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Abstract: Remote sensing platforms have become an effective data acquisition tool for digital agri-
culture. Imaging sensors onboard unmanned aerial vehicles (UAVs) and tractors are providing un-
precedented high-geometric-resolution data for several crop phenotyping activities (e.g., canopy
cover estimation, plant localization, and flowering date identification). Among potential products,
orthophotos play an important role in agricultural management. Traditional orthophoto generation
strategies suffer from several artifacts (e.g., double mapping, excessive pixilation, and seamline dis-
tortions). The above problems are more pronounced when dealing with mid- to late-season imagery,
which is often used for establishing flowering date (e.g., tassel and panicle detection for maize and
sorghum crops, respectively). In response to these challenges, this paper introduces new strategies
for generating orthophotos that are conducive to the straightforward detection of tassels and pani-
cles. The orthophoto generation strategies are valid for both frame and push-broom imaging sys-
tems. The target function of these strategies is striking a balance between the improved visual ap-
pearance of tassels/panicles and their geolocation accuracy. The new strategies are based on gener-
ating a smooth digital surface model (DSM) that maintains the geolocation quality along the plant
rows while reducing double mapping and pixilation artifacts. Moreover, seamline control strategies
are applied to avoid having seamline distortions at locations where the tassels and panicles are
expected. The quality of generated orthophotos is evaluated through visual inspection as well as
quantitative assessment of the degree of similarity between the generated orthophotos and original
images. Several experimental results from both UAV and ground platforms show that the proposed
strategies do improve the visual quality of derived orthophotos while maintaining the geolocation
accuracy at tassel/panicle locations.

Keywords: orthophoto; precision agriculture; digital surface model; unmanned aerial vehicles
(UAV); mobile mapping systems; flowering date; field-based phenotyping

1. Introduction

Modern mobile mapping systems, including unmanned aerial vehicles (UAVs) and
ground platforms (e.g., tractors and robots), are becoming increasingly popular for digital
agriculture. These systems can carry a variety of sensors, including imaging systems op-
erating in different spectral ranges (e.g., red—green-blue, multispectral/hyperspectral, and
thermal cameras that use either frame or push-broom imaging) and LiDAR scanners. Ad-
vances in sensor and platform technologies are allowing for the acquisition of unprece-
dented high-geometric-resolution data throughout the growing season. Among possible
applications, high-throughput phenotyping for advanced plant breeding is benefiting
from the increased geometric and temporal resolution of acquired data. Remote sensing
data from modern mobile mapping systems have been successfully used for field pheno-
typing [1] and crop monitoring [2,3], replacing many of the traditional in-field manual
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measurements. For example, UAV imagery and orthophotos have been used to extract
various plant traits such as plant height, canopy cover, vegetation indices, and leaf area
index (LAI) [4-11]. Original imagery captured by either frame cameras or push-broom
scanners is impacted by perspective projection geometry (e.g., non-uniform scale and re-
lief displacement), lens distortions, and trajectory-induced artifacts (e.g., sensor tilt arti-
facts in frame camera imagery and wavy pattern in acquired scenes by push-broom scan-
ners). Therefore, derived phenotyping traits from the original imagery have to be cor-
rected for these deformations to establish the corresponding locations in the map-
ping/field reference frame. High-resolution orthophotos, which are image-based products
that compensate for these deformations, are increasingly used in machine vision/learning
algorithms for deriving geolocated phenotypic traits [12].

Orthophoto generation from the original imagery requires the internal and external
characteristics of the imaging sensors—commonly known as the interior orientation pa-
rameters (IOP) and exterior orientation parameters (EOP), respectively —as well as a dig-
ital surface model (DSM) of the mapped surface. The key advantage of derived orthopho-
tos is correcting for various image deformations (i.e., those caused by perspective projec-
tion, lens distortions, and perturbed trajectory), thus producing map-like images where
identified traits are directly available in the mapping/field reference frame. Orthophoto
generation strategies can be categorized as either direct or indirect approaches [13]. For
the direct approach, the spectral signature assignment for the different orthophoto cells
proceeds through forward projection from the image pixels onto the DSM and then to the
orthophoto. The indirect approach, on the other hand, starts with a backward projection
from the DSM-based elevation of a given orthophoto cell to the corresponding location in
the original image, where the spectral signature is interpolated for and assigned to the
orthophoto cell in question. The key disadvantages of the direct approach include the
complex, iterative procedure for forward image to DSM projection and having some or-
thophoto cells with unassigned spectral signatures. The latter problem, which is caused
by variation in the ground sampling distance (GSD) of the imaging sensor relative to the
cell size of the orthophoto, can be mitigated by an interpolation procedure following the
forward projection step. The complexity of the forward projection procedure increases
when dealing with an object space that exhibits several instances of sudden elevation dis-
continuities. Such discontinuities are quite common in agricultural fields, especially those
in breeding trials, where we have different genotypic traits that lead to various elevations
for neighboring plots (as shown in Figure 1a). The shortcoming of the indirect approach
for orthophoto generation, which is easier to implement, is its susceptibility to the double
mapping problem, i.e., not considering potential occlusions resulting from relief displace-
ment (as depicted in Figure 1b). Problems associated with direct and indirect ortho-recti-
fication strategies are exacerbated by the increasing geometric resolution of UAV and
ground imaging systems as a result of the smaller sensor-to-object distance. In other
words, traditional orthophoto rectification strategies that are quite successful for high-
altitude imaging systems over a relatively smooth object space are not suitable for proxi-
mal sensing of agricultural fields, especially later in the growing season, e.g., acquired
imagery for establishing flowering dates where tassel and panicle detection is paramount.

This paper introduces new orthophoto generation strategies that are designed for
late-season, proximal remote sensing of agricultural fields. The following section intro-
duces the literature related to orthophoto generation. Section 3 describes the data acqui-
sition systems and field surveys conducted to evaluate the performance of the proposed
orthophoto generation strategies in Section 4. Experimental results and discussion are pre-
sented in Section 5, which is followed by a coverage of the research key findings and di-
rections for future work.
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Figure 1. Challenges for orthophoto generation in agricultural fields: (a) sample LiDAR point
cloud in an agricultural field with four-row plots showing height variation between neighboring
plots and (b) example of double mapping problem when occlusions resulting from relief displace-
ment are not considered.

2. Related Work

Aside from inaccurate system calibration and georeferencing parameters, factors that
would impact the quality of derived orthophotos include (a) imprecise DSM, (b) pixilation
and double mapping artifacts, and (c) seamline distortions. Several research efforts have
been conducted, and proved successful, to improve the georeferencing and system cali-
bration parameters of imaging systems onboard remote sensing platforms [14-17]. Impre-
cise DSM problems would be more pronounced when dealing with large-scale imagery
over a complex object space, which is the key characteristic of late-season imaging using
UAV and ground platforms over breeding trials with varying genotypes in neighboring
plots (Figure 1a). Wang et al. [18] showed that the sawtooth effect (serrated edges with
sharp notches) occurs in orthophotos covering urban areas when the DSM does not pre-
cisely model the building edges. They resolved this problem by matching and reconstruct-
ing linear features at the building boundaries and adding the corresponding 3D line seg-
ments to the DSM. In agricultural fields, the DSM quality is limited by its resolution and
difficulty in representing individual plants and/or plant organs. Using either LiDAR or
imaging sensors, it is impossible to avoid potential artifacts in the generated DSM due to
environmental and sensor-related factors such as wind, repetitive pattern, ranging accu-
racy, and georeferencing quality.

The double mapping problem (also known as the ghost image effect) is an artifact
produced by indirect ortho-rectification strategies [13]. Such an artifact occurs when the
object space exhibits abrupt elevation variations. Figure 2 shows a schematic diagram of
the double mapping problem. In Figure 2, both DSM/orthophoto cells s and 3 are back-
projected to the same image pixel a. While the orthophoto cell 3 is assigned the correct
spectral signature, this value is incorrectly duplicated at cell 1 because of the relief dis-
placement and not considering the introduced occlusion during the indirect ortho-rectifi-
cation. The same problem is encountered for DSM cells 2 and 4, which are projected to the
same pixel b. This results in repeated patterns—i.e., double mapping of the same area—in
the orthophoto (Figure 1b). The majority of existing techniques for handling the double
mapping problem utilize the Z-buffer algorithm [19-21]. The Z-buffer keeps track of pro-
jected DSM cells to a given image location. When several DSM cells are projected to the
same image pixel, the closest DSM cell to the perspective center of the image in question
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is deemed visible while the others are considered occluded. This technique is very sensi-
tive to the GSD of the imaging sensor as it relates to the orthophoto cell size. In addition,
the Z-buffer requires the introduction of pseudo points along elevation discontinuities to
avoid false visibilities [13]. Kuzmin et al. [20] developed a hidden area detection algorithm
for urban areas. Their approach starts with establishing polygons, which represent planar
features, from the DSM point cloud. Then, the polygons are projected onto the image and
visible polygons are identified based on their distance to the perspective center. Habib et
al. [13] proposed an angle-based true orthophoto generation approach that sequentially
checks the off-nadir angle to the line of sight connecting the perspective center and DSM
cell in question. Occlusions are detected whenever there is an apparent decrease in the
off-nadir angle as moving away from the nadir point. The above approaches for visibility
analysis rely on having a precise DSM that is not available for large-scale imagery over
agricultural fields. Therefore, eliminating double mapping in orthophotos covering agri-
cultural fields remains a challenge.

Perspective center

Image

—ﬁ Ground

Orthophoto plane
1 2 3 4

Figure 2. A schematic diagram of double mapping where sudden object space elevation variations
cause duplicated spectral signatures in the orthophoto.

The third challenge during orthophoto generation is the inevitable radiometric and
geometric discontinuities across the seamline when transitioning from one image to an-
other throughout the mosaicking process. Seamline optimization has been investigated to
minimize such discontinuities. While radiometric differences can be minimized by digital
number equalization [22,23], geometric discontinuities are harder to tackle and are the
focus of several studies. Radiometric seamline optimization algorithms typically comprise
two parts: (a) defining a cost function using pixel-by-pixel differences of one or more met-
rics, and (b) searching for the path with the lowest cost. Milgram [24] first proposed the
use of grey value differences as a metric. However, this metric only reflects the difference
between two rectified images at a single orthophoto cell, without considering neighbor-
hood information. Subsequent studies proposed image gradient [25,26], normalized cross
correlation [27], edge [28], image saliency [28], and distance between an orthophoto cell
and object space nadir points of the images [28] as metrics for evaluating the difference
between two rectified images. In terms of searching algorithms, the “Dijkstra shortest
path” algorithm has been widely adopted [26-28]. Other algorithms, such as the “bottle-
neck shortest path” algorithm [29,30] and “twin-snake” model [25], also showed good
performance. In addition to digital number/radiometric equalization, another equally im-
portant aspect is related to geometric manipulation to avoid having seamlines crossing
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salient objects in the orthophoto. Several studies have explored the use of external infor-
mation for controlling seamline locations in urban areas. Chen et al. [31] used the elevation
information from a DSM and applied the “Dijkstra” algorithm to guide the seamline to-
ward lower elevation regions. Wan et al. [32] proposed the use of road network data to
have the seamlines follow the centerlines of wide streets where no significant discontinu-
ities exist. Pang et al. [33] used disparity images generated by the semi-global matching
process to guide the seamlines away from building locations. For agricultural fields, high-
resolution images capturing detailed plant structure are now available. However, there
has been no discussion regarding seamline optimization during orthophoto generation
for such applications.

With current advances in remote sensing technology and platforms, sub-centimeter
resolution images over agricultural fields are becoming increasingly available. However,
data processing and analysis activities are still lacking, thus not allowing the full potential
of acquired remote sensing data to be exploited. The quality of UAV-based orthophotos
has enabled automated identification of individual plants (i.e., facilitating plant localiza-
tion and plant count derivation) using early season imagery. However, generated ortho-
photos are not sufficient for late-season applications such as tassel/panicle detection. Such
applications require sub-centimeter-resolution and high-visual-quality images/orthopho-
tos, where individual tassels and panicles can be identified. Guo et al. [34] detected sor-
ghum heads from original images and used generated orthophotos only for geolocating
the plots. Duan et al. [35] compared ground cover estimation using undistorted images
(i.e., corrected for lens and camera distortions) and corresponding orthophotos. They con-
cluded that ground cover estimation using orthophotos is less accurate due to the pres-
ence of the previously discussed artifacts (wind-driven ghosting effects and image mosa-
icking discontinuities). As an example, Figure 3 shows a portion of a UAV image over an
agricultural field and corresponding orthophoto. While the RGB image has good visual
quality, the orthophoto is pixelated with several discontinuities, making it difficult to
identify individual leaves and tassels. In summary, the main factors affecting the quality
of generated orthophotos can be summarized as follows:

e The DSM is not precise enough to describe the covered object space (i.e.,
model each stalk, tassel/panicle, and leaf);

o The visibility/occlusion of DSM cells results in double-mapped areas in the
orthophoto;

e The mosaicking process inevitably results in discontinuities across the
boundary between two rectified images (i.e., at seamline locations).

These problems have been identified and discussed for decades, and significant pro-
gress has been made in generating orthophotos over urban areas. However, these tech-
niques do not work for high-resolution images over agricultural fields. Therefore, identi-
fying and developing strategies that improve the visual quality of orthophotos covering
crop fields is crucial. This paper presents strategies for generating high-quality, large-scale
orthophotos, which facilitate automated tassel/panicle detection. The main objective is
striking a balance between the visual quality of tassels/panicles in generated orthophotos
and their geolocation accuracy. The proposed strategy addresses the generation of a
smooth DSM to achieve such balance and seamline control to avoid crossing row seg-
ments and/or individual plants. The former reduces pixilation artifacts and double-
mapped areas in the derived orthophotos. The latter utilizes external information includ-
ing row segment boundaries and plant locations to guide the seamlines away from tas-
sels/panicles. In addition, a quantitative assessment approach using the scale-invariant
feature transform (SIFT) matching [36] is proposed to evaluate the quality of derived or-
thophotos. The performance of the proposed strategies is evaluated using datasets col-
lected by UAV and ground platforms equipped with frame cameras and push-broom
scanners over maize and sorghum fields.
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Figure 3. Example of (a) a red-green-blue (RGB) image covering an agricultural field and (b) cor-
responding orthophoto.

3. Data Acquisition Systems and Dataset Description

Several field surveys were conducted to evaluate the performance of the proposed
orthophoto generation strategies on images acquired: (a) using different mobile mapping
systems, including UAV and ground platforms; (b) using different sensors, including an
RGB frame camera and a hyperspectral push-broom scanner with different sensor-to-ob-
ject distances ranging from 40, 20, to 4 m; and (c) over breeding trials for various crops,
including maize and sorghum. The following subsections cover the specifications of the
data acquisition systems and platforms as well as the study site and used datasets.

3.1. Impact of Canopy on GNSS/INS-Derived Trajectory

The mobile mapping systems used in this study include UAV and ground remote
sensing platforms. The UAV system, shown in Figure 4, consists of a Velodyne VLP-16
Puck Lite laser scanner, a Sony a7R III RGB frame camera, a Headwall Nano-Hyperspec
VNIR push-broom hyperspectral scanner, and a Trimble APX-15 UAV v3 position and
orientation unit integrating Global Navigation Satellite Systems/Inertial Navigation Sys-
tems (GNSS/INS). The RGB camera and hyperspectral scanner maintain an approximate
nadir view during the data acquisition. The GNSS/INS unit provides georeferencing in-
formation (i.e., the position and attitude information of the vehicle frame at a data rate of
200 Hz). The expected post-processing positional accuracy is +2 to +5 cm, and the attitude
accuracy is +0.025" and +0.08" for the roll/pitch and heading, respectively [37]. The VLP-
16 scanner has 16 radially oriented laser rangefinders that are aligned vertically from +15°
to-15°, leading to a total vertical field of view (FOV) of 30°. The internal mechanism rotates
to achieve a 360° horizontal FOV. The scanner captures around 300,000 points per second,
with a range accuracy of +3 cm and a maximum range of 100 m [38]. The Sony a7R III has
an image resolution of 42 MP with a 4.5-um pixel size [39]. The camera is triggered by an
Arduino Micro microcontroller board to capture images at 1.5-second intervals. The
Headwall Nano-Hyperspec VNIR has 270 spectral bands with a wavelength range of 400
to 1,000 nm and a pixel pitch of 7.4 um [40].

The ground mobile mapping system (shown in Figure 5) is equipped with a Velo-
dyne VLP-16 Hi-Res laser scanner, a Velodyne HDL-32E laser scanner, two FLIR Grass-
hopper3 RGB cameras, a Headwall Machine Vision hyperspectral push-broom scanner,
and an Applanix POSLV 125 integrated GNSS/INS unit. The system is hereafter denoted
as the “PhenoRover”. The RGB cameras are mounted with a forward pitch of around 15°.
The hyperspectral scanner faces downwards and thus maintains a close-to-nadir view
during data acquisition. For the POSLV 125, the post-processing positional accuracy is +2
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to +5 cm, and the attitude accuracy is +0.025° and +0.08° for the roll/pitch and heading,
respectively [41]. The VLP-16 Hi-Res has the same specifications as the UAV VLP-16 scan-
ner with the exception that the laser beams are aligned vertically from +10° to -10°, leading
to a total vertical FOV of 20°. The HDL-32E laser scanner has 32 radially oriented laser
rangefinders that are aligned vertically from +10° to -30°, leading to a total vertical FOV of
40°. Similar to the other VLP scanners, the scanning mechanism rotates to achieve a 360"
horizontal FOV. The range accuracy of the VLP-16 Hi-Res and HDL-32E laser scanners is
#3 and +2 cm, respectively [42,43]. The FLIR Grasshopper3 cameras have an image reso-
lution of 9.1 MP with a pixel size of 3.7 um and both cameras are synchronized to capture
images at a rate of 1 frame per second. The Headwall Machine Vision has 270 spectral
bands with a wavelength range of 400 to 1,000 nm and a pixel pitch of 7.4 pm [40]. It
should be noted that the LIDAR unit onboard the UAV platform is used to derive the DSM
for the ortho-rectification process.

For precise orthophoto generation, the internal and external camera characteristics
(IOP and EOP) have to be established through a system calibration procedure and derived
position and orientation information from the onboard GNSS/INS direct georeferencing
unit. The system calibration includes the IOP estimation and evaluation of the mounting
parameters (i.e., relative position and orientation) between cameras and the GNSS/INS
unit. In this study, the cameras’ IOPs are estimated and refined through calibration pro-
cedures proposed in previous studies [17,44]. The USGS Simultaneous Multi-Frame Ana-
lytical Calibration (SMAC) distortion model —which encompasses the principal distance
¢, principal point coordinates (x,, y,), and radial and decentering lens distortion coefficients
(K1, Ky, Py, P,)—is adopted. For the DSM generation, the mounting parameters for the Li-
DAR unit have to be also established. The mounting parameters for the imaging and ranging
units are determined through a rigorous system calibration [15,45]. Once the mounting pa-
rameters for each system are estimated accurately, the LiDAR point cloud and images from
each of the systems are georeferenced relative to a common reference frame.

‘I A. Velodyne VLP-16 LITE
- [

o=
’\')}/ B. Applanix APX-15v3

. C. Nano Hyperspec (VNIR)
ﬁ D. Sony Alpha 7RIl

Figure 4. The unmanned aerial vehicle (UAV) mobile mapping system and onboard sensors used
in this study.

A.Velodyne VLP-16 Hi-Res
B.Velodyne HDL-32E
C.FLIR Grasshopper3
D.Headwall Machine Vision
E. Applanix POS LV 125

F. GNSS antenna

Figure 5. The ground mobile mapping system (PhenoRover) and onboard sensors used in this
study.
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3.2. Study Sites and Dataset Description

Several field surveys were carried out over two agricultural fields within Purdue
University’s Agronomy Center for Research and Education (ACRE) in Indiana, USA. The
two fields, shown in Figure 6, were used for maize and sorghum seed breeding trials. The
planting density of the maize field was slightly higher than that of the sorghum field. For
each field, UAV and PhenoRover datasets were collected on the same date. Both UAV and
PhenoRover systems are capable of collecting LIDAR data as well as RGB and hyperspec-
tral images in the same mission. For the UAV, the data acquisition missions are conducted
at two flying heights: 20 and 40 m. For the PhenoRover, the sensor-to-object distance is
roughly 3 to 4 m. The GSDs of the acquired images are estimated using the sensor speci-
fications and flying height/sensor-to-object distance. For the frame camera onboard the
UAYV, the GSD is roughly 0.25 and 0.5 cm for the missions at 20- and 40-m flying heights,
respectively. For the push-broom scanner onboard the UAV, the GSD is 2 and 4 cm for
flying heights of 20 and 40 m, respectively. For the PhenoRover, the GSDs for the RGB
and hyperspectral cameras are 0.2 and 0.5 cm, respectively.

(b)

Figure 6. Orthophotos of the (a) maize and (b) sorghum fields used for the dataset acquisition for
the experimental results.

In this study, UAV LiDAR point clouds from the 20-m flying height were used for
DSM generation; RGB and hyperspectral images from UAV and PhenoRover were con-
sidered for orthophoto generation. Table 1 lists the datasets used in this study and reports
the flight/drive-run configuration. The drive-run configuration for the PhenoRover was
designed to only focus on particular rows in the field, and therefore there was no side-lap
between hyperspectral scenes from neighboring drive runs. The UAV hyperspectral
scenes have a relatively large GSD, which does not allow for individual tassel/panicle
identification. Datasets UAV-A1, UAV-A2, and PR-A were collected over the maize field
on July 17t, 2020, 66 days after sowing (DAS). Based on manual flowering data collected,
the maize was in the silking (R1) stage. Datasets UAV-B1, UAV-B2, and PR-B were col-
lected over the sorghum field on July 20, 2020, 68 DAS. The sorghum was in boot stage;
panicles were pushed up through the flag leaf collar by the upper stalk. Orthophotos at
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those times (i.e., 66/68 DAS) can serve as an input for automated tassel/panicle detection
and counting, which is crucial for estimating flowering date.

Table 1. Flight/drive-run configuration for datasets used in this study.

Sensor-to-
Data Col- Object Ground L.ateral
ID. lection Date Crop System Sensors Distance Speed Distance
(m/s) (m)
(m)
UAV-Al UAV LiDAR, RGB 20 25 5
UAV-A2 17 July 2020 Maize UAV RGB, hyperspectral 40 5.0 9
PR-A PhenoRover RGB, hyperspectral 3-4 1.5 4
UAV-B1 UAV LiDAR, RGB 20 25 5
UAV-B2 20 July 2020  Sorghum UAV RGB, hyperspectral 40 5.0 9
PR-B PhenoRover hyperspectral 3—4 1.5 4

4. Proposed Methodology

The proposed approach aims at generating orthophotos, which are suited for tassel
and panicle detection, from acquired imagery by frame cameras and push-broom scan-
ners. More specifically, the objectives of the proposed methodology are: (a) preserving the
visual integrity of individual tassels/panicles in the generated orthophotos, (b) minimiz-
ing the tassel/panicle geolocation errors, and (c) controlling the seamlines away from the
tassel/panel locations. Accordingly, the proposed methodology proceeds by smoothing
the DSM to satisfy the first two objectives. Then, row segment and/or plant locations are
used to control the seamline locations away from the tassels/panicles. DSM smoothing is
essential for high-quality orthophoto generation from imagery acquired by frame cameras
and push-broom scanners. However, due to the nature of overlap/side-lap among frame
camera imagery, seamline control is critical for such imagery (i.e., since acquired imagery
by push-broom scanners does not have overlap, seamline control is only necessary when
mosaicking orthophotos from neighboring flight lines). For quantitative evaluation of the
performance of the proposed approach, a SIFT-based matching procedure is implemented
to compare the visual quality of generated orthophotos from traditional and proposed
strategies to the original imagery. This section starts with a brief introduction of the math-
ematical model relating image and ground coordinates as well as orthophoto generation
for frame cameras and push-broom scanners. Next, the proposed DSM smoothing and
seamline control strategies are presented in Sections 4.2 and 4.3, respectively. Finally, Sec-
tion 4.4 describes the image quality assessment based on SIFT matching.

4.1. Point Positioning Equations and Ortho-Rectification for Frame Cameras and Push-Broom
Scanners

The ortho-rectification generation strategy adopted in this study is the indirect ap-
proach [13], as illustrated in Figure 7. More specifically, a raster grid for the orthophoto is
established along the desired datum. For each orthophoto cell, the corresponding eleva-
tion is derived from the available DSM. The 3D coordinates are then projected onto the
image covering this area using the collinearity equations. The spectral signature at the
image location is interpolated and assigned to the corresponding orthophoto cell. The fol-
lowing discussion introduces the collinearity equations for frame cameras and push-
broom scanners and their usage for identifying the image location corresponding to a
given object point. The discussion also deals with the selection of the appropriate image
or scan line for extracting the spectral signature from frame camera imagery and push-
broom scanner scenes, respectively.

For the representation of the collinearity equations, a vector connecting point “b” to
point “a” relative to a coordinate system associated with point “b” is denoted as 72. A
rotation matrix transforming a vector from coordinate system “a” to coordinate system
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“b” is represented as RL. For frame cameras, we have a 2D array of light-sensitive elements
in the image plane (Figure 8a). Therefore, the x and y components of the image point
coordinates relative to the camera coordinate system—ric(t) —have variable values de-
pending on the angular field of view (AFOV) of the camera. For push-broom scanners, on
the other hand, the image plane comprises a 1D array of light-sensitive elements. The scan
line is usually orthogonal to the flight line (Figure 8b). Thus, the x component of the im-
age point coordinates—ric(t) —is constant (set to zero when the scan line is placed verti-
cally below the perspective center). A push-broom scanner scene is established by concat-
enating successive acquisitions of the scan line. The scan line location in the final scene is
an indication of the exposure time for that scan line. Despite this difference in the image
coordinates when dealing with frame camera and push-broom scanner imagery, the col-
linearity equations for GNSS/INS-assisted systems take the same form as represented by
Equation (1) [46]. Here, ii™ is the ground coordinates of the object point I; ric(t) is the
vector connecting perspective center to image point i captured by camera/scanner c at
timet; A(i,c,t) is the scale factor for point i captured by camera/scanner ¢ at time t. The
GNSS/INS integration establishes the position, 7,(;), and rotation matrix, Ry, of the in-
ertial measurement unit (IMU) body frame relative to the mapping reference frame at time
t. The system calibration determines the lever arm, rP, and boresight matrix, R?, relating
the camera/scanner frame to the IMU body frame. The terms in the collinearity equations
are reordered to express the image Coordinates—ric(t) —as functions of other parameters
while removing the scale factor—A(i, ¢, t) —by reducing the three equations to two. Given
the 3D coordinates of an object point, the reformulated collinearity equations can be used
to derive the corresponding image location. For frame cameras, the ground-to-image co-
ordinate transformation is a straightforward process as we have two equations in two
unknowns. The only challenge is identifying the image that captures the object point in
question. Due to the large overlap and side-lap ratios associated with frame camera data
acquisition, a given object point is visible in multiple images. A simple strategy is selecting
the closest image based on the 2D distance from the camera location to the object point in
question (i.e., the image whose object space nadir point is closest to the orthophoto cell in
question).

. t
" =1ty + Riteyr? + A0, ¢, t)R},’Et)Ré’rf( ) 1

Resampling

Ground
(DSM)

Orthophoto plane

Figure 7. Schematic illustration of the indirect approach for orthophoto generation.
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Figure 8. Illustration of collinearity equations for (a) frame cameras and (b) push-broom scanners.

For push-broom scanners, on the other hand, the ground-to-image coordinate trans-
formation is more complex as we are solving for both the image coordinates as well as the
time of exposure (i.e., the epoch—t —at which the object point is imaged by the scanner).
The conceptual basis for identifying the scan line capturing a given object point starts with
an approximate exposure time—t,—and iteratively refines this time until the x-image
coordinate of the projected point is equal to zero (assuming that the scan line is placed
vertically below the perspective center). Figure 9 graphically illustrates this iterative pro-
cedure. First, for a given object point, its closest scan line (in 2D) is determined and de-
noted as the initial scan line where this point is believed to be visible. Next, the internal
and external characteristics of the imaging sensor are used to back-project the point onto
the initial scan line. The initial x-image coordinate of the back-projected point coordinate
is used to determine an updated scan line for the next iteration. The process is repeated
until the x-image coordinate is as close as possible to zero. Once the correct scan line is
determined, the spectral signature of the orthophoto cell is derived by resampling the
neighboring spectral values along the scan line.
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Figure 9. Schematic illustration of the iterative ortho-rectification process for push-broom scanner scenes: (a) projection of
a given object point onto the initial scan line, (b) projection of the same object point onto an updated scan line derived
from previous step, (c) final projection with x =~ 0, and (d) assigning pixel spectral signature to the corresponding ortho-

photo cell.

4.2. Smooth DSM Generation

This section introduces the adopted strategies for generating a smooth DSM, which
strikes a balance between avoiding pixilation/double mapping artifacts and geolocation accu-
racy at the tassel/panicle locations. In this study, LiDAR point clouds are used as the source
for DSM generation. First, a regular DSM is generated using the approach described in Lin et
al. [47], where the 90* percentile of the sorted elevations within a given cell is used to represent
the surface. Using the 90t percentile of the sorted elevations rather than the highest one is
preferred since it reduces the noise impact. A nearest neighbor interpolation and a median
filter are then applied to fill empty DSM cells and further reduce the noise impact. In agricul-
tural fields, the derived DSM would exhibit frequent elevation variation throughout the field.
Figure 10a provides a sample 90t percentile DSM where a side view of the selected area shown
in the black box is presented in Figure 10d. As evident in the figure, large elevation differences
may exist between neighboring DSM cells. Such variation is the main reason for pixilation and
double mapping artifacts. Therefore, the DSM needs further smoothing.

The proposed smooth DSM generation approach is inspired by the cloth simulation in-
troduced by Zhang et al. [48] for digital terrain model (DTM) generation. The conceptual basis
of this approach is simulating a cloth (consisting of particles and interconnections with pre-
specified rigidness) and placing it above an inverted point cloud. Then, the cloth is allowed to
drop under the influence of gravity. Assuming that the cloth is soft enough to stick to the



Remote Sens. 2021, 13, 860

13 of 28

surface, the final shape of the cloth will be the DTM. In our implementation, rather than drop-
ping the cloth on top of the inverted point cloud, the cloth is directly dropped onto the original
point cloud —refer to Figure 11 for an illustration of the original cloth simulation for DTM
generation and the proposed approach for smooth DSM generation. The smoothness level of
the generated DSM is controlled by the preset rigidness of the interconnections among neigh-
boring particles along the cloth. Another aspect of the cloth-based smooth DSM generation is
maintaining the highest elevations, which takes place at the tassel/panicle locations, thus en-
suring their geolocation accuracy. A sample of cloth-based smooth DSM and a side view of
the selected area is presented in Figure 10b and Figure 10d, respectively. This smoothing strat-
egy will reduce pixilation artifacts since it eliminates sudden elevation changes throughout
the field. However, double mapping problems could still exist. This problem will be more
pronounced when dealing with large-scale imagery, which is the case for proximal remote
sensing using UAV and ground platforms. Therefore, additional smoothing operation is nec-
essary. In this research, we use the average elevation of the cloth-based DSM within a row
segment as an additional smoothing step. To do so, the boundaries (four vertices) of the row
segments are automatically extracted from LiDAR data using the strategy proposed by Lin
and Habib [49]. The average elevation of the cloth-based DSM cells within each row segment
is considered as the row segment elevation (i.e., the row segment elevation is assigned to all
the cells enclosed by that segment). A sample of the resulting smooth DSM is shown in Figure
10c. It is hypothesized that this smoothing strategy will retain the visual quality of the original
images for each row segment in the derived orthophoto. Moreover, the geolocation error is
minimal at the center of the row segment where the tassels/panicles are expected. The geolo-
cation error increases toward the row segment boundary, as illustrated in Figure 12.

e Point cloud o Cloth simulation DSM
e 90" percentile DSM e Average elevation within a row segment DSM
(d)

Figure 10. Sample digital surface model (DSM) generated using (a) 90" percentile, (b) cloth simulation, and (c) average
height. A selected area for DSM comparison is shown in the black box. (d) Side view of the selected area showing the point
cloud and generated DSMs using different approaches.
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Figure 11. A schematic diagram of (a) the original cloth simulation for digital terrain model (DTM) generation and (b)
proposed approach for smooth DSM generation.

O Perspective center
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Figure 12. An illustration of the smooth DSM using the average elevation within a row segment
based on cloth simulation, together with the expected geolocation error.

4.3. Controlling Seamline Locations Away from Tassels/Panicles

Seamlines will take place whenever neighboring spectral signatures in the ortho-
photo are generated using different frame camera images or push-broom scanner scenes.
For frame camera images, we have significant overlap between successive images along
the flight line as well as side-lap between neighboring flight lines. For push-broom scan-
ner imagery, on the other hand, we do not have overlap between successive images along
the flight lines (a push-broom scanner scene is generated by concatenating successive im-
ages along the flight line). For such scenes, a seamline will take place when transitioning
between two neighboring flight lines. Therefore, the following discussion will focus on
the proposed seamline control strategy for ortho-rectification of frame camera imagery.
Then, the proposed strategy will be generalized to push-broom scanner scenes.

Before discussing the proposed seamline control strategy for frame cameras, we need
to investigate the expected seamline locations using traditional ortho-rectification. As
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mentioned earlier, the used image to derive the spectral signature for a given orthophoto
cell is the one that is closest in 2D to that cell. The main reason for such a strategy is en-
suring the use of the image that exhibits minimal relief displacement among all images
covering a particular orthophoto cell. Therefore, the seamlines in the generated ortho-
photo mosaic will be the Voronoi diagram established using the 2D object space locations
of the perspective centers (i.e., the nadir point locations) within the image block —refer to
the graphical illustration in Figure 13a. The proposed strategy imposes additional con-
straints on seamlines to ensure that they do not cross locations where tassels/panicles are
expected. The seamline control strategy is slightly different when dealing with imagery
captured by UAV and ground platforms.

For UAV imagery, the spectral signatures within a given row segment are derived
from a single image. In other words, rather than using the image whose object space nadir
point is closest to the orthophoto cell, we use the image that is closest to the center of a
row segment to assign the spectral signatures for that row segment. Therefore, we ensure
that the seamlines will not be crossing a row segment (refer to Figure 13b for a graphical
illustration of the impact of using such a constraint). Adding such a constraint would lead
to having some orthophoto cells using an image whose nadir point is not the closest to
that cell. In other words, we might have some locations where the relief displacement
minimization might not be optimal. However, given the large extent of covered area by a
single UAV image and relatively short row segments, the impact of non-optimal minimi-
zation of the relief displacement will not be an issue.

For ground platforms, the image-to-object distance is significantly smaller, leading
to much larger-scale, and subsequently excessive, relief displacement in the acquired im-
agery. In this case, ensuring that an entire row segment in the orthophoto mosaic is gen-
erated from a single image might lead to significant relief displacement artifacts. There-
fore, we reduce the location constraint from the entire row segment to individual plants.
In other words, the seamlines are controlled to only pass through mid-row-to-row and
mid-plant-to-plant separation (refer to Figure 13c for a graphical illustration of the impact
of using such a constraint). In this study, plant locations are derived from early-season
UAV orthophotos through the approach proposed by Karami et al. [50]. The proposed
seamline control strategy is based on defining a uv local coordinate system where the v
axis is aligned along the row direction. The plant centers within this row segment are
isolated. The distances along the v axis between successive plant centers are calculated. If
a distance is larger than a predefined threshold, a seamline half-way between their loca-
tions is permitted. The threshold can be defined according to the size of the objects in
question (i.e., tassels/panicles). However, when two neighboring plants are very close to
each other, a seamline is not permitted (i.e., for close plants, a seamline is not permitted
since the tassels/panicles for those plants might overlap). The orthophoto cells within each
partition are assigned the spectral signature from the image whose nadir point is the clos-
est to the center of that partition. A sample of controlled seamline locations based on this
strategy is illustrated in Figure 13c.

(@)

(b)

Figure 13. An example of derived seamlines—crossings between different colors—using different strategies: (a) closest
image nadir point to a given orthophoto cell, (b) closest image nadir point to a given row segment, and (c) closest image
nadir point to a given plant location. The black lines show the row segment boundaries.
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As mentioned earlier, for push-broom scanner scenes, we do not need to worry about
seamline control along the scene since successive images/rows in the scene do not have
overlap. Therefore, we only need to control the seamline location between neighboring
scenes. For push-broom scanners onboard ground platforms, the drive-run direction is
parallel to the crop rows to have non-destructive data acquisition (i.e., the wheels of the
platform have to tread through the row-to-row separation). Therefore, the seamlines be-
tween neighboring scenes can be controlled by ensuring that they do not cross the row
segment. Therefore, the chosen scene for a given row segment is the one whose trajectory
is closest the center of that row segment.

4.4. Orthophoto Quality Assessment

In this study, different DSM smoothing and seamline control strategies are proposed to
improve the visual quality of generated orthophotos. As mentioned earlier, the visual quality
is achieved by striking a balance between reducing pixilation/double mapping artifacts and
ensuring geolocation accuracy at tassel/panicle locations. The visual quality is evaluated by
checking the closeness of the orthophoto content to that in the original imagery. To quantita-
tively evaluate the visual quality of the derived orthophoto, a metric based on SIFT matching
is proposed (SIFT is a feature detection and descriptor algorithm using local regions around
identified interest points [36]). The hypothesis of the proposed metricis evaluating the number
of matches between the original image and generated orthophoto. A larger number of matches
is an indication of having an orthophoto that maintains the visual quality of the original im-
agery. It should be noted that this metric is intended mainly for generated orthophotos from
frame imagery. For acquired imagery by a push-broom scanner, the original imagery has tra-
jectory-induced artifacts, which should disappear in the generated orthophoto.

The image quality assessment is performed on a row segment by row segment basis for
UAV frame camera images. First, a row segment is extracted from the orthophoto and the
corresponding image used for assigning the spectral signatures for the row segment in ques-
tion is identified. The row segment vertices in the image are derived by back-projection of the
3D coordinates of that segment using the available internal and external characteristics of the
imaging sensor. The area bounded by the four vertices is then extracted from the original im-
age. Next, the SIFT algorithm is applied to detect and match features between the segments
extracted from the original image and orthophoto, as shown in Figure 14. The relative com-
parison of the number of matches is used to evaluate the comparative performance of the dif-
ferent orthophoto generation strategies. One should note that this metric should be applied on
a row segment basis. For different row segments, the number of matches can be different due
to the distinct patterns in the original image. For ground frame imagery, the quality control
process can be carried out on a plant-by-plant basis.

Figure 14. An example of scale-invariant feature transform (SIFT) matchings between the original
frame image (left) and orthophoto (right) for a given row segment.
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5. Experimental Results and Discussion

This paper introduced different strategies for improving the quality of generated or-
thophotos from late-season imagery, which has been captured by frame cameras and
push-broom scanners, for tassel/panicle detection. The key contributions, whose perfor-
mance will be evaluated through the experimental results from real datasets covering
maize and sorghum fields, are as follows:

a) Different approaches for smooth DSM generation, which can be used for
both frame camera and push-broom scanner imagery, including the use of
90t percentile elevation within the different cells, cloth-simulation of such
DSM, and elevation averaging within the row segments of cloth-based DSM;

b) A control strategy to avoid the seamlines crossing individual row segments
within derived orthophotos from frame camera images and push-broom
scanner scenes captured by a UAV platform;

c) A control strategy to avoid the seamlines crossing individual plant locations
within derived orthophotos from frame camera images captured by a
ground platform; and

d) Quality control metric to evaluate the visual characteristics of derived ortho-
photos from frame camera images captured by a UAV platform.

Section 5.1 investigates the impact of different DSM smoothing and seamline control
strategies on derived orthophotos from UAV frame camera imagery over a maize field
from a 20-m flying height. The quality control metric is then used to identify the optimal
DSM smoothing strategy and verify the validity of the proposed seamline control ap-
proach. Next, Section 5.2 tests the performance of the best DSM smoothing strategy for
orthophoto generation using UAV frame camera and push-broom scanner imagery, as
well as ground push-broom scanner imagery covering maize and sorghum fields. For the
UAV frame camera and push-broom scanner imagery, the respective seamline control
strategy has been used. Finally, Section 5.3 evaluates the performance of the proposed
seamline control strategy for orthophoto generation from ground frame camera imagery.

5.1. Impact of DSM Smoothing and Seamline Control Strategies on Derived Orthophotos from
UAV Frame Camera Imagery

In this test, generated orthophotos using different DSM smoothing and seamline con-
trol strategies are inspected to decide the best DSM smoothing approach and validity of
the proposed seamline control for UAV imagery. The UAV-A1 dataset—UAYV frame cam-
era imagery captured at 20-m flying height over the maize field —was used in this analy-
sis. The captured UAV LiDAR from this flight was used for the DSM generation. One
should note that an image-based DSM can be also used for orthophoto generation. How-
ever, prior research has shown that image-based 3D reconstruction techniques are more
sensitive to environmental factors and face several challenges (e.g., repetitive patterns) in
agricultural fields [47,51]. Therefore, LIDAR data were used for DSM generation in this
study since they are more reliable. A total of three DSMs—90% percentile, cloth simulation,
and average elevation within a given row segment—were generated, as shown in Figure
10. The resulting DSMs from these smoothing strategies are denoted hereafter as “90t
percentile DSM”, “Cloth simulation DSM”, and “Average elevation within a row segment
DSM”. In this study, the average density of the point clouds is more than 6,000 points/m?,
which is equivalent to an inter-point spacing of approximately 1 cm. The DSM resolution
was set to 4 cm to retain the inherent level of spatial information. Two seamline control
strategies were tested in this experiment. The first one is based on the 2D Voronoi network
of the object space nadir points of the images covering the field —denoted hereafter as the
“Voronoi network seamline control”. The second approach is based on augmenting the
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Voronoi network seamline control with available row segment boundary —denoted here-
after as “row segment boundary seamline control”. A total of six orthophotos were gen-
erated using different DSM smoothing and seamline control generation strategies, as
listed in Table 2. The orthophotos were generated with a 0.25-cm resolution, which is ap-
proximately equal to the GSD of the UAV frame camera imagery at 20-m flying height.
Figure 15 depicts portions of these orthophotos with the superimposed seamlines in yel-
low. As can be observed in Figure 15, insufficient DSM smoothing and Voronoi network
seamline control result in orthophotos with lower visual quality. More specifically, the
impact of insufficient smoothing, when using the 90t percentile DSM, is quite obvious in
orthophotos i and iv, as can be seen in Figure 15a,d (pixelated, double mapping, and dis-
continuity artifacts—highlighted by the red circles in the zoomed-in areas). The visual
quality is significantly improved using the Cloth simulation DSM, as can be seen in Figure
15b,e. However, some double-mapped areas still exist due to height variations (high-
lighted by the red circles in the zoomed-in areas). Using the Average elevation within a
row segment DSM eliminates the double mapping issue, as shown in Figure 15¢f. As ex-
pected, Figure 15 shows that discontinuities only happen across the seamlines. While the
Voronoi network seamline control allows the seamlines to cross plants locations, the row
segment boundary seamline control avoids such problems. For the latter, discontinuities
will not impact the identification of the individual tassels. Overall, through visual inspec-
tion, the average elevation within a row segment DSM and row segment boundary seam-
line control produce the best orthophoto for tassel detection (orthophoto vi in Figure 15f).

Table 2. Experimental setup of the system, sensor, sensor-to-object distance, resolution, DSM, and seamline control strat-
egy for orthophoto i to vi.

S -to-Ob-
ensor-to Resolution

ID  Dataset Sensor  ject Distance (cm) DSM Seamline Control
(m)
i 90t percentile Voronoi network
ii Cloth simulation Voronoi network
A levati ithi
iii Veragfo‘elve:;/e:agzznvrl ma Voronoi network
UAV-A1 RGB 20 0.25
iv 90* percentile Row segment boundary
v Cloth simulation Row segment boundary
A levati ithi
vi verage elevation Wit @ pow segment boundary

row segment
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Figure 15. Portions of generated orthophotos using different DSM smoothing and seamline control strategies: (a) ortho-
photo i, (b) orthophoto ii, (c) orthophoto iii, (d) orthophoto iv, (e) orthophoto v, and (f) orthophoto vi. Yellow lines repre-
sent the seamlines, white dashed lines represent row segment boundaries, and red circles highlight areas with induced
discontinuities by insufficient DSM smoothing.
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To qualitatively evaluate the geolocation accuracy of the derived orthophotos, Figure
16 illustrates the row centerlines—detected from the LiDAR data using the approach pro-
posed by Lin and Habib [49] —on top of the six orthophotos. The row centerlines are well-
aligned with the tassels in all the orthophotos, indicating the high geolocation accuracy at
tassel locations. To quantitatively evaluate the performance of the proposed DSM smooth-
ing and seamline control strategies, the introduced SIFT-based quality metric was con-
ducted. Table 3 reports the number of established matches between the generated ortho-
photos from the different strategies and original images for 10 selected row segments
where tassels are visible. The largest number of established matches for each row segment
isin bold. As a graphical illustration example, the SIFT detection and matching results for
row segment 1 are visualized in Figure 17. Closer inspection of the reported matches in
Table 3 reveals that for a given seamline control strategy, the number of matches is highest
when using the average elevation within a row segment DSM, lower when using the Cloth
simulation DSM, and lowest when using the 90t percentile DSM. For a given DSM
smoothing strategy, the row segment boundary seamline control produces more matches
than the Voronoi network seamline control. As expected, the number of matches is highest
when using the average elevation within a row segment DSM and row segment boundary
seamline control for all the row segments in Table 3, suggesting that this combination
achieves the best visual quality for the generated orthophoto.

Table 3. Number of SIFT-based matches between the original frame camera images and generated orthophotos using
different DSM smoothing and seamline control strategies for 10 row segments. The largest number of established matches
for each row segment is in bold.

ID Number of Established Matches
Orthophoto i Orthophoto ii Orthophoto iii Orthophoto iv Orthophoto v Orthophoto vi

1 868 1,319 1,610 1,153 1,802 2,361
2 884 1,504 1,548 1,118 2,109 2,273
3 136 248 463 720 1,080 2,329
4 651 1,264 1,829 998 1,799 2,788
5 185 418 616 830 1,597 2,452
6 780 1,155 1,303 1,031 1,701 2,211
7 798 1,297 1,883 1,074 1,938 2,890
8 1,037 1,618 1,927 1,481 2,368 2,935
9 966 1,603 1,651 1,315 2,474 2,807
10 560 1,409 1,698 714 1,981 2,547
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(d)

Figure 16. Detected row centerlines (blue dashed lines) superimposed on (a) orthophoto i, (b) orthophoto i, (c) orthophoto
iii, (d) orthophoto iv, (e) orthophoto v, and (f) orthophoto vi.

x

s

7

(b)

Figure 17. SIFT-based matchings between the original frame image (left) and generated orthophoto for a given row seg-
ment using different DSM smoothing and seamline control strategies (right) for: (a) orthophoto i, (b) orthophoto ii, (c)
orthophoto iii, (d) orthophoto iv, (e) orthophoto v, and (f) orthophoto vi.

5.2. Quality Verification of Generated Orthophotos using UAV Frame Camera and Push-Broom
Scanner Imagery, as Well as Ground Push-Broom Scanner Imagery over Maize and Sorghum
Fields

The previous section established that the average elevation within a row segment
DSM and row segment boundary seamline control are the best DSM smoothing and seam-
line control strategies, respectively. In this section, these strategies are tested on several
datasets with different imaging systems/platforms and crops.

First, a total of six orthophotos—orthophoto I to VI in Table 4 —were generated. The
UAV LiDAR data from the 20-m flights —UAV-A1 and UAV-B1 datasets —were used for
the DSM generation over the maize and sorghum fields. The resolution of the orthophotos
is selected based on the GSD of the original imagery. For the UAV frame imagery, the
GSD is 0.25 and 0.5 cm for the 20- and 40-m flying heights, respectively. For the Pheno-
Rover hyperspectral imagery, the GSD is around 0.5 cm for a 4-m sensor-to-object dis-
tance. As a result, the resolution for orthophotos I, IL, III, IV, V, and V1is 0.25, 0.5, 0.5, 0.25,
0.5, and 0.5 cm, respectively. Figure 18 shows portions of the resulting orthophotos. For
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generated orthophotos using PhenoRover hyperspectral data (Figure 18c,f), the RGB
bands are visualized. As can be seen in the figure, the tassels/panicles are clear in the six
orthophotos, and there is no visible discontinuity within a row segment. As expected, dis-
continuities only occur across the row segment boundaries when using the proposed
seamline control strategy (row segment boundary seamline control), as can be observed
in orthophotos I and IV. For orthophoto III and VI, which were generated from a single
drive run of the PhenoRover, individual tassels and panicles can still be identified in hy-
perspectral orthophotos. This is attributed to the good performance of the proposed DSM
smoothing strategy (average elevation within a row segment DSM) even when dealing
with a small sensor-to-object distance. In summary, these results show that the proposed
strategies can deal with acquired imagery by UAV frame cameras and ground push-
broom scanners over maize and sorghum while providing orthophotos that preserve the
integrity of individual tassels/panicles.

To further investigate the performance of seamline control strategy, row segment
boundary seamline control, on push-broom scanner imagery, four additional orthophotos
(orthophoto VII to X in Table 4) were generated using the UAV hyperspectral scenes. The
resolution of the orthophotos is 4 cm, which is approximately equal to the GSD of the
UAYV hyperspectral scenes at 40-m flying height. Figure 19 displays portions of the result-
ing orthophotos (showing the RGB bands) with seamlines superimposed as yellow
dashed lines. As highlighted by the red boxes, the proposed seamline control strategy, row
segment boundary seamline control, effectively prevents the seamlines from crossing the
row segment, thus ensuring the completeness of the objects within a row segment. It is
worth mentioning that eliminating the discontinuity within a row segment can be useful
for extracting plant traits at the row segment or plot level.

Table 4. Experimental setup of the system, sensor, sensor-to-object distance, resolution, DSM, and seamline control strat-

egy for orthophoto I to X.
ID Dataset Sensor Sen.sor-to-ob] ect  Resolution DSM Seamline control
distance (m) (cm)
I UAV-Al RGB 20 0.25
I UAV-A2 RGB 40 0.50 )
I PR-A hyperspectral . 0-50 Ijv‘if;fr% eei i)exa:;;r-l Row segment boundary
v UAV-B1 RGB 20 0.25 ment
\4 UAV-B2 RGB 40 0.50
VI PR-B hyperspectral 34 0.50
VII UAV-A2 ) Voronoi network
VIIIT UAV-A2 A\./er.age elevation Row segment boundary
hyperspectral 40 4 within a row seg-

IX UAV-B2 ment Voronoi network
X UAV-B2 Row segment boundary
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Figure 18. Generated orthophotos using different image datasets captured by UAV frame cameras and PhenoRover push-
broom scanners over maize and sorghum fields: (a) orthophoto I, (b) orthophoto II, (c) orthophoto III, (d) orthophoto IV,
(e) orthophoto V, and (f) orthophoto VI. The magenta circles in orthophotos I, II, and III and in orthophotos IV, V, and VI
represent the same point (included for easier comparison of the visual quality of the different orthophotos).
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Figure 19. Generated orthophotos using UAV push-broom scanner imagery over maize and sorghum fields: (a) ortho-
photo VII, (b) orthophoto VIII, (c) orthophoto IX, and (d) orthophoto X. Yellow dashed lines represent the seamlines and
red boxes highlight the difference.

5.3. Quality Verification of Generated Orthophotos Using Ground Frame Camera Imagery

When it comes to orthophoto generation, the most challenging type of imagery is that
acquired by tilted frame cameras onboard ground platforms. The main reason for such a
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challenge is the excessive relief displacement caused by the sensor tilt, large camera
AFOV, and small camera-to-object distance. In this section, the PR-A dataset—Pheno-
Rover frame camera over maize—is used to evaluate the performance of the proposed
DSM smoothing and seamline control strategies, with the latter based on established plant
locations. A total of three orthophotos were generated using the PR-A dataset, as listed in
Table 5. The resolution for the orthophotos is 0.2 cm. The Average elevation within a row
segment DSM is generated using the UAV-A1 LiDAR dataset. Plant locations were de-
tected using early-season UAV RGB orthophoto through the approach described in
Karami et al. [50]. Figure 20 shows portions of the resulting orthophotos, with superim-
posed seamlines in yellow. As mentioned earlier, the Voronoi network seamline control
ensures the generation of an orthophoto using imagery exhibiting minimal relief displace-
ment for this location (Figure 20a). As can be seen in Figure 20a, the seamlines could be
crossing through plant locations. Using the row segment boundary seamline control en-
sures that an entire row segment is generated from a single image. Such a choice will, how-
ever, lead to large relief displacement in the resultant orthophoto (highlighted by the red el-
lipse in Figure 20b). Figure 20c provides the best orthophoto quality, where the plant bound-
ary seamline control is used to strike a balance between relief displacement minimization,
avoiding the seamlines passing through the individual plants. Nevertheless, the result is not
perfect—the performance of seamline control is limited by the accuracy of detected plant cen-
ters. As mentioned earlier, plant centers were detected early in the season. The individual
plants could exhibit some tilt as they grow. Using plant locations at the same growth stage is
recommended. However, determining plant centers at late season is extremely challenging
and will be the focus of future research. Nevertheless, the visualized plant locations and de-
tected row centerlines in Figure 20c are precisely aligned with the center of the row segments,
which is an indication of the high geolocation accuracy at the tassel location (this is one of the
key objectives of the proposed DSM smoothing strategy).

Table 5. Experimental setup of the system, sensor, sensor-to-object distance, resolution, DSM, and seamline control strat-

egy for orthophoto 1 to 3.

Sensor-to-Object  Resolution

ID Dataset Sensor ] DSM Seamline Control
Distance (m) (cm)
1 A levati thi Voronoi network
2 PR-A RGB 3-4 0.2 verage efevation Wit 8 g ow segment boundary
—_— row segment
3 Plant boundary

Figure 20. Generated orthophotos using PhenoRover frame camera images using different seamline control strategies: (a)
Voronoi network seamline control, (b) row segment boundary seamline control, and (c) plant boundary seamline control
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(plant locations are shown as magenta dots and row centerlines are represented by blue dashed lines). The seamlines are
represented by the yellow lines and the red ellipses highlight regions with discontinuity and relief displacement artifacts;
the magenta circles in (a), (b), and (c) refer to the same location (included for easier comparison of the visual quality of the
different orthophotos).

6. Conclusions and Directions for Future Research

This paper presents strategies for improving the quality of generated orthophotos
over agricultural fields to facilitate automated tassel/panicle detection. Traditional ortho-
photo generation techniques will have artifacts in the form of pixilation, double mapping
problems, and seamlines crossing tassel/panicle locations. The quality of the resulting or-
thophoto is achieved through a combination of DSM smoothing and seamline control
strategies that strike a balance between the visual appearance of the individual tas-
sels/panicles and their geolocation accuracy. DSM smoothing using average elevation
within individual row segments after applying the adapted cloth simulation for surface
representation minimized the pixilation and double mapping artifacts while ensuring the
geolocation accuracy at the plant locations. The DSM smoothing strategies can be used for
both frame camera and push-broom scanner imagery captured by UAV and ground plat-
forms. For imagery captured by frame cameras onboard UAV platforms, the seamline
control strategy uses the boundaries of row segments to ensure that the orthophoto region
covering a row segment is generated from a single image. The same approach, after slight
modification, can be used for push-broom scanner scenes acquired by UAV and ground
platforms. For imagery captured by frame cameras onboard ground platforms, the seam-
line control strategy uses the plant locations to ensure that the orthophoto region covering
a single plant is generated from a single image. The visual quality of generated orthopho-
tos using different DSM smoothing and seamline control strategies was evaluated both
qualitatively and quantitatively. Results show that the proposed DSM smoothing strategy
(using the average elevation within a row segment after applying the cloth simulation)
and seamline control approaches (using row segment for UAV imagery and plant location
for ground imagery) achieve the best quality. The study also demonstrates the capability
of the proposed strategies in handling varying types of image datasets, including those
collected by frame cameras and push-broom scanners with different sensor-to-object dis-
tances over maize or sorghum fields. The limitation of the proposed strategy is the de-
pendency on the quality of row segment boundary and plant center detection for seamline
control. While row segment boundaries are relatively stable throughout the growing sea-
son, plant centers could vary as they grow. Therefore, using plant locations at the same
growth stage is recommended. In summary, DSM smoothing and seamline control strat-
egies do provide orthophotos that retain the visual quality of the original imagery while
ensuring high geolocation accuracy at tassel/panicle locations.

Ongoing research is focusing on using the generated orthophotos together with ma-
chine learning tools for tassel/panicle identification. The current study focuses on maize
and sorghum due to the growing interest in renewable energy sources. The performance
of the proposed strategies for other crops will be investigated in the future. Finally, late-
season LiDAR and image data will be used for plant center localization. It is expected that
such plant locations will improve the performance of orthophoto generation using ac-
quired imagery by frame cameras onboard ground platforms.
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