AR R 224 2025,3003):206-217
Journal of China Agricultural University http: /zgnydxxb. ijournals. cn

XiE, N2 HERKE REE . EF5FE . KER . KLE EFXTANBAERGINB[ZIEEZNREEYEGMET ZHRI]. PERLKRFZIR,2025,30
(03):206-217.

LIU Tao, LIU Wang, YANG Fengyuan, ZHANG Huan, YIN Dongmei, JIAO Youzhou, ZHANG Meifeng, ZHANG Quanguo. Research on estimating peanut
biomass using UAV hyperspectral imaging and machine learning algorithm[J]. Journal of China Agricultural University,2025,30(03) : 206-217.

DOI: 10. 11841/j. issn. 1007-4333. 2025. 03. 19

ETEANBREXGMNRIEIEZNREEYE
HEFEFR

X FY N 2D OBERE K BT ORAE EAWHET KEA' KaeEH’
C1. VT W 22 O R 2% 30 % BRI 27 B, R AN 4500465
2. RGO K2 ML TR 2#BE , A0 4500025
3. R A KA 2= B, KM 4500025
4. AN TR 2E TR0 FRIN 450103)

B E OAFRAANGEEE B REEY A EEL RN b e, AR T 6 A A ALK I W A A BF T T
B, R RANBE S EMIRE SN B AERANG S LEYRUE, E0SANEFI L MRt
A FAE AR SRR AT AR MM R B 2P AT . H sk, B a4k A Savitzky-Golay 3% 9 3 2 & kR 09 5
B AT R A, B A Gaussiand gk R B AT E S D T B, IF R T DI IS HAEAF ARG A
R RELAR X B K B AT SR AL AR 48 AR ik, SRR R O 3R B g AL AR 48 2 o A M i L #H & £ = )2 (Support Vector
Regression , SVR) | F #L #& #& (Random Forest, RF) . & #4h 2 W 4 (Convolutional Neural Networks, CNN) | 42 F #
AL (Particle Swarm Optimization) #9 SVR k. F B AL 49 RE A2 F AL AL 8 CNNF LA A Y S LR, G247
R E RN, EREAAEEFEIRA CNNA FH AN E ST I ARA 4o RF Ao SVREF , £ 4 £ 4 F 8
HE BRI E A CNN AR £ 03X & L4k & 2 # (R % 0.710, RMSE # 0. 371 kg/m*, MSE #= MAE % %)
0.138 4= 0. 329 kg/m?; i i& 4 F B H 3% PSO #t 47 A AL B ,RE . SVR,CNN 4 A #9 F7 ] H5 B 45 A 32 A, 2
CNN#WRARAPR, 2 ZZHE(RDRI LA H8.2% ., B, £ 4E 69 R KA PSO 3T CNN A H AL )G o9 4 A
N TRAEKRENETORAERAEHR, KRTRTAHHIAMNCEAD TREH T E AFLEINERRER D

LH,
KEWR BAEPG; ELDR Y RAEENI;, WEFT; HFEIH
FESES S107 XEHS 1007-4333(2025)03-0206-12 XERAR R A

Research on estimating peanut biomass using UAV
hyperspectral imaging and machine learning algorithm

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

(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. Engineering Training Center, Zhengzhou University of Light Industry, Zhengzhou 450103, China)

Wi BH: 2024-05-21

EEWMB: THANERAEZTYBEAESSTERFERTA (225200810089 ; il # & & K R 6] # A 74 X #F 1+ % (23HASTITO028) ; Al A B EAA X ETRETAE
(2024HYTPO18) ; il 5 & 18 + B R T B (202101041)

E—1E&: XiHECORCID:0009-0004-3859-0090) , Bl ##% , EZ N B R W B B UM A B IR 5 % S8 52 . E-mail : liutao@huel. edu. cn

BiILMEE . HE(ORCID:0000-0002-9450-0625) , 1% . F EMNFE LY R = E W F B#H 3, E-mail: zhanghuan5754@163. com



53 1

XNV 4E T NHL R LI AGM L&~ 2] Bk i 2B 2 A2 W AR B8 ik WF e

207

Abstract Accurate and efficient crop biomass estimation is of remarkable importance to identify superior
varieties, regional production management and food security assessment. In order to evaluate the potential
of UAV hyperspectral remote sensing technology in crop biomass estimation, a peanut planting test field in
Xingyang City was taken as the research object. The hyperspectral image data of multiple varieties of
peanuts at maturity were collected by UAV equipped with hyperspectral cameras. A peanut biomass
estimation model was constructed by combining various machine learning algorithms. The accuracy of the
model was evaluated and compared. Firstly, the reflectance of the hyperspectral images was smoothed
and preprocessed using the S-G filter, and continuous wavelet transform was applied using the Gaussian4
wavelet basis function to screen 53 vegetation indices as feature inputs. Secondly, the sensitive vegetation
indexes were selected through the Pearson correlation coefficient method. Lastly, the identified vegetation
index was used to construct Support Vector Regression (SVR), Random Forest (RF), Convolutional Neural
Network (CNN) , Particle Swarm Optimization Support Vector Machine (PSO-SVR) , Particle Swarm
Optimization Random Forest (PSO-RF) , and Particle Swarm Optimization Convolutional Neural Network
(PSO-CNN) models for estimating peanut biomass were constructed and their accuracy was evaluated.
The results indicated that: The deep learning model CNN demonstrated a superior performance in the
prediction accuracy of peanut biomass compared to traditional machine learning models such as RF and
SVM. The CNN model had a determination coefficient (R*) of 0. 710, RMSE of 0. 371 kg/m®, MSE of 0. 138
kg/m?, and MAE of 0.329 kg/m® on the test set. After parameter optimization using the Particle Swarm
Optimization (PSO) algorithm, the prediction accuracies of RF, SVR, and CNN models were improved,
with the CNN model showing the most significant improvement, with an increase of approximately 8.2% in
the determination coefficient. Therefore, using the PSO-optimized CNN model during the peanut harvest
period provides the most accurate estimation of overall peanut biomass. This study provides a scientific
method for accurate peanut biomass prediction and a strong support for the development of smart rural

areas.

Keywords hyperspectral imaging; continuous wavelet transformation; peanut biomass; machine learning;

smart rural areas
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Fig. 1 Geographical location of the study area (a) and the schematic diagram of the sample plots (b)
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Table 1 Statistical results of peanut biomass at sampling points

vy v ) ; . bRMEZE/ (kg/m®) SRR/

BARR BB KM /g/m'D FUME /Cg/m® B/ (g/mey T2/ (ke/me ek R /08
. . . Standard Coefficient of

Sample type Sample size Maximum Minimum Mean L L

deviation variation

Il 2k

I 7?% 56 5.52 0.88 1.95 0.76 38.75

Training set

3

Wil 14 4.16 1.24 2.00 0.71 35.67

Test set

=% 70 5.52 0.88 1.98 0.76 38.34

Complete set
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Table 2 Vegetation index and its calculation formula

[ERIEER HHEAX 2% SR
Vegetation index Calculation formula Reference
*Eﬁﬁ%fi%ﬁfﬁ*ﬁhﬁ PSRI (RsxofRsoo)/R?so [19}

XU 5 J2 2 R 5 0T DCNII

( (Rmo*R«woJro- 09 (Rmo*Rmo) )/(Rwo*Rmo) [ 20]

& 1E T i 2 S B MMTCL ((Rys0— Rego 0. 03) (Rysp— Royo) ) / (Ry10— Reg) [20]

4 HEE YA B4R £ SAVI 1. 5CRypy— Rsr0) / ( Ryt Rz +0.5) [21]
Al L KA 85 VAR (Riss— Rigo) / (Riss+ Rigo— Rig) [21]

T RFR S, R AR ARARRER, nm,

Note: R represents the reflectance, with the subscript representing its specific wavelength (nm).
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Table 3 Hyperparameter initial value range setting

LAY T S8 ¥ 4 Ak 3 [l
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SVR
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Fig. 5 Heat map of the correlation between all vegetation index and peanut biomass
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Table 4 Comparison of precision test results of peanut biomass estimation model

Sy R? RMSE /(kg/m* MSE /(kg/m*) MAE /(kg/m*
Modeling
method Pl S i 4R RS A PSS ik 4 RS LTRSS

Training set  Testset  Trainingset  Testset  Trainingset  Testset  Trainingset  Test set

RF 0.673 0.674 0.429 0.393 0.184 0.155 0.305 0.28

SVR 0.674 0.651 0.428 0. 407 0.183 0.165 0.272 0. 346
CNN 0.778 0. 710 0.353 0.371 0.125 0.138 0. 264 0.329
PSO-RF 0.671 0.689 0. 430 0.384 0.185 0.147 0.301 0.274
PSO-SVR 0.667 0.674 0.433 0.393 0.187 0.154 0.279 0.334

PSO-CNN 0.805 0.768 0.331 0.331 0.110 0.110 0.244 0.283
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Fig. 6 Fitting effect of 6 models on peanut biomass estimation
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