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Abstract. Coastal areas offer great recreational and economic opportunities, but require intensive resource management and 
environmental protection. Land use and land cover information provides a rapid and cost-effective means for monitoring and 
planning coastal area development. This study quantitatively describes spatiotemporal changes of land use and land cover 
over the last four decades in a coastal area of the state of Rio de Janeiro, Brazil. Historical aerial photographs from 1976 and 
satellite images from 1990 and 2012 were classified and analysed. We used supervised classification and machine learning 
techniques to classify the images. An accuracy assessment of results was performed. Land use change statistics for the period 
indicate that urban areas have increased to the detriment of dense vegetation, salines and bare soil. The analysis provides a 
basis for better control of anthropogenic impacts and geoconservation activities in this coastal area of Rio de Janeiro. 
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1 Introduction 

Coastal areas, being interaction areas between the land and the ocean, suffer from intense human activity and can 

quickly become ecologically vulnerable1. The coastline of Rio de Janeiro in the southeast of Brazil has a series 

of hypersaline lagoons, which are important on account of their geological, biological, and physicochemical 

characteristics2. This region, known as Região dos Lagos, includes a number of environmental protection zones3 

and belongs to the Costa do Sol State Park. However, the region has been suffering from disorderly occupation 

and a consequent overload of local infrastructure, which is hastening the degradation of the lake ecosystem. A 

new chance for preservation activities is being initiated with the proposal of creation of the Geopark “Costões e 

Lagunas do Rio de Janeiro”, which comprises the coastal area between the towns of Maricá and São Francisco 

de Itabapoana along the coastline of the state of Rio de Janeiro4 (see Fig. 1). The conservation planning of the 

Geopark requires an assessment of the characteristics of the area and its potential threats. 

The aim of this study is to quantitatively describe spatiotemporal changes of land use and land cover in the 

coastal lagoons area of Rio de Janeiro using the oldest and most recent high spatial resolution remote sensing 

imagery of the area, which were from 1976 and 2012. High resolution airborne and satellite remote sensing 

imagery provide a rapid and cost-effective means for the planning and management of coastal zones5. The high 

spatial resolution can resolve topographic features, such as sand dunes, small lagoons, and urban areas (streets 

and houses) that are not recorded at lower scales. Landscape changes over the last four decades and possible 

driving forces will be identified. Supervised image classification and machine learning techniques are utilized to 

analyze land use and land cover information. We explore the potential of the Adaptive Boosting (AdaBoost) 

algorithm combined with a pixel-based classification technique to classify our historical aerial photographs. We 

compare the classification results from 1976 and 2012 in order to identify the changes in land use and land cover 

in Região dos Lagos. We also classified a medium spatial resolution Landsat image from 1990 to follow the 

dynamics of change. The analysis provides a basis for better control of anthropogenic impacts and 

geoconservation activities in this coastal area of Rio de Janeiro. 

Currently there are only a few reports on land use and land cover changes in coastal areas, e.g., Wang5 

presents the effective remote sensing applications for monitoring coastal environments and assessing their 

conditions, and Huang et al.1 analyze spatiotemporal changes of land use and landscape pattern in a coastal gulf 

region in China. The Região dos Lagos is a well-studied area in terms of geology and hydrology, e.g., Braga et 

al.6 describe a characterization of the hypersaline coastal lagoon Araruama from Landsat data; Almeida and 
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Lima7 investigate the hydrogeological potential of Região dos Lagos; Moreira-Turcq8 analyses the metabolism 

of the hypersaline lagoon Araruama over the last thirty years; and Vasconcelos and McKenzie2 show the 

microbial precipitation of dolomite in the hypersaline lagoon Lagoa Vermelha. There is a need for effective 

methods of monitoring the changes in land use and land cover along lagoon margins in Região dos Lagos. Franz 

et al.9 present a geographic information systems (GIS)-based vulnerability analysis of Região dos Lagos, but do 

not use automatic classification of images, nor do they assess the accuracy of classification results; Teixeira10 

discusses landscape and biodiversity degradation of Região dos Lagos in the last years, but does not use image 

classification. This study details the use of remotely sensed image data from Região dos Lagos and its 

classification to determine the rate of change of land use and land cover over the last four decades. 

 
2 Study Area and Data 

The study area is located in Região dos Lagos, on the southern coast of the state of Rio de Janeiro (Fig. 1) , 

between about 22°49'S / 22°56'S and 42°05'W / 42°26'W. Due to the expansion of tourism and its associated 

activities, such as commerce, service industries, and civil construction, this area has been experiencing constant 

population growth since 1970. The resident population of the area is currently around 500,000 inhabitants11. The 

transient population visiting the Região dos Lagos during the summer, for vacations and for weekends, is on 

average four times greater than the resident population7. The sanitation infrastructure available has deficiencies 

in the supply of water, sewage treatment and collection, and disposal of solid waste. 

In order to analyse changes in land cover between 1976 and 2012 in the study area, the following remotely 

sensed imagery data was used: 78 aerial photographs from July 1976, Landsat-5 thematic mapper (TM) 

multispectral data from June 1990 and Geoeye-1 multispectral data from August 2012. The aerial photographs 

are monochromatic images, featuring historical data for the analysis (see example in Fig. 1). They were acquired 

by DRM-RJ through the flight FAB-DRM 1976 along July 1976 with an approximate scale of 1:20,000 and 

height of 10,000 feet (ca. 3000m). The Landsat TM image of Região dos Lagos is from June 1990 (Fig. 1). 

Landsat images contain 7 bands of data with a 30-meter pixel resolution and 185 km x 185 km scene size 

(www.landsat.org). With the false-color band combination in Fig. 1, vegetation appears in shades of red, soils in 

shades of brown, and urban areas are cyan. The GeoEye image was taken in August 2012 (Fig. 1). GeoEye-1 is a 

spaceborne multispectral sensor with a panchromatic band with 0.41 m resolution and four multispectral bands 

at 1.65 meters (blue, green, red and near infrared). The sensor has the ability to rotate in any direction and can 

acquire images up to 60 deg off nadir. Unlike sensors such as Landsat that is continually acquiring and archiving 

data, GeoEye-1 imagery is gathered on demand and the cost of acquiring imagery is high. Table 1 summarizes 

the used sensor datasets. 
 

Data product Aerial Photo Landsat-5 TM GeoEye-1 

Acquisition date July 1976 June 1990 August 2012 

No. bands 1 7 5 

Ground resolution 
(pixel) 

 

1 m 30 m 0.41 m Pan, 1.65 m MS 
 

No. of scenes 78 1 1 

Covered area (km) 15 x 45 185 x 185 ∼10 x 30 

Provider DRM-RJ/Brazil NASA/USGS DigitalGlobe/USA 

 
Table 1 Characteristics of used high resolution sensors. 
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Fig. 1 The coastal area of Geopark Costões e Lagunas do Rio de Janeiro. Região dos Lagos is the 

area of coastline that extends from Maricá to Rio das Ostras. The study area is shown in the GeoEye 

image from 2012. One example of aerial photography from 1976 and the Landsat scene from 1990 

covering the area are also shown. 
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3   Methodology 

The assessment of changes in coastal land use and land cover in Região dos Lagos requires the analysis of the 

aerial and satellite images. The 78 historical aerial photographs were georeferenced and put together in a 

photomosaic. The mosaic of aerial photographs was classified using manual and automatic classification 

methods, in order to select the best result. The satellite images were classified using traditional supervised 

classification techniques. ArcGIS applications were employed in the classification of the aerial and satellite 

images: ArcGIS for mosaicing the aerial photos12 and classifying13 the satellite images (Spatial Analyst/Image 

Classification), MATLAB for extracting textural features of the mosaic image, an open-source software package 

called MultiBoost14  for the AdaBoost classifier and IDRISI version 16.0 for classifying the mosaic image. 

 
3.1 Mosaic of Aerial Photographs 

A mosaic with the 78 aerial photographs from 1976 of Região dos Lagos was produced (Fig. 2). Due to the low 

quality result of the mosaic with the original historical photos, all photos had to be cleaned and georeferenced 

again. This was done with the help of the existing topographic map of the study area in ArcMap1012. The new 

mosaic presented “holes” in the resulting image (Fig. 3), which required the fix of image compression 

parameters (in ArcCatalog, “Define Overviews”, “Build Overviews”, “Calculate Cell Size Range”, open 

attribute table of the Footprints, check field MaxPS) and the inclusion of three missing aerial photos within the 

lagoon (see Fig. 4). 

 

 
Fig. 2 Mosaic with aerial photos from 1976, as provided by DRM-RJ. 

 

 
Fig. 3 Mosaic after cleaning and georeferencing the original aerial photos still had “holes” to be fixed. 
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Fig. 4 Final mosaic with complementary photos and fixed parameters of image compression 

 
3.2   Classification of aerial and satellite images 

The major land cover types in the study area are bushes, grass, lagoons, sand, salines (salt marshes), and built-up 

areas. Sand and dunes appear mainly along the coast and also in small inland areas. Bare soils, i.e., open areas 

with no vegetation, are mostly close to built-up areas. The extraction of salt is still the main economic activity of 

the region, but it has been losing economic importance since the 1980s, and inactive salines have been taken for 

construction of houses and buildings. Seven classes were selected to analyze the land use and land cover in the 

area: dense vegetation (bushes), sparse vegetation (grass), built-up areas (buildings and streets), water bodies, 

sand, saline (active and inactive), and bare soils. We classified the aerial and satellite images to identify these 

seven classes. 

 
3.2.1   Aerial Photographs (1976) 

The automatic classification of greyscale aerial photographs for identifying land use and land cover is a difficult 

task. The greyscale images, despite their high spatial resolution, have very low spectral resolution, as they 

consist of only one band and 8-bits pixel depth. The one-dimensional signature space of one band is insuficient 

for a pixel-per-pixel classification where wide ranges of digital values of many classes overlap each other. 

Illumination, shadows, and spectral reflectance of classified objects, together with narrow radiometric resolution, 

can result in different classes having the same values. A limited number of classes can be identified by automatic 

pixel classification methods. Manual interpretation and semiautomatic approaches are still the most commonly 

employed methods of classifying aerial photographs. Other approaches are more complex and include machine 

learning techniques, which require providing the classifier with additional information, such as textural 

features15-18, and object-oriented classification methods19.  

 
Visual Interpretation. Manual image interpretation requires great subject matter expertise and is very time 

consuming20, but it is considered to deliver results with good accuracy, as one can visually perceive the grey 

level density of dark and light pixels and distinguish darker and lighter areas in patterns.  

 
Reclassification. Reclassifying data means reassigning existing values as a function of their initial 

value, position, size, shape, or contiguity of the spatial configuration associated with each class, e.g., assigning a 

value of 1 to cells that have values of 1 to 30, 2 to cells that range from 31 to 60, and so on. Reclassification of 

one band is relatively inefficient. The reclassification of grey levels can find only a limited number of land cover 

classes and with low accuracy.  
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AdaBoost. As using only one channel with low spectral resolution is insufficient for classifying greyscale 

images, we applied a machine learning classification method based on the extraction of texture features. Our 

classifier is a variant of the discrete AdaBoost algorithm21, which uses a databank of multiscale texture features 

extracted from the image22. The method is based on iteratively combining many weak learners, e.g. decision 

stumps, into one strong classifier. This approach has the advantage of offering a large amount of intensity 

differences for each pixel and choosing the most discriminative features. The extraction of features, which is 

computationally expensive, is required only in the training phase. The number of features to be extracted 

depends on the number of boosting iterations (or “weak learners”) performed in the training phase.  
The size of the mosaic image to be classified is very large (~466 Mpixels). Due to the unbalanced 

radiometry within the mosaic, training points have to be selected in different parts of the image in order to 

sufficiently represent all target classes. Our method extracts approximately 10,000 features/pixel and generates 

an input data file of almost 150 GB in size, which in terms of computational resources and time makes it 

extremely difficult to process. This bottleneck had to be overcome. Using a certain pixel neighborhood as input 

features is not so computationally expensive and yields good classification results22. We use a 9 x 9 pixel 

window as input feature vector, thus obtaining an 81-dimensional feature space. We also reduce the size of the 

area to be classified by classifying small parts of the image separately – as six to eight photos instead of one 

whole area.  

We have selected training samples for each class, extracted features from the training data, trained the 

AdaBoost classifier, and tested it. Due to the wide spectral coverage of the existing textures of saline, the 

classification using AdaBoost resulted in a strong overestimation of the class ‘saline’. However, we apply a 

hybrid classification procedure, in which this result is merged with another solution obtained by maximum 

likelihood classifier in order to take the best of both solutions. As maximum likelihood cannot cope with the 

large amount of features previously extracted for AdaBoost, we applied the filters of WINN database23 in 

MATLAB to extract new textural features of the image. We manually selected WINN filter responses, together 

with single raw pixel intensities, as input features. The maximum likelihood classification was performed in 

IDRISI. Due to the unbalanced radiometry within the mosaic, training points have to be selected in different 

parts of the image in order to adequately represent all classes. Both classification results were manually 

combined using simple raster algebra in ArcGIS. 

 
3.2.2   Satellite Images (1990 and 2012) 

We classified our remotely sensed imaging data of 1990 and 2012 using the conventional maximum likelihood 

supervised classification technique13 to identify spectrally different regions in both images. Training samples 

were selected in each image before applying the maximum likelihood, which in ArcGIS requires mainly entering 

the name of the signature file containing training samples and of the output raster. It is important to define 

adequate training samples for all classes of land cover within the coastal area because of the variation in the 

spectral response of their components24. For example, in the selection of training samples for saline, all salt-

related land cover types have to be considered together as the class “saline”.  

 
4   Results 

4.1   Aerial Photographs (1976-July) 

Figure 5 shows the result of a manual classification of the mosaic. The main difficulty was distinguishing classes 

presented as light pixels. Sand and bare soils could not be differentiated from one another and were therefore 

classified together as class “sand”. 

Figure 6 shows the reclassified mosaic of aerial photographs. We created 10 classes in the range 0-255. 

Pixels with low values (28-110) represented mainly dense vegetation. Built-up areas, salines and sand areas 

could not be distinguished from one another. Pixels with high values signified predominantly sparse vegetation 

(174-204) and sand (above 204). 
The solution of merging AdaBoost and maximum likelihood classification results is shown for a subset of 

the mosaic with six aerial photographs in Fig. 7. As the “bare soil” class had the same spectral response as the 
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“sand” class, we excluded “bare soil” in this solution. The final result still presented some deficiencies because 

of the lack of radiometric corrections in the historical aerial photographs - even small differences of brightness 

or contrast between images of low spectral resolution can lead to numerous misclassifications. 

 

Fig. 5 Resulting image of visual interpretation of mosaic with study area in 1976. 

 

Fig. 6 Reclassified mosaic of aerial photographs from 1976. 

 

Fig. 7 Classified subset of 1976 mosaic using merged AdaBoost and maximum likelihood results. 
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4.2   Satellite Images 

4.2.1   Landsat (1990-July-27) 

The result of the maximum likelihood classifier in the Landsat image is shown in Fig. 8. Streets are well 

identified, but many buildings are not. Bare soils are difficult to distinguish from built-up areas, sparse 

vegetation and sand. Some areas around the lagoons have no vegetation and no sand, turning to flooded areas in 

the rainy season. They were classified as sparse vegetation. 

 
4.2.2   GeoEye (2012-Aug-07) 

The classification result of maximum likelihood in the GeoEye image (see Fig. 9) had a generally lower 

accuracy than in the Landsat image. Streets and gray/dark-roofed buildings were classified as built-up areas. 

Vegetation and water were, in general, well identified. Urban areas contain both built-up areas and natural 

features. Salines required the identification of active and inactive salines separately in order to reduce confusion 

with sparse vegetation and bare soils. 

 
4.3   Accuracy Assessment 

We used ENVI 5.0 software to ramdomly generate ground truth samples to assess the accuracy of land use and 

land cover in the classification results. The number of points sampled for each class was 50. We checked the 

quality of samples such that they were chosen in consistent regions. The original images from 1976, 1990, and 

2012 were used to choose location and classes of the sample points. An expert determined the classes to which 

the samples belonged. The confusion matrix of the classified mosaic with the hybrid approach, merging 

AdaBoost and maximum likelihood results, is given in Table 2.  

 

 
Fig. 8 Classified Landsat image from 1990. 
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Fig. 9 Classified GeoEye image from 2012. 

 

Table 3 shows the confusion matrix of the resulting classes of the Landsat image. The confusion matrix of 

the resulting classes of the GeoEye image is in Table 4. The hybrid method with AdaBoost and maximum 

likelihood applied to classify the 1976 mosaic has yielded low average producer and user accuracies of 68.5% 

and 71.67%, respectively. However, this method gave the lowest overall classification accuracy of 68.33%. The 

kappa value of 0.62 was also the lowest amongst the datasets, pointing out that classification on the 1976 mosaic 

is the least reliable. 

The maximum likelihood methods achieved similar classification results (overall accuracy of 71.43% and 

70.57%). The least accurate classes in Landsat and in GeoEye are bare soils, built-up areas, and sand. The kappa 

value in the three methods is above 0.6, indicating a sufficient agreement between model predictions and reality. 

 

Table 2   Error matrix for 1976 land use/land cover map developed from aerial photography, Região dos 

Lagos, Rio de Janeiro, Brazil 

Ground truth Dense veg. Sparse veg. Water Saline Sand Built-up Total 

Classified as 

Dense veg. 37  1  0  1  0  1 40 

Sparse veg.  7 32  0 11  0  2 52 

Water  3  1 49  0  0  0 53 

Saline  3 16  1 33 11 12 76 

Sand  0  0  0  4 34 15 53 

Built-up area  0  0  0  1  5 20 26 

Total 50 50 50 50 50 50 300 

Prod. acc. (%) 74 64 98 67 68 40  

User acc. (%) 92 62 92 43 64 77  

Overall classification accuracy: 68.33% 

Kappa value: 0.62 
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Table 3   Error matrix for 1990 land use/land cover map developed from Landsat, Região dos Lagos, Rio de 

Janeiro, Brazil 

Ground truth Dense veg. Sparse veg.  Bare soil Water Saline Sand Built-up Total 

Classified as 

Dense veget. 45 3 3 0 0 0 1 52 

Sparse veget. 4 38 6 0 0 0 8 56 

Bare soil 0 5 26 0 3 3 13 53 

Water 1 0 0 47 3 3 1 57 

Saline 0 1 1 0 39 39 0 45 

Sand 0 1 6 1 4 4 1 42 

Built-up area 0 2 8 2 1 1 26 45 

Total  50 50 50 50 50 50 50 350 

Prod. accur. (%) 90 76 52 67 78 58 52 

User accur. (%) 87 68 49 82 87 69 58 

Overall classification accuracy: 71.43% 

Kappa value: 0.67 

 

Dense vegetation is well classified in all three methods. For the classification of sparse vegetation in 

Landsat, a user can expect that only 68% of all pixels classified as sparse vegetation are indeed sparse vegetation 

on the ground. However, as a producer, 76% of all the sparse vegetation pixels were classified as such. User and 

producer errors in GeoEye have the same rate: 82%. In the 1976 mosaic the sparse vegetation was less accurate, 

64% and 62%, being mostly misclassified with salines. 
 

Table 4   Error matrix for 2012 land use/land cover map developed from GeoEye, Região dos Lagos, Rio de 

Janeiro, Brazil 

Ground truth Dense veg. Sparse veg. Bare soil Water Saline Sand Built-up  Total 

Classified as 

Dense veget. 45 4 0 0 0 0 0 49 

Sparse veget. 4 41 4 0 1 0 0 50 

Bare soil 0 0 27 0 6 7 15 55 

Water 1 1 0 48 3 5 1 59 

Saline 0 1 8 0 32 6 1 47 

Sand 0 0 4 1 8 25 4 42 

Built-up area 0 4 7 1 0 7 29 48 

Total 50 50 50 50 50 50 50 350 

Prod. accur.(%) 90 82 54 96 64 50 58 

User accur. (%) 92 82 49 81 68 60 60 

Overall classification accuracy: 70.57% 

Kappa value: 0.66 
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Salines are located mainly in the south and had good accuracy results in Landsat, 78% and 87%, but lower 

accuracy in the GeoEye image, 64% and 47%, due to the higher heterogeneity of the image and because some 

salines were long inactive and had become covered by sand or sparse vegetation. The 1976 mosaic featured 

difficult illumination conditions (due to sun reflections on water surface), therefore the accuracy of salines 

classification was poor, 67% and 43. 

Sandy areas consist of the coastal sand and dunes, which are mostly located along the coastline. In GeoEye, 

nearly 40% of sand pixels were wrongly classified as built-up area, bare soil, and saline. In Landsat, the sand and 

the saline classes are spectrally similar to each other and have user accuracy of 69% and 87%, respectively, and 

in the GeoEye image, 60% and 68%. The poor result is because the objects in the GeoEye image are less 

homogeneous. The hybrid method applied to the 1976 mosaic had severe difficulties in correctly identifying 

sand. This class was usually confused with salines and built-up areas, resulting in an accuracy of 68% and 64%, 

respectively. 

Bare soils and built-up areas are other major sources of low accuracy and misclassification. The spectral 

response of some building roofs is misclassified as mainly bare soil or sparse vegetation. Bare soil was 

mislabeled as saline, built-up areas, sparse vegetation, and sand. This misclassification results in low accuracies 

of user and producer errors in the Landsat (49 to 52%) and in the GeoEye image (49 to 54%). The radiometric 

properties of the aerial photographs were too poor to distinguish between bare soil and sand, therefore we 

identified both as the class “sand”. Built-up areas were usually misclassified with sand and salines, resulting in 

poor classification accuracies of 40% and 77%. 

The wind along the coast, and especially on some parts of the surface of lakes and ponds, changes the water 

texture. Waves appear very bright, due to reflection, and it is spectrally different from lake water. Therefore, a 

few water pixels in the Landsat and GeoEye images were misclassified as built-up area and sand. 

 
5   Land Use and Land Cover Change from 1976 to 2012 

As all images were taken at the same time of year, we can compare classification results for 1976, 1990, and 

2012 to identify the dynamics of change in land use and land cover in the study area. The comparisons were 

made by using GIS methods and pixel-by-pixel comparison in ArcMap. Table 5 shows the coverage percentages 

of classes in the aerial photographs (reclassification, visual interpretation, and hybrid AdaBoost methods) 

compared to the maximum likelihood supervised classification of both satellite images. Even though the hybrid 

solution with AdaBoost was not applied to the whole area, we included its result proportions in this comparison 

for obtaining mean approximative values of land use structure in 1976. The percentage of land use change over 

the studied period is also shown in Table 5.  
 

Table 5   Land use and land cover change from 1976 to 2012 in Região dos Lagos 

Land use 

Aerial photos 1976 
Landsat 

1990 
GeoEye 

2012 Magnitude of change 

Reclass. 
(%) 

Vis. Class 
(%) 

AdaB. 
(%) 

Max. Lik 
(%) 

Max. Lik 
(%) 

1976 to 1990 
(%) 

1990 to 2012 
(%) 

1976 to 2012 
(%) 

Dense veg. 23.16% 6.47% 8.19% 9.02% 5.69% -28.47% -36.92% -54.88% 

Sparse veg. 19.51% 21.11% 11.15% 19.84% 19.56% 14.95% -1.41% 13.33% 

Bare soil 3.42% - - 3.29% 4.09% -3.8% 24.31% 19.59% 

Built-up - 5.28% 8.30% 9.03% 20.63% 32.99% 128.46% 203.83% 

Saline - 8.01% 19.30% 4.68% 2.06% -65.71% -55.98% -84.91% 

Sand 8.76% 9.11% 6.30% 2.48% 5.19% -69.23% 109.27% -35.61% 

Waterbody 45.15% 50.02% 46.75% 51.66% 42.78% 9.19% -17.19% -9.58% 
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The class proportions have relative errors incurred in the classification, e.g., pixels classified as sand by 

visual classification and AdaBoost in 1976 include also bare soil, hence its high value. However, the proportions 

of change in land use classes do indicate where development pressure has occurred over recent decades and they 

demonstrate an increase in built-up areas to the detriment of dense vegetation and salines. In 1976, there were 

many land parcels and main roads, but not yet many residential buildings. Built-up areas arose mainly from areas 

of dense vegetation, inactive salines and sand. Dense vegetation is now found only in a few preserved areas in 

the immediate coastal boundary. Sparse vegetation remained almost unchanged from 1976 to 2012. Waterbodies 

reduced from 1990 to 2012, which could be due to silting.  

Visually comparing the classified images, we can see that the urban growth is advancing upon areas of high 

landscape value, such as the Massambaba sandbank, which is located in the area between the Araruama large 

hypersaline lagoon and the Atlantic Ocean. This coastal area has been most impacted by the urban growth in 

recent years in the region, due to a combination of its proximity to the ocean, which has led to extensive property 

speculation, and its sand specific vegetation, which takes a long time to recover once removed or destroyed. 

 
6   Conclusions 

The main driving force to changes in land use and land cover in the last four decades in Região dos Lagos in Rio 

de Janeiro, Brazil, was urbanization. The urban expansion and seasonal tourism have been triggering the removal 

of natural vegetation and the occupation of ecologically protected areas, especially along the coastal boundary 

and main roads. In the change-detection analysis, we can see that built-up areas increased substantially from 

1976 to 2012 in detriment of dense vegetation and salines and are approaching a critical threshold, as only a few 

preserved areas in the immediate coastal boundary remain free.  

The challenge in Região dos Lagos is coupling sustainable development with environmental protection.  As 

massive investment has been done in the region with the building of more holiday houses and tourist resorts, 

conservation activities are necessary and urgent. Given the scale and speed of urbanization in the last decades, 

improved urban management should help to avoid many negative environmental impacts, particularly if local 

governments adopt clear urban policies.  

Our approach has the benefit of providing a relatively quick and low cost analysis of a large area over the 

last four decades. However, high spatial resolution data makes it challenging to work with large landscapes (e.g., 

larger than 50,000 acres), as the level of computation time for geometric operations is longer than usual, as well 

as requiring more computation resources. The high spatial resolution image data of historical aerial photographs 

like the ones used here can make automated classification difficult, due to varying pixel values of similar objects 

in the images, especially for built-up areas, bare soils, and salines. Not all objects and classes in the land use and 

land cover in historical images can be recognized by pixel-based approaches. By increasing image data 

dimensions, such as calculating texture measures, one can use machine learning techniques to find more classes 

with better accuracy. However, even such elaborate effort cannot remove the chance of misclassifying complex 

classes. Additional tests should use preprocessed image data of historical photos to answer whether or not 

AdaBoost machine learning is appropriate. Moreover, advanced processing techniques, such as object-based 

classification, combined with high resolution remote sensing data could be introduced for analyzing specific 

areas of interest rather than quantifying wide-area land cover changes. 

Further work includes developing a retrospective analysis between time periods, such that one could create 

a 2012 map based on the best imagery and classification result and modify it as necessary to reflect conditions in 

1990. Similarly, the 1990 map could be modified to reflect conditions in 1976 then work backwards. This 

approach might require manual interpretation methods for earlier time periods, but only areas with changes 

would have to be modified. Such analysis can ensure more accuracy in the comparability between individual 

datasets in the time series. 

As the urbanization in Região dos Lagos is leading to the destruction of the local ecosystem, this can also 

alter the hydrology of lagoons. Because of the geological uniqueness of existing hypersaline lagoons in the area, 

further steps also include monitoring and modeling physico-chemical conditions in the lagoons, in order to 

protect them and reduce anthropogenic impacts on the environment. 



 13

Acknowledgements  

This project is part of the research collaboration “Pethros” between Petrobras and ETHZ (no. 200020127327). 

The aerial photographs from 1976 were provided by Departamento de Recursos Minerais do Rio de Janeiro 

(DRM-RJ). 
 

References 

1. Huang, J., Tu, Z. and Lin, J. “Land-use dynamics and landscape pattern change in a coastal gulf region, 

southeast China”, Int. Journal of Sustainable Development & World Ecology, 16(1), 61-66 (2009).  

2. Vasconcelos, C. and McKenzie, J.A. “Microbial mediation of modern dolomite precipitation and diagenesis 

under anoxic conditions (Lagoa Vermelha, Rio de Janeiro, Brazil)”, Journal of Sedimentary Research, 
67(3), 378-390 (1997). 

3. IDB. “Brazil Região dos Lagos Toll Road Project BR-0272”, Environmental and Social Impact Report, 

Inter-American Development Bank Document, Oct. 10, 1997. http://www.iadb.org/pri/ 

projDocs/BR0272_R_E.pdf (April 2014). 

4. Mansur, K., Guedes, E., Alves, M., Nascimento, V., Pressi L.F., Costa N., Pessanha A., Nascimento L.H., 

Vasconcelos G. “Geoparque Costões e Lagunas do Rio de Janeiro (RJ) – proposta”. In ‘Geoparques do 

Brasil: propostas’, Schobbenhaus C., Silva C. R., CPRM, Rio de Janeiro, 1, 748 p. (2012). 

5. Wang, Y. (Ed) Remote Sensing of Coastal Environments. CRC Press Taylor and Francis Group. Boca 

Raton, FL (2010). 

6. Braga, C.Z.F, Vianna, M.L. and Kjerfve, B. “Environmental characterization of a hypersaline coastal 

lagoon from Landsat-5 Thematic Mapper data”, Int. Journal of Remote Sensing, 24(16), 3219-3234 (2003). 

7. Almeida, R.M.R. and Lima, J.S. “Avaliação do Potencial Hidrogeológico da Região dos Lagos – Rio de 

Janeiro – Brasil”, XI Congresso Brasileiro de Águas Subterrâneas, 13 p., Revista Águas Subterrâneas, 

Associação Brasileira de Águas Subterrâneas (ABAS), São Paulo, Brazil (2000). 

8. Moreira-Turcq, P.F. “Impact of a low salinity year on the metabolism of a hypersaline castal lagoon 

(Brazil)”, Hydrobiologia, 429(1/3), 133-140 (2000), Kluwer Academic Publishers, Netherlands. 

9. Franz, S., Lins-de-Barros, F., Muehe, D., and Hochschild, V. “High Resolution Remote Sensing Data 

Evaluation for Integrative Vulnerability Assessment in the Coastal Region of Rio de Janeiro”, In Proc. of 

4th EARSeL Workshop Remote Sensing of the Coastal Zone, 18-20 June 2009, Chania, Greece, 9 p. (2009). 

10. Teixeira, V.M.L. “Remaining Landscape: Public Open Spaces and Urbanization Process in a Coastal 

Region in Brazil”, In Proc. of 15th International Planning History Society Conference, ISBN 978-85-8089-

020-4, São Paulo, Brazil (2012). 

11. IBGE. “Instituto Brasileiro de Geografia e Estatística”. www.ibge.gov.br (January 2014). 

12. ArcGIS Resource Center. “Creating a mosaic dataset using a raster type for orthorectification”, Esri. 

http://resources.arcgis.com/en/help/main/10.1/index.html#//009t000001v7000000 (January 2014). 

13. Nagi, R. “Classifying Landsat image services to make a land cover map”, ArcGIS Resources, Esri. 

http://blogs.esri.com/esri/arcgis/2011/05/28/classifying-landsat-image-services-to-make-a-land-cover-map/ 

(January 2014). 

14. Benbouzid, D., Busa-Fekete, R., Casagrande, N., Collin, F.-D. and Kégl B. “MultiBoost: a multi-purpose 

boosting package”, Journal of Machine Learning Research, 13(1), 549-553 (2012). 



 14

15. Yu, X., Zheng, Z., Li, L., Ye, Z. “Texture classification of aerial image based on PCANBC”, Pattern 

Recognition and Computer Vision, In Proc. SPIE, 6043, DOI:10.1117/ 12.655012 (2005). 

16. Majumdar, J., Lekshmi, S., Vanathy, B. “Automatic classification of aerial imagery”, Defense Science 

Journal, 57(6), 773-786, Defense Scientific Information and Documentation Centre, India (2007). 

17. Caridade, C.M.R., Marçal, A.R.S., Mendonça, T. “The use of texture for image classification of black & 

white air photographs”, International Journal of Remote Sensing, 29(2), 593–607 (2008). 

18. Xin, Y., Zhaobao, Z., Haitao, Z., Zhiwei, Y. “Texture classifıcation of aerial image based on bayesian 

networks with hidden nodes”, In Proc. of 2nd International Conference on Advances in Computation and 

Intelligence (ISICA’07), Berlin: Springer-Verlag, 454-463 (2007).  

19. Halounova, L. “Automatic classification of B&W aerial orthophotos”, In New strategies for European 

Remote Sensing, Rotterdam: Millpress Science Publishers, 247-252 (2005). 

20. Rabia, A.H. and Terribile, F. “Semi-automated classification of gray scale aerial photographs using 

geographic object based image analysis (GEOBIA) technique”, In Proc. of European Geosciences Union 

General Assembly, 15, Vienna, Austria (2013). 

21. Freund, Y. and Schapire, R.E. “A decision-theoretic generalization of on-line learning and an application to 

boosting”, J. Comput. System Sci., 55(1), 119-139 (1997). 

22. Tokarczyk, P., Wegner, J. D., Walk, S. and Schindler, K. “Beyond handcrafted features in remote sensing”, 

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, vol. II(3/W1), 

35–40 (2013). 

23. Winn, J., Criminisi, A., Minka, T. “Object categorization by learned universal visual dictionary”, In Proc. 

of Tenth IEEE International Conference on Computer Vision, 2, 1800-1807, IEEE Computer Society 

Washington, DC, USA (2005). 

24. Avelar, A., Zah, R., Corrêa-Tavares, C. “Linking socioeconomic classes and land cover data in Lima, Peru: 

Assessment through the application of remote sensing and GIS”, Int. Journal of Applied Earth Observation 

and Geoinformation, 11(1), 27-37 (2009). 

 

Silvania Avelar works as a research scientist at the Swiss Federal Institute of Technology Zurich. She received 

an MSc in Computer Science from the Federal University of Minas Gerais, Brazil, and a PhD in Technical 

Sciences from the Swiss Federal Institute of Technology in Zurich, Switzerland. Her current research interests 

include remote sensing, automated mapping and environmental change issues. 

 

Piotr Tokarczyk holds an MSc in Geodesy and Cartography from the University of Science and Technology 

Cracow, Poland. Since November 2010 he has been pursuing a PhD at the Swiss Federal Institute of Technology 

in Zurich, Switzerland. He worked on land use/cover mapping and modeling in various research projects. 
  



 15

List of Figures: 

Fig. 1 The coastal area of Geopark Costões e Lagunas do Rio de Janeiro. Região dos Lagos is the area of 
coastline that extends from Maricá to Rio das Ostras. The study area is shown in the GeoEye image from 2012. 
One example of aerial photography from 1976 and the Landsat scene from 1990 covering the area are also 
shown. 

Fig. 2 Mosaic with aerial photos from 1976, as provided by DRM-RJ.  

Fig. 3 Mosaic after cleaning and georeferencing the original aerial photos still had ‘holes’ to be fixed. 

Fig. 4 Final mosaic with complementary photos and fixed parameters of image compression. 

Fig. 5 Resulting image of visual interpretation of mosaic with study area in 1976. 

Fig. 6 Reclassified mosaic of aerial photographs from 1976. 

Fig. 7 Classified subset of 1976 mosaic using merged AdaBoost and maximum likelihood results. 

Fig. 8 Classified Landsat image from 1990. 

Fig. 9 Classified GeoEye image from 2012. 

 

List of Tables: 

Table 1 Characteristics of used high resolution sensors. 

Table 2 Error matrix for 1976 land use/land cover map developed from aerial photography, Região dos Lagos, 
Rio de Janeiro, Brazil. 

Table 3 Error matrix for 1990 land use/land cover map developed from LandSat, Região dos Lagos, Rio de 
Janeiro, Brazil. 

Table 4 Error matrix for 2012 land use/land cover map developed from GeoEye, Região dos Lagos, Rio de 
Janeiro, Brazil. 

Table 5 Land use and land cover change from 1976 to 2012 in Região dos Lagos. 

 

 

 

 

 


