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Fig.1 Location of the study area and distribution of sampling sites
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Table 1 Detailed parameters of the hyperspectral imager
SHGTR SR
Parameter name Parameter value
S
HAREE 400~1000
Spectral range/nm
o % 15
Spectral resolution/nm :
HfEflize .
Numerical aperture/nm &7 2.8
ST 0s
Spectral sampling rate/nm :
TS S
Full frame pixels/{% % 19361456
&SI
Pixel pitch/um 454
B A (FOV)
Field of view/(°) 30.25
PR R 7 P
Single image resolution/{% % 19202080
22 7] 4 2R
A R 0.085

Spatial resolution/m

1.3 HhEEHEIRE

WA 1 s, TEASF] SRR Ak 70 A HU R
FES, (FH GNSS I HLE A7 il A S = A AL B
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MR A S B At 2 s N 7 EAT R 9)I 45
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Fig.2 Distribution of measured plant biomass at sampling points
of different varieties
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Table 2 Partial vegetation indices and calculation formulas
EUIEEE AR
Vegetation index (VI) Calculation formula
& IEHb T 2% 2246 40 MMTCI ((Ry50-Rego0.03)(Ry50
Modified medium resolution transformed chlorophyll index  R;0))/(R70-Reso)

XX HI%EE%%%?EQ DCNI ((R750_R670+0'O9)(R750-
Double peak canopy nitrogen index R100))/(R700-R70)
BRI S EVI PR N
Enhanced vegetation index 0)/(1+Rsor+6Rgro-
TRu79)
LTI 2 HL RECI

Red edge chlorophyll index (Rso/Rno)-1

r g3 A i M % R R FE E MTCT
Medium resolution imaging spectrometer chlorophyll index
A — RS GNDVI

Green normalized difference vegetation index

(R750_R7 1 0)/(R7 10_R680)

(RSOI 'RSSO)/(RSOO+R550)

HER R ENVI
New vegetation index (Ryrr-Ryia) Reos
SH— W EE IR RDVI (Ryoo-
Renormalized difference vegetation index R470)/(VRsoo +Re0)
R 522 [ S #2484 PLSRI
(R680_R5OU)/R750

Plant leaf senescence reflectance index
WA TR AL LICT

Light-use efficiency chlorophyll index
e RUFREAKN A nm 16 R A

Note: R, is spectral reflectance at a wavelength of A nm.
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Fig.3 Spectral reflectance and first order differential values of
sampling points
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LR LEARZE (MAPE) SRR AR ARIF OB, HAK
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MAE FI MAPE B/, U 3% BR A% BURE B 5
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X RE R BH 176 N RIG RSB B . — B s
AEER S 175 ANMRFAESE BE DL B 53 AR 4R £o) -5 il
e e AT VIP AT, 3 MR E I VIP H i K
F/NPIGTHES, SR aE 5 Fos.

1 TR G % BOBOHE T, 748.8 1 745.3 nm YN Uk B
VIP & &, 209 1.42 F1 1.40. 76— M ik o Bt o,
df99 F1 df100 FA>—F o REAE ) VIP {5 &, 23 0A
2.57 f12.56; ., DF99 Al DF100 43 7 & MR 4 =0 (1)
FH 546 S 5 28 E0HE A AH AR B 734.8. 731.3 . 731.3
727.8 nm THHE A RH) . AT E DCNIT (U5 2 58 %=
15 %0 BT MMTCIL (& 1 Hb 1 - 4% % 35 %) BY
VIP (e, R E] T 1.59 F1 1.52. @I #H & ME 504
ATDLR I, S8 AR AR A O IR REAE 38 B 2 BEAE R 7R
£ 700~750 nm [P 0E [ S 2 .

2.2 EFH—RANS TS YEMNERE

ASCARYE VIP HEF &5 3, AT 1% FIFREIE (R
FREGEI 24 fEN AN T, 3 R 2T SVM.
BPNN £l RF 84 AR sl SR AL, A TE Il SR dE N
MR BRI 45 R WSR3 Fro . S5 RR ], M T G
BB S ZRARRAE, B — B i o AR A 00 R L

WIS, X KUV RF s S — 50
b, AR RO = RS 2 IR U 2R ER LI ik
SERB R BT 0.59; t1— Bl i = AL 2 S B
FENZREE Lt R4 R I 0.48.

1.5
1.4
1.3
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VIP

% Bt Wavelength/nm
a. JR AR B HUE VIPIE AT

a. VIP value ranking of original spectral bands

VIP

—B sy Hi i First-derivative data
b. — i B VIPEHE Y

b. VIP value ranking of first-derivative spectral data
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N2 O = W W
DCNII [y
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mSR705 m
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'REAIE 4 B Featur name
c. FE B FR A VIPE A

c. VIP value ranking of vegetation index data
B 5 VIP(variable importance in projection) #EA- 4 &
Fig.5 Sort result of VIP analysis
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Table 3 Comparison of peanut biomass prediction models
constructed using three machine learning methods

. WL e IR S
s oo matw VAR puse MR pus
. R o : 5
Data Modeling Nurr'lber of Training Training set Testing Testing set

method  variables set R RMSEZ/ st R12 RMSPE%/

(kg-m™) (kg'm )
U BR  SVM 2 0.197 0.167 0.147  0.158
2% BPNN 2 0.278 0.159  0.104  0.162
Raw band data  RF 2 0.541 0.076  0.126  0.157
e SVM 2 0.590 0.119 0364  0.137
Vegetation BPNN 2 0.622 0.115 0.342 0.139
index data RF 2 0.851 0.072  0.564  0.113
—Mfsr  SVM 2 0.482 0.134 0302  0.143
First BPNN 2 0.487 0.134 0330  0.140
derivative data ~ RF 2 0.846 0.073 0.686  0.096

R 2 08 FH — B 8023 1 RF 7 925 R R AT B N R0
IetE, ZAE I GRAE BRI UE RECRY N 0.846, FEMIR
£ F ki 2% R* 4 0.686, RMSE N 0.096 kg/m®, 55
T, F—REAE SRR 0 A A ) Ay B o ) AR
i, 3 DAATHI S AR AR A P R S 2 Ak R b 7 4R
TN AR 2H B oF i v 0 A A A 0 i SRR 2 R 5
23 ETHEAENEEEEMBERENE

PS5 AT A, 40k VIP AH S 0% 1% 5 R I 5
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TeAE AR B B A S, DR AR 60 07 i )i 1)
JRGRHE B — B MR ECHATRE A A, AL
BEE N IE A Y B A EAE R, W R R RS AE
o VIP A 55 1 AN B AT LA VR N BRI, T
WEMAGEOLT, AP A E YA
MRS RE IR . HARZL & BRI 45 F %K 4 fim.
CERRWY, MR TET R RARE N ED R H
BRAY, i P 2H A R A A4 8 ) = R % 2 ST AR 1k Rt B
TAEREN A s R 48 B IE 4L & J5
P RE BRI AE, 7RISR RTIR4E b i) vk e
2 R4y 5 0.734 A1 0.754, RMSE 43 5l 4 0.096 F1
0.085 kg/m*s AHLLZ R, HI— B 23 A i s 9 B AR iE 41
B RIPL A S SR e A R %, FTRE TR
U BORN— I SO R AE 2 (R A7 AE — B Ay . A B HR 3L

R UGB BRI 40 & S5 A 1) RF LAY, PR REAH b s 4l
il A TR SO (1 RE B R Bk GIZReE RP R %
34%. JREE R* NFE 16%), XAl BE 2 K N 07 i Je (i A
B 4840 DCNIL A1 MMTCI # 2 HH % J5 (1) i 46 s 5 2R
B B750 T .

BEAb, K —B s AR AR HORT [ AR i B =R A
P SRIR AT RFAE 2 S5 A J L8 2% SR 2 1 e A i
e, EGREMMRE ke R R RN 0.651
F110.640, RMSE. RMSE, 43 %14 0.11 1 0.10 kg/m*, iX
R EHEEN P RAR, =AKRRHIE A AR
ET A, BRI A . A SRR S R R
B BRAERTY . BRI By, B T ik
A IHRRE . A BCRFE I 0 T 52 s e A AR P Al
U EE R H I,
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Table 4 Comparison of peanut biomass prediction models constructed using three machine learning methods

SN A R I[Ez% S e My
B B AR YI%tE R JIZ5% RMSE WA R Wi RMSE,
. Number of L » Training set RMSE/ . 2> Testing set RMSE,/

Data Modeling method . Training set R 2 Testing set R, >
variables (kg'm ) (kg'm )
7 b e SVM 4 0.656 0.109 0.618 0.106
First dori };g»ﬁzé?éﬁ%&%aﬁ dox d BPNN 4 0.570 0.122 0.480 0.124
1rst derivative data egetation index data RE 4 0.734 0.096 0.754 0.085
N = pLy SVM 4 0.611 0.116 0.564 0.113
First deri Mﬂz?ﬂkﬁz};/&ﬁ% » BPNN 4 0.364 0.149 0.355 0.138
1rst derivative data aw band data RF 4 0.751 0.093 0.674 0.098
b HE K 5 B SVM 4 0.791 0.081 0.501 0.121
v .*Efﬁjﬁ%g”’?f'f% » BPNN 4 0.261 0.161 0216 0.152
egetation index data aw band data RE 4 0.554 0.125 0.469 0.125
AR R TG SVM 6 0.660 0.107 0.530 0.117
First derivative data + V. ion index datat Raw band d BPNN 6 0.479 0.135 0.344 0.139
1rst derivative data egetation index data+ Raw band dat RE 6 0.651 0.110 0.640 0.103

24 EFRTEMCHENEGNERE

ANEIAL B8 2 31 5 VA6 2 (A6 AR AR W A SR AR R
AR S, X AT RE A TR P 30 1 2 Hont i 7Y
PEBE I R M B K. AHIE SR B R T BE AR AL S0VE (PSOD
X =R HLES S SRR R S G AT A, A I AR A
Reg e A RV B N R BRI, NImPE s R
ARAEFR 5 s RFEA G266l B, SR AL S FINLEE
SRR (PSO-SVM. PSO-BPNN il PSO-RF) 4T 5K
5, JEEIZRERMNRE AR IS 3£ 5. @it xt
Eb A3 BT A Ak T S R AL () 1 BB AR 4K, VA PSO Mkt A4
A= A A P B TSR

SRR, @ik TFRAEE (PSO) fiib)E i = Fh
BLA% 2 2] J7 P A RS B S AN R RE B 4R v, AL f )
YR DIREE RP 2 BIERTE T 14.1% A1 13.5%. HE5) 23
T ARG HREORE 453 B 3 FRRFAE LA (1) PSO
MALBEHLAR AL (PSO-RF) HERY, Il gt fliR 21 R?
IRIRTET 27% 1 15%, 3 MFEA &5 )24 R H
B EIAE] 0.830. K, PSOMALA B T4 m i ALK F7
X5 E RS (R TS AL FEIIR A b P RE R I
by BA— B o FVAE W B A U R REIE S N 11 PSO-
RF MR R P A i, FL U gr g Ak 42 1 R 4 0 5
0.810 1 0.800, ¥J77 1% % (RMSE) 437k 0.081 A
0.076 kg/m’.

x5 ETRFRMUNRZEIRZENEEEDEMUREEEIIEL

Table 5 Comparison of peanut biomass prediction models using particle swarm optimization-based machine learning methods

Y144 RMSE A 4E RMSE,

BRI HAETTVE AR N R o MiRSE R, .
Data Modeling method Number of variables Training set R? Training set_%( MSE/ Testing set R 12 Testing set EMSE‘/
(kg'm™) (kg'm™)
p b P PSO-SVM 4 0.637 0.112 0.636 0.103
. . fﬁﬁfﬁﬁ%ﬁﬁ%ﬁ?‘é?ﬁ[ . PSO-BPNN 4 0.590 0.119 0.536 0.117
First derivative data + Vegetation index data PSO-RF 4 0810 0.081 0.800 0076
P . PSO-SVM 4 0.621 0.115 0.601 0.108
. .#mﬁ&ﬁJrEté&pi PSO-BPNN 4 0.540 0.127 0.414 0.131
First derivative data + Raw band data PSO-RF 4 0815 0.080 0.709 0.092
PSO-SVM 4 0.792 0.085 0.568 0.113
LA F6 i+ R AR i B PSO-BPNN 4 0.285 0.158 0.270 0.146
Vegetation index data + Raw band data PSO-RF 4 0.818 0.079 0.499 0.121
— B R AR R R G R B PSO-SVM 6 0.662 0.108 0.564 0.113
First derivative data + Vegetation index data+ PSO-BPNN 6 0.556 0.124 0.504 0.121
Raw band dat PSO-RF 6 0.830 0.077 0.742 0.087
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ARMAERLLE PSO AT 5 R I A . PSO 7EFETHHL A%
2 TR RURS B 7 TH A RhE, 0 R TE A R R B
TERT BA B R AL .

Bl 6 Feon TG IR 3 Pl AL 48 P 4R L (1 [l U1 4
G, Hrh, PSO-RF B FMIAS i, £ RMSE.
MSE #1 MAE %5485 B N fk. E A& S, PSO-RF
B R, MSE. MAE 43 % 4 0.800. 0.006 kg/m* il
0.059 kg/m*, IEARMAL G HI RS F R (ntree) 105,
/N AR (leadD) 2 B, &R FEFEFRE RMSE
% B A%, N 0.077 kg/m®. PSO-SVM A5 7 , H R%,
MSE. MAE % %]/ 0.636. 0.011 kg/m* 1 0.081 kg/m’,
AR AL S5 BIIE §T R N 350, FIE R B SHIEN
1.0 I, &R ETRARE RMSE # 1K, 4 0.106. PSO Xt =
FpEERAT SRR, R R 20, *
B S vL HAT B s i I e A shosoR . R4 it PSO 4k
(BT E 5 TR by bR IUA X2, 4 3d PSO flifk 5 aT
DA 2 ST AR PR P R AR 1k

WS R _mas

—~ i Validation set Training set Fitting line

& N

iﬂ 1.4  y=0.778%x+0.106 o

312 e 0077 kg'm? E 0.070 46

= 1.0 | MSE:0.006kgm? & — 0.07045

_; 0.8 MAE: 0‘05.9 kg”'?j:»:' % ‘g 0.070 44

8 £ &0 0.07043

2 0.6 T <

] E 0.070 42

& 04 S 007041

E L L L L L , L@ 0.070 40 L f f )

E 02 04 06 08 1.0 1.2 14 10 20 30 40

= H S True value/kg AR Number of Iterations
a. PSO-RF

1.4 ¢ y=0.533%x+0.204
R=0.636

S 12| RMSE: 0.104 kg'm*

= MSE: 0.011 kg'm® .

= 1.0

= MAE: 0.080 kg-m 2*

0.2290
0.2289
0.228 8
0.228 7
0.228 6

3& M i Fitness (RMSE)/
(kg'm™)

10 20 30 30
AR Number of Iterations

04 06 08 1.0 1.2 1.4
B True value/kg
b. PSO-SVM

E 1.4 [ =0.540xx+0218 0.105
R=0.609

< 1.2 | RMSE: 0.108 kgm™

S 1.0 LMSE:0012kgm?

MAE: 0.083 kgm 2.,

3& WAt Fitness (RMSE)/
(kg'm

=

k=l g

2 0.095

H e 0.090 b
= 02 04 06 08 1.0 1.2 1.4 5 10 15 20 25 30
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c. PSO-BPNN

E: oa by c PEEDREIAMEGE, HEEZ PSO MK AR FILERE
Note: In Fig. a, b, and c, the left panels show the regression fitting plots, while
the right panels depict the optimization process of the PSO model.

B 6 —MiksHdE 5 Aa A M40 55 T PSO-RF. PSO-
SVM. PSO-BPNN #£% 2} 764 & 4 & Fm AR A
Fig.6 Peanut biomass prediction models based on the combination
of first-order derivative data and vegetation indices using PSO-RF,
PSO-SVM, and PSO-BPNN models
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—B o MR ORI 4 S RHERY) RF. SVM A1 BPNN
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e A EAL e I 2 G B

2) KT RECAL (PSO) BLVEN =R AL 3475
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3) fH PSO ALK RF A AILELEA A4 L il B 3R
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L i s 8 SRR P A A A 2 ik SRR T B SRR R
5%,
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Estimation of peanut biomass based on feature selection and particle
swarm optimization

LIU Tao*?, YANG Fengyuan', LIU Wang! , ZHANG Huan? , YIN Dongmei®,
ZHANG Quanguo? , JIAO Youzhou®**

(1. School of Urban and Rural Planning, Henan University of Economics and Law, Zhengzhou 450046, China; 2. School of Mechanical and
Electrical Engineering, Henan Agricultural University, Zhengzhou 450002, China; 3. College of Agronomy, Henan Agricultural University,
Zhengzhou 450002, China; 4. Mechanical Engineering College, Henan University of Engineering, Zhengzhou 451191, China)

Abstract: Peanut is one of the most widely cultivated oil crops globally, with China leading in both production and
consumption. As the demand for oil crops increases, ensuring stable peanut production and oil supply security has become a
key agricultural goal. Peanut biomass, as a crucial parameter reflecting crop growth status, is essential for precision agriculture
management and efficient resource utilization. The aboveground parts of peanut plants can be used not only as animal feed but
also as a resource for bioenergy production. Therefore, comprehensive and accurate biomass estimation provides valuable
references for yield prediction and resource management. Traditional biomass measurement methods are often labor-intensive
and time-consuming, with spatial and temporal limitations. Recently, with the development of UAV remote sensing, especially
the widespread application of hyperspectral imaging technology, crop biomass estimation has become more efficient.
Hyperspectral imaging, known for its high resolution and rich spectral information, has been used for growth monitoring and
yield estimation of crops such as soybean, rice, and wheat, demonstrating superior performance in predicting parameters like
yield, chlorophyll, and nitrogen content, as well as in disease diagnosis. However, research on peanut remains limited,
particularly regarding the spectral characteristics of different peanut varieties and their impact on biomass estimation accuracy.
This study, using UAV hyperspectral imaging, investigated sensitive spectral bands and feature combinations for efficient and
accurate field-scale peanut biomass estimation. An experimental field with 11 peanut varieties in Xingyang, Henan, was used as
the study area. First, UAV hyperspectral images of the test field were collected and preprocessed with radiometric calibration
and atmospheric correction to ensure data accuracy. Spectral reflectance data from ground sampling points were then extracted,
and the first derivative of spectral reflectance and multiple vegetation indices were calculated to enhance the feature dimensions
related to biomass. The variable importance in projection (VIP) method was used to select sensitive spectral bands and feature
combinations closely related to biomass, effectively eliminating data redundancy and isolating highly relevant features. Using
the selected features and ground-truth data, Support Vector Regression (SVR), back propagation neural network (BPNN), and
random forest regression (RFR) models were constructed, and the estimation accuracy of different machine learning models
was compared. Additionally, selected sensitive features were combined in multiple ways and input into the models to further
improve estimation accuracy. The particle swarm optimization (PSO) algorithm was employed to optimize model
hyperparameters, achieving the best model performance. Results showed that the sensitive features derived from the first
derivative of spectral reflectance were highly correlated with peanut biomass, yielding better model performance than those
derived from raw spectral reflectance and individual vegetation indices. The RF model combining the first derivative of spectral
reflectance and vegetation indices achieved the highest estimation accuracy (R” = 0.75, RMSE = 0.08). Further improvement
was achieved with the PSO-optimized RF model (PSO-RF), which resulted in an accuracy of R* = 0.80 and RMSE = 0.07. This
study demonstrates the potential of combining UAV hyperspectral imaging with machine learning models for non-destructive
peanut biomass estimation, providing essential theoretical and technical support for large-scale agricultural biomass
monitoring. This study provides an effective method for accurate peanut biomass estimation and offers technical support for
precision farmland management in the construction of smart villages.

Keywords: peanut; biomass; smart village; feature selection; machine learning; particle swarm optimization
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