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ABSTRACT: Monitoring the status of the environment at continental scale involves the
analysis of complex, multidisciplinary and large-scale phenomena. The need of
integration leads to the definition of synthetic indicators for conveying essential
information to support decision-makers. An Anomaly Indicator (AI) is here proposed to
synthetically highlight the occurrence of anomalous conditions in a set of spatial input
data. The approach exploits the strength of fuzzy sets theory in dealing with the uncertain
and imprecise knowledge of the environmental system. The methodology integrates the
anomaly scores of a set of contributing factors into an overall indicator based on the
concept of the reinforcement of evidence. The aggregation is defined as an Ordered
Weighted Averaging (OWA) operator expressed by a linguistic quantifier that can have
the semantics of a fuzzy majority. In the case study presented here, three vegetation
phenology parameters, derived from 10-day NOAA-AVHRR GAC NDVI time series
data, and rainfall distribution derived from 10-day Rainfall Estimates (RFE) of the
Famine Early Warning System (FEWS), are used to assess the status of African
ecosystems for the period 1996–2002. The AI continental maps highlight interesting
patterns especially when correlated to the El-Niño Southern Oscillation (ENSO) events.
The 1997–98 ENSO event is clearly represented by the highest AI values in specific
regions in agreement with the literature. The indicator proposed showed to be a valuable
tool to guide in local investigation on environmental conditions.

1 INTRODUCTION

Global change issueposes theneedsofproviding reliable informationon the interactionand
impactofclimateanomaliesandhumaninduced land-usechangesonterrestrial ecosystems.
Operational monitoring of environmental conditions over large areas, from regional to
continental scales, is not a simple task because it relies on the analysis of complex,
multi-disciplinary and large-scale phenomena (Pykh et al. 2000). The choice of the most
suited approach to analyze these systems is a trade off between the type of information that
are to be provided, the end users requirements and the constraints given by data and
implementation tool availability. The quantification of the ecosystems status at global and
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continental scale can be formalized by complex models that, due to the interdisciplinary
character of the dynamics involved, require a large set of data which are difficult to collect
continuously on the long term.Environmental indicators can overcome these limitations by
providing a synthetic picture of the phenomena under analysis. An environmental indicator
is a mean devised to reduce a large quantity of data to its simplest form, retaining essential
meaning of the questions that are being asked for the data, and supplying simplified
information about complex systems, or not easymeasurable criteria (Ott 1978).Moreover,
Earth Observation (EO) systems partially solve the issue related to the availability of
datasets over large areas. Long-termEOdata canbe exploited formonitoring thevegetation
compound thus retrieving useful information on the status of the environment. Yet the data
made available by satellite imagery have to be interpreted and integrated in order to
synthetically describe the conditions of the environment. This paper shows the results of
the study conducted in the framework of the Observatory for Land cover and Forest
change (OLF) of the GeoLand Project (EU 6th Framework Program) aiming at developing
indicators, based on EO data, for environmental status assessment at continental scale.
The methodology developed is based on approximate reasoning techniques (Yager

1988) to integrate different sources of data (e.g. vegetation conditions and phenology,
meteorological value records, etc.) in order to provide a synthetic picture of the
environmental status. We present the general approach for the development of the fuzzy
Anomaly Indicator and the application of the method for a multi-year monitoring over
Africa. Results show that the method highlights interesting patterns of anomalous
conditions correlated to El-Niño Southern Oscillation (ENSO) events.

2 MATERIAL AND METHODS

2.1 The Anomaly Indicator: a conceptual model

TheAnomaly Indicator (AI) here proposed is based on the basic idea that the convergence
of more partial hints of anomaly reinforces the evidence of occurrence of possible
changes with respect to the normal status or behavior (Brivio et al. 2007). The AI
computation at continental scale is based on a multi-criteria approach able to integrate
partial evidence (partial hints) of anomaly identified inmulti-source spatial data (both EO
and non EO data). Fuzzy sets theory was used for both the quantification of the partial
evidence and their integration because it well copes with the uncertain and imprecise
knowledge of the reality (Robinson 2003).
TheAnomaly Indicator is then computed through the soft fusion of a set of contributing

factors scores, eventually weighted based on their relative importance values:

AI ¼ Fðp1; . . . ; pk; I1; . . . ; IkÞ ð1Þ
where

– AI is the anomaly indicator realised with the concept of reinforcement of evidence;
– F is the operator that realises the multi-criteria integration of the contribution of each
factor;
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– pi is the score of a contributing factor (i.e. a variable/parameter which is relevant for the
computation of the synthetic indicator)

– Ij 2[0,1] is the importance associated to the i-th contributing factor, so that the k
importance values not necessarily sum up to one

The different steps involved in the computation of the AI are schematized in
Figure 1 and described in this section and in the following ones.
Each contributing factorfi provides partial evidence of anomaly defined as the

difference (D(fi)) between each available factor value and the corresponding Long-Term
Average (LTA) value of the same factor. In the application we present here, they concern
both vegetation phenology and rainfall distribution.
Time series of EO data were used to compute LTA from the available historical

datasets. As far as rainfall, 10-day 8 km Rainfall Estimates (RFE version 2.0) of the
FamineEarlyWarningSystemNetwork (FEWS-NET)were available since 1995 over the
African continent (http://www.fews.net/). These estimates have been used to derive the
LTA of the contributing factor related to water availability (frain) as 30-day cumulated
rainfall for each dekad of the period 1996 to 2002.
For vegetation phenology, we used 10-day Normalized Difference Vegetation Index

(NDVI) obtained via a Maximum Value Composite (MVC) at a spatial resolution of the
8 kmNOAA-AVHRRPALPathfinder data, coveringmore than twenty years (1981–2002)
for the entire African continent. Three contributing factors related to the vegetation
phenology were derived from the analysis of the NDVI temporal profiles as follows:

– fstart: start of apparent growing season (greenness) calculated as the inflexion point of
the portion of the NDVI temporal profile that shows an increasing trend from the
minimum value (Zhang et al. 2003).

– fpeak: peak of the growing season, i.e. the maximum NDVI value observed during the
season.

– flength: duration of the growing season, i.e. the time difference between the end and the
start of the growing season. The end of the growing season is identified as the time,
occurring after the season’s peak, when NDVI value reaches a threshold established as
a fraction of the difference between the minimum and the maximum values.

Figure 1. AI computation flow methodological steps.
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2.2 Membership function and factor score computation

Although the concept of anomaly is intuitive, the critical issue is the identification of a
range of acceptable values that can be considered not anomalous. A crisp numerical
threshold is seldom known. Therefore the contribution of each factor fi to the AI, i.e. the
score of factor fi, is described by a fuzzy membership function:

mðf iÞ : Dðf iÞ!½0; 1� ð2Þ
The specification of grades of membership, i.e. factor scores, is one of the key problems
when applying fuzzy sets to spatial data. In continental applications, where available
knowledge of factor contribution is still lacking, in order to avoid the subjectivity
of setting a completely a priori definition of each contributing factor score, we follow
a totally data driven approach (Robinson 2003). Histograms were extracted for
homogeneous areas based on the Global Land Cover 2000 (GLC2000) map for Africa
(Mayaux et al. 2004); each land cover is assumed as an area where the factors have, on
average, the same behavior. Over these homogeneous areas the factor’s variability is
assumed to be solely due to changes in the status of the environment and not to be related
to the spatial variability of the ecosystem characteristics. The 1 kmGLC2000 land cover
map was re-sampled to 8 km spatial resolution using a majority filter. The membership
function is defined for each homogeneous area and for each dekad of the year as the
complement to 1 of the Gaussian function ofD(fi). The fitting accuracy, which varies with
both the land cover class and the factor, was quantified using the Root Mean Squared
Error (RMSE). Themembership function computes the scores of the related contributing
factor values; scores are actually computed for each 10-day period of each year and then
averaged over the month.
Figure 2 shows an example of the histograms and interpolation functions derived for

the factor fstart in a specific dekad for two GLC2000 land cover classes. Grassland/
savannah class (GLC-13) is generally characterized by a more homogeneous start of
greenness, in comparison to evergreen forest (GLC-1). From this analysiswe can suppose
that small changes in the date of the start of greenness are more anomalous for grassland/
savannah than for evergreen forest (Figure 2).

2.3 Multi-criteria aggregation

The integration of the monthly average scores of the contributing factors was performed
by an operator that aggregates the fuzzy factor scores into a synthetic value. Aggregation
operations on fuzzy sets combine several fuzzy sets in a desirable manner to produce a
single fuzzy set (Klir &Yuan 1995).Within this formal framework theOrderedWeigthed
Averaging (OWA) operators were introduced thus offering a flexible and comprehensive
way to define a complete family of integration operators reflecting different attitudes in
combining a set of contributing factors (Yager 1988). AnOWAoperator of dimension n is
a function F: Rn ! R, that has associated a vector of weightsW = (w1, . . . ,wn), so that wi

2 [0,1] and
Pn

i¼1 wi ¼ 1, and is defined as aweighted aggregation of a ranked list of input
values (p1, . . . , pn) reordered from the greatest to the smallest one. By changing the
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weighting vectorW the aggregation operator changes as well, i.e. the purpose of weights
is to allow distinguishing the different OWA operators’ semantics. Particular cases of
OWAare the OR andAND connectives, as well as the traditional arithmeticmean, so that
exact approaches are limiting cases of fuzzy approaches.
Furthermore, the calculation of the weighting vector can also take into account the

importance Ii attributed to each factor, that shouldn’t be confused with the weights wi of
an OWA operator. In this application the RMSE of the different contributing factors
was exploited to evaluate the importance values to be applied in the integration. In
fact, in absence of expert knowledge on the relative importance of the factors,we assigned
an importance based on the accuracy of the interpolation of the histograms; the factor that
is characterized by the least accurate interpolation is assigned a lower importance in order
to reduce its influence on the AI computation. This step was deemed necessary to avoid
high anomaly scores, caused by interpolation inaccuracy, to erroneously influence
the final AI. The RMSE values computed for the factor frain, fstart, fpeak flenght are
respectively, 0.14, 0.07, 0.04 and 0.05 corresponding to a relative importance of 11%,
22%, 37%, and 30%.

3 RESULTS AND DISCUSSION

By following the above described methodology, monthly maps of the Anomaly Indicator
for the African continent were produced for the period 1996 to 2002. Figure 3 shows the
AImaps relative to March, June, September and December 1998. The oceans, the inland
water basins and deserts have been masked out and therefore appear as white regions.
Green areas indicate regions with low anomaly values, where environmental conditions
are not far from their reference state. The orange and red areas highlight the most
anomalous regions where changes are likely occurring.
The AImaps show that green areas are predominant although some anomalous pattern

can be clearly observed. In particular our results show high anomalies in 1998 in the

Figure 2. Frequency distribution of the start of greenness D for two GLC2000 classes (a): grey

curve represents the behaviour of evergreen forest (GLC-1) while the black curve corresponds to

the grassland/savannah (GLC-13). Panel b shows the distribution of the classes GLC-1 (grey) and

GLC-13 (black).
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Eastern Africa regions, in sub-Saharan zone and in the Southern Africa. The anomaly in
the Horn of Africa is in agreement with the occurrence of a strong El Niño event (Kogan
2000). Teleconnections between ENSO events and the inter-annual variability of tropical
regions have been widely studied to show a vegetation response in relation to these
climatic anomalies (Kogan 2000, Anyamba et al. 2002).
In order to study the ability of AI in describing ENSO effects, mean AI values were

computed over three different regions of interest (ROIs) of 500 pixel located in the
Eastern, Western and Southern Africa (Figure 4) and correlated to the Niño 3.4 index
for the period January 1997 to December 1999. Niño 3.4 is an index, developed to
characterize ENSO intensity (NOAA 1999), that is based on the departure of the mean
Sea Surface Temperature (SST) over a region in the Pacific Ocean (5S-5N; 170W-120W)
from the SST LTA. The AI profiles of ROIs 1 (Ethiopia) and 2 (Senegal) show a delayed
trendwith respect to the 1997–98ElNiño event but no anomalies has been detected by the
AI in southern Africa (Zimbabwe). For the first two ROIs AI resulted highly correlated
with Niño 3.4 index (R2 > 0.7), when a 6 months delay is taken into account between the
two profiles. No correlation was shown for South Africa because it is difficult to
consistently indicate a direct effect between ENSO events and vegetation condition
(Thomson et al. 2003). During El Niño years, Southern Africa generally suffers from
severe drought during the main growing season (Zinyowera & Unganai 1993) with
vegetation stress occurring in February–March. However, the results published byKogan

Figure 4. The location of the areas of analysis over the continent (a); the Niño 3.4 index and the

mean AI for the ROIs for the period January 1997 to December 1999 (b) and a table summarizing

the country, their land cover (GLC2000) and the coefficient of determination R2 (c).

Figure 3. Maps of Anomaly Indicator (AI) showing intra-annual variation for four month during

the year 1998. Anomalous areas are characterised by orange-red colours.
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(1998) show a vegetation stress pattern similar to our results. The same author states that
the 1997–98 event was not as intense as the 1986–87 and 1991–92 ones and it was
characterized by an unexpected distribution of rainfall deficit.

4 CONCLUSION

We propose an innovative approach to derive an anomaly indicator for environmental
status assessment at continental scale. The methodology is based on the integration of
a set of contributing factors; their partial anomalies are derived from fuzzy score
functions extracted from the analysis of the historical dataset. The proposed approach is
suited for global/continental analyses where well established models lack and it was
applied to derive an anomaly indicator over the African continent for the period 1996–
2002. Since the AI was designed to highlight anomalous conditions in a multi-year
analysis, we inspected the correlation between its variability and the occurrence of ENSO
events in order to evaluate the indicator performance. Indeed, our results show higher
anomalous values for Eastern Africa during the 1997–98 ENSO event. Results were
confirmed by the analysis of correlation that highlighted a highR2 in the twoROIs located
in Eastern Africa and Western Africa when a time lag between the phenomena is taken
into account.
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