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Urban Tree Generator:

Spatio-Temporal and Generative Deep Learning

for Urban Tree Localization and Modeling

Adnan Firoze - Bedrich Benes : Daniel Aliaga

Abstract We present a vision-based algorithm that
uses spatio-temporal satellite imagery, pattern recog-
nition, procedural modeling, and deep learning to per-
form tree localization in urban settings. Our method
resolves two primary challenges. First, automated city-
scale tree localization at high accuracy typically re-
quires significant acquisition/user intervention. Second,
vegetation-index segmentation methods from satellites
require manual thresholding, which varies across geo-
graphic areas, and is not robust across cities with vary-
ing terrain, geometry, altitude, and canopy. In our work,
we compensate for the lack of visual detail by using
satellite snapshots across twelve months and segment
cities into various vegetation clusters. Then, we use
multiple GAN-based networks to plant trees by rec-
ognizing placement patterns inside segmented regions
procedurally. We present comprehensive experiments
over four cities (Chicago, Austin, Indianapolis, Lagos),
achieving tree count accuracies of 87-97%. Finally, we
show that the knowledge accumulated from each model
(trained on a particular city) can be transferred to a
different city.

Keywords Tree Location - Procedural Generation -
Shape and Surface Modeling - Shape Analysis and
Image Retrieval - Urban Tree

1 Introduction

At present, urban greening has emerged to be one of the
most critical objectives as a means to human sustain-
ability. It has been reported that while efforts are being
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taken, there is a dire need of accurate data for proper
management of such endeavours - that have shown to
have saved over trillions of dollars in air pollution and
carbon removal [58]. However, the spending has also
been an average of over $10 billion in the United States
(per city) [39]. In this work, we aim to bolster such ef-
forts through localizing urban tree locations, even ones
that are not government-owned through deep learning
and computer vision approaches.

Recently, 3D urban modeling has received signifi-
cant attention. One included task is determining the
location of trees in urban environments. Tree modeling
and localization has been pursued in various ways. Tree
and vegetation modeling (e.g., [5,14,31]) renders/creates
3D models. Segmentation algorithms have been devel-
oped to isolate broad tree/canopy areas in captured
overhead imagery (e.g., LIDAR, satellite, or aerial) [32].
USDA’s i-Tree software toolkit [53] is a crowd-sourced
method to report on trees. While precise, this approach
does not scale, cannot be readily updated, and depends
on the reliable participation of human workers. The re-
cent proliferation of deep learning has introduced promis-
ing new methods (e.g., [4,47]). But due to occlusions
and limited resolution, these methods cannot distin-
guish individual trees, do not estimate tree counts, and
have accuracies only in the 60-80% range.

Our tree modeling and localization work exploits
two key observations. First, satellite imagery’s frequent
capture rate (e.g., weekly or daily) enables capturing
the spatio-temporal vegetation footprint during a sea-
son or year, thus providing richer information than a
single image. Second, vegetation in cities succumbs to
urban management rules that regulate their develop-
ment. Since individual trees cannot be readily discerned
from a satellite due to occlusion and resolution limita-
tions, we instead exploit our observations to enable a
self-supervised generative (or procedural) approach to
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Fig. 1 Urban tree localization automatically infers tree counts and positions from spatio-temporal satellite images and pro-
cedural urban vegetation rule-sets using a generative algorithm.

tree inventory modeling and cover estimation. To ver-  count and placement; (4) creation of ground-truth datasets

ify the correctness and robustness of our approach, we
have used multiple ground truth datasets including hu-
man and government surveyed/vetted data [9,41], IN-
RIA [33] datasets, and Google Earth [21] data.

Our approach exploits the multiple image-based and
procedural-based rules for planting. It consists of pre-
processing and runtime steps. The preprocessing trains
an initial deep segmentation network on 12-month im-
ages. Then, using a three-tier set of urban vegetation
management rules and our procedural modeling system,
it trains generative networks for four different urban
space configurations (residential, industrial, roadside,
and park). Given 12 monthly satellite snapshots (i.e.,
Planetscope Daily Imagery at three meters per pixel,
or 3mpp [42]), the runtime first performs an initial seg-
mentation and clustering into the four mentioned types.
Then, the generative modeling engine produces a tree
distribution map for each cluster. Finally, from the map
tree coverage, locations, and counts are obtained.

We evaluated our method on four diverse cities:
Chicago, Austin, Indianapolis - USA, and Lagos - Nige-
ria (spanning 84-225 km? and containing 17,652-144,788
trees). Our tree coverage and count calculations oc-
cur in seconds. We compare to ground truth (GT) tree
counts and obtain an accuracy of 87-97%. We also com-

pare our coverage estimation to other more costly method-

ologies, including ground-based crowd-sourced individ-
ual tree data and deep learning-based approaches, ob-
taining similar or better results but in only a fraction of
the time and cost. We claim the following contributions:
(1) segmentation of urban spatio-temporal satellite im-
agery into tree coverage, grass, and other areas; (2)
clustering vegetation canopy into urban configurations
(e.g., residential, industrial, roadside, parks/forestry);
(3) estimation of tree locations to simulate proper tree

of approximately 10-20% of each city that identifies tree
cover, counts, and placements that are released to oth-
ers for further studies (see Sec. 3.1).

2 Related Work

Procedural Urban Tree Generation: Urban proce-
dural modeling has had much success in modeling and
reconstruction [34,36]. Procedural modeling of vegeta-
tion has a long history [45]. While realistic modeling of
vegetation is important in weather simulations and ur-
ban ecology modeling (e.g., [3,5]), most simulated city
models use vegetation for aesthetic purposes and inter-
active simulations [25]. Recent works attempt to pro-
cedurally reconstruct trees by using deep learning [28,
31], but do not focus on tree localization. Several works
focus on using point-cloud data (e.g., [18,50]) and they
focus primarily on ground level data and small regions.
In contrast, in our work, we use procedural modeling to
assist with determining tree localization (e.g., coverage
and count) in real-world settings that scales to large
areas or entire cities.

Our work most closely relates to [1] and [37]. Niese
et al. [37] used high-resolution aerial and satellite im-
agery to generate tree coverage maps and used proce-
dural rules to plant trees in urban configurations, using
NYC Open Data [11] at 0:3 mpp. This work focused on
photorealism from various viewing angles in NYC; tree
count and land cover correctness were not addressed.
Yao et al. [1] used high-resolution satellite imagery and
several deep networks (AlexNet [26], U-Net [46], and
VGG-Net [49]) to output tree counts using density re-
gression, but they do not output tree locations. More-
over, [1] uses 0:8mpp data on several provinces in China.
Our method outperforms their average count accuracies
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Fig. 2 Work ow. Rectangles are processes, clear ovals are data, and shaded ovals are deep learning networks.

of 62-83%. Moreover, we also pursue outputting tree lo-
cations, which is not performed by prior work.
Vegetation Segmentation: Segmenting land cover
into classes has received significant traction [32]. Deep
learning has introduced many new approaches using a
variety of networks. For example, Arief et al. [4] com-
pared different deep learning networks to classify land
into eight classes with a validation accuracy of 66.67%
using high-resolution LiDAR or aerial data. Lee et al.
defined SegNet [27] as a method for segmentation of
land using an encoder-decoder method, achieving ac-
curacies of 85% from unmanned aerial vehicle (UAV)
captured images (i.e., 0:5 mpp). Field obtained data ac-
quisition as discussed in [16] is done manually in dense
forests, which is both costly and time consuming. How-
ever, the data collection (e.g., Field, LIDAR or UAV)
is difficult to scale to an entire city or region, and ob-
taining repeated acquisitions is costly. Moreover, the
methods have not focused on the urban tree localiza-
tion task.

Global-scale acquisition efforts such as ICESat-2 [12],
GEDI dataset [43], or the JAXA dataset [22] do not ob-
tain data at sufficient resolution. For example, ICESat-
2 captures height along sparse, thin bands, and GEDI’s
and JAXA’s resolution is about 30 mpp. These resolu-
tions are too coarse for us. We focus on urban extents
that are not well captured by these acquisition efforts.

Geographic information systems (GIS) have also used
vegetation indices (e.g., NDVI [19,56]). These indices
give a vegetation probability value. However, one ma-
jor drawback of NDVT is finding a parameter set that
works universally. Thus, traditional NDVI lacks robust-
ness and needs experimentally determined inter and
intra~city customization. Jiang et al. [23] analyzed this
technique and its drawbacks in detail.

3 Spatio-Temporal Segmentation

The first phase of our pipeline (Fig. 2) includes a spatio-
temporal vegetation cover classification of satellite im-
ages which partitions a city into tree, grass and back-
ground classes; followed by a cluster creation process.

3.1 Spatio-Temporal Data

One of the novel features of our work is using spatio-
temporal satellite data for segmentation and localiza-
tion. As also shown in Shen et al. [48], NDVI maps
of cities change in shape, color, and surface reflectance
over time (Fig. 3). Thus, instead of having only one
snapshot, we use a monthly snapshot of a city over 12
months to capture the spatial and temporally varying
features. In particular, our approach uses Planetscope’s
3 mpp and four-channel data (Red, Green, Blue, Near-
infrared) with cloud coverage filter set to under 5% [42].
The per-city satellite images are vertically stacked to
create 48-dimensional tensors (4 channels x12 snap-
shots). Moreover, we join relevant tiles to capture the
extent of four test cities (Chicago: 10x10km or 72.4% of
total extent, Austin: 15x15km or 91.2%, Indianapolis:
12x7km or 94.05%, and Lagos: 7.7x5.9km or 82.41%).
For experimental comparisons, we used 12-months data
from 2020 aligning with the canopy data from Google
Earth [21] of the same period (for Lagos and Indi-
anapolis), alongside ground-based manually collected
and well-vetted government released tree locations from
Austin, TX [9]. We assume based on [8,9,41] that the
number and location of trees remain approximately the
same in the span of 12 months of a given year. Thus, us-
ing this GT data can accurately gauge the performance
of our approach. Our annotated dataset and code are
available at https://github.com/adnan0819/Urban-Tree-
Generator/.
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Fig. 3 NDVI Fluctuations. Mean NDVI over 12 months
for our four test cities.



Adnan Firoze et al.

3.2 Classification

Our vegetation classifier is based on a U-Net [46], and
it classifies any city into tree, grass, and background.
Our output provides the same dimensions in width and
height but with n channels where n is the number of
classes in the segmentation (in our case, N = 3). The
size of the tiles is 2562 pixels. The input dimension of
our data (per tile) is 2562 x 48 and the output 2562 x
3. The tiles are stitched to curate the full maps. We
developed a novel data generator for U-Net and per-
formed data augmentation specific to our 48 channel
data. Fig. 4 shows that using 12 months data outper-
forms a single month data for all our test cities.

Fig. 4 Single- vs 12-Month Segmentation. Segmenta-
tion of four cities into trees (green), grass (red), and back-
ground (black) using single month vs. 12-months data. F1-
scores are shown, indicating a clear superior accuracy of our
12-months solution.

3.3 Cluster Creation

After the spatio-temporal classification, the input data
is clustered into various urban configurations that are
representative of different tree placement strategies. We
created a clustering engine using k-means feature clus-
tering, varied the values of k from 2 to 8, and com-
puted the sum of squared errors (SSE). Using the elbow
method, we found the optimal value for k, across our
multiple test cities, to be kK = 4. Heuristics and sub-
jective observation were used to label the clusters as
residential, roadside, industrial, and park areas. The
output of the four types can be seen in color-coded
Fig. 8. The optimal cluster number, kK = 4, was cho-
sen using the elbow method upon plotting number of
clusters versus SSE in Fig. 5.
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Fig. 5 Selection of k in k-means clustering. Calibration
of the optimal number of K in k-means clustering.

3.4 Training

We trained our spatio-temporal segmentation approach
with two variants: pre-tuned and fine-tuned. The pre-
tuned variant uses the data accumulation from various
cities to create one system so that deployment to a new
city requires only the 12-snapshots of satellite imagery
at 3mpp. The fine-tuned variant requires additional lo-
cal data. Our analysis finds that the pre-tuned system
has slightly lower performance but fewer data require-
ments.
Our system needs two additional city-specific datasets

to perform fine-tuning for a city. First, about 10-20%
of the city should be labeled into three classes (trees,
grass, and background) to train a local segmentation
engine. It took one person approximately 8-16 hours
to perform this labeling for each test city (that we
will make available for everyone for further research).
Second, the fine-tuned clustering engine needs build-
ing footprints and road networks sourced, for exam-
ple, from OpenStreetMap [40], and is used to improve
the accuracy of clustering into various urban configu-
rations. Since the GT and resolution of the building,
and street locations were known, we could accurately
extract the distances between reference locations and
annotated trees. Sec. 5 discusses the additional, though
not very large, accuracy gains from fine-tuning.

4 Tree Localization

We perform tree localization using deep networks trained
with parameterized urban procedural rules in the sec-
ond runtime phase. We train one conditional GAN-
based network for each of residential, roadside, indus-
trial, and park cluster types. For training, we generate
a large number of synthetic 80m x 80m tiles mimicking
the typical spatial patterns of each of the four types.
The output from the segmentation phase is used as in-
put to the aforementioned localization GANs. The out-
puts of the GANs are then discretized, yielding individ-
ual tree locations.

4.1 Procedural Rules

To train the cGANs, we generate tiles of a synthetic city
that exhibit procedurally-defined parameterized tree plant-
ing rules. We define a set of four parameterized rules U;:



