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Abstract: Plant phenotypic traits such as biomass work as predictors of important
biological outcomes like fitness, disease, and mortality. Plant biomass is an
essential parameter for crop management, growth monitoring, and yield
estimation. Traditionally, the manual approach known as destructive sampling is
the most accurate technique to estimate biomass. However, the large scales of
modern agricultural research or production schemes are turning this approach into
an impractical technique. Remote Sensing (RS) is a technology that has been
applied to facilitate this task. Light Detection and Ranging (LiDAR) is a popular RS
tool for evaluating and understanding plant canopy structure due to its accuracy
and ability to build 3D point clouds, but its high cost currently limits its application.
Structure from Motion (SfM) is a low-cost alternative to LiDAR that involves
acquiring images using a digital camera from multiple positions to generate a 3D
point cloud similar to that which is produced with LiDAR. In this study, StM point
clouds derived from Unmanned Aerial Systems (UAS) were used to build
volumetric models evaluating and comparing two different methodologies for
estimating plant biomass in maize (Zea mays L.); voxel-counting and convex-hull
approach. The voxel-counting approach works by encapsulating the point cloud
into volumetric pixels to generate a voxel grid. The volume is estimated by
counting the number of voxels with at least one point inside. The convex-hull
approach splits the point cloud into two parts and progressively calculate the
extreme points to generate a polygon that encompasses the full point cloud. The
result of this study showed that volumetric models based on SfM point cloud data
are suitable for estimating maize biomass combining with volumetric models.
Voxel-counting was more accurate predicting maize biomass (R*=0.973) than the
convex-hull approach. SfM point cloud data coupled with the voxel-counting
approach offers a low-cost alternative for providing accurate biomass estimations.

Keywords: remote sensing, structure from motion, UAS, convex-hull, voxel, maize,
biomass.

1. Introduction

To cope with the growing world population and its increasing demand for food,
crop production must be increased in the coming years, thus, improved research
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techniques need to be updated to have suitable methodologies for evaluating
observable physical characteristics in agricultural crops knowing better as crop traits
such as height, biomass, and leaf area are needed to enhance crop management.
These crop traits work as predictors of important biological outcomes, such as
titness, disease, and mortality [1]. Plant biomass serves as one of the critical inputs
in crop growth monitoring and yield estimation modeling, among others in
agricultural, ecological, and meteorological applications. Therefore, the accurate
estimation of plant biomass remains an active field of research [2]. The most accurate
techniques to estimate crop biomass are traditional manual approaches such as
destructive sampling, this is a labor-intensive and time-consuming method in which
the plants are subjected to constant mechanical stress. In addition, due to the large
scales of modern agricultural research and production schemas, collecting biomass
using traditional manual approaches has become impractical [4].

To address these issues, remote sensing methods that enhance the speed and
accuracy of plant biomass estimation have been developed. Several studies have
focused on estimating crop biomass using different sensors. Bending et al. [4] applied
UAS-based Red-Green-Blue (RGB) imagery to estimate barley biomass, Christiansen
etal. [5] and Li et al. [6] utilized Light Detection and Ranging (LiDAR) for predicting
crop biomass. Gao et al. [7] implemented Radio Detection and Ranging (RADAR) for
evaluating maize biomass. Wang et al. [2] Estimated maize biomass with a
hyperspectral sensor and Liu et al. [8] applied multispectral data to evaluate maize
biomass. RS of vegetation is based on the interaction between vegetation and
electromagnetic radiation [32]. Vegetation Indices (VIs) are a practical example of
these interactions. VIs are numerical values without units that take advantage of this
relationship at particular wavelengths of light [32]. The most commonly applied VIs
utilize the information about the amount of reflected in the red and near-infrared
(NIR) regions of the light spectrum. This information is combined in the form of
ratios that is predictive of plant biomass [33]. Although there are many indices that
have been developed for crop trait prediction, the Normalized Difference Vegetation
Index (NDVI) is one of the most commonly used VI to assess plant biomass and has
been applied in several studies. For example, Battude et al. [39] and Sharma et al. [40]
used NDVI to estimate maize biomass, Zhu and Liu [34] and Gonzalez-Alonso et al.
[37] applied Landsat NDVI time-series and NDVI composites to calculate forest
biomass, Ren and Zhou [35], Todd et al. [36] and Jin et al. [38] implemented NDVI to
estimate grasslands biomass.

As an alternative to VIs, LIDAR data has been successfully used in estimating
crop biomass due to its accuracy and ability to build 3D point cloud data. LIDAR
has been applied for evaluating and understanding plant canopy structure, namely
canopy height [9]. LIDAR itself uses multiple laser-based measurement techniques
to determinate 3D point cloud coordinates on the surface of an object relative to the
instrument [10]. Although LiDAR data has been shown to be suitable for estimating
plant biomass, its high cost limits its application. However, there are cheapest
alternatives that can build point clouds such as RGB sensor and photogrammetry
technique.
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Photogrammetry is a well-established method that has been developed and
used in cartography since the 1920s [10]. Photogrammetry takes advantage of digital
image processing to automatically generate digital elevation models and
orthophotos. The Structure from Motion approach (SfM) integrates the feature of
computer vision into classical photogrammetry. It involves acquiring images using
a digital camera from multiple positions relative to the object of interest to generate
a high-resolution point cloud, which can be color-coded using simultaneously
acquired RGB values. SfM point cloud data has the potential to overcome two of the
challenges associated with LiDAR: cost and occlusion [10]. SfM is a flexible and
reliable approach due to its property to yield high-density geometric and
radiometric data [11]. This property enables the production of similar products to
those derived from LiDAR. Moreover, previous research has tested the SfM
approach to validate its 3D properties in the context of measuring vegetation;
Morgenroth and Gomez [12] analyzed the tree structure using a 3D image analysis.
Miller et al. [13] applied a 3D model to evaluate the accuracy of height, diameter and
volume measurement in trees. Roberts et al. [14] evaluated the stem diameter of trees
with 3D imaging. Holman et al. [15] used 3D digital surface models of a crop field to
estimate plant height in wheat.

The analysis of StM point cloud data can be divided into two approaches: Raster
based by computing a Canopy Height Model (CHM) and Point Cloud-Based (PCB).
Most studies have implemented CHM, which converts raw point clouds into regular
2D grids. However, with this approach, the full dimensionality of the 3D point cloud
data is not leveraged. Instead, the PCB approach takes advantage of all of the point
cloud data. The PCB approach separates the vertical point cloud distribution into
different height levels, enabling the construction of 3D canopy and volumetric
models [16].

Performance of the SfM technique depends on the point cloud density, which
relies on the image quality and the UAS’s platform. Directly related to point cloud
density is Nominal Point Density (NPS), which is defined as the representative
distance between points in the point cloud. NPS determines the spatial resolution
that can be extracted from the point cloud [43]. In the other hand LiDAR point
spacing is determined by the scanner frequency (pulses per second) and speed of
the UAS [43]. Another component that can determinate the resolution of the StM
point cloud data is the computer workstation [44]. In order for SfM point cloud data
to yield accuracy predictions, the images must have a high percentage of overlap.
Software applications stitch overlapping images by matching know object to
generate 3D points. SfM generates a point derived for each pixel within the photos,
and therefore the point density directly reflects the spatial resolution of the collected
photos [45].

This research is comparing the ability of voxel-counting and convex-hull
approach to estimate biomass. A voxel can be defined as the volume element in a 3-
D array [17]. The voxel is the 3D counterpart of the 2D pixel. Each voxel can have a
binary value, which represents measurable properties. For example, the value 0
could mean “NODATA” while the value 1 could mean “at least one value.” In
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contrast to surface representations such as Triangulated Irregular Networks (TINs)
or Digital Elevation Models (DEMs), which only give a single Z value for each X and,
Y value, voxels are suitable for representing discontinuous surfaces due to their
ability to depict multiple Z values for the same X and,Y coordinates, thereby
providing better visualization and improving biomass biomass [18]. On the other
hand, the convex-hull approach works by dividing the point cloud into two parts by
drawing a line between the farthest points of the point cloud. The point with the
highest distance to the line is then used to create a triangle that ignores all the points
inside. This step is run several times until all points are included and the convex-
hull is finished [19].

The voxel-counting and convex-hull approaches were chosen due to their
superior performance in using point cloud data to estimate biomass. Several
previous studies have been assessed the ability of volumetric models to assess plant
biomass. Kim et al. [16] calculated voxel-based metrics using LiDAR to estimate plot-
level above-ground tropical rain forest biomass. Briininghoff et al. [19] compared the
sum of the voxels and convex-hull approaches with LiDAR data to estimate total
grassland biomass (fresh and dry). Greaves et al. [22] evaluated the voxel counting
approach combined with LiDAR to estimate Arctic shrub biomass. Olsoy et al. [25]
estimated Sagebrush biomass using both the voxel and convex-hull approaches
applied to LiDAR data. However, this relationship has not yet been clarified in
maize.

The objective of this research is to evaluate the application of volumetric
models with SfM point cloud data derived from aerial photography for estimating
maize biomass. Voxel-counting and convex-hull approaches are implemented and
compared to determine which model is more accurate for predicting maize biomass.
This study aimed to address the following research questions:

1. Can SfM point cloud data be used to estimate maize biomass?
2. Which volumetric model is more accurate for predicting maize biomass?

2. Materials and Methods
2.1. Study area

Field measurements were collected at the Bioland-Hofladen Herzkamp field
located in the municipality of Havixbeck in the district of Coesfeld in northern North
Rhine-Westphalia, Germany. This company has greenhouses and farmlands where
they grow different crops to sell in the local store. According to its harvest schedule,
the maize field was harvested weeks before the study begins, but as a special request,
they left a third part of the whole plantation for research purposes. The variety of
cultivated maize “Zea mays var. Saccharata” was sown in a spatial arrangement of
individual rows. The total area of the experimental plot was 57.6 m? (18x3.20m) with
the centroid located at latitude 5,758,244.73 and longitude 392,990.41 (UTM Zone
32U) (Figure 1).
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Figure 1. The study area is located in the Northwest part of Germany, in the district of Coesfeld, in
collaboration with the agricultural company Bioland-Hofladen Herzkamp. The experimental plot
consists of three individual maize rows with an area of 57.6 m?

2.2. Data acquisition

2.2.1. UAS data

Aerial photographs were acquired with an md4-1000 quadcopter (Microdrones,
Siegan, Germany) on October 17th, 2018 at 12h. The flight altitude was 15m. The
sensor used was an Alpha a5100 camera (Sony, Minato, Tokyo, Japan) that captures
16-megapixel images in true color (RGB). The focal length and image size were
16mm and, 6000x4000 pixels, respectively. Two flights were carried out in two
different orientations, North-South and East-West, with an overlap of 80%, the
camera was set to trigger automatically upon reaching flying altitude. To ensure
accurate geolocation of the imagery six markers were used as ground control points
(GCPs) and positioned in the experimental plot. The position was measured with a
high precision Differential Global Position System (DGPS; Trimble, Sunnyvale, CA,
USA). Four boxes with heights of 40, 80, 120 and 160 cm were placed in the field for
the purpose of ground truthing (Figure 2).
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(a) (d)

Figure 2. (a) Maize experimental plot; (b) UAS md4-1000 used to collect the aerial photographs; (c)
Boxes placed in the field with different heights; (d) White-colored compact discs placed within the
plot as GCPs to georeferenced the SfM point cloud data.

2.2.2 Field measurement

The biomass sampling was carried out following the "Yield and Yield
Components Guide" [20]. Three harvests were done on October in random positions
along the experimental plot while avoiding the border area. The harvests were
executed within a rectangle of 3 m in length and one row in width. The fresh biomass
was stored in plastic bags and transported to the laboratory immediately following
the cut to prevent dehydration.

Once in the laboratory, the sample was weighed to assess total fresh weight, then
a subsample of roughly 1kg was collected, weighed and dried in the oven at a
temperature of 75°C for 48 h to calculate dry matter content and estimate biomass
per unit area (Table 1) (Figure 3).

The field-observed maize biomass can be estimated using the Equation (1).

Dry matter biomass yield (g/m?) = FWA_M (1)

where Fw is total fresh weight, M is the moisture content and A is the area of
harvest. The experimental plot had a harvested biomass of 2874.2 g/m?.

Table 1. Field- measured parameters in the field

Value
Total harvested area (m?) 3.6m
Moisture (%) 0.65
Moisture content (g) 19719.91

Dry matter biomass yield (g/ m?) 2874.21
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(b)

Figure 3. (a) Harvested area of 3 m in length and one row in width; (b) Subsample (1kg) of maize to

be weighed and dried to calculate dry matter.
2.3. Data processing

2.3.1. Pre-Processing of UAS data

Pix4Dmapper Pro software (https://www.pix4d.com, Lausanne, Switzerland)
(version 3.2.14) was run on a computer Intel (R) Core(TM) i5 Windows 7 64-bit with
16 GB RAM to merge the two flights into one project. The final point cloud data had
an average density per m3 of 2.24¢% and a total of 262,485,788 3D densified points.
The set up parameters are described in the table 2.

Table 2. Technical specifications of the point cloud generated in the software pix4D

Processing option Features
Image scale 1 (Original image size, slow)
Point density High
Minimum number of matches 3
3D textured mesh generation Yes
3D textured mesh resolution High resolution

Number of calibrated images 489 out of 489
Information is taken from the Pix4D quality report

2.3.2. Processing of point cloud data

The point cloud was first cropped to contain only the area of interest, and then
it was registered using the GCPs coordinates (UTM Zone 32N) with the open source
software CloudCompare (http://www.cloudcompare.org, Sunnyvale, CA, USA) by
applying the Iterative Closest Point (ICP) algorithm. The ICP algorithm takes two
point clouds, A and B. It first performs matching by identifying each point in cloud
A and its nearest counterpart in cloud B. The distance between all pairs of points is
the error metric. The second step is to minimize that error, before ultimately
performing the registration [21].


https://www.pix4d.com/

12 of 27

The second step was to «classify the points using LAStools
(https://rapidlasso.com/lastools/rapidlasso GmbH, Gilching, Germany). The
las_ground command was used to classify the points as ground points (class=1)
and non-ground points (class=2) for bare-earth extraction, choosing the option
"wilderness" for high-resolution point clouds. Further parameters were set to the
defaults (units in meters, no threshold, no hills). Then, to normalize the point
cloud, the command las_height was applied, which computes the height of the
points by triangulating the points into a Triangular Irregular Network (TIN) and
calculating the elevation of each point within the TIN. The option "replace_z" was
chosen such that the Z value for each point defines the height as the absolute
height.

Finally, the resulting normalized point cloud was divided into the boxes using
the ground truth information. One group with five areas was used to estimate maize
volume, and a second group with five areas was used to estimate maize biomass
(Figure 4). The polygons were drawn in ArcMap with areas ranging from 1 to 5 m2.
These polygons were used to cut the point cloud with the las_clip function. The point
cloud subsamples were cleaned and filter in CloudCompare to contain only maize
points without ground data or outliers.
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Figure 4. Geolocation of the subsamples used to build the biomass predictor model and to predict the
final biomass. Each polygon has an area from 1 to 5m?

2.3.3. Biomass estimation

The processed point cloud was used to calculate maize biomass. Two different
volumetric approaches were tested for estimating biomass: voxel-counting and
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convex-hull. The boxes subsamples were first used to validate the estimated
volumes according to the measured volumes. After this step, the volumetric
approaches were applied to estimate maize volume using the first group of
polygons. The harvested biomass values were scaled to 1 to 5 m? and regressed
against the volume of the maize to build the biomass predictor model and evaluate
its accuracy. Finally, the model predictions were evaluated for the second group
of polygons to estimate the biomass of maize and to measure its performance.

2.3.3.1. Voxel-counting approach

The volumetric pixel approach for volume estimation was chosen to take
advantage of the 3D property of the point cloud data. A voxel is defined as a volume
element in a 3-D array [17]. A script was written in RStudio
(https://www.rstudio.com, R Core Team, Vienna, Austria) (R version 3.5.1) based on
previous research that has used a counting approach [22]. The point cloud (Figure
5a) is divided into voxels (voxelization) (Figure 5b-d), where all points within the
data set are converted into voxel coordinates using the following equations:

X — Xmin)
= 2
[ Int( A (2)
. Y — Ymin)
Jj= Int( I, (3)
Z— Zmin)
= — 4
k Int( % 4)

where (i, j, k) are the voxel coordinates into the voxel array, Int is a function to round
off at one decimal place to the nearest integer, and (X,Y,Z) represent the point
coordinates of the registered SfM point cloud data [17].

The voxel size is determined by estimating the point cloud spacing distance.
Las_info was used to estimate this value to be 0.03 cm. The final voxel size was set
0.03x0.03x0.03 cm. After creating voxel coordinates, empty voxels were ignored to
create the final voxel model (Figure 5f) and voxels occupied by at least one point
were counted to estimate the total volume.
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Figure 5. (a) Raw point cloud data; (b) Estimation of the minimum and maximum coordinates values
for each axis to draw a bounding box; (c) Grid structure formed by subdividing the minimum
bounding box of a point cloud into voxels; (d) Final voxel grid structure with the final voxel size; (f)

Real volumetric voxel-model of maize.

2.3.3.2. Convex-hull approach

The second volumetric approach applied was convex-hull. The convex-hull
analysis was performed using the library "rLiDAR" [23] for R. The function
chullLiDAR3D computes the 3D convex-hull (and its surface area and volume) with
the point cloud data as the input. It uses the quickhull algorithm [24], which is a
method that computes the convex-hull of a finite set of points in a plane (Figure 6).
It uses a divide and conquer approach, where:
1. The farthest two points are determined and will define the convex-hull polygon.
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2. The points are divided into two parts split by a line drawn between the farthest
points. Both parts are processed recursively (Figure 6b).

3. Theline becomes a triangle by adding the third farthest point to the convex-hull,
excluding all points inside this triangle from the convex-hull for further
processing steps (Figure 6c¢).

4. The process is repeated several times for both sides of the dividing line. The
process ends when the starting and ending points are reached (Figure 6d).
Additionally, K-means was implemented to optimize the convex-hull

performance, which narrowed down the empty spaces (gaps) and, improved the

convex-hull adjustment to the point cloud. Different numbers of clusters were tested
empirically to identify the optimal number of clusters (from 2 to 6 clusters).

(a) (b)
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Figure 6. (a) Raw point cloud data; (c) Division of the point clouds into two parts by a line between the

farthest points; (d) Determination of the next farthest point to build a triangle in which all remaining points
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inside will be ignored for further steps; (e) Final convex-hull after several iterations; (f) Real volumetric

convex-hull model of maize.

2.4. Statistical method

The first step consisted of validating the volume of boxes prediction by
comparing the error of estimation. This was evaluated using the Sum Squared Errors
(SSE) (Equation (5)). SSE estimates the total deviations of the predicted values from
the empirical measurements.

SSE = ) {wiyi = x)?) 6)
i=1

where y; is the observed data value, x; is the predicted value from the model. w;
is the weighting applied to each data point, usually w; = 1.

The volume of maize measurements derived from the first step was regressed
against the harvested biomass using Ordinary Least Square (OLS). The performance
of the linear regression model was evaluated using the adjusted coefficient of
determination (R?).

Finally, the Root Mean Square Error (RMSE) (Equation (6)) was used to assess
the final maize biomass predictions for the tested models.

RMSE = \/Zn w (6)
i=1

where y; is the observed data value, x; is the predicted value
All analyses were carried out using Rstudio.

3. Results

3.1. Volumetric models

The estimation of the boxes volume was quite similar with both approaches.
Voxel-based volume estimation had a smaller error (SSE = 1.72887°%) that convex-
hull. Volume estimations with voxels were closer to the observed volume. Convex-
hull-based volume overestimated the volume and its estimation error was slightly
higher (SSE = 0.0155) than voxel-counting approach (Figure 7).
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Figure 7. (a) Observed volume against estimated volume with voxel approach, the estimated volumes
are closest to the observed volumes; (b) Observed volume against estimated volume with convex-hull

approach, the estimated volumes were overestimated.

3.2. Biomass model predictor

The correlation value between the estimated volume and observed biomass was
calculated. Estimated volume with convex-hull and observed biomass was slightly
lower correlated (0.985) in contrast with voxel volume which showed a higher
correlation (0.989) with observed biomass. Regarding the coefficient of
determination the voxel biomass predictor model has a value of R%=0.973 and
convex-hull biomass predictor model R?=0.961 (Figure 8).
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Figure 8. (a) Plot voxel predictor model, the data have 0.989 correlation; (b) Plot convex-hull model

predictor model, the data have 0.989 correlation.

3.2.1. Biomass estimation

The voxel-based predictor model yielded a lower RMSE (RMSE= 344.5g) than
the convex-hull-based predictor model (RMSE=1835.6 g). The estimated values
using the voxel approached fitted better the linear model. (Figure 9).

RMSE =344.573 RMSE =1835.642
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Figure 9. (a) Voxel-based estimated biomass fitted better the observed biomass. (b) Convex-hull-based
estimated biomass tends to over and underestimates biomass due to its high RMSE value.
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4. Discussion

The result of this study shows that StM point cloud data obtained with UAS can
be processed and is suitable to produce reliable volumetric models to yield accurate
maize biomass estimations. Both voxel and convex-hull approaches provided
accurate predictions for each subplot. However, the voxel-counting approach was
more accurate.

The first aim of this study was to draft a volumetric model predictor based on
the SfM point cloud data and two different volume estimation approaches: the
convex-hull and voxel-counting. The SfM algorithm generated a high-resolution 3D
point cloud similar to that produced using LIDAR. The point density and resolution
relied on camera and UAS platform. As SfM point cloud data in this study is based
on RGB data, the point cloud can be rendered directly in color, while traditional
LiDAR requires the simultaneous acquisition of RGB data. This feature made it
easier to interpret and georeferenced because it was faster to locate the GCPs using
visual inspection. Whereas with LiDAR this task is more complex due to it only can
be colored using the Z value information. Therefore SfM point cloud data is a low-
cost alternative to LIDAR data to estimate maize biomass. Some research has proved
the effectiveness of SfM point cloud data for estimating biomass. Li et al. [29]
estimated maize biomass using SfM point cloud from stereo images and Messinger
et al. [31] applied SfM point cloud to estimate biomass of Amazon forest.

The SfM point cloud data had some gaps where Pix4Dmapper Pro could not
match enough features from overlapping images due to occlusion areas where the
scan could not reach. The points were classified into ground (6,857,944 points) and
non-ground points (45,385,807 points), the presence of other crops and grass
between the rows maize increased the number of non-ground points for this reason
tield preparation task as clearing away herbs is recommended before scanning the
area. For this study, this problem was fixed applying significant manual editing of
ground versus non-ground points was performed as suggested for Jensen and
Mathews [46]. For removing slope effects, the point cloud was normalized by setting
Z values as 0 m to all ground points, where the maximum Z value was 2.3 m. The
point cloud was split into three subsets. The first subset contained the boxes for
model validation accuracy assessment, whereas the second was used to estimate
maize volume and correlate them against the observed biomass using scaled values
from 1m? to 5 m?2. Finally, the third subset was applied to estimate maize biomass.

The boxes that were laid down in the experimental plot as ground truth similar
to Ruggles and Clark research [44] comparing the observed volume and estimated
volume for each approach to help ensure model quality. Voxel and convex-hull
approach both models performed well, but the statistical analysis depicted that
voxel volume estimates were closer to the real volume values (SSE = 1.72887%).
Possible reason for the deference between models may be rely on voxels based
methods assume that no part of the target is occluded [22]. The flatness and no
obstacles conditions of the terrain helped to have a good scan of the boxes and maize



20 of 27

reducing the occlusion problems and SfM Regarding the convex-hull approach, its
volume estimates showed a straight overestimation of the real volumes.

The second aim of this study was to assess the biomass predictor model
accuracy. After volume assessment, the maize estimated volume generated with
convex-hull and voxel approach was regressed with harvested biomass. The voxel
approach had better accuracy than convex-hull approach, this good performance
may be linked with the two orientation flights and the low flight altitude which
increased the number of points, thus the probability to penetrate fully into the
canopy increased as well. On the other hand, convex-hull assumes a consistent
biomass-to volume ratio across all the plant [25]. Hence, instead of dividing the point
cloud as the voxel approach does convex-hull estimates the overall volume.
Therefore, the convex-hull values showed an under and overestimation. This result
can be explained by the presence of small gaps spread out along the maize scan. It
is important to point out that the optimizer parameter was the number of clusters,
the model had good performance using 4 clusters, while using less than 4 and more
than 5 clusters the under and overestimation was higher.

There were not found previous research applying the voxel-counting approach
to estimate maize biomass. The voxel-counting approach left only 3% of the biomass
variation unexplained (R?=0.97). Similar results are reported from previous research
working with voxel volume estimation and vegetation biomass. Graves et al. [22]
Showed accurate prediction (R%=0.94) for low-stature Arctic shrubs with Terrestrial
Laser Scanning. Olsoy et al. [25] reported accurate prediction (R?=0.86) for dryland
shrub biomass with TLS. Briininghoff et al. [19] reported lower but still good
accurate (R?=0.69) working with TLS to estimate Lupinus polyphyllus Lindl biomass.
Kim et al. [16] informed accurate prediction of (R?=0.87) for a 900 m2 plot of tropical
rain forest.

The good performance of volumetric techniques lies in the quality of the point
cloud. Therefore, if the scan fails to penetrate deeply into the canopy or the occlusion
of a target is high, the voxel-counting approach will treat the lack of points as empty
voxels, thus the volume could be underestimated [25]. The convex-hull approache
could overestimate the correct volume if the plant has an irregular shape with many
gaps, convex-hull will draw a polygon taking into account the gaps as vegetation.
Moreover, the presence of outliers by noise in the point cloud, shadowing and wind
effect could affect the final estimation of volume. Weak biomass estimations can be
overcome addressing different approaches; effect of occlusion can be decreased by
scanning a target form multiple directions, ray-tracing, transmission ratio
calculations, or point cloud modeling to compensate, but such mitigating strategies
can be theoretically and computationally difficult [22]. In order to enhance the
volume estimation, noise reduction filter and cluster analysis were implemented
optimizing the number of clusters reduced both under-and overestimation of
biomass, and is thus recommended as a standard processing step to estimate
biomass from SfM point cloud data.
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The voxel-volume was confirmed as a powerful predictor for biomass
estimation, as demonstrated by [19,22,25]. Nevertheless, there were not found
previous research applying volumetric approaches and SfM point cloud data for
maize biomass prediction. The existing research is using manly TLS to estimate
biomass of different vegetable species [19,22,26] and some others combining TLS
with SfM point cloud data [27,29].

Finally, the biomass model prediction was tested using the testing subsamples
of 1 to 5 m2 The voxel model performed better (RMSE= 344.573 g/m2) than the
convex-hull. Where all the predicted biomass values using the volume estimations
with the voxel-counting approach are pretty close to the observed values indicating
that voxel volumetric models are suitable to estimate biomass due to its strong
relationship with maize harvested biomass. This suggests that SfM point cloud data
in combination with volumetric models can be used for biomass assessments,
therefore is a reliable source to replace harvest traditional approaches when are
difficult to perform.

4.1. Outlook

The work field was carried out in the middle of autumn, most of the crops were
already harvested limiting the options were to collect the data and limiting the
number of plots to use in the experiment, further studies could increase the number
of plots and the number of harvested biomass samples to scale this methodology
from small to large scale.

The low-cost LiDAR was considered to use parallel to StM point cloud data to
compare results, but there were many technical drawbacks related its use in the field
such as battery life and quality of its pieces that hampered its application. Therefore,
future studies could focus on the technical development of low cost LiDAR sensor,
and be tested against SfM data especially when vegetation in dense or light
conditions are unfavorable.

Besides, it will be interesting to apply this methodology to evaluate different
kinds of crops and growth stages to test the presented approach here at different
vegetation densities and for a variety of pant shapes

5. Conclusions

This research work has proven that maize biomass can be accurately estimated
by using both SfM point cloud data and voxel-counting approach, whether point
clouds were gathered at a low flight altitude (15m) and two flight orientations
(north-south and east-west) were carried out. Additionally, the evaluation suggests
that boxes can be used as a ground reference to validate volume estimations.

Comparing estimated and observed biomass for model validation, the value of
RMSE was 344.573 g/m2 providing a high confidence maize estimation. Although
the final result has high accuracy, it should be read it carefully due to it just applies
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to the specific conditions in the experimental plot and the number of subsamples
taken.

An additional test is needed applying the same methodology from this small to
large scale. Increasing the number of plots, the number of harvests and test different
crops to evaluate their effectiveness more broadly.
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Appendix

Volume model <- function(listlas,vox.size,cluster.number) {
out.file<- ""
for (k in listlas){
las=readLAS (k) #Read the LAS file
N points<- nrow(las@data)
las.df = as.data.frame(las@data) # Extract and convert the LAS properties table into df

scan= las.df[,c(1,2,3)] # Subset the coordinates from the LAS table

colnames(scan) = c("x","y","z") # Rename the columne names

for (i in seq along(scan)) set(scan, j = i, value = as.numeric(scan[[i]])) # Convert into numeric the
data

precision = nchar(unlist(strsplit(as.character(vox.size),split = ".", fixed = T))[2]) # Make sure that

precision of the voxel boundaries is appropriate to the voxel size
xi = round(min(scan$x) - vox.size/?, digits = precision) # Buffer the minimum point value by half the

voxel size to find the lower bound for the x,y, and z voxels

yi round(min(scan$y) - vox.size/?, digits = precision)

zi = round(min(scan$z) - vox.size/?, digits = precision)

scan$x_vox = ceiling((scan$x-xi)/vox.size) # Assign x, y, and z "voxel coordinates" to each point as a
point attribute

scan$y vox = ceiling((scan$y-yi)/vox.size)

scan$z vox = ceiling((scan$z-zi)/vox.size)

scan$xyz vox = paste(scan$x vox, scan$y vox, scan$z vox, sep = " ") # Combine the x, y, and z voxel

coordinates to identify specific voxels

scan$xyz vox = factor(scan$xyz vox) # Make the unique xyz voxel coordinates into factors
vertices = chull(scan$x, scan$y) # Find the vertices to calculate the area
vert.coords = as.matrix(data.frame (scan[vertices, "x"], scan[vertices, "y"1)) ## create a matrix of the

vertex coordinates

Area m2 <- areapl(vert.coords) # Get the area of the polygon
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las.df2 = as.data.frame(las@data) # Create a new LAS df to process the convex hull

scan2= las.df2[,c(1,2,3)]

scan2= data.matrix(scan2)

clusLAS <- kmeans(scan2,cluster.number) # Run a cluster analysis with a specific number of cluster

id<-as.factor(clusLAS$cluster) # Add a id column to the cluster datatable

scan2id<- cbind(scan2,id)

convex hull box <- rLiDAR::chullLiDAR3D(scan2id, plotit = TRUE, col="forestgreen",alpha=0.8) # Run and
plot the convex hull analysis

convex_hull vol <- mean(convex_hull box$crownvolume) # Estimate the mean volume of the convex hull

Filled voxes <- nlevels(scan$xyz_vox) # Count the number of voxels with at leats one point inside

Filled voxes m2 <- nlevels(scan$xyz vox)/Area m2 # Count the number of voxels with at leats one point
inside per m2

Voxel vol <- Filled voxes*(vox.size*vox.size*vox.size) # Estimate the volume with counted voxels

out.file<- rbind(out.file,N points,convex hull vol,Area m2,Filled voxes,Filled voxes m2,Voxel vol) #

Print the table with the values

table= out.file[-1] #Format the final table

table<- as.numeric(table)

table<- t(table)

table<- t(table)

data table<- as.data.frame(matrix(unlist(table, use.names=FALSE),ncol=6, byrow=TRUE))

colnames (data_ table) <- c("N points", "Convex hull vol","Area m2", "Filled voxes", "Filled voxes m2",
"Voxel vol")

}

return(data_table)

}
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