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Abstract

Crop canopy height is a key structural indicator that is strongly associated with crop
development, biomass accumulation, and crop health. To overcome the limitations of
time-consuming and labor-intensive traditional field measurements, Unmanned Aerial
Vehicle (UAV)-based Light Detection and Ranging (LiDAR) offers an efficient alternative by
capturing three-dimensional point cloud data (PCD). In this study, UAV-LiDAR data were
acquired using a DJI Matrice 600 Pro equipped with a 16-channel LiDAR system. Three
canopy height estimation methodological approaches were evaluated across three crop
types: corn, soybean, and winter wheat. Specifically, this study assessed machine learning
regression modeling, ground point classification techniques, percentile-based method and
a newly proposed Dual-Range Averaging (DRA) method to identify the most effective
method while ensuring practicality and reproducibility. The best-performing method for
corn was Support Vector Regression (SVR) with a linear kernel (R? = 0.95, RMSE = 0.137 m).
For soybean, the DRA method yielded the highest accuracy (R? = 0.93, RMSE = 0.032 m).
For winter wheat, the PointCNN deep learning model demonstrated the best performance
(R? = 0.93, RMSE = 0.046 m). These results highlight the effectiveness of integrating UAV-
LiDAR data with optimized processing methods for accurate and widely applicable crop
height estimation in support of precision agriculture practices.

Keywords: UAV-based LiDAR; point clouds; crop height; precision agriculture; PointCNN;
CSF; machine learning

1. Introduction

Precision Agriculture (PA) occupies a prominent place in promoting sustainable agri-
culture, which aims to make efficient use of existing resources while simultaneously enhanc-
ing food production and improving food safety [1,2]. PA leverages technology and data
to provide growers with site-specific and timely information on crop conditions during
various growth stages, so that it facilitates precise monitoring and control over both the
quantity and quality of agricultural produce [3,4]. Technologies are utilized in different
aspects of PA. Particularly, hardware remote sensing technologies such as Red-Green-Blue
(RGB) cameras, multispectral and hyperspectral sensors, stereo cameras, and Light De-
tection and Ranging (LiDAR) sensors bring a revolution in data collection [5,6]. Rather
than relying on time- and labor-intensive manual data collection in fields, these remote
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trained sensing technologies replace traditional field data collection with more timely and
precise methods.

Among various phenotypic characteristics, crop height is a critical indicator of crop
evapotranspiration [7], crop yield [8], crop biomass [9], and crop health [10], so it is vital to
obtain crop height when conducting research activities for PA. One of the remote sensing
technologies that can obtain precise crop height information is LIDAR. A LiDAR device
primarily measures the distance between the sensor and a target surface through short-
duration laser pulses [11]. In the 1990s, researchers started to study the applications of
LiDAR in the field of agriculture. Over time, the cost of investment in LiDAR has become
more affordable, which allows more attempts to utilize LiDAR in PA [5,12]. As LiDAR
technologies have advanced and demand has increased, they have been deployed across
various platforms, including terrestrial LIDAR (Terrestrial Laser Scanner, TLS), mobile
LiDAR (Mobile Laser Scanner, MLS), aerial LIDAR (Airborne Laser Scanner, ALS), and
spaceborne satellites. However, the scale of spaceborne platforms is typically too large for
localized agricultural studies. Consequently, TLS, MLS, and ALS are most commonly em-
ployed in agricultural applications. TLS is normally mounted on ground-based structures,
such as tripods or towers, and is particularly well-suited for capturing the structural and
architectural information of large, individual standing objects, such as fruit trees and tall
forest trees. This platform enables detailed observation of leaves and branches, focusing
on their geometric properties [9,13,14]. MLS involves mounting LiDAR devices on mobile
platforms such as tractors, manually operated carts and field robotics [15-17]. While MLS
can cover larger areas and support additional sensors and devices, its use in crop fields
can be time-consuming, often requiring hours to survey an entire study area. Furthermore,
the potential for field damage during data collection remains a challenge. ALS encom-
passes both airborne LiDAR and UAV-based LiDAR, with the latter being more widely
adopted in crop field studies due to its lower cost, higher efficiency, and finer spatial resolu-
tion [5,12,18]. UAV-based LiDAR is particularly favored in studies of traditional crops such
as wheat and maize, which are characterized by dense growth, homogeneous canopies, and
extensive field coverage. These attributes make UAVs the optimal choice for efficient and
cost-effective data collection [5]. In this study, we utilize UAV-based LiDAR to investigate
corn, winter wheat, and soybean, which are crop types in high demand globally [19]. The
use of this technology is crucial for enhancing the productivity of these crops and fostering
advancements in yield and quality. Numerous studies have demonstrated the effectiveness
of UAV-based LiDAR in similar contexts, yielding promising results [20-24].

UAV-based LiDAR has been widely employed in forestry and urban infrastructure,
where data processing algorithms and software are primarily developed to address the
specific characteristics of these environments. In forestry, the large size of trees, clear spatial
separation between canopies, and well-defined growth structures facilitate efficient data
acquisition and processing. For example, Liu et al. (2020) [25] utilized TerraScan 020.026 to
generate canopy height models (CHM) by calculating the difference between the digital
surface model (DSM) and the digital terrain model (DTM). The DTM was generated using
a triangulated irregular network (TIN), while the DSM was derived using a maximum
value algorithm. Similarly, Brede et al. (2017) [26] employed this approach using LAStools
to extract CHMSs. Although these methodologies are well established in forestry and
urban studies, they are not directly transferable to agricultural point cloud datasets due
to the distinct structural characteristics of crop fields. In agricultural settings, crops are
typically planted in close proximity, leading to dense canopies with less spatial separation.
Additionally, the homogeneous canopy of crops further complicates differentiation within
the point clouds, and rapid growth rate combined with dynamic morphological changes
in crop plants at various growth stages impose greater demands on the adaptability of
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applied methods, rendering traditional approaches less effective for accurately extracting
crop height and structural information. Consequently, most existing point cloud data (PCD)
processing methods optimized for forestry and urban landscapes often underperform
when applied to agricultural environments. Recognizing these challenges, researchers
have developed domain-specific approaches for agriculture. For instance, Song (2019) [27]
developed the Moving Cuboid Filter specifically to address noise in winter wheat point
clouds, highlighting the need for tailored approaches in the agricultural domain. The
adaptation of mainstream point cloud processing techniques to agricultural applications
remains a topic of significant interest.

1.1. Related Work

In agricultural studies of crop height extraction, selecting appropriate filtering, ground
classification, and height extraction methods is of paramount importance for ensuring
accurate height estimation from PCD, particularly when accounting for variations in crop
types and data collection conditions. Several widely used software platforms support these
tasks. Zhou et al. (2020) [22] employed the CHM subtraction method to extract maize
height using LiDAR360 software version 3.0. Their workflow included essential steps
such as point cloud denoising, classification, filtering, and height extraction. Similarly,
Yang et al. (2024) [28] applied the same software and methodology for cotton fields.
Ten Harkel et al. (2019) [29] utilized LAStools with the lasground function. to compute
CHMs by selecting a subset of top points within each grid cell and applied this approach
across multiple crops, including sugar beet, potato, and winter wheat. Similarly, Liu
et al. (2020) [25] used MATLAB 2019b to conduct height maps for cotton by averaging the
five highest points within each region. Zhang et al. (2024) [30] derived the DSM as the
average of maximum values per individual plant and the DTM as the minimum along
planting rows, enabling both plant-scale and plot-level measurements. Maimaitijiang
et al. (2020) [31] applied Statistical Outlier Removal for denoising and generated the
DEM using the 1st percentile of the cumulative elevation probability distribution. The
canopy height was then calculated as the difference between the original elevations and
the DEM. Srollertt (2024) [32] processed PCD with LAStools for filtering and ground point
classification, constructed a TIN-based ground model, and estimated grass height as the
difference between ground and non-ground points. Li et al. (2024) [33] adopted supervised
random forest classification to delineate structural features of summer maize, and the Cloth
Simulation Filter (CSF) algorithm was subsequently employed to classify point clouds into
ground and non-ground classes. Crop height was then derived using the CHM subtraction
method, with DSM and DTM generated from the segmented PCD. Several studies have
employed regression or machine learning algorithms to estimate crop height using LIDAR-
derived metrics. Liu et al. (2024) [34] calculated upper and lower percentiles using the
elevation values stored in the LIDAR points and concluded that the correlation coefficient
between the LIDAR-measured maize height and manually measured maize height was
higher than 0.9. Hiitt et al. (2023) [35] normalized point cloud heights from ellipsoidal
absolute heights to heights above ground using filtering and classification, and then applied
various LiDAR-derived metrics (e.g., mean, maximum, percentiles, bincentiles) in linear
models to estimate winter wheat height.

1.2. Contribution

This study makes two key contributions. First, to our knowledge, this study provides
the first systematic multi-crop comparison of six canopy height estimation methods using
UAV-based LiDAR data: Random Forest Regression (RFR), Support Vector Regression
(SVR), Cloth Simulation Filter (CSF), PointCNN deep learning, the percentile-based method,
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and a newly proposed Dual-Range Averaging (DRA) method [23,36—40]. Second, this study
introduces the novel DRA method, which extends beyond fixed-percentile approaches by
averaging LiDAR point elevations within optimized upper and lower ranges [35,41,42].
This dual-threshold strategy reduces sensitivity to ground modeling errors, enhances
robustness across varying canopy conditions, and its fully open-source implementation
ensures reproducibility.

2. Materials and Methods
2.1. Study Area and Data Collection

Ground truth data and remote sensing LiDAR data were collected during the summer
of 2024. The LiDAR PCD is utilized to evaluate methodologies for extracting crop height.
These methodologies will be validated by assessing the correlation between the estimated
results and the ground truth reference data. This study focused on winter wheat, maize,
and soybean fields. Winter wheat was planted in October of the previous year 2023, maize
in April 2024, and soybean in June 2024. Fieldwork was conducted in Central Elgin,
southwestern Ontario, Canada. Figure 1 illustrates the locations of the study sites and
the corresponding sampling points within each field. The sampling distribution included
31 samples in S1, 32 samples in C1, and 40 samples in W1. Detailed flight dates and
corresponding crop phenology are provided in Table 1. Ground truth data were collected
either on the same day or the following day. It was assumed that crop height remained
unchanged within this two-day window.
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Figure 1. The locations of study sites in Central Elgin, Ontario, Canada, and selected sample points
for ground truth measurements in Soybean field (S1), Corn field (C1) and Winter wheat field (W1).
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Table 1. Corn, soybean and winter wheat remote-sensed data collection dates and corresponding
crop phenology recordings.

Corn Soybean Winter Wheat

2024 2024 2024
Date Growth Stage BBCH ! Date Growth Stage BBCH Date Gsr:; ‘g(:h BBCH

Leaf Stem
12 June Leaf 19 4 July Development -3 2 May Elongation 33-35

Development Inflorescence
47ul Inflorescence 19 July Emergence 55-59 16 May Booting 43-47
uly Emergence, 40-51 Inflorescence
Heading 26 July Flowering 61-65 24 May Emergence, 55-59
Heading

! Biologische Bundesanstalt, Bundessortenamt and CHemical industry.

2.1.1. Ground Truth Data Collection

To ensure the robustness of the analysis, a minimum of 30 sample points were allocated
to each field, aiming to mitigate the effects of localized variability and account for the spatial
heterogeneity and homogeneity present within the crop field. This sampling strategy aligns
with the study’s focus on precision agriculture, which seeks to estimate crop-related metrics
at a subfield level. Consequently, sample points were selected systematically at 20 m
intervals, with adjustments for nearby infrastructure, UAV flight paths and takeoff/landing
sites, and the flight area limited by battery capacity. This spacing ensured representative
coverage and a sufficient number of sample points collected in each field to capture subfield
variability. Geographic coordinates for the sample points were exported from Google Earth
in Keyhole Markup Language (KML) format, facilitating offline access on mobile devices
for navigation. This ensured accurate and consistent positioning of sample points during
ground truth data collection. Crop height was measured from the soil surface to the tallest
point of the plant using a measuring stick for plants under 1 m in height and a tape measure
for taller plants. At each sample point, six random measurements were collected within
a 1 m? block, recorded in meters to two decimal places, with a measurement accuracy of
0.01 m. The average value was then calculated for subsequent analysis.

2.1.2. UAV-Based LiDAR Data Collection

UAV-based LiDAR data were collected using a Da-Jiang Innovations (DJI) Matrice
600 Pro drone (DJI Technology Co., Shenzhen, China) equipped with a Headwall Hyperspec
Co-Aligned VNIR-SWIR Imaging Sensor and a 16-channel Velodyne Lidar Puck (Headwall
Photonics, Inc., Bolton, MA, USA; Velodyne Lidar, San Jose, CA, USA), shown in Figure 2.
The Velodyne VLP-16 Puck LiDAR sensor, operating at a wavelength of 903 nm, has a
typical spatial accuracy of +3 cm, depending on factors such as flight altitude, surface
reflectivity, and GPS/IMU quality. Flight planning was conducted using UgCS Software
version 5.0 (SPH Engineering, Riga, Latvia) before the initial flight. The mission was
designed to cover the study areas where sample points were located, and the same flight
mission was consistently executed on all flight dates to maintain uniformity across datasets.
The Trimble SPS-585 Base Station (Trimble Inc., Westminster, United States) was employed
for post-processing GPS data to ensure high positional accuracy. Before each flight, sensor
adjustments and tests were performed using the Hyperspec III (version 2020; Headwall
Bolton, Fitchburg, MA, USA), which also controlled data acquisition during the mission.
The UAV, with a takeoff weight of 13.8 kg, was manually launched and landed, maintaining
a flight altitude of 70 m and a speed range of 2.5-4 m s~! during data capture to balance
data resolution, field coverage, and acquisition stability, while minimizing flight-induced
shaking and ensuring consistent hyperspectral and LiDAR point cloud quality. A boustro-



Drones 2025, 9, 683

6 of 26

phedonic lawnmower flight pattern was used, with parallel, alternating-direction flight
lines to ensure full coverage of the study area. Only data collected during active scanning
within the defined target polygon were retained for analysis. A total of eight point cloud
datasets were collected in 2024.

Figure 2. DJI Matrice 600 Pro drone (DJI Technology Co., Shenzhen, China) equipped with a Headwall
Hyperspec Co-Aligned VNIR-SWIR Imaging Sensor and a 16-channel Velodyne Lidar Puck (Headwall
Photonics, Bolton, MA, USA).

2.2. LiDAR Data Pre-Processing

Once each data collection session was completed, the base data from the Trimble SPS-
585 Base Station can be utilized as a reference point to enhance the accuracy of positioning
data obtained by GPS receivers. The High-Performance GPS data, which are timestamped
in Coordinated Universal Time (UTC), and the base data were imported into the POSPac
to create the post-processed Smoothed Best Estimate of Trajectory (SBET) file. With the
SBET file in conjunction with the LiDAR returns data, the Headwall software LiDAR
Tools III (version 2020) created the LiDAR LASer (LAS) file, which is also known as Point
Cloud Data. The point cloud output LAS file can be viewed in CloudCompare (Girardeau-
Montaut) [31,32]; meanwhile, any isolated noise in the PCD caused by sunlight can be
manually removed.

2.3. Point Cloud Data Preparation

The PCD for each field was filtered using the Statistical Outlier Removal algorithm
to remove possible noise caused by sunlight [43]. For training the regression models, the
PCD blocks corresponding to the sample points were segmented from the original dataset.
Each block was a 3D column with dimensions of 1 x 1 m in the x and y axes, matching
the 1 m? area where ground truth height measurements were recorded. These segmented
blocks, specifically located at the sample points, were paired with their corresponding
measured heights for training. For the deep learning PointCNN method, a sufficiently
large and diverse training dataset was required. To achieve this, 30% of the total area of
the original PCD for the entire field was randomly selected and manually labeled. This
manually labeled subset served as the input for training the PointCNN model, enabling it to
accurately learn and predict crop canopy height. Figure 3 summarizes the methodological
framework in a flowchart.
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Figure 3. Methodology flowchart of this study.

2.4. Machine Learning Regression Modeling

Machine learning models have proven effective in leveraging the complex relation-
ships between LiDAR-derived metrics and plant canopy characteristics [23,44]. These
models can analyze large datasets, uncovering non-linear patterns that traditional statisti-
cal methods may overlook. In this study, Random Forest Regression (RFR) and Support
Vector Regression (SVR) were implemented in Python 3 using scikit-learn to model the
relationship between LiDAR-derived metrics and crop canopy height.

2.4.1. Random Forest Regression

RFR is an ensemble learning method that reduces variance and enhances model
robustness by combining independent decision trees generated from multiple data subsets
through sampling with replacement, a technique known as bagging. At each splitin a
tree, a random subset of features is considered, ensuring diverse tree structures. RFR is
particularly well-suited for handling high-dimensional data and mitigating overfitting by
averaging for regression, making it ideal for processing diverse LIDAR metrics.

2.4.2. Support Vector Regression

SVR is a machine learning method for regression tasks that works by finding the best-fit
line or hyperplane in a high-dimensional space. It minimizes error while allowing a margin
of tolerance (&) around the true values. The key data points influencing this hyperplane,
known as support vectors, lie closest to or outside the tolerance margin and are identified
through an optimization process during training. By focusing only on these critical points,
SVR achieves efficiency and reduces the risk of overfitting. SVR effectively handles both
linear and non-linear relationships by using kernel functions. This flexibility makes it a
powerful tool for capturing complex patterns in data, including relationships between
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LiDAR-derived metrics and crop canopy height. In this study, the linear kernel and radial
basis function (RBF) kernel were utilized to model the relationship between LiDAR-derived
metrics and crop height. Two key hyperparameters were tuned: C, which controls the trade-
off between minimizing training errors and maintaining a smooth decision boundary, and
o, the kernel parameter for the RBF kernel, which determines the influence of individual
data points on the model [45,46].

For each 3D column, commonly applied LiDAR-derived metrics were calculated
using all points within the column [23,35,44]. To compute the Laser Intercept Index (LII),
the bottom 10% of points were classified as ground points, while the remaining points
were classified as non-ground points. These metrics served as input features for training
machine learning regressions. A detailed list of the metrics used during the training process
is presented in Table 2.

Table 2. The 19 Feature Variables used in RFR and SVR.

LiDAR-Derived Metrics Description
Height_Max Maximum height of the point cloud.
Height_Mean Average height of the point.
Height_Std Standard deviation of height values.
Height_Skewness Measures the asymmetry of the height distribution.
Height_Kurtosis Quantifies peakedness or flatness of the height distribution.

Height_Coefficient_of Variation [47]

Canopy Relief Ratio (CRR) [48]

Normalized variability, calculated as ratio of standard deviation to
mean height.
CRR = (Height_Mean — Height_Min)/
(Height_Max — Height_Min)
LII = Nv/(Nv + Ng),

Laser Intercept Index (LII) [49] where Nv and Ng are numbers of vegetation points and ground

points separately.
Percentile heights from 50th to 99th percentile
(P50, P60, P70, P80, P85, P88, P90, P92, P95, P98, P99).

2.5. Ground Point Classification

Ground points refer to the backscattered laser signals reflected from the bare earth sur-
face, while non-ground points correspond to signals reflected from all non-terrain features,
including buildings, vegetation, and other above-ground structures. Differentiating ground
and non-ground points and generating accurate ground point classifications are essential
for subsequent point cloud analyses, such as height extraction and 3D model construction.
Consequently, selecting an appropriate ground point classification method is a critical
processing step. In this study, two widely recognized approaches, the CSF algorithm and
the deep learning-based PointCNN model, are utilized to classify ground points from
UAV-based LiDAR PCD. Both methods demonstrated high overall accuracy and strong
transferability in ground classification when applied to UAV-LiDAR point clouds collected
from agricultural fields [18,43].

2.5.1. CSF

The Cloth Simulation Filter (CSF) algorithm is a widely recognized method for fil-
tering ground points in PCD and has been extensively implemented in various software
applications, including CloudCompare v2.13.1. When applied to point cloud datasets, the
CSF algorithm inverts the point cloud and simulates the placement of a flexible cloth above
it. Under the influence of gravity, the cloth deforms and conforms to the underlying terrain,
mimicking natural surface interactions. The final shape of the deformed cloth, determined
by the interactions between its nodes and the corresponding LiDAR points, serves as a
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reference surface. This surface is then used to classify the original point cloud into ground
and non-ground points, facilitating further DTM extraction [39].

2.5.2. PointCNN

In 2018, Li et al. (2018) [40] introduced the PointCNN model for feature learning from
point clouds. The PointCNN model is a generalization of typical Convolutional Neural
Networks (CNNSs), it adopts a convolutional-based approach in a hierarchical manner to
learn on irregular PCD. The core of PointCNN is the transformation. The X-Conv recur-
sively operates in local regions, learns a transformation matrix that permutes the input
neighborhood points of each centroid into a more canonical form and weighs the features
of the points before they are processed by a typical convolution. The application of convo-
lution on the X-transformed features greatly enhances the utilization of convolution kernels
and enhances the ability of convolution operations to extract features from unordered
PCD [18,40,50-52].

In Figure 4a—c, the transformation of dense point clouds into a reduced set of points
with learned information is illustrated. At each hierarchical convolution step, the X-
Conv operation is applied to aggregate information from the point neighborhoods into a
smaller number of representative points (9 — 5 — 2), each containing richer information.
Figure 4d depicts the PointCNN architecture for segmentation. The X-Conv operator not
only transforms the input points (with or without features) into fewer representation points
but also propagates global information into high-resolution predictions. In Figure 4d, F
denotes the feature map, N denotes the output representative point number, C represents
feature dimensionality, K; is the number of neighboring points for each representative point
or K; nearest neighbors, and D is the X-Conv dilation rate [18,40,50].

(a) (b) (c)
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Figure 4. The operational principles of the PointCNN model for segmenting PCD: (a) Input dense
PCD in a local region, (b,c) Reduction to fewer representative points (green and purple) following
the application of the X-Conv operator with multiple channels. Figure modified from [40]. (d) The
comprehensive PointCNN segmentation framework comprising four X-Conv operators. Figure
extracted from [40].
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The PointCNN model can be implemented through Python scripts or directly within
ArcGIS Pro (Environmental Systems Research Institute, Inc., Redlands, CA, USA). In this
study, the PointCNN model was applied using ArcGIS Pro’s deep learning geoprocessing
tools. The Prepare Point Cloud Training Data tool organizes the input datasets into a
structured format suitable for training and validating the classification model. The prepared
file is then utilized by the Train Point Cloud Classification Model tool to develop the
classification models. Separate models were trained for each point cloud dataset collected
on individual flight dates, while combined models incorporating multiple datasets were
also trained for comparison. The PointCNN model architecture was employed for training,
using the X, Y, and Z attributes of each point as input features. The model selection criteria
were based on Validation Loss, where the model with the lowest entropy loss on the
validation data was selected. Training parameters included a maximum of 11 epochs,
determined from prior experience, and the implementation of the One Cycle Learning Rate
strategy. This strategy dynamically adjusted the learning rate during each epoch, following
the Fast Al 1-cycle technique. The batch size was set to its default value of 2. At the end of
each training session, the model was saved in a Deep Learning Package [53].

2.6. Percentile-Based Method and Dual-Range Averaging Method
2.6.1. Percentile-Based Method

The percentile-based method is a statistical approach that estimates canopy height
from the distribution of point elevations within a point cloud. To account for spatial
variability, the PCD is divided into 1 x 1 m 3D columns (Figure 5a), enabling localized
analysis. Within each column, canopy height is calculated as the difference between an
upper and a lower percentile. Asillustrated in Figure 5b, upper percentiles are selected from
80% to 100% in 0.5% increments to represent the canopy surface, while lower percentiles
are selected from 0% to 20% in 0.5% increments to approximate the ground surface. This
approach reduces the influence of noise and outliers by focusing on representative portions
of the elevation distribution.
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Figure 5. Workflow Illustration of the methods. (a) The point cloud data is divided into 1 x 1 m
3D columns for localized analysis. (b) Within each column, canopy height is estimated using the
percentile-based method and the DRA method.
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2.6.2. Dual-Range Averaging Method

The Dual-Range Averaging (DRA) method follows the same initial step as the per-
centile method, with the PCD divided into 1 x 1 m 3D columns to account for spatial
variability. Within each column, various top and bottom elevation ranges are systematically
tested to identify the optimal combination for accurate height estimation. The upper bound-
ary is defined by selecting a starting percentile between 80% and 100%, in 1% increments,
with an ending percentile extending at least 2% higher, up to 100%, using 2% increments.
The lower boundary is established by selecting a starting percentile from 20% down to 0%,
in 2% increments, with the ending percentile at least 2% lower than the starting point. The
canopy height is then estimated by calculating the difference between the average height of
points within the top range and the average height of points within the bottom range. This
averaging approach minimizes the impact of outliers and ensures a stable, representative
estimate of canopy height, particularly in areas with irregular elevation patterns.

Unlike the percentile-based method, which relies on predefined cutoffs (e.g., the
98th percentile), the DRA method simultaneously optimizes both upper and lower range
thresholds within each 3D column. This dual-threshold strategy improves robustness by
accounting for structural variability and uneven point density, providing a more represen-
tative characterization of canopy structure under diverse field conditions. It is particularly
useful for densely planted crops with homogeneous canopies, such as winter wheat, where
a single high percentile may oversimplify the canopy surface. Because ground-truth canopy
heights in this study were averaged from six physical measurements per block, incorpo-
rating a broader set of canopy points ensures more consistent and comparable estimates.
Furthermore, in dense canopy fields where ground points are often incompletely cap-
tured, the flexibility to adjust both top and bottom thresholds helps mitigate errors and
enhances accuracy.

To determine the optimal parameter combinations for both methods, the Pareto effi-
ciency score approach was applied, following the methodology outlined by Ten Harkel
et al. (2019) [29]. Performance was evaluated independently for each collection date us-
ing the metrics described in Section 2.7, thereby accounting for temporal variability in
canopy structure.

2.7. Accuracy Assessment

To assess the performance of different height estimation methods, three evaluation
metrics were used: root mean square error (RMSE), mean absolute error (MAE), and
coefficient of determination (R?). RMSE and MAE measure the magnitude of estimation
errors, with RMSE being more sensitive to larger deviations, while MAE reflects the average
error. R? evaluates the strength of the correlation between estimated and measured canopy
heights, indicating how well the model captures variability in the data. The equations for
these metrics are as follows:

n 52
RMSE = # (1)
MAE — Zi—1|Zi_Yi| )
n 52
Y1 (vi—Y)

where y; represents the observed value for the i-th observation, while §; denotes the
corresponding predicted value. The term ¥ refers to the mean of the observed values, and n
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is the total number of observations. The index i serves as the summation index, increasing
from 1 to n.

For machine learning models, performance was assessed using 100 random splits of the
ground-truth samples, with each split divided into 70% training and 30% validation subsets.
Validation samples were entirely excluded from training. Repeated cross-validation was
employed to maximize the use of available data. The reported RMSE, MAE, and R? values
represent the average across all iterations, minimizing partitioning bias and providing a
more reliable assessment of model performance.

3. Results
3.1. Machine Learning Regression Modeling

The performance of RFR and SVR using both RBF and linear kernels was evaluated
for crop height estimation across three crop types: soybean, corn, and winter wheat. A
total of 19 LiDAR-derived variables were used as input features, including height-related
metrics, the LI, and percentile heights (P50-P99). Model performance was assessed using
the coefficient of determination, RMSE and significance level (p-value). For each crop
type, only the results from the SVR kernel function that yielded the best performance are
presented, with the linear kernel selected for corn and the RBF kernel used for soybean and
wheat. The results are summarized in the corresponding tables.

The results for corn height estimation are presented in Table 3. The SVR model using a
linear kernel outperformed the RBF kernel and, in some cases, surpassed the RFR. The RFR
showed strong training performance, particularly on July 4, where it achieved a training R?
of 0.87 and an RMSE of 0.058 m. However, validation results for single-date datasets were
weak, with non-significant R? values for both models. The best validation performance
was achieved with the combined June 12 and July 4 datasets, where the RFR reached a
validation R? of 0.93 and an RMSE of 0.164 m. The SVR model performed even better with
the linear kernel, achieving a validation R? of 0.95 and an RMSE of 0.137 m. These results
suggest that the linear kernel is more effective for corn height estimation, particularly when
utilizing multi-temporal data.

Table 3. Training and validation statistics for corn: analysis by date and modeling approach (RFR
and SVR with linear kernel) using 19 LiDAR-derived variables as input features. n represents the
number of data entries for each dataset.

Training Validation
Dat
ate Model (n) R p-Value RMSE R2 p-Value RMSE
(m) (m)
June 12 RFR 32 0.83 <0.05 0.014 —0.6 NS 0.039
SVR 32 0.05 NS 0.033 —0.43 NS 0.037
July 4 RFR 32 0.87 <0.01 0.058 —0.13 NS 0.155
y SVR 32 0.23 NS 0.141 —0.07 NS 0.151
June 12, July 4 RFR 64 0.99 <0.001 0.066 0.93 <0.001 0.164
Y SVR 64 0.97 <0.001 0.106 0.95 <0.001 0.137

The performance of RFR and SVR models for soybean height estimation is summarized
in Table 4. The RFR consistently outperformed the SVR model across all datasets. When
trained on separate date, referred to as the separate-date model, the RFR demonstrated
strong predictive performance, achieving the highest training R? of 0.93 on July 19, with
an RMSE of 0.014 m. However, validation performance for separate-date models was
generally weak, with non-significant R? values, indicating limited generalizability. The
separate-date SVR model, using the RBF kernel, showed lower performance than the RFR,
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with several instances of negative R? values. Performance improved substantially when
combining datasets from multiple dates. When trained on the full dataset from all three
dates (July 4, 19, and 26), the RFR achieved a validation R? of 0.83 and an RMSE of 0.061 m.
The best results were obtained when using the datasets from July 4 and 26, with the RFR
reaching a validation R? of 0.89 and an RMSE of 0.057 m. The SVR model also improved
under the same conditions, achieving a validation R? of 0.86 and an RMSE of 0.066 m.

Table 4. Training and validation statistics for soybean: analysis by date and modeling approach (RFR
and SVR with RBF kernel) using 19 LiDAR-derived variables as input features. n represents the
number of data entries for each dataset.

Training Validation

Dat
ate Model (n) R2 p-Value RMSE R2 p-Value RMSE
(m) (m)
July 4 RFR 31 0.83 <0.05 0.01 —0.35 NS 0.026
Y SVR 31 —0.05 NS 0.023 —0.2 NS 0.025
July 19 RFR 31 0.93 <0.001 0.014 0.45 NS 0.037
y SVR 31 0.7 NS 0.03 0.34 NS 0.042
July 26 RFR 31 0.93 <0.001 0.021 0.49 NS 0.055
y SVR 31 0.82 <0.05 0.032 0.4 NS 0.059
July 4, 19 RFR 62 0.96 <0.001 0.023 0.74 <0.001 0.059
Y& SVR 62 0.81 <0.001 0.053 0.7 <0.001 0.066
July 4, 26 RFR 62 0.98 <0.001 0.024 0.89 <0.001 0.057
Y& SVR 62 091 <0.001 0.054 0.86 <0.001 0.066
July 19, 26 RFR 62 0.96 <0.001 0.018 0.68 <0.001 0.049
y SVR 62 0.82 <0.001 0.037 0.65 <0.001 0.052
July 4,19, 26 RFR 93 0.98 <0.001 0.024 0.83 <0.001 0.061
Y& SVR 93 0.87 <0.001 0.055 0.81 <0.001 0.065

The performance of the RFR and SVR models for winter wheat height estimation
is presented in Table 5. The SVR model was evaluated using the RBF kernel, while the
RFR consistently outperformed SVR across all metrics. The RFR demonstrated strong
training performance, with the highest R? of 0.92 observed on the combined May 2, 16 and
24 datasets. The best validation result for RFR was achieved using the combined May 2 and
May 24 datasets, yielding a validation R? of 0.66 and an RMSE of 0.080 m. The SVR model
showed improvements when trained on combined datasets but remained less effective
than the RFR across all metrics.

Across all crop types and years, the RFR consistently outperformed the SVR model
in terms of RZ, RMSE, and significance level, regardless of the kernel used for SVR. The
choice of SVR kernel function was crop-dependent. The linear kernel performed best for
corn, while the RBF kernel yielded superior results for soybean and wheat. It is important
to note that although the single-date models exhibited strong training performance, their
validation results were generally poor, with some yielding low or even negative R? values.
This can be attributed to the relatively high number of features (19 LiDAR-derived metrics)
compared to the limited sample sizes (32, 31, and 40 observations), which increases the
likelihood of overfitting. As Babyak (2004) [54] notes, models with many predictors relative
to sample size may fit patterns unique to the sample that do not represent true underlying
relationships. Moreover, the narrow range of measured canopy heights within each single-
date dataset likely limited the variability of the response variable, further constraining the
regression model’s ability to generalize. These factors collectively explain the discrepancy
between strong training fits and poor validation performance observed in the performance
of RFR and SVR models. Thus, incorporating multi-temporal data effectively mitigated
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these issues, significantly improving model robustness and estimation accuracy, with the
highest validation R? values observed when training on combined datasets.

Table 5. Training and validation statistics for winter wheat: analysis by date and modeling approach
(RFR and SVR with RBF kernel) using 19 LiDAR-derived variables as input features. n represents the
number of data entries for each dataset.

Training Validation
Date Model ) R? p-Value RMSE R? p-Value RMSE
(m) (m)
May 2 RFR 40 0.92 <0.001 0.056 0.4 NS 0.12
SVR 40 0.7 <0.05 0.11 0.35 NS 0.129
May 16 RFR 40 0.84 <0.001 0.013 —0.28 NS 0.029
SVR 40 0.09 NS 0.031 —0.28 NS 0.029
May 24 RFR 40 0.86 <0.001 0.01 —0.1 NS 0.02
SVR 40 0.04 NS 0.026 —0.16 NS 0.021
May 2, 16 RFR 80 0.91 <0.001 0.049 0.37 <0.05 0.109
’ SVR 80 0.65 <0.001 0.099 0.36 NS 0.106
May 2, 24 RFR 80 0.92 <0.001 0.055 0.66 <0.001 0.08
’ SVR 80 0.85 <0.001 0.075 0.63 <0.001 0.091
May 16, 24 RFR 80 0.87 <0.001 0.027 0.05 NS 0.063
! SVR 80 0.24 NS 0.066 0.07 NS 0.063
May 2, 16, 24 RFR 120 0.92 <0.001 0.049 0.58 <0.001 0.082
T SVR 120 0.76 <0.001 0.082 0.52 <0.001 0.093

3.2. Ground Point Classification and Canopy Height Estimation

For height estimation using both ground classification methods, the ground points
classified by either the CSF or PointCNN method were used to generate a DTM. This was
achieved by selecting a certain percentage of the points within each 1 x 1 m 3D column and
computing their average. The DSM was generated using the PCD for the entire field before
classification, where the top percentage of points within each 3D column was selected
and averaged to represent the upper canopy surface. Finally, crop height was estimated
using the CHM, calculated as CHM = DSM — DTM [22,55]. Two approaches were used
to develop the PointCNN model for ground classification. In the first approach, separate
models were built for each date using only the dataset from that specific date, referred
to as the separate-date model. This allowed the model to learn crop and environmental
characteristics specific to each time point. In the second approach, a progressive training
strategy was employed. A single model, referred to as the all-date model, was initially
developed using data from the earliest date and then incrementally refined with data from
subsequent dates. This approach enabled the model to retain previously learned features
while adapting to new growth conditions, enhancing its ability to classify ground points
across different crop stages. The performance of the CSF algorithm and the PointCNN deep
learning model for ground classification was evaluated in terms of their impact on crop
height estimation across corn, soybean, and winter wheat for the 2024 growing season. The
evaluation results are summarized in Figures 6 and 7. Regarding the PointCNN results
presented in Figure 7, the separate-date model was selected for corn, as the all-date model
did not produce meaningful results. In contrast, for soybean and winter wheat, the all-
dates model was used, as it demonstrated comparable or superior performance to the
separate-date model.
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Figure 6. Scatter plots illustrate the relationship between measured and estimated crop height using
the CSF ground classification method for corn, soybean, and winter wheat. The blue line represents
the 1:1 reference line.
_ _ ~ Corn _ Soybean Winter Wheat
Collection Date ° ° Collection Date . ° 1.07 collection Date °
e Junel2 ° e July4 e May2 °
e July4 8o o 0.6 e July19 ® . | e may1e 224
o® ©° _ o July26 L o 097 ¢ May2a oas® o
[ Jd E L4 ’ 9 £ ®
205 £ 0.8
° °
$ Mk
g 0.41 g0.7
I} s}
© k=3
£o03 £0.6
£ E
k) 0
Yo.2 Wosie
® R?%:0.93 R?:0.56 oo R2:0.93
RMSE: 0.163m " RMSE: 0.101m RMSE: 0.046m
MAE: 0.120m 0.1 . MAE: 0.080m 0.4 MAE: 0.035m
075 1.00 1.25 1.50 1.75 2.00 2.25 01 02 03 04 05 06 04 05 06 07 08 09 10

Measured Crop Height (m)

Measured Crop Height (m)

Measured Crop Height (m)

Figure 7. Scatter plots illustrate the relationship between measured and estimated crop height using
the PointCNN ground classification method for corn, soybean, and winter wheat. The blue line
represents the 1:1 reference line.

For corn, the CSF method resulted in an RMSE of 0.208 m, an R? of 0.89, and an
MAE of 0.159 m. In comparison, the separate-date PointCNN model achieved a lower
RMSE of 0.163 m, a higher R? of 0.93, and a reduced MAE of 0.120 m. This indicates that
PointCNN provided more accurate ground classification and subsequently improved crop
height estimation. However, the all-date PointCNN model failed to generate meaningful
results, suggesting that pooling datasets across different growth stages may introduce
inconsistencies that reduce model effectiveness, particularly when corn undergoes rapid
growth and significant height and morphological changes within a short period.

For soybean, the all-date PointCNN model performed slightly better than both the
separate-date PointCNN model and the CSF method. The all-date PointCNN model yielded
an RMSE of 0.101 m, an R? of 0.56 and an MAE of 0.080 m. The separate-date PointCNN
model produced similar results, with an RMSE of 0.104 m and an R? of 0.54. The CSF
method, however, had a considerably lower R? of 0.31 and a higher RMSE of 0.127 m,
indicating that it was less effective for soybean ground classification.

For winter wheat, the PointCNN model provided the most accurate height estimates.
The all-date model PointCNN achieved an RMSE of 0.046 m, an R? of 0.93, and an MAE
of 0.035 m. The separate-date PointCNN model produced similar results, with an RMSE
of 0.047 m and an R? of 0.92. The CSF method, in contrast, exhibited lower performance
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with an RMSE of 0.091 m, an R? of 0.70, and an MAE of 0.077 m. The results suggest that
the deep learning-based PointCNN classification method is more effective in delineating
ground points for winter wheat canopy height estimation.

Across all crop types, PointCNN outperformed the CSF method in terms of lower RMSE,
higher R?, and reduced MAE, demonstrating its ability to more accurately classify ground
points and improve canopy height estimation. The advantage of separate-date training data
was particularly evident for corn, where the all-date PointCNN model failed to generate
reliable results. For soybean and wheat, however, the differences between the all-dates and
separate-date PointCNN models were minimal, suggesting that for these crops, the model
generalizes well across different dates. Overall, these findings indicate that deep learning-
based ground classification methods provide superior accuracy compared to traditional
filtering algorithms like CSF, particularly when applied with appropriate training data.

3.3. Percentile-Based Method and Dual-Range Averaging Method

The performance of the percentile-based method and Dual-Range Averaging (DRA)
method for crop height estimation was evaluated across three crop types: corn, soybean,
and wheat for the 2024 growing season. Model performance was assessed using RMSE, R?,
and MAE. Two dataset generation strategies for finding the best top-bottom boundary com-
bination were compared: using all dates” datasets combined and using each corresponding
date’s dataset separately. For each crop type, the performance of both methods, along with
the corresponding optimal percentile or range values, is summarized in Tables 6 and 7
and shown in the crop height maps (Figures 8-10). For corn, the percentile method using
the corresponding date-specific dataset outperformed the DRA method. This approach
resulted in an RMSE of 0.171 m, an R? of 0.93, and an MAE of 0.124 m. The optimal top and
bottom percentile thresholds varied by date. For the June 12 point cloud dataset, the best
thresholds were the top 91.5% and bottom 0.5%, while for July 4, the top 91.5% and bottom
0% provided the most accurate results. For soybean, the DRA method using corresponding
date-specific datasets produced the most accurate results, with an RMSE of 0.032 m, an
R? of 0.93, and an MAE of 0.024 m. The optimal top and bottom range thresholds varied
by date. For the point cloud dataset collected on July 4, the best-performing range was
between the top 81-83% and the bottom 18-20%. For July 19, the range was 80-82% at the
top and 0-6% at the bottom, while for July 26, the most effective range was 81-85% at the
top and 2-4% at the bottom. For wheat, the DRA method using corresponding date-specific
datasets yielded the best performance, with an RMSE of 0.055 m, an R? of 0.91, and an
MAE of 0.038 m. The optimal top and bottom range thresholds varied across dates. For
the May 2 dataset, the most accurate results were obtained using a top range of 85-97%
and a bottom range of 10-14%. For May 16, the optimal range was 86-100% at the top and
0-2% at the bottom, while for May 24, the best-performing range was 94-100% at the top
and 0-2% at the bottom. Across all three crop types, generating percentiles or ranges from
corresponding date-specific datasets consistently improved height estimation performance
compared to using combined data from all dates.

Table 6. Statistics Performance of Percentile-Based and DRA Methods for Crop Height Estimation.

Dataset

c . Percentile Method Range Method
rop Type Generation
Strategy R? RMSE (m) MAE (m) R? RMSE (m) MAE (m)
All Dates 093 0.175 0.129 09 0216 0.174
Corn Separate Date 0.93 0.171 0.124 0.92 0.189 0.143
Soybean All Dates 0.66 0.08 0.071 0.66 0.08 0.072
Separate Date 091 0.037 0.027 0.93 0.032 0.024
, All Dates 0.29 0.146 0.121 033 0.145 0.122
Winter Wheat  go ate Date 0.86 0.066 0.05 0.91 0.055 0.038
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Table 7. Percentile and DRA Thresholds for Each Crop Type Height Estimation Using Corresponding
Date-Specific Datasets.

Percentile (%)

Crop Type D
PP ate Top Bottom Top Bottom
c June 12 91.5 0.5 91-93 0-2
om July 4 91.5 0 98-100 0-2
July 4 82 20 81-83 18-20
Soybean July 19 87.5 5 80-82 0-6
July 26 83 3.5 81-85 2-4
May 2 80 2.5 85-97 10-14
Winter Wheat May 16 86.5 0 86-100 0-2
May 24 97 0.5 94-100 0-2
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Figure 8. Canopy height estimation maps for the corn field on (a) June 12 and (b) July 4 using the

percentile-based method, and on (c) June 12 and (d) July 4 using the DRA method.
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Figure 9. Canopy height estimation maps for the soybean field on (a) July 4, (b) July 19 and (c) July 26
using the percentile-based method, and on (d) July 4, (e) July 19 and (f) July 26 using the DRA method.
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Figure 10. Canopy height estimation maps for the winter wheat field on (a) May 2, (b) May 16 and
(c) May 24 using the percentile-based method, and on (d) May 2, (e) May 16 and (f) May 24 using the
DRA method.

4. Discussion
4.1. Performance Comparison of Crop Height Estimation Methods

In this study, three crop height estimation approaches, including machine learning
regression models, ground point classification techniques, percentile-based method and
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Dual-Range Averaging (DRA) method, were evaluated and compared across three crop
types: corn, soybean, and winter wheat. Among all tested methods, the DRA method had
the best performance, with an average R? of 0.92 and an average RMSE of 0.092 m across
all crop types. In contrast, the CSF ground point classification method yielded the lowest
accuracy, with an average R? of 0.64 and RMSE of 0.142 m. The limited performance of
the CSF method was particularly evident in soybean fields. Compared to winter wheat,
which is densely planted with narrow row spacing of around 10 cm in width, soybean
and corn fields have wider row spacing, approximately 70 cm and 75 cm, respectively,
according to our ground truth data collection. In early growth stages, before full canopy
closure, the wider spacing allows greater ground visibility, enabling more laser pulses to
reach the ground and collect more ground points. Despite this, soybean fields present
unique challenges. The average height of soybean plants across the three growth stages
ranged from 0.20 m to 0.54 m. Additionally, the undulating terrain commonly found in
many agricultural fields, including soybean fields, further complicated the classification
of ground points. The relatively short plant height, combined with the ridge bed planting
pattern, makes it more difficult to distinguish soil ground from vegetation in the LIDAR
point clouds. As a result, both the CSF and PointCNN showed lower accuracy for ground
point classification in soybean fields, which subsequently affected the accuracy of height
estimation for soybean. For soybean, the DRA method was the most accurate, while for
corn, the SVR model with a linear kernel function performed the best. Though the corn
field has wider row spacing, allowing for some ground returns in early stages, once corn
reaches full height, the broad foliage leaves and tall stalks densify the corn canopy and
subsequently limit ground returns, which is a typical challenge for LIDAR-based crop
monitoring [56]. Figure 11 illustrates the reduction in ground points in the corn field PCD
by comparing the point clouds collected on June 12 and July 4. For winter wheat, the
PointCNN deep learning model excelled in ground classification and height estimation.
The homogeneous canopy structure and narrow leaves of winter wheat allowed sufficient
laser penetration through the canopy, enabling the deep learning model to effectively
classify ground points and vegetation points.

Elevation
210.653000( ]

210.499624¢

210.346249

210.192873

210.039497:

209.7327461

209.5/93701

209.425995

209.292007

Figure 11. Front view of corn field block PCD shows a decrease in collected ground points between
(a) June 12 and (b) July 4.

The relative importance of LIDAR-derived features was evaluated based on the mean
decrease in impurity (MDI) from the RFR [57]. The computed importance values indicate
each feature’s proportional contribution to improving model accuracy and were averaged
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across multiple models trained on different datasets to ensure robust estimates. According
to the results shown in Figure 12, the top three most important features varied by crop
type. For soybean, the most influential features were the 88th, 80th, and 90th height
percentiles (P88, P80, and P90), while for winter wheat, the top features included the 95th
and 92nd percentiles (P95 and P92), along with the maximum height. However, in the corn
canopy height estimation, the most influential features identified by the RFR were CRR,
height skewness, and height coefficient of variation, rather than traditional percentile-based
metrics. This result contrasts with the results reported by Luo et al. (2021) [23], where the
top three features for estimating corn and soybean canopy height were P99, maximum
height, and P95, which all directly represent extreme height values. Our finding highlights
the importance of structural and distributional characteristics of the LiDAR point cloud
over absolute height values. One possible explanation is the temporal variation in canopy
development. On June 12, the corn plants were relatively short and sparsely distributed,
resulting in a higher proportion of laser pulse returns from the ground and lower canopy
layers. In contrast, by July 4, the corn canopy had reached approximately 2 m in height,
with increased foliage leaf density at the top and fewer laser pulse returns penetrating to the
bottom of the crop or the ground. Under such conditions, percentile-based metrics may lose
sensitivity to the overall height growth of corn due to the dominance of top canopy returns.
In comparison, structural metrics like the Canopy Relief Ratio and statistical measures
such as skewness and coefficient of variation provide a more precise representation of the
vertical canopy structure, capturing informative changes in plant architecture and spatial
variability. These findings suggest that in dense and vertically non-uniform crops like corn,
the distribution-based LiDAR-derived metrics can be more effective than extreme height
percentiles for accurately estimating crop canopy height.

Between the two ground point classification methods, PointCNN and CSFE, PointCNN
demonstrated superior performance in canopy height estimation, which aligns with the
findings reported by Fareed et al. (2023) [18]. PointCNN achieved a higher average
coefficient of determination (R? = 0.80) compared to CSF (R? = 0.64), representing an
improvement of 0.16 in R2. Meanwhile, PointCNN yielded a lower RMSE of 0.104 m
relative to CSF with an RMSE of 0.142 m. These results show the advantage of deep
learning-based point cloud classification for distinguishing ground and non-ground points
in agricultural fields with homogeneous canopy structures, contributing to more accurate
crop height estimation.

In the winter wheat canopy height map generated using the percentile-based method
and DRA method, the tracks left by vehicles or trucks exhibit higher estimated heights
compared to the surrounding crop areas. This overestimation can be attributed to the
distribution and representation of ground points within the LIDAR point cloud. As vehicles
traverse the field, their tires compress the soil, leaving tracks that are slightly depressed
relative to the adjacent planted beds. These compacted tracks often expose more bare
soil, leading to more ground points collected, and more importantly, ground points with
lower elevation values than those in undisturbed crop rows. Within the 1 x 1 m 3D
columns used for height extraction, the upper boundary defined by canopy points remains
consistent with adjacent crop regions. However, since the lower boundary is defined by
these relatively lower elevation ground points, the calculated canopy height, which is
based on the difference between the top and bottom boundaries, tends to be overestimated.
Consequently, pixels along the tracks appear darker on the canopy height map, reflecting an
overestimation of height. This highlights a known limitation in height extraction methods
that rely on vertical differencing, especially in crop fields where ground surface uniformity
is disrupted.
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Figure 12. Feature importance plots for (a) corn, (b) soybean and (c) winter wheat, derived from
Random Forest regression models.

4.2. Methodological Limitations and Practical Considerations

While this study demonstrates the effectiveness of UAV-based LiDAR for crop height
estimation, several limitations should be acknowledged. First, the performance of the
PointCNN deep learning model is highly dependent on the availability and quality of man-
ually labeled training data. Preparing such datasets is time-consuming and requires careful
supervision, which may limit the model’s scalability in large-scale or real-time applica-
tions [18]. In contrast, CSF provides a more automated workflow, making it advantageous
in operational settings where ease of use and processing efficiency are prioritized over
maximal accuracy. Second, ground classification accuracy remains a challenge, particularly
in crops with low canopy height, such as soybean, where minimal elevation differences
between soil and vegetation points complicate differentiation. This observation is consistent
with the findings of Pun Magar et al. (2025) [24] and Fareed et al. (2023) [18], who reported
similar difficulties in distinguishing ground and vegetation points in low-canopy agricul-
tural fields. This limitation impacted the subsequent accuracy of height estimation [58].
Another constraint is the challenge of acquiring LiDAR data for bare ground prior to or
immediately after seeding, which is critical for improving DTM accuracy [59,60]. Although
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feasible for spring-sown crops, this is generally impractical for winter wheat due to its
autumn planting schedule. In such cases, growers rarely request UAV monitoring ahead of
the active growing season, limiting opportunities to obtain bare ground data and thereby
reducing the feasibility of precise pre-season ground modeling.

In this study, the ground truth crop canopy heights were calculated by averaging six
manual measurements per block to enhance reliability and reduce sampling error. However,
even with this approach, inherent variability remains due to several well-documented
challenges associated with manual field measurements. Studies have shown that manual
plant height measurements can exhibit considerable variation, especially during early
growth stages when canopy structures are less developed. For example, replicated manual
measurements of the same plants have shown low correlation and higher error early in the
season, with performance improving as plants mature and canopy structure becomes more
distinct. Additionally, when plot-mean heights are based on a limited number of sampled
plants, variability can arise depending on plant selection, introducing further uncertainty
into the ground truth data [61]. A further source of uncertainty arises from how ground
elevation was handled in this study. The DTM was generated with a spatial resolution of
1 m, meaning each 1 x 1 m block was assigned a single ground elevation value. However,
within each block, six manual canopy height measurements were taken at different points.
Because crop fields are typically sown in furrows and have naturally uneven ground
surfaces, the true ground level at each measurement point may differ slightly from the
DTM'’s uniform value [62]. This mismatch introduces additional errors into the canopy
height calculation. Combined with natural canopy variability due to micro-environmental
differences within the block, these factors mean that averaged manual measurements may
not perfectly represent the true crop canopy. Such findings reinforce that small RMSE
differences that are within approximately 1-3 cm between different estimation models or
methods likely fall within the expected margin of measurement uncertainty and should
be interpreted cautiously in terms of practical significance [61]. Therefore, when selecting
the optimal method or comparing model performance, it is important not only to consider
the ranking of statistical assessment but also to evaluate each method from a practical
perspective, taking into account factors such as processing time, ease of use, availability,
and compatibility with the existing workflow. These practical considerations are essential
to ensure that the chosen method is not only accurate but also feasible and efficient for
operational deployment.

5. Conclusions

This study demonstrated the potential of UAV-based LiDAR data for accurately es-
timating crop canopy height in corn, soybean, and winter wheat through a comparative
analysis of three height estimation methodological approaches: machine learning regres-
sion modeling, ground point classification techniques, percentile-based method and newly
proposed Dual-Range Averaging (DRA) method (Table 8). The findings emphasize that
no single approach universally outperforms others. Instead, the optimal method varies
for each crop type due to the differences in canopy structure, growth patterns, and field
conditions. SVR with a linear kernel was the most effective method for corn, especially
when using multi-date datasets. The DRA method performed best for soybean. For winter
wheat, the PointCNN model achieved the highest accuracy with an R? of 0.93 and an RMSE
of 0.046 m, aided by its uniform canopy. Overall, the DRA method delivered the best aver-
age performance across crops with an average R? of 0.92 and an average RMSE of 0.092 m.
These findings highlight the importance of tailoring height estimation approaches to spe-
cific crop characteristics and demonstrate the robust potential of UAV-based LiDAR for
advancing PA. Overall, this study establishes a reproducible approach for estimating crop
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canopy height using UAV-based LiDAR PCD. Continued improvements in classification
automation, the expansion of data acquisition strategies beyond crop-specific applica-
tions to spatio-temporal generalization, and advances in model generalization will further
support the adoption of LiDAR technologies in PA through the creation of standardized
frameworks. By enabling accurate, efficient, and scalable crop monitoring, the integra-
tion of UAV-based LiDAR with optimized processing workflows supports site-specific
management and enhances data-driven decision-making in agricultural production.

Table 8. Comparison of crop canopy height estimation performance across three crop types (corn,
soybean, and winter wheat) and six different methods: Random Forest Regression (RFR), Support
Vector Regression (SVR), Cloth Simulation Filter (CSF), PointCNN, Percentile-based method, and the
newly proposed Dual-Range Averaging (DRA) method. Bold values highlight the highest R? and
lowest RMSE for each row.

ML Regression Ground Point Classification

RFR SVR CSF PointCNN Percentile DRA
Crop Type
- RMSE o, RMSE ., RMSE o, RMSE - RMSE R RMSE
(m) (m) (m) (m) (m) (m)
Corn 0.93 0.164 0.95 0.137 0.89 0.208 0.93 0.163 0.93 0.171 0.92 0.189
Soybean 0.89 0.057 0.86 0.066 0.31 0.127 0.56 0.101 0.91 0.037 0.93 0.032
Winter Wheat 0.66 0.080 0.63 0.091 0.70 0.091 0.93 0.046 0.86 0.066 0.91 0.055
Peﬁ‘gﬁfigﬁce 083 0100 081 0098 064 0142 081 0.103 0.90 0.091 0.92 0.092
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