
CHAPTER 4

REMOTE-SENSING AND GIS APPLICATIONS IN AGROMETEOROLOGY

4.1 	 DEFINITION	AND	ROLE	OF	
REMOTE-SENSING

Remote-sensing is the science and art of obtaining 
information about an object through the analysis of 
data acquired by a device that is not in contact with 
the object (Lillesand and Keifer, 1994). Remotely 
sensed data can take many forms, including varia-
tions in force distribution, acoustic wave distribution 
or electromagnetic energy distributions, and can be 
obtained from a variety of platforms, including satel-
lites, airplanes, remotely piloted vehicles, hand-held 
radiometers or even bucket trucks. They may be 
gathered by different devices, including sensors, film 
cameras, digital cameras and video recorders. 
Instruments capable of measuring electromagnetic 
radiation are called sensors. Sensors can be divided 
into two main groups:
(a) Passive sensors, which do not have their own 

source of radiation. They are sensitive only to 
radiation from a natural origin;

(b) Active sensors, which have a built-in source of 
radiation. Examples are radar (radio detection 
and ranging) and lidar (light detection and 
ranging) systems.

Remote-sensing can be analogue (photography) or 
digital (multispectral scanning, thermography, 
radar). The elements of a digital image are called 
resolution cells (during the acquisition of data) or 
pixels (after the creation of the image). The use of 
remote-sensing data requires some knowledge 
about the technical capabilities of the various sensor 
systems. The technical capabilities of the sensor 
systems can be listed according to three kinds of 
resolution:
(a) Spatial resolution, which concerns the size 

of the resolution cell on the ground in the 
direction of the flight and across. The size of 
the pixel determines the smallest detectable 
terrain feature;

(b) Spectral resolution, which concerns the 
number, location in the electromagnetic spec-
trum, and bandwidth of the specific wave-
length bands or spectral bands. This resolution 
differs among sensors and largely determines 
their potential use;

(c) Temporal resolution, which concerns the 
time lapse between two successive images of 
the same area. This is determined primarily by  

 the platform used and secondarily by atmos-
pheric conditions.

Remote-sensing provides spatial coverage through 
the measurement of reflected, emitted and backscat-
tered radiation, across a wide range of wavebands, 
from the earth’s surface and surrounding atmos-
phere. Remotely sensed data may be obtained from 
the land surface across a wide range of wavebands, 
from the ultraviolet, visible, near-infrared, short-
wave infrared, mid-infrared, thermal infrared, and 
microwave regions of the electromagnetic spectrum. 
These bands are located in so-called “atmospheric 
windows”: because there is a signal from the surface, 
total absorption (or scattering) of the light owing to 
atmospheric constituents does not occur.

Each waveband provides different information 
about the atmosphere and land surface. Clouds, 
rainfall, surface temperatures, temperature and 
humidity profiles, solar and net radiation, and the 
fundamental processes of photosynthesis and 
evaporation can affect the reflected and emitted 
radiation detected by satellites. The research chal-
lenge is to develop models that can be inverted to 
extract relevant and reliable information from 
remotely sensed data, providing final users near-
real-time information. In general, the tools used in 
remote-sensing can be grouped into three main 
categories, namely, satellite, radar and near-to-
surface instruments.

The platform for remote-sensing can be either fixed 
or moving, terrestrial or operating from different 
altitudes, and it can be either manned or unmanned. 
Considering the operating time, the platform can 
be classified as temporary, semi-permanent or virtu-
ally permanent. These aspects are important in 
order to understand the quality and quantity of the 
information available to the agrometeorological 
service. The distance of the instruments directly 
affects the resolution and the precision of the infor-
mation. The resolution of observation can vary 
from a few square metres, with a scanner mounted 
on a vehicle, to continental scale, using a meteoro-
logical satellite. Due to the large volumes of data 
generated, an increase in temporal resolution is 
usually at the expense of spatial and spectral resolu-
tion. Relevant to agricultural meteorology are the 
earth resource satellites with high spatial resolution 
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and the meteorological satellites with high tempo-
ral resolution.

4.1.1 	 Reflective	remote-sensing

The reflective portion of the electromagnetic spec-
trum (EMS) ranges nominally from 0.4 to 3.75 μm. 
Light of shorter wavelength than this is termed ultra-
violet (UV). The reflective portion of the EMS can be 
further subdivided into the visible (VIS) (0.4–0.7 
μm), near-infrared (NIR) (0.7–1.1 μm), and short-
wave infrared (SWIR) (1.1–3.75 μm). Remote-sensing 
converts an analogue photon flux to digital images, 
where the number of quantization levels is a func-
tion of the number of bits used to represent the 
photon flux. The number of quantization levels 
equals two to the power of the number of bits. That 
is, 7-bit data provide 128 (27) levels of quantization, 
8-bit data provide 256 (28), 10-bit data provide 1 024 
(210) and 12-bit data provide 4 096 (212). The ability 
of remote-sensing measurements to distinguish 
different properties of the Earth’s surface in the EMS 
is partly determined by the level of quantization. 
Many remote-sensing instruments have channels 
situated in the red and NIR wavelengths of the spec-
trum. These two reflective bands are often combined 
to produce vegetation indexes. The most common 
linear combinations are the simple ratio (NIR/red) 
and normalized difference vegetation index (NDVI); 
NDVI is derived from (NIR – red)/NIR + red). Several 
publications (Wiegand et al., 1991; Kaufman and 
Tanre, 1992; Thenkabail et al., 1994; Leprieur et al., 
1996; Penuelas and Filella, 1998) provide compre-
hensive listings of vegetation indices.

There are positive correlations between NDVI 
and factors such as plant condition (Sellers, 
1985); foliage presence, including leaf area index 
(LAI) (Curran et al., 1992; Tucker, 1979; Nemani 
and Running, 1989; McVicar et al., 1996a, 1996b, 
1996c); and per cent foliage cover (Lu et al., 
2001). Based on the relationship between LAI 
and NDVI, many previous studies have modelled 
crop yield by integrating the area under the 
NDVI curve (denoted ∫NDVI) for all or part of 
the growing season (Rasmussen, 1998a, 1998b; 
McVicar et al., 2002; Honghui et al., 1999). Some 
researchers have used regression-based models 
developed from NDVI data acquired at specific 
times during the growing season (Maselli et al., 
1992; Smith et al., 1995). The amount of green 
leaf is one determinant of the signal strength in 
the reflective portion of the EMS. There are 
several other important factors affecting the 
acquired value of the data, including both soil 
colour and Sun–target–sensor geometry.

The following discussion draws heavily on Roderick 
et al. (2000), whose work elegantly illustrates the 
effect of soil colour and quantization on overall 
reflectance and shows how change can be distin-
guished using remotely sensed measurements. The 
authors assumed a Lambertian surface (one that has 
no angular dependency), with no shade present 
and two soils, one dark (5 per cent albedo1) and the 
other bright (30 per cent albedo), with green grass 
(10 per cent albedo) in the red portion of the EMS. 
On a dark soil, a 20 per cent increase in green grass 
results in an overall 1 per cent increase in albedo; 
on a bright soil it results in a 4 per cent decrease. 
Hence, the albedo of the elements that make up the 
scene and their relative proportions are important 
to the overall albedo. For dark soils sensed with a  
7-bit instrument, a 15 per cent change in cover is 
needed to change the recorded digital number by 1. 
This falls to 0.5 per cent for a 12-bit system. At the 
same level of quantization, a larger relative differ-
ence between end-members requires a smaller 
change in the percentage of grass cover to detect 
change. This is because there is a greater difference 
in the albedo of the end-members when looking at 
bright soils (20 per cent difference), than when 
considering a dark soil (5 per cent difference).

In reality, the land surface is not a perfect Lambertian 
reflector (Liang and Strahler, 2000) – most surfaces in 
the optical (reflective and thermal) portions of the 
EMS are strongly anisotropic2. The geometry of the 
Sun, target and sensor, and the size, shape and spac-
ing of elements (for example, trees over bare ground), 
control the amount of shadow contributing to the 
signal (Hall et al., 1995). This effect, termed the bidi-
rectional reflectance distribution function (BRDF) 
(Burgess and Pairman, 1997; Deering, 1989), is char-
acteristic of vegetation structure in reflective remotely 
sensed images. This means that in addition to the 
albedo of the scene elements and their relative 
proportions, the spatial distribution and the pixel 
size of observation affect the signal measured by 
remote-sensing instruments (Jupp, 1989a, 1989b; 
Woodcock and Strahler, 1987; Walker et al., 1986; 
Jupp and Walker, 1996). In addition, the match 
between the operational scale and the resolution 
partly controls the strength of relationships between 
surface properties and remote-sensing (Friedl, 1997). 
Image information content is minimal when the 
resolution is approximately equal to the operational 
scale (Woodcock et al., 1988a, 1988b). Other factors 

1 Albedo: the fraction of light that is reflected by a body or 
surface.

2 Anisotropic: having different physical properties in different 
directions.
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affecting the reflective portion of the EMS include 
changes in the observed signal due to changes in the 
atmospheric component of the signal, such as atmos-
pheric precipitable water (Choudhury and 
DiGirolamo, 1995; Hobbs, 1997) and atmospheric 
aerosols, and changes in the response of the sensor 
over time (Mitchell, 1999). 

4.1.2 	 Thermal	remote-sensing	

The thermal portion of the EMS ranges nominally 
from 3.75 to 12.5 μm. The observed surface temper-
ature is a function of the radiant energy emitted by 
the surface that is remotely sensed, be it land, ocean 
or cloud top. Models have been developed to allow 
surface temperature to be extracted from thermal 
remote-sensing data. Prata et al. (1995) review the 
algorithms and issues, including land emissivity 
estimation, that are involved in the calculation of 
land surface temperature, denoted Ts.

Thermal remote-sensing is an observation of the 
status of the surface energy balance (SEB) at a specific 
time of day. The SEB is driven by the net radiation at 
the surface. During the daytime, the net radiation is 
usually dominated by incoming short-wave radia-
tion from the Sun, and the amount that is reflected 
depends on the albedo of the surface. There are also 
long-wave components that well up and down. At 
the ground surface, the net all-wave radiation is 
balanced among the sensible, latent and ground heat 
fluxes. The ground heat flux averages out over long 
periods; thus the SEB represents the balance between 
the sensible and latent heat fluxes. During the day, Ts 
is partially dependent on the relative magnitude of 
the sensible and latent heat fluxes (Quattrochi and 
Luvall, 1999; McVicar and Bierwirth, 2001; McVicar 
and Jupp, 1999, 2002). 

Remotely sensed thermal data are also recorded at 
night. At this time, the SEB is dominated by the 
release from the ground of heat that was absorbed 
during daylight hours, which is governed by how 
much heat was absorbed during the day and the 
rate at which it is released after sunset. The environ-
ment’s capacity to store heat depends on the 
amount of water it is storing.

4.1.3 	 Microwave	remote-sensing

The microwave portion of the EMS ranges nominally 
from 0.75 to 100 cm. Radio signals have wavelengths 
that are included in these bands. These systems can 
be either active or passive. Both passive and active 
microwave observations have been used to 
determine the near-surface soil moisture for a 
number of experimental field sites. Radar is an 

active system that consists of sending a pulse of 
microwave energy and then recording the strength, 
and sometimes polarization, of the return pulses. 
The way the signal is returned provides information 
to determine characteristics of the landscape. Radar 
has been used in the determination of near-surface 
soil moisture.

4.1.4 	 Earth	satellites

The major earth resource satellites are LANDSAT 
(United States), with wavebands in VIS, NIR, SWIR 
and thermal infrared (TIR); SPOT (France), with 
wavebands in VIS and NIR; and MODIS (United 
States), which views the entire surface of the Earth 
every one to two days, acquiring data in 36 spectral 
bands, or groups of wavelengths. SPOT uses a push-
broom linear array of charge-coupled device 
detectors which cover only the VIS and NIR spectral 
regions. In terms of agricultural meteorological 
applications, LANDSAT, SPOT and MODIS data are 
useful for characterizing the land surface.

4.1.5 	 Weather	satellites

The remote-sensing of weather and climate by 
polar-orbiting and geostationary satellites is 
regarded as the single most significant breakthrough 
for monitoring the Earth’s weather, climate and 
vegetation in the last quarter of a century. It is 
fortunate that when they are not viewing clouds, 
these satellites collect data on terrestrial vegetation 
and ocean temperature. Hence, they provide 
information on both meteorology and vegetation, 
the two essential inputs into agricultural 
meteorology. Two broad types of meteorological 
satellite are in common use. One is the polar-
orbiting satellite of the United States National 
Oceanic and Atmospheric Administration (NOAA) 
that is placed on a low Earth orbit of 750 km. The 
other is the Geosynchronous Meteorological 
Satellite (GMS), which orbits at an altitude of some 
36 000 km; GMS was launched by China, the 
European Space Agency, India, Japan, the United 
States and the Soviet Union to form a global 
atmospheric monitoring system. The use of air- and 
satellite-borne radars is expected to promote the 
use of remote-sensing monitoring systems for 
cloudy days. This aspect of remote-sensing is still in 
the research phase, however.

4.1.6 	 Derived	products

All data produced by a satellite are processed for the 
extraction of the desired information. There are 
many methods, algorithms and procedures to derive 
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fundamental data for agrometeorological applica-
tions from remote-sensing. Among the existing 
indices, the most extensively used are:
(a) The sea surface temperature (SST);
(b) The land surface temperature (LST);
(c) The normalized difference vegetation index 

(NDVI);
(d) The optimal index of current plant cover and 

its variation with time.

4.2 	 INTRODUCTION	TO	GEOGRAPHICAL	
INFORMATION	SYSTEMS

A Geographical Information System (GIS) can be 
defined in a broad sense as a collection of hard-
ware, software, data, organizations and 
professionals for the purpose of representing 
and analysing geographic data. A GIS references 
real-world spatial data elements (also known as 
graphic or feature data elements) to a coordinate 
system. These features can usually be separated 
into different thematic types (for example, soils 
and meteorological data). A GIS can also store 
attribute data, which contain descriptive infor-
mation pertaining to the map features. This 
attribute information is placed in a database that 
is separated from the graphics data, but linked 
to them. A GIS allows the examination of both 
spatial and attribute data at the same time. Also, 
a GIS lets users search the attribute data and 
relate them to the spatial data, and vice versa. 
Therefore, a GIS can combine geographic and 
other types of data to generate maps and reports, 
enabling users to collect, manage and interpret 
location-based information in a planned and 
systematic way. In short, a GIS can be defined as 
a computer system capable of assembling, stor-
ing, manipulating and displaying geographically 
referenced data.

4.2.1 	 Storing	geographic	data

A GIS provides an organized method of storing 
spatial data. It stores the characteristics of features 
(the attribute component) in a database, then links 
the attributes to features (the spatial component) 
that it displays on a map. GIS software stores the 
information about each feature as a record in a table 
and organizes the attributes into columns, and it 
displays the linked features, which are called a 
theme. Themes can be organized and displayed in a 
window, which is called a view. This stored infor-
mation (features and attributes) can then be 
manipulated, retrieved and analysed using GIS 
methods and tools. 

A GIS stores sets of features and attributes as 
layers. Not all of the layers it stores necessarily fit 
together, however. The layers may be stored in 
different formats, different map projections and 
different resolutions. In each of these cases, the 
datasets will not fit together or “line up”. 
Managing spatial data includes converting data-
sets into formats that can be used by the GIS, 
changing a map’s projection to match the projec-
tion of other maps, and most importantly, 
documenting the data and processes, also known 
as metadata.

A GIS provides several methods of retrieving infor-
mation. One method is to create an attribute 
query. An attribute query is a set of criteria for a 
specific attribute. The database searches within a 
specified column for records that match the crite-
ria that are set and retrieves those records. This 
type of query is a basic function of most databases. 
It takes some thought to design a query statement 
that retrieves (selects) only those records that are 
needed, leaving behind (unselected) those that are 
not needed. While an attribute query allows one 
to set criteria for a certain value or range of values 
for an attribute in the database, a spatial query 
selection allows one to retrieve records by select-
ing features on a map. Various tools are used to 
select the features on the map and through their 
linkage in the database, the records associated 
with the selected features are retrieved. Different 
GIS software packages have different methods of 
retrieval. Nonetheless, query is a very useful tool 
that allows the user to retrieve the information 
that has previously been stored.

Spatial data may be stored in either raster or vector 
formats with a GIS. In principle, both can be used to 
represent point, area and continuous spatial objects, 
but in practice raster formats tend to be used to 
represent continuous spatial objects and vector 
formats are used to represent point and area objects. 

4.2.2 	 Raster	format	

In a raster representation, geographic space is 
divided into an array of cells (a matrix), as shown in 
Figure 4.1. All geographic representation is then 
expressed by assigning attributes to these cells. 
These cells are sometimes called pixels. The colours 
of cells in the figure represent different values on a 
nominal scale. One of the most common forms of 
raster data comes from remote-sensing satellites. 
(Pixel sizes from satellite-derived data vary from a 
resolution of 5 m to over 1 km, with the area of 
pixels ranging from 25 m2 to over 1 km2).
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When information is represented in raster 
format, each component cell is assigned a single 
attribute value and all detail about variation 
within the component cell is lost. When creating 
raster data, several rules may be applied to 
specify how a cell will be coded: in most 
situations the attribute with the largest share of 
the cell’s area gets the cell attribute value. In 
other circumstances, the rule is based on the 
central point of the cell and the attribute value 
of the central point is assigned to the cell. 
Although the largest share rule is almost always 
preferred, the central point rule is commonly 
used because it is quick to calculate.

4.2.3 	 Vector	format

In a vector representation, all objects are represented 
as points connected by straight lines. An area is 
captured as a series of points or vertices connected 
by straight lines, as shown in Figure 4.2. The use of 
straight lines explains why areas in vector represen-
tations are often called polygons.

To capture an area object in vector form, one needs 
only to specify the locations of the points that 
form the vertices of the polygon area. A raster 
representation, on the other hand, would require a 
listing of all the cells that form the area. To create 

a close approximation of an area in raster format, 
it would be necessary to resort to using very small 
cell sizes, and the number of cells would increase 
proportionally with the level of detail required. In 
some circumstances the precision of vector 
representations might be crude, since many 
geographic phenomena cannot be located with 
high accuracy. In these cases, raster representations 
may be a more appropriate representation of the 
inherent quality of the data. Also, various methods 
exist for compressing raster data that can greatly 
reduce the capacity needed to store a given dataset. 
Table 4.1 summarizes the features of raster and 
vector representations in a GIS.

Numerous thematic surveys in the form of soil 
survey reports, climatic maps, groundwater 
surveys, land cartography, and the like do exist. 
Integrated land and water resource information 
systems, based on GIS technology, will play a 
major role in linking multidisciplinary, geograph-
ically referenced databases of different resolutions. 
Digital elevation models (DEMs) play an increas-
ingly important role in this integration and 
consist of topographic information on a  
grid basis, that is, three-dimensional representa-
tion of the land. This is a basic information  
layer in agrometeorology for GIS applications 
(Figure 4.3)

Area: set of cells
Lines: set of cells

Locations containing attributes
throughout entire cell

Figure 4.1. Example of raster data format in GIS

Polygon: area enclosed by arcs
Arcs: line segments

Points: single coordinate pairs
Vertices: points along an arc

Discrete points

Factor Raster Vector

Source

Resolution

Volume of data

Applications

Ease of calculation

Remote-sensing

Fixed

Depends on size of cells used and 
spatial extent of study area

Environmental applications

Efficient

Printed maps, digitized maps

Variable

Depends on level of detail

Social, economic, administrative

Relatively inefficient

Table 4.1. Features of raster and vector representations in a GIS

Figure 4.2. Example of vector data format in GIS
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4.2.4 	 Requirements	of	a	GIS

In a GIS, all the information can be linked and 
processed simultaneously, thus creating a 
syntactical expression of the changes induced in 
the system by the variation of a parameter. There 
are two types of archives: static and dynamic. 
This technology allows the contemporary 
updating of geographical data and their relative 
attributes, which leads the system to adapt rapidly 
to the real conditions and provides answers in 
near-real time.

The system requires preliminary basic informa-
tion that, in the agrometeorological sector, is 
often furnished by the historical archives of 
different disciplines: geography, meteorology, 
climatology, agronomy, and so on. Data import 
requires time and attention, mainly because this 
information will provide the basic knowledge of 
the territory and the individual parameters, and 
it is difficult to modify once it has been 
obtained.

A realistic reproduction of the terrain elevation 
allows the use of many other parameters, such as 
hydrology, sunshine duration, and so forth. This 
layer is basic to all the others, especially for the 
agrometeorologist. Other elements, such as text, 
photographs, film, and the like, can be introduced 
to complete the informative layer.

4.2.5 	 Basic	components	of	a	GIS

The function of an information system is to improve 
a user’s ability to make decisions in research, plan-
ning and management. An information system 
involves a chain of steps from the observation and 
collection of data, to their analysis, to deriving 
information and using it in some decision-making 
process. In this context, a GIS may be viewed as a 
major subsystem of an information system. A 
computer-based GIS may itself be viewed as having 
five component subsystems, including:
(a)  Data encoding and input processing;
(b)  Data management;
(c)  Data retrieval;
(d)  Data manipulation and analysis;
(e)  Data display.

4.3 	 INTEGRATION	OF	REMOTE-SENSING	
AND	GIS	

Integration with GIS is needed for remote-sensing 
(RS) technology to be complete. Remote-sensing 
represents a technology for synoptic acquisition 
of spatial data and the extraction of scene-specific 
information. Demand for remote-sensing as a 
data input source for spatial database development 
has increased tremendously during the last few 
years. Products derived from remote-sensing are 
particularly attractive for GIS database 
development because they can provide cost-
effective, wide-area coverage in a digital format 
that can be directly entered into a GIS. Because 
remote-sensing data are typically collected in a 
raster data format, the data can be cost-effectively 
rectified or converted to a vector format for 
subsequent spatial data analysis or modelling 
applications.

A leading agrometeorological weather service, using 
advanced data collection and analysis tools like 
remote-sensing and GIS, must be equipped with 
sophisticated devices, but above all must have 
efficient and trained staff. In developing countries, 
there remains a risk that using limited resources 
(high-level agrometeorological personnel and 
funding) on the development of highly specialized 

Figure 4.3. Illustrations of a digital elevation model 
(DEM), remotely sensed DEM and triangulated 
irregular network (TIN) (from top to bottom)
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and complex products will not serve the needs of 
agricultural decision-makers. The problems and 
priorities of agrometeorological services need to be 
defined first. Methodologies come second, but will 
be essential if they are made available and applied 
properly. 

Our understanding of associated data-processing 
errors, especially for integrating multiple spatial 
datasets, lags far behind. It is necessary to clearly 
identify the types of error that may enter into the 
process and understand how the error propagates 
throughout the processing flow. Procedures need 
to be developed to better quantify and report 
errors using standardized techniques. Performing 
spatial data analysis operations with data of 
unknown accuracy, or with incompatible error 
types, will produce an output product of low 
confidence and limited use in the decision-
making process.

4.3.1 	 Data	integration

Remote-sensing and GIS error, combined with data 
acquisition, processing, analysis, conversion and 
final product presentation, can have a significant 
negative impact on the confidence of decisions 
made using the data. The process of integrating 
remote-sensing data into a GIS usually includes the 
following analytical procedures: data acquisition, 
data processing, data analysis, data conversion, 
error assessment, and final product presentation. 
Error may be transferred from one data process step 
to the next and appear in the final product, or it 
may accumulate throughout the process in an addi-
tive or multiplicative fashion. Moreover, an 
individual process error can be overshadowed by 
other errors of greater magnitude.

In theory, the amount of error entering the system 
at each step can be estimated. In practice, however, 
error is typically assessed only at the conclusion of 
data analysis (that is, in the final product), if it is 
assessed at all. Usually, the decision-maker is given 
graphic final products, statistical data or modelling 
results with little or no information concerning the 
confidence of these materials. This limits the confi-
dence of the implemented decision(s). 

4.3.2 	 Data	acquisition	

Some data acquisition errors are common to any 
form of data collection and may be introduced from 
a number of sources. Some of these sources cannot 
be controlled, such as atmospheric conditions and 
the natural variability of the landscape, which will 
result in mixed pixels (depending on pixel resolution). 

It is important to have an understanding of the 
type and amount of errors possible from all data 
acquisition sources and to control errors whenever 
possible.

The processing of multiple data layers in a GIS 
database is predicated upon accurate spatial 
registration among data layers. Therefore, it is 
absolutely critical that all remotely sensed data be 
geometrically accurate and congruent with the GIS 
database. Illumination geometry can affect image 
quality and subsequent analyses. Ideally, 
illumination geometry is constant or nearly 
constant throughout an image. In practice, however, 
acquisition needs dictate a relatively wide 
instantaneous field-of-view (IFOV), resulting in a 
range of illumination–measurement geometries.

4.3.3 	 Data	processing

4.3.3.1  Geometric rectification

Simple polynomial-based algorithms have proven 
adequate for satellite imagery, in which geometric 
distortions are minimal. Adaptive or discrete tech-
niques such as finite element programmes are 
required to remove the complex distortions that 
result from aircraft instability. If the geometry is 
not taken into account, this can lead to area estima-
tion errors (Van Niel and McVicar, 2001). The 
geometric correction of digital remote-sensor data 
usually involves some type of resampling, such as 
nearest neighbour, bilinear or cubic convolution. 

How these and other resampling algorithms affect 
the radiometric integrity of the data and their 
spatial appearance needs to be more fully under-
stood. Techniques to better automate or fine-tune 
geometric processing have been developed using 
different methods of multiple-image spatial cross- 
correlation. Broader application of these useful 
techniques requires development of more sophisti-
cated image-processing environments, however. 
Current software menu-driven or “toolkit” 
approaches are too primitive and tedious for routine 
production processing. In addition, producers of 
geo-corrected, remotely sensed imagery need to 
assess the accuracy of the outputs against independ-
ent geographical features to determine if the 
imagery meets positional accuracy standards  
(Van Niel and McVicar, 2002).

4.3.3.2  Data conversion

Processing of spatial data in image processing often 
involves some form of data conversion. It is possible 
to resample the data to such a degree that the 
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geometric and radiometric attributes of the resampled 
data have a poor relationship with the original data. 
A good example of resolution degradation during 
data conversion is when remotely sensed data are 
classified and then spatially filtered in order to 
increase classification accuracy. Once filtered, the 
spatial precision of resulting products may be reduced 
from that of the original measurements. Similarly, in 
the GIS analysis of slope and aspect calculated from 
digital elevation models, the resulting value is 
representative of a neighbourhood, rather than 
directly relatable to an individual pixel. These types 
of data conversions must be catalogued, studied, and 
their cumulative impact quantified when they are 
incorporated into GIS.

It is inevitable that data would need to be converted 
between raster and vector formats. The raster format 
is simply data arranged as regularly spaced, equal- 
sized grids. Satellite data and digital elevation 
models are common examples of raster data. These 
data are easily stored in a computer as a matrix of 
numbers. Vector data are more complex than raster 
data. Vector data maintain the true shape of a poly-
gon using a series of arcs and nodes. Vector data are 
more aesthetically pleasing and are the preferred 
methods of data display for most GIS thematic 
maps that contain polygons. 

Unfortunately, there can be significant error intro-
duced by converting either from raster to vector 
format or from vector to raster format. The amount 
of this error depends on the algorithm used in the 
conversion process, the complexity of features, and 
the grid cell size and orientation used for the raster 
representation. Failure to consider this potential 
error can introduce considerable problems into any 
analysis.

4.3.3.3  Data analysis

In RS/GIS processing flow, data analysis involves 
the exploration of relationships between data vari-
ables and the subsequent inferences that may be 
developed. This stage of error accumulation will 
focus on the validity of statistical techniques. 
Difficulties in statistical analysis of spatially based 
environmental data sources involve the typical 
assumptions of the general linear model, 
compounded by the effects of spatial autocorrela-
tion. Data analysis will also be subject to errors 
arising from variability in analyst expertise.

Agrometeorological data commonly violate 
assumptions of independence for measured 
parameters and error variance. The tendency of 
adjacent or nearly adjacent samples to have similar 

values in environmental datasets, that is, spatial 
autocorrelation, may violate the independence of 
samples required in classical statistics. This may 
result in underestimated sample variance and 
inflated confidence estimates. The effects of spatial 
autocorrelation in remotely sensed data sources 
should be considered.

Flexible statistical tools need to be identified to take 
into account the particular difficulties of spatial 
environmental datasets, and then organized into a 
usable software environment. This would encour-
age adequate consideration of statistical assumptions 
in the development of more accurate information 
products.

In addition to statistical validity, the classic prob-
lem in GIS-based data analysis of misregistered 
polygon boundaries continues to plague those 
working in this field. Registration error might be 
seen as being somewhat distinct from the positional 
errors involved in the various independent data 
products. It is imperative that the temporal nature 
of remotely sensed phenomena be catalogued and 
judgment be made concerning the optimum period 
during which they are collected and their degree of 
longevity (Van Niel and McVicar, 2004a).

4.3.3.4 Classification system

Thematic data layers created using remote-sensing 
data generally require the use of some type of clas-
sification system to facilitate categorization of the 
data for subsequent GIS spatial data analysis. Some 
of the potential sources of errors induced by classi-
fication systems are: the inability of classification 
systems to categorize mixed pixels, transition zones 
or dynamic systems; poorly defined or ambiguous 
class definitions; human subjectivity; and the lack 
of compatibility among different classifications 
systems used with both remote-sensing and tradi-
tional data types.

Error arising from the classification system is of partic-
ular significance when dealing with natural systems. 
In situations involving mixed pixels and transition or 
dynamic processes, it is particularly important that 
detailed field verification data be collected to 
adequately describe the variation within a system, in 
order to minimize error related to the classification 
system. The problem of poorly defined or ambiguous 
class definitions is a common factor that often intro-
duces an element of error. Inconsistency in classifica- 
tion schemes can cause serious problems, rendering 
certain thematic coverages unusable in combination 
(Van Niel et al., 2005; Van Niel and McVicar, 2004a). In 
addition, to optimize the information content when 
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classifying agricultural systems with no mixed crop-
ping (that is, each field is planted with one crop during 
one growing season), GIS boundaries (considered 
“fine-scale” vector data) can be combined with 
outputs from classified remotely sensed imagery 
(considered “coarse-scale” raster data) to improve the 
overall classification accuracy (Van Niel and McVicar, 
2003).

4.3.3.5 Data generalization

Data generalization is routinely performed during 
remote-sensing analysis for two purposes: spatial 
resolution and spectral or thematic data reduction. 
Spatial generalization involves pixel resampling 
prior to analysis and resampling or grouping after 
analysis to meet a minimum map unit. Resampling 
to a spatial resolution finer than the original data 
commonly results in substantial error. Spectral 
generalization may be performed by filters that 
either enhance certain features, such as edges, or 
homogenize similar pixels. Since filters alter the 
original pixel values, errors such as accurate loca-
tion of edges or loss of spectrally similar yet unique 
resources may occur.

It is also common to resample a classified dataset to 
a minimum map unit. With the recent trend of 
transferring raster-based remotely sensed data into 
a vector-based GIS, it is important to minimize the 
number of polygons that must be created in the 
vector form. Generalization of this form may result 
in inaccurate boundaries and the inclusion of small 
resources within a larger-area resource class.

4.3.3.6  Error assessment

Ideally, an error assessment is performed after each 
phase of the analysis. Project funds and schedules 
rarely provide the opportunity to perform such a 
thorough error assessment, however. In remote-
sensing projects, error assessments are generally 
performed only after completion of data analysis, 
and usually address only thematic and locational 
accuracy. Locational accuracy typically refers to 
how well the georeferencing algorithms correctly 
placed pixels into a map coordinate projection, 
and not the accuracy of thematic or class 
boundaries.

Most assessments are derived from the same data 
used to train the classifier. Training and testing on 
the same dataset results in overestimates of classifi-
cation accuracy. Rigorous guidelines must be 
developed to ensure that these fundamental non-
spatial specific error assessment problems do not 
continue.

4.3.3.7  Sampling

Sample size is an important consideration when 
assessing the accuracy of remotely sensed data that 
are to be used in a GIS. Each sample point collected 
is expensive and therefore sample size must be kept 
to a minimum; yet it is important to maintain a 
large enough sample size so that any analysis 
performed is statistically valid.

The sampling scheme is also an important part of 
an accuracy assessment. Selection of the proper 
scheme is critical to generating an error matrix that 
is representative of the entire classified image. Poor 
choice in sampling scheme can result in the 
introduction of significant biases into the error 
matrix, which may lead one to over- or underestimate 
the true accuracy. Opinions about the proper 
sampling scheme to use vary greatly and include 
everything from simple random sampling to 
stratified systematic unaligned sampling.

4.3.3.8  Spatial autocorrelation

Spatial autocorrelation occurs when the presence, 
absence or degree of a certain characteristic affects 
the presence, absence or degree of the same char-
acteristic in neighbouring units. This condition is 
particularly important in accuracy assessment if 
an error in a certain location can be found to 
positively or negatively influence errors in 
surrounding locations. Surely these results should 
affect the sample size and especially the sampling 
scheme used in accuracy assessment. Therefore, 
additional research is required to quantify the 
impact of spatially autocorrelated imagery or 
classification products when they are subjected to 
error evaluation procedures.

4.3.3.9  Location accuracy

In remote-sensing, locational accuracy may be 
reported as the root mean square error (RMSE) 
resulting from the georeferencing algorithms that 
rectify images to map coordinates. The RMSE is 
the square root of the squared errors mean and 
reflects the proportion or number of pixels, plus or 
minus, in which the image control points differ 
from the map or reference control points. The 
RMSE does not truly reflect the locational accuracy 
of all pixels within an image, however; the RMSE 
only addresses the control points. The most accu-
rate means of examining locational accuracy, 
which is a ground survey with a differential Global 
Positioning System (GPS), is too costly to 
implement.
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4.3.3.10  Final product presentation error

The goal of most remote-sensing/GIS investiga-
tions is to produce a product that will quickly 
and accurately communicate important informa-
tion to the scientists or decision-makers. This 
product may take many forms, including thematic 
maps and statistical tables. There used to be 
sources of geometric (spatial) and thematic 
(attribute) error in the final map products and 
statistical summaries. 

Geometric error in the final thematic map products 
may be introduced through the use of base maps at 
different scales over a region, different national 
horizontal datum levels in the source materials, and 
different minimum mapping units, which are then 
resampled to a final minimum mapping unit. It is 
imperative that improved map legends be devel-
oped so as to include cartobibliograhic information 
on the geometric nature of the original source mate-
rials. This is the only way a reader can judge the 
geometric reliability of the final thematic map 
products. 

The highest accuracy of any GIS output product 
is only as accurate as the least accurate file in the 
data base. Thus, although the final map may look 
uniform in its accuracy, it is actually an assem-
blage of information from diverse sources. It is 
important for the reader to know what these 
sources are on the basis of a thematic reliability 
diagram. There is a great need to standardize the 
design and function of thematic reliability 
diagrams. Fundamental cartographic design prin-
ciples must be followed, especially when 
constructing the class interval legends for 
thematic maps.

4.3.3.11  Decision-making

The decision-maker is often presented with 
remote-sensing/GIS-derived maps and/or statisti-
cal presentation products for use in the 
decision-making process. In most situations, 
adequate information concerning the lineage of 
thematic data layers and associated thematic and 
geometric accuracies is not provided. Ideally, in 
addition to the above-mentioned information, 
the decision-maker needs an estimate of the over-
all accuracy and confidence of the data product 
used in the process. GIS maps and statistical data 
are being used by decision-makers with little or 
no knowledge of the potential sources of error, 
however, and no information concerning the 
accuracy and confidence level of final presenta-
tion products.

It is imperative that the RS and GIS communities 
educate decision-makers to better understand the 
potential error sources associated with RS/GIS data 
products. As the decision-makers become more 
knowledgeable about the issues related to data accu-
racy and confidence, they will begin to demand 
that data concerning consumer accuracy be 
provided with all final presentation products. 
Decision-makers and data analysts can no longer 
work in isolation if the use of RS and GIS technolo-
gies are to become data sources on which decisions 
are based. 

4.3.3.12  Implementation 

Decisions based on data with substandard accu-
racy and/or inappropriate confidence levels have 
an increased probability of resulting in incorrect 
implementation actions. The obvious implications 
of an incorrect implementation decision are an 
erroneous resource management action, which 
can have serious consequences for the resource 
itself. 

As remote-sensing/GIS-derived products are increas-
ingly being utilized as a basis for implementation 
decisions concerning resource management and 
regulatory issues, there is a high potential for an 
explosion in the number of litigation cases in the 
short to medium term. A major challenge to the 
remote-sensing and GIS communities will be the 
ability to adequately defend the accuracy and relia-
bility of (and confidence in) products used by 
decision-makers in implementation processes. 

4.3.3.13  Theory of vegetation indices 

The acronym for ratio vegetation index is RVI 
(Jordan, 1969; Pearson and Miller, 1972). A common 
practice in remote-sensing is the use of band ratios 
to eliminate various albedo effects. In this case, the 
vegetation isoline converges at the origin. The soil 
line has a slope of 1 and passes through the origin. 
The RVI ranges from 0 to infinity, and it is calcu-
lated as follows: 

	 RVI =	ρnir/ρred	 (4.1)

As noted above, the acronym for normalized differ-
ence vegetation index is NDVI (Kriegler, 1969; 
Rouse et al., 1973) and it is a common vegetation 
index. This index can vary between –1 and 1. In 
this case, vegetation isolines are considered to 
converge at the origin; the soil line slope is 1 and 
passes through the origin. It is calculated as: 

	 NDVI =	ρNIR	–	ρred/ρNIR	+	ρred	 	(4.2)
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Vegetation indices assume that external noise (soil 
background, atmosphere, Sun and view angle effect) 
is normalized, but this assumption is not always 
true. The relative percentage of sunlit and shaded 
soil and plant components is highly dependent 
upon the view angle. Qi et al. (1995) studied the 
effect of multidirectional spectral measurements on 
the biophysical parameter estimation using a 
modelling approach. When the bidirectional effect 
is transformed from the reflectance domain into 
the vegetation index domain, it can be reduced 
(Jackson et al., 1990; Huete et al., 1992) or increased 
(Kimes et al., 1985; Qi et al., 1994b), depending on 
the vegetation types and solar zenith angles. Qi et 
al. (1995) suggested that when the bidirectional 
effect is a major concern (NDVI/NDVIo > 1), it is 
better to use NIR rather than NDVI, and that the 
bidirectional effect on vegetation indices must be 
quantified before a quantitative VI–LAI relationship 
can be used. The green normalized vegetative index 
(GNDVI) is a modification of the NDVI, where the 
red portion is replaced by the reflectance in the 
green band (Gitelson et al., 1996).

DVI is the difference vegetation index (Richardson 
and Everitt, 1992), but appears as VI in Lillesand 
and Kiefer (1994). The vegetation isolines are paral-
lel to the soil line. The soil line has an arbitrary 
slope and passes through the origin, while the index 
range is infinite. 

 DVI = ρρNIR – ρred   (4.3)

PVI is the acronym for perpendicular vegetation 
index (Crippen, 1990) and it is sensitive to atmos-
pheric variation. In this case, vegetation isolines are 
parallel to the soil line. The soil line has an arbitrary 
slope and passes through the origin, while the index 
range is between –1 and 1. 

 PVI = 1/√a2+1 (ρNIR – aρred – b)  (4.4)

where a and b are the coefficients derived from the 
soil line: NIRsoil = aREDsoil + b.

WDVI is the acronym for weighted difference vege-
tation index (Clevers, 1988) and like the PVI, it is 
sensitive to atmospheric variation (Qi et al., 1994a). 
The vegetation isolines are parallel to the soil line. 
The soil line has an arbitrary slope and passes 
through the origin; the vegetation index range is 
infinite.

 WDVI = ρNIR – aρred   (4.5)

where a is the slope of the soil line.

Huete (1988) proposed a soil-adjusted vegetation 
index (SAVI) to account for the optical soil properties 
on the plant canopy reflectance. SAVI involves a 
constant L to the NDVI equation. The index range 
is between –1 and 1.

 SAVI	=	ρNIR	– ρred/(ρNIR	+	ρred	+	L) (1	+	L)	 (4.6)

The constant L is introduced in order to minimize 
soil-brightness influences and to produce vegeta-
tion isolines independent of the soil background 
(Baret and Guyot, 1991). This factor can vary from 
0 to infinity and the range depends on the canopy 
density. For L = 0, SAVI is equal to NDVI; when L 
tends to infinity, SAVI is equal to PVI. For interme-
diate density, however, L was found to equal 0.5. 
Huete (1988) suggested that there may be two or 
three optimal adjustment factors (L), depending 
on the vegetation density (L = 1 for low vegeta-
tion; L = 0.5 for intermediate vegetation densities; 
L = 0.25 for higher density).

TSAVI is the acronym for transformed adjusted vege-
tation index (Baret et al., 1989), and it is a measure 
of the angle between the soil line and the vegetation 
isoline. The soil line has an arbitrary slope and inter-
cept. The interception between the soil line and 
vegetation isoline occurs somewhere in the third 
quadrant. Baret and Guyot (1991) have proposed to 
improve the initial equation as follows:

TSAVI = a(ρNIR – aρred – b)/[aρNIR + ρred
  – ab + χ (1 + a2)] (4.7)

where a and b are soil line parameters (slope and 
intercept of the soil line) and χ has been adjusted so 
as to minimize background effect, and its value is 
0.08. TSAVI values range from 0 for bare soil and are 
close to 0.70 for very dense canopies, as reported in 
Baret and Guyot (1991).

At 40 per cent green cover, the noise level of the 
NDVI is four times the WDVI and almost 10 times 
the SAVI, corresponding to a vegetation estima-
tion error of +/–23 per cent for the NDVI, +/–7 per 
cent for the WDVI, and +/–2.5 per cent for the 
SAVI. Therefore, the SAVI is a more representative 
vegetation indicator than the other VIs, but an 
optimization of the L factor will further increase 
this value (Qi et al., 1994a).

Qi et al. (1994a) developed a modified soil vegeta-
tion index (MSAVI). This index provides a variable 
correction factor L. Geometrically, the vegetation 
isolines do not converge on a fixed point as for 
SAVI; the soil line does not have a fixed slope and 
passes through the origin. The correction factor is 
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based on a calculation of NDVI and WDVI, as 
shown by relations (4.8) and (4.9):

     MSAVI = ρNIR – ρred/(ρNIR + ρred + L) (1 + L) (4.8)

where L is calculated as follows: 

	 L = 1 – 2a * NDVI * WDVI	  (4.9)

This term is computed to explain the variation of 
L among different types of soils. Moreover, L 
varies with canopy cover, and its range varies 
from 0 for very sparse canopy to 1 for very dense 
canopy. To further minimize the soil effect, Qi et 
al. (1994a) use an L function with boundary 
conditions of 0 and 1 (Ln=1 – MSAVIn–1) and an 
MSAVI equal to:

MSAVIn =	[(ρNIR	–	ρred	)/ρNIR	+	ρred	+	1	–	MSAVIn–1]	*		
	 (2 – MSAVIn–1)	 (4.10)

The final solution for MSAVI is:

MSAVI	=	2ρNIR	+	1	–	[(2	ρNIR	+	1)2	–	8(ρNIR	–	ρred)]
0.5/2		

								 	 			(4.11)

The acronym OSAVI stands for optimized soil 
adjusted vegetation index. This index has the same 
formulation as the SAVI family of indices, but the 
value L or X as referred to by Rondeaux et al. (1996) 
is the optimum value that minimizes the standard 
deviations over the full range of cover. 

 OSAVI = ρNIR – ρred/(ρNIR + ρred + 0.16)
         (1 + 0.16)            (4.12)

GESAVI stands for generalized soil adjusted vegeta-
tion index. This index is based on an angular 
distance between the soil line and the vegetation 
isolines. GESAVI is not normalized and varies from 
0 to 1 (from bare soil to dense canopies). Vegetation 
isolines are neither parallel nor convergent at the 
origin. Vegetation isolines intercept the soil line at 
any point, depending on the amount of 
vegetation.

	 GESAVI =	ρNIR	–	ρred	b	–	a	/	ρred	+	Z	 	(4.13)

Z is the soil adjustment coefficient and it is based 
on the assumption that vegetation isolines inter-
cept the soil line at any point in the third quadrant. 
Z decreases when vegetation cover increases 
(Gilabert et al., 2002). To normalize soil effects, the 
Z value is found at 0.35.

Indices that include the mid-infrared (MIR) band 
are: 

The stress-related vegetation index (STVI) (Gardner, 
1983):

	 STVI	=	ρMIR	*	ρred/ρMIR		  (4.14)

The cubed ratio index (CRVI) (Thenkabail et al., 
1994):

	 CRVI =	(ρNIR/ρMIR)
3		  (4.15)

The VIs that account for soil effect do not consider 
atmospheric conditions, sensor viewing angle, or 
solar illumination conditions. Kaufman and Tanré 
(1992) developed the atmospherically resistant 
vegetation index (ARVI) and the soil and atmos-
pherically resistant vegetation index (SARVI and 
SARVI2), where the reflectances are corrected for 
molecular scattering and ozone absorption. Liu and 
Huete (1995) incorporated a soil adjustment and 
atmospheric resistance concept into a modified 
normalized vegetation index (MNDVI). The ARVI, 
SARVI and SARVI2 indices are able to remove smoke 
effects and cirrus clouds from images (Huete et al., 
1997).

4.4 	 OPERATIONAL	AGRO-
METEOROLOGICAL	PRODUCTS	
EMPLOYING	GIS	AND	
REMOTE-SENSING

Many public agencies, research laboratories, 
academic institutions, and private and public serv-
ices have now established their own GISs. Due to 
increasing pressure on land and water resources, 
land-use management and forecasting (in relation 
to crops, weather, fire, and so forth) become more 
essential every day. GISs are, therefore, an irreplace-
able and powerful tool at the disposal of 
decision-makers.

In agrometeorology, to describe a specific situation, 
all the relevant information available about a given 
territory may be used, including: water availability, 
soil types, land cover, climatic data, geology, popu-
lation, land use, administrative boundaries and 
infrastructure (highways, railroads, power grids and 
communications systems). Each layer of informa-
tion provides the operator with the possibility of 
considering its influence on the final result. More 
than just the overlapping of different themes, 
however, the relationship of the various layers is 
reproduced with models (ranging from simple 
“indicator formulae”, such as the Universal Soil 
Loss Equation (USLE), to physical process-based 
models). 
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The final information is extracted using graphical 
representation or precise descriptive indices. 
Developed countries use agricultural and environ-
mental GISs to plan the times and types of 
agricultural practices, territorial management activ-
ities, and population security, and to monitor 
devastating events and evaluate damages.

More than the classical applications of interest in 
agrometeorology, such as crop yield forecasting, 
aspects such environmental and human security 
are becoming increasingly important. For instance, 
effective forest fire prevention relies on manage-
ment strategy information on an enormous scale. 
The analysis of data, such as the vegetation cover-
age with different levels of inflammability, the 
presence of urban agglomerations, the presence of 
roads and many other aspects, allows one to map 
the areas where risk is greater. The use of other 
informative layers, such as the position of the 
control points and resource availability (staff, vehi-
cles, helicopters, airplanes, firefighting equipment, 
and so on), can help decision-makers in the manage-
ment of the territorial systems. Obviously, some 
datasets, such as the data that underpin DEMs, are 
temporally invariant (or static), whereas other data 
sources, such as weather conditions (either near-
real-time observations or short-term forecasts), are 
temporally dynamic. 

4.4.1 	 Assessment	of	meteorological	
and	agronomic	conditions	to	
aid	decisions	on	drought	using	
remote-sensing

This section is based on the material presented in 
McVicar and Jupp (1998). Precipitation and solar 
radiation are meteorological conditions that can be 
mapped and monitored by the meteorological 
remote-sensing community; this can be of direct 
assistance in the scientific process of providing 
advice on the occurrence of drought. 

4.4.1.1  Precipitation 

For the purpose of mapping the extent and amount 
of precipitation, remote-sensing provides addi-
tional information to supplement data gathered 
by the existing network of ground-based precipita-
tion gauges. It is unlikely that remotely sensed 
data will replace the existing network of precipita-
tion gauges. There are several remote-sensing 
techniques that have the potential to assist in 
mapping the extent of precipitation patterns. 
Several reviews provide background on the use of 
remote-sensing by satellite to estimate precipita-
tion (Arkin and Ardanuy, 1989; Barrett and 

Beaumont, 1994; Petty, 1995; Rasmussen and 
Arkin, 1992).

Precipitation-sized ice particles present in some 
clouds, higher than the freezing level, result in a 
lowering of the return signal from clouds in the 
microwave region of the EMS relative to the nomi-
nal background value (Petty, 1995). This is especially 
evident in the 85.5 GHz band for the special sensor 
microwave imager (SSM/I). It is not the liquid layer 
of rain overlying the surface that directly affects the 
signal. The tops of clouds are colder than the land 
surface and provide an indication of the clouds’ 
location. For convective weather systems, cold 
cloud-top temperatures imply the presence of 
precipitation-sized ice particles that increase the 
likelihood of rain. Cloud-top temperatures associ-
ated with frontal activity, which also produces rain, 
are usually warmer than the very cold temperatures 
measured in convective clouds. This is the physical 
basis for using high-frequency, remotely sensed 
thermal data to map rainfall patterns.

Passive microwave remote-sensing of rainfall over 
land became more feasible following the 1987 
launch of the SSM/I as part of the American Defense 
Meteorological Satellite Program (DMSP). The 
DMSP features a polar-orbiting Sun-synchronous 
(meaning a revisit time of 12.0 hours) SSM/I scan-
ner with a swath of approximately 1 400 km. SSM/I 
is a four-frequency (19.35, 22.23, 37.00 and 85.50 
GHz), seven-channel passive microwave radiometer 
(all the channels are dual polarized, except the 
22.23 GHz channel, which is vertically polarized). 
Internationally, a large number of examples of the 
use of the SSM/I to estimate rainfall have been 
reported (Grody, 1991; Kniverton et al., 1997; Liu 
and Curry, 1992; Spencer et al., 1989; Wilheit et al., 
1994). The accuracy of SSM/I data in estimating 
instantaneous precipitation over land for a 1.25-
degree resolution cell is reported to be as high as 
0.82 (Petty, 1995). The rainfall algorithm inter-
comparison needs be conducted for longer periods 
over more precipitation-producing conditions, 
however. 

International research indicates that the integra-
tion of geostationary thermal measurements with 
other data to make rainfall-rate estimates offers 
more promise than the use of remotely sensed data 
alone. Todd et al. (1996) used a temporally and 
spatially varying threshold, over small time- and 
space scales, to improve the identification of rain-
fall distribution and estimation of amount.

There are several integration techniques that may allow 
For improved rainfall prediction through a combination 



GUIDE TO AGRICULTURAL METEOROLOGICAL PRACTICES 4–14

of the thermal GMS data with other datasets (Ebert and 
Le Marshall, 1995). These include:
(a) Use of pattern recognition or visible data to 

determine cloud type (Ebert, 1987); 
(b) Short-wave infrared (SWIR)-based inferences, 

which may allow one to link cloud droplet 
size to the presence of rainfall (Rosenfield and 
Gutman, 1994); 

(c) Combination of the outputs from numerical 
weather prediction (NWP) to include some 
information about current meteorological 
conditions (Grassotti and Garand, 1994). 
Herman et al. (1997) have developed an oper-
ational system for Africa using this approach 
to provide 10-day estimates for the entire 
continent. 

The determination of the amount of precipita-
tion solely from GMS data is unlikely. What 
appears possible is to link the “where” and “when” 
capabilities of remote-sensing with the “how 
much” from ground-based measurements. This 
link may be made through physically based 
models or through statistical methods that 
combine rainfall gauge data with GMS data. 
Whichever approach is used, complete validation 
of rainfall amounts derived from GMS-based esti-
mates needs to be undertaken. Hence, GMS data 
are a significant information source for overcom-
ing the large distance between rainfall measuring 
stations.

Using the high spatial resolution offered by 
remote-sensing should assist in rainfall mapping 
for drought events, especially in areas with a sparse 
rainfall measurement network. Remote-sensing, 
however, provides only a snapshot that may have 
a revisit time of at best one hour (geostationary 
satellites), and up to every 12 hours (polar-orbit-
ing Sun-synchronous satellites). During that time, 
clouds will move and intense periods of rainfall 
may occur and be over before the next revisit 
time.

Providing accurate, precise and thoroughly vali-
dated space–time images of precipitation derived 
from remote-sensing is, and should continue to be, 
a major research area for issues such as drought, 
climate prediction and a thorough understanding 
of the global hydrologic cycle. 

4.4.1.2  Solar radiation

Solar radiation is a major determinant of plant 
growth, via photosynthesis, which in turn affects 
soil moisture via transpiration from the leaves. 
Loss of soil moisture also occurs through direct 

evaporation from the soil. Reflective measure-
ments acquired by the GMS satellite may be used 
to estimate insolation over a region on a daily 
basis. 

Weymouth and Le Marshall (1994) incorporated 
the following physical parameters to estimate inso-
lation using GMS data:
(a) Rayleigh scattering;
(b) Absorption by water vapour;
(c) Absorption by ozone;
(d) Isotropic reflection and absorption by clouds; 
(e) Regularly updated surface albedo.

For clear sky and near-clear sky conditions, the 
average daily deviation of GMS-based estimates 
compared to ground-based pyranometer measure-
ments was 4.3 per cent. This is within the error 
limits of well-maintained and calibrated pyrome-
ters. Under heavy cloud conditions, the error seen 
in GMS-based estimates compared with ground-
based pyranometer measurements increased to 
about 15 per cent. The relative error may appear 
large; however, the absolute error is small, since the 
amount of incoming solar radiation is low owing to 
the heavy cloud cover conditions.

4.4.1.3  Agronomic conditions

There are several ways in which remote-sensing can 
assist in mapping and monitoring agronomic condi-
tions of direct relevance to drought. These include 
mapping vegetation type and monitoring vegeta-
tion condition and soil moisture.

There are a number of methods that can be used 
to characterize and assess vegetation condition 
and cover and changes in this feature over space 
and time using only reflective remote-sensing. 
There are several other promising approaches 
that can be used, including the relation of 
remotely sensed images to meteorological param-
eters, crop yield modelling, and inversion of plant 
growth models.

A number of authors, with varying degrees of inte-
gration with GIS, have analysed the difference 
between two years of NDVI data. Approaches vary 
from visual display (Hendricksen, 1986) to statisti-
cal correlations (Peters et al., 1991) to image 
differences between two years (Lozana-Garcia et al., 
1995; Reed, 1993). The last three papers analysed 
drought in the context of the conditions in 1987 
and 1988 in the continental United States. 

The next level of complexity is to scale the NDVI 
response of one image to the range of responses. 
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The vegetation condition index proposed by Kogan 
(1990) is defined as:

VCI NVDI NDVI
NDVI NDVI

j
j min

max min
=

−
−

*100%  
(4.16)

where:

VCIj is the image of vegetation condition index 
values for date j;

NDVIj is the image of NDVI values for date j;

NDVImax is the image of maximum NDVI values 
from all images within the dataset;

NDVImin is the image of minimum NDVI values 
from all images within the dataset.

The VCIj is a percentage of NDVI values at time j 
with respect to the maximum NDVI amplitude on a 
pixel-by-pixel basis. The VCI may be thought of as 
closely related to the vegetation condition in a 
specific region. If Advanced Very High Resolution 
Radiometer (AVHRR) data are recorded over a suffi-
cient number of years in which the extremes in 
climate variability are sampled, the VCI may indi-
cate potential crop yields or carrying capacities 
within given agricultural systems. The primary aim 
of developing the VCI was to assess changes in the 
NDVI signal over time due to weather conditions, 
by reducing the influence of “geographic” (Kogan, 
1990) or “ecosystem” (Kogan, 1995b) variables, 
meaning climate, soils, vegetation type and topog-
raphy. This provides a mechanism to compare 
values across different landscapes, for example 
between rangeland and rainforest, to determine the 
changes in the NDVI signal due to the prevailing 
weather conditions. An assumption in the calcula-
tion of the VCI is that reliable, calibrated AVHRR 
data be used to form the NDVI. Abrupt changes in 
land cover, for example woodland clearing, mean 
that the interpretation of this index is more prob-
lematic. Having reliable, updated baseline maps of 
land cover will assist in the interpretation of the 
VCI in such cases.

The VCI has been used to determine drought and 
hence, poor vegetation growth and corresponding 
low yields for spring wheat in Kazakhstan (Gitelson 
et al., 1996; Kogan, 1995a), cotton in China (Kogan, 
1995a), and barley production in southern Russia 
(Kogan, 1995a). 

Liu and Kogan (1996) found that the NDVI was 
highly correlated with water deficit and rainfall for 

Cerrado (savanna grassland) and Caatinga (wood-
land and open woodland), which both occur in 
areas with distinct wet and dry seasons. For four 
sites, the NDVI explained 46 to 61 per cent of the 
variance of rainfall amount with a one-month time 
lag from August 1981 to July 1987. Within the time 
frame of the analysis there was no reporting to 
ensure that the land cover, and hence the response 
of the NDVI signal as a function of weather, had 
remained constant.

Liu and Kogan (1996) defined drought in four ways:
(a) Monthly rainfall less than 50 mm;
(b) NDVI lower than 0.18;
(c) Monthly rainfall departure below 50 per cent 

of the mean (July 1985–June 1987) and 50 mm 
lower than the mean value (July 1987–June 
1992);

(d) VCI lower than 36 per cent.

The area of the total grain-producing region with a 
VCI of less than 0.36 was found to be closely related 
to the reduction in grain production of summer 
crops in Argentina and Brazil. Such analysis illus-
trates the potential of the VCI as an indicator of 
crop growth conditions. More detailed analysis, 
such as using a cumulative VCI of the crop produc-
tion areas, may provide a predictive ability. Liu and 
Kogan (1996) state that the VCI provides a “better” 
indicator of regional drought, when compared to 
the other types of drought delineation, as listed 
under (a)–(c) above. The response of the VCI is 
spatially and temporally different from the other 
delineations, but an analytical comparison with the 
operational output of drought declared by govern-
ments would be a valuable addition to confirm if 
differences are improvements.

Moreover, water stress is only one cause of low 
green plant cover leading to NDVI signals. For 
instance, in the southern highlands of New South 
Wales in Australia, hydrologic drought may break 
in May, following autumn rains, but the pastoral 
drought may continue until September due to air 
temperature that limits plant growth. To take 
other environmental variables into account (for 
instance, air temperature, solar radiation and 
crop phenology), it may be best to stratify the 
NDVI by time. That is, the maximum and mini-
mum NDVI for the month, or season, of interest 
may be used.

McVicar and Jupp (1998) suggest stratifying the 
NDVI response by time, and they propose that the 
monthly vegetation condition index (MVCI) be 
used. Taking January as an example, this is defined 
as: 



GUIDE TO AGRICULTURAL METEOROLOGICAL PRACTICES 4–16

MVCI NDVI NDVI
NDVI NDVI

j, Jan
j, Jan min, Jan

max, Jan min, Jan
=

−
−  (4.17)

where:

MVCIj,Jan is the image of monthly vegetation condi-
tion index values for date j, which falls within the 
month of January;

NDVIj,Jan is the image of NDVI values for the jth 
image recorded in January;

NDVImax,Jan is the image of maximum NDVI values 
from all images acquired in January; 

NDVImin,Jan is the image of minimum NDVI values 
from all images acquired in January.

This can be defined for any month, or season, 
within the dataset. This allows the NDVI signal 
from January for year j to be compared to the range 
of all January NDVI signals within the dataset 
available. 

In Australia, NDVI has been used by a number of 
groups to make inferences about the changes in 
vegetation condition occurring across the Australian 
landscape. The analysis of AVHRR NDVI data is 
performed operationally and assists in the decision-
making process for drought. 

Cridland et al. (1995) analysed the four years of 
NDVI data by plotting the NDVI signal as a time 
series. The height, in NDVI units, from a varying 
baseline to the maximum peak within the growing 
season has to be calculated. This green “flush” is 
the response of the landscape to rainfall. It is defined 
as the maximum NDVI for a growing season 
subtracted from the baseline. The baseline was 
varied so that the influence of perennial cover in 
the NDVI signal was accounted for. The baseline is 
defined as the minimum from the previous year.

The vegetation response or “flush” recorded as the 
maximum for a particular year is then considered 
relative to the absolute maximum “flush” within 
the four (or more) years of data. For 1994, this 
would be calculated using the following relation:

NDVI NDVI
NDVI NDVI

baseline

year baseline year

max, ' '

max, 'max
1994 93 94−

−
−

 
(4.18)

which can be rewritten as

flush
flushpopulation

94

max
  

(4.19)

One can now measure photosynthetic activity using 
high-resolution spectral vegetation indices, such as 
the physiological reflectance index (PRI) (Gamon et 
al., 1992). The PRI has been shown to be linked 
more closely to plant physiological response than 
the NDVI. The PRI has also been shown to be  
closely correlated to levels of accessory pigments 
called xanthophylls, which are involved in dissipa-
tion of excess photochemical energy during the 
plant’s CO2 assimilation process (Gamon et al., 
1992). The PRI may be more sensitive to stresses, 
including drought, in vegetation communities that 
have strategies other than dropping leaves in 
response to dry conditions. This would be true for 
overstorey components of woodland and forests 
and may also be true of shrubs.

There are other approaches to monitoring agro-
nomic conditions relevant to drought. These 
include monitoring with thermal remote-sensing, 
monitoring soil moisture with microwave remote-
sensing, and combining thermal and reflective 
remote-sensing.

4.4.2 	 Operational	uses	of	remote-
sensing	and	GIS	for	irrigation	
scheduling	

The canopy variables needed for calculating crop 
water requirements under standard conditions 
(including a disease-free environment and adequate 
fertilization) can be either extracted from tables or 
estimated from field and/or remote observations. 
Field observations are routinely used by irrigation 
advisory services, but their evaluation often lacks 
objectivity and they are difficult to carry out over 
extensive areas.

In this respect, the potential of remote-sensing tech-
niques in irrigation and water resources management 
is now widely acknowledged. Several algorithms for 
retrieving biophysical parameters of vegetation, such 
as leaf area index, biomass density and canopy 
roughness, from remote-sensing data with different 
spatial and temporal resolutions have been success-
fully tried out in many different environments. 

Using this as a baseline, experimental studies have 
assessed the direct correspondence between the 
spectral response of cropped surfaces and the corre-
sponding values of evapotranspiration and the crop 
coefficient Kc (Bailey, 1990; Bausch, 1995; Bausch 
and Neale, 1987; Choudry et al., 2000; D’Urso and 
Menenti, 1995). 

One important advantage of deriving crop coeffi-
cients from spectral measurements is that Kc values 
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do not depend on variables such as planting date 
and density, but on the effective cover. As such, 
the spectral Kc value includes the variability within 
the same crop type owing to actual farming 
practices.

Within the DEMETER project (D’Urso, personal 
communication), two different procedures for 
the operational estimation of crop water require-
ments from remotely sensed data have been 
developed and tested to support irrigation advi-
sory services. The first procedure is based on the 
relationship between the NDVI and the value of 
the basal crop coefficient; the second procedure, 
named “Kc-analytical”, is based on a direct appli-
cation of the Penman–Monteith equation with 
canopy parameters estimated from satellite 
imagery, in analogy to the direct calculation 
proposed by the Food and Agriculture 
Organization. Details on both procedures are 
provided in the references (D’Urso et al., 2006; 
FAO, 1998; Moran and Jackson, 1991). 

In the “Kc-NDVI”, an empirical relationship 
between the basal crop coefficient Kcb and the 
vegetation index NDVI is derived, considering a 
fractional vegetation cover fc = 0.8 for a canopy 
at full development. Experimental data have 
been used to derive the following linear 
relationship:

1 25 0 2cK . NDVI .= +   (4.20)

A correction should be applied when calculating Kc 
for the late-season phase, because fc remains nearly 
constant in that phase.

The analytical approach for mapping the crop coef-
ficient Kc is based on the direct application of the 
Penman–Monteith equation, adopted in FAO 
Irrigation and Drainage Paper No. 56 (FAO, 1998). 
The vegetation parameters required in this schema-
tization, namely the surface albedo (r), the leaf area 
index (LAI), and the crop height (hc), are obtained 
from the processing of Earth observation (EO) data. 
The calculation is performed assuming that canopy 
resistance is at minimum value, that is, 70 sm–1 
(potential conditions). Using ground-based meteor-
ological data, the Kc values for each pixel are 
calculated. 

For the estimation of r from remote-sensing data 
three main problems have to be solved: the 
directional integration of spectral radiance 
detected by the sensor, the spectral integration to 
obtain the planetary albedo, that is, at top-of-
atmosphere height, and the correction of 

atmospheric effects in each spectral band for 
deriving the surface albedo r from the planetary 
albedo rp. The current sensor capabilities, such as 
those of the Landsat Thematic Mapper used in 
this study, impose several simplifications. 
Considering that radiance measurements are 
performed at different wavelengths, the spectral 
integration is approximated in discrete form, as 
expressed by the following relationship:
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In Equation (4.21) the spectral reflected radiance,ρ

K↑λ (W m–2), and the extraterrestrial solar irradiance, 
E0

λ ρ (W m–2), are integrated values over the width of 
each spectral band λi; ρϑ0 and d0 are the solar zenith 
angle and the Sun–Earth distance, respectively, in 
astronomical units. By grouping these quantities in a 
set of band coefficients (which are sensor-depend-
ent), Equation 4.21 (Bausch, 1995) can be simplified 
in the following expression:

1,2,....,r w nλ λλ
ρ λ= =∑

 
(4.22)

where λ represents the spectral reflectance (corrected 
for atmospheric effects) in the generic band. 

Several authors have defined simple and feasible 
approaches based on empirical relationships 
between LAI and nadir-viewing measurements 
in the red and infrared bands. These methods 
implicitly assume that all other factors influenc-
ing the canopy spectral response, except LAI, are 
fixed.

In analogy with LAI, some correlation between 
vegetation indices and canopy roughness parameters 
may be found. Moran et al. (1994) tried out a purely 
empirical relationship linking the roughness length 
z0m of alfalfa to the ratio of reflectance in near-
infrared and red bands. Nevertheless, it should be 
considered that when the radiation component in 
the surface energy balance is dominant, which 
happens most frequently during the irrigation 
season at mid-latitude regions, the association of a 
mean crop height (constant) to each land-use class 
derived from satellite data is a satisfactory 
compromise in areas where the absolute accuracy 
of ra,H is of minor concern in the calculation of daily 
values of potential evapotranspiration (ETp).

The application of both approaches for Kc calcula-
tion requires a pre-processing of remotely sensed 
data, composed of three main steps:
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(a) Inter-satellite calibration;
(b) Atmospheric correction;
(c) Geometric correction and image resampling.

Semi-automatic procedures have been developed 
in order to elaborate Kc maps from remotely sensed 
data in the minimum possible time. The time 
required for pre-processing is approximately half 
of what is needed for elaboration of the entire 
process. Once georeferenced surface reflectance 
has been calculated in each pixel, the algorithms 
for determining Kc are quite straightforward for 
both approaches described above. 

High fragmentation of land parcels, such as in 
Mediterranean agriculture systems, requires 
high-resolution imagery to resolve the smallest 
plots. One of the major limiting factors is thus 
the inadequate repeat cycles of high-resolution 
satellites. It is possible, however, to obtain a 
revisit time of one to five days using the full set 
of currently available high-resolution satellites 
(ASTER, IKONOS, Landsat 5 TM and SPOT). The 
resulting average resolution of five to seven days 
is sufficient for the calculation of crop water 
requirements at both district scale and farm 
scale. When multiple sources of EO data are used 
to evaluate temporal crop evolution, factors 
such as sensor calibration differences among the 
various satellite systems, atmospheric conditions 
and illumination–view geometry can affect pixel 
value. Thus, an atmospheric correction and a 
scene inter-calibration have to be performed in 
order to reduce reflectance variation due to non-
surface factors (sensor, atmospheric and 
geometric conditions), so that variations in 

reflectance on different dates and based on 
different sensors can be related to actual changes 
in crop conditions.

An example of the derived product is shown in Figure 
4.4, where Kc raster maps derived using different 
sensors are shown. Parcel boundaries are shown in 
overlay. One can see that Landsat spatial resolution 
is still acceptable for this study area for the smallest 
parcels. The six images acquired over two months 
during the central part of the crop phenological cycle 
were adequate to accurately monitor the crop devel-
opment. The maximum gap between two consecutive 
acquisitions was ten days. That interval allows a 
good interpolation of the data to describe crop devel-
opment. See Van Niel and McVicar (2004b) for a 
review of how remote-sensing can be used in irri-
gated rice-based agricultural systems.

4.4.3 	 Operational	uses	of	remote-
sensing	and	GIS	for	soil	and		
crop	management

4.4.3.1  Evapotranspiration 

All objects on the Earth’s surface emit radiation in 
the TIR part of the spectrum (approximately 8 to 14 
μm). This emitted energy has proven useful in 
assessing crop water stress because the temperature 
of most plant leaves is mediated by soil water avail-
ability and its effect on crop evaporation (Jackson, 
1982; Hatfield et al., 1983; Moran et al., 1989a; 
Pinter et al., 2003). In recent years, there has been 
much progress in the remote-sensing of some of the 
parameters that can contribute to the estimation of 
evapotranspiration (ET). These include surface 

Figure 4.4. Time series of Kc raster maps from multi-sensor acquisitions (Landsat 5 and IKONOS). 
The planting date of the maize crop was set between 3 and 21 June.

IKONOS – 3 June 2005

IKONOS – 17 July 2005 IKONOS – 28 July 2005

Landsat 5 TM – 21 June 2005

Landsat 5 TM – 7 July 2005

IKONOS – 8 June 2005

Patent Pending
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temperature, surface soil moisture, vegetative cover 
and incoming solar radiation. The surface tempera-
ture can be estimated from measurements at the 
thermal infrared wavelengths of the emitted radi-
ant flux, that is, 10.5 and 12.5 μm. The microwave 
emission and reflection or backscatter from soil, 
primarily for wavelengths between 5 and 21 cm, are 
dependent on the dielectric properties of the soil, 
which are strong functions of the soil moisture 
content. Thus, measurements of these microwave 
properties can be used to obtain estimates of the 
surface soil moisture. 

Crop stress, due to water deficiency or crop diseases, 
is often accompanied by a decrease in the transpira-
tion rate of the crop. Several studies have been 
performed with a view to estimating ET on the basis 
of remote-sensing data (Reginato, 1985; Jackson et 
al., 1987; Moran and Jackson, 1991; Moran et al., 
1994, 1995; Maas, 1993a, 1993b; Carlson et al., 1995; 
Hunsaker et al., 2003). A combination of remote-
sensing data and soil–plant–atmosphere models is 
commonly seen in the literature for ET estimation. 
The location of the “red edge” obtained with hyper-
spectral measurements shows potential for early 
detection of water stress (Shibayama et al., 1993). 
The “stress-degree-day” (SDD) (Idso et al., 1977b), 
“crop water stress index” (CWSI) (Idso et al., 1981; 
Jackson et al., 1981), “non-water-stressed baseline” 
(Idso et al., 1982), “thermal kinetic window” (TKW) 
(Mahan and Upchurch, 1988), “water deficit index” 
(WDI) (Moran et al., 1994) and the “normalized 
difference temperature index” (NDTI) (McVicar and 
Jupp, 1999, 2002) are indices that measure plant 
stress induced by water stress. These indices have 
been used in research on more than 40 different crop 
species (Gardner et al., 1992a, 1992b). Most studies 
have shown that the thermal infrared is more sensi-
tive to water stress than is reflectance in visible or 
NIR. The reflective portion of the spectrum and VIs 
also respond, however, to plant water stress status 
when the canopy changes architecture through leaf 
rolling or wilting (Moran et al., 1989b) or alters the 
senescence rate (Pinter et al., 1981). Thermal plan 
water stress indices provide valuable information 
and adequate lead time to schedule irrigation and 
allow the onset of stress conditions to be detected 
more rapidly in dryland areas.

Thermal indices can overestimate water stress when 
canopy cover is full and the sensors view a combi-
nation of cool plant and warm soil temperatures. 
The WDI, which is a combination of VI and TIR 
(Moran et al., 1994; Clarke, 1997; Clarke et al., 
2001), seems to have overcome this problem since 
it accounts for the amount of plant cover through 
the VI part of the index.

A cost–benefit study by Moran (1994) shows that 
irrigation scheduling with thermal infrared sensors 
on aircraft is both practical and affordable if grow-
ers join together to purchase the images. Hatfield 
(1984c) found that spatial variation of surface 
temperature in wheat changed with the degree of 
water availability. One alternative tool for a spatially 
variable irrigation can be to mount infrared sensors 
on irrigation booms to provide the capability to 
vary irrigation amounts as the unit travels across 
the field. VIs can then be used as surrogates for crop 
coefficients (Kcb). Crop coefficients are usually 
obtained from curves or tables and they lack flexi-
bility to account for spatial and temporal crop water 
needs caused by uneven plant population, unusual 
weather patterns, non-uniform water application, 
nutrient stress or pest pressures (Bausch and Neale, 
1987; Choudhry et al., 1994; Pinter et al., 2003).

4.4.3.2  Soil salinity 

Remote-sensing can also be used to map areas of 
soils that have been contaminated by salt. The 
principle behind this application is that salt in 
the soil produces an unusually high surface 
reflectance (Leone et al., 2001). Salted areas can 
also be identified by detecting areas with reduced 
biomass or changes in spectral properties of plants 
growing in affected areas (Barnes et al., 2003).

Leone et al. (2001) evaluated the impact of soil 
salinity induced through irrigation with saline 
water on plant characteristics and assessed the rela-
tionships among these characteristics and spectral 
indices. They showed that soil salinity had a clear 
impact on plant characteristics and identified 
significant relationships among chlorophyll 
content, biomass, NDVI and red edge peak.

Studies have also shown an increase in canopy 
temperature of plants exposed to excessive salts in 
irrigation water (Howell et al., 1984a; Wang et al., 
2002), suggesting the possibility of pre-visual detec-
tion of stress, which can be managed with the 
appropriate measure of leaching or irrigation with 
good-quality water.

4.4.3.3  Remote-sensing in precision 
agriculture

4.4.3.3.1  Direct application

Past research efforts in the area of remote-sensing 
have provided a rich background for potential 
application to site-specific management of agricul-
tural crops. In spite of the extensive scientific 
knowledge, there are few examples in the literature 
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of direct application of remote-sensing techniques 
to precision agriculture. The main reasons for this 
are the difficulty and expense of acquiring satellite 
images or aerial photography in a timely fashion. 
With the progress in GPS and sensor technology, 
direct application of remotely sensed data is increas-
ing. Now an image can be displayed on the computer 
screen with a real-time position superimposed on 
it. This allows for navigation in the field to pre- 
determined points of interest on the photograph. 
Blackmer and Schepers (1995) proposed a system 
for applying nitrogen to corn on the basis of photo-
metric sensors mounted on the applicator machine. 
They showed that corn canopy reflectance changed 
with the rate of nitrogen within hybrids and that 
the yield was correlated with the reflected light. 
Aerial photographs were used to show areas across 
the field that did not have sufficient nitrogen. The 
machine reads canopy colours directly and applies 
the appropriate nitrogen rate based on the canopy 
colour of the control (well-fertilized) plots (Blackmer 
et al., 1996a, 1996b; Schepers et al., 1996).

Management zones can be extracted on a compu-
ter using VI maps and viewed with the use of a 
GIS over a remotely sensed image. The computer 
monitor displays the image along with the 
current position as the applicator machine 
moves on the field. When interfaced with varia-
ble-rate sprayer equipment, real-time canopy 
sensors could supply site-specific application 
requirements, in this way improving efficiency 
in the use of nutrients and minimizing ground-
water contamination (Schepers and Francis, 
1998).

4.4.3.3.2  Indirect application 

The most common indirect use of remote-sensing 
images is as a base map on which other information 
is layered in a GIS. Other indirect applications 
include the use of remotely measured soil and plant 
parameters to improve soil sampling strategies; the 
incorporation of remotely sensed vegetation param-
eters into crop simulation models; and the use of 
these parameters to help understand the causes and 
identify the location of crop stress, such as weeds, 
insects and diseases.

In their excellent review of the possibilities and 
limitations of image-based remote-sensing in preci-
sion agriculture, Moran et al. (1997) classify the 
information required for site-specific management 
as information on seasonally stable conditions, 
information on seasonally variable conditions, and 
information to find the causes of yield spatial varia-
bility and to develop a management strategy. The 

first class of information includes conditions that 
do not vary during the season (soil properties) and 
need to be determined only at the beginning of the 
season. Seasonally variable conditions, on the other 
hand, are those that are dynamic within the season 
(soil moisture, weeds or insect infestation, crop 
diseases) and thus need to be monitored through-
out the entire season for proper management. The 
third category embraces the previous two to deter-
mine the causes of the variability. Remote-sensing 
can be useful for obtaining all three categories of 
information that are required for successful imple-
mentation of precision agriculture. Muller and 
James (1994) suggest a set of multi-temporal images 
to overcome the uncertainty in mapping soil texture 
that arises from differences in soil moisture and soil 
roughness. Moran et al. (1997) also suggest that 
multi-spectral images of bare soil could be used to 
map soil types across a field. 

4.4.3.4  Crop growth and intercepted 
radiation

Remote-sensing techniques have also been applied 
to monitor seasonally variable soil and crop condi-
tions. Knowledge of crop phenology is important 
for management strategies. Information on the 
stage of the crop could be detected with seasonal 
shifts in the “red edge” (Railyan and Korobov, 
1993), bidirectional reflectance measurements 
(Zipoli and Grifoni, 1994), and temporal analysis of 
NDVI (Boissard et al., 1993; Van Niel and McVicar, 
2004a). Moreover, Wiegand et al. (1991) consider 
remote-sensing techniques as tools to measure 
vegetation density, LAI, biomass, photosyntheti-
cally active biomass, green leaf density, 
photosynthesis rate, amount of photosynthetically 
active tissue and photosynthetic size of canopies.

Aparicio et al. (2000) use three VIs (NDVI, simple 
ratio (SR) and photochemical reflectance index 
(PRI)) to estimate changes in biomass, green area 
and yield in durum wheat. Their results suggest that 
under adequate growing conditions, NDVI may be 
useful in a later crop stage, such as grain filling, 
where LAI values are around 2. Simple ratio, under 
rainfed conditions, correlated better with crop 
growth (total biomass or photosynthetic area) and 
grain yield than NDVI. This fact is supported by the 
nature of the relationship between these two indices 
and LAI. Simple ratio and LAI show a linear 
relationship, compared with the exponential 
relationship between LAI and NDVI. As suggested 
by the authors, however, the utility of both indices 
for predicting green area and grain yield is limited 
to environments or crop stages in which the LAI 
values are less than 3. They found that in rainfed 



CHAPTER 4. REMOTE-SENSING AND GIS APPLICATIONS IN AGROMETEOROLOGY 4–21

conditions, the VIs measured at any stage were 
positively correlated (P < 0.05) with LAI and yield. 
Under irrigation, correlations were only significant 
during the second half of the grain filling. The 
integration of NDVI, SR or PRI from heading to 
maturity explained 52, 59 and 39 per cent of the 
variability in yield within 25 genotypes in rainfed 
conditions and 39, 28 and 26 per cent under 
irrigation, respectively. 

Shanahan et al. (2001) use three different kinds of 
VIs (NDVI, TSAVI and GNDVI) to assess canopy 
variation and its resultant impact on corn (Zea mays 
L.) grain yield. Their results suggest that GNDVI 
values acquired during grain filling were highly 
correlated with grain yield; correlations were 0.7 in 
1997 and 0.92 in 1998. Moreover, they found that 
normalizing GNDVI and grain yield variability, 
within treatments of four hybrids and five N rates, 
improved the correlations in the two years of the 
experiment (1997 and 1998). Correlation, however, 
increased in 1997 at a net rate that was higher (from 
0.7 to 0.82) than in 1998 (0.92 to 0.95). Therefore, 
the authors suggest that the use of GNDVI, espe-
cially by acquiring measurements during grain 
filling, is of advantage for producing relative yield 
maps that show the spatial variability in the field, 
and offers an alternative to the use of a combined 
yield monitor.

Raun et al. (2001) determined the capability of 
predicting the potential grain yield of winter wheat 
(Triticum aestivum L.) using in-season spectral 
measurements collected between January and 
March. NDVI was computed in January and March 
and the estimated yield was computed using the 
sum of the two post-dormancy NDVI measurements, 
divided by the cumulative growing degree-days 
between the first and the second readings. Significant 
relationships were observed between grain yield 
and estimated yield, with R2 = 0.50 and P > 0.0001 
over the two years of the experiment and at different 
(nine) locations. At some sites, the estimation of 
potential grain yield made in March and the grain 
yield measured in mid-July differed, owing to some 
factors that affected this yield. 

The capability of VIs to estimate physiological 
parameters, such as the fraction of absorbed 
photosynthetically active radiation (fAPAR), was 
studied on other crops, including faba bean (Vicia 
faba L.) and semi-leafless pea (Pisum sativum L.), 
which grows under different water conditions, in 
an experiment followed by Ridao et al. (1998). 
Crops were grown under both irrigated and rainfed 
conditions. The authors computed several indices 
(RVI, NDVI, SAVI2, TSAVI, renormalized difference 

vegetation index (RDVI), PVI), and linear, 
exponential and power relationships between VI 
and fAPAR were constructed to assess fAPAR on the 
basis of VI measurements. During the pre-LAImax 
phase, in both species, all VIs correlated highly with 
fAPAR; however, R2 at this stage did not differ 
significantly between indices that consider soil line 
(SAVI2 and TSAVI) and those that do not (NDVI, 
RVI, RDVI). In the post-LAImax phase, the same 
behaviour was observed. All VIs were affected by 
the hour of measurement at solar angles greater 
than 45°. The authors concluded that simple 
indices, such as RVI and NDVI, could be used to 
accurately assess canopy development in both 
crops, allowing good and fast estimation of fAPAR 
and LAI.

4.4.3.5  Nutrient management

Appropriate management of nutrients is one of the 
main challenges of agricultural production, and it 
is also central to efforts aimed at reducing environ-
mental impacts. Remote-sensing is able to provide 
valuable diagnostic methods that allow for the 
detection of nutrient deficiency, followed by proper 
application measures to remedy deficiencies that 
are identified. 

Several studies have been carried out with the 
objective of using remote-sensing and vegetation 
indices to determine crop nutrient requirements 
(Schepers et al., 1992; Blackmer et al., 1993, 1996a, 
1996b; Blackmer and Schepers, 1994; Daughtry et 
al., 2000). The results of these studies led to the 
conclusion that remote-sensing imagery could be 
a better and quicker method for managing nitro-
gen efficiently, compared with the traditional 
method. 

Bausch and Duke (1996) developed an N reflectance 
index (NRI) from green and NIR reflectance of an 
irrigated corn crop. The NRI was highly correlated 
to an N sufficiency index calculated from SPAD 
chlorophyll meter data. Since the index is based on 
plant canopy, as opposed to the individual leaf 
measurements obtained with SPAD readings, it has 
great potential for larger-scale applications and 
direct input into variable-rate fertilizer application.

Ma et al. (1996) studied the possibility of evaluating 
whether canopy reflectance and greenness could 
measure changes in maize yield response to N fertil-
ity. They derived NDVI at three growing stages: 
pre-anthesis, anthesis and post-anthesis. NDVI is 
well correlated with leaf area and greenness. At pre-
anthesis, NDVI showed high correlation with field 
greenness. At anthesis the correlation coefficient of 
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NDVI with the interaction between leaf area and 
chlorophyll content was not significant with yield. 
The authors concluded that reflectance measure-
ments taken prior to anthesis predict grain yield 
and may provide in-season indications of N 
deficiency. 

Gitelson et al. (1996) pointed out that under some 
conditions, as with the variation in leaf chlorophyll 
concentration, GNDVI is more sensitive than NDVI. 
In particular, the green band used in computing 
GNDVI is more sensitive than the red band used in 
NDVI. This change occurs when some biophysical 
parameters, such as LAI or leaf chlorophyll concen-
tration, reach moderate to high values.

Fertility levels, water stress and temperature can 
affect the rate of senescence during maturation of 
crops. In particular, Adamsen et al. (1999) used 
three different methods to measure greenness 
during senescence on spring wheat (Triticum aesti-
vum L.): digital camera, SPAD meter and hand-held 
radiometer. They derived G/R (green to red) from 
the digital camera and NDVI from a hand-held 
radio meter, while SPAD readings were obtained 
from randomly selected flag leaves. All three 
methods showed a similar temporal behaviour. 
The relationship between G/R and NDVI showed 
significant coefficient of determination and their 
relationship was described by a third-order poly-
nomial equation (R2 = 0.96; P < 0.001). The 
relation was linear until G/R > 1. When the 
canopy approached maturity (G/R < 1), NDVI was 
still more sensitive to the continued decline in 
senescence than G/R. This fact suggests that the 
use of the visible band is limited in such condi-
tions. The authors found, however, that the G/R 
method was more sensitive than SPAD 
measurements.

Daughtry et al. (2000) studied the wavelengths 
sensitive to leaf chlorophyll concentration in maize 
(Zea mays L.). The use of VIs, such as NIR/Red, 
NDVI, SAVI and OSAVI, showed that LAI was the 
main variable, accounting for more than 98 per 
cent of the variation. Chlorophyll, LAI and their 
interaction accounted for more than 93 per cent of 
the variation in indices that compute the green 
band. The background effect accounted for less 
than 1 per cent of the variation of each index, 
except for GNDVI, for which the figure was 2.5 per 
cent.

Serrano et al. (2000) studied the relationship 
between VIs and canopy variables, namely the 
above-ground biomass, LAI, canopy chlorophyll A 
content and the fraction of intercepted 

photosynthetically active radiation (fIPAR) for a 
wheat crop growing under different N supplies. The 
VI–LAI relationships varied among N treatments. 
The authors also showed that VIs were robust 
indicators of fIPAR, independently of N treatments 
and phenology. 

Li et al. (2001) studied spectral and agronomic 
responses to irrigation and N fertilization on 
cotton (Gossypium hirsutum L.) to determine 
simple and cross-correlation among cotton 
reflectance, plant growth, N uptake, lint yield, 
site elevation, and soil water and texture. NIR 
reflectance was positively correlated with plant 
growth and N uptake. Red and middle-infrared 
reflectance increased with site elevation. Li et al. 
(2001) found that soil in depression areas contains 
more sand on the surface than on upslope areas. 
This behaviour modified reflectance patterns. As 
a result, a dependence on sand content was shown 
by NDVI with higher values in the depression 
areas and lower values in areas where the soil had 
more clay. In addition, cotton NIR reflectance, 
NDVI, soil water, N uptake and lint yield were 
significantly affected by irrigation (P < 0.0012). 
The N treatment had no effect on spectral param-
eters, and interaction between irrigation and N 
fertilizer was significant on NIR reflectance  
(P < 0.0027).

Wright (2003) investigated the spectral signatures 
of wheat under different N rates, and the response 
to a mid-season application at heading. VIs were 
computed (RVI, NDVI, DVI, GNDVI) and spectral 
data were compared with pre-anthesis tissue 
samples and post-harvest grain quality. The 
author found that imagery and tissue samples 
were significantly correlated with pre-anthesis 
tissue samples and post-harvest grain quality. The 
second application of N at heading improved 
protein only marginally. GNDVI was significantly 
correlated with the nitrogen content of plants. 
VIs used in the study, whether from satellite or 
aircraft, correlated well with pre-season N and 
plant tissue analysis, but had lower correlation 
with protein. 

Osborne et al. (2002a, 2002b) demonstrated that 
hyperspectral data can be used for distinguishing 
differences in N and P at the leaf and canopy levels, 
but the relationship was not constant over all plant 
growth stages. Adams et al. (2000) have detected Fe, 
Mn, Zn and Cu deficiency in soybean using hyper-
spectral reflectance techniques and proposing a 
yellowness index that evaluated leaf chlorosis based 
on the shape of the reflectance spectrum between 
570 nm and 670 nm.



CHAPTER 4. REMOTE-SENSING AND GIS APPLICATIONS IN AGROMETEOROLOGY 4–23

4.4.3.6  Pest management

Remote-sensing has also shown great potential for 
detecting and identifying crop diseases (Hatfield 
and Pinter, 1993) and weeds. Visible and NIR 
bands can be useful for detecting infected plants 
as opposed to healthy plants because diseased 
plants react with changes in LAI or canopy struc-
ture. Malthus and Madeira (1993), using 
hyperspectral information in visible and NIR 
bands, were able to detect changes in remotely 
sensed reflectance before disease symptoms were 
visible to the human eye.

Weed management represents an important 
agronomic practice for growers. Weeds compete 
for water, nutrients and light, and often reduce 
crop yield and quality. Decisions concerning their 
control must be made early in the crop growth 
cycle. Inappropriate herbicide application can also 
have an undesirable effect on the environment 
and a side effect on the crop. With the advent of 
precision agriculture, farmers are now able to spray 
herbicides only when and where they are needed. 
This kind of approach is economically efficient 
and environmentally sound. Site-specific herbicide 
management requires spatial information on 
weeds, however. The discrimination between crops 
and weeds is usually accomplished on the basis of 
differences in the visible/NIR spectral signatures of 
crops and specific weeds (Gausman et al., 1981; 
Brown et al., 1994) or by acquiring images when 
weed colouring is particularly distinctive. 
Richardson et al. (1985) demonstrated that 
multispectral aerial video images could be used to 
distinguish uniform plots of Johnson grass and 
pigweed from sorghum, cotton and cantaloupe 
plots. Several other authors have utilized spectral 
imagery to separate crops from weeds on the basis 
of spectral signatures of species and bare soil 
(Hanks and Beck, 1998) or on the basis of leaf 
shape determined by machine vision technology 
(Franz et al., 1995; Tian et al., 1999).

Basso et al. (2004) used the CropScan hand-held 
radiometer to determine if a wheat field with vari-
ous levels of poppy (Papever rhoeas) infestation 
could be detected by multispectral radiometer. The 
study showed that the red and NIR reflectance in 
areas of a durum wheat field highly infested with 
poppy was significantly different from the red and 
NIR reflectance observed in areas with no infesta-
tion or with lower levels of this weed.

Remote-sensing can also be used to determine 
herbicide injury to a crop for insurance purposes 
(Hickman et al., 1991; Donald, 1998a, 1999b). To 

improve the application efficiency of herbicides, 
Sudduth and Hummel (1993) developed a portable 
NIR spectrophotometer for use in estimating soil 
organic matter as part of the process of determining 
the amount of herbicide to be sprayed.

Several studies have also been carried out using 
remote-sensing for identifying and managing 
insect, mite and nematode populations. These stud-
ies have demonstrated that remote-sensing is able 
to detect actual changes in plant pigments caused 
by pest presence and damage by pests, and that it 
can help identify areas susceptible to infestation. 
Riedell and Blackmer (1999) infested wheat seed-
lings with aphids and measured the reflectance 
properties of individual leaves after three weeks. 
The leaves of the infected plants had lower chloro-
phyll concentration and displayed significant 
changes in reflectance spectra at certain wave-
lengths (500 to 525, 625 to 635 and 680 to 695 nm). 
In combination with other studies (Cook et al., 
1999; Elliot et al., 1999; Willers et al., 1999), this 
study suggests the potential usefulness of canopy 
spectra for identifying outbreaks in actual field 
situations and guiding field scouts to specific areas 
for directed sampling. Site-specific pesticide appli-
cation can reduce the impact of toxic chemicals 
on the environment by 40 per cent (Dupont et al., 
2000).

4.4.3.7  Selection of growth traits

The use of morphological and physiological traits 
as indirect selection criteria for grain yield is an 
alternative to the breeding approach. Future wheat 
yield improvements may be gained by increasing 
total dry matter production (TDM). VIs have been 
proposed as an appropriate and non-destructive 
method to assess total dry matter and LAI. Aparacio 
et al. (2000, 2002) investigated whether VIs could 
accurately identify TDM and LAI in durum wheat 
and serve as indirect selection criteria in breeding 
programmes. They found that the best growth 
stages for the appraisal of growth traits were stages 
65 and 75 of the Zadoks scale (Zadoks et al., 1974). 
VIs accurately tracked changes in LAI when data 
were analysed across a broad range of different 
growth stages, environments and genotypes. Since 
VIs lack predictive ability for specific combinations 
of environment and growth stages, their value as 
indirect genotype selection criteria for TDM or LAI 
is limited.

Ma et al. (2001) showed that canopy reflectance 
measured between the R4 and R5 stages in soybean 
adequately discriminates high- from low-yielding 
genotypes and provides a reliable and fast indicator 
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for screening and ranking soybean genotypes based 
on the relationship between NDVI and grain yield. 

4.4.3.8  Crop yield estimation

Remote-sensing can provide valuable information 
on yield assessment and show spatial variation 
across a field. There are two approaches for yield 
estimation. The first is a direct method in which 
predictions are derived directly from remote-sensing 
measurements. The second is an indirect method in 
which remotely sensed data are incorporated into a 
simulation model for crop growth and development, 
either as intraseasonal calibration checks of model 
output (LAI, biomass) or in a feedback loop used to 
adjust model starting conditions (Maas, 1988). 

The direct method for the prediction of yield using 
remote-sensing can be based on reflectance or on 
thermal parameters. Both methods have been 
applied successfully with various crops, such as 
corn, soybean, wheat and alfalfa (Tucker et al., 
1979, 1981; Idso et al., 1977; Pinter et al., 1981). In 
his survey of 82 different varieties of wheat, Hatfield 
(1981) was not able to find a consistent relationship 
between spectral indices and yield.

Hatfield (1983) coupled frequent spectral reflect-
ance and thermal observation in a more 
physiological method to predict yields in wheat 
and sorghum. This method requires TIR daily meas-
urements during the grain-filling period to estimate 
crop stress. 

Shanahan et al. (2001) demonstrated that the time 
of corn pollination was not a good growth stage for 
estimating yield because of the various factors that 
can cause tassel emergence dates to vary. Yang et al. 
(2000) found similar results, concluding that images 
taken at grain filling can provide good relationships 
between VIs and yield. The reliability of imagery for 
use in yield estimation decreases as the time before 
harvest increases because there are more opportuni-
ties for factors such as stresses to influence yield.

Aase and Siddoway (1981) cautioned that the rela-
tionships of spectral indices to yield were dependent 
upon normal grain-filling conditions for the crop. 
Similar results were found by Basso et al. (2004, 
personal communication, unpublished data) in 
which the NDVI images of a rainfed durum wheat 
field showed a different correlation to yield depend-
ing on the time of the image selected. In this specific 
case, spatial variability of soil texture and soil water 
uptake by plants affected by drought varied at 
anthesis, presenting scenarios different from the 
one predicted by the NDVI estimation.

4.4.4 	 Operational	uses	of	remote-
sensing	and	GIS	for	assessing	
environmentally	sensitive	areas	
for	desertification	risk

Soil, vegetation, climate and management are the 
main factors affecting environmental sensitivity to 
degradation, through their intrinsic characteristics 
or through their interaction with the landscape. 
Different levels of degradation risks may be observed 
in response to particular combinations of the afore-
mentioned factors. For instance, a combination of 
inappropriate management practices and intrinsi-
cally weak soil conditions will result in environmental 
degradation of a severe level, while a combination 
of the same type of management with better soil 
conditions may lead to negligible degradation.

A weighted multiplicative model within a GIS has 
been developed in order to assess the environmen-
tal sensitivity (ES) of the Basilicata region (Italy) by 
taking into account the particular set of environ-
mental and socio-economic conditions and their 
relationships. Furthermore, major contributing 
factors to degradation have been identified across 
this region through spatial analysis. Environmental 
degradation or sensitivity has been modelled as the 
multiplicative effect of soil, climate, vegetation and 
management; it is indicated in the model as quality 
layers. 

ES = (Quality Index1 * Quality Index2 * Quality Index3 
* Quality Indexn)(1/n)

In turn, each Quality Index (QI) represents the 
result of interactions among the elementary factors 
listed above according to the following equation:

QI = (Information Layer1 * Information Layer2 * 
Information Layer3 * Information Layern) (1/n)

Each layer represents a single variable and meas-
ures how such variable relates on its own to the 
general environmental sensitivity. The ES model is 
explained in detail in Basso et al. (2000). Low, high 
and severe risk classes were identified by grouping 
ES values into three classes, using a natural break 
classification method. As summarized in Figure 
4.5, over 50 per cent of the Basilicata surface is 
exposed to high risk and 7 per cent to severe risk, 
while the remaining 37 per cent is exposed to low 
risk.

4.4.5  Aquaculture and remote-sensing

Mangroves form an important vegetation belt along 
coastal regions and their presence has considerable 
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influence in maintaining the proper environmental 
balance. Destruction of mangroves will, in the long 
run, have a serious impact on coastal ecosystems. 
Mangroves to some extent protect land from 
cyclones and the ill effects of cyclones on crops, 
cattle and human habitation.

A study by scientists at the National Remote 
Sensing Agency, India, using satellite remotely 
sensed data covering the Andhra Pradesh ecosys-
tems to delineate many of the cultivated areas and 
mangroves, revealed that in 1973, the areas under 
prawn cultivation were almost negligible and that 
by 1985 and 1990, they grew by a factor of more 
than 5 in the Guntur district and by a factor of 10 
in the Krishna district. This study showed a 
decrease in the area of mangrove vegetation, 
suggesting that the increase in prawn cultivation 
might have affected these mangroves. In spite of 

their essential role in maintaining the ecological 
balance in coastal ecosystems, mangroves are 
being destroyed in some areas, such as in Kotta-
palem in Repalle Mandal in the Guntur district, 
for the purpose of extending the cultivation of 
prawns (Narayan, 1999).

Remote-sensing data may help not only in the 
estimation of areas under brackish water aquacul-
ture along all of the Indian coast, but also in 
selecting suitable locations for prawn/shrimp 
farming without posing a serious threat to 
mangrove systems. In the Krishna district, prawn 
cultivation increased from 1973 to 1992, while the 
areas with mangroves contracted in size during 
the same period, as can be observed from remotely 
sensed satellite data gathered during this period. 
In terms of statistics, prawn cultivation was non-
existent in the Krishna district in 1973, while the 

Figure 4.5. Climate quality map; vegetation quality map; environmental sensitivity; risk class and contribution 
factor to spatial distribution of desertification risk in the Basilicata region, southern Italy (Lat. 40°6’, Long. 16°6’)



mangroves extended over about 5 884 ha. In 1992, 
the areas under prawn cultivation increased to 
6 005 ha, while the mangroves shrunk to 5 479 ha.

4.4.6	 Operational	use	of	remote-sensing	
for	identification	of	fishing	zones

With the advent of remote-sensing methods, many 
ocean-related applications, including fisheries, can 
be studied using satellite and aircraft data. One of 
the important parameters that can be measured 
with sufficient accuracy is the sea surface tempera-
ture (SST), which has been related to the concentra- 
tion of fish population. Here, it has been shown 
how sea surface temperature can be mapped on a 
regular basis and how this information can be 
passed on to fishermen so that they can concen-
trate on high potential areas and improve the catch 
(WMO, 2004).

Sea surface temperature derived from the NOAA 
AVHRR satellite serves as a very useful indicator of 
prevailing and changing environmental condi-
tions and is one of the important parameters 
behind suitable environmental conditions for fish 
aggregation. SST images obtained from satellite 
imagery over three or four days are composited 
and the minimum and maximum temperatures 
are noted. These values are processed to obtain 
maximum contrasts of thermal information. These 
are filmed to prepare relative thermal gradient 
images. From these images, features such as ther-
mal boundaries, relative temperature gradients 
with an accuracy of 1°C, contour zones, eddies 
and upwelling zones are identified. These features 
are transferred using optical instruments to corre-
sponding sectors of the coastal maps prepared 
with the help of naval hydrographic charts. Later, 
the location of the potential fishing zone (PFZ) 
with reference to a particular fishing centre is 
drawn by identifying the nearest point of the ther-
mal feature to that fishing centre. The information 
extracted consists of distance in kilometres, depth 
in metres (for position fixing) and bearing in 
degrees with reference to the north for a particular 
fishing centre.

The PFZ maps thus prepared are sent through 
facsimile transmission (fax) to major fishermen’s 
associations of India, unions, and governmental 
organizations of India, such as the Central Marine 
Fisheries Research Institute, Fishery Survey of India, 
and state fisheries departments of all maritime 
states of India, including the union territories of 
Andaman and Nicobar and Lakshadweep Islands, 
every Monday and Thursday. The Department of 
Ocean Development has already set up fax machines 

at the ports of Balasore, Bhubaneswar, Thiruvanan-
thapuram and Malpe (Karnataka State) and has 
plans to extend these facilities to all major fish 
landing centres along the Indian coast. Centres are 
informed periodically of PFZs by other means, 
whenever fax transmission is not available.

4.4.7	 Forest	management	through	
remote-sensing

The present scenario for the use of remote-sensing 
in forest studies indicates that for forest cover 
monitoring or surveillance, the use of this tech-
nology at the national and state levels and mapping 
on a scale of 1:25 000 are possible. This is opera-
tionally being done by the Forest Survey of India, 
with a view to producing and reporting informa-
tion on a biennial basis. Such information has 
been found to be reliable and can be generated 
within a short time and, if necessary, in digital 
format. In addition, the study of spatial distribu-
tion of forest types could also be necessary and 
useful, particularly to provide scientifically sound 
insights to forest officials as to which species need 
to be introduced either by replacement of natural 
forest or regeneration of degraded forests in the 
area. Preparation of forest-type maps and their 
distribution at the block level on a scale of 1:50 000 
are now possible using satellite remote-sensing 
data to aid forest managers.

4.5	 COLLABORATIONS	FOR	RESOURCE	
SHARING	IN	REMOTE-SENSING	AND	
GIS

The transfer of the new techniques of processing 
and interpreting remote-sensing data from 
developed to developing countries is limited by 
many factors, such as the cost of receiving equip-
ment, restrictive or very difficult access to the 
archives of satellite images and data, a shortage of 
qualified staff, and the like. The situation has 
improved in recent years, thanks to the availability 
of long series of satellite data; for example, the data 
archives from NOAA (United States) and Meteor 
(Russian Federation) contain information that goes 
back more than 15 years. Access to archives and the 
transfer of information, software and processes are 
becoming simpler, especially with the use of 
Internet tools (see, for example, Schmidt et al., 
2006, and the references therein).

International organizations, and in particular 
WMO, are also playing an active role in the 
coordination of efforts involved in the reception, 
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processing, dissemination and use of remote-
sensing data. The WMO Commission on Basic 
Systems has recently established a Working Group 
on SATellites (WGSAT) that will serve as an 
appropriate place for carrying out such activity. 
The main goal is the development of common 
working strategies and the improvement of 
regional and global management capability of 
satellite data.

For this reason, particular emphasis is placed on 
data compatibility and integration among differ-
ent sources of data. WGSAT has supported a project 
aimed at developing receiving stations (both 
hardware and software) at a reasonable cost so that 
they can be made available to developing coun-
tries. WGSAT has discussed a possible process to 
improve the use of satellite data from the present 
global satellite observing system, and has put 
forward a set of recommended actions.

The WMO strategy to improve satellite system 
utilization consists of four components:
(a) The strategic vision;
(b) The long-term strategic goal;
(c) Major strategic objectives;
(d) The methodology to meet the objectives.

The strategic vision to improve satellite system 
utilization is the prospect of substantially 
improved transfer to communities around the 
world of the benefit of meteorological science 
and technology, via rapidly evolving global and 
regional communications networks. This will 

allow improved access to satellite data and 
services and interactions between developed and 
developing countries.

The long-term strategic goal for the next 15 years 
is to achieve systematic improvements in the 
utilization of satellite systems by National Meteo-
rological and Hydrological Services, with an 
emphasis on improving utilization in developing 
countries.

The major strategic objectives are:
(a) To focus on the needs of developing countries;
(b) To improve access to satellite data through 

increased effectiveness in the distribution of 
satellite system data and products at major 
hubs, in particular those maintained by the 
satellite operators, WMO World Meteoro-
logical Centres, Regional Specialized Meteo-
rological Centres, and other entities as 
appropriate; 

(c) To improve the use of satellite data by increas-
ing the capabilities of their applications 
through the direct involvement of existing 
WMO Member expertise.

The methodology to improve satellite system 
utilization is based on an iterative process to 
assess continuously the status of the use of satel-
lite data and services and their impact on the 
various applications, and thus to identify limita-
tions and deficiencies. The necessary steps to 
improve utilization will be developed and imple-
mented through specific projects.
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