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Potato Yield Estimation Based on UAV Remote Sensing Images

ZHANG Binbin, WEI Qiaorong, YIN Yanbin, LI Ruodan, LI Shuangyu, ZHANG Jing, SHI Ying*
( College of Agronomy, Northeast Agricultural University, Harbin, Heilongjiang 150030, China )

Abstract: The accurate prediction of potato yield plays an important role in ensuring food security. In order to obtain
potato yield information quickly and accurately, an unmanned aerial vehicle (UAV) with a visible light camera and a multi-
spectral camera were used to collect RGB and multi-spectral images of potatoes at the bud flower, early flowering, full
flowering and late flowering stages, and potato yields were recorded at harvest time. Based on the RGB and multi-
spectral image features, correlation analysis was conducted of potato yield with RGB index and vegetation index,
respectively, and the top five spectral indices with the highest correlation were selected as model input variables by
combining the sample size. Finally, multiple linear regression (MLR) and random forest (RF) were used to construct
estimation models for different growth stages and the whole growth period, and were compared to select the optimal
model for potato yield estimation. The combination of RGB index and vegetation index improved the estimation effect of
potato yield, and the inverse effect of the multiple linear regression model was better than that of the random forest
model. The estimated effect of final yield from high to low was: full flowering > whole growth period > late flowering > early
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flowering > bud flower. The optimal model for estimating potato yield was the MLR model with the combination of RGB

index and vegetation index as model input variables at full flowering. The test set R* and RMSE were 0.77 and 0.64 kg/m?,

respectively, whereas the validation set R*and RMSE were 0.68 and 0.56 kg/m?, respectively. The results would provide

technical support for accurate agriculture quantitative research.

Key Words: potato; UAV remote sensing; yield; RGB index; vegetation index
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Note: Test site location. The red circle with x is the position of ground control points (GCPs) measured by real-time kinematic (RTK) GPS; and

the black rectangle represents the sampling position of experimental materials. The purple rectangle represents the planting position of variety 'Dongnong

314'; the blue rectangle represents the planting position of variety 'Dongnong 317'; the yellow rectangle represents the planting position of variety 'Dongnong

321'"; and the brown rectangle represents the planting position of variety 'Dongnong 326'.
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Figure 1 Deployment of the pilot area
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F1 JAEHEEAE

Table 1 Fertilizer application rate of various treatments

gt i 3 (kg/hm?)
Treatment Application rate (kg/ha)

N P,0s K.O
NO 0 138 75
N1 75 138 75
N2 150 138 75

1.3 ZEAVEBREERE

368 FH Matrice 300 RTK Jo A KL (R T K 58
BUHTRHE AT BRA FDAE N TE AN IR, R
S G R BE, RERZBBEATE X ANE
SEIERAA T B I AP RGB A4 . L ANLEE
# 1 RGB A HL A K 4 4 B P1(ZENMUSE P1)RGB
LRI REREIH R A R AR, 215
HLA MS600 Pro 6 i i Z 6T AIAL (K6 E R (5 84
REGELEBRA ), FIEF—B KR, HA

FE Y SCSER AT LU R X 2 061 R AR A T G R
1E . MS600 Pro 22 5t AHAIL 2 Fi K I Al ok e rprogs
KA SR AN ER 2 Fs .

BT O E I (20224E6 A 22 H) . W)
HA(20224E7 6 H) . BEAEIA (202247 J1 21 H)
AL (2022 4 8 J1 6 H )4 4~ ek AE 7 i k£
TN GRE ., Hh, TAPMLRL . 08
B AR A4 il 4 59 29 4 DJT Ground Station
Pro APP(RIITT KEREUHFHL A R AR . AR5
PR AERT, AN AT B G AR R, R
JERRREE . BEE = W RS Tkt ©ATHE
[l #E 4102 00~12: 00, [F]Hsf Sk B dg 3 5 B A
MEREE, KL mERERNISm, HinEE
£ 80%, 55 IMEEET0%, SFHFRIFmINME, ik
B, CANLME K 10.8 km/h, FARREFE A 1 s,
Xt F LT AR R BN, T A CAHLE K2 AT,
XM, T 2 )5 RS IE .

&2 MS600 Pro % SEiE NS HUR AR X B by K B R 5

Table 2 MS600 Pro multispectral camera parameters and gray plate reflectivity to its central wavelength

B B4R HL K (nm) P 5% (nm) YRS

Band number Band name Center wavelength Wave width Gray plate reflectance
1 ot 450 35 0.61

2 5 555 27 0.60

3 A0 660 22 0.60

4 arih 720 10 0.61

5 213k 750 10 0.61

6 i/ 840 30 0.60

14 FTAHRGB KA HE

F| FHI Pix4Dmapper X} Jo AL RGB 5214 51 7 &4
Pz, 0, FHARPLER B 2 n e iy 2 e 14
SRR POS Bidis UL H W1 R 5| 5 A BUR B b
PRER 4 Pix4Dmapper H o SRJ5, WHEMKCALIRRS
B, SRS ARER . AR b PR i A
FONFHE, SR SRR AL bR g —,
A BRI X R SRR . T R S
W AEL ) el S22 S SO, A T S T 4 v AR A
Dps R0 PR, A 30 78 B2 IR RGB 4 B0 A1 H]
ENVIZEAT T L3 SR 508k .

L5 EANSHEZBRLE

B RN 28I 2158 1 Yusense Map F{4 i
ITAab3, AbEEE IR UL 348 (1)iEd RN
B OPS B T/, i s~104 LA MRFREEIER,
TEARNLS B B P ez vh =il it . A sl i %
TAE, 2B ARPLSEL, A SR e Y
BNE M | BB HE; (2) i as T = il AR
W DSM ., FLR IEST AR . BRI OE SRS R
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ENVIHFT 13885 5500
1.6 RGBI5#IRE

DR RGB 2453 5 A EN VLI 8 R 40 21
i, Bl S S ERA/DXA, fH ROI(Re-
gion of Interest) T AR AT W™ XIEEIE | kb il
GO B A OB DX IRURE I T 3t g ) ke TR s >R fg s
M o3 AR HCEEAS /N N RGB 2 Bt DN B, FHF
RGBIEEHHE . A B B U AR I S BN [ R 1Y
oM, XFRUEE: . GUEBF BB DNAE, 2 5%

RGB AR BRI, 05 S BUE: A/ X e J2
SFA LA DX BT Rl REE PN BT A5 3R 3 S R
PERZ/ X 30 J2= O, T AR A K
W, T RZEHE KRBT, EE10F0E WK
MR, TSR SR i s st
AR SCHR AN 2 4 T/

%3 RGBIgHILE
Table 3 RGB index summary

MR (1)~(3)BEF FIE— oAb 2™, ROBHEC Tt 2
RGB index Formula Reference
r=R/(R+G+B) (1) v 1= RI(R+G+B) 21]
g = G/(R+G+B) (2) . ¢= G/(R+G+B)
b = B/(R+G+B) (3) b b = B/(R+G+B)
KA. R, G. BB RCGBAZM DNE, r. VARI (g=1)/(g+r=b) [22]
g bR — 105 EUE . JE TR AR, CRVI (g=r)/(g+r) (23]
YEHCT 2R RGBSR, T s ifm,  MORV i) 24
RGE ?5‘%5(11[]2%3}5)?/%0 RGBVI (g=rxb)/(g’+rxb)
EXG 2g-1-b [21]
1.7 ZHEEHISEHIRE BCI bl [25]
FEL Y 5 B0 B R A 5 2 A I B i s e BRI bir
R HAE . LPEedE LA G, TRAR R GRI gl
B, TR SO A R E D S5 Mde B el ~0.5[190(r—¢)~120(r-b)] 26]
F4 HEEEHLCE
Table 4 Definitions of vegetation indices
TEBEHE 2L A 275 3k
Vegetation index Formula Reference
IH—fb R #EHR ZL(NDVI) NDVI=(NIR-RED)/(NIR+RED) [28]
o) — LB AR E(GNDVI) GNDVI=(NIR-Green)/( NIR+Green) [29]
LA R £ (OSAVD) 0SAVI=1.16(NIR-RED)/(NIR+RED+0.16) [30]
A& TE M4 WU S R A R 2L (MCART) MCARI=[REG-RED-0.2(REG-Green) JREG/RED [31]
e (% 1 PR ELAE S B (MSR) MSR=(NIR/RED-1)/(NIR/RED+1)"* [32]
LLM 2R R Cle) CIre=NIR/REG-1 [33]
TEVI RS HE 2L (NRIL) NRI=(Green-RED)/(Green+RED) [23]
2130 — AL AE AR EC(NDRE) NDRE =(NIR-REG )/(NIR+REG) [34]
213k B LA S E (R V Ived) RVIred = NIR/RED [35]
WU B A g AR B (EV12) EV12 =2.5(NIR-RED)/(NIR+2.4RED+1) [36]

1.8 B HE

FEBOR AR A TAG I

K FH Bz oK b #H & & %L (Pearson correlation
coefficient ) e iy 7= & 5 M6 FE BB A e e . 7EAH
K RBOGEM b, DO R R S A e TR

AL 56 v BIr A 42 15 B Sy 22 50 4R A [l )]
(Multiple linear regression, MLR) & 71 F1 Fi A1 #f Ak
(Random forest, RF)BIRI, i Z 504 4 [l - 7Y
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ARG IRE ST . I GETHEAR TR A (4)~(5) Br
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g Dy 7Y

Doy=y ) (4)

RMSE = (5)

Ay SEIE, 5 O BE, ¥ o S
PPEBIE, n A REA R

2 HERGA4

21 FERESH

PR BIEEAEAR IR ST IR S R . DR
ANTR] it AR B N [ R L RS [ e AN TR it
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PR . ZAE 2R OGO R, (HAEW) AL A%
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KEAANEF . TEV AL, r. VARLI. GRVI,
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0.46. 0.43. 043, 046, 7£0.01 K F & E; o
RGBVI, EXG. GRI. TGI5/=& i3 & 555
0.37. 0.38, 0.37. 0.42, 0.36, 7£0.05 /K I &
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AR RN R . 7RI, BGL, BRI Y™ &
A R B0 5 -0.37 #10.38, 1E0.05 K 5%
b 5 R R EUAA-0.07, MR, XX
FARE; HAMRCBIGE S )" mAHK L R REL
FTE0.01 KV E 2, Hph MGRVI 5/ mAHXK R
B, 059, TEAAEM, r. VARL. GRVI,
MGRVI, BRI. GRI 5™t & & %053 514 -0.56
0.55. 0.52, 052, 0.52, 0.51, 7£0.01 /K | &
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FHAE0.01~033, HXKRARE ., TERLEFM,



+504

W AR 3T, 6, 2023

{4 BRI 77 fAH 56 R AE 0.01 7K F K 31 i 257K
W, MHRFRECN0.50; v, b EAHKKLFRTLE0.05
KA Ik B K-, A OC R -0.35
0.34; T HA RCB I8 E S 77 i AH ¢ R A £ 0.01~
026, MXKEARE

LA, TEAEH WA A RGB 18805 3L
5y AR, IO B m AR
Hrfr, VARI. GRVI. MGRVI, BRIi% 5/ RGB7§
B4 T A B B i S R B E M
KRKFR

x5 DRIEFERARFESRIT
Table S Statistics on characteristics of potato yield samples
AL R/ME L INIE] HfE i fi 2 5 A (%)
Sample size Minimum Maximum Average Standard deviation Coefficient of variation
36 1.99 5.73 3.64 1.01 27.7
6 a 6 |
s Sk
- =
= = 4l
2 4 -
- xfxé % aA A =
Eoal e 23 bB
> =
-’ i
o, o2k
PR L
1
1L
/i /i |
0 R 314 KA 317 A 321 46326
NO N1 N2 Dongnong 314 Dongnong 317  Dongnong 321  Dongnong 326
=
.8
>~
E
Iy
=)
b
LN

Dongnong 314 Dongnong 317  Dongnong 321  Dongnong 326

e a FORIEARER/KE T SR8 E - BSE, b RS AL B S S0E . o FR ARG EAL I N 25 SR AL e Se g, AR A
FARRVING F IR S T4 IR AE 0.05 F10.01 /K F-22 57 52, AP £ 8 USSR A /N 25 22800 (Least significant difference, LSD).

Note: a. indicates the measured yield of potato at different nitrogen application rats. b. indicates the measured yield of different genotypes. c. indicates

the measured yield of each genotype at different nitrogen application rates. Different lowercase and uppercase letters above the bars indicate significant

differences at the 0.05 and 0.01 levels, respectively, as tested using least significant difference (LSD) method.

B2 AR&MEARERLERETIN>E

Figure 2 Measured yield of different varieties at different nitrogen application rates
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Note: * over the bar graph indicates significant correlation at the 0.05 level and ** indicates significant correlation at the 0.01 level. The same below.

E3 AEEBEHRGBIEHSFEMHEXRY

Figure 3 Correlation coefficient between RGB index and yield at different growth stages

222 A TRGBYGHIEMY LAE > F/HELRR
EOR k= TR a2

BT RGBEEC S it MG HE M 2 BT, 43 il HE
By AN A B A R 7 R DG A s
5 RGBIEEE N B AR, DDA E ™8 FH AR
T, SR ong N [ml ) A BEA AR AR 40 ) F i PR
W, WIAEW) . A . KAWL e T I
AT TN

(7] — ARy s AR AN [ A W) ™ B 1) S TSR
FEEESE, [F—A4F W R A R B A [H]
(£6). MW, X TEMALE, MLREIRDRS S
KT REEES; XPFIUELE, MLRACE® R, RMSE
BT REBERL; BREAL 1 P e REOY RN, T
PLUERR TN i . AERIAEHT, MLR AR EE B I
B UE A TEM PR bR 5 T REBEIRL, MLR #1A15
EERDUE REBCH 0.26, /NT0.66, JoikXf~ witfr
T . AEREAEHA, RF AT AR B % T MLR £
R, TR UE NS AR T MLR AR Y 75 o 455 750 56 1F
LR, ANEEX T RS TI AL, X
TS, RFEIE R & T MLR AR, RMSE KT
MLRAEH ; X THAEAE, MLR A R FI RMSE #75
T REBLRY; PR RIGGIEEE R 20514 0.47 . 0.38,
TCEAER TIN5, 7EA B, REBRIEAR 4L 1

B UEARAG BE 24 i T MLR A, Hirp RF 15280 IE AR
R*. RMSE 35124 0.49. 0.65 kg/m*, XS~ ia ik
i, Zi5 kA, 7EAH RGB 8 BCmi - i i,
LR F WP RMBI R AN B I8 B0 BT () T RCR -
MCRF . MLR #5254 7 ¥ 00 R0 S0 46 9 56 3R
(4, E5)ATLAIMESR, AR i 1 2
AR ILA RO, (EX T A /M R A T
PR A TR AN (] i B0 50 s A [ A B v Ay TG A

F6 ETRGBREGHEHEN ™8R EHEIAZEIE
Table 6 Construction and validation of yield inversion

model based on RGB image features

ARy s ER=p:t| plEz s I R4E
Modeling Growth stage Training set Validation set
methodology R? RMSE R? RMSE
(kg/m*) (kg/m*)
MLR PRI 033 0.93 032 082
WILEH 0.39 0.89 026 085
AR 0.67 0.67 044 074
26 0.30 0.96 047 072
S H W 0.33  0.93 026 0.85
RF AW 045 0.77 031 075
WIAEH 0.38  0.82 022 0.80
AR 0.74 0.53 0.14 0.84
ZAe 0.46 0.77 038 0.71
L HE W 0.69 0.58 0.49  0.65
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Figure 4 Relationship between predicted and measured yield values of a random forest (RF)
model based on RGB image features
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Figure 5 Relationship between predicted and measured yield values of a multiple linear regression (MLR)

model based on RGB image features
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Figure 6 Correlation coefficient between vegetation index and yield at different growth stages
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Table 7 Construction and validation of yield inversion

models based on multi-spectral image features
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Figure 7 Relationship between predicted and measured yield values of random forest (RF)

models based on multi—spectral image features
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Figure 8 Relationship between predicted and measured yield values based on multiple linear regression (MLR)

models with multi—spectral image features
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Table 8 Construction and validation of yield inversion models based on

the combination of RGB and multi—spectral image features
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Figure 9 Relationship between predicted and measured yield values based on

random forest (RF) model combing RGB and multi—spectral image features
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Figure 10 Relationship between predicted and measured yield values based on multiple linear regression (MLR)

model combining RGB and multi—spectral image features
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