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Abstract— Analysis of the multi-spectral remotely—sensed im- video sequences and thus even after dimension reduction
ages of the areas destroyed by an earthquake is proved to be a processes we still need to have very fast algorithms.
helpful tool for destruction assessments. The performance cuch : In remote sensing applications, due to the geometri-

methods is highly dependant on the preprocess that registers the | ch L turi diti ¢
two shots before and after an event. In this paper, we propose cal changes In Image capturing conaitions, sensor type

a new fast and reliable change detection method for remotely— changes, and the long interval among captured images

sensed images and analyze its performance. The experimental an accurate registration process is required that plays an

results show the ef£ciency of the proposed algorithm. important role in the overall performance of any change
Index Terms—Remote sensing, registration, fuzzy optimiza- detection or classifcation algorithm.

tion, change detection, texture analysis. According to the above mentioned problems, the global video

| INTRODUCTION motion techmques might be |n_ef£C|ent_wh_en dealing with
. ) change detection of remote sensing applications. Howd#wer,

In recent years, the spatial and the spectral resolutiohef ty5h4| video motion estimation can be viewed as a special
remotely sensed sensors and the revisiting frequency of figse of the proposed change detection algorithm and thus the
satellites, has been extensively increased. These deweltp, ,qnosed algorithm can be used for such applications as well
has offered the p_055|b|I_|ty of addressmg new applicatiohs A key issue in analyzing the remotely—sensed images is to
remote-sensing in environmental monitoring. On the othfkect changes on the earth's surface, in order to manage pos
hand, the offcials are getting more and more aware of USIBQL jnterventions to avoid massive environmental problighs
multi-spectral remotely—sensed images for regular and eiacently, many researchers have worked on using the remote—

cient control of the environment [1], [2]. sensing data to help estimating the earthquake damages [4],

Change detection of remotely-s_ensed_mages can be vie §]dor the afterwards reconstruction progresses [6]. Chang
as a general case of a global motion estimation usually use

; . 2 . btection algorithms usually take two sets of images as the
the video coding applications. However, the following skiou ., ensembles before and after the change and return the
be noteq. , L ) , locations where the changes are likely to be happened [1].

* In video coding applications, objects are likely to be prézetore such stage, a preprocessing step is necessary tacprod

sented in the next frame unless we have occlusions, nevt(}yo comparable images

appeared objects, lightning changes, or when dealing WithThe process ofegistration aims at performing some geo-

d_egra_ded images. But, in remote sensing apphcat_lons Betrical operations on one of the images (or both of them),
S|tuat|oqs SPCh as ear.thquake, we are face_d with V& give two compatible images; in which the pixels with
sever situations in which large areas are likely 10 Bge same coordinates in the two images correspond to the
totaI'Iy destroy ed. . ) same physical point [7]. Many researchers have reported the
* In video coding applications, the temporal rate is aboy pact of miss—registration on the change detection result
30 frar_ne_s per seconds and thus one can beneft fr?@.g, see [8]). The registration operation isiamerse problem
the existing high tempora_l redundancy between Sgcc‘iﬁ?ing to compensate the real transformation produced by th
sive frame (yvhen thgre_ls no Sh‘?t Ch_ange), while 'f?naging conditions. Although different registration meds
remote sensing a.ppllcat'lons the time mteryal betwegi?e introduced and analyzed [7], [9], there is no optimal
two cgptulred multi-band images can be considerably IO'gglution found yet and the problem is still an active redearc
resu_ltmg in a very |OW tgmporal redundancy._ area [10].
’ I_n V'de(.) codmg appllcatlons, the _segme_ntatlon_and MO~ The majority of registration methods consist of four essen-
tion estimation stages can in done in a crisp fashion, whql%l steps [9];
in remote sensing applications because of the different )
range of changes that might exist between two shots® feature detection,
the decisions should be made in a fuzzy fashion to take® feature matching,
advantage of its membership style soft decisions. : transfer model estimation, and
. In remote sensing applications, the size and the number of iMmage resampling and transformation.
the multi-spectral images are much higher than those Tine £rst step along with the second step aims at £nding two



sets of corresponding points in the two images. These tvgo stite related experimental results, and a proposed method to

are used in the second step to estimate the transform moeéstimate the changes occurred on images. Section Ill ecentai

Finally, the fourth step results in the two registered insage the experimental results and discussions, and £nally $eldtio
There are two typical methods for £nding and matchingoncludes the paper.

feature points. The £rst one is to search for robust points

in the tvx_/o images. There are r(_eports of using c_on_tours [11], Il. PROPOSEDMETHOD

boundaries [12], water reservoirs [13], [14], buildings],1 ) ]

urban areas [16], roads [17], forests [18], costal line [19] Letimagesd; andl, correspond to two different captures of

and the forth as the features. Another approach is to use tig Same scene in different times. The aim of tégistration

information theory tools likemutual informationto £nd the Stage is to £nd the transfor : [x;y] ! [x"y’] in the

control points [20]. All of the above mentioned approache¥@y that when applying the transforion the imagd ,, the

perform both feature detection and feature matching at tfSulting image 2 gets aligned on the imagda. We call the

same time. Due to the massive effect of mismatching §Pntrol points in the two images df andl, asx andy

the control points on the £nal registration results [8], wior i =1 ¢ ¢, respectively. They are chosen so that applying

emphasize on the determination procedure of the assigri8@ transformT on x;, the result lies ony. In fact, x and

control points (even by using the old—style approach of huma corre_spond to the same physical location captureq as an

intervention) for £nding a set of abo@0 correct control Mage p|x§I. Here, we assume that the used control points are

points in the two images. The challenge of using the robudfoperly distributed all over the images.

control points is more clear when investigating the post—

earthquake images (see Figure 1). Note that even not £ndiRd pirect Linear Transform and AfEne Transform

the related control points in the second image barriersaidéu _ _ _

information about the level of occurred changes. It must be Registration has an structural relation to the problem of

emphasized that any automatic control point detection auethc@mMera calibrationf21], where one is concerned with estimat-
can be integrated to the proposed method. ing the 3—-D coordinates of a point from its corresponding 2—-D

coordinates in (at least) two different cameras. A well-4mno
model for camera projection is thdirect linear transform
(DLT) by Abdel-Azizand Karara [22]. Modelling a camera
with 11 parameters, the DLT is able to compensate perspective
distortions [22].

In the methodology of the DLT, each camera is modeled by
11 parameters and the projection of the pgit= [ Xa; Ya; Za]
on a camera is defned as [22],

auXa t Bya+ Cuza + dy

Xb = axa + by, + cz; +1 (1)

Wzm&+@ﬁ+&@+m: @

axXa + by, + cz; +1

Here, the denominator termy & ax + by+ cz+ 1), applies

the effects of the destination fromp to the center of the
camera on the projected point coordinates [22]. In the case
of space-born imagery, there are two simpliEcations to be
applied on the DLT formulation. Firstly, the vertical dista
between the camera and the subject poiniss assumed to

be constant (because the camera plane is almost parallel to
the subject [9]). Secondly, as the normal vector of the camer
plane and the normal vector of the "on the earth™s surfaee ar
almost parallel, the denominator term, gets constant for all
image pixels. Thus, setting,

1 1 1
a1 = —ay;a = —hyty = =(cuz+ d); 3

B

) ) 1 1 1
Fig. 1. Bingol, Turkeyarea. (a) Before the earthquake 2002—07-15. (b) After az= —ay;as = —h,;ty = —(c,z+ d); (4)
the earthquake 2003-05-02c Digital Globe) B s

gives the simplifed linear model of,

The rest of this paper is organized as follows: Section Il Xp = a1Xa + aYa + ty; (5)
describes the proposed method containing a discussiort abou
the direct linear transform, the estimated affne transform, Yb = a3Xa t+ asya t ty; (6)



also known as tha@fEnetransform [9]. The affne transform 2) Experimental ResultsThe performance of the proposed

can be written in the matrix notation as,

algorithm is analyzed in terms of its complexity and accurac

] TR | To implement the algorithm, we have used Matkb on a
B = a & B+ ty : @) 1.7 GHz, Intel Pentium M computer witb12 MB of RAM.
az a4 ty The accuracy of different algorithms to approximate the efEn

transform between two sets of CPs and the related error

Note that in contrast to the conventional DLT, here the tWo, ,seq during the processes are listed in Table I. The error

different parts of the afEne transform (that result in determ
ing the xp, andy, parameters) can be solved independently

is calculated using,

resulting in fastening the algorithm efEciently. 1 1 X E i —
The proposed algorithm for estimating the afEne transform Error = N P W2+ H2. . Boi i APai + T (15)
i=

from CPs is based on the least square error minimization

approach.

1) Least Square Methocghe quality of an afEne transform

can be measured tfyrr = iN=1 KBoi i Po;i k?. To minimize
the transformation error we have to seErr =0 as,
0 1

(SNeNENONONG)
m
1

wherew and h denote the width and height of the image,
respectively. Table Il lists the computational cost wheimgis
different number of CPs. (The common number of CPs de-
pends on the application but an appropriate value is a number
between20; 30.)

As the registration step plays an important role in the
overall performance of any change detection approach, and
the remotely-sensed images cannot well illustrate therateu
performance of the proposed registration algorithm, hege w

f =0 (8) have used a sample image (the logo of our university) to bette
@Ei illustrate the accurate performance of the proposed ragjish
Dk method. In Figure 3 we have shown different transforms
@y
We can rewrite Equation (8) as,
X ) X X X
a1 Xaii + a Xaji Yaji T tx Xaji = Xb;i -Xa;i (9)
i=1 i=1 i=1 i=1
X X X X
ap  XaiWai t@ Vi tix Yai T XpiYai (10)
i=1 i=1 i=1 i=1
Fig. 2. A sample image.
X X X
A - Xai + 8 - Yai * N = - Xbi (11) applied on the logo images shown in Figure 2. Figure 4 shows
h - B the logo image with a set of control points overlaid on it.
Figure 5 shows the result of performing our estimated afEne
W W W W transform on the transferred images shown in Figure 3. Here,
as xﬁ;i + ay Xaji Yai * ty Xai = Yoi Xai (12) we have used a new visualization method in which we have put
i=1 i=1 i=1 i=1 the two registered images in tihed andgreencolor channels
of an image and have £lled th®ue color channel with255
value. As such, the magenta aoyghn pixels clearly show the
X ) X X X ) mis—registered locations. Note that in this £gure the piwdtls
8  XaiYaitas  Yaitly  Yai = YoiYai (13)
3 Al Jar oy B bii -Yai cyan colors are resulted from the borders of the transformed
=1 =1 =t =1 images shown in Figure 3 and not because of any inaccuracy
in the proposed registration method.
X X X
a3  Xaita  VYai *lyIN = yp; (14)  B. Proposed Change Detection Method

i=1 i=1 i=1

In this section, we state our proposed unsupervised method

Now, using this derivation we just need to solve two linegor segmentation and change detection in multi-spectral
equations of order three simultaneously. Note that, the-coremotely—sensed image intervals using the proposed fuzzy
putational complexity order of the proposed algorithm hgswincipal component analysis—based clustering methodlenhi
reduced to onlyO(N) instead of conventional approach thathe proposed method is faster than the available approaches
is in order of O(N 2). reported in the literature, and depends on no predetermined



@) (b) @) (b)

(©) (d) (© (d)

Fig. 3. Different transformations of the logo image shown igufe 2. (a) Fig. 5. Results of performing the proposed estimated affneftem on
Translated. (b) Rotated and translated. (c) Rotated, lat®mus and balanced the transformed images shown in Figure 3.
scaled. (d) Rotated, translated, and unbalanced scaled.

TABLE |
PERFORMANCE OF DIFFERENT ALGORITHMS
o (o}
5 o Algorithm || Run Time | Error Stability
¥ o & ° pr Gradient-Descent[23] 2700ms | 18.96% No
¥ 5 © Geometric[23] 10ms 1.07% Yes
5 3 Enhanced Geometric[23 16ms 0.045% Yes
- & Fourier Transform[24] 3.8ms 0.027% Yes
5 : Proposed LMS 0.5 ms 0.010% Yes
pr
<}

to de£ne the similarity between color pairs in tHeS color
Fig. 4. Control points overlaid on the logo image shown in FégR. space. Although, some good segmentation results in the HLS
color space are reported [27], it is proved in various stidie
that none of the standard color spaces are outperforming the
others €.g.see [28], [29]), while the locgdrincipal component
lysis(PCA) is proved to give dominantly better results [29],
. In [31], the researchers process color components in-

parameters, it is also robust against illumination changes
the best knowledge of the authors the method introducf 6]‘
in this paper is the £rst fuzzy change detection process. .
Note that the proposed affne transform estimation and t gpendently, neglecting the vector tendency of them. I} [32

proposed change detection methods can also be used in ofjgpon est!matmn IS u;ed for segmentation purposes. Mere_,
applications such as video motion estimation. used allmjj D data in our proposed PCA-based clustering

and change detection stages.

The literature of multi-spectral segmentation |s_not st ric Let two imaged ; and| , to belong to the same scene. Then,
compared to the case of grayscale segmentation metho&?

The £rst sianiccant thod f g th lor—b c¢h pixel inl; andl, is anm-D realization. Also, let image
Ne =fst signizcant method Tor measuring the color=basgt 4, 1,q segmented into classes ofA; using the proposed
similarity between two images might be the color histogra

intersection approach intoduced Bwain and Ballard [25].

Although, the method is very simple, it gives a relatively TABLE I
reasonable performance W|th two ma|n Shortcom”']gs tHe |ac REQUIRED RUN TIME WHEN USING DIFFERENT NUMBER OF CONTROL
of spatial information about the images, and dependency to POINTS.

Number of CPs || N=10 [ N=20 | N=100 | N =200

~ Fourier Transform[24]|| 1.06ms | 3.8ms | 108.95ms| 445ms
Proposed LMS 0.34ms | 0.50ms | 2.43 ms | 4.72ms

imaging conditions (like the ambient illumination). Sontber

researchers try to use certain color spaces that they bdlie\,J
to be suitable for segmentation purposes. For example ih [2
the authors use a geometrical measure in the color histogram




FPCAC method [33]. Here)i, shows the membership of As the eigenvalues and eigenvectors of a single matrix are

My to thei-th class. identical,f (1 Aty;, 2%4); ¢ ¢ (1 At ;, %Y )g is identical to
Now, perform the FPCA [33] on the fuzzy set, f(¥;,1);¢¢0%¥m; . m)g. As ,2 > 0 we haver = 1Ay,
n - 0 and,; = , 2%, for all i. Thus, using the above re—clustering
X= (Myidig)1l x- Wil-y- H (16) method, the clusteA = [<+] in I, results in the cluster

} , A=[A~+ b; Av]. Now, we have,
to £nd the new cluster4;. In fact, we are using the temporal [ ]

redundancy of successive images, assuming that the fuzzy h i
membership of a pixel to the classes remains constant if A ;M) =2 (Ayi+D i (A~+D) | (18)
there is no abrupt change. The reason behind £nding the .

new clusters inl, is to compensate probable slight changes h i 22

corresponding to the lighting and sensor changes. Now, W%VT AT (Ayi+D)i (A~+1D) Ave =  23( % A);

have the new membership valu&g, , which show the level -
of membership of%y, to thei—th new clasdy .
We propose computing, and Jiy, = Jiy , resulting in&y = 0. Thus, the proposed
method will be independent of the lighting and imaging
Jiy Qiy i Ty )21+ x- W;1- y- H; (17) conditions. Now, assume a more realistic case thatare
i=1 not exactly the same but we hayej *, - " - | + % .

. L . For the cases that- is too small the abéve equatiéns cﬁange
as the probability of the pointx;y) being changed fronh; to semi—equations and still marginally hold. In this sitoat

to 1. In fact, £, measures the net amount of change in -, 0

membership of pixels to the classes in the successive image% ' . . S
n contrast, physical changes of interest result in difiere

Note that while these fuzzy change values are computed, thé _ X ; R
clusters are also updated at the same time. materials in a single point in different shots. Hence, they

If I, " 1, thenJy, andJi, will be identical, resulting produce absolutely different values &fy, andJi,y , resulting
in &y being zero everywhere, as desired. Now, assume tifAtNOn-2€ro patterns ,Ofxy' In the proposed metho_d, at the
there is no change between the two imabesnd| », unless same time both thg image sequence segmentation and the
for the changes in the imaging conditions. Assume #and fuzzy change detection are performed.
¥, are the spectral vectors of the same pixel in the two images
I, and I,, respectively. We model the change in imaging
conditions as a linear operation [34]. Assume tkatand
¥ relate through a linear transform namety = Ay; + 1.
Here, we modeA as a non—singular invertible matrix with its .
eigenvalues being almost constant. This situation retatése MHz computer with512MB of RAM.

cases that the spectral axes rotate (changing the chrdtyatic Fi9ure 6 shows two multi-band images taken from the city
of the illumination), scale (changing the achromaticitytog ©f Bamby the Quick Bird satellite, before and after the dev-
iilumination), and translate. The model restricts unbedmh astating earthquake of Decemiis; 2003 before registration.
scaling of spectral components which changes the specﬁéﬂ“re 7 showis the resu'lt of our reglstratlpn. Figure 8 shows
information non—meaningfully (for details see [34]). Notat th_e urban portion (_)f the images. The £_rst images are cropped
matrix A in the singular value decompositiof8VD) form is With no magni£cation to focus on details.
written asA = VDUi 1. Where,U andV are orthogonal ~ Figure 9 shows the resulted fuzzy change maps and a crisp
matrices andD is a diagonal matrix with the eigenvalues offap can be easily generated after performing a hard thigeshol
A as its elements. As mentioned before, the proposed algorithm computes
The expectation vectors in the two imagés and I, both the segmentation and the change detection map at the
relate asEfxg = EfAy, + bg = AEfyg+ B The fuzzy same time. Note that many applications need to use them at
covariance matrices of the two imagiesand| , satisfyC, = same time. Figure 10 illustrates the segmentation restdrée
AEf(y i Efyg)(xi Efy0)TgAT = AC,AT. Assume that the earthquake and the segmentation tuning results aféer th
the eigenvectors df, arex corresponding to the eigenvaluesarthquake.
of , i and the eigenvectors @, aret; corresponding to the To show the robustness of the proposed algorithm against

B

eigenvalues of4. Also, assume the eigenvectors Afto be changes in imaging conditions we have evaluated its change

—xy_c_z

Ill. EXPERIMENTAL RESULTS

The experiments are performed using an Intel Centtif@0

w; corresponding to the eigenvalues 'gf Thus, for alli, detection performance when running it of two images with
Ci¥ = ,iv, Gty = %, andAw; = ";w . First assume manipulated color changes. In fact, Figure 11 shows a simu-
that the eigenvectors ok are all exactly equal to the £xedlated change in imaging conditions with no real changes on
value of | (or equivalently8i;"; = ). Thus,A = VDUi ! the earth surface. Figures 12 and 13 illustrate the robsstoi
equalsVdiag(,; ¢¢¢)UI L = VUL In this situation, the proposed algorithm against such changes. Here, we chose
AT = Uvil = 2Ail resulting iNnATA = AAT = alinear transform with eigenvalues 0.9, 0.7, 0.9, whichrare

.?l. Now, note thatC;At; = AC,ATAH; = ,2AC,4 = completely equal to simulate the more realistic changes.nWhe

. 2YeAd;. Thus, At; is the eigenvector o€, corresponding running the proposed change detection stage4®®£ 792
to the eigenvalue of ?%. Note that,kAt;k = _ktik = ,. downsampled images it elapsB¥ seconds.
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Fig. 6. Bamarea. (a) Unregistered image before the earthquake 20@8-12-Fig. 7. Bamarea. (a) Registered image before the earthquake 2003-12-04

(b) Unregistered image after the earthquake 2003-12<2Digital Globe)

IV. CONCLUSION

caused by earthquake.
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Fig. 8. Urban portion of the images shown in Figure 7.
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Fig. 10. Segmentation results. (a) Before the earthqual8e@mentation
tuning after the earthquake.
(b)

Fig. 9. Resulting change maps using the proposed changetidetedgo-
rithm. (a) Fuzzy change map. (b) Crisp change map (after haedhbiding).

Fig. 11. Linearly changed image.
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Fig. 12. Resulting change maps using the proposed changeidetmethod
(Linearly changed image). (a) Fuzzy change map. (b)Crispgghamap (after
hard thresholding).

Fig. 13. Segmentation results. (a) Original image. (b) Lilyeahanged
image.



