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Article 
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3 Department of Crop and Soil Sciences, University of Georgia, USA. 2282 Rainwater Rd (31793). Tifton, GA, 
United States. 

* Correspondence: lmbastos@uga.edu 

Abstract: Light Detection and Ranging (LiDAR) technology can be used to assess canopy height in 
cotton (Gossypium hirsutum L.), but standardized data acquisition and processing guidelines are 
lacking. Accurate canopy height estimation is crucial in cotton for optimizing growth regulator 
application and maximizing yield. The main goal of this study was to determine the optimal 
unmanned aerial vehicle flight settings—altitude and speed—and to assess specific processing 
parameters impact on data accuracy, processing time, and file size. Nine flight settings comprising 
three altitudes (12.2 m, 24.4 m, and 48.8 m) and three speeds (4.8 km/h, 9.6 km/h, and 14.8 km/h) were 
tested. LiDAR data were processed using DJI Terra software, where two user-defined processing 
steps were examined: point-cloud thinning via grid size sub-sampling (0, 10, 20, 30, 40, and 50 cm) 
and slope classification (flat, gentle, and steep). The optimal flight altitude was 24.4 m, with no effect 
of flight speed. Grid sub-sampling up to 20 cm produced balanced accuracy, processing time, and 
file size. The choice of slope category had no significant effect on LiDAR-derived canopy height. 
These findings contribute to the development of standardized LiDAR data acquisition and processing 
guidelines for cotton to support crop management decision. 

Keywords: point cloud, LAS, DTM, DSM, CHM, TIN 
 

1. Introduction 

Cotton (Gossypium hirsutum L.) is one of the most significant fiber crops globally. The U.S. 
produced around 14.4 million bales of cotton in the year 2023/24, ranking forth globally in cotton 
production after India, China and Brazil [1]. Within the U.S., Texas (30%), Georgia (16%), and 
Arkansas (9%) are the largest cotton producing states, responsible for 55% of cotton lint production 
in the U.S. and 12% of world production [2]. 

Cotton is a perennial plant that is cultivated as an annual crop. This is achieved by using 
management techniques such as plant growth regulators, which help control growth rate and plant 
height, preventing the crop from expending too much energy on vegetative growth and directing it 
towards reproductive growth [3,4]. Balancing vegetative and reproductive sinks is important in 
cotton to optimize fiber yield and quality [5]. 

Different metrics exist to determine cotton growth rates and serve as a decision-making tools for 
deciding the timing and rate of synthetic plant growth regulator applications [6]. The most commonly 
used metrics are the height-to-node ratio (HNR) (ratio between plant height and total number of 
nodes) and length of the upper five internodes [7]. HNR values below growth-stage specific 
thresholds indicate sub-optimal growth rates, whereas values above the threshold indicate excessive 
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growth rates that need to be controlled using exogenously applied plant growth regulators like 
mepiquat chloride. For example, during the early bloom stage, if the HNR exceeds 6.4 cm/node, it is 
recommended to apply mepiquat chloride at a rate ranging from 0.5 to 2 L/ha at a standard 
concentration of 4.2% w/v [8]. The rate of application is  determined based on multiple factors, 
including the cotton variety, the plant growth stage, the current rate of vegetative growth and 
weather conditions [8,9] . 

Traditionally, plant height is determined by visiting the field and collection manual height 
measurements on plants across multiple areas in the field. This approach is time and labor intensive, 
and as cotton plants grow and form dense canopies, walking a field can potentially damage the crop. 
For large-scale commercial farming, such manual methods are impractical for achieving the required 
precision and speed in decision-making. Additionally, capturing height variation accurately across 
large fields remains one of the biggest constraints, as it directly impacts yield estimation, canopy 
structure analysis, and variable rate input applications.  

To overcome this issue, different technologies have been developed to create estimated 
continuous maps of plant height, including unmanned aerial vehicle (UAV) imagery-based canopy 
height model (difference of the height at the top of the plant canopy and the elevation of the bare 
ground) [10,11]; tractor mounted LiDAR (Light Detection and Ranging) [12];  and UAV-based 
LiDAR systems. The latter has emerged as a solution to bridge the gap between ground-based 
platforms, known for their high accuracy but low efficiency, and UAV imagery-based platforms, 
which offer extensive coverage but limited detail [13]. Moreover, LiDAR directly measures crop 
height by emitting laser pulses, making it more accurate than UAV-mounted passive spectral 
imaging, which relies on ambient light and requires additional processing [14]. Height estimation 
from spectral data depends on photogrammetry techniques like structure-from-motion (SfM), which 
reconstructs 3D models based on overlapping images [15]. This approach requires ideal lighting, 
minimal occlusion, and accurate tie points, with additional steps to separate crop height from ground 
elevation. Errors in shadowed areas, vegetation movement, or point matching can reduce accuracy, 
making LiDAR the more reliable option for precise height measurements, especially in dense or 
complex canopies [16]. 

LiDAR's application in row crops such as maize started around the mid-2010s, when it was used 
for evaluating crop structure [17] and predicting yield potential [18]. Studies on the use of UAV-
mounted LiDAR to estimate plant height in cotton are scant [19].This is a limitation especially because 
different flight settings like altitude and speed, and data processing steps like point cloud 
classification, grid size for height extraction and canopy modelling, can contribute to the accuracy of 
LiDAR-based height estimates, yet no studies exist that provide best-practice recommendations for 
the cotton crop. 

For example, adjusting the point cloud density—the number of laser returns per square meter—
is key [20]  to generate accurate LiDAR-based height estimates. Achieving a high point cloud density 
enhances measurement accuracy but requires UAVs to fly at lower altitudes, slower speeds, or with 
greater overlap between flight paths, all of which extend flight time and increase the cost and 
complexity of data collection and data processing. High point cloud density poses a challenge as it 
generates larger data files [21], which demand significant storage capacity and increase computing 
power requirements and/or processing times. Therefore, identifying flight characteristics and data 
processing steps that optimize crop height estimation accuracy while minimizing flight time and data 
storage and processing requirements is of utmost importance. 

Another key processing step with LiDAR data is grid-based sub-sampling, where the raw 
LiDAR point cloud data is selectively thinned based on the highest-height point within each 
predefined grid cell. By identifying a grid cell size that balances data retention and reduction, we can 
minimize file size, reduce computational requirements, and improve processing speed, all of which 
contribute to more efficient and cost-effective UAV-based LiDAR applications. The decision on the 
size of the grid cell to be utilized at this step is left to the user, and no best-practice recommendations 
exist when using LiDAR in row crops in general, or cotton in specific. 
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Another important step when processing LiDAR data in DJI Terra, a LiDAR mapping and 
analysis software developed by DJI, is selecting the appropriate field slope type for the initial 
classification of point clouds. This choice helps the software distinguish between ground, and non-
ground points based on terrain variation. The classification process is influenced by the field slope 
characteristics, as variations in topography affect the differentiation between ground and non-
ground points. Like grid cell size selection, the decision on the slope choice is left to the user, and no 
best-practice recommendations exist.  

The overall aim of this study was to establish best-practice guidelines for UAV LiDAR flight 
settings and data processing to ensure high-quality data acquisition for accurate cotton canopy height 
estimation. The first objective of this study was to determine and select the optimal UAV flight 
settings—altitude and speed—that provide the most accurate LiDAR-derived crop height estimates. 
Based on the best flight settings identified in the first objective, the second and third objectives 
focused on evaluating the impact of two user-dependent data processing steps on crop height 
estimation. Specifically, the second objective assessed how defining different grid cell size for sub-
sampling point clouds affects crop height accuracy, processing time, and file size. The third objective 
examined the effect of selecting the field slope type on the accuracy of crop height estimation.   

2. Materials and Methods 

2.1. Experimental site description: 

This experiment was conducted in two different irrigated fields in Georgia, USA near Midville 
(32.875761, -82.222197) and Watkinsville (33.870858, -83.452716) for the year 2024. The field in 
Midville had a flat terrain predominately characterized by Tifton soil series and the Dothan soil series 
(Fine-loamy, kaolinitic, thermic plinthic kandiudults), which are both deep, well-drained, and have 
a fine-loamy texture [22]. The field in Watkinsville has a somewhat flat terrain characterized by Cecil 
sandy loam soil with 2% to 6% slope [22]. Cotton was planted at a row spacing of 91 cm and seeding 
rate of 90,000 seeds/ha. The varieties planted were NexGen 3195 Bollgard® 3 XtendFlex® in 
Watkinsville and Dyna-Gro 3799 Bollgard® 3 XtendFlex® in Midville and were selected according to 
local recommendations. Planting occurred on 26th of June in Midville and 2nd of July in Watkinsville. 

Each trial was implemented as a N fertilizer side-dress rate study, with N rate treatments of 0+0, 
112+0, 40+26, 40+60, 40+94, and 40+128 kg/ha, denoted as preplant+side-dress applications. The 
experiment followed a randomized complete block design with four blocks. In brief, all plots, except 
for the control (0+0) and the 112+0 treatment, received a baseline application of 40 kg N/ha at planting, 
applied using a tractor-mounted boom sprayer. The fertilizer source for the application was urea 
ammonium nitrate (UAN) 28% N, which is a liquid fertilizer. At the blooming crop stage 
(approximately 49-52 days after planting), side-dress N fertilizer treatments were applied with a 
variable rate applicator. For this manuscript, the treatment design of N rates was utilized only to 
generate variability in crop height, and therefore further statistical analysis did not incorporate N 
rate as an explanatory variable. 

2.2 Aerial LiDAR Data Collection and Pre-processing 

The workflow for data acquisition, pre-processing, and analysis consisted of four main steps: i) 
field characterization, ii) data acquisition with different flight settings, iii) data processing, and iv) 
validation (Figure 1). Field characterization in relation to slope is an important initial step used to 
define processing settings in the DJI Terra software (DJI, China). DJI Terra provides the user with the 
option of identifying the field as flat (1-4 degrees slope), gentle (4-7 degrees slope), or steep (8-12 
degrees slope) as one of the first steps in the processing pipeline. To conduct field characterization in 
our study, elevation data were retrieved for each field from Google Earth Engine data catalogue of 
USGS 3 DEP 1m National Map using the geemap library [23] in Python 3.9. Then the elevation raster 
was imported into R software (R development team, 2024) where the terra package [24] was used to 
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calculate the slope of the field. The field was then classified into one of flat (1-4 degrees), gentle (4-7 
degrees), or steep (8-12 degrees) slope to match the options provided by DJI Terra. 

 

 
Figure 1. LiDAR-based crop height estimation workflow including step 1: field characterization 
(elevation/slope); step 2: data acquisition (varying flight settings, manual height measurements); step 3: data 
processing (canopy modeling, metric extraction); and step 4: validation (regression with ground truth). 

Data acquisition was conducted on August 10th in Midville (76 days after planting) and August 
27th in Watkinsville (86 days after planting) in 2024. Cotton typically reaches its first flower at 50–60 
days after planting, with peak bloom occurring 20–30 days later [25]. This period is critical for 
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assessing management practices like plant growth regulator (PGR) application, making accurate crop 
height data essential for informed decision-making. First, 10 plants from each of 28 plots had their 
height measured manually using a measuring tape, for a total of 280 plants measured in each field. 
On the same day a DJI Matrice 350 (DJI, China) UAV mounted with a Zenmuse L2 (DJI, China) LiDAR 
sensor was used to collect the sensor data from the field from each combination of three different 
flight speeds (4.8, 9.6, 14.4 km/h) and three different flight altitudes (12.2, 24.4, 48.8 m) aboveground, 
resulting in a total of nine unique flight settings per location. Each combination of flight altitude and 
speed was flown once per location, totaling 18 flights across the two locations. Lower altitudes like 
12.2 m offer higher image resolution, capturing finer structural details for height estimation but 
require increased flight time and data processing. In contrast, higher altitudes such as 48.8 m improve 
coverage efficiency but reduce detail. The selected height range balances image quality and efficiency, 
with the three altitudes chosen specifically to account for cotton's dense foliage and short stature, 
ensuring sufficient point cloud density for accurate digital terrain model (DTM) estimation. For speed 
selection, 4.8 km/h was the default setting in the DJI flight planner app. To assess its impact on data 
acquisition and quality, additional speeds were chosen at double (9.6 km/h) and triple (14.4 km/h) 
the default value. Higher speeds were chosen to allow for a comparative analysis of speed's influence 
on data accuracy and efficiency.  

The Zenmuse L2 integrates the Livox LiDAR module, a high precision inertial moment unit 
(IMU), a mapping camera, and three-axis gimbals. The IMU includes a three-axis accelerometer, a 
three-axis angular velocity and a barometric altimeter, which is used to measure attitude. All the 
flights were conducted at a frontal overlap of 80% and side overlap of 10%. The scanner pulse 
repetition rate was set at 240 kHz, and the scanner angle to 90 degrees. The UAV was connected with 
a D-RTK 2 high precision GNSS mobile station (DJI, China) that supports four global satellite 
navigation systems — BeiDou, GPS, Galileo, GLONASS, and 11-frequency satellite reception, 
providing real-time differential corrections to facilitate the aircraft in centimeter-level precision 
positioning and help to get the precise geolocation of each of the cloud points from the LiDAR.  

Data were processed on a desktop computer with AMD Ryzen Threadripper PRO 5975WX 32 – 
core 3.6 GHz processor, 128 GB RAM. The movements of the UAV were corrected using the DJI Terra 
software (DJI, China) which combines the GNSS correction, and the movement data recorded by the 
IMU, with a manufacture-reported precision of ~4 cm for all flights. Data processing involved the 
steps of point cloud classification, DTM generation, normalization, DSM generation, canopy 
modeling, rasterization, and metric extraction using different software. 

To produce a geo-referenced point cloud, the flight path and raw point cloud data were 
combined in DJI Terra software (DJI, China). Then, the data were subsampled using a grid-based 
approach to systematically reduce point cloud density. This method involved partitioning the area 
into predefined grid sizes (0 cm or no sub-sampling, 10 cm, 20 cm, 30 cm, 40 cm, and 50 cm) and 
retaining only the highest point within each grid cell. The point clouds were also classified in the 
software as ground and non-ground points using a field slope-based approach. At this stage, the user 
is required to select the field slope classification in DJI Terra. For the fields in this study, the correct 
classification was “flat” based on open-source elevation data obtained pre-flight at the field 
characterization step. Because an improper selection of field slope can potentially impact the quality 
of the processed data, we evaluated the impact of the slope type parameter selected during ground 
point classification in DJI Terra by processing the LiDAR data using all the available slope settings: 
'Flat,' 'Gentle,' and 'Steep.' These settings represent varying terrain slope conditions and influence 
how the software identifies and classifies ground points within the LiDAR dataset. The final co-
registered and geo-referenced point cloud datasets were stored in LAS format (Figure 1). 

The LAS file exported by DJI Terra was then further processed in R using the lidR package [26] 
in five sub-steps: i) digital terrain model generation; ii) height normalization, iii) noise filtering, iv) 
digital surface model generation, and v) canopy height model generation.  The first sub-step in 
processing the LiDAR data in R involved creating a DTM from the LAS file obtained from DJI Terra. 
This was achieved using the triangular irregular network (TIN) method, which leverages ground 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 March 2025 doi:10.20944/preprints202503.0143.v1

https://doi.org/10.20944/preprints202503.0143.v1


 6 of 15 

 

point data to model the DTM. TIN was selected as the triangulation method due to being 
straightforward and computationally efficient, as it does not require complex adjustments or 
additional parameters compared to other methods [27]. 

The second sub-step in processing was the height normalization which was performed based on 
the DTM generated on the previous sub-step. In this process, the terrain height values in the DTM 
were set as a baseline (considered zero). Any points above this baseline were regarded as 
representing heights above the terrain, effectively isolating the plant heights. The third sub-step in 
processing was noise filtering which was implemented to improve data quality by flagging and 
filtering out noisy points in the point cloud. A noisy point was considered as any point that fell below 
the DTM (indicating negative heights) or exceeded a reasonable height threshold for plants. This 
filtering step ensured that only relevant data points were retained for accurate canopy height 
measurements. 

The fourth sub-step in processing was to generate a digital surface model (DSM) using a TIN 
and incorporating all points from the LiDAR point cloud, including those at higher elevations such 
as crop canopies, trees, or structures. Unlike a DTM, which uses only the lowest points to represent 
the bare ground, a DSM captures the highest elevation at each location. The TIN for a DSM is formed 
by connecting these points into an irregular mesh, creating a 3D representation of the entire surface, 
including all objects above the ground. Finally, the fifth sub-step in processing was to generate the 
canopy height model (CHM) which was calculated by subtracting the DSM and the DTM. The CHM 
represents the canopy height, providing a measure of plant height above ground level. The resulting 
CHM was then rasterized to facilitate further spatial analysis. 

To match CHM with the manual measurements of plant height, the rasterized CHM was 
intersected with the bounding boxes around 10 marked plants per plot. The mean height for these 10 
plants was calculated for both LiDAR and manual measurements. These averages were then 
compared using regression analysis. 

2.3 Data Analysis and Validation: 

To assess the impact of flight altitude and speed, data from both locations were analyzed 
together to account for the potential site-specific variations as our objective was to determine the 
optimal flight setting for quality data retrieval. A regression model was used to examine the 
relationship between LiDAR-derived height and manual height measurements, with location 
incorporated as a random effect. However, for evaluating the optimal grid sub-sampling method, the 
data from each location was analyzed separately. This separate analysis was necessary because the 
two locations differed in field size, which directly influenced the amount of LiDAR data collected 
and the overall processing time. To assess grid sub-sampling performance, three metrics were 
evaluated: i) file size (smaller file sizes improve storage efficiency), ii) processing time (faster 
processing reduces computational burden), and iii) height prediction quality (to ensure the 
subsampled data retained sufficient accuracy). To evaluate height prediction quality, we conducted 
a regression analysis comparing the LiDAR-derived heights obtained through different grid sub-
sampling methods against manually measured heights. The coefficient of determination (R², higher 
is better), root mean square error (RMSE, lower is better) and mean absolute error (MAE) were used 
as the evaluation metrics. Furthermore, the intercept and slope of the equation were tested using 
linearHypothesis function from car package [28] for significant differences from 0 and 1, respectively, 
with a significance level of 0.05. 

Moreover, to evaluate the effect of the slope choice (flat, gentle and steep) for point cloud 
classification in DJI Terra software to derive the LiDAR height, the difference between manual and 
LiDAR-derived height was explained as a function of slope type, location and their interaction as 
fixed effects, while block nested within location was treated as random effect. Similarly, to further 
extend our understanding of the slope choice for point cloud classification the data from both the 
locations were analyzed together. A regression model was used to examine the relationship between 
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LiDAR-derived height and manual height measurements, with location incorporated as a random 
effect to account for variability between sites. 

3. Results 

The relationship between manual height measurements and LiDAR-derived height 
measurements for each combination of flight altitude and speed was analyzed combining the data 
from both locations. Among the tested settings, the UAV flight at a speed of 14.5 km/h and an altitude 
of 24.4 m had the best performance, achieving the highest R² value (0.97) and the lowest RMSE (3.65 
cm) and MAE (3.09 cm) and. At higher altitudes (48.8 m), the accuracy decreased significantly as 
evidenced by slightly lower R² values (0.86-0.87) and, increased RMSE (10.18–11.71 cm) and MAE 
(8.87-9.62 cm) values, indicating a weaker correlation between manual and LiDAR-derived height. In 
contrast, at the moderate altitude of 24.4 m, increasing speed improves accuracy, with the highest R² 
(0.97) and the lowest RMSE (3.65 cm) and MAE (3.09 cm) achieved at 14.5 km/h. However, at higher 
altitudes, faster speeds lead to reduced accuracy evidenced by increased RMSE. Overall, optimal 
accuracy is achieved at moderate altitudes (24.4 m) with higher flight speeds, while higher altitude 
compromised measurement precision, particularly at faster speeds. The intercept and slope were 
significantly different from 0 and 1 respectively only for the highest flight altitude (48.8m) at all three 
speed settings. 

 
Figure 2. Scatterplots of manual measured plant height (cm) and LiDAR-derived plant height (cm) for two 
locations, Watkinsville (green) and Midville (blue). Each panel represents data from one UAV flight altitude and 
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speed combination. The solid black line represents the 1:1 line. The red line represents the regression line, with 
its equation shown inside each panel. The bold letters of the intercept and slope in the equation represent the 
significant difference from 0 and 1 respectively at p < 0.05. R2 is the coefficient of determination. MAE is the 
mean absolute error. RMSE is the root mean squared error. 

Using the results above, data from the UAV flight setting that optimized plant height prediction 
(i.e., flight altitude of 28.8 m and flight speed of 14.4 km/h) were selected and used in the downstream 
analysis of sub-sampling grid size for each location separately. For Watkinsville, as the grid sub-
sampling size increased from 0 cm to 50 cm, there was a significant reduction in processing time and 
file size, demonstrating that larger grid sub-sampling improves computational efficiency and reduces 
storage requirements (Table 1). Point cloud density decreased drastically by 99.6%, from 5834 
points/m² at 0 cm to just 21 points/m² at 50 cm. Total processing time followed a similar trend, 
reduced by 55.8% from 206 seconds at 0 cm to 91 seconds at 50 cm. File size decreased significantly, 
declining by 99.5% from 812 MB at 0 cm to just 4 MB at 50 cm.  

Table 1. Effect of grid sub-sampling size on LiDAR point cloud density, processing time and file size with data 
obtained from Watkinsville. 

Grid Sub-
sampling 

(cm) 

Point Cloud 
Density 

(points/m2) 

Benchmarking 
time 

DJI Terra 
(3D LiDAR point 
cloud modelling) 

(sec) 

Benchmarking 
time R 

(Elevation 
Modelling) 

(sec) 

Total time for 
processing 

(sec) 

File 
size 
(mb) 

0 5834 143 63 206 812 
10 539 101 55 156 149 
20 110 83 37 120 35 
30 41 82 21 103 13 
40 20 80 19 99 6 
50 21 77 14 91 4 

An increase in sub-sampling grid size and concurrent decreases in processing time and file size 
concur in lower quality of LiDAR data by reducing the point cloud density. In Watkinsville, the 
greatest agreement between manual height and LiDAR-derived height was obtained at no sub-
sampling (i.e., sub-sampling grid size of 0 cm, R2 = 0.88, RMSE = 2.86, MAE = 2.34 cm), with a 10-cm 
sub-sampling grid size producing acceptable agreement (R2 = 0.85, RMSE = 4.29, MAE = 3.56). With 
the coarsest sub-sampling grid size, fit metrics were significantly compromised (R2 = 0.38, RMSE = 
10.78, MAE = 7.97) (Figure 3). Both the intercept and slope were significantly different from 0 and 1, 
respectively, for the coarsest sub-sampling grid size (50 cm). Only the intercept showed a significant 
difference from 0 for the 30 cm and 40 cm sub-sampling grid sizes. In contrast, neither the intercept 
nor the slope differed significantly from 0 and 1, respectively, for grid sizes smaller than 30 cm. 
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Figure 3. Scatterplots of manual height and LiDAR-derived height in Watkinsville, GA. Each panel represents 
data from different sub-sampling grid sizes in Watkinsville. The title on left top of each graph shows the grid 
size used for sub-sampling. The solid black line represents the 1:1 line. The red line represents the regression 
line, with its equation showed inside each panel. The bold letters of the intercept and slope in the equation 
represent the significant difference from 0 and 1 respectively at p < 0.05. R2 is the coefficient of determination. 
MAE is the mean absolute error. RMSE is the root mean squared error. 

For Midville, as the grid sub-sampling size increased from 0 cm to 50 cm, there was a significant 
decline in all parameters, demonstrating the efficiency of larger grid sub-sampling (Table 2). As grid 
sub-sampling size increased from 0 cm to 50 cm, point cloud density decreased significantly, 
dropping by approximately 99.7% from 2637 points/m² to 9 points/m². Similarly, total processing time 
reduced by 57.4% from 183 seconds to 78 seconds, with benchmarking time in DJI Terra and R 
showing reductions of 47.2% and 80.4%, respectively. Additionally, file size decreased 99.6% from 
718 MB to just 3 MB. 

Table 2. Effect of grid sub-sampling size on LiDAR point cloud density, processing time and file size with data 
obtained from Midville. 

Grid Sub-
sampling 

(cm) 

Point Cloud 
Density 

(points/m2) 

Benchmarking time 
DJI Terra 

(3D LiDAR point 
cloud modelling) 

(sec) 

Benchmarking 
time R 

(Elevation 
Modelling) 

(sec) 

Total time 
for 

processing 
(sec) 

File 
size 
(mb) 

0 2637 127 56 183 718 
10 362 77 40 117 99 
20 87 70 26 96 24 
30 34 70 17 87 9 
40 17 67 13 80 5 
50 9 67 11 78 3 

In Midville, the greatest agreement between manual height and LiDAR-derived height was 
obtained at no sub-sampling (i.e., sub-sampling grid size of 0 cm, R2 = 0.94, RMSE = 4.66 cm, MAE = 
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3.78 cm), with a up to 20-cm sub-sampling grid size still producing acceptable agreement (R2 = 0.91, 
RMSE = 4.19 cm, Figure 4). With the coarsest sub-sampling grid size, fit metrics were significantly 
compromised (R2 = 0.63, RMSE = 9.51 cm, MAE = 6.86 cm). Only the intercept showed a significant 
difference from 0 for coarsest and 40 cm sub-sampling grid sizes. In contrast, neither the intercept 
nor the slope differed significantly from 0 and 1, respectively for grid sizes smaller than 40 cm. 

 
Figure 4. Scatterplots of manual height and LiDAR-derived height in Midville, GA. Each panel represents data 
from different sub-sampling grid sizes in Midville. The title on left top of each graph shows the grid size used 
for sub-sampling. The solid black line represents the 1:1 line. The red line represents the regression line, with its 
equation showed inside each panel. The bold letters of the intercept and slope in the equation represent the 
significant difference from 0 and 1 respectively at p < 0.05. R2 is the coefficient of determination. MAE is the 
mean absolute error. RMSE is the root mean squared error. 

Slope choice during the processing of the point clouds had no significant effect on the mean 
difference between manual and LiDAR-derived heights across two locations (Figure 5). 
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Figure 5. Boxplots of differences between manual height and LiDAR-derived heights at three slope choices for 
point ground classification in DJI Terra software for two locations, Watkinsville (green) and Midville (blue). The 
y-axis represents the difference (manual - LiDAR), with values closer to zero indicating better agreement. Mean 
differences were determined at a significance level of 5% using the Least Significant Difference test. Treatments 
that share the same letter are not significantly different. 

Similarly, the tested slope choices (flat, gentle and steep) in DJI Terra software for point cloud 
classification showed similar performance across both locations when compared to manually 
measured heights, as reflected by comparable R² (0.93-0.95), RMSE (4.42-4.77cm) and MAE (3.41-3.6) 
(Figure 6). The intercept and slope were not significantly different from 0 and 1, respectively, for any 
of the three slope choices. 

 

Figure 6. Scatterplots of manual height and LiDAR-derived height. Each panel represents data from different 
slope-choices for point cloud classification for two locations, Watkinsville (green) and Midville (blue). The title 
on left top of each graph shows the slope-choice made. Solid black line represents the 1:1 line. Red line represents 
the regression line, with its equation showed inside each panel. The bold letters of the intercept and slope in the 
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equation represent the significant difference from 0 and 1 respectively at p < 0.05. R2 is the coefficient of 
determination. MAE is the mean absolute error. RMSE is the root mean squared error. 

4. Discussion 

In this study, we investigated the effect of UAV flight parameters and data processing steps on 
cotton plant height estimation accuracy. This research establishes a framework for developing 
optimized flight plans and data processing protocols aimed at improving the accuracy, efficiency, 
and scalability of LiDAR-derived information. This work is unique and fills an important 
methodological gap in using UAV LiDAR for row crop height estimation. In specific, this research 
can serve as a foundational framework for selecting flight settings during the peak bloom stage of 
cotton that balance data quality with practical considerations, such as minimizing processing time 
and maintaining manageable file sizes. Additionally, it holds particular significance for cotton, where 
management practices like PGR application rely on accurate plant height measurements to optimize 
production. 

Our results showed that varying UAV flight speed had a minimal impact on the accuracy of 
plant height assessment compared to changes in flight altitude. This aligns with previous studies that 
have highlighted the significant influence of altitude on point cloud density and the subsequent 
accuracy of vegetation structure measurements [21,29]. Lower flight altitudes generally produce 
denser point clouds, which enhance measurement precision but may introduce more noise due to 
increased overlap and redundant data capture. Conversely, higher altitudes result in sparser point 
clouds, potentially reducing measurement accuracy [30–32]. For instance, [33] demonstrated that a 
flight altitude of 85 m provided more accurate tree height estimations compared to 145 m, while 
ensuring sufficient coverage and sensor safety in complex terrains. This finding suggests that lower 
flight altitudes improve height estimation accuracy, likely due to higher point cloud density. 
However, there is a difference in LiDAR application between tree canopies and row crops such as 
cotton, stemming from their distinct structural characteristics. Unlike trees, which have loose and 
varied canopies, cotton canopies have dense, uniform foliage that heavily obscures the ground. This 
dense foliage complicates the accurate estimation of DTM, as also noted by [34], [35] and [36]. In our 
study, lower flight altitudes were more effective in capturing detailed ground information under 
dense cotton canopies, demonstrating the importance of tailoring flight parameters to the specific 
structural characteristics of the vegetation being analyzed. [12] reported that a LiDAR sensor 
mounted on a tractor achieved a root mean square error (RMSE) of 6.5 cm in field-based cotton height 
measurements. In comparison, our study demonstrated that under optimal UAV flight settings, an 
RMSE of 3.65 cm could be achieved, indicating a higher level of accuracy. Furthermore, while both 
approaches provide valuable canopy height estimations, UAV-based LiDAR offers a significantly 
more efficient and rapid data acquisition method. 

Our study further demonstrated the value of optimizing data processing techniques for LiDAR 
datasets. For instance, we found that sub-sampling the point cloud to a grid size of up to 20 cm (86% 
- 90% reduction in point cloud density from the original data) maintained sufficient accuracy for 
height measurements while significantly reduced data size. This aligns with recent advancements in 
point cloud processing, such as shape-aware down-sampling techniques, which have been shown to 
preserve structural integrity while eliminating unnecessary data points, thereby improving the 
overall quality of the dataset [37]. Furthermore, reducing the point cloud density by 25% still resulted 
in accurate LiDAR-derived crop height estimations, maintaining an R2 of 0.96 with the actual 
measured crop height[38]. Also, reducing the point cloud density to approximately 7.32 points/m² 
maintained a strong correlation between LiDAR-derived and manually measured canopy heights, 
with R² values ranging from 0.65 to 0.75. However, when the point cloud density was further reduced 
to 0.074 points/m², the accuracy declined significantly, with R² dropping to 0.3 [29]. This suggests that 
while some level of point cloud thinning is feasible without substantial accuracy loss, excessive 
reduction in point density compromises the reliability of canopy height estimations. The reduction 
in point cloud density also translated to smaller file sizes and shorter processing times, enhancing 
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the practicality of working with LiDAR datasets in resource-limited environments. Larger file sizes 
tend to slow down analysis and increase computational overhead, which can be a significant 
bottleneck for large-scale studies. 

Our study revealed that varying slope parameters during the classification of LiDAR point 
clouds into ground and non-ground points had no significant effect on the classification accuracy. 
This finding suggests that the underlying algorithms utilized by DJI Terra are robust and effectively 
handled variations in user-defined slope settings during the data processing workflow. 

Although this work represents an important step in proposing recommendations for UAV-based 
LiDAR use in cotton, some limitations and gaps remain. The major limitation of this research is its 
focus on a single crop, cotton, which restricts the generalizability of findings to other crops with 
different canopy structures and growth patterns.  Also, this study focused on a single growth stage 
when the canopy was fully developed and provided maximum coverage. While these results are 
highly relevant for critical cotton growth stages such as flowering, and boll development—key 
periods for evaluating plant height for management practices—they may not be as applicable to the 
early growth stages when canopy cover is minimal. Early-stage flights would likely exhibit different 
LiDAR responses, including greater ground visibility and less point cloud interference from 
overlapping leaves. Moreover, other influential flight factors such as flight overlap, scan angles, and 
UAV trajectory planning were not addressed. Flight overlaps and scan angles, for example, play a 
critical role in ensuring data completeness and accuracy, particularly in terrains or fields with uneven 
surfaces [39].  

Future studies should include UAV flights on various crops with differing canopy structures, 
such as maize, wheat, and soybean. Additionally, flights at different growth stages should be further 
tested to improve generalizability across the growing season. Research on varying flight overlap, scan 
angles, and UAV trajectories could further elucidate other aspects of flight settings to optimize data 
collection for different crops and field conditions and merit attention in future studies. 

5. Conclusions 

This study provided key recommendations for UAV LiDAR flight settings and data processing 
steps for cotton height estimation and serves as an initial step for new users of this technology. UAV 
flight speed had no significant effect on the accuracy of LiDAR data acquisition, whereas flight 
altitude significantly influenced data quality. As flight altitude increased, point cloud density 
decreased, which led to a gradual loss of structural integrity in the captured vegetation data, thereby 
affecting the accuracy of canopy height estimation. For any optimal flight height, to address 
challenges associated with longer data processing times and larger file sizes, we found that sub-
sampling the point cloud up to 20 cm grid size provided an effective balance between data reduction 
and information retention. Additionally, our findings indicate that the slope choices during point 
cloud classification did not affect the accuracy of LiDAR-derived measurements, further highlighting 
the effectiveness of DJI Terra’s automated classification algorithm in ensuring reliable data outputs. 
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