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B B AT ESREF AR (nitrogen use efficiency, NUE) U 1) BAEFIE, e HERT A& K& NUE Tl
R, BT R 2a FIZ2 A E KT S Z KRG F R, RICT 3 N4 K BRI TE AL (unmanned aerial
vehicle, UAV) Z¢iE5%, RABITRFMEIE R (recursive feature elimination, RFE) Bk i e UM # F5 2L (vegetation
indices, VIs) « SUHE4FAE (texture features, TFs) Al - F HIVR S 4FME, FIFH 6 MALES ¥ Bk E “BUBERIE-7= & M
NUE” BE#ETEA, AR NUE @4 H —Fh “BUREHE-7=-NUE” (B4R R, i i Ao L it b 36iE T
UAV 77K & NUE #5#% TR0 FF (R 8 S SRR 45 R : (1) REX =8 NUE SUR I REE R £ K B B 5, (H
DVI ( difference vegetation index) « VARI (visible atmospherically resistant indices) ! mNDblue ( modified normalized
difference blue index ) LR SUHHIME (Mean) T2 MAKB B =2 8UK: repRVI (reciprocal ratio vegetation index)
M (correlation, Cor) il Mean 7£ 2 N K BEW NUE 808, (2) IREMZL ML (deep neural network, DNN) #5#
Xif P B A NUE B3 T Mk B due i . 7SR, 5T TFs (M7 S TR FZ 5 (R°=0.938, RMSE=479.591 kg/hm®); 1E
SyEEHA, JETIRAHFIER NUE WK &t REEEFIHZE (agronomic nitrogen use efficiency, aNUE) FIE & k=
71 Cnitrogen partial factor productivity, NPFP) ] il #% Ji 4 % v R*=0.711, RMSE=4.448 kg/kg Fl R*=0.781, RMSE=
12.787 kg/kgo (3) SE BRI AR, [E8 BB S NUE K2 % &, 4 aNUE 1 NPFP ({3500 R? 73 B #2 =
T 18.589% il 14.733%, RMSE 435K T 54.411% F1 90.015%. HF 7045 5 ATy FH B RURE R I 6 A L3 R A Bk v
i TI0 AK F = FE F0 NUE $2 87 LB
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IR 30% (A ERES AL, 2023).
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I ISt At 1 DTk EH ZUIE R R R0 IR A B, R K
FEMERRAE K S B R S0 )k e A 2R L.

B Z FH % (nitrogen use efficiency, NUE) & 1 &
YEM AR B HERE b 3R I 5 ) R IR0 1) B 2 R A,
iz B R RS PR it R B R H R R
NUE VA 8 b B 56 & & R M B Z (nitrogen apparent
recovery fraction, NARF) . % & M U 2 % (nitrogen
uptake efficiency, NUpE) . % & | H 2L % ( nitrogen
VI S L 2

(agronomic nitrogen use efficiency, aNUE) % & i 2E
7 71 Cnitrogen partial factor productivity, NPFP) %11,
&4 NUE PPAN J7 AR A R IR PR R, B3R5 VR4 i
WeENE A RERf S, TR R AR EAO o, S
B kA I A R

TE BB (1) PR e A AR R ) A K 2 B0 T 4 e
AR R, JE AML (unmanned aerial vehicle, UAV) %
ORI R WLl A b= S5 %%, 7E NUE

utilization efficiency, NUtE) .
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T b R BT B KR A0, fildn, YANG 2R
T AMLZ G 1S AR T A& /N2 aNUE, R ILH— 4
MY FR 50 (normalized difference rededge index, NDRE)
BE AL HL R aNUE.  LIU 260 il 6 A WL e il 15
PRAL T &N Z A EKHY B aNUE Rl NPFP, 45 2R 3%
HH T A AR B FE 000 2 Je R MRS 1T S B NUE f PR
e .

T, NUE T 3 ZE A0 T 16 5 48 20 (vegetation
indices, VIs) ™51, {H VIs 5 57 L35 SR 5 J2 25 T2 1)
SO o ONARRIX — @, SOEEFIE (texture Features, TFs)
WA LABR R NUE T30 6 o w4 RG4S0, R,
TFs /£ NUE TR (R SR A BRI, o, oA 451E
B BE I, ] B A e DA B S 4R AE, T BT R
AN, BRfEE % (features selection, FS) 454 Hl #%
%~ >] (machine learning, ML) $% AR 1] DL ik 5 A A7 & %
DIAH oG )28 JBRRAIE,  BR08 2% S RRIE S R AR & 2 (Al & (1)
et oc R, TS E T IRE EN. H AT, BENLAR
# (random fores, RF) v 3Z #F ] &= Al ( support vector
machines, SVM) . &M 4 M4 (deep neural network,
DNN) 2 ML J7¥E 512 B T 4RO g AT 4527141018,
{H ML £ NUE 50 o i 8% FH 05 2R DL AH SC B e i -

ME R, NUE o] DLl e aj s & (7=
. AGENAEMES IHHAR, ETXECETE
A] DLIE I Je N WL B AR S B R T, AR SR —
Pl NUE Y 18] 422 0l 77 X—— “ BUR R AE -7~ & -
NUE” B8, R0, HAleoARA 5T A R NUE il
WBTE, ARG R R ik 3] “BUBRHIE-NUE” B3
DA PR R B2 AT AN B o

gi b, AROIFRZENEAIES 2 KRR 2a H (A
R, AT ANE GIRPUKFE A K B E 2
ek, LSS VIs Al TFs, SEIUG KRS & K NUE
MR BT, BARH AR A (D JFiEEH T KE =
5 NUE il 9l (% &% /& VIs. TFs & H B & %% 1iF ;

(2) PEAS A [A] ML 53 ) 7= & A1 NUE (9 9000 3 77
(3) XF b3k T U AE (1) NUE B 7l 5 A= 5o v
[F) A% 5 () I P R P S5 R 2 e WAL BAEIR R TN
ML 1 S AR KT 7= S0 NUE (350038 77, R 8% NUE
B H — R R, (4. AT R IR, AaR
BRI E FRE S A AR A R AR KA SR B R R S

1 RS

1.1 MREERSRE T

W FE XA T 22 g WM T RH BN AT (117°46'7"E,
32048'52"N) (W& 1a), i@ i 7Y ) B il 7 2 KUK By 12 S
X, FEHEE 154 C, FEHHFKE 1050 mm, FHH
HRIN K 2073.4 ho 2020 5056 R H BEHLIX H R X w0t
PLAANEBEENEX, 3K AKX, 3IKER,
36 NPAX, PMXAKAR2mx8m (Kl 1b) . 4 4%E
b B 4y ) e NO CAR i %0) « N100 ( 100 kg/hm?)
N200 (200 kg/hm?) .« N300 (300 kg/hm®) ; 3 /K 5E i
PhORIEERA S VI HERER G V2 IZLE KR V3. B H
HUE, 2022 GG A RS 40 m, FALFES 2020 4

AR, HOKFERFIAE 2 4 JHERE & VI AR PR
H V4, SIREE, 40 NNX, PMX KA 2m x
S5m (B lo). B (JRE, SHAMNL6Y%) 7 3 K
FH 5 B o 22 A 4750 AR = 4:3:3,

N

A

0 100 200 400 km

[ % 4t#Provincial boundary
Il A E Fengyang county
[ Tl f&kPrefecture-level
city boundary
% ik46 25 Experiment site

Zhejiang

VLV Jiangxi

a. WFIT X Hh B A
a. Geographical location of the study area
, JKFE i FliRice varieties 0 5 10m
[ VI1: 2R 5 Runzhuxiangzhan [ V3: 417 ffHongxiangnuo
[ V2: 2k 4R i Runzhuyinzhan [ V4: § P44 5 Jingliangyouhuazhan

NO N100 N200 N300 NO NI100 N200 N300

3 % $ |
R U TR S |

c. 20224 B BT
c. Experimental design for 2022

b. 2020450 # it
b. Experimental design for 2020

FE: NO~N300 43 B R £ 4 A & & 0. 100, 200 F1 300 kg-hm ™ [ &
AbFE

Note:N0-N300 represent nitrogen treatments with pure nitrogen content of 0,
100, 200 and 300 kg-hm 2, respectively

B 1 ARReEisEL5iRREoet

Fig.1 Geographical location of study area and experimental design

1.2 EANERRE ST
12,1 RANBEKIK

FIFH DJI Phantom 4 MultiSpectral (P4M) & AN
GIRPUKFE 3 MEK B Z 64, 50 850 5
(tillering stage, TS) (2020 4F 7 4 25 H 1 2022 4 7
H28 H) . #iF C(heading stage, HS) (2020 4F 8 H
23 HF12022 4 8 H 24 H) 5 (filling stage, FS)
(2020E 9 H 20 HA1 20229 H 24 H). PAM N &
SAZ AL, PO KSR S 2 450 +
16nm ¢ ¥ ) , 560+16nm ¢ & ) , 650+16nm
(4L), 73016 nm (ZLil) Fl 840 +26 nm (T ZL4h),
Iy RN 208 FilR R

K F DI GS PRO ¥ fF W& KAT S H S i 2k .
T4 (R A 10: 00—13: 00, EFEFE. LXK
HE AT AR, AT RN 30 m, KATHERA
20m/s, ZRFEIEREMIE (2s), HIEE, PmES
FE 90%, 5% M H &% 85%.
122 RANHEIAL

KH Pix4Dmapper X 3T PHEEEHE &, KIRWATHH
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WMSEV AR RG W E . VI = SR
BTG A . FIH ENVI B4 1 layer stacking T 2 F
PHEEUT (1 B0 B 8 B R it SUE CfD), Gi—Ak
Fr %4 WGS 84 UTM 50N, %A /3 R4 —HKFEN
1.5 cmo RFAZ I 2 A A O AT AR s AR, T T
Sl Ve TC AALALET 3 1 50 S S R AR HE S 51,
JR UG PG A (digital number, DN) 3645 h 5 R A8 .

X 22 AN I BA RS A AT AR TUMTAZ IE, DAY B LA AL
BB s m. LB AR N M, 7
ArcMap B H % 8 0k 22 T ORI B A0 3T B SRAYE X 43 BE
FIGE S R B B8 AT Hh B O o, TCMERS BN T 2 A
BE.
1.3 HERFHEKPS A E

IKFE A, TEREAN/INXGE SR 3 A K5 B AR
FMEM 03 m x 0.3 m XIHEATYCHR], BYRES A [R50 50 =
JBERL, FFRL 2 E R SRR, PR AR E R AR
BT kg/hm?,

R (D A Q) IFEAREERFAZE (aNUE)
AR E MW7) (NPFP) .
GYy, —GYyo

aNUE = (D
Ny
GY

NPFP = — (2)
f

K GYy, F1GYno 73 5l AN [F] AL B X 7K FEFF R = £
AN kg/hm?®, NAC 3 % 4b B it A =, AL N
kg/hm?,

1.4 HHERE

1.4.1 AEARFEEK

Vs s KBRS R A P 2 s AR A &, fEH
T E 5 [R]IS Re A R ) H TE) K 9 Sy R ACHIUH
RSN RN 22 S ST R AR A o ARG 18 M T
PR NUE Bl Vs, AR 1.

1.42 S 384F4E

P FH K P& LA B (gray-level co-occurrence matrix,
GLCM) X Z il s A m) sy ik B 1 2 (AT 2
TUHRZE KT 90%) HEATSCEARHAE (TFs) #2HL, Z% X
BR[10], K HR/ANKN 3 x 3, Tk 45°, B KIER
lo AT I 84 TFs, 473 & 1{E (mean,
Mean) . J5 % (variance, Var) . ¥J2]#% (homogeneity,
Hom) . X} tb B ( contrast, Con) . 3IE #H L 1

(dissimilarity, Dis) « {5 2./ Centropy, Ent) . P 5
(second moment, SM) FlIAH I (correlation, Cor), #t
i 16 Matr. WIEFE S5 TFs WA G T4, W
PCl1Mean &I T 5 —F 7 ] Mean fibr, PC2Cor f{
FHTZE —F A1 Cor Fibr .
1.5 REMESHEIE
1.5.1 HUBAFAE TG %

FRAEGRLE (FS) 1] LA AR AE 5 o 25 B AN AH G AN
TURBIRE, W REE B+ E WD EHUSERHE, LI
S TR E . WA 32 A A T R /D R AR R AR
AR T BEHLAR AR (RF) 582U 1 33 U 45 1F 7 BR

(recursive feature elimination, RFE) 31 i # 4 K 8 7=
5 NUE SUR a7,

* 1 AXERREREY

Table 1 Vegetation indices(VIs) used in this study
HEE S (VIs) J7%% Equations .
eferences
H— LR (NDVD (nir — red)/(nir + red) [20]
2L H— 4k $5% (NDRE) (nir —rededge)/(nir + rededge) [20]
SR iESL (LCD (nir — rededge)/(nir + red) [20]
ar U?C?I\?]gi%?zm H (nir — green)/(nir + green) [20]
LLER R (RVD nir/red [20]
ZEMEY IS (DVD nir—red [20]
EARULL RS =R .
él(%lrleii*eiﬁ nir/rededge — 1 [20]
TR R R AR R AR 2 1.5 X (nir - red) 20
(SAVD nir +red + 0.5 [20]
HRALT e R AR A HE A 1.16 X (nir — red) -
(OSAVD nir+red+0.16 (201
ABIERS LI IE L (@ xnir+ 1) - (2 xnir+ 1) =8 X (nir — red))) 21
(MSAVD) p (21]
st R R R AR A 15X (nir - green)
(GSAVD) nir + green+0.5 [22]
1 Lk St b o 2.5 X (nir —red)
SRS (EVD nir+6 x red—1.5x bl + 1 (201
A WK IR
(VARD) (green—red)/(green + red — blue) [4]
n] WG KA PEPLA B a5 rededge — 1.7 x red + 0.7 X blue
(VARIre) rededge +2.3 X red — 1.3 x blue (23]
MERIS liﬁhi{%gi%%%ﬁﬁ (nir —rededge)/(rededge — red) [4]
& TF B ) — 4k 22 (8 6 e 36 % '
fEIER r(l mIfIJ(]‘;flE ) Tt (blue — rededge)/(blue + nir) 4]
T LLAL S % (NIRv) NDVI X nir [24]
LA TR (repRVD) red/nir [4]

VE: blue, green, red, rededge T nir 4} B FIRZ HWEAZ TG B G060
BL. ADBUBL. LT BRI AN S

Note: blue, green, red, rededge and nir reflect the reflectance of the blue light,
green light, red light, rededge, and near-infrared bands of multispectral image,
respectively.

152 “HE4FfE-F 4 NUE” HEFANAEE
KA RFUOL ST ENL (SVMD B 2 B
(multilayer perceptron, MLP) P9, BAEFHETIHL (gradient
boosting machine, GBM) P/, JREEHIZIZE (DNN) 252
A ICIZMZ% (long short-term memory, LSTM) %31
6 LA~ 2] (ML) B A RHE TR /5 1) VIs T4
TFs TN FIREFHE TS5 78 NUE (il (& 2a).
AR SCASE FH WA R S0 T S B ML AR AL 8 2 B0 AT Ak«
RF R, BENLE FE AR AE R (mtry) BUEVEHE N
1~10, M EE (ntree) HUETEFE 500~1 000, /)
747 R R (min_n) BUEYE B 2~10; SVM AR AL,
IE WAL Z L (cost) HUE YL A 0.001~10, 4% 7] 5 bR H
SR (sigma) BUETEFEHN 0.001~1., MLP BRI A, FEE
JEHAR L e (hidden units) HUEVE BN 5~50, &1
ZH (penalty) HUETEFEN 0.001~1, %AXIXEL (epochs)
BUEVE Y 50~200; GBM %A, GREEHAE (ntree)
HAE 36 B 100~2000, A% 3R FE (depth)  HUAE 5 [ 4
2~10, 2£>]#% (shrinkage) HUHETEHEIN 0.001~1, MHF25
FEUNFEARSL (minobsinnode) HU{E V5 [ 4 5~50; DNN
BRI, B2 2% (hidden) BUHTEFEA 2~4, #Z5C
g C(units) BUETEHEN 32~256, ¥iGK% (activation)
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HYU {4 rectifier rectifierwithdropout. tanh Al maxout, Rl (=) 3
ZF# (dropout) HUETEH Y 0~0.2, IENME (11D BUE (g — %)

JGHEN 0~0.001, %:>J% (rate) HUEIELFEA 0.001~0.01.
AR A Bl /)y, LSTM K H [l 5E 45 i Al 2 8 e, B RMSE = L (xi—y) 4
R BRRZE M A EE Cunits) N 32, EFF n

(dropout) 4 0.2, 2EEEMETHE (dense) A 16,
% PR L Cactivation) A relu, EfRIKEL Cepochs) A
500, itk #% C(optimizer) N adam, #FKpAEL (loss) N
BJriR#E (MSED.

— —>
fii Alnput T Predicted models i i Output

a. SE T BUBRIE-7 i S NUE” Y B H T A7

a. Direct prediction model based on "sensitive features-yield and NUE"

| Vis | Yieldy—Yieldy,
[ TFs ||| MLPGBM | [0y Yield | C) — 0)
ield,,
[ VIs+TFs | NPEP=—¥ N
il Alnput TRz finih pveliAY i ih2
Predicted models Output 1 Mathematical equations Output 2

b. B T BURREAE -7 i -NUE” 1 R FT0000 45 5

b. Indirect prediction model based on "sensitive features-yield-NUE"

E: VIs A1 TFs 73 50 9wl 1 B U4 E ;. RF. SVM. MLP. GBM.
DNN Fll LSTM 73 AN BENLERA . SCRFAIENL. 2 RNl SRR T HL.
IREERR L 25 RIS WHCIZ A5 RY; Yield. aNUE FI NPEP 43 5 977 &
REFREFHFERMARERET .

Note:VIs and TFs denote vegetation indices and texture features respectively;
RF, SVM, MLP, GBM, DNN, and LSTM represent random forest, support
vector machine, multilayer perceptron, gradient boosting machine, deep neural
network, and long short-term memory models respectively; Yield, aNUE, and
NPFP correspond to gain yield, agricultural nitrogen use efficiency, and nitrogen
partial factor productivity respectively.

B2 AR AR E AL R
Fig.2 Direct and indirect prediction models for yield and NUE

153 “HRAFAE-F2-NUE” 18 3T 47

F 2 anlEl 2b Fros ) “BUBHRHE-/ B -NUE” A4 1
TR, Z A E SR Bk 6 F ML L T = 2 W
W, kR AR AR RN, e EEE (D
s (2) IR aNUE A1 NPFP. 7] 2 300 5 7 3 ik
FE R R BUR R R S AR R 5L, FORHERE
SRR T E TS . S&amEE i EAEL, (A
FEPMAE ALK NUE PRI A 3 el R Je 21 A A K
BrEr, IR AT Hb AR R KR AR KO FE H ) NUE 4265 A
MR 2R, A B TR AR i 0 128 20 UK A b
1.5.4 AR EIE

R FEAE R BENLYE,  PRUEAR Y (A8 e o AT
FEVE, RFE 16 fift ML [m] JHRR 552 $0AT 50 I, REIKIL
BEAFIRIBENURAEEL B 50 RN F8 b P X (LA E A
HUE NRRE 7R 5 Je ML R 7R P B 1 BT A B o B 3k
ITB BENLIGEE 70% HIFEARFAE I SREE A, R )
30% FEA VR VERE VPAl IR ER o AR VPAN i bR
FHe s 230 (coefficient of determination, R?) F1¥4 77 HRi%
# (root mean square error, RMSE), 541 :

S X Ry 73 30 B A FEA ) S AR R TR s %
SCMFEAME B FBME: oA %S .

K IV 4 b A 21 ZR AR ) 2R AL R AR
¥, TR
(Rzle.wing - R21raining)

AR* = x 100% (5
thraining
(RMSEtesting - RMSEtmining )
ARMSE = x 1009 6)
RMSEImining A) (

AR 1 ARMSE 73 il 9 R*MIRMSE ) 2840 5 5 R? ey
TR aining 73 ) 9 52 B A5 U 3K 4 55 1 25 4R B B R
RMSE . ing FTRMSE ining 73 5 AR LA MR £ 5 I 2558
HJRMSE,

2 HBRES

2.1 25 NUE WBURFHETFE

FIF RFE SE4r 5 %F VIs. TFs il 3 (118 & 42
1Tk, SR WE 3. MIEMIESES S0 IEHRIE R4
BBE AT, B BUR VIs T4, TFs THEMIE &
fEF&, ERWNE2, HE2WH, NEAKN BRI
REFERZEH BN ZES, HESEERREKN B,
BT A [F 4 N AR (AR Mk R 25 5o VRS RRAE 1) 7 e 45
RIFA R B —FHE TR L 4R G, UiBH VIs A TFs (18U
FEAEAAEIE ARG, FIRE UM B RE . B R
M, STFIREHRHE, TFs I ERKREA KRB,
F WIAE AR ARG A K 1) 5 A 51N 23 (8] SO B A T 55k
VIs B, AT BRUERS R 1 TR FE 5 A8 1
22 ETF “HRYFE-FFE” RENEETN

PR R TR 2 BB A KR B W BRI A 4y
NFRAERI M (£ 3) . LSTM BEALLE 3 AN AR Ky B AT
EARFREER KA, GBM. RF. MLP Al SVM N f£7E
A . RF Al GBM BEA N6} = B f FNRGE P 7E 3 AMEK
B BOAR Y, SVM REAY/E S AU A S 3 1) TN RE AT
MLP R () F0 S B £ 72 . B DNN BERY A, H A i A
TE 57 BE 15 4 A B B f 000 P BB 22 S g, HLosr TS
SIS TS BE o 2R A RS E I 2548 5 A AR F 1t 35
P, DNN#ER L P L, RPN 0.748~0.938, AR* A
2.033%~ 7.195 %; RMSE A 969.333~ 479.591 kg/hm’,
ARMSE N-2.644%~2.952%. {F 3 1] DNN 55 7 %t 7=
BTN AR A, BAESUBRRRAE TR B R A,
R*=0.938, RMSE=479.591 kg/hm?. % T fe iRk 47
ST, S AE R T 0% R LA 4. 2R PEAE AL
R*=0.940, RMSE=166.981 kg/hm?, ik F| 0.01 /K °F & 3%
PEZ 5. DNN B HRAEKE (<7000 kg/hm?) f7
BRI TRIACR, HEANEEAT 9000 kg/hm?)
= B A il o
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A ~ My sz 2, N 57 = = 327 Y
% 8 XE P FeT I ANLE GRS 52 2 KR & 5 S 3 R 2 T 391
—— SrEEWTillering stage —— ¥ Heading stage —— ¥ MFilling satge
&
=6 : . 090 = 16 10.90 16 . 10.90
2 st {1085 B 15} {0.85 5k {0.85
e 3 :

52l = A Rl - B R P 10.80 ~ 1l HHHHEHH] 0,80
£2 3 i fry407s 8 25, {0.75 25, ! HHHHHH] 075
ga {070 g & 10.70 = 10.70
%&H% 12 1065 5 3 12r 1065 % 3 12 1065 %
Ky Il 10.60 ‘E 5 Ut 10.60 5 1t 40.60

~ | g 53} 53]
oot S 1055 3 Z 1t J0.55 2 10 {1 0.55
,}Q = o 53 e
=5 o {050 2 2 9| {0.50 2 1050
29 9 R & 9 9

g gl EEE—— 045 ol | {045 i {045

3“ 1 1 1 1 1 1 1 040 ‘:H - 1 1 1 1 1 1 040 1 1 1 1 1 1 1 1 1 1 1 040

0 2 4 6 8 1012 14 16 18 = 0 2 4 6 8 10 12 14 16 0 3 6 9 1215182124273033

HBEE B Rt

Numbers of VIs variables

SORRHIE R R

Numbers of TFs variables

HBEE RS SO AR A Rt

Numbers of VIs+TFs variables

a. PR BURRHIT ik

a. Screening sensitive features for yield

10 - 1 0.60 10 - 1 0.60 10 1 0.60
9L 10.55 9L 10.55 9L 10.55
~ g 40.45 ~ 3 40.45 ~ 3 40.45
‘;n i 40.40 ‘;o i 40.40 ‘;n i 4 0.40
L R: L -
w O = (35 w O 40.35 w 0 y 40.35
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Fig.3  Screening results of sensitive features at different growth stages
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Table 2 Sensitive features selected by the RFE algorithm
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mnestage  a VARI. OSAVI. GSAVI. MSAVI. DVI, PC2SM Al POOEnT VARIre. GNDVI Al repRVI
SAVI. NIRv fil EVI n
Clrededge. GNDVI. LCI. mNDblue. MTCI. PC1Con. PClCor. PCl1Dis. GNDVI. MTCI. PClCon. PC1Dis. PCl1Hom.
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Table 3 Results of the yield prediction based on direct prediction models
43 BE Y Tillering stage A Heading stage FEZ Y Filling stage
RHAE ki WM B M B M B
Features Models Testing set Changed / % Testing set Changed / % Testing set Changed / %
R* RMSE/(kghm? AR® ARMSE R° RMSE/(kghm? AR* ARMSE R’ RMSE/(kghm?)  AR* ARMSE
LST™M 0.70 1087.80 30.02 8.74 0.73 1047.96 21.72 13.43 0.73 1031.69 15.97 16.91
GBM 0.74 941.21 -20.13  73.64 0.68 1031.72 -31.49  905.38 0.65 1087.12 -23.18  44.28
Vis DNN 0.83 787.57 4.07 2.95 0.81 852.55 4.17 1.47 091 581.25 3.44 -2.64
MLP  0.69 1014.68 -22.51  64.19 0.67 1052.87 -28.60 117.18 0.63 1100.67 -30.24  86.50
RF 0.81 801.64 -12.18  48.36 0.72 954.93 -24.23  136.16 0.68 1041.26 -29.06 152.94
SVM  0.72 981.62 -20.44  64.85 0.59 1195.88 -39.87 303.09 0.73 953.93 -20.60  79.01
LSTM 0.68 1133.58 25.79 13.47 0.75 997.96 22.17 11.18 0.66 1165.84 9.21 27.82
GBM 0.73 966.06 -20.93 77.22 0.71 982.91 -25.57 146.09 0.65 1087.12 -23.18  44.28
TFs DNN  0.75 969.33 6.01 0.78 0.83 802.86 5.66 -0.13 0.94 479.59 2.09 -1.93
MLP 0.65 1099.73 -18.81  26.62 0.70 1019.64 -17.41  33.27 0.54 1243.69 -36.64 7293
RF 0.79 850.60 -1527  66.45 0.72 964.68 -21.81  80.83 0.64 1100.94 -31.89  146.80
SVM  0.77 884.47 -16.65 67.78 0.74 941.81 -11.48  20.05 0.63 1131.60 -34.81 237.04
LST™M 0.72 1063.18 21.76 13.82 0.76 983.48 18.72 13.25 0.71 1068.20 0.66 38.79
GBM 0.71 984.66 -25.84 154.33 0.71 976.52 -27.79  387.35 0.66 1069.29 -30.10 131.96
VIs+TFs DNN 0.76 941.87 7.20 2.40 0.80 865.74 4.00 1.32 0.92 556.84 2.03 -1.51
MLP  0.72 959.82 -18.11  48.25 0.65 1076.87 -25.66 5440 0.58 1195.89 -3241  73.82
RF 0.82 790.61 -13.26  66.50 0.75 907.17 -21.73  141.52 0.67 1055.90 -29.38 145.77
SVM  0.72 975.52 -21.46  81.49 0.57 1216.46 -41.69 373.52 0.55 1254.63 -44.42  569.00
232 AF “BUB4HIE-FE-NUE” #2449 NUE H450 24 =85 NUE FUNE R EHE

o=

BT 22 EBERMMENEG R, FIHA (D
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1.421 kg/kg: [8]4% 75 NPFP 5 Szl NPFP f £ ¥ 1l &
R’=0.989, RMSE=0.904 kg/kg. 5 ELETIxFLL, [A]4%
T NUE fKs B K 0B $2 T+ %t F aNUE, RP 25 T
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Fig.4 Relationship of fit between predicted values based on best
prediction model and measured values
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Table 4 Results of the aNUE prediction based on direct prediction models

5y BEM Tillering stage

4] Heading stage

WEZZ ] Filling stage

RHE R RS Al MR Al 3 Mk Al 2
Features Models Testing set Changed / % Testing set Changed / % Testing set Changed / %
R* RMSE/(kg'kg)) AR* ARMSE R* RMSE/(kg’kg)) AR® ARMSE R* RMSE/(kg'kg!) AR* ARMSE
LSTM 042 6.81 37.44 2045 0.29 7.29 102.49 8.46 0.32 7.19 80.07 11.92
GBM 037 6.47 -48.61 4592 0.20 7.37 -57.75  22.62 0.21 7.44 -57.70  26.33
Vs DNN  0.58 5.38 1.60 3.79 0.52 5.75 -1.32 5.58 0.48 6.05 10.44 4.84
MLP 042 6.14 -36.68  29.50 0.21 7.35 -67.02  45.50 0.21 7.28 -70.13  56.71
RF 0.44 6.05 -41.88  49.36 0.25 7.18 -66.64  68.70 0.33 6.69 -55.82 63.57
SVM  0.37 6.42 -49.79 5175 0.28 7.06 -67.05 115.87 0.17 7.50 -77.23  73.26
LSTM 0.42 6.60 41.79 15.30 0.42 6.92 204.29 1.44 0.38 7.03 61.75 16.25
GBM 030 6.74 -59.67  63.86 0.37 6.44 -42.51 31.03 0.32 6.70 -48.66  32.78
TFs DNN  0.54 5.63 8.40 1.22 0.37 6.60 -7.03 5.34 0.43 6.25 3.61 1.85
MLP  0.36 6.47 -46.88  39.22 0.29 6.94 -32.85  11.09 0.34 6.63 -49.49  38.69
RF 0.35 6.57 -61.73  159.13 0.29 6.93 -60.77  67.56 0.20 7.36 -70.61  53.16
SVM  0.23 7.12 -67.76  58.49 0.35 6.62 -38.00 21.31 0.22 7.22 -66.75  50.09
LSTM 0.53 6.24 1.01 41.19 0.29 7.29 102.49 8.46 0.49 6.48 7.22 36.33
GBM 032 6.66 -5891  69.13 0.30 6.77 -62.25  83.06 0.32 6.69 -50.98  37.24
VIs+TFs DNN  0.71 4.45 7.81 -3.54 0.52 5.73 -2.39 5.63 0.56 5.49 2.06 3.04
MLP  0.40 6.27 -50.65  72.74 0.30 6.79 -61.66  81.39 0.34 6.59 -60.28  108.38
RF 0.44 6.09 -43.45 5438 0.27 7.04 -67.44  96.76 0.37 6.48 -54.19  76.02
SVM  0.29 6.85 -66.68 138.68 0.24 7.18 -71.32  128.09 0.14 7.59 -84.52 16541
x5 ETEEUNRZE NPFP FUNLER
Table 5 Results of the NPFP prediction based on direct prediction models
3 BEW] Tillering stage 1] Heading stage #E2Z 1 Filling stage
RHE TR =S B il ARl A MR A
Features Models Testing set Changed / % Testing set Changed / % Testing set Changed / %
R® RMSE/(kgkg) AR® ARMSE R RMSE/(kgkg') AR® ARMSE R* RMSE/(kgkg') AR’ ARMSE
LSTM 0.62 18.78 46.09 12.36 0.45 22.39 47.62 20.27 0.54 19.88 49.26 13.53
GBM 0.74 13.51 -22.23  123.50 0.29 23.34 -63.28  90.47 0.40 21.46 -46.11  57.38
Vs DNN  0.60 17.19 5.57 2.47 0.38 21.02 -4.06 -1.36 0.58 17.72 17.95 -0.39
MLP 0.72 14.18 -12.18 2495 0.57 17.66 -37.38  121.67 0.57 17.67 -3442 7933
RF 0.72 13.93 -21.82  85.06 0.42 20.75 -53.62  146.96 0.34 22.09 -57.78  78.21
SVM  0.74 13.71 -12.08  28.49 0.44 20.52 -53.58 254.28 0.40 21.04 -51.33  80.35
LSTM  0.68 16.60 6.98 33.94 0.52 21.08 67.41 13.01 0.51 21.07 36.58  22.54
GBM  0.59 17.24 -37.45 162.20 0.53 18.46 -33.73  51.42 0.40 21.09 -53.10 107.32
TFs DNN  0.63 16.74 -4.93 12.71 0.54 18.39 0.45 0.93 0.54 18.68 -4.90 5.81
MLP  0.64 16.10 -31.66  133.61 0.52 18.81 -24.51  23.67 0.40 21.11 -54.97  131.58
RF 0.63 16.58 -34.05 17131 0.49 19.31 -42.43  86.01 0.42 20.75 -52.01 122.30
SVM  0.56 17.96 -42.13  266.01 0.54 18.14 -26.86  32.66 0.30 22.94 -67.42  192.09
LSTM 0.74 15.07 0.08 46.91 0.66 17.73 10.96  34.62 0.63 17.84 15.03  27.90
GBM  0.60 16.99 -37.27  193.75 0.50 19.20 -43.30  101.87 0.45 20.31 -37.76  43.73
VIs+TFs DNN  0.78 12.79 1.26 3.72 0.67 15.61 -2.57 8.22 0.64 16.37 13.60 -1.50
MLP  0.70 14.77 -26.25 153.40 0.64 16.23 -33.38  179.06 0.48 19.62 -50.28  259.21
RF 0.70 14.65 -24.90 114.22 0.51 19.00 -43.60 131.78 0.48 19.67 -42.78  76.63
SVM  0.62 16.85 -37.60  558.64 0.40 21.34 -58.45 281.24 0.27 23.53 -72.44  458.67
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Table 6 Sensitive features selected at different growth stages
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Prediction of rice yield and nitrogen use efficiency based on UAV
multispectral imaging and machine learning

LIU Jikai** , WANG weigiang® , SU Xiangxiang® , LI Jun® , NIAN Ying® , ZHU Xueging! , MA Qiang',
LI Xinwei'*>*

(1. College of Resource and Environment, Anhui Science and Technology University, Fengyang 233100, China; 2. Anhui Province Crop
Intelligent Planting and Processing Technology Engineering Research Center, Fengyang 233100, China; 3. Anhui Province Key
Laboratory of Functional Agriculture and Functional Food, Chuzhou 239000, China)

Abstract: Rice is one of the most important staple crops worldwide, with China being the largest rice producer. Rice yield and
nitrogen use efficiency (NUE) are critical factors determining food security and agricultural sustainability. Nitrogen (N) is an
essential nutrient for rice growth; however, excessive nitrogen fertilizer application reduces NUE, increases production costs,
and causes environmental pollution. Therefore, accurately predicting rice yield and NUE is crucial for optimizing nitrogen
management, improving rice production efficiency, and mitigating environmental impacts. In recent years, the development of
remote sensing technology, particularly the application of unmanned aerial vehicle (UAV) multispectral imagery, has
significantly enhanced the precision management of agricultural production. UAV remote sensing technology enables efficient
acquisition of crop growth status information and, when combined with machine learning approaches, facilitates the
construction of accurate predictive models, thereby providing data support and decision-making assistance for agricultural
production.A two-year field experiment was conducted in Fengyang County, Anhui Province, China, involving multiple
nitrogen levels and rice varieties. UAV multispectral images were collected at three key growth stages (tillering, heading, and
grain filling stages) to obtain remote sensing data. The recursive feature elimination (RFE) algorithm was used to select
sensitive vegetation indices (VIs), texture features (TFs), and their combined features. Six machine learning models-random
forest (RF), support vector machine (SVM), multilayer perceptron (MLP), gradient boosting machine (GBM), deep neural
network (DNN), and long short-term memory (LSTM)-were employed to establish direct prediction models based on
“sensitive remote sensing features—yield and NUE” Additionally, an indirect prediction model based on “sensitive remote
sensing features—yield-NUE” was proposed using calculated features. The potential of UAV remote sensing technology for
accurate NUE prediction was evaluated by comparing the performance of direct and indirect models.The results showed that:
(1) The prediction of rice yield and NUE at different growth stages exhibited varying dependencies on remote sensing features.
At the tillering stage, spectral-based vegetation indices contributed more to prediction accuracy, whereas at the grain filling
stage, texture features played a more significant role in NUE prediction. Difference vegetation index (DVI), visible
atmospherically resistant indices (VARI), and modified normalized difference blue index (mNDblue), as well as the texture
mean (Mean), were sensitive to yield across multiple growth stages. Similarly, reciprocal ratio vegetation index (repRVI),
correlation (Cor), and Mean were consistently sensitive to NUE. (2) Among all models, the deep neural network (DNN)
achieved the highest accuracy in direct predictions of yield and NUE. At the grain filling stage, the TF-based model provided
the most accurate yield predictions (R>= 0.938, RMSE = 479.591 kg/hm?). At the tillering stage, the hybrid feature-based model
demonstrated the best predictive performance for NUE, with agronomic nitrogen use efficiency (aNUE) and nitrogen partial
factor productivity (NPFP) achieving R? values of 0.711 (RMSE = 4.448 kg/kg) and 0.781 (RMSE = 12.787 kg/kg),
respectively. (3) Compared to direct models, the indirect model significantly improved NUE prediction accuracy. The R? values
for aNUE and NPFP increased by 18.589% and 14.733%, while RMSE values decreased by 54.411% and 90.015%,
respectively. The proposed indirect prediction framework for NUE overcomes the limitations of traditional methods that rely on
data from the maturity stage, enabling nondestructive and dynamic assessment at earlier growth stages. This study demonstrates
that UAV multispectral imagery combined with machine learning techniques effectively enhances the prediction accuracy of
rice yield and NUE. The DNN model outperforms traditional machine learning models in predictive accuracy, and the indirect
prediction method surpasses the direct approach. These findings provide a novel methodology for precision management in rice
production and offer valuable technical support for intelligent agricultural management.
Keywords: unmanned aerial vehicle(UAV); multispectral image; yield; nitrogen use efficiency(NUE); indirect prediction

model; machine learning(ML)
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