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multispectral data is acquired over a relatively small number
(<10) of broad spectral bands (≈ 100 nm band width),
hyperspectral imagers acquire data over numerous (tens to
hundreds) narrow (< 20 nm) spectral bands. Spaceborne
systems tend to have a lower spatial resolution (30-150 m) in
comparison to their airborne counterparts (35 cm – 4 m) [2].

Abstract—Hyperspectral sensors are devices that acquire
images over hundreds of spectral bands, thereby enabling the
extraction of spectral signatures for objects or materials
observed. Hyperspectral remote sensing has been used over a
wide range of applications, such as agriculture, forestry, geology,
ecological monitoring and disaster monitoring. In this paper, the
specific application of hyperspectral remote sensing to
agriculture is examined. The technological development of
agricultural methods is of critical importance as the world’s
population is anticipated to continuously rise much beyond the
current number of 7 billion. One area upon which hyperspectral
sensing can yield considerable impact is that of precision
agriculture – the use of observations to optimize the use of
resources and management of farming practices. For example,
hyperspectral image processing is used in the monitoring of plant
diseases, insect pests and invasive plant species; the estimation of
crop yield; and the fine classification of crop distributions. This
paper also presents a detailed overview of hyperspectral data
processing techniques and suggestions for advancing the
agricultural applications of hyperspectral technologies in Turkey.

One important application of hyperspectral imaging
technologies is that of agriculture, and in particular, precision
agriculture. Precision agriculture can be broadly defined as the
use of observations to optimize the use of resources and
management of farming practices. Typically, a ground
positioning system (GPS) combined with the readings from
other geographical information systems (GIS), including
satellite data, is used to monitor the crops, manage the use of
resources, and make decisions on farming practices. An
example of sensor usage includes the determination of soil
characteristics, such as texture, structure, physical character,
humidity, and nutrient level.
This paper examines the application of hyperspectral
imagers to precision agriculture. In Section II, details about
hyperspectral sensing technologies are given. Section III
discusses agricultural applications of hyperspectral imaging,
focusing on the monitoring of plants and insects, crop yield
estimation, and crop classification.
Hyperspectral data
processing techniques, such as dimension reduction/band
selection, classification/clustering, spectral libraries, and
radiometric calibration/correction, is detailed in Section IV.
Finally, in Section V, conclusions are given in addition to
suggestions for the advancement of hyperspectral technology
use for precision agriculture in Turkey.

Keywords—survey; hyperspectral image processing; remote
sensing; precision agriculture.

I.

INTRODUCTION

Since the successful launch and deployment of the first
experimental satellite, Sputnik, in 1957, satellites have been
used for applications such as surveillance, navigation,
communication, remote sensing, and earth observation.
Notable applications to remote sensing include those relating to
meteorology, agriculture, mining, geology, mapping, city
planning, ecological monitoring and disaster monitoring.
Although primarily electro-optical visible sensors have been
used, more recently, the application of thermal imagers,
synthetic aperture radar (SAR), light detection and ranging
(LIDAR), and hyperspectral imagers has gained increasing
attention.

II.

Hyperspectral sensors, also referred to as imaging
spectrometers, represent the next step in spectral imaging
beyond that of multispectral imaging radiometers, current
spaceborne examples of which include, LANDSAT, SPOT,
IKONOS and WorldView. Spectral imaging involves the
collection of multiple images over multiple wavelength bands.
The data is aligned in such a way that each spatial location, or
pixel, contains data for all measured wavelengths. Thus,
hyperspectral images are in fact a three-dimensional cube of
data (Figure 1). The X and Y axis specify the dimensions of the
images, while the Z axis denotes the spectral wavelength. The
value of each pixel in the image is spectral reflectance, the
amount of optical energy received by the sensor from the sun
after reflecting from the Earth’s surface. The value of
hyperspectral sensing lies in its ability to capture information

Hyperspectral remote sensing is defined as the
simultaneous acquisition of images in many narrow,
contiguous spectral bands [1]. Hyperspectral sensors are
specially designed devices capable of acquiring detailed
images of observed objects of hundreds of narrow spectral
bands.
The spectral signatures extractable from the
hyperspectral image cube can used to classify or recognize
objects, materials, or areas of the region viewed. Typically,
hyperspectral imaging devices capture light in the range of 400
nm – 2500 nm, covering the visible, near infrared (NIR), and
short wave infrared (SWIR) frequency bands.
While
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of the Earth’s spatial and spectral characteristics, which are
imprinted on the received signal through interaction with the
ground, and can be used to decipher a multitude of properties
about the objects being observed. For example, the variation of
reflectance versus wavelength at each pixel thus provides a
unique spectral signature, which can be used to identify viewed
objects.

Spectrometer (AIS), the first airborne hyperspectral platform to
fly in 1982 [6]. Since then, numerous airborne hyperspectral
imagers have been developed, including AVIRIS, CASI,
HyperCAM, and Hymap [7], [8].
Although aerial imagers have greater spatial and spectral
resolution with respect to their spaceborne counterparts, their
swath widths are lower and spatial coverage is limited.
Satellite imagers have the capability to image all parts of the
world without any limitation. However, satellites are
constrained by their orbits to only pass once over a given area
every few days, while airborne missions – although more
costly - can be planned at will, and can even include multiple
passes over a single area. Cloud cover is a critical impediment
to all imaging spectrometers. Thus, weather has a greater
impact on spaceborne missions. If a satellite overpass coincides
with cloudy weather then a mission can be delayed until the
next overpass. Typically, platform choice is dependent upon
the application as well as desired coverage and resolution.
Currently, there are several officially announced
hyperspectral earth observation satellite sensors on orbit,
including PROBA-CHRIS, EO-1 HYPERION, and HJ-1A.
PROBA-CHRIS is a light-weight 14 kg imager operating in the
VNIR region with a spectral resolution varying between 1.2511 nm [9]. HYPERION can collect images in both the VNIR
and SWIR spectral bands. Its spectral resolution is 10nm and
its spatial resolution is 30m [10]. HJ-1A has a spatial
resolution of 100 m and an average spectral resolution of 5 nm
[11].

Fig. 1. Hyperspectral image cube (Data: Indian Pines [3])

A. Hyperspectral versus Multispectral Imagers
The ability of multispectral remote sensors to estimate
surface properties is limited both spatially and spectrally in
comparison to hyperspectral imagers. The large number of
contiguous, narrow bands possessed by hyperspectral sensors
allows for the extraction of features that otherwise might not be
noticeable from the broad bands of multispectral sensors.
Moreover, because hyperspectral sensors acquire the entire
spectrum at each point, it is not necessary to have prior
knowledge of which frequency bands should be used for a
given application. Band selection is an important processing
issue in hyperspectral image processing, but can be
accomplished post data collection.

There are many hyperspectral satellites currently under
development, including MSMSISat by South Africa and
Belgium, PRISMA by Italy, EnMAP, by Germany, HISUI by
Japan, HyspIRI by the US, and Resourcesat-3 by India. Among
these, perhaps the more well-known satellites are PRISMA,
ENMAP, and HyspIRI.

The primary disadvantage of hyperspectral imagers is the
high cost and complexity of such systems. Extremely narrow
band filters, spectrometers, highly sensitive detectors, and twodimensional sensor arrays allowing the acquisition of multiple
spatial and spectral samples are required to build hyperspectral
sensors. Indeed, the development of these technologies enabled
the hyperspectral breakthrough; however, they are expensive.
Additionally, hyperspectral data is extremely large and thus
requires a huge amount of data storage capacity. Data size also
puts a strain on satellite downlinks, which have limited channel
capacity. Although new signal processing techniques, such as
compressive sensing [4], are being explored as a solution to
such problems, currently cost and complexity remain a key
handicap of hyperspectral imaging systems [5].

PRISMA [12] is scheduled to be launched in 2012, geared
towards studies on vegetation, environmental protection, and
climate change. Its orbital altitude will be 700km with a design
life time of 5 years. The imager will operate in the visible, near
infrared, and short wave infrared regions with 12 nm spectral
resolution. The mass of the imager is below 90 kg. It has more
than 210 contiguous bands.
ENMAP [13] is a German hyperspectral sensor that is
planned to be launched in 2014. ENMAP operates in nearly the
same spectral region as PRISMA (420nm - 2450nm). The
mean spectral resolution is 6.5nm for VNIR and 10nm for
SWIR with a 30m spatial resolution. The objective of the
ENMAP mission is to provide high quality images for studies
in agriculture, forestry, coastal zones and inland waters.

B. Hyperspectral Imaging Platforms
Hyperspectral imagers are generally used on either groundbased (stationary or hand-held), airborne or space-based
platforms. Ground-based systems are typically used to make
measurements requiring extremely high spectral resolution,
such as measurements of spectral signature or bidirectional
reflection distribution function (BRDF).

EO-1 HyspIRI [14] is an earth observation satellite orbiting
at a 700 km developed NASA specifically targeted for
monitoring ecosystems, vegetation, and natural disasters, such
as volcano eruptions, and wildfires. HyspIRI will measure
over a spectral range of 380 nm – 2500 nm (VSWIR) with 212
bands, each with a bandwidth of 10nm. The EO-1 satellite will
also carry on board a thermal infrared (TIR) imager. Both
instruments have a spatial resolution of 60m at nadir.

Airborne hyperspectral remote sensing has a nearly 30 year
history, beginning with NASA’s Airborne Imaging
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III.

processing hyperspectral data. For example, chlorophyll
content estimation can be accomplished by examining the
reflectance values at approximately 675 and 550 nm [15], point
corresponding to samples from the green peak and chlorophyll
well, features known to be related to chlorophyll
levels. Similarly, the total nitrogen content of a canopy can be
estimated from data collected at wavelengths of 480, 620, and
840 nm. Thus, many applications benefit from the definition of
vegetation indices, simple algebraic combinations of the
reflectance values at specific frequencies, which changes based
on the application. For instance, canopy water content can be
well estimated based on the values of four indices: the water
band index, the normalized difference water index, the
moisture stress index, and normalized difference infrared
index.

AGRICULTURAL APPLICATIONS

Hyperspectral remote sensing provides information across
numerous contiguous spectral bands; however, most
applications typically require data from only a select set of
frequencies determined according to the absorption and
reflection properties of the matter being observed. The
spectral absorption characteristics of matter are influenced by a
variety of factors relating to structure, constituents,
concentration and content. In plants, which are of most interest
to agricultural applications, absorption properties in the visible
spectral band are governed by the amount and concentration of
photosynthetic pigments such as chlorophyll a, chlorophyll b,
xanthophylls, anthocyanins and carotenoids [15]. In the near
visible region, the internal structure of the leaf, size and shape
of air spaces within the plant, as well as number of air-water
interfaces within the plant’s layers have a great influence on
the amount of energy reflected back from the leaf. Additional
factors include moisture content, and the concentration of
biochemicals such as lignin, cellulose, starch, proteins, and
nitrogen.

Agricultural applications also benefit from the definition of
such indices, which can be used to assess a variety of
information about the health of crops or estimation of crop
yield. For example, NDVI (Normalized Difference Vegetation
Index) and SAVI (Soil-Adjusted Vegetation Index) are used for
estimation of green leaf area index (LAI) using hyperspectral
data [16].

NIR
plateau

Green peak

Precision agriculture is a technique which can highly
benefit from hyperspectral remote sensing. In the next
sections, the use of hyperspectral imaging in key precision
agriculture requirements, such as the monitoring of plants and
pests, the estimation of crop yield, and crop classification is
discussed.

Red edge

A. Monitoring Plant Diseases, Insect Pests and Invasive
Plant Species
Early detection of plant diseases and insect infestation is
crucial for farmers and agricultural managers who want to
reduce economic loss due to these threats. For instance, to
detect tree stress caused by the Douglas-fir beetle, Lawrance
and Labus [17] examined methods that performed well on
multispectral data to hyperspectral imagery; namely, stepwise
discriminant analysis (DISCRIM) and classification and
regression tree analysis (CART). The Probe-1 sensor was
flown aboard a helicopter and data over 128 continuous
spectral bands between 0.4 µm and 2.5 µm with a 1 m spatial
resolution was collected.

Chlorophyll well

Fig. 2. Typical reflectance curve for vegetation (Data: Indian Pines [3])

The spectral signatures of vegetation in general exhibits
several characteristic features, namely, the green peak, the
chlorophyll well, the red-edge, the NIR plateau, and water
absorption features [15]. These features are illustrated in
Figure 2. Chlorophyll is a good absorber of electromagnetic
radiation in the blue (400 - 500 nm) and red (600 - 700 nm)
bands of the visible region, causing a peak in the roughly 500600 nm range known as the green peak. The subsequent drop
in reflectance, corresponding to chlorophyll absorption in the
red band, is known as the chlorophyll well. In the near infrared
region, internal leaf structure causes very high reflectance - a
feature known as the NIR plateau. The rapid rise between the
chlorophyll well and NIR plateau lies near the red band, and is
hence known as the red edge. The red edge is typically defined
using the red-edge inflection point (REIP), the point of
maximum slope, which is located between 680 and 750 nm for
all vegetation types.

In another study [18], the alteration in the optical properties
of disease infestations was investigated by acquiring in-situ
spectral reflectance measurements of rice canopy infested with
Bacterial Leaf Bright (BLB). Two different cultivars with
different disease susceptibilities were used and changes in their
spectral behavior to the intensity of BLB were analyzed. It was
found that changes in leaf color and appearance could be
attributed to the degree of infestation severity.
Furthermore, remote sensing techniques have the potential
to monitor and detect invasive plant species (IPS) as well as
weeds in agriculture and forest ecosystems. Studies show that
invasive plants represent a severe threat to the forest
environment and other plant species [19], [20]. For instance,
Tamarix (salt cedar) is one of the most threatening invasive
species in U.S.A because it increases soil salinity by absorbing
limited sources of moisture and water [21]. A multi-resolution

Understanding the causes of variation in the spectral
reflectance of vegetation is critical to successfully using and
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growth of a crop, could be monitored. The sufficiently frequent
acquisition of hyperspectral data is critical for determining the
temporal relationship between remote sensing estimates and
the actual crop yield. The spectral reflectance of plants
indicates the speed of the growing process, and thus aids
scientists and farmers in estimating the yield prior to
harvesting.

and multi-source approach was successfully applied by Wang
[20], who used five mosaicked Airborne Imaging
Spectroradiometer for Applications (AISA) images of 1 m
spatial resolution, QuickBird and Landsat TM data to estimate
and classify images according to the abundance of tamarix.
However, in work by [19], hyperspectral remote sensing was
shown to be a powerful and economical option for learning the
spatial distribution tamarisk and other invasive species. More
specifically, six Landsat 7 ETM+ satellite images collected at
differing times during the growing season were used to
compute a variety of vegetation indices, whose values changed
over time, which were then used in conjunction with the
Maximum Entropy Model (Maxent) to detect and map the
tamarisk distribution.

Yang [25] evaluated airborne hyperspectral imagery to
assess crop variability within a field. Results showed that both
airborne multispectral and hyperspectral images can be used to
determine the spatial patterns in plant growth and yield before
harvest. Satellite imagers have a coarser spatial resolution that
is sufficient for estimating crop yields over large fields;
however, airborne imagers are better for evaluating in-field
yield variability due to their finer spatial resolution.

B. Estimation of Crop Yield
Crop yield estimation is one of the most significant issues
for agricultural management, and one of the areas that
precision farming techniques can offer the greatest benefit.
Remote sensing technologies, together with the use of Global
Positioning System (GPS) receivers and Geographic
Information Systems (GIS), have been shown to be effective in
monitoring crop yield, improving land management, and
facilitating the implementation of precision farming techniques
[22]. In particular, crop yield is strongly related with the
electrical conductivity of soil, which determines the soil texture
and soil salinity characteristics [23]. In turn, the electrical
conductivity may be estimated from seven bands in the red
spectrum (600, 603, 636, 639, 642, 666 and 669 nm), four
bands in the near infrared spectrum (738, 741, 744 and 747
nm) and two bands close to the border of blue and green
spectra (498 and 501 nm).

C. Classification of Agricultural Crops
Traditionally, mapping the vegetation of an entire field
requires time intensive field surveys; however, with remotely
sensed data, especially hyperspectral data, the classification
and mapping of vegetation can be accomplished with in a more
cost-effective manner with more detail in less time [26].
Several studies [27], [28] show that the classification
accuracies of agricultural crops acquired from narrowband
hyperspectral data are considerably higher than that achieved
with multispectral data.
Ground-based, airborne and satellite-based sensors provide
useful data regarding various plant and soil parameters
throughout the growing season. To observe changes within the
field, data should be gathered before seeding, during planting
and harvesting. Data acquisition prior to seeding provides
information relating to soil productivity, soil fertility, soil
physical properties-texture, density, mechanical strength,
moisture content, soil chemical properties organic matter,
salinity, soil plant-available water-holding capacity [29]. Midseason crop monitoring and classification allows farm
producers to detect invasive plant species, diseases and insect
infestations, which aides in making decisions on
herbicide/pesticide application. To maximize the cost-benefit
ratio, determining and applying the appropriate pesticide at the
right time and right place is crucial for precision agriculture.

Remote sensing from ground, air and space- based
platforms is capable of providing detailed spatial and temporal
information on plant response to their local environment,
which in turn is used for monitoring plant growth and detecting
environmental stresses that limit plant productivity [22]. Soil
nutrient content, Nitrogen (N) concentration, soil properties,
water and existence insect pests are some of the key parameters
that affect crop yield directly. The total yield of a field can be
estimated by building a crop yield estimation model, using
information such as weather related factors, soil parameters,
diseases, pest insect infestation, and crop properties. With the
help of GPS and GIS, this model can map the distribution of
different plants. Therefore, variations in the growth of crops
across a field and final crop yield predictions can be estimated.
These estimates can then be used to determine the appropriate
farming management techniques that should be applied to the
field to improve yield.

Thus, hyperspectral remote sensing is a dynamic technique
that can evaluate potential problems and provide effective
management solutions [30]. Although the processing of
hyperspectral data is particularly complex both from a
theoretical and computational perspective, hyperspectral
sensors are important and powerful instruments for
classification problems.

According to [24], in an ideal precision agriculture
application, remote sensing should maximize the utility of data
acquired from the air or space-borne sensor, and minimize
requirements for laborious supplemental ground measurements.
By using AVIRIS (20m spatial resolution) and the Shafter
Airborne Multispectral Remote Sensing System (SAMRSS), a
yield map was produced from yield monitor data to identify
those areas of low and high yields. Both sensors showed that 1)
remote sensing techniques are powerful tools to predict sugar
beet fields, and 2) temporal variations within the fields, such as

IV.

TECHNIQUES

A number of key research issues involving hyperspectral
image processing are dimension reduction/band selection,
classification/clustering, establishment of a spectral library and
radiometric calibration/correction. These issues are considered
in turn.
A. Dimension Reduction / Band Selection
Dimension reduction (DR) is a pattern recognition
technique often used with high dimensional data, and is widely
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relative calibration after launching. In order to do this it can be
needed very smooth large coverage areas.

applied in areas such as face recognition [31]. DR is also used
in hyperspectral image processing to decrease redundancies
and increase classifying efficiency using a fewer number of
bands [32]. The number of hyperspectral bands is reduced
using linear or nonlinear transformation techniques, such as
supervised (e.g., linear discriminant analysis) or unsupervised
(e.g., principal component analysis) techniques [33]. The
classification performance and computation times of linear and
non-linear dimension reduction methods were compared in
[32]. The enhanced Fisher discriminant criterion (EFDC) has
been applied to problem of classifying hyperspectral images
[33]. Another dimension reduction technique is band selection
[23], in which a few number of bands are chosen among all
measured hyperspectral bands based on predefined selection
criteria.

Absolute radiometric calibration is a process in order to
find functional mapping from the measured value of the sensor
to real value reflectance. The main reason of the difference
between measured value and real value is atmosphere. There
are some models for atmospheric correction [44]-[47].
V.

CONCLUSIONS

In this short survey, we have discussed about hyperspectral
imaging background, imaging systems, applications in
precision agriculture and techniques to process hyperspectral
data. Hyperspectral imaging systems enables researchers to
obtain information required to perform precision agriculture
practices. Given the introductory knowledge about literature,
topics in hyperspectral image processing in agriculture is
covered to give brief information.

B. Classification/Clustering
Supervised classification is an important topic in
hyperspectral image processing. Examples of supervised
classification technique include support vector machines [34],
relevance vector machines [35]. An important part of
supervised classification is the acquisition of training data,
which can be very costly, depending upon the application. An
alternative approach is unsupervised clustering, which enables
the segmenting of hyperspectral data without the use of
training data. Comparison with clustering is given in [36].

Using hyperspectral imagery systems, a GIS land
management system to perform precision agriculture could be
implemented for agriculturally diverse countries such as
Turkey. As the population is increasing and resources such as
water and agricultural land is being limited, hyperspectral
precision agriculture becomes and important research area.
This short survey will serve as a starting point for professionals
in both agriculture and image processing to understand usage
of hyperspectral image processing in agriculture.

C. Spectral Library
The use of a spectral library is essential for the
classification of hyperspectral imagery. Currently, there are
several freely accessible spectral libraries available worldwide,
including the Aster Spectral Library [37], the USGS Spectral
Library [38], SPECCHIO - Spectral Database [39], DLRSpectral archive [40]. Spectral libraries are required for
successful classification because each pure material has its own
unique spectral signature. Each pixel within a hyperspectral
image naturally contains more than one material; thus,
determining the spectral mixture of pixels, also known as the
spectral unmixing problem [41], is critical. Spectral signatures
can also be used to extract additional information about
materials beyond identity. For example, the spectral signature
of peat varies according to water content [42].
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