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ABSTRACT

Accurate estimation of areas covered by land use classes is an important factor to many resource
management and monitoring programs, crop yield forecasting, forest and environmental
management. This paper is focusing on developing a software package for area estimation
techniques that used in remote sensing classifications and applying it. Soft classified image with a
reference map are used. A comparative study has been done using the developed software. The
results show that all areas which are estimated by based confusion matrix area estimators are more
accurate and closer to the true areas than that by proportional counting estimator and the results
show that; the devel oped software is an effective tool in supporting area estimation techniques.

Keywords: Area estimation, Remote sensing, Image classificatand use.

INTRODUCTION

Accurate area estimation is one of the importaptieations of remote sensing for different studies
as crop areas or forest management strategie$tetcusual approach of classifying all pixels and
counting or proportioning the pixels per classratber inaccurate that it is often necessary toanak
calibrations on the direct counts in order to abtaetter estimates for the marginal areas (Dymond ,
1992, Schriever and Congalton, 1995). The calibngtiof the marginal area estimates are based on
the utilization of the sample confusion matrices.

Pixel counting as an area estimator is often pregas remote sensing projects run by the private
sector for public administrations, mainly in dey@ha countries. The estimates are acceptable only
if spectral signatures are clearly discriminated anage classification is very accurate (Gallego,
2004). However, because of classification erroe, énea derived from pixel counting is usually
biased (Gallego, 2004, Stehman, 2005). Becauspixie counting is based on a complete census
of the region, the bias of this pixel count areziewed as a “measurement bias” rather than as an
“estimator bias” (Stehman, 2005). A confusion magiovides the classification error information
that allows for adjusting the area obtained fromeptounting to account for this measurement bias
(Stehman, 2009).

The main objective of this study is to develop &veare package for producing land cover area
estimation using conventional techniques (pixelntmg, proportion counting) and based error
matrix techniques. For a software package to b&lseis desirable that it should be inter active
with the user and help him at various steps of @wg Further, the results of any data selected
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should be shown immediately as and when desiredhbyuser. Then the developed software
package applied on two classified remotely sensedjés with five land cover categories.

MATERIAL METHOD

AEMRSD Software

The software package Area Estimation Methods vim®&ely Sensed Data (AEMRSD) has been
developed in C sharp language(C #). Language hes eferred primarily because it's modular,
object oriented, various graphs used for displagatputs charts. Beside that it is very useful for
coding engineering, scientific problems and prosi@d® advanced code editor, convenient user
interface designers, integrated debugger, and nuhgr tools to make it easier to develop
applications. C# is an elegant and type-safe olgeented language that enables developers to
build a variety of secure and robust applicatidra tun on the .NET Framework. C# can be used to
create traditional Windows client applications,atetse applications, and much more. The C sharp
compiler is required to run and executed the portbprogram written in C sharp. This software
can be successfully run on PCs with minimum 512 RAM, processor 1.2 MH/sec and 16 MB
graphics card. Windows 98 or later version is rezpli

AEMRSD Description

The following part describes briefly how to use slodtware (AEMRSD) to estimate different areas.
Also estimating bias and dispersion criteria arscdbed. Figurer (1) includes introduction to the
program, designer and supervision committee nariesl pars, menus and submenus for
(AEMRSD) also included.

Data File Sampling Schema Area Estimators About Program

Estimator Soff\Ware

Welcome To

Aveea Esltitnation Melthods via Remolely Sensed Dala

Packane

 a

H‘.j AEMNMIRSD
BY

Ahmed Saber

Figure (1) menus and sub menus layout for software

The software (AEMRSD) contains three main menus:
i ) Data file.

il ) Sampling schema.

iii ) Area estimators.
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Data File

The data file menu figure (2) contains two submdnput Data and Close. Input Data submenu
contains two input images first imageclsssified image which has been classified by soft or hard
methods of classification. Second one isfarence image. This two input images must be in text

format as illustrated in table (1) for soft datadg®) for hard data. The program gives chose to
select the path of classified and refere nce infagee (3).after selecting images the program is
ready to start.

- Estimotor SoffWare

Data Mila Sampling Schema Araa Cstimators About Program

-| Input Data r | Classified Image
Clase Ruelerremee: lenaage
— e riator SofftWare
Weilcome To
Area Colimalion Methods via Remuolely Sensed Data
Package

AEMRSD

BY
Ahmed Saber

Figure (2) Input data menus and sub menu (cladsiiiel reference image)

Estimator SoffWare
Drata Fila Sampling Schama  Area Estimataors About Program

Estimmator SoffWare

-ll_:_ M
5 R seornemy o
Crganize = MNew folder = [ [TR - |
& Downloads = . cla
"2 Recent Places | | Text Docurment
| 14.6 KB
.l Libraries | b Tef
I -:_I Docurmerts | Text Document
d | | 146 KB
J’* PMusic
|| Pictures
B videas .

& Computer
&L, Local Disk (C1)
L w kocal Disk (k)
w Local Disk (E:)

File namae: -

I Dpen I | Cancel ] | EE'“,

Figure (3) Chose menu to select classified anderte image.
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Table (1): input image (soft data) text format

0.267, 0.118. 0.080, 0.470, 0.065
0.188, 0.270.0.231,0.129, 0.183
0.130,0.071,0.045, 0.712_ 0.038
0.077,0.044,0.029, 0.828_0.022
0.199, 0.084, 0.047, 0.639, 0.031
0.013, 0.020, 0.008, 0.952_0.007

Table (2): input image (hard data) text format

e e
g =

| T e T R T e
=l e
coo o oo

Sampling Schema

After selecting the input classified and referemo@ges in this case the software is ready to
generate sample error matrices. Selecting samglahgma menu is generating these matrices.
Sampling scheme describes the way in which sanipédspare selected from the image in order to
characterize the thematic classes of interest.hasvs in figure (A.4) two sampling schemes are
available in software package. Simple random samgpé a method of selecting n units out of the N
such that every unit of the N units has an equahcé of being selected. Systematic sampling this
method supposes that the (N) units in the popudagiee numbered from (1) to (N). In order to
select a sample of n units, the first unit is deléaandomly, and other sampling units are then
selected at fixed interval (k).
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= Estimolor Eoons

Dats File | Samplng Scherms | Aréa Extimsters. - About Pragram
il Simple Random Sampling - =

L 5"’1’-“‘“‘” =% swenator SoftWare
Weicome Te
Area Exiimalion Methoeds via Remolely Sensed Dala
Package

Simple Random Sampling

Sampling Fractior 10 %
No Of lterations 1  Times

Calculation Type () Soft © Hard

Cancel J [ Generate Erm ]

£ oy

Wl 200 0 I

Figure (5) Dialog Box of Sampling

Dialog Box of Sampling figure (5); sampling fractioss a sample size. No. of iterations is No. of
estimated sample error matrices at same sampleSo#teor hard in case of input data.
For example output of sample error matrix (3) afid (
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Table (3) output traditional error matrix for sampling fraction 10 %, one iteration.
(Simple random sampling)

EsTimztion module

garvdom  sampling

srepl
m 1] R3 B R3 Total

Cl 2a 4 0 2 0 15
2 4 il 12 4] 2 45
3 ] 2 6 4] 1 11
4 1 1 0 10 z 13
(o] 0 4 2 4] 5 7
Total 34 N 40 12 13 136

Table (4) output soft error matrix for sampling fraction 10 %, one iteration.

e (Fandom sampling)
Estination Fodule
Bandom  Sampling
stepl
R1 I B3 11 ES Total
1l 16,21 1076 4,31 2.06 1.50 35. 82
(W 471 181% 91 1.27 0 .44 3468
3 2.75 10,73 1012 1.323 4,20 29.12
rd 3.06 214 1.87 644 1.43 14.03
(] 1.38 1,58 3.63 1.23 3.83 17.17
Total 32,61 4680 30.0% 1300 1357 13601

Area Estimators

In this menu a choice estimator which will estimdéderent class area are available. Two methods
conventional and error matrix based technique aadable. in case of selecting the main method
will estimate area the submenu illustrate choiceesfimator are available. The conventional
technique contains pixel and proportional counteggimator figure (6). The other menu error
matrix based technique contains; additive, direesgp marginal proportion, bias removal and
inverse estimators figure (7). By selecting estonalialog box (8) for estimator are available. In
this box choice of sample size, no. of iteratiampling step and kind of sampling is available. To
check bias and dispersion click show chart Paiguré (9).
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" Estimator SoftWare

Data File  Sampling Schema Area Estimators | About Program

Conventional Technigue r | Pixel Counting h
Error Matrix Based Technique  » Proportional Counting
mmﬁ-l
Welcome To
Area Estimation Methods via Remolely Sensed Data
Package

H. AEMIRSD

BY
Ahmed Sabher

Estimator SoftWare

Figure (6) Area estimators menu (Conventional Tefa)

= Eslimﬁnrsm

Data File Sampling Schema Area Estimators About Program
—_— Conventional Technigue > =
Error Matrix Based Technique (3 Additive Estimator
T EUTITTTISATWT Oy

Direct Estimator

Map Mariginal Proportion Estimator

Bais Remval Technigue
Welcome To =

| Inverse Estimator
Area Estimalion Methods via Remofely Sensed Dala

BY
Ahmed Saher

Estimator SoftWare

Figure (7) Area estimators menu (Error Matrix Bagedhnique)
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U Paxed Doonting Fatmaote

Pixel Counting Estimator

Sampling Fractio L
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[_[_ Concal | | Genaraw Asen |
_— 9000
Figure (8): Dialog Box of Sampling

Table (5) illustrate sample of output area for different classes.

Estimator Module --- Randow Sampling

Addritive Estimator

n=10% n=20% n=30% n=0% n=30% =6 n=70% n=E0% n=30% n=100%
2.7 316,88 319,72 320,22 316.61 32367 .41 320,98 321,93 124,38
382,99 305.4 386.7 32,23 300.42 125 186,54 390,08 39161 160,04
412,36 404,15 408,26 400,98 405. 58 406,24 40727 404,59 40,82 401,53
116,79 113.64 1nr.72 116,36 116.99 112,94 114,73 115.32 114,92 115.54
127.14 130,94 128,61 131.22 129.4 130,89 129,04 129,64 130,72 130.5

Area Percentage

n=10% n=20% n=30% =% n=3lfk n=hiE n=T0% n=50% n=30% n=100%
23,64 23.28 23,49 23,53 23.41 2378 23768 1358 23,65 13,83
28.14 28.05 2841 28.82 26.69 28,45 28.4 18,66 20.77 18.58
30.3 8.7 Ell 24,46 208 29,85 28,42 19,76 28,52 8.5
858 B.35 863 8.55 B.6 4.3 B.43 847 8.4 B.49
4,34 062 9,45 9.64 9,51 4,62 .48 9,53 4.8 0,58

|~ Additive Estimator

sz nHel o) || (fesas. a6 2. = )
P ~ < ™
o.014 1
0012 - 0.04
Q.01 |
0.008 |-
0.006 0.02
0.004
0.002 2
2 2 & £ & & =3 & 2 2 n=20% n=40% n=60% n=B0% n=100%
B SRS R e B R n=10% n=30% n=50% n=70%  n=90%
=i Bais Chart
==t Dispersion Chart
., r = r
Sample s o s v, o = 2 s | i
e n=10% n=20% n=30% n=40% n=50% n=60% n=70% n=80% n=90% n=100% [
L 0.0149... 0.0096... 0.0102... 0.0070... 0.0073... _ _ . -
Sample | o | n20% | n=30% | n=40% | n=50% n60% | n=T0% n=80% | n=80% n=100% |
SiZ'E n= n=. n= n n= n n= n n=. n=' D
» TN 0.0531... [0.0303... [0.0223... [0.0139... [0.0121... [0.0097... [ 0.0085... [0.0069... [ 0.0065... | 0.0060... | - |
A

Figure (9) Bias and dis_persion charts
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RESULTSAND DISCUSSION

The developed software package applied on two iiEgsemotely sensed images with five land
cover categories. First image in this study is frimdian Remote Sensing (IRS) satellite LISS Il
sensor at spatial resolution of 36 x 36 m usedlassified map. Second image at fine spatial
resolution (6 m) obtained from IRS 1C PAN senss haen used (with topographical maps or
topo-sheet (number 53G/13) at 1:50,000 scale ,1888,existing field surveyed map at 1:1000
scale ,1992) as reference map.

All results of this application are illustrated Table (6) and (7) and in Charts (1), (2), (3) a#d (

In Tables (6) and (7) the area percentage estimayesoftware program is recorded. First row
(Proportion in reference map) illustrate the trueaapercentage for deferent classes. Second row
(Proportion in classified map) illustrate the apmacentage classified for deferent classes. Below
rows (Average area percentage estimated by defedinhators) illustrate the average of area
estimated for sampling from 10 % to 100 % by defesstimators. In this table's total quantitative
error are used to evaluate different estimatofgstsevaluation criteria. Charts (1) and (2) ilige

the relation between sample size and bias. Absdliai® criterion can be considered as difference
between estimated proportions and their true val@warts (3) and (4) describe the relation
between sample size and average dispersion.

Softwar e Output
In this case soft classified image and referen@gerare used; error matrices generated with simple
random sampling scheme and the area were invesdigggt different estimators for different classes
in Table (6).
Table {(6) Average area percentage for different classes estimated by different estimators (Soft Input Data,
Random Sampling)

Built-up Grass Barren
Land cover type land land Trees Agniculture land
Proportion in reference map (%) 24358 32,189 23.802 9471 10.18
Proportion in classified map (%) 27455 27.33 22518 9.787 12911
g Additive Estimator 24336 | 32256 | 23.786 9 467 10.161
= =
ax -— —_—
5 EE Direct Estimator 24347 32.32 23.777 9.42 10.136
T fap Margin: i
E oo T‘hpémrgml.pwom‘m 23706 | 33456 | 23.976 9.036 9.827
2Ee ased Estimator
g ~ proportional Counting 27.51 27.381 22478 9758 12.875

Total quantitative error for proportional countiegtimator is 12.266 %, 0.133 % for Additive
Estimator, 7.127 % for Bias Removal Technique, B.26for Direct Estimator, 2.881 % for Map
Marginal Proportion based Estimator and 0.719 %lfeerse Estimator. The Additive Estimator
has the smallest total quantitative error 0.133éb Rroportion counting estimator have largest total
guantitative error 12.266 %. The results illustritat area estimated from confusion matrix area
estimators is much closer to the true value thahektimated by conventional methods (proportion
counting). [4] illustrates in case of hard inputadalso the confusion matrix area estimator is much
closer to the true value than that estimated byeotional methods (pixel counting estimator).
From Table (3) The Additive Estimator and directireator produced the most accurate area
estimates with mean values closer to the true ptops and Bias Removal Technique produced
the most inaccurate area estimates.
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Output Of Soft Classified Data With Systematic Sampling
In this case soft classified image and soft refeeeimage are used; error matrix generated with
systematic sampling scheme and the area is ine¢stidpy different estimators for different classes.

Table (7): Average area percentage for different classes estimated by different estimators
{(Soft Data, Systematic Sampling)

Land cover type B];;l;éuP (l}ar;:is Trees Agriculture Eigdm
Proportion in reference map (%) 24 358 32.189 23 802 9471 10.18
Proportion in classified map (%) 27 455 27133 22 518 9787 12911
n"? @ Additive Estimator 24 318 32179 23.793 95 10.211
3 -% % Bias Removal Techmque 25.649 29 209 22 976 9653 12.071
EE % Direct Estimator _ 24316 | 32193 | 23827 9455 10.21
:'En g" E Mapé"j:iﬁ“;ﬁﬂmm 23.68 3327 24.043 9.097 9.911
< g "%‘ Inverse Estimator 24.409 32.035 23.693 9551 10.31

E_E proportional Counting 27.51 27.303 22.528 9.76 129

In Table (7) the total quantitative error betweba proportions of land cover categories reduced
from 12.321 % with proportional counting estimator0.119 % in Additive Estimator, 7.17 % in
Bias Removal Technique, 0.117 % in Direct Estima2dat43 % in Map Marginal Proportion based
Estimator and 0.524% in Inverse Estimator. In Ta@lethe direct estimator produced the most
stable area estimates with mean values closerettrile proportions and Bias Removal Technique
produced the most unstable area estimates. Theretftf class's area estimated from confusion
matrix area estimators is much closer to the talaesthan that estimated by conventional methods
(proportion or pixel counting estimator). Charty &hd (2) display the absolute bias while Charts
(3) and (4) illustrate the average dispersion asrs# and third evaluation criteria.

e ilifit i
D.EED - —_———y——— —_—————— '@‘5-timam|
—l—lals
oo p—— 11101 L] remaoval
technigue
—d— A
0150 nnarginal
., proporiion
i !
0 hiyerse
1000 ¢ 1 1 T — 1 1 estimator
proportiena
[Las0n I cominting
e i - - - = direct
D000 - - - estimaton
10 20 30 Ak 50 &0 70 20 al 100
Percentage of sample size

Chart (1): Bias (Soft Data with Random Sampling).
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The average absolute biases for all estimators ruddgerent sampling fraction and random
sampling scheme are given in chart (1).Some impbdhservations can be made on this chart: For
all sample size proportional counting estimatomg@tional technique) often has the largest bias
than all confusion matrix area estimators. Othesvilisconfusion matrix area estimator's direct and
additive estimators have the smallest bias forsathples fraction and map marginal proportion
estimator often has the largest bias. Generallydifext and additive estimators have the smallest
bias of all estimators under all sampling fractions

adclitire
e atim atisy
O 250 g e i . ; ST . . . “
—i— 3ol
v al
S el e
—ir— AR
0TS0 1 wrearginal
. Proporbon
= #H_F_._,__}_,_‘___‘__‘______ I [ I N
E ] ——— T
(AR Ta ST Sty
= - = = = =F ..
e RO T
OO0 | commbing
| Y
e T ™ — —
HiE |l | | b
W =—— s 2 S = e
SR it b - st atoy
1y 20y 20 A0 50 B0 K Einl =78 ) 100
Percentage of sample size

Chart (2): Bias (soft data with systematic sampling)

Chart (2) gives the same results as Chart (1) ptopal counting estimator (conventional
technique) often has the largest bias than allugiah matrix area estimators. Direct and additive
estimators have the smallest bias for all samples.

s ilclitive
estimatar
200
0.120 —— bais removal
0160 techinicgiie
0140 map
0120 marginal
e prroportion
Soaoo )
E —— Vel se
gﬂ.ﬂﬁﬂ estimator
A
0060 — et
e oo thenal
LA @\‘“\‘{ T T T counting
~
0.020 \ﬁb"‘i-.
— i direct
0.000 - estimator
10 20 A0 A0 50 GO 70 80 agn 100
Percentage of sample size

Chart (3): Dispersion (Soft Data with Random Sampling)
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Chart (3) describes the average dispersion foreglimators direct observation leads to: The
dispersions for all estimators approach zero as sémapling fraction increases. This means
increasing in sampling fraction leads to increasigrecision of area estimation for all estimators

Inverse estimator has the largest dispersion irestimators and bias removable technique and
additive estimators have the smallest dispersiailisampling fraction.

e aclclitive
estin ator

D.600 5 : : : ”
‘ —@— baisremaval
D.SOD . ) _‘__ 4 5= =N A AR e IS R S . t@dir'lil]ll-l:"
oo -1 ll'lﬂl"‘
marginal
= proportion
=]
& Oipes —— inverse
£ estimator
20200 |
b oo tional
o140 counting

direct
estim ator

i
[[15]

10 200 30 40 50 6 70 &0 a0 100
Percentage of sample size

Chart (‘4_-) Dispersion (Soft Data with Systematic Sampling)

Chart (4) illustrate the average dispersion foingstors using systematic sampling comparing these
results with Chart (3) Inverse estimator still e largest dispersion in all estimators and bias
removable technique and additive estimators stlvehthe smallest dispersion in all sampling
fraction.

CONCLUSION

In this paper, a software package for producingl laover area estimation using conventional
techniques (pixel counting, proportion counting)damased error matrix techniques has been
developed and applied. a proportional counting faredlbased confusion matrix area estimators for
soft image classifications were studied and indigiccomparison has been done for estimators.
The results applying the developed software ilatstthat:
* The proportional estimator is not suggested for seause of its large total quantitative
error and large bias in all sample size.

* The areas estimated by all based confusion matea astimators are more accurate and
closer to the true areas than that by proportiamtiog estimator. Also this is suggested in
case of the input data are hard classified images.

» Direct and additive estimators produce the mostitate areas than other estimators. In case

of using based confusion matrix area estimatorestonate different class area the direct
and additive estimators are therefore recommended.
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» Bias removal estimator is based on computation robreof omission and error of
commission. If it is minimized, that would improttee area estimates from this technique.
This may be happened if the classification accuraéygh.

* The developed software is an effective tool in suppg area estimation techniques.
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