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Fig.1 Overall scheme of aboveground biomass (AGB) estimation in desert steppe
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Table 1

Commonly used vegetation index and calculation formula

FE W 6% Vegetation index

11430 Calculation formula %% Reference

H— A B AR 2
Normalized difference vegetation index, NDVI
HIH— R
Renormalized difference vegetation index, RDVI
KB AT NEIE
Plant senescence reflectance index, PSRI
R s R R B
Soil adjusted vegetation index, SAVI
16 1E B - R R AR A 5
Modified soil adjusted vegetation index, MSAVI
A AR B
Enhanced vegetation index, EVI
ZEE AL R B
Difference vegetation index, DVI
LU BR 2
Ratio vegetation index, RVI
B L (R
Modified simple ratio index, MSR
ORuIERd e
Normalized difference red-edge index, NDRE
atn ) — LR R AL
Green normalized difference vegetation index, GNDVI
ARULIR=SS Eictd
Red edge chlorophyll index, Clre
SRR
Green chlorophyll index, Clg
16 IE -2 RS S 2 4R 8
Modified chlorophyll absorption in reflectance index, MCARI
ARUE L@
Vogelmann red edge index 1, VOGI
EARUE L)
Vogelmann red edge index 2, VOG2

NDVI = (Rso — Re70)/(Rsoo + Re70) [15]
RDVI = (Rsoo — Re70)/(Rsoo + Re70)' [15]
PSRI = (Res0 — Rs00)/R7s0 [15]

SAVI = 1.5(Rs00 — Re70)/(Rg00 + Re70 +0.5) [23]
MSAVI = 1.16(Rgo0 — Re70)/ (Rgoo + Re70 +0.16) [23]
EVI = (Rgoo — Re70)/(Rso0 + 6Re70 — 7.5R430 + 1) [24]
DVI = Rgoo —Re70 [24]

RVI = Rg10/Ree0 [24]

MSR = (Rso0/Re70— 1)/ (Rsoo /Re70 + 1)/ [24]
NDRE = (R750 — R705)/(R750 + R705) [24]
GNDVI = (R750 — Rss0)/(R750 + Rs50) [25]

Clre = (R750/R705) — 1 [25]

Clg = (Rs50/Rss0) — 1 [25]

MCARI = Ryps — Re70 — 0.2(R7s0 — Rssn)(%) [23]
VOG; = R40/R720 [25]

VOG; = (R734 — R747)/(R715 + R726) [25]

VE: Ryso~ Rsoo~ Rssos Resos Rero~ Reso~ R7os R7iss Rigs Ryzan Rugzs Rusos Rsoo~ Rgios Rsoo 73 BRI 430, 500, 550, 660. 670, 680. 705, 715.

726, 734 747. 750, 800. 810. 890 nm AL ST

Note: Raz0~ Rs00~ Rsso Reco~ Re70~ Reso~ R7os~ R715~ R726~ R734~ R7a7~ R7s0~ Rsoo~ Rgio and Rgoo represent the reflectance at 430, 500, 550. 660. 670. 680

705+ 715, 726, 734, 747. 750, 800. 810 and 890 nm respectively.
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RF). BP #Z %% (BP neural network, BPNN). #z/)
AU AR FIERESL T (least absolute shrinkage and selection
operator, LASSO) .

LASSO fEZ (R H 15 5% o Z A 32 AE b, 38900 1 %A
HPRRE, @ NENAT, ST KA, M S
DUFFIE G B PR B A B R B, RS LG, IXAMEE
RUSILAE b A 2 F LA 1 R AE AR R T RE AR
MR R R P, RE 2 —F S 2E S ik, L&
AHICAEREN . Z SR R 2 A PR, R
ATE T 25 B AT P35, AR AN TR A I U G 1) R
TE M HLEE S 2] vk, W o B v O v i 1 B2
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fERZRBOE B R, —ME) BPNN BR A Z . (&
58 )= A 2= = R, )2 A I P T Y RUE
B X RO AR, AR B LR 1 A
FHIR T A% Gr 2 14 [B1 VA 7 v m] DA A8 B8 v 1) Tl ks 3 A AR
SE

RN BHEER, $IL 100 MEAK AGB Ul LARE
BLRAE T, 420 6:4 1 bL A 2 8 D9 N 25 8 F0 K48
LAY P BE VE A FE bR AL HE T8 R B Ccoefficient of
determination, R*) . J 5 2 1% % (root mean squared
error, RMSE) . P34 %} i% Z (mean absolute error,
MAE) FlH — {5 /5 R 1% %2 (normalized root mean
square error, NRMSE), 115 0 L 3CHik [34].
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2.1 #75 AGB Git 5SS ERIERLIELER

W58 X 48k 9 TR (R 7 AGB Gtk 43 A an 1€l 2 By
N, HEREET 100 MEETT, ¥IME N 0.175 kg/m?, ARifEE
N 0.10 kg/m®, AE 5 RN 0576, F 34 xt i =N
0.082 kg/m?, H/IMEN 0.021 kg/m?, HRIEN 0.043 kg/m?.
ME 2 HET LA, RSO IR A RS RK, 2
BUERA DG, FEJTHI AGB &/ /3 ARTE 0.05~0.3 kg/m?,
Tt B e T ) R B AR B

AGB#Ii%
~ AGB frequency
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AGB normal distribution curve
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Fig.2 Histogram of AGB statistical distribution in quadrats
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H Savitzky-Golay J5 V2 4} J 46 B 86 3047 8 ok Ab 38, Ab 3l
JE IS5 R 3b s, B AT DAE D8I AL 3 S FO A
J7 IR F A M2 5~ . FET N AGB ANF,
SRYMEMLWAAEER, HAKESZE 8K, 5—
g B ek AR TR, ZERKC N 550 F1 680 nm AL A AE
O ) S PV R S SR A, B 40" R “ALR7 .

— F¥J71 Quadratl 1, AGB=0.346 kg'm>— #{755 Quadratl 5, AGB=0.175 kg'm™
— FJ52 Quadratl 2, AGB=0.058 kg'm >~ #{ /56 Quadratl 6, AGB=0.271 kg'm*
— ¥£J73 Quadratl 3, AGB=0.048 kg-m>— #7757 Quadratl 7, AGB=0.270 kg-m™

— F£J74 Quadratl 4, AGB=0.161 kg-m? #7778 Quadratl 8, AGB=0.415 kg-m>
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MFETT S 2 A AR I T 10 SRy, K 2 Hhr]
PLE H E R (principal component, PC) 1 HIHFAEAE A1
DUMRZE I B3 KT Hofl 3 sy, A PCLAE B &R K.
PCl. PC2. PC3 =LK R IHRAIAS] T 89.74%,
A RS ) R 2 R E B, WTRME N AGB HI%:
fEAR &

®2 EMOFHEEMSEE

Table 2 Principal component eigenvalue and contribution rate

FR FHIE(E TTHREE
Principal component Eigenvalue Contribution rate/%
PCI 0.569 50.51
PC2 0.443 23.66
PC3 0.325 15.57
PC4 0.165 3.55
PC5 0.148 1.41
PC6 0.124 1.16
PC7 0.107 1.06
PC8 0.095 1.03
PC9 0.074 1.01
PC10 0.053 1.01%
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Fig.4 Line chart of correlation coefficients between reflectance
and AGB

MELS HATLLEH 3 ANFRIT S AGB Z A 2T
EHAOG, H PC2 MM X R ¥R =, PCl &K, 7Eik
HY R HE # 8 B0hBR VOG1. VOG2. PSRI 4b, HAE g

R4S AGB [MAH AR EUISTE 0.7~0.9 Z [,

PCAL 1o
PCA2 Foes+* 1.0
PCA3 | 0.56*0.80% 1.0%*
NDVT [0.57##0.72%*%0.71%* 1.0%*
DV | 0.53%0.5970.57+%0.91%* 1.0+*
EVI | 05* 055* 057*0.88*%0.97** 1.0**
RV [ 0.50% 0.55* 0.56*50.89%*0.97**1.00%* 1.0%*
MCART F0.63%*0.55% 0.53% 0.75%+0.89**0.88*+0.88** 1.0**
IMSR [0.69%%0.72%%0.70+%0.82%#0.90*%0.86*+0.86*+0.93** 1.0**
MSAVT [0.56*#0.69%*0.68*50.99%*0.95%%0.92%*0.92+50.79**0.85** 1.0**
RD VI | 0.56* 0.67450.66*#0.98*+0.97%%0.95%%0.95+%0.83%*0.88**1.00%* 1.0**
SAVT | 0.5 0.66*#0.65*%0.98*+0.98%%0.95%40.95+40.83%40.88*+0.99*1.00** 1.0**
NDRE | 0.54% 0.7450.78450.87#%0.77%%0.69*+0.70+%0.57%#0.79*40.86*+0.84*40.84%* 1 0**
GNDVI [ 042 0.62%70.61%#0.94¥0.84*20.78*#0.78*%0.56**0.68**0.94** 0.92* 0.92* 0.89** 1.0**
VOGI [ 040 038 030 0.724%0.77%%0.81*%0.81*%0.72*%0.58%#0.74**0.76**0.76** 035 0.58**1.0**
VOG2 | 003 ~020 026 0.07 ~0.12 ~0.03 ~0.03 0.09 ~0.16 ~0.09 ~0.10 ~0.10-0.51*~0.27 0.42 1.0**
CIg [ 0-54* 0.72440.70+20.90*0.78*40.68+40.68+* 0.5 0.74*40.89%40.86+*0.86*0.96*40.95%* 0.42 ~0.37 10%*
Clre [0.-60*%0.82%0.80*%0.85*%0.74*%0.66**0.67* *0.57**0.8 1+%0.84%#0.82+40.8 140,99 *#0.85%* 032 ~0.49* 0.95%* 1.0**

PSRI | 020 034 023 048* 048% 029 030 030 039 0.49% 0.49% 0.49% 0.53*0.62** 031 ~0.17 0.67%* 0.51* 1.0**

AGB o JO0.854¥0.T7440.89 40764 20.72450.72+ 40692081+ #0.87%30.85+#0.84¥30.85%40.79%50.56% —0.14 0.84+*0.87+% 0.37 1.0+

N o ’54\4\4\@4\ T DO OO L O DAL DR
P o F IO FEL S
QCX’QC’ QC» %Q Q @@Q?* < @ &V’@ %Y’ %Q 6%0 40 40 @ Q% v

W *RIR P<0.05 /KT FRFEMR; #*RIR P<0.01 KT FREMRK.
Note: * means significant correlation at P < 0.05 level; ** means significant
correlation at P < 0.01 level.

Bs5 AERFhH AGB ZFAEX Ak
Fig.5 Correlation between spectral variables and AGB
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R BRI AL, 7558 38 G, KEMBHEIK,
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Fig.6 RMSE change curve of iterative process
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0.04 kg/m?, 2 7 20%, NRMSE=0.12, 2% 7 36.8%.
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Estimating aboveground biomass in desert steppe using UAV
hyperspectral and machine learning

SONG Yaobang'? , XUAN Chuanzhong!*** , TANG Zhaohui*? , ZHANG Tao!, LI Qi

(1. College of Mechanical and Electrical Engineering, Inner Mongolia Agricultural University, Hohhot 010018, China; 2. Inner Mongolia
Engineering Research Center for Intelligent Facilities in Prataculture and Livestock Breeding, Hohhot 010018, China; 3. Inner Mongolia
Engineering Research Center of Intelligent Equipment for the Entire Process of Forage and Feed Production, Hohhot 010018, China)

Abstract: Grassland can provide the abundant forage and feed resources for the livestock industry, in order to maintain the
ecological balance and biodiversity. One special types of the grassland, desert steppe is located at the transitional zone between
grasslands and deserts, particularly with the relatively fragile ecosystem at risk of desertification. Aboveground biomass is one
of the most important indicators to monitor the community structure and function in the grassland. However, the traditional
estimation of aboveground biomass cannot fully meet the monitoring needs of desert grassland in a large area, due to the time-
consuming, destructiveness and laborious. Satellite multi-spectral remote sensing can be expected to serve as such application
against the clouds and resolution. In this study, non-destructive and accurate estimation was performed on the aboveground
biomass in the desert grassland, in order to improve the monitoring level and utilization efficiency. The study area was taken
from the desert grassland at Wulan Town, Etuoke Banner, Ordos City, Inner Mongolia, China. A drone was utilized to capture
the hyperspectral data in the study area. Sample plots were established to collect the aboveground biomass data. A series of
preprocessing was carried out on the hyperspectral datasets. Firstly, the average reflectance of each sample plot was precisely
calculated to standardize the data. Subsequently, the advanced techniques of noise reduction were applied to eliminate any
potential noise interference, particularly for the integrity and reliability of data. Principal component analysis (PCA) was then
utilized to reduce the dimensionality. Three principal components were extracted successfully, including PC1, PC2, and PC3.
These principal components were effectively condensed to highlight the key spectral features in the high-dimensional
hyperspectral data. In parallel, 16 vegetation indices were calculated using the reflectance data. These indices were widely
recognized in the field of vegetation research, in order to characterize the physiological and ecological status of the vegetation.
After that, the correlation analysis was conducted among the principal components, vegetation indices, full-band reflectance
data, and AGB. The relationships among these variables were then obtained to identify the most significant influencing factors
on the AGB. A genetic algorithm was employed to further optimize the feature set. This algorithm was inspired by the
principles of natural evolution, indicating the strong global searching. Finally, an optimal combination of optimal features was
selected after continuous iteration and evaluation, including PC1, PC3, NDVI, NDRE. Among them, the specific bands were in
the ranges of 536-557 nm, 673-690 nm, and 703-715 nm, respectively. According to these selected features, different
estimation models of aboveground biomass were developed for the desert grasslands using Random Forest, BP Neural
Network, and LASSO regression. A ten-fold cross-validation was applied to evaluate the performance of the improved model.
The results demonstrate that the better performance of the improved model was achieved in the machine learning with the
spectral features that selected by the genetic algorithm. Among them, the LASSO model exhibited the greatest performance,

1nd1cat1ng R’=0.76, an increase of 65.2%, RMSE=0.05 kg/m’ an improvement of 28.6%, MAE (mean absolute error)=0.04
kg/m’, an increase of 20%, NRMSE (normahzed root mean square error) =0.12, and an 1m£)r0vement of 36.8%. The BP Neural
Network model performed the best, with R*=0.81, RMSE=0.04 kg/m’, MAE=0.04 kg/m”, and NRMSE=0.11. A consistence
was found between the estimation and mapping of desert grassland AGB with the BPNN model and the actual distribution of
vegetation. Therefore, the UAV-based hyperspectral data can be expected to construct an AGB estimation model for the desert
grasslands. The finding can provide a scientific basis to formulate the grazing plans, in order prevent the overgrazing from the
desertification in sustainable ranches.

Keywords: hyperspectral; machine learning; desert steppe; aboveground biomass; genetic algorithm



