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Detection Method of Chlorophyll Content in Canopy of Kiwifruit
Orchard Based on UAV
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Abstract; Digitalization and intelligence play a crucial role in facilitating the high-quality development of
the kiwifruit industry. Unlike other fruit trees, kiwi trees are vine plants that require abundant mineral
nutrients during their key growth period. Inadequate management can easily lead to nutrient deficiencies,
which not only affect the health of the trees but also impact the yield and quality of kiwis. Therefore,
real-time monitoring of tree growth health is essential. To achieve fast and large-scale monitoring of
overall growth and health in kiwi orchards, the drone was used to capture multispectral images of
orchards, and then Pix4Dmapper software was utilized to splice UAV multispectral images for orthophoto
maps and radiation correction on canopy leaves. The segmented orthophoto images were used as samples
from 420 regions. The maximum inter-class variance ( Otsu) method was employed to segment canopy
leaves from soil backgrounds in the sample images, enabling measurement of canopy SPAD values for
constructing a multispectral dataset. Firstly, outliers within the dataset were detected by using box plot
analysis and subsequently removed as abnormal samples. Next, based on data characteristics derived from

multi-channel images, feature values such as change rates between adjacent channels and 23 kinds of
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common vegetation indices were extracted, as well as their combination, to serve as sample feature
values. Then three feature screening algorithms, including CARS, LARS, and IRIV were applied to
optimize these features accordingly. Eight modeling methods, partial least square regression ( PLSR),
support vector regression (SVR) , ridge regression ( RR), multiple linear regression ( MLR) , extreme
gradient boosting ( XGBoost ), least absolute shrinkage and selection operator regression ( Lasso),
random forest regression (RFR), and Gaussian process regression ( GPR) , were employed to construct
models for identifying canopy chlorophyll content in macaque peach orchards. Finally, the performance of
the 24 models constructed with different sample features was compared and analyzed. The experimental
results showed that GPR model had the best performance among the models based on the change rate of
adjacent channels, R* and RMSE were 0. 770 and 3. 044, respectively. Among the models based on the
combination of vegetation index and adjacent channel change rate, GPR model also had the best
and RMSE were 0.783 and 2.957, respectively. The XGBoost model based on
vegetation index was the best among all models, R* and RMSE were 0. 787 and 2. 933, respectively.

2
performance, R

Consequently, the intelligent detection model utilizing UAV remote sensing enabled accurate assessment

of orchard canopy chlorophyll content while facilitating analysis of orchard health status to provide

2024 4

decision support for subsequent intelligent orchard management.

Key words: kiwifruit orchards; chlorophyll content; multispectra; machine learning; UAV
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Tab.1 Single band sensor channel parameters nm
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Fig.1 SPAD values measurement flowchart
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canopy leaves
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420 24.10  60.70  44.17 7.11 0.16
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Fig.2  Multispectral image processing flowchart
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Tab.3 Calculation formula of vegetation index
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Tab.4 Accuracy estimation of models with different feature selection methods

CK CARS LARS IRIV

5 R AIE LAY FEAE{E ) o RRIE{E 5 L R 5 L IR N .
- R RMSE - R RMSE - R RMSE - R RMSE

PLSR 22 0.709  3.422 13 0.717  3.378 3 0.726  3.322 4 0.752  3.163

SVR 22 0.729  3.305 13 0.753  3.154 3 0.750  3.175 4 0.767  3.066

RR 22 0.764  3.083 13 0.762  3.097 3 0.726  3.325 4 0.762  3.097

MLR 22 0.774  3.021 13 0.781  2.974 3 0.726  3.325 4 0.773  3.026

LS ES XGBoost 22 0.775  3.012 13 0.751  3.167 3 0.730  3.301 4 0.745  3.205
Lasso 22 0.724  3.336 13 0.724  3.336 3 0.699  3.480 4 0.720  3.361

RFR 22 0.776  3.005 13 0.774  3.017 3 0.752  3.162 4 0.755  3.139

GPR 22 0.585  4.090 13 0.652  3.743 3 0.774  3.019 4 0.772  3.031

PLSR 26 0.718  3.371 20 0.723  3.341 3 0.724  3.336 8 0.739  3.241

SVR 26 0.740  3.237 20 0.748  3.184 3 0.756  3.135 8 0.764  3.083

RR 26 0.766  3.071 20 0.769  3.053 3 0.724  3.335 8 0.762  3.099

T B 5 M58 MLR 26 0.779  2.985 20 0.780  2.975 3 0.724  3.334 8 0.782  2.963
HIiEAE LR A A XGBoost 26 0.744 3.213 20 0.706  3.443 3 0.753  3.156 8 0.706  3.443
Lasso 26 0.722  3.346 20 0.722  3.346 3 0.698  3.490 8 0.722  3.346

RFR 26 0.769  3.054 20 0.774  3.018 3 0.686  3.556 8 0.756  3.138

GPR 26 0.570  4.164 20 0.604  3.995 3 0.783  2.959 8 0.745  3.208

Y CK 5% A3 7 465 A i
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FEAE ST 9 B M BB T CARS Ui 3 3 AiF 45 1 VA #% 8 %5055 AR <0838 18 A8 fb R 4 A VR AR HE
fie . ffi F MLR . XGBoost, Lasso . RFR % vy f& %I [} | fif , %I FH] PLSR .SVR .MLR ,GPR %5 k@ fint, IRIV
CARS i 6 ¢ AiF 2 37 (%) 452 7Y 1% fE % 0 7 F IRIV 7 1 R R A N7 AR RURG B2 AL T CARS i 1B 5 fiF 22 45
i e R AR AL PERE . IRIV 5 CARS i 46 ¢ fiF & 57 PEfE, i RR RFR BIRT, CARS i BE 4 fiF 4 57 1
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Tab.5 Grid search results of parameters of each model
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Tab.6 Comparison of model prediction accuracy
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Fig. 7 Comparisons of measured and predicted SPAD values of kiwifruit canopy leaves
SR N PR I MRS R 9 0.783 RMSE 2y 2,957,

X 3 A RS B R 2 SPAD (A G T 4y
B, NDVI 1 2 B O3 45 %4, 15 SPAD i HA7 4%
FIAE M (r=0.197) X 5 NDVI i Ji £ 4 7 20
TR T LT AL B B O S R 2% {1, 76 A
B X R G, B A4 A5 % . NDRE 1E
NDVI 355 34l b, FIAT 30 3 BE UG T NDVI g ar
B0k B, 21 1 S W 45 28 7 AT 9 X80 1 W A RN A 3 4T
A1 DX S B4 2 55 =2 1] B R BR A5 R ke T ONDVI [ 4
FIIE) A, NDRE 5 5 % B 5 )2 SPAD {H 2 B 1 425
RSP (r = 0.838) 5 A X 1 5 1% #9948 B 2
MSAVI, X 5 MSAVI 3 JT] T 48 % 5 25 %A% 4 1 1L
5] e 1 X 3 A

BT RUUA 2206 15 BN T A R AT 1 0 A Ak R A
S RE AR S5 BRI S J2 SPAD {F A 22 i1 55 260 K
FEYE 0. 743, IR LA AFF 5% 44 9 4 b oA 40 3
AR AL A g R I RE AR A S T AT 10 . SR AR 4
Kk £ 19 XGBoost B AR H JI U fe 4, R® 4 0. 787,
RMSE g 2. 933, R HI2H & 45 fiF #4 £ 19 GPR #2131

R O 30 T A AR/ D' T ROHE R S 2
AR BIUAR, RPN B R A I R . 2R B X
FEAM A CARS \LARS | IRIV 4§ 3 A>3 Aik 6 1 J7 i 44)
HEA PN RURS B, 56T TRV 37 (14 550 458 2 7 fi
EASE RN B2 0175 BT, JIT {68 T A0 AR AR A A (A B
DR E R

4 iR

(1) ARy S ) i Al 2 R AR 2% 3l 1 1) B A ¢
B G rpt WA 22 1 BT A AR AS (9 03 18T, 0 A 4% A
() R A B S S SR A AR A ML b AR 35— B, (H 4% 3l 1
SRR R/ B2 5 L, 20635 %
B4 408 388 1 A 78 Ak R 5 B A Bk bl e J= SPAD fELAF7E
FHIEME, 5 A U B ik 6 3% B 36 R 5 Bk A Bk bl ek J=
Fi SPAD fHEA W3 FRE MM R I, AHAT
0 3 78 A AR AR g R A AR B HE AT R B R = 4k 2R
A HA G

(2) TR REAS H w4 A AR ARl AR A R A



%9 1

AR G T I0 AL Z 0 B BRIk el S S i R R A I 5 ik 305

AT AR FEAS R AR AR, I R AR 26 13k S B 57t
REAS, LABL/IN KT i 93 9 57 A58 R0 ) 52 T 5 >R T B2 7K b AR
KRB L M REAR B R AR {5 AR W SPAD {217
AP HT  SEHR A SRR, L0k 2R U Bl R
RE Rk I 5 2 SPAD {H (1 4 G B |, 26
FLB G B0 NDRE (LCT 28 H 5 AR Gk

(3) /i CARS LARS IRIV 5 3 Bl 5535 0l & £ A

XGBoost .Lasso RFR .GPR % 8 Fh A Jy i 1 24
ASPUIERY, IR FH AR S R IE A AL, b LUAR
A0 3 T 78 A A AR AR (A A AL |, GPR Y
PERE I, R* \RMSE 43524 0.770 3. 044 . ) A 4138
B 728 A AR B A B0 5V S AR A R AR A 2 Y A
R, GPR 5 R 1% BE 3 4, R \RMSE 43 51l 2 0.783
2.957, FLIAHEAR BONAEAS RRAE 4 571 XGBoost £

2 Ot il FF AE {H, 45 & PLSR, SVR, RR, MLR, RIPERE SR AR, R* \RMSE 435124 0.787 2. 933,

& % x Wt

(1] SEEIA, XUHER, ZEfide, 4. BT MU I vk it SR bl R e 7 e SE A [ ] A0l WLAAA 1, 2023,54(6) <178 - 185.
GUO Mingyue, LIU Yachen, LI Weifu, et al. Real-time production prediction of kiwifruit in orchard based on video tracking
algorithm[ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(6) :178 — 185. (iin Chinese)

(2] Zefl, £, BB, 5. P75 5 WKL A B BT 5 0 2 R e AR OGBS [T ). RO WL 27 4l , 2021,52(5) :332 -
341,307.

LUO Anwei, WANG Dan, LIANG Jin, et al. Relationship between postharvest physiology, quality and electrical properties of
kiwifruit infected with Penicillium expansum[J]. Transactions of the Chinese Society for Agricultural Machinery,2021,52(5) .
332 -341,307. (in Chinese)

[3] BARMAN U, CHOUDHURY R D. Smartphone image based digital chlorophyll meter to estimate the value of citrus leaves
chlorophyll using linear regression, LMBP — ANN and SCGBP — ANN[ J]. Journal of King Saud University—Computer and
Information Sciences, 2022,34(6) :2938 —2950.

[4] GITELSON A A, GRITZ Y, MERZLYAK M N. Relationships between leaf chlorophyll content and spectral reflectance and
algorithms for non-destructive chlorophyll assessment in higher plant leaves[ J]. Journal of Plant Physiology, 2003,160(3) :
271 -282.

[5] W, B, HE, 5. BBET ) SPAD (H5 M40 R S & CHELT]. REJRS, 2022,39(12) 122 -26.

[6] skmife, ZRIg, XA, 5. BRBBESS d it S X RN AR 3l 122 [T ] folk TR, 2012,28(6) :289 —292.
ZHANG Lihua, LI Shunfeng, LIU Xinghua, et al. Kinetics of chlorophyll degradation and color loss in heated kiwifruit puree
[J]. Transactions of the CSAE, 2012, 28(6) : 289 —292. (in Chinese)

(7] 1, B, JHEH, & LT RHUNEIEANLNERE BRBOCHE AR LA T]. fol TR, 2014, 30(18): 1 -12.
WANG Pei, LUO Xiwen, ZHOU Zhiyan, et al. Key technology for remote sensing information acquisition based on micro UAV
[J]. Transactions of the CSAE, 2014, 30(18): 1 —12. (in Chinese)

(8] H¥RM, ME, XKL, 55 FETIRANURES BRI RAEYRE T [T]. 40l TA%:4R, 2013,29(7) :109 - 116.

TIAN Zhenkun, FU Yingying, LIU Suhong, et al. Rapid crops classification based on UAV low-altitude remote sensing[ J].
Transactions of the CSAE, 2013, 29(7): 109 —116. (in Chinese)

(9] Z=vk, xR, XKL, % TS TANBIRAL/DEE R ENLT]. 4ol TR, 2012,28(13) 160 - 165.

LI Bing, LIU Rongyuan, LIU Suhong, et al. Monitoring vegetation coverage variation of winter wheat by low-altitude UAV
remote sensing system|[ J]. Transactions of the CSAE, 2012, 28(13) : 160 - 165. (in Chinese)

[(10] H=A, M7, L%, F. ET= 2GS SRR R R AW L] RBP4, 2023,54 (3 T

2):294 -300.

YAN Yuncai, HAO Shuoheng, GAO Yaling, et al. Design of kiwifruit orchard disease and pest detection system based on
aerial and ground multi-source information[ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54 ( Supp.
2):294 -300. (in Chinese)

[11] BLACKBURN G A, FERWERDA J G. Retrieval of chlorophyll concentration from leaf reflectance spectra using wavelet
analysis[ J]. Remote Sensing of Environment, 2007,112(4) :1614 - 1632.

[12] B, Zm¥%, & Kh. REWERINGRB-EEREGRT]. R =, 2023,54(2) .1 - 19.

ZHAO Longcai, LI Fenling, CHANG Qingrui. Review on crop type identification and yield forecasting using remote sensing
[J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(2) :1 —19. (in Chinese)

[13]  AHirwe, E£5%, H@&T, % BT AL OEE W S22 R i Iy [J]. R ALk, 2023,54(4) :206 - 213.
FU Hongyu, WANG Wei, LU Jianning, et al. Screening of drought-tolerant ramie based on UAV multispectral imagery[ J].
Transactions of the Chinese Society for Agricultural Machinery,2023,54(4) ;206 —213. (in Chinese)

[14]  BAHear M5, % 45,4 M Ad SERSECE & REVT k(1] 8 E#H ,2021,25(11) : 2173 -2197.

ZHAO Yanhong, HOU Peng, JIANG Jinbao, et al. Progress in quantitative inversion of vegetation ecological remote sensing
parameters[ J ]. National Remote Sensing Bulletin, 2021,25(11) ;2173 —2197. (in Chinese)

[15] #AHEME, 88, SRk, % KAV OGIEEERE T 0T 54 /NP A T]. R AU SR, 2023,54(12) ¢



306 fe Ak B M ¥ R 20244
217 -225.
HU Tiantian, ZHAO Lu, CUI Xiaolu, et al. Reliability analysis of UAV multispectral data and estimation of winter wheat yield
[J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(12) ;217 —225. (in Chinese)

[16] JE®, TE%, £y, % RELEFTY/NETR SPAD (X AN Z 6B RAMA B[], i3 5063491, 2023,
43(6) :1912 - 1920.

ZHOU Qi, WANG Jianjun, HUO Zhongyang, et al. UAV multi-spectral remote sensing estimation of wheat canopy SPAD
value in different growth periods[ J]. Spectroscopy and Spectral Analysis, 2023, 43(6): 1912 —1920. (in Chinese)

[17] RBERH, sk, SkARE, 5. (RZBECOT & T 0l WOt 5 200 1% A% s 76 K A7 SORG o s 3 974l b 19 38O X L e [T ]
ikt 556 Hr, 2019,39(4) 1192 - 1198.

ZHAO Xiaoyang, ZHANG Jian, ZHANG Dongyan, et al. Comparison between the effects of visible light and multispectral
sensor based on low-altitude remote sensing platform in the evaluation of rice sheath blight[ J]. Spectroscopy and Spectral
Analysis, 2019, 39(4): 1192 - 1198. (in Chinese)

(18] HBEAS, HAkE, HEF, % Ba T ANULIEE 85 o0 A 59 A 78 v T AUS B (I ], Rk ML 41, 2023,
54(6):186 — 196.

SHAO Yajie, TANG Qiuxiang, CUI Jianping, et al. Cotton leaf area index estimation combining UAV spectral and textural
features[ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(6) :186 — 196. (in Chinese)

[19]  AHaTry, E8L, ST, % BT AV Z O & BRI 2 0022 BRI AL MR A L] ok LA 4 4k, 2023,
54(5) :194 -200,347.

FU Hongyu, WANG Wei, LU Jianning, et al. Estimation of ramie physicochemical property based on UAV multi-spectral
remote sensing and machine learning[ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(5) :194 -
200,347. (in Chinese)

[20] XU0bds, 455K, S5, . WFEFMET EK LATBEREEMR[T]. Ll , 2023,54(3) :246 - 258.

LIU Shuaibing, JIN Xiuliang, FENG Haikuan, et al. Analysis of effect of disease stress on maize LAI remote sensing
estimation[ J|. Transactions of the Chinese Society for Agricultural Machinery,2023,54(3) :246 —258. (in Chinese)

[21]  #Bfitl, QiR , Dweft, 4. REEREZIGEGRBOET]. Jeiks 5068041, 2022,42(11) :3568 -3574.
GAO Shijiao, GUAN Haiou, MA Xiaodan, et al. Soybean canopy extraction method based on multispectral image processing
[J]. Spectroscopy and Spectral Analysis, 2022, 42(11) : 3568 —3574. (iin Chinese)

[22] =%, 2L BET20EKENIIES R ERSARITHRMAENI]. Mol B4, 2022,58(9) :36 -47.

YUAN Ying, WANG Xuefeng. Nondestructive estimation of canopy total nitrogen of young Agquilaria sinensis based on
multispectral images[ J]. Scientia Silvae Sinicae, 2022, 58(9) : 36 —47. (in Chinese)

(23] BB, HucBE, SR, 5. HT I ANLEAR N E 206 1% A1 454 FRAE M B SR R A LT Rl TR %4, 2021,
37(20) .90 -98.

WANG Qing, CHE Yingpu, CHAI Honghong, et al. Monitoring of sugar beet growth using canopy spectrum and structural
characteristics with UAV images[ J]. Transactions of the CSAE, 2021, 37(20) : 90 —98. (in Chinese)

[24] Xk, $0h6E, B¥E, 5. TAMZOCIE AN SRS LAY RMAELT]. ik 50605409, 2021,41(8) :2549 -
2555.

LIU Yang, SUN Qian, HUANG Jue, et al. Estimation of potato above ground biomass based on UAV multispectral images[ J].
Spectroscopy and Spectral Analysis, 2021, 41(8) : 2549 —2555. (in Chinese)

[25] HZES, iR, Sy, & BT EANZ G ZA N FAMEZ SPAD B[ T]. RIS, 2020,51(8) :
178 — 188.

TIAN Juncang, YANG Zhenfeng, FENG Kepeng, et al. Prediction of tomato canopy SPAD based on UAV multispectral image
[J]. Transactions of the Chinese Society for Agricultural Machinery,2020,51(8) :178 - 188. (in Chinese)

[26] Z/NEE, WIRIR, #ER. SETHRANZOGERZGMMEE RS R S 2], AR, 2023,54(4) 198 -205.
LUO Xiaobo, XIE Tianshou, DONG Shengxian. Estimation of citrus canopy chlorophyll based on UAV multispectral images
[J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(4) :198 —205. (in Chinese)

[27] &k, wbieE, Kk, & ETITAIZGEZ G E K SPAD BB AT [T]. LU 2- 4, 2022,53(10) :
211 -219.

FENG Hao, YANG Zhenting, CHEN Hao, et al. Estimation of summer maize SPAD based on UAV multispectral images[ J].
Transactions of the Chinese Society for Agricultural Machinery,2022,53(10) :211 -=219. (in Chinese)

[28] COSTE S, BARALOTO C, LEROY C, et al. Assessing foliar chlorophyll contents with the SPAD — 502 chlorophyll meter: a
calibration test with thirteen tree species of tropical rainforest in French Guiana[ J]. Annals of Forest Science, 2010,67(6) ;
2010020.

[20] w35, sk, 20, 4. LR mE L AR K E Ir 2845 MK EEREG#EIr:[T]. hERER SR,

2019,21(4) :52 - 60.
HUANG Qiaoyi, ZHANG Mu, LI Ping, et al. Rice canopy image segmentation using support vector machine and Otsu’s method
[J]. Journal of Agricultural Science and Technology, 2019, 21(4): 52 - 60. (in Chinese)



%9 W Ak S5 BT TN 6T 0 B Bk Pl e I g 2R A I 5 i 307

[30] AT, ShEEms, e, & ME AN SR RGN DR RE S M), AOUHUAER , 2023,54(8) 240 - 248.
BIAN Mingbo, MA Yanpeng, FAN Yiguang, et al. Estimation of potato chlorophyll content based on UAV multi-source sensor
[J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(8) :240 —248. (in Chinese)

[31] W5 BT Jo A HLRE 2 I 7K R I 350G iz W 07 12 [ D ] Bl - i T RHE R 27,2021
An Gangqiang. Precision monitoring methods of rice growth status based on UAV remote sensing data [ D ]. Chengdu:
University of Electronic Science and Technology,2021. (in Chinese)

[32] BRI, ZEWefi. 56T 48 4 &1 55 0 Al i 8 BOmACT- i B AL AL T ], HHEHLS AL, 2021(1) <28 -33.

GU Guoging, LI Xiaohui. Exponential weighted smoothing prediction model based on abnormal detection of box-plot[ J].
Computer and Modernization, 2021(1) : 28 —33. (in Chinese)

[33] AMARASINGAM N, FELIPE G, ASHAN S A S, et al. Predicting canopy chlorophyll content in sugarcane crops using
machine learning algorithms and spectral vegetation indices derived from UAV multispectral imagery [ J]. Remote Sensing,
2022,14(5) :1140.

[34] KIARA B, ALISTAIR C, MBULISI S, et al. Predicting the chlorophyll content of maize over phenotyping as a proxy for crop
health in smallholder farming systems[ J]. Remote Sensing, 2022,14(3) .518.

[35] Ef, 2, M, % a2 R 53 BEY R RGN RGN [T]. ROL PR, 2023,
S4(HET) 2) 260 —269.

WANG Nan, LI Zhen, LI Jiameng, et al. Fusing multispectral imaging and deep learning in plant chlorophyll index detection
system[ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54 ( Supp. 2) :260 —269. (in Chinese)

[36] KNG, s, $hikilal, . ZET XGBoost — Shapley Y £ KA [l 4= H W) LAL BB EAG B [T]. Kok HLBk 24, 2022,
53(7) :208 -216,225.

ZHANG Hongming, HOU Guihe, SUN Zhitong, et al. Remote sensing estimation of maize leaf area index at different growth
periods based on XGBoost — Shapley algorithm [ J]. Transactions of the Chinese Society for Agricultural Machinery, 2022,
53(7) :208 -216,225. (in Chinese)

[37] EM, K2, FEFE, . ETEANZOCEE M3 AW RARLT]. AU, 2023,54(8) :218 -229.
WANG Han, XIANG Youzhen, LI Wangyang, et al. Estimation of winter rapeseed above-ground biomass based on UAV multi-
spectral remote sensing[ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54 (8):218 - 229. (in
Chinese)

[38] WANGS, CHEN Y, WANG M, et al. Performance comparison of machine learning algorithms for estimating the soil salinity of
salt-affected soil using field spectral data[ J]. Remote Sensing, 2019,11(22) :2605.

[39] ¥#rmmfk, BR#h, LEM, . il sUR Sk Bkl B T a5 vk (1], S 5o6ig o, 2021,41(7) :2188 -

219s.

XU Lijia, CHEN Ming, WANG Yuchao, et al. Study on non-destructive detection method of kiwifruit sugar content based on

hyperspectral imaging technology[ J]. Spectroscopy and Spectral Analysis, 2021, 41(7) : 2188 —2195. (in Chinese)

XA, T RAR RS HU R SCRe i M [T]. BRI, 2022(13) .71 -74.

CAO Y, LI G L, LUO Y K, et al. Monitoring of sugar beet growth indicators using wide-dynamic-range vegetation index

(WDRVI) derived from UAV multispectral images[ J]. Computers and Electronics in Agriculture, 2020,171:105331.

— —
&~ B
- O
[



