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6- Green Normalization Difference Vegetation Index
7- Soil Adjusted Vegetation Index

8- Enhanced Vegetation Index 1- Spectral Vegetation Indices

9- Normalized Difference Yellowness Index 2- Biomass

10- Germplasm 3- Normalized Difference Vegetation Index
11- GreenSeeker 4- Ratio Vegetation Index

12- Artificial Neural Net (ANN) 5- Canopy
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1- Simple Linear Regression Model
2- Multivariate Linear Regression model
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Table 1- Thestudied spectral indices for canola yield prediction
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Table 2- Determination coefficient ((.and Root Mean Square Error (RMSE) for evaluated spectral indice

different stages of growth

R ) Caotn ¢ v Caotn Cvo Caotn Oy A{A Cn° 1 E- Chco
I - WE Before flowering Early flowering Peak flowering Green maturity Dry maturity
Index R? RMSE R? RMSE R? RMSE R? RMSE R? RMSE
(%) (ton.ha) (%) (ton.ha?) (%)  (ton.hal) (%) (ton.had) (%) (ton.ha?)
BNDVI 15 1.158 52 0.869 62 0.775 41 0.965 33 1.029
EVI 28 1.068 5 1.231 2 1.251 50 0.888 12 1.179
EVI2 24 1.096 20 1.128 22 1.106 53 0.866 20 1.129
GARI 25 1.091 10 1.195 6 1.219 43 0.948 31 1.045
GNDVI 23 1.102 16 1.152 12 1.176 44 0.937 35 1.014
NDVI 23 1.101 21 1.119 24 1.095 56 0.831 21 1.117
NDYI 2 1.249 45 0.929 73 0.652 32 1.038 24 1.097
MTVI1 28 1.069 41 0.962 59 0.801 42 0.956 8 1.203
MTVI2 21 1.119 26 1.082 32 1.037 49 0.897 18 1.142
RVI 29 1.061 17 1.148 16 1.154 51 0.882 17 1.149
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Fig.6. Simple regression models between canola yieldiratides with determination coefficient {Rmore than

50% recorded
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Table 3- Determination coefficient (tand Root Mean Square Error (RMSEnmltivariate linear regression model
for four bands as inputs
Stage AG 3 3 R*(%) RMSE (ton.ha) Equaton A Oz v %
cawn ¢v

. 34 1.011 Yield = 650 +2.94Green +0.504NIR
Before flowering
o .
Can .C v 55 0.841 Yield = 3177- 6.66Blue +1.250Green +1.091NIR
Early flowering
g .
C . ©! 76 0.622 Yield = 3976- 14.432Blue +6.360Green
Peak flowering
A{ A ,C n 62 0.778 Yield = 8459 +5.25Green- 12.271Red
Greenmaturity
| E.Ch 39 0.981 Yield = 8746- 2.560Green

Dry maturity
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Table 4- Neural networkesultfor modeling canola yield in different growth stages
Layer / Training C Test 0AQ ¢

Stage A6 3 ¥

NH1*  NH2*  R?(%) RMSE (ton.hal) R?(%) RMSE (ton.ha™)

CdWMm ¢v

_ 16 7 59 0.801 2 0.962
Before flowering
M 1A A (o]
cam cv 16 9 83 0.553 61 0.785
Early flowering
flow i}
cam Oy g 8 92 0.461 77 0.612
Peak flowering
A O
A{A Ci 14 8 89 0.493 70 0.682
Green maturity
reen /o
I E- Ch 18 8 65 0.741 60 0.793

Dry maturity

Number ofneurons ifayar2 :+ e, 0 oAjevayo Yowze b £  Number ofneurons ifayarl :6 Cee, U 0AjEYaY0 1w b £

Hidden 1 Hidden 2 Output
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Fig.9. Neural network topology at flowering stage
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Introduction
Remote sensing and using satellite images have been widely considered due to the high speed of
measurement and great area of cover@g@ola is a source of edible oil and its cultivation in Iran and the world
is developingComparing with other cropgsanola, because of its yellow flowers, has a different canopy color,
and only a few researches have been carried out in order to assess the spectral indices for prediction of its yield.
Therefore, the main objective of this research is to evaluate sowrteaspegetation indices to estimate the yield
of canola in different growth stages

Materials and Methods

The study was performed in 202617 in Karaj, Iran. Threeanola farmsvere chosen for the evaluation of
the relationship between yield and somegetation indices derived from the Senti@esensor. The sensor data
were processed in five stages: before flowering, early flowering, peak of flowering, green and dry maturity, and
the vegetation indices were extracted for each of tféms. research wagixel-based and the pixels network of
each studied farm was determined by RTKGBS8ring harvesting time, for measurement of grain yiéilce
samples, four from the corners and one from the center of the pixel, were taken and their average was considered
as the representative amount of the piXetally, 112 pixels from three studied farms were used to calibrate the
predictive models. By sing Simple Linear Regression (SLR) models, ten new and conventional vegetation
indices were assessed. Also, Multivariate Linear Regression (MLR) models and Artificial Neural Net (ANN)
models with four bands, three visible bands and NIR band, as inputs,uaed to predict the canola yield. In
order to validate the SLR and MLR models, theF&ld" method of crossalidation was used, and for the
validation of ANN models, 15% of data were used; 70% for the train, 15% for validation, and 15% for. the test

Results and Discussion

The results showed that, on the basis of SLR models, among the growth stages, the highest coefficient of
determination (B in each of the vegetation indices belonged to one of the two stages: the peak of flowering and
greenmaturity. According to SLR modelgmong the vegetation indices in different stages, the NDYI in the
peak of the flowering stage had the highest correlation with yiélet (F8%). Also, the RVI with 29%, BNDVI
with 52%, NDVI with 56%, and GNDVI with 35% klathe highest Rin the before flowering, early flowering,
peak of flowering, green and dry maturity stages, respectively. MLR models resulted to the best yield predictive
model at the peak of flowering stage? @® 76% for the calibration and?R 73% andRMSE = 0.641 for the
validation). For ANN models, the strongest model achieved at peak of flowering stage % for the
calibration (train) and 8= 77% and RMSE = 0.612 for the validation (test})seems that the results are
affected by yellow flowes of canola, and absorption of blue light by their petals. Therefore, in the peak of the
flowering stage, the reflection of the blue light is more likely to belong to green leaves andT$terafore, any
index such as NDYI, which the blue reflectionsigbtracted in its equation, represents better the number of
flowers, and since the density of flowers is directly related to the yield, the yield will be predicted with more
precision

Conclusions
The results of the analysis of the indices by SLR models showed that the correlation of each of the vegetation
indices with the canola yield, in different stages of growth, has a considerable difference. Based on this model,
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the highest Rin each of theséndices happened in the peak of flowering or green maturity stage, and among
these indices in different stages, the NDY!I in the peak of the flowering stage had the highésally, in both

of the MLR and ANN models, with four bands, three visible Isaadd neamfrared band, as inputs, the best
yield predictive model resulted in the peak of the flowering stage

Keywords: Normalized Difference Yellowness Index (NDYIRemote sensing, Sentinel2 sensor,
Vegetationindex,Yield predidion



