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Abstract— Hyperspectral imaging has become an essential tool for vegetation mapping through remotely sensed data since it
contains abundant spectral information and can detect the indistinct features to accurately monitor the vegetation status. Mapping
vegetation through these remotely sensed images involves various considerations, processes and techniques. The Increasing
availability of hyperspectral remotely sensed images due to the rapid advancement of remote sensing technology expands the
perception of making choices of imagery sources. Imagery from different sources contains differences in spectral, spatial and
temporal characteristics and thus they are suitable for different purposes of vegetation mapping. This paper presents an overview
of how hyperspectral imagery is used for mapping vegetation cover. The paper also focuses on the advantages and disadvantages
of different vegetation indices used in vegetation mapping and also showcases the various applications of vegetation mapping.
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l. INTRODUCTION

Assessing, observing and monitoring the state of the earth’s surface is a key requirement for global change research
(Committee on Global Change Research, National Research Council, 1999) [1], [2]. Vegetation mapping and its classification is
essential for managing the technical task of natural resources as vegetation provides a base for all living beings and plays an
important role in affecting global climate change, such as influencing terrestrial CO2 [3]. Vegetation mapping also gives us valuable
information for understanding the natural and man-made environments through the process if quantifying vegetation cover from
local to global scales at a given time point or over a continuous period. It is critical to obtain current states of vegetation cover in
order to initiate vegetation protection and restoration programs [4], [5]. Traditional methods (e.g. field surveys, literature reviews,
map interpretation, and ancillary data analysis), however, are not effective to acquire vegetation covers because they are time-
consuming, date lagged and often too expensive. Remote sensing is regarded as a technology that offers practical and economical
means to study large areas of vegetation- cover change [6], [7]. Due to the potential capability for systematic and accurate
observations at various scales, remote sensing technology extends attainable information from the present time to over several
decades back.

Urban vegetation study is a key feature in landscape monitoring; it provides a base for the ecological regulator and serves
to many ecosystem services. Accurate mapping is required for the conservation and management of green vegetation spaces, which
is carried out by field inspection, aerial photography interpretation, and many different money-consuming methods. The existing
solutions of urban vegetation records may be significantly improved by introducing more advanced remote sensing techniques
without a remarkable increase in costs [8]. Monitoring and mapping of vegetation in an urban context by remote sensing techniques,
of course, remains a challenging issue because the vegetation spectral response is sensitive to chlorophyll content at the plant level,
which tends to increase the spectral variation and fluctuation in respect of individual species. Many misclassifications between
species could be therefore expected depending on the seasonality of data with its spectral/ spatial resolution [9]. An important aspect
is to provide reliable vegetation maps that could aid as the basis for urban planners [10], municipalities [11], and decision-makers
[12].

A. Hyperspectral Imagery for Vegetation Mapping

Nowadays, the hyperspectral imagery is studied increasingly for vegetation mapping as compared to the multispectral
imagery. Multispectral imagery only contains a dozen of spectral bands, whereas the hyperspectral imagery includes hundreds of
spectral bands. Hyperspectral sensors are well adapted and suitable for vegetation studies as the reflectance spectral signatures from
individual species as well as more complex mixed pixel communities can be effectively differentiated from the much wider spectral
bands of hyperspectral imagery [13]. Consider an example, the hyperspectral imagery from AVIRIS is commonly used in the realm
of earth remote sensing.

An optical sensor known as AVIRIS is capable of delivering the calibrated images of upwelling spectral radiance in 224
contiguous spectral channels (bands) with wavelengths ranging from 400 to 2500 nm. The information within those bands can be
used to identify, measure and monitor constituents of the earth’s surface (e.g. vegetation types). AVIRIS imagery was studied for
the classification of salt marshes in China and in San Pablo Bay of California, USA [14]. The study showed a satisfactory result
that succeeded in classifying two main marsh vegetation species, Spartina and Salicornia, that covered approximately 93.8% of the
total marsh, although further work was required to analyze and make the correction for false detection of other marsh vegetation
species. Similar work was also conducted by monitoring vegetation dynamics that aimed at proposing sustainable management of
wetland ecosystems in the study of the structure of wetlands in San Francisco Bay of California [15].

Hyperion instrument on board the Earth Observing-1 (EO-1) satellite acquired the hyperspectral data which was evaluated
for the discrimination of five important Brazilian sugarcane varieties [16]. The results showed that the five Brazilian sugarcane

JETIR1907M72 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | 554


http://www.jetir.org/

© 2019 JETIR June 2019, Volume 6, Issue 6 www.jetir.org (ISSN-2349-5162)

varieties were discriminated using EO-1 Hyperion data. This imply that hyperspectral imagery has the potential of separating plant
species, which may be very difficult by using multispectral images. The procedure for pre-processing and classification of
hyperspectral and multispectral images are similar, the processing of hyperspectral data remains a challenge. Specialized, cost-
effective and computationally efficient procedures are required to process hundreds of bands [13]. To extract vegetation
communities or species from hyperspectral imagery, a set of signature libraries of vegetation is usually required [17].

B. Vegetation Indices for Vegetation Mapping

The most important goal of remote sensing projects is to characterize the variety, quantity and condition of vegetation
present within a particular scene. The amount of energy reflected from a surface is determined by the amount of solar irradiance
that strikes the surface, and the reflectance property of the surface. Solar irradiance changes with time and atmospheric conditions.
A simple measure of energy reflected from a surface is not sufficient enough to characterize the surface in a repeatable manner.
This problem can be evaded by combining data from two or more spectral bands that is commonly known as a vegetation index.
Vegetation Indices (VIs) are defined as the integration of surface reflectance at two or more wavelengths that are designed to
highlight a specific property of vegetation. It is a number that is produced by different combinations of remote sensing bands and
may have some relationship to the amount of vegetation in a given image pixel. They are designed to intensify the vegetation
reflected signal from estimated spectral responses by combining two (or more) wavebands, often in the red (0.6 - 0.7 nm) and near-
infrared (NIR) wavelengths (0.7-1.1 nm) regions [18].

When light strikes a surface, it gets reflected, transmitted or absorbed. The relative amount of reflected, transmitted and
absorbed light serves as a function of the surface and varies with the wavelength of the light. For example, the majority of light
striking soils are either reflected or absorbed, with very little being transmitted and relatively little change with wavelength. With
vegetation, however, most of the light in the near infrared wavelength is transmitted and reflected, with little absorbed, in contrast
to the visible wavelengths where absorption is predominant, with some reflected and little transmitted [17].
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Figure 1: A generic scheme of HSI spectral signature for dry soil, vegetation and wet soil
Source: http://remote-sensing.net/concepts.html

1. DIFFERENT VEGETATION INDICES

A. Ratio Vegetation Index (RVI)
In 1969, Jordan proposed Ratio Vegetation Index (RVI), following the principle that leaves absorb relatively more red
than infrared light [19]. RVI can be expressed mathematically as-

RVI R
" NIR

where NIR is the near-infrared band reflectance and R is red band reflectance. With respect to the spectral characteristics of vegetation,
bushy plants usually contain a low amount of reflectance on the red band and have shown a high correlation with LAI, Leaf Dry
Biomass Matter (LDBM), and chlorophyll content of leaves [20]. As the RVI is extremely sensitive to vegetation and has a good
correspondence with plant biomass, it is immensely used for green biomass measurement and monitoring at high-density vegetation
coverage. However, when the vegetation cover is dispersed or scattered (less than 50% cover), RV1 is sensitive to atmospheric effects,
and their representation of biomass is weak.

B. Difference Vegetation Index (DVI)

After Ratio Vegetation Index (RVI), The Difference Vegetation Index (DVI) was proposed. The DVI is very sensitive to
changes in soil background and can be applied for monitoring the vegetation’s ecological environment. It is also called
Environmental Vegetation Index (EVI) [21]. DVI can be expressed mathematically as-

DVI = NIR — R

where NIR is the near-infrared band reflectance and R is the red band reflectance.
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C. Perpendicular Vegetation Index (PVI)

The Perpendicular Vegetation Index (PVI) was proposed by Richardson and Wiegand in 1977. This VI is the parent index
from which the entire group of distance-based VIs is derived. The PVI makes use of the perpendicular distance from each pixel
coordinate to the soil line.

The main purpose of PVI is to cancel the effect of soil brightness in different scenarios where vegetation is sparse and
pixels contain a mixture of green vegetation and soil background. This technique is specifically important in arid and semi-arid
environments. The entire process for PVI1 is based on the soil line that is later obtained through the technique of linear regression
of the near-infrared band against the red band for a sample of bare soil pixels. Pixels that are away from the soil line are considered
as vegetation while those pixels that are near the soil line are considered as soil [22]. PVI can be expressed mathematically as-

PVI = J (Prott = Preg)R? — (Pooit — Preg)NIR?

where, NIR is the near-infrared band reflectance, R is red band reflectance, Py, is the soil reflectance and B, is vegetation
reflectivity.

D. Normalized Difference Vegetation Index (NDVI)

The Normalized Difference Vegetation Index (NDVI) was introduced by Rouse et al. (1974). It was intended to produce
a spectral VI that would be capable of separating green vegetation from its background soil brightness using Landsat MSS digital
data. The range of NDVI values is between 0 and 1 because the index is calculated through a normalization procedure that has a
sensitive response to green vegetation even for low vegetation-covered areas. NDVI is usually used in research related to regional
and global vegetation assessments and was considered to be related not only to canopy structure and LAI but also to canopy
photosynthesis [23], [24]. NDVI can be expressed mathematically as-

Pyir — P,
(NIR R)+

NDVI =
PNIR

Py
where Py is the near-infrared band reflectance, Py is red band reflectance.

E. Atmospherically Resistant Vegetation Index (ARVI)

Due to the limitations of NDVI under atmospheric effects, the Atmospherically Resistant Vegetation Index (ARVI) was
proposed by Kaufman and Tanr’e [25]. ARVI is based on the principle that the atmosphere affects significantly ‘R’ compared to
the ‘NIR’. Thus, Kaufman and Tanr’e modified the radiation value of R by the difference between the blue (B) and R. Therefore,
ARVI is capable of reducing the dependence on atmospheric effects, which is expressed as-

(NIR — RB)
ARV = —————
(NIR + RB)
where RB is the difference between B and R. NIR is the near-infrared reflectivity related to the molecular scattering and gaseous
absorption for ozone corrections, and represents the parameters for air conditioning.

F. Soil Adjusted Vegetation Index (SAVI)

Soil Adjusted Vegetation Index is the dissimilarity and divergence of vegetation from the soil background. This VI was
originally proposed by Richardson and Wiegand [26] by evaluating the soil line, which is considered as a linear relationship on the
2D plane of the soil’s spectral reflectance values between the NIR and R. Therefore, it can be considered as a detailed description
of a large number of soil spectral information from a number of different environments [27]. SAVI was established to improve the
sensitivity of NDVI to soil backgrounds. Many Vs that are based on the effect of soil background has been based on this principle.
SAVI can be expressed mathematically as-

(Py —Pr)(1 + L)

SAVI =
(Py+Pg+1L)

where L is defined as soil conditioning index, that is used to improve the sensitivity of NDVI to soil background. The range of L is
from 0 tol. In various fields of applications, the values of L are considered and determined according to the specific environmental
conditions. It can be assumed that when the degree of vegetation coverage is high, L is close to 1, indicating that the soil background
has no effect on the extraction of vegetation information.

I11. AREAS OF APPLICATION

Agriculture plays a key role in economies of both developed and undeveloped countries. VIs are used as took to classify
crop types, to assess crop conditions and to estimate crop yield, as well as to map soil characteristics and soil management practices.
Applications of VIs for monitoring crop condition and predicting crop yield at the regional scale have been substantially
studied over last decades [28], [29]. An operational application for agriculture is the land use map obtained by the multitemporal
crop classification at the high spatial resolution, extracting the classes in the image by their eonl time evolution of the VI.
Traditionally, a known approach based on statistical regression models were used. Studies based on light use efficiency models
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have shown that the cumulative seasonal NDV1 values were significantly correlated with reported crop yields [30]. In these models,
the VI estimates the fAPAR which provides, in combination with the light use efficiency and the PAR integrated over time, the
estimate of the net primary production [31].

The rapid degradation of forest environments is of important international concern [32]. Among the forestry applications
where V1s have been used, that can be used to highlight land cover and land use changes, forest fire detection forest fire risk
assessment, and vegetation regeneration.

Land cover changes appear as one of the major large-scale environmental perturbations grouped under the term Global
Change [33]. Those changes play an active role in the surface energy and water balance, as well as in the carbon cycle [34]. There
is a variety of methodologies to assess vegetation dynamics based on the analysis of long-time series of PIS. Certain algorithm
make use of NDVI time series to derive parameters related to vegetation phenology and production that are necessary for modelling
vegetation distribution and dynamics [35]. Land cover change is often detected by analyzing time series of coarse-resolution
AVHRR data [36], [37]. With the availability of MODIS NDVI 250 m data, time-series data analysis has been adapted to higher
resolution applications [38].

Regarding burned area detection and mapping, spectral FZs, and specially NDVI, have proved a simple and fast method
to map vegetation abundance using the NOAA-AWRR and the Landsat m. Other indices widely used for free mapping includes the
shortwave-infrared (SWIR) instead of red wavelengths, such as the Normalized Difference Infrared Index (NDII) [39], the
Normalized Difference Moisture Index (NDMI) [40] and the Normalized Difference Water Index (NDWI) [41] because of their
ability to estimate the water content in the vegetation. In addition to this, due to the ability of the NOAA-AVHRR sensor to cover
awide area and its high temporal frequency, the NDVI has often been used in the prediction of fie risk [42]. A link between a NDVI
decrement to vegetation water stress, vegetation photosynthetic activity and to fie risk has been found [43]. Another relevant
application where the indices have a direct application is the hydrology. Different applications of remote sensing, particularly
forestry, agriculture and land cover, the field of hydrology plays an important role since water is a vital component in each of these
disciplines. The remote sensing data are inputs in the hydrological models such as the crop coefficient map, land use [44], etc.

IV. CONCLUSION

Combination of the visible and NIR band with simple VIs have notably improved the sensitivity of detecting the green
vegetation. Different environments have their own variable and complex characteristics, which need to be considered when using
different vegetation indices (VIs). As a result, each VI has its specific expression of green vegetation, its own suitability for specific
uses, and some limiting factors. Therefore, for practical applications, the choice of using a specific VI needs to be made with caution
by comprehensively considering and analyzing the advantages and limitations of existing Vs and then integrate them so that it can
be applied in a specific environment. In this way, the usage of VIs can be altered to specific platforms, instrumentation used, and
applications. With the development of hyperspectral and multispectral remote sensing technology, new Vs can be developed, which
will broaden research areas accordingly.

REFERENCES

[1] Jung M, Churkina G, Henkel K, et al. (2006) Exploiting synergies of global land cover products for carbon cycle modelling.
Remote Sens Environ 101:534-53.

[2] Lambin EF, Turner BL, Helmut J, et al. (2001) The causes of land-use and land-cover change: moving beyond the myths. Glob
Environ Chang 11:261-9.

[3] Xiao XM, Zhang Q, Braswell B, et al. (2004) Modelling gross primary production of temperate deciduous broadleaf forest using
satellite images and climate data. Remote Sens Environ 91:256-70.

[4] Egbert SL, Park S, Price KP, et al. (2002) Using conservation reserve program maps derived from satellite imagery to
characterize landscape structure. Comput Electron Agric 37:141-56.

[5] He C, Zhang Q, Li Y, et al. (2005) Zoning grassland protection area using remote sensing and cellular automata modelling—a
case study in Xilingol steppe grassland in northern China. J Arid Environ 63:814-26

[6] Langley SK, Cheshire HM, Humes KS (2001) A comparison of single date and multitemporal satellite image classifications in
a semi-arid grassland. J Arid Environ 49:401-11.

[7] Nordberg ML, Evertson J (2003) Vegetation index differencing and linear regression for change detection in a Swedish mountain
range using Landsat TM and ETM+ imagery. Land Degradation & Development 16:139-149.

[8] L. Kumar and P. Sinha, “Mapping salt-marsh land-cover vegetation using high-spatial and hyperspectral satellite data to assist
wetland inventory”, Geo Science & Remote Sensing, vol. 51, no 5, p. 483-497, sept. 2014.

[9] C. Zhang, “Combining hyperspectral and LiDAR data for vegetation mapping in the Florida Everglades,” Photogramm Eng
Remote Sens 80:733-743, 2014.

[10] Q. Feng, J. Liu, and J. Gong, “UAV Remote Sensing for Urban Vegetation Mapping Using Random Forest and Texture
Analysis,” Remote Sens. 2015, 7, 1074-1094.

[11] E. Belluco, M. Camuffo, S. Ferrari, L. Modenese, S. Silvestri, A. Marani, and M. Marani, “Mapping salt-marsh vegetation by
multispectral and hyperspectral remote sensing,” Remote Sensing of Environment 105, 5467, 2006.

[12] C. Zhang, Z. Xie, “Object-based vegetation mapping in the Kissimmee River watershed using HyMap data and machine
learning techniques,” Wetlands 2013, 33, 233-244, 2013.

[13] Varshney PK, Arora MK (2004) Advanced Image Processing Techniques for Remotely Sensed Hyperspectral Data. Springer:
Berlin, Germany.

JETIR1907M72 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | 557


http://www.jetir.org/

© 2019 JETIR June 2019, Volume 6, Issue 6 www.jetir.org (ISSN-2349-5162)

[14] Li L, Ustin SL, Lay M (2005) Application of multiple endmember spectral mixture analysis (MESMA) to AVIRIS imagery

for coastal salt marsh mapping: a case study in China Camp, CA, USA. Int J Remote Sens 26:5193-207.

[15] Rosso PH, Ustin SL, Hastings A (2005) Mapping marshland vegetation of San Francisco Bay, California, using hyperspectral

data. Int J Remote Sens 26:5169-9.

[16] Galva™o LS, Formaggio AR, Tisot DA (2005) Discrimination of sugarcane varieties in Southeastern Brazil with EO-1 Hyperion

data. Remote Sens Environ 94:523-34.

[17] Xavier AC, Berka LMS, Moreira MA, etal. (2006) “Multi-temporal analysis of MODIS data to classify sugarcane crop”. Int J

Remote Sens 27:755-68

[18] A. Karnieli, N. Agam, R. T. Pinker et al., “Use of NDVI and land surface temperature for drought assessment: merits and

limitations”, Journal of Climate, vol.23, no.3, pp.618-633,2010.

[19] C.F. Jordan, ‘“Derivation of leaf-area index from quality of light on the forest floor”, Ecology, vol.50, no .4, pp. 663666, 1969.

[20] Z. Quan, Z. Xianfeng, and J. Miao, “Eco-environment variable estimation from remote sensed data and eco-environment

assessment: models and system,” Acta Botanica Sinica, vol. 47, pp.1073-1080,2011.

[21] A. J. Richardson and C. Weigand, ‘“Distinguishing vegetation from soil background information”, Photogrammetric

Engineering and Remote Sensing”, p.43,1977.

[22] A. J. Richardson and C. Weigand, “Distinguishing vegetation from soil background information,” Photogrammetric

Engineering and Remote Sensing, p.43,1977.

[23] J. A. Gamon, C. B. Field, M. L. Goulden et al., “Relationships between NDVI, canopy structure, and photosynthesis in three

Californian vegetation types Ecological Applications”, vol.5, no. 1, pp.28-41,1995.

[24] J. Grace, C. Nichol, M. Disney, P. Lewis, T. Quaife, and P. Bowyer, “Can we measure terrestrial photosynthesis from space

directly, using spectral reflectance and fluorescence?” Global Change Biology, vol.13, no.7, pp.1484—-1497, 2007.

[25] Y. J. Kaufman and D. Tanr’e, “Atmospherically Resistant Vegetation Index (ARVI) for EOS-MODIS,” IEEE Transactions on

Geoscience and Remote Sensing, vol.30, no.2, pp.261-270,1992.

[26] A. J. Richardson and C. Wiegand, ‘“Distinguishing vegetation from soil background information,” Photogrammetric

Engineering & Remote Sensing, vol.43, no.12, pp.1541-1552,1977.

[27] F. Baret, S. Jacquemoud, and J. F. Hanocq, “The soil line concept in remote sensing”, Remote Sensing Reviews, vol.7, no.1,

pp.65— 82,1993.

[28] Babar, M.A., Reynolds, M.P., Ginkel, M.V., Klatt, A.R., Raun, W.R., and Stone, M.L. 2006, “Crop Science”, 46, 578.

[29] R. Carver. B.F., Stone, M.L., Babi., M.A., Raun, W.R., and matt, 2007, “Crop Science”, 47, 1426.

[30] Gowel. S.T., Kucharik, C.J., and Norman, J.H. 1999, Remote Sensing of Environment, 70, 29.

[31] Calera. A, Piqueras, J.G., and Melii, J. 2004, International of Remote Sensing 25.97.

[32] FAQ 2001, Globol Forest Resources Assessment 2000, Food and Agriculture Organization of the United Nations, Rome, 2001.

[33] Steffen, W, and P. Tyson, “Global Change and the Earth System: A Planet Under Pressure”, IGBP Science No. 4, IGBP,

Stockholm, Sweden.

[34] Betts, R.A., Cox, P.M., Lee, S.E., and Woodward, F.I. 1997, “Nature”, 387: 79

[35] Beek, P.S.A., Atzherger, C., Hogda, K.A., Johansen, B., and Skidmore, A.K. 2006, Remote Sensing of Environment, 100,321.

[36] Townshend, J.R.G., and Justice, C.O. 1986, International Journal of Remote Sensing, 8 (8), 189.

[37] Justice, C.0O., Townshend, J.R.G., and Kalb, V.L. 1991,1111. J. Remote Sensing, 12 (51), 999.

[38] Lunctta, R.S., Knight, J.F., Ediriwicluema, I., Lyon, J.G., Worthy, L.D. 2007, Remote Sensing of Environment 105 (2), 142.

[39] Hunt, E.R., and Rock, B.N. 1989, Remote Sensing of Environment, 30, 43.

[40] Wilson, E.H., and Sader, S.A. 2002, Remote Sensing of Environment, 80, 385.

[41] Gao, B.C. 1996, Remote Sensing of Environment, 58, 257.

[42] Maselli, F., Romanelli, S., Bottai, L., and Zipoli, G. 2003, Remote Sensing of Environment, 86, 187.

[43] Agaudo, I. Chuvicco, Martin, P., and Salas, J. 2002, International Journal of Remote Sensing, 24, 1653.

[44] D'Urso, G. 2001, Simulation and Management of on demand irrigation systems: A combined Agro-hydrological and remote
sensing approach, Ph.D. Dissertation, Wageningen University, ISBN 90-5808-399-3, 174.

JETIR1907M72 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | 558


http://www.jetir.org/

