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“All attribute values on a geographic surface are related to
each other, but closer values are more strongly related
than more distant ones.” —— Tobler’s First Law
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Both Landsats 5 and Landsat 7 are still functioning. Landsats 5 has

substantially exceeded its planned design lives
On May 31, 2003, the scan-line corrector (SLC) for the ETM+ sensor

on board Landsat 7 failed permanently.

Landsat5 TM Landsat 7 ETM+
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OGap Filling: existing methods
»linear histogram-matching method (USGS/NASA, 2004): have

difficulty with heterogeneous landscapes

»multi-scale segmentation approach (Maxwell et al., 2007). lower

accuracy at the pixel level, especially for the narrow or small objects

»Geo-statistics based methods (Zhang, et al, 2007, Pringle, et al,
2009), using kriging or co-kriging techniques: predict the reflectance

not well at the pixel-level and very computationally intensive
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O For Our Method

»Assumption:

»Neighboring pixels in close proximity to SLC-off gaps share similar

spectral characteristics and temporal patterns of changes with the

missing pixels, if they belong to the same land cover type.

>[It is logical to make use of the information of the same-class
neighboring pixels to restore spectral values of missing pixels Called
as the Neighborhood Similar Pixel Interpolator (NSPI)

> Two data sources that can be used :
> (1) TM image or SLC-on ETM+ image, and (2) SLC-off images



O Using a single TM or SLC-on ETM+ image

Target un-scanned
pixel (x,y) att,

I

/Inputimage at tl/L. Search common pixel ]
v

Window size+2

Search similar pixel

No

Compute weight W

A 4

Compute change
from common pixel

A 4 A 4

Predictionl Prediction2

Compute weight T Final prediction

A 4

Final prediction

1
1
1
1
1
1
1
1
1
1
1
1
1
1 A 4
1
1
1
1
1
1
1
1
1
1
1
1
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Step 1. |

Selection of neighboring similar pixels

n

- > (L0, Vit b) = L(x, V.1, b))’
RMSD, = /22

n

Threshold:
RMSD, <[> o(b)x2/m]/n
b=1

Initial moving window size:
Y¢ Target pixel @ Similar pixel IWS =l(m +1)/2J*2+1

3 Common pixel M is the required sample size, maximum
B Gapin target image window size 17X 17
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Step 1 Step 2 Step 3 [Step 4

Calculation of weight for similar pixels

This is determined by the location of the similar pixel and the

spectral similarity between the similar pixel and target pixel

D; = /(X =X)° +(y; ~ Y
CD, = RMSD; x D,

N
W, :(1/CDJ.)/Z(1/CDJ-)
j=1



Calculation of value of the target pixel

two methods to predict the value of the target pixel :

>first prediction: the weighted average of all the similar pixels:

L (X, V,t,,Db) =ZN:WJ. x L(X;,Y;,t;,b)

j=1

»Second prediction: the sum of value at t1 and the change
from t1 to t2

N
L, (X, y,t,,b) = L(X, ¥, t;,b) + > W, x (L(X;, ¥;,t,,0) = L(X;, ¥;.1,,b))
=1
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Combine the two predictions with weights:

[. 1 N n
Rl :_Z\/[Z(L(Xpyj’tvb)_ L(X, y,tl,b))z]/n

N j=L \ b=l

R, =%ZJ[E(L(X,-, Yy0tb) = LX, Y., 0)1/n

T =(@/R)/L/R +1/R,))

D¢ Target pixel W@ Similar pixel L(x,y,t,,0) =T, xL,(X,y,t,,b) + T, x L, (X, y,t,,b)
1 Common pixel

B Goap in target image
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All input images are sorted based upon acquisition date.

the maximum window size is increased from 17 to 31

N
Target un-scanned
pixel (x,y) att,

Yes

orrespondil
g input pixel
scanned?

The ith input
Image

A

g

No Predict the value of

. .. - i+1 un-scanned pixel (x,

ik Target plxel L] Similar pIX6| y) according to the
] Common pixel method of using a

single input image

B Gap in target image

Gap in input image
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Test results




Optimization of sample size M:

RMSE of NIR

0.043

0.042

0.041

0.040

0.039

0 10 20 30

Minimum number of similar pixels (M)

recommend 20 as an appropriate value of M

40
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Filled results of Simulated SLC-off image

=2

4/29/2010 filled by NSPI True image
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Scatter plot of filled image v.s. true image

6/10/2008

4/29/2010
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Test results

Simulated SLC-off images : test single input image

The accuracy of filled results of Fig 5 c and f usng a smgle mput mage

Filled result of Fig.5 ¢ Filled result of Fig.5 £

Band Method EMSE AAD AD RMSE AAD AD
Creen Histogram Matching 00070 00043 00000 0369 01791 -0.1600
NSPI 00052 00032 00000 00121 00068 -0.0007
Red Histogram Matching 00107 00061 00000 04006 0190 -0.1817
NSPI 00079 00045 00000 00173 00097 -0.0008
NIR Histogram Matching 00155 00114 -00002 0090 00520 -0.0036
NESPI 00153 00083 00001 00398 00244  0.0005
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Test results

Simulated SLC-off images : test single input image
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Test results

Simulated SLC-off images : test single input image

USGS NSPI
0.56 - 0.56 PRI B A I S O s O - 1
] : B s B : r T b
L 0421 i
4/29/2010 | _
- 0281 I
L 0141 i

0 0.14 0.28 0.42 0.56 0 0.14 0.28 0.42 0.56
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Test results: True SLC-off images

(a) acquired at February 11, 2008; (b) acquired at June 8, 2008; (c) acquired at
September 22, 2008



Using multiple inputs &



g 2

Test results: True SLC-off images

» Land cover classification accuracy assessment (James E.
Vogelmann, USGS)

» For gap areas, overall classification accuracies were

90.8% and 92.7% for gap-filled versus reference data sets,

respectively

Class Reference | Classified | Number | Producer’s User’s

Totals Totals Cormrect | Accuracy Accouracy
Water 47 47 45 43 45 43 95 7% 91.5% | 1000% 100.0%
Agand Grass | 67 67 83 75 67 66 100.0% 98.5% 788%  §8.0%
Forest 74 74 61 70 61 68 824% 91.9% | 1000% 97.1%
Urban 15 15 12 14 12 12 733% 80.0% 91.7%  85.7%
Wetlands i 3 3 4 3 2 1000% 66.7% | 1000%  50.0%




Compared with the existing methods, the NSPI can restore

the value of un-scanned pixels very accurately, especially for
heterogeneous landscapes and when there is a longer time
____interval between the input image and targetimage;
The major improvements of NSPI : better use of useful and
relevant information of the scanned pixels; ensure the spatial
____continuity of the filled results. . __________
Potential limitations: require the availability of one or more
ancillary TM or ETM+ image(s), unclear how much changing

land cover will impact final results
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2001-7-11 landsat



- HEIEUE - MR NE—IEETERaRYETLandsatss
{&ATH

2001-8-12 landsat
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band class 1 class 2 class 3 class 4

class 5
green 51.93 65 E5 57.08 41.11 62.29
red 26.55 75.02 35.05 33.08 5337

NIR 14536 52.37 154.63 4239 116.56
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Retrieved image
Use 8/12 TM

True image
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Average Absolute Difference (AAD)}  Awerage Difference (AD)
Band 2001/8/12 retrived 2001/8/12 retrieved
green 0.0059 0.0024 0.0058 0.0002

red 0.0041 0.002% 0.0035 -0.0001
NIR 0.0155 0.0061 0.0130 0.0011
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Mountainous shadows occur when objects totally or partially
occlude direct light from a source of illumination, cause great
difficulty in land cover interpretation and classification.

Yalue

250 F
200 |
160

100

Spectral Prefile

50k

s
Band Number
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Topographic correction methods can partly alleviate the
Impact of shadows. But they have tow limitations:

1) little effect on areas with very low incidence angles and those
completely with no direct solar illumination (cast shadow);

2) Complete DEM data with adequate spatial resolution and
elevation accuracy.

Our research is to restore shadow spectral information:
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Step 1 ep Step Step Step 5

Shadow Detection

TC transformation—Brightness band

Brightness of all segmented objects-
average brightness of all pixels within the object

Automatic thresholding method

Brightness<threshold — shadow object

Brightness>threshold — non-shadow object




Image Segmentation: Shadows in mountainous terrain often fall
within a certain range of shapes and sizes:

« Detect shadow at object scale rather than at pixel scale;

* Image segmentation.
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Shadow Detection
e Validation

Detected shadow Hlllshade derlved from DEM ‘

Omission error: 2.5%; Commission error: 8.3%; Overall accuracy: 90%



Step Step |Step Step 4 iep 5

DN value

Search for Non-shaded Similar Pixels
e Continuum Removal (CR)

— to separate a spectrum into two parts:

* brightness information (Cl)

* spectral shape information (CR)
e CR: divide original spectrum by continuum line

—&— Original spectrum
O+ Continuum

CR, =

LSRR ERIRE

oL,
Cl,

\%

Band Number

Continuum-removed

Band Number



LAFERAERIRE
IStep Step Step 4.

Search for Non-shaded Similar Pixels

— Create a buffer with width of two pixels around a shadow object;

— For a specific target pixel, search for N spectrally nearest pixels within
the buffer area as the non-shaded similar pixels;

— If the number of found similar pixels < N, repeatedly expand the buffer
by two pixels to continue researching, until N is met.

¢ Targetpixel - Shadow region

[] Similar pixel I Bufferarea



LAFERAERIRE
IStep Step Step 4.

Search for Non-shaded Similar Pixels

— Similarity Condition:

n

> (CR(x;, ¥;,b)=CR(x, y,b))’
RMSD, = |2

n

Yes, similar pixel

RMSD; < {Za(b)x 2/ m}/n

b=1 . .

No, not similar pixel

CR (x;, vy, b): CR value of ith non-shaded pixel located at (x;, y;) in band b;
CR (x, y, b): same as CR (x,, y;, b) but for the target pixel;
n: number of bands;
o(b): standard deviation of the CR value for the whole test image in band
b;
m: estimated number of land cover classes.
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[Step |Step Step Step 5

Shadow Information Restoration

 Combine the CR of the target shaded pixel and the Cl of its
non-shaded similar pixels:

Ol ) = Cliavgv) X CRy)

* Ol restored DN value of the target shaded pixel at band(b);

* CRp): the continuum removed value of the target shaded pixel at band(b);

* Clyavgp : the weighted average continuum values of non-shaded similar
pixels.

Wan ZW X CI

* W;: the contribution of 5|m|Iar pixel j. It is related to both the geographic
distance between the similar pixel and the target pixel and the spectral
similarity between them.
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Case study

* Study area: Shaanxi province, China, 109°1'24" E, 33°57'22" N
— Forests dominate the mountainous areas in the southern part;
— Crops, urban areas, and barren lands cover the northern part of the test

area.
— Landsat 5 TM image: acquired on June 30, 2009




Topographic correction
Case study cr  method (DEM resolution:90m)
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Case study

* Spectral comparison before and after shadow restoration

*The former two curves are presented in TOA reflectance;
the latter two are presented in surface reflectance

——@—— Original
0.6: | mmrmened Oz oot Shadow-restored
———-¥——— Shadow-restored and atmospheric-corrected
—--—=&-—-- ATCOR_3-processed
C 04 A L
© Pl He N
() el 2 S
o ’."/ N \
= /. R,
o b # N
N

Band Number
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Experiments on other areas

Topographic
correction
(DEM:30m)

CR method
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Validation
Image Class Green Red NIR SWIR

Forest 2.9199 1.8996 5.2346 4.0026

Atmospheric-corrected
Barren land 3.5224 3.7294 3.6909 3.6512
Forest 2.4297 1.2300 4.0510 3.0217

ATCOR 3-processed

Barren land 1.9278 2.9292 3.2567 2.6381
Shadow-restored & Forest 1.7374 0.4061 2.9092 2.4359
Atmospheric-corrected  Barren land 1.9036 2.2798 0.9137 0.9177




Land cover classification
Topographic

. . CR method
Orign ~ correction

B Forest
Kappa=0.6913 Kappa=0.7109 Kappa=0.8235 [] Crop land

OA=75.97% OA=77.85% OA=86.93%

=
B Urban land

Water

[ 1 Barren land
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* Texture analysis

— Window size: 5%x5

— Indicator: Coefficient of Variance (CV)=standard deviation/mean

Image Green Red NIR SWIR
Atmospheric-corrected 0.0846 0.1334 0.0857 0.1543
ATCOR _3-processed 0.0786 0.1017 0.0762 0.1404

Shadow-restored &
0.0784 0.0946 0.0719 0.1230
Atmospheric-corrected

— CR method achieves the smallest CV, indicating the most homogeneous image. For
mountainous areas dominated by homogeneous vegetation, the results clearly show
the effect of CR and its advantage over topographic correction.



LSRR ERIRE

This research proposes a new method to restore the
radiometric information of shaded pixels of mountainous
terrain in Landsat TM/ETM+ images without the aid of DEM
data.

Through simulated spectral assessment and classification
experiments on Landsat TM images, the proposed method
was demonstrated to show improved spectral quality and
classification accuracy compared to the original image and
the topographically corrected one.
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CR method makes full use of the relationship between
shaded pixels and their neighboring pixels with the similar
spectral shape,;

CR doesn’t require DEM data, naturally avoiding the errors
originating from this type of data, such as resampling and
geometric registration;

Image segmentation: not only reduce the “salt and pepper”
effect of shaded pixels, but also makes it possible to search
for non-shaded similar pixels within the buffer area around
each shaded object, speeding up the search process.



MODIS/LandsatZ{iEgl &S

O Temporal Continuous SR:
» Problem

- The 16-day revisit cycle of Landsat has limited its use for
studying global biophysical processes (16-day, 30m)

« At the same time, MODIS scans whole Earth once or twice
each day. However, the coarse resolution limit its ability in

heterogeneous landscapes (daily, 250m & 500m)
» A Fusion Solution

« To combine the spatial resolution of Landsat with the

temporal frequency of coarse-resolution sensors,
such as MODIS.



MODIS/LandsatZ{iEgl &S

O Spatial and Temporal Adaptive Reflectance Fusion Model:
» Objectives:
«  Fuse high-frequency temporal information from MODIS and
high spatial resolution information from Landsat to produce
“daily” Landsat-like surface reflectance
MODIS SR
» Input: Landsat SR
« MODIS and Landsat surface reflectance pair at tk

«  MODIS surface reflectance M(xi,yj,t0) at prediction date
» Predict:

« Landsat surface reflectance L(xi,yj,t0) at prediction date

Gao, F., J. Masek, M. Schwaller and H. Forrest, On the Blending of the Landsat and MODIS
Surface Reflectance: Predict Daily Landsat Surface Reflectance, IEEE Transactions on
Geoscience and Remote Sensing, vol. 44, no. 8, pp. 2207-2218, 2006



MODIS/LandsatZ{iEgl &S

O Existing methods

» Traditional Image fusion methods (HIS, PCS) can combine high-
resolution panchromatic data with multispectral observations
acquired simultaneously;

> STARFM : Gao(2006) blended Landsat and MODIS data for
predicting daily surface reflectance at Landsat spatial resolution ,

failed in heterogeneous area , cannot keep the spatial details.

Ture image Rebuilt by STARFM
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O Theoretical basis
>

>

Pure coarse-resolution pixel : the difference between the

MODIS and Landsat is only caused by the systematic biases

Fix,y,tg.B) = a = C(x,y,t5,B) + b

Fix,y,1,,B) = a = Cix,y,1,,B) + b.

Fix,y,0,,B) = Flx,y,l5.B) + a = (C(x,y, l,, Bi—=Cix,y, 5, B)).
P p

Mixed coarse-resolution pixel: based on spectral linear mixing

model and the assumption the reflectance change is stable for

every land cover type during a short period

Cp = :Eilf,(;—ﬁm—é) +&

a

C, = Iiﬁ(;—f‘m—é) + £

a
F, = h, = At + F,,

Fin—Fim _  he .
)

=1 a

!

Fix,y,l,.B) = F(x,¥.0p.B) + vix,y) = (C(x, ¥, L, B)—Cix,y, [y, B)).
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O Theoretical basis

» Considering the spatial consistency of reflectance change, A
moving window method is thus used to take full advantage of
the information from neighbor pixels, especially the information

from pure pixels

N
F(XW/Z’ yW/Z’tp’ B) = F(XW/Z’ yw/21t0’ B) + ZWI ><\/i X (C(Xi ) yi’tp’ B) _C(Xi ) yi’tO’ B))

i=1

coarse-resolution pixel

llr ] ___I

I : .
I I moving window

* N

*

central pixel
L] fine-resolution pixel

u similar pixel




O Process of implementation
» Flowchart

Fine-resolution Coarse-resolulion
image at .*,,, amd 1, image at I,,, and I,

/

Pn—:pruq..e 5% the data

Frc,prun,u-,h the data

] |

Search similar
pixels

L 4

Compute weight of
similar pixels

Compute
CONVErsion
coellicient of
similar pixels

Coarse-resolution
image at f, e

Preprocess the data

Caleulate fine-

resolution
reflectance at In

Fig. 1. The flowchart of the ESTARFM algorithm.
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Selection of similar neighbor pixels




MODIS/LandsatZiEglS

Step 1 Step 2 Step 3 [Step 4

Calculation of weight for similar pixels, consider

spectral similarity and spatial distance

g = EWF—EFNCECI  d =1+ y/(xy)2—%)? + Owj2—¥i)/ (W/2)
VD(F;) * /D(C;)

F:l': {F{xi:.}"i:tm:'EI:I:'":F{xi:.}ri:Em B :I {x: .]"r [n H:I {x .]"r t H :I}

c]' = {_E{xl':l.}'f:l [m:l'El :|, "y EI[".::I':I.}'II:I':I tm:l'Eﬂ:I:l EI:".::I':IJ'II:I':I tﬂ:l'El :|, " E{x:l':l.}rl':l tﬂJEﬂ:I}



MODIS/LandsatZiiEgl S
Step 1 Step 2 Step 3 [Step 4

Calculation of conversion coefficient : apply linear

regression model

035 r
03

025 r

Q5T A

i V=6.448
015 | R=0.915, P<0.001

___________

0.16 0.165 0.17 0.173 0.18 0.185 0.19
Lo 3 S o
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Step 1 Step 2 Step 3 Step 4

Calculation of reflectance of the central pixel

1Y Cx;, Y.t B) —ZZC (%, Yt

j=1 I=1 i=1 =1

Zl/ZZCx Y.t B) ZZCX Y.t;,B)

n j=L 11 i=1 1=1

F(XW/Z’yW/Z’ p’B) T XF ( W/Z’yW/Z’ p’B)+TnXFn(XWIZ’yWIZ’tp’B)

T, = ,(k=m,n)




Tests with simulated data (Sma

ESTARFM

MODIS/LandsatZiEglS

STARFM

)

Relative Errors of Prediction

™

MODIS

180
_150 4
S
&120 -
<

8 90

—— STARFM
—o— ESTARFM

Q_GO_
= 30 4

90 120 150 180 210 240 270 300 330 360 390 420 450 480
Object Radius (in meters)



ESTARFM

STARFM

reflectance of the

linear object

o
~
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— STARFM
— ESTARFM
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(2)True image (b) ESTARFM (c) STARFM



Tests with satellite data (Seasonal Changes over Forest)

STARFM .
green band -+ -

. spredicted reflectance
‘predictéd reflectance

TS
observed reflectance

STARFM
red band
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MODIS/LandsatZ{iEgl &S

Tests with satellite data (Seasonal Changes over Forest)

ETM+ Average Abseclute Difference (AAD) Average Difference (AD)
Prediction Prediction
Band 52401 81201 572401 812101
STAFRFM ESTARFM STAFFM ESTARFM

gresn 0.0043 0.0071 0.0033 0.0033 -0.0014 00070 -0.0002 -0.000%

f=

red 0.0114 0.0053 0.0024 0.0032 -0.0111 0.0033 0.0012 0.0002
NIE. 0.0443 0.0155 0.0129 0.0106 0.0441 0.0140 -0.0030 -0.0041

ESTARFM iIs more accurate.
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Tests with satellite data (Seasonal Changes over Forest)
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MODIS/LandsatZ{iEgl &S

Tests with satellite data (Seasonal Changes over Forest)

ETM+ Average Abselute Difference (AAD) Average Difference (AD)
Prediction Prediction
Band 12502 531702 12302 51702
STAFFM  ESTAFFM STARFM  ESTARFM
gresn 0.0119 0.0107 0.0073 0.0068 0.0113  -0.0031 0.0026 0.0:028
red 0.0130 0.0283 0.0111 0.0093 0.0143 0.0218 0.0040 0.0021
NIE. 0.0279 0.1774 0.0196 0.0133 00269 01722 0.0060 0.0022

ESTARFM improved the accuracy more in
heterogeneous area.



MODIS/LandsatZ{iEgl &S

Comparing with the original STARFM algorithm, it can produce the

synthetic fine-resolution reflectance product more accurately,

especially for heterogeneous landscapes.

The improvements includes using a conversion coefficient,
intersection of similar pixels selection, using spectral similarity,

weighting the change rather than final prediction of each similar

Limitations : cannot accurately predict the shapes changes; Sensors
with different band passes may lead to nonlinear relationship; the
assumption that reflectance linear change is constant might be not

available during a long period; more computational cost than
STARFM.
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attention!
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