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NumberNumber ofof shallowshallow lakeslakes in in 
thethe ProvinceProvince ofof Buenos AiresBuenos Aires

••10.500 10.500 largerlarger thanthan 10 ha10 ha
••146.000 146.000 betweenbetween 0,05 0,05 andand 10 ha 10 ha 

((DangavsDangavs, 2004), 2004)



DistributionDistribution in in thethe
ProvinceProvince

Bassins from Ringuelet, 1962

ShallowShallow lakeslakes systemsystem
HinojoHinojo––Las TunasLas Tunas



Low depth determines instability, accelerated Low depth determines instability, accelerated 
biogeochemical cycles, biogeochemical cycles, polymicticpolymictic..

Flat bottom, wide littoralFlat bottom, wide littoral
No thermal or chemical stratification No thermal or chemical stratification 
Low transparencyLow transparency
Color: green, brown, clearColor: green, brown, clear
Alternate Alternate equilibriaequilibria: (clear waters =  : (clear waters =  macrophytesmacrophytes;  ;  

green = phytoplankton)green = phytoplankton)
Highly variable water permanence time and salinityHighly variable water permanence time and salinity

(mostly (mostly oligooligo-- to to mesohalinesmesohalines))
Naturally Naturally eutrophiceutrophic, very productive, very productive
Surrounded by reedSurrounded by reed
Tend to marshes or dry to salt pockets.Tend to marshes or dry to salt pockets.



••Hydrologically unstable: Hydrologically unstable: 
permanent, permanent, semipermanentsemipermanent,,
temporary, temporary, ephemerousephemerous

••Instability of water input: precipitations generate Instability of water input: precipitations generate 
variation of volume and areavariation of volume and area

••Changing shape and sizeChanging shape and size

••Both water and sediments are disturbed by winds.Both water and sediments are disturbed by winds.

••Measured chlorophyll values between 45 and Measured chlorophyll values between 45 and 
1400 mg/m3, dissolved matter values between 1400 mg/m3, dissolved matter values between 
440 and 2300 mg/l, and 500 and 2880 mg/l for 440 and 2300 mg/l, and 500 and 2880 mg/l for 
total solids.total solids.



VariabilityVariability
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Laguna Del Estado Laguna Del Estado 
JanuaryJanuary 20052005

Laguna Del Estado Laguna Del Estado 
JanuaryJanuary 20062006



El ParaEl Paraííso so 
FebruaryFebruary 20052005

El ParaEl Paraííso so 
FebruaryFebruary 20092009



Quilla Lauquen Quilla Lauquen 
FebruaryFebruary 20092009

Quilla Lauquen Quilla Lauquen 
JanuaryJanuary 20052005



La Peregrina La Peregrina 
FebruaryFebruary 2005 2005 

La Peregrina La Peregrina 
FebruaryFebruary 20092009



La Brava La Brava 
OctoberOctober 2005 2005 

La Brava La Brava 
OctoberOctober 20092009



Objectives

GainGain knowledgeknowledge ofof thethe structurestructure andand functioningfunctioning ofof
thethe natural natural andand socioeconomicsocioeconomic componentscomponents ofof thethe
shallowshallow lakeslakes

DevelopDevelop newnew observationobservation andand monitoringmonitoring toolstools

IntegrateIntegrate fieldfield data data andand remote remote sensorssensors datadata

ProposePropose managementmanagement strategiesstrategies forfor shallowshallow lakeslakes
takingtaking intointo accountaccount socioeconomicsocioeconomic, , environmentalenvironmental andand
cultural cultural aspectsaspects thatthat havehave anan impactimpact onon theirtheir dynamicsdynamics..



Study sites

DifferentDifferent shallowshallow lakeslakes werewere selectedselected basedbased onon theirtheir
hydrologicalhydrological characteristicscharacteristics, , locationlocation, , accesibilityaccesibility, , trophictrophic
structurestructure, , sitesite use, use, andand bassinbassin landland use.use.







PHYSICOPHYSICO--CHEMICAL PARAMETERS CHEMICAL PARAMETERS ((O, TEMP, SECCHI DEPTH, O, TEMP, SECCHI DEPTH, 
PH, CONDUCTIVITY, DOM, etcPH, CONDUCTIVITY, DOM, etc.).)

NUTRIENTSNUTRIENTS (TP,(TP, SEDIMENTSSEDIMENTS))

PLANKTONPLANKTON ((PHYTO PHYTO andand ZOOZOO))

MACROPHYTES MACROPHYTES ((IDENTIFICATON, DISTRIBUTIONIDENTIFICATON, DISTRIBUTION))

FISH FISH ((EmphasisEmphasis in in thisthis communitycommunity))

IN PARTICULAR CASES IN PARTICULAR CASES heavyheavy metalsmetals, , pesticidespesticides in in waterwater, , 
sedimentssediments andand organismsorganisms



FISHFISH



••DIVERSITYDIVERSITY
••% OF CAPTURES (% OF CAPTURES (IN NUMBERS AND WEIGHTIN NUMBERS AND WEIGHT))
••CPUE OF CPUE OF ““PEJERREYPEJERREY”” ((OdontesthesOdontesthes bonariensisbonariensis)
••CONDITION (CONDITION (FACTOR K, IC, LENGTH FACTOR K, IC, LENGTH –– WEIGHT, WEIGHT, 

RELATIVE WEIGHTRELATIVE WEIGHT))
••GROWTH (GROWTH (SCALESSCALES))
••SIZE DISTRIBUTION IN CAPTURESSIZE DISTRIBUTION IN CAPTURES
••GUT CONTENTSGUT CONTENTS
••AVERAGE LENGTH AND WEIGHTAVERAGE LENGTH AND WEIGHT
••GONADS ( GONADS ( % SEXES, IGS, STAGES% SEXES, IGS, STAGES))



ClassificationClassification

The values of chlorophyll-a and total solids (TS) in the samples 
and the Secchi disk depth were used to perform a classification 
of the shallow lakes from field data following their turbidity. An 
initial classification was done by defining the quantile probability 
distribution.



ClassificationClassification

Four categories were later defined from the quantile
probability distribution and the expertise acquired in the field:

•Class 1, formed by clear water shallow lakes

•Class 2, formed by shallow lakes presenting intermediate 
turbidity values

•Class 3, formed by shallow lakes exhibiting high values of 
chlorophyll

•Class 4, formed by shallow lakes exhibiting the highest values of 
chlorophyll and total solids.



ClassificationClassification

Mean, minimum, maximum, median, first and third quantil
values for chlorophyll-a, total solids (TS) and Secchi disk depth (SDD)

defined for each class.



Introduction – Behavior of Light under Water

Absortion Dispersion

Optic properties of water depend on suspended 
particles and on dissolved substances.



Introducción – Comportamiento de la Luz bajo el Agua

Absortion

Dispersion

Suspended clay paricles

Dissolved organic substances

Absortion + Dispersion Phytoplankton
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Introduction – Spectral signatures
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Introduction – Spectral signatures



Methodology

Original Images

Selection of AOI

Recovery of
image flaws

Corregistration

Tasseled Cap 
Transform

Water Masking

Individualization
of Lentic Bodies

Monitoring
Water Bodies

Spectral
Signatures

Classification with
ANN

Classes or
Concentrations

Classification with
Spectral Unmixing

Classes



Selection of AOI



Water Mask

Wetness - Tasseled Cap

Brightness - Tasseled Cap

Water Bodies



Water Masks



Recurrence Maps

100 % -
permanent water

0 %
1-25 % 
26-50 % 
51-75 % 
76-99 % 



ClassificationClassification by by SpectralSpectral UnmixingUnmixing

Each spectrum in a spectral dataset can be 
modeled as a linear combination of a finite 
number of spectrally distinct signatures (end-
members), with coefficients or fractional 
abundances between 0 and 1 and adding up to 
one.

The objective of the spectral unmixing method 
is to perform an analysis at the subpixel scale, 
focusing on determining the percentage of each 
constituent of the ground cover.



ClassificationClassification by by SpectralSpectral UnmixingUnmixing

Each constituent of ground cover materials can 
thus be defined as an end-member (its spectral 
signature), and it is clear that the election of the 
most representative end-members in the 
mixture is key to the desired result.

Each pixel in the image is a point or vector in an 
n-dimensional space, n depending on the 
number of available bands.
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ClassificationClassification by by SpectralSpectral UnmixingUnmixing



The reflectance value of each pixel is

r = M.f

where r is the reflectance in the pixel, M is a 
matrix which columns are the signatures of the 
selected end-members, and f is a vector 
representing the fraction of each end-member 
corresponding to the analyzed pixel.

If the matrix is not invertible, a pseudo-inverse 
shall be computed:

M*=(M Mt)-1Mt

which is a least squares fitted solution.

fMr .=

ClassificationClassification by by SpectralSpectral UnmixingUnmixing



A vector of percentages          
f’=M* r

can be used for reconstructing the image (pixel 
by pixel) and obtaining from it the reflectance 
values

r’=M.f.
In such a way, the error of the method can be 
estimated by the quadratic difference

e = (r’ – r)2

ClassificationClassification by by SpectralSpectral UnmixingUnmixing



3366165Total
440004
725003

20011542
200111

Total4321

Band CategoriesField Data 
Categories

ContingencyContingency tabletable

ClassificationClassification by by SpectralSpectral UnmixingUnmixing



Principal Principal componentscomponents analysisanalysis

81.550.42759- 0.79546SECCHI DEPTH 

82.720.480220.77242FILTERED SOLIDS

84.860.210890.89679FIXED SOLIDS

91.410.203240.93425TOTAL SOLIDS

85.53- 0.224520.89717CHLOROPHILL.

57.04- 0.169580.73597BAND 4

52.310.18315- 0.69970BAND 2

% reconstruction of
each variable in the

plane

Comp2Comp1Variable

ClassificationClassification by by SpectralSpectral UnmixingUnmixing



Artificial Neural Network Models

An Artificial Neural Network is an
approximation model of the “black box”
type. 

It imitates the learning process of a human 
brain.

They are adequate for complex systems
that involve non-linearities

They can handle large numbers of
variables.

They have great predictive capacity and
can ignore intrinsic noise in measurements.



Artificial Neural Network Models

Non-linear elements (neurons) forming layers.

Each neuron computes the weighted addition of its input 
values and generates an activation function which is a 
function of the inputs it has received.

A commonly used activation function is the logistic sigmoid 
function which has its range in the interval (0, 1) and is used 
to normalize the response of output nodes (neurons).

Σ

ARCHITECTURE of an ANN MODEL 



Artificial Neural Network Models

We use a “forward feed” ANN called Multilayer 
Perceptron and it is trained using a Back 
Propagation (BP) algorithm.

First the input is given and the calculations through 
the network yield the output, then the error in the 
output is computed, and finally the weights in the 
network are updated.

The ANN is fed with an input data set and the 
corresponding output.



Automatic preprocessing of satelite images using
classification of field data and spectral signatures
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LBR-02-02-05

LPE-02-02-05

DE-04-03-05

EP-04-03-05

LB-04-03-05

LB-13-03-05

SA-13-03-05

LB-22-04-05

LS-22-04-05

ECH-22-04-05

SA-22-04-05

DE-080605

EP-080605

QL-08-06-05

DE-07-05-05

EP-07-05-05

QL-07-05-05

DE-12-09-05

EP 12-09-05

LB-12-09-05

SA-13-09-05

LS-13-09-05

ECH-13-09-005

SA-15-10-05

LS-15-10-05

ECH-15-10-05

EP-14-10-05

DE-14-10-05

EP-09-12-05

DE-09-12-05

LB-26-01-06

Spectral signatures of La Barrancosa (LB), Quilla Lauquen (QL), San Antonio (SA),
La Salada (LS), El chifle (ECH), Del Estado (DE), La Brava (LBR) and El Paraíso (EP) at different dates.

Artificial Neural Network Models



Classification architecture.

Band 2 
Band 4

1 

2 

3 

4 
Input data Hidden neurons Output 

prediction/data

Construction of an ANN model for obtaining a ponderation of Bands 1 to 5
(visible and near infrared spectrum) 

of LANDSAT 5 TM and LANDSAT 7 ETM+

Artificial Neural Network Models



Clasification of shallow lakes based on their spectral signature
as a  function of their turbidity

Artificial Neural Network Models

The predicted output is 100% accurate



METODOLOGÍA

Artificial Neural Network Models

Clasification of shallow lakes based on their spectral signature
as a  function of their turbidity

Accuracy is obtained very fast



Determination of Total Solids and Chlorophyll-a

Total Solids (1/1000 mg/l) and Chlorophyll (1/1000 mg/m3) concentrations, 
when ANN runs are performed using both sets together, measured (black lines) 

and obtained from the ANN model (gray lines)

Artificial Neural Network Models



Learning and Predicting Errors for this ANN

Artificial Neural Network Models

Determination of Total Solids and Chlorophyll-a



Concentrations of Chlorophyll (1/1000 mg/m3) measured (black) 
and obtained from the ANN model (gray) 

Artificial Neural Network Models

Determination of Chlorophyll-a concentrations



Artificial Neural Network Models

Determination of Chlorophyll-a concentrations

Learning and Predicting Errors for this ANN



Concentrations of Total Solids (1/10000 mg/l) measured (black) and
obtained from the ANN model (gray) 

Artificial Neural Network Models

Determination of Total Solids concentrations



Artificial Neural Network Models

Determination of Total Solids concentrations

Learning and Predicting Errors for this ANN



Validation of results

Artificial Neural Network Models



Validation of results

Artificial Neural Network Models

Regression analysis of measured and calculated total solids and
chlorophyll-a with confidence and prediction bands



TheseThese mostlymostly eutrophiceutrophic andand hypereutrophichypereutrophic lakeslakes challengechallenge
thethe usual usual methodologiesmethodologies becausebecause ofof thethe influenceinfluence thatthat thisthis
characteristiccharacteristic has has onon thethe opticoptic propertiesproperties capturedcaptured by by thethe
satellitesatellite sensorssensors..

MostMost publishedpublished researchresearch shows shows thatthat ANN ANN methodsmethods havehave beenbeen
mostlymostly developeddeveloped forfor waterwater bodiesbodies thatthat exhibitexhibit chlorophyllchlorophyll--a a 
concentrationsconcentrations belowbelow 100 100 mgmg/m3./m3.

SpectralSpectral UnmixingUnmixing has has beenbeen widelywidely appliedapplied toto landland covercover
analysisanalysis, , butbut onlyonly recentlyrecently has has beenbeen usedused forfor waterwater bodiesbodies..

SpectralSpectral UnmixingUnmixing seemsseems anan adequateadequate tooltool forfor classifyingclassifying
thisthis typetype ofof shallowshallow lakeslakes..



OurOur ANN ANN modelsmodels havehave provenproven toto be be veryvery adequateadequate forfor thethe
classicationclassication ofof shallowshallow lakeslakes followingfollowing theirtheir turbidityturbidity, , yieldingyielding
accurateaccurate output output relativerelative toto thethe quantilequantile probabilityprobability distributiondistribution
obtainedobtained fromfrom fieldfield data. data. 

ThisThis methodologymethodology can be can be confidentlyconfidently usedused forfor classifyingclassifying otherother
shallowshallow lakeslakes ofof thethe regionregion..

ANN ANN modelsmodels herehere developeddeveloped seemseem capablecapable ofof dealingdealing withwith thethe
mentionedmentioned widewide rangerange ofof concentrationsconcentrations withwith lowlow error error andand goodgood
confidenceconfidence valuesvalues.                              .                              



Thank you!
www.exa.unicen.edu.ar/ecosistemas/



La Peregrina

Lagunas de Puán



Laguna 
Los Chilenos



Laguna Las Flores
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Laguna de Monte

Laguna de Monte

Nutrientes

Macrófitas

Insectos

Fitoplancton

Zooplancton Vieja Sabalito Cheyrodon

Carpa

Detritos

Descomponedores

Corydora Mandufia B. Cantor Dintudo Chico Pejerrey

Pejerrey matungo

Dientudo adulto
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