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1 DRIFT Dataset Details

Tree counts. For Denmark, the subset was built from the predictions of |11].
Due to the relatively high reported counting performance, we used the image-
level counts directly as count annotations. For the rest, we corrected CHM-
derived tree counts using linear regression with 3-fold validation. Correction
factors (y = ax + b) and final R? scores are reported in Supplementary Table

Supplementary Table 1: Image-level tree count annotation accuracy.

Dataset |# Images|Base R?|3-fold R? with correction|Correction factors (b, a)
Denmark| 13094 [0.93 [11] - -

France 10298 0.83 0.81+0.04 1.93, 0.77
Slovakia | 3129 0.85 0.89+0.03 1.79, 0.77
Slovenia | 1903 0.65 0.77+0.06 9.24, 0.56

Spain 1150 0.87 0.86+0.04 10.5, 0.79

Label distribution. For the Denmark subset, we picked images to have a roughly
uniform distribution of canopy height due to a limited variation of height ob-
served in our initial random image selection. For the France and Slovakia subsets,
images were randomly picked without any filtering or visual inspection. For the
Spain and Slovenia subsets, we purposely chose forest-dominated regions prior
to random picking to ensure efficient coverage of forest landscapes. The exact
sampling locations are indicated in Supplementary Fig.[2] As such, the DRIFT
dataset covers diverse label distributions representing different real-world sce-
narios.
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Labeling uncertainties. The raw LIiDAR point clouds have a horizontal (position)
error of STD < 20cm and a vertical (height) error of STD < 10cm, which are mit-
igated when extracting patch-level aggregates. We directly extracted tree cover
fraction and non-zero mean height, without additional uncertainty.

Comparison with existing vegetation regression datasets. We compare the DRIFT
dataset to existing regression datasets for vegetation monitoring in Supplemen-
tary Table 2] None of these datasets relies on sub-meter imagery over an area
large enough to include significant domain shifts. Additionally, DRIFT includes
three target variables with different levels of semantic complexity.

Supplementary Table 2: Vegetation regression datasets.

Size | Target variable|Resolution|Domain shift
Potapov et al. 2019 [15] |56k | Cover, Height 30m No
Kattenborn et al. 2020 [5]| 4k Cover 5cm No
Hudak et al. 2020 [4] |3.8k| Biomass 30m No
Feng et al. 2022 2| 24k | Cover, Age 30m Yes
Robin et al. 2022 [17] |40k| Greenness 30m Yes
Lang et al. 2022 [7] 68k Height 10m Yes

Comparison with existing image-level regression datasets. Image-level regres-
sion examples can be found in facial age estimation |10|, aesthetical quality
estimation [18|, facial pose estimation [1]. There has been limited interest in
cross-domain regression, however. We summarize popular benchmark datasets
on image-level regression in Supplementary Table [3]

Supplementary Table 3: Image-level regression datasets in broader computer vision.

Size |Target variable|Domain shift

Zhang et al. 2017 [21] 20k | Facial age No
Moschoglou et al. 2017 |13] | 16k | Facial age No
Huang et al. 2016 [20] 41k | Facial age No
Ricanek et al. 2006 [16] |55k | Facial age No
Lin et al. 2021 [12] 287k| Facial age No
Kuprashevich et al. 2023 |6]| 67k | Facial age No
Hosu et al. 2024 [3] 6k | Image quality No
Murray et al. 2012 |14] |255k|Aesthetic score No
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Data licenses

1.

Denmark

20cm ground resolution RGB aerial imagery from the Danish Agency for
Data Supply and Infrastructure (SDFI), 2018. CHMs are from the Danmarks
Hgjdemodel product by SDFI, CC BY 4.0 license.

. France

20cm ground resolution RGB aerial imagery from the French Institute of
Geography (IGN), BD ORTHO(C) product, 2018-2020. CHMs derived from
the LiDAR HD product. All Data is under the 2.0 Open License.

. Slovakia

20cm ground resolution RGB aerial imagery from GKU Bratislava, NLC,
2021, downloaded from the GeoPortal. CHMSs derived from the national ALS
campaign, credits to UGKK SR, CC BY 4.0 license.

. Spain

25cm ground resolution RGB aerial imagery and CHMs derived from the
Spanish Institute of Geography (IGN), PNOA 2020, scne.es. Data is under
the CC-BY 4.0 License.

. Slovenia

50cm ground resolution RGB satellite imagery bought from Planet, SkySat
sensor, 2021. Any usage must be solely for noncommercial education or sci-
entific research purposes, and publication in academic or scientific research
journals. All such publications must include an attribution that clearly and
conspicuously identifies Planet Labs PBC. CHMSs derived from the national
ALS campaign, open license with attribution: Ministry of the Environment
and Spatial Planning, Slovenian Environment Agency (ARSO).
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Supplementary Fig. 1: Examples in the DRIFT dataset. Labels on the right: canopy
height in meters (1st row), tree count (2nd row), and tree cover fraction (3rd row
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2 VGG Experiments

5

We repeat experiments with VGG [19] and report results in Supplementary Ta-
ble[d Our conclusions remain unchanged, with GOL+MDR and GOL+FT+MDR
performing overall better than other methods except in setups with good off-
the-shelf inductive performance. Compared to ViT, performance with VGG as
a feature extractor is significantly lower everywhere, but the drop is smaller for
transductive methods. For example, GOL+MDR performance drops by 0.03 in
R? on average on counts, whereas FT performance drops by 0.27. It is also in-
teresting to note that the drop in performance is the smallest across methods
for the cover task, which corroborates our intuition that it is an easier task.

Supplementary Table 4: Comparison of methods on the DRIFT dataset (5-shot)
with the VGG16 feature extractor. Average R? score across 3 random runs for FT and

10 random runs for the rest.

Source Denmark France
Target Spain  Slovakia Slovenia  Spain  Slovakia Slovenia avg
Regression 0.28 0.11 -0.01 0.53 -0.44 -0.13 |0.06
Regression cal. 0.23+0.09 0.51+0.05 0.41+0.04 | 0.55+0.05 0.34+0.08 0.35+0.02 | 0.40
p= FT [9] 0.20+0.06 0.40+0.01 -0.02+0.09| 0.55+0.00 -0.03+0.12 -0.31+0.02{0.13
.%0 kNN 0.1940.06 0.49+0.05 0.39+0.10 | 0.4140.04 0.17+0.07 0.20+0.09 | 0.31
== GOL [§] 0.27+0.07 0.34+0.08 0.63+0.03 [0.61+0.08 0.34+0.04 0.64+0.04 |0.47
GOL+MDR  0.58+0.03 0.43+0.04 0.62+0.06 | 0.58+0.04 0.41+0.03 0.66+0.02|0.55
GOL+FT+MDR 0.59+0.01 0.50+0.01 0.64+0.03| 0.54+0.03 0.44+0.02 0.64+0.03|0.56
Regression 0.51 0.41 -0.05 0.49 0.43 -1.92  |-0.02
Regression cal. 0.45+0.06 0.40+0.08 0.08+0.06 | 0.50+0.05 0.51+0.04 0.41+0.06 | 0.39
= FT [9] 0.59+0.00 0.45+0.02 0.19+0.02 [ 0.4940.01 0.52+0.02 -0.80+0.07|0.24
g kNN 0.40+0.08 0.45+0.06 0.10+0.15|0.37+0.06 0.34+0.08 0.39+0.04 |0.34
o GOL |[g] 0.48+0.05 0.52+0.06 0.54+0.07 | 0.48+0.05 0.59+0.04 0.44+0.05|0.51
GOL+MDR  0.48+0.04 0.55+0.04 0.58+0.04|0.52+0.04 0.60+0.038 0.45+0.07/0.53
GOL+FT+MDR 0.54+0.05 0.53+0.01 0.43+0.07 | 0.51+0.01 0.59+0.01 0.34+0.06 | 0.49
Regression 0.44 0.69 0.66 0.78 0.61 0.54 0.62
Regression cal. 0.61+0.02 0.79+0.01 0.63+0.04 | 0.80+0.02 0.74+0.01 0.62+0.06 | 0.70
5 FT [9] 0.40+0.02 0.67+0.03 0.69+0.00 |0.83+0.01 0.67+0.02 0.47+0.01 | 0.62
3 kNN 0.45+0.05 0.66+0.04 0.56+0.13 | 0.69+0.03 0.63+0.04 0.67+0.06 | 0.61
o GOL [§] 0.4840.08 0.68+0.03 0.59+0.09 | 0.75+0.03 0.73+0.03 0.62+0.08 | 0.64
GOL+MDR  0.62+0.07 0.73+0.02 0.56+0.08 | 0.75+0.02 0.73+0.02 0.63+0.07| 0.67
GOL+FT+MDR 0.73+0.08 0.63+0.06 0.74+0.01|0.78+0.01 0.74+0.03 0.61+0.02|0.71
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3 Biogeographical Regions

Biomes influence the distribution of tree species, and at individual level their
height, crown area, among other characteristics. The DRIFT dataset covers four
major biomes: Mediterranean (Spain, France), Continental (France, Slovenia,
Slovakia, Denmark), Alpine (Slovenia, Slovakia), Boreal (Denmark).
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Supplementary Fig. 2: Biogeographical region distribution reflects the diversity of
biomes in the DRIFT dataset. The red polygons illustrate the exact locations from
which image patches were extracted to build the DRIFT dataset. Image credits: Eu-
ropean Environment Agency. https://www.eea.europa.eu/data-and-maps/figures/
biogeographical-regions-in-europe-2
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4 Qualitative Results
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Supplementary Fig. 3: Visual results: five most similar and five least similar support
examples for a query, after 5-shot GOL+MDR. Labels are shown in the bottom right
corner.
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Supplementary Fig. 4: Example predictions by 5-shot GOL+MDR: successful cases
on the left (green box) and failure cases on the right (red box). Predictions are shown
in red text and ground-truths are shown in blue text in brackets.
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5 Effect of Support Set Size

The performance on the height and count regression tasks increases until 20
shots (20 example per group, 100 in total), then saturates. For the cover task,
performance saturates at 10-shots.
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Supplementary Fig.5: Sensitivity to the number of shots per group. Average R’
score across two source domains and three target domains, with ViT-B/16 backbone.

6 MDR Parameters

As the support set grows larger, the influence of the number of neighbors for

kNN assignment diminishes.
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Supplementary Fig. 6: Sensitivity to k, in the weighted sum for combining relevant
support samples. k = N denotes the number of nearest neighbors for constructing the
affinity matrix.
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