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Comparative analysis of grassland biomass inversion models based on unmanned

aerial vehicle multispectral data
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Abstract; Using unmanned aerial vehicle (UAV) near-ground remote sensing technology to estimate grassland biomass is a
popular method at present. However, the inversion model types, variables and algorithms are quite different. Modeling
variables such as band reflectance and vegetation index were obtained by UAV multispectral images combined with the
actual survey data of ground samples in Xilingol. The prediction models of grassland aboveground biomass constructed by
eight most commonly used parametric and non-parametric methods were constructed and compared. The accuracy and
modeling variables of different models were evaluated in order to optimize the best prediction model. The results showed that
among the eight models, the accuracy of the parametric model was relatively low, and the nonparametric model had higher
accuracy. The multivariable generalized linear model in the parametric model was better than the linear, logarithmic and

exponential models. Among the nonparametric model, the model determination coefficients R* of K nearest neighbor,
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Support vector machine, XGBoost and Random forests were all greater than 0.7 and the random forest model was relatively
more robust and had the least number of model variables. Among the modeling variables, the normalized difference
vegetation index and red band reflectance played important roles in biomass estimation. In summary, the random forests
model is more suitable for UAV near-ground remote sensing technology to estimate grassland biomass in grasslands of
Xilingol, Inner Mongolia. But the hyperparameter tuning and algorithm optimization, as well as vegetation multi-source

variable selection and other aspects need more in-depth researches.

Key Words:; grassland; drone; aboveground biomass; model comparison; cross validation; overfitting
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Fig.1 Distribution of sampling sites of this study
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Table 1 Modeling variables

AR5 Type of variable fift A i Explanatory variables
I BAS B Band BR, GR, RR, RE1, RE2, NIR
FHBEHEEL Vegetation index NDVI, kNDVI, RVI, EVI, NDRE1, NDRE2

BR: ¥ B T Blue band reflectance ; GR: 28I B2 81 % Green band reflectance ; RR: LI B 81 Red band reflectance ; RE1: 720nm Ab
LN P BT R Red edge band reflectance at 720nm; RE2; 750nm RT3 1% B RS R Red edge band reflectance at 720nm; NIR ; SIRAR S A
Near infrared band reflectance; NDVI; 3 —fb A #% 48 % Normalized difference vegetation index; KNDVI; #% 1k 5 — b # # 5 50 kernel Normalized
difference vegetation index; RVI: A A B 54X Ratio vegetation index; EVI; 1858 4 9% 45 %0 Enhanced vegetation index; NDRE1 . IH—{bT il M9 45
# 1 Normalized difference red edge vegetation index1;NDRE2; JH—fLZL M #F54L 2 Normalized difference red edge vegetation index2
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Table 2  Optimal hyperparameters of different models

i Models S Hyperparameters

KNN #8 T AR AS = 1.49, BT BE Bt = 3, A% pR A5 = S S IASUAR e 5

KNN model k=1.49,distance =3, kernel = Inverse Distance Weighting

SVM # T S%0=9.02, 15 R 4=0.993 , B R &l =12 1) 3 pR %K

SVM model cost=9.02, gamma=0.993  kernel =radial

RF 7Y R = 300, FRAEEPERCEE = 3, 19 AR RBTH BB/ NI E = 6, B K IRE =5

RF model num.tree =300, mtry = 3, min.node.size = 6, max.depth =5

XGBoost 17 2] B =0.5, 45 o MUl = 1, FEACREE LU = 1, FRAE 1R AE LU 1) = 0.85, IR AL LL A = 0.75, A0 =13
XGBoost model eta=0.5, min_child_weight= 1, subsample =1, colsample_bytree = 0.85 , colsample_bylevel =0.75 ,nrounds =13

KNN, K #4F K Nearest Neighbor; SVM, 32 #:[i] 3 HIl Support Vector Machine ; RF, Ffi HLZE #k Random Forests; XGBoost , H% PR & # 7+ Extreme

Gradient Boosting
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Table 3  Correlation coefficient between biomass and model variables

BR GR RR RE1 RE2 NIR NDVI NDRE1 NDRE2 RVI EVI kNDVI
H: Wi Biomass -0.43 -0.31 -0.43 -0.15 0.15 0.25 0.69 0.67 0.22 0.68 0.60 0.41

BR: 15 P B Blue band reflectance ; GR : S BEZ % Green band reflectance ; RR : ZL I BEZ 418 Red band reflectance ; RE1:720nm AbZL30 3% BERUH 3 Red
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LB FE L Normalized difference vegetation index; KNDVI AL IH— AU RIBEAEEL kernel Normalized difference vegetation index; RVI; HUERIBEIE AL Ratio vegetation index;
EVI M54 4550 Enhanced vegetation index; NDRE1 : IH—{b L #1484 454X | NDRE1 Normalized difference red edge index1; NDRE2 . IH—fb£L #4540 2 Normalized
difference red edge index2; =  P<0.001; ** ,P<0.01; * ,P<0.05
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Fig.3 Non-parametric model accuracy and the number of modeling variables
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