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Estimation of leaf nitrogen content in dryland forage maize using UAV-based
hyperspectral imaging and machine learning
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Institute of Dry Land Farming, Gansu Academy of Agricultural Sciences / Key Laboratory of High Water Utilization on Dryland of Gansu Province /
Northwest Dryland Agriculture Green Low Carbon Key Laboratory, Ministry of Agriculture and Rural Affairs, Lanzhou 730070, Gansu, China

Abstract: This study integrates UAV-based hyperspectral imaging with ensemble learning to identify an optimal spectral estima-
tion model for predicting leaf nitrogen content (LNC) in dryland forage maize, providing a methodological reference for impro-
ving production efficiency and quality. The study was conducted on the Loess Plateau in central Gansu province, China, with
forage maize as the target crop. Hyperspectral data were acquired using a V185G integrated gimbal hyperspectral imaging system
mounted on a UAV. Spectral indices were generated from all possible two-band combinations using original reflectance spectra,
first-derivative spectra, and continuum-removed spectra. Six machine-learning algorithms were evaluated, and Voting and Stac-
king ensemble models were further developed to select the best-performing approach. Transformed spectra substantially strength-
ened the relationships between spectral indices and LNC compared with the original bands. Among the six individual models,
random forest regression (RFR), K-nearest neighbors (KNN), XGBoost, and gradient boosting decision tree (GBDT) achieved
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achieved relatively high accuracy across maize growth stages, with test-set R* values of 0.7165-0.7713 and RMSE values of
2.4265-2.8296. These four models were then combined to build the ensemble models, both of which achieved test-set R> > 0.7459
and RMSE < 2.6358. The Voting ensemble based on first-derivative spectra delivered the best performance (R* = 0.8152, RMSE =
2.1253), indicating improved predictive accuracy and robustness through model integration. Overall, the Voting-first-derivative
spectra (Voting-FDS) model enables rapid estimation of LNC at key growth stages, supporting in-season nutrient management and

high-quality production in dryland forage maize.

Keywords: dryland forage maize; leaf nitrogen content; hyperspectral; band selection; machine learning
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Table 1 Description of the experimental treatments

6.0 JTtk hm2. PEFE 30 cm M1 7.5 Jikk hm™2. kiR
24 cm, AR A4 N 300 kg hm 2., P,0s 150 kg
hm 2, K,0 135 kg hm %, % 3 e 7=, 209 4
TBILNTE . 40%iE it Il 60%3E i

b3 Fitt 2 2

T HE Ir =

Treatment Planting density (x10* plant hm ?) Fertilization method
CK1 6.0 4T HLE Al applied as basal fertilizer
Tl 6.0 40%;BJiti 40% applied as topdressing
T2 6.0 60%iEjifi 60% applied as topdressing
CK2 7.5 A All applied as basal fertilizer
T3 7.5 40%iBJiti 40% applied as topdressing
T4 7.5 60%ikJiti 60% applied as topdressing

1.3 #HFERE

1.3.1 ZHAEHEHRR % M1 K §& MATRICE
300 RTK PUBER Jo AL, oGk sifgoR A 2 M
4% (AZUP International)ff) V185G —1A= = & Hk
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FORE R . —IRMERIE SR . mot ikl B 450~
998 nm, JrHERA 4 nm, il 138 ULEE, MLk
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KA, IRUEAT MRS IE DA B AR BRI . TE AL
T BT 5 B R S VBRI B E KL R R E 1Y
11:00—14:00 (K FH /=1 B F> 45°)BF B o B R H A5
mEOLIE RIS E R IE, ITEER N
100 m, i1 5 S A% 80%, %[0 S i N 80%,
B P X 6 P 1 32 e e AR 7 6 51 L

Geographic location

B1 REXERRFLGCEE

Fig.1 Location of the study area and sampling sites

2023 A4 FH B K 55 G IS A5 R AL B[] DAy ik 22 3
(8 H 12 H) HEHKIBI(8 H 28 H)YMEEAIHO A 13 H),
2024 4F4 H K G s AGCR A I [a] A ik 22 (8 H
1 H), #3WI H 15 H)yFsEadio A 18 H), &
TETERZAG AR BUR R4 F oK (B 1), #5004
ANKCRAE 5 AN SR TR R R, 2 AR
1T 360 AR . RBAET I 70% 0BG 1 I R4
AR TR 30%FF Ay 0 X A 6 TR A B

R2 MEMXBBENSH

Table 2 Camera parameters for flight route planning

fabr P
Specification Parameter
43 % Resolution 1000x1000 pix
R 4% R~ Detector size 6.45%6.45 mm
fEHE Focal length 16 mm
He/INMA B E]f% Minimum capture interval ls

Field experiment

RRFEF B AR TR bR b 1R TR 55 0 356 2R A9 87 1SR GS (2019) 3333 S AUbRE I HIAE . IR R B, ABIFE 1.
This map is based on the standard map downloaded from the Standard Map Service website of the Ministry of Natural Resources, with the
review approval number GS (2019) 3333. The boundaries of the base map remain unaltered. Treatments are the same as those given in Table 1.
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Fig.2 Workflow for hyperspectral image mosaicking

Cuvis Export 3.2 N E G4 S R F; Agisoft Metashape H =
G ARPHE A, Bk ENVI 5.6 4% TIFF #5416 BIL #%
o TIFF: ARid EMESCHA S BIL: 472U B A .
Cuvis Export 3.2 was used to export hyperspectral images; Agisoft
Metashape was used for image mosaicking; ENVI 5.6 was used to
convert TIFF files to BIL format. TIFF, tagged image file format;
BIL, band interleaved by line.
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143 BESHALELH XoF B M F 0 D' 3 i)
IT— B SRR 5 #E 2 5 LR, IR 45 R N
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H 1 —-‘ Stackin H Meta-learner
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KNN | — KNN train KNN test H
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1
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B3 &RisEFEIREE

Fig.3 Workflow of the ensemble machine-learning approach

RFR: BEHLZRMK[EIH; KNN: K E4BIENE; XGBoost: #im#hEE#T; GBDT: BT RHEM; RR: W& [EIIH; PLSR: fiidr/h 3R [E14;
Voting: #5514k, Stacking: HE&Z 1k,

RFR, random forest regression; KNN, K-nearest neighbors regression; XGBoost, extreme gradient boosting; GBDT, gradient boosting deci-
sion tree; RR, ridge regression; PLSR, partial least squares regression; Voting, voting ensemble; Stacking, stacking ensemble.
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Fig. 5 Contour maps of correlations between narrowband spectral indices and leaf nitrogen content in forage maize
0S: JFIAEIE; FDS: —Br SHOLIE; CRS: 44 EBGH:; NDSL H— G540 RSL HUH G640 DSI: 22 (8 e 6 5.

OS, original spectra; FDS, first-derivative spectra; CRS, continuum-removed spectra; NDSI, normalized difference spectral index; RSI, ratio

spectral index; DSI, difference spectral index.
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Table 3 Optimal band combinations for narrowband spectral indices

AL Jeis e LIPS 4
Transform spectrum Spectral indices Correlation coefficient

JEER G 1 NDSI (Rg30, Rsos) 0.7796™
Original spectrum (OS) RSI (Ryas, Rys0) 0.7137""
DSI (Re30, Rs06) 0.7806"

—Br REOLE NDSI (Ry10, R742) 0.7904™
First derivative spectrum (FDS) RSI (R706, R750) 0.78517
DSI (R710, R738) 0.7995™

B2 LB NDSI (Rs7o, Raos) 0.8074™
Continuum removal spectrum (CRS) RST (R738, Rasa) 0.7879™
DSI (Rse6, Rago) 0.8094"

475K 5, ™ P<0.01, Abbreviations are the same as those given in Fig. 5. *: P < 0.01.
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Table 4 Accuracy comparison of six machine learning models

LR AR O VI R WL R YIZE RMSE W4 RMSE
Model Transform spectrum Train R? Test R’ Train RMSE Test RMSE
RFR Jith 61 Original spectrum (OS) 0.7370 0.7432 2.4977 2.5975
— B HOLTE First derivative spectrum (FDS) 0.7503 0.7640 2.4336 2.4901
SRS F BRI Continuum removal spectrum (CRS) 0.7352 0.7576 2.4980 2.5404
KNN JF bR i Original spectrum (OS) 0.7201 0.7165 2.5300 2.8296
— B SBOLHE First derivative spectrum (FDS) 0.7500 0.7501 2.4350 2.5623
LG FBR G Continuum removal spectrum (CRS) 0.7198 0.7346 2.5695 2.6582
XGBoost  JFUUf V6% Original spectrum (OS) 0.7892 0.7454 2.2361 2.5866
— B S BOEHE First derivative spectrum (FDS) 0.8156 0.7671 2.0991 2.4490
SRS FBR G Continuum removal spectrum (CRS) 0.7886 0.7461 2.1655 2.7398
GBDT JF bR i Original spectrum (OS) 0.7455 0.7432 2.4571 2.5976
— B FHOL IS First derivative spectrum (FDS) 0.7521 0.7713 2.4336 2.4265
SRS FBR G Continuum removal spectrum (CRS) 0.7583 0.7373 2.4469 2.4995
RR JE R EE Original spectrum (OS) 0.5577 0.6642 3.3320 2.7835
— B FHOL IS First derivative spectrum (FDS) 0.6025 0.7375 3.1384 2.4982
SRS FBREIE Continuum removal spectrum (CRS) 0.5627 0.6729 3.3303 2.7129
PLSR JE R EE Original spectrum (OS) 0.6007 0.6984 3.1416 2.6837
— B FHOE IS First derivative spectrum (FDS) 0.6082 0.7333 3.1041 2.5445
SRS BRI Continuum removal spectrum (CRS) 0.6232 0.7391 3.0714 2.4592

FEFE 3, R YeiE 2% RMSE: ¥ HRiRE.

Abbreviations are the same as those given in Fig. 3. R*: coefficient of determination; RMSE: root mean squared error.
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Stacking £ 2% > BRI S R® # KT 0.7459,
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Table 5 Accuracy comparison of two ensemble machine learning models

el RIEI SR YIgsE R® R4 R® JIZ%4E RMSE  JIliX4E RMSE
Model Transform spectrum Train R Test R Train RMSE Test RMSE
Voting JF 4R 6 Original spectrum (OS) 0.7899 0.7608 2.1835 2.5920
— B S OGS First derivative spectrum (FDS) 0.8251 0.8152 2.0115 2.1253
LS 22 BR 6% Continuum removal spectrum (CRS) 0.8236 0.7717 2.0906 2.3304
Stacking  JRUf 1% Original spectrum (OS) 0.6958 0.7530 2.6865 2.5476
— B SHOGTE First derivative spectrum (FDS) 0.7589 0.7529 2.3907 2.4502
JESL 4G 2B 61% Continuum removal spectrum (CRS) 0.7377 0.7459 2.4712 2.6358

HEFE 3. R Ui ZEL RMSE: #r iR 2% .

Abbreviations are the same as those given in Fig. 3. R?: coefficient of determination; RMSE: root mean squared error.
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Fig. 6 Measured vs predicted values for the six machine-learning models
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Fig. 7 Scatter plots of measured vs predicted values for Voting and Stacking ensemble machine learning models
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Abbreviations are the same as those given in Fig. 3 and Fig. 5. R*: coefficient of determination; RMSE: root mean squared error.
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Fig. 8 Spatial inversion of leaf nitrogen content in forage maize in 2024 using the Voting-FDS model
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