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Abstract: Problem statement: It is an important task to detect land cover clesnffom remotely
sensed data for environmental monitoring. Althotiggre are some applications of visual textures to
the land use, they are limited to a few land cosategories with the application of one texture
measure. Since land cover types are complex ard dfe integration of various objects, applying one
texture measure to characterize land cover typastipossibleApproach: This study presented two
types of texture measures for land cover typesagmdies them to detect possible land cover changes
by discriminant analysis. The texture informatiohland cover types were modeled by different
texture extraction methods, Laws Masks and Galterdi Laws Masks were designed to characterize
the features in local neighborhoods. Moreover imition in multi-channel of the spatial frequency
domain was modeled by the Gabor filters with défgr orientations and spatial periods. The
performance of these texture measures to deteticlaver changes were evaluated by the discriminant
analysis. Based on the transition matrix of landecpthe detection of land cover changes becomes to
separate the land cover pair which is possibleetdvd conversion between them. The discriminant
analysis was designed on a statistical test, wiébrmines the contribution of the features attegndi
the discrimination.Results. The experiments showed that this approach is ¢apab detecting
changes and different measures are suitable tatddifeerent changesConclusion: The experiment
presented a textural guide for the change detection
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INTRODUCTION between different categories (Filteb al., 1996), it is
better to seek a method capable of utilizing spatial

Environmental satellite missions are designed tapectral information simultaneously. Texture measur
support a broad range of environmental monitoringare such kind of information and have achieved many
applications including volcanic eruption monitoring applications in medical images (Sutton and Hall7 2,9
forest fire detection, global vegetation analysisda Harms et al., 1986; Chenet al., 1989), document
many other applications. The ability to detect terap  analysis (Wang and Srihari, 1989; Fletcher and Wast
changes in images is one of the most importani98s), remotely sensed image (Kurogual., 1999;
functions in intelligent image processing systemsisig  Fukuda and Hirisawa, 1999; Angelo and Haertel, 2003
remotely sensed data from the environmental s@=lli  and other areas.

In the land use/cover change detection community,  Since texture measures can identify the spatial
commonly used methods like image difference, changeorganization of land covers and provide information
vector analysis are not perfect. They often neglpatial  about landscape homogeneity or heterogeneity, there
similarities of land covers and pay little attentito the  are applications on segmentation and classificafon
neighborhood of analyzed pixels in images. Landscaptextural analysis. However, most of them are lihite
images usually cover natural and semi-naturaemploying one kind of textural measures to a femdla
environments. The assemblages of sorts of landrcovgover categories. In actual applications, textural
make it difficult to monitor the real changes ohda measures attempt to quantify the spatial and sgectr
covers. To deal with such complex images, whereethe relationships among neighboring pixels from différe
is an excess of boundary pixels among differentl lan angles. The extraction of textural measures isatlgta
covers or where there is substantial spectral aperl mathematical scheme which converts the surface
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roughness of land cover categories into numericainformation. While many researches pay attentiotiéo
values. It is the mathematical converting way thatrole of Gabor filters in texture processing, mdsthem
determines textural information captured. are limited to artificial features or textures iarsdard
Therefore many algorithms are developed totexture libraries. There are few applications obGa
capture textural information from different angles. filters to the natural landscape images. Basedhen t
Although there are many textural measures availableproperty of Gabor filters, which are able to extrac
their classification effects to different land cove information from the spatial and spatial frequency
categories are different. It is not enough to uslg one  domain concurrently, the performance of Gabor rflte
kind of textural measures to semi-natural enviromme in the characterization of land cover types is aised
Different textural measures can capture differentn this study as well.
variations of land cover types. Some measures lieay The applicability of different textural measures o
good at capture local high variance like in a feeds the discrimination of land cover categories is eatdd
environment, while others are able to captureby the discriminant analysis. Land cover change is
directional features. The variety of local featumeshe  affected by natural and human activities. It idficiifit
landscape image makes the single textural meassee | to track human interventions, so when we discuss
some information. Applying more than one texturalenvironmental changes in this study, we mean the
measure can make up a loss of each other. Therefor@tural and ecological changes, which happen to the
applying more than one measure can achieve bettéand cover types. The problem of change detectam c
quality for distinguishing the land cover categeritn ~ be transferred to the classification of the landeco
this study, we will discuss textural measures friva  types. For example, an “arable” land is possible to
angles of the spatial and the spatial frequencyadosn ~ transfer to the type of “good rough grassland” ipéiyt
Specifically designed spatial filters may captureor completely under natural ecological trends witho
some special details of certain land cover typdss T human management. In this case, if the texture
facility could be used to enhance wanted details omeasures of this new polygon are classified to the
suppress unwanted details. In the applications o¢ategory of “good rough grassland” by the discranin
monitoring land cover, spatial filters are mostly analysis, then the change happened to the original
designed to remove noise resulting from the spectrapolygon is tracked.
sighature or separate mixed pixels such as clouds
(Giri et al., 2003) from other land cover types or mask MATERIALSAND METHODS
one kind of land cover from the others (Morisettal.,
1996). In this study specially designed filters-lsaw Laws masks: A common approach to generating
Masks, are used to capture the characteristicertdio  texture feature is to use local masks to captueallo

land cover types so as to distinguish differenegypf information in images. Laws developed a texture
land cover. energy approach that measures the amount of \@ariati

In addition, Gabor filters are well recognizedtfie within a fixed-size window. A set of 5x5 convolutio
recent past as a joint spatial and spatial frequencmasks are defined to compute texture energy, wisich
representation of textures. Daugman (1980) has showthen represented by a vector for each pixel ofrtrege
that Gabor filters have optimal joint localizatisnboth ~ being analyzed. These vectors are the convolution
the spatial and the spatial frequency domains. blae  results of masks and the image. The masks arewvachie
they are analogous to the textural visual percaptio through the following vectors:
Gabor decompositions have been proposed as an
analysis tool for texture (Bigun and du Buf, 1994) L5(Level) =|1 4 6 4 |
which is _ inspired by the p_sychological researchhef g (Edge) =|-1-2 0 2 |t
human visual system (Malik and Perona, 1990). Gabor )
filters are employed in many researches, suchxasrée S5(Spot) =|-1 0 2 0-[
segmentation (Tsait al., 2001; Weldoret al., 1996), R5 (Ripple)=|1 -4 6 -4 |1
texture classification (Manjunath and Ma, 1996) and
texture extraction (Kruizinga and Petkov, 1999;  These vectors imitate four different spatial
Koperskiet al., 2002). Kopersket al. (2002); Shapiro  distributions. And like the names meaning, the L5
and Stockman (1991) applies Gabor wavelets in gector gives a centre-weighted local average. The E
system for data mining of remotely sensed imagesyector detects edges, the S5 vector detects spdttha
Manjunath and Ma (1996) used Gabor filter-basedRs vector detects ripples. The 2D convolution masks
multi-resolution representations to extract textureare obtained by computing outer products of pafrs o
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vectors. For example, the mask L5E5 is computed aspatial/frequency domains (Tsaial., 2001). Moreover

the product of L5 and E5 as: Gabor filters bank composing of a set of kernels ca

provide a complete cover of spatial/frequency domai

1 1 -4 6 -4 1 so that it can generate a versatile model for textu
4 4 -16 24 -16 4 description of various land cover. Because Galftardi
6|x[1 -4 6 -4 1=|6 -24 36 - 24 - @) can be calculated at different spatial frequendtesan

capture similarities in images of different scales.
4 4 -16 24 -16 4 Biological research shows simple cells in the
1 1 -4 6 -4 1 primary visual cortex of primates play an importesie
in the perception of the texture. The Gabor filters
These masks can measure different contents of thgerform the same role with the simple cells when
images. For example, E5L5 measures horizontal edgeerceiving textures. The texture perceived by pedpl
content and L5E5 measures vertical edge conterd. Thactually the response of the correlation of Galiters
average of these two measures is the total edgerton with the image. Therefore, choosing suitable patarse
Because some masks are symmetric, they are combinéal Gabor filters can extract specified textures.
and replaced by the average. Finally only nine mask A Gabor filter is a complex sinusoid modulated by
are used to extract texture measures. They are: a Gaussian envelope. Its general one-dimensionad fo
in Cartesian co-ordinate is:
L5E5/ E5L5 L5S5/S5L5

L5R5/R5L5 E5E5 1 2 o
E5S5/S5E5 E5R5/R5E5 g(X)=ﬁ-ex 207 -exp(lirx. 4)
S5S5 S5R5/R5S5

RSRS Where:

These masks are subsequently convolved with thg =The standard deviation of the Gaussian function,
image to highlight its microstructure which genesat _determlnes the size of the recepu_ve f'e_ld
the energy map. Nine energy maps are obtained fdt = 1he wavelength of the complex sinusoid

every image. Let ffi,j] be the result of filtering with . )
the kthmask at pixel [i,j]. Then the texture energy ma 21\ determines the preferred spatial frequency of the

E, for filter k is defined by: receptive field function. _ o
The 1-D Gabor function of Cartesian co-ordinate in
I the spatial frequency domain is as follows:
Elrcl= > > |RId 3) 2 2
j=c-7i=r-7 — -
J G(u)= ex;{o(uzuc)} (5)

where, (r,c) is the centre point of the filteringndow.

The size of the window depends on the class O(Nhere'
imagery. A 15x15 window is used for natural scenes *_ The spatial frequency
(Comberet al., 2001). Each texture energy map is a fuIIu — The preferred spatial frequency with valuéas
image, representing the application of the kthsk to c- defi pd b P q y

the input image. Statistical measures, mean, stdnda elined above

deviation, skewness, kurtosis and energy, are degar The 1-D Gabor function may be extended to 2-D as
as texture measures of the energy maps and form fgjiows:

vector for further classification.

2+ +

Gabor filters: Gabor filters are a kind of operators that 9(%:¥)= zioz -exf{‘;[ 2 e H -ex% iﬁ%’ } (6)
can capture the local information in an image optiyn
ﬁ‘.n(lj r_eslearch sh(_)w thfat Gabor flltgrs hm|m|c thewhere, o and A are defined as above. Its spatial

lological - perception of texture and share manyfrequency domain in Cartesian co-ordinate is givgn
properties with the human visual system (Raghumatha
and Acton, 2000). This property of Gabor filterskes ) ) ) )
them capable of reaching the minimum bound forG(u,u)= ex{"’ (u-u,) } _ex%‘c L-v,) } )
simultaneous  localization in the spatial and 2 2
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Where: The HTD provides a precise quantitative
uandu = Spatial frequencies along the x and y axis representation of texture that is useful for siniya
u. andu, = The selected spatial frequencies along the sanalysis. The descriptor is derived from filteringh

and y directions respectively original image using scale and orientation selectiv
kernels which create a filter bank of Gabor funesio
Gabor functions in the spatial frequency domain in
polar form make them convenient to generate the
Jarameters of Gabor kernels. The Spatial frequency
domain in polar co-ordinate could be partitionei iBO
channels with equal divisions in the angular digect
r(at 30° intervals) and octave division in the radia
direction (5 octaves) as shown in Fig. 1. The ckann

Equation 7 could be denoted in polar co-ordinate a
well. There are many advantages in polar form ¢lver
standard form. Haley and Manjunath (1991) pointe
that compared with the standard form the Gabarfil
polar form has a narrower response at low freq@snci
and a wider response at high frequencies. This sea
the range of parameters in polar co-ordinate cakeraa . X S .
more uniform coverage of the frequency domain Withmdgx | can be.denoted as 1= 6*s+r+_1. Heréssthe
less overlap at low frequencies and smaller gapigat  'adial index with §10,1,2,3,4} and r is the angular
frequencies. Also the polar form is more suitalole  index with rt{0,1,2,3,4,5}. ,
rotation invariant analysis which is a requiremémt Every feature channel in the spatial frequency
describe natural objects in landscape images. Anoth domain is modeled using a 2-D Gabor function ofpol
advantage of the polar form is that the parametktise ~ form as follows:

Gabor filter are more easily determined than the
standard form. The Gabor filter in polar form wilée G (o= ~(f -f,)? «6-6)?2
applied in this study. e, (0) =expg —— =1 .ex 23

Ts

(8)

M PEG-7 homogeneous texture descriptor: MPEG-7 Where:

is a standard for describing the multimedia contiaté ¢ - e frequency in radial direction

that supports some degree of interpretation of the _ o angular direction

information’s meaning, which can be passed onto, or

accessed by, a device or a computer code. The centre frequency of octave bandwidth:
application fields covered include geographic

information systems, remote sensing, multimedia

editing and so on. It describes three texture dasrs,  f. =—.(max(f)- min(f)).2*

a Homogeneous Texture Descriptor (HTD), an Edge

Histogram Descriptor (EHD) and a Perceptual texture
Browging Descriptrz)r (P(BD) ) P where radial index [${0,1,2,3,4}. max(f) is the
' maximum frequency of the image and has wavelength 2

pixels/cycle. min(f) is the minimum frequency ofeth
image and has wavelength 1  picture/cycle.
Angular direction®, = 30°*r, where angular index
r 0 {0,1,2,3,4,5}. S, and S, are the standard

deviations of the Gabor function in the radial diien
and the angular direction respectively. In the dmgu
direction, S, has a constant value as follows:

Channel(Ci)

15°

5 J2In2 ©

In the radial direction,S depends on the octave

Fig. 1: Frequency partition of the Gabor filter kan
with ID’s of the feature channels C in the spatial
frequency domain. (ffmax and min(f) denote
the maximum and minimum frequency in the s = B (10)
spatial frequency domain respectively ¥ 2J2In2
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where, B is the octave bandwidth whose value is [
(max(f)-min(f)).26"Y. The HTD generates a feature gowp1 [\ /L goup2
vector TD constituted by the mean valug fand \ : |
standard deviationgf, of the original image as well as
the energies;eand their standard deviations af the
Gabor filtered images:

TD = [fDC! fSD: €, &,...,650, dl! le"'d30] (11)

Discriminant analysis: Discriminant Analysis (DA) is

a statistical technique that makes use of the AiaQf

Variance (ANOVA) to determine whether a set of

variables can separate different groups. The diffee

is determined with regard to the means of the béega ; : 3

DA is used in the texture distinguishing process. e
The purpose of DA is to generate a discriminant

function or a set of discriminant functions if theare  Fig. 2: The distributions of two groups

more than two groups. The functions are based on

linear combinations of the independent variabled any = (x, x,....,x,) (15)

provide the best discrimination between the grolipe.

discriminant analysis function determines whether

groups differ with regard to the means of indepande Boo By Bp - By
variables. The functions are generated from a sawipl 1By By B o Bon
- o g=|" Tt (16)
cases for which group membership is known and mee : : AR
the requirement that the ratio jaReedSSotal IS as large B.o B B, - B

as possible when carrying out the one-way ANOVA.

SSotal IS the total sum of squares, which is a measure of

the total dispersion of the scores around the gragan  €=(g,.¢,,...,,) (17)
and can be divided into two components:

For each of the categories in DA, there will be a

SSota = SSetweent SSithin (12) distribution, such as a normal distribution, fore th
Where: members of that category. The distributions ofedtight
SSeweer= The dispersion of the group means aroundroups usually overlap like the Fig. 2 showing that
the grand mean there is an overlap (shade part) between the toopsx:
SSithin = The dispersion around the group mean The goal of the DA is to find values for the

) ) discriminant coefficients and weigh the independent
If there are m groups and n independent variablesariables such that the overlaps among distribstioh

the discriminant functions could be described as: groups are minimized.

Y=pBX +e (13) The va_llues of independent var_|ables in the known
cases are important to the DA. Their contributiorhte

Where: discrimination is weighed as the discriminant

Y = Denotes the group member vector coefficients. A statistical test like f-test assess

B = Denotes the discriminant coefficients vector,whether the independent variables reliably disarate
which maximizes the distance between the meanthe categories of the dependent variables.
of the dependent variables. In fact discriminant F-value is a measure of the extent to which a
coefficients act as weights of features invariable makes a unique contribution to the

discriminating different groups discrimination. It is computed as the ratio of the
X = Denotes the independent variables between-groups variance over the pooled within grou
€ = Denotes error vector variance:
Their forms are as follows:
Fwe = e (18)
Y = (Yo V2o Ym) (14) SSihin
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However in ANOVA, this is expressed in a statistic § = xB=f, +f,x, +__Qp>§n i=1,2,.....m (21)
known as Wilk's lambda\). It is expressed as follows:
RESULTS
/\ - S%etween (19)
SSolal

Ten kinds of land cover types, which are shown in
Table 1, have been examined, as these land cover
types are ecologically “similar”. From the Tablét 1s
clear that under every type, there are more detaile

A relatively small A implies a relatively large
dispersion among the group means. Thus smalleesalu

of /I\ are fngxe I':(elt}/] to bed 5|gn|(1;|catnt. I_Dl:)rllngh';fr:e subclasses. Although according to Confferthese
analysis o » Only Those independent variables ten types of land cover are transferable, thessatiée

makle Fhe{\ srr;]all enoggr\l/vf;ll[(e‘ all_ble é% ta(l;e par.t”'gstheappearances of the subclasses make the classificati
analysis. In other words Wilk's Lambda determimes t .\, o gificult. The possible transitional matrix of

reliability of independent variables. The more able these land cover types is listed in Table 2. Urttir

the \frar?able, th_e_ mor(fe |Laffects _tge.DA.f ind d guidance, detecting changes of some land covers
. ble quantities o tde cor?trld.utlo_n for independentyq comes to distinguish the possible land covers fro
variables are measured as the discriminant coeffisi original land cover. In this experiment trainingdan

Generally the d|scr|m|na_nt coefficients are detepﬂ! testing data are used half and half to avoid bias.
by the least squares estimates. It attempts tonmgi
the error vectors in the Eq. 14 and uses the falgw

formula: Experimental data: The data in this experiment is from
remotely sensed images covering the Elgin arearitihn
m m east Scotland. The image has been manually seginente
Q)= e =2 (Y, —Bx)? (20) into different land cover types by expert interprstwho
= = gave every pixel in the image a land code représgnt

] ) _the land cover type of the pixel. Images only ciitay
where, Q) is the residual sum of squares whichgingle |and type are required so that different
measures the remaining/residual variation of data.A information from different land cover types coulé b

The coefficient matrix3 obtained is labeled a8  compared and analyzed without the influence of othe

which minimizes Q). Thus, the discriminant functions land cover types. According to the given code
are fitted as: polygons are obtained by using the flood fill hresd.

Table 1: Land-cover types description

Land cover category

Land over code

Main feature

Arabic field 10 Arabic field (no rock, no farms, trees)
Good rough grassland 150 Smooth grass/rushes ¢kpno tress)
151 Smooth grass/rushes (no rock, tress)
155 Smooth grass/low scrub (no tock, no trees)
156 Smooth grass/low scrub (no tock, trees)
160 Undifferentiated smooth grass (no rock, ncsjres
161 Undifferentiated smooth grass (no rock, tress)
Heather moorland 110 Dry heather moor (no rockyumoing, no tress)
111 Dry heather moor (no rock, no burring, tress)
112 Dry heather moor (no rock, burring, no trees)
120 Wet heather moor (no rock, no burning, no jress
130 Undifferentiated heather moor (no rock, noibggrno trees)
131 Undifferentiated heather moor (no rock, no inggrirees)
132 Undifferentiated heather moor (no rock, burrimgtrees)
Poor rough grassland 140 Undifferentiated Nardusifiéo(no rock, no tress)
Bracken 170 Undifferentiated bracjen (no rock, rees)
Mixed woodland 79 Undifferentiated mixed woodlatregés)
Scrub 82 Undifferentiated low scrub
Peatland 180 Blanket bog/peatland veg. (erosiomrass)
182 Blanket bog/peatland veg. (no erosion, no frees
183 Blanket bog/peatland veg. (no erosion, trees)
186 Blanket bog/peatland veg. (dubh lochans)
Semi-natural coniferous 73 Coniferous (semi-natared)
Broadleaved 76 Undifferentiated broadleaf (area)
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Table 2: A transition matrix of natural ecologitands of land cover

0 = unlikely Good Poor Semi-

1 = possible rough Heather  rough Mixed redtur

2 = likely Arable grassland moorland grasslanthdBen woodland Scrub Peatland coniferous Broadtbav

(From) Main features Codes To 1 2 3 4 5 6 7 8 9 10

Arable Arable land 100 1 2 1 1 1 1 1

Good rough Smooth G (rushes, 150,151,15,5, 2 1 2 1 2 1

grassland crub, undiff.) 156,160,161

Heather HM (wet, dry undiff.) 110,111,112,120, 3 1 2 2 1 2 2

moorland 130,131,132

Poor rough grassland Undiff. Coarse G 140 4 1 1 1 1

Bracken Undiff. smooth G 170 5 1 2 1
with bracken

Mixed woodland Undiff. mixed 79 6 1 1
woodland (area)

Scrub Undiff. low scrub 82 7 1 1 2

Peatland Blanket bog 180,182,183,186 8 1 1 1

Semi-natural Semi-nat conif 73 9 1 1

coniferous woodland

Broadleaved Broadleaved W 76 10 1

,_A
=
[

Classification rate within
76-100%

B Classification rate within
31-75%

of

e orales (o)

B Classification rate within
26-30%

E
E
=

] M Classification rate within
Laws  Laws Gabor Gabor 0-23%

Fig. 3: Left polygon is labeled as Dry Heather Moor fraining testing training testing
and right polygon is labeled as Smooth
Grass/rushes Fig. 5: Experiments results of laws masks and Gabor
filters

Experiment results. There are a total of 475 polygons
of 10 land types used in the experiment. Figurbais

an example of some textures used in the training
dataset. According to the method mentioned above
polygons obtained from floodfill method are corteth
with 9 Laws Masks and 30 Gabor filters respectively
Texture features are derived from the filtered iemg
and then those features are input to a linear ssgme
discriminant classifier. The final results of thetseo
texture measures are shown in Fig. 5.

DISCUSSION

Fig. 4: An example of polygons in training data.set )
From left to right and up to down, the land Results show that these two kinds of texture
cover types are listed in the order of Table 1 ~ Measures are promising to detect land cover changes
Most of the correct classification rates are higthem
Finally the image covering Elgin is split into many 80%. Although they are both bandpass filters, the
polygons. Figure 3 shows two examples of polygondlifference is the division of the spatial frequency
produced by the flood fill method. Each polygonyonl domain. E_ach filter under the same filter banks it&s
contains one land code, i.e., one land cover tppe, ©OWn spatial frequency range and therefore captures
there may exist many polygons associated with onélifferent local textural features. Laws masks are
land code because polygons with the same land codéesigned to extract special characteristics in the
may be not adjacent. Thus it is ready to derived lan Neighborhood. Gabor filters are capable of emuiatin
cover texture information from these different maips ~ human perception and capturing spatial informasiod
for further analysis. spatial frequency information at the same time.
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Through the different divisions of the spatial fuegcy can achieve the best discriminant result if empigyi
domain, three different filter banks are designed a the textural measure with the best discriminaafyzsis
they correspond to different spectral informatidite to the pairs between which could have “ecological”
textural information extracted by each filter foack  changes.

land cover texture is described as a feature veotror
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