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Abstract: Estimation of plant canopy using low-altitude imagery can help monitor the normal growth
status of crops and is highly beneficial for various digital farming applications such as precision
crop protection. However, extracting 3D canopy information from raw images requires studying the
effect of sensor viewing angle by taking into accounts the limitations of the mobile platform routes
inside the field. The main objective of this research was to estimate wheat (Triticum aestivum L.) leaf
parameters, including leaf length and width, from the 3D model representation of the plants. For this
purpose, experiments with different camera viewing angles were conducted to find the optimum
setup of a mono-camera system that would result in the best 3D point clouds. The angle-control
analytical study was conducted on a four-row wheat plot with a row spacing of 0.17 m and with
two seeding densities and growth stages as factors. Nadir and six oblique view image datasets
were acquired from the plot with 88% overlapping and were then reconstructed to point clouds
using Structure from Motion (SfM) and Multi-View Stereo (MVS) methods. Point clouds were first
categorized into three classes as wheat canopy, soil background, and experimental plot. The wheat
canopy class was then used to extract leaf parameters, which were then compared with those values
from manual measurements. The comparison between results showed that (i) multiple-view dataset
provided the best estimation for leaf length and leaf width, (ii) among the single-view dataset, canopy,
and leaf parameters were best modeled with angles vertically at−45◦ and horizontally at 0◦ (VA−45,
HA 0), while (iii) in nadir view, fewer underlying 3D points were obtained with a missing leaf rate of
70%. It was concluded that oblique imagery is a promising approach to effectively estimate wheat
canopy 3D representation with SfM-MVS using a single camera platform for crop monitoring. This
study contributes to the improvement of the proximal sensing platform for crop health assessment.

Keywords: digital agriculture; 3D photogrammetry; response surface methodology; structure from
motion (SfM); multi-view stereo (MVS)

1. Introduction

Estimating the height and density of a plant canopy using 3D point clouds can help
monitor the growth status of plants in the field. This approach is particularly of interest in
crop management decisions that are based on the site-specific characterization of the plant
canopy. The generated information from this method also has applications in other domains
of digital farming and precision agriculture such as leaf area index evaluation [1], precision
crop protection [2], site-specific irrigation [3], nutrient assessment [4], yield prediction [5],
autonomous navigation [6,7], and early disease detection [8]. In addition, detailed and
reliable information on plant canopies can assists farmers in making site-specific and timely
management decisions, which implies the high potential of 3D point cloud datasets for
economic and environmental savings strategies.

The conventional and traditional methods for canopy estimation [9], including those
that involve in-field data collection with hand-held tools [10] demand tedious, laborious,
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and destructive operations [6,11], and do not provide accurate and detailed information [12].
On the other hand, the available commercial sensing techniques, such as CropCircle
(ACS-435, Holland Scientific, Lincoln, NE, USA), ISARIA (CLAAS GmbH & Co. KGaA,
Harsewinkel, Germany), YARA N-Sensor (ALS2, YARA International ASA, Oslo, Norway),
GreenSeeker (Trimble Inc., Sunnyvale, CA, USA), and CropSpec (Topcon Corporation,
Tokyo, Japan) provide canopy estimation from only one specific view [13,14], and therefore
missing significant information about the crop [15]. To overcome these problems, various
research works have studied modern approaches such as image-based [16], laser-based [17],
and thermal imaging [18], however depending on the data collection platform being
used (i.e., ground-based or aerial-based [19]), these approaches usually suffer from the
constraints and limitations of the field routes [20,21].

Common precision agriculture applications comprise management strategies that
use information technology to process high spatial and temporal resolution data on crop
growth status collected using sensing technologies [22]. In this concept, farmers can iden-
tify crop growth conditions and variability that fluctuate in time and space and hence
improve specifically the timeliness and precision of operation [23]. Effective and accurate
mapping tools of crop assessment with precision location information is hence the key and
essential approaches [24]. The information from wheat canopy has been implemented to
study precision agriculture questions to evaluate indices about crop growth status across
the cultivation zones, such as yellow rust and fusarium head blight [25], chlorophyll fluo-
rescence and nitrogen nutrition [26], canopy temperature [27], spikes in wheat canopies,
and different vertical distributions of leaf properties [28]. For canopy estimation using
proximal plant sensing, instruments are placed within 2 m of the targets [29], for example,
on a ground-based mobile platform, in order to provide a rapid and reliable signal that can
be used in creating accurate near-surface maps [30]. Among various sensors, commercial
digital cameras have been widely used for proximal sensing due to their portability, versa-
tility, ease of use, and adaptability [31,32]. In addition, these sensors have been used in the
non-invasive identification of crop morphological and agronomical traits by providing high
spatial and temporal resolution imageries [33–35]. The leaf length and width of the crop,
which are morphologic parameters at single-leaf level [36], are defined as the maximum
midline length and the maximum width perpendicular to the midline of a leaf. They enable
direct estimation of leaf area in terms of length multiplied by a shape factor [37–39]. Their
variation is associated with many physiological and agronomic studies, directly accounts
for interactions between crops and the atmosphere [40,41].

Selected research works for estimation of plant density using vehicle-based field
platform (low-altitude imagery system) with adjustable viewing angle are shown in Figure
1. The ground-based imaging platform mounted with a digital camera (shown in Figure 1a)
captures images from an oblique viewing angle of 55◦ for detecting and analyzing wheat
spikes using Convolutional Neural Networks (CNN) for yield estimation [42]. Similarly,
3D models from RGB-D images of Kinect sensors based on four different viewing angles
(shown in Figure 1b) have been compared for the relationship between plant characteristics
and the actual characteristics of plants depending on the viewing angles of the sensor [43].
Figure 1c is a schematic demonstration of a crop row and imaging setup for building plants
3D model using a single RGB camera and SfM for estimating structural parameters such as
height and leaf area [44].
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Figure 1. Example of research works for estimation of plant density from low-altitude imagery and different viewing angle 
showing (a) detection and analysis of wheat spikes from oblique digital images using CNN [42], (b) biomass estimation 
using Kinect sensors from different viewing angles in order to match the best viewing angle based on poplar seedling 
geometry [43], and (c) in-field crop row phenotyping estimation from 3D modeling derived by SfM from top-view RGB 
images [44]. 

Innovative approaches exploiting 3D crop models have led to various important 
findings for crop growth. 3D model of objects, estimated based on a consecutive set of 
overlapping camera images by applying computer vision algorithms such as Structure-
from-Motion (SfM) [45,46] and Multi-View Stereo (MVS) [47], or provided by laser scan-
ning (i.e., Light Detection and Ranging, LiDAR [48], micro-computed tomography, and 
micro-CT [49]), are large point datasets showing the visible object surface from the rebuilt 
3D scene. Datasets from terrestrial LiDAR, which are simple-colored and discrete points, 
are vulnerable to the density of the point cloud and the intensity of the echo signal of the 
reflector. The extraction of dense 3D point clouds using SfM-MVS can recover the 3D 
structures of objects without performing any calibration or the need for correspondence 
motion information [50]. This allows utilization for the field application scenario with 
close-range optical images containing rich textural features and geometric features. In this 
context, image-based 3D modelling represents a promising approach by taking advantage 
of other features. 3D imaging sensors mounted on ground vehicles have been confirming 
the effectiveness and reliability of using dense 3D point cloud to identify and estimate the 
canopy parameters. Some of the examples include identification of crop row structure, 
plot-level, and plot canopy height that were obtained by using multiple cameras through 
the SfM method and stereo vision method [44,51,52]. 

For the acceleration of this process, some researchers have proposed the use of field 
robots and automated platforms. For instance, the Robotanist [53] is a small robot that 
gathers phenotypic data and registers the sorghum stalk by using a side-facing (vertical-
view) stereo camera, offering high throughput on plant structure beneath the crop canopy. 
Another example is the Phenoliner [54] field phenotyping platform for grapevine re-
search, including three cameras stacked vertically using one MVS method. The reviewed 
literature clearly highlights the validity of data acquisition from nadir or vertical view 
with a successive horizontal camera motion [55]. On the other hand, more and more re-
searchers used oblique imageries to acquire 3D point clouds [56–58], providing better and 
more comprehensive performance, also obtaining more details from the near-ground can-
opy [59]. However, they did not describe why to arrange the sensor’s angle in such ways. 
Considering some fine and partially overlapping crop features, such as the width and 
length of the crop leaves, and in this case of in-field situation, quality influencing factors 
to the 3D point cloud reconstruction is a relevant aspect to take into account. The mono-
camera mode shows more directly the effects of the viewing angle on the 3D reconstruc-
tion of plant canopies. A reliable angular setup for the mono-camera system is necessary 
to maximize the performance of SfM-MVS 3D reconstruction to collect more plant trait-
related information. This would show the potential for developing camera setups in prox-
imal sensing platforms for precision agriculture or field phenotyping. 

Figure 1. Example of research works for estimation of plant density from low-altitude imagery and different viewing angle
showing (a) detection and analysis of wheat spikes from oblique digital images using CNN [42], (b) biomass estimation
using Kinect sensors from different viewing angles in order to match the best viewing angle based on poplar seedling
geometry [43], and (c) in-field crop row phenotyping estimation from 3D modeling derived by SfM from top-view RGB
images [44].

Innovative approaches exploiting 3D crop models have led to various important
findings for crop growth. 3D model of objects, estimated based on a consecutive set of
overlapping camera images by applying computer vision algorithms such as Structure-
from-Motion (SfM) [45,46] and Multi-View Stereo (MVS) [47], or provided by laser scanning
(i.e., Light Detection and Ranging, LiDAR [48], micro-computed tomography, and micro-
CT [49]), are large point datasets showing the visible object surface from the rebuilt 3D
scene. Datasets from terrestrial LiDAR, which are simple-colored and discrete points, are
vulnerable to the density of the point cloud and the intensity of the echo signal of the
reflector. The extraction of dense 3D point clouds using SfM-MVS can recover the 3D
structures of objects without performing any calibration or the need for correspondence
motion information [50]. This allows utilization for the field application scenario with
close-range optical images containing rich textural features and geometric features. In this
context, image-based 3D modelling represents a promising approach by taking advantage
of other features. 3D imaging sensors mounted on ground vehicles have been confirming
the effectiveness and reliability of using dense 3D point cloud to identify and estimate the
canopy parameters. Some of the examples include identification of crop row structure,
plot-level, and plot canopy height that were obtained by using multiple cameras through
the SfM method and stereo vision method [44,51,52].

For the acceleration of this process, some researchers have proposed the use of field
robots and automated platforms. For instance, the Robotanist [53] is a small robot that
gathers phenotypic data and registers the sorghum stalk by using a side-facing (vertical-
view) stereo camera, offering high throughput on plant structure beneath the crop canopy.
Another example is the Phenoliner [54] field phenotyping platform for grapevine research,
including three cameras stacked vertically using one MVS method. The reviewed litera-
ture clearly highlights the validity of data acquisition from nadir or vertical view with a
successive horizontal camera motion [55]. On the other hand, more and more researchers
used oblique imageries to acquire 3D point clouds [56–58], providing better and more
comprehensive performance, also obtaining more details from the near-ground canopy [59].
However, they did not describe why to arrange the sensor’s angle in such ways. Consider-
ing some fine and partially overlapping crop features, such as the width and length of the
crop leaves, and in this case of in-field situation, quality influencing factors to the 3D point
cloud reconstruction is a relevant aspect to take into account. The mono-camera mode
shows more directly the effects of the viewing angle on the 3D reconstruction of plant
canopies. A reliable angular setup for the mono-camera system is necessary to maximize
the performance of SfM-MVS 3D reconstruction to collect more plant trait-related infor-
mation. This would show the potential for developing camera setups in proximal sensing
platforms for precision agriculture or field phenotyping.
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The focus of the presented study is on the role and influence of sensor viewing angle
by estimating the leaf parameters of wheat (width and length) from the image-based
3D models. The main objective of the research was to estimate wheat (Triticum aestivum
L.) leaf parameters, including leaf length and width, from the 3D model representation
of the plants. This study is of high interest for field plant phenotyping and precision
agriculture as the optimization of the camera viewing angle can help to obtain better
oblique imagery for 3D characterization of wheat plants. Several experiments with different
camera viewing angles were conducted to find the optimum setup of a vehicle-mounted
mono-camera system that would result in the best 3D point clouds for the improvement of
crop canopy estimation. The proposed method exploited 3D point clouds generated by
processing proximal imagery by using the Structure from Motion (SfM) and Multi-View
Stereo (MVS) algorithms. An experiment conducted in the laboratory showed the impact
of nadir and different oblique images on the estimated parameters from 3D point clouds
by comparing it with conventional manual measurements. The underlying hypothesis
was that a reconstructed 3D crop model derived from an appropriate camera-viewing
angle can be used effectively as a setup to extract leaf parameters with a high accuracy in a
mono-camera dataset. The organization of this paper is as follows: a relatively detailed
background and review of some of the most recent published literature is provided followed
by relevant case studies in order to highlight the previous achievements and the existing
gaps. Section 2 describes the experimental setup and data collection besides the main
steps involved in the generation of the 3D point clouds and obtaining the ground truth
data. Results are presented in Section 3 by means of generated 3D models, box plots of
errors, and contour plots from response surface model analysis. Limitations and challenges
of the research, as well as the potentials for further improvements are highlighted in the
Conclusion Section.

2. Materials and Methods

In this study, a custom-built mobile platform was designed and developed to mount a
camera-tripod system for simulating different in-field imagery scenarios. The methodology
involved (i) creation of 3D point clouds of a wheat plot in two different growth stages, (ii)
determining assessment point by segmenting of canopy structure and comparing it with
manually measured leaf samples, and (iii) evaluation of the current vehicle-mono-camera
setup to be used as a leaf-parameters mapping device in real field conditions.

2.1. Experiment Setup and Data Collection

The experiments with different camera viewing angles were conducted inside an
indoor laboratory to eliminate external effects at the premises of the Leibniz Institute for
Agricultural Engineering and Bioeconomy in Potsdam, Germany (52◦26′ N, 13◦00′ E). For
the experiment, the wheat variety “Kadrilj” has been cultivated in eight pots (100 cm by
17 cm by 14 cm) under controlled conditions in urban garden soil. The wheat plants were
seeded in the first four pots with 153 seeds per m2 (half density) and in the next four pots
with 271 seeds per m2 (full density). Figure 2 shows the main steps of the experimental
setup and data collection. Each of the four pots with the same planting density was
assembled into a larger square pot in order to form an artificial canopy of four rows with a
spacing of 17 cm as shown in Figure 2a. The garden soil and the pot edges were entirely
covered with sandy, loamy soil from the natural topsoil taken from a crop field.
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Figure 2. Demonstration of the main steps involved in the experimental for image acquisition with the mono camera 
system from different viewing angles and positions, showing (a) wheat plants seeded in the square pot, (b) overview of 
the experiment site, and (c) variable shooting adjustment of the mobile platform. 

A simulation representation and an actual view of the experimental setup are given 
in the Figure 3a,b. An adjustable platform with cameras, tripods, and simulated wheat 
plants were first designed in the SolidWorks software environment (SolidWorks, Wal-
tham, MA, USA) as shown in the Figure 3a to carry out preliminary tests with different 
camera angles while the platform moved a distance of 10 cm in each iteration. The setup 
was then built and used to acquire actual wheat canopy imagery from different viewing 
angles and positions as shown in Figure 3b. The moving platform is a custom-built tool 
carrier that was made of one steel plate, two horizontal rods, and four vertical aluminum 
rods to provide maximum stability. A 3-axis adjustable camera tripod enables user-de-
fined camera viewing angles toward the wheat canopy as shown in Figure 3b. Addition-
ally, the Cartesian coordinate system was set in a way that the origin is the focus of a 
camera, and the vector of viewing angle is the centerline of the field of view. The x-axis 
and y-axis are horizontal, where the x-axis is perpendicular to the forward direction, and 
the y-axis is parallel to the forward direction. The z-axis is vertical to the xy-plane and 
vertically upward. 

 
Figure 3. Laboratory experiment setup showing (a) the preliminary simulation tests, and (b) the actual laboratory experi-
ments with wheat plants in the early growth stage. The platform moves a distance of 10 cm in each iteration. 

The camera used for capturing the images was a Sony Alpha 6000 (24 megapixels, 
sensor size: 23.5 by 15.4 mm, aperture angle: 26.7°, Sony Corporation, Tokyo, Japan) at-
tached with a 50 mm lens (E50 f/1.8). The setup of image acquisition is equivalent to a 
ground vehicle collecting images in a field—looking at the wheat canopy at different spe-
cific viewing angles from one side (oblique view) or from above (nadir view). In total, 3861 
images were collected with a 10 cm shooting interval resulting in an 88% overlap for the 

Figure 2. Demonstration of the main steps involved in the experimental for image acquisition with the mono camera
system from different viewing angles and positions, showing (a) wheat plants seeded in the square pot, (b) overview of the
experiment site, and (c) variable shooting adjustment of the mobile platform.

An overhead view of the experiment site is shown in Figure 2b. Camera viewing
angels include (a) the vertical angle (αVertical , or VA), which is the angle between the vector
and xy-plane, (b) the horizontal angle (αHorizontal , or HA), which is the angle between
the vector and xz-plane, and (c) a nadir view (vertically, the vector pointing straight
downwards) simulating a single camera installed on a low ground vehicle platform. Both
ground planes have their origin at the camera position (Figure 2c). A complete horizontal
viewing angle was not adopted.

A simulation representation and an actual view of the experimental setup are given
in the Figure 3a,b. An adjustable platform with cameras, tripods, and simulated wheat
plants were first designed in the SolidWorks software environment (SolidWorks, Waltham,
MA, USA) as shown in the Figure 3a to carry out preliminary tests with different camera
angles while the platform moved a distance of 10 cm in each iteration. The setup was
then built and used to acquire actual wheat canopy imagery from different viewing angles
and positions as shown in Figure 3b. The moving platform is a custom-built tool carrier
that was made of one steel plate, two horizontal rods, and four vertical aluminum rods to
provide maximum stability. A 3-axis adjustable camera tripod enables user-defined camera
viewing angles toward the wheat canopy as shown in Figure 3b. Additionally, the Cartesian
coordinate system was set in a way that the origin is the focus of a camera, and the vector
of viewing angle is the centerline of the field of view. The x-axis and y-axis are horizontal,
where the x-axis is perpendicular to the forward direction, and the y-axis is parallel to the
forward direction. The z-axis is vertical to the xy-plane and vertically upward.
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The camera used for capturing the images was a Sony Alpha 6000 (24 megapixels,
sensor size: 23.5 by 15.4 mm, aperture angle: 26.7◦, Sony Corporation, Tokyo, Japan)
attached with a 50 mm lens (E50 f/1.8). The setup of image acquisition is equivalent to
a ground vehicle collecting images in a field—looking at the wheat canopy at different
specific viewing angles from one side (oblique view) or from above (nadir view). In total,
3861 images were collected with a 10 cm shooting interval resulting in an 88% overlap
for the wheat growth stages BBCH 47 (end of booting) and BBCH 69 (end of flowering).
The camera position’s height is adjustable to ensure that the shortest distance from the
camera lens center to the middle-top of the canopy is consistent between different viewing
angles within each growth stage to obtain a comparable average canopy sampling distance.
Detailed information about the image acquisition setup along with the core technical
specifications of the camera are listed in Table 1.

Table 1. Camera acquisition and specification data.

Functional Data General Data

Vertical angle: −30◦, −45◦ 50 mm lens (E50 f/1.8)
Horizontal angle: 0◦, 30◦, 45◦ 24 Megapixel

Nadir view Aperture angle: 26.7◦

Shooting interval: 10 cm in x-axis Sensor size: 23.5 by 15.4 mm (APS-C)

In the field experiment, an equipment carrier vehicle with a custom-built frame for
crop scouting (shown in Figure 4) was also used to mount a two-camera system at −45◦

and nadir angles in order to carry out the reconstruction of 3D point clouds inside the field
that were needed for the improvement of crop canopy estimation. The schematic side view
of the platform and the actual camera arrangement on the sample pots area are shown in
Figure 4. It should be noted that the position of the vertical poles and the height of the
gimbal were made adjustable with different canopy heights of the wheat plants.

2.2. Generation and Processing of 3D Point Clouds

The 3D sparse point clouds were generated using the SfM approach by means of
VisualSFM [46] software, which was available for free, and provided shared-source appli-
cation codes that include the different SfM photogrammetry steps, i.e., point matching,
camera estimation, and bundle adjustment. For the initialization of the camera parameters,
VisualSFM [46] used the images’ EXIF data. The detection and description of keypoints
were performed with Scale Invariant Feature Transform (SIFT) using the implementation
SIFTGPU [60] for fast parallel processing with GPU units. PMVS2, an open-source tool for
MVS reconstruction [61], was used for dense 3D reconstruction combined with VisualSFM.
The 3D point clouds were generated for each viewing angle separately. 3D point clouds that
are generated from multiple viewing angles were used as a reference point cloud. Eight
individual point clouds were calculated for each growth stage and saved as PLY files. The
3D point clouds were classified into the wheat canopy, soil background, and experimental
square pot. For extracting the experimental square pots, manual clipping was used in the
Software CloudCompare. For extracting only the wheat canopy from the soil background,
RGB thresholding was used with the settings R < 20, G > 100 and B > 150. The 3D point
clouds of wheat canopy structure were generated based on the nadir, multiple-view, and
six oblique view image datasets from a set of overlapping, uncalibrated raw images using
SfM-MVS methods, and the process was shown in Figure 5.



Agriculture 2021, 11, 563 7 of 17

Agriculture 2021, 11, 563 6 of 17 
 

 

wheat growth stages BBCH 47 (end of booting) and BBCH 69 (end of flowering). The cam-
era position’s height is adjustable to ensure that the shortest distance from the camera lens 
center to the middle-top of the canopy is consistent between different viewing angles 
within each growth stage to obtain a comparable average canopy sampling distance. De-
tailed information about the image acquisition setup along with the core technical speci-
fications of the camera are listed in Table 1. 

Table 1. Camera acquisition and specification data. 

Functional Data General Data 
Vertical angle: −30°, −45° 50 mm lens (E50 f/1.8) 

Horizontal angle: 0°, 30°, 45° 24 Megapixel 
Nadir view Aperture angle: 26.7° 

Shooting interval: 10 cm in x-axis Sensor size: 23.5 by 15.4 mm (APS-C) 

In the field experiment, an equipment carrier vehicle with a custom-built frame for 
crop scouting (shown in Figure 4) was also used to mount a two-camera system at −45° 
and nadir angles in order to carry out the reconstruction of 3D point clouds inside the 
field that were needed for the improvement of crop canopy estimation. The schematic side 
view of the platform and the actual camera arrangement on the sample pots area are 
shown in Figure 4. It should be noted that the position of the vertical poles and the height 
of the gimbal were made adjustable with different canopy heights of the wheat plants. 

 
Figure 4. Field experiment setup showing schematic side view of the platform and the position of the vertical poles and 
the height of the gimbal platform (top image), and the actual camera arrangement on the sample plot area (bottom im-
ages). 

Figure 4. Field experiment setup showing schematic side view of the platform and the position of the vertical poles and the
height of the gimbal platform (top image), and the actual camera arrangement on the sample plot area (bottom images).

Agriculture 2021, 11, 563 7 of 17 
 

 

2.2. Generation and Processing of 3D Point Clouds 
The 3D sparse point clouds were generated using the SfM approach by means of Vis-

ualSFM [46] software, which was available for free, and provided shared-source applica-
tion codes that include the different SfM photogrammetry steps, i.e., point matching, cam-
era estimation, and bundle adjustment. For the initialization of the camera parameters, 
VisualSFM [46] used the images’ EXIF data. The detection and description of keypoints 
were performed with Scale Invariant Feature Transform (SIFT) using the implementation 
SIFTGPU [60] for fast parallel processing with GPU units. PMVS2, an open-source tool for 
MVS reconstruction [61], was used for dense 3D reconstruction combined with Visu-
alSFM. The 3D point clouds were generated for each viewing angle separately. 3D point 
clouds that are generated from multiple viewing angles were used as a reference point 
cloud. Eight individual point clouds were calculated for each growth stage and saved as 
PLY files. The 3D point clouds were classified into the wheat canopy, soil background, 
and experimental square pot. For extracting the experimental square pots, manual clip-
ping was used in the Software CloudCompare. For extracting only the wheat canopy from 
the soil background, RGB thresholding was used with the settings R < 20, G > 100 and B > 
150. The 3D point clouds of wheat canopy structure were generated based on the nadir, 
multiple-view, and six oblique view image datasets from a set of overlapping, uncali-
brated raw images using SfM-MVS methods, and the process was shown in Figure 5. 

 
Figure 5. Generation of a 3D dense point cloud showing (a) a set of overlapping, uncalibrated raw images captured by 
digital camera, (b) reconstructed images to a 3D sparse point cloud using SfM, and (c) recovered result using MVS to a 
dense point cloud. 

2.3. Validation of the 3D Point Clouds and Optimization of Angle Factors 
As reference measurement, plant morphological data was collected from the two 

middle rows in which the leaf length and leaf width from 10 randomly selected wheat 
plants were measured. The selected plants were marked by a small pin that was put into 
the soil in their vicinity. Additionally, their serial numbers of a total of 10 were recorded 
by numbering the plants from one side of the middle rows. Then, the measuring proce-
dure was conducted by operators. The lengths and widths of the first complete leaf of each 
plant were manually measured with a ruler directly after image acquisition in its rolled-
out position. The length was measured along the midline position of each leaf, and the 
width was measured at a position where maximum width was obtained. 

To extract the leaf width and length from the point clouds, CloudCompare tools were 
used to measure virtually the leaves in the 3D environment. All virtual leaf measurements 
were converted to real values by using the scale taken from the exterior length of the ex-
perimental square pots. To assess the point clouds quantitatively, the mean absolute per-
centage error (MAPE), the mean error (ME), and the mean absolute error (MAE) between 
the converted virtual measurements of leaf length and width (ŷ) and the reference meas-
urements (y) were calculated by: 

푀퐴푃퐸 =
1
푛

푦 − 푦
푦

∗ 100% (1)

Figure 5. Generation of a 3D dense point cloud showing (a) a set of overlapping, uncalibrated raw images captured by
digital camera, (b) reconstructed images to a 3D sparse point cloud using SfM, and (c) recovered result using MVS to a
dense point cloud.

2.3. Validation of the 3D Point Clouds and Optimization of Angle Factors

As reference measurement, plant morphological data was collected from the two
middle rows in which the leaf length and leaf width from 10 randomly selected wheat
plants were measured. The selected plants were marked by a small pin that was put into
the soil in their vicinity. Additionally, their serial numbers of a total of 10 were recorded by
numbering the plants from one side of the middle rows. Then, the measuring procedure
was conducted by operators. The lengths and widths of the first complete leaf of each
plant were manually measured with a ruler directly after image acquisition in its rolled-out



Agriculture 2021, 11, 563 8 of 17

position. The length was measured along the midline position of each leaf, and the width
was measured at a position where maximum width was obtained.

To extract the leaf width and length from the point clouds, CloudCompare tools were
used to measure virtually the leaves in the 3D environment. All virtual leaf measurements
were converted to real values by using the scale taken from the exterior length of the
experimental square pots. To assess the point clouds quantitatively, the mean absolute
percentage error (MAPE), the mean error (ME), and the mean absolute error (MAE) be-
tween the converted virtual measurements of leaf length and width (ŷ) and the reference
measurements (y) were calculated by:

MAPE =
1
n

n

∑
i=1

∣∣∣∣ ŷ− y
y

∣∣∣∣ ∗ 100% (1)

ME =
1
n

n

∑
i=1

ŷi − yi (2)

MAE =
1
n

n

∑
i=1
|ŷi − yi| (3)

The error percentages vary between zero, where negative values denote that leaves are
represented smaller in the point clouds than in reality, and positive values vice versa. Error
percentages were summarized by means of box plots. The size of the box plots represents
the number of adequately conducted measurements. In addition, in order to find the opti-
mum camera angle factor in the vertical and horizontal view, the collected leaf length and
width data were investigated with Response Surface Methodology (RSM) [62]. The results
were then analyzed in the R statistical software (R Development Core Team, 2008) [63], by
means of a package called “rsm” that is based on a central composite design [64]. The pack-
age fitted a second-degree polynomial with response-surface components. The established
RSM then defined VA as the abscissa and horizontal angle (HA) as the ordinate. This con-
tributed to a better visual expression of the relationship between the camera viewing angle
combination and the average error. It should be noted that this approach contributed to
significant laboratory time saving that would have been required for adjusting all possible
angles between 0−30◦ and 30–45◦ in order to find the angle that leads to the minimum av-
erage error (known as the optimum angle). Figure 6 shows the measurement for validation.
In the last trial, destructive method was used for wheat plants to measure leaf parameters
(Figure 6a,b). Figure 6c shows the representation of a single row with one wheat density,
and it constitutes the density of the wheat canopy.
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Figure 6. Measurement for validation including (a) leaf length and width measurement in the last trial, (b) leaf parameters
estimation in the last trial (destructive method), and (c) representation of a single row with different wheat density.

3. Results and Discussion
3.1. Quality of the 3D Point Clouds over Different Viewing Angles

The 3D point clouds of the wheat canopy from a middle row were selected to represent
and compare the quality of the reconstructed canopy structure based on different view
image datasets. Figure 7 shows the front view of the point cloud along with two randomly
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selected examples of leaves representing the camera setup as multiple views (Figure 7a),
two single views (Figure 7b: VA = −30◦, HA = 0◦ and Figure 7c: VA = −45◦, HA = 0◦), and
the nadir view (Figure 7d). The wheat canopy has reached the growth stage BBCH47 with
the flag leaf sheath opening. From the results on the point clouds, it can be seen that the
quality of point cloud for the wheat canopy from that middle row varies in their visibility
and completeness depending on which perspective the image dataset was acquired.
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Figure 7. Demonstration of the front view of the BBCH 47, representing camera setting of (a) multiple view, (b) VA = −30◦,
HA = 0◦, (c) VA = −45◦, HA = 0◦, and (d) nadir view. Upper images are generated 3D models. Lower images are two
randomly selected leaf samples from multi-view images and single view images.

Figure 8 shows the 3D point clouds of two wheat rows in the middle of the canopy
at growth stage BBCH 69. They were calculated from two viewing angles: front view
with vertical angle of −45◦ and horizontal angle of 0◦ (Figure 8a,b), as well as nadir view
(Figure 8c,d). Points P1 and P2 are leaf samples. Although the point P1 and P2 samples
can be identified as reconstructed point clouds of the same leaves, the geometry of the
leaf still differs considerably between the top images and the bottom images. The point
cloud obtained from a single oblique view can be useful for observing leaves, superior
to correctly delineating the wheat leaves from nadir perspective. In addition, the bottom
images similarly confirm that more ground information of the canopy can be seen.

The point cloud based on the multi-view images incorporates the broadest view on
different parts of the plants, thus through SfM-MVS workflow, it can be observed that the
most underlying parts of the canopy, show the most fully reconstructed 3D point cloud of
the canopy and acquire the most comprehensive set of information. Because in the case of
a multi-view camera system, the canopy is viewed from multiple angles allowing one to
gather images of the plants from different perspectives. However, even in this case, some
problems occurred in properly delineating the wheat stem in the lower positions. These are
due to the front rows obscuring the back ranks in the wheat canopy, which was universal
for all viewing angles investigated here except for the nadir view. The quality of the point
clouds from the imagery based on a single oblique perspective, in this case, the view with
the vertical angles of −30◦ and −45◦, respectively, and a constant horizontal angle of 0◦,
showed fewer plant structures than the point clouds reconstructed from multi-view images.
It was also found that these two angles led to point clouds with different qualities. The
point cloud based on the vertical angles of −45◦ represented the canopy with more plant
structures than the one based on a vertical angle of −30◦. Zooming in on individual plant
leaves in the point clouds, it becomes evident that the point clouds also differ in the density
and number of 3D points that constitute the plant structures. The point cloud derived from
the nadir images differed even more substantially from the point cloud structure based on
the multiple views. Wheat leaves had strongly broken characteristics in the point cloud
and were therefore difficult to measure. Additionally, the shape of the plant leaves differed
geometrically from the other point clouds. Wheat canopies have mostly an erectophile leaf
angle distribution, which means that the leaves are standing upright, pointing with their
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tips to the sun. In the case of the nadir view, the full body of the plant leaves is only a little
exposed towards the camera. In return, this view allows for collecting information from
the lower parts of the canopy so that even the canopy ground was visible in the nadir point
cloud. This can be used when the target is to measure the canopy height instead of leaf
geometries. The fact that the representation of the wheat canopy varied between the point
cloud examples showed that the camera viewing angle influences the quality of the point
cloud and further the 3D variables of the canopy.
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Concerning the field experiment, in the feature pair matching step, various attempts
failed to match or correctly match the image feature pairs, thus failing to recover the correct
3D geometric information from the image sequence. The reasons for the failure of the
experiment can be attributed to multiple reasons, including (i) the environmental factors in
the field experiment site, such as disturbance of wind, ambient light, mechanical vibration,
and playing a role of the main obstacles for using this 3D reconstruction method directly in
the low-altitude image sequences, (ii) not having enough reoccurrence of the same feature
points from wheat, as many feature points of the canopy were lost or inconsistent among
adjacent images after feature extraction, and (iii) unavailability of high heterogeneity and
lack of fixed references such as soil surface for image regions and inside the field. These
reasons ultimately resulted in a lack of stable feature point pairs and also led to the refusal
to match or mismatching of feature space outliers by the SfM photogrammetry.

3.2. Quantitative Evaluation and Simulated Influence of Viewing Angle

In Table 2, the comparison between the estimation from the 3D point clouds and the
measurements of the actual leaves are summarized to assess the quality of the different
point clouds quantitatively.
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Table 2. Summary of leaf accuracies and missing leaf rate for the reconstructed model.

Parameter Error Type Multiple View
VA −30◦ VA −45◦

Nadir View
HA0 HA30 HA45 HA0 HA30 HA45

BB
C

H
47

Length
ME (cm) −0.24 −2.43 −1.51 −1.14 −0.62 −3.38 −1.81 3.90

MAE (cm) 0.65 2.70 2.32 1.61 1.19 3.51 3.00 4.20
MAPE (%) 4.73 18.30 15.02 11.10 8.89 23.62 22.22 32.89

Width
ME (cm) 0.14 0.15 0.14 0.05 0.12 −0.03 −0.24 −0.04

MAE (cm) 0.16 0.20 0.18 0.12 0.16 0.07 0.24 0.27
MAPE (%) 13.38 16.92 15.38 10.00 12.51 5.50 19.37 22.88

Missing leaf rate Percentage (%) 10% 10% 10% 20% 40% 20% 60% 30%

BB
C

H
69

Length
ME (cm) −0.27 3.35 −1.96 3.92 −0.88 3.39 3.04 0.41

MAE (cm) 0.50 3.35 1.96 3.92 1.28 4.09 3.05 1.24
MAPE (%) 2.72 21.63 14.37 28.10 8.71 30.72 24.17 9.77

Width
ME (cm) 0.10 0.20 0.17 0.45 −0.05 0.38 0.33 −0.04

MAE (cm) 0.10 0.24 0.23 0.45 0.07 0.38 0.33 0.11
MAPE (%) 8.88 21.15 19.10 38.03 6.14 32.72 27.28 9.44

Missing leaf rate Percentage (%) 10% 20% 40% 30% 40% 40% 70% 70%

The best quality was obtained for the point clouds derived from images that were
taken from multiple camera angles. With a missing leaf rate of only 10% for both growth
stages, they were the most complete point clouds. Moreover, in terms of accuracy, point
clouds using images from multiple angles showed better results. The best measurements
were obtained for the later growth stage BBCH 69 with only 0.5 cm difference to the actual
leaf length and only 0.1 cm difference to the actual leaf width. Generally, leaf length was
measured with a lower MAPE and uncertainty than leaf width.

Regarding the single-angle point clouds excluding the nadir view, they had lower
quality than those derived from the multiple-angle view. For leaf length, the mean absolute
error ranged between 1.19 cm and 3.51 cm that is 8.89% and 23.69% MAPE for BBCH
47, and between 1.28 cm and 4.09 cm that is 8.71% and 30.72% MAPE for BBCH 69. The
missing rate strongly varied from 10% to 70%. Leaf width estimation from a single angle
perspective excluding nadir view was slightly more accurate than compared for leaf length
estimation but with a large range of MAPE among the different angle views. MAPE ranged
from 5.50% to 19.37% with 0.07 cm to 0.24 cm mean absolute error for BBCH 47 and from
6.14% to 38.03% with 0.07 cm to 0.38 cm mean absolute error for BBCH 69. The best camera
angle was the same for both growth stages (VA-45, HA0), which leads to a preferred setting
of a direct camera view of −45◦ towards the plant canopy seems to be preferred. This view
had the best trade-off balance between accuracy and missing leaf rate. This practice is
observed in other published worked (i.e., [65,66]) that mounted the one camera for data
acquisition at −45◦ degree in inclination perpendicular to the row direction (VA-45, HA0)
on a moving vehicle to estimate the wheat plant density at early stages using 2D RGB
images in all the experimental cases. However, the latter was accounted for having still 40%
of the leaves not measurable. The better quality of the point clouds from multiple angles
can be explained by the fact that these images reached the highest coverage of the plants.
Parts of the canopy that are not depicted in the images can also not be estimated within
the SfM pipeline leading to worse quality of the 3D point clouds of plant leaves [67]. SfM
point clouds generated from a single angle perspective will suffer to some extent from this
problem when modeling plant canopies. The nadir models were mostly different between
the two growth stages. For BBCH 47, the mean absolute error for leaf length and width
were the least effective with a 4.2 cm difference meaning 32.89% MAPE to the measured
leaf length and 0.27 cm difference, meaning 22.88% MAPE to the measured leaf width.
Figure 9 shows boxplots of the absolute percentage error of leaf length and leaf width at
growth stages of BBCH 47 and BBCH 69, respectively. The boxplots reveal more detailed
information at each growth stage for each leaf parameter.
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represents the number of reconstructed and measurable samples in each growth stage.

The most significant error exceeded 100%, and reached 102% (Figure 9a). This error
comes from the different shapes between the leaf in the modeling and the actual leaf. From
the initial image matching to the later MVS, there are possibilities, eventually leading to
reconstruction errors. For BBCH 69, MAPE was 9.77%, meaning a 1.24 cm difference to the
measured leaf length, and 9.44% meaning 0.11 cm difference to the measured leaf width.
However, the missing leaf rate was 70% (Figure 9c,d), which means that only very little
valid data was actually obtained from the nadir images, although the results for the very
few modeled plant leaves were strikingly accurate, ranking second only after the best
model. This reason can be partly explained by the fact that adjacent plants have less mutual
effect when in the case of nadir perspective than in the oblique imagery. Díaz (Díaz, 2020),
in his research, confirmed the benefit of adding oblique image set to nadir image set by
combing UAS nadir and −45◦ (VA45, HA0) imagery for estimation of the forest canopy.

3.3. Visualizaion of the Response Surface Model and Optimum Viewing Angle

The RSM simulation confirmed considerable diversity between all possible viewing
angles and resulted in finding the optimum values. It was further verified by response
surface methodology that, the angle settings can contribute to improving the evaluation
of crop parameters and the optimal oblique angle parameters for two growth cycles were
given as vertical angle −45◦ and horizontal angle 0◦. From the results, it can be seen that
the vertical angle−30◦ and horizontal angle 45◦, as well as the vertical angle −45◦ and
horizontal angle 0◦ at the BBCH47 (Figure 10a,b), can yield leaf length and leaf width
estimates with small errors. Among them, vertical angle −45◦and horizontal angle 0◦

are slightly better than vertical angle −30◦ and horizontal angle 45◦ in estimating blade
width. In terms of estimated length, the opposite is true, with slightly better estimates at
the latter angle setting. During this growth cycle, the absolute error values varied from
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1.87 to 3.57 cm (absolute error in leaf length) and from 0.11 to 0.21 cm (absolute error in
leaf width), respectively. Compared to the worst error results, within each parameter, the
absolute errors were able to differ by a maximum of 1.7 cm and 0.1 cm. At the BBCH69
(Figure 10c,d), a vertical angle of −45◦ and a horizontal angle of 0◦ allowed to obtain
estimates of blade length and blade width with small errors. At that growth cycle, the
absolute range of values varied from 1.55 to 4.13 cm (absolute error in leaf length), and
from 0.10 to 0.42 cm (absolute error in leaf width), respectively. In comparison with the
worst error results, the absolute errors were able to differ by a maximum of 2.58 cm and
0.32 cm within each parameter. In summary, vertical angle −45◦ and horizontal angle 0◦

were the optimal angle setting results. Based on the simulated interaction effects results, it
is also shown that the optimal angle will facilitate the acquisition of canopy parameters
from the 3D model.
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The impact of viewing angle as shown in this study adds to the discussion in digital
agriculture for estimating reliable plant parameters. For example, Andujar et al. [43] evalu-
ated different camera angles for best estimation of plant biomass from poplar seedlings
using an RGB-D camera approach and concluded that the best camera angle was depen-
dent on the tree structure, leaf density, and leaf position, so, the growth stage should be
taken into account when a correct camera angle is chosen. Similar result was obtained by
Nguyen et al. [68] who investigated multi-view reconstruction of eggplants when develop-
ing a 3D computer vision-based plant phenotyping technology based on stereovision to
estimate number of leaves, leaf area, and plant height. They found that the camera angle
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was depending on the plant growth. For smaller, younger plants, nadir view achieved best
results whereas for larger plants the oblique views provided greater information content in
the 3D reconstruction. Oblique view images have also been applied from the UAV platform.
Hobart et al. [56] used oblique view imagery for estimating tree heights in an apple orchard
to maximize the information content by looking side-views onto the tree-rows. They could
successfully calculate 3D point clouds with high correlation with ground-based LiDAR
values.

4. Conclusions

This study showed that the photogrammetric SfM-MVS method generated high
quality 3D point clouds that were capable to accurately estimate leaf length and width
of wheat plants when images were used from cameras viewing from different directions
towards the canopy. In the case of a single camera view, the quality of the 3D point cloud
was generally lower, and the degree of quality was highly dependent on which viewing
angle was used towards the canopy. We proposed a setup for the mono−camera system
that a direct viewing angle of−45◦ would be the most efficient viewing angle for measuring
leaf length and width. It can be concluded that using the viewing angle −45◦ for a single
camera scenario to detect leaf canopy variables in the crop is a promising way in precision
agricultural applications to estimate crop status for site-specific crop management while
considering crop protection, fertilization, and plant disease. The use of only one camera for
3D sensing showed advantages and proved that it enable easy duplication of the system,
increase the degree of freedom (no fixed angle adjustment and distance to the plants) and
reduce costs. The mono-camera system features an easily accessible and simple structure
with lesser technical efforts concerning the hardware than the binocular-camera system.
This paper also looked at the results from the perspective of exploiting oblique imagery
solutions of retrieving 3D plant information, especially for field phenotyping with SfM
photogrammetry. Based on the results of this research, the use of oblique imagery can
improve the estimation of plant parameters and should be more considered when camera
setups are conceptualized for phenotyping or precision agriculture. Further research should
examine this optimum setup of a mono-camera system to collect more information on
angles to improve robustness via an indoor experiment. In addition, new field experiments
will consider avoiding the above interferences and consider adding information such as
ground-truthing, references to ensure and improve the reconstruction of the field 3D crop
canopy inside the field from low-altitude imagery.
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