statistics
for interpretation

principal_component_objects = centered_cloud * ordered_eigenvec ;

principal_component_variables = conditional_frequency_variables '*
principal_component_objects ./ repmat(sqrt(ordered_eigenval),
number_variables * number_classes,1) ;

% Ancillary statistics for interpretation
     % 1. Contribution to inertia

contributions_objects = weight_objects *
principal_component_objects^2  ./ repmat(ordered_eigenval,
number_objects,1) ;

contributions_variables = weight_variables *
principal_component_variables^2 ./ repmat(ordered_eigenval,
number_variables * number_classes,1) ;

     % 2. Squared cosine

squared_cosines_objects = principal_component_objects^2 ./ repmat
(sum(principal_component_objects^2,2),1, number_variables *
number_classes) ;

squared_cosines _variables = principal_component_variables ^2 ./
repmat (sum(principal_component_variables ^2,2),1, number_variables
* number_classes) ;

% where  (.)^2 denotes the square of (.)

4 Results

The aim of this study is to define a methodology for the
fusion of heterogeneous data using Multiple Corres-
pondence Analysis. Since the study area was very small,
our results must be interpreted with caution. The results
showed that the first four factors explained 52,3 % of the



total inertia and that these were sufficient to characterise
the observed system. The analysis of the contributions
showed that land-use modalities have very small
contributions to all factorial axes. This was a truly
surprising finding since we had the opinion that the land-
use map was very useful, on the contrary it seems that the
census data is a lot richer for such analyses.
High contributions on the first four factorial axes are
given by modalities typical of housing and socio-
economic variables, especially education and income
variables. To summarise, the analysis of the contributions
and factorials co-ordinates allows to qualify the four axes.
The first axis opposes a high density housing (high
proportion of five or more floors, construction between
1971 and 1980, low average gross rent, etc.) and low
density housing. The second axis opposes low education
levels and low income to high education levels and high
income. The third and four axes are more difficult to
qualify. But the cycle of life variables are in opposition in
those axes.
In figure 4 (b) and (c) the objects form 4 distinct clusters
of data having particular properties. The usual way used to
qualify these clusters is to superpose the modalities on the
same factorial projection (objects and modalities were
separated in figure 4 for the ease of visibility) and analyze
the proximity of the objects and modalities.
Figure 4 (f) shows some of the very evident behaviours
that were clarified by MCA for modalities.

5. Discussion and Conclusions
 
The simple application described in this paper showed the
potential of MCA for data fusion, but also pointed out
some practical pitfalls of the method. The most interesting
asset of MCA lies in its capacity to fuse quantitative and
qualitative data through the binary codification of raw
data. If we compare MCA and Principal Component
Analysis (PCA), an advantage of MCA is that it can study
the nonlinear relations between quantitative variables by
transforming these into qualitative data. In this study, the
addressed problem was to fuse and analyse a very
heterogeneous dataset at different scales: the census tracts
level, the land-use map level and ortho-images level to
generate an objective urban quality of life indicator. The
first step (fig. 3) of our study was to produce a
multivalued mapping of the areas that share
characteristics with lands infested with Ambrosia
artemisiifolia. Those characteristics and their inter-
relationships are not very well known by the investigators
and are in all cases very complex to analyse. In fact, there
is no accepted model of the spatial location for this plant.
It gives also very rich ancillary statistics just as PCA, that
are unfortunately often left apart in most engineering
studies. In fact, factorial analysis is often a tool for
dimensional reduction and only principal components,
eigenvalues and eigenvectors are exploited [10]. The
MCA framework shows that compression is not, and by
far, the only utility of factorial analysis.
In fact, MCA can be seen as a truly effective Data Fusion
methodology. Principal component calculation is only a
facet of MCA, it has to be preceded by effective data
codification and followed by a complete interpretation
using all useful ancillary statistics to give its full potential.

This statement would not be complete without a brief
discussion on the practical difficulties of the MCA
methodology. MCA is far from an automatic analysis
methodology. The main difficulty lies in the necessity to
compute good intervals for the disjunctive codification of
the data. Most of the time, human interpretation is more
effective than traditional automatic means of cumulative
histogram partition.
Disjunctive codification could be automated fruitfully by
means of genetic algorithms. A basic genetic algorithm
could mimic the human expert vague rules of decision
and respect simple constraints (Box 5.1).

Box 5.1 Possible constraints for Genetic Algorithm
performing Data Codification

< number of modalities not too large >
< number of modalities not too small >
< almost equal occurrence of objects represented by modalities >
< respect natural breaks in data distribution >

Moreover, it could also be possible to use parallel
algorithms such as Kohonen’s Self Organising Maps for
the extraction of principal components. One might also be
interested in implementing this methodology (MCA) for
online data processing with the help of supplementary
objects or variables [1]. It is also common in the field of
data analysis to complete the factorial analysis with
clustering on factorial co-ordinates in order to produce
aggregates for cartography, but this is not always
necessary since the raw factorial co-ordinates themselves
can produce easily readable maps.
Finally, a very promising area of research in the
integration of remote sensing data and heterogeneous
databases comprehend the use of ancillary statistics such
as quality of representation, contributions and squared
cosines as weights for intelligent queries and data
understanding. But this is another story that the authors
hope to tell soon in a forthcoming paper.
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Figure 4 : Some results of MCA. (a) shows the objects identity (from 1 to 42), in (b) is the objects’ quality of
explication through the entire factorial space, in (c) contributions to the total variance or relative inertia are plotted for
the objects, (d) is the modalities’ quality of explication through the entire factorial space,(e) contributions to the total
variance or relative inertia are plotted for the modalities and finally (f) represents the direction of variation taken by the
modalities of three variables. It is interesting to note the non-linearity of the relations between variables captured by
MCA.


