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Abstract: Modeling cotton plant growth is an important aspect of improving cotton yields and fiber
quality and optimizing land management strategies. High-throughput phenotyping (HTP) systems,
including those using high-resolution imagery from unmanned aerial systems (UAS) combined
with sensor technologies, can accurately measure and characterize phenotypic traits such as plant
height, canopy cover, and vegetation indices. However, manual assessment of plant characteristics
is still widely used in practice. It is time-consuming, labor-intensive, and prone to human error. In
this study, we investigated the use of a data-processing pipeline to estimate cotton plant height
using UAS-derived visible-spectrum vegetation indices and photogrammetric products. Experi-
ments were conducted at an experimental cotton field in Aliartos, Greece, using a DJI Phantom 4
UAS in five different stages of the 2022 summer cultivation season. Ground Control Points (GCPs)
were marked in the field and used for georeferencing and model optimization. The imagery was
used to generate dense point clouds, which were then used to create Digital Surface Models (DSMs),
while specific Digital Elevation Models (DEMs) were interpolated from RTK GPS measurements.
Three (3) vegetation indices were calculated using visible spectrum reflectance data from the gen-
erated orthomosaic maps, and ground coverage from the cotton canopy was also calculated by us-
ing binary masks. Finally, the correlations between the indices and crop height were examined. The
results showed that vegetation indices, especially Green Chromatic Coordinate (GCC) and Normal-
ized Excessive Green (NExG) indices, had high correlations with cotton height in the earlier growth
stages and exceeded 0.70, while vegetation cover showed a more consistent trend throughout the
season and exceeded 0.90 at the beginning of the season.

Keywords: cotton height; cotton modelling; point cloud; photogrammetry; DSM; DEM; GCC;
NExG; GRVI

1. Introduction

Cotton (Gossypium sp.) is considered one of the most economically important crops
and one of the most important natural sources of fiber in the world [1,2]. It provides about
25-35% of the total fiber for the textile industry, including clothing and fine paper [3-5].
To meet the rising global demand for textile products and increasing competition from
synthetic fibers, recent advances in genetic engineering and genomics have greatly accel-
erated the breeding process in cotton [6,7]. At the same time, there is a growing need for
phenotyping to keep pace with this rapid breeding process [8]. An important step towards
improving cotton yields and fiber quality is a better understanding of the relationship
between genotype and phenotype [9-12].

Monitoring crop growth is an important basis for adjusting arable land management
strategies, including irrigation, fertilization, crop protection, and harvesting [12-14].
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These affect the growth of plants and their geometric characteristics, such as canopy cover
and plant height, which mainly translates into changes in morphological, biophysical, eco-
logical, and agronomic processes [15-20]. Canopy coverage is usually expressed as a per-
centage of total soil area through the vertical projection of the foliage and is closely related
to plant photosynthesis, biomass accumulation, and, hence, yield potential [21-23]. Plant
height is an important parameter and has significant effects on plant health, yield, crop
quality, and total biomass [24,25]. The complicated nature of cotton growth, with an inde-
terminate growth habit and one of the most complex canopy structures of any major row
crop, is characterized by multiple simultaneous phenological developmental stages [26].
Cotton height is strongly affected by the plants’ growing environment and exhibits high
spatial in-field variability [12]. It correlates positively with fiber yield and water use effi-
ciency, which enables the adaptation of management strategies, thus making the effective
and efficient monitoring of their vertical development a valuable piece of information
[7,27,28]. Furthermore, in the case of cotton, critical applications throughout the season
such as growth regulators and defoliants are directly related to the growth stage and thus
the development of the crops [29].

The phenological characterization of crops is a precision activity that requires accu-
rate measurement and an understanding of the geometry and structure of many crop ele-
ments [30] and speeds up decision-making processes [31]. Assessing plant characteristics
manually, which is still commonly used in practical applications of phenology, is labor-
intensive, time-consuming, and prone to human error due to fatigue and distraction dur-
ing data collection [32,33]. This becomes a bottleneck limiting breeding programs and ge-
netic studies, especially for large plant populations and high-dimensional traits (e.g., can-
opy volume) [1,34-37]. Therefore, plant breeders and agronomists have identified the
need for a high-throughput phenotyping (HTP) system that can measure phenotypic traits
such as plant height, volume, canopy cover, and vegetation indices (VIs) with reasonable
accuracy [38]. The strength of HTP lies in its ability to spatio-temporally characterize large
populations, which improves the detection of dynamic plant responses to environmental
conditions [7].

The advent of non-invasive imaging and image analysis methods has significantly
promoted the development of image-based phenotyping technologies [12,27,39]. High-
resolution RGB images of tree canopies acquired by unmanned aerial systems (UAS) have
proven to be an effective tool for estimating crop architecture (e.g., vegetation height, can-
opy, density) by calculating accurate and reliable digital models [40—43]. Recent develop-
ments of UAS combined with sensor technologies have provided an affordable system for
conducting the remote sensing activities required for precision agriculture and enabled
very high-resolution image acquisition and HTP from remotely sensed image data with
unprecedented spatial, spectral, and temporal resolution [8,43—45]. Plant phenotypes,
such as plant height, canopy cover, and vegetation indices, can be estimated with high
accuracy and reliability from UAS imagery for agricultural applications [46,47]. UAS-
based phenotypic data have been used to predict cotton yield and select high-yielding
varieties [48].

Canopy height measured by UAS is often derived from structure-from-motion (S5fM)
photogrammetry [13,49-54]. Techniques such as SfM allow low-cost visual band RGB
cameras to obtain high-resolution three-dimensional (3D) first-surface-return point
clouds and crop profile information and correlate this with yield and biomass [55,56]. A
digital surface model (DSM) of the plant canopy is generated from the point cloud and a
digital elevation model (DEM) of the bare soil surface can be generated from a secondary
data source or soil points filtered from the point cloud [57]. However, photogrammetric
algorithms are prone to both relative (distortions) and absolute (georeferencing) errors
when only image data are used as inputs. To this end, the use of reference points, widely
known as ground control points (GCPs) located in the field (either permanently or de-
ployed prior to each measurement) is an essential practice to achieve higher spatial accu-
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racy and obtain information about the performance of the implemented pipeline and met-
rics for generated photogrammetric products, while naturally minimizing 3D modeling
errors [20,49,58].

Information on canopy height is most useful when available at high spatial and tem-
poral resolution. Despite the fact that there is literature that examines cotton growth pa-
rameters such as crown height, crown cover, crown volume, and Normalized Difference
Vegetation Index (NDVI) using UAS [59], little research has been done on the multi-tem-
poral estimation of plant height directly from 3D point clouds [60] or the possibilities of
combined analysis of 3D and spectral information [20,61]. Although there is already a
considerable amount of literature dealing with RGB-based estimation of crop height, there
is no research comparing crop height with vegetation indices using UAS-based RGB im-
agery throughout the growing season.

In this paper, we explore an alternative method for estimating cotton plant height
using unmanned aerial system (UAS)-derived spectral index information and photogram-
metric modeling. This methodology consists of three steps: (i) Generating a dense point
cloud of the field of interest through photogrammetric techniques from UAS RGB images
and ground truth samples. (ii) Using image analysis techniques applied to the orthopho-
tos to extract plant pixels and calculate three vegetation indices within the visible spec-
trum. (iii) Aggregating this information into zones and examining the correlation between
each dataset. By applying photogrammetric modeling with UAS-generated spectral index
information it was possible to estimate cotton plant heights, which can provide insight
into crop management decisions.

2. Materials and Methods
2.1. Study Area

The experiments of the study took place in an experimental cotton field in Kopaida,
Aliartos, Greece (Figures 1 and 2) with a total area of 5 ha. The geographical coordinates
of the area are 38°23'40"N, 23°6'10"E, and the elevation is 265 m above sea level (ASL).
This specific location was selected for the experiment as it has an ideal climate for cotton
cultivation and relatively flat terrain, making it a suitable setting to test the use of the
introduced UAS-based methodology. Moreover, the boundaries of the field were for-
tressed by tall coniferous trees (approx. 30-35 m in height), which acted as a wind shield
that blocked incoming gusts and significantly decreased wind speed throughout the day.
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Figure 1. The relative location of the experimental area for this study, located in Aliartos, Greece.
The geographical coordinates of the area are 38°23'40"N, 23°6'10"E, and the elevation is 265 m above
sea level (ASL).
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Figure 2. The experimental area for this study was located in Aliartos, Greece.
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2.2. Data Acquisition

A total of five UAS flights were conducted for data collection during the 2022 sum-
mer growing season. The UAS used was a DJI Phantom 4 (SZ DJI Technology Co., Ltd.,
Shenzhen, China), (Figure 3) which flew over the experimental field at 20, 35, 55, 80, and
110 days after seeding (DAS), corresponding to the critical stages of emergence, develop-
ment of first branches and vegetative growth, squaring, blooming, and boll development,
respectively. Data collection was performed with the integrated RBG camera of the UAS,
allowing an in-depth analysis of the cotton plant growth during different phases of its life
cycle.

For georeferencing and combining multiple point clouds, a total of six (6) Ground
Control Points (GCPs) were marked by marker boards (dimensions of 200 x 200 mm) that
were Vvisibly scattered evenly across the cotton field. The geographic coordinates of each
target board were obtained using a real-time kinematic global positioning system (RTK-
GPS), HiPer V RTK model (Topcon Positioning Systems Inc., Livermore, CA, USA) (Fig-
ure 3) with horizontal and vertical errors of 1 cm and 2 cm, respectively. The coordinates
were stored in the GGRS87/Greek Grid Datum coordinate system (EPSG:2100) and later
transformed to the WGS 84 UTM Zone 34N coordinate system (EPSG:32634) using the
ArcMap software v10.2.2. (Environmental Systems Research Institute, Inc. (ESRI), Red-
lands, CA, USA). The UAS followed a predefined flight plan at an altitude of 30 m above
ground level (AGL) to capture images with an overlap of approximately 80% to the front
and 70% to the side. Images were captured in an automatic mode at 1 frame per 3 s to
ensure aircraft stability and a low level of motion blur. The camera’s ISO was set to 100
and the best exposure was set based on weather conditions, while the aperture was set to
the default setting of /5. The same flight path and camera setup excluding exposure time
were applied across all data acquisitions. Each flight campaign was conducted between
11:00 and 14:00 local time (9:00 to 12:00 UTC) on exclusively sunny days with low wind
speed and no gusts. During this time, 133 images were acquired in nadir orientation with
an image resolution of 5472 x 3648 and a spatial resolution (Ground Sampling Distance—
GSD) of 1.6 cm.

(b)

Figure 3. The UAS (a) that collected the RGB imagery and the RTK GPS (b) used to measure GCPs
in this study.

Finally, after each flight, a series of additional 20-30 ground elevation samples were
acquired with the RTK GPS to obtain a denser layer of ground elevation points and to
create the Digital Elevation Model (DEM) of the study area through Kriging interpolation,
which would then be subtracted from the DSM to obtain the absolute elevation of the



Remote Sens. 2023, 15, 1214

6 of 17

cotton plants. Of course, it is not expected that the DEM of the area would show variations
in such a short period of time. Nevertheless, a separate DEM was created for each indi-
vidual DSM (data collection date) in order to minimize possible errors due to variations
in photography and other collection parameters.

2.3. Photogrammetry

UAS images were processed using Agisoft Photoscan 1.2.6 software (Agisoft LLC, St.
Petersburg, Russia) to generate 3D point clouds of cotton crops. The metadata of the cap-
tured images included the coordinates derived from the GPS mounted on the drone. The
photos were aligned by calculating the position and orientation of each photo to create a
sparse point cloud model. In addition, incorrectly positioned photos with major errors
were subsequently removed from the Agisoft software using the returning error analysis
results to ensure the high-quality generation of replacement cloud points. Dense point
clouds were calculated based on depth information and estimated camera orientation. For
the reconstruction of small detail, medium-depth filtering was used to create dense point
clouds. All dense point clouds were produced with high quality to provide a more accu-
rate geometry of the vegetation 3D structural metric. Once the DSMs were generated for
each flight, the DEMs of the study area that were created by interpolating (Kriging) the
manually sampled ground elevation points of the study area would then be subtracted
from the DSM to obtain the absolute elevation of the cotton plants.

2.4. Vegetation Indices

In addition to each generated 3D map, three (3) different vegetation index maps,
namely the Green Red Vegetation Index (GRVI), the Green Chlorophyll Coordinate Index
(GCC), and the Normalized Excessive Green Index (NExG) were also generated using the
ArcMap software v10.2.2 from the orthomosaic images created from the dense point
clouds (Table 1). These vegetation indices contrast the green portion of the spectrum
against red and blue ones to effectively distinguish vegetation from soil, while also quan-
tifying crop vigor and thus providing information regarding the plant’s health status, such
as chlorophyll content and leaf area coverage. These VIs in most development stages nor-
mally exhibit a linear relationship with the photosynthetic capacity of crops, which also
varies throughout the growing season, and can therefore be helpful in crop monitoring
and agricultural management. Moreover, another reason these indices were selected is
due to their ease of implementation in imagery data obtained in the visible spectrum (RGB
images), which is one of the main objectives of this study as we have focused entirely on
a low-cost sensing system approach.

Table 1. The VIs used in this study with their respective spectral equations. These VIs were calcu-
lated using their respective spectral equations, by using red, green, and blue reflectance values rec-
orded by the RGB sensor of the UAS. By applying these equations to the aerial imagery, it is possible
to obtain information regarding the plant’s health status, such as chlorophyll content and leaf area
index.

Vegetation Index Spectral Expression
Green-Red Vegetation Index (GRVI) [62] (Green — Red)/(Green + Red)
Green Chromatic Coordinate Index

(GCC) [63] (Green)/(Green + Red + Blue)

Normalized Excessive Green Index

(NExG) [64] (2xGreen - Red - Blue)/(Green + Red + Blue)

For each individual vegetation index map, a variable filter was applied to isolate pix-
els corresponding to cotton vegetation, removing soil and other “background” elements
from the images (Figure 4), using ArcMap. These filters were selected manually for each
VI layer and data collection date, as variations in the histogram distribution and value
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range of each date would not allow for a constant threshold value to be used for all dates
and VIlayers. To this end, numerous points of both soil and vegetation pixels were exam-
ined throughout the field, obtaining a general idea of the value ranges of cotton vegetation
and the background pixels (soil or other elements such as weeds) that we wanted to sep-
arate. The final masked layers were generated by applying 5-10 iterations of threshold
values near these identified “separation” values for each VI layer and then selecting the
one that better-masked cotton pixels (performed by overlaying each masked layer over
the RGB orthomosaic). Finally, the ground cover was calculated by applying a binary
mask that also served as a filter for the vegetation pixels, this time to the 3D height data
(DSM). After the vegetation pixels were isolated, the percentage of remaining pixels to the
total number of pixels within the polygon boundaries of a reference grid (cell dimensions
10x10 m?, described in the following section) were calculated as Coverage. The entire
workflow is shown in the following graphic (Figure 5).

1 GNVI_no_soil

Value

Figure 4. A segment from an RGB orthomosaic shows the elements that remain after the soil re-
moval, namely cotton vegetation. The use of aerial imagery and digital filters enabled the isolation
of the vegetation pixels from all other elements in the image, providing a more accurate and detailed
picture of the ground cover.
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Figure 5. The data processing pipeline for the generation of the primary datasets of this study.

2.5. Ground Truth Sampling

During each data collection flight, ground truth samples were collected from at least
four (4) cotton plants for each deployed GCP marker (at the vertices of the expanded rec-
tangle of the ground marker) by measuring the height of each plant with a tape measure
to verify the accuracy of the generated Digital Elevation Model (Figure 6). The average
percent error between DSM values and ground truth measurements was set at 5% as an
acceptable threshold for all samples of each measurement. In this study, the average per-
cent errors of all DSM points for each date of data collection ranged from 3.1% (1st DSM)
to 4.6% (5th DSM), confirming that all generated DSM models were of reasonable accu-

racy.

& Ground truth sampled plants
[54 RTK measured GCP markers

Figure 6. The collection of the ground truth cotton height measurements.
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2.6. Statistical Analysis

The first step in the statistical analysis was to aggregate all the generated layers into
a common 10 x 10 m? grid. Then, for the statistical analysis of the correlations between the
generated DSM and VI data, Pearson’s correlation coefficient (r) was calculated using Py-
thon 3 to compare the spatial similarity between the different datasets. Despite the absence
of a clear linear relationship, in this particular case, Pearson’s linear correlation coefficient
was sufficiently robust to detect a correlation between the variables studied and was
therefore selected for our study. In addition, canopy coverage expressed as the number of
pixels remaining in each grid after the DEM subtraction process was also included in this
correlation analysis to evaluate a possible correlation between DSM-derived height esti-
mates and vertical growth of leaf surface in cotton crops.

3. Results
3.1. Histograms

To visualize the results of the processing pipeline, the following plots show a series
of histograms depicting the distribution of vegetation index values relative to the corre-
sponding DSM values of each date (Figures 7-11) at the spatial resolution of the reference
grid (10 x 10 m?) along with the linear model that best fits each dataset. These plots illus-
trate the frequency and range of vegetation index values within a given range of DSM
values, which can be used to compare vegetation parameters from one data collection date
to the next and provide a better understanding of how vegetation parameters change over

time.

012 014 016 018 020 022 024 026 004 006 008 010 012 014 016
NEXG_1 GRVI_1

Figure 7. The distribution of the three (3) vegetation index values for the 1st measurement (20 DAS),

shown in a histogram in relation to the corresponding DSM values.

0.41 0.42 0.43 016 018 020 022 024 026 028 030 0.06 0.08 0.10 0.12 0.14 0.16 0.18

GCC_2 NEXG_2 GRVI_2

Figure 8. The distribution of the three (3) vegetation index values for the 2nd measurement (35
DAS), shown in a histogram in relation to the corresponding DSM values.
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Figure 9. The distribution of the three (3) vegetation index values for the 3rd measurement (55 DAS),
shown in a histogram in relation to the corresponding DSM values.

037 038 039 040 041 042 043 044 015 0.20 025 030 0025 0.050 0.075 0.100 0125 0150 0175 0.200
Geca NEXG_4 GRVI_4

Figure 10. The distribution of the three (3) vegetation index values for the 4th measurement (80
DAS), shown in a histogram in relation to the corresponding DSM values.

0.375 0.380 0.385 0.390
GeC.s NEXG_S

Figure 11. The distribution of the three (3) vegetation index values for the 5th measurement (110
DAS) shown in a histogram in relation to the corresponding DSM values.

The average VI data and calculated horizontal cotton growth curve (DSM values) for
each date of record are shown in Table 2 and Figure 12. The VIs express an expected trend,
as they begin with low values during the early growth stages near emergence, then in-
crease steadily until mid-season near flowering, followed by a sharp decline as the vege-
tation loses vigor near the boll development stages. This allowed for the comparison of
vegetation parameters from one data collection to the next, providing a more comprehen-
sive understanding of how vegetation parameters change over time. This data can be used
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to monitor the growth and health of cotton crops throughout their entire life cycles,
providing valuable information for agricultural management.

The descriptive metrics of the minimum and maximum VI values, in the form of
value ranges corresponding to each data collection date, are also presented in the follow-
ing Table (Table 3). An interesting observation can be made by looking at the DSM value
ranges, as, although the values exhibit an ascending trend as expected during the consec-
utive growth stages, the highest values increase sharply during the 35-55 DAS, while the
lowest values mimic this behavior during the 55-80 DAS period. Therefore, it becomes
apparent that the well-developed, vigorous plants that represent the upper values of the
DSM points exhibit growth spurts earlier compared to smaller plants that have relatively
slower growth in early development stages.

Table 2. The average VI and DSM values for all measurements at the resolution of the reference grid
(10 x 10 m?).

Date GRVI GCC NExG DSM
20 DAS 0.100814 0.397483 0.201397 0.391097
35 DAS 0.131125 0.411699 0.241274 0.596634
55 DAS 0.197706 0.44851 0.34908 0.763857
80 DAS 0.099696 0.39378 0.186277 0.678612
110 DAS 0.035844 0.3744 0.123199 0.651831

Table 3. The value ranges for all three (3) VIs and DSM values across the five (5) data collection
dates at the resolution of the reference grid (10 x 10 m?).

Date GRVI GCC NExG DSM
20 DAS 0.026-0.161 0.368-0.421 0.120-0.267 0.200-0.573
35 DAS 0.049-0.176 0.382-0.429 0.160-0.294 0.253-0.78
55 DAS 0.060-0.264 0.385-0.487 0.171-0.463 0.282-1.02
80 DAS 0.028-0.208 0.370-0.442 0.121-0.326 0.388-1.07
110 DAS 0.018-0.079 0.368-0.389 0.105-0.168 0.390-1.084

Average Cotton Index Values

-@- GRVI
—A- GCC
M- NEXG

Cotton Height (cm)

Growth Curve - Average DSM values

55 DAS 80 DAS 110 DAS 20 DAS 35 DAS 55 DAS 80 DAS 110 DAS

Date Date

(a) (b)

Figure 12. The VI values (a) and cotton horizontal growth curve (DSM values) (b) throughout the
study.
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3.2. Correlation Analysis

The correlation between the data from VI and vegetation coverage and the respective
DSM of each data collection date are shown in Table 4 and Figure 13 below. Among the
VIs, GCC showed the highest correlation across the first three dates, followed by NExG,
which also followed a similar pattern. Both indices exhibited the highest correlation with
cotton height at the early stages and then steadily decreased as they approached the later
stages of maturity. GRV], on the other hand, had the lowest correlation early in the season,
and although it mirrored a similar trend and dropped sharply at later stages, it slightly
outperformed GCC and NEXG at 80 and 110 DAS. Moreover, cotton vegetation coverage
showed a more consistent trend throughout the season, beginning with a correlation
above 91% in 20 DAS, when young cotton plants were easily distinguishable from the
background.

Table 4. The Pearson correlation values between VI data and canopy coverage and the respective
DSMs at the resolution of the reference grid (10 x 10 m?).

Date GRVI GCC NExG Coverage
20 DAS 0.543 0.706 0.609 0.913
35 DAS 0.516 0.508 0.481 0.759
55 DAS 0.363 0.377 0.362 0.630
80 DAS 0.371 0.326 0.311 0.702
110 DAS 0.141 0.099 0.099 0.722

Correlation with DSM

-@- GRVI

0.9 A GCC
M- NExG
-4~ Coverage

0.8

0.7

0.6

0.5

Correlation

0.4
0.3
0.2

0.1

20 DAS 35 DAS 55 DAS 80 DAS 110 DAS

Date

Figure 13. The correlation between DSM values and the three (3) Vis used in this study, across all
data collection dates.

4. Discussion

The results show that the proposed method is able to produce highly accurate DSMs
of the experimental cotton field, which is also confirmed by the growth curve produced,
as the results are consistent with the standard growth curve for cotton according to the
agronomic literature [29]. Soil coverage of cotton foliage also showed a high correlation
with vertical plant growth. The strongest correlation between vertical (plant height) and
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horizontal (vegetation coverage) cotton growth was observed at the earlier growth stages,
possibly due to the fact that the younger plants are easier to separate from the background.
In contrast, the lowest correlation was observed at the 3rd measurement when plants were
near their maximum height for the current growing season.

Wu et al. [65] obtained comparable outcomes by constructing dense point clouds
from UAS RGB images to assess cotton plant height and LAI after cotton defoliant spray-
ing. Their method was able to dynamically monitor the changes in the LAI of cotton at
different times (R? and RMSE values for the estimated plant height based on the dense
point cloud and the measured plant height were 0.962 and 0.913, respectively), leading to
the conclusion that dense point cloud construction based on UAS remote sensing is a po-
tential alternative to plant height and LAI estimation.

Phenotyping based on 3D models can play a significant role in improving the effi-
ciency and productivity of the agriculture sector. By providing the ability to continuously
monitor and quantify plant growth, as well as their responses to various abiotic stress
factors, 3D models can assist growers in making informed decisions. In several studies,
the use of 3D models for crop phenotyping has been found to be effective. For instance, in
a study by Rose et al. [66], the growth of tomato plants was monitored using 3D point
cloud technology, which showed a high correlation between the temporal leaf area index
(LAI) and plant height (R2 > 0.96). Similar models were also developed for crops such as
maize and sugar beets, which were found to have a good correlation with the yield [31].
In horticulture, the leaf area is considered a crucial factor in determining the growth ca-
pacity of a tree and, as a result, its yield [67]. Hence, LAI information may become crucial
in adjusting the optimal number of fruit per tree in perennial crops using variable rate
applications. Furthermore, recent advancements in 3D models have led to the develop-
ment of methods to estimate structural parameters such as leaf area and chlorophyll con-
tent in broadleaf plants [68]. In a recent study by [69], the leaf area and fruit NDVI were
estimated using 3D LiDAR data and were found to have a high correlation with reference
data of fruit NDVI and chemically analyzed chlorophyll, with R? values of 0.65 (RMSE =
0.65%) and 0.78 (RMSE = 1.31%), respectively. In conclusion, the use of 3D models for crop
phenotyping has the potential to revolutionize the agriculture sector, providing growers
with valuable information about their crops and enabling them to make informed deci-
sions to improve productivity and efficiency.

By obtaining information on the different growth trends in different field zones and
the overall spatial variability in the field, the methodology proposed in this article can
help cotton producers to more effectively use agricultural inputs such as growth regula-
tors and defoliants that are growth (and thus time) dependent. Barbedo et al. [70] and
Ballester et al. [71] note in their research that younger plants have a higher biomass pro-
duction rate compared to nitrogen accumulation (N dilution effect), which might explain
this result. The lowest correlation, on the other hand, was seen at the third measurement,
when the plants were approaching their maximum height for the current growing season.
Lu et al. [14] in their study attempted to estimate maize plant height from the ideal per-
centile height of a point cloud and examine if the combination of plant height and canopy
coverage with visible vegetation index might improve leaf nitrogen concentration (LNC)
estimation accuracy. They discovered that the 99.9th percentile height of a point cloud
was ideal for predicting plant height, implying that the combination of agronomy factors
and VIs from UAS-based RGB photos had the ability to estimate LNC (which exhibited
the highest correlation with maize at LNC = 0.716). The VIs used in this study were
strongly correlated with plant height at the early growth stages, with satisfactory results
from the GCC and NEXG indices. These indices showed the highest correlation with cot-
ton height at the early growth stages (between 60% and 70%).

More specifically, VIs followed a contiguous trend during the growing season, start-
ing with low values at the beginning and increasing until the middle of the season, fol-
lowed by a sharp decrease towards the end. The third index, GRVI, a widely used visible
spectrum index VI, had the lowest correlation in the early growing stages, although its
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relative performance increased slightly in later stages, outperforming GCC and NExG.
However, since the correlation with all VIs was low after 55 DAS, no clear conclusion can
be drawn about the ability of VIs to estimate plant height at later growth stages when
vegetation vigor is lower. This suggests that the proposed method is more accurate in
estimating cotton height at early growth stages through photogrammetry, but may be less
reliable at estimating crop height through VlIs at later stages. In contrast, the most reliable
method would be mapping at approximately 55 DAS to obtain information on field vari-
ability. Finally, the photogrammetric pipeline described in this study proved to be very
accurate, as errors between ground truth measurements and generated DSM values were
insignificant (consistently less than 5%).

Cotton vegetation cover showed a more consistent trend, with a correlation of over
91% in the early stages when young cotton plants were easily distinguishable from the
background. The decrease in later stages may also be attributed to the presence of other
vegetation in the field, such as weeds, which occurred in several field zones throughout
the growing season. Similar issues caused by the presence of weeds have been highlighted
in other research, such as [72], where the presence of weeds and fuzzy effects in the photos
generated noise and led to inaccuracies. Overall, this study provides promising results for
the potential of using visible spectrum reflectance data and photogrammetric DSM mod-
els to estimate cotton plant height, particularly in the early growth stages. Further research
is needed to improve the accuracy of the method at later growth stages and explore its
potential for use in other crop types and cultivation systems.

5. Conclusions

The present study has shown that the proposed methodology using visible spectrum
reflectance data and photogrammetric DSM models can accurately estimate the vertical
growth of cotton plants at the early growth stages. The GCC and NExG indices showed
the most satisfactory results in this regard. However, the correlations between the differ-
ent vegetation indices and vertical plant growth appeared to decrease as the growing sea-
son progressed. The GRVI index showed the lowest correlation in the early growth stages,
although its performance improved slightly in later stages. However, it is unclear whether
VIs can accurately estimate plant height at later growth stages when vegetation vigor is
lower. The photogrammetric pipeline used in this study proved to be very accurate, with
errors consistently below 5%. Because the overall correlation between data from VI and
plant height showed significant temporal variation, it is recommended that the mapping
of 50 DAS be conducted based on the results of this study to provide more reliable infor-
mation about variability in the field. These results could be useful in developing more
accurate models to predict cotton plant height and optimize land management strategies.
Overall, this study provides a promising alternative method for estimating cotton plant
height using low-cost UAS-derived spectral index information and photogrammetric
modeling. These initial results suggest that the proposed method of using visible spec-
trum reflectance data and photogrammetric DSM models may be a useful tool for estimat-
ing cotton plant height at the early growth stages. Further research could improve the
accuracy of the method at later growth stages and investigate its potential for use in other
crops.
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