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Figure 1- Fields and sampling sites in standard virtual color composite image of Shahrekord county,
Chaharmahal and Bakhtiari province.
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Table 1- Applied vegetation indices in the study and corresponding equations.

A sl el slas &
Vegetation Indices Equation Reference
el e Lol Al asls
Normalized Difference Vegetation Index (NIR-RED)/(NIR+RED) (52)
(NDVI)
e ek o ol alS e ls
Green Normalized Difference Vegetation (NIR-GREEN)/(NIR+GREEN) (19)
Index (GNDVI)
S TR NIR/RED (45)
Ratio Vegetation Index (RVI)
S 5 a8 =L
e [(NIR - RED)/(NIR + RED + 0.5)] x 1.5 (30)
Soil Adjusted Vegetation Index (SAVI)
S s ol e alS sl
Optimized Soil-Adjusted Vegetation Index 1.6*(NIR-RED)/(NIR+RED+0.16) (50)
(OSAVT)
S L el POl LS jaxls
Modified Soil Adjusted Vegetation Index ~ ((Z*NIR+1)-((2*NIR+1)"2 - 8%(NIR-RED))"0.5)/2 (48)
(MSAVT)
, P AL e NIR-RED (12)
Difference Vegetation Index (DVI)
ol JLG_}.: A)LUJ yw JAS U‘Q}L‘;'
Renormalized Difference Vegetation Index (NIR-RED)/(NIR+RED)"’ (51)
(RDVI)
ok ol als L
e as (NIR-1.2*RED)/(NIR+RED) (44)
Modified Vegetation Index (MVI)
s (NIR? - RED) / (NIR? + RED) (26)
Nonlinear Vegetation Index (NLVI)
ol Mol ssle Ces
T (NIR/RED-1)/(NIR/RED)**+1) ®)
Modified Simple Ratio (MSR)
. 3 . L.:l
Fr PSS e (NIR/GREEN)-1 (20,22)

Green Chlorophyll Index (Clgreen)

Al e oB S 303 Osle 5 s 5 o3 Ossle al o 303 Sladil e seis 4 5 4 SWIR ; NIR Blue Green Red wls #

*The words Red, Green, Blue, NIR, and SWIR mean red, green, blue, near-infrared, and short-infrared bands,

respectively.
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Continuation of Table 1- Applied vegetation indices in the study and corresponding equations.

Jaltf sl el

Jslee

&
Vegetation Indices Equation Reference
P s
e o GREEN/RED (61)
Greenness Index (GI)
ol 5L (kY =L
kA e 2.5%((NIR-RED)/ (NIR+6*RED-7.5*BLUE+1) (31)
Enhanced Vegetation Index (EVI)
B L§ . Lw
S A 2 0.5[120(NIR-GREEN)~200(R—GREEN)] (7)
Triangular vegetation index (TVI)
A e 0dd b JOE el
Normalized green red difference index (GREEN-RED)/(GREEN + RED) (55)
(NGRDI)
o pslie ALS asls (NIR — RED — (BLUE — RED))/(NIR + RED — (BLUE a1
Atmospherically Resistant VI (ARVI) —RED))
S pslie S Lals
Visible atmospherically resistant index (GREEN-RED)/(GREEN + RED-BLUE) 1)
(VARI)
U iy aels Jols Lasls
Wide Dynamic Range Vegetation Index (0.1*NIR-RED)/(0.1*NIR+RED) (19)
(WDRVI)
555508 S5l asls
RID SRS o 1/GREEN + I/NIR (23)
Carotenoid Reflectance Index (CRI)
Sl 4 olas b 6K, Lasls
Structure Insensitive Pigment Index (NIR-BLUE) / (NIR - RED) (46)
(STPI)
oS (g m S5k s
Plant Senescence Reflectance Index (RED-BLUE) /NIR (41)
(PSRI)
okt s Js S ol SUSL el
Transformed chlorophyll absorption 3*((NIR - RED)-0.2*(NIR-GREEN)*(NIR/RED)) @27
reflectance index (TCARI)
ok by Jols O Laxls
Normalized Difference Water Index (NIR - SWIR)/(NIR + SWIR) (6)
(NDWTI)
ok oy L s IS 6l ) s ol
Normalized Pigment Chlorophyll Ratio (RED-BLUE)/(RED+BLUE) (46)

Index (NPCI)

Al o 0B S 503 Osle 5 S35 303 Ossle ol e 303 Sladils psgie 40 o554 SWIR 5 NIR Blue Green Red wlos =

*The words Red, Green, Blue, NIR, and SWIR mean red, green, blue, near-infrared, and short-infrared bands,

respectively.
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Table 2- Statistical characteristics of wheat biomass at sampling dates.

&b ";/Ijlj ;i:; L;/;;: She Sl (Ao 33) i g o0
Date g.m'2 Std. Coefficient of variation (%)
2017 04 20 31 90 198 39 43
2017 05 22 253 547 801 128 23
2017 06 23 347 743 1298 188 25
2017 07 25 549 1256 2106 356 28
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Table 3- The coefficients of correlation of vegetation indices studied with the wheat biomass.

A sl el

vegetation indices 2017/04/20 2017/05/22 2017/06/23 2017/07/25

NDVI 0.5648 0.8114 0.6094 0.3740
GNDVI 0.5694 0.8057 0.6670 0.3691
RVI 0.5663 0.8076 0.5951 0.3751
SAVI 0.5277 0.7837 0.6139 0.4307
OSAVI 0.5478 0.7989 0.6114 0.4023
MSAVI 0.5200 0.7829 0.6142 0.4429
DVI 0.4824 0.7519 0.6132 0.4629
RDVI 0.5305 0.7858 0.6142 0.4370
MVI 0.5648 0.8114 0.6094 0.3740
NLVI 0.4960 0.7965 0.6147 0.4565
MSR 0.5655 0.8118 0.6023 0.3745
Clgreen 0.5701 0.8053 0.6644 0.3695
GI 0.5502 0.8141 0.4589 0.1833
EVI 0.5342 0.7910 0.5951 0.4346
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Table 4- Comparison of statistical indices for prediction of wheat biomass by two models multiple linear regression

(MLR) and ANN.
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