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Abstract: Precise monitoring of individual crop growth and health status is crucial for precision agriculture
practices. However, traditional manual inspection methods are time-consuming, labor-intensive, and often
lack the spatial resolution required for detailed analysis. This research addresses the need for efficient and
high-resolution crop monitoring by leveraging Unmanned Aerial Vehicle (UAV) imagery and advanced
computational techniques. The primary objective was to develop a methodology for precise identification,
extraction, and monitoring of individual corn crops throughout their growth cycle. This was achieved by
integrating UAV-derived data with image processing, computational geometry, and machine learning
techniques. UAV imagery was acquired bi-weekly at altitudes of 40m and 70m, capturing the entire growth
cycle of a corn crop from planting to harvest. A time-series Canopy Height Model (CHM) was generated by
analyzing the differences between the Digital Terrain Model (DTM) and the Digital Surface Model (DSM)
derived from the UAV data. Local spatial analysis and image processing techniques were employed to
determine the local maximum height of each crop. Subsequently, a Voronoi data model was developed to
delineate individual crop canopies, successfully identifying 13,000 out of 13,050 corn crops in the study area.
For enhanced accuracy in canopy size delineation, vegetation indices were incorporated into the Voronoi
model segmentation, refining the initial canopy area estimates by eliminating interference from soil and
shadows. The proposed methodology enables precise estimation and monitoring of crop canopy size, height,
biomass reduction, lodging, and stunted growth over time, providing valuable insights for precision
agriculture practices. This work contributes to the scientific community by demonstrating the potential of
integrating UAV technology, computational geometry, and machine learning for accurate and efficient crop
monitoring at the individual plant level.

Keywords: precision agriculture; computational geometry; canopy height model; voronoi; local
maximum,; segmentation

1. Introduction

The integration of Precision Agriculture (PA) stands to significantly enhance agricultural
efficiency, especially considering the expected global population rise and increasing demands for
food security. Focusing on economically crucial crops like corn, PA employs advanced tools such as
remote sensing, GIS, and GPS to optimize field management. This approach aims at maximizing
resource efficiency and minimizing waste, thereby increasing crop yields, and promoting
environmental sustainability. Despite its potential, the adoption of PA is hindered by financial
constraints and technical complexities, which deter stakeholder engagement [1-3].

Remote sensing has emerged as a dependable method for monitoring fields, utilizing UAVs,
piloted aircraft, and satellites for data collection [4,5]. UAVs are becoming increasingly vital in
agriculture, thanks to their ability to carry diverse sensors and provide high-resolution, cost-effective
imaging [6]. Even with their limited flight time, UAVs are found to be more efficient than other
technologies [7]. They play a critical role in crop monitoring, offering detailed insights into individual
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crop characteristics, tree height, biomass, and overall field uniformity, and have been employed in
the identification of tree species [8,9].

However, a significant gap exists in the application of these technologies for the precise and
scalable monitoring and management of individual crop characteristics, particularly in
understanding and optimizing the complex canopy structures of crops like corn. This gap highlights
the need for more refined, efficient, and broadly applicable methodologies for crop management.
Although traditional methods for measuring crop height are common, they face challenges such as
errors and time consumption. UAVs offer a superior alternative, significantly improving the accuracy
of crop height measurements. Their high-resolution imagery has proven invaluable [10,11]. This
technology's potential was highlighted by Dorbu et al. [5], who demonstrated its use in assessing
field heterogeneity and health status for yield prediction.

The diversity of algorithms for crop detection and canopy size delineation underscores the
scholarly discourse in this area. The Canopy Height Model (CHM) has been a key tool, facilitating
various plant detection algorithms and methodologies for tree canopy delineation, such as region-
growing, watershed-segmentation, and valley-following [12-16].CHMSs derived from the difference
between the Digital Terrain Model (DTM) and the Digital Surface Model (DSM), offering a nuanced
understanding of field topography [17,18].Its versatility is further evidenced in the assessment of
individual tree crown parameters and canopy sizes [7,19-23].

Alternative algorithms have also been explored, revealing ongoing challenges and
advancements in agricultural image processing and plant detection [24-29]. The presence of noise
elements like soil, background, and shadows presents additional challenges in canopy size
delineation, prompting the exploration of machine learning algorithms for plant identification tasks
[18,30-32].

This research introduces an innovative method that leverages a Canopy Height Model (CHM)
and a modified Voronoi diagram for efficient corn canopy detection and delineation, incorporating
domain-specific knowledge to enhance accuracy and efficiency in agricultural monitoring and
management [22,24]. This approach aims to build upon previous work by filtering out noise and
precisely estimating individual corn crop peaks, using corn spectral data to discriminate individual
crops from soil and shadows for effective canopy size estimation.

2. Materials and Methods

The execution of the proposed research methodology utilized a synergistic approach combining
Python scripting, Agisoft Photoscan for detailed photogrammetric processing, and ArcGIS Pro 3.0
for extensive spatial analyses and the effective visualization of crop models. This combination was
instrumental in navigating the complex data processing and analysis phases required for precise crop
modeling.

The project commences with the acquisition of high-resolution RGB time-series imagery,
captured throughout the cultivation phase until the crops reach maturity. Employing Structure from
Motion (SFM) photogrammetry techniques, Digital Elevation Models and orthophotos are generated
and subsequently fed into the proposed algorithms. These inputs undergo geospatial data
processing, facilitating the estimation of the Canopy Height Model and the automated identification
of individual crop peak heights. Thereafter, computational geometry techniques are utilized to
determine individual canopy sizes based on the identified peak heights. To refine the canopy size
calculations and exclude non-vegetative elements, a vegetation index is introduced. The entire
process, from crop identification to canopy size delineation, adheres to a meticulously designed
framework, ensuring high-precision results, as outlined in Figure 1 of the project documentation.
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Figure 1. Automated Framework for Crop Mapping and Canopy Characterization.

2.1. Preprocessing

The imagery captured at varying flight altitudes underwent processing via Structure from
Motion (SFM), a technique that constructs an orthophoto and three-dimensional crop model from
overlapping two-dimensional images. This process incorporates feature matching and camera
alignment algorithms[33]. Generating a Digital Surface Model (DSM) and a Digital Terrain Model
(DTM) was pivotal in this endeavor. The DSM, depicting crop elevation, and the DTM, representing
bare ground elevation, were derived from unmanned aerial vehicle (UAV) images acquired before
planting, when the field was bare, and from subsequent time-series imagery. The accuracy of crop
height estimation and crop detection heavily relied on the quality of the DSM, which accurately
represents the crop surface and ensures precise characterization of the study field.

2.2. Canopy Height Model Processing

In our study, we developed a Canopy Height Model (CHM) to aid in the identification of
individual crops by calculating the difference between the Digital Surface Model (DSM), which
captures the crop elevation, and the Digital Terrain Model (DTM), representing the elevation of the
bare earth. This calculation effectively highlights the height of the crops, discounting the elevation of
the terrain [32,34]. A user-specified threshold, based on the characteristic height of mature corn
(typically at least 3 meters), was employed to improve the model's accuracy by filtering out unrelated
noise and retaining essential vegetation and soil features. Further binary thresholding refined the
CHM, differentiating between vegetation and remaining soil components. This preprocessing step
not only enhanced the analytical accuracy but also optimized computational efficiency. Overlaying
the CHM onto orthophotos allowed for a visual evaluation of crop heights via their spectral
characteristics, facilitating a detailed and effective analysis of the crop data.
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Canopy height model = DSM — DTM (1)

2.3. Individual Crop Identification

A unique methodology was utilized for the detection of individual crops within the study by
pinpointing each crop's local peak height through the CHM. This was accomplished by deploying a
local maxima function on the CHM, designating a pixel as a local maximum when its value is greater
than or equals the values of its surrounding pixels, marking the apex of crops. Various sizes of
moving windows were tested on the CHM to determine the most suitable window size for this
analysis, with a 10x10 window size proving most effective in accurately identifying local peak heights
and discerning corn crops. The validity of this approach was confirmed through a comparison of the
produced local maxima map with the original CHM, ensuring accurate crop identification. This local
maximum map was then transformed into point data to detail the specific heights of individual crops.

xy @)

where the MaxValue(c; ;) is the maximum value assigned to the cell at position (iy) in the output
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raster map. R,, represents the value of the cell in the input CHM and the ranges x =i —5 to x =

i+4 and y=j—5 to y=j+4 define the 10x10 window around cell C;; , considering a zero-

g
based index. If the CHM is 1-based, the indices would adjust accordingly.

2.4. Delineation of Individual Canopy Sizes

For estimating the sizes of individual crop canopies, the produced map of local peak heights was
used as input for a computational geometry function. This function delineates a boundary around
each identified crop, depicting the extent of its canopy. Utilizing a Voronoi Diagram for the
geometrical calculation of canopy sizes, this method divides a region into zones nearest to each local
maximum point, based on calculations of the Euclidean Distance between neighboring local maxima,
thus offering a precise geometrical delineation of individual crop canopies. In mathematical terms, if
the set of local maxima on the field is denoted as P, and any two points as p and q, the Euclidean
distance between these points forms the basis for the Voronoi diagram calculation.

1/2
(EL.i - 9)?) ®)
The Voronoi diagram, when illustrating canopy sizes, is calculated as follows:
V() ={q €R%:|q —pl<lg —p'l,vp'€P —p} (4)

Figure 2. A Voronoi diagram delineating points [35,36].

The Voronoi diagram used for delineating individual crop canopies may include both vegetation
and soil, particularly at different crop growth stages. To address this, a refinement method was
developed to remove soil features from the tessellation polygons within the diagram, ensuring the
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final delineation more accurately represents the vegetation-only areas, enhancing the precision of
crop canopy size estimation.

2.5. Refinement of Canopy Size Estimates

To differentiate soil from vegetation in the estimated canopy sizes, vegetation indices (VIs) were
employed. These indices utilize specific features to effectively separate vegetation from non-
vegetative elements. The orthophotos, generated during the preprocessing phase, played a crucial
role in creating these VlIs, facilitating the accurate separation of soil from vegetation in the canopy
size estimates. This approach ensures that the final canopy size calculations are more representative
of the actual vegetative area.

2.6. Vegetation Indices Calculation

Various vegetation indices were extensively evaluated to determine the most effective one for
refining the process of delineating crop canopies. The indices examined included the Normalized
Difference Vegetation Index (NDVI), Green Chromatic Coordinate (GCC), Excess Green (ExG), and
Green Leaf Index (GLI). NDVI, particularly noted for its effectiveness in estimating vegetation
greenness, is a scale that ranges from -1 to +1, with values closer to +1 indicating healthier vegetation.
This approach is based on research by Alface et al. (2019), who highlighted NDVI's capability in
distinguishing between soil, healthy, and non-healthy crops. To validate our results, we utilized
multispectral orthophotos derived from the images captured at the study site, analyzing them for
NDVI to assess field greenness. NDVI is mathematically estimated as [37]:

(NIR- Red)

NDVI = (NIR+Red) (5)

Further, we investigated the application of GCC and ExG indices, which as per [38], have been
known to sometimes surpass NDVI in accuracy (Figure 3). The mathematical expressions for these
indices involve the measurement of the green band relative to the red and blue bands. The
effectiveness of these indices, as stated by [39],depends on the specific plant species and canopy
structure under study. In our project, ExG was particularly used for crown delineation due to its
effectiveness in segmenting vegetation from other features, as demonstrated in [40]. The ExG and
GCC indices are mathematically expressed as per the formulations provided by [41]:

ExG = (2*G)-R-B (6)

GCC = G/(R+G+B) )

02040 80 120 160 W 0.001-0.369 M 0001-37
o Viles 037-0408 M 37.001 - 69

0.409 - 0.463 69.001 - 99
W 0.464-0588 W 99,001 - 224

Figure 3. A map of the study area (RGB image) and its estimated GCC and ExG indices.

The Green Leaf Index (GLI), a crucial vegetative index, measures the one-sided green area of
leaves per ground surface area and is a key factor in enhancing grain yield. It plays a significant role
in crop monitoring and yield forecasting by affecting photosynthetic radiation interception [42,43].
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For our project, the ExG index was selected for further refining the delineation of crop canopies
due to its effectiveness in vegetation segmentation. Additionally, the study explored the impact of
crop inclination on canopy size estimations, introducing a slope index to represent the angular
deviation of crop stems from the vertical, crucial for identifying different vegetative conditions and
contributing to our comprehensive analysis of crop health through the growth cycle [44,45].

2.7. Validation

To validate the proposed method, a comparative analysis was conducted between the locations
of points indicating the individually detected crops and the planting schema based on domain
knowledge. Additionally, the top crop point and the canopy size delineation output were overlaid
on the original RGB image. This comparison served as a verification of the location accuracy of
vegetation and soil, ensuring that the results accurately represented the crops in the study area.
Observing changes in tabulated canopy sizes after refinement provided further insights into the
effectiveness of the canopy size refinement approach. A Mann-Whitney test with a 0.05 significance
level was also run to validate the refinement process.

3. Results
3.1. Study Area and Data Collection

The research was conducted on a corn crop field at North Carolina Agricultural and Technical
State University's research farm in Greensboro during the summer season (April to August 2020).
The 415x210 ft field is located at 36.07260°N, 79.79200°W. Greensboro's humid subtropical climate,
with an average July temperature of 78.5°F and annual rainfall of 45 inches, provides favorable
conditions for corn growth. The soil type is Cecil, and the region sits at an average elevation of 243m
above sea level. Standard agronomy practices were followed for corn planting, with winter crops
retained before planting to assess their impact on corn growth. Eight ground control points (GCPs)
were established for georeferencing UAV imagery. Two UAVs carrying RGB and near-infrared
sensors were flown at 40 and 70 meters to capture aerial imagery at 1 and 1.9 cm spatial resolutions,
respectively. The dual flight heights facilitated result validation through comparative analysis. UAV
operations adhered to North Carolina flight planning regulations, with flights predominantly
conducted late in the morning to minimize issues like sun reflection and wind interference. Images
were captured with 80% overlap for 3D crop model construction (Figure 4). Spectral profiling of
selected field areas was conducted to understand variability (Figure 5).

Figure 4. Orthophoto of Study Area.
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Figure 5. Spectral profile of randomly selected areas of the study area.

3.2. CHM Development and Crop Detection

A Canopy Height Model (CHM) was generated and meticulously refined using a height
threshold reflective of mature corn's growth characteristics. This refinement phase was crucial for
enhancing the analytical precision, allowing for the exclusion of extraneous noise and the focus on
data representing the mature corn growth cycle. Spatial focal statistical analysis applied to the refined
CHM revealed local peak heights of crops, providing an in-depth understanding of crop density and
distribution across the field (Figures 6 and 7).

L 7 {{ﬁé’ 7 0.001 - 3

‘ . 3.001-6

s ,,;?/‘%’f 3 M 6.001-10
(a) (b)

Figure 6. (a) Initially generated CHM (b) Filtered CHM.

(a) (b)
Figure 7. (a) The filtered CHM (b) The local peak height map.

3.3. Validation of Crop Detection Techniques

The validation of crop detection methodologies was significantly bolstered by the analysis of
local peak height data, meticulously converted into point form and then cross-referenced with the
established planting schema. This analytical step was visually corroborated by overlaying the
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resulting data points onto orthophotos of the study area. The comparative analysis revealed a high
degree of accuracy in the representation of crop peaks within the study area, as evidenced in Figure
8. Despite this high level of accuracy, the analysis also highlighted instances where non-vegetative
elements were erroneously classified as crop heights, indicating areas where further refinement was
necessary to enhance the precision of our crop detection technique. This crucial step in our study not
only confirmed the effectiveness of our CHM filtering and local maxima identification strategy but
also underscored the importance of additional analytical rigor to eliminate extraneous noise. Such
refinement ensures a more accurate depiction of the crops, ultimately contributing to the robustness
of our methodological approach in agricultural monitoring and analysis.

Figure 8. Local maximal results showing the peak height of each crop.

3.4. Canopy Size Estimation and Refinement

The innovative application of a Voronoi Diagram based on local peak heights facilitated the
spatial partitioning of the field, delineating clear boundaries around each identified crop. However,
initial estimates of canopy sizes included inaccuracies due to the inclusion of soil and shadows,
necessitating further refinement processes to achieve precise canopy size estimations (Figure 9). The
refined canopy size estimations employed the Excess Green vegetation index, significantly enhancing
the accuracy by differentiating between vegetative and non-vegetative elements (Figure 10).

Figure 9. A Voronoi map showing the canopy sizes and the individual crop peak heights.
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Figure 10. The refinement process of each crop canopy size from (a) ExG to (b)segmented ExG (c)
Reclassified segmented ExG (d)Conversion of segmented EXG raster to polygon (e)soil feature
selection (f) overlay of modified Voronoi on the RGB image.

Additionally, a p-value of 0 obtained from the Mann-Whitney test indicates a significant
difference in the data distribution of canopy sizes before and after the refinement process (Figurell).

350 - o o
300 - o o
8 8
250 1 ° °
8 8
200 A
®
14 =}
a g
150 - 8
100 1
50 -
04
Bef'ore Aftler

Figure 11. A box plot of the area distribution comparison.

The methodologies employed in this study successfully leveraged advanced technological tools
to achieve a nuanced understanding of crop growth patterns within the designated study area. The
results demonstrate high accuracy in crop detection and canopy size delineation, highlighting the
critical role of continuous refinement in the data processing and analysis phases to mitigate
inaccuracies and enhance precision in agricultural research.
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3.5. Statistical Analysis

In exploring the influence of NDVI and crop height on canopy size, we employed several
machine learning models to analyze their impact on crop yield, leveraging NDVI's established
correlation with yield[46]. The analysis used canopy size as the dependent variable, with crop height
and NDVI serving as independent variables.

The performance metrics of the models, detailed in Table 1, include R-squared values indicating
the proportion of variance in canopy size explained by the models, and Mean Absolute Error (MAE)
reflecting the models' prediction accuracy.

Table 1. Performance of Machine Learning Models.

Model R-squared (%) Mean Absolute Error (MAE)
Polynomial Regression (Degree 2) 11 2.036
SVM (with RBF kernel) 7 2.033
Gradient Boosting Machine 10 2.044
Ridge 9.6 2.058
Linear Regression 9.6 2.058
Lasso 0.7 2.133
K-Nearest Neighbors -4.0 2.197
Random Forest 9.0 2232
Decision Tree -78 2.940

The relatively low R-squared values across models suggest that, under their current
configurations, they do not explain a substantial portion of the variance in canopy size. The
Polynomial Regression model, despite having the highest R-squared, still indicates a limited
explanatory power. However, the lower MAE values for the Support Vector Machine and Polynomial
Regression suggest these models are marginally more accurate in predicting canopy size from NDVI
and crop height. This outcome implies that the relationship between NDVI, crop height, and canopy
size may be weak, or that improving model performance might require more data, further feature
engineering, or alternative modeling approaches. The polynomial regression model provided an
equation that encapsulates the relationship between the predicted canopy sizes and NDVI and crop
height as follows:

Yy =15.8114-2.2716X1+0.1542X>+0.1293 X1?+0.0190X1X>-0.3584 X2 (8)

This equation reveals not only the direct (linear) impacts of crop height (X1) and NDVI (Xz) on
canopy size but also their combined (interaction) and non-linear (squared terms) effects, offering a
comprehensive view of their relationships. Figure 12 illustrates the predictive capabilities of the SVM
with RBF kernel and Polynomial Regression models. The proximity of data points to the perfect
prediction line (red line) indicates the accuracy of the model predictions. Figure 13 presents the
density plot for the SVM model and the residual plot for the Polynomial Regression model, helping
to identify residual patterns and overall prediction alignment.
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Figure 12. Predictive ability of SVM with RBF kernel and Polynomial regression with degree 2 models.
The red line represents perfect predictions. The closer the points are to this line, the more accurate the
model's predictions.
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Figure 13. (a) Density plot of SVM with RBF kernel and (b) Residual plot of Polynomial regression
models. The residual plot for the polynomial regression model helps identify patterns in the residuals,
while the density plot for the SVM model illustrates the overall alignment of the predicted values
with the actual values.

3.5.1. Ordinary Least Squares (OLS) Analysis

An OLS analysis performed further investigated the relationship between canopy size and its
predictors. The OLS estimator equation is as follows:

B=(x"Tx)"x) )

This analysis resulted in a regression equation for canopy size:

Canopy size=10.3126—0.5111xCrop height—0.3698xNDVI

This model suggests that increases in crop height and NDVI are associated with decreases in
canopy size, under the assumption that other variables remain constant. The R-squared value of 7.5%
and an MAE of 2.058 provide insights into the model's explanatory power and prediction accuracy,
respectively. Figure 14 showcases the quantile-quantile plot of the OLS model, comparing the
distribution of the model's residuals against a normal distribution. This visual analysis is critical for
assessing the normality of residuals, a key assumption in OLS regression.
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Figure 14. Quantile-quantile plot of the OLS model. The points should ideally lie approximately along
the straight line if the residuals are normally distributed. Deviations from this line suggest departures

from normality, which is an important consideration in OLS regression.

4. Discussion

Our investigation into individual crop identification and canopy delineation, leveraging
computational geometry via high-resolution UAV imagery, proved highly effective for precise crop
boundary delineation and canopy structure characterization. By adopting two distinct flight altitudes
for data collection, we secured high-resolution, continuous RGB imagery critical for generating
accurate 3D orthoimages essential for individual crop detection. While RGB sensors delivered quality
data, integrating a hyperspectral sensor, as recommended by [34], might furnish a richer geometrical
representation vital for enhanced crop detection. The CHM filtering process, pivotal in noise
elimination during preprocessing, bolstered the accuracy of our canopy size delineation, aligning
with improvements highlighted by [22] and [24]. The selection of a plant height threshold was crucial,
requiring precision to avoid omitting vital features while achieving optimal results. Our geospatial
analytical approach proved successful in pinpointing individual crop peak heights, akin to CNNs'
feature extraction in tree detection and classification as utilized by [32]. However, CNNs faced
challenges in precise crop delineation, underscoring the need for domain knowledge integration for
heightened accuracy. Our methodology allowed for necessary adjustments to address any
misrepresentations effectively.

Employing the maximum functionality enabled the discernment of individual crop tops through
a detailed pixel-to-pixel comparison. The determination of an optimal kernel size for the moving
window, based on domain knowledge regarding crop row spacing, further refined our analysis. The
local peak heights derived were instrumental in creating Voronoi polygons for canopy delineation,
accurately demarcating crop boundaries and showcasing advancements in remote sensing and
precision agriculture. This study not only enhances crop monitoring and management practices but
also underscores the potential of the Voronoi diagram method in crop canopy structure
characterization, albeit with a need for further research to evaluate its efficacy across diverse regions
and cropping systems.

Our results affirm the UAV approach as superior for plant information acquisition, highlighting
its accuracy in plant height estimation and eliminating human error and accessibility issues
associated with traditional methods. The proposed method's flexibility and efficacy are evident in its
ability to generate accurate CHMs, discriminate between vegetation and soil automatically, and select
an optimal moving window size that accurately reflects the real-world state of the study site. This
approach, coupled with mean shift segmentation for precise vegetation index segmentation,
represents a significant stride in remote sensing-based crop analysis and precision agriculture.
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