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Estimation of Potassium Content of Potato Plants Based on
UAV RGB Images

MA Yanpeng' BIAN Mingbo' FAN Yiguang' CHEN Zhichao’ YANG Guijun' FENG Haikuan'’
(1. Information Technology Research Center, Beijing Academy of Agriculture and Forestry Sciences, Beijing 100097, China
2. School of Geomatics and Land Information Engineering, Henan Polytechnic University, Jiaozuo 454000, China
3. National Engineering and Technology Center for Information Agriculture, Nanjing Agricultural University, Nanjing 210095, China)

Abstract: Plant potassium content ( PKC) of potato plants is an important indicator for monitoring potato
nutrition status. Obtaining PKC quickly and accurately has guiding significance for field fertilization and
production management. RGB images of potato plants during the tuber formation period, tuber growth
period, and starch accumulation period were obtained by using an unmanned aerial vehicle ( UAV)
remote sensing platform equipped with an RGB sensor, and PKC was measured. Firstly, the average
spectral and texture features of each plot were extracted from the RGB images of each growth period.
Then vegetation indices and texture indices ( NDTI, RTI, and DTI) were constructed based on the
spectral and texture features of the canopy, and their correlations with the measured PKC were analyzed.
Finally, multiple linear regression (MLR) , partial least squares regression ( PLSR) , and artificial neural
networks ( ANN) were used to construct models for estimating potato PKC. The results showed that the
correlations between NDTI, RTI, DTI and PKC were higher than those of single texture features during
each growth period. Combining vegetation and texture indices can improve the reliability and stability of
the model. MLR and PLSR models were superior to ANN. The research result can provide scientific
references for monitoring PKC in potato plants.

Key words: potato; plant potassium content; texture index; RGB images; canopy spectral features
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T B H R B, AT DU 1R
B DR, SRS
SO By B B R Bk R 2RO AR R A )
L2 DR b O A M A I D A R R A
(Plant potassium content, PKC ) X} W5 ] 55 48 22 4= K &
FAROEA E R L, 50 E PKC 5k LLH
[E1) B R 1 BB O 2, DO AR o L 9 i 2 0y, LR
T ARHE ) T . TC AL IE R R ML B M 5, mT DL
TAAE YA T I 7 A S0 e 3 W 45 ol
() A 7 B s R T G AL ST
1 AT LA 3 RGB LIl Rl s il e ki

LU %5 3 0 AL B 06 35 A4 8% 2 A -l £
W 3 ik 42 SR W' 3%, 42 57 i B /)y —3F 0] I ( Partial
least squares regression, PLSR) % 5 | 25 R 0 | 4%
DG FIEL 0 7 0 7K e A bR AR 3R A A B T
Mk, THOMSON 4 4 5¢ % LA T J6 AL 5 6 1%
1 s B St R i 7 ) PLSR B R AT LA A% Ak 3 2 A
Hi¥) 40 4, SEVERTSON 251 il A ML £
DG A OGS S A ROR T kS . UL EE
FE AR PTE mDOCI AL AR b moL ik AU AR R IR
HZEDLEE R E R A% 5 5, 4 B e 52 A BR
il T EAE R A N . RGB AR ML A% 8 4 AL
SR HRE SR 3 A~ By L 1% 45 B, {H DA H AT L3R
15 0 BEARSLAR T ELAN R R B Ak L R A
B R T 3 R TE R B AR

BERES S LT AL RGBAIHL 4 23 ) A
%2024 [l 13 ( Multiple linear regression, MLR) . BP
P28 25 F1 Lasso [m]1H 45 & 5 )2 't 1% 47 AE 5L 5L A 2L
5T D AR A S B S5 R MLR 4 # 1 BE
R . X % B F 6 A WL RGB % 1% A1 H
MLR | 57 35 [a] & HL AN #4825 (Artificial neural
networks , ANN ) 25 &5 18 Bl 45 £ Al 37 D2 B i BB
AR & A WA MLR D7 B Mg e iy o 58
Hi bR R A S R R e MR AR
T RCB AR A RAGE T & /N2 YR, Bk
W55 45 5L B A FH JE A HL RGB AHHLAL B 48 7T DL AT
WG FAEY AR & i FA Y, (H 2 R 2 18 1
JEIE AR B R 45 b iR R AR A R A
S B E R K oy A AR AR B F AR S PR
ZIA 23 156 2, i) LSRR 2 5 80
Ve A K W b R 4 R A R R S
A PG S BE B 4550655 Bl

LU % AT AL RGB 8 1% i 43 5 42 Ok
F O SCREAE B FOK R A AR B A R R, S5 SRR
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O AUREN, S DS B A, 7 —fe e
HE B 5OLE B4 A &R KR A Y = A
(o fERRTE. MA %5 AR AL W3k i )2 RGB 3
B A i, REIATE AL R 3 HF % RGB 5214
e i IBCI) AT B T B8R S0P AR 5 AR AR 7 i 3 A
K, H A REAE B A & SO AR Al S5 AR A8 7 B RUR
4o SRENAEREFRLS EIREY AR, F
ENUNEER N R (EPEIEACR =R CF:i M e R 7/ D5 i N o )
R R, L b R ZETT AR AR TS, T AL
RGB 5 AR 32 UM W 45 RO K 8 L2 J I ( Gray-level
co-occurrence matrix, GLCM ) &0 FRARAE 7] UL 3R & 5 78
EBE TG S S L R B
KAEY AR, C A MU T E S mE T
Ih#% 3% PKC Wb A 5 E— 250

PR, A BIESE LA TE AL JEF 5 15 2 RGB A4 /K
AR, 58 3 A R AR I RGBSR, IR 4R I
HAEF MRS Z OGS R ML S B 455
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58 55 PKC AT HEBURI B0 , IR 20O i R IR 45 &
e S S B # PKC RIS
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1.1 EWigit

SEE T 2019 AEFEIL 5T B OF KON 1 E R
K HEL B 52 7 Y B T Jie o SR Y S48 35 i Rl Ry
ZI(hES)MZ22(hE 3) , ik 3 PELRX, H
TR 3IAEE, PXROFELEX)KE 3 MHE
7K (TO: 60 000 #%/hm”; T1:72 000 #k/hm’; T2.
84 000kk/hm”) ;N X (L5260 IX ) B8 4 D RIEK
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489. 15 kg/hm*;N3.:733. 5 kg/hm’ ) ; K [X ( 8 JE 52 46
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5mx6.5m,
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K H RS8R R 4Pro T AHLIE I &, 43 0l 78
ZIE N B K A B R I R R T &
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WG RI1INTAN ITSERE . ITEHREH
KB 5 A = 48 d # 3 4 Agisoft PhotoScan
Professional (64 bit) £E BB A~ 4 B W BT IE 1R .
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Fig. 1  Potato field location and experimental design
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AHBLA R R HL 2000 Ji PKC = CyuM,, + Cy My, % 100% (1)
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Tab.2 Vegetation indices
[ERIEEES #ik TS || MBS B ik KT 5
R MGRVI (& -r)/(g*+r) [12]
G RGBVI (g -br)/(g* +br) [12]
B NDI (r-g)/(r+g+0.01) [12]
r R/(R+G+B) GLA (2g-r+b)/(2g+r+b) [12]
g G/(R+G+B) CIVE 0.441r-0.881g —0.3856b +18.787 45 [12]
b B/(R+B+G) (g-b)/(r-g) (g=-b)/(r-g) [12]
g+b g+b EXG 26 -b-r [19]
g-b g-b EXR 1.4r-g [19]
r-b r=b EXGR EXG - EXR [19]
r+b R+b IKAW (r=0)/(r+b) [19]
/g r/g GRVI (g-r)/(g+r) [19]
(r-g-b)/(r+g) (r-g-b)/(r+g) [12] VARI (g-r)/(g+r-0b) [19]

RGBS FR 4L BB b o
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TR HS B% H PKC Z 8] /Y AH 5C M , AR SCHE B4 2L
BRRRAE (0 B Alf b 4% PR — b R w48 B (NDVT) (22
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S PKC AR SRR R A 2 19 16 AR
Yo B RS, 56 UE AR RS B SR 00 Bdls o i O vk
A MLR i % /N —. 3¢ ( Partial least squares regression,
PLSR) # ANN, MLR Jg& —Fi 57 (4 [l U 73 47 J7 3%,
RN TSR E bR Z A LM C R IR H AR

22 WU M ST [6) 43 A Y o PLSR & — Fi 28 i i £ 1 [l
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SR, 3 5 O B X 28 Ry A [R) B, ] LAIEAT 2 4%
[l 73 B, DTG S BEFB0 , ANN 2 —Fl 58 T 0 2850
SER R AR Lo /R T v 38 2 A o) Bl P Y R R A
AT AL, IF H AT AR 9 504 1 25 4 #0341 ok B
T b R R AR S
1.7 #EELEMNIERR

h VT R Y I 45 2R A HE A P, SR D E AR K
( Coefficient of determination, R*) 3] )7 #R 1% 2% ( Root
mean square error, RMSE ) 1 #5 #f ¥ 5 R % &
(Normalized root mean square error, NRMSE ) 1 4 #
BURS BEAPA 4845 o

2 HREHH

2.1 HHXMESH

KM Pearson FHCHE T T ARIBEAISHS 5
B PKC Z A Gk, R 3 WITABAEI S
3AER IS PKC AR S 2208 UM BR
IKAW F1(g-b)/(r-g) 5 5% PKC I A § 35
AN, AR PR B 5 B2 % PKC R 35 1
M, HH G.bFr-bFIN0.05 K8 MM
F*,R.B.r.g.g+b.g-b.r+b /g, EXG,EXR,
EXGR.GRVI.VARI . (r - g -b)/(r +g) .MGRVI,
RGBVI NDI GLA Fi1 CIVE 3 19 M #3853 3
0.0 7K 35 PR AH OG0 A DG R B X (B B R Y
WA BE (r—g-b)/(r+g), 0 0.85, HhZEHK
WGH(g-b)/(r-g)5H%%E PKC A B EHHLK,
R.B.r.gb.g+b.g-b.r-b.r+b . 1r/g EXG EXR,
EXGR.IKAW  GRVI . VARI, (r — g = b)/(r + g) .

®3 DREINEFHEFKIERS PKCHEXRY

Tab.3 Correlation coefficient between vegetation index and PKC in three growth periods of potato

PKC PKC
e PSRN BREEHRA BRI A BRI BEERKH wHARY
R -0.54" -0.57" -0.76 " EXR -0.72" -0.82" -0.65"
G -0.31" -0.19 -0.41" EXGR 0.67 0.79 0.63 "
B -0.42" -0.60 " -0.64* IKAW 0. 02 0.59 ** 0.34"
r -0.84" -0.77" -0.68" GRVI 0.70 0.80 " 0.64 "
g 0.59 0.75" 0.59* VARI 0.71° 0.80 " 0. 64"
b -0.30" -0.65" -0.46™ (r-g-b)/(r+g) -0.85" -0.54" -0.65"
g+b 0.84 " 0.77* 0. 68 MGRVI 0.70 0.80 0.64 "
g-b 0.48 0.71* 0.54 " RGBVI 0.53* 0.72* 0.56 "
r-b -0.33" 0.48 0.12 NDI -0.70* -0.80"" -0.64"
r+b -0.59 -0.75" -0.59 GLA 0.78 0.85* 0.67 "
/g -0.69 " -0.80" -0.64" CIVE -0.73" -0.83" -0.65"
EXG 0.59 " 0.75" 0.59 (g=b)/(r-g) -0.17 -0.24 -0.34"

T = KR 0.05 K RFVEMK, # KR 0. 01 KPREWEAME, TR,
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MGRVI ., RGBVI NDI,GLA #1 CIVE 3t 22 4~48 #% 1§
5 A% PKC R BN 0. 01 /K- B E A6 A
K FH A X B I R A Bl S B GLA, y 0.85, €
IR EM v - b 55 4258 PKC AN 235 A5G TKAW
Fl(g-b)/(r—g)FMN 0.05 KW FEMHEHHE, R,
G.B.r.g.b.g+b.g-b.r+b /g, EXG, EXR,
EXGR .GRVI . VARI  (r - g-b)/(r +g) .MGRVI,
RGBVI.NDI.GLA #1 CIVE 3L 21 4~ g ¥ 4 5 & 2
B PKC RN 0.01 KV FVEMSC, HHC R Hde
X e K AR 0 R, 9 0. 76,

WM 4 Fros, —SURRFEE S ZEIE i R —
ent F1 B — hom 5 44 % PKC A 2 4%, G — mean
Fl G —ent I K 0.05 KR EMHFL, R — mean .,
R —var R —hom R —con R —dis R —sec R —cor .G —
var .G — hom .G — con.G — dis .G — sec .G — cor.B —
mean B —var B —con B —dis B —ent B —sec 1 B —
cor £ 20 NG HFRIE 5 B 45 PKC 2 0. 01 /KF
EMAE, HELRBALXTHEKR KK ZE G —con, l
0.79, HZEWEK U G — mean F I N A B FAHH KA,

HARASORIE B RN W E A, Hd R - cor
G —cor BFH 0.05 /KT EPEFMHE, R — mean,
R —var R —hom R —con R —dis R —ent R —sec .G —
var G — hom .G — con.G — dis G — ent G — sec B —
mean B —var . B —hom B —con B —dis . B —ent B —
sec Fll B —cor 3 21 A~ — or BRRAE 5 5 4% 25 PKC
5001 K5 3 PEAH G o AH G 28 B2 W) (B d5c R Y
JER—var fl R_dis, 7 0.82, IEM M EH G — cor,
B — var .B —hom .B —con B — dis 1 R — cor 55 &4 %
PKC N FHMM*%, R—mean R — var R — hom . R —
con R—dis R —ent,R —sec.G — mean G — var .G —
hom .G — con .G — dis .G — ent .G — sec \B — mean B —
ent B —sec fll B —cor 3£ 18 /N — Ly AR AE FE T N
0. 01 7K1 35 PEAH 5 o AH OC 28 8026 X I R 1Y J2
R —mean,}y 0.76, FJEM 3 4~ TIS £ 3 MEFEM
BIZ I g 0. 01 7K 58 25 MEAH ¢, AH 5 R 8048 X {H 1
KT R B — SRR AR AR ¢ R B 4 08, B
344 F ] NDTI DTL A1 RTL #H e £ $o 4 X {E 40 22
AR AR R X R 0. 84 0. 83 F10.78,

*4 DREINEFHLERES PKCHEXRHY

Tab.4 Correlation coefficient of texture characteristics and PKC in three growth stages of potato

SerR e : e BB e
YRR BCEMKN R R PN WKW R REN
R — mean -0.547 -0.57" -0.76 " G —sec 0.45™ -0.73™ -0.48 ™
R — var 0.78 0.82"" 0.40"" G — cor -0.75™ -0.29" 0.01
R — hom -0.41™ -0.78 -0.477 B — mean -0.42* -0.60 " -0.64 "
R — con 0.78 0.81"" 0.39 " B — var 0.66 ™ 0.79 " -0.17
R —dis 0.75* 0.82" 0.43 " B — hom -0.11 -0.71" 0.11
R —ent -0.24 0.74 " 0.49 ** B — con 0.71 ™ 0.79 " -0.15
R —sec 0.41" -0.73 -0.49 B —dis 0.68 " 0.78 -0.03
R — cor -0.75* -0.29° 0. 14 B —ent -0.39* 0.64 " -0.35*
G — mean -0.31" -0.19 -0.41™ B — sec 0.48 ™ —0.60" 0.42""
G — var 0.79 ™ 0.81"" 0.39 " B — cor -0.72* -0.42™ -0.44 ™
G — hom -0.38" -0.78 -0.477 NDTI -0.82™ -0.83 ™ -0.77
G — con 0.79 0.80"" 0.38 " RTI 0.84 ™ 0.83 " -0.78*
G —dis 0.75™ 0.81"" 0.43 " DTI -0.82™ 0.82"" -0.77""
G —ent -0.29" 0.74 " 0.49 **

R — mean /8 R AY mean SHASAE , FHoA e

2.2 D#%ZE PKC iE5WIE

FEEEROR o 3 PR D7 vk 3 3% B O B 289 n 3 A1 gk

3L 3 AN A IR OC FR B A wHE R 3 A4
FEBEHR BRI G 1 3 A5 I A9 TIS Sy dig AR &, 45
4 MLR PLSR FlI ANN #4 @ & 5% 2 PKC 1) fil 53 8L
R, 5.6 451k 3 A4 F I MLR PLSR fl ANN
3 By vk URE B 16 B (VIS) FiRE Bl 45 50 25 & 10 1)
TIS i A 78 & g ASE 0 IE f 25 5. 3 A~ B A
T b Ay 92 M A i B s TS A b g A A
B PKC 8 1 150K A8 w4 BV O g A AR Y

ZE IR Al SRR O T UE A AR TR R R A
T NHLZETE 1 30 30 3 Ay A SR S ASE 760 8 S G B % 947 A
25 . ARRIAL BRI AE 3 A4 F WA o 48 B0 s &
TIS [ £ A5 A5G IE R R & 2 iR, 3 A E
MLR Fl PLSR ) #E R F1 56 UE 25 SR ¥ 08 T ANN,

AN T) A 7 3 v 45 S H R 08 B R e 25 1 K
fl RO BT, B FEAR R AT AE 12 TR BT, ek
JE ) MLR . PLSR 1 ANN # £ R* 4% 51 24 0. 82,
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Tab.5 Comparison of potato PKC estimation results of three methods in three growth period

) MLR PLSR ANN
EREE A5
R? RMSE/%  NRMSE/% R? RMSE/%  NRMSE/% R? RMSE/%  NRMSE/%
§ VIS 0.74 0.38 12. 44 0. 67 0.42 12.20 0.61 0.53 17.35
P
VIS + TIS 0.82 0.32 10. 41 0. 80 0.33 9.59 0.75 0.40 13.02
VIS 0.79 0.36 11.77 0.76 0.39 12. 69 0. 69 0.48 15.72
SRS
VIS + TIS 0. 84 0.31 10. 07 0. 80 0.36 11. 60 0.71 0.48 15.63
VIS 0.68 0.33 13.77 0. 68 0.33 13.77 0.63 0.36 15.34
TE M BRI
8 VIS + TIS 0.70 0. 31 13.16 0.70 0.32 13.36 0. 66 0.34 14. 15
F6 INEFHIMAEDHE PKC RIEL R
Tab.6 Comparison of potato PKC verification results of three methods in three growth periods
MLR PLSR ANN
A H 4 A8 ik N
R? RMSE/%  NRMSE/% R? RMSE/%  NRMSE/% R? RMSE/%  NRMSE/%
" VIS 0. 86 0.28 9.23 0. 84 0. 30 7.97 0. 68 0.55 18. 15
VIS + TIS 0. 86 0.31 10. 13 0. 88 0.29 7.79 0.75 0.46 15.26
VIS 0. 64 0.47 15.15 0. 68 0.42 13.72 0.54 0.58 18.76
He 221 K )
VIS + TIS 0.68 0.43 13.97 0.72 0. 41 13.35 0. 54 0.54 17.75
- 1y VIS 0.56 0.47 20. 02 0.56 0.48 20. 02 0.55 0. 48 20.29
VER R R
VIS + TIS 0. 60 0.45 19. 02 0.58 0.46 19.33 0.57 0.47 19.73

0.80 1 0.75, RMSE /4% % & 0.32% . 0.33% #l
0.40% , NRMSE 4% % & 10.41% . 9.59% HI
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Fig.2 Modeling and verification effects of vegetation indices of three growth periods combined with

TIS based on different estimation models
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