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ABSTRACT

Classification of pixels of a satellite image is an important post-
processing function in remote sensing applications. Most of the
change classification methods focus on classifying the terrain
change into different classes of natural objects. The basis of such
classifications is statistical distribution and closeness of the
spectral signature of the terrain preserved in the pixel. The
proposed method makes use of Gaussian and Hessian
computations on the intensity profile of the satellite image to
classify terrain into 2D or 3D category depending on its
curvature. This method is applied to the clusters of pixels which
are classified as changes across multi-dated satellite images.

General Terms
Change Detection Algorithm

Keywords: Change detection, Terrain Change
Detection, Hessian, Difference of Gaussian.

1. INTRODUCTION

Detection of terrain change through comparison of multi-dated
satellite images is an active area of research [4],[5]. The process
involves a number of algorithms to condition the images before
actual change detection is carried out [1], [2], [3]. These
processes such as removal of geometric distortions, radiometric
errors and ortho-rectification prior to registration of satellite
images are carried out to bring the multi- dated images to a
common frame of reference [6],[7],[8],[9]. They are often called
preprocessing of a satellite image which demands sub-pixel
accuracy. The accuracy of the change detection depends upon the
accuracy of the preprocessing steps. Though there are a number
of algorithms existing in these processes, it is not fully automatic
making the change detection process sensitive to human
interaction [9],[10]. In other words, it is still a semi-automatic
process involving human software interaction. Post-processing of
changed pixels is equally important to interpret and understand
the nature of change. Often the post-processing of changed pixels
is performed by an expert image interpreter labeling the pixels
into different categories of natural objects or by advanced
machine classifiers and expert systems. One such category of
classifiers uses Artificial Neural Network (ANN) techniques to
classify the pixels. Generally an ANN classifier is trained by a
known set of training samples of the pixel categories and
optimized before applying the classification to real data. All the
existing ANN or rule based classifiers can create thematic

categorization of the changed pixels leaving the interpretation to
the human expert [11], [12].

In this paper we propose a method for classification which will
classify the changed pixels of a satellite image into 2D or 3D
category. The input to this algorithm is the clusters of changed
pixels of an image. Using this algorithm, the changed pixels are
classified into three geometrical categories namely edge, blob or
a sheet like structures. The process computes the Hessian of each
3x3 matrix around a changed pixel and computes its eigen value
and eigen vectors. This method is applied through a shifting
window process to the changed regions marked by a Maximum
Bounding Rectangle (MBR) encompassing the changed regions.
Depending upon the variation of the eigen values of the hessian,
each central pixel of the window is classified into edge, blob or a
sheet like structure. The semantic relation of the pixels with
respect to its surrounding pixels gives the physical interpretation
to the pixel so as to classify the change as a 2D or a 3D change of
earth objects.

We propose here a Gaussian-Hessian method whose outputs are
the changed clusters in the satellite image, classified as 2D
terrain change or 3D terrain change. This process is applied to
image pairs from different sources such as satellite, still camera
and the results are verified against well known changes in the
terrain for validation.

Terrain change can be classified as 2D or 3D according to the
geometry of the variation and topology of the pixels reflected
through its intensity profile. A 2D change is where only the
surface of the terrain has undergone change e.g. the cereal field
has been changed to paddy giving a different signature of the
vegetation or an open area has been submerged with water etc. A
3D change is where the earth surface has undergone vertical
change such as construction of a building, digging of a trench or
mine etc. Hence looking at the intensity profile of the image it is
very difficult to classify the pixels into 2D or 3D type without
any supplementary height information. We make use of the
curvature generated by hessian function and the orientation of the
eigen vectors of the hessian matrix applied to the intensity matrix
to classify the pixels into 2D or 3D type. Further this is being
reinforced by simulating the scale space through Difference of
Gaussian (DOG). In higher scale the 2D changes are submerged
whereas the prominent 3D changes are filtered as scale space
extremes.

The properties of Gaussian and Hessian functions are discussed
in the next section. In section Three the change detection process
is explained. Section Four explains the algorithm which uses
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Hessian-Gaussian functions to detect the blobness of a pixel. The
eigen-values computed from the Hessian-Gaussian algorithm is
used to classify the change pixels into pixels of high curvature or
flat terrain through a vesselness filter developed by Frangi et al.
[16]. The fifth section presents the results obtained using the
change classification process.

2.PROPERTY OF GAUSSIAN AND
HESSIAN FUNCTIONS

Properties of Gaussian and hessian posses are important
mathematically to characterize profiles of geometric objects in
general and topology of the intensity profiles of the image in
particular. Hence we discuss the characteristic and mathematical
properties of these functions manifested as a window operator
while processing images. What they yield when applied to spatial
data in the form of two dimensional matrix is quite interesting.

2.1 Gaussian function
The 2D Gaussian function is given in Egn (1)

Gry)=5—ze 207 ——————————- ®
Where x is the distance from the origin in the horizontal axis, y is
the distance from the origin in the vertical axis, and o is the
standard deviation of the Gaussian distribution. When applied in
two dimensions, this formula produces a surface whose contours
are concentric circles with a Gaussian distribution from the
center point. Values from this distribution are used to build a
convolution matrix which is applied to the original image. By
computing the 2D Gaussian of a 3x3 window, the central pixel's
new value is set to a weighted average of pixels surrounding it.
The original pixel's value receives the highest weight and
neighboring pixels receive smaller weights as their distance to
the original pixel increases.

Gaussian function applied to a 2D-image through a sliding
window over the intensity profile of the image blurs the image by
reducing the local sharpness of the pixels. The amount of
blurring depends upon the spatial arrangements of the pixels, the
size of the kernel and the standard deviation of the Gaussian
kernel. Hence successive application of the Gaussian to an image
captured as a 2D intensity profile of the surface generates the
scale space effect whereby it generates successive images as
human eye perceives while moving away from the object.
Gaussian function being exponential in nature does not alter the
prime characteristic of the image as the differential / integral /
Fourier transformation of the Gaussian results in a Gaussian
function itself. Hence it is a potent method to analyze and
compare the image in the scale space without altering its prime
characteristics.

2.2 Hessian Function

The Hessian function is given in Egn (2) in the form of a 2D
matrix operator.

Hessian when applied to a function gives the local curvature of
the function. 2D-Hessian manifests itself as a matrix of double
differential of the intensity profile of the image. Thus the local

undulation of the terrain in the form of intensity profile is
captured in the 2D Hessian window of the image as given in
Equation (2).

For an image, which is a 2D matrix of intensity values, the
Hessian of the image is a square matrix of second-order partial
derivatives of the image’s intensity profile. Given the real-valued
function f(x,y) = | the hessian is computed by a 2D matrix as
given below.

921 921

dx0 ax0
Hooy) =0 02 e (2)
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3. CHANGE DETECTION PROCESS.

The entire process of change detection employed is depicted in
the block diagram. First we register the satellite images treating
the image obtained earlier in date ‘D’ as the base image and the
image obtained later in (D+K) as the recently acquired image. To
accurately register the images we employ the Scale Invariant
Feature Technique (SIFT) [13],[14] to detect the correspondence
between the base and recently acquired image. The process of
registration for removal of geometric distortion in the recently
acquired image using the SIFT features is discussed in detail in
[15]. The Intensity variations in images caused by the intervening
atmospheric conditions are different for different times in which
the images are captured. Also the changes in the strength or
position of light sources in the scene have a profound impact in
the pixel strength of the satellite image. In order to remove the
radiometric error in the image due to the intervening atmospheric
conditions we employ a technique known as intensity
normalization [16]. In this method, we pre-compensate this
variation in the image due to radiometric effects through
intensity normalization. The pixel intensity values in a recently
acquired image are normalized to have the same mean and
variance as those in the base image viz. Eqn (3).

l2(x) = o1 /02 {la(X) = Mo} + pg,-------mmmmmmmmen (3)
where, Ix(X) is the normalized second image and pj, o; are the
mean and standard deviation of the intensity values of I;
respectively.

The change pixels are computed using the difference of the
matrix containing the base image and the registered normalized
image I2(x) as give in Eqn (4).

C(x) = h(x) — l(x) (4)

Alternatively, both images can be normalized to have zero mean
and unit variance. This allows the use of decision thresholds that
are independent of the original intensity values. Further, the
difference of Gaussian of the C(x) is computed, which are
subjected to hessian for detection of the eigen-values and eigen-
vectors. The eigen-values of the hessian of each 3x3 window are
interpreted using the rules given below (Ref Table-1) for its
convexity, concavity or flatness in the profile of the image.

The eigen-values of the 2D Hessian are computed for the image
window and the relative orientation of the eigenvectors is
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analyzed depending upon the sign and magnitude of the
eigenvectors as given in the table below.

Structure Eigen  Value | Example in Terrain
Type Conditions
Flat  Surface | M= A2 |[= 0 Flat 2D change in

Change (Sheet Terrain surface

Like Structure)

Volume
Change (Blob
Like Structure)

3D Volume Change in
Terrain Surface

A< A2 | gs [Ao
<0

( Dark structure in
Bright background)

Volume A <Az | s& A2l | 3D Volume Change in

Change (Blob | >0 Terrain Surface

Like Structure) ( Bright structure in
dark background)

Linear Change | A /A2 >>0 For Blob like structures

in 2D and representing
3D change pixel in the
image.

(Table-1, Relative values of Eigen Values and corresponding
structures of the pixel)

Based on the relative sign and magnitude of the eigen-values and
eigen-vectors as given in the above table the change pixels are
classified into 2D change or 3D change. The above process is
repeated for Difference of Gaussian (DoG) in the changed
clusters to reinforce the classification in the scale space
identifying the 3D changed pixels in the satellite image. The
entire process is elaborated in section-4 as an algorithm.

4. GAUSSIAN-HESSIAN CHANGE
DETECTION AND CLASSIFICATION
ALGORITHM

The Hessian is applied to the image in the form of a sliding
window and the pixels are classified in to various categories.
Further this process is applied to the scale space images created
through successive application of the Gaussian. The nature of a
pixel is decided depending upon a maximization operation by
comparing the succeeding and preceding pixel of the image
through a kernel operation as described in the figure below.

Hence successive classification of the changed pixels into 2D and
3D through Hessian and strengthening the categorization through
maximization Gaussian kennel is carried out in the changed
cluster of the image to understand the nature of the change. The
Algorithm for change classification is depicted in the flow
diagram (Fig-1)
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The overall terrain change detection process from multi-dated
satellite images is illustrated below.
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Input: la(X,y), lask(X,y) are registered images of the same area
obtained at dates D and (D+K) respectively

Let the images be represented by I1 and I respectively. Let the
dimension of each of these images be (wxh) and modeled as a
matrix of pixels having intensity values ranging [0..255]

Processing: Compute the pixels in the image I, which reflect
change in the terrain with respect to the image ;. Classify the
changed pixels into 2D and 3D type depending on the curvature.
Step-1

Compute the mean intensity of the images using egn (4.1) and
the standard deviation using Eqn (4.2) i.e.

~Eq— 4.2

1 N M
M—Z Z (i ®Xm,yn) — ul)]

Where i=1,2., M and N are width and height of the images.

Step- 2. Normalize intensity of image |, using equation (4.3) so
that pixel intensity values in |, have same mean and standard
deviation as that of I i.e.

L6y) = (S0 — 1)+,

Where, M1, o1 & M2, o2 are mean and Standard deviation of
Image 11 and lorespectively. Compute the changed pixels in I,
using egn (4.4). This is often known as the change mask.

CxY) =Lxy) - L&) Eq— 44
_ is the normalized intensity profile of I, with the mean and

variance of pixel as that of the image I, . Where C(x .y)
represents the image matrix with changed pixels of I',

. Eq—43

Step-3 Filter insignificant changes reflected as weak intensity
difference from the C(x, y) . If (C(x, y) > Ti1) then C(x, y) is
considered as significant change in the image, else C(x, y) is
masked to ‘0.

Identify the clusters of such changed pixels in the image and
remove the isolated changed pixels so that object level changes
can be detected (Objects are clusters of pixels rather an isolated
pixel) through a morphological operation which checks the
clusters of pixels which has at least 8 connected pixels in the
neighborhood (bwareaopen(C(x,y), 8)).

Step-4 Compute the MBR (Maximum Bounding Rectangle) for
each of the changed clusters and depict them in the image la(x,
y). Let these clusters be denoted by Ci(X, y), k= 1...n, number of
changed clusters in the image.

Step-5 For each of the changed clusters Ci(Xx, y), k= 1...n,
compute the Difference of Gaussian (DoG) of the intensity pixels
in the changed MBR to simulate the scale space manifestation of
the clusters viz. Eqn(4.5).

L (x,y, 0) = G(xy,0) * C(x,y)

Du(x, ¥, 0) = [L(x, ¥, ko) — L(X, ¥, (k-1)G)----------=-
(4.5)

Dl(X, Y, G) = [L(Xa Y, 26) - L(Xa Y, G)

DZ(X, Y, G) = [L(Xa Y, 36) - L(Xa yazc)

Ds(x, y, 0) = [L(X, y, 40) — L(x, y, 30) ...
Step-6 Compute the curvature of the changed objects obtained in
the form of changed clusters convolved with the MBR of the
clusters. The curvature of the changed pixels is computed using
2D Hessian operation where the 2D hessian operator is

convolved with 2x2 changed pixel matrix through a shifting
window operation through Egn (4. 6)

[0% 0%
Iaxax axa |

H(x,y) * Dp(x,y) =

l 021 021 J
Jdydx 0dydy
Step-7 Compute the Determinant and Eigen Values and of the
above Matrix Viz. compute A, A1, and A, for each pixel. The
magnitude of the eigen values can be interpreted according to the
rules given in table-1

Compute the vessel-ness of each pixel and filter those pixels
whose vessel-ness is greater than a threshold value identifying
them as high curvature pixels through a filter. We use the Frengi
Filter for vesselness as given in in Eqn-(4.7).

0 if A, <0
V(N = , . ————(47)

R S
(5 - o)
Where, Wi 4] isthe vesselness filter, Rg = |A /A2 | s the
measurement which accounts for deviation from a blob-like

[ 2 2 L .
structure, and S = ,.lﬂf + 4, which is the norm of the eigen

values, differentiate between the foreground (vessel) and back-
ground. The B and vy are thresholds which controls the sensitivity
of the filter.

Output: The output of the above process is the pixels in the
changed clusters marked through MBR. These are all 2D and 3D
change pixels in the image. The final filtered pixels through step-
7 (Frengi’s vesselness filter) differentiate those changed pixels
which are marked as 3D change. Pixels filtered and highlighted
as vessel like structures or 3D structures are depicted in the final
images of the result sets.

5. RESULTS AND DISCUSSION

These classification rules are generally applied in medical
imaging for detection of polyps & vessel like structures so that a
visual analysis can be carried out before invasive surgery for
removal of cancerous cells. The classification rules yield good
results in medical imaging where the pixel resolution is in the
order of sub-millimeter. In contrast, the pixels in satellite image
are of higher resolution of the order of fraction of a meter and
hence the change classification proposed in this method yields
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better results and can capture terrain change of the order of sub-
meter.

(a) Image I (b) Image I, (c) Changes in MBR  (d)
Changed Clusters (e) 3D Changes

(Figure-4, Result Set, 2D and 3D Changes classified in
Satellite images)

Depicted above are two sets of results obtained from the
application of the change detection process described in section-
4. In each row the first two images correspond to the registered
pair of multidated satellite images at Dn and Dn+k. The third
image depicts all the changed clusters which have both 2D and
3D changed pixels. The changed clusters are depicted using
MBR (Maximum Bounding Rectangle). The fourth image in each
row depicts the hessian of DoG of the changed pixels. The last
image only highlights the changed pixels which are classified as
3D changes using the Hessian and Gaussian operations.

The apparent 3D changes can be easily observed in the first row
of the results where the aeroplane in the first image has moved
away from the apron area resulting in a 3D change in the
subsequent satellite image. This has been identified as a changed
cluster and has been highlighted as a 3D changed cluster in the
final outcome.

6. REFERENCES

[1] Yvan G. Leclerc, Q.-Tuan Luong and Pascal Fua, “A
Framework for Detecting Changes in Terrain”, Proceedings
of DARPA Image Understanding Workshop, 1998.

[2]. D. LU et al, “Change Detection Techniques, International
Journal of Remote Sensing, Vol. 25, No 12, 2365-2407,
2004

[3] R. J. Radke, Srinivas. Andra, Omar. Al-Kofahi and
Badrinath. Roysam, “Image change detection algorithms: a
systematic survey”, IEEE Transactions on Image Processing,
Vol. 14, No.3, pp. 294-307, 2005

[4] Yasuyo Kita, “Change detection using joint intensity
histogram”, In Proceedings of 18" International Conference
on Pattern Recognition, pp. 351-356, 2006

[5] Yasuyo Kita, “A study of change detection from satellite
images using joint intensity histogram”, IEEE, 2008

[6] Z. Yi, C. Zhiguo and X. Yang, “Multi-spectral remote image
registration based on SIFT” , Electronics Letters, Vol. 44
No. 21, January, 2008.

[7] Qiaoliang Li, Guoyou Wang, Jianguo Liu, and Shaobo Chen,
“Robust Scale-Invariant Feature Matching for Remote
Sensing Image Registration”, IEEE GeoScience and Remote
Sensing Letters, Vol. 6, NO. 2, April, 2009.

[8] Le Yu, Dengrong Zhang, Eun-Jung Holden, “A fast and fully
automatic registration approach based on point features for
multi-source remote-sensing images”, Computers &
Geosciences 34, pp. 838-848, 2008.

[9] Barbara Zitova*, Jan Flusser, “Image Registration Methods:
A Survey”, Image and Vision & Computing Vol. 21,pp.
977-1000, 2003.

[10] Jungho Im*, John R. Jensen, “A change detection model
based on neighborhood correlation image analysis and
decision tree classification”, Remote Sensing of
Environment, 326 —340, 2005.

[11] Shah S K & Gandhi V; “Image Classification Based on
Textural Features using Artificial Neural Network (ANN)”,
IE () Journal .[ET, 2004.

[12] P P Raghu and B Yegnanarayan, “Supervised Texture
Classification using PNN and Constraint Satisfaction
Modes”, IEEE Transactions on Neural Network, vol 9,p
516, 1998.

[13] D. Lowe, “Distinctive Image Features from Scale-Invariant
Keypoints”, International Journal of Computer Vision,
20(2):91-110, 2004.

[14] D. Lowe, “Object Recognition from Local Scale-Invariant
Features”, In Proceedings of the International Conference on
Computer Vision, pages 1150-1157.

[15] Narayan Panigrahi, B K Mohan, Raghavendra Bhalerao,
“SIFT Implementation for Registering Satellite Images”,
Proceedings of International GIS and Remote Sensing

Conference & Exhibition MRSS 2010.

[16] Frangi, A. F., Niessen, W. J., Vincken, K.L., and Vierger,
M. A., “Multi Scale vessel enhancement filtering”, Lecture
Notes Comput. Sci., 1496, pp. 130-137, 1998.

[17] Dai, X.L., and Khorram, S., Remotely Sensed Change
detection based on Artificial Neural Networks.
Photogrammetric Engineering & Remote Sensing, 65(10),
pages 1187-1194, 1999.

[18] Macleod, R.D., and Congalton, R.G., A quantitative
comparison of change detection algorithms for monitoring
eelgrass from remotely sensed data. Photogrammetric
Engineering & Remote Sensing, 64, pages 207-216, 1998.

[19] Alex Flint, Anthony Dick & Anton van den Hengel, “Thrift:
Local 3D Structure Recognition”, Digital Image Computing
Techniques and Applications, IEEE Computer Society, 2007

[20] Franz Rottensteiner, “Building Change Detection from
Digital Surface Model and Multi-Spectral Images”,
International Archives of Photogrammetry, Remote Sensing
and Spatial Information Science, 36(3/W49B)

[21] Nicolas Champion, “2D Building Change Detection from
high resolution Aerial image and Correction Digital Surface
Models”, International Archives of Photogrammetry,
Remote  Sensing and Spatial Information Science,
36(3/W49A).

[22] Guanyu Yang et al, “A Multiscale Tracking Algorithm for
the Coronary Extraction in MSCT Angiography”, Conf Proc
IEEE Eng Med Biol Soc, 2006, 1:3066-3069.

[23] Se Hyung Kim et al, “Computer-Aided Detection of Colonic
Polyps at CT Colonography Using a Hessian Matrix-Based
Algorithm: Preliminary Study”, American Journal of
Roentgeonology, 2007; 189:41-51.



