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Abstract: Capturing high spatial resolution imagery is becoming a standard operation in many
agricultural applications. The increased capacity for image capture necessitates corresponding
advances in analysis algorithms. This study introduces automated raster geoprocessing methods to
automatically extract strawberry (Fragaria × ananassa) canopy size metrics using raster image analysis
and utilize the extracted metrics in statistical modeling of strawberry dry weight. Automated canopy
delineation and canopy size metrics extraction models were developed and implemented using
ArcMap software v 10.7 and made available by the authors. The workflows were demonstrated
using high spatial resolution (1 mm resolution) orthoimages and digital surface models (2 mm) of
34 strawberry plots (each containing 17 different plant genotypes) planted on raised beds. The images
were captured on a weekly basis throughout the strawberry growing season (16 weeks) between early
November and late February. The results of extracting four canopy size metrics (area, volume, average
height, and height standard deviation) using automatically delineated and visually interpreted
canopies were compared. The trends observed in the differences between canopy metrics extracted
using the automatically delineated and visually interpreted canopies showed no significant differences.
The R2 values of the models were 0.77 and 0.76 for the two datasets and the leave-one-out (LOO)
cross validation root mean square error (RMSE) of the two models were 9.2 g and 9.4 g, respectively.
The results show the feasibility of using automated methods for canopy delineation and canopy
metric extraction to support plant phenotyping applications.

Keywords: geoprocessing workflow; dry biomass modeling; high resolution images;
geospatial modeling

1. Introduction

The use of high-resolution remote sensing technologies established deep roots in the natural
resource and agricultural management fields [1,2]. Through the ability to collect high spatial, temporal
and spectral resolution data, remote sensing provides a plethora of information supporting a broad
spectrum of applications. For example, remotely sensed imagery provides timely information to
assist operations involving nutrient concentration modeling, disease detection, and water stress
assessment [3–6]. Information derived from remote sensing imagery has benefitted growth monitoring
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and yield modeling [7–9]. Breeding programs benefit from diverse, low cost, and high throughput
remote sensing technologies capable of measuring plant traits [10–12].

Interactive analysis of remote sensing data can be beneficial for data exploration; however,
the current flood of remote sensing datasets mandates the development of automated analysis methods
that are efficient, adaptable, and easy to use. This is especially important to reduce the cost and increase
the benefit of using these technologies and to efficiently apply them to small farms and research
experiments that are typical for specialty crops such as strawberries. Many remote sensing applications
focus on utilizing the spectral information in the images using spectral indices, for example, with less
emphasis on geometrical canopy characteristics that can also be extracted from the images. Spectral
differences in the images due to the interaction of electromagnetic radiation with the plants and their
surroundings enable many of the applications, especially if the images are capable of sensing energies
from multiple areas of the electromagnetic spectrum and in narrow spectral bands [13–15]. Spectral
information has been used to infer vegetation biophysical parameters such as leaf area and biomass,
which are related to canopy sizes and structure, and are necessary for ecological and climate change
models [16].

Geometric properties of scene objects such as canopy height and volume require higher geospatial
accuracy, higher spatial resolution, and specific analysis tools for data extraction [17–19]. Explicit
modeling of canopy size and structure is facilitated using lidar datasets, where 3D points of the canopy
and ground are retrieved when the laser photons infiltrate within canopy, hit different under-canopy
strata, and reflect back to the sensor, providing coordinates of all return points [20]. Wu et al. [21]
utilized a high-density lidar system mounted on an unpiloted aircraft vehicle (UAV-lidar) to detect
individual tree canopies and estimate canopy cover. The authors tested watershed segmentation,
polynomial fitting, individual tree crown segmentation (ITCS), and point cloud segmentation (PCS)
algorithms. The results showed the PCS and ITCS algorithms produced the best canopy segmentation
results. Lidar data acquisition, however, is still very expensive to implement and integrate in farm
operations, which typically require frequent data collection throughout the growing season [21].

Several tree detection and canopy delineation algorithms from high resolution imagery were
reviewed in Ke and Quakenbush [22]. Early efforts for canopy delineation focused mainly on
using orthorectified imagery (orthoimages). For example, Jiang et al. [23] developed a canopy
delineation algorithm based on multiscale segmentation and watershed segmentation of orthorectified
imagery produced using aerial images. Typically, high-resolution aerial imagery is analyzed using
photogrammetric techniques to produce 3D point clouds in addition to the orthoimages. Image-derived
3D point clouds have been used recently for canopy delineation; however, these points only represent
the visible top layer of the canopy and hence they do not provide information about interior canopy
structure and under-canopy ground elevations. Marasigan et al. [24] demonstrated the use of the
marker-controlled watershed algorithm (MCWA) [25,26] to delineate individual canopies using canopy
heights as the difference between canopy top and ground elevations. Huang et al. [27] applied the
bias field estimation used in medical image segmentation and MCWA to identify individual tree
canopies from unpiloted aircraft systems (UASs) imagery with 2.5 cm resolution. The authors used
local intensity smoothing before clustering as a preprocessing step. These studies have not particularly
addressed the extraction of canopy size metrics. Points returned from the ground under the canopy are
necessary for canopy metric estimation and are not available for image-based datasets. This requires
the development of other algorithms to model ground elevations, especially when complex ground
structures such as raised beds are utilized.

Some studies have recently attempted to model agricultural crop biophysical parameters
such as biomass using high resolution imagery, with spectral and spatial information [28,29].
Maimaitijiang et al. [30] used vegetation spectral, volumetric, and structural indices to estimate
soybeans biomass. Extracting barley height in an effort to model biomass from high resolution
imagery captured by unmanned aircraft systems (UASs) was conducted by Bendig et al. [31] and
Brocks et al. [32]. Most of this research involves vegetation types that do not have a bush growth
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pattern and do not grow on raised beds like strawberries, which significantly complicates canopy size
metric extraction. Several algorithms to delineate canopies and extract vegetation structure metrics
from lidar data have been developed [21–23]. Guan et al. [19] utilized an object-based analysis to
extract canopy metrics. Interactive step-by-step implementation and software and computational cost
associated with using an object-based analysis highlight the need to develop automated raster-based
geoprocessing workflow for canopy size metric extraction.

This study introduces geospatial analysis workflows for automated extraction of strawberry
canopy geometric information as a typical example of a small, herbaceous crop with a bushy growth
habit planted on raised beds. The study introduces an end-to-end raster-based geospatial analysis
workflow applied on ultra-high spatial resolution images (0.5-mm per pixel for raw images) and
dense point clouds (more than 100,000 pts/m2) to extract canopy metrics (area, volume, average height,
and height standard deviation). The canopy delineation and size metric extraction models developed
in this manuscript introduce several techniques to analyze not only strawberry canopies, but also other
crops with different canopy and field configurations. For example, the manuscript utilized directional
interpolation to fill the gaps in bed elevations under the canopies, which is a major limitation in
photogrammetry derived elevation models compared to lidar products, which are capable of getting
under-canopy ground returns. The same applies to identifying soil elevations using mesh analysis and
utilizing these elevations for weed filtering. The extracted canopy metrics were tested on a phenomics
experiment conducted throughout the 2017/2018 strawberry growing season to model dry biomass of
17 strawberry genotypes. The results of implementing the developed canopy delineation workflow
were compared to the canopies delineated using visual interpretation of canopy boundaries. Different
cross validation methods were also used to assess results.

2. Study Site and Data Preparation

2.1. Study Site

The University of Florida’s Gulf Coast Research and Education Center (GCREC) experimental
farm in Wimauma, FL, 27◦45′40”N and 82◦13′40”W (Figure 1) housed the study site for this research.
Strawberries were planted according to commercial standards on two adjacent one-hundred-meter
long raised beds. Each of the two beds contained 17 plots and each plot contained 17 plants, one of each
of 17 strawberry genotypes (Table 1) used in this experiment, for a total of 34 plots. The range of canopy
structures for the 17 selected genotypes was representative of the University of Florida’s strawberry
breeding germplasm. Approximately once a week, between 16th November and 27th February, images
were collected for a total of 16 sets of images throughout the Florida winter strawberry growing season.
The images were collected for six adjacent beds, the two study beds and two additional beds on each
side (Figure 1), allowing for strong photogrammetric geometry for image analysis. Figure 1 also shows
the layout of one plot as designed and implemented.
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Figure 1. Experimental location, setup, and equipment. (A). Digital Surface Model viewed over
orthoimage of a plot. (B). Individual plot layout showing plant genotype alphabetical codes.
(C). Location of Gulf Coast Research and Education Center in Wimauma, FL, the site of this experiment.
(D). Imaging platform equipped with a. synchronization and acquisition software (laptop), a,b. camera
trigger box hardware, c. timing GPS, d. survey-quality GNSS receiver, e. Nikon D300 RGB camera,
and f. Nikon D300 IR camera. (E). Six rows of data collection centering over two target rows.

Table 1. Statistical summary of dry biomass in grams of 17 genotypes (left) and 16 acquisition
dates (right).

Genotype Genotype
Code Min Max Mean Median Acquisition

Date Min Max Mean Median

11.71-9 A 1.4 47.0 21.1 21.7 11_16_2017 0.5 6.9 2.4 2.2

12.17-62 B 3.5 83.1 33.9 28.5 11_21_2017 1.0 4.9 2.8 2.8

12.93-4 C 0.5 46.8 21.1 21.7 11_30_2017 1.5 10.6 5.5 5.1

13.26-134 D 1.4 53.3 18.8 16.7 12_07_2017 2.5 12.7 6.4 5.9

13.42-5 E 1.1 41.8 19.1 19.4 12_14_2017 7.1 41.4 15.4 13.1

13.55-195 F 0.8 52.0 17.1 16.9 12_21_2017 8.4 47.0 18.3 15.7

14.55-48 G 4.0 104.9 34.0 35.1 12_27_2017 9.4 44.8 21.1 19.6

14.83-36 H 2.4 51.9 20.2 20.7 01_04_2018 13.8 38.9 26.1 26.3

BEAUTY I 1.2 31.1 14.3 13.8 01_11_2018 12.5 59.0 30.7 28.8

ELYANA J 1.5 48.6 21.4 20.1 01_18_2018 13.0 71.1 35.1 33.8

FESTIVAL K 1.0 63.9 25.1 22.1 01_25_2018 8.8 65.7 32.4 30.7

FL_10-89 L 2.0 92.5 31.8 31.1 02_01_2018 14.6 83.1 40.8 36.2

FLORIDA127 M 3.2 83.8 30.2 29.4 02_08_2018 15.4 104.9 47.7 41.2

FRONTERAS N 2.3 94.7 34.9 31.5 02_15_2018 15.4 116.9 40.2 38.6

RADIANCE O 1.0 43.0 19.4 19.7 02_22_2018 13.4 76.3 37.7 33.8

TREASURE P 0.9 116.9 38.2 42.0 02_27_2018 15.4 70.1 35.0 32.7

WINTERSTAR Q 0.6 41.7 21.0 18.9

2.2. Image Data Acquisition and Preprocessing

The images used in this study were acquired using the set-up introduced by
Abd-Elrahman et al. [33,34] to collect ground-based images from a platform towed by a tractor
in a strawberry field (Figure 1). Two Nikon D300 cameras were used. One of the cameras captured RGB
images while the other camera was modified to capture IR images. The cameras were mounted 20 cm
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apart on the platform and triggered simultaneously every two seconds. Each image was tagged with a
Trimble Accutime Gold Global Positioning System (GPS) timestamp using custom-built synchronization
hardware. Each image exposure location was determined in post-acquisition analysis by interpolating
the image location from the trajectory obtained by a Topcon Hiper Lite plus survey-grade Global
Navigation Satellite System (GNSS) receiver onboard the platform. The images were acquired
approximately 3.5 m above the ground with the platform moving at 0.5 m/sec providing 70% image
overlap and 60% sidelap. This configuration allows for photogrammetric analysis of the images to
produce point clouds, orthoimages, and Digital Surface Model (DSM) [35,36]. The four beds adjacent
to those containing the plots (two from each side) were also surveyed to provide overlapping images
for the photogrammetric analysis as shown in Figure 1.

Centimeter-level accuracy ground control points were established in the study area as described
by Guan et al. [19] using a survey-grade total station and static GNSS observations. The control
points were established to be visible in the images and used in the structure from motion (SfM)
photogrammetric solution to produce orthoimages and DSM [37]. The SfM technique is used widely
to process overlapping images captured by multiple platforms (e.g., UAS and piloted aircrafts) in the
agriculture and natural resource management fields.

SfM is a workflow combining photogrammetric and computer vision techniques to generate
3D products from 2D images. The first task within SfM is to match overlapped images taken from
different angles and locations to identify common features. The locations of these matched features
are used to accurately estimate camera and scene geometry at the time of each image exposure [38].
Specifically, the matched image features, along with surveyed ground control points, are used as input
into a bundle-block adjustment process [39] that is solved mathematically to estimate the position and
angular orientation of each camera at the moment of exposure. This process is followed by another,
denser image matching process to identify conjugate image locations covering the entire scene that
can be used, with the image exterior orientation parameters, to produce a dense 3D point cloud
representing the features in the scene. The same dataset can also be used to create an orthorectified
image mosaic that is free from perspective distortions related to tilt of the camera and feature relief.
This type of analysis enables post processing of the orthoimage, 3D point clouds, and conducting
multi-view analysis [40].

In this study, the SfM Agisoft Photoscan software (version 1.4.0.5650) [41] was used to produce
1 mm ground sample distance (GSD) RGB/IR orthoimages and 2 mm DSM standard products.
The orthoimage products were corrected for the effects of camera tilt and scene topography variations,
and were used to acquire planimetric measurements.

2.3. Information Derived from the Orthoimages

Spectral indices such as the normalized difference vegetation index (NDVI) [42], shadow
ratio [43,44], and the saturation value of the hue–intensity–saturation color model [45] were produced
as raster layers. Pixels with saturation greater than 0.4, NDVI greater than 0, and shadow ratio less
than 0 were classified as vegetation. The thresholds for the saturation and NDVI were determined by
testing multiple thresholds and visually assessing the results, while the shadow ratio threshold was
determined by previous research results [43,44]. All thresholds were held constant and applied to all
the datasets acquired throughout the season. The vegetation class was used as a mask to differentiate
between vegetated and non-vegetated (soils and bed) areas in the canopy delineation and size metrics
extraction workflows introduced in the subsequent sections.

2.4. In-Situ Dry Biomass Measurements

Dry biomass samples were collected from each plant using destructive sampling within several
hours of image acquisition. Each week, two plots, one from each bed, were randomly selected and
the plants from these plots were taken to the laboratory to measure dry biomass following image
acquisition. For each canopy, the leaves were bagged and then placed in a drying oven at 65 ◦C for
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five days. The dry biomass [46] weight was then measured. The dry biomass was used as the dependent
variable in the regression analysis utilizing image-derived canopy size metrics as independent variables.
Table 1 shows statistical summaries of the dry biomass measured in this experiment organized by
strawberry genotypes and acquisition dates.

3. Methodology

3.1. Canopy Delineation Workflow

Individual strawberry canopy boundaries were used to extract canopy size metrics. A geospatial
analysis workflow was developed to delineate individual plant boundaries. The workflow involves
preparing the images and utilized the marker-controlled watershed algorithm implemented in the
‘mcws’ function of the ForestTools R package [47]. The function uses a vector layer containing a
point for each plant canopy located at the highest point of the canopy and a raster layer representing
canopy heights. The raster layer output from the watershed delineation process is post-processed to
create a vector polygon layer representing each canopy boundary. This workflow was implemented
using four different models developed using ESRI’s ArcMap v10.7 [48] Model Builder, where various
geoprocessing functions including those belonging to the Spatial Analyst extension of the software
were used.

The workflow was divided into four different subsequent models to allow inspection and analysis
of the results of each model (or step). The input datasets of the whole workflow were three basic
datasets: (1) vegetation mask produced as explained in Section 2.3, (2) DSM produced using the
SfM algorithm, and (3) a layer containing a single point approximately located at the center of each
plant. Since canopy points did not need to be positioned accurately at the center of the plant, a single
point layer was produced and used for all the datasets acquired throughout the strawberry season
(16 datasets). An optional layer outlining the boundary of the field site was used to clip the datasets to
a tighter field boundary, which led to a smaller analysis extent, and hence shorter processing time.
The developed four-part (four-models) workflow is described below and illustrated in Figures 2 and 3A.
The developed models and associated code are available for researchers through direct request to this
article’s corresponding author.

Figure 2. Illustration of the automated canopy delineation processes.
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Figure 3. A. Automated canopy boundary delineation workflow and B. Canopy size metrics
extraction workflow.

1. Model 1: The highest point within each canopy was determined using approximate locations.
A single approximate location representing each canopy was used to automatically find the
highest point of the canopy using the DSM. These points were needed for the watershed algorithm
to delineate the canopy. The study area was divided into 1 m square cells (fishnet) and the
2% elevation quantile of the DSM within each cell was extracted. The 2% quantile was the
DSM elevation value where 98% of the pixels within each cell were higher. This elevation
was chosen to represent the soil (between beds) elevations within each cell in the field. A 1 m
grid was used for the strawberry field, which guaranteed that soils represented at least 2% of
each cell. A python script customized by the authors based on the ArcGIS user community
(https://community.esri.com/thread/95403#555075) was used to compute the quantiles. The script
was embedded as a tool within model 1 in ArcMap.

2. Model 2: Vegetation pixels lower than bed elevation, which is the 2% quantile elevation in each
cell plus bed height (15 cm in this field) were filtered out. These pixels were excluded from the
analysis since they either represented weeds growing from the soil or canopy leaves extending
outside the bed boundary. In both cases, our experiments showed that excluding the vegetation
areas that satisfied this criteria improved analysis results.

3. Model 3: The watershed algorithm for canopy delineation was implemented [25,26]. The algorithm
used a DSM model restricted to the vegetation mask areas and the highest point inside each
canopy to delineate canopy boundary and output the results as a raster layer.

4. Model 4: A series of operations were used to convert the raster output of the watershed algorithm
to a vector layer, generalize the polygons representing canopy boundaries, eliminate island
polygons, and implement a minimum bounding convex hull algorithm to improve the shape of
the canopy to complete post-delineation canopy enhancement.

3.2. Canopy Size Metrics Extraction

Individual plant canopy area, volume, average height, and standard deviation of height were
computed using a model that iterated through all datasets acquired throughout the season. The Spatial
Analyst extension of the ArcMap software v10.7 was used to analyze the raster datasets. A key
component of the workflow was to compute strawberry canopy height models as the difference
between two elevation surfaces. The first surface was the DSM produced by the SfM solution, which
represents the elevation of the top of the objects in the images (top of canopy surface, exposed beds,
and soils). The second surface was the digital terrain model (DTM), which represents the elevations
after removing the canopies. The latter surface could not be produced directly from the images due to
the existence of the vegetation cover. To solve this issue and create the vegetation-free DTM, the local
polynomial interpolation technique with a strong directional emphasis in the along-bed direction was

https://community.esri.com/thread/95403#555075
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used to interpolate the DTM using the elevations of the areas with no vegetation coverage as shown in
Figure 4.

Figure 4. Point cloud analysis. (A). Planimetric view of point cloud with profile location. (B). Oblique
view of profile with inset high resolution view of an individual plant canopy. (C). Profile view of
location with DSM, digital terrain model (DTM), and canopy height calculation shown. (D). View of
bed with vegetation points removed. (E). Interpolated DTM using along bed directional emphasis.

The difference between the DSM and the DTM provided the canopy height models, which were
used in combination with the individual canopy boundaries to compute canopy size metrics. The
workflow developed to extract canopy size metrics is demonstrated in Figure 3B. It should be mentioned
that towards the end of the season, strawberry canopies extended beyond the tops of the beds towards
the edges, with leaves falling over the bed edge towards the soil. This situation led to discrepancies
in canopy metrics, which necessitated clipping canopy boundaries to the extent of the top of the
bed boundaries.

Several metrics were computed for each canopy using the produced canopy height models.
In this manuscript, canopy area, volume, average height, and standard deviation of the canopy
height were computed for each plant in each of the 16 data acquisition sessions. This process was
repeated twice using digitized and automatically produced plant boundaries to assess the quality of
the automated delineation process. The model developed in this study to extract canopy size metrics
will be made available to interested readers upon request to the corresponding author. Table 2 shows
the summary statistics of the canopy size metrics extracted using automatically delineated and visually
interpreted canopies.

Table 2. Summary statistics of canopy size metrics extracted using automatically delineated and
visually interpreted canopies.

Canopy Size Metric Min Max Mean Median

Automated
Canopy

Delineation

Area m2 0.01 0.35 0.11 0.11

Average Height m 0.02 0.24 0.08 0.08

std deviation of
Height m 0.02 0.13 0.06 0.06

Volume m3 3 × 104 4.6 × 102 9.3 × 103 8.5 × 103

Visually
Interpreted
Canopies

Area m2 0.04 0.37 0.13 0.13

Average Height m 0.01 0.22 0.07 0.07

std deviation of
Height m 0.02 0.13 0.06 0.06

Volume m3 3 × 104 4.6 × 102 9.4 × 103 8.6 × 103
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3.3. Statistical Biomass Modeling

Multiple linear regression analysis of strawberry plant dry biomass weight (dependent variable)
was developed using canopy size metrics as independent variables. Two sets of models were developed
using canopy metrics derived from visually interpreted boundaries and the boundaries delineated
automatically by the workflow introduced in Section 3.1. The models were developed for the plants
belonging to the two plots, which were destructively sampled each week. A leave-one-out (LOO) and
leave-group-out (LGO) analysis were conducted for cross validation. In the LOO analysis, the model
was developed using all the samples in the dataset excluding one sample. The model was used to
predict the dry biomass weight of the excluded sample and an error value was computed as the
difference between the predicted and measured dry biomass weight of this sample. This process was
repeated for all the samples in the dataset and a LOO root mean square error (RMSE) was computed
using the errors estimated at each sample.

Similarly, the LGO cross-validation technique excluded all the samples belonging to a group at the
model calibration stage and used the difference between predicted and observed dry weight biomass
for the excluded group samples to compute the RMSE of the excluded group. The process was repeated
for all the groups in the dataset and an RMSE was computed for each excluded group. Two grouping
systems were tested in this study using weekly observations (16 weeks) and genotypes (17 genotypes).
The RMSE computed for the groups at different weeks assessed the model’s capacity for predicting
dry biomass throughout the season, while the RMSE computed for genotype groups assessed model
predictability across different strawberry genotypes. The cross validation RMSE was used not only
to assess the feasibility of using canopy size metrics derived using a raster-based geospatial analysis
workflow to predict canopy dry biomass, but also to assess whether using automatically delineated
canopies affected the predictability of the dry biomass statistical models.

4. Results

4.1. Automated Workflow Overall Performance

Figure 5 shows an example of visually interpreted and automatically delineated canopies.
Automatically delineated canopies slightly overlapped, mainly due to the minimum-bounding convex
hull fitting post processing operation. Although this process was purely geometric, it could have
biological justification since canopies tend to interfere with each other as they grow in size. Automated
canopy delineation workflow required a point within each canopy close to (within a user-specified
distance; 10 cm used in this study) the highest point of the canopy. Creating these points was not
burdensome since the canopies were planted on a precise grid, which facilitated creation of a point
dataset using the planned dimensions and given the precise georeferencing process adopted to create
the orthoimages every week [34]. This facilitated the use of a single canopy points layer for all
acquisition dates throughout the season.

Figure 5. Example of visually interpreted (left) and automatically delineated (right) canopies of plot 11
captured on 18 January 2017.

Visual interpretation of the canopies was a time-consuming process. A well-trained operator could
take 2–3 h to delineate the 34 canopies in two plots and would still be vulnerable to errors, especially
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close to the end of the season when the canopies overlapped. The automated canopy-delineation
approach took 15 min on average for each week’s dataset to process for all 34 plots using an Intel
®Xeon® CPU E3-1270 v5 @3.6 GHZ processor and 64 GB RAM computer.

Visual inspection of the automatically delineated canopy boundaries was required. Our review
of the results showed the need to adjust the boundaries of a few canopies for each acquisition
date, especially in the first and last acquisition dates when the canopies were either very small or
overlapping, respectively. Additionally, although the developed workflow attempted to overcome
the problems associated with increased weeds growing from the soils next to the beds at the end of
the season, there were still some situations where automated delineation, and to a lesser extent visual
interpretation, were affected by this situation. Visual review of the automatically delineated canopies
and the potential editing of 2–3 canopies added up to 10 min to the processing time for each data
acquisition (weekly) dataset.

Computing the canopy area, average height, standard deviation of canopy height, and canopy
volume metrics was only conducted automatically using the developed canopy size metrics extraction
geoprocessing workflow. The analysis was conducted for the whole dataset by iterating the model
through all acquired datasets. The workflow was implemented as an ArcGIS software model since
a step-by-step implementation using individual geoprocessing tools was impractical for multiple
acquisition dates. Extracting canopy size metrics for each acquisition date took around 15 min using
the same machine used for canopy delineation.

4.2. Manual and Automated Canopy Metrics Comparison

Four canopy metrics were computed using visually interpreted canopies and canopy boundaries
derived using the automated workflow developed in this study. The difference between canopy metrics
for each plant was computed. Statistical summaries of the differences for all the plants observed each
week are shown in Figure 6. The figure shows a downward trend in the differences between canopy
areas delineated through visual interpretation and automatically as the season progresses. The larger
differences observed early in the season can be attributed to poor performance of the automated canopy
delineation method in the first few weeks, when the plants included only a few dispersed leaflets.
One of the steps to generate the canopies automatically applied a generalization process and fitted a
minimum convex hull polygon to represent the canopy, which artificially distorted canopy boundaries.
This distortion tended to be more severe early in the season resulting in smaller canopy sizes than for
the visual interpretation process.

Figure 6 also shows a trend of decreasing differences between average canopy heights and
standard deviation of canopy heights derived from visually interpreted and automatically delineated
canopies as the season progressed. This can be attributed to the same causes affecting the automatically
delineated canopy areas earlier in the season. The mean values of canopy volume differences were
consistently close to zero throughout the season. Large dispersion in volume differences was observed
in the last weeks of the season. These observations included the largest canopy size of the season,
where canopies grew significantly and overlapped with each other. This could have led to errors in
the watershed canopy delineation results as canopy interference made it more difficult to find the
boundaries of the canopies. Difficulties in making canopy boundary decisions were also reported in
visually interpreted canopies at the end of the season due to canopy interference. Additionally, close to
the end of the season, canopies continued to grow beyond the top surface of the bed and weeds grew
from the soils between the beds towards the bed surface. Although we attempted to eliminate this
effect by limiting the analysis to the boundaries of the bed tops, slivers of weed vegetation were still
observed within some of the delineated canopies.
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Figure 6. Difference between canopy metrics derived using visually interpreted and automatically
delineated canopy boundaries. (A). Differences in canopy area; (B). differences in average canopy
height); (C). differences in canopy height standard deviation; and (D). differences in canopy volume.

4.3. Biomass Modeling Using Canopy Size Variables

All four canopy size metrics used to model dry weight biomass were found to be statistically
significant (p < 0.05). The variation inflation factor (VIF), a measure of multicollinearity, of the canopy
volume variable, however, was found to be very high (20.03 and 20.3 for the automated and visually
interpreted datasets, respectively). When the canopy volume variable was excluded and only the
canopy area, average height, and standard deviation of the height variables were used, the VIF
dropped significantly for all variables to a maximum of 7.04 (visually interpreted canopies dataset) and
5.4 (automatically delineated canopies) reported for the standard deviation of canopy height variable.
All three variables of the two models and the intercept were significant (p < 0.001). The R2 values of the
models were 0.77 and 0.76 for the automated and visually interpreted datasets, respectively. The LOO
cross validation RMSE of the two models were 9.2 g and 9.4 g, respectively.

Table 3 shows the R2 and RMSE of the LGO cross validation results when the acquisition date
and genotype groupings were used, respectively. The R2 values were computed for the models
developed after excluding samples belonging to specific groups (acquisition date or genotype group)
of observations. The RMSE was computed using the predicted and measured dry biomass of the
excluded group samples. All the models were significant (p < 0.05). All the models showed that canopy
area was significant (p < 0.05), while the other two metrics were not found consistently significant
(p > 0.05) in all developed models.
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Table 3. Results of leave-acquisition (left) and leave-genotype (right) date-group cross validation of dry biomass models using canopy size metrics derived by
automatically delineated and visually interpreted canopies.

Automatically
Delineated Canopy

Visually Interpreted
Canopy

Image
Acquisition

Date

Automatically
Delineated Canopy

Visually Interpreted
Canopy

Genotype Genotype
Code RMSE (g) R2 RMSE (g) R2 RMSE (g) R2 RMSE (g) R2

11.71-9 A 6.1 0.77 5.8 0.76 11_16_2017 7.8 0.76 8.2 0.75

12.17-62 B 14.9 0.78 13.9 0.77 11_21_2017 6.8 0.76 5.0 0.74

12.93-4 C 6.7 0.77 6.4 0.76 11_30_2017 6.8 0.77 7.7 0.76

13.26-134 D 7.9 0.78 8.5 0.77 12_07_2017 9.2 0.77 8.9 0.76

13.42-5 E 7.3 0.78 6.7 0.76 12_14_2017 6.9 0.78 6.9 0.77

13.55-195 F 9.2 0.78 9.5 0.77 12_21_2017 6.6 0.78 6.3 0.77

14.55-48 G 11.5 0.77 12.1 0.77 12_27_2017 7.1 0.78 7.1 0.77

14.83-36 H 8.7 0.78 8.9 0.77 01_04_2018 6.0 0.78 5.7 0.77

BEAUTY I 4.8 0.77 5.3 0.76 01_11_2018 9.6 0.78 9.3 0.77

ELYANA J 6.0 0.77 7.4 0.76 01_18_2018 8.1 0.77 8.4 0.76

FESTIVAL K 8.1 0.77 8.2 0.76 01_25_2018 6.6 0.77 7.1 0.76

FL_10-89 L 11.2 0.77 11.3 0.76 02_01_2018 11.4 0.77 12.0 0.76

FLORIDA127 M 9.1 0.77 9.3 0.76 02_08_2018 21.0 0.81 22.1 0.80

FRONTERAS N 14.0 0.78 14.8 0.77 02_15_2018 10.2 0.76 9.5 0.75

RADIANCE O 8.5 0.78 8.5 0.77 02_22_2018 8.9 0.77 7.5 0.75

TREASURE P 10.5 0.76 11.2 0.75 02_27_2018 9.8 0.78 11.7 0.77

WINTERSTAR Q 6.6 0.77 6.4 0.76
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5. Discussion

Automated raster analysis processes to delineate and extract canopy size metrics were applied to
high spatial resolution images of strawberries throughout the Florida winter growing season. Although
there were some differences between the canopy size metrics extracted using visually interpreted and
automatically delineated canopies, these differences did not have a significant effect on the statistical
models of dry biomass weight. The automated canopy delineation process utilized certain thresholds
in the implementation that could be specific to certain field configurations, crop types, and image
characteristics. For example, the mesh size and quantile elevation used to determine soils elevation
within each mesh cell could be varied based on the configuration of the field (e.g., dimension of the
elevated beds, spacing between the beds, field topography, etc.). These thresholds were tested and
used consistently for the whole season and could be used repeatedly across seasons as long as the
same bed configuration was maintained.

Visual inspection of automatically delineated canopies revealed the need to edit canopy boundaries
for a few plants per acquisition date. This step was important early in the season, when some of the
steps in the workflow, such as fitting the minimum bounding convex hull polygon, caused severe
distortion in small canopy boundaries. Similarly, the weeds growing from the soils next to the beds and
intruding onto the bed surface and the interference among adjacent canopies caused delineation errors
close to the end of the season. Although adopting a consistent workflow throughout the season may
have had some advantages for ease-of-use, the developed workflow could be improved by, for example,
using thresholds driven by canopy age or genotype. Additionally, some functions such as canopy
boundary generalization and convex hull fitting could be eliminated or modified to balance accuracy
and aesthetic appeal of the resulting canopy.

Our geoprocessing analysis demonstrated the feasibility of using spatial interpolation methods
to produce bare soil and bed surface from non-vegetation points and to use this surface as a digital
terrain model to produce canopy-only 3D datasets. We utilized spatial interpolation with a strong
directional emphasis so that the interpolated locations were only affected by the points in certain
directions (along-bed direction). This was necessary since interpolation in all directions would have
led to erroneous surfaces in a complex agricultural field like the ones used for strawberries. Another
technique that was adopted to filter out weed vegetation growing from the soils onto the bed was
to consider the vegetation above the bed elevation. Since the field was not flat, a mesh was used
to determine soil elevation with each mesh cell, and bed elevation was determined by adding bed
height to soil elevation within each mesh. This technique was efficient in eliminating the majority
of the weeds. However, some weeds climbed above the bed surface towards the end of the season
and affected the extracted canopy size metrics. Although only a few canopies suffered from this
issue, further improvement could be achieved by attempting to filter out the weeds using spectral and
textural information of the images.

Both LGO cross validation results showed consistent coefficient of determination R2 values
(0.76–0.78 for genotype and 0.76–0.81 for acquisition date groups) regardless of canopy delineation
methods. Some cross-validation groups, however, produced relatively high values, which might
indicate that the model could fit certain groups (e.g., genotypes) better than others or that the canopy
metrics extraction methods need to be fine-tuned to achieve better performance for some groups.
Since our main objectives in this study were to compare model results based on automated and visual
canopy delineation methods and to demonstrate automated geoprocessing workflow to analyze image
data, only one of the simplest forms of statistical analysis, multiple regression, was used. This simple
analysis technique produced reasonable fitting results; however, alternative analysis methods such as
machine learning algorithms might lead to better prediction of dry biomass.

The workflows introduced in this process were successfully implemented on thousands of
strawberry canopies to extract traits used in a genotyping experiment throughout two successive
seasons. The details and the results of this experiment and its genetic implications were outside the
scope of this manuscript and will be the subject of a future study. Although, using very high spatial
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resolution ground-based imagery was successful in extracting canopy size metrics and modeling
dry biomass, capturing these images required installation of the sensors on field equipment and
was relatively time-consuming. More experiments are planned using coarser-resolution drone-based
imagery, which is more efficient and less demanding logistically. Moreover, including spectral
information in the workflow to improve strawberry biophysical parameter estimation and provide
additional vegetation traits to assist the strawberry breeding program is an undergoing effort by the
research team.

6. Conclusions

This manuscript introduced raster-based geospatial analysis methods for strawberry canopy
delineation and size metric extraction. Geospatial analysis techniques to produce canopy height
elevation models and limit weed effects were demonstrated using a phenotyping experiment involving
17 different strawberry genotypes. Images were acquired weekly for 16 consecutive weeks throughout
the strawberry growing season. Strawberry dry biomass multiple linear regression prediction models
were developed using automatically extracted canopy size metrics. Only three of the four tested
canopy metrics (canopy area, canopy average height, and standard deviation of canopy height) were
used in model development due to existing multicollinearity among the variables. Leave-one-out and
leave-group-out cross validation showed minimal differences in the coefficient of determination and
RMSE when using visually interpreted or automatically delineated canopies. The R2 values of the
models were 0.77 and 0.76 for the automatically delineated and visually interpreted canopy datasets
and the LOO cross validation RMSE of the two models were 9.2 g and 9.4 g, respectively. The R2 values
and RMSE computed using different acquisition dates and genotypes varied slightly, which indicates
the potential for using a global dry biomass weigh prediction model for the whole season and across
several genotypes. More research is recommended to improve the developed geoprocessing workflow,
use coarser resolution drone images, and utilize more sophisticated modeling algorithms instead of
the multiple regression models used in the study.
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