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Land degradation caused by deforestation, overgrazing, and
inappropriate irrigation practices affects about 16% of Latin
America and the Caribbean (LAC). This paper addresses issues
related to the application of remote sensing technologies for
the identification and mapping of land degradation features,
with special attention to the LAC region. The contribution of
remote sensing to mapping land degradation is analyzed from
the compilation of a large set of research papers published
between the 1980s and 2009, dealing with water and wind
erosion, salinization, and changes of vegetation cover. The
analysis undertaken found that Landsat series (MSS, TM,
ETM3+) are the most commonly used data source (49% of the
papers report their use), followed by aerial photographs (39%),
and microwave sensing (ERS, JERS-1, Radarsat) (27%). About
43% of the works analyzed use multi-scale, multi-sensor,
multi-spectral approaches for mapping degraded areas, with
a combination of visual interpretation and advanced image
processing techniques. The use of more expensive hyperspectral
and/or very high spatial resolution sensors like AVIRIS,
Hyperion, SPOT-5, and IKONOS tends to be limited to small
surface areas. The key issue of indicators that can directly or
indirectly help recognize land degradation features in the
visible, infrared, and microwave regions of the electromagnetic
spectrum are discussed. Factors considered when selecting
indicators for establishing land degradation baselines include,
among others, the mapping scale, the spectral characteristics of
the sensors, and the time of image acquisition. The validation
methods used to assess the accuracy of maps produced with
satellite data are discussed as well.
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Land Degradation Defined

LAND degradation is a long-term loss of ecosystem function
and services, caused by disturbances from which the system
cannot recover unaided (UNEP, 2007). Direct effects include
losses of soil organic carbon, nutrients, soil water storage and
regulation, and belowground biodiversity. Indirectly, it means a
loss of the land’s productive capacity and wildlife habitat. Soil
deterioration is one critical aspect of land degradation, particularly
of irreversible land degradation leading to desertification. Soil
degradation is a consequence of depletive human activities and
their interaction with natural environments, resulting in soil
quality decline. Lal and Stewart (1990) distinguish three types of
soil degradation, namely physical (e.g., soil erosion by wind and
water), chemical (e.g., salinization, acidification), and biological
(e.g., decline in soil organic matter). Although there is consensus
that soil degradation is often a severe issue, there are few systematic
measurements of its extent and severity (UNED, 2007).

Land degradation caused by deforestation, overgrazing, and in-
appropriate irrigation practices affects about 16% of LAC (UNEDR,
2007). The problem is more severe in Meso-America where it af-
fects 26% of the territory, while 14% of South America is affected
(UNED, 2004). About 22% of the arid regions of South America
are affected by severe or very severe desertification resulting from
the combination of soil and climate constraints, excessive grazing,
bush clearing, forest and grassland fires, firewood gathering, and
other extractive activities (Dregne, 1986). Water erosion is the
main cause of land degradation, while wind erosion is significant
in some locations such as the area bordering Bolivia, Chile, and
Argentina (WRI, 1995). Salinization of agricultural soils due to
irrigation is particularly significant in Argentina, Cuba, Mexico,
and Peru, which have extensive dryland areas that are often sub-
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jected to inappropriate use or protracted droughts (UNEDR
2004). Furthermore, the Global Environmental Outlook pro-
duced by UNEP (2007) identifies agricultural intensification
to satisfy increasing demands in food, raw materials, and bio-
energy as a cause of soil nutrient depletion.

Assessment Techniques

Common methods for assessing land degradation as iden-
tified in the LADA-FAO approach (Koohafkan et al., 2003)
include: expert judgment, remote sensing, productivity chang-
es, field monitoring, pilot studies at farm level based on field
criteria and expert opinion, and modeling. Table 1 shows the
relationship between methods and survey scales. In practice,
synergistic uses combining several of these approaches are more
common than the implementation of individual methods.

Early land degradation assessments were essentially based
on expert judgment, as in the case of the Global Assessment
of Human-induced Soil Degradation (GLASOD). In spite of
the assessment drawbacks highlighted by Sonneveld and Dent
(2009), the GLASOD approach is still used for estimating land
degradation at global, regional, and national scales. However,
over the last two decades, scientists and international agencies
such as FAO, UNED, and GEF have joined efforts to develop
standardized, operational methods and tools to map and moni-
tor land degradation at different scales. Significant advances
occurred especially in the last decade with the wide applica-
tion of geospatial technologies to study the causes, impacts,
and trends of land degradation. Good examples of such ap-
plications are the FAO-WOCAT (World Overview on Con-
servation Approaches and Technologies) (FAO, 2003) and the
GLADA (Global Assessment of Land Degradation and Im-
provement) (Bai et al., 2008a) approaches.

The benefit of remotely sensed data in the form of aerial
photographs and satellite imagery has been well recognized
for (i) assessing the spatial and temporal distribution of land
degradation features and (ii) collecting input data for process
simulation models to produce land cover maps, vegetation
cover maps, bare soil fraction maps, and net primary produc-
tion maps, among others. Land degradation results in adverse
effects of which the spatial and temporal variations must be
assessed. Knowledge of the processes of land degradation, pro-
cess-controlling variables, and effects of degradation is a pre-
requisite to determine what information can be derived from
remotely sensed images.

The processes leading to land degradation can be detected
and assessed through indicators, which are measurable charac-
teristics providing information about a condition, change of
quality, or change in state of something valued (Dumanski and
Pieri, 1996). The main challenge is to select indicators that are
sufficiently representative and, at the same time, easy to under-
stand and measure on a routine basis (Ponce Hernandez, 2002).
Furthermore, the indicators should be SMART, that is, specific,
measurable, achievable, and time-bound (Schomaker, 1997). In-
dicators can be collected using a variety of techniques, including
geo-referenced field observations (GPS), laboratory determina-
tions, remotely sensed data, or a combination thereof.

Surveys assessing the current status of the land in terms of on-
going degradation processes aim at determining the spatial vari-
ability and condition of the natural vegetation (coverage, struc-
ture), agricultural crops (performance, coverage), soil surface
(sealing, crusting), and soil erosion surface features (gully, rill, and
sheet erosion). Monitoring changes over time involves character-
izing surface dynamics such as the development of crop canopy
over a growing season as an indirect indicator of erosion, or the
long-term formation of rills and gullies in an area. Likewise,
process-controlling variables such as rainfall interception, canopy
water storage, and changing agricultural land use through seasons
can be derived from air- or satellite-borne images that can be used
as information in process simulation models of land degradation.

This paper reviews a large set of publications that report on
remote sensing research undertaken in Latin America and the
Caribbean since the early 1980s for mapping land degradation
caused by water (including debris flows and landslides) and
wind erosion, salinization, and disturbance of the vegetation
cover. Empbhasis is put on the selection and remote identifi-
cation of indicators for mapping and monitoring land degra-
dation features and processes. We first provide a summary on
sensors and mapping scales used for assessing land degrada-
tion. Then we analyze experiences of mapping land degrada-
tion caused by soil erosion, salinization, and alteration of the
vegetation cover, and we highlight the approaches used for data
capture, transformation, and display.

Sensors, Mapping Scales, and Extent
of Mapped Areas

A variety of remote sensors have become available to the
scientific community during the past 30 yr, with the potential
to provide useful information for assessing land degradation.
Such sensors are usually classified according to the source of en-
ergy (passive or active sensors), the type of platform (ground-,
air-, or space-borne), the region of the spectrum used to image
the earth’s surface (optical, infrared, microwave), the platform
trajectory (sun-synchronic or geo-stationary satellites), the
number and width of spectral bands (panchromatic, multi-
spectral, hyperspectral), the spatial resolution (high, medium
also known as Landsat-like, low), the spatial coverage (point or
image view), the temporal resolution (hourly, daily, weekly re-
visiting frequency), and the radiometric resolution (8, 12, 16,
32 bits) (Metternicht, 2007).

This work compiled and analyzed over 60 research papers to
determine remote sensors usage vs. land degradation type and
scale of the studies undertaken in Latin America and the Carib-
bean. Tables 2, 3, 4, and 5 synthesize this effort, showing that
the Landsat series (MSS, TM, ETM+) is nowadays the most
commonly used data source (49%), followed by aerial photo-
graphs (39%), and microwave sensing (ERS, JERS-1, Radar-
sat) (27%). About 43% of the works analyzed use multi-scale,
multi-sensor, multi-spectral approaches to the cartography of
degraded areas, with a combination of visual interpretation
and advanced image processing techniques. The use of more
expensive hyperspectral and/or very high spatial resolution
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Table 1. Common methods for assessing land degradation.

Method Scale Comments Application examples
Expert judgment  Global, small - Subjective, particularly in the Global: GLASODt
scale definition of degradation classes:  Regional: A co-evolutionary approach is used to explain the fate of African

Remote sensing

Field monitoring

Productivity
changes

Pilot studies at
farm level

Modeling

Global, regional,
subregional and
local

Subnational,
large scale

National, local

Local

Global to
local

not degraded; slight, moderate,
severe, very severe degradation

- Hardly reproducible
- Relatively low cost

- Acquisition on a repetitive basis

enables monitoring

- Clear identification of indicators

(direct or indirect) is needed

- Indicator must carry direct

spectral absorption features or be
correlated to a soil chromophera

- Cost varies with platform and

sensor used

- Costly, depending on the intensity

of fieldwork

- Stratified sampling recommended
- Enables monitoring over time

- Uses crop performance indicators,

biomass production related to
land degradation as an expression
of lowered productivity

- Productivity decline could be

caused by factors other than land
degradation

- Reliable data sources are required

(e.g., national yield statistics, yield
monitoring, etc.)

- Enables a grass roots view on the

severity of degradation and its
causes

- Relying on field indicators of

degradation can be subjective

- Can be costly depending on area

coverage

- Uses established models for soil

erosion by wind and water

- Enables the integration of

biophysical with socio-economic
factors

- Prediction of degradation hazard

soils, focusing especially on the interaction between short-term local and
long-term global processes (Koning and Smaling, 2005).

National: The mapping approach is based on the time series analysis of
satellite data. Vegetation dynamics is characterized using NDVI estimates
from the coarse scale, hyper-temporal 1-km MEDOKADS archive, which is
based on calibrated NOAA-AVHRR images (Hill et al., 2008).

National: Use of expert judgments to conduct a water erosion hazard
assessment in Ethiopia (Sonneveld, 2003).

Local: Evaluation of the soil erosion process using expert decision trees
and artificial neural networks in traditional crops, Andalucia, southern
Spain (De La Rosa et al., 1999).

Global: GLADA

Regional: Application of remote sensing to soil surface characterization
by different wavelengths, temporal changes of surface states, incision
and geometry of possible water pathways on the surface in Normandy
(France) (King et al., 2005).

Subregional: Mapping of wind erosion-related features in Patagonia
(Argentina) (Blanco et al., 2009).

Local: Hyperspectral data are used to derive soil chemical properties,
organic matter, mineralogical content, infiltration capacity, aggregation
capacity, and runoff coefficient in a catchment area, Brandenburg region
(north-eastern Germany) (Chabrillat et al., 2003).

National: Evaluation of the Local NPP Scaling (LNS) method, where the
NDVI sum (ENDVI) of the growing season, a surrogate for productivity, of
each pixel was expressed relative to the highest values (90th percentile)
of ENDVI observed in all pixels falling within the same land capability unit
(LCU) (Wessels et al., 2007).

Subnational: Comparison of historical and current soil salinity maps, using
historical field and laboratory data in the Gorgan Region, Northeast Iran
(Naseri, 1998).

Local: Soil loss and runoff were assessed in five land units (LUs) of a closed
basin by means of 18 experimental plots within a 42-mo period (Rostagno
etal, 1999).

National: Potential areas of severe land degradation are identified with net
primary productivity and rain-use efficiency in Kenya (Bai and Dent, 2006).
Local: Reduction in crop yield, New Mexico (Madrigal et al., 2003; Lobell et
al., 2007).

Dendrogeomorphological analysis using exposed shrub roots to estimate
soil erosion rates in rangelands (Chartier et al., 2009).

Quantification of visual soil erosion indicators (splash pedestals,
sheetwash, rills, sedimentation, red color and stoniness) to evaluate soil
loss in the Gikuuri catchment, Kenya (Okoba and Sterk, 2006).

IMAGE: land degradation model developed for describing current and
future global water erosion. Sensitivity to water erosion computed from
terrain erodibility, rainfall erosivity and land cover (Hootsmans et al., 2001).
PESERA, WATEM-SEDEM, SPADS: comparison of these three spatially-
distributed models for the prediction of soil erosion and/or sediment yield
at regional scales in Spain. (Vente et al., 2008).

MIRSED: methodology for modeling regional and national patterns of
hillslope-scale soil erosion rates in the UK using a minimum information
requirement (MIR) version of Water Erosion Prediction Project (WEPP)
(Brazier et al., 2001).

FuDSEM: fuzzy-based dynamic soil erosion model to produce potential
erosion maps at catchment scale (Cohen et al., 2008).

1t GLASOD = Global Assessment of Human-induced Soil Degradation; NDVI, Normalized Difference Vegetation Index; GLADA, Global Assessment of Land
Degradation and Improvement; NPP, net primary production.

sensors like AVIRIS, Hyperion (hyperspectral), SPOT-5, and

IKONOS is limited to areas of 15 to 150 km?.
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Research of subregional extent (i.e., above 400,000 km?),
for outputs at scales between 1:250,000 to 1:1,000,000 and
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Table 3. Water erosion surveys using remote sensing.

Survey Accuracy
Type of soil area Acquisition assessment
degradation Indicators Location size Sensors Spatial scale year Method/techniques techniques Authors
km? m
Water Gullies Mexican 492 Aerial 1:25,000- 1970-1983  Georeferencing, Error matrixes. Bocco (1990)
erosion Volcanic Belt photographs 1:50,000 enhancements of image
Landsat TM 30 1984 data. Supervised maximum
likelihood classification of
Landsat data integrated
with TMU and slope data.
Water Gullies Transmexican 80 Aerial 1:50,000 _ Photo interpretation and  Field Vazquez-
erosion volcanic belt photographs detailed field survey. Gully measurements Selem and
modelling Zinck (1994)
Water Landslides Coello valley 1,250  Aerial 1:50,000 _ Photo interpretation and  Laboratory Lopez and
erosion Colombian photographs detailed field survey. and field data  Zinck (1991)
Andes Landslide modelling
Water Landslides Colombian 300  Aerial 1:25,000- _ Geometric corrections Field work Vargas
erosion Cordillera photographs 1:50,000 and co-registration. based Cuervo (1997)
SPOT-XS 20 1989 Compare morfodinamic upon aerial
Landsat TM 30 1988 maps obtained from photographs.
SAR ERS-1 30 1992 stereoscope pair of SPOT-
Landsat and stereoscope
pair or ERS-1 images.
Water Debris flows, Puerto Rico 300 Aerial 1:20,000 Multi- Photo interpretation Larsen
erosion shallow soil slips, photographs temporal  integrated with field and Torres
slumps surveys, topographic and Sénchez
land use maps into GIS to (1998)
evaluate frequency and
distribution of landslides.
Water Flooding Brazilian 2,000,000 SMMR Nimbus-7 27,000 multi- Calculation of the River level Sippel et al.
erosion Amazon River satellite (37GHz) temporal difference between estimations (1998)
1979-1987  vertically and horizontally ~are compared
polarized brightness by Pearson
temperatures, estimation  product-
of flooded area at monthly moment
intervals using a linear correlations.
mixing model with three
end-members (water,
nonflooded land, and
inundated floodplain).
Water Drainage density,  Taquari River 5830 LandsatTM 30 _ Landsat visual _ Veneziani et
erosion water infiltration,  Basin, Brazil interpretation integrated al. (1998)
declivity, with geomorphology,
ruptibility-plasticity topographic and geologic
maps.
Water Surface erosion  Sacaba Valley, 100  LandsatTM 30 1994 SAR despeckle. Co- Error matrixes  Metternicht
erosion features Bolivia JERS-1 SAR 18 1994 registration and resample  with ground  and Zinck
(pavements, to 15 m. Data fusion. data. (1998)
gullies, rills, rock Supervised maximum
fragments, color, likelihood classification
vegetation cover) and signature separability
evaluation.
Water Surface erosion Sacaba Valley, 100 Aerial 1:25,000 _ Geometric corrections. Analysis of Metternicht
erosion features Bolivia photographs Extraction of end- the RMS error  and Fermont
(pavements, Landsat TM 30 1994 members by principal image. (1998)
gullies, rills, components method,
topsoil color, integrated with visual
rock fragments, interpretation of aerial
vegetation cover) photos and field surveys.
Lineal spectral unmixing
of Landsat data.
Water Flooding Bolivian 250,000 LandsatTM 30 1997 Visual interpretation of Bourrel et al.
erosion Amazon Radarsat 50 1997, 1998 TM color compo§ite and (1999)
radar color multitemporal
ERS 2 12,5 1996, 1997 composites.
Water Erosion features  Truijillo, 226  Aerial 1:25,000. _ Photo interpretation Field surveys. Diazetal.
erosion (qully, rill, sheet  Venezuela photographs Output integrated with field (1999)
erosion, badlands) products: surveys, geologic and
1:50,000 vegetation maps.
(contd)
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Table 3. Continued.

Type of soil

degradation Indicators

Survey
area

Location size

Acquisition

Sensors Spatial scale year

Accuracy
assessment
techniques

Method/techniques Authors

Water
erosion

Flooding

Water
erosion

Flooding

Water
erosion

Topsoil loss,
accumulation
zones

Water
erosion

Landslides scars,
debris flows,
natural dam and
rock falls

Water Gullies

erosion
Water Landslides
erosion

Water
erosion

Flooding

Laminar erosion
features, gullies

Water
erosion

Water
erosion

Flooding

km?
Parana river, 375

Argentina

Parand Delta,
Argentina

2,700

Central-Western
Argentina

2,500

Vargas State, 40
Venezuela

Maranhéo 831

State, Brazil

Northern
Argentina

15,000

Central Brazilian
Amazon

17,000

Séo Paulo, Brazil 460

Western Brazil,
Eastern Bolivia
and Northern
Paraguay.

484,970

m
180 (simulated
SAC-C)

Landsat TM to
simulate SAC-C
images.

1994, 1998

Radarsat/SAR multi-
temporal
1997-1998

1997

28,5

Landsat TM 28,5

ERS-1 30
ERS-2 30
Landsat TM 30

1998
1998

Aerial 1991
photographs

IKONOS 4

3,513,888,889

1999

Aerial
photographs

Landsat TM 30 1986-2001

JERS-1 SAR 12.5 multi-
temporal

1995-1997

Aerial 1962
photographs

Landsat TM 30

1:25,000

1992

NOAA-

AVHRR NDVI
maximum value
composites

8,000

Giraut et al.
(2000)

Co-registration and
calibration, visual
interpretation of
Normalized Difference
Vegetation Index (NDVI) to
discriminate susceptibility
to flooding.

Conversion digital number Error matrixes
to backscatter coefficients,
despeckle, co-registration
and geometric correction,
image segmentation.
Comparison between
supervised decision
classifier and
unsupervised ISODATA.
Visual interpretation

of Landsat. SAR
Interferometry. Co-
registration of outputs
and visual interpretation
of color composite image.

Parmuchi et
al. (2000)

Maldonado et
al. (2001)

De LaVille et
al. (2002)

Photo interpretation.
Geometric rectification,
tone enhancements,
and visual interpretation
of IKONOS. Outputs

are combined into GIS
with planimetric data,
contour lines, hydrology
and vegetation types to
evaluate the distribution
of the scars.

Guerra et al.
(2002)

Photo-interpretation
integrated with field surveys
and laboratory analysis.

Paolini et al.
(2002)

Confusion
matrixes and
Kappa index.

Co-registration,
supervised maximum
likelihood classification.

Resample to 100 m by
wavelet decomposition,
mosaic generation, co-
registration, conversion
digital number to radar
backscatter, supervised
classification.

Rosenqvist et
al. (2002)

Carneiro and
Souza (2003)

Photo-interpretation,
principal component
analysis of Landsat image,
DTM, topographical maps
and field information

are integrated in a GIS
environment to produce
the final cartography.

Data 1981- Liuetal.
1994 for model (2003)
construction

and data

1994-2000 for
validation.

Combined use of
monthly precipitation
and monthly maximum
value composite NDVI

to predict monthly river
water level by stepwise
multiple linear regression
technique.
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Table 3. Continued.

Survey
area
size

Type of soil

degradation Indicators Location Sensors

Spatial scale

Acquisition
year

Method/techniques

Accuracy
assessment
techniques

Authors

km?
105 Landsat TM

SPOT HRV

Water Landslide scars

erosion

Santa Catarina,
Brazil

Water
erosion

La Trinidad,
Nicaragua

25 Aerial

photographs

Shallow mass
movements

Water Terra-ASTER/VNIR

erosion

Flooding Pampean
Region,

Argentina

3,600

DEM SRTM

Aerial
photographs

Water Landslide scars Southern Brazil 4

erosion

Landsat TM
SAC-C

Water
erosion

Flooding La Pampa
Province,

Argentina

30,000

20 Aerial

photographs

Northwestern
Nicaragua

Water Debris flows

erosion

m
30
20

1:25,000

15

30

1:20,000

30
175

multi-
temporal
2001-2003
1:40,000- 1996-1998
1:60,000.

Output results:

1:10,000

Radiometric correction.
Transformation from

RGB to IHS, Principal
Component analysis and
Wavelet Transform fusion.
Comparison between
these techniques using
visual interpretation,
statistical analysis and
automatic classification
Photo interpretation
integrated with field
surveys. The output
shallow landslide map

is integrated in a logistic
regression model with
geomorphology, slope
and accumulated flow
variables to generate
susceptibility maps.
Geometric and
radiometric correction of
Terra-ASTER. Generation
of DEM 30 m from SRTM
by interpolating and
resampling, to estimate
drainage pattern

and inundation area,
comparison with spectral
indices from Terra-ASTER
(NDVI, NDWI, VSW).
Photo interpretation to
landslide and vegetation
cover mapping. High
resolution DEM (2 m)
derived from aerial photos
is used to generate
topographic attributes.
By comparing the output
results a landslide
potential index is defined.
Implementation of
SHALSTAB model using
field experiments.

Geometric corrections,
comparison between
unsupervised ISODATA
classifications of Landsat
vs. SAC-Cimages.

Photo interpretation
integrated with field
surveys. Data concerning
regolith, landslides, slope
and land use are integrated
in a qualitative debris flow
hazard assessment.

Field surveys.

Use photo-
interpretation
as ground
truth.

Field surveys.

Marcelino et
al. (2003)

Menendez
Duarte et al.
(2003)

Azcurra et al.
(2004)

Fernandes et
al. (2004)

Mieza et al.
(2004)

Pallas et al.
(2004)

smaller, tends to use satellite imagery provided by sensors
of low spatial resolution such as MODIS, SAC-C, NOAA-
AVHRR, SMMR Nimbus-7, and Wide Field Imager of the
CBERS-2B. For instance, del Valle et al. (1998) mapped about
700,000 km? of degraded areas in the Argentinean Patagonia
using NOAA-AVHRR-Large Area Coverage (LAC) data to-
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gether with validation data from Landsat MSS.
Sensors of moderate spatial resolution, covering the optical and

(contd)

infrared regions of the electromagnetic spectrum, such as Landsat
(TM, ETM+, MSS), SPOT (HVR, Xs, HRG), ASTER, and C-
BERS, have been applied to map areas of 30 to 250,000 km?. The

output scales of such studies range from local, catchment, country

Journal of Environmental Quality - Volume 39 - January-February 2010



Table 3. Continued.

Type of soil

degradation Indicators

Location

Survey

area
size

Acquisition

Sensors Spatial scale year

Method/techniques

Accuracy
assessment
techniques

Authors

Water
erosion

Landslides

Water
erosion

Landslides

Water Gullies

erosion

Water
erosion

Water Landslides

erosion

Water
erosion flows and rock

falls

Water

erosion erosion

Southern
Honduras

Sao Pablo, Brazil

Texcoco, Mexico

Shallow landslides Venezuelan

Andes

Northwestern
Nicaragua

Landslides, debris Rio Mendoza

Valley,
Argentina

Gullies, rills, sheet  Brazilian

Cerrados

km?
108

200

110

473

1,600

100

m
Aerial 1:50,000
photographs

SPOT Pan 10 1998

Landsat TM 30 1996

Color aerial 15 1997

photograph

Landsat TM 30 1992

Aerial 2000

photographs

1:40,000.
Output results:
1:10,000

Aerial 1963

photographs

1:50,000,
output map:
1:100,000.
Landsat TM 30 1985, 1986,

1997, 2000

ERS-1 30
ERS-2 30

1997
1997-1999

Registration. Photo and
visual interpretation
integrated with
topographic maps to
produce slope, aspect,
land cover, and stream
proximity maps. Outputs
maps are combined
following a hierarchical
scheme to produce
landslide hazard maps.

Geometric and
atmospheric corrections,
contrast enhancement,
image ratio TM5/TM7,
TM4/TM3 and TM4/TM1.
Principal component
transformation. Visual
interpretation of output
results integrated with
field surveys.

Photo-interpretation
integrated with field
surveys. Neural network
classification, trained with
the pixel values derived
from RGB.

Lineal spectral unmixing
of Landsat data to
produce land cover map.
Output is integrated with
topographic, precipitation
and geologic data using
Artificial Neural Networks
to assessment the
landslide risk potential.

Photo interpretation
integrated with field surveys
for generation of TMU

and landslide inventory
map. Outputs results are
combined into GIS to
development a landslide
susceptibility map.

Photo and visual
interpretation with field
surveys to landslide
zonification mapping.
Output is integrated into a
GIS with ranked lithology
and slope angle maps to
landslide susceptibility
assessment.

Calibration to obtain
backscattering values,
despeckle, co-registration.
Interferometric
decorrelation for detecting
sheet and rill erosion,
visual interpretation to
locate gullies.

The model is
validated in
an adjacent
watershed.

Aerial
photographs
and field
surveys.

Confusion
matrixes and
Kappa index.

Use a part of
the data set
to accuracy
assessment.

The model is
validated ina
test zone.

Use landslides
historical data.

Perotto
Baldiviezo et
al. (2004)

Sestini and
Florenzano
(2004)

Trueba
Espinosa et al.
(2004)

Gomez and
Kavzoglu
(2005)

Guinau et al.
(2005)

Moreiras
(2005)

Vrieling and
Rodrigues
(2005)

to regional levels (1:50,000-1:250,000). A study example at re-
gional scale is the cartography of 250,000 km? of flooded areas in

Metternicht et al.: Remote Sensing of Land Degradation in Latin America and the Caribbean
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the Bolivian Amazon, using visual interpretation of Landsat and
microwave data (Bourrel et al., 1999). Riedel et al. (2007) present
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Table 3. Continued.

Type of soil

degradation Indicators

Survey
area

Location size

Sensors

Spatial scale

Acquisition
year

Accuracy
assessment

Method/techniques techniques

Authors

Water
erosion

Landslides

Water
erosion

Flooding

Water Landslides

erosion

Water
erosion

Landslides,
flooding

Water

erosion impeded

drainage, sheet
and rill erosion
Gullies, rills, sheet  Delta of the

Water

erosion erosion

Water
erosion

Flooding

Soil compaction,

km?
Sierra Norte de 15
Puebla, Mexico

Parana Delta,
Argentina

2,700

Metropolitan
Zone of Mexico
City.

7,800

Baja California,
Mexico

23,725

Tucuman, NW
Argentina

1,060

17,500
Parand River

Monte Alegre,
Brazilian
Amazon

14,400

IKONOS

Envisat ASAR

SRTM DEM

Landsat

Terra-ASTER

Air photos,
Landsat, SPOT

Landsat TM

CBERS-2/CCD

m
1

30

90, output
map: 30 m.

30-60

Variable

30

20

1999

2003-2004

Multitemporal
1973-1999

2001

1971-1991

1992-2002

Field data
using a GPS.

Visual interpretation.
NDVI generation

and application of a
fragmentation algorithm.
Output results are
integrated with a socio-
economic vulnerability
index, geologic and
geomorphologic maps to
produce a risk map.
Estimated
water levels
are compared

Image calibration using
BEST, co-registration and
geometric correction,
temporal filtered of
backscattering images,
vegetation-dependent
flooding prediction

based on the comparison
between radiative transfer
model simulations and
ENVISAT backscattering of
different flood conditions
in two types of marshes.

water levels.

Filling of voids and
reconstruction of

a DEM 30 m using

TIN method, from
SRTM. Morphometrics
parameters are derived
from the output and are
integrated with soils, land
use, precipitation data
throughout a heuristic
model in decision tree
to define landslide
susceptibility areas.

Radiometric correction
and co-registration.
Supervised classification
and change detection
analysis into GIS to define
hazards areas for flooding
and landslides.

Photo interpretation and
detailed field survey

Laboratory
and field data

Error matrixes
and Kappa
index

Visual interpretation.
Radiometric correction
and co-registration.
Supervised classification
and change detection
analysis into GIS.

NDVI generation

and application of a
fragmentation algorithm.

Geometric and
radiometric correction,
extraction of flood
areas by application

of mathematical
morphologic operators
to describe geometric
structures.

with measured

Borja Baeza et
al. (2006)

Grings et al.
(2006)

Lopez and
Nufez (2006)

Martinez
Gutiérrez
(2006)

Zinck (2006)

Kandus et al.
(2006)

Ishikawa and
Silva (2007)
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Table 3. Continued.

Type of soil

degradation Indicators

Survey
area

Location size

Sensors

Spatial scale

Acquisition

year

Method/techniques

Accuracy
assessment
techniques

Authors

Water
erosion

Flooding

Water Landslide traces

erosion

Water Landslide scars

erosion

Water Landslides

erosion

Water
erosion

Gullies

Water Gullies

erosion

Surface color
(redness), coarse
fragments

Water
erosion

km?
Western 400
Brazilian

Amazon

Sierra Norte de 135

Puebla, Mexico

Séao Pablo, Brazil 30

Matagalpa, 700

Nicaragua

Sacaba Valley, 100

Bolivia

Brazilian 100

Cerrados

Coastal 800
Cordillera of

central Chile

R99SAR

IKONOS

SPOT 5

Landsat TM

SPOT HRV

Terra-ASTER

SPOT-HRV

m
6

20

30

20

15-30

20

2000

Two dates:
March wet
season,
August dry
season

1998

Geometric co-
registration, mosaic
generation, resample to
10 m, application of a
speckle noise reduction
algorithm, unsupervised
semivariogram textural
classification of different
Normalization of IKONOS
images is followed by
spectral indexes (NDVI,
SBI) generation. Output
results are integrated with
DTM slopes in an algorithm
to extract automatically
landslide traces.

Segmentation and
classification based

in Bhattacharya
algorithm. Output
results are associated

to NDVI, followed by
intersect operator
regarding geologic and
geomorphologic variables,
to automatic recognition
of landslide scars.

Confusion
matrixes are
related to
each multi-
frequency (HH,
HV and VV)
L-band image
mosaic.

NDVI, land cover, and land _

use classes are derived
from Landsat. Output
results are integrated with
slope and lithology maps,
using a GIS-based fuzzy
logic method to landslide
susceptibility mapping.
Spot imagery for
generation of vegetation
map. Application of
Vazquez-Selem and Zinck
model to map gully spatial
distribution.

Geometric and
radiometric correction,
comparison between
maximum likelihood
classifier (gullies and
nongullies) applied to
images of each season vs.
a bitemporal classification.

Georeferencing,
conversion of digital
numbers to exo-
atmospheric reflectance,
radiometric corrections.
Computation of Redness
Index and Brightness
Index. Statistical analysis
to determine relations
between indexes, field and
ground radiometric data.

Error matrixes.

Use a gully
map obtained
froma
panchromatic
QuickBird
image and
field data.

Error matrixes
with ground
data.

Miranda et al.
(2007)

Ochoa Tejeda
and Parrot
(2007)

Riedel et al.
(2007)

Schernthanner
(2007)

Sotomonte
(2007)

Vrieling et al.
(2007)

Mathieu et al.
(2007)

a local-scale application of moderate to high spatial resolution sen-

sors (i.e., SPOT-5) for mapping water erosion indicators over an

area of 30 km?”. Likewise, moderate spatial resolution microwave

(contd)

data from ERS, Radarsat, JERS, Envisat satellites, and orbital
Shuttle SIR-A have been used for mapping degraded areas of 100
to 17,000 km? (see Tables 3 and 4, and Fig. 1).

Metternicht et al.: Remote Sensing of Land Degradation in Latin America and the Caribbean
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Table 3. Continued.

Survey Accuracy
Type of soil area Acquisition assessment
degradation Indicators Location size Sensors Spatial scale year Method/techniques techniques Authors
km? m
Water Landslides Guantanamo, 6,200  Aerial 1:25,000 2000 Photo interpretation. Field surveys.  Castellanos
erosion Cuba photographs Output result is integrated Abella (2008)
Landsat ETM+ 30 2001 with causative factors

(geomorphology, geology,
soil, land use, relief,
drainage density, road
and fault distance, rainfall)
using neural networks
and spatial multi-criteria
techniques to landslide
susceptibility modeling.

+TMU = terrain mapping unit; DTM = digital terrain model; DEM, digital elevation model; SAR = synthetic-aperture radar; SAVI = Soil Adjusted Vegetation Index; NDVI=
Normalized Difference Vegetation Index; NDWI= Normalized Difference Water Index; VSW = Vegetation-Soil-Water Index; SBI = Soil Brightness Index; TM= thematic mapper;

TIN = triangulated irregular network; SRTM= Shuttle Radar Topography Mission.

Figure 1 shows the dominance of aerial photographs and
very high spatial resolution sensors (2.5-m spatial resolution or
better) to map land degradation over small areas, with a mode
around 300 km?. This concerns surveys at local scale, or as sup-
port for field verification in research performed at smaller scales
(generally in areas larger than 10,000 km?).

Water-Induced Erosion

Shallow mass movements, gullies, rills, sheet erosion, bad-
lands, debris flows, soil slips, and slumps are the indicators most
commonly used to assess soil degradation induced by water
(Table 3). Visual interpretation of aerial photographs, either
black and white (Movia, 1980; Diaz et al., 1999; Guerra et al.,
2002) or color (Trueba Espinosa et al., 2004), continues being
a popular technique regardless of the size of the surveyed area
(1-160,000 km?). Time series of images taken by a video-camera
attached to a balloon at 100-m elevation have also been used
to monitor changes taking place at gully heads, and to estimate
the speed of gully head retreat (Palacio-Prieto and Lépez-Blanco,
1994). Additionally, Table 3 shows several studies making use of
multi-sensor approaches covering the optical-infrared regions of
the spectrum (e.g., aerial photographs and Landsat TM) (Bocco,
1990; Metternicht and Fermont, 1998; Carneiro and Souza,
2003), though relatively few studies investigated the possibil-
ity of merging optical and microwave data to discriminate land
degradation features. Works by Metternicht and Zinck (1998),
investigating a synergistic use of JERS-1 and Landsat TM for
mapping water-induced surface erosion features, and Navone et
al. (2002) integrating Radarsat-1 and Landsat TM to assess land
degradation are examples of the latter.

In regards to classification techniques, Table 3 shows super-
vised approaches incorporating maximum likelihood classifiers
to be the most common (del Valle et al., 1998; Kandus et al.,
2006; Vrieling et al., 2007), although alternative techniques
have been increasingly used. For instance, Metternicht and
Fermont (1998) applied linear spectral unmixing of surface
erosion features such as pavements, rills, topsoil color, and
rock fragments from a Landsat TM image; Trueba Espinosa
et al. (2004) used backpropagation artificial neural networks
to discriminate gullies from color aerial photographs; and
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Vrieling and Rodrigues (2005) used interferometric decorrela-
tion of ERS-1/2 (C-band SAR data) for detecting sheet and
rill erosion, while applying visual interpretation to map gul-
lies. Frequently, image data are advantageously combined in a
GIS with ancillary data (relevant properties of slope, terrain,
rock, soil, and land use units) for mapping gully, rill, and sheet
erosion, and predict their potential occurrence (Bocco, 1990;
Vizquez-Selem and Zinck, 1994; Carneiro and Souza, 2003).
Historical time series of aerial photographs and satellite im-
ages, frequently at different scales, and thus needing harmoniza-
tion, have been used for retrospective monitoring of land degra-
dation. For instance, in a study performed in Tucuman province,
northwest Argentina, fields put into farming at different periods
of time were selected from an image series to detect subsequently,
from field and laboratory data, trends in soil compaction, drain-
age impediment, and sheet erosion resulting from mechanized
soya cultivation (Zinck, 2006; Recatald-Boix and Zinck, 2008).
The mapping of flooded areas, a highly dynamic land deg-
radation phenomenon, has been undertaken with a variety of
sensors and image processing techniques. Usually, flood studies
use multi-temporal imagery for seasonal, annual, or inter-annual
monitoring of the flooding processes and mapping affected ar-
eas. Often, data from high temporal (daily) resolution and low
spatial resolution sensors are combined. Table 3 indicates how
Liu et al. (2003) combined NOAA-AVHRR NDVI maximum
value composites with monthly rainfall data for predicting
monthly water levels, while Sippel et al. (1998) processed data
from the SMMR Nimbus-7 to map 2,000,000 km? of flooded
areas, using the derivates of the imagery as input to a linear mix-
ing model that could differentiate water bodies, flooded plains,
and nonflooded areas. Other approaches summarized in Table
3 include merging multi-temporal optical, infrared, and micro-
wave C-band data to map flooded areas using visual interpreta-
tion of enhanced imagery (Bourrel et al. (1999), and Parmuchi
etal., 2000), and the use of image segmentation and ISODATA
classifiers (Parmuchi et al., 2000). The spatial resolution of the
sensors used in the latter studies was 30 m on average.
Multi-temporal microwave imagery of the JERS-1 (L-band)
and Envisat ASAR (C-band) has been tested by Rosenqvist et
al. (2002) and Grings et al. (2006), respectively, for mapping
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Table 4. Multi-purpose soil degradation surveys using remote sensing.

Accuracy
Type of soil Survey Spatial  Acquisition assessment
degradation Indicators Location  areasize Sensors scale year Method/techniques techniques Authors
km? m
Wind/water Surface erosion features Patagonia 60,000 Aerial 1:40,000- _ Photo and visual Field surveys.  Movia (1980)
erosion (lineal dunes, gullies, Argentina photographs. 1:100,000 interpretation with field
rills, sheet, landslides) Landsat MSS 80 surveys.
Wind/water Soil erosion features, Mendoza 150,000 Aerial 1:40,000- 1982-1986 Photo and visual - Roig et al.
erosion salinity/alcalinity Province, photographs. 1:60,000 interpretation with field (1991)
Argentina LandsatMSS 80 1982-1986 SUTveys.
Wind/water Erosion features (gully, ~ Catamarca 1,100 Aerial 1:35,000 _ NDVIt, PCA and IHS are Navone et al.
erosion rill, sheet erosion, Province, photographs derived from Landsat. (2002)
blowouts, pavements,  Argentina Radarsat-1 25 1997 Geo-referencing, despeckle
degraded vegetation) Landsat TM 30 1993, 1997, and wsu'al interpretation
1998 of radar image. Output
results are integrated with
field information and socio-
economic factors into GIS to
desertification assessment
using knowledge-base
driven models.
Wind/water Wind, runoff, and Northeastern 300 Aerial 0.09-0.72 2002 Fourier signature (signal/ Field surveys.  Ares etal.
erosion, vegetation spatial Brazil photographs noise ratio) of aerial (2003)
Vegetation  patterns ERS/SAR 1-2 30 photos to characterize
degradation the vegetation spatial
arrangements. DEM 25
m derived from SAR
interferometry, calculation
of the potential runoff.
Statistical analysis to
determine relations between
wind regime, runoff and
vegetation patterns.
Wind/water Erosion features Catamarca 2,000 Radarsat/SAR 25 Wet and Calibration, enhancements Navone
erosion (blowouts, dunes, Province, dry season and filters (Flee, Fmode, and Palacin
qullies, rills, sheet Argentina Fsharp y Fgamma) are (2004)
erosion, desert applied in SAR images. Pre-
pavements) processed images are visually
and statistically compared
with ground truth.
Wind/water Wind streaks, dunes, Northeastern 1,231 ERS/SAR 25 1992-2002 Geometric and radiometric Del Valle
erosion gullies, erosion Patagonia SIR-C XSAR 25 1994 corrections, despeckle, visual and Blanco
pavements Argentina Radarsat1 2005 interpretation. (2006)
Vegetation ~ Woody plant Central 763 AVIRIS _ Monte Carlo spectral Field Asner et al.
degradation encroachment, Argentina mixture analysis of AVIRIS measurements (2003)
nonphotosynthetic data to estimate bare to correlate
vegetation pattern, soil, photosynthetic with the
bare soil and nonphotosynthetic estimate data.
fractional covers.
Wind/water Surface erosion features Patagonia 780,000 NOAA-AVHRR 1000 1986-1992 Radiometric and Geometric  Field work Del Valle et
erosion, (blowouts, compaction, Argentina corrections, enhancements, based on al. (1998)
Vegetation  gullies, rills, rock rectification, mosaic Landsat MSS
degradation fragments, vegetation generation. Unsupervised image. Error
cover) and supervised maximum matrixes
likelihood classification.
Wind/water Bare soil, sand dunes, Mendoza 123 AVIRIS 4 _ AVIRIS atmospheric _ Huete et al.
erosion, shrub encroachment Province, corrections, conversion (2002)
Vegetation Argentina to reflectance values.
degradation Co-registration with
IKONOS image (1m). Linear
spectral mixture analyses
integrated with field surveys
and ground radiometric
measures.
(contd)

flooded areas (2700-17,000 km?), with prior co-registration
of the imagery and conversion to backscattering values. Tex-

tural classification of multi-frequency L-band SAR imagery to
identify flooded forests and other flooded vegetation types has

Metternicht et al.: Remote Sensing of Land Degradation in Latin America and the Caribbean
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Table 4. Continued.

Accuracy
Type of soil Survey Spatial  Acquisition assessment
degradation Indicators Location  area size Sensors scale year Method/techniques techniques Authors
km? m

Wind/water Bare soil, sand dunes, Mendoza 123 EO-1 Hyperion _ Hyperion destriping, _ Huete et al.
erosion, shrub encroachment Province, atmospheric corrections, (2003)
Vegetation Argentina conversion to surface
degradation reflectance. Co-registration

with IKONOS image (1m).

Spectral indexes calculation

(NDVI, SAVI, First Derivative

Vegetation Index). Linear

spectral mixture analyses

integrated with field surveys

and ground radiometric

measures.
Wind/water Wind, runoff, and Patagonia 240,000 LandsatT™M 1992-2002 Mixed classification: Field surveys.  Mazzoni
erosion, vegetation spatial Austral Supervised and Error matrixes and Vazquez
vegetation  patterns unsupervised. (2004)
degradation
Wind Active and stabilized Northeastern 300 Terra-ASTER 2004 Georeferencing, conversion  Confusion Blanco et al.
erosion, dunes, desert Patagonia Radarsat-1 Fine 2005 to radiance values, PCA matrixes and  (2009)
vegetation  pavements, shrub Argentina and SAVI calculations of Kappa index.

degradation encroachment

optical data. Despeckle

and extraction of textural
measures from radar

data. Data fusion. Multi-
segmentation and object-
oriented classification. Fuzzy
comparison of output results.

1 NDVI, Normalized Difference Vegetation Index; DEM, digital elevation model; SAR, synthetic-aperture radar; SAVI, Soil Adjusted Vegetation Index.

been another approach trialed by Miranda et al. (2007), while
Grings et al. (2009) applied multitemporal analysis of AMSR-
E signatures covering three ecosystems in the La Plata Basin
to produce maps based on the normalized polarization index
(PI) at C band and the normalized frequency index (FI) at C
and Ka bands. Their study found wide regions characterized
by higher PI values to be related to flooding along the Parand
River, while increased PI and FI values reflected the effect of a
strong rainstorm in the Chaco forest.

Optical-IR imagery from moderate resolution sensors (e.g.,
Landsat TM, CBERS-2 CCD, Terra ASTER) have been used
to identify flooded areas (3000-30,000 km?) using techniques
as mathematical morphology (Ishikawa and Silva, 2007), un-
supervised ISODATA classification (Mieza et al., 2004), and
spectral indices like the NDVI, Normalized Difference Water
Index (NDWI), and Vegetation Soil and Water (VSW) (Azcur-
raetal., 2004). The latter study also incorporated terrain infor-
mation in the mapping process, by means of a DTM generated
from Shuttle Radar Topographic Mission (SRTM) imagery
with 30-m spatial resolution.

Landslide detection is the subject of a large number of re-
search papers (15), as shown in Table 3. The mapping of land-
slides is primarily based on aerial photographs and optical-IR
imagery from Landsat TM, ETM+, SPOT-5, and IKONOS
satellites to cover areas ranging from 4 to 15,000 km?’. This
type of imagery enables data outputs at scales of 1:10,000—
1:100,000, which are often combined in a GIS with ancillary
data (slope, aspect, land cover, land use, soils, geology, seismic-
ity, proximity to streams) to produce landslide hazard maps
(Lépez and Zinck, 1991; de la Ville et al., 2002; Carvalho and
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Riedel, 2004; Perotto Baldiviezo et al., 2004; Guinau et al.,
2005; Castellanos Abella, 2008; Castellanos Abella and Van
Westen, 2008; Van Westen et al., 2008).

Photo-interpretation, geometric and radiometric correc-
tions of satellite imagery, and contrast enhancement for visual
interpretation are techniques commonly implemented, as evi-
denced in the works of Sestini and Florenzano (2004), who
applied image transforms like Landsat TM band ratios and
principal component analysis before visual interpretation of
landslides; Marcelino et al. (2003) working with image trans-
formations (e.g., RGB to IHS, principal components analysis
and wavelet fusion) of Landsat TM data to discriminate land-
slide scars; and Ochoa Tejeda and Parrot (2007) using spectral
indices from IKONOS imagery and a DTM for automated
detection of landslide traces.

On the other hand, supervised maximum likelihood classifi-
cations have been applied to Landsat TM and Terra-ASTER im-
agery for mapping landslides (e.g., Paolini et al., 2002; Martinez
Gutiérrez, 20006), whereas advanced classifiers like decision trees
and neural networks were used by Lépez and Nunez (2006) and
Castellanos Abella (2008), respectively, for landslide susceptibil-
ity modeling. Other studies to map landslide susceptibility have
integrated thematic layers derived from Landsat TM imagery
(NDVI, land cover and land use classes) with slope and lithology
maps, using a GIS-based fuzzy logic classifier (Schernthanner,
2007), and image segmentation and classification of SPOT-5
imagery for mapping landslide scars (Riedel et al., 2007).

Spatial distribution analysis and hazard assessment of mass
movements cannot be derived from remote sensing data alone.
Image data must be combined with information on the en-
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Table 5. Soil salinity surveys using remote sensing.

Accuracy
Type of soil Survey Spatial Acquisition assessment
degradation Indicators Location  area size Sensors scale year Method/techniques techniques Authors
km? m
Soil salinity- Proportion of Punata-Cliza 90 Landsat TM 30 1996 Fuzzy set theory to define Error matrix, Metternicht
alkalinity chloride and Valley soil salinity classes; chloride,  field samples ~ (2003)
sulfates presenton (Eastern sulfate and carbonate collected for
the topsoil Bolivian anion ratios present in soil classification
Andes) saturation extract are used to  validation
define classes. Georeferenced
field samples are collected for
laboratory determinations.
Supervised maximum
likelihood classification is
applied to a Landsat TMt,
whereby membership
grades of saline fuzzy classes
are incorporated as prior
probabilities.
Soil salinity pH and EG; soil Punata-Cliza 90 JERS-1 SAR L-band 125 1994 Fuzzy supervised Error matrix Metternicht
roughness Valley classification; classes and field (1998)
(Eastern adopt transitional ‘fuzzy’ survey
Bolivian boundaries; field and
Andes) laboratory determinations
allow correlation of radar
backscattering to soil surface
roughness, the type and
degree of soil surface salinity.
Soil salinity Playa features Punata-Cliza 920 Landsat TM 30 1996 Georeferenced field Error matrix Metternicht
Salt efflorescence  Valley sampling and lab analyses.  and detection and Zinck
and crusts (Eastern Determination of of spectral (1996,
Halophytic Bolivian information classes based on confusions 1997)
vegetation and Andes) EC, pH, and SAR data.
salt-tolerant crops Discrimination of salinity-
alkalinity classes using
transformed divergence
analysis.
Contextual analysis based
on the relationship between
landscape positions and
salinity-alkalinity.
Soil salinization Salt efflorescence ~ Former Lake 60 Landsat ETM 30 2000 EC maps using ordinary Field samples. Fernandez
and crusts Texcoco Air photos 2.6 1999 kriging, ground radiance Pearson Buces et al.
Halophytic (Central Ground-based measurements, and NDVI correlation (2009)
vegetation Mexico) spectroradiometer determinations. coefficient
Data integration via a
combined spectral response
index (COSRI)
Soil salinity Salinity and Chubut 413 SIR-CXSAR 25 1994  Radiometric and geometric  Field surveys. ~ del Valle et
Sodicity classes Valley, Radarsat-1 8 2005 corrections. Extraction of Error matrixes. al. (2009b)
Argentina derived textural measures
(mean euclidean distance,
variance and skewness).
Object-oriented image
classification.
Soil salinity Salinity and Chubut 64 ALOS AVNIR-2 10 2007 Geometric and atmospheric  Confusion del Valle et
sodicity classes Valley, corrections, optical matrixes and  al. (2009a)
Argentina enhancement (Tasseled Kappa index.

Cap). Radar-optical images
fusion. Comparison between
maximum likelihood
classification vs. object-
oriented classification.

+TM, thematic mapper; SAR = sodium adsorption ratio; NDVI, Normalized Difference Vegetation Index.

vironmental factors that trigger and control landslides (e.g.,
rainfall, topography, soil properties, geologic setting, among
others). In this sense, GIS plays a fundamental role as a plat-
form to integrate multi-scale remote sensing, field survey, and
ancillary data for detecting shallow landslides, debris flows, soil

slips, and slumps, and for modeling landslide hazards (Tables
3 and 4). Geographic Information Systems (GIS) is also used
in combination with artificial neural networks (Gémez and
Kavzoglu, 2005), logistic regression (Menéndez-Duarte et al.,
2003), and other advanced modeling techniques.
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Wind Erosion

Sand dunes, wind streaks, paleo-acolian features, desert
pavements, sand encroachments, blowouts, and changes in the
vegetation cover are indicators commonly applied for mapping
wind-induced soil degradation. Land degradation is often as-
sessed from a combination of wind and water erosion processes,
a fact that may reflect the one-to-many relationship between
indicators and processes, one indicator representing several pro-
cesses, as highlighted by Metternicht (1996). Wind erosion is
mapped alone in only 7 of the 14 works summarized in Table 2.

Traditionally, aerial photographs and Landsat imagery are
combined to map wind erosion features over areas ranging from
1000 to 25,000 km?, that is, at local and subregional levels
(Winjnhoud and Monteith, 1982; Greesley et al., 1989). Visual
interpretation of enhanced imagery (Navone et al., 2000), image
transformation techniques (Carneiro Filho and Zinck, 1994),
digital image classification using neural networks (Collado,
2000), spectral mixture analysis (Collado et al., 2000), and su-
pervised maximum likelihood classification (Carneiro Filho and
Zinck, 1994; del Valle et al., 2008) are some of the techniques
applied for extracting data on wind erosion indicators. These
data are subsequently used as input for GIS-based erosion risk
assessment (Navone et al., 2000), temporal change detection of
sand dune configuration (Collado, 1999), estimating sand mo-
bilization rates, and statistical analysis of wind patterns related to
dune migration (del Valle et al., 2008).

Multi-sensor (e.g., optical, infrared, and microwave), multi-
scale approaches are applied for combined mapping of water-
and wind-induced land degradation. For instance, Navone
et al. (2002) combined various sorts of data such as field ob-
servations, aerial photographs, and Landsat/Radarsat satellite
images to map erosion features; del Valle and Blanco (2000)
identified wind erosion and deposition features (wind streaks,
dunes, gullies, erosion pavements) using multi-temporal and
multi-polarization microwave imagery of the ERS/SAR, Sir-
C/X SAR, and Radarsat-1; and Blanco et al. (2009) applied
image segmentation and object-oriented classifications of
Terra-ASTER, and textural measures derived from Radarsat to
discriminate desert pavements, active and stabilized dunes, and
shrub encroachment.

Soil Salinization

Surface salinity is a highly dynamic property. This constrains
the identification of salt-affected soils and the monitoring of the
salinization process, because it influences the spectral, spatial,
and temporal behavior of the salt features. Ground observations
and radiometric measurements show that the main factors af-
fecting the reflectance of salt-affected soils are quantity and min-
eralogy of salts, together with soil moisture, color, and surface
roughness. Soil surface salinity can be detected from remotely
sensed data, obtained by ground-based, airborne, or space-borne
sensors, through direct indicators that refer to salt features visible
at the soil surface and indirect indicators that refer to contex-
tual features, such as the presence of native halophytic vegeta-
tion or the performance level of salt-tolerant crops (Metternicht
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Fig. 1. Sensors used vs. surface areas covered by land degradation
studies (Data source: Tables 2, 3, 4, and 5).
and Zinck, 2003; Farifteh, 2007). Remote sensing-based ap-
proaches to map and monitor salinized landscapes should take
into consideration (i) the discontinuous way in which salts tend
to distribute on the landscape, so that appropriate classification
schemes can be developed and (ii) the mineralogy of salt types,
as this controls the occurrence of spectral absorption features in
specific regions of the electromagnetic spectrum and influences
the appearance of salinity indicators (e.g., salt crust types) at the
soil surface (Metternicht and Zinck, 2009).

Metternicht and Zinck (2003, 2009) provide an extensive
overview of the indicators and kinds of remotely sensed imag-
ery commonly used for mapping soil and terrain salinization,
whereas Ben Dor et al. (2009) review the use of airborne and
satellite-borne sensors that have been used for mapping salt-
affected areas.

In Latin America, the mapping of salt-affected areas began
with the use of aerial photographs, and photo-interpretation is
still a conventional technique for cartographies of medium to
large scales. Ferndndez Buces et al. (2009) describe a synergistic
approach that combines field and remote sensing data (Land-
sat ETM and color photographs) for mapping saline areas in
Mexico, whereby a spectral response index using NDVI is used
for image enhancement, before a combination with spectral
responses of bare soil and vegetation (see Table 5).

Metternicht (1998) and del Valle et al. (2009b) provide
examples of using microwave data for mapping soil saliniza-
tion. Metternicht (1998) distinguishes saline from nonsaline
surfaces in the Cochabamba Valley, Bolivia, using microtopo-
graphic terrain variations as an indirect indicator of salinity oc-
currence, when applying fuzzy classification to a set of JERS-1
data. Changes in soil surface roughness due to different salt
crust types, the presence of halophytic vegetation, and soil ag-
gregation due to cultivation practices facilitated the mapping
process. Likewise, del Valle et al. (2009b) evaluated the use-
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fulness of radar-derived parameters for detecting and mapping
salt-affected soils under irrigation in Chubut (Argentina). Mi-
crowave imagery of the Radarsat-1 (C-band, HH polarization,
acquired in 2005 with a spatial resolution of 8 m) and SIR-C
(C- and L-bands, multi-polarization, acquired in 1994 with
a pixel resolution of 25 m) were used to this end. Variables
related to the radar system design (mainly wavelength, number
of looks and polarization mode) and to the environmental set-
ting of the area were analyzed to better understand the behav-
ior of the radar backscattering. Four factors were significant
when analyzing the variations of the backscattering coeflicients
in the environmental setting considered, namely soil type (soil
texture), tillage conditions or soil surface aspect, soil moisture
or surface water, and the presence of salts. The average back-
scattering values for all salt-affected soil classes were higher in
the L-band than in the C-band of the SIR-C, when the same

polarization modes were compared.

Vegetation Cover Degradation

Vegetation indices are a measure of greenness that has been
successfully related to vegetation types and cover, biological
changes of vegetation, leaf-area index, biomass, the fraction
of photosynthetically active radiation absorbed by vegetation,
crop production, net primary production, and vegetation
changes, among others. In areas of closed vegetation canopy,
the NDVI can be saturated. In sparsely vegetated areas typical
of semiarid environments, retrieving quantitative information
on vegetation type, cover, and biomass is more difficult because
of the dominance of soil background reflectance and lack of the
strong red edge that characterizes vegetation in humid regions
(Paruelo et al., 2001; Okin and Roberts, 2004).

The Global Assessment of Land Degradation and Improve-
ment (Bai et al., 2008b) proposes using the NDVT as a proxy
of net primary production (NPP) for land degradation assess-
ment at global and national levels. In South America, the ap-
proach has been tested in Argentina and Cuba (Bai and Dent,
2007a, 2007b). Changes in net primary production over 25 yr
are computed using the GIMMS radiometer of the NOAA-
AVHRR-Global Area Coverage (GAC) that has a spatial reso-
lution of 8 km. Deviation from the norm is taken as an indica-
tor of land degradation or improvement. The Global Inventory
Modeling and Mapping Studies (GIMMS) data are combined
with ancillary data indicative of rain use efficiency and energy
use efficiency, and translated into NPP using MODIS NPP
data at 1-km resolution. The MODIS NPP measures the frac-
tion of the photosynthetically active radiation absorbed by the
vegetation (Bai et al., 2008a). The authors highlight that long-
term trends of NDVI derivates are unsophisticated indicators
of land degradation, although the NDVI/NPP trend can pro-
vide a globally consistent baseline showing the places where
significant biological change is happening (Bai et al., 2008b).
Multi-scale, synergistic approaches are further needed to field-
validate the results and determine the relationship between
changes in NDVI/NPP and kinds of degradation. Further-
more, the coarse resolution of the GIMMS data is a limitation

for accurate mapping, as an 8-km pixel is likely to integrate the
signals from several landscape components. Many symptoms
of severe degradation such as gullies and rills rarely cover large
areas, thus degradation must be severe indeed to be seen against
the signal of surrounding unaffected areas (Bai et al., 2008a).

Airborne hyperspectral imagery, with advanced image clas-
sification techniques (e.g., linear mixture modeling), has been
used for mapping vegetation degradation and other indicators
related to soil degradation over areas in the range of 100 to
1,200 km?. Satellite hyperspectral Hyperion data have been
processed using spectral indices (NDVI, SAVI, First Deriva-
tive Vegetation Index) and linear spectral mixture analysis in-
tegrated with field surveys and ground radiometric measures
(Huete et al., 2003). Furthermore, Monte Carlo spectral mix-
ture analysis of hyperspectral AVIRIS data has been applied
to estimate photosynthetic and nonphotosynthetic fractional
covers (Huete et al., 2002; Asner et al., 2003).

Validation

Assessing the accuracy of a particular method to map land
degradation features and its prediction capability requires the
validation of the resulting maps with independent data. Al-
though the importance of accuracy assessment is widely rec-
ognized, this is, however, a difficult task mainly because of the
significant investment in time and money needed to gather
ground-truth information. It is thus not surprising that most
of the reviewed studies have not or only slightly addressed the
issue of validation (see Tables 2, 3,4, 5).

Tables 3 to 5 show that for those studies concerned with
accuracy assessment of results, field data were the main source
of ground-truth (e.g., Diaz et al., 1999; Menéndez-Duarte et
al., 2003; Pallas et al., 2004). Also, the interpretation of high
resolution remote sensing imagery was used for validation,
including aerial photographs (Mieza et al., 2004; Sestini and
Florenzano, 2004) and high-resolution images such as pan-
chromatic Quick-Bird (Vrieling et al., 2007).

The assessment of classification accuracy has generally been
based on nonspatial statistics that are summarized in a confu-
sion or error matrix, including overall accuracy, Kappa coefhi-
cient, variance, and Z statistics (Bocco, 1990; Metternicht and
Zinck, 1998; Trueba Espinosa et al., 2004). However, none
of these statistics explicitly considers the spatial distribution
of misclassified pixels. Only a few studies provide information
on the spatial distribution of classification errors (e.g., Metter-
nicht and Fermont 1998; Blanco et al., 2009).

Conclusions

Early land degradation assessments were essentially based
on expert judgment. Over the last decades, efforts have been
made to develop standardized, operational methods and tools
to map and monitor land degradation at different scales, with
the wide application of geospatial technologies, in particular
remote sensing. There is still a basic need to formalize degrada-
tion classes and select indicators that are unequivocally related
to specific classes.
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The problems faced in remote discrimination and mapping
of surface features related to land degradation are: (i) the one-
to-many relationships between surface features and land degra-
dation processes, one feature being able to characterize several
degradation processes; (ii) the spectral similarity among surface
components associated with land degradation; and (iii) the dif-
ferences in spatial resolution of the various data sources used
for mapping purposes, including remotely sensed data, field
observations, and laboratory determinations.

The constraints on remote sensing can be overcome by us-
ing indicators that directly or indirectly help recognize land
degradation features in the optical, infrared, and microwave
regions of the electromagnetic spectrum. Indicators must be se-
lected taking into account the mapping scale, the spectral char-
acteristics of the sensors, and the time of image acquisition. To
support the performance of the selected indicators for pattern
recognition, raw remotely sensed data are usually enhanced or
transformed to improve the discrimination between degraded
and nondegraded areas.

The contribution of remote sensing to mapping land deg-
radation in LAC was summarized from the compilation of a
large set of published research papers dealing with water ero-
sion, wind erosion, salinization, and alteration of the veg-
etation cover (see Tables 3—5). The Landsat series (MSS, TM,
ETM+) has shown as the most commonly used data source
(49%), followed by aerial photographs (39%) and microwave
sensing (ERS, JERS-1, Radarsat) (27%). About 43% of the
works analyzed use multi-scale, multi-sensor, multi-spectral
approaches to map degraded areas, with a combination of vi-
sual interpretation and advanced image processing techniques.
The use of more expensive hyperspectral and/or very high spa-
tial resolution sensors like AVIRIS, Hyperion, SPOT-5, and
IKONOS tends to be limited to small areas.

Although Landsat-like digital data are nowadays common
to land degradation studies, there is a rich experience in using
analogical methods based on aerial photographs for identify-
ing and mapping land degradation features. Some pioneering
works, with their richness of details and accuracy of the obser-
vations, have not yet been beaten by automated or semi-auto-
mated techniques. Unfortunately, current scientific production
tends to quote only the most recent papers, disregarding often
earlier relevant works simply because of the time elapsed since
their publication.

Shallow mass movements, gullies, rills, sheet erosion, badlands,
debris flows, soil slips, and slumps are the indicators frequently
used to assess soil degradation induced by water. Sand dunes, wind
streaks, paleo-acolian features, desert pavements, sand encroach-
ments, blowouts, and changes in the vegetation cover are indica-
tors commonly applied for mapping wind-induced soil degrada-
tion. Soil surface salinity is detected through direct indicators that
refer to salt features visible at the soil surface, such as salt crusts
and efflorescence, and indirect indicators that refer to contextual
features, such as the presence of native halophytic vegetation or the
performance level of salt-tolerant crops.

Visual interpretation of aerial photographs remains a popu-
lar technique for mapping land degradation features. Much
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progress has been made in the last decades thanks to synergis-
tic multi-sensor approaches that combine visible, infrared, and
microwave image data with ancillary data about environmental
factors for mapping, modeling, and predicting land degrada-
tion. Likewise, a variety of transforms of remote sensing data
has been used, including best band selection, principal compo-
nents analysis, intensity-hue-saturation transformation, image
ratioing, and image differencing. Band selection techniques
such as the optimum index factor and transformed divergence
analysis have been used for data preprocessing. Techniques
used to recognize patterns or indicators related to land degra-
dation range from visual interpretation of enhanced images to
supervised and unsupervised approaches incorporating maxi-
mum likelihood classifiers, neural networks, decision trees,
unmixing of surface features, fuzzy classification, and SAR in-
terferometry techniques. Validation using ground-truth to as-
sess the accuracy of remotely-sensed land degradation maps is
still lagging behind. Detailed field surveys, although costly and
time-consuming, are indispensable for this purpose. Alterna-
tive validation data provided by aerial photographs and high-

resolution satellite imagery are increasingly used.
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