
     

PAPER • OPEN ACCESS

Deep-learning-based canopy height model
generation from sub-meter resolution
panchromatic satellite imagery
To cite this article: Charles J Abolt et al 2025 Mach. Learn.: Sci. Technol. 6 015013

 

View the article online for updates and enhancements.

You may also like
Comparing AI versus optimization
workflows for simulation-based inference
of spatial-stochastic systems
Michael Alexander Ramirez Sierra and
Thomas R Sokolowski

-

A novel dynamic machine learning-based
explainable fusion monitoring: application
to industrial and chemical processes
Husnain Ali, Rizwan Safdar, Yuanqiang
Zhou et al.

-

Asymptotically stable data-driven koopman
operator approximation with inputs using
total extended DMD
Louis Lortie and James Richard Forbes

-

This content was downloaded from IP address 170.144.239.230 on 24/02/2025 at 14:54

https://doi.org/10.1088/2632-2153/ada47e
/article/10.1088/2632-2153/ada0a3
/article/10.1088/2632-2153/ada0a3
/article/10.1088/2632-2153/ada0a3
/article/10.1088/2632-2153/ada088
/article/10.1088/2632-2153/ada088
/article/10.1088/2632-2153/ada088
/article/10.1088/2632-2153/ada33b
/article/10.1088/2632-2153/ada33b
/article/10.1088/2632-2153/ada33b


Mach. Learn.: Sci. Technol. 6 (2025) 015013 https://doi.org/10.1088/2632-2153/ada47e

OPEN ACCESS

RECEIVED

12 April 2024

REVISED

16 September 2024

ACCEPTED FOR PUBLICATION

30 December 2024

PUBLISHED

22 January 2025

Original content from
this work may be used
under the terms of the
Creative Commons
Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOI.

PAPER

Deep-learning-based canopy height model generation from
sub-meter resolution panchromatic satellite imagery
Charles J Abolt1,∗, Javier E Santos1, Adam L Atchley1, Lucas Wells2, Daithi Martin2,
Russell A Parsons3 and Rodman R Linn1
1 Earth and Environmental Sciences Division, Los Alamos National Laboratory, Los Alamos, NM, United States of America
2 Silvx Labs, Missoula, MT, United States of America
3 USFS RMRS Fire Sciences Laboratory, Missoula, MT, United States of America
∗ Author to whom any correspondence should be addressed.

E-mail: chuck.abolt@utexas.edu

Keywords: forestry, optical, lidar, fire, CNN

Supplementary material for this article is available online

Abstract
Canopy height models (CHMs) with sufficient resolution to distinguish individual trees are useful
for a variety of applications. However, standard techniques to acquire such data, such as airborne
lidar surveying, are often prohibitively expensive. Deep learning techniques for generating CHMs
from high-resolution imagery are an attractive option to reduce costs. To date, success with these
methods has been demonstrated using multichannel aerial photography and specialized satellite
data products derived from multiple sensors, neither of which is commonly available at temporal
resolutions finer than one year. Here we demonstrate a method to generate sub-meter resolution
CHMs in three forests in California using a more abundant data source: sub-meter resolution,
panchromatic satellite imagery from a single sensor. We show that phenology and species
composition play important roles in model transferability; when trained using imagery from a
single conifer forest in autumn, the model performs well on autumn imagery from a second
conifer forest several hundred kilometers distant with no re-training. With modest additions to the
training dataset, the same model generates minimally biased estimates of canopy height in both
conifer and deciduous forests during multiple seasons. Because the model operates on satellite data
with global coverage and a relatively short return interval, we propose its suitability to extrapolate
tree-level canopy height data to remote regions and conduct high-temporal resolution monitoring
of forest structure. We furthermore demonstrate the workflow’s applicability to fire modeling by
conducting simulations in forests populated by trees measured using both this approach and
airborne lidar surveying. We find minimal differences in fire behavior relative to a baseline case in
which only statistical distributions of tree height and crown area are known. This result
underscores the value of forest structural information derived from our workflow for improving
the fidelity of wildland fire simulations, among other ecological applications.

1. Introduction

Canopy height data are fundamental to many forestry applications, such as forest inventory and growth
monitoring (Vastaranta et al 2013). In other disciplines, uses for canopy height data range from carbon stock
assessments (Behera et al 2017), to habitat mapping (Coops et al 2016) and hydrologic modeling (Varhola
and Coops 2013). Historically, the standard workflow for generating products with spatial coverage at the
forest scale or greater has been to measure canopy height directly in field plots, then extrapolate these
measurements to a standard area unit (acres or hectares), possibly with aid from remote sensing analysis
(Tomppo et al 2010, Fischer and Traub 2019). In recent years, this general approach has remained common,
though direct field measurements of tree height have often been supplemented or replaced by remotely
sensed estimates, derived either from photogrammetry or airborne or satellite lidar (Potapov et al 2021, Lang

© 2025 The Author(s). Published by IOP Publishing Ltd

https://doi.org/10.1088/2632-2153/ada47e
https://crossmark.crossref.org/dialog/?doi=10.1088/2632-2153/ada47e&domain=pdf&date_stamp=2025-1-22
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0001-6052-199X
https://orcid.org/0000-0002-2404-3975
https://orcid.org/0000-0003-2203-1994
https://orcid.org/0000-0001-9210-8112
https://orcid.org/0000-0001-5091-8993
https://orcid.org/0000-0002-5746-4880
mailto:chuck.abolt@utexas.edu
http://doi.org.10.1088/2632-2153/ada47e


Mach. Learn.: Sci. Technol. 6 (2025) 015013 C J Abolt et al

et al 2022, California Forest Observatory 2023). Commonly, these methods yield medium to coarse
resolution gridded products (i.e. cells⩾ 10 m) which, despite lacking sufficient detail to distinguish
individual trees, are useful for many purposes, including estimation of crucial ecological properties such as
above ground biomass or net primary production (Frolking et al 2009). When such data products have a
temporal component, they have often been applied to quantify forest degradation and recovery following
disturbance and to monitor timber harvesting activity (Frolking et al 2009, Hansen et al 2013, Ceccherini
et al 2020). At continental to global scales, data products of medium to coarse spatial resolution are also
commonly used to parameterize climate, hydrologic, and biogeochemical processes within the land surface
components of Earth system models (Levis 2010, Fisher et al 2018).

Recently, improvements in the availability of fine-resolution (grid cells⩽ several meters) canopy height
models (CHMs) have accelerated the extraction or modeling of tree-level information for forest inventories
(Zhang et al 2015, Budei et al 2018, Dalagnol et al 2022). Fine-resolution CHMs are usually derived from
airborne lidar surveying or photogrammetric analysis of aerial or satellite imagery. In contrast to coarser
resolution estimates, these data products permit direct measurement of spatial variability in the distributions
of tree-level parameters such as height or crown radius, which can inform estimates of forest species
composition and improve understanding of ecosystem services (Kauranne et al 2017). Additionally, as
climate change has recently driven shifts in fire occurrence and impacts across the globe, there has been
growing interest in using high-resolution CHMs to produce detailed fuel maps. These data inform
physics-rich fire models such as FIRETEC or the fire dynamics simulator, which simulate complex fire
phenomena at spatial resolutions as fine as the decimeter-scale (Mell et al 2009, Parsons et al 2011, 2018,
Ziegler et al 2017, Moinuddin and Sutherland 2020, Marcozzi et al 2023). Even in relatively low-intensity
burns limited to surface fuels, forest structure plays an important role in model simulations due to its impact
on wind fields and the distribution of litter, both of which influence spread rate, residence time, the soil heat
flux, and other fire behavior metrics.

Despite their benefits, applications of CHMs with sufficient resolution to detect individual trees have
been limited by the cost of conducting airborne lidar and photogrammetric surveys (Potapov et al 2021,
Lang et al 2022). In some regions of the planet this problem is improving. Within the United States, for
example, the 3D elevation program of the U.S. Geological Survey has produced an enormous volume of
publicly available airborne lidar point cloud data over the past two decades which can be processed into
CHMs. However, the resolution of the data varies, with most datasets having below eight points per square
meter. While such data can be used to produce CHMs (Oh et al 2022), the accuracy with which individual
trees can be detected has been shown to be significantly lower than in surveys with higher point density
(Sparks et al 2022). In general, higher density lidar data tends to be from more recent acquisitions and is only
available in selected areas. Because airborne lidar data is not available in many parts of the globe, some
researchers are exploring the potential of developing CHMs from airborne imagery. For example, Li et al
(2023) recently pioneered the application of computer vision and deep learning to extract tree-level canopy
height data from aerial imagery acquired over Denmark and Finland. Shortly afterward, Wagner et al (2024)
mapped canopy height across California using 0.6 m resolution multispectral (RGB+ near infrared) aerial
photography from the USDA-NAIP program, and Tolan et al (2024) mapped canopy height throughout the
continental United States using Maxar Vivid2 mosaic imagery, which is derived from several commercial
satellite sensors. These approaches are attractive and cost-effective relative to airborne lidar or
photogrammetry. However, each approach presents limitations. For example, the high-resolution aerial
photography used by Li et al (2023) and Wagner et al (2024) is not available globally and is typically collected
at low temporal resolution. By contrast, the satellite imagery on which Tolan et al’s (2024) workflow relies is
available anywhere on the planet’s surface, but it is only updated at intervals of one to several years at a given
area of interest. Moreover, although the CHMs produced by Tolan et al cover vast spatial domains, they
typically lack sufficient detail to distinguish crowns, and therefore no attempt has been made to segment the
results into trees or tree-approximate-objects (TAOs).

Here, we seek to apply a similar approach, but leverage much more broadly available data captured from
a single spaceborne sensor. We advance the extraction of tree-level canopy height information from
high-resolution imagery by demonstrating that sub-meter resolution CHMs can be generated through
deep-learning-based processing of off-nadir (by up to 10◦), single band (i.e. panchromatic) images from
individual sensors among the WorldView constellation of satellites, which provide global imagery at 0.5 m or
higher resolution. We designed our deep learning model to process panchromatic data as input due to its
higher data availability relative to RGB and multispectral images and the consistently fine (50 cm or higher)
resolution of the images. By leveraging data that is available from any of the three WorldView satellites, we
maximize the temporal frequency with which an area of interest may be observed, which is advantageous for
applications like growth monitoring or assessment of damage following natural disasters. Using this
approach, we demonstrate that a model trained in a coniferous forest in central California robustly estimates
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Figure 1. Locations of the three study areas within the state of California.

canopy height in two forests several hundred kilometers distant, either with no additional training data all or
with modest additions of training data from the target forests. To highlight the rich spatial detail of our
results, we then show that the incorporation of forest structural information derived our workflow into a set
of physics-rich fire simulations results in fire behavior that closely matches simulations informed by more
expensive airborne lidar data. Because our model processes imagery from tasking satellites with a repeat
intervals of several days, we propose its suitability as a tool to (1) generate CHMs with sufficient detail to
distinguish tree crowns from regions lacking high-resolution airborne lidar surveys and (2) conduct high
temporal resolution forest inventories in areas where fine-resolution CHMs are already available.

2. Study area andmethods

2.1. Study areas
Our study focused on three forest sites in California (figure 1) from which airborne-lidar derived CHMs,
acquired by the United States Forest Service (USFS) between 2012–2018, were available at 25 cm resolution
(Xu et al 2018). At each site, panchromatic imagery from the WorldView constellation of satellites was
downloaded from two or more dates through the EnhancedView Web Hosting Service (https://evwhs-
digitalglobe.com; supplementary table S1). Prior to model training, the imagery at each site was visually
inspected and compared against the CHM. Any images in which signs of disturbance (such as wildland fire,
or anthropogenic forest clearing) were observed between the dates of the imagery and lidar data acquisition
were discarded. Care was also taken to control for potential spatial misalignment between the satellite
imagery and lidar data. Depending on the sensor, the upper bounds of geolocation errors in uncorrected
WorldView imagery is estimated at∼3–8 m. In practice, the accuracy is often far greater. For this study, we
employed only data in which no misalignment was visually discernible between the satellite images and the
lidar-derived CHM. Therefore, no image registration processes were necessary prior to training. For
processing by our neural network, both the satellite imagery and the CHM were re-projected into the local
UTM coordinate system and resampled at a uniform spatial resolution of 50 cm.

2.1.1. Blacksmith
Blacksmith, the largest study area in our analysis, is situated in the Sierra Nevada mountains near 120.52◦ W
39.05◦ N, approximately 20 km due west of Lake Tahoe. The heavily forested study area is dominated by
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Figure 2. Samples of panchromatic imagery (top row) and lidar-derived CHMs (bottom row) from the (a) Blacksmith, (b), South
Creek, and (c) Shasta Lake study areas.

conifers; USFS forest inventory analysis (FIA) forest types mapped within its boundaries include California
mixed conifer (52% coverage), fir/spruce/mountain hemlock (10%), Douglas fir (8%), western oak (7%)
and ponderosa pine (4%) (Gray 2012). A USFS CHM at the site was acquired in 2012 and covers 396 km2 of
terrain, ranging in elevation from 700–2200 m above sea level (masl), with a median elevation of 1570 masl.
Samples of the satellite imagery and lidar-derived CHM available from Blacksmith are show in figure 2(a).
Four cloud free satellite images overlapping the study area were downloaded: from 16 November 2011
covering 61.75 km2 of the study area; 2 September 2012 (190.5 km2); 14 October 2013 (313.25 km2), and 31
October 2013 (54.75 km2).

2.1.2. South creek
The South Creek study area is also located in the Sierra Nevada, approximately 400 km southeast of
Blacksmith, near 118.57◦ W 35.96◦ N. A USFS CHM of the study area was acquired in 2012 and covers
64.2 km2, extending in elevation from 1150–2420 masl, with a median of 1840 masl. FIA forest types
represented include California mixed conifer (35% coverage), western oak (30%), ponderosa pine (7%) and
fir/spruce/mountain hemlock (4%) (figure 2(b)). Two cloud free panchromatic satellite images overlapping
the study area were available: from 5 August 2013 (overlapping 44.25 km2 of the CHM) and 13 November
2013 (50 km2).

2.1.3. Shasta lake
Shasta Lake, the smallest study area, is located in northern California’s Klamath Mountains near 122.12◦ W
40.86◦ N, approximately 240 km northwest of Blacksmith. The USFS CHM at the site was acquired in 2013
and encompasses 48.8 km2, centered on the basin of a stream flowing into one of the northeast arms of the
reservoir. Elevation ranges from 58–2600 masl (median= 450 masl) and FIA forest types include western
oak (50% coverage), California mixed conifer (35%), and ponderosa pine (7%) (figure 2(c)). Two cloud-free
satellite images overlapping the study area were downloaded for the analysis, from 10 August 2011
(32.25 km2) and 25 April 2018 (19.25 km2).
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Figure 3. Flow of information through MS-Net, modified from Santos et al (2021). A set of fully convolutional neural networks,
operating on copies of the input data which have been coarsened to various degrees, work together to generate a predicted CHM
with identical size and resolution to the satellite image.

2.2. Deep learning workflow
We approached our task of extracting tree height information from satellite imagery as an image-to-image
regression problem, in which a satellite image passed as input to the network yields a CHM of equal size and
spatial resolution. To perform this task, we employed a modified version of the MultiScale Network for
hierarchical regression (MS-Net), a deep learning framework which was originally developed to predict
steady-state fluid velocity fields within porous media (Santos et al 2021). MS-Net comprises not a single
neural network, but rather a collection of fully convolutional networks, which operate on copies of the input
image which have been coarsened to various degrees and work cooperatively to generate a final prediction of
the output (i.e. the CHM). A high-level schematic of the flow of information through MS-Net is shown in
figure 3. When an input image is passed to MS-Net, both it and the target image are first coarsened a
user-specified number of times, reducing the number of rows and columns in the images by a factor of two at
each scale. At the coarsest scale, the image is processed by a fully convolutional (non-contracting) network,
which is optimized to reproduce the coarsened target image as closely as possible. The coarse-level prediction
is then ‘refined’ (or upscaled) to the next coarsest scale and concatenated with the corresponding input
image. This concatenated image is passed through another fully convolutional network, the output of which
is combined through element-wise addition with the prediction from the previous scale to generate a higher
resolution prediction. The upscaling process repeats until a predicted CHM is generated with spatial
resolution equal to the input.

The unique architecture of MS-Net was designed to maximize the workflow’s field of vision (or the
portion of an input image to which a single pixel in the prediction is sensitive) relative to computational cost.
A key feature of MS-Net is that the fully convolutional network at the coarsest scale (which incurs the least
cost, as it operates on the smallest arrays) contains the largest number of convolutional filters. This effectively
tasks the network at the coarsest scale with extracting nearly all the information regarding the broad
contours of the target, while the networks at the remaining scales (which employ fewer filters) add
successively finer detail. In our implementation, information was processed through a workflow comprising
three scales. Relative to the first version of MS-Net described by Santos et al (2021), the primary
modifications were to replace the 3D convolutional kernels with 2D kernels and to use a ReLU activation
function for the final layer of the networks, ensuring that estimated canopy height was never negative. The
fully convolutional network at the finest scale had eight filters, and the number of filters increased by a factor
of four at each successively coarser scale. At each scale, the convolutional network contained fifteen layers.
The workflow in whole comprised 2.2× 106 trainable parameters and was trained and executed on a single
NVIDIA RTX A6000 GPU.
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Figure 4. Input data processed by MS-Net included four features, the first of which was the panchromatic satellite image (a).
Planes oriented normal to the solar angle (b) and sensor look angle (c) at the time of image acquisition provided additional
contextual information. The underlying topography (d) was extracted from the National Elevation Dataset and converted to a
grayscale image.

2.3. Data pre-processing andmodel training
Our workflow was trained on images at 50 cm resolution spatial resolution, measuring 512× 512 pixels (or
256 m along each side). To prepare these images, the satellite images and corresponding CHMs were first
divided into tracts of one square kilometer, which were each further subdivided into sixteen tiles of
250× 250 m, with overlapping 3 m buffers. The satellite imagery, which was downloaded in 8-bit tiff format,
was rescaled to assign every pixel as a double-precision number between 0 and 1. The pixel values of the
target CHMs, which were downloaded as double-precision arrays with units of meters above the ground
surface, were divided by 80 (or the approximate height of the tallest tree in the data set), to assign all pixels a
value in the same interval.

In early iterations of the model, we found that the use of panchromatic satellite imagery presented two
unique challenges. First, because the satellite always views the ground surface from an off-nadir perspective,
the tops of trees tend to appear displaced from the ground directly underneath by a distance that scales with
canopy height. Second, tree crowns are frequently found in the shadows of adjacent trees, which obscure
details to a greater degree than would be expected in multi-band images. To mitigate errors caused by these
issues, we decided to incorporate into the MS-Net workflow additional contextual information regarding the
sensor look angle and the solar angle, extracted from the metadata of each satellite image. Additionally, we
provided information about the underlying topography, which influenced shadow projection. Each of these
three features was represented as an additional band in the input to the MS-Net workflow (figure 4). The
sensor look angle and solar angle were represented as planes normal to the position in the sky of the satellite
and the sun, respectively, at the time of image acquisition. Topographic data were extracted at 2 m resolution
from the National Elevation Dataset, then resampled at 50 cm resolution and rescaled globally to the interval
between 0 and 1, enforcing a consistent relationship between image intensity and topographic relief. Our
final workflow therefore processed four bands of input imagery to perform canopy height inference.

2.4. Training procedure and evaluation of accuracy and transferability
To test the robustness and transferability of our model, we trained two iterations of MS-Net. In the first
iteration, we trained and validated the model using all available data from Blacksmith (the largest study area,
comprising 620 km2 of imagery acquired over four dates), then immediately tested performance at the two
smaller sites, South Creek and Shasta Lake. In the second iteration, we trained and validated the model using
all available information from Blacksmith, supplemented with∼25% of the available data from the two
remaining sites (comprising an additional 36 km2 of imagery acquired over four dates), then evaluated
improvements to performance in the remaining data from the two smaller sites. In both iterations, 75% of
the processed (i.e. non-test) data were used for training, reserving 25% for validation. The loss function was
computed as the pixel-wise root mean square error (RMSE) between the target and prediction, and the
training algorithm employed an Adam optimizer. Training proceeded until loss computed on the validation
dataset reached a minimum, which required approximately two to three days of computing time on a single
GPU.

Beyond the training loss function, model accuracy in the test datasets was evaluated using several metrics
which were selected for their relevance to forest inventories and modeling of land surface and fire processes.
These included the total fraction of the test region occupied by a forest canopy higher than 3 m and the
number and median area of gaps in the canopy. Additionally, the predicted and target CHMs from each test
forest were processed through a conventional, automated tree segmentation algorithm to compare the
approximate number of trees extracted from each. The segmentation algorithm worked in two stages. In the
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first, point features representing individual tree-tops were demarcated by identifying local maxima in a
version of the CHM which had been smoothed with a Gaussian filter. Maxima which did not appear to be
surrounded by tree crowns of adequate area were then eliminated, with the minimum acceptable tree crown
area described as a function of height at the tree-top (Pitkanen et al 2004). In the second stage, the estimated
tree-tops were used as input in a marker-controlled watershed operation, which delineated the area of the
canopy corresponding to each tree (Chen et al 2006). After comparing the number of trees segmented from
the lidar-derived and satellite-derived CHMs, the tree-level accuracy of the canopy height predictions was
evaluated by using the boundaries of individual trees segmented from the predicted CHM to compare
maximum height in the predicted and target data. Note that, while we have referred to this procedure as tree
delineation, this segmentation approach can be said to produce (TAOs, Jeronimo et al 2018), which are not
necessarily individual trees. This is an important distinction as tree top maps of TAOs do not characterize
forests in the same way traditional inventories do, but can rather be viewed as a discretized, object-based
derivation of the continuous CHM data.

2.5. Application of our workflow to fire modeling
To demonstrate the utility of incorporating forest structural information derived from our workflow in
physics-based fire behavior models, we simulated fires at two experimental plots using FIRETEC. The sites
each measured 500 m by 500 m and were selected from the Blacksmith validation dataset and South Creek
test dataset from the first iteration of training (supplementary figures S1 and S2). FIRETEC is a
fire-atmosphere model that solves Navier–Stokes equations to represent the tight coupling of fire dynamics
with atmospheric conditions and forest structure characteristics (Linn et al 2002). Finely resolved forest
structures are represented in a discrete domain structure, characterized by two-meter horizontal
discretization and variable vertical discretization (Linn et al 2005). The tight coupling between combustion
and wind has been validated against prior observations of fire behavior (Linn and Cunningham 2005, Linn
et al 2012, Hoffman et al 2015). Previous model experiments have demonstrated that forest structure
conditions can be linked to characteristic fire behavior (Parsons et al 2017, Atchley et al 2021). Therefore, we
conducted a set of experiments comparing the results of simulations that incorporate forest structural
information derived from our workflow (hereafter called the machine learning, or ML simulations) with
simulations of the same forests mapped with airborne lidar (ALS simulations).

In addition to comparing ALS and ML-derived forest structure characteristics, we generated a third case,
referred to as an unstructured (US) domain, representing a condition of unknown tree placement. The data
extracted from the ALS and ML CHMs included tree location, tree height, and crown radius for each tree (or
TAO) in the domain. In the US case, we randomized tree location but retained tree height and crown radius
variables from the ALS CHM, mimicking a situation in which tree population statistics are available, but
spatially explicit tree-level positions are not. For all domains, the height-normalized crown base height and
height to maximum crown radius were set to 0.4 and 0.5, respectively. Fine fuel density was set at
0.446 km m−3, fuel moisture (wet mass over dry mass) was 112.5%, and size scale, in inverse meters,
analogous to surface area to volume ratio, was 0.0005 for all trees in the domain. To focus comparisons on
differences in canopy fuels, we employed the same homogenous surface fuel for all cases, characterized by a
density of 0.23 kg m−3, a fuel height of 0.35 m, and a fuel moisture of 6%.

CFD fire simulations model complex wind flows around trees that influence fire behavior. To ensure the
wind field conditions properly coupled with the forest, we initialized the wind field by establishing a wind
speed of 6 m per second at an elevation of 25 m. This condition was maintained for 14 min to stabilize within
an US domain, which then provided the wind speed boundary conditions necessary for our fire simulations.
Following this stabilization period, each simulation domain sustained the wind condition for an additional
25 s prior to the ignition event to ensure accurate wind flow dynamics. The ignition line was placed 20 m
into the domain along the upwind boundary. The ignition line extended 400 m through the domain,
stopping 50 m inside the lateral edges of the domain to reduce boundary condition effects. The fires
themselves were allowed to develop over a 15 min duration. To compare the fire behavior results we
calculated time series of maximum spread (quantified as the furthest downwind point to experience
combustion, in m), mass of surface combustion (in kg), and fire intensity (quantified as the amount of
energy released per area burned, in W m−2). We also compared domain windspeed profiles as a diagnostic
measure of how each domain’s forest structure influenced air movement.

3. Results

In general, our methods generated realistic and minimally biased CHMs, which captured less fine-scale detail
than the lidar-derived targets but bore a close visual resemblance in which individual trees could be
identified by the human eye (figure 5). In the first iteration of training (using data from Blacksmith only,

7



Mach. Learn.: Sci. Technol. 6 (2025) 015013 C J Abolt et al

Figure 5. Panchromatic satellite imagery alongside target and predicted CHMs from subsets of the Blacksmith validation dataset
(top row) and South Creek test dataset (bottom), after the first iteration of training (using Blacksmith data only).

which were acquired from the months of September through November), the model generated realistic
CHMs both in the Blacksmith validation dataset and in test data acquired from South Creek in November
2013. The predicted CHMs were highly inaccurate in the remaining test datasets (South Creek, August 2013,
and Shasta Lake, August 2011 and April 2018). After the second iteration of training (in which Blacksmith
data were supplemented with smaller volumes of data from South Creek and Shasta Lake), accuracy
improved markedly in the test datasets. Moreover, the incorporation into FIRETEC of forest structural
information generated by our workflow in plots from Blacksmith and South Creek resulted in fire behavior
which closely matched analogous runs informed by airborne lidar data.

3.1. Iteration 1
The first iteration of model training, based on data from Blacksmith only, required 60 h on a single GPU,
after which pixel-wise RMSE in the validation dataset reached a minimum of 6.0 m. Tree-level canopy height
estimates in the Blacksmith validation dataset correlated strongly with observations from the target dataset,
with a mean absolute error (MAE) of 3.5–4.3 m (depending on the date of image acquisition) and a weak
negative bias (figure 6). Tree-level height estimates were far less accurate in the four test datasets—with the
notable exception of the South Creek dataset acquired in November 2013, where MAE (4.2 m) was
comparable to Blacksmith, despite the model not having been exposed to any data from this site during
training. Among the five highest performing datasets, 95% of errors in identifying tree height ranged from
an underestimation of−13.8 m to an overestimation of 8.2 m. We note that the satellite imagery from this
high-performing test dataset and the training data from Blacksmith were all acquired in autumn, and that
both Blacksmith and South Creek contain predominantly conifer forests. In South Creek data from August
2013, and in data acquired at Shasta Lake (a site which contains greater concentrations of oak) during April
2011 and August 2018, the model consistently underestimated canopy height.

In general, the delineation of individual trees (or TAOs) within the target CHMs was less accurate than
the estimates of canopy height (table 1). Within the Blacksmith validation datasets and the South Creek test
dataset from November 2013, the model overestimated the total percent canopy cover within the imagery by
7%–11%, while underestimating the total number of trees by 21%–36%. This implies that individual trees in
the predicted CHM were often clumped together into a single object during the automated crown
segmentation process, and that the model was somewhat imprecise in delineating gaps in the forest canopy.
Accordingly, the predicted CHMs contained significantly fewer gaps than the target CHMs, although median
gap area was similar. As the total canopy area was larger and the number of delineated trees was smaller in
the predicted CHMs, median predicted tree crown area was significantly higher than in the target dataset.
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Figure 6. Tree-level comparison of predicted and target canopy height in the Blacksmith validation datasets (top row) and South
Creek and Shasta Lake test datasets (bottom row) after the first iteration of training (using data from Blacksmith only).
Confidence intervals (CI) refer to the 2.5 and 97.5 percentile errors between target and predicted tree height.

3.2. Iteration 2
The second iteration of model training, in which data from Blacksmith were supplemented with data from
South Creek and Shasta Lake, required 72 h, after which pixel-wise RMSE in the validation dataset reached a
minimum of 6.1 m. Relative to the first iteration, MAE in the Blacksmith validation dataset increased
marginally, while accuracy in the test datasets showed pronounced improvements (figure 7). Within the test
datasets, MAE was somewhat greater at the oak-dominated Shasta Lake site (4.4–5 m) than at South Creek
(4 m). In both the Blacksmith validation datasets and the South Creek/Shasta Lake test datasets, predicted
canopy height showed a slight negative bias relative to the target data. Among all eight datasets, 95% of errors
in tree height estimation ranged from an underestimation by 15.5 m to an overestimation by 10 m.

As in the first iteration of training, the model tended to over-estimate the total canopy coverage and the
area of individual tree crowns, while underestimating the total number of trees and the median area of gaps
in the forest canopy (table 2). The overestimation of canopy coverage remained consistent with the first
iteration, at 7%–11%, although the underestimation of tree count increased somewhat, averaging∼40%.
Tree delineation errors were greatest in the complex, oak-dominated forests at Shasta Lake, where the number
of trees delineated in the predicted CHMs was roughly half the number extracted from the target data.

3.3. Fire modeling results
At both Blacksmith and South Creek, a visual comparison of FIRETEC results reveals similar behavior in
runs incorporating forest structural information derived from ALS and ML, relative to the US runs which
assumed a random distribution of tree location (figure 8). Metrics including spread rate, fuel consumption,
and fire intensity showed close agreement among the ALS and ML domains, whereas fires in the US domains
showed divergent behavior (figure 9). At both sites, fires in the ALS and ML domains spread faster than in
the US domains and showed very similar dynamics in fire intensity. The simulated fire behavior was driven
by convective wind conditions, which determined spread rates and reflected effective forest structure
characteristics which were captured in both the ALS-derived and ML-derived domains. Domain-averaged
eastward wind profiles just prior to ignition are shown in figure 10. In all simulations, the forest canopy
created drag, which resulted in a zone of relatively slow windspeeds, extending from approximately 8–20 m
above the ground surface, overlying a zone of slightly faster windspeeds below the canopy. The canopy and
subcanopy windspeeds are the factors most likely to determine fire behavior differences among the
simulations. Here we see that the wind profiles in the ALS and ML domains were consistently closer to one
another than to the wind profile in the US domain, especially at South Creek. At both test sites, the US
domains showed a slower canopy and subcanopy windspeed, which resulted in slower spread rates and
differing fire intensity dynamics.
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Figure 7. Tree-level comparison of predicted and target canopy height in the Blacksmith validation datasets (top row) and South
Creek and Shasta Lake test datasets (bottom row) after the second iteration of training. Confidence intervals (CI) refer to the 2.5
and 97.5 percentile errors between target and predicted tree height.

4. Discussion

4.1. Seasonality and species composition as controls onmodel accuracy
The future value of our workflow is tied directly to its transferability to forests and images outside the
training dataset. The results we present in this manuscript are promising in this regard. In Iteration 1 of
training, the model performed poorly in three of the four test datasets, which comprised imagery of forests
several hundred kilometers distant from Blacksmith (the site of training and validation). However, in one
exception, the South Creek test data from November 2013, performance was comparable to Blacksmith,
demonstrating minimal bias in canopy height estimates and a low MAE in estimates of individual tree height
(figures 5 and 6). This outcome is encouraging and indicates that phenology and species composition likely
play important roles in model transferability. The high performing test dataset from South Creek comprised
the only test data to be acquired from a mixed conifer forest in Autumn, matching the conditions that
characterize the training and validation data. In contrast, performance was poor in South Creek imagery
acquired during summer, and in summer and springtime imagery from Shasta Lake, a site characterized by
extensive oak growth. The finding that seasonality plays a role in model performance, even in a
predominantly evergreen forest, mirrors conclusions from a large body of prior work on extracting forest
attributes from coarser resolution sensors such as Landsat (e.g. Maeda et al 2014, Adams et al 2020, Chen
et al 2020). In our present work, the dependence on seasonality may be especially strongly linked to the solar
angle, which varied markedly in spring and summertime test images relative to the autumn conditions in the
training and validation datasets.

Both the flexibility and the limitations of our workflow were demonstrated in the second iteration of
training, where performance in all test datasets improved markedly following the incorporation of modest
amounts of test data from Iteration 1 into the training and validation data, but performance at the
Blacksmith survey area decreased marginally. In other words, the model became much more generalizable as
the diversity of forest types on which it was trained increased, but performance in the mixed conifer forests
of Blacksmith declined slightly relative to a model that was trained on that forest type alone. This outcome
highlights that curation of training data from forests of diverse species composition and all times of year will
be crucial to the improvement of model performance over ever larger spatial and temporal domains. As next
steps in improving model robustness, we propose to investigate how clustering techniques can be employed
to organize the growing volume of training data into meaningful subsets used to train specialized models. We
often think of forests changing gradually over some Euclidean distance, following the first law of geography
such that a given forest is most similar to those adjacent. However, considering the appearance of a forest
from the perspective of a satellite, different forest types existing in disparate parts of the world can look more
similar than the same forest at a different time of day or season. In other words, clustering data geo-spatially
or by forest type might be inferior, in terms of model stability and performance, to organizing data by
features and patterns in image space. We plan to explore this in more detail in future work.
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Figure 8. Planar view fire progression visualizations before ignition, 100 s after ignition, 150 s after ignition, and 175 s after
ignition.

Figure 9. Fire behavior metrics, including spread rate, fuel consumption and fire intensity are plotted for the Blacksmith (top)
and South Creek (bottom) domains.

Figure 10. Domain average wind profiles before ignition for Blacksmith (left) and South Creek (right).

Compared with workflow’s performance at estimating canopy height, tree delineation was more
challenging and less successful, as our segmentation algorithm tended to identify fewer TAOs of larger area in
the machine-learning derived CHMs relative to the airborne lidar-derived target data. This problem was
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especially pronounced at Shasta Lake, where the canopies of neighboring oak trees tended to grow together,
increasingly resembling a single object as textural information from the canopy was lost—a problem which
has also been demonstrated in other remote sensing modalities (e.g. Jeronimo et al 2018). Given that the
challenge was most pronounced in deciduous forests, we propose that it might be mitigated in future
iterations of our workflow by including a pre-processing step in which a mask of deciduous tree growth is
included as input feature, providing the neural network greater context for processing these areas. Such a
mask could be produced, for example, by analyzing a leaf-off image from the area of interest, in which
conifers and deciduous trees will be easily distinguished (e.g. Wolter et al 1995, Khorrami et al 2022).

4.2. Comparison of our model with prior work
Among recent efforts to derive CHMs from optical imagery, one of the most ambitious and successful has
been the work of Li et al (2023), who processed airborne RGB imagery to derive tree-level inventories of
canopy height across the entire nation of Denmark. The authors subsequently demonstrated that with
relatively modest amounts of training data, they could leverage transfer learning to adapt their workflow to
forests in Finland. To our knowledge, while earlier efforts had been made to extract CHMs from optical data
(e.g., Lang et al 2019, Potapov et al 2021, Fayad et al 2024), Li et al’s study was the first to achieve sufficient
spatial resolution to extract individual trees, or objects approaching the granularity of individual trees. A key
distinction between Li et al’s workflow and ours is the data source. While the off-nadir, panchromatic
satellite imagery we operate on presents unique challenges relative to the nadir-view, multiband airborne
imagery they employed, it is more abundant in both space and time, which may increase future
opportunities to map remote regions or to quickly evaluate changes to forest structure following
disturbances such as wildland fires, wind storms, disease and insect outbreaks, and landslides.

In terms of model performance, Li et al’s workflow generated somewhat more accurate estimates of tree
height, with a global MAE of 2.9 m. In comparison, the results we report here varied in MAE from 3.5–5 m,
depending on the forest to which our workflow was applied. We consider this discrepancy in model
performance both negligible and expected, given the coarser pixel size and lack of multispectral information
in our input imagery. Evaluating the relative skill of our workflows at tree counting is less straightforward
than canopy height, as Li et al compared the number of trees extracted from their workflow with
ground-based measurements, while we compared tree counts from our workflow with counts derived from
processing of airborne lidar data. In general, given that the airborne lidar tree counts we used likely
underestimated the true number of trees on the ground, it is likely that our workflow resulted in a greater
undercount. Nonetheless, one major similarity between our studies was the finding that species composition
highly impacted tree counts, as Li et al likewise encountered greater challenges in deciduous forests relative to
conifers.

Other recent work extending the generation of CHMs from aerial and spaceborne imagery include the
efforts of Wagner et al (2024), who generated a CHM for the state of California by processing four-channel
(RGB+ near infrared) NAIP aerial imagery at 0.6 m resolution, and Tolan et al (2024), who processed Maxar
Vivid2 mosaic imagery to map sub-meter resolution canopy height across the continental United States and
several jurisdictions in other nations. While neither of these efforts involved post-processing to extract
tree-level statistics, the predicted CHMs of Wagner et al were comparable to our own, characterized by a
slight negative bias in estimated canopy height and a MAE that varied from 0.05 m in a desert with very
low-growing vegetation to 12.02 m in a redwood forest with very tall trees. Visually, the CHMs produced by
Wagner et al contain sufficient detail to discern tree approximate objects. In contrast, the CHMs produced by
Tolan et al, which like ours are derived from satellite imagery, lack enough information regarding canopy
structure to discern individual trees or TAOs (see figure 7 in Wagner et al (2024), for a visual comparison).
However, the effort by Tolan et al covers a much broader spatial domain, and it also resulted in a comparable
mean annual error of 2.6–6.8 m, depending on the validation site.

A central distinction between these contemporary efforts and our own is the deep learning framework.
Our workflow employed MS-Net, while Wagner et al used a traditional U-Net and Tolan et al used
transformer networks. Another, perhaps more consequential difference, is the imagery source. Wagner et al
relied on aerial imagery from a program limited to the United States, which collects new images every two to
three years. Tolan et al relied on composite product derived from several satellite images, which is available
globally, but typically no more frequently than once a year. In contrast, our study is the first to demonstrate
proof-of-concept for a workflow that generates sub-meter-resolution CHMs from individual spaceborne
sensors, which can capture an area of interest at time intervals as short as several days, increasing the
potential to monitor forest structural changes in response to disturbances such as wildland fire.

To summarize these distinctions, several recent studies have advanced machine-learning-based
generation of CHMs from high resolution imagery, but ours is the first to achieve sufficient detail to discern
individual trees or tree approximate objects while using satellite imagery as a data source. Li et al (2023) and
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Wagner et al (2024) generated CHMs in which TAOs were discernible but used aerial photographs as a data
source. Tolan et al (2024) processed satellite imagery across a broad spatial domain, but generated CHMs
with insufficient structural detail to distinguish tree crowns. Because our workflow has been demonstrated
on images captured from a single spaceborne sensor with a repeat interval of days, as opposed to a mosaic
product produced using imagery spanning one to three years, it unlocks new potential for high temporal
resolution monitoring of changes to forest structure.

We note that one innovation from earlier work which might benefit future iterations of our own is the
reliance of Li et al’s (2023) workflow on two separate neural networks: the first for canopy height estimation,
and a second for crown delineation and tree counting. An advantage to deploying this strategy is that the
accuracy of the tree counts was not dependent on the capacity of the first neural network to reproduce the
texture of the forest canopy. In some cases, for example, the gridded canopy height product generated by Li
et al’s first neural network correctly estimated canopy height in forest stands measuring several hundred
meters across or larger but yielded insufficient textural detail to discern the boundaries of individual tree
crowns. By contrast, our workflow relied on a single neural network to produce a CHM with sufficient detail
to be segmented into individual tree crowns using a conventional, watershed-based method. As we consider
our workflow’s negative bias in tree counts (relative to its mostly negligible bias in tree height estimates) its
main area of underperformance, we propose that future iterations may benefit by likewise incorporating a
second neural network for crown delineation. This step would have the potential to reduce errors in tree
counts and estimates of crown area while taking advantage of a recent burst of research activity into crown
boundary mapping from high resolution images.

4.3. Usefulness of our approach for physics-rich fire modeling
The value of forest structural information inferred from our workflow was demonstrated in FIRETEC
simulations at Blacksmith and South Creek sites. Despite the differences in tree counts and canopy areas
extracted fromML and ALS, we found that the two methods yielded very similar fire behaviors relative to a
third scenario in which forest statistics (including tree height and canopy area) were identical to ALS but the
placement of individual trees was randomized. The differences in fire behavior between ALS and ML on the
one hand, and US runs on the other, reflected the heterogeneous area distribution of canopy gaps and the
tendency for similarly sized trees to cluster together in the former. These forest characteristics have been
shown in prior work to influence fire behavior (Finney 2001, Knapp and Keeley 2006, Pimont et al 2017),
especially in numerical investigations using computational fluid dynamics simulations (e.g. Hoffman et al
2015, Parsons et al 2017, Ziegler et al 2017). Relative to the US scenarios, the rapid fire spread across the ML
and ALS domains was because the presence of several large gaps in the forest increased wind entrainment
below and within the canopy (Pimont et al 2011, Atchley et al 2021). Here we note that the decreased wind
speed within 10 m of the surface in the ML relative to the ALS runs (figure 9) may reflect the tendency of our
workflow to slightly over-estimate total canopy coverage (tables 1 and 2). We also acknowledge that, while
the incorporation of forest structural information at Blacksmith and South Creek resulted in higher spread
rates, this result should not be universally expected, as increased forest detail representation in some cases
may slow or even stop fire progression in computational fluid dynamics simulators (Atchley et al 2021).
Nonetheless, the close matches in fire spread rates, fuel consumption rates, and fire intensity dynamics
among the ML and ALS simulations at our test forests demonstrate that our workflow can capture the most
effectively important forest structural characteristics that influence wildland fire behavior.

4.4. Limitations of our study
We consider segmentation of the canopy into individual tree crowns or TAOs as our workflow’s central area
of under-performance, as tree counts from its predicted CHMs were 20%–50% lower than tree-counts from
co-located ALS-derived CHMs. The importance of this error varies by application. On one hand, we
demonstrated that at present, the incorporation of tree-level forest structural detail derived from our
workflow and from ALS results in comparable simulated fire behavior in a physics-rich CFD model. On the
other hand, forestry applications such as growth monitoring and species inventories would be more
significantly limited by this shortcoming. To improve this issue, one method could be the incorporation of a
second neural network tasked with defining tree crown boundaries directly from the input imagery, which
was critical to the workflow of Li et al (2023). Another limitation is that, at present, our proof-of-concept is
relatively limited in geographic scope, focusing on three forests in California. The present results indicate
that, as we extend future iterations of our workflow across broader geographies, matching both the species
composition and the seasonality of images in the training dataset with those used for inference will be critical
to success. Additionally, it is possible that the incorporation of additional features—for example, RGB or
infrared bands from the WorldView 2 and 3 satellites—may also improve both model transferability to new
forests and the recovery of canopy structure detail for crown segmentation. The primary tradeoffs involved
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in this method are that, by eliminating the WorldView 1 satellite, reliance on RGB or multispectral imagery
would reduce the temporal frequency with which data can be acquired and the historical domain over which
it is available. However, future investigation into the extent to which the information in these extra bands
improves model performance relative to single-band panchromatic images is warranted.

5. Conclusions

We present a workflow that employs convolutional neural networks to generate CHMs with sufficient
resolution to distinguish individual trees using off-nadir, panchromatic satellite imagery as input. Although
the resulting CHMs have similar or slightly higher MAE than analogous approaches built to process
airborne, multispectral imagery and multi-band satellite imagery, our methods present several distinct
advantages as the input data are more abundant. We demonstrate that the species composition and
phenology in the training and validation datasets strongly impact model transferability to new forests. Like
prior approaches, our workflow tends to underestimate total tree counts, as neighboring trees with complex
canopy structures are frequently clumped into tree-approximate objects. Performance in this regard might be
improved in the future by: (1) including a mask that distinguishes between conifers and deciduous trees as
an input feature, and (2) delegating the task of tree segmentation to a separate neural network. Preliminary
investigations using a physics-rich fire simulator demonstrate a high degree of similarity in results from runs
incorporating forest structural information derived either from our workflow or directly from airborne lidar
surveying. Overall, fire simulations with realistic forest structures derived from either method resulted in
faster spread rates than in runs with homogeneously structured forests, due to a more realistic canopy gap
size distribution, which influenced wind dynamics. These results underscore the potential of our workflow to
improve the realism of fire simulations in forests where high-resolution CHMs are otherwise unavailable.
The combination of a mapping approach leveraging broadly available data and cutting-edge physics-based
fire modeling offers promise for significantly expanding applications of such advanced fire modeling over a
much broader geographic range than has been possible before. Future refinements in both the mapping
approaches and ongoing development of advanced fire models will further expand capabilities for assessing
potential fire behavior, ecosystem impacts, and risks to communities and firefighters going forward.
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