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Figure 1 Overview of the experimental area
1.2 HiEHKE IS PR S I M PG I o [ I g R D i R A IX I
1.2.1 JKFETE AL w3 B S RS — B 1.5 m X 1.5 m S 553 60 00 1978 K2 A,

AHFFE R H M600 PRO AN BER T AMUAE N KT
B L EOCIE LA ] GaiaSky-mini N B A AL
JETE AR R Gt = G 1 I B 400~1 000 nm, 43 %
R 3.5 nm, A BB 1704, Bl 5 4% 35 B )
15 s, Wik >y 162 W1/s, Jo AHL RAT & B R 100 m, %5 8] 43
PR 7 emo AHIEFOREJG AL R G 3 B0 R A A ]
FEAE 12:00—14:00 Z ], 2 "€ HT X & 635 g Ak 17

FHTJ5 0 0 S S B e e o A AL 2 e D' 1 A8 A e
B 1Y SpectraVIEW Bt i 35 B Jo A AL i ol 1 i &
SAREAT L AT R AR AR AL L, B AT KR
56 2 i G A AR . TC AL G B 52 6 45
B R A M TR U B, A R O T SN A s
Y 2 [ AR 20 R TR G B, AR 9% 3 i Savitzky-Golay
A BT B A B G 61 AT LATE [ R Y [ B A A 1



16 B RE AL AR L2 A 2 4 (R IS0

2024 4%

PR R A (E B .
1.2.2 JKREERWENE
Shy S B SK ARE B M B S R AR N X R
FE AT IR PR RAE o B RE AT HEAE DL 105 °C &
H 30 minJi , LA 80 ‘CHE T F M . 2 B A 4 Joi
Ji W ML T R AR B R X AR B S R AR SR I BIL G E AL
R 7K R U B . BTG U BB R AR o
FHRSFFRI0. 2 g M REAS SR J5 A 100 mL 19 V& Bt 12
WWOR A T E A4S A 2~3 mL i BUE AR W, N
10 min J5 4k S27H A NE K L EBF R LB HRE ;=2
Je B I AR B A 2 Y0 1 B TR S Y R R A e i T -
172818 b BE 5 J5 5% JH 0. 02 mol /L 5 R 1 Wi 4 RE 7S
VSWCHEATI E , B BRIl 2Lt o ik . O RA
KX (D) PR .
~ (vi— ) X N, X 0.014

w

A N— KRR E , 005

N X 100% (1)

v—25 RS PR PR VA AR AR, mL s
o R R BRI R, mL
N —BRRRE AL , Y0 5

w—— TR, g
1.3 KBERXANEESHIE K H RFERRIEE

TR A 30 19 T AN ML )22 v Ol i I B 4 R A e
FAERBICRAE B . B3R R 16 B0 # g /K Fi A
FROUR B P R R 2% i 1 A Y (1 i B I T R AR
R RO ORS . AR BE g R % 2 R B R
(successive projections algorithm, SPA) X} /K 5 5 J2 6
T S5 B BEAT R AR B2 8 2 U 1Y SRR R B BOG
T2 3 5 0 I RS RO T - R R A O B
G320 73 FHAE R AR AL B I 5 A AN AR o b 4R
Jo YRR AE 5 BEO'G 1 S 36 AE Sy I S A 2 v A5 Y 1Y) i
N | 8 e A Dy S AR 2R 1 g S 80

PIIRIE B TR

R L (AR 3
e P IES BEALAE L p,

XX,

1.4 EFBWO-ELMHKBREREREKE

e BR 2% 2] #L (extreme learning machine, ELM) j&
HUANG 5" ) — Rl 22 ) ik, 522
RGAH L, ELM 124 2] g ) Fz fk fig o H AR,
HHTFHR2E IR s AR SR EZZ R
T 0 R R RR S J2 R 28 0 Y 1 (R AR 2 B BILAE Y L TR
YRR e EAEAEAR L, AR5 b A Jm i e AL i o

1 fi5i {5 £k 5 1 (beluga whale optimization, BWO)
J= ZHONG S8 DL P ik A 5095 5547 o hy R gk
BT A — Pl R i PR AR S D 22 1L 25 P A TR) 8 1) 58 4 B
o AL FEMERE PR BIE 3.
BW O 5k M 48 - 1 K 7 By, >k 52 SRR IR &R 21T &
13t P, H A X =L (2) s .

T
Bf:BO<1_ 2Tmax) (2)

Ao T—Y i AR R EL

T BN AR AL

By——14~(0, 1)y P iy BE ML , 76 75 vk %A% o

e,

VAR B> 0. 5B, i AR BB T i R
F B<<0.50F i AFF KRB BE . Rl AR B T 3
I, B 3h 3 B (0, 13/ 51 (0,0. 5) , Ut BT & B
B FIR R B BEROBE R KA T 0 5 A8 4k, F & 9 B A0
R It 25 25 A VR 386 T o 34 47 AR K

A HIF 58 R A AL (BWO) 303 % R 2 T #L
(ELM) i A2 5 B 2 2Z 18 09 i 3 AUE B 2 )
U ALE BEAT AL F 25 T BWO-ELM 4 7K 75 & K W
JE R AR AR B IR AN 2 TR o A AR B ik
it A DG 3 O A R ELM I 4 KT ) 46 A T
B o I 5 78 A R0 25 48 AN I 48 R A Y B 1
ELM ) 7K 7 20 38 vk B S A5 0 E A7 %6

FETBRER SR C)

X,

THHEE K X
(A=

| HEHX;

frE
AN
GESEL

X,
fr
|
it U
T2 b (1
1
5 AELMEL T

o) L BT
WP

B2 ETESREZNUHRREIN

Figure 2 Extreme learning machine optimization based on moby dick algorithm
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Figure 3 Smooth noise reduction processing

of hyperspectral information
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Table 1 Statistical results of nitrogen concentration in rice
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Figure 4  Selection results of spectral bands for rice canopy
hyperspectral reflectance characteristics
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Figure 5 Inversion results of nitrogen concentration in rice
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Research on rice nitrogen unmanned aerial vehicle
hyperspectral inversion based on BWO-ELM

LI Shilong™ ?, XU Chenyi" ?, WANG Nan' ?, CAO Huini"?, YU Fenghua' * *

(1. College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866,
Chinas; 2. National Digital Agriculture Sub-center of Innovation (Northeast Region) , Shenyang 110866, China;
3. Key Laboratory of Intelligent Agriculture in Liaoning Province, Shenyang 110866, China)

Abstract: Nitrogen is one of the important elements for the growth and development of rice, and accurate estimation of
nitrogen concentration is crucial for guiding precise fertilization and assisting in the selection of nitrogen efficient varieties in
rice. Traditional field sampling methods make it difficult to obtain real-time nitrogen concentration in rice. With the rapid
development of information technology, establishing the relationship between unmanned aerial vehicle hyperspectral data and
nitrogen concentration through machine learning methods is currently one of the main technical routes for crop nitrogen
nutrition diagnosis. This study constructs an inversion model by using the feature bands of unmanned aerial vehicle canopy
hyperspectral data selected by the continuous projection algorithm as input and the measured nitrogen concentration data as
output. Extreme learning machine (ELM) has the advantages of fast speed and strong generalization ability compared to
similar machine learning methods. However, due to its randomly generated connection weights and neuron thresholds, its
training stability is insufficient and it is prone to falling into local optima. The beluga whale optimization (BWO) is a
competitive algorithm inspired the behavior of beluga whales to solve single modal and multimodal optimization problems. In
this study, the BWO-ELM rice nitrogen concentration unmanned aerial vehicle hyperspectral inversion model was constructed
to achieve rapid estimation of rice nitrogen concentration by optimizing the connection weight between the input layer and the
hidden layer of the ELM, as well as the initial weight of the hidden layer through the BWO. The research results show that
the continuous projection algorithm filters out 10 feature bands, which are 673, 703, 727, 823, 850, 877, 895, 952, 961,
and 985 nm, respectively. The training set R* and RMSE of the nitrogen concentration inversion model constructed based on
BWO-ELM are 0.742 5 and 0. 382 6%, respectively, while the testing set R* and RMSE are 0.702 8 and 0.487 7%,
respectively. The predictive ability is superior to that of the nitrogen concentration inversion model constructed based on
ELM. In summary, the rice nitrogen concentration unmanned aerial vehicle hyperspectral inversion model based on BWO-
ELM can quickly and accurately obtain rice nitrogen concentration, providing a new method for rice nutrition monitoring.

Keywords: beluga whale optimization; extreme learning machine; nitrogen; unmanned aerial vehicle; hyperspectral; rice



