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Abstract: Crop above-ground biomass (AGB) is a key parameter used for monitoring crop growth 
and predicting yield in precision agriculture. Estimating the crop AGB at a field scale through the 
use of unmanned aerial vehicles (UAVs) is promising for agronomic application, but the robustness 
of the methods used for estimation needs to be balanced with practical application. In this study, 
three UAV remote sensing flight missions (using a multiSPEC-4C multispectral camera, a Micasense 
RedEdge-M multispectral camera, and an Alpha Series AL3-32 Light Detection and Ranging 
(LiDAR) sensor onboard three different UAV platforms) were conducted above three long-term 
experimental plots with different tillage treatments in 2018. We investigated the performances of 
the multi-source UAV-based 3D point clouds at multi-spatial scales using the traditional multi-
variable linear regression model (OLS), random forest (RF), backpropagation neural network (BP), 
and support vector machine (SVM) methods for accurate AGB estimation. Results showed that crop 
height (CH) was a robust proxy for AGB estimation, and that high spatial resolution in CH datasets 
helps to improve maize AGB estimation. Furthermore, the OLS, RF, BP, and SVM methods all 
maintained an acceptable accuracy for AGB estimation; however, the SVM and RF methods 
performed slightly more robustly. This study is expected to optimize UAV systems and algorithms 
for specific agronomic applications. 

Keywords: unmanned aerial vehicle; above-ground biomass; LiDAR; crop height; machine 
learning; multispectral data; SfM point clouds 
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1. Introduction 

Maize, as one of the most dominant global food crops, together with wheat, rice, soybeans, 
barley, and sorghum, accounts for over 40% of global cropland, 55% of non-meat calories, and over 
70% of animal feed [1,2]. Monitoring the status of maize growth to ensure crop yield is therefore 
essential for national food security. Above-ground biomass (AGB) is a crucial indicator for the 
development and health of crop vegetation [3], which is defined as the total weight of the organic 
material aboveground. Fresh AGB is the total of dry AGB plus water content. Estimating AGB at the 
field-scale is a prerequisite for monitoring crop growth and strengthening decision-support systems 
for specific agronomic practices (e.g., fertilization, irrigation, weeding, plowing, and harvest) [4–7]. 

Currently, destructive sampling is the most precise method for measuring vegetation AGB at a 
field-scale, but although it is direct and reliable, it is also labor-intensive and time consuming for use 
in large study areas. Alternatively, remote sensing systems (i.e., satellite-, airborne-, ground-based 
platforms and sensors) have been already applied as non-destructive methods to monitor the growth 
status of vegetation [8–10]. However, satellite remote sensing is also limited by factors such as bad 
weather conditions [11], the specific revisiting periods in which observation can take place, and 
coarse spatial and spectral resolutions. Information concerning crops is required at a sufficiently high 
spatial resolution in order to enable within-field monitoring [12]; the coarse spatial resolution of 
satellite images (e.g., moderate-resolution imaging spectroradiometer (MODIS) (1 km), Landsat (30 
m), and Sentinel 1A (10 m)) is therefore not able to guarantee satisfactory accuracy in estimating crop 
parameters for precise agronomic application [13,14]. Ground-based spectrometers can fulfill the 
practical requirements of high spatial and spectral resolutions, but are limited with regard to use in 
large study areas and the dependence on soil conditions [15]. Unmanned aerial vehicles (UAVs), 
characterized by low cost and easy use, can capture information concerning crop growth at a fine 
spatial resolution (centimeter-level), and have become an emerging tool applied in agronomic study 
at the field-scale over recent years [16]. 

Generally, the UAV-based multispectral/hyperspectral image has been identified as a key 
alternative for estimating the AGB of vegetation [3], because the vegetation indices (VIs) calculated 
from the spectral reflectance captured by the optical sensors on these vehicles have proven to be 
excellent for obtaining the biochemical content of crops (e.g., chlorophyll [17], plant moisture, and 
AGB) and biophysical parameters (e.g., leaf area index [18], clump index, and leaf angle [19]) [20,21]. 
However, some VIs tend to become saturated when the vegetation coverage is significant [22,23], 
which is impractical for a satisfactory AGB estimate. However, in recent years, the saturation problem 
in optical remote sensing has been addressed by merging three-dimensional (3D) information about 
vegetation canopies with VIs [24,25]. The 3D information of a canopy mainly includes parameters 
relating to crop height (CH), leaf area index (LAI), and leaf angle. CH and its related statistical 
variables are the most commonly applied in the estimation of AGB, because of the easy access to this 
information. 

Multispectral and RGB cameras onboard UAVs are cost-effective and have shown high 
functionality for agronomic applications [26–28]. These optical sensors have access to capture spectral 
reflectance and information concerning the texture of objects under observation. CH can also be 
extracted via the digital surface model (DSM) and digital elevation model (DEM) generated using 
multispectral/RGB Structure from Motion (SfM) point clouds [27,29,30]. SfM point clouds are 
generated indirectly from the 2D image sequences that can be coupled with local motion signals to 
cause deviations in the photogrammetry. Such passive optical sensors are not useful for detecting the 
terrain beneath dense canopy layers [31], meaning that structural information about the vegetation is 
inaccessible [25]. The airborne Light Detection and Ranging (LiDAR) system, which is an active 
remote sensing technology, allows the collection of more precise 3D information concerning the 
characteristics of canopies from differences in the return times and wavelengths of the laser. In recent 
years, the LiDAR system has been identified as an important alternative for estimating the AGB of 
vegetation, the CH, and the diameter at breast height (DBH), especially in forest ecosystems [32–34]. 
Nevertheless, the LiDAR system has not yet been widely applied for monitoring cropland 
ecosystems. Moreover, crops are generally cultivated in rows with relatively uniform canopies, thus 
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the 3D information of crops needs to be more precise in order to reveal subtle differences in crop 
growth status. LiDAR systems are over-expensive, meaning that the cost-effectiveness must be 
considered together with the accuracy of results in agronomic practice [26]. To our knowledge, few 
studies have compared the accuracy of estimating crop AGB using 3D point clouds at multi-spatial 
scales captured from different sensors, particularly in agriculture. 

Traditional AGB estimations are based on linear/non-linear statistical regression models that 
have been developed between parameters relating to vegetation and remote sensing data. Over 
recent years, machine-learning algorithms have been used to perform flexible input–output nonlinear 
mapping between remotely-sensed and ground-measured data [25,35]. These machine learning 
methods have been found preferable for estimating vegetation parameters, particularly for 
application with multi-sourced fusion data [36]. In this study, three widely used machine learning 
algorithms (i.e., random forest (RF), backpropagation neural network (BP), and support vector 
machine (SVM) [37]) were implemented for estimating the AGB of maize. The multi-variable linear 
regression (OLS) method was also used, after which the performances of the three machine learning 
approaches were compared with the OLS method in terms of accurately estimating maize AGB. 

In this study, 3D information at multi-spatial scales that was generated from LiDAR and two 
multispectral SfM point clouds datasets (captured by the Micasense RedEdge-M and multiSPEC-4C 
multispectral cameras) was used to develop statistical models (a multi-variable linear regression 
model (i.e., OLS), and three machine learning methods, i.e., RF, SVM, and BP) for the estimation of 
the AGB of maize at a field scale. Pearson correlation coefficient analysis was initially used to select 
which statistical variables were highly related to AGB. The four models were then run using the 3D 
information about the canopies, and the performances for AGB estimation of the different point cloud 
datasets at multi-spatial scales were compared. This study aimed at filling the gap with regard to 
applying LiDAR systems to cropland ecosystems, and comparing the accuracy of the AGB estimate 
from multi-source point clouds at multi-spatial scales using various algorithms, in order to fulfill the 
requirement for a precise AGB estimate and cost-effectiveness in terms of precision agriculture. 

2. Methodology 

2.1. Study Area and Long-Term Experimental Plots 

The study was carried out at the Yucheng Comprehensive Experiment Station (YCES) of the 
Chinese Academy of Sciences (CAS) (36.83°N, 116.57°E), located in western Shandong Province of 
the North China Plain (NCP) (Figure 1). NCP is one of the three main grain product areas in China. 
The soil of the study area is classified as Calcaric Fluvisols, and the surface soil texture is loam [38]. 
The agriculture in this area is characterized by two harvests per year, with winter wheat and summer 
maize being the dominant crops. Maize is generally planted in early July and harvested between late 
September and early October each year. The climate in the study area is warm, with an approximate 
annual mean air temperature of 13.40 °C, and is characterized by a semi-humid monsoon climate 
with an average annual precipitation of 576.70 mm/year, most of which falls during the growth 
period of the maize (between June and August). 
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Figure 1. (a) Location of Shandong Province in China; (b) location of the Yucheng Comprehensive 
Experiment Station (YCES, Chinese Academy of Sciences) in Shandong Province; (c) Overview of the 
three long-term experimental fields in YCES. 

Three types of long-term experimental fields (89 plots in total, n1 = 25, n2 = 32, n3 = 32) with 
different irrigation, fertilization, and tillage treatments were selected for UAV observation during the 
maize growing season of 2018. Detailed experimental treatments of each field are described in Table 
1. The experimental fields were run over ten years, providing a perfect study area for UAV remote 
sensing observation due to the existing differences in crop traits that occur simultaneously due to 
enforced gradients in the soil, fertilizer, and irrigation treatments. 

Table 1. Treatments used in the three experimental fields. 

Field Plot Number Plot Size Treatments 1 
Field 1 25 5 m × 6 m CK, NP, NK, PK, NPK, NPK-S 
Field 2 32 5 m × 10 m 0%fc, 40%fc, 60%fc, 80%fc 

Field 3 32 5 m × 10 m N0-60%fc, N70-60%fc, N140-60%fc, N210-60%fc, N280-60%fc; 
N0-80%fc, N70-80%fc, N140-80%fc, N210-80%fc, N280-80%fc 

1 Fertilizer applications: N = N 255 kg·ha−1; K = K2O 125 kg·ha−1; P = P2O5 30 kg·ha−1; S = returning the 
whole straw of each plot to soil; CK = No N, P, and K fertilizer. N70 = 70 kg N ha−1 for each crop season. 
60%fc = irrigation at 60% of the field water capacity. 

2.2. Ground Measurements and UAV Flight Missions 

2.2.1. Ground Measurements of AGB and CH 

Ground measurements were conducted either on the same day or within one day of the UAV 
observations. In order to ensure the reasonability and typicality of study, maize with relatively 
uniform canopies outside the border areas of each plot was selected for the experiment. Maize plants 
were destructively collected on a random basis for AGB and CH measurements in the laboratory 
(Figure 2). Considering the plot size, five typical maize plants (outside the border areas) of each plot 
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were cut for measurement. In total, 445 biomass plants were taken (89 plots × 5 samples/plot: Field 1 
= 25 × 5, Field 2 = 32 × 5, Field 2 = 32 × 5). 

 

Figure 2. (a) Destructive ground sampling in the field; (b) measurements of the above-ground 
biomass (AGB) of fresh maize in the laboratory; (c) the AGB of dry maize after removing the moisture. 

CH (cm) was measured from the ground to the highest part of the plant using a straight tape. 
The average CH of the samples was calculated for each plot. After sampling, the whole plants, 
without roots, were immediately used for weighing the fresh AGB, after which the whole plant was 
then cut and dried at 105 °C for 2 h and then at 75 °C until the weight of the sample remained constant, 
in order to remove moisture for determining the dry matter. A total of 89 ground measured samples 
of maize fresh AGB, dry AGB, and CH were obtained. This weight was multiplied by the number of 
plants in each plot to obtain the AGB for each plot as follows: 

AGB (kg·m−2) = (m × n)/(a × b), (1) 

where m (kg) is the total fresh/dry weight per maize plant; n is the number of crops per plot; and a 
(m) and b (m) are the width and length of each plot, respectively. The values for AGB were then 
rescaled to t·ha−1. 

The fresh AGB (t·ha−1), dry AGB (t·ha−1), and CH (cm) datasets generated are given in Table 2. A 
high amount of variability can be seen in the datasets (i.e., cv (coefficient of variation), with a high sd 
(standard deviation)), because of the differences in tillage, irrigation, and treatment with nutrients or 
fertilizer. These statistical characteristics would be likely to contribute to a good fit between the 
measured and estimated values for AGB and CH. 

Table 2. Statistical summary of the in-situ measured crop above-ground biomass (AGB) (t·ha−1) and 
crop height (CH) (cm) (n = 89). 

 Fresh AGB (t·ha−1) Dry AGB (t·ha−1) CH (cm) 
Min 1.68 0.20 67.67 

Mean 10.23 1.25 113.92 
Max 34.00 3.74 166.50 
sd 7.18 0.83 22.23 

cv (%) 70.18 66.90 19.51 
cv = coefficient of variation; sd = standard deviation. 

2.2.2. Acquisition and Pre-Processing of UAV Remote Sensing Data 

Three UAV flight observation missions were executed on 22–24 July 2018, which is the time at 
the jointing period of the summer maize. The UAV flight was carried out between 09:30 and 14:30. 
The three types of UAV platforms (see Figure 3 for the EWZ-D6 six-rotator UAV (EWATT, Wuhan, 
China), the DJ M100 four-rotator UAV (SZ DJI Technology Co., Shenzhen, China), and the eBee wing-
fixed UAV (SenseFly, Cheseaux-Lausanne, Switzerland) were equipped with three sensors—the 
Alpha Series AL3-32 LiDAR system (Phoenix, Los Angeles, CA, USA), the Micasense RedEdge-M 
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(MicaSense, Seattle, WA, USA) multispectral camera, and the multiSPEC-4C multispectral camera 
(SenseFly, Cheseaux-Lausanne, Switzerland). Overlaps of imagery to the front and side were 65% 
and 85% for the multiSPEC-4C; 75% and 85% for the Micasense RedEdge-M; 70% and 70% for Alpha 
Series AL3-32. The flight heights were 120 m, 60 m, and 40 m for multiSPEC-4C, Micasense RedEdge-
M, and Alpha Series AL3-32, respectively. Flights of the eBee, DJ M100, and EWATT UAVs were 
controlled by eMotion 3 (SenseFly, Cheseaux-Lausanne, Switzerland), Pix4D Capture (Pix4D, S.A., 
Lausanne, Switzerland), and Phoenix Flight Planner (Phoenix, Los Angeles, CA, USA), respectively. 
The field of view for LiDAR sensor was set to 270° and the scan rate was 700 k points/s. 

 

Figure 3. Three unmanned aerial vehicles (UAV) platforms used in this study: (a) the EWZ-D6 Pro 
six-rotor UAV, (b) the DJI M100, and (c) the eBee wing-fixed UAV. 

The Micasense RedEdge-M camera has five spectral channels (blue (B), green (G), red (R), red-
edge (E), and near-infrared (NIR) bands) centered at 475 nm, 560 nm, 668 nm, 717 nm, and 840 nm, 
and with bandwidths of 20 nm, 20 nm, 10 nm, 10 nm, and 40 nm, respectively. The multiSPEC-4C 
camera has four specific spectral channels—G, R, E, and NIR bands situated at 550 nm, 660 nm, 735 
nm, and 790 nm, with bandwidths of 40 nm, 40 nm, 10 nm, and 40 nm, respectively. The spatial 
resolutions of the images captured with the Micasense RedEdge-M and multiSPEC-4C cameras were 
4 cm and 10 cm, respectively, which resulted in different spatial resolutions for the corresponding 
CH raster generated from the two multispectral SfM point clouds. 

The CloudCompare open-source software was used to build CH raster data from the LiDAR 
point clouds (Figure 4a). For radiation correction of the multispectral data, the reflectance from a 
spectral panel was collected with each of the optical sensors before each flight. The radiation 
correction, image mosaic, and orthography of the UAV multispectral images were conducted using 
the Pix4D Mapper 3.1.22 (Pix4D, S.A., Lausanne, Switzerland). The DSM of the multispectral data 
was generated from SfM point clouds (Figure 4b) using Pix4D Mapper 3.1.22. 
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Figure 4. (a) The Light Detection and Ranging (LiDAR) point clouds and (b) the multispectral 
Structure from Motion (SfM) point clouds of the study area. 

The RGB images and CH raster datasets from the 89 experimental plots are shown in Figure 5 at 
three spatial resolutions (derived from the point clouds of the Alpha Series AL3-32, the Micasense 
RedEdge-M SfM, and the multiSPEC-4C SfM). ArcGIS 10.2 software (ESRI, Redlands, CA, USA), 
Python 2.7, and R × 64 3.5.3 were used for further data analysis and programming. To ensure a clear 
definition of the boundary of each plot for accurate data extraction under the coarse or medium 
spatial resolutions of the multispectral data (as shown in Figure 5b,c), the spectral data were 
superimposed onto the corresponding DSM data. 
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Figure 5. (a) The RGB maps of three experimental fields; the crop height raster data based on (b) the 
multiSPEC-4C, (c) the Micasense RedEdge-M, and (d) the LiDAR point clouds. 

2.3. Data Processing and Modeling 

2.3.1. Generating Six Datasets 

The data processing flowchart for the estimation of maize AGB by 3D UAV-based information 
at multi-spatial resolutions is shown in Figure 6. This process included three steps. 

Firstly, to simplify the process used for estimating AGB in order to fulfill the requirements of 
agronomic application, we determined which key variables were highly correlated with AGB, using 
Pearson correlation coefficient analysis of the five statistical variables and the measurements of the 
fresh/dry AGB. These five variables included the mean value (mean), the mean value of the top 10% 
data (T10), standard deviation (sd), the coefficient of variation (cv), and the max value (max) of each 
plot, which were calculated from the CH datasets captured by the three sensors. 

Secondly, six datasets were generated following the Pearson correlation coefficient analysis: 
Dataset 1 included five variables (mean, T10, sd, cv, and max) while Dataset 2 included the two key 
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variables (mean and T10, please see Section 3.1 for the variable selections), both of which were derived 
from the multiSPEC-4C SfM point clouds. Dataset 3 also included five variables and Dataset 4 
included the two key variables, both of which derived from the Micasense RedEdge-M SfM point 
clouds. Datasets 5 and 6 were analogous to the other datasets, but both were derived from the LiDAR 
point clouds. 

Finally, the fresh and dry AGB of the maize were estimated using four methods—the statistical 
multiple linear regression model (OLS) and three widely used machine-learning methods (i.e., 
random forest (RF), backpropagation neural network (BP), and support vector machine (SVM))—
using the six datasets generated during step 2. 

 
Figure 6. Flowchart of this study to estimate the above-ground biomass (AGB) of maize using UAV-
based multispectral SfM and LiDAR point clouds. 

2.3.2. Statistical Analysis and Methods Used for AGB Estimation 

Four methods were used in this study to estimate the AGB of the maize—OLS, RF, BP, and SVM. 
The RF, BP, and SVM methods were run with the randomForest, the nnet, and the e1071 packages in 
R × 64 3.5.3, respectively. Each method included three steps. Firstly, all variables and the AGB were 
normalized to a mean of 0 and a standard deviation of 1.0 using the Scale function in R × 64 3.5.3. 
Secondly, the dataset was divided randomly into two sets, with the training dataset used for training 
and the other used as the testing dataset. Each method was run by applying leave-one-out-cross 
validation (LOOCV). LOOCV used N-1 samples as the training dataset and 1 sample as the testing 
dataset, then repeated modeling N times; thus 89 models were developed for each method in this 
study. Finally, the testing dataset was used for assessing the performance of each method in 
estimating the maize AGB. 

Linear regression analysis was carried out between the estimated and measured values for AGB, 
and the models were then evaluated using the determining coefficient (R2), the root mean square 
error (RMSE), and the mean relative error (MRE):  𝑅 = ∑∑ ∑ , (2) 

RMSE = ( )
, (3) MRE =  ∑ | |, (4) 
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where i represents the serial number of the sample, and Mi and Ei represent the measured and 
estimated AGB of the ith sample, respectively. 

3. Results 

3.1. Generating Multi-Source UAV-Based Datasets at Multi-Spatial Resolutions 

Firstly, to simplify the process for estimating AGB, the Pearson correlation coefficient analysis 
was used to determine the key variables. Figure 7 shows the Pearson correlation coefficient analysis 
between the 3D information and the measured AGB/CH (n = 89). The results show that CH correlated 
significantly with both the fresh and dry AGB, with r values of 0.92 and 0.90 (p < 0.01, n = 89), 
respectively, indicating that using CH as an important 3D parameter of canopy structure was feasible 
for AGB estimation. Among the five 3D variables, the mean and T10 showed the highest correlations 
with CH with r values over 0.69, 0.81, and 0.83 (p < 0.01, n = 89) for the multiSPEC-4C, the Micasense 
RedEdge-M, and the LiDAR data, respectively. Max showed only a moderate relationship to CH, 
with r values of 0.51, 0.81, and 0.41 (p < 0.01, n = 89), respectively. The other parameters (i.e., cv and 
σ) were all only minimally related to CH. 

 
Figure 7. Pearson correlation coefficient (r value) between the 3D statistical variables from (a) the 
multiSPEC-4C, (b) the Micasense RedEdge-M, and (c) the LiDAR point clouds and the ground-
measured fresh AGB/dry AGB/Crop height (CH). 

Furthermore, among the five variables calculated from the 3D point clouds, T10 and mean were 
also correlated significantly with fresh AGB, with r values of 0.72 and 0.73 (p < 0.01, n = 89) for the 
multiSPEC-4C data, 0.86 and 0.85 (p < 0.01, n = 89) for the Micasense RedEdge-M data, and 0.82 and 
0.88 (p < 0.01, n = 89) for the LiDAR data. T10 and mean also showed a good relationship with dry 
AGB, which was analogous to fresh AGB. 

3.2. AGB Estimate Using 3D Point Clouds at Multi-Spatial Resolutions 

3.2.1. AGB Estimate Based on the multiSPEC-4C Data 

The accuracy in estimating AGB using the multi-variable linear statistical model and machine 
learning methods was evaluated with R2, RMSE, and MRE (Table and Figure 8). Except for BP, the 
accuracy in estimation using these methods with Dataset 1 (max, sd, cv, mean, and T10) (0.41 ≤ R2 ≤ 
0.51, 5.02 ≤ RMSE ≤ 5.49, 0.53 ≤ MRE ≤ 0.55) was close to that of Dataset 2 (mean and T10) (0.44 ≤ R2 ≤ 
0.49, 5.06 ≤ RMSE ≤ 5.36, 0.47 ≤ MRE ≤ 0.52). The R2 values for dry AGB were 0.45–0.53 and 0.39–0.48 
using Dataset 1 and Dataset 2, respectively. The RMSE values for dry AGB were 0.57–0.62 and 0.63–
0.69 using Dataset 1 and Dataset 2, respectively. These results suggest that the accuracy in the 
estimation of maize AGB using all four methods with 3D information from the multiSPEC-4C point 
clouds was low, and the accuracy of these two datasets was close. 
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Table . R2, root mean square error (RMSE), and mean relative error (MRE) for linear regression 
between measured fresh/dry AGB and estimated fresh/dry AGB based on the multiSPEC-4C SfM 
point clouds using four algorithms (n = 89). 

AGB Methods 
Dataset 1 (T10, Mean, Max, sd, cv) Dataset 2 (T10, Mean) 

R2 RMSE MRE R2 RMSE MRE 

Fresh  

OLS 0.51 5.02 0.53 0.49 5.06 0.51 
RF 0.41 5.49 0.53 0.44 5.36 0.47 
BP 0.20 7.31 0.72 0.39 5.59 0.51 

SVM 0.44 5.35 0.55 0.45 5.28 0.52 

Dry  

OLS 0.53 0.57 0.50 0.48 0.63 0.50 
RF 0.45 0.62 0.49 0.39 0.69 0.48 
BP 0.50 0.59 0.50 0.47 0.63 0.51 

SVM 0.47 0.61 0.50 0.45 0.64 0.49 

 

Figure 8. Comparisons of measured AGB and estimated AGB of maize via the four methods based on 
Dataset 1 (green spots) and Dataset 2 (yellow spots), which were derived from the multiSPEC-4C SfM 
point clouds: (a–d) the traditional multi-variable linear regression model (OLS), random forest (RF), 
backpropagation neural network (BP), and support vector machine (SVM) methods for the AGB 
estimation of fresh maize; (e–h) OLS, RF, BP, and SVM for the AGB estimation of dry maize. R12 and 
R22 represent the coefficients of determination for a linear regression model between the measured 
and estimated AGB using Datasets 1 and 2, respectively. 

Comparing the four methods in this study, it is apparent that except for when the BP method 
was used for estimating fresh AGB, there were no obvious differences in the results, as the R2, RMSE, 
and MRE values of the different methods were close. Additionally, there was no obvious advantage 
in using the machine learning methods over the traditional OLS method, as the R2, RMSE, and MRE 
values generated by use of the OLS method were 0.51, 5.02, and 0.53, which are slightly more accurate 
than those from the machine learning methods (e.g., for RF in fresh AGB estimate, R2 = 0.41, RMSE = 
5.49, MRE = 0.53). 
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3.2.2. AGB Estimate Based on the Micasense RedEdge-M Data 

The evaluations of the accuracy in estimating maize AGB with methods using Micasense 
RedEdge-M SfM point clouds are given in Table 4. Figure 9 shows the scatter of the measured and 
estimated AGB. The R2, RMSE, and MRE values of methods for estimating fresh AGB using Dataset 
3 were 0.64–0.77, 3.41–4.48, and 0.30–0.43, respectively. Estimations made using Dataset 4 were 
slightly more accurate, with corresponding R2, RMSE, and MRE values of 0.67–0.77, 3.48–4.15, and 
0.29–0.33, respectively. The accuracy in estimating dry AGB using all four methods with Dataset 4 
increased slightly as compared to Dataset 3, with an increase in the R2 values of 0.02, 0.03, 0.02, and 
0.02, decreases of 0.01, 0.02, 0.01, and 0.01 in the RMSE values, and MRE values that decreased by 
0.01, 0.02, 0.01, and 0.01 for the OLS, RF, BP, and SVM methods, respectively. 

Table 4. R2, RMSE, and MRE for linear regression between measured fresh/dry AGB and estimated 
fresh/dry AGB based on the Micasense RedEdge-M SfM point clouds using four algorithms (n = 89). 

AGB Methods 
Dataset 3 (T10, Mean, Max, sd, cv) Dataset 4 (T10, Mean) 

R2 RMSE MRE R2 RMSE MRE 

Fresh  

OLS 0.77 3.41 0.30 0.76 3.50 0.31 
RF 0.75 3.61 0.31 0.75 3.54 0.30 
BP 0.64 4.48 0.43 0.67 4.15 0.33 

SVM 0.74 3.61 0.31 0.77 3.48 0.29 

Dry  

OLS 0.73 0.45 0.29 0.75 0.44 0.30 
RF 0.69 0.48 0.31 0.72 0.46 0.29 
BP 0.71 0.46 0.29 0.73 0.45 0.28 

SVM 0.74 0.45 0.28 0.76 0.44 0.27 

 

Figure 9. Comparisons of measured AGB and estimated AGB of maize via the four methods based on 
Dataset 3 (green spots) and Dataset 4 (yellow spots), which were derived from the Micasense 
RedEdge-M SfM point clouds: (a–d) OLS, RF, BP, and SVM for the AGB estimation of fresh maize; (e–
h) OLS, RF, BP, and SVM for the AGB estimation of dry maize. R12 and R22 represent the coefficient of 
determination for a linear regression model between the measured and estimated AGB using Datasets 
3 and 4, respectively. 

By comparing the estimation accuracy using the OLS method with the three machine learning 
methods, it was found that the BP methods performed less accurately than the others, while OLS and 
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SVM performed slightly better and were more robust, with R2 values of approximately 0.75 for both 
fresh and dry AGB estimation. 

3.2.3. AGB Estimate Based on the LiDAR Data 

The evaluations of accuracy in the AGB estimation of the four methods using the LiDAR point 
clouds are given in Table 5, and the scatters of the measured AGB versus estimated AGB are shown 
in Figure 10. For fresh AGB, the R2, RMSE, and MRE values of the methods using Dataset 5 were 
0.70–0.85, 2.72–4.01, and 0.25–0.34, respectively. Analogous to the AGB estimate using the Micasense 
RedEdge-M data, the accuracy of the fresh AGB estimate for Dataset 6 was more accurate, as the R2 
values increased by 0.01, 0.07, 0.19, and 0, the RMSE values decreased by 0.02, 0.89, 1.65, and 0, and 
the MRE values also decreased by 0, 0.07, 0.12, and 0.02 for the OLS, RF, BP, and SVM methods, 
respectively, compared to those of Dataset 5. Dataset 6 also performed slightly better than Dataset 5 
for dry AGB estimation. 

Table 5. R2, RMSE, and MRE for linear regression between measured fresh/dry AGB and estimated 
fresh/dry AGB based on the LiDAR point clouds using four algorithms (n = 89). 

AGB Methods 
Dataset 5 (T10, Mean, Max, sd, cv) Dataset 6 (T10, Mean) 

R2 RMSE MRE R2 RMSE MRE 

Fresh 

OLS 0.85 2.72 0.25 0.86 2.70 0.25 
RF 0.83 3.18 0.29 0.90 2.29 0.22 
BP 0.70 4.01 0.34 0.89 2.36 0.22 

SVM 0.85 2.78 0.26 0.85 2.78 0.24 

Dry 

OLS 0.82 0.37 0.27 0.81 0.37 0.26 
RF 0.80 0.41 0.28 0.85 0.33 0.23 
BP 0.77 0.42 0.27 0.80 0.39 0.26 

SVM 0.81 0.38 0.26 0.81 0.38 0.25 

 

Figure 10. Comparisons of measured AGB and estimated AGB of maize via the four methods based 
on Dataset 5 (green spots) and Dataset 6 (yellow spots), which were derived from the LiDAR point 
clouds: (a–d) OLS, RF, BP, and SVM for the AGB estimation of fresh maize; (e–h) OLS, RF, BP, and 
SVM for the AGB estimation of dry maize. R12 and R22 represent the coefficient of determination for a 
linear regression model between the measured and estimated AGB using Datasets 5 and 6, 
respectively. 
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Comparing the accuracy in the estimations made using the four methods in this study, the 
accuracy using the machine learning and OLS methods were close, except for the BP method when 
related to Dataset 5. Use of the RF method on Dataset 6 achieved the highest accuracy in this study, 
with R2, RMSE, and MRE values of 0.90, 2.29, 0.22 for estimation of the fresh AGB estimate, and 0.85, 
0.33, and 0.23 for the dry AGB estimate. 

3.3. Comparing the AGB Estimate Accuracy of the 3D Data with Multi-Spatial Resolutions 

As can be seen in Figure 11, higher values of R2 and lower values of RMSE and MRE represent 
a higher accuracy in the estimation of AGB. Except for the results of the estimate for the AGB of dry 
maize using multiSPEC-4C data, the R2 values of the datasets (Datasets 2, 4, 6) which included two 
variables (T10 and mean) were slightly higher compared to those for the corresponding datasets 
(Datasets 1, 3, 5) when all the variables were included (mean, T10, sd, cv, and max). This was 
particularly relevant in the LiDAR datasets, where the R2 value using the RF method with Dataset 6 
increased by 0.07. The RMSE and MRE values of Datasets 2, 4, and 6 decreased slightly compared to 
those of Datasets 1, 3, and 5, respectively, suggesting that those datasets that included only the two 
key variables sensitive to AGB performed slightly better than those including all the statistical 
variables. 

 
Figure 11. Comparison of the accuracy of AGB estimation for the four methods using Dataset 1 
(multiSPEC-4C—five variables), Dataset 2 (multiSPEC-4C—T10 and mean), Dataset 3 (Micasense 
RedEdge-M—five variables), Dataset 4 (Micasense RedEdge-M—T10 and mean), Dataset 5 (LiDAR—
five variables), and Dataset 6 (LiDAR—T10 and mean): (a) R2, (b) RMSE, and (c) MRE of the maize 
fresh AGB estimate; (d) R2, (e) RMSE, and (f) MRE of the maize dry AGB estimate. (D.1 represents 
Dataset 1). 

In this study, the values for R2, RMSE, and MRE for the OLS method were close to those of the 
RF and SVM machine learning methods, indicating that machine learning methods have no effective 
advantage over the traditional OLS method. Among the three machine learning methods, the 
performance of the BP method was poor when compared with the other methods, while RF and SVM 
performed better and were more robust. 

Comparing datasets at multi-spatial scales, the R2 values of the multiSPEC-4C datasets at coarse 
spatial resolution (Datasets 1 and 2) were approximately 0.45, while those of Micasense RedEdge-M 
datasets at medium spatial resolution (Datasets 3 and 4) were 0.70–0.75, and those of the LiDAR 
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datasets at high spatial resolution (Datasets 5 and 6) approached 0.85. The RMSE and MRE values 
decreased as the spatial resolution of the CH raster datasets increased. These results suggest that the 
spatial resolution of the CH raster datasets was a key variable that affected the results of the AGB 
estimation. The coarse spatial resolution of these datasets would have limited the capability for 
accurate crop monitoring and the estimation of parameters, while high spatial resolution contributed 
to more accurate estimates of the biophysical variables. 

4. Discussion 

Our research indicated that the 3D information from multispectral and LiDAR point clouds was 
an alternative means of estimating the fresh and dry AGB of crops. The spatial resolution of the crop 
height datasets was identified as a key factor affecting the accuracy of AGB estimates, as the high 
spatial resolution of the datasets contributed to accurate results in AGB estimation. Datasets 
generated by key variables that were highly correlated with AGB performed slightly better than those 
generated from all of the statistical variables. There was also no obvious difference between results 
from the three widely used machine learning methods (BP, RF, and SVM) and the traditional multi-
variable linear regression model (OLS) in terms of the results for AGB estimation; however, the SVM 
and RF methods performed slightly more accurately and were more robust than BP in this study. The 
R2 values were approximately 0.45 for the AGB estimation from Datasets 1 and 2 (coarse, multiSPEC-
4C datasets), 0.70–0.75 for Datasets 3 and 4 (medium, Micasense RedEdge-M), and those for Datasets 
5 and 6 (high, LiDAR) approached 0.85. 

4.1. Effects of the 3D Information on AGB Estimation 

In recent years, the fusion of multi-source remote sensing data has been widely applied for the 
monitoring of vegetation, land cover, and the classification of species. Hyperspectral and 3D data 
(especially LiDAR data) are already in wide use for the estimation of forest biomass [26]. Generally, 
hyperspectral data are applied for classification, while LiDAR data are used for estimating the AGB 
of specific vegetation. Compared to the forest ecosystem, the vegetation species of farmland 
ecosystems are relatively singular because of the intervention of tillage. This means that the 
observation sensors onboard UAVs should be selected appropriately, in accordance with the practical 
requirements. 

For further analyzing the effects of using 3D information on the AGB estimate, we conducted 
fresh/dry AGB estimates based on the Micasense RedEdge-M spectral datasets (A-Dataset 1) and the 
fusion datasets (fusion of the spectral data and Micasense RedEdge-M SfM point clouds, A-Dataset 
2) using the OLS, RF, BP, and SVM methods. The scatters of the measured and estimated AGB are 
given in Figure 12. The performance of the estimation of the AGB from the two A-Datasets are 
compared in Figure 13. 
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Figure 12. Comparisons of measured AGB and estimated AGB of maize via four methods based on 
A-Dataset 1 (green spots) and A-Dataset 2 (yellow spots) that were derived from the spectral data and 
fusion data, respectively: (a–d) OLS, RF, BP, and SVM for the AGB estimation of fresh maize; (e–h) 
OLS, RF, BP, and SVM for the AGB estimation of dry maize. R12 and R22 represent the coefficient of 
determination for a linear regression model between the measured and estimated AGB using A-
Dataset 1 and A-Dataset 2, respectively. 

 

Figure 13. Comparison of the accuracy of AGB estimation for the four methods using A-Dataset 1 
(Spectral information), A-Dataset 2 (fusion of spectral data and the 3D multispectral SfM point clouds 
(T10 and mean)): (a) R2, (b) RMSE, and (c) MRE of fresh AGB; (d) R2, (e) RMSE, and (f) MRE of dry 
AGB. 

The R2, RMSE, and MRE values of the four methods using A-Dataset 1 were approximately 0.45, 
5.20, and 0.45 for the fresh AGB, and 0.40, 0.67, and 0.50 for the dry AGB, suggesting that the use of 
spectral information did not perform well for AGB estimation. Moreover, as Figure 12 shows, all four 
methods underestimated the AGB when the AGB values were above 20 t·ha−1 and 2.1 t·ha−1 for the 
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fresh and dry AGB of the maize, respectively, indicating that there were saturation limitations in the 
spectral data when the canopy coverage was medium to high. 

In this study, maize was cultivated in different plots using various tillage treatments, nutrient 
levels, and soil moisture content. Plants in the plots with nutrients and water deficiencies suffered 
from lower chlorophyll content in the leaves and a lower LAI, resulting in different growth periods, 
which may have contributed to the poor performances in estimation when using spectral information 
[39]. Viewing and illumination geometry could also affect the optical measurement of natural 
surfaces because of the anisotropic reflectance properties of vegetation [40]. Information concerning 
the canopy structure cannot be obtained with optical cameras. This is because as plant density 
increases, adjacent leaves overlap, resulting in structural information that is inaccessible to optical 
cameras [25]. Additionally, the maize AGB measured in this study included more photosynthetically 
inactive components (e.g., stems) than leaf biomass. These inactive components are likely to affect 
the relationship between spectral reflectance and maize AGB. Therefore, the spectral information was 
insufficient for accurate AGB estimation. 

Kross et al. (2015) pointed out that cumulative VIs calculated via logistic function were better 
for estimating AGB, because of the capability of cumulative indices to reflect biochemical properties 
[12]. Therefore, implementing multi-phase UAV flights for obtaining cumulative VIs may be an 
alternative way to improve the AGB estimate using UAV-based spectral information. Short-
wavelength infrared (SWIR) could be an alternative use for avoiding problems with saturation 
[41,42]. However, in this study, we emphasized the contribution of 3D information on the estimation 
of maize AGB. 

Comparing the performances of A-Datasets 1 and 2, the R2 values for the methods using A-
Dataset 2 (fusion datasets) were ≥ 0.63 for the fresh AGB estimate (≥ 0.62 for dry AGB), while those 
of A-Dataset 1 were approximately 0.45 and 0.40 for the fresh and dry AGB estimates, respectively. 
These results indicate that the use of 3D information about a vegetation canopy could effectively 
improve the accuracy of AGB estimation. Previous studies have demonstrated that crop CH could be 
used to accurately estimate crop AGB [3,43], since CH represents 3D information about a canopy and 
3D information might overcome the saturation and physical/biological losses encountered when 
using spectral reflectance. 

The narrow bands have already demonstrated an excellent relationship with crop biomass [41], 
as they can provide abundant spectral information, which complements information about the 
canopy structure derived from the UAV-based 3D information. 

4.2. Performances of Two Type Datasets for AGB Estimate 

Crop height has proven to be a critical indicator of AGB [44]. Many studies have investigated 
the effects of some of the statistical variables calculated from CH on crop parameter estimation 
[33,45]. In this study, the Pearson correlation analysis showed that, among all the statistical variables 
calculated from the multispectral SfM and LiDAR point clouds, T10 (the mean value of top 10% data) 
and mean were the two key variables found to have a significant positive correlation with maize 
fresh/dry AGB, while the max values were only moderately correlated with AGB. The other variables 
(cv and sd) were only marginally related to AGB. 

The canopy volume within each plot could be obtained from multiplying the mean value of CH 
by the area of each plot. The plots used for this study were 50 m2 for Field 2 and 3, and 30 m2 for Field 
1. Therefore, the mean value for CH can represent the canopy volume, which shows the average 
growth status of plants in the plot, as well as including more 3D information about the crops, such as 
the breast diameter (DBH) of the plants. The T10 represents the crop height, which has a significantly 
positive correlation with crop AGB (see Figure 7, the r values between the fresh/dry AGB and CH 
were 0.92 and 0.90, respectively, p < 0.01, n = 89). Therefore, T10 is another important variable that can 
be used for AGB estimation. 

The max value is the value of the highest point of each plot, representing the height of the tallest 
maize within each plot, which does not represent the average level of CH in each plot. However, 
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owing to the strict agronomic practices, the canopies were relatively uniform within each plot, so the 
max parameter showed only a medium correlation with fresh/dry AGB. 

The cv and sd show the differences in crop growth within each plot. However, as the maize is 
grown in rows and the sampling was carried out during the jointing stage of maize, when most of 
the maize has not yet been ridged, the cv and sd might be affected by environmental noise, such as 
the soil background. Therefore, Datasets 2, 4, and 6, which included two key variables (mean and 
T10), showed a higher accuracy for the estimation of maize AGB than Datasets 1, 3, and 5, which 
included all five statistical variables. Previous studies have also demonstrated that the mean value is 
of higher importance for AGB estimation by regression models than other statistical variables [45]. 
However, the effects of more input variables into regression models remain unclear. This is because 
more input variables in regression models could provide more information about the vegetation, 
which should be helpful for AGB estimation. Therefore, this issue needs to be further validated in 
future studies. 

4.3. Effects of Spatial Resolution of Datasets on AGB Estimate 

The spatial resolution of the datasets, which was related to the density of the point clouds, has 
been proven to affect biomass estimation [32]. In this study, the LiDAR datasets performed best for 
AGB estimation, with the most accurate results, while the performance of the multiSPEC-4C SfM 
point clouds was limited due to their coarse spatial resolution. The Micasense RedEdge-M SfM point 
clouds performed moderately in AGB estimation. These results may be caused by some of the 
following reasons. 

Firstly, CH was measured from the ground to the highest point of the leaf or the male ear of 
maize in the state of natural growth, and the spatial structure at the highest point was small, which 
could lead to such measurements being mistaken as noise and removed by the DSM construction 
algorithm. Secondly, the passive multispectral sensors (RGB and multispectral cameras) had no 
capacity to penetrate dense canopy, leading to errors in generating digital terrain models [27]. 
Thirdly, an adequate number of ground control points (GCPs) and a high overlap of the individual 
images are necessary to ensure image accuracy during the photogrammetric process [46]. The bias 
introduced by the use of different levels of sampling might be another reason. In this study, the 
destructive sampling of the maize AGB and CH were measured at the level of a single plant and at 
distinct locations within the plot. However, the spatial resolution of the multispectral cameras, 
especially the multiSPEC-4C sensor, was too coarse to generate accurate DSM at the plant level when 
flown on a UAV. The average CH value of the whole plot was used for analysis. Therefore, compared 
to the LiDAR point clouds, the two multispectral SfM point clouds showed a lower capacity for AGB 
estimation. 

When working with LiDAR or other multispectral sensors onboard UAVs, we face the challenge 
of cost versus estimation accuracy for parameters concerning vegetation. Considering the high costs 
of LiDAR systems, many researchers prefer to use multispectral sensors to generate SfM point clouds, 
or RGB-Depth cameras (e.g., Microsoft Kinect V2) [7] for the extraction of 3D information about a 
vegetation canopy [26,29]. Precise CH extraction can be achieved when the spatial resolution of the 
optical images is high [47]. Reducing the altitude of the UAV or choosing cameras with definite 
spatial resolutions are effective ways that such specific requirements can be fulfilled. The former can 
be compensated by adapting the flight plan to the desired ground spatial resolution, but the flight 
coverage will decrease as a result of the limited flight time of current UAV batteries. Therefore, future 
studies should investigate what resolutions are actually required for specific applications in order to 
further perfect the agronomic schemes. 

In this study, the mean value was used to present the volume of vegetation within each plot. 
However, more precise methods for the estimation of a canopy volume need to be developed in the 
future, such as building alpha shapes which represent the outline surrounding a set of 3D points [7], 
to further improve the accuracy and robustness of crop monitoring and vegetation parameter 
estimation. 
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4.4. Performances of Four Methods on AGB Estimate 

The results of this study showed that the three commonly used machine learning methods (RF, 
BP, and SVM) had no advantage over the OLS method. As Figure 14 showed, the CH and measured 
AGB have a linear relationship, with R2 values of 0.83 and 0.81 for fresh and dry AGB, respectively, 
so the multi-variable linear regression method (OLS) could be used to accurately estimate maize 
AGB. 

 
Figure 14. Scatter plots of measured crop height and measured maize (a) fresh AGB and (b) dry AGB 
(n = 89). 

The three machine learning methods used in this study have specific advantages and 
characteristics. For example, RF is insensitive to noise or over-fitting [12], and is able to solve 
problems concerning multi-collinearity [48]; BP can modify algorithms quickly but requires a large 
number of samples; SVM takes advantage of dealing with limited samples and high dimensional 
datasets. Comparing the results of AGB estimation using these three methods, the SVM and RF 
methods were found to be more robust for AGB estimation, which is consistent with the results of 
previous studies [35]. This is because BP is often applied to large amounts of sampling data, while 
SVR and RF methods are more suitable for smaller samples. 

Furthermore, the traditional statistical regression models and machine-learning models used in 
this study have been widely employed for the retrieval/estimates of the biophysical and biochemical 
parameters of crops (e.g., leaf area index [22,49], chlorophyll content [5], and crop yield [8]). However, 
one of the main limitations is that the application of these methods is valid only in the areas for which 
they have been calibrated [50,51]. Previous studies have demonstrated that models based on pseudo-
waveform variables estimate AGB more accurately [45,52]. However, it essential to consider accuracy 
along with the complexity of the methods used for estimation in practical application. The results of 
this study have demonstrated that using 3D statistical variables could meet the requirements for 
accuracy in the AGB estimation of precision agriculture. Therefore, we recommend this simple, 
robust, and accurate method for agronomic applications. 

Regarding the estimation of vegetation AGB based on 3D information of UAV remote-sensing, 
previous studies have already successfully applied UAV-based 3D information to forest ecosystems. 
However, in recent years, this 3D information has gradually been applied to crops (e.g., wheat [48,53], 
rice [54], maize [43]) and grassland [55] for plant height extraction and AGB estimation. This study 
further demonstrated that the use of 3D point clouds from multispectral and LiDAR systems were 
effective and robust for estimating crop AGB. The high spatial resolution of 3D datasets was essential 
to improve the accuracy of AGB estimation. Moreover, three commonly applied machine learning 
methods (RF, BP, SVM) did not show any obvious advantage over the traditional multiple linear 
regression model (OLS), while the RF and SVM methods are recommended for AGB estimation 
owing to their robustness and accuracy. 
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5. Conclusions 

This study used UAV-based 3D information (the multispectral SfM (from Micasense RedEdge-
M and multiSPEC-4C cameras) and LiDAR point clouds (Alpha Series AL3-32 sensor)) at multi-
spatial resolutions to estimate the fresh and dry above-ground biomass of maize through the 
traditional multi-variable linear regression model (OLS) and three machine learning methods (RF, 
BP, and SVM). The results of this study demonstrated that crop height was an essential parameter for 
the accurate estimation of AGB, and that the high spatial resolution of CH datasets is therefore a key 
factor for precise maize AGB estimation. Among the five statistical variables used in this study, the 
mean and T10 of CH datasets showed the highest correlation with crop biomass, and the datasets 
including only these two variables performed slightly better than those including all statistical 
variables. Additionally, both the OLS method and the three machine learning methods performed 
well in AGB estimation, but the SVM and RF methods were slightly better, and these are therefore 
recommended for maize AGB estimation. 

The results of this study suggest that crop height is an alternative and more robust way for 
estimating the AGB of maize, and multispectral SfM point clouds with high spatial resolution could 
fulfill the requirements for estimates concerning other crop parameters, which is preferred for 
agronomic applications, owing to the low cost and satisfactory accuracy in estimation. 
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