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Abstract: Plant height is a critical biophysical trait indicative of plant growth and developmental
conditions and is valuable for biomass estimation and crop yield prediction. This study examined the
effects of flight altitude and camera angle in quantifying cotton plant height using unmanned aerial
system (UAS) imagery. This study was conducted in a field with a sub-surface irrigation system in
Lubbock, Texas, between 2022 and 2023. Images using the DJI Phantom 4 RTKs were collected at two
altitudes (40 m and 80 m) and three sensor angles (45◦, 60◦, and 90◦) at different growth stages. The
resulting images depicted six scenarios of UAS altitudes and camera angles. The derived plant height
was subsequently calculated as the vertical difference between the apical region of the plant and the
ground elevation. Linear regression compared UAS-derived heights to manual measurements from
96 plots. Lower altitudes (40 m) outperformed higher altitudes (80 m) across all dates. For the early
season (4 July 2023), the 40 m altitude had r2 = 0.82–0.86 and RMSE = 2.02–2.16 cm compared to 80 m
(r2 = 0.66–0.68, RMSE = 7.52–8.76 cm). Oblique angles (45◦) yielded higher accuracy than nadir (90◦)
images, especially in the late season (24 October 2022) results (r2 = 0.96, RMSE = 2.95 cm vs. r2 = 0.92,
RMSE = 3.54 cm). These findings guide optimal UAS parameters for plant height measurement.

Keywords: plant phenotyping; image resolution; digital surface model; real-time kinematics; RGB images

1. Introduction

Plant height is a vital indicator of crop productivity since it primarily reflects crops’ growth
and health status [1]. It is a crucial phenotypic trait in crop breeding as a critical parameter in
estimating crop biomass or productivity in different crops, including cotton [2–4], barley [5],
rice [6,7], wheat [1,8], and maize [9–11]. Understanding plant height dynamics throughout the
growing season is essential in evaluating genetic traits, plant physiological characteristics, and
environmental effects [11–13]. For instance, Sui et al. (2012) highlighted plant height as a crucial
indicator of plant health and yield potential, demonstrating its invaluable role in optimizing
agricultural practices [12]. Furthermore, Sharma and Sharma et al. (2015) investigated the
relationship between cotton plant height and yield, providing evidence of the strong effects
of plant height on cotton lint yield [13]. These studies highlight plant height estimation as a
vital component in precision agriculture as it can help to enhance effective and efficient field
management practices and assess crop performance, particularly for commercial crops like
cotton [4,14].

Plant height is traditionally measured manually [1], which is laborious and time-
intensive, especially in large-scale measurement, and, hence, inadequate in meeting the
demands of high-throughput phenotyping [11]. Moreover, reading and recording errors are
often plausible, especially during unfavorable weather conditions [1]. Proximal and remote
sensing technologies have been widely deployed to acquire high-spatial-resolution data for
estimating plant height [13,14]. Although ground-based sensing techniques often generate
high-quality data, the acquisition process is time-intensive and has limited coverage [2].
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Unmanned aerial systems (UASs) with various sensors have been widely applied in high-
throughput plant phenotyping, including estimating plant heights [15–19], as they have the
advantages of obtaining high-spatial-resolution and high-temporal-resolution images at a
low cost, flexible revisit frequency, and low flying altitude [2,9,15]. For instance, Bendig
et al. (2014) estimated summer barley height from crop surface models using UAS-based
data [5]. Zhou et al. (2020) quantitatively assessed the changes in the plant height of
lodged maize at different growth stages using a UAS equipped with a light detection and
ranging (LiDAR) sensor [10]. Xu et al. (2019) developed a methodology to estimate cotton
phenotypic traits, such as plant height, canopy cover, and flowers, using multispectral
images obtained from a UAS [3].

Despite the numerous advantages of the UAS, many factors affect the performance
of these systems in plant phenotyping, including flight parameters, image quality, image
processing algorithms, ground control points, and the structure of the vegetation [17,20].
Among these parameters, the flight altitude and camera angle significantly impact the
accuracy of phenotyping, particularly plant height. Numerous studies have explored
these parameters, revealing that low-altitude flights and oblique camera angles enhance
phenotyping accuracy (16,18,19). For instance, Fujiwara et al. (2022) observed that oblique
(tilted) angles provide better corn plant height estimations than nadir (directly downward)
UAS camera angles [19]. Generally, low-altitude flights are associated with higher image
resolutions, improving target representation and measurement accuracy.

Several studies have investigated the impact of UAS altitude and camera angles on
crop plant height [18,19,21–24]; they often focus on either exploring different UAS altitudes
or examining various camera angles independently during plant height estimation. For
instance, Sadeghi and Sohrabi (2019) evaluated the performance of UAS at five different
altitudes (60, 80, 100, 120, and 140 m) on the accuracy of tree height [22], while Fujiwara
et al. (2022) compared the performance of UAS images at two different camera angles (60◦

and 90◦) for predicting corn plant height [19]. No studies have explored the interaction
effects of UAS altitudes and camera angles when estimating cotton plant height.

This method also plays a crucial role in influencing the accuracy and replicability
of estimating plant height. In the processing of UAS images, studies have derived plant
height by acquiring plant canopy images during the growing season and ground altitude by
processing off-season images (pre-germination or post-harvest) to generate a Digital Terrain
Model (DTM) [25–28]. However, this method has limitations as it necessitates an additional
flight and is often inaccurate [19]. Moreover, models derived from different flights tend to
deviate due to uncertainties in coordinates and distortions in the 3D models. This study
adopts a method that extracts plant height from image scenes containing plant canopy and
the soil surface from the in-season digital surface model (DSM) [29]. This approach has been
proven to enhance efficiency and reduce processing time [17,30]. By adopting this method
and analyzing the relationship between these acquisition parameters in estimating plant
height, valuable insights can be gained to optimize UAS-based phenotyping techniques for
cotton and other crops. Therefore, the objective of this study was to assess the effects of
sensor angle and flight altitude on the performance of estimating cotton plant height using
UAS images.

2. Materials and Methods
2.1. Experimental Site

This study was conducted in a research field (33◦41′36.45′′ N, 101◦54′18.61′′ W) in
Lubbock County, Texas, in 2022 and 2023 (Figure 1). The region is semi-arid with an-
nual precipitation of approximately 500 mm mainly between May and September. The
average wind speed is about 5.5 m s−1, with high wind occurrence during winter and
spring. The dominant soil type of the field is Pullman clay loam (fine, mixed, superactive,
thermic Torrertic Paleustolls) with good drainage and moderately high saturated hydraulic
conductivity.
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Figure 1. Study site on a research farm in Lubbock County, Texas, in 2022 and 2023. 

Variations in plant height at different growth stages mainly resulted from irrigation 
and cotton variety treatments. Three irrigation rates, with 30% (low), 60% (medium), and 
90% (high) evapotranspiration (ET) replacements, were implemented using a sub-surface 
drip irrigation system. Four cotton varieties with four replications were planted, including 
FM 1730GLTP, FM 2398GLTP, FM 1830GLT, and ST 5471GLTP (BASF, Ludwigshafen, 
Germany). The experiment consisted of 96 plots, each with four rows of cotton at ~4 m 
wide and ~8 m long. An alley of ~1.5 m was allocated between ranges. 

2.2. Data Acquisition 
A DJI Phantom 4 real-time kinematics (RTKs) (DJI, Shenzhen, China) with a 4K cam-

era was used to acquire RGB images (Figure 2). The UAS has a 2-axis gimbal to maintain 
the orientation of the camera independently from the movement. It is controlled with a 
2.4 GHz frequency bidirectional transmission that receives data, including Global Posi-
tioning System (GPS) status, the distance, and the height from the home point where the 
UAS takes off. The DSM system includes two D-RTKs High-Precision GNSS receivers, one 
on a mobile station (DJI, Shenzhen, China) and the other on the UAS (Figure 2c). The RTKs 
Global Navigation Satellite System (GNSS) receiver has an accuracy of 1.5 cm vertically 
and 1.0 cm horizontally. Each flight plan was created using the DJI GSPro software (DJI, 
Shenzhen, China) embedded in a controller. 

 
Figure 2. DJI Phantom 4 RTKs and GNSS mobile station for acquiring RGB images in a research 
field in Lubbock, Texas, 2022. (a) DJI Phantom 4 RTKs UAS platform (Left), (b) Phantom 4 UAS 
controller (middle), and (c) D-RTKs 2 High-Precision GNSS Mobile Station (right) (source: 
https://www.dji.com, accessed on 5 January 2024.). 

Figure 1. Study site on a research farm in Lubbock County, Texas, in 2022 and 2023.

Variations in plant height at different growth stages mainly resulted from irrigation and
cotton variety treatments. Three irrigation rates, with 30% (low), 60% (medium), and 90%
(high) evapotranspiration (ET) replacements, were implemented using a sub-surface drip
irrigation system. Four cotton varieties with four replications were planted, including FM
1730GLTP, FM 2398GLTP, FM 1830GLT, and ST 5471GLTP (BASF, Ludwigshafen, Germany).
The experiment consisted of 96 plots, each with four rows of cotton at ~4 m wide and ~8 m
long. An alley of ~1.5 m was allocated between ranges.

2.2. Data Acquisition

A DJI Phantom 4 real-time kinematics (RTKs) (DJI, Shenzhen, China) with a 4K
camera was used to acquire RGB images (Figure 2). The UAS has a 2-axis gimbal to
maintain the orientation of the camera independently from the movement. It is controlled
with a 2.4 GHz frequency bidirectional transmission that receives data, including Global
Positioning System (GPS) status, the distance, and the height from the home point where the
UAS takes off. The DSM system includes two D-RTKs High-Precision GNSS receivers, one
on a mobile station (DJI, Shenzhen, China) and the other on the UAS (Figure 2c). The RTKs
Global Navigation Satellite System (GNSS) receiver has an accuracy of 1.5 cm vertically
and 1.0 cm horizontally. Each flight plan was created using the DJI GSPro software (DJI,
Shenzhen, China) embedded in a controller.
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Figure 2. DJI Phantom 4 RTKs and GNSS mobile station for acquiring RGB images in a research
field in Lubbock, Texas, 2022. (a) DJI Phantom 4 RTKs UAS platform (Left), (b) Phantom 4 UAS
controller (middle), and (c) D-RTKs 2 High-Precision GNSS Mobile Station (right) (source: https:
//www.dji.com, accessed on 5 January 2024.).

UAS images were acquired around the local solar noon on 28 August and 24 October
2022 and 4 July and 2 August 2023, each with light-to-moderate wind conditions. These
dates represent growth stages with various plant sizes in the early, mid, and late seasons.
The flight missions included mission plans with the UAS flown at altitudes of 40 m and

https://www.dji.com
https://www.dji.com
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80 m and camera angles set at 45◦, 60◦, and 90◦ to the land surface (Figure 3). The UAS was
flown at 2.4 m s−1 with 80% front and side overlaps. The resultant images represented six
scenarios of UAS altitudes and camera angles (Table 1).
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Figure 3. Image acquisitions at two flight altitudes (40 m and 80 m) and three camera angles (45◦,
60◦, and 90◦) using a UAS in a cotton field in Lubbock, Texas.

Table 1. Six scenarios of flight altitudes and camera angles for quantifying cotton plant height using
UAS images.

Dataset Flight Altitude
(m)

Sensor Angle
(Degree)

Scenario
(Altitude–Angle)

Image Resolution
(cm)

1 40 45 40 m-45◦ 1.48
2 40 60 40 m-60◦ 1.25
3 40 90 40 m-90◦ 1.21
4 80 45 80 m-45◦ 2.85
5 80 60 80 m-60◦ 2.52
6 80 90 80 m-90◦ 2.21

2.3. UAS Image Processing

Figure 4 presents the processing workflow for estimating cotton plant height from
UAS images. Figure 4a outlines the steps in analyzing raw RGB images acquired from the
UAS captured at various flight altitudes and camera angles using Pix4D Mapper software
(Pix4D S.A., Prilly, Switzerland). Pix4D was used to perform an initial processing step of
aligning the images and generated a high-density point cloud, which was further used
to create a digital surface model (DSM) (Figure 4b,c). The software used Structure-from-
Motion (SfM), a photogrammetry technique that creates a three-dimensional point cloud
from two-dimensional image sequences. SfM incorporates GPS information to enhance
the accuracy and georeferencing of the 3D point cloud and DSM [31]. Additionally, the
software generated orthomosaic images of the field through the blending and stitching of
images, considering georeferenced information from the dense point clouds (Figure 4d).
The DSM and orthomosaic images were obtained for the raw images on different dates.
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The mosaicked images were further segmented into two classes, cotton canopy and
soil, using the maximum likelihood algorithm of the supervised classification method in
ArcGIS Pro (Figure 4e). Regions of intersection between the cotton plant and soil were
excluded to mitigate edge effects and ensure the accurate representation of plant height.
The two classes were superimposed onto the DSM to determine plant height, leveraging
the specific data associated with each class (Figure 4f).

The upper region of the DSM within the canopy class was identified to determine plant
height. A specific higher percentile in the DSM typically denotes this approach. Plant height
representative values commonly used in various studies range from the 90th to the 99th
percentiles, as observed in the works of Holman et al. (2016) and Tirado et al. (2020) [29,32].
These percentiles effectively capture the apical region of cotton plants, providing a more robust
representation than a mean and exhibiting less susceptibility to noise than a maximum. After
a thorough evaluation of different percentiles, the 99th percentile was selected. The selected
percentile was to prevent misrepresenting plant height, ensuring a more accurate depiction of
the upper boundary within the canopy class.

The DTM in the soil class was averaged to represent the ground elevation in individual
plots. The DTM was averaged due to the insignificant variation within each plot. Studies have
shown that this approach, distinct from obtaining the DTM before planting, has demonstrated
increased efficiency and reduced processing time during the crop season [17,30]. Cotton plant
height was computed as the vertical length difference between the plant’s apical region and
ground elevation.

2.4. Plant Height Measurements

On each day of UAS image acquisitions, cotton plant height was measured using a
yardstick. For each plot, the average plant height was determined by measuring plants
within a predefined 1 m2 sampling point, which was marked in the field to allow for the
precise identification of the sampling area. Within each sampling point, plants were chosen
that exhibited uniform growth and no significant gaps, ensuring that the measurements
accurately represented the canopy without interference from empty spaces. The use
of the RTKs system ensured high positional accuracy when linking the ground-based
measurements to the corresponding locations in the UAS-derived orthomosaic. This
approach minimized errors in aligning ground data with the orthomosaic, enabling reliable
integration of the datasets.
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2.5. Statistical Analyses

The Zonal Statistics tool in the Spatial Analyst extension of ArcGIS Pro software (Esri,
Redlands, CA, USA) was applied to summarize the image data of each plot. In total, 70%
of the data were used to build a model, while 30% of the measured plant height was used
to validate the performance of the UAS-derived plant height. Statistical analyses were
performed using the R language [33]. Analysis of variance (ANOVA) was conducted using
the aov function to test if there were significant differences in the measurement of cotton
plants at different angles and heights. Subsequently, Tukey’s post hoc test was conducted to
explore specific pairwise differences among the means of different camera angles, providing
a more in-depth examination of the variations identified by the ANOVA. Simple linear
regression models were performed to determine the relationship between the plant heights
derived from the UAS and those manually measured. Model accuracy was evaluated
using statistical metrics, including the coefficient of determination (R2), root mean square
error (RMSE), and slope of the regression line, to assess how well the predicted values
matched the measured plant heights. The plant height error was calculated by subtracting
the UAS-derived plant heights from the measured plant height, providing a direct measure
of the prediction error. Furthermore, the result was validated using the UAS scenario with
the best-performing model, developed using 70% of the data. This model was then applied
to predict plant height across different dates using the remaining 30% of the dataset. This
approach assessed the model’s performance across the growth stages to demonstrate its
reliability.

3. Results

Figure 5 presents the plant height measurements on 28 August and 24 October 2022
and 4 July and 2 August 2023. Cotton plots were grouped into low, medium, and high
sizes, corresponding to low, medium, and high irrigation rates, respectively. The mean
height for the high category was 22.8 cm, 51.8 cm, 69.8 cm, and 70.3 cm for the four dates,
respectively. The mean height for the medium category was 29.5 cm, 42.9 cm, 60.8 cm, and
59.4 cm, respectively. For the low category, the mean plant heights were 23.8 cm, 34.1 cm,
42.8 cm, and 40.8 cm on these dates, respectively. Overall, on each date, plants of the low
sizes had more significant variations than the high and medium sizes, indicated by the
standard deviation and coefficient of variation values.
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Figure 6 shows the errors in UAS-derived cotton plant heights at different flight
altitudes and camera angles on the four dates. The scenario with a flight altitude of 40 m
and a camera angle of 45 degrees exhibited lower errors in estimating plant height than
other scenarios. For example, on 4 July 2023 (early season), a flight altitude of 40 m and a
camera angle of 45 degrees had an average plant height error of 0.2 cm, while the scenario
with a flight altitude of 80 m and a camera angle of 90 degrees had a mean plant height
error of −2.2 cm. A flight altitude of 80 m and a camera angle of 90 degrees consistently
had the highest error range in plant height estimation for all the dates.
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Figure 7 shows the interactions of flight altitude and camera angle on the errors of
UAS-derived plant height. The interaction between flight altitude and camera angle had
a significant effect on plant height estimation for all dates (p < 0.05). This means that the
flight altitude angle of the camera can have a significant impact on the accuracy of the
measurements of plant height. There was an underestimation in UAS-derived plant height
at higher altitudes. For example, the mean plant height error at altitudes of 40 m and 80 m
at an angle of 45 degrees was 0.05 cm and −1.70 cm, respectively, on 4 July 2023 (early
season). The lower altitudes and moderate camera angles, such as 45 degrees, resulted
in more accurate estimations (−0.13 cm to 0.14 cm). In comparison, higher altitudes and
larger camera angles introduced more significant errors (−2.77 cm to −5.51 cm).
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Figure 8 shows the result of Tukey’s post hoc test for various camera angles at different
flight altitudes, evaluating errors in plant heights derived from UAS images for the different
dates. As altitude increases, the errors in plant height estimation may be influenced,
potentially leading to decreased accuracy. On 4 July 2023 (early season), at an altitude of
40 m, the analysis revealed a significant difference between the two oblique angles (45◦

and 60◦), as well as between angles 45 and 90 degrees (p < 0.001). However, at an altitude
of 80 m, there was no significant difference between the two oblique angles. Notably, the
significance level between angles 45 degrees and 90 degrees decreased (p < 0.005). Similar
trends were observed on August 2 and August 28 (mid–late season), where no significant
difference was found between oblique angles at both 40 m and 80 m altitudes. Nevertheless,
there was a significant difference in plant height error between camera angles 60 degrees
and 90 degrees at an altitude of 40 m (p < 0.05), while no significant difference was observed
at the altitude of 80 m. Consistent significant differences were found between camera
angles 45 degrees and 90 degrees at both altitudes for all the dates.

Simple linear regression analyses revealed significant relationships between UAS-
derived plant height and measured plant height across the six UAS altitude (40 and
80 m) and angle (45◦, 60◦, 90◦) scenarios, with r2 values ranging from 0.80 to 0.97 for the
observation dates (Figure 9). The corresponding root mean square error (RMSE) values
ranged from 2.01 cm to 3.85 cm, indicating the relatively high accuracy of the estimations.
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On 4 July 2023 (early season), the 40 m-45◦ scenario exhibited the strongest relationship
and highest accuracy (r2 = 0.86, RMSE = 2.01 cm). Additionally, the 40 m-60◦ and 40 m-90◦

scenarios displayed stronger relationships and higher accuracies (r2 = 0.85, RMSE = 2.14 cm;
r2 = 0.82, RMSE = 2.16 cm, respectively). At 80 m, the relationship was relatively weaker
compared to scenarios at 40 m (r2 = 0.66–0.68, RMSE = 7.52–8.76 cm). On 2 August 2023
(mid-season), the relationship between the measured and UAS-derived plant heights was
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stronger compared to 4 July 2023, with r2 values ranging from 0.88 to 0.90. However, it had
lower accuracy, with RMSE values ranging from 3.71 cm to 3.90 cm.

On 28 August 2022 (mid–late season), the 40 m-45◦ scenario exhibited the strongest relation-
ship and highest accuracy (r2 = 0.97, RMSE = 2.10 cm). Additionally, the 40 m-60◦ and 40 m-90◦

scenarios displayed stronger relationships and higher accuracies (r2 = 0.94, RMSE = 3.12 cm;
r2 = 0.93, RMSE = 3.13 cm, respectively) compared to the scenarios at 80 m altitude (r2 = 0.93–0.90,
RMSE = 3.31–3.85 cm). Similarly, on 24 October 2022 (late season), the 40 m-45◦ scenario demon-
strated the strongest relationship and higher accuracy (r2 = 0.95, RMSE = 2.94 cm). Conversely,
the 80 m-45◦ scenario exhibited a relatively weak relationship and lower accuracy in estimating
plant height using UAS (r2 = 0.94, RMSE = 3.24 cm).

Additionally, the slopes of the linear models ranged from 0.91 to 1.13 across the dates.
Scenarios with an altitude of 40 m exhibited a steeper slope compared to the 80 m scenario.
Also, the nadir camera angle (90 degrees) had a relatively greater slope than oblique angles.
The results further showed that plant height estimation at higher altitudes and nadir angles
was slightly underestimated during the mid and late seasons compared to lower altitudes
and oblique angles.

Overall, the results highlight the sensitivity of UAS-derived plant height estimations
to both flight altitude and sensor angle. The 40 m altitude and oblique camera angles (45,
60, and 90 degrees) consistently yielded stronger relationships and higher plant height
estimation accuracies than the 80 m altitude scenario. The result also showed that the 40 m-
45◦ scenario consistently had a stronger relationship and the highest accuracy throughout
the different cotton growth stages. These findings emphasize the importance of carefully
selecting flight parameters to optimize the accuracy of UAS-based plant height assessments.

The cross-validation indicated that the model for the 40 m-45◦ scenario performed the best
in terms of predicting the plant heights for all dates. The relationship between the measured
(30% dataset) and predicted plant heights using the model developed with the 70% data for
this scenario is presented in Figure 10. The comparison between predicted and measured plant
heights indicates consistently high levels of accuracy for all the dates. Linear models using
UAS images had good performance in predicting plant heights with high accuracy in the early
season (r2 = 0.88 and RMSE = 2.20 cm), mid-season (r2 = 0.95 and RMSE = 3.20 cm), mid–late
season (r2 = 0.96 and RMSE = 2.40 cm), and late season (r2 = 0.96 and RMSE = 2.56 cm).
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4. Discussion

The findings of this study suggest that the accuracy of plant height derived from UAS
images can be improved by flying at lower altitudes and using oblique sensor angles. The
flight altitude of the UAS plays a crucial role in determining the spatial resolution and
quality of the resulting 3D model of a target. When using a sensor with a particular field
of view, capturing images at lower altitudes produces images with greater resolutions,
which can enhance the photogrammetric process used to generate the 3D coordinates
of a surface. Other studies reported similar results in quantifying plant height using
UAS images [18,19,34,35]. Fujiwara et al. (2022) explained that data acquisition at higher
altitudes causes lower resolution and results in the mixing of neighboring pixels containing
both soil and plant features [19]. Most plant phenotyping studies require images acquired
at relatively low altitudes for detailed plant structure retrieval [35]. In a study conducted by
Naesset (2004), the effects of different flying altitudes on the biophysical stand properties
were investigated using a small-footprint airborne scanning laser [36]. The results revealed
that flying altitude and footprint diameter may affect the canopy height and density
metrics derived from laser data. This observation was corroborated by Weiss and Baret
(2017) in their investigation of utilizing 3D point clouds generated from UAS RGB imagery
to characterize the 3D macro-structure of vineyards [37]. Their findings underscore the
necessity of optimal flight configuration and camera settings to estimate plant characteristics
accurately. Moreover, lower spatial resolution can lead to measurement errors in estimating
small features, such as cotton plants. This can be attributed to a systematic shift in the plant
height measured from higher altitudes, resulting in inaccurate measurements.

This study has also demonstrated that using oblique angles in UAS imagery can lead
to better estimations of cotton plant height than nadir angles. As noted in prior research,
nadir images captured directly above the target tend to underestimate plant height, thereby
compromising the accuracy of the plant height estimation [4,32]. Additionally, oblique
imagery captures more intricate details with denser point clouds, resulting in the more
precise differentiation of plant profiles. Several studies have confirmed that nadir imagery
provides limited information on plant canopy surfaces. Fujiwara et al. (2022) predicted
maize plant height using UAS images at camera angles of 60 degrees and 90 degrees [19].
The results showed that plant height prediction was better at a camera angle of 60 degrees,
with low mean absolute errors. They concluded that the oblique camera angle could reduce
obstruction error and better capture the 3D structures of plants. Li et al. (2021) investigated
the impact of camera viewing angles on the accuracy of estimating leaf parameters of
wheat plants using 3D point clouds [18]. This study demonstrated that oblique imagery
accurately modeled wheat plants and generated more point clouds compared to nadir
imagery. These findings align with previous research showing that oblique angles can
mitigate systematic errors in plant height estimation and can accurately generate high-
quality 3D models [38,39]. Overall, these results highlight the potential of oblique imagery
to improve crop monitoring practices.

Although oblique angles showed the potential to improve plant height estimation
accuracy, there are some drawbacks. The complexity of oblique imagery compared to nadir
imagery stems from intricate flight path planning. Oblique imagery requires multiple
passes from different angles, making flight planning and execution more demanding and
time-consuming. Mosaicking oblique images is also more complex, as the varying angles
require precise alignment and integration to create a seamless final product, leading to
longer processing times. In addition, oblique angles can result in more occlusion of plant
features, particularly those on the far side of the canopy, leading to incomplete data and
lower accuracy [11,18]. Finally, oblique angles may require more post-processing and
analysis time than nadir images, as the point clouds generated from oblique images can
be more complex and require additional steps to convert into usable data [11]. Despite
these potential drawbacks, oblique angles remain a promising approach for improving the
accuracy of plant height estimation in UAS imagery. However, it is important to note that
flying at a higher altitude will significantly reduce the accuracy of measuring plant height
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estimation using oblique angles because the combined effects of reduced image resolution,
increased ground sampling distance, shadow effects, reduced signal-to-noise ratio, and
limitations in sensor resolution contribute to a decrease in the accuracy of plant height
estimation when flying at higher altitudes, particularly with oblique angle observations.

This study also noted that UAS images at higher altitudes and nadir angles were
found to slightly underestimate crop heights compared to lower altitudes and oblique
angles, as discussed in previous studies [40,41]. However, overall, the results showed an
improvement in accuracy compared to similar studies [5,21,41]. Further research is needed
to determine the underlying causes for the over- and underestimations for different plant
sizes.

Based on the effects of sensor angle and flight altitude on the performance of estimating
cotton plant height, this study emphasizes the importance of carefully selecting flight
parameters to optimize the accuracy of UAS-based plant height assessments. This study
also highlights the practical implications of using UAS imagery in plant phenotyping for
crop improvement. Adjusting UAS flight parameters, such as flying at lower altitudes
and oblique angles, can improve the accuracy of plant height estimation. However, this
may increase flight and processing time. Highly accurate plant height measurements,
nonetheless, provide valuable insights into plant growth and development, aiding in the
identification of plant stress, diseases, and breeding programs for improved crop varieties.
This information can assist farmers and researchers in making informed decisions regarding
irrigation, fertilizer application, and other management practices.

5. Conclusions

This study demonstrated the significant impact of flight altitude and sensor angle on
cotton plant height assessment using UAS images. The findings indicate that the oblique
sensor angles used in this study (45 degrees and 60 degrees) improved the accuracy of the
plant height measurement. In contrast, increasing the flight altitude from 40 m to 80 m
decreased the accuracy.

This study provides a valuable foundation for future research, including exploring
the impact of flight altitude and sensor angle on other crop traits, such as leaf area index
and biomass, while considering the influence of environmental conditions. Future research
will explore other imaging equipment, such as LiDAR, multispectral, and thermal cameras.
For example, LiDAR can offer high-resolution 3D mapping for architectural traits. This
approach will broaden the scope for collecting different crop phenotype metrics, providing
spatial and temporal resolutions typically unavailable to plant scientists. By advancing our
knowledge in these areas, we can further harness the potential of UAS technology for preci-
sion agriculture, facilitating sustainable and efficient cotton production. Integrating remote
sensing techniques and different machine learning algorithms is pivotal to unlocking the
full benefits of UAS-based assessments, ultimately contributing to improved agricultural
practices and crop management strategies.
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