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Introduction

Agriculture is the essential sector for promoting food security. Crop area estimation (CAE) can meet the
requirements of the crop monitoring plan. The organizing basis of the cultivation pattern is recognizing the types
of crops and examining the condition of their crop area. Shush county in Khuzestan province has 300,000
hectares of the crop area. It is one of the agricultural hubs of Iran because it has a record annual production of
more than two million tons of strategic crops such as wheat, sugar beet, and corn. CAE affects the amount of net
production and shortage or surplus of produce for market steadiness. Traditional approaches for CAE are time-
consuming and costly and are not widely enforceable. Remote sensing (RS) data provide good information for
decision-makers by determining the crop type and the crop area. RS data has made it possible to avoid
continuous reference to agricultural lands with less time and cost than another usual method and accurate CAE.
Also, the use of multi-time images during the growing season of agricultural products allows the use of spectral
curves when related to the crop calendar of each crop. This spectral curve is almost separate for each product and
increases the ability to distinguish between products. Therefore, multi-temporal images support segregation
based on multispectral images of products. The current study follows a speedy method with appropriate accuracy
established on satellite image classification algorithms and spectral indices to identify and separate crops with
RS data in Shush County.

Materials and Methods

Landsat-8 data with path/row coordinates 166/38 extracted from the USGS website were used to identify and
separate the cultivated lands of the region. The reason for choosing Landsat images is the relatively suitable
temporal and spatial resolution, availability, and the appropriate time distribution with the product growth
period. The Landsat 8 carries 2-sensors, OLI (Operational Land Imager) and TIRS (Thermal Infrared Sensor).
The OLI sensor with a spatial resolution of 30 meters has 8-bands in the visible spectrum, near-infrared (NIR),
short-wavelength infrared (SWIR), and a panchromatic band with a spatial resolution of 15 meters. The TIRS
sensor can record thermal infrared radiation with a spatial resolution of 100 meters with the help of 2-bands in
atmospheric windows of 10.6 to 11.2 micrometers for band 10 and 11.5 to 12.5 micrometers for band 11. This
research used bands 1-7 of the Landsat-8 OLI sensor with a spatial resolution of 30 meters after the initial
corrections of satellite images. The spectral similarity between the region's dominant crops has made it
impossible to select a single image to differentiate and extract the cultivation pattern. Wheat and barley have a
high spectral similarity. The peak of the greenness of these products is in the first four months of the year, which
has high NDVI values at this time. Therefore, choosing a good time to separate the crops was feasible by
referring to the Khuzestan Organization Agriculture-Jihad (KOAJ) and receiving the regional crops calendar in
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2018-19. Then, the low-level cloud cover images on April 24, June 27, and August 30, 2019, were selected for

classification based on the crop calendar. Planting, harvesting, maximum greenness, and ripening information of

the dominant crops in the area were pivotal in obtaining image dates. In dates selected related to the images were

considered planting, harvesting, maximum greenery, and ripening information of the region's dominant crops.
Results and Discussion

According to the results, from total crop area in Shush county (163313.7 hectares) is allocated about
103513.2 hectares (63.4% of the county's crop area) to the ANN, about 102875.1 hectares (63.0% of the county's
crop area) to the SVM, and about 102,277.3 hectares (62.6% of the county's crop area) to the NDVI, which in
comparison with the KOAJ statistics, has an error of 0.11, 6.2 and 1.8%, respectively.

This difference is the similarity of the reflective spectrum in some places, which affects the separability and
recognition of phenomena and increases the error in estimating the area under cultivation of different crops. The
highest and lowest errors in estimating the area under cultivation in the artificial neural network method were in
barley and rice crops, respectively, in the support vector machine method were in wheat and rice crops,
respectively, and in NDVI index were in wheat and barley crops, respectively. The difference between the
cropped area obtained from classification methods and NDVI index with cropped area statistics of Agricultural-
Jihad Organization may be due to the following: First, the cultivation history of different has caused problems
such as reflections of diverse agricultural lands in one image. Second, the agricultural lands in this area are
small. Most of them are under one hectare. Also, the crops in this area are diverse. Third, the smallest region that
the image used in the present study can distinguish is about 900 square meters, which is a large number for the
agricultural lands of the study area and causes errors.

Conclusion

The study results showed that the support vector machine method had the lowest error in CAE than the
artificial neural network method, which indicates the higher accuracy of the support vector method in identifying
and separating crops in the region. Comparing the area obtained from the NDVI index with the statistics of the
Agricultural-Jihad Organization of Khuzestan province and evaluating the accuracy of this method indicated the
higher efficiency of spectral indices in CAE for the region compared to classification methods. The NDVI index
minimizes the error values of the results due to having a threshold and better identification of vegetation density.
Therefore, based on the accuracy assessment results and comparing the cropped area with the KOAJ statistics,
the utilization of the NDVI index provides the best CAE in the region.
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Figure 1- Location of the study area
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(O 59 d‘b)‘ybla ﬁsw 2 5“3%9) Wa

rowth status in selected satellite imagery
Jypazma Growth stat lected satellit
Cro ; )
P (April 24) cutes, ¥ (June 27) 5 (August 30) 52 e A
pAS i e o ol Cublyp by o 23 b CadS joib
Wheat Peak greenness Yellowed or harvested Not yet cultivated
P S zol 3 B oS 05 Cudld y b S joib
Barley  Before the peak of greenness Harvested Not yet cultivated
& oS CuiS join b adgl ol Jol (S
Rice Not yet cultivated Early stages of product clustering Full ripening
< 2055 S join Canl e SB UL g (g 0y90 bl Sy gl
Corn Not yet cultivated Early stages of growth and soil reflection Peak greenness




¥aq

P ylias yes (5813 Y g Sl 5 w3351 2 50 (hab (SRS g (sulial (Sl gy SIS (i o0 § Slns

S1oylple yrolai (gaalds ;5 o3l 3550 (2 5yl g (codlai (Sdiged -F Jga
Table 2- Training examples and evaluation used in the classification of satellite images

oW soulai (sdiged 70+ sonlai sdiges JS 2Ly sbdiges BAICIND g (s Ldiged
Class 50% Training samples (I)  Total training samples (I11)  Samples evaluation Samples taken
pas 72 144 48 192
Wheat
7 18 36 12 48
Barley
& 39 78 26 104
Rice
= 36 72 24 96
Corn
2l ple 45 90 30 120
Other lands

(Derksen et al., 2020) sl o bus JuSas lawloxs 15 !
Sl g ot e gilwaids (dle b couns uac lbaSd
oy 5l Stz jhe aiile S00S5 4 huatie (slaptuns (g5loJte
SH(MLP) anYiis g iy (omae (slaaSiis (dilodds 03ld dauwss
(Martinez et al., 2021) s wd uac aSus oy y50,,8 p
O9ry jl (S gan (mas &Sud gaudib lp (ingh ol
SlheasYain gy (amas aSub slyal (ol A oolawl YL
89y Sl 4 (gl al a5 )5 edlatwl MATLAB l58le
ol b Sle slaaY sl ol ¢ (Output) >4, (Input)
(¥ JS5) 2 dnlgs
i sl adds 53 odlatul 350 pgbal (slasil aSus (39,9
ool V 5 Y slausl) (ab asb Y Jolis (63959 (y5p Can
s (ohSen > g jalate ay Bl o Hlaiie (A Cawid)
g dyj 33,5 Jloy (63959 Slagy polie bl (Sgias (as
Do o A8 CBD 5 sy bl g pB jobo 4y laodly 0,8

A5 okl ¥ odlaly 51 tagh copl o ool (il Jloy s
= (XI - Xmin) (\u)
Yx X

X
max ~ min)
3y9 @Y (55 Cyide Kimax 9 Y (05, c oS Kimin «6399
gl 5 IS8 yally 93 Jold 4 (23 el Jlai
005 Sl (295 Gla NS (3505 pglate &y il o WIS
T M b (2 oy b el WIS 52 gl (295
o Mg o 48,8 la5 13 candads cla WS sl die 4 dae
Lol cae ol Y S b laasd < A5 sl asl lus
L olaty sbagygys sl 9 29 dialss cubie (guail Joo
sl (53535 5L gy Sl WE 5 s s 5 9051
.(Parmar et al., 2021; Mirzaei et al., 2020) w4 o

(s DY pae Slib I S ja (Colus) Comg 4 2255 L
oSy g oliw jlas s Gl laeS & euled sladiges
S Il ptngiy ol 53 Bl layeS  diib ) canlia
ooy 00 il igaindil @S (ool sladiges sl ST 25
2l ¢ s 15 030zl (1) oS 51 Sy 12 53 Looled (slodiges
8 alio 5 (pwyp 050 (sonlsd slrodly I gy o b sanadl
3 odslesdl (slmodls pouw Sl olai il b cry dl> o j0 .88
e slel Las a lo g (Lobj)) sloaiges) (o) <ty
YV Jgae 50 byl g eeddsd sladiges dlaa 35 plodl gandib
ol 005 03]

el glodiges > Slab £p L SSE (o8 b3l
Cad ol 045 odlaol (Divergence index) 1,81y esls
ol s &5 03 ol ¥ I+ sl ul 3 i SSE
ol oM ol CSS5 e ¥ g o oM (6 e S5 ps
SYLNA G 6 phSSE (e 2l o35> snail 2l sl
okl ,» (Ebodé et al., 2022; Poursanidis et al., 2018) wal
ol oK b odds angg sanaib sladid covo (b))l 4
S ool b gl (capaib pils Limgl y .0d assly
A5 plosl letdy 5l edle g (Eghan (oas

(ANN) e sics e 4ot
Sl 308 g Wil Slwloms yl3l (o giuan (nas &b
el 55 08U aledbl fp abayl, sl 5 abileles 5 &
(Eymas uac &b (Cabaneros et al., 2019) k)b b
3 sloeg (sybol (sl yeito 4y 5 sl ool (glol g5 5l Jitans
590 5 Lo claodls S 5 olSel LS9 ol el 5,00
9475 ol p ogdle S oo s ) (2l SV s
i LSl adlaie 5l Sl bjgel 03> 09,5 b > B> oo



Vo) bT — o oF oyloc FF als (S g T a5 O e

S 4
Input Layer

v Hl

S o)
Irput Vil

ol s Pl
Weight Matrix (1)

ol oY
Hidden Layer

e aY
Dutpat Lyer

Pt

» Ol q Outprot Value

293 3 e e
Woizht Matno {2)

YN (59 eyt (omas a5 JUd Lo Y JSS
Figure 2- MLP neural network Structure

o9y 3 o 31 1A el (oS 93 (658 e 5y draslone gl
45 64 duwlo 61439? @ duils O:{' g oo odlasiwl Ay Aol
=Y oS ladiged plad 5 jpe B S 0 +Y WS gladiges
0392 (Sl95 &y (65 waenal o 9 b oo &ly o S )b
2 58 RS9 S 93 (el sladiges o Sidgs alolé oS
4 Cilome ysb 4y (6 i osonal o ,S1.(Kim et al., 2020) 53,5
5% ladiged (2 5S35 jl g b (S Bk 53 jl s 55 alwg
FSM 48 395 00 bl Al S paenal o S Hous NS
as &L.QJM&.: )I Alwd L)] Lg‘)" .J.)ﬁ.w‘_;o DJ.:.AL Lg‘dmb I ).\.)
33,5 o JyBp 0 sl eilas S )15 (dlacdls sbvjye (om0

.(Ramirez et al., 2019)

: T
forclasslpixelsw' X +w,,, =-1 (@)
¥4
| Class 1
LN .
e °
L]
L »
° @
L
e o
Margin = —
Wi

WY Sl (sgiae (ovas &bl odlatul (gl 35 ol 5
el ¥ abaly bl yy Loy el 0,58 b oolizl gy

g="f (W +0) (¥)

My X g colyd (S 1y WT cailinl s 0 abasly ol 5o
ddlas pglal andids (3 aip 4SS bl G ASid (6345
A5 Ll 4S5 el o/ kiS5 /Y (6380 ety eyl

(SVM) glasichy jla ys (pacile
L oS adboo (il sandi by SO oluidy Hly (pdle
lmodly S5 (slisb 55 iy 01118 (KS5 doiior ol Sy
SSas cl_h‘_’j o e Sl b Glise gl wMS cu_.f:)‘yﬂ
03,5 s oS 4> iy |y dnble yiSlion 48 haomi | NS oo
Oliddy by cmbo pl &y TS5 gloodly g dige dxio
L .(Rienow et al., 2021; Jain et al., 2018) 140 04u0l 5
godd 4 olundy slayby (50 (ladigel 4V KD 4 g

> W x+h=1
U T x4+bh =0

WK b

L Support vector

Class 2

X

(Ramirez et al., 2019) aings dmils ol pod as ylusiniy (1,15 0 - ¥ JSULS
Figure 3- Support vectors with optimal margin



Or N g ylias yaeld (o155 Y grarmo CuliS 5 gedans 991 32 3 Snb (S a5 L g (guials (SS9 (I (omi 2 oS0 g Sl

(Overall accuracy) 5" cows jiolyl 95 5l o g, 2wl
e S cons i eolawl (Kappa coefficient) LIS" o o 4
Gl oz Slides a0 jL & cunl €85 (gla il (o ool
PB4 b il €8> | IS (63902 5 41BN dsle
b8 yole gl IS Como il ganaib €8s I 5S0ke
Voadal) 5k La Sy J5 2 g s S (o yile (o]
1

2P OA= N (v)

5 —oloj] (ola JuSly olaws N ¢ JS" 85 OA el ol )

S Cono axliy cunl b ple Lol Jlad olis zex TPy
slad s Covo Wbl doyd Vel i i Wgi slaaids (o
orle 1 4 5505 by el yial)l 5 cal slazel LB cags
o |y gdisditls €83 45 sl LIS gy 295 oo gzl il L
LS s dtals S o e 33bas Mol ciails S,
Copily Uy el alab 38l ,S0ky ) s o sl V g+

i odlazwl A dlasly 1L el dwlee (gl ol e

- [(Po - Pc)] x A
Kappa [(1- )] 100 )

)Lbul d)90 dﬁl}s Pc 9 0l odnlie () Po 441431) Q"] »
(Pageot et al., 2020) was o i |,

Sy bl alal
2olal (gaiadb o pdi gly calio b oS Gl
chbs a8 Sbaw SlS 5 OIF s s 03,9l ¥ Jodo )3 Coin
Sl w09 YU OIF douis (3 g 085 (Sed YU jlixe B yoc]
cago s30b aluS oyl Jeel us Qbssl (55 pslbas sl

WWigah 0y (b SKSE Sl b ely; ol alad b us

sloygale yagliad (uisduls galis

A (solal sLiaged (Byme Iy epglal auadl
el @Y g e cuiS ) (LSl g A ang dilate (SN by
@Y gae QLIL Clpuss 4 4295 b 03 5 @8 92 piS Jold
palie (0 5 ¥ JISil) 4 SSw (ol); lalS 15y a8 p
ol 035 03,01 ¥ Ja 13 (a3 ld nl (s SSE s

it 3 ,Slas 52l 53 Bluo ot 315 sl
L (RBF) (ol 55 ctingsy 9 ool ol o omtle oS
Slojlaalo slaodly Ly sl gandils ;5 muvg oolatwl & asgs
58 eslitl 3,90 Sl S SSu0 4y G yigg 3,Shas 35 5 ciliseo
o< (Razaque et al., 2021; Zafari et al., 2019) c8,5
D) 35 0sd clyy g I Sy @ b elad el B8 el

dluie LS 500 Gl b amlio 3 1) o sjlwerly )5 oS
Sheplasidy Hboy uile (gjlwosly yalaie 4 (Wang et al, 2020)

A5 oslazw] MATLAB 4ol

sab slagails

S 5 ol ol lbee ((aLS) (il sl pasls
&5, 55 (Manickam et al., 2021) soiws calisw slasil
oy Lol alS jibe yedls 058 solatwl NDVI 25l
Do o dmwlxe & alayly | a3l -yl (Huang et al., 2020)

NDVI :w *)
(NIR +RED)

&S Cuwl +Y 5 =Y o dield 0 Jlog polie (glyls (s ls oyl

ite plie djloe oSl (ol ] polie Ginled g ()
L (ble cute palie g (LS (hdyy jpi> pas jl colSs o]
9 o sl (Zare et al., 2020) sad> o olis 1) 2LS jide
RSl (S jee zol 9 285 ey 5 5l e e pane oS
> (siloisrn: Gk il g 0ad duslre glal (ul (g9, 5 TerrSet
5ol sl eV same glgil b cusliio jsSie adls slaaslul
5 ol coiS 5 o) (PCA) Lol slaadse Lbo 5

LA gy sy lusel
slagby) Loas bl saganail 5.8 2bj)l jskaie 4
e 5l (Tomala et al., 2020) 54 yasuie usj Cusdly
o OloS s bt ol Como oy 3 Cone (25l sl il
.))_< o)LJsl o.A_.w.\.Jy Coo ¢ﬁ)l_§ Cono cl.:lf w).,.o cL;lf By
&l dwwly opl 5o (Verma et al., 2020; Lyons et al., 2018)



Ee) LT = o0 oF o,leds FF als (S g o 4,5

oey

oo polai 43 aliwl BB S, LS 5 5l OIF palie -V Jous
Table 3- OIF values for color combinations usable in selected images

o 1o ,laale g glad
PRhe lbsate 2 RGB OIF
Selected satellite images
Syl ¥
- 2-56 7718
April 24
5 5
- 247 7579
June 27
5 A
el 1-5-6  78.10
August 30

oodlsi grdiged (511 (21 STy AS WS dmwlone gl —F Jgua
Table 4- Results of divergence index calculation for the training samples

oW S Er O (el ple
Class Wheat Barley Rice Corn Other lands
ps 0 193 197 1.99 2
Wheat
¥ 1.93 0 198 1.9 1.99
Barley
& 197 198 0 199 2
Rice
=2 199 196 199 0 2
Corn
2l L 2 199 2 2 0
Other lands

Mo [rand i glaaly :
- o s g ]

ANN oy e Mo i it
¥ g v Ay AAV el
Mow «r @B
Ao v BB
ber ¥ @B

Cam <p

LT

OMer e

i

e

LT
ot

TR T re L

Conrdinate System: WOS 1984 1 TM Zowe 9N
Prajecien: loaanerve Mercatar
Datwere WS 1984

Yoons " " ™ Theoo

EPan omaS WS (pi9)y 13 CuiiS gy 5 (0l - UK
Figure 4- Cultivated lands in ANN method



v Y g ylias yaeld (o155 Y guarmo CuliS 35 gedans 9591 32 3 (S (S a5 L g (guials (s sbg (I (on 2 oS0 g Sl

P

'R

Coardinate Sywcm: WES 196 L 1M L 9N
Prejectanc |raanene Morcatar
Daterer WS 1954

...... n
" i ghaaty 3
o e i [

SVM o VAN gt i

..... ~ D
3

My = B0 -

A ox 0B

fivw <y

) o)
| &
v
13
v
e
3
v

"

OLsaly 41532 (adle by 45 CulS 2§ (0O -0 JS
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Table 5- The accuracy evaluation of classification methods
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Table 6- Comparison of crop area estimation of classification methods with OAJ Statistics in the crop year 2019-2020
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