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E_ﬁ Training images
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=D Validation images

Training Set
Validation Set | §717
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. D Training image

The QuickBixd image taken over
the Tor Vergata University campus
(South-East of Rome, Italy), on
March 13, 2003.

Besides the buildings in the campus,
different industrial, commercial and
vesidential areas €an be distinguished in

the image.

red: bare soil Vegetation Bare soil
blue: asphalted surface 14364 750 2207
a 32 68 27
white: buildings Building : 12634 723
green: vegetation Bare soil 2 512 3229
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9,

en optimized and

the performanceoses e capability of a

unique network to=pro classification on diffcrent im rather than on a

O

To underline theE)m

-

single one.

ity of mlem we tested the already
ly proeessing=the~QB1 im on another QB

-

The new QuickB@image (QB2 same area of the first one,

but in a different Gﬂson and at a slightly different incident angle.

U TOR VERGATA

Automatic cassification of urban areas with high and very high resolution optical imagery

15 of 104



@ Unique network (2/2)

Automatic classification map from the image QB2
with'a _n€t trained with examples taken from image

OB1 (accuracy=56%)

OB2"asing a network trained with examples taken

from image QB2 (accuracy=95%)

QB2 with a net trained with examples taken from

QBisQB3; OB4, OBS5 (aceuracy=87%)

Red: bare soilgblue: asphalted SHFfaee; White™bwildings, greeni veégetation.

Automatic cassification of urban areas with high and very high resolution optical imagery 16 0f 1604



L ED Conclusions

9,

‘.. This work can bEns
contribute at the bel

ing how NNs can

In both high and Ny

order to generalize_th
that the new imagn
-

 The network pe@na

account that the Eoced

s to train a NN in
raining phase so

eal time.

lly if we take into

re completely auto . In fact, the maps

automatically provided on ne nsidered in the training

phase, show good ‘#¢reement with those that would be obtained with careful

visual inspection o with the available ground-truth.

TOR VERGATA

Automatic cassification of urban areas with high and very high resolution optical imagery

17 of 104




Refereed publications

Journals:

1. F. Del Frate, F. Pacifici,
resolution images", IEEE

. Solimini, *“Wsersfnaeuralsetworks for aut
GeosciencE"aRd"REMGtE"SERSiAg, vol. 45,

classification from high-
pp. 800-809, April 2007

Geolnfo

TOR VERGATA

Automatic cassification of urban areas with high and very high resolution optical imagery

18 of 104



<

| @ ...on going research: Toward Full Automatic Scheme (1/3)

T
o
d
¥ \
K-MEANS ral Library 08 NN
n SIS

Y Y A 4

v

ClusterijAssisted Clusterings-Labelling Training Pixels

a A a

Image

19 0f 104

Automatic classification of urban areas with high and very high resolution optical imagery




-

Supervised NN

yellow: built-up

blte: vegetation

red: bare soil

black: asphalt

Eﬂ ...on going research: Toward Full Automatic Scheme (2/3)

Asphalt | Vegetation | Built-up | Bare Soil
Asphatt 91.60 0.15 15.73 1.60
Vegetation 0.00 08.93 0.00 0.00
Buiit-up 6.00 0.00 78.40 2.80
Bare Soil 2.40 0.93 587 95.60

Ovecrall Accuracy = 89.90%

Automatic cassification of urban areas with high and very high resolution optical imagery
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@ ...on going research: Toward Full Automatic Scheme (3/3)

Full Automatic Seheme

yellow: built-up
blte: asphalt
peds bare soil

green: vegetation

Asphalt | Vegetation | Built-up | Bare Soil
ASphatt 78.66 LT 0.00 31.08
Veoetation 18.41 81.76 0.40 14.41
Buiit-up 0.00 0.00 99.60 2.25
Bare Soil 2.93 7.13 0.00 52.25

Ovecrall Accuracy = 84.89%
\£

OyveralkAeeuracy = 89.90%
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@ ...on going research: Kohonen Self Organizing Maps (1/3)

inputs that are physically Similar.
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%) e& ...on going research: Kohonen Self Organizing Maps (2/3)
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ﬁ.'ﬂ ...on going research: Kohonen Self Organizing Maps (3/3)

yellow: bare soil
bluie: asphalted surface
white buildings

gre€n: vegetation
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Data Set

Location Dlmoensmn
(pixels)
Rome, Italy 1245 x 1300
Feb. 13, 1999 LRS 1
Fcb
March 20, 1999 ERS 1

arch 21, 1999 ERS 2

28 of 104

Automatic classification of urban areas with high resolution SAR imagery




| interferometric coh

' textural features

Input Features
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radar return:
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@ Input Features

O,

For long-term m@ori

the timge-average amplitude

. P —
coefficient, the deg@of ferometpic coherence correspo
and early summér;™and seasonal_yaxiations_are exploi

. |
textural (Contrast a n parameters.of the xradar amplit
|
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to the late winter

together with two

image.
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Input Features

Mean t.

Long-term

1 Mean Int.

Int. St. Dev.

Wint. Coh.

Spr. Coh.

Contrast

[= S I

Energy

CO

5 images

ShMrm

1 Mean Int.

2 Spr. Coh.

3 Contrast

-+ Energy

2 imgdges
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@ Class Definition

#.« These sets of 6 and™®" parameters respeetively=are‘exploited to discriminate among

4 . seven urban/sub-urpaw classes, including watersurfaces (WS), vegetation (VE), forest

[\‘

density residential arc¢as (HD/LD).

) lasses VS
halt (AS) 219
st (FO) 1326

Hi sity (HD 278

Isolate ings (IB) 122 43
Low De 4900

Vegetation 8
Water (WS) 382

Automatic classification of urban areas with high resolution SAR imagery

; (FO), asphalted surfaces (AS), isolated™1arge buildings (IB) and c¢ontinuous high/low
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3y Neural Network Approach

O,

The pieces of infor;io

by a supervised M@-La
&
show a considerablwse i

O

We recorded the c&siﬁ

sed and processed

hich is known to

number of hidden
neurons, starting fem a large one (6-100-

100-7). The variam@f th

| computed to moni‘tE\e sta of the algorithm.

O

The Magnitude Bas@’runing procedure has then been applied to thin the net.
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Classes

Asphalt (AS)

Forest (FO)

ITigh Density (HD)
Isolated Buildings (IB)

Low Density (LD)

Vegetation (VE)
Water (WS)

Wws 1.22 1.52

TN ERGATA

A lassification of urban areas with high resolution SAR imagery
tomatic ¢




Classes

Asphalt (AS)

Forest (FO)

ITigh Density (HD)
Isolated Buildings (IB)

Low Density (LD)

Vegetation (VE)
Water (WS)
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Wl
B @ Short-term classification

O,

 The classification at‘ac

OSS: due to the de@]et , mixed pixels are
o

likely to occur, espemly i
coexist within short@ta

' As expected from [&ica

misclassification behen:

neous land covers

mainly consist in

* high- and ensi

» asphalt and leeget

* low vegetatiem=and low-d

Adding the Seasonal information is expected to improve the results.
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@ Long-term classification - 6 inputs 1994

Classes

Asphalt (AS)

Forest (FO)

ITigh Density (HD)
Isolated Buildings (IB)

Low Density (LD)

Vegetation (VE)
Water (WS)

(100 0.55 0.55 4.40 0.00

(.00 0.00 2.85 3.80 0.27

87.74 0.00 11.32 0.94 0.00

335 9375 2.68 0.22 0.00

1.67 0.0g 95.3% 2.52 0.00

(.00 0.15 1.80 95.16 0.00

(.00 0.00 0.00 0.00 96.96
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Classes

Asphalt (AS)

Forest (FO)

YERGATA
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£ Change Detection 1994-1999

Correct Detection (%) False Alarms (%) Missed Alarms (%0)
s A2 A = Al17.83 0.26
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The fully automatic mode

O,

The results reporte;l p

magery and neural

s
us sections have shown how S
roducinmnd cha

networks may be e ive
O =

N

However each ima p
' into account differegon
S

O

\  This might not m&h!l!e nee

-

etection maps.

j=———
ssed by iissown-network (train
ns (e.g. baselinessoil-meoisture, ..

f-line) which takes

st processing chain.

GOAL: design a m.Ql network capab ing images whose pixels have not

considered at all du the training phase.
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[,

The fully automatic mode

corresponding to anether year.

N

pension

Locatiog

Romi Italy

L S

Acquisitio

B,
(m)

:”wf For this purpose we used another set of images over the same test site, but
Iil:*

Dimension
(pixels)

February 24, 1996
February 0
M . () (30}

M*

12

1245 x 1300

I 141095 | PRS2

1999 images.

Automatic classification of urban areas with high resolution SAR imagery

The classification preecdure follows the same scheme illustrated before in terms of

the physical quantities,to be considered as input and_e¢lasses to be discriminated.

| A set consisting of 263400 pixels has been created stemming ONLY from 1994 and



Short-term automatic mode - 4 inputs 1996

Classes

Asphalt (AS)

Forest (FO)

ERGATA

Automatic classification of urban areas with high resolution SAR imagery
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Long-term automatic mode - 6 inputs 1996

U

Classes

Asphalt (AS)

Forest (FO)

ITigh Density (HD)
olated Buildings (IB)

Low Density (LD)

Vegetation (VE)
Water (WS)

O T ERGATA
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gfﬂ Long-term automatic mode - 6 inputs 1996

Classes
The origin of mestof the errors relies™m Asphalt (AS)
. ) Forest (FO)
the misclassification of [HD as LW, which, Tigh Density (FID)
. . . Isolated Buildi B
given the contiguity!of the two classes, can joloted Buildings I5)
Low Density (LD)
be recognized as a minor drawback. Vegetation (VE)
Water (WS)

LD YE WS

549 | 4286 275

If we merge these _two classes, the overall

1522 | 11.14 1.49

56.13 0.47 0.00

accuracy reaches™1.5% (K-Coeffi=0.860)

313 0.8% 0.00

89.28 348 0.00

which can represent a satisfactory target

VE 135 | 144 | o021 oot | 471 | 9223 | oo
for this type of application_ ws | 091 | 669 | oo | ooo | ool | 243 | ss32
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the least.

Normalized Feature Contribution

0.9

0.7

0.6

0.5

0.4

0.3

0.2

0.1

Feature Contribution

computing the contriution of each input.

Mecan Int. Encrgy Contrast Spring Coh ‘Winter Coh Int. St. Dev.

Automatic classification of urban areas with high resolution SAR imagery

The relative information gemtent of the six input quantities hasybeen evaluated by

The backscatteringfintensity carries the maximum information, followed by energy,

contrast and springr¢aherence, while the standard deviation of intensity contributes
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ty @ Conclusions

ﬁ"’* We explored the poténtialgef,single-polarization decametric SAR,data by discussing
I
. the extraction of suitdble features and by using them in produeing land cover maps

yti through a Neural NeiworKalgorithm.

Backscattering intensity, GLCM energy=amd=contrast turned out to be the most

effective parameterS.ia classifying the landseape:

The accuracy [ in classify W4inputs W6 inputs

0.95
AUTOMATICALEY 7 ‘types

0.9

of surface from= a single

£ 0.85 -
- . - & s é
interferometric acquisition 2 os -
exceeded 86%, withya k-Coeff. 075
larger than 0.78; 0.7
1994 1999 1996
46 of 104

Automatic classification of urban areas with high resolution SAR imagery




and very high resolutionsSAR 1
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U TOR VERGATA

Automatic classification of urban areas with high resolution SAR imagery

47 of 104



s of

land-use

48 of 104



Wl
B . ED Goals (1/3)

%

, they have a global

1. Although urban are:cu

impact due to thege
demands. Therefor _i_he

and raw material
resents one of the

most important areNor

O
N During the last WE:C
, launching satellitesE i
the spectrum. The@ins
, increasing degree bﬁner r

C

The introduction o@ta from the

e in planning and
icrowave regions of

servation with an

ites is poised to make a major
contribution towarmle advancement of the commercial remote sensing industry.
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3 & Goals (2/3)

%

U

Remote sensing daG‘O

mapping of the url@en
time, the increas‘éﬁ A\

se systen#'ltial for

ment with=assub=meter ground
e of datamereatessadditional

|
utomatie ciasstfication.
A

crease in accurate

lution. At the same

lems in terms of

information extractm usi

Urban areas E a composed.......0f. nu ous materials
' (concrete, asphalt, meial, tic, glassawatei-grasssshrubs, t and soil) arranged

by  humans l[O co

-
WaANSsmkOuebuild  ho g, transportation
T

ildings and recreationa

systems, utilities, s. Considering these

conditions, a sim buildin appear as a structure with many

architectural detai@urrounded b uildings, roads, social and
technical infrastru@e and many temporary objects, such as cars, buses or daily
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AWl classify LAND-USE'Eth

. @ Goals (3/3)

ne

There is no multi-speétra even though they

tend to have a hiéﬁ Sp
classification studimTh

r automatic urban
alytical criteria to

ellite images.

by
, In this study, a‘-hiilti-s IS 1 i ut to optimize the
classification accurﬁof urb ' I esolution panchromatic

imagery. 6
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as Vegas — Data Set and Regions Of Interest

0B - May 10, 2002

-

e om

Multi-scale textural analysis of panchromatic imagery for urban land-use

Urban environment with
regular structures

Presence of cars in the
parking lots

Small shadows

Medium off-nadir angle
(12.8%)

Land-Use Classes TR

w
’ j- TOTALROIs 313298
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Eﬁ Las Vegas — Classification Map (Panchromatic ONLY)

Land-Use Classes

. Bare Soil

Commercial

Drainage Channel
Highway
Parking Lots

Residential

Roads

Short Vegetation

Soil

Trees

Water

rall Exrror = 50.2%
Coeff. = 0.378
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Las Vegas — Textural Analysis

—]RATVAGE CHANYEL
m——BARE SOIL

Mean

Panchromatic

| 0os N
oo s
_” 0E I IEREE
| OST IsEE
| srerisas
| ernIEsIE
K LERLE
H 0E e IENLE
| b aene
IR et
”rm_ ST
”' ST FESIE
”r 00§11
gt
D os s
0 S1 S1%1
SUST STST
SU0 SI%ST
_ e LN
L oET0ELxL
[T A
. AT
_ SUS1LRL
Csroee
Lo o
06 0E £%¢
[ =
[ et
ST L £%¢
ST £

1204

TANKYIHLY
ADVNIVHA

NOLLVLADAA
1HOHS

SLOTTININHY

f each

10n O

We analyze the contextual informat

——DARKING LOTS

— AL
— L HWAY
—WATER

Variance

pixe

1 by mean of 8 textural features.

Total Inputs

0015515

0 0E TS5TS

0F 0 15%1S

0 51 15518

ST &1 15318
ST I IS¥18

i 1EX1E

0f 0f 1€X81E

0€ 0 1£51E

0EIENE

ST ST 1€851€

ST 0 1€%1E
00E STRT

0f IE SIVSL

0F 0 51T
051 SENET
SISI SI350
SIT0 SINST
00F L5
OF 0F LY
0F 0 L5L
0781 isL
SIS LA
S0 L
0 0f £5¢
0 08 £x¢
0F 0 €5
051 EsE
SISI v
S1 0 EsE

54 of 104

Textural
Features

Mean
Variance
Homogeneity
Contrast

Dissimilarity

Entropy

Second Moment
Correlation

Mulﬁ-sca* textural%lysis of panchromatic imagery for urban land-use




ﬁ.ﬁ Las Vegas - Homogeneity

15x15_15_15

Vertical | " 135 : el . - Wide
structures EEE- - _ : structures

31x31_0_15

Vertical
structures

[ - -
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g @ Las Vegas — FINAL Classification Map (1/2)

o mmm
The classificatioN)ro rely yields high

classification accuiacie ertain inputs.

ich eliminates the

to reduce the nu of textural features.

weakest connecti@) was

The remaining iﬂg features
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Land-Use Classes

. Bare Soil

Commercial

Drainage Channel

Highway

Parking Lots

Residential

Roads

Short Vegetation

Soil

Trees

Water

Overall Error =6.8%
k-Coeff. = 0.920
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Rome — Data Set and Re¢gions Of Interest

OB - July 19, 2004
2 Different urban environments:

= old style architecture
- new style architecture

Many temporary objects:
- cars
= buses

Long shadows
| High off-nadir angle (23°)

TR

TOTALROIs | 126692 | 320359
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#£©D Rome - Classification Map (Panchromatic ONLY)

Land-Use Classes
Bare Soil

Blocks

Buildings

Light Train

. Roads

Soil

Tower

Trees
Short Vegetation

rall Exrror = 66.0%
i-Coeff. = 0.184
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Rome — Textural Analysis
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ﬁ.'ﬂ Rome — Dissimilarity

31x81 15 15 51351 15 1S
Multi-scale textural analysis of panchromatic imagery for urban land-use
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-

@ Rome — FINAL Classification Map

Again, feature selectign was applied to reduce the number of textural features eliminating the

s

redundant inputs. Thé'sclected input features-were 140

Land-Use Classes
Bare Soil

Blocks

Buildings

Light Train

Roads

Soil

Tower

Trees

Short Vegetation

Overall Error =5.0%
.,_‘ k-Coeff. = 0.941

Multi-scale textural analysis of panchromatic imagery for urban land-use
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. ED Extended Pruning (1/3)

The EXTENDEP™PRUNING is“sthe<"process of eliminating the least

contributing inpufS\in order to idenfify the optimal textural features to be

W
i used in successive Classifications.

This further inpuésreduction is obtaimed=by=accepting a decrease in the

classification accuracy.

Classification
Error (%)

Classification
Error (%o0)

Panchromatic : 3 “

Full NN

k-Coeff. Inputs Connections Inputs Connections

Panchromatic '

-

-
Full NN . 5

Pruned NN

Pruned NN

Ext., Pruning

Ext. Pruning
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Eﬂ Washington — Data Set and Regions Of Interest

| W)
Iqﬁ‘\’? WA~ December 18, 2007 3 Different urban environments:
:{#- o - small residential houses
- large buildings

- tall large buildings

Very long shadows
(24.9° sun elevation)

Very high off-nadir angle
(27.8%)

Winter image:
- trees without leaves

Land-Use Classes TR VS

Multi-scale textural analysis of panchromatic imagery for urban land-use




y @ Washington — Classification Map (Panchromatic ONLY)

Land-Use Classes

Buildings
Highway

Parking Lots

Residential

Roads

Soil

Sport Facilities

Tall Buildings

Trees

Vegetation

Walk side

Overall Error =31.4%
k-Coeff. = 0.187
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Washington — FINAL Classification Map

Multi-scale textural analysis of panchromatic imagery for urban land-use

Land-Use Classes

Buildings
Highway

Parking Lots

Residential

Roads

Soil

Sport Facilities

Tall Buildings

Trees

Vegetation

Walk side

Overall Error = 87.9%
k-Coeff. = 0.864
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W 5
3y & Conclusions
O,

The multi-scale tex 1

n LAND-USE on a

sis madggitjpossible.togclassify
|
spectralifformation deficit of

hromatic imagery.

per-pixel basis Overolin
o =

The obtained clas“ati

LAND-USE with Qur

aps defffonstrated that it is
over 85Y5 i terms of k-

ible classify urban

icient using only

information from ngighbo cantly, it is possible
, HIGHWAYS and

GS, APARTMENT

'- to distinguish between di
PARKING LOTS, @di
. BLOCKS and TOWERS.

-

The analysis of th sults indica using window dimensions
greater than 15x15 els for images with a 50-60 cm resolution. Dissimilarity and

Contrast turned out {6 be the most imﬁn’tant textural features.

TOR VERGATA
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%' The analysis of _the

B £0 Motivation (1/2)

ne of the most

an eanresent
mote smnity. \%%
lution satellite~imagery, it i
single HOUSEs o1 small struct

challenging areas t he availability of

commercial very, lugh ssible to identify

small-scale featurMuc

)
A typical urban_sur
characterized byger
* age O
* quality Y

. compositigE

Moreover, bare w and vegetation, which may include trees, plants and

parks, make the wscap&rﬁ ﬁ“l{lj"é‘h G ATA 70 of 104
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ED Motivation (2/2)

" Different categories_of chamge can be identified when comparing two or more
va S

JF:I‘I - - -

acquisitions of the same scene:

* newly built Wouses, roof variatiens-and-widened roads which are important
information fon publi€¢ housing FathoFities

» streets with erewithout traffic jamsytreeswith more or less leaves, or parking
areas where'cars oceupy different places can result in a Simple modification of
an existing ‘object’and not a cenversion=tiom one object to another. These
transient features arev:ot importanrenange-detection targets

Moreover, technical*aspects Should be further

taken into account:

* different selar=<conditions (shadowing)

« different offsnadir angles

4
F 3
F
d

may cause false sighals which increase the
difficulty of interpreting changes.

Change detection of urban areas with very high resolution optical imagery 71 0f 1604



| ﬂ Goals

U

i Effectiveness andcbu ess of ammew.methods for urb
that greatly redu hefliiman effévteeded to™analyze

hitecture-for-+High Resolt

change detection

imagery:

N
NAHIRI: Nemal Ar ion Imagery

-

is a change détection

algorit A | Classifier |

‘rs = —~ Change
. L = —( : — Map

based on Neural\Networks able teo “.

exploit in paralltboth multi- Iﬂ' iffer 3 '

“hange " AND
W spectral  and  the= multi-te r ™| Mask
information to deimlnate between d »| Classifier 2 NAHIRT
/\c uisition ; Cham‘,’c
real changes and g’lge alarms. - Detection
TOR VERGATA ...
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| }Eﬂ Test Area 1: Campus of the Tor Vergata University

The campus of the Tox Vergata Lniversity isJocated in-the-upper.pait of the image (2002)

Change detection of urban areas with very high resolution optical imagery 73 0f 1604



| }Eﬂ Test Area 1: Campus of the Tor Vergata University

Vegetation

Gray
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@ Test Area 1: Campus of the Tor Vergata University

L4
{ (2002)
(2003)
PCC
NAHIRI
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| }Eﬂ Test Area 1: Campus of the Tor Vergata University

PC€ NAHIRT

Change detection of urban areas with very high resolution optical imagery
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Effectiveness : Test Area 2

Why, this site?

Test Areay2 (2002) Test Area 2 (2004)

Change detection of urban areas with very high resolution optical imagery 77 0f 1604



Eﬂ Effectiveness : Test Area 2

" 2002 Vegelation Man-made Soil
{ "f\‘ *| Vegetation Cyan Dark Green
o i X
g Man-made I Dark Blue

Water Gray Bhck

7 0 - * 4 . .
/ e A 4 -
A % ! =) W,

This area has an extension
of 1.3 km? with 0.6 m of

Ghiange Mask resolution.
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@ Effectiveness : Test Area 2

Boulder Area A M Boulder Area

i
'

(2002) R (2004)
I*I‘.?Ef‘- .
PCC NAHIRI
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s .
ED Effectiveness: Accuracy Assessment

4 The mean of the K-Coefficient ranges from 0.544 in the ¢ase of PCC to 0.795
7 i‘: (NAHIRI) over yery high and high=resointion-optical imagery.

K Coefficient

NAHIRI PCC 1
Location " =—
Tor Vergata Campus, 0.7 -. -
Rome, Italy 06 g -! -
. 03 w —
Superior, 04t .
Colorado, U.S.A. o N =
Superior, 0,2 ] -
Colorado, U.S.A. 0.1
0

Test Area 1
Test Area 2

Test Area 3

Change detection of urban areas with very high resolution optical imagery 8¢ 0f 104




Robustness: Test Area 3

Jest Aréa 3 (about 2908)

Change detection of urban areas with very high resolution optical imagery
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r".'::'_"‘ @ Robustness: Test Area 3

&. W Comparative analysis between  Neural Method P L —
Mk _l,‘ Networks and Ma m NN-single s 0.666
. ey e 14%
within the N R NN-NAHI 0.758 ’
demonstrate the st _method ML-single s 0.585 o,
1]
% When dlfferent cla§ rs used_ s ML-NAH 0.654
|
' NN-NA H iRl ingle ste
Class
1 Buildings to Soil
2 Steady Soil
3 Steady Water
4 Water to Soil
5 Soil to Asphalt
[ Asphalt to Soil
7 Soil to Water
3 No Relevant
-N I ingle step
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|
. b
.

~ spectral informatiou.

- Robustness: el

. Likelihood deménstrated an

% @ Conclusions

U

We developed 0
detection which %le

<

ture for change
poral and multi-

N
Effectiveness: (U

The mean of the k-Coe
(NAHIRI) over veéwy: hi
-

O

of PCC to 0.795

The comparativCanalys een Neural ks and Maximum
2% between the single
step ML-classiﬁc@m and the IRI implementation (from
0.585 to 0.654, r ctively) confirming the robustness of the method when

different classifiers are used.

TOR VERGATA
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|
hange Dctection by Using Neural Networks Algorithms and High Re:
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T —
cural network architccture for automatic Urban Change Detection I'r
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|
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|
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stimulated with aEAy

| 1 the sense that it d@ not need to

: F’J‘«J
g @ Pulse-coupled neural network (PCNN)

O,

The pulse-coupled_ne

y new technique
based on the implémen the visual cortex

of small mammalN

O

PCNN is an algo&lm Ise images when

y—

It is different frorghat we al neural networks in
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i & The Neuron Model (1/2)

multiple nodes coupled together with their neighbors
el T e

%w The network consgfg

within a definite lgius

The PCNN neuf and feeding, The

feeding compartnmt r stimulus, whereas

AW the linking comp?e

DENDRITIC TREE LINKING PULSE GENERATOR
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; @ The Neuron Model (2/2)

W The internal actiyaty riSés until itpbecomesplarger thanfan active threshold

value. Then the newyon fires and thethreshold™will decay until once again the

35

= 30
Li[n]= £ F0 Li[n—-1]+774 Z Wy Yaln—1] \ \
& 25
U, n]=F, [}l + BLyInl| 20 ok \

¥ 1< 1 Vgl > By~ 15\ \ I\\ A
v 0 Otherwise \
10

©;[n)=e" 0 [n— 1wl o ¥;[n]

Gln]= Z ¥, 1]

5

0

1 3 57 91113151719 21 232521;?2931333537394143454749
epoch
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I the change detection.

] & Change Detection

# The waves gener i of the algorithm

oving window by cach iterai

1
f the scene-which=aire succe

ely compared for

create specific sigdtu

N

We considered ve@hi False alarms due
to different geometeica ' i 1 ' cquisition angle)
e —

are typical for this kind

CNN is invariant

to changes in mﬁon, SC
.

These features make PCNN a p

ect within the scene.
-metric change detection

applications. Thw different test cases are investigated: No/Light

changes, Chang@d HugTCCjﬁS.V E R G AT A

Change detection of urban areas with aerial optical imagery
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E.b Change Detection

| —G10LD GI0LD —GIDLD —GINEW —@E2NEW —GINEW |

N WL

AL e
—

JoEdaTaeall 13 15 17 1% 21 13 25 27 M 31 33 35 37 39 41 43 45 4T W
epoch

@
=
T—t—

No/ Light Changes

I —G10LD GIO0LD —G3OLD —GINEW —G2NEW —GINEW

:: [
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Huge Changes
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@ Correlation Analysis

-

‘,&"_’wgﬂ It takes several itexations before the threshold values decay enough to allow the
N

Hﬁ neuron to fire. Expesimental results for the~eonsidered cases showed that neurons

fired after 7 iterations/ (i.esySimilar sighaturestinthie"interval 1:6):

Therefore, the correlation between the different signatures can be further
investigated considering all iterations or part of them. In particular, we considered
three intervals: 1-50"for Cerrelation, 21-30 for Long Correlation and 7-20 for Short

Correlation.

“ Correladon B Long correlation B shortcorrelation

Among these featuxes, Short

Correlation only keflects the

levels of changerranging

{ from 0.992 to 0.238.

No/Lizht Changes Chanses Huge Changes
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Refereed publications of NAHIRI
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| ED Motivation (1/2)

a9 The panchromatic “aature of the
i " new higher resolutioa=WorldView1
satellite makes it\_attractive to
consider colorizing § the @ new
imagery with otherpmultiSpectral

samples of the samertarget area.

It is not possible.{o overcome
the mismatch (between \ tall
objects (such as_ towerS ok
buildings) encountered in two
different acquisitiens using fast

and automatic proeedures.
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B Motivation (1/2)

2\ These aspects axe p

O,

1\ Moreover, an ac@ate
' ¢ =
differences in grorqul p

O

-

due to the likely

ularly 1mportant for the rldView 1 data

use other.xemolely sens
re WorldView 2 da

imagery, such as

i' colorization if wvaa

QuickBird, SPO or

ith different view

angles, sun elevation and sea

O
U

U TOR VERGATA
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y .Ii":‘“ ED The algorithm (1/3)

U

C —_—
]
The colorizationQeth d overconies this — —
° m—— V1 image MS image
limitation using Ng fation/sampling____] <} <

Y

technique, Whim d not Registration
. . X*
accurate image rEstr —
— Sampling

l

' s parse matrix

-
L  Therefore, re@tra

automatically

ca ava WV

standard

\

software. Colored WV image

TOR VERGATA
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' The number of s 1

@ The algorithm (2/3)

O,

a critical ehoiccgwhich has
I
needed by the 06311 cessing=to~solve~the sparse
colorization accuraey. S

N

A small number o results in too few

values used to solve the his results in two

drawbacks: oo
1. the algﬁ m uations since few
constraiIEare kn

, therefore, these objects

2. many oﬁbis in the s
will not haj the correct color information
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L
a E The algorithm (3/3)

M
" . On the other hangwit mple 70% of the

h image) the sparse_sSyst

e
4

—P this resu&i

variati0n§—.

fo

A trade8 regarding the number of samples is necessary
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Eﬂ Data Set

i
Ay

:ﬁ; We tested the algerithmin urbanpareasssineenthis is the'most complex and

4  challenging cases= presenting a=variety™of housing, transportation

“.

AL

iy systems, utilities,~recreéational arcas, ftechnical infrastructure and many

temporary objects, Such a@s cars, buses.oi.daily. markets. The test cities are

San Francisco (USA), Beijing (Chmajy=Washington DC (USA) and Seville

(Spain).

isition date View a s ] Acquisition date | Viewangle () | Sunelev. ()
San Francisco Novembe(EOO'? 26.6 34.4
Beijing November 27.2007 18.9 59.5
' ‘ Washington December 07 27.7 September 23, 2007 18.4 50.1
Seville November 26. 2007 25.5 29.7 June 9, 2002 12.6 68.8
I WorldView-1 colorization 99 of 164



ﬁ'.:ﬂ The San Francisco example

The city of San FranciScd is mainly composed of large structures and tall buildings surrounded

el by many temporary objeets such as cars andibusses:

The height of buildings.associated with different sun elevations during the acquisitions, creates

canyons of shadow, which may result/in difficulties in_intefprefing'the scene.
100 of 104
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,& San Francisco in False Colors (Bands 431)

Many DigitalGlobe\costumers will be interested only in natural color scenes, but the

:
._"';l
g g

proposed method is{also ablefto producetalSC;Colorima

We note the accuraey of the algorithm in colorizing the single trees along the highway

in the right-hand part of the scene along with the shadows/of these trees.
101 of 104
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,& ...another example

, growth in termsgei population. “The“resulfing housing construction has
resulted in the presence of many new apartment blocksthaving been built in

the past few years,

o iy ol R
»wd
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| Eﬂ Comparison with the Gram-Schmidt algorithm

Fhemcontrast betwé€en buildings and
areass=0f shadow 1S higher for the
proposed method than the Gram-
Schmdt=algorithm, which produces an

imagesdominated by brown due to the

colorofthe surrounding buildings.

Compared with the previews
landscape, this iswmere secuSitive to ‘the
perspective mismatghes due tottheshigher
elevation of the buidings. Many unreal
colors surround the Duildings resulting in

a fuzzyfication of the gbject’s boundaries.
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WorldView-1 colorization




B . 5D Conclusions

" The colorization tth ismatch between

vercomes the dimitation of ¢
L]

tall objects using a-seg

tation/sampling-techmique, w

does not require

accurate image xegistra

N

The number of s le

a critical cnoice which has ffect on the time

needed by the oyerall cessin sparse trix and on the

¥ colorization accuraey.

O

The comparison zwith ram-Schmidt algori

shown the higher
robustness of the.colorizati accurate images using
data acquired by@'ferent Sensors,

and seasons. q)

U TOR VERGATA

WorldView-1 colorization

ent view angles, sun elevation
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Thank you for your attention!

%
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Contacts:

Fabio Pacifici
f.pacifici@disp.uniromaZ2.it

Earth Observation Laboratory (EOLab)

Dottorandi Geolnformazione - room DT09

Dipartimento di Informatica Sistemi e Produzione - DISP
Via del Politecnico, 1 — 00133, Rome - ITALY

Office. +39 06 7259 7711
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