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significant increase in the interest on
time series and the analysis of multitemporal data:



v Increased number of satellites

v" New policy for data distribution

v" New policies for the distribution of new satellites data



v Change detection (CD):



1. Binary change detection

Mexico, May 2002

Map of burned areas



2. Multiclass change detection
v Goal:

v" Number of images:
v Application domain:

May 1995 (Landsat) July 1995 (Landsat) Thematic Map
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3. Change detection in long time series of images
v Goal:

v" Number of images:
v Application domain:
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! Ancillary :

Collection Analysis

F. Bovolo, L. Bruzzone, “The Time Variable in Data Fusion: a Change Detection Perspective,” IEEE Geoscience and Remote
Sensing Magazine, Vol. 3, No 3, pp. 8-26, 2015.



v" Geometrical resolution:

v' Spectral resolution:

v" Acquisition frequency:

v" Meteorological conditions:



v' Ground reference data (“ground truth”):

v" Prior information:

v Ancillary data:



v' User expectation:

v Cost:

v" Processing time:



v Radiometric issues
» Sensor:

» Acquisition season:

« Atmospheric conditions:



v Geometrical issues

» Sensor:

o Satellite orbit:

* View angle:

« Topography:






Data
Collection







radiometric calibration

v" Absolute calibration: digital numbers are transformed into the
corresponding ground reflectance values

v Relative calibration: modification of the histograms



“registration noise”

Shift vs. error for 1 x 1 meter pi

mum error in change

hd

Misregistration
error






Collection







several
peculiar factors

v Differences in light conditions, sensor calibration, and ground moisture

v" Absence of a reference background;
v Lack of a priori information about the shapes of changed areas;

v" Non-perfect alignment (registration noise)

v Different acquisition conditions
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Technique

Univariate image
differencing

Vegetation index
differencing

Change vector analysis

Regression

Principal component
Analysis

Feature vector f, at the time
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Computation of X,
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Assumption:
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Polar Domain

Circle of unchanged pixels

Annulus of changed pixels
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Optimal threshold value on the Registration noise effects Threshold value on the magnitude
magnitude variable: ideal case variable: radiometric distortion case
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Simulated burned area
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No-change-




easily visualize the change information in
polar coordinates,

impossible to visualize
the data in the polar domain

v' Compressed CVA (C2VA)

F. Bovolo, S. Marchesi, L. Bruzzone, “A Framework for Automatic and Unsupervised Detection of Multiple Changes
in Multitemporal Images,” IEEE Transactions on Geoscience and Remote Sensing, Vol. 50, No. 6, pp. 2196-2212,
2012.



Direction:

Magnitude:

bth spectral band of X,

BD unit vector

SN



Definitions

2. Semi-Circle of unchanged pixels SA4
SC,={p,a:0<p<T and 0<a<mn}

3. Semi-Annulus of changed pixels
S4, :{p,a T <p<p,, and 0<a < ﬁ}

4. Annular sector of the k-th kind of change
Sk:{p,a:pZT and a, Sa<a,,, Oéah<ak2<ﬂ}

<™



Simulated burned area




C2VA CVA (bands 4 and 7)
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Unchanged (w,) Changed (@,)

h(Xp)

Gray-level value

Problem:
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Iterative
estimation
(EM algorithm)

| [ ooosn |




-——
-

) Mean value

v' Gaussian model:
e > Variance
v' Rayleigh model:
T ", Non centrality
v Rice model: AN parameter
v Semi-parametric mixture model: )
“~.__, Kermnel

function



v' A priori knowledge available:
high
probability to belong to o, and w,

v' A priori knowledge unavailable:
genetic algorithms.



v likelihood function
L(0)
increases.

v local maximum

v Gaussian
model



Unchanged (w,) Changed (@,)

h(Xp)

Gray-level value

Problem:



v pixel based

P(w.) B p(Xp/w,)
Plow,) p(Xp/o)

v pixel based

| Plo.) p(Xp/a@,)
Ratio between the costs of =
missed and false alarms (/ao(a)n) p (XD /a)c)




context based

.y L !
Grey levels statistics Interier class Neighborhood
energy term dependence energy term system
o . First Order - R
O Neighborhood system (-Lj-Df G-19) |G-1y+1)
ij-D | Q) | @+ ij-1) | GJ) | @+
Second Order _---"""

(i+1,) Neighborhood system GH1j-D)| (+1,) [+1,4+1)













Collection




Raw Images "

Focusing

Multilooking

Geometric corrections
Radiometric corrections

Filtering for despeckling

LI






Technique

Image rationing

Kullback-Leibler distance
(Similarity measures)

Difference of scattering
matrix element products

Difference of scattering
matrix amplitude correlation
coefficients

Feature vector f, atthe time ¢,

b

Computation of X,

XD:fg/fl

KL(),

)

Jlog (filfa) i




Difference operator

Equivalent number
---""  oflooks

v' the relative change
v' a reference intensity

$

Mean intensities of Xi
and X2in an
homogeneous area

13

higher change-detection error for changes occurred in high

intensity regions



Ratio operator

v" Reduces the multiplicative distortions

v relative changes

between images.
Equivalent number
_.--* oflooks

*  Mean intensities

-
-
-
-
-
-
-
-
-
-
-

\\\\\

Log-ratio operator (X g)

v symmetrical statistical distribution

H

v additive noise model:









Unchanged (w,)

Changed (w,,) h(X,)
D

Changed (@,,)

Gray-level value

Problem:
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July 2006 October 2005
Quickbird images of the city of Trento (Italy)



October 2005 July 2006
Quickbird images of the city of Trento (ltaly)



July 2006

October 2005

Quickbird images of
the city of Trento (ltaly)



Comparison Operators:

Optical Images

Synthetic Aperture Radar (SAR) Images

E u

Analysis:






top-down approach

v explicitly model different radiometric changes

v semantic meaning of changes;

v" identify changes of interest with strategies

v intrinsic multiscale properties high
spatial correlation

L. Bruzzone, F. Bovolo, “A Conceptual Framework for Change Detection in Very High Resolution Remote Sensing
Images,” Proceedings of IEEE, Vol. 101, pp. 609-630, 2013.
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Auxiliary
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CMuItitemporal data set)

Identification of the tree
of radiometric changes

________________________

Detection of all
radiometric changes

Change Vector Analysis,

Selection of the
strategy for detecting
hanges of interes

Direct extraction of
changes of interest

i Context-sensitive
] techniques, etc.
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Differential extraction of changes
of interest by cancellation

Refined detection of the radiometric

change of interest

(Change detection map)
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Changes due to
acquisition
conditions (Q,.,)

Differences in Differences in
atmospheric acquisition
conditions (2,,,,) system ()

Sensor
view angle

effects

Seasonal

Changes
occurred on the
ground (Q,,)

Natural

disasters (Q,,,) Anthropic
i

activity (Q,,,)




Detection of
change of interest 1

X, X,

Detection of
radiometric changes

Detection of
change of interest K

Non-relevant
change 1

Non-relevant
change 2

Non-relevant
change N

Refined detection of the
radiometric change of interest
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L. Bruzzone, F. Bovolo “A Conceptual Framework for Change Detection in Very High Resolution Remote Sensing Images,”
Proceedings of IEEE, Vol. 101, pp. 609-630, 2013.
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X,

X,

Detection of radiometric

Changes (CVA)
Detection Detection
of w, of w,,

Refined detection of Q. ,




o iy

| , =
b=

F. Bovolo, “A Multilevel Parcel-Based Approach to Change Detection in
Very High Resolution Multitemporal Images,” IEEE Geoscience and
Remote Sensing Letters, Vol. 6, No. 1, pp. 33-37, January 2009.

V. J. D. Tsai, "A comparative study on shadow compensation of color
aerial images in invariant color models," IEEE Trans. Geosci. Remote
Sens., vol. 44, pp. 1661-1671, 2006.

L. Bruzzone and D. Fernandez-Prieto, "Automatic Analysis of the
Difference Image for Unsupervised Change detection," IEEE Trans.
Geosci. Rem. Sens., vol. 38, pp. 1170-1182, 2000.
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F. Bovolo, L. Bruzzone, S. Marchesi, “Analysis and Adaptive Estimation of the Registration Noise Distribution in Multitemporal VHR
Images,” IEEE Transactions on Geoscience and Remote Sensing, Vol. 47, No. 8, 2009, pp. 2658-2671.

S. Marchesi, F. Bovolo, L. Bruzzone, “A Context-Sensitive Technique Robust to Registration Noise for Change Detection in VHR
Multispectral Images”, IEEE Transactions on Image Processing, Vol. 19, pp. 1877-1889, 2010.
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Shadow
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Multiscale analysis
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Technique

False Alarms

Missed Alarms

Total Errors

Overall accuracy (%)

CVA pixel-based

CVA parcel-based

Top-down architecture
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Comso-Skymed SAR Images of the Earthquake of L'Aquila, Italy
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backscattering
changes.

different sources
characteristics similar

explicitly modeling the EM behavior of complex objects.

* Modelling the interaction between the EM waves and the imaged objects;
» Extracting the different object components

« Combining object components
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Decompose the general complex problem

Exploit the intrinsic multiscale nature of objects

specific properties of expected changes

prior information



- Meta-levels —)
fusion
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complementary acquisition modes:

« StripMap (SM):

« SpotLight (SL):

@

5,=3.3m
8g=1.70-3.49 m

5,=1.1m
54=0.74-1.77 m

30 km

10 km X

4 * —
50 km ( )

nominal 5 km

Data referred to TerraSAR-X imaging modes

L. Bruzzone, C. Marin, F. Bovolo, “Damage Detection in Built-Up Areas Using SAR Images", in Encyclopedia of Earthquake
Engineering, Eds. M. Beer, E. Patelli, |. Kougioumtzoglou and I. Siu-Kui Au, Springer Verlag.



Crisis Detection Detection of Fully

Event of HotSpots Collapsed Buildings
StripMap
Acquisition

L GROUND SEGMENT J




Phase 1:

Srounad
Segment

F. Bovolo, L. Bruzzone, "A Detail-Preserving Scale-Driven Approach to Unsupervised Change Detection in Multitemporal SAR
Images", IEEE Transactions on Geoscience and Remote Sensing, 2005, Vol.43, No. 12, pp. 2963-2972, December 2005.

F. Bovolo and L. Bruzzone, “A split-based approach to unsupervised change detection in large-size multitemporal images:
Application to tsunami-damage assessment,” IEEE Trans. Geosci. Rem. Sens, vol. 45, no. 6, pp. 1658 —1670, 2007.



Backscattering
Increase/Decrease
Detection

| Ancillary
' information

_______________

Changed Building
Detection
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Total # of Actually

buildings | destroyed | Missed | False

Area

HITWIN P

Total ‘ \

Reference about collapsed buildings derived from airborne orthophotos acquired after the earthquake available at
www.regione.abruzzo.it/xcartografia/.




Data set:

234 & 24t April 2010



Data set:
2314 & 24t April 2010.

Areas of interest:
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'l Prior knowledie l

Comparison

=== ~

Modelling of the:

[
1
1

F. Bovolo, C. Marin, L. Bruzzone, “A Hierarchical Approach to Change Detection in Very High Resolution SAR Images for
Surveillance Applications, IEEE Transactions on Geoscience and Remote Sensing, Vol. 51, 2013, pp. 2042-2054.
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Changes of interest

ISO 6346 standard
for containers

. . .,
Detector considered for containers :
v 20 feet length .+
Ratio line *”
detector
Cross-correlation P :
line detector :
2 e, ) P2 P1 P2
Associative -
symmetrical sum *., .

v
Kullback-Leibler distance.

F. Tupin, H. Maitre, J.-F. Mangin, J.-M. Nicolas,E. Pechersky, "Detection of linear features in SAR images: application to road
network extraction," IEEE Trans. Geosci. Rem. Sens., vol.36, pp.434-453, 1998.






tinly.

TR
vieed ay
e :
4 .
LIV PRI

LM T

- 1 st refareg-
eNcwdpige paa! .hhq_.
borreresy Friaagian ;

LA T T
FRIE
Nl
ot o

i
LXINTT T

1
W




Changes of interest

Detector considered









large number of narrow
spectral intervals
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do not explicitly handle the high dimensionality
and the properties of hyperspectral images

binary change-detection maps
seldom extract information about the kind of change

the capability of hyperspectral sensors to capture subtle
changes in the spectral signatures



handle the challenging
problems

effective and robust change representation, discovery
and detection methods

v' Problem: what is a change in multitemporal hyperspectral images?



Major changes Subtle changes



Major changes:

Subtle changes:

different semantic meaning
part of these changes may be relevant.

S. Liu, L. Bruzzone, F. Bovolo, P. Du, “Hierarchical Unsupervised Change Detection in Multitemporal Hyperspectral
Images,” IEEE Transactions on Geoscieance and Remote Sensing, Vol. 53, pp. 244 - 260, 2015.



identify both major and subtle changes.

v hierarchical techniques
. high spectral resolution;
. major changes
. subtle changes

S. Liu, L. Bruzzone, F. Bovolo, M. Zanetti, P. Du, “Sequential Spectral Change Vector Analysis for Change Detection in
Multitemporal Hyperspectral Images,” IEEE Transactions on Geoscience and Remote Sensing, Vol. 53, pp. 4363 —
4378, 2015.

S. Liu, L. Bruzzone, F. Bovolo, P. Du, “Unsupervised Multitemporal Spectral Unmixing for Detecting Multiple Changes in
Hyperspectral Images,” IEEE Transactions on Geoscience and Remote Sensing, Vol. 54, pp. 2733 - 2748, 2016.



Represent discover
intrinsic hierarchical nature

sequential spectral change vector analysis (S?2CVA) technique

different kinds of changes
simple yet effective
sequential and interactive

small variations akes
advantage of the high spectral resolution (i.e., subtle change)

S. Liu, L. Bruzzone, F. Bovolo, M. Zanetti, P. Du, “Sequential Spectral Change Vector Analysis for Change Detection in
Multitemporal Hyperspectral Images,” IEEE Transactions on Geoscience and Remote Sensing, Vol. 53, pp. 4363 —
4378, 2015.
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time series

important topic methodological and application
perspective

new
satellite data

* VHR multispectral and SAR images.
* Hyperspectral images.

« LiDAR point clouds.

* Long time series (data mining).

new applications
very high geometrical or

spectral resolution and the increased
revisit time
















































