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For years, conducting an urban tree inventory
was a luxury only large, highly resourced
cities could afford. A new Al-based approach
not only brings this capability within reach to
smaller cities but also requires significantly
less time.

BY ADNAN FIROZE, AKSHAJ UPPALA, LINDSAY DARLING,
RAYMOND A. YEH, BEDRICH BENES, BRADY HARDIMAN,

SONGLIN FEI, AND DANIEL ALIAGA

Where
Are the
City Trees?

Monitoring Urban Trees across
the U.S. Using Generative AI

TREES PLAY A critical role in urban environments today.
Growth in U.S. cities® has occurred alongside a rise in
extreme weather conditions,® driven by critical factors
such as subpar air quality, excessive heat islands, and
unmoderated rainwater overflow—all of which can

be partially mitigated by urban trees.* Trees can also
improve urban residents’ physical and mental health
and provide habitat for wildlife.?
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Historically, only resource-rich
U.S. cities have collected data about
where their public trees are, usu-
ally through labor-intensive manual
surveys or via coarse canopy-cover
estimation. However, a significant
portion of city trees are on private
property, making them difficult to
quantify with surveys, yet they con-
tribute uniquely to species diversity
and ecosystem service distribution.!!
Further, canopy-cover estimation
cannot provide information about
tree density, locations of trees across
different land types, or changes in
tree counts. Cities are under con-
tinual change, and the mean mortal-
ity rate of urban trees is twice that of
rural trees.*® Thus, frequent updating
of tree analytics is critical for sustain-
able, habitable cities.

Method. Recent advances in com-
puting—in particular, generative arti-
ficial intelligence (AI)—have enabled
our multidisciplinary team, spanning
computer science, engineering, and
forestry, to develop a first-of-its-kind
computational method that can in-
dividually locate and maintain an
inventory of trees in at least 330 U.S.
cities (Figure 1). Using satellite data,
this approach can complete the inven-
tory process in less than a day of au-
tomated computing. Individual trees
are challenging to discern in satellite

key insights

® Urban trees are critically important to
mitigate poor air quality, excessive heat
islands, and unmoderated rainwater
overflow, which collectively can lead to
undesired extreme weather conditions.

B The use of generative Al enables a novel
computational approach to localize
individual trees in all cities, despite their
mutual occlusion and overlap.

® A new monitoring approach facilitates
updating a national-scale database
of 278 million urban trees spanning
330 U.S. cities in less than a day of
computing.

B Providing individual cities with the ability
to frequently update their tree analytics
is critical for planning sustainable,
habitable cities.
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images due to occlusion and resolu-
tion limitations, which in turn limits
traditional segmentation-based ap-
proaches. Our approach leverages sev-
eral key insights to enable a scalable
generative Al solution. First, a fre-
quent capture rate of satellite imag-
ery (e.g., daily, monthly, etc.) provides
spatiotemporal vegetation footprints,
yielding richer information than sin-
gle images. Our method includes a
deep spatiotemporal vegetation cover
classification using satellite images
that classifies a city into tree, grass,
and background, followed by a clus-
ter-creation process and then indi-

vidual tree localization using a set of
conditional generative adversarial net-
works (cGANs). Further, our method
can be applied to current or archived
satellite imagery, allowing for change
detection and historical analysis.
Tree inventories: State of the art.
Existing tree-inventory-monitoring
strategies are expensive; as a result,
under-resourced communities rarely
have access to this information and
therefore are less able to manage
their urban trees.* In addition, due to
historic, systematic bias and other so-
cioeconomic factors, low-income resi-
dents tend to have less access to urban

trees and the benefits they provide.*
In recognition of the importance of
trees, there are increasing efforts to
expand urban tree canopy globally
while making its distribution more
equitable, including a $1.5 billion in-
vestment in urban and community
forestry in the U.S.*” Researchers also
assert that achieving an equitable
presence of trees in a city requires
that all communities can afford to

obtain tree inventories, and across
all land types. There are a few prod-
ucts that use aerial imagery to extract
tree-cover data under for-profit busi-
ness models for select cities, but they

Figure 1. Al-based framework for automated satellite-based urban tree inventory and localization.
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are unaffordable for many cities and
do not operate at a national scale.>*
Affordable tree monitoring—namely,
a computational method requiring
only satellite imagery that can be pur-
chased quickly for any city and at rela-
tively low cost—is pressingly needed.

Generative Al for Tree Localization
For our method, we compute tree lo-
cations within all mainland U.S. cit-
ies with a population over 100,000,
as reported in the 2020 census.* For
each of these 330 cities, we acquire
a monthly series of satellite snap-
shots spanning 12 months (using

Planet Labs satellite imagery, which
has global and daily capture since
2010%). This image set enables cap-
turing spatial and temporal charac-
teristics that are not possible using
approaches based on single-snapshot
segmentation and/or the traditional
Normalized Difference Vegetation
Index (NDVI) (Figure 2). In the first
phase, we train a deep segmentation
network based on the U-NET archi-
tecture?” and use clustering to obtain
a classification of four urban configu-
ration types. In the second phase, we
use a set of trained cGANS for each of
the four configuration types. Unlike
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wild forests, urban forests are subject
to city management rules. Thus, the
¢GAN training process obtains real-
istic synthetic data from a generator,
which leverages a tiered approach of
producing example data from urban
procedural rules for different urban
configurations. The generator is then
trained and tuned using batch pro-
cessing spread across 100 GPUs dur-
ing a month of training. The full pipe-
line is illustrated in Figure 3.
Segmentation. We use a custom-
ized U-Net-based architecture* and
clustering to spatially temporally seg-
ment satellite image tiles—each 256

Figure 2. Regional highlights using our urban tree monitoring model. Regional statistics and trends with highlighted decomposition of
tree location types (residential, roadside, park, others, public, and private) and notable findings. The map shows all 330 of our pro-
cessed cities with several call-out cities. We report “trees per acre” because cities are of different sizes and their administrative bound-
aries are irregular.
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Figure 3. Pipeline. Phase 1 includes a 48-channel U-Net based segmentation engine and the synthetic data generator. Phase 2 consists

of a set of customized and trained cGANs.
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X 256 pixels, with 3m per pixel reso-
lution—into regions of one of three
classes: trees, grass, and background.
We further classify the tree class into
four configuration types: residential,
roadside, park, and others (Figure 1,
top left). Our experiments show that
using 12 months of satellite image
data significantly outperforms us-

ing a single snapshot across all cit-
ies (Figure S2 in supplement). This
temporal fusion captures seasonal
and structural changes, resulting in
better generalization and accuracy in
vegetation segmentation. We convert
the input tiles of training data to 48
channels (four channels per monthly
snapshot, resulting in 48D). The out-

Table 1. Optimized parameters for universal (U) and cluster-specific rules (V). Four
universal rules that are trivial and extracted from ANSI A300 standards parameterized
below. Next, for each of the four configuration types (residential, roadside, park, and
others), the optimized parameter values are presented. In the table, V.., Vitr, Vork, and

Voin are procedural rules for the aforementioned four configuration types, respectively.
Here duwa refers to average distance from buildings, ds:..: refers to average distance from
streets/roads, wcormer refers to the ratio of trees along the corner of a vegetation segment,
and winsice refers to the ratio of tree on the inner area of a vegetation segment.

Universal rules (U)

U No overlap between trees

U: Min tree to tree distance is half of field of neighborhood (FON) [4] = 4m

Us Min tree to building distance (ANSI A300) [6]- heuristically extracted = 3.7m

U, Min tree to street distance (ANSI A300) [6]- heuristically extracted = 2.5m
Cluster specific rules (V)

Parameter Vies Vst Votn Vork

bigg 2m 2m 3m 4m

street 1m Im 1m Im

Weorner 0.5 09 0.6 0.7

Winside 0.5 01 0.4 03
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put is a segmentation of the same
spatial size but with three channels
corresponding to each of the region
classes (see Figure S3 in the supple-
ment for a pictorial example).

After segmentation, we automati-
cally label each tree class blob as one
of the four configuration types. The
types were determined by clustering
a set of features describing the blobs,
buildings, and roads within the train-
ing data. Using k-means clustering
and the elbow method, we deter-
mined that four configuration types
best represent the spatial variability
within the tree class blobs. The four
types—residential, roadside, park,
and others—were named based on
heuristics and visual inspection.

Conditional GANs. Our generative
model uses a conditional generative
adversarial network (cGAN) to map
the tree class blobs within the tiles
to individual tree locations. To facili-
tate cGAN training, we implement a
synthetic data generator to produce
training data for each of the four con-
figuration types (Figure 3, top right).
To generate realistic training data,
we use a hierarchy of rules observed
in cities (e.g., universal and configu-

ration-type specific rules) (see Table



Table 2. Validation cities® with validation metrics.

Count GT Detected Correct

Commission Omission

City (16T ) (1P 1) (match) Recall Rate Rate Precision
Columbus 5482 5669 5414 0.99 0.04 0.01 0.96
NYC 1472 1517 1428 0.97 0.06 0.03 0.94
Washington, DC 3845 3680 3596 0.94 0.02 0.06 0.98
Charlottesville 2120 2232 2005 0.95 0.10 0.05 0.90
Buffalo 5125 4829 4663 091 0.03 0.09 0.97
Sioux Falls 2865 3104 2787 0.97 0.10 0.03 0.90
Pittsburgh 3070 8871 2991 0.97 0.10 0.03 0.90
Los Angeles 2721 2981 2682 0.99 0.10 0.01 0.90
Miami 1427 1493 1391 0.97 0.07 0.03 0.93
Santa Monica 1557 1721 1503 0.97 0.13 0.03 0.87
Boulder 1281 1316 1202 0.94 0.09 0.06 0.91
Sparks 1475 1512 1398 0.95 0.08 0.05 0.92
Denver 3677 3873 3531 0.96 0.09 0.04 091
Cupertino 1094 1042 995 0.91 0.05 0.09 0.95
San Jose 852 942 834 0.98 0.11 0.02 0.89
Phoenix 965 1008 910 0.94 0.10 0.06 0.90
San Francisco 8398 8768 8209 0.98 0.06 0.02 0.94
Seattle 816 932 797 0.98 0.14 0.02 0.86
San Antonio 1363 1406 1296 0.95 0.08 0.05 0.92

1). We extract the rule parameters
from satellite images and from urban
structural data, such as building foot-
prints and road networks (e.g., Open-
StreetMap?®). Using this information,
we generate 100,000 sample pairs
per configuration type. Each sample
pair contains a tile with tree blobs
and a corresponding tile with Gauss-
ian discs representing tree locations
(with calibration shown in the surface
plots in Figure S7 in the supplement).
The generator captures both the local
and global context of the tree blobs,
obtaining their shape, size, and spa-
tial arrangement in a compressed
latent representation based on the
inferred urban rules for the various
configurations (see Figures S5 and S6
in the supplement for an illustration).
For ¢cGAN inference, the configura-
tion type of each blob of an input tile
is used to condition the generation of
the most likely tree locations (Figure
3, bottom; also Figure S4).

Loss function and objective. The
c¢GAN model is designed to translate
tiles with tree blobs (X) into spatial-
ly continuous probability maps (Y),
where each tree is represented as a
Gaussian disc. These soft activations
are post-processed via peak detection

to produce precise tree-point loca-
tions. Our model is trained to pro-
duce structured spatial patterns that
reflect the presence and relative posi-
tions of individual trees.

The loss function used to train the
model is:

Lo = Loan + MLy
where
Lo = By p[logD(X, 1] +
E gy [log(1 - D(X, 6C0)]

is the adversarial loss facilitating the
generation of Gaussian discs repre-
senting trees, and

L = E(X‘y)["Y_ G(X)”]

is the pixel-wise loss that enforces
spatial alignment and Gaussian
smoothness.

Hyperparameter discussion. The
c¢GAN is configured with hyperparam-
eters for translating tree blob inputs
into structured probabilistic outputs.
An important hyperparameter is the
L1 loss weight (A), which ensures that
the outputs remain quantitatively ac-
curate and consistent with expected
tree distributions. In our experi-
ments, we set A = 100 (where below
20 gave low precision and above 200
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led to overfitting)."® Tile size is an-
other parameter (Figure S8 in supple-
ment), which was found to work best
at 256 x 256 pixels (or 80 x 80 meters).
All models are optimized using the
Adam optimizer, with a learning rate
and B, set to 2x10* and 0.5, respec-
tively. To improve generalization,
dropout is applied in the decoding
path of the generator. These hyper-
parameters collectively ensure that
the model produces spatially aligned,
point-representative outputs suitable
for post-processing-based discretiza-
tion of tree locations.

Results and Analysis

We validated our model by using ex-
isting, extremely time consuming
ground-truth datasets for 19 U.S. cit-
ies' and partial ground-truth statis-
tics for 79 U.S. cities (sources in Table
2 and supplementary Datasets S2 and
S3), and by ensuring cities encom-
pass all ecoregions in the mainland
U.S. The complete dataset release of
330 cities is in Dataset S1 (see sup-
plement). On average, our method’s
count accuracy is 92.5% (with high
statistical significance of R?=0.998)
and the mean tree localization error
is 1.49m with a standard deviation of
only 0.42m (Figure 1). Using a metric
proposed by researchers to detect
individual trees in high-resolution
aerial images,* our single-tree local-
ization has a high accuracy rate, with
a recall of 0.95, a precision of 0.92,
a commission rate of 0.08, and an
omission rate of 0.04 for the 19 valida-
tion cities.! A tabular and city-specific
presentation is shown in Table 2.

Our analysis further showed the
robustness of our approach across
different spatial resolutions of satel-
lite data. As we degraded the images
to lower resolutions, we consistently
see relatively accurate localization
performance (Figure 4a). We moved
from our native 3 meters per pixel
(mpp) resolution (PlanetScope) to
5mpp (Rapideye), 10mpp (Sentinel-2),
and 30mpp (Landsat). The difference
between our native performance of
normalized accuracy of 0.91 and the
coarsestimagery (Landsat) was 0.16—
a much smaller difference compared
to competing models, even at native
resolution (Figure 4b).

To understand computational
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Figure 4. Robustness and comparison of accuracy and efficiency. (a) Box plots showing quantitative performance of our model using
satellite imagery of different spatial resolutions. (b) Comparisons in terms of normalized localization accuracy and efficiency against

10 SOTA models, including multiple diffusion-based and transformer-based models (shown in black circles, whereas ours is shownin a
green circle). The call-out boxes highlight statistics of our model and the next-best models in terms of efficiency and accuracy. Qualita-
tive comparisons are also available in the supplementary material.
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Figure 5. Qualitative comparisons with diffusion- and transformer-based approaches. Com-
parative snapshot of 6th Ave. Community Garden/Park in Midtown Manhattan, NY. Red box =
case where a tree was localized over a building (less than 0.3%), blue box = park tree identi-
fied as residential, orange box = subjective superior performance of our model in the pres-
ence of occlusion and unresolvable areas where trees are significantly missing in transform-
er- and diffusion-based models. Note: Only our model offers such configuration-segmented

localization. More examples can be found in the supplementary material (Figure S9).
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Accuracy vs. Efficiency

cost and efficiency across different
models, we compared our model’s
efficiency against 10 state-of-the-art
(SOTA) baselines that included both
diffusion-based and transformer-
based models. Using the same com-
putational resources, we processed
23,256m? per minute, whereas the
next-best model processed 18,868m?
per minute and with approximate-
ly 30% less accuracy (see Figure 4b
across the horizontal axis).

We then compared our model
to SOTA baselines in terms of both
normalized localization accuracy,
count accuracy, and efficiency (see
Figure 4b across the vertical axis).
We selected the recent best perform-
ing transformer-, diffusion-, and
convolution-based models, including
F-DETR,* Swin-Transformer-based
MaskRCNN,?*  SegmentAnything2,
DiffusionDet,”> Mask Scoring RCNN,*
BBDM," BoundaryFormer,'* Dense-
Diffusion,”® FlexIT, and Trans-
GAN.2 All models used four RTX
4090 GPUs for processing/prediction.
Although there are limited failure
cases (e.g., missing some trees that
overlap with buildings), our model
outperforms diffusion-based and
transformer-based models (Figure 5).
This analysis further highlights the
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Figure 6. Disparity of tree presence in relationship to income level. We show the positive relationship between urban tree abundance
and income level. (a) Correlation matrix among tree counts from our method, with population and economic data across 330 cities. (b)

Violin plots showing current tree density and canopy cover disparity between disadvantaged and non-disadvantaged census tracts
across 403 census tracts in Chicago. (c) Regression plot showing the same Chicago census tracts plotted to show tree density across

varying income levels.
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strength of our model when it comes
to occlusion handling and challeng-
ing cases such as limited visibility.

Urban Tree Analytics
As a demonstration of the analytics
enabled, and easily repeatable and
updateable by our method, we pro-
vide the following example studies.
Nationwide urban tree perspec-
tive. Given the broad-scale yet still
per-tree localization ability of our
method, we provide for the first time
nationwide urban tree statistics that
can be updated regularly (Figure 2).
We partition the 330 cities into four
geographic regions: Northeast (NE),
Northwest (NW), Southeast (SE), and
Southwest (SW) using the geographic
center of mainland U.S. as that set
by the U.S. National Geodetic Survey
(NGS) - 39°50’N 98°35’'W. Figure 2 il-
lustrates the counts in all regions.
Our method showed that the NE
region had the highest mean density
of 41 urban trees per acre, with a stan-
dard deviation of 11 trees per acre.

$0 $50,000 $100,000 $150,000
Median Income (USD)

Within this region, the highest densi-
ty was 69 trees per acre in Ann Arbor,
MI, and the lowest density was New-
ark, NJ, with 17 trees per acre. The sec-
ond highest mean tree density region
was the NW region, with a mean den-
sity of 37 trees per acre and a standard
deviation of eight trees per acre. In
this region, the maximum density was
63 trees per acre in Seattle, WA, where-
as the minimum was 20 trees per acre
in Provo, UT. The third-highest mean
tree density region was the SE, with a
mean density of 31 trees per acre and
a standard deviation of 10 trees per
acre. In this region, the city with high-
est tree density was Sandy Springs,
GA, with 86 trees per acre. In contrast,
the lowest density was seven trees per
acre for Corpus Cristi, TX. Lastly, the
region that exhibited the lowest mean
tree density was the SW, with 28 trees
per acre and a standard deviation of
11 trees per acre. In this region, the
highest density was 53 trees per acre
in Lakewood, CO, and the lowest was
eight per acre in Inglewood, CA.

S0 $50,000 $100,000 $150,000
Median Income (USD)

Analysis on 403 Census Tracts of Chicago

(c)

We further observed that currently
the cities in the NE region have the
lowest relative presence of residential
trees (with a mean of 19%), whereas the
NW has the largest residential relative
presence of 25%. In another observa-
tion, NE cities were dominated by ur-
ban park trees, with a 25% relative pres-
ence in aregion boasting more than 43
million trees. NW comes last in this
category, with only 17% park trees.

Urban tree socioeconomic impact.
Our approach enables correlating cur-
rent tree localization with the Climate
and Economic Justice Screening Tool
(CEJST)*® based on the current U.S.
census (Figure 6). In recognition of
the pivotal role trees play in urban set-
tings and as a response to the dispar-
ity in tree presence between wealthier
urban areas and disadvantaged areas,
city governments have undertaken
substantial investments to expand
their tree cover, particularly focusing
on marginalized neighborhoods. Our
method enables quantifying and up-
dating the trends for the first time, to
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Figure 7. Before/after major events monitoring. (a) The 2018 “Camp Fire” near Paradise,
CA, is one of the deadliest fires on record. Our method was automatically applied to sat-
ellite imagery before and after the fire, resulting in a tree loss estimate for this relatively

small region of 1.2 square kilometers. (b) The MillionTreesNYC initiative started in 2007,
ended in 2017, and was recently reinstated until 2030. We show the past and current
performance of urban planting projects, such as the NYC campaign.

Wildfire in Kilcrease Circle, Paradise, CA

3,621 street trees (2017)

the best of our knowledge. Currently,
we found strong positive Pearson cor-
relation coefficients (CC) between per
capita income and the total number of
trees (CC=+0.82), number of residen-
tial trees (CC = +0.88), street trees (CC
= +0.69), park trees (CC = +0.73), and
other trees (CC = +0.66). A similar trend
was seen with a strong CC of +0.73 be-
tween per capita income and canopy
cover. Figure 6 illustrates a detailed
validation conducted in Chicago. It re-
veals that within Chicago’s 403 census
tracts, disadvantaged regions exhibit
substantially lower median tree den-
sity: approximately 42% fewer trees per
hectare. The same trend is found for
canopy cover, showing a difference of
11% in Chicago. Besides census tracts
labeled as disadvantaged, a similar pat-
tern emerges when assessing the cen-
sus tracts in relation to income levels
in Chicago: Higher-income tracts con-
sistently exhibit greater tree presence.
These trends can be regularly updated
by tree data extracted by our approach.

Trees after disasters and planting
initiatives. As a demonstration, we
performed fine-grained monitoring

(b) 4,163 street trees (2024)

tasks in response to urban disasters
and tree-planting initiatives (Figure 7).
For example, the “Camp Fire” in 2018
was the deadliest and most destructive
wildfire in California history. With our
approach, we localized and counted
the trees before and after the fire by
processing the corresponding satel-
lite imagery. Figure 7a illustrates the
micro-scale situation of tree analytics
from a temporal perspective for a part
of a city, namely the Kilcrease Circle
apartment complex area in Paradise,
CA, in the wake of the Camp Fire. To
generalize even further, we conducted
a before/after analysis for the full city of
Vacaville, CA, which went ablaze during
the 2020 LNU Lightning Complex fires.
For the full city, we observed a loss of
80,916 trees across its 7,975 acres. The
fire decreased the canopy cover in the
city from 41% in 2019 to 35% in 2021.
These estimates match up with small,
ground-based efforts but provide the
first-ever tool to assess tree loss at such
a scale, and with minimal effort.

As another example, one of the most
prominent urban tree-planting drives
was the MillionTreesNYC campaign.”
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It first ran from 2007 until 2017, and
was then revived and reactivated with
another million-tree target for 2030.
These planting campaigns focus heav-
ily on planting street trees, as they are
public and accessible. Our method is
the first one to extract fine-grained
analytics for such initiatives. It was re-
ported that New York City (NYC) had ap-
proximately 5.2 million trees in 2005.%
The same report stated that it took
more than 2,000 volunteers a total of
30,000 hours to count the street treesin
NYC. Later, in 2017, the USDA released
a plot-level count of NYC trees at ap-
proximately seven million, based on an
aggregation from 296 land plots.** We
processed more than 500km?* of NYC
and found approximately 6,795,102
trees, of which 688,088 were street
trees. A repeat analysis for 2024 yielded
6,985,902 trees, of which 720,839 were
street trees (a 4.75% increase in street
trees compared to 2017, but also a de-
cline of 5.3% in residential trees). Our
density agreed with a recent work by
Niese et al.”® Therefore, the trees were
not only counted but also categorized
into four categories, of which street
trees are particularly interesting due
to the MillionTreesNYC campaign.
Overall, our method showed (and local-
ized) a net increase of 2.3% trees in all
of NYC between 2017 and 2024. Figure
7b shows an illustration of the local-
ized street trees in the East Village,
NYC, in 2017 and 2024. Our automatic
approach took less than five hours (and
thus far less than the 30,000 hours of
human effort reported) to accomplish
the localization and categorization of
urban trees for the full city, showcasing
the efficient application of our novel ap-
proach in extracting fine-grained ana-
lytics from tree-planting campaigns.

Moving Forward

As urbanization continues, under-
standing the quantity and distribu-
tion of urban trees is urgently needed
for sustainable, effective management
and policymaking. Using our Al-based
method, for the first time we can up-
date urban tree inventories at will on
both public and private lands at 1.5m
positional accuracy and 92.5% count
accuracy, spanning at least 330 U.S.
cities with a population more than
100,000. Instead of relying solely on
high spatial resolution, our approach



uses spatiotemporal data and genera-
tive AI modeling to overcome occlu-
sion, abutting trees, leaf-on/leaf-off
conditions, and fall color assumptions.
The system enables updating trends
in the distribution of trees and iden-
tifying differences in tree density and
canopy cover across ecoregions, pro-
viding a compelling tool for anomaly
detection, among many other applica-
tions. Our approach is automatic and
repeatable, implying that the monitor-
ing for any city can be computed in a
few hours and quickly repeated at will.
The same city can be processed in an
average of three to five hours (subject
tothe area) and yield a mean positional
accuracy of 1.5m per tree. Nationwide
processing can be done in under a day
by using multiple computers.

We acknowledge the existence of
high-resolution point cloud data such
as LiDAR, but it is either airborne or
backpack based and covers limited
spatial areas and at limited temporal
frequency—which is why, for a national
scale, our work scales well. However, for
places of particular interest (where fine-
grained data collection is possible), we
see positive potential to fuse our meth-
odology of overhead localization with
stem-based (understory) localization
through multimodal approaches.

Itisalsonotable that our method can
serve well for the rapid development of
urban planning policies and can simu-
late impacts using “what if” situations.
This makes a difference, especially
in smaller cities with limited budgets
for tree analytics and planning. Since
recent approaches create simulation-
ready 3D reconstruction datasets from
single images,"” our work can serve as
one of the key sources for photorealis-
tic simulation of urban twins. Moving
forward, and with the help of an NSF
cyberinfrastructure grant, we are incor-
porating our methods into a Web portal
for timely national-scale tree inventory
estimation and what-if planning tools.

Looking forward, we anticipate
that timely tree inventory and local-
ization data can also be used to im-
prove weather/climate modeling, by
building upon our prior works®” and
by integrating with, for example, WRF
Urban,'*?® air quality (e.g., Kim et al.,"
Li et al.’®), and particulate matter (PM)
absorption and dispersion models. We
envision the novel and scalable nature

of this work will be adopted across the
globe toward the broad goal of green-
er, more sustainable cities.
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