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ABSTRACT

In Iran, Yield forecasting is important for detemmg import—export policies, government aid forrfears, and
allocation of subsidies for regional agriculturatqggrams. Crop models have been used for monitaring growth

and predicting yield. This research was curriedhi lands under cultivation of dry-land Wheat inl&deer region

in order to create an experimental regression mdmiveen the amount of yield or product and vegeatahdex.

Measuring the coordinates of 150 points of the wisaaple with maximum amount of accuracy by GP e
dry-land wheat of the region was ripen completdlige layers of gLAI and NDVI were crossed togeihethe

context of ILWIS software in order to extract thrmoants of NDVI corresponding with gLAI. The apptoaxd

determining LAI by establishing a relationship beéw NDVI and LAl is widely used due to its simplieind ease
of computation. In this case study a single datages, as demonstrated in this study, still providesd

information to predict middle of season yield asg@s it is within time when there is maximum vegi@t between
panicle initiation and heading stage. This reseasblowed that NDVI has a good correlation with Laid there is
a good correlation between NDVI and yield but usNigVI as end-of- season yield estimator gives usfsatory

results because of the problems of choosing thetlme of the image to use, vegetation indicesutated from
images taken at panicle initiation and heading stdnave high correlation with yield too. Althoughmudlation

error was increased due to sLAI was used insteagl 8 (n = 30 & n = 120) is 0.36 and 0.55 %, respreely, but

this amount equals less than one percent. Moredtvir evident that there would not be errors wivatculating in

the farming planning in the region.
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INTRODUCTION

Estimating crop yield before the harvest is on¢hef greatest concerns in agriculture, since vanaith crop yield
from year to year impacts international trade, feagply, and market prices. Early estimating opcyild on the
global and regional scale offers useful informatiompolicy planner. Appropriate recognition of cneductivity is
essential for sound land use planning and econgulicy [1, 7]. At the field —scale, crop yield infoation helps
the farmer to make quick decisions for upcomingatibns, such as the choice of alternative cropvanether to
abandon a crop at an early stage of growth. Marentty, assessment of crop productivity at the iniffeld level
has become an important issue in precision farming.

Yield forecasting, or determining yield in advarafeharvest, has been used in many parts of thedworkssess
national food security and provide early food shget warning. Early assessment of yield can helptriategic
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planning and decision-making. It is especially usef countries where the economy depends on cangelst [1, 5].

In Iran, it is important for determining import—e{p policies, government aid for farmers, and atomn of

subsidies for regional agricultural programs. Cmogdels have been used for monitoring crop growth@edicting

yield. However, their use in large areas has bmeiteld because the required inputs are generatjlable only at
field scale. Remote sensing provides observatioes targe areas at regular intervals, and savimg tmake it
useful in order to crop modeling. Numerous studiage been conducted on its use in assessing cowytlgand

yield at regional and national levels. Remote sensi crop modeling refers to quantification oflarp community
attribute obtained with instruments that are notamtact with the plants. This often involves theasurement of
electromagnetic radiation in specific wavelengtftected or emitted by the plants [12].

The role of satellite data as part of a crop yiestimation system is a natural alternative becafishe ability of

satellites to provide relatively economical, cotesis and repeated coverage over large areas. Thesacteristics
of satellites allow collecting data useful for timesstimation of crop conditions throughout an entjrowing

season covering either important agricultural potide regions or remote regions where accuratermmétion is

normally unavailable. Even though we have litatrol over the impacts of weather on crops, wéimote sensing
technology we have the ability to monitor and asdbe impact that weather has on crops. This irdtion is

critical to reducing economic risk. The sooner thi®rmation is available, the lower the economsk itranslating
into greater efficiency and increased return oregtments.

Kastens, J.H et al [10], essay entitled “Assessmedurum wheat yield using visible and near-infihreflectance
spectra of canopies”. This study researched thatethpirical models for the estimation of grain giglenerally
stronger and more robust assessment of grain tfald previously assayed spectral indices. For ds model,
correlation coefficients between genotype meanspreidicted and measured yield within each of thee fiv
environments ranged from 0.53 to 0.76. They coreduthat, although the models did not provide arumte
quantification of grain yield, they could still hesed to rank genotypes for breeding purposes. Towt reliable
ranking of genotypes was attained using measuremmeatle at milk-grain stage on medium to high prodiag
environments.

S. Bazgeer’s [3], article entitled “Pre-harvest athgield prediction using agromet-spectral-trenel¢yimodels for
Hoshiarpur and Rupnagar district of Punjab”, it wiasind that Agro met-Spectral-Trend-Yield model Icou
explain% 9§SEOE = 87 kg/ha) and 91% ( SEOE = 146 kg/lud)wheat yield variations for Hoshiarpur and
Rupnagar districts, respectively.

The study by M. Moriondo, et. al [15], essay eatitl'The A simple model of regional wheat yield thea NDVI
data”. Proposed methodology that was applied inltelcan provinces where wheat is widely grown (&eto and
Foggia). In both cases, attention as first deviatetie production of multi-year NDVI data sets dgstove of wheat
conditions. Next, the current methodology was auplio estimate wheat yield. The results obtainexveld the
high accuracy of the method in estimating whedtlyé the provincial level. Correlation coefficisrequal to 0.77—
0.73 were obtained between measured and simulatgd yield, with corresponding root mean square rerro
(RSME) 0.47 and 0.44Mg/ha for Grosseto and Fogginectively.

Ren, J., et al. [18] studied about “Regional yiektimation for winter wheat with MODIS-NDVI data 8handong,
China”. The results showed that the relative eradrthe predicted yield using MODIS-NDVI were betme4.62%
and 5.40% and that whole RMSE was 214.16 kg loaver than the RMSE (233.35 kg figof agro-climate models
in this study region. A good predicted yield datavinter wheat could be got about 40 days ahedbofest time,
i.e. at the booting-heading stage of winter wha&ie method suggested in this paper was good fatigiieg
regional winter wheat production and yield estimiati

Fariba Esfandiary et al [8], in an article entitl&®heat Yield Prediction through Agro Meteorolodicéound

predicted the yield two months in advance beforesdsting time which was coincide with commencemait
reproductive stage of wheat (5th of June). It réaaahat in the final statistical models, 83% ofeah yield
variability was accounted for variation in aboveameteorological indices.

The aim of this study is estimation wheat yieldebapon remotely sensed data and field study.
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MATERIALSAND METHODS

Malayer Township is located betweer? 34 34°, 40', 13"Latitude and 48°, 23', 55" Londiéuto 49°, 8', and 51" of
Greenwich Meridian.

IS - Pt

%9

LISS II-MALAYER.

Figl. Position of study area

M ethodol ogy

This research was curried in the lands under @ailow of dry-land Wheat in Malayer region in ordercreate an
experimental regression model between the amouyielof or product and vegetation index. The maia osmodel
simulation in evaluating lands is the (estimatioopd prediction of the amount of product or yieRtincipally, the
main idea behind making these kinds of models sthan this principle that there is a relationshifgorrelation
between vegetation indices and estimation cropvamdan estimate the amount of yield production stalgishing
this kind of correlation. As far as it is concerngith the analysis of yield amount (y), the follawgiformula is used:

Y=f (le X2, X3 )

In this formula, Xs are an indicative of indeperntdeariable, which are the vegetation indices in cesearch.
Basically, vegetation indices are mathematical eosions which have been designed for spectral sssed of
plants in multi-spectral satellite observationse3én indices are mostly used in places where thetrapsatellite
data have been placed in the confine of red andin&ared bands. These vegetation indices basedaomg the
property of red light, absorption by pigments imstte chlorophyll of plants, act in such a way tihaty experience
minimum reflection in red band and maximum reflewtin infrared waves.

Field operation (work)

1. The coordinates (x,y) of 250 points in farmdsrand some others from other main products wetaraa by
GPS.

2. The point coordinates of dry-land wheat of tegion under study was obtained. In this procedilmese 150
points (x,y) were obtained by GPS when the dry-lahéat had the maximum chlorophyll and leaf area.

3. The points (wheat plants) were transferred bmdatory, where the leaf area index was measurelédfyarea
meter. These measures were called Ground Measuigdadr it is better to say “gLAI”.

4. Measuring the coordinates of 150 points of tieat sample with maximum amount of accuracy by @Ré&n
the dry-land wheat of the region was ripen compjefEhese measures were called Ground Measured ,Yoelit is

! _Leaf Area Index
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better to say “gYield”. Now, by considering the cdinates of gLAI available in GPS, a vector mapirfponap)
was created in GIS environment.

Leaf Area Index (LAI) is an important structurabperty of a plant canopy. It is a bio-physical aate influencing
land surface processes such as photosynthesispitraiion, and energy balance. LAl is a requirgauitrfor various
agricultural models. LAl is defined as the projecteea of leaves per unit of ground area. The atafuleaves in
the canopy is a factor in determining the amountligiiit intercepted by the canopy, which in turn trols

photosynthetic rates. Leaves contain pores, callechata, through which carbon dioxide and wates fetween
the plant and the atmosphere. So the leaf areasetsolimits on transpiration and photosynthesis. different

vegetation types LAI can vary from less than 1deserts to over 6-8 for rain forests. There araraety of methods
for measuring LAI. The most straightforward, usyaised in herbaceous or grassy canopies, is tdsidefine an

area on the ground, clip off all the leaves, andsuee their area. Dividing the total area of adl thaves by the
ground area gives LAI.

Normalized Difference Vegetation Index (NDVI)
Normalized Difference Vegetation Index, the NDVI svalso proposed by Rouse et al. It is expressetheas
difference between the NIR and red (RED) bands abized by their sum:

NDVI=( R nir. — Rvis) / (R nirt Rvis)

Now, by considering the coordinates of gLAI avaiéain GPS, a vector map (point map) was createlia
environment. Then, by taking the above equation &mtcount, NDVI variable was calculated by makisg of red
bands (R) and infrared bands (NIR). The layersl&lgand NDVI were crossed together in the contextLaVIS
software in order to extract the amounts of NDVtresponding with gLAI. Then, the extracted amountse
transferred to SPSS software to elicit the inforamahecessary for our analysis. To derive remaselysed LAI, the
following empirically derived logarithmic regressimnodel was developed:

sLAI= f (NDVI) (Eq.1)

As it was mentioned before, the data used for theelddpment of this model were also obtained in ginoseason in
2009 out of 150 data points (120 points for modeld 30 points for pilot study). The NDVI was useztéuse it
seems that it correlates well with canopy and Feenldemonstrated to give satisfactory LAl estim§t&$. The
approach of determining LAl by establishing a relahip between NDVI and LAl is widely used dueit®
simplicity and ease of computation [7].

RESULTSAND DISCUSSION

According to the table acquired by the resultstafistical operation in SPSS software, the amoéidietermination
coefficient () between the variables gYield and gLAI was 0.988 B = 0.000 in regression model. The number
of observations in this regression was 120 poirtticlvled to logarithmic regression equivalence éslliows:

Y= yield= 0691*Ln (LAI) +1.312 EQ.2)
Y = Mgha' R=0.928

Table 1 Coefficients (gyield & gLAI)

Unstandardized Coefficients Standardized Coeffisign t Sig
B Std. Error Beta )
LN(gLAI) 0.691 0.018 0.964 39.114 0.040
(Constant) 1.312 0.008 174.563| 0.000

In addition, as table 1 indicates, there is a $icgnit correlation between these variables (P=@.0@ other words,
the more the gLAI, the more the gYield. With regé&odthe importance of NDVI as it was mentioned ahahe
amount of the determination of coefficient betwéo variables including NDVI and gLAI was calculdtaith

respect to the tables acquired from regression hio@&PSS software @& 0.869).
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Fig.2 Result of the regression between two variablegLAl & g Yield

Table2: Result of theregression between two variablegLAl & NDVI

R R Square | Adjusted R Square | Std. Error of the Estimate
0.932 0.869 0.868 112
The independent variable is NDVI.

Table3: ANOVA (NDVI & gLAI)

Sum of Squares | df | Mean Square F Sig.
Regression 9.729 1 9.729 781.689 0.040
Residual 1.469 119 0.012
Total 11.197 120

Table4: Correlation (NDVI & gLAI)

Unstandardized Coefficients Standardized Coeffisign t Si
B Std. Error Beta 9-
LN oy 1.035 0.037 0.932 27.959 0.000
(Constant) 2.050 0.042 49.025 0.000
3y - - : -
y=1.035In(x) + 2.049
=3 _R-0.868
1.2 —
1 = = . T -
= n=120 ] *
3 02 e = g
0.6 ’ »e _ s
0:4 - @ : . -
0.2 (d -
0 - :
« 0 0.1 0.2 0.3 0.4 « 0.5 0.6
: % NDVI \ -
..

Fig. 3 Regression between gLAI & NDVI

Therefore, we can say that the following empiricalerived algorithmic regression model can be dsed to
derive remotely sensed LAI.

SLAI = 1.035x Ln ypyy +2.05 Eq.3
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As it is explained in the table 4, there is a digant relationship between these variables atekiel of 0.999(P =
0.000). Also, as it is clear from the related graghween the variables, an increase in the amdudb¥/| leads to
an increase in the LAl amount.

Generally, the NDVI was used for some studies aseritelates well with foliage density and has béemonstrated
to give satisfactory LAl estimates. According to l@uobo et. al [4], the approach of determining LAY b
establishing a relationship between NDVI and LAWislely used due to its simplicity and ease of cosifon.

As it is evident from table 5 with regard to theéaibed results of establishing a correlation matetween LAl and
NDVI, we can draw this conclusion that there isigniicant correlation between NDVI and gLAI variab (r =
0.861; p= 0.000). On the other hand, there is alsignificant relationship between NDVI and gLAI.

Table 5: Correlations between SAVI1.07, NDV1.07, gLAI.07,n = 120

NDVI.07
Pearson Correlatior 1
NDVLO7 =575 tailed)
Pearson Correlatic | 0.861**
9LALOT 55075 ailed) 0.000

Therefore, by taking the results of this study iatwount, we can express that, in order to estimatkeobtain the
amount of LAI to derived satellite images.

After calculating sLAI, which was obtained by esistling a gLAI regression with the NDVI, a corrétat matrix
was created in order to see whether there is gmjfisiant relationship between two variables inahgd SLAI (npvy),
and g LAI, and to determine the amount of corretatimong them as you can observe the results fnrernable6.
According to table 6, the correlation coefficiemtlveen sLAInpvy With gLAI were r = 0.912, which can be an
indicative of this point that there is a signifitaelationship between sLAlpv) and gLAI at the level of (P=0.000).

Table6: Correlation between, sLAI (noviy., QLA

SLAI (navi)
SLAImavi) | Pearson Correlatic 1

Sig. (=-tailed]
gLAI Pearson Correlatior 0.912*4

Then, a Pearson correlation coefficient was establl between the present variable after estimtimgield by the
resulted indices from the equations 2, 3, the giloyield measured by the present researcher, andhéasured
amounts, which have been recorded in the reporBushel Measurement in the Agricultural office foe year
2008-2009( table 7).

Table 7 Correlation between syieldsavi), syield (xoviy, gyield, Rep.yield, s.Yield g i

sye€ildnaviy | gyield | Rep.yield | syeildgai |
s.yeildnaviy Pearson Correlation 1
Sig. (2-tailed) 0.000
g.yield Pearson Correlation| 0.916** 1
Sig. (2-tailed) 0.000
Rep.yield Pearson Correlatign 0.839** 0.948** 1
Sig. (2-tailed) 0.000 0.000
s.yeildgay Pearson Correlation 0.927** | 0.963** | 0.886** 1
Sig. (2-tailed) 0.000 0.000 0.000

As it is clear from table 7, the result obtainedidate that there is a high significant correlataarP=0.000 level
between s.Yeilduovy, S.Yeild gy With g.Yield. Regarding these results, anotherartgnt point which is worth
mentioning here is that there is very little diface between the amount of correlation coeffictdrg.Yeild (o)

and s.Yeildg Ay, Which can be easily ignored. Therefore, basetheravailable data in table 7, we can come to this
conclusion that the estimated yield from slfdvi.
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In addition, results comprising the use of Eq. \2y&h (2008-2009) data set (n=120) indicated #&&attory match
between sLAkpviy and gLAL.

As it was already mentioned in methodology, 20%hef selected points (n=30) were implemented actadigrfor
the purpose of validating the equations. Then, ascan see the results in table 8, a Pearson diorelaas
established between two variables including Sk#v) and gLAI. The results indicated that there is gnificant
relationship between NDVI and gLAI with correlationefficient of r = 0.888 (P = 0.000).

Table 8 Correlation between, sLAl gy & gLAI.. (n=230)

SLA'(ndw)

SLAI (naviy Pearson Correlation 1
Sig. (2-tailed) 0.000
gLAI. Pearson Correlation 0.888**
Sig. (2-tailed) 0.000

Another Pearson correlation was established ambegvéariables after calculating the yield by essdfitig a
regression model from sLAkpvy, and gLAI variables, and calculating it from reggien model of Eq.2. With
regard to the obtained results, as it is has beditdted in table 9, we can conclude that thera sgnificant
relationship between s.Yeilgbyy and s.Yeildg 4y index with the measured yield at the level of P800 and this
index has more correlation coefficient than thavthier variables with gYield variable.

Table9: Correlation between s.Yeildg.ai, 9.Yield, s.Yeildvi), S.Yeildnai. Rep.Yield n=30

s.yeildgiay | g.yvield | s.yeilghay | Rep.yield.
s Yeild Pearson Correlation 1 0.990%* 0.887* 0.955*4
: @A) 17 gjg. (2-tailed) 0.000 0.000 0.000
g.Yield Pearson Correlation 0.990** 1 0.870* 0.972*4
) ) Sig. (2-tailed) 0.000 0.000 0.000
s.Yeilduou P_earson _Correlation 0.887** 0.870%* 1 0.815*}
) Sig. (2-tailed) 0.000 0.000 0.000
Rep.Yield Pgarson _ Correlation 0.955** 0.972%* 0.815*} 1
) Sig. (2-tailed) 0.000 0.000 0.000

**Correlation is significant at the 0.01 level (2ited).

In simulating crop growth with a process-based rademparison between the model output and the umeasent

is an important activity to test the model accuraog locate room for further improvements. The cargon is

often based on correlation between the calculatednaeasured values, and regression of measuredlcuated

values. When Kiniry et al[11] compared measuredsamdilated yields of maize for 10 yr from 1983 892 at nine
locations in the USA, measured yields were plotegghinst simulated ones, the correlation coefficiests

calculated, and regression lines were fitted. Hais been common practice in the comparison betwalenlated

and measured values [5,19]. In this approach¢tieelation is a criterion of the predictive acayaf the model
along with the requirements for the regression (iree, the intercept is not significantly diffetefnom zero and the
slope is not significantly different from unity)tefistical testing of these requirements for thgression line has
been established.

Table. 10 Measured and simulated wheat grain yield in study area

Year measured(Mgha?®) | Sim;(Mgha?) | Simy(Mgha®) | SE; (%) | SE» (%)

Mean 1.11 1.204 1.265 1.11 1.65
2009 RMSE - 0.15 0.18 - -
(n=120) | MSD - 0.02 0.03 - -
SDSD - 0.001 0.001 - -

Mean 1.02 1.130 1.140 1.02 1.38
2009 RMSE - 0.14 0.19 - -
(n=30) [ MSD - 0.02 0.03 - -
SDSD - 0.001 0.001 - -

RMSE between sLAk. & gLAI = 0.32

The production rate of dry land wheat per unit anghe study area was obtained in three ways:
A) Ground direct measurement by the researcher
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B) Using the product Model and gLAl.
C) Using the product Model and sLAI. (Of coursécalculations for both parts was done (n = 12@ & 30).

It shows that these two are well-matched and theuanof the RMSE was two times 0.21 which is rapgesented

by the Global Terrestrial Observation System (GT@8) Global Climate Observation System (GCOS). This
amount is acceptable for the threshold performémee -1 to +1 and for the optimum performance @ir-0.5 to +
0.5 [14]. Validation results showed that the prdadmodel was satisfactorily evaluated with accure®y.for the
validation of the product model, the measured pcbdnd product model were compared. The resultsliapayed

in Table 10. Validation is taken here to mean chegkf the model’s outputs are sufficiently closethe observed
data and if the model works with totally independdatasets: that is, it accurately predicts yi@ddte et al., 1996).
Validation is an essential process for models thra applied, with predictions used to replace goftld
measurements [14].

CONCLUSION

The results of the measurements and calculatioowest that the estimation accuracy of yield modeldseptable
and can be used for estimating dry land wheat énstiudy area. The rate of RMSE model under estimatias
equal to 0.15 Mgh&(n=120) and 0.19 Mgha(n=30), which indicates good accuracy for farmyegr in the study
area and indicates that the model with both vaegblf sSLAI & gLAI are accurate enough to estimatedpccts. As
shown in the above table, by replacing gLAI by sLiAl(Eg.3) the rate of simulation error reachedhfré.11
percent to 1.65 and from 1.02 to 1.38 percent 426=& n=30, respectively. It also shows that wheAlswas
Used instead to gLAI (at n=120) the rate of simialaerror did not change significantly (from 1.11%.65 percent)
and there was about 0.36 difference at n=30 iremf1.02 to 1.38 percent. Besides the, mean siioolarror
increased about 0.36 at n=30 and 0.55 at n=120.

To measure the overall deviation of the yield mptled MSD for the study area was calculated. ThédM8lue
(n=120) was higher when the model used sLAl (0.8620t03) and was the same for n=30. When usingvtbe
different types of LAI input resulted in similar lugs for SDSD. Finally, this study shows that thd-based yield
model can be used for estimating wheat dry-landatayer region. The model can estimate wheat critip avmean
simulation error of less than 1% using gLAI or sLAI
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