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Abstract

Estimating canopy height and its changes at meter reso-
lution from satellite imagery remains a challenging com-
puter vision task with critical environmental applications.
However, the lack of open-access datasets at this resolu-
tion hinders the reproducibility and evaluation of models.
We introduce Open-Canopy, the first open-access, country-
scale benchmark for very high-resolution (1.5 m) canopy
height estimation, covering over 87,000 km² across France
with 1.5 m panchromatic resolution satellite imagery and
aerial LiDAR data. Additionally, we present Open-Canopy-
∆, a benchmark for canopy height reduction detection be-
tween images from different years at tree level—a diffi-
cult task for current computer vision models. We evaluate
state-of-the-art architectures on these benchmarks, high-
lighting significant challenges and opportunities for im-
provement. Our datasets and code are publicly available at
https://github.com/fajwel/Open-Canopy .

1. Introduction
Frequent, high-resolution monitoring of canopy height plays
a pivotal role in guiding forest management [42, 68], sup-
porting conservation efforts, and informing climate policies
in the face of climate change [19, 32, 41]. Meter-level spatial
resolutions enable the detection of small vegetation struc-
tures, including individual trees and understory vegetation
[31], and help identify local disturbances such as selective
logging [4, 30]. At the same time, frequent temporal up-
dates allow for the monitoring of rapid changes in forest
ecosystems [11, 51] caused by activities such as harvest-
ing [74], illegal logging [34, 65], or wildfires, storms, and
pest outbreaks [26]. This fine-grained information is also
essential for accurate biomass estimation [63], biodiversity
assessments [22], and understanding ecological processes at
local scales [36].
Aerial Laser Scanning (ALS) is often described as the gold
standard for precise canopy height measurements [3, 21],
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Figure 1. Canopy Height Estimation. We represent a VHR image from
the Open-Canopy test set (a), alongside its corresponding ALS-derived
canopy height (b). We include the height map estimated by a PVPTv2 [71]
model trained on the Open-Canopy train set (c), compared against other
canopy height products (d)-(i). For each image, we provide the spatial
resolution of the evaluated map and its Mean Absolute Error. † the data or
model used to generate these maps is not open-access.

but its high cost and logistic requirements make frequent
data acquisition impractical. In contrast, satellite images are
abundant. A cost-effective alternative to yearly ALS acqui-
sition would be to use existing ALS data to train a machine
learning model to estimate canopy height from a single Very
High Resolution (VHR) satellite image. Although recent
studies have used VHR satellite images to predict canopy
height [37, 67, 70] and published global height maps, their
data and models are typically not openly accessible. They
rely on commercial or closed data sources, require substan-
tial pre-processing, and do not always disclose the location
of their training sets (see Tab. 1).
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Table 1. Canopy Height Prediction Datasets. We summarize existing forestry datasets by specifying the satellite imagery used, the canopy height ground
truth or supervision for training and evaluation, and the number of ground truth (GT) data points (GEDI samples or ALS pixels). We group the datasets by
resolution into two categories: Medium-to-High (≥HR) and Very High Resolution (VHR).

Dataset
access extent images height ground truth

code img GT scope surface sensor res. sensor res. samples
×103 km2 in m in m ×106

≥
H

R

Schwartz [61] ✗ ® Ó ® France 588 S1/S2 10 GEDI 25 90
Lang [35] ✔ � � Global 14k S2 10 GEDI 25 600
Potapov [50] ✗ ® Ó ® Global 150k Landsat 30 GEDI 25 372
Pauls [47] ✔ ® Ó ® Global 2621 S1/S2 10 GEDI 25 ®

V
H

R

Tolan [67] ✗ � � US 5.8 MAXAR 1.2 ALS+GEDI 1 5800
Wagner [70] ✗ � ® ® US 3.8 NAIP 0.6 ALS 1 3784
Liu [37] ✗ � ® ® Europe 700 Planet 3 ALS 3 77,777
Open-Canopy ✔ � � France 87 SPOT 6-7 1.5 ALS 1.5 38,876

� direct
download

� commercial

Ó
complex pre-
processing

�
special
access

®
no train
test split

S1 Sentinel-1

S2 Sentinel-2

Open-Canopy. To enable fair and reproducible evaluation
of canopy height prediction, we introduce Open-Canopy,
the first entirely open-access benchmark for VHR canopy
height estimation. Spanning over 87,000 km2 across France,
Open-Canopy combines SPOT 6-7 satellite imagery at 1.5m
panchromatic resolution with aerial LiDAR data at densities
superior to 10 points/m2, providing a rich dataset for train-
ing and evaluating machine learning models. Compared to
datasets with similar accessibility [35], Open-Canopy im-
proves the resolution by a factor of 6 for the input images
and a factor of 16 for the height supervision. Our dataset
is directly downloadable and comes with ready-to-use train-
ing splits and data loaders, making forestry research more
accessible than ever to computer vision researchers.

Open-Canopy-∆. In contrast to costly ALS measure-
ments, satellite imagery can be obtained annually or more of-
ten, enabling the dynamic estimation of canopy height. This
capability is especially important for both forest managers
and policymakers, illustrated by recent European regulations
[10] that restrict the import of products linked to deforesta-
tion. To address this need, we introduce Open-Canopy-∆,
a subset of Open-Canopy containing two consecutive ALS
acquisitions. This dataset allows us to formulate and bench-
mark the challenging task of detecting dense forest height
reductions, i.e. segmenting areas with significant canopy
height loss between two VHR satellite images.

Benchmarking Forest Analysis. Although existing stud-
ies [35, 37, 47, 50, 61, 70] predominantly evaluate UNet-
type architectures [57], predicting canopy height from a
single image presents a particularly challenging computer
vision task that differs from typical natural image analy-
sis settings. The satellite viewpoint deviates from conven-
tional depth estimation scenarios, the inclusion of the crucial
near-infrared band complicates the adaptation of RGB-based

foundation models, and capturing the intricate relationships
between tree radiometry, phylogeny, and allometry is dif-
ficult. In this paper, we evaluate a wide range of modern
architectures and models, identify their current limitations,
and present this task as a newly accessible, high-impact chal-
lenge for the computer vision community. Our contributions
are as follows:
• Open-Canopy: An open-access dataset for canopy height

estimation from VHR images with ALS annotations.
• Open-Canopy-∆: An open-access dataset for segmenting

canopy height reduction between two images.
• Benchmark: An evaluation of recent computer vision

architectures, foundation models, and forest products for
these two tasks.

2. Related Work
This section details existing datasets and methods for the
problem of canopy height estimation, grouped by annotation
type: GEDI or ALS. See Tab. 1 for an exhaustive comparison
of Open-Canopy with these datasets.

GEDI-Based Datasets. The Global Ecosystem Dynamics
Investigation (GEDI) mission consists of a LiDAR mounted
on the ISS and provides global canopy height measurements
with a footprint diameter of 25m [16]. GEDI captures a
set of spatially discrete full waveform echoes along paths
approximately 4km wide. Models trained with GEDI data
use it as a sparse and coarse supervisory signal to predict
canopy height from medium to high resolution imagery such
as Landsat images at 30m resolution (Potapov et al. [50]) or
Sentinel-2 at 10m resolution (Schwartz et al. [61], Pauls et al.
[47] and Lang et al. [35]). However, GEDI’s full waveform
LiDAR can exhibit registration errors of up to 10m [59].

ALS-Based Datasets. Aerial Laser Scanning (ALS) uses
low-flying aircraft equipped with LiDAR to create dense 3D
point clouds of the Earth’s surface. These systems typically
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capture data at resolutions ranging from 10 to 60 points per
square meter. This data is then rasterized along a high resolu-
tion grid, and used to estimate canopy height by subtracting
the lowest quantiles height (ground surface) from the height
of the highest quantiles (top of canopy). This allows the
computation of “true” height maps which are then used to
train models to predict canopy height from VHR images, at
scales such as 1.2m for Tolan et al. [67] and Wagner et al.
[70], and 3m for Liu et al. [37]. Open-Canopy uses ALS
data from the LiDAR-HD [28] program rasterized at 1.5m.

Canopy Height Estimation Models. Most canopy height
prediction models employ fully supervised UNets [57] for
their ease of use. The recent work by Tolan et al. [67] uses a
Vision Transformer (ViT) [15] pretrained in a self-supervised
fashion [46] on 18 million images without ALS height data.
In this paper, we benchmark a variety of modern deep learn-
ing architectures for dense prediction of VHR canopy height
from SPOT images, including Unet [57], Vision Transform-
ers (ViT) [15], and their hierarchical variants [9, 38, 71].
We also explore how their pretraining impacts their abil-
ity to adapt from vision-related problems to the completely
different task of canopy height estimation.

Canopy Height Change Estimation. As forests experience
rapid losses [24, 39], better understanding and monitoring
of forest dynamics is critical [40]. Although existing studies
have explored the long-term evolution of forests [49, 52,
73], they focus on environmental or phenological variables
and low-resolution (500m) images [55]. Models aiming
to detect forest changes from images generally operate at
medium or high resolution images(10-30m) [13, 17, 69].
Some work have explored the use of ALS [75] or drones [76],
but typically operate over small areas and do not provide
open-access data or code. To the best of our knowledge,
Open-Canopy-∆ is the first open-access VHR benchmark
for canopy height reduction detection with LiDAR-derived
ground truth.

Data Access Policies. The seven studies in Tab. 1 all pro-
vide open-access predicted canopy height maps and often
their trained models. However, only the work of Lang et
al. provides its code and direct download links for their pro-
cessed datasets. In contrast, the datasets used by Tolan et
al., Wagner et al., and Liu et al. involve commercial satellite
imagery or data that requires special access and cannot be
redistributed. Although GEDI, Sentinel, and Landsat data
are open-access, their preprocessing necessitates substantial
expertise [64, 66]. Except for the studies of Tolan et al. and
Lang et al., these works also do not specify their training
and testing splits, complicating their evaluation on external
datasets due to potential overlap. Like the study of Lang et
al., our data, code, splits, and models are freely available.
This transparency is crucial for advancing canopy height

val
train
test
buffer

(a) Splits
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Figure 2. Open-Canopy. Our training, validation, and test sets span the
French territory and use a 1km buffer (a). We provide VHR images at a 1.5
m resolution (b) and associated LiDAR-derived canopy height maps (c).

estimation as a mainstream application of vision models.

3. The Open-Canopy Benchmark
We introduce Open-Canopy, an open-access country-scale
benchmark for estimating canopy height at very high resolu-
tion. We first present our dataset (Sec. 3.1), then the models
evaluated (Sec. 3.2), and finally the results (Sec. 3.2) and
limitations (Sec. 3.4) of the benchmark.

3.1. Dataset Characteristics
We explain here the main characteristics of the dataset of the
Open-Canopy benchmark. We report a detailed description
of the dataset construction in the supplementary material.

Why Just France? France offers a unique opportunity
for developing an open-access, very high-resolution canopy
height benchmark due to recent national initiatives that have
made critical data sources publicly available under the open
EtaLab2.0 license [18]: (i) DINAMIS [14] provides SPOT
6-7 very high-resolution (VHR) satellite imagery covering
the entire French territory at a native panchromatic resolu-
tion of 1.5 m; and (ii) the LiDAR-HD project [28] offers
extensive airborne 3D point clouds with densities exceeding
10 points per square meter. While other countries provide
open-access ALS data [20, 45] and associated VHR images
[43, 44], they are local solutions. SPOT 6-7 images provide
consistent global coverage and make an excellent test bed
for estimating the relevance of meter-scale satellite imagery.
Moreover, the French metropolitan territory exhibits a wide
range of climates—12 of the 18 Köppen-Geiger climate
types found in continental Europe [48], including temperate,
Mediterranean, and Alpine environments. The French forest
inventory lists 190 distinct tree species [27]. While models
trained on the Open-Canopy dataset may not generalize glob-
ally, their performance within Europe is likely to be robust
given this environmental diversity.
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Preprocessing. We have compiled over 100,000 km2 of data
from different providers. Despite advancements in geo li-
braries and government APIs, downloading, processing, and
curating data required manual intervention, the development
of custom functions, and significant computation. Deriving
the canopy height from the ALS 3D point clouds alone took
over 100 hours of continuous computation on a dedicated
cluster with 70 CPUs.

Extent and Splits. We selected 87,383 tiles across France,
each measuring 1 × 1 km2. We divided the dataset into
training (66 339km2 ), validation (7 369km2), and test sets
(13 675km2). We added a 1 km buffer (8 046km2) between
the test split and other splits to avoid data contamination,
and ensured a representative distribution of each split among
all bioclimatic regions of France [1].

VHR Satellite Images. As illustrated in Fig. 2(b), we use
orthorectified SPOT 6-7 images [62, 72] from DINAMIS
[14] with four spectral bands: red, green, blue, and near-
infrared at a resolution of 6m, and a panchromatic band
at a resolution of 1.5m. We apply pansharpening with the
weighted Brovey algorithm [23] to upsample all four spectral
bands to a resolution of 1.5m. We select images from the
same year as the corresponding ALS acquisition campaign,
in 2021, 2022 and 2023.

ALS-Based Canopy Height. As depicted in Fig. 2(c), we
use ALS data from the LiDAR-HD project [28] between
2021 and 2023, which provides a minimum density of 10
points per m2. The canopy height maps are calculated at the
same resolution as the VHR images by taking the maximum
height difference between each point and its nearest ground
point within each pixel. We interpolate ground height when
necessary to be robust to very dense canopies. As described
in the supplementary material, we validated the obtained
canopy height maps by comparing them at both plot and
tree-level with extensive in-situ measurements.

Vegetation Mask. As illustrated in Fig. 3, we construct a
comprehensive vegetation mask by taking the union of the
ALS-derived mask indicating vegetation over 1.5m in height,
with official forest plots outlines, both provided by IGN
[28, 29]. The resulting vegetation mask, covering 49% of
the dataset, contains trees and shrubs both within forest plots
and in other areas such as hedges and urban environments.
This offers a more comprehensive evaluation area than the
traditionally used forest boundaries [61].

3.2. Evaluated Models

We evaluate different state-of-the-art computer vision ap-
proaches for canopy height estimation from a single VHR
satellite image with 4 spectral bands. We list below the
selected models and how we adapted them to our task.

(a) ALS Mask

NN

250m250m

(b) Forest Outline (c) Our Mask
;

(d) VHR image

Figure 3. Vegetation Mask. We combine an ALS-derived vegetation mask
(a) with official forest outlines (b) to build a pixel-precise mask (c) covering
a wide range of vegetation types, as seen in the VHR image (d).

Selected Models. Given the ubiquity of convolutional mod-
els for canopy height estimation, we evaluate the UNet [57]
and DeepLabv3 [7] architectures. We select Vision Trans-
formers (ViT) and their convolutional-hybrid variant (HViT)
[15], as they recently became standard in computer vision.
We also explore hierarchical ViT architectures such as SWIN
[38], PCPVT [9], and PVTv2 [71].

To assess the impact of pretraining, we include models pre-
trained on ImageNet [56, 56], but also large external datasets
such as DinoV2 [46] and CLIP-OPENAI [53]. We also
consider the ScaleMAE [54] model, pretrained on satellite
imagery of various resolutions, and Tolan et al.’s model [67]
for canopy height estimation from RGB images.

Adaptating Models. We adapt the architecture of the con-
sidered models, originally designed for the semantic seg-
mentation of RGB images, to our setting. To handle the
near-infrared channel, we change their input size from 3 to
4. We retain the pretrained weights related to RGB, and ini-
tialize the near-infrared channel weights with small random
values drawn from a normal distribution N (0, 0.01). We use
a transposed convolution as a decoder to predict continuous
canopy heights and use the L1 norm as a loss function.

Dataloader and Evaluation. During training, we sample
random tiles of size 224×224 pixels with data augmentation:
random scaling from 0.5 to 2, and rotations 0, 90, 180, or
270◦). For inference, we sample tiles on a regular grid of
112 pixels, and only keep the center half of each prediction
of size 224×224. We train our model to predict the canopy
height for all pixels, which may not correspond to vegetation.
However, we only compute the evaluation metrics for pixels
within the vegetation mask described in Sec. 3.1.

Parameters and Resources. We use a batch size of 64 and
the ADAM optimizer [33] with a learning rate of 10−3, a
linear warm-up of 1 epoch, and a ReduceLROnPlateau sched-
uler [2] with a patience of 1 and a decay of 0.5. We perform
early stopping with a patience of 3. These hyperparameters
were selected by considering their impact on the UNet and
ViT models. Reproducing all our experiments requires 1400
GPU-h with A100 GPUs. We estimate our hyperparameters
search and initial experiments to 2000 GPU-h.
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Table 2. Canopy Height Prediction Models. We benchmark several backbone models for the task of predicting the canopy height of each pixel from a single
satellite image. All models are pretrained on vision datasets and fine-tuned on our training set.

Model pretraining MAE nMAE RMSE Bias Tree cov.
in m in % in m in m IoU in %

UNet4 [57] ImageNet1k [58] 2.67 23.8 4.18 -0.30 90.4
DeepLabv31 [7] ImageNet1k [58] 3.18 28.4 4.83 -0.26 88.0

ViT-B3 [15] ImageNet21k [7] 4.26 37.8 6.06 -0.84 86.0
HVIT3 [15] ImageNet21k [7] 2.65 24.0 4.18 -0.13 90.2
PCPVT3 [9] ImageNet1k [7] 2.57 23.1 4.06 -0.17 90.4
SWIN3 [38] ImageNet21k [7] 2.54 22.8 4.00 -0.11 90.5
PVTv23 [71] ImageNet1k [7] 2.52 22.9 4.02 0.00 90.5

ScaleMAE 5 [54] FotM [8] 3.45 31.2 5.13 -0,48 88,2
ViT-B3 [15] DINOv2[46] 4.84 43.2 6.68 -0.48 84.8
ViT-B2 [15] CLIP_OPENAI [53] 2.87 25.9 4.43 -0.07 89.7
ViT-L6 [15] Tolan[67] 4.46 38.9 6.27 -1.03 85.6
SWIN 3 [38] Satlas-pretrained [5] 2.56 23.1 4.09 0.02 90.6

1pytorch.org/vision 2huggingface.co/laion 3timm.fast.ai/ 4github.com/qubvel/segmentation_models.pytorch
5github.com/bair-climate-initiative/scale-mae 6github.com/facebookresearch/HighResCanopyHeight

3.3. Results and Analysis

We evaluate recent vision models in Tab. 2, as well as the
accuracy of existing canopy height maps in Tab. 3.

Metrics. We evaluate the performance of canopy height esti-
mation models with five metrics: Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), normalized MAE
(nMAE)—which normalizes the absolute error by the tar-
get height, Bias—the error averaged across the test set, and
Intersection over Union (IoU) for Tree Cover predictions.
The tree cover IoU is calculated by comparing binary maps
generated by thresholding both ground truth and predicted
height maps at a 2m threshold. All metrics are computed
only on pixels within the vegetation mask and with ground
truth height below 60m. The nMAE is calculated only for
pixels with ground truth heights above 2m.

Analysis. We report the quantitative performance of all
evaluated backbones in Tab. 2, and selected illustrations in
Fig. 4. We make the following observations:
• Impact of Backbones. Contrary to trends in natural im-

age analysis, convolution-based approaches (UNet, HVIT)
outperform ViTs, indicating that convolutions can more
efficiently extract relevant local features than linear pro-
jections. However, hierarchical ViTs (SWIN, PCPVT,
PVTv2) achieve the highest precision, underscoring the
multi-scale structure of the task.

• Impact of Pretraining. Interestingly, models pre-trained
on ImageNet (UNet, PVTv2) perform better than foun-
dation models trained on extensive databases of natural
images (CLIP, DINO). These models do not generalize
well to canopy height estimation, likely due to differences
in viewpoint, task specificity, data type, and available spec-
tral bands. Pre-training on satellite images does not either
improve performance: a SWIN model pre-trained on the
SATLAS dataset achieves similar performance as when
pre-trained on ImageNet, while ScaleMAE, and Tolan et
al.’s ViT [67] do not adapt well to our task. We hypoth-
esize that this is due to the spatial domain shift and the
fact that they are trained without the near-infrared chan-
nel. See the ablation experiments in the supplementary

N

250m

(a) VHR image (b) ALS-derived height (c) Vit-B Error, MAE= 8.0 (d) PVTv2 Error, MAE= 3.9
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20m
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40m

Figure 4. Difference Maps: Per-pixel absolute (top row) and relative (bottom row) errors for ViT-B and PVTv2. PVT2 predictions are more precise with
errors mostly under 10m while Unet mispredict a lot of tree by more than 20m
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Table 3. Canopy Height Maps Evaluation. We evaluate several available canopy height map products on our test set.

Map Backbone res. MAE nMAE RMSE Bias Tree cov.
in m in m in % in m in m IoU in %

Potapov [50] UNet 30 6.27 58.1 8.68 1.79 78.0
Schwartz [60, 61] UNet 10 5.17 42.7 7.20 3.37 76.8
Lang [35] CNN 10 9.22 89.5 17.14 8.40 77.4
Pauls [47] UNet 10 6.70 58.3 8.65 5.22 76.8

Liu [37] UNet 3.0 4.83 46.6 6.90 1.56 84.1
Tolan [67] ViT-L 1.0 5.07 43.7 7.15 -2.95 78.8

Open-Canopy UNet 1.5 2.67 23.8 4.18 -0.30 90.4
Open-Canopy PVTv2 1.5 2.52 22.9 4.02 0.00 90.5

material for additional analysis.
• Overall Performance. The methods assessed in this

benchmark exhibit commendable results, achieving tree
cover detection with over 90% IoU and an nMAE of
around 20% for the best-performing models. However,
we argue that there exists a significant margin of improve-
ment, in particular for transferring foundation models to
our setting.

Impact of Initialization. We report in Tab. 4 the per-
formance of PVTv2 trained on ImageNet1k, our best per-
forming model, when fine-tuned with different initialization
strategies to accommodate the fourth near-infrared channel.
Fully random initialization leads to poor performance, which
shows that Open-Canopy is not large enough to train a ViT
from scratch. LoRA [25] adaptation adapts better to the new
channel, but fine-tuning all weights with a random first layer
leads to significantly better results. Our proposed initial-
ization scheme further improves the results by allowing the
network to gradually accommodate the new channel.

Comparison with Existing Maps. In Tab. 3, we evaluate
the precision of canopy height maps generated by UNet
and PVTv2 networks trained on the Open-Canopy dataset
against those from other research that we interpolate to a
resolution of 1.5m per pixel. With the caveats on the fair-
ness of the comparison mentioned in Sec. 3.4, our maps
achieve significantly better precision. The low performance
of models derived from low-resolution imagery is expected,
as they are trained to estimate tree height at a different reso-
lution. Among the ALS-based methods, Liu et al.’s model
performs best, likely due to its training data from Europe,
which differs from Tolan et al.’s training in the continental
US. Moreover, the Tolan et al. model relies solely on RGB
data, while the inclusion of near-infrared is proven to be
highly discriminative for vegetation analysis [6]. In Fig. 5,
we report error plots across various vegetation height bins,
highlighting that the PVTv2 model trained on Open-Canopy
exhibits significantly lower bias and superior performance,

Table 4. Initialisation Strategy. We evaluate different training strategy for
a PVTv2 model trained on ImageNet1k.

Initialization MAE nMAE RMSE Bias
in m in % in m in m

Fully random 11.17 85.77 14.38 -10.94
LoRA (rank 4) 4.54 40.79 6.42 -0.37
Rand. 1st layer 2.87 24.3 4.24 -0.04
Proposed 2.52 22.9 4.02 0.00

especially in areas with tall trees.

Out-of-domain Evaluation. To assess the spatial gener-
alization of models trained on Open-Canopy, we collected
SPOT 6-7 satellite imagery (with DINAMIS [14]) and aerial
VHR images (through NAIP [43]) for a 30km2 area in Utah,
United States. We used as ground truth the ALS-based
canopy height map provided by NEON on site REDB [20].
As detailed in Tab. 5, a PVTv2 model trained on Open-
Canopy and applied to the SPOT image achieves perfor-
mance comparable to Tolan et al.’s height map derived from
MAXAR 0.6m imagery [67], despite their model being pre-
dominantly trained on data from the continental US. This
demonstrates the robustness of models trained on Open-
Canopy to evaluation outside of France.
We resampled NAIP aerial images to 1.5m resolution and
normalized them with histogram matching to the global spec-
tral distribution of the entire Open-Canopy dataset. Evalu-
ated on these images, the performance of the PVTv2 model
decreases starkly, highlighting its dependency on SPOT data.

3.4. Limitations

While Open-Canopy represents a significant advancement
in providing an open-access VHR benchmark for canopy
height estimation, it has several limitations.
• Constraints of Open-Access: Only using freely dis-

tributable sources limits the extent as well as the spatial
and temporal resolution of available data. Acquiring and
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Table 5. Out-of-Domain Evaluation. We evaluate different models on a 30km2 area in Utah, US. We compare the height map of Tolan et al. [67] to a
PVTv2 model trained on Open Canopy with SPOT6-7 data or NAIP images.

Input data Training MAE nMAE RMSE Bias Tree cov.
area in m in % in m in m IoU in %

Tolan Map [67] MAXAR US 2.02 47.4 3.58 0.57 70.5

PVTv2 NAIP OpenCanopy 4.38 71.0 6.42 2.78 49.6
PVTv2 SPOT 6-7 OpenCanopy 2.08 33.9 3.20 0.90 61.8
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Figure 5. Distribution of Error According to Ground Truth Canopy Height. We evaluate a PVTv2 model trained on Open-Canopy and different canopy
height map products.

distributing ALS and VHR satellite images at large scale
is cost-prohibitive: Open-Canopy would cost millions of
dollars to reproduce with commercial data.

• Geographic Scope: Although metropolitan France offers
a unique combination of open-access data and diverse
landscapes, it lacks critical forest types such as rainforests.
This absence may affect the generalizability of models
trained on Open-Canopy.

• Limits of ALS: Our ground-truth canopy heights are
derived from aerial LiDAR measurements, which can con-
tain errors due to factors like multiple echoes. Although
we estimate these errors with in-situ measurements (see
the supplementary material), they cannot be entirely elim-
inated. Additionally, while the freely distributable SPOT
6-7 images are captured during spring and summer, the
LiDAR measurements span all seasons.

• Comparison with Other Products. Our evaluation of
other canopy height maps is subject to limitations: (i) un-
known training sets for some models might lead to data
contamination, (ii) interpolation might distort results, (iii)
forest losses and gains happening between the images
and ALS acquisitions can affect performance, (iv) maps
derived at lower resolution are trained to predict the max-
imum canopy height in larger pixels, which bias them
to higher values. To address these issues, we provide
additional experiments in the supplementary material.

4. Open-Canopy-∆
We present Open-Canopy-∆, a benchmark for canopy height
reduction detection between consecutive VHR images. We
describe the dataset in Sec. 4.1 and our results in Sec. 4.2.

4.1. Dataset Characteristics

Extent and Context. Open-Canopy-∆ focuses on the Forêt
de Chantilly, a declining forest due to climate change and
of high concern for conservationists [12]. We consider two
ALS acquisitions in February 2022 [28] and September 2023
[12], allowing us to build two consecutive canopy height
maps and collect corresponding SPOT 6-7 satellite images.
The studied area spans 16, 634 hectares and is strictly com-
prised in the test set of Open-Canopy, not overlaping with
the training set.

Processing. We generated a rasterized canopy change map
by subtracting the ALS-based height map of 2022 from
the map of 2023. Significant decreases in canopy height
can result from various forest disturbance events such as
fires, logging, diebacks, or maintenance activities. However,
minor changes due to seasonal growth cycles, wind, or sensor
errors can introduce noise. To create robust binary loss
masks, we focused on areas with substantial, localized, and
consistent decreases in canopy height. The processing steps
involve: (i) selecting pixels with a height loss exceeding 15m,
(ii) applying erosion and dilation operators using a 3-pixel
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Figure 6. Canopy Height Reduction. We consider VHR images taken in the Chantilly Forest taken in 2022 (a) and 2023 (f), and use ALS observations of
the same years to derive a canopy height change map (b). We represent the change map predicted by a PVTv2 model (c) and two competing approaches:
Sentinel-derived maps from Schwartz et al. [61] (d) and Global Forest Change [24] (c). Finally, we compare the binary loss masks derived from ALS
measurements (g) and the predicted change maps (i),(h),(j).

kernel to regularize the binary masks, and (iii) removing
connected components smaller than 200m2. Each of the
resulting 73 change areas was manually validated by a forest
expert, ensuring the quality and accuracy of the benchmark.
We assigned zero values to false positive in the ALS change
map. Illustrations, detailed explanations of hyperparameter
choices and verification processes are provided in Fig. 6 and
the supplementary material.

4.2. Results and Analysis

We evaluate different approaches for detecting significant
canopy height reductions between two VHR images, a task
which holds significant applications in forestry management
and deforestation monitoring.

Setting. We provide each model images from 2022 and
2023 and generate two canopy height maps. We obtain a
change map by taking the difference. We do not directly
compare the ALS-derived and predicted change maps, as the
estimation error of canopy height can be larger than normal
tree growth. Instead, we apply the preprocessing described
in Sec. 4.1 to produce a binary mask of predicted canopy
height change. We evaluate the predicted canopy height loss
masks by computing the pixel-wise Precision, Recall, F1
score, and IoU with respect to the ALS-derived masks.

Results. We compare height loss masks obtained with
a PVTv2 model trained on Open-Canopy with those de-
rived from height maps provided by [61] and Global Forest
Change [24]. As detailed in Tab. 6, our model achieves
significantly better performance than other methods. Fig. 6

Table 6. Forest Loss Mask Evaluation. We evaluate our best model
(PVTv2) for the task of canopy height reduction detection.

Precision Recall F1 score IoU
(%) (%) (%) (%)

Schwartz [61] 63.5 3.2 6.0 3.1
GFC [24] 0.9 11.1 1.7 0.8

PVTv2 (ours) 53.8 54.3 54.1 37.0

illustrates that while our predicted loss masks do not per-
fectly align with the ground truth maps, the consistency of
our predictions suggests their potential utility in detecting
significant year-to-year changes.

5. Conclusion

We introduced Open-Canopy, an open-access country-scale
benchmark combining VHR satellite imagery with ALS-
derived canopy height measurements. We evaluated multiple
state-of-the-art computer vision models for canopy height
estimation. Despite the dominance of convolutional net-
works in prior works, our findings suggest that transformer-
based architectures exhibit superior performance. We also
proposed Open-Canopy-∆, a benchmark for canopy height
reduction detection in consecutive observations, a difficult
task, even for the best-performing models. We hope that our
open-access benchmarks will encourage the computer vision
community to further explore canopy height estimation as
a standard task for evaluating new architectures and inspire
forestry experts to design bespoke architectures.
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