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VEGETATION IN RECOGNITION OF CHANGESIN EARTH REMOTE SENSING IMAGES

Summary

The method has been developed for recognition afigds, caused by vegetation, using the Earth remsetsing data obtained at
different points of time. The method includes aatimrcalculation of brightness groups in segmerftslmnges for each range in the
multizonal image. Also, the problem of the spatialtispectral decomposition is resolved with regardhe areas of changes caused by

vegetation, with the automatic selection of the cit§ecomponents homogeneous in terms of theiratédle properties.

1. Introduction

The results of various natural,
technical impacts, affecting the ecosystems, déterrthe
necessity to use the remote sensing data not @gtect the
changes in the Earth surface area that is subject
observation, but also to obtain the information wbthe
nature and causes of these changes. Besides thetame

In this work, the remote sensing data from twelfitds

were used, Landsat ETM + (for July 21, 1999, antk X,
anthropogenic an@000, Minsk Region, Belarus, 28.5 m spatial resoh)t

and QuickBird (May 15 and July 16, 2007, Brest Ragi
Belarus, 0.6 m spatial resolution).

t

2. Modern solutions for the problem of recognition of
changes in the satellite monitoring of the Earth surface

of the resulting knowledge about the processeshm t objects

ecosystems, this information is important in ecoicoerms,
because it can serve as a basis for solving maagtiqal
problems, such as prevention and detection of &ferd-
mentioned impacts and evaluation of their consecggen

During the years of development of the Earth remot
sensing, many methods were proposed to reveal the
changes [7 — 11]. These methods are based on the

Now, several approaches are available [1-3] tat ainformation about the specific features of the fidlux

capable to reveal the abnormal changes in vegetaiging
the satellite imagery time series for several yeard the
vegetation indices. For example, the NDBI time esri
difference method is based on calculation of thaimmealue
and the standard deviationo)( and determination of
thresholds fon classes of spectral changes in vegetation.
However, the level of automatic data processinipése
methods remains low. Implementation of these apmtes
includes tedious interactive procedures in whighhbman
operator must participate to solve the decodingleras,
and many applications cannot be implemented intiew,
especially with the amounts of satellite imageffpimation
growing stably. Therefore, for the modern
monitoring systems, special attention must be paithe
implementation of
algorithms for processing the data received frotellé@s
[4]. These automatic procedures and algorithms igeov
opportunities to obtain real information that doest
depend on personal opinions of any specialists.
Investigations and developments of principles loé t
selective brightness-based segmentation of chajiges]
and spatial spectral decomposition of multispeataaiges

reflection from different components of the undeny
surface. It was recognized that the change detectio
although being the different in each particular ecas
complicated and multi-aspect process, involves rsgve
most common methods, such as the image differencing
principal component difference and post-classifizat
comparison. The mixture spectral analysis, aréficieural
networks, and the GIS and remote sensing dataratteg
have become the most applicable methods for change
detection in practical problems.

Unfortunately, there is no universal approach for
classification and application of methods that gpace

remotetechnologies to detect the changes on the EartacgurThe

one of the first designers of such methods, A. Bi§, has

fully automatic procedures andproposed to classify them in two types, the classibn

comparison and the pixel-by-pixel comparison. D.dtwal

[8] have described all possible approaches forctienge
detection and has classified them into seven catgo
arithmetic  operations, transformation, classificati
comparison, advanced models, GIS integration, Visua
analysis and other approaches. The seventh cat€tiwy
other approaches) includes the change detectiohoaet

in the changes revealed in the objects coveredhgy tthat are not suitable to be included in any of stker
satellite observations (within these procedurese thcategories and are not still applied for practicafposes.
brightness-based groups are recognized in the elsaofjy Also, the requirements for image preprocessing sszuy
each spectral range, and the vectors of multisplectrto detect the changes were discussed here; howeNgr,

reflecting properties of natural objects are caltad) have
resulted in development of the algorithm for auttma
selection of changes caused by the vegetation.

The important results include elimination of théerac-
tive approach and development of the algorithmaéfoto-
matic calculation of specified characteristics. Dtoethe
simplicity of calculation, the normalized differengegeta-
tion index (NDVI) was chosen for use in this algiom; the
NDVI is calculated for each satellite imagery tirseries
and quantitatively characterizes the plants bionteseel-
opment level.
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automatic implementation of any appropriate methasd
not even mentioned. In [9], the method was desdrilire
which the dictionary of deterministic and rank erid,
based on the difference histogram, was used tcctdtte
changes in the object appearance. This approach
provided an opportunity to implement an automagiarsh
for changes in the monitored objects and to devehep
solutions for new problems involving the sateliiteagery
recognition.

Finally, John Richards et al [10] have summaritesl
change detection methods and have proposed

has

the
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classification system for them. The classes incltae
image differencing, the statistical hypothesis rodttithe

When the object’s appearance changes, the changes
its component’s reflection properties result inlagpment

method in which the decision-making is based on thof this component, total or partial, within the eti area,

experimental data), the forecast modeling, themihation
modeling (polygon filling / object filling), the lekground
modeling etc. However, the authors have not emphdsi
these methods’ application for the remote sensing.

In spite of their variety, all methods using tlaedlite
observations to detect the changes in the monitobgetts
on the Earth surface are based on the comparisaheof
information obtained at different points of timehéke
methods use the information about the specificufest of
the spectral reflection from various components thod
monitored surface. Here, the images obtained eadlithe
specified calendar time, or other spatially-cooatil data
describing the object, such as digital
databases, serve as the sources of informatiorrilbiesc
the object’s current appearance.

The brightness value combinations
information about the monitored object make it jjassto
determine the object’s spectral index, also reteteeas the
vegetation index.
vegetation index are in use. Each index is usedoase
function of
vegetation and soils [3] observed by the researcher
particular practical conditions. The difference etgion
index is one of the most common methods applietktect
the changes. The index in each pixel is used tstoact the
image; as a result, the object of interest candieated, or
its condition can be assessed.

Many factors affect the detection results, inahgdihe
weather conditions, season, the Sun angle,
illumination etc; therefore, the satellite
preprocessing is necessary to make the changestatste
The requirements for preprocessing are differezpedding
on the change detection method applied in a paticase.
Now, the radiometric correction algorithms are thest
common; these algorithms basically consist of tinage
regression methods, pseudoinvariant componentk, atat
light level normalization, histogram
matching, modeling of the satellite signal in thelas
spectrum etc.

maps or GI¢
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Now, about 160 versions of thed /

reflectance values demonstrated by thi

terra
imagery changes (the term “positive” means the sign) imokjisams

normalization,

while the object area always remains constantl{should

be noted that the surface materials or elemendd, tave
formed the brightness distribution in the imagesagpear
partially or fully and are replaced by other eletsewhen
the object appearance is changed. To detect thess on
the satellite imagery, the image’s difference diags are
commonly recommended. These diagrams charactérize t
object changes in a specific way (see Figure 1).
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Figure 1. Changes of brightness of non-uniform
components resulting in difference between theialnit
histogram and the changed one in each channel

Figure 1 demonstrates that, along with the pasitiv

caused by the emergence of components with theasar
having new reflection properties, the negative gesnare
also possible, caused by the component areas mauct
because of their replacement by the new compon&hts.
fact serves as a basis for the selective brightbased
segmentation of any changes of the satellite imagbject
in each spectral range [6].

Therefore, the development of the algorithm foe th
automatic analysis of the vegetation-related chsnige

For many change detection methods, the exactaspatbased on the approach that includes, at the fiagtes the

referencing is necessary, or the satellite imagétgined at
different points of time must be matched. The iniioce
of these procedures is obvious, because any desplat
relative to the specified coordinates affects tle¢ection
results.

3. Automatic detection of changes in the satellite
imagery objects resulting from vegetation

The fundamental researches in

selective brightness-based segmentation of charfiges
each range of the multizonal image. For the indetla used
at this stage, see Figure 2.

At the first stage of detection of the vegetatielated
changes in the satellite imagery objects the dekect
brightness-based segmentation is applied for adinghs
detected in the satellite imagery at different poiof time.
The algorithm for its implementation shall be adofws

[6]:

physiology and) Determine the difference histogram for the diteel

biophysics have demonstrated that the most impbrtammagery object:

factors determining the vegetation elements’ OpticaAH(L)zH(L)—HO(L),

properties, are the pigment and water content #&irth
tissues, and, also, their morphological structuréese
factors determine the selectivity of the vegetattements’
optical properties throughout the spectrum [12]. this
respect, when the multizonal images are used wctéte
object changes in the applications involving thenate

1)
where H (L) is the histogram of the reference image,
obtained as a characteristic of the object's “ndtma
condition, any deviations from which are of intérasd
shall be considered as the object’s appearancegeban

H(L) is the histogram of the current object imagery,

sensing, in many cases, not absolute values but thetended for the monitoring for possible deviatidresn the

particular relations between the object brightnesses in
various spectral ranges are of importance.
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“normal” condition;
L are the brightness values.
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a)

b)

c)

Figure 2. Terrain area images obtained at differgoints
of time: Landsat satellite, June 05, 2000 and Rily 1999
(a, b) and QuickBird satellite, May 15, 2007 andyJu6,
2007 (c, d)

2) Determine the positive brightness change intsyva

L+ .

pmin
to the emergence of components that are new inst&fm
their brightness properties, meeting the condition:
AH(L)>0
where AH (L) is the difference histogram;
p is the change interval number.

LLmax, as the grouping brightness rangeslated

)

* It should be noted that, under real conditionsemeination of the
groupings interval to the level of pixel&H (L), includes a separate task

intended to overcome the image noise affectinggtosedure.
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3) Determine the negative brightness change infgrva
Lymin = Lymare @S the pixel grouping brightness ranges,
related to the object’s component areas reductimsed by
their replacement by the new components meeting the
condition:

AH(L) <0

where AH (L) is the difference histogram;

p is the number of the interval of positive grousng the
difference histogram.

®3)

4) Determine the spatial position of componentsttod
reference image having the brightness values within
range ofpth change, as a transition from the brightness-

based distribution of pixels in the histogradhH (L), to
the spatial brightness-based distribution of theage
L,(X y); finally, the image shall be transformed into
binary form, and the result shall be expressedszs:a

1 npu LO (Xv y'tl) D (mein - meax);
0 npu Lo (X’ y'tl) D (mein - meax)'

5) Determine the spatial position of componentstiod
image in the current imaging of the object, havihg
brightness values within the range pth change, as a
similar transition from the brightness-based disttion of
pixels in the histogramAH (L), to the spatial brightness-

based distribution; finally, the image shall bensfmrmed
into binary form, and the result shall be expressed set:

1 npu L(X1 Y, tz) O (mein - meax); (5)
0 npu L(X,y,tz)D(L =L

pmin -

Byo(% ) ={ (4)

ngw={
pmax/?

6) Determine the spatial position of componentstiod

reference image having the brightness values within

ranges of negative grouping; finally, the image lisha

transformed into binary form, and the result shbd

expressed as a set:

B;(X, y): 1 npu Lt)(xvyitl)lj(l-qmin+|-qmax) Ek:];

0 npu I'O(va*tl)lj(l‘qmin+|-qmax) D:]!
where q is the number of the interval of negatix@ugings
in the difference histogram.

(6)

7) Determine the segments of the spatial positibmptb
change within the time interval between the imaggeras a
difference between the binary sets (4) and (5)sisting of
pixels having a unit brightness, where each pi®l i
characterized by the coordinates of position in ithage
space:

BpA(X1 y) = Bp(X! y)\ BpO(X! y) (7)

8) Partial elimination of geometric correction defe and

noise surges withipth brightness interval (these drawbacks
are common for the satellite imagery), as an ietdisn of

binary sets,B , (X, y) and B; (X Y):

Bpa (X, ¥) = B (% y) N B; (X Y) ®)

At the second stage, the problem of the spatial
multispectral decomposition of the areas of changes
resolved for each satellite imagery object, affédiy the
single-spectrum appearance change. Because theaje
characterized by the areas of change, with theasesf
composed of multispectral components, the spatial
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multispectral decomposition provides an opportutot§ind

the intersections of selected one-range areas afges
found during the first stage of the selective bingiss-

based segmentation. These intersections are tvgeran .
RG RB RGB Select the current Add the vegetation
M (X Y), Viom (X Y)) and three-rangeM;,,~ (X, ¥) ) object to be processed change data
X . L(x, to the database
subareas of the components of changes in the Gbjec "(I 2 I
space; the subareas contain several brightnesvatgeof .
Select the current Determine
the spectral components of channédsl@ndm). In such a mltispoctrel the phytomass
case, the source data are as follows: changes, I groweth level
— sets of multispectral changes in each rangeightmess |
values, found during the first stage of the select Caleulats for R and IR e .
. . . . v
brightness-based segmentation of the object’s adwmmgall L) =L *L (e3) raultispectral changes?
spectral ranges and their combinations: VL), Mg Mo -
. . (9) Have all the
(MR M, MEME MS . MS; ME, M2 . ME,) pen DI

— intervals of brightness of changes in each spkcnge:

Cancel all changes
) (10) n the databaze

(L+R | *R ),(L+G sLte

N min N max N min N max

)(LE, L8

N min N max

The number of selected current multispectral chang
depends on whether the intersections of the ongerareas

of changes are true. For this purpose, severalsittion Figure 4. Algorithm for detection of the vegetati@tated

images are thinned by elimination of empty setmftbem: changes

V=0, v®=0, V =0, where |=0NRG, Because the reflection factor of the uniform scefarea
TNPR NTsYa: is characterized by the probabilistic distributiaich is

k=0,NRB, m=0,NRGB specific for this area, the number of non-uniform

components, comprising the imagery surface, is#mee as
During the third stage, the vegetation-relatednges the number of the specific reflection distributipnsith
are selected. To assess the vegetation conditienNDVI  their mean values and root-mean-square  spreads
[13] scale is used (see Figure 3). characterizing this surface. It should be noted, #ma rule,
the distribution of both non-uniform and uniform
components of the Earth surface area, includedha t
image, is non-uniform within this area. To analythe
vegetation changes between the time series ofatedlite
(soil, water) Lowi Avwerage l High imagery, the representativeness threshold is set,

M, >05<M , based on calculation of the mean value,
_ M :iiv; the threshold describes the vector of changes of
T T T 1 J4=

0.1 0 0.1 0.2 0.3 0.4 0.3 0.8 0.7 0.8 0.3 1

Mo vegetation Phytomass growth level

the object for the particular spatial location and
Figure 3. NDVI and corresponding vegetation types ircharacterizes the mean level of the phytomass grder
summer vegetation period the purpose of assessment of the vegetation lisomglition

or absence.

For the flowchart of the algorithm used to detant
analyze the vegetation-related changes of the t®jec

appearance, see Figure 4. 4. Experimental application results
To calculate the set of derivative images of cleang
L% (x y) and L%(x y), for R and IR ranges, th& th image The relation between the spectral ranges, detednit

(xy)) and three-range the second stage of the algorithm, provides an xppiy

- . to analyze the subareas of the components of ckandhe
subareas of the components of chandég™(x,y). IS  ohject's space, containing several combinations thaf
multiplied, element-by-element, by the referencegm of spectral components together.
the R and IR ranges. During this procedure, togettitr
the multispectral subareas of the components ohgds, For the results of calculations for the spectral
the time series of the images in the IR range ieedtin the components of the index images of the spatiallyrithisted
database. For the selected segment of changesein thrightness-based multispectral segments of chaimgése
brightness interval, the spectral index is caledatas satellite imagery obtained at different points iohd, see
follows: Figures 5-8.

of two-range (*°(xy), V2

V(% y) = (LS y) =L ey /(L (x ) + LR (x y)) - (A1)
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Figure 5. NDVI calculation results for multispedtrsegments of RB-changes, (5a, 5b) index gray-ssedgnents of the
images obtained from Landsat, June 05, 2000 angd 2l 1999, (5c¢, 5d) pseudocolor index images

Figure 6. NDVI calculation results for multispedtrRGB-changes, (6a, 6b) index gray-scale segmehtheo images
obtained from Landsat, June 05, 2000 and July 2291 (6c, 6d) pseudocolor index images

L. Areshkina ,Journal of Research and Applications in Agricultural Engineering” 2011, Vol. 56(3)
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d)

Figure 7. NDVI calculation results for multispedtsegments of RG-changes, (7a, 7b) index gray-ssadenents of the
images obtained from QuickBird, May 15, 2007 anlg 16, 2007, (7c, 7d) pseudocolor index images

c) )

Figure 8. NDVI calculation results for multispedtreegments of RB-changes, (8a, 8b) index gray-ssadenents of the
images obtained from QuickBird, May 15, 2007 anlg 16, 2007, (8c, 8d) pseudocolor index images

For the calculated NDVI mean values and parthefitnages, obtained from different satellites aselduas the source
images for the selected subareas of componente aitfiects’ changes, see the table.
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Table. NDVI mean value calculation for multispetsegments of changes

Spectra of NDVI (Part of the image obtained from Landsat7 ETM+
changes June 5 July 27
RG -0.177285 0.048167
RGB 0.156553 0.123759
NDVI (Part of the: image obtained from QuickBird)
May 15 July 16
? "
ll
RG -0.012029 0.64909416
RB 0.549692 0.041571

This table demonstrates the trends of the vegetati [3], the calculated NDVI for each subarea of thenponent

condition on the particular component of the Eantinface
area that was selected automatically and analyzed) the
appropriate software. Different colors are usedédpict the
areas with different phytomass volumes. For theetamn,
the index is positive; the higher is the phytomgeswth
level, the higher these indices are. The calculatddes of

of changes in the object’s space was a contributiothe
automatic evaluation of the vegetation conditiogémeral.
The developed algorithms provide automatic clacsstion
of changes caused by vegetation within the calepeiaods
for which the satellite survey data are availaBea result,
these changes can be subdivided into multispestial of

the vegetation index for the images obtained frdla t segments of the Earth surface area that is suliect

Landsat satellite demonstrate that there is nordigsaof the

vegetation in the observed components of the olojedhg

the summer. However, it can be seen from Figuraadb6

that the degrees of uniformity of the multispecsagments
of changes are different. This is because of thitdd spatial
resolution of the satellite imagery data for thieag as a
result, during the selective brightness-based settien at

the first stage of the procedure, the non-uniforeaa of the
monitored object were included in the selected rvate

affecting the calculation of the vegetation indesam value.
Figures 7 and 8 demonstrate both growth of the tatiga

within the selected RG segment (see Figure 7) aud
reduction during two summer months, maybe as dtrefu
harvesting (see Figure 8). Due to high spatiallutism of

the imagery, the components of the monitored Esutface

area, uniform in terms of texture, were clearlystdd.

5. Conclusion

observation, and their relation with the space-time
variability can be determined by way of the briggs-
based ranges of segments, developed and impleneasb
software, in the changes of the multispectral image

To ensure that the proposed algorithms are impisde
correctly, the existing ground observation dat&, rsults
of visual interpretations of the satellite imageagd the
expert knowledge are necessary.
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