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ARTICLE INFO ABSTRACT

Keywords: Individual tree data in urban settings are used for many purposes, and gathering such information
Individual tree detection requires time and other limited resources. Additionally, the data collected are spatially and
Urban trees temporally sparse, especially for continuous monitoring. However, high-resolution images and
;2];]? ‘},:’CNN deep learning can offer automated and accurate detection of trees in complex urban settings.
LIDAR Therefore, this study compared four popular convolutional neural network CNN-based object

detection models (You Only Look Once v3, RetinanNet, Mask R-CNN, and Faster R-CNN) to map
individual trees. We used high-resolution aerial imagery (~8 cm spatial resolution), which was
manually annotated to derive training (4,859) and testing (1,184) datasets. The analysis was
carried out in three phases: First, we trained all the models for 20 epochs and evaluated the
performance using standard metrics (Precision, Recall, and F1 score). Second, the best model was
selected and retrained longer (30 epochs) with more data (5002 annotations) to develop an urban
tree crown detection model for Pullman - a small-sized city in the inland northwest of the United
States. Finally, we tested the reliability of the developed model under two scenarios. According to
our analysis, YOLOv3 (F1 score: 69 %) outperformed Mask R-CNN (F1 score: 60 %), RetinaNet
(F1 score: 57 %), and Faster R-CNN (F1 score: 52 %). Based on the evaluation metrics and visual
assessment, YOLOv3 was selected to develop the final urban tree crown detector — Pullman Tree
Crown Network (PTCNet), for our study area. PTCNet had precision and recall values of 78 % and
62 %, respectively. It also performed well under different tree arrangements, achieving an F1
score of over 70 %. The model was used to generate ~12,000 individual tree locations. Subse-
quently, height information was extracted from a LiDAR-derived canopy height model, and a
comprehensive tree inventory dataset was derived. The model and dataset are publicly available
(https://github.com/Okikiola-Michael/PTCNet) for different applications, thus, contributing to
open science. This study provides a straightforward and repeatable framework for researchers and
managers to map urban trees with height information, which is useful for spatial and temporal
tree monitoring. This study further highlights the performance of four popular models and sup-
ports the application of deep learning and aerial imagery for individual tree detection in complex
urban settings.
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1. Introduction

Individual tree data are needed at appropriate spatial and temporal scales for management purposes (Pu, 2021). Such data can
provide critical information to urban planners and resource managers to conserve endangered species (Zhao et al., 2023), identify tree
conditions (Plowright et al., 2016), collect genetic/botanical data (Wagner et al., 2019), estimate forest parameters such as biomass,
timber volume, and carbon (Qian et al., 2023), and monitor biodiversity (Ma et al., 2021). Many public and private organizations (e.g.,
the US Forest Service) use tree lists to develop models for management purposes (Bechtold and Patterson, 2005). For example, city
governments need individual tree locations and attribute data for decision-making on urban green spaces, restoration projects, tree
health, and overall land management. However, mapping individual tree species using field surveys is constrained by time, access
restrictions, and financial resources (Pu, 2021; Ma et al., 2021; Beloiu et al., 2023). Additionally, repetitive measurements, sampling,
and assessments of trees following disturbances may be challenging to achieve using field surveys. The use of remote sensing and deep
learning has evolved over the years, providing solutions to these challenges (Gui et al., 2024). However, no robust model or archi-
tecture can achieve accurate results across different locations (Zheng and Wu, 2021). This necessitates the need for locally developed
models for accurate tree detection.

Over the years, automatic individual tree detection using high-resolution optical images has employed traditional methods such as
template matching (Brandtberg, 1999; Huo and Lindberg, 2020), region-growing (Erikson, 2003; Gu et al., 2020), watershed seg-
mentation (Lamar et al., 2005; Liu et al., 2024), valley-following, and multi-scale segmentation (Skurikhin et al., 2013; Wang et al.,
2024). These methods were limited in delineating individual trees in terms of the overall accuracy, multi-species mapping, and the
transferability of the developed models to another site. Recently, deep learning (convolutional neural networks [CNN] architectures), a
branch of machine learning, has been applied to RGB images for image/semantic segmentation (grouping pixels into classes, i.e.,
pixel-based classification); object detection (geolocating an object and creating a boundary with labels for each object, e.g., tree
detection); and instance segmentation (a combination of object detection and image segmentation) (Hoeser and Kuenzer, 2020; Beloiu
et al., 2023). CNN architectures have been reported to perform best in analyzing spatial patterns during object detection, especially
when very-high spatial resolution data are used compared to other image analysis techniques (Nurul Husna et al., 2019; Braga et al.,
2020a; Schiefer et al., 2020; Pu, 2021; Beloiu et al., 2023). This can be attributed to the robust connected neural network architectures
(Xi et al., 2020) that enable the algorithm to learn the object-level representation of image features (Weinstein et al., 2019) to detect
objects without the need for a preselected feature (Zhao et al., 2023).

Several deep learning algorithms for automatic individual tree detection have been proposed with different architectures. Object
detection frameworks based on CNN are categorized into two types: one-stage and two-stage detectors (Weinstein et al., 2019; Zhao
et al., 2023). The significant difference lies in the CNN architecture stages for object detection or classification. A one-stage detector
performs feature extraction and detection in a single module, while two-stage detectors consist of two modules (a region proposal
module and an object/classification module) (Zhao et al., 2023). The region proposal module is a small network that slides over the
convoluted feature map to propose object locations with object scores and applies non-maximum suppression to remove redundant
boxes. Examples of object detection algorithms include region-based CNNs (RCNN; Girshick et al., 2014), single-shot detectors (SSD;
Liu et al., 2016), region-based fully convolutional networks (R-FCN; Dai et al., 2023), You Only Look Once (YOLO; Redmon et al.,
2016), and RetinaNet (Lin et al., 2018). They have been used in detecting cash crops (Li et al., 2017; Zheng et al., 2019), live and dead
trees (Zhou et al., 2024; Yao et al., 2024), fruit trees (Zhu et al., 2022; Ang et al., 2024), wildlife (Delplanque et al., 2022; Sankaran,
2024) among other applications using multispectral, point cloud, and hyperspectral data (Hoeser et al., 2020).

Many urban tree detection studies have used or modified common CNN models such as YOLO (Itakura and Hosoi, 2020; Yinghua
et al., 2021; Choi et al., 2022), Faster RCNN (Xia et al., 2021; ZamboniThgeThe et al., 2021; Zhang et al., 2022), and Mask RCNN
(Uematsu et al., 2022; Yang et al., 2022; Zhang et al., 2024), while some studies modified existing models or developed new archi-
tectures. Ventura et al. (2024) introduced a point-based tree detection method using a confidence map approach applied to
fine-resolution NAIP (National Agricultural Imagery Program) imagery in various California cities. Their developed model out-
performed two tree detection methods: PyCrown and Deepforest. Velasquez-Camacho et al. (2023) used two neural networks on
different remote sensing images to automatically detect and geo-position urban trees. In addition to vertical information from aerial
and satellite images, their study used Google Street View (GSV) images for horizontal information, supporting accurate tree detection.
However, the performance of these different algorithms differs because of varying tree structures and conditions (e.g., tree species,
crown size, tree health, and understory vegetation), architectures and frameworks, training datasets (image properties, resolution, and
lightning), data fusion, and augmentation (Zhao et al., 2023). Hence, there is a need to (1) compare and develop localized tree
detection models (live and dead, single and multi-species) useful for end users, (2) develop frameworks to detect small trees and
distinguish complex tree crowns, and (3) keep testing the generalization of the CNN architectures (transfer learning) in different urban
settings to improve predictability and robustness.

Pullman, Washington, USA, is a small-sized city (population: 32,863) containing a variety of building densities (i.e., structures per
unit area) and a diverse urban ecosystem. However, there is no existing automated workflow for detecting tree crowns, nor a database
of trees in the city. This has limited understanding of the spatial distribution of trees, tree density, and diversity, and the ecosystem
services they provide. However, city planners have collected high-resolution leaf-off aerial imagery from an airplane at 3-year intervals
over the last decade. Therefore, there is a clear opportunity to leverage high-resolution aerial imagery, utilize available LiDAR data,
and compare deep learning object detection models to develop a robust automated workflow for detecting tree locations within the
city. The availability of a custom tree detection model, spatial data on individual trees, and their corresponding heights for the city will
enable city planners to make informed management and monitoring decisions.

Therefore, the overall objective was to map individual trees in Pullman using high-resolution aerial imagery and to develop an
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urban tree inventory with individual tree heights. To achieve this, we compared four object detection models, selected the best model,
predicted individual tree locations (using tree crowns), and estimated tree heights. The performance of the developed tree crown
detector was further assessed in detecting tree crowns under different tree densities and arrangements. Specific sub-objectives were to.

(1) Determine the most accurate deep learning tree detection algorithm by comparing YOLOv3, RetinaNet, Mask R-CNN, and Faster
R-CNN performance in the study area.

(2) Develop a final urban tree crown detector (based on the most accurate algorithm in sub-objective 1) and use it to identify tree
locations on a large scale across the city.

(3) Create a tree inventory database with tree location and height using a LiDAR-derived vegetation height model for the city of
Pullman.

The uniqueness of our study lies in its application and usefulness to city managers and researchers, providing comprehensive
individual tree inventory data to support management decisions and inform future research. While there are existing tree detection
models and frameworks for other regions, this study is the first to develop a model that maps individual trees with corresponding
inventory data in our study area, highlighting the performance of four popular deep learning models in detecting trees in a complex
urban setting.

2. Methods
2.1. Study area

Pullman is a city in Whitman County, located in southeastern Washington, USA, within the Palouse region of the Pacific Northwest
(Fig. 1). The city covers approximately 28.8 km? with an average elevation of 774 m above sea level. Pullman has a rolling hill
topography with four distinct hills, several creeks, and waterways that dissect the city, with Paradise Creek being the most notable
creek. Pullman is an ideal case study area, characterized by gentle topography, a relatively high density of trees, the availability of a
high-resolution aerial dataset, and a need for a geolocated tree database. The Palouse, where Pullman is located, consists of deep, well-
drained soils formed in loess on hills. Pullman contains diverse tree species, including Lodgepole pine (Pinus contorta), Douglas fir
(Pseudotsuga mengziesii), Norway maple (Acer platanoides), Western redcedar (Thuja plicata), Red oak (Quercus rubra), and many other
ornamental and exotic tree species. The city experiences a temperate climate with a short, warm, and dry summer, a distinct winter
period, and mild fall and spring weather. The average annual precipitation is about 518 mm with a mean annual temperature range of
—3.3°Cto 28.9 °C.
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Fig. 1. The city of Pullman (center) with the training (red) and testing hand-annotated tree crowns (blue) data. A: Sample of the test data; B:
Training data samples with different tree canopy sizes; C: Map of Washington with Pullman; D: A sample of the clustered tree arrangement used to
further test the final developed model; E: Samples of random tree arrangement used to further test the final developed model, and F: Training data
samples with closely arranged trees.
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2.2. High-resolution aerial imagery

The RGB data was collected using a human-crewed airplane with a large-format Leica Digital Mapping Camera (DMC-3) imaging
sensor on April 19, 2023. The vendor processed the images, and the RGB orthomosaic images were divided into 97 (approximately 1
km x 1 km) tiles with ~8 cm spatial resolution (http://bit.ly/3W1SNIX, accessed on 1/22/2025). The city planners primarily collect
the RGB images during the leaf-off season to observe ground features. However, we leveraged it to map individual trees. The RGB
images had three bands and were projected in the North American Datum (NAD) 1983 StatePlane Washington South FIPS 4602 (US
Feet) coordinate reference system. Seven RGB image tiles (1 km x km) with various tree arrangements within the city were purposively
selected for training, and one image tile was used for testing the initial tree detection models (Fig. 2). The training data was used to
train the model, while the testing data was used as independent data to evaluate the initial model’s performance of the four candidate
CNN architectures. Additionally, two more locations (or tiles: orthomosaic images) were selected with challenging tree arrangement
case studies (1: dense canopy and 2: sparse trees mixed with different urban features) to further assess the model accuracy in detecting
tree crowns. The two case studies included areas with (1) random locations of trees near urban development (referred to as RA) and (2)
clustered and high tree density (referred to as CA). These case study areas were selected based on the number and arrangement of trees
to assess how the algorithms performed under different tree canopy densities. This is important because canopy structure can
significantly affect the efficacy of individual tree detection (Wang et al., 2016).

2.3. Annotations

Annotations are vector data (points or polygons) that denote the location and boundaries of the object of interest within an image,
which are used to train and test models. All the selected orthomosaic images were carefully hand-annotated by a remote sensing expert
with local tree knowledge and the city of Pullman to generate labeled tree crowns (with a square bounding box approximating the tree
crown area) as shapefiles in ArcGIS Pro 3.3.1 for all the training and testing image tiles (Table 1). To minimize potential bias, the
annotations were reviewed multiple times for accuracy. We annotated all the visible tree crowns and converted them to two deep
learning framework annotation formats: PASCAL Visual Object Classes (PASCAL VOC) for Faster R-CNN, YOLOv3, and RetinaNet
models, and RCNN Mask for Mask R-CNN.

2.4. Tree detection models

Various deep-learning algorithms with different architectures have been proposed for individual tree detection. To select the best
tree-detection model for our study area, we compared the performance of four popular deep learning models. Comparatively, we
evaluated two one-stage (YOLOv3 and RetinaNET) and two two-stage (Faster R-CNN and Mask R-CNN) detection models. The models
were selected because they were the best object detection models available in the ArcGIS Pro 3.3.1. software that was used for the
analysis. The models are described below.

Test and case studies D Training E Predicted :l Not used

Fig. 2. Image tiles over Pullman indicating the tiles used for training the model, testing the model (including case studies), large-scale prediction,
and tiles with no trees.
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Table 1
The number of hand-annotated tree crowns used for training and testing the models.

Data description Number of Annotations

(A) Training/testing data for the initial model
Preliminary training data for all the initial four models 4859
Testing data for accuracy assessment 1184

(B) Training/testing data for the final model

New training annotations for the final model 143"
Total training data from A used for the final model (4859")
Testing data for the final model accuracy assessment from A (11847

(C) Testing data for selected case studies

Random tree arrangements (close to buildings) 404
Clustered tree arrangement (high tree density case) 1194
Total unique annotations used in this study 7784

@ New annotations were from the same area as the initial training data.
b Reused from (A) for the final model.

2.4.1. One-stage detectors

One-stage detectors are deep learning algorithms that predict bounding boxes and class probabilities in a single pass. We tested two
one-stage detectors, YOLOv3 and RetinaNET. YOLOv3 (Redmon et al., 2016) is a fast CNN-based object detector with a Darknet-53
backbone that extracts input image features. It was proposed as a modification to YOLOv2 for better detection accuracy (Pham
et al., 2020), and the Darknet-53 backbone was reported to outperform other start-of-the-art backbones, such as ResNet (Redmon and
Farhadi, 2018). YOLOv3 detects objects at three scales and has 106 convolutional layers. The convolutional layers are filters or kernels
that convolve the input image to extract features or generate feature maps. The YOLOv3 architecture treats object detection as a
regression problem by predicting an object score for the bounding box in an image using logistic regression (Redmon and Farhadi,
2018). The neural network divides each image into an S x S grid, predicts y boxes within each grid, and provides their confidence
scores. The non-maximum suppression (NMS) framework is used to select the best-predicted box. YOLOv3 has high detection speed
and accuracy (Tian et al., 2019) and has been used and modified to detect different objects in images, such as urban tree species (Li and
Yao, 2020; Choi et al., 2022), crops/tree crops (Tian et al., 2019; Hao et al., 2022), and diseased trees (Safonova et al., 2022; Wu et al.,
2023). Although newer YOLO variants (e.g., YOLOv7, YOLOVS) offer improved performance, YOLOv3 was selected because it provides
a stable, well-validated, and computationally efficient architecture for tree detection.

RetinaNet is also a one-stage detector that was proposed in 2018 (Lin et al., 2018). It is an improvement over other one-stage
detector models (e.g., SSD) to demonstrate the loss function created to reduce the extreme foreground-background class imbalance
that occurs when training one-stage detectors. RetinaNet consists of a backbone, usually a convolutional network that generates the
feature map, and two subnetworks that perform convolutional classification on the feature maps and regression on the bounding boxes
(Lin et al., 2018). An example of a tree detection model created using the RetinaNet framework on aerial imagery was the Deepforest
package by Weinstein et al. (2019).

2.4.2. Two-stage detector

Unlike one-stage detectors, two-stage detectors include an additional region proposal network (RPN) in their CNN architectures to
generate regions of interest. Faster R-CNN and Mask R-CNN were the two-stage detectors tested in this study.

Faster R-CNN (Ren et al., 2017) is a modified version of Fast R-CNN (Tanatipuknon et al., 2021) and uses both the RPN and a
classification network to detect a region of interest and classify the predicted bounding box, respectively (Bao et al., 2022). Faster
R-CNN consists of two modules: a fully convolutional network and a detector. The former proposes regions of interest, while the latter
uses the proposed regions (Akok et al., 2017). Faster R-CNN detects objects in two stages: First, it creates a feature map using its
convolutional neural network backbone, and then the RPN uses anchor boxes to generate proposed regions for the objects. Second, the
feature map is resized for the fully connected layers to classify the object (Tanatipuknon et al., 2021). On the other hand, Mask R-CNN
builds on Faster R-CNN with a small overhead, for instance, image segmentation (He et al., 2017). This means that Mask R-CNN can
generate a bounding box for a detected object and still predict the object masks in an image. Mask R-CNN architecture comprises a
backbone network for feature extraction, an RPN for generating object regions of interest, and two branches for bounding box
detection and mask prediction (Sapkota et al., 2024).

Two-stage detectors are highly accurate but generally slow and require substantial computational resources. They have been used
with different backbones to detect various objects, such as fruits (Sa et al., 2016; Sapkota et al., 2024), oil palm trees (Zheng et al.,
2019), and landslides (Tanatipuknon et al., 2021).
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2.5. Model training and application

Our analysis was divided into five steps (1) training the YOLOv3, RetinaNet, Faster R-CNN, and Mask R-CNN algorithms on the
initial training dataset (4859 annotations), (2) assessment and comparison of YOLOv3, RetinaNet, Faster R-CNN, and Mask R-CNN
performance based on our test dataset (1184 annotations) to select the best model, (3) retraining a new model based on the best model/
architecture from step two with 5002 (initial 4859 and new 143) annotations, (4) large-scale detection of tree crowns across the entire
study area based on the model from step three, and (5) creation of a georeferenced urban tree height inventory database using
extracted LiDAR height metrics (Fig. 3; Table 1).

Step 1: Training the YOLOv3, RetinaNet, Faster R-CNN, and Mask R-CNN models on our initial training dataset (4859 annotations)

A preliminary assessment of the four models was performed to choose the best tree crown detection algorithm for our study area. To
achieve this, we trained the four models identically. The initial training data (orthomosaic tiles with corresponding training anno-
tations, Table 1) were divided into 512 x 512 image chips with a stride of 128 x 128 (25 % overlap) to ensure the edge trees were
captured. This was necessary to reduce memory requirements, resulting in 31,556 image chips and 102,578 features (associated
annotations). The models were trained in ArcGIS Pro 3.3.1 using the deep learning geoprocessing tools with a batch size of 4 and up to
20 epochs (the number of passes through the training data). We applied the default data augmentation to each model to increase
training data and improve the robustness. These include cropping, brightness, contrast, dihedral affine, and zooming. The models were
trained with consistent parameters for comparability. We used ResNet-50 as the backbone for RetinaNet, Mask R-CNN, and Faster R-
CNN, while the default backbone for YOLOv3 was Darknet-53. The software randomly selected 90 % of the training dataset (4859
annotations) for training and 10 % for validation. It also automatically extracted the learning rates, and the weights of the pre-trained
backbones were unfrozen. Unfreezing alters backbone parameters and aligns them with the training samples for better results (Hao
etal., 2021; Yao et al., 2024). Freezing the backbone weights did not improve model performance, especially for YOLOv3 and Faster
R-CCN. We used the validation loss as the metric to monitor overfitting, and the model stopped training when the validation loss did
not improve for five epochs. A confidence score threshold of 0.1- 0.5 was tested to select the best value for all the models. A
non-maximum suppression (NMS) value of 0.1 was used to remove redundant and overlapping predicted tree crowns. The preliminary
model training was conducted on a desktop computer with an Intel(R) Core (TM) i7-8700 CPU and Nvidia GeForce GTX 1060 6 GB,
with 32 GB RAM.

Step 2: Assessment and comparison of YOLOv3, RetinaNet, Faster R-CNN, and Mask R-CNN performance based on our test (1184
annotations) to select the best model

The models’ outputs (from step 1) were assessed using the test dataset (one orthomosaic tile with 1184 annotations). We compared
the models’ performance by calculating evaluation metrics (i.e., F1 score, overall accuracy, etc., see below) and visual assessments of

YOLOv3;
RetinaNet;
Mask R-CNN;
Faster R-CNN

New training data

Training (90%)
Validation (10%)

lidar height data l Tree Inventory Data
o — @& — .l
Detected Tree Crowns

Fig. 3. Schematic diagram of the tree crown detection workflow employed in this study, including the development and assessment of several deep
learning models, the selection of the best model, and the final established tree height and location inventory database.
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the detected tree crowns.

2.6. Model evaluation

Intersection over union (IoU), box precision, box recall, and F1 scores were used to evaluate the models with the test data.
Intersection over union (IoU) is a value ranging from 0 to 1 (Eq. (1)) that measures the average overlap between predicted tree crowns
and test data (hand annotations). The IoU is a general indicator of model performance, but it is insufficient for model evaluation. A
detected box is deemed accurate if its intersection over the union (IoU) with the hand annotations is > 0.5. This is more stringent and
ensures high bounding boxes are selected. The box recall (%; Eq. (2)) is the proportion of true positives that match ground truth based
on the used intersection-over-union threshold (0.5). Box precision (%; Eq. (3)) refers to the ratio of the correctly predicted boxes to the
total predicted boxes based on the intersection-over-union threshold. The F1 score (Eq. (4)) harmonizes the precision and recall
performance. We selected the best model based on a visual assessment and screening of all these metrics, especially the F1 score.

__ Area of Intersection

loU= Area of Union 100 (Equation 1)

__ Correctly Predicted Box (TP)

Box Recall (%) =
ox Recall (%) Ground Truth Data (TP + FN)

x 100 (Equation 2)

- Correctly Predicted Box (TP) .
Box P %) = 100 Equation 3
ox Precision (%) Total Predicted Box (TP + FP) X (Equation 3)

Precision x Recall
F1-S =2x —————— x 100 E tion 4
core X Precision + Recall X (Equation 4)

Step 3: Retraining a new model based on the best model/architecture from Stage 2, with 5002 annotations to develop a final model

The best model from the preliminary assessment in Step 2 was selected and trained as the final model. Because we wanted an
optimal model for detecting trees in Pullman and to further improve the model’s learning and performance, we added new annotations
(143) from the same area to the initial training annotation (4,859) to retrain a new model (final model). That is, we trained a final
model for our study area with 5002 training annotations (Table 1) with some modifications to the processes in Step 2. We used a batch
size of 8 instead of 4 in Stage 1 to improve the processing and a maximum of 30 epochs. We also trained for up to 50 epochs separately
to assess whether performance would change, but there was no significant improvement. The final model was trained on a desktop
computer with a 12th Gen Intel(R) Core (TM) i9-12900K processor and an Nvidia GeForce RTX 3070 Ti GPU, with 128 GB of RAM.
Finally, we tested the performance of the final model for two case studies. That is, two selected orthomosaic tiles, one with random tree
arrangements within an urban setting with many non-tree features and one tile with clustered tree arrangements (i.e., a high tree
density case) (Table 2).

Step 4: Large-scale detection of tree crowns based on the final model from step three across the entire study area

The final model was used to detect tree crowns on a large scale across the study area using the remaining 78 orthomosaic tiles
(excluding the single training and seven testing tiles, Fig. 2). The large-scale detected tree crowns were also visually assessed.

Step 5: Creation of a georeferenced urban tree height inventory database using extracted LiDAR height metrics

2.7. LiDAR-based and field survey height data

An airborne LiDAR dataset collected over Whitman County (the County of our study location) in 2018 under the United States
Geological Survey (USGS) 3D Elevation Program (3DEP) was used to estimate tree height (OCM Partners, 2024). The Whitman 3DEP
2018 was part of a larger USGS project, in collaboration with the Federal Emergency Management Agency (FEMA) and the Natural
Resources Conservation Service (NRCS). The vendor used a Leica ALS80 and a Riegl VQ-1560i sensor system mounted in a Cessna
Caravan (OCM Partners, 2024). The average pulse density of the quality one LiDAR data was >8 pulses/m?, collected at an altitude of
2300 m with an average relative vertical accuracy of 0.0036 m. We downloaded the DSM and digital terrain model (DTM) datasets
from the LiDAR portal (https://lidarportal.dnr.wa.gov/, accessed on 1,/22/2025) and calculated the normalized digital surface model

Table 2

Summary statistics of the ground-based tree inventory data (n = 100 trees).
Variables Minimum Mean Maximum Standard Deviation
Diameter (cm) 17 51.9 94.5 16.2
Height (m) 6.6 16.9 27.3 4.7
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(nDSM) as the height data. After large-scale tree prediction, the tree crowns (bounding boxes) were used to extract height information
from the nDSM. We estimated height metrics (90th, 95th, 98th, and 99th percentiles) based on the nDSM cells within each tree crown
using the “Zonal Statistics As Table” tool in ArcGIS Pro 3.3.1 (Hao et al., 2021).

We randomly selected 100 trees on the Washington State University campus in the study area and collected tree inventory data
manually in December 2024 to evaluate the accuracy of the nDSM. We collected the coordinates (longitude and latitude) using a
handheld Trimble Geo7x device with a positional accuracy of <60 cm, tree height with a TruPulse laser rangefinder, and diameter with
a diameter tape. The measured heights were grouped into short (n = 33), medium (n = 33), and tall trees (n = 34) with respective
height ranges of 6.6-13.5m, 13.6-18m, and 18.1-27.3m. The summary statistics for the inventory data are shown in Table 2.

The coefficient of determination (R?) was used to determine the best height metric to attribute to detected trees. We validated the
accuracy of the nDSM height values by correlating different LiDAR-derived height metrics (mean, median, 95th, 98th, and 99th height
percentiles) with field-based height measurements. The height metric with the highest R? value was selected as the height value for the
detected trees.

The tree crown tip is expected to be the tallest within the tree crown bounding box; therefore, we filtered the tree inventory data to
exclude tree crowns with a maximum height <3 m. This removed dwarf trees, saplings, or newly planted trees.

3. Results

We compared the performance of one-stage (YOLOv3 and RetinaNet) and two-stage (Faster R-CNN and Mask R-CNN) object
detection models to select the best model for our study area (Fig. 4). Table 3 shows the evaluation metrics for the models in detecting
trees after training and testing, using 4856 and 1184 hand annotations. YOLOv3 achieved the highest F1 score (69 %) and 78 %
accuracy in its detected trees. Faster-RCNN had the lowest performance, with an F1 score of 54 %. Confidence scores are values (0-1)
assigned by the models that indicate the reliability of the predicted bounding box, and any prediction with a lower score is discarded.
We defined a low confidence score as predicted tree crowns with a confidence score of >0.1 and <0.3, and a high confidence score as >
0.3. Using visual assessment and F1 scores, we tested different confidence score thresholds across all models, and the best thresholds
for YOLOv3, RetinaNet, Faster R-CNN, and Mask R-CNN were 0.1, 0.3, 0.4, and 0.5, respectively. Therefore, the YOLOv3-predicted
tree crowns with low confidence scores were mostly accurate (Fig. 5).

Based on the preliminary comparison of the models, YOLOv3 performed best and was chosen as the tree detection model for the
study area. A new YOLOV3 (hereafter referred to as PTCNet: Pullman Tree Crowns Network) architecture was trained using 5002 hand-
annotated tree crowns for 30 and 50 epochs. Table 4 presents the model’s performance on our test datasets (1184 annotations) at both
epochs. The test dataset generally represents an urban setting, and the model accurately detected the tree crowns (Fig. 6: A).

The model trained for 30 epochs was selected as the final model based on its F1 score value (harmonic mean of precision and recall)
and visual assessment. It was tested further under two different tree arrangement case studies — random and clustered tree arrangement
(Table 4; Fig. 6: B and C). PTCNet accurately predicted >80 % of its delineated tree crown boxes in the scenarios, achieving the highest
F1 score in the random tree arrangement case study. The model predicted trees with varying crown shapes, closer or farther away from
structures, with a precision of 83 %, and trees in a closed canopy, with a precision of 90 % (Table 4). However, a few tree crowns were
undetected in the clustered tree scenario (Fig. 6: B).

ctions e e s Predictions
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Fig. 4. Comparison of detected tree crowns by the Mask R-CNN, Faster R-CNN, RetinaNet, and YOLOv3 models with the test data (False detections
and omitted trees are highlighted in circles).
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Table 3
The model evaluation results based on precision, recall, F1-score, and individual best confidence score thresholds. The best confidence score was
selected by comparing the metrics based on 0.1-0.5 confidence scores at an IOU of 0.5 and a non-maximum suppression of 0.1.

Model Precision (%) Recall (%) F1 Score (%) Confidence Score
YOLOv3 78 61 69 0.1
RetinaNet 51 64 57 0.3
Mask R-CNN 59 60 60 0.5
Faster R-CNN 56 53 54 0.4

Fig. 5. Detected tree crowns by PTCNet with low confidence and high confidence scores. Confidence scores are values assigned by the models
indicating the reliability of the predicted bounding box, and any prediction with lower values will be discarded. We defined low confidence as
predicted tree crowns with a confidence score of >10 and < 30, while a high confidence score was >30. Therefore, the detected trees with low
confidence (in blue) were accurate as the high-confidence (yellow) tree crowns.

Table 4

Evaluation metrics of the final model based on the YOLOv3 architecture with an intersection-over-union value of 0.5 when tested under different
scenarios.

Model Precision (%) Recall (%) F1 Score (%) Epochs Location
PTCNet 78 62 69 30 Test area
81 59 68 50 Test area
83 72 77 RA
90 60 72 CA

RA: Trees with random arrangements and close to buildings, CA: High-dense tree canopy arrangement.

Fig. 6. Examples of detected tree crowns in Pullman under the (A) test dataset and different case studies: (B) high-dense tree canopy arrangement
and (C) random tree arrangement close to buildings. A few trees were not detected in the clustered tree arrangement case study.

Fig. 7 shows the regression plots of measured height and LiDAR-based height metrics, grouped by height class. The height per-
centiles correlated strongly with the measured heights, and we selected the 98th height percentile as the best. The relationship between
the measured height (short, medium, and tall classes) and the selected height metric (98th percentile) is shown in Figure A1l. The 98th
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Fig. 7. Regression plot of measured height with lidar-based height metrics (n = 100 trees).

percentile height predicted short trees better (r2 = 0.70), followed by the tall (R2 = 0.62) and medium (R2 = 0.46) trees.

Fig. 8 shows the graphical distribution of tree height (>3m) based on the 98th percentile height metric within the study area. Trees
with height values of >3m to <6m had the highest frequency distribution, while tall trees (>33m) had the lowest distribution. The
study area was predominantly characterized by trees with heights spanning 6m-21m.

4. Discussion

This study focused on developing a repeatable, straightforward framework for tree crown detection to derive an urban tree in-
ventory in Pullman City using deep learning object detection models, high-resolution images, and LiDAR-based height data. To achieve
this, we compared the performance of four CNN-based object detection models and developed PTCNet. This discussion section is
divided into two parts: First, we discussed the preliminary assessment of the four CNN models that led to the development of PTCNet.
Second, we discussed PTCNet, its application, and limitations.

4.1. Model comparison

Compared to one-stage object detection models, two-stage models are believed and known to achieve higher accuracy because of

3
98th Percentie Height (m)

Fig. 8. Height (98th percentile) distribution of the ~12,000 detected tree crowns in Pullman. The evaluation distribution is based on trees with an
estimated height of > 3m; i.e., tree crowns with a maximum height of <3m were removed.
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their two-stage approach to detecting targets (Lin et al., 2018). For example, Mask R-CNN is regarded as a modern, robust architecture,
capable of detecting and predicting an object mask (Yao et al., 2024). However, based on our findings, Mask R-CNN was the
second-best model (after YOLOv3), with an F1 score of 60 %, followed by RetinaNet (F1 score: 57 %) and Faster R-CNN, with the least
F1 score (54 %). Given the limited studies on Mask R-CNN and Faster R-CNN for urban tree detection, as most of the studies modified
the architectures (Zhang et al., 2022) or focused on a single species (dos Santos et al., 2019; Yao et al., 2024), forest trees (Braga et al.
2020), or urban trees using geo-tagged street-level images rather than high-resolution images (Lumnitz et al., 2021), this makes it
challenging for a direct comparison. However, some studies have reported that YOLOv3 outperformed Faster R-CNN (Chen et al.,
2021; Srivastava et al., 2021; Sharma et al., 2024).

YOLOV3 performance surpassed that of RetinaNet, a similar one-stage object detector that uses a focal loss function to reduce class
imbalance during training. This is similar to that of Xia et al. (2019), who reported that YOLOv3 achieved better results than RetinaNet
in detecting oil palm trees. Although the RetinaNet backbone (ResNet50) used in this study has a deeper architecture for high accuracy,
surprisingly, it produced the highest false-positive tree-crown predictions among all the models. This is slightly different from the
findings of dos Santos et al. (2019) where RetinaNet was reported to outperform YOLOv3 and Faster R-CNN. The discrepancy is mainly
because our models were trained to detect all species against a single species in their study. Furthermore, our training parameters
differ, including the number of epochs and the number of training image tiles.

While all the models struggled with the complexity and noise of the urban environment in RGB images, the YOLOv3 architecture
seemed “conservative”, predicting a smaller number of tree crowns with high precision. This made it more precise and superior to Mask
R-CNN, Faster R-CNN, and RetinaNet, which had more than 40 % of their predicted tree crowns classified as false positives (com-
mission errors). Given that the architecture of the R-CNN family is more complex than that of YOLOv3 and RetinaNet, the training
dataset may not be sufficient for the models to generalize accurately in our context. While manual delineation of annotations is time-
consuming and laborious, semi-supervision (i.e., including both labeled and unlabeled data into train models) is usually adopted to
generate a large number of LiDAR-based annotations (Weinstein et al., 2019). However, this method might not be advantageous in an
urban area with buildings and structures of similar tree heights. Additionally, Mask R-CNN and Faster R-CNN require extensive
computational resources and might not be feasible for a real-time application (Sapkota et al., 2024).

4.2. PTCNet — urban tree crown detector

PTCNet is a deep-learning urban tree crown detector for our study area, developed on YOLOv3 architecture with a Darknet-53
backbone. Based on the test dataset, the model achieved >75 % precision and 62 % recall on the ground-truth data. However,
based on other case study test data, the performance was higher (Table 4). The PTCNet architecture (YOLOv3) was chosen for its high
performance among the considered object detection models and for its stable, computationally efficient architecture for tree detection.
Although not significantly higher, the final YOLOv3 (PTCNet) model had higher recall than the initial YOLOv3 model. We believe that
the additional annotations improved the PTCNet’s robustness and performance for the large-scale tree detection.

Two of the significant benefits of PTCNet are (1) the simple architectural workflow and performance in detecting trees of varying

Fig. 9. Examples of small tree canopies detected in the study area based on the large-scale prediction using the PTCNet. The highlighted area (red
rectangle) indicates small trees (<3m) with small tree crowns.
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canopy structure, and (2) the speed at which inferences are made over new datasets (Redmon and Farhadi, 2018; Tan et al., 2021).
Although the YOLOv3 architecture has been reported to have less accuracy in small object detection (i.e., small tree crowns in our case;
Liu et al., 2023), we believe that the use of high-spatial-resolution images, data augmentation (such as cropping, brightness, etc.), and
the representative sampling of different tree sizes in our study area cushioned this effect (Kaur and Singh, 2023) (Fig. 9). The developed
model (PTCNet) was applied on a large scale to predict tree crowns across the city. Precisely, 78 (Fig. 2) high-resolution aerial image
tiles (1 km x 1 km) with trees were predicted using PTCNet, and tree crowns were detected across the city with high accuracy. This
study presents a useable urban tree crown detector (https://github.com/Okikiola-Michael/PTCNet) for Pullman City. Also, a
comprehensive manual and model-generated annotations with height information were developed. The tree crown data generated
from this study provides a baseline inventory dataset useful for urban greening and planning, tree monitoring, and the study of climate
change impact in an urban environment.

4.2.1. PTCNet robustness and limitations

CNN architectures can learn to delineate objects of interest from the training datasets, thereby improving the transferability of a
pre-trained model (Weinstein et al., 2019; Chadwick et al., 2024). PTCNet was tested using different tree distribution scenarios to
capture its generalization ability and limitations. We tested it on images with random tree arrangements near buildings and clustered
trees, as found in forests. Testing the model using these case studies is more rigorous and reveals its weaknesses. In the case studies,
PTCNet F1 scores and precision values were >70 % and >80 %, respectively. This demonstrates PTCNet’s ability to accurately detect
tree crowns with various spatial arrangements. Although the model’s performance is high according to the evaluation metrics, not all
trees were detected, highlighting the limitations of the PTCNet architecture. Also, our single-site training approach may limit the
model’s generalization when applied to another study area. Therefore, further retraining may be needed to improve the model’s
performance in other study locations.

4.2.2. Height estimation

Aerial LiDAR data have been consistently used to measure tree heights and are found to be accurate (Andersen et al., 2006). We
extracted different height metrics for the predicted tree crowns across the city using nDSM data. The georeferenced tree crowns
(bounding boxes) with the height metrics are available on a dedicated GitHub repository (https://github.com/Okikiola-Michael/
PTCNet). The 98th height percentile distribution showed that most trees were taller than 3m and less than 30m. This is particu-
larly relevant for land and city managers, as metrics related to species structure and composition, such as vegetation height, are mostly
preferred (Meddens et al., 2022). We suspected that the average height within a tree crown box would be biased because of the spaces
in the tree crown bounding boxes, making the mean value to be affected by outliers. Though the LiDAR data was collected in 2018, the
height data, the first of its kind, offers insight into the tree species diversity within Pullman. Tree vertical growth depends on several
factors, which may or may not be significant over five years (the time difference between the LiDAR and image data); this may have led
to an underestimation of tree heights in the study area. Also, there might have been changes in the number and distribution of trees
within the city. Nonetheless, the selected height metric (98th percentile) showed a strong correlation with the field-surveyed height,
particularly for both short and tall trees. Thus, it provides a baseline for other studies that focus on extracting large-scale relevant
inventory data. Additionally, future studies can use our data to support tree species mapping and widen the scope of the tree inventory.

4.2.3. Limitations and future research

One limitation of this study is the imagery used, which was collected in March, when some trees lacked foliage. First, this limits the
total number of trees detected in the study area. However, in subsequent analysis, NAIP imagery can be used to train a new model, or
PTCNet can be retrained on representative NAIP imagery samples from the study area. Therefore, more comparative analysis is needed
to assess differences in tree detection in a complex urban setting like ours, using aerial images with a spatial resolution of 8 cm and
NAIP imagery of ~0.5-1m. Second, the images included noise from structures and buildings, as well as grass and shrubs, such as
ornamental cypress shrubs (Microbiota decussata) (Figure A2). Although we attempted to mitigate the impact of this noise through
careful image annotation and interpretation by an expert with local knowledge, some of these errors may have affected the model’s
performance, leading to false-positive detections. Future models can be trained to identify the noise, especially the cypress, as a
separate class to improve the model’s performance efficiently.

The use of YOLOv3 may have limited the model’s performance relative to the current state-of-the-art YOLO variants. Although the
goal was to develop a simple, repeatable workflow with a final model useable by anyone (especially city managers) and supported by
available computational resources, newer versions of YOLO with more advanced architectures could increase the number of correctly
detected trees, thereby improving PTCNet performance. For example, YOLOv7 has been reported to have the highest accuracy and
speed among the YOLO series (Xu et al., 2024). However, this is not yet supported in ArcGIS Pro, and the performance of YOLOv7
needs to be investigated in our study area. The current version of PTCNet is operational, has been deployed on a large scale, and serves
as the initial step in monitoring urban trees.

5. Conclusion

This study tested four object detection models — YOLOv3, RetinaNet, Mask R-CNN, and Faster R-CNN for urban tree detection, and
our results showed that YOLOv3 outperformed the other models. The YOLOv3 architecture was used to develop a final model
(PTCNet), which was applied at a large scale to detect ~12,000 trees in the study area. Further analysis showed that our study area

contains trees with varying height ranges. However, the tree heights might have been underestimated due to temporal differences
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between the image, LiDAR, and field survey data. However, the 98th percentile height metric correlated strongly with the field
measurements.

This study developed the first large-scale tree crown detection in our study area through a comparative analysis of advanced object
detection models. We presented findings from the performance of four state-of-the-art deep learning models in detecting trees in a
complex urban setting, and developed datasets that will support urban planning, greening, and tree-related studies at various scales.
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