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ABSTRACT

Urban tree cover (UTC) is a key indicator for monitoring climate adaptation, guiding policy goals, and designing
equitable cities. However, consistent UTC estimates remain limited. This study proposes a transferable UTC
modelling framework using global open-source data to map fractional UTC. The method involves satellite
spectral products and high-resolution canopy height data to build city-specific machine learning models of 19
Canadian cities. Model accuracy, assessed through cross-validation, ranged from R?* = 0.67-0.88 with RMSE
values of 5.5-16.3%. Independent validation against airborne laser scanning in three cities demonstrated strong
agreement (Pearson r = 0.82-0.92). Results suggest that UTC distributions are unevenly distributed, typically
right skewed, with large parks and riparian corridors accounting for a disproportionate share of UTC. Greenness
and moisture are the most influential predictors, while model residuals concentrate in areas with higher UTC.
The resulting UTC maps and modelling framework provide a consistent and reproducible framework for UTC
distribution assessments, benchmarking across diverse ecozones, and monitoring UTC change at urban scales

over time.

1. Introduction

Urban tree cover (UTC), measured as the percentage of an urban area
covered by tree canopy (Konijnendijk, 2023), is a crucial metric in urban
forest management and monitoring. UTC metrics are incorporated into
urban planning documents through UTC targets among municipal gov-
ernments and urban forestry organizations (Morgenroth et al., 2025).
UTC datasets are also used in urban environmental research to examine
topics like urban heat (Lu et al., 2022; Ziter et al., 2019), urban green
accessibility (Locke et al., 2023; Martin & Conway, 2025), stormwater
management (Selbig et al., 2022), air pollution reduction (Lovasi et al.,
2013), wildlife movement ecology (Brunbjerg et al., 2018; Teixeira
et al., 2013), and carbon storage accounting (Steenberg et al., 2023).
Consistent UTC information therefore is necessary in baseline urban
forest mapping and inventory, and monitoring progress towards future
UTC targets.
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UTC measures should be generated consistently, be spatially explicit,
and be comparable across cities. More specifically, to fully assess UTC
and establish benchmarks for urban forestry governance, planning, and
research, UTC data and their modelling should be: (i) intuitive:
expressing UTC as a percentage of urban land surface; (ii) spatially
explicit: compatible with other geospatial modelling workflows; (iii)
scalable: capable of producing repeated UTC estimates across large areas
and over time; (iv) cost-effective: leveraging open-source and readily
available datasets.

In the past, various approaches have been developed to collect,
analyze, and represent urban trees at different scales (Miller et al.,
2015). At the property and city block levels, canopy cover information
(e.g., UTC) is often collected by hand-tracing canopies over aerial im-
agery (Martin, 2023). At such broader extents, UTC is more commonly
estimated through manual photointerpretation of aerial imagery using
models such as i-Tree (Nowak et al., 2018) or by sample plot estimates
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using hemispherical photography (King and Locke, 2013), which
require site visits and substantial sampling effort. Selim et al. (2023)
recommended a photointerpretation sample point density of 760 sam-
ples per hectare (10,000 m?), roughly equivalent to 1500 sample points
per city block. These approaches can be time-consuming and
labour-intensive when applied across broader spatial extents (i.e., at a
city-wide level). Thus, there is a growing call for more systematic,
scalable, and repeatable methods (Corro et al., 2025; Dong et al., 2025;
Liu et al., 2024; Liu et al., 2024).

Recent progress in aerial and terrestrial laser scanning (ALS and
TLS), as well as drone-based photogrammetry, enables such systematic
production of datasets ranging from fine-scale, tree-level digital clones
(Nitoslawski et al., 2019; Olson et al., 2025) to wall-to-wall maps of tree
canopy locations (Erker et al., 2019). These techniques produce accurate
2D canopy delineations and 3D structural metrics, useful for building
and validating large-extent, satellite-based inventories, by establishing
statistical relationships between ALS- or TLS-based canopy metrics and
spectral indicators from moderate-resolution imagery (Hermosilla et al.,
2024). However, in urban contexts, municipal laser-scanning acquisi-
tion can be limited or temporally sparse or inconsistent, particularly in
small communities.

Alternatively, UTC can also be estimated and mapped using spectral
indices computed from medium-spatial-resolution multispectral imag-
ery, such as the Landsat program, the Copernicus programme, and aerial
imagery from the National Agriculture Imagery Program (NAIP).
Despite the technical availability of satellite-derived vegetation indices,
their uptake in planning practice remains limited in many cities
(Martinez et al., 2023). While accessible through platforms such as
Google Earth Engine (GEE; Gorelick et al., 2017), these indices, such as
the normalized difference vegetation index (NDVI), can be difficult to
interpret and not always intuitive for decision-makers (Feltynowski
et al., 2018). Interpretable measures such as UTC provide additional
quantification of urban trees for a variety of urban planning and
research needs, particularly for small communities (Martinez et al.,
2023).

In response to the need for open, scalable, and interpretable UTC
data for large extents, global forest datasets have been developed, with a
particular emphasis on canopy height models (CHMs) such as those by
Lang et al. (2023) and Tolan et al. (2024). While these datasets represent
significant advances in large-scale forest mapping, their application in
urban environments remains limited. Similar to CHMs derived from
ALS, these global CHM products provide complete high-resolution
reference layers that support predictive model training and
cross-validation (CV), thereby improving regional and local city-scale
UTC modelling.

Conceptually, this modelling framework is positioned at the inter-
section of urban ecology, remote sensing, and overall urban sustain-
ability and ecosystem services. Urban ecology provides the theoretical
foundation, establishing UTC as a spatially explicit proxy for the pro-
visioning of a wide range of ecosystem services in cities, including
thermal regulation (Aminipouri et al., 2019), stormwater attenuation
(Selbig et al., 2022), air quality improvement (Akbari et al., 2001),
biodiversity support (Locke et al., 2023), and human well-being
(Lafortezza et al., 2009), whose magnitude and distribution are funda-
mentally governed by the spatial configuration and density of UTC.

Urban remote sensing provides observations necessary to quantify
UTC continuously, a capability that field-based inventory approaches
cannot achieve at the city or multi-city scale (Galle et al., 2021; Lu et al.,
2016; Nielsen et al., 2014). In addition, machine learning such as
Random Forest (RF) regression (Breiman, 2001; Parmehr et al., 2016)
provides the analytical bridge between multi-source spectral, thermal,
and structural signals and the UTC estimates that urban ecology requires
(Fassnacht et al., 2023).

Urban sustainability research further connects urban remote sensing
and ecology by framing UTC distribution not only as a biophysical
outcome but as a governance and fairness concern (Czekajlo et al., 202.3;
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Nesbitt et al., 2017, 2019). The uneven spatial distribution revealed
from modelling UTC reflects cumulative legacies of land-use planning,
infrastructure investment, and socio-economic characteristics, with
direct consequences for which communities benefit from
canopy-mediated ecosystem services and which bear disproportionate
exposure to urban heat, flooding, and poor air quality.

This conceptual position justifies the motivation for this study, the
input datasets and variables used, and future research extending from it.
This study makes three key contributions towards current UTC model-
ling. First, by harmonizing multi-source open data onto a moderate-
resolution (120-m) grid, we mitigate the “salt-and-pepper” noise
inherent in 30-m pixel classifications while retaining sufficient granu-
larity for neighbourhood-level UTC research. Second, unlike municipal
inventories that are often limited to street trees or public lands, this
workflow provides wall-to-wall fractional UTC estimates across all land
tenures, enabling a more holistic assessment of urban trees. Finally, by
using globally available open-source datasets rather than local ALS data,
we demonstrate a nationally applicable UTC modelling framework that
can be applied to other Canadian cities. This method, tested across 19
Canadian cities of varying sizes, ecological settings, and built environ-
ments, can produce continuous, interpretable UTC percentages.

2. Methods

The method developed in this study integrates multi-source remote-
sensing-derived variables, including spectral products, land-surface
temperature, and built-form metrics. These variables were spatially
harmonized using a 120-m grid system. We selected a 120-m analysis
grid to capture intra-urban variation while reducing sensor-mismatch
artifacts. This grid is equivalent to an area of 4 x 4 Landsat 30-m
pixels and approximates the size of a typical city block (100-150 m)
in Canada. By focusing on local calibration while ensuring national
consistency, this approach provides a transferable basis for bench-
marking UTC, evaluating urban canopy fairness, and reconstructing
historical canopy trends from archived satellite imagery.

To account for local heterogeneity, we trained city-specific RF
regression models with hyperparameters and a stratified CV scheme
(Section 2.3). The method was applied and tested across 19 cities with
varying urban ecological conditions found in eight Canadian ecozones.
We validated model performance in two ways: first, through internal CV
within the RF model to assess generalization and overfitting, and sec-
ond, by comparing it against three independent sets of local ALS-derived
UTC values (Section 2.4).

2.1. Study areas

The study involved 19 Canadian cities with diverse ecosystems, city-
wide average UTCs, and city sizes (Fig. 1, Table 1). These cities are
distributed across eight terrestrial ecozones (Terrestrial Ecozones of
Canada - Open Government Portal, n.d), ranging from the Canadian
Plant Hardiness Zone (Canada’s Plant Hardiness Site | Natural Resources
Canada, n.d) 1A (Thompson, MB) to 9 A (Vancouver, BC). UTC estimates
derived from the Meta Canopy Height Model (CHM) ranged from 4%
(Calgary, AB) to 54% (Prince George, BC) with a mean (p) UTC of 22.5%
(standard deviation ¢ = 13.4%).

Total urban area ranges from 17 km? (Thompson, MB) to 2788 km?
(Ottawa, ON) (i = 429 km?, ¢ = 610.4 km?), based on the Canadian
Census (Census Profile, 2021 Census of Population, n.d.). Thompson,
MB, had the smallest population (13,035 residents), while Montréal, QC
was the most populous (1,762,949 residents) (p = 426,789, ¢ = 501,
760). Population densities range from 71 people per km? in Kenora, ON,
to 5750 people per km? in Vancouver, BC (p = 1178, 6 = 1508.4). Except
for Thompson, MB, and Kenora, ON, all cities experienced population
growth between 2016 and 2021, with an average increase of 4.86% (c =
3.94%).
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Fig. 1. Locations of the 19 study cities across eight terrestrial ecozones. The map is projected using EPSG: 4326.

Table 1
Population and climate of the 19 study cities, in order from westernmost to easternmost ecozones.
Study City, Prov  Ecozone Area Pop. 2021 Pop. Change Pop. Mean Mean Annual Precip. Hardiness
(km?) (x1000) 201621 Density Annual (mm) Zone
(%) (/km?) Temp.
(9]
Vancouver, BC Pacific Maritime 115 662 4.9 5750 10.5 1140 9A
Abbotsford, BC 375 153 8.6 409 10.7 1501 8B
Prince George, Montane 317 77 3.7 242 4.3 654 4B
BC Cordillera
Kelowna, BC 212 144 13.5 682 8.2 324 7A
Grande Prairie, Boreal Plains 133 64 1.5 483 2.2 402 3A
AB
Prince Albert, SK 67 38 5.1 562 1.4 85 2B
Calgary, AB Prairies 821 1307 5.5 1592 4.5 554 4A
Edmonton, AB 766 1011 8.3 1320 2.4 499 4A
Regina, SK 179 226 5.3 1266 2.8 203 3A
Winnipeg, MB 462 750 6.3 1623 2.9 521 3B
Yellowknife, Taiga Shield 103 20 3.9 197 —-4.0 283 1B
NWT
Thompson, MB Boreal Shield 17 13 —-4.7 784 -2.8 510 1A
Kenora, ON 212 15 -0.9 71 3.2 476 3B
Thunder Bay, ON 328 109 0.9 332 3.0 552 3B
Windsor, ON Boreal Plains 146 230 5.7 1573 10.8 104 7B
Ottawa, ON 2788 1017 8.9 365 6.8 887 5A
Montréal, QC 365 1763 3.4 4833 7.0 1072 5B
Saint John, NB Atlantic 316 70 3.4 221 5.3 923 5B
Halifax, NS Maritime 96 440 9.1 80 6.9 1148 6B

2.2. Model input datasets and variables

This study used three main datasets, namely the Landsat 8 Collection
2 Level 2 Surface Reflectance (30-m), the Global Human Settlement
Layer (GHSL) harmonized datasets (100-m) for 2020 (Pesaresi and
Politis, 2023a—c), and Meta-CHM (1-m) (Tolan et al., 2024). Landsat
imagery was restricted to 2020 to maintain temporal alignment with the
Meta CHM and GHSL reference datasets. Model input variables

(Table S1, Supplementary Materials 1) were harmonised to a common
120-m grid prior to model fitting.

The combined use of spectral, thermal, and built-form predictors in
RF model training is grounded in the complementary physical and
ecological processes that govern urban tree canopy distribution and
detectability. In addition, these datasets were selected because of their
consistent spatial coverage and availability. This was an important
consideration in this study because it made the method more
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transferable to cities not tested here. From these datasets, we computed
31 spectral indices (i.e., input variables) representing five sets of bio-
physical characteristics, namely greenness, moisture, brightness/soil,
seasonal land surface temperature (LST), and built form. The aim is
predictive accuracy rather than causal explanation. Therefore, we
interpreted variable importance at the predictor-family level rather than
at the individual-variable level.

Spectral indices, particularly vegetation indices, provide the primary
signal of photosynthetically active vegetation through the differential
reflectance of chlorophyll in the red and near-infrared wavelengths
(Huete et al., 2002; Tucker, 1979). In this study, spectral indices on
vegetation and moisture were derived from Landsat 8 Collection 2 Level
2 Surface Reflectance at a spatial resolution of 30 m. For each city,
images were filtered only to include those acquired between June 1 and
August 31, 2020. The selection of this time window corresponds to
greatest availability of cloud-free Landsat scenes and more importantly
the peak growing season across Canadian temperate and boreal urban
environments. In this time frame, deciduous tree canopy reaches
maximum foliar expression and spectral separability between vegetated
and non-vegetated surfaces is greatest. To reduce noise and outlier
values, a single image composite was created per city using all available
scenes with a cloud cover of less than 10% (except for LST, where cloud
cover greater than 30% in spring and 20% in summer was used to source
cloudless scenes of each city).

LST derived from Landsat thermal bands, provide a complementary
and physically independent signal. Tree canopy modifies the local
thermal environment through evapotranspiration and shading, pro-
ducing cooler surface temperatures in vegetated areas relative to sur-
rounding impervious surfaces (Bowler et al., 2010; Locke et al., 2024;
Ziter et al., 2019). LST was therefore derived from the Thermal Infrared
Sensor (TIRS) Band 10 (resampled from 100-m to 30-m, USGS, 2019)
from the Landsat 8 Collection 2 Level 2. LST values corresponded with
two periods: spring (March 1 - May 31, 2020) and summer (June 1 -
August 31, 2020). For cities that did not have LST scenes for 2020 below
the cloud-cover threshold (10%), images from the same months in 2021
and 2022 (whichever year has the lowest cloud cover over the study
area) were substituted. A total of six LST layers were derived for each
city, including spring and summer minimum, maximum, and mean

a. Aerial View b. Canopy Height Model

1m
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temperatures.

Built-form indicators, derived from the GHSL and related building
layers, capture the structural context within which the canopy is
embedded. Impervious surface areas, building height and volume in-
fluence both the physical space available for tree establishment and the
microenvironmental conditions that determine canopy survival and
growth (Dobbs et al., 2011; Nowak and Greenfield, 2018). GHSL was
therefore used to characterize each city's built-up physical characteris-
tics. For each grid cell, the following variables were calculated for
building height (BH), volume (BV), and surface area (BS) using zonal
statistics (mean, min, max, range, sum).

The primary spectral-index processing steps used to compute the
input variables in Table S1 (Supplementary Materials 1), including
Landsat surface reflectance retrieval, cloud masking, spectral-index
calculation, and spatial aggregation, were conducted in GEE, with
code provided in Supplementary Materials 2. All input variables were
then further processed, projected to each city’s UTM zone, and sum-
marized on a 120-m grid with PyQGIS (Supplementary Materials 3).

Model training data were then derived from Meta’s latest CHM
(Tolan et al., 2024) (Fig. 2). To exclude turf, bushes, and shrubs, we
filtered the CHM data using a minimum height threshold of 2 m (Ma
et al., 2023). We then generated a binary canopy mask indicating
whether canopy pixels exceeded 2 m within each grid cell. This sum was
then divided by the total area of the grid and multiplied by 100 to
determine each grid’s UTC (%).

To standardize UTC modelling across all cities, we overlaid a 120-m
grid for each city. This grid size was selected to support the aggregation
of variables derived from datasets with different spatial resolutions, such
as spectral indices (30-m) and building data (100-m), while remaining
fine enough to distinguish neighbourhood characteristics. City bound-
aries were sourced from the GADM dataset (GADM database of Global
Administrative Areas, 2022). Grid cells intersecting city boundary
lines (i.e., at the edges of each city) were excluded to maintain dimen-
sional uniformity with the other grid cells.

2.3. Urban Tree Cover Modelling

The workflow described in this section (Fig. 3) was developed and

d. Urban Tree Cover (%)

I |

] |
15 30 45 65+

Canopy Mask Sum
Area of Cell

)X 100 =UTC %

|‘/A I \\‘I
o/

Fig. 2. Procedure for calculating urban tree cover (UTC) from the canopy height model data: (a) aerial view used as spatial reference, (b) filtered canopy height
model data, (c) binary canopy mask applied to filter canopy pixels, and converted into a (d) UTC percentage for each grid cell. These maps are from Winnipeg, MB,
Canada to illustrate the key steps. All maps are projected to EPSG: 32614 (UTM Zone 14 N).
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Fig. 3. Workflow diagram of inputs into the Random Forest regression model. Input datasets (spectral indices, building data, and LST) were aggregated into a 120-m
grid. Box a represents all input raster datasets from Landsat and GHSL; Box b represents the UTC derived from Meta’s CHM, which will be used in Box c for model
training and cross-validation. Box d depicts the 120-m aggregation step using all inputs from Box and canopy data from Box b. Exemplary maps (EPSG: 32614)

represent the city of Winnipeg, MB, Canada.

initially tested on a consumer-level desktop computer, then scaled to a
high-performance computing environment via Compute Canada for
processing all 19 cities. Critically, aggregating predictions to a 120-m
grid rather than pixel-level 30-m classification substantially reduces
computational demand, making the workflow tractable on standard
municipal computing infrastructure.

RF regression is an ensemble method that trains multiple decorre-
lated decision trees on bootstrap-resampled data, with random feature
subsampling at each split, and averages their predictions to improve
accuracy and reduce overfitting (Breiman, 2001). The RF was imple-
mented in R using ranger (Wright and Ziegler, 2017). Each model was
trained independently to estimate UTC from aggregated spectral indices,
LST, and building data, using a 120-m grid.

CV was implemented using 30-fold stratified partitioning, which
assigned observations to folds based on quantiles of the response vari-
able. This ensured that each fold contains a representative distribution
of UTC values across the full UTC range. To reduce heteroscedasticity
introduced by the skewed distribution of UTC percentages, we first
normalized the UTC values using a natural logarithm transformation.
Model estimates were then back-transformed and converted to per-
centages, with zero UTC values left unchanged throughout the process.

Seven RF model parameters were defined following established
parameterization from prior studies (Hermosilla et al., 2024; Mulverhill
et al.,, 2024), namely, CV folds, number of decision trees, feature
importance, number of variables sampled at each split, minimum node
size, proportion of data sampled per tree, and splitting criteria
(Supplementary Material 1, Table S2)

Variable importance scores in each RF model were obtained from
each CV fold and averaged across all 30 folds to calculate a mean
importance percentage for each predictor variable. Given the expected
collinearity among spectral predictors, variable importance may be
distributed arbitrarily across correlated variables rather than high-
lighting the most meaningful ones (Strobl et al., 2008). Thus, variables
were grouped by input category to emphasize the overall significance
and frequency of each group. This is to mitigate high multicollinearity
among the input variables, which can affect the reliability of individual
variable importance rankings.

2.4. Model performance and accuracy

Robustness to spatial dependence was enforced via spatially blocked,
stratified 30-fold CV with non-overlapping test grids. To capture
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predictive accuracy and error magnitude relative to observed UTC
values, model performance was assessed using R?, root mean squared
error (RMSE) and mean absolute error (MAE). In addition, three cities
(Vancouver, Ottawa, and Winnipeg) were used to perform a secondary
independent validation against their respective local ALS dataset.

3. Results
3.1. Model performance and accuracy

The spatial distribution of residuals across the 19 study cities
revealed consistent within-city patterning despite considerable varia-
tion in overall error magnitude (RMSE: 5.5-16.3%; MAE: 2.6-10.8%).
Residuals were generally centred around zero across all cities, indicating
low overall systematic bias at the city level. These findings were further
reflected in the approximately symmetric histograms of residuals.

CV yielded an average R? of 0.80, ranging from 0.67 (Kelowna, BC)
to 0.88 (Prince George, BC). A higher R* was observed in cities with a
wide range of UTC values (i.e., spanning both low and high UTC values).
In contrast, lower R? values were attained in areas where UTC is more
uniformly low or moderate.

Spatially, underestimation of UTC (green in Fig. 4) was consistently
concentrated in high-UTC areas, such as urban parks, forest patches, and
riparian buffers, while overestimation (red in Fig. 4) tended to occur in
transitional and mixed urban-vegetation zones. Cities with low average
UTC, such as Calgary (RMSE: 6.8%), Regina (RMSE: 5.5%), and
Edmonton (RMSE: 8.6%), produced the lowest errors overall.
Conversely, Thompson (RMSE: 16.3%) and Montréal (RMSE: 15.2%)
had the highest error rates. Notably, Vancouver and Windsor deviated
from the general pattern, exhibiting comparatively low error rates
despite high average UTC values among these 19 cities.

Residual scatterplots across the 19 study cities (Fig. 5) revealed
structural statistical error patterns that reflect both the distributional
properties of UTC and inherent constraints of the RF regression frame-
work. Residuals were broadly centred around zero across all cities,
confirming low overall systematic bias at the city level, consistent with
the RMSE and MAE values reported in Fig. 4. However, the statistical
spread of residuals was not uniform in Fig. 5. Cities with high average
UTC and a greater proportion of densely vegetated UTC grids (e.g.,
Prince George, Saint John, Thunder Bay, and Ottawa) exhibited sub-
stantially wider residual distributions, particularly in the low-to-mid
predicted UTC range (0-40%), where positive residuals indicated sys-
tematic underestimation of actual canopy cover calculated from Meta’s
CHMs.

In contrast, cities with overall low UTC, such as Calgary and Regina,
exhibited tightly constrained residuals, concentrated near zero across
the predicted UTC range, reflecting the model's stronger performance
when predictions fall within a narrower, more evenly distributed range.
Thompson, the smallest of all study cities, is a notable outlier, exhibiting
the widest and most dispersed residual spread of all cities (i.e., the
highest RMSE, 16.3%), consistent with the coarser spatial heterogeneity
of its land cover and the limited training sample size given the city's
extent.

Notably, Montreal exhibited a distinct pattern relative to other high-
UTC cities, with its residuals tightly clustered at low predicted values but
widening considerably in the mid-range (20-50% predicted UTC),
indicating that model uncertainty was concentrated in transitional
urban-vegetation zones rather than in the densest canopy areas.

Independent validation compared the RF-estimated UTC against
ALS-derived UTC in Vancouver, BC; Winnipeg, MB; and Ottawa, ON
(Fig. 6). The correlation between the two ranged from 0.82 to 0.92.
Winnipeg, MB, shows the lowest correlation (r = 0.82) with reduced
agreement at higher UTC (50% and above). Vancouver, BC, had a cor-
relation of r = 0.90, and Ottawa, ON, the largest city in the sample with
the broadest UTC distribution, had the highest correlation (r = 0.92).
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3.2. Importance of model predictors

Spectral indices consistently ranked highly across all models (Fig. 7).
The Atmospherically Resistant Vegetation Index (ARVI) was the most
frequently identified variable. It was ranked in the top 20 most impor-
tant variables in 16 (out of 19) cities. The spring minimum LST had the
highest median importance weight among all predictors, despite influ-
encing only two models (Grande Prairie, AB, and Abbotsford, BC).
Brightness and soil metrics, along with seasonal composites, contributed
to minor but consistent improvements in model performance, especially
in cities located in open or semi-arid environments.

Further analysis of variable importance by ecozone revealed distinct
patterns (Supplementary Material 1, Figure S1). The Atlantic Maritime
and Boreal Shield ecozones, both known for their extensive forest cover,
exhibited high importance scores for greenness and wetness variables.
The Tasselled Cap Wetness index and building height consistently
ranked in the top 20 variables for cities in the Prairies, despite their wide
range of importance scores: building height values between 5 and 35,
and Tasselled Cap Wetness values between 2 and 32. Vegetation indices,
such as NDVI and enhanced vegetation index (EVI), were ranked more
consistently across all ecozones, although their median importance
scores remained relatively low.

3.3. Fractional UTC maps of 19 Canadian cities

Fig. 8 revealed the city-specific spatial distribution of UTC. In most
cities, UTC were strongly right skewed, with many grids having little or
no canopy, while a smaller share of grids accounts for high UTC values
(> 65%). This skewness resulted in relatively low medians occurring in
several cities such as Calgary, AB; Regina, SK; and Grande Prairie, AB.

Cities with expansive park systems or forest reserves (top row of
Fig. 8), as expected, exhibited a higher proportion of UTC over 65%. In
contrast, those dominated by cropland (bottom row of Fig. 8) displayed
a substantially lower average city-wide UTC value. This was also evident
in the statistical distribution of UTC values. Within each city, contiguous
high-UTC patches matched large urban park systems like Stanley Park in
Vancouver, BC; Hemlock Ravine Park in Halifax, NS; and Mount Royal
Park in Montréal, QC, as well as riparian corridors such as the Seine
River in Winnipeg, MB, and the North Saskatchewan River in Edmonton,
AB.

Cities tested in this study also exhibited a UTC gradient, with mod-
erate UTC in established residential neighbourhoods transitioning to
low UTC in the urban peripheries. For example, neighbourhoods on the
west side of Vancouver, BC, tend to be more treed than those in the east
while neighbourhoods along major riverways in Edmonton, AB, and
Winnipeg, MB, are noticeably greener than other parts of the city. In
several instances, such as Regina, SK, and Windsor, ON, the estimated
UTC also reveals the street tree planting patterns and block structure,
even at a 120-m grid scale.

All estimated UTC datasets of these 19 cities are available as Geo-
JSON files at https://object-arbutus.cloud.computecanada.ca/webMaps
/canTrees/canUTC.html.

4. Discussion
4.1. UTC mapping model performance

RF models achieved accuracy comparable to recent regional frac-
tional tree cover models. Corro et al. (2025) reported an average R’ of
0.75 and RMSE ranging from 24.7% in a regional-wide UTC (30-m
spatial resolution) estimation modelling procedure for US cities. At a
coarser spatial resolution (500 m), Liu et al. (2024) estimated a global
forest fraction with an R? of 0.73 when validated against the circa 2010
USGS global land cover reference dataset. At finer spatial resolutions,
Erker et al. (2019) reported a MAE of 6% at the city-block level, which
matches the average MAE (6%) observed in our model.
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Fig. 5. Residual plots for 19 Canadian cities. Each panel shows the relationship between estimated Urban Tree Canopy (UTC) on the x-axis and the residual (Meta
CHM-derived UTC minus Estimated UTC) on the y-axis for each city. Points are coloured by estimated UTC range. The solid horizontal line at zero indicates perfect
prediction. Diagonal lines represent the theoretical upper and lower residual boundaries imposed by the physical constraint that UTC values are bounded between 0%
and 100%. Each panel subtitle reports the Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) for that city. The widening residual spread at low-to-mid
predicted UTC values and compression toward zero at high predicted UTC values are consistent with the known tendency of Random Forest regression to under-
estimate extreme UTC values due to its averaging mechanism, compounded by spectral saturation of optical inputs at high canopy densities.

Differences in model performance and variable importance across
ecozones indicate underlying biophysical conditions and urbanization
patterns across Canada. Forested ecozones yielded stronger model fits,
likely due to greater canopy variability and less extreme right-skew in
UTC distributions. In contrast, the uniformly sparse canopy character-
istics in the Prairies are more difficult to estimate using spectrally
derived variables (Martin et al., 2025a). The results of this study also
suggest evidence that ecological and climate contexts might influence
local UTC potential and RF model behaviour. This finding implies that
municipal UTC targets and policy expectations should be
ecozone-specific. For example, “high UTC” targets appropriate for cites
in Atlantic Maritime ecozone would be unrealistic in the Prairies.

We also found that UTC underestimation in densely treed areas is
spatially clustered (in large urban forests or along riparian forests) and
accounts for only a fraction of the land area in most cities included in
this study. This is important to acknowledge because RF regression
models cannot extrapolate beyond their training range, meaning that
there were few grids at high UTC, and the model tends to regress to-
wards the mean. This could lead to an overall underestimation of UTC in
very dense canopy areas. Future research can conduct a Moran’s I
analysis (Moran, 1950; Schindler and Schindler, 2025) on the residual
maps to distinguish between spatially random prediction error and
structured spatial bias concentrated in specific canopy density ranges. In
addition, Quantile Regression Forests (Meinshausen, 2006) could also
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be implemented in future work to provide pixel-level prediction in-
tervals that explicitly quantify uncertainty as a function of canopy
density, offering a more nuanced uncertainty characterization than
city-level RMSE.

Moreover, underestimation in high-UTC areas likely reflects the
well-documented saturation of broadband optical indices, which were

used extensively as predictors. At high canopy densities, spectral
response plateaus and the model lose discriminative signal precisely in
the range where accurate prediction matters most (Mutanga and
Skidmore, 2004). As mentioned above, this is compounded by an
inherent property of RF regression: its averaging mechanism compresses
predictions toward the training mean, systematically underestimating
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extremely high values regardless of input feature quality (Zhang and Lu,
2012).

At the same time, the contrasting pattern of overestimation in tran-
sitional urban-vegetation areas likely reflects spectral confusion among
partial canopy cover, impervious surface shadows, and true canopy, a
known limitation of passive optical sensors in heterogeneous urban
environments (Lu et al., 2017). Together, these mechanisms explain why
low-UTC cities such as Calgary and Regina achieved the lowest error:
their models rarely operate at distribution extremes in either direction,
avoiding both saturation and compression effects. The case of Montréal
(high R? but elevated RMSE) is also instructive, as it shows that
rank-order accuracy (R?) and magnitude accuracy (RMSE) are distinct
and should be used together when evaluating model performance.

Lastly, variable rankings from each model indicate which predictors
were “universally” helpful for predicting UTC and should therefore be
prioritized in future UTC models. Indices that reflect vegetation
“greenness” were the most influential in the model across all cities
(Fig. 7). This indicates that canopy cover is best captured by indices
sensitive to chlorophyll and leaf area (Haboudane et al., 2002).
Moisture-related indices such as Tasseled Cap Wetness and short-wave
infrared combinations also improved the overall UTC estimation
(Houseman et al., 2023; Vogeler et al., 2018), highlighting the role of
canopy water content and understory moisture in distinguishing treed
from non-treed areas. Models that combine greenness and moisture
features effectively capture these gradients, yielding higher R? values
and lower overall residuals.

4.2. Future model improvement and research opportunities

The proposed UTC modelling method can be improved in several
complementary ways. Landsat imagery as the primary input, as dis-
cussed earlier with respect to residual patterns, may limit accuracy in
spectrally heterogeneous high-UTC areas. The performance of multi-
spectral Sentinel—2 imagery (10-m) remains untested. We hypothesize
that higher-resolution inputs would reduce mixed-pixel effects, espe-
cially in transitional urban-vegetation zones, potentially addressing part
of the overestimation bias observed in Figs. 4 and 5. Additionally, the
spatial-resolution sensitivity analysis is a meaningful direction for future
research.

Input features could also be enhanced via time-series embeddings
generated by pre-trained large-scale deep learning models for semantic
feature extraction (e.g., Google’s AlphaEarth; Brown et al., 2025;
Tollefson, 2025). Such representations could capture finer-resolution
textures, context, and morphology beyond those captured by spectral
indices. However, it is worth noting that the use of image embeddings
may reduce model interpretability compared to traditional regression
models (Rudin, 2019), potentially limiting their uptake in manage-
ment-oriented applications.

While the overall accuracy of Tolan’s CHM dataset was reportedly
high for mapping forest height (Tolan et al., 2024), its reliability in
complex urban environments remains an open research question. While
Dong et al. (2025) conducted a recent study across four cities in the USA,
Tolan’s CHM performance in Canadian cities remains uninvestigated.
Moreover, Tolan’s CHM tends to overestimate the tree height of lower
(0-5 m) canopy height ranges (Dong et al., 2025). This could lead to an
overestimation of our UTC values used in model training and CV, since
our canopy mask was generated using CHM greater than 2 m.

Models could also be strengthened by incorporating detailed intra-
city-level land-use and land-cover data for Canada. Corro et al. (2025)
used the moderate-resolution National Land Cover Database (NLCD) for
US cities. However, NLCD is not available for Canadian cities. The Dy-
namic World LULC (Brown et al., 2022) provides 10 m global coverage,
yet its capacity to distinguish fine-scale urban land-cover types remains
limited. By examining the Dynamic World dataset via its web interface
(https://dynamicworld.app/explore), we found that despite its high
spatial resolution (10 m) and extensive coverage (global scale), the
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dataset's ability to map intra-urban LULC variations is rather limited. At
least from a visual assessment of the data, the majority of land-use and
land-cover classes within a city are classified as “Built-Up Area”, even in
areas known to have large parks and visible urban tree cover.

While city-specific RF models may introduce local biases, this is a
necessary trade-off to achieve higher accuracy for each city than for a
"one-size-fits-all' national model of all Canadian cities. We also
acknowledge that independent validation in this study was limited to
three cities (Vancouver, Winnipeg, Ottawa) due to the scarcity of open-
access airborne laser scanning (ALS) data across Canada. With the
release of high-resolution digital surface and terrain models (DSM and
DTM) from Natural Resources Canada (NRCAN, 2025), the models
proposed in this study can be further validated using more cities.

Similarly, since socio-economic variables are often found to be
correlated with UTC distribution in cities (Neckerman et al., 2009;
Nesbitt et al., 2019), incorporating such variables could potentially
improve overall model performance while also offering evidence to
inform research on the distributional fairness of UTC (Ayambire and
Moos, 2024; Chuang et al., 2017; Zhao and Gong, 2024). Future analyses
could include socio-economic variables from census data disaggregated
to a spatial resolution consistent with the grid-based framework intro-
duced in this study.

4.3. Urban tree canopy in Canadian cities: patterns and implications

The UTC model proposed in this study complements local municipal
inventories by providing spatially explicit UTC estimates across all land
tenures. Because municipal inventories include mostly street trees, often
excluding trees in private, park, and riparian lands. This limits the
generalizability of analyses based solely on street tree populations. UTC
modelled from this study captures parks, woodlands, riparian areas, and
private trees that are typically omitted from municipal tree inventories
in Canada. In addition, recent work by (Martin et al., 2025a) synthesized
public tree inventories from 32 Canadian cities to evaluate the distri-
butional fairness of urban trees. The UTC products developed herein
enable further research for Martin et al. (2025) by providing
wall-to-wall maps of fractional canopy estimates that support both inter-
and intra-city assessments of distributional fairness (e.g., linking UTC
with income, heat exposure, and development era). This study thus of-
fers a consistent modelling method for estimating and comparing UTC
among Canadian cities.

Using a grid-based analysis with remote sensing imagery data, this
UTC model provides greater spatial detail than recent fractional canopy
products, such as GLOBMAP FTC, at a 250-m spatial resolution (Liu,
et al., 2024). Our modelling approach provides comprehensive and
temporally consistent UTC estimates that complement existing city tree
inventories. Although local city inventories provide detailed informa-
tion on species composition and maintenance (e.g., pruning schedules,
tree health), this remote sensing-based UTC modelling method offers
spatially continuous coverage and enables repeatable monitoring of UTC
over time across all land tenures.

Regular and repeated UTC measurements are critical for assessing
UTC targets (Nowak and Greenfield, 2018; Steenberg et al., 2023),
establishing ecozone-specific benchmarks (Morgenroth et al., 2025),
and evaluating the effectiveness of tree-protection bylaws and policies
(Martin et al., 2025b). The fractional UTC workflow enables cities, even
those without high-resolution ALS data, to construct UTC time series at
approximately five-year intervals, aligning with the update frequency of
GHSL dataset.

A nationwide UTC modelling framework thus has direct conse-
quences for policy implications. Urban forestry targets expressed as
absolute percentage thresholds (e.g., the widely cited 30% canopy cover
target) (Nowak and Greenfield, 2018) may be systematically under-
reported in already-green cities, paradoxically penalizing cities that are
closest to meeting canopy goals. Conversely, overestimation in transi-
tional zones may inflate perceived progress in cities undergoing active
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greening, where the new canopy is patchy and spectrally mixed with
surrounding surfaces. Cities like Vancouver and Windsor, which ach-
ieved low errors despite high UTC, may represent cases where the
canopy is spatially homogeneous enough to avoid these extremes, sug-
gesting that canopy spatial configuration, not just overall coverage, is a
meaningful predictor of UTC model reliability.

In addition, we acknowledge that the spatial patterns of UTC and
their associated prediction errors reported here may also partly reflect
the legacy of differential urban investment, neighbourhood-level urban
tree management styles, capacity, and land-use zoning. This contextu-
alizes the model's outputs within the broader socio-spatial processes that
shape urban forest distribution, without compromising the methodo-
logical independence of the UTC estimates themselves.

5. Conclusion

This study presents a standardized and transferable UTC modelling
framework for mapping fractional tree covers in Canadian cities using
exclusively open-source datasets. By integrating the Global Human
Settlement Layer (GHSL), Meta’s Canopy Height Model (CHM), and
Landsat spectral indices on a 120-m grid, we bridged the operational gap
in UTC mapping between resource-intensive local ALS inventories and
global forest products. We tested this method across 19 Canadian cities,
achieving cross-validated R? between 0.67 and 0.88, and high agree-
ment with independent ALS datasets (Pearson r = 0.82-0.92) in three
cities. Results suggest that while "greenness" and "moisture" predictors
are universally important, model performance varies by ecozones.
Forested regions yield higher accuracy, whereas the sparse, discontin-
uous canopies of Prairie cities present greater spectral challenges. We
also observed that model residuals tend to cluster in high-UTC areas (e.
g., riparian corridors), likely reflecting the spectral saturation limita-
tions inherent to optical sensors in dense canopies. This UTC de-
mocratizes access to consistent, wall-to-wall urban canopy data. Because
the inputs are globally available, this framework allows municipalities,
regardless of their ability to fund repeated ALS missions, to generate
reliable baselines for monitoring UTC in climate adaptation and
analyzing its distributional fairness. Future research direction includes
further examining the spatial distribution of RF residuals, investigating
the potential UTC implications in the distributional fairness of UTC in
cities, and building a time series (5-year interval) of UTC datasets.
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