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Abstract: Extracting the irregular and complex shapes of individual tree crowns from high-resolution
imagery can play a crucial role in many applications, including precision agriculture. We evaluated
three CNN models - MASK R-CNN, YOLOv3, and SAM - and compared their tree crown results with
OBIA-based reference datasets from UAV imagery for seven dates across one growing season. We
found that YOLOv3 performed poorly across all dates; both MASK R-CNN and SAM performed well
in May, June, September, and November (Precision, Recall and F1 scores over 0.79). All models
struggled in the early season imagery (e.g., March). MASK R-CNN outperformed other models in
August (when there was smoke haze) and December (showing end of season red leaf senescence).
SAM was the fastest model, and as it required no training, it could cover more area in less time;
MASK R-CNN was very accurate and customizable. In this paper, we aimed to contribute insight
into which CNN model offers the best balance of accuracy and ease of implementation for orchard
management tasks. We also evaluated their applicability within one software ecosystem, ESRI
ArcGIS Pro, and showed how such an approach offers users a streamlined, efficient way to detect
objects in high resolution UAV imagery.

Keywords: smart agriculture; tree crown detection; UAV; OBIA; CNN; orchard

1. Introduction

Smart agriculture encompasses a broad range of technological innovations aimed at improving
agricultural productivity and efficiency through data-driven decision-making, including the use of
remote sensing, imaging, and cloud processing [1,2]. A key challenge within smart agriculture is the
accurate, near real-time mapping of crop features and conditions, which can provide crucial insights
into plant characteristics like size, volume, structure, and health. These metrics are essential for
optimizing farming practices by helping to reduce production costs while maximizing yield and
quality [3,4]. In the context of orchard management, individual tree crown characteristics—such as
tree size, canopy architecture and health are pivotal. These metrics correlate closely with tree
productivity and vigor, making them useful for tasks such as tree training and pruning, irrigation,
fertilization and nutrient management, pest and disease management, weed management, thinning,
harvesting and tree health monitoring. [4-8]. Traditionally, these characteristics are measured in the
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field, but the use of remote sensing technologies is becoming increasingly common to complement
or replace manual assessments [3,9-12].

While satellite imagery (such as from Landsat) often lacks the spatial resolution necessary to
detect individual trees [13], Uncrewed Aerial Vehicles (UAVs) or drones provide a compelling
alternative. UAVs offer high-resolution imagery (often on the order of centimeters) that is repeatable,
on-demand, and effective for capturing detailed crop features [7,11,14]. UAVs are especially useful
for detecting intra-field variations in tree crown characteristics [14-17] on smaller-scale properties
(ranging from 10 ha to 10 km?) [15,18], enabling mapping at various times throughout the growing
season [10]. The past decade has seen a significant growth in methodologies for extracting individual
tree crowns from high-resolution UAV imagery. This has enabled more efficient monitoring of tree
development, condition, and yield, advancing smart agriculture by providing data to better manage
agricultural resources and improve crop performance.

1.1. Previous Work and Current Objectives

In our previous work [10], we successfully used UAV imagery and an object-based image
analysis (UAV-OBIA) approach to map tree crown characteristics at seven dates over the 2018
growing season, attributed each tree with characteristics (e.g., height, crown size, crown shape,
compactness and NDVI (Normalized Difference Vegetation Index)) and correlated those data to field
measures for pistachio trees. We found the UAV-OBIA method captured seasonal development of
tree crowns, and predicted well several of the field measures from May through November, including
tree height, trunk caliper, crown height, crown width and crown volume. However, the UAV-OBIA
method was cumbersome, and significant advancements in Deep Learning CNN object detection
methods have since emerged.

In the current research, we are focusing on evaluating the performance of three types of CNNs—
Mask R-CNN (a two-shot detector), YOLOV3 (a one-shot detector), and Segment Anything Model
(SAM) (a zero-shot detector)—for extracting individual orchard tree crowns from UAV imagery
captured across seven dates in the growing season. By comparing these CNNs using standard
validation metrics and leveraging the UAV-OBIA results as the reference dataset, we are seeking to
assess how these models perform in terms of crown extraction. Moreover, we are aiming for an
efficient workflow that integrates easily with GIS databases, and thus, all the CNNs are implemented
in ArcGIS Pro 3.x to streamline the process. We aim to contribute insight into which model offers the
best balance of accuracy and ease of implementation for orchard management tasks.

Our main objectives in this paper were to:

1. Perform object detection using three CNN methods—Mask R-CNN (a two-shot detector),
YOLOV3 (a one-shot detector), and SAM (a zero-shot detector) —to extract individual tree
crowns across seven dates during the 2018 growing season;

2. Compare the detection results from these CNNs against a reference dataset of tree crowns for
the same seven dates which have been segmented using an UAV-OBIA method;

3. Analyze the validation results to assess the performance of each CNN method relative to one
another and throughout the growing season, focusing on how their accuracy varies over time;

4.  Contribute to the research field by adding insights into the use of automated object detection
methods (specifically CNNs) for improving orchard crop monitoring and management
through UAV imagery; and

5. Evaluate the implementation of these CNN models in ESRI's ArcGIS Pro.

This systematic evaluation will provide useful information on the relative strengths and

weaknesses of the three CNN models, which can inform future developments in agricultural
monitoring.
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2. Object Detection Methods

Extracting the irregular and complex shapes of individual tree crowns from high-resolution
imagery has become a well-established field, bridging computer vision and machine learning with
remote sensing and ecology. This task is commonly referred to as object detection, object extraction,
or segmentation. It involves identifying and delineating individual tree crowns from (typically
downward-facing) aerial or satellite imagery, and it plays a crucial role in precision agriculture,
forestry, and ecological studies [7,10,19-23]. There are several proven methods for individual tree
crown detection.

2.1. Manual Digitization

The simplest and earliest method of tree crown detection is manual digitization [17,20,24] where
an analyst captures the center of each tree crown and then buffers those points, or traces the outline
of each tree visible in imagery from a computer screen using a mouse or digitizing device. While still
used (often as a method for capturing reference data or training data), the current abundance of
imagery sources makes manual digitization at scale untenable.

2.2. Object-Based-Image-Analysis (OBIA)

Starting around 2000, the delineation and analysis of image-objects, as opposed to individual
pixels, became increasingly feasible in certain software platforms for remotely sensed imagery [25].
This marked the emergence of Object-Based-Image-Analysis (OBIA). OBIA groups pixels in high-
resolution imagery into non-overlapping clusters or "segments" based on shared characteristics such
as color, texture, and shape, using a collection of expert-driven rules [5,22,25-30]. These segments
represent meaningful objects like individual tree crowns, which are then classified using a variety of
algorithms. The OBIA approach has been widely applied in various domains. For instance, studies
have shown OBIA’s effectiveness in analyzing mosaiced UAV imagery [22,31], UAV-derived canopy
height models (CHMSs) [23,32,33], and UAV-derived point clouds [34,35]. These methods can be
accurate and provide detailed insights, but they often require significant manual post-processing and
the development of complex supervised rule sets [26]. Moreover, OBIA methods are frequently
criticized for their low transferability, meaning that the rule sets and classifications developed for one
dataset may not generalize well to other datasets or different geographic regions [26]. Due to these
challenges, OBIA methods have begun to be surpassed by automated approaches based on Deep
Learning, particularly Convolutional Neural Networks (CNNs). CNNs offer a more scalable and
transferable solution by automatically learning features from the data, reducing the need for manual
rule development, and enhancing accuracy in object detection and classification tasks.

2.3. Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are powerful algorithms designed for object detection
that learn to identify and classify various features in an image. CNNs work by using convolutional
kernels to detect subtle and obvious features and combining them across a layered network to form
objects. The evolution of Convolutional Neural Networks (CNNs) has been rapid and transformative
[36]. Starting from early concepts introduced by pioneers like Hinton and Salakhutdinov [37], and
the introduction of the first significant deep (8-layer) CNN, AlexNet [38], the field has grown
exponentially. This growth has led to the development of increasingly deep and efficient CNNs that
feature a wide variety of convolutional backbones. The backbone is the computational core of CNNSs,
responsible for feature extraction. A major innovation in CNN architecture was the introduction of
residual blocks, exemplified by the ResNet family [39], which has become the most popular backbone
in modern CNNs [16,40]. These residual networks help overcome challenges in training deeper
networks by allowing gradients to flow more easily through the network during backpropagation.
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2.3.1. The CNN Workflow

The CNN workflow consists of several steps, illustrated in a generic model in Figure 1. The
process begins when an input image (Figure 1a) is used with training data (Figure 1b) either from a
training set derived from the input image, or from an external training dataset. Training creates image
chips and labeled tiles which are passed to a convolutional backbone (Figure 1c). In the backbone
step, a convolutional kernel (e.g., a 3x3 pixel window) moves across the image to find and highlight
relevant features (i.e., an edge or a corner) that match those in the training data. These features are
weighted according to their likelihood of contributing to object detection. Pooling layers then
downsample and summarize these features, reducing the image’s complexity while preserving key
information. The CNN backbone typically has multiple layers of neurons, which are interconnected
and designed to learn progressively more complex representations of the image. Early layers detect
low-level features like edges or corners, while deeper layers capture more abstract patterns like
shapes [16,36,41]. Once the feature extraction is complete, the classification step begins. A fully
connected layer (Figure 1d) compiles all the extracted features, passing the final output to the
classifier for object detection. The classifier can output different types of object representations, such
as bounding boxes, points, probability heatmaps, or polygons, depending on the specific task or CNN
model. Output objects (Figure le) can be post-processed to smooth edges, resolve overlaps, and refine
boundaries if necessary, and the output objects are validated (Figure 1f) using standard binary
metrics by comparing them to a validation dataset. Many CNNs employ stand-alone software, or are
implemented as part of other software suites, and many are fully integrated into ESRI's ArcGIS Pro.
There are even some implemented in ArcGIS Online.

Classification: Finalization:
Object Post-processing
Input Training Backbone: Feature extraction Detection & Validation
a) : b) P c) P d : e f)
Input - s : Output
image objects .
. recision,
. rrrr (9 @) Recall,
_;_> o r ) D (% Fl-score
8 o o
: i : o
Pooling S g : 00888
o layer O Fully : : Ooocbqp
Training Convolutional connected - . L
data : : Validation data

Figure 1. A simplified CNN for object detection (modified from [42]): a) input image; b) training step with
training data; c) convolutional backbone; d) fully connected layer; e) output objects; and f) finalization with post-

processing if needed and validation using a validation dataset.

2.3.2. CNN Model Types

CNN-based object detection methods can be categorized by how they require or use training
data. Two-shot detectors, which were developed first, rely on extensive training datasets of labeled
objects that are used to create examples of the object target as “image chips” to learn object
identification and recognition. A key aspect of two-shot models is that they divide an image into
regions of interest (ROISs) to focus on areas where objects are likely to be present [43]. These candidate
regions are then classified and can be further refined through post-processing. The groundbreaking
Region-based Convolutional Neural Network (R-CNN) was the first significant two-shot detector,
known for its high accuracy [44]. Building on the success of R-CNN, faster and more efficient two-
shot models were developed, such as Fast R-CNN, Faster R-CNN, and the current state-of-the-art,
Mask R-CNN. These models typically use the ResNet family of backbones for feature extraction.
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Mask R-CNN, now widely implemented, including in platforms like ArcGIS Pro 3.x, allows users to
choose from various backbones for object detection [45].

A key limitation of two-shot detectors is their reliance on large labeled reference datasets. Often
these data are manually annotated, which require significant time and effort to collect, and are prone
to human errors. In contrast, one-shot detectors such as Single Shot Detector (55D) and You Only
Look Once (YOLO) streamline the process by training models with fewer examples, often leveraging
pre-trained weights from existing datasets. For instance, the YOLOv3 model comes preloaded with
weights from the Common Objects in Context (COCO) dataset—a large dataset with 2.5 million
labeled instances from over 300,000 images [46]. This pre-training allows YOLO models to generalize
well to new tasks with minimal additional data. The YOLO workflow operates by dividing each
image into a grid, where each grid cell is responsible for detecting objects whose center falls within
it [36]. YOLOV3, in particular, is highly efficient in this process and uses Darknet-53 as its
convolutional backbone. This architecture is designed for speed and accuracy, making YOLO models
popular for real-time object detection tasks. YOLOV3 is implemented in ArcGIS Pro 3.3.

The Segment Anything Model (SAM), developed by Meta Al Research, represents a significant
advancement in object detection and segmentation [47,48]. SAM is a zero-shot detector, which allows
it to accurately process and detect objects in images that it has not encountered during training [49].
This is a key feature of zero-shot models—they generalize well to unseen data. SAM achieves this
high level of generalization due to extensive pre-training on millions of diverse images, allowing it
to learn a wide range of features and patterns [47]. One of SAM's standout features is its
promptability —the ability to segment objects using various types of input prompts [48]. These
prompts can include feature information like bounding boxes, points on the object, or even text
prompts describing what to look for. This flexibility in input modalities makes SAM highly adaptable
across different tasks and datasets, and its strong segmentation performance has been demonstrated
on a variety of natural image datasets. SAM's zero-shot and promptable capabilities make it a
powerful tool for object detection and segmentation, requiring minimal user intervention and manual
annotations while maintaining high accuracy. SAM is implemented in ArcGIS Pro 3.x.

The characteristics of the three CNNs evaluated in this paper are summarized in Table 1.

Table 1. Characteristics of the three CNN models evaluated.

MASK R-CNN YOLOV3 SAM
Model Type Two-shot One-shot Zero-shot
ResNet family (e.g., 18, 50, 101,
Backbone Darknet-53 Vision Transformer (ViT)
152, etc.)
Output Polygon Bounding Box Polygon
Training/Validation Training and validation Training and validation
Only validation required
data split required required
Input training data Image chips Image chips Text prompts
Pre-trained using
. Can be pre-trained using ) i Segment Anything 1-Billion
Pre-training data ) ) Common Objects in
Common Objects in Context mask dataset (SA-1B)

Context (COCO)
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(COCO) or other, depending

on the backbone

2.4. Validation of CNN Models

The CNN validation process makes use of the Intersection-over-Union (IoU) metric, which
measures how well a predicted object polygon from a CNN model matches a corresponding object
from a reference dataset. IoU calculates the ratio of the overlap (i.e., intersection) between a predicted
object polygon and a reference object polygon to their combined area (i.e., union) (Figure 3 and Table
3). AnIoU score is typically considered a match if it meets or exceeds a set threshold, often 0.5 or 50%,
meaning that the predicted object must overlap at least half of combined reference and target object
polygons to be considered a valid detection and labeled a True Positive (TP). A False Negative (FN)
occurs when a reference object is missed, and a False Positive (FP) occurs when an incorrect object is

classified.
IoU=0 IoU=03 IoU=05 IoU=0.7 IoU=09
Predlcted
@
No match Poor match Good match (typical ~ Good match Excellent match
threshold for TP)

Figure 2. The Intersection over Union (IoU) process visualized. Only IoU 3 0.5 results in a True Positive. IoU <

0.5 will result in a false positive and/or false negative.

TP, FP, and FN are variously combined to produce Precision (P), Recall (R), and F1 Score (F1)
(the harmonic mean of Precision and Recall) using the formulae below in Table 2. These metrics allow
interpretation of model performance [16].

Table 2. Evaluation metrics used and their formulae.

Metric Formula

Intersection over Union ] )
Predicted U Reference / Predicted N Reference

(IoU), or Jaccard Index
Precision (P) TP / (TP + FP)
Recall (R) TP / (TP + EN)
F1 score (F1) 2((P*R)/(P+R))

3. Methods and Materials
3.1. Study Area

This work took place at the UC Davis Russell Ranch Sustainable Agricultural Facility (-121° 50'
59", 38° 32' 24") west of Davis, California, USA (Figure 3). The site is 120 ha in size and includes a
wide variety of row and tree crops dedicated to long-term research on irrigated and dry-land
agriculture in a Mediterranean climate. The Facility is 18 m ASL, with an average rainfall of 497.84
mm and a range of temperature of 3.33 - 33.89 °C. It contains a 2.54 ha experimental orchard where
UCB-1 (P. atlantica x P. integerrima) pistachio rootstocks were planted in 2013 [10]. Introduced to
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California early in the 20th century, the Pistachio crop became economically important in the latter
half of the 20th century [50]. In 2018, when the imagery for this work was collected, California had
nearly 120,000 ha of Pistachio trees growing on farms, and the total yield was 200B kg [51]. The crop
continues to expand in size and yield in the state.

Pistachio trees require cool but mild winters to meet their chilling requirements and hot and dry
summers to bear fruit. The trees are generally dormant in the winter (Dec-Feb), begin to leaf out and
flower in March. Growth continues throughout April, May and June, and slows in July, August and
September. Sometimes there is an additional flush of shoot growth in June. Nut harvest occurs from
late August to early October. Most leaves drop in December, and the tree remains dormant through
the following spring [51].

sell Ranch
i 38°33'3"N

- 38°33'N

|| 38°32'57'N

121°51'33"W 121°51'30"W 121°5127"W 121°51'24"W

Figure 3. UC Davis Russell Ranch Sustainable Agricultural Facility outside of Davis, CA. Imagery shown is from
June 2018.

3.2. UAV Imagery Collection and Pre-processing

UAYV imagery was collected on seven dates during the 2018 growing season for the Russell
Ranch experimental orchard using a DJI Matrice 100, mounted with both X3 (RGB) and MicaSense
RedEdge multispectral cameras [10]. Flights occurred on each date in sunny cloudless conditions
within two hours of solar noon; however in August 2018 lighting was partly attenuated by residual
smoke from nearby wild fires. For each date we flew the UAV at 30 m above ground level (AGL) in
an autonomous grid-pattern mission with 90% forward and side overlaps. Standard radiometric
correction methods were applied to calibrate the multispectral imagery to reflectance. The RGB
camera was set at a 70° angle (slightly off nadir) to optimize 3D photogrammetric processing of the
imagery. GPS coordinates for six ground control point (GCP) targets, positioned optimally around
the perimeter of the orchard, were recorded with a Trimble Geo 7X and later differentially calibrated
to less than 5 cm of absolute horizontal error. The GCP coordinates were incorporated into a
customized combination of Pix4D Mapper Pro’s ‘3D Models” and ‘3D Maps’ templates to create
multispectral orthomosaics with 2.01 cm of spatial resolution, and RGB orthomosaics with
resolutions varying between 1.4 and 1.6 cm. NDVI layers were simultaneously created during the
processing of the multispectral orthomosaics using the standard NDVI formula. Digital Surface
Models (DSM) and a Digital Terrain Models (DTM) were simultaneously derived during the
generation of the RGB orthomosaic, and digital canopy height models (CHM) were created for each
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flight date by subtracting the pixel values of the ground level DTM layers from their corresponding
top of canopy level DSM layers.

3.3. Reference Dataset Creation: UAV-OBIA Method

The CHM image for each date was imported into the open source SAGA GIS software
application [52] to employ a watershed segmentation process using an object-based rule set to
threshold the tree height and width from each date into tree crown segmented polygons. The
resulting vectorized tree crown polygons for each flight date were imported into ArcGIS Pro and all
overlaps and other topological inconsistencies, such as erroneous internal gaps, were manually
corrected [10]. For each of the seven UAV image acquisition dates, the image and the corresponding
reference polygons (n = 472) were evenly divided into training (236 trees in the eastern portion of the
study area) and validation (236 trees in the western half of the study area) subsets to ensure that
temporal and phenological variability was consistently represented throughout model development.
Additionally, the UAV imagery intended for deep learning-based training and segmentation was
similarly partitioned to maintain consistency between image and label datasets.

3.4. CNN Model Runs

All three CNNs were developed and run using ArcGIS Pro (version 3.x) workflows on a
Windows Desktop with 128G RAM, a 16G NVIDIA RTX A5500 GPU graphics card, and an Intel 19
CPU. Prior to running any CNN, the ESRI package Install Deep Learning Frameworks was run. Each
CNN has different features and we summarize each model's characteristics in Table 3, and definitions
of parameters required can be found in Table A1.

3.4.1. Mask R-CNN

Mask R-CNN, a two-shot instance segmentation model, was implemented using ArcGIS Pro’s
deep learning tools with a ResNet-18 backbone. The model was trained over 100 epochs with a batch
size of six and an adaptive learning rate computed at runtime. Training data were prepared using
the Export Training Data for Deep Learning tool (Figure 4), which generated image chips and associated
image and labeled tiles (i.e., instance masks) required for the Mask R-CNN schema. Special attention
to the initial inputs to the Export Training Data for Deep Learning tool for MASK R-CNN are necessary
for efficient processing. In particular, choosing an appropriate chip size, tile size, and stride distance
that align with the mean target area (in our case mean canopy size) and the input image resolution
are critical. We developed a general guideline for determining optimal chip size, tile size, and stride
distance based on the mean canopy polygon area and raster resolution, as well as a Python-based
function that calculates the values. This general guideline and its steps are illustrated in Figure 5. This
approach aligns with the computational constraints of convolutional neural networks utilized within
ArcGIS Pro. From the input training image (Figure 5a), the function first calculates the mean size of
the reference objects and then estimates the chip dimension as three times the average object width
(in pixels), rounded to the nearest multiple of 32 pixels to conform with deep learning model
requirements (Figure 5b). Tile size includes an additional 32-pixel buffer to include contextual
information (Figure 5c). Tiles are exported as image tiles (Figure 5d) and labeled tiles (Figure 5e). The
stride distance (distance to move in the x direction when creating the next image chip) is defined as
one-quarter of the tile width to promote sample diversity through overlap (Figure 5f). The resulting
parameters were exported as a DLPK (an ESRI Deep Learning Package) and used in model training
and inference with ArcGIS Pro’s Train Deep Learning Model and Detect Objects Using Deep Learning
tools (Figure 4).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Data for Deep Learning tool for MASK R-CNN: a) Input training image; b) Chip size (3 times mean object width);
c) Tile size which is chip size plus 32 pixels; d) Image tile; e) Labeled tile; and f) Stride distance, which is ¥4 of

the tile size.

3.4.2. YOLOvV3

YOLOV3, a one-shot object detection model optimized for speed and real-time inference, was
configured using ArcGIS Pro’s deep learning interface with a darknet53 backbone. Training labels
were prepared as bounding boxes using the Export Training Data for Deep Learning tool with the
metadata format set to 'KITTI_rectangles'. The model was trained for 100 epochs with a batch size of
six, and the learning rate was determined dynamically by ArcGIS Pro, using the Train Deep Learning
Model. Inference was performed on the validation dataset using the Detect Objects Using Deep Learning
tool (Figure 4).

3.4.3. SAM

The Segment Anything Model (SAM), a foundation model for zero-shot segmentation, was
accessed via Esri’s implementation available (i.e., as a DLPK) found in the ArcGIS Living Atlas of the
World (ArcGIS Online). Since the SAM model had been pretrained on lower-resolution imagery from
the SA-1B, some resampling of our imagery was required to ensure compatibility. To optimize model
performance, input imagery was resampled to a series of coarser spatial resolutions ranging from 0.5
cm to 10 cm in 0.5 cm increments. This resulted in 140 images. For each resolution, the SAM model
was applied using ArcGIS Pro’s Detect Objects Using Deep Learning tool (Figure 4). For consistency,
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we ran inference on the validation imagery in order to truly compare with the other CNN results. In
this study, the SAM Text variant was used with the natural language prompts "tree" and "trees" to
direct inference. No fine-tuning or retraining of the model was performed.

3.5. Validation

We validated the three sets of CNN-derived tree crown objects using standard evaluation
metrics found in Table 1 and comparing the CNN-predicted trees with the reference dataset of trees
for the western (validation) portion of the site. All metrics were derived using the ESRI ArcGIS Pro
module Compute Accuracy For Object Detection using the UAV-OBIA validation dataset and a 0.5 IoU
threshold. It should be noted that at the time of writing, the AP calculation was yielding values > 1.0,
and thus, we did not use it. Mask R-CNN and YOLOV3 required standard validation (i.e. each of
seven dates were tested); SAM required validation of all resampled imagery runs (i.e., 140 runs).
Thus, the segmentation results at each resolution were evaluated independently, and the cell size
yielding the highest F1 score was selected for comparison with other deep learning models. We then
plotted all evaluation metrics for each method for each date.

4. Results

The ability of each model to find and delimit a specific individual tree crown through the
growing season is shown in Figure 6. We have a reference polygon for every tree crown through
seven dates, but not all models find all tree crowns at each date. For example, YOLOv3 found the
example crown shown in Figure 6 at every date, but results are only provided as a bounding box.
MASK R-CNN produced a tree crown polygon in every date but March. SAM had the most difficulty
in March and December. The SAM polygons are closer in shape to the UAV-OBIA polygons; the
MASK R-CNN polygons are more rounded in shape. While the results of this single tree are not
necessarily generalizable across the entire study area, they are useful to see the variety of tree crown
object results.

28 Mar 18 May 13 Jun 22 Aug

a) Drone-
collected RGB
imagery

7
b) Reference ?

data

(UAV-OBIA)

¢) MASK R-CNN

$Le
OQC

e v [ 1L
QO

) SAM

Figure 6. Results showing one tree crown from each date in 2018: a) Drone-collected RGB imagery; b) UAV-
OBIA validation data; ¢) MASK R-CNN results; d) YOLOv3 results; and d) SAM results.

The accuracy of a model is determined by its ability to find tree crowns (true positives), not miss
tree crowns (false negatives), all while minimizing erroneous tree crowns (false positives). Figure 7
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shows the results from all CNNs for the months of June (Figure 7a-d) and August (Figure 7e-h). June
results are useful as a benchmark as the trees are in full growth, the sun is at its highest solar angle at
noon resulting in fewer internal crown shadows, and June was one of the months showing the
strongest correlations between UAV metrics and field data in our earlier experiment [10]. In June,
MASK R-CNN (Figure 7b) and SAM (Figure 7d) showed good results, with many true positives and
few false negatives, and YOLOV3 (Figure 7c) had the poorest results, with many false negatives. In
August, all models struggled due to smoke haze visible as a smudge in Figure 7e. Although the smoke
haze appears minor to the naked eye, all models missed trees in the hazy portion of the image: MASK
R-CNN (Figure 7f), YOLOv3 (Figure 7g), and SAM (Figure 7h) resulted in many false negatives.

|
C)D O DDE‘
E{% o il
Bl Rl
g 9:'13 oD

O o
8) 0 oo l% 0
il g
L af
Hopg 0O Bd
oo
Eﬂj & DI]E:E
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05 5 p O'd
T ooedPas
O True Positives (TP) False Negatives (FN) O D False Positives (FP)

Figure 7. Results from June and August showing: a) June RGB image; b) MASK R-CNN results; c) YOLOv3
results; d) SAM results; e) August RGB image; f) MASK R-CNN results; g) YOLOV3 results; and h) SAM results.

These specific results are echoed when the full validation results are examined. Each model’s
TP, FP, and FN are shown in Figure 8. A good model should maximize TP while minimizing FP and
FN. While YOLOv3 found some trees correctly (TP) in every date, it consistently missed trees across
all dates and thus performed poorly in comparison to the other two CNNs. Both MASK R-CNN and
SAM performed well in May, June, September, and November, with many true positives and few
false positives and false negatives. SAM consistently found more TPs than MASK R-CNN in those
months. All models struggled in the March and August imagery. MASK R-CNN outperformed other
models in December.
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Figure 8. True positives, False positives, and False negatives for each of the three CNN models over the growing

season.

Precision (P), Recall (R), and F1 score (F1) provide more cohesive, yet slightly different stories,
and these three metrics should be viewed together. Precision reports how well tree crowns are
detected and is highest when there are few false positives. A high P score means the model did not
mistakenly classify non-tree areas as trees. Recall reports the model’s ability to find the most tree
crowns from the imagery and is highest when there are few missing tree crowns. F1 score offers a
balanced view by combining P and R. It is valuable when both FP and FN matter equally. As shown
in Figure 9, these results echo those discussed above. YOLOvV3 was overall the poorest performer.
The relatively high YOLOv3 Precision scores are a result of high true positives across the year, but
high false positives and false negatives across the year result in low Recall and F1 scores. SAM and
MASK R-CNN accuracies were highest in September (F1 of 0.95 and 0.94, respectively) and
November (F1 of 0.89 and 0.90, respectively). In May and June their scores were also strong, with F1
of 0.85 - 0.89 for MASK R-CNN and 0.79 - 0.91 for SAM. Early season trees (i.e., March) challenged
all models; late season trees (i.e., December) challenged SAM in particular; and August trees
challenged all models. There is context that can explain the dips in March, August and December
scores. In March, Pistachio trees are leafless, causing challenges for the CNNs. In August 2018, there
were several fires burning nearby, and smoke appeared in the imagery, causing some haziness and
resulting lack of contrast which SAM struggled with (Figure 7e). In December, the Pistachio leaves
were bright red, and SAM struggled finding trees.
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Figure 9. Precision, Recall, and F1 score for each of the three CNN models through the growing season.

5. Discussion

In this paper we have provided a systematic evaluation of three CNN models for object detection
of individual orchard tree crowns over a growing season. The work brings up several important
applied and technical discussion points.

5.1. Tree Crown Objects

Our paper and many others focusing on individual tree crown detection methods have at their
core the assumption that the size and structure of a tree crown is indicative of plant performance,
such as productivity and yield [3,4,12]. This is a reasonable assumption, because these characteristics
directly influence a tree's capacity to capture sunlight for photosynthesis, which drives primary
production. Crown characteristics, including height, width, volume, and shape, are conditioned by
several factors, including species-specific branching patterns that influence how efficiently a tree can
capture light and allocate resources for growth and fruit production. Environmental conditions also
play a role: soil quality, water availability, and climate also affect crown development. Trees in
optimal conditions can develop larger and more complex crowns, whereas those in poor or resource-
scarce environments may exhibit stunted growth. Resource competition, especially for light, is also
important. In densely planted orchards or forests, trees must compete with their neighbors for light.
This competition influences crown shape and structure, often leading to taller, narrower crowns in
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crowded environments as trees grow vertically to access sunlight. In orchards, careful management
of tree spacing helps optimize light capture and maximize the productivity of each tree [19,53]. Since
the trees discussed in this paper are deliberately planted with optimum spacing, we are operating in
the ideal setting for individual tree detection. Others working in orchard or sparsely vegetated
natural settings report this [3,5,8,9,18,34,54]; those working in more heterogeneous settings, with
closely spaced and heavily overlapping tree crowns will have more challenges extracting individual
tree crowns using any object detection method [55].

5.2. lllumination

We also worked across the growing season and must ask about the role of varying illumination
on individual tree detection. While critically important, imagery from drones present two related
challenges for data analysis in orchard settings: high spatial resolution and illumination effects.
Flying low increases imagery spatial resolution, which means that target surfaces exhibit local spatial
heterogeneity (e.g., high detail) caused by canopy architecture (i.e., reflectance anisotropy), resulting
in complex scattering and shadowing [33,56,57]. Flying throughout the growing season, even at the
same hour, compounds these challenges because of changing sun orientation. The sun angle at noon
varies throughout the year at the Study Area (e.g., from 28.1° in December to 74.6° in June), resulting
in shadows within and adjacent to trees. Our reference dataset, created using the CHM from each
date, minimized such impacts, but was not immune to them. One published method to deal with
varying illumination is to use strict image capture controls such as repeated flight plans and
radiometric calibration, and to work with the NDVI time series which can be consistent even in
variable illumination conditions [58]. However, this approach would be complicated in our context,
as most of the pre-trained models have been trained primarily using RGB images, and thus may not
perform optimally with multispectral or hyperspectral data [48,59].

5.3. OBIA and CNNs for Tree Crown Detection

CNNs are powerful tools for object detection, and since their inception there have been
numerous improvements and evolutions in the tools. We provide a cross-section of CNN approaches
here - two-shot, one-shot, and zero-shot - and show how they vary in their ability to pick out
individual trees in high resolution imagery. Our reference dataset, provided by an OBIA approach
using a CHM is an appropriate discussion counter point. In 2010, when the OBIA paradigm was
introduced [25], it quickly became the standard for object detection in high resolution imagery.
However, since OBIA models are rule-based models without learning capacity, the rule sets can
become complex and cumbersome, limiting transferability. In comparison, CNNs have many
advantages: adaptability, transferability, objectivity. CNNs have shown marked improvements over
OBIA methods when using CNN detectors in both natural and agricultural settings. For example, in
a case study evaluating the detection of protected Ziziphus lotus shrubs, CNNs had higher precision,
recall and other scores than OBIA methods. Additionally, they were faster, and allowed for
transferability across regions [26]. Additionally, Ye et al. found Mask R-CNN to be more accurate and
effective than OBIA methods at both extraction and counting of cabbage plants and monitoring
cabbage plant growth in planted fields [60]. As has been shown elsewhere, MASK and SAM CNN5s
can provide strong results. The YOLO CNN we used (YOLOV3) is an older version, with more recent
versions available elsewhere; but we wanted to restrict our evaluation to CNNs found in ESRI
software.

5.4. Model Training & Transferability

The way in which CNNs use training data depends heavily on the specific model architecture.
Two-shot models, such as Mask R-CNN, rely on large volumes of labeled training data to perform
object detection and classification accurately. Often, such labeled training data requires significant
manual input to distinguish objects from their background and are thus not always available [19]. In
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contrast, zero-shot models, like the Segment Anything Model (SAM), can be prompted with minimal
training data (i.e., text prompts as used in this paper) because they are extensively pre-trained on
millions of images [48]. This pre-training enables them to generalize well across a variety of tasks and
datasets with little additional data [47]. We found this to be the case with SAM. By just using the
word “tree” or “trees” as a prompt, we had very good results. Except for two months: March, when
the trees had no leaves, and December, when the trees were bright red in color. MASK R-CNN
performed better in August and December, because we were able to train the CNN using those data,
hence the better results. It should also be noted that the concept of prompt engineering is a relatively
new field of research, particularly in the area of large language models (LLMs) [61]. Designing and
refining effective prompts to achieve quality results might yet become more important in the context
of CNN:ss training.

One approach we did not evaluate is transfer learning. This is a key technique for optimizing
CNNs across different domains. Transfer learning involves pre-training a CNN’s convolutional
backbone on a one dataset, often from a domain different from the target domain, and then fine-
tuning the model on a different dataset relevant to the specific task [26,40]. For example, a model pre-
trained on an olive orchard tree crowns could be fine-tuned to detect pistachio trees by providing a
smaller, domain-specific dataset. In our case, we could have pre-trained using imagery from one
month and tested the model’s applicability in another month. Transfer learning can drastically reduce
the need for large labeled datasets in the target domain while maintaining high accuracy. Several pre-
trained tree crown models, including some from the ESRI Deep Learning pre-trained model library,
are available on platforms like ArcGIS Living Atlas (https://livingatlas.arcgis.com).

5.5. Ease of CNN Use

Finally, we would like to discuss the ease of use of these CNN methods. While powerful, these
tools are often complex and setting them up can be daunting for non-computer scientists.
Frameworks such as PyTorch, TensorFlow, and Keras API offer deep customization for CNNs [40],
but are not always immediately intuitive. However, recent developments, such as the new open-
source Python SAM package called segment-geospatial (samgeo), developed by Wu and Osco [59],
show great promise for improving accessibility. This package has been implemented in Google Colab
and has begun to be heavily used [59,62,63], providing an environment that simplifies deployment
without requiring extensive hardware resources.

In this study, all the CNNs we evaluated were pre-loaded in ESRI ArcGIS Pro, which offers
additional CNNs such as Single Shot Detector (SSD), RetinaNet, FasterRCN, MMDetection, and
DETReg. It should be noted that the YOLO CNN evaluated here does have an updated version (e.g.,
YOLOVY) available elsewhere. ESRI has made CNN integration more user-friendly by creating cloud-
based options like the Deep Learning Studio, a web app available in ArcGIS Enterprise. This tool
allows users to collect training samples, train models, and use inference tools within integrated
workflows for deep learning analysis. Early instances of Deep Learning in ArcGIS Online (AGOL)
are also now available in both Map Viewer Classic and Map Viewer for analysis functions.
Interestingly, despite these developments in deep learning, ESRI does not yet offer a robust object-
based image analysis (OBIA) capability. However, we found that having all the CNN models
available in one software package, such as ArcGIS Pro, significantly streamlined our workflow,
making it easier to access and apply these methods for our tree crown extraction task, and making it
possible to vary the numerous parameters required.

6. Conclusions

Extracting the irregular and complex shapes of individual tree crowns from high-resolution
imagery can play a crucial role in many applications, including precision agriculture. Understanding
tree crown characteristics through time is essential for managing tree growth and maximizing
productivity, particularly in orchard settings. The application of CNN methods to high spatial
resolution UAV imagery will continue to provide valuable data for improving orchard management
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strategies. By collecting tree crown measurements at multiple time points throughout the growing
season, researchers can link canopy dynamics to other agronomic metrics such as yield or water stress
through Geographic Information System (GIS) operations, enabling comprehensive analysis and
monitoring [10].

There are many automated and semi-automated methods to extract individual tree crowns from
high resolution imagery. In this paper we aimed to contribute insight into which CNN model offers
the best balance of accuracy and ease of implementation for orchard management tasks. We also
evaluated their applicability within one software ecosystem, ESRI ArcGIS Pro, and showed how such
an approach offers users a streamlined, efficient way to detect objects in geographic imagery. By
using these advanced tools, managers can make more informed decisions about tree spacing,
irrigation, fertilization, and pest control, ultimately enhancing tree health, yield, and resource
efficiency throughout the growing season.

We found that both MASK R-CNN and SAM were very promising tools to extract individual
tree crowns from high resolution UAV imagery. MASK R-CNN was more customizable and dealt
with some imagery challenges better than SAM, due to training using the original imagery, but SAM
was faster and easier to use and produced very good results that in some cases surpassed those from
MASK R-CNN. YOLOvV3 was the poorest performer. We hope this systematic evaluation will provide
useful information on the relative strengths and weaknesses of three CNN models, and provide
valuable information for ecological monitoring, precision agriculture, and resource management.
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Appendix A
Appendix A.1

There are many parameters called by the three CNNs evaluated here. We list them below (Table

A1l). The parameters are organized based on their general sequence of use in the CNN workflow.

Table Al. Parameters called by various ESRI Tools in the CNN workflow in ArcGIS Pro and their definitions.

Parameter Definition (from ArcGIS Pro Tools) ESRI Tool Model
When the image chips and tiles are Export Training Data for
Instance masks MASK R-CNN
created, additional chips and tiles are Deep Learning
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Metadata

Format

Stride distance

Tile size

Backbone
Model

Batch size

Chip size

Epochs

Learning rate

created that include a mask showing a

labeled target.

Specifies the format that will be used for

the output metadata labels.

The distance to move in the x direction
when creating the next image chips. When
stride is equal to tile size, there will be no
overlap. When stride is equal to half the

tile size, there will be 50 percent overlap.

The size of the image chips

Specifies the preconfigured neural network
that will be used as the architecture for
training the new model. This method is

known as Transfer Learning.

The number of training samples that will

be processed for training at one time.

The size of the image that will be used to
train the model. Images will be cropped to

the specified chip size.

The maximum number of epochs for which
the model will be trained. A maximum
epoch of 1 means the dataset will be
passed forward and backward through the
neural network one time. The default value
is 20.

The rate at which existing information will
be overwritten with newly acquired
information throughout the training
process. If no value is specified, the

optimal learning rate will be extracted

Export Training Data for

Deep Learning

Export Training Data for

Deep Learning

Export Training Data for

Deep Learning
Detect Objects Using
Deep Learning

Train Deep Learning
Model

Train Deep Learning
Model
Detect Objects Using
Deep Learning

Train Deep Learning
Model

Train Deep Learning
Model

Train Deep Learning
Model
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from the learning curve during the training
process.
Specifies whether non-maximum
Non-maximum
) suppression will be performed in which ) ] MASK R-CNN
suppression . . . . Detect Objects Using
) duplicate objects are identified and ) YOLOvV3
(Duplicates Deep Learning
duplicate features with lower confidence SAM
removed)
value are removed.
The number of pixels at the border of
image tiles from which predictions will be
blended for adjacent tiles. To smooth the
MASK R-CNN
) output while reducing artifacts, increase Detect Objects Using
Padding YOLOv3
the value. The maximum value of the Deep Learning SAM

padding can be half the tile size value. The
argument is available for all model

architectures.
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