Open-Canopy: Towards Very High Resolution Forest Monitoring

Supplementary Material

We present additional results, analyses, and experiments
to support our study. First, we detail our validation of the
ground truth using terrain measurements and manual verifi-
cations in Sec. A. Next, we provide further results in Sec. B,
including new analyses, qualitative illustrations, and experi-
mental settings. We then conduct a detailed ablation study in
Sec. C to examine the influence of key hyperparameters and
design choices. Additionally, we offer a comprehensive de-
scription of the dataset and its construction in Sec. D. Finally,
we provide the Datasheet for Dataset [1] for our benchmark.

A. Validation with Field Measurements

Ensuring the accuracy of our ground truth data is crucial for
the validity of any computer vision benchmark. While the
ALS data from LIDAR-HD have been calibrated and vali-
dated internally by the French Mapping Agency (IGN) using
plots annotated by the National Forest Office (ONF), we
performed additional manual verifications to further confirm
their reliability, performed at plot-level and tree-level.

Focused Plot-Level Assessment. We sourced measure-
ments from 135 plots, each with a 15 m radius, across the
Vosges region. These plots were measured in the field by
forestry experts from the National Forest Inventory (INF)
within two years of the ALS acquisition. For each plot, we
compared the height of the tallest tree measured in situ with
the maximum canopy height in the plot as estimated by the
ALS data and predicted by our best-performing computer
vision model (PVTv2). As shown in Fig. A and detailed
in Fig. A, the ALS-derived heights exhibit smaller errors
compared to our model’s estimates and align closely with
the field measurements. This validation confirms the suit-
ability of the ALS data as ground truth for our open-access
benchmark.

Country-Scale Plot Assessment. To evaluate performance
at a national scale, we extended our assessment to 5,323 plots
spanning the entire French metropolitan territory. Because
this coverage exceeds the current ALS coverage of France,
we only compare the best model’s predictions against field
measurements. As illustrated in Fig. B, the strong corre-
lation between predictions and measurements confirms the
model’s accuracy with an alternative reference. We also
report metrics comparing the algorithm’s outputs against
both ALS ground truth and manual field measurements. The
agreement between these two ground truths further validates
our experimental evaluation protocol.

Tree-Level Assessment. We extended our validation to
the individual tree level using data provided by the ONF,
consisting of 44 geolocated trees in the Grand Est region.
For each tree, we compared the measured height with the
highest estimated or predicted height within a 1.5 m radius
around the tree’s center. The metrics presented in Tab. A
corroborate the plot-level findings, further validating the
ALS-derived heights. This validation process emphasizes
the reliability of our ground truth data, which is essential
for advancing computer vision methods in canopy height
estimation.

Change Dataset Curation. To ensure the quality and ac-
curacy of the Open-Canopy-A benchmark, we conducted a
thorough manual validation of the dieback areas constitut-
ing its ground truth. As detailed in Section 4.1, each of the
73 change areas was carefully examined and validated by a
forest expert. This meticulous process guarantees the relia-
bility of the dataset for challenging computer vision tasks
involving canopy height change detection. An example of
visual annotation from this validation process is shown in
Fig. D. Some false positives were identified, likely due to
selective logging activities occurring between the ALS and
SPOT acquisitions within the same year.

B. Additional Results

We present several additional analyses of the performance
of our models. First, we provide additional qualitative illus-
trations in Sec. B.1. Then, we offer a detailed analysis of
how tree height influences the quality of the results Sec. B.2.
Finally, we re-evaluate our models and other products at
different resolutions (Sec. B.3), providing a fair comparison
in settings more advantageous to coarser predictions.

B.1. Qualitative Illustrations

We provide here additional illustrations for qualitative as-
sessment.

Canopy Height Fig. C showcases a comparison between
the ALS-derived canopy height map and the height map
predicted by our model using SPOT images. Our model
demonstrates the ability to accurately estimate vegetation
height across a variety of challenging scenarios:
* Mountainous Areas (first row): Capturing complex
terrain and varied vegetation.
* Agricultural Lands (second row): Detecting small
hedges and understory vegetation.
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Figure A. Plot-Level Quantitative Evaluation. We compare the plot-wise maximum heights as measured through ALS or predicted by a PVTv2 model
against the manual field measurements.
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Figure B. Country-Scale Plot-Level Evaluation. Left, we compare the plot-wise performance of our best model compared to field measurement maximum
heights. Right, we compare the precision of the model when measured against canopy height derived from ALS or field measurements. This study is
performed for 5323 plots spread across France.

* Dense Forests (rows 3 and 4): Handling thick canopy ¢ Mixed Scenes (rows 6 and 7): Managing heteroge-
cover and shadowed regions. neous landscapes with multiple land cover types.
* Urban Environments (row 5): Distinguishing trees The high spatial resolution of our predictions not only cap-

amidst buildings and infrastructure. tures fine-grained details but also enables the identification
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Figure C. Canopy Height Estimation Illustrations. We select seven areas of interest and represent the available VHR image ((1)), the vegetation mask used
for evaluation ((2)), the ground truth ALS-derived height map ((3)), and the height map estimated with PVTv2 model from the VHR image ((4)). Scale and

orientation are shared across all subfigures.



Table A. Tree-Level Quantitative Evaluation. We compare the precision of ALS and a PVTv2 model when taking the field measurements as ground truth.

MAE (m) nMAE (%) RMSE (m) Bias (m)
ALS vs Field measurements 1.45 6.7 2.0 0.22
PVTv2 vs Field measurements 4.0 154 5.1 -3.2
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Figure D. Visual Validation of Change Components: Example of a pair of successive VHR images and the corresponding change maps (derived from
differences in ALS-based canopy height). We highlight the contours of the change masks validated by forestry experts through visual inspection.

of man-made features such as forest paths, which are crucial
for forest management applications.

We further compare the performance of three models in-
Fig. E: a standard Vision Transformer (ViT) and two hierar-
chical models, PVTv2 and SWIN. The hierarchical models
exhibit significantly lower errors, which corroborates our
quantiative results.

Canopy Height Change We provide additional illustra-
tions of height change detection in Fig. F. While our model
tends to over predict small growth or loss of canopy height,
the areas of strong disturbances—as denoted by our smoothed
and filtered binary change maps—are overall well detected
and delineated. Our illustration covers areas of dense forests
(first row) and mixed scenes (row 2 and 3). Our method can
detect disturbances such as clear and selective cuts.

Note that the Sentinel-derived height maps for 2022 and
2023 were provided by the authors of [2], as only the map
for 2020 is available online.

B.2. Influence of Tree Height

We analyzed the performance of our canopy height estima-
tion model across different ranges of true tree heights to
understand how tree height influences prediction accuracy.

The results are summarized in Tab. B.
¢ Note that the nMAE (normalized Mean Absolute Er-
ror) is computed for all ranges as the average of the

pixel-wise normalized absolute error:

j (Ztrue Zpred)j .

nMAE = ———;
1 + ZLrue

(A)
where Zye and Zpeq are respectively the ALS-derived
and predicted height for a given pixel. The additional
1 term in the denominator makes this measure more
robust for pixels corresponding to low vegetation.

* When computing the nMAE for the overall range of
0-60 m, we exclude the 0-2 m bin. This exclusion
is necessary because values in this range can produce
disproportionately large errors due to the normaliza-
tion, which can dominate the metric and skew the
results. Additionally, including this bin may unfairly
disadvantage models with lower spatial resolutions
that aim to predict the highest value within larger pix-
els, potentially overlapping with bare soil at higher
resolutions.

As shown in Tab. B by the bias of our model for different

ranges, our model tends to over-predict the height of small

trees and under-predict the height of tall trees. While the
average error is higher for larger trees, our model has the

lowest nMAE for the 20-30m range, with a value of 12:1%.

B.3. Evaluation at a resolution of 10m

To provide a fair comparison with models predicting canopy
height at a 10 m resolution, we resampled both our ground
truth and predicted height maps to a 10 m grid and re-
evaluated all available models. We performed this by aggre-
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Figure E. Difference Maps: Per-pixel absolute (top row) and relative (bottom row) errors for three models: ViT-B, PVTv2, and SWIN. While the differences
between PVTV2 and SWIN are subtle (approximately 20cm on average), the advantage of these models over ViT-B is visible.

Table B. Canopy Height Prediction Per Height Bins. We report the metrics for different bins of true tree height for the PVTv2[3] model.

Range in m 0-2 2-5 5-10 10-15 15-20  20-30  30-60 0-60
MAE in m 1.67 2.29 2.65 2.70 2.61 3.00 5.52 2.52
nMAE in % 138.8 53.6 32.1 20.3 14.3 12.1 16.0 229
RMSE in m 4.31 3.67 3.69 3.60 3.53 4.19 7.56 4.02
Biasin m 1.49 0.87 0.65 0.21 -0.42 -1.90 -5.31 0.00
Tree cov. IoU (%) - 72.6 96.5 99.3 99.7 99.8 99.6 90.5

gating the higher-resolution data as follows:

For each 10 m pixel, we took the maximum value from the
overlapping 1.5 m pixels. This approach is equivalent to
rasterizing the full ALS 3D point cloud directly onto a 10 m
grid. Taking the maximum value aligns with models trained
to predict metrics like GEDI RH100 or RH95 (relative height
at the 100th or 95th percentile), which represent the tallest
canopy elements within a pixel.

We report the results in Tab. C, and observe a similar or-
dering than in Table 3 of the main paper. All methods see
improved metrics as the problem is simpler, except for Tolan
et al. In particular, the tree coverage problem becomes sig-
nificantly easier at this resolution, with all 10 m-resolution
methods nearing 90% IoU. Note that the height map of [8]
at a resolution of 3m was provided directly by the authors
and is not available online.

C. Ablation Study

We propose an analysis of the influence of several of our
hyperparameters and design choices.

C.1. Parameters of the Change Detection

We evaluate how different configurations of the ground truth
binary change map affect canopy height change detection.
Specifically, we examine: (i) Minimum Height Difference:
The threshold for considering a pixel as having a significant
change in canopy height; (ii) Minimum Contiguous Change
Area: The smallest area of connected changed pixels consid-
ered significant.

Tab. D presents the IoU metrics for various combinations of
these parameters. Naturally, focusing on larger change areas
simplifies the detection problem due to reduced complexity.
The influence of the minimum tree height change threshold
is less straightforward; higher thresholds require precise de-
tection of significant height reductions, which can be more
challenging. Our chosen parameters—15 m minimum height
difference and 200 m? minimum change area—represent
changes that are visually detectable between images (see
Fig. F), providing a realistic yet challenging task for com-
puter vision models. 01

C.2. Impact of Initialization Strategy

We provide in Tab. E the results of ablation experiments. We
evaluate the impact of omitting the near infrared (NIR) band



Table C. Canopy Height Prediction at 10m resolution. We resample all ground truth and predicted maps on a 10 m grid.

Initial res. MAE nMAE RMSE Bias Tree cov.
Map Backbone . . . . . .
in m in m in % in m in m ToU in %
Potapov [4] UNet 30 6.17 44.6 8.33 -3.31 80.2
Schwartz [2, 5] UNet 10 4.00 26.9 5.28 -1.38 90.1
Lang [6] CNN 10 8.64 92.9 29.25 6.27 90.1
Pauls [7] UNet 10 4.59 32.9 5.96 0.34 90.1
Liu [8] UNet 3.0 4.58 37.4 10.97 -1.26 88.2
Tolan [9] ViT-L 1.0 6.10 42.1 7.95 -5.37 81.6
Open-Canopy ~ UNet 1.5 2.72 19.0 3.95 -2.06 93.4
Open-Canopy PVTv2 1.5 2.42 17.6 3.57 -1.69 93.3

Table D. Canopy Height Change Detection We compute the IoU metric (in %) for various minimum height difference (row, in m) and minimum contiguous
area of change (column, in m?). The values chosen in the benchmark are underlined.

min
surf 2 2 2 2 2 2
min 10 m 25 m 100 m* 200 m 300 m“ 400 m
diff
-Sm
-10 m 17:1 17:9 22:6 23:6 25:1 28:7
-15m 22:1 23:4 28:8
-20 m 18:9 20:2 31:4 31:8 31:5

from input images. We can see in Tab. E that removing the
NIR channel from input images decreases the performance
for both UNet and PVTv2 backbones. Moreover, we as-
sess various initialization strategies for fine-tuning networks
initially trained only on RGB data to accommodate an ad-
ditional NIR channel. Those include training from scratch,
randomizing the first layer, and using LoRa. In Fig. J we
show the results for different LoRa ranks and show only the

best rank (32) in Tab. E. We see a clear benefit in using our
proposed initialization scheme.

D. Dataset description

We describe here in details the dataset used in Open-Canopy
and provide information about its constitution.

Table E. Ablation Study. We evaluate the impact of omitting the NIR channel from input images and assess various initialization strategies for fine-tuning
networks initially trained only on RGB data to accommodate an additional NIR channel.

MAE (m) nMAE (%) RMSE (m) Bias (m)
Channels backbone pretraining
RGB UNet ImageNet1 K 2.77 24.8 4.34 -0.17
RGB+IR UNet ImageNetl1K 2.67 23.8 4.18 -0.30
RGB PVTv2 ImageNet1K 3.73 32.6 5.53 -0.50
RGB+IR PVTv2 ImageNet1K 2.52 229 4.02 0.00
Initialization backbone pretraining
Fully random 11.17 85.77 14.38 -10.94
Rand. Ist layer 2.87 243 4.24 -0.04
LoRA (rank 32) PYTv2 ~ ImageNetlK 3¢, 328 5.40 0.27
Proposed 2.52 229 4.02 0.00




D.1. Access

* The dataset and model weights are hosted at [URL]
with download and usage instructions at [URL].

* The data is governed by the Open License 2.0 of
Etalab (https://www.etalab.gouv.fr/wp-

content/uploads/2018/11/open-licence.

pdf).
* Codes for data preprocessing, training models and
evaluation are available at [URL].

D.2. Statistics

We provide here the additional details on the dataset.

* Compositing: Our dataset relies on DINAMIS, which
provides one SPOT image per location each year. The
LiDAR-HD supplies a single airborne LiDAR acquisi-
tion per area across the entire country. Consequently,
no compositing is needed.

* Pairing SPOT and ALS: We pair SPOT and LiDAR
data from the same year to create height annotations,
resulting in a median difference of 61 days. We pro-
vide in Fig. G the temporal distribution of acquisitions.

* Data Distribution: Each tile represented in Fig 2 is
entirely featured in our dataset. The spatial distribu-
tion of canopy heights and tree covers per tiles are
illustrated in Fig. H and Fig. L.

D.3. Composition

We describe here the organization of the dataset. See Sec-
tion E for details on how the dataset was prepared.
The dataset is organized in the following way:

* The folder canopy_height contains data for canopy
height estimation.

« The folder canopy_height_change contains data
for canopy height change estimation.

The composition of the canopy__height folder is the fol-
lowing:

» The file geometries.geojson stores a list of
95,429 1km? square geolocated geometries, giving
access to the splits of the dataset. It can be loaded
using the python package geopandas '. Each ge-
ometry designates either a train, validation, test or
buffer area. This information is stored in the column
split. There are 8,046 buffer tiles, 66,339 train
tiles, 7,369 validation tiles and 13,675 test tiles. Ad-
ditionally, each geometry is associated to a year (cor-
responding to the year of the corresponding LiDAR
acquisition), stored in the column I'idar_year.

* The file forest_mask.parquet stores geolocated
geometries of forests’ outlines. It can be loaded using
the python package geopandas. The parquet format is
used to accelerate loading time.

I https://geopandas.org/en/stable/

Each folder 2021, 2022 and 2023 contains three files:

— spot.vrtis a geolocalized virtual file that gives ac-
cess to SPOT 6-7 images stored in the subfolder
sSpot. It can be accessed through Qgis software
2 or python rasterio library 3 for instance. It has
the same extent as the geometries of the associ-
ated year.

— Similarly 1 idar.vrt gives access to ALS-derived
(LiDAR) canopy height maps stored in the sub-
folder Hidar.

— Similarly lidar_classification.vrtgives
access to classification rasters stored in the sub-
folder lidar_classification.

The composition of the canopy_height_change folder
is the following:

The file spot_1.tiT is a geolocalized image ex-
tracted from SPOT 6-7 images in the year 2022 in the
area of Chantilly, France.

The file spot_2.tif is a geolocalized image ex-
tracted from SPOT 6-7 images in the year 2023 in the
area of Chantilly (France).

The file I idar_1.tiFisageolocalized ALS-derived
height map in the year 2022 in the area of Chantilly
(France), derived from LiDAR HD [10].

The file lidar_2_m_tif is a geolocalized ALS-
derived height map in the year 2023 in the area of
Chantilly (France), provided by [11], at a resolution of
1m, with height in meters, and covering only forests.
The file predictions_1_m.tiFisa geolocalized
height map predicted by a PVTv2 model in 2022 in
the area of Chantilly (France), in meter unit.

The file predictions_2_m._tiTisa geolocalized
height map predicted by a PVTv2 model in 2023 in
the area of Chantilly (France), in meter unit.

The file lidar_classification._tifisan ALS-
derived classification raster in 2022 in the area of
Chantilly (France).

Additionally, files that follow the following pattern
*_masked. tif designate images masked on the ex-
tent of the available ALS data for 2023.

The file change_mask_delta_15 surface_200
annotated.geojson can be loaded with geopan-
das and gives access to geometries detected as "change"
for a minimum height difference of 15m and a min-
imum surface of 200m. We also provide manual an-
notations of detections in the column "Rating", where
"true" indicates a true positive and "false" a false posi-
tive.

2https - / / www . qgis . org / en / site/3
3 https://rasterio.readthedocs. io/en/stable/
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Figure F. Canopy Height Change. We consider VHR images taken in 2022 and 2023 in Chantilly Forest: (1) and (5), and use ALS observations of the same
years to derive a canopy height change map (2). We compare this map to the ones predicted by a PVTv2 model (3) and by a model from Schwartz et al.
trained on Sentinel data [2]. We also compare the binary change masks derived from ALS measurements (6) and from predicted change maps: (7) and (8).
Scale and orientation are shared across all subfigures.
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