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Rice Yield Estimation with Vegetation Index

Using Multispectral Imagery from Unmanned Aerial Vehicle
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Abstract: Multispectral high - resolution imagery from unmanned aerial vehicle (UAV) of rice (Chai Nat 1
varieties) in the research plots at Mae Hia Agricultural Research, Demonstration and Training Center, Faculty
of Agriculture, Chiang Mai University was analyzed spatially to crop spectral parameters with a program
of geographic information system (GIS) in terms of three vegetation index (VI) including two physical
collaborating parameters. These parameters were developed collaborating with the rice yield data from crop
cutting as the models in terms of simple and multiple linear regression equations to estimate rice yield
in experimental plots. As a result, found that, the most reliable model was developed with all crop spectral
parameters from unmanned aerial vehicle (UAV) in terms of multiple linear regression equation that
is'Y = -430.86 - 5108.88X, - 447.9X, + 2751.09X, + 282.36X, - 254.2X_ with the most determination coefficient
of 0.879. In conclusion, the model can provided closely rice yield estimation with observed yields. It can be

usefully implemented to predict rice yield at the plot level.
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Red - NIR

Figure 1.
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ArcGIS 10.5 @un19ANN ) A4 Table 1

Photogrammetry with UAV ]

| Conceptual Framework |

| Spatial data derived from UAV |

Data file conversion

- Red (R), Green (G), Blue (B)/ 16 bits
- Near Infrared (NIR)/ 32 bits »
- Digital Surface Model (DSM)

- Aerial photography with UAV
- Ground Control Points (GCPs) ‘
- Coordinated Systern
- Mosaicking & Band separation
Rice yield observation ‘

> 48 plots Crop cutting
> Yield weighting

Model development

- Red (R), Green (G), Blue (B)/ 8 bits
- Near Infrared (NIR)/ 8 bits
- Digital Surface Model (DSM)

Image Processing J

Simple & Multiple Linear Regression
with rice yield data of 20 plots

‘ Model validation

> Yield calculation

(Response, Y)

to validate with rice yield data of 28 plots

Multiple Linear Regression

‘ Model Prediction

Multiple Linear Regression
to predict rice yield for 5 plots

I Spectral parameters from UAV I

NDVI, GNDVI, TGI,
Canopy Cover (CQ),
Plant Height (PH)

- (Predictors, X, —X;)

Figure 2. Conceptual framework of the research

Table 1. Spectral parameters derived from two digital cameras with UAV

Cameras Parameters Equations References
Rouse et al., 1974,
_ 1
NDVI =NIR-Red/NIR + Red Thompson et al., 2015;
Multispectral GNDVI — NIR— Green / NIR + Green 2 Gitelson et al., 1996;
Hunt ef al., 2011
no. of crop pixels in AOI
= - - 3
Canopy Cover (CC) overall number of pixels in the AOl ™ {ynt et ar, 2011
Triangular Greenness Index = Green- (0.39 x RED) - (0.61x Blue) Hunt et al., 2011
RGB (TGI)
Plant Height (PH) = (Crop canopy - Soil surface) Malambo et al., 2018

Remark ' NIR and Red are pixel values in near infrared and red channels, respectively

2 . . .
Green are pixel values in green channel / 3 AOI is Areas of Interest
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2. AHaNART12lunla9nAaad (Rice yield
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1 a v 1 1 v
Ananandasalslunlamaaadldain

(33

3Rnnsrauaafinifen (crop cutting) Imﬂmmimu
%’@Hmumuw 3 $unAN WA, 2561 U ufiaunn

b

e B ) -~

Figure 3. Map shows (1) Normalized difference vegetation index (NDVI), (2) Green normalized difference

vegetation index (GNDVI), (3) Triangular greenness index (TGI), (4) Canopy cover (CC), and (5)

Plant height (PH)
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889.63 Alansusals (LL‘lJ'Z\N‘ﬁI 35) mm%m%q‘ﬁquﬁ'qm
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Table 2. Rice yield estimation (in the stage of model development and validation) with spectral parameters by

multispectral high - resolution imagery from unmanned aerial vehicle (UAV) in November 7, 2018

Rice yield (crop cutting)

Rice yield estimation

Group Plot Residuals
(kg / rai) Kg / rai
1 1 1,340.64 1,392.11 -5147
2 1,362.68 1,458.29 -95.61
3 1,368.94 1,403.69 -34.75
4 1,508.69 1,463.78 4491
5 1,454.19 1,463.60 -9.41
6 1,590.92 1,518.81 7211
7 1,238.79 1,227.82 10.97
8 1,344.12 1,402.33 -58.21
9 1,359.44 1,268.14 91.30
10 1,217.96 1,241.90 -23.94
11 1,545.41 1,491.67 53.74
12 1,359.02 1,417.50 -58.48
13 1,301.75 1,337.44 -35.69
14 144147 1,422.81 18.66
15 1,312.84 1,274.16 38.68
16 1,344.92 1,319.06 25.86
17 1,378.96 1,380.98 -2.02
18 1,322.58 1,351.85 -29.27
19 1,510.03 1,463.01 47.02
20 1,230.08 1,234.48 -4.40
2 21 1,433.58 1,390.28 43.31
22 1,235.70 1,431.38 -195.68
23 1,475.84 1,295.68 180.16
24 1,628.74 1,250.46 278.29
25 1,090.72 1,416.73 - 326.01
26 1,074.83 1,423.23 - 348.40
27 1,500.95 1,453.95 47.00
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Table 2. Continued

Rice yield (crop cutting)

Rice yield estimation

Group Plot Residuals
(kg / rai) Kg / rai
27 1,500.95 1,453.95 47.00
28 1,146.11 1,453.10 -307.00
29 1,5650.28 1,287.53 262.76
30 1,204.91 1,342.84 -137.93
31 1,5637.88 1,297.34 240.53
32 1,231.02 1,393.14 -162.12
33 1,904.58 1,390.06 514.52
34 1,111.26 1,371.87 - 260.61
35 1,034.46 1,378.72 -344.26
36 1,334.53 1,427.57 -93.04
37 1,311.14 1,450.61 - 13947
38 1,510.56 1,316.54 194.03
39 1,708.48 1,357.41 351.07
40 1,247.92 1,366.21 -118.29
41 1,235.77 1,413.92 -178.16
42 1,140.98 1,299.09 - 158.11
43 1,553.49 1,440.86 112.63
44 1,220.56 1,343.56 -123.00
45 1,498.04 1,276.91 221.13
46 1,110.97 1,444.30 -333.34
47 1,371.00 1,208.69 162.31
48 1,790.73 1,408.57 382.16
Average 1,367.26 1,372.17 -4.91

3. HANITWAIRILULANADIUTeNIUNITNANA A
4719 (Model development of rice yield estimation)

1.1 NMSWAUILLLANaaslszurunig
pandandlusluuuannisannasi@aidy
(Model development of rice yield estimation with the
regression equation)

NINITR A UILLLAN889U 72N1U N9
HAKART19A28aNNTnAnee T U199 LAY
WA (simple and multiple linear regression) Aol
AINANAUS IENINAILLUIRBLAUBY (response, Y)
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(GNDVI) 1A% (3) ANATH AN 8L LU AN AL
(TGI) FaNAUANFTILLFF9NN1INBAINTIT12 AD
@) Andndaunisnaguaessudig (CO) uay (5)
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mwgﬂﬁm (model validation) WAZWEINTUNANAR
(yield prediction) fia'ly Tmawwudn ANNTA (4) B4
Wuaunisnanedadunvgn Tnef saudsmay
AU D NANART19 (Y) HAduduAusiumauls
Uszainnunng (X, - X)) Ao ANATHAMNEBINT NI
(NDVI; X,) ANA 10 A2 1N B98N I WITU A 28l
foanAuuasdi@an (GNDVE; X,) Ardaiaanuiden
LA LIRS (TGI; X)) AdadaunisnAg N8

Fudng (CC; X,) ANAINgI183Aui1g (PH; X,) Ae
Y = -430.86 - 5108.88X, - 447.9X, + 2751.09X, +
282.36X, - 254.2X; fiAndutlszAnanissndaula (R
mmm‘wmu 0.879 mnuﬂmmmiwmmuh
aun1sielsruinin1sHandnd1asaula
(modelling rice vield) ‘Luuﬂmwmfmﬂ@:mﬁ 1 ANNANI
§1uam 20 wilae WeuFau i euRuAnanEnd
Fldannnnssautlaaf B andafuduananass
(observed rice yield) WU N19UTZHIUNITHANG B
mq”lmmm‘w 1500.92 Alansusials (wilasht 6)
LL@“’W]ZWWI 1,230.08 Alansusels (wasdt 20) fae
AanARRALT 1,376.67 Hlansusials

Table 3. Regression models to predict rice yield with R2 and RMSE

5 RMSE
Models .
(kg / rai)
Y= 2163.36 + 7981.99X, - 1728.41X, 0.661 75.492 (1)
Y= -530.19 - 5526.26X, + 2989.44X, 0.861 51.146 2)
Y= 420.89 - 786.60X, + 2101.19X, 0.853 52.533 (3)
Y= -430.86 - 5108.88X, - 447.90X, + 2751.09X; + 282.36X, - 254.20X; 0.879 47.909 (4)
Avun L
Y = Rice yield estimation
NDVI = Normalized difference vegetation index (X1)
GNDVI = Green normalized difference vegetation index (X2)
TGl = Triangular greenness index (X3)
CcC = Canopy cover (X4)
PH = Plant height (X5)
Table 4. ANOVA of multiple linear regression with NDVI, GNDVI, TGI, CC and PH
Value df SS MS F Significance F
Regression 5 156427.973 31285.595 9.541 < 0.001
Residual 14 45907.066 3279.076
Total 19 202335.039

201



M5ATINEAT 37(2): 193 - 205 (2564)

3.2 NISNAFAUAITNDNA AIVDN
WUUAIRRIUTENIUNISHANA AL (Model
validation of rice yield estimation)

wuyataasdszuininisnanandialu
sUunuannImanes i udun A An Y = - 430.86
- 5108.88X, - 447.90X, + 2751.00X, + 282.36X, -
254.20X, (R = 0.879) §nUIIMAGDLUAINYNHBY
2a9kULUANA89 (model validation) Taeldauns9nn
n19UszaNUNIIANARARD1Y (modeliing rice yield)
’Luuﬂmwmmn@um 2211494 28 kil ad (Table 2)
TneuFanfaufuananandinildainnises
wlaafiuifandaduAnananaia (observed rice
yield) w191 nwﬂummmammmmimmmw
1453.10 Alansusiels (Llasd 28) uaznanansn
zgmn 120869 Alansusals (uilasd 47) Faeein
naNAMIRALT 1,368.95 Alansusiels lasrneds
AMNNITUITNIUNITHANAR AL ANNIFUANIN
AnRAsRlEaNNNANARA3 (residuals) 8.41 Rlans
fals
3.3 NITNEINTUHANA AT1IALUUUIIRD
(Rice yield prediction with the model)

UNANNITULLANABINITUTENUNNTHANA R

o S oA, > Y
P19 (ANN19N 4) NHIUNITATIRADLAIMHYNFADILLAT

(model validation) 114 lun1smagauniswansad

(prediction) HAKARNATIUDIT 1IN UE TN 114

LLﬂmﬂqn%fJ‘*ﬁ’NLﬁm(uﬂnﬁiﬁqmﬂmnLLﬂmwm@mﬁ
TEN UL LA1289) 2UIA 18 X 6 WAT (108 1914
WAT) AU 5 hlad WA N9UITHIUNTHAKA
%’Wﬂﬁ'ggmm‘ﬁ 1588.78 Alansusials (wilasft 4) uay
ﬁil’f]qm‘ﬁ' 126755 Alansusials (uilash 5) Faepn
NANARLRAYT 1,483.36 ilansusals Tagirnlade
AMNNITUIZTNIUNITHANAR AL ANNIFUALNIN
ARRLTRlAANNLANGRNE (residuals) 96.86 Alansu
sels aeinelsfiany Wufiindannin nananiedsaes
Fanugteun 1 Tumsnmnases (1,367.26 Alaniu
siels) ganduandniednd dudnm izl sednsiug
Feun 1 (740 Alansusia’ls) ﬁ1ﬁ§UNﬁi§’u3@qﬁuﬁ
e 9fuanew 2536 (Department of Agriculture,
1993) ¥t anaifiesann nsnmnluafsiisaiiunig
Tuan1nutladiqn Alndsanaassauadn inns
AAN19ARENITNARLAZNNIAANITUL vt 19N
Use@nann 'ffi\iﬁﬂﬁﬁﬂﬂmw‘lumﬂﬁmawﬁmﬁ”uzg\i
ndnAedavall (Table 5)
Tnauanisdsenrunanandiowug
Feum 1 WAUREUN TR RIS 1ABS NNINAREL
AINgNADY kartszunninisnanand1aluulas
49AEN WULT WUUAA8IU sz INTHANAR ﬁqﬂ
me;ﬁyumnﬁwqﬂﬁLmafmmzﬁﬂuﬁqmﬁu
189N (crop spectral parameters) ananAe 1wl
AUTU (UAV) 3 WAdszuunisuandndaa

Table 5. Rice vyield estimation (in the stage of yield prediction) with spectral parameters by multispectral

high - resolution imagery from unmanned aerial vehicle (UAV) in November 7, 2018

Rice yield Rice yield
Plot NDVI GNDVI TGl CcC PH (crop cutting) estimation Residuals
kg /rai kg /rai
1 -0.0874 -0.0191 05238 0.7829 1.0097 1,296.19 1,429.63 -133.43
2 -0.0849 -0.0442 05406 0.8312 0.8598 1,317.33 1,526.06 -208.73
3 -0.0860 -0.0363 0.5390 0.8047 1.0450 1,474.99 1,469.18 5.82
4 -0.0801 0.0146  0.5807 0.8650 0.8845 1,576.42 1,588.78 -12.37
5 -0.0956 0.0131 04685 0.7172 0.5505 1,267.55 1,403.14 -135.59
Average 1,386.50 1,483.36 -96.86
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InaReiuANaNanase F9a 170 1wl s laml

fpantsnensalaanand1aluseaunladla v
atin9A wananEeanudn nsldiautlsanaesda
yaA AT R TnsTIuAT AN 1B MR AR
wnndmiteA1aziun TR AN e A NTR AN
Uszurmunisuanandusugauanndnnisld
AnFaiifanssetnelneg i aefniaan
(Bai et al., 2016) LL@:Lﬁmq’m‘Luﬂmﬂumﬂ‘hﬂ@ﬁ
antdgulFaudy (UAY) o ldiuestnandneanny
Tudun1snensnssy Anfduiiiauladiuiy
nsWausesan uuUaaes Al Uss@nEninaan
Elq%?u%:mﬂmsmwaqﬂimim@mﬁmimumﬁmﬁ'u°'|
1Funaaidusieldl

a5

Q

ANTWAUILLUANABIAVEATNITIHIAD ST

% , A S o o
NNALY UL AR BYBINTAINB N AsW T AuTY
(UAV) ludnerauzAnaadnanwssas (V) 3 3luuy

LAYANFLLFINNINNEAINIRIT12 2 AN BT L

ANNTUTTNIUNTHANA AT 12 AvafuLlsmnay
@184 (response, Y) A2 HANART1968 l3a Nl ag
NAgaL A UU 20 wias wazianlsdssnaunig
(predictors, X, - X,) A AMN1917imasNNIAsia1T9a
ﬂﬁlummﬁﬂugﬂLLuuﬁw‘TmﬁWmWﬁm (V1) 3
stuuy FanAuAFAaulsfannIanIEnInLa9d19
2 A1 Hldldannisonnesdadunyg e
Uszunmunisnandndng lnafifaulsnesauaes
Ae HaNand19 (V) Jaauduiusdudquys
Uszanmung (X, -X) Ao ANATHAIINE 191D
WEW330s (NDVI; X,) ANATHANNAII1DINTNITTU
FotT09mAULAIA T8 (GNDVI: X,) AAEiAaw
FaquuuaL Ay (TG X,) Ardadaunisiln
ARNIBIAUTA (CC; X,) ANAIINgI1RIA UL (PH;
X) A @ Y =-430.86 - 5108.88X, - 447.90X, +

2751.09X, + 282 36X, - 254.20%, Tl ANd N2 AN

mmmn 0.879 Immimmﬂumm
NsuanGRt1Iaae 1,376.67 Alaniusals aaniiu

nsindula (R

Taunlunagaunaugnias (model validation) fiu

a £ o 1 1
NANARTIA NLUAIF 8819 28 ki ad Wwuan
ANUTTNIUNIINANAAT12LRAE 1,368.95 Nlansu
fald IneA1RALaA NN s NI NANAR A9
ANNTFUAENINANRAEN IFANNNANARASY 8.41
Alansusals wazilatnannisuiuanaaalinennsad

a £ v [ & o v v
pan@and1t1Rugdaun 1lunlasdgndiodng
WA 91101 5 uiae nudn A TNANAR LA
1483.36 nlansusals InaA1@ataINN19lsrdn
NANARGIUANNITUDUNINANRALUDILALRA A
934 96.86 Nlaniumals

neAngsNUsznA

28BLAS TBIAAAIIANTE AT TUINUG
wluas wangiie Nt gAanfuazUgiAans
AUEINHATANARNT HUNANNA LT el ﬁﬂgfm
WAuuziuazaduayudeyanismizdgniig
filulszlondreaidseluaioil LATUBUBLA Y
Eudfigudise andnuazinausuninneng
Wit AouznERIANans annadededlu
@‘Lémmw’@muﬁ’lumsﬁﬁ%ﬂm%ﬁ
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